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Knowledge-assisted and Reinforced Syntax-driven for Aspect-based Sentiment Analysis

ZHENG Cheng and BAN Qingqing
School of Computer Science and Technology, Anhui University, Hefei 230601, China

Key Laboratory of Intelligent Computing and Signal Processing, Ministry of Education, Hefei 230601, China

Abstract Aspect-based sentiment analysis aims to align aspects with their corresponding opinion expressions to identify the sen-
timent polarity of specific aspects. Existing dependency tree-based graph neural network models have achieved significant per-
formance improvements in aspect-based sentiment analysis. However, most studies fail to fully exploit the complete information of
the syntactic dependency tree,often overlooking syntactic dependency distance or dependency label information. This limitation
may prevent effective alignment between opinion words and their corresponding aspect terms, particularly in sentences containing
multiple aspects. To address these issues,a knowledge-assisted and reinforced syntax-driven network model is constructed. Spe-
cifically,an opinion word perception module is designed by incorporating external knowledge information to enhance the model’s
ability to recognize opinion expressions in sentences. Then, reinforcement learning is employed to guide the construction of the
syntactic distance graph. This graph is then heuristically integrated with the dynamic syntactic label graph,which is built based on
word relations and dependency labels, thereby improving the accuracy and comprehensiveness of capturing relevant opinion ex-
pressions for a given aspect. Additionally,an aspect-focused attention mechanism is employed to better handle sentences with am-
biguous syntactic structures. Extensive experiments conducted on three public datasets validate the effectiveness of the proposed
model.

Keywords Aspect-based sentiment analysis, Sentiment lexicon,Syntax dependency tree, Reinforcement learning, Graph convolu-

tion networks, Attention mechanism,Deep learning
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H, = fGnask(H{ ,Hy ,-+ ,H;)) an
H'=[H..H;] (1)
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4.1 BIEEMIRIEE

ST SRR A M L AR SCHE R Fl SemEval 2014 Task
4530y Laptop Ml Restaurant 304 8 DL &3k B ACL 1454 fy
Twitter UHEE L#AT T Z %%, H P Laptop Al Res-
taurant ZU4E 4 0 A F R E AN E A 7| T
Twitter ZUHE 4R o (9 8447 {04 & — A~ J7 |38l . r A J7
i) N X I 4 AR AR M B . o R A ) T 2 28 AE B 4R
HHEAT T ARE . SR SEEIRE R S E Bk 1 A,

F 13 EMERERE NS IE R

Table 1  Statistics for three benchmark datasets
Dataset Positive Negative Neutral
train 976 851 455
Laptop
test 337 128 167
train 2164 807 637
Restaurant
test 727 196 196
. train 1507 1528 3016
Twitter
test 172 169 336

T i, % ] BERT 9 bert-base-uncased 24 7E Sk )
Fominey IR BERMEME N ZEHCH 2, 8B R 0.3, X
F Laptop,Restaurant il Twitter 3% 5 , 1t & K /N4> 513%
32,16 f1 16, MAVSEW AL EH Adam HRALES . 5 3 iR
R 2X107° . A BOUE S R RS R T R R I R g
$(Epochs) B N 20, AT 5l AAIE(E B . BT A 74 F i
JHAR ) CoreNLP™ it BT 25 i 47 4] 1 A0 48 e AT -0 ) 92k B
9 R BB R 10,3 AN BOHE 42 09 AL 2 B g R g 53 501 Ty
(0.8,0.3),(1,0. (0. 3,0.8), AT MK BT
TEE B OB B R 0. 1, 00 il 1 48 22 2 | BR 8 7 (0. 5)
W, B ER i E T Laptop. Restaurant Al Twitter %
P FR o AR 4334 (7,2.5),(11,0. ) F(7,1.5),
4.2 HEER
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200 b ) P AT 3 RIS, R 0% e iR A L ) T A DG B LR AR 1Y
Wideae S R BRI BE. BE4h, 5 ACLT, HGCN # Syn-
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Fo2 BIETE 3 A HEMEHGRAE b0 S g R LR
Table 2 Comparison of experimental results of models on three

benchmark datasets

[€Z9)
Laptop Restaurant Twitter
Model
Acc F1 Acc F1 Acc F1
KumaGCN 79.57 75.61 84.91 77.22 74.33 73.42
ACLT 79.68 75.83 85.71 78. 44 75.48 74.51

BERT4GCN 77.49  73.01 84.75 77.11 74.73  73.76
DualGCN 81.80 78.10 87.13 81.16 77.40  76.02

AGCN 79.94 76.52 82.77 73.29 75.43 74.11
SSEGCN 81.01 77.96 87. 31 81.09 77.40 76.02
dotGCN 81.03 78.10 86.16 80.49 78.11 77.00
MGEN 8183 78.26 8731 8237 78.20 77.27
HGCN 79.59 76.24 86. 45 80. 60 76.52 73.57
LOSIT 81.41 77.16 86. 88 82.27 77.75 76.94
SynPrompt 81.28 77.19 85.96 78.45 76.23 74.30
GCNet 80. 79 77.61 87.08 81.35 77.55 76.56
Ours 82.12 79.18 87.58 82.80 78.73 77.74

TE SR A0 25 R LA bR s IR 45 R T R e pm il

4.4 GHELIRIS
R T UG AR A i A A AR 0 AT st E — 2B AT T
S A i) N R R AR A b B R T JER N R B (R w/o
OPA) LI ES I (w/o SD) Al kR 25 B (w/o SR) (& A
BBl (w/o SG,w/o SD&SR) . J7 i e i i 3 1 (w/o AF), K
W w/o SG 2B AN A 2k B AR AR e & = RlE s w/o
SD&.SR 2 {ff FI ) 7 6 38 0 PR AR B 25 6 A wk IR, 32 6 455 SR
F 3 FTA, T LAVREE B, 25 BRASE AL v (AT o] — A A5 B 4 R
SRR A T BOHE SR LA PR RE R [ X UL T BB A
ACME R EE . BRI, 24 25 B R I ) JER A B i A A 7
JA BOE A LM RE T M £, 3 3 B IR B R 5 A 5
RS X T UL 1) B DG A B 5 T 244 2% ik /) 3k B R R A 9k A 4 TR
i), BRI ZE Restaurant 08545 T A9 PEGE T R 08 B i K X Ui
ot T T AR R A Ak 1 X B SR L B A AT RS I T
R EAR A DR T M,
#3 MRS ES
Table 3 Results of ablation study

7]

Model Laptop Restaurant Twitter

Acc F1 Acc F1 Acc F1

w/o OPA 79.59  76.51 85.61 78.94 76.81 75.86
w/o SD 80.22 76.87 85.70 79.19  76.37  75.20
w/o SR 79.79 76.44 85.17  78.94 76.81 76.03
w/o SG 81.65 78.48 87.22 81.33 78.43 77.43
w/o SD&SR  80.85 77.61 85.17 78.74 76.96  76.07
w/o AF 79.91 76.82 86.06  79.45 77.99  76.82
Ours 82.12 79.18 87.58 82.80 78.73 77.74

4.5 XEBSEHW
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M GON 2B B 2 I Bk 2 iR fE PR . X T2
GCN 1L RE TR & T 42408 3 M AR5 B A R 22 3] B 1 {5 B
BOAA R W 209 GON JZ2 0 g 5 80w SRR 5 %, O
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R TR BE 28 1 B AN R . 4, 7 Twitter B0464E I
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BRI PE BE SR U, R B TR BE R P BN F REE&E —4
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Fig. 4 Analysis of effectiveness of reinforcement learning
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Fig. 5 Two visualization examples of the integrated syntactic graph
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Table 4 Experimental results of case study

Sentence Label DualGCN MGFN Ours

Great food but the service was dreadful! (P,N) (P,N) (P,N) (P,N)

Disappointingly, their wonderful Saketini has been taken off the bar menu. (P,N) (P.O) (P.N) (P,N)

On start up it asks endless questions just so itune can sell you more of their products! (N.ND (P,O) (P,O) (N,N)

T DR 7R 8540 35 19 454 7 1 5 Label 1836 77 16 3] A9 3T 9245 B P s Dual GON, MGEN Hl Ours 4R 32 568 137 A5 789 350 110 155 Ja M 1
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