Ba2S51 2020459 H 5535 % 55 M
JOURNAL OF LIGHT INDUSTRY Vol. 35 No.5 Sep. 2020

SI AR ke, SO, 200, 4. BT BERT HI BIGRU AY7EZR P8 SUAE B 26058 T].
172 T 24 ,2020,35(5) :80 - 86.

RESHES TPI83  XEAFRIRAD:A

DOI.:10. 12187,/2020. 05. 011

X EH S :2096 - 1553(2020)05 - 0080 - 07

JET BERT Hl BiGRU 1)
FEZEVE IR SO 128 50 JEWE 52

Research on sentiment classification for online reviews based on BERT and BiGRU

WA, FHBUR , F 0, K ATHR
YAO Ni, GAO Zhengyuan,LOU Kun,ZHU Fubao

MBI AZ HHEEERE TEFR, T A M 450001

College of Computer and Communication Engineering, Zhengzhou University of Light Industry,

KW Zhengzhou 450001 , China

RIS B %

pra s orvees T AT B I A P R R A KR 89 P, R — A T
1

BERT #= BiGRU ¢4 /£ &% #F 6 LA H B - X AR A 4 448 8 Word2Vec 1E
B XK N EBATIEA @ E &7, R4 A BERT | %4 & 5 A RRIA G 28

Key words ;

deep learning; REZHS,RT, ¥ LM AN BIGRU M&ATH Bk FHEREN, 5RG
sentiment classification ; LSTM % 4~ Attention HL4) A2 A ( W2V-BiLSTM-Attention ) | 4% 4% % A7 4d & W 25 4%
BERT; Word2Vec; 1 (W2V-CNN) fots G i 2R Ap 22 W 2642 A (W2V-RNN) A8 6, A XA AL 69 MicroF 1
BiGRU 1837 % (0.91) , 5 K 2 R 47,

%5 H 88 :2020 - 07 - 01

EE&TH: 7o 2020 4 A H# & &+ % 5 A (202102210384 ) ; 6 9 # T db X 2019 4 4k 4] = & 1% 4L 3 B
(2019ZCKJ228)

TEBR N IR (1978—) , o, AB B R HEA K MNB TR K PERIT, ELFRT 0 AHRET A2 LLEE AR,



#h¥E., % . £ T BERT #n BiGRU Wy 72 & P b AR E R o K #F %

. 81 -

Abstract; Aiming at the problem of inaccurate sentiment classification for online comment texts of Internet

users, an online reviews sentiment classification model was proposed based on BERT and BiGRU. The model

used the Word2Vec framework to represent the word vector of the text content, then exiracted the deep

dynamic representation of the word vector by the BERT pre-training model , and finally input it into the BiGRU

network for sentiment classification. The experimental results demonstrated that compared with the dual-path
LSTM combined with Attention mechanism model ( W2V-BiLSTM-Attention) , traditional convolutional neural
network model (W2V-CNN) and traditional recurrent neural network model (W2V-RNN) , the MicroF1 value
of this model was the highest (0.91) with the best classification results.
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Fig.3  Skip-gram model structure
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Fig.4 BERT model structure
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Table 1 Comparison of BERT + BiGRU
model and other models
FELRY KA Precision  Recall F1 MicroF1

0 0.8147 0.8989 0.8547

W2V-CNN 1 0.8041 0.8805 0.8406 0.82
2 0.7896 0.4143 0.5434
0 0.8589 0.8910 0.8746

W2V-RNN 1 0.8571 0.8553 0.8562 0.83
2 0.7741 0.7097 0.740 5
0 0.8739 0.8945 0.884 1

WZX;EQE(S)IM_ 1 0.8566 0.8805 0.8684 0.86
2 0.7907 0.6927 0.7385
0 0.9347 0.9240 0.9293

ke 1 09337 09050 0.9191 0.91
2 0.7874 0.8676 0.8255
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