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transformer encoders with cross attention layers
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performance o

* The object relation encoder processes the object features and bounding boxes.

v" We evaluated UCF-Crime trained models on XD-Violance
dataset. The results proof VADOR’s generalization ability

The action encoder handles the action features.

» Cross-attention layers between the encoders enable cross-relations between objects and actions within

; i \ o . the same video clip. ——
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