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( Abstract)

The paper introuces structure of frequently — used models of deep learning method, including models of Convolutional

Neural Network (CNN) and Recurrent Neural Network (RNN) , summarizes the latest application of deep learning in biomedical data a-

nalysis at the moment, analyzes its solution to common problems in data processing, model building and training method, and points out

the problems to be solved when deep leaming is applied to biomedical data analysis.
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