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Preface

We are delighted to welcome you to the proceedings of 16th International Conference
on Web-Age Information Management (WAIM 2015), which was held in the beautiful
coastal city of Qingdao, China. WAIM is a premier international conference for
researchers, practitioners, developers, and users to share and exchange ideas, results,
experience, techniques, and tools in connection with all aspects of data management.
As the 16th installment of this increasingly popular series, WAIM 2015 attracted
submissions from researchers around the globe—Australia, Germany, The Netherlands,
Japan, USA, and China. Out of the 164 submissions to the research track and 15 to the
demonstration track, the conference accepted 33 full research papers, 31 short research
papers, and 6 demonstrations. Our sincere thanks go out to all authors for their submissions, and to all Program Committee members, who worked hard in reviewing
submissions and providing suggestions for improvements.
The technical program of WAIM 2015 also included three keynote talks by Profs.
Donald Kossman (ETH Zurich and Microsoft Research), Michael Benedikt (Oxford
University), and Wang-Chiew Tan (University of California at Santa Cruz); three talks
in the Distinguished Young Lecturer Series by Profs. Lei Zou (Peking University),
Floris Geerts (University of Antwerp), and Feida Zhu (Singapore Management
University); and a panel moderated by Prof. Feifei Li (University of Utah). We are
immensely grateful to these distinguished guests for their invaluable contributions to
the conference program.
Our deepest thanks go to the members of the Organizing Committee for their
tremendous efforts in making WAIM 2015 a success. In particular, we thank the
workshop co-chairs, Xiaokui Xiao (Nanyang Technological University) and Zhenjie
Zhang (Advanced Digital Sciences Center, Singapore); demonstration co-chairs,
Nan Zhang (George Washington University) and Wook-shin Han (POSTECH,
South Korea); Distinguished Young Lecturer Series co-chairs, Yufei Tao (Chinese
University of Hong Kong), Lizhu Zhou (Tsinghua University), and Wenfei Fan
(University of Edinburgh); industry chair, Wei Fan (Huawei); Best Paper Award
co-chairs, Xiaofang Zhou (University of Queensland), Kyuseok Shim (Seoul National
University), and Aoying Zhou (East China Normal University); publicity co-chairs,
Zhenhui Jessie Li (Penn State University), Yang Liu (Shandong University), and
Yongluan Zhou (University of Southern Denmark); local organization co-chairs, Lizhen Cui (Shandong University), Zhenbo Guo (Qingdao University), and Lei Liu
(Shandong University); registration chair and ﬁnance co-chair, Zhaohui Peng (Shandong University); ﬁnance co-chair, Howard Leung (City University of Hong Kong);
Web chair, Xingcan Cui (Shandong University); and WAIM/SAP Summer School
co-chairs, Xiaofeng Meng (Renmin University), Lei Zou (Peking University), and
Guoliang Li (Tsinghua University). We also thank our tireless liaisons: Weiyi Meng

VI
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(Binghamton University) to the WAIM Steering Committee; Xiaofeng Meng (Renmin
University) to the China Computer Federation Technical Committee on Database;
Xuemin Lin (University of New South Wales) and Yanchun Zhang (Victoria University) to our sister conferences APWeb and WISE.
We thank the many WAIM 2015 supporters, without whose contributions the conference would not have been possible. Shandong University and Qingdao University
were wonderful hosting institutions. SAP and Inspur were our generous sponsors.
We hope you will enjoy the proceedings of WAIM 2015!
June 2015
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Abstract. User’s retweeting behavior, which is the key mechanism for
information diﬀusion in the micro-blogging systems, has been widely
employed as an important proﬁle for personalized recommendation and
many other tasks. Retweeting prediction is of great signiﬁcance. In this
paper, we believe that user’s retweeting behavior is synthetically caused
by the inﬂuence from other users and the post. By analogy with the
concept of electric ﬁeld in physics, we propose a new conception named
“inﬂuence ﬁeld” which is able to incorporate diﬀerent types of potential
inﬂuence. Based on this conception, we provide a novel approach to predict user’s retweeting behavior. The experimental results demonstrate
the eﬀectiveness of our approach.
Keywords: Retweet

1

· Field theory · Inﬂuence · Electric ﬁeld strength

Introduction

Due to its dual role of social network and news media [1], the micro-blogging
systems have become an important platform for people to acquire information.
In a typical micro-blogging system (e.g., Twitter), users are allowed to publish
short messages with a limitation of 140 characters (i.e., posts or tweets). Unlike
other social-networking services, micro-blogging introduces a new relationship
named “follow”, which enables users to access a ﬁltered timeline of posts from
anyone else they care about without any permission. The retweet mechanism,
which provides a convenient function for users to share information with their
followers, has become a hot spot in the ﬁeld of social network analysis.
There are many previous studies focus on how to employ diverse features to
address the retweeting prediction problem. Intuitively, people tend to retweet
the posts with the content they are interested in. Therefore, the content-based
Y. Shen—This research was supported by Special Items of Information, Chinese
Academy of Sciences under Grant XXH12503; and by Around Five Top Priorities of
“One-Three-Five” Strategic Planning, CNIC under Grant CNIC PY-14XX; and by
NSFC Grant No.61202408.
c Springer International Publishing Switzerland 2015

J. Li and Y. Sun (Eds.): WAIM 2015, LNCS 9098, pp. 3–16, 2015.
DOI: 10.1007/978-3-319-21042-1 1

4

Y. Shen et al.

features are widely used in the existing works [2–4]. Actually, the reality is much
more complicated because besides users’ intrinsic interests, users’ behaviors on
social networks may be also caused by the inﬂuence of other users [5,6]. For
example, a user retweets a post about “World Cup 2014”, the reason behind
this retweeting might be: (1) he is a soccer fan and he is interested in “World
Cup 2014” (2) he is attracted by a post about “World Cup 2014” because it
has been retweeted by his intimate friends. As a result, social-based features are
also important for addressing the retweeting prediction task [7,8]. However, the
social-based features applied in the previous studies are mainly author-oriented,
in other words, they mainly focus on the relationship between the current user
and the author of the post, while the inﬂuence from other inﬂuential users (especially the close friends of the current user) is neglected.
In this paper, we interpret retweeting behavior as an outcome of the inﬂuence.
In fact, everyone has a certain amount of potential inﬂuence [9], and the inﬂuence
of user A to user B is negatively correlated with the “distance” between them.
For instance, the inﬂuence of A to one of his closest friends is likely to be greater
than the inﬂuence to a long-forgotten acquaintance. Inspired by this, we make
an analogy between the users in the micro-blogging environment and the electric
charges in an electric ﬁeld and assume that every user has an “inﬂuence ﬁeld”
around himself, then we employ the ﬁeld theory in physics to interpret users’
retweeting behavior.
The major contributions of our paper are as follows:
(1) We propose the conception of “inﬂuence ﬁeld” and borrow the ﬁeld theory
in traditional physics to model the inﬂuence between the users in the microblogging.
(2) By deﬁning diﬀerent types of inﬂuence, we apply the “inﬂuence ﬁeld”
to address the retweeting prediction task. Our “inﬂuence ﬁeld” model not only
considers the inﬂuence of all the potential inﬂuential-users, but also takes account
of the inherent relationship among diﬀerent features. We evaluate our approach
on a large dataset from Sina Weibo, which is the most popular micro-blogging
in China. The experimental results demonstrate that our “inﬂuence ﬁeld” model
is indeed eﬀective.
(3) Although our work has been done in the context of Sina Weibo, we expect
that the “inﬂuence ﬁeld” conception would hold for many other social-network
platforms(e.g., Twitter and Facebook).

2

Related Work

A better understanding of the user retweeting behavior is of great signiﬁcance.
Since retweeting plays a crucial role in the information propagation in the microblogging systems, researchers have completed a lot of interesting work through
analyzing users’ retweeting behavior, such as rumor identiﬁcation [10] and break
news detection [11]. Furthermore, retweet is also employed as an important proﬁle to build the user interest model in many personalized applications such as
recommender system [12].
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A bulk of studies try to understand why people retweet. For example, Boyd
et al. [13] pointed out that there are diverse motivations for users to retweet,
such as for spreading information to other users, saving the valuable posts for
future personal access, commenting on someone’s post in the form of incidental
retweeting, etc. Macskassy and Michelson [14] studied a set of retweets from
Twitter, they claimed that the content based propagation models could explain
the majority of retweeting behaviors they saw in their data.
Plenty of previous works focus on extracting various kinds of features to
predict the users’ retweeting behavior as well as analyze the eﬀects caused by
diﬀerent features. Some of these works [15–17] predicted retweeting from a global
perspective which aimed to forecast whether a post will be popular in the future.
There are also some studies which conducted the prediction to the individual
level and manage to answer the question whether a post will be retweeted by
a speciﬁc user. For example, Luo et al. [3] proposed a learning to rank based
framework to discover the users who are most likely to retweet a speciﬁc post.
Peng et al [2] applied conditional random ﬁelds(CRF) to model and predict the
users’ retweet patterns. The authors of [18] address this problem by means of
executing constrained optimization on a factor graph model. There are also many
works [4,7,8] in which the authors considered the individual level prediction as
a classiﬁcation task and then built eﬀective classiﬁers to address this problem.
The diﬀerence between our work and most of the previous studies is mainly
reﬂected in two aspects. One is that we emphasize the impact of all the inﬂuential
users rather than only the author of the post, the other is that we integrate
diverse features as well as their correlation to model user’s retweeting behavior.

3

Methodology

In this section, we ﬁrst describe the conception of “inﬂuence ﬁeld” in detail,
and then present the calculation of the elements in the “inﬂuence ﬁeld” model.
Finally, we introduce the classiﬁer based on “inﬂuence ﬁeld” to address the
retweet prediction task.
3.1

The Conception of Influence Field

The intuitive idea behind our approach is that a user’s behavior is usually inﬂuenced by others. Take retweeting as an example, we suppose that user A has a
certain probability PupoA to retweet a post po about “data mining”. If A notices
that another user B has retweeted po, then PupoA may increase due to the inﬂuence
of B. If B is a famous expert on “data mining”, PupoA will be even larger. Moreover, as people are easy to be aﬀected by their close friends in many cases [19],
for this reason, if B happens to be a good friend of A, PupoA may be signiﬁcantly
increased. To sum up, user’s (e.g., B) impact on another user (e.g., A) is positively correlated to B’s inﬂuence and negatively correlated to the “distance”
between them. Thus, this eﬀect can be written as follows:
E=K

Iu
Rρ

(1)
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Where E is used to measure the impact caused by u. K is a constant. Iu is
the global inﬂuence of the inﬂuential user. R represents the distance between the
two users. ρ is a coeﬃcient to tune the eﬀect of the distance. It is worth noting
that this formula is very similar to the deﬁnition of “electric ﬁeld strength”
in physics. As depicted in Figure 1(a), an electric charge with power Q will
generate an electric ﬁeld around itself, and the ﬁeld strength at a point r far
away is calculated as: E  = k rQ2 . Inspired by the electric ﬁeld theory, we assume
that everyone on micro-blogging has his/her own “inﬂuence ﬁeld”, which makes
himself/herself as the center.
Topic 1
Topic 2
Topic 8

C

user3

A

user1
Topic 7

Q

I

Topic 3

B

user2

Topic 6

Topic 4

En = kQ/rn2

En = KI/Rn ȡ

r

(a)

Topic 5

R

(b)

Fig. 1. Examples of the electric ﬁeld (a) and the inﬂuence ﬁeld (b)

As portrayed in Figure 1(b), the user at the center will aﬀect the behaviors of
user1-user3 through the inﬂuence ﬁeld of himself and the strength will attenuate
as the distance increases. The ﬁeld strength of the “inﬂuence ﬁeld” can be deﬁned
according to Equation 1.
The electric ﬁeld strength in physics is a vector with its direction. In order to
be consistent with this concept, we deﬁne “topic” as the direction of “inﬂuence
ﬁeld”. This design is to match the fact that each user may has uneven inﬂuence
on diﬀerent topics. For example, David Beckham is a famous soccer player, and
his inﬂuence on the topic “sports” is far greater than on “cloud computing”.
We try to employ “inﬂuence ﬁeld” discussed above to interpret and predict
users’ retweeting behavior in the micro-blogging systems. We assume that user
u will be aﬀected by a force (fu ) when he/she is reading post po, and u has a
threshold θupo for retweeting it. Besides the inﬂuential users, the inﬂuence from
po should also be considered. Finally we utilize an inequality to predict whether
u will retweet po: fu ≥ θupo
Based on Equation 1, we deﬁne fu as follows:
fu =

 KIu Ipo
R(u , u)ρ


u ∈U

(2)
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Where U is the collection of the users who are able to inﬂuence u, Ipo is
the inﬂuence of po ,which is used to measure the importance of po. Generally
speaking, the posts with high inﬂuence are more likely to be retweeted. We can
see that Equation 2 shares the similar structure with the famous Coulomb’s
law(F = kQq/r2 ) in physics.
3.2

The Calculation of the Elements

In this subsection, we mainly introduce how to calculate the elements of the
“inﬂuence ﬁeld”. First, we will talk about how to identify those users (U ) who
will inﬂuence the current user u when he/she is reading a post. Next, we will
elaborate the calculation of Iu , R(u , u), Ipo and θupo respectively.
Identify the Influential Users (U ). As depicted in Figure 2, three types
of users as following will inﬂuence the current user u when po is exposed to
him/her.
The author of po. Consider the simplest case shown in Figure 2(a), both
user B and user C follow user A. Once A has published a post po, B and C will
be inﬂuenced by user A to some extent since po will appear in their separate
timelines.
The followees of u . There are also many other cases that u does not follow
the author of po directly. As portrayed in Figure 2(b), user A is the author of
po, B only follows user D and receives po through the “retweeting-path” from
A to D. In this case, we consider that both A and D will inﬂuence B because B
will perceive their retweeting behaviors. In Figure 2(c), two followees of B have
retweeted po and we believe that both of them(i.e., E and F ) will inﬂuence B.
The mentioned users in po . Besides the author and the followees, there
is another type of users on the “retweeting-path”. Take user G in Figure 2(c) as
an instance, although he is neither the author nor the followee of B, he is also
able to inﬂuence B because his nickname will be mentioned in po with a preﬁx
of “@” symbol.

E
D
B

A

follow

follow

follow

A

B

retweet

retweet

influence

follow

retweet
influence

B

influence

follow

C

A

influence

G
(a)

(b)

follow

(c)

Fig. 2. Diﬀerent types of inﬂuential users

F
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To sum up, the inﬂuential users U includes all those users appear on the
“retweeting-paths” from the author of po to u. The duplicate users are removed.
Calculate the Influence of User(Iu ). Since we have deﬁned the directions of
“inﬂuence ﬁeld” as the topics, it is necessary for us to ﬁnd some way to measure
user’s inﬂuence on each topic. TwitterRank [20] provided an approach based
on the PageRank algorithm and the topic model which is able to calculate the
inﬂuence on a single topic for each user on Twitter. It measures the inﬂuence
taking both the link structure and the topical similarity between users into
account. Since TwitterRank has proved its eﬀectiveness on a large dataset of a
typical micro-blogging platform (i.e., Twitter), we decide to adopt it to calculate
the users’ topic-level inﬂuence in this paper.
The core idea of TwitterRank is to make an analogy between the inﬂuence
of a user and the authority of a web page, then extend the PageRank algorithm
with topical information to calculate the user’s topic-speciﬁc inﬂuence.In detail,
the TwitterRank algorithm consists of the following steps:
1. First of all, The Latent Dirichlet Allocation (LDA) [21] model is applied to
distill the topics that users are interested in based on the posts they have published.
2. Secondly, a directed graph of users is formed according to the following relationships among them.
3. Each topic corresponds to a probability transition matrix Pt , and the speciﬁc
transition probability of the random walk from ui to his followee uj is deﬁned
as:
Pt (i, j) = 

|τj |

a:a∈i sf ollowee

|τa |

∗ simt (i, j)

(3)

Where |τj | denotes the number of posts published by uj and the denominator part represents the total number of posts published by all ui ’s followees.
simt (i, j) is the similarity of ui and uj in topic t, which can be calculated as:
simt (i, j) = 1 − |Put i − Put j |

(4)

Here, Put i and Put j are both topic distributions generated by LDA.
4. Finally, based on the transition probability matrix, the topic-speciﬁc inﬂu−
→
ence of the users, which is denoted as It , can be iteratively calculated by:
→
−
−
→
It = γPt × It + (1 − γ)Et

(5)

Et is the teleportation vector which is introduced to tackle the case in which
the users may follow one another in a loop. The authors normalized the t-th
column of the user-topic matrix obtained by LDA so as to represent Et . γ is a
parameter between 0 and 1 to tune the probability of teleportation.
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As presented in [20], the user’s global inﬂuence can be measured as an aggregation of his/her inﬂuence in diﬀerent topics, which can be calculated as:

rt · Iut
(6)
Iu =
t

→
−
Iut is the corresponding element of the user u in vector It . rt is the weight
assigned to topic t, which is the probability of user u is interested in t, i.e., Put
generated by LDA.
Measure the Distance between Users(R(u1 , u2 )). The distance between
two users is largely determined by their relationship. In the previous research,
the relationship is measured by “tie strength” [22]. The relationships between
users can be divided into two categories: the weak ties and the strong ties [23–
25]. The weak ties include our loose acquaintance, new friends and our 2-degree
friends (i.e., friends of our friends). Strong ties refer those people we are most
concerned, such as our family and our trusted friends. In fact, most of our communication on social networks is with our strong ties [26]. Not surprisingly,
people are disproportionately inﬂuenced by the strong ties, and the strongest
inﬂuence is between mutual best friends [27]. As a result, we believe that the
users’ retweeting behavior is also inﬂuenced by the strong ties. Intuitively, the
more frequent the interaction between two users, the stronger their tie strength.
In addition, a large number of common friends may also mean strong ties [28].
In micro-blogging, we deﬁne friends as the users who have followed with each
other.
R(u1 , u2 ) =

λr(u1 , u2 )

lg[(N0 + 1) (N1 + 1)(N2 + 1)]

(7)

Finally, we model the distance between two users according to Equation 7,
where λ is a constant coeﬃcient, r(u1 , u2 ) is the “router distance” between u1
and u2 . For example, if A follows B, then r(A, B) = 1, and more, if B follows C
and A doesn’t follow C, then r(A, C) = 2, etc. N0 is the number of the common
friends of u1 and u2 . N1 is the frequency of interaction from u1 to u2 and N2
denotes the frequency of interaction from u2 to u1 . The interaction here refers
the behaviors include retweeting, mention and comment on the micro-blogging
system. The closer N1 and N2 , the stronger the tie strength, then the nearer the
distance. The square root and the logarithmic function are used to smooth the
ﬁnal result.
Calculate the Influence of Post (Ipo ). Intuitively, a post with rich information usually has a strong inﬂuence. We model the inﬂuence of a post also at the
topic granularity. We employ “topic entropy” to measure the amount of information contained in po on each topic and the higher the value of “topic entropy”,
the stronger the inﬂuence. We consider each post as a document, based on the

10

Y. Shen et al.

“bag of words” assumption, LDA is applied to represent each post as a probability distribution over a certain number of topics, while each topic is expressed
as a probability distribution over the words. Finally, the topic-level inﬂuence of
post po on topic t is calculated as the following equation:
t
=−
Hpo

K


P (wi |t) log2 P (wi |t)

(8)

i=1

Where wi denotes the words in po. K is the total number of words in po.
For each retweet, we calculate the intervals between the retweeting timestamp
and the generation timestamp of corresponding po in our dataset. According to
our statistics, most retweeting behaviors happened during a short period after
the original posts have been published. About 50% of the intervals are less than
1 hour and over 90% of them are less than 1 day(1440 minutes), which means
the probability of user to retweet po will gradually diminish over time. For this
reason, we apply an exponential time factor to discount the inﬂuence of those old
posts as Equation 9, where Δt0 is the interval between the published timestamp
of po and the current timestamp, μ is a decay coeﬃcient.


t
t
Ipo
=
Hpo
× e−μΔt0
(9)
Ipo =
t∈T

t∈T

po
The Threshold for User to Retweet a Post (θu
). Diﬀerent users have
their respective “accepted thresholds” even for the same post, additionally, single
user has diﬀerent “accepted thresholds” for diﬀerent posts [19]. Therefore, the
threshold θupo should be determined by both the current user and the post.
In general, for a speciﬁc user u, the threshold of the possibility to retweet post
po is positively correlated to their divergence. We still employ LDA to generate
latent topic distributions of u and po respectively, then adopt Kullback Leibler
divergence as Equation 10 to measure the distance between them.
Finally, the threshold θupo is deﬁned as Equation 11, where σ is a constant,
f req(u) stands for the percentage of retweeted posts in the latest 100 posts of
u, which is used to describe how much a user prefer to retweet posts recently.

DKL (u||po) =



P (t|u) · log

t∈T

θupo =

σDKL (u||po)
f req(u)

P (t|u)
P (t|po)

(10)

(11)

In summary, there are four elements in the “inﬂuence ﬁeld” model. Iu and Ipo
represent the global inﬂuence of the inﬂuential users and the post respectively.
The distance R is applied to model the relationship between users, which projects
Iu to an individual level. Analogously, the θupo stands for the correlation between
the post and the current user, which captures the eﬀect of Ipo at an individual
level.
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Predict the Retweeting Behavior

The retweeting behavior prediction can be considered as a classiﬁcation task.
For a given triplet (u,po,t0 ), our goal is to correctly categorize it. The outcome
is denoted as Yu,po,t0 . Yu,po,t0 = 1 means that user u will retweet the post po
before timestamp t0 , and Yu,po,t0 = 0 otherwise.
Since we have deﬁned the calculation of all the elements necessary in the
model, the decision inequality fu ≥ θupo could be written as:
Q(u, po, t0 ) =

t
  Krt · Iut Ipo
fu
−10
po − 1 =
po

θu
θu R(u , u)ρ


(12)

u ∈U t∈T

We merge the constant coeﬃcients, and Q(u, po, t0 ) could be written as:


Q(u, po, t0 ) = φQ (u, po, t0 ) − 1

(13)

Where φ = Kλ
σ .
We employ the logistic regression model as our classiﬁer for learning the value
of φ. We make use of Q(u, po, t0 ) as the decision boundary, then the logistic
function can be written as:
1
(14)
1 + e−(ω1 Q(u,po,t0 )+ω0 )
Where ω1 is the weight coeﬃcient and ω0 is the bias, both of which can be
learned by minimizing the cost function of the logistic regression model. For
convenience, we modify Equation 13 as:
P (Yu,po,t0 = 1|Q(u, po, t0 )) =

1



P (Yu,po,t0 = 1|Q (u, po, t0 )) =


1+






e−(ω1 Q (u,po,t0 )+ω0 )

(15)



Where ω1 = φω1 and ω0 = ω0 − 1.

4
4.1

Experimental Evaluation
Data Preparation and Experimental Setting

We crawled the latest 200 posts of 61,736 users as well as their follow-relationship
from Sina Weibo. The dates of these posts range from 2012.3.2 to 2013.8.28. After
removing the inactive users and the fake accounts, 37,931 users are left. Here,
the inactive users refer to those users whose total posts number is less than 20 or
the followee number is less than 10. We employ the approach introduced in [29]
to detect those fake accounts.
We select 300 popular posts which are published on 2013.05.01, 2013.05.11
and 2013.05.21 (100 posts each day). By analyzing these posts, we obtain 15,831
retweets and 650,212 non-retweets and merge them as the dataset for the experiment. For a triple (u,po,t0 ), we consider it as a non-retweet if it meets four
conditions:
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po is exposed to u.
u publishes or retweets another post at t0 .
po is published with 5 hours before t0 .
po is not retweeted by u before t0 .

We ﬁrst treat every post as a document and apply LDA to calculate the
probability of generating a post from each topic. Users’ topical distributions
are also estimated by the same LDA model, then the TwitterRank algorithm
is executed on the global dataset to generate users’ topical inﬂuence. During
these processes, the teleportation parameter(γ) in TwitterRank is set to 0.85 as
suggested in [20]. There are three parameters in LDA, i.e., the topic number T
and two Dirichlet hyper-parameters α, β, they are set as T = 50, α = 50/T ,
β = 0.1 respectively. When calculating the ﬁeld strength of inﬂuence ﬁeld, ρ is
initially set to 2 via making an analogy with the electric ﬁeld and the decay
coeﬃcient μ is heuristically set to 0.6.
For each triple (u, po, t0 ), we ﬁrst collect corresponding inﬂuential user set

which is denoted as U for each u. Then we calculate Q (u, po, t0 ) as elaborated
in Section 3. Finally, 10-fold validation for the logistic regression classiﬁer is executed on the dataset. u will be predicted to retweet po before t0 if the probability
returned by logistic regression is larger than 0.5.
4.2

Performance of the Proposed Approach

In order to verify the eﬀectiveness of our model based on “inﬂuence ﬁeld”, we

utilize the logistic function as the classiﬁer, employ the force function Q (u, po, t0 )
as the feature, then compare with several baseline approaches as follows:
(1)Only consider the inﬂuence of the author in the force function

(QA (u, po, t0 )).
(2)Consider the inﬂuence of the author and the mentioned users in the force

function (QA+M (u, po, t0 )).
(3)Consider the inﬂuence of the author and u’s followees as the inﬂuential

users in the force function (QA+F (u, po, t0 )).
(4)Use the features listed in [7] and [2] as the basic features.

(5)Combine Q (u, po, t0 ) and the basic features as the advanced features.


The evaluation results are listed in Table 1. We can see that QA+F (u, po, t0 )
obviously outperforms the result of the case in which only consider the inﬂuence
of the author, which means beside the author, the followees who have retweet
po indeed play an important role to inﬂuence u. This may be caused by two
reasons: for one reason, users tend to trust their close friends as well as the
posts retweeted by these friends, and most of these intimate friends are usually
in their respective followee-lists; for the other reason, we tend to subconsciously
imitate other people’s behavior, especially those people we perceive to be like
us [19]. Since people usually follow many users who share similar preferences with
themselves due to the homophily [30], as a result, these followees may inﬂuence
the current user to retweet a post which matches all their tastes. For example, a
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PhD student on data mining may retweet a post about a new algorithm because
he noticed that many famous data scientists he has followed have retweeted this
post. However, those “mentioned users” can hardly improve the performance.
This is probably because u is not familiar with these users. Moreover, only their
“nickname” appended before the original post is visible to u, therefore, it may
be diﬃcult for them to catch u’s attention.

We also notice that the approach using Q (u, po, t0 ) with all the inﬂuential
users does not signiﬁcantly outperforms the approach with basic features. The
reason may be that the basic features contain some other factors associated with
users’ retweeting behavior. For example, the features “how many times po has
been retweeted” and “whether po contains a hashtag” may reﬂect the impact of
some breaking news. However, we have not considered them yet. After incorpo
rating Q (u, po, t0 ) and the basic features, we are able to obtain an improvement
of performance with about 3.7% in terms of F1 value. It means that our force

function Q (u, po, t0 ) is signiﬁcant for retweeting prediction.
Table 1. The results of approaches with diﬀerent features
Features
Precision(%) Recall(%) F1(%)

QA (u, po, t0 )
59.74
62.32
61.01

QA+M (u, po, t0 )
60.03
62.19
61.09

QA+F (u, po, t0 )
62.56
65.67
64.08

Q (u, po, t0 )
62.78
65.63
64.17
basic features (BF)
61.41
67.65
64.38

Q (u, po, t0 ) + BF
65.15
71.27
68.07
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Fig. 3. The impact of distance coeﬃcient (a) and topic number (b)
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Impact of Model Parameters

We investigate the impact of distance tuning coeﬃcient ρ and the topic number
T on the model performance in this subsection. The results of diﬀerent ρ are
portrayed in Figure 3(a). The vertical axis is the F1 value. It is obvious that
result outperforms others when ρ is set to 2. We note that it is exactly the same
coeﬃcient in Coulomb’s law.
The number of topics would also inﬂuence the result. As depicted in Figure
3(b), the performance of our model tends to be stable when T  50 . However,
we should note that the complexity of the model will increase as we add more
topics, as a result, we decide to set T = 50.

5

Conclusion

In summary, inspired by the ﬁeld theory in physics, we present a novel approach
based on “inﬂuence ﬁeld” with various features to predict the retweeting behavior
in the micro-blogging system. We interpret retweeting behavior as an outcome
of the inﬂuence from the post and the inﬂuential users. During our approach,
many features are integrated together to generate the force which eﬀects on the
user and the inherent correlations among the features are also considered. The
experimental results show that our strategy is indeed eﬀective for the retweet
prediction task.
There are also some limitations of our method. Firstly, because we are not
able to get the timestamp of user’s following behavior, as a result, the global
topology structure of users’ following relationship we used in the TwitterRank
algorithm may deviate from the exact state at the timestamp of users’ retweeting
behavior in our experiment. Secondly, during our experiments, we simply assume
that all the posts exposed to the current user have been read. In fact, we do not
know whether the user did not want to retweet a post or he did not even see this
post. These may hurt the overall performance to some extent. We will attempt
to address these problems in the future.
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Abstract. In recent years, crowd sourcing has emerged as a good solution for
digitizing voluminous tasks. What’s more, it offers a social solution promising
to extend economic opportunities to low-income countries, alleviating the welfare of poor, honest and yet uneducated labor. On the other hand, crowd sourcing’s virtual nature and anonymity encourages fraudulent workers to misuse the
service for quick and easy monetary gain. This in turn compromises the quality
of results, and forces task providers to employ strict control measures like gold
questions or majority voting, which may gravely misjudge honest workers with
lower skills, ultimately discarding them from the labor pool. Thus, the problem
of fairly distinguishing between fraudulent and honest workers lacking educational skills becomes vital for supporting the vision of Impact Sourcing and its
social responsibility. We develop a technique with socially responsible gold
questions as an objective measure of workers’ trustworthiness, rather than a
mere discarding mechanism. Our statistical model aligns workers’ skill levels
and questions’ difficulty levels, which then allows adapting the gold questions’
difficulty for a fair judgment. Moreover, we illustrate how low-skilled workers’
initial payloads, which are usually discarded along with the worker, can be partially recovered for an increased economic gain, and show how low-skilled
workers can be seamlessly integrated into high-performing teams. Our experiments prove that about 75% of misjudged workers can be correctly identified
and effectively be integrated into teams with high overall result correctness
between 70-95%.
Keywords: Crowd sourcing · Impact sourcing · Fraud detection · Quality control

1

Introduction

Crowd sourcing platforms can distribute cognitive tasks requiring human intelligence
through digital gateways, which can flexibly tap into huge international workforces. In a
nutshell, it creates a win-win opportunity where task providers can cut down their costs
through cheaper services, while simultaneously providing economic opportunities to
hired workers. Coupled with Impact Sourcing it could play a key role in advancing the
(c) Springer International Publishing Switzerland 2015
J. Li and Y. Sun (Eds.): WAIM 2015, LNCS 9098, pp. 17–29, 2015.
DOI: 10.1007/978-3-319-21042-1_2
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economic development of low-income countries, alleviating the welfare of less fortunate
individuals, as well as connecting them to the global economy. Impact Sourcing, the
socially responsible arm of the information technology outsourcing industry [1], specifically aims at employing people at the bottom of the pyramid, who are disadvantaged on
an economical, educational and accordingly skill-wise level.
However, the highly distributed nature, virtual and anonymous setup of crowd
sourcing platforms, along with the short term task contracts they offer open doors for
fraudulent workers, who can simply submit randomly guessed answers, in hope of
going undetected. The inclusion of such workers of course jeopardies the overall credibility of the returned quality. And with manual checking being both costly and time
consuming, this directly invalidates the main gains of crowd sourcing. Hence, task
providers are forced to employ strict control measures to exclude such workers, ensure high quality results, and get good return on their investment. However, these
measures befall honest, yet low-skilled workers, too. In fact, anecdotal evidence from
our own previous work [2] shows that by completely excluding workers from two
offending countries, where a high number of fraudulent workers were detected, the
overall result correctness instantly saw a 20% increase. Needless to say, this simultaneously excluded many honest workers in those two countries as well.
Indeed, the positive social impact of the Impact Sourcing model is immense, where
almost half of the world's population lives on less than $2.50 a day, and 1.8 billion
people can't access a formal job1. But also with Impact sourcing this huge task force
may ultimately fall into a vicious cycle: even with simple task training mechanisms
offered by platforms like CrowdFlower, the opportunity provided by crowd sourcing
is biased by quality control measures towards educated workers. In fact, quality
measures tend to repeatedly exclude uneducated, low-skilled workers. Not giving
them a chance at improving their skills leaves them prey for constant exclusion.
Common currently deployed quality control measures include gold questions, majority votes, and reputation based systems. Of course, all such control measures are
susceptible to the ultimate downside of misjudging honest low-skilled workers. Accordingly, in this paper we develop an objective socially responsible measure of
workers’ trustworthiness: adaptive gold questions. Basically, an initial set of balanced
gold questions (i.e. covering all difficulty levels) is used as a mechanism for determining the skill level of a worker rather than a discarding mechanism. Next, a second
round of adapted gold questions, whose difficulty levels are within the estimated skill
level of the corresponding worker, are injected. The underlying assumption is that,
although low-skilled workers may fail the correctness threshold set for the balanced
gold questions, since they surpass their own skill level, they should succeed at gold
questions, which have been adapted to their lower skill levels. On the other hand,
fraudulent workers would also fail such adaptive gold questions, since their responses
to both sets of balanced and adaptive gold questions will be random.
To adapt gold questions, our method requires two parameters: workers’ skill levels
and difficulties of questions. To that end, we make use of psychometric item response
theory (IRT) models: in particular, the Rasch Model for estimating these parameters.
1

http://www.impacthub.org/
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Our experiments show that around 75% honest misjudged workers can be correctly
identified and the payloads that would have been discarded with the worker can be
partially recovered i.e. tasks in the payload within a low-skilled worker’s ability. Furthermore, we investigate heuristics for forming high-performing skill-based teams,
into which low-skilled workers can be later integrated to ensure high quality output.

2

Related Work

The social model of Impact Sourcing was first implemented by Digital Divide Data
(DDD)2 back in 2001, and ever since has been adopted by many crowd sourcing platforms such as Samasource3, RuralShores4, or ImpactHub1. Crowd sourcing provides
an accessible solution to both: companies having digital intelligent problems (e.g. web
resource tagging [3], completing missing data [4], sentiment analysis [5], text translation [6], information extraction [7], etc.) and underprivileged honest workers lacking
high skills. But for actually profiting from this win-win situation, the challenge of
identifying fraudulent workers and their compromising contributions must be met.
A rich body of research addresses the quality problem in crowdsourcing. Currently
employed solutions include aggregation methods, which rely on redundancy as means
to improving the overall quality: By assigning the same task to several workers, the
correct answer can be identified through aggregation, e.g. majority voting. Nevertheless, this has been shown to have severe limitations, see e.g. [8]. This was followed
by Dawid and Skene [9], who applied an expectation maximization algorithm to consider the responses’ quality based on the individual workers. Focusing on such error
rates, other approaches emerged such as: a Bayesian version of the expectation maximization algorithm approach [10], a probabilistic approach taking into account both
the worker’s skill and the difficulty of the task at hand [11], or an even more elaborate
algorithm trying to separate unrecoverable error rates from recoverable bias [12].
Another class of solutions focuses on eliminating unethical workers throughout
longer time scales. This can be achieved through constantly measuring workers’ performance via a reputation-based system (based on a reputation model [13-14], on
feedback and overall satisfaction [14], or on deterministic approaches [15], etc.) or
through injecting gold questions in the tasks. Except, reliably computing the workers’
reputation poses a real challenge, and as we will show in section 3, both techniques
are susceptible to the ultimate downside of misjudging honest low-skilled workers. In
contrast, we apply gold questions as a socially responsible measure of workers’ trustworthiness to measure their skill level rather than as a discarding mechanism.
Furthermore, monetary incentives as means of quality control have been investigated. But the implementation of such an approach proves to be tricky, where low
paid jobs yield sloppy work, while high paid jobs attract unethical workers [16].
It is important to note how tightly coupled our work is with the IRT Paradigm [17]
in psychometrics, which enables us to focus on the workers’ capabilities. We employ
2
3
4
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the Rasch model [18] to estimate the tasks’ difficulty and workers’ skill. This allows
us to address the principal concern of Impact Sourcing: distinguishing honest lowskilled workers from unethical workers. Perhaps most similar to our work is the model
presented in [11], which is also based on the IRT paradigm: GLAD – a generative
model of labels, abilities and difficulties – iteratively estimates the maximum likelihood
of the worker’s skill, question’s difficulty, as well as the worker’s correctness probability computed by EM (Expectation-Maximization approach). GLAD’s robustness wavers
though when faced with unethical workers, especially when they constitute more than
30% of the task force [19]. In contrast, we focus on detecting the workers’ skill level to
adapt future gold questions to be injected, which then enables us to identify with sufficient robustness honest workers who are merely low-skilled.
Other research focusing on estimating one or more parameters include, Dawid and
Skene [9], who considered the worker’s skill and utilized confusion matrices as an
improved redundancy technique form. The downfall as pointed out and addressed by
Ipeirotis [20] is the underestimation of the workers' quality, who consistently give
incorrect results. Considering two parameters, both the workers' abilities as well as
the inference of correct answers was investigated in [21]. Except, the difficulty of the
task at hand, which in turn influences the workers' perceived skill level is neglected.

3

Motivational Crowd Sourcing in a Laboratory-Based Study

For self-containment, we briefly detail in this section one of our earlier experiments in
[22]. To acquire ground truth, we set up a small-scale laboratory experiment, with a
total of 18 volunteers. In this paper we formulate our Human Intelligent Tasks (HITs)
over an American standardized test for college admission: the Graduate Record Examination (GRE) crawled dataset (http://gre.graduateshotline.com), namely the verbal
practice questions section. The task then is to select the correct definition out of 4
choices for a given word. Given a set of 20 multiple choice questions, volunteers were
asked to answer questions twice. In the first round, they should just randomly select
answers while in the second round, they should consider the questions and answer
them to the best of their knowledge. Accordingly, the dataset can be divided into honest and unethical workers.
Figure 1 sorts all workers’ answers according to the respective total number of correct answers achieved over 20 questions. Although no worker got all 20 answers correct, it comes as no surprise that truthful answers (58.6%) tend to be more correct than
random answers (40%). Furthermore, even though the dataset is in no way biased,
random responses at times produced better overall results. Consider the top 10 workers getting the most correct answers in figure 1. In a reputation based system, the
worker at rank 5 (scoring 15 correct answers) would be given a higher reputation
score than workers on ranks 6 to 9 (scoring 14 correct answers). Yet here, 3 workers
at least tried to answer correctly.
Furthermore, with the common 70% correctness threshold set, gold questions would
eliminate 61% honest workers (i.e. 11 workers) and 88% of the unethical workers (i.e.
16 workers). Though gold questions are more biased to penalize unethical workers,
still the bias is small, and a significant number of honest workers are penalized too.

Total Number of Correctly Answered Questions
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Fig. 1. Truthful versus random responses

4

Identifying Low-Skilled Workers

As shown, gold questions tend to misjudge honest low-skilled workers and can be
bypassed by unethical workers. In this section, we provide a short overview of the
underlying statistical Rasch Model (RM), which is used to align workers’ skill levels
and questions’ difficulty levels to adapt the gold questions’ difficulty for a fairer
judgment and a socially responsible measure that can identify low-skilled workers.
4.1

The Rasch Model

The intrinsic nature of crowdsourcing involves many human factors. This in turn directed our attention to psychometrics
the science assessing individual’s capabilities, aptitudes and intelligence
and it’s IRT classes, namely, the Rasch model
(RM). Basically, RM computes the probability
that the response of a worker
to a given task
is correct as a function of both: 1) his/her ability
,
and 2) the difficulty of the task . Assuming a binary setting, where a worker’s re0,1 is known (where 0 indicates an incorrect response and 1 a correct
sponse
response), RM’s dichotomous case can be applied. Simply put, both the RM’s parameters: a worker’s ability and a task’s difficulty are depicted as latent variables,
whose difference yields the correctness probability P.
Definition 1: (Rasch Model for Dichotomous Items) given a set of workers W=
{ , ,…,
, where | |
and a HIT
= { , ,…,
, where | |
. Assume
and
, then the correctness Probability
can be given as follows:
1

1

This can also be reformulated, such that the distance between
rithm of the odds ratio, also known as the log odd unit logit.
1

and

is given by the loga-
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The difficulty of a question with a logit value of 0 is average, where a negative logit
value implies an easy
and a low
and vice versa. Accordingly, the correctness
probability of a worker’s response is high when his ability exceeds the corresponding
task’s difficulty. A special vital feature of RM is its emphasis on the “objective”
measurement of ( , ) [23]. That is, measurement of both and
should be independent respectively of and W.
4.2

Adapting the Gold Questions Based on RM’s alignment

are injected in an initial payload
to
Initially, a balanced set of gold questions
which worker
is assigned to. However, failing the correctness threshold
70%
(i.e. worker fails on more than 30% of the gold questions), doesn’t instantly eliminate . Instead, based on RM’s skill level estimation
, an adapted set of gold quesare formulated by aligning their difficulty
to the corresponding worker’s
tions
, and injected within a second payload
. Surpassing the correctness threshold
on
indicates that worker
is indeed honest, though not up to the initial standards.
As an example consider the following result from one of our experiments.
Example 1 (Correctness Threshold versus Adapted Gold Questions) assuming a correctness
threshold
70% , three workers
, ,&
are assigned to initial payload
comprising
with difficulty levels
ranging between [-1.04, 1.8]. Logit values of
are
interpreted accordingly: 0 is average,
0 implies easiness, &
0 implies difficulty.
Given that
is the correctness threshold achieved by , the following correctness thresholds were achieved:
87.5%
70%
50%
70
37.5%
70%
Accordingly, workers
and
would be eliminated in a usual correctness threshold setup.
In contrast, following our approach, we compute instead the workers’ ability based on
upon which we formulate two
, such that
and
. Next
, and are assigned a second payload
comprising the respective
. They scored the
following correctness thresholds:
37.5%
70%
100%
70%
Accordingly,
is identified as a low-skilled ethical worker to be retained, unlike
.

5

Gains of Recovering Low-Skilled Workers

Impact sourcing is realized through recovering low-skilled workers, who would’ve
been otherwise treated as fraudulent and unfairly discarded. In this section, we list
empirically derived heuristics for integrating low-skilled in high performing teams
and illustrate how low-skilled workers’ earlier payloads can be partially recovered.
5.1

High Performing Team Combinations

Following experimental results in section 6.2, three workers proved to be best as a
team-size baseline. Based on a labor pool of 30 workers, 66% out of all the possible
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team combinations (30C3 4060 teams) produced high correctness quality (70-95%)
upon aggregating their results through skill-weighted majority vote. By analyzing the
teams constituting this 66%, heuristics for formulating high performing teams were
empirically found. As shown below, the heuristics range from including two highlyskilled workers along with one average or low-skilled worker like , . Two lowskilled workers along with one highly-skilled worker like , . A combination of
unskilled, average and highly skilled workers like
, or average to highly skilled
workers like .
Heuristics 1-6: (Heuristics for formulating High Performing Team) given a team
, ,
, comprising a combination of three workers with the respective skill levels
vels
,
,
. Logit values of
are interpreted accordingly: 0 is average,
0
implies low skill level, &
0 implies high skill level. Through combining low-skilled with
higher-skilled workers in the following team combinations, high correctness quality percentage
results can be attained through skill-weighted majority vote.
: If 1
2.5
0.6), then 65
95,
: If

where 80
0.5
1

: If

1

: If

2.9

90

0

0.77,
1, 2 and
3
2.5 , then 80
85, where

1

1, 2 and

2.5), then 70

85, where

2.5), then 55

80,

3

1, 2 and

3

: If
: If

1

where 70
80
0.66 ,
1, 2 and
0.5), then 70
80, where
1, 2, 3
0
0.5
2),
then
70
1
2
3

where

5.2

75

85

3
90,

0.78

Recovering Partial Payloads

During the process of identifying low-skilled workers, that is, before they are assigned to form high contributing teams, low-skilled workers would’ve already been
is assigned to, comprising
assigned two payloads 1) : the initial payload worker
. Failing
70% at this stage doesn’t lead to an instant elimination,
balanced
but to 2)
: the second payload comprising the adapted
as per RM’s
puted
. This time, failing
70% leads to elimination. Succeeding however,
implies that worker
is low-skilled and is to be henceforward enrolled to form high
performing teams, which ensures high quality throughput. Rather than discarding
& , we can attain high quality results by recovering those tasks in the payloads,
whose difficulty levels are within the worker’s skill level.
Definition 2: (Partial Recoverable Payloads) assume a low-skilled worker , with computed
RM’s skill level
, and two payloads
{ , ,…,
and
{ , ,…,
,
where | | | |
, and have corresponding difficulty levels
= {
,
…,
}
and

={

,

…,

}. Then the recoverable payload is:
|
,

,|

|

2

24

K. El Maarry et al.

In order to identify the recoverable tasks within a payload, their difficulty level
should be computed. However, RM requires the corresponding ground truth in order
to estimate the parameter. To that end, we aim at synthesizing a reliable ground
truth for the payloads’ tasks, which would then serve as input to RM. We aggregate
the responses of the low-skilled workers along with two other workers, such that these
three workers’ combination adhere to the above Heuristics 1-6 for forming a high
performing team. Ultimately the skill-weighted Majority vote produce a reliable synthesized ground truth which RM uses to estimate the tasks’ difficulty level. Our experiments show that the synthesized ground truth’s correctness quality is always higher
than 70%. We provide a description in Algorithm 1 below.
Algorithm 1. Recovering Partial Payloads
Input:

: HIT’s list of questions object , with attributes:1)ID: . ,
2)difficulty: .
, 3)synthesized ground truth: .

: high performing team consisting of 3 workers ( , , ),where
is a low-skilled worker
: corresponding skill levels of
→ ( , , )


: matrix holding list of responses of each worker in
Output:

: List of questions recovered for
1: begin:
2:
for each
in
3:
.
= computeGroundTruthBySkillWeightedMajortyVote(
4:
= computeQuestionsDifficultLevelyByRaschModel( ,
5:
= orderQuestionsAscendinglyByDifficultyLevel( )
6:
for each
in
7:
if(
.
)
8:
9: end
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add

, , )
)

to

Experimental Results

In this section we evaluate the efficiency of adaptive gold questions in identifying lowskilled workers through laboratory and real crowdsourcing experiments. The open source
eRm package for the application of IRT models in R is utilized [24], First, we investigate
the percentage of low-skilled honest workers that can be correctly detected by each of
and . Next, we investigate the quality of the synthesized ground-truth from the
skill-weighted Majority vote, upon which RM can estimate the task’s difficulty levels,
eventually allowing us to identify which parts of payloads
and
can be recovered
for the correctly identified low-skilled workers. Moreover, we empirically investigate
heuristics for forming high performing teams into which low-skilled workers can be later
assigned to. Lastly we test our measure in a real crowdsourcing experiment.
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Identifying Low-Skilled Workers

Based on the laboratory experiment’s ground truth dataset in section 3, we use the
data generated from the second round, which corresponds to honest workers. This
allows us to investigate how many honest workers our measure can correctly identify.
As shown in figure 2, with a correctness threshold =70% set, the initial payload
with
retained 44.44% ethical workers (i.e. 8 out of 18). The second payload
comprising
retained 50% of the previously discarded low-skilled ethical workers.
That is, 72% of the honest workers have been detected after both payloads. In fact, the
identified low-skilled workers get on average 90.6% of the
correctly i.e. exceeding even the original 70% correctness threshold with a tangible margin. On the
other hand, those ethical workers who were discarded even after
had lower skill
levels than the easiest questions in , which justifies their exclusion.
Similarly, a laboratory based experiment comprising 30 volunteers, supports the
retained 33.3% of the honest workers
previous findings. The initial payload with
(i.e. 20 honest workers are discarded), while the second payload comprising
retained 65% of the previously discarded low-skilled workers (13 out of 20 discarded
ethical workers were correctly retained). That is, 76% honest workers have been identified instead of 33.3%.
6.2

Investigating Crowd-Synthesized Ground-Truth Quality

Next, we investigate the highest crowd-synthesized ground-truth that can be attained
through skill-based majority vote. A high ground-truth quality must be insured since
RM base its tasks’ difficulty level estimates upon it. That is, poor quality would
lead to bad estimations, which would in turn lead to wrong identification of the
recoverable sections of
and
. Based on the 30 honest volunteer laboratory
experiment, we investigate different team combinations and search for those team
combinations producing the highest ground-truth quality.
Initially, we start by all the possible combination of three-sized teams (i.e. 30C3
4060.) As shown in figure 3, many combinations: 2,671 teams i.e. ≈66%, achieve
high correctness quality (70-95%). Further experiments with team combinations of 4
workers show a slight improvement, where 19,726 teams achieve correctness quality
ranging between (70-95%), and 4 teams reaching 100% .i.e. ≈72% of all possible
team combinations: 30C4 27,405.) On the other hand, teams of size 2 perform badly, and none reaches 95% quality.
It is clear from figure 3 that certain team combinations work exceedingly better than
others. Accordingly, in figure 3 we zoom in only on team combinations of qualified
and highly-skilled
workers (i.e. low-skilled workers that have been identified by
workers who were identified earlier by
). Analyzing the different skill-based team
combinations producing the required high quality results (70-95%) yielded the heuristics
of creating high-quality skill-based team combinations, as listed in section 5.1. Figure 3
depicts the Ground truth quality achieved by high performing team combinations. This
yielded 718 possible team combinations, achieving on average 78% accuracy, which
ranges up to 95%. Only the output of such team combinations are accordingly to be used
when recovering payloads and when low-skill workers are to be integrated to form highperforming teams.
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6.3

Partially Recovering Low-Skilled Workers’ Payloads

Based on the previous experiment’s findings, we check how well we can identify the
recoverable sections of
and
based on RM’s estimates and the quality of the
synthesized ground truth. From the 30 honest volunteer laboratory experiment, a random subset of 10 honest low-skilled workers are taken and a set of all possible high
performing team combinations were created. For each worker, we compute the aggregate percentage of the recoverable payloads’ size and quality over all the possible
high performing team combinations this worker formulated.
As seen in figure 4, on average 68% of the payloads can be recovered (i.e. around
13 question from each of
and ,). Moreover, the average correctness quality is
76%, which is even higher than the required correctness threshold. This corresponds
to 6.50$ savings when recovering the initial and second payloads for each of the 10
workers, given that each payload has 20 questions and costs 50 cents.

Aggregated % of recovered
payload size and qualiy
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6.4

Real Crowd Sourcing Experiment

We evaluate the efficiency of our measure through a real crowdsourcing experiment,
which was ran on the generic CrowdFlower crowd sourcing platform. A total of 41
workers were assigned Hits comprising 10 payload questions and 4 gold questions,
giving a total of 574 judgments and costing 20.5$, where each HIT costs 35 cents.
A correctness threshold
70% would discard around 30% of the workers (i.e. 12
workers). In contrast, our measure, assigned those 12 workers to a second payload
comprising adapted . This yielded a total of 168 judgments, costing 4.2$. In total,
25% of the workers were identified as low-skilled workers (i.e. 3 workers.)
Unlike the laboratory-based experiment, the real crowd sourcing experiment has no
ground truth (i.e. number of low-skilled workers and number of fraudulent workers),
accordingly we measure the efficiency of how well these workers were correctly identified by checking the quality of their partial recovered payloads, since these payload
tasks are those within their real skill level. On average 50% of both payloads
and were recovered with an average correctness of 80%, which surpasses even the
correctness threshold. This corresponds to 3 payloads (i.e. 1.5$). The small savings
reflect nothing more than the number of detected low-skilled workers, whose percentage in this experiment could have been small and lesser than the fraudulent workers.

7

Summary and Future Work

In this paper, we support Impact Sourcing by developing a socially responsible measure: adaptive gold questions. Our laboratory-based experiment attests that current
employed quality control measures like gold questions or reputation based systems
tend to misjudge low-skilled workers and eventually discard them from the labor
pool. In contrast, we show how gold questions that are adapted to the corresponding
workers’ ability can identify low-skilled workers, consequently saving them from the
vicious elimination cycle and allow them to work within their skill levels. This can be
achieved by utilizing the Rasch Model, which estimates and aligns both the workers’
skill level and the gold questions’ difficulty level. Furthermore, we show how initial
payloads could be partially recovered to reclaim some of the arguable economic loses.
Through empirical results, we defined heuristics for building high performing teams.

28

K. El Maarry et al.

Following these heuristics, low-skilled workers can be effectively integrated to produce reliable results (70-95%) through skill-weighted majority vote.
Nevertheless, retaining a database of workers and dynamically creating such high
performing teams might not always be feasible. Therefore, the next step would be to
expand our model’s adaptivity to encompass not only the gold questions, but to adapt
as well the entire payload to suit each workers’ ability, which would boost the overall
quality and promote a more efficient assignment of tasks.
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Abstract. Community detection is a very important task in social network analysis. Most existing community detection algorithms are designed for singlerelational networks. However, in the real world, social networks are mostly
multi-relational. In this paper, we propose a coalition formation game theorybased approach to detect communities in multi-relational social networks. We
define the multi-relational communities as the shared communities over multiple single-relational graphs, and model community detection as a coalition
formation game process in which actors in a social network are modeled as rational players trying to improve group’s utilities by cooperating with other
players to form coalitions. Each player is allowed to join multiple coalitions and
coalitions with fewer players can merge into a larger coalition as long as the
merge operation could improve the utilities of coalitions merged. We then use a
greedy agglomerative manner to identify communities. Experimental results
and performance studies verify the effectiveness of our approach.
Keywords: Social network · Community detection · Coalition formation game ·
Multi-relational network

1

Introduction

In accordance with the development of network communication, discovering densely
connected actor communities from social networks has become an important research
issue in social network analysis and has been receiving a great deal of attention in
recent years [1,2,3]. Community detection is helpful to improve user-oriented services
[4], visualize the structures of networks [5], response emergency and disaster [6],
analysis importance of nodes [7], and other applications.
At present, most existing community detection algorithms are designed to find
densely connected groups of nodes from only one single graph in which nodes
represent actors and edges indicate only a relatively homogenous relationship (such as
friendship) amongst actors. However, in the real world, social networks are mostly
multi-relational, i.e., persons or institutions are related through various kinds of relationship types [8], such as friendships, kinships, colleague relationships, and hobby
(c) Springer International Publishing Switzerland 2015
J. Li and Y. Sun (Eds.): WAIM 2015, LNCS 9098, pp. 30–41, 2015.
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relationships. These various kinds of relationship types usually jointly affect people’s
social activities [9]. One way to model multi-relational social networks is to use multiple single-relational graphs, each reflecting interactions amongst actors in one kind
of relationship type. Of course, a multi-relational social network can also be modeled
by a union graph that is an aggregate representation of all single-relational graphs.
Although existing community detection algorithms for single-relational networks
can be used independently in each single-relational graphs or the union graph, the
communities obtained may overlook much information that would be crucial to fully
understand phenomena taking place in networks. Thus, it is necessary to develop
community detection algorithms that are suitable for multi-relational social networks.
Unfortunately, the inclusion of multiple relationship types between nodes complicates the design of network algorithms [10]. In a single-relational network, with all
edges being “equal,” the executing algorithm just need to be concerned with the existence of an edge in a graph. In a multi-relational social network, on the other hand, the
inter-dependencies and feedbacks between multiple relational interactions are significant [11], community detection algorithms must take the existence of an edge in multiple graphs into account in order to obtain meaningful results.
In this paper, we define the multi-relational communities as the components of a
partitioning with respect to the set of all nodes in a multi-relational network. This partitioning is a shared community structure underneath different interactions rather than
any one of single-relational graphs or the union graph, so it represents a more global
structure and can be easily understood. To detect multi-relational communities, we
proposed an approach based on coalition formation game theory [12] that studies the
cooperative behaviors of groups of rational players and analyze the formation of coalitional structures through players’ interaction. A coalition refers to a group of players
who cooperate to each other to form coalitions for improving the group’s gains, while
the gains are limited by the costs for forming these coalitions. In social network environments, behaviors of actors are not independent [13], and joining a community provides one with tremendous benefits, such as members feel rewarded in some way for
their participation in the community, and gaining honor and status for being members
[14]. Therefore, every actor shall have the incentive to join communities. However, in
the real-world scenario each actor not only receives benefit from the communities it
belongs to but also needs to pay certain cost to maintain its membership in the communities [15]. As a consequence of this fact, we believe that coalition formation game
theories are promising tools that could be used for detecting communities.
In the approach proposed in this paper, we first model the process of multirelational community detection as a coalition formation game, in which actors in a
social network are modeled as rational players trying to achieve and improve group’s
utilities by cooperating with other players to form coalitions. Coalitions with fewer
players can merge into a larger coalition as long as the merge operation can contribute
to improve the utilities of coalitions merged. A multi-relational community structure
is defined as a collection of stable coalitions, i.e. coalitions that can not further improve its utility by merging with other coalitions. The process of merging coalitions
actually illustrates the process of forming the hierarchy structures amongst coalitions.
Meanwhile, each player is allowed to join multiple coalitions, which could capture
and reflect the concept of “overlapping communities”.
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Then, we introduce the utility function with respect to a multi-relational network
for each coalition that is the combination of a gain function and a cost function. The
gain function measures the degree of the interaction amongst the players inside a coalition, while the cost function instead represents the degree of the interaction between
the players of the coalition and the rest of the network.
Next, we develop a greedy agglomerative manner to identify multi-relational
communities, which starts from the nodes as separate coalitions (singletons); coalitions are iteratively merged to improve group’s utilities with respect to a multirelational network until no pairs of coalitions are merged. This greedy agglomerative
manner does not require a priori knowledge on the number and size of the communities, and it matches the real-world scenario, in which communities are formed gradually from bottom to top.
Finally, we conduct experiments on synthetic networks to quantitatively evaluate
proposed algorithm. We compare our multi-relational community structure with the
community structures from the single-relational graphs. The experimental results
validate the effectiveness of our method.
In summarize, the main contributions of this paper are as follows:








The multi-relational communities are defined as the shared communities underneath different interactions rather than any one of single-relational graphs or the
union graph, so they represent a more global structure and can be easily understood.
A coalition formation game theory-based approach for identifying multirelational communities is presented, in which a utility function for modeling the
benefit and cost of each coalition from forming this coalition is introduced.
A greedy agglomerative manner is proposed to identify communities. The proposed manner does not require a priori knowledge on the number and size of
communities.
The proposed approach has been implemented. Experimental results and performance studies verify the effectiveness of our approach.

The rest of this paper is organized as follows: section 2 introduces related work;
section 3 presents a coalition formation game theory-based approach for detecting
multi-relational communities. The experimental results are presented in section 4, and
section 5 concludes this paper.

2

Related Work

So far, community detection in single-relational networks has been extensively studied and many approaches have been proposed [16]. Of which, the modularity-based
method proposed by Newman and Girvan [17] is a well known algorithm. To optimize the modularity, Blondel et al. [18] designed a hierarchical greedy algorithm,
named the Louvain Method that allows detecting communities quickly and efficiently
with enlightening results in large networks. Aynaud and Guillaume [19] modified the
Louvain Method to detect multi-step communities in evolving networks.
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To detect communities in multi-relational social networks, Cai et al. [9] proposed a
regression-based algorithm to learn the optimal relation weights and then they combined various relations linearly to produce a single-relational network and utilized
threshold cut as the optimization objective for community detection. Ströele et al. [8]
used clustering techniques with maximum flow measurement to identify the social
structure and research communities in a scientific social network with four different
relationship types. Wu et al. [4] proposed a co-ranking framework to determine the
weights of various relation types and actors simultaneously, and then they combined
the probability distributions of relations linearly to produce a single-relational network and presented a Gaussian mixture model with neighbor knowledge to discover
overlapping communities. Tang et al. [21] proposed four strategies to integrate the
interaction information presented in different relations, and then utilized the spectral
clustering to discover communities. A common way adopted by above works is to
transform a multi-relational network into a single-relational network, and then use
single-relational network algorithms to detect communities.
It is worthy to mention that Lin et al. [22], Zhang et al. [23] and Li et al. [24] also
studied community detection problem in multi-relational networks that contain more
than one typed entities, such as users, tags, photos, comments, and stories, but the
multi-relational networks in this study are limited to contain multiple typed relations
but just one typed entities.
Game theories [25,26] have been used to solve community detection problems.
Chen et al. [15] considered the community formation as the result of individual actors’ rational behaviors and a community structure as equilibrium of a game. In the
process of game, each actor is allowed to select one or multiple communities to join
or leave based on its own utility measurement. Alvari et al. [27] considered the formation of communities as an iterative game in which each actor is regarded as a player
trying to be in the communities with members such that they are structurally equivalent. Lung et al. [28] formulated the community detection problem from a game
theory point of view and solved this problem by using a crowding based Differential
Evolution algorithm. Hajibagheri et al. [29] used a framework based on Information
Diffusion Model and Shapley Value Concept to address the community detection
problem. Zhou et al. [30] used the Shapley Value to evaluate contributions of actors
to the closeness of connection and a community is defined as a coalition in which
there is no one member receives lower Shapley Value than that it receives from other
coalitions. Communities can be detected by iteratively increasing the size of groups
until further increase leads to lower Shapley Values for the members. However, all
these methods are developed for single-relational networks.

3

A Coalition Formation Game Theory-Based Approach for
Detecting Communities in Multi-relational Social Networks

In this paper, a multi-relational network is represented by multiple single-relational
graphs, each of them representing the interactions amongst actors in a given relationship.
To identify communities in multi-relational social networks, we propose a coalition
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formation game theory-based approach in which a coalition refers to a group of actors
who cooperate to each other to form coalitions for improving the group’s gains, while the
gains are limited by the costs for forming these coalitions. Coalitions with fewer players
can merge into a larger coalition as long as the merge operation can contribute to improve the utilities of coalitions merged. The cost makes coalition formation games are
generally not superadditive, hence the grand coalition (the coalition of all players) is
seldom the optimal structure. The process of merging coalitions actually illustrates the
process of forming the hierarchy structures amongst communities. Meanwhile, each
player is allowed to join multiple coalitions, which could capture and reflect the concept
of “overlapping communities”.
Given a multi-relational social network, the objective of detecting communities is
to detect and identify coalitions over multiple single-relational graphs such that these
coalitions can not further improve their utilities with respect to the multi-relational
network by merging with other coalitions.
In the next, we first present relevant notations and definitions, and then we introduce the algorithm for detecting multi-relational communities.
3.1

Definitions

Let the multi-relational network G on a set of relations

R = {1,2,..., r} be

G = {G1 , G2 ,..., Gr } , where r be the number of relationship types, Gi = (Vi , Ei )
be an undirected graph with | Vi | nodes (actors) and | Ei | edges (interactions),

i (i ∈ R) , i be the relation index. Let Ai be an adjacency matrix of Gi with Ai ( x, y) = 1 if ( x, y ) ∈ Ei
for any pair of nodes x, y ∈ Vi and 0 otherwise in the relation i (i ∈ R) . Let
V = i∈R Vi , the set of all nodes in the multi-relational network G .
representing the interactions amongst actors in the relation

Let S k denote a subset of V ( S k ⊆ V ) and S k be called a coalition, mean-

Γ denote a coalition structure (a collection of coalitions), i.e.
Γ = {S1 , S 2 ,..., S s } . Let ei ( S k ) be the number of edges amongst nodes inside S k
and d i ( S k ) be the sum of degree of nodes inside S k in Gi = (Vi , Ei ) , i.e.
while let

ei ( S k ) =

1
 Ai ( x, y) ,
2 x , y∈S k ,Vi

d i (S k ) =

  A ( x, y )
i

.

For

any

coalition

x∈S k ,Vi y∈Vi

S k , Sl ⊆ V , let ei ( S k , S l ) be the number of edges connecting nodes of the coalition S k to the nodes of the coalition S l in Gi = (Vi , Ei ) . Let S kl be a supercoalition of S k and S l in a merge operation of S k with S l .
Depending on the context, an element in V may either be called as an actor,
player or a node, and a subset of V may either be called as a group or a coalition.
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Definition 1. Utility function of a coalition with respect to a single-relational network. Let S k be a coalition of Γ , then the utility function of S k with respect to

Gi = (Vi , Ei ) , vi ( S k ) , is defined by the following Equation (1):
2

2e ( S )
1  di (S k ) 

 .
vi ( S k ) = i k −
di (Sk )
| Ei |  2 | Ei | 

(1)

In Equation (1), the first term and the second term are called as the gain function
and the cost function of S k with respect to Gi = (Vi , Ei ) , respectively. The gain
function is the ratio of edges inside S k over the total degree of the nodes inside S k
in Gi = (Vi , Ei ) ; the cost function instead represents the ratio of the total degree in

S k over the total degree in the network Gi = (Vi , Ei ) . The larger gain function value
means that there are more interactions amongst the actors inside S k in Gi = (Vi , Ei )
, while the larger cost function value means that there are more interaction between
the actors of the coalition S k and the rest of the network Gi = (Vi , Ei ) . Eq. (1)
means that forming a coalition brings gains to its members, but the gains are limited
by a cost for forming the coalition in Gi = (Vi , Ei ) .
Definition 2. Utility function of a coalition with respect to a multi-relational network.
Let S k be a coalition of Γ , vi ( S k ) the utility function of S k with respect to

Gi = (Vi , Ei ) , i = 1,2,..., r , then the utility function of S k with respect to G ,

v( S k ) , is defined by the Equation (2).
r

r

2e ( S ) r
1
v( S k ) =  vi ( S k ) =  i k − 
| Ei
i =1 d i ( S k )
i =1
i =1

2

 d i (S k ) 

 .
|  2 | Ei | 

(2)

The first term and the second term in Equation (2) are called as the gain function
and the cost function of S k with respect to G respectively. They are the sum of the
gain function and the cost function of S k with respect to Gi = (Vi , Ei ) ,

i = 1,2,..., r . vi ( S k ) is defined on a single-relational graph only considering the
nodes and edges in this single-relational graph, while the v ( S k ) is defined on multiple single-relational graphs.
Definition 3. Stable coalition. A coalition

S k is regarded as a stable coalition if S k

can not further improve its utility by merging with other coalitions, i.e. ∀Sl ≠ Sk ,

v( S k + S l ) < v( S k ) and ∀S l ⊆ S k , v( S k ) > v( S l ) . Specially, S k is called as the
grand coalition [12] if S k = V , i.e, the coalition of all the actors, while S k is called
as a trivial coalition if S k just consist of a single node, i.e, S k = {x}, x ∈ V .
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Definition 4. Increment of utility of a coalition. Let S kl = S k + S l , a super coalition

obtained by merging coalition S k with S l , then the increment of utility of coalition

S k with respect to S kl is defined by Δv ( S k , S kl ) = v ( S kl ) − v ( S k ) .
There are two conditions must be satisfied for merging S k and S l , i.e.
∃ei ( S k , S l ) ≠ 0 , i = 1,2,..., r , and Δv( S k , S kl ) > 0 & Δv( S l , S kl ) > 0 . The condition ∃ei ( S k , S l ) ≠ 0 , i = 1,2,..., r implies that two coalitions without an edge between
them in G = {G1 , G2 ,..., Gr } can not merge into a larger coalition. This is natural because this merge operation cannot contribute to improve the closeness of connection.
So, whether a coalition is merged with others can be decided by looking only at its
neighbors (coalitions that have links between them), without an exhaustive search over
the entire network. The condition Δv( S k , S kl ) > 0 & Δv( Sl , S kl ) > 0 implies that
the utilities of S k and S l should be improved through the merge operation. It ensures
that a coalition formed by a merge operation has greater utility than that of its subsets.
The unilateral meet of two inequalities shows that two coalitions fail to reach an agreement to cooperate, for example, the case of Δv ( S k , S kl ) > 0 but Δv( S l , S kl ) < 0
suggests that S k intends to cooperate with S l but S l may not agree.
Definition 5. Stable coalition structure. A collection of coalitions Γ = {S1 , S 2 ,..., S s } is
regarded as a stable coalition structure if ∀S k ∈ Γ , max( max Δv( S k , S kl ),0) = 0 holds.
S kl

A stable coalition structure can be regarded as a kind of equilibrium state of coalitions, in which no group of individuals has an interest in performing a merge operation
any further. In this paper, a stable coalition structure Γ is called as a multi-relational
community structure of G , and a coalition of Γ is called as a multi-relational
community of G .
Given a multi-relational network G = {G1 , G2 ,..., Gr } , detecting multi-relational
communities means finding a stable coalition structure Γ in which no group of
actors has an interest in performing a merge operation any further.
3.2

An Algorithm for Detecting Multi-relational Communities

In this study, we develop a greedy agglomerative manner to identify multi-relational
communities. The main idea of the greedy agglomerative manner is to start from the
nodes as separate coalitions (singletons), coalitions that can result the highest utility
increment are iteratively merged into a larger coalition to improve groups’ utilities
until no such merge operation can be performed any further. Now, the number of
coalitions represents the number of communities in G . Hence, the number and size
of the communities are obtained automatically rather than specified in advance. The
pseudo-code for the greedy agglomerative algorithm is given in MRgame algorithm.
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MRgame algorithm:
Input: a multi-relational network G = {G1 , G2 ,..., Gr }
Output: the community structure of G
Variables:
CoaSetold : The set of coalitions before merge operation
CoaSetnew : The set of coalitions after merge operation
CooSetMap: The map of CoaSetold , i.e. the copy of CoaSetold
CooSps : A cooperative sponsor, i.e. a coalition with maximal utility in CoaSetold
CooCaSet : The set of cooperative candidates, i.e. coalitions that there is at least a link between the coalition
and CooSps
CooCas* : A best cooperative candidate, i.e. such a coalition in CooCaSet that the cooperation of the coalition with
CooSps can bring about maximal increment of utility
Steps:
1. CoaSetnew = {{1}, {2},..., {| V |}} ;
2.Do
3.
CoaSetold = CoaSetnew ;
4.
CoaSetMap= CoaSetold ;
5.
CoaSetnew = φ ;
6.
while CoaSetMap ≠ φ
7.
CooSps = arg max v( S ) ;
S∈CoaSetMap

8.
9.
10.
11.

CoaSetMap = CoaSetMap − {CooSps} ;
CooCaSet (CooSps ) = {S | ∃ei (CooSps , S ) ≠ 0, S ∈ CoaSetold , i = 1,2,..., r} ;

while CooCaSet (CooSps ) ≠ φ
CooCas* = arg
max

CooCas∈CooCaSet( CooSps)

12.

v(CooSps + CooCas) ;

if v(CooSps + CooCas * ) > v(CooSps ) &
v(CooSps + CooCas* ) > v(CooCas* )

13.
14.
15.

CooSps = CooSps + CooCas* ;
CoaSetMap = CoaSetMap − {CooCas*} ;
CoaCaSet(CooSps) = CoaCaSet(CooSps) − {CooCas*}

;

+ (CooCaSet(CooCas* ) − {CooSps})

16.
else CoaCaSet (CooSps ) = CoaCaSet (CooSps ) − {CooCas *} ;
17.
end if
18.
end while
19.
CoaSetnew = CoaSetnew + {CooSps} ;
20.
end while
21.while CoaSetnew≠ CoaSetold
22.Output CoaSetnew
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In a single graph, the time complexity of MRgame algorithm is O(| V | log | V |) at
worst case. Note that, | V | −1 iterations are an upper bound and the algorithm will
terminate as soon as no pair of coalitions would be merged any further. It is possible
that the algorithm ends up before the grand coalition forms. But with respect to a
multi-relational network, MRgame searches neighbors for each node over multiple
single-relational graphs, thus the time complexity of MRgame algorithm is
O (| r × V | log | r × V |) at worst case.

4

Experimental Validation

In this section, we demonstrate the effectiveness of our approach for detecting multirelational communities in multi-relational social networks. Typically, a real-world network
does not provide the ground truth information about the membership of actors, so we
resort to purpose-built synthetic data to conduct some controlled experiments. The synthetic network contains | V | nodes which roughly form s communities containing
| S1 |,..., | S s | nodes respectively. Furthermore, r different relations are constructed to
look at the clustering structure in different angles. For each type of relations, nodes with
same membership connect randomly with each other following a intra-group interaction
probability pin , while nodes with different membership connect randomly with each
other following a inter-group interaction probability pout . The interaction probability

pin ( pout ) may differ with respect to groups at distinct relations. For the sake of simplicity, we set same pin ( pout ) for all groups. Figure 1 (a)~(c) shows one example of
the generated 3-relational network under | V |= 100 , s = 3 , pin = 0.7 , pout = 0.1

，

where S1 = {1,...,33} , S 2 = {34,...,66} , S 3 = {34,...,100} . Figure 1 (d) (union graph)

is a single relation network obtained by enumerating all edges of G1, G2 and G3. Clearly,
different dimensions demonstrate different interaction patterns, and the interactions
amongst nodes in the union graph become denser.
Since a priori community structure (i.e. ground truth {S1,S2,S3}) are known, we then
adopt Normalized mutual information (NMI) [31,32] to evaluate quantitatively the
performance of the MRgame algorithm. Figure 2 (a) shows the overall comparison on
the synthetic dataset of Figure 1. In Figure 2 (a), the aggregated bars on G1 to G3 correspond to the results on 3 different relationship types, “Union-graph” corresponds to
the result on the union graph, and “Multi-graphs”corresponds to the result over multiple single-relational graphs. As can be seen, NMI on the multiple single-relational
graphs outperforms any of single relations and the union graph. That implies that
community structure over multiple single-relational graphs is clearer than that on any
original single-relational graphs and the union graph.
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(a) G1

(d) The union graph of G1,G2 and G3

(c) G3

(b) G2
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Fig. 1. A 3-relational networks and their union graph
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Fig. 2. (a) The NMI values between the community structures detected by MRgame and the
structure of {S1,S2,S3} in different graphs, where pin=0.7, pout=0.1; (b) NMI values under
|V|=1000, s=3, pin=0.9 and different pout; (c) the run times of the MRgame algorithm under
|V|=1000, s=3, pin=0.9 and different pout.

Figure 2 (b) presents the NMI values between the priori community structures and the
community structures detected by MRgame in different networks produced under
| V |= 1000 , s = 3 , pin = 0.9 and different pout . As can be seen, NMI on the multiple
single-relational graphs outperforms any of single relations and the union graph when
pout < 0.4 . Also, NMIs decrease with the increments of pout . Results in networks under
other parameters, such as different pin , are omitted by the limitation of space.
Figure 2 (c) presents the run times of the MRgame under the same parameters with
Figure 2 (b). As can be seen that MRgame runs more times in multi-graphs than in
three single-relational graphs and the union graph when p out < 0.7 , the reason for
this is that more communities are detected and many nodes are overlapping when
p out < 0.7 .
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Abstract. Recent years have witnessed the increasing interest in
exploiting social inﬂuence in social networks for many applications, such
as viral marketing. Most of the existing research focused on identifying
a subset of inﬂuential individuals with the maximum inﬂuence spread.
However, in the real-world scenarios, many individuals also care about
the inﬂuence of herself and want to improve it. In this paper, we consider
such a problem that maximizing a target individual’s inﬂuence by recommending new links. Speciﬁcally, if a given individual/node makes new
links with our recommended nodes then she will get the maximum inﬂuence gain. Along this line, we formulate this link recommendation problem as an optimization problem and propose the corresponding objective
function. As it is intractable to obtain the optimal solution, we propose greedy algorithms with a performance guarantee by exploiting the
submodular property. Furthermore, we study the optimization problem
under a speciﬁc inﬂuence propagation model (i.e., Linear model) and
propose a much faster algorithm (uBound ), which can handle large scale
networks without sacriﬁcing accuracy. Finally, the experimental results
validate the eﬀectiveness and eﬃciency of our proposed algorithms.

1

Introduction

Social network platforms, such as Twitter and Facebook, play an important and
fundamental role for the spread of inﬂuence, information, or innovations. These
diﬀusion processes are useful in a number of real-world applications, for instance,
the social inﬂuence propagation phenomenon could be exploited for better viral
marketing [1]. To this end, both modeling the inﬂuence propagation process and
identifying the inﬂuential individuals/nodes in social networks have been hot
topics in recent years [2].
Indeed, researchers have proposed several inﬂuence models to describe the
dynamic of inﬂuence propagation process, such as Independent Cascade (IC)
model [3], Linear Threshold (LT) model [4], a stochastic information ﬂow
model [5] and the linear social inﬂuence model (Linear) [6]. Meanwhile, other
researchers focus on learning the real or reasonable inﬂuence propagation probability between two individuals in the inﬂuence models [7,8]. Based on the inﬂuence propagation models and the inﬂuence propagation probabilities, inﬂuence
c Springer International Publishing Switzerland 2015
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Fig. 1. A toy example

maximization (IM) is the problem of identifying a subset with K inﬂuential nodes
in a social network so that their aggregated inﬂuence in the network is maximized. Since inﬂuence maximization is a fundamental problem in viral marketing, various aspects of it have been studied extensively in the last decade [2,9,10].
For instance, Eftekhar et al. [10] studied inﬂuence propagation at group scale,
where they aimed at identifying the inﬂuential groups instead of a subset of
individuals.
However, most of existing works about IM focus on identifying a small subset
of individuals or groups in a network so that their aggregated inﬂuence spread is
maximized. In the real-world scenarios, an individual also cares about her own
inﬂuence and wants to improve it by making new links. Formally, if a given target
node (e.g., a person or a company) in a social network wants to maximize its
inﬂuence by making several new links (i.e., target node could spread its inﬂuence
through these links), which nodes should it link with? In this situation, linking
it with the most inﬂuential nodes or the nodes with largest degree, may not lead
to the maximum inﬂuence gain, since we have to consider the topology of the
target node and the overlap of inﬂuence spread between the target node and the
selected nodes. Let us take the network in Fig.1 as a toy example. If node 3 is
the given target node and we want to improve its inﬂuence by recommending
two new links for node 3. Suppose that node set {1, 2} are the most inﬂuential
node set found by IM method (e.g, by CELF [11]). Actually, the total inﬂuence
of node 3 after linking with nodes {1, 2} is less than that with nodes {4, 5}. The
reason may be that there is much overlap of the inﬂuence spread between nodes
3 and 1.
Though similar link recommendation problems have been studied in the literature (e.g., adding new links or strengthening the weaken social links to boost
the information spread across the entire network [12]), the problem of eliminating the inﬂuence overlap to maximize the target node’s inﬂuence via link
recommendation remains pretty much open. Actually, there are two challenges
to solve this problem eﬃciently: First, how to design a rational measure to eliminate the inﬂuence overlap between nodes; Second, because the computation
of inﬂuence spread is very time-consuming, it is urgent to propose an eﬃcient
algorithm which can sharply reduce the times of inﬂuence spread estimations.
To address these challenges, in this paper, we provide a focused study on the
problem of maximizing the target individual’s own inﬂuence by recommending
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new links for this individual (i.e., individual inﬂuence maximization via link
recommendation). Our contributions could be summarized as follows:
– We formulate this individual inﬂuence maximization-oriented link recommendation problem as an optimization problem, and deﬁne the corresponding objective function, which can be generally applied to diﬀerent inﬂuence
propagation models.
– To solve the intractable optimization problem eﬀectively, we propose a
greedy algorithm with a performance guarantee. One step further, we present
another algorithm lazy for scaling up this simple greedy. Both algorithms
can be used in general inﬂuence models, such as IC and LT.
– We leverage the properties of inﬂuence spread estimations under the speciﬁc Linear model, and propose a much faster recommendation algorithm
uBound, which can handle large scale networks without sacriﬁcing accuracy.
– We conduct extensive experiments on four real world datasets and the results
demonstrate the eﬀectiveness and eﬃciency of our proposed algorithms.

2

Related Work

Influence Propagation and Maximization. Researches proposed several
models for describing the inﬂuence propagation process. IC model [3] and LT
model [4] are two widely used ones. However, both of them require timeconsuming Monto Carlo simulations to estimate the inﬂuence spread, some
researchers designed more eﬃcient (or tractable) models, e.g., the stochastic
information ﬂow model [5] and the linear social inﬂuence (Linear) model [6].
Since learning the inﬂuence propagation process is beyond the scope of this
paper, we use these existing inﬂuence models for illustration.
The IM problem can be traced back to Domingos and Richardson [1,13].
Kempe et al. [14] ﬁrst formulated it as a discrete optimization problem, demonstrated it as NP-hard and presented a greedy approximation algorithm with
provable performance guarantee. From then on, researchers proposed many computationally eﬃcient algorithms, such as CELF [11], PMIA [15], IPA [16] and
TIM [17], by exploiting speciﬁc aspects of the graph structure or the inﬂuence
model. Some researchers also consider other aspects of the IM problem [9,18].
For instance, Guo et al. [18] studied local inﬂuence maximization, aiming to ﬁnd
the top-K local inﬂuential nodes on the target node. However, to the best of our
knowledge, few attention has been paid to the problem of maximizing the target
node’s own inﬂuence via link recommendation.
Recommendations in Social Networks. The user-to-user recommendation
in social networks is an important task for many social network sites like Twitter, Google+ and Facebook, for the purpose of guiding user discover potential
friends [19–21] or improving the connectivity of the network [12,22]. Researchers
have proposed a number of recommendation algorithms to recommend potential
friends to users in a social platform, such as the Friend-of-Friend(FoF) algorithm [19] and other interest-based or proﬁle-based algorithms [20,21]. Some of
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these works also consider the inﬂuence propagation eﬀect, such as selecting a set
of “inﬂuential” users for a new user [23] or a new product [24], like solving the
cold-start problem in recommender systems.
In addition, some works in the area of network/graph augmentation also try
to add links in the network for improving some quality of the graph [12,22].
For instance, Tian et al. [22] suggested users to re-connect their old friends and
strengthen the existing weak social ties in order to improve the social network
connectivity; Chaoji et al. [12] recommended an edge set in order to increase
the connectivity among users and boost the content spread in the entire social
network. However, these related works pay more attention to the entire social
network rather than the target individual’s own inﬂuence.

3

Individual Influence Maximization

Preliminaries. Let the directed graph G(V, E, T ) represents an inﬂuence network, where V = {1, 2, ..., n} are n nodes in graph and E stores all the inﬂuence links(edges) between nodes. T = [tij ]n∗n is a given propagation probability
matrix. For each edge (j, i) ∈ E, tij ∈ (0, 1) denotes the inﬂuence propagation probability from node i to node j. For any edge (j, i) ∈
/ E, tij = 0. G is
assumed to be directed as inﬂuence propagation is directed in the most general
case. Given this graph, the inﬂuence spread fi for each node i ∈ V can be computed by the inﬂuence propagation models (e.g., IC [3], LT [4] and Linear [6]).
Speciﬁcally, fi = [fi→1 , fi→2 , ..., fi→n ] , an n × 1 vector, denotes the inﬂuence of
node i on each node in the network. Thus, the total inﬂuence spread of node
i in network
 equals to the sum of inﬂuence of node i on other nodes, namely
fi→V = j∈V fi→j . Indeed, fi→V is the expected number of the nodes that will
be inﬂuenced by node i.

3.1

Problem Statement and Formulation

In a real-world network, such as Twitter, nodes represent users, and edges represent their links/connections. If a target user wants to improve her own inﬂuence,
she should make new inﬂuence links1 with other users, especially the inﬂuential ones, then the information she posts will be read and followed by more
users (e.g., by retweet). Since making new links with other nodes may require
money or time, we also associate a nonnegative cost c(j) with each node j. That
is, the cost of linking to node j is c(j) if a target node makes a new link with
j. The less the cost is, the easier to create the link for the target node. We
denote the
 total cost of the target node for making new links with a subset S as
c(S) = j∈S c(j). Hence, the problem of individual inﬂuence maximization is
to ﬁnd a subset S such that if the target node t makes new links with nodes in
1

In this paper, we use the expressions of “inﬂuence link ”and “link” without distinction.
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S, the t’s inﬂuence gain is maximum, and c(S) does not exceed a speciﬁc budget
B. Now this problem could be formulated as an optimization problem:
S
− ft→V } , subject to c(S) ≤ B,
arg max {ft→V
S

(1)

S
where ft→V
− ft→V is the inﬂuence gain of the target node t after linking with
nodes in set S. Notice that, we assume that the other parts of network structure
stay unchanged before t makes links with the nodes in S. To reduce complexity,
in this paper, we consider c(j) = 1 for each j ∈ V , i.e., every new link shares
the same cost. Hence, the cost c(S) equals to the number of nodes in S, namely
S
− ft→V } and K = B, we can rewrite Eq. (1) as
c(S) = |S|. Let F(S) = {ft→V
below.
S
− ft→V } , s.t.
arg max F(S) = {ft→V
S

|S| ≤ K.

(2)

In summary, the individual inﬂuence maximization problem is formalized
as recommending a subset S with K nodes such that node t can achieve the
maximum inﬂuence gain by making new links with the nodes in S (i.e, adding
new edges (j, t), j ∈ S).
3.2

Definition of the Objective Function

The key of the above optimization problem is to design an appropriate objective
function F(S) to eliminate the inﬂuence overlap (the ﬁrst challenge given in
Introduction) when adding S to link the target individual. For introducing our
deﬁnition of F(S), we start with a single link from node t to node c.
Definition 1. If a target node t makes a new link with a candidate node c, we
define F(S) = F({c}) as :
{c}

F ({c}) = ft→V − ft→V
= λc · (1 − ft→c ) ·



(1 − ft→i )fc→i ,

i∈V

where λc ∈ (0, 1) is a hyper parameter to model the real-world social inﬂuence
propagation process.

Fig. 2. A Simple Example

Definition Explanation. Let us take a simple example. Suppose we want to
improve the target node t’s inﬂuence in Fig. 2, and thus we should estimate

Individual Inﬂuence Maximization via Link Recommendation

47

the total inﬂuence gain of t after making a new link (the red dashed line) with
a candidate node c. We ﬁrst show how to estimate the inﬂuence gain of t on
any node i ∈ V . Before making the new link with c (Left part of Fig. 2), the
target t has an inﬂuence on node i (ft→i ) and node c (ft→c ) respectively, and
meanwhile, the node c also has an inﬂuence on node i (fc→i ). When t makes a
new link with c (Right part of Fig. 2), we deﬁne that the inﬂuence of t on node c
has increased by λc (1−ft→c ). Now, let’s explain this deﬁnition: Suppose t always
{c}
inﬂuences (or actives) c successfully (ft→c = 1), then the inﬂuence of t on node
{c}
c will be increased by (ft→c − ft→c ) = (1 − ft→c ). However, this assumption is a
little unrealistic. Thus, for better modeling the real-world inﬂuence propagation
process, we introduce λc ∈ (0, 1) to weaken the inﬂuence gain of node t on c,
and get λc (1 − ft→c ). 2 One step further, we can represent that the inﬂuence of
t on i through c has increased by λc (1 − ft→c )fc→i . Hence, the inﬂuence gain of
{c}
t on i after making a link with c is: ft→i − ft→i = (1 − ft→i ) · λc · (1 − ft→c ) ·
fc→i . Then, we can get the total inﬂuence gain of node t on the entire network:


{c}
{c}
ft→V − ft→V=
i∈V (ft→i − ft→i ) =
i∈V (1 − ft→i ) · λc (1 − ft→c )fc→i =
λc (1 − ft→c ) i∈V (1 − ft→i )fc→i .
From this example, we could get the implication of the Deﬁnition 1. Though
we do not show more rigorous justiﬁcation for this function, the extensive experimental results show that the nodes selected by this function can really obtain
much real inﬂuence gain of a given target node, which illustrate that this function
is rational and eﬀective.
One step further, we introduce the following deﬁnition of the objective function F(S), i.e, the inﬂuence gain of a target node when it makes new links with
nodes in S.
Definition 2. If a target node t makes new links with the nodes in S, we define
F(S):
S
F (S) = ft→V
− ft→V =

=


c∈S



F ({c})

c∈S
n


λc (1 − ft→c ) ·

(1 − ft→i )fc→i

i=1

We could demonstrate that the function F(S) satisﬁes the properties below:
1. F(∅) = 0, i.e., we cannot improve the inﬂuence of the target node without
making any new link.
2. F(S) is nonnegative and monotonically increasing. It is obvious that making
new links can not reduce the inﬂuence of the target node.
3. F(S) is submodular. That is, F(S) satisﬁes the “diminishing returns” property.
2

Notice that, in real-world applications, λc ’s value could be determined based on
the speciﬁc inﬂuence models and the characteristics of nodes c and t in the social
network.
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Greedy Strategy

Indeed, maximizing submodular function in general is NP-hard [25], and thus
it is intractable to obtain the optimal solution of the problem we formulated.
However, for a nonnegative monotone submodular function, such as F(S), the
greedy strategy, a common used heuristic, approximates the optimum within a
factor of (1 − 1/e) [26].
The simple greedy algorithm starts with the empty set S = ∅, and requires
about n times inﬂuence spread estimation in each iteration to select one node
(with the maximum inﬂuence margin) to join S. Thus, greedy requires about
(n · K) times inﬂuence spread estimations, where K = |S|. As each inﬂuence
spread estimation calculated by inﬂuence models (e.g., IC, LT) is very timeconsuming, greedy is quite slow.
Scaling Up. Here, we exploit the submodularity of F(S) and adopt the lazyforward strategy [11] for scaling up the simple algorithm greedy . Speciﬁcally,
based on the fact that the inﬂuence gain of node t after making a link with
node c in the current iteration cannot be larger than its marginal inﬂuence
gain in the previous iteration, we propose the algorithm lazy without sacriﬁcing
any accuracy. Algorithm 1 shows the details about the algorithm lazy. Because
lazy just requires n times inﬂuence spead estimations in the initial iteration
for calculating the upper bound of inﬂuence gain of each candidate node i, it
requires totally (n + θ · K) times inﬂuence spread estimations, where θ  n is
the expected number of inﬂuence spread estimations in each iteration.
Algorithm 1. The lazy Algorithm

1
2
3
4
5
6

4

Input: G(V, E, T ), a given target node t, 7 while |S| < K do
8
s = Find the greatest F ({s}) in F ;
K
9
if f lags == |S| then
Output: S with K nodes
initialize S = ∅;
10
S = S ∪ s;
for each node i ∈ V do
11
F (s) = 0 ;
{i}
calculate F ({i}) = ft→V − ft→V ;
12
else
S∪s
S
f lagi = |S|; // here, |S| = 0
13
recalculate F (s) =ft→V
−ft→V
;
// f lagi indicates that F ({i}) is
14
f lags = |S| ;
// calculated in the |S| iteration
15 Return S;

Optimization Under the Linear Model

To address the challenge of ineﬃciency, we further explore this problem on a
speciﬁc inﬂuence model, the linear social inﬂuence (Linear) model [6]. Specifically, the reasons could be summarized as: (1) Linear model is tractable and
eﬃcient; (2) Linear has close relations with the traditional inﬂuence models. For
instance, it can approximate the non-linear stochastic model [5], and the linear
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approximation method for the IC model [27] is a special case of Linear. In the
following, we ﬁrst review the Linear model.
Review. Given a directed graph G(V, E, T ), Linear model [6] is deﬁned as below.
Definition 3. Define the influence of node i on j as
αi ∈ (0, 1]

= dj
tkj fi→k , for j = i

fi→i = αi ,

(3)

fi→j

(4)

k∈Nj

where Nj = {u ∈ V |(u, j) ∈ E}, αi is the self-conﬁdence of node i, which
represents the prior constraint of node i for spreading the information. The
parameter dj ∈ (0, 1] is the damping coeﬃcient for the inﬂuence propagation.
Under the Linear model, there is an upper bound to measure a node’s inﬂuence [6]:
fi→V =

n


fi→j ≤ αi · (I − DT )−1
i· e

(5)

j=1

where, I is an n-by-n identity matrix, D = diag(d1 , d2 , ..., dn ) is a diagonal
matrix, e is an n × 1 vector consisting all 1s, (I − DT )−1
i· denotes the i-th row
of matrix (I − DT )−1 .
Optimization with Upper Bounds. In this part, we further exploit the
properties of the inﬂuence computation in Linear model and demonstrate that if
target node t makes a new link with an arbitrary candidate node i, the inﬂuence
gain cannot be greater than the upper bound, λi αi · (I − DT )−1
i· e.
Theorem 1. ( Upper bound) If a given target node t makes a new link with
node i ∈ (V \ {t}), then the influence gain of node t satisfies the equation:
{i}

F({i}) = ft→V − ft→V ≤ λi · αi · (I − DT )−1
i· e
{i}

Proof. We ﬁrst prove that F({i}) = ft→V − ft→V ≤ λi · fi→V . According to the
inﬂuence gain deﬁnition,
{i}

F ({i}) = ft→V − ft→V
n

= λi (1 − ft→i )
(fi→k · [1 − ft→k ])
k=1
n


≤ λi (1 − ft→i ) ·
fi→k
n
k=1

≤ λi
fi→k = λi · fi→V

(6)
(7)
(8)
(9)

k=1

Both Eqs. (8) and (9) hold because fi→j ∈ [0, 1]. Combining Eqs. (5) with (9),
{i}
we have proved that F({i}) = ft→V − ft→V ≤ λi αi (I − DT )−1


i· e.
Here, we can rewrite Theorem 1 into vector: [F({1}), F({2}), ..., F({n})] ≤
diag(λ1 , λ2 , ..., λn ) · diag(α1 , α2 , ..., αn ) · (I − DT )−1 e. As (I − DT ) is a strictly
diagonally dominant matrix, (I − DT )−1 e can be quickly calculated through
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Gauss-Seidel method in O(|E|) time. We use these upper bounds to replace the
inﬂuence gain estimations in the initial iteration of algorithm lazy, and then
propose the corresponding uBound algorithm without sacriﬁcing any accuracy.
Algorithm 2 shows the details about uBound. According to the analysis above,
we know that uBound requires only (1+η·K) times inﬂuence spread estimations,
where η  n is the expected number of inﬂuence spread estimations and it is
related to the tightness of the upper bound. In contrast, lazy (Algorithm 1)
requires (n + θ · K) times inﬂuence spread estimations.
Algorithm 2. The uBound Algorithm

1
2

3
4
5

5

Input: G(V, E, T ), a given target node t, 6 while |S| < K do
7
s = Find the greatest F (s) in F ;
K
8
if f lags == |S| then
Output: S with K nodes
initialize S = ∅;
9
S = S ∪ s;
Compute the upper bound vector
10
F (s) = 0 ;
U = diag(λ1 , λ2 , ..., λn ) ·
11
else
diag(α1 , α2 , ..., αn ) · (I − DT )−1 · e in 12
S∪s
S
recalculate F (s) =ft→V
−ft→V
;
O(|E|) time;
13
f lags = |S| ;
for each node i ∈ V do
F (i) = Ui ;
14 Return S;
f lagi = 0; // here, |S| = 0

Experiments

Experimental Setup. The experiments are conducted on four real-world
datasets with diﬀerent sizes. (a)Wiki-Vote, a who-votes-on-whom network at
Wikipedia where nodes are users and an edge(j, i) represents that user j voted
on user i; (b)Weibo, a social media network in China, where nodes are the users
and edges are their followships. We crawled this data from weibo.com3 at March
2013 and then sampled a small network which only contains the veriﬁed users
for ﬁltering the zoombie accounts; (c)Cit-HepPh, an Arxiv High Energy Physics
paper citation network where nodes represent papers and an edge(j, i) represents
that paper j cites paper i. Both Cit-HepPh and Wiki-Vote are downloaded from
SNAP4 ; (d)Twitter, another social media network. We downloaded this data
from Social Computing Data Repository at ASU5 . Table 1 show the detailed
dataset information.
Table 1. Experimental Datasets
Name
Nodes
Edges

3
4
5

Wiki-Vote
7,115
103,689

Weibo
7,378
39,759

cit-HepPh
34,546
421,578

http://www.weibo.com/
http://snap.stanford.edu/data/
http://socialcomputing.asu.edu/datasets/Twitter

Twitter
11,316,811
85,331,845
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Influence Model and Propagation Probability. We validate our discoveries
under the IC, LT and Linear models, as widely used in the literature [6,11,14,18,
28]. For each network, we transform it into a directed inﬂuence graph G(V, E, T ).
Speciﬁcally, if there is an edge (j, i) in the original network, we add an inﬂuence
link (i, j) ∈ E 6 in G and then assign the corresponding inﬂuence propagation
probability tij = 1/indegree(j). For LT [14], each node j chooses a threshold θj
uniformly at random from [0, 1], and the Monte Carlo simulation times are set
to be 20,000 for both IC and LT. For Linear model, we use the same damping
coeﬃcient for all nodes similar to Xiang et al. [6,28] (i.e., di = 0.85 for i ∈ V ),
and we set αi = 1 assuming that each initial node shares the same prior inﬂuence
probability. Note that, for simplicity, we manually set the λc = 0.85 for all the
nodes in objective function F(S).
We implemented the algorithms in Java and conducted the following experiments on Windows 64-bit OS with 2.20GHz Intel Core i3-2330M and 16GB
memory.
5.1

Real Influence Gain Comparison

We ﬁrst demonstrate that our objective function is rational and eﬀective, i.e.,
the node set S recommended based on our F(S) can help a target node t make
more inﬂuence gain than the benchmark methods. Speciﬁcally, for a given target
node t, we ﬁrst calculate its original inﬂuence ft→V . Secondly, we let t make new
links with the nodes in S recommended by diﬀerent methods, and recalculate
S
7
. Finally, we get the t’s real inﬂuence gain F(S) =
the t’s new inﬂuence ft→V
S
ft→V −ft→V . Thus, the performance of each method is evaluated by the inﬂuence
gain it could provide to the target node, i.e., the larger inﬂuence gain, the better
the method is. In the following, we call our method as ISIM (Individual Social
Inﬂuence Maximization) and the results are based on the lazy algorithm. For
comparison, we choose several benchmark methods:
– Random. Let the target node make links with K nodes that are selected
randomly.
– OutDeg. Let the target node link to the top K nodes with the largest
out-degree.
– LongDist. The recommended K nodes are the farthest ones from the target
node, i.e., those have the fewest inﬂuence overlap with the target node. Here,
the distance is measured by Random Walk with Restart [29].
– PageRank. Recommend the nodes with top K ranked PageRank values [30].
– HighestInf (Highest Influence). Let the target node make links with the
top-K nodes with highest inﬂuence. This method is also competitive because
the largest inﬂuential nodes can improve the target node’s inﬂuence sharply.
However, this method does not consider the inﬂuence overlap.
6
7

For example, if user j follows user i in Twitter, then i inﬂuences j.
After linking t to nodes in S, the indegree of node c ∈ S pluses one. The
inﬂuence propagation probability of each edge (u, c) ∈ E will be updated by
1/new indegree(c).
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– IMSeeds. It selects and recommends the most inﬂuential node set S by
using the CELF algorithm [11] for traditional social inﬂuence maximization problem. This method could alleviate the inﬂuence overlap between the
nodes in S. However, it does not consider the inﬂuence overlap between the
target node and those in S.
On each dataset, we run the above selection algorithms on the randomly chosen
100 target nodes from diﬀerent out-degree ranges, and then we compute and
compare the average inﬂuence gain (with the size of the recommendation set
|S| = 5, 10, ..., 50) for each algorithm. We compare the eﬀectiveness of each
algorithm under IC, LT and Linear model, respectively. Figs. 3, 4 and 5 show
the corresponding results. Actually, similar results could be seen from all ﬁgures.
That is, the node set S selected by our ISIM could help the target node to get
more real inﬂuence gain than the benchmarks; the node set S recommended by
IMSeeds cannot always guarantee the best performance. What’s more, we only
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show the results on the three data sets, because IMSeeds (i.e., CELF) cannot
obtain a result within feasible time on the Twitter data.
5.2

Time Complexity Analysis

In the part, we compare the eﬃciency of our proposed algorithms (greedy, lazy
and uBound) for our ISIM method under Linear model from two aspects: the
number of influence spread estimations and the running time of the algorithms.
Table 2. Numbers of Inﬂuence Spread Estimation
Datasets

PP
Alg.

Wiki-Vote
Weibo

Cit-HepPh
Twitter

PPTop K
PP
P

greedy
lazy
uBound
greedy
lazy
uBound
lazy
uBound
uBound

5
35208
7124
19
36836
7414
50
34554
17
16

10

15

20

25

30

35

40

45

70390 105547 140679 175786 210868 245925 280957 315964
7139 7171 7195 7220 7250 7306 7331 7374
53
84
119
157
204
265
297
352
73646 110431 147191 183926 220636 257321 293981 330616
7446 7505 7572 7638 7738 7838 7917 8047
98
180
278
356
494
622
726
868
34566 34586 34608 34642 34660 34691 34710 34744
37
64
89
137
161
194
221
264
43
71
99
136
166
212
253
286

Table 2 shows the expected numbers of inﬂuence spread estimations when
selecting diﬀerent K seeds using diﬀerent algorithms. The results illustrate that
greedy needs the largest number of inﬂuence spread estimations. Compared to
lazy, the expected number of inﬂuence spread estimations of uBound at top K =
45 is reduced at a rate of 95.2%, 89.2%, 99.2% on the three datasets(ie, WikiVote, Weibo, Cit-HepPh), respectively. The reason is that lazy requires n times
inﬂuence spread estimations in the initial iteration to establish the upper bounds
of the marginal inﬂuence, while uBound requires only one time. Correspondingly,
Fig. 6 shows the real running time of diﬀerent algorithms when selecting K
seeds on diﬀerent datasets. From the results, we know that the simple greedy
algorithm is very time-consuming as the number K increases. That is because
greedy requires about (n · K) times inﬂuence spread estimations. What’s more,
we can observe that uBound is much faster than lazy. Actually, uBound is so
eﬃcient that it can handle the Twitter data, a large scale network with tens of
millions of nodes, and the running time is growing linearly as the the number K
increases.
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5.3

Case Study

We ﬁnally use a case study to illustrate the necessity of designing individualized link recommendation algorithms. Fig. 7(a) shows the Jaccard index of the
25 nodes recommended by ISIM for 8 target nodes which are randomly selected
(distinguished by node ID) from Wiki-Vote. This ﬁgure illustrates that the nodes
recommended for diﬀerent target nodes are diﬀerent, and this is because the
method ISIM considers the target node’s personalized information, such as the
topology structure of the target node. Similarly, Fig. 7(b) shows the Jaccard
index of diﬀerent node sets recommended by diﬀerent methods. This ﬁgure illustrates that the nodes selected by diﬀerent algorithms are also quite diﬀerent.
Meanwhile, the more similar with our proposed method(i.e., ISIM), the more
eﬀective of the algorithm (combining the results in Figs. 3, 4 and 5).

6

Discussion

In this part, we mainly discuss the limitations and possible extensions of this
study. For better illustration, in this paper we only deal with individual inﬂuence
maximization by designing general algorithms, and our solutions could be further
improved in the future. First, it is better to include diﬀerent costs for the link
connection (i.e., the c(S) in Eq. (1)) instead of treating them equally. Meanwhile,
more reasonable settings for parameters λc or threshold θ are required when we
know about more prior knowledge or real propagation action logs (like using the
data-driven approach for threshold θ settings [31]). What’s more, our assumption
that the rest of the network stays unchanged during the link connection may be
relaxed. Secondly, it is also better to study individual inﬂuence maximization
and social inﬂuence modeling from the observed data rather than the simple
simulation. For one thing, the information diﬀusion process may be aﬀected by
some other factors, e.g., information topic and homophily [32]. For another, as is
only exploratory in nature, the conclusions of the simulation studies often have a
great deviation to the actual propagation data. Thirdly, this study only focuses
on the one target individual’s inﬂuence, and one possible extension is to add links
for improving the inﬂuence spread of several individuals simultaneously, where
the competitions or cooperations between each target individual may be a big
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challenge. Last but not least, like the uBound algorithm under Linear model,
we would like to ﬁnd out the upper bounds under other inﬂuence models (e.g.,
IC, LT) and propose the corresponding scalable algorithms.

7

Conclusion

In this paper, we studied the problem of maximizing individual’s own inﬂuence
by recommending new links. We ﬁrst formulated it as an optimization problem
and designed a rational objective function. Then we proposed three algorithms to
solve this intractable problem; especially the uBound algorithm with O(1+η ·K)
time complexity could handle large scale network. The experiments have shown
encouraging results, and we hope this study could lead to more future work.
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Abstract. One of the most useful measurements of community detection quality
is the modularity, which evaluates how a given division deviates from an
expected random graph. This article demonstrates that (i) modularity maximization can be transformed into versions of the standard minimum-cut graph
partitioning, and (ii) normalized version of modularity maximization is identical
to normalized cut graph partitioning. Meanwhile, we innovatively combine the
modularity theory with popular statistical inference method in two aspects: (i)
transforming such statistical model into null model in modularity maximization;
(ii) adapting the objective function of statistical inference method for our
optimization. Based on the demonstrations above, this paper proposes an
efficient algorithm for community detection by adapting the Laplacian spectral
partitioning algorithm. The experiments, in both real-world and synthetic
networks, show that both the quality and the running time of the proposed
algorithm rival the previous best algorithms.
Keywords: Community detection · Modularity · Minimum-cut

1

Introduction

Network could represent data entities and the relationship among them. A property
that seems common to many networks is community structure, the division of the
network vertices into communities in which the connections of vertices are dense, but
between which the connections are sparser [1, 2]. Community detection has been
proven to be valuable in a wide range of domains [3, 4]. To solve the problem of
community detection, we first get insight into the definition of community. There are
several classes of global community definitions [5]:
(i) The most intuitive definition relies on the number of edges lying between
communities, referred to as cut size (or edge cut), which derives minimum-cut graph
partitioning/clustering problem aiming at producing division with smallest cut size;
(ii) Another one is based on the widely used concept of modularity. Modularity
evaluates how a given division deviates from an expected random graph (null model),
and modularity-based algorithm [6, 14] has become one of the most popular algorithms for detecting community because of its reasonable accuracy and feasibility.
(c) Springer International Publishing Switzerland 2015
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The core of our investigation is to explore the relationship between problem of
modularity maximization and problem of minimum-cut graph partitioning which minimizes the cut size. [7] focused on the maximization of the likelihood of generating a
particular network, and showed that inference methods could be mapped to standard
minimum-cut problem. Our research is inspired by it, however, we focus on the maximization of modularity, and we demonstrate that (i) the modularity maximization
could be transformed into minimum-cut graph partitioning, and (ii) normalized modularity maximization is identical to normalized cut graph partitioning. Thus, many
existing heuristics for graph partitioning could be adopted to solve our community
detection problem [13, 15]. As an example, we apply the Laplacian spectral partitioning algorithm [15], which is simple and fast, to derive a community detection algorithm competitive with the best currently available algorithms in terms of both speed
and quality of results.
The other contribution of this paper is that we innovatively combine the modularity
theory with popular statistical inference method. Research about community detection
recently has focused particularly on statistical inference methods (stochastic block
model and its degree-corrected counterpart, etc.), which assume some underlying
probabilistic model that generates the community structure and estimates model’s
parameters [9, 11]. We try to exploit the line lying between modularity-based algorithm and inference model-based algorithm:
(i) Statistical inference models could be transformed into the null models in
modularity maximization problem based on the analysis in [11];
(ii) The core idea of the statistical inference model is to generate a suitable objective function for community detection with maximizing the profile likelihood. So,
we adapt such objective function for our optimization.
Based on the rigorous demonstrations, the implementation of the proposed algorithm is intuitive and simple: we first get the candidate set of community structure
solutions by implementing Laplacian spectral partitioning algorithm; then we compute
objective function of degree-corrected model for each candidate, and chose the one
with the highest score as final community detection result. The experimental results
guarantee the feasibility and robustness of the proposed demonstration. To the best of
our knowledge, this is the first clear relationship among (i) modularity-based theory,
(ii) statistical inference models, and (iii) traditional graph clustering/partitioning-based
algorithms.

2

Related Work

There have been significant interests in algorithms for detecting community structure
in networks for decades [1, 2, 3, 4, 5, 7]. In [1], Newman describes an algorithm based
on a characteristic of clustering quality called modularity, a measure that takes into
account the number of in-community edges and the expected number of such edges.
[6] proposed a greedy modularity-based algorithm CNM, one of the most widely
used methods recently. It iteratively selects and merges the best pair of vertices, which
has the largest modularity gain, until no pairs improve the modularity. Then several
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algorithms were proposed based on other theories [10, 12]. Recently, interest has particularly focused on statistical inference methods, such as stochastic block model [9]
and its degree-corrected counterpart [11]. Moreover, community detection is closely
related to graph partitioning, although there are differences between them [5]. Graph
partitioning, dividing the vertices of a graph into some communities of given size (not
necessarily with equal size) such that the number of edges between groups is minimized, has been well studied thoroughly by researchers [13, 15]. So far, there is few
study on the relationship between modularity maximization and minimum-cut partitioning. One early work on modifying the objective function of modularity maximization is [16], which introduced the cluster size normalized much like the Ratio-Cut
spectral clustering. But the modified modularity is not exactly the graph Laplacian.

3

Degree-Corrected Stochastic Block Model

Original stochastic block model ignores variation in vertex degree, making it unsuitable for applications to real-world networks [9]. For such reason, degree-corrected
stochastic block model adds a parameter
for each vertex , which controls expected degree of vertex , making it accommodate arbitrary degree distributions.
In this paper, let and be sets of vertices and
edges of the graph
,
respectively, and use
to denote the number of communities.
denotes an element of the adjacency matrix of
, , conventionally equal to the number of
edges between vertices and . Assuming there are no self-edges in the network, so
0. And
is an element of a
symmetric matrix of parameters, controlling edges between communities. Following [11], we let expected value of
be
, where
is the community to which vertex belongs. The likelihood of
generating
,
is
| , ,

∏

(1)

!

Parameter
is arbitrary within a multiplicative constant absorbed into , and
their normalization can be fixed by imposing the constraint ∑
1 for each
is the Kronecker Delta [11]). Then the maximum likelihood valcommunity (
and
are given by
ues of parameters
, and

,

(2)

where
is the degree of vertex , and is the total number of degrees in community
. As the number of edges connecting community and ,
is defined as
∑
(3)
,
, .
Substituting these values of and
into Eq. (1) with little manipulation gives
the profile likelihood. In most cases, it is simpler to maximize the logarithm of the
profile likelihood rather than itself, because the maximum is in the same place. Neglecting overall constants, the logarithm is given by
|

∑

.

(4)
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This log likelihood depends on community structure only. Since the block model is
generally used as a source of flexible and challenging benchmark for evaluation of
community detection algorithms, the maximum of Eq.(4) with respect to the community structure could tell us the most suitable community structure.

4
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[1] defines a measurement for quality of community structure, modularity, which is
widely used. And most recent researches about community detection focus on the
problem of modularity maximization. In this section, we will demonstrate: how the
problem of (normalized) modularity maximization could be transformed into the
problem of (normalized) minimum-cut graph partitioning.
4.1

Preliminaries

Given
(i) a graph
,
with vertices and
edges,
(ii) a partition of
communities
,…,
, and
(iii) a null model (random graph distribution) on ,
Modularity
, ,
is defined as
∑

, ,

|

|

|

,

| ,

(5)

is the set of edges that join
wherein | … | is the size of the corresponding set,
vertices in community , and |
, | is the expected number of such edges in the
null model . If the number of inner-community edges is same as that in the null
model ,
, ,
will be zero. And a nonzero value evaluates deviation from
randomness.
There are several choices of the null model , such as Erdös-Renyi model [17] and
Chung-Lu model [18]. The original stochastic block models have an internal relation
with random graph model proposed by Erdös and Renyi [11]. However, this model
produces highly unrealistic networks. Specifically, it produces networks with Poisson
degree distributions, in stark contrast to most real networks. To avoid this problem,
modularity is usually defined using the model proposed by Chung and Lu, which
fixes the expected degree sequence to be the same as that of the observed network. In
this case, the objective function of modularity could also be rewritten as
∑

(6)

∑
wherein 2
0 is the sum of the degrees of all vertices in the network,
which is a constant. If the edges of a network is randomly assigned, then on average,
and

.

(7)
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This choice of null model is found to give significantly better results than the former one (original uniform model), because it allows for the fact that vertices with
high degree are, more likely to be connected than those with high degree. So, we get
better results with incorporating this observation into stochastic block model, and we
get degree-corrected stochastic block model [11].
Based on the analysis above, we wish to find compact community, meaning that
| in Eq. (5) (or
we need to maximize the |
in Eq. (6)). But since |
, |
| |
is the statistically expected value, we should maximize |
, | instead
, |. For the same reason, we should maximize
instead of
.
of |
Summing over all the communities, the objective function of modularity maximization is to maximize Eq. (5) or Eq. (6).
4.2

Demonstration 1: Mapping from Modularity Maximization to
Minimum-Cut Graph Partitioning

This article treats the previous two statistical inference models as potential choices of
by a small amount of manipulation, which will be discussed latter, respectively.
If high value of modularity
, ,
corresponds to good division of a community structure, the purpose of algorithm is to find such division with the global maximum modularity, as follows:
∑

|

|

|

,

|

(8)

To simplify the description, we define the following quantity
|

as the cut size of the partition

|

∑

|

|

(9)

. And minimum-cut partitioning problem optimizes
|

|.

(10)

Theorem 1. The modularity maximization of Eq. (8) could be transformed into minimum-cut partitioning of Eq. (10).
Proof. Objective function of modularity maximization (Eq. (8)) could be written as
∑

|

|

∑
∑

|

|
|

∑

∑

|

|
|

,

|
|

,
,

|

|

(11)

| .

(12)

Substituting Eq. (9) to Eq. (11), we get
|

|

∑

|

,

Eq. (12) is similar to the objective function of minimum-cut partitioning, except for
, | which depends on the null model and community structhe item ∑ |
ture. We first discuss the bisection condition (i.e.,
2), and later we will illustrate
how the proposed algorithm could be extended to the condition of multi-communities.
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Thus, Eq. (12) could be rewritten as
|

|

∑

|

,

|

(13)

Here, for the choices of as discussed above, we will investigate standard stochastic block model and its degree-corrected counterpart respectively.
Standard Stochastic Block Model. We rewrite Eq. (13) as
|

|

|

|

|

|

∑

|

| is the expected number of all edges in
where |
terms independent of the community structure, we get
|

If we use

|

|

|

|

|

∑

,

| ,

(14)

. Neglecting constants and

|

,

|

.

(15)

to denote the expected number of edges between community 1 and 2,
|

|

∑

|

∑

1

,

∑

|

1

.

(16)

Considering
where

and

,

(17)

are numbers of vertices in communities 1 and 2 respectively,
∑

1

.

(18)

Thus the modularity maximization could be rewritten as:
∑

|

|

|

,

|

|

|

|

|

.

(19)

Instead of problem (8), we could address the problem of computing
|

|

|

|

.

(20)

So the maximization of modularity corresponds to the minimization of the cut size
|
that favors comof the partition with an additional penalty term |
munities of equal size. Different graph distribution leads to different value of
|. So the quantity of the formula above varies when we apply various .
and |
Degree-Corrected Stochastic Block Model. Dropping constant
|

|

∑

|

,

in Eq. (13), then

| .

(21)

In degree-corrected stochastic block model,
∑

|

,

∑

|

,

∑

,

,

,

/2 ,

(22)

and
represent the expected numbers of edges connecting vertices in
where
community 1 and 2, respectively. And,
∑

,

,

∑

,

∑

,

.

(23)
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1 for community s,
∑

,

.

,

(24)

Similarly,
∑

,

.

,

(25)

Instead of problem (8), we now could address the problem of computing
|

|

/2 .

(26)

Eq. (26) is very similar to Eq. (20). Namely, the original problem of modularity
maximization could be converted into the minimization of the cut size with an additional term. Taking both Eq. (20) and Eq. (26) into account, this article minimizes the
formula over community structure first for fixed , and then over at the end.
| are unknown, and rely
In the above additional terms,
,
,
and |
on only. To get around such terms, we implement a limited minimization, in which
is given and the community sizes
and
are held fixed as some values we
|
choose. Hence discarding the constant terms |
) (in Eq. (20)) and
/2 (in Eq. (26)), the optimization is equal to standard minimum-cut
graph partitioning problem.
4.3

Demonstration 2: Mapping from Normalized Modularity Maximization to
Normalized Minimum-Cut Graph Partitioning

In this section, we show for that a normalized version of modularity maximization is
identical to normalized cut spectral partitioning, whose objective function is
∑

.

(27)

We then define normalized modularity maximization as
∑

.

(28)

Theorem 2. The normalized modularity maximization of Eq. (28) is identical to normalized cut partitioning of Eq. (27).
Proof. Eq.(28) could be written as
∑

Considering ∑

.

(29)

1 .

(30)

2 ,
∑

Meanwhile, Eq. (27) could also be written as
∑

∑

∑

∑

.

(31)

Thus,
1

2

.

(32)
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Therefore, minimization of
is identical to maximization of
. In other words,
minimizing normalized cut is identical to maximizing normalized modularity.
4.4

The Implementation of Community Detection Based on Minimum-Cut
Graph Partitioning

Based on the analysis above, we utilize Laplacian partitioning algorithm as [7], which is
shown effective in practice (
), although there really exist other heuristics [12, 15].
The choice of
and
could be done with a greedy search strategy [6], and there are
possible choices (ranging from putting all vertices in only one community to two
communities with equal size, and everything in between). All the choices construct a candidate set. Then for each choice, which is standard minimum-cut partitioning problem, we
utilize Laplacian spectral bisection algorithm, and get corresponding candidate solution
(i.e., candidate community structure). Since the final community structure should maximized the log of the profile likelihood (Eq. (4)), we calculate this quality for each candidate solution, and the one with the highest score is the maximum-modularity community
structure. We recursively partition a current community into two sub-coummunities using
the second eigenvector of the generalized Laplacian matrix,
. Having calculated such eigenvector, one divides the network into communities of the required size
and
by inspecting the vector elements and assigning the
vertices with the largest
elements to community 1 and the rest to community 2. A nice feature of this algorithm is
that, only in a single calculation, it provides us the entire one-parameter family of minimum-cut divisions of the network [7].
This is repeated until the desired number of communities is reached [12], and one
issue here is how to choose the next community to split. We choose the community
with smallest average similarity, ∑
/| | , which is the loosest clus,
,
ter. And if there exists no division of a community that gives any positive contribution
to the modularity of the entire network, and it should be left alone.

5

Experiments and Results

In this section, the proposed algorithm (denoted as MC) was tested on both real-world
networks and synthetic (i.e., computer generated) networks in terms of accuracy and
sensitivity. This article mainly utilizes normalized mutual information (NMI) [19] as
evaluation, and the experimental results showed the proposed algorithm worked well.
5.1

Experiments on Real-World Networks

We tested our algorithm on a range of real-world networks, and it produced community structures consistent with prior knowledge in all case. Here, we only describe
three networks in detail with the limitation of space.
The first example is the “karate club” network [20], which represents the interactions amongst the 34 members of a karate club at an American university, in Fig. 1(a).
In Fig. 1(b), we show another social network of a community of 62 bottlenose dolphins
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living in Doubtful Sound, New Zealand, established by observation of statistically
significant frequent associaation [21]. The network first splits naturally into two laarge
groups, and the larger one th
hen splits into three smaller subgroups.
In the third real-world ex
xample, the proposed algorithm was applied to the Am
merican political blogs networrk [22]. This network is composed of American poliitics
blogs and the links betweeen them around the time of the 2004 presidential electiion,
which classified the first 758
7 blogs as left-leaning and the remaining 732 as rigghtleaning. This experiment was
w implemented as a contrast to the similar experim
ment
described in [11]. As shown in Table 1, applying our algorithm to this network off all
the 1,490 vertices, the deteccted community structure has a NMI of only 0.5005. Hoowever the NMI increases to
o 0.7204 when the experiment only examines the larggest
connected component by drropping 225 isolated vertices. This result is similar to [11],
which gets NMI of 0.72 in
n 1,222 main vertices. MC represents the proposed allgorithm in the following tablee. We obtain similar results for other real-world networrks,
although we do not providee the plots for lack of space.

(b)

(a)

Fig. 1. Experiments on (a) karate club network and (b) bottlenose dolphin network
ment results of the American political blog network
Table 1. Experim
R
Remained
Vertices
MC
MC
Ref.[11]

5.2

1490
1265
1222

Removed Vertices

0
225
268

NMI

0.5005
0.7204
0.72

nthetic Networks
Experiments on Syn

For direct comparison with
h benchmarks or other algorithms, we now turn to applications of the proposed algoritthm to synthetic networks, and such networks are generaated
by using degree-corrected stochastic
s
model (DCM) [11] (which are published onlinne1)
and Lancichinetti-Fortunato
o-Radicchi (LFR) benchmark [23].

1

http://hlipca.org/index.php/2014
4-12-09-02-58-51/2014-12-09-02-59-44/44-communitydetectionmc
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Experiments on DCM Synthetic Networks. Following [11], this article chooses
which has the particular form
1
to generate synthetic networks. In this form, the parameter is used to interpolate linearly between
(a planted network where the communities are completely sepathe values
rated) and
(a fully random network with no community structure). In [24],
is defined as the expected value of
in a random graph with fixed ex. For the value of
, this article chooses a
pected degree, i.e.
0
simple form as
to create community structure.
0
In the first group of experiments, each generated network has 100,000 vertices with
two communities of equal size and equal average expected degree of 20. After we
have chosen: (i) the group structure, (ii) expected degrees of all vertices ( in Eq.
(2)), and (iii) the value of
, the generation of graph is implemented as follows: we
first draw a Poisson-distributed number of edges for each pair of communities r and
s with mean
, and then assign each end of an edge to an arbitrary vertex according to . The proposed algorithm (MC), SBM and DCM were respectively applied to
the experimental networks. For SBM and DCM, we choose the best result from 10 independent runs, initialized either by random (with the suffix R) or planted assignment
(with the suffix P).
As shown in Fig. 2(a), the proposed algorithm, with excellent stability, outperforms other models as increases from zero, although none of them finds any really
significant result because the network in this sense is nearly random. Note that, MC
calculates objective score (Eq.(4)) for each candidate community structure, but only
the one with the highest score is chosen as the final result. So there exists a gap between the NMI of the final result and the highest NMI among candidates: when is
close to zero, the gap is a little bigger, and decreases with increasing. With
beyond the mid-value, the curves of MC and DCM nearly coincide. The uncorrected
model (SBM), as expected, finds no significant community structure even at =0.5.

λ
(a)

λ
(b)

Fig. 2. Experiments on synthetic networks generated by DCM
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Then we turn to another group of experiments on DCM synthetic networks, which
are closer to the practical networks (wherein community 1 follows power-law degree
distribution with exponent γ 2.8, and other settings remain unchanged). Figure
2(b) shows that MC works well even for small . That means we could reveal acceptable result even on nearly random graph, because it can classify most of the vertices
simply based on their degrees. In contrast, the DCM has accuracy near 0 when
0.2, however NMI of DCM increases rapidly, especially DCM-P. When each edge has
nearly the same probability of being drown from the random model and from the
planted structure (i.e., 0.5
0.7), the accuracy of DCM increases faster. Moreover, the broad degree distribution in community 1 makes SBM perform much more
badly here than in the former experiment. Comparing the two synthetic network experiments above, we could conclude that the proposed algorithm performs better in
practical network.
Experiments on LFR Synthetic Networks. LFR is a realistic benchmark for community detection, accounting for the heterogeneity of both degree and community size. We
test effect of flowing main parameters for network generation on diverse algorithms: (a)
mixing parameter, ; (b) number of vertices, ; (c) average degree of vertices,
.
Firstly, we make comparisons with [10] by using the same parameters with two
different network sizes (1,000 and 5,000 vertices), average degree of 20, maximum
degree of 50, degree exponent of -2 and community exponent of -1. The results of
MC are shown in Fig. 3(a), wherein, notations S and B denote “small” (10-50 vertices)
and “big” (20-100 vertices) community sizes, respectively. The results show that MC
performs as well as, even better than, [10], and there is also a sharp ascent of NMI as
increases from 0.3 to 0.4. Secondly, we compare the proposed algorithm with other
algorithms, such as CNM, SBM and DCM. To test scalability, we generate a family of
networks of increasing sizes, and Fig. 3(b) and Fig. 3(c) present the NMI of competing algorithms respect to
and
. We could indicate the number of vertices has
only limited effect on the precision, whereas the average degree appears to have a
strong impact (Almost all the competing algorithms suffer considerable loss in NMI,
and most of them reach the peak when
is about 24.83).

λ
(a)

(b)
Fig. 3. Experiments on LFR standard benchmark networks

(c)
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Conclusion

Different kinds of algorithms about community detection, such as (i) modularity-based
algorithms, (ii) statistical inference methods and (iii) graph clustering/partitioning-based
algorithms, have been proposed. This article is an innovative attempt, aiming at exploring the potential connecting lines among them.
We propose a new algorithm for detecting community structure from topology of
the network, based on the demonstration that the problem of (normalized) modularity
maximization could be transformed into versions of (normalized) minimum-cut graph
partitioning. The experimental results showed that the proposed algorithm has generally a better quality than the best existing algorithms. Especially, it performed well in the
case of strong degree imbalances as in power-law distributions. Besides unprecedented
scale, another important property of social network nowadays is dynamic nature. So,
further research will focus more on online or dynamic community detection problem.
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Abstract. Topic evolutionary analysis on microblog feeds can help
reveal users’ interests and public concerns in a global perspective. However, it is not easy to capture the evolutionary patterns since the semantic
coherence is usually diﬃcult to be expressed and the timeline structure
is always intractable to be organized. In this paper, we propose a novel
strategy, in which a coherent topic hierarchy is designed to deal with
these challenges. First, we incorporate the sparse biterm topic model to
extract some coherent topics from microblog feeds. Then the topology
of these topics is constructed by the basic Bayesian rose tree combined
with topic similarity. Finally, we devise a cross-tree random walk with
restart model to bond each pair of sequential trees into a timeline hierarchy. Experimental results on microblog datasets demonstrate that the
coherent topic hierarchy is capable of providing meaningful topic interpretations, achieving high clustering performance, as well as presenting
motivated patterns for topic evolutionary analysis.
Keywords: Coherent topic hierarchy
feed · Bayesian rose tree
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·
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·

Microblog

Introduction

The prosperity of the microblogging services at all levels of the social life has
been witnessed in the past few years. This kind of services, such as Twitter and
Sina Weibo, are becoming the preferred online platforms for people to express
their experiences, opinions, thoughts, etc. Therefore, microblog feeds, i.e., the
textual aspects of user generated contents, gradually act as the carriers of topics
which somehow reﬂect public concerns at that time. With time elapsing, these
topics often evolve in both word presentation and occurrence intensity, leading
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to complex relations between every two sequential time points. Modeling the
topic evolution can be of great signiﬁcance to track user preferences or event
stages, thus providing helpful guidance in personalized recommendation, opinion
summarization and emergency detection.
LDA-based [1] probabilistic topic models, combined with temporal information or transition patterns, are usually considered as the mainstream technologies of solving the topic evolution due to their advantages of high robustness
and ﬁtness. These variants of LDA [2, 3] not only strive to extract the topics
over the word distribution, but also reconcile the topics to their evolutionary
threads. Apart from the topic models, classical data mining methods, including
clustering [4], frequent patterns mining [5] and automatic summarization [6] are
also quite suitable for the topic evolutionary analysis. These non-parametric or
less parametric methods are overall more eﬃcient and motivated than the topic
models which are always involved in intractable training and inferring.
However, there are still some challenges to analyze topic evolution based on
all of the above methods. The ﬁrst one is how to eﬀectively extract a set of
semantically coherent topics from the microblog feeds which have the characteristics of short text, erratic form and voluminous amount. The topics released
by this kind of LDA variants [2, 3] are named as latent topics, with a paucity
of concentration and interpretation. These incoherent topics are not appropriate for the evolutionary analysis as they may entangle users in the semantic
confusion. The second challenge is how to eﬃciently construct the evolutionary
structure. The results of the methods based on classical data mining are not
always intuitive enough since they pay little attention to the topology of the
topics. Recent works [7, 8] attempt to clarify that the relations of diﬀerent topics can be modeled into the structure of the hierarchy, namely topic hierarchy.
This type of hierarchical structure sketches the topic evolutionary patterns both
horizontally and vertically, resulting in a more succinct presentation compared
with a welter of topic threads as in [6].
In this paper, in order to eﬀectively overcome the challenges described above,
we design a coherent topic hierarchy (CTH) to improve the coherence of topics
as well as the presentation of evolution. First, the biterm topic model (BTM) [9]
is incorporated to discover some coherent topics from the microblog feeds at each
time point. Then the simBRT, which is a topic similarity enhanced version of the
basic Bayesian rose tree (BRT) [10], is developed to ﬁgure out the relations of
the topics at diﬀerent time points. Finally, a cross-tree random walk with restart
(CT-RWR) model is established to eﬀectively generate the whole topic hierarchy
along the timeline. Our contributions are listed as follows:
(1) We design a coherent topic hierarchy to cope with the topic evolutionary
analysis. In this hierarchical strategy, both the topic coherence and the relation
structure are carefully considered.
(2) We smooth the basic Bayesian rose tree to better accommodate the realworld topics topology of the microblog feeds. Therefore, the topic similarity is
of great utilization during the tree construction.
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(3) We formulate a CT-RWR model to measure the relations between each
pair of sequential trees, so as to maintain a hierarchical structure along the
timeline.

2

Related Work

Topic Model based Methods: In order to analyze the evolution of topics,
researchers were assiduous to devise probabilistic topic models with temporal
information. Some of the fundamental works include DTM [2], TOT [11], and
OLDA [3]. To further discover some essential evolutionary patterns, the evolutionary hierarchical Dirichlet processes (EvoHDP) [12] was proposed. However,
the EvoHDP requires a cascaded Gibbs sampling scheme to infer the model
parameters, which may prohibit the explicit comprehension. More eﬃcient models, such as TM-LDA [13], focus on formulating the topic transition through
matrix decomposition, while neglecting the interpretation of its topics. All the
topic models above are incoherent topic models, which fail to present meaningful
topics.
Coherent Topic Models: To enhance the interpretation of the topics, coherent
topic models [14] are developed to reﬁne the LDA’s topics in a more meaningful way. Usually, the coherent topic models are linked to the knowledge bases
[15], and the domain information is helpful to improve their semantic coherence.
Coherent topic models are also known as focused topic models, which concentrate on the posterior sparsity of the document-topic and topic-word distributions. Presenting the document-topic and topic-word distributions sparsely, like
the DsparseTM in [16], can suﬃciently enhance the distinctiveness of the topics.
The biterm topic model [9] is also a coherent topic model that is designed to
better ﬁt the short text cases. In this paper, we employ the BTM to extract
some coherent topics.
Topic Hierarchy: Hierarchical structure can vividly reveal the relations
between topics and their traces along timeline [17]. Topic hierarchy is not easily
constructed when encountered with multi-source texts [18]. Recently, Bayesian
rose tree [10] has attracted great attention in text mining [7] due to its high
ﬁtness and smoothness. It can organize the relations of documents or topics into
a multi-branch tree through likelihood maximization. Though the interpretable
characteristics of coherent topic models and the ﬁtness of Bayesian rose tree are
quite appropriate for modeling the topic concepts, previous works still concern
little about their cooperation.

3

Coherent Topic Hierarchy

The main objective of our work is to construct a coherent topic hierarchy along
the timeline for topic evolutionary analysis. Generally, the construction of our
CTH can be divided into three parts:
(1) Coherent topics extraction: Including the coherent topic model BTM and
sparsiﬁcation of topic distributions.
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(2) Topic tree construction: Including the topic topology construction based
on the combination of BRT and topic distribution similarity.
(3) Timeline topic hierarchy construction: Including the construction of the
topic hierarchy along the timeline by our CT-RWR.
The overall procedures of the CTH construction are shown in Figure 1.
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Fig. 1. The whole procedures of the CTH construction

3.1

Coherent Topics Extraction

In our cases, the whole microblog feeds are regarded as a stream S = {D1 , D2 , ...,
Dt , ...}, where Dt = {dt1 , dt2 , ..., dtM } is a feeds collection (feeds batch) at time
point t, dtM is the M th feed in Dt . After text modeling with vector space of
vocabularies, the BTM can be employed to extract the coherent topics.
In BTM, all the feeds in a batch are considered to have K topics, so BTM
ﬁrst extracts K topics from the feeds batch Dt by using the document-level
word co-occurrence patterns, i.e., biterms. These K topics are the topic-word
distributions, denoted as φt , each of which is a multinational distribution over
the vocabulary with Dirichlet prior β. Then for each biterm in the feeds batch,
topics are assigned by collapsed Gibbs sampling [9] to form the topic assignment
sequence of all the feeds. Finally, the feed-topic distribution θt with Dirichlet
prior α can be inferred by counting the proportion of the biterms’ topic assignments indirectly. By performing the BTM, we can derive the feed-topic distribution θt ∈ RM ×K and the topic-word distribution φt ∈ RK×V at time point t,
where M is the number of the feeds and V is the size of the vocabulary.
To further enhance the topic coherence, the sparsity of the topic-word distribution should be ensured. In real-world microblog stream, it is also reasonable
to assume that each topic is only related with a limited number of words, rather
than the whole vocabulary [16]. Hence we deﬁne the sparsity of each topic as
sp (sp  V ), that means each topic only cares about no more than sp words
in this vocabulary. Therefore, we improve the BTM via considering the sparsity
of word distributions of its topics to make it more appropriate in generating
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coherent topics from microblog stream. The procedures of the topics sparsiﬁcation are: 1) For each topic in φt , select the sp most relevant words with the
highest probabilities as its topic descriptive words; 2) sum up the probabilities
over these sp words, denoted as psum ; 3) normalize each of these sp probabilities
with psum , while set the rest irrelevant probabilities as zeroes. We denote these
sparse topic-word distributions as ςt , namely, the coherent topics.
3.2

Topic Tree Construction

In this section, we organize the coherent topics at each time point to a topic
tree. As the merge or split patterns of topics in real-world applications are not
always one-on-two, so the traditional topic hierarchy based on binary tree may
fail to ﬁgure out the intrinsic topology. To overcome this problem, we take the
advantage of the Bayesian rose tree [10], a kind of multi-branch tree which allows
one-to-many relations between topics. To further reveal the real topic topology,
we take the topic similarity into account. We name our tree as simBRT.
Basic BRT. Usually, the BRT is constructed in a greedy aggregation. For a
t
} are its leaves,
BRT at time point t, all the coherent topics ςt = {z1t , z2t , ..., zK
the main problem is how to organize them into a multi-branch tree to better ﬁt
the text data. At ﬁrst, each topic zit is regarded as an individual tree on its own,
namely, Tit = {zit }. Then in each iteration, two trees are selected to greedily
consist a new tree Tm by one of the three following basic operations:
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Fig. 2. Three basic operations of BRT Fig. 3. Two types of cross-tree transition
patterns: BBA (Case 1) and BAA (Case 2)
t
(1) Join: Tm
= {Tit , Tjt }, so Tm has two branches.
t
= {ch(Tit ), Tjt }, so Tm has |Tit | + 1 branches.
(2) Absorb: Tm
t
(3) Collapse: Tm = {ch(Tit ), ch(Tjt )}, so Tm has |Tit | + |Tjt | branches.

Here ch(·) denotes the children set of a tree. The join is the traditional operation as in binary tree, while the absorb and collapse operations cater to the
multi-branch tree. These three operations are shown in Figure 2. In each iteration, the combining objective is to maximize the following ratio of probability:


t
t
|Tm
) p(ςit |Tit )p(ςjt |Tjt )
(1)
p(ςm
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t
t
t
t
where ςm
= ςit ∪ςjt are the coherent topics under tree structure Tm
, and p(ςm
|Tm
)
t
t
under Tm
. Previous works [7, 10] have addressed
is the likelihood of topics ςm
t
t
|Tm
) can be calculated through a dynamic programming paradigm:
that p(ςm

t
t
t
t f (ς
t )
|Tm
) = πTm
p(ςit |Tit )
(2)
p(ςm
m ) + (1 − πTm
t
t
Ti ∈ch(Tm )

t
t
) is the marginal probability of ςm
, which can be modeled by the
where f (ςm
t
t
t
) is the children set of Tm
, and πTm
is the prior
DCM distribution [7], ch(Tm
t
t
are kept in the same partition, πTm
is
probability that all the topics in Tm
deﬁned as:
nT t −1
m
t = 1 − (1 − γ)
(3)
πTm
t
t = |ch(T
where nTm
m )|, and 0 ≤ γ ≤ 1 is the partition granularity.

simBRT. Eq.1 has provided high ﬁtness to the tree construction, but in our
scenario, the tree nodes are the topic distributions, rather than the document
vectors in previous works. To simultaneously achieve high smoothness, we must
also take the topic similarity into consideration. To this end, we refactor Eq.1
by adding the similarities of the topic distributions into join, absorb, or collapse
operations.
As the topics are the distributions over the vocabularies, so the KullbackLeibler divergence can be used to measure the similarity between every two
topics. For topic zi and zj , their similarity is deﬁned as:
topic sim(zi ||zj ) = 1/((KLD(zi ||zj ) + KLD(zj ||zi ))/2 + 1)
(4)
V
where KLD(zi ||zj ) = k=1 φik log (φik /φjk ) is the KL divergence between these
two topics. To obtain the topic similarity in tree construction, the most important step is to deﬁne the weighted topic distribution in each operation.
t
(1) For the join operation, where the new tree Tm
= {Tit , Tjt }, is combined
t
t
by Ti and Tj . Hence, their weighted topic distribution is deﬁned as:

WT =

avg(ςit )p(ςit |Tit ) + avg(ςjt )p(ςjt |Tjt )
p(ςit |Tit ) + p(ςjt |Tjt )

(5)

t
(2) For the absorb operation, where the new tree Tm
is comprised by Tjt and
t
all the children of Ti . Then the weighted topic distribution is deﬁned as:

avg(ςjt )p(ςjt |Tjt ) + T a∈ch(T t ) avg(ςT a )p(ςT a |T a)
i

(6)
WT =
p(ςjt |Tjt ) + T a∈ch(T t ) p(ςT a |T a)
i

t
(3) For the collapse operation, where the new tree Tm
is comprised by all the
t
t
children of Ti and Tj . So the weighted topic distribution is deﬁned as:


T a∈ch(Tit ) avg(ςT a )p(ςT a |T a) +
T b∈ch(Tjt ) avg(ςT b )p(ςT b |T b)


(7)
WT =
T a∈ch(T t ) p(ςT a |T a) +
T b∈ch(T t ) p(ςT b |T b)
i

j

76

J. Zhu et al.

t
t
Speciﬁcally, the ﬁnal merged topic distribution under Tm
is avg(ςm
). Then
the topic similarity between the weighted topic W T and the ﬁnal merged topic
t
) is added into the primitive objective function in Eq.1. Thus, Eq.1 can
avg(ςm
be rewritten as:


t
t
t
topic sim(W T, avg(ςm
)) · p(ςm
|Tm
)/ p(ςit |Tit )p(ςjt |Tjt )
(8)

Therefore, in our scenario, to construct the most reasonable tree to interpret
the real topology of the topics is equivalent to maximize Eq.8 with join, absorb, or
collapse operation at each step. In this way, we can derive a similarity enhanced
Bayesian rose tree of the coherent topics at time point t.
3.3

Timeline Topic Hierarchy Construction

In Section 3.2, we have structured a tree of all the coherent topics at each time
point. To further analyze the evolution of the topics along the timeline, we need
to bond each pair of sequential trees with topic transition metrics.
Sequential Trees Modeling with CT-RWR. A traditional way of measuring
the relations of topics from two sequential time points is to directly compute
the KL divergence of each pair of topics, as in [5]. However, in this case, the
tree structure of the topics is neglected. In order to make full use of the tree
structure, we not only take the KL divergence, but also take the likelihood of the
First Common Ancestor (lFCA) as the similarity metrics.
For two sequential simBRTs at time t − 1 and t, we model the topic evolution
based on the restart version of random walk (RWR) [19]. As our RWR model is
settled between two sequential trees, we name it cross-tree RWR. In traditional
RWR, topic zi evolves to other topics with probabilities pik (k = 1, 2, ...K, i = k),
and evolves to itself with probability pii . Usually, the evolution yields to a steady
state after several times of walking. Here, for all the topics in ς t−1 and all the
topics in ς t , we have two types of similarities: inner-tree similarity and crosstree similarity. The inner-tree similarity within either ς t−1 or ς t is deﬁned by
the lFCA of each pair of topics:
Wijt−1 = lF CA(ςit−1 , ςjt−1 ), Wijt = lF CA(ςit , ςjt )

(9)

For the cross-tree similarity between ς t−1 and ς t , we resort to KL divergence1 :
Wij∗ = topic sim(ςit−1 , ςjt )

(10)

Then the transition probability matrices are as follows:
Pt−1 = (Dt−1 )−1 Wt−1 , Pt = (Dt )−1 Wt , P∗ = (D∗ )−1 W∗

(11)

where Dt−1 , Dt and D∗ are the degree matrices respectively. According to the
RWR model, the inner-tree state probability matrices Rt−1 and Rt can be formulated by the iterative ways as in [19]. Consequently, both of these two state
1

Attention that the vocabularies of the topic distributions in t − 1 and t are diﬀerent.

Coherent Topic Hierarchy

77

probability matrices will converge after several steps. The converged matrices
can be calculated as:
Rt−1 = (1 − μ)(I − μPt−1 )−1 , Rt = (1 − η)(I − ηPt )−1

(12)

where μ and η are prior probabilities that the topic will not evolve to itself.
Cross-tree Relations Organization. Note that the key in our timeline topic
hierarchy construction is the cross-tree transition probability matrix P∗ , which
seems not so easy to be deduced (like Eq.11) because of its dynamic characteristic. In our cases, the inner-tree transition probability matrices Pt−1 and Pt are
stable, as we have constructed the simBRT to reveal their intrinsic relations. As
for the cross-tree transition probability matrix P∗ , its stability is not guaranteed. For the topic ςit−1 in time point t − 1 and the topic ςjt in time point t, their
transition may be inﬂuenced not only by the similarity of this pair of topics, but
also some other topics that are implicitly related to ςit−1 or ςjt .
Overall, the P∗ in CT-RWR model is quite complicated due to the various
cross-tree transition patterns. After taking into full account of the transition
rules, we focus on two types of cross-tree transition patterns: Before->Before>After (BBA) and Before->After->After (BAA), as shown in Figure 3. Then
the stable transition probability, denoted as SP∗ , can be calculated as:
SP∗ = δRt−1 P∗ + (1 − δ)P∗ Rt

(13)

where δ is the prior probability of the transition pattern BBA. Rt−1 P∗ involves
all the relations that come from the topics in time point t − 1, while P∗ Rt
involves all the relations that come from the topics in time point t.
The matrix SP∗ reﬂects the stable transition probability (i.e., the intrinsic
relevance) of the topics between two sequential batches both in topic-word distributions and tree structures. Additionally, we give out two thresholds ω and ε
to burn out the weak relations. The relations are selected by two rules: 1) All
the relations with strength above ω will be reserved, while all the relations with
strength below ε will be discarded. 2) In other cases, for each topic in ς t , only
the topic with the highest strength from ς t−1 will be related.
By implementing CT-RWR to all the pair of sequential simBRTs, we ﬁnally
capture the whole topic hierarchy along the timeline.

4

Experiments

To evaluate the eﬀectiveness of our CTH, we carry out our experiments on both
Sina Weibo feeds and Twitter feeds. The Sina Weibo feeds are gathered by our
web crawler2 when given the search keywords, e.g., “Two Sessions”, “MH 370 ”.
We set 65 keywords, each of which represents a global topic. The dataset spans
from Jan. 1 to Sep. 15 in 2014, with totally about 6.6 million feeds labelled
2

http://sc.whu.edu.cn/
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by these 65 keywords. All the data is divided into 257 batches, each of which
contains all the feeds produced in one day. The Twitter feeds dataset is provided
by [8], including 12 global topics and approximately 3 million feeds from Oct. 1,
2012 to Jan. 4, 2014. The Twitter feeds are divided into 231 batches, two days
per batch.
Preprocessing work involves feeds batch ﬁltering, word segmentation, stop
words removal, vector space modeling, etc. Here we use Jieba3 for Chinese word
segmentation. All the algorithms are implemented in Python except the BTM4 .
4.1

Evaluation of Topic Coherence

To evaluate the coherence of topics is diﬃcult since there is no such thing as
standard “coherence”. In [16], the point-wise mutual information (PMI) has been
adopted as a metric to measure the semantic coherence of topics. Therefore,
we also take the PMI as the major criterion. Here, we compute the PMI of
the topics extracted by the sparse BTM (in our CTH) against the LDA (as a
baseline) in both the Sina Weibo and Twitter dataset. Additionally, the topicword distribution sparsity sp is set to 5. The results are shown in Figure 4.

(a) PMI in Sina Weibo.

(b) PMI in Twitter.

(c) NMI/CNE.

(d) NMI.

(e) Number of Clusters.

(f) Relation Distribution.

Fig. 4. Evaluation Results

From Figure 4(a) and Figure 4(b), we can see that the PMI scores of the
BTM are higher than the LDA in both datasets, indicating the better coherence
of the topics produced by the BTM. Meanwhile, the PMI scores of the Sina
Weibo topics are expressly higher than those of the Twitter topics. This is partly
3
4

https://github.com/fxsjy/jieba
https://github.com/xiaohuiyan/BTM
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because that the Twitter feeds contains more noisy words or phrases and the
word feature space of their topics is larger than that of the Sina Weibo topics.
Compared with the smaller word feature space, the larger one is usually not so
workable to reveal topics with semantic coherence.
4.2

Evaluation of simBRT

To directly evaluate the eﬀectiveness of our simBRT is also an open ended question. However, the tree structure somehow reﬂects a clustering result of the
topics. Hence we conduct our experiments on the normalized mutual information (NMI) and cluster number error (CNE) as used in [7]. The NMI reveals the
similarity of topics within the same cluster, while the CNE measures the deviation of the cluster number between the simBRT and the ground-truth. A higher
NMI and a lower CNE indicate a better performance, so we use the NMI/CNE
to present the soundness of our simBRT. The results of 10 sequential batches (10
trees) from the Sina Weibo dataset are also displayed in Figure 4. We employ the
basic BRT without topic similarity enhancement as a baseline. Here, the topics
number K is set to 20 to provide an over-complete topics set.
Figure 4(c) suggests that in most time points, the NMI/CNE of our simBRT
is higher than that of the BRT. This can be sure that the simBRT integrates the
topic distribution similarity while the basic BRT only depends on the tree structure. Figure 4(d) displays the NMI of each topic tree, where the NMI is highly
consistent with the NMI/CNE. Figure 4(e) describes the number of clusters of
each topic tree. In our scenario, the clusters number is judged by the number of
branches in the second level (root is the ﬁrst level). Also, we can see that the
clusters number of our simBRT is more approximate to the real topology, nearly
half of the total cases is strictly equal to the ground-truth, while the BRT is not
so well-behaved.
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Timeline Topic Hierarchy Presentation

We manipulate each pair of sequential trees with the CT-RWR from Mar. 4, 2014
to Mar. 10, 2014 (totally a week) in Sina Weibo dataset. Here, the topic number
K is set to 10 as to give a more succinct structure. The prior probabilities μ and
η in CT-RWR are all set as 0.8. Besides, we set the prior probability δ of the
cross-tree transition pattern BBA to 0.5, as to share equal probability with BAA.
As for the burning thresholds ω and ε for screening out the weak relations, we
set them as 0.9 and 0.4 (approximate values after normalized by the range of the
relation scores) respectively according to their count distribution, as displayed
in Figure 4(f). The coherent topic hierarchy is shown in Figure 5.
In Figure 5, each simBRT contains ten coherent topics and each pair of
sequential simBRTs is bonded with colorful edges. Note that each color is related
to a certain global topic, e.g., all the green nodes are the coherent topics of the
global topic “Kunming Attack ”. Focusing on the topic tree at Mar. 4, as we can
see, all the light blue nodes are put together, so are the green ones. This means
that the topics linked to the same global topic can be accurately aggregated
together by the simBRT. But this is not always true when the topic tree is too
broad (in Mar. 5). Besides, all the simBRTs during this week contain lots of
branches at the second level. This is partly because that the topic distinctiveness of the BTM is favorable. And this also suggests that the simBRT can still
aggregate the similar topics in such a strictly discriminative environment.
Table 1. Topic keywords evolution of global topics “Two Sessions” and “MH 370 ”
Date
Mar. 4
Mar. 5
Mar. 6
Mar. 7
Mar. 8
Mar. 9
Mar. 10

Two Sessions
CPPCC committee reporter
committee deputy NPC
committee nation Li Keqiang
government work report
nation committee deputy
China committee government
NPC deputy people

MH 370

Kunming MH 370 China
MH 370 Kunming lost
MH 370 Kunming event

According to the whole topic hierarchy, we can explicitly pick out a thread
of a global topic. For example, we can see that during this week, the global topic
“Two Sessions” is popular, thus a complete thread (the light blue thread in
Figure 5) “1-1-4-10-6-10-8” runs through all the timeline. Besides, we can also
grasp the keywords evolution of this topic, for example, the keywords mentioned
in the ﬁrst day of “Two Sessions” are “CPPCC+committee+reporter ”, but in the
next day, the keywords are “committee+deputy+NPC ”, as listed in the middle
column of Table 1 (topic keywords of thread “1-1-4-10-6-10-8”). What’s more,
we can also discover some emergent topics in this topic hierarchy. For example,
in the simBRT at Mar. 8, we can see a red node labelled with “9” that is not
related to a previous node and the red color is the ﬁrst come. In this situation,
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a new global topic occurs. This global topic is the “MH 370 ”. In general, the
coherent topic hierarchy is rather beneﬁcial for evolutionary analysis of topics.

5

Conclusions

In this paper, we present a hierarchical strategy by constructing a timeline coherent topic hierarchy to perform the topic evolutionary analysis on microblog feeds.
In our CTH, the semantic coherence is highly ensured by the sparse BTM, and
the topic relation is soundly enhanced by the topic distribution similarity based
on the Bayesian rose tree. Particularly, the cross-tree relation is well modeled
by the CT-RWR, which creates an eﬃcient and precise hierarchical connection
along timeline. Our experimental results show that the coherence of topics in our
CTH is higher than those of the LDA. Meanwhile, the simBRT outperforms the
basic BRT in topics clustering. Besides, the timeline coherent topic hierarchy is
quite reasonable for topic evolutionary analysis. In the future, we will reﬁne the
CTH to generate more coherent topics and elaborate the CT-RWR to ﬁt for big
data cases, so as to consolidate its scalability in real-world applications.
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Abstract. Age is one of the most important attributes in one user’s
proﬁle. Age detection has many applications like personalized search,
targeted advertisement and recommendation. Current research has
uncovered the relationship between the use of western language and
social identities to some extents. However, the age detection problem
for Chinese users is so far unexplored. Due to the cultural and societal
diﬀerence, some well known features in English may not be applicable
to the Chinese users. For example, while the frequency of capitalized
letter in English has proved to be a good feature, Chinese users do not
have such patterns. Moreover, Chinese has its own characteristics such
as rich emoticons, complex syntax and unique lexicon structures. Hence
age detection for Chinese users is a new big challenge.
In this paper, we present our age detection study on a corpus of
microblogs from 3200 users in Sina Weibo. We construct three types
of Chinese language patterns, including stylistic, lexical, and syntactic
features, and then investigate their eﬀects on age prediction. We ﬁnd a
number of interesting language patterns: (1) there is a signiﬁcant topic
divergence among Chinese people in various age groups, (2) the young
people are open and easy to accept new slangs from the internet or foreign languages, and (3) the young adult people exhibit distinguished
syntactic structures from all other people. Our best result reaches an
accuracy of 88% when classifying users into four age groups.
Keywords: Age detection
Feature combination
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·
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·

Feature selection
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Introduction

In recent years, there is an increasingly research interest in user proﬁling in social
media [4,7–9,11–13,16]. This task is about predicting a user’s demographics from
his/her writing, mainly including gender, age, occupation, education, and political orientation. Among which, gender and age are two natural attributes and
attract the most research attention. Compared to the problem of gender classiﬁcation [1–3,10,14,20], age detection is much more diﬃcult and less examined.
One reason is that it is hard to collect the labeled age data. As the age information is more sensitive and personal, many users tend to hide it in their proﬁle.
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The other reason is the lack of distinct features for age classiﬁcation. In contrast,
there are a bunch of gender features. For example, female users are generally
more emotional than male users, and thus many sentimental words can be used
to as the identiﬁer of gender. Both these result in less studies on detecting age
than on gender. Several pioneering work aims to reveal the relationship between
users’ age and the language use [4,5,11–13,16–19]. However, existing researches
are all based on western languages, i.e., English and Dutch. The age detection
problem for Chinese users is so far unexplored.
Due to the cultural and societal diﬀerence, some well known features in
English may not be applicable to the Chinese users. For example, while the
frequency of capitalized letter in English has proven to be a good feature, Chinese users do not have such patterns. More importantly, Chinese has its own
characteristics such as rich stylistic expressions, complex syntax and unique lexicon structures. There are about 161 western emoticons. In contrast, there are
more than 2900 emoticons commonly used in the main social media in China. In
addition, the document written in Chinese needs word segmentation to perform
lexical analysis. Considering the fact that there are a number of informal use of
language expression, the accuracy of word segmentation will be lowered down
and this may aﬀect the performance of word based model. Finally, the syntax
structure for Chinese is also quite diﬀerent from that for English. Will all these
points lead to new challenges or chances for the age prediction task for Chinese
users? What kind of features is of the most importance to this problem? To
what extent can we identify a person’s age group given his/her records in social
media?
In this paper, we present our study to classify people into age categories.
Since this is the ﬁrst attempt to detecting ages of Chinese users, we have to
build our own labeled data. For this purpose, we collect and annotate a corpus
of microblogs from 3200 users in Sina Weibo, which is one of the biggest social
networking sites in China. We then treat this as a supervised classiﬁcation problem and derive models in three ways: 1) extracting stylistic features including
emoticon, punctuation, and acronym; 2) using lexical based unigram features;
and 3) using syntactic part-of-speech (POS) unigram structures. The word and
POS unigram features are investigated to examine their eﬀectiveness in Chinese
in spirit of a fair comparison with their counterpart in English and Dutch [11–
13,15]. It should be also noted that the stylistic features used in [17], [4], and
[5] are diﬀerent from those used here in that they are treated as tokens as word
unigrams rather than only a total occurence, given the fact that we extract a
large number of novel stylistic features from Chinese microblogs.
The contributions of this paper are as follows:
1. We present a ﬁrst-of-a-kind age detection problem in Chinese social media.
We collect and carefully build an annotated data set. We will publish this
data set later for research use.
2. We construct a set of dictionaries, i.e., the stylistic, lexicon, and syntactic
feature list. Then we systematically study their eﬀects on age detection.
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3. We ﬁnd a signiﬁcant topic divergence among Chinese people in various age
groups. Furthermore, while old people tend to use conventional expressions,
young and young adult people exhibit unique stylistic and syntactic structures, respectively.
Our study will provide new insights into the relationship between Chinese
language and its users among diﬀerent ages. It also has a great number of potential applications such as personalized search, targeted advertisement and recommendation.
The rest of this paper is organized as follows. Section 2 reviews related work.
Section 3 presents the overall framework. Section 4 introduces three types of
features. Section 5 provides experimental results. Section 6 analyzes some agerelated interesting language patterns. Finally, Section 7 concludes the paper.

2

Related Work

With the rise of social media, user proﬁling has received considerable attention
in recent years. There are a number of user identities in one user’s proﬁle like
gender, age, occupation, education, and political orientation. The overall framework for these tasks are all similar. We will review the literature in age detection
in this section, organized by the age group, the feature set, and the classiﬁcation
method.
2.1

Age Group

Age prediction in most of existing studies is approached as a binary or multiclass classiﬁcation problem. Rao et al. classify users into two major demographic
pools, users who are below or above 30 [16]. Rosenthal and McKeown experimented with varying the binary split in order to ﬁnd Pre- and Post-Social media
generations [17]. With the research objective of detecting adults posing as adolescents, Peersman el at. set up the binary classiﬁcation experiment for 16- vs.
16+, 16- vs. 18+, and 16- vs. 25+ [15]. When being posed as a multi-class problem, persons are categorized according to their life stages. Some of them are
related to generations [4,19], i.e., 10s, 20s, 30s, 40s, and higher, or multiple generations [11,13], i.e., 20-, 20-40, and 40+. Others are based on life events (social
age) and physical maturity (biological age). For example, Kabbur et al. use a
biological age: kid (3..12 years), teen (13..17 years), young-adult (18..34 years),
adult (35..49 years) and old (50+ years) [6]. Rosenthal and McKeown also use a
three social age spans [17], namely, 18..22, 28..32, and 38..42 in their experiment.
More recently, researches also start to predict age as a continuous variable and
predicting lifestages [11–13].
In general, there are a number of ways to categorize people into age groups.
Nevertheless, it is still problematic in ﬁnding clear boundaries. We adopt the
three age groups in [17] and add one group for old people, which is close to the
social age distribution in China.

86

2.2

L. Chen et al.

Feature Set

Finding good features has long been a major interest for age detection. The
content based features have been proved to be useful for detecting the age of
users. The widely used ones are social-lingusitic features [12,16], character ngram [15,19], word n-gram [11–13,15,17,19], pos n-gram [12], function words [5],
and various stylistic features such as the number of punctuation and exclamation marks, slang words, or sentence length [4,5,17]. Besides the above features
extracted from the texts, other features may also be used depending on whether
their data sources contain such information. For example, the webpage structure
is employed in [6], and the network structure and communication behavior are
used in [16,17].
While most of the studies are interested in comparing the eﬀects of individual
feature set, a few works pay attention to the combination of features [17]. We
also note that feature selection is less examined in author proﬁling unlike that
in text classiﬁcation. The reason can be due to that the removal of common
features may incur information loss in stylistic features. One exception is that
in [15] which used χ2 to do feature selection. Their results show that the best
performance is achieved by using the largest informative feature set.
We extract the stylistic, lexical and syntactic features from Sina weibo, which
are speciﬁc to Chinese language. We do not use structure and behavior features
since we ﬁnd they perform very poor in our preliminary experiment. Besides, we
do feature selection and feature combination to evaluate their impacts.
2.3

Classiﬁcation Method

A number of machine learning approaches have been explored to solve the age
grading problem, including support vector machine (SVM) [15,16], Naı̈ve Bayes
[4], logistic regression [11,17]. When age is treated as a continuous variable,
linear regression is adopted to train the model [1,11,12]. There are also a few
literatures that study to combining the classiﬁer built from diﬀerent feature sets.
Gressel et al. used a random forest classiﬁer to ensemble learning approaches [5].
Rao et al. employed a stacked model to do simple classiﬁer stacking [16].
The classiﬁcation model is not the focus of this research. In our study, we
choose to use SVM as our classiﬁer.

3

Overall Framework

We follow a supervised learning framework for age detection. We look at four
age groups containing a 5-year gap, i.e., young (18..22), young adult(28..32),
adult(38..42), old(48..52). Each group is a category or class. A model is trained
using features that are extracted from the contents of training users with annotated age spans, and then the model is used to predict the age group of test
users. The overall framework is shown in Figure 1.
Since we are the ﬁrst one studying this problem, there is no available data
for this use. It takes us great eﬀorts in building the corpus. Our data set consists
of weibo downloaded from Sina, which is the largest social media in China. We
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Fig. 1. The overall framework for age detection

use weibo as our testbed since the website provides the users the opportunity to
post their age on their proﬁle. We take advantage of this feature by downloading
weibo where the user chooses to make this metadata publicly available. We
downloaded 319,542 weibos containing age. However, the raw data is extremely
imbalanced and contains a large number of noises. The dominant weibo users are
those born between 1980 and 1990. There are more than 240,000 people in this
span and less than 2,000 people aged over 50-year-old. So we randomly sample
1000 users for each group. We then place the following restrictions to pre-process
the corpus:
1. The age in the proﬁle should be valid (in an interval of [10,80]).
2. The account should represent an actual person, e.g. not an organization.
3. The account should have followers less than 1,000 to ensure that he/she is
not a celebrity.
4. The account should have suﬃcient weibos (at least 10).
After the above ﬁltering and pre-processing procedure, we then employ two
students to manually check on a sample set of 300 proﬁles. The age labels are
found to be correct for over 95% of them. Finally, we construct a corpus with
3200 users in 4 age classes, each having 800 users. Note that one user’s weibos
are merged into one document and then it is treated as an instance in each class.

4

Features

We extracted three types of features from users’ weibos. They are treated as
pseudo-words and their frequencies are counted to form various feature vectors
for one user in terms of tf.idf values.
4.1

Stylistic Features

The stylistic features are extracted from the weibo. We use three types of stylistic
features including emoticon, punctuation, and non-Chinese characters.
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Chinese users are very active in using emoticons. To meet the requirements
of users, many IMEs (Input Method Editor) and social networking tools have
created their own emoticon set. We integrate the emoticons from Sina and several
popular IMEs like Sogo and build our emoticon dictionary, which contains 2919
emoticons. The punctuations are extracted by the same way. There are 227
punctuations in total. The acronym list consists of English characters and digits.
It includes English words such as “good”, “you”, “love”, internet slangs such as
“hoho”, “MM”, and abbreviations such as “OMG”, “CEO”. The feature set size
for acronym is 29289.
The usage of stylistic features are diﬀerent from those in previous studies in
that we use them as tokens as word unigrams rather than the total number of
occurrences.
4.2

Lexical Features

We represent each user’s tweets by a vector of word frequencies. We use the
ICTCLAS tool1 to segment each tweet into words. The vocabulary size for word
unigram in our experiment is 158910. We do not remove stop word as in text
categorization. This is because some of the stop words are actually discriminative.
4.3

Syntactic Features

Since the ICTCLAS software also outputs the POS tags for each word, we then
use these tags as syntactic features. Figure 2 shows the syntactic structures of
two sample sentences. One is correct, and the other is wrongly segmented.

Fig. 2. Syntactic structure of two sample sentences

After segmentation, each word has a POS tag. For example, “father” is tagged
as a “n” standing for “noun”, and “always” to be a “d ” for “adverb”. The total
number of syntactic features is 94.

1

http://ictclas.nlpir.org/
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Feature Selection and Combination

We use the χ2 statistic as a metric to select features [21]. The χ2 statistic can
be used to measure the lack of independence of a token t and a class label c.
N ∗(AD−CB)2
It is deﬁned as: χ(t, c) = (A+B)(A+C)(B+D)(C+D)
, where N is the total number
of documents (users in our case), A is the number of times t and c co-occur, B
is the number of times t occurs without c, C is the number of times c occurs
without t, and D is the the number of times neither t nor c occurs.
We also do feature combinations by 1) merging diﬀerent types of features
into one long vector, and 2) ensembling the classiﬁers built from diﬀerent types
of features.

5

Experimental Evaluation

In this section, we evaluate the proposed approach. We ﬁrst introduce the experiment setup, and then present the results using diﬀerent settings.
5.1

Experiment Setup

All our experiments use the SV M multiclass classiﬁer2 with default parameter
settings. The data are randomly split into two parts: 80% for training and the
rest 20% for test. The results are averaged over the 5-fold cross validations. We
report the classiﬁcation accuracy as the evaluation metric.
5.2

Experimental Results

Below we will show our experimental results.
Eﬀects of Feature Selection
In order to compare the eﬀects of feature selection, we compute the χ2 value
for all features in each class of training data, and then sort the features in the
descending order of their χ2 statistic. For training and test data, we only keep
features ranked high of the χ2 list and discard those in the tail. In Figure 3,
we show the eﬀects of feature selection with a decreasing ratio of features kept.
Note that a 100% setting means using all the original features, i.e., no feature
selection is done.
We have the following observations from Figure 3.
– Feature selection has very positive eﬀects on age detection for Chinese users.
It can greatly improve the accuracy for all kinds of features. The accuracy
increases very fast when removing the most ambiguous features and then
goes steady. This ﬁnding is new and contradicts to those in existing study
in Western language [15]. In the following, we will use 50% as our default
setting.
2

http://www.cs.cornell.edu/People/tj/svm light/svm multiclass.html
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Fig. 3. The eﬀects of feature selection

– The lexical features perform the best among all features, whether or not
applying the feature selection procedure. The performances for punctuation
and emoticon are generally in the middle. The accuracy for POS ﬂuctuates
when the ratio changes. At the start point, its performance is the worst.
However, it increases very fast and ﬁnally outperforms all others kinds of
features except the word unigram.
Eﬀects of Feature Combinations
The eﬀects of feature combinations are shown in Table 1. For easy comparison,
we also show the accuracy for single feature on the right side.
Table 1. Eﬀects of feature combination
Combined Features
Acc(longvec) Acc(ensemble) Single Feature
Emotion Punt Acronym
65.49
65.56
Acronym
Emotion Punt Acronym Word
86.81
85.19
Punt
Emotion Punt Acronym POS
68.66
68.31
Emoticon
Word POS
88.72
88.47
POS
ALL
87.12
85.44
Word

Acc
63.31
61.34
54.47
64.53
88.50

From Table 1, we can see that:
– Merging features into a long vector is a bit better than ensembling the outputs of classiﬁers from diﬀerent features. In the following, we will use feature
mergence as the default setting for feature combination.
– While other features beneﬁt from the mergence or ensemble, the accuracy
for word unigram is lower down when it is combined with stylisitic features.
Even if the combination of word and POS improves the performance a little,
the accuracy for all features is lower down when stylistic features join. This
indicates that the complicated stylistic structure is not good itself for the
combination process.
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Eﬀects of the Size of Training Data
We evaluate the eﬀects of number of training data. Figure 4 shows the results.
100

Accuracy(%)

90
POS
Word
Style
All

80
70
60
50
0
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200

300
400
the number of training examples
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600
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Fig. 4. The eﬀects of training set size

In Fig. 4, we see that the accuracy for word and all features are less sensitive
to the number of training examples as the stylistic (style) and syntactic (POS)
features do, showing that the training set size has fewer impacts on the features
whose dictionary is large. We also notice that most of the classiﬁers get the best
result when using about 160 training examples. This can be due to the fact that
the labeled set contains more noises when more users are added.
One Age Group vs. the Other Group
In Table 2, we shows the results for binary classiﬁcation, i.e., using two age spans
as two classes.
Table 2. Results for binary classiﬁcation
C1 vs. C2 C1 vs. C3 C1 vs. C4 C2 vs. C3 C2 vs. C4 C3 vs. C4
POS
Punt
Emoticon
Acronym
Word

50.13
64.00
54.63
72.44
64.94

65.50
74.44
56.38
80.06
81.19

61.44
72.25
68.00
82.50
88.13

64.63
65.94
54.38
62.38
69.69

67.25
72.06
65.00
70.81
75.06

49.94
50.69
60.81
56.38
50.56

In general, C1(18..22) VS. C4(48..52) get the best result. This is easy to
understand because they have the biggest age diﬀerence. However, the highest
accuracy for POS is achieved on C2(28..32) VS. C4(48..52).This is consistent
with our observation that the young adults show speciﬁc syntactic patterns,
as we will will show in Fig. 7. In addition, the accuracy for C3(18..22) VS.
C4(28..32) is the worst, showing that the adults and old people share more
common language patterns than others do.
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Age Related Language Patterns

In this section we analyze some interesting language patterns.
6.1

Lexical Patterns

We ﬁnd signiﬁcant topic divergence among the four age groups in spite of the
segmentation errors. Figure 5 shows the top 10 discrimitive word unigrams for
each group. From the table, we have the following important notes:
1. The young people seem to be polarized. On one hand, they are interested
in those close to their life such as “service” or “experience”. On the other
hand, the political aﬀairs are still their major topics. For example, “China”
and “people” appear as two of the top 10 words in this class.
2. The young adults focus mainly on their daily life. The top three words are
about their work status, and none of the top 10 words is related with public
aﬀairs. The reason may be that the folks in this age just start to work and
many of them are going to get or already got married. They do not have
enough spare time.
3. The adult people are the main stream in society. Their interests totally
devote to their career. As can be seen, all the top 10 patterns are on the
business or marketing.
4. The old people pay more attentions on authorities and abstractions. Eight
of ten words are related to the identity which reﬂects one’s social status such
as “civilian”, “cadre”,“chairman”, and “scholar”.

Fig. 5. Top 10 discrimitive word unigrams

6.2

Stylistic Patterns

The most discriminative acronyms for age groups are shown in Table 3. Besides
the topic divergence as in lexical patterns, we ﬁnd that the young people are
active in using foreign or new Internet slangs. For example, “get” usually means
one masters a new skill and “QAQ” stands for a sad expression. Please also note
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Table 3. Discriminative acronyms for age groups
Young Young Adult
get
ing
po
mark
LOL
TM
QAQ
ps
come
pose

Adult
CEO
App
GDP
pptx
HR

Old
bull
it
like
is
on

that “LOL” is a game name in Chinese in most of the cases instead of “laugh out
loudly” in English. Meanwhile, we ﬁnd that other three groups all use acronym
in a regular way.
The emoticon patterns are shown in Figure 6. We do not observe obvious
patterns for old people. This indicates that the old ones are conservative and
tend to use conventional emoticons. In contrast, the young people are willing to
accept new and vivid emoticons such as “doge” and “shy”. Furthermore, while
young people are fond of use emoticons for self-expression, young adults are
more concerned with the others. For example, they use “V5” and “handsome”
to compliment or praise other people.

Fig. 6. Emoticon patterns

Fig. 7. Special syntactic patterns for young adults

6.3

Syntactic Patterns

While the other three groups are similar in using of syntactic structures, we ﬁnd
the young adults show special POS patterns. The most distinctive patterns for
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this group are shown in Figure 7. We notice the top two patterns are exclamation and adjective phrases, and the others are about time and unit. We believe
this corresponds to the special topic for this group. Remember that they are
overwhelmingly related to daily life.

7

Conclusion

In this paper, we investigate the age detection problem for Chinese users. We
construct an annotated corpus using rule based ﬁltering and manual check. We
extract three types of features to represent users, namely, stylistic, lexical, and
syntactic features. We ﬁnd the word unigrams are the most discriminative features in detecting age, and the syntactic and stylistic features are also informative. The improvement of feature selection is evaluated as signiﬁcant on all
types of features, which contradicts to existing study in Western languages. Our
research also discloses a number of interesting language patterns speciﬁc to a
particular age group. The results do provide us important insights in terms of
analyzing the relationship between the Chinese language and their users at various ages.
Our current study focuses on classifying Chinese users into social age group.
In the future, we plan to extend our work by detecting age as a continuous variable and predicting users’ life stages. In addition, as a ﬁrst attempt, we only
explore three basic types of features. The impacts of other features need further
investigation. Finally, our current experiment only involves users’ own information. Our next work will study how the users in social network are aﬀected by
their neighbors.
Acknowledgments. The work described in this paper has been supported in part by
the NSFC projects (61272275, 61232002, 61202036, 61272110, and U1135005), the 111
project(B07037), and SRFDP (20120141120013).
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12. Nguyen, D., Smith, N.A., Rosé, C.P.: Author age prediction from text using linear
regression. In: Proc. of the 5th ACL-HLT Workshop, pp. 115–123 (2011)
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Abstract. Active learning has increasingly become an important
paradigm for classiﬁcation of networked data, where instances are connected with a set of links to form a network. In this paper, we propose a novel batch mode active learning method for networked data
(BMALNeT). Our novel active learning method selects the best subset of instances from the unlabeled set based on the correlation matrix
that we construct from the dedicated informativeness evaluation of each
unlabeled instance. To evaluate the informativeness of each unlabeled
instance accurately, we simultaneously exploit content information and
the network structure to capture the uncertainty and representativeness
of each instance and the disparity between any two instances. Compared
with state-of-the-art methods, our experimental results on three realworld datasets demonstrate the eﬀectiveness of our proposed method.

Keywords: Active learning
Optimal subset
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Introduction

With a large amount of data produced by social services, like Twitter and Sina
Weibo, much eﬀort has been devoted to processing and understanding networked
data. However, obtaining the labels for these data is usually an expensive and
time consuming process [1]. One promising approach of reducing the cost of
labeling is active learning [2]. The task of active learning is to determine which
instances should be selected to query for labels such that a learned classiﬁer
could achieve a good performance with requiring as few labels as possible.
A lot of social network systems have been widely used. These systems enable
us to obtain a huge amount of networked data. The instances of networked data
are connected by links. For example, users in a social network may share friendships. These friendships form a network. In this case, traditional active learning
approaches are not appropriate, because they assumes that data instances are
c Springer International Publishing Switzerland 2015
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independent and identically distributed. Recent research articles [3][4] exploit the
explicit network structure or links in the data instances. They have shown that
selectively querying for labels based on data links can signiﬁcantly improve classiﬁcation performance. According to the strategies of evaluating data instances
to query for labels, existing active learning methods on networked data can be
roughly divided into two categories: individual assessment or single mode based,
and set assessment or batch mode based. The ﬁrst category methods select one
instance at a time to query for its label. The second category methods intend
to select an optimal subset , by levering the inter-correlations to estimate the
utility value of a set of instances. The methods belonging to the ﬁrst category is
ineﬃcient to retrain or update the classiﬁcation model, especially for networked
data, because of information redundancy exists among the selected instances in
diﬀerent iterations. There are a few methods [4][5] that solve the problem in a
batch mode way, but these batch mode methods are in essence in a single mode.
They selected instances with a greedy algorithm, which selects one instance with
the maximum utility value each time, iteratively forms a batch instances. The
greedy selection can be regarded as a local optimum approach.
We expect batch mode methods can eﬀectively select a batch instances to
request labels, such that we can build a good classiﬁcation model as soon as
possible. With this aim in mind, we propose a new active learning framework
for networked data. We utilize the network structure as representativeness criteria inside a graph-based metric—betweenness centrality to measure instance
informativeness. To capture instance correlations, we combine instance content
uncertainty with links representativeness and disparity to form a matrix, where
each element denotes a correlation of instances indexed by its corresponding row
and column. Instead of using a greedy algorithm, we solve the problem in a
global way. We transform this problem to a semi-deﬁned programming (SDP)
problem, which selects a subset of instances out of the entire unlabeled set, such
that the selected subset of instances have the maximum utility value. Compared
to existing methods, the contributions of this paper are threefold:
– Instance selection in a global optimum way. Individuals with the highest
informative do not necessarily form an optimal subset. we select an optimal
subset instances in a global way.
– A new utility measure for evaluating an instance utility value. To consider the
instance correlation, we combine content information and link information
in a heuristic weighted strategy to form an item in the correlation matrix,
coupling with disparity to capture instance level correlations.
– A new general framework for networked data active learning. We present a
novel method by considering multi-instances as a whole to simultaneously
make use of their content information and their link information.
The remainder of the paper is organized as follows. Section 2 reviews the related
work. The preliminaries are introduced in Section 3. The proposed approach is
detailed in Section 4, followed by experiment results in Section 5. In Section 6,
we conclude our paper.
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Related Work

Depending on query strategies, existing active learning methods are generally
divided into three categories. The ﬁrst category is based on uncertainty sampling
[6].The second category is based on query-by-committee (QBC) [7], which selects
the instances that is considered to be the one the committee disagrees the most.
The third category is based on expected error reduction [3], which selects the
instance where the expected classiﬁcation error can be reduced the largest.
Recent researches extend to classify related examples like networked data by
exploiting relational dependencies or link information between data instances,
which have been shown to be eﬀective to improve the classiﬁcation model performance under inter-related conditions [8]. Due to the success of taking the data
instance dependencies (e.g., instance structure, relationship) into consideration,
many graph-based active learning methods have been proposed to address the
problem of classifying networked data [3][4][9][10]. We review such single mode
based approaches ﬁrst, and then batch mode based ones. Macskaasy et al. [3]
employed graph-based metrics to assess the informativeness of data instances
with an empirical risk minimization technique. Fang et al. [11] introduced a
social regularization term in the instance utility measure to capture its network
structure. Xia hu et al. [9] proposed an active learning method for networked
texts in microblogging, which utilizes network metrics and community detection
to take advantage of network information.
These aforementioned methods belong to the single mode based approaches,
which select one instance to query the oracle for its label. There exist several
batch mode methods. Shi et al. [4] proposed a uniﬁed active learning framework
by combining both link and content information. They deﬁned three criteria to
measure the informativeness of a set of data instances.Yang et al. [5] focused on
the setting of using the probabilistic graphical model to model the networked
data. They used a greedy algorithm to select one data instance with the maximum score at a time and chose all the examples one by one. Obviously, this
method essentially is a single mode active selection method.

3
3.1

Preliminaries
Problem Definition

In our batch mode active learning, input data are denoted as a graph G =<
V, E >, where denotes a set of nodes (one node presents one instance in the input
data) including labeled instances VL and unlabeled instancesVU , and E denotes
the edges between nodes. Each node vi ∈ V is described by a feature vector and
a class label yi ∈ Y , i.e., vi =< xi , yi >. xi = [xi1 , xi2, xi3 , ..., xid ] is a vector of
dimensional features, and Y denotes a set of class labels,i.e.,Y = [y1 , y2 , y3 ..., ym ].
Each edge eij ∈ E describes some relationship between two node vi and vj . For
example, in a citation network, the nodes are publications. The features of each
node include words, and the label of a node may be one of the topics of the
papers. The edges denote as the citations.
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Definition 1. Batch M ode Active Learning(BM AL) f or N etworked Data:
Given a set of labeled instances VL ∈ G with VL = {< xi , yi >}m
i=1 , a large
number of unlabeled instances VU , a budget B, our goal is to actively select a
subset of unlabeled instances as a whole at each iteration of active learning, and
query the oracle for their labels under the budget. And this subset is the best for
improving the classiﬁcation model performance. To solve this problem, a general
objective function for selecting instances to request labels is deﬁned as follows.

|VS | ≤ B
(1)
max Q(VS ), |VS | ≤ k,
VS ⊆VU

where k is the size of the selected subset at each iteration, and
the total selected instances.



|VS | denotes

Thus, this problem is an optimization problem. The following task is how to
instantiate the objectives function Q(VS ) and solve it eﬀectively.

4

A New Framework — BMALNeT

In the above formulation, the objective function can be well instantiated in
diﬀerent ways. This deﬁnition of active learning for networked data has been
widely used in the literature [12][4][13]. We now use a correlation matrix M
to formulate the function. It is formulated as a quadratic integer programming
problem as follows:
max X T M X
X

n


Subject to :

i=1,xi ∈X

(2)
xi = k, xi ∈ {0, 1}

where X is an n-dimensional column vector and n is the size of unlabeled set
VU . The constraint k deﬁnes the size of the subset for labeling at each iteration
of active learning. xi = 1 means that the instance xi is selected for labeling and
xi = 0 otherwise. In the following, we elaborate how to build the correlation
matrix and how to actively select an optimal subset respectively.
4.1

Correlation Matrix Construction

To build a correlation matrix M ∈ Rn×n , where n is the number of instances
in the unlabeled set VU , we separate elements in M into two parts. Speciﬁcally,
assuming that Ci,i denotes the utility value of the uncertainty and representativeness of an instance xi , and Ii,j , i = j denotes the disparity between two
instances xi and xj , the correlation matrix M is constructed as follows:

Mi,j =

Ci,j , if i = j
Ii,j , if i ≤ j

(3)
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Note that the utility value of an instance integrates the uncertainty and the
representativeness of an instance and the disparity. The detail explanations are
as follows.
Given the classiﬁcation model θL trained on the labeled set VL , the uncertainty of an instance U (xi ) is deﬁned as the conditional entropy of its label
variable as follows:
U (xi ) = −



P (y|xi , θL )logP (y|xi , θL )

(4)

This uncertainty measure captures the utility value of the candidate instance
with respect to the labeled instances. The larger the conditional entropy, the
larger the uncertainty of an instance has.
As we know, representativeness-based active learning methods choose
instances which can well represent the overall distribution of unlabeled data.
For the networked data, we intend to select representative nodes to capture
topological patterns of the entire network. Many methods have been proposed
to capture particular features of the network topology in social networks. These
methods quantify the network structure with various metrics [14]. In our method,
we use one of the widely used graph-based metric, Betweenness Centrality [15],
to select representative nodes in a network. Betweenness is one of the most
prominent measures of centrality. In a network, a node with a greater betweenness centrality has a more important role between nodes communication. The
betweenness centrality is deﬁned as follows:

CB (vi ) =


vs =vi =vt ∈V

σst (vi )
σst

(5)

where σst is the number of shortest paths between nodes vs and vt in the graph
((s, t) denotes as a path), and σst (vi ) is the number of (s, t)-paths that go
through the node vi . We need to compute all-pairs shortest-paths to measure
the centrality for all nodes. However, we notice that there are eﬃcient ways for
computing this [16].
Given the uncertainty measure and the betweenness centrality measure
deﬁned above, we develop a combination framework to integrate the strengths
of both content information and link information. Speciﬁcally, we combine the
two measures in a general form as follows:
Ci,j = α U + ( 1 − α ) CB

(6)

where 0 ≤ α ≤ 1 is a tradeoﬀ controlling parameter over the two terms .
Diversity discriminates the diﬀerences between instances when taking the
sample redundancy into consideration. We use the disparity[17] between each
pair of instances to capture the diﬀerence between instances such that an optimal subset can contain instances with high disparity and low redundancy. To
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calculate the disparity of each pair of instances, we employ two types of distance
measures, the prediction distance and the feature distance.
The prediction distance intends to compare the prediction dissimilarity of
a classiﬁer on two instances. The purpose is to assess the behavioral diﬀerence
between the pair of instances with respect to the classiﬁer. We estimate the
prediction distance based on their prediction probabilities. Given a classiﬁer θL ,
the estimated class membership distribution of the classiﬁer for an unlabeled
instance is denoted by px = {p(y1 |x, θL ), p(y2 |x, θL ), ..., p(ym |x, θL )}. For a pair
of instances xi and xj , their prediction diﬀerence with respect to this classiﬁer
over all class labels Y = [y1 , y2 , y3 ..., ym ] is denoted by

Pi,j =

m


| p(yl |xi , θL ) − p(yl |xj , θL ) |

(7)

l=1

The feature distance intends to capture the disparity of a pair of instances in
the feature space. Given an instance xi = [xi1 , xi2, xi3 , ..., xid ] , which is also a
vector of d-dimensional features of the node vi , the feature distance between xi
and xj is calculated as follows:

Fi,j


 d

=
(x

iλ

− xjλ )

2

(8)

λ=1

Because the prediction distance and the feature distance represent the diﬀerence between instances xi and xj from diﬀerent perspectives, we simultaneously
the behaviors of two consider instances and their distance in the feature space.
We deﬁne the ﬁnal disparity between xi and xj as the product of the two distances as follows:
Ii,j = Pi,j × Fi,j

(9)

Assuming that each of the prediction distance and the feature distance assesses
the instance distribution from one dimension, the product therefore assesses the
joint distribution from both dimensions and is a better way of assessing the
instance disparity.
4.2

Optimal Instance Subset Selection

In this section, we will discuss our solution of selecting an optimal subset of
instances. This problem of ﬁnding the optimal subset of instances is actually a
standard 0–1 optimization problem, which generally is NP-hard. Our solution is
based on semi-deﬁnite programming. In order to ﬁnd a optimal solution, we ﬁrst
change the original problem to a max-cut with a size k (MC-k) problem [18].
whose objective is to partition an edge-weighted graph containing N vertices into
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two parts, with one of which containing k vertices, such that the total weight
of edges across the cut is maximum. To transform the original problem into the
MC-k problem, we change variable xi as follows:
ti + 1
2
As xi ∈ {0, 1}, ti ∈ {−1, 1}. Replacing xi in (2) using in (10), we have
max
t

xi =

(10)

1
(e + t)T M (e + t)
4

(11)

T

Subject to : (e + t) I(e + t) = 4k; ti ∈ {−1, 1}
where t is an n-dimensional vector with values of either 1 or -1 and e is the
same-sized column vector with all values being 1 . The original cardinality constraint is rewritten as a quadratic form, where I is an identity matrix. To convet
the transformed objective function in (11) and its cardinality constraints into a
quadratic form, we expand the vector t = (t1 , t2 , ..., tn ) into an extended from
t = (t0 , t1 , t2 , ..., tn ) with t0 = 1 and construct a new matrix η ∈ R(n+1)×(n+1)
as follows:
 T
e M e eT M
η=
(12)
Me
M
Also, we can apply the same extension to the cardinality constraints and build
a new constraint matrix τ ∈ R(n+1)×(n+1) as follows:

n eT
τ=
(13)
e 1
As a result, the original instance-selection problem in (2) is transformed into an
MC-k problem as follows:
max tT ηt
t

(14)

Subject to : tT τ t = 4k; ti ∈ {−1, 1} , t0 = 1, ∀I = 0
To solve (14), we let T = t × tT , where T ∈ R(n+1)×(n+1) , so an SDP form
is:
max η • T
t

(15)

Subject to : τ • T = 4k; ti ∈ {−1, 1} , t0 = 1, ∀I = 0
where • reprents the dot product.We integrate the constraints on a binary variable ti . Because ti has only two possible values (1 or -1), together with the constraint t0 = 1 , all the diagonal terms in T are all 1. Accordingly, the constraints
ti ∈ {−1, 1} can be expressed as Diag(T ) = I, where I is an (n + 1)-dimensional
identity matrix. Therefore, the SDP relaxation of (14) is denoted as follows:
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max η • T
t

(16)

Subject to : τ • T = 4k; Diag(T ) = I; T ≥ 0
where T  0 means that the symmetric matrix T is positive semi-deﬁnite. Following the SDP problem formulation deﬁned in (16), we can employ publicly
available open source packages to solve this problem. In our experiments, we use
a semi-deﬁnite programming algorithm [19], which is based on an interior point
method to ﬁnd solutions.The pseudo-code of the framework of our proposed
active learning method is shown in Algorithm 1.
Algorithm 1. BMALNeT : Batch Mode Active Learning for Networked Data
With Optimal Subset Selection
Input: An entire data set V , a budget B , the batch size k
Output: Labeled instance VL with B instances
1: Initialize VL with a small random instances
2: Unlabeled data VU ← V\VL
3: while Labeled instances |VL | ≤ B do
4:
Utilize the labeled instances to train a classiﬁer model
5:
Calculate instance uncertainty U based on Eq.(4)
6:
Calculate betweenness centrality CB based on Eq.(5)
7:
Calculate instance disparity I based on Eq.(9)
8:
Build instance-correlation matrix M
9:
Utilize SDPA to select a subset  with k instances
10:
VL ← VL ∪ Δ; VU ← VU \Δ
11:
Labeled instances ← labeled instances + k;
12: end while

In line 1, we randomly initialize some instances as the labeled dataset, so
the unlabeled data are the remaining ones, as line 2 describes. In line 3 to 12,
BMALNeT proceeds in iterations until the budget B is exhausted. In each iteration, we select the optimal instance subset based on correlation matrix from the
unlabeled data, then update the labeled instances and the unlabeled instances.

5

Experiments

In this section, we empirically evaluate the performance of our proposed active
learning strategy on three datasets, in comparison with the state-of-the-art methods.
5.1

Datasets

In order to validate the performance of our proposed algorithm,we conducted
extensive experiments on are three real-world datasets – Cora,CiteSeer and
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WebKB[20]. In the three datasets, instances are corresponding to documents,
which are represented by a set of features vectors, and the network structure
of each dataset is provided by the citations between diﬀerent documents. The
general statistic description of each dataset is shown in Table 1.
Table 1. General Characteristics of Datasets
Dataset

Cora

CiteSeer

WebKB

 of Instances
 of Links
 of Classes

2708
5429
7

3312
4723
6

877
1608
5

5.2

Experimental Setup

In the experiment, each dataset is divided into an unlabeled set and a testing
set. We use LibSVM [21] to train a SVM based on the labeled set, and use it
to classify the instances in the testing set. In order to evaluate the eﬀectiveness
of our proposed active learning framework, we compare it with following active
learning methods:
Random: this method randomly selects instances from the unlabeled set to
query for labels.
Uncertainty: this method selects the instances with the least prediction margin between the two most probable class labels given by the classiﬁcation model.
ALFNET [12]: this method clusters the nodes of a graph into several groups,
and then randomly samples nodes from each cluster.
ActNeT [9]: this method presents two selection strategies to exploit network
structure to select the most informative instances to query for their labels.
To make fair comparisons, all of the methods actively select k instances
to request their labels in each iteration of the active learning process. Batch
mode active learning methods actively select k instances each time, and single
mode active learning methods gradually select k instances for each iteration. We
perform 10-fold cross-validation to obtain the average classiﬁcation accuracy.
5.3

Experimental Results

We use the average classiﬁcation accuracy as the assessment criteria. There are
two important parameters involved in our experiments: the tradeoﬀ controlling
parameter α in Equation (6) and the batch size k. We ﬁrst set the tradeoﬀ controlling parameter α = 0.5, and the batch size k = 5 for each dataset. Under this
setting, our experimental results are shown in Figure 1. From Figure 1, we can
see that our proposed method—BMALNeT always achieves higher classiﬁcation
accuracy at the fastest rate on all three datasets. It consistently performs the
best on the three datasets, followed by ActNeT. ActNeT consistently performs
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better than ALFNET, and ALFNET consistently performs better than Uncertainty. Random consistently is the worst. Our proposed method performs better
ActNeT and ALFNET, because it takes the redundancy of instances into consideration. However, both ALFNET and ActNeT do not consider the redundancy
among instances. The Uncertainty method performs worse than our method,

0.65

Average Accuracy

Average Accuracy

0.7

0.6
0.55
Random
Uncertainty
ALFNET
ActNeT
BMALNeT

0.5
0.45
0.4
0.35
20

40
60
80
100
120
Number of queried instances

(a) Cora

0.8

0.9

0.7

0.8

0.6
0.5
0.4
0.3

140

0.2

Random
Uncertainty
ALFNET
ActNeT
BMALNeT
50
100
Number of queried instances

150

Average Accuracy

0.75

0.7
0.6
0.5

Random
Uncertainty
ALFNET
ActNeT
BMALNeT

0.4
0.3
0.2
20

40
60
80
100
120
Number of queried instances

(b) CiteSeer

140

(c) WebKB

Fig. 1. Average Accuracy on Three Datasets

ActNeT, and ALFNET, because it does not take advantage of link information.
All these methods are expected better than Random.
A.Results under Diﬀerent Tradeoﬀ Controlling Parameters
As our method has two parameters, we further investigate its performance under
diﬀerent parameter settings. In this section, we set the batch size to a ﬁxed value
k = 5 for each dataset, and vary the tradeoﬀ controlling parameter α from 0.25
to 0.5 to 0.75. The experimental results are shown in Figure 2. From Figure 2, we
can see that our proposed method is slightly impacted by the tradeoﬀ controlling
parameter α . When α = 0.25, our proposed method has the best performance
on the dataset Cora and WebKB. However, it has the best performance on the
dataset CiteSeer when α = 0.75. We attribute this variant to the ratio of the
number of instances to the number of links in a dataset. Notice that α is a tradeoﬀ
controlling parameter between content uncertainty and link information, which
is directly related to the ratio of the number of instances and the number of
links in a dataset. The ratio of the dataset CiteSeer is larger than the ratios of
the dataset Cora and WebKB. That is, its link information has a relative high
utility.
B. Results under Diﬀerent Batch Sizes
In this section, we further investigate the performance of our proposed method
under diﬀerent batch sizes. Again, in our experiment, we set the tradeoﬀ controlling parameter to a ﬁxed value α = 0.5 for each dataset, and vary the batch
size k from 5 to 10 to 15. Our experimental results are shown in Figure 3. From
Figure 3, we can see that the batch size has slightly impacted the performance of
our proposed method. Our proposed method performs slightly better when the
batch size decreases from 15 to 10 to 5 on Cora and WebKB datasets. On the
CiteSeer dataset, our proposed method performs the best when the batch size
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Fig. 2. Average Accuracy under Diﬀerent α on Three Datasets

is set to be 10. We attribute this to the characteristics of each dataset, such as
the number of instances, and the number of links, and the number of features.
However, the impact of the batch size is marginal to our proposed method.
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Fig. 3. Average Accuracy under Diﬀerent Batch Sizes on Three Datasets

6

Conclusion

In this paper, we have proposed a new batch mode active learning method for
networked data levering optimal subset selection. In our novel method, we evaluate the value of each instance based on content uncertainty, link information
and disparity. Based on the value of each instance, a correlation matrix is constructed. Then, we transform the batch mode active learning selection problem
into a semi-deﬁnite programming problem, select a subset of instances with an
optimal utility value. The use of the correlation matrix and the SDP algorithm
ensure that the solution of the subset is global optimal. Our experimental results
on three real-world datasets show that our proposed approach outperforms the
state-of-the-art methods.
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Abstract. Interactive Question Answering (QA) system is capable of
answering users’ questions with managing/understanding the dialogs
between human and computer. With the increasing amount of online
information, it is highly needed to answer users’ concerns on a speciﬁc
domain such as health-related questions. In this paper, we proposed a
general framework for domain-speciﬁc interactive question answering systems which takes advance of domain knowledge bases. First, a semantic
parser is generated to parse users’ questions to the corresponding logical
forms on basis of the knowledge base structure. Second, the logical forms
are translated into query language to further harvest answers from the
knowledge base. Moreover, our framework is featured with automatic
dialog strategy development which relies on manual intervention in traditional interactive QA systems. For evaluation purpose, we applied our
framework to a Chinese interactive QA system development, and used
a health-related knowledge base as domain scenario. It shows promising
results in parsing complex questions and holding long history dialog.

1

Introduction

Question answering is a long-standing problem. Nowadays, with the development
of intelligent devices, many business question answering systems are in great use
in our everyday life. Siri, a widely-used business question answering system, can
handle many types of questions such as “How is the weather like today?” and
“Call [somebody]”. Although these business question answering systems perform
well in such short and single questions, they have the following two major limitations: First, these systems can only deal with simple or pattern-ﬁxed questions.
Once a complex question is raised, they will lead user to a search engine instead
of providing any answers. Second, dialog management has received less attention
in real-world QA systems. They treat input questions as stand-alone ones while
questions are often related to dialogs.
To provide a desirable domain question answering system, we make it working on a wide variety of domain questions and being able to hold the dialog
c Springer International Publishing Switzerland 2015
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history. In this paper, we developed a general framework for question answering
systems which takes only a domain knowledge base as input. For a given domain
knowledge base, a semantic parser is generated from it to parse the user questions to logical forms, and answer candidates are extracted from the knowledge
base by the queries translated from the logical forms. Dialog management, a
key component of the framework, collects all user-computer conversations and
generates dialog strategies for more accurate answer prompt.
Accurate question analysis and smart dialog management are two challenging
technique issues in our framework development. Where, a good question analyzer
is expected to parse entities and their relations from users questions accurately,
And it should have a good capability in extension to handle complex questions
such as those questions with reasoning. A smart dialog manager is expected
to use the conversation contexts for quick identiﬁcation of users concerns when
handling the ambiguous questions.
In summary, we made the following contributions in this study:
– We proposed a novel framework for question answering system with dialog
management
– We developed a method to build a domain-speciﬁc semantic parser from
a domain knowledge base
– We developed a general dialog management method with capability of
managing the logic form of the dialog history
The rest of this paper is organized as follows: Section 2 reviews related work.
Section 3 provides an overview of our proposed framework. Section 4 and Section
5 describe more details on semantic parsing and dialog management in our framework. Section 6 analyzes the performance of a health domain QA system built
in our framework. Section 7 concludes.

2
2.1

Related Work
Semantic Parsing

Semantic parsing targets on parsing natural language questions into logical
forms. There are usually two major levels for a semantic parser. At the lexical level, a semantic parser maps natural language phrases to logical predicates
in knowledge base. In a limited domain, a lexicon can be learned from annotated
corpus [1,2]. At the compositional level, the predicates are combined into a logic
form of the question. Pattern based approaches use dependency pattern [3] or
question pattern generated from paraphrase[4]. Rule-based approaches requires
combination rules which are speciﬁed manually [5,6] or learned from annotated
logical forms [7].
2.2

Dialog Management

The main task of dialog manager is to give the user reasonable responses according to dialog status. Early approaches [8,9] use ﬁnite-state based methods or task
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based methods to manage the dialog. In these approaches, tasks are described
as frames or topic trees which have to be written manually. Latest approaches
[10,11] target on learning the dialog model automatically. In our approach,
we implement general strategies by introducing a history graph and domainindependent inference algorithms and then leave the high-level strategies to the
business logic which will be implemented system-speciﬁc.

3
3.1

Setup
Knowledge Base

The main input of our framework is a knowledge base K = (E, R, C, Δ), in
which E represents the set of entities, R the relations, C the categories and
Δ the knowledge instances which are triples of two entities and the relations
between them. In our approach, we require that every entity in K is typed and
labeled. Figure 1 shows the schema and some sample instances of our knowledge
base.

(a)

(b)

Fig. 1. Sample knowledge base. (a) shows the schema of the the knowledge base and
(b) shows some instances.

3.2

Logical Form

Following the study of [12], we use another graph QGq called question graph
to represent the semantic of a given question q. Every node (or edge) in QGq
represents an entity (or relation) mentioned in q and it must match with an
concept in the underlying knowledge base. QGq also has to meet the type constraints of the ontology: every two nodes n and n in QGq can be connected by
an edge e only if typen /typen satisﬁes the domain/range of r.
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Problem Statement

Given a knowledge base K, our goal is to generate a semantic parser which can
map natural language questions to their logical forms which are semantically
equivalent to them. And within every session, we maintain the dialog history in
our framework. When we ﬁnd that there are missing or ambiguous conditions in
a question, we use the history to complete or disambiguate it before generating
the knowledge base query.
3.4

Framework

The architecture of our framework is shown as Figure 2. A question q in natural
language is fed into the following pipeline:
Firstly, semantic parser maps q to its logical form (i.e., a question graph).
Then in graph injection step, history graph and other constraints from business
logic are injected if the question graph is unsolvable with its conditions. After
that query generation translates the logical form to SPARQL query. Knowledge
base executes the query and returns the answer as an answer graph. Finally,
the answer graph is pushed back into the history graph and all nodes in it are
re-weighted for future injection. Business logic translates the answer graph into
a natural language sentence with some rules. Business logic also executes the
domain speciﬁc rules in dialog management, e.g. asking for more information
when there are too many candidate answers , handling the user’s response after
a system-ask round or providing other constraints for the next round of dialog.

Fig. 2. Framework

4

Semantic Parsing

The main goals of semantic parsing are ﬁnding the best logical form for a natural
language question and generating the knowledge base query. In this approach,
we generate a context-free grammar from the knowledge base (Section 4.1). By
using a context-free grammar, we can parse questions with reasoning which are
incapable for pattern-based methods that are widely used in real-world dialog
systems. With the grammar, we can generate a derivation dq from an input
question q. Then the derivation dq is converted to the question graph QGq then
a SPARQL query which can be executed by knowledge base (Section 4.2). Figure
3 shows an example parsing of a question contains an one-step reasoning.
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Parser Generation

In this section, we discuss the construction of a context-free grammar G from K.
With this grammar, we can generate derivations for questions. Figure 3a shows
the derivation of a question with an one-step reasoning.
Entities and Categories. For each entity e ∈ EK , it generates production
rules {U RIe → l | ∀l ∈ label(e)}. And for each category c ∈ CK , it generates
a set of production rules as {U RIc → U RIe | ∀e : typee = c}. A category
also has labels, which are phrases in natural language that represent an object
in this category. For example, the category Medicine may be represented by
“medicine” or “drug”. So for a category c ∈ CK , {U RIc → l | ∀l ∈ label(c)} is
added to G. In Figure 3a, for example, Type:Disease produces the non-terminal
(Cold)”
character URI:Cold, URI:Cold produces the terminal character “
and Type:Medicine produces its label phrase “ (Medicine)”.
Relations. For a binary relation r ∈ RK , if label of r occurs in the sentence it
combines two part which are adjacent to it and generates a higher-level semantic
category. Table 1 shows all production rules generated for a given relation r.
Table 1. Rules generated for relation r
domain(r) → domain(r) label(r) range(r)
range(r) → domain(r) label(r) range(r)
domain(r) → domain(r) range(r)
Bridging
range(r) → domain(r) range(r)
domain(r) → domain(r) label(r)
range(r) → domain(r) label(r)
Slot
domain(r) → label(r) range(r)
range(r) → label(r) range(r)
Normal

As shown in Table 1, we ﬁrst generate two normal rules for r: Note that
domain(r) and range(r) are both categories in CK . Since we cannot know which
one between domain(r) and range(r) is the semantic subject, so rules for both
domain(r) and range(r) are generated. This strategy will not cause disambiguation in derivation because higher level reduction will accept the right category.
But in a natural language question, there are many cases where predicates are
expressed weakly or implicitly [6]. For example, the relation is omitted in “
(Medicines for hypertension)”. Since it is impossible to extract relations
by phrases in these questions, we add bridging rules of relations to G.
Besides, our framework works as a dialog system so questions may have missing components which are actually implicit references to previous conversation.
For example, in a medical diagnose system, user may input the question “
(What medicine should be taken)?” after he is told that he has a cold.
Relation disease:medication appears in the question but one of its argument
Disease is missing. Slot rules to G to handle these incomplete questions.
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Lexicon Extension. In grammar G, we use labels of concepts to map natural
language phrases to knowledge base concepts. To avoid ambiguity, we only use
entities’ labels and aliases in knowledge base. But to cover various utterances,
we extend the lexicon of relations by alignment of a large text corpus to the
knowledge base. Intuitively, a phrase and a relation align if they share many of
the same entity arguments.
We use 25 million questions from Baidu Zhidao1 and replace the name phrases
in questions by simple string matching with knowledge base entities. For those
questions which have exactly 2 entities in it, we add the entity pair to the
context set of the text between them. For example, the sentence is “
(Cold use aspirin)”, (Cold, Aspirin) is added to Context(“ (use)”). The
context of a relation r is deﬁned by the triples in knowledge base, Context(r) =
{(s, o)|(s, r, o) ∈ K}. Then we calculate the overlap between the contexts of
phrases and relations. The phrase p is added to the label set of relation r if
|Context(p) ∩ Context(r)| > δ, where δ is a manual-speciﬁed threshold.

(a) The derivation

(b) The question graph

(c) The SPARQL query
Fig. 3. An example parse result of the question “
medicines for cold)”

4.2

(The price of the

Question Graph and SPARQL Construction

We apply our parser on a question and the derivation which has the most coverage on question words is selected as the best derivation. With this derivation,
1

http://zhidao.baidu.com, a Chinese question answering community
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a question graph that represents the semantic of the question can be generated. Speciﬁclly, we make a bottom-up traverse on the derivation to generate
the question graph.
For an entity e and its rule U RIe → label(e), a graph containing one blank
node with a label is created. And for the category rule U RIc → U RIe , a type
property is added to the blank node in graph. Until now there is only one node
in each graph, so the subject node of the graph is the blank node itself. A
subject node is the semantical center of the graph, it will be connected with
other graphs in future.
A relation rule combines two sub-trees in derivation. When a rule generated
from relation r is applied, we connect the graphs generated by the sub-trees with
the relation r on their subject nodes. A slot rule have only one sub-tree, so we
will generate a blank node which marked as “slot” to the omitted side of the
relation. The subject node of the new graph will be chosen from two old ones
whose type matches the left-hand side of the rule.
When we get to the root of the derivation, we get a connected question graph
which is semantically equivalent to the question. Figure 3b shows the question
graph generated from the derivation shown in Figure 3a.
The question graph must be converted to a SPARQL query to be executed.
In ﬁnal step, every edge in question graph and two nodes it connects will be
mapped to one triple condition in the SPARQL query. Blank nodes are mapped
to variables while nodes with URIs are added as is. Figure 3c shows the SPARQL
query generated from the question graph shown in Figure 3b.

5

Dialog Management

In a dialog system, users’ questions are related to the contexts, so a major
challenge of dialog system is to infer implicit references in questions.
In this paper, we use a inference method based on the history graph. Since the
history graph is built totally from question graphs and answer graphs, the inference algorithms are domain-independent. This framework can be used directly
in any domain without extra eﬀorts on transferring.
5.1

Answer Graph

The results returned by knowledge base contains all possible solutions in which
the variables are solved to entities in knowledge base. Since variables in SPARQL
query are generated from blank node in question graph, we replace every blank
node in the question graph with its corresponding solution to generate a new
graph we call answer graph. Note that there might be more than one group
of solution for a query. One answer graph will be generated for each group of
solution.
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History Graph and Push Back

History graph maintains the history of the dialog. Every answer graph will be
merged into history graph, and we call this procedure push back.
Timeliness is important in the history, latest contexts are likely to be referenced while far contexts should be forgotten. In history graph, we add an extra
property weight for every concept (entities and relations). Concepts that are
just mentioned in answer graph will be given the highest weight (e.g. 1) while
the weight of concepts not mentioned will decline by a coeﬃcient. This weight
will be used as the priority in graph injection step.
5.3

Graph Injection

After at least one round of dialog, the history graph gets non-empty and can be
used to infer implicit references or missing conditions in following questions.

(a) Sample Dialog

(b) Graph Injection for Q2

(c) Graph Injection for Q3

Fig. 4. Example of graph injection

For the question graph has only one node b, these questions have no enough
conditions to be solved. If the single node b does not have a label (Q2 in Figure
4a, its question graph shown as 4b), we pick a relation r̃ whose domain (or range)
matches typeb with highest weight. Then we choose an entity ẽ that matches the
range (or domain) of r̃ from the history graph to build a triple in question graph.
In the worst case, there is no available r̃ meets the type requirement, we only
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pick an entity ẽ and traverse all relations in knowledge base K and choose one
relation whose domain and range match typeẽ and typeb (or vice verse). If b has
a label (Q3 in Figure 4a, question graph shown as 4c), user may want to change
a condition. So we pick a relation r̃ whose domain (or range) matches typeb with
highest weight. Then we complete the question graph by adding b to domain
(or range) of r̃ and creating a blank node of range (or domain) of r̃. Now the
question graph have a complete triple as the condition.
For questions with slot nodes (discussed in Section 4.1), we just pick up
an entity which matches the type constraints of the slot node with the highest
weight and replace the slot node in question graph with it.
After graph injection, question graph should be able to generate a solvable query. Note that this graph injection algorithm needs neither hand-written
frames or scripts nor extra knowledge about the task of the system.
System-speciﬁc business logic also work through graph injection. For example
in a health diagnose system, when statements given by patient are not enough,
the system can ask patient for more statements and send the answer of last round
to the dialog manager as candidates. In graph injection step, answer candidates
are injected to question graph as a ﬁlter. This interface is also useful in deal
with user proﬁle since user proﬁle can also be represented as a proﬁle graph and
injected to the question graph.

6

Evaluation

In this section we describe our experimental evaluation. For the semantic parser,
natural language questions sampled from Internet are used as the input. We
measure the precision of our semantic parser by compare the question graphs
generated by the parser with the manually annotated question graph. For the
dialog management, we test the behavior of it by some test cases.
6.1

Datasets and Setup

As the test bed for evaluating our framework, we use a medical domain knowledge
base in which entities are labeled in Chinese. It contains 16155 instances with
1093 diseases, 236 symptoms and 903 medicines.
To evaluate the performance of the semantic parser, we randomly sample 132
natural language questions from Baidu Zhidao. These questions are all about
the categories and relations covered by our knowledge base, including disease,
symptom, medicine, treatment and so on. The equivalent conjunctive SPARQL
queries written manually are used as the golden standard of the semantic parser.
And for the dialog management, we designed some test cases to examine
whether the actions taken by the framework are correct.
6.2

Results and Discussion

Semantic Parsing. Table 2 shows the results of semantic parsing on the test
questions.
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Table 2. The result of semantic parsing on 132 questions
Non-extend
Lexicon Extend

Correct ME UCR WP Out-of-Grammar
48% 28% 12% 4%
8%
56% 28% 4% 4%
8%

In Table 2 we can see 56% (74 questions) are parsed correctly. Note that
lexicon extension for relations signiﬁcantly improves the performance by 8%.
28% (37 questions) are not parsed because the missing entities (ME). Entities
are labeled by their scientiﬁc name in knowledge base while people usually using
the popular names of them. There are also some misspelled names or traditional
chinese medicine, which are totally not contained in our knowledge base.
4% (5 questions) have unrecognized categories or relations (UCR). For example, category Medicine has label “medicine” so it can parse the questions like
(What medicines to take for cold)” but will failure on “
“
(What’s the recipe for cold)”.
4% (5 questions) are wrongly parsed (WP). Those caused by the ambitious
(The
parsing in derivations. For example, “
cure eﬀect to pinkeye by clarithromycin)”, our parser combined the “cure” and
“pinkeye” ﬁrstly and then the “clarithromycin”. These questions are described
in an inverted order. This linguistic phenomenon is not covered by our rules so
a wrong derivation is generated.
8% (11 questions) have structures that are not covered by the grammar (Outof-Grammar). Grammar are generated strictly by the schema of knowledge base.
But people often use implicit reasoning when they think the it is self-evident. For
(What are the medicines for headache)”.
example, user may ask “
Headache is a Type:Symptom and it has no property medication. Type:Disease
should be the bridge between Type:Symptom and Type:Medicine, but is omitted
in the given question. Questions with aggregation functions are also not covered
in our grammar.
Dialog Management. In this section, we will use some test cases to evaluate
our dialog management algorithm.
The ﬁrst case in Figure 5 shows a typical scenario that user’s question contains implicit references to the previous dialog: Q2 asks about medicines in A2;
Q3 has the same question as Q1 but the subject changed; Q4 shares the same
subject with Q3. Note that when Q2 is raised, there are two entities that can
be injected to question graph (“Reserpine” and “Digoxin”). They both have the
highest weight so both of them are injected. When Q4 is raised, there are also two
entities that can be injected to question graph (“hypertension” and “diabetes”).
As “diabetes” is mentioned recently so it has higher weight than “hypertension”
and is chosen to be injected.
Figure 6 shows a case when business logic takes the control. In the diagnose
mode, users give their symptoms and the system tells the possible diseases. When
there are too many results, the business logic will not show a long list but ask
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Fig. 5. Example of inferring implicit references

for further information and save the answer of this round (A1) for the candidate
of next round (Q2). When there are just several answers left (A2), the business
logic will pick up a decidable symptom and give yes-no questions for choosing.

Fig. 6. Example of business logic

7

Conclusions and Future Work

We presented a general framework for domain-speciﬁc question answering systems with dialog management. With this framework, one can generate a domainspeciﬁc dialog system with only a domain knowledge base as input. In the framework, we designed a logical form to represent the semantic of questions and the
history of conversations. And we proposed a method to generate a semantic
parser from the knowledge base and extended it with web corpus. Then we
achieve a general dialog management algorithm about inferring implicit references in questions. Our experiments showed that our framework has good performance in handling complex questions and dealing with multi-round dialog.
For the semantic parsing part, our future work includes (1) adding more
question patterns in our grammar to handle more linguistic phenomenon such
as aggregation; (2) collecting more labels or alias for entities and categories to
increase the coverage of our parser; (3) creating more rules from the knowledge
base to handle variety of questions. For dialog management, we will design more
interface for business logic to implement more complex dialog control strategies
that are useful in business systems.
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Abstract. There is growing evidence that vertex similarity based on
structural context is the basis of many link mining applications in complex networks. As a special case of vertex similarity, role similarity which
measures the similarity between two vertices according to their roles in
a network can facilitate the search for peer vertices. In RoleSim, graph
automorphism is encapsulated into the role similarity measure. As a
real-valued role similarity, RoleSim shows good interpretative power in
experiments. However, RoleSim is not suﬃcient for some applications
since it is very time-consuming and may assign unreasonable similarities
in some cases. In this paper, we present CentSim, a novel role similarity
metric which obeys all axiomatic properties for role similarity. CentSim
can quickly calculate the role similarity between any two vertices by
directly comparing their corresponding centralities. The experimental
results demonstrate that CentSim achieves best performance in terms of
eﬃciency and eﬀectiveness compared with the state-of-the-art.
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are often assigned “social roles”, such as a father, a doctor, or a professor. In the
past, role studies have primarily been the interest of sociologists on oﬄine social
networks [1,17]. Recent studies have found that roles also appear in many other
type of networks, such as biological networks [13], web graphs [14], and technological networks [15]. On the one hand, role discovery is indeed an important task
for general graph mining and exploratory analysis since it is useful in many real
applications [20–22]. On the other hand, measuring role-based similarity between
any two vertices is also a key question in studying the roles in a network system
[7]. One reason is role similarity can help to predict vertex functionality within
their domains. For instance, in a protein-protein interaction network, proteins
with similar roles usually serve similar metabolic functions. Thus, if the function of one protein is known, all other proteins having the similar role would be
predicted to have similar function [5].
Despite its signiﬁcance, the problem of role similarity has received little
attention. From the viewpoint of a network, automorphic vertices have equivalent
surroundings and hence share the same role. In [7], graph automorphism is encapsulated into the role similarity measure: two automorphically equivalent vertices
share the same role and have maximal role similarity. Take the network shown
in Fig. 1a as an example. Clearly, vertices b and c are automorphically equivalent, thus they share the same role and should have the maximal role similarity.
Although vertices d and e are not automorphically equivalent, they have the very
similar surroundings and hence should have higher role similarity. To estimate how
role-similar two vertices are, a real-valued role similarity measure, called RoleSim
[7], was proposed. For vertex-pairs (b, c) and (d, e), RoleSim can successfully assign
their similarities, i.e., RoleSim(b, c) = 1 and RoleSim(d, e) = 0.589. For other
two vertex-pairs (a, b) and (a, e), RoleSim(a, b) < RoleSim(a, e). This result is
acceptable and reasonable.
f
b

d
a

c

g
e
h

(a)

Pair
(b, c)
(d, e)
(a, b)
(a, e)
(a, f)
(a, g)

RoleSim CentSim
1
1
0.589
0.756
0.188
0.419
0.393
0.798
0.325
0.376
0.325
0.395

e1

a
b

c
d

...

RoleSim(a, d) = 0.55
RoleSim(a, e1) = 0.55

em

(b)

Fig. 1. Two example networks. The damping factor of RoleSim is set to be 0.1 and the
initialization of RoleSim is ALL-1 scheme [7]. The Degree, PageRank and Closeness
centralities are used in CentSim, and their weights are equally set to 1.

However, RoleSim assigns the same similarity score to vertex-pairs (a, f ) and
(a, g) in Fig. 1a. That seems to be unreasonable. Furthermore, in Fig. 1b, RoleSim
always thinks that vertex-pairs (a, d) and (a, e1 ) have the same role similarity
regardless of the number of neighbors of vertex c. Although this situation should
not be deemed as a failure of RoleSim, there is clearly room to improve its
accuracy and sensitivity. In addition, the very serious problem in RoleSim is it
is a time-consuming method. Its time complexity is O(kN 2 d ) where k is the
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number of iterations, N is the number of vertices in a network, and d is the
average of (du × dv ) × log(du × dv ) of all vertex-pairs (u, v). du is the degree of
vertex u. In [8], a scalable algorithm for RoleSim, namely IcebergRoleSim, was
presented to speed the computation of RoleSim while the cost is to prune the
vertex-pairs whose similarities are lower than a given threshold.
In this paper, we propose CentSim (centrality-based similarity measure), a
new real-valued role similarity measure to quickly and accurately compute the
role similarity of any vertex-pairs. In CentSim, we employ the centralities of
vertices to calculate their role similarities. When measuring two vertices’ role
similarity, CentSim just compares several of their centralities, while RoleSim
investigates all neighbor-pairs of the two vertices. Thus, CentSim can quickly
calculate any vertex-pairs’ role similarities. Furthermore, CentSim obeys all the
axiomatic role similarity properties [7] and hence is an admissible role similarity
metric. To show the performance of CentSim, we review the network shown in
Fig. 1a. Vertices b, c have the same role and d, e have the very similar surroundings, CentSim can assign reasonable similarities to (b, c) and (d, e), respectively.
That is CentSim(b, c) = 1 and CentSim(d, e) = 0.756. For vertex-pairs (a, f )
and (a, g), CentSim(a, f ) = 0.376 and CentSim(a, g) = 0.395. For the network
shown in Fig. 1b, CentSim always assigns a smaller similarity to (a, d) than that
to (a, e1 ) for any value of m > 1. Compared to the similarities assigned by
RoleSim, these results are more reasonable.
The rest of this paper is organized as follows. Section 2 gives a brief introduction of related work, and Section 3 contains some preliminaries for this work.
In Section 4, we detail the proposed role similarity measure and prove it is
an admissible role similarity metric. Section 5 demonstrates the experimental
results. Finally, the conclusion of this paper is presented in Section 6.

2

Related Work

To date, many link-based similarities have been proposed. Among them, SimRank [6] is a well-known one, which is based on the intuition that two vertices
are similar if they are linked by similar vertices. The computation of SimRank
is iterative. In each iteration, SimRank updates the similarity score between two
diﬀerent vertices according to the average similarity of all their neighbor pairs
in the previous iteration. The idea of SimRank seems to be solid and elegant;
however, it may assign inaccurate or even counter-intuitive similarity scores [12]
as well as undesirably introduces the “zero-similarity” issue [25,26]. With the
help of maximal weighted matching of neighbor pairs, MatchSim [12] overcomes
the counter-intuitive results of SimRank. In order to remedy the “zero-similarity”
issue, SimRank* [25] introduces a new strategy to ﬁnd more paths that are largely
overlooked by SimRank. Similarly, E-Rank [26] deals with the meetings of two vertices that walk along any length paths and also solves the “zero-similar” issue.
PageSim [11] is a quite diﬀerent link-based similarity measure from SimRank.
Motivated by the propagating mechanism of PageRank [19] and simultaneously
employing the PageRank scores as vertices’ features, PageSim propagates PageRank score of each vertex to other vertices via links, and then represents each
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vertex by a feature vector. The PageSim score of one vertex-pair is derived by
comparing their feature vectors.
Role similarity, which measures the similarity of vertices based on their roles,
is a special case in the link-based similarity problem. RoleSim [7], an admissible
role similarity metric, was proposed to evaluate how role-similar two vertices
are. Two main properties make RoleSim a role similarity metric. The ﬁrst is
when updating the similarity between two diﬀerent vertices, RoleSim adopts the
maximal weighted matching between their neighbors. And the second one is the
initialization of RoleSim is admissible.

3

Preliminaries

In this section, we give the necessary background and notations before we discuss
role similarity further.
3.1

Role Similarity Properties

A social network or other complex network is deﬁned as an undirected graph
G(V, E) where V is the vertex set and E represents the edge set. For a given
vertex u in graph G, the set of its neighbors is denoted as N (u) and the degree
of u is the number of its neighbors, denoted as du , du = |N (u)|.
Given a graph G(V, E) and two vertices u, v ∈ V , an automorphism of G is
a permutation σ of V such that (u, v) ∈ E iﬀ (σ(u), σ(v)) ∈ E. If u = σ(v), then
vertices u and v are automorphically equivalent, denoted as u ≡ v.
To theoretically depict the role similarity measure, Jin et al. [7] formulated
a series of axiomatic properties that all role similarity measures should obey.
Definition 1 (Axiomatic Role Similarity Properties). Let G(V, E) be a
graph and s(u, v) be the similarity score between any two vertices u, v ∈ V . Five
axiomatic properties of role similarity are developed as follows:
Range: s(u, v) ∈ [0, 1].
Symmetry: s(u, v) = s(v, u).
Automorphism conﬁrmation: If u ≡ v, s(u, v) = 1.
Transitive similarity: If u ≡ v, x ≡ y, then s(u, x) = s(u, y) = s(v, x) =
s(v, y).
5) Triangle inequality: d(u, x) ≤ d(u, v) + d(v, x), where d(u, v) = 1 − s(u, v).

1)
2)
3)
4)

If s(u, v) obeys the ﬁrst four properties, it is an admissible role similarity
measure. If s(u, v) satisﬁes all ﬁve properties, it is called an admissible role
similarity metric.
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Centrality

Centrality is a general measure of vertex activity in a network and can be
calculated by several metrics. The most popular ones are degree, closeness,
betweenness and eigenvector centrality [18]. These measures determine the relative importance of a vertex within a network, particularly a social network. In
a social network, vertices with larger values of centrality measures are powerful
vertices and occupy the critical positions [4].
The degree centrality represents the local importance of a vertex. Generally,
a vertex with higher degree is inclined to have a greater ability of local inﬂuence
than others, or to be closer to the center of a network. Closeness measures the
reachability of a vertex to other vertices. Formally, it is the average length of all
shortest paths from a given vertex to all others in a network. Higher closeness
value of a vertex indicates more vertices can be reached with shorter paths,
which ﬁts the human intuition of “centrally located.” The betweenness of a
vertex can commonly be interpreted as the frequency that this vertex lies on the
shortest paths between any two vertices. A vertex with high betweenness usually
occupies a critical position which connects two diﬀerent regions and controls the
information ﬂow between diﬀerent communities. Eigenvector centrality measures
the inﬂuence or importance of a vertex. The basic idea of eigenvector centrality
is that the inﬂuence of a vertex is recursively deﬁned by the inﬂuence of its
neighbors. PageRank [19] can be treated as a variant of eigenvector centrality.

4

CentSim: A Novel Role Similarity Metric

In this section, we describe the proposed new role similarity measure, CentSim.
4.1

Definition of CentSim

The basic idea of our similarity measure comes from two aspects. The ﬁrst one
is the role of a vertex is deeply inﬂuenced by its position in a network. And
the second one is centrality is a general measure of how the position of a vertex
is within a network [18]. Thus, centrality can be elected as a favorable tool to
evaluate role similarity. Consequently, in CentSim, we employ vertex’s centralities
to calculate their role similarities. The formal computation of CentSim is given
in Deﬁnition 2.
Definition 2 (CentSim). Given a graph G(V,E) and two vertices u, v ∈ V ,
the CentSim score between u and v is deﬁned as:
l

CentSim(u, v) =

wi θi (u, v)
l
i=1 wi

i=1

(1)

where l is the number of diﬀerent centralities adopted in CentSim. Coeﬃcient
wi > 0 is the weight of centrality ci . θi (u, v) is deﬁned as:
θi (u, v) =

min(ci (u), ci (v))
max(ci (u), ci (v))

where ci (u) is the value of the centrality ci of u. In Equation 2, we deﬁne

(2)
0
0

= 1.
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From Deﬁnition 2, we can see that the core of the computation of CentSim
score is to compare the centrality values of vertices. Suppose the centrality values
of vertices are obtained in advance. Clearly, the CentSim score between any
two vertices can be computed straightforwardly. In our implementation, three
centralities, i.e., PageRank, Degree and Closeness, are employed. In default, we
set the weights of the three centralities equally to 1.
4.2

Admissibility of CentSim

Theorem 1 (Admissibility). CentSim is an admissible role similarity metric.
To prove Theorem 1, we can separately prove that CentSim obeys each of the
ﬁve axiomatic role similarity properties listed in Deﬁnition 1. Trivially, CentSim
holds true for the Range (property 1) and Symmetry (property 2). For the Transitive similarity (property 4), Jin et al. [7] proved that it is implied by the Triangle inequality property. Therefore, in the following, we only need to prove
that CentSim satisﬁes the Automorphism conﬁrmation (property 3) and Triangle inequality (property 5).
Lemma 2. For any two vertices u, v in graph G, if u ≡ v then ci (u) = ci (v).
Actually, two automorphically equivalent vertices are identical with respect
to all graph theoretic properties and hence have the same centrality score on
every possible measure (see chapter 12 in [24]).
Proof of Automorphism Conﬁrmation. Since u ≡ v, in the light of Lemma
min(ci (u),ci (v))
2, we get θi (u, v) = max(c
= ccii(u)
(v) = 1. So that
i (u),ci (v))
CentSim(u, v) =

l

l
wi θi (u, v)
wi
= i=1
= 1.
l
l
i=1 wi
i=1 wi

i=1




Proof of Triangle Inequality. Given any vertices x, y and z in G, we get
d(x, y) + d(y, z) − d(x, z) = 1 + CentSim(x, z) − CentSim(x, y) − CentSim(y, z)
l
l
l
wi θi (x, z)
wi θi (x, y)
wi θi (y, z)
− i=1
− i=1
=1 + i=1
l
l
l
i=1 wi
i=1 wi
i=1 wi
l
wi (1 + θi (x, z) − θi (x, y) − θi (y, z))
= i=1
l
i=1 wi

Let ci (x) = a, ci (z) = b and ci (y) = c, then
1 + θi (x, z) − θi (x, y) − θi (y, z) = 1 +
=

|a − c|
|b − c|
|a − b|
+
−
max(a, c)
max(b, c)
max(a, b)

min(a, b)
min(a, c)
min(b, c)
−
−
max(a, b)
max(a, c)
max(b, c)
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Thus, to prove CentSim satisﬁes triangle inequality, it suﬃces to show that
Inequality 3 holds true.
|a − b|
|a − c|
|b − c|
≤
+
max(a, b)
max(a, c)
max(b, c)

(3)

If a, b and c are positive numbers, the proof of Inequality 3 can be found in
[23]. If one or two or all of a, b and c are 0s, Inequality 3 also holds true, since
we deﬁned that 00 = 1 in Deﬁnition 2. Therefore, CentSim satisﬁes the Triangle
inequality property.


In conclusion, CentSim obeys all the axiomatic role similarity properties. That
is to say, CentSim is an admissible role similarity metric.
4.3

Complexity of CentSim

Suppose the centrality values of vertices are given in advance. Obviously, the
time complexity of CentSim is O(lN 2 )(l  N ) where N is the number of vertices
in graph G and l is the number of centralities used in CentSim. In fact, l is a
constant when CentSim is implemented, thus the time complexity of CentSim
is reduced to O(N 2 ). To obtain the similarity of all vertex-pairs, we need to
compute N (N −1)/2 similarity scores and record lN centrality values. Therefore,
the space complexity of CentSim is O(lN + N 2 ).

5

Experiments

In this section, we experimentally study the performance of CentSim in terms
of eﬃciency and eﬀectiveness. Five baselines are SimRank [6], SimRank* [25],
MatchSim [12], PageSim [11] and RoleSim [7].
5.1

Experimental Setup and Datasets

All experiments are conducted on a machine with AMD Opteron 8347 4 core
CPU and 16GB DDR2 memory. The operating system is Suse Linux Enterprise Server 10 SP2. CentSim and ﬁve baselines are implemented in C++, while
the scores of PageRank, Degree and Closeness centrality are computed by the
NetworkX1 package of Python. In [25], the authors presented an algorithm for
computing SimRank* by means of ﬁne-grained memoization, namely memo-gSR*.
However, in this paper, we only implement the naive algorithm of SimRank*. We
set the damping factors C = 0.8 for both SimRank and SimRank*, and β = 0.1
for RoleSim. The initialization of RoleSim is ALL-1 [7].
For impartial comparison of similarity measures, we utilize four real-world
datasets from varying ﬁelds as benchmarks, which are PGP [16], Yeast [2], Enron
[9] and DBLP2 . The DBLP is a co-author network derived from 7-year publications (2006-2012) in conferences of SIGMOD, VLDB, ICDE, KDD, ICDM, and
1
2

http://networkx.github.io/
http://dblp.uni-trier.de/∼ley/db/

130

L. Li et al.

Table 1. Statistics of the largest connected
components of the four networks. N : number of vertex; M : number of edge; k:
average degree of vertices; kmax : maximal
degree of vertices; d: average shortest distance of all vertex-pairs.
N
M
k
kmax
d

PGP
10680
24316
4.554
205
7.486

Yeast
2224
7049
6.339
66
4.377

Enron
33696
180811
10.732
1383
4.025

DBLP
5890
19845
6.739
157
5.782

Table 2. Running time of all measures
on four benchmarks (unit: second).
PGP Yeast Enron DBLP
SimRank

1939

200 108121

SimRank*

849

57 20395

327

MatchSim

4614

921 273625

2604

PageSim

4395

93 422835

1271

RoleSim

4890 1003 326754

2698

CentSim
Centralities

984

91

5

981

28

486

13

7204

156

SDM. Each network is treated as an undirected unweighted graph and pruned
into its largest connected component. The statistics are listed in Table 1.
5.2

Comparison of Time Performance

This section compares the time performance of CentSim with the ﬁve baselines.
We perform each measure on the four benchmark datasets to compute the similarities of all vertex-pairs and then count the running time. The results of time
are listed in Table 2. From Table 2, we can clearly see that CentSim outperforms
the others on all benchmarks. This achievement of CentSim is due to its straightforward computation of similarity. The last row in Table 2 gives the total time of
computing the scores of PageRank, Degree and Closeness centrality. As shown in
Table 2, even counting the time of computing centralities, CentSim still costs the
least time compared with the baselines. Therefore, our CentSim is more eﬃcient
than the state-of-the-art on assigning the similarity scores for vertex-pairs.
5.3

Comparison of Accuracy Performance

For the time performance, it is easy to evaluate by tracking the total running
time. However, evaluating the performance of accuracy is quite hard, since it is
diﬃcult to identify a benchmark in which the real roles of vertices are identiﬁed
or the role similarities of vertices are known. To delineate roles, two alternatives
are utilized in this work: (1) as in [7], we use K-shell [3] as a proxy; (2) we adopt
the roles of vertices discovered by the method proposed in [27] as ground-truth.
To quantitatively evaluate the performance of accuracy of a role similarity
measure, two criteria are utilized in this paper.
The ﬁrst criterion comes from the following idea. That is, the higher role
similarity score two vertices have, the more likely they are within the same shell
or share the same role. To formulate this idea, we compute the fraction of top
ranked vertex-pairs that are within the same shells or share the same roles.
The accuracy performance evaluated by the fraction based on the two alternatives are shown in Fig. 2 and 3, respectively. Obviously, CentSim achieves the
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(b) Yeast

(c) Enron
(d) DBLP
Fig. 2. Fraction of top ranked vertex-pairs that within the same shells

best performance on accuracy while RoleSim obtains the second best. In Fig. 2,
on both PGP and Yeast, all measures, except SimRank*, do well for the top
0.01% vertex-pairs. However, CentSim markedly outperforms the baselines when
more top-ranked vertex-pairs are considered. On Enron, PageSim unexpectedly
achieves the very bad results, while others do well for the top 0.01% and 0.1%
vertex-pairs. And furthermore, when the range is expanded, CentSim still does
well, while the performance of both SimRank and SimRank* decline signiﬁcantly.
In our viewpoint, two reasons cause the poor accuracy of PageSim on Enron: one
is the variety of vertex’s degree is large, and the other is that the feature propagating mechanism makes PageSim to assign high similarity scores to vertex-pairs
cross-shells. For the top 0.01% vertex-pairs ranked by PageSim, the maximum,
average and variance of the diﬀerence of degree of vertex-pair are 1382, 12.118
and 1375.711, respectively. On DBLP, CentSim, RoleSim, MatchSim and PageSim
do very well for the top 0.01% vertex-pairs; CentSim and RoleSim do well for the
top 0.1% and 1% vertex-pairs. But CentSim shows better performance on accuracy than RoleSim for the top 5% and 10% vertex-pairs. In Fig. 3, the results are
similar to those of Fig. 2. Due to lack of space, the details are omitted. In one
word, experimental results in Fig. 2 and 3 indicate that more similar vertex-pairs
ranked by CentSim are more likely to be within the same roles.
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(a) PGP

(b) Yeast

(c) Enron

(d) DBLP

Fig. 3. Fraction of top ranked vertex-pairs that within the same roles
Table 3. Accuracies of similarity measures measured by auc statistic (groundtruth: K-shell). Each number is obtained
by averaging over 100 independent realizations.
SimRank
SimRank*
MatchSim
PageSim
RoleSim
CentSim

PGP
0.485
0.568
0.527
0.428
0.822
0.823

Yeast
0.448
0.466
0.680
0.374
0.864
0.872

Enron
0.491
0.795
0.635
0.498
0.877
0.933

DBLP
0.551
0.635
0.618
0.489
0.827
0.776

Table 4. Accuracies of similarity measures measured by auc statistic (groundtruth: role [27]). Each number is obtained
by averaging over 100 independent realizations.
SimRank
SimRank*
MatchSim
PageSim
RoleSim
CentSim

PGP
0.494
0.580
0.531
0.444
0.760
0.820

Yeast
0.478
0.491
0.639
0.407
0.755
0.801

Enron
0.500
0.590
0.588
0.499
0.720
0.795

DBLP
0.508
0.608
0.504
0.424
0.627
0.699

The basic opinion of the second criterion is that the role similarity of two vertices within-role (or shell) should be bigger than that of the other vertices crossrole (or shell). So, we group all vertex-pairs into two parts: within-role pairs, P w ,
and cross-role pairs, P c . To quantify the accuracy of similarity measures, we use
the AUC statistic. It can be interpreted as the probability that a randomly chosen within-role pair (a pair in P w ) is given a higher role similarity score than a
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randomly chosen cross-role pair (a pair in P c ). In the implementation, among n
independent comparisons, if there are n cases that the within-role pair has the
higher score, and n cases that the within-role pair and the cross-role pair have
the same score, as in the research of link prediction [10], we deﬁne AUC in Eq. 4.
AU C =

n + 0.5 × n
n

(4)

The accuracy results measured by AUC are shown in Table 3 and 4, respectively. Generally speaking, CentSim can give overall better accuracy than the
baselines. After CentSim, RoleSim performs the next best, while the others,
particularly PageSim and SimRank, perform far worse. These results show that
CentSim has high probability to assign large role similarity scores for vertex-pairs
within-role.
In summary, the above experiments conducted in Section 5.2 and 5.3 demonstrate that CentSim is not only more eﬃcient than the state-of-the-art but also
outperforms them in accuracy. Therefore, we can conclude that the framework
of measuring role similarities of vertices by comparing their centrality scores is
competitive. Consequently, CentSim is competent to the task of role similarity.

6

Conclusion

In this paper, we proposed a novel and qualiﬁed similarity measure, namely
CentSim, to quickly and accurately assign the role similarity between any two
vertices of a network. We observe that the role of a vertex is related to its position
in a network and centrality generally measures the position of a vertex in a
network. Motivated by these two aspects, CentSim computes the role similarity
between two vertices by means of comparing their corresponding centralities.
Importantly, CentSim is an admissible role similarity metric since it obeys all
the axiomatic role similarity properties.
We experimentally evaluate the performance of CentSim in terms of eﬃciency
and eﬀectiveness compared with SimRank, SimRank*, MatchSim, PageSim and
RoleSim on four real-world datasets. The experimental results demonstrate that
CentSim achieved overall best performance on both time and accuracy compared
with the state-of-the-art. Thus, CentSim is a qualiﬁed role similarity metric.
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Abstract. The aim of image search reranking is to rerank the images
obtained by a conventional text-based image search engine to improve
the search precision, diversity and so on. Current image reranking methods are often based on a single modality. However, it is hard to ﬁnd
a general modality which can work well for all kinds of queries. This
paper proposes a multimodal-based supervised learning for image search
reranking. First, for diﬀerent modalities, diﬀerent similarity graphs are
constructed and diﬀerent approaches are utilized to calculate the similarity between images on the graph. Exploiting the similarity graphs and
the initial list, we integrate the multiple modality into query-independent
reranking features, namely PageRank Pseudo Relevance Feedback, Density Feature, Initial Ranking Score Feature, and then fuse them into a
19-dimensional feature vector for each image. After that, the supervised
method is employed to learn the weight of each reranking feature. The
experiments constructed on the MSRA-MM Dataset demonstrate the
improvement in robust and eﬀectiveness of the proposed method.
Keywords: Image search reranking
modal learning

1

·

Supervised reranking

·

Multi-

Introduction

Thanks to the growth of image sharing Web sites, such as Flickr, image retrieval
gains its popularity in our daily lives. General search engines exploit associated
textual information of images, e.g., the titles, surrounding texts and the URL of
the web pages containing the images, to retrieval the images. However, a picture
is worth a thousand words, those textual information lack the discriminative
power to deliver visually search results. Due to the mismatch between images and
their associated textual information, the performance of general search engines is
less than satisfactory. To tackle this problem, image search reranking is proposed
to reorder the images in the initial list returned by text-based search engine to
enhance the performance of search engine.
Though many eﬀorts have been devoted to the research on image reranking,
the performance of reranking methods varies a lot when the methods employ with
diﬀerent queries [1]. One reason is that the visual feature which the model applies
c Springer International Publishing Switzerland 2015
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is not eﬀective for some queries. Therefore, we employ multimodal features which
mean the multiple visual features extracted from images.
Two most popular methods using multimodal features are early fusion and
late fusion [2]. Early fusion directly fuses all multimodal features within a long
feature vector which suﬀers from “ curse of dimensionality ”. For this reason, we
employ late fusion which utilizes multimodal features to develop a set of queryindependent reranking features and integrates them within a short feature vector. Then a supervised method is used to learn the weight of each feature. The
main diﬃculties of our method lie in what reranking features we should develop
and what supervised method we should utilize. In our method, we develop two
diﬀerent features for each modality, namely, PageRank Pseudo Relevance Feedback and Density Feature, and develop Initial Ranking Score Feature for initial
list (presented in Section 3.2) and integrate them into 19-dimensional feature
vector. We employ Rank SVM (presented in Section 3.1) to learn the weight of
each feature.
The main contributions of this paper are described as below:
• We propose a multimodal-based supervised learning for image search reranking.
• To exploit the query-independent features for each modality, we design
PageRank Pseudo Relevance Feedback and Density Feature.
• Each modality has its own character, we introduce diﬀerent strategies for
diﬀerent modality to obtain the similarity between a couple of images.
• We conduct experiments on the MSRA-MM Dataset[3] and the results
demonstrate the improvement in robust and eﬀectiveness of the proposed
method.
The rest of this paper is organized as follows: In Section 2, we review some
related works on image search reranking. In Section 3, we explain the detail
of the proposed multimodal-based supervised learning method. In Section 4,
we illustrate our experimental results conducted on MSRA-MM Dataset. The
conclusion and future work are presented in Section 5.

2

Related Work

The existing image search reranking methods can be divided into two categories:
supervised methods and unsupervised methods.
Supervised methods usually ﬁrst exploit a feature vector. Then they employ
a part of data in dataset for training to learn the weight of each feature while
the rest of data is for testing. Nowadays, there are various training methods.
The most common method that the researchers employed is Rank SVM [4]. The
groundtruth they usually use is the relevance between query and corresponding
images which is annotated by volunteers. After obtaining the weight of each
feature, they test their methods on the rest of data. Finally they rerank the
images in the test data by the predicted score which is obtained by the product
of the weight vector and feature vector. Diﬀerent methods vary mostly in which
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features they use. In [5], the features are exploited from the initial list and
contextual information which are based on the whole image. Yang et al. [6]
argued that it is too rigid to operate on the whole image, by reason that there
may be some noises on the background. Therefore, they proposed a bag-ofobjects-retrieval model which is based on the object extracted from the images.
Unsupervised methods rerank images on the strength of textual and visual
features. In [7] which is merely based on visual features, Jing et al. ﬁrst detect
visual features of images and calculate relevance between images. Then they
construct a similarity graph where they set the images as nodes and the edges
between nodes are weighted by the visual similarity. After that, the random walk
is applied to the graph until the tolerance converges to a very small number.
Through random walk, the nodes spread their visual information to the other
images in the whole network. [8] is based on both textual and visual features.
Tian et al. treat the textual features which are detected by the initial ranking
list as a good baseline to do the image search reranking. With those features,
they construct a model with Bayesian framework.

3

Multimodal-Based Supervised Learning

Before presenting the proposed image reranking method, we give some deﬁnitions.
Definition 1: Reranking optimization is to ﬁnd a new ranking function
which is deﬁned as:
(1)
r = arg min D(r, r)
r

where r is the ideal list which sorts the relevance of images in descending order.
D(·) is the distance between reranking list r and ideal list r. It can be modeled
using Kullback-Leibler divergence (KL divergence) computed by Eq (2):
DKL (r, r) =



P (ri |q, d) ln

i

P (ri |q, d)
P (ri |q, d)

(2)

where ri is the ranking number of i-th image in the reranking list r, q is the
given query, d refers to the image collection returned by search engines.
Substituting (2) into (1), we obtain:
r = arg min DKL (r, r)
r

(3)

Based on the theoretical derivation, we get:
min DKL (r, r)
r

∝ min −
P (ri |q, d) ln P (ri |q, d) + ξq

(4)
(5)

i

∝ max


i

P (ri |q, d) + ξq

(6)
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where ξq is a constant which can be ignored for reranking and P (ri |q, d) can be
modeled using Supervised Model[5]:
r = arg max
r

Z


wj rψj (q, d)

(7)

j=0

where ψ are the functions which can master of the feature extraction processes
and w is the weight for each function. Hence, the solution of reranking optimization Eq (1) can be solved by:
Z

r = sort by
wj ψj (q, d)
(8)
j=0

The performance of Supervised Model varies a lot from query to query. The
reason is that the visual feature the model applies is not eﬀective for some of the
query. Therefore, in our method, we employ multimodal features which mean
the multiple visual features extracted for the images.
Fig. 1 brieﬂy describes the framework of the proposed multimodal-based
supervised learning method. First, we utilize a training model to learn the weight
of each query-independent feature. The training data is submitted to the Feature Generating Model (FGM). When a query is submitted, FGM presents the
query to a search engine which returns a initial list L and a image set D. Then,
we detect six visual features which are detailed in Section 3.2 and calculate
six diﬀerent similarity metrics for each image in D based on each visual feature. For calculating query-independent reranking features (i.e., PPRE, DF), we
construct six diﬀerent similarity graphs which nodes are images. The diﬀerence
between six similarity graphs is the weight of each edge which is measured by the
similarity between images. After that, exploiting the similarity graphs and the
initial list, the query-independent features (i.e., PPRE, DF, IRS) are calculated
in accordance with Eq (10), Eq (11), Eq (14). With the knowledge of features
and the groundtruth, the weight for each feature is learned by Rank SVM which
is recommended in Section 3.1. In practice, after the query committed to the
search engine, a query-independent feature vector is exploited by FGM. With
the product of features and weight, the reranking process is conducted and the
reranking list is returned. More detail of the proposed method for the practical
image search reranking is shown in algorithm 1.
3.1

Rank SVM

Rank SVM [4] turns the ranking problem into a classiﬁcation problem by using
pair-wise classiﬁcation SVM.
minw,ε
s.t.


1
w2 + C
εix,y
2
∀qi , kx  ky R(x; qi ) − R(y; qi ) ≥ 1 − εix,y
∀x, y, i

εix,y ≥ 0

(9)
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Fig. 1. The framework of the proposed Multimodal-based Supervised Learning for
Image Search Reranking

where w is the weight for each feature and C is a trade-oﬀ. kx  ky means image
X is ranked before image Y.
Many approaches can be used to solve Rank SVM, such as SMO (Sequential
Minimal Optimization) [9] and cutting-plane algorithm [10]. In this paper, we
employ the system designed by Thorsten Joachims [11].
3.2

Feature Generation

We employ the visual features presented below. And on this basis, we exploit two
types of features, i.e. , PageRank Pseudo Relevance Feedback(PPRF) and Density Feature(DF). PPRF is extracted by assuming top m images in the PageRank
list are relevant images while lowest-ranked images are irrelevant. The score of
PPRF is calculated based on relevance and irrelevance feedback. DF is extracted
from the density of image calculated by Kernel Density Estimation(KDE) [12].
At last, we employ the initial list to develop a initial score.
Visual Features. Visual features are low-level features used in image search
reranking. A range of visual features can be extracted from the images: color
features, textural features, shape features, spatial relationship features, and the
others. In this paper, we utilize the following visual features:
• Block-wise Color Moment (BCM) BCM is a simple but eﬀective characteristic of color. First, BCM divides the image into n regions. After that
in each region, three color moments (i.e., Mean, Standard Deviation and
Skewness) are computed for per channel. So the dimensions of feature vector
d = n × c × 3 where c is the number of channels. In this paper, we use 225D
Block-wise Color Moment.
• HSV Color Histogram (HCH) HCH is a kind of color histogram on HSV
color space. First, HCH divides HSV color space into n bins. Each bin has
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Algorithm 1. SMRModel(D, L, f )
Input:
D : the image set;
L : the initial list;
f : reranking function;
Output:
rerank list r;
1: extract six visual features(i.e., BCM, HCH, RCH, CC, EDG, WT) recommended
in Section 3.2 for each image in D;
2: calculate six diﬀerent similarity metrics based on each visual feature using the
methods which are described in Section 3.4;
3: construct six diﬀerent graphs(i.e., G1 , G2 , G3 , G4 , G5 , G6 ) on the basis of diﬀerent
similarity metrics which are computed above;
4: calculate query-independent features(i.e., PPRF, DF) recommended in Section 3.2
for each image on diﬀerent graphs;
5: calculate initial ranking score(IRS) recommended in Section 3.2 for each image;
6: integrate the features we have gained into a query-independent reranking feature
vector (PPRE1, . . ., PPRE12, DF1, . . ., DF6, IRS);
7: transfer feature vector to rerank function f (Eq. 8) which weight is learned by
Rank SVM to get the reranking list r;
8: return r;

•
•

•

•

its own wavelength range of the light spectrum. Through merely counting
the number of pixels on the image for each bin, the histogram is obtained.
HCH is a representation of the distribution of colors in a HSV image. In this
paper, we use 64D HSV Color Histogram.
RGB Color Histogram (RCH) The same as HCH, RCH is a kind of
color histogram on RGB color space. RCH can be implemented in exactly
the same way as HCH. In this paper, we use 256D RGB Color Histogram.
Color Correlogram (CC) Diﬀerent from the traditional color histogram,
CC builds the histogram by the distance between diﬀerent colors. The ﬁrst
step of CC is the same as HCH. After that CC choose diﬀerent distance
criterions d1 , d2 · · · dm . Then for each distance and each pair of bins, we
count the number of pairs whose spatial distance between bins is di . So the
dimensions of feature vector d = n × n × m. In this paper, we use 144D Color
Correlogram.
Edge Distribution Histogram (EDH) EDH is the textural feature of
image. First, EDH detects image edge by Sobel operator, Canny operator,
and so on. Based on the image edge we get, the EDH is constructed and
normalized. In this paper, we use 75D Edge Distribution Histogram.
Wavelet Texture (WT) WT is a global texture feature. First, WT needs
to choose a mother wavelet function. Based on this function, at each level, it
decomposes the image into four part. Finally, for each part at each level we
calculate mean and standard deviation of the energy distribution to develop
the feature vector. In this paper, we use 128D Wavelet Texture.
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PageRank Pseudo Relevance Feedback (PPRF). PRF [13] is widely
adopted today to do the image retrieval. PRF assumes top-ranked images in the
initial list are relevant to the query. Then a majority of PRF methods rerank
the images according to the relevance of top ranked images. Due to the very
top-ranked results are not always meeting the users intention, so we design the
PPRF to convert the image reranking into identifying the “authority” nodes in
the similarity graph. First, we employ PageRank [7] to obtain the “authority”
of nodes. By ordering the authority of images, the PageRank list is obtained.
Then we assume top-ranked images in the PageRank list are relevant to the
query while lowest-ranked images are irrelevant. Finally, we use relevance and
irrelevance feedback to compute the rerank score for images. Duplicate voting is
adapted to do the relevance and irrelevance feedback.
m

P P RF (xi ) =

1  dup(xi , xj )
m j=1 lg(r(xj ) + 1)

(10)

where m is the number of images we used to feedback. dup(·) is the duplicate
detection function elected from [14].
Density Feature (DF). Density Feature is based on the density assumption
which means relevant images should have higher density than irrelevant images.
It is conﬁrmed by [1]. KDE is employed to calculate the density of image xi .

1
K(xi − xj )
DF (xi ) =
(11)
|N (xi )|
xj ∈N (xi )

where N (xi ) is the neighbors of image xi . K(·) is the kernel function which is a
positive function that integrates to one. A range of kernels are commonly used:
uniform, normal, triangular, and others. In this paper, the Gaussian kernel is
employed.
Initial Ranking Score Feature (IRS). Initial ranking list is a good baseline
for the “best” ranking list. Though noisy, we should discard the dross and select
the essence as well. However, most of the search engines only provide the ranking
list while the ranking score is unavailable. There are a number of ways to convert
the ranking list into the ranking score which are detailed in Section 3.3. In this
paper, we pick the equation (14) to do the work mentioned above.
3.3

Initial Ranking Score

Initial ranking score si is the ranking score of image Xi in the initial list. The
most direct way to get this score is to use the score returned by text-based
search engines. However, in most cases, this score is hard to obtain and the
search engines just return the initial lists. For these and other reasons, we should
transform ranking number to score. Many alternative strategies are proposed by
[8] [15]:
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• Ranking Number (RN) RN employs the diﬀerence between the number
of total images and the ranking number of the image to obtain the ranking
score si .
i = 1...N
(12)
si = N − ri
where N is the number of total images in the initial list and ri is the ranking
number of i-th image in the initial list.
• Normalized Ranking Number (NRN) Based on RN, NRN uses the
total number N to normalize the RN.
ri
i = 1...N
(13)
si = 1 −
N
• Initial Relevance Estimation (IRE) IRE investigates the relationship
between ranking score si and the ranking number ri with all queries.
si = Eq∈ [rel(q, ri )]

i = 1...N

(14)

where  means all the queries in the dataset. Eq∈ is the expectation on the
query set . rel(q, ri ) is the ground truth of i-th image in the query q which
is labeled to be 0, 1 or 2. A heuristic way to obtain Eq∈ is to average the
relevance score rel(q, ri ) on the query set .
3.4

Image Similarity

In this paper, we should construct a graph G, whose nodes are the images
returned by text-based search engine and edges are established between a couple
of similar images. The similarity between images are calculated by:
• Jensen-Shannon divergence (JSD) JSD is based on the Kullback-Leibler
divergence[16].
DJSD (q, t) =

M
−1

m=0

where

(hq [m] lg

hq [m]
ht [m]
+ ht [m] lg
)
o[m]
o[m]

(15)

hq [m] + ht [m]
o[m] =
2

where hq [m] is the value of m − th bin in the histograms for image q.
• Radial basis function kernel (RBF) The value of RBF merely depends
on the distance from the origin. The norm radial function is usually
Euclidean distance.
xq − xt 2
(16)
)
2σ 2
where xq is the feature vector of image q and σ is the scaling parameter.
• Histogram Intersection Method(HIM) HIM [17] exploits a average similarity of images.
DRBF (q, t) = exp(−

M −1
1 
|hq [m] − ht [m]|
)
(1 −
DHIM (q, t) =
M m=0
max(hq [m], ht [m])

(17)
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As we mentioned before, many policies can be employed to develop the
similarity between images. The diﬀerent features have diﬀerent characteristics,
and for some features, another policy works better. For the feature of Color
Histogram, i.e., HSV Color Histogram and RGB Color Histogram, Histogram
Intersection Method (17) is employed while for Color Correlogram, the JensenShannon divergence (15) is used and for the others, we utilize Radial basis function kernel (16).

4

Experiments

In this section, we ﬁrst describe the experimental settings that we will use in
the aforementioned Multimodal-based Supervised learning method. Then we will
present the performance of our method compared with several existing methods.
Last of all, we will analysis the eﬀect of diﬀerent initial lists on diﬀerent methods.
4.1

Experimental Settings

Dataset. In our experiment, we evaluate our method on MSRA-MM dataset.
In this dataset, there are 68 representative queries which are selected from the
query log of Microsoft Live search and then for each query they collect about
1000 images. So there are a total of 65443 images. For each image, they provide
a set of features. In order to evaluate the result, they also provide a vector
of relevance score which is construct between the query and the corresponding
images returned by text-based search engine. The relevance score is in {0, 1, 2}.
The score {0} means that the image is irrelevant to the corresponding query.
The score {1} means that the image is relevant to the corresponding query. The
score {2} means that the image is very relevant to the corresponding query.
Evaluate. We employ widely used Normalized Discounted Cumulative Gain
(N DCG) to evaluate the performance of our method. The N DCG for a given
query is calculated as follow:
N DCG@n =

DCG@n
IDCG@n

where
DCG@n = rel1 +

n

reli
log
2i
i=2

(18)

(19)

The reli is the relevance of i-th image in the reranking list. The n means we use
top n images to calculate the N DCG@n. IDCG@n is a regularization factor
which is computed in a ideal way. First, we sort the images on basis of the relevance score, then we employ the equation (19) to compute it. It is the maximum
value of DCG@n. We utilize mN DCG@n(mean of N DCG@n on all queries) to
evaluate our methods on all of the queries.
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Performance on All Queries

In this section, to demonstrate the eﬀectiveness of the proposed multimodalbased supervised learning method(SM), we compare it with the methods using
merely one modality (i.e., BCM, HCH, RCH, CC, EDH, WT) and three state-ofthe-art approaches. The baseline includes Supervised Reranking (SR) [5], Pseudo
Relevance Feedback Reranking (PRF) [13], Bayesian Visual Reranking (BVR)
[8]. For SR, the Rank SVM [4]is used to train the model to gain the weight of
features. For PRF, we treat top-10 images as positive samples to do the relevance
feedback. For BVR, according to the suggestion presented by Tian et al. , the
local learning regularizer is adopted to learn the regularizer term while the pairwise ranking distance is adopted to measure the ranking distance.
Fig. 2 shows the performance of aforementioned three baseline methods and
proposed SM in the light of mN DCG@20, mN DCG@40 and mN DCG@60.
From Fig. 2, we can obvious see that SM can outperform the baseline methods.
Even though the SM with only one modality, the baseline methods are less
eﬀective than it. As position of mN DCG n increases, the performance of three
baseline methods certainly fall a great deal while the proposed method makes
only a small dent. It demonstrates the eﬀectiveness of our method.

Fig. 2. Performance on All Queries

4.3

Performance on Diﬀerent Initial lists

We employ three initial lists constructed by [1] and the initial list provided by
MSRA-MM dataset to analysis the eﬀect of diﬀerent initial list. The initial lists
include the following components:
• Perfect initial list (Perfect): This list orders the images based on their relevance score. All very relevant images are ordered on the top of list while all
the irrelevant images are ordered on the bottom of list.
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• Worst initial list (Worst): The same as perfect initial list, images are ordered
based on their relevance score. The diﬀerence is that all irrelevant images
are ordered on the top of list while all very relevant images are ordered on
the bottom of list.
• Random initial list (Random): Images are ordered randomly.
• Initial list (Initial): Initial list means the list returned by search engine. In
other words, it is the list provided by MSRA-MM dataset.
Fig. 3 compares the three baseline methods and the proposed method on diﬀerent
initial lists. For the result, we can see that PRF and BVR are sensitive to the
initial list. A possible reason is that PRF assumes the top-ranked images which
are in the initial are pseudo relevant images. If we use the worst initial list
to do PRF reranking, most of the pseudo relevant images will be irrelevant
images. Based on those images, all the images are reranked. It leads to irrelevant
images have a higher rank than relevant images. In the opinion of Bayesian visual
reranking, the reranking list should close to the initial list. For this reason, it
causes Bayesian visual reranking sensitive to the diﬀerent initial lists. Supervised
multimodal method does a good job on both perfect initial list and worst initial
list. In the learning step of our model, we use Rank SVM to learn the weight of
each features we construct. When using worst initial list, the weight of features
which are about initial list will have a small value. And it gives a large value to
the features which are about perfect initial list. In this way, whether using the
perfect initial list or not, our method puts up a good performance.

Fig. 3. Performance on Diﬀerent Initial lists

5

Conclusion

In this paper, we propose a novel model to do image search reranking,
multimodal-based supervised learning for image search reranking. This model
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employs multiple modalities to exploit the query-independent features. Evaluations on MSRA-MM dataset demonstrate the eﬀectiveness and stability of the
proposed method.
In the future, we can concentrate on the following respects:
• In this paper, we only design two features for each modality. We can dig
through more eﬀective query-independent features.
• The proposed method does not take the diversity into consideration. After
reranking, we can append with a step to realize the diversity.
Acknowledgments. This work was supported by Natural Science Foundation of
China (61272240, 71402083, 6110315).
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Abstract. Keyword extraction plays an increasingly crucial role in several texts
related researches. Applications that utilize feature word selection include text
mining, and information retrieval etc. This paper introduces novel word features
for keyword extraction. These new word features are derived according to the
background knowledge supplied by patent data. Given a document, to acquire
its background knowledge, this paper first generates a query for searching the
patent data based on the key facts present in the document. The query is used to
find files in patent data that are closely related to the contents of the document.
With the patent search result file set, the information of patent inventors,
assignees, and citations in each file are used to mining the hidden knowledge
and relationship between different patent files. Then the related knowledge is
imported to extend the background knowledge base, which would be extracted
to derive the novel word features. The newly introduced word features that reflect the document’s background knowledge offer valuable indications on individual words’ importance in the input document and serve as nice complements
to the traditional word features derivable from explicit information of a document. The keyword extraction problem can then be regarded as a classification
problem and the Support Vector Machine (SVM) is used to extract the keywords. Experiments have been done using two different data sets. The results
show our method improves the performance of keyword extraction.
Keywords: Keyword extraction · Patent data · Information retrieval

1

Introduction

Keywords offer an important clue for people to grasp the topic of the document, and
help people easily understand what a document describes, saving a great amount of
time reading the whole text. Being increasingly exposed to more and more information on the Internet, people of today have to be more selective about what to read and
it’s impossible for people to mark keywords for every document manually. Consequently, automatic keyword extraction is in high demand. Meanwhile, it is also fundamental to many other natural language processing applications, such as information
retrieval, text clustering, text categorization and so on.
When people mark the documents manually, they try to understand the key facts
present in the documents according to their background knowledge, and then pick out
© Springer International Publishing Switzerland 2015
J. Li and Y. Sun (Eds.): WAIM 2015, LNCS 9098, pp. 148–160, 2015.
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the most important content words as keywords. Our keyword extraction method tries
to provide the background knowledge for the target document, which make our method can ‘understand’ the document as human being, then ‘identify’ the most important words in the document.
A straightforward solution for building the background knowledge is to make use
of massive data. Patent data is the record of science and technology, which has recognized authority. In recently, patent data has become the main source of science and
technology in the world. The United States Patent and Trademark Office publish patent data set (named as US Patent) [1] includes all patent granted in United States
Patent. Each patent is presented in well XML format, including patent title, number,
inventors, assignees, abstract, description and citations, etc. Each patent file is a rigorous description of science and technology, including abundant knowledge. It can
be a very good support for background knowledge building.
The key contribution of our work is the introduction on how to make use of a universal knowledge base, patent data, to construct the background knowledge for the
target document. To the best of our knowledge, this paper is the first attempt to use
patent data as the external knowledge repository.
The second contribution of our work is the introduction of novel word features
for keyword extraction. We built a document’s background knowledge derived from
patent data. To retrieve background knowledge related to the target document, we
first form a patent data query according to key facts present in the document. We
then search the patent data. Once a set of patent files on the document’s background
knowledge is obtained, we can mine the hidden knowledge by using the relationship
between patent inventors, assignees and citations for semantic relatedness. We then
derive four word features based on the related patent, related inventors, related assignees and patent citations link in the retrieved files. Our approach utilizes all four types
of information during the keyword selection process. The newly introduced word
features that reflect the document’s background knowledge offer valuable indications
on individual words’ importance in the input document and serve as nice complements
to the traditional word features derivable from explicit information of a document. The
results of our experiments confirm the effectiveness of our new word features for keyword extraction by considering the background knowledge of a document.

2

Related Work

There are a number of classical approaches to extracting keywords. Traditional keyword extraction methods only use information explicitly contained in a document
based on lexical and syntactic features, such as the word frequency and word positions etc. However, these methods were generally found to lead to poor results, and
consequently other methods were explored.
The research community investigated supervised learning methods whereby training data is used to provide syntactic and lexical features for keyword extraction. In
KEA [2] system, the candidate terms are represented using three features: TFxIDF,
distance (the number of words that precede the first occurrence of the term, divided
by the number of words in the document), key phrase-frequency (the number of times
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a candidate term occurs as a key term in the training documents). The classifier is
trained using the naive Bayes learning algorithm. Thus, KEA analyses only simple
statistical properties of candidate terms and considers each candidate term independently from the other terms in the document.
An alternative class of approaches applies graph-based semantic relatedness measures for extracting keywords. The example is TextRank [3]: a document is modeled as
a graph of candidate terms in which edges represent a measure of term relatedness.
Some graph analysis technique is used to select key terms. Usually the graph is analyzed using a graph-based ranking algorithm (such as PageRank [4], HITS [5], etc.) to
range candidate terms. Top N terms with the highest scores are selected as keywords.
Last but not least, in the past few years, different works have leveraged the structured knowledge from Wikipedia to extract keywords. The new methods have been
proposed that extend classical methods with new features computed over Wikipedia
corpus. For instance, Wikify! [6] introduces keyword feature of a candidate term that
is defined as the number of Wikipedia articles in which the term appears and is
marked up as a link divided by the total number of Wikipedia articles where the term
appears. This feature can be interpreted as probability that the candidate term is selected as a key term in a Wikipedia article as according to the Wikipedia editorial
rules only key terms should be used as links to other articles. Maui [7] is the successor
of the KEA system, and it extends the feature set used by KEA with several Wikipedia-based features: a) Wikipedia keyphraseness: likelihood of a term in being a link in
Wikipedia; b) semantic relatedness: semantic score derived from Wikipedia associated with each candidate keyword; and c) inverse Wikipedia linkage, which is the
normalized number of pages that link to a Wikipedia page. The semantic relatedness
feature is calculated by linking each candidate keyword to a Wikipedia article, then
comparing – by means of a Wikipedia-based semantic measure – a given candidate
keyword to all the other candidates. The final value corresponds to the total of all the
pairwise comparisons. Paper [8] exploits the titles of Wikipedia articles as well of the
graph of Wikipedia categories, and paper [9] utilize Wikipedia as a thesaurus for candidate keyword selection. The paper [10] uses not only information explicitly contained in the document such as word frequency, position, and length but also the
background knowledge of the document, which is acquired from Wikipedia via analyzing the inlink, outlink, category, and infobox information of the document’s related
articles in Wikipedia. Paper [11] compares the state-of-the-art systems, and none of
them make use of patent data.
The information retrieval research community is increasingly making use of the information richness in knowledge sources for improving the effectiveness of Web
search applications. Wikipedia has been intensively used recently to provide background knowledge for natural language processing while the patent data hasn’t been
noticed. To the best of our knowledge, this paper is the first attempt for using patent
data as background knowledge depository on the task of keyword extraction. Furthermore, we differ from previous approaches [6,7,10] in that we not only using the text
content of the patent files but also mining the hidden knowledge by using the relationship between patent inventors, assignees and citations for semantic relatedness.
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Methodology

Patent data is the main carrier of science and technology progress and innovation,
which provides up-to-date and extensive coverage for a broad range of domains.
Every Patent file is a strictly verified document, which has considerable authority.
Patent file provides information of inventors, assignees, title, abstract, patent classification, description and citations etc., as showed in Fig 1. The information provided in
patent file is good for patent understanding and searching. Also can be a good support
for related domain’s background knowledge.
In this section we discuss the characters of patent data, and discover the relationship between different patent files to build a background knowledge base for the input
document. Novel word features derived from patent data that reflect the document’s
background knowledge are described in section 3.4. Section 3.5 introduce how the
keyword extraction problem can be regarded as a classification problem and how the
Support Vector Machine (SVM) is used to extract the keywords.

Fig. 1. Patent file example

3.1

Process

Our patent based document background knowledge acquisition approach consists of
following steps to acquired the novel words features and extract the keywords for the
input document:
1) Pre-processing. Given a document, we first generate a patent inquiry query for re-

trieving the document’s background knowledge through searching the patent data.
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2) Knowledge obtains. We execute the patent query to obtain a set of patent search

result files for the input document. After that, we discover the semantic relatedness
between patent inventors, assignees and citations, and then extend the background
knowledge.
3) Feature extraction. The input is a bag of words in a document. We make use of both
local context information and global context information from background knowledge
of a word in the document to define its features (see section 3.4 for a detailed definition of the features). The output is the feature vectors, and each vector corresponds to
a word.
4) Learning and Extraction. We construct a SVM model that can identify the keyword.
In the SVM model, we view a word as an example, the words labeled with ‘keyword’
as positive examples, and the other words as negative examples. Each word has the
features value defined in step 3). We use the labeled data to train the SVM model in
advance. Note that we consider only single words as candidates for training. In extraction, the input is a document. We employ the preprocessing and the feature extraction
on it, and obtain a set of feature vectors. We then predict whether or not a word is a
keyword by using the SVM model from above. The multi-word keywords will then be
eventually reconstructed. Finally, we get the extracted keywords for that document.
The key issue here is how to obtain the background knowledge and how to define
features for effectively performing the extraction task.
3.2

Pre-processing: Generating a Patent Search Query

To generate a query to find the most relevant background knowledge of a document
via searching the patent data, we construct the query based on the key facts carried in
the input document. This is done through applying a modified version of the TextRank
[3] to select the important content words from the input document. In the original TextRank algorithm, pairwise sentence similarity is based on the word matching degree of
two sentences. In the modification method, the way the pairwise sentence similarity is
calculated using semantics of words than through mere counting of the number of
overlapping characters in the spellings of two words. In our pre-processing, Qtag [12]
is used to identify the part of speech of the words. Then we measure sentence similarity through word semantic relativeness analysis [13] using WordNet [14]. Finally we
get a few key sentences selected from the input document through the above process.
We then perform stop word removal and word stemming over all the words in these
key sentences. The remaining words constitute our patent search query.
3.3

Knowledge Obtains: Searching the Patent Data

To obtain the background knowledge for the input document, we call on the full text
search engine, Lucene [15], to retrieve files from the patent data that are related to the
input document’s key contents. We defined two levels background knowledge for the
input document.
Using the search query for the input document generated in section 3.2, we get the
search results, which are returned as a ranked list of patent files and their corresponding
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relativeness to the search query (query relativeness scores). We denote the set of retrieved patent files (duplicated files are discard) as ∏; the r-th patent file in the search
file set ∏ as pr; the query relativeness score of the patent file pr as z( pr ) .
It is agreed the title and abstract elaborately reflect the content of a document in brief.
Considering the efficiency, we use only the title and abstract of pr to construct the first
level background knowledge base BK(pr). We remove the stop words and duplicated
words inside, and then perform word stemming. Finally, the remaining words constitute
the first level background knowledge base BK(pr). The words in BK(pr) are the important
content words about patent pr. The number of words in BK(pr) is denoted as |BK(pr)|.
In each file pr, the information of patent’s inventors, patent assignee and patent citations is presented. It is obviously that the same patent’s inventor concentrate on the
same/related research field. While the patent assignees also, in generally, concentrate
on the same business area. The patent citation provides the most related patents,
which is a great help for understanding the current patent file. Both these information
provide additional related information to help the readers better understand the topic(s) discussed in the current patent file, they can be the second level background
knowledge for the input document.
To make use of the inventor information in our patent search result set ∏, for a patent file pr, we first extract all the inventors of it. For every inventor of pr, we search
out all his/her patent files. Patent files of every inventor together form a patent files
set IL (duplicated files is discard). Then similarly, the words from title and abstract of
each patent file in set IL are extracted to construct the inventor knowledge base IK(pr)
as described above. The number of words in IK(pr) is denoted as |IK(pr)|. IK(pr) supplies the additional background knowledge from inventors of pr.
Similarly, we derive the assignee background knowledge base AK(pr) and citation
background knowledge base CK(pr) following the above procedure. Thus AK(pr)
supplies another kind of additional background knowledge from assignees for pr while
CK(pr) supplies additional background knowledge about related works for pr.
In summary, via searching the patent data, we find the most relevant patent file set
∏, which is the first level background knowledge. For every file pr in ∏, we use the
words in the title and abstract to construct BK(pr), which serve as the most relevant
background knowledge of the input document. We then get the related information
following the similar procedure to construct IK(pr), AK(pr), CK(pr). By this way, the
hidden knowledge and relationship between different patents files is used to build the
second level background knowledge. The second level background knowledge is
helpful for understanding the patent file pr. As the patent file pr is the background
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knowledge about the input document, the second level background knowledge is also
helpful for understanding the input document.
3.4

Feature Extraction: Novel Word Features

In the following, we will first introduce some novel word features for keyword extraction by making use of background knowledge from patent data. In the same time, traditional word features based on lexical and syntactic features are also used as supplement.
1) Word Background Knowledge Feature
For every word xi in an input document, we derive a word background knowledge
feature

f (xi )

using the first level background knowledge base as follows:

 [z( p )* 
r

f (xi ) =

pr ∈Π

σ 1 (xi , k)]

k∈BK ( pr )

(1)

 z(p )*|BK(p )|
r

r

pr ∈Π

In the above,

z( pr )

is the query relativeness score of the patent file pr, BK(pr) is

the first level background knowledge base of patent file pr,k is the word in BK(pr),
σ 1 (xi , k) is the pairwise word semantic similarity calculating [13] by wordNet [14].
|BK(pr)| is the number of words in BK(pr). By the above definition, the more semantically similar a word
ground feature value,

xi is to
f (xi ) .

words in BK(pr), the larger would be

xi ’s

back-

2) Word Inventor Background Feature
For every word xi in an input document, we derive a word inventor background feature

fi(xi )

using the second level background knowledge base IK(pr) as follows:

 [z(p )* 
r

fi(xi ) =

pr ∈Π

σ 1 (xi , k)]

k∈IK ( pr )

(2)

 z( p )* | IK(p ) |
r

r

pr ∈Π

In the above,

z( pr )

is the query relativeness score of the patent file pr, IK(pr) is

the inventor background knowledge base of patent file pr, k is the word in IK(pr),

σ 1 (xi , k) is the pairwise word semantic similarity calculating by wordNet. | IK(p )| is
r

the number of patent file in set IK(pr). By the above definition, the more semantically
similar a word

xi

is to words in IK(pr), the larger would be

ground feature value,

fi(xi ) .

xi ’s

inventor back-

Novel Word Features for Keyword Extraction

155

3) Word Assignee Background Feature and Word Citation Background Feature
Similarly, for every word xi in an input document, we can derive the word assignee
background feature and word citation background feature using the assignee information AK(pr) and citation information CK(pr) of each patent file pr in the input document’s patent search result file set ∏. The definition is very similar to the way we
compute the word inventor background feature in the above.
4) Common Word Features.
The comment word features directly derivable from the input document including
word frequency feature, specific name feature, word position features, relative word
length feature, and conclusion sentence feature are also used as supplement.
3.5

Learning and Extraction

Once all the word features introduced in the above are derived, we can then apply
machine learning based approach to extract the keywords. We formalize keyword
extraction as a classification problem. We take ‘keyword’ and ‘not keyword’ as
classes, words manually labeled with the two classes in the ‘training data’ as training
examples, words in the ‘testing data’ as test examples, so that keyword extraction can
be automatically accomplished by predicting the class of each test example.
We perform keyword extraction in two passes of processing: learning and keyword
extraction. In learning, we construct the classification model that can predict the class
of each word. In the classification model, we view each word as an example. For each
example, we define a set of background knowledge features and the document global
context features, totally 9 word features, as defined in section 3.4 and assign a label
represents whether the word is a keyword or not as showed in table 1. Since SVM is a
good way to using features without discussions, and our method is totally based on
the feature it self, it is good to avoid the over fitting situations. We make use of
LIBSVM [16] as the classification model to obtained the classifier with small generalization errors. The labeled data is used to train the classification models in advance.
One attempts to find an optimal separating hyper-plane that maximally separates the
two classes of training examples (more precisely, maximizes the margin between the
two classes of examples). The hyper-plane corresponds to a classifier.
In keyword extraction, the input is a document. We extract a bag of words from
that document. Then, for each word in that document, we employ the learned classification models to predict whether it is ‘keyword’ or ‘not keyword’. We next view the
words that are predicted as ‘keyword’ as keywords. All lexical units selected as potential keywords in the above are marked in the document, and sequences of adjacent
keywords are collapsed into a multi-word keyword. For instance, in the text ‘It is
essential for the success of grid computing’, if both ‘grid’ and ‘comput’ are selected
as potential keywords, since they are adjacent, they are collapsed into one single
keyword ‘grid comput’. Note that we perform word stemming over all the words for
simply.
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Table 1. Words with 9 features for classification
Word Feature1
W1
V11

…
…

W2
…
Wn

…
…
…

V21
…
Vn1

Feature 9 isKeyword
V19
0/1

4

Experimentation

4.1

Data Sets and Evaluation Measures

V29
…
Vn9

0/1
0/1
0/1

Patent Data as Background Knowledge Depository. We download the US Patent
[1] data from 2003 to 2013 as the background knowledge depository.
To evaluate the performance of our approach for keyword extraction, we first construct our own keyword extraction ground truth data set through collecting 300 patent
files from US Patent dataset in 2013~2014 as the Patent Dataset. We also use the
SemEval [17] Dataset for experiment.
Patent Dataset. We choose 300 patent files (with the same classification number)
published in 2013~2014 as the patent dataset. It is well agreed that the title has a similar role to the key phrases. They are both elaborated to reflect the content of a document. Therefore, words in the titles are often appropriate to be keywords. However,
one can only include a couple of most important words in the title prudently due to
the limitation of the title length, even though many other keywords are all pivotal to
the understanding of the document. On the other hand, some words maybe put in title
to attract the readers but they are not exactly reflecting the content of the document.
Therefore, we perform stop word removal and word stemming over all the words in
title. The remaining words constitute one set of keyword answer. We then asked 10
master students in our computer science department to extract keywords manually
from these files. Each patent file was analyzed by four students. Students were asked
to extract 5 to 10 keywords from every patent file assigned to them. Thus we get five
sets of answers for each patent file, one from title and four from students. If a word
appears at least three times in the five sets of answer, we agree that it is the keyword
of the document. After carrying out this manual keyword extraction process, we
constructed a data set consisting of 300 files and their corresponding keywords. The
average number of the key phrases is 7.2 per document. During the evaluation, the
dataset was dived into two parts: 200 patent files were treated as training data while
the rest 100 ones served for the final evaluation.
SemEval [16] Dataset. The SemEval dataset is a standard benchmark in the keyword
extraction field. It is comprised of 244 scientific articles, usually composed of 6 to 8
pages. The articles cover 4 research areas of the ACM classification related to Computer Science, including the Computer-Communication Networks (C), Information
Storage and Retrieval (H), Artificial Intelligence (I) and Computer Applications (J).
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Human annotators who assigned a set of keywords to each document carried out the
annotation of the gold standard. Besides the annotators’ keywords, the gold standard
also considers keywords originally assigned by the authors of the papers. On average,
the annotators provided 75% of the keywords and the authors provide the 25%. During the evaluation, the corpus was divided into two parts corresponding to the training
and testing stages: 144 articles (2265 keywords) were dedicated to training and the
other 100 articles (1443 keywords) served for the final evaluation.
Evaluation Measures for Keyword Extraction. In all the experiments, we employ
widely used Precision, Recall and F-Measure to evaluate the performance of different
approach for keyword extraction. The F-Measure is a standard method that is used
to analyze the performance of the keyword extraction methods. The higher the
F-Measure, the better will be the performance of extraction. These standard measures
to address the performance are given by:

Terms _ found _ and _ correct
Keywords _ extracted
Terms _ found _ and _ correct
Recall, R =
Total _ number _ of _ Keywords
Pr ecision, P =

F − Measure, F =

4.2

2PR
(P + R)

(3)
(4)
(5)

Experimental Results

We evaluated the performances of our keyword extraction methods on two datasets.
This section conducts two sets of experiment: 1) to evaluate the performance of our
algorithm on patent dataset; 2) to compare different query generation methods on our
algorithm’s overall keyword extraction performance; 3) to compare with other well
known state-of-art keyword extraction approaches on SemEval dataset.
Keyword Extraction on Patent Dataset. It is the first time that patent data being
used as background knowledge serving for keyword extraction. To evaluate the performance of our approach, we compare the keywords of a document identified by our
algorithm to the keywords of the document as labeled in the ground truth dataset in
section 4.1. We also implement several existing keyword extraction methods including TFxIDF [18], TextRank [3] and [10](we name it as AAAI10) to compare the performance of these peer methods and our algorithm. Different parameter setting can
influence the performance of the classifier. We change the value of parameter c and
gamma for LIBSVM. The result is shown in Table 2, where P stands for precision, R
stands for recall and F stands for F-Measure. We choose C=512 and gamma=8 as the
best result. Different systems’ result shown in Table 3 confirms the advantage of our
method for keyword extraction.
We also consider the influence of different query generation methods to the overall
performance of our method for keyword extraction. To this aim, we implemented two
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different query generation methods and experimentally compared the overall keyword
extraction performance when employing each query generation method in the first
step of our algorithm respectively. According to the results reported in Table 4, we
can see that the modified TextRank method, currently employed in our algorithm,
optimizes the performance of our keyword extraction approach.
Table 2. Comparison of parameters setting for c and gamma (%)
gamma
C
256
P
R
F
512
P
R
F
1024 P
R
F
2048 P
R
F

8

16

32

64

62.3
52.2
46.3
62.1
41.1
49.5
57.2
41.2
46.3
57.7
42.7
46.3

37.7
44.4
47.9
49.9
45.9
47.8
46.9
45.8
46.3
45.2
46.1
46.3

43.5
44.4
43.9
44
46.4
45.2
41.8
45.3
46.3
41.5
45.2
46.3

44.8
44.3
44.5
43.9
42.9
43.4
44
42.4
46.3
43.2
43.5
46.3

Table 3. Performance comparison between different methods on patent dataset (%)
Algorithm
TF x IDF

Precision Recall
28
38.1

TextRank
34.1
AAAI10
45.6
Our method 62.1

37.7
51.3
41.1

F-Measure
32.3
35.9
48.3
49.5

Table 4. Comparison of different query generation methods on our algorithm’s overall keyword
extraction performance (%)
Query
Method
TextRank

Generation Precision Recall

Modified TextRank

F-Measure

33.2

39.8

36.2

62.1

41.1

49.5

Experiments on SemEval Dataset. Paper [11] evaluates five semantic annotators
and compares them to two state-of-the-art keyword extractors, namely KP-miner [19]
and Maui [20]. Experiments show that the top three systems on SemEval dataset are
Alchemy Keyword(Alch_key) [21], KP-Miner and Maui. The experiment for top 15
keywords extraction is the best. The top 15 keywords were obtained based on the
confidence scores returned by the systems. We compare our method with the top three
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systems’ best results in paper [11]. For the SemEval dataset, we used both authors and
readers selected keywords as a gold standard. Table 5 indicates the results for keywords extracted by the systems on testing data provided by SemEval.
In the experiments on SemEval data, all the systems are only able to achieve less
than 30% F1-score for the keyword extraction task, which is much lower than the
experiments over patent data. It is because we concentrate on the same class patent
file during the training and testing. The classification model is trained on the same
domain. While the SemEval data provide four classes of scientific articles, each domain has only about 20~30 articles. For scientific articles, choices of words vary between different domains. Especially, keywords are usually made up of specialized
words, most of which are unique to the domain. Therefore, it influences the performance of keyword extraction.
Table 5. Performance comparison between different methods on SemEval dataset(%)
Algorithm
KP-Miner

Precision
25.87

Maui
20.67
Alch_Key
21.08
Our method 22.81

5

Recall
26.47

F- Measure
26.16

21.15
21.35
35.77

20.9
21.21
27.86

Conclusion and Future Work

In this paper, we address the problem of automatic keyword extraction using novel
word features. We investigate the patent data to serve for the problem of keyword
extraction. We propose some novel word features for keyword extraction.
These new word features are derived through background knowledge of the input
document. The background knowledge is acquired via first querying patent data, and
then mining the hidden knowledge by exploring the inventor, assignees, and citation
information of the patent data search result file set. Novel word features are derived
from this background knowledge. Experimental results have proved that using these
novel word features, we can achieve superior performance in keyword extraction to
other state-of-the-art approaches.
In future work we would like to investigate the following issues: 1) to make further
improvement on the efficiency, 2) to investigate the effect of including flat text from
the patent file across the (current) title and abstract only approach, and 3) to extend
our approach to document classification and other text mining applications.
Acknowledgments. This work is supported by the National Natural Science Foundation of
China (61033010, 61272065,61370186), Natural Science Foundation of Guangdong Province
(S2011020001182, S2012010009311), Research Foundation of Science and Technology Plan
Project in Guangdong Province (2011B040200007, 2012A010701013).
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A Multi-round Global Performance Evaluation
Method for Interactive Image Retrieval
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Abstract. In interactive image retrieval systems, from the image search
results, a user can select an image and click to view its similar or related
images until he reaches the targets. Existing evaluation approaches for
image retrieval methods only focus on local performance of single-round
search results on some selected samples. We propose a novel approach to
evaluate their performance in the scenario of interactive image retrieval.
It provides a global evaluation considering multi-round user interactions
and the whole image collection. We model the interactive image search
behaviors as navigation on an information network constructed by the
image collection by using images as graph nodes. We leverage the properties of this constructed image information network to propose our evaluation metrics. We use a public image dataset and three image retrieval
methods to show the usage of our evaluation approach.

Keywords: Image retrieval

1

· Information network · Evaluation

Introduction

In interactive image retrieval systems, when users search images in an image
collection, they ﬁrst input some queries, which can be keywords or images, to
get some initial image search results. In contrast to web page search, in image
retrieval, it may be not easy for users to reach the targets in the direct search
results of the queries. Some reasons can lead to their failures on reaching the
targets in these initial search results. For example, users do not exactly describe
their speciﬁc targets in the queries because it is a diﬃcult or boring task; the
targets of users may be still not clear when they start their searches, because they
are just seeking the information they are interested in; the performance of image
retrieval methods are still not good enough to return results matching the query
topics or detect user intentions for personalized search results. Therefore, many
image retrieval systems provide interfaces of user interactions, e.g., relevance
feedback, to gather additional information for reﬁning the search results.
Because it may be boring for users to input too many additional actions, some
recent systems have succinct and convenient interfaces. They allow users to click
c Springer International Publishing Switzerland 2015
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Fig. 1. Example of Interactive Image Retrieval

images to view other similar or related images until they reach the targets.
Figure 1 shows an example with Google image search1 , after a user inputs
“Kyoto” as the search keyword, Google returns the initial image search results.
There is a link of “search by image” for each image in the search results. The
user can click these links to reach further results until he ﬁnds satisﬁed results.
After several rounds of clicks and views, this user ﬁnally ﬁnds his target image
which is about the cherry-blossom at Arashiyama in Kyoto in spring.
Existing evaluation approaches of image retrieval methods in the scenario
of interactive image retrieval provide local evaluation by selecting some samples and using single-round evaluation with initial search results and ﬁrst-round
user interaction on the initial search results. On one hand, they does not evaluate the performance of results after multi-round interactions. On the other
hand, whether the selected samples can represent the whole information space
of the data collection which may have tens of thousands of or millions of images,
and whether this local performance is equivalent to the global performance are
unknown. Therefore, to evaluate the performance of image retrieval methods
in the interactive scenario, besides single-round local evaluation approach, we
also need to propose a multi-round global evaluation approach by considering
the images in the whole data collection and multi-round interactions in a search
session.
We ﬁnd that the image search behavior with user interactions in a search
session can be regarded as navigation on the information space of the image
collection. A query image or the ﬁrst clicked image in the search results of a
query keyword is the start of this navigation. The end of this navigation is some
images which may contain the ﬁnal target images. The user may ﬁnd the targets
or fail to ﬁnd the targets in current search session and give up at the end of
this navigation. In a search session, there is a route from the start image to the
target image. The user navigates the images in the image information network
through this route. Figure 2 shows an example of the navigation perspective of
1

http://images.google.com
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Fig. 2. Example of Image Navigation

interactive image retrieval. In this search session, there is a route from the start
image to the target image. Full lines mark the route, and dotted lines show other
images that are not clicked in the search results. A user navigates the images in
the image information network through this route.
Therefore, we propose an approach to construct an image information
network for an image collection based on a speciﬁc image retrieval method.
The nodes in the network are images, and the edges in the network depend on
the image retrieval method which generates top k search results of an image
from the image collection. We utilize the properties of this information network
to propose our multi-round global evaluation metrics. This information network
can also be utilized for various applications such as image re-ranking, user intention detection and personalized target prediction in image retrieval. In this paper
we concentrate on using it for the evaluation on the performance of an image
retrieval method on an image collection. The length of shortest path of two
images on information network can show the diﬃculty of reaching the target
image from the start image in ideal.
The contributions of this paper are as follows.
– We propose an approach for evaluating multi-round global performance of
an image retrieval method on the whole data collection. This evaluation
approach is a useful supplement to existing single-round local evaluation
approaches. Note that our work does not focus on the evaluation of relevance feedback methods. Our work focuses on the evaluation of image search
methods in the scenario of multi-round user interactions.
– We provide a novel model with navigation perspective for interactive image
retrieval. We construct information network for a given image collection
based on a speciﬁc image retrieval method to reﬂect user navigation behavior
on images in a search session.
The remainder of this paper is organized as follows. We list some related work
in Section 2. In section 3, we introduce how to construct the image information
network and propose our evaluation method. We report the experimental results
in Section 4 and give a conclusion in Section 5.
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Related Work

On the hand, Ref. [1] lists many works on image retrieval. Many of them focus
on the issue of one query and its direct image search results without further
interactions. In their evaluation, they select a subset with some labeled samples.
On the other hand, Relevance feedback has been widely used in image reranking in supervised scenarios and is an important solution in interactive image
retrieval. Rui et al. [3] and Porkaew et al. [4] proposed query reweighting, query
reformulation, query modiﬁcation, query point movement and query expansion
approaches. Ref. [5] only requires the user to click one image in the interaction
to minimize the eﬀort of selecting relevance feedback instances. Our model of
interactive image retrieval assumes a succinct and convenient user interaction
interface in which users click an image in the results to search by this image.
The evaluation approaches used in interactive image retrieval, e.g., Ref. [3–5],
mainly consider only one round user interaction; they select a small number of
samples and take local evaluation in the data collection.
In contrast to the single-round local evaluation used in related work, our proposed evaluation approach based on the image information network can provide
an ideal multi-round global evaluation.

3

Multi-round Global Performance Evaluation

In this section, we ﬁrst describe our model of interactive image retrieval and
then introduce the approach of how to construct the information network for a
given image collection based on a speciﬁc image retrieval method. After that we
propose our evaluation approach based on this information network.
3.1

Interactive Image Retrieval

Our model of interactive image retrieval is as follows. We deﬁne the images as
ai in a given image collection C. In a search session, the queries that user input
can be images or keywords. In the case of query by image, the start image is the
query; in the case of query by keyword, the start image is the clicked image in the
initial search results. This deﬁnition of start image can simplify the constructed
information network with only one type of nodes to facilitate the analysis on
the graph for various applications. Each node in this graph represents an image.
There is no node representing other types of objects such as text.
It may be boring for users to input too many additional actions in user interactions, and users may prefer succinct and convenient interfaces. Therefore, in
our scenario of interactive image retrieval, in each round of user interaction,
we simplify that a user selects and clicks only one image. Such one-click interface is used in recent image search engine like Google image search. After the
user clicks, a speciﬁc image retrieval method F is used to return top k image
search results by using this clicked image as query. This image retrieval method
can use either visual content information or textual context information of the
clicked image. There are several rounds of user interactions in a search session.
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The images clicked in all rounds construct a navigation sequence on the graph
which is a path from the start image to the end images. Note that end images
can be target images or not. It depends on whether the search sessions success
or fail.
The deﬁnition of search session is somewhat diﬀerent from existing work in
the areas like web page search. We assume that when a user modiﬁes his original
query, the current search session is regarded as ﬁnished, no matter whether the
user reaches his targets. There are no jumps from one image node to another
image node between which there is no edge, because such jump is regarded as
a new session. In this way, the navigation behavior on the image information
network in a search session is continuous by following the edges on the graph.
All the simpliﬁcations in this model can smooth the analysis on the graph when
using it for applications.
3.2

Information Network Construction

The steps of image information network construction for an image collection C
based on the search results of an image retrieval method F are as follows. This
automatic process doesn’t require users’ participation.
– 1. Create a node for each image ai in the image collection C.
– 2. For each image ai , compute its top k image search results Ai from the
image collection C by using the image retrieval method F . For some images,
some methods can only generate less than k similar images, e.g., the images
with few textual information and text based image retrieval methods.
– 3. Create an edge from ai to each image aj in Ai . This image information
network is thus a directed graph. Diﬀerent image retrieval methods generate
diﬀerent search results and thus lead to diﬀerent information networks.
We assume that users only view and click the images from the top k ranked
images in the search engine results page (SERP). Therefore, the out-degrees
in this constructed information network is at most k. This constrain is able to
control the edges of the graph and the time cost when computing the graph
properties for analysis.
The rank information or similarity between ai and each image aj in Ai can
be stored as the weights of the edges. Because it is not yet necessary in this
paper, we still use same weights (equal to 1) for all edges.
3.3

Performance Evaluation Method

The image information network can be used in various applications. In this
section, we specially discuss the issue about how to evaluate the performance
of an image retrieval method on an image collection using this information network. In the communities of graph theory and social network analysis, many
metrics have been proposed for analyzing various properties of graph, e.g., average shortest path, diameter, centrality, and so on.
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We select two metrics which can reﬂect the diﬃculty of navigation from one
start image to another target image. One is the length of average shortest path
of two images on the information network which shows the average navigation
diﬃculty in ideal; the other is the diameter of the graph which shows the upper
limit of steps in a navigation in ideal.
Because we use top k search results to construct the information network and
thus the out-degrees in this network are at most k, the cut-oﬀ size parameter k
becomes an important factor that inﬂuences the network properties. Therefore,
the evaluation metrics we propose include this parameter k. They are Average
Shortest Path at top k results (ASP@k) and Diameter at top k results (Dia@k).
The evaluation approach we propose reﬂect the multi-round global performance of an image retrieval method by using all rounds of user interactions in
a search session and considering the images in the whole data collection. Our
evaluation approach is an evaluation approach in the ideal case on the image
collection for the following several reasons.
– First, users may not select the ideal shortest path to reach the targets.
West et al. [6] made an analysis of human wayﬁnding in entity information
network. They ﬁnd that human wayﬁnding is diﬀerent from shortest paths
but is still very eﬃcient. How to assist users to select the paths close to ideal
ones is one of our future work.
– Second, not all start and target image pairs included in the evaluation metrics
are meaningful enough. Although we assume that users intention in a query
session can change and the start and target images can be not similar or
related to each other, there are still start and target pairs that rarely appear
in the real world search.
– Third, these evaluation metrics assume that users do not give up the search
sessions, do unlimited rounds and do not click the back button until they
reach the targets.
Because it is an ideal evaluation, this evaluation approach is not proposed
to instead the exiting evaluation methods. It provides the evaluation on another
aspect of the performance and is a useful supplement to existing single-round
local evaluation approaches.
Because the graph construction and property analysis are time consuming for
huge collections, in practice, we can only use a subset of the collection to speed
up the construction. Such subset can contain tens of thousands of images and is
still much larger than a selected samples used in exiting evaluation approaches.

4
4.1

Experiment
Experimental Settings

The dataset we use for our experiments is MIRFlickr 25000 [2] which is constructed by images and tags downloaded from Flickr. It contains 25,000 images
and provides the raw tags of these images on Flickr. We use two kinds of visual
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features as two diﬀerent content based image retrieval methods respectively. One
is color feature. The feature descriptor is a 1024-Dimension color histogram on
the HSV color space. The other one is the SIFT feature with the bags of words
model and 1000 visual words in the codebook.
With each kind of feature, we generate the top k similar images of an image
by computing the distance of visual feature vectors. The distance between image
ai and aj is computed using a Pearson correlation distance s(ai , aj ) deﬁned as

y Hi (y)

Hi (x) = Hi (x) −
,
N

(Hi (x) ∗ Hj (x))
s(ai , aj ) =   x
,

( y Hi (y)2 ) ∗ ( y Hj (y)2 )
where Hi and Hj are feature vectors. N is the size of the feature vector.
We also use a textual based image retrieval method which searches textual
related images to the query image. The textual information in the dataset is
social tag. We use the tag list of an image as its textual feature vector, and generate the top k relevant images of an image by computing the Ochiai coeﬃcient
of textual feature vectors. The distance between image ai and aj is deﬁned as
|Ti ∩ Tj |
t(ai , aj ) = 
,
|Ti | ∗ |Tj |
where Ti and Tj are textual feature vectors, and | · | is the number of tags. The
images without textual information have no related images.
4.2

Experimental Results

After we construct the information networks with this dataset and the three
image retrieval methods, we evaluate the performance of these methods on the
metrics of ASP@k and Dia@k. Table 1 lists the experimental results.
Table 1. Performance of Diﬀerent Image Retrieval Methods
Method Metric

10
HSV ASP@k 12.7
SIFT ASP@k 11.2
TEXT ASP@k 10.3

k
25
7.25
6.68
5.37

k
Metric
50
10 25
5.52 Dia@k 67 29
5.02 Dia@k 51 24
3.95 Dia@k 28 14

50
19
24
8

Because content based methods and textual based methods search images
based on diﬀerent purposes, i.e, visual similar images and textual related images.
We use two content based methods to show how to make comparison with our
evaluation metrics. In these two content based methods based on diﬀerent visual
features, for a given parameter k, the method using SIFT feature always has
smaller average shortest path and diameter (except the diameter on k = 50) than
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the method using HSV feature. We therefore claim that this SIFT feature based
image retrieval method has better global performance than the HSV feature
based image retrieval method for this data collection. The reason may be that in
this image collection, more images are better to be represented by SIFT feature
when searching for visual similar images.
In addition, Table 1 also shows that as the k increases, both length of average
shortest path and diameter decrease. It is as expected because when more edges
are added in the graph, it is easier to move from one node to another node.
ASP @k can also be used as reference for evaluating the proper value of k for an
image retrieval method, which means the number of images returned in the top
search results, e.g., the maximum k with ASP @k ≤ 6. It means that in average
any two images “know” each other within six degrees. Although there is no proof
that the six degrees of separation theory [8] is proper here, it can be a candidate
criteria for tuning parameter k.

5

Conclusion

In this paper, we model the image search behavior with user interactions as
navigation on a information network of image collection. We propose a global
evaluation approach on the performance of multi-round user interactions on the
whole image collection by using the properties of this image information network.
For the future work, we will make further veriﬁcation to this evaluation approach.
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Abstract. Most knowledge bases (KBs) can hardly be kept up-to-date
due to time-consuming manual maintenance. Cumulative Citation Recommendation (CCR) is a task to address this problem, whose objective is
to ﬁlter relevant documents from a chronological stream corpus and then
recommend them as candidate citations with certain relevance estimation
to target entities in KBs. The challenge of CCR is how to accurately category the candidate documents into diﬀerent relevance levels, since the
boundaries between them are vague under the current deﬁnitions. To
ﬁgure out the boundaries more precisely, we explore three types of relevance evidences including entities’ proﬁles, existing citations in KBs, and
temporal signals, to supplement the deﬁnitions of relevance levels. Under
the guidance of the reﬁned deﬁnitions, we incorporate these evidences
into classiﬁcation and learning to rank approaches and evaluate their performance on TREC-KBA-2013 dataset. The experimental results show
that all these approaches outperform the corresponding baselines. Our
analysis also reveals various signiﬁcances of these evidences in estimating
relevance levels.
Keywords: Cumulative citation recommendation
acceleration · Information ﬁltering
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·
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Introduction

Knowledge Bases (KBs), such as Wikipedia, have shown great power in many
applications such as question answering, entity linking and entity retrieval. However, most KBs are maintained by human editors, which are hard to keep upto-date because of the wide gap between limit number of editors and millions of
This work was partially done when the ﬁrst author was visiting Microsoft Research.
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entities. As reported in [8], the median time lag between the emerging date of a
cited article and the date of the citation created in Wikipedia is almost one year.
Moreover, some less popular entities cannot attract enough attentions from editors, making the maintenance more challenging. These burdens can be released
if relevant documents are automatically detected as soon as they emerge and
then recommended to the editors with certain relevance estimation. This task is
studied as Cumulative Citation Recommendation (CCR) in Text REtrieval Conference (TREC) Knowledge Base Acceleration (KBA)1 Track. CCR is deﬁned as
ﬁltering a temporally-ordered stream corpus for documents related to a predeﬁned set of entities in KBs and estimating the relevance levels of entity-document
pairs. In this paper, we follow the 4-point scale relevance settings of TREC-KBA2013, as illustrated in Table 1. We consider two scenarios in CCR: (i) vital +
useful: detecting relevant (vital and useful ) documents, and (ii) vital only:
detecting vital documents only.
There are two challenges in CCR. (1) It is too time-consuming to process all
the documents in the stream corpus. To guarantee the coverage and diversity of
the recommendation, a real-life CCR system need include as many documents as
possible to ﬁlter relevant ones for target entities. (2) Besides, according to current
deﬁnitions, it is diﬃcult to ﬁgure out the explicit diﬀerences between the four
relevance levels, especially for vital and useful. Moreover, in the ground truth of
TREC-KBA-2013 dataset, there also exist many inconsistent annotations due
to the vague boundaries between relevance levels.
Table 1. Heuristic deﬁnitions of relevance levels by TREC-KBA-2013
Vital

timely info about the entity’s current state, actions, or situation.
This would motivate a change to an already up-to-date knowledge
base article.
Useful possibly citable but not timely, e.g. background bio, secondary
source.
Neutral Informative but not citable, e.g. tertiary source like Wikipedia
article itself.
Garbage No information about the target entity could be learned from the
document, e.g. spam.

In this paper, we focus on the aforementioned two challenges. For the former
one, we implement an entity-centric query expansion method to ﬁlter the corpus
and discard irrelevant documents as many as possible beforehand. For the latter
one, given an entity E, we resort extra evidences to enrich the deﬁnitions of relevance levels, including the proﬁle page of E, existing citations for E in KB and
some temporal signals. Entities’ proﬁle pages are helpful in entity disambiguation since they contain rich information about the target entities. Moreover, most
KB entities already possess several citations which are cited into KB because
of their relatedness to the target entities. In our opinion, these two evidences
are helpful to diﬀerentiate relevant and irrelevant documents. However, it is not
enough to detect vital documents accurately merely with these two evidences
1
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because vital documents are required to contribute some novel knowledge about
the target entity. Hence we introduce temporal signals to support the detection
of vital documents. For an KB entity, the occurrences of its relevant documents,
especially vital documents, are not distributed in the stream corpus evenly along
a timeline. When some signiﬁcant event related to it happens, an entity is spotlighted in a short time period during which its vital documents emerge heavily and exceed the average frequency of occurrence. Therefore, the diﬃculty of
detecting vital documents can be reduced as along as we detect these “bursty”
time periods. Accordingly, we propose the following assumptions as supplements
to the deﬁnitions of relevance levels.
1. The relevant (i.e., vital and useful ) documents are more related to the proﬁle
page and existing citations than irrelevant ones.
2. The relevant documents occurring in the “bursty” time periods where the
entity is spotlighted are more likely to be detected as vital.
Under the guidance of the reﬁned deﬁnitions, we then undertake a comparison
study on classiﬁcation and learning to rank approaches to CCR.
To the best of our knowledge, this is the ﬁrst work endeavoring to improve the
deﬁnitions of relevance levels of CCR. Under the reﬁned deﬁnitions, all experimental approaches outperform their own baselines. Besides, the classiﬁcation
approach performs best and achieve the state-of-the-art performance on TRECKBA-2013 dataset. The proposed assumptions are proved to be reasonable and
eﬀective. In addition, the experimental results show that our ﬁltering method is
eﬀective, making the whole procedure more eﬃcient and practical.

2

Related Work

Entity Linking. Entity linking describes the task of linking a textural name of
an entity to a knowledge base entry. In [5], cosine similarity was utilized to rank
candidate entities based on the relatedness of the context of an entity mention
to a Wikipedia article. [6] proposed a large-scale named entity disambiguation
approach through maximizing the agreement between the contextual information from Wikipedia and the context of an entity mention. [14] implemented
a system named WikiFy! to identify the important concepts in a document
and automatically linked these concepts to the corresponding Wikipedia pages.
Similarly, [11] parsed the Wikipedia to extract a concept graph, measuring the
similarity by means of the distance of co-occurring terms to candidate concepts.
Besides identifying entity mentions in documents, CCR is required to evaluate
the relevance levels between the document and the mentioned entity.
Knowledge Base Acceleration. TREC KBA has hosted CCR track since 2012. In
the past tracks, there were three mainstream approaches submitted by the participants: query expansion [13,17], classiﬁcation, such as SVM [12] and Random
Forest [2–4], and learning to rank approaches [1,17]. In [10], a graph-based entity

172

J. Wang et al.

ﬁltering method is implemented through calculating the similarity of word cooccurring graphs between an entity’s proﬁle and a document. Transfer learning
is employed to transfer the keyword importance learned from training entities
to query entities in [18]. All these work focus on utilizing the training data adequately to improve the performance of a CCR system, yet the key contribution
of our work is the improvement of the deﬁnitions of relevance levels of CCR.
With the help of the reﬁned deﬁnitions, we can diﬀerentiate the relevant and
irrelevant documents more accurately.

3

Problem Statement and Dataset

Given an entity E from a KB (e.g., Wikipedia or Twitter) and a document D,
our goal is to generate a conﬁdence score r(E, D) ∈ (0, 1000] for each documententity pair, representing the citation-worthiness of D to E. The higher r(E, D)
is, the more likely D can be considered as a citation for E.
The TREC-KBA-2013 dataset is utilized as our experimental dataset, which
consists of a stream corpus and a predeﬁned target entity set. The stream corpus2 , is a time-ordered document collection and contains nearly 1 billion documents published between Oct. 2011 and Feb. 2013. The target entity set is
composed of 141 entities: 121 Wikipedia entities and 20 Twitter entities. These
entities consist of 98 persons, 24 facilities and 19 organizations. The documents
from Oct. 2011 to Feb. 2012 are annotated as training data and the remainder from Mar. 2012 to Feb. 2013 as testing data. Each document-entity pair is
annotated as one of the four relevance levels.

4

Filtering

In previous study [8], most relevant documents mention the target entity explicitly. A naı̈ve ﬁltering strategy is to retain the documents mentioning a target
entity name at least once and discard those without mentioning any target entity.
Nevertheless, this strategy has two disadvantages. (1) It misses lots of relevant
documents for entities with aliases, because entities can be referred by diﬀerent
surface forms in documents. (2) It cannot diﬀerentiate two entities with the same
name. For example, when we ﬁlter the stream corpus for “Michael Jordan”, a
machine learning scientist, the ﬁltering results also include documents referring
to the basketball player “Michael Jordan”.
An entity-centric query expansion method is proposed to address the above
problems. We ﬁrst expand as many reliable surface forms as possible for each
target entity. Then we extract related entities as expansion terms. Finally, we
expand the naı̈ve ﬁltering query (i.e., entity name) with the surface forms and
these related entities.

2
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Surface Form Expansion. For a Wikipedia entity, we treat the redirect3
names as its surface forms. For a Twitter entity, we extract its display name as
its surface form. Take @AlexJoHamilton as an example, we extract its display
name Alexandra Hamilton as a surface form.
Query Expansion. We ﬁrst construct a document collection for each target
entity E, denoted as C(E). C(E) is composed of documents including the proﬁle
page of E, existing citations for E in KB and the documents labeled as vital
and useful for E in training data. Then we perform named entity recognition for
each document d ∈ C(E) and obtain a related entity set R(E) for E. The related
entities in R(E) are expansion terms we leveraged to improve the naı̈ve ﬁltering
query. The relevance score between a document d referring to E is estimated as:

occ(d, e)
(1)
rel(d, E) = w(E, e) ·
e∈R(E)

where occ(d, e) is the number of occurrences of related entity e in d. w(E, e)
serves as the prior weight of e to E. Here we use e’s IDF (inverse document
frequency) in C(E) to estimate its prior importance to E.
w(E, e) = log

|C(E)|
|{j : e ∈ dj }|

(2)

where |C(E)| is the number of documents in C(E), and |{j : e ∈ dj }| is the
number of documents containing related entity e. Through setting a relevance
threshold, the documents with low relevance scores are removed from the stream
corpus, and the remaining documents compose a candidate relevant document
collection RC(E). In the following work, we perform all experiments on RC(E)
instead of the entire stream corpus for the sake of eﬃciency.

5

Relevance Estimation

5.1

Relevance Evidences

Profile. Each KB entity possesses a proﬁle page either in Wikipedia or on
Twitter. The proﬁle page can be leveraged to diﬀerentiate relevant and irrelevant documents for an entity. We make an assumption that relevant documents
are more similar with proﬁle page in comparison to irrelevant ones. We verify
the assumption in various approaches. In query expansion, we extract named
entities from the proﬁle page as expansion terms for a target entity. In supervised approaches, we develop some similarity features. In Wikipedia, entities’
proﬁle pages are usually organized as diﬀerent sections. Each section introduces
a speciﬁc aspect of the target entity. Relevant documents for a target entity
are possibly highly related with a few of these sections rather than all of them.
Therefore, we calculate similarities between the documents and diﬀerent sections
respectively instead of the whole proﬁle page. These features are listed in the
second block of Table 2, denoted as proﬁle features.
3
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Citations. There usually exists a list of supplementary citations for an entity in
Wikipedia. These existing citations are extremely valuable in identifying relevant
documents. In the reﬁned deﬁnitions of relevance levels, we assume that relevant
documents are more similar with existing citations than irrelevant ones. We also
verify it in various approaches. In query expansion, named entities are extracted
from the existing citations as expansion terms. In supervised approaches, the
similarity between each citation and the document is utilized as training features. These features are listed in the third block of Table 2, denoted as citation
features.
Temporal Signals. CCR is to ﬁlter relevant documents from a temporallyordered stream corpus and entities are evolving with the passage of time. However, semantic features cannot capture the dynamic characteristics of entities in
the stream corpus. Temporal signals have been considered to make up for this
deﬁciency [2,4,17].
The view statistics4 of an entity’s Wikipedia page is adopted as a useful
signal to capture if something important to the entity happens during a given
time period. Nevertheless, Twitter entities do not have oﬀ-the-shelf daily view
statistics as Wikipedia entities. Alternatively, we employ Google Trends5 statistics, which shows how often a particular search term is entered relative to the
total search-volume. Based on these statistics, we can capture temporal signals
for each entity by detecting its bursy activities.
For an entity E, we have a daily view/search statistics sequence v =
(v1 , v2 , · · · , vn ). We detect bursts of E based on v with a tailored moving average
(MA) method [16]. More concretely, for each item vi in v,
1. Calculate moving average sequence of length w as
M Aw (i) =

vi + vi−1 + · · · + vi−w+1
w

2. Calculate cutoﬀ c(i) based on previous MA sequence P reM A
(M Aw (1), · · · , M Aw (i)) as

=

c(i) = mean(P reM A ) + β · std(P reM A ).
3. Detect bursty day sequence d, where d = {i|M Aw (i) > c(i)}.
4. Calculate daily bursty weights
w = {wi |

M Aw (i)
, i ∈ d}
c(i)

The moving average length can be varied to detect long-term or short-term
bursts. We set the moving average length as 7 days (i.e., w = 7). The cutoﬀ
value is empirically set as 2 times the standard deviation of the M A (i.e., β = 2).
4
5
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Moreover, we compact the consecutive days in d into bursty periods. The bursty
weight for each period is calculated as the average weight of all the bursts in
this period.
Given a document D and an entity E, we deﬁne a bursty value b(D, E) to
represent their temporal relation. Let t be the timestamp of D. If t is in one
of E’s bursty periods, denoted as [tstart , tend ], then b(D, E) is calculated by
Equation 3. Otherwise, b(D, E) would be set as 0.
b(D, E) = (1 −

t − tstart
) · bw(tstart ,tend ) (E),
tend − tstart

t ∈ [tstart , tend ]

(3)

t−tstart
where 1 − tend
−tstart is a decaying coeﬃcient reﬂecting the intuition that the
documents appear at the beginning of a burst are more informative than those
appear at the end.

5.2

Approaches

Query Expansion. We consider query expansion as one baseline, since each
document obtains a relevance score (i.e., rel(D, E)) after the ﬁltering step as
described in Section 4. The relevance score can be converted to the conﬁdence
score conveniently.
Classification. CCR is usually considered as a binary classiﬁcation task which
categories documents into diﬀerent relevance levels. In our internal test, random
forests outperforms other classiﬁers, such as SVM and logistic regression. So
we employ random forests classiﬁer in our experiments. Two classiﬁers are built
with diﬀerent features, denoted as Class and Class+ respectively. Class is built
with the basic features in Table 2, while Class+ is built with the whole features
in Table 2.
Learning to Rank. If we consider the diﬀerent relevance levels as an ordered
sequence, i.e., vital > usef ul > neutral > garbage, CCR becomes a learning to
rank (LTR) task. Two ranking models are built, denoted as Rank and Rank+
respectively. Rank is a LTR model built with the basic features in Table 2, while
Rank+ is a LTR model built with the whole features in Table 2.

6
6.1

Experimental Evaluation
Evaluation Metrics

A CCR system is fed with documents in a chronological order and outputs a conﬁdence score in the range of (0,1000] for each document-entity pair. There are two
metrics to evaluate the performance: max(F (avg(P ), avg(R))) and max(SU ).
Scaled Utility (SU) is a metric introduced in ﬁltering track to evaluate the ability of a system to separate relevant and irrelevant documents in a stream [15].
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Table 2. Feature set employed in supervised approaches

Feature
Description
Basic Features
N (Erel )
# of entity E’s related entities found in its proﬁle page
N (D, E)
# of occurrences of E in document D
# of occurrence of the related entities in D
N (D, Erel )
F P OS(D, E)
ﬁrst occurrence position of E in D
F P OS(D, E) normalized by document length
F P OSn (D, E)
LP OS(D, E)
last occurrence position of E in D
LP OS(D, E) normalized by document length
LP OSn (D, E)
Spread(D, E)
LP OS(D, E) − F P OS(D, E)
Spread(D, E) normalized by document length
Spreadn (D, E)
Profile Features
Simcos (D, Si (E)) cosine similarity between D and the ith section of E’s proﬁle
Simjac (D, Si (E)) jaccard similarity between D and the ith section of E’s proﬁle
Citation Features
Simcos (D, Ci )
cosine similarity between D and the ith citation of E
jaccard similarity between D and the ith citation of E
Simcos (D, Ci )
Temporal Feature
burst value(D, E) burst value calculated by Equation 3

A cutoﬀ value is varied from 0 to 1000 with some step size and the documents
with the scores above the cutoﬀ are treated as positive instances. Correspondingly, the documents with the scores below the cutoﬀ are negative instances.
The primary metric max(F (avg(P ), avg(R))) is calculated as follows: given
calculated respectively,
then
a cutoﬀ c and an entity Ei , Pi (c) and Ri (c) are


N

P (c)

N

R (c)

macro-average them in all entities, avg(P ) = i=1N i . avg(R) = i=1N i ,
where N represents the quantities of entities in the target entity set. Therefore,
F is actually a function of the relevance cutoﬀ c, and we select the maximum
F to evaluate the overall performance of a CCR system. In a similar manner,
max(SU ) is calculated as an auxiliary metric.
6.2

Filtering Evaluation

This section evaluates the ﬁltering performance of our entity-centric QE method
in comparison to the oﬃcial baseline of TREC-KBA-2013 track, which is a baseline that annotators manually generate a list of reliable queries of each entity for
ﬁltering. We calculate the best recall of diﬀerent methods through setting the
cutoﬀ as 0, in which case all remaining documents after ﬁltering are considered
as positive instances. Meanwhile, corresponding precision, F 1 and SU measures
are taken into account. The results are reported in Table 3.
From the perspective of SU , our entity-centric QE method achieves the
best ﬁltering results in both scenarios. Moreover, in vital only scenario, the
QE method outperforms the baseline on all metrics. In vital + useful scenario,
although recall of our QE method is not best, it achieves the overall best F 1
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and SU . This reveals that our ﬁltering method can comprise between precision
and recall to reach an overall optimal ﬁltering performance.
Table 3. Filtering results when setting cutoﬀ value as zero to maximize recall
Vital
Vital + Useful
P
R F1 SU P
R F1 SU
Oﬃcial Baseline .166 .705 .268 .139 .503 .855 .634 .523
QE
.175 .721 .281 .146 .520 .850 .645 .544
Method

6.3

Relevance Estimation Evaluation

Results and Discussion. All the results of our approaches are reported in
Table 4. For reference, the oﬃcial baseline and two top-ranked approaches in
TREC-KBA-2013 track are also included. The oﬃcial baseline assigns a “vital”
rating to each document that matches a surface form of an entity and estimates
a conﬁdence score based on the length of the observed name [9]. The UMass
approach derives a sequential dependent retrieval model which scores documents
by frequency of unigrams, bigrams and windowed bigrams of the target entity
name [7]. The UDel approach is a query expansion approach, which tunes the
weights of the expansion terms with training data [13]. Figure 1 illustrates the
Table 4. Results of all experimental approaches. All the measures are reported by the
KBA oﬃcial scorer with cutoﬀ-step-size=10. Best scores are typeset boldface.
Vital Only
Vital + Useful
max(F (avg(P ), avg(R))) max(SU ) max(F (avg(P ), avg(R))) max(SU )
QE
.281
.170
.645
.544
U niClass
.291
.219
.644
.544
U niClass+
.300
.222
.660
.568
U niRank
.285
.260
.644
.544
U niRank+
.290
.253
.651
.560
Of f icialBaseline
.267
.174
.637
.531
U M ass [7]
.273
.247
.610
.496
U Del [13]
.267
.158
.611
.515
Run

macro-averaged recall and precision measures of the approaches listed in Table 4.
The parallel curves are contour lines of max(F (avg(P ), avg(R))) measure. The
approaches in upper right perform better than the lower left ones.
As shown in Table 4, in vital + useful scenario, both UDEL and UMASSthe
approaches cannot perform as well as the oﬃcial baseline. In vital only, UMass
approach beats the oﬃcial baseline less than 1% on overall max(F ). Nevertheless, all our approaches outperform the oﬃcial baseline notably. Moreover, our
approaches outperform the others on separate measures for Wikipedia and Twitter entities respectively.
Generally, supervised approaches have more potential than unsupervised
approaches in both scenarios. Even the classiﬁcation and LTR approaches merely
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Fig. 1. Macro-averaged recall versus precision with curves of constant F1

utilizing the basic feature set, i.e., UniClass and UniRank, achieve comparative performance with unsupervised approaches. After being augmented with the
supplemental features, supervised approaches achieve more promising results.
As illustrated in 1(a) and 1(b), though our QE approach can achieve high
recall among all approaches, the precision is not satisfactory. This may be
resulted from our equally weighting strategy for expansion terms. UDel approach
weights expansion terms with the help of training data and achieves higher precision than our QE approach in both scenarios. We believe our query expansion
approach can be improved by introducing better weighting strategies.
UniClass+ outperforms UniClass on all metrics prominently. Since the
only diﬀerence is whether to include 3 extra types of features developed from
relevance evidences, the new features are indeed helpful in CCR. Furthermore,
according to Figure 1, these features can improve both precision and recall of
classiﬁcation approaches. Similar to classiﬁcation approaches, in both scenarios,
UniRank+, achieves better results than its baseline UniRank.
6.4

Feature Analysis

In this section, we concentrate on UniClass+ and explore the impacts of the
proposed features in two scenarios. We perform a ﬁne-grained feature analysis
with the help of information gain (IG). Table 5 demonstrates the IG values of
the proposed features in diﬀerent scenarios. The maximum, mean and median
IGs achieved by basic features are also reported for reference (i.e., max, mean,
min in Table 5).
Generally, the three types of proposed features perform better than the basic
features in both scenarios. As we have stated, CCR is not just a text classiﬁcation
task, so basic text features are not so signiﬁcant as the developed feavotures according to the reﬁned deﬁnitions. The temporal feature, i.e., burst value works best in
vital only scenario, verifying our assumption that vital documents are more likely
to appear in “bursty” periods of an entity. The temporal feature also works considerably well in vital + useful scenario, revealing that useful documents distribute
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depending on vital documents to a certain extent. This phenomenon inspires us to
explore more precise boundary between vital and useful in future.
Table 5. Information gain values of diﬀerent features
Information Gain
Feature
vital only vital+useful
Burst V alue(D)
0.130
0.287
avg(Simcos (D, Si (E))) 0.069
0.145
0.150
avg(Simjac (D, Si (E))) 0.058
avg(Simcos (D, Ci ))
0.028
0.083
0.052
0.108
avg(Simjac (D, Ci ))
max
0.121
0.175
mean
0.037
0.053
median
0.010
0.039

7

Conclusion

The objective of CCR is ﬁltering vitally relevant documents from a huge timeordered stream corpus and then separating them into diﬀerent relevance levels.
The key challenge is how to classify candidate documents into diﬀerent relevance
levels accurately due to the unclear deﬁnitions of them. Apart from the labeled
data, we proposed two assumptions based on three relevance evidences to enrich
the deﬁnitions. The relevance evidences include the proﬁles of KB entities, existing citations in KB and temporal signals. Under the guidance of the reﬁned definitions, we investigated three mainstream CCR approaches in two scenarios.
The experimental results validated the eﬀectiveness of our assumptions. In addition, we developed an entity-centric query expansion method to ﬁlter the volume
stream corpus and reduce the amount of documents into a considerable size.
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Abstract. Relevance search is a primitive operation in heterogeneous information
networks, where the task is to measure the relatedness of objects with different
types. Due to the semantics implied by network links, conventional research on
relevance search is often based on meta-path in heterogeneous information networks. However, existing approaches mainly focus on studying non-signed information networks, without considering the polarity of the links in the network. In
reality, there are many signed heterogeneous networks that the links can be either
positive (such as trust, preference, friendship, etc.) or negative (such as distrust,
dislike, opposition, etc.). It is challenging to utilize the semantic information of the
two kinds of links in meta-paths and integrate them in a unified way to measure
relevance.
In this paper, a relevance search measure called SignSim is proposed, which
can measure the relatedness of objects in signed heterogeneous information networks based on signed meta-path factorization. SignSim firstly defines the atomic
meta-paths and gives the computing paradigm of similarity between objects with
the same type based on atomic meta-paths, with collaborative filtering using positive and negative user preferences. Then, on basis of the combination of different
atomic meta-paths, SignSim can measure the relatedness between objects with
different types based on multi-length signed meta-paths. Experimental results on
real-world dataset verify the effectiveness of our proposed approach.
Keywords: Relevance search · Signed heterogeneous information network ·
Meta-path factorization

1

Introduction

Heterogeneous information networks are logical networks involving multiple typed
objects and multiple typed links denoting different relationships, such as bibliographic
networks, social media networks, and the knowledge network encoded in Wikipedia
[1, 19]. In many heterogeneous information networks, the links could have positive or
© Springer International Publishing Switzerland 2015
J. Li and Y. Sun (Eds.): WAIM 2015, LNCS 9098, pp. 181–192, 2015.
DOI: 10.1007/978-3-319-21042-1_15

182

M. Zhu et al.

negative polarity denoting the positive or negative views and opinions of people. For
instance, in Epinions network, consumers rate the products expressing viewpoints of
likes or dislikes; in Slashdot Zoo, users can tag others as friends or foes. Such activities
constitute the meaningful signed heterogeneous information networks, where links can
be positive (“like”, “trust”) or negative (“dislike”, “distrust”).
In recent years, relevance or similarity search on heterogeneous information networks has attracted remarkable research interest [6, 11, 12, 13, 14]. By considering
different linkage paths in the network, one could derive various relevance semantics,
therefore, conventional work on relevance search usually take advantage of the various meta-paths which may contain different relevance semantics between objects. A
meta-path is a path consisting of a sequence of relationships defined between different
types of objects, namely the structural paths at the meta level. However, conventional
research mainly focuses on non-signed information network, without considering the
polarity of the links in the network.
The relevance could be computed simply based on meta-path in non-signed information networks. However, it is challenging to define the semantic information of
meta-paths with negative links in a signed heterogeneous information network, especially when several different negative links exist simultaneously in one path, making
the semantic more ambiguous. Directly utilizing previous meta-path-based methods to
relevance search in signed heterogeneous networks might get undesirable or even
totally opposite results. Therefore, it is challenging to model the meta-paths with both
negative and positive links for relevant search in signed heterogeneous information
networks.
In this paper, we propose a novel relevance search approach called SignSim to
measure the relatedness of objects with different types in signed heterogeneous information network based on signed meta-path factorization. SignSim firstly defines
the atomic meta-paths, based on which the computing paradigm of the similarity between objects with the same type, with collaborative filtering using positive and negative user preferences. Then, on basis of the combination of different atomic meta-paths, SignSim can measure the relatedness between objects with different types
based on multi-length signed meta-paths.
The main contributions of this paper can be summarized as follow. (1)For the first
time, to the best of our knowledge, we investigate the problem of relevance search in
signed heterogeneous information networks. (2)A novel signed meta-path factorization based approach named SignSim for relevance search in signed heterogeneous
information networks is proposed. To measure the relatedness between objects of
different types, SignSim can effectively capture the positive and negative link semantics along the meta-paths. (3)Experiments on real-world dataset demonstrate the effectiveness of SignSim, by comparison with state-of-the-art approaches on non-signed
heterogeneous information network.
The rest of the paper is organized as follows. We introduce the concepts and definitions in Section 2. The details of SignSim are given in Section 3. In section 4, extensive experiments on real data are performed to evaluate the effectiveness of our
method. We discuss related work in Sections 5, and conclude the study in Section 6.
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Problem Statement

In this section, we introduce some concepts and notations to help us state the studied
problem.
Definition 1. (Signed Heterogeneous Information Network): A signed heterogeneous
information network is an undirected graph G =(V, E) with an object type mapping
function τ: V→A and link type mapping function ϕ: E→R and |A|>1, |R|>1. Each object
v V belongs to a particular object type τ(v) A and each link e E belongs to a particular relation ϕ(e) R. For each link e E, it has polarity s(e) {Positive, Negative}.
As an example, a toy IMDB network is given in Fig.1. It is a typical signed heterogeneous information network, containing five types of objects: users (U), movies
(M), genres (G), directors (D), and actors (A).

∈

∈

∈

Fig. 1. A signed IMDB network

∈

∈
∈

Fig. 2. The signed network schema of IMDB

Definition 2. (Signed Network Schema): The signed network schema, denoted as
TG=(A, R), is a meta-level template for a signed heterogeneous network G=(V, E) with
the object type mapping τ: V→A and the link type mapping ϕ: E→R. In network
schema, the nodes are the types of objects, and the edges are relationships between
types, guiding the exploration of the semantics in the network.
For the IMDB network defined in Fig.1, the network schema is shown in Fig.2. The
links between users and movies denote the rating or rated-by relationships with positive
or negative polarities, while the links between movies and other types of entities only
have the positive polarity.
Definition 3. (Signed Meta-path): The signed meta-path is a directed path defined on
the signed network schema TG = (A, R) of a graph G. A meta-path can be formally
l
denoted as P = A0 ⎯ ⎯ R⎯ ⎯→ A1 ⎯ ⎯ R⎯ ⎯→ . . . ⎯ ⎯ R⎯
⎯→ AL , which is a
meta-level description of a path instance between two objects with type A0 and type Al
respectively, usually abbreviated as R1R2···RL or A0A1···AL .
1

2

Definition 4. (Atomic Meta-path): Atomic meta-path is a minimum part of a signed
meta-path that can be used to compute the similarity between objects of the same type.
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Definition 5. (Meta-path Factorization): Meta-path factorization splits a signed
meta-path into multiple atomic meta-paths, and then the relatedness between objects
from different types can be computed based on the signed meta-paths.
For instance, U (users)−>M (movies)−>U (users)−>M (movies) is one of the meta-path of the network schema shown in Fig.2. It denotes that two users have rated the
same movie, and the second user also rated another movie. To get the relatedness
between users and movies based on meta-path UMUM, SignSim uses meta-path factorization and splits the meta-path into UMU and UM. UMU is an atomic meta-path,
based on which the similarity between users can be measured. UM is not an atomic
meta-path, but based on UM the relevance between users and movies can be computed
directly. Then SignSim combines the computing results and gets the final relevance.
Problem Statement. (Relevance Search on Signed Heterogeneous Network): In a
signed heterogeneous information network G=(V, E), for a given node s ∈V and target type T, how to find the nodes in V of type T which are most relevant to s.

3

SignSim: A Relevance Measure

In this section, we elaborate a signed meta-path-based relevance framework and a novel
relevance measure under this framework, SignSim. Taking Fig.1 for example, SignSim
calculates the relatedness between users and movies based on multiple signed meta-paths.
3.1

Framework

Due to the signed meta-path has positive or negative polarity, we cannot directly use
the meta-path-based relevance measure to compute the relevance between objects from
different types in the signed heterogeneous information network. Therefore, SignSim
first splits the signed meta-path, getting computable atomic meta-paths, and then
combines the computing results.
SignSim mainly has two points: (1) It splits the meta-path into multiple atomic meta-paths, and computes the similarity between objects of the same type based on the
atomic meta-paths. (2) It determines the possibility space of the target nodes, and
computes the relevance between objects of different types based on the combination of
the similarity computed by various atomic meta-paths.
The signed meta-paths can be obtained by traversing on the network schema using
BFS (breadth first search) [7]. Then the atomic meta-paths can be got by meta-path
factorization. In meta-path factorization, we always find the first match to the atomic
meta-path, and then repeat the above procedure on the remaining meta-path. We separate out the mismatch path and call them redundant meta-path. For example, from
the IMDB network schema shown in Fig.2, we can get the meta-path
P = U ⎯ ⎯ R⎯ ⎯
→ M ⎯ ⎯ R⎯ ⎯→ A ⎯ ⎯ R⎯ ⎯→ M ⎯ ⎯ R⎯ ⎯→ A ⎯ ⎯ R⎯ ⎯→ M . It can be
decomposed to redundant meta-path P 1 = U ⎯ ⎯ R⎯ ⎯→ M , atomic meta-path
1

2

3

4

5

1

R
R
and P 3 = M ⎯⎯⎯⎯
→ A ⎯⎯⎯⎯
→ M . The algorithm of
meta-path factorization is shown in Algorithm 1.

P 2 = M ⎯ ⎯ R⎯ ⎯→ A ⎯ ⎯ R⎯ ⎯→ M
2

3

4

5
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Algorithm 1. Meta-path Factorization
Input: P : the meta-path; m: the number of nodes of the meta-path
Output :

Pi

: the atomic meta-path

1 j
1, k
2, k'
1
2 while k<=m do
3
for i=k'; i<k; i++ do
4
if the i-th node and the k-th node of meta-path are the same then
5
k'
k
6
output path between two nodes as the atomic meta-path
7
end if
8
end for
9
k
k+1
10 end while
11 output all remaining paths as the redundant meta-path

The main idea of SignSim can be expressed by following three formulas.

P = P1P2...Pi ...Pn

(1)

Formula (1) represents the decomposition of meta-path

P

, andP i (1 <= i <= n) is

the atomic meta-path or redundant meta-path.

Ui =



oi −1 ∈Ui −1

s(oi −1, oi |Pi −1 ) and U1 = o1

(2)

In formula (2), Ui is the possible target node space of the node oi, s (oi −1 , oi | P i −1 ) is
the set of the object oi positively related to object oi-1 based on meta-path P i −1 .
signsim(o1 , on |P ) =

  ... 

o2∈U 2 o3∈U 3

on −1∈U n −1

sim(o1 , o2 |P1 )...sim (on −2 , on −1 |P n −2 ) sim (on −1, on |P n −1 )

(3)
In formula (3), sim (oi −1 , oi |P i −1 ) is the relatedness between objects oi-1 and oi based
on meta-path Pi −1 .
3.2

Atomic Meta-path-Based Similarity Measure

In this section, taking IMDB network as an example, we present how to construct
atomic meta-paths and measure the similarity between objects of the same type. Based
on Algorithm 1, we find out three kinds of atomic meta-paths.
Atomic Meta-path: UMU. The atomic meta-path UMU describes the two users seeing
the same movie. It contains two edges and both of them are signed. The similarity
between the two users is measured based on this atomic meta-path.
We construct an n*m adjacency matrix WUM = vi j 
between users and movies in


n×m

the network, denoting the degree of user's preference to the movie. The m is the number
of movies and n is the number of users. We denote the row of the matrix with vector ui,
in which i(1<=i<=n) is the row number. The similarity between the two users ui and uj
is measured by cosine similarity based on vector space model. That is:
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 1
v ij =  − 1
 0
s im (u i , u

j

u s e r u i e n jo y m o v i e m

j

u s e r u i d o e s n ' t e n j o y m o v ie m
u s e r u i n e v e r se e m o v ie m j

| U M U ) = c o s (u i , u j ) =

ui *u j
ui * u j

j

(4)

If sim (u i , u j | UMU ) ≥ ζ, the user ui is considered as similar to the user uj. ζ is a
threshold parameter , which will be discussed in the experiments.
Atomic Meta-path: MUM. The atomic meta-path MUM describes the two movies
seen by the same user. It contains two edges and both of them are signed. The similarity
between two movies is measured based on the atomic meta-path.
We can measure the similarity between two movies based on the same adjacency
matrix as presented above. We denote the row of matrix with vector mi. The similarity
measure between movies mi and mj is:
(5)
mi *m j
i
j
s im ( m i , m j | M U M ) = c o s ( m , m ) =

mi * m

j

Atomic Meta-path: MPM. The atomic meta-path MPM describes the two movies
having common attributes (genres, directors, or actors). Here P represents G (genres),
D (directors), and A (actors). It contains two edges and neither of them is signed. It is
used to represent the relationship between movies and their various properties. The
similarity between two movies can be measured by this atomic meta-path, just like
formula (4) and (5).
3.3

Signed Meta-path-based Relevance Measure

For non-atomic meta-paths, we measure the relevance between objects by signed
meta-path factorization. Different paths represent different semantics, thus path selection is essential to measure the relevance between objects from different types. The
length of the meta-path may also affect the performance, and the previous works have
shown that the accuracy will decrease as the length increases [6, 14]. In this section, we
only study the meta-paths whose length is less than five.
Redundant Meta-path: UM. The redundant meta-path UM, containing a signed edge,
describes the movie seen by the user, and the relevance between user u and movie m
can be measured based on it. The relevance based on redundant meta-path can be
computed directly without meta-path factorization. That is:

(6)
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（u

D−

i

（u

D+

i

UM )

UM )
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is the neighbor set of node ui based on positive edges of UM, and

is the neighbor set of ui based on negative edges of UM.

Meta-path: UMUM. The meta-path UMUM contains three edges and all of them are
signed. For measuring the relevance between users and movies based on UMUM, we
split it into one atomic meta-path UMU and one redundant meta-path UM, and compute
the similarity or relevance respectively, then combine the computing results. Intuitively, the factorization means we find out the most similar users to the source user, and
then we collect a set of favorite movies of these most similar users to the source user.
The procedure can be formally depicted as follows:
U 2 = s(u, u2 | UMU )

signsim (u , m | UMUM ) =



sim(u , u2 | UMU ) sim(u2 , m | UM )

(7)

u2 ∈U 2

where s (u, u2 | UMU ) is the set of users that u is similar to, and sim(u2 , m | UM ) is the
relatedness between u2 and m based on meta-path UM .
Meta-path: UMUMUM. This meta-path contains five edges and all of them are
signed. For measuring the relevance between users and movies, we split the meta-path
UMUMUM into UMU, UMU, and UM. Similarly, we first find out a set U2 of most
similar users with the source user based on meta-path UMU. Then, we find out a set U3
of most similar users with users of set U2 based on meta-path UMU. Finally, we collect
a set of favorite movies of these users of set U3. The procedure can be formally depicted
as follows:
U 2 = s (u , u2 | UMU )
U3 =



s (u2 , u3 | UMU )

u2 ∈U 2

signsim(u, m | UMUMUM) =

  sim(u,u | UMU)sim(u , u | UMU)sim (u , m| UM)
2

2

3

3

(8)

u2∈U2 u3∈U3

Meta-path: UMPM. This atomic meta-path contains three edges and one of them is a
signed edge. For measuring the relevance between users and movies, we split this
meta-path into one redundant meta-path and one atomic meta-path, which are UM and
MPM.
Meta-path: UMPMPM. This meta-path contains five edges and one of them is signed.
For measuring the relevance between users and movies, we could split it into one
redundant meta-path and two atomic meta-paths, which are UM, MPM and MPM.
Meta-path: UMPMUM. This meta-path contains five edges and of which three are
signed. For measuring the relevance between user and movie, we could split this meta-path into three meta-paths, which are UM, MPM, and MUM.
Meta-path: UMUMPM. This meta-path contains five edges and of which three are
signed. For measuring the relevance between user and movie, we could split it into
three meta-paths, which are UMU, UM, and MPM.
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4

Experiments

4.1

Experimental Setup

Dataset. In this section, we evaluate the effectiveness of the proposed SignSim approach with comparison to existing relevance search algorithms on the real dataset
hetrec2011-movielens [18]. The dataset contains 2,113 users, 10,197 movies, 20 movie
genres, 4,060 directors, and 11,019 actors. We extract the first two actors according to
the actor ranking of movies. On average, there are 2.04 genres, 2 actors and 1 director
per movie. By calculating the average ranking of movies given by users, a signed
heterogeneous information network can be built on this dataset which contains five
types of objects: user, movie, director, actor and genre.
Evaluation Metric. To evaluate our approach, we first sort all the rating records in the
dataset according to the timestamp. For each user, the latest 30% movies he or she has
rated are selected as testing data and the old ones are selected as training data. When
conducting relevance search, we generate a list of K movies named Ru for each user u.
If the testing movie appears in the result list, we call it a hit. The mean hit of movie
rating can be calculated as follows:
∑
,
∑

where I(·) is an indicator function, Ru is a set of top-K movies recommended to user u, Tu is
the set of testing movies of user u, r(u,m) is the rating on movie m by user u. We use MRu
to evaluate the relevance search results. We select the following approaches as baselines:
MatrixCal: MatrixCal is the naïve algorithm to calculate relevance between users and
movies. User’s preference matrix was calculated to represent the preference to the
movie features (such as directors, actors, genres). The feature matrix of movies was
also obtained. Then the preference matrix and feature matrix were multiplied together.
HeteSim: HeteSim[14] can measure the relatedness of objects with the same or different
types in heterogeneous networks. The relatedness of object pairs is defined based on the
search path that connects two objects through following a sequence of node types.
4.2

Experimental Results

Case Study. In the following experiments, we set parameters ζ=0.1 and K=5 that ζ is
the similarity threshold of objects in the same type and K is a parameter to control the
number of movies recommended, and single out a user with ID 7815 as the source user.
Table 1 shows the top K search results of SignSim with varied meta-paths. We
compare MRu of SignSim with two baselines, MatrixCal and HeteSim, and show the
results in Table 2. In both tables, the bold items mean the searched movies are hit, and
the figures in brackets denote the score rated by the user.
As we can see in Table 1, the search results based on short meta-paths are much
better than those based on long meta-paths, so the length of meta-path is critical to
measure the relevance of objects. Table 2 shows the results with different algorithms.
The results given by SignSim are better than the two baselines.
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Table 1. The results of different signed meta-paths in SignSim

UMUM
The Usual Suspects 5.0
The Shawshank
Redemption

（ ）

（ ）

American Beauty
4.5
Shichinin
no
samurai 3.5
Trainspotting

（ ）

（4.5）

Sicko

UMPM

UMPMUM
Red Dust

UMUMUM
The Shawshank Redemption

Heavenly Creatures

Ruby Cairo

King Kong

The Bad and the
Beautiful
Arabian Nights

The Usual Suspects
5.0
American
Beauty
4.5
Shichinin no samurai 3.5
Monty Python and the
Holy Grail

JLG/JLG -autoportrait
de décembre
The
Endurance:
Shackleton's Legendary Antarctic Expedition

Small Faces

（ ）
（ ）
（ ）

Table 2. The results of different approaches

（ ）

SignSim
The Usual Suspects 5.0
The Shawshank Redemption
American Beauty 4.5
Shichinin no samurai
3.5
Trainspotting

（ ）

（ ）

（ ）

MatrixCal
This Is Spinal Tap
Finding Neverland

HeteSim
Sicko 4.5
Star Wars: Episode I - The
Phantom Menace
Super Size Me
Unprecedented: The 2000
Presidential Election
Believers

Casanova
Recount
The Bourne Supremacy

Quantitative Comparison. In this section, we quantitatively compare the proposed
SignSim with two baselines. Fig.3 shows the results of different algorithms. One can
see that the average rating for all users calculated by SignSim is higher than that by
HeteSim and MatrixCal.
As mentioned above, the length of meta-path can significantly affect the relevance
search performance. In SignSim, the accuracy of the relevance decreases as the meta-path length increases. Fig.4 shows the effect of different length of meta-paths.

4

4.5

SignSim
HeteSim
MatrixCal

3.5
3
2.5

Fig. 3. The results of different algorithms

4

average rating

average rating

4.5

UMPM
UMUM
UMPMUM
UMUMUM

3.5

3

2.5

Fig. 4. The results of various meta-paths
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4.5

4.5

4

4

average rating

average rating

Parameter Analysis. In this section, we will study the effect of parameter K and
threshold ζ. K is used to control the amount of movies that we recommend to users
and ζ is used to control the similarity between the same types of objects.
Fig.5 shows the results with various K values. One can see from Fig.5 that the performance shows a decrease trend with the increase of parameter K, which means a
larger K can hurt the accuracy.

3.5
UMUM
UMUMUM
UMPM
UMPMUM

3

2.5

5

10

15

20

25

Fig. 5. The effect of parameter K

30

3.5

UMUM
UMPMUM
UMUMUM
UMPM

3
2.5
0.05

0.06

0.07

0.08

0.09

0.1

Fig. 6. The effect of parameter ζ

Fig.6 shows the performance of SignSim with the varied threshold parameters. One
can see from Fig.6 that the performance of SignSim increases as the ζ increases for
the meta-paths of UMUM, UMPM and UMUMUM, which means a higher similarity
between the same type of objects helps to improve the final search accuracy, although
the growth trend is not significant. As for UMPMUM before ζ=0.08, the performance
decrease as the ζ increases and after ζ=0.08, the performance increase slowly. On the
whole, SignSim can get a fairly better performance when ζ=0.06.
As to meta-path UMUMPM and UMPMPM, due to the space limit, we do not describe them in detail here. Their results are similar to those of other meta-paths.

5

Related Work

Relevance search on information network has gained wide attentions from researchers in
link prediction [1, 7, 8, 9, 10], clustering [3], similarity query [6], text mining [2], etc.
The most related work to relevance search is similarity search. Similarity calculation is
used to measure the degree of similarity between two nodes, commonly used in data
mining and natural language processing. Research on similarity search has made many
significant achievements in recent years. Without considering the polarity of the edge
in heterogeneous information network, i.e. links are all positive, similarity search
broadly divided into two types: feature-based approach and link-based approach.
Feature-based measurement method is based on the characteristics of the object.
Vector space model (VSM) is the most widely used similarity calculation model, in
which objects are represented as vectors. However, feature-based approaches do not
take the links between objects into account, so they cannot apply to network data.
Link-based approach is based on topological similarity of the object. SimRank [4] is a
general algorithm determined only by the similarity of structural context, where two
objects are similar if their neighbors are similar. Due to its relatively high computational
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complexity, most of the follow-up studies focus on how to improve the efficiency of the
algorithm [17]. SCAN [2] is a structure clustering algorithm, which calculates the similarity between two objects through comparing their neighbor sets, while [6] proposed a
meta-path-based similarity measure PathSim, which considers that objects are not only
share similar visibility in the network but also strongly connected with each other.
However, this approach just considers the objects with the same type. Different from the
above study, HeteSim [14] is able to measure the correlation between two objects of
different types based on arbitrary search path in heterogeneous information network.
However, all of these methods don’t consider the link polarity, i.e., their studies are built
on a fundamental assumption that all edges are positive.
There are some works [5, 13, 15, 16] discussing the trust prediction task in social
networks which have both positive and negative links. The majority of those studies
focus on homogeneous networks which have only one type of objects and one type of
links. However, many networks in the real world, such as Epinions, Slashdot Zoo, and
Wikipedia, are both signed and heterogeneous composed of multiple types of objects
and multiple types of links. Therefore it is necessary to study new methods to address
knowledge discovery in signed heterogeneous network.

6

Conclusion and Future Work

In the paper, we study the relevance search problem in signed heterogeneous information networks. A novel relevance search approach called SignSim is proposed. Based
on signed meta-path factorization, SignSim is able to find the most relevant objects
with various types to a given object in the signed heterogeneous information networks. SignSim first splits the signed meta-path into multiple atomic meta-paths. By
utilizing the atomic meta-paths, SignSim next proposes to measure the similarity between objects of the same type. Finally, SignSim integrates various similarity results to
measure the relatedness between objects from different types based on non-atomic
signed meta-paths. Experimental results on a real-world dataset verify the effectiveness
of the approach. In this paper, we only study the relevance based on individual signed
meta-paths. Our future work will consider the combination of different signed meta-paths to get global relevance.
Acknowledgments. This work was supported by the National Natural Science Foundation of
China (Grant No.61303005, No.61170052), the Natural Science Foundation of Shandong
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Abstract. Using query logs to enhance user experience has been extensively studied in the Web IR literature. However, in the area of keyword search on structured data (relational databases in particular), most
existing work has focused on improving search result quality through
designing better scoring functions, without giving explicit consideration
to query logs. Our work presented in this paper taps into the wealth
of information contained in query logs, and aims to enhance the search
eﬀectiveness by explicitly taking into account the log information when
ranking the query results. To concretize our discussion, we focus on
schema-graph-based approaches to keyword search (using the seminal
work DISCOVER as an example), which usually proceed in two stages,
candidate network (CN ) generation and CN evaluation. We propose a
query-log-aware ranking strategy that uses the frequent patterns mined
from query logs to help rank the CN s generated during the ﬁrst stage.
Given the frequent patterns, we show how to compute the maximal score
of a CN using a dynamic programming algorithm. We prove that the
problem of ﬁnding the maximal score is NP-hard. User studies on a real
dataset validate the eﬀectiveness of the proposed ranking strategy.

1

Introduction

The success of keyword queries as a common way of Web search and exploration
has spurred much interest in the research community in supporting eﬀective and
eﬃcient keyword search in relational databases. It allows information retrieval (IR)
from the databases by simply giving a set of keywords, without requiring users to
know either query languages (such as SQL) or the database schema. A large body
of literature has appeared in this area, which can be broadly classiﬁed into two
categories: the schema-graph-based approach (e.g., DISCOVER [1], and SPARK
[2]) and the data-graph-based approach (e.g., BANKS [3], and Blinks [4]).
Our work presented in this paper is along the direction of schema-graphbased approaches. For a given query consisting of one or more keywords, the
schema-graph-based approach ﬁrst locates the relations that contain the keywords, and for each such relation, generates a tuple set that consist of only the
tuples matching a given keyword. It then generates candidate networks (CN s)
where each CN corresponds to a join expression of the tuple sets. The ﬁnal
step is to evaluate all the generated CN s to produce join networks of tuples,
c Springer International Publishing Switzerland 2015
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which are presented as answers to the users. Recent work along this direction
has attempted to improve the eﬀectiveness of the search through better ways
of ranking the ﬁnal results. For example, some authors (e.g., [2,5,6]) address
the eﬀectiveness issue by leveraging the relevance-ranking strategies which have
been proved eﬀective over text data.
Despite the recent advances in keyword search over databases, very few work
explicitly incorporate query feedback into the ranking of query results. For example, in DISCOVER, the CN generation step simply outputs all the generated
CN s in ascending order by the number of joins. User preferences are not explicitly considered during the whole process. This is also true for other existing
keyword search methods. In contrast, a user is more likely to ﬁnd the answer
he/she is interested in if his/her preference (captured through search history,
etc.) is taken into account when ranking the results.
As an example, consider the following scenario. Company XY Z is a wholesale supplier with geographically distributed warehouses, each of which serves
several sales districts. A database D is used to manage the information of the
company’s products and customers. D consists of seven tables with the following schema: warehouse(warehouseID, . . . ), district(districtID, warehouseID,
. . . ), customer (customerID, districtID, warehouseID, . . . ), item(itemID, . . . ),
stock (itemID, warehouseID, . . . ), order (orderID, districtID, warehouseID, customerID, . . . ), orderline(orderID, number, itemID, . . . ) . We assume that the
warehouses are named W1 , W2 , . . . , Wm and items I1 , I2 , . . . , In . Intuitively, users
of D from diﬀerent departments of the company would want diﬀerent information
from the database even when they issue the same query. For example, when an
employee from the sales department issues a query “Wi , Ij ”, she is likely to prefer retrieving information regarding the sales of Ij in warehouse Wi . Therefore,
search results corresponding to the join item  orderline  order  warehouse
should be promoted towards the top of the ranked list of results. This preference
can be naturally reﬂected in the query log through past queries issued by her or
her colleagues in the sales department. In contrast, an employee from the distribution department, who often checks stock and distributes goods from warehouses to stores, may prefer the stock information of item Ij in the warehouse
Wi (item  stock  warehouse) for the same search. Again, this preference can
be reﬂected in the log of past queries.
In this paper, we introduce a new ranking strategy to adapt the ranking of
query results to user preferences. Query logs, which record the queries along with
the results chosen by users for each query, are the source of user feedback. We ﬁrst
mine the frequent patterns in the query log. For a given query, we then score
all CN s obtained by a standard CN -generating algorithm, such as that from
DISCOVER, by a new scoring function that combines the score based on the
user query log and the score on the CN size through normalization and weighting.
The re-ranked CN s can better reﬂect user preferences. The above scoring process
involves a NP-hard problem, which is proved. To solve the problem, we present a
dynamic programming algorithm. The experiments we conducted on the DBLP
dataset demonstrate the eﬀectiveness of our strategy.
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Our main contributions can be summarized as follows.
– We propose a novel ranking strategy to re-rank the CN s utilizing frequent
patterns mined from user query logs.
– We prove the hardness result on the scoring problem, and provide an optimal
dynamic programming algorithm.
– Extensive experiments and user studies are conducted to evaluate the proposed ranking strategy, and conﬁrm its eﬀectiveness.
The rest of the paper is arranged as follows. Section 2 provides an overview
of related work. Section 3 deﬁnes some related basic concepts. Section 4 presents
our ranking strategy based on query log and the NP-hard problem. Section 5
reports the experimental results. We conclude this paper in Section 6.

2

Related Work

Keyword search in relational databases has been an active area of research [1,3,5,
7–10]. Existing approaches can be categorized into data graph based and schema
graph based. The schema graph based approach [1,5,7] executes the querying
process by two steps: CN generation and CN evaluation. We take DISCOVER
as an example. The schema of the relational database is modeled as a directed
graph for which the node represents the corresponding relation and the edge
indicates the key-foreign key constraint between two relations. To generate all
CN s, a set of join expressions are constructed by breadth-ﬁrst traversing the
tuple set graph expanded from the schema graph. In the evaluation step, a
execution plan is generated to evaluate all the generated CN s.
To improve the query eﬃciency, DISCOVER has given several rules such
as pruning condition to avoid generating unnecessary tuple trees and designed a
greedy algorithm to produce a near-optimal execution plan. More studies [1,5,11]
have been done to further improve the query eﬃciency, and much work has also
been done to improve eﬀectiveness such as [2,6]. Liu [6] identiﬁes the formalization of four new factors (tuple tree size formalization, etc.) to improve the
ranking formula in [5]. However, existing work on the eﬀectiveness issue primarily focuses on returning results with basic semantics, while few have considered
adapting user preferences.
In the IR community, relevance feedback has proven eﬀective in interactive
IR. However, the methods of relevance feedback in IR cannot be directly applied
to the context of keyword search in databases becasue in the IR and Web search
context, the entities are existing documents, Web pages, etc., where as in the
database context, the entities are join networks of tuples, etc., which are dynamically assembled based on the query. Moreover, in the database context, user
preferences are often reﬂected in the structure of the result (e.g., which CN this
result is based on), which is a non-existent issue in IR and Web search.
User feedback has also been used in keyword search-based data integration
to help learn how to correctly integrate data. In the literature of keyword search
in databases, some previous works have also considered user feedback. Gao and
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Paper

Pid Title
P1 A hidden Markov model information retrieval system
P2 Topics over time: a non Markov continuous-time model of topical
trends
P3 An HMM acoustic model incorporating various additional knowledge sources
P4 ILDA: interdependent LDA model for learning latent aspects and
their ratings from online product reviews

Conference
Cid
C1
C2
C3

Name
22nd International ACM SIGIR Conference
12th ACM SIGKDD international conference
8th Conference of the International Speech Communication
Association
C4 34th International ACM SIGIR Conference

Cid
C1
C2
C3
C4

Author
Aid
A1
A2
A3
A4

Name
Miller
Xuerui Wang
Markov
Moghuddam

Write
Aid
A1
A2
A3
A4

Pid
P1
P2
P3
P4

PaperCitation
Pid CitedPid
P2 P4

Fig. 1. DBLP database sample

Yu [12] employ query logs for keyword search, but the purpose is diﬀerent from
ours: the query logs are used to help improve the eﬀectiveness of keyword query
cleaning. Peng et al. [13] aim at better reformulating a user’s initial query to
retrieve more relevant query results in relational databases by applying user
feedback. However, this work is still based on the vector space model and applies
the IR-Style ranking for query reformulation without considering the information
(i.e., frequent patterns) in the query logs.

3

Preliminaries

We ﬁrst introduce some terms and notations used throughout this paper, and
formulate the problem that this paper focuses on.
We consider a relational database with n relations R1 ,. . . , Rn . Each relation
Ri has mi attributes ai1 ,. . . ,aimi .
Deﬁnition 1. (Labeled Directed Graph). Given a relational database D, we
define the schema graph of D as a Labeled Directed Graph (LDG) G = (V, E).
Each node v ∈ V represents the corresponding relation in D, and each edge e ≡ vi
→ vj (vi ,vj ∈ V , e ∈ E) corresponds to a primary-key-foreign-key relationship
between the relations represented by vi and vj . We assign unique ids (i.e., label)
to all nodes and edges respectively.
Fig. 1 depicts a sample of ﬁve tables from the DBLP biography database [14].
The tables Paper and Author contain information on papers and researchers
respectively; table Conference contains conference information. Table PaperCitation stores the citation relationships between papers; and table Write records
the m : n relationships between authors and papers. The LDG of the sample
DBLP database from Figure 1 is shown in Figure 2.
Given a query Q = {k1 ,. . . ,km }, where ki is a keyword, we can obtain a set
kj
kj
of basic tuple sets Ri (i = 1, . . . , n, and j = 1, . . . , m). The basic tuple set Ri
consists of all tuples of relation Ri that contain the keyword kj . Then the basic
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Conference(4)

5

PaperCitation(5)

Fig. 2. the LDG of DBLP database
(Nodes and edges are labeled with number respectively)

Paper{Markov}(3)

4

PaperCitation{}(5)

5

Paper{LDA}(3)

Fig. 3. Labeled free tree form of a CN

tuple sets are processed to produce tuple sets RjK for the non-empty subset K
of Q. RiK , a non-empty tuple set that contains the tuples of Ri that contain all
keywords of K and no other keywords, is deﬁned as RiK = {t|t ∈ Ri ∧ ∀k ∈
K, t contains k ∧ ∀k ∈ Q − K, t does not contain k}. For example, P aperM arkov
is the set {P1,P2}, and P aperLDA is {P4}. The database relations that appear
in the schema graph is free tuple set denoted as R{} which means that the
relation R does not have tuples that contain a keyword. The non-empty tuple
sets combine with the schema graph of the database by adding corresponding
edges to form the tuple set graph GT S .
Deﬁnition 2. (Candidate Network). A candidate network (CN) is a join
network of tuple sets formed by traversing GT S in a breadth-first mode.
A CN is a portion of GT S and can be considered as labeled free tree which
belongs to the family of free trees-the connected, acyclic and undirected graphs.
Figure 3 illustrates the labeled free tree of one CN for the query “Markov,LDA”,
which represents the join network P aperM arkov  P aperCitation  P aperLDA .
Deﬁnition 3. (Query Log). A query log L is a set of entries. Each user has
his own query log. For a specific user, each entry in his/her user log records the
candidate network (in the form of labeled free tree) that the user chose to visit
when all the candidate networks were presented to him/her in answering a given
query. In short, L contains the chosen results of a user for one or more queries.
Deﬁnition 4. (Mining Frequent Patterns from Query Logs). For a specific user (or a group of similar users) u, his/her entries in the query log form a
set Lu where each recorded CN c ∈ Lu is a labeled free tree. For a given pattern
p (a free tree), we say that p occurs in a logged CN c or c supports p if p is
isomorphic to a subtree of c. The support of a pattern p is the number of CNs
in Lu that supports p. A pattern p is said to be frequent if its support, sup(p),
is no less than a predefined minimum support minsup. The problem of mining
frequent patterns from query logs is to compute, for a given user u and a log L,
the set P(L) = {p|sup(p) ≥ minsup}.
The frequent patterns in the query log can be obtained using the algorithms
FreeTreeMiner described in [15]. FreeTreeMiner, which applies the bottom up
Apriori method [16], ﬁrst computes all frequent subtrees with 2, 3 and 4 vertices
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using brute-force method, based on which larger candidate frequent subtrees can
be generated by Apriori. Each candidate would be checked if it is really frequent.
Iteratively executing the steps above, all frequent subtrees would be generated.
Given a keyword query Q over relational database D, the ﬁrst stage of the
schema graph based approach produces the set of CN s. These generated CN s
are simply ranked according to their sizes. For example, DISCOVER adopts the
following formula for scoring a CN c:
ScoreSIZE (c) = 1/Size(c)

(1)

By Equation (1), smaller CN s are ranked before larger ones, and ties are
broken arbitrarily. In the second stage, the ﬁnal results are obtained by evaluating the CN s. Users get query results ranked by the sizes of their corresponding
CN s, which could be very diﬀerent from the users’ real needs. As an example,
consider the following case. Suppose that a user issues a query “Markov, LDA”.
The CN s (i) P aperM arkov  Conf erence  P aperLDA and (ii) P aperM arkov 
W rite  Author  W rite  P aperLDA are included in the results of the CN
generation step. According to Equation (1), CN (i) is ranked higher than (ii) as
it has less joins and hence a smaller size. But if the query log contains entries
related to this user’s past queries, we can take them into consideration when
ranking the CN s. For example, we consider an extreme case where there is no
pattern Paper  Conference and the support of the pattern Author  Write 
Paper is very large. Intuitively, CN (ii) should be ranked higher than (i) as the
preference of the user can be clearly inferred from his/her search history.
The problem we study in this paper, is how to adapt to user preferences
through query logs. This can be reduced to the problem of ranking the candidate
networks using information from query logs.

4

Ranking with Query Logs

In this section, we discuss how to take user feedback information into consideration when ranking the CNs. Before presenting the proposed ranking strategy,
let us ﬁrst take a look at a straightforward way of using feedback information
for ranking.
4.1

A First Attempt

A simple method to incorporate the query log information is to assign, for each
user, a degree of preference (e.g., p ∈ [0, 1]) for each table in the database based
on frequency of that table appearing in the log. The score of a generated CN
for a given query can be computed by a linear combination of the preference
degree of each table involved and the size of the CN. However, this does not
work in some cases as the score may be dominated by a minority (sometimes
even one) of the tables in the CN . For example, for the query “Markov, LDA”,
the candidate network P aperM arkov  W rite  Author  W rite  P aperLDA
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may be ranked higher than P aperM arkov  P aperCitation  P aperLDA if the
degree of preference for Author is very high for that user. However, although the
user has a strong preference for Author, it is very likely that for this particular
query the user would prefer a pattern in which one paper cites another. In this
example, the high preference degree of a single table Author has dominated the
scoring of the CN.
Another reason why this may not work is that in some cases, the join of frequent tables may not be frequent. For example, it is possible that two tables, say
P aper and Author, are both of high frequency, but the join P aper  W rite 
Author may be rare in this log. In this case, any CN with this join as a component should not be ranked high despite the high frequency of P aper and Author.
Intuitively, instead of considering the frequency of single tables, we should focus
more on the frequency of those “join structures”. This leads us to develop the
methods described in the sequel.
4.2

Ranking Functions

We seek to augment the scoring function in Equation (1) using the frequent
patterns mined from query logs. Let P(Lu ) (or P(L) when there is no ambiguity) denote the set of frequent patterns mined from log L for a given user
(or group of users) u. For a CN c, we deﬁne F S(c) to be the set of frequent
subtrees from P(L) such that each subtree is also part of c, i.e., F S(c) =
{p|p is a subtree of c ∧ p ∈ P(L)}. The set of edges in c not covered by F S(c),
together with their corresponding vertices, constitute another set denoted by
N F S(c). Naturally, N F C(c) and F S(c) do not have any overlapping edges.
We deﬁne a proper partition Pc of a CN c to be a complete non-overlapping
cover of c by a combination of elements from F S(c) and N SF (c) such that
- There is no overlap between any pair of elements; and
- The union of the edges in all of the elements in the combination is equal to
the set of edges in c.
Obviously, each edge of c is contained in exactly one element of the combination.
We can assign a score to proper partition Pc as follows.
scoreP AR (Pc ) =



score(F Si ),

(2)

F Si ∈CF S

score(F Si ) = (Size(F Si )/Size(c))t · N (sup(F Si ))

(3)

where CFS denotes the set of frequent subtrees used in the partition and
sup(F Si ) is the support of F Si ∈ CF S. The conﬁgurable parameter t (t > 0)
is used to control the degree of preference for larger frequent structures, and
N (·) is a normalization function to be described next. Notice that elements in
N F S(c) do not contribute the scoring of the partition.
In Equation (3), normalization is applied to the support. The support of a
frequent pattern mined from the query log ranges from minsup to an unknown
large number. If the value of sup(F Si ) is too big, the score of the CN that contains the subtree F Si will become unreasonably large. Therefore, normalization
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must be done to limit the inﬂuence of the support value. In particular, when the
support is extremely large, its eﬀect should be dampened even more. Based on
the above consideration, we use a sigmoid function as a starting point for normalizing the support values, which takes the form of sigmoid(x) = 1/(1 + e−αx ),
where the weight parameter α controls the linearity of the curve. In our case,
the range of support is [minsup,+∞). As minsup is greater than zero, the range
of the sigmoid function is (0.5,1). However, the range of Equation (1) is [0,1].
So, we have to scale the range of the sigmoid function to the range of (0,1) by
the transformation N (x) = 2 · (sigmoid(x) − 0.5).
Note that there may exist many proper partitions for a candidate network.
Let Pc denote the set of all proper partitions of c, each of which has a corresponding score computed by Equation (2). The largest such score is used as the
query log score, as indicated in Equation (4). The rule comes from the intuition
that we always want to get a partition in which the frequent subtrees have both
larger support and larger size. But in fact, smaller patterns in P(L) have larger
supports. Thus, a trade-oﬀ is needed. So, a candidate network is assigned the
largest combination score as the log score. N is the set of all combination scores.
(4)
ScoreLOG (c) = max{scoreP AR (Pc )|Pc ∈ Pc }
Finally, we combine the original size-based score and the query log score by
weighting as in Equation (5), where λ is the weight of the original score and
controls the relative importance between the two parts. If λ = 1, then the new
scoring function is the same as the one used in DISCOVER.
Score(c) = λ · ScoreSIZE (c) + (1 − λ) · ScoreLOG (c)
(5)
To illustrate the advantage of this new scoring function, consider the example
we give in Section 3. For the query {“Markov, LDA”}, two example CN s (i)
P aperM arkov  Conf erence  P aperLDA and (ii) P aperM arkov  W rite 
Author  W rite  P aperLDA are assigned with an score respectively by our
ranking functions. As P(L) has no the pattern Paper  Conference while the
pattern Author  Write  Paper has a large support, S(i) < S(ii). Apparently,
by incorporating the query log, the generated candidate networks can be ordered
emerging user preferences.
Algorithm 1 summarizes the procedure to score and rank all generated candidate networks of a given query using the new scoring function. Since there can
exist a large number of proper partitions for a given CN, the most complex and
time consuming part of this procedure is to compute the largest score of a c over
all such proper partitions.
4.3

Complexity Result

We show that to ﬁnd the largest score corresponding to the best proper partition
of a candidate network c based on the sets F S(c) and N F S(c) is a NP-hard
problem.
We ﬁrst introduce the notations that will be used. Let Ψ be the set of all
edges in the CN c; S = F S(c) ∪ N F S(c). We can represent a subtree with the
corresponding subset of Ψ . Each element S ∈ S has a score Score(S).
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Algorithm 1. Scoring generated candidate networks
Require:
The set of generated candidate networks, C, with size ≤ Tmax ;
The set of frequent patterns for the given user (or group of users) mined from query log L, P(L);
Ensure:
The list of CN s in descending order by score, l;
1: Initialize list l;
2: for each c ∈ C do
3:
Find the set of frequent patterns in P(L) that are subtrees of c, i.e., F S(c);
4:
Compute, out of all proper partitions Pc of c, the largest ScoreLOG (c);
5:
Compute c’s score using Equation 5;
6:
Insert c into the sorted list l (in descending order of score);
7: end for
8: return l;

Deﬁnition 5. (Best Proper Partition Problem). With Ψ and S as input,
the best proper partition problem is to find a set S ∗ ⊆ S such that each element
of Ψ appears in only one element of S ∗ and S ∗ maximizes Score(S ∗ ) =

S∈S ∗ score(S).
Our problem can be considered an optimization problem formulated as follows.
- Instance: Given a set of elements Ψ , and a set of subsets of Ψ , S =
{S1 , S2 , . . . , Sn }, where Si ⊆ Ψ and has a score wi .
- Question: Find a set S ∗ ⊆ S, which ensures
 that each element of Ψ appears
in one and only one element of S ∗ and Si ∈S ∗ wi is maximized.
Correspondingly, the decision version of the best proper partition problem,
the best proper partition decision problem, can be formulated as follows.
- Instance: Given a set of elements Ψ , and a set of subsets of Ψ , S =
{S1 , S2 , . . . , Sn }, where Si ⊆ Ψ and has a score wi , and a constant B.
- Question: Is there a set S ∗ ⊆
S such that each element of Ψ just in one and
only one element of S ∗ and Si ∈S ∗ wi  B?
Theorem 1. The best proper partition problem is NP-hard.
It is suﬃcient to prove best proper partition decision problem is NPComplete. We can apply the restriction technique which shows the NPCompleteness of an NP problem by stating that a special case of the problem
is NP-Complete. By limiting B = min{wi |Si ⊆ S ∗ }, the decision problem can
be restricted to the exact cover problem, a problem known to be NP-Complete.
Then, the decision problem is proved to be NP-Complete. Hence, the best proper
partition problem is NP-hard.
4.4

A Dynamic Programming Solution

We show that the best proper partition problem can be solved by dynamic programming. Assuming that the elements in S are numbered, we deﬁne a set of
indicator variables xi for a given set S ⊆ S such that xi = 1 if the i-th element in
S appears in S , and xi = 0 otherwise. Then an indicator vector (x1 , x2 , . . . x|S| )
can be formed.
Our problem can be considered as maximizing the following function with
respect to S
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F (S) =

|S|

i=1

xi · score(Si )


subject to the constraints: (i) Si Sj = ∅, if xi = 1, xj = 1, 1 ≤ i, j ≤ |S|,
|S|

(ii) xi Si = Ψ and (iii) xi ∈ {0, 1}, where score(Si ) is calculated by Equation
i=1

(3). The constraint (i) ensures that for a partition no pairs of subtrees share the
same edges, and (ii) makes sure that a partition can cover all the edges in Ψ .
The exists a recursive structure that allows us to use dynamic program to
solve the optimization problem.
Theorem 2. Define F ∗ (S) as the maximum score for the CN c given the set
S ⊆ S. Then the optimal solution is given by F ∗ (S) = maxi {F ∗ (S − Si ) +
Score(Si )}.
Based on Theorem 2, we propose a dynamic programming algorithm to compute the optimal partition and its corresponding score. Algorithm 2 performs
the dynamic programming and outputs the optimal combination score. The time
complexity of the dynamic programming algorithm is O(2|S| ).

Algorithm 2. Dynamic Programming Algorithm
Require:
Ψ ; S; CN
Ensure:
Max: the optimal log score of the candidate network
1: compute score(Si ), Si ∈ S ;
2: M ax = F (S);
3: return Max ;

4: Procedure F (S)
5: if S = ∅ then
6:
return 0;
7: else
8:
M ax = maxSi ∈S {F (S − Si ) + score(Si )};
9: end if
10: End Procedure

5

Experiments

We conduct experiments to evaluate the proposed dynamic programming algorithm (Dynamic) and compare it with existing approaches that do not consider
user feedback.
5.1

Dataset and Settings

Due to the lack of publicly available databases with query logs, we use the DBLP
database1 in our experiments and build our own query log through a controlled
user study. The DBMS used is MySQL with default conﬁgurations. We build
indexes for all primary keys and foreign keys. Full-text indexes are built for all
1

http://dblp.uni-trier.de/xml/
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textual attributes. The experiments are conducted on a workstation with two
2.33GHz Intel Core2 Duo processors and 2GB of main memory.
The query set comes from a user study. Ten graduate students from diﬀerent
research areas participate in our experiment as query initiators. They formulated 60 “meaningful” queries consisting of varying number of keywords related
to their research areas. For each participant, we applied 3-fold cross-validation on
his queries. The queries were randomly divided into three sets. In each trial, two
folds were used as the training set to generate the query log and the other was
testing set. For each query in the training set, with the predeﬁned parameters
(such as Tmax ), all of the generated CN s, the number of which may range from
tens to hundreds , were presented to the corresponding participant in sequence,
in ascending order of size; the participant was asked to choose “yes” or “no” for
each CN according to whether that CN meets his/her requirement. The “yes”
CN s were recorded in the query log. Up to here, each participant had his own
query log in each trail. We set minsup=10.By the settings above, each participant has more than 200 frequent subtrees on average and the corresponding
supports range from 10 to about 300. For each query in testing set, all the generated CN s were ranked by our methods and presented to the participant. The
participant assessed the result quality using a six-point scale ranging from 0 to
5 (5=“perfect” and 0=“bad”).
For the algorithm Dynamic, we conduct experiments to evaluate the performance of them by DBLP database. The parameters that involve in the experiments are illustrates in Table 1 with explanation. And Table 2 shows some
sample queries from a user. A user is required to issue queries that are reasonable. Generally, a query contains at least two keywords and no more than four.
Table 1. Parameter under investigation
λ
t
Tmax
α
K

5.2

weight of the original score
the preference for larger structure in a CN
the maximum allowed CN
size
the Sigmoid function parameter
top-K results

Table 2. Query example
Q1 :bender, p2p
Q2 :sigmod, xiaofang
Q3 :fagin, middleware
Q4 :Owens, VLSI
Q5 :p2p, Steinmetz

Q6 :Hardware, luk, wayne
Q7 :Ishikawa, P2P, Yoshiharu
Q8 :hongjiang, Multimedia, zhang
Q9 :vldb, xiaofang
Q10 :intersection, nikos

Eﬀectiveness

To measure the eﬀectiveness, we adopt four metrics, namely, Normalized Discounted Cumulative Gain (NDCG), Precision at K (P@K), 11-point Precision/Recall and F-measure. Each is described in detail as follows.
– NDCG at K: For a given query q in the testing set, the ranked candidate
networks are assessed manually to compute NDCG@K. The motivation of
using NDCG@K is to pay more attention to the top-ranked results.
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– Precision at K: P@K shows the fraction of the candidate networks ranked
in top K results that are preferred by the user. In our settings, we deﬁne
that a candidate network assessed with 3 or larger is preferred. The position
of preferred candidate networks within top K is unconcerned. As the most
intuitive metric, P@K measures the overall user satisfaction with the top K
results.
– 11-point Precision/Recall: For a query result, this metric reports the
precision that is measured at the 11 recall levels of 0.0, 0.1, 0.2, . . ., 1.0.
In our experiments, 11-pt Precision/Recall is the average result for all the
testing queries.
– F-measure: Given K, we can compute the precision and the recall at K.
Here, the candidate networks with 3 or larger points are preferred. F-measure
is the harmonic mean of precision and recall.
Eﬀect of Parameter t, α and λ of Dynamic. Set Tmax = 7 and K =10.
Table 3 shows the experiment results. Each line in Table 3 indicates that when
ﬁx the value of t and then vary α and λ, the best setting of α and λ and the
corresponding result are presented (we do not show other settings here which
only generate worse results). And we can conclude that when t (preference to
larger frequent subtrees) is 4, NDCG@10 reaches the best value 0.890 with α =
0.01 and λ = 0.1.

Table 3. NDCG@10 for varying t, α and λ
t
2
3
4
5
6
α
0.07 0.09 0.01 0.025 0.001
λ
0.7 0.5
0.1
0.1 0.3
NDCG@10 0.836 0.880 0.890 0.876 0.873

Eﬀectiveness Comparison for DISCOVER, Dynamic. We use DISCOVER as a baseline here as its scoring function directly corresponds to the
“original score” part of the proposed new strategy. Fig. 4 shows that incorporating query log results in signiﬁcant improvements over DISCOVER. In Fig. 4(a)
(Tmax = 7), when K increases, Dynamic always outperforms DISCOVER by a
considerable margin. This can also be seen in Fig. 4(b) which shows the eﬀect of
K on Precision. Now, we vary Tmax as Fig. 4(c) (K =10). The gap between our
proposed algorithms and DISCOVER remains similar; meanwhile, each of them
progresses with a downward trend when Tmax increases.
Overall Eﬀectiveness Comparison for DISCOVER, Dynamic. Figure
5(a) (Tmax = 7) shows the 11-points precision/recall graph for DISCOVER,
Dynamic, in which the precision goes down with recall growing. In the global
perspective, Dynamic behaves well with points (0.1,0.988), . . ., (0.9,0.230). DISCOVER takes the worst performance. Meanwhile, as an auxiliary, Figure 5(b)
(Tmax = 7) presents the F-measure value by varying K. The three preserve some
diﬀerences as in the previous case.
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6

Conclusion

Existing work on keyword search in databases has considered the problem of
improving the search eﬀectiveness extensively. However, few work has explicitly
taken user preferences into consideration when ranking the query results. In this
paper, by introducing user feedback to the problem of ranking candidate networks, we have proposed a new ranking strategy to adapt to user preferences. As
this new ranking strategy involves a NP-hard problem, we provide the Dynamic
Programming algorithm. We have evaluated the proposed strategy by the DBLP
dataset through a user study, which veriﬁes the eﬀectiveness of our strategy.
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Abstract. Topic model is extensively studied to automatically discover
the main themes that pervade a large and unstructured collection of documents. Traditional topic models assume the documents are independent
and there are no correlations among them. However, in many real scenarios, a document may be interconnected with other documents and
objects, and thus form a text related heterogeneous network, such as the
DBLP bibliographic network. It is challenging for traditional topic models to capture the link information associated to diverse types of objects
in such a network. To this end, we propose a uniﬁed Topic Model cluTM
by incorporating both the document content and various links in the text
related heterogeneous network. cluTM combines the textual documents
and the link structures by the proposed joint matrix factorization on
both the text matrix and link matrices. Joint matrix factorization can
derive a common latent semantic space shared by multi-typed objects.
With the multi-typed objects represented by the common latent features,
the semantic information can be therefore largely enhanced simultaneously. Experimental results on DBLP datasets demonstrate the eﬀectiveness of cluTM in both topic mining and multiple objects clustering in
text related heterogeneous networks by comparing against state-of-theart baselines.

1

Introduction

As a powerful way to discover the hidden semantics of the document collection, topic models are extensively studied and successfully applied to many text
mining tasks, such as information retrieval [1] and document clustering [2]. Traditional topic models assume that the documents are independent and do not
consider the correlation among them. With the ﬂourish of Web application, textual documents such as papers, blogs and product reviews, are not only getting
richer, but also interconnecting with other objects like users in various ways; and
c Springer International Publishing Switzerland 2015

J. Li and Y. Sun (Eds.): WAIM 2015, LNCS 9098, pp. 207–218, 2015.
DOI: 10.1007/978-3-319-21042-1 17

208

Q. Wang et al.

therefore form text related heterogeneous information networks [3]. Take the bibliographic data shown in Figure 1 as an example. There are three types of objects,
papers, authors, and venues in such a heterogeneous network. These objects form
two types of relationships: the author-write-paper relationship between authors
and papers, and the venue-publish-paper relationship between venues and papers.
It is challenging for traditional topic models to capture the rich information,
especially the link information in such a text related heterogeneous information
network.

Fig. 1. The bibliographic heterogeneous network with three types of objects: papers,
authors, venues and two types of links: author-write-paper, venue-publish-paper

Traditional topic models, such as latent semantic analysis (LSA) [4], probabilistic latent semantic analysis (PLSA) [5], and latent dirichlet allocation (LDA)
[6] focus on purely utilizing the textual information to discover topics with the
assumption that the documents are i.i.d. (independent and identical distributed).
With the explosive of interconnected textual contents with rich link information, the assumption may not hold and traditional models become less eﬀective.
Although some attempts, such as LaplacianPLSI [7], NetPLSA [8], and iTopicmodel [9] have been conducted to combine topic modeling with link information
in a homogeneous network, how to integrate various types of links associated to
diﬀerent types of objects into a uniﬁed topic model is still less studied.
Although the links among documents as well as other types of objects might
be helpful for analyzing text, it is non-trivial to handle the rich heterogeneous
information in a uniﬁed framework. First, it is challenging to model the semantic information of links such as the author-write-paper and venue-publish-paper
relationships. Diﬀerent from text, link structure is a totally diﬀerent type of
information and can not be easily added to traditional topic models in a straightforward manner. Second, there are usually several types of diﬀerent objects in
a heterogeneous information network. Diﬀerent types of objects may have their
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own inherent information and should be treated diﬀerently. How to use the different types of objects and integrate them in a uniﬁed way with the textual
information also makes the studied problem challenging.
In this paper, we propose a uniﬁed topic model named cluTM by incorporating the heterogeneous link information into topic modeling. cluTM learns a
latent semantic space by jointly factorizing the document-phrase matrix and the
link matrices with latent semantic analysis. The basic idea is that the textual
documents and link information in the heterogeneous information networks have
similar latent semantic features. For example, in the bibliographic data, a paper
contains several topics. Likewise, the researchers and venues also have their preferred research topics associated to related papers. The inherent connections
between contents and links can be therefore constructed by assuming that the
text matrix and link matrices share the same latent semantic features. With
such an assumption, all the objects in the heterogeneous information network
are projected into a uniﬁed latent semantic space based on the common latent
semantic features. In the uniﬁed latent semantic space, each object is represented
as a vector. Topics of documents and clusters of other types of objects can be
easily obtained by calculating the similarity of the vectors.
We summarize the main contributions of this paper as follows:
– study the novel problem of topic mining and multi-objects clustering simultaneously in a text related heterogeneous information network;
– propose a uniﬁed topic model to seamlessly integrate the content of textual
documents and links by joint matrix factorization;
– extensive experiments on DBLP dataset show the eﬀectiveness of the proposed model on topic modeling and object clustering by comparing against
traditional topic models.
The rest of this paper is organized as follows. Section 2 introduces some basic
concepts. We elaborate cluTM in Section 3. Section 4 presents the extensive
experiment results. We discuss the related work in section 5 and ﬁnally conclude
our work in section 6.

2

Preliminaries

In this section, we formally introduce several related concepts and notations to
help us state the problem.
Definition 1. Information Network [3]. Given a set of objects from K types
X = {Xk }K
k=1 , where Xk is a set of objects belonging to the kth type, a graph
G =< V, E > is called an information network on objects X , if V = X , and
E is a binary relation on V . Specifically, we call such an information network
heterogeneous information network when K ≥ 2.
Definition 2. Text Information Network. An information network G =<
V, E > with K types of objects is called a text information network if there
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exists at least one type of text object in the network, i.e. ∃Xk ∈ X that the type
of Xk is text. Specifically, we call a text information network heterogeneous
text information network when K ≥ 2.
DBLP Bibliographic Network Example. We use the DBLP bibliographic
network as an example to illustrate the heterogeneous text information network.
As shown in Figure 1, there are three types of objects, i.e., authors A, venues
V E and papers D, and two types of links among papers, authors, and venues.
The type of paper object is text. The bibliographic network can be denoted as
G = (D ∪ A ∪ V E, E), where E is a set of edges that describe the relationships
between papers D = {d1 , ..., dn }, authors A = {a1 , ..., al } as well as venues
V E = {ve1 , ..., veo }.
In our model, each topic can be represented as a set of meaningful frequent
phrases [10], deﬁnited as follows.
Definition 3. Meaningful Frequent Phrases Meaningful frequent phrases
are defined as the phrases that capture the main themes of the document collection. Meaningful frequent phrases lay a foundation for the readability of the
discovered topics. They can be represented as M F P = {mf p1 , mf p2 , ..., mf pM },
where mf pm denoting the mth meaningful frequent phrase.

3

cluTM: Incorporating Text and Links in a Unified
Framework

We will ﬁrst revisit the classic LSA model that is widely used to discover topics
of document by matrix factorization. Motivated by LSA model, we next introduce how to conduct the matrices factorization on the document-author matrix
and document-venue matrix. Finally, we elaborate how to combine the content
and link information by joint matrix factorization with a assumption that these
matrices share the same latent semantic space.
3.1

LSA on Document-Phrase Matrix

We use the classic LSA model to discover the latent topics of documents. The
key idea of LSA model is to project documents as well as terms into a relatively
low dimensional vector space, namely the latent semantic space, and produce a
set of topics associated with documents [4].
In our model, documents are represented as a bag of meaningful frequent
phrases. Consider the analysis of document-phrase matrix MD−M F P ∈ Rn×m ,
and it is a sparse matrix whose rows represent documents, and columns represent
phrases, where n is the number of documents and m is the number of meaningful
frequent phrases. Singular vector decomposition [12] is performed on matrix
MD−M F P as follows:
T
MD−M F P = UD−M F P ΣD−M F P VD−M
FP

(1)
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T
where UD−M F P and VD−M F P are orthogonal singular matrices UD−M
FP
T
UD−M F P = VD−M
V
=
I
(I
is
the
identity
matrix)
and
Σ
D−M F P
F P D−M F P
is a diagonal matrix containing the singular values of MD−M F P .
Given an integer k (k << rank(MD−M F P )), LSA only remains the ﬁrst k singular vectors, UD−M F P ∈ Rn×k , VD−M F P ∈ Rm×k , and sets all but the largest
k singular values to zero, ΣD−M F P ∈ Rk×k . The matrix Y = UD−M F P ΣD−M F P
(Y ∈ Rn×k ) deﬁnes a new representation of documents that each column corresponds to a topic and each row is a k−dimensional vector representing the
weights of a document in the k topics. Therefore, the LSA approximation of
T
MD−M F P can be obtained by Y VD−M
FP .
This can be transformed into an optimization problem that aims to approxT
imate matrix MD−M F P with Y VD−M
F P as follows,
T
2
2
min ||MD−M F P − Y VD−M
F P ||F + γ1 ||VD−M F P ||F

(2)

where || · ||F is the Frobenius norm, γ1 is the parameter, γ1 ||VD−M F P ||2F is a
regularization term to improve the robustness. The i − th row vector of Y can
be considered as the latent semantic feature vector of document di .
3.2

Link Matrices Factorization

Taking the bibliographic network in Figure 1 as an example again, the relationships between papers and authors as well as papers and venues can be represented by link matrices MD−A ∈ Rn×l and MD−V E ∈ Rn×o , respectively. l is
the number of authors and o is the number of venues. In LSA model, a document
contains several topics with each topic associated with a set of frequently used
terms. Likewise, an author also has several preferred research topics with each
research topic associated with a set of related papers. If we consider the authors
and papers as documents and words respectively, we can use the similar idea to
LSA to analyze the latent semantic of the author − paper link. Motivated by
above idea, the link matrices MD−A can also be factorized by SVD as follows,
T
MD−A = UD−A ΣD−A VD−A

(3)

T
T
where UD−A and VD−A are orthogonal matrices UD−A
UD−A = VD−A
VD−A = I
and the diagonal matrix ΣD−A contains the singular values of MD−A .
Likewise, each venue prefers to accept papers of some particular research
topics. The latent topics of a venue preferring can be obtained by factorizing the
document-venue matrix using SVD as follows,
T
MD−V E = UD−V E ΣD−V E VD−V
E

(4)

T
where UD−V E and VD−V E are orthogonal matrices UD−V
=
E UD−V E
T
VD−V E VD−V E = I and the diagonal matrix ΣD−V E contains the singular values
of MD−V E .
Similar to LSA model, we also only keep the ﬁrst k singular vectors and
set the other singular values to zero. For the matrix MD−A and MD−V E , we
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use the matrix YD−A = UD−A ΣD−A and YD−V E = UD−V E ΣD−V E to represent the document respectively. Thus the matrices MD−A and MD−V E can be
represented as follows
T
(5)
MD−A ≈ YD−A VD−A
T
MD−V E ≈ YD−V E VD−V
E

(6)

where VD−A is a l×k matrix, VD−V E is a o×k matrix, and YD−A , YD−V E are the
latent semantic feature matrices. Each column of YD−A and YD−V E represents
a topic and each row is k−dimensional vector representing the weights of a
document in the k topics. Therefore, YD−A and YD−V E are very similar to the
matrix Y . In our model, to combine the content of textual documents and link
information in the heterogeneous text information network, we assume that they
share the latent semantic feature Y , i.e. YD−A = YD−V E = Y .
3.3

Combing Content and Link by Joint Matrix Factorization

Based on the assumption discussed above, the document-phrase matrix
MD−M F P and link matrices MD−A , MD−V E are connected by the latent semantic feature Y , that is, the latent feature for content is tied to the latent feature
for links. Our model aims to ﬁnd a latent semantic feature Y that best explains
the semantic captured by MD−M F P and MD−A , MD−V E simultaneously. Furthermore, diﬀerent types of objects and links reﬂect distinctive semantics of a
heterogeneous text information network, so they should be treated diﬀerently.
To achieve these goals, we propose a joint matrix factorization framework to fuse
them into such an uniﬁed optimization problem,
minJ(Y, VD−M F P , VD−A , VD−V E )
T
2
2
=min{λ(||MD−M F P − Y VD−M
F P ||F + γ1 ||VD−M F P ||F )
T
||2F + γ2 ||VD−A ||2F )
+ α(||MD−A − Y VD−A

(7)

T
2
2
+ β(||MD−V E − Y VD−V
E ||F + γ3 ||VD−V E ||F )}

where λ, α and β (λ > 0, α > 0, β > 0) are parameters to balance the relative importance of document-phrase matrix MD−M F P and link matrices MD−A ,
MD−V E . We set a constraint λ + α + β = 1. γ1 , γ2 and γ3 are regularization
parameters that improve the robustness. VD−M F P , VD−A and VD−V E are m×k,
l × k, and o × k matrix respectively. Y is a n × k matrix. Note that if α = 0,
β = 0, thus λ = 1, the uniﬁed topic model boils down to the LSA model on
document-phrase matrix.
The optimization problem aims to simultaneously approximate MD−M F P ,
T
T
T
MD−A , MD−V E by Y VD−M
F P , Y VD−A , Y VD−V E respectively, a product of two
low-dimensional matrices with regularizations. The joint optimization illustrated
in Eq.7 can be solved by using the standard Conjugate Gradient (CG) method.
The gradients for the object function J are computed as follows:
∂J
T
=λ(VD−M F P Y T Y − MD−M
F P Y ) + λγ1 VD−M F P
∂VD−M F P

(8)
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∂J
T
= α(VD−A Y T Y − MD−A
Y ) + αγ2 VD−A
∂VD−A

(9)

∂J
T
= β(VD−V E Y T Y − MD−V
E Y ) + βγ3 VD−V E
∂VD−V E

(10)

∂J
T
=λ(Y VD−M
F P VD−M F P − MD−M F P VD−M F P )
∂Y
T
+ α(Y VD−A
VD−A − MD−A VD−A )

(11)

T
+ β(Y VD−V
E VD−V E − MD−V E VD−V E )

The new optimal latent semantic feature Y is to capture both the documentphrase matrix MD−M F P and the link matrices MD−A , MD−V E in the heterogeneous text information network.
A uniﬁed latent semantic space can be constructed based on the obtained
optimal latent semantic feature Y. All the objects in the heterogeneous information network are projected into the uniﬁed latent semantic space in which
each paper, meaningful frequent phrase, author and venue is represented by a
k-dimensional vector. According to the similarity calculation of vectors, we can
get the topics. Analogously, the author clusters and venue clusters also can be
obtained by similarity calculation.

4

Evaluations

In this section, we evaluate cluTM on the real dataset. First, we introduce the
experiment setup, including the dataset and evaluation metric. Then we show
the experimental results from the following three aspects: case study, parameters
analysis, and quantitive comparison with baselines.
4.1

Dataset and Metric

We evaluate cluTM on the Digital Bibliography and Library Project (DBLP)
dataset. In our experiments, we select papers from DBLP of four research areas,
i.e. database (DB), data mining (DM), information retrieval (IR) and artiﬁcial
intelligence (AI). The selected dataset contains 1200 papers, 1576 authors and 8
conferences. We extract 1660 meaningful frequent phrases from these papers. The
heterogeneous text information network of this dataset contains three types of
objects: papers, authors and venues, and two types of links: paper-author link and
paper-venue link. There are 3139 paper-author links and 1200 paper-venue links
in total. Link matrices MD−A , MD−V E are constructed from the heterogeneous
text information network, and the element value in matrix MD−M F P is obtained
by using the tf − idf weight of the phrases. As we select the papers from four
research areas, we set the number of topics k to be 4.
For a quantitative evaluation, we use F1-measure as the metric. In our experiments, there are four topic clusters. For each topic cluster, we calculate the Precision and Recall with regard to each given category. Speciﬁcally, for the obtained
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Table 1. The topic representation generated by cluTM

Topic 1
Topic 2
Topic 3
Topic 4
database systems
data mining
information retrieval
artiﬁcial intelligence
database management
data analysis
language models
machine learning
relational databases
data clustering
web search
knowledge-based algorithms
data integration
classiﬁcation algorithms
learn to rank
knowledge based systems
distributed databases knowledge discovery
search engine
expert systems
query processing
mining problems
keyword search
pattern recognition
distributed computing
rule learning
document retrieval
knowledge engineering
query optimization
pattern matching
semantic search
user interface

cluster label j and the true cluster label i, the precision can be calculated by
n
n
P recision(i, j) = nijj , and the recall can be calculated by Recall(i, j) = niji ,
where nij is the number of members of category i in cluster j, ni is the number
of members in the given category i, and nj is the number of members in cluster j. Based on precision and recall, the F1-measure of cluster j and i can be
calculated by
F 1(i, j) =

2 × P recision(i, j) × Recall(i, j)
.
P recision(i, j) + Recall(i, j)

(12)

The F1-measure of the whole clustering
 results is deﬁned as a weighted sum over
all the categories as follows: F 1 = i nni maxj F 1(i, j).
4.2

Experimental Results

We ﬁrst analyze the topic modeling results with case studies. Then we discuss
the eﬀect of parameters on performance. Finally, experiments are conducted to
compare the performance of object clustering with diﬀerent models.

Table 2. Topics discovered by PLSA and TMBP-Regu
Topics discovered by PLSA
Topic 1
Topic 2
Topic 3
data
data
information
database
mining
retrieval
systems
learning
web
query
based
based
system
clustering
learning
databases classiﬁcation knowledge
management algorithm
text
distributed
image
search

Topic 4
problem
algorithm
paper
reasoning
logic
based
time
algorithm

Topics discovered by TMBP-Regu
Topic 1
Topic 2
Topic 3
Topic 4
data
database information learning
database
mining
web
based
query
algorithm
retrieval knowledge
databases clustering
search
model
systems classiﬁcation
based
problem
queries
based
text
reasoning
system
algorithms language
system
processing
rules
user
logic

Topic Analysis with Case Study. In our model, we set parameters λ = 0.6,
α = 0.3, and β = 0.1 due to the better performance based on our empirical
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experiment results. The topic modeling results are shown in Table 1. Each discovered topic is represented as a set of meaningful frequent phrases.
PLSA [5] and TMBP-Regu [11] are selected as baselines. The most representative terms generated by PLSA and TMBP-Regu on the DBLP dataset are
shown in Table 2. Compared with the results in Table 2, the results shown in
Table 1 is easier to understand the meanings of the four topics by meaningful frequent phrases, i.e., “database systems”, “data mining”, “information retrieval”,
and “artiﬁcial intelligence”. cluTM and TMBP-Regu achieve better performance
than PLSA by considering the heterogeneous text information network.
For the ﬁrst three topics discovered by PLSA and TMBP-Regu, although
diﬀerent algorithms select diﬀerent terms, all these terms can reveal the topics to
some extent. For Topic 4, the topics such as“artiﬁcial intelligence”, derived from
cluTM is obviously better than the terms “problem, algorithm, paper” derived
by PLSA and “learning, based, knowledge” derived by TMBP-Regu. Therefore,
from the view of readability of the topics, cluTM is better than PLSA and
TMBP-Regu by representing the topics by a set of meaningful frequent phrases.
Parameter Analysis. In our model, there are three essential parameters, λ, α
and β in joint matrix factorization. In this section, we study the eﬀect of these
parameters on the performance of the proposed cluTM.
Table 3. The eﬀect of parameters on paper, author, and venue
F1-measure

λ

0
0.2
0.4
0.6
0.8

F1-measure

λ

0
0.2
0.4
0.6
0.8

F1-measure

λ

0
0.2
0.4
0.6
0.8

0
0.1213
0.2555
0.5212
0.7098
0.5406

0.1
0.1235
0.2561
0.5263
0.7417
0.5538

0.2
0.1268
0.2627
0.5408
0.7544
0.5511

0.3
0.1306
0.2692
0.5621
0.7857
-

0
0.2317
0.4256
0.5815
0.7501
0.6274

0.1
0.2365
0.4310
0.5872
0.7863
0.6500

0.2
0.2472
0.4539
0.6138
0.7949
0.6388

0.3
0.2521
0.4623
0.6294
0.8332
-

0
0.3122
0.5209
0.6047
0.7936
0.6418

0.1
0.3243
0.5262
0.6231
0.8315
0.6596

0.2
0.3294
0.5337
0.6475
0.8520
0.6302

0.3
0.3361
0.5462
0.6602
0.8668
-

α (Paper)
0.4
0.5
0.6
0.1339 0.1373 0.1410
0.2747 0.2783 0.2906
0.5881 0.5840 0.5516
0.7336
α (Author)
0.4
0.5
0.6
0.2598 0.2636 0.2684
0.4807 0.4885 0.4982
0.6581 0.6563 0.6226
0.8058
α (Venue)
0.4
0.5
0.6
0.3459 0.3536 0.3623
0.5629 0.5813 0.5896
0.6828 0.6893 0.6579
0.8476
-

0.7
0.8
0.9
1
0.1452 0.1436 0.1367 0.1305
0.2869 0.2724
0.7
0.8
0.9
1
0.2739 0.2691 0.2619 0.2508
0.4914 0.4749
0.7
0.8
0.9
1
0.3789 0.3685 0.3544 0.3206
0.5735 0.5572
-

As mentioned in section 3.3, these parameters are used to balance the relative importance of document-phrase matrix MD−M F P , link matrices MD−A and
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MD−V E . When α = 0, β = 0, the joint regularization framework boils down to
the LSA model. Since λ + α + β = 1, we vary λ from 0 to 1 by step 0.2 and α
from 0 to 1 by step 0.1 respectively. Tables 3 report the results with the varied
parameter values.
Tables 3 show that the best performance is obtained with λ = 0.6, α = 0.3,
thus β = 0.1. When λ < 1, the joint regularization framework takes into account
both textual documents and links in the heterogeneous text information network.
We observe that the performance is improved over the LSA model (λ = 1) when
incorporating link information. One can also observe that the document−author
matrix MD−A is more important than the document − venue matrix MD−V E
in the joint regularization framework by the diﬀerent values of α, β. Note that
with the decrease of λ, the performance becomes worse and even worse than the
standard LSA. This is mainly because cluTM relies more on the topic consistency
between the content of textual documents and links while ignores the intrinsic
topic of the textual documents. Due to the superior performance, we empirically
set λ = 0.6, α = 0.3, β = 0.1 in the following experiments.
Clustering Performance Comparison of Objects. We apply cluTM on the
task of object clustering. The discovered topics can also be regarded as clusters.
We can obtain the clustering results of other objects similarly.
The proposed cluTM is compared with the following two state-of-the-art
baselines: latent semantic analysis (LSA), and LSA-PTM [10]. Table 4 reports
the clustering performance comparison on diﬀerent methods.
Table 4. Clustering performance comparasion
Metric
Object
LSA
LSA-PTM
cluTM

Paper
0.5359
0.7535
0.7857

F1-measure
Author Venue
0.6040 0.6990
0.7861 0.8136
0.8332 0.8668

Average
0.6130
0.7844
0.8286

For the DBLP data, cluTM and LSA-PTM cluster all types of objects in
diﬀerent groups by considering both the textual documents and the link information. As one can see, both cluTM and LSA-PTM achieve better performance
than LSA. This shows that integrating the heterogeneous network structures
into topic modeling does help us better cluster the objects. Meanwhile, compared with LSA-PTM, cluTM is consistently better on all the three types of
objects. This is mainly because LSA-PTM combines the textual content and
heterogeneous network structures as two independent stages, while cluTM combines the textual documents and the heterogeneous network structures into a
joint regularization framework such that they can mutually enhance each other.
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Related Work

Topic modeling is an unsupervised approach to automatically discover the latent
semantic of document collections. It has attracted a lot of attention in multiple
types of text mining tasks, such as information retrieval [1], geographical topic
discovery [13], topic level information diﬀusion modeling in social media [18].
Many topic models, such as latent semantic analysis (LSA) [4], probabilistic latent semantic analysis (PLSA) [5] and Latent Dirichlet Allocation (LDA)
[6] have been successfully applied or extended to many data analysis problems,
including document clustering and classiﬁcation [7,14], author-topic modeling
[15,16]. However, most of these models merely consider the textual documents
while ignore the network structures. Several proposed topic models, such as
LaplacianPLSI [7], NetPLSA [8] and iTopicmodel [9] have combined topic modeling and network structures, but they only emphasize on the homogeneous networks, such as document network and co-authorship network. Recent study [10]
integrates the heterogeneous network structures into topic modeling, however,
it combines the textual documents and the heterogeneous network structures as
two independent stages. Our model combines the textual documents and heterogeneous network structures into a joint regularization framework in which
the textual content analysis and heterogeneous network analysis can mutually
enhance each other. Experimental results prove the eﬀectiveness of our model.
Link analysis has been a hot topic for a few years since the advent of Pagerank
and HITS. Many techniques have been proposed to analyze the heterogeneous
networks. For example, [17] proposed a Co-HITS algorithm for bipartite graph
analysis. Graph-based methods have been widely and successfully applied in data
mining and information retrieval, such as text classiﬁcation [14], and document
re-ranking [19]. However, most of existing work treats diﬀerent objects uniformly.
Our work is diﬀerent from them, as we focus on heterogeneous information networks and propose a joint regularization framework, in which diﬀerent types of
objects are treated in a diﬀerent way.

6

Conclusion

In this paper, we proposed a uniﬁed topic model cluTM to eﬀectively discover
topics of documents and cluster objects of various types simultaneously on heterogeneous text information networks. cluTM ﬁrst conducted latent semantic
analysis on the content of textual documents and factorized the link matrices of
objects by SVD separately; then fused all the matrices into a single, compact
feature representation by joint matrix factorization to ﬁnd the common latent
feature. By projecting all the objects in the heterogeneous text information networks into the uniﬁed latent semantic space, topics of documents and clusters
of other objects could be ﬁnally obtained by calculating their similarity. We
evaluated cluTM on DBLP bibliographic dataset against several state-of-the-art
baselines. Experimental results showed the eﬀectiveness of cluTM.
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Abstract. In the era of Web 2.0, user generated content (UGC), such
as social tag and user review, widely exists on the Internet. However, in
recommender systems, most of existing related works only study single
kind of UGC in each paper, and diﬀerent types of UGC are utilized in
diﬀerent ways. This paper proposes a uniﬁed way to use diﬀerent types of
UGC to improve the prediction accuracy for recommendation. We build
two novel collaborative ﬁltering models based on Matrix Factorization
(MF), which are oriented to user features learning and item features
learning respectively. In the user side, we construct a novel regularization
term which employs UGC to better understand a user’s interest. In the
item side, we also construct a novel regularization term to better infer
an item’s characteristic. We conduct comprehensive experiments on three
real-world datasets, which verify that our models signiﬁcantly improve
the prediction accuracy of missing ratings in recommender systems.

1

Introduction and Related Work

Recommender systems have been an indispensable component in e-commerce
sites, which help users select their favorite products from a large number of
candidates. There are mainly three kinds of recommendation algorithms, i.e., CF
(Collaborative Filtering)-based, content-based and hybrid approaches. Among
all CF-based algorithms, models based on MF (Matrix Factorization) have been
veriﬁed to achieve satisfactory accuracy in rating prediction, and therefore widely
studied in academia and industry [9]. Meanwhile, content-based recommendation
algorithms still play an important role in recommender systems [15,18].
User generated content (denoted by UGC in this paper) refers to the various kinds of content created by users on web sites [14], including social tag, user
review, question answer, blog, tweet, etc. User generated content widely exists
in e-commerce sites and social networking sites, and has been employed in recommendation problems, such as tag-aware recommendation and review-based
recommendation [10,13,23]. For example, Liang et al. [10] proposed a weighted
tag-based top-N recommendation algorithm. Each item and each user had a proﬁle consisting of tags, which were used to calculate the similarity between each
c Springer International Publishing Switzerland 2015
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pair of items and each pair of users. Although UGC has been veriﬁed to be
helpful in existing works, there are still several problems stated below:
1. Not every web site allows users to tag products. For example, Ebay1 and
Epinion2 do not allow consumers to tag products.
2. Since the item-tag space is highly sparse, it is diﬃcult to get accurate
results when we conduct similarity computation between items or tags.
3. The problems of synonym and polysemy are ubiquitous, since words that
are used in UGC are highly personalized and 60% of words are personally proprietary [3].
4. The existing researches only focus on one kind of UGC, and utilize diﬀerent
kinds of UGC in very diﬀerent ways. This makes it hard to ﬁnd common features
that are shared among various types of UGC (such as tags and reviews).
To solve the above problems, we study various types of UGC in recommender
systems. Since user reviews and social tags are the two common types of UGC,
in this paper, we mainly focus on reviews and tags. Because user reviews almost
exist in all e-commerce sites and social networking sites, our work can be used
in extensive web sites. We utilize topic modeling technique to transform highly
spare word space into low topic space. In the topic space, we compute similarity
for each two items and each two users. Also, topic modeling techniques can ﬁnd
the semantic relations among words. Besides, we integrate both types of UGC
into recommendation algorithms in a uniﬁed manner.
There have been many works that utilize the social or trust relationship
beyond the single user-item rating matrix to help infer users’ preferences
[11,12,22]. These methods assume that a user’s preference tends to be inﬂuenced by his friends or trusted people. Indeed, social recommendation makes a
great progress and improves the prediction accuracy. However, in many dominating e-commerce sites, like Amazon3 , Ebay4 , Newegg5 and Jingdong6 , there
are no social relationships so that these sites can hardly beneﬁt from the social
recommendation techniques. In such a case, we still have to infer a user’s interest according to his consumption records. Note that a user’s interest is usually
related to some certain topics. For example, if John is a fan of Harry Potter,
he may not only like the related movies, but also the related books, DVDs,
gadgets and clothes. Additionally, he may also mark tags and write reviews on
the related items. Although these products are in diﬀerent categories, they have
common features that can be inferred by UGC. However, most of existing works
just conduct collaborative ﬁltering based on users’ feedbacks on each individual product separately. In contrast, in this paper, we study a user’s interest
distribution under diﬀerent topics based on clustering to better understand his
preference.
1
2
3
4
5
6

http://www.ebay.com/
http://www.epinions.com/
http://www.amazon.com/
http://www.ebay.com/
http://www.newegg.com/
http://www.jd.com/
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In recent years, several researchers propose to use item descriptions, which
are edited by website editors, to help learn item features [6,16,21]. Their recommendation algorithms are based on the collaborative topic regression model
(CTR) [21], which employs LDA (Latent Dirichlet Allocation) [4] to learn the
intrinsic features of items. However, there are two problems in these works:
1. Item descriptions are static and usually fail to distinguish two products
that are under the same category. This is because a large part of words used
in item descriptions overlap with each other. For example, the descriptions of
laptops that are produced by Samsung and Lenovo are similar, since both of
them consist of similar words that are used to depict product features, such as
memory, cpu and price.
2. It is hard to infer a user’s preference through item descriptions, since they
are independent to users.
In contrast, UGC can emphasize items’ characteristics. For example, in
Last.fm7 , among all tags that the song My Heart Will Go On receives, love,
pop, ballad and soundtrack are frequently used, which can well describe this
song’s main topics. Also, UGC can reﬂect a user’s preference well. For example,
if Bill wrote a lot of reviews containing words like superhero, technology and fiction, it can be inferred that Bill may like movies such as Iron Man and Batman,
since these movies have related themes with fiction and superhero.
The main contributions of this paper are summarized as follows:
1. It studies the function of UGC in learning users’ interests and learning items’
characteristics.
2. It proposes a user-oriented collaborative ﬁltering model and an item-oriented
collaborative ﬁltering model. It utilizes diﬀerent types of UGC in a uniﬁed
way in recommender systems.
3. It conducts suﬃcient experiments on three real-world datasets, which attest
the eﬀectiveness of proposed models.

2

Matrix Factorization with User Generated Content
in User Side

As expounded in Sect. 1, a user’s interest is speciﬁc to certain topics. For example, if Tom is a fan of Jackie Chan, he may not only watch his movies, but also
buy relevant posters, clothes and books, even though these items are in diﬀerent
categories. In this paper, we employ the user’ consumption records on diﬀerent
item groups to infer a user’s interest. In the rest of the paper, the word item
refers to all kinds of things that are provided to consume on the Internet, such
as electronic products, restaurants, songs and movies.
2.1

Matrix Factorization Model

In this paper, we employ Matrix Factorization (denoted by MF in this paper)
as the basic prediction model for its eﬀectiveness and popularity [9]. As a typical
7

http://www.last.fm/
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latent factor model, MF can factorize the high dimensional space into two
low latent dimensional spaces. Concretely, let R ∈ RM ×N represent the rating matrix, which is usually extremely sparse. M , N are the numbers of users
and items separately. Through MF-based technique, R can be estimated by the
multiplication of latent user feature matrix U ( U ∈ RM ×D ) and latent item
feature matrix V (V ∈ RN ×D ), where D is the number of latent features. D is
far smaller than M and N . Each entry Rij (1 ≤ i ≤ M, 1 ≤ j ≤ N ) can be
estimated as the inner product of the two corresponding column vectors of U
and V as
(1)
Rij ≈ UiT Vj ,
where Ui is the ith column vector of U , and Vj is the jth column vector of V .
To minimize the squared estimation error, the objective function of MF is constructed as follows:
M

min E =
U,V

N

1 
λU
λV
U 2F +
V 2F ,
Iij (Rij − UiT Vj )2 +
2 i=1 j=1
2
2

(2)

where Iij is an indicator function. If user i gave a rating to item j before, Iij
equals 1. Otherwise, Iij equals 0.  · 2F denotes the Frobenius norm, and λU ,
λV are both small constants. Gradient descent algorithm can be used to achieve
the local optima of U and V , and thus R can be ﬁlled completely by estimating
those missing values according to Eq. 1.
2.2

Topic Analysis for Items Through LDA

In this subsection, we aim to ﬁnd the shared topics among items through topic
modeling technique.
UGC records a user’s personal impression and understanding on an item,
which also reﬂects this item’s characteristics. In UGC, a word that has been used
frequently and uniquely is usually corresponding to one of the item’s signiﬁcant
features. Therefore, an item’s specialty can be emphasized by its highly frequent
words that are written in UGC. For example, in Douban8 , among all tags that
the movie Titanic receives, love, romantic, disaster and USA are frequently used,
which can well describe this movie’s main topics. We combine the words used in
UGC together to compose the whole words set W as follows:
W = {wt | wt is a word extracted f rom U GC} (1 ≤ t ≤ T )
where T is the number of all unique words. Then, each item j will own a word
vector W (j) = (n(j)w1 , n(j)w2 , . . . , n(j)wt , . . . , n(j)wT ), in which n(j)wt (1 ≤
t ≤ T ) is the times of word wt that item j has received. Specially, if word wt
has never been applied to item j, n(j)wt in W (j) will equal 0. Thus, we can
construct a weighted item-word co-occurrence matrix (a toy example is shown
in Fig. 1), in which each row is W (j) corresponding to each item j.
8

http://www.douban.com/
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Fig. 1. A toy example of item-word co-occurrence matrix

Topic modeling refers to a series of techniques used for latent semantic
analysis in text mining and information retrieval [2]. In this paper, we chose
Latent Dirichlet Allocation (LDA) [4] as the topic modeling technique for its
popularity. In LDA, a document is assumed to be constructed in the generative process. In a corpus, for each document j, a topic k is chosen according to the document-topic multi-nominal distribution Θ, where Θ = {θ j }N
j=1 .
θ j = (θj1 , θj2 , . . . , θjK ) denotes the topic distribution under the document j,
and θjk = p(k|j) (1 ≤ k ≤ K) is the probability that topic k is chosen for
document j. K and N are the numbers of topics and documents respectively.
Then, a word w is sampled from the assigned topic k according to the topic-word
multi-nominal distribution Φ, where Φ = {φk }K
k=1 . Therefore, the probability
distribution of topics over a document describes the hidden aspects of this document. As for each item, words extracted from UGC compose its text descriptions.
Thus, in this paper, each item is regarded as a document with a collection of
words W (j), and the item-word co-occurrence matrix is the corpus. With collapsed Gibbs sampling [8], we estimate the posterior parameters in LDA, i.e., θ j
(1 ≤ j ≤ N ) and φk (1 ≤ k ≤ K).
2.3

User Interest Distribution

After topic analysis through LDA, to measure the topic similarity between two
items j and h, we calculate the cosine similarity [1] between θ j and θ h as
Sim(j, h) = cos(θ j , θ h ) =

θj · θh
,
θ j  × θ h 

(3)

where θ h is the topic distribution vector of item h.
To ﬁnd items that share similar topics, items are clustered into Q groups
based on their similarities of topic distribution vectors (see Eq. 3). We use KMeans as the clustering algorithm for its easy implementation and popularity.
For each user, we count the number of his historical consumption records on
each cluster Cq (1 ≤ q ≤ Q), by summing the times of his feedbacks on all items
that belong to cluster Cq . Thus, each user i will be associated with a vector that
represents his consumption distribution on Q clusters. In this paper, we call this
vector as user i’s interest vector I i :
I i = (ni (C1 ), ni (C2 ), . . . , ni (Cq ), . . . , ni (CQ )) (1 ≤ q ≤ Q)
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where ni (Cq ) represents the total times of user i’s feedbacks on cluster Cq . Therefore, we can construct a user-interest distribution matrix, with a toy example
shown in Fig. 2. In this paper, we use both ratings record and interest vector to
infer a users’ preference instead of only ratings. It is because a user’s interest is
relatively stable, and is not easily aﬀected by one or two unpleasant consumption
experiences. For example, that once Tom gave a low rating to a T-shirt printed
with a portrait of Jachie Chan does not mean that he will not be a fan of Jachie
Chan anymore.
C1

C2

…

CQ

Tom

0

14

…

0

John

11

0

…

6

0

…

…

7

…

…

…

Bill

…

2

Fig. 2. A toy example of user-interest distribution matrix

Based on users’ interest vectors, the interest similarity of user i and l is
calculated with cosine similarity as:
Sim(i, l) = cos(I i , I l ) =

Ii · Il
,
I i  × I l 

(4)

where I l is user l’s interest vector. For user i, to ﬁnd the neighbors who share similar interests, his neighborhood L(i) is constructed by selecting the S most similar
users with him, denoted as L(i) = {l | Sim(i, l) is in the top S similarity list}.
Therefore, the weight of each neighbor l can be calculated as
eil = 

Sim(i, l)
,

l ∈L(i) Sim(i, l )

(5)

where eil ∈ [0, 1].
2.4

Matrix Factorization with User Topic Regularization

Since a user’s interest is positively correlated to his latent feature vector, the
feature vectors of users having similar interests also tend to be similar. Therefore,
user i’s feature vector Ui should be similar to those of his neighbors’. To model
such a kind of similarity relation, the average feature vector of his neighbors is
calculated as

Ūl =
eil Ul .
l∈L(i)
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For each user, we try to minimize the diﬀerence between each pair of Ui and Ūl
as
M


min
Ui −
eil Ul 2F .
(6)
i=1

l∈L(i)

We call Eq. 6 user topic regularization (UTR), and integrate it into the MF
model to build the UTR-based MF model (UTR-MF) as
M

min Eu =
U,V

N

1 
λU
λV
U 2F +
V 2F
Iij (Rij − UiT Vj )2 +
2 i=1 j=1
2
2

M

α
+
Ui −
eil Ul 2F ,
2 i=1

(7)

l∈L(i)

where α is a regulatory factor to regulate the eﬀect of UTR. Gradient descent
algorithm can also be used to achieve the local optima of U and V .

3

Matrix Factorization with User Generated Content
in Item Side

Since an item’s specialty can be reﬂected by UGC, it can be inferred that two
items that share similar UGC tend to share similar latent features. For example,
the DVDs and books, which are aﬃliated to the movie The Lord of the Rings,
receive many similar words in their reviews in Amazon. Naturally, they also
share many similar latent features. After topic analysis presented in Sect. 2.2,
for each item j, those items that are highly similar to it (see Eq. 3) compose
j’s neighborhood H(j): H(j) = {h | Sim(j, h) is in the top S similarity list},
where S is the size of H(j). Similar to Eq. 5, each neighbor h’s weight is
wjh = 

Sim(j, h)
,
Sim(j, h )

(8)

h ∈H(j)

where wjh ∈ [0, 1]. Since item j’s topic distribution is similar to those of its
neighbors’ in H(j), it can be inferred that their latent feature vectors should
also be similar to each other. This is because a large part of latent factors reﬂect
the item’s characteristics on diﬀerent topics. To utilize this similarity relation,
the average feature vector of the whole neighborhood is computed as

wjh Vh ,
V̄h =
h∈H(j)

Similar to the user topic regularization, we construct the item topic regularization
(ITR) to minimize the diﬀerence among items’ feature vectors as
min

N

j=1

Vj −


h∈H(j)

wjh Vh 2F .

(9)
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The item topic regularization (ITR) is integrated into the MF model to build
the ITR-based MF model (ITR-MF) as
M

min Ev =
U,V

N

1 
λU
λV
U 2F +
V 2F
Iij (Rij − UiT Vj )2 +
2 i=1 j=1
2
2

N

α
+
Vj −
wjh Vh 2F ,
2 j=1

(10)

h∈H(j)

where α is a regulatory factor, which is the same with the notation α in Eq. 7.
The partial derivatives of Eq. 10 over Ui and Vj are computed as follows:
N


∂Ev
=
Iij (Rij − UiT Vj )(−Vj ) + λU Ui ,
∂Ui
j=1
M


∂Ev
=
Iij (Rij − UiT Vj )(−Ui ) + λV Vj + α(Vj −
wjh Vh )
∂Vj
i=1
h∈H(j)


(Vg −
wgh Vh ) × (−wgj ),
+α
g∈G(j)

(11)

h ∈H(g)

where G(j) contains those items whose neighborhoods include item j. Finally,
gradient descent algorithm can be employed to achieve local optima of U and V
based on the two partial derivatives.

4

Experiments and Evaluation

In this section, we conduct experiments on real-world datasets to evaluate our
proposed models’ performance.
4.1

DataSet and Evaluation Metrics

We use three real-word datasets in the following experiments, which are Movielens dataset, Last.fm dataset and Yelp dataset. Movielens dataset and Last.fm
dataset are published by GroupLens research group9 in the workshop HetRec’11
[5]. Movielens dataset contains 2113 users, 10197 movies, 13222 tags and ratings.
Last.fm dataset contains 1892 users, 17632 artists, 11946 tags and listening times
of users to artists. We map listening times into the range 1∼5 as ratings. Yelp
dataset is published by Yelp 10 , which contains 23152 users, 11537 restaurants,
reviews and ratings.
For Movielens dataset and Yelp dataset, we divide the whole dataset into the
training set and testing set according to each user’s consumption timestamps.
9
10

http://www.grouplens.org
https://www.kaggle.com/c/yelp-recsys-2013
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For example, in the training set of 80% density, if a user has given 10 ratings
in time order, the ﬁrst 8 old ratings will be allocated to the training set, and
the last 2 new ratings will be the testing data. Since there is no timestamp in
Last.fm dataset, we randomly select a certain percentage of the whole data as
the training set and the remaining data will be the testing set. In this paper, we
test the prediction accuracy on training sets with four diﬀerent data densities,
which are 60%, 70%, 80% and 90% respectively.
We use Root Mean Squared Error (RMSE) and Mean Absolute Error (MAE)
as the evaluation metrics, which are shown below:




1
 1
(Rij − R̂ij )2 , M AE =
|Rij − R̂ij |,
RM SE = 
|TS |
|TS |
Rij ∈TS

Rij ∈TS

where TS and |TS | represent the testing set and its size. Rij , R̂ij are the real
rating and corresponding estimated rating in TS respectively.
4.2

Performance Comparison and Parameter Setting

Five well-known models are chosen as baselines to compare with our models:
1. UserCF: This is the well-known user-based collaborative ﬁltering algorithm.
The missing ratings are predicted with the historical records of each user’s
similar neighbors [17].
2. ItemCF: This is the well-known item-based collaborative ﬁltering algorithm, and each missing value is predicted with the historical records of
each item’s similar neighbors [20].
3. PMF (Probabilistic MF model): This model provides the probabilistic interpretation of MF model. The rating matrix and latent feature matrices are
all assumed to follow Gaussian distribution [19].
4. TF-IDF MF: This method ﬁrst constructs the item content matrix, in
which each entry represents the TF-IDF (term frequency-inverse document
frequency) weight of each attribute. Then, the rating matrix and the content
matrix are factorized together [7]. The original work also utilizes the user
proﬁle information. But since in this paper we do not introduce user proﬁles,
we eliminate the term that factorizes the user proﬁle matrix. We call this
model TF-IDF MF model.
5. CTR: It is the collaborative topic regression model (CTR) proposed in [21].
The default parameter setting is as follows: the number of topics (K), the
number of clusters (Q), the number of latent features (D) and the regulatory
factor (α) are all set to 10. The neighborhood sizes (S) of items and users are
set to 100. λU , λV are set to 0.1 in all experiments.
4.3

Performance Comparison in Social Tag Case

This subsection presents the model results when UGC is the social tag. The
experiments are conducted on Movielens dataset and Last.fm dataset.
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Table 1. Accuracy Comparison (Smaller RMSE and MAE mean better performance)

Approach
UserCF
ItemCF
PMF
TF-IDF MF
CTR
UTR-MF
ITR-MF

Training Set Density (TD) — Movielens
TD=60%
TD=70%
TD=80%
TD=90%
RMSE MAE RMSE MAE RMSE MAE RMSE MAE
0.8405
0.8885
0.8312
0.8303
0.8211
0.8175
0.8086

0.6290
0.6421
0.6259
0.6250
0.6184
0.6141
0.6077

0.8303
0.8722
0.8225
0.8213
0.8109
0.8085
0.7982

0.6213
0.6309
0.6191
0.6180
0.6103
0.6075
0.5996

0.8270
0.8689
0.8146
0.8123
0.8030
0.7999
0.7893

0.6194
0.6281
0.6133
0.6109
0.6042
0.6007
0.5929

0.8240
0.8697
0.8139
0.8118
0.8011
0.7974
0.7867

0.6170
0.6245
0.6122
0.6099
0.6019
0.5985
0.5904

Table 2. Accuracy Comparison (Smaller RMSE and MAE mean better performance)

Approach
PMF
TF-IDF MF
CTR
UTR-MF
ITR-MF

Training Set Density (TD) — Last.fm
TD=60%
TD=70%
TD=80%
TD=90%
RMSE MAE RMSE MAE RMSE MAE RMSE MAE
0.5125
0.5121
0.4815
0.4771
0.4444

0.3941
0.3936
0.3702
0.3645
0.3278

0.5091
0.5028
0.4698
0.4670
0.4334

0.3913
0.3867
0.3608
0.3560
0.3202

0.5006
0.4881
0.4619
0.4573
0.4244

0.3854
0.3767
0.3533
0.3482
0.3174

0.4891
0.4725
0.4494
0.4426
0.4082

0.3777
0.3649
0.3437
0.3397
0.3014

Tables 1 and 2 show that for both datasets, our proposed models UTR-MF
and ITR-MF outperform other baseline models in all cases of training set densities. For example, in Last.fm dataset, on average over four training set densities,
ITR-MF achieves 14.98% improvement than PMF, and 8.18% improvement than
CTR for RMSE. Such an improvement demonstrates that user topic regularization (see Eq. 6) and item topic regularization (see Eq. 9) are both eﬀective. In
detail, it means that those users who have similar interest distributions indeed
tend to have similar rating behaviors, and such a similar relation can be reﬂected
by user topic regularization eﬀectively. Also, it indicates that the items which
have similar topic distributions indeed tend to be given similar ratings. Additionally, the prediction accuracy of ITR-MF is higher than that of UTR-MF in
all cases. It means that item topic regularization can make more contributions
to improving MF model’s performance than user topic regularization. It also
indicates that users’ interests are harder to infer than items’ features. Compared
with all baseline models, the improvements achieved by UTR-MF and ITR-MF
are both signiﬁcant according to the paired t-tests (p < 0.0001).
4.4

Performance Comparison in User Review Case

This subsection compares the prediction accuracy of models when UGC is user
review. The parameter setting is the same with that in Sect. 4.3, and the experiment is conducted on Yelp dataset.
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1.24
1.22

0.96

MAE

1.18

PMF
CTR
UTR−MF
ITR−MF
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1.2

RMSE
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1
PMF
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UTR−MF
ITR−MF
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(a)

0.86

60%

70%
80%
90%
Training Set Density
(b)

Fig. 3. Precision Comparison in User Review Case

It is shown in Fig. 3 that UTR-MF and ITR-MF get higher prediction accuracy than other baseline models in all training set densities. For example, in the
case that the training set density is 60%, ITR-MF gains 6.58% improvement
than PMF, and 4.33% improvement than CTR for RMSE. It is veriﬁed that for
reviews, user topic regularization can also help infer users’ interests, and item
topic regularization can also help infer items’ characteristics. Since user reviews
exist in almost all e-commerce sites and social networking sites, it indicates that
our models have wide applicability. The improvements achieved by UTR-MF and
ITR-MF are also both signiﬁcant according to the paired t-tests (p < 0.0001).
Besides, it can be seen that along with the increasing of training set density, the
prediction errors decline. This is because more training data can provide more
historical records to learn user and item latent features more accurately.

5

Conclusion

This paper proposes two MF-based collaborative ﬁltering models, which utilize
UGC to solve the problem of rating prediction in recommender systems. Suﬃcient experiments on real-world datasets verify the eﬀectiveness of our models.
First, this paper demonstrates that UGC, such as tags and reviews, can be integrated into the MF model in a uniﬁed way to signiﬁcantly improve the prediction
accuracy. Second, this paper veriﬁes that users’ interests and items’ features can
indeed be reﬂected by diﬀerent types of UGC. Third, this paper proposes two
novel regularization terms, which can model the similarity between each pair
of users and each pair of items eﬀectively. These contributions are instructive
for the utilization of other kinds of UGC to build more accurate recommender
systems. One example is that we plan to employ tweets to infer users’ interests
in social networking sites.
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Abstract. Traditional collaborative ﬁltering algorithms like ItemKNN,
cannot capture the relationships between items that are not co-rated
by at least one user. To cope with this problem, the item-based factor models are put forward to utilize low dimensional space to learn
implicit relationships between items. However, these models consider all
user’s rated items equally as positive examples, which is unreasonable
and fails to interpret the actual preferences of users. To tackle the aforementioned problems, in this paper, we propose a novel item-based latent
factor model, which can consider user’s positive and negative feedbacks
while learning item-item correlations. In particular, for each user, we
divide his rated items into two diﬀerent parts, i.e., positive examples
and negative examples, depending on whether the rating of the item is
above the average rating of the user or not. In our model, we assume
that the predicted rating of an item should be boosted if the item is
similar to most of the positive examples. On the contrary, the predicted
rating should be diminished if the item is similar to most of the negative examples. The item-item similarity is approximated by an inner
product of two low-dimensional item latent factor matrices which are
learned using a structural equation modeling approach. Comprehensive
experiments on two benchmark datasets indicate that our method has
signiﬁcant improvements as compared with existing approaches in both
rating prediction and top-N recommendation.
Keywords: Recommender systems · Collaborative ﬁltering · Similarity
matrix

1

Introduction

With the development of Internet and Web 2.0, users have to face the information overload problem when searching for what they are interested in from the
massive data. Recommender systems can beneﬁt users by presenting personalized recommendations based on their preferences and the available information.
Furthermore, a successful recommender system facilitates the interaction of customers in online communities and promotes the development of e-commerce. In
c Springer International Publishing Switzerland 2015
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recent decades, many recommendation algorithms have been proposed in different application scenarios [1–3]. Among the existing methods, collaborative
ﬁltering (CF) [4] approaches utilize users’ implicit or explicit feedbacks to give
customized recommendations without domain knowledge, while content-based
[5,6] approaches need to use the proﬁles of items and users. CF methods have
become one of the most widely used recommendation approaches.
Typically, CF methods can be classiﬁed into two main categories. The ﬁrst,
referred to as neighborhood-based methods [7–10], are centered on computing
the similarities between users/items. And subsequently missing ratings are predicted based on these similarities. However, with the increasing number of users
and items, the complexity is too high to make online recommendations. The
second, referred to as model-based methods [11–13], employ a machine learning
algorithm to build a model which transforms features of both items and users
to the same latent factor space.
In real world scenarios, users typically provide feedbacks to only a few items
out of thousands of items. So the user-item rating matrix is quite sparse and
the available few feedbacks are particularly signiﬁcant. Therefore, it is not easy
for traditional methods like ItemKNN to ﬁnd the transitive relations between
items which have not been co-rated by at least one user. Meanwhile, the modelbased methods like NSVD alleviate this problem by projecting the matrix onto
a low dimensional space. However, there is an inherent limitation that they fail
to capture the accurate inferences of the users by treating all rated items equally
without discrimination. As a result, they ignore the diﬀerences among items and
weaken the impact of items that have unique characteristics, which may lead to
poor performance.
In general, items can be classiﬁed into two main categories for a certain user,
namely the favourite ones and the disliked ones. Correspondingly in recommendation system, we can divide all the rated items into two diﬀerent parts for one
user, i.e., positive examples and negative examples, depending on whether the
rating value is above the average rating of the user or not. By distinguishing the
positive examples from the negative examples, the rare feedbacks can be fully
utilized and the user’s interest can be excavated more accurately. The positive
feedbacks of a user are the examples of items which this user will prefer to. On
the contrary, the negative feedbacks are the representive items which this user
will dislike. In other words, for a target user, the predicted rating of an item
should be boosted if it is similar to most of the user’s positive feedbacks and
diminished if it is similar to most of the user’s negative feedbacks.
Based on the above analysis, in this paper, we propose a novel approach
that combines both the positive and the negative feedbacks to learn latent itemitem similarity matrix. This method is a new variant of item-oriented CF along
with matrix factorization techniques. In our approach, for a target user, the
predicted rating of an unrated item is computed based on the learned similarities
of this item with other positive examples and negative examples. To evaluate
the performance of our proposed method, we conduct extensive experiments on
MovieLens and EachMovie datasets. The experimental results shows that it’s a
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most convenient and eﬀective way to infer user preferences by utilizing classiﬁed
feedbacks. It also conﬁrms that our method is superior to the state-of-the-art
methods not only in ratings predictions but also in top-N recommendation.
The prime contributions of this paper are summarized as follows:
(i) We propose a modiﬁed method that considers both the positive and the
negative examples to learn latent item-item similarities. In this way, it can more
accurately capture the user’s preference and make the favorite items rank in the
top especially on a small scale.
(ii) We integrate some concepts in neighborhood-based methods into a latent
factor model to excavate the transitive relations between items. The item-item
similarity matrix can be learned as an inner production of two low dimensional
item latent factor matrices.
(iii) We perform comparative experiments on diﬀerent datasets in order to
verify the eﬀect of classiﬁed examples. Then, we investigate and analyze the
impact of some parameters referred to similarity agreement and dimension.
The remainder of this paper is organized as follows. In section 2, we introduce
the baseline estimate method. Section 3 provides a detailed description for the
modeling, learning and prediction process of the proposed model. We give a brief
review of the datasets and evaluation metrics in section 4. The experimental
results are reported in section 5. Finally, we conclude the paper and present
some directions for future work in section 6.

2

Baseline Estimate

In recommender systems, some users tend to give higher ratings and some items
receive higher ratings than others. As a result, typical CF data exhibit enlarges
the eﬀects of those users and items. In order to adjust the data by accounting
for these eﬀects, it is customary to encapsulate them in the baseline estimate
function [8] as follows:
(1)
bui = μ + bu + bi
The unknown rating is estimated by bui that accounts for the user and item
biases. The overall average rating is denoted by μ. The parameters bu and bi are
the user and item biases, respectively, which indicate the observed deviations of
user u and item i from the average. For example, if we want to estimate the
baseline for a movie’s rating like Gone with Wind by user Smith, we get the
value of μ (the average rating over all movies) as 3.3 stars at ﬁrst. Because Gone
with Wind is a better movie, its rating is higher than the average with 0.8 stars.
Regarding to personal preference, Smith prefers to rate 0.4 stars lower than the
average as a critical user. Above all, we will estimate the baseline for Gone with
Wind by Smith 3.7 stars through calculating 3.3 - 0.4 + 0.8 in terms of Eqution
1. Hence, the parameters of this model are estimated to solve the least squares
problem:
 2  2

min
(rui − μ − bu − bi )2 + λ(
bu +
bi )
(2)
b∗

R

u

i
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where R is the set of observed ratings and rui is the ground truth value. The
ﬁrst term aims to ﬁnd the best ﬁt values (e.g., bu , bi ) for the given ratings.
The latter is the regularization term that can avoid overﬁtting by penalizing the
magnitudes of these parameters.

3

Combining Positive and Negative Feedbacks with
Factored Similarity Matrix for Recommender Systems

In this section, we propose a new item-based latent factor model which can learn
latent item correlations by considering users’ positive feedbacks and negative
feedbacks. For convenience, we named the proposed method PNSM (Combining
Positive and Negative Feedbacks with Factored Similarity Matrix for Recommender Systems).
3.1

Combining Positive Feedbacks with Factored Similarity Matrix
(PNSM1 for short)

In reality, the user-item rating matrix is very sparse, since users usually provide feedbacks to only a handful of items out of thousands or millions of items.
Traditional methods based on similarity rely on so few neighborhood relations
that cannot capture the dependencies between items especially which have not
been co-rated by at least one user. To overcome this problem, methods based
on matrix factorization like NSVD thereby implicitly learn better relationships
between items. However, these methods treat all rated items as the positive
examples equally. But in fact, for one user, her rated items can be sorted into
the favorite items and the dislike ones (corresponding to the positive and the
negative examples respectively) depending on whether the rating value is above
the average or not. Naturally the feedbacks (the positive feedbacks and the negative feedbacks) of these two kind of items should have a diﬀerent eﬀect on rating
prediction.
To further explore the diﬀerent inﬂuence between feedbacks, ﬁrst we only take
the positive feedbacks into consideration in modeling process and then introduce
how it can beneﬁt recommender systems. The positive feedbacks can facilitate
the user’s preference, therefore for an item the predictive rating can be boosted
if it is similar to most of the positive examples (items that ratings are higher
than the average of the user). The estimated value for a given user u on item i
is computed as:
r̂ui = bui + |R(u)+ |−α



qiT pj

(3)

j∈R(u)+

Importantly, the bui is derived as explained in Sec. 2. R(u) is the set of items
rated by user u. R(u)+ is the set of the positive examples whose ratings are
higher than the average rating of the user u and the number of items in this set
is denoted by |R(u)+ |. qi , pj are both the learned item latent factors and their
inner product can be regarded as the similarity to the item whose rating is being
estimated. Specially, pj is the positive feedback learned from the positive item
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space matrix where item’s rating is higher than the average rating of the user.
The parameter α is a user speciﬁed parameter between 0 and 1, and it controls
the number of neighborhood items that are similar to the positive examples.
Afterwards, the term |R(u)+ |−α can represent the degree of agreement to their
similarity weight.
In the structural equation model, the recommendation score for a user u
on an item i is calculated as an aggregation of the positive examples with the
corresponding product of pj latent vectors from R(u)+ and qi latent vector. This
method is named PNSM1 for short. The essential diﬀerence between PNSM1 and
NSVD is that a ﬂexible coeﬃcient α is proposed to compromise the inﬂuence
of their similarity, as the domain is focus on the positive examples rather than
mixed records.
In PNSM1 , the various parameters are learned by minimizing the following
regularized optimization problem:

2
min (rui − r̂ui ) + λ(||bu ||2 + ||bi ||2 + ||qi ||2 +
||pj ||2 )
(4)
b∗ ,pj ,qi
j∈R(u)+

where r̂ui is the estimated value for user u and item i (as in Equation 3). The
regularization terms are used to avoid overﬁtting and λ is the regularization
weight for latent factor vectors, user bias vector and item bias vector.
3.2

Combining Positive and Negative Feedbacks with Factored
Similarity Matrix (PNSM2 for short)

In PNSM1 , we only integrate the positive feedbacks in rating prediction. However, as referred to before, the negative feedbacks also make a diﬀerence in
recommendation process. In other words, the item can receive a lower score if
it’s most similar to the negative examples (items that the user rated lowly). In
general terms, the positive feedbacks can facilitate the prediction while the negative feedbacks can weaken it on the contrary. There is an assumption that for a
certain user if the item is similar to most of the positive/negative examples, the
user appreciates/dislikes this item as well. Hence to take full advantages of both
feedbacks and discriminate them, we exploit a more comprehensive approach
based on PNSM1 . Such method can explain the recommendations in terms of
all items previously rated by users and we abbreviate it to PNSM2 . To better
provide accurate evaluation, the prediction of the rating that user u gives to
item i can be inferred as:


qiT pj − |R(u)− |−β
qiT yk
r̂ui = bui + |R(u)+ |−α
(5)
j∈R(u)+

k∈R(u)−

where yk is the negative feedback learned from item space matrix where item’s
rating is lower than the average rating of the user, while pj represents the positive
feedback. Contrary to |R(u)+ |, R(u)− is the set of the negative examples whose
ratings are lower than the average rating of user u and the number of items
in this set is denoted by |R(u)− |. In addition, parameter β is similar to α and
both of them are user speciﬁed parameters between 0 and 1. Their values are

238

M. Wang et al.

dependent on the properties of datasets and the best performing values can be
determined empirically.
In a sense, Equation 5 provides a two tier model for prediction. The ﬁrst
tier (i.e., bui = μ + bu + bi ) generally describes attributes of users and items,
without taking account of any involved interactions. The rest tier illustrates the
interaction among item proﬁles and can excavate implicit transitive relations. It
can also be split up into two parts in detail.

Formally, the former part, |R(u)+ |−α j∈R(u)+ qiT pj , represent the promotion that the positive examples provide. More speciﬁcally, given an item i and
taking any positive example j, their inner product (qiT pj ) can be regarded as
the similarity weight to boost the prediction. Therefore, the item will receive
a high score by adding the aggregation of positive similarity weights to the
formula. Namely, we can make the favorite items rank as top as possible and
recommendthe most likely items to users. In comparison, the latter part,
|R(u)− |−β k∈R(u)− qiT yk , are the impaired feedbacks provided by the negative examples. Concretely, as a negative similarity weight, the inner product of
a certain item i and a negative example j can diminish the prediction. In this
case, we subtract the cumulative values of these similarity weights to weaken
the inﬂuence of negative items in the model. Besides, we use |R(u)+ |−α and
|R(u)− |−β to control the degree of agreement to the positive similarity weights
and the negative similarity weights respectively. This is also one of the important
diﬀerences between PNSM and NSVD.
To better understand, the former part are the cumulative similarities between
item i and all of the positive examples in R(u)+ when α = 0. Under the circumstances, item i can be rated high, even though only one positive example is
similar to it. Considering another case in which α = 1, these part amount to the
average similarities between i and the positive examples in R(u)+ . Then item
i can receive a high score when almost all of the items in R(u)+ are similar to
it. As far as we know, these are two extreme cases with diﬀerent settings. In
principle, it is usually that the right choice will be somewhere in between. So do
the parameter β and the latter part.
Model parameters are estimated at a pre-processing stage. In general, the
values of involved parameters are determined by minimizing the associated regularized squared error function:
min

bu ,bi ,pj ,qi ,yk

(rui − r̂ui )2 + λ(b2u + b2i + ||qi ||2 +



j∈R(u)+

||pj ||2 +



k∈R(u)−

||yk ||2 )

(6)

The residual sum of squares, (rui − r̂ui )2 , measures how well the linear model
ﬁts the training data. The regularization terms are used to avoid overﬁtting and
λ is the regularization weight for biases and several latent factor vectors. The
optimization problem can be solved by employing a stochastic gradient descent
method. The derivatives of the parameters are as follows:
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∂f
= −eui + λbu
∂bu
∂f
= −eui + λbi
∂bi
∂f
= −eui (s − t) + λqi
∂qi
∂f
= −eui · s + λpj , for all j ∈ R(u)+
∂pj
∂f
= eui · t + λyk , for all k ∈ R(u)−
∂yk


def
where eui = rui−r̂ui , s = |R(u)+ |−α j∈R(u)+ pj and t = |R(u)− |−β k∈R(u)− yk .
In each iteration, we modify the parameters by moving in the opposite direction
of the gradient.
In Algorithm 1, we present a concrete process for learning the parameters. As
we can see, latent factor vectors are all initialized with small random values that
are non-negative. We would repeat the iteration until the number of iterations
has reached a predeﬁned threshold or the error on the validation set tends to
convergence.

4

Experimental Settings

4.1

Datasets

In this research, we evaluated the performance of the recommender algorithms
on two diﬀerent real datasets, including MovieLens1 , EachMovie2 . ML100K is a
subset of data obtained from the MovieLens research project. It is an available
movie rating dataset and all collecting ratings are in the scale of 1-to-5 star.
It contains 100000 ratings by 943 users on 1682 diﬀerent items. Each user had
rated at least 20 movies. For further research, we chose a subset of users who
rated more than 100 items from EachMovie dataset and it contains 1196106
ratings by 7471 users on 1619 items. For rating prediction, we perform 5-fold
cross validation to measure MAE and RMSE evaluators in our experiments. In
each fold,, we use 80% of data as the training set and the remaining 20% as the
test set on ML100K dataset. For ranking accuracy, we exactly select 10 rating
records per user to ﬁll the test set when evaluate the performance of methods
on NDCG values.
4.2

Evaluation Metrics

Originally, we have followed a common practice to evaluate rating prediction
and the ﬁrst evaluation are frequently-used based on error metrics, namely Mean
1
2

http://www.grouplens.org/node/12
http://www.cs.cmu.edu/lebanon/IR-lab/data.html
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Algorithm 1. PNSM-ModelLearning
1:
2:
3:
4:
5:

input: γ ← learnrate
λ ← regularization weight
output: bu , bi , qi , pj , yk
iteration ← 0
Initial pj , qi , yk all with small random values
in (0 , 1), keeping them non-negative

6:
7: while iteration < maxIter or error on validation set decreases do
8:
for each rui ∈ R do
∂f
9:
bu ← bu − γ ∂b
u
∂f
10:
bi ← bi − γ ∂bi
∂f
11:
qi ← qi − γ ∂q
i
12:
13:
for each j ∈ R(u)+ do
∂f
14:
pj ← pj − γ ∂p
j
15:
end for
16:
17:
for each k ∈ R(u)− do
∂f
18:
yk ← yk − γ ∂y
k
19:
end for
20:
21:
end for
22:
iteration ← iteration + 1
23: end while

Absolute Error (MAE) and Root Mean Square Error (RMSE), which are deﬁned
as:

u,i

M AE =

RM SE =

|rui − r̂ui |
N

u,i (rui

− r̂ui )2

N

(7)
(8)

where r̂ui denotes the predicted rating user u gives to item i and N is the number
of tested ratings. Since above-mentioned measures focus on the error between
ground truth and predicted rating, they are not a natural ﬁt for evaluating the
top-N recommendation task. Rather, we employ an alternative prediction evaluator named Normalized Discounted Cumulative Gain (NDCG) [14] to directly
measure top-N performance.
It is notable that the measure signiﬁcantly sharpens the diﬀerence between
the approaches over what a traditional accuracy measure could show. The NDCG
metric is evaluated over the top-n items on the ranked item list and deﬁned as:
N DCG(T, k) =

k

2R(u,p) − 1
1 
Zu
|T|
log(1 + p)
p=1
u∈T

(9)
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where T is the set of users in testing dataset and R(u,p) is the p-th item rating
returned by the recommender on the ranked list for user u. Zu is a normalization
factor calculated so that the NDCG of the optimal ranking has a value of 1. The
lower ranked items in predicted list that should be higher in ground truth can be
penalized with the discounting factor log(1 + p). So the NDCG is very sensitive
to the ratings of the highest ranked items and it is highly beneﬁcial to measure
the ranking quality in recommender systems where the relevance of items at the
top positions are far more signiﬁcant than those at low.
4.3

Comparison Algorithms

We compare the performance of our models against the achieved by baseline
estimate[8], ItemBased[15], RSVD (Regularized SVD [16]), NSVD [7] and FISM
(Factored Item Similarity Methods [17]). We also compare the performance of
two proposed models PNSM1 and PNSM2 . We present the best performing model
with the explored parameter space for each method.

5

Results

In this section, we present the quality of the recommender algorithms mentioned
before. The experimental evaluation is made up of two parts. At ﬁrst, we discuss
the comparison results with other competing methods on all the datasets. Then,
we study the eﬀect of various parameters of PNSM on the recommendation
performance.
5.1

Comparison with Other Approaches

Here shows the overall results of comparison partners for the recommendation task on datasets. For each method, we explored the following parameter
space to beneﬁt the best performing model. Empirical analysis, the learning
rate decreased at a rate of 0.97 after one iteration. For itembased CF, we used
cosine similarity to measure item-item correlations. We set the dimension of
latent feature to be 160 in all SVD-based methods. For PNSM1 and PNSM2 , we
set the regulation parameter λ = 0.01, α = 0.5 and β = 0.6. In addition, as to
evaluate NDCG, we have zoomed in on N in the range [1...10].
Figure 1(a) presents the MAE on all methods while Figure 1(b) shows the
RMSE values on Movielens dataset. From the result, ﬁrstly, we can see that
ItemBased method outperforms the baseline with great ascension, which means
neighborhood similarity contributes to rating prediction. Secondly, all of the
referred SVD-based models make a signiﬁcant improvement compared to baseline, which indicates that the decomposition of matrix is necessary to capture the
underlying interactions between items. Obviously, considering all these together,
our models perform better than the other methods with the positive and negative feedbacks. As can be seen, PNSM1 is the second best method both on MAE
and RMSE. We believe that the positive feedbacks can facilitate predictions.
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We also observe that PNSM2 yields best performance in most cases. It has a
4.77 percent improvement on MAE and 4.16 percent improvement on RMSE
compared with the baseline on average. This veriﬁes that the negative feedbacks
and the positive feedbacks supplement each other and help to ﬁnd more accurate
inferences of users.
Table 1 and Table 2 show the experimental results of NDCG values on
ML100K and EachMovie datasets respectively. In this experiment, we take the
diﬀerent top-n numbers with a step size of 2. For each algorithm, we report the
NDCG values with the diﬀerent top-N numbers denoted by NDCG@n, which
takes the mean of the NDCG value over the multiple permutations of top-n. For
each column, we have highlighted the performance achieved by the best method.
The values shown in the bottom row are the performance improvements achieved
by PNSM2 over the baseline.

(a) MAE comparisons

(b) RMSE comparisons

Fig. 1. Error matrices comparisons on Movielens

Table 1. NDCG comparisons on ML100K (Bold typeset indicates the best performance. ** indicates statistical signiﬁcance at p < 0.001 and * indicates statistical
signiﬁcance at p < 0.01 compared to the second best.)
Methods

NDCG@2

NDCG@4

NDCG@6

NDCG@8

NDCG@10

Baseline
NSVD
RSVD
FISM
PNSM1
PNSM2

0.710231
0.731076
0.753483
0.746136
0.763501**
0.767875**
8.12 %

0.755715
0.763308
0.788281
0.775814
0.789676*
0.794709**
5.16 %

0.802629
0.806784
0.823899
0.816049
0.826981*
0.831230**
3.56 %

0.846698
0.852213
0.865538
0.859586
0.868643*
0.868996*
2.63 %

0.891105
0.896343
0.906164
0.901284
0.908464*
0.909579*
2.07 %

From the results, we observe that PNSM1 and PNSM2 yield better performance under most of the evaluation conditions. It veriﬁes the assumption
that recommendation can be improved if we consider the positive and negative
feedbacks separately. In particular, PNSM1 provides a better top-N recommendation since the positive feedbacks can help stand out the most relative items.
Moreover, because the negative feedbacks help to ﬁlter out irrelevant items and
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Table 2. NDCG comparisons on EachMovie (Bold typeset indicates the best performance. ** indicates statistical signiﬁcance at p < 0.001 and * indicates statistical
signiﬁcance at p < 0.01 compared to the second best.)
Methods

NDCG@2

NDCG@4

NDCG@6

NDCG@8

NDCG@10

Baseline
NSVD
RSVD
FISM
PNSM1
PNSM2

0.717188
0.727989
0.791263
0.772024
0.792878*
0.795960**
10.98 %

0.764475
0.769205
0.825774
0.811722
0.825963*
0.827317**
8.22 %

0.809590
0.818331
0.861321
0.848733
0.864258*
0.864581*
6.79 %

0.851897
0.859360
0.890892
0.881317
0.894252*
0.895560*
4.77 %

0.886023
0.890469
0.916047
0.908155
0.917713*
0.918901*
3.71 %

denoise data, PNSM2 outperforms the other methods in most cases compared
to PNSM1 . It manifests that not only the positive but also the negative feedbacks play an indispensable role in top-N recommendation. Viewed from the
row both in Table 1 and Table 2, all the methods perform better along with the
increase of the top-n number. This is because that it can be easier to give a sufﬁcient ranking with more items so that the preferences of users can be estimated
more accurately. We also observe that the percentage of improvement based on
NDCG@n values of PNSM2 over baseline is inversely proportional to top-n number. That is, it can be noted PNSM2 can better recommend top popular items
even with a small n number. In addition, compared to ML100K, we can ﬁnd
that our methods achieve fairly good performance on EachMovie dataset which
is much denser. It conﬁrms that the more suﬃcient the positive and negative
feedbacks there are, the better recommendation the method provides.
In summary, the model either PNSM1 or PNSM2 can signiﬁcantly outperform
other comparison partners on MAE, RMSE and NDCG values, which veriﬁes the
assumption that it is highly eﬀective to separate the positive feedbacks from the
negative ones both in rating prediction and top-N recommendation.
5.2

Impact of the Dimension

As stated previously, we utilized an inner product of two low dimensional latent
factor matrices to learn item-item similarities. When the dimension varies, the
performance of latent factor models is diﬀerent with keeping other parameters
in constant. We conduct experiments on ML100K dataset with the dimension
from 20 to 160 and plot the results of MAE in Figure 2. As can be seen from
the ﬁgure, our recommendation performance becomes better as the value of
dimension increases. When the dimension is 160, we have the best MAE measure.
5.3

Impact of Neighborhood Agreements α, β

In this study, one of the main advantages is that our method incorporates the
positive and the negative feedbacks to provide recommendations. Accordingly,
another two important parameters α and β respectively control the positive and
negative neighborhood agreement between the items rated by users. Figure 3
presents how α and β aﬀect the performance of PNSM2 on ML100K dataset. In
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Fig. 2. Impact of Dimension on Movielens

Fig. 3. Impact of α and β

the experiments, diﬀerent values of α and β are set from 0 to 1 with a step size
of 0.1 as the dimension is 100. We vary them to better understand the roles they
played in the optimal recommendation and compare the impact of neighborhood
agreement on the performance.
In the ﬁgure, they have similar trends as α and β increase. When α and β
are small, they have little eﬀect on the performance because both the positive
and the negative implicit correlations of items are ignored. When they increase
to 1, these implicit feedbacks overwhelm the rating information and cause the
descendence of performance. We can also see that no matter how β varies, the
performance tends to be steadily poor when α is close to zero. It is the same to
the case in which β is small. This result is consist with our expectation because
the positive and negative feedbacks supplement each other while only taking
either aspect into account have little eﬀect. In addition, as α/β is around 1,
there is a quadratic curve in the ﬁgure and MAE value is minimum on the
bottom. Specially when α is 0.5 and β is 0.6, we have the best performance.
That is, on average, for both the positive examples and negative examples, a
substantial number of neighborhood items need to have a high similarity value.
This is conﬁrmed that it’s necessary to integrate two kind of feedbacks and give
them a separation to make recommendations.

6

Conclusion

In this paper, we proposed an extended method that combines both the positive
and negative feedbacks of users while learning latent item-item correlations. It’s
a new variant of item-oriented collaborative ﬁltering algorithm based on matrix
factorization techniques. To exploit eﬀective features in recommendation process, we separated the positive examples from the negative ones and treated
them diﬀerently to capture accurate preference of users. Further, we employed
some parameters to control the agreement degree of the neighborhood items,
and it’s helpful to ﬁlter out useless information and denoise data. To evaluate
the performance of our proposed method, we conducted a comprehensive set of
experiments on ML100K and EachMovie datasets in terms of MAE and NDCG.
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The method combining both the positive and negative feedbacks had a statistical signiﬁcant improvement than other comparison partners, which implies that
the classiﬁed feedbacks contribute more to recommendation performance. The
experimental results showed that our method is signiﬁcantly eﬀective in both
rating prediction and top-N recommendation.
In the future, we will focus on enriching the proposed model by incorporating
more relevant factors, such as social trusts, etc.
Acknowledgments. This work was supported by Natural Science Foundation of
China (61272240, 71402083, 6110315).
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Abstract. Rating prediction is a common task in recommendation systems that aims to predict a rating representing the opinion from a user to
an item. In this paper, we propose a comment-based collaborative ﬁltering (CCF) approach that captures correlations between hidden aspects
in review comments and numeric ratings. The idea is motivated by the
observation that the opinion of a user against an item is represented
by diﬀerent aspects discussed in review comments. In our approach, we
ﬁrst explores topic modeling to discover hidden aspects from review comments. Proﬁles are then created for users and items separately based on
the discovered aspects. In the testing stage, we estimate the aspects of
comments based on the proﬁles of users and items because the comments
are not available when testing. Lastly, we build ﬁnal systems by utilizing
the proﬁles and traditional collaborative ﬁltering methods. We evaluate
the proposed approach on a real data set. The experimental results show
that our prediction systems outperform several strong baseline systems.

1

Introduction

Recommendation system is among the most popular, simple and useful tasks in
web applications. It aims to recommend some items for users by analyzing behaviors of users. The approaches on this topic can be grouped into two types [17]:
Content-based recommendations and collaborative ﬁltering (CF). The contentbased approaches build a proﬁle for each user or item to capture its properties [1].
For example, a restaurant proﬁle could include the menus it serves, its location,
and so on. Then the proﬁles are used to predict whether a user likes an item.
Compared with the content-based approaches, the traditional collaborative ﬁltering approach makes prediction based on the ratings expressed by similar users,
e.g. the scores for items previously viewed or purchased.
With the prevalence of the Web, customer review comments, which are usually associated with numeric ratings, have become commonly available on many
c Springer International Publishing Switzerland 2015

J. Li and Y. Sun (Eds.): WAIM 2015, LNCS 9098, pp. 247–259, 2015.
DOI: 10.1007/978-3-319-21042-1 20

248

R. Zhang et al.

e-commerce sites. For example, users give reviews containing comments and ratings to products they bought or services they received on Yelp 1 and Dianping 2 .
These review comments contain abundant information about the opinions and
preferences of users, which could be valuable to recommendation systems. However, in the traditional approaches the review comments are often ignored. More
speciﬁcally, the collaborative ﬁltering approaches just consider rating scores
while the content-based approaches utilize the predeﬁned description of users
and items.
In this paper, we propose a new approach, named Comment-based Collaborative Filtering (CCF), by utilizing the review comments to predict rating scores.
Compared with the traditional collaborative ﬁltering approaches, our approach
makes prediction based on the comments given by similar users rather than
ratings. In our approach, the relationships between users and interdependencies among products are connected via analyzing the review comments. We ﬁrst
apply a topic model to analyze each comment to obtain hidden aspects/topics
which represent the opinions or preferences of users. Then, proﬁles of users and
items are represented by the hidden topics. Finally, we build prediction systems
with diﬀerent classiﬁcation models to predict rating scores based on the proﬁles.
The systems are further enhanced by combining the traditional collaborative
ﬁltering model. The main issue of comment-based prediction is how to automatically generate simulated comments because the comments are not available
when testing. We tackle with this issue by utilizing the proﬁles of users and
items.
To investigate the eﬀect of the CCF approach, we evaluate our systems on a
real data set, which is created on Dianping.com, the largest website for restaurant
reviews in China. The experimental results show that the CCF approach yields
better performance than strong baselines. Our main contributions are: First,
we combine a probabilistic topic model in review comments with classiﬁers in
rating prediction; Second, in our approach, the proﬁles of items are generated by
analyzing the review comments written by the users who share similar interests;
Third, our model can deal with multiple tasks to predict any kinds of service
rating that has ratings and review comments.

2

Related Work

Existing collaborative-ﬁltering techniques [10,11,18] typically rely on analyzing past user rating behavior to make predictions on new items for a user, in
which text reviews are not utilized. On the other hand, there have been ample
work [4,9,14,15,19,20] on review analysis from aspect discovery [4,9,20], sentiment analysis [19] to opinion mining [14,15], etc. However, none of them studies the linkage between ratings and text reviews for making recommendations.
[7,16] studies review rating prediction by combining text analysis techniques.
1
2

http://www.yelp.com
http://www.dianping.com
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Fig. 1. System Flowchart

[16] models reviews using bag-of-opinions3 representation, which is more expressive than unigram and n-gram representations. A linear model is then learned
based on opinion roots, modiﬁers and negation words for review rating prediction. [7] models ratings as a function of pre-deﬁned aspects and their polarities
discovered from reviews. However, these two models are designed for predicting
rating of a given review, where user-item relationship is not captured. Therefore
they cannot be directly applied to a recommender system. Besides, the opinions
learned by [16] tend to be conclusive comments that convey little information
about diﬀerent aspects of a particular item.
The work most related to ours is [13], in which HFT (Hidden Factors as
Topics) is proposed to combine ratings with review text for product recommendation. HFT aligns hidden factors in ratings with hidden topics in reviews to
create user/item proﬁles, which are then ﬁt into SVD [10], a matrix factorization model to make rating predictions. The problem with HFT is that each time,
review text is associated with one of the two dimensions, i.e., either from items’
perspective (by grouping reviews by items) or from users’ perspective (by grouping reviews by users), which means the hidden topics discovered only reﬂect the
hidden factors of ratings from one dimension. The proﬁles of the other dimension
are forced to be aligned to the same hidden factor space. We overcome this issue
by proposing a novel model that considers both dimensions in discovering the
common hidden factor space from review text.
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Table 1. Table of Notations
Symbol Description
K
rui
r̂ui
dui
qi
pu
θui

3

# of latent topics, i.e., the dimension of the latent factor
space
rating of item i by user u
predicted rating of item i by user u
review of item i by user u
proﬁle of item i, qi ∈ [0, 1]K
proﬁle of user u, pu ∈ [0, 1]K
topic distribution vector for dui , θui ∈ [0, 1]K

CCF Model

The ﬂowchart of our approach to predict ratings is presented in Figure 1. The
input to our system is a review corpus and a rating matrix. LDA model is used
to uncover hidden aspects in review text and generates user/item proﬁles with a
K-dimensional topic. Combing proﬁles with rating matrix, we can predict rating
of an item, to which a user never given a review with regression models. As shown
in Figure 1, Our model consists of two main components: profile generator and
rating predictor.
Profile generator accepts item reviews {dui } as input and outputs user/item
proﬁles: pu for user u and qi for item i.
Rating predictor accepts a pair of user u and item i as input and outputs the
rating user u would give to item i.
The two functional components are connected where the output of the proﬁle generator, including topic distributions θui , user proﬁle pu and item proﬁle
qi , are fed into the rating predictor for training regression models and making
predictions.
Based on the proﬁles, we also design a browsing tool to enable eﬃcient access
to representative reviews of items.
3.1

Topic Analysis

Similar to probabilistic latent semantic analysis (pLSA), Latent Dirichlet Allocation(LDA) is a generative probabilistic model which regards each document
d is composed of a K-dimensional topic distribution θ [2]. Meanwhile, words in
document d state each of topic k with probability φ. It’s easily seen that LDA
reduces dimensions of the vector space with referencing topic dimension between
documents and words. In this work, LDA is used for analyzing aspects hidden
in user reviews.
As shown in Figure 2, a document is a sequence of N words and a corpus
is a collection of M documents. α and β are two parameters for drawing θ and
3

An opinion here contains a subjectivity clue with positive or negative polarity.
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Fig. 2. Graphical model representation of LDA

φ separately from the prior probability of the Dirichlet distributions. Here, let
z denote topic. From decuments to topics and from topics to words, topic distribution θ and word distribution φ follow multinomial distributions. Therefore,
processing of the corpus and selecting of parameters are crucial in the application of LDA to get an ideal result. We will discuss the selecting of parameters
in part of experiments.
3.2

Profile Generator

Similar to [10], we map users and items to a common latent space S. In this
work, we try to discover S from the review text. The intuition is that reviews,
though in the format of unstructured free text, contain information about user
preferences and opinions on diﬀerent aspects of items. These aspects ‘hidden’ in
the review text may well reﬂect the latent factors that aﬀect the user ratings.
To ﬁnd these hidden aspects and construct the latent space, we apply standard
Latent Dirichlet Allocation (LDA) to reviews, as LDA or topic modeling is well
recognized as an eﬀective tool for text analysis, extracting prevalent, meaningful
and potentially overlapping topics from pure texts. As our experiments show, the
topics discovered by LDA are well interpretable and have good correspondence
with human-labeled common aspects in restaurant reviews.
Let dui denote the review of item i by user u. Diﬀerent from HFT, we treat
each dui as one document. We apply LDA on the review corpus {dui } and discover K topics represented it. Let θui denote the topic distribution of dui generated by LDA. Deﬁne Du as the set of reviews written by user u, and Di as
the set of reviews written for item i. Each user u (or item i) is associated with
a proﬁle pu (or qi ), which is a vector from S. In our system, S = [0, 1]K . For a
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given user u, we deﬁne her proﬁle pu as follows:

θuij
puj = i
|Du |
puj
puj =   , j ∈ [1, K]
j puj

(1)

where pu = (pu1 , pu2 , · · · , puK ), puj is the distribution on the jth topic for user
u, and θuij is the distribution on the jth topic for review dui . Similarly, we deﬁne
proﬁle qi for item i as:

θuij

qij
= u
|Di |

qij
(2)
qij =   , j ∈ [1, K]
j qij
In summary, proﬁle pu /qi is the normalized average topic distribution over all
reviews of a given user u/item i. The notations are summarized in Table 1.
3.3

Representation of Samples

Given a pair of user u and item i, we want to predict the rating r̂ui the user
u would give to item i. Recommendations are then made based on r̂ui of items
that u have not rated/visited.
To predict ratings, we rely on the intuition that hidden topics discovered from
review text deﬁne the latent factors that aﬀect the ratings. Prediction models
(described in Section 3.4) learn the relationship between ratings rui and topic
distributions θui of dui on training data and predict the ratings on test data.
Training Samples. As described above, each sample dui in the training data
is represented as a feature vector which has K dimensions (a topic distribution
generated by LDA),
(3)
dui = [θui1 , ..., θuij , ..., θuiK ]
The prediction model is trained on the feature vectors of the training data.
Test Samples. When testing, the review comment dui is not available since
user u has not rated item i. Thus, we generate dˆui based on the proﬁles pu and
qi . Each dimensional value of dˆui is estimated as,

θuij
= puj qij

θuij
θ̂uij =   , j ∈ [1, K]
j θuij

(4)

Then, dˆui is represented as,
dˆui = [θ̂ui1 , ..., θ̂uij , ..., θ̂uiK ]
dˆui is then fed into the prediction model to predict r̂ui .

(5)
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Prediction Models

In our systems, we use diﬀerent models to learn the relationships between the
discovered topics and ratings.
Linear Regression (LR). is a standard regression analysis model used extensively in practical applications. Supposing characteristics and the results are linear, parameters are easier to ﬁt and studied rigorously [5]. A rating is predicted
with multiple linear regression by the following function:
r̂ui = W T dui + εui

(6)

where W = (W1 , ..., WK ), Wj is the weight of the jth topic, and εui is an error
variable.
Gradient Boosted Regression Trees(GBRT). Gradient Boosted Regression Trees[6] (GBRT) is a machine learning technique for regression problems,
which produces a prediction model in the form of an ensemble of decision trees.
Similar to other boosting methods, GBRT combines weak learners into a single
strong learner. The target is to learn a model F that predicts values, minimizing
the mean squared error to the true values on development sets in each iteration,
– Initialize model with a constant value F0 (dui )
– For m = 1, ..., M :

– Fm (dui ) = Fm−1 (dui )+γm hm (dui ), γm = arg minγ (u,i) L(rui , Fm−1 (dui )+
γhm (dui ))
where, hm (d) is a decision tree and L(r, •) is a loss function.
Random Forest (RF). Random forest[3] is an ensemble learning method for
classiﬁcation that construct a multitude of decision trees at training time and
make decisions by combining the outputs of individual trees. The training algorithm for random forest applies the general idea of bagging to tree learners. The
algorithm repeatedly selects a random subset with replacement of the features
and ﬁts trees to the training examples,
– For b = 1, ..., B:
– 1. Sample, with replacement of the features for training examples from the
training data; call Xb , Yb .
– 2. Train a decision tree fb on Xb , Yb .
When testing, predictions for a new example dˆui can be made by averaging the
predictions from all the individual trees on dˆui ,
r̂ui =

B
1 
fb (dˆui )
B
b=1

(7)
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Enhanced Systems

So far, we have described the CCF systems based on diﬀerent machine learning techniques. In this section, we enhance the CCF systems by combining a
traditional collaborative ﬁltering approach.
There are many collaborative ﬁltering methods that have been studied
recently. Among them, Bias From Mean (BFM)[8] is a very eﬃcient method
with low computational cost. In BFM, the rating is predicted by,
1 
(rvi − rv )
(8)
βui = ru +
n
v∈Zi

where, Zi refers to all the users except u who rated item i and ru is the average
value of ratings user u gives.
The prediction models take βui as an additional feature. For example, the
new prediction function for the LR model is,
rui = W T dui + Wβ βui + εui

(9)

where Wβ is the weight for the new feature. All the weights are re-trained on
the training data.

4

Experiments

In this section, we evaluate our systems on a real data set.
4.1

Dataset

We crawl the review data from Dianping which is the biggest restaurant review
site in China to evaluate the performance of our system. The reviews contain
user IDs, restaurant IDs, numeric ratings ([1, 5]), and comments. We ﬁlter out
the reviews that do not have comments. Finally, our dataset consists of 3.62M
reviews written by 638.6K users for 48.7K restaurants. The detailed statistics of
the data sets are summarized in Table 2, where “Original” refers to the data we
crawl from the site and “Filtered” refers to the data after ﬁltering. In Figure 3,
we report the log-log plot of the distributions in terms of the number of users or
restaurants with various amount of reviews. The two distributions on users and
restaurants follow the power law. We randomly split the whole data set into two
sets: 80% as training data and 20% test data. We also randomly select 10% of
training data as development data to tune the parameters of the systems.
4.2

Evaluation Metric

We report the mean absolute error (MAE) of the rating predictor, i.e.,
1 
|r̂ui − rui |
M AE =
N
u,i∈T

where T is the test set, N is the total number of predicted ratings, r̂ui and rui
are the predicted rating and the user assigned rating scores for user u and item
i, respectively.
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Table 2. Statistics on the Dianping data
#ofUsers #ofRestaurants #ofComments
Original 703.4K
51.5K
4.41M
Filtered 638.6K
48.7K
3.62M

Fig. 3. The log-log plot on the number of comments and the number of
users/restaurants
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In the experiments, we compare our systems with other approaches that are
listed as follows:
– BFM: BFM is a collaborative ﬁltering (CF) system based on Bias From
Mean described in [8].
– SlopeOne: SlopeOne[12] is an item-based CF algorithm which is famous
for its simplicity and eﬃciency. Essentially, Slope One is a simple form of
regression model.
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– HFT: As mentioned in the related work, HFT[13] combines rating dimensions with latent review topics for product recommendation and it is the
work most similar to ours. The implementation of HFT is available online4 .
– CCF-LR and CCF-LR+: CCF-LR refers to the CCF system based on
Linear Regression (LR) model and CCF-LR+ refers to the enhanced system
that include the CCF-LR system and Bias From Mean.
– CCF-GBRT and CCF-GBRT+: CCF-GBRT refers to the CCF system
based on (GBRT) model and CCF-GBRT+ refers to the enhanced system
that include the CCF-GBRT system and Bias From Mean.
– CCF-RF and CCF-RF+: CCF-RF refers to the CCF system based on
Random Forest (RF) model and CCF-RF+ refers to the enhanced system
that include the CCF-RF system and Bias From Mean.
4.4

Topic Analysis

We use GibbsLDA++5 to perform topic analysis and set the hyper-parameters
α = 0.2, and β = 0.1, and the number of iterations is set to 1000. As for
the number of topics, we run the CCF-LR system with diﬀerent values. The
experiment results are shown in Figure 4. From the ﬁgure, we ﬁnd that the
system achieves the best score when the number of topics is 6. In the following
sections, we set the number of topics as 6 for LDA in the experiments.
4.5

Tree Depth for Random Forest

Here we investigate the eﬀect of the maximum depth of the tree which is a
very important parameter for Random Forest. We run the CCF-RF system with
diﬀerent values for the maximum depth. The results are shown in Figure 5.
The ﬁgure shows that the CCF-RF system provides the best score when the
maximum depth is 4. In the following sections, we set the maximum depth as 6
for the RF model in the experiments.
4.6

Main Results

Table 3 shows the main results of predicting ratings on the test data. From
the table, we ﬁnd that BFM performs the best among the baselines. Compared
with HFT which also utilizes comments for prediction, our CCF systems achieve
better scores. The results also show that the enhanced systems can perform
better than the single systems. Among all the systems, CCF-RF+ obtains the
highest MAE score. This fact indicates that the information the CCF model
learns is diﬀerent from the information that the traditional CF models learn.

4
5

http://www.cseweb.ucsd.edu/∼jmcauley/
http://gibbslda.sourceforge.net/
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Table 3. Main results of predicting ratings
Single System
BFM
SlopeOne
HFT
CCF-LR
CCF-GBRT
CCF-RF

MAE
0.6066
0.6885
0.6803
0.6765
0.6606
0.6575

Enhanced System MAE

CCF-LR+
CCF-GBRT+
CCF-RF+

0.6004
0.5970
0.5938

Table 4. Topic words generated by LDA

4.7

Further Analysis

In the main experiments, our comment-based systems have shown their eﬃciency
in predicting ratings. Here, we investigate the topic words generated by LDA to
know how the systems work. The TOP10 topic words (of 6 topics) are shown
in Table 4. From the table, we can infer the topics from the words although
there are some overlapped words among the topics. The corresponding topics of
Topic[1-6] are: Sweets and drinks, Meat and hot pots, Noodles, Vegetable dishes,
Services, and Environments. We also ﬁnd that there are some words that are not
related to the topics. The prediction systems still have room to improve further.
We leave it in future work.
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Conclusion

In this paper, we present a comment-based collaborative ﬁltering approach that
novelly explores the connections between ratings and review comments. In particular, we utilize the hidden topics discovered in review comments to model users
and items in a latent space. Our prediction systems build on several learning
models to union predicted ratings with latent topic distributions. The systems
are evaluated on a real data set from the biggest restaurant review site in China.
The experiments demonstrate the eﬀectiveness of our proposed method in rating
prediction over state-of-art approaches.
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Abstract. How to help the IPTV service provider make the program
recommendation to their clients is the problem we propose to solve in
this paper. Here we oﬀer an adaptive temporal model to identify multiple members under a shared IPTV account. The time intervals are
ﬁrst detected and deﬁned in each account. Then, the preference similarity is calculated among the intervals to extract the members. After
that, we evaluate our model on the industrial data sets by a famous
IPTV provider. The experimental results show that our proposed model
is promising and outperform the state-of-the-art algorithms with low
computational complexity and versatility without user feedback. Furthermore, the proposed model has been oﬃcially adopted by the IPTV
provider and applied in their IPTV systems with excellent user satisfaction in 2013.

1

Introduction and Motivation

With the explosive growth of multimedia resources, customized content/program
recommendation is becoming very important and necessary for the Internet Protocol Television (IPTV) users. Usually for the IPTV clients, a family shares an
IPTV account. This situation makes the members hard to retrieve their programs
directly and the IPTV system is as well diﬃcult to recommend the programs to
the members. Therefore, it is a critical challenge for the IPTV system to identify
the members and make the accurate personalized recommendation.
We collect our data from a famous IPTV service provider. Table 1 presents
the sample logs under an IPTV account “84AA70”, in which we observe that (1)
genres of programs are vary under the same account during a day; (2) the similar
genres are often demanded at the same period. Then we imagine this scenario
that there could be three family members: kids, mom and dad. The kids love to
play cartoon after dinner, the mother watches costume drama in the afternoon
and the father prefers the action and gangster movies at night. In the traditional
IPTV recommender systems, frequent or recent genres are often recommended
to the account, regardless of the time diﬀerence and member preference. At the
above scenario, it is deﬁnitely failed when cartoon has been recommended to the
dad.
c Springer International Publishing Switzerland 2015
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Table 1. Sample Data: account logs
Account ID Date Program ID Genre
84AA70

Start End

3/1 1002200032 Cartoon 19:59 20:21

84AA70

3/3 1002030011 Cartoon 20:42 21:04

84AA70

3/13 1004190009 Cartoon 21:47 22:10

84AA70

3/8 1011090004 Action 22:32 23:23

84AA70

3/12 1011050002 Action 23:23 23:33

84AA70

3/14 1102230005 Action

84AA70

3/12 0910180041 Costume 19:37 20:24

1:55 3:19

Therefore, we make the assumptions as follows: (1)an IPTV account is shared
by one or more members in the family; (2)members have diverse interest genres;
(3)there is only a member watching the TV at a time interval.
In this paper, we propose an adaptive temporal model to distinguish the
potential members for personalized recommendation, which makes the recommendation to a speciﬁc member individually, instead of a shared account. The
temporal information in the logs is fully used to dynamically deﬁne time intervals ﬁtting to each family. We ﬁrst compare the genre types through computing
the similarity of the genre preference. Then, we apply a graph to identify the
latent members, where the nodes are the time intervals and the arcs stand for
the similarity of the genres. After that, we recommend the personalized genres to
the identiﬁed members. Our experimental results show the proposed model
achieves the improvements as highly as 200% over the baselines. Here the baselines are adopted as the standard user collaborative ﬁltering (CF) algorithm [5,6]
and item CF algorithm [9]. Currently,The adaptive temporal model has been well
integrated in the IPTV system on the real-time data by the data provider.
The rest of the paper is organized as follows. In Section 2, we present the
overview of the AT-IPTV system, followed by the proposed adaptive temporal
model in Section 3, including the noise deﬁnition, the time interval detection
and the member identiﬁcation. We describes the experimental setup in Section
4, such as the data collection and the evaluation methods. Section 5 shows the
experimental results, and Section 6 presents the analysis and discussions. The
related work is presented in Section 7. Finally, we draw our conclusions and
future work in Section 8.

2

Overview of the AT-IPTV System

There is a general situation in our data that a family shares an IPTV account
and members have program preferences. Figure 1 presents the picture of the
system. Here we focus on the genre/program recommendation to each member
instead of the whole shared account so that our proposed approach always deal
with data under an account.
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The input of the system is the account log. The output is the genre/program
recommendations to each member. Therefore, there is a cycle that the feedback
will be collected as the log, once the recommendations have been proposed.
The most important step is the adaptive temporal model which is designed to
identify the members in a shared account. First of all, the non-overlapped time
intervals are observed and deﬁned. We then identify members through computing
the program similarities among the time intervals. Third, the log of each member
is extracted correspondingly. After that, we apply the recommendation system
to make the speciﬁc recommendations to each member, where the user CF and
the item CF algorithms are adopted.

Fig. 1. The AT-IPTV System

3

Adaptive Temporal Model

Throughout this paper, we formally deﬁne the terms as (1) the account set
A = (a1 , a2 , . . . , an ); (2) the interval set Ta = (t1 , . . . , tk ), for each account a;
(3) the program set Pa = (p1 , . . . , pj ), where pj ∈ Ta ; (4) the program genre
set G = (g1 , g2 , . . . , gm ), (5) the member set Ua = (u1 , u2 , . . . , ul ) and (6) the
original consuming time as X = (x1 , x2 , . . . , xq ).
3.1

Noise Definition

There are noises in the data if the watching period is very short. In order to
get rid of the noises, we do statistics to measure how to set the period as the
countable one.
Then, we put all the consuming time X = (x1 , x2 , . . . , xq ) together, regardless
of the inﬂuences of the accounts and the genre types. The expectation of the
consuming time is around 1758 seconds and the variance is around 257547. Here
we put the expectation equation and the variance equation as
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q


xi
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(1)

i=1
q

D(X) = S 2 =

1 
(xi − x̄)2
q − 1 i=1

(2)

In the experiments, if we take the mean value 1758 seconds as the criteria
to extract the data, we ﬁnd that almost 41.3% data have been cleaned, which
makes the data very sparse.
There is a very interesting observation that the data can be ﬁt to a normal
distribution with respect to the sample mean and the sample variance. Then, we
decide to adopt the deﬁnition of the conﬁdence interval. The conﬁdence level α
we set is 0.10 after we test it from 0.05 to 0.15. Finally, the conﬁdence interval
is around [577, 2939]. Hence, we take 577 seconds and deﬁne all the consuming
periods less than 577 seconds as the noises mathematically.
3.2

Adaptive Time Interval Detection

In order to split the consuming time conveniently, we use 600 seconds (10 minutes) which is approximate to 577 seconds to ﬁlter the noises.
Figure 2 presents a typical program consuming distribution under a shared
account in 30 days. Here the noises have been removed. The x axis denotes the
24 hours a day. The y axis stands for the frequency that this account watches
the TV as the same time in 30 days.
It is easy to see that most of the members watch the TV at noon, in the
evening and at night throughout the midnight respectively. Intuitively, we initialize the whole day, twenty-four hours, as 143 slips. The length of each slip is
10 minutes.
Figure 2 demonstrates that the active period whose frequency is larger than
1 is our research target. Then, we deﬁne the active periods with the start point
Ai and the end point Bi . The slips in [Ai , Bi are detected as the time intervals
with the length of 10 minutes.
Based on the time interval detection and the watching history, we next step
examine the relationships among the time interval and the program types. Then,
we can identify the members from a shared account.
3.3

Member Identification

Focusing on the genre types and the active consuming periods, we get the following conclusions: (1) there are obvious diﬀerent types of programs consumed
every day; (2) similar programs are selected during the same time periods each
day.
We assume that a speciﬁc member prefers one or several genre types of
programs. In order to identify multiple members, we are motivated to consider
the similarity of the consumed programs among the time intervals. Then, the
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Fig. 2. Distribution of Time Consumption

more similar of two time intervals, the more possible the two intervals belong to
a same member.
Under a shared account a, we get its corresponding time interval set as Ta =
(t1 , . . . , ti , . . . ., tk ), the program set as Pa = (p1 , . . . , pi , . . . , pw ) and the genre set
as Ga = (g1 , g2 , . . . , gm ). Then, we set a rating matrix to represent the relationships among the genre set and the time interval set under the account a as
Ra = Ga × Ta = (rgtji )m×k

(3)

t

where rgji stands for the ratio of the program genre type gi when they are consumed at the time interval tj .
t
We deﬁne rgji as

tj
pz gi xpz
tj
rgi = 
(4)

tj
gi Ga
pz gi xpz
t

where the genre type gi Ga , program pz gi and xpjz denote the length of the
time interval in which the member watches the program pz .
After that, we deﬁne the similarity set S = (s1 , . . . , sq ) with q = Ck2 among
the time interval set Ta = (t1 , . . . , ti , . . . , tk ), based on the rating matrix Ra as
Sa = (s1 , s2 , . . . , sq ), q = Ck2
⎞
⎛
< rt1 , rt2 >
...
. . . < rt1 , rtk >
⎟
⎜
⎟
⎜
...
...
⎟
=⎜
⎜
ti ti+1
ti tk
< r ,r
> ... < r ,r > ⎟
⎠
⎝
< rk−1 , rtlk >

(5)
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Fig. 3. Time Intervals for Multiple Members

The Cosine similarity formula is applied in the following equation to compute
the similarities among the time interval set Ta .
si = Similarity(rtj , rtk ) =

=
t

t



Rtj · Rtk
||Rtj || · ||Rtk ||

tj
gGa (rg

tj 2
gGa (rg )

·

· rgtk )


(6)

tk 2
gGa (rg )

t

where Rtj = {rgj1 , rgj2 , . . . , rgjm } and Ra = {Rt1 , Rt2 , . . . , Rtk }.
Next, we identify the members in a graph shown as Figure 4, where the nodes
in the graph are the time intervals Ta and the edges are the similarities Sa .
Since we compute all the similarities between every two time intervals tj and
tk , there is an edge for each two nodes. However, our purpose is to distinguish
the members in this graph. Hence, we deﬁne a parameter β as a threshold to
normalize the similarity values, which decides whether two nodes should be connected. For example, in Figure 4, there are six intervals for an account. We set β
as 0.7 (this number can be locally optimized in the experiments), then six nodes
are divided into three groups. The similarity values less than β are normalized
as 0. Finally, there are three members identiﬁed from this account.

4
4.1

Experimental Setup
Data Set

We collect our data from an industrial IPTV provider. To de-identify the private
information of an account, the data are randomly selected and only partial of
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Fig. 4. Graphical Member Identiﬁcation

the logs from March 1, 2011 and March 31, 2011. As table 1 shown, the data
contains the programs, the corresponding genres, the start time and the end
time under every account.
As we deﬁne the noises in Section 3.1 and the time interval detection in
Section 3.2, we clean the data ﬁrst at the pre-processing stage. We then have
10, 145 accounts with the corresponding 770, 169 records. The sample data will
be available to download only for the research purpose.
As to the training data set and the testing data set, we make 75% of the data
which are 611, 016 records as the training data, 159, 153 records as the testing
data.
4.2

Evaluation Methods

The precision and recall scores are adopted to evaluate whether our proposed
adaptive temporal model can substantially make eﬃcient recommendation. The
equations are shown as follows.

|List(a, N ) ∩ P (a)|
(7)
P recision@N = uA 
aA |P (a)|


Recall@N =
|List(a, N ) ∩ P (a)|
|List(a, N )
(8)
uA

uA

where List(a, N ) is the recommending list to account a with the top N recommendations, P (a) is the programs of account a. List(a, N ) ∩ P (a) is the
co-occurrences rating in the training dataset and the test dataset of account a.

5

Experimental Results

User collaborative ﬁltering (UCF) and item collaborative ﬁltering (ICF) algorithms are most frequently in the recommendation systems. Therefore, we adopt
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Table 2. Precision of Genre/Video Recommendation of Users
TopN

UCF

AT-UCF

ICF

AT-ICF

Genre Video Genre Video Genre Video Genre Video
1

0.258 0.022 0.496 0.041 0.083 0.031 0.104 0.089

2

0.217 0.016 0.415 0.033 0.065 0.027 0.096 0.067

3

0.181 0.017 0.345 0.041 0.067 0.03 0.106 0.077

4

0.173 0.016 0.316 0.041 0.061 0.024 0.094 0.061

5

0.157 0.017 0.287 0.038 0.061 0.022 0.092 0.055

Table 3. Recall of Genre/Video Recommendation of Members
TopN

UCF

AT-UCF

ICF

AT-ICF

Genre Video Genre Video Genre Video Genre Video
1

0.125 0.01

2

0.183 0.014 0.188 0.033 0.063 0.026 0.05 0.035

0.13 0.041 0.04 0.015 0.027 0.023

3

0.21 0.022 0.215 0.041 0.097 0.044 0.083 0.06

4

0.251 0.029 0.242 0.041 0.117 0.046 0.099 0.064

5

0.262 0.036 0.252 0.038 0.147 0.052 0.12 0.072

Table 4. Precision of Genre/Video Recommendation of a Shared Account
TopN

UCF

AT-UCF

ICF

AT-ICF

Genre Video Genre Video Genre Video Genre Video
1

0.38 0.052 0.89 0.103 0.09

0.08

2

0.315 0.042 0.629 0.072 0.125 0.05

0.22

0.16

0.18 0.135

3

0.28 0.035

4

0.274 0.031 0.426 0.073 0.145 0.077 0.177 0.117

5

0.248 0.029 0.371 0.075 0.144 0.07 0.168 0.102

0.5

0.076 0.13 0.067 0.183 0.147

Table 5. Recall of Genre/Video Recommendation of a Shared Account
TopN

UCF

AT-UCF

ICF

AT-ICF

Genre Video Genre Video Genre Video Genre Video
1

0.162 0.009 0.094 0.019 0.038 0.015 0.094 0.019

2

0.269 0.015 0.154 0.026 0.107 0.019 0.154 0.026

3

0.359 0.019 0.235 0.041 0.167 0.037 0.235 0.041

4

0.462 0.022 0.303 0.052 0.248 0.058 0.303 0.052

5

0.509 0.026 0.359 0.067 0.308 0.065 0.359 0.067
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these two methods as the baselines and output the top N recommended genres
and programs for evaluation.
Table 2 and 3 present the personalized recommendations with the members
identiﬁcation. Considering the current traditional recommendations to a shared
account, we also generate recommendations to the whole account. Table 4 and 5
show the results which are merged based on the personalized recommendations.
Note that all results contain the genre type and the program type. AT-UCF
and AT-ICF are the proposed model on UCF and ICF. Top N lists for diﬀerent
methods are evaluated, where N = {1, 2, 3, 4, 5}. Note that we set the local
optimization value as β = 0.79 after tuning.

6

Analysis and Discussions

Here we further analysis and discuss the results in Table 2, 3, 4 and 5. First, we
compare the diﬀerence of the recommendation lists under the genre type and the
program type. We then discuss the inﬂuence of top N recommendations. After
that, the inﬂuence of the proposed adaptive temporal model is analyzed.
6.1

Investigation of UCF and ICF

The experimental results on the general UCF and ICF algorithms show that the
UCF works better than ICF if we do the genre recommendation. Correspondingly, the ICF outperforms UCF if we do the video recommendation. Then, we
get the pairs of (user, genre) and (item, video) as the strong alliances. We will
continue to conﬁrm the similar conclusions in the proposed adaptive approach.
6.2

Influence of Adaptive Temporal Model

From Table 2 and 4, we can see that the proposed adaptive temporal model
AT U CF and AT ICF outperforms the general U CF and ICF , at both precision and recall levels. Speciﬁcally, when N = 1 which means that we only make
a recommendation, our proposed model on UCF is precisely 200% better than
the baseline. Also, for diﬀerent N s, the proposed method is promising on all the
results.
Similarly, if we carefully examine the genre level and the video level respectively, we can draw the same conclusions that AT U CF is good at the genre
recommendation and AT ICF at video. The same strong pairs of (user, genre)
and (item, video) have been proved.
Therefore, we suggest genre recommendation if the IPTV system focuses
on the user experience. Otherwise, we suggestion program recommendation if
the system prefers recommending a program precisely or for the advertisement
purpose. We can also see that this conclusion is consistent at both the account
level and the identiﬁed user level.
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Influence of Top N

We discuss the top 5 recommendations on genre and program separately. For
the genre recommendation, it’s very interesting that the top 1 genre achieves
the best user performance and the improvements become small when we put
more recommendations to the list. For the program recommendation, the item
lists obviously dominate the performance. On the contrary to the genre recommendation, the larger the top N list in the program recommendation, the better
performance ICF and AT-ICF achieve. The two conclusions conﬁrm that the
IPTV users focus on the genre types, instead of single program. This results one
of our motivations at the introduction part.

7

Related Work

Compared to search engines, recommendation systems provide another way to
push information to users. In the IPTV domain, the recommender systems are
designed to automatically provide useful videos/programs or genres to users. To
the best of our knowledge, only a few previous work has been done on user identiﬁcation within a shared account. Most of them were based on the contextual
information.
Masanobu Abe et al. [1] presented a contextual method which used a private
uniﬁed remote controller to get users’ history, preferences and other contextual
information. We collect the similar information from the account logs which are
provided by the service provider.
G. Adomavicius presented a multi-dimensional context-aware recommendation model at [2],[3]. The authors claimed to take user contextual information
into consideration and proposed context information adapting collaborative ﬁltering and the content based ﬁltering. Said et al. [8] applied time contextual
information to split proﬁle into several sub-proﬁle, then directly integrated context into model at the contextual modeling stage. In our proposal, we consider
the relationships between the time interval and the genre information together
and then identity the members.
Amy Zhang et al. [11] developed a composite account model based on unions
of linear subspaces, then adopted subspace clustering algorithms for the identiﬁcation task. Yang et al. [10] proposed a web session clustering method based
on hyper-graph to ﬁnd characteristics of user preferences in diﬀerent periods.
Kim et. al. [7] claimed that they proposed an eﬃcient collaborative recommendation method for IPTV services, which solved the scalability and sparsity
problems which the conventional algorithms suﬀer from in the IPTV environment characterized by the large numbers of users and contents. The users were
grouped by similar preferences and the group proﬁle information was utilized for
recommending contents in a more specialized manner to the target user.
[4] proposed to provide diversiﬁed recommendations. The authors investigated an approach to obtain more diversiﬁed recommendations using an aggregation method based on various similarity measures. Their work was evaluated
using three experiments: the two ﬁrst ones were lab experiments and show
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that aggregation of various similarity measures improved accuracy and diversity. The last experiment involved real users to evaluate the aggregation method
as proposed. The results showed that the proposed method allowed the balance
between accuracy and diversity of recommendations.

8

Conclusions and Future Work

The contribution of this paper is four-fold. First, we propose an adaptive temporal model to identify multiple users within a shared account, which helps the
system make speciﬁc recommendation to each member. Second, we dynamically
split the consuming time of every day as time intervals, and then extract the
users by computing the preference similarity among the intervals. Third, our
proposed model is developed as an independent module such that it can be generally applied in any IPTV system. Fourth, our experiments on the data show
that our model is superiority and promising.
In the future, we will focus on detecting the drift of user interests in the
IPTV systems. This is also our ongoing work.
Acknowledgments. This research is funded by the Shanghai Science and Technology
Commission Foundation (No. 14511107000) and the National Key Technology R&D
Program (No.2012BAH93F02). We also thank all the anonymous reviewers for their
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Abstract. Location-based social network has received much attention
recently. It provides rich information of social and spatial context for
researchers to study users’ behaviors from diﬀerent aspects. A number
of recent eﬀorts focus on recommending locations, users, activities, and
social medias for users. Unlike previous works, we intend to make recommendations for vendors, assisting vendors in ﬁnding potential customers
in location-based social network. We propose a framework to recommend
potential customers to vendors (called RPCV) in location-based social
network eﬀectively and eﬃciently. To ﬁnd the best set of customers,
RPCV takes both spatial relations and user preference into consideration. A reverse spatial-preference kRanks algorithm, which eﬀectively
combines spatial relations with user preference, is also proposed. Our
experimental results on real datasets from Foursquare and Brightkite
show that our framework has higher performance than other state-ofthe-art approaches.

Keywords: Location based social network

1

· Recommendation

Introduction

With the rapid development of location-acquisition and mobile communication
technologies, a number of location-based social network services have emerged in
recent years (e.g., Foursquare, BrightKite, Gowalla and so on), which result in a
new concept of online social media named location-based social network (LBSN).
LBSN allows users to share their locations and ﬁnd out local points of interest,
which bridges the gap between the physical and digital worlds. Foursquare, as a
representative LBSN, has achieved one billion users’ check-ins within two years
since its foundation. The average amount of check-ins made by users per day
was about three million in Foursquare, and this number is still growing. Such
rapid growth of LBSN has brought the convenience to collect user data, which
consists of the spatial, social and rating aspects. These real user data enables a
deeper understanding of users’ preferences and behaviors.
c Springer International Publishing Switzerland 2015
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In recent years, a numerous researchers make contributions to study on usercentered recommendations in LBSN, such as user recommendations [1], activity
recommendations [2] and social media recommendations [3]. However, increasing demands encourage researchers to study on vendor-centered recommendations, which can help vendors grow their business by recommending potential
customers. Besides the user preference, vendor-centered recommendations need
to consider more users’ real-time requirements and spatial location relations
than user-centered recommendations. For example, a user makes a check-in at a
restaurant after he has a meal with his friends. There is a great possibility that
they will do some entertainment activities after the meal. This is a good time
point for recommendation service providers to push useful information which
meats the user’s real-time needs. As we know, users’ demands may be changed
over time, and outdated information is worthless for them. Therefore if the service provider can catch users’ real-time requirements at a right time point, it
will improve their recommendation quality, and can help vendors to do marketing better. It is important to consider spatial relations while recommending
customers to local vendors. Figure 1 gives an example to illustrate the importance of spatial locations. Whereby, A and B are two customers, V1 and V2 are
two vendors, A is the top-1 customer of V1 and V2. If we want to recommend
one customer to V1 and V2, traditional works that use similar approaches like
top-k query will recommend customer A to both of them. In reality, customer
A treats V2 as his top-1 vendor. There is a great possibility that he will choose
V2 instead of V1. As we know, recommending service is not free, and vendors
should pay for each recommendation. Obviously, top-k query is not a good solution, since it does not consider the spatial relations among vendors. Therefore,
to save vendors’ cost and improve the quality of recommendations, it is necessary to make better use of spatial relations among vendors. In conclusion, to
recommend potential customers to vendors should fulﬁll two essential requirements: (1) Users’ requirements and (2) Vendors’ proﬁts. The former one requires
to ﬁnd users’ true preferences, which guarantees the relevance of a vendor to an
individual user. The latter one encourages the service providers to maximize the
proﬁt of a vendor when the vendor has a ﬁxed budget.

Fig. 1. An example of recommending scenario
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In this paper, we propose a framework that can Recommend Potential Customers to Vendors in LBSN, named RPCV. It aims at selecting relevant potential customers for vendors in real-time, and considers both of the two essential
requirements. Instead of considering vendors separately, we propose a reverse
spatial-preference kRanks algorithm, which considers the inﬂuence of other vendors on customers. What’s more, this algorithm eﬀectively combines spatial relations with user preference and can catch users’ real-time requirements. By this
algorithm, we can ﬁnd k customers whose ranks for a given vendor are highest
among all customers. The contributions of this paper are summarized below:
– We propose a recommendation framework that can recommend potential
customers to vendors and work in a real-time environment.
– We propose a reverse spatial-preference kRanks algorithm, which eﬀectively
combines spatial relations with user preference, and can also catch users’
real-time requirements.
– We evaluate our work in two real datasets from Foursquare and BrightKite.
Experiments show that our strategy has a higher precision than others.
The rest of this paper is organized as follows. We ﬁrst review related work in
Section 2. Then, Section 3 presents the system framework of our RPCV. Sections
4 and 5 introduce our novel user preference model and reverse spatial-preference
kRanks approach. Section 6 analyzes experimental results. Finally, we conclude
this paper in Section 7.

2

Related Work

Recommendations in LBSN. Due to the rapid development of location-based
services, real traces of user locations and activities have been collected and used
in several researches [4–6]. The location dimension bridges the gap between the
virtual online social network and physical world, giving rise to new challenges
and opportunities in recommending systems. Besides location, the temporal,
spatial, and social aspects are also available in LBSN. Therefore, more and more
researchers try to make eﬀorts to mine users’ mobile behaviors in LBSN. In [7],
Huiji et al. proposed to model temporal eﬀects of human mobile behavior in
LBSN, and strong temporal cyclic patterns have been observed in user movement with their correlated spatial and social eﬀects. In [8,9], the authors observed
strong heterogeneity across users with diﬀerent characteristic geographic scales
of interactions across ties. While Ye et al. [10] investigated the geographical
inﬂuence [11] and social inﬂuence [12] for location recommendation, they discovered that user preference plays a more important role in contributing to the
recommendation than social and geographical inﬂuences do.
Ranking Query. In general, the ranking query returns top k tuples with maximal (minimal) ranking scores by employing a user-deﬁned scoring function. A
general linear model is one of the most widely adopted models among existing
scoring function. However, the top-k query under linear model is mainly focused
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on the perspective of users, which aims at ﬁnding a set of products to match
their preferences. However, vendors would prefer to know who would be interested in them, which are totally opposite. In [13], reverse top-k query is used
to return an unordered result set of users, and these users are all treating the
given vendors as one of their top-k vendors. Nevertheless, it can not work in our
research, since it can not guarantee 100% coverage of any given query.

3

System Overview

In this section, we illustrate the framework architecture of RPCV shown in
Figure 2. In order to avoid missing users’ real-time requirements, we designed it
in a burst mode and triggered by users’ check-in behaviors. When the start event
is triggered, our RPCV will start from its reverse spatial-preference kRanks module. It begins to recommend a speciﬁc number of potential customers to preliminary deﬁned vendors. As presented in the ﬁgure, the reverse spatial-preference
kRanks module requests user preference from a user preference module. The
main task of user preference module is to compute user preference with our user
preference model. Our user preference model handles this task by leveraging
social, historical, rating and spatial data. The details of the two modules will be
explained in Section 4 and 5. Finally, the framework outputs a series of potential
users for preliminary deﬁned vendors.

Fig. 2. System Framework

4

User Preference Model

In reality, users prefer more relevant information with respect to their preferences
[14]. Therefore, in this section, we introduce a novel model to build user preference, which is an indispensable part of our reverse spatial-preference kRanks
approach. The preference of user ui to a vendor vj can be described by diﬀerent proﬁles. In this paper, we use a two-dimension vector wi,j to represent this
preference. The ﬁrst dimension of this vector is the degree of a user preferring
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the vendor. This preference can be computed as a preference score Supi (vj ) by
leveraging users’ social relations and historical behaviors. The second dimension
is the sensibility of the spatial distance, which is computed by a spatial score.
The spatial score can be measured by diﬀerent metrics. A common approach for
the spatial score computation is based on the distance between the check-in locations and users’ home. Then, we can ﬁnd out the user’s sensibility of the spatial
distance, denoted as Susdi (vj ). Finally, the vector wi,j =< Supi (vj ), Susdi (vj ) > can
be used to represent the preference of the user ui for the vendor vj . And we will
normalize Supi (vj ) and Susdi (vj ) to make their summation to be 1.
4.1

Analyzing Social and Historical Behaviors

Previous works ﬁnd users’ friends may inﬂuence their behaviors [8,15]. To inspect
our guess, we capture about 2M users and 1M venues across US from foursquare
and compared the number of common check-ins between two friends and two
strangers. As shown in Table 1(a), on average, a pair of friends share about 13.527
check-ins, while a pair of strangers share only 4.831 check-ins. This indicates that
friends have strong inﬂuence to a user’s check-in behaviors.
Table 1. Social And Historical Behaviors
(a) Average number of check- (b) Correspondences between language model
ins between two users
and LBSN model
Type

number

Between friends
13.527
Between strangers 4.831

Language Model LBSN Model
Word
Phrase
Sentence
Paragraph
Document
Corpus

Check-in location
Daily check-in sequence
Weekly check-in sequence
Monthly check-in sequence
Individual check-ins
Check-in collection

When mining user preference, users’ historical behaviors are important factors that cannot be ignored. While capturing a user’s historical behaviors, two
important properties must be considered. The ﬁrst one is that a user tends to go
a few places many times and many places a few times. This means the history
approximately follows a power-law distribution. Another property is that the
historical behaviors have short-term eﬀect. This means the previous check-ins
have diﬀerent strengths to the latest check-in. As shown in Table 1(b), there are
many common features between language processing and LBSN mining. Besides,
the check-in data and the document have similar structure. Therefore, we prefer
to use a state-of-the-art language processing tech called hierarchical Pitman-Yor
process (HPY) [16] to capture users’ historical behaviors.In addition, the HPY
is a hierarchical extension of Pitman-Yor process [17].
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Since social and historical behaviors are useful for mining user preference,
we leverage them to model user preference in this paper. We will combine the
two behaviors together to evaluate user preference, using Equation Supi (vj ) =
ηSufi (vj )+(1−η)PuHi (vj ). In the equation, Sufi (vj ) represents the social score, and
PuHi (vj ) represents the historical score. The parameter η ∈ [0, 1] in the equation
is used to adjust the relative importance of the parts.
4.2

Social Score Computation

The opinions data about how much a user ui likes a vendor vj can be extracted
from similarities, which can be inferred from user’s ratings and check-in location
histories in LBSN. In this paper, we use a simple but eﬀective computation approach by leveraging users’ ratings. Table 2(a) shows an example about the closeness between users while Table 2(b) shows the normalized rating score sui (vj )
(with a value between zero and one) of a vendor vj given by a user ui . As we
know, diﬀerent friends have diﬀerent social eﬀects on a user. So in this paper, we
use a weight cwi,k to represent the closeness uk towards ui , where uk is a friend
of the user ui . We use f (ui ) to represent the friends of the user ui . The weight
can be evaluated from many metrics, such as the number of common friends,
the number of common check-ins and so on. We constrain the total weight of
the closenesses to be one. Thus, the friends’ recommending score of the user ui
on a vendor vj can be computed by the equation as follows.
|f (u)|

Sufi (vj ) =



cwi,k  suk (vj )

(1)

k=1

Table 2. An example of social links and rating scores
(b) Rating Score

(a) Social Links
User
u1
u2
u3

4.3

Friends and Closeness
< u2 , 0.25 >,< u3 , 0.75 >
< u1 , 0.40 >,< u3 , 0.60 >
< u1 , 0.80 >,< u2 , 0.20 >

u1
u2
u3

v1

v2

v3

v4

0.2

0.8
0.4

0.6
0.8
0.8

0.4
0.4

0.8

v5
0.4
0.2

Hierarchical Pitman-Yor Process

As mentioned above, the historical score is generated by HPY and the HPY. In
this subsection, we will explain how HPY works. The HPY process assumes that
the earlier a word is mentioned, the less importance the word has. It is an n-gram
model that captures the short-term eﬀect without losing the power-law property
in distribution. In HPY, Gu denotes the probability of the next check-in while
given a history context u:
Gu ∼ P Y (d|u| , γ|u| , Gπ(u) )

(2)
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In (2), d|u| ∈ [0, 1) is a discount parameter to control the power-law property,
γ|u| is the strength parameter, π (u) is the suﬃx of u and Gπ(u) is probability of
next check-in in the history context u. And the P Y is a Pitman-Yor process. All
of these parameters are under context u which consisting of all but the earliest
check-ins. Gπ(u) is then computed with parameters d|π(u)| , γπ(u) and Gπ(π(u)) .
This process is repeated until we get the empty historical context ∅:
G∅ ∼ P Y (d0 , γ0 , G0 )

(3)

The m locations can be represented by the location space L, and m = |L|. The
base distribution G0 is a uniform distribution providing by a prior probability.
It satisﬁes G0 (l) = 1/m, where G0 (l) is the probability of a location l ∈ L being
check-in.
PuHP Y (cn+1 = l|c1 , c2 , . . . , cn )
N −tul d|u|
γ +tu d|u|
+ |u|
= ul
γ|u| +nu
γ|u| +nu Gπ(u) (cn+1 = l |c1 , c2 , . . . , cn )

(4)

Where Nulis the number
 of check-ins at l following the historical context u
and nu = l Nul · tu = l tul is the sum of all tul , which is a latent variable
satisfying:

if Nul = 0
tul = 0
(5)
0 ≤ tul ≤ Nul if Nul > 0

5

Reverse Spatial-Preference kRanks

In this section, we will explain our reverse spatial-preference kRanks algorithm.
It eﬀectively combines spatial relations with user preference. Its tree-based pruning approach improves its eﬃciency and makes it applicable in a real-time environment. It guarantees that we do not lose the chance to catch users’ real-time
requirements.
5.1

Basic Concepts

In our work, we want to know who will be interested in a vendor. This is totally
opposite to top-k query. Reverse top-k query seems to meet our requirements,
but it cannot ensure 100% coverage for any given vendor and the size of the
result set sometimes is larger than k. However, it is necessary to recommend a
speciﬁc number of customers to vendors. Therefore, we propose a reverse spatialpreference kRanks algorithm, which can eﬀectively combine spatial relations with
user preference and return a ranked result set of k customers for any given vendors. For any given vendor, we use an attribute vector v =< r, z > to represent
it, where r is the average ratings given by all users and z is the z-value calculated by its location. The z-value here is generated by the well-known Z-order
approach [18]. With the help of Z-order approach, we can estimate the distance between a user and a vendor through the diﬀerence value of their z-value
quickly. What’s more, the Z-order makes it possible to take the spatial location
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information into the vendor’s attribute vector, which can help avoid rebuilding
the R-tree of our vendors. The details of R-tree will
d be explained later. In this
paper, a score function is deﬁned as f (w, v) = i=1 w(i) · v (i) , i.e., the inner
production of the user’s preference vector w and the vendors attribute vector
v. For example, if a user’s preference vector for the vendor v =< 4.2, 65 > is
w =< 0.3, 0.7 >, and the z-value of the user is 23, then the value of the score
function is f (w, v) = (0.3 ∗ 4.2 + 0.7 ∗ (65 − 23)).
Deﬁnition 1 (rank(u,q)). Given a vendor point vector set D, a specific user
u, and a query point vector q, the rank of q for u is rank(u, q) = |S|, where |S|
is the cardinality of S, and S is a subset of D. And ∀pi ∈ S, there must have
f (u.w, pi ) < f (u.w, q); For ∀pj ∈ (D − S), we have f (u.w, pj ) ≥ f (u.w, q).
Deﬁnition 2 (reverse spatial-preference kRanks query). Given a vendor
point vector set D, a user set U , a positive integer k (the size of the result set),
and a query point vector q, reverse spatial-preference kRanks query returns a
set SU , SU ⊂ U, |SU | = k and ∀ui ∈ SU, ∀uj ∈ (U − SU ), rank (ui .w, q) ≤
rank (uj .w, q)
For any given user u in U and any given point p in D, we compute rank(u.w, q)
one by one, and keep k weights with the smallest rank(u.w, q) for query point
q. The complexity is O(m · n) where m is the number of customers and n is
the number of vendors. Note that this is used as a baseline to compare with our
tree-based pruning approach.
5.2

Tree-Based pruning approach

The baseline method above evaluates every customer and vendor pair. As we
mentioned that its time complexity is O(m · n). Fortunately, we can use an Rtree to avoid some parts of computations, i.e., building an R-tree to index all
vendors by their attribute vectors. In the R-tree, we use r denote a minimal
bounding rectangle (MBR), and then use r.L and r.U to denote the bottom left
and top right points of r respectively.
Deﬁnition 3 (Dominance). We say a point p1 dominates a point p2 (denoted
as p1 ≺ p2 ), if and only if the following two conditions hold: (1)∀l, pl1 ≤ pl2 ,
(2)∃j, pj1 < pj2
According to the deﬁnition 3, we have f (u.w, p1 ) < f (u.w, p2 ) when p1 ≺ p2 ,
since ∀i, w(i) ≥ 0. Therefore, there are two facts we can obtain. Given a query
point q, a speciﬁc user ui , and an MBR r in R-tree, if f (ui .w, q) < f (ui .w, r.L),
then ∀p ∈ r, we have f (ui .w, q) < f (ui .w, p). And if f (ui .w, r.U ) < f (ui .w, q),
∀p ∈ r, we have f (ui .w, p) < f (ui .w, q).
Algorithm 1 illustrates the main steps of our tree-based pruning approach
(TPA). We index all vendors by an R-tree R oﬄine. During processing, it computes ranking score by traversing R-tree. According to the two facts, the nodes
satisfying f (ui .w, q) < f (ui .w, r.L) or f (ui .w, r.U ) < f (ui .w, q) can be pruned
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Algorithm 1. Tree-based pruning approach (R, U, q, k)
Input: an R-tree R; user set U ; query vendor vector q; number of return customers k;
Output: an array contains k most valuable customers
1: Q and Q represent two queues
2: A denote an array to record the rank of each user
3: minRank ← the number of objects in R
4: for each ui in U do
5:
Empty Q and Q
6:
enqueue(Q, R.root)
7:
while r = dequeue(Q) = ∅ do
8:
if f (ui .w, r.U ) < f (ui .w, q) then
9:
A[ui ] ← A[ui ] + |r|
10:
else if f (ui .w, q) < f (ui .w, r.L) then
11:
continue
12:
else if r is a leaf node then
13:
enqueue(Q , r)
14:
else
15:
∀r (r’ is r’s child ), enqueue(Q, r )
16:
end if
17:
end while
18:
if A[ui ] ≤ minRank then
19:
for r in the queue Q’ do
20:
for point p in r do
21:
if f (ui .w, q) < f (ui .w, p) then
22:
A[ui ] ← A[ui ] + 1
23:
end if
24:
end for
25:
end for
26:
end if
27:
minRank ← the kth minimal value in A
28: end for
29: return k smallest entries in A

safely. Otherwise, if the node is not a leaf node, it will be appended to the queue
Q for further processing. The queue Q keeps the tracks of all un-pruned leaf
nodes. And the global variable minRank is used to describe the kth maximal
entry in array A. That is, at least k customers treat q as one of his top−minRnak
favorite objects till now. Finally, the algorithm returns k smallest entries in A.
TPA prunes computations from the perspective of data points and reduces time
complexity to O (mr · n), where mr = |R| , n = |D|.

6
6.1

Experiments
Experimental Settings

In this subsection, we introduce the experimental settings. All codes are written
in JAVA, and run on a single machine with Intel CPU/2.8GHZ and 8GB memory.
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Table 3. Information of two datasets

Amount
Amount
Amount
Amount

of
of
of
of

users
check-ins
links
unique locations

Foursquare

Brightkite

18,107
2,073,740
231,148
43,063

26,915
4,666,732
261,982
751,176

Data Set. Our experiments are based on two real datasets from Foursquare
and Brightkite. Both of them allow users to make check-ins at physical locations
through mobile phones and let their online friends know where they are. All the
information about the two datasets is listed in Table 3.
Evaluation Metrics. In this paper, we use the average precision as our evaluation metric. We compare our approach with top-k query and reverse top-k
query. Actually, this is a strict evaluation measurement, as a user may still like
a vendor even if he did not visit it. In addition, there is a probability that the
user could forget to make a check-in when he visits the vendor. Therefore, our
framework is actually more eﬀective than the experimental results shown later.
Besides, we compare the time consumption of our tree-based pruning approach
with a baseline method.
6.2

Experiment Results

Reverse Spatial-preference KRanks Eﬀectiveness. Reverse spatialpreference kRanks (short for RSPKR) is the core of our RPCV. It is responsible
to deal with the input query and output potential customers for a querying vendor. Thus, we ﬁrst evaluated the eﬀectiveness of our reverse spatial-preference
kRanks approach. We use the real check-ins of users recommended to the querying vendor as the ground truth, and compare RSPKR with top-k query (i.e.
return top-k preferred customers, denoted as TopK) and reverse top-k query
(i.e. return a set of unordered customers who treat the given vendor as their
top-k vendors, denoted as RTopK), in terms of their precisions. The performance of three approaches on the two datasets are shown in Figure 3(a) and
3(b) respectively. The X-axis of both ﬁgures represents the number of recommending customers, and the Y-axis of both ﬁgures represents the precision value.
As shown in Figure 3(a) and 3(b), our RSPKR is more eﬀective than the
other two approaches. The TopK is the worst, since it does not consider the
opinion of a user towards other vendors. RTopK is better than TopK, because
it chooses the customers who treat the querying vendor as their top-k vendors.
However, the size of its return customers may be larger or smaller than k. For
some unpopular vendors, RTopK even returns none customers. As mentioned
in the previous section, the results of RTopK are unordered. Thus, while the
size of the results is larger than k, we should choose the top k customers for the
querying vendor, but we do not know the rank of these customers. These reasons
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(a) Precision on Foursquare

(b) Precision on Brightkite

Fig. 3. Eﬀectiveness Comparison

cause that RTopK is less eﬀective than our RSPKR. The experimental results
show that it is helpful to consider spatial relations among vendors.
Eﬃciency Comparison. Our reverse spatial-preference kRanks uses tree-based
pruning approach to accelerate the query processing. Therefore, we compare
the tree-based pruning approach (TPA) with baseline method mention before,
in terms of diﬀerent numbers of customers and diﬀerent numbers of vendors
respectively. The comparisons of time consumption are shown in Figure 4(a)
and 4(b). In both ﬁgures, the unit of their Y-axis is seconds. Note that Figure
4(a) shows the performance changes while the number of customers increases
from 100K to 500K and the number of vendors is 20K. Figure 4(b) shows the
performance changes under the number of vendors increases from 10K to 50K
and the number of customers is 400K.

(a) Time consumption for the num- (b) Time consumption for the number of customers
ber of vendors
Fig. 4. Time Consumption

Figure 4(a) and 4(b) show that the processing time of both methods increases
with both the increment of the number customers and vendors. From this two
ﬁgure, we can also see that our tree-based pruning approach is far more eﬃcient
than the baseline method under the two diﬀerent scenarios. Comparing these
two ﬁgures, we can see that the computation time grows signiﬁcantly quicker
with the increment of the number of vendors, comparing with the time under
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the increment of the number of customers. This is because the computation time
of each customer grows when the number of vendors increases.

7

Conclusions

In this paper, we present RPCV, a recommending framework that aims at recommending potential customers to vendors in a real-time environment. With
the help of our reverse spatial-preference kRanks approach, we eﬀectively combines spatial relations with user preference. The experimental studies on two
real datasets demonstrate that our framework outperforms existing strategies.
An interesting direction for future work is to consider temporal and/or semantic
features.
Acknowledgments. This work was partially supported by Chinese NSFC project
(61170020, 61402311, 61440053), and the US National Science Foundation (IIS1115417).
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Abstract. Learning dependency structure is meaningful to characterize
causal or statistical relationships. Traditional dependencies learning algorithms only use the same time stamp data of variables. However, in many
real-world applications, such as traﬃc system and climate, time lag is a
key feature of hidden temporal dependencies, and plays an essential role in
interpreting the cause of discovered temporal dependencies. In this paper,
we propose a method for mining dependencies by considering the time lag.
The proposed approach is based on a decomposition of the coeﬃcients
into products of two-level hierarchical coeﬃcients, where one represents
feature-level and the other represents time-level. Specially, we capture the
prior information of time lag in spatio-temporal traﬃc data. We construct
a probabilistic formulation by applying some probabilistic priors to these
hierarchical coeﬃcients, and devise an expectation-maximization (EM)
algorithm to learn the model parameters. We evaluate our model on both
synthetic and real-world highway traﬃc datasets. Experimental results
show the eﬀectiveness of our method.
Keywords: Dependency

1

· Time lag · Highway traﬃc analysis

Introduction

Mining dependencies is meaningful to characterize causal or statistical relationships that exist among variables of interest and quantify them. The problem of
mining dependencies between variables in complex systems, such as economics,
biological systems, traﬃc systems, climate change, etc., is important and fundamental. Given these multiple variables, the goal is to use available variables
to make precise prediction of future events and trends. In addition to this primary goal, an important task is to identify dependencies between these variables
wherein, data from one variable signiﬁcantly help in marking predictions about
another variable. For example, economists want to know whether burning natural gas is a causal factor for the global warming, so they need to mine whether
the global warming depends on burning nature gas.
Graphical modeling techniques which use Bayesian networks and other causal
networks have been considered as a viable option for modeling dependencies in
c Springer International Publishing Switzerland 2015
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the past [1–3]. Statistical tests such as speciﬁc hypothesis tests have also been
designed to identify causality between the various temporal variables [4]. However, most of them either do not consider the time lag, or only use a predeﬁned
value. In traﬃc temporal data, time-lagged relationships are crucial towards
understanding the linkages and inﬂuence of the change between relative entrance
ramps and exit ramps. These relationships are lagged in time because vehicles
from entrance ramps do not aﬀect vehicle ﬂow of exit ramps at the same time but
only at a later time. One such important time-lagged pattern in traﬃc is relative
entrance ramps learning for exit ramps. Fig. 1 shows the Origin-Destination(OD)
matrix[5–7]1 of a highway traﬃc network, where the rows and the columns denote
the entrance and exit ramps in the highway, respectively, and the values of the
matrix represent the vehicle counts rushed from the entrances to the exits. The
entries with brighter color denote larger vehicle counts and darker ones represent
small vehicle counts. We say that there exits dependency between an entrance
ramp and an exit ramp when the corresponding entry of OD matrix is bright.
Owing to its dependencies to the traﬃc
system, its understanding has the potential
to aid forecasts of vehicle ﬂow at exit ramps.
One important model for mining causal
dependencies considering time lag is Granger
causality [9], which is a widely accepted
notion of causality in econometrics. In particular, it says that time series A causes
B, if the current observations in A and B
together, predict the future observations in Fig. 1. OD matrix of highway traﬃc
network of a province in China. The
B signiﬁcantly more accurately, than the prerows represent the entrance stations,
dictions obtained by using just the current and then columns represent the exit
observations in B. Recently, there has been a stations. If the traﬃc ﬂow from the
surge of methods that combine this notion of entrance station to exit station is
causality with regression algorithms [10–12]. non-zero, the pixel is white.
However, they either do not emphasize the
concept and important of time lag, or make all history data and current data
together to predict, which leads to learning more irrelevant attributions.
In this paper, we proposed a method to cope with mining dependencies of
spatio-temporal traﬃc data. This method is based on the idea that combine
the notion of causality with regression algorithm, called Two-Level Hierarchies
with time Lag lasso (TLHL). TLHL decomposes the regression coeﬃcients into
a product between a feature-level component and a time-level component. Such
a decomposition is very natural from the theory, namely, a speciﬁc regression
coeﬃcient is equal to zero if either of its two components is zero; Furthermore,
the feature-level control the dependencies of prediction variables and responding
variables; the time-level component represents the choice of time lag. Speciﬁcally,
the TLHL model places Gaussian and Cauchy distributions for the component
1

The OD matrix can provide important spatial correlation information for the traﬃc
behaviors and is a widely used tool in the traﬃc analysis [8].

Mining Dependencies Considering Time Lag in Spatio-Temporal Traﬃc Data

287

coeﬃcients as priors to control the model complexity. With the Gaussian likelihood, we devise an eﬃcient expectation maximization (EM) algorithm [13] to
learn the model parameters. Moreover, we evaluate our model on both synthetic
and real-world traﬃc data, and the conducted results show that the TLHL model
is very eﬀective in mining dependencies due to considering the time lag.
The remainder of this paper is organized as follows. In Section 2, we brieﬂy
review background and preliminaries. Section 3 presents the proposed method.
Experimental studies are reported in Section 4. We conclude this paper and
present future directions in Section 5.

2
2.1

Background and Preliminaries
Background

Estimating the dependency structure in traﬃc networks plays an important role.
Most of the existing works on dependency structure discovery do not consider the
time lag. For example, Meinshausen etc. [14] learn the dependency structure by
using lasso; Yuan etc. [10] use group lasso to cope with this problem; Han etc. [8]
detect dependency relationships in traﬃc system by Gaussian graphical model.
However, time lag is an important factor for discovering the traﬃc pattern,
especially in spatio-temporal traﬃc data.
In traﬃc system, it takes time for a vehicle from an entrance ramp to an exit
ramp, thus, we need to consider this time when discovering the dependencies
between entrance ramps and exit ramps. Traditional methods either use the
same time stamp data of entrance ramps and exit ramps [8], or use neighbor
history data of current time stamp immediately [15,16]. [17,18] plug diﬀerent
values of time lag in the model, which set time lag as a constant. Granger
graphical model has a parameter called the maximum lag. The maximum lag
for a set of time series signiﬁes the number of time units one must look into the
past to make accurate predictions of current and future events. However, all the
past time stamp data in this method are treated uniformly. The disadvantage is
that it does not consider time lag accurately, and always learns more irrelevant
attributions.
2.2

Problem Deﬁnition

Given d random variables X = {x1 , · · · , xd }, and each variable xi has n observations, xi = (x1i , · · · , xni )T . Let Y = {y i , · · · , y n } be the response variable.
We aim to learn the dependency structures between prediction variables and
response variable.
In traﬃc analysis, X denotes the vehicle counts collected from the entrance
ramps, and Y is the vehicle counts of the exit ramps. The tasks are predicting the
vehicle counts for the exit ramps, since the traﬃc experts are eager to know how
many vehicles will pass through some important exit ramps. We aim to encode
the dependency structures between entrance ramps and exit ramps. The vehicles
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from relative entrance ramps of exit ramp are useful for predicting the vehicle
ﬂow of this exit ramp, thus, the challenge is how to learn the relative entrance
ramps of exit ramp more accurately. To solve this, we make full use of time lag,
which is a prior information in traﬃc data. Time lag is caused by travel time,
and the mean travel time can be obtained by history statistic. However, diﬀerent
vehicles might have diﬀerent travel time, the mean travel time is not used as a
ﬁxed time lag because it has ﬂuctuation. Thus, we learn the distribution of time
lag to choose the relative past time data of entrance ramps for exit ramps more
ﬂexibly and accurately.

3

Proposed Method

In this section, we introduce the proposed TLHL model. TLHL model is based
on the idea that combines the notion of causality with regression algorithm.
The traditional regression coeﬃcient is decomposed into products of two-level
hierarchical coeﬃcients. They represents feature-level and time-level respectively.
Specially, we propose a probabilistic framework for TLHL model, and devise an
EM algorithm to infer the model parameters.
3.1

The TLHL Model

First we propose a model for the component coeﬃcients introduced previously.
Most of the lasso-based algorithms solve the following optimization problem
[10,14,19,20]:
n

L(y i , β T xi + b) + λR(β),
(1)
min
β

i=1

where β = (β1 , · · · , βi ) is the coeﬃcient vector, L(·, ·) is the loss function, and
R(·) is a regularizer that encodes diﬀerent sparse pattern of β.
In this paper, we propose a hierarchical model where each coeﬃcient in β is
decomposed into products of multiple hierarchical coeﬃcients. In order to learn
the dependencies between variables and time lag of each variables simultaneously,
we consider the two-level hierarchies,
βj = αj

L


γjl

l=1

where βj is the jth element in vector β, αj represents the feature-level coeﬃcient,
and γjl denotes the time-level coeﬃcient of lth time lag with respect to the jth
feature.
In order to improve the eﬃciency of dependencies and time lag learning, we
use some prior knowledge about time lag. For example, in traﬃc data, some
travel time can be obtained from history data, or computed by road length and
vehicle speed. However, diﬀerent vehicles have diﬀerent speeds, which leads to
(i−μ )2
the ﬂuctuation of time lag. Let K(i) = exp(− δ2j ) be the prior information
j
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restriction about time lag at the ith time stamp for the jth feature, where the
μj is mean time lag for vehicles from jth entrance ramp to the target exit ramp,
and it is a known information. Thus, we have:
βj = αj

L


K(l)γjl

(2)

l=1

This two-level hierarchies with time lag lasso objection is established as follow:
min
β

n

i=1

(y i −

d

j=1

αj

L

l=1

exp(−

(l − μj )2
)γjl xijl − b)2 + λ1 α + λ2 γ,
δj2

(3)

where α = (α1 , · · · , αd ) and γ = (γ11 , · · · , γ1L , · · · , γdL ).
3.2

A Probabilistic Framework for TLHL Model

In this section, we give the probabilistic interpretation for introducing our probabilistic model. For a regression problem, we use normal distribution to deﬁne
the likelihood for y i :
d 
L

βjl xijl + b, σ),
(4)
yi ∼ N (
j=1 l=1

where N (μ, s) denotes a normal distribution with mean μ and variance s2 . Then
we need to specify the prior over the parameter βj in β. Since βj is represented
by αj and γjl , instead we deﬁne priors over the component coeﬃcients. The component coeﬃcients corresponding to the feature-level and time-level are placed
in two probabilistic priors. We assume time-level coeﬃcient follows a norm distribution:
2
).
(5)
γjl ∼ N (0, θjl
For feature-level coeﬃcient, a Cauchy prior is placed:
αj ∼ C(0, φj ),

(6)

where C(a, b) denotes the Cauchy distribution [21] with the probability density
function deﬁned as:
1
,
p(x; a, b) =
x−a 2
πb[( b ) + 1]
where a and b represent the location and scale parameters respectively. The
Cauchy prior is widely used for feature learning [22,23]. Moreover, in order to
obtain sparse hyperparameter θjl , we place the Jeﬀreys prior [24] over the θjl :
p(θjl ) ∝

1
θjl

(7)

Eqs.(4)-(7) deﬁne the probabilistic model of TLHL. In the next, we discuss how
to learn the model parameters.

290

3.3

X. Zhou et al.

Parameter Inference

In the EM algorithm, θ = {θjl }j∈Nd ,l∈NL , where Nd is the index set {1, · · · , d},
are treated as hidden variables, and the model parameters are denoted by Θ =
{δ, b, σ, φ} where δ = {δj }j∈Nd , and φ = {φj }j∈Nd . In the following, we give the
details in the EM algorithm.
E-step: we construct the Q-function as

Q(Θ|Θ t ) = E[ln p(Θ|y, θ)] = p(θ|y, Θ t ) ln p(Θ|y, θ)dθ.
where Θ t denotes the estimate of Θ in the tth iteration. It is easy to get
ln p(Θ|y, θ) ∝ ln p(y|δ, b, σ, γ, α) + ln p(α|φ) + ln p(γ|θ)
n
d
L



1
(l − μj )2
i
(y
−
α
exp(−
)γjl xijl − b)2 − n ln σ
∝−
j
2
2
2σ
δ
j
i=1
j=1
l=1

−

d


αj2
ln p( 2
φj
j=1

d 
d
L
2


γjl
+ 1) −
−
ln φj
2
2θjl
j=1
j=1
l=1

t
and p(θjl |y, Θ t ) ∝ p(θjl )p(γjl
|θjl ). Then we compute the following expectation:

1
E[
|y, Θ t ] =
2θjl
Let νjl =

1
t ]2
[2γjl

Q(Θ|Θ t ) = −

∞

1
t
1
2 p(θjl )p(γjl |θjl )dθjl
 ∞2θ
=
t ]2 .
t
[2γjl
p(θjl )p(γjl |θjl )dθjl
0

0

and we can ﬁnally get

n
d
L



1
(l − μj )2
i
(y
−
α
exp(−
)γjl xijl − bi )2 − n ln σ
j
2
2
2σ
δ
j
i=1
j=1
l=1

−

δ.

d


αj2
ln p( 2
φj
j=1

+ 1) −

d 
L


2
νjl γjl
−

j=1 l=1

d


ln φj .

j=1

M-step: We maximize Q(Θ|Θ t ) to update the estimates of α, γ, b, σ and

(1)For the estimation of α, we have to solve the following optimization problem:
min J =

n
d
L



1
(l − μj )2
i
(y
−
α
exp(−
)γjl xijl − b)2
j
2
2
2σ
δ
j
i=1
j=1
l=1

d


d


αj2
+
ln p( 2 + 1) +
ln φj .
φj
j=1
j=1

(8)
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By setting the derivatives of J with respect to φ to zero, we only consider
d
d
α2
min j=1 ln p( φ2j + 1) + j=1 ln φj , and then get
φ

j

φj = |αj |.

(9)

By plugging the solution in Eq.(9), we simplify Eq.(8) as
min J¯ =

n
d
d
L




1
i
i 2
(ŷ
−
α
x̂
)
+
ln |αj |,
j
jl
2σ 2
i=1
j=1
j=1

(10)

l=1

where ŷ i = y i − b and x̂ijl = K(l)γjl xijl . Problem (10) is non-convex since the
second term of the objective function is non-convex. To solve this problem, we
use the majorization-minimization (MM) algorithm [25] to solve this problem.
For numerical stability, we slightly modify Eq.(10) by replacing the second term
d
with j=1 ln(|αj | + η), where η is a tuning parameter. We denote the solution

obtained in the t th iteration in the MM algorithm as αjt . Thus, in the (t + 1)th
iteration, we only need to solve a weighted 1 minimization problem [26,27]:
n


σ̄(ŷ i −

i=1

d


αj

j=1

L


x̂ijl )2 + λ

d

j=1

l=1

|αj |
,

|αjt | + η

(11)

where σ̄ = 2σ1 2 , which can be solved by some mature solvers, such as LASSOstyle solvers.
(2)For the estimation of γ, we need to solve:
min J˜ =

n


σ̄(ŷ i − γl x̃il )2 +

i=1

d 
L


2
νjl γjl
,

(12)

j=1 l=1

where γl = (γ1l , · · · , γdl ), x̃il = (α1 xi1l , · · · , αd xidl )T . We use a gradient method
such as conjugate gradient to optimize Eq.(12). The subgradient with respect to
γl is
∂ J˜
T
(13)
= 2σ̄(X̃l X̃l γl − X̃l Ŷ ) + 2D,
∂γl
where X̃l = (x̃l i , · · · , x̃l n ), Ŷ = (ŷ 1 , · · · , ŷ n )T , and D = (ν1l γ1l , · · · , νdl γdl )T .
(3)For the estimation of b, σ and δ, we solve:
min Jˆ =

n
d 
L


1
(l − μj )2 i
i
(y
−
exp(−
)x̄jl − b)2 + n ln σ,
2
2
2σ
δ
j
i=1
j=1

(14)

l=1

t+1 i
xjl . We set the derivatives of Eq.(14) with respect to each
where x¯ijl = αjt+1 γjl
of them to zero and get

bt+1 =

n
d
L
1  i 
(l − μj )2 i
[y −
exp(−
)x̄jl ],
n i=1
δj2
j=1
l=1

(15)
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σ t+1


 n
d 
L

1 
(l − μj )2 i
=
[y i −
exp(−
)x̄jl − bt+1 ]2 ,
n i=1
δj2
j=1

(16)

l=1

For the estimation of δj , we also use a gradient method. The gradient can be
calculated as
n
d 
L

1
∂ Jˆ 
(l − μj )2 i
i
t+1
=
{[y
−
b
−
exp(−
)x̄jl ]
∂δj
(σ t+1 )2
δj2
i=1
j=1
l=1

·

L

l=1

4

(17)

(l − μj )2 i
2(l − μj )2
exp(−
x̄
)
·
}.
jl
δj2
δj3

Experiments

In this section, we evaluate our proposed method on both synthetic dataset
and real-world traﬃc dataset. The compared methods include: lasso without
considering time lag [19], lasso with ﬁxed time lag and Granger Lasso [28].
4.1

Synthetic Data

Setting: We ﬁrst evaluate the eﬀectiveness of our method on synthetic data. We
simulate a regression problem with d = 20 features (prediction observations).
The corresponding observations are generated from y = Xβ + ε, ε ∼ N (0, σ 2 ).
We vary n from 40 to 100, and set σ = 0.1. The true coeﬃcient of feature-level
is set as
β ∗ = (2 2 0 0 0 2 2 0 0 0 0 2 2 2 2 0 0 0 0 0)T .
In order to simulate the corresponding observations generated from prediction
observations of diﬀerent time lag, we randomly generate mean time lag μj |j ∈ Nd
of each feature and standard deviation δj . The maximum lag is set as L = 10. For
each feature, only 5 out of coeﬃcients of time-lag-level γjl |l ∈ NL , j ∈ Nd have
values from [0, 1]. Finally, we use exp(−

(l−μj )2
)
δj2

· γjl as a coeﬃcient of the jth

feature at the lth time. We set X ∼ N (0, SP×P ) with sii = 1, ∀i and sij = 0.5
for i = j. We generate n samples for training as well as 20 samples for testing.
n

Yi −Xi β22 ) and mean absolute
We use the mean squared error (MSE) ( n1
percentage error (MAPE)

( n1

n

i=1

t=1

iβ
| yi −x
|)
yi

to evaluate the prediction error and

use the F1-score to evaluate the performance in terms of feature selection, where
the F1-score is computed as follows:
P re =

|{i|βi = 0, βi∗ = 0}|
,
|{i|βi = 0}|

Rec =

|{i|βi = 0, βi∗ = 0}|
,
|{i|βi∗ = 0}|

F1 =

2 · P re · Rec
.
P re + Rec

Results: We compare the methods when the sample size n is varying. Fig.3
shows the values of MSE and MAPE. The methods with considering time lag outperform traditional lasso algorithm. Specially, TLHL performs best. Due to the
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Fig. 3. Results on Synthetic datasets
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method of Lasso with ﬁxed time lag only
consider one value of lag, the lag ﬂuctuating
cannot be captured. Granger Lasso considers
all the history prediction observations of lag
equally, and it focuses on making best prediction, thus, many unrelated dependencies
are learned, and might appear over ﬁtting.
Granger Lasso has a better prediction accuFig. 2. F1-score with n varying
racy on training samples than that on test
samples. Fig.2 gives the F1-score, which reﬂects the accuracy of dependency
structures. We can see that the result of Granger Lasso is worse than TLHL,
because the value of recall is small. Our method, TLHL, shows the best eﬀect
no matter on prediction accuracy or on dependencies learning.
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Highway Traﬃc Data

Description and Setting: We evaluate our methods on real-life traﬃc data.
The features in this traﬃc dataset are observations collected from sensors located
on ramps in a highway traﬃc network. Each observation is the vehicle count
during 15 minutes interval.
There are total 236 traﬃc stations, which correspond to 236 ramps, i.e.,
d = 236. The corresponding observations are collected at time interval 10:0010:15 AM from 2010/8/1 to 2010/10/31 (n=92). All prediction observations are
collected from 236 entrance ramps at 5:00-10:00 AM (L=20). The mean time
lag of each entrance ramp is average travel time from this entrance ramp to exit
ramp. The data in this experiment are all normalized.
Because there is no ground truth for dependency structure in real traﬃc
data, F1-score cannot be measured. Nevertheless, the dependencies detected is
the most important for traﬃc prediction. We use MSE to evaluate the accuracy.
Speciﬁcally, the dependency structure information can help domain experts to
predict vehicle ﬂow with relative prediction algorithm, thus, we combine local

294

X. Zhou et al.

0.2

0.45

0.18

0.4

0.16

0.35

0.14

0.3
0.12
MAPE

MSE

0.25
0.2

0.15

0.06

0.1

0.04

0.05
0

0.1
0.08

0.02

lasso

lasso fix

Granger Lasso

(a) MSE

TLHL

0

lasso+LWL

lasso fix+LWL Granger lasso+LWL

TLHL+LWL

(b) MAPE of vehicle ﬂow prediction

Fig. 4. Results on Highway traﬃc datasets

weighted learning (LWL) [29] with our vehicle ﬂow information of entrance
ramps, which is learned by dependency structure learning algorithm. The value
of MAPE is the prediction results.
Results: Fig.4(a) shows the MSE of all methods. As can be seen, our proposed TLHL is consistently among the best. Time lag is the key feature of
hidden in traﬃc analysis. It takes time for a vehicle from one entrance ramp to
exit ramp. It is not accurate for only using the same time stamp data of entrance
ramp and exit ramp, because some of vehicles from that entrance ramp do not
arrive at the same time stamp. That is why the algorithm without considering
time lag does not show the satisﬁed results. Similarly, diﬀerent vehicle might has
diﬀerent time lag, using ﬁxed time lag also does not obtain the accurate results.
The dependency structures obtained by dependency learning methods are
essentially important for the analysis of traﬃc systems, such as vehicle ﬂow
prediction, anomaly detection. Domain experts can obtain the information of
upper stations (entrance ramps) from the accurate dependencies, and predict
the state of lower stations (exit ramps). Fig.4(b) shows the results of exit ramp
ﬂow prediction algorithm with dependency learning methods. We revise LWL
prediction algorithm by monitoring the vehicle ﬂow of entrance ramps. Due to
our TLHL method can obtain the accurate dependency structure of entrance
ramps and exit ramps, we can get precise information. The TLHL outperforms
all other methods in terms of MAPE.

5

Conclusion

In this paper, we propose a two-level hierarchies with time lag lasso to cope
with dependency structure learning. We decompose the traditional regression
coeﬃcients into products of two-level hierarchical coeﬃcients, where each one
represents the diﬀerent levels of information. Speciﬁcally, in order to learn the
time-level structure more accurately, we use the prior time lag information. We
develop a probabilistic model to interpret how to construct the regularization
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form for model parameters. For experimental studies, we demonstrate the eﬀectiveness of our method on both synthetic data and real-life highway traﬃc data.
The results show that our TLHL model can achieve signiﬁcant improvements in
both the datasets compared with other methods.
For future work, it is interesting to extend the static dependency structure
learning to deal with time-varying observations. We can follow the evolvement
of the dependencies and time lag in a network.
Acknowledgments. Research was supported by the National Natural Science Foundation of China under Grant No. 61473006.
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Abstract. In mobile Internet, popular Location-Based Services (LBSs)
recommend Point-of-Interest (POI) data according to physical positions
of smartphone users. However, untrusted LBS providers can violate location privacy by analyzing user requests semantically. Therefore, this
paper aims at protecting user privacy in location-based applications by
evaluating disclosure risks on sensitive location semantics. First, we introduce a novel method to model location semantics for user privacy using
Bayesian inference and demonstrate details of computing the semantic
privacy metric. Next, we design a cloaking region construction algorithm
against the leakage of sensitive location semantics. Finally, a series of
experiments evaluate this solution’s performance to show its availability.

Keywords: Location privacy protection
Bayesian inference · Spatial cloaking

1

·

Location semantics

·

Introduction

Location Based Services (LBSs), as the representative of context-aware services,
can recommend accurate and timely information according to user locations.
The wide application of LBSs (such as Check-ins, Navigation, Maps and Mobile
Social Networks) is beneﬁt from the widespread availability of wireless networks
and smart devices with built-in positioning modules. However, LBS gets involved
in the problematic concern about location privacy because of its operating mechanism. Generally, in popular LBS-based applications and systems, real-time user
locations from the LBS clients (e.g. some speciﬁc APPs installed in smartphones)
as the vital contextual information need to be reported to the corresponding LBS
providers in the on-demand manner. As a result, massive user locations are readily collected by potential adversaries via some untrusted servers and connection
channels in mobile Internet.
Following privacy protection of relational databases, existing techniques of
location privacy preservation have aimed at constructing the cloaking region
c Springer International Publishing Switzerland 2015
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under general privacy metrics such as k-anonymity and l-diversity to generalize
exact user locations into custom extended spatial regions. Although eﬀectively
achieving a limited guarantee for location privacy, these techniques are vulnerable to Location Semantics Attack [1]. Intuitively, for a target user of LBS, the
entire or major part of a k-anonymity cloaking region may be annotated with a
similar sensitive semantic label such as Cancer Treatment Hospitals, and therefore adversaries can breach his privacy by learning his poor health status with
a high probability.
Contributions. This solution involves three-fold contributions. First, the proposed approach LSRG models the process which extracts sensitive semantics
form user requests and measures the degree of the semantics leakage. Second,
this paper introduces a spatial cloaking method for preserving sensitive semantics on user locations. Third, its performance is demonstrated experimentally
under diﬀerent conﬁgurations by our adjusting crucial parameters.
Outline. The rest of the article is organized as follow. The 2nd section describes
background. Section 3 and Section 4 shows two major parts of this work, extracting sensitive location semantics and constructing the cloaking region respectively.
And Section 5 evaluates the performance of this solution through experiments.
Section 6 reviews related works and the last section makes a summary.

2

Structure and Motivation

System Description. Following the popular three-tire architecture [2] for location privacy protection, our solution runs on this middle server in Figure 1. An
LBS provider holds massive Point-of-Interest (POI) records which are meaningful location points over real maps. This middle server as a Trusted-Third-Party
(TTP) is deployed between mobile clients and LBS servers to protect location
privacy. First, for a user, this middle server extends exact locations into cloaking regions where all POI results are ready for forwarding. Second, this middle
server reﬁnes and dispatchs POIs to corresponding users.

Fig. 1. System Model
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Fig. 2. Location Semantics Attack

Problem Setting and Motivation. Intuitively, the adversary analyzes published locations by mining semantic information for a target user. For example,
a user Alice reports her current location coordinate loc to an untrusted LBS
provider Malice in real activities. Next, Malice learns that a cancer hospital is
located in the location point loc after querying public POI databases and map
services such as Baidu Maps, Tencent Maps and Google Maps. Finally, Malice
learns that Alice’s health is poor with a high probability since some LBS requests
are linked with meaningful labels.
The crux of Location Semantics Attack is that the adversary holds the public
background knowledge on POI databases as same as users. In Figure 2, the
cloaking region CR1 discloses that the active user is probably a cancer patient
since all requests in CR1 are from cancer hospitals and the poor health status is
one of his sensitive attributes. By contrast, these requests of CR2 are dispersed
into various semantic regions such as hospitals, malls, restaurants and hotels
and thus it is safer if the distribution of the adversary’s guessing is uniform over
these regions without additional information.
A recent work [1] has aimed at the semantic safety. The adversary may learn
sensitive semantics on various locations. The majority of existing cloaking methods fail to capture the semantic risk. A cloaking region can still leak some risky
semantics information in spite of satisfying the k-anonymity rule, since the major
or entire part of the cloaking region which holds k users in a snapshot of LBS
requests may be mapped into a risky semantic label such as infectious hospitals.

3

Evaluating Location Privacy

Generally, in client-side of LBS, when visiting LBS, a user submits a location
request (U, L, T ) where the users identifer U , the raw location L and the timestamp T . e.g. A request is (Alice,(116.42284,39.908063),‘12:00’). In server-side of
LBS, a POI entry is deﬁned as a tuple (L, S, D). The raw location L is a pair
(lng, lat) refers to the longitude lng and the latitude lat. The semantic label S
refers to a meaningful brief name on this raw location L. The detail content D is a
readable text to describe this raw location. e.g. a POI is ((116.42284,39.908063),
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‘bank’, ‘The Bank of China’). Thus, a location request discloses that this user
may execute a personal activity about this semantic information ‘bank’.
We model the causal relationship among raw locations (i.e. location coordinates), semantic labels (i.e. the meaning name of the raw location in real maps)
and privacy risks (i.e. possible privacy disclosure events on special semantic
labels) and naturally measure the belief of privacy risks using the probability of
the privacy disclosure events on any raw locations and regions (the section/set
of raw locations).
3.1

Modeling Location Semantics

As shown in Figure 3, this graphical model Location Semantics Risk Graph (in
short LSRG) describes the privacy risk belief of a location request when the
adversary eavesdrops this request after knowing semantic information of raw
locations.

Fig. 3. Location Semantics Risk Graph

Definition 1. Location Semantics Risk Graph is a three-tier directed acyclic
graph G = (V, E). The node collection V falls into three mutually exclusive
subsets, the set of raw locations Vl , the set of semantic labels Vs and the privacy
risk belief A. A directed edge e =< a, b >∈ E refers to the dependency belief
between its start point a and its end point b that is a conditional probability
P (b|a) > 0.
To simplify this model properly, we adopt an assumption that events of locations are independent of one another and so those of semantic labels are. i.e.
There are no edges which connect two peer nodes of locations or semantic labels.
Clearly, connections between locations and semantic labels have a many-to-many
relationship, referring to edges from the location node set Vl to the semantics
node set Vs . This is consistent with real-world experiences. A building on a location may be comprehensive with oﬃces and shopping centers. Similarly, hospitals
may be dispersed into diﬀerent regions in a real city.
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Inferring Privacy Risks

The binary class variable A that is the root node of LSRG denotes the probability event that A = At if the adversary learns privacy information of users
via location semantics inference and otherwise A = Af . In brief, the event At
means a risky request and Af refers to a safe request form the perspective of
user privacy.
The evidence variable Oloc is the observed location information (e.g. a region)
which the middle server submits into an untrusted LBS server for forwarding
the user request. Oloc actually is a cloaking region in the generalization-based
location privacy protection schemes. Oloc is a subset of location nodes Vl . i.e.
Oloc ⊆ Vl . Without cloaking, Oloc holds only one location that is the user’s
current location. But after cloaking locations, Oloc becomes a continuous spatial
region which includes the current location.
Therefore, the posterior probability P (At |Oloc ) refers to the conditional probability for the privacy disclosure event At of a request on the published location
information Oloc . Naturally, P (At |Oloc ) can be used to measure the privacy risk
degree. The privacy risk P (At |Oloc ) can be calculated by the Bayesian rule as
follow.
def

P rivacyRisk = P (At |Oloc ) =
3.3

P (Oloc |At )P (At )
P (Oloc |At )P (At ) + P (Oloc |Af )P (Af )

(1)

Estimating Parameters

Computing the posterior belief needs to obtain three prior beliefs P (Oloc |At ),
P (Oloc |Af ) and P (At ) which are estimated by given samples and the Maximum Likelihood Estimation (MLE). For all cloaked location-based requests,
each published location information Oloc ⊆ Vl can be decomposed into a series of
basic locations, relying on speciﬁc methods of clustering or partitioning spatial
data for original location coordinates. Basic locations in Figure 3 are the morder collection
of leaf nodes, Vl = {L1 , · · · , Lm }. Therefore, for A ∈ {At , Af },
P (Oloc |A) =
l∈Oloc P (l|A) where P (l|A) is the condition probability for a
basic location l ∈ Vl . Naturally, repetitive computation steps can be reduced
using precalculated beliefs P (l|A) of all basic locations.
The Prior Belief P (Oloc |At ). Without loss of generality, the adversary
observes a spatial region Oloc which refers to a set of locations as the evidence.
Speciﬁcally, throughout a middleware for location privacy protection, the cloaking region Rca is actually the observed region. i.e. Oloc = Rca . This belief can
be calculated as follow.
 
P (Oloc |At ) =
[P (l|s)P (s|At )]
(2)
l∈Oloc s∈pa(l)

For an untrusted LBS, the adversary’s ability involves two-fold factors. The
ﬁrst factor is the location semantics knowledge. The adversary can access public
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POI databases and thus obtains corresponding semantics information on locations. Next, the semantics risk knowledge is the other factor. The adversary’s
intention relies on semantics labels for learning sensitive attributes of a target
user and thus diﬀerent location semantics implies diﬀerent risk levels for location privacy. Based
on the intuitive understanding, we can estimate this belief

P (Oloc |At ) = l∈Oloc P (l|At ) under the LSRG model, after knowing these two
factors which express as two condition probabilities P (s|At ) and P (l|s) respectively where s ∈ pa(l) ⊆ Vs and l ∈ Vl . For simplicity, pa(l) denotes the set of
parent nodes of the node l in LSRG.
The location semantics knowledge can be computed using P(l|s) = FF(l,s)
(s)
where the function F (x) is the metric of the event x. We assume that for a
semantics label s the adversary’s attack is the spatial uniform distribution over
the region of this semantics s and so the metric function F (x) should be the
area of the region meeting the event (l, s) or (s). i.e. P (l|s) = Area(l,s)
Area(s) . However,
computation of exact areas of massive irregular regions over a real map will
generally consume intensive resources since popular online map services fail to
provide related data directly. As a practical alternate, we can employ the number
of POI entries in the region meeting speciﬁc semantics conditions. i.e. P (l|s) =
count(l,s)
count(s) . Given the POI database which the untrusted LBS holds, the function
count(s) counts up the number of POI entries whose semantics label is s and the
function count(l, s) refers to the number of POI entries whose semantics label
is s and meanwhile whose location coordinates fall in the spatial cell annotated
by l. For convenience, we use the pyramid structure [2] based on Quad-Tree to
index POI entries in the 4n grid and in fact the location semantics knowledge
reﬂects the inherent feature of POI databases over real maps.
The semantics risk knowledge can be estimated using the frequency of risky
events which are annotated by the semantics label s ∈ Vs over all risky events.
t)
i.e. P(s|At ) = count(s,A
count(At ) . Given a sample dataset of risky events, we can make a
statistic analysis on the frequency of risky events grouped by semantic categories
such as ‘hospitals’, ‘oﬃces’ and so on. count(s, At ) adds up the number of risky
events with the semantics label s and count(At ) is the total number of all risky
events. e.g. 50 risky events on ‘hospitals’ exist in 100 risky events and thus we
can learn the belief P (s = hospitals|At ) = 0.5 on the semantics information
‘hospatials’ based on this sample. Note that, all events of a sample are classiﬁed
into deﬁned catalogs (semantics
 labels). i.e. Each event relates to only one label,
and for all semantics labels s∈Vs P (s|At ) = 1.
The Prior Belief P (Oloc |Af ). The probability of safe requests on the
observed region Oloc denotes this prior belief P (Oloc |Af ). By collecting requests
via a safe LBS, this MLE is obtained by Equation 3. Since Oloc is a set of
basic locations on this partitioned maps, the probability of each basic locacount(l,A )
tion P (l|Af ) = count(Aff) can be calculated from the safe request sample.
count(l, Af ) is the number of safe requests on this basic location l and count(Af )
is the total number of all requests on the safe sample dataset.

Location Semantics Protection Based on Bayesian Inference

 count(l, Af )
count(Oloc , Af )
P(Oloc |Af ) =
=
count(Af )
count(Af )
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(3)

l∈Oloc

The Prior Belief P (At ). Intuitively, the prior belief P (At ) implies the trust
status of the entire LBS system including related network connections. Given an
event sample of accessing an LBS, the MLE of P (At ) can express as the frequency
of past request events in Equation 4 where the class variable At refers to events of
risky requests. By the sample, count(At ) is the number of violated request events
where user sensitive information is disclosed and count(A) denotes the number of
all events on both risky and safe requests simply. Note that, P (At ) + P (Af ) = 1.
count(At )
P(At ) =
count(A)

4

(4)

Cloaking Published Locations

This section describes a cloaking region construction method to protect location semantics. Based on the aforementioned privacy risk evaluation method,
we design Algorithm 1 which can recursively construct a (k, l, t)-Secure Cloaking Region (for short, (k, l, t)-SCR) to meet three privacy requirements. First,
k-anonymity[2,3] means that the cloaking region holds k diﬀerent users at least.
Second, l-diversity[2,4] means that the cloaking region covers l diﬀerent locations (or spatial cells) at least. Third, t-safety ensures that the semantics safety
of the cloaking region is larger than a threshold t. This can be deﬁned as follow.
Definition 2. A cloaking region Oloc meets t-safety if and only if its semantics
safety P (Af |Oloc ) = 1 − P (At |Oloc ) ≥ t.
Definition 3. (k, l, t)-Secure Cloaking Region is a cloaking region which satisfies
k-anonymity, l-diversity and t-safety.
In the pyramid structure[2], a location point falls into a rectangular region
linked with a node of the Quad-Tree. Each non-root node has only one parent
node. Importantly, each non-leaf node has four child nodes like a cross and thus
the non-root node has the only vertical or horizontal neighbor node in the four
quadrants of the cross. For convenience, two notations V N ode and HN ode refer
to the vertical neighbor and the horizontal one of N ode respectively.
The bottom-up Algorithm 1 can recursively create a continuous region from
leaf to root along the Quad-Tree by gradually merging neighbors and check
whether these candidate regions satisfy the pre-deﬁned privacy proﬁle. First,
for k-anonymity, the region’s request amount deﬁnes the anonymity degree.
Here, N ode.N is the request amount in the region referred by N ode. Second,
for l-diversity, the region’s area denoted by Area(N ode) measures the diversity
degree. We employ the number of cells in the region N ode to count Area(N ode)
since all cells occupy the same area as the basic unit of the Quad-Tree partitioned
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Algorithm 1. SCR(k, l, t, N ode)
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20

if Area(N ode) ≥ M axArea then
return CR ← ∅;

/* Restrict oversize. */
/* Cloaking fails. */

Risk ← P (At |Oloc = {N ode}); Saf ety(N ode) = 1 − Risk;
if N ode.N ≥ k ∧ Area(N ode) ≥ l ∧ Saf ty(N ode) ≥ t then
return CR ← {N ode};
else
(V N ode, HN ode) ← GetN eighbors(N ode);
V N ← V N ode.N + N ode.N ; HN ← HN ode.N + N ode.N ;
if (V N ≥ k ∨ HN ≥ k) ∧ ((2 ∗ Area(N ode)) ≥ l) then
if (V N ≥ k ∧ HN ≥ k ∧ HN ≤ V N ) ∨ V N < k then
CR ← {HN ode, N ode};
else
CR ← {V N ode, N ode};
Risk ← P (At |Oloc = CR); Saf ety(CR) = 1 − Risk;
if Saf ety(CR) ≥ t then
/* Check safety. */
return CR;
/* Return one CR */
else
/* Search its parent recursively. */
CR ← SCR(k, l, t, N ode.P arentN ode);
else
/* Search its parent recursively. */
CR ← SCR(k, l, t, N ode.P arentN ode);

maps. Finally, for t-safety about location semantics, the function Saf ety(N ode)
refers to 1 − P r(At |Oloc = N ode).
In addition, the computation of P (At |Oloc ) can be divided into two phases
divided into a set of distinct
for reducing its time cost since a region Oloc are
spatial cells and for A ∈ {At , Af }, P (Oloc |A) = l∈Oloc P (l|A). First, the oﬀline phase can calculate these prior beliefs P (l|A) for each basic cell l ∈ Vl .
Second, Algorithm 1 can obtain P (At |Oloc ) with linear complexity O(m) where
m is the number of cells in the region Oloc , using the prepared prior beliefs from
the oﬀ-line phase. This way can help to achieve the high processing performance
on spatial cloaking and POI forwarding in the real-time LBS environment.

5

Experiments

We implement the proposed solution using JAVA and run it in the experiment
platform which is a laptop with a quad-core 2.4Ghz Intel i7 CPU and 16G
RAM. The experimental dataset from MNTG[5] holds trajectory data of about
1000 users who move along the real road networks of Beijing on 20 continuous
timestamps (from 0 to 19) . All raw locations lie in a rectangle region about
67km2 and are indexed by the n-height full Quad-Tree structure [2] where
4n leafs divide the region into 4n cells which refer to atomic regions and the
default height is 4.
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To build the adversary’s background knowledge, we extract the real POI
dataset from a popular electronic map web site ‘map.baidu.com’, including
about 8700 POI entries in this experimental region. Next, we explore 12 chosen
semantics labels which are s1 =hospitals, s2 =nurseries, s3 =restaurant, s4 =hotels,
s5 =bank, s6 =malls, s7 =oﬃces, s8 =houses, s9 =school, s10 =museums, s11 =parks
and s12 =others. The default privacy proﬁle (k, l, t) is (10, 2, 0.9) and additionally
the default value of the total risk belief P r(At ) is set to 0.05.
Evaluating Privacy Risks on Location Semantics
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Fig. 4. Risk Evaluation for Location Privacy

Experiments in Figure 4 explore the degree of the location privacy risks that
mobile users leak their current locations to untrusted LBS servers on partitioned
maps annotated by semantic information. Each location point refers to a POI
record labeled by a meaningful string according to public real maps and POI
databases, and therefore the leakage of location coordinates via a request leads
to the leakage of the corresponding meaningful labels.
Figure 4(a) displays a distribution of the belief P r(At |Oloc = x) on 44 = 256
cells in the 4-height full Quad-Tree structure. Intuitively, each location-based
request involves a piece of risky semantic information. Generally, the majority
of these cells have low risks for the perspective of user privacy. e.g. Mobile users
visit in locations of public places like oﬃces and malls. And there are some highsensitive cells which refers to restricted regions such as hospitals and military
areas. This distribution relies on two factors: First, the inherent semantic feature
of a POI database or a real map expresses as the belief P r(Oloc |s ∈ Vs ); Second,
the adversary’s intention refers to P r(s ∈ Vs |At ).
Figure 4(b) shows the curves of average risk by adjusting the prior belief
P (At ). Under the distinct values of P (At ) ∈ [0, 1], we count up the mathematical expectation (Average Risk) of P r(At |Oloc = x) for all cells. Three curves are
under diﬀerent Quad-Tree partitioning [2] conﬁgurations whose heights are 4, 5
and 6 respectively. More accurate location information (i.e. more ﬁner granularity and higher Quad-Tree) leads to more privacy leakages and a higher
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privacy risk level. There is a positive correlation between the risk at a cell
P r(At |Oloc = x) and the prior belief P (At ) which refers to the estimated total
risk. Specially, when P (At ) approximates 1, the privacy disclose event on any
location is inevitable with the probability that is close to 1.
Figure 4(c) demonstrates the distribution of these 12 semantics labels over
the POI dataset. The majority of POI entries have low risks for user privacy and
by contrast POI entries with two high risk semantics labels, s1 =hospitals and
s2 =kids, take over 0.32% and 0.18% respectively. Clearly, high risky POI entries
are sparse in a real-world maps. As a result, (k, l, t)-SCR can be constructed
with an accepted success ratio to satisfy its custom privacy conditions.
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Fig. 5. Performance of Location Anonymization

By comparing existing location cloaking methods, experiments in Figure 5
demonstrates that the proposed location cloaking method is feasible and practical. First, the label ‘Plain’ means the straightway method that the location
cloaking server is only a simple proxy to forward requests from mobile clients to
LBS servers by replacing an exact location with a spatial cell. Next, the label
‘k-LA’ is the popular location k-anonymity method (NewCasper[2]) which generalizes an extended rectangular region under the k-anonymity metric. Finally,
the label ‘SCR’ represents our solution that can guard against the Location
Semantics Attack.
Figure 5(a) compares complexity on time and communication. The straightway method ‘Plain’ has the lowest cost on both execution time and downloaded
data amount. And SCR possesses slightly more costs for controlling privacy
risks under location semantics than location k-anonymity. Thus additional costs
of SCR are still aﬀordable.
As shown in Figure 5(b), the proposed method can control privacy risks on
location semantics by checking P r(At |Oloc ) of all cloaking regions. The straightway method labeled by ‘Plain’ has high risks on location semantics disclosure.
Next, location k-anonymity and SCR hold similar performance of privacy preservation but SCR builds safer cloaking regions than other two methods. On two
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SCR curves of t=0.9 and t=0.95, for a higher safety threshold t, this method
reduces privacy risks by generalizing exact locations into larger regions.
Figure 5(c) shows eﬀects of privacy proﬁles by comparing success ratios of
building SCRs. For speciﬁc values of the total risk belief P (At ) denoted by
R=0.05,R=0.1,R=0.2, and R=0.5, the ratios drop signiﬁcantly after horizontal
lines which refer to 100% cloaking success, when the required safety thresholds
t increasing gradually. As a result, visiting high-risk LBSs especially, we have to
trade oﬀ the required safety and the cloaking success ratio.

6

Related Works

When publishing a dataset where each object holds generally one identiﬁer and
multiple attributes, the adversary can re-identify objects because of the possible uniqueness of attribute values in spite of removing identiﬁers. For this,
k-anonymity[3][6] ensures that at least k objects are indistinguishable in an
anonymity set. l-Diversity[4] requires that the number of diﬀerent attributes
which each object in an anonymity set associates with is more than at l.
t-Closeness [7] guarantees that an anonymity set is statistically similar under
the probability metric such as Earth-Mover-Distance.
Previous techniques of location privacy protection employed two basic ideas,
cryptography and anonymization. Wernke et al.[8] survey research works on
attacking and protecting location privacy. Cryptography-based methods[9][10]
can give strong privacy assurance but need extremely intensive resources. By
comparison, location anonymization (e.g. spatial cloaking) can achieve enough
privacy assurance under appropriate resources.
Location k-anonymity[11] from Gruteser et al. generalizes an exact location
into a region which holds at least k requests, extended from k-anonymity. Plenty
of solutions such as CliqueCloak[12], HilbertCloak[13] and NewCasper[2] have
adopted location k-anonymity in the last decade. Following t-closeness[7], Lee
et al. introduce a location anonymization method which constructs θ-Secure
Cloaking Area[1] after extracting semantics information from staying duration.
Shokri et al. introduced a Markov Chain based approach[14] to measure location
privacy.
Additionally, location semantics mining is a hot topic in mobile Internet.
Parent et al.[15] review various methods which model and mine semantics information on trajectory data.

7

Conclusion

This paper investigated privacy protection against Location Semantics Attacks.
To solve this problematic issue, we introduce the Location Semantics Risk Graph
model to evaluate privacy risks about the dependence of location coordinates and
sensitive semantics information, using Bayesian inference. And next we proposed
a spatial cloaking algorithm under this model. Finally, experiments demonstrate
that this solution can achieve a better privacy guarantee than existing schemes.
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Abstract. MapReduce is a parallel programming model, which is extensively used to process join operations for large-scale dataset. However,
traditional MapReduce-based join is not eﬃcient when handling skewed
data, because it can lead to partitioning skew, which further results in
longer response time of the whole join process. Additionally, some newly
proposed methods usually involve large amounts of intermediate results
over the network in the shuﬄe phase of Mapreduce-based join, which may
consume a lot of time and cause performance degradation. Here a novel
algorithm called SALA is proposed, which employs volume/locality-aware
partitioning instead of hash partitioning for data distribution. Compared
with other existing join algorithms, SALA has three typical advantages:
(1) makes sure that the data is distributed to reducers evenly when the
input datasets are skewed, (2) reduces the amount of intermediate results
transferred across the network by utilizing data locality, and (3) does
not make any modiﬁcation of the MapReduce framework. The extensive
experimental results show that SALA not only achieves better load balance but reduces network overhead, and therefore speeds up the whole
join process signiﬁcantly in the presence of data skew.

1

Introduction

MapReduce is an eﬃcient programming model from Google for large-scale data
processing in domains such as search engine, data mining and machine learning. MapReduce is extensively used to process the join operation for large-scale
dataset, and various join algorithms have been proposed to implement join operation in MapReduce environment [3].
Traditional MapReduce-based join algorithms, however, are suﬀering performance degradation when handling skewed data , because they use hash partitioning to distribute data that can lead to partitioning skew. Partitioning skew
will bring some problems. On one hand, join algorithms have to take longer time
to deal with load imbalance caused by partitioning skew. On the other hand,
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large amounts of intermediate results have to be moved from mappers to reducers over the network, thus introducing extra network overhead. As a result, join
processing upon skewed data consumes more time.
Some methods such as SAND [2] and LEEN [2], have been proposed to
solve the problem of data skew in MapReduce-based join, which adopt partition schemes considering the key’s frequency distribution. However, SAND does
not take into account the network overhead. LEEN not only solves load imbalance but also reduces network transmission, however, it changes the internal
implementation scheme of Hadoop and ignores the advantage of overlapping [1]
between the shuﬄe and map phases.
To overcome the above deﬁciency, we proposed SALA (Skew-avoiding and
Locality-aware) MapReduce-based join algorithm, which uses volume/localityaware partitioning to distribute data and does not make any modiﬁcation of
the MapReduce framework. Our approach ﬁrstly obtains the distribution information of key’s frequency and location through data sampling. Based on this
distribution information, SALA is able to guarantee the uniform distribution of
data even when skewed data exist, so as to eﬀectively avoid partitioning skew.
At the same time, SALA reduces the amount of data transferred over network
by utilizing the data locality feature of MapReduce, i.e., assigning keys to the
nodes on which most of the intermediate results are located. This signiﬁcantly
improves the eﬃciency of the whole join operation.
In summary, we make the following major contributions:
– A novel algorithm called SALA is proposed to handle skewed data in
MapReduce-based join. It not only achieves better load balance but reduces
shuﬄed data over the network, thus resulting in signiﬁcantly performance
improvement.
– Volume/locality-aware partitioning scheme is proposed to distribute data,
which is easy to implement without any modiﬁcation of the MapReduce
framework.
– We carry out extensive experiments and the results show the eﬃciency of
SALA in the presence of data skew.
The rest of this paper is organized as follows. Sect.2 brieﬂy introduces
MapReduce-based join, and then we investigate the problem of data skew in
Sect.3. Sect.4 presents the detail of the SALA. Extensive experimental results
are reported in Sect.5. Related work is reviewed in Sect.6. Finally, we conclude
the paper and discuss our future work in Sect.7.

2

MapReduce-Based Join

MapReduce-based join algorithms can be classiﬁed into two categories: map-side
join and reduce-side join. For map-side join, the smaller input dataset is placed
on each mapper and join operation only needs to be executed in the map phase
to get the ﬁnal results. Instead, a reduce-side join is carried out on the reduce
phase. First, the map function takes the input dataset from DFS(Distributed File
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Fig. 1. The process of repartition join with the dataset R and S

System), and generates key-value pairs with the form of (Key, Value) as intermediate results, wherein Key represents join attribute. These intermediate results
are to be assigned to reducers using hash partitioning. Second, in the shuﬄe
phase, the reducers are notiﬁed to pull partitions across the network. Finally, the
reduce function performs join operation with (Key, list(Value)) pairs, wherein
list(Value) is a list of values associated with the given key Key, and writes the
ﬁnal results to DFS. Fig.1 shows the process of a join operation between the
dataset R and S with a typical reduce-side join algorithm, which is called repartition join[3].
Map-side join algorithms are more eﬃcient than reduce-side join algorithms,
because they produce the ﬁnal results in map phase without shuﬄing data across
the network. However, they can be used only in particular circumstances, i.e.,
one of the input datasets must be small enough to be buﬀered in memory of
nodes. Reduce-side join algorithms are commonly used because they have fewer
restrictions on input datasets. Therefore we focuse on the problem of data skew
in reduce-side join.

3

The Problems in MapReduce-Based Join

MapReduce-based join algorithms sometimes suﬀer performance degradation
from partitioning skew and heavy network overhead.
3.1

Partitioning Skew

Traditional join algorithms use hash partitioning to distribute data. Hash partitioning, the default partitioning function used in MapReduce model, is based
on key hashing: hash(Key) mod R, wherein R is the number of reducers, which
can allow data to be distributed uniformly when there are no skewness in the
input datasets. In practice, however, partitioning skew tends to occur in processing skewed data and cause load imbalance, which means large amounts of data
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are distributed on only a few nodes. Because the larger the volume of partition
is, the longer time it takes to process data. In addition, the response time of
a MapReduce job is dominated by the slowest reduce instance. So partitioning
skew results in longer response time of MapReduce-based join on the whole.
According to the process of repartition join shown in Fig.1, to which node
the intermediate results will be distributed, is determined by the partitioning
function. Therefore, the key factor to achieve load balance in MapReduce-based
join operation lies in whether or not the partitioning function can guarantee
uniform distribution of data.
3.2

Heavy Network Overhead

Apart from partitioning skew, network overhead is another non-negligible problem. Large amounts of intermediate results are produced and need to be transferred across the nodes through network, which may consume a lot of network
resources and result in longer execution time. For Hadoop, it runs mappers on
those machines where splits of input datasets are located, so as to avoid network overhead. Most existing MapReduce-based join algorithms, however, does
not take full advantage of such data locality feature in the reduce phase, and
as a result, lots of intermediate results have to be transferred over network during the shuﬄe phase. In addition, transmission for skewded partitions may also
introduce extra network overhead, because they have more data to transfer than
non-skewed partitions. What’s more, the reduce phase only can start after the
shuﬄe phase completes, so network overhead is to increase the response time of
the whole join operation.
Therefore, with evenly distribution of partitions, data transmission time
tends to be equal among various partitions. In addition, applying the data locality feature in the reduce phase, can also reduce the amount of the transferred
data and further improve the performance of join operation.

4

SALA Join Algorithm

To solve the above problem, we propose SALA join algorithm to handle skewed
data and reduce network overhead. In this section, we ﬁrst present an overview of
SALA, and then present the volume/locality-aware partitioning used in SALA in
detail. Also a example is discussed to compare SALA join with repartition join.
Finally, we propose a cost model to analyze the performance of our algorithm.
4.1

Overview

We propose SALA join algorithm to handle skewed data. The core idea of SALA
join is to distribute intermediate results based on the distribution information of
key’s frequency and location. With volume/locality-aware partitioning scheme,
SALA join is able to not only handle skewed data but also reduce network
overhead.
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Fig. 2. The process of SALA join algorithm

Fig.1 shows the traditional process of MapReduce-based join, and the join
process with SALA is shown in Fig.2. The main diﬀerence between the two
algorithms is that SALA adds an additional MapReduce job to obtain key’s
distribution information. The SALA join includes two phases:
1. Phase 1: sample the input dataset and pre-compute the data to get the
partitioning results, represented as K-P. K-P is a mapping array, and each
of the array element is a map between a key and the partition that the key
is assigned to.
2. Phase 2: perform the actually join operation. The join process is similar with
repartition join, except that SALA join directly partitions the intermediate
results according to K-P instead of using hash partitioning.
Since phase 2 of SALA is similar with repartition join, so we mainly focus
on phase 1, i.e., the pre-partitioning process.
4.2

The Pre-partitioning Process

The pre-partitioning process is to pre-compute the sample input dataset to get
K-P. and includes three phases - map phase, combine phase and reduce phase:
– Map phase: process the sample input dataset and take the join attribute as
the Key. The output will be (Key, (node, 1)), wherein node represents the
node on which the data is located and the number 1 represents the frequency
of this key.

316

Z. Lin et al.

– Combine phase: the combine task will count the frequency of each key on
the current node and the output will be (Key, (node, sum)), i.e., outputting
the total frequency of each Key on the node.
– Reduce phase: volume/locality-aware partitioning is employed to get the
pre-partitioning result (Key, Partition), i.e., K-P.
Volume/locality-aware partitioning plays an important role in SALA join, so
we discuss it in more detail below.
4.3

Volume/Locality-Aware Partitioning

Volume/locality-aware partitioning can not only deal with partitioning skew to
achieve load balance, but also reduce the data transferred over network. Assuming that the data volume is M (which can be represented by the rows of the
input dataset) and the number of nodes is N. In order to achieve load balance,
the volume of data distributed to each node should be close to M
N . To reduce
data transferred over network, volme/locality-aware partitioning makes full use
of data locality feature by adopting greedy selection strategy as follows:
1. Each key value is distributed in higher priority to the node on which most
intermediate results of this key are located.
2. First process the key value which has larger size of intermediate results.
Volume/locality-aware partitioning involves the following two steps:
1. Preparing step:
(a) Compute the total rows of intermediate results of each key value in all
nodes and write it as Tkey .
(b) Extract all (Key, node, sum) tuples from (Key, list(node, sum)) paris
and store them in list L, meanwhile, put all key values into set K. After
that, sequence all tuples in L in descending order based on the size of
sum.
2. Partitioning step:
(a) Traverse list L and process each tuple (Key, node, sum). We use Pkey
to represent the partitioning result of each key value, which means to
which node the key value should be distributed, and use Vnode to record
the volume of data that has been distributed to the node at present. If
Pkey is null, then determine whether or not Vnode + Tkey ≤ M
N . If it is
true, let Pkey = node and Vnode = Vnode + Tkey .
(b) Lastly, there may be some key values in K which have not been partitioned. In this case, ﬁnd out the smallest Vnode , to which the minimum
volume of data is distributed at present, and then Pkey will be the node
that refers to Vnode .
Algorithm 1 in Fig.3 formally describes volume/locality-aware partitioning.
Due to the random sampling method used in the pre-partitioning process, there
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Algorithm1: Volume/Locality-aware Partitioning
Input: pairs of (Key, list(node, sum));
M ← rows of input dataset; N ← the number of nodes;
Output: partitioning results K-P
1.
2.
3.
4.
5.
6.
7.
8.
9.
10.
11.
12.
13.
14.
15.
16.
17.

T ← total rows of intermediate results in all nodes for each key value;
traverse the input and put all (Key, node, sum) into L, put all Key into K;
initialize the list P and V ;
for each (Key, node, sum) ∈ L do
then
if P [Key] is null and V [node] + T [key] ≤ M
N
P [Key] = node;
V [node] = V [node] + T [Key];
endif
endfor
for each Key ∈ K do
if P [Key] is null then
node ← the node that refers to minimum V [node] in V ;
P [Key] = node;
V [node] = V [node] + T [Key];
endif
endfor
return P as K-P ;
Fig. 3. The algorithm of volume/locality-aware partitioning

are some key values which may not be counted in. Therefore, when the intermediate results are partitioned in the perform-join process, key values which have
been counted in will be partitioned according to the K-P, while key values which
have not been counted in will still be partitioned by hash partitioning. Given
that key values which have not been counted in only involve a small part of all
key values, they will have negligible impact on the data distribution.
4.4

Example
R.a=S.a

Taking the following join operation for example: R 1 S. Assuming that
there are 3 nodes in the cluster and the input data volume of each node is the
same, i.e., 70, but with skewed data. Fig.4(a) shows the intermediate results
produced in the map phase, in which, each row represents one key group (Key,
volume), wherein volume is the data volume of this key value on the present
node.
The partitioning results of repartitioning join and SALA join are shown in
Fig.4(b) and Fig.4(c) respectively. According to Fig.4(b), partitioning skew happens in repartition join. Too much data are distributed to N ode3 , almost four
times of that distributed to N ode1 . Therefore, load imbalance appears. However,
as Fig.4(c) shows, SALA join algorithm has achieved better load balancing, and
at the same time, the overall network overhead has reduced by 36% compared
with repartition join.
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(a) Distribution of intermediate results

(b) Partitioning with repartition join

(c) Partitioning with SALA join

Fig. 4. Partitioning results of various methods

With SALA join algorithm, the volume of data distributed to each node
will tend to be equal and load balance is therefore achieved. Further, because
each key value is ﬁrst distributed to the node on which most of its intermediate
results are located, the overall volume of data to be transferred over network is
remarkably reduced and the performance of join operation is improved.
4.5

Cost Model

As shown in Fig.1, the whole processing time of the traditional reduce-side join
algorithm includes three parts: processing time of map phase, transmission time
of shuﬄe phase and processing time of reduce phase. For convenience, we use
the following notations in Table 1:
Table 1. Table of notations
Notation
Meaning
tm
processing time f or a record of input datasets in map phase
ts
transmission time f or a record in shuf f le phase
tr
processing time f or a record in reduce phase
M
total rows of input dataset
Ms
total rows of sampling input dataset
N
the number of nodes
B
average available bandwidth of nodes
L
data locality of partitions
s
skewness of input dataset

Because the response time of a MapReduce job is determined by the slowest
reduce instance, we can estimate the response time by the reducer which is
allocated the most volume of data, represented as R. Therefore, the cost model
for a traditional reduce-side join algorithm is as follows:
Ttra = tm ·

R · (1 − L)
M
+
+ tr · R
N
B

(1)
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With uniform distribution of data, Re tends to be
tioning skew, however, Rs tends to be:

M
N.
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In the case of parti-

M · (1 − x)
(2)
N
The key values are K ={k1 , k2 , . . . kn }, and Fk represents the frequency
of
key
value k on nodes. With hash partitioning, the data locality Ltra is

Rs = M · s +

kn
k=k1

mean(Fk )
.
M

Therefore, the cost model for a traditional reduce-side join algorithm in the case of partitioning skew can further be written as:
Ttra = tm ·

Rs · (1 − Ltra )
M
+
+ tr · R s
N
B

k n

(3)
max(Fk )

With SALA join, the data locality Lsala tends to be k=k1 M
. SALA
join guarantees the uniform distribution of data, but needs an additional prepartitioning process, and the required time of pre-partitioning process is represented as Tpre . Therefore the cost model for SALA join is:
Re · (1 − Lsala )
M
+
+ tr · R e
(4)
N
B
Thus, SALA join algorithm is superior to traditional reduce-side join algorithm when satisfying the following condition:
Tsala = Tpre + tm ·

Tsala − Ttra < 0 ⇒ Tpre <

Rs · (1 − Ltra ) − Re · (1 − Lsala )
+ tr · (Rs − Re ) (5)
B

As can be seen from Eq.(5), SALA join performs better when the decreased
of time results in from avoiding solving the partitioning skew is greater than
the time used to process pre-partitioning. We can therefore employ Eq.(5) in
optimal query plan selection. Here, according to many experiments, Tpre tends
to be 0.23 × tm × M
N and tr tends to be 0.69 × tm . We take N =5 and s=10%,
then Lsala = 2.94×Ltra and Rs = 1.4×Re , so the Eq.(5) is satisﬁed, as is shown
in Eq.(6). Also with the case of greater data skewness and the lower available
bandwidth, SALA join will performs much better.
0.4 + 1.54 · Ltra M
M
M
<
·
+ 0.28 · tm ·
N
B
N
N
0.4 + 1.54 · Ltra
<0
− 0.05 · tm −
B

Tpre = 0.23 · tm ·
=⇒

5

(6)

Empirical Study

In this section, we conduct experiments to verify the eﬃciency of our approach.
We mainly use the response time of join operation to demonstrate performance
diﬀerence in the case of data skew. We compare SALA join with the repartition join algorithm [3] and SAND join algorithm [2], because repartition join is
extensively used, and SAND join is a typical join algorithm to deal with skewed
data.
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5.1

Environmental Setup

Our experiments run on AliCloud (Alibaba Cloud Computing) with a 6-node
cluster running native Hadoop 2.4.1, where there are 1 master node scheduling
the task and 5 slave nodes taking charge of both storage and computation. Each
node has two Xeon 2.3Ghz CPUs, 4GB memory and 60GB disk drive. HDFS
block size is set to be 128MB and each node is conﬁgured to run one reducer
task.
We use TPC-H to generate the input dataset and take the following query
in our experiments:
select * from CUSTOMER C join ORDER O on C.CUSKEY = O.CUSKEY
In order to control data skewness, we randomly choose a portion of the input
dataset ORDER and change its CUSKEY to the same value. For example, if the
skewness is 10%, it means that we change 10% rows of the input dataset ORDER
to have the same value in the join attribute CUSKEY. Finally, we generate 20
million records for query with various degree of data skewness.
5.2

Partitioning Eﬀectiveness

Firstly, our concern is whether or not SALA join can eﬀectively solve the partitioning skew problem. As analysis in Sect.2 has suggested that the key factor
of load balancing is uniform distribution of data, we can therefore evaluate the
capability of a join algorithm to handle skewed data by the value of max-reducerinput, i.e., the maximum volume of data distributed to any reducer. According
to Fig.5(a), as the degree of skewness increases, repartition join concentrates a
large amount of data on hot nodes, while both SALA join and SAND join can
guarantee the uniform distribution of data.
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60%

50%
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Data locality
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0
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5%

10%

15%

Data skewness

(a) Max-reducer-input

20%
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5%
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Fig. 5. Partitioning with three join algorithms
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Meanwhile, we use data locality to represent the volume of intermediate
results that do not need to be transferred over network. From Fig.5(b), we can
see that the data locality for SALA is much larger than the data locality for
both repartition and SAND methods. Because the larger the data locality is, the
less the volume of data required to be transferred across the network, thus less
data needs to be transferred in SALA join algorithm than in both repartition
and SAND methods.
5.3

Response Time

Fig.6(a) shows comparison between response time used to complete the given
join operation under diﬀerent degree of data skewness. The performance of repartition join is the best in the case of no or little data skewness, and the reason
is that both SALA join and SAND join require additional MapReduce job to
obtain frequency distribution of key values. However, with the increase of data
skewness degree, the response time of repartition join increases almost linearly.
The reason is that as the degree of data skewness increases, data will concentrates on hot nodes as Fig.5(a) shows, which increases the completion time of
the overall join operation. However, both SALA and SAND can guarantee load
balance, and therefore the response time remains steady with the increase of
skewness degree. Most importantly, SALA join algorithm performs better than
others when skewed data exist, because SALA not only achieves load balance
but also reduces network overhead, thus speeding up the join operation process
with the increase of data skewness degree.
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Fig. 6. Response time for three join algorithms

Fig.6(b) shows the variation of response time under diﬀerent bandwidths
when the degree of data skewness is 10%. It can be seen that as the average
available bandwidth reduces, the problem of network overhead becomes prominent. It is because that the lower the bandwidth is, the longer time it will cost
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to complete network transmission. By taking full advantage of data locality feature, the minimum volume of data is transferred with SALA join algorithm, and
therefore SALA is preferable in the case of low bandwidth.

6

Related Work

In recent years, various approaches have been proposed to deal with skewed data
in MapReduce-based join, such as [3,11,10,2,6,4,9,8]. The research work in [12]
has demonstrated that the default hash partitioning function in Hadoop is not
eﬃcient for the skewed data and may lead to load imbalance of reducers.
The partitioning skew problem due to data skew can be solved by making a
good partition scheme based on the key’s frequency distribution, while sampling
is a common way to obtain key’s frequency [12,2]. The SAND join alogoritm [2]
uses simple range partitioning for data distribution to achieve load balancing.
Yujie Xu et al. proposed two partition schemes, namely cluster combination optimization and cluster partition combination based on random sampling results,
to handle slight skew and heavy skew respectively.
Reducing the volume of data transferred across the network is an eﬃcient
way to further improve the performance of data-intensive join operation. Based
on the priori knowledge of skewed key values, PRPD join geography proposed in
[11] keeps all skewed rows locally to reduce the data volume transferred among
nodes over network. LEEN scheme presented in [6] partitions the intermediate
results based on key’s frequency and the fairness score that is calculated after
the shuﬄe phase. However, LEEN scheme changes the internal implementation
of Hadoop and overlooks the advantage of overlapping between the shuﬄe and
map.
An alternative strategy to mitigate skew is dividing the workload into ﬁnegrained computation tasks and then scheduling them dynamically at runtime
[5,7,9]. SkewTune [7] ﬁrst identiﬁes the task with the greatest expected remaining
processing time when a node in the cluster becomes idle. The unprocessed data
of this unﬁnished task is then repartitioned in a way that fully utilizes the
computing power of cluster nodes.

7

Conclusion

In this paper, we propose SALA join algorithm, using volume/locality-aware
partitioning to distribute intermediate results. On one hand, SALA guarantees
the uniform distribution of data based on key’s distribution information and
therefore avoids partitioning skew problem. On the other hand, SALA takes full
advantage of the data locality feature to reduce the volume of data transferred
across the network. Experiments show that SALA is eﬃcient to deal with skewed
data. Our future work includes further improving performance of SALA join and
extending volume/locality-aware partitioning to other MapReduce applications.
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on Database Clusters
Jiazhuang Xie1, Peiquan Jin1,2(), Shouhong Wan1,2, and Lihua Yue1,2
1
School of Computer Science and Technology,
University of Science and Technology of China, Hefei 230027, China
jpq@ustc.edu.cn
2
Key Laboratory of Electromagnetic Space Information,
Chinese Academy of Sciences, Hefei 230027, China

Abstract. Energy efficiency has been a critical issue in database clusters. In this
paper, we present an energy-proportional database cluster and propose an energy-proportional query processing approach to reduce the energy consumed by
database clusters while keeping high time performance. Particularly, we introduce a query stream buffer on top of a database cluster and propose an unbalanced load allocation algorithm to distribute workloads among the cluster so
as to realize better energy proportionality. Further, we present an adaptive algorithm to turn on/off nodes according to workload changes. With this mechanism, we can reduce energy consumption while keeping high time performance
for query processing on database clusters. We build a prototype database cluster
and use the TPC-H benchmark to compare our proposal with three baseline methods, where different query patterns are used. The results suggest the superiority of our proposal in energy savings and time performance.
Keywords: Energy proportionality · Database cluster · Query processing

1

Introduction

Big data has introduced many challenges to traditional database systems, e.g., reducing
energy consumption, improving time performance over big data, etc. In order to cope
with the storage and performance needs in big data management, database clusters
involving several small servers can offer better time performance for storing and
querying big data [1, 2]. Moreover, the size of such a database cluster can be adjusted
to workloads so that we can dynamically turn on/off the nodes to obtain better energy
proportionality [3].
Energy proportionality means that the energy consumption of a system is
proportional to the workloads running on it [3]. This issue was first studied by Google
researchers in 2007 [3], where they tested the energy consumption and server
utilizations for 5,000 servers running Google services. Consequently, they found that
generally all the nodes only used about 20% of their CPU capabilities. In other words,
we need not run all the servers to provide services in most cases; thus some servers
can be turned off to save energy.
© Springer International Publishing Switzerland 2015
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However, it is not a trivial task to realize an energy-proportional database cluster.
The most critical challenge is that we have to keep high time performance when
making some nodes power-off. Therefore, we have to find a best trade-off between
time performance and energy savings. Obviously, the best solution has to adapt to
workload changes. For this purpose, effective algorithms regarding load allocation
and node activation/deactivation should be proposed.
Aiming for providing an energy-proportional database cluster to meet the urgent
needs in big data management, in this paper we first propose a new architecture for
energy-proportional database clusters, and then present new algorithms involving load
allocation and node activation/deactivation to deal with the key issues in such a
cluster. In summary, we make the following contributions in this paper:
(1) We introduce a new architecture for energy-proportional database clusters. It is
a hybrid architecture combining the share-nothing and share-disk architectures.
Furthermore, we introduce a query stream buffer on top of the hybrid architecture to
cache new incoming queries, so that we are able to keep high time performance even
when the cluster is over-loaded. (Section 3)
(2) We propose an unbalanced load allocation algorithm to distribute workloads
among the nodes in the cluster so as to realize better energy proportionality than
traditional load balance algorithms for clusters. (Section 4)
(3) We present new algorithms for node activation/deactivation that can adapt to
work-load changes. (Section 5)
(4) We build a prototype database cluster consisting of five nodes and conduct
comparative experiments using the TPC-H benchmark on PostgreSQL, with various
metrics, varying numbers of query streams, and different query patterns. (Section 6)

2

Related Work

The researches on energy-aware data management are mainly based on two
viewpoints, namely single-server-based and cluster-based. So far, most previous work
focuses on the single-server-based energy-efficient approaches [4-6], which aims to
save the energy of a single server by optimizing the traditional database algorithms
such as buffer management, query processing, and indexing. For example, in the
literature [4], the authors propose the QED method to reduce the energy costs in query
processing. They delay the queries and place them into a queue according to their
arrival time. When the queue reaches a certain threshold, all the queued queries are
clustered into some small groups, such that the queries in each group can be evaluated
together. They demonstrate that this approach is more energy-efficient than traditional
query processing methods.
Although single-server-based energy-efficient approaches are helpful to reducing the
total energy costs of a database system, many studies have shown that even a stand-by
server can consume a lot of energy, which implies that the single-server-based energy
optimization can only bring limited benefits. Thus, recently many researchers consider
the cluster-based situation and propose to construct energy-proportional clusters. With
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the rapid development of big data researches, the cluster-based research has received
more and more attention from both academia and industries [7, 8].
In [1], the authors propose WattDB, a prototype cluster supporting energy
proportionality on commodity hardware. WattDB uses the share-storage architecture
and all the data are placed in a single node, which may lead to single-point failure. In
[8], the authors conduct an experimental study to reveal the inefficiency of current
parallel data processing technologies in scalability and energy efficiency. Based on
the experimental results, they present some guiding principles for building energyefficient clusters. The most critical issue in the cluster-based energy proportionality is
how to control the power states of nodes [9-12]. In the literature [11, 12], the
researchers propose a predictive approach to predict the workload trend and then to
turn on or off some nodes if necessary. They use various predictive methods including
Last Arrival, MWA, Exponentially Weighted Average, and LR, to predict the future
request rate for a website cluster, and then accordingly add or remove servers from a
heterogeneous pool.
Our node activation/deactivation depends on more than the prediction result.
Specifically, in addition to the prediction result, we also consider the change patterns
of workloads so as to determine the right time to turn on /off nodes.

3

Architecture of the Database Cluster

3.1

General Idea

We propose a new architecture for energy-proportional database cluster, as shown in
Fig. 1. It consists of a control node and several backend nodes, and the backend nodes
are divided into share-disk nodes and share-nothing nodes.
The motivation of our design is two-folds. First, the architecture should support
energy proportionality, which implies that it must allow the scale-in property, i.e.,
removing nodes from the cluster. This is intrinsic for energy proportionality, because
the key idea of energy proportionality is to let some nodes power-off in case of low
workloads. As the share-disk architecture is appropriate for scale-in design.
Therefore, we first use the share-disk architecture in Fig. 1. However, the share-disk
architecture is not suitable for storage-volume extension. Hence, we further introduce
the share-nothing architecture for organizing the storage nodes, as shown in the
bottom part of Fig. 1. Thus, the share-nothing nodes can be regarded as storage nodes,
forming a distributed storage center, where each node can have their own storage
media such as HDD and SSD (Solid State Drives). On the other hand, the share-disk
nodes are used to process queries. In general, the share-disk nodes can be turned
on/off while the share-nothing nodes should be kept active.
The control node has two main modules: Load Allocation and Node
Activation/Deactivation. The Load Allocation module is used to distribute the user
queries to share-disk nodes. The Node Activation/Deactivation is designed to turn on
and turn off nodes when necessary. Both the two modules run on top of a Query
Stream Buffer (QSB). The QSB buffer is introduced to cache the information about
new incoming queries, which offers necessary information for load allocation and
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node activation/deactivation. The details of the QSB buffer are presented in Section
3.2. We will discuss the algorithms of Load Allocation and Node Activation/
Deactivation in Section 4 and 5, respectively.
For the purpose of energy proportionality, the control node will change the power
states of share-disk nodes according to workload changes. Basically, a share-disk
node has the states shown in Fig. 2. A share-disk node is initially at the standby state.
This state only requires very little energy for supplying the power to keep network
adapter alive so that the control node can turn on the node when needed by using the
Wake-on-LAN (WOL) technology [12]. When the node is turned on, it goes into the
power up state. At this state, the node should complete its boot sequence and then
start up the database system. Then the node changes into the idle state to be ready to
accept query requests. A node with workload running is at the load state. At this state,
the energy consumption is approximately linear proportional to the usage of CPU.
Only the idle nodes and load nodes can accept query requests, so we also call the
nodes at these two state active nodes. When a share-disk node receives shutdown
request from control node, it moves to the power off state. A node at this state firstly
shut down the database system and then executes the shutdown procedure. The node
changes into standby state again when it finishes the procedures.

Fig. 1. Hybrid architecture of the database cluster
enhanced with a query stream buffer

3.2

Fig. 2. State transition of a backend
node

Query Stream Buffer

The Query Stream Buffer (QSB) is an enhanced module in the control node to cache
the new incoming query streams when the cluster is overloaded. It is motivated by the
following observations:
(1) We found that the execution time of a query stream is linearly growing with the
increase of concurrent number of queries when the nodes are overloaded (details can be
found in Section 6). Without QSB, an overloaded node will continue to receive new
queries, which will in turn worsen the response time for the queries running in the node.
(2) We found that the powerful nodes with high processing capability usually
finish the tasks quickly and are very likely to turn to the idle state. On the other hand,
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the weak nodes with low computing resources tend to be overloaded. Without QSB,
the queries will be issued to the nodes running fewer queries when the cluster is
overloaded. Consequently, each node will have the similar number of queries.
However, since the processing capability varies from node to node, the powerful
nodes can quickly finish the queries while the weak nodes may be overloaded. To this
extent, it is appropriate to use a buffer to cache the query streams, so that when a
powerful node finishes its jobs, it can get a new query from the buffer rather than
turns to the idle state. Hence, we can better balance the workloads among the sharedisk nodes.
(3) When the current workload is becoming heavy, we need to wake up some
nodes in the standby state. However, a standby node needs some time to become
ready for receiving queries. Thus, it is better to cache the queries (using QSB) during
the wake-up time period of the standby nodes, and send the queries to those nodes
when they are ready. Otherwise, the query streams during the wake-up time period
will be sent to current active nodes, which will lead to more overloaded nodes and
worsen the time performance of the cluster.

Query stream
1

Query
streams

Query stream
2

Backend
Nodes

Query stream
N-1
Query
streams

Query stream
N

Query Stream Buffer

Fig. 3. The schematic diagram of Query
Stream Buffer

Fig. 4. The time performance of QSB for a single node and a cluster

Figure 3 shows the basic structure of QSB. Note that QSB only works when the
workload exceeds the current capacity of the active nodes. We use the FIFO
mechanism to maintain the buffered query streams. In particular, new query streams
will be placed in the queue tail of QSB. When a node is ready to receive new queries,
the control node will check whether the buffer contains queries to be processed and
move the query in the head of the queue to the available node.
The benefits of the Query Stream Buffer are three-folds. First, the control node can
cache the extra queries in QSB and the share-disk nodes can be kept in an efficient
mode and will not be overloaded. Second, as QSB caches the extra query steams
temporarily, the powerful nodes will not be idle when the buffer is not empty. Thus,
we can let the powerful nodes in the load state and improve the overall time
performance of the cluster. Third, by caching the new queries during the wake-up
time of standby nodes, we can avoid the overloading of current nodes, because the
new queries can be distributed to the newly wake-up nodes.
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We conduct an experiment to verify the efficiency of QSB. In this experiment, two
new query streams are sent to the control node every 20 seconds. The control node
allocates all query streams to available share-disk nodes and we compare two
different methods when allocating the workloads: with QSB and without QSB. For the
method with QSB, the control node caches the extra streams when the cluster is
overloaded. For the method without QSB, the control node directly allocates the query
streams to the share-disk nodes when it receives new query streams. Figure 4 shows
the total execution time of forty query streams for a single node and the cluster. For
the method with QSB, the execution time of a query stream includes the time that QSB
consumes and the execution time. We can notice that QSB can effectively reduce the
execution time for different kinds of nodes. As a result, QSB improves the time
performance up to 49.7% compared with the method without QSB.

4

Load Allocation

In this section, we propose our load allocation algorithm that utilizes the QSB buffer.
Differing from traditional load balance design for clusters, we adopt the load
unbalancing idea in our load allocation algorithm. The load unbalancing design will
make full use of the current active nodes and therefore let more nodes to be idle.
These idle nodes can be set to the standby state with some appropriate node
activation/deactivation algorithm, and thereby we can reduce the energy consumption
of the cluster.
Algorithm 1. Load_Allocation
Input: q: a new query stream to be allocated
Output: none
1.
Sort the share-disk nodes w.r.t. capability;
2.
for i =1 to |nodes| do
3.
if nodei .state = idle or load then
4.
if nodei can accommodate q then
5.
selected_node:= i;
6.
break;
7.
if i > |nodes| then selected_node:= 1
8.
if selected_node <> 1 then Allocate q to nodei
9.
else
10.
Put q into the tail of QSB;
11.
if QSB is full then judge_open();
End Load_Allocation

－

－

Algorithm 1 shows the load allocation procedure. When the control node receives a
new query stream, it first checks all active share-disk nodes to see if any of them can
accommodate this new query. If one of these nodes has less query streams running
than its capacity, the control node will send the new query stream to it. If there are no
active nodes that can take over this query stream, either because there are a few
standby nodes or all the share-disk nodes are in use, the control node puts the new
query stream into QSB. Next, we invoke the function judge_open to see whether the
cached query streams exceed the predefined size of QSB.

330

J. Xie et al.

The proposed load allocation algorithm differs from the previous work. First, it
makes good use of the QSB buffer that we prove to be effective for time performance.
Second, we associate the load allocation with the node activation so that every new
query stream has the chance to invoke the node activation. On the contrary, most of
the previous load allocation algorithms do not consider the node activation. Finally,
according to our algorithm, a new query stream will be cached instead of being
allocated to a share-disk node when the load is over the current capacity. The query
streams can be issued to any of the share-disk nodes later when they have finished at
least one query streams. In this way, the workload can be balanced among all the
nodes according to their execution speeds. In other words, our load allocation
algorithm combines the advantages of load balancing and unbalancing policies.

5

Node Activation and Deactivation

5.1

Node Activation

The node activation algorithm needs to make two decisions: (a) when to activate
nodes and, (b) how to predict the future workload with the help of QSB and determine
the number of nodes to be turned on.
Regarding the first issue, we first classify workloads into two different types
according to their change patterns. The first type of workload is rapidly changing,
while the second type is gradually changing. In turn, we propose two methods to
decide when to turn on nodes w.r.t. the different changing patterns of the workload:
(1) For the rapidly changing workloads, we propose the judge_open algorithm (it
has been used in the load allocation algorithm shown in Fig. 5). The judge_open
algorithm detects whether it is necessary to turn on some standby nodes and activate
nodes after that. This algorithm runs on top of QSB. Once the number of the cached
query streams in QSB reaches the size of QSB, which means that the workload exceeds
the current capacity, the judge_open algorithm first predicts the workload in the
future of the time when a new active node can get ready. Based on the predicted
future workload, the control node determines whether to turn on additional nodes and
how many nodes should be turned on. If the prediction result still outstrips the size of
QSB, control node determines to turn on a few nodes, the number of which is
determined by the prediction result and the capacities of the nodes. If the prediction
result is less than the size of QSB, we do nothing because the result means that the
cluster can handle the load in the future, it is better not to turn on nodes for saving
more energy. To ensure high time performance, the powerful nodes in the cluster are
first selected as new active nodes.
(2) For gradually changing workloads, we have to consider a new method rather
than the judge_open algorithm. Since judge_open is triggered only when the number
of the cached query streams exceeds the size of QSB, it cannot effectively handle the
situation that the workload is gradually changing. In this situation, when the workload
finally exceeds the current capacity of the cluster, the number of the cached query
streams in QSB will be still less than the size of QSB. Therefore, we propose a time-out
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scheme to deal with the gradually changing workloads. We first set a timer that starts
whenever the first query stream is put into QSB. When the last query stream is moved
out from QSB, the timer stops and resets to zero. If the aggregated time duration of the
timer exceeds a threshold called Timer_powerup, the control node activates a standby
node to enhance the capability of the cluster.
Regarding the second issue, namely future workload prediction, we adopt a simple
way to predict the future workload to reduce the time overhead of the prediction
procedure. Suppose that at time T we start to predict the future workload and it costs
time Tpowerup to get a standby node be ready to accept queries. Since the boot-up
stage of a node is very quick, we can assume that the workload feature during the
boot-up period is similar to that in the last period of Tpowerup. Thus, we predict the
future workload by the following Formula (1).
_

(1)

Here, Load represents the size of QSB at the time T+ Tpowerup. Ncached_streams
represents the current number of the query streams in QSB. newqueries represents
the number of the new query streams and completedqueries represents the number of
the completed query streams during Tpowerup. We also use a sample thread to record
the useful information about the cluster during every Tpowerup.
5.2

Node Deactivation

Similarly, we also adopt the time-out policy for node deactivation. Due to the load
allocation algorithm, the workload is more likely to concentrate on a few active
nodes. Consequently, the remaining active nodes will stay in the idle state and can be
turned off to save energy consumption. Unlike most previous algorithms, we allow
each active node in the cluster to decide independently whether to turn itself off or not
by setting a timer for each active node. Particularly, we set timers for active nodes.
An active node can be shut down as soon as its timer keeps going and exceeds a
threshold Timer_shutdown. Similarly, the timer starts when the node’s state changes
into idle and resets to zero when the node receives a new query stream.

6

Performance Evaluation

6.1

Experiment Setup

Our prototype database cluster consists of a control node and four backend nodes,
running PostgreSQL 9.2.0. All components are interconnected using the TP-LINK
Gigabit switcher. The control node can turn on the standby nodes by using the Wakeon-Lan technology [12]. Each backend node is with an Intel CPU (i3, i5, i7, and
G2030), a hard disk of Seagate ST1000DM003 1TB 7200RPM, and a memory of
Kingston 8GB DDR3. The energy related information of the backend nodes are
shown in Table 1, where the nodes are represented by their CPU type.
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Table 1. Energy information of the four backend nodes
Node

Power
Standby power (Watt)
Idle power (Watt)
Peak power(Watt)
Boot time (S)

i7 (Node 1)

i5 (Node 2)

i3 (Node 3)

G2030 (Node 4)

1.5
35.3
107
30

1.3
35.5
78
30

1.5
36
58
30

1.3
33
51
30

We take queries from the well-known TPC-H benchmark as the workload for our
cluster. There are 22 queries and 2 updates in TPC-H. In order to keep the data in
different backend nodes consistent, we eliminate the update statements and use the 22
query statements to generate query streams. A query stream consists of 22 query
statements and each query statement is randomly generated by official tools provided
by TPC-H. Besides, the sequence of 22 queries in a query stream is randomly
arranged.
To observe the effect of energy proportionality, we need to run the workload for a
period of time and dynamically turn on/off nodes. To the best of our knowledge, there
is no such long-term workload benchmark for database clusters. Thus, we manually
create three types of workload patterns in our experiment. The three types of
workload patterns are Fixed Type, Poisson Flow, and Step Type. For the Fixed Type,
the number of queries changes regularly. For the Poisson Flow, the number of query
streams generated each time satisfies the Poisson distribution. Both the Fixed Type
and Poisson Flow are changing dramatically. In addition, we also create the Step
Type, in which the number of queries is gradually changing. The total number of
query streams of the above three patterns is 268, 302, and 680 respectively.
In addition, we compare our proposal with three baseline methods: (1) AlwaysOn
[2], which always leaves the backend nodes active regardless of the workload change.
(2) Reactive [2, 15], which reacts to the current number of query streams, attempting to
keep the right number of active nodes at time t. (3) LR-Predictive [9, 11], which
attempts to predict the future workload by using the linear regression method. It adjusts
the number of active nodes according to the prediction result and the current capacity.
For this policy, we consider a time window of 100 seconds (ten sample times).
6.2

Proportionality in Node Activation

In this section, we show the advantages of our proposal in node activation. For each
workload running, we sample every 10 seconds to record the number of active
backend nodes and concurrent query streams.
We show the performance of our proposal in Fig. 5. In our algorithm, there are two
tunable parameters named Timer_powerup and Timer_shutdown. We set the
Timer_powerup to 10s and Timer_shutdown to 40s. We will discuss the effect of
these two parameters later.
Our proposal adopts the load unbalancing policy so that it can shut down unnecessary
nodes quickly when needed. For instance, at the beginning of the Step Type workload,
our algorithm finishes shutting down the unneeded nodes at the time 40s (e.g.,
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Timer_shutdown), while LR-Predictive needs 200s to complete this procedure. Further,
our algorithm can effectively reduce the misjudgment phenomenon, which is more
noticeable in the Step Type workload. We can find from Fig. 5 that our design introduces
rare misjudgments and the number of active nodes is pretty close to the current workload.
The major reason is that we adopt the time-out principle to conduct the decision of node
activation. Moreover, our proposal can avoid the dramatic degradation of time
performance with the help of QSB.
To quantitatively analyze the effect of our algorithm in achieving the proportionality,
we compute the ideal number of active nodes corresponding to the workload at each
sample time. Then, we compare the actual conditions with the ideal ones. Figure 6 shows
the average distance between the actual number and the ideal number of the active nodes,
where our algorithm is denoted as TAS. The Y-axis in Fig. 6 represents the average
difference between the actual number and the ideal number of the active nodes when
finishing the workload. We can see that our proposal obtains a value more close to the idle
situation, compared with the other three algorithms. There is an exception that the
Reactive policy has the least difference for the Fixed Type workload pattern. That is
mainly because that it turns on/off the nodes immediately when the workload decreases
while our algorithm has to wait for a time period. However, this will also lead to some
drawbacks, as we have discussed before.

Fig. 5. The performance of our proposal
under three workload patterns

6.3

Fig. 6. The average distance between the actual
and ideal number of the active nodes

Time Performance

In this section, we compare the total execution time of query streams. The results are
shown in Fig. 7, where our algorithm is denoted as TAS. As Fig. 7 shows, our algorithm
(TAS) is superior to Reactive and LR-Predictive regarding time performance. Figure 8
shows the execution time of our proposal on the Step Type workload pattern.
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Remember that there are totally 680 query streams in the Step Type workload. The
dotted line represents the maximal execution time of a query stream that users can
tolerate. We can find that the execution time of a large portion (83.23%) of query
streams is less than the maximal tolerance time. We also notice that the query streams
sent to the newly active nodes cost more time. For a newly active node, none of the
pages in the node are cached in the buffer. Thus, we have to read pages from disks when
starting to process queries in those newly active nodes.
The performance degradation percentage compared to AlwaysOn is shown in Table 2.
Comparing to Alwayson, the other three algorithms are slower in processing the query
streams to some extent. Considering that we have determined the capacity of a node by
P_degradation, i.e., 30%, only our proposal meets the performance requirement.

Fig. 7. Total execution time of the query
streams

Fig. 8. The execution time of our proposal on
the Step Type workload

Table 2. Performance degradation percentage

Fixed Type
Poisson
Flow
Step Type

6.4

Reactive

LR-Predictive

TAS

113.03%

89.95%

20.63%

69.62%

55.24%

25.40%

33.64%

26.66%

11.82%

Table 3. Energy saving percentage
Reactive LR-Predictive

TAS

Fixed Type 9.77%
Poisson Flow
20.69%

7.52%

12.03%

16.55%

21.38%

16.90%

15.86%

18.62%

Step Type

Energy Savings

Table 3 shows the energy saving percentage compared to Alwayson, and Fig.9 shows the
total energy consumption. We collect the energy consumption via power meters attached
to each backend node. When finishing the execution of the workload, we immediately
read the values of energy consumption from the screens of the power meters.
As Fig. 9 shows, our method (TAS) consumes the least energy for all kinds of
workload patterns. Regarding the energy savings, our method saves up to 21.38%
energy compared to Alwayson under the Poisson Flow workload pattern. The ability to
save energy not only depends on the energy proportional algorithms, but also the lowutilization period in workload and energy parameters of each node. So far, we can find
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Fig. 9. Total energy consumption of different methods

that our design basically reaches the goal of energy proportionality and saves energy
efficiently under the premise of ensuring the query execution performance.

7

Conclusion

In this paper, we construct an energy-proportional database cluster enhanced with a
Query Stream Buffer on top of a hybrid architecture involving the share-disk and
share-nothing architecture. We also present new algorithms involving load allocation
and node activation/deactivation to deal with the key issues in such a cluster. We
finally build a prototype database cluster consisting of five nodes and conduct
comparative experiments using the TPC-H benchmark on PostgreSQL, with various
metrics, varying numbers of query streams, and different query patterns. The results
demonstrate that our proposal is superior to its competitors and provides new insights
for storing and querying big data.
Acknowledgements. This work is supported by the National Science Foundation of China
(61379037, 61472376, & 61272317) and the OATF project funded by University of Science
and Technology of China.

References
1. Schall, D., Hudlet, V.: WattDB: an energy - proportional cluster of wimpy nodes. In: Proc.
of SIGMOD, pp. 1229–1232 (2011)
2. Jin, Y., Xing, B., Jin, P.: Towards a benchmark platform for measuring the energy consumption of database systems. In: Proc. of DTA, pp. 385–389 (2013)
3. Barroso, L., Hölzle, U.: The case for energy-proportional computing. IEEE Computer
40(12), 33–37 (2007)
4. Lang, W., Patel, J.M.: Towards eco-friendly database management systems. In: CIDR
(2009)
5. Graefe, G.: Database servers tailored to improve energy efficiency. In: Proc. of EDBT
Workshop SETDM, pp 24–28 (2008)

336

J. Xie et al.

6. Yang, P., Jin, P., Yue, L.: Exploiting the performance-energy tradeoffs for mobile database
applications. Journal of Universal Computer Science 20(10), 1488–1498 (2014)
7. Wang, X., Liu, X., Fan, L., Huang, J.: Energy-aware resource management and green
energy use for large-scale datacenters: a survey. In: Patnaik, S., Li, X. (eds.) Proceedings
of International Conference on Computer Science and Information Technology. Advances
in Intelligent Systems and Computing, vol. 255, pp. 555–563. Springer, Heidelberg (2014)
8. Lang, W., Harizopoulos, S., Patel, J., et al.: Towards energy-efficient database cluster design. Proceedings of the VLDB Endowment 5(11), 1684–1695 (2012)
9. Nathuji, R., Kansal, A., Ghaffarkhah, A.: Q-clouds: managing performance interference
effects for QoS-aware clouds. In: Proc. of EuroSys, pp. 237–250 (2010)
10. Leite, J., Kusic, D., Mossé, D., et al.: Stochastic approximation control of power and tardiness in a three-tier web-hosting cluster. In: Proc. of ICAC, pp 41–50 (2010)
11. Krioukov, A., Mohan, P., Alspaugh, S., et al.: Napsac: design and implementation of a
power-proportional web cluster. Computer Communication Review 41(1), 102–108 (2011)
12. Horvath, T., Skadron, K.: Multi-mode energy management for multi-tier server clusters.
In: Proc. of PACT, pp. 270–279 (2008)

SparkRDF: In-Memory Distributed RDF Management
Framework for Large-Scale Social Data
Zhichao Xu1,2, Wei Chen1,2(), Lei Gai1,2, and Tengjiao Wang1,2
1

Key Laboratory of High Confidence Software Technologies (Peking University),
Ministry of Education, Beijing, China
2
School of Electronics Engineering and Computer Science,
Peking University, Beijing 100871, China
{xuzhichao,pekingchenwei,lei.gai,tjwang}@pku.edu.cn

Abstract. Considering the scalability and semantic requirements, Resource
Description Framework (RDF) and the de-facto query language SPARQL are
well suited for managing and querying online social network (OSN) data. Despite some existing works have introduced distributed framework for querying
large-scale data, how to improve online query performance is still a challenging
task. To address this problem, this paper proposes a scalable RDF data framework, which uses key-value store for offline RDF storage and pipelined inmemory based query strategy. The proposed framework efficiently supports
SPARQL Basic Graph Pattern (BGP) queries on large-scale datasets. Experiments on the benchmark dataset demonstrate that the online SPARQL query
performance of our framework outperforms existing distributed RDF solutions.
Keywords: RDF · SPARQL · Social networks · Query processing

1

Introduction

With the rapid development of web social network applications such as Facebook, Twitter and Microblog, a large number of users linked data are generated. The characteristics
of such data are large volume and complicated structure. So how to effectively manage
OSN data is a hot topic in academic and industrial research. The scalability and flexibility
of RDF, which is designed for Semantic Web [1], are ideal for modeling this kind of data.
The projects of Friend of a Friend (FOAF) [2] and Semantically-Interlinked Online
Communities (SIOC) [3] have illustrated this tendency. The Simple Protocol and RDF
Query Language (SPARQL) [4] can express BGP queries for RDF, which can be directly
applied to the OSN subgraph query. In general, the nature of RDF model makes it suitable for large-scale complex OSN management.
Figure 1 illustrates an example for a fraction of OSN graph representing relations
between users and User Generated Contents. Query which finds pairs of users in a
path of friend relationship which user1 likes the blog1 that created by user2 is
expressed in SPARQL as:
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Select ?user1, ?company, ?user2 Where {
?user1 follows ?user2 .
?user1 worksFor ?company .
?user2 creatorOf blog1 .
?user1 likes blog1
}

// triple pattern #1
// 2
// 3
// 4

Fig. 1. An example for a fraction of social network

This query returns the results collection of <user1, company, user2> triples which
match all the triple patterns. This is also a typically SPARQL BGP query. In Figure 1
we show the target subgraph by dotted line. We observe that BGPs can easily express
the query for OSN chains of relationships.
A number of RDF data management systems have been developed in the past few
years. The standalone systems like [5-7] store and retrieve all the RDF data in a single
node. However, they are limited in storage and query processing capacity. Some
works have introduced distributed framework e.g. Hadoop [13] for querying largescale data. In [8], RDF datasets are stored in Hadoop file system (HDFS), but it has to
traverse a mass of triples to select the right triple which matches the pattern because
of its lack of index. H2RDF [9] utilizes the MapReduce [10] framework to process the
iterative joins, but the intermediate results must be written back to the disk, which
leading to low efficiency.
According to the existing works, we need to solve the two problems simultaneously.
First, how to create effective index on the triples to select the query-related RDF data in a
distributed store. Second, how to keep the intermediate results in memory to improve the
query efficiency.
In this paper, we put forward a hybrid two-layer RDF management framework for
answering SPARQL BGP queries on large-scale datasets. The contributions of our
work are summarized as follows:
1. We present a three-table indexing schema for storing RDF data implemented
in HBase [11], which allows bulk loading of MapReduce jobs to import and
index large-scale RDF datasets.
2. We propose a pipelined in-memory approach to process SPARQL BGP iterative joins based on scalable and distributed Spark [12] Resilient Distributed
Dataset (RDD) [14]. We adopt a heuristics to determine the join order.
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We conduct comprehensive experiments on benchmark datasets to demonstrate
the performance of our index schema and the efficiency of pipelined inmemory joins.
The rest of the paper is organized as follows. Section 2 reviews the related work. In
Section 3, we present our framework architecture which is made up of storage schema
and query strategy. Section 4 reports the experimental results. Finally we conclude the
paper and give directions for the future studies in Section 5.

2

Related Works

Based on the implementation infrastructure and query mechanism, existing RDF data
management systems can be divided into two categories, one is centralized systems
based on the standalone mode, and the other is distributed systems.
Centralized Systems. Jena [15] is a semantic web framework that first developed by
IBM. It utilizes a relational model to manage data, in other words, all data are stored
in a single three-column table. Because of its limited triple store schema, Jena has
very poor query performance for large-scale datasets. But it provides users abundant
APIs to parse the SPARQL query and inference.
Hexastore [6] materializes six indices on triples to answer the triple patterns, one
for each possible permutation of subject-predicate-object values. These permutations
are spo, sop, pso, pos, osp and ops. But in our work, we show that only three indices
are needed to answer all the triple patterns.
RDF-3X [5] is considered the state-of-the-art system in centralized RDF data
stores. It employs indices similar to Hexastore as well as histograms, summary
statistics and query optimizations to enable high query performance. However, the
performance of RDF-3X is limited by the standalone main memory required to perform joins, presenting problems with large input.
Other representative centralized systems include BitMat [16], Sesame [7] and
Virtuoso [17]. However, all the aforementioned systems run on a single machine,
which limiting their storage and processing capacity.
Distributed Systems. Jaeseok et al. [9] introduces us an iterative MapReduce method
to process SPARQL BGP query. The RDF triples are stored in HDFS in an N-Triples
format file. MR selection phase obtains RDF triples which satisfy at least one triple
pattern and MR join phase merges matched triples into a matched graph. The main
problem of this system is that MR selection must examine all of the RDF triples in
HDFS whenever a SPARQL query is issued. For this reason, the construction of an
index can be considered.
H2RDF [18] presents an architecture that RDF triples are stored in HBase and
queried by MapReduce framework. In storage layer, RDF data are indexed into three
tables. The SPARQL queries are executed in centralized mode or in distributed mode
decided by the estimated join cost based on the index statistics. H2RDF adopts the
advantages in centralized systems described above, but the fact that in distributed
mode the intermediate results of iterative joins must be written back to the disk may
lead to low query efficiency.
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Trinity [19] is a distributed, in-memory system. It uses graph exploration instead of
join operations and greatly boosts SPARQL query performance. The main drawback
of Trinity is that its performance is limited by the main memory of the cluster, since
all the triples need to be loaded in main memory. It is not trivial to manage all data in
memory, as distributed shared memory increases the complexity for maintenance.
For OSN queries, they focus on efficient graph traversal, which need special efforts
on querying processing. All existing works lack the guarantee for the performance of
such queries.

3

A Two-Layer RDF Management Framework

A straightforward method to improve query performance is to load all query-related
data into main memory. As the basic primitives of a query are selection and join, considering large-scale OSN data, such implementation brings two challenges. First, how
to manage all RDF data which are query-related to be efficiently selected in a distributed massive data store. Second, how to implement distributed in-memory join.
To solve these challenges, we propose a two-layer RDF management architecture.
Figure 2 presents its overview. We utilize HBase as the distributed indexing and storage substrate (disk layer) for large-scale RDF datasets. RDF data is imported into
HBase through a bulk loading process. When users submit a SPARQL query to the
system, it is first parsed by the Jena parser [15] that checks the query syntax and
creates the query algebra. Then our join planner generates the join order based on the
algebra and triple patterns. We pipeline the iterative joins in Spark RDD (main memory layer) and output the final result.

Fig. 2. Two-layer RDF management architecture of our approach

As discussed above, the challenges for efficient query implementation in
distributed RDF management is focus on the strategies used in selection and join primitives. In this section, we describe our method for the index schema and join
execution.

SparkRDF: In-Memory Distributed RDF Management Framework

3.1

341

Index Schema

An RDF triple consists of a subject, predicate and object. We materialize three permutations of s-p-o values of RDF triples, these permutations are SPO, POS and OSP,
which are named based on the components order of the triples stored. These three of
all six permutations are necessary and sufficient to answer each possible triple pattern
efficiently by only a table range scan. Table 1 shows how all eight triple patterns can
map to a table scan of the three tables. Triple Pattern No.1 and No.5 are very unusual
in common queries, when this happens we can pick any one of the three tables. The
most frequently used triple patterns are No.2, No.4 and No.8, which are bounded with
predicate, leaving the subject or the object unbounded.
Table 1. Triple patterns mapped to table scans

No.
1
2
3
4
5
6
7
8

Triple Pattern
subject, predicate, object
?subject, predicate, object
?subject, ?predicate, object
?subject, predicate, ?object
?subject, ?predicate, ?object
subject, ?predicate, object
subject, ?predicate, ?object
subject, predicate, ?object

Table to Scan
ANY
POS
OSP
POS
ANY
OSP
SPO
SPO

To be able to provide efficient indices access in a distributed environment we store
the three tables using HBase and thus achieve the desired index scan and search capabilities. HBase is an open-source implementation of Google Bigtable [20]. A data row
in HBase consists of a sortable row key and an arbitrary number of columns, which
are further grouped into column families. A B+ tree-like index on row key is provided
by HBase by default. All the above features can be taken into account for designing
RDF storage schema.
We propose a new approach of storing RDF triples in HBase. In these three tables,
data are stored in row keys and column names. Each table has only one column family “CF” for now and all columns belong to this column family. Take table SPO for
example, the subject and predicate are stored in the row key with the delimiter “|”
denoting the boundary between terms, leaving the object stored in the column name
which called column qualifier in HBase. Table POS and OSP are in the similar form.
We show through an example how RDF triples are stored in our approach. Table 2
shows several example triples taken from Figure 1 in Introduction section.
Table 2. Sample RDF triples

Subject
Yanhong
Yanhong
Yun
Yun
Yun

Predicate
likes
worksFor
worksFor
creatorOf
creatorOf

Object
blog1
Baidu
Alibaba
blog1
blog2
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So the logic storage structure of the triples described above in HBase SPO table is
shown in Figure 3, with the timestamps omitted. Table POS and OSP are in the similar
form.
The advantages of our indexing schema can be outlined as follows:
1. The multi-valued properties are well handled. There are a number of multivalued properties in RDF datasets like Yun described above who creates more
than one blog. Our approach enables users to manage multi-valued properties
just like single-valued ones.
2. As many as possible fields are put into row key which can be indexed. We put
two thirds of the triple into row key and leave the last part in column qualifier.
We have taken a compromise in maintaining the index size. The index content
can be fully utilized in search of one or two variables with our approach.
Row Key
<Yanhong>|<likes>
<Yanhong>|<worksFor>
<Yun>|<creatorOf>
<Yun>|<worksFor>

Column Family (CF)
CF:<blog1>
CF:<Baidu>
CF:<blog1>
CF:<blog2>
CF:<Alibaba>

Fig. 3. Sample RDF triples in HBase table

In order to handle large-scale RDF datasets we use a MapReduce bulk loading
process to minimize the I/O and network operations. We launch MapReduce jobs to
create HFiles (the HBase file format) directly and then loaded them into HBase tables
instead of calling HBase APIs for each triple insertion. The import procedure consists
of two MapReduce jobs for each of the three tables. The first job parses the original
triple and generates a key-value pair in HFile. The second job loads the HFiles from
HDFS to HBase table through LoadIncrementalHFiles [11].
3.2

Join Execution

SPARQL is the standard query language for RDF, which is based on graph pattern
matching [4]. In this part, we focus on parallel processing BGP, which is a set of
triple patterns.
In the example query showed in Introduction section, the SPARQL BGP contains
four triple patterns which have two shared variables user1 and user2. User1 and user2
are the join keys, and company is a non-join key. The query is first parsed by Jena
ARQ [15], including checking the query syntax, replacing the prefix in the triples and
then creating the query algebra. As RDF has a fixed simple data model, it is not unusual that a BGP has two or more shared variables. We apply a heuristics to select
join key variables which decides the join order. We select a join key according to the
number of related triple patterns greedily until every related triple pattern is participated in a join iteration. This strategy is good for selectivity and pipelining the subsequent join iterations.
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Algorithm 1. Matching a triple pattern over a table
Input: a triple pattern
Output: matched table scan
1: // check for SPO table
2: if tp.sp is bounded tp.op is a variable then
3:
tableName = SPO
4:
if tp.pp is bounded then
5:
rowKey = tp.sp + tp.pp
6:
type = 1
7:
else rowKey = tp.sp
8:
end if
9: end if
10: // check for POS and OSP table (we omit the detail)
11: // set the range of scan
12: scan.setStartRow(rowKey)
13: if type == 1 then
14:
scan.setStopRow(rowKey)
15: else scan.setStopRow(rowKey + ~)
16: end if
17: return scan
When it comes to join execution, we must select the join data first. According to
the index schema, we can get all the scans matched the related triples. The matching
process is outlined in Algorithm 1. It receives one of the SPARQL BGP query pattern, outputs the matched scan for HBase table. In lines 1-9 we check if the triple
pattern is No.7 or No.8 in Table 1 for SPO table. Due to the space limit, we omit the
detail in line 10 as it does the similar check for POS and OSP table. In lines 11-16 we
set the range of the scan.
According to the join order created by heuristics, we pipeline all the iterative joins
in distributed main memory, without writing the intermediate results to the disk. We
choose to implement the iterative join process on top of Spark [12]. Spark is a largescale distributed processing framework specifically targeted at iterative workloads. It
utilizes a functional programming paradigm, and applies it on large clusters by providing a fault-tolerant implementation of distributed datasets called RDD. Especially
for iterative processing, the opportunity to store the data in main memory can significantly speed up processing. We pick Spark as the underlying framework, because of
its nature of in-memory computing.
Algorithm 2 is the pseudo-code of the pipelined in-memory iterative join process. The
input is the list of execution sequence of join keys, and the output is the final query result.
In line 1 we first initialize the midRDD as the first scan to join, and we keep the intermediate results in RDD in main memory, in order to avoid disk I/O in line 8.
For line 6 in Algorithm 2, Spark provides API to load the whole HBase table into
RDD, but in this way the index cannot be used. We imitate the method in which
Hadoop reads HBase query results as input. Scans are first encoded to bytes, and then
transformed into RDD as TableInputFormat. In this way data are transformed locally
from HBase to RDD, reducing unnecessary network I/O.
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Algorithm 2. Iterative joins in RDD
Input: list of execution sequence of join keys L
Output: final query result
1: initialize midRDD as the first scan
2: for joinKey in L do
3:
get all triple pattern numbers related to joinKey in nums
4:
for num in nums do
5:
get the scan according to triple[num] //Algorithm 1
6:
transform scan to newRDD
7:
resRDD = newRDD.join(midRDD)
8:
midRDD = resRDD.cache
9:
end for
10: end for
11: resRDD = midRDD
12: return resRDD
In the whole iterative join process, the data structure in RDD keeps in binary tuple
format, which contains a key part and a value part. With the SPARQL query example
given in the Introduction section, let us consider example data of triple pattern #1 and
#2 as follows:
Original data format for triple pattern #1:
(<Yanhong>, <follows>, <Yun>)
(<Kai>, <follows>, <Yanhong>)
Original data format for triple pattern #2:
(<Yanhong>, <worksFor>, <Baidu>)
(<Yun>, <worksFor>, <Alibaba>)
(<Kai>, <worksFor>, <Baidu>)
When they are got from HBase tables, they are transformed to key-value format according to which variable is the join key. The join key variable with its value is as the
key part, separated by delimiter “|”. And the value part consists of all the variables
with their values like the key part, separated by delimiter “,”. Here variable user1 is
the join key, and user2 and company are non-join key variables in this iteration, so the
key-value formats as the input of joins are as follows:
Input format for triple pattern #1:
(user1|<Yanhong> - user1|<Yanhong>, user2|<Yun>)
(user1|<Kai> - user1|<Kai>, user2|<Yanhong>)
Input format for triple pattern #2:
(user1|<Yanhong> - user1|<Yanhong>, company|<Baidu>)
(user1|<Yun> - user1|<Yun>, company|<Alibaba>)
(user1|<Kai> - user1|<Kai>, company|<Baidu>)
For convenience we separate the key part and value part with delimiter “-”, it actually
does not exist. In this format we can easily hash join the tuples by RDD join transformation and output in the same format. After join triple pattern #1 and #2 with input
above, the intermediate result are as follows:
Output format:
(user1|<Yanhong> - user1|<Yanhong>, user2|<Yun>, company|<Baidu>)
(user1|<Kai> - user1|<Kai>, user2|<Yanhong>, company|<Baidu>)
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So the intermediate result can turn into the input of next iteration of joins directly. If a
different join key occurs in the next iteration, we just need to replace the key part with
the new join key variable with its value. After the last iteration, the final query result
will be found in the value part of the RDD.
If the query does not have any shared variables, means that there is no need to join,
there will not be any Spark jobs. The result of the triple patterns get from the HBase
tables will be directly outputted as the final result.

4

Evaluation

In this section, we present a performance evaluation of our framework. We first
present our experimental environment, next the alternative systems we evaluated for
comparison, then the benchmark dataset with which we experimented. Finally we
present our evaluation results.
4.1

Experiments Set-Up

Cluster Configuration: Our experimental environment consists of a variable number
of worker nodes and a single node as the Hadoop, HBase and Spark master. The master node and the worker nodes have the same configuration, which contains two AMD
Opteron™ 4180 6-core CPUs at 2.6GHz, 48GB of RAM and 9TB disk. We utilize
Hadoop v1.0.4, HBase v0.94.20 and Spark v1.0.0 respectively with default settings.
Baseline Frameworks: We compare the performance of our framework against Iterative Mapreduce (IterMR for short) [9] and H2RDF [18]. We reimplement the method
in IterMR and utilize the source code open-sourced by the authors of H2RDF.
Dataset Used: In our experiments with SPARQL BGP query processing, we use
Lehigh University Benchmark (LUBM) [21] synthetic dataset. The LUBM dataset
generator simulates the network in academic domain, enabling variable numbers of
triples by varying the number of university entities. We create 5 datasets with 1k, 5k,
10k, 20k, 30k universities respectively, with random seed 0. The statistics of the datasets are in Table 3. In this evaluation, LUBM (n) indicates that the dataset contains n
universities.
Table 3. Dataset statistics

Dataset
LUBM (1k)
LUBM (5k)
LUBM (10k)
LUBM (20k)
LUBM (30k)

# of triples
110 million
560 million
1.2 billion
2.5 billion
3.7 billion

Raw size
26 GB
133 GB
271 GB
540 GB
809 GB

The raw data format from LUBM generator is OWL/XML, we first use Jena rdfcat
toolkit to transform it to N-Triple format. LUBM also includes 14 standard queries,
some of which require inference to answer. We remove the hierarchy of the predicate
by querying for explicit predicate with no subclasses or subproperties.
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Experiments Results

Import time (min)

We first recorded the data importing time with the increase of the size of dataset. The
results are shown in Figure 4. Note that the IterMR method achieved the minimum
time in data importing phase, mainly because it does not create any index on the dataset. For our framework we not only import the datasets to HDFS, but also bulk load
them into three HBase tables to create index on row keys. H2RDF additionally brings
in data compression and statistics computing in this phase, which we will consider in
our future work to refine the join order.
3500
3000
2500
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1500
1000
500
0

IterMR
H2RDF
SparkRDF
LUBM(1k) LUBM(5k) LUBM(10k) LUBM(20k) LUBM(30k)

Fig. 4. Data importing time

Execution time (sec)

We divide the 14 LUBM standard queries into two categories: high-selective queries and low-selective queries. High-selective query means the query has small input
for the iterative joins, while the input of low-selective query is relatively large. Due to
lack of space, we choose to present results of Queries 1,2,3,6 and 9 in this section.
Query 1 and 3 represent the high-selective queries while queries 2, 6 and 9 stand for
low-selective queries. These queries provide good mixture of high-selective and lowselective structures and multiple types of joins, which cover most variations of all the
LUBM test queries. Also these queries can highlight the different characteristics of
our framework and compared systems. We test the five queries with LUBM (30k)
dataset and the queries execution time are showed in Figure 5. Each query experiment
we have run 5 times and take the average execution time.
10000
1000
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H2RDF
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1
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Q2
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Q6

Q9

Fig. 5. LUBM execution time

We see that IterMR performed all five queries over 1000 seconds mainly due to its
lack of index. In each query it must traverse all the dataset in HDFS to select the
triples matched at least one triple pattern in BGP. H2RDF performs quite well in
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high-selective queries (Q1, Q3) but relatively poorly in low-selective and complex
queries (Q2, Q9). The main reason is that H2RDF executes high-selective queries in
centralized mode while low-selective queries in distributed mode based on the cost
model. SparkRDF performs nearly one order of magnitude better than H2RDF in Q2
and Q9, which demonstrates the effectiveness of our in-memory pipelined join method. Q6 contains no join process, and SparkRDF performs a little better than H2RDF
because we do not need to decode literals. Due to the time to setup a spark job,
SparkRDF performs a little slower but comparably than H2RDF in high-selective
queries. From the results, we observe that SparkRDF works relatively well through
the comparative experiment, especially in low-selective and complex queries. We will
introduce the method of cost model in our future work.
We evaluate the scalability property of our framework using different number of
worker nodes and scale of the dataset. We choose Q2 as the representative for lowselective queries because it is one of the most complicated queries tested, requiring a
triangular join, and Q1 as the representative for high-selective queries due to its
bounded object. The scalability evaluation results are presented in Figure 6.
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(a) Queries on 25 nodes cluster
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nodes

20

25

(b) Queries on LUBM (10k) dataset

Fig. 6. Query scalability for different number of universities and nodes

Figure 6(a) shows the query execution time as the dataset increases. We clearly
notice that the Q2 execution time is almost linear to the size of input data while the
Q1 execution time grows slightly. In Figure 6(b), we measure the scalability of the
system as the number of worker nodes increases. The tests are executed using the
LUBM (10k) dataset. For Q2, the join execution is highly scalable with great speed
up by adding more nodes in the front, and then the effect gradually abates due to the
fact that the query cannot fully utilize the cluster resources. In the meanwhile the Q1
execution time grows still slightly. The main reason for the different results between
Q1 and Q2 is that the input and result size of low-selective queries (Q2) depends on
the dataset size, which directly affecting the query execution time, while the input and
result size of high-selective queries (Q1) is almost bounded. From the above, we can
see that the query processing of our framework is highly scalable, especially for complicated low-selective queries.
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Conclusions and Future Works

In this paper, we present a two-layer RDF management framework capable of storing
and querying enormous amount of RDF data. We have proposed a three-table index
schema to store RDF dataset based on HBase which can answer arbitrary pattern of
SPARQL BGP queries. A heuristic approach is applied to decide the join order in join
planer. We have also proposed the pipelined in-memory distributed join processing
method implementing on Spark. In this way we directly pipeline the intermediate join
result into next join iteration in main memory, avoiding unnecessary disk I/O.
SparkRDF is preferable and more efficient if the query includes low-selective joins.
In the future, we would like to extend the framework in several directions. First, we
will store the statistics about the dataset in data loading phase. Dynamic programming
can be applied to generate better join order based on the statistics. Second, we will
introduce cost estimation model to decide whether the query executed in distributed
mode or standalone mode, since the high-selective queries works better in standalone
mode. Finally we will handle OWL reasoning and more complex SPARQL patterns.
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Abstract. K-nearest neighbour (k-NN) queries over moving objects is
a classic problem with applications to a wide spectrum of location-based
services. Abundant algorithms exist for solving this problem in a centralized setting using a single server, but many of them become inapplicable
when distributed processing is called for tackling the increasingly large
scale of data. To address this challenge, we propose a distributed gridbased solution to k-NN query processing over moving objects. First, we
design a new grid-based index called Block Grid Index (BGI), which
indexes moving objects using a two-layer structure and can be easily
constructed and maintained in a distributed setting. We then propose a
distributed k-NN algorithm based on BGI, called DBGKNN. We implement BGI and DBGKNN in the commonly used master-worker mode,
and the eﬃciency of our solution is veriﬁed by extensive experiments
with millions of nodes.

1

Introduction

Given a set of Np moving objects in a two dimensional region of interest, at time
t, let O(t) = {o1 , o2 , ..., oNp }, each object o(t) can be be represented by a triple
{oid , (ox , oy ), (ox , oy )}, where oid is the identiﬁer of the object, (ox , oy ) is the
position at time t and (ox , oy ) represents the previous position of o. Each query
in the query set Q(t) = {q1 , q2 , ..., qNq } is a query point in the same region, which
can be represented by (qx , qy ), and Nq is the number of queries in this set. The
problem we study in this work is to get the k nearest neighbours (k-NNs) of each
query in real-time. We adopt the snapshot semantics, i.e., the answer of q(t) is
only valid for the positions of the objects at time t − Δt, where Δt is the latency
due to query processing. Apparently, minimizing this latency Δt is critical in
our problem and is the main objective of this work. To make our approach more
general, we do not make any assumptions on the movement patterns of the
objects, i.e., the objects can move without any predeﬁned pattern.
Such k-NN queries based applications in a wide array of location-based services (e.g., location-based advertising). There have already been many algorithms to process k-NN queries over moving objects. However, most of them
are based on a centralized setting with a single server and is thus usually only
suitable for applications with a limited data size. On the other hand, we are
experiencing a rapid growth in the scale of spatio-temporal data due to the
c Springer International Publishing Switzerland 2015
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increasing prevalence of positioning devices, such as GPS trackers and smart
phones. The abundance of such data and the increase in the workload in the
location-based applications has rendered the centralized solutions inapplicable
in many cases, and more scalable solutions are in order.
To address this challenge, we propose a distributed solution to process the
k-NN queries. We ﬁrst design a grid-based index called Block Grid Index (BGI),
which can be constructed and maintained eﬃciently in a distributed setting.
BGI is designed as a two-layer structure. The top layer is a grid structure, i.e. it
partitions the region of interest into a grid of equal-sized cells without overlap.
Each cell in the grid is in charge of indexing the moving objects within itself.
The bottom layer is established based on the ﬁrst layer and consists of a set
of blocks, which also constitute a non-overlapping partitioning of the interest
region. Each block of the bottom layer corresponds to one or more cells from the
top layer and the number of objects within the block cannot be greater/less than
the user-speciﬁed maximum/minimum thresholds. As objects move, the blocks
can be split/merged when the number of objects in the blocks goes out the range
we set. The proposed structure is particularly suitable for the distributed setting
as it can achieve fast maintenance due to its simple structure.
We propose an algorithm DBGKNN for distributed k-NN query processing based on BGI, which guarantees returning the query results with only two
iterations. Given a query q, DBGKNN can directly locate the blocks that are
guaranteed to contain at least k neighbours of q based on BGI. Then the algorithm chooses a set of objects that are closest to q from candidate blocks and
identiﬁes the k-th nearest neighbour in these selected objects. Using this neighbour as a reference point, it can determine a search region and compute the ﬁnal
k-NNs by calculating the distances between q and the objects in this region. We
implement BGI and DBGKNN in a master-worker mode, which can be easily
deployed to distributed setting, such as Storm and S4. We conducted extensive
experiments to evaluate the performance of our solutions.
Our main contributions can be summarized as follows.
· We propose BGI, a new grid-based index, for supporting k-NN search over
moving objects in a distributed setting.
· We develop DBGKNN, a distributed k-NN search algorithm based on BGI.
Guaranteeing to return the results with only two iterations, DBGKNN has a
superior and more predictable performance than other grid-based approaches.
The rest of the paper is organized as follows. Section 2 provides an overview of
related work. Section 3 introduces the BGI index structure. Section 4 presents the
DBGKNN algorithm. Experimental results are presented in Section 5. Section 6
concludes this paper.

2

Related Work

As a fundamental operation, k-NN query processing has been intensively studied in recent years. Early k-NN search algorithms are for the case where both
the query point and the data points are static. [4] solves this problem using the
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R-tree associated depth-ﬁrst traversal and branch-and-bound techniques. An
incremental algorithm using traversed R-tree is developed in [2]. k-NN queries
over moving objects have also been considered. The ﬁrst algorithm for continuous nearest neighbour queries is proposed in [7]. It handles the case that only
the query object is moving, while the data objects remain static. An improved
algorithm was proposed by [8] which searches the R-tree only once to ﬁnd the k
nearest neighbours for all positions along a line segment.
Existing k-NN search methods can also be classiﬁed based on the structure
of the index used. Tree-based approaches and grid-based approaches are both
widely used. Tree-based approaches mostly are variants of the R-tree. The ﬁrst
algorithm of k-NN was based on R-tree as aforementioned. TPR-tree is used to
index moving objects and ﬁlter-and-reﬁne algorithms are proposed to ﬁnd the
k-NNs [1,3,5]. The B+-tree structure is employed by [9] to partition the spatial
data and deﬁne a reference point in each partition, then index the distance of
each object to the reference point to support k-NN queries.
The grid index partitions the region of interest into equal sized cells, and
indexes objects and/or queries (in the case of continuous query answering) in
each cell respectively [6,10,11]. Most of these approaches are designed for the
centralized setting, and cannot be directly deployed on a distributed cluster.

3

Block Grid Index

Most existing grid-based algorithms of k-NN search follow the similar thought:
(1)location the query object. (2)enlarge the search region iteratively to get the
k objects near query object. (3)ﬁnd the farthest object to query object in(2).
(4)taking the distance between farthest object in (2) and the query object as
the radius, the query object as the circle center, draw a circle. (5)get the kNNs from the objects fall in the circle. In step(2), the number of iterations
needed to get k objects is unknown. If we implement this kind of algorithm on
a master-worker mode, let master node maintain the grid index, worker nodes
store the data belongs to each grid cell. Then we will face the uncertain times
communication between master and workers, which will lead to low performance.
Aim to implement k-NN algorithm on distributed system, we design the BGI, a
main-memory index structure to meet these requirements.
3.1

Structure of BGI
2

Without loss of generality, we assume that all objects exist in the [0, 1) unit
square, through some mapping of the interest region. BGI is designed into a twolayers structure(See Fig.1). The top layer uses a grid structure, which partitions
the unit square into a regular grid of cells of equal size δ. Each cell is denote
by (i, j), corresponding its row and column indices. Given a query q(t), we can
directly know that it falls into the cell (i, j), if i ≤ q(t)x ≤ (i+1) and j ≤ q(t)y ≤
(j + 1). In the top layer, each cell only contains the id of block which it belongs
to. The bottom layer is a set of blocks, which consisting of data located in the
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corresponding cells. Objects stored in block are organized by cells’s boundary.
Brieﬂy, we take cell as the smallest unit to partition (without overlap) the region
of interest, and objects are partitioned by cell size.
B is the set of blocks, which can be denoted as bi (1 ≤ i ≤ Nb )( where Nb
is the number of blocks) and also can be represented by {bid , CL(bid )}, where
bid is the unique identiﬁer of bi , and CL(bid ) is a list of cells that bi contains.
In the bottom layer, each cell is represented by {(i, j), OL(i, j)}, which has a
new element OL(i, j) to store the objects which fall into the cell. The blocks are
non-overlapping and every object must fall into one cell of one block.
We require every block to contain at least ξ and at most θ objects, i.e.,
ξ ≤ Nb ≤ θ for all block bi . Nb is the number of objects in block. When objects
are updated, blocks split or merged as needed to meet this condition. We call ξ
and θ the minimum and maximum threshold of a block respectively. Typically
ξ  θ. In the rare case where the total number of objects Np is less than ξ, the
minimum threshold requirement cannot be satisﬁed. This is handled as a special
case in query processing. To simplify our discussion, we assume without loss of
generality that at any time the total number of objects Np ≥ ξ.

Fig. 1. The structure of BGI

3.2

Insertion

When an object comes, BGI gets the block id where the object located according
to its coordinates. i.e., object o located in cell(i, j), o is inserted into block bi if
cell (i, j) has bi ’s id. The insertion is done by appending oid into the object list
OL(i, j). Initially, there is only one block covering the whole region of interest.
When an object o is inserted into a block bi , bi will be split if the number of
objects in it exceeds the maximum threshold. A split method split bi and generate
two new ones that hold approximately the same number of objects adapt to the
data distribution. In this method, we ﬁrst ﬁnd the left bottom cell which has
objects in block bi . Then we get the nearest grids to the left bottom cell. Finally,
the number of cells we select is more than Nb /2. These cells are moved to a new
block. Once bi is split, some cells move to a new block, the information in grid
index need to be update. As shown in Fig.2.
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3.3

Deletion

When an object disappears or moves out of a block, it has to be deleted from
the block that currently holds it. To delete an object o, we need to determine
which block currently holds it, which can be done directly using BGI. After
deleting an object, if the block bi has less than ξ objects, it will be merged
with an adjacent block. The block bi needs to send message to the top layer.
Then top layer can choose which block that has the most common edges with
bi ,denoted by bj . Next, two blocks merge together and cells which fall into bi
with updating the corresponding information. In case, the number of objects in
the resulting block exceeds the threshold θ, triggering another split. However,
since in general ξ  θ, such situations rarely happen and their impact on the
overall performance is minimal.

Fig. 2. The split of bi

3.4

Analysis of the BGI Structure

Time Cost of Maintaining BGI.
Theorem 1. Let Np , Nb and Nc be the number of objects, blocks and cells
respectively, and assume that the objects are uniformly distributed. Tinsert ,
Tdelete , Tsplit , and Tmerge are the time costs of the insert, delete, split and merge
operations respectively, and ai (i = 1, · · · , 6) are constants.
Tinsert ≈ a0

Nc
Np
Nc
, Tdelete ≈ a1 log
+ a2
, Tsplit ≈ a3 θ, Tmerge ≈ a4 ξ
Nb
Nb
Nc

(1)

Proof. For an insert operation, we need to locate which cell o falls in and
appending it to the end of the cell’s object list. We have to spent some time on
ﬁnding the right cell in a block to complete this operation. Therefore, Ti nsert ≈
c
a0 log N
Nb . To delete an object from a cell, we need to locate the cell and then
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remove the object from its object list. The costs of these two operations are
Np
c
Td elete ≈ a1 log N
Nb + a2 Nc . For a split operation, we need to ﬁrst identify the
cells have half of objects, which takes linear time with respect to the number of
objects: θ. For a merge operation, we need to verify the block to merger, which
requires to traverse the old block, i.e, a4 ξ.
Advantages of BGI. BGI has the following advantages.
· Parallelizable: BGI’s partitioning strategy makes it easy to be deployed in
a distributed system. The blocks do not overlap, making it possible to perform
query processing in parallel.
· Scalable and Light-weight: Since the top layer, which is a grid structure
that only needs to store the cells’ boundary and the block id the cell belongs to,
the capacity of BGI is directly proportional to the number of servers, lending it
well to large-scale data processing.
· Eﬃcient: Having a minimum threshold for each block makes it possible to
directly determine the blocks that contain at least k neighbours of a given query,
without invoking excessive iterations.

4
4.1

A Distributed Block Grid k-NN Search Algorithm
The DBGKNN Algorithm

The distributed k-NN search algorithm (DBGKNN) we proposed based on BGI
follows a ﬁlter-and-reﬁne paradigm. Given a query q, (1)the algorithm identify
the blocks which are guaranteed to contain at least k neighbours of q through the
ﬁrst layer grid index. (2)corresponding blocks return at least k objects near q.
(3)compute the k-th nearest neighbour of query in return objects set. (4)taking
the distance between this neighbour and query as the radius, q as center, draw
a circle. (5)among objects fall in the circle, compute the k-NN of query object.
The algorithm is presented in Algorithm 2. Now we present the details of the
algorithm. Without loss of generality, we assume that Np ≥ k where Np is the
number of objects.
Calculating Candidate Blocks. For a given query q, DBGKNN can directly
identify the set of blocks that are guaranteed to contain k neighbours of q,
called the candidate blocks. First, get which cell the query q falls into. As we
partition the region of interest using grid, it is easy to locate which cell contains
q according to q  s coordinates. We denote the cell as cq . Second, identify the
candidate blocks. We locate a rectangle R0 centred at the cell cq , with some
size such that R0 encloses cells falling into at least Γ ≥ k/ξ candidate blocks. Γ
denote the number of candidate blocks and satisfy Γ · ξ ≥ k. This way, we can
guarantee that there are at least k neighbours in the candidate blocks.
Fig.3 gives an example, blocks are represented by solid lines. Query q is
located in cell(2, 3), and R0 with size 1 encloses cells belongs to there diﬀerent
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Fig. 3. Determining the set of candidate
blocks

Fig. 4. An example of ﬁnding 3-NN using
DBGKNN

blocks, b4 ,b6 ,b7 . Assume ξ = 3, k = 6, now Γ = 3, Γ · ξ ≥ k, the candidate blocks
{b4 , b6 , b7 } are identiﬁed.
The algorithm of determining the candidate blocks DCS is shown in Algorithm 1. This procedure describes the details of DCS and can be implemented on
the master-workers setting as shown in ﬁg.5. BGI is maintained in a distributed
fashion by multiple workers, where each worker is responsible for a set of blocks.
The master is the entry point for the queries. It maintains the top layer, which
only record the block id of each cell. When the master receives a query q, it can
immediately determine the candidate blocks by running DCS, and then send q
to the workers that hold the candidate blocks.
Determining the Final Search Region. After the candidate blocks are determined, we send query q to the candidate blocks. Then every block return ξ
objects which are closest to q. Then we can identify a supporting object o,
which is the k-th closest to q in the return of candidate blocks. Let the distance
between o and q be rq . The circle takes (qx , qy ) as the center and rq as the
radius is thus guaranteed to cover the k-NNs of q. Next, we identify the set of
cells that intersect with this circle, and search k-NNs of q in these cells. Fig.4
shows an example, where the query q is a 3-NN query and let ξ = 1. We ﬁnd
the supporting object o5 in its candidate blocks {b1 , b2 , b6 , b7 } and set the radius
rq which equals the distance between q and o5 . The circle Cq is guaranteed to
contain the 3-NNs of q. After scanning all objects that are located within Cq ,
we ﬁnd that the 3-NNs are o3 , o4 and o8 .
Fig. 5 shows this step in the master-workers setting. Master sends q to workers
who holds candidate blocks. Then these workers send objects near q to calculation worker. Next, calculation worker send the circle Cq to master and identify
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the ﬁnal set of cells C which intersected with Cq . Then master sends C to the
blocks holding cells in C. Finally, k nearest neighbours are chosen from each cell
in C (or all the objects in the cell if it contains less than k objects) and sent to
calculation worker, where the ﬁnal k-NN of q are computed.

Fig. 5. Processing queries on the master-workers model

4.2

Analysis of the DBGKNN Algorithm

Time Cost of the DBGKNN Algorithm.
Theorem 2. Let Np , Nb and Nc be the number of objects, blocks and grid cells
respectively, and assume that the objects are uniformly distributed. For a given
k-NN query q, the query processing time (without considering the communication
N
cost) by DBGKNN is Tq uery = Td + Tc + Tl , where Td ≈ a1 , Tc ≈ a2 · ξ Npb + a3 ·
k · log k, Tl ≈ a4 · Nc · Nkp · log k, and ai (i = 1, · · · , 4) are constants.
Proof. Td is the time of determining the candidate blocks, Tc is the time of
obtaining the circle Cq , and Tl be the time of searching k-NNs from the set of
cells covered by Cq . The time of ﬁnding the candidate blocks is a constant, for
we can get the set of blocks directly through the grid index. Therefore, Td ≈ a1 .
N
To compute the circle Cq , we need time a2 · ξ Npb to ﬁnd the ξ closest objects
(to q) from each candidate blocks. Obtainingthe radius of the circle Cq then
takes time a3 · k · log k. Therefore, Tc ≈ a2 · ξ Np Nb + a3 · k · log k. Finally, as
we assume a uniform distribution of the data, the expected area of Cq is k/Np .
Thus, the time of obtaining the k-NNs is Tl ≈ a4 · Nc · Nkp · log k.
Eﬀects of ξ and θ. The minimum threshold ξ inﬂuences the frequency of the
merge operation. We assume that the Np objects are uniformly distributed in a
unit square for simplicity. When the number of objects in block is lower than ξ,
the merge operation is running. Thus, when ξ increases, the probability of merge
operations comes higher. However, ξ can not be too small. In the candidate blocks
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Algorithm 1. DCS Algorithm
Input:
The query q(qx , qy ), BGI, δ, ξ, k;
Output:
The set of candidate blocks, Cb ;
1: get the cell c which q located in through BGI. Put the block id of cell into Cb .
2: while (|Cb | · ξ < k) do
3:
make a rectangle R0 centreed at cell c with size l.
4:
if the block of cells that fall into R0 is not in Cb then
5:
add the block id into Cb .
6:
else
7:
l=l+1;
8:
end if
9: end while
10: return Cb

Algorithm 2. DBGKNN Algorithm
Input:
The query q(qx , qy ); BGI; The cell size, δ; The set of candidate blocks, Cb ; The
minimum threshold of block, ξ; The maximum threshold of block, θ;
Output:
k nearest neighbours of q;
1: Cb = DCS(qx , qy , BGI, δ, ξ);
2: Find nearest ξ objects in every candidate block, and put them into Oc .
3: Compute the supporting object o to q which is the k-th nearest object as in Oc .
4: Taking q as centre and the distance between o and q as the radius, draw a circle
cq .
5: Let Υ be the set of cells which interacts with circle cq .
6: Find k-NNs from the objects covered by cells in Υ ;
7: Return k-NNs;

notify stage, we need to meet the condition of ξ · Γ ≥ k, if ξ is too small, then we
need to enlarge the rectangle R0 to get more candidate blocks. The maximum
threshold θ aﬀects the splitting of blocks. when θ decreases, more blocks need to
split. Meanwhile, high θ means every block has a high number of objects, which
may inﬂuences the performance of circle computation.
Advantages of DBGKNN. The most notable advantage of DBGKNN is that
it minimize the probability that the master becomes a bottleneck, for the master
only maintenance a grid structure to index objects and store the block id that the
object belongs to. Given a query q, DBGKNN gets the k-NNs of q in two steps,
ﬁrst directly determining the candidate blocks using BGI, and then identifying
the ﬁnal set of cells to search by computing the circle Cq . This is highly beneﬁcial
when the algorithm is running in a distributed system.
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Scalability of DBGKNN. DBGKNN is easily parallelizable and scales well
with respect to the number of servers to handle increases in data volumes. These
blocks in BGI in general reside on diﬀerent servers, and the process of searching
them for the k-NNs can take place simultaneously on individual servers. More
processing power can be obtained by simply adding more servers to the cluster.

5

Experiments

We implement experiments to evaluate BGI and DBGKNN. We mainly test the
performance of BGI by changing the parameters. For DBGKNN, we implement
a distributed grid-based search algorithm according to [3]. We take this gridbased search algorithm as the baseline, and compare a lot between them. Every
experiment is repeated ten times, and the average values are recorded as the
ﬁnal results.
5.1

Experimental Setup

The experiments are conducted on a Dell R210 server, which has a 2.4GHz Intel
processor and 8GB of RAM. We use the local mode to simmulate the masterworker mode. We simulate three diﬀerent datasets for our experiments. The ﬁrst
dataset (UD) is consisting of the objects that follow a uniform distribution. In
the second dataset (GD), 70% of the objects follow the Gaussian distribution,
and the rest objects are uniformly distributed. In the third database, objects
follow the Zipf distribution. All the objects are normalized to a unit square.
5.2

Experiment Performance

We ﬁrst test the time of building BGI with changing θ, and the number of objects
using diﬀerent database. Fig. 6 shows the time of building BGI as we vary θ.
Fig.8 is the time of index construction with data in UD as we change the number
of objects. In our study, the number of θ is approximately reversely proportional
to the account of spilt operation. The lower theta is, the higher split operations
are, which means a longer build time. θ cannot be overly large. In extreme cases,
when θ is too large, the total number of blocks may be 1, which means we will
run the index like single server. A high θ will also increase the time of query
processing. The index build time increases almost linearly with the increasing
number of objects. As objects changing, the more split and merge operations
happen, leading the maintenance time increase. Data in Zipf and GD need more
split and merge operations, so they take a higher cost of building index. Fig.7
shows the the query time of diﬀerent database changing θ. Data follow diﬀerent
distributions perform similarly and the query time of them all increase along
with θ getting higher. A higher θ means that the average number of objects in
one block is higher, which brings more time for calculation in one block.
Fig.8 compares our algorithm with the baseline method varying the number
of objects. Baseline method build index very fast and the time it costs varies
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Fig. 6. Index construction time with
diﬀerent θ

Fig. 7. Query time with diﬀerent θ

Fig. 8. Index construction time comparison with diﬀerent number of
objects

Fig. 9. time comparison with diﬀerent
number of objects

little when the number of objects changes. In ﬁg.9, we show the query time
between two algorithms. The query time of baseline method increases rapidly
along with increasing objects number, comparing that our algorithm performs
stable. When the number of objects becoming higher, the baseline method suﬀer
from the communication cost of iterations. DBGKNN only need two iterations
to get the result so that it is little unaﬀected by objects number.
In the above experiments, we ﬁnd that although DBGKNN takes time to
build index, it performs better in query processing than the baseline method.
The parameter θ in DBGKNN matters the index build time and query processing
time. A high θ means more split operations, which leads to fast query processing
time and high cost on index maintains. Therefore, we need to choose the optimal
value of θ according to the actual conditions. In summary, DBGKNN is more
suitable for large volumes of objects in distributed system.

6

Conclusions

The problem of processing k-NN queries over moving objects is fundamental in
many applications. The large volume of data and heavy query workloads call
for new scalable solutions. We propose a distributed grid index BGI and a distributed k-NN search algorithm DBGKNN to address this challenge. Based on
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BGI, we present DBGKNN that can directly determine a region that is guaranteed to contain the k-NNs for a given query with only two iterations. This has a
clear cost beneﬁt when compared with existing approaches, such as grid-based
methods, which require an uncertain number of iterations. Extensive experiments
conﬁrm the superiority of the proposed method. For future work, we would like
to explore how to evaluate continuous k-NN queries over moving objects. For a
given k-NN query q, it is very possible that its result (a list of objects) remains
relatively stable when objects move with reasonable velocities. Therefore, it is
promising to investigate how the k-NN results can be incrementally updated as
objects move.
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Abstract. As the development of social network, mobile Internet, etc.,
an increasing amount of data are being generated, which beyond the
processing ability of traditional data management tools. In many reallife applications, users can accept approximate answers accompanied
by accuracy guarantees. One of the most commonly used approaches
is online aggregation. Online aggregation responds aggregation queries
against the random samples and reﬁnes the result as more samples are
received. In the era of big data, more and more data analysis applications are migrated to the cloud, so online aggregation in the cloud has
also attracted more attention. There can be a huge diﬀerence between
the number of tuples in each group when dealing with group-by queries.
As a result, answers of online aggregation based on uniform random
sampling can result in poor accuracy for groups with very few tuples.
Data in the cloud are usually organized into blocks and this data organization makes sampling more complex. In this paper, we propose an
eﬃcient block sampling which can exactly reﬂect the importance of different blocks for answering group-by queries. We implement our methods
in a cloud online aggregation system called COLA and the experimental
results demonstrate our method can get results with higher accuracy.
Keywords: Online aggregation
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Introduction

Data-driven activities are rapidly growing in various applications, including Web
access logs, sensor data, scientiﬁc data, etc. Distilling the meaning from these
data has never been in such urgent demand. All these big data have brought
in great challenges to traditional data management in terms of both data size
and signiﬁcance. As the growth of sheer volume of data, performing analysis and
delivering exact result on big data can be extremely expensive, sometimes even
impossible. For example, suppose one petabyte data are stored in the database
and we want to ﬁnd a particular record from the database. If indices have been
built on the attribute we want to query, the answer will be returned soon. But if
we do not build indices, how long will it take? The only way we can do without
indices is full scan. Now for the fastest Solid State Drives (SSD) with disk scanning speed of about 6GB/s, a linear scan of SSD with one petabyte data will take
c Springer International Publishing Switzerland 2015
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about 166666 seconds, i.e. 2777 minutes, 46 hours, or 1.9 days. It is deﬁnitely
unacceptable. Fortunately, in many real-life applications, people just want to
obtain a bird’s eye view of the whole dataset. This situation has brought more
attention to the already-active area of Approximate Query Processing (AQP).
OLA is one of the most widely used AQP techniques and our work also
focuses on OLA. OLA is ﬁrst proposed in the area of relational database management system (RDBMS). The basic idea behind OLA is to estimate the result
by sampling data and the approximate answer should be given some accuracy
guarantees. Usually, we use conﬁdence to measure the accuracy. In many scenarios, group-by queries play an important role: data are divided into groups
and aggregated within these groups. Uniform random sampling is appropriate
only when the utility of the data to the users mirrors the data distribution and
less eﬀective for group-by queries because of the problem of ”small group”. For
example, consider a column R with 1000 tuples of which 99% have value 1, while
the remaining 1% of the tuples have value 100. If we want to estimate the Sum
of the two groups individually by 100 samples, accurate results can be obtained
only when there are 99 samples with the value of 1 and 1 sample with the values
of 100. If two or more value of 100 are sampled, the estimation will be great
error. Here, the group with value of 100 can be considered as “small group”.
The problem of “small group” can signiﬁcantly inﬂuence the accuracy of the
results.
In recent years, with the development of cloud computing, OLA in the cloud
has drawn more attention. Especially it can reduce the economic cost of users on
the typically pay-as-you-go cloud systems and increase the overall throughput
of the cloud system. Although OLA techniques have been extensively studied
for RDBMS and OLA is very suitable for cloud environments, there are still
challenges to adapt them to the cloud when group-by queries are invloved. First,
data in the cloud are usually organized and processed in blocks which may contain thousands of tuples. The accuracy of OLA highly depends on the sampling.
When data are organized in blocks, the minimum sampling unit is block. So the
layout of the data in block, i.e., the way by which tuples are grouped into blocks,
will greatly inﬂuence the accuracy. Second, we need to change the sampling
method to make the samples reﬂect the distribution of the original data. Third,
many cloud systems, such as Hadoop and Hyracks, are MapReduce-oriented. The
naive MapReduce framework is batch processing, which is opposite to OLA. The
Reduce phase of MapReduce can not start until the completion of the Map phase
while OLA needs pipelining between diﬀerent phases.
Motivated by above requirements and challenges, we try to solve the problem
of “small group” for online aggregation in the Cloud. The speciﬁc contributions
we make in this paper are:
– We introduce a stage of preprocessing which can randomize the data blocks
eﬃciently and obtain relative data information.
– We propose an adaptive block sampling method which can solve the problem
of “small group”.
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– We implement our method in COLA, a system for Cloud Online Aggregation. And experiments of the proposed technique are reported in terms of
performance and accuracy.
The remainder of the paper is organized as follows. In Section 2, we summarize the related work. We provide an overview of our problem in Section 3. In
Section 4, we describe the stage of preprocessing. Our adaptive block sampling is
presented in Section 5. In Section 6, we use COLA to implement our approach.
Experimental results are presented in Section 7, followed by conclusions.

2

Related Work

In general, our work in this paper is related to two ﬁelds: online aggregation
and data sampling. OLA was ﬁrst introduced in RDBMS [1], which focuses on
single-table queries involving “group by” aggregations. The work in [2] improves
the approach in [1] by providing the large-sample and deterministic conﬁdence
interval computing methods in the case of single-table and multi-table queries.
The query processing and estimate algorithms for OLA were studied in the
context of joins over multi-tables [3]. A family of join algorithms called ripple
joins were presented in [3]. Wu et al. [6] proposed a new OLA system called
COSMOS to process multiple aggregation queries eﬃciently. All the work above
is in the context of RDBMS. In fact, these centralized OLA methods or systems can not be extended to MapReduce-based cloud systems straightforward.
Hadoop Online Prototye (HOP) [8] is a modiﬁed version of the original MapReduce framework, which is proposed to construct a pipeline between Map and
Reduce. COLA [11,28] realizes the estimation of conﬁdence interval based on
HOP. A Bayesian framework based approach is used to implement OLA over
MapReduce [13] based on the open source project Hyracks [9]. The approach’s
estimation method is complex, which is hard to be implemented in the MapReduce framework. In the work of [15], the authors focus on the optimization for
running OLA over MapReduce-based cloud system.
Sampling has a long history in database. There are two levels of sampling unit
in the existing sampling techniques: row-level sampling [19,21] and block-level
sampling [20,22]. Row-level sampling provides true uniform-randomness, which
is the basis of many approximate algorithms. The work in [20] proposes statistical estimators with block-level samplings. Several special sampling approaches
for group-by queries are also proposed. A method called Outlier Indexing [23]
is proposed to improve sampling-based approximations for aggregation queries.
Congressional sampling [24] stratiﬁes the database by considering the set of
queries involving all possible combinations of grouping columns and provides
general-purpose synopses. Another approach to solve the small group problem
has been developed by Babcock et.al. [25] and is called small group sampling. It
generates multiple sample tables and selects an adequate subset of them at query
evaluation time. Philipp et.al. [26] proposed a novel sampling scheme for constructing memory-bounded group-aware sample synopses. All above sampling
approaches for group-by queries are row-level sampling. In the context of online
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aggregation in the cloud, existing work of OLA over MapReduce adopts random
sampling [8,13], and no special sampling techniques have been proposed.

3

Overview

In this section, we ﬁrstly formalize our problem that we study in the paper. This
paper mainly focuses on online aggregation for single table, so we consider a
relation R and queries like
SELECT op(exp(tij )), col FROM R WHERE predicate GROUP BY col
where op is the operation of Sum, other operator (Count, Avg) can be dealt
similarly. exp is an arithmetic expression of the attributes in R, predicate is an
arbitrary predicate involving the attributes, and col is one or more columns in
R. Because all the data are stored in HDFS, the data unit is block while its
counterpart in RDBMS is tuple. tij represents the j -th tuple in block i.
Figure 1 shows the basic architecture of our system. Online aggregation in the
cloud is that when users request an aggregation query, system returns an approximate result within the prescribed level of accuracy against random samples. The
result is reﬁned as more samples are received. In this way, users can terminate the
running queries prematurely if an acceptable estimate arrives quickly. Usually,
conﬁdence interval and conﬁdence level are adopted to measure the accuracy of
current result. If users do not terminate the query actively, all the data will be
scanned, and the processing is just the same as common aggregation query. The
whole data processing is implemented in the cloud.

Fig. 1. Basic Architecture

As shown in Figure 1, there are two major issues we should consider when
implementing online aggregation with group-by clause in the cloud: (1) How to
sample data eﬃciently and, (2) How to implement the method in the cloud.
We will in turn detail our solutions for the two issues in subsequent sections.

4

Preprocessing

It is extremely diﬃcult to execute the queries online without any assumption or
preprocessing. We do not add constraints to the original data, so we need preprocessing to the data. During the stage of preprocessing, two important things
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should be completed: randomization of data blocks and acquisition of necessary
data information. The performance of online aggregation highly depends on the
sampling, and the accuracy of sampling depends on the data distribution. If
the data are fully random, the result will be good. Unfortunately, this is not
always true for real world data. For tuple-level sampling, there are several ways
to achieve random sampling from disk. If the data are distributed randomly, we
just need sequential access. Otherwise, we must do random disk access to obtain
random sampling. For block-level sampling, the case can be worse. We still can
not get random sampling by random disk access because the data layout inside
the block may be not random. Besides, completely random disk access can be
ﬁve orders of magnitude slower than sequential access [27]. If we want to ensure
samples from diﬀerent groups can match the data distribution, some additional
data information must be obtained. In this section, we introduce one approach
to randomize the blocks and obtain the data information simultaneously.
Usually, online aggregation assume the dataset is static, we also reserve the
assumption in this paper. Here, static dataset does not mean we never update
the dataset. In real-life applications, if the dataset is relatively static or update
rarely, we can view it as a static dataset. The cost of preprocessing can be amortized by subsequent massive queries. This stage can be done by one MapReduce
job and the basic procedure is as follows:
1) Get current number of diﬀerent blocks on HDFS from namenode, denoted
by N.
2) Initiate the MapReduce job and then Map tasks read data from HDFS.
3) Read value of the key-value pair and record the frequency of diﬀerent
values within each column. The concept of column here is similar to the column
of RDBMS. In fact, there is no column in the data block, but diﬀerent values
in one line which are seperated by some predeﬁned characters can be viewed as
diﬀerent columns. Then Map tasks generate a random number between 1 and
N, and assign the random number to the header of the key of current key-value
pair.
4) Reduce tasks receive the key-value pairs and write them to diﬀerent blocks
according to the header of the key. At the same time, reduce tasks merge the
frequency of diﬀerent values from all the map tasks. These frequencies and corresponding location (i.e. the data block they belong to) will be stored on the
master as data information.
This method of data redistribution is easy to be realized and can be used in
any MapReduce-based cloud system without any modiﬁcation. Its performance
will be demonstrated in the subsequent experiments.

5

Query Processing

Unlike query processing in RDBMS, OLA must return the estimated result continuously with accuracy guarantees. In this section, we will elaborate the query
processing of OLA, which includes a new adaptive block sampling and the estimation of results.
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Adaptive Block Sampling

Uniform random sampling is the most used sampling method of online aggregation. If the data is distributed evenly, random sampling is eﬀective. Unfortunately, in the real world, many datasets are skew and the problem of “small
group” is not uncommon. Block sampling is more complex than random sampling because the data within a block may be correlative. The basic processing
unit of block sampling is block. If the block is inappropriate to a certain “small
group”, we still need to scan all the data in that block, this is really wasteful. In
this section, we propose a new adaptive block sampling which can avoid above
drawbacks.
For a relation R with two columns A, B, let B be the column used for grouping and A be the aggregation attribute. Suppose B can be divided into n groups:
{b1 , b2 ,..., bn }. Since we have known the frequencies of values in diﬀerent groups
during the stage of preprocessing, it is easy to compute the ratio between these
n groups, which can be described as follow:
b1 : b2 : ... : bn = r1 : r2 : ... : rn

(1)

The basic steps of our adaptive sampling is described as follows:
– step1: Map tasks read the data blocks sequentially. Data blocks have been
randomized during the stage of preprocessing, so read blocks sequentially
can get random blocks instead of randomly read;
– step2: Read key-value pair within the block one by one, and decide to accept
or reject current key-value pair by using the method that is similar to acceptance/rejection sampling. The probability of acceptance is decided by column
B. If current key-value pair belongs to group bi , its probability of acceptance
pi is as follows:
ri
pi = n
(2)
i=1 ri
– step3: Compute the current ratio between diﬀerent groups in the sample. If
a certain group is unseen or its ratio is highly under the normal level, we set
the probability of acceptance is 1. This means the group is accepted directly
as soon as it appears next time.
– step4: Compute the terminal condition. We ﬁnd it is not necessary to process
the entire block to get the approximate answers. We deﬁne three parameters
α, β and γ. Here α means the ratio of data we have processed within current
block, β means the ratio of groups we have not seen yet, and γ means the
upper bound of the amount of data which will be processed within a block. If
α percent of the data have been processed and still β percent of the groups
have not seen, this data block will be discarded; If the data block is not
discarded, the processing of current data block will stop in two situations:
1) If all the groups have been seen and their ratios approximately match the
true ratios, stop processing current block; 2) If γ percent of the data have
been processed, we also stop. α, β and γ can be obtained by multiple tests
and will be given in the subsequent experiments.
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– step5: Repeat step 1 to 4 until users terminate the process actively. If users
do not terminate, all the data block will be processed.
5.2

Estimation and Conﬁdence Interval

After the sampling procedure, we
get a sampling Sk with size nk for a
ncan
k
expk (tij ). The estimation of aggregaparticular group k, and set expk = i=1
tion result is given by
N
∗ expk
(3)
μ=
nk
According to the previous equation, the ﬁnal aggregation result can also be
considered as the average of Y, where Y = N ∗ expk . The sampled data are
retrieved in random order, so Y are identically distributed and independent
to each other. According to the central limited theorem, the average of Y in
samples obeys the normal distribution, so we can √
obtain the half-width interval
with speciﬁed conﬁdence level 100p%: εn = zp σn / n, where zp is the p-quantile
in the standard normal distribution, and σn is the standard deviation of nk
varibles in the sample. The ﬁnal 100p% conﬁdence interval of the aggregation
result is [μ − εn , μ + εn ].

6

Online Aggregation in the Cloud

Cloud is diﬀerent from RDBMS, and the major problem of online aggregation in
the cloud is that naive MapReduce does not support pipeline operations. Several
online aggregation systems have tackled the problem of pipeline, e.g., HOP,
COLA. We ﬁnally choose COLA, which is described in the paper [11], rather
than HOP, to implement our method. Our method is easier to be implemented
on COLA because it supports more operations for online aggregation. The basic
steps of online aggregation with our method is described as follows:
– step1: The user sends a query to the master and the master determines the
location (i.e. which slaves have relative data) which will involve the query;
– step2: Read data from relative slaves and get the initial samples using our
adaptive block sampling;
– step3: Compute the estimation and conﬁdence interval;
– step4: Output the result and continue sampling;
– step5: Repeat step 1 to 4 until users terminate the process actively. If users
do not terminate, all the data block will be processed.
Our method primarily focuses on the query on a single table, so the implementation only involves one MapReduce job. In the Map function shown in
Algorithm 1, tuples of every block are ﬁltered out according to the predicate
and transformed into key-value pairs.
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Algorithm 1. Map function
Input:Object t;
Output:Text key, Text value;
1:if t satisﬁes the predicate then
2:calculate the probability of acceptance;
3:if accept then
2: key.set(t.tuple.lang);
3: value.set(t.tuple.size);
4:end if
5:output.collect(key,value);

The Reduce function is executed each time the estimate is invoked, so it
is important to make the computing process incremental and make use of the
results of the previous Reduce function. The Reduce function is described in
Algorithm 2.
Algorithm 2. Reduce function
Input:Text key,Iterator(Text)values;
Output:aggregation estimate μ, conﬁdence interval ε;
1://nk : number of tuples processed by the reducer;
2://sumi : sum of the variables in the last iteration;
3://quadratisumi : quadratic sum of the variables in the last iteration
4:while values.hasNext() do
5:
Text it=values.getNext();
6:
sum+=it.get ﬁrst();
7:
quadraticsum+=it.get second();
8:end
9:sum+=sumi ;
10:quadraticsum+=quadratisumi
11:variance=quadraticsum/n-sum*sum/n*n;
12:μ=sum/n;
13:ε = zp sqrt (variance) /sqrt (n)

7
7.1

Performance Evaluation
Experiment Overview

The testbed is established on a cluster of 11 nodes connected by a 1Gbit Ethernet
switch. One node serves as master, and the remaining 10 nodes act as slave nodes.
Each node has a 2.33GHz quad-core CPU and 7GB of RAM, and the disk size
of each node is 1.8TB. We set the block size of HDFS to 64MB.
Naive MapReduce dose not support pipeline operations, so we use COLA,
an online aggregation system which is developed based on HOP. We implement
our methods described above for COLA, and all the following experiments are
conducted on the improved COLA.
In the experiment, we evaluate our approach on a synthetic dataset. We
constrcut a relation R which contains three attributes A, B and C. C is used
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for grouping. We generate about 20GB data and C contains 10 groups. Three
of the ten groups are relatively small, and they are deﬁned as “smalll group” in
this paper. Table 1 summarizes settings used in the experiments:
Table 1. Settings used in the experiments
Parameter
Values
Number of Computer Node
11
Data size
20G
Platform
COLA
Map task num. per Computer Node
4
Reduce task num. per Computer Node
2

80%
70%
60%

beta

50%
40%
30%
20%
10%
0%
0%

10%

20%

30%

40%

50%

60%

alpha

Fig. 2. Parameters: α and β

All the data are stored in HDFS, and we test online aggregation queries of
Sum with following example queries Q.
Q= SELECT Sum(A), C FROM R GROUP BY C

In subsquent experiments, we set the conﬁdence level to 95%. The accuracy
of estimated aggregation result is measured by relative error, which is computed
by following equation:
relative error =
7.2

|estimateV alue − actualV alue|
actualV alue

(4)

α, β and γ

These three parameters are very important for our sampling. We want to make
our samlping faster, so α can not be too large. At the same time, we need to
ensure the accuary of the result, so β can not be too small. We set α to 10%,
20%, 30%, 40% and 50% respectively. For each α, we set β to 20%, 30%, 40%,
50%, 60% and 70%, so we have thirty kinds of combination. We record the time
when the relative error is no more than 5%. In order to choose the parameters
accurately, one small group in C is used to show the result. Figure 2 illustrates
the result. X-axis means α, Y-axis means β. The area of the bubbles in the ﬁgure
represents the time. The smaller the bubble is, the shorter the time it takes. We
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0.1
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0.3 0.35

0.4 0.45

0.5 0.55

0.6 0.65
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0.8

0.85

0.9

1

query progress
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0.8

0.7

0.7

0.6

0.6

0.5
0.4
S1

0.3

OS1

relative error

relative error

Fig. 3. Eﬀect of Data Randomization

0.5
0.4
S2

0.3

0.2

0.2

0.1

0.1

0

0

OS2

query progress

query progress

(a) Small Group 1

(b) Small Group 2

0.8
0.7

relative error

0.6
0.5
0.4
S3

0.3

OS3

0.2
0.1
0

query progress

(c) Small Group 3
Fig. 4. Query Error of Small Group

can know that when the α is 10% and β is 60%, we can get the shortest running
time when the accuracy of relative error is also satisﬁed.
γ can not be too small or too large. In our multiple experiments, we found
that 55% is a good choice. If γ is smaller than 55%, it is hard to get accurate
results. If this value is larger than 55%, longer time will be taken and it is
wasteful.
Subsquent experiments all adopt above α, β and γ.
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Eﬀect of Data Randomization

We compare the trends of relative error between original data and data after
randomization. We only choose one large group from the ten groups in C to
show the result due to limited space. Figure 3 shows that our method of data
randomization really takes eﬀect. We can get the accurate result earlier than the
dataset without data randomization.
7.4

Query Error of Small Group

Our method mainly focuses on the problem of small group, so we compare the
trends of query error of the three small groups in our experiment. Because there
is no work of block sampling for the problem of small group, we just compare
our method with simple random sampling. S1, S2 and S3 are the results of small
group 1, 2 and 3 by using our adaptive block samping. OS1, OS2 and OS3 are
the results of small group 1, 2 and 3 by using simple random sampling. Group
1 is the samllest one of the three groups while group 3 is the largest.
Figure 4 displays the query results of group 1, group 2 and group 3 respectively. From all these ﬁgures, our method can get high accuary with less time.
We can also ﬁnd that the samller the group is, the better our method performs.

8

Conclusion

“small group” is a very important problem for online aggregation. Uniform random sampling is not suitable for this problem. We propose a new adaptive
block sampling to solve the problem of “small group”. This method can adjust
the probability of acceptance dynamically and the experiments have shown its
eﬃeciency.
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Abstract. Currently, the computation of set similarity has become an
increasingly important tool in many real-world applications, such as nearduplicate detection, data cleaning and record linkage, etc., in which sets
often are uncertain due to date missing, imprecise and noise, etc. The
challenge of evaluating similarity between probabilistic sets mainly stems
from the exponential blowup in the number of possible worlds induced
by uncertainty. In this paper, we deﬁne the probability threshold set
similarity (PTSS) between two probabilistic sets based on the possible
world semantics and propose an exact solution to compute PTSS via
the dynamic programming. To speed up the computation of the probability threshold set query (PTSQ), we derive an eﬃcient and eﬀective
pruning rule for PTSQ. Finally, we conduct extensive experiments to
verify the eﬀectiveness and eﬃciency of our algorithms using both real
and synthetic datasets.

1

Introduction

It is critical to identify the similarity of sets in numerous applications, such as
near-duplicate detection [21][7], data cleaning [5], and record linkage [10], etc.
Jaccard Coeﬃcient (Jac.) is a common metric to evaluate similarity between
two sets. Let A and B be two sets, Jaccard Coeﬃcient between sets A and B,
Jac(A, B), is deﬁned as shown in Equation 1.
Jac(A, B) =

|A ∩ B|
|A ∪ B|

(1)

In these applications, sets often are uncertain due to many factors, including
data missing, imprecise and noise, etc. However, it is diﬀerent and diﬃcult to
evaluate the similarity between two probabilistic sets. Lian and Chen deﬁne
the similarity between two probabilistic sets associated with both the set-level
and element-level models [17], where the main limitations include the scalability,
computational complexity and the eﬃciency of their proposed pruning rules [11].
Diﬀerent from the existing work [11], we deﬁne the probability threshold set
similarity (PTSS) between two probabilistic sets based on the possible world
c Springer International Publishing Switzerland 2015
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semantics. Compared with Lian and Chen’s work, we exploit an exact solution
to compute PTSS via the dynamic programming. In addition, people may be
interested in whether the value of PTSS is larger than a pre-deﬁned threshold.
We therefore deﬁne a probability threshold set query (PTSQ) and drive a more
eﬃcient and eﬀective pruning rule to speed up the processing of probability
threshold set query (PTSQ). In summary, our model achieves a good balance
between the model complexity and eﬃciency of similarity retrieval algorithms.
The contributions of this paper are summarized as follows.
– We propose an exact solution to compute PTSS. The similarity value can
be calculated in both polynomial time and space. Our proposed solution is
a dynamic programming-based algorithm and avoids to expand all possible
worlds of two probabilistic sets.
– We derive an eﬃcient and eﬀective pruning rule to speed up PTSQ. The
pruning rule is not only applied in linear time-cost and constant space-cost,
but also ﬁlters out a lot of probabilistic sets by analyzing the upper bound
of PTSS.
– We conduct extensive experiments on both synthetic and real probabilistic
datasets, and illustrate the eﬃciency and eﬀectiveness of our proposed exact
solution for PTSS and the pruning rule for PTSQ.
The remainder of paper is organized as follows. Section 2 introduces some
preliminary knowledge such as data models, deﬁnitions of PTSS and PTSQ.
The exact solution for PTSS is introduced in Section 3. In Section 4, we devise a
quick-test approach to process PTSQ. Furthermore, we report the experimental
results upon synthetic and real datasets in Section 5. In the last two sections,
we review some related work and conclude the paper.

2

Preliminaries

We model a probabilistic set A in a discrete domain D as


A = ai : pai |ai ∈ D, ∀i ∈ [1, n]

(2)

where ai ∈ D and pai ∈ (0, 1] for 1 ≤ i ≤ n, each element ai associates with
a probability pai , and any two elements in the set are independent. Note that

w∈W Pr[w] = 1. In fact, many applications indicate that the model is useful
even it is simple [11][8]. [11] performs the set similarity query upon the same
probabilistic set model. In relational probabilistic database, a relation can be
modeled as a probabilistic set if each tuple of the relation is treated as an element
of the probabilistic set [8].
Possible world space W contains a large number of possible worlds [9], where
each possible world w (w ∈ W) only contains a subset of elements from A.
The probability of a possible world is computed as P r[w] = Πt∈w pt Πt∈w (1 −
pt ), where the probability, Pr[w], is calculated as the product of the existing
probabilities of all of elements in w and the non-existing probabilities of elements
out of w.
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Formulation

Consider two independent probabilistic sets A and B as follows.
A = {a1 : pa1 , a2 : pa2 , · · · , an : pan },
B = {b1 : pb1 , b2 : pb2 , · · · , bm : pbm }.
The joint possible worlds of two probability sets, W(A, B), combines all of possible worlds of both Aand B. The associated probability
of a joint possible world

(wa , wb ) ∈ W(A, B) wa ∈ W(A) and wb ∈ W(B) is Pr[wa ] · Pr[wb ].
Example 1. Given two probabilistic sets, A = {1 : 1, 2 : 0.7} and B = {1 : 0.9, 3 :
0.5}, Table 1 enumerates all of joint possible worlds over W(A, B). For example,
the 3rd possible world consists of {1(A) , 2(A) } and {3(B) }. The probabilities of
former and latter are 0.7(= 1 × 0.7) and 0.05(= (1 − 0.9) × 0.5), respectively.
Thus, the existential probability of the joint possible world is 0.035(= 0.7×0.05).
For each joint possible world (wa , wb ), Jaccard Coeﬃcient between wa and
wb can be computed as shown in Equation 1. All of the similarities over W(A, B)
follows a discrete distribution. In [11], they deﬁne both ES and CS corresponding to the mean and minconf −quantile of the distribution, respectively. Both
ES and CS, being statistics over the distribution of similarity values, may not
capture the complete characteristics of the distribution. In this paper, we deﬁne
the Probability Threshold Set Similarity (PTSS) as follows.
Deﬁnition 1 (PTSS). Let φ be a similarity threshold. The Probability
Threshold Set Similarity (PTSS) of two probabilistic sets, A and B, is computed as follows

(3)
PTSS(A, B, φ) = Pr[w ∈ W  Jac(w(A), w(B)) ≥ φ].
PTSS is the probability of Jaccard Coeﬃcient of all of joint possible worlds
(wa , wb ) ∈ W(A, B) being greater than a pre-deﬁned threshold φ. The larger
value of PTSS indicates that it is more conﬁdential to believe that Jaccard
Coeﬃcient of a joint possible world of W(A, B) is larger than φ.
Example 2. In Table 2, we also show the diﬀerent similarity values of A and B
given in Example 1. The ES value is the average of Jac. in Table 1 weighted by
their respective probabilities. The CS value is the 50%−quantile of the similarity
distribution over W(A, B). In the 3rd row of Table 2, PTSS is 0.585 (= 0.315
+ 0.135 + 0.135) because Jac. of the 2nd, 5th and 6th joint possible worlds in
Table 1 are not less than 0.5.
In Table 2, we can also observe that PTSS can give us a more detailed picture
of the distribution between two probabilistic sets by varying the values of φ.
In some applications, we may also be interested in whether the value of
PTSS is greater than a pre-deﬁned τ or not. Formally, we deﬁne a Probability
Threshold Set Query (PTSQ) in terms of PTSS as follows.
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Deﬁnition 2 (PTSQ). Let φ and τ be two pre-defined parameters. The
Probability Threshold Set Query (PTSQ) of two probabilistic sets, A and B, is
defined as follows
(4)
PTSQ(A, B, φ, τ ) = IPTSS(A,B,φ)≥τ ,
where IPTSS(A,B,φ)≥τ is an indicator function and deﬁned by

1, PTSS(A, B, φ) ≥ τ
IPTSS(A,B,φ) =
0, PTSS(A, B, φ) < τ

(5)

That is, PTSQ is a boolean query which return 1 (true) when PTSS is greater
than τ , otherwise 0 (false). For example, when φ = 0.3, τ = 0.8, A and B given
in Example 1, PTSQ(A, B, φ, τ ) returns 1 because PTSS(A, B, φ) is larger than
0.8.
Table 1. Jac. of possible worlds in W(A, B) Table 2. Diﬀerent similarities of A and B
wa

wb

Pr[(wa , wb )] Jac.

{1(A) , 2(A) }
{1(A) , 2(A) }
{1(A) , 2(A) }
{1(A) , 2(A) }
{1(A) }
{1(A) }
{1(A) }
{1(A) }

{1(B) , 3(B) }
{1(B) }
{3(B) }
∅
{1(B) , 3(B) }
{1(B) }
{3(B) }
∅

0.315
0.315
0.035
0.035
0.135
0.135
0.015
0.015

2.2

0.33
0.5
0
0
0.5
1.0
0
0

metric

similarity

ES(A, B) [11]
CS(A, B, minconf = 0.5) [11]
PTSS(A, B, φ = 0.5)
PTSS(A, B, φ = 0.3)

0.46
0.5
0.585
0.9

Important Symbols

Let k denote the number of identical elements between A and B. Without loss
of the generality, we assume the ﬁrst k elements in A and B are identical, i.e.,
ai = bi ≡ ci for 1 ≤ i ≤ k. Consequently, probabilistic sets A and B can be
redescribed below.
A = {c1 : pa1 , · · · , ck : pak , ak+1 : pak+1 , · · · , an : pan }
B = {c1 : pb1 , · · · , ck : pbk , bk+1 : pbk+1 , · · · , bm : pbm }
Let A[i, j] (or B[i, j]) be the i−th to the j−th elements of A (or B), Alf
(or Bfl , 1 ≤ l ≤ k) be the ﬁrst l elements of A[1, k] (or B[1, k]), i.e., the ﬁrst
l common elements, and Alt (or Btl ) be the ﬁrst l elements of A[k + 1, n] (or
and Btm−k
B[k + 1, m]), i.e., the ﬁrst l distinct elements. For convenience, An−k
t
k
k
are shorted in At and Bt , respectively. Similarly, Af and Bf are shorted in Af
and Bf , respectively. Some important symbols are listed in Table 3.
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Table 4. H[i, j]

Table 3. Important symbols
Symbol

Description

A, B
n, m
w
w(A) (w(B))
A[i, j], B[i, j]
Alf , Alt
Af , At , Bf , Bt
φ, τ

Probabilistic sets
The number of elements in A or B
A joint possible world instance
A set of elements in w coming from A (B)
The i−th to the j−th elements from A or B
First l elements in A[1, k] or A[k + 1, n]
n−k
Abbr. of Ak
, Bfk and Btm−k
f , At
Parameters used in PTSS or PTSQ

3

j=0 j=1 j=2 j=3
i=0

0

0.015 0.05 0.035

i=1

0

0.135 0.45 0.315

The Computation of PTSS

The naive approach for exactly computing PTSS is to explore all of joint possible
worlds based on its deﬁnition. However, the number of joint possible worlds is
exponential to the sizes of two probabilistic sets. The key observation for an
eﬃcient solution is that PTSS only involves a few key statistics which can be
computed by the dynamic programming.
3.1

Overview

As shown in Equation 6, we observe that only the joint possible worlds, whose
Jaccard Coeﬃcients are larger than given threshold φ, can contribute to the
value of PTSS.
Pr[w] · IJac(wa ,wb )≥φ ,

PTSS(A, B, φ) =

(6)

(wa ,wb )∈W(A,B)

where IJac(wa ,wb )≥φ is an indicator function that returns 1 if Jac(wa , wb ) =
|wa ∩wb |
|wa ∪wb | ≥ φ, otherwise 0.
In terms of Equation 6, the union size of a joint possible world (≤ n + m − k)
cannot be larger than φi if we ﬁx the intersection size to i. After we partition
the joint possible worlds of A and B into the equivalent classes based on their
intersection and union sizes, the value of PTSS can be computed as
i
k min( φ ,n+m−k)

H[i, j],

PTSS(A, B, φ) =
i=1

where H[i, j] =

(7)

j=i

Pr[wa ]Pr[wb ].
|wa ∩wb |=i∧|wa ∪wb |=j

Example 3. Consider again the two probabilistic sets in Example 1, H[i, j] can
be easily computed and shown in Table 4. For computing PTSS(A, B, 0.5) (φ =
0.5), we only need to consider the second row of Table 4. When we ﬁx i = 1
(i.e., intersection size), j (i.e., union size) cannot be larger than 2 (≤ φi ). Thus,
PTSS(A, B, 0.5) = 0.45 + 0.135 = 0.585.
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The Computation of H[i, j]

Now, we illustrate how to compute H[i, j] in polynomial time via the dynamic
programming. Since the intersection size only relies on the common elements of
A and B, we consider the common elements and the distinct elements separately.
For the common elements, we construct a two-dimensional table F l [i, j], 0 ≤
i ≤ j ≤ l ≤ k, which corresponds to probability Pr[|w(Alf ) ∩ w(Bfl )| = i ∧
|w(Alf )∪w(Bfl )| = j]. Finally, F k [i, j] is the F we need for the common elements.
For ∀l ∈ [1, k], we have
F l [i, j] = F l−1 [i − 1, j − 1]pal pbl

+F l−1 [i, j − 1]((1 − pal )pbl + pal (1 − pbl ))
+F l−1 [i, j](1 − pal )(1 − pbl )

(8)

In Equation 8, four possible cases, which regard the occurrence of the common
elements in A and B, are considered. For example, the ﬁnal part is for the case
that the l−th common element does not appear in either A or B. Initially, we
set F 0 [0, 0] = 1, otherwise F 0 [i, j] = 0. We also return F l−1 [i, j] = 0 if condition
0 ≤ i ≤ j ≤ l ≤ k is violated.
If the current element is a distinct element, we similarly construct an onedimensional table GlX [i] (X can be A or B), which is probability Pr[|w(Xtl )| = i].
⎧ l−1
l−1
[i](1 − pl ), 0 < i ≤ l ≤ |Xt |;
⎨ GX [i − 1]pl + GX
l
l−1
GX [i] = GX [i](1 − pl ),
i = 0;
⎩
0
otherwise.
where pl = pal if X is A, otherwise pl = pbl .
Finally, H[i, j] can be computed as in Equation 9.
min{j,k}
k

min{j−jc ,n−k}

F [i, jc ] ·

H[i, j] =
jc =i

ja =0

m−k
Gn−k
[j − jc − ja ],
A [ja ] · GB

(9)

where jc is the union size of Af and Bf , ja is the size of At . Assume n ≥ m ≥ k,
the time complexity of computing H[i, j] is O(k 3 +n2 ), and the space complexity
is O(kn).

4

Answering a PTSQ

Given parameters φ and τ , we can address a PTSQ by directly computing
PTSS(A, B, φ), and comparing the value with τ . However, the drawback is to
compute the similarity value between every probabilistic set in a database and
the query set. In this section, we derive an eﬃcient and eﬀective pruning rule by
comparing the upper bound of PTSS with τ .
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Analysis

The upper bound of PTSS is given in Theorem 1.
Theorem 1. Let w denote a randomly selected possible world upon two probabilistic sets A and B. Let M1 and M2 be two random variables, such that
M1 = |w(A) ∩ w(B)| and M2 = |w(A) ∪ w(B)|. For ∀φ ∈ (0, 1), we have:
Pr[M1 ≥ φM2 ] ≤ min

0≤c≤1

E(M1 )
−c2 E(M2 ) 
+ exp
.
φ(1 − c)E(M2 )
2

(10)

Proof. Let events H1 and H2 be
H1 : M1 ≥ φM2 ,
H2 : M2 ≥ (1 − c)E(M2 ).
We decompose the event H1 into two disjoint events H1 ∩ H2 and H1 ∩ H2 . For
∀c ∈ [0, 1], we bound their probabilities as follows.
Pr[H1 ∩ H2 ] ≤ Pr[M1 ≥ φ(1 − c)E(M2 )] ≤

E(M1 )
φ(1 − c)E(M2 )

Pr[H1 ∩ H2 ] ≤ Pr[M2 < (1 − c)E(M2 )] ≤ exp

−c2 E(M2 )
2

(Markov inequality)

(Chernoﬀ inequality)

Thus, we can obtain Inequation 10.
4.2

Pruning Rule

Theorem 1 indicates an upper bound of PTSS due to the following equation.
Pr[M1 ≥ φM2 ] = Pr[

M1
≥ φ] = Pr[Jac(A, B) ≥ φ].
M2

Given a query probabilistic set q, we can ﬁlter out a probabilistic set A and do
not need to compute the value of PTSS if the upper bound of Pr[|w(q)∩w(A)| ≥
φ|w(q) ∪ w(A)|] is smaller than τ .
In Inequality 10, the values of E(M1 ) and E(M2 ) can be computed as follows.
k

E(M1 ) =

pai pbi ;
i=1



E(M2 ) = E |w(A)| + |w(B)| − |w(A) ∩ w(B)|
n

m

pai +

=
i=1

k

p bi −
i=1

pai pbi .
i=1

It is cheap to compute the upper bound since the complexities of time and space
for computing E(M1 ) and E(M2 ) are O(m + n) and O(1), respectively.
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Performance

In this section, we begin to evaluate the eﬀectiveness, eﬃciency and scalability
of the proposed algorithm upon both synthetic and real datasets. All programs
were implemented in Java, and were conducted on a dual core 64-Bit processor
with 3.06 and 3.06 GHz CPUs respectively, and 128GB of RAM.
– SYN -N : this is a synthetic probabilistic dataset, which is a collection of
probabilistic sets of N elements. The collection is induced by an original
probabilistic set, whose elements randomly sample from a large universal of
elements, each element associates a probability generated from a uniform
distribution within the range of [υ, 0.9] with default value 0.2 for υ. We
generate a controlled probabilistic set collection by adding “noise” to the
original set. We randomly remove γ percent of elements from the set, then
add the same amount of random elements from the universe and assign
probabilities to the added elements. Varying γ from 1% to 100%, we obtain
a collection containing 100 probabilistic sets. For PTSQ, we consider the
original probabilistic set as a query set, and the collection as a database.
– pDBLP -N : it is a real probabilistic dataset, which is a collection of probabilistic sets of N elements. The collection is also induced by an original probabilistic set which involves an author from DBLP. Its elements randomly select
N 3−grams of the publication titles of the author, a 3−gram e associates a
2
− 1,
probability which is derived from Sigmoid function p(e) = 1+exp(−c(e))
where c(e) is the frequency of e in all of publications of the author. Using the
manner for constructing SYN -N , we construct the real probabilistic dataset.
We adopt four performance measures: (i) the elapsed time; (ii) the pruning time;
(iii) the memory usage and; (iv) the pruning ratio. We measure the elapsed time
and the pruning time in milliseconds, the memory usage presenting the total
amount of memory used by an algorithm, and the pruning ratio is deﬁned as
N −C
T , where N , C and T are the sizes of database, candidate probabilistic sets
and probabilistic sets violated the query condition.
In [17], they propose a pruning rule combined two techniques to speed up
PTSQ, denoted as PUBP. We treat PUBP as a baseline, and compare it with
our proposed pruning rule, denoted as PTSQ. Note that PUBP-r (PUBP-s)
presents the experimental results of PUBP on real dataset pDBLP -N (synthetic
dataset SYN -N ). For PTSS and PTSQ, the notations are similar. Unless speciﬁed, otherwise the default parameter settings are: φ = 0.5, τ = 0.8 and υ = 0.2.
5.1

Eﬃciency of the Exact Solution

In this subsection, we begin to evaluate the eﬃciency of the exact solution proposed in Section 3.
Figure 1 illustrates the memory usage of the exact solution for computing
PTSS on both SYN -N and pDBLP -N , where N is from 100 to 5,000. The
memory usage goes up as the size of a probabilistic set increases. Note that
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Fig. 1. The memory usage of the exact solution
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Fig. 2. The elapsed time of exact solution

the memory usage exceeds 1G bytes when there are merely ﬁve thousands of
elements in two probabilistic sets.
Figure 2 illustrates the elapsed time of the exact solution for computing
PTSS on both SYN -N and pDBLP -N . The elapsed time increases as the size
of a probabilistic set increases.
5.2

Comparison with PUBP [17]

Here, we mainly compare PTSQ with PUBP as shown in Figures 3 and 4.
Figure 3 shows the scalability of PUBP and our proposed pruning rule for
PTSQ on both SYN -N and pDBLP -N . We observe that our proposed pruning
rule outperforms PUBP signiﬁcantly. That is due to the factor that PUBP
requires to construct a 2D table in memory, so that it has complexity O(n2 +m2 )
for both time and space. Contrarily, our method only needs one scan of the
probabilistic sets. Thus, the time and space complexities are O(m + n) and
O(1), respectively. It means that our proposed pruning rule can support the
larger probabilistic sets.
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Fig. 3. The scalability of our proposed pruning rule VS. PUBP

Figure 4 illustrates that the pruning ratios of PUBP and our proposed pruning rule on both SYN -N and pDBLP -N . In Figures 4(a) and (c), the pruning
ratios go up as the value of φ increases. This is due to the fact that the larger
value of φ results in a smaller value of PTSS. Comparing to τ , a smaller PTSS
further leads to a higher pruning ratio. In Figures 4(b) and (d), the pruning
ratios go down for PUBP when the set sizes increase. This is due to the factor
that two probabilistic sets with larger sizes have larger upper bound given by
PUBP. On the contrary, the upper bound given by PTSQ goes down as the
sizes of two probabilistic sets increase. From Figure 4, we can conclude that our
proposed approach outperforms PUBP signiﬁcantly.

6

Related Work

Similarity Search returns objects in a set of data collection which are similar
or close to the query object, such as top-k, K-NN, skyline, and range query,
etc. In the determinate scenario, there are too many works focused on this topic
[2][13][3], etc. This topic is hot in the uncertain data[12][19] [24][6][15]. The key
point is how to evaluate an object similar or close to the other ones in diﬀerent
semantics. In another words, it is signiﬁcant to evaluate the similarity or distance
between two uncertain objects. For two images or PDFs presented by histogram,
we can measure their distance by Earth Mover’s Distance (EMD)[20]. For the
string set data, the paper [14] proposed expected edited distance to measure
the distance between two probabilistic strings. And the paper [17] proposed
probability threshold set similarity for Jaccard index.
Similarity Join is based on the similarity metric between two objects
stored in the relations. As a fundamental query, similarity join has been extensively studied in many applications with diﬀerent similarity metrics, such as
the Euclidean distance between two spatial objects [4], the Edit distance for two
strings [22], the Earth Mover’s Distance between two PDFs[23], the Jaccard similarity and Hamming distance for two sets [1], etc. The most common technique
is the index-based join solution which constructs index structure built on both
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Fig. 4. The pruning ratios of PTSQ and PUBP

relations. Actually, this technique employs the framework of pruning and veriﬁcation, in the stage of pruning, some indexes, inverted indexes and approximate
computing the distance between two objects. However, the problem becomes
more complex in the uncertain data. There are some works, which studied the
similarity join over probabilistic data, such as Euclidean distance between spatial
objects [18], probabilistic distance functions for uncertain data[16], expected edit
distance for probabilistic strings [14], Jaccard distance for probabilistic sets[17].
In the work of answering string similarity join over string-level and characterlevel uncertain model. And the work of [17] responded the set similarity join
over set-level and element-level uncertain model. However, for uncertain set, the
paper[17] was the only work related to it, which studied the PUBP over probabilistic sets. Furthermore, only the second pruning rule proposed in that paper
could work for PUBP between two probabilistic sets. What’s more important,
that paper did not exactly compute the similarity between two probabilistic sets.

7

Conclusion

The importance of probabilistic similarity queries has been recognized in many
applications, such as near-duplicate detection, data cleaning and record linkage,
etc. In this paper, we present an exact solution for computing the probabilistic
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threshold set similarity and propose an eﬃcient and eﬀective pruning rule for
speeding up the probabilistic threshold set query. The experimental results on
both synthetic and real probabilistic datasets show the eﬀectiveness and eﬃciency of our proposed solutions. Future work includes handling streaming data,
supporting other uncertain data models.
Acknowledgments. This work is supported by the National Basic Research Program (973) of China (No. 2012CB316203) and NSFC under Grant No. 61232002 and
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Abstract. Location-based services have attracted signiﬁcant attention
for the ubiquitous smartphones equipped with GPS systems. These services (e.g., Google map, Twitter) generate large amounts of spatiotextual data which contain both geographical location and textual
description. Existing location-based services (LBS) assume that the
attractiveness of a Point-of-Interest (POI) depends on its spatial proximity from people. However, in most cases, POIs within a certain distance
are all acceptable to users and people may concern more about other
aspects. In this paper, we study a region-aware top-k similarity search
problem: given a set of spatio-textual objects, a spatial region and several input tokens, ﬁnds k most textual-relevant objects falling in this
region. We summarize our main contributions as follows: (1) We propose
a hybrid-landmark index which integrates the spatial and textual pruning seamlessly. (2) We explore a priority-based algorithm and extend it
to support fuzzy-token distance. (3) We devise a cost model to evaluate
the landmark quality and propose a deletion-based method to generate
high quality landmarks (4) Extensive experiments show that our method
outperforms state-of-the-art algorithms and achieves high performance.

1

Introduction

With the popularity of global position systems (GPS) in smartphones, locationbased services (LBS) have recently attracted signiﬁcant attention from both
academic and industrial communities. These services generate large amounts
of spatio-textual data which contain both geographical location and textual
description. Traditional LBS services assume that people are more interested
in the POIs around them. That is, the attractiveness of a POI depends on its
spatial proximity from people. However, in most cases, POIs within a certain
distance are all acceptable to users and they may concern more about other
aspects. For example, a hospital around 2km may be more attractive than closer
ones if it is more accordance with users’ requirements.
In this paper, we study a region-aware top-k similarity search problem, which,
given a set of spatio-textual objects, a spatial region and several tokens, ﬁnds k
most textual-relevant objects falling in this region. This problem can be applied
to many existing LBS systems. For example, in Google map, users are allowed
to adjust their interesting regions through “zoom-in”, “zoom-out” and “move”
operation. No matter which position and size the selected region is, we always
c Springer International Publishing Switzerland 2015
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display k objects which locate in this region and are most relevant to the query
tokens. Diﬀerent from traditional spatial-keyword search problem, consider the
possibility that users’ input may contain some typo-errors or misspellings, we
use a fuzzy-token metric [10] to measure the textual relevancy. To the best of our
knowledge, none of current solutions can eﬃciently support both top-k requirement and fuzzy-token distance. [1,14] focus on range-based spatial search and
[5,11,13] focus on top-k textual similarity search. Although we can combine these
two kinds of methods to support our problem (Section 2.3), they are quite inefﬁcient since they use the spatial and textual pruning separately. LBAK-tree [1]
and IRtree [4] focus on spatial keyword search. They embed textual index into
each node of R-tree. However, LBAK-tree cannot address “top-k” and IRtree
cannot support “fuzzy” (e.g., edit distance). To address the limitation, we propose a hybrid-landmark index (HLtree) which generates high quality landmarks
to dynamically divide objects into hierarchical clusters. We further devise a
priority-based method to eﬃciently support fuzzy-token distance.
We summarize our main contributions as follows: (1) We propose a hybridlandmark index which integrates the spatial and textual pruning seamlessly.
(2) We explore a priority-based algorithm and extend it to support fuzzy-token
distance. (3) We devise a cost model to evaluate the landmark quality and propose a deletion-based method to generate high quality landmarks. (4) Extensive
experiments show that our method outperforms state-of-the-art algorithms and
achieves high performance.
The rest of this paper is organized as follows. We formulate our problem
in Section 2 and introduce HLtree in Section 3. Section 4 discusses the landmark selection. We show experiments in Section 5 and make a conclusion in
Acknowledgement.

2

Preliminaries

We ﬁrst formulate the problem of region-aware top-k similarity search in
Section 2.1, and then show some related work in Section 2.2. We extend stateof-the-art algorithms to support our problem in Section 2.3.
2.1

Problem Statements

Consider a collection of objects R = {r1 , r2 , . . . , r|R| }. Each object r ∈ R
includes a spatial location Lr and textual description Tr , denoted by r =
{Lr , Tr }. We use the coordinate of an object to describe its spatial location,
denoted by Lr = [Lr .x, Lr .y]. And we use a set of tokens to capture the textual description, denoted by Tr = {t1 , t2 , . . . , t|Tr | }, which describes an object
(e.g., Gym, Hotel, Restaurant) or users’ interests (e.g., jogging, yoga, pilates).
A region-aware top-k similarity query q = {Mq , Tq , k} includes a spatial region
Mq , textual description Tq and a top-k parameter k. The spatial region can be
retrieved through the screen of a computer or a phone. Since users can adjust the
position and size of the region using “zoom-in”, “zoom-out” and “move” operation, we only consider the textual similarity of objects falling in this region.
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Fig. 1. An example of spatio-textual objects

Inspired by Wang et al [10], we combine the character-based distance and
token-based similarity to quantify the textual distance. There are two advantages: (1) Character-based distance (e.g., edit distance) can satisfy error-tolerant
requirement. Sometimes query may contain typos and misspellings. (2) Tokenbased similarity (e.g., overlap) helps us ﬁnd the potential relationship of tokens
regardless of the order. Each token can be considered as a separate condition
(e.g, Jogging, Yoga). By mapping tokens between the query and data, we are
able to measure how well the user’s requirements are satisﬁed by a record. Thus,
in this paper, we combine the edit distance and the overlap metric as a fuzzytoken distance (Deﬁnition 1). Based on this deﬁnition, we deﬁne the region-aware
top-k similarity search problem (Deﬁnition 2).
Definition 1 (Fuzzy-token distance). Given two sets of tokens Tr =
{t1 , t2 , . . . , tm } and Ts = {s1 , s2 , . . . , sn }. For each token ti ∈ Tr , we find
its most similar token sj in Ts which has the minimum edit distance, i.e.,
∀s ∈ Ts , Ed(ti , sj ) ≤ Ed(ti , s). For all those token pairs (ti , sj ), we take the sum
of these edit distance as the fuzzy-token distance between Tr and Ts , denoted by
Disf t (Tr , Ts ).
Definition 2 (Region-aware top-k similarity search). Given a collection
of objects R and a query q = {Mq , Tq , k}, a region-aware top-k similarity search
finds a subset of objects S = {r1 , r2 , . . . , rk } which satisfy: (1) S ⊆ R and
|S| = k, (2) ∀r ∈ S, we have Lr ∈ Mq (3) ∀ri ∈ S, ∀rj ∈ (R − S) ∩ Mq , we
have Disf t (Tri , Tq ) ≤ Disf t (Trj , Tq ).
Example 1. Consider the ten spatio-textual objects in Figure 1. Suppose query
q is {[(10, 8), (30, 24)], (“piate”, “universt”), 1}. Then objects {r3 , r4 , r7 , r10 } fall
in the query region. We compare their fuzzy-token distance. Take r10 as an example. Its token set Tr10 is {“pilates”, “university”}. For the first query token
“piate”, we calculate its edit distance to each token in Tr10 . Then we have
Ed(“piate”,“pilates”) = 2 and Ed(“piate”,“university”) = 9. Thus, its best
match token is “pilates” since they have the minimum edit distance 2. For the
second query token “universt”, its best match token in Tr10 is “university” where
Ed(“universt”,“university”) = 3. Thus, we add them to get its fuzzy-token distance Disf t (Tq , Tr10 ) = 2 + 3 = 5. Similarly, we have Disf t (Tq , Tr3 ) = 10,
Disf t (Tq , Tr4 ) = 11 and Disf t (Tq , Tr7 ) = 10. Thus, r10 is the top-1 result of q.
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Related Work

Range-Based Spatial Search. Many well-known data structures such as Rtree [8] can address this problem. It organizes objects in a hierarchical way.
When a query q comes, it iteratively visits nodes from the root using a top-down
pattern. At each node, only those child nodes whose MBRs have intersection with
Mq can be added to the visiting list for further extension.
Spatial Keyword Search. There are many studies on spatial keyword
search [1,4,7,14,16]. [3] gives an overall experimental analysis. [4,7] focus on
the top-k topic. They embed inverted index or signature ﬁles to every node
of R-tree. [1,14,16] focus on the range topic. [16] combines the inverted lists
and Rtree in diﬀerent orders. [1,14] support fuzzy search. These methods cannot address our problem directly. For example, the language model in IRtree
based on the exact match between tokens. It cannot support fuzzy search at the
character level (e.g., edit distance).
Top-k Textual Similarity Search. Though many works have studied
threshold-based string similarity search [2,9,15], few focus on the “top-k” topic
[5,11,13]. Two kinds of methods are explored recently: (1) Trie-based method [5]
utilizes a trie index to avoid calculating edit distance repeatedly for tokens
sharing the same preﬁx. It ﬁrst builds a trie for all the tokens and then incrementally search the trie nodes. At the beginning, we ﬁnd all the trie nodes n
which can completely match any query preﬁx p, i.e., Ed(n, p) = 0 and p ∈ Tq .
At each step, we iteratively extend pairs (n, p) to get the pairs (n , p ) satisfying Ed(n , p ) = Ed(n, p) + 1. (2) [11,13] propose a q-gram based method.
We deﬁne “q-gram” in Deﬁnition 3. For example, the 3-gram set of “Jogging” is
{“Jog”,“ogg”,“ggi”,“gin”,“ing”}, denoted by Q“Jogging . According to Lemma 1,
edit distance evaluation can be easily transformed to counting the overlap of
q-grams [13]. Thus, they organize q-grams using an inverted index and only objects
shareing at least |Tq |−q +1−q ×τ q-grams with the query can become candidates.
Definition 3 (q-gram). Given a token t and a positive integer q, a q-gram of
t is a pair (i, s), where s is a q-length substring which starts from position i in
t, i.e., s = t[i, i + q − 1]. By sliding a window of length q over the characters of
t, we get a q-gram set for token t, denoted by Qt .
Lemma 1. Consider two token s and t, if Ed(s, t) < τ , we have |Qs ∩ Qt | ≥
max(|s|, |t|) − q + 1 − q × τ .
2.3

Straightforward Solutions

Based on the two prevalent techniques in Section 2.2, we embed the trie tree and
q-gram based inverted index into Rtree to address our problem: (1) Rtree+trie:
We ﬁrst build a R-tree for the spatial components of all the objects. Then in each
leaf node, we build a trie tree for all the objects falling in this region. Given a
query q, we ﬁrst traverse Rtree to locate those leaf nodes which have overlap with
Mq and then search each embedded trie to ﬁnd top-k similar objects. Finally we
combine these candidates to get ﬁnal results. (2) Rtree+q-gram: Similar to the

Region-aware Top-k Similarity Search

391

Algorithm 1. HLtree construction (R, M )
Input: R: An object set
M : The capacity limitation of each node
Output: root: A constructed HLtree

1 begin
2
root ← a new HLtree node; Q ← an empty queue;
3
Q.push(root, R);
4
while Q is not empty do
5
n, Rn  ← Q.top(); Q.pop();
if |Rn | < M then
6
7
BuildLeafAndQgram(Rn );
8
9
10
11
12
13
14
15
16
17
18

else

n.L ← GenerateLandmark(Rn );
P ← |n.L| empty object lists;
for each r ∈ Rn do
lr ← SelectLandmark(n.L);
add r to Plr ;
update lr ;
for each l ∈ n.L do
nl ← a new tree node;
n.child.add(nl )
Q.add(nl , Pl );

19
return root;
20 end

Fig. 2. Construction of a hybrid-landmark tree

former method, we build a q-gram based inverted index instead of trie. Given
a query q, we search R-tree using Mq to locate the leaf nodes. We then divide
Tq into q-gram sets and probe the corresponding inverted lists. By utilizing the
heap structure, we can quickly calculate q-gram overlaps and select the objects
appearing in more than |Tq | − q + 1 − q × τ inverted lists as candidates.

3

Hybrid-Landmark Tree

In this section, we introduce a hybrid-landmark tree called HLtree. We ﬁrst
introduce the basic idea in Section 3.1 and then show the construction of HLtree
in Section 3.2. The query processing methods will be presented at Section 3.3.
3.1 Basic Idea
The two methods in Section 2.3 have several drawbacks: (1) Trie-based method
incrementally extends the pair Ed(n, p) = x to get the pairs Ed(n , p ) = x + 1.
Suppose the query is “restroom” and current edit distance threshold is 3. Even
if Ed(“restaurant”,“restroom”) = 5 > 3, the algorithm still need to visit its
preﬁx node “restaur” since Ed(“restaur”,“restr”) = 2 < 3. Thus, all the preﬁxes
whose edit distance is less than the kth result will be visited. (2) Q-gram based
method uses QTq to probe the inverted index. Though some q-gram sets have few
intersection with QTq , they may still be visited to exactly count the overlap. (3)
For both methods, the spatial and textual components are organized separately
which may involve large numbers of false-positives. When locating leaf nodes
with the query region, if the intersection part is too small compared to the leaf
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MBR, the algorithms will waste much time in calculating the textual similarity
for non-intersecting candidates. Besides, if tokens distribute uniformly, then each
leaf node contains similar textual index. When the query region is large, it will
repeatedly calculate textual similarity for every intersecting leaf node. However,
these calculations can be reduced to only once if we utilize the textual index at a
higher level. To overcome these drawbacks, we propose a hybrid-landmark based
index called HLtree. The basic idea is to dynamically select a set of spatialtextual landmarks which can best represent the distribution of objects. At each
level, we divide objects into partitions according to the hybrid proximity to the
landmarks. In this way, similar objects can be mapped into the same group while
dissimilar ones are put separately. Given a query q, we only need to compare q
with these selected landmarks to avoid visiting extremely dissimilar groups. We
ﬁrst introduce the concept of the hybrid landmark.
Definition 4 (Hybrid Landmark). Given a partition p with a set of objects
Rp , its corresponding hybrid landmark Lp is a triple t, mbr, rads where t is
a selected token, mbr is the MBR of Rp and rads is the minimum and maximum edit distance of all the objects in Rp compared with t, i.e., Lp .rads =
[minr∈Rp (Lp .t, Tr ), maxr∈Rp (Lp .t, Tr )], denoted by [Lp .rads.l, Lp .rads.r].
3.2

Construction of HLtree

HLtree Construction. We build HLtree in a top-down pattern. As Algorithm 1
shows, we use a queue Q to maintain current generated partitions (nodes) and
then iteratively divide them into smaller ones. At the beginning, all the objects
R are taken as a whole partition (the root node). We then add the root node
and its corresponding object list to Q for further partition (Line 3). At each
step, we retrieve the top element n, Rn from Q where Rn is the object list
corresponding to node n. We use M to limit the capacity of each node. If Rn
contains less than M objects, we mark n as a leaf node and build a q-gram based
inverted index (Line 7). Otherwise, we generate a set of high quality landmarks
n.L which can best represent the distribution of Rn (The details of generation
method will be presented in Section 4). We initiate |n.L| empty object lists to
keep newly-generated partitions. For each object r in Rn , we select the nearest
landmark lr and add r to its corresponding object list Plr (Line 11-14). Finally,
for each landmark l in n.L, we create a new node and take it as a child of n. We
also add pair nl , Plr to queue Q for further partition (Line 15-18).
Q-gram Prefix Based Index Construction. A main challenge is to avoid
completely counting the overlaps when searching the q-gram based inverted
lists. Inspired by [12], we explore a q-gram preﬁx based method. Consider
two tokens Tr and Ts with q-gram sets QTr = {g1 , g2 , . . . , g|Tr |−q+1 } and

}. Suppose q-grams have beed sorted according to
QTs = {g1 , g2 , . . . , g|T
s |−q+1
a global ordering in advance (e.g., tf-idf). As Lemma 1 shows, if Ed(Tr , Ts ) ≤ τ ,
we have |QTr ∩ QTs | ≥ max(|Tr |, |Ts |) − q + 1 − q × τ . Even if we cut oﬀ the
last |Tr | − q − q × τ q-grams from QTr and the last |Ts | − q − q × τ q-grams
from QTs , the remaining part of QTr and QTs should still have intersection to
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Fig. 3. Construction of a HLtree

preserve the overlap constraint, i.e., QTr [1..qτ + 1] ∩ QTs [1..qτ + 1] = φ. Thus,
if QTr [1..qτ + 1] ∩ QTs [1..qτ + 1] = φ, Ed(Tr , Ts ) must be larger than τ . Then
for any q-gram preﬁxes QTr [1..i] and QTs [1..j], if QTr [1..i] ∩ QTs [1..j] = φ, we
can deduce a lower bound of τ as Lemma 2. Based on this analysis, we develop
our q-gram based inverted index. Given an object r, for each token t in Tr , we
generate its q-gram set Qt = {g1 , g2 , . . . , g|t|−q+1 }. For each q-gram gi ∈ Qt , we
add triple (rid, tid, i−1
q ) to the inverted lists corresponding to gi . rid is the id
indicates the minimum bound
of record and tid is the token position in Tr . i−1
q
of edit distance if no candidates have intersection with Qt [1..i − 1] (Lemma 2).
Definition 5 (Q-gram
prefix).
Given a q-gram sets QTr
=
{g1 , g2 , . . . , g|Tr |−q+1 }. Any subset {g1 , g2 , . . . , gi } is called a q-gram prefix of
QTr , denoted by QTr [1..i].
Lemma 2. Consider two q-gram prefixes QTr [1..i] = {g1 , g2 , . . . , gi } and
QTs [1..j] = {g1 , g2 , . . . , gj }. If QTr [1..i − 1] ∩ QTs [1..j − 1] = φ, we have
τ≥

max(i−1,j−1)
q

.

Example 2. Consider objects in Figure 1. Suppose the node capacity is 3 (M =
3). At first, all the objects are taken as a whole partition. We generate four landmarks {“pilates”, MN1 , [0, 3] , “pilates”, MN2 , [0, 6] , “universe”, ML1 , [0, 2] ,
“universe”, ML2 , [2, 3] }. For each object, we find proper landmarks for
all its tokens. Take r7 as an example, Tr7 = {“universe”,“studio”} and
pr7 locates in MBR MN2 and ML2 . Since Ed(“universe”, N2 .t) = 7 and
Ed(“universe”, L2 .t) = 0, we map (r7 ,“universe”) to node L2 . Similarly, we
map (r7 ,“studio”) to N2 . After allocation, L1 and L2 contain no more than 3
objects and are taken as leaf nodes. For each token in leaf node, we generate its
q-gram set and update the inverted lists. For example, Qr6 [“studio”] contains the
q-gram “stu”, then we add r6 /1/0 to the inverted list of “stu” where 1 is the
token position in r6 and 0 is the estimated edit distance in Lemma 2. For nodes
contain more than 3 objects, we continue this procedure.
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Query Processing of Hybrid-Landmark Tree

We ﬁrst discuss the algorithm for the query containing only one token and then
extend it to support the query with multiple tokens.
Algorithm for Single-token Query. Similar to all the hierarchical structures,
HLtree explores a priority-ﬁrst traverse strategy. A priority queue Q is used to
keep the priority of each node. At ﬁrst, Q is empty and we add root, 0 . We
then iteratively retrieve the top element n from Q. If n is a leaf node, we search
its q-gram based inverted index. Otherwise, for each child node, we check its
MBR intersection and estimate its visiting priority. Child nodes which pass the
ﬁltering rules are added to Q for further extension. Since spatial constraint can
be checked in O(1) time, we use the textual distance as the visiting priority.
Because Tq only contains one token, then the textual metric is simpliﬁed to edit
distance which follows the triangle inequality: given three tokens Ta , Tb , Tc , we
have |Ed(Ta , Tb ) − Ed(Tb , Tc )| ≤ Ed(Ta , Tc ) ≤ Ed(Ta , Tb ) + Ed(Tb , Tc ). Thus, in
partition li , only the token t satisfying |Ed(lj .t, Tq ) − Ed(Tq , t)| ≤ Ed(t, lj .t) ≤
Ed(lj .t, Tq ) + Ed(Tq , t) can be the answer. We use the current kth best token to
estimate Ed(Tq , t). That is, only the tokens between max{0, Ed(lj .t, Tq ) − kth }
and min{lj .rads.r, Ed(lj .t, Tq )+kth } need to be visited. We can deduce a tighter
pruning. Consider two landmarks li and lj . If Tq is quite closer to li .t than to
Ed(Tq .t, lj .t), then the token near Tq cannot appear
lj .t, i.e., Ed(Tq .t, li .t)
in partition lj since it is only mapped to the nearest landmark. Thus, we can
deduce a safety edit distance bound for each partition lj as Lemma 3. Once
Ed(Tq ,lj .t)−Ed(Tq ,li .t)
the current kth result is less than maxi {
}, we can prune the
2
whole partition lj .
Another problem is how to eﬃciently ﬁnd results in leaf n. As Lemma 2 shows,
each q-gram preﬁx corresponds to an edit distance lower bound. We utilize this
property to avoid visiting tokens with low values. Suppose the query q-gram set
QTq is {g1 , g2 , . . . , g|Tq |−q+1 }. Consider a q-gram starting from position i, if its
previous q-grams {g1 , g2 , . . . , gi−1 } have intersection with any top-k result, we
can ﬁnd it when visiting the inverted lists of g1 , g2 , . . . , gi−1 . Otherwise, the edit
distance of unvisited objects can not be less than i−1
q . Thus, we use a priority
queue Qg to keep candidate q-grams and their estimated values. At ﬁrst, for
to Qg as a non-visited q-gram. At each
each q-gram in QTq , we add gi , i−1
q
time, we retrieve the q-gram gt with minimum estimated value from Qg . If gt is
from the query, then the next inverted list has not been explored yet. We ﬁnd
the inverted list corresponding to gt and add the ﬁrst element to Qg . Otherwise,
we calculate its real edit distance and update current results. Then we update
Q by adding the next element in the same inverted list.
Lemma 3. Consider any two landmarks li , lj and a query q. Token t which
Ed(Tq ,lj .t)−Ed(Tq ,li .t)
satisfies Ed(Tq , t) <
can not appear in landmark lj . That
2
Ed(Tq ,lj .t)−Ed(Tq ,li .t)
is, we can take maxi {
} as a lower bound of partition lj .
2
Algorithm for Multiple-token Query. Inspired by the TA algorithm [6],
we extend our framework to support query with multiple tokens. Suppose the
query is Tq = {t1 , t2 , . . . , tm }. Based on the method above, for each token ti , we
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incrementally ﬁnd the next object r which is closest to ti under the edit distance
metric. That is, we can dynamically defer an implicit visiting list for each token
ti according to the edit distance proximity, denoted by Tq = {O1 , O2 , . . . , Om }.
Each object r in Oi corresponds a score Ed(Tr , ti ). We then alternatively scan
these object lists and combine the candidates. The method is similar to the
previous one (search in q-gram based inverted lists). We use a priority queue
Qta to keep the processing objects in each list and their corresponding scores.
At the beginning, we add the ﬁrst object in each list Oi and its similarity to Qta .
We then iteratively retrieve the top element from Qta and update the results by
calculating its fuzzy-token distance. For each popped token, we incrementally
ﬁnd its next closest object and add it to Qta . Notice that we do not need to
calculate the entire ordering of each token. Similar to TA, once the sum of
visiting frontiers (i.e, elements in Qta ) is larger than the current kth result, we
can stop the algorithm. For constraint of space, we omit the details.

4

High Quality Hybrid-Landmark Selection

We ﬁrst analyze the eﬀectiveness of a landmark selection. At each node n, we
either take n as a leaf node or divide it into smaller parts. The beneﬁt of dividing
n depends on the ratio of the query time reduction and the additional space
consumption (Equation 1). If n is a leaf node, the query time at n is to search its
q-gram inverted index, i.e., cR ∗|R(n)| where cR is the cost to reﬁne an object and
|R(·)| is the quantity of visiting objects. Otherwise, suppose n is divided into m
parts, denoted by {n1 , n2 , . . . , nm }. Then the query time contains two parts: (1)
prune child nodes using landmarks (i.e., cF ∗ m); (2) search the inverted index of
non-ﬁltered child nodes (sumi (p(ni ) ∗ cR ∗ |R(ni )|) where p(ni ) is the probability
to visit ni ). The analysis of the additional space consumption is similar. For
constraint of space, we omit this explanation (I(·) is the number of objects in
the inverted index. cL is the space cost of a landmark and cI is the space cost
of an object in the inverted index). We use the tightness degree of spatial and
textual components to measure the probability a child node will be visited. The
intuition is that, the closer a newly-generated partition is, the more precise it
|l .mbr|
|l .rads|
can be used in the ﬁlter stage. Thus, we formulate p(ni ) as |lnni.mbr| ∗ |lnni.rads| .

cR ∗ |R(n)| − (cF ∗ m + i (p(ni ) ∗ cR ∗ |R(ni )|))
Δtime

B(n) =
=
(1)
Δspace
cI ∗ |I(n)| − (cL ∗ m + i (cI ∗ |I(ni )|))
To simplify the analysis, we make two reasonable deductions: (1) we map
each token
 only to one child, then the extra space cost turns to cL ∗ m since
|R(·)| is proportional to the size of the inverted
|I(n)| = i |I(ni )|; (2) suppose 
index,
then
we
have
|R(n)|
=
i |R(n
i )|. Thus, the time cost cR ∗ |R(n)| −

(p(n
)
∗
c
∗
|R(n
)|)
equals
to
c
∗
i
R
i
R
i
i ((1 − p(ni )) ∗ |R(ni )|). Therefore, the
algorithm performance is only aﬀected by three factors: p(ni ), m and |R(ni )|. For
simplicity, we ﬁxed m and |R(ni )| can be estimated as |I(n)|
m . Then we only need
to improve p(ni ), i.e., to make objects within each child node close in both spatial
location and textual distance. Traditional methods (e.g., k-means, hierarchical
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Table 1. Dataset Statistics
# of objects # of tokens # of average tokens Data size Index size
USA
1 Million
383481
16.94
140.8M 40.28M
Twitter 1 Million
313439
7.72
37.57M
75.5M

clustering) are infeasible in our problem since: (1) “k-means” cannot update the
cluster center under the edit distance metric; (2) “hierarchical clustering” needs
to calculate the edit distance for every object pair.
A natural idea is to alternatively divide the spatial and textual components
to generate landmarks with proper granularity. We can random select tokens
and divide their tokenMBRs into partitions. However, this method is quite inefﬁcient since: (1) the selected token may not best ﬁt the distribution. (2) mapping
each token to the closest partition needs to calculate its distance from all the
landmarks which leads to heavily overloads. Thus, we propose a deletion-based
method. The idea is twofold: (1) we can use the inverted index to avoid calculating textual distance for dissimilar pairs; (2) instead of using the entire token,
we select a substring to represent the textual center. Given a token t, we delete
any i characters to generate its i-deletion set, denoted by di (t). For example,
d0 (“pizza”) = {“pizza”} and d1 (“pizza”) = {“izza”,“pzza”,“piza”,“pizz”}. At
each node n, we ﬁrst build an inverted index using the 0-deletion of all its
tokens. For each inverted list lt corresponding to the token t, if lt contains more
objects, we calculate its MBR Mt and divide it into four regions (like
than |I(n)|
m
quad-tree). Then we have four spatial regions, each centered with token t and
radius [0, 0]. If objects in any new generated region M exceed |I(n)|
m , we take
M , t, [0, 0] as a selected landmark. For the remaining tokens, we repeat this
step by adding deletion sets d1 (n), d2 (n) and so on. After processing 3 deletions,
the textual parts are quite dissimilar, we then partition the remaining objects
only according to the spatial region.

5

Experimental Study

5.1

Experimental Settings

Datasets. We conducted extensive experiments on two datasets: Twitter and
USA. Table 1 summarizes these two datasets. The Twitter dataset is a real
dataset. We crawled 1 million tweets with location and textual information from
Twitter1 . The USA dataset is a synthetic dataset which randomly combines the
Points of Interests (POIs) in US and the publications in DBLP.
Experimental Environment. All the algorithms were implemented in C++
and run on a Linux machine with an Intel(R) Xeon(R) CPU E5-2650 @ 2.00GHz
and 48GB memory. The algorithms were complied using GCC 4.8.2.
Parameter Setting. Unless stated explicitly, parameters were set as follows by
default: k = 20 and the average number of query tokens is 4.
1
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Fig. 4. Evaluation on number of query tokens

5.2

Evaluating Queries with Single and Multiple Tokens

In this section, we evaluated our methods HLtree and HLtree+ by comparing them with two existing solutions Rtree+Trie algorithm (RTrie) and
Rtree+Qgram algorithm (RQGram). HLtree randomly selected tokens to generate
hybrid landmarks while HLtree+ explored a deletion-based method as Section 4.
We suppose that there are three kinds of query requirements corresponding to
the diﬀerent size of the query regions: (1)Small Size: region like a university;
(2)Medium Size: region like a district; (3)Large Size: region like a city. Thus,
we randomly selected 1000 objects from USA and Twitter as the center points
and then extended them by 1496 × 1496, 20000 × 20000, 125040 × 125040 square
meters respectively. In each evaluation, we executed 1000 queries and compared
the average processing time. Experimental results show that our methods outperform the state-of-art algorithms and achieve high performance on all the
evaluations.
Evaluation on the Number of Query Tokens. To evaluate the performance under diﬀerent number of query tokens, we ﬁxed k to 20 and varied
query tokens from 1-5. The results are shown in Figure 4. Take Twitter as an
example, HLtree+ achieved the best performance. It was 4-10 times faster than
HLtree and 2-30 times faster than RTrie and RQGram. When we increased the
query tokens, RTrie and RQGram increased sharply while HLtree+ changed very
slowly. The reason is that the TA Algorithm in HLtree+ helps quickly locate
similar candidates when dealing with queries with multiple tokens. Figure 4(b)
and Figure 4(c) had similar performance.
Evaluation on k. To evaluate k, we varied k from 1 to 500. The result is shown
in Figure 5. For constraint of space, we only show the result of USA. HLtree+
was 8-15 times faster than HLtree, was 40-75 times faster than RTrie and was
10-19 times faster than RQGram. Notice that when k increased, HLtree+, HLtree
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Fig. 5. Evaluation on parameter k
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Fig. 6. Evaluation on time and index scalability

and RQGram almost kept a straight line while RTrie increased obviously. The
reason is that for RTrie, all the preﬁxes whose edit distance is less than the
current kth candidate should be visited.
Evaluation on Scalability. We evaluated the time and index scalability. We
varied object size from 0.1-1 million. As Figure 6(a) shows, RTrie and RQGram
increased drastically while HLtree and HLtree+ almost achieved a linear scalability. Figure 6(b) shows the index time. The memory of HLtree+ is larger than
HLtree because of the intermediate deletion-based inverted index (Figure 6(c)).
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Abstract. A string similarity join finds similar string pairs from two sets of
strings, which is frequently found in many applications, such as duplicate detection, data integration and cleaning. Various algorithms have been proposed to
address its efficiency issues. Partition-based filtering methods, such as PassJOIN, are promising, which quickly screens out possible similar string pairs by
searching partitioned parts of a string in another string, in order of increasing
length, and then performs similarity verification base on edit-distance. We notice that, filtering with different direction produces different candidate sets,
which motivate us using a bi-directional filtering mechanism. This paper proposes a novel bi-directional filtering mechanism to enhance the filtering capability, which pipelines filtered results in forward direction to the process of
backward filtering. The substring selection method of Pass-JOIN is adapted for
the backward filtering. Experimental results show that the proposed bidirectional filtering algorithm outperforms the origin algorithm on real-world
datasets.
Keywords: String similarity joins · Bi-directional filtering method · Partition-based
scheme

1

Introduction

A string similarity join finds similar string pairs from two sets of strings, with the
similarity value of the pairs above a given threshold, which can be quantified by a
specified similarity metric. String similarity joins are expensive and yet frequently
found in many real-world applications, such as duplicate detection, entity resolution,
pattern recognition, and data integration and cleaning. Hence, the challenge is how to
perform the similarity join in an efficient and scalable way.
Intuitively, a string similarity join needs to enumerate every string pairs and calculate their similarity values, which bears a prohibitively O(n2b2) time complexity for
string sets with n strings and string length less than b. Since the cost of calculating the
similarity value is unavoidable, the primary approach is to avoid enumerating all
the string pairs. Existing methods can be broadly classified into two categories [1].
The first category adopts a trie-based framework [2-4], which represents a string as a
© Springer International Publishing Switzerland 2015
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tree path from the root node to the leaf node. If the prefixes of a string pair violate the
similarity value constraint, the string pair must be dissimilar and pruned to gain performance improvement. The second category employs a filter-verification framework
[5-8]. At the filter step, an effective filtering algorithm prunes large numbers of dissimilar pairs and generating a set of candidate pairs. Most of existing filtering algorithms employ a signature-based technique, which generates signatures for each string
such that if two strings are similar, their signatures overlap. At the verification step,
similarity values of candidate pairs are computed to get the final similar pairs. Since it
is expensive to compute the similarity value, filter-verification framework tries to
minimize the size of the candidate set. However the filtering algorithm itself has
overhead, there exists a tradeoff between the filtering power and the filtering cost.
The efficiency of the two category methods has to do with the distribution of string
length. The trie-based framework is inefficient for long strings for two reasons. First,
it is expensive to traverse a deep trie. Second, the number of strings with a common
prefix is inversely proportional to the average length of strings, which weakens the
pruning power. The filter-verification framework, on the other hand, is inefficient
for the datasets with short strings. The reason is that it is difficult to extract highquality signatures for short strings, which results in a large number of candidates to be
verified.
Pass-Join [5] is one of the filter-verification methods, which is efficient for both
short and long strings by taking a partition-based approach for filtering. In the filter
step, Pass-Join maintains an inverted index of string segments. It sorts strings in the
ascending order of length, and for each string in the order checks if its substrings are
similar to the indexed segments. If it is similar, the pairs consisting of the current
string and the indexed strings are marked as possible candidates, otherwise, pruned.
And then, the current string is segmented and indexed.
We notice that, filtering in the descending order of length produces a different candidate set, which motivate us to infer that whether the filtering power can be further
strengthened if a bi-directional filtering mechanism is used. As the results of experimentally proving the hypothesis, this paper claims the following contributions.
1) A novel bi-directional filtering mechanism is proposed to improve partition-based
filter-verification framework by enhancing its filtering capability.
2) The multi-match-aware substring selection method [5] is redesigned and applied to
the backward filtering.
3) A set of experiments on real-world datasets are conducted to show the proposed bidirectional filtering algorithm outperform the origin algorithm.
The rest of this paper is organized as follows. Section 2 presents preliminaries and
backgrounds about the partition-based filter-verification framework. Section 3 introduces the proposed partition-based bi-directional filtering method. We propose to
effectively pipeline way and modify the multi-match-aware substring selection method for the backward filtering in Section 3.3 and Section 3.4 respectively. Experimental results are provided in Section 4. Related work is covered in Section 5 and we
make a conclusion in Section 6.
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Preliminaries and Backgrounds

In this section, we formally define the string similarity join problem with edit-distance
constraints as Definition 1, and introduce the background knowledge about the partition-based filter-verification framework.
Definition 1 (String Similarity Joins). Given two sets of strings R and S, and an editdistance threshold τ, a string similarity join finds all similar string pairs <r, s>  R×S
satisfied ED(r, s) ≤ τ. ED(r, s) is the value of real edit-distance between string r and s.
In this paper, we only focus on the circumstance of R = S, and R ≠ S is similar to
it. For example, consider the strings in Table 1. If the given edit-distance threshold is
τ = 3, then <s1, s2> and <s4, s5> will be considered as the similar pairs since their edit
distance is not larger than τ.
Table 1. A collection of strings
Id
1
2
3
4
5

Strings
Similarity
Similar
Diminishing
Conference
Confidence

Length
10
7
11
10
10

Partition-base filtering is based on Lemma 1 [5].
Lemma 1. Given a string r with τ+1 segments and a string s, if s is similar to r within
an edit-distance threshold τ, s must contain a substring which matches a segment of r
based on the pigeonhole principle.
Given two strings r and s, and an edit-distance threshold τ, we partition r into τ+1
disjoint segments. If s has a substring matching a segment of r, we need verity the
pair <r, s> with edit-distance constraint. Otherwise s must be dissimilar to r, thus we
can prune the pair <r, s>.
2.1

Partition Scheme

Given a string, many plans could partition the string into τ+1 segments. Intuitively,
the shorter a segment of r is, the higher the probability that a substring matches the
segment and the more strings will be taken as r’s candidates, thus the pruning power
is weaker. The even-partition scheme can make each segment have nearly the same
length. Consider a string r with length |r|. In even partition scheme, each segment has
a length (li) of |r|/(τ+1) or |r|/(τ+1) +1. Let k = |r| |r|/(τ+1) ×(τ+1), the last k segments have length |r|/(τ+1) +1, and the first τ+1k ones have length |r|/(τ+1) [5].
For example, for s1 in Table 1 and τ = 3, the length of s1 (|s1|) is 10, k equals 2, and s1
has four segments {“si”, “mi”, “lar”, “ity”}.
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The Partition-Based Filtering Mechanism

For ease of presentation, we first introduce the notations used in the paper.
Lil : denote the inverted index for the i-th segment of strings with length of l.
Lil (w): denote the set of all strings with length of l and whose the i-th segment is w.
W(s,l,i): denote all substrings of s, whose substrings can match the i-th segment of
strings with length of l.
W(S,l,i): denote all substrings of all strings whose substrings can match the i-th
segment of strings with length of l.
We first sort strings by their length in ascending order. Then we visit strings according to the sorted order. The visited string with length of l is partitioned
to τ+1 segments and the segments are inserted into the inverted index Lil (1  i  τ+1).
Table 2 lists the inverted index of all strings in Table 1 for τ = 3. Consider the current
string s with length |s|. Based on length filtering, we check whether the strings in
Lil (|s|τ  l  |s|, 1  i  τ+1) are similar to s. If it is, s should contain a substring
matching a segment in Lil .
Substring Selection. A straightforward method might be enumerating all substrings
of s, and checks each of them whether it appears in Lil . In fact, it is not necessary to
check all of them. Instead this framework only selects some substrings by using the
multi-match-aware substring selection method [5] described in detail in Section 3.4.
For each selected substring wW(s,l,i), we check whether it appears in Lil . If so, for
each rLil (w), <r, s> are added to the candidate set C(s).
Verification. To verify whether string r is similar to s, a straightforward method
computes their real edit distance by using the dynamic programming algorithm. However this method is rather expensive. Instead, this framework utilizes the extensionbased verification method which partitions r and s into three parts, the matching parts
(rm = sm), the left parts rl, sl (on the left side of the matching part), and the right parts
rr, sr. Formally, if ED(rl, sl)  i–1 ∩ ED(rr, sr)  τ+1–i, then the pair passes the verification, we add the pair into the result set [5].
Table 2. The inverted index of all strings in Table 1
Lil

L17

L27

L37

L47

segment

s
↓
2

im
↓
2

il
↓
2

ar
↓
2

strings

3

L110
si
↓
1

L210
co
↓
4
5

mi
↓
1

L410

L310
nf
↓
4
5

lar
↓
1

ere
↓
4

ide
↓
5

ity
↓
1

nce
↓
4
5

L111 L211 L311 L411
di
↓
3

min ish ing
↓
↓ ↓
3
3 3

Partition-Based Bi-directional Filtering Method

In this section, we describe a novel partition-based bi-directional filtering method
to improve partition-based filter-verification framework by enhancing the filtering
capability.
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Motivations

We propose the partition-based bi-directional filtering method based on two considerations.
First, the effectiveness of partition-based filtering in descending order of string
length (backward filtering) is not worse than that in ascending order of string length
(forward filtering). As introduced in Section 2, the forward filtering uses the segments
of short strings to select the substrings of current string, and, on the contrary, the
backward filtering uses the segments of long strings to select the substrings of current
string. When we partition a string into τ+1 segments, the length of segments of short
strings is not large than that of long strings. Intuitively, the longer a segment is, the
lower the probability that a substring matches the segment and the more dissimilar
string pairs can be eliminated. That is to say backward filtering should outperform
forward filtering.
Second, the candidate set of forward filtering is different from that of backward filtering. A segment of string r matches a substring of string s, which cannot guarantee
the opposite is founded, because the substring of s that matches a segment of r may be
partitioned into two segment of s. For example, consider the strings r = “similar” and
s = “dimension”. Suppose τ= 3. We partition r into four segments (“s”, “im”, “il”,
“ar”). s has a substring that matches the second segment (“im”) of r. When we partition s, we get four segments (“di”, “me”, “ns”, “ion”).There is no any substring of r
matching segments of s, because the substring (“im”) of s is now partitioned into two
segments (“di”, “me”). Only if one string has a substring that matches a segment of
another string, they can be added to the candidate set. This proves filtering with different direction can produce different candidate sets.
According to the property of partitioning, no matter for forward filtering or backward filtering, the similar string pairs will always appear in the candidate set. Although the string pair <r, s> is in the candidate set of forward filtering, it does not
appear in the candidate set of backward filtering. We can conclude that r and s are not
similar.
This comes to the partition-based bi-directional filtering, which we name it as BiFiltering JOIN. We first perform forward filtering to generate candidate set C1,we
then perform backward filtering to generate candidate set C2, and finally we compute
the intersection of C1 and C2 to get the final candidate set C.
3.2

The Framework of Bi-Filtering JOIN

In this section, we introduce the framework of Bi-Filtering JOIN, which is divided
into six steps. We give the pseudo-code of our algorithm as Algorithm 1.
Step 1: Sorting. Strings are sorted in ascending order by string length and the
strings with same length are sorted in alphabetical order (line 2).
Step 2: Substring selection. Consider the current string s with length |s|. Based on
length filtering, we utilize the segment information of the visited strings satisfying
|s|τ  l  |s|+τ to select substrings of the current string, add them into W(s,l,i) (line
3-line 6), and save the selected substrings’ information of s (W(s,l,i)) into substrings’
information of all strings (W(S,l,i)) (line 7). If |s|τ  l  |s|, the selected substrings of
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s are prepared for matching a segment in inverted index Lil (|s|τ  l  |s|, 1  i  τ+1)
in forward filtering. If |s|  l  |s|+τ, the selected substrings of s are prepared for
matching the segment of visiting string in the future in backward filtering.
Step 3: Forward filtering. For each selected substring wW(s,l,i) , we check
whether it appears in Lil . If it does, for each rLil (w), <r, s> joins the initial candidate set C1(s) (line 8-line 11).
Step 4: Building inverted index. The segments of string s need be used for backward filter, so we partition s into τ+1 segments and insert the segments into inverted
index Li|s| (1  i  τ+1) (line 12).
Step 5: Backward filtering. We pipeline the initial candidate set C1(s) from forward filtering to perform the backward filtering, and generate final candidate set
C2(s) (line 13).
Step 6: Verification. We verify whether a candidate pair <r, s> in the final candidate set C2(s) is an answer by computing their edit distance. If the pair passes the
verification, it is added to the result set (line 14).
The function SubstringSelection selects all substrings for the current string by using the multi-match-aware substring selection method. We redesigned it for backward
filtering and explained in detail in Section 3.4, the function ReverseFilter performs
pipelined backward filtering and described in Section 3.3, The function Verification
[5] verifies whether a candidate pair is satisfy the similarity constraint by computing
the edit distance of two strings.

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15

Algorithm 1: Bi-Filtering( S, τ )
Input: S: A collection of strings
τ: A given edit-distance threshold
Output: A = {(s∈S, r∈R)| ED(r,s)≤τ}
Begin
Sort S first by string length and second in
alphabetical order
for s ∈ S
for 1 ≤ i ≤ τ+1
for |s|-τ ≤ l ≤ |s|+τ
W(s,l,i) = SubstringSelection( s,l,i )
Add W(s,l,i) into W(S,l,i)
if |s|-τ ≤ l ≤ |s| then
for w ∈ W(s,l,i)
if w is in Lil then
Add Lil (w) into C1(s)
Partition s into τ+1 segments and add si into Li|s|
C2(s) = ReverseFilter( s,C1,W )
Verification( s,C2,τ )
End
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Pipelined Filtering

A full backward filtering is not necessary, because those pairs eliminated by forward
filtering should not be processed again. This reminds us of pipelining the candidate
set from forward filtering to backward filtering as shown in Fig. 1. It consists of two
steps and the pseudo-code is shown as Algorithm 2.

Fig. 1. The process of pipelined filtering

Step 1: Perform forward filtering to generate the initial candidate set C1(s) of the
current string s.
Step 2: Perform the backward filtering step on the initial candidate set C1(s). For
each initial matching string cC1(s) of the current string s, we check whether it has
substring to matches a segment of s. If the segment si of s appears in W(c,|s|,i), <c, s>
will be put in s’ final candidate set C2(s), otherwise be pruned (line 2-line 5).

1
2
3
4
5
6
3.4

Algorithm 2: ReverseFilter( s,C1,W )
Input: s: the current string
C1: the initial candidate set of s
after forward filtering
W: substring information
Output: C2: the final candidate set of s
after backward filtering
Begin
for c ∈ C1(s)
for 1 ≤ i ≤ τ+1
if si is in W(c,|s|,i) then
Add c into C2(s)
End
Redesigned Substring Selection Function

The muti-match-aware substring selection method used in Pass-JOIN determines the
start position of a substring supposes that the strings processed in ascending order of
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string length, which is designed for forward filtering. For backward filtering the
strings are processed in descending order of string length. The muti-match-aware
substring selection method should be redesigned.
Multi-Match-Aware Substring Selection Method for Forward Filtering. Given two
strings r and s, |r| = l and |s|τ  l  |s|, we partition r into τ+1 segments. For each segment of r, we select some substrings of s and check whether they match the i-the segment
of r. The length of selected substring is equal to the length of the i-th segment of r is li.
The start position p of the substring can be computed using the start position pi of the i-th
segment of r, which is between pf imin = max(1, pi(i1), pi+(τ+1i)) and
pf imax = min(|s|li+1, pi+(i1)), pi++(τ+1i)) where Δ is the length difference of the
two strings [5]. For example, suppose τ = 3, consider string r = “similarity” with four
segments {“si”, “mi”, “lar”, “ity”} and string s =“diminishing”. The selected substrings
of s are shown in Table 3.
Table 3. The selected substrings of s
i

segement (r)

li (r,s)

pi (r)

1
2
3
4

si
mi
lar
ity

2
2
3
3

1
3
5
8

pf

i
min

1
2
5
9

(s)

pf

i
max

1
4
7
9

(s)

substrings (s)
di
im, mi, in
nis, ish, shi
ing

Multi-Match-Aware Substring Selection Method for Backward Filtering. Given
two strings r and s, |r| = l and |s|τ  l  |s|+τ. we partition r into τ+1 segments. If
|s|τ  l  |s|, the computation of the start position of s’ substring matching the i-th
segment of r is the same of the method for forward filtering. If |s|  l  |s|+τ, the computation is as shown in Fig. 2. We partition r and s into three parts, the matching parts
( rm = sm ), the left parts rl and sl, and the right parts rr and sr. If l  i , then
dl = ED(rl , sl)  l  i, dr = ED(rr , sr)  τ–dl  τ–i when s is similar to r. As rr contains τ+1–i segments, sr must contain a substring matching a segment in rr based on
the pigeon-hole principle, which can be proved similar to Lemma 1. In this way, we
can discard sm and use the next matching segment. Thus let l =|ppi|  i1, the minimal start position is pblmini = max(1, pi(i1)) and the maximal start position is
pblmaxi = min(|s|li+1, pi+(i1)) . Similarly, let r = |p(pi)|  τ+1i , the minimal
start position is pbrmini = max(1, pi(τ+1i)) and the maximal start position
ispbrmaxi = min(|s|li+1, pi+(τ+1i)). In summary, the start position p of substring is
between pbimin = max(pblmini , pbrmini ) and pbimax = min(pblmaxi, pbrmaxi ) where Δ is the
length difference of the two strings.
Based on above analysis, we give the pseudo-code of the redesigned substring selection algorithm as algorithm 3. It utilize the segment information of the strings with length
in |s|τ  l  |s|+τ to determine the start position and length of the substrings of current
string, and adds the substrings into the s (W(s,l,i))(line 2-line 7).
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Fig. 2. Redesigned substring selection method
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Algorithm 3: SubstringSelection( s,l,i )
Input: s: The current visit string
l: The length of string
i: The id of segment
Output: W(s,l,i): The selected substrings’
information of s
Begin
if |s|-τ ≤ l ≤ |s| then
i
i
, pfmax
)
for p ∈ (pfmin
Add the substring of s with start position p
and length li (s[p,li]) into W(s,l,i)
if |s| ≤ l ≤ |s|+τ then
i
i
for p ∈ (pbmin
, pbmax
)
Add the substring of s with start position p
and length li (s[p,li]) into W(s,l,i)
End

Experiments

To evaluate Bi-Filtering JOIN, we designed a set of experiments to compare the performance of Bi-Filtering JOIN with the performance of Pass-JOIN with different data
sets and varying edit-distance thresholds.
Experiment Setup: All the algorithms are written in C++, and complied by GCC
4.9.1. We run our programs on an Ubuntu machine with Intel Celeron E3500 2.7GHz
processors and 4GB memory.
Dataset: We use the two real datasets Word and DBLP. Word is a dataset with short
strings and consisted of 146,033 different English words, whose average length, maximal length and minimal length are 8, 30, and 1 respectively. DBLP is a dataset with
long strings and included publication titles and author names. It contains 1,385,925
records and its average length, maximal length and minimal length are 105, 1626, 1
respectively.
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The Size of Candidate Sets

The sizes of the candidate sets generated by Bi-Filtering JOIN and Pass-JOIN with
different data sets and varying edit-distance threshold are shown in Fig. 3(a) and 3(b)
respectively. Note that the vertical-axis is in logarithm scale.
Several observations can be made:
• The size of the real result grows modestly when the edit-distance threshold increases.
• Two algorithms generate more candidate pairs with the increase of the editdistance threshold. Bi-Filtering JOIN has a decent reduction on the candidate size
of Pass-JOIN, as the backward filtering prunes many candidates. The process of
forward filtering in Bi-Filtering JOIN is the same as the process of filtering in
Pass-JOIN, so the difference between candidate sets is the size of dissimilar string
pairs pruned by backward filtering of Bi-Filtering JOIN. When τ = 3, for the Word
dataset, the size of candidate set generated by Bi-Filtering JOIN is 629 million
pairs less than that by Pass-JOIN, which is the number of dissimilar string pairs
pruned by backward filtering.
• For different data sets, filtering capability of the backward filtering varies, but the
backward filtering always can further reduce the size of candidate set, which generated by Bi-Filtering JOIN is less than a half of that by Pass-JOIN for Word dataset, and is at least 10% smaller than that of Pass-JOIN for DBLP dataset.

(a) Word Dataset

(b) DBLP Dataset

Fig. 3. Number of candidates with varying edit-distance threshold

4.2

Response Time

The Response times of Bi-Filtering JOIN and Pass-JOIN with different data sets and
varying edit-distance threshold are shown in Fig.4(a) and4(b) respectively. The observations follow:
• The general trend is that the response time increases with the increase of the editdistance threshold. One of the reasons is that inverted index lists and substring lists
are getting longer with the increase of edit-distance threshold, thus increasing the
matching time.
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• The larger size of candidate set needs the more processing time. Because the candidate sizes on Word dataset are much larger than it on DBLP dataset as shown in
Fig. 3, the runtime is also larger.
• In all the settings, Bi-Filtering JOIN is the more effective than Pass-JOIN. Although the bi-directional filtering has more overhead than forward only filtering,
the backward filtering can reduces the size of candidate set, and effectively cut
down the time spent on verification step, which is much greater than the overhead
time. So the total response time of Bi-Filtering JOIN is much less than that of PassJOIN.
• The more string pairs pruned on the backward filtering by BiFilter-join, the more
the response time reduced. When τ = 3, as shown in Fig. 3, the backward filtering
pruned about 600 million and 1 million string pairs in Word and DBLP dataset respectively, which result in a reduction of 200 seconds for the response time on
Word dataset, and 10 seconds on the DBLP dataset.

(a) Word dataset

(b) DBLP dataset

Fig. 4. Response time with varying edit-distance threshold

5

Related Work

The filter-verification framework focuses on two topics, filtering techniques and similarity metrics.
Filtering techniques include signature-based approaches and partition-based approaches. Gram-based approaches [6-9] are the common signature-based approaches.
It transforms strings into grams and use common grams to filter similar pairs. Filtering techniques include count filtering [9-11] which mandates that two similar string s
and r must share at least (max(|s|, |r|) – q + 1) – qτ common q-grams, position filtering [6, 7] which mandates that s and r must share at least (max(|s|, |r|) – q + 1) – qτ
matching positional q-grams, length filtering [5, 10] which mandates that ||s| – |r||  τ,
and content filter [6] which select a probing window and look into the contents of
both strings within the probing window to lower bound of the edit distance. Partitionbased approaches [5, 12, 13] partitioned strings into segments and proved that if two
strings are similar then they must share some common segments, such as Pass-JOIN
[5], which quickly screens out possible similar string pairs by searching partitioned
parts of a string in another string and then performs similarity verification.

A Partition-Based Bi-directional Filtering Method for String Similarity JOINs

411

Similarity metrics can be divided into two categories: The first category is setbased similarity metrics [7-9, 14], which rely on the overlap of two string sets and
string set sizes to compute the similarity. The more overlap the more similar. The
well-known set-based metrics include Overlap, Jaccard, Cosine, and Dice. Another is
character-based similarity metrics, which treat the string as a character sequence. The
representative character-based metric is edit distance [5, 6, 15, 16].

6

Conclusions

This paper proposes a partition-based bi-directional filtering method for string similarity joins by exploiting a novel bi-directional filtering mechanism to improve partition-filter-based framework and enhance the filtering capability, thus reduce the time
spent in verification step. We develop a pipelined filtering mechanism, which pipeline
the results of forward filtering to the process of backward filtering, and redesigned the
multi-match-aware substring selection method for backward filtering. Experimental
results show that our bi-directional filtering algorithm outperform the origin algorithm
on real-world datasets.
Our future work includes how to further reduce the filtering cost while guaranteeing the filtering power, and how to make use of the matching segments to speed up
verification.
Acknowledgments. This work is supported by The National Key Technology Support Program
of China (grant No. 2012BAH04F02).
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Abstract. Motivated by theories of support vector machine, the concept of
maximum margin has been extended to the applications in the unsupervised
scenario, developing a novel clustering method maximum margin clustering
(MMC). MMC shows an outstanding performance in computational accuracy,
which is superior to other traditional clustering methods. But the integer programming of labels of data instances induces MMC to be a hard non-convex
optimization problem to settle. Currently, many techniques like semi-definite
programming, cutting plane etc. are embedded in MMC to tackle this problem.
However, the increasing time complexity and premature convergence of these
methods limit the analytic capability of MMC for large datasets. This paper
proposes a fast multiway maximum margin clustering method based on genetic
algorithm (GAM3C). GAM3C initially adopts the NystrÖm method to generate
a low-rank approximate kernel matrix in the dual form of MMC, reducing the
scale of original problem and speeding up the subsequent analyzing process;
and then makes use of the solution-space alternation of genetic algorithm to
compute the non-convex optimization of MMC explicitly, obtaining the
multiway clustering results simultaneously. Experimental results on real world
datasets reflect that GAM3C outperforms the state-of-the-art maximum margin
clustering algorithms in terms of computational accuracy and running time.

─

Keywords: Maximum margin clustering · NystrÖm method · Genetic algorithm

1

Introduction

Clustering is a fundamental research for deep learning on large datasets, which are
derived from many domains like information retrieval, bioinformatics and social media analysis etc. Given a dataset, the aim of clustering is to group data points with
similar properties into one same cluster [1]. Over the past decades, except for the
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familiar methods like K-Means [2], spectral clustering [3] etc., plenty of novel clustering approaches have been proposed. Inspired by the preponderance of support vector machine (SVM) which is successfully applied to many research areas, the concept
of maximum margin has been extended to the unsupervised learning scenario,
forming a new clustering method maximum margin clustering (MMC) [4]. Lots of
applications show that MMC often outperforms other traditional clustering
algorithms.
Unfortunately different from SVM, MMC needs to identify an optimal labeling of
data instances which results in the maximum margin cutting hyperplanes between
different clusters. The additional integer programming of data-instance labels induces
the original optimization problem to be non-convex [4]. To settle the optimization
problem on non-convex condition, many schemes have been employed in MMC successively, such as semi-definite programming (SDP) [5], alternating optimizing [6],
cutting plane [7] and so on. However, the computational complexity of each of these
methods is greater than Θ( ) at least, which limits the scalability of MMC for analyzing large datasets. Moreover, there’s no further work to prove how and how fast
these methods converge to the optimal solutions [8].
In light of the above presented deficiencies, this paper proposes a fast multiway
maximum margin clustering method based on genetic algorithm (GAM3C) for large
datasets. GAM3C firstly employs the NystrÖm method to generate a low-rank approximate kernel matrix in the dual form of MMC, to reduce the complexity of
original problem and accelerate the subsequent clustering process, promoting the
scalability of MMC for large datasets. Secondly, by means of embedding genetic
algorithm (GA) into the optimization procedure of MMC and alternating the solution
space by its crossover and mutation operators, GAM3C avoids the premature convergence which is caused by local minima and outputs the multiway clustering results
simultaneously, improving the computational accuracy of MMC. Experiments on real
datasets show that the performances of GAM3C are superior to the state-of-the-art
maximum margin based clustering algorithms, especially in analyzing large datasets.

─

2

Related Work

MMC was firstly proposed by Xu et al. [4] to tackle the binary clustering problems,
and then developed to be a multiway clustering technique [9]. Due to involving the
identification of cluster labels, the computation of MMC becomes a non-convex optimization problem. Therefore, MMC was transformed into a semi-definite programming problem. Although the following generalized maximum margin clustering
(GMMC) was proposed by Valizadegan et al. [10] to reduce the number of variables
of MMC, the expensive computation makes MMC or GMMC impractical.
To solve the non-convex optimization problem, Zhang et al. [11] adopted an alternating scheme SVR with Laplacian loss to avoid premature convergence. However,
this algorithm is time-consuming, and how fast it converges is uncertain. Zhao et al.
[12] used the cutting plane to relax constraints of MMC and solved the non-convex
optimization problem by means of constrained concave-convex procedure (CCCP).
Then Wang et al. [8] proposed an advanced maximum margin clustering algorithm
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(CPMMC), which decomposed the original clustering into a series of convex subproblems and settled them by a cutting plane algorithm. These two approaches provide efficient solutions for multiway MMC clustering, but the optimal results from a
sequence of decomposed convex sub-problems are prone to get stuck in local minima.
Recently, Gieseke et al. [13] exhibited a fast evolutionary maximum margin clustering method (containing EMMC and FEMMC), which speeds up the computational
procedure by sampling a subset from either the data label set or the Lagrangian multiplier set to approximate. However, this method is just a binary clustering. Moreover,
owing to lack of basic cluster information, the aimless approximation degrades the
entire accuracy of clustering results.
In the applications of analyzing large dataset, many approaches [14][15] make use
of the NystrÖm method to extend their scalability. The NystrÖm method has been
proved to be an efficient technique for matrix approximation, which samples a lowrank matrix in terms of some selecting schemes to reduce the complexity of original
problem. Motivated by these applications, this paper employs the NystrÖm method to
MMC for an approximate computation firstly; then based on the obtained approximate matrix, searches for the optimal solutions from the non-convex problem
explicitly based on genetic algorithm. Most important, this is a multiway clustering
method, and the local minima can be avoided efficiently by alternation of solution
space.

3

Preliminaries

3.1

The NystrÖm Method

The NystrÖm method is originally used to solve the numerical approximation of
integral equations in the following form [14]:
,

1

where
is a probability density function,
is a kernel function,
and
are
the eigenvalue and eigenvector of
respectively. To approximate the integral in
, ,…,
drawn from , and the apEq.(1), sample
interpolation points
proximate result by the empirical average is:
∑

2

,

is an approximate value of
in Eq.(1), and choose
in Eq.(2) from
where
, ,…,
as well to generate an eigen-decomposition
,
,
| ,
1,2, … , . So any eigenvector
and eigenvalue
in
and
:
Eq.(1) can be approximated by
,
,

/

3

The eigenvector of any point
can be also approximated by the eigenvectors of
interpolation points in
, ,…,
, because the kth eigenvector at an unsampled
point
can be computed by:
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∑

3.2

√

,

∑

,

4

Multiway Support Vector Machine

Mathematically, given a instance set
,…,
,
and the corresponding
,
labels
,…,
1, … ,
, SVM defines a matrix
which consists of k class indicator vectors and the class of instance
can be predicted [16] by:
1

5

,

where
is the rth row of P (
is the indicator vector),
and
, is equal 1if
is a metric of similarity, and the gained highest
0 otherwise. The inner-product
similarity score with
from each row of P means the class affiliation of . Sum up all
instances in , an upper bound on the empirical loss is obtained as follows:
∑

1

6

,

Furthermore, if the training set
is linearly separable, there exists a matrix
which satisfies the following constraint:
,

1

,

7

Therefore, the aim of multiway SVM is to seek such matrix P that the distances
from support vectors to class indicator hyperplanes
,
1, … ,
are maximized, where
is a feature projecting function.

4

Our Approach

4.1

Multiway Maximum Margin Clustering

In essence, MMC is an extension of SVM to the unsupervised learning scenario. Differing from theories of SVM [17], the label vector Y is often not in hand, so the formulized definition of multiway MMC is to compute the following minima:
∑

, ,

:
∑

(8)

,
,

,

,…,

1

,

1, … ,

,

0,
1, … ,

where
0 is a regularization constant which trades off the empirical risk and the
∑,
,…,
,
1, … , ,
model
complexity,
1, … , ,
0 are slack variables. ∑
is
a
cluster
balance
con,
straint which prevents all instances from being assigned to one cluster.
The most important thing is that, similar to and ,
becomes a vector variable
which needs to be confirmed by an optimal labeling, resulting in the maximum margin cutting hyperplanes
between k clusters. What’s more, we can deduce the
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dual form of optimization in Eq.(8) by a direct calculation. Consider the Lagrangian
function of MMC as follows:
∑
, , ,
∑ ∑
1
9
,
0
are
Lagrangian
multipliers.
To
search
for
the
extreme
value
of
where
,
Lagrangian function, we rewrite the following term:
∑

∑

∑

∑:
∑

∑

,

∑

,

and

and execute the partial derivative on
obtain:
∑

∑
10

of Lagrangian function, we can

∑

∑

,

1, … , , ∑

:

11

thus the following term can be rewritten as:
∑

∑
∑

∑

∑

,

∑

12

based on Equation (9),(10),(11)and(12), we have:
,

, ,

∑

∑

∑

∑

∑

∑

∑
∑

∑

,

∑

,

∑

∑

1

,

∑

∑

∑

1

,
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finally, the dual of multiway MMC is formulized as:
∑

,

∑

∑

∑

1

.

1

∑

,

14

:∑

,0
,…,

∑
1, … ,

,
,

1, … ,

where in the dual form of multiway MMC,
is the (i,j)th entry of
kernel matrix , which can be explicitly built up by a kernel function. By virtue of
the nonlinear function
that maps the instances
into a high (possible infinite)
dimensional feature space, the non-separable problem in the original space becomes
linear separable in the feature space.
4.2

Approximating Kernel Matrix via the NystrÖm Method

Recall the dual form of multiway MMC in the above subsection. It is obvious that
the computation of kernel matrix
is a premise of multiway MMC, but it is often
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time-consuming and space-occupying in practice. In order to lower the complexity of
problem and extend the scalability of multiway MMC model, this paper adopts the
NystrÖm method to approximate kernel matrix , so that the subsequent analyzing
procedure of MMC can be simplified. Identical to the interpolation points in the
NystrÖm method mentioned in Section 3.2, we generate a low-rank approximate matrix
by the intersection of sampled columns and rows.
Definition 1 (Kernel Matrix Approximation).
Input: kernel matrix
,
.
, a rank parameter
&
.
Output: low-rank approximate matrix
Process: to approximate
efficiently, in terms of the probability distribution
/∑
, we sample m rows and m columns from
and intersect them to
generate . In addition, if
0 and
is the best rank-m approximation of , by
choosing Θ( / )columns and rows, the expectation of approximate error is:
Τ

∑

15
Where
is the best rank-m approximation of ,
is a matrix
formed by the sampled m columns from . According to the Drinear and Mahoney’s
theorem [18], this approximation can be completed by Θ(
additional occupation of
time and space, after passing the data from external storage two times.
4.3

Optimization with Genetic Algorithm

Based on the obtained low-rank approximate matrix , the computational burden of
can be reduced enormously. But due to the integer programming of labeling Y, the
optimization of
becomes a non-convex problem. Therefore, this paper is to embed
the genetic algorithm (GA) 19] into multiway MMC to tackle the non-convex problem efficiently.
Definition 2 (Optimizing
via Genetic Algorithm).
Input: approximate matrix , initial population
composed of s individuals and
each of which is a genetic representation of clustering results on Y, a threshold
T for objective function , iterator i=0 and most iteration times I.
Output: cluster indicator matrix P, k rows of which indicate k clusters obtained on .
Process: 1. generate c novel individuals by crossover and add them to , =s+c;
2. compute the minima of the convex objective function
directly based
on each definite Y in , select s individuals with elite value of
as
parents;
3. mutate some individuals in generated parent population in a certain
proportion to prevent the optimal value of
from local minima, and
produce the next generation of population
,
1;
4. if
or i I, terminate the computing process and output the clustering
results with the global minimum value of , else return to step 1.
Objective Function and Genetic Representation. Objective function is the only
guide for optimizing infinite variables which are encoded as individuals of population
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in GA. Here we select
in Eq.(14) as the objective function of GA, and encode
,…,
1, … ,
into individuals. Each individual consists of n genes,
and if two genes of an individual take a same value, they belong to the same cluster.
Initialization. Initialization is applied to produce s individuals for the initial population, which plays a key role in the method’s convergence. This paper adopts a linkedge-weight-based gene representation to initialize
efficiently.
Crossover. When each individual (or cluster labeling vector ) of population is determined, the optimization of
becomes a convex problem. We can compute the saddle
points of
and the minima of
by partial derivative. Here we adopt uniform crossover and elite selection to create offsprings of next generation of population.
Mutation. Selecting the elite candidate parents for crossover is to guide the objective
solution space to a better direction and speed up the velocity of convergence of the
algorithm. But sometimes this improvement is prone to incur a premature convergence. Moreover, MMC tends to get stuck in local minima as well. To avoid both
above unfortunate situations, mutation operator is added as a key technique to exchange the objective solution space into a global range.
4.4

Extension of Clustering Results to Out-of-Samples

Until now, what has been obtained is the clustering results based on the low-rank approximate matrix . How to extend it to the unsampled? According to the NystrÖm method
in Eq.(9), the cluster affiliation of out-of-samples can be estimated by:
Definition 3 (Extension to Out-of Samples).
Input: cluster indicator matrix which is computed based on the low-rank approximate , and each row
of
represents a cluster,
1, … , .
Output: final clustering results on .
of P,
Process: if an out-of-sample
belongs to the same cluster with the rth row
they are collinear in the
1 -dimensional subspace spanned by
, and the affiliated cluster of is determined by indicator function
∑
,
,
1, … , .
The collinear property of two co-cluster vectors results from the following proposi,
equals to 1,
are predicted in the same cluster
tion: if the term
with
[20]. The row cluster indicator
, which denotes the normal vector of one
maximum margin cutting hyperplane, is piecewise constant. In addition, because the
cluster indicator matrix
is searched for by optimizing the labeling of Y,
has
only one direction and no chance to rotate.
4.5

Computational Complexity

Firstly, let’s give the implementation of GAM3C in Algorithm 1. By analyzing Algorithm 1 in detail, we deduce Lemma1 as follows:

420

Y. Kang et al.

Algorithm 1. GAM3C
Input: instance set
,…,
, kernel matrix
, objective function , initial population , a threshold T, largest number
of generations I, mutation rate , parameters , , , ,
,
0.
Output: an optimal labeling of
,…,
1, … ,
1 Begin
/∑
;
2
= intersection of m columns and m rows sampled by probability
,…,
;
3 Initialize
4 While
& i I) do
5
Generate individuals
,…,
by crossover ,
,…,
;
6
Compute
based on each Y in , select s elite individuals as parents;
7
Mutate individuals of parents and produce the next generation
1 ;
8
End while
9 Obtain cluster indicator matrix based on the optimal value of
of ;
//
consists of k normal vectors
10
;
//
is one out-of-sample instance
11 End
Lemma 1 (Running Time).

The worst case time complexity of GAM3C is
, where is the basic number of
individuals in each generation of population, c is the incremental number of individuals generated by crossover, m is the dimension of matrix
, L stands for the maximum value between the threshold T and the most iteration times I, k is the number of
cluster number, and n is the number of instances in the original input dataset .
Proof. The generation of low-rank approximate matrix
takes time
; when
turning to the “While” loop, each loop iteration needs time
to compute the
based on each individual in the ith generation, and we select
objective function
the maxima between T and I to denote the worst case, thus the whole running time of
iterative loop is
; after the loop, we need to spend extra time
obtaining the cluster indicator matrix ; finally, the consuming time of extension of
clustering results based on
to the out-of-samples is
. Therefore,
the total time complexity of GAM3C is
in the worst case, especially on the condition of
.

5

Experiments

5.1

Datasets and Experiment Setup

In the sequel, we will evaluate the performance of GAM3C in terms of computational
accuracy and running time on real world datasets. We choose K-Means (KM) [2] and
the state-of-the-art MMC algorithms such as ISVR [11], CPM3C [8], EMMC [13]
and FEMMC [13] as the baseline for comparison. Experimental datasets are listed
in Table 1 and Table 2 divisively. Datasets in Table1 come from a wide range of
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repositories1, while datasets in Table2 are collected from Stanford University’s SNAP
networks2. Obviously, the datasets of Table 2 are all larger than the datasets of Table 1.
All of the experiments are performed on a Linux machine with 4Core 2.6GHz CPU and
4G main memory, and the algorithms are implemented in Java.
Table 1. Information of experimental datasets (small-scale)
Data
Letter
Satellite
Text-1
Newsgroup
WK-Texas
RCV1
MNIST
USUP

Size(n)
1555
2236
1981
3970
814
21251
70000
3046

Feature(F)
16
36
8014
8014
4029
47152
784
256

Cluster(C)
2
2
2
4
7
4
2
4

Sparsity Degree
98.9%
100%
0.70%
0.75%
1.97%
0.16%
19.14%
36.24%

Table 2. Information of experimental datasets (large-scale)
Data

Size(n)

Cluster(C)

Average clustering coefficient

Youtube
Amazon
Orkut
DBLP

1,134,890
334,863
3,072,441
317,080

8,385
151,037
6,288,363
13,477

0.0808
0.3967
0.1666
0.6324

Since all the above datasets own their real clusters which can be referred as
ground-truth clustering results, we are able to compare the analyzing capability of
each algorithm by the following two criteria:
1. Normalized Mutual Information (NMI). NMI [21] is such a metric that it is
capable of maintaining the balance between clustering quality and number of clusters.
2. Rand Index (RI). RI [21] is a measure of similarity, the definition of which is:
, where TP, TN, FP, FN respectively denote true positives, true
negatives, false positives, false negatives, and their concrete meaning is omitted here.
No matter which criterion is selected, the greater value means the better clustering
results.
On account of the premised kernel matrix approximation by the NystrÖm method,
the clustering results of GAM3C from different sampling proportion vary. Based on
NMI, we firstly measure the variation of computational accuracy of GAM3C on each
dataset in Table 2, with an increasing sampling proportion. Moreover, to avoid dropping in local minima, we stress the mutation operator in GAM3C. Thus the parameters of embedded genetic algorithm are set as: crossover rate is 0.9, population size is
500, number of generations is 50, and mutation rate takes value from{0.1, 0.2, 0.3,
0.4, 0.45, 0.5} in turn. The analyzing results are drawn as folding lines in Figure 1.
1

2

http://mlearn.ics.uci.edu/MLRepository.html
http://people.csail.mit.edu/jrennie/20Newsgroups/
http://www.cs.cmu.edu/~WebKB/
http://www.kernel-machines.org/data.html
http://yann.lecun.com/exdb/mnist/
http://snap.stanford.edu/data/
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Secondly, we run all of above algorithms on datasets both in Table 1 and Table 2
to mine their own cluster structures, and the implementation of each algorithm is
similar to their derivation. According to the obtained empirical results from the first
experiment, we select the better sampling proportion and parameters to build up
GAM3C, meanwhile run GAM3C several times for average to enhance its stability.
This time we compare the RI and running time of GAM3C with all the other algorithms’. The corresponding results are listed respectively in Table 3 and Table 4.
5.2

Experimental Results and Analysis

Figure 1 shows the trend of clustering accuracy NMI with an increasing number of
interpolation points on four real datasets such as Youtube, Amazon, Orkut and DBLP.
Each dataset graph involves six different folding lines, standing for different clustering results in line with six mutation rates. Clearly, no matter which dataset, the initial
acute variation (below 1%) of folding lines implies the instability of GAM3C when
the sampling proportion is much smaller, but the overall trend of all lines is rising.
When the proportion of interpolation points is larger than 1%, all folding lines tend to
be flat gradually, indicating that the computational accuracy reaches to its extreme
value. On the other hand, from the viewpoint of six different folding lines on each
dataset graph, we observe that the clustering results with mutation rate more than 0.4
is superior to the ones with other mutation rate, and the three folding lines with 0.4,
0.45, 0.5 mutation rate are close to one another. So in summary, we can gain a much
more ideal computational accuracy by selecting mutation rate 0.4 and proportion of
interpolation points 5% or larger.

(a) Youtube

(c) Orkut

(b) Amazon

(d) DBLP

Fig. 1. The NMI variation trend of GAM3C with an increasing sampling proportion
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All measure results of RI on all datasets are accumulated in Table 3. Comparing
the RI between different algorithms, we notice that ISVR, EMMC and FEMMC are
only fit for the binary clustering problems, and even in the binary cases, their RI are
smaller than GAM3C’s. When analyzing the multiway clustering problems, the RI of
CPM3C is much larger than KM; except for an outlier which is caused by the randomness with a probability near to zero, GAM3C performs better than CPM3C. What
is stated above demonstrates that the embedded genetic algorithm improves the entire
clustering quality of GAM3C. Furthermore, we contrast the running time of each
algorithm displayed in Table 4. No matter binary clustering or multiway clustering,
the consuming time of GAM3C is the least among all the clustering methods.
Although the time complexity of KM and CPM3C is almost linear, GAM3C which is
based on the NystrÖm method executes much faster, making it scalable to analyze the
cluster structure of larger datasets with more than millions of instances.
Table 3. The RI of all algorithms for comparison on various datasets
Data

KM

ISVR

CPM3C

EMMC

FEMMC

GAM3C

Letter

0.709

0.866

0.895

0.890

0.892

0.901

Satellite

0.919

0.940

0.968

0.973

0.977

0.985

Text-1

0.503

0.939

0.906

0.933

0.927

0.937

newsgroup

0.584

-

0.779

-

-

0.789

WK-Texas

0.606

-

0.711

-

-

0.715

RCV1

0.471

-

0.701

-

-

0.712

MNIST

0.809

0.862

0.920

0.934

0.942

0.945

USUP

0.932

-

0.952

-

-

0.950

Youtube

0.492

-

0.657

-

-

0.757

Amazon

0.611

-

0.772

-

-

0.839

Orkut

0.419

-

0.603

-

-

0.716

DBLP

0.554

-

0.716

-

-

0.804

Table 4.

Running time of all algorithms on various datasets (in seconds)

Data

KM

ISVR

CPM3C

EMMC

FEMMC

GAM3C

Letter

0.039

1003

0.41

180

29,67

0.016

Satellite

0.084

3190

2.23

398

65.32

0.029

Text-1

30.1

478

9.25

69.7

10.5

1.71

newsgroup

1126

-

108

-

-

11.25

WK-Texas

390

-

5.50

-

-

0.37

RCV1

205332

-

301

-

-

35.42

MNIST

8.35

2572

49.67

301

22.8

0.98

USUP

2.67

-

17.79

-

-

0.096

Youtube

819973

-

1281

-

-

102.3
87.31

Amazon

2099

-

345

-

-

Orkut

1068851

-

1776

-

-

165.2

DBLP

428

-

892

-

-

21.64
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Conclusion

This paper proposes a fast multiway maximum margin clustering method based on
genetic algorithm (GAM3C) for large datasets. GAM3C makes use of the genetic
algorithm to solve the non-convex maximum-margin optimization problem explicitly,
avoiding the premature convergence efficiently by crossover and mutation operations,
and generating the multiway clusters simultaneously. Before analyzing the cluster
structure of objective datasets, GAM3C achieves a premised approximation for kernel
matrix via the NystrÖm method, reinforcing its scalability for the further applications
in large datasets. Experimental results on real world datasets manifest that, GAM3C
outperforms the state-of-the-art MMC algorithms such as ISVR, CPM3C, EMMC,
FEMMC and the classical K-Means in terms of computational accuracy and running
time, meanwhile exhibiting its scalable analyzing capability.
Acknowledgement. This work is supported by the National Science Foundation of China under grant number 61402473, KeJiZhiCheng Project under grant number 2012BAH46B03,
National HeGaoJi Key Project under grant number 2013ZX01039-002-001-001, and "Strategic
Priority Research Program" of the Chinese Academy of Sciences under grant number
XDA06030200.
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DTMF: A User Adaptive Model
for Hybrid Recommendation
Wenlong Yang, Jun Ma(B) , and Shanshan Huang
School of Computer Science and Technology, Shandong University,
Jinan 250101, China
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Abstract. Due to the uneven distributions of the ratings and social
relationships for each user, two types of above recommendation methods should have varying weights when make recommendations. In this
paper, we propose a user adaptive hybrid recommendation model, which
dynamically combines a trust-aware based method and low-rank matrix
factorization with adaptive tradeoﬀ parameters, named as DTMF. It
can utilize the advantages of these two methods and learn combinative
parameters automatically. We investigate our model’s performance on
two social data sets - Epinions and Flixster. Experimental results show
that DTMF performs better than other state-of-the-art methods.
Keywords: Recommender systemsa · Trust-aware · Matrix factorization

1

Introduction

In social network sites, as the uneven distributions of social relationships and
ratings for each user, we should adopt diﬀerent recommendation methods. When
a user has much more ratings than social relations, we should pay more attention
to his/her own interests and weaken the impact of social relations. Nevertheless,
when a user has large amount of social relations with others and few ratings, it is
more feasible to infer user’s interests from that ratings of his social network. With
the concerns mentioned above, in this paper we propose a dynamic user adaptive
combination model for hybrid recommendation. The experiments conducted on
two large data sets show that our method outperforms the state-of-the-art CF
methods.

2

Data Description

The Epinions dataset1 we used was published in the paper [2]. Every user of
Epinions maintains a “trust” list which presents a social network of trust relationships between users. Flixster is a social networking site in which users can
rate movies and add other users to their “friend” list. For the Flixster dataset2 ,
it is a recently released social dataset by the authors of [1]. The statistics of the
data sets are showed in Table 1.
1
2

http://www.trustlet.org/wiki/Epinions datasets
http://www.cs.sfu.ca/∼sja25/personal/datasets/

c Springer International Publishing Switzerland 2015

J. Li and Y. Sun (Eds.): WAIM 2015, LNCS 9098, pp. 429–432, 2015.
DOI: 10.1007/978-3-319-21042-1 34

430

W. Yang et al.
Table 1. Statistics of Epinions and Flixster Data Sets

Dataset Num. Ratings Num. Users Num. Items Density (%) Trust Relationships
Epinions

371,909

8,677

31,454

0.14

234,665

Flixster

2M

23,842

33,587

0.25

248,092

3

User Adaptive Hybrid Recommendation Model

Before the introduction of the algorithm, we ﬁrst give some notations and deﬁnition of the task of recommendation. Let U = {u1 , u2 , · · · , um } be the user set,
I = {i1 , i2 , · · · , in } be the item set and Rm×n be the rating matrix where Ru,j
represents the rating score of user u gives to the item j. In a social trust network
G = (U, E) where the vertices are all the users and the edge set E denotes the
trust relations between users. Let T m×m be the trust matrix where Tu,v = 1 if
user u trusts user v, otherwise 0. The task of our model is to predict the missing
values in R for the users by employing the trust network and user-item rating
matrix.
3.1

Our Dynamic User Adaptive Hybrid Model with Trust
Relationships

As far as we know, there is no research has directly integrate the prediction of the
trust-aware methods and matrix factorization techniques. Firstly, we integrate
trust-aware method and matrix factorization into a simple hybrid model with a
constant trade-oﬀ parameter α, and its probabilistic function can be deﬁned as:
2
2
, σU
, σV2 )
p(U, V |R, σR
m 
n



T
2 Iu,i
N (Ru,i |α(rm + UuT Vi ) + (1 − α)r̂u,i
∝
, σR
)
u=1 i=1
m


n


u=1

i=1

×

2
N (Uu |0, σU
I) ×

(1)

N (Vi |0, σV2 I)

where N (x|μ, σ 2 ) is the probability density function of the Gaussian distribution
T
is the predicted rating of user u to item i by
with mean μ and variance σ 2 , r̂u,i
a trust-aware method, and Iu,i is the indictor function.
However, due the uneven distributions of trust relationships and ratings data
for each user, the prediction accuracy should be diverse for each user. Motivated
by the aforementioned, we then propose a dynamic user adaptive hybrid model
to predict the missing ratings, which combines a trust-aware method and matrix
factorization with the user adaptive tradeoﬀ parameters. We call it DTMF, which
can dynamically integrate the trust-aware recommendation method and collaborative ﬁltering. The predicted rating for dynamic user adaptive hybrid model
can be deﬁned as:

A User Adaptive Model for Hybrid Recommendation

T
r̂u,i = αu (rm + UuT Vi ) + (1 − αu )r̂u,i
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where αu is the tradeoﬀ parameter for user u which needs to be learned.
We assume that the prior distribution of αu is a Gaussian distribution with
mean α0 and variance σα2 . And through a Bayesian inference, the posterior probability of the latent factors U and V with above equation can be formulated as:
2
2
, αu )p(U |σU
)p(V |σV2 )p(α|σα2 )
L = p(R|U, V, σR
n
m 



T
2 Iu,i
N (Ru,i |αu (rm + UuT Vi ) + (1 − αu )r̂u,i
=
, σR
)
u=1 i=1
m


n


u=1

i=1

×

3.2

2
N (Uu |0, σU
I) ×

N (Vi |0, σV2 I) ×

m


(3)

N (αu |α0 , σα2 I)

u=1

Parameters Estimation

According to Equation 3, we can maximize the log-posterior of the joint probability with hyper-parameters:
(U, V, α) = argmin [− log L]
m n

2
1 
T
2
Iu,i Ru,i − (αu (rm + UuT Vi ) + (1 − αu )r̂u,i
, σR
))
= arg min
(4)
2 u=1 i=1
1
1
1
2
2
2
+ λU U F + λV V F + λα α
2
2
2
2
2
2
2
2
/σU
, λV = σ R
/σU
, λα = σ R
/σα2 , and •F denotes the Frobenius
where λU = σR
norm of a matrix.

4

Experiments and Analysis

4.1

Methodology

To show the performance improvement of our DTMF model, we compare our
proposed method with several following methods:
– Neighbor: It selects the nearest neighbors to predict the missing values.
– PMF: PMF is proposed in [3] by Salakhutdinov and Mnih.
– Trust: In the experiments, we set the default trust distance as 4 for two
data sets.
– HybTMF: This approach formulated as Equation 1 is a simply integrated
algorithm.
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Performance Analysis

We report the MAE and RMSE values of all comparison methods on Epinions
and Flixster in Table 2. We observe that our method DTMF constantly outperforms HybTMF on both data sets. This demonstrates that DTMF model
can learn proper parameters for every user and select the appropriate ways to
combine matrix factorization and Trust methods. To show the signiﬁcance of
our performance improvement, we add t-test to test the signiﬁcance levels of our
model compared to other comparison parters and ﬁnd p-value is less than 0.01
on both data sets.
Table 2. Comparison on MAE and RMSE for DTMF and other recommendation
approahces
Data

Train

Metrics

Neighbor

PMF

Trust

HybTMF

DTMF

Epinions

80%

MAE
RMSE

0.8688
1.1514

0.8521
1.0759

0.8223
1.0754

0.8390
1.0589

0.8125
1.0388

Flixster

80%

MAE
RMSE

0.6726
0.9054

0.6746
0.9067

0.6752
0.9014

0.6640
0.8833

0.6503
0.8726

5

Conclusions

Due to the uneven distributions of ratings and relations, diﬀerent algorithm may
beneﬁt each user to diﬀerent extents.In this paper, we present a dynamic user
adaptive hybrid recommendation model which combines matrix factorization
and a trust-aware based method with user adaptive tradeoﬀ parameters. By
comparing with static combination parameters, the experimental results verify
that user adaptive parameters could improve the prediction accuracy.
Acknowledgments. This work was supported by Natural Science Foundation of
China (61272240, 71402083, 6110315).
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Abstract. Join plays an essential role in large-scale data analysis, but
the performance is severely degraded by data skew. Existing works can’t
adaptively handle data skew very well and reduce communication cost
simultaneously. To address these problems, we ﬁrstly propose a mixed
data structure comprising Bloom Filter and Histogram(BFH). Based on
BFH, Bloom Filter and Histogram Join(BFHJ) is proposed to handle
data skew adaptively. BFHJ can reduce communication cost by ﬁltering
unnecessary records. Furthermore, BFHJ adopts a heuristic partitioning strategies to balance workload. Experiments on TPC-H demonstrate
that BFHJ outperforms the state-of-the-art methods in terms of communication cost, load balance and query time.

Keywords: Skew handling join

1
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Introduction

With the wave of big data coming, join plays an essential role in large-scale
data analysis. Unfortunately, traditional RDBMS are no longer practical for
such large-scale data. Parallel framework MapReduce[1] has been proven as a
powerful approach for large-scale data analysis.
Several well-known join strategies has been implemented on MapReduce.
However, data skew happens naturally in many applications. The well-known
This work was supported by Natural Science Foundation of China (Grant No.
61300003), Specialized Research Fund for the Doctoral Program of Higher Education(Grant No. 20130001120001) and Ministry of Education & China Mobile Joint
Research Fund Program (MCM20130361).
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2/8 law[2] demonstrates this phenomenon. Data skew will cause load imbalance
and hot nodes which may overshadow the strengths of parallel infrastructure.
Several improvements have been proposed[3–5] to handle skewness, however,
there is still some room for improvement. For example, [3] can’t execute the
query adaptively. [4,5] fail in balancing the workload very well when data skew
is severe. What’s more, existing skew join algorithms haven’t considered reducing
communication cost by ﬁltering records not in the join result.
To overcome above problems, we propose a mixed data structure comprising
Bloom Filter and Histogram(BFH). Based on BFH, Bloom Filter and Histogram
Join(BFHJ) is proposed to handle data skew adaptively. BFHJ can detect and
ﬁlter unnecessary records. Furthermore, BFHJ adopts a heuristic partitioning
strategies to balance the workload. Experiments on TPC-H demonstrate that
BFHJ outperforms the state-of-the-art methods. In the following sections, BFHJ
will be presented and evaluated.

2

Bloom Filter and Histogram Join

The intuition of Bloom Filter and Histogram Join(BFHJ) is to handle data skew
adaptively and reduce communication cost. This section describes the architecture of this adaptive skew handling join algorithm using MapReduce framework.
2.1

The BFH Data Structure

BFH is a statistical data structure encompassing Bloom ﬁlter[6] and equi-width
histogram. BFH is built on the join attribute. It combines the space eﬃciency
of Bloom ﬁlter and the statistical property of histogram, which will help us
estimate the distribution of join attribute before query processing.
There are two key components in BFH: (i) a single-hash-function Bloom ﬁlter
of size m(bits); (ii) a hash table of counters for each non-zero bit of the Bloom
ﬁlter, which is considered as an equi-width histogram. Each bin in the histogram
is treated as a join part in our algorithm.
2.2

Filter and Partitioning Strategy

Assume that the BFH of relation L and R have been created called bf hL and
bf hR . A new operation called bitwise multiply is deﬁned for bf hL and bf hR to
get the distribution of join attribute in the result. In the bitwise multiply operation, the bitmaps are conducted a bitwise-and operation. The corresponding
bins between two histograms are conducted a multiply operation.
The new bitmap is considered as a ﬁlter. If the value equals 0 in the ﬁlter,
this indicates the corresponding record is not in the result. Although few records
will not be detected, it is a trade-oﬀ between space and accuracy.
In the new histogram after the bitwise multiply operation, the value of each
bin represents the count of a join part in the join result, which can also be
considered as the workload of this join part.
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For simplicity, assume that the processing ability of reducers is same. So, the
task is to to assign each join part to each reducer, minimize the max workload,
make the workload among reducers more balanced. Unfortunately, solving the
optimal assignment strategy is NP hard. So, an adaptive heuristics partitioning
strategies BFH-S(Sequence) is proposed which is shown in Algorithm 1.

Algorithm 1. BFH-S Partitioning Strategy
1:
2:
3:
4:
5:
6:
7:
8:
9:
10:

Input: workload of n join parts W = {w1 , w2 , ..., wn }
Output: join part sets of r reducers S = {S1 , S2 , ..., Sr }
L = {l1 , l2 , ..., lr }
lk ← 0,Sk ← ∅(1 ≤ k ≤ r)
for i from 1 to n do
lj = min{l1 , l2 , ..., lr }
Sj = Sj ∪ {i}
lj = lj + wi
end for
return S

In BFH-S, we pick the join part sequentially which is not yet assigned to a
reducer, and assign it to the reducer which has the smallest total workload. We
repeat these steps until all parts have been assigned.

3

Experiments

All our experiments are run on a 20-nodes cluster of Hadoop, which is an opensource implementation of MapReduce. We compare the performance of ReduceSide join(RSJ),Pig’s skew join(PSJ), Hive’s skew join(HSJ) and our BFHJ.
The TPC-H benchmark[7] is used in our experiments. The following query
is executed: select * from Customer C, Supplier S where C.Nationkey =
S.Nationkey. To control skewness, we randomly choose a portion of data and
change Nationkey to some values. To evaluate the BFH ﬁlter, 15% records which
are not in the join result are randomly selected by changing Nationkey.
3.1

Experimental Results

The BFH size is set to 10000 which is a trade-oﬀ between space and capacity.
Then BFH uses less than 100kb space. Tab.1 shows the creation cost of BFH
on diﬀerent data scale. From Tab.1, the creation time accounts for less than 5%
of the whole query time of BFHJ when skewness is 0.1. It is acceptable because
BFH could be reused.
Fig.1 illustrates the inﬂuence of join key cardinal and load balance of diﬀerent
algorithms. The data scale is 50G and the skewness is set to 0.1 on both relations.
Fig.1(a) demonstrates the communication cost. The map output records of
BFHJ are less than other algorithms since the BFH ﬁlter some unnecessary
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Table 1. Creation cost of BFH Data Structure
Data scale
Creation time
Query time(skewness = 0.1)
Create Time/Query Time

20G
22.843s
534.969s
4.27%

50G
82.172s
1989.631s
4.13%

100G
201.617s
4789.676s
4.21%

records. If BFH size is ﬁxed, the amount of ﬁltering records decreases with the
cardinal increasing. It is because more bits are set to 1 which is a false positive.
When the cardinal is 12000, all the bits are set to 1, so the ﬁlter ratio is 0.
In Fig.1(b), the query time is decreasing with the cardinal increasing because
total join results decrease. Signiﬁcantly, no matter what the cardinal is, BFHJ
is better than other algorithms in terms of query time.
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Fig. 1. The inﬂuence of join key cardinal and load balance

To evaluate the load balance, we ﬁgure out the using time of each reducer
when cardinal is 4000. In Fig.1(c), RSJ will cause some hot reducers because
of the skew. PSJ’s range partition can’t handle the skew on both relation. HSJ
improves the performance, but the using time are still unbalanced. The results
show that BFHJ can achieve the most balanced workload.

4

Conclusion

To handle data skew adaptively, this paper proposes the mixed data structure
BFH. Based on BFH, Bloom Filter and Histogram Join(BFHJ) is proposed.
BFHJ reduce communication cost by detecting and ﬁltering unnecessary records.
BFHJ balance workload by adopting a heuristic partitioning strategies. Experiments demonstrate that BFHJ outperforms the state-of-the-art methods.
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Abstract. Record Matching (RM) aims at ﬁnding out pairs of instances
referring to the same entity between relational tables. Existing RM
methods mainly work on key attribute values, but neglect the possible
eﬀectiveness of non-key attribute values in RM. As a result, when two
instances referring to the same entity do not have similar key attribute
values, they are unlikely to be linked as an instance pair. On the other
hand, the two instances may share some important non-key attribute values which can also help us identify the relationship between them. With
this intuition, we propose to employ non-key attributes in RM. Basically,
we propose a rule-based algorithm based on a tree-like structure, which
can not only deal with noisy and missing values, but also greatly improve
the eﬃciency of the method by ﬁnding out matched instances or ﬁltering unmatched instances as early as possible. The experimental results
based on several data sets demonstrate that our method outperforms
existing RM methods by reaching a higher precision and recall. Besides,
the proposed techniques can greatly improve the eﬃciency of a baseline.
Keywords: Record matching

1

· Non-key attribute · Algorithm

Introduction

RM aims at ﬁnding out pairs of instances referring to the same entity across
diﬀerent databases. Most existing RM solutions rely on string similarity metrics
to measure the similarity between key attribute values of instances and then
make decisions according to a predeﬁned similarity threshold [1]. However, an
arbitrary threshold hurts either the matching precision or the recall.
It happens frequently that two instances which do not have similar key
attribute values may share some non-key attribute values. Based on the observation, this paper works on employing non-key attributes for RM. We can see
that non-key attribute values can help us identify the relationship between two
instances from Table 1 and Table 2. Note that our method is orthodox to the
existing RM methods based on key attributes. We mainly pay attention on how
to use non-key attributes smartly to improve the precision and recall of RM.
c Springer International Publishing Switzerland 2015
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Table 1. Example “Cellphones on Sale” Table 1 collected from Tmall
t1
t2
t3
t4
t5
t6
t7
t8
t9
t10

Product
w2013
8295
MXII
Ericsson U1
4S
A880
Ascend M2
S930
G9098
8730L

Manufacturer
SAMSUNG
Coolpad
MeiZu
Sony
Apple
Lenove
HuaWei
Doov
SAMSUNG
Collpad

Size
3.7 inches
4.7 inches
4.4 inches
3.5 inches
3.5 inches
6 inches
6.1 inches
2.8 inches
3.67 inches
5.5 inches

RAM
1GB
1GB
2GB
512MB
512MB
1GB
2GB
512MB
2GB
1GB

Release
2013.04
2013.01
2012.12
2009.10
2011.01
2013.04
2014.03
2010.09
2014.09
2012.05

Type
Flip
Bar
Bar
Bar
Bar
Bar
Bar
Slide
Bar
Bar

OS
Android
Android
Flyme 2
S60V5
IOS 5
Android
Android
Android
Android

4
4.1

4.2
4.3
4.3
4.3

...
...
...
...
...
...
...
...
...
...
...

Table 2. Example “Cellphones on Sale” Table 2 collected from PConline
s1
s2
s3
s4
s5
s6
s7
s8
s9

Product
Galaxy w2013
8295
Meizu MX2
3s
IPhone 4s
A880
Mate2
S930
8730L

Manufacturer
SAMSUNG
Coolpad
MeiZu
XIAOMI
Apple
Lenove
HuaWei
Doov
Coolpad

Size
3.7 ”
4.7 ”
4.5 ”
5.1 ”
6.0 ”
6.1 ”
2.8 ”
-

RAM
1GB
2.0G
3G
512MB
1G
2GB
512M
1G

Release
2013-04
2013-01
2012-04
2011-10
2013-04
2014-03
2010-09
2012-05

Type
Flip
Bar
Bar
Bar
Bar
Bar
Slide
Bar

OS
Android 4.0
Android 4.1
Flyme 2.0
MIUI V5
IOS 5.0
Android 4.1
Android 4.3
Android 4.3

...
...
...
...
...
...
...
...
...
...

It is non-trivial to employ non-key attributes for RM. Compared to key
attribute, non-key attributes can be more noisy and inconsistent. Besides, there
are usually a lot more non-key attributes than key attributes, thus RM based
on non-key attributes has a signiﬁcant eﬃciency problem. We propose to build a
speciﬁc Probabilistic Rule-based Decision Tree with non-key attributes based on
their speciﬁc abilities: the ability in identifying matched instances referring to
the same instances, and the ability in ﬁltering unmatched instances. With the
tree, we expect to ﬁnd out matched instance pairs, as well as ﬁltering unmatched
instances as early as possible.
Definition 1. (RM with Non-Key Attributes (NokeaRM)). Given two
tables T1 = {t1 , t2 , ..., tn } and T2 = {s1 , s2 , ..., sm } sharing a set of attributes
SN K = {A1 , A2 , ..., Ap }, NokeaRM problem aims at ﬁnding a function F(ti , sj )
based on SN K and a threshold τ , such that for ∀ti ∈ T1 (1 ≤ i ≤ n), and ∀sj ∈ T2
(1 ≤ j ≤ m), they are linked instances referring to the same entity if and only
if: (1) F(ti , sj ) ≥ τ , and (2) ∀sk ∈ T2 , F(ti , sj ) ≥ F(ti , sk ).

2

A Probabilistic Rule-Based Algorithm

We propose a NokeaRM algorithm based on a probabilistic rule-based decision
tree built with non-key attributes. In the following, we ﬁrst introduce how we
build the tree, and then present a tree-based NokeaRM algorithm.
1) Building the Tree: Basically, the Probabilistic Rule-based Decision Tree
(or PRTree for short) is built with non-key attributes according to two important
properties of each non-key attribute, so-called Suﬃciency and Necessity. One’s
suﬃciency reﬂects its ability to ﬁnd out matched instance pairs while one’s necessity reﬂects its ability to reject unmatched instance pairs. Basically, we always
prefer to put attribute with the maximum suﬃciency or necessity score at the
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root part, such that it can accept matched pairs or decline unmatched pairs as
early as possible. Based on this intuition, we describe how to build the PRTree.
(1) Root Node: After estimating the suﬃciency and necessity of every non-key
attribute, we select the one with the maximum suﬃciency or necessity as the
root node. The root node has three branches, i.e., Matched (Y), Unmatched (N)
and Invalid (Null).
(2) Non-Leaf Node: To select an attribute for a non-leaf node, we estimate
the suﬃciency and necessity of all remaining attributes under the condition of all
its ancestor nodes, and select the one with the maximum conditional suﬃciency
or necessity as the node.
(3) Leaf Node: Every leaf node outputs “Matched” or “Unmatched”, showing
that the two instances are matched pair or not.
2) NokeaRM Algorithm based on PRTree: We describe the NokeaRM
algorithm based on PRTree. Basically, every instance pair (t, s) visits the PRTree
from the root node and stops when they reach a leaf node.Each time the pair
(t, s) comes to a node with attribute Ak , we check whether the two instances
in the pair share the same attribute value in the node. If yes, we go to the
“Matched” child node of the node, otherwise the “Unmatched” child node of the
node. But if some value under this attribute in the two instances are missing,
we go to the “Invalid” child node.When the pair goes to a leaf node, we will
output “Matched” or “Unmatched” according to the property of the leaf node.
The conﬁdence of the decision is jointly decided by all the nodes the pair passes
by from the root to the current node.

3

Experiments

We have experimented on two real world data sets and one synthetic data set.
We compare the precision and recall of our algorithms including Baseline and
PRTree (Nokey)-based methods against a state-of-the-art Pure Key-based
RM method. Edit distance is the way we use in all algorithms for estimating
string similarity. Besides, we also consider a proper way to combine our PRTreebased method with the key-based method and ﬁnd out that the best way is
to also take the key attribute into the tree. So we also use have a PRTree
(Key)-based method for comparison.
3.1

Comparison with Previous Methods

As shown in Figure 1, we can see that pure key-based method reaches the worst
precision and recall than the other methods, while the best performance is reached
by Baseline and PRTree method using both key and non-key attributes. The
PRTree method without key also has an impressive performance, but without the
key attribute we miss some important information for RM. Basically, our method
can always improve the precision by nearly 15%, and recall by around 20% on all
the three data sets.
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Fig. 1. Comparing the Precision and Recall against Previous Approaches
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Fig. 2. Comparing the Eﬃciency of NokeaRM against Previous Approaches

3.2

Scalability

As can be observed in Fig. 2, we compare the cost time for all the four methods
on these three datasets. The pure key method uses the least time since it uses
the key attribute only, while the PRTree-based method uses 10 times less time
cost than the baseline since the PRTree make all decisions as early as possible,
which greatly reduces the times of comparing attribute values.

4

Related Work and Conclusions

Record Matching (RM) has been studied extensively [3]. To avoid pairwise comparison, many eﬀective techniques have been proposed. Some work exploits
Q-Grams together with inverted indices [2], or preﬁx-based pruning techniques [4] to ﬁlter a large part of unmatched pairs for comparison. We study the
problem of RM based on non-key attributes and propose an eﬀective NokeaRM
algorithm. Compared to existing methods, we reach a much higher precision and
recall on several data sets. As a future work, we consider to involve crowdsourcing
in our method for reaching higher precision and recall.
Acknowledgements. This research is partially supported by Natural Science Foundation of China (Grant No. 61472263, 61402313, 61303019).
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Abstract. With rapid growth of data size and schema complexity, many
data sets are structured in tables but without explicit foreign key definitions. Automatically identifying foreign keys among relations will be
beneﬁcial to query optimization, schema matching, data integration and
database design as well. This paper formulates foreign key discovery as
a nearest neighbor search problem and proposes a fast foreign key discovery algorithm. To reduce foreign key candidates, we detect inclusion
dependencies ﬁrst. Then we choose statistical features to represent an
attribute and deﬁne two attributes’s distance. Finally, foreign keys are
discovered by ﬁnding nearest neighbors of all primary keys. Experiment
results on real and synthetic data sets show that our algorithm can discover foreign keys eﬃciently.

Keywords: Foreign key

1

· Nearest neighbors · Schema

Introduction

Schema is the basis to comprehend a database, which is of great signiﬁcance
in data modeling, query optimization, schema matching and indexing, etc. Primary/foreign key relationships play an important role in the schema of relational
database. However, many reasons will lead to incompletion of foreign key constraints in a database. For example, the database lacks support for checking
foreign key constraints, the designers ignore to check foreign keys on purpose
for performance consideration, or some relationships are not known to designers but are inherent in the data. All these reasons are quite frequent met in
databases. The absence of foreign keys will lead to poor data quality and thus
inﬂuence data analysis. When it happens in a database, which contains hundreds
of tables, thousands of attributes, countless tuples and lacks of documentation in
addition, it is extremely diﬃcult to identify the foreign keys even for an expert.
Surprisingly, little attention was paid to foreign key discovery. Most previous
work focuses on detecting INclusion Dependencies(INDs) [1][3]. An IND A ⊆ B
demands tuples in attribute A should appear in attribute B. Obviously, it is
not suﬃcient to identify foreign keys. In light of this, some researchers try to
c Springer International Publishing Switzerland 2015
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discovery all foreign keys in relations [4][5]. Zhimin C. et al. [2] simplify the
problem by discovering foreign keys between speciﬁed tables. All these work
either takes long time or discovers speciﬁed foreign keys. This paper focuses on
discovering all foreign keys in relations. We formulate foreign key discovery as
a nearest neighbor search problem, which reveals the essence of this problem.
Considering three similarities between two attributes, we propose a good distance
measure and separate foreign keys from other INDs eﬀectively and eﬃciently.

2

Foreign Key Discovery

We regard foreign key discovery as a nearest neighbor search problem.Given a
collection of relations T, a parameter R > 0 and a distance metric dist(∗, ∗), the
primary key set P is known, let C be the set of all attributes in T. The foreign
key discovery is constructing a data structure that, for each primary key Pi ∈ P,
reports all Fij ∈ C as Pi ’s foreign key(s) if dist(Pi , Fij ) < R.

Fig. 1. Overview of foreign key discovery

Figure 1 shows an overview of our algorithm. Similar to previous work, we
detect INDs ﬁrst to reduce candidates. We take SPIDER [1] to detect INDs.
To cope with multi-column INDs, we modify the SPIDER algorithm with a
level-wise method [3], which is widely used traverse all attribute combinations.
Since the choice of features has signiﬁcant inﬂuence on the achievable performance, we performed an extensive manual study to conclude meaningful features.
We sort attributes and represent them by feature vector. We list these features
below, each followed by a brief explanation.
– Distinct Tuples(DT): The number of distinct tuple in an attribute. Foreign key values often cover a wide range of primary key values.
– Attribute Name(N): This feature is used to measure the distance of two
attribute names, which reﬂect the similarity of names.
– Average(A): The average of all distinct tuples for a numerical attribute.
The averages of a foreign key and its primary key are often very close.
– Variance(V): The variance of all distinct tuples for a numerical attribute.
The variances are often close between a foreign key and its primary key.
– Average Length(AL): The average length of all tuples for a sting
attribute. The average lengths should be similar when the values of a foreign
key form a non-bias sample of the primary key.
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– Median(M): The median tuple of all distinct tuples for an attribute. The
median of a foreign key should be close to the median of its primary key.
These features mainly cover name similarity and distribution similarity, for
the value similarity is considered during IND detection. All these features should
be normalized and then we use l2 to measure two attributes’ distance:
dist(P, F ) = (DTP , NP , AP , VP , ALP , MP ) − (DTF , NF , AF , VF , ALF , MF )

(1)

where DTP , NP , AP , VP , ALP , MP ; DTF , NF , AF , VF , ALF , MF are the features
of attribute P and F. We compute all distances of each IND pair. There is a big
jump between foreign keys and other INDs for foreign key and primary key have
underlying sematic relationship. Our algorithm can detect this big jump point
automatically and unitize it as threshold to separate foreign keys from INDs.

3

Experiments

We evaluate our algorithm on two benchmark synthetic databases(TPC-E and
TPC-H), a sample database of MySQL(sakila), as well as an information management system database(EMIS). The characteristics of them are shown in table
1, where T is the number of non-empty tables, Avg(C) and Max(C) are the
average and maximum number of columns per table, Avg(R) and Max(R) are
the average and maximum number of rows per table, SC and MC are numbers
of single column and multi-column foreign keys.
Table 1. Characteristics of data sets
T Avg(C) Max(C) Avg(R) Max(R) SC MC
TPC-H
TPC-E
sakila
EMIS

8
32
16
112

8
6
6
9

16
24
13
59

1082504 6000003 9
171127 4469625 44
2954
16049 22
120744 4062145 110

1
1
0
1

Our algorithm is implemented with C#, and performed experiments on an
Intel Core i7-2600 3.40GHz with 8GB RAM running SQL Server 2008. We evaluate Precision, Recall and F-measure. The schemas of the databases are the
ground truth. Table 2 shows our algorithm’s eﬀectiveness for diﬀerent data sets,
where “CP NO.” means the big jump point. It is easy to see our algorithm can
obtain a good precision and recall.
We compare our algorithm with randomness test [5] in TPC-H and TPC-E,
as shown in table 3. The eﬀectiveness of the two method is close. However, we
avoid high complexity attribute distance computation.
We test the scalability of our algorithm on four TPC-H instances with size
1MB, 10MB, 100MB, 1GB and 10GB. The running times for each of two phases
and the total time are shown in ﬁgure 2. Phase 1 stands for IND detection,
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Table 2. Eﬀectiveness for each data set
TPC-H TPC-E sakila EMIS
CP NO.
Precison
Recall
F-measure

10
0.8
1
0.89

59
0.59
0.78
0.67

22
0.77
0.81
0.79

45
1
0.49
0.66

Table 3. Eﬀectiveness comparison with randomness test
Precison Recall F-measure
randomness test
our method
randomness test
TPC-E
our method
TPC-H

1
0.8
0.57
0.59

1
1
0.82
0.78

1
0.89
0.67
0.67

6

log10(Time in ms)

5.5
5
4.5
4
3.5
Phase 1
3

Phase 2
Total Time

2.5
2

1

1.5

2

2.5

3

3.5

4

4.5

5

log10(Size in MB)

Fig. 2. Scalability Results

and phase 2 stands for foreign key discovery. For the 10GB instance, the total
running time is less than 20 minutes, while [5] takes more than 2.5 hours. Our
algorithm is more applicable to enterprise-scale data sets.

4

Conclusion

Discovering foreign keys in relations is a very important task with wide applications. But it is very challenging both in eﬀectiveness and eﬃciency. This paper
formulates it as a nearest neighbor search problem and deﬁnes a sound distance
between attributes. Experiments demonstrate our method obtains high eﬃciency
with little eﬀectiveness loss. One interesting future work is generalizing this work
by allowing fuzziness of the column values because data may come from diﬀerent
sources.
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Abstract. In this paper, we propose an ontology-based event description language, OntoEvent, for semantic event modeling in CEP system. In OntoEvent
language, complex events are modeled and described in the form of event ontology. We propose the concept of nature language event constructor and define
them by synonym set of WordNet database to describe logical and temporal
event relationship in OntoEvent. We demonstrate event ontology examples in
application domain of smart home, and our analysis shows that OntoEvent is of
rich expressiveness compared to other related languages.
Keywords: Complex event processing · Ontology · Event description language ·
Semantic · WordNet · Natural language processing

1

Introduction

Complex event processing (CEP) [1] technique is one of the important cornerstones to
connect cyber and physical world. Semantic event modeling and processing helps CEP
systems to establish a transparent, machine-understandable knowledge discovering
process. Some typical semantic complex event processing (SCEP) systems such as
SCEPter [2], OECEP [3] and DyKnow [4] are proposed. However, a fundamental problem for SCEP is that no general-purpose semantic model for event construction has been
proposed. In this paper, we propose an ontology-based event description language, OntoEvent, for semantic event model in CEP systems. In OntoEvent semantic model, we
divide the concepts into two levels: general concepts and domain-specific instances,
which promises the OntoEvent can be dynamic extended for different application usage.
Complex events are modeled and described in the form of event ontology based on nature language event constructors. Our analysis and preliminary implementation proves
that OntoEvent is of rich expressiveness and interoperability between different event
description languages. The rest of this paper is organized as follows: Section 2 presents
© Springer International Publishing Switzerland 2015
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the semantic models and elaborates the event description language. We demonstrate an
event example and discuss the language expressiveness in Section 3. Section 4 concludes
the paper and discusses our future works.

2

OntoEvent Language

The semantic model of OntoEvent language defines and describe the concepts and
their inter-relationship in complex event processing. It is a two-level framework
which includes a set of general upper ontology and interfaces for different application
domain ontology extensions. All the concepts in OntoEvent semantic model are
grouped into four domains: Entity, Dimension, Activity, and Service. The semantic
model of OntoEvent is established and implemented in OWL [5] ontology languages.
Based on this semantic model, we present a novel ontology-based event description
language, OntoEvent. Different from other event description language which we have
surveyed in Section 2, OntoEvent language defines complex event as an ontology by
its event component and their relationship. The component of a complex event includes primitive event, event constructor, event pattern, attribute, sliding window size
and response action. The OntoEvent language is defined as follow:
OntoEvent Language Model. The OntoEvent language model is denoted as E = (e, c,
p, a), in which e is the event set, o is the event constructor set, p = {hasComponent,
hasAttribute, hasSource, hasData, hasWindow, hasAction} is the ontology property
set and a stands for the attribute/data set. The pattern, primitive event source, attribute
constraints, event window and response action of a certain complex event is defined
by the following triples:
Pattern.
hasComponent
, defines how the event is constructed
by primitive events and event constructors.
Source.
hasSource
, defines the primitive event source and indicates
their corresponding attributes.
Constraints.
hasData, hasAttribute
, defines the attribute constraints of primitive of event constructor.
Window.
hasWindow
, defines the overall processing time limitation on
the input event stream.
Action.
hasAction
, defines the response action for the complex event
when it is detected.
In OntoEvent language, we introduce the notion of nature language event constructor
to express the logic and temporal relationship in event pattern. These constructors are the
“keywords” for pattern description in natural English language. In order to support synonym keyword in event description, we introduce WordNet [6], which is a lexical semantic database groups English words into sets of synonyms. With the help of WordNet, we
can avoid repetition of similar keyword definitions. Besides, natural or semi-natural description from end-users can be processed by natural language processing (NLP) and
mapped into their equivalent constructors. In Table 1, we present and explain some
typical representative constructors and their equivalent WordNet synset.
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Table 1. Typical Nature Language Event Constructors

Representative
Constructor

Equivalent Synset in WordNet

and

(adv)

or
not

(adv)
(adv)

then

(adv)

distance

(n)

distance, space

within

(adv)

within, in

keep

(v)

retain, continue,
keep, keep on

3

Type

Synonymy
meanwhile, meantime,
in the meantime
either
no
subsequently, later,
afterwards, after

Constructor Semantics
Conjunction of two event/constructor components.
Disjunction of two event/constructor components.
Negation of event/constructor component.
Sequence of two event/constructor components,
representing the two event occurs sequentially.
Describing the temporal distance of two
event/constructor components.
Describing that event/constructor component
occurs within the certain time interval.
Describing that one or more event/constructor
component occurs and no counter instance occurs
within a certain time interval.

Application Scenario and Event Example

We illustrate our proposed event description language using event examples in smart
home application scenario. Smart home refers to a home environments that are
enabled for co-operation of smart objects and systems for ubiquitous interactions [7].
In this environment, we leverage devices such as location sensor, body sensor and
other sensing devices to generate primitive event streams.
Natural Language Event Description. This pattern set the status of user as sleeping
if user enters the bedroom first and then heartbeat rates keep lower than 70 within 30
seconds, while the temporal distance between these two events is [600, 1200].
Set Status

ComplexEvent

rdfs: range

rdfs: range

Bedroom

rdfs: range

hasData

rdf: type
rdfs: domain

LocationSensor

rdfs: domain

hasAction

rdfs: range

Sleeping
rdfs: domain

hasSource

rdfs: domain
rdfs: domain

hasComponent

rdf: type

UserLocation

PrimitiveEvent

rdfs: range

hasComponent

then

hasComponent

hasWindow

rdfs: range

rdfs: range
rdfs: range

time: 1200

rdfs: domain

hasComponent

hasComponent

hasComponent
hasData

hasData

rdfs: range

within
[600, 1200]

rdf: type

Heartbeat

rdfs: domain

rdfs: range

distance

keep

rdfs: domain

rdfs: domain

hasData

hasSource

rdfs: range

rdfs: range

<70

BodySensor

time: 30

Fig. 1. Event Ontology Example

The event ontology for this event example is depicted in Figure 1. This event
describes a temporal-constrained event sequence and iteration consists of two primitive event UserLocation and HeartBeat. The source of primitive event are declared by
attribute hasSource. The event constraints are defined by hasData. To describe this
complex event Sleeping, we leverages the constructor then, keep, within and distance
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to depict the event logic. Specifically, we use constructor distance to describe the
temporal distance between two event components of constructor then. We use keep to
describe the event repetition of HeartBeat when the reading is lower than 70 and declared the time scope of 30 seconds by within constructor.
OntoEvent has rich expressiveness in logical and temporal aspects. Especially, it
provides a set of synonym constructor to express the event iteration or status maintenance. The expressiveness of OntoEvent can be extended by defining more event constructors. Because of the essence of ontology, the event ontology can be defined and
demonstrated in a user-friendly visualized paradigm. Therefore, as an ontology-based
language, it is designed to be a middle-language to provide interoperability among
different event processing systems by language rewriting techniques. Natural
language event descriptions can be tranformed into event ontology by NLP. Besides,
existing non-semantic event descriptions in existing CEP systems can be transformed
into OntoEvent language by event rewriting.

4

Future Works

In our other works, an ontology-based event processing engine have been preliminarily implemented based on OntoEvent language. In this event processing model, we transform event ontology into non-deterministic finite automata-based detection model. A multi-target detection model is established according to the inference
relationship between events which is derived from defined event ontologies. In the
future work, we plan to establish a natural event query processing approach with the
help of NLP, to map natural language query into equivalent event ontology. By this
means, ontology-based CEP system can provide a user-friendly interface in complex
event querying.
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Abstract. In this paper, we propose a novel diﬀerential trust propagation scheme with community discovery, which can be applied to all
kinds of trust propagation algorithms. We ﬁrst use a random walk-based
community discovery algorithm to preselect suspicious communities in
which the members are almost spam pages. We then utilize these suspicious communities to limit the across-community-boundary trust propagation. Experimental results on WEBSPAM-UK2007 and ClueWeb09
demonstrate that the proposed penalizing scheme signiﬁcantly improves
the performance of trust propagation algorithms such as TrustRank,
LCRank, CPV.
Keywords: Web spam · Community discovery · Diﬀerential trust propagation

1

Introduction

Trust propagation algorithms (e.g., TrustRank [1]), which propagate trust of a
carefully selected seed set of good pages to the entire Web, have been widely
used for spam demotion. However, in most existing algorithms, trust is propagated in non-diﬀerential ways. Thus, a diﬀerential trust propagation scheme
in which a page propagates less trust to a (suspicious) spam neighbor than a
normal one is urgently needed [2]. In this paper, we propose a diﬀerential trust
propagation scheme with community discovery. Firstly, considering known spam
pages and reputable pages as seeds, we extract communities using seed-based
community identiﬁcation techniques. We then use the extracted communities to
limit across-community-boundary trust propagation. Since most members of the
extracted communities are spam pages, the good-to-bad trust propagation can be
eﬃciently limited. Experimental results show that our scheme can signiﬁcantly
improve the performance of trust propagation algorithms such as TrustRank,
LCRank, CPV.
W. Liang—This work was supported by NSF of China (No. 61272374,61300190),
SRFDP of Higher Education (No.20120041110046) and Key Project of Chinese Ministry of Education (No. 313011).
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The Framework

2.1

Extracting Spam Communities

In this section, we propose a community discovery method to aid trust propagation for spam demotion based on a lazy random walk [3]. Given both spam
seed set and good seed set, we can use a biased random walk to extract other
members within the same community. A formal description of this strategy is
presented in Algorithm 1.

Algorithm 1. Spam Community Discovery
Input: Web graph G = (V, E), Adjacency matrix A, Spam seed Set S − , Reputable seed set S +
Output: Spam community C
t = 0;
while t < step do
pt+1 = 1
(I + AD −1 )pt ;
2


(I + AD −1 )pt ;
pt+1 = 1
2

t = t + 1;
for each page i ∈ V do



pt (i) = pt (i)/(pt (i) + pt (i))
normalization p;
for each page i ∈ V do
if pt (i) ranks top k-percentile then
Add i into C;
return C;

2.2

Trust Propagation with Limitation

Limited TrustRank. In our framework, the trust scores are limited when
propagate from non-community members to community members. The formula
of Limited TrustRank (L-TrustRank) is:


/ C,
α · q:(q,p)∈E γ·t(q)
ω(q) + (1 − α) · s(p), if p ∈ C and q ∈
t(p) =
(1)

t(q)
α · q:(q,p)∈E ω(q)
+ (1 − α) · s(p), otherwise.
where α is a decay factor, C is the spam communities extracted, γ is a penalty
factor. s is the normalized trust score vector for the good seed set S + .
Limited LCRank. Anti-Trust Rank [4], which is broadly based on the same
principle as TrustRank, propagates distrust via inverse-links from a seed set of
spam pages. The iteration formula of Anti-Trust Rank is:
d(p) = α


q:(p,q)∈E

d(q)
+ (1 − α )s (p)
ι(q)

(2)
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where s is the normalized distrust score vector for the bad seed set S − :

0,
if p ∈
/ S −,

s (p) =
−
1/|S |, otherwise.
We call linear combination of TrustRank and Anti-Trust Rank [5] LCRank for
short, which is calculated as l = η × t − β × d, where η and β (0 < η < 1, 0 <
β < 1) are two coeﬃcients to give diﬀerent weights to Limited TrustRank scores
t and Anti-Trust Rank scores d in the linear combination. Our Limited LCRank
(L-LCRank) algorithm uses L-TrustRank score in the combination.
Limited CPV. CPV [6] assigns two scores to each page called AVRank (AV
for Authority value) and HVRank (HV for Hub Value). The iteration formulas
of Limited CPV (L-CPV) are:
 

hv(q)
/ C,
β q:q→p γ·av(q)
q:q→p ω(q) , if p ∈ C and q ∈
ω(q) + (1 − β)
(3)
av(p) =


·av(q)
hv(q)
β q:q→p ω(q) + (1 − β) q:q→p ω(q) , otherwise.

hv(p) =

3

β
β



hv(q)
ι(q)
hv(q)
q:p→q ι(q)

q:p→q


+ (1 − β  )


+ (1 − β )



γ·av(q)
ι(q) ,
av(q)
q:p→q ι(q) ,

q:p→q

if p ∈ C and q ∈
/ C,
otherwise.

(4)

Experiments

We conducted experiments on WEBSPAM-UK2007 dataset [7] and TREC Category B of ClueWeb09 dataset [8]. We chose TrustRank [1], LCRank [5] and CPV
[6] as the baseline algorithms for comparison with L-TrustRank, L-LCRank and
L-CPV. To evaluate the performances of spam demotion algorithms, the set of
sites (pages) is split into a number (we use 20 here) of buckets according to
PageRank values, then evaluation criteria below are used.
Spam Sites (Pages) in Top-k Buckets: The results on WEBSPAM-UK2007 and
ClueWeb09 are shown in Fig. 1 - 3 and Fig. 4 - 6, respectively. It can be obviously
seen that our algorithms put fewer spam sites in the top buckets than the baseline
algorithms, which is a signiﬁcant improvement in demoting spam sites.

Fig. 1. Spam sites in topk buckets of TrustRank
and
L-TrustRank
on
WEBSPAM-UK2007

Fig. 2. Spam sites in
top-k buckets of LCRank
and
L-LCRank
on
WEBSPAM-UK2007

Fig. 3. Spam sites in topk buckets of CPV and
L-CPV on WEBSPAMUK2007
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Fig. 4. Spam sites in topk buckets of TrustRank
and
L-TrustRank
on
ClueWeb09

Fig. 5. Spam sites in topk buckets of LCRank and
L-LCRank on ClueWeb09

Fig. 6. Spam sites in topk buckets of CPV and LCPV on ClueWeb09

Fig. 7. Average demotion distances of spam
sites
of
TrustRank
and
L-TrustRank
on
WEBSPAM-UK2007

Fig. 8. Average demotion
distances of spam sites of
LCRank and L-LCRank
on WEBSPAM-UK2007

Fig. 9. Average demotion
distances of spam sites
of CPV and L-CPV on
WEBSPAM-UK2007

Table 1. SpamFactors on WEBSPAMUK2007

Table 2. SpamFactors on ClueWeb09
TrustRank LCRank CPV

TrustRank LCRank CPV
Baselines
L-version

0.0518
0.0429

0.0566 0.0573
0.0449 0.0557

Baselines
L-version

0.4329
0.1622

0.4069 0.4015
0.1588 0.2331

Average Spam Sites (Pages) Demotion Distances: This criterion indicates
the average demotion distance (how many buckets) of spam sites in the ranking
results. Fig. 7, Fig. 8 and Fig. 9 show the average demotion distances of spam
site on WEBSPAM-UK2007, which validate the superiority of our algorithms.
SpamFactor : This criterion increases when more spam pages are presented
in the top positions of the ranking list. The smaller the SpamFactor is, the more
eﬀective the algorithm is. The results shown in Table 1 and Table 2 demonstrate
that our algorithms outperform the baseline algorithms.

4

Conclusions

In this paper, we have proposed an integrated framework to combat Link-based
Web spam. The framework includes two steps: extracting spam communities and
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propagating scores with limitation, which is more aligned with the idea of trust
propagation, i.e. it only propagates trust to the pages which are really trustworthy. Experimental results indicate that the limited versions of such algorithms
as TrustRank, LCRank and CPV can achieve better results for spam demotion.
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Abstract. Many studies have been done to investigate good abandonment, but only a few have utilized it to improve search engine performance.
In this paper, we aim at inferring user preference in good abandonment.
Particularly, we use eye movement data to infer which search result has
satisﬁed user’s information need in each good abandonment instance. An
eye-tracking experiment was conducted to capture user’s eye movement
data in good abandonment search tasks. These data were transformed into
histograms and sequences on which we applied popular machine learning
algorithms for the inference. Our results show that the approach can infer
user preference with reasonable accuracy.
Keywords: Good abandonment · User preference inference · Eye movement · Search result preference · Eye-tracking

1

Introduction

Search engines have a long history of using user behavior as implicit feedback
to improve retrieval performance. Typically, it is eﬀective and eﬃcient to use
clickthrough data as implicit feedback, with the assumption that clicked search
results are commonly more relevant than non-clicked ones. But, a query may
not always be followed by a click. User’s inactivity in Web search is called
search/query abandonment which has been generally considered as a negative
signal. Recent studies (e.g., [1]) report that search abandonment is sometimes
a good thing, because user’s information need can be satisﬁed directly by the
content of the search engine results page (SERP). Search abandonment in this
kind of situation is deﬁned by the notion of good abandonment [2]. Many studies have investigated good abandonment [3][4][5][6][7][8], but only a few have
addressed the issue of how good abandonment can be used for search engine
improvement [1][5][7][8].
In this paper, we aim at inferring user preference in good abandonment, which
can be seen as a next step after successfully identifying good abandonment. To
achieve our goal, we propose to use eye-tracking technologies, assuming that
user’s preference can be revealed by his/her eye movements on the SERP.
c Springer International Publishing Switzerland 2015
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Method
Eye-Tracking Experiment

The experiment was conducted to capture user’s eye movements in good abandonment search tasks. A task is considered as good abandonment when the information need can be directly satisﬁed by the content of the SERP. We designed
ten tasks within the categories in [2], e.g., the deﬁnition of image processing. For
each task, we carefully selected the keywords to avoid any Answer (a direct result
for topics such as weather) showing up on SERPs, and to make sure the search
results satisfying the search goal were not always in top positions. We recruited
30 university students (15 females) who were from a variety of disciplines, with
an age range from 19 to 28 (M = 23.9, SD = 2.0), and were familiar with Web
search engines. Eye-tracking was performed using a Tobii T120 eye-tracker. Logging of click and eye movement data were done by the software Tobii Studio. For
each participant, the experiment began with a practice. Following the practice
there were the 10 search tasks. For each search task, a search engine portal with
predeﬁned keywords was shown on the screen. Participants read the keywords
and clicked on the search button triggering the SERP to show up. Participants
had to ﬁnd the information within the SERP and click on a “complete” button
(a simulation of “closing the browser” [6]). After that, the closed SERP was
shown again, and participants need to click on the search result in which he/she
found the information to provide a preference feedback.
2.2

Data Transformation and Machine Learning Algorithms

We transformed the raw eye movement data into histograms and sequences. A
histogram is a ﬁxed-length feature vector describing the distribution (location
wise) of one participant’s eye movements in one search task. The histogram
has three forms: total ﬁxation count (TFC), total ﬁxation duration (TFD), and
TFC+TFD. That is,
(1)
hT F C = {c1 , c2 , . . . , c10 }
hT F D = {d1 , d2 , . . . , d10 }

(2)

hT F C+T F D = {c1 , c2 , . . . , c10 , d1 , d2 , . . . , d10 }

(3)

where cx and dx are the ﬁxation count and ﬁxation duration of search result x
(10 search results in each SERP), respectively. A sequence is an unﬁxed-length
feature vector presenting one participant’s scan path in one search task. The
sequence has two forms: ﬁxation location (FL), and ﬁxation location and ﬁxation
duration (FL+FD). That is,
sF L = {l1 , l2 , . . . , ln }

(4)

sF L+F D = {(l1 , d1 )T , (l2 , d2 )T , . . . , (ln , dn )T }

(5)

where lx and dx are the location and duration of ﬁxation x (x ∈ N ), respectively.
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After the data transformation, we gave each histogram and sequence a label
in light of its corresponding preference feedback. This makes the inference of
user preference become a multi-class classiﬁcation problem. We employed two
machine learning algorithms for each data type: Support Vector Machine (SVM)
and Random Forests (RF) for histograms; and Hidden Markov Model (HMM)
and Hidden-state Conditional Random Fields (HCRF) for sequences.

3

Result

From the eye-tracking experiment, we obtained usable eye movement data for 285
of the 300 tasks. Based on the distribution of participant’s preference feedback,
a naive majority baseline (MB), assigning all instances to the class of highest
frequency, resulted in an accuracy of 30.88%. Besides the MB, we created three
criteria to infer user preference: most viewed (MOV), longest viewed (LOV), and
last viewed (LAV). The MOV and LOV assume that the preferred search result
is the most frequently viewed one, measuring by either ﬁxation count (MOV) or
ﬁxation duration (LOV). The LAV assumes that the preferred search result is
the last viewed one. We used the metric of accuracy to evaluation the inference
ed
) × 100%. Our results are
of user preference, where Accuracy = (1 − misclassif
all
summarized in Table 1. All machine learning algorithms and criteria outperform
the MB baseline, and machine learning algorithms outperform criteria (except
for HCRF which is worse than LAV). Besides, the performances of SVM and
RF are better than HMM and HCRF, suggesting that the histogram is more
suitable for inferring user preference than the sequence.
Table 1. The summary of inference accuracies
Method
Inference accuracy Relative to MB Relative to LAV
SVM (TFC+TFD)
80.53%
+161%
+13%
RF (TFC+TFD)
80.26%
+160%
+12%
Algorithms
HMM (FL)
73.48%
+138%
+3%
HCRF (FL)
68.95%
+123%
−4%
LAV
71.58%
+132%
−
Criteria
MOV
54.74%
+77%
−24%
LOV
54.39%
+76%
−24%
Baseline
MB
30.88%
−
−57%

Based on our approach, it is possible to take advantage of good abandonment
instances. For example, clickthrough rate (CTR) is one of the most used features
for search engine improvement. Traditionally, CTR is calculated by CT R =
Clicks
Impressions . Now we know which search result has satisﬁed user’s information
need in good abandonment, we can create another CTR or a Good Abandonment
CTR (GACTR) by taking inferred user preference into account:
CT R =

Clicks + P ref erences
Impressions

(6)
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P ref erences
(7)
GoodAbandoments
where Preferences is the number of inferred user preferences, and GoodAbandoments is the number of good abandonment instances. We believe that the
proposed CTR features are more precise than the original one. But further studies are needed to examine the impact of these new features.
GACT R =

4

Conclusion

In this paper, we proposed an approach to infer user preference in good abandonment based on eye movement data. Experimental results demonstrated the
eﬀectiveness of our approach. In addition, we discussed how to use the inference
result to improve search engine performance by reﬁning the CTR feature.
Acknowledgments. This work was supported in part by the Natural Science Foundation of China under Grant No.61375044, the specialized Research Fund for the Doctoral
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Abstract. With the advent of cloud computing, data owners could
upload their databases to the cloud service provider to relief the burden of data storage and management. To protect sensitive data from the
cloud, the data owner could publish an encrypted version of the original data. However, this will make data utilization much harder. In this
paper, we consider the problem of private range query. Speciﬁcally, the
data owner wants to obtain all the data within a query region, while
keeping the query private to the service provider. Previous works only
provide partial security guarantee, and are ineﬃcient to deal with large
scale datasets. To solve this problem, we present a fully secure scheme
based on private information retrieval (PIR) and batch codes (BC).
Keywords: Secure range query
tion retrieval

1

· Cloud computing · Private informa-

Introduction

In cloud computing paradigm, data owners could outsource their databases to
the service provider, and thus reap huge beneﬁts from releasing the heavy storage and management tasks to the cloud server. However, sensitive data, such as
medical or ﬁnancial records, should be encrypted before being uploaded to the
cloud [7]. To preserve the privacy of sensitive data, decryption keys should never
be revealed to the cloud server. Unfortunately, this will introduce new challenges
to data utilization. Considering the multi-dimensional range queries, which are
typical database query operations in real life, lightweight encryption scheme, e.g.
block cipher [3], cannot be directly applied for the server to conduct the queries.
To enable private queries over encrypted data, Lu [1] proposed LSE, a symmetric encryption scheme, which can deal with the private single-dimensional range
queries in logarithmic time. As a multi-dimensional range query can be decomposed to several single-dimensional queries, LSE theoretically can be extended to
support private multi-dimensional range queries. However, the extended scheme
will cause signiﬁcant information leakage. Speciﬁcally, the cloud server will learn
the exact relationship between every single-dimension of the query data and the
c Springer International Publishing Switzerland 2015
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outsourced data. Other recent works, e.g. [2], are also suﬀered from leaking this
kind of information to the cloud server.
To prevent the single-dimensional information leakage, Wang et al. [4] proposed Maple by leveraging Hidden Vector Encryption [5] in a novel way.
Although Maple can provide stronger privacy guarantee than previous works,
it is still not fully secure in the sense of cryptography, e.g., the cloud server can
learn the query path as well as which data records are the query results during
each query. The cloud server can easily determine the data distribution based
on this knowledge through statistical analysis. Besides, this work is ineﬃcient
due to the heavy computational operations of cryptography.
To deal with this problem, we present in this paper a fully secure scheme
based on private information retrieval (PIR) [8] and batch codes (BC) [6].

2

Approach

To improve computational eﬃciency and to reduce storage cost, we adopt the block
cipher as the underlying encryption scheme. Speciﬁcally, we use the AES in counter
mode to encrypt the data records before uploading them to the cloud server.
2.1

Basic Scheme

We ﬁrst give a basic private range query protocol. When the data owner wants to
issue a range query, she does not send the server any information about the query
region. Instead, she just submits a query requirement. Once receiving a query
requirement from the data owner, the cloud server forwards all the encrypted
nodes and the topology structure in high levels of the encrypted tree to the
data owner. Each node in the bottom level is required to be associated with
an identity that contains the indexes of its children nodes in the next level.
The data owner ﬁrst decrypts the root node, and then decides which nodes
in the next level should be selected based on the intersection judgement. This
process will continue until the data owner obtains the desired indexes of the
children nodes of the bottom level. The above process is secure, because the
data owner does not send any conﬁdential information to the cloud server. Also,
storage and computational overhead can be reduced by restricting the number of
levels. Obviously, this process only enables the data owner to perform traversal
over limited levels, as transferring the nodes in the next level will incur large
communication cost and storage overhead on the data owner. Fortunately, this
problem can be resolved by adopting PIR protocol. Recalling that during the
above process, the data owner has already known which nodes in the next level
should be transferred. In the next step, the data owner and the cloud server
could engage in PIR protocol several times to let the data owner extract the
information of these nodes, without revealing the required nodes to the cloud
server. The data owner then decrypts these nodes and judges which children
nodes should be transferred in the next level. This process could continue to the
end, and the data owner will obtain all the data records within the query region.
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Although the above solution ensures the data owner obtains the correct query
result and does not leak much information, it may cause large volume of computation on the server side, because the computational time on the cloud server
will increase linearly with respect to the amount of query result. The protocol will suﬀer from ineﬃciency in such a case. In the next subsection, we will
present an improvement to greatly reduce the cost. Integrating the improvement
into the above query protocol, we can easily eliminate the potential security risk
by masking the amount of elements issued in each level, and it will not cause
signiﬁcant increase of the overhead.
2.2

Eﬃcient Private Range Query Protocol

As shown in [6], batch code constructions can be used to support multi-round
PIR. We now give an example to show how it works. Considering a database with
n bits, one can straightforwardly use the above PIR scheme twice to obtain two
elements of the database. However, the corresponding computational overhead
is 2n multiplications at the server. If we partition the database into two parts:
L and R containing n/2 bits each, and store L on the ﬁrst bucket, R on the
second and L ⊕ R on the third. Now one can extract two elements by calling
single-bit PIR in each bucket, and the computational overhead at the server is
reduced to 3n/2 multiplication. Also, the database can be partitioned into m
n
, i = 1, ..., m. We also append a part
parts, i.e. n = n1 ||...||nm , where |ni | =  m
nm+1 = n1 ⊕ ... ⊕ nm . Now it is easy to know that we can retrieve any two bits in
n by extracting single bit from each of the m + 1 parts, and the computational
overhead at the server will be reduced to (m + 1)n/m multiplication.
This process can be recursively applied to support 2d -bit information
retrieval, and the computational overhead at server side is monotonic with
respect to m. However, we cannot simply set m the maximum value to reduce
the total cost, as this will also increase the corresponding computational overhead at the data owner side and the communication overhead. Fortunately, the
optimization coding scheme can be selected easily by considering the overall
overhead, and using such a coding scheme will greatly reduce the total cost.

3

Experiments

Our protocols are implemented in C++ using GMP library and tested on two
MacBook Pro laptops (2.2GHz CPU and 16GB RAM) connected by a 100 Mbps
LAN. The default experimental setting is as follows: the encryption key length
is 128, the bit length of N is 1024, the bit length l of each data record is 24,
the maximum number of result points k is 64, the number of data records n
is 4,000,000. We show in Fig. 1 the computation time and message volume by
executing diﬀerent partition scheme (where m varies from 1 to 13). Clearly, the
computation overhead will decrease rapidly, and the transmitted message volume
will increase slowly when m varies from 1 to 7. So, we could easily select the best
encoding scheme to greatly reduce the total overhead. Based on the optimization
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partition scheme, even to deal with 10,000,000 data records, our protocol can be
ﬁnished within 10 minutes, which is much faster than the most secure previous
work (Maple requires 928 seconds to deal with 100,000 data records).

(a) Computation Complexity

(b) Communication Complexity

Fig. 1. Performance evaluation v.s. number of m

4

Conclusions

In this paper, we have studied the problem of private range queries in outsourced
database. We have presented a fully secure scheme based on private information
retrieval. By adopting batch code, our scheme is much more eﬃcient than stateof-the-art approaches.
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Abstract. The study on inﬂuence modeling is to understand the information diﬀusion and word-of-mouth marketing. In this paper, based on
Three Degrees of Inﬂuence theory, we propose a suitable diﬀusion model
named Three Steps Cascade Model (TSCM) to simulate online social
network information diﬀusion process. We focus on the inﬂuence maximization problem under TSCM and devise an eﬃcient algorithm to solve
this problem. The experiment results on real-networks show the robustness and utility of our approach.
Keywords: Viral marketing
of inﬂuence · Social network

1

· Inﬂuence maximization · Three degrees

Introduction

In [1], Nicholas A. Christakis and James H. Fowler proposed Three Degrees of
Inﬂuence theory (TDI theory for short). Based on their long-term investigation,
they found that in social networks, everything we do or say tends to ripple
through our network, having an impact on our friends (one degree), our friends’
friends (two degrees), and even our friends’ friends’ friends (three degrees). Our
inﬂuence gradually dissipates and ceases to have a noticeable eﬀect on people
beyond the social frontier that lies at three degrees of separation. Likewise, we
are inﬂuenced by friends within three degrees but generally not by those beyond.
In this paper, based on TDI theory, we propose a diﬀusion model named
TSCM to simulate information diﬀusion in real social network. Then we solve
inﬂuence maximization problem under TSCM eﬃciently. The rest of this paper
is organized as follows. We propose TSCM in section 2. Section 3 gives the
formal deﬁnition of inﬂuence maximization under TSCM. Besides, we devise the
TLGreedy to solve this problem eﬃciently. Section 4 shows our experimental
results.

2

Three Steps Cascade Model

Online social network is modeled by a directed graph G = (V, E), where a node
v ∈ V represents the individual of the social network and an edge (u, v) ∈ E
c Springer International Publishing Switzerland 2015
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denotes that u can inﬂuence v in the network. For every edge (u, v) ∈ E, there
is a number 0 ≤ p(u, v) ≤ 1 which means the intrinsic strength of the link.
TSCM can be formalized as follows: given a seed set S ⊆ V and three positive
real numbers λ1 , λ2 and λ3 which represent the cascade decay ratios of step 1,
step 2 and step 3 respectively. Let St ⊆ V be the set of nodes that are activated
at step t with 0 ≤ t ≤ 3 and S0 = S. At step t+1, every node u ∈ St can activate
its out-neighbors v ∈ V \∪0≤i≤t Si with probability λt+1 ·p(u, v). We assume that
λ1 ≥ λ2 ≥ λ3 because of information decaying. The diﬀusion process ends at the
step St = ∅ or t = 3. Each node stays as an activated node after it is activated
and each activated node only has one chance to activate its out-neighbors at the
step right after itself is activated.
The diﬀusion probability of an edge in TSCM is dependent on the intrinsic
strength of the link and the step of propagation. We set λ4 = 0 to guarantee the
length of inﬂuence path within three degrees which is consistent with TDI theory.
Given a seed set S, let σT SCM (S) denote the expected number of activated nodes
when the diﬀusion process ends under TSCM.

3

Inﬂuence Maximization Under TSCM

Given a social network graph G = (V, E) and a number k, the inﬂuence maximization problem under the TSCM model is to ﬁnd a subset S ∗ ⊆ V such that
|S ∗ | = k and σT SCM (S ∗ ) = maxS⊆V,|S|=k {σT SCM (S)}. The similar reduction
method from set cover problem in [2] is suﬃcient to show that this optimization
problem is NP-hard.
3.1

Our Three Layers Approximation Approach

Given a seed set S and three real numbers λ1 , λ2 and λ3 such that λ1 ≥ λ2 ≥ λ3 .
For arbitrary node v ∈ V , we deﬁne dis(S, v) = minw∈S dis(w, v) where dis(w, v)
denotes the shortest graph distance from node w to v. If there is no path from
w to v, then we set dis(w, v) = ∞. Let D(S, i) = {v|dis(S, v) = i, v ∈ V }. If
v ∈ D(S, i), then v belongs to layer i. The basic idea of TLAA is that we only
consider the inﬂuence from layer i to layer i + 1. The initial set S = D(S, 0).
Given a seed set S, for each v ∈ V , we deﬁne the ﬁnal activated probability of
v as:
⎧
v∈D(S,0)
1
⎪
⎪
⎨

(1 − p(u) · p(u, v) · λi ) v∈D(S,i),0<i<4
(1)
p(v) = 1 −
u∈Di−1 ,(u,v)∈E
⎪
⎪
⎩
v∈D(S,i),i≥4.
0
Let σT L (S) denote the ﬁnal inﬂuence spread of S in our TLAA, then we have

σT L (S) =
p(v)
(2)
v∈V

Breadth-ﬁrst search (BFS [3]) from S is used to compute σT L (S).
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Eﬃcient Greedy Algorithm on σT L (·)

Suppose we have found a set Tm of size m, and we want to ﬁnd a new node
u ∈ V \Tm to satisfy u = arg maxv∈V \Tm (σT L (Tm ∪ {v}) − σT L (Tm )). In order to
get the inﬂuence gain of a node v, the only thing we need to do is to get the sum
of incremental value of p(w) with dis(v, w) < 4. The activated probability p(v)
and dis(Tm , v) of each node v in V are recorded when σT L (Tm ) is computed. We
can make full use of p(v) and dis(Tm , v) to compute inﬂuence gain eﬃciently.
The eﬃcient greedy algorithm for TLAA is shown in Algorithm 1.

Algorithm 1. TLGreedy(G,λ,k)
Input:
G : the network; k : size of ﬁnal seed set ; λ : array of λ1 , λ2 and λ3 ;
Output:
seed set S;
1: initial set S = ∅;
2: while |S| < k do
3:
select v = arg maxu∈V (Inf luenceGain(G, S, u, λ));
4:
S = S ∪ {v};
5:
update p(w) and record dis(S ∪{v}, w) with dis(v, w) < 4;
6: end while
7: return S;

Given a network G = (V, E), let n = |V | and m = |E|. Let Gu = (Vu , Eu )
denote the subgraph which is induced by Vu = {v | dis(u, v) < 4}, and let
nsingleM ax = maxu∈V {|Vu | + |Eu |}.
For Algorithm 1, in each iteration of selecting next seed, InﬂuenceGain
(G,S,u,λ) in line 3 spends O(nsingleM ax ) to get the inﬂuence gain of each node.
As a result, when nsingleM ax = n+m, TLGreedy(G, λ, k) spends O(k·n·(n+m)).
However, nsingleM ax = n + m is almost impossible. That is, a node in the
social network can not reach all the nodes within three degrees. In this case,
TLGreedy(G, P , k) takes O(nsingleM ax ∗n+nsingleM ax ∗n+. . .+nsingleM ax ∗n) =
O(k · nsingleM ax · n) of time.

4

Experiments

We downloaded HEP-PH and EU-email from site [4] to illustrate that our proposed method is robust for Inﬂuence Maximization problem under TSCM.
We use ﬁve algorithms of CELFGreedy [5], TLLFGreedy1 , TSLFGreedy2 , SingleDiscount [6] and Random3 to prove that our proposed
method can guarantee both accuracy and scalability. For each seed set, we run
Monte-Carlo simulation 20000 times to obtain the expected inﬂuence spread of
1
2
3

Lazy-forward method on TLGreedy.
Let σT S (S) denote the number of nodes that S can reach within three degrees in the
graph. TSLFGreedy is the greedy algorithm on σT S (·) with the CELF optimization.
As a baseline comparison, simply select k random nodes.
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the heuristic algorithms. Figure 1 and Figure 2 show the experimental results
on inﬂuence spread using algorithms above. The seed set size k ranges from 1 to
50. We set λ1 = 1, λ2 = 0.5, λ3 = 0.1 and p(e) = 0.1 for all e ∈ E.
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Fig. 3. Running times

As show in Figure 1, the CELFGreedy algorithm provides the best inﬂuence
spread where the CELFGreedy algorithm is feasible to run. TLLFGreedy provides the largest inﬂuence spread except CELFGreedy. In Figure 2, the graph
is too large to run CELFGreedy, so it is out of the picture. TLLFGreedy outperforms all other algorithms. Figure 3 shows the running time of diﬀerent algorithms to get 50 seeds in Figure 1 and Figure 2. The TLLFGreedy is more than
three orders magnitude faster than CELFGreedy over HEP-PH. When graph
becomes larger, TLLFGreedy is faster than TSLFGreedy.
In conclusion, our proposed method is scalable for large social network while
it can guarantee accuracy.
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1

Introduction

A bichromatic reverse nearest neighbor (BRNN) query has been studied in a
road network distance recently, however, existing works for BRNN query have
shortcomings in the long processing time. In this paper, we propose a BRNN
query algorithm in a road network distance by using the simple materialized
path view (SMPV) data structure [1].
When a set of rival objects S and a set of interest objects P are given, and a
random query point q ∈ S is set, BRNN query retrieves reverse nearest neighbors
of q, which are interest objects in the set P that are nearest to q among the other
rival objects in S. In BRNN query, two sets, P and S, are diﬀerent data objects.
For instance, let P be a set of hospitals, and S be a set of pharmacy shops, and
to open a new pharmacy shop q (∈ S), BRNN query ﬁnds all hospitals which are
nearest to the new pharmacy shop among other pharmacy shops. In this case,
depending on the result of BRNN, the best location to open a pharmacy shop
can be decided from several candidate locations.
Fig.1 illustrates an example of BRNN query in Euclidean distance. In this
ﬁgure, white circles are rival objects (∈ S), black rectangles are interest objects
(∈ P ). Here, p1 is BRNN of s1 , p4 is BRNN of s2 and p2 , p3 are BRNN of s3 .

Fig. 1. Example of BRNN query

When k is optionally set to retrieve more than one nearest interest objects in
P , kNN (k > 1), this type of query is called BRkNN query, and can be deﬁned
as the following.
BRkNN(q, P )={p|p ∈ P, q ∈ kNN(p, S)}
where kNN(p, S) is a set of kNN objects in S for p.
c Springer International Publishing Switzerland 2015
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In traditional algorithms for BRkNN in road network distance, when k number increases or when rival objects on road network are sparsely located, it takes
overlong processing time. In this paper, a fast BRkNN query algorithm is introduced to overcome the deﬁciency in traditional methods.

2
2.1

Proposed Method
Basic Concepts of BRNN Query

Yiu et al. [2] proposed the Eager algorithm which is a sequential search for
monochromatic reverse nearest neighbor (MRkNN). This algorithm is also applicable to BRkNN query. The Eager algorithm is an eﬃcient algorithm to ﬁnd
BRkNN on a large network like a road network, however, when the rival objects
are distributed sparsely on the road network or the value of k is large, it takes
long processing time. Therefore, this paper proposes an eﬃcient query algorithm
that works fast in the diﬃcult conditions mentioned above.
The proposed algorithm overcomes the diﬃculty by the following two methods; (1) to apply incremental Euclidean restriction (IER) [3] strategy when to
decide to expand the region, (2) to suppress the times of checking a road network
node whether it is included in the BRkNN region or not by applying the simple
materialized path view (SMPV) [1] data.
2.2

BRNN Query on a Road Network

When a set of rival objects S and a set of interest objects P are given and a
query object q(∈ S) is speciﬁed, to ﬁnd BRkNN in general, the range A in which
q is included as kNN is ﬁrst generated. And then interest objects in P , which
lie in the range A, are retrieved. Accordingly, when BRkNN query is in the road
network distance, the query retrieves interest objects in P which lie in the range
A in road network distances.
Yiu et al.[2] presented the following lemma for an MRkNN query on a road
network. This lemma also stands for BRkNN query in the road network distance
to prune nodes that are not included in BRkNN of the query object q.
Lemma 1. Let q be a query point, n be a road network node, and p be a data point
that satisfies dN (q, n) > dN (p, n). For any data point p (= p) whose shortest path
to q passes through n, dN (q, p ) > dN (p, p ). This means that p is not an RNN of q.
Fig.2 explains the Lemma 1 with a concrete example using a border node of
SMPV structure. In this ﬁgure, black circles are border nodes. If the condition
dN (s1 , bi ) > dN (bi , s2 ) is true for the border node bi , there is no NN of s1 on
the path passes through bi . Because s2 is closer to bi in this case, s2 is an NN
on all paths which pass through bi . Therefore, all paths which pass through the
border node bi can be pruned safely if dN (s1 , bi ) > dN (bi , s2 ) stands.
This constraint can also be applied to BRkNN query. While retrieving kNNs
(∈ S) of a border node (bi ), if q is not included in the kNN set of bi , and then
the search for all paths which pass through bi can be pruned.
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Fig. 2. The example of the Lemma 1

As a similar concept in Yiu et al. [2], kNN search from a border node bi
is called range-NN search. In this search, the range is set to the road network
distance from q to bi , dN (q, bi ). Then, kNN of bi in set S within the speciﬁed
range is searched. If q is not included in kNN of bi , the search beyond bi can be
discarded and the search is terminated.
If q is included in the NN of bi , interest objects pi (∈ P ) in all adjacent cells
to bi are checked whether these objects are BRkNN of q or not. If the result is
BRkNN of q, p(∈ P ) is added to the result set. This veriﬁcation takes long processing time when the number of interest objects (∈ P ) for a subgraph is large.
Thus, duplicated veriﬁcation for the same objects within the same subgraphs is
avoided.

3

Experimental Evaluation

To evaluate our proposed method comparing with the existing Eager algorithm,
we conducted extensive experiments by using the real road map data of Saitama
city, Japan with 16,284 road network nodes and 24,914 links. We generated
variety of rival(S) and interest(P ) data point sets on the road network links
by pseudorandom sequences. Both algorithms were implemented in Java and
evaluated on a PC with Intel Corei7-4770 CPU(3.4 GHz) and 32GB memory.

Eager
Prop.

Processing Time (s)

Processing Time (s)

1

0.1

0.01

Eager
Prop.
0.1

0.01
0.001

0.005 0.01
S Density

0.02

(a) Varying S density

0.05

0.001

0.005 0.01
P Density

0.02

(b) Varying P density

Fig. 3. Comparison for Processing Time

0.05

472

T.N. Win et al.

Fig.3 measures the processing time for BR1NN. Fig.3(a) is the result by
varying data points density for S when the density of P is set to 0.002, and
(b) shows the processing time varying the density of P when the density of S
is set to 0.002. In the experiment, the probability density of S or P means the
probable existence of objects in S or P at a road network link. For instance, the
density 0.01 indicates that a data point exists once every 100 links.
As shown in Fig.3 (a), when the density of S is low, it requires to search
in large range, and in such case, Eager algorithm takes very long processing
time. Conversely, if the density is dense, the searching area becomes narrow and
processing time is faster as a result. Our proposed method showed the stable
result that is independent of the density. Consequently, Fig.3 (b) shows that
the proposed method outperformed the Eager algorithm in which the processing
time is signiﬁcantly degraded. However, if the density increases, the processing
time is also slightly increased in the proposed method. Because when candidates
of BRkNN are found from P , it is required to verify whether each candidate in P
is truly BRkNN of q or not. If the density of P is dense, the existence of objects in
P within candidate subgraphs might be increased and several veriﬁcation steps
leads the increase of processing time.

4

Conclusion

In this paper, we proposed a fast BRkNN query algorithm in the road network
distance by using the simple materialized path view (SMPV). With extensive
experiments, we showed that the performance of the proposed method comparing
to the existing method, Eager algorithm. Especially, the proposed method is 10
to 100 times faster in processing time signiﬁcantly when the density distribution
of S is sparse on a road network. On the other hand, the higher the density
distribution of S is, the lesser the searching range is necessary in the real road
network. Therefore, Eager algorithm is also eﬃcient for such case. To advance an
eﬃcient and adaptive query which is not depending on the density distribution
of S is for our future work.
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Abstract. Identification of the same commodity entities is a major challenge in
the heterogeneous multi-source e-commerce of big data. This paper introduces a
framework based on Map-Reduce, called IIRS, which is made up of data index,
data integration, entity recognition and data sorting. IIRS aims to form the unified model and high efficient commodity information with building an index
model based on commodity’s attribute/value and constructing a global model
map to record commodity’s attribute and value, identify the commodity entities
in different e-commerce with measuring the similarity of the commodity’s identity, and then output the same identity commodity sets and their associated
properties organized in the inverted index list. Through an extensive experimental study on real e-commerce dataset on Hadoop, IIRS significantly demonstrates its feasibility, accuracy, and high efficiency.
Keywords: Big data · E-commerce · Entity identification · Map reduce ·
Normalization identification

1

Introduction

The recent blossom of big data has revolutionized our life by providing everyone with
the ease and fun never before. Meanwhile, how to leverage these multi-source heterogeneous, fragmented, various, inconsistent and disruptive e-commerce data for better
business intelligence raises a very valuable and challenging topic. In this paper, we
aim to harness the power of big data to propose a novel framework based on MapReduce, called IIRS, which is made up of data index, data integration, entity recognition and data sorting. The main idea of this framework is to build an index model
based on commodity’s attribute/value, construct a global model map to record commodity’s attribute and value, form the unified model and high efficient commodity
information data, measure the similarity of the commodity’s identity by the multilayer
hierarchical probabilistic model, identify the commodity entities in different ecommerce, and then output the same identity commodity sets and their associated
properties organized in the inverted index list.
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Related Work

The research of identifying the same commodity entity in e-commerce is a typical
branch of big data entity recognition. The current methods are mainly based on the
similarity function or rules to identify the entity. Herndndez et al.[1], Arasu et al.[2]
leveraged the empirical knowledge to define the principles and then solve the problem
of entity identity. Fan et at.[3] proposed the entity identity description rules for the
first time. Chaudhuri et al.[4], Chen et al.[5] judged the same commodity from the
many attributes with clustering and machine learning methods. Singla et al. [6] mentioned a similarity measure with Markov chain. Augsten et al.[7] identified the entity
of XML with sliding window. Wang et al.[8] measured the entity with the similar
matrix. In this article, we move towards this direction, and study the complex heterogeneous mass Web big data to find the same commodity entity, which is different
from the traditional entity identification methods.

3

IIRS Framework

3.1

Index of Commodity Entity of Big Data

For data source S of e-commerce contain a large number of commodity web pages
with different classifications, different descriptions of the same commodity entity. For
the commodity web detailed pages W have the structure of the web page information
(such as columns, page layout) and the detailed content information. Through the
analysis of the information extraction and semantic mining, the web object data model
can be defined as W={C,O,B}.
C denotes the column and structural information of the commodity, which is defined as a no-empty five layer tree while the website data source is a root node, columns and its subtopics are the intermediate nodes, and the web pages are the leaf
nodes. O denotes the object of web page. B denotes all of the data item sets in the web
pages.
To avoid the NP hard problem in many data sources, we build an inverted index
list SCi={A,V,SW } for every attribute value to effectively find the same commodity
entity. Here, A is the attribute name of this record, V is its value and SW is the set of
commodity web pages including the item<A,V> in the datasets.
3.2

Integration of the Normalized Attribute and Value

Let CA be a set of all attributes, CV be a set of all values CV, H is the weighted edge
set between CA and CV with ω < A,V > , while the global model is defined as
G=<CA,CV,H>.
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Definition1. Equivalent value set.
−

V = {V1 ,V2 ,...} represents the equivalent value set. All elements in the equivalent
value set are not only equivalent each other but also the same or similar meaning. As
−

−

the complexity of the e-commerce platform, for ∀Vi ∈ V,V j ∈ V,

satisfy Simvalue (Vi ,V j ) ≥ μ1 ,

(1)

where μ1 is the value threshold.
Definition2. Equivalent attribute set.
−

A = { A1 ,A2 ,...} represents the equivalent attribute set. All elements in the equivalent attribute set are equivalent each other to describe one of the features on the same
commodity. As the diversity and heterogeneity of the e-commerce platform, for
−

−

∀Ai ∈ A, Aj ∈ A,

satisfy Sim attr ( Ai , Aj ) ≥ μ2 ,
where μ 2 is the attribute threshold.
The identity of semantics of identity between the attributes is defined as
1
1
Simattr (Ai , Aj ) = ×Simstr (Ai , Aj ) + ×Simrange (Ai , Aj )
2
2
where Sim str is the similarity of text, Simrange ( Ai , Aj ) is the value range fit.
3.3

(2)

(3)

Recognition of Commodity Entity

The information of commodity is composed of many attribute/value items, comparing
the similarity and identity of two commodities’ pages. And thus the set of data W.B
can be rewritten as:

W.B={D1 <T , E,V , P, w>,D2 <T , E,V , P, w>,...,Dk <T , E,V , P, w>},

(4)

where Di is the ith item of Wj.B, Di.T is the type of Di, Di.E is the name of ith item
of Wj.B, Di.V is the value of ith item of Wj.B, Di.P is the credibility of ith item of
Wj.B, Di.w is the weight of ith item of Wj.B while Di.w ∈ (0,1).
For a given commodity Wa, identify the possible candidate commodity set.

Wa={W1 ,W2 ,...,Wk } ,

(5)

where candidate commodity Wi has ϕ k same items with commodity Wa while

ϕ ∈ (0,1) .
We use the entity segmentation tools extracting the key terms K={k1,k2,…,kn},
measure the similarity of ki and items of the set, then get the weighted vector

ωK = {ωk , ωk ,..., ωk } where
1

2

n

two commodities’ titles.



n
i =1

ωk = 1 , and finally calculate the similarity of
i
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For K a = {ka1 , ka2 ,..., kan } and K a = {kb1 , kb2 ,..., kbn } , their key items vector are respectively ωKa = {ωa1 , ωa2 ,..., ωan } and ωK b = {ωb1 , ωb2 ,..., ωbn } . They are equal to

K ab = K a ∪ K b = {ka1 , ka2 ,..., kan , kab1 , kab2 ,..., kabm } .

(6)

where Kb-Ka is the key items vector in Wb but not in Wa while the order abm keep
the same order Kb.
The Tanimoto title similarity of the Wa and Wb is:

Sim title (Wa, Wb) =

ω ' Ka ⋅ ω 'Kb
ω ' Ka

2

+ ω ' Kb

2

− ω 'Ka ⋅ ω ' Kb

(7)

where ω ' Ka and ω ' Kb is the related weight vector respectively of Wa and Wb.
If Sim title (Wa, Wb) ≥ ξ , then Wa and Wb is the same title. ξ is the same title
threshold of commodities.
In the same way, the price distance of two commodities is:

Sim price (Wa, Wb) = 1 −

Wa.price − Wb.price
Max(Wa.price, Wb.price)

(8)

If Sim price (Wa, Wb) ≥ ρ , then Wa and Wb is the same price. ρ is the same price
threshold of commodities.
Finally, the credibility of two commodity Wa and Wb is :

Sim(W.B,Wi.B)=

3.4

(SIM item (Wa.B,Wb.B)+SIM title (Wa,Wb)+SIM price (Wa,Wb))
3

Sorting of the Commodity Entity

Algorithm. Entity identification of commodities
input• commodity Wa
output•the same entity commodity set of Wa
Map:
input•key=
key=Wa•value=
value=Wa.B
process•
1. map(key,value)
2.
for each iteminvalue
3.
<Aa1,Va1>,Wa•Extraction (item)
4. collect(<Aa1,Va1>,Wa)
Reduce:
input•key=<W
key=<Wa>•value=<A
value=<Aa1,Va1>
process•
5.reduce(key,value)
6. SW'•∅
7. for each avinavList(Wa)

(9)
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8.
SW•Search(av)
9. SW'•Filter(φk,SW1,SW2,...)
10.
for each CommodityinSW'
11.
ifnot SIM(Wa.B,Wi.B) ≥ τ
12.
SW'•Remove(SW', Commodity)
13.
for each CommodityinSW'
14.
ifnot S im ( W a , W b ) ≥ ξ
15.
SW'•Remove(SW', Commodity)
16.
for each CommodityinSW'
17.
ifnot Sim (W a , W b) ≥ ρ
18.
SW'•Remove(SW', Commodity)
19.
for each CommodityinSW'
20.
Stafcom•Commodity
21.
Similarity• Sim(W.B,Wi.b)
22. collect(Stafcom,Similarity)
tit le

price

From Algorithm, the department of Map is to build the unified description of
commodity information with index and normalize commodities’ attributes and values.
For the Reduce, we search the same items of commodity set of SW in the inverted
index list with Wa, find k items of SW1,SW2,…,SWk from Wa, filter them and get
candidate commodity set SW’, remove the items mismatched the similarity measure,
and finally get the credibility of two commodity Wb and Wi.b and then output them
in the inverted index list with the value of Sim(W.B,Wi.b) .

4

Experiment

In order to evaluate our algorithm, we crawled the real commodity data sets on Chinese three mainstream B2C e-commerce platforms and manually annotated part of the
sampling data. The details of our data sets are summarized in Table 1.
Table 1. The distribution of data set classification

Type
Mobile phone
Digital products
Computer
Office supply
Household articles
Sports & Outdoor
living goods
4.1

Jingdong
12298
43910
13014
96518
20435
5260
16843

Yixun
11692
66521
18741
98379
33452
5214
24649

Yihaodian
10509
45393
9473
64852
38280
2448
11041

Performance Metrics

To evaluate our results, we show experimental results to evaluate the accuracy and
effectiveness of system. Our experiments focused on five important aspects: precision, recall, F1- measure, RT and IS.
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（1）Accuracy

The accuracy contains precision, recall and F1-measure. Set the candidate commodity sets SW = {W1, W2,...Wn}, RWk = {Wk1 and Wk2,..., Wkm}is identified the
same commodity entities of the kth commodity. According to the km1 error commodities identified and the km2 true commodities digital actually, the average accuracy of
the algorithm is:
n k −k
 k =1 m k m1
m
(10)
P=
n
The average recall of the algorithm is:
n k −k
 k =1 m k m1
m2
(11)
R=
n
The average of F1-measure of the algorithm is:
2× P× R
(12)
F1 =
P+R
2 Efficiency
The efficiency of the algorithm contains RT (Running Time Per 100 Thousand Data) and IS(Increment Speed ).
T
(13)
RT = 100000 ×
Datasize
where T means the time of algorithm. Datasize is the size of data set.IS is the slope of
the linear approximation of RT.

（）

4.2

Analysis of Experimental Results

Figure 1 shows computing time of each point in the data set under the different methods. Results show that the method based on traditional multi-threading in relational
database Oracle is superior to our method under the less amount of data .But as the
growth of the amount of data, our method based on the Map-Reduce reflects its
stronger advantage than the traditional way.
Table 2 shows that based on the Map-Reduce algorithm in all aspects of running
efficiency is superior to traditional methods.
Table 3 shows that our method of precision, recall and F1-measure are better than
360 shopping search while the recall is slightly lower than Huihui shopping assistant.
But the accuracy and F1-measure are far higher than Huihui shopping assistant. Because there are many similar but not same commodities of Huihui shopping assistant
thus to improve the recall rate, but the sharp decline in accuracy.
From several groups of experiments can be concluded that, our method based on
Map-Reduce has high accuracy and efficiency. And even in the larger data set and the
more complex data environment, our algorithm's efficiency has good applicability.
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Fig. 1. Time consuming based on Map-Reduce and Oracle
Table 2. The performance comparison based on Map-Reduce and Oracle

RT
IS

Map-Reduce

Oracle

1420
142.6

4465
534.7

Table 3. the performance comparison of three methods

P
R
F1

5

Our method
0.85
0.89
0.81

360 shopping search
0.82
0.71
0.76

Huihui shopping assistant
0.52
0.91
0.66

Conclusion and Future Work

Nowadays identification of the same commodity entities is a major challenge in the
heterogeneous multi-source e-commerce of big data. This paper introduces a framework based on Map-Reduce, called IIRS, which is made up of data index, data integration, entity recognition and data sorting. Through an extensive experimental study
on real e-commerce dataset on Hadoop, our method demonstrates its feasibility, accuracy, and high efficiency. However the more complexity of large e-commerce data
environment and the more varieties of different data types, data errors and so on will
be the next focus in our future work.
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Abstract. Short texts such as tweets and E-commerce reviews can reflect people’s
opinions on interested events or products, which are much beneficial to many
applications. However, one opinion word may have different sentiment polarities
when modifying different targets. Therefore, in this paper we propose to extract
“appraisal expressions” that are represented by tuples of (opinion word, target),
indicating an opinion word and the target modified by the word. By extracting
appraisal expressions, we can further construct target-sensitive sentiment dictionaries and improve the effectiveness of sentiment analysis on short texts.
Consequently, we propose a filtering-refinement framework to extract appraisal
expressions from short texts. In the filtering step, we extract appraisal-expression
candidates, and in the refinement step, we use SVM to extract appraisal expressions
and present a dependency-grammar-based approach to automatically label training
data. Comparative experiments between our proposal and three baseline methods
suggest the superiority and effectiveness of our proposal.
Keywords: Appraisal expression · Sentiment analysis · Short text

1

Introduction

Short texts are very popular in social network and online reviewing platforms. It is
beneficial to conduct sentiment analysis on the massive short texts on the Web so that
people can know the public opinions on interested events or products.
So far, most sentiment analysis works on short texts are based on sentiment dictionaries maintaining sentiment polarities (e.g., positive, and negative) of selected opinion
words [1-4]. According to these approaches, we can simply detect opinion words and
their sentiment polarities by looking up the dictionary. Further, we can determine the
final sentiment polarity of a sentence by some scoring methods, which can be classified
into two types. One is to count the opinion words of each polarity, respectively, and further determine the sentimental polarity of the sentence [1, 2]. The other type is based on
supervised classification [3, 4], which regards the polarity detection of a sentence as a
classification task and considers opinion words as features. However, there are two problems existing in previous studies:
© Springer International Publishing Switzerland 2015
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Problem 1: It is not appropriate to simply count the number of opinion words to determine the polarity of a sentence, because an opinion word may not contain any kind
of sentiment. For example, in the sentence “well, this engine did a bad work.”, the
words “well” and “bad” will be recognized as a positive opinion word and a negative
word because they appear in the sentiment dictionary. However, in this example,
“well” is rather an auxiliary word and does not bear any sentiment because it does not
modify any targets in the sentence. Thus, only opinion words modifying some targets
in a sentence can make sense in sentiment analysis.
Problem 2: The sentiment polarity of a sentence is not only determined by the opinion
words in the sentence. We have to consider the target modified by an opinion word, because many opinion words have different polarities when modifying different targets. For
example, the opinion word “long” is positive in the sentence “the battery life is very
long.”, where “long” modifies the target “life”. However, it is negative in the sentence
“this engine has a long startup time.”, where it modifies the target “startup time”. This
indicates that it is more meaningful to consider the modification relationship between
opinion words and targets when detecting the sentiment polarity of a sentence.
Therefore, in this paper we focus on “appraisal expressions” [5, 6], which are
formed as pairs of (opinion word, target), indicating the modification relationship
between an opinion word and its related target. By extracting appraisal expressions,
we can further construct target-sensitive sentiment dictionaries to solve the aforementioned problems, and improve the effectiveness of sentiment analysis on short texts.
Specially, we propose a filtering-refinement framework to extract appraisal expressions from short texts.

2

The Proposed Approach

The framework of our proposed approach to extracting appraisal expressions is shown
in Fig. 1.
Our proposed framework contains a
filtering stage and a refinement stage. During
the filtering procedure, we use named entity
recognition tools to extract pairs of noun
phrases and adjectives as appraisal
expression candidates. This is to get all the
possible appraisal expressions. Compared
with existing rule-based approaches that will
exclude many correct appraisal expressions,
this filtering procedure is beneficial to keep a
high recall for appraisal expression
extraction. In order to improve precision, we
design a refinement procedure that works on
the
appraisal
expression
candidates
Fig. 1. Framework of the proposed approach
generated by the filtering step. This
procedure is to remove wrong instances from the appraisal expression candidates.
Particularly, we model this problem as a binary classification problem, i.e.,
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classifying appraisal expression candidates into two sets, namely a set of correct
expressions and another set of wrong expressions. Unlike traditional classification
methods that need manual labeling on training sets, we introduce dependency
grammar into the labeling on training sets and devise an automatic method to label
training sets. Thus, combined with existing classification models (we use SVM in this
work), we can provide an adaptive solution for appraisal expression extractions. This
is simple because our approach does not depend manual labeling on training sets and
can suit for different styles of short texts.
Dependency grammar is used to describe the dependency relationship between
words in a sentence [8]. For example, in the sentence “this car has a fantastic
shape”, the word “fantastic” has a dependency relationship with “shape”. There have
been many tools that can be used to extract dependency relations of a sentence, such
as Stanford Parser. Thus, in our study, we simply use the Stanford Parser for dependency grammar analysis.
The basic idea of dependency-grammar-based training set construction is to utilize
the dependency relations in a sentence to automatically identify appraisal expressions.
According to the properties of short texts like online reviews, we consider two types
of relations to label appraisal expressions, which are “amod” and “nsubj”.
Definition 1 (amod). Let
be an adjective and
be a noun. An amod relation between
and
is valid if there is a modification dependency-relationship between
and
, indicating that
modifies
in the sentence.
Definition 2 (nsubj). Let
be a noun and
be an adjective. An nsubj relation between
and
is valid if there is a subject dependency-relationship between
and a linking verb

as well as a predicate dependency-relationship between

and

.

For example, in the sentence “this car has a fantastic shape”, there is an amod relation between the word “fantastic” and “shape”, because the adjective “fantastic”
modifies the noun “shape”, which is represented as a “mod” dependency-relationship
in dependency grammar. In the sentence “this car engine is powerful”, there is an
nsubj relation between the word “engine” and “powerful”, because “engine” depends
on “is” with a dependency relation “s” indicating “engine” is the subject of “is”.

3

Performance Evaluation

The data sets are from Task 2 of COAE 2013, including two data sets with one about car
domain and the other about camera domain. There are totally 9815 sentences in each data
set. We use the Stanford POS Tagger to perform the POS tagging on short texts. In addition, we use the Stanford Parser to get the dependency-grammar relations for each sentence in the data sets. Regarding the classification model, we use SVM to perform the
binary classification on appraisal expression candidates. Then, we conduct comparative
experiments to compare our proposal with three existing methods, which are Nearest [1],
RB (Rule-Based) [5], and SPB (Syntactic-Path-Based) [7]. In the experiments, we use
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four categories of features for extracting appraisal expressions, namely word features,
POS features, syntactic-path features [7], and other features (including count of adjectives and count of nouns and noun-phrases).
We compare our method with the three competitor methods in terms of precision,
recall, and F-measure. The results are shown in Table 1 and 2. As shown in Table 1
and 2, our method outperforms all the baseline methods w.r.t. recall and F-measure.
In addition, it has a comparable precision with SPB. The nearest method performs
poorly, because it lacks deep exploration on the lexical, syntactic, and semantic relationship between words. This indicates that distance-only methods are not appropriate
for appraisal expression extraction. Both RB and SPB have a higher precision than the
nearest method, since they both employ the exact-matching idea in appraisal expression extraction. However, they both have a low recall because many correct appraisal
expressions will be excluded in the result list.
Table 1. Results on the car-domain data set Table 2. Results on the camera-domain data set

4

Conclusion

Extracting appraisal expressions from short texts is an important issue for sentiment
analysis. In this paper, we propose a new approach for appraisal expression extraction,
which is based on a filtering-refinement framework. Similar with existing methods, we
also use a classification model to extract appraisal expressions but we introduce a dependency-grammar-based method to automatically label training sets, and thus make the
classification more adaptable and scalable to different kinds and sizes of data. We evaluate the performance of our proposal on two real data sets, and the experimental results
show that our proposal outperforms its competitors.
Acknowledgement. This paper is supported by the National Science Foundation of China (No.
61379037 and No. 71273010).
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Abstract. Intuitively, a friendship link between two users can be recommended
based on the similarity of their generated text content or structure information.
Although this problem has been extensively studied, the challenge of how to effectively incorporate the information from the social interaction and user generated content remains largely open. We propose a model (LRCS) to recommend
user’s potential friends by incorporating user’s generated content and structure
features. First, network users are clustered based on the similarity of user’s interest and structural features. Users in the same cluster with the query user are
considered as the candidate friends. Then, a weighted SimRank algorithm is
proposed to recommend the most similar users as the friends. Experiments on
two real-life datasets show the superiority of our approach.

1

Introduction

Link prediction is the problem of predicting the existence of a link between two entities
in an entity relationship graph, where prediction is based on the attributes of the observed
links and other information related to the entities [1]. The link may exist between two
entities that are either familiar or strange with each other. The problem can be also
viewed as a link recommendation problem, where we aim to suggest to the query user a
list of people that the user is likely to create new connections to. Link recommendation in
social network is closely related to link prediction [4][5], but has its own specific properties. In addition to the structural features, users in social network are associated with
other information such as common interest and interaction. Thus, how to incorporate
different types of feature to recommend potential links in social network is still a challenge. Another challenge is the sparsity of real social network, which means that the
existing links between nodes are only a very small fraction of all potential edges in the
network graph. It is not feasible to test every user whether the query user will create connection to. In this paper, we propose to incorporates both of user’s text content and structural features to recommend friendship linkages in social networks. First, we cluster all
the network users based on the similarity of user’s interest and structural features. Then, a
weighted graph is constructed for each cluster, and the weighted SimRank algorithm is
proposed to estimate the similarity between the query user and each candidate user. Finally, candidates with the greatest similarity values are recommended as the friends of
the query user.
© Springer International Publishing Switzerland 2015
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Our recommendation approach contains two steps. To deal with the sparsity problem,
we first filter some of the negative instances by clustering users based on the
similarity of structural features and user’s interest. Usually, users who have similar
interest and structural features are more likely to make friends with each other. Thus,
users in the some cluster with the query user compose the candidate list. User’s interest is mined from the uploaded micro-blog documents using the topic model. The
structural features refer to following relationship, such as follower and followee relationship in microblogging site, and social interaction, such as retweeting, mention,
and comment between two users in microblogging site. Then, potential friends are
recommended from the candidate list. To accomplish this, a weighted graph is constructed for each cluster, and a weighted SimRank algorithm is proposed to estimate
the similarity between users in the same cluster. The users that have the greatest values of similarity with the query user are recommended to create friendship link with
the query user.
Usually, user’s interest is reflected by the uploaded micro-blogs. We aggregate all
the micro-blogs generated by the same individual user into a profile that corresponds
to a document in the LDA model [2]. Then, user’s interest is modeled by the profile’s
probability distribution over topics. To measure the similarity of two users’ interest,
we use JSD (Jensen-Shannon-Divergence) to measure the similarity between their
two probability distributions over topic. The similarity of structural features is composed of two components. The first component is the similarity of social link relationships, i.e., followee and follower, and it is estimated as following:
Simrel (ui ,u j ) = (

feei ∩ fee j
feei + fee j − feei ∩ fee j

+

feri ∩ ferj
feri + ferj − feri ∩ ferj

)/2

(1)

where feei is the set of followees of ui, and feri is the set of followers of ui.
The second component is a measure of interactions:

Siminter (ui ,u j ) =

rij + cij + aij + rji + c ji + a ji
6 ⋅ Max

(2)

where rij is the times that ui has retweeted uj’s micro-blogs, cij is the times that ui has
commented on uj ’s micro-blogs, aij is the times that ui has mentioned uj, and Max is
the largest frequency of these interaction in a given dataset. Then, the similarity between two users is a linear combination of interest similarity and structural similarity.
Then, we introduce a weighted SimRank algorithm [6] to take the strength of
relationship into the estimation of similarity. We construct a weighted graph for each
cluster, in which each node denotes a user and the weight of an edge denotes the
strength of the relationship between this pair of users. The similarity value from a
node ui is not equally propagated to the out-neighbor nodes. Instead, it is propagated
based on the normalized probability estimated as following:
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p ( ui , u j ) =

Sim (ui , u j )



(3)

Sim (ui , uk )

uk ∈O ( ui )

where O(ui) is the out-neighbor nodes of ui, and Sim(ui,uj) denotes the weight of
edge <ui,uj>. Then the recursive form of the similarity between node ui and uj at the
( k+1)th iteration is represented as following:

sk +1 (ui , u j ) = C

 

p(uin , ui ) p (u jn , u j ) sk (uin , u jn )

(4)

uin ∈I ( ui ) u jn ∈I ( u j )

Meanwhile, the similarity in the initial state is revised as following:
1

s0 (ui , u j ) =  p (ui , u j )
0


3

ui = u j

(5)

u j ∈ O (ui )
otherwise

Experiments

To evaluate our approach, two real-life datasets are used in the experiments. The first
dataset is collected from Sina Weibo. We sample 10 user ids uniformly at random
from the space of Sina Weibo user id numbers, and then we use the width-first search
method to visit other users and download the profiles and links of these visited users.
The second dataset is published in the SiGKDD Cup Track1 2012, and it is collected
from Tecent Weibo. We randomly selected a subset of 51938 users and their links
information to build the second dataset. We divided the datasets into 80% for training
and 20% for testing. Three methods are used as the baselines. (1) Content-based [3]:
it applies the topic modeling techniques, specifically LDA, on user’s profile data to
recommend link based on interest similarity and existing friendships. (2) Structurebased [1]: it uses random walk algorithm on an augmented social graph with both
attribute and link information to recommend links. (3) Naïve SimRank [6]: it uses the
Naïve SimRank algorithm on the unweighted graph of user relation to iteratively
compute the similarity between nodes and then return the top-k ranked nodes.
Table 1. Precision and Recall of different approaches

dataset
Sina Weibo

Tecent Weibo

method
Content-based
Structure-based
Naïve SimRank
LRCS
Content-based
Structure-based
Naïve SimRank
LRCS

P(%)
49.2
71.2
70.3
75.3
47.1
73.4
71.8
74.9

R(%)
40
45.8
51.9
56.7
38.3
47.1
54.2
63.4
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We compare the precision and recall of link recommendation of different methods
on two datasets, and the results are shown in table 1. The results show that our approach outperforms other approaches obviously. Our approach combines both the
interest and structure information to retrieve the potential friends, which is more effective to find the friends that may be neglected by the structure-based or contentbased method. Second, we revise the Naïve SimRank algorithm by assigning each
edge with a transforming probability and the initial similarity of two neighbouring
nodes with a nonzero value. This revision is more coincident with reality, since the
effects of different users on a given user are unequal. Thus, the weight SimRank is
also more effective than the Naïve SimRank.

4

Conclusion

In this paper, we proposed to recommend friendship link based on content and structural features in a social network. First, we cluster users based on the similarity of
structure features and interests mined from the generated text content, which filters
the unrelated users and thus reduces the search space. Then, each user cluster is
represented by a weighted graph, and the weighted SimRank is proposed to estimate
similarity between two users, and the top-ranked users are recommended to be linked
by the query user. Experimental results on two real-life datasets demonstrate the
superiority of our approach. Our approach can be further improved in several aspects.
For example, we can extend our approach to recommend user with other type of objects, such as movie, products, and so on, by including user’s relationship with the
objects in the approach.
Acknowledgements. This work was supported by the National Natural Science Foundation of
China (No. 61202239, No. 61170189, and No. 61370126), the Fundamental Research Funds for
the Central Universities (No. YWF-14-JSJXY-16), and the Fund of the State Key Laboratory of
Software Development Environment (No. SKLSDE-2015ZX-11).
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Abstract. In social networks, users and artifacts (documents, discussions or videos)
can be modelled as directed bi-type heterogeneous networks. Most existing works
for community detection is either with undirected links or in homogeneous networks. In this paper, we propose an efficient algorithm OcdRank (Overlapping
Community Detection and Ranking), which combines overlapping community detection and community-member ranking together in directed heterogeneous social
network. The algorithm has low time complexity and supports incremental update.
Experiments show that our method can detect better community structures as compared to other existing community detection methods.
Keywords: Community detection · Directed heterogeneous social network ·
Ranking

1

Introduction

Community detection[4,5] and ranking[2] in network are two dominating methods in
social network analysis. However, both have their own defects[1].
We define X to be the artifact set, to be one artifact, and Y to be the user set,
to be one user, and
to be the
community. Each artifact belongs to one community (because for example, in microblog, one blog tends to focus only one topic). Each
user could belong to multiple communities (user may have many interests).
RankClus[1] combines clustering and ranking together in undirected heterogeneous
network. However, its time complexity is high. It distributes users into all communities, which is unreasonable according to the truth.
In our method, we put forward transfer model to pass intermediary variable to
connect two seemingly unrelated variables: artifacts and communities.
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The algorithm is iterative. All the artifacts are divided into k parts (in the first iteration,
the distribution is random). Community-based ranking then carry out in every community. With the ranking score of nodes, we use link transfer model to evaluate the correlation
coefficient between artifacts and communities. Artifacts and their associated users step
into the most similar communities. Every loop the communities will be adjusted and the
ranking score of nodes within the community will be changed. When iteration times
reach a specified number or clusters changes only by a very small ratio, the iteration will
terminate. Then, we get the meaningful communities.
Community-based ranking gives members in the same community a discriminating
criterion. If the utilized ranking algorithm is PageRank [2], the score of users in our
method can be formulated as
|

q

∑

|
|

1

∑

|
|

(1)

Where is damping factor to make all the nodes in network can be accessed. And N
|
is the out degree of in condiis the number of nodes in community .
|
tion of community
is the out degree of accordingly.
and
is the artifact set
published,
is the user set following .
0, 1 determines how much weight to put on each factor based on one’s belief.
After getting the ranking score of every object in community , we use transfer
model to evaluate the correlation coefficient of artifacts and communities.
∑
|
r |
(2)
is the
Where
is the users directed to artifact ,
is the user set, r |
community-based ranking score of user . Since every artifact only has relation with
one community, but the associated users of it could be in different communities.
The correlation coefficient of artifacts and communities can be viewed as a decomposed vector. Every community could be formed as the normalized sum of all
|
|
|
artifacts in it. Let
,
,…,
be the vector of artifact
, the vector of a community
1, 2, … ,
is
∑
|
(3)
is the vector of
,
|
is the community-based ranking score of .
Each artifact and the associated users can be assigned to the nearest community according the cosine similarity scores.
When new artifact needs to be assigned to one community, there will be three considerations: 1) The artifact point to another one. We can directly assign it to the community where the pointed artifact is. 2) The associated users are partly in the user set
Y. The correlation coefficient of artifact and communities can be computed directly
by equation (2). The iteration goes on as our algorithm described. 3) There’s no associated user in the user set Y. A new community should be created.
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Experiments

We use Twitter (http://arnetminer.org/heterinf) and Weibo datasets. The baselines are
BigClam[4], Coda[5] and RankClus[1] respectively. BigClam runs on undirected
networks while Coda directed. Both are overlapping community detection methods in
homogeneous network. RankClus[1] works in undirected heterogeneous network.

(a) Running time of OcdRank and RankClus (b) performance of different algorithms
Fig. 1. Comparison between OcdRank and other algorithms

Normalized Mutual Information (NMI) is an information-theoretic measure of similarity between two partitioning of a set of elements[3].
Fig. 1 (a) is the comparison of running time between RankClus and OcdRank.
We use Weibo dataset with different ground truth of different number of communities. For BigClam and Coda, we treat the heterogeneous networks as homogeneous.
We use network of user links to compare with the ground truth of user network
(BigClam(user) and Coda(user)). The parameter of OcdRank is 0.5. We run each
algorithm 10 times and get mean value. The result is shown in Fig. 1(b).
In Weibo, the rank result in each community is interesting. The users with higher
ranking scores are usually the official accounts in same special field.

4

Discussion

OcdRank works on directed bi-type heterogeneous social networks. The ranking of
users based on community can be used for experts finding. The ranking of artifacts
can be used for semantic community detection. For very large datasets, running on
distributed system is one of our future works. Another future work is semantic
community detection, which would utilize the semantic information of artifacts.
Acknowledgments. This research is supported by the Natural Science Foundation of China
(Grant No. 61300003), Research Foundation of China Information Technology Security Evaluation Center (No. CNITSEC-KY-2013-018) and Research Foundation Program of Ministry of
Education & China Mobile (MCM20130361).
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Abstract. Most of the state-of-the-art MapReduce-based entity matching methods inherit traditional Entity Resolution techniques on centralized system and focus on data blocking strategies in order to solve
the load balancing problem occurred in distributed environment. In this
paper, we propose a MapReduce-based entity matching framework for
processing semi-structured and unstructured data. We use a Locality
Sensitive Hash (LSH) function to generate low dimensional signatures for
high dimensional entities; we introduce a series of random algorithms to
ensure that similar signatures will be matched in reduce phase with high
probability. Moreover, our framework contains a solution for reducing
redundant similarity computation. Experiments show that our approach
has a huge advantage on processing speed whilst keeps a high accuracy.

1

Introduction

Entity matching aims to identify entities referring to the same real-world object.
However, the rapid growth of web data and User Generated Content (UGC)
brings new challenges for entity matching. For instance, in the scenario of C2C
(Customer to Customer) online markets, as the rarity of descriptions, missing of
uniform schema or intended errors generated by users, tradition entity matching
methods are not able to get good match performance.
Though MapReduce provides a new platform for solving massive entity
matching problem, new challenges occur: load balancing problem and network transmission cost. Blocking-based entity matching algorithms have been
presented to deal with the imbalance problem. Some of the most inﬂuential
works include sorted neighborhood-based and load-balanced entity matching
in Dedoop[3], and document-similarity computation[1]. But for processing nonstructured data, these kinds of work meet high network cost and computation
cost.
This paper sketches out a random-based framework for entity matching based
on MapReduce for semi-structured and unstructured data. Inspired by previous
studies, our method expects to reduce both the computation cost and network
transmission cost whilst promises the processing performance. We convert high
c Springer International Publishing Switzerland 2015
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dimensional entity features into low dimensional bit vector by Locality Sensitive
Hash (LSH) function in map phase[4], which reduces the network transmission
cost dramatically. We do t rounds of random permutations to those bit vectors.
It helps to make similar items paired with high probabilities. Our random-based
design can also ensure load-balanced during matching process. Finally, we design
a new solution for removing redundant computation in reduce phase.

2

MapReduce-Based Entity Matching Framework

Our entity matching framework is shown in Fig. 1. We represent each entity by its
high dimensional feature vector generated from the structured, unstructured or
semi-structured description data, if any. These vectors are the input of our MapReduce job, as shown in Fig. 2. The ﬁrst round of MapReduce job implements the
Entity Matching job, while the second one realizes the Redundancy Control.

Fig. 1. Framework of random-based entity matching on MapReduce

Fig. 2. Example of random-based matching algorithm on MapReduce

Entity Matching. The input is a set of (key, value) pairs with the entity ID Eu
as its key and its k -dimension vector Vu as its value. In map phase, we generate a
signature for each item u using the LSH function hr deﬁned in Eqn.1. We generate a random k -dimension vector set Vr with |Vr | = d. Calculating the hash values
between u and every vector in Vr using hr , we get a d -bits vector Su as the signature
for item u, d  k. Then we apply t rounds of random permutations to every signature Su and get t diﬀerent d -dimension bit vectors {Pu1 , Pu2 , ..., Put }. We regard
this result as our map output. So for each entity u, we have t diﬀerent map outputs
as (i, Pui , Eu ), in which i refers the permutation series number (i ∈ t), Pui refers
the ith permutation result, and Eu is the entity ID.
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In Reduce phase, each reducer receives permuted signatures of the same series
number. It sorts all signatures and generates pairs between each signature and
its m nearest neighbors. Then we calculate the hamming distance of every pair.
We output the entity pairs with their similarities as (Eu Ev , similarity) with
u < v.

1 r.u≥0
(1)
hr (u) =
0 r.u<0
We use the LSH function preserving cosine similarity [2] to generate a signature Su for each entity u. Since the signature carries most of the characteristics
of a vector, we can measure the similarity of two vectors by comparing their
signatures. We use the hamming distance between two signatures to represent
the similarity, which is reasonable and well proved [4]. In reduce phase, we propose a random permutation algorithm inspired by PLEB algorithm[4] to ensure
entities with high similarity to be paired with high probabilities.
Redundancy Control. There can be many duplicated pairs in diﬀerent groups
during reduce phrase as marked in Fig. 2. It may cause signiﬁcant redundant
computation cost. We introduce an extra MapReduce job to reduce duplication.
In reduce phase of the ﬁrst MapReduce job, we remove the similarity computation step, and directly send all the pair-wise data to the second MapReduce job.
The second map job does nothing. After the shuﬄe phase, all pairs with the same
entity IDs are grouped together. So we pick one pair of permuted signatures in
the group and calculate its hamming distance on behalf of the others. At last,
we output the similarity (Eu Ev , similarity) as our result.

3

Experiments

We run experiments on a 22-node HP blade cluster. Each node has two Intel
Xeon processors (E5335 2.00GHz) with four cores and one thread per core, 16GB
of RAM, and two 1TB hard disks. All nodes run CentOS 6.5, Hadoop 1.2.1,
and Java 1.7.0. We use CiteSeerX data set, which contains nearly 1.32 Million
citations of total size 2.89 GB in XML format. Each citation includes record ID,
author, title, date, page, volume, publisher, etc and also abstract. We compare
the performance of our algorithms with Document Similarity Self-Join (DSSJ)[1]
and Dedoop[3]. We use accuracy and run-time metrics to evaluate performance.
In order to measure the accuracy, we manually generate a validation set
which contains 200 records. We output the top 10, 20 and 50 similar pairs for
each algorithm. Since Dedoop compares all possible pairs and calculates cosine
similarity directly, Dedoop is the best as in Fig.1. Ours achieves better accuracy
than DSSJ with much less computation cost as in Fig.3. For processing speed,
since Dedoop and DSSJ generate enormous size of pairs, they cost much network
transmission and bring big burden for in memory processing as in Fig. 3. In our
experiment, the transmission data generated by Dedoop or DSSJ is up to several
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Table 1. Accuracy Comparison

Name Top 10 Top 20 Top 50
DSSJ 90% 95% 94%
Ours 90% 100% 94%
Dedoop 100% 100% 100%

Fig. 3. Run-time Comparison

terabyte for 200MB source data. However, our algorithm is signiﬁcantly faster
than Dedoop, and far more stable even dealing with gigabytes of input data.

4

Conclusion

In this paper, we study the problem of matching the entities with highdimensional feature vectors based on MapReduce. We take the MapReduce
framework as our programming model and point out the two major challenges
met on this model, which were load balancing problem and network transmission cost. We propose a random-based matching method to solve the matching
problem. We use LSH function to generate signatures for entities and based on
random permutations, we can promise similar candidate to be paired with high
probabilities. Given the proposed algorithm, we implement it in Hadoop and
compare with the other algorithms. We achieve much lower computation cost
while still keep high accuracy.
Acknowledgment. This work is partially supported by National Basic Research Program of China (Grant No. 2012CB316200), National Science Foundation of China
(Grant No.61232002, 61402180 and 61332006), and Key Program of Natural Science
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1

Introduction

One of the most important properties of social networking sites is its reachability – no physical location constraint. In addition, all social networking sites allow
us to search people with common interests, so we can ﬁnd friends anywhere in the
world easier than ever. With the help of social media, it seems that expaning our
social networks is physical location independent. Motivated by the above observations, we study the role of physical location in social media. If physical location is
no longer a barrier and physical interaction can be ignored, then our online social
networks should have the following characteristics: (1) A number of our friends are
from diﬀerent places in the world other than the places that we have been; (2) A
number of our friends are not from our physical social circles – they are not our
colleagues, not our high school friends, etc.

2

Definition and Data Collection

Let G = (U, E) be a social network. U = {u1 , u2 , . . . un } is a set of vertices
and E = {e1 , e2 , . . . em } is a set of edges. A vertex represents an individual and
an edge represents two individuals are friends in G. The one-hop network of ui
is called friendship network of ui , and is denoted by Fi . ui ’s social circles is a
collection of the names of organizations that are listed in ui education history
and/or employment history. Given ui and uj , ui can reach uj if and only if
uj ’s proﬁle is not hidden to ui . We randomly picked 20,000 user proﬁles from
Facebook and crwal their friends and ﬁnally obtained round 2 million proﬁles.
2.1

Education History and Employment History Analysis

Question: if ux and uy are friends, then what is the probability that ux and uy are
from: (1) the same school? (2) the same employer? (3) both? If the probabilities
c Springer International Publishing Switzerland 2015
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Fig. 1. The probabilities that two persons are from the same social circle

are high, then physical social circle plays an important role in the structure of a
social network. Figure 1 shows the result. The probability of “friend bar” is far
more than the “random bar”.
Limitations: (1) Not many users disclosed their employment histories (15%)
and education histories (28%). We may consider the result in this section
is a baseline case. (2) two friends who are studying/working in the same
school/company does not necessarily mean they must know each other via inperson. Yet, this does not aﬀect our conclusion: physical location plays an important role in online social network.
2.2

Home Town and Current City Analysis

Question: if ux and uy are friends, then what is the probability that ux and uy
have: (1) the same home town and/or the same current city? (2) the same home
town, current city, school and/or employer? Figure 2 shows the results. From
the ﬁndings we obtained, we conclude that geographical location does play a
signiﬁcant role in our online social network, even thought social media in theory
does not have any physical boundary.
Limitation: Facebook allows users to speciﬁc their home towns and current
cities but does not provide any information about what other cities a user has been.
E.g., ua and ub are friends. ua ’s home town and current city are both San Jose and
ub ’s home town and current city are both Phoenix. Suppose ua and ub knew each
other because they both lived in Rochester for a while. In their Facebook proﬁles,
we only know ua and ub are friends but never realize they both stay in the same
place. We may underestimate the importance of geographical location.
2.3

Language Analysis

Question: given a user, what is the probability that a friend of this user uses
the same language setting? Figure 3 shows the result. Overall, given a random
user, 83% of his/her friends will use the same language code. This percentage
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Fig. 2. The relationship between the number of friends and the probability of friends
came from the same locality
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Fig. 3. The probability of friends having the same language setting

is surprisingly high. Almost for all languages, the probability that two random
users who are friends will set the same language as their default one will always
be > 70%. There are a few exceptions. The most obvious one is Malaysian. There
are 2,386 users set Malaysian as their default Facebook language. For a user who
set Malaysian as his/her default language, only 20.1% of his/her friends will also
set Malaysian as default, where as 70.8% of his/her friends would use English.
These ﬁnding strongly suggested that language also plays a signiﬁcant role in
determining how our social networks in a social media are shaped. In addition,
language is somehow also location dependent.
2.4

Further Discussion

Question: what is the probability that two random people are friends given that
they have common interest? If the probability is high, it may implies social media
is an important place for people to ﬁnd and make friends with common interest.
It may then suggest that physical interaction may not be too important in some
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cases. We randomly join 300 groups that are related to some particular interests
in Facebook and then compute the probability that two random people from
the same group are friends. Figure 4 shows the result. The larger the group,
the less likelihood that two random people from the group are friends. Perhaps
most people joining some common-interest-groups is for sharing and obtaining
information, but not for acquiring new friends.
1
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Fig. 4. Probability of two random people from a group are friends

3

Conclusion

There is indeed a very strong relationship between physical locations and our
online social networks. In theory there is no physical boundary in social media,
few of us will try to utilize this property when we use social media. The reachability of social media is strong but the expandability is limited. This may further
suggest that most people use social media sites are not aimming at expanding
their networks, but reconnecting some lost networks or maintaining their existing
ones. The problem similar to, but in fact quite distinct, to ours is the problem
related to homophily [1]: given two people are connected, are they similar to
each other? Their primary goal not to answer questions such as: what is the role
an attribute (e.g., physical location) plays in the structure of a network?
Acknowledgement. This research is partially supported by General Research
Fund of Hong Kong (417112), Shenzhen Fundamental Research Program
(JCYJ20130401172046450), RGC Direct Grant (417613), Fundamental Research Funds
for the Central Universities (3262014T75).
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Abstract. Research on community evolution contributes to understanding the
nature of network evolution. Previous community evolution studies have two
defects: (1) the algorithms do not have sufficient stability or cannot handle the
radical structure change of communities, and (2) they cannot reveal the evolutionary regularities with multiple levels. To solve these problems, this paper
proposes a new method for mining the evolution of communities from dynamic
networks. Experiments demonstrate that compared with traditional methods,
our work significantly improves the algorithm performances.
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1

Introduction

Currently, the method used to study community evolution in dynamic networks can
be roughly divided into two categories. The first type of method is called independent
clustering [1-4]. First, a series of network snapshots is taken from the dynamic network, and then the community detection algorithm is applied to get the community
structure on each network snapshot. However, most community detection algorithms
are unstable and easy to fall into local optimum, i.e., even small changes in network
connection will lead to a very different community structure. Especially for agglomerative hierarchical clustering algorithms, when a small amount of the network
edges are removed, the community structure found by these algorithms will be of
great change [5].
The second type of approach to study community evolution is evolutionary clustering [6-8]. This type of method uses temporal smoothness assumption that community
structure does not change dramatically in continuous timestamps. Evolutionary clustering method, by taking into account the temporal information in network evolution,
overcomes the problem of randomness caused by the community detection algorithm
or the noise of the network. However, because of the use of temporal smoothing hypothesis, these methods cannot capture the dramatic changes of community structure
due to external events, which is a common defect to such methods.
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To solve these problems and explore the issue of community evolution better, this
paper proposes a new method for mining the evolution of communities from dynamic
networks.

2

Hierarchical Community Mining

Hierarchical clustering process is as follows. First, each edge is assigned to an individual community; the height of the community at this time is 0. Then each time the
most two similar communities are selected and merged. In the single-link hierarchical
clustering, the similarity between two communities is the similarity of the most similar edges in the two communities. 1 minus this similarity is the height of the combined community. If there are multiple communities with the same similarity, then
randomly select two communities to merge. The process is repeated until all the edges
are combined into a community. Single-link hierarchical clustering will get a dendrogram shown in Fig. 1. Apply hierarchical clustering to the dynamic network, and we
will get a dynamic dendrogram.

Fig. 1. A Dendrogram Created by Link Communities Method

2.1

Community Screening

The result of hierarchical clustering algorithm is a complete community hierarchy,
which inevitably contains a large number of meaningless communities such as trivial
communities and redundant communities. These communities are not only pointless
for the analysis of community evolution, but also affect the efficiency of our algorithm, and therefore they need to be removed from the collection of communities.
Definition 1: trivial community. Given a community ct,i at time t, if
, then this
community is a trivial community.
Definition 2: redundant community. Let community ct,j and community ct,k have the
same parent community ct,i, i.e. ct i = t( ct j , ct k ) . If both of the following conditions:
,

Φ

,

,
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(in this paper, we set α to 0.05) are satisfied, then community ct,j is a redundant community.
Redundant communities refer to the communities that are very similar with other
communities, and can be substituted by them. As shown in Fig. 2, in the hierarchical
clustering process, community B and community C are merged into community A. It
can be seen that community B, which is merely one edge and one node fewer than
community A, is very similar with community A. The evolution of community B and
community A will be very similar as well, so in community evolution analysis community B is redundant and can be replaced with the community A.

Fig. 2. An Example of Redundant Community

3

Experimental Evaluation

In this paper, we use Enron (the emails that sent among the employees of Enron Corporation) and Facebook (the comments that left by a portion of Facebook users on the
Facebook wall) data set in the following experiments.

Fig. 3. The Variation of Community Stability of Three Kinds of Scale with Time

In order to study the community size effects on the community evolution, according to
the number of nodes in the communities, the communities are divided into small-scale
communities(the number of node is less than 10), medium-scale communities(the number of node is greater than 10 and less than 100) and large-scale communities(the number
of node is greater than 100). Fig. 3 shows the variation of the community stability of
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three kinds of scale with time. The horizontal axis is the time axis t-t+1; the vertical axis
of the upper three figures is the mean of all the communities’ stability I( ct i , ct + i ) from
time t to t+1, and the vertical axis of the lower three figures is the standard deviation of
all the communities’ stability I( ct i , ct + i ) from time t to t+1.
As can be seen from Fig. 3, in Enron dataset, small-scale communities are most
unstable while large-scale communities are most stable. There is no significant difference in the standard deviation of community stability between communities of three
kinds of scale. However, in Facebook dataset, the mean of community stability of
small-scale communities is the highest and the standard deviation is also the highest,
indicating that small-scale communities as a whole is relatively stable, and there exist
many very stable communities and very unstable communities at the same time. The
mean of community stability of large-scale communities is the lowest and the standard deviation is also the lowest, which means that the stability of large-scale communities is relatively close.
,

,

4

1,

1,

Summary

This paper discusses the issue of new community evolution method with multiple
hierarchies and proposes a stable method to enable the analysis of the community
evolution. Experiments show that compared with traditional methods, our work significantly improves the algorithm performances.
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Abstract. Multi-document Summarization becomes increasingly important in the age of big data. However, existing summarization systems do
not or implicitly consider the conceptual relations of sentences. In this
paper, we propose a novel method called Multi-document Summarization based on Explicit Semantics of Sentences (MDSES), which explicitly
take conceptual relations of sentences into consideration. It is composed of
three components: sentence-concept graph construction, concept clustering and summary generation. We ﬁrst obtain sentence-concept semantic
relation to construct a sentence-concept graph. Then we run graph weighting algorithm to get ranked weighted sentences and concepts. Besides, we
obtain concept-concept semantic relation for concepts clustering to eliminate redundancy. Finally, we conduct summary generation to get informative summary. Experimental results on DUC dataset using ROUGE metrics demonstrate the good eﬀectiveness of our methods.
Keywords: Multi-document summarization · Sentence-concept graph ·
Concept clustering · Summary generation

1

Introduction

Multi-document summarization is to produce a summary from a set of documents which describe the same topic, and a variety of document summarization
methods have been developed recently [1,2]. As documents and concepts have
the same characteristic that focus on an issue, documents are the reﬂection of
concepts to some extent. However, existing methods do not or implicitly reﬂect
the conceptual relation of sentences, while we explicitly construct the relation
between sentences and concepts, which better reﬂect the relations of sentences
in the concept degree. In this paper, we propose a novel method called Multidocument Summarization based on Explicit Semantics of Sentences (MDSES).
The contributions of our work are summarized as follows: 1) We explicitly consider the conceptual relations of sentences in the task of multi-document summarization. 2) We propose a novel method called MDSES which utilizes explicit
semantics of sentences. 3) We exploit sentence-concept semantic relation and
concept-concept semantic relation which is based on Wikipedia textual content
and hyperlink structure to eliminate redundancy. 4) Experimental results on the
DUC dataset verify the eﬀectiveness of MDSES compared with baselines.
c Springer International Publishing Switzerland 2015
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Multi-document Summarization Based on Explicit
Semantics of Sentences

MDSES is composed of three components: sentence-concept graph generation,
concept clustering and summary generation. First, we parse D = {d1 , d2 , ..., dl }
to sentence set S = {s1 , s2 , ..., sn }. Then we map sentences to Wikipedia
concepts based on Wikipedia textual content, and we can get concept set
C = {c1 , c2 , ..., cm }. After the mapping procedure, we can get sentence-concept
relation Msc . We exploit Msc to construct sentence-concept graph G = {S, C, E}.
Then we run graph weighting algorithm on G to get ranked weighted sentence set
S  and concept set C  . Since similar sentences map to similar concepts, we need
cluster concepts to detect redundancy. First, we compute concept-concept relation Mcc based on Wikipedia hyperlink structure. Then we clustering concepts
based on Mcc to concept clusters CC. At last we conduct summary generation
to generate summary. Fig.1 presents the overall framework of MDSES.

Concept Clustering

Hyperlink Structure
Concepts
Textual
Content

Documents

Sentence-Concept
Graph Construction

Summary Generation

Fig. 1. The framework of MDSES method

Sentence-Concept Graph Construction: We use Explicit Semantic Analysis (ESA) [3] to mapping sentences to Wikipedia concepts. First, we build
an inverted index of Wikipedia, which maps each term into a list of concepts
in which it appears. We deﬁne si = {t1 , t2 , ..., tn } be input text, and deﬁne
v = {v1 , v2 , ..., vn } be its TFIDF vector, where vi is the weight of term ti . let
k = {k1 , k2 , ..., km } be an inverted index entry for term ti , where kj quantiﬁes
the strength of association of term ti with Wikipedia concept
 cj , {cj ∈ c1 , ..., cm }.
Then, the weight wij between si and cj is deﬁned as ti ∈si vi ∗ kj . After the
mapping procedure, we can get a sentence-concept relation represented by Msc .
Then we use S and C as vertex, Msc as the weighted edge E to get the sentenceconcept graph G = {S, C, E}. Deﬁne weight(s) as the weight of s and weight(c)
as the weight of c, and we initialize each s in S with the score √1n , then
we calculate the weight of ci and sj iteratively
as follows: weight(k+1) (ci ) =


(k)
(k+1)
(k)
w
weight
(s
),
weight
(s
)
=
(ci ). In order to
j
j
sj ∈S ji
ci ∈C wji weight
guarantee the convergence of the iterative, the weight of vertex is normalized
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after each iteration. We iterate the procedure until it reaches convergence, and
we can get ranked weighted sentence set S  and ranked weighted concept set C  .
Concept Clustering: In order to get concept-concept relation Mcc , we adopt
Wikipedia Link Vector based Measure (WLVM) [4]. For each concept, we build a
vector space model, which using link counts weighted by the probability of each
link occurring. This probability is deﬁned by the total number of links to the
target concept over the total number of concepts. Thus if t is the total number
of concepts within Wikipedia, then the weighted value w for the link a → b (a
is the source
and b is the target concept) is deﬁned as w(a → b) = |a →
t concept
t
). We deﬁne all n target concepts {li |i = 1..n} found within
b| ∗ log( x=1 |x→b|
the links contained in concepts c1 and c2 . The vector for each concept ci is given
→
by −
ci = {w(ci → l1 ), w(ci → l2 ), ..., w(ci → ln )}. Our similarity measure for
the concepts is then given by the cosine similarity between their vectors. After
we compute the similarity between concepts, we can obtain Mcc . For concept
clustering, we use the conventional Hierarchical Agglomerative Clustering (HAC)
algorithm to cluster concepts based on Mcc and get concept clusters CC =
{cc1 , cc2 , ..., cck }. In HAC algorithm, we ﬁnished the cluster merging when the
similarity between concept clusters falls below a given threshold (0.3 is an empiric
value in our study).
Summary Generation: First, we rank CC based on 
the ranked weighted C  .
For each cluster cc, we compute its weight weight(cc) = ci ∈cc weight(ci ). Then
we rank concept clusters in descending order of weight to get ranked concept
clusters CC  . For each cluster, we select one concept c with the highest weight
to represent the cluster based on the ranked C  , and we can get representative
ranked concept set RC = {c1 , c2 , ..., ck }. At last, we select the ﬁrst concept c
from RC, and get sentence set Sc linked to c based on G, then we select the
sentence with the highest weight in Sc based on S  to generate summary. Iterate
the procedure until the length of summary is reached.

3

Experiment

In our experiments, we use DUC1 2004 dataset and ROUGE [5] as evaluation
metric. For baselines, we choose MMR-MD [6] and TextRank [1] for they are
two classical methods. With the ubiquity of mobile internet and people’s reading
habit on mobile devices, diﬀerent length of summaries are also important. We
investigate the performances of MDSES under diﬀerent summary length, which
ranging from 60 words to 100 words. For evaluation, we use ROUGE-1 and
ROUGE-SU4, and Fig.2 are comparison at diﬀerent summary length.
From Fig.2 we have three obvious: (1)All the curves are incremental curves
and the reason is also obvious. It is because that with the length of summary
increases, the summary will contain more important information. (3)The gradient of MDSES is higher than TextRank and MMR-MD, which means that our
1

http://duc.nist.gov/

509

0.12

0.4
0.38
0.36
0.34
0.32
0.3
0.28
0.26
0.24
0.22
0.2

0.11

MDSES
TextRank
MMR-MD
60

70

80

90

summary length

100

ROUGE-SU4

ROUGE-1

Exploiting Conceptual Relations of Sentences

0.1
0.09
0.08
0.07
MDSES

0.06

TextRank

0.05

MMR-MD

0.04
60

70

80

summary length

90

(a) ROUGE-1.

(b) ROUGE-SU4.

(a) ROUGE-1

(b) ROUGE-SU4

100

Fig. 2. Comparison at diﬀerent summary lengths

MDSES tends to have more advantages when the length of summary increases.
With the summary length increases, TextRank and MMR-MD select redundancy
sentences to summary while MDSES selects sentences in concept degree which
leading to more coverage of summary. (3)TextRank outperforms MDSES in Fig.
2(b) when the summary length is less than 80 words. The reason may be that
the summary length is too small, the importance of conceptual relations of sentences is restricted. But while the summary length is appropriate or big, the
good eﬀect of exploiting conceptual relations of sentences for multi-document
summarization appears.

4

Conclusion

In this paper we propose a novel method MDSES, it contains three components:
sentence-concept graph construction, concept clustering and summary generation. Unlike with other methods, we explicitly construct the relation between
sentences and concepts, which better reﬂect the relations of sentences in the
concept degree. Experimental results verify the eﬀectiveness of MDSES.
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(2013AA013300), National Natural Science Foundation of China (Grant No.
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Abstract. Narrative interfaces promise to improve the user experience of interacting with information systems by adapting a powerful communication concept which comes natural in human interaction. In this paper, we outline how
such a narrative information system which answers queries using elaborate stories can be realized. We show how to construct query-dependent plot graphs
from unstructured data sources. Also, we conduct an extended user study on our
prototype implementation in which users adapt and personalize the plots of
query-dependent stories. These studies provide further insights into which parts
of a story are relevant and can be used as a starting point for either personalizing stories or for crafting better user-independent stories in later works.
Keywords: Narrative information systems · Narrative exploration · Storytelling

1

Introduction

Information systems form the backbone of most Web applications enabling access to
a vast amount of digital information. However, interfaces to this information still lack
intuitiveness in the sense of how queries and query results are communicated. Especially when faced with complex and multi-facetted queries like “What will diabetes
mean for my life?” many state-of-the-art techniques like keyword-based document
retrieval are still insufficient as users have to laboriously work through multiple documents. Thus, a core challenge in current information systems research is naturally
providing relevant information as opposed to retrieving relevant documents [1].
Stories are particularly well suited to communicate complex and multi-facetted information in an easy-to-understand and easy-to-memorize fashion. They exhibit a plot
that covers a series of events in a comprehensible way to help the audience understand their connections and as research in cognitive sciences suggests, this type of
packaging information is especially easy for people to digest. The most memorable
stories however are interactively tailored for the audience, and a good storyteller takes
feedback and directive cues of her audience under consideration.
In this paper, we focus on the core-problem of building a Narrative Information
System, namely the construction and interpretation of query-dependent plot graphs.
To illustrate this concept, figure 1 shows a sample plot graph for a query about diabetes. This graph tells an overview story of the topic, briefly touching related topics
like obesity and prediabetes and relating them to the query topic through sub-topics
© Springer International Publishing Switzerland 2015
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Fig. 1. Simplified example plot graph for a general query about diabetes

such as diagnosis and causes. While the shown plot graph looks similar to knowledge
graphs as for example in [2, 3], the core difference is that the shown plot graph can be
transformed into a textual representation (story) via story synthesis (the problem of
finding a suitable linearization of the plot graph) and has text fragments for each node
or edge available for this purpose.

2

Modelling Narrative Queries

Plot graphs have been a common representation for stories in previous works [4, 5],
however, in contrast to other recent publications on storytelling ([2, 6]), we do not
limit plots to just temporally coherent narrations (e.g. news stories) or causal event
chains. Instead, we define them as sets of covered topics that may be connected by
sub-topics. To help with story synthesis, we annotate each node and edge with one or
more text snippets representing brief descriptions or explanations.
A plot graph
is given by
, , ,
,
,
with being a finite set of nodes (representing topics), and being a finite set of edges
representing transitions (via a sub-topic). Furthermore, we have a finite set
of
node labels (topic names), and a finite set
of edge labels. Then
is a
relation assigning labels to nodes, and
is a relation assigning labels to
transitions (therefore allowing multiple edges with different labels between two topics). Finally, we have a set of text snippets
, and the relations
and
assigning snippets to nodes (topics) and transitions (sub-topics).
Our system considers only a finite number of different plot graphs which is restricted by the data sources available to it. This universe of discourse containing all
topics and transitions which could be used in plots constructed by our system is
represented by a universe graph
that is defined analogously to definition 1 with
each possible plot graph
being an edge-induced subgraph of
. Given a universe
graph, a user can search its collection by issuing a query featuring a topic . Based
on that central topic, a subgraph of the universe graph is selected as a plot graph that
contains topics and transitions relevant with respect to the query topic.
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Fig. 2. Screenshot of
o the user interface of Narrex as used in our user study

Since users try to satisfy
y a fuzzy information need in facetted-search, our systtem
cannot provide one correct answer for a query, but instead has to generate an indivvidual plot graph for each indiividual user. This is done by interactively expanding a pplot
graph based on user feedbaack. We refer to such an interactively generated plot grraph
as a query-dependent disco
ourse graph
that contains only nodes and edges that are
relevant to a query
and the
t user. It is also an edge-induced subgraph of
.
Based on discourse graaphs, we implemented a Narrative Exploration protottype
called Narrex (see figure 2)). As a representative corpus, we used the full English W
Wikipedia (as of September 4,
4 2013), chose all Wikipedia articles as valid topics and
took all sensible first-level headings of each article as sub-topics (e.g. see figuree 1).
Topic and sub-topic text sn
nippets were selected using the multi-aspect summarizattion
method proposed in [1] thaat generates topic- and sub-topic-specific summaries foor a
given query topic. Each su
ub-topic specific summary text contains relevant topics related to the query topic viaa the sub-topic that we find with automated link detecttion
[7]. A discourse graph buiilt this way contains the query topic as seed node andd all
relevant related topics as additional
a
nodes connected by its sub-topics. All items are
annotated with their respecttive summaries. Using the user interface as shown in figgure
2, users of Narrex can interaactively and narratively explore the underlying text corppus.

3

User Study and Conclusions

We conducted a user study
y with 100 native English speakers on the CrowdFlow
wer
platform. Since we aim att improving the intuitiveness of processing multi-facettted
queries, we asked the particcipants to educate themselves about the most important life
changes a person has to make
m
in case that he/she was diagnosed with diabetes, a
query that stems from the facetted
f
search task of the TREC 2009 data set and thaat is
quite representative for wh
hat we envision our system to be able to do as there are
several different stories fro
om different perspectives that could be told to satisfy a user’s information need. Th
he participants were split in two groups with the ffirst
using Narrex and the seco
ond working on a state-of-the-art keyword-based system.
We examined the following
g issues: (1) what subsets of the discourse graph repressent
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Table 1. Group means (M/SE) for the questions of the third experiment

Narrex
Keyword-based

Question a)
2.91 / 0.27
2.87 / 0.26

Question b)
2.44 / 0.20
2.61 / 0.28

Question c)
2.71 / 0.26
2.71 / 0.25

Question d)
2.91 / 0.23
3.03 / 0.28

good plot graphs of stories users actually consider interesting and helpful, (2) how
informative are the query-dependent story graphs generated in this way for answering
a query compared to having verbose information available in form of relevant full
documents.
In the first part we studied how our study participants built plot graphs with Narrex
to get an understanding which stories are considered good and which topics and transitions are deemed relevant by logging their interactions with Narrex. The generated
individual plot graphs differed strongly in the set of contained story items and transitions. However, all these plots share a core set of transitions and topics considered
relevant by many participants that comprises a plot giving an overview of the task,
whereas the less chosen transitions and topics are part of more specific interest plots.
In experiment 2, both groups were asked to rate the following four questions on a
scale from 1 (best) to 6 (worst), so we could measure the user satisfaction with either
system: (a) how satisfied were you with the information display, (b) to what extend
could you answer the main question, (c) how satisfied are you with the knowledge
you got in relation to the main question, (d) can you imagine using this type of information display to answer questions like “how does living on my own will affect my
life”, “how does my life change if I got pregnant”, or “how does my life change if my
wife is diagnosed with cancer”. The results are shown in table 1. We analyzed the
user ratings for each question individually with group means and compared them with
an independent sample t-test. Conditions of normal distribution are assumed due to a
sample size of at least 30 per group, homogeneity of variances was given (Levene’s).
All differences between the group means were not significant.
Our results show that even naïve prototypes of Narrative Information Systems can
already keep up with keyword search for multi-facetted queries. Also, they dramatically reduce the cognitive burden by directly presenting relevant information in form
of relationships between topics and by reducing the texts the user has to read. These
findings suggest that further research in Narrative Information Systems is worthwhile.
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Abstract. In this paper, we discuss the maximization of the spread of competitive influence when multiple companies market competing product using social
network. We first extend the linear threshold model by incorporating the
competitive influence spread obtaining the extended linear threshold model
(ELTM). We then give the objective function of selecting the optimal seed set
of competing products in a social network, and the objective function is monotone and submodular under the ELTM, thus a greedy algorithm could achieve

，

1−1/e approximation ration (where e is the base of natural logarithm). Accordingly, preliminary experimental results verify the feasibility of our method.
Keywords: Social network · Viral marketing · Competitive influence spread ·
Extended linear threshold model · Approximation algorithm

1

Introduction

With the increasing popularity of online social networks, such as Facebook, Twitter,
etc., online social networks have become an important platform to spread opinion,
news, information of the products, etc. Many researchers have studied the influence
spread of online social networks by focusing on influence maximization. Kempe et al.
[1] formulated the influence maximization as a discrete optimization problem and
proposed two influence diffusion models: linear threshold model and independent
cascade model. The seminal work given by Kempe et al. [1] motivates various studies
on influence maximization in social networks [2, 3, 4].
One important application of influence maximization in social network is viral marketing [5, 6]. There are already instances of successful viral marketing campaigns in real
life (e.g. the Nike commercial) that use social networking websites such as orkut.com and
facebook.com to market products [7]. In reality, there exist two or more products competing with one another, exactly the problem that we will solve in this paper.
Motivated by the above scenarios, several recent studies have looked into competitive influence diffusion. Bharathi et al. [8] studied the game theory based competitive
influence spread under the extended independent cascade model. Budak et al. [9]
© Springer International Publishing Switzerland 2015
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discussed the problem of minimizing the devastating effects of misinformation campaigns under an extension of IC model. In these extensions of the IC model, the node
only can be activated by one of in-neighbors, and the influence accumulation of activated in-neighbors of a certain node has not been considered.
In this paper, we first construct the competitive influence spread model based on the
(LT) model by incorporating the competitive influence spread and considering the nature
of competitive influence spread, and the objective function is monotone and submodular
under the ELTM. Thus, we can use the greedy algorithm to select the seed set of A,
which could approximate the optimal algorithm with 1–1/e approximation ration.

2

The Extended Linear Threshold Model

We define the ELTM as an extension of the LT model as follows. In G=(V, E), IB⊆V,
IB denotes the B’s seed set, and SA denotes the A’s seed set (SA∈V\IB). The weight of
edge (u, v) is wuvA = wuvB =1/d(v), where d(v) is the in-degree of node v. Each node has
two activated thresholds θVA and θVB uniformly at random from [0, 1]. In reality, the
products of different companies have different influence degrees for consumers. In
this paper, we define the influence degree of A as qA, and that of B as qB.
For node v, we describe the above ELTM as the following four active cases.
(a)The weight of A-activated in-neighbors of node v multiplies qA, which is greater
than or equal to the A-activated threshold θVA , but the weight of B-activated inneighbors of node v multiplies qB, which is less than the B-activated threshold θVB .
That is

w

A

uv t

w

∗ q A ≥ θ vA and

B

uv t

∗ q B < θ vB . Then, the activated probability of

node v can be written as aptA+1 (v ) = 1 and aptB+1 (v ) = 0 .
(b) The weight of A-activated in-neighbors of node v multiplies qA, which is less
than the A-activated threshold θVA , but the weight of B-activated in-neighbors of node
v multiplies qB, which is greater than or equal to the B-activated threshold θ vB . That is

w

A

uv t

∗ q A < θ vA and

w

B

uv t

∗ q B ≥ θ vB . Then, the activated probability of node v

can be written as aptA+1 (v ) = 0 and aptB+1 (v ) = 1 .
(c) If the weight of A-activated (or resp. B-activated) in-neighbors of node v multiplies qA (or resp. qB), which is greater than or equal to the A-activated threshold θ vA
(or

resp.

w

B

uv t

the

B-activated

threshold

θ vB ),

i.e,

w

A

uv t

∗ q A ≥ θ vA

and

∗ q B ≥ θ vB , then the bigger weight to v dominates. If they are equal, then the

node v will randomly choose A or B. In this paper, we consider that A dominates the
influence spread. Then, we obtain aptA+1 (v ) = 1 and aptB+1 (v ) = 0 .
(d) The weight of A-activated (or resp. B-activated) in-neighbors of node v multiplies
qA (or resp. qB), which is less than the A-activated threshold θ vA (or resp. B-activated
threshold θ vB ), then we have aptA+1 (v ) = aptB+1 (v ) = 0 .

518

3

H. Wu et al.

Approximation Idea for Maximizing the Competitive
Influence Spread

Informally, the competitive influence spread problem is an optimization problem, in
which the social network G=(V, E), the initial B seed set, and an integer k have been
given. We want to find a seed set of A of size k such that the expected number of activated nodes by A is maximized. More precisely, let IB denote the seed set of B, and SA
(SA⊂V\IB) denote the seed set of A. The problem of selecting the optimal seed set SA of
size k is to maximize the influence of seed set of A, denoted as σ(SA, IB):
S * = arg max σ ( S A , I B )

(1)

S A ⊂V \ I B , S A = K

Selecting the optimal seed set of A is NP hard, while knowing the seed set of B.
The objective function σ(SA, IB) is monotone and submodular under the ELTM and
σ(φ, IB)=0. Based on the result in [10], we can obtain the approximate result by using
the greedy algorithm.

4

Experimental Results

Number of A -activated Nodes

400
Greedy
Max-degree
Random

350
300
250
200
150
100
50
0

0

5 10 15 20 25 30 35 40 45 50
Number of A Seeds

(a) Cit-HepTh-new

Number of A-activated Nodes

We use Cit-HepTh data set, the Arxiv High Energy Physics paper citation network.
We chose 1000 nodes from the network, and generate synthetic network, which is
called as Cit-HepTh-new. We use the weighted cascade model [1] to generate the
influence weight of edges.
500
450
400
350
300
250
200
150
100
50
0

Greedy (qA=1/2,qB=2/3)
Greedy (qA=1/2,qB=1/2)
Greedy (qA=2/3,qB=1/2)

0

5 10 15 20 25 30 35 40 45 50
Number of A seeds

(b) Cit-HepTh-new

Fig. 1. Influence spread of different algorithms and influence spread of A with greedy algorithm
under different influence degrees

In this experiment, we select 10 seeds with random algorithm as the initial seeds of B
and select 50 seeds of A to maximize the spread of A. It can be seen from Fig. 1(a) that
the greedy algorithm outperforms the max-degree algorithm and the random algorithm.
We further compare the number of A-activated nodes of greedy algorithm with different influence degrees of A, which includes three cases: (a) qA=1/2, qB=2/3, (b) qA=1/2,
qB=1/2 and (c) qA=2/3, qB=1/2, shown in Fig. 1(b). As expected, when the influence degree of A is larger relatively, more nodes become A-activated. This is because in this case
the influence of A can traverse long paths, and thus more nodes will become A-activated.
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Conclusions

Competitive influence spread is important and challenging in the field of social network. In this paper, we extended the LT model to incorporate the competitive influence spread. Selecting the optimal seed set of A is NP hard, when the seed set of B has
been known. The objective function of selecting the optimal seed nodes is monotone
and submodular under the ELTM, then using the well-known results on submodular
functions [10], the greedy algorithm can be used to approximate the optimal result
with 1–1/e.
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Abstract. Wireless sensor network (WSN) is an important part of
Internet of Things. Due to abundant resources and high eﬃciency, many
future large-scale WSNs are expected to follow a two-tiered architecture, where resource-rich storage nodes are placed in the upper tier
and resource-limited sensor nodes are placed at the lower tier. However, the architecture threatens network security. Thus it is challenging
to process range query while protecting sensitive data from adversaries.
Most existing relate work focuses on single-attribute privacy-preserving
range query. In practical applications, sensor nodes usually sense multiple attributes. In this paper, we propose a secure and eﬃcient range
query protocol for multi-dimensional data in two-tiered wireless sensor
networks. A speciﬁed pair of matrices is used to compute characteristic
values of sensed data and encrypt range queries. Finally, experimental
results conﬁrm the eﬃciency of our protocol.
Keywords: Multi-dimensional range query · Wireless sensor networks ·
Privacy preservation

1

Introduction

Wireless sensor network (WSN), which is treated as an indispensable part
for Internet of Things (IoTs), has been widely used in many applications.
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Most future large-scale WSNs will follow a two-tiered architecture which consists of a large amount of resource-limited sensor nodes at the lower tier and
several resource-rich storage nodes at the upper tier. The sink is reliable and
we do not consider compromised sensor nodes. However, since storage nodes are
responsible for storing data and processing queries, they are more liable to be
compromised. Therefore, it is challenging to preserve data privacy as well as
achieving eﬃcient performance and precious results.
Range query is one of important queries. Secure range query for 1-dimensional
data have been well addressed [1–3], however, very few works focus on secure
range query for multi-dimensional data. In this paper, we propose Secure
and Eﬃcient Multi-dimensional Range query processing (SEMR) in two-tiered
WSNs. A speciﬁed pair of matrices is used to compute characteristic values of
sensed data and encrypt range queries. Observations show that our protocol
outperforms previous work in eﬃciency, accuracy and privacy.

2

Secure and Eﬃcient Multi-dimensional Range Query
Processing

A z-dimensional data item D can be denoted by (d1 , . . . , dz )(1  l  z), where
dl is the value for the l-th dimension. We suppose sensor node Si collects n
z-dimensional data D1 , D2 , . . . , Dn at epoch t. Si constructs the data vector
2
vi,j l = ((dj l ) , dj 1 , 1) for each dimension dj l of Dj , then builds matrix Vi,j for
Dj by using data vectors vi,j as rows of Vi,j .Then Si obtains characteristic value
matrix CVi,j of data Dj through matrix multiplication as follows:
CVi,j = Vi,j · W

(1)

Obviously CVi,j is a z × 3 matrix. The message that Si sends to the storage node
ST is
Si → ST : i, t, {(D1 )ki , . . . , (Dn )ki }, {CVi,1 , . . . , CVi,n }
A z-dimensional range can be denoted as {[a1 , b1 ], . . . , [az , bz ]}. The sink
constructs a query vector q l = (1,-(al + bl ), al bl ) for each dimensional range
[al , bl ](1  l  z) and builds matrix Q by using query vectors q as rows of Q.
Then the sink transforms Q to T Q through
T Q = M · QT

(2)

It can be seen that T Q is a 3 × z matrix. Then the sink sends T Q to storage
node ST. While receiving the range query message, ST computing the product
pi,j of data di,j of sensor Si by multiplying CVi,j and T Q[a, b] as
Pi,j = CVi,j · T Q,

(3)

The product Pi,j is a z × z matrix. Note that the main diagonal element on the
l-th row is the range criterion for l-th dimension value.
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Theorem 1. Let z × z matrix P be defined as Equation (3) for z-dimensional
data D. D is in z-dimensional range {[a1 , b1 ], . . . , [az , bz ]} if and only if the the
elements on main diagonal of P are all non-positive.
Proof. For the l-th element pdl on main diagonal of P , note that
pdl = cv l · tq l = (v l · W ) · (M · (q l )T ) = v l · (q l )T
= (dl )2 − dl (a + b) + ab = (dl − a)(dl − b)
T hus, pdl  0 ⇔ dl is in [al , bl ], pdl > 0 ⇔ dl is out of [al , bl ].
Therefore the storage node ST can ﬁlter data according to Theorem 1.
Then ST sends the query result to the sink. The complexity of range query
process based on SEMR is O(zn).
Our basic protocol SEMR can ensure the result accuracy and process in
low complexity on the premise of preserving privacy, however, the characteristic
value matrix in our basic protocol also has a possible security vulnerability. For
instance, if the adversary captures the storage node and possibly derives W ,
then M and all actual data can be computed. One way to avoid this vulnerability is that each sensor node Si introduces the randomly generated parameters
1
z
1
z
, . . . , ri,j
} (r ∈ N+ ) into data vector vi,j
, . . . , vi,j
respectively to form Vi,j .
{ri,j
This parameter introduction does not aﬀect the range query processing since it
is sign-preserving for Pi,j .

3

Performance Evaluation

To evaluate the performance of SEMR and two prior works, BBP [3] and
SafeQ[4], we implement these schemes and perform communication cost comparison based on data set LUCE (Lausanne Urban Canopy Experiment) [5].
Note that BBP works as single-tired sensor network even though it has storage
nodes. Thus, to avoid extra communication cost for broadcast, we adapt BBP
for two-tired sensor network, which is denoted as CBBP (Changed BBP).
The schemes are implemented on OMNet++4.1, a widely used simulator for
WSNs. The area of sensor network is set to 400 meters × 400 meters. Sensor
nodes are uniformly deployed in the network. Assume the network is separated

(a) Sensor Nodes

(b) Storage Nodes

(c) Whole Network

Fig. 1. Impact of Network Size on Communication Cost (Epoch=30s, Dim=3)
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(c) Whole Network

Fig. 2. Impact of Epoch on Communication Cost (400 Sensor Nodes, Dim=3)

(a) Sensor Nodes

(b) Storage Nodes

(c) Whole Network

Fig. 3. Impact of Dimension on Communication Cost (400 Sensor nodes, epoch = 30s)

into 4 identical regions and one storage node is placed at the center of each
region. The transmission radius of each sensor node is 50 meters. We use 128-bit
DES as the data encryption for SEMR, SafeQ and CBBP. According to [4] and
[3], we also use 128-bit HMAC for SafeQ and 91-bit Bloom ﬁlter for CBBP. We
generated 200 random range queries for each epoch. The results state that our
SEMR reduces more communication cost, achieves higher eﬃciency than SafeQ
and CBBP.

4

Conclusion

In this paper, we present a secure and eﬃcient multi-dimensional range query
protocol — SEMR in two-tiered WSNs. SEMR preserves data privacy, enables
storage nodes to select the correct result and supports the sink to detect compromised storage nodes. Simulation results conﬁrm the high eﬃciency and accuracy
of SEMR. Our future work will focus on improving SEMR to detect collusion
attacks in WSNs.

References
1. Chen, F., Liu, A.X.: Privacy and integrity-preserving range queries in sensor networks. IEEE/ACM Transactions on Networking 20, 1774–1787 (2012)
2. Zhang, X., Dong, L., Peng, H., Chen, H., Li, D., Li, C.: Achieving eﬃcient
and secure range query in two-tiered wireless sensor networks. In: IEEE/ACM
International Symposium on Quality of Service (2014)

524

L. Dong et al.

3. Li, G., Guo, L., Gao, X., Liao, M.: Bloom ﬁlter based processing algorithms for the
multi-dimensional event query in wireless sensor networks. Journal of Network and
Computer Applications 37, 323–333 (2014)
4. Chen, F., Liu, A.X.: Safeq: secure and eﬃcient query processing in sensor
networks. In: IEEE International Conference on Computer Communications,
pp. 2642–2650 (2010)
5. Luce deployment. http://lcav.epﬂ.ch/cms/lang/en/pid/86035

A Sampling-Based Framework for Crowdsourced
Select Query with Multiple Predicates
Jianhong Feng(B) , Huiqi Hu, Xueping Weng, Jianhua Feng, and Yongwei Wu
Department of Computer Science, Tsinghua University, Beijing 100084, China
{fengjh11,hhq11}@mails.thu.edu.cn, {fengjh,wuyw}@tsinghua.edu.cn,
wxping715@gmail.com

Abstract. In this paper, we consider the crowdsourced select query with
multiple predicates. We ﬁnd that diﬀerent predicates have diﬀerent selectivities. An important problem is to determine a good predicate order.
However it is rather hard to obtain an optimal order. To address this
problem, we propose a sampling-based framework to ﬁnd a high-quality
order. We devise a minimum random selection method by randomly
selecting the predicate sequence. Since minimum random selection randomly selects predicate permutations over predicates, which may bring
large cost, we propose a ﬁltering based algorithm to further reduce the
cost. We evaluate our method using a real-world dataset. Experimental
results indicate that our methods signiﬁcantly reduce the monetary cost.

1

Introduction

crowdsourced select query with multiple predicates aims to ﬁnd all objects from a
data collection by asking crowdsourcing workers to identify whether each object
satisﬁes every query predicate. We ﬁnd that diﬀerent predicates have diﬀerent
selectivities and if we ﬁrst verify a highly selective predicate, we can avoid checking other predicates for those objects that do not satisfy the predicate and thus
can signiﬁcantly reduce the cost. An important problem is to determine a good
predicate order. However, it is usually very expensive to obtain the optimal predicate order. To address this problem, we propose a sampling-based framework
to determine a good predicate order.
We ﬁrst determine an predicate order on sampling objects, then the predicate order is deployed as our global order. To reduce the cost, we propose two
methods to compute the predicate order. The ﬁrst method, called minimum random selection, generates predicate order by choosing the predicates sequence in
randomly predicates arrangements. The second method, namely ﬁltering based,
further reduces the cost by selecting the better predicate order.

2

The Sampling-Based Framework

We propose the sampling-based framework. To answer a given select query over
global dataset, a random subset of objects is chosen and published on the crowdsourcing platform to generate the optimal predicate order. Then the rest of
c Springer International Publishing Switzerland 2015
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objects are asked by adopting this predicate order. To generate an optimal predicate order is a key component in the sampling-based framework. Therefore, next
we formally deﬁne the optimal predicate order determination problem.
Definition 1. Given a set of sampling objects R and a select query with n
predicates, {A1 (o) = a1 , A2 (o) = a2 , · · · , An (o) = an }, we aim to generate a
predicate order π∗ which has the minimum cost to answer the query.

3

Minimum Random Selection Algorithm

The minimum random selection (denoted by M RS) includes two steps: (1) it
randomly generates m permutations π1 , · · · , πm over attributes A1 , · · · , An . (2)
The algorithm calculates the cost of each permutation and selects the one with
the minimum cost as the optimal predicate order. We calculate the cost of a
permutation πi by adding up the cost on each attribute. Suppose πi1 , · · · , πin are
the attributes of πi and we ask questions on crowd with sequence πi1 , · · · , πin .
The algorithm ﬁrst asks all the objects whether they satisfy attribute πi1 and
obtains the candidate set Q1 . Next it asks πi2 from the candidate objects in
Q1 and obtains Q2 . Then it continues to ask all the remaining attributes and
calculates the total cost Cost(πi ). Notice that there exist a large amount of duplicated questions if we ask m permutations separately. To avoid asking duplicated
questions, we utilize an auxiliary matrix M to record the results that we have
retrieved.
Next we analyze the approximate ratio that π∗ compared with the real optimal predicate order, denoted by π̂ ∗ . Given k ∈ Z and η ∈ [0, 1], To ensure π∗ is
within the k best orders with probability larger than
η, then we must select at
m−1
≥ η.
least m random permutations and m satisﬁes 1 − i=0 n!−k−i
n!

4

A Filtering Based Selection Algorithm

A limitation of the minimum random selection algorithm is that it selects permutations randomly over predicates. Therefore, we propose the ﬁltering based
selection algorithm. We maintain a ﬁltering proﬁle to record the selectivity of
each predicate. The proﬁle is updated with the temporal results obtained by
crowd. To generate the next permutation, we ﬁlter out the non-optimal permutations by considering the predicate selectivity. At last we select the permutation
with the minimum cost.
4.1

Predicate Selectivity

Let P (Aj ) denotes the probability that an object satisﬁes predicate Aj . P (Aj )
can represent the selectivity of a predicate. P (Aj ) can be estimated by maximizN (a )
ing the likelihood of observed objects by P (Aj ) = N j , where N is the number
of observed objects over Aj , N (aj ) is the number of objects satisﬁes Aj (o) = aj .
We make the equation as a validated function only if N is larger than a certain
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threshold. If we only observer a small proportion of objects over Aj (let C denote
this proportion, 0 < C < 1), we can not utilize them to calculate the predicate
selectivity. The threshold is set to be C × |R|.
4.2

Permutation Selection with Predicate Selectivity

Given a permutation, if there exist two predicates Ai , Aj in the proﬁle with
P (Ai ) < P (Aj ) and Aj is in front of Ai in the permutation, then the permutation is called conflict. There are two processing steps to generate permutations
without conﬂicts. First we generate a random permutation. Next we check the
permutation with the proﬁle and obtain a proper permutation. In the second
step, there are two possible situations. (1) The permutation is conﬂicting with
the proﬁle. Therefore, it is not a proper permutation and we discard it. (2) The
permutation does not conﬂict with the proﬁle, then we ask questions.
We propose two methods to decide the number of permutations:
– OS − m. The ﬁrst method selects a ﬁxed number of orders m, where m is
still computed by minimum random selection.
– OS − k/η. In this method, we dynamically determine m during the process
of order selection. To make the best selected order within the k optimal
order with probability larger than η, we only need to randomly select an
permutation among kη optimal permutations.

5

Experiment

5.1

Experimental Setup

Dataset. People consists of 1000 photos of people from the Attributes-Dataset
1
. We veriﬁed ﬁve attributes of each photo using CrowdFlower.
Evaluation Metrics. (1) Sampling Cost is the number of tasks to obtain the
predicate order. (2) Total Cost is the number of tasks to perform select query in
the predicate order.
Comparing methods. We used the Brute-Force method as baseline, which
enumerates all the permutations, calculates their cost and selects the best one
(denoted by BF ). We compared performance between our approaches and BF .
To evaluate Total Cost of our approaches, we ﬁrst obtained optimal predicate
order using BF on the entire dataset. Then we compared the Total Cost between
optimal predicate order (denoted by Optimal) and our selected predicate order.
5.2

Sampling Cost and Total Cost Analysis

The Sampling Cost and Total Cost of our methods on the dataset are shown in
Figure 1. We have the primary observations as following: (1) the Sampling Cost
1

http://www.cs.berkeley.edu/∼lbourdev/poselets/attributes dataset.tgz
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Fig. 1. Sampling Cost and Total Cost Evaluation (Default values: k = 20, η = 0.9 and
C = 0.3)

of both OS − m and OS − k/η was always less than that of both BF and M RS,
while the Total Cost of both OS − m and OS − k/η was almost the same as
that of Optimal and outperformed M RS. That is because both OS − m and
OS − k/η utilized the selectivity to select ”better” permutations which required
less questions. (2) Sampling Cost of M RS was less than that of BF . Additionally,
with smaller k and larger η, the Total Cost of M RS was close to Optimal because
of taking advantage of both k and η to control the quality of the predicate order.

6

Related Work

The most common method of crowdsourced select query is sampling which can
signiﬁcantly save the cost [1–3]. Marcus et al. [1] primarily studied how to make
use of human instinct to design the interface of tasks. Trushkowsky et al. [2,3]
used species estimation techniques to process select query with a single predicate.

7

Conclusion

In this paper, we studied the problem of query optimization for crowdsourced
select query with multiple predicates. We proposed a minimum random selection
algorithm to obtain the optimal predicate order. In order to further reduce the
cost, we proposed the ﬁltering based selection method. Experimental results
indicated that our proposed methods signiﬁcantly reduce the cost.
Acknowledgement. This Work is supported by National High-Tech R&D (863) Program of China (2012AA012600), the NSFC project (61472198), and the Chinese Special
Project of Science and Technology (2013zx01039-002-002).
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Abstract. Existing multi-tenant database systems provide little support to consider high performance, good scalability, little space consumption and full customization at the same time. In this paper, we propose
a customized database schema design framework which supports schema
customization without sacriﬁcing performance and scalability. We propose the interactive-based method to help tenants better design their
customized schemas and integrate the schemas. We propose the graph
partition method to reorganize integrated tables. Experimental results
show that our method achieves better performance and higher scalability
with schema customization property than state-of-the-art methods.

1

Introduction

Multi-tenant database application has attracted more and more attention from
the leading IT companies and academic ﬁeld. As the software model, it amortizes
the cost of hardware, software and professional services to a large number of users
and signiﬁcantly reduces per-user cost. As the service provided by the multi-tenant
system is usually topic related, the system predeﬁnes some tables called predefined
tables. In the predeﬁned tables, the system deﬁnes some attributes called predefined
attributes. However, in order to design the schema which fully satisﬁes tenants’
requirements, the tenants require to conﬁgure their customized tables or add some
new customized attributes in predeﬁned tables. The tables newly conﬁgured are
called customized tables, and the attributes conﬁgured by the tenants both in predeﬁned and customized tables are called customized attributes. Providing a highdegree customization to satisfy each tenant’s needs is one of the important features
in the multi-tenant database and the well-known leaders in multi-tenant database
systems, e.g., Salesforce, Oracle, SAP, IBM and Microsoft, start to provide such
features to boost their competitiveness. However, one big challenge is to devise a
high-quality database schema with good performance, low space and high scalability supporting full customization.
To our best knowledge, state-of-the-art approaches on the multi-tenant
schema design can be broadly divided into three categories [3,4]. The ﬁrst one is
Independent Tables Shared Instances (ITSI). It maintains a physical schema for
each customized schema and this method has the scalability problem when the
service faces large numbers of tenants[1]. The second method is Shared Tables
c Springer International Publishing Switzerland 2015
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Shared Instances (STSI). In this method diﬀerent customized tenants share one
table and this method has poor performance and consumes more space since it
involves large numbers of NULLs. The third method is to simplify the service and
do not allow tenants to precisely conﬁgure schemas. Thus existing schema designs
did little work to consider the performance, scalability and the customization at
the same time. To address these limitations, we propose a customized framework. We not only allow tenants to fully conﬁgure customized schemas but also
recommend appropriate customized schemas. We propose the graph partition
method to do optimization. Experimental results show that our method with
full schema customization achieves high performance and good scalability with
low space.

2

Customized Schema Design

Customized schemas in the multi-tenant database pose great challenges. For
customized attributes in predeﬁned tables, if we put them into predeﬁned tables,
the predeﬁned tables can be extremely wide. And each customized attribute is
usually shared by a small number of tenants then the table is sparse containing
large numbers of NULLs. It decreases the performance and wastes space. On the
contrary, if we maintain one extension table for the customized attributes, the
number of NULLs is reduced. However, similar to ITSI, the scalability becomes
the bottleneck. While for customized tables, similar to customized attributes in
predeﬁned tables, if the system maintains one table for each customized table the
scalability is the problem. In this paper we focus on how to design high-quality
physical tables for customized schemas.
2.1

Cluster-Based Schema Integration

In the typical multi-tenant applications, the data type is very expressive then
we can use the data type information to build a feature vector for each customized table and then cluster them into similar groups. Each bit in the table
feature vector represents the number of corresponding data type and we use the
cosine function to compute the table feature vector and set it as customized table
similarity. Next we use the hierarchical agglomerative clustering method to cluster customized tables. Based on the clustering results we integrate customized
schemas into one integrated table for each cluster. In the attribute integration
process, the attributes can only be integrated between the one with the same data
type. In order to further ensure the accuracy, we take the constraint information
the uniqueness, nullable and data length into account and the instance information data cardinality is also considered. We build the Attribute Feature Vector
F Va for each customized attribute. For each customized attribute, the corresponding attribute feature vector has 4 dimensions, the ﬁrst F Va(0) is to reﬂect
the uniqueness, unique is 1 otherwise 0. The second F Va(1) is to reveal whether is
nullable, 1 means it may have NULL value, or else 0. The third F Va(2) represents
data length, and the fourth F Va(3) is data cardinality. When we integrate the
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attributes in each cluster, we sum diﬀerent dimension information similarity of
the attribute feature vector as the ﬁnal similarity value. For example, when we
deicide whether to integrate attributes ai and aj , if only one of the two attributes
are unique, then the sim(F Vai (0) , F Vaj (0) ) similarity is 0, otherwise it is 1. The
value sim(F Vai (1) , F Vaj (1) ) is computed similarly. For the latter two parts, we
both set the ratio of the minor value to the max value as the similarity value.
For each attribute we must integrate it to the most similar integrated attribute
above a threshold with the same data type.
2.2

Interactive-Based Schema Integration

Besides the basic cluster-based schema integration, we can further improve the
integration quality and eﬃciency. When the tenant starts to conﬁgure customized schema, the system can recommend some appropriate customized tables
or attributes. Meanwhile, the system can record the selection of diﬀerent tenants
to integrate the schema manually online. This interactive integration produces
no interruption and enhances the experience of tenants. When a tenant begins to
use the system, the system has no information of the tenant to refer. Confronting
with the “cold start”, we adopt the statistical information from the other tenants
to rank customized schemas. For each customized table, the system records the
number of tenants who conﬁgure to use, and the number is called voting. The
voting information also applies for customized attributes. The system integrates
the customized schemas in the same cluster and in each cluster diﬀerent customized tables are very similar to each other, then based on the clustering result
we select one table as the representative table for each cluster and the system
recommends the representative tables from diﬀerent clusters. Each cluster selects
the table with the highest voting and set it as the representative table. Meanwhile, in each cluster we calculate the voting of all the customized tables and set
it as Table Total. According to Table Total, we rank representative tables. A
higher voting of Table Total means that customized tables in this cluster are
utilized by more tenants, then the representative table has a higher rank.
2.3

Optimizing Integrated Schema

After integrating customized schemas from diﬀerent tenants, the integrated
tables are still sparse and wide and we need to reorganize the integrated tables.
Therefore, the optimization for customized schema becomes the integrated tables
partition problem. Ideally, we formulate it as a graph partition problem. An integrated table can be modeled as a graph, each vertex is an integrated attribute
and each edge is the similarity between two integrated attributes. We want to
partition the graph into k components. We can put those integrated attributes
shared by similar tenants together. We record the conﬁguration of each integrated attribute, build integrated attribute conﬁgure vector CVa and use Jaccard function to measure the similarity of diﬀerent integrated attributes. In the
integrated table graph, given two integrated attributes vi and vj , then the similarity is computed Sim(vi , vj ) = JAC(CVi , CVj ). Since k represents the number
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Fig. 1. Performance Comparisons II (Diﬀerent Reading Ratio)

of tables which can represent scalability, then when we specify k we compute it
like this. We deﬁne S, where S = Tk × 100%, T refers to the number of total
customized tables in this cluster. Thus we use S to compute k. For instance, if
S=5 then the scalability improves by 20. Thus we can use diﬀerent S to compute
the corresponding k, and the scalability improvement is also clear.

3

Experimental Study

Based on the typical tables and data type information in Salesforce we design our
fully customized multi-tenant benchmark. When generating customized tables
we deﬁne following parameters. The number of total tenants is Tnum . The average
number of attributes for each customized table satisﬁes the normal distribution
N(μ, σ 2 ), where μ represents the average number of attributes and σ is variance
and set as 2 and we use MySQL database. Figure 1 compares the performance
of our customized framework with STSI, ITSI and Chunk Tables [1]. We use S
to reﬂect the scalability improvement of the system. Here we utilize Cust+5% to
represent our customized framework when S=5, then Cust+10% and Cust+20%
are easy to understand. The workload contains 8000 operations. We vary the
number of tenants and then compare the performance under diﬀerent workloads.
Here μ is set 15. Based on the analysis in the YCSB benchmark [2], we vary the
ratio of reading operations. We observe that STSI performs worst in all the
cases. When the number of tenants is small, ITSI has some priority, however,
when the number of tenants is larger, scalability becomes the problem. Chunk
table method scales well but still performs worse than our method.

4

Conclusion

In this paper, we propose the customized schema design framework for multitenant database. We allow tenants to fully conﬁgure customized schemas and
propose the interactive-based method to help tenants precisely design their
schemas. We ﬁnally optimize the integrated schemas. Experimental results show
that our framework with full customized property achieves high performance
and good scalability with low space.
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Abstract. Recommender systems can interpret personalized preferences and recommend the most relevant choices to the beneﬁt of countless
users in the era of information explosion. Attempts to improve the performance of recommendation systems have hence been the focus of much
research eﬀort. Few attempts, however, recommend on the basis of both
social relationship and the content of items users have tagged. This paper
proposes a new recommending model incorporating social relationship
and items’ description information with probabilistic matrix factorization called SCT-PMF. Meanwhile, we take full advantage of the scalability of probabilistic matrix factorization, which helps to overcome data
sparsity as well. Experiments demonstrate that SCT-PMF is scalable and
outperforms several baselines (PMF, LDA, CTR) for recommending.

1

Introduction

With the development of the Web 2.0 and exponential growth of personal information on the network, recommender systems have been widely applied to make
people’s lives more convenient. What’s more, more information can be used
to create a superior recommendation system with greater interactions among
users and increasing use of tag recommendation systems. To date however, few
attempts incorporate interactions or connections among users and eﬀective products’ (call items in this paper) information (e.g., tags) into recommendation.
Users’ interests can be aﬀected by their behaviors in a social context. They
have a tendency to group together with common interests and interact with
each other based on their latent interests, which is called interest-based social
relationship in this paper. In summary, our main contributions are as follows:
– We obtain interest-based social relationships among users with users’ similarities. In order to show users’ interests to recommending items, we employ
a linear function combining user’ own interests and those interests who inﬂuenced him in an interest-based social network.
– We propose a probabilistic model to incorporate the interest-based social
relationship and the information of items for recommendation. The model is
called SCT-PMF. Model parameters are adaptive and the optimal parameters are controlled by a heuristic method which is called ’generate and test’.
c Springer International Publishing Switzerland 2015
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– We evaluate our approach SCT-PMF on two real-world data sets. The results
conﬁrm that our model outperforms the baselines with the same settings.

2
2.1

SCT-PMF
Problem Definition

Assuming an interest-based social network is modelled as a graph G =
(U, V, Eu , Ev ), and Eu deﬁned as S ={sik }N r ∗N r , is called a social matrix, and
the edge in Ev , deﬁned by R = {rij }N r ∗M , is referred as a rating matrix. Meanwhile, we deﬁne a document Dj =(wj1 , wj2 , ..., wj N w ) that contains the bagof-words including the title, keywords, abstract and tags of the product as the
content information of item j, where wjl (l ∈ [1, 2, ..., N w ]) denotes the lth word
of item j.
This paper builds a social network based on items to discuss how much inﬂuence the social networks have on recommending. We deﬁne Jaccard similarity [1]
between users to measure the common interest relationship (to grant the social
matrix S). In order to deﬁne our model more realistically, we consider each
user’s particular taste in the context of her/his social relationship network in
our model. The interest-based social relationship of u∗i is deﬁned by Equation
(1).

u∗i = αui + (1 − α)
sit ut
(1)
t∈T (i)

In Equation (1) ui is a latent vector, denoting the interests of ui . α and
1 − α represent the weight of ui particular interests and his interests inﬂuenced
by the friends in an interest social network respectively. sit (S(ui , ut )) denotes
the similarity between ui and ut . T (i) is the set of ui ’s friends, where the number
of T (i) depends on the similarity between ui and his friends such as sit > 0.5.
2.2

SCT-PMF

This paper exploits the LDA and PMF to incorporate the content information of
items and users’ social relationships, called SCT-PMF model, to enhance recommendation’s predictive accuracy. The new model oﬀers a probabilistic foundation
in dealing with diﬀerent factors, which gives rise to much ﬂexibility for modelling
various real recommendation situations. The graphical model of SCT-PMF is
shown in Fig.1.
We assume the content information of items is from the topic model in Fig.1.
More speciﬁcally, we draw topic proportions θj ∼ Dirichlet(ξ) and item latent
oﬀset εj ∼ N (0, λ−1
v IK ). Thus item j’s latent vector is regarded as vj = εj + θj .
Each word wjl draws topic assignment zjl ∼ M ult(θ) and word assignment
wjl ∼ M ult(βzjl ) in item j (document).
Based on interest-based social relationships’ deﬁnition of Equation (1) and
content information of items, we could obtain the following Equation (2).
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Fig. 1. Model of the SCT-PMF
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Then we take the method presented in Wang et al. [2] for approximation.

3

Experiments

3.1

Data Sets, Baselines and Evaluation Metrics

BibSonomy1 [3] and CiteUlike2 [2,4] are used to test the eﬀectiveness of our
approach. And PMF [5], LDA [6] and CTR [2] are used as baselines for comparison. To evaluate our approach, mean average precision at top H (MAP@H) and
recall at top H (Recall@H) in users’ actually recommendation lists are used in
this paper.
1
2

http://www.kde.cs.uni-kassel.de/bibsonomy/dumps
http://www.datatang.com/data/45466
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Experimental Results and Discussion

In order to make the experiments comparable, the same conﬁguration applies to
the proposed model and the baselines as well.
Performance Comparison. In order to show the eﬀectiveness of our method,
which displays the superior performance than other three baseline models, we
present the performance results with well tuned parameter H and ﬁxed other
parameter with λU = 0.01, λV = 0.1, α = 0.05 in Bibsonomy data set and λU =
0.01, λV = 10, α = 0.2 in CiteUlike data set, respectively. And our approach
(SCT-PMF) outperforms other methods (PMF, LDA and CTR) no matter how
the tuned parameter H is changing. It illustrates that the proposed model is
scalable.
Impact of Social Relationship. To testify the inﬂuence of social relationships in the recommendation system, let λU = 0.01, λV = 0.1, H = 200 in the
Bibsonomy data set and λU = 0.01, λV = 10, H = 200 in the CiteUlike data
set, respectively. We then observe the eﬀect of varying parameter α. As a result,
social relationships have a great inﬂuence on recommending items to users from
our experiments.
Impact of Content Information. In order to explain how the value of λV
aﬀects the performance, we hold other variables constant as λU = 0.01, α =
0.05, H = 200 in Bibsonomy and λU = 0.01, α = 0.2, H = 200 in CiteUlike,
respectively. In short, the content of items strongly inﬂuence the performance of
recommendation in an aspect of our experiments.

4

Conclusion

In this paper, we proposed an extended probabilistic matrix factorization model
incorporating social relationships and elaborated content-based information to
enhance the recommendation performance. The experimental results show that
our approach has achieved a great improvement on predictive accuracy of book
recommendation. In the paper, users’ social relationships are considered, but no
further actions regarding information diﬀusion or propagation between users are
counted. Furthermore, social relationships may include trust or distrust information, which are worthy of future study.
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3. Benz, D., Hotho, A., Jäschke, R., Krause, B., Mitzlaﬀ, F., Schmitz, C., Stumme, G.:
The social bookmark and publication management system bibsonomy. The VLDB
Journal The International Journal on Very Large Data Bases 19(6), 849–875 (2010)

A Multi-attribute Probabilistic Matrix Factorization Model

539

4. Wang, H., Chen, B.P., Li, W.J.: Collaborative topic regression with social regularization for tag recommendation. In: Proceedings of the 23rd International Joint
Conference on Artiﬁcial Intelligence. AAAI Press (2008)
5. Mnih, A., Salakhutdinov, R.: Probabilistic matrix factorization. In: Advances in
Neural Information Processing Systems, pp. 1257–1264 (2007)
6. Blei, D.M., Ng, A.Y., Jordan, M.I.: Latent dirichlet allocation. The Journal of
Machine Learning Research 3, 993–1022 (2003)

A Novel Knowledge Extraction Framework
for Resumes Based on Text Classifier
Jie Chen1 , Zhendong Niu1,2(B) , and Hongping Fu1
1

School of Computer Science and Technology, Beijing Institute of Technology,
Beijing 100081, China
2
Information School, University of Pittsburgh, Pittsburgh, PA 15260, USA
zniu@bit.edu.cn

Abstract. In the information age, there are plenty of resume data in the
internet. Several previous research have been proposed to extract facts
from resumes, however, they mainly rely on large amounts of labeled data
and the text format information, which made them limited by human
eﬀorts and the ﬁle format. In this paper, we propose a novel framework,
not depending on the ﬁle format, to extract knowledge about the person
for building a structured resume repository. The proposed framework
includes two major processes: the ﬁrst is to segment text into semistructured data with some text pretreatment operations. The second
is to further extract knowledge from the semi-structured data with text
classiﬁer. The experiments on the real dataset demonstrate the improvement when compared to previous researches.

Keywords: Resume fact extraction
Extraction
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·
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·

Knowledge

Introduction

In the information age, Internet-based recruiting platforms become increasingly
crucial as the recruitment channel[1]. Normally, human resources department
can receive numerous resumes from job seekers everyday. It is an extra work for
them to record these resume data into database. Meanwhile, job seekers may
use diverse resume formats and varying typesetting to gain more attention. As
a result, most of the resumes are not written in accordance with a standard
format or a speciﬁc template ﬁle. Although unique writing format can bring a
better experience for reader, it’s really harmful to data mining and candidates
searching system. They can decrease the success rate of recommending recruits
who meet the employer’s requirements perfectly, and on the contrary, may bring
some data noise. Thus, it is important to extract the valuable information of
each resume.
In the ﬁeld of web data extraction, most of the proposed research methods
have focused on how to extract the main content from news web pages. Compared
to news web page, resumes have some other unique properties. First, diﬀerent
c Springer International Publishing Switzerland 2015
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people have diﬀerent writing style for personal resume, but the content are all the
same items including their personal information, including contacts, educations,
work experiences etc. Second, in the same module of one resume, the writing style
is shared among diﬀerent items. In other words, resumes share the documentlevel hierarchical contextual structure[4], because items in one module sharing
the same writing style can make the whole resume more comfortable. Above all,
resumes can be segmented into several groups, and knowledge can be identiﬁed
based on the text classiﬁer constructed with the major elements of each resume.
In this paper, we propose an eﬀective framework to extract the detailed
knowledge from resumes without the limit of ﬁle types and too much human
eﬀorts to label data.

2

Our Approach

Diﬀerent with previous research, we construct the knowledge extraction framework based on text classiﬁer for resumes with two steps, which are semistructured information extraction step and detailed information identiﬁcation
step. The detail of our approach are described as follows.
2.1

Pipeline of Resume Knowledge Extraction Framework

The pipeline of our framework for resume knowledge extraction without the text
format information for building a structured resume repository with an example
is presented in Fig.1.

Fig. 1. The pipeline of our framework and an example
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First, the input of the framework is raw text, which is parsed from the origin
resume ﬁles. Tika1 is used to get the pure text content and styles are removed
from the ﬁles including table cells, font styles, images etc.
Second, each line of the text is segmented into phrase and a basic text classiﬁer is used to predict the label, such as university, date, number etc. With the
help of phrase classiﬁer, the composition information of each line can be determined and the semi-structured information will be the input of the next step.
In order to distinguish the diﬀerence among lines, the line with only one word is
tagged Simple, the line with two words and a common between them is tagged
KeyValue and others are tagged Complex.
Last, name entities are matched to the candidates proﬁle based on the information statistics and text classiﬁer.
2.2

Construct the Text Classifier

It’s known that each resume consist of someone’s education information including
job information, personal contact information, certiﬁcates etc. Inspired by the
components of a resume, we prepared a lot of name entities, such as name of
university, name of company, job positions, department etc., which are easy to
collect from the internet without human eﬀorts to label. These name entities are
used to train a basic multi-class classiﬁer, which covers the important part of
a resume. In our experiments, the Naive Bayes algorithm is used to train the
classiﬁer.

3

Experiments

For evaluating the proposed framework, we tested it on a real world dataset.
Education and work experiences parts are extracted from each resume. Since
the extracting algorithms are independent on the test corpus, we compared our
approach with PROSPECT[2] and CHM[3], which also use the natural language
processing method to extract the detail knowledge from the resume text. However, only two parts’ data were provided by these two models, we compared them
respectively.
Table 1. Education classiﬁcation
PROSPECT CHM Our approach
Precision 0.94
Recall
0.902
F-1
0.921

1

http://tika.apache.org

0.71 0.912
0.77 0.701
0.73 0.792
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Table 2. Work experiences classiﬁcation
PROSPECT Our approach
Precision 0.790
Recall
0.780
F-1
0.785

0.873
0.720
0.789

Table 1 shows the results about education classiﬁcation and Table 2 shows
the results about work experiences. The PROSPECT’s precision and recall are
higher than our framework in the education block classiﬁcation, the main reason
is the diﬀerence of test corpus. The application scene of PROSPECT focus on
the resumes of software engineers with IT professionals. The advantage of such
a limited ﬁelds of resumes is that these resumes always cover a limited major,
which help to increase the precision and recall for classiﬁer. Face to the work
experience block, this advantage is very small and the reason also explain the
low precision and recall.

4

Conclusion

In this paper, we propose a novel framework to extract the knowledge from
raw resume text. This work aim to improve the accuracy of building resume
repository for head-hunters and companies focus on recruiting. The experiments
show that this framework encouragingly comparable to other previous research
based on sequence labeling model. In future, we are planing to work on the
identiﬁcation of more detailed knowledge from the resume text and investigate
the diﬀerence of solution on Chinese and English resumes.
Acknowledgments. This work is supported by the National Natural Science Foundation of China (No. 61370137) and the 111 Project of Beijing Institute of Technology.
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Abstract. SimRank is one measure that compute the similarities
between nodes in applications, where the returning of top-k query lists
is often required. In this paper, we adopt SimRank as the similarity
computation measure and re-write the original ineﬃcient iterative equation into a non-iterative one, we call it Eigen-SimRank. We focus on
multi-relational networks, where there may exist diﬀerent kinds of relationships among nodes and query results may change with diﬀerent perspectives. In order to compute a top-k query list under any perspective
especially compound perspective, we suggest dynamic updating algorithm and rank aggregation methods. We evaluate our algorithms in the
experiment section.
Keywords: Top-k list · SimRank · Rank aggregation · Multi-relational
networks

1

Introduction

Computing the most similar k nodes w.r.t. a given query node, based on similarity measures such as RWR[12], PPR[14], and SimRank[13], has been studied
a lot[3,12,19,20]. Recently, a novel query called perspective-aware query has
been proposed to provide more insightful information to users[22]. In this paper,
we follow perspective-aware query and focus on multi-relational network[1,4–
6,17]. Figure 1 shows an example. We extract three relationships denoted by
diﬀerent colors and call them the base perspectives(R, G, B, for short), which
help construct the hierarchy showed in ﬁgure 1(c). We call higher hierarchy perspectives compound perspectives. We are interested in how to quickly compute
a top-k query list under any compound perspective?
Rank aggregation was ﬁrst studied to solve the WEB spam problem[8] to
overcome inherent search engine bias, and over the years, it has been studied
a lot[11]. We draw an analogy between top-k query lists obtained under some
perspectives and biased lists returned by search engines, then top-k query list
under compound perspective is compared to the list returned by rank aggregation methods. What’s more, based on Eigen-SimRank model, we develop a
c Springer International Publishing Switzerland 2015
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(c) All Perspectives

Fig. 1. Example of Coauthor Relationship

dynamic updating algorithm. In this circumstance, we regard the network structure of compound perspective as the result of network structure of one perspective changes as time goes by.
To be speciﬁc, the contributions of this paper are summarized as below:
– To accelerate the computing process, we re-write the SimRank equation into
a non-iterative one, and apply the Eigen-SimRank model to perspectiveaware top-k query in multi-relational networks, to provide more insightful
information to user.
– We adopt dynamic updating algorithm and rank aggregation methods to
make the query computation especially under compound perspectives more
eﬃcient.

2

Eigen-SimRank Model

Let W be the column-normalized matrix of the adjacent matrix of a network
graph G. As has been proved in[7], that by applying the well-known Sylvester
Equation[15], and vec operator[2], the original SimRank equation can be written
as:
(1)
vec(S) = (1 − c)(I − c(W̃ ⊗ W̃))−1 vec(I)
where I is an identity matrix, W̃ is the transpose of W. ⊗ and vec() are two
operators[2]. According to the Sherman-Morrison Lemma[21], we have:
(I − c(W̃ ⊗ W̃))−1 = I + cP(Q−1 − cP−1 P)−1 P−1 = I + cP(Q−1 − cI)−1 P−1
By equation (1), we have our non-iterative Eigen-SimRank computation equation:
(2)
vec(S) = (1 − c)(I + cP(Q−1 − cI)−1 P−1 )vec(I)
where P = PW̃ ⊗ PW̃ , P−1 = P−1
⊗ P−1
and Q = QW̃ ⊗ QW̃ . PW̃ and QW̃
W̃
W̃
are eigenvalue matrix and eigenvector matrix[9] of W̃.
Based on equation (2), our algorithm stores the matrices P, L, and V in
pre-computation phase for query processing phase to use.

3

Dynamic Updating

In order to get the similarity scores between any two nodes at each time step
t, we need to update matrices Pt , Lt , Vt eﬃciently based on Pt−1 , Lt−1 , Vt−1
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t

t−1

and ΔW̃. As W̃ = W̃
t−1

t

+ ΔW̃ = PW̃ t−1 QW̃ t−1 (PW̃ −1 )
t−1

t−1

+ ΔW̃, then

(PW̃ −1 ) W̃ PW̃ t−1 = QW̃ t−1 + (PW̃ −1 ) ΔW̃PW̃ t−1 , let C = QW̃ t−1 +
t−1
(PW̃ −1 ) ΔW̃PW̃ t−1 . Compute the low-rank approximation for C. Suppose
C = xyz, then we have PW̃ t = PW̃ t−1 x, QW̃ t = y, (PW̃ −1 )t = z(PW̃ −1 )t−1 .
At last, Pt = PW̃ t−1 x ⊗ PW̃ t−1 x = Pt−1 X, where X = x ⊗ x. It is the same
way that we update Lt and Vt .

4

EXPERIMENT RESULTS

We adopt two rank aggregation methods, namely Borda method and footrule
algorithm[8]. We encoded them in C program, and evaluate the eﬀectiveness and
eﬃciency along with Eigen-SimRank model and dynamic updating algorithm.
We set the default value of parameter c = 0.2. Table 1 and table 2 show the
details of our datasets.
Table 1. Synthetic Datasets

Table 2. DBLP Dataset

Graph Node Number Edge Number
G1
1K
5K
G2
2K
15K
G3
3K
25K
G4
4K
35K
G5
5K
45K

Perspective Edge Number
DB
37225
(DB DM)
54107
(DB DM IR)
76503
(DB DM IR AI)
110486

Eﬀectiveness Evaluation. We adopt the widely-used NDCG measure[7].
Figure 2(a) and 2(b) shows the NDCG scores, with dynamic updating algorithm
achieves the highest accuracy around 90%, and on average 85%. Although Borda
method and Footrule algorithm perform not as good as dynamic updating algorithm, they still hold the average accuracy up to 80% and 77%, respectively. As
for DBLP dataset, for NDCG@25, Borda method and Footrule method achieve
85% and 84%, respectively.
Eﬃciency Evaluation. Figure 2(c) - 2(e) display the runtime on synthetic
datasets, and ﬁgure 2(f), 2(g) on DBLP dataset correspondingly. ”E-S”, ”D
U”, ”B”, ”F” are short for Eigen-SimRank and dynamic updating, Borda and
Footrule respectively. On the whole, Borda method and Footrule algorithm perform better than both Eigen-SimRank model and dynamic updating algorithm.
However, Eigen-SimRank is not so bad considering the better performance when
compared to N I Sim algorithm[7] when k is larger than 15 (k is a parameter)
as Figure 2(f) showed.

5

Conclusion

We choose SimRank as the proximity measure, and re-write the original iterative equation into a non-iterative one, named Eigen-SimRank, we apply it to
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(a) Synthetic Dataset

(b) DBLP (c) E-S vs. D U (d) Borda

(e) Footrule (f) E-S vs. D U (g) B vs. F

Fig. 2. Experiments Results

perspective-aware query, in order to compute top-k query under any compound
perspective, we suggest four solutions, they are directly computing using EigenSimRank, dynamic updating algorithm, Borda method, and Footrule algorithm.
The experiment results show the more eﬃciency one method is, the less accuracy it achieves, however, the average accuracy is still acceptable considering the
acceleration in computation.
Acknowledgments. This work was supported by National Basic Research Program of China (973Program) (No.2014CB340402, No. 2012CB316205), National
High Technology Research and Development Program of China (863 Program)
(No.2014AA015204), NSFC under the grant No.61272137, 61033010, 61202114,
61165004 and NSSFC (No: 12&ZD220). It was partially done when the authors worked
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Abstract. This paper studies the top-k inﬂuence maximization problem together with network dynamics. We propose an incremental update
framework that takes advantage of smoothness of network changes.
Experiments show that the proposed method outperforms the straightforward solution by a wide margin.

1

Introduction

Finding those people who are the most inﬂuential in a social network is important in viral marketing as it helps companies to identify proper users for promoting their products and services. Motivated by this, the problem of top-k
inﬂuence maximization (IM) has been studied and developed extensively (see,
e.g., [1]). Kempe et al. [4] prove this problem NP-hard. Leskovec et al. [5] propose an algorithm, CELF, to solve this problem via Monte Carlo simulations
with approximation ratio arbitrarily close to 1 − e−1 . Recently, Chen et al. [1]
improve the performance of CELF; their method, MixedGreedy, is reported
to be one order of magnitude faster.
Prior methods focus on static networks. In this paper, we aim at monitoring the evolution of the top-k inﬂuential users in dynamic networks. Applying
existing algorithms at every time step is a straightforward solution, however it
is ineﬃcient as it ignores the smoothness of network changes. Our ﬁnding is that
the top-k set of inﬂuential users is relatively stable even if the network changes
frequently over time. Based on such observations, our objective in this paper is
to study an incremental processing framework which maintains the top-k result
subject to the network changes.

This work is supported in part by grant 61432008 from the National Natural Science Foundation of China, and in part by grant MYRG109(Y1-L3)-FST12-ULH and
MYRG2014-00106-FST from UMAC RC.
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Background

A social network is a weighted directed graph G = (V, E) where each vertex u is a
user and each edge eu,v is the social relation weighted by an activation probability
pu,v ∈ [0, 1]. With a seed of one or several vertices, the independent cascade (IC)
model simulates information diﬀusion in discrete steps. At each step, each newlyactivated user attempts to activate each of her inactive outgoing neighbors, and
such attempts succeed with corresponding activation probabilities; the diﬀusion
process terminates if no more activation is possible. Eventually, we get a diﬀusion
subgraph GS = (VS , ES ) of G, consisting of all active users and edges of successful
activation. The inﬂuence of S in G is deﬁned as I(S|G) = E[|VS |], which is
usually estimated by Monte Carlo simulations.
1: for j = 1, 2, · · · , M do
2:
for each eu,v ∈ E do Add eu,v into ES with probability pu,v
3:
rj ← Reachability(GS )
 GS = (V, ES ); Cohen’s estimation [3]
4: Set cv ← (r1v + r2v + · · · + rM v ) /M for all v ∈ V ; Feed max-heap H with (cv , v)
pairs
5: (I1 , v1 ) ← H.pop max(); Φ1 ← {v1 }
6: for i = 2, 3, · · · , k do
7:
while v ← H.max().ID has not yet been evaluated with Φi−1 do
8:
cv ← MonteCarlo(Φi−1 ∪ {v} , G, M )−Ii−1 ; update v in H with new key cv
9:
(cmax , vmax ) ← H.pop max(); Φi ← Φi−1 ∪ {vmax }; Ii ← cmax + Ii−1

Let Φi be the top-i set of inﬂuential users. Algorithm MixedGreedy [1]
takes k iterations to construct a chain of Φ1 ⊂ Φ2 ⊂ · · · ⊂ Φk ; during
the i-th iteration, it adds into Φi−1 the vertex vi∗ , the one that maximizes
def

Ci (·) = I (Φi−1 ∪ ·) − I (Φi−1 ). Speciﬁcally, to compute Φ1 MixedGreedy generates random subgraphs GS (Line 2), on which calculating the inﬂuence becomes
counting the reachability (Line 3). Then, Lines 6-9 are based on the following
lemma on Ci (·), which directly follows the submodularity of I(·).
Lemma 1. For any j < i and v ∈ Φi−1 , Ci (v) ≤ Cj (v).
Dynamic top-k Influence Maximization. In this paper we target top-k
IM with network dynamics. Formally, assume that over a certain time period a
social network G = (V, E) evolves to G = (V, E  ); then given a chain of top-k
sets of G, Φ1 ⊂ Φ2 ⊂ · · · ⊂ Φk , we seek an eﬃcient solution to ﬁnding Φi , the
top-k sets of G .

3

Our Approach

We build our solution upon the stability of the top-k sets. Speciﬁcally, we progressively verify whether Φi = Φi . Once Φi = Φi , then Φi , Φi+1 , · · · , Φk are
recomputed. For veriﬁcation, we distinguish the strengthened edges, ΔE + =
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{eu,v |Δpu,v > 0 }, and the weakened edges, ΔE − = {eu,v |Δpu,v < 0 }. On verifying each Φi , we perform two consecutive phases: (i) Apply ΔE + to G, resulting in G+ = (V, E + ); verify Φi in G+ ; (ii) Apply ΔE − to G+ , resulting in
G = (V, E  ); verify Φi in G .
Phase 1 of Verifying Φ1 = {v1∗ }. We estimate how ΔE + aﬀects the inﬂuence
def

of v ∈ V , i.e., we estimate ΔI(v) = I (v |G+ ) − I (v |G ) for all v ∈ V . A
strengthened edge eu,v provides inﬂuence increase to a vertex w if and only if v
is reachable from w in G+ but not in G. Our approach is to consider the eﬀects
of ΔE + on those random subgraphs GS generated by MixedGreedy, identify
those aﬀected vertices, and update their reachabilities. The following procedure
serves this purpose by generating delta random subgraphs Gδ = (VS , ES ; Eδ ),
where Eδ is a random sample of ΔE + . Starting from the endpoints of Eδ , we
perform two probabilistic traversals in G+ : a backward one ﬁnding Vb ⊆ V (Lines
3-4), and a forward one ﬁnding Vf ⊆ V (Line 5). Let GS be any supergraph of
Gδ . We say that GS is consistent with Gδ when, for any edge e visited in Lines
def
3-5, e ∈ GS if and only if e ∈ Gδ . Let Δr(v|·) = r (v |· ) − r (v |· \ Eδ ). We have
the following lemma.

1:
2:
3:
4:
5:

for each eu,v ∈ ΔE + do Add eu,v into Eδ with probability Δpu,v
initialize ES ← Eδ ; Vb ← {u |∃v s.t. eu,v ∈ Eδ }; Vf ← {u |∃v s.t. ev,u ∈ Eδ }
 probabilistic backward traversal
while ∃u ∈ Vb for which Line 5 not done do
for each edge ev,u ∈ ES do add ev,u to ES and v to Vb with probability pv,u
Perform a probabilistic forward traversal (symmetric to Lines 3-4), expanding ES
and Vf return Gδ = (Vb ∪ Vf , ES ; Eδ )

Lemma 2. If v ∈ Vb then Δr(v|GS ) = 0; if v ∈ Vf then v does not contribute
to Δr(w|GS ) of any vertex w ∈ V . Therefore, ∀v ∈ V , Δr(v|Gδ ) = Δr(v|GS ).
Lemma 2 implies that the impact of ΔE + is completely limited within the
delta random subgraph Gδ . Given the interrelationship between inﬂuence and
reachability, to get ΔI(·) values it is suﬃcient to track reachability changes
within Gδ . Eventually we check whether I(v1∗ |G+ ) is the largest.
Phase 2 of Verifying Φ1 = {v1∗ }. Recall Lines 6-9 of MixedGreedy. We
essentially rely on upper-bounding the contribution Ci (·) to prune less inﬂuential
vertices. In this phase, since from G+ to G there are only weakened edges, the
results of Phase 1 (i.e., I(v|G+ ) values) are natural upper bounds of C1 (v |G ) =
I(v|G ). Using these upper bounds, we employ a procedure similar to Lines 6-9
of MixedGreedy to verify whether I(v1∗ |G ) ≥ I(v|G+ ) ≥ C1 (v|G ) = I(v|G )
for any v = v1∗ . If yes, then we safely conclude that Φ1 = Φ1 = {v1∗ }; otherwise
we recompute Φ1 , Φ2 , · · · , Φk .
Verifying Φi = Φi−1 ∪ {vi∗ }. As before, the veriﬁcation of Φi is done in two
phases. We check the validity of Φi by comparing the exact value of Ci (vi∗ |·)
with some upper bound of Ci (v|·) for any other v, in G+ and G respectively.
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In addition to the submodular upper bounds Ci (v|·) ≤ Ci−1 (v|·) (Lemma 1), we
develop the following incremental upper bounds.
Lemma 3. ∀v ∈ Φi−1 , Ci (v|G+ ) ≤ Ci (v|G) + ΔI(v), and Ci (v|G ) ≤
def

def

Ci (v|G+ ) + ΔI  (Φi−1 ), where ΔI(·) = I (· |G+ ) − I (· |G ) and ΔI  (·) =
I (· |G+ ) − I (· |G ).

Incremental upper bounds are closely related to network changes. If the network
changes are minor, for example if there are few strengthened edges (G+ ≈ G) or
weakened edges (G ≈ G+ ), the incremental upper bounds could be much more
tighter than the submodular ones, thus a pruning procedure similar to Lines
6-9 of MixedGreedy could be more eﬃcient. In practice, we use whichever the
better of submodular and incremental upper bounds.

4

Experiments

In this section we experimentally evaluate our method, DynaG, in comparison
of MixedGreedy [1], where for the dynamic inﬂuence maximization problem
MixedGreedy is executed at every time step. We implemented DynaG in C++
and reused the source of MixedGreedy (in C). All experiments were run on a
Linux server equipped with an Intel Core i7 3.2GHz CPU.

(a) Days 401-450

(b) Days 601-650

Fig. 1. Computational cost of MixedGreedy and DynaG on Brightkite

Dataset. We use the Brightkite dataset [2] for the experiments. The dataset
consists of (i) a social network of users and their friendships, and (ii) user check-in
records of the form (u, , t), meaning that user u visited location  on the t-th day.
Brightkite involves 58,228 users, 214,078 friendship links, and 2,627,870 check-in
records in a period of 942 days. We take 2 temporal samples from Brightkite,
each consisting of 50 consecutive days, and use a recommendation model (RM)
to transform each sample into an evolving network. RM assumes that, when a
user u visits a location  for the ﬁrst time, she will recommend  to all of her
friends who haven’t visited  yet. If later on some friend of u, say v, does visit
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, then we assume that v is inﬂuenced by u. Hence, if up to the t-th day u has
recommended Nu,v;t locations to v in total, and among these recommendations
nu,v;t have actually been followed by v, then the activation probability can be
deﬁned as the ratio pu,v;t = nu,v;t /Nu,v;t .
For each of the two networks we run MixedGreedy and DynaG independently to ﬁnd the top-10 inﬂuential sets on each day and compare their running
time. Figure 1 shows the results. The horizontal axes show the temporal interval
of the sample. The left vertical axes represent daily update ratio (gray bars),
i.e., the percentage of edges of which the weights changed on the day. The lines
represent running time of MixedGreedy and DynaG, with values shown on
the right vertical axes. As we can see, in all cases DynaG outperforms MixedGreedy.
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Abstract. Social networks (SNS in short) such as Sina Weibo have now
become one of the most popular Internet applications. A major challenge
to social networks is the huge amount of spammers, or fake accounts generated by computer programmes. Traditional approaches in combating
spammers mostly lie on user features, such as the completeness of user
profiles, the number of users’ activities, and the content of posted tweets
etc. These methods may achieve good results when they are designed.
However, spammers will evolve in order to survive. Hence the featurebased approaches will gradually lose their power. After careful analysis
on a real SNS, we find that people will rebuild in cyber social networks
their communities in the physical world. Interestingly, spammers also
have to construct their communities in order to hide themselves, because
separated users will be easily detected by anti-spam tools. Moreover, it
is very hard for spammers to sneak into normal users’ communities since
a community member needs to have links with most other members.
Based on this observation, we propose a novel approach to judge a user
by the features of both himself/herself and the accounts within the same
communities as him/her.

1

Introduction

In China, Sina Weibo1 (weibo.com) is one of the largest social networks, which
has more than 500 million registered user accounts. More and more people are
rebuilding their social circles in this cyber world. The success of social networks
brings a huge commercial opportunity. Many companies are trying to promote
their products over social network.
An important threat to SNS is the existence of spammers. In this paper, the
term “spammers” means fake (computer-generated) users in SNS, who want to
make proﬁts by exploiting the implicit trust relationships between users. Millions
of spammers are pouring into social networks. For the celebrities who have thousands of followers, the average ratio of spammers is higher than 50 percent [2].
The existing works for combating spammers in SNS mainly depend on users’
features [3]. These features may be identiﬁed by experts, e.g. the number of
1

“Weibo” is the Chinese pronunciation of micro-blog.

c Springer International Publishing Switzerland 2015

J. Li and Y. Sun (Eds.): WAIM 2015, LNCS 9098, pp. 554–558, 2015.
DOI: 10.1007/978-3-319-21042-1 61

Community Based Spammer Detection in Social Networks

555

followers, the information shown in user proﬁles, and the content of micro-blogs
etc. The feature-based methods may perform quite well when they are designed.
However, spammers are also generated by clever people. They will evolve in
order to survive in SNS. In fact, according to our experience, on average we need
about 30 seconds to decide whether an account is spammer or not. Feature-based
methods cannot evolve quickly and keep up with the changes of spammers, and
they will gradually lose their power.
Another kind of works focus on the links [1]. This method chooses a set of seeds
including both spammers and normal users, assigns trust and un-trust scores to
the neighbors of the seeds, and further spreads these scores over the whole network. Finally, it ranks all users according to these scores. The link-based methods
do not depend the features, and can still work when spammers evolve. However,
since the number of seeds is very limited compared to the huge size of SNS, the
initial scores of the original seeds will be quickly diluted. Therefore many users in
the network can only receive an imprecise score which is not accurate enough to
label these users as spammer or normal. The link-based approach is more suitable
to rank users, as [1] does, but not good at classifying users.
Although spammers are constantly evolving, we ﬁnd that they cannot change
one thing. Note that the relationship of Sina Weibo (also Twitter) is not symmetric. A user follows another one but may not get the link back. In reality, few
people would like to follow fake accounts. By analyzing the data crawled from
Sina Weibo, we ﬁnd that on average, more than 90 percent followers of a spammer
are also spammers. More importantly, people usually live in several communities,
e.g. relatives, classmates, and colleagues etc. In the cyber social network, a user,
whether fake or not, is still involved in some communities. Normal users tend to
rebuild their relationship in physical world. Spammers need to cluster in order to
avoid being detected [1]. Our observations is, although spamemrs may get links
with normal users, it is hard for them to join normal communities.
Fig. 1 illustrates the communities detected by the algorithm in [5] from a
sub-graph of Sina Weibo. Each point stands for a user, with its color specifying
the chance of this user to be spammer. Dark color represents spammer, and vice
versa. We can see that users are clustered into communities, and the member
of each community are almost homogeneous. Hence the communities will be
split into two kinds, i.e. spammer communities (boxed in rectangles) and normal
communities (boxed in ellipses).
Our general idea is exactly based on this observation. Since spammers usually
live in their own communities. We should take into account the features of a user’s
community friends, i.e. those within the same communities as him/her, when judging the label of this user. Our approach contains two major steps. We ﬁrst detect
communities from a given SNS. Next, we compute the label of each user based on
the features of both himself/herself and his/her community friends.
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Fig. 1. Communities inside a sub-graph of Sina Weibo

2

Our Proposed Approach

As aforementioned, whether a user is a spammer depends on not only his/her
features, but also the features of his/her community friends. Our approach contains two steps. Firstly, we recognize communities in a given social network by
a state-of-the-art community detection algorithm[5]. We then assign an initial
label for each user by a standard SVM. Secondly, we iteratively reﬁne a user’s
label by combining his/her label and the labels of his/her community friends
until meeting a stable status. We name this approach C2 IR since it utilizes
ccommunity and classiﬁer, and iteratively reﬁnes user labels.
Detecting Communities. We use the method of overlapping community detection [5] to get the communities from a given social network. The rationale of this
method lies in the fact that the larger chance two nodes belong to a same community, the higher probability there exists an edge between them. Hence the
best solution of constructing communities in a network should maximize the
likelihood of the existing network structure.
Calculating Initial User Labels. We construct a feature-based SVM classiﬁer
to judge each user and give him/her an initial label. We can manually choose
some important features like the number of followers, the frequency of posting
tweets, and whether a user is VIP and so on. Also, we can adopt the matrix
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factorization method to build latent features like the work in [7] does. The labels
predicted by SVM will be further reﬁned by utilizing community information.
Refining User Labels. Suppose after community detection, we recognize K
overlapped communities from the network. According to the theory of
hypergraph[6], each recognized community composes a hyperedge connecting all of
its members. Therefore, the original social network could be transformed into the
following
hypergraph.
G = (U, C)
(1)
Here U is the set of users and C is the set of recognized communities.
The introduction of hypergraph is to model two users’ similarity in terms
of communities, the foundation of our proposed approach. In our problem, a
desired community similarity measure should satisfy a basic requirement.
The more communities both ui and uj belong to, the larger value of their similarity is.
In this work, we measure the community similarities by utilizing the symmetric Laplacian matrix L of the hypergraph G. The Laplacian matrix L is a
n × n matrix representing the similarity between users through the recognized
communities. For any pair of accounts ui and uj , the more communities they
both belong to, the larger value li,j will be.
Thus, we can use L to compute a new set of labels Et+1 based on Et and E0
(t = 0, 1, · · · ). A user’s new label is obtained by combining his initial label and
the inﬂuence of his community friends.

3

Conclusion and Future Work

In this work, we propose to detect spammers in Sina Weibo by utilizing the
inﬂuence of communities. We propose a method to measure user similarities
in terms of communities and, based on which, design two simple but eﬀective
algorithms for discovering spammers and spammer communities. According to
the results over a real dataset, our method can outperform the state-of-the-art
ones. In the future, we will study how to extract the features of a community
and detect spammers in the community level.
This work is supported by the Fundamental Research Funds for the Central
Universities, the Research Funds of Renmin University of China (No. 14XNLQ06).
The authors would also like to thank Sa Shi-Xuan Research Center of Big Data
Management and Analytics for its supports.
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Abstract. Existing XML schema mapping languages often follow the
approach for the relational schema mappings to conjunctively combine
the correspondences between tuples of elements. However, this approach
is inconvenient to present the complex mappings which often involve the
hierarchical and heterogeneous data. In this paper, we propose a new
pattern-based DTD schema mapping language named LDM. The views
in LDM adopt the logical as well as the structural operators of compose
the patterns for matching the data elements, so as to flexibly specify the
structural relationships among the elements and uniformly organize them
in a logical structure. Under the support of a deductive restructuring
mechanism of the logical structure, the data elements can be coherently
reorganized and thus the mappings can be specified declaratively. We
describe the design issues of LDM and demonstrate its features with
certain typical mappings on integrating DTD schemas.

1

Introduction

Existing studies on DTD schema mappings often follow the conventional
approaches in relational schema mapping, specifying the mapping as the correspondence between conjunctive tuples of the source and the target schemas.
These studies adopt structural patterns, either path-like ones [1–4] or tree-like
ones [5–7] to parse the document structure and combine the matching elements
conjunctively. However, this tuple-oriented schema mapping is insuﬃcient to
specify certain complex XML mapping requests. The diﬃculties often lie in the
following aspects. Firstly, the subordination indicated in the nested lists can
hardly be speciﬁed using simple structural patterns. Secondly, to diﬀerentiate
the elements by their values or by their references is often a dilemma. Thirdly,
This research is supported by the NSF of China under the contracts No.61272110,
No.61272275, No.61202100 and No.61202036, the Open Fund. of Shanghai Key Lab.
of Intelligent Info. Processing under contract No.IIPL-2011-002, and the China Postdoctoral Science Foundation under contract No. 2014M562070.
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it often needs redundant mappings to deal with the heterogeneous elements for
similar integration purposes.
In this paper, we propose a new DTD mapping language named LDM (Logic
DTD Mapping) to overcome the insuﬃciencies. LDM is a pattern-based DTD
schema mapping language whose patterns employ both the structural and the
logical operators to ﬂexibly present the relationships among the elements to be
mapped. In comparison with existing studies, our work on LDM makes the following contributions. a) We propose the structural pattern speciﬁc to the DTD
schema and seamlessly integrate the structural patterns and the logical patterns
into the expressive pattern-based views named LDV (standing for Logical DTD
View) to present the mappings on DTDs. b) We adopt a new structure of the
variables named the matching term to coherently organize the data elements
through the patterns, and deploy a simple but expressive restructuring mechanism to facilitate presenting the data transformation in the mapping.

2

LDM: Logic DTD Mapping Language

The LDM language is a mapping language using the Logic DTD Views (LDV),
a pattern-based view for specifying the logical and the structural relationships
among the DTD document elements, to denote the correspondence between the
data elements in the source and target DTD documents. The syntax of LDV and
LDM is speciﬁed in Fig.1.
e := /l | //l | /l(x) | //l(x) | #x
ve := e | (e, c) | e[v] | null
vs := ve | vs ;vs | <vs > | vs |vs | (vs :v)
v := vs | v*v | (v*v, c) | {v} | ({v},c)
m := from sv to (d) v
sv := (d)v | sv | sv | (sv * sv, c)
Fig. 1. The Syntax of Logic DTD Views and Logic DTD Mapping Language

We use l, x, c, d to denote the labels, the variables, the constraints and
the DTD schemas in a LDV. A LDV v can be an element view ve , a structure
view vs or a composite view combining the sub views with the operators “*”
and “{}” and an optional constraint. An element view ve is to match an XML
element with an element pattern e and indicate the element content of interest
for the mapping. Here e contains either the location preﬁx “/” to match a child
element with the label l or the preﬁx “//” to match a descendant element with
the label l, and it uses the optional variable x to represent the element content
for further use in the mappings or the constraints. A structure view introduces
three structural composite operators, that is, the adjacent operator “;”, the
sequence set operator “<>” and the exclusive option operator “|”, for combining
the element views. The three kinds of views essentially specify the structure of
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common DTD schemas, which enables the subtle diﬀerentiation of data elements.
A structure view can also be extended wtih another view in the form of (vs :v),
indicating that the fragment matching the view vs would be further matched
with the view v. A composite view can be a conjunctive view v1 *v2 or a set view
{v}. The conjunctive view v1 *v2 indicates that the data respectively matching
v1 and v2 be associated conjunctively. The set view {v} indicates that the data
matching the view v be gathered as a set of matching results of the view v.
The elements in the set are required to be diﬀerent from each other and the set
should cover all the valid elements.
A LDM mapping is speciﬁed as a from-to statement. The from and the to
clause contains the DTD schemas attached with the LDVs. Especially, in the
from clause the DTD schemas can be combined conjunctively or disjunctively
with the operators “*” and “|”, which works like the composite views.
LDM introduces the matching term, an expression composed of the variables and the composite connectives “*”, “|” and “{}”, to indicate the logical
structure of the composite binding of a LDV. For a LDV v, the matching term
m(v) can be derived from v by maintaining the variables and the conjunctive,
disjunctive and set operators and reducing the structural operators to the conjunctive, the disjunctive and the set operators, e.g., , mt(v1 ;v2 ) = mt(v1 )*mt(v2 ).
LDM adopts a rewriting system for the matching terms, as shown in Fig.2, to
enable the elements in the source schemas be the deductively restructured to the
ones in the target schemas, which provides a of the source a more ﬂexible way
than the conventional variable tuples to present the correspondences between
the elements in the mappings. This idea comes from our previous study on XML
query and for the further theoretical properties please refer to [9] .
p */| p’ → p’ */| p (conj/option-commutation)
p → p*p (conj-duplication)
p * p’ → p\p’ (conj-reduction)
p *  ↔ p(empty-red-ext)
p ↔ p | p’ (option-red-ext)†
p * (p1 | p2 ) → p*p1 | p*p2 (option-distribution)
p * {p’} → {p * p’} (set-distribution)
{ { p } } → { p } (set-flattening)
{p*p’} → {f(p)%*{p*p’}} (set-folding)‡
†p and p’ are disjunctive in original term.
‡Grouping the set into a collection by the distinct values of f(p).
Fig. 2. Restructuring rules for matching terms

For example, the branches of a company need to be gathered from the schema
s.dtd to the schema t.dtd. s.dtd contains the branches element consisting of a ﬂat
list of the company branches which contains the sub-elements bno, bname, and
subbno and actually forms a recursive hierarchy indicated by bno and subbno.
In t.dtd, the branch elements are explicitly hierarchically organized with the
sub-branches sub-elements. The mapping is listed below.
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from (s.dtd) /branches[</bno(bn);/bname(bm);(</subbno(sn)>|null)>]
to (t.dtd) {//branch[(/bno(bn1);/bname(bm1) *
(/sub-branches[</branch[/bno(sn1)]>]|null),
bn1=(bn\bm)% and bm1=(bm\bn)% and
%({sn\(bm*bn)})={sn1})]}

3

Conclusion

In this paper, we introduced a pattern-based mapping language named LDM to
present the DTD schema mapping as the correspondence between diﬀerent but
compatible structures of the variables composed of the logical operators. LDM
adopts the structural as well as the logical operators to compose the sub-patterns
and the associating semantic constraints, and is convenient to present complex
mapping requests on the hierarchical and heterogeneous data. Due to the space
restriction, we omitted the details of the design issues, the semantics and typical
examples of the language in this article, and readers can refer to the related
reports[9,10].
The core of the mapping language is being implemented. We are testing various constraints and designing more expressive pragmatic paradigms to present
typical mapping requests which can be processed eﬃciently, and we would further study the theoretical issues of constraints so as to ﬁnd a formal deﬁnition
of the eﬃcient constraints and its common processing methods. Additionally,
we would study query rewriting of LDM programs for processing the mappings,
especially for GAV-style XML integration.
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Abstract. With the rapid development of location-based services, it is
particularly important for start-up marketing research to explore and
characterize points of interests (PoIs) such as restaurants and hotels on
maps. However, due to the lack of a direct access to PoI databases, we
have to rely on existing APIs to query PoIs within the region and calculate the PoI statistics. Unfortunately, public APIs generally impose a
limit on the maximum number of queries. Therefore, we propose eﬀective and eﬃcient sampling methods based on a road network to sample
PoIs on maps and give unbiased estimators to calculate the PoI statistics.
Experimental results show that compared with the state-of-the-art methods, our sampling methods improve the eﬃciency of aggregate statistical
estimation.

Keywords: Sampling

1

· Aggregate Estimation · Road Networks

Introduction

On map services such as Google Maps, we can obtain the aggregate statistics
(e.g., sum, average and distribution) of PoIs (e.g., restaurants) to get more beneﬁt. For this work, we need to acquire all PoIs within a region. However, the fact
is most map service suppliers wouldn’t like to provide the entire PoI databases.
In addition, the vast majority of public APIs restrict the number of queries per
day for each user, and the largest number of results returned. Therefore, we
have to estimate aggregate statistics by sampling methods. The existing sampling methods have been proved to sample PoIs with biases which require a large
number of queries to eliminate the biases. Besides, Wang et al. [5] proposed new
methods to remove sampling bias which randomly samples some fully accessible
regions from an area of interest and collects PoIs within sampled regions.
On the whole, previous researches only stay in the level of PoI information. Since it is to sample PoIs on the map, we can use information about the
related road networks to further improve the eﬃciency of aggregate statistical
c Springer International Publishing Switzerland 2015
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estimation. According to observations, in general, the areas with intensive road
networks such as urban districts, have dense distributions of PoIs. So we can
conduct preprocessing by utilizing the information about road networks. On the
one hand, the road network information can be easily obtained, and don’t occupy
the online query time. On the other hand, the road network information is relatively static, rather than obviously dynamic. In this paper, we propose sampling
methods that make use of the information of road networks to preprocess a large
area of interest to estimate aggregate statistics.
Related Work. Several papers have dealt with the problem of crawling and
downloading information present in search engine [1], unstructured Hidden Web
[2] and structured Hidden Web [3]. Some of these methods depend on knowing
the exact number of results for a query, which is not available in our setting. For
estimating structured Hidden Web, the sampling methods proposed in [4] have
a limitation inputs which must be speciﬁed as categorical input and need a large
number of queries to reduce biases. So these methods cannot be directly applied
into the application for sampling PoIs on maps.

2

Problem Statement

If A is the area of interest, P is the set of PoIs within the region A. Sum

aggregate is fs (P ) =
f (p) , where f (p) is the target function of a PoI
p∈P

p . Average aggregate is fa (P ) =

1
|P |


p∈P

f (p) , where |P | is the number of

all PoIs in P . In addition, let θ = (θ1 , . . . , θJ ) be the distribution of set of
PoIs which has several labels as {l1 , . . . , lJ }, where θj is the fraction of PoIs
with label lj . If L (p) is the label of a PoI p to specify a certain property, so

I (L(p) = lj ), 1 ≤ j ≤ J, where I (L(p) = lm ) is the indicator function
θj = |P1 |
p∈P

that equals one when predicate L(p) = lm is true, and zero otherwise.

3

Sampling Methods to Estimate Aggregate Statistics

RRZI URSP. From the initial region A, the random region zoom-in (RRZI)
uniformly divides the current region into two non-overlapping sub-regions, and
then randomly selects a non-empty sub-region as the next region with same
probability to zoom in and query. Repeat this procedure recursively until a fully
accessible region which includes PoIs less than k is observed. To correct sampling
bias, we add a counter Γ to record the probability of sampling a sub-region.
Because the information of road networks is local,we can divide a region
further by utilizing its road network to decrease the number of queries. However,
public map APIs might impose a limit on the size of the input region.To solve
this problem, we can select a small sub-region from a large region as the input of
RRZI. Wang et al. [5] introduces a uniform region sampling (URS). It divides a
large region into 2L small sub-regions, where L represents the number of iterative
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divisions. Let BL denote the 2L regions set, and URS repeats to sample regions
from BL at random until a non-empty region is observed.
We extend URS to utilize the intersection points of road networks, called
URSP. We further integrate URSP into RRZI to obtain a new sampling method,
called RRZI URSP. URSP randomly selects a non-empty region b from BL ,
and then explores the intersection points within b. The region b whose number
of intersection points is greater than the threshold h needs to further divide
into two non-overlapping sub-regions. URSP repeats this procedure recursively
until a region t whose number of intersection points is not more than h. Then
RRZI URSP utilizes RRZI to sample a fully accessible region from the region t.
RRZIC URSP. Diﬀerent from RRZI, RRZIC requires map services can return
a query including the number of PoIs within the input search region. Compared to RRZI URSP, RRZIC URSP has same preprocessing URSP and diﬀerent RRZIC. Initially we set the URSP output region Q as the RRZIC input
region A. If the number of PoIs within region Q is greater than the threhold
k, the region Q is divided into two non-overlapping sub-regions Q0 and Q1 uniformly. z, z0 and z1 present the number of PoIs within the region Q, Q0 and Q1
respectively. Then RRZIC selects Q0 with a probability z0 /z to further explore.
RRZIC repeats this procedure until a fully accessible region is observed.
RRZI URSR/RRZIC URSR. Analogously, we extend URS to utilize
the edges of road networks, called URSR. Then, we further integrate
URSR into RRZI/RRZIC to obtain a new sampling method, called
RRZI URSR/RRZIC URSR.

4

Experiments

In our experiments, we use the real-world road networks and PoIs of Beijing as
datasets which includes three types of information (vertices, edges and geos).
Estimating n (A). We evaluate the performance of the RRZI group methods for
estimating
n (A), the total number of PoIs within the area A. N RM SE (n̂ (A)) =

E [(n̂ (A) − n (A))2 ]/n (A) is a metric to measure the relative error of an estimate n̂ (A) with respect to its true value n (A). In Fig.1, we can ﬁnd the NRMSEs
of both RRZI URSP and RRZI URSR are much less than that of RRZI URS,
about decreasing 20% when L < 20. When L is very large, the eﬀect of preprocessing is not obvious because the numbers of the intersection points or edges of
roads within sub-regions by URS are relative small.
Estimating Average and Distribution Statistics. Fig.2 shows the results
for estimating the average cost and distribution aggregate of restaurant-type PoIs
for diﬀerent methods. We can clearly see that RRZI URSP and RRZI URSR are
more accurate than RRZI URS, and RRZIC URSP and RRZIC URSR are more
accurate than RRZIC URS. From this ﬁgure, we can also see that the RRZIC
group methods perform better than their corresponding methods in the RRZI
group.
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5

Conclusion

In this paper, we proposed four eﬀective sampling methods, which utilize the
information of road networks to obtain unbiased estimations of PoI aggregate
statistics, and conducted several experiments to investigate the eﬀectiveness of
our proposed methods. Thus, it is visible that oﬄine road network information
has predictable positive eﬀect on sampling PoIs on maps.
Acknowledgment. This work was partially supported by Chinese NSFC project
(61170020, 61402311, 61440053), and the US National Science Foundation (IIS1115417).
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Abstract. In big data epoch, one of the major challenges is the large volume of
mixed structured and unstructured data. Because of different form, structured
and unstructured data are often considered apart from each other. However, they
may speak about the same entities of the world. If a query involves both structured data and its unstructured counterpart, it is inefficient to execute it separately. The paper presents a novel index structure tailored towards associations
between structured and unstructured data, based on entity co-occurrences. It is
also a semantic index represented as RDF graphs which describes the semantic
relationships among entities. Experiments show that the associated index can not
only provide apposite information but also execute queries efficiently.

1

Introduction

Accessing both structured and unstructured data in an integrated fashion has become
an important research topic that also gained commercial interest. As stated by Mudunuri[1], in order to achieve useful results, researchers require methods that consolidate, store and query combinations of structured and unstructured data sets efficiently
and effectively. The key to speeding up data access is to create a complete index mechanism. There are many sophisticated index structure, such as B+ tree, Hash and
their distributed variants[2] towards structured data, inverted index and semantics
index[3] used to large scale text. However, index for the combinations of structured
and unstructured data is still lacking.
In this paper, we propose an associated index model which can be used to efficient
conduct hybrid semantic query leveraging information from structured and unstructured sources as described in [4]. Associated index, is built based on entities cooccurrence (e.g., a person may be occurred in both a document and a database record)
between structured and unstructured data. To support semantic query, we also establish the relationships among entities with knowledge of ontology, and define two
custom relationships between an entity and its structured and unstructured data
source. The index is stored as RDF graphs. Moreover, the index itself can be queried
potentially for knowledge discovery and decision making.
© Springer International Publishing Switzerland 2015
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Associated Index Model

The associated index model is a hybrid index schema over database and documents
stored in DFS. As shown in Fig.1. , the model has two index layers: associated index
layer and secondary index layer. The associated index layer is represented as RDF
graphs, which describe the semantic relationships among entities that extracted from
documents, and two custom relationships “InDoc” and “InRow” between an entity
and its corresponding structured and unstructured resource identifiers respectively.
The resource identifiers namely rowID and termID point to secondary index. The
secondary index layer is consists of two separate indexes. One is inverted index for
document; the other is index for database, such as B+ tree, hash .etc. When searching
for information about a specific entity, the associated index will first be applied to get
the resource identifiers through the relationships InDoc and InRow with the entity.
Then, use the resource identifiers to search secondary indexes separately to get documents and table records that contain information about this entity.
Doc1

Doc2

84yo/Indian/Male
Smoker
1 DM
-Left-sided chest pain
-HbA1c 9/09’ 7.8%
-on glipizide 2.5mg om
-on metformin 750mg tds

73-year-old
man
was
diagnosed
with
mild
diabetes. It was treated
with aspirin 100mg po qd,
glipizide 2.5mg po qd.
After 16 days of recovery,
the patient is well now.

Medication
Id
M1
M2
M3
M4
…

Fig. 1. Associated Index Model

2.1

Med Name
METFORMIN
GLIPIZIDE
GTN TABLET
ASPIRIN
…

Dosage Regimen
750 mg 2 times a day
2.5 mg every morning
0.5 mg as needed
100 mg 2 times a day
…

Indications
Hypoglycemic
High blood
Heart disease
Antibiotic
…

Fig. 2. Medical Structured and Unstructured Data

Associated Index Structure

The associated index, as we call it, is to associate unstructured and structured data based
on entity co-occurrences, e.g., entity “Aspirin” is not only contained in document Doc2,
but also described by a record “M4” in table Medication. To express the complex relationships explicitly, we store the associated index as RDF graphs. The index graph consists of two types of nodes, namely entity node and resource node. The entity nodes are
represented as flat circles, and constructed from the entities mentioned in documents.
The resource nodes are represented as rectangles, and derived from structured and unstructured resource identifiers. The edges in the graph represent the semantic relationships specified in knowledge bases between the connecting entity nodes (e.g., disease
Diabetes Mellitus has the “treat” relationship to medicine Aspirin). In addition, our
custom relationships “InRow” and “InDoc” also represented as edges to denote that
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Fig. 3. Index Graph for Data in Fig. 2
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Fig. 4. Entity Inverted Index for Doc1, Doc2

an entity has a related resource in some document or database record. Fig.3. is an associated index graph for documents and structured table in Fig.2.
2.2

Secondary Index Structure

Document indexing is conducted with entity inverted index, which takes into account the
extract named entities (called mentions) from documents instead of terms. The inverted
list for an entity entry contains one index item per occurrence of mentions that refer to
the entity. The index item is represented as <mention, docID, position>. As an example,
the entity inverted index for the documents Doc1and Doc2 written in natural language in
Fig.2 is shown in Fig.4. As for structured data, every record in database can be regard as
an entity description. We just use the database’s built-in indexing mechanism such as B+
tree to create index on primary key or pseudo ROWID for these records.

3

Experiments

Data Collection. The structured dataset is collected from an open access medicine
database (www.accessmedicine.mhmedical.com), which contains about 8,000 drug
records. For each drug name, we executed a Web search on PubMed[12], and collected the top five medical literatures as unstructured dataset.
Experimental Design. (1)Index storage costs. We tested against three differently
sized subsets of dataset collection: 350MB (PM1), 700MB (PM2) and 1G(PM3). The
results of index creation experiments are shown in Table 1. Both the index size and
creation time grow linearly with size of dataset. Though it is time-consuming to create
the index, it can be an offline job. (2) Query performance. We manually constructed
five queries according the complexity (Q1<Q2<Q3<Q4<Q5), the queries’ execution
time against dataset PM1, PM2, PM3 is shown in Fig.5. The result shows that all
queries can be executed efficiently in seconds as dataset size grows. (3) Accuracy. In
order to prove the advantage of the associated index, we also compare it with separate
index mechanism. The separate index mechanism employs two separate indexes:
inverted index for documents and B+ tree index on the drug database. Then we construct 10 queries and execute them against the two different index mechanisms. The
comparison results in Fig.6 demonstrate that the association index can help query find
more comprehensive information than separate indexes.
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Table 1. Index Creation Experiment Results
Number of RDF Triples
849,593
1,400,873
2,699,380

Index Size (MB)
175
312
604

0.8

1500
PM1
1000
PM2
500
PM3
0

Associated
Index
Separate
Index

0.6
0.4
0.2
0

Q1

Q2 Q3 Q4
Query Number

Q5

Fig. 5. Query Execution Times for Dataset

4

Index Creation Time (sec)
423
875
1540

1

2000

Accuracy

Execution Time (ms)

Dataset
PM1
PM2
PM3

1 2 3 4 5 6 7 8 9 10

Fig. 6. Accuracy Comparison on 10 Queries

Conclusions and Future Work

The paper presented an associated index model that tends to index combinations of
structured and unstructured data based on entity co-occurrences. Experimental results
demonstrated that our proposed index achieved good performance and high accuracy
of query processing. However, we are still far from creating big associated index on
large-scale structured and unstructured data. In the future, we will study how to construct the index under distributed platform and how to maintain the index.
Acknowledgments. This work is funded by National Natural Science Foundation of China
under Grant No.61303085; Natural Science Foundation of Shandong Province of China under
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Web Knowledge Base Improved OCR
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Abstract. In the ﬁeld of Optical Character Recognition(OCR), improving the recognition accuracy has been extensively studied in the past
decades. In this paper, diﬀerent from previously published model-based
correction methods, Knowledge Base was applied to OCR correcting
system from the perspective of linked knowledge. A pipelined method integrating selectivity-aware pre-ﬁltering, text-level and image-level comparison was explored to identify the best candidate with better eﬃciency and
accuracy. For more reliable comparison of company, the weighted coeﬃcients derived from Wikipedia were applied to distinguish the diﬀerent
importance. Moreover, traditional Levenshtein distance was generalized
to Image-based Levenshtein measure to better distinguish strings with
similar text similarity. The experimental results demonstrated that the
proposed system could perform more eﬀectively than the baseline case.

1

Introduction

The performance of Optical Character Recognition (OCR) is often impacted by
weak illumination, noise, and skew. Most of the error correction methods address
on Natural Language Processing (NLP) or Machine Learning techniques. However, they might not perform well for business card. For instance, it’s diﬃcult to
determine the correct address among various candidates valid for models without resorting to additional information. Nowadays, there exist diverse Knowledge
Bases (KBs) such as web encyclopedias (e.g. Wikipedia1 ), and Point of Interest
(POI) database. It is plausible that the “linked” knowledge within the KBs be
explored to improve the OCR accuracy further.
The main contributions of this work were: Based on our knowledge, it’s the
ﬁrst work for the OCR correction of Chinese business cards from the point of
view of KB. A pipelined framework of correction method including selectivityaware pre-ﬁltering, text-level correction and image-level correction was proposed.
Selectivity-aware pre-ﬁltering was tested to exclude irrelevant records quickly
while retain the possible candidates. To be ﬂexible for address integrity, a robust
similarity measuring method integrating Dynamic Time Warping (DTW) with
Jaccard/Levenshtein measure was developed. To make the company comparison
more reliable, a strategy of weighting importance based on Wikipedia KB was
conducted. To distinguish the candidates with similar text similarity, traditional
Levenshtein distance was generalized to Image-based Levenshtein measure.
1
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Methods

We focused on the correction of company-address pair. The biggest challenge was
similarity computation to handle the format diversity or importance imbalance.
Related key techniques were emphasized below.
2.1

Address/Company Similarity

To compute the similarity reasonably for addresses with diﬀerent integrity,
we decomposed address by its hierarchy at ﬁrst. Then, DTW and Jaccard/Levenshtein measure were performed. Since diﬀerent part within company
name played diﬀerent roles in comparison, Part of Speech Tagging was applied
for segmentation and feasible weights were then assigned using Inverse Document
Frequency(IDF) derived from Wikipedia KB. The details of weight computing
is illustrated in Formula.1. An example was shown in Table.1.
wi,j = N

idfi · idfj

x,y=1

idfx · idfy

(1)

S1 = Similarity(Company1,Company2), S2 = Similarity(Company1,Company3)

Table 1. Comparison example
Method
S1
S2
1
DTW(Levenshtein)
0.600 0.800
2 Weighted DTW (Levenshtein) 0.710 0.597

2.2

Text-level/Image-level Correction and Pipelined Framework

Although the incorrectly recognized characters are diﬀerent from the correct ones
in text, they might be similar in image. Hence, a pipelined correction method
using both text similarity and image similarity was applied. For text-level comparison, DTW combined with Jaccard/Levenshtein measure was applied. For
image-level comparison, 2D Discrete Cosine Transform features and intersecting
features were applied. To integrate the image similarity with text comparison,
we proposed Image-based Levenshtein measure. The proposed distance between
strings a, b is generalized in Formula.2. An example was shown in Table.2.
Our pipelined correction method was illustrated in Fig.1. To leverage speed
and accuracy, more latter the step was, more complicated the method would be.
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Table 2. Comparison example
Method
S1
S2
Method
S1
S2
Text(DTW+Jaccard) 0.833 0.833 Text(DTW+Levenshtein) 0.875 0.875
Image(DTW+Jaccard) 0.917 0.833 Image(DTW+Levenshtein) 1.000 0.875

⎧
if min(i, j) = 0
⎪
 j)
⎨max(i,
LSHa,b (i − 1, j) + 1
LSHa,b (i, j)=
otherwise
⎪
⎩min LSHa,b (i, j − 1) + 1
LSHa,b (i − 1, j − 1) + C[Sim(I(ai ), I(bj )) < T ]

(2)

Fig. 1. Framework of the pipelined correction method

3

Experiments and Discussions

Baseline: A novel method based on Online Spelling Suggestion[1] which harnesses an internal database containing a huge collection of terms and n-gram
words statistics was used as the baseline. To be more eﬀective on Chinese text,
we improved the baseline to a strengthened “Did you mean” correction method
by using Baidu’s engine as the complement of Google’s engine.
Schemas: Two schemas were conducted: 1) Schema.1: correction on original
OCR outputs. 2) Schema.2: correction on customized OCR outputs (to be comparable with current OCR system, we retained the error rate less than 10% for
characters while kept the statistics of right/wrong OCR cases invariant).
Dataset: 204 Shanghai business cards were collected for test. The POI KB
derived from Baidu map covers 330 thousands records of Shanghai related points.
Discussions: The OCR accuracy is relatively lower on schema 1. Besides our
rigid deﬁnition of “Right/Wrong”, insuﬃcient trained data was another factor.
Table 3. Statistics in Address-Company joint pair
Wrong Joint Percentage (%)
Status
Cases Number Absolute Relative
Before correction
167
81.86
—
Baseline
158
77.45
94.61
Schema.1
After
Our method
78
38.24
46.71
correction
Baseline
137
67.16
82.04
Schema.2 Our
method
11
5.39
6.59
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On schema 2, even under less noisy condition comparable with current OCRs,
the system could further improve the correction accuracy.
Diﬀerent from most of previous publications, this work performed data correction from the perspective of linked knowledge and demonstrated its eﬀectiveness in reducing errors further in both noisy and less-noisy condition.
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Abstract. Relation representation plays an important role in text understanding. In this paper, diﬀerent from previously published supervised
methods or semi-supervised methods, an new method of relation representation and clustering based on shortest path and word vector was proposed. By accumulating the word vector along the shortest path within
dependency tree, we can not only obtain the essential representation of
the relation, but also can map the relation into semantic space simultaneously. Therefore, reliable distance between any two relations could be
measured. Moreover, further applications such as relations clustering can
be performed conveniently by direct analysis on the collection of vectors.

1

Introduction

Upon the era of big data, it’s urgent to extract useful information automatically
from vast amount of data. As for the text data, relation extraction crucial for
natural language understanding have been paid much attention. Primarily, the
approaches of relation extraction can fall into two categories: supervised methods
and semi-supervised methods. The formers require the relations comparison to
be exact string matching. Therefore, it’s sensitive to diverse word forms such as
polysemy or synonyms. While for the supervised methods, relations are extracted
by manually deﬁned features which need to be trained and classiﬁed. Therefore,
it’s diﬃcult to measure their distance directly.
Aim to handle the defects discussed above, this paper proposed a new method
for relation representation by integrating dependency trees and Word2vec
method[1]. It primarily advantaged in that relation was directly represented
by accumulating words vector along the path so that further applications such
as relations clustering could be performed conveniently and ﬂexibly by any data
mining techniques.

2

Methods

2.1

Semantic Relation Representation

To characterize the essential relation between the queried entities, we use Stanford typed dependencies1 for grammatical analysis. Then, by viewing the dependencies tree as a graph, the relation between any two entities can be obtained
by applying shortest path searching such as Dijkstra algorithm[2].
1
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In Natural Language Processing related applications, a fundamental requirement is to reliably compute the semantic distance between given words or phrases.
Typical previously publications apply the tree distance or Information Content
by the aid of hierarchy concepts such as WordNet, or measuring their similarity
in semantic space such as TF-IDF, Explicit Semantic Analysis (ESA)[3]. While
the former method is usually impacted by corpus insuﬃciency and diversity in
words forms, ESA describes the word based on huge-dimension Wikipedia2 concepts and brings unbearable computation. Compared with ESA, Word2vec provides an eﬃcient implementation of learning high-quality vector representations of
words with Skip-gram model. Due to its simple model architectures and evidently
lower computational complexity compared with other methods, it can compute
accurate word vectors from huge dataset with billions of words. More attractively,
the word oﬀset technique enables Word2vec to exhibit linear structure in word representations. Therefore, it can identify linguistic regularities and perform simple
algebraic operations on the word vectors which inspires our relation representation
by accumulating the vectors along the shortest path.
2.2

Relation Clustering

For deeper text understanding and knowledge acquisition, further techniques
especially relations clustering should be addressed. On the basis of our relation
representation, any data mining techniques can be applied on the collection of
relations to implement further applications such as clustering. Here, the method
of K-means clustering was employed.

3

Experiments

3.1

System Implementation and Data Preparation

The system was implemented by using Java7.0 and developed in the environment
of Eclipse 4.2.1. And Prefuse3 was employed for graphical presentation.
To deal with the problem of data sparsity, We used Wikipedia corpus and
extracted 43335 thousand sentences in total. Also, we obtain a training corpus
derived from 3.06 million Wikipedia normal pages for the Word2vec training.
The dimension of trained vector was set to 500 in our experiments.
3.2

Relation Clustering and Discussion

We manually selected 10 relationships in Freebase as follows:
– /location/country/capital
– /people/person/nationality
– /ﬁlm/director/ﬁlm
2
3

Http://zh.wikipedia.org
Http://prefuse.org
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–
–
–
–
–
–
–

/olympics/olympic host city/olympics hosted
/book/book character/appears in book
/business/company brand relationship
/geography/river/mouth
/award/award/presented by
/military/military person/participated in conﬂicts
/astronomy/orbital relationship/orbits

For each relation, we randomly chose 1∼10 entity pairs and obtained 59
pairs in total. 13.4 thousand qualiﬁed sentences were hit within the sentences corpus. Subsequently, relations clustering was performed by using K-means method
based on Cosine measure. Experimental results were shown in Fig.1(the class
number was set to 10 and pairs in same color belong to identical cluster). Compared with the benchmark(Freebase relations), our accuracy reaches 93.2%.

4

Conclusions

In this paper, an new method based on shortest path and word vector was put
forward for better reliability in relation representation and clustering. It primarily advantaged in: 1)Convenient and ﬂexible processing on vectors. 2)Reliable
relations comparison based on semantic representation. 3)Evidently lightweight
compared with millions of concepts-based methods like ESA.
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Abstract. Without knowing any semantic of tables on web, it’s very difficult
for web search to take advantage of those high quality sources of relational information.We present CrowdSR, a system that enables semantic recovering of
web tables by crowdsourcing. To minimize the number of tuples posed to the
crowd, CrowdSR selects a small number of representative tuples by clustering
based on novel integrative distance. An evaluation mechanism is also implemented on Answer Credibility in order to recommend related tasks for workers
and decide the final answers for each task more accurately.

1

Introduction

Structured information of tables including the table schema and entity column could
be used to find related tables and learn binary relationships between multiple columns[1]. But most of the web tables are lack of header rows[2]. State-of-the-art technology used to recover semantics of web table is not yet able to provide satisfactory
accuracy[3][4]. We develop a hybrid machine-crowdsourcing framework that leverages human intelligence to settle the problem. CrowdSR has the following unique
features. (1) CrowdSR presents the worker a small number of representative tuples in
the table by clustering based on novel integrative distance. (2) CrowdSR prompts
workers with candidate lists of concepts by machine-based algorithms. (3) CrowdSR
implements an evaluation mechanism on Answer Credibility to recommend the most
related tasks for workers and decide the final answers more accurately.

2

CrowdSR Design and Implementation

2.1

CrowdSR Architecture

CrowdSR is implemented in JSP with SQL Server database as back-end. Fig.1 depicts
the system architecture.
User Interface is used to interact with users. Basically, DB stores answers collected
from the crowd, targeting information and details about each user and task. Task
builder receives requests from requesters and build tasks. Crowd Manager constantly
receives an updated list of online workers from targeting information in DB. Once a
worker logs in, the Task Recommender recommends a list of tasks for him based on
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his answer credibility. When he is going to complete a task, the Tuple Cluster clusters
similar tuples and the task is enriched with a set of candidate answers from the Semantic Recovery Component. While a task’s deadline arrives, received answers are
passed to Answers Voter which decides the final answer based on our voting mechanism.

Fig. 1. CrowdSR architecture

2.2

Semantic Recovery Based on Probase

To help workers to annotate column labels and identify subject keys, CrowdSR
prompts them with candidate lists of concepts by machine-based algorithms, which
leverage Probase, a knowledge base consisting of a huge number of concepts, instances, attributes and relationships extracted from the web[4].
2.3

CAID Algorithm

In CrowdSR we use a clustering algorithm named CAID(Clustering Algorithm based
on Integrative Distance), which is an improved K-means algorithm to cluster similar
tuples in a web table and prompt workers with representative tuples that are nearest to
each of k cluster centers.
A web table is composed of columns with various data types. In order to make the
calculation of distance betweent two tuples effective, integrative distance is proposed
to combine Euclidean distance with Jaccard similarity on different attributes. To improve the clustering precision, the distance function is biased towards significant
attributes which are typical to the concept of table by putting more weight on them.
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Evaluation Mechanism Based on Answer Credibility

Answer Credibility is modeled to evaluate the probability of which a worker’s intuitive answer comes to be the final answer for a task. It’s influenced by three factors
which are the setting of expertise, brilliance test and practical performance.
When a new worker registers in CrowdSR, he’s required to set his expertise and
join the brilliance test to evaluate his acquaintance with fields. Then his answer credibility is dynamically changed with the practical performance of doing tasks. We establish a novel evaluation mechanism based on answer credibility, which is used to
recommend related tasks for workers and decide the final answers for each task.

3

Demonstration Scenario

We plan to demonstrate the CrowdSR system with the following scenario:
Publish Tasks: Requesters could select tables for publishing tasks and they’re also
required to assign several fields for each task.
Semantic Annotation: Workers complete tasks via a question-choice game where
they are shown representative values of each column, along with a set of candidate
table headers and subject column, and are asked to select ones most matched. They
could check the alteration of his answer credibility based on his performance.
Brilliance Test: When a new worker registers in CrowdSR, he’s invited to participate
in the brilliance test to evaluate his acquaintance with fields and could see his field
credibility on each field by a histogram.
Acknowledgment. This work is supported by National Natural Science Foundation of China
(Grant No. 61370060, 61300071).
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Abstract. The tags of news articles give readers the most important and
relevant information regarding the news articles, which are more useful than a
simple bag of keywords extracted from news articles. Moreover, latent dependency among tags can be used to assign tags with different weight. Traditional
content-based recommendation engines have largely ignored the latent dependency among tags. To solve this problem, we implemented a prototype system
called PRST, which is presented in this paper. PRST builds a tag dependency
graph to capture the latent dependency among tags. The demonstration shows
that PRST makes news recommendation more effectively.

1

Introduction

With the advance of World Wide Web, more and more people are accustomed to
reading news through news websites, like Google News and Yahoo News. However,
faced with the floods of news, people may realize that it is difficult to find news articles they are interested in from the news websites. Personalized recommendation
technology is the most effective way to solve the problem of information overload [1,
2] so far. Among the news recommendation algorithms, content-based algorithms are
widely used [1, 2]. Content-based techniques often involve extracting keywords from
news articles and modeling user interest model [3, 4].
However, in quite a lot of scenario, simply representing the news articles by a bag
of words is insufficient [3]. The tags of a news article give readers the most important
and relevant information regarding this news article, which is more useful than a bag
of keywords extracted from news article. Besides, each news article often has a key
tag which shows the topic of this news. In most case, whether a reader is interested in
a news article depends on the key tag. Therefore, the key tag plays an important role
in news recommendation. Assume that a news article is labeled by 3 tags: Russia, fire
disaster, forest. If a reader doesn’t care about fire disaster, he/she would not read this
news article. Therefore, fire disaster is the key tag of this news article for the reader.
This also means that different tags should be assigned with different weights in the
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same news article. In this paper, we implemented a personalized news recommendation prototype system called PRST, which uses a vector of tags to represent the news
content and user profile. Furthermore, we evaluate the importance of each tag by
building a weight dependency graph among different tags.

2

Architecture and Key Technology

Figure 1 illustrates the architecture of our system.

Fig. 1. The architecture of PRST

Fig. 2. The dependency among some tags

Some tags always emerge together. For example, iPhone and Apple often appear
together in some news articles, as usually means the latent dependency between the
two tags. Figure 2 shows the dependency among some tags.
A tag dependency graph is defined as a triple G = (V, E, W), where V is a set of the
tags crawled from news websites, E denotes the set of edges connecting two tags in V,
and W represents the set of the weights of these tags in V. Only when two tags come
together in the same news article is there an edge in E connecting the two tags.
For any
∈ V in G = (E, V, W), it’s easy to get
and
,
denotes the degree of
and
represents the inwhere
verse document frequency of
, which is calculated by Equation 1.
| |
|

|

Here, | | is the total number of news articles and |
those news articles containing
. The weight of
·

(1)
| denotes the amount of
is calculated as:
(2)

For each
∈ V,
and
are calculated and stored.
Therefore, a news article
can be denoted as a tag vector:
,
,
. For a given reader
, its user profile
is also a
tag vector calculated by Equation 3.
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|

|

∑

(3)

denotes the collection of those news articles the reader
has read in
Here,
the past. In PRST, we use the cosine similarity to measure the similarity between
, which is defined as:
and
,
For a given reader
ommended to .

3

·

(4)
,

, these news articles with the higher

are rec-

Demonstration

Fig. 3. The user interface of PRST

The interface of PRST is shown in Figure 3. When a user registers as a reader in
PRST and logins onto PRST for the first time, PRST will record reading behaviors of the
user. Assume that the user only clicked news about Google and Facebook. When the user
logins onto PRST again, other news articles regarding Google and Facebook are recommended according to the cosine similarity between these news articles and the user.
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Abstract. Schema Mapping and Record Matching are two necessary
steps in merging multiple data sources with diﬀerent schemas. While
schema mapping uniﬁes the schemas of diﬀerent data sets, record matching ﬁnds out all pairs of linked instances between the data sets. So far,
the two processes are well-studied separately, but no eﬀort has been made
in the interaction between them. In this demonstration, we present the
SmartInt system which performs schema mapping and record matching
interactively in merging data sets, and we show that schema mapping
and record matching can beneﬁt each other in reaching a better integration performance. We will demonstrate, step by step, how the interaction
works to improve the integration quality.
Keywords: Data integration

1

· Scheme mapping · Record matching

Introduction

Data Integration combines data from multiple sources to provide users a coherent
data store [4]. With intensiﬁed diversity of data in various data sources, the
integration of data is becoming increasingly diﬃcult. In particular, the diversity
of data across diﬀerent relational databases are mainly in two dimensions: the
inconsistency of the schemas and the inconsistency of the attribute values. Thus,
in order to merge multiple data sources, one should deal with two problems: (1)
Schema Mapping (SM for short): ﬁnding out the attributes referring to the same
one across diﬀerent data sources. (2) Record Matching (RM for short): matching
the records referring to the same entity across diﬀerent data sources.
So far, plenty of work has been done on SM [5] and RM [2]. The SM
approaches include string similarity based matching [3] and attribute value set
based mapping [6], while RM approaches are mainly based on string similarities [1]. However, we noticed that all existing eﬀorts took the two tasks as
independent steps in data integration, and no study has been conducted on the
interaction between them in integrating data from multiple sources.
In this demonstration, we present the SmartInt system which performs SM
and RM interactively in integrating multiple data sources, and we show that SM
c Springer International Publishing Switzerland 2015
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Fig. 1. The System Overview of SmartInt

and RM can beneﬁt each other in reaching a better integration performance,
i.e., higher precision and recall for both SM and RM. We will demonstrate how
the two tasks be performed interactively to improve the integration quality.

2

System Overview

The system overview of SmartInt is depicted in Fig. 1. There are three modules
in SmartInt: the SM module, the RM module, and the interaction module.
(1) SM Module: Initially, we do Name Based SM (NBSM for short), which
relies on Edit Distance to detect pairs of attributes in high similarities. In the
interaction process, we propose a Link Based SM (LBSM for short) method: if
an attribute value va of an instance Ia in one table equals to another attribute
value vb of an instance Ib in another table, and assume Ia and Ib refer to the
same entity, it is highly possible that va and vb are under the same attributes. If
this situation is observed with several pairs of linked entities between two tables,
we can determine that the two attributes referring to the same one.
(2) RM Module: Initially, we do Name Based RM (NBRM for short) with the
key attribute values. In the interaction process, we propose a Link Based RM
(LBRM for short) method: brieﬂy, given two instances Ia in one table and Ib
in the other, the more attribute values they share under linked attributes, the
more likely they refer to the same entity.
(3) Interaction Module: We do NBSM and NBRM as initial steps, and then
perform LBSM and LBRM in turn iteratively until no more links can be detected.
While RM gets more linked entities to help ﬁnd attribute pairs, in return SM
gets more linked attribute pairs which also beneﬁts RM in ﬁnding entity pairs.

3

Demonstration Scenarios

Our demonstration shows not only the integration result at each step, but also
the changes on the integration quality (precision and recall). The data sets used
for the demonstration are cellphones collected from several e-commerce websites,
such as Tmall, Yesky, PConline and Zol. After some initial cleaning, there are
about 15-30 diﬀerent attributes, and 2000-8000 instances in each database.

SmartInt: A Demonstration System for the Interaction
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Fig. 2. Demonstration Snapshot of SmartInt

1) Interactive Integration Result. At each step, we show the linkages generated for both schema level & instance level and present the precision & recall
of both SM and RM at each step in Fig. 2 .
2) Performance Study. We also compare the precision and recall of our
method with state-of-the-art SM and RM methods to show the advantage of
SmartInt over the existing methods.
Acknowledgements. This research is partially supported by Natural Science Foundation of China (Grant No. 61472263, 61402313, 61303019).
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Abstract. Community detection is an important task in social network analysis.
A game theory-based community detection system (CDSG) is developed in this
demonstration. CDSG uses cooperative and non-cooperative game theory to
detect communities. The combination of cooperative and non-cooperative game
makes utilities of groups and individuals can be taken into account simultaneously and decreases the computational cost, thus CDSG can detect overlapping communities with high accuracy and efficiency, such that it can effectively
help users in analyzing and exploring complex networks.
Keywords: Social network · Community detection · Cooperative game ·
Non- cooperative game

1

Introduction

Communities are groups (or clusters) of nodes that are densely interconnected, but
only sparsely connected with the rest of the network [1]. Detecting communities is a
challenging task because there are a great number of nodes and edges in a network
and communities are usually overlapped (i.e. nodes simultaneously belong to more
than one group). Nowadays, community detection has not been settled satisfactory,
although there are many algorithms have been proposed [2].
As a very useful mathematical theory for studying the complex conflict and cooperation amongst rational agents, methods that based on the cooperative and noncooperative game theory have been used separately to solve community detection
problems [3,4] in recent years. However, cooperative game theory-based methods
have high efficiency but low accuracy, while non-cooperative game theory-based
methods have high accuracy but low efficiency.
In this paper, we develop a game theory-based community detection system
(CDSG) that combines cooperative and non-cooperative game theory to detect communities in large networks. Unlike previous works, CDSG plays cooperative and noncooperative game in two consecutive phases rather than play them separately. CDSG
can detect overlapping and non-overlapping communities with high accuracy, it also
has high efficiency such that it is applicable for large-scale networks, and it is easy to
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use because it does not require a priori knowledge on the number and size of communities that are usually unknown beforehand, thus it is helpful to users analyzing
complex networks and improving services.

2

System Overview

The game theory-based community detection system (CDSG) contains five modules
that are shown in Figure 1 (a).
Data Module

Configuration Module

Group Game Module

Individual Game Module

NMI Module

Output Module

(a)

(b)

Fig. 1. (a) CDSG Overview; (b) CDSG Demonstration

—

Data Module
The data module is used to read real networks, benchmark networks, or purposebuilt synthetic networks from files or databases located by users. Each file consists of
the number of nodes and a list of edges (source target).
Group Game Module
The group game module carries out the cooperative game in which agents are
modeled as rational agents trying to achieve and improve group’s utilities by cooperating with other agents to form coalitions. Coalitions with fewer agents can merge
into larger coalitions as long as the merge operation can contribute to improve the
utilities of coalitions merged. The game starts from the nodes as separate coalitions
(singletons), coalitions that can result the highest utility increment are iteratively
merged into larger coalitions. The game ends when no coalition has an interest in
performing a merge operation any further.
Individual Game Module
The individual game module carries out the non-cooperative game in which each
agent is modeled as a selfish agent, who selects independently coalitions from the
result of the group game module to join or leave based on its own utility measurement. Each agent is allowed to select multiple coalitions to join or leave, thus overlapping coalitions can be identified. The game ends when no agent has an interest in
changing its coalition memberships any further. Then the collection of coalitions at
this time is regarded as the last community structure of a network.
Because the non-cooperative game is played on the basis of the result of
cooperative game rather than the initial configuration in which every agent has one

—

—
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community of its own, the number of agents that will change their memberships to
improve their utilities will decrease, thus efficiency of non-cooperative game will be
improved. The combination of cooperative and non-cooperative game makes utilities
of groups and individuals can be taken into account simultaneously, thus the accuracy
has been improved.
Configuration Module
The configuration module allows users to set parameters needed for carrying out
the individual game, i.e. the lower bound of the utility value that an agent can join a
new coalition and the upper bound of the utility value that an agent can leave the current coalition that it is in.
NMI Module
The NMI module computes the Normalized mutual information (NMI) between the
detected community structure and the underlying ground truth thus the community
structures detected by different stages can be compared quantificationally.
Output Module
The output module displays the community structures detected by the group game
and the individual game. Meanwhile, the utility value of each coalition is presented
following with the members of each coalition.

—
—
—

3

Demonstration Scenarios

Here we use the community detection of Zachary’s network of Karate [5] as an example scenario. Figure 1 (b) shows the results of CDSG: the left of the window shows
the member of each community and its utility, while the right of the window visualizes the network and their community structures.
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