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Adaptation of Stepsize Parameter in Reinforcement Learning for Multiagent Environments
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A method to adjust a stepsize parameter in exponential moving average (EMA) based on Newton method
to minimize square errors is proposed. In the most of situation of reinforcement learning, the target value of

learning is generally supposed to be stable.

Therefore, several learning parameters are determined according to

this assumption. For example, the stepsize is decreased to be zero during learning. However, such assumption is
violated under unstable environment, where target values like expected rewards may change over time. In order to
adapt stepsize parameters, we proposed a framework to acquire higher-order derivatives of learning values by the
stepsize parameter. Based on this framework, we propose a method to determine the best stepsize using Newton
method to minimize EMA of square error of learning. The method is confirmed by mathematical theories and by

results of experiments.
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