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Adaptive Reinforcement Learning That Solves Trade-off Between Exploitation and Exploration
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In this study, we treat the trade-off between exploitation and exploration in reinforcement learning in a dynamic
environment. In conventional methods, the trade-offs are often controlled beforehand by parameters or indices,

which are highly dependent on tasks.

propose a method so that the agent itself controls the parameters for environmental change.

These techniques may spoil advantages of reinforcement learning. We

As a result, the

proposed method gets about 1.2 times more reward per episode compared with previous methods by simulating
two-dimensional maze problems, which changes its environment.
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