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Aspect-level Sentiment Analysis Integrating Syntactic Distance and Aspect-attention

ZHANG Longji' and ZHAO Hui*
1 College of Software, Xinjiang University, Urumqi 830000, China

2 School of Information Science and Engineering, Xinjiang University, Urumqi 830000, China

Abstract Currently, the over-smoothing problem arises from deep convolution in syntactic dependency tree-based graph convolu-
tional networks. This problem prevents the convolutional graph network from extracting the global node information of the syn-
tactic dependency tree. Although the sequential model can extract information about the context of the sentence, the timing-de-
pendent nature of the sequential model leads to the inability of the graph convolutional network to effectively distinguish the con-
tribution of context features to aspect terms. This paper proposes a novel graph convolutional network model based on syntactic
distance and aspect focus attention mechanisms to address the above problems. First, the model learns the contextual information
of sentences and aspect terms separately using a bidirectional long short-term memory network and uses a convolutional graph
network to learn the syntactic dependency information of sentences. Secondly, this model calculates the syntactic dependency dis-
tance among all nodes based on the syntactic dependency tree,sets a threshold to weaken the weight share of long-distance fea-
turessand improves the ability of the graph convolution model to distinguish context features. Finally, this paper also designs at-
tention mechanisms with residual connectivity to automatically guide the aspect terms to focus on the critical information in the
sentence., Experimental results demonstrate that the model exhibits better analytical performance on several publicly available
datasets compared to the baseline approach, with sentiment classification accuracy as high as 75. 94% and 78.59% on the Twitter
and Laptop datasets,demonstrating the effectiveness of the proposed approach.
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AA-LSTM ¥ J7 M A F] LSTM 7745 o, g 4
b 5 O T UE G AE B R BB S O T UM AR B .

CDT: 3 F LSTM Hl GCN 1% 45 ik A, Bk A 2% 3] 54 1Y
R SE B ANE R ER .

AS-GCNHET LSTM Hl GCN #4482 il 55 84, F) ] A i 4
G B IX 4 LSTM % iy - F SCRUE,

AG-GCN 3 F I m T4 89 GCN W 4%, 35 5 1 [7 J5 i /Y
R I

Kuma-GCN : 35 T 1 76 B 45 4 b 50 A0 36 AT, R Fb A 7R 4K
FER G5 A8 S 58 B (9 B

Bi-GCN « i B i 31 Bl 23 2 f 1) /) ok @ 85 oy, B b SCAS Ab
T EAS R BT I BB

IGAT : FIl B 3 1 W 45 5 31 38 7 & S MLl 38 | 2%
2 H A LT XER .

DGCN : il Fi 41 36 B B AL AL | F SO & R0R
4.4 ZHWERSHI

3BV T ABITIAE 3 A BIRAE B PERERT L.

* 3 ABAPERENS LE

Table 3 Performance comparison of each model

CHA %0

e Twitter Laptop Restaurant

Acc F1 Acc F1 Acc F1

TD-LSTM 70.80  69.00  68.10 — 75.60 —

ATAE-LSTM — — 68.70 — 77.20 —
RAM 69.36  67.30 74.49  71.35 80.23  70.30
TAN 72.50 70.81 72.05 67.38 79. 26 70.09
CDT 74.66  73.66 77.19  72.99  82.30 74.02
ASGCN 72.15 70. 40 75.55 71.05 80.77 72.02
Bi-GCN 74.16  73.35 74.59  71.84 81.79 73.01

Kuma-GCN 72.45 70.77 76.12  72.42  81.43  73.64
AG-GCN 73.64 72.20 73.53  68.99 84.37 73.82
IGAT 75.29  73.40 76.02  72.05 82.32 73.99
DGCN 72.87 71.21 74.63  71.03 81.24  72.84
SA-GCN 75.94 74.39 78.59 74.46 82.83 74.61
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& 3ALE N, — R 5L LSTM Jy £ 5l i #1 # (TD-
LSTM,ATAE-LSTM)7E 3 448 & L PEfg A1, TD-LSTM
I ATAE-LSTM #8F H J7 0 W1 X 43 1N SCA S M (AR 7R
IR AR — ., RAM BREZES T2 EEEN
ML S AE I 2R DA O 1 30 Y M . TAN T O 1 0 B
M7 A IR A B R LR A T S T SCRHAE
1 Twitters ZUIE 4 fl Restaurants 3048 % F T3 F LSTM
PASERY S 0G 5 BRI, A 7 HEAR T 0 4 T A 9 LA
TR WS R SCERE O R A RAFROR .

I AR A7 15 BUR  CDT Ml ASGCN T 25 45 Al 5 20 7
3B SR M REAS B T R R R T IE A T AR AR AR S
B EE A M M. R AP OE T GON A iy A5 F
AG-GCN #EEJ7 T T T AL Bi-GCN 45 % 4 g 2 47] 57 ik 46
M, Kuma-GCN 2R F £ F 78 2 97 DL 5 18 76 (9 18 25 4 53X
A A TR R Xof SR A 19 ) A AE G R AR WAL, IGAT W X))
PMAE 5 R A R SR T GAT X 4315 5 22 1] B AR 56 1 L {3
JE GAT R AW s P 00 7 =X, 78 B0 2 TR 45 4 1) () el % 2
THRZEBEMEH . DGCN B4R % i 347 vk 1 5, {8t {2 X
B B ACE AR AL B9 VE L O R NS BN R L K L 5
GCN #5 RU A7 X 1) 4t $2 B 4 =y 15 50 £ B A i

PRt AR SCFE I R — 2R 40 A8 200 ) Rl 1 4 1R T B A A 8
SA-GCN, SZEZ5 BB, SA-GCN 1 3 D3I 4 by ik
PEREIE T HADABLRY . MHAL T B CDT, 7 Twitter 3
£ F,SA-GCN B Acc T T 1. 28%, F1 {HETF T 0. 73%;
7 Laptop ¥ 4E F L Ace /T T 1.4%  F1HETHT 1.47%;
1E Restaurant 3058 F, Acc T+ 7T 0. 53%, F1 {HE T T
0.39% . SLY L5 A, 37 # ARy I ITRR AF N O 4 ) R
FERLIUERA R F A 15 58 A A 5. M+ AG-GCN ##
A, SA-GCN B AE Twitter ZUH6 4 A1 Laptop 4 % 58
TR AT Je . JU H 2 7F Laptop 8054 . Acc 7+ T
5.06% . F1EHIEF T 5. 47% , R ALK L R IR Bl
T 1 — 210 J7 T8 5000 A% I . 7E Restaurant $04E4E I,
SA-GCN BRI Ace BT 1.54% . F1 {HER T 0. 79% . it
Bl AG-GCN 1£ LSTM 2 M A Jr | Wiz A5 B S| T —E 1
fEE e /e E R W T LSTM B8 A B 1y 5 8 52 7
BE L, MHET IGAT ##1, SA-GCN BEHIFE 3 MR 4E 1t B
PEFHIA B L HAE Laptop £ % Lo Acc T+ T 2.57%, F1
AT T 2.41% . £ W GAT FIH £ 3% 38 I HLH T8 A7 5
AR S 1 SR AN RE & 7 FE 25 0 b kAR AU R S i
BT DGCN, SA-GCN B[R] B A T 8 4F (1 25 51 1E W A
SCHE Y AR B B R S 5 N A R AR 1Y O 2 AR 4 i 27
fif T GCN Y U5 B F 2 R A )

4.5 HBLIRLS

R S A BT HE AR KA O Al 4t 43 0 2k B A IR
B A B R )y T S 3 T HL R AR B, LA R TR st 8k A A
B 03 2K B A A B S SR Yk RE L TR A5 SRR 4 BT A,

WM 4 79, SA-GCN w/o A&D B # F 7k SA-GCN #
R [a] A 25 B T S 3 T 0 7 ML AR e R AL E M S AR B 5 SA-

GCN w/o A B 7R SA-GCN #5550 = & J7 T 56 i 1 72 1 bl
i, 4 B8 A T BE BT 4H 4 s SA-GCN w/o D BB 378 SA-GCN
AN B AT R B L DR RR O TG R O HLW . R T
# SA-GCN w/o A KL% Hl SA-GCN w/o A&.D #i 7%, SA-
GCN w/o A BERIZE 3 ANEHREE [ rERE A E 3, WA AL & #E
I [ REAS 5 By GON B B AT 555 1 590 /) 96 AR A7 8 A G At
SO R A TTERE . O F A Twitter S0HE 4 FMERER A
F5 7 R TEF Twitter S8 515 4 5 0 1 40 50— , AL BE B
S A K TN ER . HR LA SA-GCN w/o D #
A5 SA-GCN w/o A&D #A ,SA-GCN w/o D B EKIHTE 3
ANEHE S LIRS T8R4 S5 R o p  7E Restaurant 3048 4E 1
Acc 128 1.70% . F1 325 2. 88%, SZua s R, Iy 61T
TE R FI WL RE 65 8 g 2t 15 B O T IR 8 ) R S Ry
BB 22 A — R IE T BN SOE B R B
)G .5 SA-GCN w/o D fl SA-GCN w/o A # B AH Lk, SA-
GOCN B IK B T I A 1 3551, 2 B T A B e 31) 1 1 AR 4l Bl
B SR i — 2B 4R 1 T TR A BT A 0 A (N BE T L 38 A T R AR
Wz e .

A4 BERUHE SR RlOGE L

Table 5 Comparison of model framework ablation
CHLAL 2 260
Twitter Laptop Restaurant
HA - - -
Acc F1 Acc F1 Acc F1
SA-GCN 75.94 74.39 78.59 74.46 82.83 74.61

SA-GCN w/o D 75.08 73.84 77.45  74.36  82.73  74.55
SA-GCN w/o A 74.66  73.36  77.60  73.84 81.75 72.90
SA-GCN w/o A&D 74,66 73.06 76.35 72.66 81.03 71.76

4.6 EGIoHH

4 E ] 7] 1: “the food was definitely good but 1 just
couldn’t justify it for the price which including 2 drinks, $
L) 2B A 1By ) AR A A R ] I
“Food” FI“ price” 81 drinks” & J5 T 90, R 7 13 JE B 43 2
SRR AR AN 4 (b) HAK R R T O I drinks”
1) A, B 3R) 22 JB) B4 /) 9 S F T AR SCE R R R 1 55
) 9 S TE OG0 PR e B P i 3¢ hot Z N Y
KFRI, K5 WA HEZ T AR T SA-GCN B 5 i
SA-GCN w/o D 51 2 8] #4 X 50 , 3 if v & 7 56 1 BE U3l g
% I I R VE S €0 DA 98 300 R AR 3 ] A7 O T A R A
B, Hd SA-GCN w/o D #8455 15 i J7 187 500 “ drink”
P A7 R M 4328 g “ AR AR . SA-GCN #5520 U] 1F % #b 3] 2 5 T
T drink” @915 B AR M g “ M7, E LSTM B @ |8 3¢
{5 Bt o P A AR 1 B 1R good VAR B TR R Y 6 i
BE L1 GCN AL ALY LSTM A5 AY (14 iy B 1E 0§ A B IF AN BB X
3 JF Al 50X T T 5T BT R 4 A5 BRI good” 1Y 1 /R B R
B BA A 5 24 1) o ) b, S BOBE A G5 AR R Y R 2
M N4 35 B 8 5 B9 SA-GCN A #1303 3% 22 3 {8 6 2 14
“good” 1y B HEBR 7E J7 T LAY 0G24, E A 4 (b) Hh
T3 drink " HEBR T “ good” 1) 1 Ht » 48 v OC 1 /) 1k I 5 4 3 1)
BA TR B (S A AR TR 4 IR B Y A A AR,

100/person”,
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Fig. 4 Syntactic dependency structure of example 1
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Fig.5 Word attention distribution of example 1
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Fig. 6  Syntactic dependency structure of example 2
great food but  the service was dreadful
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Fig. 7 Word attention distribution of example 2
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