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Double Speedy Q-Learning Based on Successive Over Relaxation
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Abstract Q-Learning is a mainstream reinforcement learning algorithm atpresent, but its convergence speed is poor in random
environment, Previous studies have improved the overestimation problem of Spee-dy Q-Learning, and have proposed Double
Speedy Q-Learning algorithm. However.the Double Speedy Q-Learning algorithm does not consider the self-loop structure exis-
ting in the random environment, that is, the probability of entering the current state when the agent performs an action, which will
not be conducive to the agent’s learning in the random environment, thereby affecting the convergence speed of the algorithm. Ai-
ming at the self-loop structure existing in Double Speedy Q-Learning.the Bellman operator of Double Speedy Q-Learning algo-
rithm is improved by using successive over-relaxation technology.and the Double Speedy Q-Learning algorithm based on succes-
sive over relaxation (DSQL-SOR) is proposed to further improve the convergence speed of the Double Speedy Q-Learning algo-
rithm. By using numerical experiments to compare the error between the actual rewards and expected rewards of DSQL-SOR and
other algorithms, the experimental results show that the proposed algorithm has a lower error of 0. 6 than the existing main-
stream algorithm SQL., which is lower than the successive over-relaxation algorithm GSQL 0. 5.indicating that the performance of
the DSQIL.-SOR algorithm is better than other algorithms. The experiment also tests the scalability of the DSQI.-SOR algorithm.
When the state space is increased from 10 to 1000, the average time of each iteration increases slowly,always maintaining at the
magnitude of 10~ *,indicating that DSQL-SOR has strong scalability.
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