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Fuzzy Q-learning using Weighted Eligibility
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ABSTRACT
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The eligibility i1s used to solve the credit-assignment problem which is one of Important

problems in reinforcement

learning. Conventional

eligibilities which are accumulating

eligibility and replacing eligibility make ineffective use of rewards acquired in learning

process. Because only an executed action in a visited state is learned by these eligibilities.

Thus, we propose a new eligibility, called the weighted eligibility with which not only an

executed action but also neighboring actions in a visited state are to be learned. The fuzzy

Q-learning algorithm using proposed eligibility

which shows improvement of learning speed.
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