) FER SRS AR o0
AT S = = T Ydu Y =] 2

ml CVPR ancron
JUNE 16-18 2020

Dynamic Inference: A New Approach Toward
Efficient Video Action Recognition

Wenhao Wu  Dongliang He Xiao Tan Shifeng Chen Yi Yang Shilei Wen
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Action Recognition: classify the short clip or
untrimmed video into pre-defined class.
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= More than simply recognizing objects
= Complex person-person interaction & people-object interactions
= Videos bring motions
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How to Improve the Computation Efficiency
of Action Recognition in Videos?

The time to process one frame AND the number of processed frames.

Direction 1:
Lightweight Base Model

___________________________________

I. 2D Conv + Eﬁ'czent :
Temporal Modeling

2. Decompose 3D Cony

3. Network architecture
search

. 4. Others ...

___________________________________

Direction 2:
Adaptive Frame Sampler

P el e e e e e e e e e e e e e

' » Hand-crafted sampler:
Uniform sampling,

. Dense sampling

. » Adaptive frame sampler:

e
—— - ——————

Adaframe I, MARL 1’/
SCSampler P/

~
_—————

— e e e e e e e e e = e = e e e e e e e e e e e e e e e e e e e

[1] Zuxuan Wu, Caiming Xiong, Chih-Yao Ma, Richard Socher, and Larry S Davis. Adaframe: Adaptive frame selection for fast video recognition. In Proc. CVPR, 2019.
[2] Wenhao Wu, Dongliang He, Xiao Tan, Shifeng Chen, and Shilei Wen. Multi-agent reinforcement learning based frame sampling for effective untrimmed video recognition. In Proc. ICCV, 2019.
[3] Bruno Korbar, Du Tran, and Lorenzo Torresani. Scsampler: Sampling salient clips from video for efficient action recognition. In Proc. ICCV, 2019.
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How to Improve the Computation Efficiency
of Action Recognition in Videos?
The time to process one frame AND the number of processed frames.

Direction 1: Direction 2: Direction 3:
Lightweight Base Model Adaptive Frame Sampler Dynamic Network Route

_____________________________________________________________________________________________________________

I. 2D Conv + Efficient T e Hand-crafted sampler: K Image recognition:
Temporal Modeling Uniform sampling, MSDNet !l, SkipNet I/ ...
* Video recognition:

2. Decompose 3D Cony Dense sampling

3. Network architecture * Adaptive frame sampler:
search Adaframe I, MARL 1/,

! SCS ler 3/
4. Others ... ampter

_____________________________________________________________________________________________________________

1 ! \ |
1 1
: ! | 1
1 . 1
' 1 1 !
1
1 ! | 1
1 ! | 1
1 ! | 1
1 ! | 1
1 . 1
' 1 1 !
1
1 ! | 1
1 ! | 1
1 ! | 1
1 ! | 1
1 . 1
1 X 1 !
1
. 1 1 !
. 1 ] !
. 1 1 !
. 1 1 !
1 . 1
1 \ I !
!

N e e -

-

[1] Zuxuan Wu, Caiming Xiong, Chih-Yao Ma, Richard Socher, and Larry S Davis. Adaframe: Adaptive frame selection for fast video recognition. In Proc. CVPR, 2019.

[2] Wenhao Wu, Dongliang He, Xiao Tan, Shifeng Chen, and Shilei Wen. Multi-agent reinforcement learning based frame sampling for effective untrimmed video recognition. In Proc. ICCV, 2019.
[3] Bruno Korbar, Du Tran, and Lorenzo Torresani. Scsampler: Sampling salient clips from video for efficient action recognition. In Proc. ICCV, 2019.

[4] Gao Huang and Danlu Chen. Multi-scale dense networks for resource efficient image classification. In Proc. ICLR, 2018.

[5] Xin Wang, Fisher Yu, Zi-Yi Dou, Trevor Darrell, and Joseph E Gonzalez. Skipnet: Learning dynamic routing in convolutional networks. In Proc. ECCV, 2018.
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(a) Different “Writing” video instances
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Observation

‘l) Different “Writing” video instances
Irregular viewpoint

Need varying network capability Need varying number of frames
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(b) “Running” vs. “Long Jump”

Different from “Writing”

Videos differentiate from each other in terms of their distinguishability.
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(a) Depth-axis dynamic scheme
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features block sum classifier
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(a) Depth-axis dynamic scheme

O | »éa )

features block sum classifier
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(a) Depth-axis dynamic scheme
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features block sum classifier
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Approach

Top1 is Writing:
0.1 < threshold,

0D+
Top1 is Writing: D
0.2 < threshold,

0D+

Top1 is Writing:
0.5 > threshold,

Make early prediction!
(a) Depth-axis dynamic scheme

O | '\\»é é

features block sum classifier
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Fy F;, F, F; F, F5 Fg F; (Fy F;, F, Fy F, F5 Fg F;

A

/s . )

(a) Depth-axis dynamic scheme (b) Input-axis dynamic scheme

O | '\\»é é

features block sum classifier
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F, F, F, F, F, F, F, F Fomm oo oo emmm e ooy
[0 1 T2 T3 ¥4 5 Te 7] :([Fo F, F, F6]\H([F1 F, F, F7]‘:
I I I
I I I
I I I
I I I
I I I
I I I
I I I
I I I
I I I
I I I
I I I
I I I
I I I
I I I
I I I
I I I
I I I
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i N I - 5 D
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(b) Input-axis dynamic scheme (c) Input with permutation
I
O | e o

features block sum classifier
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(Fy F;, F, Fy F, Fs Fg F;

(a) Depth-axis dynamic scheme

O ! '\»é &

features block sum classifier
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Fy F, F, Fy, F, F; Fg Fy] Online temporal shift module '/
Channel C
t=0
t=1
t=2
t=3
R:
. . [1] Ji Lin, Chuang Gan, and Song Han. Tsm: Temporal shift
( a ) D e p t h—XmS dynamlc SC h eme module for efficient video understanding. In Proc. ICCV, 2019.

O ! '\»é &

features block sum classifier shift
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[FO Fl FZ F3 F4 F5 F6 F7] —_— — — | e —
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- -
(a) Depth-axis dynamic scheme (d) Unified

O ! '\»é &

features block sum classifier shift
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Scene-related Datasets

» Kinetics-400

= 306,245 videos, 400 activity classes . .
Y Evaluation Metrics

» UCF-101
= 13,320 videos, 101 classes = Top-1 precision
» HMDB-51 = Average FLOPs/Video

" 6,766 videos, 51 classes o
FLOPs, which is short

Temporal-related Datasets for float-point operations

» Something-Something
= VI : 108,499 videos, 174 classes
= V2 : 220,847 videos, 174 classes
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Instantiation: MSDNet-38 [l & ResNet-50 (2]

=== MSDNet-38: Depth-wise
MSDNet-38: Input w/ permutation
MSDNet-38: Unified

== ResNet-50: Depth-wise

== ResNet-50: Input w/ permutation

== ResNet-50: Unified

10 20 30 40 50 60
FLOPs/Video (G)

(a) Kinetics-400

60

Accuracy (%)
W N N
S =) S

(o]
=

[
=

== MSDNet-38: Depth-wise
MSDNet-38: Input w/ permutation
MSDNet-38: Unified

== ResNet-50: Depth-wise

= ResNet-50: Input w/ permutation

=== ResNet-50: Unified

10 20 30 40 50 60
FLOPs/Video (G)

(b) Something-Something v2

[1] Gao Huang and Danlu Chen. Multi-scale dense networks for resource efficient image classification. In Proc. ICLR, 2018

[2] Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. Deep residual learning for image recognition. In Proc. CVPR, 2016.
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0 24.3G//69.30% 75 26.5G/71.20%
a — 1 s
7 -~ 70 —
52.0G/69.32% 52.0G/71.17%
~ 65 B ~ =
€ / © 65
2?60 i == Depth-wise ;60 B — Depth-vsiise
o . i -
= / Input-wise S Input-wise
<°E Input with permutation QE ST Input with permutation
1 Unified 50 - Unified
Full Inference Full Inference
50 | | | | | 45 | I I I I
0O 10 20 30 40 50 60 0 10 20 30 40 50 60
FLOPs/Video (G) FLOPs/Video (G)
(a) online temporal shift (b) online temporal shift

Ablation experimental results with MSDNet backbone on Kinetics-400. “Full Inference”
means that, for each video, only the prediction head of the last checkpoint is used.
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0 24.3G//69.30% 75 26.5G/71.20%
a — 1 s
-~ 70 | —~
52.0G/69.32% 52.0G/71.17%
~ 65 B ~ =
S <0
2?60 i == Depth-wise ?60 B — Depth-vsiise
E == Input-wise E === Input-wise
:5) Input with permutation QE ST Input with permutation
1 Unified 50 - Unified
Full Inference Full Inference
50 | | | | | 45 | I I I I
0 10 20 30 40 50 60 0 10 20 30 40 50 60
FLOPs/Video (G) FLOPs/Video (G)
(a) W/o online temporal shift (b) With online temporal shift

FLOPs/Videol ~53 % FLOPS/VidGOl ~ 50 %
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>
=
5 85 r
3 == MSDNet-38
< a0 | MSDNet-38: Full Inference
ResNet-50
ResNet-101
75 —

0 10 20 30 40 S0 60 70 80

FLOPs/Video (G)
(a) UCF-101

FLOPsNideol ~T70 %

Accuracy (%)
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75
70 T—
52.0G/70.94%
4129:2G/70.98%
65 r
60 -
55 | == MSDNet-38
MSDNet-38: Full Inference
50 ResNet-S0
ResNet-101
45 ] ] ] ] ] ] ] ]
0 10 20 30 40 50 60 70 80 90
FLOPs/Video (G)
(b) HMDB-51

FLOPsNideol ~ 44 %,
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Framework | Backbone | Input x # Clips | Prec@1 | #Params | FLOPs/Video Method | Backbone ‘ FLOPs | UCE-101 ‘ HMDB-51
BD[1] 3D BN-Inception [AlIx3x256x256]x1 | 7024 | 127M | 544.44G :
S3D 1] 3D BN-Inception [AlX3x224x24]x1 | 7220 | 8.8M 518.6G ARTNet with TSN | 3D ResNet-18 | 5925G | 94.3 709
ARTNet with TSN [29] 3D ResNet-18 [16x3x112x112]x250 | 692 | 352M 5925G ECO BNInception+ |, 908 68.5
MFNet (] - [T6x3x224x224TxT | 6500 | oo I1.1G 3D ResNet-18 ‘ '
ECO | ] BN 3D ResNet-18 [[1166X 33X 22222X 222242]x 510 Z)g'gg 47. 5M 56545c(;} bDRGB 3D Inception-vl | 344G .1 ot
35 -Inception+ esNet- X3%224 % X . . -
RO+DDRGB 7] ResNet-34 (323X 12X 112]x10 | 7200 | 63.8M 1524G T%I}}iGB BNInception 53030(}G g}‘ é i
; [128x3x224x224]x1 | 6730 145.7G 8F ) : :
Nonlocal-I3d [31] ResNet-50 [128x3x224x224]x30 | 7650 | >>M 4371G TSN 65 ResNet-30 64G 91.4 63.6
BN-Inception [25x3x112x112]x 10 69.1 10.7M 500G TSMgr 33G 94.0 70.3
TSN RGB [,« ResNet-50 [8x3x224x224]x1 | 66.80 | 24.3M 33G TSM g ResNet-50 64G 945 707
TSM [ | ReNe30 [Bx3x224x224]x1 | 70.60 | 24.3M 33G :
: [16x3x224x224]x1 | 7250 | 24.3M 64G MSDNet.3g | 198G | 94.2 -
SNet [12 ResNet-30 [25x15x256x256]x1 | 69.85 | 33.16M | 189.29G UC F_ 1 0 1 & 29.2G - 70.1
et[12] ResNet-101 [25x15%256x256]x1 | 7138 | 52.15M | 310.50G { s 185G | 947 )
MSDNet-38 (Full) [16x3x224x2241x1 | 71.17 | 6231M 52G Proposed ResNet- 344G ) 7234
Pronosed MSDNet-38 [16x3x224x224]x1 | 7120 | 62.31M 26.5G HMDB-5 1 s6G | 953 :
ropose ResNet-50 [16x3x224x224]x1 | 7257 | 29.12M 35G ResNet-101 69. 16 : 73.48
ResNet-101 [16x3x224x224]x1 | 7470 | 48.12M 66G . - .
. . Something-Something v1 Something-Something v2
Method Backbone Pretrain FLOPs/Video top-1 val |  top-5 val top-1 val | top-5 val | top-1 test | top-5 test
ECOq6r BNInception+ .. 64G 41.4 - - - -
ECOpy Lite 3D ResNet-18 | Kinetics 267G 46.4 - - Sth-Sth V1 & V2
13D . 306G 41.6 722 - -
3 -5
Non-local I3D+GCN | -0 ResNet-50 1 Kinetics 606G 46.1 76.8 ; - ; ;
TSNsp . 33G 19.7 46.6 27.8 57.6 - -
-5
TSN16r ResNet-50 | Kinetics 65G 19.9 473 30.0 60.5 ; -
TRN Multiscale BNIncent ImaseNet 33G 344 - 488 77.6 50.9 79.3
TRN Two-Stream neeption | Imageie - 42.0 - 55.5 83.1 56.2 83.2
TSMsr . 33G 34 732 582 848 - -
5
TSMir ResNet-50 | Kinetics 65G 44.8 74.5 587 84.8 59.9 85.9
Provosed ResNet-50 ImaceNet 52.8(v1)/48.0G(v2) 45.2 75.2 58.2 85.2 - -
P MSDNet-38 & 38.4G(v1)/35.4G(v2) 46.5 75.6 60.0 86.2 60.1 86.6
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Playing badminton
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(a) Two video instances which stop at the first checkpoint
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Drawing
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(b) Two video instances which stop at the middle checkpoint
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Trimming trees
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(¢c) Two video instances which stop at the last checkpoint
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Thank you!

Dynamic Inference: A New Approach Toward
Efficient Video Action Recognition

Contact: Wenhao Wu
wuwenhaol7@mails.ucas.edu.cn
http://whwu93.github.io




