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Exploiting Reset Functions for Efficient Policy Learning on Simulators
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Abstract: In reinforcement learning, it is common to use a simulator for policy learning. This is
because an agent can collect data faster and more safely on a simulator than in a real environment.
Reinforcement learning generally requires a large amount of data because its learning process is a
trial-and-error, and training often takes a long time to learn even using a simulator. Therefore, it is
crucial to improve the sample efficiency of policy learning on a simulator for practical applications
of reinforcement learning. Although there is a large body of work aiming to improve the sample
efficiency, there are not many studies that exploit the characteristics of learning on a simulator.
Therefore, in this study, we investigate an approach to improve the efficiency of policy learning by
utilizing the reset function of a simulator. Specifically, we improve the learning efficiency by quickly
finding trajectories with high cumulative rewards. For this purpose, we propose a criterion to select
reset states and a method to avoid unnecessary data collection. In the experiments, we quantitatively
verified the effectiveness of the proposed method in a classical task called CartPole and video game
tasks of Pong and Boxing. In addition, we conducted a qualitative analysis of the behavior of the
proposed method.
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