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HEHA 3 D% (%)
LBP-TOP & SVM|[5] Hand—crafted feature 39.00
C3D [4] 3D CNN 39.69
SSE—HoloNet[3] 2D CNN 46.48
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C3D-LSTMI1] 3D CNN—RNN 43.20
C3D—-GRU[2] CNN-RNN & 3D CNN 49.87
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