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Abstract

CNN(convolutional neural network) and RNN(recurrent neural network) have been widely

used in the field of text sentiment analysis and have achieved good results in recent years. However,

there is a problem of contextual dependency between texts, although CNN can extract local features

between consecutive words of a sentence, it ignores the contextual semantic information between

words. BiIGRU (bidirectional gated recurrent unit) network can not only solve the problem of gradient

disappearance or gradient explosion in traditional RNN model, but also make up for the shortcomings

that CNN can’t effectively extract contextual semantic information of long text, while it can’t extract

local features as well as CNN. Therefore, this paper proposes a MC-AttCNN-AttBiGRU (multi-

channels CNN and BiGRU network based on attention mechanism) model. The model can notice the

important words for sentiment classification in the sentence. It combines the advantages of CNN to

extract local features of text and BiGRU network to extract contextual semantic information of long

text, which improves the text feature extraction ability of the model. The experimental results on the

Tan Songbo Hotel Review dataset and IMDB dataset show that the proposed model can extract richer

text features than other baseline models, and can achieve better classification results than other

baseline models.
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1080, 477 K /N DDR3 8 GB, JF & ¥ 58l Keras
2.1.0, 7 & T HAE % & PyCharm.
32 XBHES

AR SC I HRAIAE 2 AR AT

1) AR G P18 His 5. R P e 1 A A TR T
JE E RS EE AR R S el AN I B R,
T A 1] 1 3T

2) IMDB" " $ 4l 4. 1= A0 7 A8 ) il | x F 3

(DA KO0, PR B4 I 1o R0 16 A f75 L T T A U
it 1 4 A

B 4R P AR T IR C A AN N B B T IR
PRAE X 2 A RCE AR BARAE BNk 1 R e
Bs g 2 Pros o 1 A Y ko B AP ok 1 BE AL
PESZ W FAT o0 e X 2 A EE S B b T 10 rif X
B0k S 56 A SO B BE AT R A O A

Tablel Specific Information of Two Datasets

F1 2HNBEEREEKER

Datasets Category Number Average Length Class

Tan Songho Train 3000
45 2
Hotel Review Test 3000 0

Train 25000
IMDB 240 2
Test 25000

Table 2 Part of Review Data
F2 EWoTEILEE

Datasets Positive

Negative

AR B — S BB AN I8 R AL e b s 8 #1924
T IR, BT R 4% i N SO BE T RS AR R0 #Y i R
FIHE TR 45 o S 2 b R HLI 55 AR B, B AR R

Tan Songbo
Hotel Review

VIR XA ES S T )

Bromwell High is a cartoon comedy. It ran at the same

IMDB time as some other programs about school life, such as

“Teachers”-+

I A 2 I L ke A A I X A /N TH IE & B <R R
Bl — T — R R T R T — R P AR
DL 22 /0 e T ) SO SO, 038 T FRAE A N ET]
FEUG 8k KA — D FER b — A W 7 i %3 (A

Story of a man who has unnatural feelings for a pig. Starts

out with a opening scene that is a terrific example of absurd

comedy-**

33 XRWMAESHEANBSEHLE

i) ] B AE AR E S AL B R A B EE IR,
G546 1) ) AT IO 2R B T B AR Y R R
Xof o SCER A AR L A SOl R BEAR H SC Wikipedia
RO S SR I 25 CBOW #5581, D) it i 45 31 v 5
i ] 2 VIR 2 S5 L AN TR ORI 1Y A SR i 1
e 555 3] 1] o 2 6] PRI O 0 B B AR IR R L 3R
15 B 1) (] o 09 248 B /N Ry 300, 8 56 Jieba 53]
T H X A B AT HEAT A R R AR 2 R LR R
SR Je i 3] e I G T L 5 S 3] 1 e 4N ) R TP
25 VR 0 b 2 0 285 (1 i AT 0 SCRIOHE 48 L A Sl
FH R BB 95 3¢ Wikipedia %35 % 5k Il 2 CBOW ##
R DL SR A5 B 8 3R] ) d, AE I it AR b JR AT AR
B TR 8] 4 B R 300,88 5 38 i 7S M 4R AN AT 4
B — A B TR BR A F AR AR SO R AT )
KA BB &N 200, /NF Az B i, %) 7 04T AR FF
A K TZAE I AT BT B4R A SCSE 90 5 T Keras
TREE 2% 2 HE 428, A5 70 (1 £ Ak oR 250OR HT Adam™™ o
B, K B RE AN W) B 2 BB A ST 1Y B 3 R 2
2] 2, I HO A8 0 PR I 2 e S5k

FEASCSL R, g T AR B0 A R R ik

FE 2 CNN BT 28 R & BUR 3 11 K/ oy

B 30455, B B BB AR O 128,00 T Bl 1k

A BG, AT T L2 IEW AL A dropout #l
i AR SCALTRY B T A 2 08 AR 3 TR
Table 3 Hyper Parameters of Experiment

R3 HAUBSHIRE

Hyper Parameters Description Value
Size of Word Vector 300
Window Size (3,4,5)
Number of Features Map 128
Hidden Size of BIGRU 128
Mini-batch Size 100
Epochs 50
Learning Rate of Adam 0.001
Size of 1.2 Regularization 0.001
Dropout Rate 0.5

3.4 SREEXTEE
T B UEA SCHR R REEL  op JEE RE L AT AR
PR AR AE Dy DAL 48 AR o R AR SCHE T 3 5 1 AL B9
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ZiEiE CNN Fl BIGRU £ (MC- AttCNN- AttBiGRU)
S 13 RhRER O ke 2 A BOE A Lk AT SR
Xt .

1) SVM AR F HABHLER 2= > 7k . SVM #E 1%
TR T AR B AR SO ) v i B
BAgA) FH ][] 8 R OR AR 5 PR I 4 B ] e A AT 0
BOEBIE R SVM 1 A 4T 4324,

2) Fasttext''® Fasttext 4 Facebook FFJ§ i 3¢
Ao T HAEAR ST b B AL 2 5] K3y 0.01,
i) [] 18 A 4 BE 1 A 300.

3) CNN' 58 [ B3 36 CNN 4328, fi 4 7
B AE 2 ad 1) i A 2 05 A5 B A9 1) ) AE S CNN
ARG 2t BRUZ L2 & E R iR )E
B Softmax iy 2 #4752,

4) MC-CNN. &5 AL 5 1R/ 3,4,
5 3G RUZ BB MPHE . /Y 338 1 CNN 1§45
KA, 1 FEFIBA S CONN 4p 26—, H 2/ 5 i
3Gt A 2 A5 B S KRR SEAT T BF 82, LUK
KA E T SRR W RRIE(E B

5) RCNN' 53—~ 3@ 3 19 CNN-RNN A5
B Z AR ] CNN Al RNN #E 4T SCA 4325, 7231
G 1) 3 R v X i AT ) e R AT B

6) C-LSTM"" i J& — 4> HLii i CNN-LSTM
BB, o S i) op A AN 1 0 4 i ik A 2 )5 45 3
fh ] [ AR S CNIN Y A S R 5 482 b 3503 19 e AiF
YEN LSTM W% A fie 5 1 24638 42 3% A1 Softmax
RS B R A H R

7) Convolution-GRU™/, % J& — il 45 & CNN
M GRU & & B8, | 5e it m) + i 4 i &0t
TR A Z 5 49 B 1A [ B AESS CNN AL R 5
AR AR AEVE 9 GRU BB A, i 5 B 48 0 4
B Softmax 215 5 & 43 245 1

8) MC-CNN-LSTM™ i & —Fh £ 38 i i) CNN-
LSTM 1 %A R i 2 3020 . — 3B 40 & £
T CNN BAY; 5y — 40 & LSTM &8 15 S ffi 1] £
I CNN $HIBUA [ B n-gram $RAE SR 5 4015 3] Y
FROEAVE B LSTM ) i A, B Ja B 4 4F 4 3 82 A
Softmax J2 13 B fe 28 5 Je 4 L.

9) BiGRU.fifi F £ i il 4k A Z 5 1 BR 1) ] £ £
Hw A2 ik BIGRU W 28 88 E 47 R 155 J o3 2K

10) ATT-MCNN-BGRUM" % #i %I & — F
FLE JE ) CNN-BIGRU &, 15 56 J 2 38 18 1Y
CNN A58 70§ BB SCA (9 AN [R] 1 n-gram FRAE, 2R 5
A Ho A B 5T ML) BIGRU A& 8 v, i

J&i 8 Maxout #2015 B i 5 1 43 2 45 L.

11) MC-CNN-BiGRU. X /& 3 4~ CNN i ii fl
BiGRU i (9Pt .3 4> CNN il i Al BiGRU i i
R B A R 2k il i A 22 S BT A ] ) L H 3 A
CNN 3838 f1 BiIGRU 3@ 8 # A I A 75 8 S HLH .

12) MC-AttCNN-BiGRU. % J& 3 /4~ CNN j#i i&
A1 BiGRU #1845, JF HAE 3 4~ CNN i [ #f
A S HLE, T BIGRU 3l 8 A A VE 2 1 6L
il , Hofth Z$0 5 B 1 MC-CNN-BIGRU — %,

13) MC-CNN-AttBiGRU. X J& 3 > CNN 3 itf
A BiIGRU i A W 9F 4% , JF H A BIGRU #iH Fhn A
VEE AHLED L W3 A CNN Gl A A =L .
fth 2 %% B Fl MC-CNN-BIGRU —#.

14) MC-AttCNN-AttBiGRU. X J2& A< 342 i fY
B AL, 3 A4~ CNN 1@ i Al BIGRU 8 i i $f 4% . JF
H7 BiGRU @il f1 3 4~ CNN i i b #hn A v &
FIRL LA 28t dml i A 2 J5 15 B G 0] ) s AR N A,
A3 938 5 CNN 38 F1 BIGRU 38 8 #2 WU AL & 5
PP IR Y 2 FRRAE Al G HE AT B S I IR A2
3.5 XRERSW

A SCH B 4 A MC-AttCNN-AttBiGRU 5
3.4 T HAt 13 b 5 0 2 A5 A Jy i R TR T O D
W SE A1 IMDB b #F 47 5250 X b, S5 06 45 2R
4R

Table 4 Accuracy Comparison of the Proposed Model and

Other Baseline Models on Two Public Datasets
4 AXBERMEMEZERE 2 HAFHIESE

LHETEILL %
Models Tan Sjongbo IMDB Dataset
Hotel Review Dataset

SVM 80.16 79.86
Fasttext 83.96 81.69
CNN 89.88 88.84
MC-CNN 90.38 89.38
RCNN 90.09 89.20
C-LSTM 90.29 89.13
Convolution-GRU 90.42 89.25
MC-CNN-LSTM 90.78 89.74
BiGRU 89.50 89.00
ATT-MCNN-BGRUM 91.22 90.80
MC-CNN-BiGRU 91.01 90.24
MC-AttCNN-BiGRU 91.58 91.09
MC-CNN-AttBiGRU 91.42 90.82

MC-AttCNN-AttBiGRU

92.2 91.70
(Proposed Model) 8
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MR 4 A LLAE M A SCE 1 MC-AttCNN-
AtBIGRU BRI EAE 2 D8R 5 FEREIUS T
b ASS Y G 1) 43 RO TR TR BV P e B dE 4R
FHERFRIR R T 92.28%, fF IMDB 4R 4 I
FIRF T 91.70 % , VB T A ST BB AL ) P

HH 26 4 A AL, 3T f 2 N 4% A5 7 ik (CNIN,
RCNN 45) 7650 B4R Lk J& B 1 & G pLas 2
IR T SVM 1, BB SVM AR AU 1R 7 B b Xt
) = i A BRG] ] S R AT BT 3, A %
AP IR 1R SCHE SCR— S TR 2 K B AE B BT LA
Oy FBECR AN, BT 4 28 ) 45 05 Dy v oE A R R A
Fo 3 TG AL 22 > U7 ik SVM & 10 % 2247, Ui
TURBE 2] 5 VR AE ARG IR AT 55 A ROCR
IEAh s Fasttext B8 43 25 o 1 % (83.96 %6, 81.69 %)
T SVM B8 (80.16 % ,79.86 %) » iiE W Fasttext
R AE SCAAE B4 B b B A R PR g . R Dy L ARE Y fif
B Sz B PR AR SCHE R Dy B LAY 5 A R
FA VR JE P 5008 4 L CNN fil BIGRU [ 4 2%
T SRR, DR B AT B P B — 2 i i SUAF . 3
CNN [ #ER R e BIGRU B9 il m — 5, X2
SRy VLA I G P8 B AR BN I HAF e SCAR R
CNN /] DAAR G b 45 B 8 AR R AE , T BIGRU &)
TCIEAE R SCAS 3843 K 45 HAR B 78 IMDB %45 4R
L BIGRU 1973 2 fE i 22 b CNN UE ) 38 2L il
B X K IMDB 8 3 4B 1 B 4% T8 ERAR
£ . BiIGRU A] LA 38 43 A& #5 HAC BE 2 1042 i L3 i
7+ MC-CNN F1 538 8 CNN, C-LSTM F1 MC-CNN-
LSTM, ATT-MCNN-BGRUM #1 MC-AttCNN-
AtBIGRU X 3 4 Xf W52 50 7] LLF . 22 18 A2 7Y
AERT B3 0 AR B 08 B TR B S A BRI A
BA B TR R PR R sl X L C-LSTM
F Convolution-GRU H] LA & Hi, Convolution-GRU
BERIIEA SO 4 B 43 BROR 2T C-LSTM
FEHY 5 38 1 XF e MC-CNN-BiGRU, MC-CNN-LSTM
M RCNN,C-LSTM, Convolution-GRU #] LA i £
i JH B CNN-RNN #5816 2 0 T 58 8 CNN-
RNN #£# ;58 37 MC-CNN-BiGRU #l CNN,BiGRU
HEATXHC AT LU H Rl A T CNN A BiGRU [ £
TE R A 2 B ) CNINL BIGRU 43 2 20 3R 35 47
3%, 3% /& MC-CNN-BIGRU £54 T CNN A
wmuﬁammﬁ%%hﬂﬂﬁ¥mﬁ§$ﬂm
Jai A B CRE I AR AT ) F b SCE U B TR
ﬂﬁ%ﬁ@%%ﬁmﬁﬁ.%thHh@NNB@RU,
MC-CNN-AttBiGRU I MC-CNN-BiGRU ¥} It &

LN AE B T B Y 22 58 8 AR R T] DL G b
B JEUE R R A R T AR LR AR R i R A
IR e X 1 R 4 28 BT R A K Y BRI 5 3l i MC-
AttCNN-AttBiGRU #l MC-AttCNN-BiGRU, MC-
CNN-AttBiGRU X} [t & 8, 76 CNN i il fl BiGRU
T IE R B ) A T ) LA R F R — 2B R T SOAR
H TR

A SCH B MC-AttCNN-AttBiGRU #5#1 J5
AN RE % $ BB A7) - v i 2 B3R Y JR) F AR AE A5 S,
R A T R SCHR UE B . R R T CNN
M BIGRU 45 B WL, 9F H gl A & J1 L fe 42
LI ASE Y AE REAE B2 R 2o A v B G i ) b LR
(101 SRR A L 5 Uk 2D I Sk S OR o A ] 0
(RS 0] o JIF DA AS ST A 55 78 A 1 S At JL A i 2k
YRR A% AR A5 fe A I RUR.
3.6 EEHTHMK

Sk TSI URA AK H JR s A R A R AR S K
U #R43{d FH seaborn JE A matplotlib JFE#EFTA] T
BT TR 3 TE A AT AR R R L AR S 3k B T
FR T T 25— B b AT Al Ak i 7R 5256

AR 12 ARSI AN s AR T4 T35 AT,

SCAS 2 JE TG /N L T RS KK, SR ZE.

XFF A 1 FSCA 2, FAT 8 el A Jieba 431A)
T H XA F- 3R 47 43 10, SR )5 T 25 BR AR o545 5 R 45
il AR BRI R RS B AR g T AT
RS BTSN LT RS R R SR Rz
X RG] SRS T3 53 2 T B 0 4 3 R ) AR A
JIENE 6 & 7 i . ] €0, R BRIV B A R

0.16
0.14
0.12
- 0.10
- 0.08
= 0.06

R IR ANEEBEIR] AR AT
Each Word in the Sentence

Weight of Each Word

Fig. 6 Text one word attention weight heatmap
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Fig. 7 Text two word attention weight heatmap
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WA AEX 2 BOE S SOAR Bk AT R I AUE
AL SC B, 45 SR R B L AR SOl R AL AT AR
IR eI Rl DS R R T S A Uk Sy N DR AR
UE BT 3 T WL S RE 6% OC TR ) b L B Y
15 B AR 1

4 BEMRE

ASCHEM T — M T HEE P £ 8 i
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