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Recurrent Neural Network Using Attention Model
for Sentiment Analysis

LI Songru, CHEN Duansheng

(College of Computer Science and Technology, Huagiao University, Xiamen 361021, China)

Abstract: Aim at the overlook of emotional words in the present recurrent neural network model used for sen-
timent analysis, we propose an emotional word attention model based on recurrent neural network. By introdu-
cing the attention mechanism., the model can pay more attention to the emotional words in the text sentiment
classification. Experiments are conducted on the NLPCC 2014 sentiment analysis dataset and IMDB movie re-
view dataset, the results show that our model can improve the sentiment analysis effect.
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Fig. 2 Architectures of RNN-last and RNN-mean model Fig.3 Architectures of RNN-attention model
= S ha. (5)
i—
P o 38 5 — > B2 B P 2 28 TSRS 3] 32 I 4% 1 i A A IR 220 I 4 1) BEECIR 25 b B
a; = exp(ﬁ,»)/i exp(B) s B = V,tanh(h,W, +b,). (6)
k=1

K6 WV, O R W 48 2580 b, 9 B 500 L 38 2 0 B A I 220 9 AU fiE T Softmax pR %K
PEATIH— AL T A A Z H D 1

R a; B WIS 220 B JBOAR 25 0] B 28 4 IR A0 2 0 B B R 2 T i o M B 9 > O 5 R 5 R Y
SCHRL T3 13 JR ) BT 7 I 220 4 B bR 2 o S B 1 3 LA 0 2 o A I 2 £ BRI 25 AT AT X1
P8RS AR5+ BEC 0 S T A R A ) s 20 T A i X 4 i 220 - 258 6 oy s 2 (S £ P AR 2 IF 220 1) BSUOR 25 o)+ o
h AE2Jy Softmax 4335 45 (4 A RRAE BEAT1F 143 26

RNN-attention #5851 §i it 1 —Fh B 0L A 75 320K A4 X032 ) A9 0 38 0 B A Qi &L 4 7. ke 3o

A AN 1A Bt 47 Al A AN brlliant__and moving performances by tom courtenayand _peter finch .
Z ARt I IRE AL (0 Fon B e, 1 FoRE6).
this is a terriblemovie , don.t wasteyourmoneyon it :
R g nann -
PRI TR A ) #5058 A TR) (A terrible, brilliant, W, 3547 st @y s ok Lk QANALGE . & 407

Wy BT AED I X FLW T TR AU, 1T S AE 43 2R
Hﬂ‘%%i&%fﬁTﬁiﬂﬁiﬂ%E@%ﬂrﬂ] MK FE] R S A B iR L X Z8EE R FUE P T (E!

=
2 LG RERDWHR B4 REAR 9 T 7 0 B AT A B

Fig.4 Examples of sample's

2.1 XBWIRE

J T 5 3F RNN-attention £ %I () 44 %k M. 76
NLPCC 2014 ffJ“Sentiment Classification with Deep Learning Technology” ¥F il % #& X IMDB £ i %X
P FHEATXE 25, Hor , NLPCC 2014 1 J& 3 BT AT 55 B0 48 4R B 45 VIR 52 11 10 000 2% o 307 il
WL IERAEARK 5 000 5. R4 2 500 ARMNEAEA IEFAEA % 1 250 4% IMDB 52 P50 1 Il 25 48 F0
AR &A1 7 25 000 Z5FEAS IR TAREAS & 12 500 45, S2 50 X LU B A - 5 > BEAS B8 RNN-mean #
RNN-last ,CNN ##1) Ensemble-SA # A1 Hid, Ensemble-SA BRI ZE S T 3 FA [a] #0175 8% 43 H7 HL
2 B Z AL H T IMDB 0l £ E 1 ol K COF . SE RN HE bR O 2T FL(E.

% A6 T feiT D (7% ) 1) e 2 2R ) e 4 1) AR R R CCBOW) M 51911 2545 211 i) [ 4 114 48 i 45— g 300 4k
Y5 15 Rk B 18 TH A 4, VI 2k ) 1 2498 word2vec. RNN-last, RNN-mean, RNN-attention #&
R BB JC S8 — 4 500 4 . RNN-attention /Y attention [ 2% it [0 2 4L 15 8 hy 500 4k i T4t 3 A B2
T (SGD) ¥l % RNN-mean, RNN-last, RNN-attention %!, Adadelta 8 35" ] F 8 # 2% > . CNN
BRI FN Ensemble-SA BRI i) 2450 5 J5t S 1 3 B IR 5 —FL
2.2 ZRWHER

AR AESL 00 3 8 T 2 3 FLAE 3R 1 FF/R. B3R 1 A 5 000 20 0 00 4% 170 6 780 5 45

http: // www. hdxb. hqu. edu. cn

attention weight visualization



42 RN S SR A B0 2 0 4 4 15 S 0 AT U R T A A 2

(o]
al

TR 28 O 28 ST AT — S A . X B0 iE T RININ 14 45 049 B 5 4 Jiff £ SCAS 1938 SCAE B 40 387 91 50308 1
CNN ® i 3 #k. RNN-attention 8 1 %% SR T- RNN-last 5 RNN-mean, 3 iF Ensemble-SA 8 [¥) 7
% 3 5 RNN-attention S 5¢ BB 1 25 47 1L ) B S0 8 SCA o ] 0. 45 780 £ o
SCEHE b AR BOR B0 SCRUH R AR 22 50K L 3 0y T P A o 5 PN A 22 S P it B NTE VT IR Z 4.
F 1 KBRS ET F EY L
Tab.1 Classification Marco-F, comparison of different models experiments

ZFHF

B Ensemble-SA CNN RNN-last RNN-mean RNN-attention
NLPCC 79. 23 75.76 76.14 77.81 78.59
IMDB 92.35 89.03 89. 85 90. 59 91. 20
3 4RI

P2t — Ff 7 % GE AT B0 2 I 5 5 TR e 5 A T T L 1 i A5 R 3 e o 2 ) 45 2 o) 45 B SO R A%
A 3] e X O 4 A L e g M T (8 SR (9 A R T — i S R 1 AT P 2 R 2% A o1
T Z R4S O T AR R A G 2 S AE 3 T 5 R A RO 2 B BRAT B AT G A B i 2 A 28 A5 R B 11 K
A B — AR PP G 2R R ORI E 1 S R R B Y A AR A L I A A — S R R B — 2P
HAF s T — 2 AR BIE ST U0 ey 384 560 A5 R Fr) 65 A 1 O D7 2% b AS R JBE AT 5 19 SCAS.

Sk

[1] LIU Bing. Sentiment analysis and opinion mining[ J]. Synthesis Lectures on Human Language Technologies,2012,5
(1):1-167.
(2] BSWFIT. 28 5% XUHE. SCAIS I BT [0, #0231 . 2010,21(8) : 1834-1848. DOI.: 10. 3724/SP. J. 1001. 2010. 03832.
[3] PANG Bo,LEE L,VAITHYANATHAN S. Thumbs up? Sentiment classification using machine learning techniques
[C]// Proceedings of Conference on Empirical Methods in Natural Language Processing. Philadelphia:[s. n. ],2002;
79-86.
[4] MIKOLOV T,SUTSKEVER I,CHEN Kai,et al. Distributed representations of words and phrases and their compo-
sitionality[ J]. Advances in Neural Information Processing Systems,2013,26:3111-3119.
[5] KIM Y. Convolutional neural networks for sentence classification[ C]// Conference on Empirical Methods in Natural
Language Processing. Doha:[s. n. ],2014:1746-1751. DOI:10. 3115/v1/D14-1181.
[6] IRSOY O,CARDIE C. Opinion mining with deep recurrent neural networks[ C]// Conference on Empirical Methods
in Natural Language Processing. Doha:[s. n. ],2014.:720-728. DOI.10. 3115/v1/D14-1080.
[7] BAHDANAU D,CHO K,BENGIO Y. Neural machine translation by jointly learning to align and translate[ EB/
OL]. (2015-04-24)[2016-05-12]. https: // arxiv. org/pdf/1409. 0473v6.
[8] RUSH A M,CHOPRA S,WESTON ]. A neural attention model for abstractive sentence summarization[ C]// Con-
ference on Empirical Methods in Natural Language Processing. Lisbon:[s. n. ],2015:379-389. DOI:10. 18653/v1/
D15-1044.
[9] XU K,BA J,KIROS R,er al. Show, attend and tell; Neural image caption generation with visual attention[ C] //
Proceedings of the 32nd International Conference on Machine Learning. Lille: ACM,2015:2048-2057.
[10] GRAVES A. Long short-term memory[ ] |. Neural Computation,1997,9(8) :1735-1780.
[11] SCHUSTER M,PALIWAL K K. Bidirectional recurrent neural networks[ ] ]. IEEE Transactions on Signal Pro-
cessing,1997,45(11):2673-2681. DOI:10. 1109/78. 650093.

[12] MESNIL G,MIKOLOV T,RANZATO M A,et al. Ensemble of generative and discriminative techniques for senti-
ment analysis of movie reviews[ ] ]. Journal of Lightwave Technology,2014,32(17) :3043-3060.

[13] ZEILER M D. ADADELTA: An adaptive learning rate method[ EB/OL7. (2012-12-22)[2016-05-12]. http: // arx-
iv. org/pdf/1212. 5701v1. pdf.

(REHRE: &F RLER: RIEY

http: // www. hdxb. hqu. edu. cn



