2Ege gt ATE ol &8 F3 e

X t
TRCIE AN S

2 o

Y 8404 #dES TP A Q- TIX0) -4, TIXA) -4 53 22 28 ¢ne|gsel AYHUL. 2
Ay AP £ Zashy dnFES SR SEIUE o Fgho] FolA| 7] WEel G £t ml g = @He] ALk

€ =RdAAE vz 876 SRt M2 3% £+ e A3s wdS AdSA AgE s wEe
A9 85 (global leaming)® A Y eHF(local learning) 22 PElste] 5 g &t dGRFE replacing eligibility trace
WS o) g3l BRRAEHE F457] AF Spolt AAHe AAtE S T HME ZEAY 32 IH e A
AL ¥ A BN ERNEE S5 A daolth AL AR WwHe Q-G TH0) -8+, TD(D) -4
T3 2 ety iR AF Yol o B2 £EY £ AL 4¥LS B L £ AUk

Reinforcement Learning using Propagation of
Goal-State-Value

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

ABSTRACT

In order to learn in dynamic environments, reinforcement learning algorithms like @-learning, 7X(0)-learning,
TIXA)-learning have been proposed. However, most of them have a drawback of very slow learning because the
reinforcement value is given when they reach their goal state.

In this thesis, we have proposed a reinforcement learning method that can approximate fast to the goal state in maze
environments. The proposed reinforcement learning method is separated into global learning and local learning, and then
it executes learning. Global learning is a leaming that uses the replacing eligibility trace method to search the goal
state. In local leaming, it propagates the goal state value that has been searched through global learning to neighboring
states, and then searches goal state in neighboring states. We can show through experiments that the reinforcement
leaming method proposed in this thesis can find out an optimal solution faster than other reinforcement leaming

methods like Q-learning, 77X(0)-learning and 7YX A) -learning.

1.4 B € deo]HE(agent)’t FX #7(dynamic environ-
ment)el i3 A=} 2 F(trial-and-error)ll <8 4

73 &< (reinforcement  leaming) 358 £33} 3 ALWA HE5E TS| dEe dE 2L
* o EFE % Baganel Jugy EAHe ARG A se “eall‘i:*l by interaction)o] &2 W}“il
13 8 W FAhE deY AR TN/ AR EAFAT FoIHEE W FART o T 7N A
22D %]ﬁrﬂﬂﬂ ARE RO 20 A B g 4 dE FF(action)E A =(triaDde, 1 HFl
=R 10999 19 5, AAEER 1 19999 29 279) g AZel(scalar)¥ 9 733 gk(reinforcement value)




1304 S2FEXM2IRZ =2 Mo H53(985)

& Wol 7 3Hstrengthen) € r}. olgt L F3stge
Y gAdNE ZA&AHQY o] 7HsEy] dE
Cart-Pole @3 EA4[2], 2843 =o|[3], Az Hlo|¥
3 Ao|[4], 22l R o] (robot navigation)[5]
So 4 olgHz Utk ATAHA AgE dEHY
gty dnaFoez e @ 84 (Quality-leaming)(6],
TIX0)- 345 (Temporal-Difference learning)(7], TD(A)
-gr5(8] Fol AAR, AAE R Fosts 4
ZAFEL AANA G5E Mok HH s(optimal solu-
ton)oll FH3tE7bl disl F#dsA FE D ofY
g, 3FS TP ddolJEAA FolAe Zy@gd
do]HE} 959 EFd £2¢ gzt Foix|r| o
Foll A do] ) =2 Al FH3E= dHo) glcHIl

2 =2dAMEe 2 #7H(maze environment)ol]A
ALY 5 e Zsshg e @AEA e A
HES B 4 e WEE Agdch Agd g
4o HAt(global leaming)® A4 345 (local
learning)2.8 #2349 H5& FAF AqEES
replacing eligibility traces ¥'g[10]& o]l &3l EHY
HE g5y 4 shgoltt. AHaE e HAhgd
A g SxAele) du @ QA Adeld AA
7l A BgAee} QR dedA ZRAHE F
437 A8 s&& FAch Al Asidhg Wy
& N9 HE 98 GP-7 385 (Goal-state-value
Propagation reinforcement learning)ol2t =593t}
GP-Z3lstg e 35 73 710E dAsnz ¥ o
B ogqlo] golan, AYEFH Qg or e
o @37 i 7|&e Zudts dnddF B
w2 FPsE 54 Atk & =89 AL OF
7 2ol 2% ME diRHY A3y dnEd Q
-85, TD(O)-B4, TD(A)-45& 293in, 3344
R =2oA A GP-78stgel dato dyd
k. 43olAE GP-Fsds dneFH  @-ga,
TIX0)-3H5, TD(D)-85& vz &7 Hgsdq &
Asisty g Fd d@ 4ss EAE, 5FeA
A8 ¢ ¥ AT HAE AAGTL

2. g A
nZ @§73& & Ael(finite state)?] MDP(Markov

Decision Problem)2t @ 4= QL2p[11}, old &3°A
g A=2E #old HEE Fass WEe o-ds,

TD(0)-35, TD(A-85 59 Wil AU

21 Q&5

Watkins7h Ztet Q-8&S Z3istgS A8 de
olgHe g Wiold. @5 2AL 52 7
Pl do]AEZ} dA FejlM 3 75T 74 3
% (a=A)d BHEY A Z(prediction) s EH3E= @
g Shasted 9o, @-Fre A gol B
et

Axpa) = (1-a)Xxpa) + alr,+ 7V )]
9%}

A7, Kxpade A Ao AH-YF ol o
& Q @0, ot FHr&(leaming rate), r,i= 3l
r= @9 &(discount rate), 22T Wx, )€ oS A
Hlo] g HrHestimate)olth. (DM Q-5 &
EE 9% g7oz28y g Z3gks Hdsse A
oith. 2 B2 Al ¢ oA of" Aejo] g Wix)
o] B 7Hestimate)= 4(2)9} 2t}

W(x,.)) = max@x,.,,a) (2)
ae Alx.))

A(2E o &3 Q-FoA Q-+ ;S AFs)
7l 918 look-up HOlEE AHE3AE o ¢ AeEie]
MDPol +#3lA =, Q-8+7 £33 HAe
A H(optimal policy)2 2 FHANM 71F & @Q-¢&
ZE 5 A9t Folz ZRYHE & A
o A3 H@2E ol&de @-%s ¥nEFS (2
¥ 13 2o

1. Initidlize Xx,, a) value functions arbitrarily

2. Initialize the environment : set a current state
X

3. Select an action following a certain policy

(e.g. Bolzmann probability distribution)

4. Take an action a, and observe reinforcement
value r,

5. Update the estimate values Qx,, a) as follows @
51 Wxy) = max@x,4y,a)

ae A(IH])
32 Kxpa) = (1-a)Xx,a)
+ alr+rWx,49)]

6 Let Xy = X+



7. Go to step 3 until the state x, is a goal
State

8 Repeat steps 2 to 7 for a certain number of
episodes

(23 o8 Ln2E

22 TD0-&&

TD(0)-8%2 Monte Carlo 3% $3 Zz 34
3 (Dynamic Programming)?] 2} #3428 E¢F ¥
9 Aaetg guFola & & AtHI2) =, TH(0)
-3#< Monte Carlo 93 Zo] 53 $70
T¥(mode) & 2733 9n 58 & oo £
z2ad9AR AF 498 JIgeA 21 g2 4
9 %g5d HWAE 2AZ A YU ANHezA
g5 4 9o

TD0)-%&2 #A Aol HE Q23 gg A
of @ AZe] Ho|(difference)F ol &3t A 4
B Q-3 gk A(3)3} o] A

Axna) = (1-a)Qx,a)+a- TDerror (3)

A7), e B-&(learning rate)o] X, TDerrors

H)s} Zo] A

TDerror = r,+ y[ max Q(x/+,. a,-)) — Q(x,, a)]
a s Alx,,) (4

A3} HAE ol g3 TH0)-3% FnyZEe
E83d (29 29 #o.

1 Initialize x,, a) value functions arbitrarily
2. Initialize the environment : set a current state
Xt
3. Select an action follawing a certain policy
(e. g Bolzmann probability distribution)
4. Take an action a
Observe reward r,
Find the next state x,.,,
and Select the next action a,.,
5. Update the estimate values Q(x,, a) as follows -
51 TDerror = r,+ y[ max Qx,. a,,)
2 € Alxe.)

- Q(xz- ap]

52 Q(xt. a:) = (l—a)Q(xz,dx)
+a - TDerror
6 Let x, = x,.
7. Go to step 3 until the state x, is a goal state

8 Repeat steps 2 to 7 for a certain number of
episodes

(28 2) TX0)-BE Y12|E

T -5 4-F8(x, a, x41, @) S 0] 83}
of @A 4He Qx,, a)d WE HrlE AW
A g,

23 TD(A)-&&

88l Al temporal-credit®) @9 2 &, 8
€ FY3t doJHES oW HEL HAdsio o
el =23dS B 2 #F) i JRA RAY
A7l gt A= Z3stse F23 A @&
T Atk olE A3 AT WPoE eligibility trace
AHg3tE whgol A=A 13]. Eligibility trace®
" d5e HgsAY old g $EgE= An
& Atdevent)e] o] i 720zt & 4 A&
H, TD(A)-3hs daelde 73 7Hew eligibility
trace #k# trace-decay factor A(0< A< DE A3}
£ AsgtE gagFoloh Eligibility trace® o] &%
TD()-35S A Hulel dd F712 A G)9 2ol
74N g,

g oy

My 2 m

Qxa) = (1-ddQx,a)+a- 8 elx,,a) 5

HENIA s HE)F 2ol AMNHY, 28 Jeg}
PFE A ex,a)e A(DH 2ol Aser)

8 = 7, + ylmax Q(xr.1,a,.)— Q(x,,a)] (6)
ae Alx.,)

rhe(x_,ai ) +1 if x, =2z,
e(xs,a)= and 2= a; (7

yAex,_y, @) otherwise

Eligibility trace® ©l83& TD(A)-8&-2 A8} Hoj
7t 2A4E Arit e(x,,a) &0l FHHY, dnFe
(79 37 o] FHA
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1. Initialize @(x, a) value functions arbitrarily
and e(x,a) = 00 for all x, a
2 Initidlize the environment : set a current
state x,;
3. Select an action follawing a certain policy
(e. g Bolzmann probability distribution)
4. Take an action a,;, Observe reward 7r,,
Find the next state x,+,, and Select the
next action a4
5. Update the estimate values €Xx,. a) as follows :
51 8 = r, + ylmax Q(x1v1,ars1)
a e Alxy)
- Q(x,,a)]
52 i (x-,=x,and a,.1 = a)
Ax,a) = rde(xi—y,a,-)+1
else (for dll x, a)
Axpa) = rielxi—,ai-1)
Q(xa) = (1—-a)Xx,a) +a- 8 exr.a)
Let x, = x4, @1 = amy
Go to step 3 until the state x, is a goal state

Repeat steps 2 to 8 for a certain number of
episodes

© NS

(2% 3) ToK)-8E YIS

m2 #$A0NA eligibility trace® ©| &3H F A
& AT £ Aden, 2 olfE (29 49 ol 4
4%+ Ark

w

(a) @ 99| episode A%

f

(b) TD(0)-3H& 2l Azt

G
oo
(c) TD(A)-E52] 2

(O% 4) TDO)-&&D T0(A)-8&522 X0

(119 4)9] v|2 @AM, olo]HET} mlg §HL
2RE @ 2 do|dES g At ER
4GS A% %9 #(positive value)E L1¥A ¥
& AL 00tk (2 4) (@ U2 #HAAM AF 4
(Sl ZEAEANGIAA & el duisolA o
ojHEd 3 gAY AZE ouldd (2¥ 4 )
v TDO)-%59 dzA SEAUE 27 4E o
de %8 F /1Y 2 Z3A%e e AT PF
o A& ZasE 540 Ak wddl TD(A)-%
£ (9 4 (©9 Zol AR dHAA ZRNHE
7] 9% A9 PF5o| At 22 AF
Aeold ZRAHE A7 HH e W dars=
g 3% A% TD)-%Fol THX0)-HarRt d
Wz Hd 328 3¢ ok a8y Q-5 ¢
2 ZE9 @A 8 TX0)-3 dneFe) dA4 8 1
gn TD(A)-%g dnelFe @A 994 FEHE A
AP ¢ W oFiny}) LAF Fo HY PRE
22 & deAd dal Fg&A Z@HAA Rete @
ol At

3. GP-Z sty

B =RdA ALE GP-FA%es A2¥e (19
5 go] Foizl vz FHd i3 AAq%FE +3
317] 1% Q-HolE(table), T¥HE FHHE ololF
E, AYag #9371 AF SQ-Elol E(Sub Q-
table) 22 450 Ao

2 gFA AGHe A Q-ElolEL |0x
lAle) 2718 #e d¥el, [Oe 8% 7Hsd JH
g9 Folm, |AlE do|HEY} +38 5 e dF
E9| Foltt. @-HolES Z4 QLx;,a)T A tlA



A x; o e ddoAEI #F o8 THE HIL
goltt. Aqstag A¢ SgHER2 |0Ix|AlR
TS deon, |Ole SR S AH
@ dHEd Foli, |Ale dHEI} £9E + 3
€ BFEY Folth

ooIRE

SQ-doim

Q-H0I%
(28 5) GP-Z3ies Al =

31 HYsE

AstgL dojHEZ AlF oA 53 A
e VML e ERAUHE Sy A% gl
o w2 FHN g5e Fdse doJHEY HY
AEE g3y 9% A9eEe Suttono] AL A
(8)# T replacing eligibility tracess o] £3t1cth.

Qx;,a) = (1—a) Q(x,,a) + adelx,,a) 8)

2@ A e 35&(learning rate)o] i, &= TD-

2FE 4udt TD-L27/E A g 2] ALts
2, elx,, a)ys NQ9 go] Ahrh

rie(x,,a- )+ 1, if x =21,
and ;| = a;

ex,a)=40, if x-=2x, 9)
_and a1 ¥ a,
yAe(x,-1,a,-1), if x,,%%x

29yl A} AE trace-decay factorelil, sy oj@
ezt HZo HEHAL W8 9u¥. a¥ER
exna)e 7V 2o HEF de xoH BF a
g FYs Aol dvht HFEHeligible)d 9@
FEE vedr. AqsgdA A4 FeolA 44
s BEEY AY AG)AN £8 e BF A%
(2% Agsl7] 4% Pge 20z e =g
3§ ¥ ¥(Bolzmann probability distribution)& o]
&t

Ha) = — g (10)

P
asAlx)

A0 Te d94 A Z(randomness)E H o3t
£ 2%(temperature) A4olH, AHS A g
&L (a9 63 2o

1. Initialize X x,a) value functions arbitrarily
and e(x,a) = 00 for dll x, a
2 Determine a current state( x.),
goal state,
and goal state value(gv)
3 Select an action following a certain policy
(e. g Bolzmann probability distribution)
4. Take an action a,
Observe reward r,
Find the next state x..,,
and Select the next action a4,
5 TD-error = ri+ v [max x,v1, ar-1)
as Alx4y)
- Axp,a)]
6. Update the eligibility value e(x,, a,)
7. Update the estimate value of x,, a,) value
function
8. if (state value of x,., = gv)
local_learn( x,, )
else x, = x4,
9 Go to step 3 until (start state value = gu)

(2% 6) MYels ¢nalE

Aol @A 9t 2FeAM AAE Zstge
EAA 5, dARA BEg FP3oF A HE #E
F JEHE RYs] 9 DAl AAE FH
el e 1, FohEo} obd Aeje] e e 0, 23
2 BR4ee] de %2 03 10 ofd FHE = 7
2 B3N NF e ghol ERAEHY ol 2E
A7AT &g FHPE vl

32 X &

Aqege Aqste AN gAY SR
A 3E BERYE AYE YHEE AN
A, JAH delelA ERAHE B3N] A Fgol
AYegEFe oAo|HET}F SQ-Hol B 43 zgstUA
¢ TR SQ-HolEL ERFEe FEA
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AAE Aefse] dF FUE A2 Y& HolEol|o
Eg el AW Heid ZFZ Aol HY A
(Hamming distance)7} 19! HHIES 9ujgc} A5t
ol FRE I UA dojdAEs 2 ERFHY YA
o} 4E g SQ-dHelEe A WA fid AFHR
2g e A AEE SQ-HolEY YrA 84
o Mg a2z UAN A9eEe JaDE o &3t
o SQ-elolZel AR A AelolA SQ-Ho] &<
ZEAH 3 7 4dE 27 o8 geE FPE

Q(x,. a) = max[r, + Q(x,, a)] an

A(11)e A4 dedlM 73 2 Fegs Fe o
S AHE gA%gE 9rlert. DA discount
factor( PE 4HAIF ot NAHGE SR HY IFH
g el Mgt s F33ty] Yo B dE o
g dAER 7] "Eojrh ’4(11 & ol &3 A%
Fste AgsE dnydEFe (a¥ 1Y 2o

oy
o

local__ learn(x,)
{
1. Initialize Q(x, @) o coordinates in SQ-
table
2 Each adjacent coordinate in SQ-table
2.1 Take action a,
Observe reward v, ,
Find the next state x,H

A2 FAE e 1, FolBo] ofd FeE 0,
a8a ExAEE 1002 FEE 02 vt Fold
< o, AAEE FHYse do|HE} HAY HE
7} (1% 8 (A% Z& %A$ AGAEE AT SQ -H
ol ES (1Y 8 (e 2ok AN9¥FE FAdn
A %E’M gol 9 dese ¥ goz Hud
el (29 8) (0% 2o AYdgE (29 8) (o
s} go] EEAeist AW AN ZEAHE 27|
A8 sty A9dge] Bvn W, Adgge
Exdd g $9% A g e Aug 27 9
& oA g5S £

4 Add 9 &4

Q-%&, TDO)-%E, TD(A-3Hg 53 & =&
A Aictd GP-Asetgde] 584 ENE A8 F
A ol 3ty A dehd B2 el delg &
FE7IS SE o et F3 Sx7) o¥A Wae
7he 72t vm A EAY. olg Ad (28 9% 2
& oz #7338 A e, (28 PelA S& A
A3, 3), GI(6, 33 G26, 6)= ANE B E F N9
E®defolrh

3 if (x4 = gu{ ~
Q(x, a) = max[r, + Q’(xr. )
x, state value = gu
J
else Q(x,a) = 00 =
} . as ua;;)r
(38 7 X98s ¢n2E (323 9) 0|2 &
(5.5)
NS o 5.5
(5.2) - [ 4—-[ ooIE I<—> 1| (4.5), w |
N 2| (5.8), M
AaAng D 1
m u 3 null
i ol 4f  ou

(8-a) M &g AW

(8-b) SQ-EHIOI = (8-c) it &gy Rt

(38 8) A& X9%s



4.1 MEjHO| Fof 23t MEs 2Y

GP-Z3%59 4sS Aristrl A3 Az Aol
A EEAH G179 Ad A28 gAs] A% A
ot Az A = & SEA4H G279 Ha
228 $437] 9% 4¥ g 7 syt 4 &
F ¥4 E9 S8 (a)E 07, discount factor( P&
092 A3 vA Az A3, ) A GL6, 37HA
o Ad A=zE &7 A% g ARe (29 107
23, AF deelA G26, 6)74A9 A A2E 327
A% &4 Ase (29 1D 2o

AL M0l

+—4¢-22 a—a—a

12 1 4 5 8 7 8 B 0 M o2 13 45w

LR

(3 10) G1 ENoll CHE Bt @

7w e XN ?

» - @ TOIO1 M@ —@—TDUambdal We —é=—GP- NG

aerziole

(38 11) G2 EHoll cHEt 3hg Hat

(29 1007 (29 1Dl x5 L oslrE, y&&
Z o h=o A GG Fejdo] & Au @l GP-
ZatEe A dudA ERAdH GIiAe Ad
A2E 7] A8 1599 cr=rt G, #
3i6we) Je} Ao)g sk o FEAH G27A 9
Ho A2E 37 18 1899 om =7t BAEa,
Z 45609 e Holg stk wiwe Q-8 TI0)
-8k, TD(A)-8gollM SX24H G119 G2& 27 9

SEYE 2 MIE 018 B3 &S 1309

3 FHF F Fel dol £E <E >3 Z
CE 1) W) HO| 0 23t 45 24

Bt 713 | SRAHGD 233 E(G2)

4 9 % yejdol &+ | & dejdo] £
Q-3 9977 12028
TIX0)-%& 2158 2687
TIXA)- 25 850 917
GP-Z3sts 376 456

<E 1> vehde uie} go] @-SFe AR 42
el A G17A 9] Hd AZE 2] 98 2 997749
Ae] Aol7l HASAL, G2AAY A FZE 7
Al % 120289 el Aolrt wAsIAch  TIX0)-
&L AR deolAM GlAAY Ag F2E 27 9
8 & 21589 Al Heolzh A1, G2AY A
@ 428 37 A4 & 268799 Ae) Holzh w3
Aok TO(O-&F2 AF Al GlAe Hd 3
22 37 o8 F 8500 e dolrt @A,
Zx4 G279 Ha A2E 7] A F 9T
o] Ae] dolrt LAt

. 42 Hagol wWE 45 24

B =8dA Aletg GP-Z3Es Wi du 2
g A8l ALEE TDO)-8ad TIXA)-SgolA &
EAH Ga7HRlY) Ag A28 2] Y Abgd &
&0 o e "ol & (29 12)% o

-, TO(0)- %9

m N e

“®-TDiambdal W@ =GP WG

PLETES
&

2 3 8 9 ®

5 €
g /10

(3% 12) SE8( )0 WE 48 Ho|

(2™ 129X G2E #7] A TD(A)-FEe
g5&o] 099U o 7 mEA FHSAT, T0)-%

#e dugd 2 982 ¥4 28T T & AU
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aen ¥ = A ALY GP-FAgFE Sadol
099Y W 713 WA FYP/0E R Iy A=
#AA Z st dnFoA A& A9 uiA
T &% A dol FE <E 2>9 2t

(B 2D MY oo gt

WA
soga | a y |#ama 4
TD(0)-%& 07 099 2327
TIXA)-3F 09 099 527
GP-3t4 099 099 456

5. W& U &% A7 4UH

E =844 AdE GP-FHREL & A7
A Fstaiol HHe FAE WA ET dF EA
& wegsigeon, 4y 23 GP-ZEAdae ¢
&, TIX0)-%HF, TD(A)-%h&3t vlug A3 Ad 3
2o wi¢ m2A FHEFE ¢ F AN 23Y A
e WYL @A vz §o A A Yol
e @73d 2dz HEdride F7t dede @
ol Atk 28Eg d& HdME T Yol ¥E
g & e Zsltts Wi B 477 desd
¢ G5 7Y dolREI AU YFo] Unt
4 AEEAd @ dFo] ol we ¥e Fo
E g ¢ F ANk webd FoiF 3 @ A
g & HPAA HAE3F olgsE WHE =AY
He Ho] vigAEdn 4zd. Fo43 @39 o
¥ Z¥(modeDE ol&F F23tE hgEol AT Al
A nE AT AR dE 488 =YL d7)5t
ges] o gez uo 834 A5 fAHME A
¥(planning) 7 BFE R71H o BHT P A3

& ¢3ngF iged g A7t destr

e
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