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Study on Genetic Algorithm of Course Scheduling Based on Deep Reinforcement Learning

XU Haitao,CHENG Haiyan and TONG Mingwen

Faculty of Artificial Intelligence in Education,Central China Normal University, Wuhan 430079, China
Abstract Course scheduling is a routine and important matter in teaching activities. The traditional manual course scheduling
method is time-consuming and laborious,and prone to errors,which cannot meet the needs of large-scale course scheduling. How-
ever,the classical course scheduling genetic algorithm has problems such as too fast convergence speed and the efficiency of
course scheduling decreases with the increase of constraint factors. Aiming at the problems of existing course scheduling genetic
algorithms,a self-learning course scheduling genetic algorithm(GA-DRL) based on deep reinforcement learning is proposed. GA-
DRL algorithm uses Q-learning algorithm to realize the adaptive adjustment of cross parameter and variation parameter,and en-
hances the searching ability of genetic algorithm. By establishing a dynamic parameter adjustment model of Markov decision
process(MDP) , the state set of fitness function is analyzed,and the overall performance of the population is evaluated comprehen-
sively. At the same time, the deep Q-network algorithm(DQN) is introduced into the scheduling problem to solve the problem of
multiple population states and large amount of Q-table data. Experimental results show that GA-DRL algorithm improves accura-
cy and optimization ability compared with the classical course scheduling genetic algorithm and improved genetic algorithm. The

proposed algorithm can also be applied to problems such as examination room arrangement,cinema seating and airline route plan-

ning.

Keywords Scheduling questions, Genetic algorithm,Q-Learning, DQN
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Fig.4 GA-DRL algorithm running results
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Table 2 Results of three algorithms

Bk GA o o 4 20] GA-DRL
% /A time/s iteration/ X success rate time/s iteration/ X success rate time/s iteration/ 1% success rate
45 0. 449 7 1 0.48 6 1 1.929 7 1
50 20. 446 384 0.7 2.966 38 1 19. 286 133 1
55 31. 244 509 0.4 25.22 286 1 43.093 275 1
60 107.08 1530 0.1 57.027 540 0.8 66. 205 347 0.9
65 0 119. 25 1041 0.6 166.59 853 0.8
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