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Word Attention-based Convolutional Neural Networks for Sentiment Analysis

WANG Shengyu' , ZENG Biging'* , SHANG Qi' , HAN Xuli'
(1. School of Computer Science,South China Normal University, Guangzhou, Guangdong 510631,Chinaj;
2. School of Software,South China Normal University, Foshan, Guangdong 528225, China)

Abstract; Sentiment classification task needs to capture the sentiment features from document and then combines
them to construct the document representation. In this paper, we propose the model of Word Attention-based Convo-
lution Neural Networks(WACNN). Compared with CNN,our model takes the document information as input. In
detail, we put a word attention layer after the word embedding layer and before the CNN layer. Attention layer ena-
bles our model to focus on certain part of the input document and learn weights of each word. We also add a con-
volve filter with size of 1 in the convolution layer to extract the features of single word. To ensure the existance of
context for each word, we pad the input of the convolution layer. This method can be used to extract the n-grams lo-
cal features of each word effectively,avoiding information loss caused by convolution processing. Compared with tra-
ditional CNN and machine learning methods, the accuracy is improved by 0.5% and 2% on MR5K and CR datasets,
respectively.
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CNN-K: Kim"'" ¥ %5 Lo 22 W 45 0 B T f &
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[7.8.,9] 81.13 81.37 81. 44
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it ’s very sleek [00KingWith  very goodfrontipanel button

layout,and it has a great feature set.

Region Size CNN CNN-1 CNN-2
3 80. 81 80. 89 80. 89
4 81.02 81. 36 81.38
5 81.23 81.44 81. 62
6 80. 96 81.42 81.24
7 80. 88 81.52 81.09
10 80. 44 81.41 81.41
15 80. 11 81. 14 81.10

3.4 AN 3.5 WK R W] . OIS IER T
15 BT 55w 5 B2 DUREAN 1) Ry v o Ak 4 1] 1Y)
R SCHR R (9 n-grams $RAF . QX 77 B B9 A AL
TR R W R S V@ LR ST S M G SR S S
15 B, A 36 B2 AT 4 B3 A3 4 1) ) R AE
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BT EN R T8 B0 )2+ (A5 455 10 A I 5 5 e P A 0k 4
Mo HEATRFAE SR I, DR o FRATT T LA AR 1 ) R AR 4
ORI e AT ATRRAL L O 48 T i R

AR K I MR5SK Al CR %54l 4 B ML 45 1%

i did not want to have high expectations for this apex

player because of the price but it is _
_than what i would expect from an expensive
high-end player.

* 6 MRSK #HIBEXKTENNF AL

BARSE : MRSK K50 S

the movie’s something-borrowed _ feels less
the product of -, well integrated homage and -

a mere excuse for the wan, thinly sketched story. kill-
ing time, that’s all that’s going on here.

_ saying that ice age - have some fairly pretty

pictures,. there’s not enough substance in the story to

_ give them life.

MR 5 R 6 ] LLE ) BRI R it 2 B
Z) 55 OF 25 106 -+ 24 18) FUE 25 16 90 R ¢ 88 22 1Y
i, BN fE CR B4 H “very sleek” “good front
panel” “ thinly sketched”, MR5K #f #& 7 “ thinly
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sketched”“integrated” 55, [ b Z 41, 15 & 17 %% 71
WL AR E A R R AR A W AREM, W

e 9966

i'm not”“but” &,

AL SRR - 3R] B 2 00 S8 AT DL AR R A
Wil Z ik i v e B G B ) O A7 8 5 b $ BBORCHE AR AE
FE I8 B AT AT 55 v A% JaR) B 25 1R o | B L A
S TA) R A7 1) R X 1 AR ) ) T R AT AR S W

“much better”“more like

4 i

AR SCHR Y — Fofr T ) T R 0 A B b 8 o0 2% 46
B JF R FE T4 2 o0 M e S 56 BT T B AL
Reo BERUE S AL G A AR TR S AL BB Y n-grams 4F
fE SRR AR Z 5 AR 12§27 1 BRI 25
S B AR E % BB 7 o O 5 28 L 5 R I 8 4 7T 94
FIAT fifp BN 5 BT T2 (9 058 7 3 AR Ak 4 1) #6 HL 45
R SCE B B BUR LA O G AR R Y LR SCH
BURBHAE . s - R MRSK Ml CR $0HE 4 b 563k
TRUR.

SR » A SR T 5 3 AL L 7 1) 3 A f) 2 4%
b IR RAEE SCOE WA AT RFAE G e . i LA R ORORE
X T 7 WL AT R A R I SR R AT 2 %
A2
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