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Sentiment analysis model based on K-BERT
WANG Guijiang, HUANG Runcai
(School of Electronic and Electrical Engineering, Shanghai University of Engineering Science, Shanghai 201620, China)

[ Abstract] Using pretrained model to perform sentiment analysis on Chinese text is the current mainstream way. The proposal of
the K-BERT model overcomes the problem that the BERT model does not have background knowledge. By introducing a two—way
LSTM network on the basis of K-BERT, the KB— BERT sentiment analysis optimization model is proposed. Through the K-BERT
pretrained model, the input content is enriched in the background, and the feature vector containing the contextual semantic
information is obtained. Then LSTM is used to extract the relevant features of the context, and finally the text sentiment analysis is
performed. The experimental results show that the effect of using KB-BERT is better than that of K~-BERT, and the accuracy on the

two data 87.97% and 98.33%, respectively.
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