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Our work: unsupervised pre-training for RL (demo)




Unsupervised pre-training has proven successful in CV and NLP.

Unsupervised Pre-training - ) Can we do this for RL? \/
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Mutual Information Skill Learning (MISL)
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Can we build effective skill learning algorithms within the

MISL framework?



Intuitions of METRA's representation objective
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Relating METRA's representation objective to contrastive learning
ours InfoNCE loss
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+: push together representations and
skills from the same trajectory.

Second-order Taylor
approximation

- : push away representations from
other trajectories.
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The representation objective in METRA has the same effect

as a contrastive loss.



The intrinsic reward of METRA
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Relating METRA's policy objective to an information bottleneck
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Intuition for the information bottleneck
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Why do we need new interpretations?

MISL
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|deas of contrastive successor features (CSF)

Learning the state representation ¢(s) using the InfoNCE loss.

|
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Learning the policy =(a | s,z) using the successor features.
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Learning skills to explore the state space from pixels

Humanoid Kitchen Robobin
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CSF can learn manipulation skills without a reward function.




Summary and connections

tldr: explain and simplify METRA within MISL

Representation learning - contrastive learning Video, code, and paper!

Policy learning - information bottleneck

Simplified version: contrastive successor features
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Connections with many other areas:
€ Forward backward representations

€ Goal-conditioned RL
‘ Zero-shot adaption https://princeton-rl.qithub.io/contrastive-successor-features/
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