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Dual teacher- Student framework for Semi-supervised
Action Recognition

Teachers are pretrained with different types of self-
supervised video representations: temporally-invariant
and temporally-distinctive representations

Input video clip: processed by both teachers

Predictions combined: reweighting strategy

Knowledge distillation: Provides unlabeled supervision
to the student

Labeled supervision: Provided when labels are
available
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Quick preview- Reweighting strategy
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Quick preview- Results

Params UCF101 HMDB51 Kinetics400
Method Venue  Backbone ) mPut HE 5%  10%  20%  50% | 40%  50%  60% | 1%  10%
PL ICML'13 _ 3D-ResNetl8 135 V16 - 176 247 37 475 | 273 324 335 - -
MT NeuRIPS'17 3D-ResNetl8 135 V16 ; 175 256 363 458 | 272 304 322 ; ;
saL lccv'l9  3D-ResNetl8 135 V16 ; 227 291 377 479 | 298 31 356 - -
UPS ICLR21  3D-ResNetl8 135 V16 ; ; ; 394 502 ; ; ; ; ;
sD Iccv'l9  3D-ResNetl8 135 V16 ; 312 407 454 539 | 326 351 363 - -
MT+SD WACV'21 3D-ResNetl8 135 V 16 - 303 405 455 53 | 323 336 357 - -
VideoSemi  WACV'21 3D-ResNetl8 135 V 16 ; 324 42 487 543 | 327 362 37 ; ;
TG-FixMatch CvPR21  3D-ResNetl8 135 V8 ; 448 624 761 793 | 465 484 497 | 9.8 438
TCL CVPR21  TSM-R18 - vV 8 - - ; - ] ] ] ] 11.6 ;
MvPL Iccv'21 3D-ResNetl8 135 VFG 8 ; 412 555 647 656 | 305 339 358 5 36.9
CMPL CVPR22  3D-ResNetl8 135 V 8 | 238 - 67.6 - - ; - ; 165  53.7
TACL TsvT'22  3D-ResNetl8 135 V16 - 356 509 561 658 | 346 372 395 - -
TACL TsvT'22  3D-ResNetl8 135 V16 : 437 556 592 672 | 387 402 417 ! :
3DRotNet  Arxiv'19  3D-ResNetl8 135 V16 | 15 315 404 471 ; ; ; ; ; ;
MemDPC ECCV'20  3D-ResNetl8 135 V16 ; ; 442 509 623 ; - - - -
MotionFit ~ IcCv'21  3D-ResNetl8 135 VF 16 ; ; ; 577 59 ; - ; ; -
TCLR CVIU22  3D-ResNetl8 135 V16 | 26.9 ; 661 734 767 ; ; ; ; ;
TimeBalance CVPR'23  3D-ResNetl8 135 V8 | 291 479 698 791 833 | 498 514 531 | 17.1  54.9
ActorCM Arxiv2l  R(2+1)D-34 333 VvV 8 - 27 402 517 599 | 329 382 389 - -
ActorCM Arxiv'2l  R(2+1)D-34 333 V8 : 451 53 574 647 | 357 395 408 ! :
FixMatch NeuRIPS20 SlowFast-R50 60 Vv 8 | 16.1 ; 55.1 - ; ; ; ; 101 494
MVPL lccv'21  3D-ResNets0  31.8 VFG 8 | 22.8 ; 80.5 - ; ; ; ; 17 582
CMPL CVPR22  3D-ResNet50 318 V8 | 25.1 ; 79.1 - ; ; ; ; 17.6 584
TimeBalance CVPR'23  3D-ResNets0 31.8 VvV 8 | 301 535 811 833 8 | 526 539 545 | 19.6  61.2
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Overview of the details

Motivation

Temporal-Invariance vs Distinctiveness in video representations
TimeBalance framework

Temporal Similarity Based Reweighting

Experiments

Conclusion

UCF
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Semi-supervised Action Recognition

* Semi-supervised learning deals with enhancing performance on smaller labeled
set leveraging large amount of unlabeled data.

* Semi supervised learning is more crucial for video data due to higher cost of
video annotations

 Compared to images, videos provide additional temporal dimension to exploit to
leverage unlabeled data
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Prior work

Prior work have been relied on:

e Two-stream networks: RGB + Optical Flow/ Temporal Gradient
* Two-stream skip rate: Fast + slow playback

Prior work have input specific inductive-bias

* Requires precomputation of datasets. e.g., computing flow takes about a week
for Kinetics400

Prior work have not systematically leveraged SSL video representations
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Self-supervised Representations for Videos

Temporally Invariant (f)
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3D-CNN backbone

Attract
Repel
Random Augmentation

: Time -
Vv -2 -
ideo :;:;:;:;:;:;:- A
: I -
T o T
=R~ .
TN ¥
y thl? " Z N
[ | 1
\ . ] Y
\‘\A\n‘c‘h?r)zltqu—:zltz— ”’//
A
. yan\
Video-1 __ LT
| iEEEEEET NN\

Contrastive loss/ SSL loss encourages two clip
of video to have same representation

Temporally Distinctive (fp)

iR
- - o

~

- -
St e ==

A A

i T

7

Clip-B

Contrastive loss/ SSL loss encourages two clip
of video to have different representation

CENTER FOR RESEARCH
IN COMPUTER VISION

uC



+ OAOA
+ JeHAigmolg
L nouteH

[

I - Buniafs
S

L]

o)
g
<%
22
2>
RR
cE
L5
o
53
=
Sz

4 ywo | bulysnig
-+ onsdiA|ddy
+ 18ls

+ Buiuy

4 Buoua4y

4 ujoipbuifeld
a|puenbuimolg
—+ }ineA®|od

+ ejqe | buife|d
4 Jeqgbuife|q

4+ BuidA |

4 syonyounN

4 Buipieogaie)s
+ Aj|eusdqia0g
oquyMmBunjiepm
+ yssiuusjajqe |
4 pieoguQbunupn
4 Buymesnhqeg
—+ AlepmpueispueH
+ loygbuike|d

+ lyoeL

+ obesseppeaH
+ sabun’

4 Buisso | ezzid \
<4 wnpauljodwel |
+ Kisyory

+ Buiquipadoy
+ Bumiapno

—+ erpuyues|p
+ sdniind

+ adAexo0Hplal4
4 sdnysnd|iem

1 sieguarsun

4 BuuswweH

4 ysndpuejspueH
+ Bumgsiuua |
Bums

-+ Joysieyoud

+ Bunig

+ dwnpbuo

T Youdilegseseg

4 Buymogiaxoun
- MoJy julipaer
4 snosigmouy |

4 Mmouy | JawiweH
+ bswbramApog
-+ Indjoys

Random Clip-2

invariant representation is useful

Temporally-Invariant Representations perform better
Fencing
Clips share high-similarity, hence learning temporally-
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Temporally-Distinctive Representations perform better
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TimeBalance
Framework

e Dual teacher- Student framework

* Both teachers are pretrained in self-
supervised way and finetuned with
the limited labeled data

* Prediction of both teachers are
combined with proposed temporal-
similarity based reweighting scheme
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Video v
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llustration of teacher reweighting
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R e S u ‘ tS Params UCF101 HMDB51 Kinetics400

Method — Venue Backbone '\, "Input #F | o0 oo 10% 20% 50% | 40% 50% 60% | 1%  10%
PL ICMLU'13  3D-ResNetl8 135 V 16 | -  17.6 247 37 475 | 273 324 335 | - -
MT NeuRIPS'173D-ResNet18 135 V 16 | - 175 256 363 458 | 272 304 322 | - ;
sal ICCV'19  3D-ResNetl8 135 V 16 | - 227 291 377 479 | 298 31 356 | - i
UPS ICLR21  3D-ResNetl8 135 V 16 | - ; . 394 502 | - ; ; ; ;
SD ICCV'19  3D-ResNetl8 135 V 16 | - 312 407 454 539 | 326 351 363 | - ;
MT+SD WACV'21 3D-ResNet18 135 V 16 | - 303 405 455 53 | 323 336 357 | - ;
VideoSemi WACV'21 3D-ResNet18 135 V 16 | - 324 42 487 543 | 327 362 37 ; ;
TG-FixMatch CVPR'21  3D-ResNet18 135 V 8 | - 448 624 761 793 | 465 484 497 | 98 438
TCL CVPR21  TSM-R18 . v 8| - ] - ] - ] ] - | 116 -
MVPL iccv'21  3D-ResNet18 135 VFG 8 | - 412 555 647 656 | 305 339 358 | 5 369
CMPL CVPR22 3D-ResNet18 135 V 8 | 238 - 676 - i i i - | 165 537
TACL TSVT22  3D-ResNet18 135 V 16 | - 356 509 561 658 | 346 372 395 | - ]
TACL TSVT22  3D-ResNet18 135 V 16 | - 437 556 592 672 | 387 402 417 | - :
3DRotNet  Arxiv'19 3D-ResNetl8 135 V 16 | 15 315 404 471 - ; ; ; ; ;
MemDPC  ECCV'20 3D-ResNet18 135 V 16 | - . 442 509 623 | - ; ; ; ;
MotionFit  ICCv'21  3D-ResNet18 13.5 VF 16 | - ; . 577 59 ; ; ; ; ;
TCLR CViU'22  3D-ResNet18 135 V 16 | 269 - 661 734 767 | - ; ; ; ;
TimeBalance CVPR23  3D-ResNet18 135 V 8 | 29.1 479 69.8 79.1 833 | 49.8 514 531 | 17.1 549
ActorCM  Amiv2l R(2+1)D-34 333 V 8 | - 27 402 517 599 | 329 382 389 | - -
ActorCM  Anmiv2l R(2+1)D-34 333 V 8 . 451 53 574 647|357 395 408 | - :
FixMatch  NeuRIPS20SlowFast-R50 60 V8 | 161 - 551 - ] ; ; - | 101 494
MVPL IcCV'21  3D-ResNet50 31.8 VFG 8 | 228 - 805 - ] ; ; ; 17 582
CMPL CVPR22 3D-ResNet50 31.8 V8 | 251 - 791 - ] ; ; - | 176 584
TimeBalance CVPR'23  3D-ResNet50 31.8 V 8 30.1 535 81.1 833 85 52.6 53.9 54.5 19.6 61.2
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Ablations

fs Teacher UCF101 % Labels
(rand. init.) fr o Reweighting 5% 20%
(a) v 25.60  46.20
(b) v v 4394  T74.85
(c) v v 4430  75.22
(d) v 49.57 80.06
(e) v v 53.10 83.00
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Ablation: Different Teacher Combinations

Teacher-1 Teacher-2 UCF101 % labels

5% 20%
(a) Invl Inv2 48.33 78.76
(b) Distl Dist2 49.15 80.49
(c) Invl Distl 52.14 82.02
(d) Invl Dist2 51.78 81.43

Different Teacher Combinations
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Different Initializations of student

® TCLR ® CVRL @ TempTrans ® VCOP @ Scratch

50 +
° o — - -
45 /
g a0 L Accuracy after Epoch 250:
. 3 TCLR 47.94
8% ¢, . CVRL: 47.02
Sk 8 TempTrans: 47.60
| VCOP: 46.91
Scratch: 46.72
25 L
50 75 100 125 150 175 200 225

Semi-supervised training Epochs




Conclusion

* TimeBalance, a teacher-student framework for semi-supervised action recognition

* We utilize the complementary strengths of temporally-invariant and temporally-
distinctive representations to leverage unlabeled videos

e State-of-the-art for semi-supervised action recognition: UCF101, HMDB51, Kinetics400
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