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[ Abstract] Traditional text classification generally uses a single—label form. However, in real life, multi-label text has a wider
range of application scenarios than single—label text. Different from single—label text classification, multi—label text classification
means that a sample may correspond to one or more labels. In this paper, a model of BIGRU-Capsule is proposed. First, the text is
converted into a vector representation through the embedding layer of the input text sequence; then the text features are extracted
through BiGRU and Capsule; finally, the sigmoid classifier is used for classification. In order to ensure that the amount of data is
sufficient, experiments were conducted on the multi—label corpus dataset of today ‘s headlines 2018 news headlines. The capsule
network model is used as a comparative model for multi-label text classification experiments and analysis. The final experimental
results show that the multi—label text classification effect of this model has been effectively improved.
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Tab. 1 Multi—label text classification results
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Fig. 5 The model accuracy rate change curve
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