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What comprises dense video tasks? Closed-Set (Pre-defined set of actions): Semi-Supervised Video Action Detection

Video Action Detection: Action Classification + Spatio-Temporal Localization = Baseline Semi-supervised Model Solution: Temporal coherency [1] Solution: Error Corrective fine-grained Localization [2,3] Qualitative Analysis
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Open-Set (Free-form Query Understanding): Weakly-Supervised Spatio-Temporal Video Grounding

Why Data-efficient?

% Shortcomings of fully supervised approaches: Limitations of Grounding DINO  First Step towards solution: tubelet — Tubelet Phrase Grounding Solution: Fine-grained Attributes + Curriculum Learning[4]
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