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A Story about Cake (in Yann LeCun’s Turing Talk)

P> “Pure” Reinforcement Learning (cherry)

» The machine predicts a scalar reward given once in a
while.

> A few bits for some samples

P> Supervised Learning (icing)

» The machine predicts a category or a few numbers
for each input

P Predicting human-supplied data
» 10—10,000 bits per sample

P> Self-Supervised Learning (cake génoise)

» The machine predicts any part of its input for any
observed part.

» Predicts future frames in videos
» Millions of bits per sample

Credit by Yann LeCun



Why Self-Supervised Learning?

* Baby learns to see the world largely by observation

Photos courtesy of
Emmanuel Dupoux

Credit by Yann LeCun



A Story about ImageNet

* AlexNet (NIPS2012)

ImageNet Challenge
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A Story about ImageNet
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Supervised Pretraining + Finetuning (2014

Finetuning

Semantic Segmentation

Pretraining on ImageNet Classification

Fine-grained Classification



Two Stories Meet Each Other

* Unsupervised Pretraining + Finetuning

Momentum Contrast for Unsupervised Visual Representation Learning

Kaiming He Haoqi Fan Yuxin Wu  Saining Xie Ross Girshick

Facebook Al Research (FAIR)

Code: https://github.com/facebookresearch/moco

I —
2019.11

MoCo * [For the first time, unsupervised
pretraining outperform supervised

FAIR pretraining on / down-stream tasks




The Self-Supervised Learning Eral

* Can utilize unlimited data
* Similar way as that of human baby learning




H OW D i d We Get H ere? Credit mostly by Andrew Zisserman

Autoencoders Denoising Autoencoders/| [ Exemplar networks

?

Hinton & SéiékhutdinO\;. i
Science 2006. Vincent et al. ICML 2008.
Co-Occurrence p Egomotion
Isola et aI ICLR Workshop 2016. Agrawal et al ICCV 2015 Jayaraman et al. ICCV 2015
Split-brain auto-encoders

Context

>

Noroozi et al 2016 Pathak et al. CVPR 2016 Zhang et al. CVPR 2017




How Did We Get Here?

Image #1 Image #2 Image #3

bt Il
¢ 2014.6 +2018.5 ' 9
Exemplar Memory bank
Dosovitskiy et al,, Wu et al, CVPR'2018
NIPS'2014

Pre-text task: Image discrimination

2018.12 | 2019.11

Deep metric . , , :
transfer MoCo For the first time, unsupervised

MSRA FAIR pretraining outperform supervised
¢ o pretraining on 7 down-stream tasks




Contrastive Learning for Instance Discrimination

contrastive learning

Image #1 Image #2 Image #3

;?["Q . if :

AR b

Pre-text task: Image discrimination

features




M OCO (C\/P R’ ZOZO) Credit by Kaiming He

* Large dictionary

* Consistent dictionary by momentum encoder MoCo
contrastive learning
dictionary from
query keys ~ updating encoder
— loss «——
featureofm
1 !
encoder encoder ‘ - momentum
encoder slowly update
!




2ost MoCo until Neur!

°5 2020



Main Theme

* Improving ImageNet-1K linear evaluation (top-1 acc)
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&. 69.1 I I
a B
MoCo SimCLR MoCo v2 BYOL SwaV

Totally absolute 14.7% improvements in 6 months!



Representative Works

e SIMCLR (ICML'2020)

* SIMCLR v2 (NeurlPS'2020)
* BYOL (NeurlP5'2020)

* SwaV (NeurlP5'2020)

* PIC (NeurlPS'2020)




SimCLR (ICML'2020)

 Simpler: no momentum, no memory (dictionary)

* Sufficient distance between pretext tasks and downstream tasks
* a linear projection layer -> a MLP layer

* Self-supervised learning benefit significantly from longer training

/1.1

O
&. 69.1 &
60.6
ImageNet linear . I I
evaluation

MoCo SIimCLR MoCo v2



More Insights in SImCLR

* Self-supervised learning benefit more from larger models
* Self-supervised learning benetfit significantly for semi-supervised learning

80
e RO %540, R50(4x) . Label fraction
S W T TN S M *R50(4x)* Method Architecture 1%  10%
FRS0(2)* i Top 5
R50(4x)
2ol *R101(2X}152(2%) " Supervised baseline ResNet-50 80.4
*Rsox  ®R50(2x)
R52R152 ! ®R34(4x) Methods using other label-propagation:
~ ®R10T e Pseudo-label ResNet-50 51.6 82.4
R18(4x)
§ > erso VAT+Entropy Min. ResNet-50 47.0 83.4 + 2 7 . 1

®R34(2x) UDA (w. RandAug) ResNet-50 - 88.5
60 ®R18(2%) FixMatch (w. RandAug) ResNet-50 - 89.1
S4L (Rot+VAT+En. M.) ResNet-50 (4x) - 91.2

55| ep3y Methods using representation learning only:
InstDisc ResNet-50 39.2 77.4
50 | ®R18 BigBiGAN RevNet-50 (4x) 55.2 78.8
0 50 100 150 200 250 300 350 400 450 PIRL ResNet-50 572 838
Number of Parameters (Millions) CPC v2 ResNet-161(x) Q 01.2
Figure 7. Linear evaluation of models with varied depth and width. SimCLR (ours) ResNet-50 87.8
Models in blue dots are ours trained for 100 epochs, models in red SimCLR (ours) ResNet-50 (2x)  83.0 91.2
stars are ours trained for 1000 epochs, and models in green crosses SimCLR (ours) ResNet-50 (4x) 85.8 92.6

are supervised ResNets trained for 90 epochs’ (He et al., 2016).
Table 7. ImageNet accuracy of models trained with few labels.



SIMCLR v2 (NeurlPS'2020)

* "Big Self-Supervised Models are Strong Semi-Supervised Learners”

N
o

Relative improvement (%) of
ImageNet top-1 accuracy

o

N
wu
T

=
o
T

=
o

o
T

Label
fraction

B
- —e— 1% ./

-
-
-
-
-

50 100 150 200 250
Number of parameters (million)

Figure 1: Bigger models yield
larger gains when fine-tuning
with fewer labeled examples.

Similar as that of
GPT-3 in NLP!



BYOL (NeurlPS'2020)

* Bootstrap Your Own Latent

60.6 =
ImageNet linear .
evaluation

MoCo SIimCLR MoCo v2 BYOL



A Finding by BYOL

* MoCo: we need larger dictionary size (more negative pairs)

* BYOL: we do not need negative pairs anymore
* an asymmetric design

view representation projection prediction
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PIC: a Single-Branch Method (NeurlPS'2020)

two-branch methods one-branch method (PIC)
(almost all previous methods)

Simpler but the
same effective!

classifier scores
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Three Main Trends after NeurlPS'2020

* More study on why BYOL does not collapse
* BYOL (Arxiv v3), SimSiam (CVPR2021)

* Pre-training good features for down-stream tasks
* Pixel-level pre-training
* FPixFro DenseCL (CVPR'2021)
* Object-level pre-training
* SoCo (tech report)
* Self-supervised learning + Transformers

* MoCo v3 (tech report), DINO (tech report)
* SSL-Swin/MoBY (tech report)



SimSiam, BYOL (arxiv v3)

similarity
predictor h stop-grad
encoder f encoder f
T L2
image &

Another paper: understanding SSL dynamics without contrastive pairs (ICML'2021)



Trends after NeurlPS 2020

+ Mgre study on BYOL why it does not collanse
BYOL (Axivyv3) SirSiam(CYPR'2021
* Pre-training features which are good for down-stream tasks
* Pixel-level pre-training
* FPixFro DenseCL (CVPR'2021)
* Object-level pre-training
* SoCo (tech report)
* Self-supervised learning + Transformers

* MoCo v3 (tech report), DINO (tech report)
* SSL-Swin/MoBY (tech report)



Trends after NeurlPS 2020

+ Mgre study on BYOL why it does not collanse
BYOL (Andvv3) SimSiam (CVPR'2021"
* Pre-training features which are good for down-stream tasks
* Pixel-level pre-training
* PixPro DenseCL (CVPR'2021)
* Object-level pre-training
* SoCo (tech report)



Improvements on ImageNet-1K linear evaluation

—HO +0.9

753 — /6.2

. Jr?>2 74.3
'\’2' 71.1
+85 69.1

MoCo SIMCLR MoCo v2 BYOL SwaV CLSA  supervised

Totally 15.6% absolute improvements in 1 year!



Improvements on Pascal VOC object detection

« PixPro (CVPR'2021)

0 xl '6 60.2
+0 4 +1.3 57 6 + . /
. 56.3 T . » 57.6

5.9 ——

MoCo SIimCLR MoCo v2 InfoMin PixPro

Totally 1.7% absolute improvements in 1 year!

Zhenda Xie et al. Fropagate yourself: exploring pixel-level consistency for unsupervised
visual representation learning. CVPR'2021



PixPro Results

* VOC detection (+2.6 mAP)

* COCO FPN detection (+0.8 mAP) COCO C4 (+1.0 mAP)
* Cityscape segmentation (+1.0 mloU)

Pascal VOC (R50-C4) COCO (R50-FPN) COCO (R50-C4) Cityscapes (R50)
Method #Epoch | b APy, APy | mAP  APs; APss | mAP  APsy AP mloU
scratch - 33.8 60.2 33.1 328 510 353 | 264 440 278 65.3
supervised 100 535 813 58.8 397 595 433 | 382 582 412 74.6
MoCo [ 18] 200 559 815 626 | 394 59.1 430 | 385 583 41.6 75.3
SimCLR [3] 1000 | 563 819 625 | 398 595 436 | 384 583 416 75.8
MoCo v2 [9] 800 | 576 827 644 | 404 60.1 443 |[B93] 59.0 426
InfoMin [30] 200 |[B7.6] 827 646 |[A0.6] 606 446 | 390 585 42.0 75.6
InfoMin [30] 800 575 825 640 | 404 604 443 | 388 582 417 75.6
PixPro (ours) 100 58.8 83.0 66.5 413 61.3 454 | 396 59.2 428 76.8
PixPro (ours) 400 60.2] 838 67.7 |[414] 61.6 454 |[40.5] 59.8 44.0

+2.6 mAP +0.8 mAP +1.0 mAP +1.0 mloU



~rom Instance-Level to Pixel-Level Learning

Memory bank, MoCo,
SimCLR, BYOL, SwaV, PIC, ...

Image #1

Previous pre-text tasks: instance discrimination

view #1

£

]

consistency

view #2

pixel-level pretext task




Pixel-Level Contrastive Learning

an image

view #1

pull

push

He

view #2

pixel discrimination



Pixel-to-Propagation Consistency

an image

view #1

pull

push

i

view #2

Pixel-to-propagation
consistency



Pixel-to-Propagation Consistency

* Pixel contrast: spatial sensitivity
* Propagation: spatial smoothness

@ backbone+projection }—H : )—»‘ P'xﬂ';gjéo(%igﬁ)“o" ]—)@
augmental:ion 'PixContrast Loss (Eq. 2), -
/! Lpix .-~
momentum 5 Y -~" PixPro Loss (Eq. 5)
backbone+projection Lpixpro

Figure 2. Architecture of the PixContrast and PixPro methods.




Aligning Pre-Training to Downstream Networks

* Using the same architecture as in downstream tasks

7x8/128 {P']_/; »| Heads
13x16/64 { P6 ,: »| Heads
P5
c4 P4
5064 /16 , Heads
c3 P3
100 x 128 /8 Heads

800 x 1024 An architecture in
f FCOS detector

H W/ Backbone Feature Pyramid



Object-Level Pre-Training

* Aligning pretraining for object detection
* SoCo (tech report, 2021)

Online Network ¢ View1

—>| Rol Align

Backbone | ‘ D Head D D D EI

w/ FPNV“ D %] Projection PS P4 P4 P2

. Prediction

i \__P5 / pa P2 ) Ty 3 4
Contrastive Loss

1 i
EMA, Update | View2 - b B B B

: / | \ [l [ Rol Align
¢ Head _r D l:l D D
‘u | Projection Ps | PS| P4 | P2

Backbone

w/FPN | \ P5 A P4 P2 /
e il Views: [l — Rol Align 1— l— l— l_
Target Network — I ”

= N g===krp

Projection
PS P4 P2 .

Object-Level
|‘— Data Preprocessing —>|'— Feature Extractor —’|<— Scale-Aware Assignment _'l'_Contrasl»tive Learning_'l

S —

Selective| | Random
Search Selection

Fangyun Wei et al. Aligning Fretraining for Detection via Object-Level Contrastive Learning. Tech Report 2021



Object-Level Pre-Training (SoCo

e Results

Table 1: Comparison with state-of-the-art methods on COCO by using Mask R-CNN with R50-FPN.

Methods Epoch 1x Schedule 2x Schedule

P AP™  APY  APY:  AP™¢  APLS  APJX | AP APR  APR  AP™C APIY AP
Scratch - 310 495 332 285 468 304 | 384 575 420 347 548 372
Supervised 90 | 389 59.6 427 354 565 381 | 413 613 450 373 583 403
MoCo [4] 200 | 385 589 420 351 559 377 | 408 61.6 447 369 584 397
MoCo v2 [5] 200 | 404 602 442 364 572 389 | 417 616 456 376 587 405
InfoMin [6] 200 | 406 60.6 446 367 577 394 | 425 627 468 384 597 414
BYOL [3] 300 | 404 616 441 372 588 398 | 423 626 462 383 596 4Ll
SwAV [7] 400 - - - - - - | 423 628 463 382 600 410
ReSim-FPNT [41] | 200 [ 398 602 435 360 571 386 | 414 619 454 375 591 403
PixPro [10] 400 61.6 454 - - - - - - - - -
InsLoc [12] 400 FEZT 623 458 376 59.0 405 | 433 636 473 388 609 417
DenseCL [11] 200 | 403 599 443 364 570 392 | 412 619 451 373 589 401
DetCong [13] 1000 | 418 - - 374 - - | 429 - - 381 - -
DetConp [13] 1000 | 427 - - 382 - - | 434 - - 38T - -
SoCo 100 | 423 625 465 376 591 405 | 432 633 473 388 60.6 419
SoCo 400 633 471 382 602 410 | 440 640 484 390 613 417
SoCo* 400 432) 635 474 384 602 414 | 443 646 489 396 618 425

+1.8 mAP



Trends after NeurlPS 2020

* Self-supervised learning + Transformers
* MoCo v3 (tech report), DINO (tech report)
* SSL-Swin/MoBY (tech report)



BOX AP

SSL on Transformer?
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Transformer
backbones

MIOU
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A microsoft / Swin-Transformer

This is an official implementation for "Swin Transformer:
Hierarchical Vision Transformer using Shifted Windows".

& arxiv.org/abs/2103.14030
&8 MIT License
¢ 3.4kstars % 351forks

3400 stars

ADE20K semantic segmentation

CNN

N

pd
~

backbones

Swin-L (UperNet, ImageNet-22k pretrai

DPT+Hybrid
HRNetV2 + OCR + RMI (PaddleClas.pretrained)—

CFNet (ResNetF

- o
PSPNet (ResNet-152)DSSPN (RESNet=T0T)
I;lfineNet (ResNet-152)
2017 2018 2019 2020

-o- Models with highest mloU

Evolving of state-of-the-art approaches for years

2021

Transformer
backbones




Self-supervised learning + Transformer

* "Golden combination”
* SSL can better leverage the model capacity

80
_ %
”Sup. R50(2x) SUp-EEYCNY
#5up. R50 [
L e ey s
L FRB0(2x)*
P “Pure” Reinforcement Learning (cherry) 2 ® ®R50(4x)
» Thc_e machine predicts a scalar reward given once in a ® R101(2x5{152(zx)
while. 70 *.VRSO* °® R50(2x)
P A few bits for some samples —_ ®R34(4x)
— ®R101 o
»> Supervised Learning (icing) 65| o R18(4x)
P The machine predicts a category or a few numbers f_’ R50
for each input ®R34(2x)
P Predicting human-supplied data
» 10—-10,000 bits per sample o ®R18(2x)
P> Self-Supervised Learning (cake génoise)
» The machine predicts any part of its input for any, 55| o R34
observed part.
P Predicts future frames in videos
» Millions of bits per sample 50 | ®R18

0 50 100 150 200 250 300 350 400 450
Number of Parameters (Millions)

* Transformers has significantly stronger modeling power than CNN

https://www.zhihu.com/question/457507120



https://www.zhihu.com/question/457507120

MoCo v3 (tech report, 2021/04)

e Transformer is difficult to be tamed for SSL
* Fixed patch projection

wh
=]
L

kNN accuracy
1 L 1

--—-SimCLR: learned proj.
H —— SimCLR: random proj.

T T T T 1
0 epochs 100

"
=]
1

kNN accuracy
L L 1

--—-BYOL: learned proj.
——BYOL: random proj.

T T T T 1
0 epochs 100

| SimCLR  BYOL
learned patch proj. 69.3 69.7
random patch proj. 70.1 71.0

Figure 6. Random vs. learned patch projection (ViT-B/16, 100-
epoch ImageNet, AdamW, batch 4096). Top: SimCLR: lr=2e-4,
wd=0.1. Bottom: BYOL: lr=1c¢-4, wd=0.03.



DINO (tech report, 2021/05)

* Transformer is better at learn segmentation

Figure 1: Self-attention from a Vision Transformer with 8 x 8 patches trained with no supervision. We look at the self-attention of
the [CLS] token on the heads of the last layer. This token is not attached to any label nor supervision. These maps show that the model
automatically learns class-specific features leading to unsupervised object segmentations.



SSL-Swin (MoBY)

* Provide baselines to evaluation transferring performance on down-stream tasks

segmentation

classification detection ...

y

//: //// Ax
oo ’}4
,@/,27/?77//7}7/?’ 4x
Wz g
L ) T
(a) Swin Transformer (ours)

Used in MoBY

classification

e d
£ /

Used in MoCo v3/DINO

* No better than supervised approaches

Method Model  Schd. box AP
mAPPOr  APYIOT  Apbox
Sup. Ix L437] 666 477
Swin-T MoBY 1x [F436] 662 477
(mask R-CNN) “"g0 " 3x 260 681 503
MoBY  3x 46.0 67.8  50.6
. Sup. Ix 48.1 67.1 522
Swin-T MoBY  Ix 48.1 67.1 52.1
(Cascade
mask R-CNN)  Sup. 3x 50.4 69.2 547
MoBY  3x 50.2 68.8 547
COCO object detection
Method Model Schd. mloU
Sup. 160K [431]
Swin-T MoBY 160K
UPerNet :
( ) Sup.' 160K 45.81
MoBYT 160K 45.58

ADE20K semantic segmentation



SSL-Swin (MoBY)

* Higher accuracy than DINO/MoCo v3, with much fewer additional tricks

Method Arch.  Epochs Params (M) FLOPs(G) img/s Top-1 acc (%)

Sup.  Deil-S 300 22 4.6 940.4 79.8
Sup.  Swin-T 300 29 45 755.2 813

MoCov3 DeiT-S 300 2 46 940.4 72.5

DINO DeiT-S 300 22 4.6 940.4 I‘B'I7 )

DINO'  DeiT:S 300 ) 4.6 940.4 759 10.3 MAP vs. MoCo v3/DINO
MoBY DeiT.S 300 22 4.6 940.4 72.8

MoBY  Swin-T 100 29 45 755.2 0 ,

MoBY  SwinT 300 29 4.5 755.2 +2.2 mAP vs, Deil

Table 1: Comparison of different SSL methods and different Transformer architectuzss=sa (g ivet-
1K linear evaluation. T denotes DINO with a multi-crop scheme in training.

https://github.com/SwinTransformer/Transformer-SSL



https://github.com/SwinTransformer/Transformer-SSL

lake-Home Message

* Enjoy the "cake”

* Two directions:
* Aligning pre-training to down-stream tasks
* SSL + Swin Transformers

P> “Pure” Reinforcement Learning (cherry)

» The machine predicts a scalar reward given once in a
while.

» A few bits for some samples

P> Supervised Learning (icing)

» The machine predicts a category or a few numbers
for each input

» Predicting human-supplied data
» 10—10,000 bits per sample

P> Self-Supervised Learning (cake génoise)
» The machine predicts any part of its input for any,
observed part. -

P Predicts future frames in videos
» Millions of bits per sample
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