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An improved Q-learning algorithm based on rough set

GUO Jin-chao, LIU Jie, CUI Guang-zhao
(College of Electric and Information Engineering , Zhengzhou University of Light Industry , Zhengzhou 450002 , China)

Abstract : Q-learning algorithm has a fundamental flaw, that is, prone to error intervals overlap,and thus o-
verestimation of the correct (-value. These are likely to lead to low convergence speed and continuous de-
cline in the performance of Q-learning,an improved Q-learning algorithm was proposed , that was rough sets
Q-learning algorithm. The algorithm can be able to minimize the overestimation caused by (-values and im-
prove performance of learning through effectively deal with incomplete information and uncertain knowl-
edge. Navigation experiments based on these two algorithms were conducted , the results showed that rough
sets Q-learning algorithm had higher efficiency of learning and stronger ability of obstacle avoidance than
Q-learning algorithm.
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for(i = 0; i < # of episodes; i ++) do
Initialize s
Choose a from s, using policy derived from Q
Repeat(for each step of episode) ;
Take action a; observe reward,r,and next state,s’
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until s is terminal
end
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