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Reinforcement Learning Using State Space Compression
Byung-Cheon Kim' - Byung-Joo Yoon'"

ABSTRACT

Reinforcement learning performs learning through interacting with trial-and-error in dynamic environment. Therefore,
in dynamic environment, reinforcement learning method like Q-learning and TD(Temporal Difference)-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 COMREL(COMpressed REinforcemetn Learning) algorithm for finding the shortest path fast
in a maze environment. COMREL compress the given maze environment, select the candidate states that can guide the
shortest path in compressed maze environment, and learn only the candidate states to find the shortest path. After
comparing COMREL algorithm with the already existing Q-learning and Priortized Sweeping algorithm, we could see
that the learning time shortened very much,
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1. Observe current state S; ;
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check_new_state(I, s ;)
/% § 411 - new state, 1 1 STACK »/
{

if (5" 141 = not visited state) |
Qs a) =
PUSH (I, s 1+1);

max 7, ;

else {
Q (s, a/) = Large Negative Value;
POP (I, S’H'I)"

/
J

(J8 9) == Z3E WX|5| 23 ¢nelE
(Fig. 9) Algorithm for prevent misleading reinforcement
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Initialize stack I, @' (s, '), Q(s, @);
. Compress of Maze Environment;
3. In Compressed Environment( S, );

REPEAT {
Get current state( s;) and Choose best action( a,);
Get the new next state( s ,4; ) and
intermediate reinforcement value( #”,);

[Selia

Qs a/)) = max »;;

check_new_state(l, s ;1);
} UNTIL( s ;;; == goal state)
4, In Maze Environment( S,)

REPEAT {
Get start state( s;), Choose best action( a,);

Get the new next state( s;; ;) and

delayed reinforcement value( 7,);
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