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Chinese Comment Sentiment Classification Model Based on CNN-BIGRU

SONG Zu-kang, YAN Rui-xia
(School of Management, Shanghai University of Engineering Science , Shanghai 201620, China)

Abstract; In today’ s business field, the sentiment classification of online comments has always been a hot research direction. In order to
overcome the shortcomings of the classifier constructed by the traditional machine learning method, such as large computational overhead
and poor accuracy,a sentiment classification method based on the convolutional neural network ( CNN) and recurrent neural network
(RNN) in the deep learning model is proposed. In previous studies, CNN is often used to extract the local feature information of the
text,but it is easy to ignore the long—distance feature of the text, while RNN is often used to extract the long - distance dependent
information of the sentence, but it is easy to fall into the gradient explosion. Therefore, combining the great local feature information
extraction of CNN and the memory of RNN to long-distance dependent information, we construct a CNN-BIGRU hybrid model to
extract local feature and long—distance feature of text. A two—way GRU model is used in RNN model to avoid the gradient explosion and
gradient disappearance of the RNN model. The experiment on Tan Songbo’ hotel reviews data set shows that the classification accuracy
of the proposed model is the highest by 26. 3% compared with the CNN alone, and the highest by 7. 9% compared with RNN alone, so as
to improve the accuracy of the affection of Chinese text classification and reduce the computational overhead.

Key words: convolutional neural network ;recurrent neural network ; text analysis ;sentiment classification

Vol.30 No.2
2020

0 51 &

TE [ BRI b B AT, A7 AT — B — A LR
P IBIRZE T 1), P 25 LI P90 1 2 e | e (O Rl D
WIS TG b, Bk £ de 2435 F P %) 7
St AN T L B G % F 33 2 P S A 1 SR R e £ )
SIBFST , BT LA B B 4 3 T A 11 7= 5 R 45 1

5 B HA:2019-02-28 &o 5 #3:2019-06-28

VR B G X SCAR B IR ) S A 20
28 90 AEARIF LR B T HLER F I ik, L Gplee
2R BT NI IR B e T R Rk
BT W SORME B, fEX — 20 il A% 58 05 1k
JETRASBIR (BOW ) 12K A A 1) 4 3 = 510 5 4 1)
A5 one—hot [m] 5, 33X 7 A TE 1 — > R A5k

™) 4% H AR B [ :2019-11-07

E4WmE . EEHRFBIEEES (71301100) ; FHETHERMIHE (14YZ140)
YEE R AR (1995-) , 93 W-HHE5E AR BIFSE O 10k SR 75 A B MLAR4 ) s Tl g 5, Wt Wi 380dse , S, AR5 O 1) ARG 4 M4 4K

PAZIFPLAS >

[ £& i AR ik « http . //kns. cnki. net/kems/detail/61. 1450. TP.20191107.0912. 042. html



552 1]

SRS BT CNN-BIGRU 14 H 3 SCAR T 8443 e s 78 - 167 -

SRR BN SOA 1)t ELAT S 4R R SRR B AR R AL
BT — SB[ YE )53k, W TF-IDF SVD BRI %% 55
STl E AR R B SCE R, BT
LDA iil## A ( word embedding)"* ' 254 Y | i ) % A
AR D) TR R 2 2 ) SRl A 3] [ SR 5 U —
ANEEMIERCR . TR T il B AR RS, W%
P SRR X SUAR I B ME A T 40 28 . 2 LI BILAS
5 2] Dy AR RR S 5 HIAE SCAS 73 2K 22 vh | A0 S AF 1)
ML BEALARAR AN ZR DL AR SR

VAR, B Tin] ] & S5 R AR 7 ) D7 R LR AR 0
T, REE 22 27 H AR R & Sl i & Jr e Sy s, IR
JE2E A AR A] DL A 3 K H 2 BURRAE, 4 Bengio
LR R B 2 > SRR 0 1 2 M SR AR g 4 o
TRZ A 22 0 28 0 T AE KRR e SCIE B 2% ) 58 i
T i 44 AR BN A i o3 i 5 24 B SR1E S AL FEAY
{55 , CNN ( convolutional netural network , 5 FH i 25 [
#%) 5 RNN (recurrent neural network , 1§ 5 f# 22 % £ )
WAEIE B B AT 55 LA RS 7 SR 1
JRAY 247 T, Yuan S™°7 Vieira J P A®?  Zhao Y!7' .,
Zhang Y'*' Vo Q H""' %57 FAE B it 25 9 % 55 45 L pf
25 W 2 SRR T SCAS AT 1B I 4 28 3R AR T ARG Y
AR (HR: T RININ AR AR (0 45 8 AR R [ T, [A] ot T
RNN #7 (1) LSTM 5 GRU #EA R H i He % FH 45
RYUOTT R SR T 3 F CNN-BIGRU (91 3C
SCAAE BT 2SR AY | Y CNN AR R IR T SR B 4
fIE,ff F RNN A2 i 4] GRU 458 78U 48 B i) 9
T CK B AR R R, Bl H Keras F U5 2 1 9 Merge
P BARI RS TR I 09I 5 PRI TE R R
THTIRUETE BT LB I UE , SEIRAE KR IR LA
4iff) RNN 5 CNN BRI fEfER R S F 1 80A B 3%

.

1 EafiFnil
1.1 REERE

Fc 5L 1) 1) 1] J AR 55 R one —hot TR 4SAR I W BT
B ] — A1 3 D — AN ] 2R KR — A~ 1)
X ia] ] 55 25 3 AR BE UCME , I ELAS BRAR 4f i K 7w
T Y R SCORER I AT TR A IRAT 1At 5]
T de A A A (E 2 04T 8 A R R A B S L T A 3
JUAE BT — P o3 A 27 1] ] 2 A A AR | AR VAR
A AR T T R %) ) £ o R, B i A RO R
) word2vec ] ] 15t A5 A8 L J8 T ax A o A AL, 7
SCH TR A A A A e A T 0 A X SR ] ] 1 Y
Tk

TR IO TR BT Y 5 iR] i H B B
JPHET G W R S5 T — 1> one—hot i8] [n] 7, 4R

JE i ] skip—gram B A= B — N JHEFE M, skip - gram
BRI —A>— 3 22 (1% 1) ] 2 AE SRR FER T v
S BERLBI IR AR M SR J5 {25 I 28 Sfe 1| R 4 5
M | FR%5 R BEIT TR X 7 ) one—hot 2t | 3 i3 a Fh 1%
AT DA B [ R B 1 1) ), AR A LI 1,

INPUT PROJECTION OUTPUT
> w(t-2)
»> W(t-1)
W(t) > —
> W(t+1)
> W(t+2)

B 1 skip—gram &

1.2 CNN ##

CNN AL ] 1oy 7 A5 A B4, 5 R 28
o 245 A5 A 15— R 28 I 25 B RUAR AR, B B A (B
02 i L 2E 8, T AR B 1 R AR AR, R
S AR R R T SR A

CNN [ 24 F4 i A2 2 JiE ST 3R 14 1) ] 4 | D
Sy JE A AR R AR FAET SRR A M
ANTa) DA~ 3] ] 6 R R B AT ECh MOAT A TR 1Y A
R EIE N2 R — A Mo« N B, CNN
I £ g Bl )2 AR AT S U2 AL AL 2 B AHZ & CNN
P25 (A% 0 2 3B AN R R/ IS A5 R, T LK SCAR AR
WH AT BT 15 208 2 DR GRS, k)2
AR S B IZ A B, 3222 1 08 X RPAIE 1 R/
FTIE4s, LA A6 9 28 0 TH 3 TR . Ak 2 A1 A 4
average pooling Fl max pooling , b1k /2 i & 2 i A &
FRUR B FRRIE BRI v ) e AL, DX AN A 32 Bk, mT LA
fift ) AN — [ [a] 8, CNN 9 i 2 — % 42
& — softmax J2, i 1 328 A HE 48 DL K die 28 1) 73 26
P O
1.3 X& GRU #&3Y

RNN 7% 5 CNN 5 HUAR [7] | 32 228 Sy g A
JZ B A 2T RNN BRI B — T [
A A1) [ AR R T ST Uk S — N T
)RR | DR 20 ) AR K 72 B B s vh 58 ., | T
RNN A3 5 5 770 2 A0 BE AR X 09 (R8T, pR S I ATT A= 1
R VFEF RNN A A ) X ) LSTM AR, GRU 5% % J2
LSTM BEAY [ — A2 4K B8 LSTM A8 vh 1 B ]
U ATTE BT — AR — BT, 0 HR R G T 48



- 168 - HEMBARS R R

%30 &

JHLR 25 1 BRORICIR A5 A B — 36 LAty 1) w5 B, e 2 i 1S 1
BEAIEL AR IERY LSTM AR f] | I H SR AR —
B, (FJE GRU BRI LR iy th 22D — A FE G it fff
F GRU BEAUR] DL EARAS AR 75 i o — 26 PRt s el
F GRU #%1, GRU #7 AJ L2 ] K i fe 117
CEEAWHAT], = NZEH], — Db, &
GRU FAI i 80 (RS Al i 3Rk —A
FOTIRASASH 2 U AR AT DAAR 3 7 5 A5 BAY
AR S X RIS 5 AL B X T4 - SO B AR K
B, (HRARER JCIE LSTM if & GRU H5 AR 2 L)
I ) I Ak B SF [0 1 41) , 336 AR 1) 7 gl 2 22 W6 i T SC I
HE I SCH SR T WL GRU AR, XL GRU #58
R GRU SR 9758 T —J2 GRU B i
1 L2 AR B 1) i A BEESCHE A AR A U B
BN SCAE B 3R] DA e 3R BUST A SCAR 15 8., BLIm]
GRU BLRIZEFY I 2

Y(-1) Y(r) Ye+D)

X@+1)

X(t-1) X@)
B2 & GRU A

2 CHiRE

i CNN BB SR fiff R SCAR G325 [P 8, R M —
PRI b ] DAt o 2 i ¢ M [ R LA B v SCSCAR RS —
4 I 51, {FE: CNIN AR AR BB 4R BUR SRR AIE . 81 4, 7
X G R S FELER E ERAK LA 2 (H R AR GE
B SR — G v [ KNS R AR T iR H e
PRIUE RS — I 2 TC VRN T - R T X PR
A R AR 0 VA SR I O, g J2 1, CNN AR 78 G
A ) A B S O ] B O HL CNIN AR 7R 75 22
5 BB O KN, 6 T BB S E0R Tt
BRI, T RINN AL DU wf AR G i fige e of e 31 A
R B[R] R0, DR ahs S P4 s — 0BT i) SCAR 43 AR 7Y
CNN-BIGRU ( CNN - bidirectional -RNN) , i Ffj CNN
B Ry B 0 AR | D 55 204 U] 7 0 R AR A
S5 0L GRU B D) 78 434 BUR) 5 19 1 B 25 40 0 4
fiE, BB LI 3,

e

e
I 1E
A1)
N2 BRI i

B3 CNN-BIGRU #£#!

(1) XISt f T Ab 3, KBk —2e JE A, IF
HAEF python FEH ) jieba 53] 22 X} Hr SCSCAS #EAT 43
] Fi A skip—gram FP Il 245 1A ] 5

(2) g T AR K 2 RT3 B9 CNN
BRI 2 A5 3 AN EE N SCARE B, idh
2-gram 5 3—gram , ¥ $UAL H 5 09 4] 5 B4 i A CNN
W28 i A SCH TS A CNIN 9 45 1) B ) 22 A 4%
BRUZANAL)Z  BFUZ HAUZ X AR IR T 5
B HOE PRECH relu PR, 15 28 5 A0 45 RS
Je BB A AR AR E S 4 R A DA
AR —R A,

(3) [FIAF L& 17— AU GRU A58 DL 4 B SC
AR B H i B, 5 CNN B[], K 74k #E )5
A5 3] 1y i) [ £ 4 O 2 RO i A XU I] GRU A58 g AL
2 AR REAN TR A R 1) R xR D 2 TTRAAR E
IR E (o K sigmoid BREOUNT

r,=0(W,+Lh,_,x]) (1)
B TTE AR

z,=a (W, [h,_ ,x]) (2)
GRU HooRAHEH A= F .
f’z:=tanh(Wm-[r,*h,_],x,]) (3)
hy=(1-z)%h,_ +z%h (4)
L RToL i N =/ v L I

y,=o(W, h) (5)

GRU M2 AT 1 T BPTT &3 B A )20
%7 {xl 3 Xyttt ,x"} ,5%3@%5’]%&13}7 381 38y, """ ,Smé s
BPTT 57k 22 IOk (9 W 45 3r & T, A iy 1 B
(i) )7 371) (1) 52 M X6} B S — A 4 AR 0 e, o) I 1) g — )22

AR IIE T

t,=W,x, + W,h,_, +0, (6)
h, =e(t;) (7)
s, = Wyhhi + by (8)
v, = g(s,) (9)



SRS BT CNN-BIGRU 14 H 3 SCAR T 8443 e s 78 - 169 -

552 1
tanhxzzx ;Z_x (10)
g(x) = softmax(x,) = c (11)

S
S Mg ARl 02 , GRU B4 2K iR ECH 58
SUR R
(4) 813 Keras i) Merge J2 5 A [F] & B 1) CNN
B 5301w GRU BERS R & o — R I B4 A 42 3%
FZ UL Je—A> sigmoid J2, 5 5 L IUE R A G BT

/|

3 SEHIIEE
3.1 SLIGEE
SRS o LA P G VP8 TR TR AL
A1

B 10 000 i, 42 Ef 2 SRR I E A Sl R4 ik
RS F 4, 43 ) & (1) ChnSentiCorp — Htl —ba -
2000 ; P iER}L, 1E 712845 1 000 & ; (2) ChnSentiCorp—
Htl- ba — 4000 ; - i #}, 1E 51 25 & 2 000 ;5 (3)
ChnSentiCorp—Htl-ba-6000 ~F- 15 &}, 1F 1 2645 3 000
% 5 (4) ChnSentiCorp—Htl—u nba—10000 ; 3 V115 K} |
ER K7 000 G, & H P8 — A R &
ChnSentiCorp— Htl-ba—6000 , 115 #H1 % 3 000 jis B
B[] RS 3000 Ji T ARART 7] 5k, SCrP R T A
UETE B TRRR T A 10 63, Horb 9 i S I ERAE 1 43 S il
KA UL YIZREE R 5 400 F , K4E R 600 45, At
FEBIILER 1,

F AR

%' I

THITFE

FERIZERRRIR B |, P A1 AR JE w] $k 1, s 2 B 45 J0E T
1 s, RURBIR N WG TSR . R R

psy:L)

SEAFRAT B BRI  PEA LOAR 24 5 1] K 3k
2 BEPFQUARRS , IS5 SRS, A B AR AR, B Rk

JTEARIE , Bty 8

SR PR VLB AR, — Z 0 R G A1, BT R T
3 BT IRCAF (9 25 40 7, W — A SR 2 s ) 4 B R R

4f , BREEFTRRORS 7 5 WD I FAF 4 IS B0 R

Bl FL e T LR Ve T, 5 1
PN
O, B A0 22 | TS5 i T2 6 v 738 B
2 RREIFNORCE B T A 3R A
e 5, R ST
PG Ao T L, T 2 2 14 4 1 A 0
T R R TS A T R L B UR A, R TH B
RFd KA T R AR k%%, 41
A 15 SO

BRI 55

3.2 LIgiE

SCH A Keras TR 272 #5211, L Tensorflow
YRR G 6 HESRL, 5206 48 4 R 6 AR — (R AL, Ab 3 4% R
Inter Core( TM) i5-4590S CPU @ 3.00 GHz, %35 N
74 4.00 GB,
3.2.1 R

T SR SCAR A TR T U, i A 1) B o — 2
15 A L R T S 1m) 25 5%, AR Fa X Bt i A7 43 10) I AR
I L P 4 R — S B e — AR T A PF e, DA T
it FH AT i vk B 25 4 5 50 10k 4 1 B50HiE 43 A A
SR G XF BT A TRk g ] 1 L - R 5 M, R 5 6 e
A skip—gram ] [a] g I ZR AL RY , SCrp e BUR] 7 KBS Ry
200 M), AR 200 AT B 25, R R E
AR A3 R AT A O #4E
3.2.2 BEER

CNN b R B RRAZ o e H] 2 4~ 3 ALK&
2453 A4 E =R K RNN S L] GRU #EAL 22
Ja i Merge |25 PR RS 38 I Dense )=, 7
RN Sigmoid JEXF SCARIEA 432

G2 M2 SRR B NFR 2 PR,
3.3 XRER

233 2, & Bl 2 —gram CNN-RNN 3 —gram

CNN-RNN 5 2-3-gramCNN-RNN [ 3% 4818 Bk
20 %2.10 %25 6 Feit  BIRIED O] A B Rk
%2 ABNZMBAEAKEE

S8 ZH1E
A IN (3,200) ,(4,200),(5,200)
[ia] B 4 i 200
Dropout [t 5] 0.5
AT Mini-batch

RN 45 RXF L W 3,
A3 BRER LI R T

Ay &R K/ % FH
GRU 50 75.3 0.776
LSTM
2—gram CNN 50 57.1 0.592
3-gram CNN 50 55.4 0.548
2-gram CNN-BIGRU 20 81.7 0.829
2—gram CNN-BILSTM
3-gram CNN-BIGRU 10 80.6 0.834
3—gram CNN-BILSTM
2-3-gram CNN-BIGRU 10 83.2 0.834

2-3-gram CNN-BILSTM

& 2-gram & & & AN JE, L AAERE]



- 170 - HEMBARS R R

%30 &

Wi 3 nf U

(1) #H L RNN BRI SR H] CNN-BIGRU #5254 1y
15 B BT R AE 2-3—gram F4ETH T 7.9% ,F {HiR
F+7T0.058, 7 2—gram 53 —gram FHEFRS MRS T
6.4%55.3% , F A6 & T 0.053 5 0.058, 4%
M H R R L] GRU A5 A S 1 SCRFAF 14 4 i fif 45
AN SCA I I 1] 1) 2 HUEE fin 56 43, T CNIN A AU A
SRyt B AR (R ATHASE TR Xof J) S AR 1) DG VR A SR 8 72 4
PRI SR ABE AR ) 175 L i A T 58 5

(2) M HE B CNN B RS S0 b 455 A8 A LE A 2 -
gramCNN, #fE B 58 43 5l $2 & T 24. 6% .23. 5% 5
26.1% , FAE/ 425 T 0.237.0. 242 1 0.242 A5 1t
3 3-gramCNN, HEB R 73 2 55 T 26.3% \25.2% F
27.8% , FAH» #2757 0.281/0.286 F10.286, ZrHr
PR R — T 1T SC R AR R SO (SO K
HBAZARA, M CNN #5821 5T 22 b 2% 5C 7 Ry SRR AIE , 31X
FERLH15 CNN FERL G R IR 22 |, 1 SC TP AL A J=) 3
fEPRHLRE 1 5 K BB B SCA RO {5 B HEe 71 B A
P 45 BT LG Bt R SR ) CNN BERY

4 HERIE

SCAS JRRAG 1] (4 ) 02 B SRTE U AN A LA
FTH—AJ7 1), SCH R T —Fh 25 4 448 CNN RNN
FERIfY) CNN-BIGRU #£#  Z AR RN HEE T CNN
BEHY ) Jey R R S AR 7, 0K X RNN AL {5 2
CACRE TR G E R o B Sl Ak X TR Ak B ) W] LA
F0 533 SCAA B R P 1) s LR R T ek S Y
RNN-BI-CNN #2781 75 3] [ 425 55 B i A %) 38l 1 5
X548 RNN ,CNN 55 SC RS T X L S, S5
S5 I | SC AR R 7 I SR AT ) B IR 55 v A T
PIHER RS F{H.

SCH BT AAE T 2 R PRI GO0 19 /) 15 8% 43 A
T AR GRU BERIFE B T 1R U R, K
e T HLES = 2] SEAE GG Ty 1 DA K TR0 fy 19 1oy
FEIT AT N T M8, 5 R CNN SRR Sy il Bl
BEAY 3hE G T ORI GRU AR 3 i 0GB B8 R 1T 22
PRI BB AR (A e ot R IR B 2 2] A HE R e T AT
PR AT o3 2 1 B0 Ty vk, JF HLAE L Buai 46
WS T RAFIRI, W5 H RO NIRRT T
YIS AT LR IRl SCAS Y 224 TR R) R D R SCAR Y
5 RS 2 n] AR A — S A9 R B

SEHk:

(1] MRHERS A= . 3L T3 S5 DA TR B8 10 ol TR kT P i 4%
[J]. 53R PS5 521, 2018 ,41(3) ;142-148.

[2] MAAS A L,DALY R E,PHAM P T,et al. Learning word

[4]

[6]

[7]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

vectors for sentiment analysis[ C ]//Meeting of the associa-
tion for computational linguistics ; human language technolo-
gies. Portland, Oregon: Association for Computational Lin-
guistics, 2011 :142-150.

JIANG F,LIU Y Q,LUAN H B, et al. Microblog sentiment
analysis with emoticon space model[ J]. Journal of Computer
Science and Technology,2015,30(5) :1120-1129.

BENGIO Y,DUCHARME R, VINCENT P, et al. A neural
probabilistic language model [ M ]//Innovations in machine
learning. Berlin: Springer,2006:137-186.

YUAN S, WU X, XIANG Y. Incorporating pre —training in
long short—term memory networks for tweets classification
[ C]//2016 IEEE 16th international conference on data min-
ing. Barcelona:IEEE 2017 :1329-1334.

VIEIRA J P A,MOURA R S. An analysis of convolutional
neural networks for sentence classification|[ C]//2017 XLIII
Latin American computer conference ( CLEI). Cordoba:
IEEE,2017:1-5.

ZHAO Y,QIN B,LIU T. Encoding syntactic representations
with a neural network for sentiment collocation extraction
[J]. Science China: Information Sciences,2017,60 (11):
110101.

ZHANG Y,ER M J, VENKATESAN R, et al. Sentiment
classification using comprehensive attention recurrent models
[ C]//International joint conference on neural networks.
Vancouver,BC;IEEE,2016:1562-1569.

VO Q H,NGUYEN H T,LE B, et al. Multi—channel LSTM
—~CNN model for Vietnamese sentiment analysis|[ C]//2017
9th international conference on knowledge and systems engi-
neering (KSE). Hue . IEEE,2017 :24-29.

SRANIT, AR, S f:, 5. fil 5 CNN il LDA f 58 3CA
SRHEBEFELT]. AR 2018,21(6) :17-20.

% WL, BRI 454 RNN L CNN JZ AR 26 14 v S0
AMERIIE[T]. RO AR HARFI AR, 2018 ,54(3)
459-465.

TS sl A, s . B T BRI 2% R T i ) A
B SCACE RSP HT [T ] . A EALM TS 2018 ,35(5) 11434
1436.

T %, H RIS F 00 LSTM AR i) SCAR 5 843 24
(I BN TR 531 ,2018,39(7) 12064 -2068.

EE MR, BE TR A4 5 ZRHERL A 1Y Twit-
ter TP TT [ T]. THENL TR ,2018,44(2) :210-219.

XL, TR, XL TR B Sh it s i b SCHT
XAGITTIERFELT ] A BT A 2016 (6) 12—
19.

B W FETIREL S ST B SCORITIR 7= i R AE £
TR AR A 5T [ 7] TS 1 92,2018 ,41(2) 143 -
148.

B 9, A X SUED. BT AdaBoost—Bayes 5. i il
SOCRRAGT]. W 724 5315, 2016,33(6) :63 -
67.



