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A survey of natural language processing based on Deep learning
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[ Abstract] In this paper, the deep neural network model is briefly introduced. The deep learning methods used in the field of
natural language processing and the research progress and achievements are described. Focus on the latest pre—training language
models. The development trend of deep learning in the field of natural language processing and the difficulties to be further studied

are summarized and prospected.
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Fig. 1 The structure of Convolutional Neural Network
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