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State Space Construction based on Subspace
Identification for Behavior Acquisition
in Multi Agent Environments
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This paper proposes a method that acquires the purposive behaviors based on the estima-
tion of the state vectors. In order to acquire the cooperative behaviors in multi robots
environments, each learning robot estimates the local predictive model between the learner
and the other objects separately. Based on the local predictive models, robots learn the
-desired behaviors using reinforcement learning. The proposed method is applied to a soccer
playing situation, where a rolling ball and other moving robots are well modeled and the

learner’s behaviors are successfully acquired by the method. Computer simulations and real
experiments are shown and a discussion is given.
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4: Schedule for learning in multi robots environ-
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# 1: The estimated dimension
| observer " target | 1 I n llog |R| I AIC I

computer simulation
ball 2|4} 023 138
shooter goal |12 —001] 121
passer | 3 |6 122 210
passer ball 214 078 142
, shooter | 3 | 5| 0.85 198
X 5: robots and environment real experiments
ball |4[4]| 1.88 284
; shooter goal |1]|3| —173 | -817
9 & passer | 5| 4| 343 | 329
# (K“{l)‘ (x3,3)
(' passer ball 44| 136 173
R A shooter | 5 | 4 | 217 | 284
Tobot ball goal
area area area # 2: Performance result in real experiments
centﬁ;:'ei gph(;siﬁon mw:ad; ﬁsiﬁon ccntirc gzirfsion before learning | after learning
width success of
4 shooting 57/100 32/50
& 6: Image features of the ball, goal, and agent succe?s of 30/100 22/50
passing
number of
5 % ﬁﬁ ] collisions 25/100 6/50
average steps 563 483
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