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Abstract As a new machine learning method, deep reinforcement learning combines deep learning and reinforcement
learning , which makes that the agent can perceive the information from high dimensional space, train model and make
decision according to the received information. Deep reinforcement learning has been widely researched and used in va-
rious fields of daily life because of its universality and effectiveness. Firstly,an overview of the deep reinforcement lear-
ning research was given and the basic theory of deep reinforcement learning was introduced. Then value-based algo-
rithms and policy-based algorithms were introduced. After that,the application prospects of deep reinfercement learning
were discussed. Finally.the related researches were summarized and prospected.
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Fig. 1 Structure of deep belief network
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