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Reinforcement learning is a sub area of machine learning concerned with how an agent ought

to take actions in an environment so as to maximize some notion of long-term reward. In the
case of multi-agent, especially, which state space and action space gets very enormous in
compared to single agent, so it needs to take most effective measure available select the action
strategy for effective reinforcement learning. This paper proposes a multi-agent reinforcement
learning model based on fuzzy inference system in order to improve learning collect speed and
select an effective action in multi-agent. This paper verifies an effective action select strategy
through evaluation tests based on Robocup Keepaway which is one of useful test-beds for
multi-agent. Our proposed model can apply to evaluate efficiency of the various intelligent
multi-agents and also can apply to strategy and tactics of robot soccer system.

B keyword : | Multi-Agent | Reinforcement Learning |

ILME 7h AA gRE AAEte] B R AP dES
A 2Rl 7Mte) AP AFo|A ool dE Aeishe A dE EAol e g2 A77h AR

+ 0| =R 20099 WSS |SRHX|HAYATCISMHARYEE BT 7 SAN MRS XS dhot £3E A7y

* This research was financially supported by the Ministry of Education, Science Technology (MEST) and Korea Industrial Technology
Foundation (KOTEF) through the Human Resource Training Project for Regional Innovation

My #090918-002 AAtetgd 2000 008 25

Xt 20004 098 18 DAIMX : MM T, e-mail @ chungiaedu@hanmail.net



52 #2EEX83|=2% '09 Vol. 9 No. 10
goi1]. dolHEE A9 5 9= P59 RYL 7t
] 51 Alwi 25 §70] W3 B bFEo] EA%
o A58 9 1@ o] Bhgoll glolM A Mk

AHgSHE aAt StpRTE 8748 AStd 222
Aol defe AlE 5 Sl Aateteat 22 v At 8
7ol % maHelch2]
2 =FdAE o Al
ojFo] AAZte B HTARE AHYshe 2E F7 A
gelold A HAZIE Betg e AHE3)
o do]AETL 43 st AET FT& AT ¢
UEE HAH Hegg 7458 A7E T =
£ &7 AlzgelAe A5¥ 2RE] HEHOR Y
F3te] A7lel ol Y=E HEY WS 22 Y
she o] Fasith 2E 57 4719 4%
& 1§ ndgo] ofgy| wlie] Algho] Ay W
< ZRIHT ks AF 271 e B F3ol
S5H "o ol2g 2AE A E57] flate] dolHE
B9 ME g SRR B9 A% Y g9
gk A7t %36}73} 2 %101}*1{“—. HE|ojo] HE9
E%ﬂ"‘ GE%A*E“ A3 gy FESE e Ag
HE Fsete 2de A

If‘

dojdEEC] B&

NE,

_1)4

H:l

3}99\‘3}

2o AL o3 2k 23 E X5
1735- Zy 1°‘°4519} Helo]HE #7ol giste 7]
£33 3ol M e ety gedaelEd A
Holl 7 Pcﬁ 71&s gk 43 ME B =2 At
g HAAFE 7ate] HE] oo AE JFelets 2d e Zﬂ
A8 5o E 217 Keepaway HIAEHE
3 Ao Agd nde A& Hr sk 6
qre 28 2 FF A7 Bl Bt vigstdrk

]:

e

!‘rS

ON

Il. Xi5E =E| olo|ME

ol 013,5% 1M E

Fol 29 87¢ Oxsa 9

¥ ARE /A2 deh= e A AN T
As —i‘—xﬂ‘f’lﬁ} doldEE AEA T EoklA b
PRo2 ATHIL Ye AEo2 AR IFAT @
7o HF BRUL AT fAE AH THE 27T

olojdES] Mdoleti & F Yrt. dlo]HEE TR
EZo|u} Aplo] RHE BHE o] F7] 98 SHA
2 g0z A A A571E o8Bl &
=3 FRsk=d glojM 2
o2 sy 1 “5’%{:’: 35 HEE ot AAd
th 2879 5% olF 2R S A2g2 2R F
Yo, vjd Al2gl HE oo]HE F of2] Eope <

T aAE2A &8F] hen do|AEE A2E T
zg ooz R QIzte] 7p7] FE wA Y T FA}

7R g g okl o]-8FHo Hrh

SENsSOrs

percepts

environment
actions

effectors

2™ 1. ojHES] 2=

FAHQ A5y do|HES] B2 AAHO =
ZHJHZZ= Minsky[31% Sloman[4]9] Zdo] o
BHo|th BE FAE o2 T £ gle B e
glor M2 tE 7 BAd 424 o wHe 3

g3 Aol Basith (29 2ot (28 A B v
s} o] WY Yol M EE 84715, B4 71 9
A s7A ZhEe] AsH NS

At ATk

A2 & oY
g 75 2dg A

38 2. Minsky2 Xis8 Ol0INE Zajigiea



§

processes

prereuphioe META-MANAGEMENT ctton
[Ni@rnchyx (mmdtective) g ROFEORER [} pirarety

| "3
h /Qt* /@“ wtufiong
term
asnccintive)
-4 PELMERATIVE PROCESTES - imemory
Plotinrg, deciding. |
“Wehat f seasornin
L P 1 VT
e A0 Livation
Variatle
thresbald
atteniwn
rtars I 1
" L AR
REACTIVE PROCESSES
-~
]l
I A

THE ENVIFONMENT

] ofo]HE AAde T do]HE

HEAGE) EAE Bt

oI5 4}

9,
o
o it
o
fru
I
2
e,
o Ml
)
k
o
il
2
o
L
im
et
=l

Mo
il
ot

i ox
o
P‘L
T
lo
-3

2

o

e 2 4

-
o,
1 o

fn
E)

3

fo rr m
ot

r ool
9
£
&

ox pE Y

g
ok
ol
o

2ol Ae) £ 4
A 4 FaRosd A%
4

o=

o

X

By
ol
lo
i
el
o et
t
Sl
N oo T

£
o
o
2
u)
2
lo,
2,

o
r>~1
il
it
lo,
ol
L
=
2
o

o
rN
|m
rr
B
fiu
o,
o,
i
rL
tlo
i}
:?:i.é
o o 1Y

-{r

oD o o 2

(. U
=
o

% odl

2

o
ol
-1

o
&
S
lo
2
o
2,
i
fe 4
i
o2
k1
=
it

>
Ogl:”,
ot
rir
¢
2
2
2
=
[l
o
ofl
=
it
N
R
~
al
ol
i)
fol T 2 o

o2,
Lo
Sist
2
]
=ol=t
it
P,L
)
do
=
2
rir
o
e
o
iy
fo
ol
i:)
9_4(‘
foh o mfy ont

o rr
Sl
o
o
o
<
= e

I
Ho
ol

o o

olf
i)
o
)
el
o
o
ir
pR)
L2
e

R

o
)
2
o

2
™
N
)
N
2
N
>
40
7
=
ox
N
=)
S
-~
ot
Bl
24
£ oy
Og‘:,’l
offt
o
ol
N
)

5k S48 ol HE £3F BEo] o8 wsE

a730) Aee] thal 2ol WA Foz se 2
2 H49) JuE GHHES e oltel ool
£9) 3% 259 AHel 4N Yoo 459 Moz
5 Weolth, AEe % FE 4GS A4
Fol] ZEE o|F7] AT AL GF PPoT
ek BT Sgo] Thssiths 3EE R
AT $74o] AFE G5l BolA £u7} o]
Atk we] £330

. 45keES Q-Learning

Tohed AR 22 -3
Z2 74
)]

o ot
o
L
oo
o B
Y
it
-
olt
I
o
it
rlo
ot
2

)

H) mo

ta
it

2,
”
ol
2 3
=
=
e
op &
= rju

2o o

2

ol & N oy oy

rlo o

oft fo Jm 2
53

=2
= rir
%
ol
SO,
N
o%
4
L

w

&
g
tlo
2

5}
T Qs a) & & F 7] wiEel oo]HE:
s
]

Fo) gL ow A9 QB g Rokdh

T

Y
a2

o:
ha)
_{
i)
o

iy £ O
iin)
o
ook
-
L

o o mE U >

doll e 7]l

&l o

% g4

7])6ke} s}

of
He
i{t‘

)
N
- >

ot
o
1o o mot



54 SIREI=s3

rH’
Ho
P
o
©
<
<)
[{a]
=
o
o

IV. HX| F=B7|dt HE|O0IME Z3isls

==
HA F2 A|2E(Fuzzy Inference System)S AHe]
W) 2700 weh A AEL 2HHE T A
stolt}, WA 22 AN2rESe nHAo R AIRE S Q=
B 24 el QB4 A Al
GibH 02 If ~Then~9 HEZ FAH o] Algho] o]
A5p17F Solahe] w3 AbE AL RBx) FHo| T

A 4 9le] B AI7HE 2 F Qs Aol Tl

N ¥ (1] Agaregation

——s{() o'l Process
h Ty Y .

Input
Variables

A \ e

: @( . / OF i1 Defuzeification
}fz—\ il Laver

e MR,

Input Fuzzification Rule
Layer Layer Evaluation

Layer

38 5. HX| 2 A|AHl0| 2x

I 5lellA Hi= wie)l o] R
S Wol SRtk 24 Sl 948 7
Bl gi§ &&=t PR A WA =
A23g et 1A Mgk 28
nE HPE‘_"-E Z¢¥o] AitE o] Fi)

28E Hd o ALgAE 48 W
& Z2As 2 WA I Feje} N2 Aok ok
A e A5 A4AQ 3g AR Wy 4 (Fuzzy
membership function)& o]-&3}o] 0|4 ¢l 9lo] w4
o P2 28} Hx 24 e B3 Fegt
Qom Az ke AOEE gl B2 9y d4e
ARto] AT mlio] hEElA] g ol
ZHEAIRY B Al Ro|E e wlio] Jhsahd A

Abakol @rH10].

_\ﬂ.L
™
oy
o
Lo
)
flo
&
N
pA
!

>
1>
2
tjo
ol
tot,
M
ofy
oft

o
o
of
>
>
e
2
N
st
-?-l-'t
trt
COR ]
o
=2 ED’
>
N
rlr
e
=
o
S

4
s
&
o
27
a2
rO |
L
)
(&
B
rEl
o
L
huj

f
&
é
ﬂ
;32
£~
_LL
o) o
o
o
o= e A

hirpd
[
©
>
)
[
2,
=
= g oy Mo

filo
b

].

73l she) 543 AXI Zg A]AEU =%
7P 3L QIo1A Q-leaming o] Ao] Y
gl 70 dis) T4 o] sd ol
EE A 22 A 2GS ARREH] Algo] AR X
U] e & £% glon ALAQ] WFES ALE
a3 6ol HA FEL o] &F AFRER
Jol A oAt d #4e dE BedFa Yk

1> 3o e
S

ek
o

Aok [

N e e

a3 6. NS2EXFH AAHAMY HXFE 2P

31X F2 AW FH9 9 e uast 29
o] o AgAZL PlE A Bk 2ey 3
o2 Alzglel el 23] FHE Bela7) oleig 7
+ AoE BE #HS AW 29 WEE 99 )
2 BoIf 3 0] T F49 8 848 2

% Fool RES B ¥ =EAE do)dEY &
2749 4% Hd e 54 95 oo e 457
o AZs Aok TR0 A4ES T HATH
2 43l % yae 2s9 (29 71e 37
NolHES] HA F& WAUZE BojFR v

B =24 E 9A



x| &8 7|dte| ZE|ofo|HE ZElet

IOI'
Jon
o>
H
e
(6]
[(#)]

Fuzzy
infere
syste

ks ...I_ -

.__-.,:_.{_'"

R

Fuzzylnferenc

j=} O
neeRENcE | 2 Z5eE HAEL0E BEojd Tl 2R3

MECHANISM - e s
ZT- A8 2 5E] Keepawayoll 23 JHE s E55]0]

A B o)A gt

i foward Keep away® [2@ 9]olA R wie} Zo] 3%
keeper9} 29 9] takerZ FAHT ZRY &7 A&
O3 7. &7 olo|HES] HX| £2 fFHUS ol A #1e] Aghe =L AME3I) keeperd] HXE
FHZA 2 B9t TS AV fAEE Aol taker

I - 5L O
o ZXE TS

&

o) gloh sheejEs dele) 27

8 9 38 ASGAAE A7 FE T2 8 4 ; ;
AN AFo e ool AT} Aol i A

A AFL MUY 5 RS Sl Ases o

Zol MEL B3 ool dES] o] HEAL P4 A

2 4 ol

AT 7] F27)0 Ase e WEAH) 38 9. keepaway M 3



56 SIFRHIXSIF|=2X| '09 Vol. 9 No. 10

keeper$} taker®] 7j5ojch.
Keepaway= o] ¥ 4E WA o & o]20]X ™ keeper
7} & wWotriAY 9y oz vgks wr) sty

ollE7} Bk, 2zte] olo]dEE F3} Ao o]
AE So| AR Wolgoln 7hg 7)RAA g
Sy

kick, turn, dash&

o Minlarg{ Ky, Ky, T, angl Ky, Ky T2))
o Min{ong{ K, K1, 1), ang{ Ka, K1, T2))

33 10. keepaway AEf H4

32 Keepaway 2] 79 [28 10]o14 R& nlo} 7o
1371 2] Al B2 717t} Keepawayoll A 2+2k9) offo)
HEE 27 AlEHelA g1y 7184 d%H [
11914 Mol vie} o] 49| #pdle] 5719 v 2 8
T2 Aggr) g5 Mee i) Aol 7z keeper
7t A PFEol s QAES AMEl 2 gL 7
FOoE Hl&S A o]& ulgog Yol ’dE—“, g 5
AEE A AALEE G2 dg2E9] 7)7}0)
doh} A&HETME g SR ARSI

¥ 1. CMUnited—99 Keepaway 49| 0|32 #E

7hsBt HTTOIAl Ha) BRI 32

s S0t 2XoI| ot S

HoldBall()

PassBall(k) | keeper k ¥22 IS XIH A= IS

GoToBall) | 32 ZI27| sl7{Lt BXIE B Yo oIS
GetOpen() | 20|L} AiHoRYEH XIFR2 YXIZ Ol

BlockPass(k) | B2 7IXIT Q= keepert Keeper A2 OIS

[2% 1112 Keepaway 37304 723181452 £3 of
OJHEE ié% EP”“ 740]‘3} 1‘“*“)1]’\1 HE nle}
&40] 3¢

8 s i symiei B EIR

ple SEE Yiow “Selins ety

38| 11. keepaway Learning Graph

B =woA ARt Zsdkg 2] g dE AA
9 B84 B97E %M Keeperd FAE Always
Hold, Random, Hand-coded, Learned(FIS)Z 7% &}
o Bl At Z4zhel e ot 2t
» Always Hold : 3¢ HoldBall() 53}
* Random : HoldBall() or PassBall(k) 5%}
* Hand-coded : Taker7} 4m <t $12.% HoldBall()
& $Y5}2 Teammated Al & HFHOE 2
g 5 e ARl & B¢ PassBalk) 53
(CMUnited-99 pass-evaluation function AH&)
* Learned(FIS) : #A] 38 w7 UF o3 ol
#e] Ao} Aotel| wet AEEE 3L HA A

g ystel PEHY 5

Hand-coded Leamed(FIS)

AlwaysHold Random

Keeper Policy Average Ball Possession time
Advays Hold

Randlom

Hand-coded

Learnsd{FI5;

33 12, &5 MM Y Keeper? B 8 AQAIZH



d8 AN [2E 12]0]
A9k o] Keepere] 7 B H-A)7ko] Aoksk 9%
F2 7Nt Bt Rd e 448 49 9 A vt

o H]3] Keeperel & 4+
- webA] ek glo HA

>
)
L
o
oz
ek}
o
L
;R
hu)

i
o
o,
oo
o
S
>
oL
2L
o

P3|
i h=]
% 988 Bsdt &

2
=
&
B
)

1o
ol
o
oX
o
e D
i

M oft
2
o x g

2
>
M
)
2,

Iy

ol

> g 1
f fo
2

O
o
i:

to (S
i)
2
o
2

2 e
— 1> o
o
2
2
"o

it o &M
oot B
2

=2

2
Jl)j/ kp{t
2 o o

ol
o
N,
ok

o b £ oo
B g
(A
ox 2 |m

o
e

T A« - A G- |
Mool ok oy
e
o
al

o
)
ik
St
o
T

>,
4
fo 1
o
oy o
ol
=2,
B
z (f
2

£
=
fu
oo
o
fo
Y
L
o

VLEE

Ao|MELZ AMEALY] HH 9 9| 3
ol fFE 27 Fopdl 5= glojo} Fhr),
e 28 E73719A dojdES] 584
BE A3 x| 7)uke] HE|oo)HE 735}
AlFetdet. o war whale) Zhalekey 3
Keepaway S HAEH| =2 Ao} Folst o

r
oY,
lo
fil
A
o
B

&
0

ro M
oM.
(i
> o
=2

A7

o o
=%

o

_N_‘oﬁ.-l
I

rlu E i

N T
> -~
2 o
- bt
oy 1%
oot oy
2
W2
I ap
.
@ o
ok Sk
o L
o=
n =2
o
=
i) lm
2
=
e fﬁ
i
-

ot
I
b
X,
AL
T
e
o
38
O
2
2
il
K
>
o
i
)
R
fo mly

1o
s
K3
R
ot
o
ol
i
o
FO‘I
o
oX,
o
N
2
ol
i
R
H o
> ol
v im

ey
fu
rir
M e o o o opd ) oo N ook sl

lo
)
g
SE,
2
e
=2
ik
oo
o
)
off
o
hul
2 e
o

o
—_

e o e,
oL rfo

>

o

)
o

e
oM
=
m
o
2
4
i
o
2 H
>
Jbr
2
o
jato)
R

4 o¥ u® Mg
o
x
2,
o,
2
ul

o
FO‘I
o
J2
rO
o
oft
o
i
=
e
—

[11 E Matthew, Taylor and Peter Stone,
"Representation Transfer for Reinforcement
Leaming,” AAAl 2007 Fall Symposium,
Arlington, Virginia, 2007.

[2] E. Yang, and Gu., "Multi-Agent Reinforcement
Learning for Multi-Robot System: A Survey,”
University of Essex Technical Report CSM-404,
2004.

[3] Marvin Minsky, Push Singh, and Aaron Sloman
, The St. Thomas Common Sense Symposium:
Designing  Architectures for Human-Level
Intelligence, Al Magazine, 25-2: Summer 2004,
pp.113-124. 2004.

[4] Aaron Sloman and Ron Chrisley, Virtual
Machines and Consciousness, Jounal of
Consciousness Studies 10, 4-5. 2003.

(o] A71d, A, ‘A4 FE oflo]dE oA
FEAHQ B3 35S A A ZdY, d9A
Bi}gg] =EA AZEY ] 2 3§ ABH, Al
3%, ppl79-188, 2008.

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

[71 G- Tesauro, "Multi Agent Learning:Mini
Tutorial,” IBM Watson Research Center, 2000.

[8] C. J. C. H Watkins and P. Dayan, “Technical
notes: Q-learning,” Maching Learning, Vol.8,
pp.279-292, 1992.

[9] R. Fagin, "Combining Fuzzy Information from
Multiple Systems,” J. of Computer and System
Sciences, Vol.53, pp.83-99. 1999.

[10] elodo}, A=, AHZ, “HA FHL2HHE ©]
&3 Aedtge] FEIAY, dFHR A
=), A10-BHE, #63, ppo87-592, 2003.

[11] Lionel Jouffe, "Fuzzy Infernce System Learning
by Reinforcement Methods,” IEEE Transactions
on Systems, Man and Cybemetics pp.338-350,



58 ot=REHXSIS=2X| '09 Vol. 9 No. 10

1998.

[12] David McAllester and Peter Stone. Keeping the
ball from CMUnited-99, Robocup-2000:Robocup
IV, Springer Verlag, Berlin, 2001.

[13] Alexander A. Sherstov and Peter Stone,
Function Approximation via Tile Coding:
Automating Parameter Choice, In  Proc.

Symposium on Abstraction, Reinforcement, and
Approximation(SARA-05), 2005.

o] ¥ Z(Bong Keun Lee) 3|9
5

L2000 ~ A FEoeE A

<HARP> 1 ATH oo|HE, F#AA
HlolEmtolg, A R A4 7]5 A28l dlo]E]

Mol Bk frH|AE A HFY

A A F(Jae Du Chung) Pl |
I 19874 dAdE e Aaketa)
(o] A}
»1991 : wBEiE AAAF
(F4 AL
20049 : FRUTR gy A
AR F(FEdA

1982 ~ 19844 ¢ SR
19919 ~ 20014 SRR
~ 2006 SFEF

o
S
L

<BAROE> 1 7 lo[EWo] 2, Tempord GIS 58

FAVAETE, 4710 ARAH A 2e, Ay 2

&g Bk dolgulo] A Bel, Alojga H A
AEA

5 & %(Keun Ho Ryu) Pkl
19763 sAdEw A4kt
(°)8tAh

ARAE(EEAAD
19989 AAHREE vigkl A
R )

19769 ~ 1936

W %225 A9 HAROTC
A3, FEUAFADFAATY), FIHEEAY

Az o) 25

= 1980 ~ 1991 : Univ. of Arizona Research Staff
(TemplS 79, Temporal DB)

+ 19386 ~ A FEOTL A7) AR FHFEE

kl
P

AN
i
fatad

1 Eol> 1 AIZE dlo]gwo] 2 AlF7E dlo]efH]o]

, Temporal GIS, 24 2 X2 7]4k A|28) 2] 4]7]

i AR g A 28 doje{nfoly, wlo[E Mo~ B
=1]

2 Bio-Informatics

9 l),

22



