%46 & 10 D2 M- N 1 M = A < Vol. 46 No. 10
2019 4F 10 H COMPUTER SCIENCE Oct. 2019

E T Ak N B AL & Ry 15 B o 4

BOow s @\ oF
(e k%% GEFK | K #l 528225)°

HEm EE2ER f
(Gem st At B R )M 51063D)!

i E XABRBRINAARBZTABEHRAAART —AELGHRLS &, I ATHA B KA ARMEZE—ABF R
XM b, BAT, KA TAEM & TN A AP 2 WA AR P AT H B A, BRI A 7 ke A AR R T A
B AN TRIAREAFLA . T ROXLALLBERFRREN fde B ENGTRFHLE L S o0 EFo
FERR, A E M, X P R T — AR TR R E A A Z M %A (Word Embedding Auxiliary
Mechanism Based Attentional Neural Network Model, WEAN) , 54 2 5 A T K LA 615 & oM 4E 4., AR & A9
BN R T RIAREAZRBER P GINE G 2R A A A RGERPZERNEKRRAFI PO ETREE.R
HEREEANA KBRS T AR EEEZEGEE G THASEGRE, £ IMDB, Yelp 2013 #= Yelp 2014 4
BEEEWEBLEREAR. 5 NSCHLA BA AL T RBERAGEBR ST EHAESHNRGT 1.1%.2.0%F 2. 6%,
KB HWRSI,ARNZEZANG AAZRNE, A REZTLE

FEESES TP391 XERFRIZED A DOI 10.11896/jsjkx. 180901687

Sentiment Analysis Based on Word Embedding Auxiliary Mechanism
HAN Xu-li' ZENG Bi-qing® ZENG Feng' ZHANG Min' SHANG Qi

(School of Computer Science,South China Normal University, Guangzhou 510631, China)’

(School of Software,South China Normal University, Foshan, Guangdong 528225, China)?
Abstract Text sentiment analysis is an important research direction in natural language processing,and how to analyze
the sentiment polarity of long text is a research hotspot. At present,majority of the researches tend to apply word em-
bedding in neural network models for sentiment analysis. Although this method has a good representation ability of
word features,it has some weaknesses for long text. Extremely long text will bring heavy burden to the model and make
it consume more time and resources in training process. In light of this, this paper proposed an attention neural network
model based on word embedding auxiliary mechanism, namely WEAN, and it is applied to sentiment analysis for long
text. The model deals with some training burdens of long text in neural network model by using word embedding auxi-
liary mechanism and utilizes bidirectional recurrent neural network and mechanism to obtain context information. At the
same time,it captures information with different importance degree in sequences,thus improving the sentiment classifi-
cation performance. Experiment was conducted on IMDB, Yelp 2013 and Yelp 2014 datasets. The results show that the
accuracy of the sentiment analysis of the proposed model increases by 1.1%,2. 0% and 2. 6% respectively on three

datasets compared with NSC+ LA model.
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Fig. 1 Attention neural network model based on word embedding
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Table 3 Influence of Pooling mechanism on model performance

CHAT %)
A IMDB Yelp 2013 Yelp 2014
WEAN-NP 49.0 64.2 64.0
WEAN-MAX 49.8 65.1 65.6

4.3.2 EE AR A BEA GRG0 n

T 3 X A R HR Y 3 T T ML A AT SR I A T AR SO
B WEAN-MAX A Al 52 9, R 35 oA 2 8OR 28, R0 &
FIAU 2 AT S 56 8 23 BT A2 w3 ) AL A SR T ) A5 Y
PEREASZM . Hrh , WEAN-NA R 8880 v R A T 2 7 L
W2 . R 4 FTRUE TR 7 L 7R A S v X A R e
B R S TS L A BB AR BRI T 5 00 e A B

A4 TERITIHLH R BE 19 R R

Table 4 Influence of attention mechanism on model performance

BT %)
#A IMDB Yelp 2013 Yelp 2014
WEAN-NA 43.3 59.6 60.5
WEAN-MAX 49.8 65.1 65. 6
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Table 5 Influence of context information

CHLf7 . %)
A IMDB Yelp 2013 Yelp 2014
WEAN-CNN 47.5 62.5 62.8
WEAN-MAX 49.8 65.1 65.6

4.3.4 ARG F B A 4ot ] g ik

AR U6 E A SO IR ) A 4k R A S 6 R A A 8 )1 2 it
)2 75 A 35, L Yelp 2013 B d 48 hy 52 56 28 0 o A7 L &2
WEAN-MAX /& bl A T i #x A %l B H1 i Max-Pooling /2,
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BB O R G5 e TR) T S D i A I ML A A AR R 1 1
i [ A 224 7 SO 1 R 5 R IR B T 3] ek A B AL ke
AR SR B DI SR T e S B
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Table 6  Comparison of model complexity and training time
HA ZH /M EE A s
WEAN-N 34 4816
WEAN-MAX 24 2308

4.4 FHEIMTHRL
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TN XA T A B BT € R AT R 23 HG v R R R i AL
2R i O AR B AR A R . AN lE] 2 B, 7T R
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this is a stunningly beautiful movie. the music by
phillip glass is just a work of pure genius. i can
watch this movie again and again.
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Fig.2 Attention visualization
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