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Table 1 Precision, recall and F1-value results of different models on three datasets
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Barrage Text Sentiment Analysis Based on ALBERT-CRNN
ZENG Cheng'**, WEN Chaodong', SUN Yumin', PAN Lie', HE Peng'*’
(1. School of Computer Science and Information Engineering, Hubei University, Wuhan 430062, China;
2. Hubet Province Engineering Technology Research Center for Software Engineering, Wuhan 430062, China;
3. Hubei Engineering Research Center for Smart Government and Artificial Intelligence, Wuhan 430062, China)

Abstract: The barrage text sentiment analysis model ALBERT-CRNN based on ALBERT pre-training
language model and convolutional recurrent neural network (CRNN) was proposed. Firstly, the ALBERT
pre-training language model was used to obtain the dynamic feature representations of barrage texts, so
that the same word had different word vector expressions in different contexts. Then, these feature vectors
were trained by CRNN, which made the local features and context semantic correlation to be fully consid-
ered. Finally, the sentiment polarity of barrage texts was obtained by the Softmax function. Experiments
were carried out on the barrage text datasets of Bilibili, iQiYi and Tencent video platforms. The experi-
mental results showed that the accuracy of ALBERT-CRNN on the above three datasets reached 94. 3% ,
93.5% and 94. 8% respectively, which were better than some traditional models.

Key words: barrage text; sentiment analysis; word vector; pre-training language model; convolutional

recurrent neural network
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