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Background: Video Reasoning Task: Object Permanence Applications

Existing DL approa uffer from spatiotemporal biases when
applied to video reasoning problems.

i Object Permanence: Ability to

» Object-centric learning: humans think in terms of entities and relations between them.
| trajectory of hidden moving objects.

» Tracking: aggregate sequence features in time order and give consistent feature representations.

= Swimming? r q  Shange » Multi-step compositional reasoning: humans think in steps and understand the world as a sum of its parts.
S"' I 3 » Contrastive debiasing: model should not make the correct prediction without seeing the correct evidence.
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dataset to avoid any model to achieve high performance by
taking shortcut through only looking at the last few frames.

most important for the task.
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