A #34A BFE Y87 A8 Q-3 TD(0)-345, TD(A)-8t%5 3 2 7dhy duelESo) A=y} 2
A 29 A3dts duAFES FRAEC £2ee o BEgtol Fo)A7] g g £Erb uj$ =7 wo| gioh
2 =AM uZ §FdA Exgded wed 3 5 de Zeeks TS At Aoe Aaeky e
A9 8(global learning)¥ A998}t (local leaming) &2 2a)ste] 8H5-S
WS ol gstel ERAAHE g3 Y3 stgolnt, NGy Aty
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te}, A 8h52 replacing eligibility trace
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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 @Q-learning, 7IX0)-learning,
TD(A)-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 learning that uses the replacing eligibility trace method to search the goal
state. In local learning, 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
learning method proposed in this thesis can find out an optimal solution faster than other reinforcement learning

methods like @-learning, TD(0)-learning and TD(A)-learning.

.M B = oo]ME(agent)?t F4 #%(dynamic environ-

ment)o] W&} A L9} © F(trial-and-error)] &3] 4

738} 8t (reinforcement  learning) & %< 433} 3 FgEEA gFe 8] i s Fg

% o] AT AR ARFARC AHEN SEARFT A ARIo] 9@ &< (learning by interaction)olgti%E  FTHI1],
t T35 - AR g AFE Tl W/ H BN RSATAE = = ’

ERAF 19999 19 59, AALSE 1 19999 29 279 et 2=Zek(scala) B 9] 73t gh(reinforcement value)
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47 olgHu vk AFAA ALY PEAQY
%ﬁ}i% dngFoz = Q-SV\(Quahty learning){6],
TD(0)- 84 (Temporal-Difference  learning)[7], TD(A)
-35{8] ol AW, At RRe Bsss du

FEL AAZA B4S slor A4 (optimal solu-
tion)o] F@3h=vbol dhs] P&eba] ke wuk opy
o 011011“501]71] FoIR = e
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ol AZ alje] w$ =2 sEske @] ol
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I

AHEE Sl Aates de BN 99 A
FES BRI  d& 4S Atsn Aoty 73
S5 d9dstE(global  learning) T A Q&5 (local

leamning) 2 2 Felste] stge s} Ao
replacing eligibility traces W[10}& o] &3le] B x4}
HE 24517 A sgolth NAdstee g
A EAE Bxadee db g Ad Ay
7130 UM Exdeieh Q1S FejdA Zxges
Ast7] As dE5S AT ALY ety 9
& Aed BYES Y8 GP-7%3 8+ (Goal-state-value
Propagation reinforcement learning)o} @}t Eﬂw‘%}ﬁt}
GP-7}3 4o 3 T8 7IZFe "HA ERE 4 o
o 8lo] golatm, AAsE Assoz -calﬁ}
o A3y gEe J)Ee FaEy guE: wo}
WeA FEse 40 ot B =% 1HL o
I 2k 2N dEAY Faes dudzd Q
-S4, TD(0)-85%, TD(A)-S5S aokatm, 334
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Bests dnyFe] WE e EMsin, 53
28 2 IFE QT HAZ AA G
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¥
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2, #H AR
vR 34 #3 Ael(finite state)?] MDP(Markov

Decision Problem)gt & 4 1o8i[11}, o] A A
Ad F2E 7)o AP Fasis wHe Qs

w

TI(0)-St, TD(A)-3t 59 wgo] AetE)givh,

21 Q-sr&
Watkins7} #jetet Q- Z3stae 93 4y
of8HE B Yot @-Ege BAL q5e 4
Aot oo|HET AR AydAA 3 e 7 9
T (ac Ao BEH dZ(prediction)S Ed
Fested doH, -84 4(1)F 2o
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do o~ 01'

S
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Qxnad = 1~ Qxia) + alr+rVx.y)]
)

A7IN, QAxp, a)s A FES FE-8E o] o
& Q o, ot S &(learning rate), »: #33,
ro B &(discount rate), 2T Wx, )= he A
Holl & 3 7Hestimate)olth. A1)l A Q-3H4e] =
Ee 9 S22 RE wE Zges Hustsls A
oltf. 2EZ A ¢ oA oW Aeje] E Wx)
9] H7Hestimate)= (29 2t}

W) = max Qx4 4, a) 2
a e Alx,y)

HO)E ol &F Q-SHoM Q-F5 e HAs
71 98l look-up EHlo1E-2 AM8-5142 wf & A
MDPel @3tA e, @-847F $d5d 49
A (optimal policy)& 2+ Aejell A 744 2 Q-zre

pd Q

1

O
(2

2 635& Agele] Fojn BuyYE e + 9
o HOF AQF ol @-S% AuYFe (2
¥ 1 4@4

1. Initialize €x,, a) value functions arbitrarily

2. Initialize the environment : set a current state
Xy

3. Select an action following a certain policy

(e.g. Bolzmann probability distribution)

4. Take an action a, and observe reinforcement
value 7,

5. Update the estimate values Q(x,, @) as follows :
51 Wx;p) = max Q(x,y4,a)

a < A(xH»I)
(1-2Qx,,a)
+ alr+ yV(x40)]
6 Let x, = x41,

52 Nx,, ap)




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

(38 1) -8 ¢ualE

22 TDO-&t&

TD(0)-8%-& Monte Carlo W3 57 Zzad
B (Dynamic Programming)®] Z+ FH& 3 =
Faerg dngdolgt & ¢ A2l &, TD(0)
-852 Monte Carlo W'd7 o] 4 A ojst
RY(mode) S 8734 ¥ FEF F gled, 3
Z2agaAy AE A9E Jdex gn g2 A
gEd HUhE SAZ A AHE ANFoEA
b ¢ sl

TIX0) -5 A Aol thdh =3 g Ae
o thdt o Z3}e] zbo(difference)E o|-g3dte] A A
gl Q-3 Zhg A3)H Zo] AAET)

lo,

©

1o

Qxpa) = (1—-)Qx,a)+a- TDerror (3)

o7, o= 8 &(leaming rate)ol L, TDerrors=
4)9} 2ol Azt

TDerror = 7+ y[ max Q(x,4,, asr1) — Q(x4, a))]
a € Alxiy) (4)

4@ 4@ olfas Ty FnaE
dskd (29 29 2k

o

1. Initialize &Xx,, a) value functions arbitrarily
2. Initialize the environment :set a current state
Xt
3 Select an action following a certain policy
(e. g Bolzmann probability distribution)
4. Take an action a
Observe reward v,
Find the next state x;.1,
and Select the next action a4+
5. Update the estimate values Q(x,, a) as follows -
51 TDerrov = v;+ y[max x4y asr1)
a e Alx)

—Q(x, apl

52 Axpa) = (1—a)Ax,a)
+a- TDervor
6. Let x; = x4
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

TD(0) -85 4-FE(x, an %ir1, Qi) 083
o A e Qx,e)@ WE BHE
A gre

o
>
ofs
ok
=

23 TD(A)-E&

Z3lekgrol A temporal-credite} @ A F, o
FHe do|HET} ofd PF g Meste] ofd
Bl =2ads W o AFl gl olgA uyE

=3

A}

A7l o EAe Adtsd o9 AAG @
g STt ol & #Esty] s PP 2= eligihility trace
g £ o] AXESY13]. Eligibility trace®
od g AEsAU oW AHE HEdeE A
e Alzd(event)d] Aol g 7 Eolet & F Qe
d, TD()-3g dadF2 78 /1Yo Z eigibility
trace 3} trace-decay factor A(0< A< 1DE A3}
v Z3lEtyg daglEelt) Eligibility trace® o] &3t
T35 dA el g g A6 e 2ol
7841 gkt

Qxa) = A—a)xna)+a- 6, e(x,,a) B

*‘(5)°ﬂf‘1 8= A6)3 o] AxH, ZE Fejek
Bl A& elxa)e AT o] Arddrh

8 = 7 + y[max Q(xssy, @) — Q(x,, a)] (6)

a € Alxy)

rhe(x;y,a, ) +1 if % =x,

e(xy, )= and @-1 = ar (7
yAe(x,y, a;-y) otherwise

Eligibility trace® ©]8& TD(A)-3h52 AFH o]

7 A duith o(x, q) @0 FHHY, dnEe

(2" 3 o] A
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. Initialize Q(x;, @) value functions arbitrarily

. Select an action following a certain policy

. Take an action a,,

. Update the estirate values Xx,, @) as follows -

D Let x; = Xpp1, @ = @y
. Go to step 3 until the state x, is a goal state
. Repeat steps 2 to 8 for a certain number of

and e(x;a) = 00 for all %, a
Initialize the environment :set a current
state. x;

(e. g Bolzmann probability distribution)
Observe reward r,,

Find the next state x4y, and Select the
next action a4,
51 8, = 7, + rlmax Q(xi1, i)
a & A(x1+1)

—Q(x,,a)]
52 f (x4-1=x,and a,— = ay)

elx,a) = yde(x,_1,a,_)+1

else (for all x, a)

ex,a) = yle(x,y,a,)

Qx;,a) = (1—a)x,a) +a- 8- e(x;, a)

episodes

ol off

oz %

me o

0

(38! 3) TD(W)-8ts Loz

Al A eligibility traceE o]-&3hd &< A
f’é dom, 1 olfw (I8 4)9 Lol A

o,

Do
o X ¢

w

G

(a) & W] episode A7}
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| X )
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2 A% 0otk (19 4) (@ V2 BHdA A A
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3. GP-Z S

B =AM A GP-Z3eg Ala"e (0¥
519 2ol Fodl vz #7ol uls) A
#7198 QFlolBtable), e STk
E, AQsee F9%7 AR
table) 52 FA =] Uk

LERE TR R %f& Q-Holze

@

|All 2718 2 g@oln, Ok ¥ 5w 4
S9 folm, |AlE °ﬂ°lZdE7} 48 4 Y= 4%
E9 folth. @ulolRe 7 Qx,a)e Azt tolA
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HEZE AF ddelr 54 2
ERAUE G5 93 sl
Fdste do]HET Ht
Ast7] 1 dH352 Suttono] A e A

®)7 72 replacing eligibility tracesE o] &3t}
Qx,a) = (1-0) Q(x,,a) + adelx,, a) (8)

2(®)N A o= 8H5&(leamning rate)o] 1, §= TD-
SFHE 9ndit). TD-LFE @A Zo] A4ty
3, e(xy, a)e 2O} 2o] Axdr}

vAelx,—y,a, )+ 1, if x,_,==x,

 and a;— = a;

if xo1=2, 9)
and @, # a,

if x,_%Fx;

e(x,a)=+<0,

rhe(x;-y, a;)),

ANANA A= trace-decay factoro] L, yE o
eV HT WEHJS WE Yo e

e(x;, a)e 7HF ol HET Y xolM WF g

& FAste Aol dvniyd A G &7} (eligible)d] o &
AEE vetdch A998 EA dA Aeleld A
bedt AFEY AP Ao £33 e 24 g%

(@& ddsr] 943 $PL Uo7 ge 2=
&& E¥(Bolzmann probability distribution)& o] &

33Tt

Az, a)
a) = #’m 10
T

; e
2c Alx)

A10)NH TE 994 A= (randomness)E A o] &}
2%(temperature) Aold, ALELHS 93 g3

A& (29 6% 2.

1 Initialize (x,, @) 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 a,.,
5 TD-error = 7+ v+ [max Q(x,.,, arvy)
ac Alxe)
—Xxpa)l
6. Update the eligibility value e(x,, a,)
7. Update the estimate value of Qx,, a,) value
function
8 if (state value of x,41 = gv)
local_learn( x,,,)
else x, = x4,
9 Go to step 3 until (start state value = gv)

(22l 6) MAstE gua)

ol

Hqsgel 9 95 2%elA ANm Fades
A 5, dAAA S5 Aol A4 e 2
7Ve nesty] g gl FolE e
1, golgol opd AJefof el g2 0,

B AW g2 03 10] ofbd g Z:
A 1 28

tio 1o
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A Aol s FEE XL Y& HolBolr},
EXdee] s A ExdEA % Az
(Hamming distance)7} 191 JHE& ovlstch Ao
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d A€t 221z WA AGstEE A(1DE o &3t
o SQ-Hlo]Eel AdE QA AdejelA SQ-HlolE9
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Q(xy, a) = max[r, + Q(x;, @)} 11)

FefelM A & AEgE FE o

& AHE gt Aot HIDAM discount
A

local_ learn(x,)
{
1. Initialize Q'(x, a) of coordinates in SQ-
table
2. Each adjacent coordinate in SQ-table
2.1 Take action a,

o 2 A z}oHU Al 1, ZoEo] old A= 0,
£ 1008 R4 nl2 gurt FoiR
2 S5t olo|WEs FAW Bz
7F (3" 8) (% 2& A% AqEae A8 SQ -H)

) (b)et 2o AQSEs sy Y
A ERAAE gkl A delsel A %}21 Azt

Q-85 TDN0)-835, TD(A-&% 53 £ =8
A AlQrEl GP-ZAstelsate aed BAL 96 A
E]' o
i)

H37) e Aokt we gu Aol 3t

€ Uz 83T duRe, (28 9l ST A%
A G26, )= Mz theE = el

Observe reward v, , NHBES BE
Find the next state x,H . ‘%’ .
3 lf(x:+1 =gv) { s y
Q{(x,, a) = max[r, + Q(x; a)l
x, State value = gv : ] |ozeawawn
} o ;Gz N [
else Q'(xt, d,) =00 ' <\A FOHEO| ObH AFEH(D}
} \ S5 oH(10)
(38 7) X|Agks gue|E (12! 9) 0|2 &
=zva Hee
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¥ 2| (5.6 M L
Toiets A ° - 10010
3 null
4 null
(8-a) 8 &g 2t (8-b) sSQ-HIol= (8-c) NI &tz A
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