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Abstract: To add
of pre-trained language

ues of lengthy training time, large number of parameters, and deployment challenges
els, as well as the comparatively poor performance of non-pre-trained language models in
sentiment analysis, this paper proposes a text sentiment analysis based on knowledge distillation model. This model
utilizes the pre-trained deep learning model, Bidirectional Encoder Representations from Transformers (BERT), as the
teacher model and the Bidirectional Long Short-Term Memory (BiLSTM) as the student model. In the process of
knowledge distillation, the output of the Softmax layer of the teacher model is distilled as "knowledge” for the student
model, which is then applied to text sentiment analysis of online public opinions of public events. Experimental results
demonstrate that the proposed model, with parameters only 1/13 of the BERT model, improves the accuracy of the
BiLSTM model by 2.2 percentage points; it outperforms other similar lightweight models and enhancing the efficiency
of text sentiment analysis.
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