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Abstract: In order to improve the performance of text classification, differential evolution convolutional neural network
(CNN) algorithm was used for text classification. Firstly, the structural parameters of CNN were set randomly, then the
parameters were optimized by differential evolution algorithm, and the optimal individuals were obtained by continuous
evolution through crossover and selection. In order to enhance the applicability of differential optimization,the change of
scaling factor was associated with evolutionary algebra, which solved the problem of low optimization level caused by
unreasonable setting of scaling factor. Convolutional neural network used the weight and threshold after differential opti-
mization to train text classification,so as to obtain stable text classification results. Experimental results showed that by
setting the crossover rate of differential evolution and convolution kernel size of convolution neural network reasonably,
better classification accuracy performance can be obtained , RMSE value was lower,and applicability in text classification
was high.
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Fig.1 Classification process
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