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SS-GCN : Aspect-based Sentiment Analysis Model with Affective Enhancement and Syntactic
Enhancement

LI Shuai, XU Bin, HAN Yike and LIAO Tongxin

School of Computer Science and Engineering, Northeastern University,Shenyang 110819, China

Abstract Aspect-based sentiment analysis(ABSA) ,as a downstream application of knowledge graph,belongs to the fine-grained
sentiment analysis task,which aims to understand the sentiment polarity of people on the evaluation target at the aspect level.
Relevant research in recent years has made significant progress,but existing methods focus on exploiting sequentiality or syntactic
dependency constraints within sentences, and do not fully exploit the type of dependencies between context words and aspect
words. In addition, the existing graph-based convolutional neural network models have insufficient ability to retain node features.
In response to this problem, firstly,based on the syntactic dependency tree, this paper fully excavates the dependency types be-
tween context words and aspect words,and integrates them into the construction of the dependency graph. Second, we define a
“sensitive relation set”,which is used to construct auxiliary sentences to enhance the correlation between specific context words
and aspect words,and at the same time,combined with the sentiment knowledge network SenticNet to enhance the sentence de-
pendency graph,and then improve the construction of the graph neural network. Finally,a context retention mechanism is intro-
duced to reduce the information loss of node features in the multilayer graph convolution neural network. The proposed SS-GCN
model fuses the syntactic and contextual representations learned in parallel to accomplish sentiment enhancement and syntactic
enhancement,and extensive experiments on three public datasets demonstrate the effectiveness of SS-GCN.

Keywords Aspect-level sentiment analysis, Graph convolutional networks, SenticNet, Attention mechanism, Bi-LSTM
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sems . Bk, FATA AR QOTES § A9 w, FIJ7IE
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w, TR, IR LT M, 75 09 R AE R 7R a0
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FCh sher )= (20)

/\f:h,r*g,,ie[l,n] (22)
T N TR L — 2 i IR G
c=c(W!hi,—1+B) 23

FCH AL R AT h o B s BB (D
B R/AN W, R B, 2GS E. T R 322 R AE I
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KPR .

R =[max(c; ), ,max(c,, ) ] 24)
Hdr,np EHNZEE .
3.6 fERaZHE

3B Ry 1 R 243 5 NI T GCN F1 CNN (19 45 fiF il B
BEHAT BN, o T4 e AT 3 [WAE AT At 4325 AR SO k47
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y=softmax(W’r+B’) (25)
Hodp,d, AE A BCE W B SRR S5k,

o~
i

Eii

4.1 HiE&%

ASCAE 3 A FFARUE T T BAHE B L PP AL T A SO,
Bl SemEval 2014 Task 4% §1fi§ Restaurantl4 Fl Laptopl4.,
PA K 1 Dong SV WA Y Twitter (454 . 5 Tang 5 Y
J7 32— R AR SO B T — Lo HL A i 58 17 AR M 1 S ), 3 91
TSR E R A SR (LR D,

x1OBEENSEITEL

Tablel Statistics of datasets
Datasets % Division # Position # Negative # Neutral
Train 2159 800 632
Restl4
Test 730 195 196
Train 980 858 454
Laptopl4
Test 340 128 171
. Train 1567 1563 3127
Twitter
Test 174 174 346

4.2 ZWiEE

AR 300 HEFYINLE ) GloVe Il 1 4 4f fk 7l i A, i
AWSEYR A SRR, AR GON JZ BB E A 2
JZ R AT S SR A R LR A Adam 1
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Mfb % 2 TR B 0,001, N T By 1k L4, 1 Zrass
6k B A2 g Z T Dropout, Dropout rate %8 4 0.5,
L2 IEM &% 0. 000 01,
4.3 HER

HJ1 T PPl SS-GCN 78 ABSA R4 P it e B H 5 LR
DR AT T R O AR T A 32 B AR AT K
32 BT 1R SO AY T Ak B R R 5] SRR IR
R AR, ARG BUR L SIA T A8 AR R A T
R SCfE B UK E B sk 2 Jina

# 2 SS-GCN L AL BRI A9 X b
Table 2 Comparison of SS-GCN with baseline models

Model
ATAE-LSTM
RAM
TNet-AS
MGAN
R-GAT
DGEDT
ASGCN-DT
ASGCN-DG
GL-GCN
CDT
SK-GCN
Sentic-LSTM
Sentic-GCN
MTKEN
SS-GCN

Contextual Syntactical Hybrid

4.3.1 R FEFLHERD

(DATAE-LSTM™ iz J7 ¥ 35 F 1 & 9 K J8 i
12 W 26 F T 1 0 500 15 IR 2

(DRAM™ 07 vk Fl 2 3 i 32 0 BL A A2 1 4% o
Tl AR FE 1 R ATE

(3)TNet-AS . ffi /T 36 F CNN [ 555 T 7 T 14 5% 46t
YA 3 T AR S TR E Y BRI RN

(DOMGANTY % J5 v 25 4 HLURL 15 A0 41062 13 7 3 1 BL
k2 3 D5 TR S R SCIR 2 ) Y B &R .
4.3.2 AT HEHER

(DR-GAT ™ 1% 5 1 ff I — A~ — 1) T 151 J7 T8 1) 44K g At
SER L I FH G FR T 1 T I 8% 3k 4 5 35K 1 7 5801 1) A0 A 45 44

(2)DGEDTY 3% )7 26 Transformer 5 A B #EE v, L)
Vol 2 AN T A B AR AR T 5 B R

(3) ASGCN-DT™ . i 7 ¥ fi i A7) ¥k 4 4t 4 Sy 45 A A1) 7
P — A 18] 1B 3 FH GON R fiff g A7 8% 43 25 rp i 78 42 1A)
MR 7] 8,

(4) ASGCN-DGM ; 5 ASGCN-DT & 1ul. B T 44 2 i [l
T,

(5) GL-GCN 8 42 J5) 25 44 75 80 Jm) 350 45 b 15 B IRl e 5
ABI T H R AE oy RS .

(6)CDT™ 4% GCN 5 Bi-LSTM i #4045 &, LAk B )
TSR AN R S B GON X AR MR AT 5 8. AR
1t BI-LSTM ik A .

4.3.3 FIANSEH IR0y AR

(1)SK-GCN™' 3% J5 ¥ i Fl GCN [R] B 45 B T ) 325 44K 48t
T L P

(2)Sentic-LSTMP i 5 ik 97 @ T LSTM, LATE IR 2 #
257 B ASE AL v R BURNRL,

(3)Sentic-GCN™ % )7 ¥E 3 i # A K [ SenticNet Y 1F
TR e A e o 22 T 4% L DA R ) T AR AR

(4 MTKENS 3% J5 5 ) F 7 /) 42 BS54 038, o 3
L5595 R A L B A AR R A P BE
4.4 ELWHER

M 3 FTF, AR SR T IR AT LI R Y SS-GCN
PR PERE . ARG 3 AT LIAR B LA R 455 . SS-GCN AL 7E 3
A BEE B R T H AR ATV O i, L H & FE Laptopl4 #l Res-
taurant14 $CHE 4R T 0R 24 F oAb I A A AL, HL AR OR i, SS-
GCN H A # A0 38 %0 U H 8] GCN B Sentic-GCN Al SK-
GCN (MR 4F, R B T W08 A (5 B oot Ret, 5
A FH AN 0 B B R AR HE L SS-GCN 7 HE A BE Al Macro-F1
fobr L E AR 1% ~2% . 53X R WAL 7 i 0 B 4T 55
gl A AN B A RO AN EEAUE R R
{5 BB R, TNet-AS K I CNN 2 ¥ 7 1 5 B fk A
R SR R A [ 28 AR R AR T RO e TR B L ]
SS-GCN #E R BR T8 5 T 5 B Al A B 1T 305 B4 BT
7 IR R iR R ) B 0 PR 5 B R SO B AR A
SS-GCN HRE#E T TR £, R SS-GON 7 Twitter £
PE 5 B R R LI R AE B EFE Macro-F1 #8455 AL T 57
BEEHH, FREIREIEY T SS-GCN ByAG R0: Fn i d ok

%3 BOBTE 3 ANEIRAE L I SR AR T I
Table 3 Comparison of model evaluation metrics on three datasets
Laptopl4 Restaurantl4 Twitter
Model
Accuracy Macro-F1 Accuracy Macro-F1 Accuracy Macro-F1

ATAE-LSTM 68. 88 63.93 78. 60 67.02 68. 64 66. 60
RAM 74.49 71.35 80. 23 70. 80 69. 36 67.30
TNet-AS 76.54 71.75 80. 69 71.27 74.90 73.60
MGAN 76.21 71.42 81.49 71.48 74.62 73.53
R-GAT 77.42 73.76 83. 30 76.08 75.57 73.82
DGEDT 76.80 72.30 83.90 75.10 74.80 73.40
ASGCN-DT 74.14 69. 24 80. 86 72.19 71.53 69. 68
ASGCN-DG 75.55 71.05 80.77 72.02 72.15 70. 40
GL-GCN 76.91 72.76 82.11 73.46 73.26 71.26
CDT 77.19 72.99 82. 30 74.02 74.66 73.66
SK-GCN 73.20 69.18 80. 36 70.43 71.97 70.22
Sentic-LSTM 70. 88 67.19 79.43 70. 32 70. 66 67.87
Sentic-GCN 77.90 74.71 84.03 75.38 72.83 71.28
MTKEN 73.43 69.12 79.47 68.08 69. 80 67.54
SS-GCN 78.68 75.02 84.29 77.61 75. 00 74.05
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Table 4 Example predictions
Sentences Tent-AS ASGCN-DG  Sentic-GCN SS-GCN
1. Did not enjoy the new [Windows8]y and touchscreen functions. P X N N N
2. The [ falafal]y was rather over cooked and dried but the
. . (PX.P) (N,OX) (N.P) (N,P)
[chicken]p was fine.
3. How can they survive serving mediocre [ food]: at exorbitant
R (NX,N) (NX,N) (0,0X) (O.N)
[prices]n?
4. The reason why I choose apple MacBook because of their design
p P N X P

and the [aluminum casing Jp.

1T 4 T LU A B AR R SO B i A A
Tnct*ASEﬁ%iﬁl%%*%‘ﬁﬁﬂﬂﬂ%ﬂi?,Tﬁ%?i’ﬁ?ﬁﬁ’ﬂﬁ‘%
) 2R B AT 33X 2 TR 35 A5 B AT DL R A A @ 7 Ty T
1] 55 X 0 Y 2 D0 3R] 2 ] AR M OC R . M Ah, SS-GON 7E 4
T B v B AR T IR A A O 2 — 2B SR B T A A R A
Motk JEHREA T 3.5 5 AL B S WA A R R Y
J5 TR o L — A Sy v 3 7E O A O AR BRI Y, E R
SS-GCN B 158 1 5| A SenticNet 5 /8% %01 H RE % T 7fi: ) M 4

1 IR A L 5 L3 2o /) 3k 18 58 K 2 1) “ mediocre” 1 exor-
bitant”%%ﬁuTL he L85G BR SUE B (15 81T A
i o e 1t 0 S v D X T R R

#5 PANFEARSHT
Table 5 Single case prediction
Aspect  Auxiliary Sentences Prediction Truelabel
How can they survive serving
food mediocre  mediocre food at exorbitant Neural/ Neural
prices 7
How can they survive serving
prices exorbitant mediocre food atexorbitant Negativer/ Negative
prices ?
HRIE OACHEPGHEN THAREELE ABSA 154 L1

RS R T TN FE 43 iR AR B LR A TR AR L R SC R
LTI R TR R AT 1 B 9 SS-GON B A, HLRSE 3, AR 3
TEM HEEI @A T SenticNet 915 A, M Ah, SS-GCN #%
BT FE 40 b 2% B8 T A vk A B i X8 i o g 2 e, B
“CEFNETZE L R B GON R CNN 2 e 07 o 5 b b BUSE
I o 57 R il R 1 R AE G [ 1R T R M 1 432k
KA SRR T A SR B SS-GCON B A R0 Rl b4 né
A5 s T HOAS [RIASE B A Ty 00, AT 45 3iE T SS-GCN 4244
B4 B

FEA R IS b R AT 7E T 2 BE 4R L 9 E T 4R O Tk
B R I 78 BB BE T VR AR RE L B4R 0 3 ) 31 28 AR

1% 1

T
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