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Abstract We show that it can be effective to adjust the discount rate using an index for progress of learning.
In the strategy that we propose, the discount rate is small when the learning does not progress enough, and is
increased as the learning advances. We also propose three methods for its adjustment; exponential, by TD error,
and by reliability, which are verificated by numerical experiments for a windy gridworld task.
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Fig.1 Windy gridwolrd. Cited from reference [1] (modified). The

shown path is an example of the shortest paths.
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