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Chinese News Classification Based on Weighted Word Vector and
Improved TextCNN

WAN Zheng, WANG Fang, HUANG Shucheng
(School of Computer, Jiangsu University of Science and Technology, Zhenjiang 212114, China)

Abstract: In order to solve the problem of insufficient information extraction and poor classification effect of a single deep learning model ,
this paper proposes a BA-InfoCNN-BiLSTM model with a hybrid multi-neural network. The model uses BERT as the word embedding layer to
obtain the vector representation of the word, and then uses the attention mechanism to obtain different weights for the word, and then sends it
to the improved text convolutional neural network on the one hand to obtain The local information features of the text, on the other hand, are
sent to the bidirectional long short—term memory network to obtain the global information features of the text, and finally the extracted local in-
formation and global information. After the features are spliced and fused, they are sent to the softmax function for classification, and the clas-
sification results are obtained. After comparing experiments with other models, this model has achieved good classification results. It has
achieved 95.07% and 84.95% accuracy on the Sina news data set and Sohu news data set respectively, which solves the problem of insufficient
information captured by single model to a certain extent.
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