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Abstract  Reinforcement learning performs learning through interacting with trial-and-error in dynamic
environment. Therefore, in dynamic environment, reinforcement learning method like 7'D-learning and 7'D(\)
-learning are faster in learning than the conventional stochastic learning method. However, because many of the
proposed reinforcement learning algorithms are given the reinforcement value only when the learning agent has
reached its goal state, most of the reinforcement algorithms converge to the optimal solution too slowly.

In this paper, we present GDRLS algorithm for finding the shortest path faster in a maze environment. GDRLS
is select the candidate states that can guide the shortest path in maze environment , and learn only the
candidate states to find the shortest path. Through experiments, we can see that GDRLS can search the shortest
path faster than 7'D-learning and 7'D(\)-learning in maze environment
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Search_Module()
{
Initialize Q(s,a) and e(s,a);
Initialize S;;
Choose a; from S; using policy derived from
Q(stvat);
Repeat {
Update_Qualue( s, );
Observe S; Ty’

Choose Gy 41 from Sy 17
Update_Evalue(S; Q; Ty 1 S;4 1)
St = Si+15 O T Oy
} Until(S; == goal state value)
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Fig. 2 Learning algorithm of Search module
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Update_Qualue(s,;) {
For dll 8;,a ((IEA (St)) {
if (observable S; 1 1) {
Ty 41 = Reward;
Q(st,af) = (1—a) Qs,a,) + ade(s,a,)
fiSy 11 == goal);
Sy SR = goal FEIFE
}

else
Ty1q = Penalty

}
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Learning_Module()
{

Initigize Q(s,a) and e(s,a);
// fordl s, a
Repeat {
Select S; as a start state;
Choose ay from S, using policy
derived from 2/11;
Repeat {

Update_Qualue(s,;);

Take an action Gy using

policy derived from ]11;
Observe Sy Ty 17
Choose Gy 41 from Sy 7
Update_Evalue(s; Gy Tt 11,5441/

St = St O T Gy
} Until(( S; ==2) && ( Sy I= goal state ))

} Until( a certain number of episodes)
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