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A Study on the Efficient Application of Transfer Learning to Reinforcement Learning
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Reinforcement learning is generally employed to learn the policy of agent behaviors. In reinforcement learning,
if there is no policy for a target task, the agent has to search space randomly to obtain policies, therefore, the
reduction of the number of searches is regarded as a big problem to be solved. In this context, the method to apply
and resuse the policy learned before to a new task is employed in the case of facing a similar task to a target task.
Considering this, in this study, we propose a method which efficiently finds similar tasks and transfers policies from
a source task to a target task, by applying sparse coding to transfer learning.
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