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Motivation

* Video transformers process thousands of space-time tokens, making computation expensive and difficult to scale to long videos. o SACAI DEC. VS, Speed

* Videos contain significant spatiotemporal redundancy, so dense processing of every token 1s often unnecessary. s \

* Existing adaptive methods often still compute all tokens before pruning or merging them, limiting real-world speedups despite 760 ,
lower FLOPs. Transformers naturally support sparse computation, creating an opportunity to process only the most informative § iﬁjx e \
tokens while preserving accuracy. g b

* LookWhen introduces a selector-extractor framework that learns when, where, and what to compute, achieving up to 6.7x higher =
throughput than prior models at equal accuracy. 00 500 1,000
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Methodology: Architecture Overview

LookWhen’s shallow selector gets a
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inference and fine-tuning is efficient.

Quantitative Results
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Qualitative Results: LookWhen Generalizes Well

Pre-training on K400+SSv2 generalizes to a home video of an author's nephew swimming in a pool. Example from Jester.
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