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Abstract Reinforcement learning learns policies for accomplishing a task’s goal by experience
through interaction between agent and environment. Q-learning, basis algorithm of reinforcement
learning, has the problem of curse of dimensionality and slow learning speed in the incipient stage of
learning. In order to solve the problems of Q-learning, new function approximation methods suitable
for reinforcement learning should be studied. In this paper, to improve these problems, we suggest
Fuzzy Q-Map algorithm that is based on online fuzzy clustering. Fuzzy Q-Map is a function
approximation method suitable to reinforcement learning that can do on-line learming and express
uncertainty of environment. We made an experiment on the mountain car problem with Fuzzy Q-Map,

and its results show that learning speed is accelerated in the incipient stage of learning.
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