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Aspect-based Sentiment Analysis Based on BERT Model and Graph Attention Network

LIN Huang and LI Bicheng

College of Computer Science and Technology, Huagiao University, Xiamen, Fujian 361021 ,China

Abstract Aspect-based sentiment analysis is a fine-grained sentiment analysis task that aims to analyze the sentiment polarity of
specific aspects in a given text. Current syntax-based methods heavily rely on a single parsing result from the dependency tree,
and most of the existing research lacks sufficient integration of semantic and syntactic features. Therefore, this paper proposes an
aspect-based sentiment analysis approach based on the BERT model and graph attention network. This method can effectively ex-
plo the semantic and syntactic information in sentence structures and fuse these information through an interactive attention
mechanism to obtain more accurate sentiment features. Firstly,the BERT pre-trained model is utilized to obtain the initial vectors
of the text,and an attention mechanism is employed to associate the globalsemantic information of aspect words,resulting in the
semantic features of the text. Secondly,a syntax parser is used to construct a phrase structure graph and a dependency graph.,and
a graph attention network is applied to encode the node information,leading to the syntactic features of the text. Finally,through
an interactive attention mechanism, the learned semantic and syntactic features are combined to achieve a comprehensive under-
standing of aspect-opinion relationships from multiple perspectives. Experimental results show that the proposed method outper-
forms the existing state-of-the-art methods with ACC and F1 values on multiple datasets.

Keywords Aspect-based sentiment analysis, Syntax analysis,Graph attention network, Attention mechanism
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Table 4 Experiment results
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Restaurantl4 Laptopl4 Twitter MAMS
Models
Ace F1 Acc F1 Acc F1 Acc F1

MGAN 81.25 71.94 75.39 72.47 72.54 70.81 70.31 69.45
RAM 80.23 70.80 74.49 71.35 69.36 70.85 68.52 67.35
AEN 80.98 72.14 73.51 69.04 72.83 69.81 66.72 65.57

BERT-SPC 84.46 76.98 78.99 75.03 73.55 72.14 82.82 81.90
CDT 82.30 74.02 77.19 72.99 74.66 73.66 80.70 79.79

RGAT 86.68 80.92 80.94 78.20 76.28 75.25 84.52 83.74

AEGCN  84.46 76.33 80.37 76.68 75.99 75.01 83.74 83.13
RMN 84.56 79.05 77.95 70.83 74.35 73.79 79.97 78.79
Ours 87.22 81.29 79.74 76.78 77.25 76.10 85.32 84.71

YA A T S B SE IR A5 BT RGAT.
BRI F A ST EAE Twitter Fl MAMS 3038 4E T 19 Ace Fl
F1EHUET RGAT, X 2 B A SCT7 1% T 15 75 A A ot 1 1Y
WFTINAT R . SR, 78 Laptop BU¥E 45 i, AR X7 ik A1 F
Acc M1 F1 (HBEART RGAT, 0] §8 2 H Tz G 45 /) F K 4%
S B0 1% 65 AR R T BT B DR KD FE T IR S A B T IR R N e
BE— LR ICB IR B R RGBS BRSOk g R
WA, HHLILZ T RGAT 51 A T X R b5 2 FRAE , iR 02 76 41] T
B T 1 L T A b R O vk A5 R S BT A UM
73 RGAT & Laptop $#i 15 E Ay R I .

3) 7 SCHE IO X L T vk AT 43 kg A 1 v R AT N AS 4 1 1
PR, AT bR S 85 S AT A AR T T R AR Y T R
Vb AR AR 1 1% R AT 1 7 I OR TR IR T 3 A B R S A
B REAZ IR A b2 48 SCAS 1 R R AR . AEGCN B 78 | 3k
TR G 38 A9 05 ¥ (0 RGAT, AEGAT, IAGAT) Fp £ B #
25 AT R PG T BT A A AR 65 YR R AR 1 O v, X i — A5 E B T
R RE BT 5 P Bl AEERESHER M AE S, )
A A LG T AN R R0 0 05 vk O A R D AL 0 O IR AR S
B AR T I A A RO R B T VR LR T O T G IR
IIMTAE S5 R M,

4.5.2 HAEHHFLE

TR FE AR S v T R T IR % )2 OGP g Y R T
ARSCAE A AAIFEAR AR AT T 9050, IF B 48 0k B
M EE L=1{1,2,3,4,5) B 09 50 2 ROCR 2647 50 7, 25 S 40
2% 5 i3, fF Restaurantsl4, Twitters Fl MAMS ¥ £ I,
ML =2 W BT R IR 4 s M AE Laptopld B4 [, L=4
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Table 5 Influence of GAT layers on the model
%)
ERE3TACE g 1 2 3 4 5
Restaurantsl4 85.34/79.35 87.22/81.29 84.99/76.57 85.96/80. 58 85.43/76.96
Laptopl4 78.96/75. 96 79.11/75.90 78.64/75. 64 79.74/76.78 78.17/73. 64
Twitters 74.59/73.89 77.25/76.10 75.48/74.53 75.04/73.15 75.04/74.23
MAMS 83.34/82.56 85.31/84.71 83.95/83.18 83.65/82.91 84.94/84.50
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Fig. 6 Influence of GAT layers on F1 score
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