i @D Multimodal Cross-Domain Few-Shot Learning for Egocentric Action Recognition  , 4 OfEFA0
—~~

Masashi Hatano! Ryo Hachiuma? Ryo Fujii Hideo Saito N Ey\.\’ ‘ 'f

NVIDIA. 1Keio University 2NVIDIA I O |3

Experimental Res

Few-shot Accuracy & Inference Cost on EPIC, MECCANO, WEAR
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