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2) Consistency Regularization[4-5, 9-13]
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@ Unknown class

Loss(confidence > TH)
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2) Framework for Contrastive Learning of
Visual Representations(SimCLR)[7]

SimCLR 7|2 contrastive learning& -85} 0]
ezt ATAHOE o|FojFoHNE, I} EF
o &3#9l visual representatione =8}, Con-
trastive learningS 22 ol disire FAR
AL, A2 T2 gl dielA

£ U}E representationg Al 35t WO E feature
extractorg T HstE Faoltt, upgbA] FlojEo| gl
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e

£ 0] $-3t fine tuning(downstream task)
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(2¥ 59 (a)E SinCLRY] 72E RHoZETh F

Maximize agreement

h; +— Representation —» h;

(f) Rotate {90°, 180°, 270°}

(i) Gaussian blur

(g) Cutout (h) Gaussian noise

(b)

(j) Sobel filtering
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(target) ol X =&H A7} w9 2 34 7S ot
£ »d(online)o| <537 s, 7hdal classifiers
S AA B target Rdlo] AR gAbE Ad

=& 7 Slvke A 7|9lste] (2™ 6y 22 T
£ AsHA ddt. 2-elM £ 5 915%ol, onlinest
target model& BF representation £&& 3 &
E(NF} projection ZE(g)S X3¢}, Online 23
2 npA 2o 2 target RO £ES A7) g
prediction ®25o] F7}€t}, Target L gradient
7lvto 2 getugE fuo]EstA] ¢l online E
d o] gnEE moving averagedt 7g AHEgiCH
Online Bd-& 2 (2)9|4 A2Jgt loss 35 & ast
of gulo]EE Agict. F mde qjge 747 o2

view representation projection prediction
r N - 2 % N
. — fo — 9o 90
mput
image t v L > Z0 > qo(20) X online
Ig_J | LJ R
AY
\ Parameters ¢:
)
loss ! EMA of 0
— — ;
S ’
t! v > Y > 2 A—> s2(z¢) ¥ target
—/ fi — ge L_A Sg
L

6> BYOLS] 2x[8]

2022'A4 48 15



S
~
am
1a]
jiln]
=}
oc
ok
>
»e
ol
ot
N
>

augmentation2 243 G4& AHE-3)

L = LBYOL 4 [BYOL
5 (q0(z0)2;)  (3)
llge (zo)ll2 - ||Zé||2

LBYOL a ”q9(20) _ Z_é”z =2

9 FAA B £ 9l%o] target REO| AF}E
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gt} o] 2 E3lo], At B0l 23} representation
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o 29 9 85 452 B 2 4 otk

. 23 22t

oA Ardel A S| TS Hrlelr] sliA,
e 9 EFM del AREE CIFAR-10[15],

<H 1> H|2 YHE 22 02 (%)

SVHN[16], ImageNet[171& AF8-3}5, @lo]E2] +Z A
ghato] TS Fasta, Frhs At (& 1) oA
7t AR Adhe 7 e oA sk AL, dFE
|28 F=2 Eslo] £23819c}, CIFAR-10- 400071,
SVHN-S 10007), ImageNet& 1%, 10%2] 0|8 A=
ok &-gsto] FHE Msta AAE =Eooct B
& A& A} o], label propagation 719k 7|3}
#Rad A5
= H7Fet ek, FellA & < 9l%o], CIFAR-103% SVHN

representation learning 7|9t 7|0

to]E MEeA representation learning 7|9k 7Tl
PAWSZ} 7} 94231 A¥E Al sl AL 2 4 9t
ImageNeto| 4= SimCLR 7|4+ 7133} BYOL 7]®H o] tf
AR $59 A3hE ABshe A& AT F ok

Methods CIFAR-10[15] SVHN[16] ImageNet[17]
Labels 4000 1000 1% 10%
II-model[4] 12.36 £0.31 4.82+0.17
TE[4] 12.16£0.24 4.42+0.16
MT[9] 12.31£0.28 3.95+0.19
Label '
; FixMatch[10] 4.26 +0.05 2.28+0.11
Propagation
MixMatch[11] 4,95+0.08 3.27 £ 0.31
UDA[12] 4.32£0.08 2.23+0.07 - 31.22
MPL[13] 3.8910.07 1.99 +0.07 - 26.11
SimCLR[7] - 35.9 23.5
Representation ~ SiMCLRv2[14] . . 19.9
Learning (self-distil) '
BYOL[8] - 28.8 22.3
PAWS[6] 4.0+0.2 *1.99+0.21 33.5 24.5
Labeled only *18.4 *14.2
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