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Video based Action Recognition

> Problem Formulation:
| O Recognize the actions being taken place, i.e., video sequence
§> Assumption:

o Known action classes — Video Classification (trimmed video)

E 3D-MHI [ICCV2009] Frame by Frame[ CVPR 2014]
i STIP [1JCV2005] 3D Convolution [ICCV2015]
i Handcrafted DT&IDT [CVPR2011]]| | Deep Two Stream [NIPS2016]
. Features . Features

i DenseSIFT [AN 2013] Dynamic&Factorize [CVPR]
i 3D-HoG [BMVC2008] LSTM & RNN [NIPS CVPR]
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Cascaded Temporal Spatial Feature

(a) C3D exploits the spatial-temporal
features simultaneously

(b) FqCN factorizes the spatial-
temporal features into spatial and
temporal domain

(c) the Proposed Architecture
decouples the spatial-temporal
features into cascaded temporal
and spatial domain.
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I Analysis

« From 3D Convolution to Decoupled 1D and 2D

&
L \

3D Convolution [2]

2D * 1D Convolution [7]

J 1D * 2D Convolution
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Architecture

« From 3D Convolution to Decoupled 1D and 2D

Y — S: SP: SQ: 1P (T 1P)(y+a)

m p=1qg=1

[2014 BMVC] Speeding up Convolutional Neural Networks with Low Rank Expansions

[2015 ICLR] Speeding-up Convolutional Neural Networks Using Fine-tuned CP-Decomposition

[2016 ICLR] Convolutional neural networks with low-rank regularization Ak

[2016 ICLR] Training CNNs with Low-Rank Filters for Efficient Image Classification F 5 /]O ﬁ
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Architecture

« From 3D Convolution to Decoupled 1D and 2D
P Q@ R

nyz::j;‘j;‘j;‘j;‘Kfmr1}w+pMy+qﬂz+T)

m p=1qg=1r=1
Width * Height * Temporal but not channel

[2014 BMVC] Speeding up Convolutional Neural Networks with Low Rank Expansions

[2015 ICLR] Speeding-up Convolutional Neural Networks Using Fine-tuned CP-Decomposition
[2016 ICLR] Convolutional neural networks with low-rank regularization

[2016 ICLR] Training CNNs with Low-Rank Filters for Efficient Image Classification
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Architecture

« From 3D Convolution to Decoupled 1D and 2D
P Q@ R

nyz::j;‘j;‘j;‘j;‘Kfmr1}w+pMy+qﬂz+T)

m p=1qg=1r=1
Width * Height * Temporal but not channel

« Rewriteas O =7 x K
» Suppose we have K = k; @ K, , Kronecker product

[2014 BMVC] Speeding up Convolutional Neural Networks with Low Rank Expansions

[2015 ICLR] Speeding-up Convolutional Neural Networks Using Fine-tuned CP-Decomposition
[2016 ICLR] Convolutional neural networks with low-rank regularization

[2016 ICLR] Training CNNs with Low-Rank Filters for Efficient Image Classification
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Architecture

« From 3D Convolution to Decoupled 1D and 2D
P Q@ R

TYF S‘ S‘ S‘ S‘ 1P (TP (Y +a) (2+7)

m p=1qg=1r=1
Width * Height * Temporal but not channel

« Rewriteas O =7 x K
» Suppose we have K = k; @ K, , Kronecker product
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[2014 BMVC] Speeding up Convolutional Neural Networks with Low Rank Expansions

[2015 ICLR] Speeding-up Convolutional Neural Networks Using Fine-tuned CP-Decomposition

[2016 ICLR] Convolutional neural networks with low-rank regularization -

[2016 ICLR] Training CNNs with Low-Rank Filters for Efficient Image Classification F 5 /]O ﬁ
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- Cascaded Temporal Spatial Feature
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Cascaded Temporal Spatial Feature

« Complexity Analysis

# Parameters 2kd3 kd(d+1) kd(1+d)
Computation  k(1+k)\WHTd® kd(d+k)WHT  kd(T+kd)WH
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Cascaded Temporal Spatial Feature
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i COMPARISON WITH STATE-OF-THE-ART METHODS ON UCF-101.

Method Accuracy
) iDT [1] 0.762
Trajectory Features iDT + FV [2] 0.859
ImageNet [12] 0.688
Pretrained CNN CNN-M-2048 [9] 0.730
VGG [13] 0.784
Dynamic Image [3] 0.709
Sinole Image Single Frame [4] 0.742
g g Motion Image [5] 0.721
Optical Flow [4] 0.823
ConvNet [14] 0.633
LSTM [7] 0.758
C3D [15] 0.815
CNN Features TSB-C3D [16] 0.827
ResNet3D 0.826
Fs7CN [8] 0.845
Two-Stream [9] 0.869
Dynamic Image+Frame [3] 0.769
Fusion Image Optical Flow+Frame [4] 0.859
Motion Image+Frame [5] 0.866

Table 1. Comparison with Dynamic Image on UCF-101.

Method Splitl Split2  Split3  Average
Mean Image 52.6% 53.4%  51.7% 52.6%
Max Image 48.0%  46.0% 423%  45.4%
Dynamic Image 572%  587%  57.7% 57.9%
Multi Dynamic Image - - - 70.9%
Multi Dynamic Map - - - 67.1%

Ours (without Aug) 449%  472%  43.7% 45.3%
Ours (with Aug) 721% 72.6% 71.4% 72.1%

1. Data Augmentation.
2+ Pre-Train on Sports-1M.
3+ Video Level (vote).

4, Fusion with Frames.
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COMPARISON WITH STATE-OF-THE-ART METHODS ON HMDB-51.

Accuracy
Trajectory Features 0.519
Dynamic Image [3] 0.358
Sinole Imace Single Frame [4] 0.471
g & Motion Image [5] 0.493
Optical Flow [4] 0.515
Visual Attention [6] 0.413
LSTM [7] 0.440
CNN Features ResNet3D 0.469
FsrCN [8] 0.490
Dynamic Image+Frame [3] 0.428
Fusion Image Two-Stream [9] 0.528
Motion Image+Frame [35] 0.529

with trajectory features.

*Note that this table does not report the results combing CNN features
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| th: T catch Tuth: chew Truth:  cartwheel
. C3D: climb C3D: golf C3D: chew C3D: golf |
. Ours: climb Ours: catch Ours: smoke Ours: golf !

Truth: ride horse Truth: | smoke Truth: dink Truth: wave
. C3D: ride horse C3D: laugh C3D: drink C3D: sword |
Ours: ride horse Ours: smoke Ours: eat Ours: shot
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