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abstract : Reinforcement learning is expected as a learning method that is able to acquire an appropri-

ate action policy by using reward from an unknown environment as clues. Various methods including

Q-learning have been proposed so far. In most studies on reinforcement learning, reinforcement learn-

ing methods have been hardly applied to real environments where they are supposed to be useful. In

this paper, we apply some representative reinforcement methods such as the Q-learning, the Stochastic
Gradient Ascent (SGA) and an extended version of the SGA for the Semi-Markov Decision Processes

(SMDPs) to a simple robot-navigation problem. We discuss some advantages and disadvantages of

each methods based on the results.
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