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Introduction Two Models + Two Objectives Implementation

Learn a Reconstructor f, for f(X,,A,Z,,,) and a Generator p, for p,(Z,.|X;, A, Xitp)- Ask a Critic to g to maximize a contrastive loss.

How to explore the world when external rewards are sparse or absent?

e Curiosity-Driven Exploration: Prioritize exploring (and learning) what 1s

Z,. 1 should capture af /east all

Objective 1 (Reconstruction)

Objective 3 (Contrastive Learning)
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often “stuck’ around high-entropy elements 1n the state-action space.
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Key Idea: Disentangle (irreducible) “noise” from (reducible) “novelty”, and
only use novelty to guide exploration. How?

e [.carn representations of the future capturing precisely the unpredictable
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The intrinsic reward 1s how:
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and the agent performs:
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aspects of each outcome (no more, no less). (policy)  (model)
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e Use this as additional input when making predictions, such that intrinsic
rewards only reflect the predictable aspects of world dynamics.

Curiosity

(so we do reward the agent
for reducible error).

Overall, ssmple drop-in modification on top of any choice of curiosity-driven exploration.

Curiosity in Hindsight

Definition 2 (Curiosity in Hindsight): Define the Zindsight intrinsic reward

lllustrative Example

Montezuma’s Revenge

... with Sticky Actions

Definition 1 (Curiosity): Define the infrinsic reward _ms 013
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Learner Steps
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