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Adaptation of Temperature Parameter under Multiagent Learning Environments
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In this article, I investigate influence of temperature parameters to reinforcement learning. In dynamic environ-
ments, learning agent need to adjust the temperature parameter of Boltzmann action selection to a certain positive
value that is suitable for the learning target. I formalize the dynamics of the environment as a random-walking
process of expected rewards of each actions, and analyze relationship among the temperature, random-walk factors,
and Q values that acquired by normal Q-learning procedure.
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Qs,a) = (1=a)Q(s,a) +a(r+ maxQ(s',a’)) (1)
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