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1. Motivation
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4. Abstracting State, Time, And Causal Processes
Causal Processes: Temporal Abstraction #
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8. Experiments
Successful Task Solving Trajectory in Domino and Fan ;

 Raw input maps to a state abstraction via predicates: short Python programs detecting binary features.
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 Temporal dynamics of abstract states are governed by causal processes: either |
(actions), or in the outside world.

l MIve{Tanse, saeis: o Causes realize their effects only after a delay, and can be interleaved.
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e the key learned exogenous processes, describing how dominoes cascade and how
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e Both the Bayesian model learning and the LLM guidance play a critical role in
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