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Online Reinforcement Learning
to Search the Shortest Path in Maze Environments

Byung-Cheon Kim'- Sam-Keun Kim''- Byung-Joo Yoon''!

ABSTRACT

Reinforcement learning is a learning method that uses trial-and-error to perform learning by interacting with dynamic environments. It is
classified into online reinforcement learning and delayed reinforcement learning. In this paper, we propose an online reinforcement learning system
(ONRELS : ONline REinforcement Learning System). ONRELS updates the estimate-value about all the selectable (state, action) pairs before
making state-transition at the current state, The ONRELS learns by interacting with the compressed environments through trial-and-error after
it compresses the state space of the maze environments. Through experiments, we can see that ONRELS can search the shortest path faster
than @-learning using TD-error and Q(A)-learning using TD(A) in the maze environments.
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