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Overview

* Third-person action analysis

 Untrimmed video classification

* Video redundancy for efficient video analysis

* Annotation-efficient action localization
 Effective ego-centric video analysis

 Winning solution at EPIC-KITCHENS Action Recognition Competition
2019, 2020

* Video object segmentation
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Untrimmed video classification




Feature Aggregation for ConvNets
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Zhongwen Xu, Yi Yang, Alex G Hauptmann, A discriminative CNN video representation for event detection, CVPR 2015.
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Feature Aggregation for ConvNets

e Ranked 1stin THUMOS 2015

THUMOS Challenge (2015) Results:

Action Classification Task:

Rank Entry Runl Run2 Run3 Run4 Run5
1 U. of Tech., Sydney & CMU 0.7384 0.7157 0.7011 0.6913 0.647 o .
5%+ gains
2 MSR Asia (MSM) 0.6861 0.6869 0.6878 0.6886 0.6897
3 Zhejiang University 0.6876 0.6643 0.6859 0.6809 0.5625
4 INRIA_LEAR 0.6814 0.6811 0.5395 0.6739 0.6793

5  CUHK&ShenzhenInst Adv. ) oo, 0.5746 0.6803 0.6576 0.6604

Tech.

6 University of Amsterdam 0.6798 NA NA NA NA




Multi-rate Modeling

* High frame rate contains many redundant frames, which would require more
computation to process;

 Low frame rate may miss important frames;
* Leverage video multi-rate encoding with different intervals.

2 FPS (Delay 15s)
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Multi-rate Modeling

* Sparse frames extract slow motion information

Dense frames extract fast motion

* Leverage both slow and fast motion information for video representation learning

t0=0 t1=1 t2=2 t3=3

t3 =4
Linchao Zhu, Zhongwen Xu, Yi Yang, Bidirectional Multirate Reconstruction for Temporal Modeling in Videos, CVPR 2017
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Multi-rate Modeling

e Evaluation on Multimedia Event Detection. State-of-the-art was achieved.

| Model |  MEDTest-13 MEDTest-14

C3D 36.9 31.4
VGG16+LCD+VLAD 40.3 35.7
Ours 44.5 (+4.2%) 37.3 (+1.6%)

Linchao Zhu, Zhongwen Xu, Yi Yang, Bidirectional Multirate Reconstruction for Temporal Modeling in Videos, CVPR 2017
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Efficient video analysis




Efficient video classification

e Video frames are redundant.
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Efficient video classification

* Adjacent clips are redundant

* The idea is to replace deep networks with cheap ones

How to aggregate features from two different architectures?
with cheap ones
= £ = E £ =
i T T g . ...

Clip (t+1) Clip (t+2) Clip (t+n) Clip (t+n+1)  Clip (t+n+2) Clip (t+2n)

FASTER Recurrent Networks for Efficient Video Classification, AAAI 2020
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Efficient video classification

* Introduce Fast-GRU to integrate mixed networks
» Maintain spatio-temporal information.

Beneficial to long-term sequence modeling

» Improve the discriminative ability of the gate
(input gate, update gate, etc.) by introducing

more nonlinearity

oser L vcip=2 | wipes | seoea | weip-io | seo-32  [RNEQS

Avg. pool 60.7
Concat 61.6
LSTM 61.3
GRU 61.1

FAST-GRU 61.1
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Maintain spatio-
temporal information

i Dimension reduction
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Efficient video classification

* Improve 3D networks, e.g., ResNet (2+1)D-34, reducing GFLOPS more than 10 times.

ImageNet
Model Top-1 | pre-train | GFLOPsxclips
I3D (Carreira and Zisserman 2017) 72.1 v 108 x4 Accuracy vs GFLOPS
S3D (Xie et al. 2018) 72.2 v 66.4xN/A 78 NL 13D-101
MF-Net (Chen et al. 2018b) 72.8 v 11.1x50 NL I3D-50
A%-Net (Chen et al. 2018a) 74.6 v 40.8x30 761 excrens: -
S3D-G (Xie et al. 2018) 74.7 v 71.4xN/A A~2-Net
NL I3D-50 (Wang et al. 2018) 76.5 v 282x30 >74
NL I3D-101 (Wang et al. 2018) 77.7 v 35930 g 5 MF-Net
I3D (Carreira and Zisserman 2017) 63.4 - 108 x4 < 72 FASTERIG. . (] Mz
STC (Diba et al. 2018) 68.7 - N/AxN/A 8
ARTNet (Wang et al. 2017) 69.2 - 23.5x250 70 ARTNGL
S3D (Xie et al. 2018) 69.4 - 66.4xN/A JED
ECO (Zolfaghari, Singh, and Brox 2018) | 70.0 - N/AxN/A 68 o Method trained from seratch
R(2+1)D-34 (Tran et al. 2018) 72.0 - 152x 115 O Method pre-trained on ImageNet
FASTER16 71.7 - 14.4x16 66 10° 104
FASTER32 75.3 - 67.7x8 GFLOPS

Comparisons on Kinetics Log-scale GFLOPs vs. accuracy comparisons on Kinetics
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Annotation-efficient action localization




Annotation-efficient temporal action localization

(a) Fully

1. Once notice 2. Roll back and forth
' —>  tofind —> 3.Annotate full label

s start and end time
class: pull, start: 1.2s, end: 3.6s

Fully supervised

»

start

2

Time

A 4

end
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Annotation-efficient temporal action localization

Weakly supervised
(b) Weakly
pull o ‘ 1 1. Once notice > 2. Annotate weak label
E_ ' an action

class: pull
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Annotation-efficient temporal action localization

Single-Frame

-

£
pull —=
(c) Single-frame

: ; L. Once notice —_— 2. Annotate single-frame label
: an action )
class: pull, imestamp: 2.4s

Annotation Process
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Annotation-efficient temporal action localization

l Start to watch a video Time

Watch |
finished |

Generate

Step 1

1. Once notice a new action,

. . 3. Continue to watch for
click on the video to pause

the next action instance .
Click on generate

to produce

2. Annotate single-frame annotations
video 001, 73.45s, Billiards
BaseballPitch video 001, 84.40s, Billiards
BasketballDunk i
EEe & /Billards iz video 001, 141.85s, Billiards
CleanAndJerk -
Select a class [rgiiibiie)

CricketBowling Annotation.csv
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Annotation-efficient temporal action localization

L Start to watch a video Time

>

Watch
finished

Generate

1. Once notice a new action,

) . 3. Continue to watch for
click on the video to pause

the next action instance

Click on generate
to produce

2. Annotate single-frame annotations

video 001, 73.45s, Billiards

BaseballPitch video 001, 84.40s, Billiards

BasketballDunk

SR ass - Billiards Ll video 001, 141.85s, Billiards
CleanAndJerk -
Select a class [RGUEN
Step 2 el Annotation.csv
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Annotation-efficient temporal action localization

L Start to watch a video Time

>

Watch
finished

Generate

1. Once notice a new action,

) : 3. Continue to watch for
click on the video to pause Step 3

the next action instance

Click on generate
to produce

2. Annotate single-frame annotations
video 001, 73.45s, Billiards
BaseballPitch video 001, 84.40s, Billiards
> ¥ BasketballDunk ol
Generate wik Billiards  Delete video 001, 141.85s, Billiards
CleanAndJerk -
Select a class [ReUlPATi)

(_lr!c!@@_w{ling Annotation.csv
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Annotation-efficient temporal action localization

l Start to watch a video Time
>

finished

1. Once notice a new action,

3. Continue to watch for St
) . o w ep 4
click on the video to pause the next action instance P
Generate
Annotations
2. Annotate
video 001, 73.45s, Billiards
BaseballPitch video 001, 84.40s, Billiards
- > % BasketballDunk o
Generate AEX | Billiards  Delete video 001, 141.85s, Billiards
CleanAndJerk -
NERRUERE (ClifiDiving
CricketBowling Annotation.csv
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Annotation-efficient temporal action localization

Video Frames
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SF-Net: Single-Frame Supervision for Temporal Action Localization, ECCV 2020 (Spotlight)
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Annotation-e

ficient temporal action localization

Dataset Models mAP@IoU
0.1 0.3 0.5 0.7 AVG
Full [58.1 40.0 22.2 14.8 31.5
Weak [14.0 9.7 4.0 3.4 7.0 ‘
GTEA \si 50.0+1.42 35.6+2.61 21.6+1.67 17.7+0.96 30.5+1.23
SFB  |52.0+3.84 34.9+4.72 17.2+3.46 11.0+2.52 28.0+3.53
SFBA [52.6+5.32 32.7+3.07 15.3+3.63 8.5+1.95 26.4+3.61
SFBAE|58.0+2.83 37.9+3.18 19.3+1.03 11.9+3.89 31.0+1.63
Full __165.1 38.6 22.9 7.9 33.6
lWeak 22.5 11.8 1.4 0.3 8.7 ‘
o LSE 54.1+2.48 24.1+2.37 6.7£1.72 1.5+0.84  19.7+1.25
SFB  |57.2+3.21 26.8+1.77 9.3+1.94 1.7+0.68 21.7+1.43
SFBA [62.9+1.68 36.1+3.17 12.2+3.15 2.242.07 27.1+1.44
SFBAE|62.9+1.39 40.6+1.8 16.7+3.56 3.5+0.25 30.1+1.22
Full  |68.7 54.5 34.4 16.7 43.8
Weak [55.3 40.4 20.4 7.3 30.8
THUMOS14E 58.6+0.56 41.3+0.62 20.4+0.55 6.9+0.33  31.740.41
SFB  [60.84+0.65 44.5+0.37 22.9+0.38 7.84+0.46  33.9+0.31
SFBA [68.7+0.33 52.3+1.21 28.2+0.42 9.74+0.51 39.940.43
SFBAE|70.0+0.64 53.3+0.3 28.84+0.57 9.74+0.35 40.6+0.40
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&
*
Ve
Annotation-efficient temporal action localization N
.. mAP @loU
Supervision Method 01 02 03 04 05 06 07 AVG
Full S-CNN [30] 477 43.5 36.3 28.7 19.0 - 5.3 350
Full CDC (28] - - 401 294 233 - 79 -
Full R-C3D [37] 545 515 44.8 356 289 - -  43.1
Full SSN [42] 60.3 562 50.6 40.8 20.1 - - 474
Full Faster- [6] 50.8 57.1 53.2 485 428 33.8 20.8 52.3
Full BMN ([16] - - 56.0 474 388 29.7 205 -
Full P-GCN [40] 69.5 67.8 63.6 57.8 49.1 - - 61.6
Weak Hide-and-Seek [32] |36.4 27.8 1905 127 68 - - 206
Weak UntrimmedNet [35] |44.4 37.7 282 21.1 13.7 - - 29.0
Weak W-TALC [10] 49.0 42.8 320 260 188 - 62 337
Weak AutoLoc [29] - - 358 290 212 134 58 -
Weak STPN [25] 52.0 44.7 355 258 169 99 43 350
Weak W-TALC [27] 55.2 49.6 40.1 311 228 - 7.6 397
Weak Liu et al. [19] 57.4 50.8 41.2 321 23.1 150 7.0 409
Weak Nguyen et al. [26] |60.4 56.0 46.6 37.5 26.8 17.6 9.0 45.5
Weak 3C-Net [24] 59.1 53.5 44.2 34.1 26.6 - 8.1 435
Single-frame simulation* Moltisanti et al. [23]|24.3 199 159 125 9.0 - - 16.3
Single-frame simulation*|SF-Net 68.3 62.3 52.8 42.2 30.5

20.6 12.0 51.2

Y, 4 .I ]

) 3 J 4() ()




Ego-centric action recognition




Ego-centric videos

|

Damen et al. Scaling egocentric vision: the EPIC-KITCHENS dataset. In ECCV, 2018
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Egocentric Action Recognition

e
3’

Recognition Algorith

&
Ny

Verb: “Take”

Noun: ‘Carrot”

— Action




Applications

Egocentric Camera

Virtual Reality / Augmented Reality Human-to-robot imitation Learning

[1] https://www.theverge.com/2019/11/7/20946589/microsoft-hololens-2-mixed-reality-headset-preorder-shipping-price-

upgrade
[2] Zhang et al. Deep imitation learning for complex manipulation tasks from virtual reality. In ICRA, 2018
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https://www.theverge.com/2019/11/7/20946589/microsoft-hololens-2-mixed-reality-headset-preorder-shipping-price-upgrade

Compare to Third-person Videos

Third-person Action Recognition

v Human-centric
v' Scene-relevant
v’ Coarse-grained
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First-person Action Recognition

v Object-centric
v’ Scene-irrelevant
v" Fine-grained



Challenges

» Objects are small and various in videos

» large camera motion and confusing interaction locations
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Our Method

VerbNet

1l

) O

—— -

________________

Local Alignment

Detector

NounNet

!

Global Alignment
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Object-centric feature alignment

» Global alighment for noun classification.

» Local alignment for verb classification.



Symbiotic Attention

_____________ <
, ( ® Matrix Multiplication ‘I
o\ (" Global ) | (OElement-wise Multiplication
B . 1
(_Pooling 1><Cl 1 Attention Welghts : Noun Feature Stream |
|
Gate Weights ! Verb Feature Stream
. VerbNet v DOOEEO0 ®_' Semmmmmmmmm -
W Proposal [ Local 1XC 1xC
A : p Ahgnment X NX 1
v — N . Noun

“Celery”

SAOA

| I—

NxC

NxC

—//

= e
— : Cls
I?I 1xC

o\ Object Features
.4/“ ' Detection Feature Map 3
> N Global Nx1 “Wash”

Alignment | 1XC 1xC =
3 ODoOmE0 —
] Gate Weights |

\ ’ Global | 1xC Attention Weights

, ! Pooling |
Input Video NounNet

» Object detection offers detailed local understanding

» Symbiotic attention enables mutual interactions and meticulous reasoning

Symbiotic Attention for Egocentric Action Recognition with Object-centric Alignment, TPAMI 2020
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Datasets

Epic-Kitchens is the largest video dataset in first-person vision.
» 55 hours of recording (Full HD, 60fps)

» 39,594 action segments

» 125 verb classes, 331 noun classes
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Evaluation results

Table 3. Results on the EPIC-Kitchens leaderboafd.

<

Method Top-1 Accuracy Top-5 Accuracy Avg Class Precision Avg Class Recall

Verb Noun Action | Verb Noun Action | Verb Noun Action | Verb Noun Action

Baidu-UTS 2019 [10] | 69.80 5226 41.37 | 9095 76.71 63.59 | 63.55 46.86 25.13 | 4694 49.17 26.39
TBN Single Model [6] | 64.75 46.03 34.80 | 90.70 71.34 56.65 | 55.67 43.65 22.07 | 45.55 4230 21.31
TBN Ensemble [6] 66.10 47.89 36.66 | 91.28 72.80 58.62 | 60.74 4490 24.02 | 46.82 43.89 2292

Seen SAP R-50(RGB) 63.22 48.34 3476 | 86.10 7148 5591 | 3698 4194 14.60 | 31.56 4524 15.94
. 89.21 71.83 59.25 | 57.79 4213 19.62 | 42.65 44775 20.72

Ensemble w/o 1G . 90.97 76.71 6392 | 60.20 47.38 25.00 | 4540 49.57 25.84

Ensemble w/ IG . 90.78 76.62 63.55 | 60.44 47.11 2494 | 4582 50.02 26.93

. . . 82.69 62.38 4595 | 37.20 29.14 1544 | 2981 30.48 18.67
TBN Single Model [6] | 52.69 27.86 19.06 | 79.93 53.78 36.54 | 31.44 21.48 12.00 | 2821 23.53 12.69
TBN Ensemble [6] 5446 3039 20.97 | 81.23 55.69 3940 | 3257 21.68 10.96 |27.60 2558 13.31
Unseen SAP R-50(RGB) 53.23 33.01 23.86 | 78.15 58.01 40.53 | 2429 2822 11.02 |22.76 28.11 13.72
AOA I3D(2-Stream) | 58.14 3438 25.81) | 82.59 60.40 45.13 | 38.86 28.69 14.83 | 28.70 30.06 17.52
Ensemble w/o 1G 60.60 36.09 26.60)| 83.07 62.89 47.39 | 40.06 32.09 1649 |29.80 31.80 18.92
Ensemble w/ IG . 83.06 63.67 46.81 | 35.23 32.60 17.35 | 2897 3278 19.82

Our model achieved 1%t place on both seen and unseen kitchens

P\ ReLER Recognition, LEarning, Reasoning



Qualitative Results

Noun attend Verb
Verb attend Noun

1 2
8e-3 0.02 0.02 8e-3 0.04
3e-3 4e-4 2e-4 2e-3 0.78

Verb: ‘chop’  Noun: ‘parsley’

3 @4 5
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1 2

5
Noun attend Verb 1e-4 0.05 0.14 0.06 1e-5
Verb attend Noun 3e-3 0.02 0.16 0.06 0.07
Verb: ‘open’ Noun: ‘oven’




Leaderboard

EPIC-KITCHENS Action Recognition Competition 2019. 4%+
gains in top-1 accuracy compared to the team ranked 29,

Team Name | Top-1 Accuracy (%) ‘ Top-5 Accuracy (%) Precision (%) Recall (%)

Our improved model achieved 1stin EPIC-
KITCHENS Action Recognition Competition 2020.

UTS

Verb Noun Action 2020 CHALLENGE WINNERS
- - - - A - - - - S1 S2 | Team Member Affiliations
. UTS-Baidu Xiaohan Wang University of Technology Sydney, Baidu Research
Baidu- 9095 7671 6359 6355 4686 25.13 4694 4917 2639 O O |75 Saoha e el S e Bt Rt
T 1 1 2 1 1 1 1 1 1 1 1 Linchao Zhu University of Technology Sydney
LIE (M) M @ M M M M M M (M) M Yi Yang University of Technology Sydney
Bristol-  66.10 47.88 91.28 7280 5862 6073 4489 2401 4681 4388 2292 @ @ | nuscevm Yueting Zhuang Zhcjiang Univrsity
g adime Sener niversity of Bonn
Oxford @) @) (1) @) @) @ @) @) @) ®3) ) (action-banks) Dip]ika Singhania Nati‘i)nai {Jniversity of Singapore
g Angela Y: National University of Si
64.14 4765 8764 7066 5465 4364 4052 1895 3831 4529 21.13 S @ @|crwiseMPl MisoLiv Goorgia Iustints of Tochnoiogy
&0 (aptx48691m) Yin Li University of Wisconsin-Madison
“) 3 ®) “) ©) (14) ©®) ©) ©) @ ©®) E @ @ James M. Rehg Georgia Institute of Technology
X FBK-HUPBA Swathikiran Sudhakaran ~ FBK, University of Trento
FBK 63.34 4475 3554 8901 69.88 5718 6321 4226 1976 3777 4128 21.19 E (sudhakran) Sergio Escalera CVC, Universitat d Baroslona
HUPBA (5) (6) 4) 4) (5) 4) (2) 4) (7) (10) (5) (4) Z Oswald Lanz FBK, University of Trento
@ @ SAIC-Cambridge  Juan-Manuel Perez-Rua ~ Samsung Al Centre, Cambridge
DMI- 5899 4500 3514 86.70 69.08 57.62 5223 4006 1940 4212 3932 20.28 (tnet) Antoine Toisoul Samsung Al Centre, Cambridge
Brais Martinez Samsung Al Centre, Cambridge
UNICT ©) (5) ®) 8) 6) 3) @) 6) 8) @ ©) @) Victor Escorcia Samsung Al Centre, Cambridge
: Li Zhang Samsung Al Centre, Cambridge
Bristol- 6474 4603 3480 9069 7133 5664 5566 4365 2206 4555 4230 2130 e Samsuns Al Contre, Cambridae
Oxford (3) 4) (6) (3) (3) (5) (6) (3) (3) (3) 4) (3) Tao Xiang Samsung Al Centre Cambridge, Univ of Surrey
NTUCML 6165 43.63 3055 87.09 6865 40.11 4863 3962 1692 3341 4057 16.68
Ma @ ® O M @M 49 @ ® ) 1 O 0
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Semi-supervised video object segmentation




What is video object segmentation ?

» Discover and segment a primary object in a video
* With user annotations in the first frame

Annotated target object in ce
the first frame




Motivation: Background Matters

Reference (t=1) Prediction (t=T)
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Collaborative VOS by Foreground-Background Integration

poTTTEEETE T, .\ e A\
( A : Foreground (FG) Concat
| Pixel > i
Downsample > i H H >
Separation| > ; ;

Mask

FG & BG Global Matching

Backbone

@

Pixel-wise
Embedding

- &
o

Channel-wise
i Average Pooling +

Foreground (FG)

|

Background (BG) +

N

10309\ Buljood asim-jpuuey)

Downsample

A |

Backbone
Pixel-wise
Embedding
Deep
Backbone Seamentation
" . Collaborative
Pixel-wise Ensembler
Embeddi . e
mbedding Prediction T’

low-level feature

Collaborative Video Object Segmentation by Foreground-Background Integration. ECCV, 2020 (Spotlight)
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Comparison with SOTA

DAVIS 2017

Methods FSAvg J F
Validation Split
OSMN [ /] 54.8 52.5 57.1
VideoMatch |1 7] 62.4 56.5 68.2
OnAVOS [ 1] v 63.6 61.0 66.1
RGMP [ (] v 66.7 64.8 68.6
A-GAME [19] (Y) 70.0 67.2 72.7
FEELVOS [37] (Y) 71.5 69.1 74.0
PReMVOS [ ] v 778 739 81.7
STMVOS [26] v 71.6 69.2 74.0

STMVOS [2(] (Y)

v 81.8 79.2 84.3

Youtube-VOS DAVIS 2016

Seen Unseen Methods FSAvg J F t/s
Methods F S Avg 7 F J F OSMN [ 1] - 74.0 0.14
Validation 2018 Split PML [{] 77.4 75.5 79.3 0.28
PReM [22] v 66.9 71.4 75.9 56.5 63.7 RGMP~ [] 68.8 68.6 68.9 0.14
BoLT [34] v 711716 - 643 - RGMP [36] v 81.8 81.5 82.0 0.14
STM™ [26] 6810 = o = = A-GAME [19] (Y) 82.1 82.2 82.0 0.07
STM [26] v 79.4 79.7 84.2 72.8 80.9 FEELVOS [32] (Y) 81.7 81.1 82.2 0.45
CFBI 81.4 81.1 85.8 75.3 83.4 OnAvVOS [ ] Y 850 85.7 84.2 13
CFBIY 82.782.286876.9850) PReMVOS [22] v 86.8 84.9 88.6 32.8
Testing 2019 Split STMVOS [20] v 86.5 84.8 88.1 0.16
MST* [13] v 81.7 80.0 83.3 77.9 85.5 STMVOS [*1] (Y) v 89.3 88.7 89.9 0.16
EMN* [11] v 81.8 80.7 84.7 77.3 84.7 CFBI 86.1 85.3 86.9 0.18
CFBI 81.5 79.6 84.0 77.3 85.3 CFBI (Y) 89.4 88.3 90.5 0.18
CFBI* 82.2 80.4 84.7 77.9 85.7 CFBI* (Y) 90.7 89.6 91.7 2

P\ ReLER Recognition, LEarning, Reasoning

CFBI 749 72.1 77.7
CFBI (Y) 81.9 79.1 84.6
CFBIT (Y) 83.3 80.5 86.0
Testing Split
OSMN [10] 41.3 37.7 44.9
OnAVvVOS [ ] v 56.5 53.4 59.6
RGMP [ ] v 52.9 51.3 544
FEELVOS [ 7] (Y) 57.8 55.2 60.5
PReMVOS [ ] v 716 67.5 75.7
STMVOS [26] (Y) v 72.2 69.3 75.2
CFBI (Y) 74.8 71.1 78.5

CFBI* (Y)

77.573.8 81.1




Visualization
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Thank youl




