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Text Classification'Using Capsule Network Integrating Stroke Features

LI Ranran,LIU Daming,LIU Zheng, CHANG Gaoxiang
(School of Computer Science and Technology, Shanghai University of Electric.Power, Shanghai 200090, China)

[ Abstract] Most current text classification methods have the problem: thatthey cannot effectively reflect the importance
of different words in a sentence, and the word vectors obtained in the neural network training process ignore the
structural information of the Chinese characters. A GRU-ATT-Capsule hybrid model is proposed and combined with the
CW2Vec model to train Chinese word vectors. First, the text data are preprocessed, and the word vector trained by the
traditional word vector method is used as the first input of the model. The Chinese word vectors containing the stroke
features of Chinese characters obtained by the CW2Vec model training are used as the second input to represent the text.
Second, the contextual features of two different inputs are extracted through the Gated Recurrent Unit(GRU) , and the
attention mechanism is used to learn the importance of words in the text. The contextual features extracted from the two
different inputs are fused, allowing the<capsule network to learn the characteristics of the relationship between the local
and global features of the text for text classification. The experimental results on the Sogou news dataset show that the
GRU-ATT-Capsule hybrid model improves the classification accuracy of the test set by 2.35 and 4.70 percentage points,
respectively, compared with the TextCNN and BiGRU-ATT models, and the dual-channel input hybrid model fused with
stroke features compared with the single-channel input mixture model, the classification accuracy of the test set is
improved by 0.45 percentage points, which proves that the GRU-ATT-Capsule hybrid model can effectively extract more
text features, including Chinese character structure, and improve the text classification effect.

[Key words] word vector; stroke feature; Gated Recurrent Unit (GRU) ; attention mechanism; capsule network ; text
classification
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Fig.1 Structure of GRU-ATT-Capsule hybrid model
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