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Figure 1: We propose a pure-transformer architecture for video classification, inspired by lhé recent success of such models for images [15].
To effectively process a large number of spatio-temporal tokens, we develop several model variants which factorise different components
of the transformer encoder over the spatial- and temporal-dimensions. As shown on the right, these [actorisations correspond to different
attention patterns over space and time.
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IV. IMPLEMENTATION AND DIFFICULT
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