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Contributions

o Reasoning over semantic structures o Spatio-temporal object interactions
o Relations between detected objects o State-of-the art on 3 datasets

It is often possible to infer what happened in video given only few frames
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Object Relation Networks (ORN)
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o Our approach: object interactions, semantically well defined objects, inter-
frame relations

person and cellphone are detected, but not their interaction

General function to learn: o object relationships over time,
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Long range reasoning and interactions:

o RNN over inter-frame interactions

ambiguous interaction:

Two-headed network hand-bed and hand-cell-phone interactions predicted while only
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