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What is Self-Supervised Learning?

m Yann LeCunfi&E 7|=,m "I
DaRIALRE/BIREERINEENR

“Pure” Reinforcement Learning (cherry)
e The machine predicts a scalar reward given once in a while
e A few bits for some samples

Supervised Learning (icing)
e The machine predicts a category of a few numbers for each input
® Predicting human-supplied data
® 10 - 10,000 bits per sample

Self-Supervised Learning (cake génoise)
e [he machine predicts any part of its input for any observed part
e Predicts future frames in videos
* Millions of bits per sample

e e e e e mm o mE e e e e e e o e e e e e = =,

____________________________
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What is SeIf-Supervised Learning?
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Why? EE2MCVAE ~

n AE1: BRI BEEFIIRE
1:/3_15:‘: Zi XE/CDJ\
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Why? EE2NCVAE
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Why? EEMNCVAE

ICE
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Why? £EEMNCVAE

n FBE2: BIFRYT)||ZRiRE
DR SESE> B (RER)ES
B/ ERHES D B (UVER) FilEESS (downstream tasks)
w BA/ L (FBEK? 2A?

L

EUniversal

gy(Estem #0384, fine-tuning > Hith{Es

SEXHURRIENR



Why? EE2MCVAE =

s BE3 BRFrs—BMAEEER
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Why? EE2MCVAE =g

n HE3. BIREXT—MREIRESR
MEERIES! [E48bag of visual word (VW) AHX...

E&aYiaiE (lexical model) REIE{TA?
LSRR : BEMHIREEEK (VQ) 3B (clustering) BT
CNNEZIR T IeEiRE? S Neurongi2— 1 visual wordiuilllzs
» BER9EiE (syntactic model) fREIEMHA?
Visual wordZ [BJfUEZ AT, VWHIZERIE514/f /5
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Why? TEMCVRE

n HE3: FIRER MR IHERT

O EIES! [E48bag of visual word (VW) BdX...
IRIENES > SERNEIG/MNsR?
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Why? £EEMNCVAE
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MEERIES! [E48bag of visual word (VW) AHX...
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Why? EEMNCVAE

n HE3. BlREF—lREIRESR
MEERIES! [E48bag of visual word (VW) AHX...
SIENES > S ENE& /MR
STAMS, &V Low-level/mid-level §& B EAS MG
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How?

N Longlong Jing Yingli ........................... Generation-Based Methods Context-Based Methods
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Image Generation Video Generation Spatial Context Structure Temporal Context Structure
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How?
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How?

N Longlong Jing Yingli ........................... Generation-Based Methods Context-Based Methods
! L ’

Image Generation Video Generation Spatial Context Structure Temporal Context Structure
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HEli% icp

» FHE B X ey iR M bR X 15,

1ConvNet+Xj#loss

(a) Input Context (b) Human Artist (c) Network Prediction

D. Pathak, P. Krahenbuhl, J. Donahue, T. Darrell, and A. A. Efros, “Context encoders: Feature learning by

inpainting,” CVPR 2016 o
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m Image Generation with Colorization

Fully convolution neural network which consists of an
encoder for feature extraction and a decoder for the
color hallucination to colorization.

The network can be optimized with L2 loss

Lightness L Color ab Lab Image

~—a convl conv2 conv3 conv4 convb convB conv7 conv8
64 atrous / dilated & trous / dilated

& 1= 256 512 512 512 512 .
| fi ) fi f i |
¥ 64 32 32 32 32 32— 64
B 128
& (a,b) probability
' distribution i
313 64 o

R. Zhang, P. Isola, and A. A. Efros, “Colorful image colorization,” in ECCV, pp. 649-666, Springer, 2016



EHEE(&Patch icp

m Jigsaw Image Puzzle

1 The shuffled image patches are fed to the network

= Trained to recognize the correct spatial locations of the input
patches by learning spatial context structures of images such as
object color, structure, and high level semantic information

M. Noroozi and P. Favaro, “Unsupervised learning of visual representations by solving jigsaw puzzles,” in ECCV, 2016 -



Contrastive Learning3RZ...

Contrastive

ImageNet Linear Benchmark
Non-Contrastive

354
30Jz ““‘\ ““‘\ “““‘||||| ||||||

2015 2016 2017 2018 2018 2019

79.8

2020

27



Contrastive learning

s FYERIL TG
hiEEEpatch (Positive) , #EimiEEEpatch (negative)

Pull together Push apart Pull together Push apart
embeddings I::é_ é“é é“:l M

encoder J [ encoder J [ encoder encoder encoder ] [ encoder ]

R Hadsell, S Chopra, Y LeCun. Dimensionality reduction by learning an invariant mapping, CVPR2006
K Sohn, Improved deep metric learning with multi-class n-pair loss objective, NIPS2016



Contrastive learning g

n FYERAY E I XE

nofEEpatch (Positive) , #EmiEEElpatch (negative)
S¥FEnegative samples

. N
Maximize agreement * A set pf paired samples {x;, y;};-,
Zi =Zj
4 1 @ O»hn “e ) N1
o) g«)'{ ,
e O ¥ e D Y2
h; +— Representation ——» hj
i e O ¥ N large, subsample k X @ Y ys
X 9 O Ya X9 @
Xs @ O s x; @ D Y¥s
ng O W G O YN

exp(sim(r4,y+)/7)

exp(sim(z4,y+)/7) + Xf,l exp(sim(z4+,y")/7)

{ = —log

R Hadsell, S Chopra, Y LeCun. Dimensionality reduction by learning an invariant mapping, CVPR2006
K Sohn, Improved deep metric learning with multi-class n-pair loss objective, NIPS2016



Contrastive learning Z

(1) Augmentations as (X, Y) (2) Large number of negatives
m ‘
58 | 8 - -
£ 64 7573 -
d /45‘,';
faple T
52 0 —+— end-to-end
52 + - * - memory bank
a2 &~ MoCo
- 2;6 5‘;2 10.24 4096 16384 65536

K (log-scale)

- Memory bank (InstDis)
- Momentum Encoder (MoCo)

- Large Batch (SimCLR)

Kaiming He, Haoqi Fan, Yuxin Wu, Saining Xie, Ross Girshick. Momentum Contrast for Unsupervised Visual Representation
Learning. CVPR2020

T Chen, S Kornblith, M Norouzi, G Hinton. A simple framework for contrastive learning of visual representations. arXiv 2020



Contrastive Multi-view Learning

m Yonglong Tian et al., MIT, arXiv 2020

Matching views

31



CLEGHZFIRTIES

A= el | Vo v Ny
[ :lrg$]§5|l LﬂlEyTTJ_ IZE

% Supervised ...~ %SimCLR (4x)

s *SimCLR (2x)
7) e oCPCv2-L
T
S 7O *SimCLR wome  §MOC0 49
g *PIRL-c2x AMDIM
— 65 ? eMoCo (2x)
é_ *CF’CU’E PIRL-ens.
)
© PIRL .
— MoC eBigBiGAN
E 60 * QL0
)
g
1= eRotation

5 e|nstDisc

25 50 100 200 400 626
Number of Parameters (Millions)

https://space.bilibili.com/562085182/ [Ting Che, Yonglong Tian, Weidi Xie>£ i} ]
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Yong Li, Jiabei Zeng, Shiguang Shan, Xilin Chen. Twin-Cycle Autoencoder: Self-supervised

Representation Learning from Entangled Movement for Facial Action Unit Detection.
[EEE/CVF CVPR2019, [EEE T-PAMI/

B FHSERTFINAVZERSIEN
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n . AUZUEEZ, AISFIBmEIIm?

| Upper Face Action Units
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TE1: ERESREMEENNTESSSS

r ik LAOBRFRIEEREE LB e Pretext task

F(T(xi)) = F(xi+k)
F(T,(x;) + T)(x;)) = F(Xj4x)
EEPEN{EE R LA E ST

LEBE (Pose)
SHRITIRT,

it B %Hknu\‘t‘; 5=



IT{E1: mRESREEFRENRNT RS =

n 73i%: LAY E SR E A B inE Pretext task
m IRICEREL ﬂR&“‘“#ﬁeea*’JTmSE(Cycle IOSS)+ﬁurﬂga$’@ia%%

HEBAURTIRE
13iRZE (Cycle
loss 1)

LA S REIRE
f3ixZE(Cycle
loss 2)
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&

n 73i%: LAY E SR E A B inE Pretext task
m IRKEAEL: W THEMRS(Cycle loss)+BIRIEMIRE
n 3R #RRERRER TN

E*BBM'E(AU)

- H- EE
R el
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IT{E1: mRESREEFRENRNT RS

« Bk LA
m JRREREN: X

IS
AT IRE

I 2 Pretext task

SRR (Cycle loss)+HiIAERHR

i — = J—_L — R e = Ju N
n R BERERMBZ(FTHE) +BFCEDRIBEERSGIE
. O/t BA= sal/um H I=TI RIS 2INI I |
Methods/AU | 1 | 2 | 4 | 6 | 7 |10 | 12 | 14 | 15 | 17 | 23 | 24 | ave
Handcrafted [21]° 434 | 407 | 433 | 59.2 | 613 | 621 | 685 | 525 | 367 | 543 | 395 | 37.8 | 50.0
Descriptor ResNet-80 face 393 | 406 | 385 | 642 | 67.5 | 710 | 653 | 57.2 | 37.8 | 51.3 | 35.1 | 326 | 499
VGG emotion 464 | 363 | 49.6 | 760 | 77.6 | 80.2 | 87.8 | 608 | 404 | 59.1 | 437 | 482 | 588
AlexNet [52]* 103 | 39.0 | 417 | 628 | 542 | 751 | 781 | 447 | 329 | 47.3 | 273 | 401 | 4856
B P4 D%& DRML [2]* 364 | 418 | 430 | 550 | 67.0 | 663 | 658 | 541 | 332 | 480 | 317 | 300 | 483
Supervised EAC-Net [3]* 39.0 | 352 | 486 | 761 | 729 | 819 | 862 | 588 | 37.5 | 59.1 | 359 | 358 | 55.9
&= ROI [4]* 362 | 316 | 434 | 77.1 | 737 | 850 | 87.0 | 626 | 457 | 580 | 383 | 374 | 56.4
=3 JAA-Net [5]* 472 | 440 | 549 | 775 | 746 | 840 | 869 | 619 | 436 | 603 | 427 | 419 | 60.0
L
SplitBrain [26] 39.0 | 320 | 397 | 729 | 70.6 | 782 | 837 | 57.8 | 37.3 | 536 | 323 | 451 | 535 o)
F1 SCore DeformAE [47] 39.5 | 345 | 408 | 705 | 684 | 763 | 829 | 60.7 | 23.1 | 541 | 343 | 431 | 52.3
Fab-Net [24] 433 | 357 | 416 | 729 | 630 | 759 | 835 | 57.7 | 265 | 482 | 336 | 424 | 520
Self- TAE (wjo L1, woatt) | 406 | 382 | 447 | 719 | 67.5 | 760 | 813 | 61.6 | 340 | 547 | 394 | 467 | 547
supervised | TAE (w/Li, whatt.)[53] | 431 | 322 | 444 | 751 | 705 | 808 | 855 | 61.8 | 347 | 585 | 372 | 487 | 56.1 |
TAE (w/ Ly &att, K =2) | 420 | 419 | 445 | 742 | 735 | 806 | 859 | 60.4 | 414 | 613 | 44.1 | 460 | 57.9 \
TAE (w/Li &att, K =4) | 407 | 421 | 527 | 710 | 73.7 | 797 | 850 | 621 | 440 | 629 | 437 | 481 | 58.8
TAE (w/ Ly &att., K =8) | 47.0 | 459 | 509 | 747 | 720 | 824 | 856 | 623 | 48.1 | 623 | 459 | 463 | 60.3
TAE (w/ Ly &att, K = 16) | 442 | 435 | 501 | 738 | 735 | 815 | 851 | 628 | 444 | 60.5 | 453 | 459 | 59.2




IT{E1: mRESREEFRENRNT RS

n 3% LA

PRYEEREES
m RSN W THEMIRK(Cycle loss)+RIAE
n R BERERME (T

hnl=

= Il

SFC,

I 2 Pretext task

2 14]1%

= RIBEE R IE

Methods,/ AU | 1 2 4 6 | 10 | 12 | 14 | 15 | 23 | 24 | ave

Descriptor Handcrafted [14]* 38 | 32 | 13 | 67 | 64 | 78 | 15 | 29 | 49 | 44 | 429

ResNet-50 face 243 | 507 | 182 | 39.9 | 447 | 416 | 174 | 278 | 310 | 359 | 322

VGG emotion 239 | 406 | 264 | 73.6 | 693 | 744 | 211 | 249 | 260 | 202 | 400

GFT%&FEE AlexNet [14]* 44 | 26 | 2 | 73 | 72| 82 | 5 | 19 | 43 | 42 | 428
Ia=1<, Supervised ResNet-50 235 | 78 | 35 | 791 | 701 | 821 | 209 | 117 | 49.1 | 403 | 418

F1 score SplitBrain [26] 190 | 406 | 87 | 602 | 666 | 754 | 56 | 267 | 229 | 323 | 358
DeformAE [47] 173 | 401 | 48 | 641 | 691 | 721 | 7.8 | 39 | 80 | 252 | 312

Fab-Net [24] 144 | 423 | 94 | 606 | 687 | 704 | 87 | 17 | 55 | 208 | 333

Self- TAE (w/o L1, w/o att.) 137 | 410 | 59 | 719 | 723 | 784 | 118 | 235 | 245 | 351 | 408

supervised | TAE (w/ Ly, wioatt)[53] | 439 | 495 | 63 | 71.0 | 762 | 795 | 107 | 285 | 345 | 417 | 442

TAE (w/Lq &att, K =2) | 386 | 511 | 89 | 759 | 724 | 803 | 148 | 43.1 | 355 | 429 | 463

TAE (w/Lq &att, K =4) | 338 | 450 | 59 | 778 | 743 | 826 | 122 | 437 | 411 | 451 | 461

TAE (w/ Ly &att, K =8) | 463 | 488 | 134 | 767 | 74.8 | 81.8 | 199 | 423 | 506 | 50.0 | 50.5

TAE (w/ L1 &att, K =16) | 458 | 541 | 146 | 783 | 763 | 83.1 | 201 | 416 | 374 | 436 | 495

L=
Bk
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p IBRH 7T —FBEBEFEIHE
ZIRTHRTHIIEZS5A4ZE: pretext task
YIRS/ R %(Dlsentanglmg). XX HEEBEWwIE
N
=125
Pretext task/auxiliary task/surrogate tasksgisHEFlEN 2

T EFIHKE, Pretext taskeliFrl LAS [SIE /I E AL EARY
. EEERIECRIFANESS

Mw\ HHIEENE B LN EFSI KRG8 A
VALSE Buh#ilsii: https://space.bilibili.com/562085182/
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X/, £/
“/I »_ \ _“-/I Magnified skin color changes due to

—_—--- heartbeat using the EVM algorithm[1]

y 3

[1] H.-Y. Wu, M. Rubinstein, E. Shih, J. Guttag, F. Durand, and W. Freeman, “Eulerian video magnification for revealing subtle changes in the
world,” ACM Trans. Graph, vol. 31, no. 4, pp. 1-8, 2012.
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m The physiological signal in face video is very weak, and it
can be easily affected by head movements, lighting
conditions, and sensor diversities.

m Datasets are usually small, could not provide enough data
of various less-constrained scenarios.

Y

Head : :
movement | &

One possible way is to use pseudo data
for regularization and augmentation.

IHHlumination |

Acquisition
devices
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Physiological Non-physiological
information information

pseudo data

» Two encoders are needed to generate the pseudo data.

» Pseudo data can be used for regularization by cross-
verifying the encoded physiological and non-
physiological features.

Original data > Pseudo data can be used as the augmentation to train

the physiological estimator.
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predicted rPPG signal
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Results on Average HR Estimation

m 5-fold subject-exclusive intra-database testing on

VIPL-HR
Stdl] MAE] RMSE]|

vethod | (bpm)  (bpm)  (bpm) "
SAMC 18.0 15.9 21.0 0.11
POS 15.3 11.5 17.2 0.30
CHROM 15.1 11.4 16.9 0.28
I3D 15.9 12.0 15.9 0.07
DeepPhy 13.6 11.0 13.8 0.11
RhythmNet | 8.11 5.30 8.14 0.76
Proposed 7.92 5.02 7.97 0.79

HR gt




Results on Average HR Estimation Icr

m 10-fold subject-exclusive m Cross-database testing on
Intra-database testing on MMSE-HR (training on
OBF VIPL-HR)
Std] RMSE] Std] RMSE/|
Method Jpm) (bpm) "7 Method  bpm) (bpm) "1
ROl peen |2.159 2.162  0.99 112014 20.02 19.95 0.38
CHROM | 2.73 2.733 0.98 CHROM 14.08 13.97 0.55
POS 1.899 1.906 0.991 SAMC 12.24 11.37 0.71
rPPGNet|1.758 1.8 0.992| |[RhythmNet| 6.98 7.33 0.78
Proposed|(1.257 1.26 0.996 Proposed |6.06 6.04 0.84




Results on RF Measurement and HRV Analysis

m 10-fold subject-exclusive intra-database testing on
OBF

Method

RF (Hz)

LF(u.n)

HF (u.n)

LF/HF

Std RMSE r

Std RMSE r

Std RMSE r

Std RMSE r

ROIgr'een
CHROM
POS

0.078 0.084 0.321

0.081 0.081 0.224
0.07 0.07 0.44

rPPGNet

0.064 0.064 0.53

0.22 0.24 0.573
0.199 0.206 0.524
0.155 0.158 0.727
0.133 0.135 0.804

0.22 0.24 0.573
0.199 0.206 0.524
0.155 0.158 0.727
0.133 0.135 0.804

0.819 0.832 0.571
0.83 0.863 0.459
0.663 0.679 0.687
0.58 0.589 0.773

Proposed

0.058 0.058 0.606

0.09 0.09 0.914

0.09 0.09 0.914

0.453 0.453 0.877

A

== ground truth ECG
——— predicted rPPG

b N A o A N W
T T T T

=——=ground truth ECG
= predicted rPPG
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Download VIPL-HR Download VIPL-HR-V2
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https://github.com/nxsEdson/CVD- https://vipl.ict.ac.cn/view_da https://vipl.ict.ac.cn/view_da
Physiological-Measurement tabase.php?id=15 tabase.php?id=17




T{E3: BFRAEERRENSEEEDEIRE

Yude Wang, Jie Zhang, Meina Kan, Shiguang Shan, Xilin Chen. Self-
supervised Equivariant Attention Mechanism for Weakly Supervised

Semantic Segmentation. [EEE/CVF International Conference on Computer
Vision and Pattern Recognition. Jun. 2020
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methods backbone  saliency val test
=l . CCNN VGG16 35.3 35.6
m 305y PASCAL VOC 2012 EM-Adapt  VGG16 382 396
. MIL+seg OverFeat 42.0 43.2
===V] I KN ab = e i Y — |
RETHIISEAMI4LE E"JTIEﬂ' R ER A SEC VGG16 50.7  51.1
MEaEIe S EIARL STC VGG16 \ 498 51.2
T EIA Nt el —iE ab MDC VGG16 \ 60.4 60.8
ZRERMS :)ﬂ”litEJL- azTIEﬂ'S EAM{4EE
MCOF ResNet10 J 603 61.2
rescale flip rotation translation mloU 1

47.43% DCSP Res';'em \ 60.8 61.9

\ 55.41% ResNet10
\ \ 55.50% SeeNet ©s 16 \ 63.1 628

N N 53.13%

J J 55 230, DSRG Reshetlo J 614 632
AffinityNet ResNet38 61.7 63.7

test scale baseline (mloU) ours (mloU) nitye R:zN:ﬂO
[0.5] 40.17% 49.35% model :2222{2 mloU  CIAN 1 v 64.1  64.7

0, (o)
E g% jg;?;o Z;g;f baseline [448, 768] 47.43% |IRNet ResNet50 63.5 64.8
. . 0] . 0 .
> . SEAM [448, 768] 53.47%

[0.5, 1.0, 1.5, 2.0] 47.43% 55.41% Our SEAM ResNet38 64.5 65.7
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