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Representation Learning

*  Machine learning algorithms for classification

* linear classifiers
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Representation Learning

*  Machine learning algorithms for classification

* linear classifiers

Decision boundary
Misclassification!
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Representation Learning

*  Machine learning algorithms for classification

* linear classifiers
4 Decision boundary
X2
classification!
BE DEE OXE Mdcz= 2REOF &> Ol Xt(5%)2 HASH= Representation Learning
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Representation Learning

Representation Learning (feature learning)

Raw feature space m Useful (High / low dimensional)

feature space
A
903 A

T

> /QDZ

X1

Deep Learning = L E ™M Q| representation learning 7| &1
P g P g
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Representation Learning

* Representation Learning (= Feature Learning)

Training
« 0= 1Y (Classification / Regression)= =& [ H|O|E & 20t
OS2 #& A= EX(feature) 2 A2 2 =& = Y & 56t
features = _T_l|-7§‘>|
o FTZEl Features & F 2 softmax & cross-entropy lossOf| 21 =
Encoder —> supervised learning
CNN
o - =2 05dsS 7Itet] fl5id =0 £olE S22 &2l H[o|
B 22 > OOy =& HE
- dEHO| 2 E Ho|H 7} B0 40 0|5 ds 2= 7S

l PN ,m’
/
\ . J
s
‘

Self-Supervised Learning

DMQA Open Seminar 8 Yoon Sang Cho



Self-Supervised Contrastive Learning

(RH7HX =5k 718 CH =



Self-Supervised Contrastive Learning

Supervised Learning vs. Self-Supervised Contrastive Learning

Fine-tuning

Training
Pre-training
features features
Encoder
(CNN)

—t | e
o St
L 1

>

«  Pre-training (AFESt5): & 1Y = H(EF &) 0| M0 EE 80|

1%
>

7 S)

Yoon Sang Cho
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H
*  Fine-tuning (=8 25): Pre-training = 2 & Encoder= AFESIY & 1HY = H(
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Self-Supervised Contrastive Learning

* Supervised Learning vs. Self-Supervised Contrastive Learning

Training Fine-tuning

Pre-training

Pull together

features features features e Anchor: H Af E” O | E'I

st
* Positive: & H|O| E
Weight sharing . . . |_|'|:|'| Xl E_” Ol E‘I
Encoder Encoder Encoder Negatlve.
(CNN) (CNN) (CNN)

" - _— |
l 'l Augmentation | -

—
nc.h(r

A
=
7t

o

s

* AnchorE& Positive Hl|O|H 2F FAISH =S HA S Pull together (L X| Negative= Push apart)

- HOIHE S&0ot0 Lty JEf HIO|H & stEttt= SH0| US
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Self-Supervised Contrastive Learning

¢ Self-Supervised Contrastive Learning

@ Chen, T., Kornblith, S., Norouzi, M., & Hinton, G. (2020, November). A simple framework for contrastive learning of visual representations.

In International conference on machine learning (pp. 1597-1607). PMLR.

@ Henaff, O. (2020, November). Data-efficient image recognition with contrastive predictive coding. In International Conference on Machine

Learning (pp. 4182-4192). PMLR.

(® Tian, Y., Krishnan, D., & Isola, P. (2020). Contrastive multiview coding. In Computer Vision—ECCV 2020: 16th European Conference, Glasgow,
UK, August 23-28, 2020, Proceedings, Part XI 16 (pp. 776-794). Springer International Publishing.

@ Hielm, R. D., Fedorov, A., Lavoie-Marchildon, S., Grewal, K., Bachman, P., Trischler, A., & Bengio, Y. (2018). Learning deep representations by

mutual information estimation and maximization. arXiv preprint arXiv:1808.06670.

[ z el — ZIog exp(Zi - Zji) /T)

)
LEI LE] aEA(i) €xp (Zi . Za/T)
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Self-Supervised Learning

Self-Supervised Contrastive Learning (Loss)

I = z Lself z log exp(z; - Zj (i) /T)

)
= = aEA(i) exp(z; - Zq/7)
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Self-Supervised Learning

Self-Supervised Contrastive Learning (Loss)

I = z Lself z log exp(z; - Zj (1) /T)

)
i€l icl aEA(i) exp (Zi ) Za/T)

i: Anchor (2}5 CH 4 Ol O] &)

iel={1,..,2N} > =5 HO|E N7 + & H[O|H N7 (multi-viewed data)
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Self-Supervised Learning

Self-Supervised Contrastive Learning (Loss)

I = z Lself Z log exp(z; - Zj (i) /T)

)
= = aEA(i) exp(z; - Zq/7)

i: Anchor (2}5 CH 4 Ol O] &)

iel={1,..,2N} > =5 HO|E N7 + & H[O|H N7 (multi-viewed data)

j(i): positive (anchor i 2 SZ¢t H|O|E |7> RAISIE S g5)
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Self-Supervised Learning

* Self-Supervised Contrastive Learning (Loss)

I = z Lself Z log exp(z; - Zj (i) /T)

)
= = aEA(i) exp(z; - Zq/7)

i: Anchor (2}5 CH 4 Ol O] &)

« i€l={1.,2N}> &5 HO|E N7i + S HIO|E N7 (multi-viewed data)
«  j(i):positive (anchor i 2 S H|O|H 17> FASIE S St&

« k€ A®)\ {j(D)}: negatives (anchor, positive 2| 2= H|O|E 2N-2 7if > |FAISHA| R =& at5)
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Self-Supervised Learning

Self-Supervised Contrastive Learning (Loss)

I = z Lself Z log exp(z; - Zj (i) /T)

)
= = aEA(i) exp(z; - Zq/7)

i: Anchor (2}5 CH 4 Ol O] &)

iel={1,..,2N}> <5 HOIH N7l + 5 GIO|E N7l (multi-viewed data)

j(): positive (anchor i £ St O|O[H 17> FASIES &H5)

k € A(i) \ {j(i)}: negatives (anchor, positive 2| 2= L|O|E 2N-2 7l > FAISHA| XL & St5)

a € A(i) =1\ {i} (anchor 2| 2= G|O|Ef = |7l positive + 2N-27} negatives)
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Self-Supervised Learning

Self-Supervised Contrastive Learning (Loss)

I = z Lself Z log exp(z; - Zj (1) /T)

)
s " Laeaq) xP(Zi Za/T)

i: Anchor (2}5 CH 4 Ol O] &)

iel={1,..,2N}> <5 HOIH N7l + 5 GIO|E N7l (multi-viewed data)

j(): positive (anchor i £ St O|O[H 17> FASIES &H5)

k € A() \ {j()}: negatives (anchor, positive 2| 2= G|O|E 2N-2 7}f > FAISHK| X =& ot5)
a € A(i) =1\ {i} (anchor 2| 2= G|O|Ef = |7l positive + 2N-27} negatives)

zi - Ziiy ) (2i - 24): 242 anchor 2t positive, anchor 2} positive, negatives 7t FAF=
j (@) P
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Self-Supervised Learning

* Self-Supervised Contrastive Learning (Loss)

I = z Lself z log exp(z; - Zj (1) /T)

)
= & Zacaw P Za/T)

*  Numerator exp(z; - Zj(;) /T) must be maximized

* Denominator )., 4y exp(2; - Zo/T) must be minimized
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Self-Supervised Learning

* Self-Supervised Contrastive Learning (Loss)

I = z Lself z log exp(z; - Zj (1) /T)

)
= & Zacaw P Za/T)

*  Numerator exp(z; - Zj(;) /T) must be maximized

* Denominator )., 4y exp(2; - Zo/T) must be minimized

« T € R¥:temperature (hyperparameter)

* Smaller 7 benefits training more than higher ones, but extremely low temperatures are

difficult to train because of numerical instability (Khosla et al., 2020).
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Self-Supervised Learning

Self-Supervised Contrastive Learning (Loss)

_ self _

LEI 1€l

exp(z; - Zjiy /)

logz

acA(i) €XP (z; - 2 /7T) ,

Numerator exp(z; - Zj(;) /T) must be maximized

Denominator )., 4y exp(Z; - Zo/T) must be minimized

« T € R¥:temperature (hyperparameter)

* Smaller 7 benefits training more than higher ones, but extremely low temperatures are

difficult to train because of numerical instability (Khosla et al., 2020).

exp(zi-Zj(iy /T)
ZaeA(i) exp(zi-zq/7)

log

DMQA Open Seminar
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Self-Supervised Learning

* Self-Supervised Contrastive Learning (Loss)

exXp\Z; ‘Z;ii\ /T
Lzzl'?elfz_zlogz p(z; ](l)/)

)
i€l i€l aca() ¥P(Zi " Za/T)

*  Numerator exp(z; - Zj(;) /T) must be maximized

* Denominator )., 4y exp(2; - Zo/T) must be minimized

« T € R¥:temperature (hyperparameter)

* Smaller 7 benefits training more than higher ones, but extremely low temperatures are

difficult to train because of numerical instability (Khosla et al., 2020).

exp(z;i-zj(i) /T) 1S Z'E] log exp(z;i-zj(i) /T)
[
)

1 (minimizing loss
3 wench €XP (i ZalT) wenc) XDz 7a]T) g loss)

log
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Self-Supervised Contrastive Learning

* Supervised vs. Self-Supervised Contrastive Learning

Training Fine-tuning

Pre-training

Pull together

features features features

e Anchor: &5 CHAM 4| O| E]
eight sharin . it =7}
Encoder Encoder"N bl gEncoder POSItIV.e S O |O| E-I
(CNN) (CNN) (CNN)  Negative: LI X| | O| K

- -

\
'. g ,'I l 'l Augmentation
—

—

-
g

nclior

}'}‘

- 34 H0|EQ} FASIEE EH S5 Pull together (LIHX| = Ct2 £ 5 Push apart)
-> H|0|HZ 5453 Lt FEf HO0|H & 5 ottt= &80 U=
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Self-Supervised Contrastive Learning

* Supervised vs. Self-Supervised Contrastive Learning

Training Fine-tuning

Pre-training

Push apart

features features features

« Anchor: t5 O 2F G| O] H
eight sharin . iti =7t
Encoder Encode:’N s gEncoder POSItIV.e SO |O| E-I
(CNN) (CNN) (CNN) *  Negative: LI X| §|O| E

|' I & Push apart)

= 0| E4
—
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Supervised Contrastive Learning
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Supervised Contrastive Learning

* Supervised Learning (X| =5t 5)

» Self-supervised Contrastive Learning (X7 X| & C = 3}5)

(=)
. 2tzto| WS

ot

2l
= O

ro

7]
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Supervised Contrastive Learning

* Supervised vs. Self-Supervised Contrastive Learning

Training Fine-tuning
Pre-training
Pull together
features features features

e Anchor: &5 CHAM 4| O| E]
eight sharin o it =7}
Encoder Encoder"N bl gEncoder POSItIV.e S O |O|E—|
(CNN) (CNN) (CNN) * Negative: LI X| §|O| E
\ 23 ,l’ l l’ Augmentation b
I -:/I nc.bl r

«  Supervised learning 2 H: 20| & BEE HE &

 Self-Supervised Contrastive Learning &73&: 0|5 SZ7|H & 2THA| 5§
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Supervised Contrastive Learning

* Self-Supervised Contrastive Learning Vs. Supervised Contrastive learning
Fine-tuning Fine-tuning
Pre-training Pre-training
Push apart Pull together

features 4—- features features

Weight sharing Weight sharing
Encoder Encoder Encoder Encoder
(CNN) (CNN) (CNN) (CNN)

nclior

- #2H0|= HIO[E{} FASIES &
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Supervised Contrastive Learning

* Self-Supervised Contrastive Learning Vs. Supervised Contrastive learning
Fine-tuning Fine-tuning
Pre-training Pre-training
Push apart Pull together

features 4—- features features

Weight sharing Weight sharing
Encoder Encoder Encoder Encoder
(CNN) (CNN) (CNN) (CNN)

nclior

- #2H0|= HIO[E{} FASIES &

- L= El0]= HIO[E{2F F-AMSHX| Bi
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Supervised Contrastive Learning

* Supervised Contrastive Learning

* Pull together (positive), Push apart (negative)

Self-Supervised Contrastive Learning Supervised Contrastive Learning

Negative

Negative

Positive Negative

7§->|Iél-ol _I?I_ZF_'c')'I- AI—§I-O1|A—|O| ®2A ot
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Supervised Contrastive Learning

Supervised Contrastive Learning (Loss ) )
P g ( ) =7t Self-supervised contrastive loss

Aﬁ ( : \

1 exp(z; - z,/T)
L = L“?up = — l P ,
Z ' z o4 {'P(lﬂ Z ZaeA(i) exp(z; - 24 /7)

L€l (€l pPEP(i)
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Supervised Contrastive Learning

Supervised Contrastive Learning (Loss)

1 exp(z; - z,/T)
[ = Lsup _ I “p
Z o4 {'P(lﬂ Z ZaeA(i) exp(z; - 24/7))

Ll PEP(Q)

i: Anchor (2}5 L4 O|O| &)

iel={1,..,2N}> <5 HOIH N7l + 5 GIO|E N7l (multi-viewed data)
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Supervised Contrastive Learning

* Supervised Contrastive Learning (Loss)

L= Z LSUP = —log{ A TR

Ll |P(l)| peP(i )ZaeA(i) exp(zl- ) Za/T)

« i: Anchor (25 Ol % O[O EY)

« i€el={1,..,2N} > =5 GIO|E N7l + & H|O|EH N7H (multi-viewed data)

- P(G) ={p € A®): Vp = ;} = set of indices of all positive samples
* Positive sample O| O 2] 7l 5 self-supervised contrastive learning= positive 7| | 71
* Positive samples P(i) :Anchor2| & H|O|E,Anchor2} &2 20|= L|O|H,

* |P(i)| = cardinality (the number of positive samples)
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Supervised Contrastive Learning

* Supervised Contrastive Learning (Loss)

L= Z LW = —log{ LG Th2

|P ()] ZaeA(i) exp(z; - Zg/T)

€I PEP(i)

« i: Anchor (25 Ol % O[O EY)

« i€el={1,..,2N} > =5 GIO|E N7l + & H|O|EH N7H (multi-viewed data)

- P(G) ={p € A®): Vp = ;} = set of indices of all positive samples
* Positive sample O| O 2] 7l 5 self-supervised contrastive learning= positive 7| | 71
* Positive samples P(i) :Anchor2| & H|O|E,Anchor2} &2 20|= L|O|H,

* |P(i)| = cardinality (the number of positive samples)

e a€A(@) =1\({i} (anchor 2| 2= O|O|H =|P(i)| 7l positives + 2N — |P(i)|’ll negatives)
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Supervised Contrastive Learning

* Supervised Contrastive Learning

. HEg IHY

/ Data Pre-training \

R Supervised Contrastive Loss

Pull together (positive)

'S

=

Q| Encx,% |T| Projr) |Z
= Gy /) Push apart (negative)

Transfer /

Fine-tuning

)

R
S Frozen Categorical Cross Entropy Loss
% Enc(x,X) B clf(m Y Py
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Supervised Contrastive Learning

* Supervised Contrastive Learning

 Stage |:Pre-training

Data Pre-training
B e Supervised Contrastive Loss
\
3 Pull together (positive)
QI Encix,® |T| Proj(r) |Z .
® Push apart (negative)

*  Pre-training 718 22 371X
@ Augmentation module Aug(x) =% - H[O|E & 7|H A
@ Encoder Enc(¥) =r-> CNN 2& 1= M85l E4 =+
(3) Projection head Proj(r)=z > DNN 22 5 28zt ot EX ==

* Supervised contrastive loss &
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Supervised Contrastive Learning

* Supervised Contrastive Learning

 Stage |:Pre-training

Data Pre-training
_ Supervised Contrastive Loss
I \
= Pull together (positive)
X QU Encix,® |T| Proj(r) | Z .
| ® Push apart (negative)
N |

*  Pre-training 718 22 371X
@ Augmentation module Aug(x) =% - H[O|E & 7|H A
@ Encoder Enc(%) =r > CNN 22 X M &5l EF F

(3) Projection head Proj(r) =z > DNN 2 & % |2

* Supervised contrastive loss &
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Supervised Contrastive Learning

(f) Rotate {90°,180°, 270°} (g) Cutout (h) Gaussian noise (1) Gaussian blur (j) Sobel filtering

+ O &t (epoch) Ottt 271 SFLE B1E 37|12 RandomdtH X &
« O|2{ ZF Data Augmentation 7| H S SA|0| HESZ = USF

Chen, T., Kornblith, S., Norouzi, M., & Hinton, G. (2020, November). A simple framework for contrastive learning of visual representations. In International conference
on machine learning (pp. 1597-1607). PMLR.
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Supervised Contrastive Learning

* Supervised Contrastive Learning

 Stage |:Pre-training

Data Pre-training
_ Supervised Contrastive Loss
\
= Pull together (positive)
Sl Enc(x,® |T| Proj(r) | Z .
® Push apart (negative)

*  Pre-training 718 22 371X
@ Augmentation module Aug(x) =% - H[O|E & 7|H A
@ Encoder Enc(%) =r > CNN 22 X M &5l EF F

(3) Projection head Proj(r) =z > DNN 2 & % |2

* Supervised contrastive loss &
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Supervised Contrastive Learning

* Supervised Contrastive Learning: Stage |: Pre-training

 Encoder Enc(x,¥) =r > CNN 22 X HES|0 EXH ==

VGG-8

Conv (3%3), 64, x 2
Max pool (2X2)
Conv (3x3), 128, x 2
Max pool (2X2)
Conv (3%3),256, X 4

\ 4

GAP

Feature extraction O| 2 Global average pooling= 3750 £ 72 tH

DMQA Open Seminar

VGG-16

Conv (3%3), 64, X 2
Max pool (2X2)
Conv (3x3), 128, x 2
Max pool (2X2)
Conv (3%3), 256, X 4
Max pool (2X2)
Conv (3%3),512,x 4

GAP

[Conv (3x3), 128]
|Conv (3x3), 128]

[Conv (3x3), 256]
| Conv (3%3), 256/

[Conv (3%3), 512]
|Conv (3%3), 512}

ResNet-18

Conv (7x7), 64, X |
Max pool (3%3)

Conv (3%3), 64

Conv (3x3), 64] X2

X 2
X 2

X 2

v

GAP

[Conv (3x3), 128]
|Conv (3%3), 128

[Conv (3X3), 256]
|Conv (3X3), 256/

[Conv (3%3), 512]
|Conv (3%3), 512

ResNet-34

Conv (7%7), 64, x |

Max pool (3)

Conv (3x3), 64
Conv (3x3), 64

v

GAP

X 3

X 4

X 6

X 3

CNN 2 & 51 X (feature extraction, classification network)0i| A feature extraction?F A&

HE F=5tEF Enc() &

Yoon Sang Cho



Supervised Contrastive Learning

* Supervised Contrastive Learning
 Stage |:Pre-training

Data Pre-training

Supervised Contrastive Loss

)

Pull together (positive)

¥ r | Proj VA
Enc(x,X) roj(r) Push apart (negative)

(x)bny

*  Pre-training 718 22 371X
@ Augmentation module Aug(x) =% - H[O|E & 7|H A
@ Encoder Enc(¥) =r-> CNN 2& 1= M85l E4 =+
(3) Projection head Proj(r)=z > DNN 22 5 28zt ot EX ==

* Supervised contrastive loss &
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Supervised Contrastive Learning

* Supervised Contrastive Learning: Stage |: Pre-training

Data Pre-training

)

Supervised Contrastive Loss

Pull together (positive)

r | Proj(r)

(x)bny

Push apart (negative)

* Projection Head (Dense layer 171, node 1287l], L2 normalization layer)

Feature | Feature Feature | Feature
1 2 127 128

alizedFeature

Batch

|
O

O
’ 128 L2 normalization ( g(le EI)
O
O

7

|19 :E
rl

v
=2
d|

nodes

F

kh

Q[

A\l

&
n

2N
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Supervised Contrastive Learning

* Supervised Contrastive Learning: Stage |: Pre-training

Data Pre-training

)

Supervised Contrastive Loss

Pull together (positive)

r | Proj(r)

(x)bny

Push apart (negative)

Features Matrix Multiplication Features'

Feature | Feature Feature | Feature
BatCh 1 2 A 127 128 BatCh 1 e N N+1 0oo 2N

1 . . o . o Feature
1

Feature
2

N+1
Feature

127

Feature .
2N 128 | )
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Supervised Contrastive Learning

Supervised Contrastive Learning: Stage |: Pre-training

Data

)

(x)bny

Pre-training

r | Proj(r)

z = (features - features’)

Z A

ZyN

ZN+1

ZIN

ZIN

DMQA Open Seminar
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Supervised Contrastive Loss

Pull together (positive)
Push apart (negative)

Supervised Contrastive Loss

B 1 exp(z; - zp/7)
» ; log{lp(iﬂ Z ZaeA(i)exP(Zi'Za/T)}

PEP(D)

Yoon Sang Cho



Supervised Contrastive Learning

Supervised Contrastive Learning: Stage |: Pre-training

Data

)

(x)bny

Pre-training

r | Proj(r)

z = (features - features’)

Z Z; Zy  |Zy4q ZyN Class
A A
Zy A
ZN+1 A
Z2N B

DMQA Open Seminar
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Supervised Contrastive Loss

Pull together (positive)
Push apart (negative)

 Batch W I'H =X (anchor) 7t CIE
= X|oto] SAT

Yoon Sang Cho



Supervised Contrastive Learning

Supervised Contrastive Learning: Stage |: Pre-training

Data

)

(x)bny

Pre-training

r | Proj(r)

z = (features - features’)

Z Z; Zy  |Zy4q ZyN Class
A A
Zy A
ZN+1 A
Z2N B

DMQA Open Seminar
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Supervised Contrastive Loss

Pull together (positive)
Push apart (negative)

 Batch W I'H =X (anchor) 7t CIE
= X|oto] SAT

-> Pull together (positive)

- Push apart (negative)

Yoon Sang Cho



Supervised Contrastive Learning

* Supervised Contrastive Learning: stage 2 (fine-tuning)
Data Pre-training

B e Supervised Contrastive Loss
\

Pull together (positive)
Push apart (negative)

=
S
% Enc(x,%) |¥ | Proj(r) |Z
—/

Transfer

Fine-tuning \

)

2
Sl F
% E,?Z(’f r;z) r| cfm ] Categorical Cross Entropy Loss

[

/

Ot Supermsed Contrastwe Loss 2t| 4§

Semost 3 NBUES NEEHos Ty
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Supervised Contrastive Learning

Supervised Contrastive Learning 2 2%t A1 (1) > Image Data

o AN SHE (pre-training) THA| Ol A Supervised Contrastive Learning =&

« Z745tE (fine-tuning) THAIO| A O|O|X| H[O|H &

Shared
Weights/Activations
—p 0SS Function

prannnnnnnnnyd

‘:Dog‘v?
Softmax l

1000-D E=1
2048-D I

H

(a) Supervised Cross Entropy

Softmax l

2048-D [

1
|
1
1
]
' 1000-D E=mm
:
1

1
EEEEEEEEE s .

r-----------i

2048-D I

3
o

Contrastive

1 128-D g i «—

Stage

(b) Self Supervised Contrastive

Khosla, P., Teterwak, P., Wang, C., Sarna, A,, Tian, Y., Isola, P, ...

DMQA Open Seminar

r-----------. LR R RN NERNENENNN N

)
o
s
o
o

Softmax l

1000-D [

2048-D I

Contrastive
: 128-D C—ie—

h

Stage 1

(c¢) Supervised Contrastive

& Krishnan, D. (2020). Supervised contrastive learning. arXiv preprint arXiv:2004.11362.

48
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Supervised Contrastive Learning

Supervised Contrastive Learning 2 2%t A1 (1) > Image Data
. ARSI

t 5 (pre-training) THA| 0| A Supervised Contrastive Learning =3

« X785 (fine-tuning) THAIO| A O|O|X| H|O|H &&F

« HEH X =stg, 2 XX =55 CHH] o 59

L= SEAL
OO OO
N\
Dataset SImCLR[ ] Cross-Entropy Max-Margin [ ]| SupCon
CIFARI10 03.6 95.0 02.4 96.0
CIFAR100 70.7 733 70.5 76.5
ImageNet 70.2 78.2 78.0 787 )

Table 2: Top-1 classification accuracy on ResNet-50 [17] for various datasets. We compare cross-entropy
training, unsupervised representation learning (SimCLR [*]), max-margin classifiers [ 2] and SupCon (ours).
We re-implemented and tuned hyperparameters for all baseline numbers except margin classifiers where we

report published results. Note that the CIFAR-10 and CIFAR-100 results are from our PyTorch implementation
and ImageNet from our TensorFlow implementation.

Khosla, P., Teterwak, P., Wang, C,, Sarna, A,, Tian, Y., Isola, P.,

& Krishnan, D. (2020). Supervised contrastive learning. arXiv preprint arXiv:2004.11362.
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Supervised Contrastive Learning

«  Supervised Contrastive Learning 2 &%t A4 (1) > Image Data
o AN SHE (pre-training) THA| 0| A Supervised Contrastive Learning =&
« X785t (fine-tuning) THAIO| A O|O|X| H[O|H &

* ImageNet HIO|E{ 7|8 0T o5/ Z7IHE HwoM A |1 85

Loss Architecture Augmentation Top-1  Top-5
Cross-Entropy (baseline)  ResNet-50 MixUp [61] 774  93.6
Cross-Entropy (baseline) ResNet-50 CutMix [60] 718.6 04.1
Cross-Entropy (baseline)  ResNet-50 AutoAugment [ 5] 78.2 92.9
Cross-Entropy (our impl.)  ResNet-50 AutoAugment [ 0] 716 953

SupCon ResNet-50 AutoAugment [ 5] 78.7 94.3 ]
Cross-Entropy (baseline)  ResNet-200 AutoAugment [5] 80.6 95.3
Cross-Entropy (our impl.)  ResNet-200  Stacked RandAugment [19]  80.9  95.2

SupCon ResNet-200  Stacked RandAugment [1V]  81.4 95.9 ]

SupCon ResNet-101  Stacked RandAugment [49]  80.2  94.7

Table 3: Top-1/Top-5 accuracy results on ImageNet for AutoAugment [5] with ResNet-50 and for Stacked
RandAugment [49] with ResNet-101 and ResNet-200. The baseline numbers are taken from the referenced
papers, and we also re-implement cross-entropy.

Khosla, P., Teterwak, P., Wang, C., Sarna, A,, Tian, Y., Isola, P., ... & Krishnan, D. (2020). Supervised contrastive learning. arXiv preprint arXiv:2004.11362.
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Supervised Contrastive Learning
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e Supervised Contrastive Learning

o AR Q*ﬁ(pre-training) =l Language DES =g

=
« X785 (fine-tuning) THAHIOI A Cross entropy (CE) + SCL 22610 ds2kat

“Works hard to establish rounded characters, “It's worth seeing Just on the basis qf the
but then has nothing fresh or particularly wisdom, and at times, the startling
interesting to say about them. ” 0 @ optimism, of the children.”
O o ©
o ®
\‘\\ /J . .
2® &
o © o il
o0 —
9 _9 e
_— @ o0 p : ,
i CE+ SCL o ® Py If you value your time and money, find

“1 gou ery’oy more tﬁougﬁ{fu[ comedies O .. .. Tan escape clause and avoid seeing this
with interesting conflicted characters; ® cmbedding from class & o trite, predictable rehash.”
this one is for you. ” ® embedding from class B

Gunel, B., Dy, ., Conneau, A., & Stoyanov, V. (2020). Supervised contrastive learning for pre-trained language model fine-tuning. arXiv preprint arXiv:2011.01403.
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* Supervised Contrastive Learning

« A SHE (pre-training) =l Language 222 &

o

2
o

AT (2) > Text Data

« X785 (fine-tuning) THAHIOI A Cross entropy (CE) + SCL 22610 ds2kat
Model Loss N SST-2 QNLI MNLI
RoBERTay 40 CE 20 85.94+2.1 65.0+2.0 39.3+2.5
[RoBERTaLarge CE+SCL 20 88.1+3.3 75.7+4.8 42.714.6]

p-value Se-10 le-46 le-8
RoBERTay 5 CE 100 91.1413 819404 59.242.1
|RoBERTaj4pe CE+SCL 100  92.8+1.3 82.5+0.4 61.1+3.0]

p-value 3e-17 le-20 2e-4
RoBERTa CE 1000 94.0+£0.6 89.24+0.6 81.440.2
|RoBERTaL,glrge CE+SCL 1000 94.1+0.5 89.84-0.4 81.5i0.2]

p-value 0.6 le-12 0.5

Table 2: Few-shot learning test results on the GLUE benchmark where we have N=20,100,1000
labeled examples for training. Reported results are the mean and the standard deviation of the test

accuracies of the top 3 models based on validation accuracy out of 10 random training set samples,

along with p-values for each experiment.

Gunel, B., Dy, ., Conneau, A., & Stoyanov, V. (2020). Supervised contrastive learning for pre-trained language model fine-tuning. arXiv preprint arXiv:2011.01403.
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Summary

* Supervised Learning

* Representation learning CHH 7|2 Deep Learning

- JHO| 20lEl S=ct HolHE =2 (5855 7Ite = /S

* Self-Supervised Contrastive Learning
- HIO|E{7} EFot &&E 3=517] &l Representation learning

« Ch

ot
m

OB HEI T2i% & e SL7|YS ST AT U TS

* Supervised Contrastive Learning (SCL)
« YT 2E Supervised Learning & & 7|'H Zt AL SHS 3 Z74SHS Contrastive Learning
* SCL = A fully-supervised version of contrastive learning

- O|O[X|,HAE HO|H 0|5 35 &= EY
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