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Aspect-based Sentiment Analysis Based on Aspect Semantic and Gated Filtering Network

HE Zhihao' ,CHEN Hongmei* and LUO Chuan®
1 Tangshan Research Institute,Southwest Jiaotong University, Tangshan, Hebei 063000, China
2 School of Computing and Artificial Intelligence, Southwest Jiaotong University , Chengdu 611756, China

3 College of Computer Science, Sichuan University, Chengdu 610065, China

Abstract Aspect-based sentiment analysis(ABSA)is a fine-grained sentiment analysis, which aims to predict sentiment polarity
of text toward a specific aspect. Currently,given the excellent capabiities of recurrent neural networks(RNN) in sequence mode-
ling and the outstanding performance of convolutional neural networks (CNN) in learning local patterns,some works have com-
bined the two to mine sentiment information and achieved good results. However,few works consider aspect information while
applying the combination of the two to ABSA. In aspect-based sentiment analysis tasks,most of the work treat aspect as an inde-
pendent whole interacting with the contexts,but the representation of aspect is too simple and lacks real semantic. To address the
above issues, this paper proposes a neural network model based on aspect semantic and gated filtering network(ASGFN) to better
mine aspect-based sentiment information. First,an aspect encoding module is designed to capture context-specific aspect semantic
information, which is based on a global context fusion multi-head attention mechanism with a graph convolutional neural network
to construct aspect representation containing specific semantic. Second.a gated filtering network is designed to connect RNN and
CNN as a way to enhance the interaction of aspect with the contexts,while combining the advantages of the RNN and the CNN,
and then extracting the sentiment feature. Eventually, the sentiment feature is combined with aspect representation to generate se-
mantic representation that predicts sentiment polarity. Sentiment classification accuracies of 84.72% ,78. 64% ,and 76. 22% are

achieved in three communal datasets,restaurant,laptop,and twitter,respectively. Experimental results demonstrate the effective-
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ness of the proposed model, which can improve the performance of ABSA.
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*UH%IJ?:EE*H&WL o I8 Ty TR bR SCHEAT =R LA
LM VR 2 MR 2 140 5 D 9% B R S R Y ST BE . % BILSTM
Y 562 E%u,l' H VR € 7 T 9 5% )2 00 4 1k S AT 4R 5
UM BRI T

Filter gate

hi =W, * h;+b, (16)
a* =W, « h,+b, an
fi=o(hi +a*+b/) as)
b =hQf, v

,H\'#,w, FIW, SRR EIERE b, S W,k & BILSTM fii it
A5 ¢ AR BY BRORT ) &L b, A T SO SCRY HRAE [ &
MJE?%JF@Z P BT PR (B AN sigmoid 5§, © Ko ) & u R

Ho o RAR LRI R 0 M, 2 € R, B BUE B

W A CAR TG P AR IR Z = (21 s 200 20 i1 s
Vo R B S R W A A R e % L S A B 0 AR AR
ZRANE

Z=[2, .2, .Z,] @D

Hi,z, € RO+ Zze RTINS B A KAk 32 BUR
2 R AL R M S B DS n— k1, BARTT
Fan R .

h, =MaxPoolld(Z) 22
H, MaxPoolld /R — i e Kithfb . h, € R FIH L A
A T) R 1 4 AU BB 2 B 1) 0 D TR R AE 45 R TR 1

SC3 [ 1 Je) 38 8 AE 1] 42 PF B AR Dy de 4 09 Ry SR AR AR, LR SR 5k
KWTF

H,=[h ;h,;;h ] (23)
3.6 WHE

K 155 BRE A R TR A R L O K AR O B 2 i R
AE o SRR PR TR AL AR LA A R A E R0 5 TR AAE 19
W, AfEtEnT.

a=c(W,H,+W,H,+b) 20)

s=aH,+ (1—a)H, (25)
H.w, W, WRESHH, &R RAE, H, bR &5
it .o A sigmoid JF £k PR iIE PR %L,

MU LAl SURAE s Z 5 B Hoak A 28 8% R 5 8 —
NG AR 119 HE 6 4 A

p=softmax(Ws+b,) (26)
Hp W e RV AT SH . d Ry s WYL,

3 2 BRI FR DI 2 rb 50000 69 RT3 S 0 R 8 4 A 1) 38 S
E X

loss=

~ Sy +alol 27
Horb s BEIARSE, y R B R 2 8 L, IENAL R & &
e, 7EBAIN M), B AT adam 1%1%%%?!6%%%11%%?

S8, ERBININ G, o TR W E  RITERAT
dropout KW ,
4 LWERKRSH

R I8 R B 0 A M L AR SCHE H Y ASGEN #5855 4 ¢
PR TE s B S B kAT T LB AR
4.1 HESE

ASCHE 3 AT 28 86 48 L kA7 S0 50, 36 Uk T R A
WA R . BrA 1B S AR AL ) F L T LA B 1) 1 %
Wk, 3 BRS39Sk REST14, LAPTOP, TWITTER,
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H v REST14 il LAPTOP 3k [ SemEval 2014 /£ 410" , 43 3
AT e M LA IS A . TWITTER £ £k A
ACLI4PY iy HERR PEIe 4 R M e A B 48 . 3 S Sy 3
AEBWFE 1,

F1 BIRENEARFE

Table 1 Basic information of datasets
Dataset #Pos #Neu # Neg
Train 1561 3127 1560
TWITTER
Test 173 346 173
Train 994 464 870
LAPTOP
Test 341 169 128
Train 2164 637 807
REST14
Test 728 196 196

4.2 SHEE

FATHE LB R T Glove T 8 A R T F il 25 455 724
Bert"ST BI85 . XF F 3T Glove il it A B9 BEAY , e ]
F 300 41 Glove T YI 25 7] it A ) #6 Ak A48 48 vh B A 2R
B ] i 2R . BILSTM I 4% (4 Best )2 4 B 2 B0 50, fl A
Adam 4685 0 LA Y, 22 5] %45 /R 0,002, R A /ML
Tof JEE T SR eI 2 I 28 5 50, At I PR AR BRI BBl 16, 7]
P A RO E i A YE B3 F N 30, L, ML RERE N
0.0001, T By kIl Zkid 22 v i Bt LG AT 5 A T Bl
ML 5 KW dropout 4 H I F R 0.7, XT3 F BERT B
L IRATR A “LCLS]A) T [SEP]J7 i [SEP]  Jy #y A 45 1)
A B YEHBEE N 768 MY A AR SO BN 16,28 M R ik
B R 0.000 02, A PFAGARL R M BE R RS BE A2 FL A6 ARAE
SR B A B A
4.3 ¥EEAE

T B AR T ER A R G A R S 13 A OG
LTI, B PR FE RS ZETIAT GCN, L
TH#AET GON MR, i Fik T .

D TD-LSTMY), Tang Z£7F 2016 4E4% LSTM M4 5] A J7
T 2% 15 B AT 45 8 AR 1) LSTM A 1) LSTM 4391 ¢ B
BT R /e R SOMA R SCHlE AT RS

2)ATAE-LSTM™ ,7£ 2016 4., Wang %5 ¥ Vi 2 71 HL 1
454 LSTM, Sty i Al SCHG A #4808 1 $2 B 5 1o AH 2%
B A SRR AR T2 26

3 TANTT By S %t [ 3¢ J7 T 14 B 1) 2 38k 47 S
SR 5 il 28 B B AL A B T A R SR RN L X A
TR AT,

4)MemNet™, Z 042 M 45 1) J§ % . Tang & T £ %k 1E
AL AN Z2 B AL R E TR B I A 4, il 2k 223k E R AL
T 1T SCERLR AN R, DT 333 S0 AR R AE

S5YRAOPY i B 3 T 5% 22 W 45 1) B AR 5% 25 1 B L
Tl X T R SCHEAT 38 B, DT B kR 38 B3 AR P E B
EE N

6)GCAER B R FEF CNNL £ 51 T E AL L 20 5 F)
P45 BUZ B IBUE SUARAE

7T)RCNN-BGRU"™ 17455 UK X 3 45 BUbp 28 I 45 55 il A

D https://alt. qeri. org/semeval2014 /task4

T A B A RNN AR 25 5, DL U J 42 Jm) 350 4 iE B )
FRAE

8) MACRO-A-S™, ) X 3# 1 J7 X 45 & RCNN il ON-
LSTM, 4l 8 Jr) 38 48 AE A B 7 4R AE SR U5 51 AV =ML & 1
A 38 18 A R SUE B

9) Tnet™ A AL B T bR 45 5 09 5 e 241 14 8 5 T A5
S8 I IR R R AR R R CNIN R IBUE SUARAE .

10) SPRNMY AR R 31 T PG A AL, 43 ) /& 46 F CNN
B JR) 358 8 SRR B IR H AN L 1 AL A O T A R 38
R,

11)Dual GCNP™ iz 55 & | F§ GCN it 4] 2k 25 44 3k 47 gt
MR 223k A LR IRE X6 & Lk B R SR A
FE T [ 36 L I 2% A A

12) ASGCN-DTMY, 2 7 i) il /A 32 249 3R B 354K A 2%
. Zhang Z7E 2019 44 GCN B A J7 W9 1% A 4T 5 hi
F GCN o /) v A5 B RIA] P AR A7 56 FR ilE AT HE A%

13)R-GAT W A7) R AR v 0 810G 3R (90 4 48 £ LA
KRR AR AL, P A £ 56 R B 4,

14 DGEDT!M! i 3 Transformer 2% 2 iE X 7 . W AL
Ir] J&] 4 B 45 2 ) [RU 60 o 51 A BU S 728 45 o 1 A A5 e 2 5
B (R EAT 32 B Y $E Transformer #5518t 1 iy 1l B &
HIE URALE .
4.4 ETHERBRNW

BT B AE AR SR ) P R B TR AR R AE 3 A R
£ SRS T IHLE L.CNN-RNN/CNN DL K& &
WO 2% ) BE LR R R AT LAY, SCHRZE IR 2 fidl . R 2 i
L 0 25 SRk s

# 2 ASGFN Y BEZR A () 0] 1L 45 2R
Table 2 Comparison between ASGFN and baselines

Restl4 Laptop Twitter
Models
Ace F1 Ace F1 Ace F1
TD-LSTM 77.32 65.07 68.34 61.43 67.33 64.84
ATAE-LSTM 77.20 67.02 68.70 63.93 68.64 66.60
Attention TAN 79.26 70.09 72.05 67.38 71.82 69.11
MemNet 79.89 69.05 74.37 68.63 74.74 72.81
RAO 80.98 71.34 74.45 69.72 73.12 71.20
GCAE 77.28 70.77 69.14 64.36 74.89 73.55
RCNN-BGRU 77.54 71.97
RNN- .
. . MACRO-A-S  81.69 72.66 70.92 68.14 73.96 73.36
CNN/CNN
Tnet 80.79 70.84 76.54 71.75 74.97 73.60
SPRN 80.77 71.28 73.20 68.96 72.10 69.68
DualGCN 84.27 78.08 78.48 74.74 75.92 74.29
GCN ASGCN-DT  80.86 72.19 74.14 69.24 71.53 69.68
R-GAT 83.55 75.99 78.02 74.00 75.36 74.15
DGEDT 83.90 75.10 76.80 72.30 74.80 73.40
ours ASGFN 84.72 78.55 78.64 75.67 76.66 75.46
Bert 84.11 76.68 77.58 73.28 75.58 73.45
SPRN(BERT) 85.03 76.97 79.31 76.61 75.70 73.50
DualGCNH o) 13 81,16 81.80 78.10 77.40 76.02
BERT BERT ’ ’ ’ ’ ' '

R-GAT-+BERT 86.60 81.35 78.21 74.07 76.15 74.88
DGEDT-BERT 86.30 80.00 79.80 75.60 77.90 75.40
ASGFN(BERT) 86.97 80.78 82.11 78.15 77.85 76.48

o1 2 AT UL, BT Glove )ik A BIRE R, 72 [a] 75 1 45 44



i 58, 45 L FE T O T TR SCRT) 42 20 9 190 245 14 5 Tk 0% 1 o A

199

MIECHESE I ASGEFN YR B T K3 43 38 4 % = B W 1
PERERI A R . TET A LR BRI, TD-LSTM F£ #L iR 2%,
2 DR R A TR T T A AL B A T TSR OF B2 T
W5 EFXMER, SIANFRENNMZE. MR T FES -
T, HTF RNN 5 EBE LG B A Y e e 17—
EMHTE, 5 ATAE-LSTM, IAN, Memnet, RAO # [t , ASG-
FN 7E 3 ANEHR 5 i e %7 2438 17 6. 70 %0, % F1 T
PR T 9.40% ., 53T RNN-CNN B{# CNN i) 3t 28 451 51
GCAE,RCNN-BGRU, MACRO-A-S, Tnet, SPRN # [t , A4 3¢
PR BUAS T 94 A9 R B0 7E 3 N Bd 5 b e R R
T 4.48% % FIAEFHRTTT 5.32% . HIHIETF GCN iy
%1 (Dual GCN, ASGCN,RGAT,DGEDT) , 7 SC £ BI 76 3 4> %k
P EAHER R RTE T 1.87%, % FIMHETH T 2.96%.,
AHEE DualGCN, A SCHERIFE 3 A~ B09% 45 1 14 o B8 40 42 7
FEENRIRMNZETHEEXW TS L FXCHEE, U
B Jm F AR (9 SR I, R B2 7R Twitter 4R 45 I, A SCHIAY
P BER TR £, — AT 8 19 JRL B 2 L Twitter S04 45 1935 5
FLAE AR X 8022 . 5 N AR MR BT RE 51 ATE 2 Ay M5 i 3%
TR 42 0k i 0 4% 45 & CNIN 32 U B AE , A AT UE T
M, Al BT Y R R R

XFF AT BERT BYBRL, e B4 1) BERT st & £8 L K&
SXIAT Y ABSA B R ILAS T 47, TR W] T I A AL AE X I
5 A 3. ¥ BERT 5] A SCHERY S, A1 L 3 fh 3%
BERT 1 b4 3 & iR 5, 76 LAPTOP Ml TWITTER %44 5
ARSI B BRI T JT . M LT Glove it A B AR
A, ASGCN(BERT) B B! fy PE g th A o 35 A9 38 T Xt 300k 1
AR SCAETY B T GRS R S5 A A Rk .

TG BN 4R 0 LB 45 SR 0] DL Y, AR SCRE AL 3R AT T A
X E R UL B, FEIEEA 3 4 DB BT S Y 1]
FRSAMEERIIABA, 38 URRHE ; 2 B R 255 T
B 7 T T SN BRI SRR AE 0 DR I SR AR M L AR TR AR T
TR 38 SCH U 17 JRR AR M 1 R AR 1 43 o P 5 30 IR 1T 4% 5 0
[0 46 4 RNN FI CNN gl & 3#F 48 BB, X A {H R T RNN
FlCNN #& H MR 8% & 7 Jrmifs B s 7 rms EF
AL H.,
4.5 HEXI

T B TR R 45 A B P A B AR 3 A A H
AR I b ASGFN o H 5 ARk iy HEfg. 5 A28 4k 43 1
7/~ A ASGFN w/o pos, ASGFN w/o post, ASGFN w/o as-
pect semantic, ASGFN w/o gate fll ASGFN w/o CNN, H
L w/ o AU X NS BR A B L pos AR 3 0] 1 4 A A
post TN B i AL IR , aspect semantic 143 J7 T 4 A5 45 B,
gate RF TR IEAHL, CNN BB Z . BRI SR W
F3PH., HE 3 TH, KA GG B S B R
T Fi A BE BE B R BN S Al &, X 3R B IR M R D AL
EARRAE AT B TR T 22 Hb G T B 5 0y T A OG A B . B BR
77 S AL S LB R A MR RE SR R R, BT, T DIAS I 4
WA PO R HIGE X RR R REEN, A
By A TR AR S ] o 5 S WS ) O T O R . 5 ASG-
FN w/o gate B AH [t . ASGEN (4 1t BE A — & B2 BF (0 32 7+,

XA WA ST A9 a8 I R B R B T — s BT,
PRI TR 2 ERE . BANE B  BRERZZE A
BB PERE T REARN L 2 IR OB — e AR ek T
X n TR SURRAE A SR BURE 0 S OB L A R RE T I
*3 HENSEE
Table 3 Ablation study

Rest14 Laptop Twitter
Acc F1 Acc F1 Acc F1
ASGFN w/o pos 82.57 74.58 76.90  73.62 74.74  73.00

ASGFN w/o post 83.65 76.68 77.22 73.61 75.78 T74.58

Models

ASGFN w/o

. 82.31 73.23 75.63 71.10 74.30 72.61
aspect semantic

ASGFN w/o gate 83.38 75.71 77.22 72.69 75.92  74.68
ASGFN w/o CNN 82. 66 74.77 76.11 72.43 75.04 73.49
ASGFN 84.72 78.55 78.64 75.67 76.66 75.46

4.6 GCN EH

R T HERFE GON JZ 0T 52 30 25 R 09 52w, 4 GCN 19 J2 %)
SRMNE R 1~12, 40 M AR R HCT R B ALE FLE AL,
FHGEE R & 4 FE 5 Fras . MBI LU L 2 GCN
F R B S 2 B A E A )2 B0 T A IR T R A Y AL
M. M GON ZH0 e 1 0L 78 3 N8R4 1O B f % Fl
B 1R BA A AL, X U B — 2 GCN TG ¥6 AR 4 M 4 3K 45
T TR SO, T 1 AR IO B SR M Y TR S, S 4
& GON Jz B0y 38 im , B2 A i 7 8 B £ IR 24 GCN 2 8K
MR 2w AR PR R R T R, H 32 D B T SR R A A A
TRBE B35 T, A5 R () 2 B30k KT BB A T OB AR ME LA 2 3T L

5 5 R A R

84 w
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—A— Twitter

o
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1
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Fig. 4 TImpact of GCN layers on accuracy
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Fig.5 Impact of GCN layers on F1

4.7 FHIEBXRRE

T ERGE TS T SCX S 9 5 R R R R L 7R %0 0 il
3 B0 A TSR o BR — kR AR SO R o i SR B
Jrdk Ll 2 S AT HL A R ARCE A B, 2R 5 L GON
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RE EFUER . 85 R I B2 R ] ) B AR 14t 8 HEJE MR 4 T DL, TR A B T A IR AR M A B U i R OR

e, 9K J5 I GON 2R & @83 AU (5 B, 328 107 T R AE , I
B HF R R Aspect with syntax, 2 =FhJ5 ¥ 8 B AE A H 7
AT 3] A9 3 ik AR R 5 TR R 8 e R IR i Aspect with em-
bedding., XLk SEE 45 R AN 4 751,

4 TR B AR RS g 2
Table 4 Experimental results of aspect representation and its

variants

Restl4

Acc F1 Acc F1 Acc F1
Aspect with syntax ~ 82.04  73.46  76.42 72,71 75.48 74,27
Aspect with embedding 82.22  74.30  76.74 73.58 74.89  73.65
ASGFN 84.72 78.55 78.64 75.67 76.66 75.46

Laptop Twitter

Models

R 2 BT TG A B 3 4R A AR D TR R L R B RE
A BT W, 2 TR R AT R R R O R AT R A9 R 22 L
LB AT RETERRZH L., 485 L TX
15 B BE 8 ) IS % J2 Ui J7 T o S, DT 1 A5 28 B 05 £ A
8 BT BN BRI D T U T TG OC Y R R E R
BB 25 .
4.8 EFISH

T G M a3 T A SR R Y R A L TR AT N B 4R b s X
— Ry RS AT ST . AT T 3 A SR A4S
EATE 5 T A AR A ESEAR 2 L P NL O g3 ] 3R AR
THAR LA Berh ke 3 Flfis il . SESR 45 R I3k 5 Frail,

25 ASGFN w/o gate, Aspect with enbedding, ASGFN Tl ill] £ A% 4% ¢
Table 5 Predicted sample results of ASGFN w/o gate., Aspect with embedding and ASGFN

ASGFN Aspect with .
Sentence aspect label , X ASGFN

w/o gate enbedding

The battery life is amazingly | at 7h and 5 h if

e» attery ffie 1s amazmngly fong @ and o it you (battery life) P) P) (P) (P)
use it.
The reality was, it heated up very quickly,and took way X
. . . . (opening my Documents

too long to do simple things,likeopening my Documents folder) (N) (N) P (N)

folder order

Well,it happened because of a graceless manager and a

. . . (manager.bartender.
rude bartender who had us waiting 20 min for drinks, (N,N.,N.O) (N,N,N,N) (N,N,N.O) (N.N,N,O)

and then tells us to chill out.

waiting, drinks)

B, % F J7 I “battery life”, 3 4~ B AR g
B, R R, 7 IC AR B 48 . “long batery life” X
FER R R 2 A0 0 . Zad I S, 10T AR 0 AR 25 5 il 12 3 1K R
i “long”, I 43 B — A~ “long” % N PR FF B, Pk, 24
Y 0 A5 80 388 ) 3% “long” Y AR A IR L R HBE R 200 i RE AC
IR FRMAEAR , AT 3L Aspect with embedding #5% 71 4 %2
Wil 52 AU RE A, Aspect with embedding f 2 4 ff i )7
T 3 1 [ 3R ik A 67 7 T, S BOH B = B0 L AT TE ¥
TE B 0 T Y R BT R 5 T AR . T ASGEN BB 1E i
J T ZE 1) A R L R R A TAI IR BT
T E L, R =, ASGFN w/o gate & fig IF # Tl Il J7
10 “ drinks” A AR 1, R B = Jrm 5 BT S0 a2
AL B IE AR R J7 R LT SCRY IR, TS BOH A T
T ) 175 JR% ) 52 M) H ) 0B

GERAE ORSCIRI T PR T 5 T SR 0 i e 4
B T 28 AR, T O TR O AT AR 55 . E ek IR A L B
A LA B P A R4 8 5 BILSTM X [ F ST AT 45 1 5
RJF I 23k A TE AL AR A E 5 M, 45 & GCN X K JR
OS2 AR, DA T 5 B %2 R 1Y 7 T SC L AR U T 3R
No AT EF A RNN HCNN A HE 29 7] i 25 587 1 5 8
FATLE BILSTM By HERE BBt M 5 M 2%, TIRRBA
ORI TTIE S R SCRY IR AN I8 TS S B B AR S
T AR /N 9 45 FERAZ 4 B 22 0L P 1)1 R AT o e 20 W 15 B
AE5 77 W iE RN B A N e AT CRAE, 3 A
BRI 0 920 45 SR W] AR SCARE AU AE Ty TGN % A3 AT AT 55
LA TSR PERE . H T T IR S T B AR 1 RN Y
PR ] o A5 TE 12 T b R AR RE . TR AR OR , FRATHE AR AT B

FREL B 42 5 1 ROANR R rh 2 ) B 2 i 1 IR A R,
PLAR THBE R 14 1 B

2 % X M
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