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Motivation

* Humans can conclude general basic concepts from detailed
observations for visual perception

* Videos typically contain static and dynamic concepts that facilitate
video understanding
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Method

* Concept prototype definition

P, e R-XC Py e RF*C  p, e RKEAK)xC

* Feature extraction

s = GAP(f(s)), d=GAP(f(d)), v=GAP(f(v))
* Latent concept code formulation
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Method

* Decoupled concept alighment
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Method

* Diversity regularization

Liiv = ||qs|l; + llaall; + ll@v|l;

* Fidelity regularization
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Method

* Local concept attention

F, = QKV(Ps, f(s), f(s)), FyecREXC
* Valid concept selection

tdxs = top-k(qs, K) Ntop-k(q,, K)
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Method

* Local concept contrast

2 ~ 2
(F, F) = 3 || = F®| 3 max (A - | B0 - F2® o)
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* |Local contrast loss

Lioe = U(Fs, Fy) + (Fy, Fs) + [(Fa, Fy) + |(Fy, Fa)

* Overall training loss

L = Ealn + aLloc + ﬁﬁf’zd =+ /Yﬁdiv



Experiment

Video action recognition

* Linear probe

End-to-end finetune

Method

Backbone Pretrain Dataset Frames Res. Freeze

UCF-101 HMDB-51

CBT
RSPNet
MLRep
CoCLRT

S3D Kinetics-600 16 112 v
R3D Kinetics-400 16 112 v
R3D Kinetics-400 16 112 v
S3D Kinetics-400 32 128 V

R(2+1)D  UCF-101 16 112 v

54.0
61.8
63.2

29.5
42.8
33.4

R(2+1)D  Kinetics-400 16 112 v

S3D Kinetics-400 16 128 v
TempTrans R(2+1)D  UCF-101 16 112 X | 81.6 46.4
LSFD R3D UCF-101 32 112 X | 772 53.7
STSt R(2+1)D  UCF-101 16 112 X | 778 40.7

 CoCLRi [28] | S3D  UCF-101 32 128 X | 814 521

Ours R(24+1)D  UCF-101 16 112 X | 821 49.7
Ours S3D UCF-101 32 128 X | 837 53.8
ASCNet R3D Kinetics-400 16 112 X | 805 52.3
Pace R(2+1)D  Kinetics-400 16 112 X | 771 36.6
VideoMoCo [53]|R(24+1)D  Kinetics-400 32 112 X | 787 49.2
RSPNet R(2+1)D  Kinetics-400 16 112 X | 81.1 44.6
TCLR R(2+1)D  Kinetics-400 16 112 X | 843 54.2
TimeEq S3D-G  Kinetics-400 32 128 X | 86.9 63.5
STSt S3D-G  Kinetics-400 64 224 X | 89.0 62.0
CoCLR{} S3D Kinetics-400 32 128 X | 879 54.6
Ours R(2+1)D  Kinetics-400 16 112 X | 86.1 54.8
Ours S3D Kinetics-400 16 128 X | 88.3 56.4




Experiment

Ablation study Lot Lpia Laiy L UCF-101 HMDB-51

Linear Finetune | Linear Finetune

61.4 76.3 40.3 44.7
68.1 80.1 43.2 47.9
v | 674 78.9 43.3 46.4
v v v 721 82.1 45.9 49.7

* Training loss
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Experiment

Ablation study

Number of concepts

K. K, UCF-101 HMDB-51
i W/ »Cloc W/O £loc W/ ﬁloc W/O ['loc

20 25 70.3 61.2 43.0 39.4
25 90 71.7 66.3 44.1 40.8
50 25 71.3 65.2 44.8 42.4
50 50 72.1 68.1 45.9 43.2
100 100| 72.3 68.8 45.8 44.3
200 200| 72.3 69.4 45.6 44.1




Experiment

Per-class Static Dynamic and Joint Feature Analysis
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Experiment

Visualization of static and dynamic concept attention map
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(a) Playing Violin (b) Breast Stroke
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(c) Playing Cello (d) Diving




