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Main idea: we formalize the learning objective for the transition encoder to be
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training and test. Tasks have different
reward (first row) or transition functions
(second row). CORRO learns efficiently,
outperforms Offline PEARL and FOCAL in

the first task, x* = (s,a,r*,s*") is a transition tuple in task M*, where (s, a) follows
some distribution.
We introduce contrastive learning to approximately optimize the objective:
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methods for negative pairs generation.
® We empirically show the advantages of CORRO over prior
methods, especially on the generalization to out-of-distribution
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RL method, together with the aggregator.
We propose a contrastive task representation learning method to
train the transition encoder, with several methods to generate
negative pairs.

modeling can approximate the target distribution. When the overlap of state-
action pairs between tasks is small, CVAE may collapse. In this case, reward
randomization can still generate diverse samples to support contrastive learning.
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Latent space visualization in Half-
Cheetah-Vel.
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