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An adaptive step size for incremental natural policy gradient estimation
and stability analysis
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The step size is one of the crucial factors in incremental learning algorithms. The performance of the natural
policy gradient (NPG) estimation is also affected dramaticaly. In this paper, we propose to apply online importance
weight aware update to incremental NPG estimation. We also theoretically show the instability of conventional
method and the stability of proposed method. We confirm the usefulness of the proposed method in the classical

benchmark.
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