%16 % % 3

2001 4 5 A
Vol. 16 No.3 CONTROL AND DECISION May 2001

: 1001-0920(2001) 03-291-05

RMM

B, Tk IR, IR

( , 200030)

DR AR THRTEETE(RMM) B Z ZR A AT, EERAE L AXTETHLER
RERE) AREEEESEMNTH. X RMM FfE A EHRA Nt 555 Fik, EEEETUH Z AL

CEERN RS EHEE  ERTREEFIRE L L B RRBERRGE, T RERKHA
TZATENARME, AEZALRRBRTAFEER N,

D B EEER IR R S 2 T T W ATE ST TS
:TP 273 : A

Urban Traffic Multi-agent System Based on RMM
and Bayesian Learning

OU H ai-4ao, ZHANG Wei-dong, X U Xiao-+ning
(Department of Automation, Shanghai Jiaotong University, Shanghai 200030, China)

Abstract: A multi-agent coordination is addressed in urban traffic control, which uses the recursive
modeling method(RMM) that enables an agent to select its rational action by examining with other
agents by modeling their decision making in adistributed multi-agent environment. Bayesian learning is
used in conjunction with RM M for belief update. Based on this method, a multi-agent traffic control

system is established and the results dem onstrated its effective-
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