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In this process, the human actions serve as the causes of object state ® Fluent appearance: VGG-16 network = fluent state classifier;

changes which conversely reflect the effects of human actions. ® Cause: SVM = fluent change classifier;
® Effect: an effect classifier with histogram:;

video sequence: make coffee
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according to task and Total loss:
infer task according
to fluents of mug and

® Fluent change relation: atemporal descriptor = represent fluent
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fuent appearance cause effect flucat relation
This equation combines the appearance, cause, effect, and fluent
change relations to measure the compatibility of the task and fluent
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