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Abstract: With the rapid development of big data and artificial intelligence technology, deep learning has attracted great attention
and been widely used in the field of computer vision. From the perspective of mathematical model, this paper systematically reviews
the research history and key methods of deep neural network, and introduces the latest progress in the fields of mathematical model
based on deep convolution, confrontation generation model, small sample and unsupervised learning. Finally, how to get rid of
the dependence on massive data, improve the generalization ability of the model and enhance the interpretability of the system are
discussed. This paper aims to provide systematic theoretical guidance and ideas for relevant researchers and application developers.
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