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Learning Risk-Averse Behavior Using Compound Reinforcement Learning
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This paper describes a method for learning risk-averse behavior using compound reinforcement learning. Com-
pound reinforcement learning is a reinformentment learning framework for maximizing expected discounted com-
pound return in return-based Markov decision processes. Compound reinforcement learning dislikes negative return
rather than likes posive return. In this paper, we use compound reinforcement learning to learn risk-averse behavior

in grid-world tasks.
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