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Chinese short text classification model based on hybrid neural network
CHEN Qiaohong , WANG Lei, SUN Qi, JIA Yubo
(School of Informatics Science and Technology , Zhejiang Sci-Tech University, Hangzhou 310018, China)

Abstract: In the existing algorithms, feature representation has the sparse problem and high-level
extractin effect of texts is poor. Aiming at these problems, a Chinese short text classification model based
on hybrid neural network was proposed. Firstly, the model screened the feature words at phrase level and
character level through a self-defined the filtering mechanism. Then, convolutional neural network (CNN)
and recurrent neural network (RNN) were combined to extract high-order features of texts, and the
attention mechanism was introduced to optimize high-order vector features. Finally, the obtained high-
order vector features were inputted into the full connection layer to obtain classification results. The
experimental results showed that the proposed method could extract the features of phrase and character
layers. Compared with CNN, LSTM and CLSTM models, the classification accuracy of the proposed
model improveby 10. 36%, 5 01% and 2 39% on binary dataset respectively, and the classification
accuracyimproveby 12. 33%, 4. 16% and 2 33 %on multiclass dataset respectively.
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