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in Multi-agent Systems
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In this paper, we discribe the learning effect and the utlhty of Game Environments in
Multi-agent Systems under competitive game environments. Recently many reserchers notice
Reinforcement Learning to acquire more adaptive behaviors, and apply to the Mulu-agent
Systems. Because there are little disscusion about emergent behaviors: in competition, we
make agents to promote its learning by using Muln-agent environments. We propose the
learning method in the competitive environments using the competitive comcept that is the

characteristic in games, and we finaly discuss the effects of learning influenced by Game
Environments.
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Figure.1:Overview of Reinforcement Leaming.

2.34(L¥E

AL L ixdH A R (sate)iZad L TROE L 1T
(action) % EIRT 5 & 5 12, FIFE H & O FE4H G,
reward)iC & o TEZOBREROMR 2 T2 VR
RIS A1TE E MR LT RETH 5. 0010
H OPM A % Figure. IR,

LUF ¢t KM % ifb% BT & 5Q-Leaming
EW—WR=AMDI 53T 74X RAF AL
DWTHET 5.

2.1Q-Learning

Q-Learning(QL) i £ IRERITEIX 12 Q-1 L IFITh
2 il % 5 £, 2 DQ-EIC T Th HIRBIC
LTRERTE 2 BIRL, AORBOFHEIC L2
TQ-HAEH LTV 7o) XATH hWatkin
ro TREXAIAIREROL I CERZ h
5.

BB REE x 13 L YL 178 2 RIS 5Bk %
() &35 RB x EATH) ai2X 3 BB Q(x.a)
REDE kD, QE LIS,

Q(x,a)=E E}'"r(nﬂ)lxo =x,a( =a}, 1)

n=!
Ty, 0sy<tidHITIE, r() SRR HIZ BT AR
EhLOBRMTH L. COQHIENTIRE xDA
AMU(xae),BLTRE I LTORBLTE
L5100 a(x)IRDE IR D,
U (x,a)=;,naz O(x.b), )
€

n(x)=a:Q(x,a)=max Q(x.b), 3)
beA

ST ARITHESTH L. I L DB n()idR
KOQME2FoITHEBINT A L TH 5.

AR FTENRIR 2 34 5 BRI e I B#TT
BOREL LEZICVNRLILENF T DY, FD/DH—
BRI HSIRIRENY ARD . ZZTRAD L
3 BN Y VIS o T HERICZ & o TITEIO
BIRETL .

H®@=em&&®ﬂ)

_SPEWa)T) 4
T exp(Q(x.b)/T) @
beA



state state
grid world

i ( ~ evaluator )
; ) | ’
: ,& reward or penalty

Figure. 2 : Overview of Reinforcement Learning
for Multi-agent System.
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Figure. 3: Grid world.

Table 1:Parameters of experiments.
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Figure.4: the result of the two agent games.
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Figure.4: the result of the three agent games.
Table. 2 : Comparison result.
two agent game | 683/2000
three agent game | 446/2000
single agent game | 358/2000
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