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Research on text sentiment analysis of
dual-channel neural network model based on BERT
YAN Chiteng, HE Lili
(School of Informatics Science and Technology, Zhejiang Sci—Tech University, Hangzhou 310018, China)

[ Abstract] Aiming at the current sentiment analysis tasks using the text word vector generated by Word2vec, GloVe and other
models, it cannot effectively solve the problems of polysemous word representation and that the classic neural network model cannot
fully extract the semantic features of the text. This paper proposes a dual-channel neural network model text sentiment analysis based
on BERT method. This method uses the BERT model to generate word vectors, and the BERT model generates dynamic
representations of text word vectors in the process of fine—tuning downstream classification tasks. Then, the word vector is input to
the dual-channel model constructed by CNN and BiGRU for feature extraction, the local and global semantic features of the text are
obtained in parallel, and the corresponding weight scores are assigned to the output features through the attention mechanism to
highlight the emotional polarity of the text . Finally, the dual-channel output features are fused to perform sentiment classification.
Experiments on the hotel review data set show that compared with the baseline model of text sentiment analysis, the accuracy and F,
score of this model are improved by 3.7% and 5.1% , respectively.

[ Key words] text sentiment analysis; BERT model; Convolutional Neural Network; Bidirectional Gate Control Recurrent unit;
attention mechanism
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Fig. 3 BERT model input sequence diagram
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Tab. 3 Feature extraction layer model parameters setting

batch size 6
1) ) £ 4 B 768
hidden size 256
dropout rate 0.2
epochs 10
ERTE S 0.001
Ak s Adam
ES A NG (2,3,4)
RSN ZSIIBIER Y (256, 256, 256)

YN &N N 150

34 MHEXWELERSH
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Tab. 4 Comparison of test results of word embedding layer model

TR AMET  Accuracy  Precision Recall ~ F, — socre

Word2Vec  0.856 5 0.825 1 0.830 6 0.827 8
LoEM 0.874 0 0.861 9 0.846 4 0.854 1
BERT 0.895 5 0.861 1 0.885 2 0.871 7
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Tab. 5 Experimental comparison results of different models

i Accuracy Precision Recall F; — socre
BERT-BiGRU 0.8955 0.8611 0.8852 0.8717
BERT-BiLSTM 0.898 5 0.8608 0.8924 0.8743
BERT-TextRNN 0.9025 0.8842 0.8838 0.884 0
BERT-TextCNN 0.908 0 0.8905 0.8905 0.890 5

BERT-CNN-BiGRU 09165 0.8975 0.9026 0.900 0
BERT-CNN-BiGRU-AT 0.9290 09212 09121 09164

S LE R PP FE AR LA Accuray 5 F, — socre N
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WERRIRE T 1.4%, F, 0 BHRE T4 1.8%, 1
W R ML AT DA BB A e 2, 25 1
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R SCCARE A AT 55 b LA AR I B 38 2, IE
AT AR SRR A Rk
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