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Adapting Machine Learning Models to New Environments
YONETANI Ryo

Transfer learning is a machine-learning approach that leverages knowledge acquired from a certain environment
to efficiently train a model in a new environment. In this paper, we particularly focus on transfer “reinforcement”
learning and introduce a brief abstract and our recent achievement called MULTIPOLAR (MULTI-source POLicy
AggRegation). MULTIPOLAR is a method for transfer reinforcement learning between diverse environmental
dynamics. It enables transfer by adaptively aggregating policy functions acquired from source environments, thus
does not require many training samples to be collected from each of the source environments. Through extensive
simulation evaluations using OpenAl Gym, we confirmed the effectiveness of the proposed approach over exist-

ing transfer reinforcement learning methods.
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