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An algorithm for aspect-based sentiment analysis based on
dual features attention-over-attention

XIAO Yuhan', LIN Huiping', WANG Quanbin’, TAN Ying’

(1. School of Software and Microelectronics, Peking University, Beijing 102600, China; 2. School of Electronics Engineering and
Computer Science, Peking University, Beijing 100871, China)

Abstract: Aspect-based sentiment analysis is of great significance to making full use of product reviews to analyze po-
tential user needs. The current research work still has deficiencies. Many studies ignore the importance of local features
centered on aspects and fail to handle emotional disturbances effectively. To address these problems, this article pro-
poses a dual features attention-over-attention model with BERT (DFAOA-BERT). For the first time, an AOA (attention-
over-attention) mechanism is combined with the BERT pretrained model. DFAOA-BERT also designs global and local
feature extractors to fully capture an effective semantic association between aspects and context. According to the exper-
imental results, DFAOA-BERT performs well on three public datasets: restaurant and laptop review datasets from Se-
mEval 2014 Task 4 and the ACL-14 Twitter social review dataset. The effectiveness experiment of submodules also

fully proves that each part of DFAOA-BERT makes a significant contribution to the excellent performance.
Keywords: sentiment analysis; aspect; attention-over-attention; BERT pretrained model; global feature; local feature;

deep learning; machine learning
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former™ (1) 4 J 2 TN 251" (generative pre-training,
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Table 1 Composition information of the datasets

. T thi3r fi
Btk — — — — — —
il 2k MY g1 ez MY Y2k MUY
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SEACA 994 341 464 169 870 128
Twitter 1561 173 3127 346 1560 173
32 E& SPC) fili | BERT #4515 &b BRA] X} 43 284T 55, K5 i%

J T 297 i PEH DFAOA-BERT 13 B R,
RS T A IR AT 25 X L, X et
LRABEIN L TR ] A9 BE T AR 5 B R JrUE, 5
T P 22 DO 2% A5 760 5 2 BERT M5 14 1R 5 2 3 B

1) %+ m & HL"”" (support vector machine,
SVM) J2& i i A& GE ML 7 2 > it ok J 1 1) 155 R 43 A
55 AR, el SR L AR RS A
SAE TRESEA T BT o

2) EFHAB K ERICIZ M4 B AL (TD-
LSTM)™ 3 5il38 it 2 4~ LSTM 2 $8 Uy i 17 72 4
PR320 8 SRR, K 7 88 4 i SUAE B PR R 1T
7 BB .

3) BRI 4s (IAN) i ] 2 4~ LSTM
KA il A O B R T iR B RN o B AR TS
5 R 1 SR I 11 Il J2 R A R A s o T ) ) 3
BB, [ 2 W] 8 15 5 1 e % B 0 T )
B, UG T AN BIRCR

4) TEFR 1 B 13012 M 2% % (recurrent attention
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SCAGEAZ R, TR IS Al T — AN R R
G 9 4% SR B T B AR AR I 2 A T T R A A
—iz,

5) B J1PAOA) 44 2% 1B 3 )y T i) Y
T SCAE BRI TE AR P 07 B R AE, AL BEA:
B T 1) X6 B AN BE A 1 TR, S B TR
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6) 54l BERT"'(BERT-base) J2& 3 fill i 15 Il 24
BERT 5/ R A I8 AT o] 451 A BE B, 2 A AR
f e AR IH AR 2 .

7) #47 BERT Y7 3 J1 4 i ™ 2% 1 (AEN-
BERT) A& 15 F Wil 25 BERT LAY, HAF 5 7E
T 58 A0 FH 7 L SR g B o 1 R T O] 1 1
MER

8) I T A %4325 1) BERT #5411 (BERT-

B N T 35 T 1 i) 4% A AT AT 45 B, T
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