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Abstract

The multi-label text classification problem is an important subtask of natural language processing.
Considering that the traditional multi-label text classification problems often do not make full use
of the information of the labels, this paper proposes a model based on dual attention mechanism
for the multi-label text classification problem in the judicial field. The inherent information of the
text is fully mined, and the weights are assigned to the feature vectors of the text from the two as-
pects of the label semantic attention layer and the label structure attention layer to capture the
potential relationship between the label and the text. In order to verify the validity of the model, a
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comparative experiment is designed in this paper. The results show that the model has obvious
performance improvement in macro-F1, micro-F1, and union-F1.
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Figure 1. Overall structure of our model
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Figure 2. BERT model structure
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Figure 3. Attention mechanism
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Table 1. Experiment Results
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Ay Flinacro (%) Flmicro (%) Flinion (%)
TextCNN 24.96 88.04 56.50
TextRCNN 24.38 91.12 57.75
BiGRU-Attention 26.37 89.41 57.89
Bert 25.10 88.51 56.81
Our model 31.13 94.32 62.73
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