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Abstract: As the latest development of machine learning, deep reinforcement learning has been shown in many applica-
tion fields. The algorithm research and application research of deep reinforcement learning have produced many classical
algorithms and typical application fields. The application of deep reinforcement learning in industrial manufacturing can
realize high level control in complex environment. First of all, the research on deep reinforcement learning is summarized,
and the basic principles of deep reinforcement learning are introduced, including deep learning and reinforcement learning.
Then, the paper introduces the theoretical methods of the application of deep reinforcement learning algorithm. On this
basis, it classifies the algorithms of deep reinforcement learning, respectively introduces the reinforcement learning algo-
rithm based on value function and the reinforcement learning algorithm based on strategy gradient, and lists the main develop-
ment results of these two kinds of algorithms, as well as other related research results. Then, the typical applications of
deep reinforcement learning in industrial manufacturing are classified and analyzed. Finally, the existing problems and
future development direction of deep reinforcement learning are discussed.
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