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Research on aspect-level sentiment analysis method based on Self-Attention
CAI Yang

(School of Computer Science and Technology, Zhejiang Sci—Tech University, Hangzhou 310018, China)

[ Abstract] To address the shortcomings of RNN and CNN-based models for fine—grained aspect—level sentiment analysis, which
are RNNs encounter the problem of long—distance dependency and the models cannot be computed in parallel; meanwhile, there
exist the following problems that the output of CNNs usually contains pooling layers, and the feature vectors lose relative position
information and some important features after the operation of pooling layers, and CNNs do not take into account the contextual
information of the text. This paper proposes a Light—Transformer—ALSC model, based on the Self—Attention mechanism, and uses
the idea of interactive attention to extract features using different attention modules for aspect words and contexts to fine—grained
sentiment analysis of the text. The model in the paper outperforms most of the LSTM-only based models. In addition to the BERT-
based model, the accuracy is improved by 1.3% ~5.3% on the Laptop dataset and 2.5% ~5.5% on the Restaurant dataset; compared
with the BERT—-based model, the number of model parameters is greatly reduced with a similar accuracy.
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Fig. 1 Structure of Light—Transformer—ALSC network
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Fig. 3 Schematic diagram of feature splicing
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Tab. 1 Statistical information on aspects

;%(TE% IEIL: ﬁﬁéﬁﬁ% ;Ejz ﬁ,ﬁ@ﬁ igﬁ E—y{ ﬁ ﬁ? E(J é&% % , /ﬁ\: e Restaurant ~ Restaurant Laptop Laptop
Z FAS N o N N
1487 Laptop H1 Restaurant 14~/ i) 3 8 i 44 | PR S AR M iAE
BORS ERE A 4 RO A, Bl B 2ie s e s
(positive) JHM ( negative ) , 137 (neutral ) LA Kz 115 2 637 196 464 169
(conflict) , APECIR S 7 T 056 LA 1. T
HIE% 1 AT DA I I R D i 8 ” BOREAS LS o1 14 45 18
FEARAD 2 S BOREA SR A7, IR I AN 25 S Al P B 3699 1134 2373 654
WG HOREA, B TRADEE AT I A E Ses 0 aas e
Ee SR SR A B PR SR WL 4 BT, Hirb polarity WIAE
Id text category  polarity
0 3121 But the staff was so horrible to us. service -1
1 2777 To be completely fair, the only redeeming fact... food 1
2 2777 To be completely fair, the only redeeming fact...  anecdotes/miscellaneous -1
3 1634 The food is uniformly exceptional, with a very... food 1
4 2534 Where Gabriela personaly greets you and recomm... service 1

B 4 #34 Restaurant ijll 2k &

Fig. 4 Part of the Restaurant training set
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Tab. 2 Experimental environment

FR ARfER
PIERG CentOS Linux release 7.9.2009 ( Core)
Intel(R) Core(TM) i9-7900X CPU @
pGBLE
3.30 GHz
e NVIDIA Corporation TU102 [ GeForce RTX
i 2080 Ti Rev. A] (rev al)
R 24 > fE4L TensorFlow—GPU (2.0.0)
1R 2 4 PyCharm 2019.3.3 ( Professional Edition)
A Python(3.6.12)
AT A Anaconda(4.8.3)

3.2 iFHrdERR

S PR BT S e ST A,
Sesh it SR JRIEME I 3.
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Tab. 3 Confusion matrix

T o 1E i RUE EAvA T A
SEBR M IE TP FUP FNP
4UN: VA FPU TU FNU
S2brA it FPN FUN TN

i 3 ATLARS Y RS AT a0 12) SRR

woe = 1P+ TU + TN (12)
TOTAL
Hrp, TOTAL 3 3 W rA 45 R 20,
3.3 LBLERLH
T RUE AR SCRE AL )G A K AR B e 4R
(R SIE 0 25 L 5 LA RAF 5% 37 42 1) P A TR AR B2 A R
TS, WA 4, AR UMY Hh e 35 1) ) AR D L
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Tab. 4 Comparison of the models

Accuracy

8|
Restaurant Laptop
TD-LSTM 0.756 0.681
AT-LSTM 0.762 0.689
ATAE-LSTM 0.772 0.687
IAN 0.786 0.721
BERT 0.815 0.753
HAN 0.802 0.756
BERT-LSTM 0.822 0.753
Light-Transformer-ALSC 0.811 0.734

(1)TD-LSTM 5 TC-LSTM £ #115) . TD-1L.STM
Xt H bR L SCo AR, Bk U, i 2 4
LSTM, —~ LSTML #& i A SCA S —4~ 18 2 B 75
AR IEAE B, —> LSTMR 425 H A i) B4 A A
5 Ja — M ARRIEAR B 1 B 1 ) i DF 2 Pk
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58, -1 20,
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5.5% ;% LT BERT RUAREAY, 76 M0 2 422 005 (1 1
BT BRI S H i KD AR SRR A S H R 2058 4M
(XH,1M=1 x106), 1Ml BERT £ 110M ( X H ,
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