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[ Abstract] The existing Chinese short text classification algorithms are faced with sparse features, informal words and
massive data.To address the problems, this paper proposes a Chinese short text classification algorithm based on the
Bidirectional Encoder ,Representation from Transformer(BERT) model.The algorithm uses BERT pre-training language
model to perform eigenvector representation of short text on the sentence level, and then the obtained eigenvector is
input into the Softmax regression model for training and classification.Experimental results show that with the growth of
data from Sohu news, the overall F1 value of the proposed algorithm on the test dataset is up to 93%, which is
6 percentage points higher than that of the TextCNN-based short text classification algorithm.The result demonstrates
that the proposed algorithm performs better in semantic information representation at the sentence level, and in the
classification of Chinese short texts.
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Fig.4 Procedure of general short text representation
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Table 3 Training parameter setting of TextCNN model
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Fig.7 Comparison of classification results between BERT

model and TextCNN model
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