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RL agents learn hidden shortcuts.
Use interpretable causal world models.
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Motivation

e Traditional opaque deep RL approaches are prone to shortcut learning, hidering human-like generalization [1,2].
® \We develop a novel algorithm that leverages object-centric RL environments [3] to automatically extract causal world models.
e RL agents with causal world models take the right actions for the right reasons, rather than based on spurious correlations.
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Average performances drop of RL algorithms on tasks simplifications. Detailed (per-game) performance changes of RL agents and humans.
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e This process allows us to extract the

true causal relations of the games and
World models extracted by COMET for Pong and Freeway games. to reprogram them in JAX.
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