2 fA7geA Mt 2 '

2

78} 85(reinforcement leaming) & A 3-%Q (trial-and-error) & 23] 54 #37 A5 L31HA —]’%% Tt g wjoE A7

743} <5 (online reinforcement learning)® X4 73} &<f(delayed reinforcement learning) 2.2 £5-9t} &

dXe vz #3404 g 3

2E w2 248 5 Qv 447 7438l g AlA=(ONRELS : ONline REinforcement Learning System)& Xﬂ‘_‘l‘:} ONRELS® &A] A&
A ZeAolE 87] Hol A9 71ed BE (Fd-3%) Bl U Frb e A2 YA FdelS @tk ONRELSE "2 §719) A 37}

& 45 (compression)3tT YA ¢EH BRH A P-FAeF

S35 45 FgshaA g4 s 48S S8 v #4014 ONRELSE 7D
LFE 18T Q-FF} TD()E o18E Q) -FFrT Y F=E

HEA g4 F Ase & F Yo

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 orline 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 @Q-learning using 7D-error and Q(A)-learning using 7D(A) in the maze environments.
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