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Abstract In Multi-Agent Reinforcement Learning, each agent observe a state of other agents as a part of environ-
ment. Therefore, the state space is exponential in the number of agents and learning speed significantly decrease.
Modular Q-learning [6] needs very small state space. However, the incomplete observation involves a decline in the

performance. In this paper, we improve Modular Q-learning’s performance with the partly high-dimensional state

space.

Key words Multi Agent, Reinforcement Learning, Modular Q-learning, State Space

1. BLC &I

HE, PHBRATFLO—DELTINFE—V o b
AFALAMERBENTWAE, TAFI—-Y2r PLAFLIE, —
R RMEELEE L olL sy 27 275 KEEL
PAT LADOHBADIEBAPREIN TS, TLFI -T2
FOATLEEBRT AL -V 2 POREHED—DIIMILE
B HBHbH. BEEBEHME LEFDO—ETHY, VAT A
DBHFEHFRIBIEG LR T LEN R V2D, REBET
BHL AT LEZHTOBELLIERICAEDEFETH D
Eviad. Ldl, ehFI—Yxr MEREFERIE, 2
BRLTVH LI IAELMEME (—fziivrFr—T 2
FORTLRABETHN, REEEZBNTLZLIIRETH
b, ZDH, TV 1V FOBSIKERHR LR, FEEF
FUME (A FI-T s PREIIBWT, T~Yx s ME
oo —Y x> PLBRBEO—EE LTRET . F0720, fit

DL—-Y 1 bOBERDPEILT S I & CREDVKEBBESRS
kL, MDP B L LTEFNLT AT AT ELWY), HB
EARME Brnx—2 oy POKKEEMHEL, FILUIRES
M ES A2 I L IIHEETH L. FOIOIEY) e BOR A
LENTLE ) THEMYSS), RTOR (2—F x> FED
WYL L, IREEEIFERNIIHEKT L. 200 EE
PELIRTTZ) LEnMEa» D5,

AECE, REOBIZOWTHERT D, P v/ VT —T
CPRBIIBWTHRTOBBIHFET 5. EREIRILFEE
BERAT A5G, EhbibaRy Ml#h ETIRTEH N AES
ETHY, KEEHIERETHR ONE. £DO/DITEIZERM -
KEZEABRETL CREOB) . RITOBAE L HBETIE,
I—Txr "hPEFEMERETLLOIELOBEELEL
L, ¥THEE+EL(RTERTLE). Voo —TYx >
MR T, EHR L ITEN M L T Actor-Critic {472
FINTHBY, EHEMLIREEMIIHE L TIX, SVM(Support



Vector Machine) % F\V>7- IR —RxfbiE (3], RBZEMOMERE
ANEEFS

YUNI=Y oy FREIIBWT Y, MbFREERE
AU BEIFEEEORTHBEL ShTwb. Lizdo
T, Yy NIV bRETCO¥E LN LS O¥ER
RELELTAINVFI—Y 2y FRLFEFETIE, ¥BEED
HFIEIBEELMEE VWA, TALFI—T o MNR(LFEE
B ARTEOB LR, ==Y x v MO EVIREEZZ/
AIEEA AT 2 ETH 5. BES (4] OFEE, FRE
TIREEZEM 2 o4 OMSRFERICTE L, SEBIIBVTH
TLTEERT) L CHALREEMIHIGLTWS. £,
BB TIITHNRFERMOBEH L EHL THY, THRIIE
WTHERE~OIESTRTELZBAIE, SBNFEET
HOWTEEREILEWTUEBOZEER OBHZTI LI
DTHL, LaL, KEEBLIMM-—Y s bOTEHEVIFR
HELEENFSINITLFI -V oy PREIIBWT, g
LSRN BATEMI B A REEBLERT L Z L3R
CRETH L. 72, Fuzzy ¥ A7 L BOEKREROEIRT
5] DA, TIEI—Y x> MROBIIE D KEZER
23 UNRLI:Z NI N e/ oR /A RN

YNFL—Y ey VRIEFFB BT DRTONERRTLF
=¥ LT Modular Q-learning % %. COFikiL, 2 fkx—
Ty b LEBRSNARTRELHVL 0, IREZHOX
Xxpr -l MRICEBENLEY, L, SBTIREOA
ZEBAT 570, FARENEICL 2FBHENETEHEL.
ZTAMETIE, FEMERTOERE 4 2 IREEBARTLT
B ETAEEMELTMBRE, Modular Q-learning ¥ H
BREZ U ET 2 FELRET .

PAF, 2 & TIERTOM L Modular Q-learning DB 512
DVTHRD. 3ETI, REFERIIBITIEREAFEILD
WTHBL, 4ETEHMEEHVCTREFEOWRFME
79,

2. RThE

I—Vxr bk BBRATLREE S, -2 xr bi ORE
s, T—Vx M MRENLLILE, RES 32—V
Y rDREDES < s1,---,88 > POEA. LHoT, K
REEMOKES|S i |s|Y &4h, ==Y MEAEMT
Bk S| 1RSI AT A, dMitFEIIBVWTIREERON
KEAFBHEEZABIIKT Y, I-BREAE)BLLEL
35,

2.1 Modular Q-learning

Modular Q-learning (${REEZEMOBHEI CFiEL LT Ono
5[6) 2L > THRESN-FiHTH 5. Modular Q-learning T
12, B LD 1RO~ = ¥ 2o S E 3 KERE
MEzAVE, Z0-DKEEMOKESE, -V 2 FO¥
CBDLSTEI s> &40, RETHOBRLHCI LA
Ei b,

I—Yxr NENKRGEETAHE, HMREEMIN -1
BEEL, FRENSH L T2 FOoFRABFEILTLNT

Reward .
Environment
State

Action
Mediator]
Agent Module
Q1 1Q2 Q3
Learning Learning Learning
Module 1 Module 2 Module 3
Ql(sl,s2,a Q2(s1,83,a Q3(sl,s54,a

1 Modular Q-learning {2835 =~z P DK
Fig.1 A structure of Agent in Modular Q-learning

Sy,
Q(s1,s2,a)

>

Si,
Q(s1,s3,a)

Q(s1,s2,a)
Si,
!Q@L%@)

Ss

& 2 Modular Q-learning (2313 2B HEIRT OF KA So &R
B S5 TIIE—OEHIRE S 2 # BT 2

Fig.2 Anexample that Modular Q-learning’s performance down.

Wah, M1l —Y 2y M A ROBEDT— T 2 v b1 DM
WA RT. &FE%E Qlearning 217\, Q ELITEEIREG
~NEET. R () IRT L) ITERIRIZIR- 72 Q D
GEHEA L Y RERMEE 2 2178 = &5 L GERT A [7].

i=N-1

P ki .
arg max E:CQ(&MM (1)
=1

AL, BORENOALEET LI L TRATEMELRE,
EMUEFETXETLII LW REAX DA, 2 IZHRER
ToM%ETT.

R 2 ClE, $REE So & IRAE S5 (2B TE—DERIREE S) .2
REMT L. IREE S5 DBV TRBRITENILIRE S ~ERT
LITEITH Y, FOTEO Q f Q(s1. 52.0) HHREE S5 IZB W
TRRELSTVALIRET S, IKEE So 125175 Q(s1.82,0)
LHIRBE S5 1281 2 Q(s1, 80.0) ERI—DbDThH Y, F7IKEE
So 13 T— WIREED &0, Q(s1.55.0) 1 Q(s1,80,0) |2
HATIEINS G, Lo TREE So 12BWTh, KESs
B A REITE & UATE 2 BIRT A uREEATE (, Zofl
TREUHBEBRLBEEELD.

IREE So 205 BHITRE R IRARILIRE Sp L RBRIZ T~ A 25
<, QIEDASV. LidisT, QERITEVTIREEGER LM



e LTHWSILS max, Q(s,a) DIlIE Q(s1,82,a) L HhE
V. ZORD, FBET) LT Q(s1,52,a) DERBIT 5.
T, AREE Ss BV TEE R ITE L BIRT 2 WA T T
BIERBEKRL, RIS TIER T VIREDNHEVIRE S,
ANEEBTATRNIE RS, T, RES, LIRS ~k
EBLBE, FEICHWV SIS max, Qs,a) = Q(s1,52,a)
DEVFAROBL ) /S Vw0, REE S ~L BT 2478
DQIELARRDMEL Y b/INSRIEL LY, KRES; ~LBBT
HUREEAEC D, RIES;, R Sy ~OBBITRH L BOR
Tlahwizd, ¥EEESETFLIEVR S,

3. REFZ

Modular Q-learning TIXEHFKEOALHEL TV
O, FEEHESE U FEHEPET L. £2T, H20
KR Ss dEH T VRREBIGEL, QEFETT2L£E
HEEICKEILEEY 5L DRETE, BOKE S12, 83 2H
VEDTILL, FNHOREEBATILL THS NDKE
Si23 = {51,52,83} TRV A I &L TEUMROBTEZHCIL
NTELLEZOND, 2¥%0, KES 3 TAVWEI LR,
JKEE S5 Tl Q(s1,82,a),Q(s1,83,a) Ti3% < Q(s1,52,83,a)
L7 h > TITBI %8R T 2 2 L 2 ERL, KEE S o058
BIZE 5T Qs1,52,0) DEAMET LTS, KR S5 2B
TERFIEELZZTILVOTHDL. F7:, KES, 6K
BE S5 ~EBRBLIBEAED, max, Q(s,a) = Q(s1,52,83,a) &
BwbI LT, KRES ~LBEBTAITHO QEORTERC
SEATED. RE S EBATMMLTOABOZ LHFRD
A, FLEL T EVIREBIMEHEAMEC, BT LEE
LSV, Lo, #F0L) RKREFZRRTLLTY, K
BE Sy #ERTEAL LB AT EHEERBEOMBIIMIETE RV,
37, BLORERERTIT 2 I LIl Lo TR IKEEHDH
2§ X5%%, Modular Q-learning NF| 5 Th 2 BV FHRE
MhbhvCTLE ).

FITAFETE, H2IIBITHKES L) 2RkBOAE
BRTILL, AESMEERY < T & T Modular Q-learning
DFEBEURELTAETS.

3.1 SRxALFE

BRFTAETD o2, FTEEORENR 2 DIKE S
DL BRIRBUSL0EPERET ILEVFH L, BB

7zk iz, AFECER, TRERI I ROBRTRELACS
ZET, FREE LR L b VRN ERUELENE LT

WA, LW o T, KBSy LIKEE Ss 8T ALEND L
L, SoREABE L TEONAERZTTRRET L 2

& ti“(“é v, FIT, EAIREEOE % £ IKREMER L Vi

FRCT, REOENLIT) FEERET L. BOOWRE seay

BT — Yoy b i OREE s O B S LA BT IRRE O ffifiE

Vi(sserg.8:) DFBEREAX (2) THRA.

V (ssellf’ e 1)_Vr l(s'sellf) i 1)+
B(max(re, yVi (sters, 81)) — Vi (b s H)2)

REEMEE RS V; OfEild, S 2 L0Eh, L)l

OBEVIREN L BB L7BEIIMmMT 5. LEdsT, I—
WAEVIREE IR L lE V OEFKRE (, T v HEVIRE
ELHEV OBIRAS b, REE S T VIRBISEW
728 V(s1,82), V(s1,83) DMIIKRE &b, —7, KRB So 1d
T LAREED & V(sy, s5) DEITAE WL, REE S 2 64R
B S, ~LBHTLIET Vs, s) PRI TEH, bi
CEb Visi,sg) LNIRKELC LB, £2C, V(si,52) > 7,
Vis1,83) >, V(si,83) < &% MMl n 2R, KELH
Bt AWM RO EA S CHE R A AIRREEIRIESs L L
THHL, KHES, LRAUTAHILHThEEL %25, TOLII
LTIREE S5 12 2 L WE S NAREEBATILT 5. il v
DEEFE LT 270, FEEFTRIL V(sr,s2) <n &
HBTEMLSH L, REETE, —ERATES KRB
RUBCEELRECHLEL, LBV PMETLTOEKRT
KEEL LTHRS.

BfE n 13X (3) TH R B,

n=+"- Reward (3)

MII8T A =¥, 4 (LREEMERE V OF BRI /-5
#, Reward XBE» L5 A LN RYT. )\ OB ER
KIZESH 2 LM n OB 0L %5, F0/H, 2TOK
e ERTTib s, FE T A TY X413 Q-learning L% L <
Ld. LitioT, ADOEEKRECT S I ECTHEEMRREIIKRS
(HESNLY, FEREFBET L. £72, N OELIFEI
INERMEIETT D EBE g OERERKEL L. 201D
BRI ShBREREELY, FF7 1T X4 Modular
Q-learning £ L < %%, Lo T, ADELASLCTEE
ETHUREEILE R DD, FEUEVETT 5.

AREER, TOXNZBEYLEGEETLILT, THRFE
EEAIRo7-F F, Modular Q-learning D EHREL RET
BIENTETHL. ’

3.2 I—-Jz>OMK

H3lizxz—3 x> FOBRERT.

e Check Module:

RERCE LB RELPBFATLHE 2 -0, FREXS
NORTHZTELTBY, BRLIIRERY PV (s1,82.83)

QRTCIKEE Y L THlbiLh % 513, 2 RUFHERIEMIKE
{s1.52} £ {s1,83)} 2L, 3RTWIKREL LTHONLD LS,
KB {51, 82,95) % 3KUFEBBRITES. $72, 2KTHTIRE
% State-Value Module (27T

e State-Value Module:

BRI HIE L BRICIRED B % 1TH) €Y 2 — V. Check
Module 5 2 KTTETIREEZZITHY, B n 2HVTEX
TALDHELXTH. T/, BRTEOEFLEH LTI RS

TERTIREE A T 5.

o N :RT# ¥t (Learning Module)

N RFTREEDHEH LTI T 2 — b, FEHIIE Q-learning %
Mvad. S8 %179 D1t Check Module 12 & » TRR S h /-5

BEOKT, BIRSNEEBRITHBRNLEL 2D Q%
TERIREICET. $72, MO BRSNZEFROAIIER



action [2,-3]
Q)
Agent
r'—'l Selectorl'—']
[ . ' A [®)
! Q'Valuel |  generating e} —_— OlA
! 3D ! hxg}rdsn:::uonal [_2’ 1] O
Learning 1
I »| Module 2 ! [2,-4]
I I + O]
i | (a) Toric Grid (b) Goal State
12 D 2 D] O: Hunter Agent A : Prey Agent
| | Learning Learning 4 EHME: () F—F RKOZ Y v F, RETRT L5 I
Module 1 Module 2 BLHHTS. (b) T LR
1 ‘stabe Fig.4 pursuit domain:(a)toric grid, The arrow explain relative po-
Check Module State-Value sition. (b)goal state
Module
/’ \ FHE&ES, LT, FHECAVEFMEORREREY
Reward 5 & 5 T (A7 5 [8] ARSI AV 7 B & AR RIERE T
S
Ha).
Environment

3 T—Vrr oW
Fig.3 A structure of Agent

sz,

o {TENEIRER (Selector)

BEBEPLZITMo72 QEZAVTITHRRETIE 2 —
V. SR QERITHILIZAEL, 20/eHESAL Y K
ELEEROITHCHEEL R ERS.

3.3 #@7PALIUXL

FFEOFETNTY XA UTITRT.

(1) BFEFEV2-A0FH2 QEOBEMMMEIEET
A. %72, Check Module #¥ZEE L TV A 2REXRY MLk
THE, AFETHRIBDART QKT KEET 5.

(2) REr@BNT2

(3) BRLTEBONIAEXD L, Favr2EY 20
2RO TERTRENTFET 2 2#A~, BEOKRICHEL:
REDEZGET 21—V RIRLIKEES5 2 5.

(4) BREN-FFES 2013 QELTHRINBIZES.

(5) QLS T#RRFL QENFEHELL L
IITEN % RIRT 5.

(6) BEZTEHL, SZ5NEHMIIESHT QE - REE
e % £E ¥ 5.

(7) BREEFCESOTHREDERTILEHS.

(8) T—NKEELLET. 25 ThIFILUL(3) ~.

4. ¥ i % B

4.1 EWMHE

REFEOMRFMEAITS 72012, BHMELHCS. B8
FIRBEIE, Ny =B L HETIMETHL. KIF
RTHBEEON Y 5 - L BYPNFETLIBEIIBVT, N>
y—%rT—Vr bERRL, T—Yx ¥ MIEYEETEY

o 2XRThF—FRIRFY v F (5x5 b L <12 9x9) 12, 3k
DNy =k 1 EOBYHPHEET 5.

o Nyy—LEWL, SHEAT v TICERICITE T IRE
T3, F, Ny y—RIRTMREERTENISEYH D, £, T,
K, GOBET L7 v F~OBE), BEOMEBIELTHS.
B ARIRTRE LTI 3 S Y, L~BE) (40%), H~8

B (10%), BAEOWBITHIL (20%) ThE. E7, HBENOK

FIRATERIREE L KT,

o WHWIIFEFETOLY, THRRERI-ELTAH.

o WWEAYY—BELYY Y FICBET S L 2T
T5.

o WAREMSEYLIMETL (TR $TE I
¥V—Fet2, BWENY Y —DOUBREIZS ¥ ¥ LIRE
TAH, Fr, T-NIREER 4A(b) IWRT L, Ny v -aR
b 3HFE»CEYICBEIELRELT S,

o ToVIylOKER, EWLOHHEECRR
T2, WAE, MA4RT LN, EHLoHIEE I
(=1, 1,1, -3],[1,—4] D & 3 12RKBEF 5.

o WHWELIBE, -V MNIHEMI10%54, 7
WU OBEIITEM-005 252 5.

UEOBRET, MBI ETLIAT v 7R - KREEBOK
% %122Ww T, Modular Q-learning, Q-learning & O 8%
T9. ¥7:, EFEIBUATHRERINIE KL Y~ B REA
[AVAR

4.2 EBRER

a) 5xb 7Y v FBRIE

K51z, #EFiE, Modular Q-learning, Q-learning & F\
REBRERERT. Bt oYy — M, WEIEDRECE
LEzA7 v 7HERL TV 5. REFiEL Modular Q-learning
DT 100 R1TF, Q-learning DIERIL 20 KITOFHETH
2, %72, M50MIX10 LYY — FEOBHTY THS. &F
BWHEIIBITE/8T A — 5 O, FBE = 0.3 x 0.998849°7%,



g

Proposal method - - -
Modular g e

S
8

g

g

8
8

n
3
8

GRS EERY

Required steps to Capture the Prey(A 10 episode moving average)
»
8

0 2000 4000 6000 8000 10000
Number of Episodes

B5 5x5 7Y v FRSRIZBIHLERER
Fig.5 An experimental result in 5x5 grids

HFIE =09, BRESTA—% =0.1x0.998849° &£ L7z =
IT, epi (3TE V- FEERL, 0.098849'%°° ~ 0.1 £ %3
LIBESTA - ORERLREL. £/, HiE/ ST
A= A0fEiz 40k L7z,

Q-learning (2 BT AIKEEMO K & £13 15625 REETH Y
FRIIKREZ ., £0-HDFHHEELEC, 10000 ¥V — F
BEiTo THEDHMIZ 150 27 v TRLEE LTS, —7F,
REFE, Modular Q-learning 1251} 2IKEZEH O K X S
ZFNEI 625 KEE, 1100 KEETH Y, Q-learning (ZH~TIH
BB, @5 HRT LI ICEEEE D Q-learning (2H~
THEFEIE N,

KIZ, 6 12 FFiE L Modular Q-learning A fd1#|-
BLAERT v 7TBY0~20 A7y 7OHEBTRY. BREFE
T, BREMLFEIZL > TRIIRERI WL 5720, Mod-
ular Q-learning & ) b #BEEHNFETFEFT LT 3. LaL,
Modular Q-learning ? 2 7 v 7EAUZIZINK L - EBbIL b
3500 =¥/ — FfHET, Modular Q-learning L REFiED X
T TEPRILEL > TWE, E5IFDHBEHNIEY —FT
12, ’REFED AT v 7HA Modular Q-learning DA 7 v 7
BINbNSLBEELR->TBY, RITORTETIE Modular
Q-learning D2 7 v 7HEH 1THRXETE TS, DL
o, BREKELHAVTAEEHELR BRI EIZLY,
Modular Q-learning D ¥ B HELXQXHFE TR TH 2L 2 L AR
T&%.

b) 9x9 7 v FERE

TV FOKRESE 99 L LTERYT-72. 9 7Y v F
Tl Q-learning I2B1T 2 IKBEEMOK & 13 531441 JKEE L
FEFIIRE G, F72, 5x5 7 v FREOERIZBWTHL
I2 Q-learning OFFEBILE L, 9x9 7Y v FEEIIEWT
LI RII LD EEZONS, T/, FHIIETAATY
EYBKRELDL0, 9x9 7Y v FEREIZB VTt Modular
Q-learning & DALB AT o7z, BE/XTA—5 XDEIX 7.0
L7 B 7 IZIRETFE L Modular Q-learning % BV /- E8R
MRERT.

5x5 7Y v FERIBIZBIT 2 EBRRER LA, FH&F1D

! Proposal method - - -
Moduiar Q-learning

&
e = =

1 )
y Mochiar O-learning
N o e
“ et ke
5

Proposal method

Required steps to Capture the Prey(A 10 episode moving average)

4000 6000 8000 10000
Number of Episodes

6 5x5 77Uy FERBIZBIF 52 EBER | REFE & Modular Q-

learning N#RD A % FR
Fig.6 An experimental result in 5x5 grids:A proposal method

and Modular Q-learning.

n
3

! Proposal method - - -
Moduiar Q-learaing -~

*

Madular Q-igarning |

3

Proposal method

«

Required steps to Capture the Prey(A 10 episode moving average)

o

5000 10000 16000 20000 25000 30000 35000 40000
Number of Episodes

o

B7 9x9 277 FREIIBU 2 EBRER
Fig.7 An experimental result in 9x9 grids

REFEDAT v 7HH Modular Q-learning D A7 v 78 &
DYNSRfEL 2o>TWwb. 72, Modular Q-learning, &%
FEIIB 2 IREEMOKE ST ZILEN 6561 IREE, 7300 K
BThY, REFEOREBEMOENKEY, LiL, @75
R L3, REFEOFEGEEE & Modular Q-learning N
BHEEIZIE5x5 7Y v FREORIZEE RSV, COHEBE L
TUTOIENEZ SIS,

Q-learning {23\ T, MM T — VIEEORED S L ) &L
DIRBENL(RIET S, 72, EFIFIZE > TR Y E DIREELL
LT OISR, LT, SEIRFHE VI
NELRETHEHER, T-NVIEHETLETIEEIEZD
AT v TRELBEETHEEIE, T b OIREEIZ BT
BQIEEIITEAEERENL ., 2L, HEIRLEYAE
LRETAIETIOL) 2MBEITEL RV, LA L Modular
Q-learning i, ZHLUHNDEERT I — 1 H 5 EVIREE (%
THHRMARA L, FEAESETLCLEY. A, K8
DEIRKREBET S, BYFLUBEELET S LREL

&, ATHEN 2RO - v b LEYH S 2 BRI
BT, BORES) ItBnT, §x—Y > MIRECE



,partial state

»|O

G

O: Hunter Agent A : Prey Agent

8 RETHOQEMETT 2R EMIBLEL TWSLRELE
BEe, WTHENE 260 T—-Vx > NOBRBETEH Bk 0 Q
Hid, ETOI—Yxr MEMICHET I TEO LTS,

Fig.8 The Q-Value of an optimal action decrease.

£1 BFRCBI2MMHRBELAER Ty 7RO
Modular Q-learning | #28F ¥ | Q-learning
5x5 5.60 4.65 4.85
9x9 9.10 7.90 -

BT 278N RERTE#E 5. i, BD 1&DI—-Tx
> MIEMICEYE D TR BERTE S35, BREH
RETHERRL AEE, T0O Q EIIMmML AThiIniFian.
LML, TORBIZBWTETOI—Y x> MIRERTH 6
A7y TTERYIRE 2RRLTH, TOMEMMED 2K
DI—Tz> hOBETEICNT 2 Q ERIEPI LTS, Lo
T, ZOBDIVYY — RICBWTEHMRE S KBS L 56
max, Q(S,a) ELTAWSLNDS Q ERFRMH/INSELD
H/hE V. Modular Q-learning TIXRZ DL I BKRMBELF
L, SMEBNBETZ I D EYRENET T S.

—%, RERFETERERTAFECLDREEHAREROER
Z&ET, M8 DII3ARRMIIBVNTD Q EOMEIIHHET,
HMEBOBEC L 2¥EREORTEBS I ENTELESE
Ao,

F1IL, BFECBURITRTROBYMHBICELLX
Fw7KERT. XL, Qlearning DFF I — REIZ
500 ALY —RELE. REFEOAT v TENBR /NS
EELS>TNBEIZ ENS, Modular Q-learning D #FE HREH
FBICRL-EEAD. £z, F#45 Q-learning DAF v 7/
BORBRH/NIBEERDZIRETH D0, JHL00HFLEY—
RTRFGHMBE DR oD EEASNS.

5. ¥ & ®

RNVFI—Yzr FMRETIE, T—Yx 2 MRAEMY 51
PEVRBE IR RN ART S, Ok, JIVFI—-TYx
O M FE TP EEENBRMICET IS, MRAEATVE
BWHEERD, EVOLEBNELS. Ono 5id, ZORE
SRR 285 <FiE & LT Modular Q-learning & L7z,
L L, Modular Q-learning TREIREOHZEHA TS

W, FESAEIECEEHENMETLTLEI EN D RN
H5.

2T, FHFETIZ Modular Q-learning 2 EAF & L=< )
FI—-Vxr b EFEEERRL, FERERTOERE
ROEREEZERTATHIETRAELAREMDBRSIET
Modular Q-learning D ¥ T2 HE L. £, BHHE
ERWEERICED, TORBEYEE, PhVWATYRTHE
WENARETHE 2RI,

Z&F kI Modular Q-learning #E M E L THH, T—T=x
> b OFEIC Q-learning ZAWTWA. LrL, wHhFI—
T v MNBER, -z FOBREELIZL > TREOR
EEBHENSELTERO MDPREELTETIMLTS L
NTERW. LoT, FHICREBBED Q ENLELED
Q-learning 2F DX EANS T LOABMEICEMNES. 58
OBRBE, ToLIBBEILETESL I FBHERR
THILETHS.

X [

[1] Richard S. Sutton and Andrew G.Barto, “Reinforcement
Learning: An Introduction”, A Bradford Book, The MIT
Press, 1998

2] FH #R NFIL—-Vr FRIFEY -ZRLIIEGTO
BE - BR - BN EOBE-, ATHEFESE, Vol.16, Nod,
pp.476-481, 2001

[3] Ryo Goto, Toshihiro Matsui and Hiroshi Matsuo, “State
Generalization with Support Vector Machines in Reinforce-
ment Learning”, 4th Asia-Pacific Conference on Simulated
Evolution and Learning

4] % RE RE R, RERFTRMCE T RETHERD
k", BAoRy FEREE Vol.21, No.2, pp.164-171, 2003

[5] Irfan Gultekin and Ahmet Arslan, “Modular-Fuzzy Cooper-
ation Algorithm for Multi-agent Sustems”, Advances in In-
formation Systems: 2nd International Conference, pp.255—
263, 2002

[6] N. Ono and K. Fukumoto, “Multi-agent Reinforcement
Learning: A Modular Approach”, in Proceedings of the 2nd
International Conference on Multi-agent Systems (ICMAS-
96), AAAI Press, 1996

[7] Whitehead, S., Karlsson, J. and Tenenberg, J., “Learning
Multiple Goal Behavior via Task Decomposition and Dy-
namic Policy Merging”, Robot Learning, Kluwer Academic
Publishers, 1993

8] Bff BB, Pl H, 2 I—I > hERY—AIIBIT 54
I—Yx > hOBEEEENALZBEEYER, STHREE
%233, Vol. J86-D-I No.11, 2003

— 100 —



