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Motivation

® Non-structure model

¢ Sequence model: CNN, RNN, LSTM
¢ Bag-of-words models (BM. AE)

@ Using parsing structures
® Recursive autoencoders
& Tree-structured LSTM

® Auto-learned structure

¢ Binary tree, overly deep (Yogatama et
al., 2017)

¢ Hierarchical structure (Chung, et al.,
2017; Zhang et al., 2018)

The actors are fantastic . They are what
makes it worth the trip to the theater .
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Motivation

® Text representation 1s fundamental for downstream tasks

® Research problem: does syntactic (linguistic) knowledge

help sentiment classification?

¢ Part-of-speech tags: nouns, verbs, adverbs

¢ Lexicons: sentiment words (awesome, interesting), negators
(not, never), and intensifiers (very, quite)

This is not a/dt very/adv interesting/adj movie/nn.
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Recursive Autoencoders

Rules of Compositionality Is very interesting

The meaning (vector) of a }

sentence is determined by

(1) The meanings of its words Very interesting
(2) The rules that combine them o

Socher et al., 2011b; 0 6
Socher et al., 2012; 0 5
Socher et al., 2013b; 0 6 0 3 0.4

is very interesting
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Tree—structured LSTM
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Tai et al., 2015
Zhu et al., 2015

X: input word

h: hidden state

c: memory state

i,f,0: input, forget, output gates, resp.
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Negation Effect in Sent. Class.

[ not very good p2 f(a, p1, p1*e")

\\

very good ]pl plsen

~—
)

. [ not very ] [ good }
a b C

Negation effect depends on the negator, the modified text, and its sentiment

Zhu et al., 2014. An empirical study on the effect of negation words on sentiment.
In ACL. pages 304—-313.
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Neural Weighing Schema

Score = y;Xscore(not) + y3Xscore(bad) + b

Output ? F
layer \ \
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<s> Not a bad movie at all <e>
1 2 3 4 5 6

Sentence sentiment score= weighted sum of its sentiment words and negators.

Teng et al. EMINLP 2016. Context-sensitive lexicon features for neural

AN
8 sentiment analysis. ﬁmu




Our Proposal

Deep Neural Networks
for Sentiment Classification

[ Bag-of-words ] [ Sequence Models ] [Structured Models]

Neural Models CNN\RNN\LSTM RAE, Tree LSTM
Y A A y,

Encoding » Linguistically » POS tag in RAE
knowledge Regularized LSTM » POS tag in Tree LSTM

\ J
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Using POS Tag in Recursive Models

V

very interestingzg(

V..., V

ery interesting) Vinteresting movie=9 (Vinteresting/ Vmovie)

(©]e]o) (00 0)

very interesting interesting movie
same function?

(000 (GO00O) (OOO) (O00)

very interesting interesting movie

Noun phrase vs. adjective phrase A~
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Tag—Guided Recursive Model (TGRN

Multiple composition functions:

We learn different functions for
550 different POS tags.

s very interesting / VP

e || Banip| ... B\ _ l.
e e o —w | o
gpt il t) - Pt + Pt
(00O hr
t
: very interesting / ADJP .
is/ VBZ
Enp | gQE!B I o | Bwp
Limitation:
(00 O) (©0 O) too many composition
very / RB interesting / JJ fu nctions!
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Tag—Embedded Recursive Model (TE—E

is interesting ADIJP o0

tag vector: syntax knowledge
YUY J y J
000

phrase vector: semantic info.

000|000 (000

“] g(vﬁ,eté,'v{,eq):W “l +b

is VBZ interesting AD)J
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Tag Weighted LSTM (TW-LSTM)

Use the pos-tag to directly
he phrase representation control the gates in LSTM
’_l_‘ ot : output gate

c.: memory state

f 1; = o (W;l¢))),
is very interesting
| 7 =o(WIED),
@ | i;: input gate
fl : left forget gat @:I 1 I:@:I fy : right forget gate
Y 0oj =o(W,lt;]),

/C D\ W,: weight-tag matrix
is very interesting le itation -

The word information is
13 totally ignored.




Tag Embedded LSTM (TE-LSTM)

h;: phrase representation

ci. memory state

Oy

A 4

N
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Let tag embeddings and word
vectors both participate in the
control of LSTM gates

!
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Experiment & Evaluation

® Datasets

Dataset Movie Review (MR) | Stanford Sentiment
Treebank (SST)

Task pos. / neg. fine-grained

Sentences 10,662 11,885

Label sentence-level sentence-level &
phrase-level

Evaluation 10-cross-validation train:valid:test=7:1:2

® Baselines:

® Recursive models: RNN\RNTN\DRNN\MC-RNN
¢ LSTM: Bi-LSTM\Tree-LSTM

£
¢ CNN:CNN\DCNN Dﬁu
I
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Accuracy on SST

EZE

Tsinghua University

c: combining tag embeddings
and word vectors

p: considering child-parent
association

Low-dimension

86.5(0.4) —— word vectors

Method Fine-grained Pos./Neg.
SVM [Pang and Lee 2008] 40.7 79.4
MNB [Wang and Manning 2012] 41.0 81.8
bi-MNB [Wang and Manning 2012] 41.9 83.1
RNN [Socher et al. 2011b] 43.2 82.4
RNTN [Socher et al. 2013b] 45.7 85.4
MV-RNN [Socher et al. 2012] 444 82.9
AdaMC-RNN [Dong et al. 2014] 45.8 87.1
AdaMC-RNTN [Dong et al. 2014] 46.7 88.5
DRNN [Irsoy and Cardie 2014] 49.8 86.6
TG-RNN (ours) 46.1(0.3) 86.2(0.3)
TE-RNN (ours) 47.8(0.3)

TE-RNTN (ours) 48.8(0.4) 87.2(0.1)
CNN [Kim 2014] 48.0 88.1
DCNN [Kalchbrenner et al. 2014] 48.5 86.8
LSTM [Tai et al. 2015] 46.4(1.1) 84.9(0.6)
Bi-directional LSTM [Tai et al. 2015] | 49.1(1.0) 87.5(0.5)
Tree-LSTM [Tai et al. 2015] 51.0(0.5) 88.0(0.3)
TW-LSTM (ours) 49.9(0.4) 87.4(0.4)
TW-LSTM+p (ours) 50.6(0.4) 87.7(0.1)
TE-LSTM (ours) 50.3(0.2) 87.8(0.5)
TE-LSTM+p (ours) 51.3(0.4) 88.2(0.5)
TW-LSTM-+c (ours) 52.0(0.4) 89.2(0.3)
TW-LSTM-+c,p (ours) 52.1(0.4) 89.5(0.3) — ~
TE-LSTM-+c (ours) 52.3(0.4) 89.4(0.4)
TE-LSTM+c,p (ours) 52.6(0.6) 89.6(0.4)

with d=25

Only using POS Tag to control
LSTM gates can still produce
competitive results

High-dimension 7\

word vectors oD
Tl

with d=300




Accuracy on MR (Movie Review)

Method

Accuracy

RNN (implemented by ourselves)
RNTN (implemented by ourselves)
CNN [Kim 2014]

76.2
75.9
81.5

TG-RNN (ours)
TE-RNN (ours)
TE-RNTN (ours)

76.4
77.9
76.6

LSTM (implemented by ourselves)
Bidirectional LSTM (implemented by ourselves)
Tree-LSTM (implemented by ourselves)

77.4
79.7
80.7

TW-LSTM (ours)
TW-LSTM+p (ours)

Only using POS Tag to control

80.2 ] LSTM gates can still produce

80.6

TE-LSTM (ours)
TE-LSTM+p (ours)
TW-LSTM+c (ours)
TW-LSTM-+c,p (ours)

807 competitive results

80.1
82.0
81.9

TE-LSTM+c (ours)
TE-LSTM+c,p (ours)

81.6

82.2
£
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Model Complexity |

® Complexity Analysis for RNN models

Method Model size # of parameters | Accuracy on SST
RNN [Socher et al. 2011b] O(2 x d?) ~1.8K 43.2
RNTN [Socher et al. 2013b] 04 x d3) ~108K 45.7
AdaMC-RNN [Dong et al. 2014] 02 x d? x¢) ~18.7TK 45.8
AdaMC-RNTN [Dong et al. 2014] O(4 x d?® x c) ~202K 46.7
DRNN [Irsoy and Cardie 2014] Odxhxl+2xh?xl) ~451K 49.8
TG-RNN (ours) O(2 x n; x d?) ~8.8K 46.1
TE-RNN (ours) O2 x (d+d.) xd) ~1.7TK 47.8
TE-RNTN (ours) O(4 x (d+d.)* xd) ~54K 48.8

¢ d: the dimension for word vectors;

¢ d_: the dimension for tag embedding;

¢ c: the number of composition function;

¢ n. the number of frequency tags.

N

18
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Model Complexity |1

® Complexity Analysis for LSTM models

Method Model size # of parameters | Accuracy on SST
CNN [Kim 2014] OO n x fi xd) ~360K 48.0
DCNN [Kalchbrenner et al. 2014] OO n; x f; xd) ~360K 48.5
LSTM [Tai et al. 2015] O(8 x d?) ~T20K 46.4
Bidirectional LSTM [Tai et al. 2015] O(8 x d?) ~T20K 49.1
Tree-LSTM [Tai et al. 2015] 0(10 x d?) ~900K 51.0
TW-LSTM (ours) O@2 xd*+38 xn xd) ~225K 49.9
TW-LSTM-+c (ours) O(10 x d? + 3 x n; x d) ~945K 52.0
TE-LSTM (ours) O2xd?+n xd, +3xd, xd) ~199K 50.3
TE-LSTM+c (ours) O(10 xd? +n; xd, +3 xd, xd) ~919K 52.3

¢ d: the dimension for word vectors;
¢ d_: the dimension for tag embedding;
¢ n. the number of frequency tags.

£
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Tag Embedding Analysis |

Table VII. The Top Five Nearest Neighboring Tags for a Query Tag

Query Tag Model Most Similar Tags
37 Adiective) TE-RNN ADJP VBZ DT NP RB
J TE-LSTM | NNP ADJP VBZ RB VP
VBZ (Verb, third person TE-RNN NP ADJP JJ PP DT
singular present) TE-LSTM JJ ADJP RB PP IN
. TE-RNN PP RB NP VB JJ
DT (Determiner) TE-LSTM PP ADJP NP CC VB
TE-RNN VP RB NP VBZ JJ
NN (Noun phrase) TE-LSTM RB VP IN NP VB
TE-RNN DT PP RB
TE-LSTM DT JJ IN :

ADJP: adjective phrase; JJ: adjective; RB: adverb.
VB: verb, base form; VBZ: verb, third person singular present; VP: verb

phrase.

NN: noun, singular/mass; NP: noun phrase; NNP: proper noun, singular.
DT: determiner; PP: prepositional phrase; IN: preposition/subordinating con-
junction; CC: coordinating conjunction.

Similar tags are close in the learned embedding space.

20
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Tag Embedding Analysis ||

Table VIII. The Importance of Tags
for Semantic Composition in TW-
LSTM and TE-LSTM

Tag TW-LSTM | TE-LSTM
ADJP 0.742 0.881
VP 0.750 0.819
JdJ 0.674 0.776
NP 0.580 0.698
VBZ 0.463 0.593
NN 0.402 0.570
CC 0.368 0.445
IN 0.307 0.310
DT 0.246 0.270

21

Score: the average of all dimensions of
the output of the forget gates

More important tags for sentiment
Classification have higher scores

£
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Parameter Tuning

0.48 T T T T T

e—e TG-RNN

0.47}

0.461

0.45F

accuracy

0.44}

0.43F

0.42

N or

Accuracy curve over the number of
composition functions (k)
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accuracy

0.51r

0.50F

0.49L

0.48¢

0.47h

0.46

0.45r : TE-RNTN|]

— TE-RNN

0.44F : : — TE-LSTM |7

0 .5 ].IO 1.5 210 2I5 30
d

Accuracy curve over the dimension of
tag embeddings
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Linguistically Regularized LSTM

® Linguistic resources for sentiment classification

¢ Negator: not, never, cannot
¢ Intensifier: very, absolutely

¢ Sentiment resources: sentiment words like interesting,
wonderful, etc

This is not a very interesting movie.

4 N
How to leverage linguistic

resources in neural networks?

\. J
oD
2 Tl




Overview

@ Linguistically Regularized LSTM

Non-Sentiment Negation Non-Sentiment Sentiment
Regularlzer Regularlzer Regularlzer Regularlzer
> > > >
0.4 0.4 0.4
0.3 0.3 B
0.2 0.2
0.1 0.1
0 0
- 0 + ++ - 0 + ++
Ps P4 P3 P2 P1
hs | <«— ha — h; |+—— hy |+ h1
Iit’s not an interesting movie

24
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Non—Sentiment Regularizer

@ The sentiment distributions of adjacent positions
should be close to each other.

Pt Pt-1
0.4 0.4
0.3 KL 0.3
0.2 -+ » 0.2
0.1 0.1
0 — 0 -
- = 0 + ++ - = 0 + ++
an interesting movie
NSR
L = maa(0, Dxcr (pil[pe-1) — M) ~

: imil




Sentiment Regularizer

@ The sentiment distributions of adjacent positions
should drift accordingly.

04 Each sentiment class has a J

02 II [ shifting distribution
KL 0.1
0 - = 0 + ++ ’ \
drift by ‘+’ ( S R)

0.4 Pt 0.4 P pt 1 — pt—l + SC(xt)

I -IJI ‘o lu‘ LR = maz(0, Dgr(pe|[p° ) — M)

interesting movie

x imil




Negation Regularizer

® The sentiment distribution should be shifted or
reversed accordingly.

0.4
0.3
0.2
KL 0.1
0 o \ 4

- = 0 + ++ '.. (

Py q R) _ softma:r(T X Pi—1)

Each negator has a
transition matrix

: transform by ‘not’

04 P 0.4 Pet s
o II o II p§+1 ) = = softmaz(Ty; X pi+1)
not an interesting movie L(NR) — min { maw(o DKL(ptllpt )) - M)
; =
maz (0, DKL(pt||pt+1 ) - M)

2 Tl




Results

® Phrase-level means the
models use phrase level
annotation for training.

® Sent.-level means the
models only use sentence
level annotation.

28

SST SST
Method MR Phrase-level | Sent.-level
RNN 77.7* 44 .8# 43.2*
RNTN 75.94# 45.7* 43.44#
LSTM 77 .44 46.4* 45.6#
Bi-LSTM 79.3# 49.1* 46.5#
Tree-LSTM 80.7# 51.0% 48.1#
CNN 81.5% 48.0* 46.9#
CNN-Tensor - 51.2% 50.6%*
DAN - - 47.7*
NCSL 82.9 51.1% 47.1#
LR-Bi-LSTM | 82.1 50.6 48.6
LR-LSTM 81.5 50.2 48.2

yAERN
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Summary

® How abstractive linguistic knowledge (e.g., POS tags) can

help representation learning?

® QOur discoveries:

¢ Syntactic knowledge can help representation learning for sentiment
classification

¢ Even only using POS tags, structured models perform quite well
e POS tag encodes much abstractive information

¢ Compact models (fewer model parameters but still strong

performance)
£
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Thanks for attention!

@ Dr. Minlie Huang, Tsinghua University

® Email: athuang@tsinghua.edu.cn

® Homepage: http://coai.cs.tsinghua.edu.cn/hml
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