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Abstract: In order to improve the extraction of contextual text features, capture the semantic relationships between texts, and effectively fuse
global and local information, the BERT-Transformer—TextCNN parallel text classification model is proposed. This model preprocesses the in-
put text through the BERT model to obtain text feature vectors. The Transformer coding layer is used to extract the global information of text fea-
ture vectors, and L2 regularization, residual connection and cosine similarity are introduced in the coding layer to overcome the effects of over-
fitting, gradient disappearance and vector length. TextCNN is used to extract local information of text feature vectors, and in the process, re-
sidual connections, He initialization and average pooling layers are introduced to cope with the disappearance of gradients and insufficient in-
formation utilization. Finally, the global and local information are combined, and the text is classified through the Softmax classifier to obtain
the final classification result. experiment result shows, Compared with the traditional model in the THUCNews data set, the improved model’s
accuracy increased by 12%, and its F1 value also increased by 8%. On the IMDB data set, the accuracy and F1 value increased by 13% and
8% respectively, proving the effectiveness of the model in extracting global and local information and integrating semantic relationships.
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Fig. 2 Transformer coding layer structure
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Fig. 3 Residual connection architecture
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Fig. 4 Improved feedforward neural network architecture
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Fig. 5 Improved partial multi-head attention mechanism architecture
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Fig. 6 Improved Transformer coding layer
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Table 2 Comparison results of TextCNN models
R2 TextCNNEEISFLE R
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Table 3 Comparison results of the proposed model
R3 ARUEBILLER
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