Video foundation models learn motion, not

physics, through structured temporal
representations.
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9 HOW: how is it structured?

e Temporal representations lie on smooth manifolds in latent
space, enabling geometry-aware interventions.
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0 Limitations and Discussion
O Cameramotion Intuitive physics ___ Anomaly detection Camera motion Intuitive physics Anomaly detection e Our results show what is linearly decodable,
Nonlinear probes may reveal additional structure,
Models strongly encode motion cues, but show little evidence of intuitive especially for intuitive physics, though at the cost
physics understanding of reduced interpretability.
e Camera motion: >90 ROC-AUC across all models e IntPhys2 and UBnormal use synthetic videos,
e Anomaly detection: moderate performance (>60 ROC AuC) whose visual statistics may differ from the natural
e |[ntuitive phySiCS: near chance videos used for pretraining. DemO page
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