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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 leaming 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-leaming and Priortized Sweeping algorithm, we could see
that the learning time shortened very much.
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REPEAT {
1. Observe current state s, ;

2. Select an action a, for state s, ;
3. Perform action a, :
31 Observe new state sy |,

reinforcement v, ;

4 4= r+y (maxs;+1,a)—Xsy, ap) ;
acAls,. )

5 Qspa)=1—a) - Xspa)+a-4:
} UNTIL(the required number of cycles)

(38 3) Q-85 L2
(Fig. 3) Q-learning algorithm
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(Fig. 7) Compressed environment
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A(4)
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sign(z) = 0, if 2z=20 21(5)
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(& %, y))HA Azloln 26) o] AR}

d, = |xt - }rl + |}’t - }tl 41(6)
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check_new_state(I, s ,.,)
/* § 41 7 new state, I : STACK */
{

if ( 5" 441 = not visited state) {
@ (s, a) = max 7/ ;

PUSH (I, s ,.1);

else {
Q (s, a/) = Large Neguative Value;
POP (I, s 1+ 1);

}
}

(08 9) 2=8 SR WX|57| & dn2F
(Fig. 9) Aligorithm for prevent misleading reinforcement
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(Fig. 10) Candidate states
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(Fig. 11) Mapped state space

32 ZsiEtg Aoy

7ty A2de A9 AZE 2] A AE
A Aado] oa) MeEl® R FeEo d#A D
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ANl ac 8t5-&(learning rate), r = AF 7
3l g a8z ¢ discounted factorolth, A 73}
g2 2 dust B 48 B Urn=1) d&
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¢ FPE oFE AMF AAAA EX HAA7A
bed EHAG AHES WA 43 HG H2
wasA FEsty] Aotk A A4 4 sE
T AFEY FH A(s)d &3 de 52 P a2
Agstz] 99 Wye @) T2 Gibbs $E X
(probability distribution)o) )3 A= agict,

P

Haln = —5v _®weo 4(8)

a' €A(s)

A@A ge U9 A (randomness) FEE o3t
= Aol COMREL ¢x3&e (28 12)¢ #d.

1. Initialize stack L, @ (s’, a’), (s, a):
2. Compress of Maze Environment;
3. In Compressed Environment( S, )
REPEAT {
Get current state( s,) and Choose best action( &, );
Get the new next state( S’H.l ) and
intermediate reinforcement value( 7 );
&(s/, a/) = max 7,;

check_new_state(1, s ..\
) UNTIL( s t+1 T 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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Q(S, a)=
(l-aQs,a)+alr,+7r- maxQ(s,Ha)—Q(s, a))

ac A(s.))

} UNTIL(the required number of cycles)

(28 12) COMREL n2i&
(Fig. 12) COMREL algorithm
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(Fig. 13) Maze environment
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(Fig. 14) Learning result of 64 state space
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(Fig. 16) Learning result of 2500 state space
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(Fig. 17) Visited states of Prioritized Sweeping algorithm
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(Fig. 19) COMRES's learning result

51 B

E =8l A¢Hs COMREL 228&E 64749 4
e 7kt 2500709 el F7HE 7hR @A St
A% Q-leamning® Prioritized Sweeping ¥ ZH T}
W a2 gt AL It ol 4E5E @
Aol A A= g ¥R JHEL Vg n A
gy F5 JeEc] gAML S¢S Y3y dE
of A SFAHE BEY 4 JJd. zEEE
Ao A F2 FHo # A 4(domain knowledge)Z
g3k Aol vigFAsithe A4S 4 F AU

aEu £ o=elM A9 CORMEL ¢aeld 2t
ollegl A9 e 73ttty duelFol #§5e AdA7



640 SPZPEXMCIER] =2X HMEH H3=(993

A FYsofof HY ol FHbETt dis YA
71EstA 43 Qo 2EE dad AANA s
ofop dtE7tel tiE A7 dasid alm Atd
COMREL ¢35 stuel 28 Heig ZE A
Hgstg ot o2 He) BE Aei7t #4d(composite)
o] gle #46M F H5E £ e dndFd #
A7t "asis, A4 g @30 F AH$
@ & A AsdEd #F A= s

g

[1] L. P. Kaelbling, M. L. Littman and A. W. Moore,
"Reinforcement Learmning : A Survey,” Journal of
Al Research 4, pp.237-285, 1996.

{21 M. L. Minsky, "Theory of Neural-Analog Rein-
forcement Systems and its Applications to the
Brain-Model Problem,” PhD thesis, Princeton
University, 1954.

[3] P. Cichosz, "Reinforcement Learning Algorithms
Based on the Method of Temporal Difference,”
MS thesis, University of Warsaw, Computer
Science, 1996.

[4] S. Sehad and C. Touzet, “Reinforcement Learning
and Neural Reinforcement Learning,” ESANN,
1994,

(5] M. Wiering and J. Schmidhuber, "HQ-Learning,”
Adaptive Behavior 6, 1997.

[6] A. W. Moore, "The parti-game algorithm for va-
riable resolution reinforcement learning in multi-
dimensional space,” Advances in Neural Infor-
mation Processing Systems, pp.711-718, 1994.

[71 L. P. Kaelbling, "Learning to Achieve Goals”,
1JCAL 1993

[8) P. Dayan, "The convergence of TD(A) for gene-
ral A" Machine Learning, 8(3), pp.341-362, 1992,

[9] C. J. C. H Watkins and P. Dayan, "Technical
note : Q-learning,” Machine Learning, 8 : pp.279-
292, 1992.

[10] AL W. Moore and C. G. Atkeson, "Priroitized
Sweeping : Reinforcement Leaming with Less Data
and Less Real Time,” Machine Learing, 13, 1993,

[11] M. L. Puterman, "Markov Decision Processes -
Discrete Stochastic Dynamic Programming,” John
Wiley & Sons, New York, 1994,

[12] S. P. Singh, "Transfer of leaming across compo-
sitions of sequential tasks,” Machine learning :
Proceedings of the Eighth International Work-
shop, pp.348-352, San Mateo, CA, 1991.

[13] R. S. Sutton and A. G. Barto, "Reinforcement
Leaming : An Introduction,” MIT Press, 1998,

PANE- B

e-mail : bekim@anu.ansung.ac kr

1988 st A=A ARt
(8HAh

1990 sd g et Az
AL (XA

19979 HANen g HF
HEas wny 48

19914~ 1990 AT AAANE
A7AL

193¢ ~dA FARG Y AFEHI S} zus

P #of : Machine Leamning, Artificial Neural Net-

work, Knowledge-Based Systems

=] =
'L"lgT

e-mail : yoonbj@wh.myongji.ackr
19759 Z et S epaiehap
19823 F=#3r1ed HAbsha
(54
‘ ’ 7 19943 Florida State University
s aH (A
1982 ~dA BN FFeA T 25
#4J #oF : Machine Learning, Knowledge-Based Sys-
tem, Hybrid Intelligent Systems




