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Q-learning is one of the most typical methods of reinforcement learning. But using Q-learning we must prepare the
table for Q-values, and it often requires very large amount of memory. Relational Reinforcement Learning (RRL)

is known as a method solving such a problem with relational representations.

In this paper, we applied RIB-

algorithm(one of RRL algorithms) to elevator dispatching problem, with a slight inprovement, and examined the
algorithm’s behavior. In the result, we found the algorithm could learn with small amount of memory. Additionally,

we tried to use learned examples to a different environment.
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