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Research on intelligent shop scheduling strategies based on reinforcement learning

Wang Wushuang, Luo Shuyun
(School of Information Science & Technology, Zhejiang Sci-Tech University, Hangzhou 310000, China)

Abstract ; Intelligent manufacturing is an inevitable trend in the development of our country’ s manufacturing industry , and in-
telligent shop scheduling is a key technology for the integration of manufacturing upgrades and deepening. This paper mainly
studied the application of reinforcement learning algorithms in shop scheduling problems, which layed the foundation for subse-
quent research. Shop scheduling mainly included static scheduling and dynamic scheduling; reinforcement learning algorithms
mainly included value-based functions and Actor-Critic ( AC) networks. First of all, this article described the research status of
reinforcement learning methods on the two major issues of job shop scheduling and flow shop scheduling in general. Secondly,
it classified the establishment rules of mathematical model of the shop scheduling problem and the most critical Markov model
in reinforcement learning algorithms. Finally , according to the research status and the current needs of industrial digital trans-
formation, it prospected the future research direction of intelligent workshop scheduling technology.
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Fig. 1 Classification of job shop scheduling problem
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Tab.1 Reinforcement learning algorithm based on value function to solve static job shop scheduling problem
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Tab.2 Reinforcement learning algorithm based on value function to solve dynamic job shop scheduling problem
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Fig.2 Classification of flow shop scheduling problem
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Tab.3 Reinforcement learning algorithm based on value function to solve static flow shop scheduling problem
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