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B BN TOFEAIARAERS>MFEA, B R AEST I FEREATZRNE RN T LW AL 85
WRGEZT TR, 4B — A T % H % eh 8 4 A% % A& JEH K (Bidirectional encoder representations from
transformers, BERT) fe s i 2 & A 9 #7 A . A TR G TR LT (BIGRU) AP 2 M %4 ¢ i@ 8 §i 57
FEBCE SUAFAE , 0 R T Ak A7 22 P 4693858 5 5T 42 U B AFAE 5 B B, £ T ANl 38 0 ) 5l N2 & A7 AU
VA FAF IR IR AT 8, FF A R AR %44 A BERT #4448 @ 2,8 13 BERTAR#E L F LEFE 3w
AR, K AL EERGE LR ANFIELA %G, i i 5 W i 6935 LA AR S B B AR BT Rk A BRI
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Text Sentiment Classification Model Based on BERT and Dual Channel Attention

XIE Runzhong, LI Ye
(School of Optical-Electrical & Computer Engineering, University of Shanghai for Science & Technology, Shanghai, 200093, China)

Abstract: As for sentence-level emotion analysis, current deep learning methods fail to make full use of
emotional language resources such as emotion words, negative words and degree adverbs. A new model is
proposed based on bidirectional encoder representations from transformers (BERT) and dual channel
attention. One channel based on bi-directional GRU (BiGRU) neural network is responsible for extracting
semantic features, while the other based on full connection neural network is responsible for extracting
emotional features. At the same time, attention mechanism is introduced into both the channels to better
extract key information, and the pre-trained model Bert is used to provide word vectors and thereafter
adjust them dynamically according to the context so as to embed real emotional semantic into the model.
The final semantic expression is obtained through the fusion of semantic features and emotional features
from the two channels. The experimental results show that, compared with other word vector tools,
BERT has a better feature extraction ability, while the emotional information channel and the attention
mechanism enhance the model’s ability to capture emotional semantics, which significantly improves the
performance of emotion classification and its convergence speed and stability as well.

Key words: text sentiment analysis; deep learning; BERT; dual channel; attention; BIGRU
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Fig.1 BERT model structure
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