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| now call it "self-supervised learning", because "unsupervised" is both a
loaded and confusing term.

In self-supervised learning, the system learns to predict part of its input from
other parts of it input. In other words a portion of the input is used as a
supervisory signal to a predictor fed with the remaining portion of the input.

Self-supervised learning uses way more supervisory signals than supervised
learning, and enormously more than reinforcement learning. That's why
calling it "unsupervised" is totally misleading. That's also why more
knowledge about the structure of the world can be learned through self-
supervised learning than from the other two paradigms: the data is unlimited,
and amount of feedback provided by each example is huge.

Data Mining e, °
o.:.o Quality Analytics I".\’.'.d

e




Introduction
Background

QSIS 20F MIAA Mat OF ER (St w4+)2| FacebookO|A]...

Yann LeCun
20195 43 302 - @

I now call it|"self-supervised learning" | because "unsupervised" is both a
loaded and confusing term.

In self-supervised learning, the system learns to predict part of its input from
other parts of it input. In other words a portion of the input is used as a
supervisory signal to a predictor fed with the remaining portion of the input.

Self-supervised learning uses way more supervisory signals than supervised
learning, and enormously more than reinforcement learning. That's why
calling it "unsupervised" is totally misleading. That's also why more
knowledge about the structure of the world can be learned through self-
supervised learning than from the other two paradigms: the data is unlimited,
and amount of feedback provided by each example is huge.

Data Mining e, °
o.:.o Quality Analytics I".\’.'.d

e




- Introduction

1993 LeNet1 HIAE F4

Data Mining -~
o.:.o Quality Analytics \'a



Introduction
Background

Yann LeCun =
*251954% 0@ “Self-supervised learning” 0|21 SHIC}

| now call it "self-supervised learning”, because "unsupervised” is both a
loaded and confusing term.

“Unsupervised” = H0| ZEZXQI o|0|E X|L|2

sigel= Z0{0]Ck

Data Mining e, °
o.:.o Quality Analytics I".\’.'.d

-




Introduction
Background

Yann LeCun
' 20195 48 302 - @

In self-supervised learning, the system learns to predict part of its input from Se|f—superv|sed |earn|ng O-"A-lE E_-=|I |'_Q
other parts of it input. In other words a portion of the input is used as a
supervisory signal to a predictor fed with the remaining portion of the input. @- _?__E_QE %IE_HI 7|:|AI--Q| E_l-% _?'_F,'.g 0:||§6|-7-" 8|_|:|-

Data Mining e, °
o.:.o Quality Analytics I".\’.'.d

-




Introduction
Background

Yann LeCun
' 20195 42 302 - Q@

Self-supervised learning uses way more supervisory signals than supervised

learning, and enormously more than reinforcement learning. That's why ol Zio| AHN|=2 Superwgon% OIS0 A ek&50l/|
calling it "unsupervised” is totally misleading. That's also why more

=] [ [
knowledge about the structure of the world can be learned through self- IIHT'_‘O'" unsuperwsed 2h= g.o-lt A | AC}

supervised learning than from the other two paradigms: the data is unlimited,
and amount of feedback provided by each example is huge.

Data Mining e, °
o.:.o Quality Analytics I".\’.'.d

RS ———




I Introduction

Brief framework
o it et i e i 8 b i e i Unlabeled datasetZ input@ 2 B0} AF2 X7} 2]

Self-supervised Pretext Task Training B
ot 2 H|(pretext task)E network?} k&5t 5104

Unlabeled Dataset
C|O|Ef Xixi|oi] CHot Ofoll== =0| 1A} &

Pretext task”} & MHRCHH inputs 2= 2=

|
|
i
|
I
|
|
|
|
|
|
representationgt 20[2k= 70| x|

Knowledge Transfer

Supervised Downstream Task Training

Labeled Dataset
Downstream
Task

Data Mining
o.:.. Quality Analytics 0‘ h—d

R ——




Introduction

Brief framework

Self-supervised Pretext Task Training
Unlabeled Dataset

Knowledge Transfer

Supervised Downstream Task Training

Labeled Dataset Pretext taskOi|A] Lt&2 pre—training &%l
networkE Z2EO 2 AI2XP £114} 5= 24

- am . .
. . (downstream task, e.g. classification)O|
M

transfer learningoh= B

Data Mining .0 *
o.:.. Quality Analytics ! h’.'.d

[ —— -




Il Pretext tasks

Discriminative unsupervised feature learning with exemplar convolutional neural networks

N

“* Exemplar, 2014 NIPS

Daota Mining
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Pretext task 2}
7|1Z2] 96 x 96 size O|O|X[0f|A] object/ USTtot XS cropold] 32 x 32 size2| seed patchE ¥=

2. Seed patch0l| A augmentation 7|22 Sol| 24712| dataset 2tH
3. Classifier’| seed patch25E| 50| patchE5 S2! classz= 0f|Sot

JHu
10
ol
A
0%t

Seed patch

o

A

1. self-supervised representation learning =7| ¢

T THA|I0IA datasetO] {ZE! AL XMEkSH CSHIH

O] i3 (class?| =01 S¢A| classifier/| & ek&5H

_ Fig. 2. Several random transformations applied to one of the
Of 3:!') patches extracted from the STL unlabeled dataset. The original

(‘'seed’) patch is in the top left corner.
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Il Pretext tasks

Discriminative unsupervised feature learning with exemplar convolutional neural networks

% Exemplar, 2014 NIPS
- g5

1. Classification accuracy”Zt 1 ZA|0f| EXHFHE S0t H| WSHH @422 HY

TABLE 1
Classification accuracies on several datasets (in percent). = Average per-class accura 78.0% £ 0.4%. 1 Average per-class
accuracy 85.0% + 0.7%. 1 Average per-class accuracy 85.8% + 0.7%.

Algorithm STL-10 |CIFAR-10(400)|CIFAR-10|Caltech-101| Caltech-256(30) | #features
Convolutional K-means Network 60.1 £1 70.7£0.7 82.0 — — 8000
Multi-way local pooling — — — 7T7.3+06 41.7 1024 = 64
Slowness on videos |14 61.0 — — 74.6 — 556
Hierarchical Matching Pursuit (HMP) [34]| 64.5 =1 — — — — 1000
Multipath HMP — — — 82505 50.7 5000
View-Invariant K-means 63.7 726 £ 0.7 81.9 — — 6400
Exemplar-CNN (64c5-64c5-128f) 67.1+0.2| 69.7+03 T76.5 79.8 +£0.57 424403 256
Exemplar-CNN (64c5-128c5-256c5-512f) 728+04| 75402 822 86.1 +0.5° 51.2+0.2 960
Exemplar-CNN (92c¢5-256¢5-512c5-1024f) [74.2 £0.4| 76.6 = 0.2 843 |[87.1+0.7' 53.6+02 1884
Supervised state of the art | 70.1[36] | — | 92.0 [37] | 91.44 [38] | 70.6 [2] | —
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Il Pretext tasks

Unsupervised Visual Representation Learning by Context Prediction

% Context Prediction(Relative Patch Location), 2015 ICCV

* Pretext task 2’4
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Il Pretext tasks

Unsupervised Visual Representation Learning by Context Prediction

» Context Prediction(Relative Patch Location), 2015 ICCV
* Pretext task 2’
1. Input O|OJX| 1&EHAM 97H2| patchE TH=0{ H S0 7F20| patch@} CHE patch2te| $IX| HEE classifier
Off SSAI
2. AIEHO| THHO|| LO[RH7 | 01=21=E FE0|22(question 1, question 2) input O|0|X|Z & O[alfgt 2402t 7|CH

.= - =
AlexNet0f| pairgt input patchE 20|1F= X —~
fc9 (8)
= o =
4. Trivial solutionS= 27| $ot giot fe8 {4096)
| fc7 (4096)
= = P9 F Y
u Patchﬂ O'” 7 'I E—lE = Tc6 (4096) Tc6 (4096)
pool5 (3x3,256,2) pool5 (3x3,256,2)
—1IA conv5 (3x3,256,1) conv5 (3x3,256,1)
= Patch A|'O|9—| 7'| E—|7 |' _JEE —! E—l'% conva (3x3,384,1) conva (3x3,384.1)
conv3 (3x3,384,1) conv3 (3x3,384,1)
LRN?2 LRN2
pool2 (3x3,384,2) pool2 (3x3,384,2)
conv2 (5x5,384,2) conv2 (5x5,384,2)
LRN1 LRN1
pooll (3x3,96,2) pooll (3x3,96,2)
convl (11x11,96,4) convl (11x11,96,4)
= =
/ Patch 1 / l Patch 2 /
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Il Pretext tasks

Unsupervised Learning of Visual Representations by Solving Jigsaw Puzzles

“ Jigsaw Puzzle, 2016 ECCV

* Pretext task 2’4

Fig. 1: Learning image representations by solving Jigsaw puzzles. (a) The image
from which the tiles (marked with green lines) are extracted. (b) A puzzle ob-
tained by shuffling the tiles. Some tiles might be directly identifiable as object
parts, but others are ambiguous (e.g., have similar patterns) and their identi-
fication is much more reliable when all tiles are jointly evaluated. In contrast,
with reference to (c¢), determining the relative position between the central tile
and the top two tiles from the left can be very challenging [10].
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Il Pretext tasks

Unsupervised Learning of Visual Representations by Solving Jigsaw Puzzles

 Jigsaw Puzzle, 2016 ECCV
*  Pretext task 2P
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Pretext tasks

Colorful Image Colorization

“ Image Colorization, 2016 ECCV
*  Pretext task 2t

1. 17H2] channel(Y)2t 7X|12 Q= input O|0]X|0|A 3 channel(Y,U,V)2| color O|0|X|E MMdt= A=

ShEAIZ[A]

Lightness L Color ab

Lab Image

convl conv2 conv3 conv4 conv5 conv6 conv7 conv8
atrous / dilated a trous / dilated

64
—/]128 256 512 512 512 512 =
/ | J f
I f ] f f f |
64 32 32 32 32 32 64
/128
(a,b) probability S
distribution
313 64

Fig. 2. Our network architecture. Each conv layer refers to a block of 2 or 3 repeated
conv and ReLU layers, followed by a BatchNorm [30] layer. The net has no pool layers.
All changes in resolution are achieved through spatial downsampling or upsampling
between conv blocks.
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11, 0| At2StencodeZE 7|& AKX downstream task0| transferdh= BIEHS AL

Fig. 8. Applying our method to legacy black and white photos. Left to right: photo
by David Fleay of a Thylacine, now extinct, 1936; photo by Ansel Adams of Yosemite;
amateur family photo from 1956; Migrant Mother by Dorothea Lange, 1936.




Pretext tasks

Context Encoders: Feature Learning by Inpainting

“ Context Autoencoder, 2016 CVPR
* Pretext task 2’4
1. &7t FF0| ZE O|0JX|Z context 0|0|X|2f 11 510 autoencoders S2A|7|H, missing regionsE IS5t
2N AL EE0 H|woliZ7fHA ok LIy

2. ORRPIX|2 WosEE2S downstream taskOl| transferoh= BIAl

.c(.,f)

o

p— —
w — w
< | |
2 2
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u Fully u
s Connected é
§ <3

o

e @
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= =

Figure 2: Context Encoder. The context image is passed
through the encoder to obtain features which are connected
to the decoder using channel-wise fully-connected layer as
described in Section 3.1. The decoder then produces the
missing regions in the image.

Input Context ~ Context Encoder Content-Aware Fill
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Il Pretext tasks
Representation Learning by Learning to Count
% Count, 2017 ICCV
* Pretext task 2’4

1. U YAS2 =ME 7L 0|0|X|S] 2SS XE = LA =H

St S
2. O|H0ll= O||XIZE] 20I0] SZZHS vector HOILHO] ALS

0

rI

= Nose, eyes, paws, head
US2 FIHOME 2t patchO|A EXZC| &0| TX| £

" Ol HA=21—

7V QxS

HA--1 =

golt

ball

Figure 1: The number of visual primitives in the whole im-
age should match the sum of the number of visual primitives
in each tile (dashed red boxes).
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Il Pretext tasks

Representation Learning by Learning to Count

“ Count, 2017 ICCV
*  Pretext task 2P
3. Input O]0]X}ZE down-sampling(D)3t Zd1t O| 4= CIA|
tiling(T)gt AC= L1, A 2ot Ax

ZEE ot

leon(X,Y) = )(b(D 0X) — Ej‘:l @(Tj 0 X)
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m

Jal
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S
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Il Pretext tasks

Unsupervised representation learning by predicting image rotations

< Rotation, 2018 ICLR
* Pretext task 2’3 L TREs =

1. Input O|0]X[0{| 0=, 90, 180, 270 3|&5}0]

Lt= O|0]X|Z input O|0|X|Z 7|21 = rotationS

0=5hk= 4 class classification &=X|

[ 1 A ConvNe{ = » Maximize prob.
—» g(X,y=0) ——» £ P model F() | F(Xx°

Rotate 0 degrees J " sl [ Predict 0 degrees rotation (y=0)
Rotated image: X [

I
|
I
ConvNet Maximize prob.

- glX,y=1 —»ﬁ — P
glX,y=1) & e F(j),.. l : FI(XI) J |
Rotate 90 degrees = - Predict 90 degrees rotation (y=1) |
|
|

Rotated image: X' [

. 5 ComNet 7 Maximize prob. i
> g(X,y=2) —» % — modelF() _|_> F(x%)

Image X Rotate 180 degrees [ Predict 180 degrees rotation (y=2) I

2. T HIER A 2t ConvNetO| S0{RU= Rowed g X |
2

N l
= = onvr el : aximize prob. |
Network—In-Network(NIN) 2AlS AtZot s e R E T e B 7

Rotate 270 degrees —
RotNet #2& = == 0llM XI2ret

[ Predict 270 degrees rotation (y—3)J

Rotated image: X’

Figure 2: Illustration of the self-supervised task that we propose for semantic feature learning.
Given four possible geometric transformations, the 0, 90, 180, and 270 degrees rotations, we train
a ConvNet model F(.) to recognize the rotation that is applied to the image that it gets as input.
FY(X¥") is the probability of rotation transformation y predicted by model F(.) when it gets as
input an image that has been transformed by the rotation transformation y~.
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Unlabeled Dataset

I Downstream task evaluation
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Downstream task evaluation

Transfer learning { actual framework )

Pretext task network

(theoretical framework )

Pre—training =l

B82S transfer 5t S0|

weightS2 freezed}! linear

Knowledge Transfer

classifiers Soll ds =4
Supervised Downstream Task Training = cee =

Labeled Dataset

Downstream
Task
m

Linear | = 5)3x0) of 1 Xl label dataset

Classifier
oz M=2 mytst

(e.0. ImageNet)
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Downstream task evaluation

Transfer learning

** Classification accuracy

SimCLR evaluation table
RotNet evaluation table Method Architecture Param. Top1 Top5
Method | Accuracy Methods using ResNet-50:
- Local Agg. ResNet-50 24 60.2 -
Supervised NIN | 92.80 MoCo ResNet-50 24 606 -
. I 3 PIRL ResNet-30 24 63.6 -
Random Init. + cony | 7250 CPC v2 ResNet-50 24 638 853
(Ours) RotNet + non-linear 89.06 SimCLR (ours) ResNet-50 24 69.3  89.0
(Ours) RotNet + conv 91.16 Methods using other architectures:
(Ours) RotNet + non-linear (fine-tuned) 91.73 gfjtaBt']?}lN gﬂ"g&;'ig Eixg gg g?;‘ 81- o
T . B " igBi evNet-50 (4« : :
(Ours) RotNet + conv (fine-tuned) 02.17 AMDIM Custorn-ResNet 626 68 1 )
Roto-Scat + SVM Oyallon & Mallat (2015) 82.3 CMC ResNet-50 (2x) 188 68.4  88.2
ExemplarCNN Dosovitskiy et al.[{2014) 84.3 MoCo ResNet-50 (4x) 375 68.6 -
DCGAN [Radford et al.[{(Z0T5) ]2 8 C_PC v2 ResNet-161 (%) 305 71.5 90.1
Scattering Oyallon et al.[(2017) 84.7 SimCLR (ours) ResNet-50 (2x) 04 74.2 92.0

SimCLR (ours) ResNet-50 (4x) 375 76.5 93.2

Table 6. ImageNet accuracies of linear classifiers trained on repre-
sentations learned with different self-supervised methods.

Class 7lis=7F M= &< accuracy At Class 7ll+=7} t& 8 Top—1, Top—5 accuracy AS
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Downstream task evaluation

Transfer learning

* Clustering evaluation o
ntext prediction method

1: « 13:
x:‘ ‘} ) : ‘_' |
E VA " g
O Sl - Qi TR s

4. Fps g 18:
5 42:
6: 53

Figure 8. Clusters discovered and automatically ranked via our al-
gorithm (§ 4.4) from the Paris Street View dataset.
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Fig.5: Image retrieval (qualitative evaluation). (a) query images; (b) top-4
matches with AlexNet; (¢) top-4 matches with the CFN trained without block-
ing chromatic aberration; (d) top-4 matches with Doersch et al. [10]; (e) top-4
matches with Wang and Gupta [39]: (f) top-4 matches with AlexNet with ran-
dom weights.
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B SimCLR

Paper explanation

< Simple Framework for Contrastive Learning of Visual Representations(SimCLR), 2020 arXiv

A Simple Framework for Contrastive Learning of Visual Representations

% Supervised - %SIimCLR (4x)
Ting Chen' Simon Kornblith! Mohammad Norouzi 1I Geoffrey Hintonll ;\é‘ 75 *SII’T'ICLR (2)()
) eCPCv2-L
% 7OF &SimCLR oo dMoCo (41
« 20| YHE= self-supervised representation learning 2 ‘ 'EI'F“C—: 0(22 ) AMDN’
— 65 oL-0
! PIRL-ens.
HHE 3 71 450] 2= (20204 28 132 71F) N I
: 4+ eBigBiGAN
. QIZX|5 200 MAIM Ma10I Geoffrey Hinton(EZE B eof gMoCo
o
_ _ o)
CHat _l PNy ©
e|nstDisc

«  Contrastive learning &iH= MEo6I 1, architecture=

_ _ 25 50 1700 200 400 626
IHEOA| <o Number of Parameters (Millions)
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B SimCLR

Paper explanation
oo Method(algorithm) Algorithm 1 SimCLR’s main learning algorithm.
_ _ input: batch size N, temperature 7, structure of f, g, 7.
* The Contrastive Learning Framework for sampled minibatch {x; }2_, do
_ o s forallk € {1....,N} do
. Stochastic data augmentation= 2128 draw two augmentation functions £~ 7, ¢ ~ T
. ] o # the first augmentation
1) Random cropping and resize to original g1 = t(xp)

: : hor—1 = f(i’:zk—l_‘] # representation
2) Random color distortion 2oe 1 = g(har1) # projection

# the second augmentation

3) Random Gaussian blur .
o =1 {:Ck)

hor = f(T9) # representation
2oL = g(hg,rf) # ]H‘i{i(‘t.'liﬁll
=2 E7 end for
II.  Neural network base encoder f(*)& 1 forall i € {1, 2N} and j & {1..._ 2N} do
sig =23 z;/(7]|z:|lz5]) # pairwise similarity
end for o
lIl.  Neural network projection head g()= IHZ(mapping) define £(i, j) as (i, j)=—log sgw — "2vi s

L= S0 [0(2k—1,2k) + £(2k, 2k—1)]
update networks f and g to minimize £
end for

I\V. Contrastive loss function At o _
return encoder network f

Daota Mining 2 -~
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Paper explanation

< Method(algorithm)
* The Contrastive Learning Framework
. Stochastic data augmentationS X134

1) Random cropping and resize to original
2) Random color distortion

3) Random Gaussian blur

. Neural network base encoder ()& E1}

ll.  Neural network projection head g(-)= OfZ(mapping)

I\VV. Contrastive loss function Z|At

hcal

Maximize agreement

Z; - - Zj
)] foc)
h; +— Representation — h;

Figure 2. A simple framework for contrastive learning of visual
representations. Two separate data augmentation operators are
sampled from the same family of augmentations (f ~ 7 and
t" ~ T) and applied to each data example to obtain two correlated
views. A base encoder network f(-) and a projection head g(-)
are trained to maximize agreement using a contrastive loss. After
training is completed, we through away the projection head ¢(-)
and use encoder f(-) and representation h for downstream tasks.
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Pa per expl an a'“on Method Architecture 1% Top ;D%
Methods using other label-propagation:
Pseudo-label ResNet50 516 824
®, VAT+Entropy Min. ResNet50 47.0 83.4
o0 Py
* ReSUItS UDA (w. RandAug) ResNet50 - 88.5
FixMatch (w. RandAug) ResNet50 - 89.1
— — S4L (Rot+VAT+En. M)  ResNet50 (4x) - 91.2
= old 25 di2|g
¢ I—abel data = ="T A|-O o |-O:| E = (3I o |- Methods using representation learning only:
InstDisc ResNet50 392 774
L . . . BigBiGAN RevNet-50 (4x) 55.2 78.8
= semi-supervised learning HIAIO| PIRL. ResNet-50 572 838
CPCv2 ResNet-161(x*) 77.9 91.2
A‘| Lo SimCLR (ours) ResNet-50 75.5 87.8
— — —_ —_—— SimCLR (ours) ResNet-50 (2x)  83.0 91.2
State Of the art(SOTA) co= -rl O-I SimCLR (ours) ResNet-50 (4x) 85.8 92.6
HAHS Table 7. ImageNet accuracy of models trained with few labels.
O A3
Method Architecture Param. Topl Top35
*Supervised I %*SimCLR (4x) Methods using ResNet-50:
< O *SimGLR (2x) Local Agg. ResNet-50 24 602 -
= o MoCo ResNet-50 24 60.6 -
— : " HiH = 3 o eCPCv2-L PIRL ResNet-50 24 636 -
° ;
Self SuperV|Sed |earn|ng od SO“A-I g 70F 4simCLR .,MoCo (4x) CPCv2 ResNet-50 24 63.8 853
3 oPIRL-co CMC SimCLR (ours) ResNet-50 24 693 89.0
= —_ O
E 7 |'§>I- —C|>——J|k—ol_|' é-)ISE E?:l f ] R eMoCo (2x) AMDIM Methods using other architectures:
o) qCPCv2  PIRL-ens. Rotation RevNet-50 (4x) 86 554 -
° PIRL BigBIGAN BigBiGAN RevNet-50 (4x) 86 61.3 819
3 go} §MoCo ebigbl AMDIM Custom-ResNet 626  68.1 -
% LA CMC ResNet-50 (2x) 188 68.4  88.2
o MoCo ResNet-50 (4x) 375 68.6 -
E 55k eRotation CPCv2 ResNet-161 () 305 71.5  90.1
e|nstDisc SimCLR (ours) ResNet-50 (2x) 94 74.2 92.0
A A A i i i SimCLR (ours) ResNet-50 (4x) 375 76.5 93.2
25 50 100 200 400 626
Number of Parameters (Millions) Table 6. ImageNet accuracies of linear classifiers trained on repre-

sentations leamned with different self-supervised methods.
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Paper explanation

“* Results
« |ImageNet2Z pre-train®t ResNet-50(4x)=E 0|E¢ct A At

=
o M| HEEQ| datasetOl|A] 250t = BT US

Food CIFAR10 CIFAR100 Birdsnap SUN397 Cars Aircraft VOC2007 DTD Pets Caltech-101 Flowers

Linear evaluation:

SimCLR (ours) 76.9 95.3 80.2 48.4 659 60.0 61.2 84.2 78.9 89.2 93.9 95.0
Supervised 75.2 95.7 81.2 56.4 64.9 68.8 63.8 83.8 78.7 92.3 94.1 04.2
Fine-tuned:

SimCLR (ours) 89.4 98.6 89.0 78.2 68.1 92.1 87.0 86.6 77.8 92.1 94.1 07.6
Supervised 88.7 08.3 88.7 77.8 67.0 914 88.0 86.5 78.8 93.2 94.2 98.0
Random init 88.3 96.0 81.9 77.0 537 913 848 69.4 64.1 82.7 712.5 92.5

Table 8. Comparison of transfer learning performance of our self-supervised approach with supervised baselines across 12 natural image
classification datasets, for ResNet-50 (4 x ) models pretrained on ImageNet. Results not significantly worse than the best (p > 0.05,
permutation test) are shown in bold. See Appendix B.6 for experimental details and results with standard ResNet-50.
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