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Research status and prospect of deep reinforcement
learning in automatic control
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Abstract: Aiming at the successful application of deep reinforcement learning in automatic control field
and its shortcomings in generalization robustness and reliability the research progress of deep rein—
forcement learning and its application in automatic control field were summarized. Firstly the develop-
ment process and basic principle of deep reinforcement learning were briefly described. Secondly deep
reinforcement learning was divided into two types of algorithms: value function-based algorithm and
policy gradient-based algorithm. Then the basic principles mathematical models and improved me-
thods of these two kinds of algorithms were discussed and analyzed systematically. Moreover the appli—
cations of deep reinforcement learning in automatic control fields such as UAV flight control mobile

robot trajectory control vehicle automatic driving control and hydraulic servo control were summarized.
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On this basis

639

the advantages and disadvantages of the deep reinforcement learning algorithm were

summarized. Finally the challenges and development trends of deep reinforcement learning in the field

of automatic control were summarized and prospected. According to the cutting-edge research achieve—

ments in the field of automatic control in recent years the research ideas of optimizing and solving the

key problems of deep reinforcement learning were put forward and demonstrated accordingly.

Key words: artificial intelligence; automatic control field; deep reinforcement learning
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Fig.6  Application of DRL in hydraulic servo control field
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