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Bi-level Q-learning algorithm for dynamic multi-machine

scheduling problems
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(School of Mechanical Engineering, Harbin Institute of Technology, Harbin 150001 , China)

Abstract ; Traditional (}-learning is very effective in dynamic single-machine scheduling problems, yet sometimes it

cannot get optimal results for dynamic multi-machine scheduling problems due to its lack of global vision. To re-

solve this, a two-layer Q-leamning algorithm was put forward. The bottom-level of Q-leaming was focused on local-

ized targets in order to leam the optimal scheduling policy which can minimize machine idleness and the mean flow

time of single machines. On the other hand, the top-level of Q-leaming was focused on global targets in order o

find the dispatching policy which can balance machine loads and minimize the overall tardiness of all jobs. The

scheduling and dispatching rules of agents, the method for dividing state space and the reward functions were all ex-

amined. Simulation results showed that the proposed two-layer (}-learning algorithm can improve the results of dy-

namic multi-machine scheduling problems.
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Fig. 1  Q-learning based multi-agent dynamic scheduling

mechanism
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Fig.2 State space division of bottom level Q-learning
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