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B Contrastive Learning

Definition

A contrast is a great difference between two or more

things which is clear when you compare them.

Contrast : 0= LSS Blw g O LIEfL= E2fot X10]

Contrastive Learning : ¢{2] CHA=2| Halot X0|E &Zol= ets
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B Contrastive Learning

Definition
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B Contrastive Learning

Definition

% Feature space®iA2] H2| H2]| (distance)
1. Non—negativity : f(x1,x2) = 0
2. ldentity of Discernible : f(x,x,) = 0 & x1 = x5
3. Symmetry : f(xq,x5) = f(x3,x1)
4. Triangle inequality : f(xq,x3) < f(xq,x3) + f(x2, x3)
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£ Model ?
A 4

Data space Feature space
(Input space)
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B Contrastive Learning
Definition
< OO|E{Zt FAIE H2
« Anchor (x) : 7|&0]| &l= sample
» Positive sample (x,,s) : anchor2t RAtet sample

*  Negative sample (x,,¢4) : anchor2t FAIGHK| 242 sample
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X X 0S
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B Contrastive Learning
Class Discrimination
< O|0|E|Q] 2HAE EL6= contrastive learning
1. Triplet loss
2. N-pair loss

3. Supervised contrastive loss

< OO|E{Zt FAIE HY
*  Positive sample (xp,s) : anchor2t Z& class| £ok= sample

* Negative sample (xyg) : anchor2t CHZ class0il £5k= sample
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B Contrastive Learning

Class Discrimination

% Triplet loss (CVPR, 2015)
Anchor&} 5HLt2] positive sampledt 7 7YX =5

Anchor®} 5H-t9] negative samplelt HH{X|=

HEO BOIX| 47| it H A2 s (margin) 4
Loripier 0 ¥poss neg) = ) max([F0) = F (o) |* = [1£0) = £ (tneg)[|* =5,0)
O

roh
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Xneg
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xneg
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Feature space
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Schroff, F., Kalenichenko, D., & Philbin, J. (2015). Facenet: A unified embedding for face recognition and clustering. In Proceedings of the IEEE conference on computer
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B Contrastive Learning

Class Discrimination

» N—pair loss (NeurlPS, 2016)
«  7|&9] triplet lossE &%&olH (2] 7H2| negative sampleS2 11

 Normalized feature spaceX|A] cosine similarity AF2

o exp () (xp05))
LN—paiT(x’ » Xpos» {xneg}) - ;{ log exp (f(x)f(xpos)) + Zi exp (f(x)f(x‘rlleg))

xneg
Normalized feature space Normalized feature space
(%—!-% |I_-I) (ol-ﬁ S
Daota Mining : . . . . o : . . .
.C:t. Quality Analytics Sohn, K. (2016). Improved deep metric learning with multi-class n—pair loss objective. Advances in neural information processing systems, 29.




B Contrastive Learning

Class Discrimination

*»» Supervised contrastive learning (NeurlPS, 2020)

« 7|Z2| N-pair loss= EH&I5101, 0421 7H2| positive sampleS0f| CH5H T2

* Positive / negative 7|2 class

N .
e 3 Y= Z 1 z log exp(f () f (xhos) /7)
supcon\Ar» Xpos s Anegs) — ' J
xEXN =1 eXp(f(x)f(x}l?OS)/T) + Z] eXp(f(x)f(xneg)/T)
A’
xneg
Xpos
Normalized feature space Normalized feature space
Cl=ga) G s
Q.. Daota Mining Khosla, P., Teterwak, P., Wang, C., Sarna, A., Tian, Y., Isola, P., ... & Krishnan, D. (2020). Supervised contrastive learning. Advances in neural information processing
e®'® Qualty Andlytics systems, 33, 18661-18673.




B Contrastive Learning
Instance Discrimination
% OIO|E|2| EHAE &EZoIX| R+ contrastive leaming
« SimCLR loss - InfoNCE (ICML, 2020)
» Augmentation &E61H FAIE M2
« Augmentation@ £ positive/negative sample= H2

* Positive sample : 22 sample= augmented = sample

* Negative sample : CtE sample= augmented = sample

© 6 0 06 0 0 0O O

xpos xpos Xneg Xneg Xneg Xneg Xneg Xneg
auymgz auMugz aMugz awugz
X X X X
'.. Data Mining Chen, T., Kornblith, S., Norouzi, M., & Hinton, G. (2020, November). A simple framework for contrastive learning of visual representations. In International conference on
e®® Quality Analytics  machine learning (pp. 1597-1607). PMLR.




B Contrastive Learning

Instance Discrimination

< SimCLR (ICML, 2020)
« Positive sample : Z2 sample2 augmented & sample

* Negative sample : CtE sample= augmented = sample

R S S exXp(f (%p0s)f (%p0s) /7)
LSlmCLR (xpOSprOS' {xneg}) - ;{ log Zi exp( f(x;os) f(x:l eg) /T)

Normalized feature space Normalized feature space
=1 _AL =LA =
=) EE 3
'.. Data Mining Chen, T., Kornblith, S., Norouzi, M., & Hinton, G. (2020, November). A simple framework for contrastive learning of visual representations. In International conference on
e®® Quality Analytics  machine learning (pp. 1597-1607). PMLR.




B Contrastive Learning

% Contrastive learning®| &1}
- Mot ZHS =L +US

- 7|29 cross entropy2] A< label noise0f| F{2F&t

< 7|Z&9] cross entropy loss0l| =7}510] AF2
» [ £2 representation learningS $J5f £&1510] AL

- Cross entropy loss + triplet loss / simCLR

o AMsls A O = AR
« XZX5t augmentation2} Z0| E25}H 7|Z=0| X|EeSHLLE E2 MS

—> Supervised contrastive learning
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Il Contrastive Learning for Anomaly Detection

Anomaly Detection

2 AjZk5t Hj0|E| S
+ B2 0| AL OE(RL FA40| OJA HO[EIR 7S
< d0|= G2
+ B2 RSO S 4 US
« Ol HI0]E{9] O
+ BiLio| SUAR HoIE 4 B
% AP XIAlQ| RE
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Il Contrastive Learning for Anomaly Detection

Deep one—class classification

“* Representation for anomaly detection
&4 H0|Bf= SIS SAE(c)oll 20|15 sk&
=)

© BAEORLE U 72I(R) 014 HOIH U= Z2

- SVDD / OCSVM 2t QALSHHIAL
R
X
C
Normal data Normal data
Anomaly data Anomaly data
Feature space Feature space
(&t %)

(&= )

. ... & Kloft, M. (2018, July). Deep one—-class classification. In International conference on

'.. Data Mining Ruff, L., Vandermeulen, R., Goernitz, N., Deecke, L., Siddiqui, S. A., Binder, A
e®® Quality Analytics  machine learning (pp. 4393-4402). PMLR.



Il Contrastive Learning for Anomaly Detection

Class Discrimination

% Classification—based anomaly detection for general data — GOAD (ICLR 2020)
*  AugmentationS 0|25}0] {22 S2A(class 2, 3, 4) 4o

- Class HHE E&5}= contrastive leaming X &

Class 1 Class 2 Class 3 Class 4

Original data Rotated data (90°) Rotated data (180°) Rotated data (270°)
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Il Contrastive Learning for Anomaly Detection

Class Discrimination

% Classification—based anomaly detection for general data — GOAD (ICLR 2020)
» Cross entropy loss + triplet loss
 Positive sample : S SHA S| SAMH
* Negative sample : C}E SeiA S 71 72 SeiA2| SAHE

;@‘ — Class 1 Class 2
™% ‘ .y — CNN Class 1
Ly

e
e

-

I I
&7 { -
C 180E M > !qy —| CNN }—» Class 3

ﬁ 0= 5 " %ﬁ — CI\E\]—> Class 2

270 &M +3_.‘: ——| oW }—' Class 4 Original data Rotated data (90°)
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Il Contrastive Learning for Anomaly Detection

Class Discrimination

% Classification—based anomaly detection for general data — GOAD (ICLR 2020)
«  M=2 H[0|E{7} S0{H, St augmentationS et

*  Zfclass? SIEML| HZIE 0[S0t Ol HX| TIY

y@g Class 1 Class 2
A 4
New data
New data (rOta te d)

Original data Rotated data (90°)
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Il Contrastive Learning for Anomaly Detection

Instance Discrimination
< Learning and evaluating representations for deep one—class classification (ICLR, 2021)

2-stage framework |t
X515t representations &t

1. Anomaly detection0i| %
- SimCLRO]| negative sample= £7t610{ Sk&501| Al
&G
°
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Il Contrastive Learning for Anomaly Detection

Instance Discrimination
< Learning and evaluating representations for deep one—class classification (ICLR, 2021)

2-stage framework |t
X515t representations &t

1. Anomaly detection0i| %
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Il Contrastive Learning for Anomaly Detection

Instance Discrimination
< Learning and evaluating representations for deep one—class classification (ICLR, 2021)

ERlis)
O Nomaldata
O Augmented data

2-stage framework |t
X515t representationS
@ Anomalydata

1. Anomaly detection0i| %
- SimCLRO]| negative sample= £7t610{ Sk&501| Al

O Nommal data
O Augmented data

: : © Anomaly data
Negative sampleE F7510 &t&H
feature space

SimCLR 2 o5+

feature space
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Il Contrastive Learning for Anomaly Detection

Instance Discrimination
< Learning and evaluating representations for deep one—class classification (ICLR, 2021)

o AL
= ks

2-stage framework |t
Anomaly detection0i| Z{g}et representationS
=] xj |'6|‘O:| o

- SimCLRO| negative sample2
anomaly detection 2= AlZol0] O[& &K

SIS0 AL

1.

E.ol-

2. il
Anomaly detection model Anomaly
(OC-SVM, KDE,") score

Feature extractor
(freeze)

Q.. Daota Mining
ob Quallity Anailytics




Il Contrastive Learning for Anomaly Detection

Instance Discrimination

% CSI: Novelty Detection via Contrastive Learning on Distributionally Shifted Instances (NeurlPS 2020)
*  One-class OOD detection

1. Augmentation2| ZF0]| 2} positive / negative sample 2|

- SimCLROj|A augmentationS X234 [, 50| SkAGH= A< positive sample2 9
- SimCLROAM augmentation2 ME3S Mff, 50| Z46k= A< negative sample= 2

Curtoist

Colipr 3

Sobiad

ran s nmatenn

Mo G

15§

Blisr e

Rotate

2nd transformation
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Il Contrastive Learning for Anomaly Detection

Instance Discrimination

% CSI: Novelty Detection via Contrastive Learning on Distributionally Shifted Instances (NeurlPS 2020)
*  One-class OOD detection

1. Augmentation2| ZF0| [I}2} positive / negative sample &2

- SimCLRUAM augmentationS ME3MHS Mff, 50| edol= S positive sampleZ H2
- SImCLRUIA| augmentation=S HE3US I, 40| ZAol= B2 negative sample= H2
40

2. LHHX| HA MEES positive sampleZ 2

As Hﬁ e ¢

Xneg xpos Xpos Xpos

hard aJA ﬁ /;0 ftaug
A

{ -
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Il Contrastive Learning for Anomaly Detection

Instance Discrimination

% CSI: Novelty Detection via Contrastive Learning on Distributionally Shifted Instances (NeurlPS 2020)

* One—class OOD detection

SImCLR loss + Cross entropy loss

ﬁ Soft aug > —— CNN \}—v Class 1
& o
s @ 6 Hard aug ->; E'J —_ CNN }—» Class 2
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Il Contrastive Learning for Anomaly Detection

Summary & conclusion

o

B3t 4 QUt

%+ Contrastive learing= #1511l Z2 representation

** Positive / negative sample= & &2|5}™ anomaly detection 0f| = X2t 4= QIC}.

» Hard augmentation = negative sample

« Normal sample / soft augmentation = positive sample

0
|:|0|I

«» Augmentation0i| 2}Z&0|7| IZ0f|, augmentation= Z&ol7| €= H|0|E 0= A
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