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Convolutional Neural Network Model for Text Classification Based on BGRU Pooling
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Abstract Aiming at the problem that deep learning has the disadvantages of small adaptability and low precision when
it solves the problem of text classification, this paper proposed a convolution neural network model based on bi-direc-
tional gated recurrent unit (BGRU) and convolution layer pooling. In the pooling stage.the intermediate sentence gene-
rated by BGRU is represented as a local representation obtained from the convolution layer, the representation of high
similarity is judged to be important information,and the information is retained by increasing its weight. The model can

give end-to-end training and train multiple types of text,and it has good adaptability. The experimental results show

that the proposed model has greate advantage compared with other similar models,and the classification accuracy is also

improved significantly.
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Fig. 3 Effect of parameter configuration on model accuracy
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