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Abstract

News text classification is a multi-classification task that divides news text into different catego-
ries. It aims to identify the key semantic information of the text and provide users with convenient
access to target news. Based on the theory of deep learning, this paper constructs a news text clas-
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sification model called textPDCNN, which mainly includes LSTM layer, multi-scale hole convolu-
tion layer, pooling layer and fully connected layer. LSTM layer is mainly used to extract the se-
mantic information of the text, the multi-scale hole convolution layer mainly is used for inte-
grating the information of different scales obtained by the hole convolution with different ex-
pansion rates. The pooling layer is used to extract features that are most conducive to classifica-
tion, and the fully connected layer is to map the extracted features to the classification space. Ex-
periments show that compared with traditional HAN model, the Macro_P, Macro_R and Macro_F
indicators of textPDCNN have increased by 0.74%, 0.61% and 0.49% respectively. The perfor-
mance of textPDCNN on the public data set THUCNews exceeds the best results currently known
in the literature. To sum up, the model we proposed can integrate phrase features of different
lengths well, and has obvious advantages in news text classification tasks.
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Figure 1. textPDCNN model structure
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Figure 2. Sketch of one-dimensional cavity convolution
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Figure 3. Sketch of multi-scale cavity convolution
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Figure 5. Box chart of text length
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Table 4. Parameters setting
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Table 5. Performance comparison of different models
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Figure 7. Comparison of Macro_R
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Figure 9. Comparison of the accuracy for different categories
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Figure 10. Comparison of recall for different categories
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Figure 11. Comparison of F values for different categories
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