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GoaI: Setting Action recognition performance on UCF101
Global average pooling (temporal pyramid root) 66.15%
e Describe variable length videos while (C) Temporel pyramid representation of video action Temporal pyramid (level 2) 66.74%
) ) Temporal pyramid (level 3) 67.14%
preserving their temporal structures Temporal pyramid (level 4) 67.41%
Temporal pyramid (level 5) 67.45%
e Capture the granularity of action categories in (B) Temporal pyramid (level 6) 67.47%
Temporal pyramid + MKL 68.58%
VideOS '-E o(Fy) fT(f"z) o(Fy,) Spectrogram (with resnet-18) 64.41%
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. . . =° & |5 2 Comparison with state-of-the-art
e Design an aggregation method at different =

Ievels Of gra NuU Ia rity (A) [ [ ' :Ej{.n;g}H a(Fi ) Method Action recognition performances on UCF101
col. heatM [3] 64.38%
e Select representations = o col. heath [3]+TP 77.34%
% 5_ £ Spect 64.41%
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e Generalize multiple kernel framework on 222 ] e T opect+TP o540
- E: 3 - . ' : Spect + col. heatM [3] 66.87%
° ) Spect + col. heatM [3] +TP 74.65%
b
te m pora I pyra m Id = /B 3D 2-stream (motion) [2] 96.41%
. _ ‘L 3D 2-stream (appearance) [2] 95.60%
Dataset . UCF 101 (Spllt 2) M m ““““ m 3 ?4 3D 2-stream (motion) [2] +TP 97.50%
] 1 1= _ 0
S . ‘ V34 == i_(an/a141 0 F; 3D 2-stream (appearance) [2] +TP 95.77%
® 9586 tralnlng and 3774 test videos Iy I Fn w4 /A 2ui=(an/a)+1 7 (F) 3D 2-stream (combined) [2] +TP 97.94%
. 3D 2-stream (motion) [2] + col. heatM [3] 94.89%
® 101 aCtIOI’]S (D) Multiple Kernel Learning (MKL) 3D 2-stream (appearance) [2] + col. heatM [3] 94.32%
3D 2-stream (combined) [2] + col. heatM [3] 97.02%
('i,-{f'lll, K11 ), (Nr*_g‘l ICR ), (“@-’J;;‘,l, I‘Lr;trl] K. * kernels 3D 2-stream (motion) [2] + col. heatM [3] +TP 95.70%
e 3D 2-stream (appearance) [2] + col. heatM [3] +TP 94.60%
Ice-dancing ‘l' 3D 2-stream (combined) [2] + col. heatM [3] +TP 97.56%
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Action classification

Apply Eye Make-up Salsa spin Band marching Military parade
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e End-to-end temporal pyramid design

Playing guitar Playing Sitar Playing Violin

e Generalization of our hierarchical aggregation

method to activity recognition

Most discriminant

UCF-101 dataset (trimmed videos)

Mathematical model

We solve the following constrained
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