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Abstract: As a new research field of machine learning., deep learning has attracted wide at-
tention in both academic and industrial community, and has become a huge development of big da-
ta and artificial intelligence. Deep learning builds up the hierarchical model which extracts the da-
ta features from the bottom level to the top level by simulating the hierarchical structure of the
human brain. The model can reveal the mapping relationship from the underlying signal to the
high-level semantics. According to the remarkable achievements of deep learning, such as Inter-
net, speech and image processing, the theoretical framework of deep learning was introduced.
Then the training process was elaborated which is crucial for deep learning, and three state-of-
the-art deep learning networks reviewed including autoencoder model, restricted Boltzmann ma-
chine model and deep belief network model. Finally the opportunities and challenges of deep learn-
ing, and the prospecting research fields were discussed.
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Boltzmannmachine; deep belief network
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