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Abstract

[Purpose/Significance] In recent years, a common method for aspect category sentiment classifi-
cation is to combine LSTM model with attention mechanism. Compared to that, the gated convolu-
tional neural network model not only has a simple structure, fewer parameters and shorter train-
ing time, but also achieves higher classification accuracy being able to extract aspect features and
emotion features. [Method/Process] Considering that the quality of aspect category is crucial for
aspect category sentiment classification, this paper coupled aspect category extraction and aspect
category sentiment classification, and put forward Gated Convolutional Neural Network with Self
Attention-based Aspect Embedding (GCAE_SelfAtt) model to relate the aspect category embed-
dings to corresponding context, and to achieve a higher accuracy. [Result/Conclusion] The expe-
riment on SemEval dataset shows that GCAE_SelfAtt model does help to extract more coherent as-
pect categories and achieve higher accuracy for sentiment classification.
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1. 51§

FEREE F 3 HLIPEN FPROE K, BB 2 ) NI I TR AE AL S & AL S 5 ok ik B SRR
SI5E, ZMAT B A, WA T R SO . M AR SR SO, FE I )
AL M P RO R, B S S S SEHANME . ARAE PP SO R IR, 5 B AT 55 W]
PG SR RGOy e AT RS IR AN EER G R B = o MRECT RO, 1 ) SR 2 1) 3R A
O RJE T R Z IRIE R AEST, 75 BRI I ) 7R 2 FE 3R b A% (A 156 JRfit e 12k

W SRR B R R SR HEAT R 23, B IR 28T 70 O B R T K JE (Aspect Term Sentiment
Classification, ATSC)HIE & J: 17185 Z (Aspect Category Sentiment Classification, ACSC)HiFfi[1]. LA%H]F
“REMIARAE, FRRE 77 A, SORPIBLY “HA” RERL, N SO AN
IZERUUEA LW A R “Ta” M om” IR ESAET BT M CERET XA EERR,
CANEET R ORI RPN B R CBREST il B IE R AR R . —ORYL, EER
AT DU I S B A EE R TUEAT SRR 2, IR R E IR “TE” . CHREET L AR
LHERMSPRIN “aW)” X —EEKK., ARTERIUGEEDRRZ, ERRHEEDP RIS ER
RA—E L MBEPFR A, IR EIZH ERENE R

R GEH SCANE I R T2 TR J5 AN T Ge v OLas 27 2 7 k(2] SRR H %
EETNCTE SUE R B 52 R T NI R SR gt f s &, JEEAAERIAR 199, m It
FROE AR Joi% A sh WEE H 3R BUA B SRR IE 8RR o TR 5 ST R A FL o R R IR 22 ST RE 0, KOk
b TRMERI SO S AR, TR 2 B TR AT S, BT T AR G I AL 2 SRR
[3] [4]. 140, Socher &5 A[S]H H ik A 22 X 25 AR, 75 TE G715 BT 1va) 1 70 AN IR 2 175 1R 7 2RA T 5%
EREAS TR Kim [6]4% 3CAR: 46 word2vec ] [A] B FF N CNN 8, BB 4Em 7 KA AL
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Wang %5 A\ [7]KF LSTM HE B SR AR B SCAR i 2 I AR OC &, SRBSCAE 41955 Minih 25 A [8447F
HEAINUES LSTM BRI 25 G, DR peize fE 25 1] ) 17 863 S R i) Rt

AL AR JE 2 SR R M S A R I T 735, DABE SR B B A R AT 55, SRR A A=)
BUHIR B EE R RRHE I TR BRI 8 8, e J5 AT B 3 AR UM B 3 2RI IR 4y R . HLikHh,
A ARG B R SIWE L NGRR3R F, BINEER PRI E RS, REBET LT
SCHRA G FIEE R IR STARAF R NN T 1 1 WL B 8 X 2 AR, S0 B2 2 AT 19 B 1 1)
TR, ZAEAYLE SemEval [¥) Restaurant £g#i4E b scia gt R, BEE VLRI SINGEE Bt =&
R IR 2 X 2 A5 R ) B RAR ISR, LA T B F SO 5 I B R RN SRR N 5
N THEBRAME 2% Be A e i BRI IR R B

2. HXI1E

FEZ AT T, ERRRBAITEEE N =F, pnlbR i T RE 2N FIIEEN, RTES
TR PR T 32 A3 T 10 B 2 ST ) AR R (9] — BOOR i,  BEZCSRARHN, 7T DAYRAFE AR Ste SR HEE 3 TR P
FERUUERM PN LR Jel B 2 i T AR ER AU bR E I8, 78 ZEECRGEUE 55 LR s
2o i, LDA ERBRAE AN TR ELH AT ZER TR L DL S BERIURSR IS UL T, LA ELE RIS B3,
T LDA (AR5 K B 33K BAR AR R MU R T R E , (BRI TR . B8R LM E
SRR B2 AL ILGE T 2N [10], Yan S8 A [L1]H2 H e A BRI IR0 E AR A . Wang 25 A\ [12]
SRS T2 IRPUR 2L ALY, R SR IR 7 P R 2 ESRAMN L Z O B 15 A v, ER AR K
BRI ARG A He 48 A[13145 AT DL #h 48 I 25 Y v B3] R AR GETH el LB 0 A, il i
TIBUBPR BRI To K AR A OTE A BRICE 2038 10 R I BE A5 21 B3R SR AR

I B R AR Y R UR 2 B e A B BGA B, 1533145 1R SOTE SR (5 1A P4 D 1 15 A
P, 2R G FRARYE 55 220 S I B ) O AR A R HE W72 B R A T IR R [14] 0 SR, ¥ 22 155 JeHA ) 1
SR AEAN R R SRR AN RN [L5] o SRR 250 TR SO ZR A (3 SRR HEAT A5, M 15
P B HIRT FEHIHE AT, S5 7 IR FL R 8 . Mnih 55 A [8145 H AR 22 M 2% T LA FREE SR AN R 3
T TE 2 AT SRR, RIS e 70 I Rom ZE30R B R 30, R it A 2R g 3K IR 3 2 10 S5 1 T O 1Y
T3 R 1S TIEFR e B RE R I TUR 22 5 i BRI R T T

Table 1. Summary on aspect-level sentiment classification research based on deep learning
F 1L ETREFINEZRBRALMREE

iy RS BRI XA EF 3R R BHIRA %55

e TD-LSTM A bR SR A )
Tang A [16] TC-LSTM x BERMETRAGANR RGN o0
wang G A[17] VM R ) L AL LSTM BUS & ACSC
BiLSTM-ATT KX E LSTM A7
Liu Al Zhang [18] BiLSTM-ATT-C BEFEEN KR L R SRS ATSC
BiLSTM-ATT-G BiLSTM-ATT-G [/ 1#% 8.7t
KHAZ ZER I
Tang % \[19] MemNet ZEEES IS PRS0 ST AZ R 4% 5 ATSC
WA s BRI S5 B4 &
e BRI LR XA,
g = .
Ma S0 AN R B SRR CHE ), ATSC
Chen % A[21] RAM ZRERS IMALZAZALH; ATSC

BEB 4R E GRU &5 %
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Continued
FI CNN HURE = L5
Li % A\[22] TNet B RURE: 55 BE B RRE FH CPT #iHufi#R E R WG B, ATSC
A R T
& St er: ipeid = ROk = e =W |Kiil K R7S
Tang % A[23] / / L AR R T B A ATSC
Xue 1 Li [1] GCAE ML RS R PRI HOT 2 R R REAS 1 ATSC & ACSC

BRI SEIL ATSC A1 ACSC

FIRSCER R S, BEERARIL A RORBUR IR L 2 S AR B A R RAE 5 LI 58
= FERIHURBERS AR X 3 AN R R SO BRI B, TR S AR SR EEER AR
MISCA b5 5=, CNN B G BUREPE AT AL S A mT 75— e R _EAE BE R AL B, B IRTf
WIERIL S S0, BRI RN LS R R TG I AT 55 b, BRI I FAE 55 A5 T 7

3. A BERNIGI THERSHEN HESRMEMEIRE

N REREZAMERIGE R, ARSTIELGVER JIHLH] #0225 45 (Attention-based Aspect Extraction,
ABAE) 5 AL T [ 14 ML ) 5 AR 4P 242 9 2% (Gated Convolutional Neural Network with Aspect Embedding,
GCAE)B M LA |, BRE) R RFLIMAMER RGP KL, R 7 —FhEt S BES I T ER
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Figure 1. Schematic diagram of GCAE_SelfAtt model
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A, A

FERAE IR 1145 2B U 22 9 4 #5078 (Gated Convolutional Neural Network with Self Attention-based Aspect Em-
bedding, GCAE_SelfAtt), H&5 4 B iER SIHLEIIRAZE 4R 135 B R A . o, BEERIGR
RS iR HIN 2 o) — R R MO, (AR BT DOd s 1 10 N 22 18] BT (R AR A 1) v SR

BRI REEIE LR, miERER, A T7RRE AT7TEEZE BRE. R EE
B Horp, AR EE AR EERE R BRI S MERRIE RS RS, A FRREELET AER
JINUE () G A6 2 ) 7 1) B, ) B S AR B 3 SRR N B (I A M A & FA ) 1 (0 ) R

3.1 EFEX

T —MKEN n BT s ={w, Wy, -, W}, CRPHREAAAE DB ANERYE, HEREAE
S 3 AR T B K7 U IR A, DRI, BRI AR ST (1 H bn A PR E FU T R I LR DA
PR SR SCAAE XS SR BT I RS BV . A SCAETIUE LR BB LN, HsiEd e
M 2 ST OB ) 1 SRR N 2R ) B, PRI 5 AR R T, SRER )T Y LS B R R AR
BE— 5 T )T AEZ BRI B S B .

3.2. MEiIAEEBAANE
B T N 20 20 FE ) U TE 6] — b R SCE B iR B R RN 23 () R AR O B b, ARl

TERLE i) T IR A TE AR R (R AR 0 SES S A, RIA R, SEELASRIL A S . B A
A iR] e AL R T — AR R R R, FERE AT B R R, R A 8 B o iR St R A
33. AFRTE

ARSI 5 R D A R TR SR RO, R R T S R TR R AIA T, AT
SR PRI BRI AE TR, JFR R A T RS 7

AR SRER A — BRI LR, R o A T T AR a2 T SRR A IR 1A [ A
ERRE2NGID - wAlibyEPS EXSE IR

1

Ys :;Zinzlewi (1)
di:e\l—r"M'ys (2)
exp(d,)
== v 3
jzjﬂexp(dj)
z,= . ae, (4)

Hrb, n 3Rt TKE, e, FonsUATIE, M eR™ R MEAMERE .
SRR R AL, A R AN R VR S AR ay el i v AR A AN G TR A ) e R A 1]
Ay iPS EXEER

5(Q.Kj)=——L="— ' ®)

a; = ' (6)
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Figure 2. Schematic diagram of vector representation of sentences based on self-attention mechanism
2. BT ARSI THaFHRIERRAAEE

FURHL, SR N d, < d, (R R 3 M IMEALAEREWS, WS, WY, S X e R
AT, 4y BB B A A RE Q. BEFTRAIRE K. MFIRENE V DUMEBBUR TR AR
A AR e A5 40 MO M s (Qu K ) 2 ) 6 R 2 T RO AT O E S , 65605 40 B0 SOEAT
softmax JF— 1k, 5 B3 85 T U AR As St T 2 AR OV R A T 50 4] S TR,
A FRRRIRZ =[2,2,,2,] e R™ , {904, Ao, 4d =d, .

Q=Xw® 8
K = XWX ©)
V= xw" (10)
Z = Attention (Q, K,V ) = softmax (s(Q,K))V (11)

34. AIFEME
AR SCE B )T R R R R 2 T RR4EALEE RN softmax AbEE, 3 E R RMA AL E R E p,

DOI: 10.12677/csa.2020.1011218 2069 MR 5 R


https://doi.org/10.12677/csa.2020.1011218
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SR G AR PR B R A — B E R & p, M ZRIANGERE T, WA FEI RN A ERBIRANL A S,
BER)FREMRRT, .
p, = softmax (W -z, +b) (12)

L=T"-p (13)

S

o, WRRBCERERE, b 2 E F &, BRI AUBE A& p AI4EE K R TUE U E 2R,
KA TeaERS AT 0 e 11X KA EZERI MR

35 EFRES GTRU

ELRERRRIR L, AT EMENERRGNEE TR T T L F oS B ki
. 8 BB R R T SRR ) — MR, (R A 7 I — S R A
SR, RSO G 1S A  F  FE  BE2 e BA E

FSCAET RN LB TR AL B R, S EBUREE £ B BURIRIG R R,
FE4MI15 Tanh (19801 ReLu (19 MIErER:, SRJBRT TR T8 i 0L UL 74L&, AT T Tanh 1]
P TEAUBECE AR (0, ReLu |13 ST B BUR Rt B IR, 6 Bokcdt i B Kl v, «
Tanh-ReLU | 14 H.7¢(Gated Tanh-ReLU Unit, GTRU)E A2 I AL 0 Ak J2 R30S 12 ks
Ph, BB AR E OB A R R R . B, KBS BECY ReLU (5B
PRI 3T @, AR B 4 Tanh BB 5 A RS AL s, , 36 7 20 MR T D450 50485 1 98 2200
W ¢,

ai = relu(ka *Wa +Vava + ba) (14)
5 = tanh (X, *W, +h,) (15)
C =5 xa (16)

Hordr, W, V, FIW, RARCEFRE, b, Alb, 2 B A &

WRSCARFEH L ANERZE, GTRU AT LUELT ReLU [ H 3h 285 545 8 B R R TR HAD TR K1
BB B, f£65)7 “REmUMAR, MRz y” 4, ASENERFEN “am” i, 113%
BT HEh 2N 5 — A A R “RRE BT EAR Y, R /T PrE o AR Bk . X
JeH, ReLU ['1RI DR 25 5E MO ZE 2 RA5 B v, ANEAT B AL 1) 2L 2 RRHE oy FOAH SSVETHSAH LB RS 47
NI R 1 A7 AL B I IR RFAIE s, 22 75 Re g il it Relu 7145 57T
3.6. ML=

B 7 TN SN, HBALE P R ORI B At mT DA 1B B MOSTA S ORI 45 5 1) 2 3R 2R AH 55 Y
TR IAFAE, AT ST Ry 52 2 3R S A 15 AR A 0 T 0«

XM H n AN EREE A A 3R, H— NS k BB RBUAZ AT AR E 77 42 n—k + 14k
fit, FFRIEZ AT HIERFIEE c.

C:[Cllc2'""cn—k+1] (17)

AW ER ERRER] ¢ BEATHROBAALEE, TR MEREE E HRHE R & €, BNE R 45
PURFAE P m (8 B KB R R B 38 ) 7 T R 35 (R 2 TR s B R RIS B AL, AT A% B AN 22 00 155 Ry
fiE.
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¢ =max(c) (18)

3.7. BRRAAE

ASCHE N DB RRAEERUR PR EI0 N AR 2 5 AL R BEAT SO A A, AR Rt
PR 9 N AVREGE [0 € RN — NI [ 52 RORRAE B C T S\ 2o H )2 i softmax 43
RAFHATIE 2K, i SOARAE 25 7€ A LTI SRk §

€ =[6.616,] (19)
9:softmax(W-é+B) (20)
Horr, WRAIERERERRE, B Z2ME.

3.8. HEE)IZR

ARSCR P i 13 ) S [ A% R S B AT U S, DA e K B R 50 0 (0) 1F 826 — HARpR 2 B
KA T I EA IR 1 AR T 1 B ARRR 2, Z B BTN ARG R, e M) 7 I B RIS r RBEHLRFE
(K5 m AR TR FRR IR 0 ZIEHT AR, 8 B R 22 DAAE SR 23 SR S AT E 22 1 fR P 22
FRMER . NERERRBAEET e R T IERE, ASGEFIAEMITU (6) .

J(0)=> > max(0,1-rz, +r,n) (21)
u(0)=[r,- 17 -1| 22)
L(0)=3(6)+U (0) (23)

H, D RpBIESE, s £nb)1, T, SXERBHMANER T RS —1ThrdELE R R, 42 E
MRESH, 0={ET,MW, b} LRFFNLHSHL.

AR SCUAAE SO R SR L VBN — B ARBR L, R/ MGTE BT A VIR iE R b I Re e B 0 S 1 sk

AR R T 155 A Mk 2 ] F A8 IR 5 R

L==2.2,y!log§! (24)
Hp, i A FIRG: jRREEEMNMEREG], 4R positive. neutral £ negative —2; y RIRFFE
BRRM LG, § LR E R BRI TR .
4. KI§

ASCHG A BRI R AR 3R SRR 1 1 T3 AR 22 I 25 5L 20 S i I P B R R R R B 2k
IR IATSS b, 1 TE keras 88 M@ 45 & B VR JIHLHI AP 28 WX SRR 8 UM BRI LR
K ERR, SMETE pytorch FREE T IS AT 23 RN T 1 B AR 20 I 28 AL SR ff o SOARTE S — B3R
25 b e e I AR P . AR SR FH word2vee TiINZRTE 300 4 1] ] FE X SCAEI N HEAT WIAGR Ak, ] S ok
HH IR A 1] USRI 3559 43 A U (—0.25,0.25) HEAT BEAILAI 4G AL «

4.1. SKIG¥HE
AL SR R S SO R T SemEvalABSA 1155 T 1 2014 4E % 2016 411 restaurant P8~ 1l

SRR FRERIIAEE, L XML #20hRic . BEEATFR HEL & — 2R 41 1) 2 2 SN B 2 28 AH S (1 155 B
<text>XJ N AJF I SCAS I 28 . <aspectCategory>5¥ & <Opinion>m1f{] category F1 polarity 437l %7~ ) 7 2
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A, A

RRMEZERE R . IrE RS —34 positive. neutral. negative A1 conflict PYFf 1,
{restaurant, food, drinks, ambience, service, price, anecdotes/miscellaneous, location} /\Fi &, LT 15K
PR “conflict” (M3 AZ R &It /> H “conflict” X — 15 BAR MR, A O SCHRER A5 R IX R 18K,
PRI A SO A AR 2 T ) “conflict” FH “neutral” #X. & 3 IR HT M 58S, %17
WX RAEN— i, 7B =Mt “sentence” . “aspect” 1 “sentiment” 73 BIAEIIE L A SCAS A 2
BRBMEZERRK RN &R S H 2 ANERIE, A7 R SCAR N A L&A
FR)HEE 2R IR IE ) 7 SR o 40 23 ) A T A R Y = 8L

JEANRAEAN R A i 24 BT i 3542 AN HLAN 2192 /N, e/EERAE 1 At 2. TP
fEASCIERAE 2 SRR RS MR T E, A SCHMOhEIRET I EH 2 EREMNE) T
U SR A7 a7 8, B T R AR B AE 1 AR AR 2. Sand B, DU SE M St
EE RN 2 Pron. fEERBIRIUTS T, ¥4 1 FEEE 2 B0 s E N IIGEMNRE; EERRE
TH R RAE S, HlRE 1. Bk 2 M2 Bdl 4R 2 470 M E N a8 . SouE AR AT 46

Table 2. Data distribution of the datasets
=2 BIEESGHNHER

Positive Negative Neutral Bt

AR 1 2173 999 370 3542
HoRHEE L 924 325 105 1354
ik 2 1378 639 175 2192
S HAREE 2 545 201 50 796

EBGHARIG, ASOMPPRSCARIHAT 7R A5 Bk, REH/ANG . WG 22K %
Ab PR A o RIE 2 N 16 anecdotes H1 miscellaneous #4722 28 JARTE, AH I T E HARAORT, PR HRE &6 misc”
BRRM T IAE TN BNBEE I8 . % RE 3 515 FA A il et 22 B R SCRII S B, A2 it
FUAFR I 2245 FH 1A LU R B 452 R PR AR R AT 55 LRAS IR FE R, AN SCANEAT 2245 P IA) (1) LA 3451
UbAh, ARSCEFEAT T ESLIA L, torchtext )i . SCARKUEA . SCARK RN HUE USSR

42. KEWSHRE

SCAH A ) B R L R RIA] R R AN 300, R IHRENSLIG UL keras fENSZIGHESE, DL
Adam {E AR, GORFEFEASCA 6, dropout v 0.5, WIUES I3 N 0.01, Y%k 50 &, #ALEHE
K/INK 256, IENITRLE v 0.001. 2 M B4 25286 UL pytorch 1E NSRIGHESYE, DL Adam /£ MR 1LES,
WHEER/NA 2. 3. 4 1382 100 4>, dropout 4y 0.5, HIUA 1% K 0.01, WIZFECH 30 #, it
5K /NH 256

4.3 ERBENMXWERS LW

ARSI 45 A 1 R JILA A e 2 I 4% (ABAE) S AL 55 45 £ 11 T B DAL 1 o0 22 Y 4% (SABAE) B Y 42
LR, o) R RMI M ER R . BRBMAERMFE T LIS 522 R RE N R HIAETIR
A TR R R, DR T DI I ]3] i N 2 T P R R S I AR ) T R R IR B R R ) &
M5 BRI A ARG o B, SRR F ZR S ) 5 WA SRR AN, T LONIZE R
Kt E “food” X—ERBLRR. SLIMBEALRSREGIRIUEN 8 MNEREHE——WFE
restaurant. food. drinks. ambience. service. price. misc A1 location iX 8 M E KL L.
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K& ABAE HERUAT SABAE BERLYIZRITIRIX 8 DNEEZRISFIE, MRS AT R 22 8] o A3 5% B 2 S5 R i
30 MA T IR [ R AT B4, A R 3 51 4 Frs T RTAMEEIRIE . 5K Bt T I Ry
THTTEAFRE, ASCRAR -SNE J& TRt 4ETrid, 5 /el s MR O
SR JE I S A A AL AN 22 1] (56 A AR 1) KL BOSEOR VAl AT ML AR B4 8 - +-SNE 52 H AT RICR B 1)
Hm bR 5 AT TTE L —, JEHIE & AN E Bl A2 15 A B T e PRI 0
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Figure 3. Visualization diagram of the representative words of the aspect cate-
gories of ABAE model
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Figure 4. Visualization diagram of the representative words of the aspect cat-
egories of SABAE model
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Figure 5. Average accuracy of representative words based on user evaluation
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Table 3. Accuracy and training time of aspect category sentiment classification under the ablation experiment
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