Keeping Your Eye on the Ball:
Trajectory Attention for Video Transformers
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Motivation Comparison to State-of-the-Art Approaches
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Table: Trajectory Approximation ablations: We ablate various aspects of our

attention approximation: 1) approximation method 2) prototype selection strategy. Trajectory Attention Maps Key Conclusions

(@) Orthoformer is competitive with (b) Selecting orthogonal prototypes is Learned attention maps implicitly » Trajectory Attention:
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quadratic complexity to linear.

» SOTA results on
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» Formulate attention probabilistically: a parametric model of the _
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» No loss of performance on average



