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Abstract

Aspect-based sentiment analysis aims to identify the emotional polarity of specific aspects of text,
and currently, most studies apply syntactically dependent trees and graph convolutional neural
networks to aspect-level sentiment analysis with good results. However, when a review text con-
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tains multiple aspects, most methods model each aspect individually, ignoring the emotional con-
nection between aspect words. To solve this problem, a Bi-channel interactive graph convolution-
al network (BC-GCN) model for aspect-based sentiment analysis is proposed. The model considers
both the syntactic structure information of sentences and the emotional dependence of multiple
aspects, and uses the graph convolutional network to learn its node information representation.
In particular, in order to better capture the representation of aspect words and opinion words, we
use the interactive attention mechanism to learn the syntactic information features and multifa-
ceted emotional dependency features generated by graph convolutional networks. Experimental
results on multiple sets of public datasets show that the proposed improved method can signifi-
cantly improve the performance of the model.
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1. 5|

15173 #r(Sentiment Analysis), MR & WAZHE . W AF2488, & B85 5 43 (natural language processing,
NLP) S (1) — T AT S5 [1], B EFZIR PR SCAR R BB S B o ARSI A ATt 72 32 B P E XS ST
PHECA) TGO EEAT T, R H RS SORY B R B AT A . AR, X PR A PR AT AT
R, — VPR SURIE T SAFEZ A7 T B AN 77 TS AR T RE e A I, SCRY B R 1% A i
T EM R PR P S AT IE G B Bk, 7RI, 045 e 0077 TH HEAT 4ERE 1% K
SNTCE RN EERIFETL B bR, BERE AR AL P AN 5 THI A B M A B B T, IR R AR T T R 17 K
I3 M55 (Aspect-based Sentiment Analysis, ABSA).

77 THI 175 18 A AT B TR ) 3 SCAS FR Rl 58 T T RS IR 1 [2], 1 “Thhe price is reasonable although the
service is poor” Vg ELHE “price” A1 “service” WIANANIEI T, FLAEAN 5 DGR 1A 2
“reasonable” 1 “poor” . fEIZZEFEAN, YELHEXT “price” JFHITTEN RN, EEX “service”
D3 THI BT PPAN B2 VR0, PRAS 75 THD PR S ek A SR AH

THEA MR A5 2, MEEFEME, WH R E LS W SR T, BB TR RS
AT P 0 5 G R P A AR DG A S, 3R SR S A A SRR, WS B 2R (3], HULER, JH o
A AYENAD EIIHE, S5 HAtl S8 5 7= SRRy, TR SR Sk sk, ST B CRIIAIRS . I
FER IR UL, I AATITE A 2 BB T T R R MW s AT S T, A B T BURR T i T A
RIIE RSB, By b — SRS A R, A e SRECR R, AN R Lo NRIRSS . AL, IR
IR T T4t s, OFRE Sk S S T AT

2. FXTIE
2.1, AERERS

3 THT AR T AT A 55 1) O R R A T ) 5 AR SU AR < 18] AR IER 2R B AR TR 20 156 JR o BT
JHERAT LAY A SR AR SR (7 i S TR gebLas = 2 A IR 22 ST 7% AT

][l
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A7 SR ORI DL R 2 AL g ST TR PR REAEAR KRR B2 fRT- N CARERAE R B E, JE H C&IA3] 1
IR Bt o IR, BRIBRZ IR 2 2] 7 et F TR RIS B AT 55, s AR 22944 (convolutional
neural network, CNN) [4]. f&E3F #1225 2% (recurrent neural network, RNN) [5]. Yoon %5 A [6]1 F Rt 25 %4
ZERAF PSRN RIS . Chen 28 N [T GRS 9 45 AT DL ST o M FE 2 16 R STRFAiE. B4,
KHLIICIZ M 2% (long short-term memory, LSTM) i T A RACHHR- YU A DR 52V AR 2 AR AE
I @R R BE A Tz N T T TS B4 At . Tang &8 A [8]4R HH T — i H AR AH G K AL 12 (TD-LSTM)
TR AZ T AN LSTM SREBTT [ B A= AA ) B 3C, FF BPHERAS LTSM B 2 Bk ES
FETT TG ATI 3 RR-E . 2 )5, R INUHIE B IME S AR 172 K7 . Bahdanau 55
NI UHSE R BRI T NLP 458 . Wang 55 A\ [10]42t | — Mk TER i) ATAE-LSTM BiRY, %
THEE TR LSTM,  SERRSE LR, BAA M A 20T LSTM. Ma %5 A[11]5RH
TWMNER I, DA BT BRSO TR R, 3R mlAE RO R B R SCHERAE, PR
w1 7 A AR 55 FAERA T o O SINTE NI R 20 I 28 RS W DA A5t 2 v 7 T 17 S 40T 11
YRR, ARG TTTH 2 AN R, T R D B T e A R OGS T TG R R SR
IEEESR, PEARZE M 2% (graphneural network, GNN) [12] i T H AL 5 51 B AN s i) ml ek, w72
T2 )T aEEE S B . Zhang 55 A [13] 8 YAl FH B A #R 22 [ 2% (graph convolutional network, GCN)
RAREAPEAIGI o R SO 7 T A A REARIE B, FFRLE AR SR W REAE T 77 TH 21 B A
% b Wang 55 A\ [14138 i R A7 73 B SCA R SCRFAE, DLESK k& 77 T 3] A #8487+ . Zhang 55 A [15]
fe b4 el i AR, RS 4 R i B S R Rk EER A RN RN F R &R . RE EIROTEE
LS T ERIUR, AR 2 H07 R ST M AR AN T T, X A4S ) - 2 AN T T RREEE R A5 Bk
HFE2R 7R . #Hlan,  “The food is delicious and the price is reasonable, although the service is poor”
—ANJ5 I “food” (RIS B AR . MGETR] “and” , AT LUR 25 5 F03E 55 ANy T “price” A1 “food”
BAMFEIIME. B, MIEE: “although” , W BAHERT H 5 fa — AN 77 T S Al R v i) [RIES,
EROB S FE LR R EEE . AR, H AR 2 8T PR 42 0 25 (1) 15 A 2 [l 98 0 V5 AR
PG, A B [F) IS 28 8 AV MR R 22 7 TS OB . BRI, 9 T ORI R A 2, 3R T
—FhRUEE A BB G TRRENGE, %G AT AR R 22 7 T R AR

2.2. AIFEAGHIN

FRATVE FH B E AR AV 40 A g R AL ) 1 () B VRO . LA “The price is reasonable although the service is
poor” A, HANEMAIM WA 1 R, MEIRRTCUEH, KGR RJ7THAE, J7TH A “price” il
W APEMKIR ¢ & “nsubj” B B X B R 23R “resonable” U7 TRl “service” i i ) 4K A OG &

“nsubj” KRIKEIM AUiE] “poor” o A AR, AR T ANAHCGBZERY, 1. “det” . “nsubj” A
“cop” . WAk, AT RITIERRM] T REIAMERA SR, W “DT” . “NN” . “VBZ” & N TRy
FIRAREGA I ANEE S, 8 BRI 28 SR G )2 s LA 3R 5 TR AN B SCp Ak st .

conj

cc
nsubj nsubj

cop
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et v i
The price . although the service

DT NN VBZ ] CcCc DT NN VBZ 1

Figure 1. Syntactic dependency treestructure
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2.3. EIBRMEMLE
BB 45 GCN JEEIMZ R 2% GNN A1, JLRIBOk B A GG B2 M2 CNN RN,

VAT R A AR AU RS B IS M E R DA i AR 2 M AL s 1 R BRFAE . )2 GCN
BN 2 fizs. 2 B n AN Rk, T AR B EAERE Ae R™ . T 78, FATH
| 2 GCN HT—45 5 i MARHEFERE AN, 1e[1,2,-+,L] . Bk, 7ET MR RIS ES R HeE
R HR T

W =o(X),ANW! +b') L
Horpr W R R, b RMEN, o ZWIER (A ReLU).

k. hy, h, h, h. h,

i

/

D
L

hll };11’ h“ hll h11 hll
Figure 2. An example of a single-layer GCN
E 2. BREERMWLE

1

B R )8, AR SCEEH T — b A T 5 T AR I A R 0L 3 22 L ] AR X 4% (Bi-channel interac-
tive graph convolutional network, BC-GCN)R 7Y A< S ) = E 5Tk -

1) P T —FEr 85 T G IR Ay 2076, R AR I 22 5 TH 17 [ P SR B G A T AU A
| Z [A) [ IE o

2) $RH T M EHIHA GCN A RIHT AL, DA RO g S A MR A0 2 5 TG . AR, X
FiE B ER ISR 2% 2], DR s F AN [F) 7 T 5 R SCRE JORBE 1 BE

3) fE=HE4E ikl BC-GCN, Bf restaurantl4. laptopl4 Al twitter. SZIGZE BEH, H5MAEAR
TG, i Y B TR M R

3. =8

BB SCASH n AR, SRR LRI A S :{wl,wz,- Wo,w ) R w R S EE T e
=, ZOURFTELE I B AR T AR R RN A = (W, Waargs s Wang_1s Wag | » Start Al end 35l 7R SCAS S 15
[ 73 A AR RIS R 5], ot H b5 7 0 T DAl — ANl 2 A Bia i ek 77 s B i T
25 It ) VTR SCAS A ) 5 TH 3 51 () A7 Al ko 1 Bl P = {Positive, Negative, Neutral}, ' Positive.
Negative A1 Neutral 73 HIZ87~ “FUML” o “YH%” A1 “AdE” BO5 RO ME. Frig Hi i BC-GCN #ERY ) 4
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Figure 3. The overall framework of the proposed BC-GCN model
3. BC-GCN #RBUfY BUARHESR
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3.2. wEBE

BN Z i AR [ A BER R AR B AR 1R 8 e BRI, 5 R g 65 0 B ST R
e AR GRU Zifith_E R SCHE SRR RS2 4 i A 3A] [ A 9 XU GRU 4= FIHIA
B2 ) B iR — MRS BIET IR GRU M 8] GRU [l S AH M B, I8 AN TE 20N 25 B A8 5,
MRS T 7 A ) R S0fE BRIEE I+ . GRU s oegst & 4 fios, BAHE AR TF:

7z, =0, (W,x +U,h_ +b,) 2
I, =0, (W, x +U h_ +b) (3)
h = tanh (W, % +U, (1, ®h,_,)) (4)
h=(1-z)®h_ +z,®h (5)

ooh, g Bl AP RIEER t BRI TR E T, T T AT A S B TR AR
B, EHE LT WAL AR S T S R, B, KT, x AT — AN % e
St FEN NS B 1] 2, A BT (RN, B sigmod W B A HG A B T BARE). JOR, H4,
Tl AT R RATTE, W B S x M, M tanh 0 R KO 4 e A5 024 AT 20 1
BAROIRZS R - U5, 454 AT IR T 5 1] 2,00 b I R Bt 25 h_ 02 BN 20 e HAR 25 M i
B, HHEARE) R R RAROR A -

h (C

&

X

Figure 4. Unit structure of GRU
[ 4. GRU Ky L2510

RS RIFH SCAR T 52 DL AR S B, ARSCR AR GRU HERgmiD B R CE BB, B
Bi-GRU. H: h #/RIE[ GRU FHEBEI IEAPRA(E S, h AR GRU MI%iH, h H1h Flh Hi
M, AT

h =R, ] (6)
i3d Bi-GRU X4 PP SCAS S IR A [ B HEAT bR S0t ), SEHX A BERCIR 2 e A R
H® ={h s, he}
33 (IERER
i EASCHL 2R 5 T ) AT S R] 2 R PR B R A B — AR SR, BRI DR BB AR . A
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XoF BB 5 T Al S R SCRAE R 7 AR AR R . 38, A O TR S S IR R AT 5 1207 THIA] )
P BARF T . BomAE N[16]45 1,  SERGI Ty T 4 IRl 7 T AR R R S R BRI, AT LUK 75 i A 5
‘) rp % LR [ (ARG B A — R S B SN T MR . A R AL TS A S T

A+l 1<i<a+l
n
p; =40 a+l<i<a+m )
p-1zamm a+m<i<n

Horb, a NOTEERBITAEALE, | N RIRESOR P E, m ORI, 0 NSO K.
B R AT AR A 2, SO RN IR R B B A T A T
d

=1 8
G =1-g5— ®)

Foob, d, bR SCR S B AR 2 IR, d,,, i S e R A
S B B R T VB B BT B (B B R AR t = (. 8) «

-+ 0.
(=t ©)

B BAUE t 53R SCAR) Bi-GRU BUECIR ST, S H 5 A T HIBREUIR A H! ={hl‘,h;,..-,h;} g
H T HERE VS RAMEER, HEARIT:
F(h')=th (10)
HrF (hf) RF|ALE BRI R, t RoRIE B AR,
3.4.BC-GCN B
N T R T AR B 5 T B EE B, AR T XUEIE BN )E . 1Z)2EH
PEANREER AL A — AN T A0 (1 TR A R N 28 T — A3 T 22 5 THI AR Bt 1) P B AR N 4% o i — M e FH T 3R
ANEARIEH P EE AEEER, B MRS SRSRASA) 7 10 2 07 TH S BUKE B .
3.4.1. AEEERER
AT BT CANEEI G, (VL E), HA SV R SR R EUIR A, 14 E R B Z A Ak
k. LA, A HTHEAR AVE 2 W ds R SR T OB . v, A v, 2 18] B E SO
1 if & € E
A =11 ifi=]j (11)
0 otherwise
Horp A FORMEERE, i, je[Ln], e e E RN HKIT N Ao
SRIG R BRI PR B AR S B, W AR RS .

h?" = RELU(X}, AVhj W' +1') (12)

-1 1

Horpt AY = D2 AYD2 RIA— LR FRASEERERE, D & AY FBREERERE, hi R INBIaT— 2 A AL B (5 B
i F R, hYY R GON H—2ME | M SIRAZF R, W RID 4512 GCN &5 1 2 (Bl 46 B A0 1
RIS
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3.4.2. B EERESTER

BUA 70 K 2 ST M6 AE A 7 T HEAT BRBEARE, T AN T TR B B S R . A T R RIX
AN R, R T — AN 22 T TR PR 3R — ) U v 4% 7 T2 R AR RS R . W 3 TR, 2 I R
BT SR T T R e, H U RR T T 2 MK S R . S8 )a, TRAMEH BG4 kg i 2 T7
[ E R B R (G B8, FFHA SRR RN T

he® = RELU( Y, Ahiw! +b') (13)

ﬁ¢AmﬁﬁAmﬁ%E~wﬁﬁ%%ﬁ@,D%Am%ﬁﬁﬁ%,M4%%MQW~EWEEEEW
i FR, WU R GON B — 28 | M AIRAZFR, W RID 43 51E GCN 4 1 J2 A 546 b A0 1
B,

35. REXER

5 BT AN LN SCZ I AE BAS RO O pr AR B2, AR h, (A LR g sy 1o
BRSO 2 Ty T AR 2 [ A R AR, 23 ) AR T 1R TR ) TR ORISR S B RVA R B
ERSCAEBAT PG, IR TR IRIENE g o BEARRE LT

= () (14

a(hy, h™ ) =tanh (h -W -h™ +b) (15)

g + 1 g
exp(a(hjg,hﬁa))

> exp(a(hgl,hr))

Horb, o ROBRREL N RN EE, B BCRIRCE, W AT b 4 i A R R A L

TR IEIR, BATE S B 207 AREUR AL R B AT 8, R TR BT SCR R
TIRLE ¢ o BOEARERLE LT

b= (16)

s == (X 40
p(ho2.h? ) = tanh (h22 -W -h?T +b) (18)

exp(a(hgg,n”))

A el e ) "

SRJG, IR A T SO 2 7 A R SO OR
h,=>"4-h™ (20)
he=>" o-h (21)

BJa, KRR Z T IHRHE R & hy 5 _EFSCRHERE he §HE, SRS r=[h,;h ]
3.6. lERSEE

e fE B R R A R IE R R r BHA ) — D& R, b5l softmax bR BT I — 11 AT,
DRI AR o5k A3 18] po
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p = softmax (w,r +b, ) (22)

b, BUEFERE wy MBI by 52 AT YIZR .
HE TR PRI R P A8 SRS 453 5% R BT L TN AL, Hatk S A an

Loss =Yy, log(p,)+ 2], )
ot d, FORTERRR AR OBOR, R B SR, p FOR T AR, AR L EMLREL
4, LI

4.1. iR

N T HAE BC-GCN FALA Rdt, fE =R EikAT 7925, B SemEval-2014 11551
Restaurant F1 Laptop [17]LA % Dong 25 A SR Twitter 20545 [18]. Ba L HIAEANREAHR & FH 7 92 b i
AT o FIFHRA —NEREA T G BARES, A BAREE =28 Bk, TR . RN S

TR 1 pR:
Table 1. Datasets
=1 BiESE
5 iy i ahvA TH
Train Test Train Test Train Test
Restaurant14 2164 728 807 196 637 196
Laptop14 994 341 870 128 464 169
Twitter 1561 173 3127 346 1560 173

BAVE S VEAGFERR, ERE Ace FIZEFIME MF KPP BC-GCN BLELA Rtk Horp d, %oR
IR IS R, TP R IEW R IEREARS: TN RO IER 70 B I URE A %L FP RoRes iR 40 381
IEREARL: PN ZRER I RIFREARLL N RRHEAR LS. Ace Fl MR, TS A A T

dP
Acc=— 2.,4TR (24)
> (TR, + FR +FN;)
1 4, 2PR
MR =2 o (25)
'od, “"P+R
p=__1" (26)
TP +FN
R__TP -
~TP+FP
42. BYKE
BRSO E WL 2 FiR.
4.3, BLRER

N TR A R, ASCAESER P HAL T UAS 6 MHRFEMZ M 45 B, SR g Rank 3 fir.
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Table 2. Model parameters

=2 RESH

ZH 18
RN YL 300
R 0.001
GCN 2% 2
Batch size 32
Dropout % 0.5
L2 ik &% 0.00001

Table 3. Statistics of experimental results
= 3. LWEERG T

Rest14 Laptop14 Twitter

s
Acc MF1 Acc MF1 Acc MF1
ATAE-LSTM 78.56 67.00 68.85 63.88 74.42 62.79
IAN 79.26 70.09 72.05 67.38 72.5 70.81
RAM 80.23 70.80 74.49 71.35 69.36 67.30
AEN 80.98 72.14 7351 69.04 72.83 69.81
ASGCN 80.77 72.02 75.55 71.05 72.15 70.490
GL-GCN 82.11 73.46 76.91 72.76 76.26 71.26
BC-GCN (our) 83.21 75.18 78.57 74.09 76.84 7177

ATAE-LSTM [10]3%: 377 TH iR RFAE [a) A R SCRFIE R S E NN, SR J5 8 IR i 3= 0 1) LSTM 3k
35T AN R SO R R

IAN [8]f AN LTSM FI—ANER IHLEI R AE B2 2] 5 A bR SCERoR .

RAM [71 & TR ISR G BRALK ¥ S B 2 24 A 7R AE.

AEN [1O] FH 3 T3 5 77 110 4 i) 88 Sk S AS45 5 U7 THT 45 OO0 B b R SCZ TR R R o

ASGCN [13]5 A8 GCN SRIRBUEIEMI F T RUE S, R L 5B 4T

GL-GCN [20]18 F 1~ GCN 52 SRk 7 b i 4 Je AR i 28 A I, A8 T 14 ML 1 3 B b A
X PRI AE B

MEL S 3 Seh 4k AT LUK B, 1F restaurantl4. laptopl4. twitter %#fi4E I, 73 BC-GCN #iE it
NERRIL R MFL I T IR, XIEH 7 RATE AR bk . BAKTI &, BC-GCN ALK
Restaurant14 $3REAERFEIR S T 1.1%, MFLEIER T 1.72%. h4b, 7E Laptop %i#E4E I, BC-GCN
ALK RS PSR = T 1.66%, MFL{E# T 1.33%. 7E Twitter Z(4E4E b, #EHHE R MFL {574 0.58%7F1
0.51% ek . T Twitter Hd 42 T2 J2 L LA 5 Fob 504 BE VR AL, X {43 BC-GCN A5 2 Hh AR i 32
SRR I R AR . Bz, FRATIR A BC-GCON BB T Frfy 34k . seibst EW], ik
SERE EFN 2 07 T Bk 15 BRS¢ 2, BC-GCN 1 LUEIE WA GCN 4 &l 3R B 45 #(5
B, HEdEER EERMAEHMERIEE, DR GEE R L.
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4.4, HRAAAR

RT3t — BT BC-GCN #8Y (AEAN A S RE RS, e T JUANTE Bl seas . AN AR
RUT. BC-GCN/P R TH BEMNEE, BC-GCN/S & 7 ANEEBZBEN S, BC-GCN/M £ T 277
[ 5 RS R R M, S2B6 45 N 4 R

Table 4. Ablation study
4. HAASKEAR

. Rest14 Laptop14 Twitter
Y
ACC MF1 ACC MF1 ACC MF1
BC-GCN/P 82.86 74.49 77.53 73.78 75.42 70.79
BC-GCN/S 82.23 74.09 76.05 73.38 74.5 70.81
BC-GCN/M 80.23 73.80 76.49 72.35 64.36 69.30
BC-GCN 83.21 75.18 78.57 74.09 76.84 7177

RAEL 4 PR, MR BRAEREER, BC-GCN 7E =M 4e bk 7 i K T 0.35%.
1.04%M1 1.42%. IX3EH], )5~ R 77 R ROSCA e 2 R O AL BLAS B R AT 220G . LBk S Bl M & &
BONFIREFE fUORS W RE N B%, R 59027 Restaurant #dla 4k I, KEEEA MFL (H 2 835 T [ X R ¥ 14> GCN
BERTCVEPAT B A, UL TEAE 5 TR A R SC2 )24 2 2 (RS o R, B8 T
Het) BC-GCN SEHL 1 iR AEMERE

5. &g

ASCHE T —FhGEE RS B S % (BC-GCN)RLAY, T 5 TH e 5 0 Hr . i8R Glove
KA FRARIRN, BEAh, RIS 25 B8 ) (AR 45 M (5 BN 2 5 TG B A, T4~ GCN 433l %
SEATREE RN B, R I A T ST A)VE R 2 07 TG BRI E B, DR S IR )
o EN RS LSRG SRR, A FAEE B 5 R BAKUE SR8 B 2% 31 A] LA ot i
BRUAIPERE . FEARSRAI AR, BT Qi el 7 J7 T 2 1A) R B LA P A SR PR 540, TR T e (Ve
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