The 25th Annual Conference of the Japanese Society for Artificial Intelligence, 2011

1F3-3

RIAC 123D i 2 L 7
M 72 T — LRI TFIE D IRE

Effective coalition formation using reinforcement learning based on the utility distribution strategies
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We propose a coalition formation method in task oriented domains in multi-agent systems and experimentally
evaluate it in this paper. Recently, service requests on computer networks have rapidly been increasing, and thus the
load in such a system also becomes heavy. Therefore, the issues of effective and secure coalition formation attract
our interest. We generalize the conventional coalition formation method in task oriented domain to archive more
effects coalition formation using reinforcement learning. We introduce three parameters to agents : greedy degree,
reward allocation ratio, and expectation of proposal acceptance and proposal model in which these parameters are
learned in all the agents and all the agents decide whether they form a new team or they join one of proposal
teams. Our experiment shows that the number of tasks executed by generated teams increase by 30% compared

with the technique that agents do not learning.
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