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State Space Construction and Behavior Acquisition Using Subspace
Identification in Multi-Agent Environments
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Abstract — This paper proposes a method which estimates the relationship between the learner’s behav-
iors and the other agents’ ones through interactions (observation and action) using the method of system
identification to construct a state space in such an environment. Next, reinforcement learning based on the
estimated state vectors is utilized to obtain the optimal behavior. The proposed method is applied to soccer
playing physical agents, which learn to cope with a rolling ball and moving other agents.
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Fig.1 the flow of the proposed method
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z(t+1) = Az(t)+ Bu(t) +w(t),

y(t) = Cz(t)+ Du(t) +v(t), (1)
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(a) The task

Fig.2 The environment and our mobile robot
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Table 1 Performance result

state vector success of success of
shooting (%) | passing (%)
current features 10.2 9.8
proposed method 78.5 53.2

Table 2 The estimated dimension
from the shooter

from the passer

Il [ n|log]R] ] AIC I [ nllog|R] | AIC

ball 41 4 1.88 284 414 1.36 173
goal 113 —1.73 | =817 || = | = *

robot || 5 | 4 3.43 329 514 2.17 284
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Fig.3 Acquired behavior
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