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A Reinforcement Learning Method to Reduce the Effects of
Environmental Model Errors

ATSUKI NAKATAY®  YOSHIMASA TSURUOKAZ

Abstract: Recently, a machine learning paradigm called reinforcement learning has shown high performance
in tasks such as games and robot control. On the other hand, learning a good policy requires a lot of inter-
actions with the environment. Therefore, in some environments where it is difficult to fully interact with the
environment, or where it is not possible to collect large amounts of data, such as real-life robot control, it
is necessary to learn better policy from less data. This study proposes a method for sample efficient model-
based reinforcement learning, which aims to learn polices while minimizing the effects of environmental model
errors. In this paper, we adopt a multi-step prediction model as an environmental model and propose to
gradually increase the number of steps in learning policy using the model as the learning progresses. In our
experiments, we verify whether the proposed method can be used effectively in CartPole-v0. As a result, it
was confirmed that the performance was improved.
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