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Abstract Deep learning plays an important role in machine learning. If shallow learning is a wave of machine learning,
as a new field of machine learning, the deep learning will set off another wave of machine learning. Deep learning establi-
shes and simulates the human brain’s hierarchical structure to extract the external input data’s features from lower to
higher, which can explain the external data. Firstly, this paper discussed the origin of deep learning. Secondly, it de-
scribed the common methods of deep learning illustrated by the example of supervised lear-ning and unsupervised learn-

ing. Then it generalized deep learning’s recent research and applications, Finally,it concluded the problems of develop-

ment.
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