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The goal of transfer in Reinforcement Learning (RL) Is to speed-up

RL algorithms by reusing knowledge obtained from a set of
previously learned tasks.

The Intuition is that the experience made by learning source tasks
might be useful for solving a related, but different , target task.
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First, the distribution P(Y|X, M;) Is, even in the case where the MDPs are known,
very hard to characterize.

Second, consider a simple case where we have a source MDP with the same
transition dynamics as the target, but with entirely different reward. Then, the
Importance weights defined above are likely to be very close to zero for any source

sample, thus making transfer useless.
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Algorithm 1 Importance Weighted Fitted Q-Iteration

Input: The number of iterations /K, a dataset
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Gaussian Processes: 7(s,a) ~ N(pugp,(s,a), 0 P, (s,a))
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R(s,a) = —1—1003_, ., Wu(s).
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