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Leveraging Temporal Contextualization for Video Action Recognition
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Temporal Contextualization (TC) » Results on zero-shot action recognition
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® Temporal contextualization (ours)
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Joint Space -Time Attentlon “Pulling something from behind of something”

A naive extension of CLIP’s temporal
sequence length degrades attention quality
because it wasn’t trained on long sequences.

Using context tokens as a reference
during the feature encoding

consistently improves
video recognition performance.

(c) Joint Space Tlme Attention: Pretendlng to turn somethlng up3|de down

(d) Temporal Contextuallzatlon (Ours) “Throwing somethmg in the air and catchlng it”

by infusing global information within the encoding process.

Temporal Contextualization enhances CLIP’s video understanding capability




