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1. Introduction

< Z|4l Deep Learning 7|8t Q18X 5 7|=
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- 2HZ2 E5A|7 Point Cloud S Ef
» ChatGPT2t 20| XtAAR|R izt 7+S2t Deep Learning 22

- FletE2 RE oS oM s B2 (RE-=8) HOoIH 28

Start point
End point
— Trajectory

X2 otetet == Q= Deep Leaming 22 (SLAM)

- httpsy/Awwvresearchgate net/figure/Map-of-a-plaza-reconstructed-by-GP-We-show-those-points-whose-uncertainty-are-below fig1_343415025
- https;//blogs chapmanedu/academics/2023/01/09what-is-chatgpt-what-can-educators-do-about-cheating/
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1. Introduction

< %|4l Deep Learning 7|4t QB X5 7|=

« Deep Leaming 22 452 2! U= oS 28 = U=
- 5 (Y8-23) 2= MdE H0|E(Labeled) CH=7t B R

Performance

Amount of data

- httpsy/Awwvresearchgatenet/figure/The-performance-of-deep-leaming-with-respect-to-the-amount-of-data fig3 331540139
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1. Introduction
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6D Object Detection GIIAI

(a) image (b) semantic segmentation

(c) instance segmentation (d) panoptic segmentation

- httpsy/engineer-moletistory.com/273
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1. Introduction
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- httpsy/digitalpathologyplace.comy/10-best-pathology-resources-for-designing-image-analysis-algorithms/ ;38
- Akivg P, Dang K, Oudemans, P, & Vars, v (2020) Finding bemes Segmentation and counting of cranberres using pont supervision and shape prors In Proceedings of the IEEE/C\/F Conference on Computer /isi R¢ cogn
ition Workshops (pp. 50-51).
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1. Introduction
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1. Introduction
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« S A 2O0k= A Self-supervised LearningXt Semi-supervised LeamingZ & 7ts
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Self-supervised Learning Semi-supervised Learning
Pretext task Pseudo labeling
Contrastive leaming Consistency regularization
Non-contrastive leaming Hybrid methods
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1. Introduction

% Self-supervised Learning vs Semi-supervised Learning
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1. Introduction

% Self-supervised Learning vs Semi-supervised Learning
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1. Introduction

% Self-supervised Learning vs Semi-supervised Learning
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1. Introduction

% Self-supervised Learning vs Semi-supervised Learning
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2. FixMatch

% FixMatch: Simplifying Semi-Supervised Learning with Consistency and C
» 20209 11& Neural Information Processing Systems(NeurallPS)0l| Al HH = HHH=
> 20239 12 292 7|&F 1,5202| 28|/ 2H Google Research 4% I S0| HHH HHHE

%] Semi-supervised Learning &M 29| 7| X7t £ = HE =2

FixMatch: Simplifying Semi-Supervised Learning
with Consistency and Confidence

Kihyuk Sohn® David Berthelot®™ Chun-Liang Li Zizhao Zhang Nicholas Carlini
Ekin D. Cubuk Alex Kurakin Han Zhang Colin Raffel

Google Research
{kihyuks,dberth,chunliang,zizhaoz,ncarlini,
cubuk, kurakin,zhanghan,craffel}@google.com
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2. FixMatch

% FixMatch: Simplifying Semi-Supervised Learning with Consistency and Confidence

« Semi-supervised Learning 282 73 & Consistency Regularizationd| 2ot Li&
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2. FixMatch
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FixMatch: Simplifying Semi-Supervised Learning with Consistency and Confidence
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2. FixMatch

< FixMatch: Simplifying Semi-Supervised Learning with Consistency and Confidence
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2. FixMatch

Unlabeled E|0|E Labeled Cf|O|E: =
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2. FixMatch

% FixMatch O|A &4 gt A= 1 (Unlabeled L|0]E)

« Unlabeled H|O|E{0]| Weak & Strong Augmentation X-&

> Weak Augmentation: Flip, Shift2t 20| ZHX{|0]| H2}7| LlSHK| gi=

> Strong Augmentation: T2 {2 HtA|7|= 02 S 7|8 =g 2 4d

Model
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b 7, / 075
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O[OfX| H[o[& SZ& 7| ¥
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/ Weak Augmentation \
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2. FixMatch

< FixMatch 0 &4 &= 4= 38 (Unlabeled H|O|E)
« Unlabeled H|O|E{0]| Weak & Strong Augmentation X-&
> Weak Augmentation: Flip, Shift2} 2 0] Z4A|0f| Holot HelSEA| = O|0[X| H[O|E & 7|
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Weak Augmentation
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2. FixMatch e
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2. FixMatch

% FixMatch 2<F

 L0SStprq = LOSSigpeteq + LOSSymaperea = AlLHH &1 A3 R EH oh5
Predict Label
Labeled Ci|O] & » Model
12 3 4 12 3 4
; ; Model
Unabeled H|O|E{ Q
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2. FixMatch

% FixMatch 2<F

= -,
* LosSiotar = LoSSiapetea + LOSSupiaperea = LN &
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HEY 23 ot

Predict Label
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1 2 3 4 1 2 3 4
Pseudo Label
Model
i
Unabeled E|0|E]
Model PN
Cross Ein. py/ )

Data Mining
UKN?/IE{RE'IIAY ..:‘. Quality Analytics 24/ 60



2. FixMatch

% FixMatch 2<F

= -+ =5 ol LA
* LOSStOtCll = LOSSlabeled + LOSSunlabeled = 7:”A|_|'OH AE!E A|7:“:”' E =1l Ol‘g

Predict Label
B
1 —_~
LosSigpelea = B Z CE (py, Pp)
b=1
12 3 4 12 3 4
UAIZ D= A0 Mgk s —
Pseudo Label
1B | od
1
LosSyniabeled = E ; H(maX(Qb,W) > T) CE(CIb,w; Qb,s)
b=1 T
Pseudo Label < Strong Augment 0% 2} | 2R\
Cross Entropy Cross Ein py)
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2. FixMatch

% FixMatch &g Z1}
« Strong Augmentation Z=8} 2 F7HX[0f Clioh gt 7[& Y E Hlw
» RandAugment(RA), CTAAugment(CTA)
=t 1} AlS] R|SHSH SF = =) =0 232
. T BEK| S5 HZSH A X s HOIE 47 M2 I 450| FHolgg 2ol
CIFAR-10 CIFAR-100 SVHN STL-10
Method 40 labels 250 labels 4000 labels 400 1labels 2500 labels 10000 labels 40 labels 250 labels 1000 labels 1000 labels
II-Model - 54264397 14.01+038 - 57.25+0.48 37.88+0.11 - 18.96+1.92 7.54+036 26.23+0.82
Pseudo-Labeling - 49.78+043  16.09+0.28 - 57.38+046 36.21+0.19 - 20.21+1.09 9.94+061  27.99+0.83
Mean Teacher - 32.324230 9.19+0.19 - 53.91+0.57 35.83+0.24 - 3.57+0.11 3.4240.07 21.4342.39
MixMatch 47.54+1150 11.05+0.86 6.42+010 67.61+1.32 39.94+0.37 28.314+033 42.55+14.53 3.98+0.23 3.50+0.28 10.41+0.61
UDA 29.05+5.93 8.82+1.08 4.88+018 59.28+0.88 33.13+0.22 24.504+025 52.63420.51 5.69+2.76 2.46+024 7.66+0.56
ReMixMatch 19.10-+9.64 5.44+0.05 472+013 44.28+2.06 27.43+0.31 23.03+0.56 3.34+0.20 2.92+0.48 2.65+0.08 5.23+045
FixMatch (RA) 13.81+3.37 5.07 +0.65 4.26+005 48.85+1.75 28.29+0.11 22.60+0.12 3.96+2.17 2.48+0.38 2.28+0.11 7.98+1.50
FixMatch (CTA) 11.39+335 5.07+033 4.31+015 49.95+3.01 28.64+0.24 23.18+0.11 7.65+7.65 2.64-+0.64 2.36+0.19 5.17+0.63
[ )H H “:}:\
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2. FixMatch

< FixMatch 2¢ Z1} - Ablation Study
HolOf| [HE 2

o g =0 A8t 4% 4

« Weak Augmentation Pseudo Label 2 2|5t A%k

« Confidence 40| =2 H|O|E{2t

_—

Fb

o
o

Error rate
wun
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H

olr
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Confidence threshold
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2. FixMatch

% Related works in the FixMatch paper
- UH O MMES ZEHEH O 22 &7 EX
EH
=

22 WA AHECD 9 YEot K8 HoR M2

Artificial label Prediction Artificial label
Algorithm augmentation augmentation post-processing Notes
TS / II-Model Weak Weak None
Temporal Ensembling Weak Weak None Uses model from earlier in training
Mean Teacher Weak Weak None Uses an EMA of parameters
Virtual Adversarial Training  None Adversarial None
UDA Weak Strong Sharpening Ignores low-confidence artificial labels
MixMatch Weak Weak Sharpening Averages multiple artificial labels
ReMixMatch Weak Strong Sharpening Sums losses for multiple predictions
FixMatch Weak Strong Pseudo-labeling

Data Minin
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(22 Unlabeled Cf|0|Ef + &2 Labeled H|O|Ef)

Unlabeled G|0|E{S 223} 81 Al

3. SelfMatch

/

% SelfMatch: Combining Contrastive Self-supervision and Consistency
« 2021 13 arXiv0f| S2t2 LEEO0|H &g SDS 2% AES0| H|Qret W E
> 20239 18 299 7|F 26%| 18

 Unlabeled O|O|E & 80t T & J4X| &

ok
f>

YAS DE ALS

SelfMatch: Combining Contrastive Self-Supervision
and Consistency for Semi-Supervised Learning

Byoungjip Kim, Jinho Choo, Yeong-Dae Kwon, Seongho Joe, Seungjai Min, Youngjune Gwon
Samsung SDS
{bjip.kim, jinho12.choo, y.d.kwon, drizzle.cho,
seungjai.min, gyj.gwon}@samsung.com
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Unlabeled Gf|0|E{ Labeled Ef|0|E{

3. SelfMatch m:
&i

% SelfMatch: Combining Contrastive Self-supervision and Consistency

« SelfMatch & 5 A &&2 2 T4 El Semi-supervised Learning '8 2
> EHA 1: Unlabeled H|O|H & A3l SimCLR 42 2 Encoder AFHSHE
v Z2 Ho[EjoflA| SZE £ 0|0|X|(Positive pair) = 7P LT StE

v £% 0|0|X|7} OF:! LIHX| O]0|X|(Negative samples) = 2F B8 o5

Encoder Projector

AT fO Pk 90| Tz

Xunlabeled Maximize similarity

g f() — b g0 — 7
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3. SelfMatch

/

% SelfMatch: Combining Contrastive Self-supervision and Consistency
« SelfMatch = F A 52 = 4 El Semi-supervised Learning 28 2
> EFA| 1: Unlabeled H|O|E{E ARE3H SImCLR WA 2 = Encoder AHEISHS

> TH| 2. APH €52l Encoder?t 77101l CH5H Labeled & Unlabeled HIO|E{E AL256] FixMatch A

OE 0N =7 T

Encoder
Predict Label
x> fO .
Labeled C|O|E] Syl >  Model
Transfer Learning 1234 1234

Xlabeled :
Pseudo Label
- & o KL
Unabeled H|0]E} ﬁ
T H {?ﬁr\q‘m
NI
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3. SelfMatch

< Sel

fMatch &< Z1}

=
AT &2 F7H510] 7|E Semi-supervised Learning 2 2 CHH]

Self-supervised Learmning 1t Semi-supervised Learmning & 25 -&3Ct= AO|

Of

IX|2F SR O 2 (Unlabeled & Label) H|O|EHE B & AFRIICD

Labeled E0[E{ @4- Model

Unabeled EOIE] ||

Predict
III.
123 4 123 4

Pseudo Label
)

Il ey

Table 1: Comparison of accuracy for CIFAR-10 and SVHN.

CIFAR-10 SVHN
Method 40 labels 250 labels 4000 labels 40 labels 250 labels 1000 labels
Supervised 95.87 97.41
Pseudo-Label - 50.22+043 8391+0.28 - 79.79£1.09 90.06+0.61
I1-Model - 45.74+3.87 85.99+038 - 81.04£1.92 92.46+0.36
Mean Teacher - 67.68+2.30 90.81+0.19 - 96.43+0.11 96.58+0.07
MixMatch 52.46+11.50 88.95+0.86 93.58+0.10 57.45+14.53 96.02+0.23 96.5+0.28
UDA 70.95+5.93 91.18+1.08 95.12+0.18 47.37+20.5194.31+2.76 97.54+0.24
ReMixMatch  80.90+9.64 94.56+0.05 95.28+0.13 96.66+0.20 97.08+0.48 97.35+0.08
FixMatch(RA) 86.19+3.37 94.93+0.65 95.74+0.05 96.04£2.17 97.52+0.38 97.72+0.11
SelfMatch 93.19+1.08 95.13+0.26 95.94+0.08 96.58+1.02 97.37+0.43 97.49+0.07
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4. SimMatch

% FixMatch 2<F

o LosSorar = L0SSapetea + LoSSyniaperea = AL A5 L1 E3T B oh5
Predict Label
B
1 —_~
Lossigpeled = B CE(pp, Pp)
b=1
12 3 4 12 3 4
Pseudo Label
AH A
o O

B
1 u
LosSyniabeled = Ez H(max(qblw) > T) CE(qb;W’ Qb,s)
b=1

Cross EE.\ \ py’

7.
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(22 Unlabeled Cf|0|Ef + &2 Labeled H|O|Ef)

Unlabeled G|0|E{S 223} 81 Al

Self-supervised Leaming Semi-supervised Learning

4. SimMatch

Pretent tack Pseudo labeling
Contrastive leaming Consistency regularization
Non-contrastive leaming Hybrid methods

% SimMatch: Semi-supervised Learning with Similarity Matching

SimMatch: Semi-supervised Learning with Similarity Matching
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4. SimMatch
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% SimMatch: Semi-supervised Learning with Similarity Matching

* FixMatch@t FAISHA| Labeled Ci|O|E{ 2} Weak Augmented, Strong Augmented H|O|E{ A&

« Model 3 2= & 7HX|(Probability, Low embedding vector) £t&
Probability(Class Center)
| | |
Model -
Low embedding vector
[T T T T |
BT 7]
Model
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[ \ u )|
o I I
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Semantic Similarity ~~ Pscudo-label

4. SimMatch
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% SimMatch: Semi-supervised Learning with Similarity Matching
« Model £ 72 & 7HX|(Probability, Low embedding vector) At&
« Probability= Semantic Similarity €&t/ Low embedding vector= Instance Similarity <&

Probability(Class Center)
P (1]

Low embedding vector
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4. SimMatch E* ﬂmﬂﬂﬂmuﬂum
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< SimMatch L{f Unabeled H|O|E{0] Ciot &4 Tt<=(Distribution Alignment, DA)
* Pseudo Label(py) O] L5 =45HH HalolH sh&0f| £8A 0l g2 OXICt Ll e d
o 2t Weak augmented G|O|E{0fl CHSE Tk7 32A| 87t 0= 2HE ZF WS ARl pv 2

Probability(Class Center)

AlR| 2= Cross Entropy p*

Il
Pt '\ Low embedding vector
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4. SimMatch E ﬂmﬂﬂﬂmuﬂuuj
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< SimMatch L Unabeled Hi|O|E{0]| C{St &2 ©F<=(Distribution Alignment, DA)

ﬂJI

. p¥ U2 B 2EE OFH3} S Z pSot pW ALO| Cross entropy AlAt(Unlabeled &4 8t=)

Probability(Class Center)

AlE| H=E= Cross Entropy p* C ]
24 '\ Low embedding vector
O S . HEE ' .
t tl t Distribution Alignment
pW
Pavg Pt < Pt /Pavg 7 e
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Lossunlabeled
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—Bz I(max(DA(p")) > 7) CE(DA(p"), p®) p® H EN
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4. SimMatch

< Instance Similarity 82
 Memory Buffer= 2= Labeled H|O|E{0f| LS Embedding vectorZ2

- 57 Embedding vector2F Memory Buffer AFO| FALE AH|4F - Instance Similarity(q) &2

Low embedding vector Memory Buffer
ZEEEE @ BN [T 1]
w FALE A4t
2 W T T T (T
2 B EEnEN
sim(z", z;)

O
B sim(zV, z;,)

Z£=1 exp( t )

* . Mini-batch LY iR 2H5X] ¥:- . .

* t temperature IZ}2}0|E T N\
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4. SimMatch

< Instance Similarity 82
 Memory Buffer= 2= Labeled H|O|E{0f| LS Embedding vectorZ2

- 57 Embedding vector2F Memory Buffer AFO| FALE AH|4F - Instance Similarity(q) &2

Low embedding vector Memory Buffer
Z° [T T ] AN B [TTT]
. - ] SAE A
2 W T TT T [T I
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sim(z5, z;)
sim(z%,z;,)
Ik{=1 exp( t k )
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* t temperature It2H0|E RN\
£78 Strong Augmented Cl|O[E{2} i 1% Labeled Ci|O]E{ ALO| FALE %)

Data Mining
UKN?/IE{RE'IIAY Y Quality Analytics 43/ 60



Semantic Similarity] ~ Pscudo-label

4. SimMatch
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< Labeled £ 8% + Unlabeled 24 %4 + Instance Similarity &4t

Probability(Class Center)

1 p* C T ]
LosS gpetea = EE CE(y,p")
b=1

Low embedding vector

1 7l
Lossunlabeled — EZ H(max(DA(pW)) > T) CE(DA(pW): ps) -:I:I:l
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1 &
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4. SimMatch

< Weakly Augmented H|O|E{0j|A{ =2t F
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4. SimMatch p: Semantic similarity

q: Instance similartiy

< Label HEE 286l Instance Similarity 278 (Unfolding)
« Label Memory Buffer= Z= Label 2f AtAM|7} Z2tEl HE{(Labeled G|O|E 7ia== 87H)

« Weakly Augmented H[O|E{0]| St Instance similarity £#2& 27

Weakly Augmented Ei|O|E] 0|& £HE (Semantic Similarity) Memory Buffer(MB)
BHZ= | Saxophone | Trumpet | Trombone | Tuba 1
pY 08 001 0.1 009 :

Weakly Augmented E|0|E{2} MB Vector(j=1,2.....8) AtO| Similarity &= 4

1

MB 1 2 3 4 5 6 7 8
HE 1 2 3 4 1 1 2 4 !
q}f" 0.2 005 001 004 03 025 005 001 :

it% Labeled Cl|O|E{2| &1X|| HZ=
Weakly Augmented Ci|O|E{ 0f| % =&

pedl 08 I 0.01 I 01 | 009 | 08 08 | 001 | 009

i

unfold

i = pj’,where class(q}’) = ¢.. S(Z/r’)
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4. SimMatch

p: Semantic similarity

q: Instance similartiy

< Label HEE 286l Instance Similarity 278 (Unfolding)

« Label Memory Buffer= Z= Label 2f AtAM|7} Z2tEl HE{(Labeled G|O|E 7ia== 87H)

« Weakly Augmented H[O|E{0]| St Instance similarity £#2& 27

Weakly Augmented H|0|E]{ 0f|= =& (Semantic Similarity)
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4. SimMatch p: Semantic similarity

q: Instance similartiy

< Label HEE 286l Instance Similarity 278 (Unfolding)
» Label Memory Buffer= 2= Label 2% AtX|7} &=l HE (Labeled H|O|Ef 7= 87H)

« Weakly Augmented H[O|E{0]| St Instance similarity £#2& 27
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Semantic Similarity

4. SimMatch p:Semantic similarity £ =)~ ) [Ln

q: Instance similartiy

abeled
Samples Memory Buffer  Instance Similarity Instance

< HEl Instance SimilarityS AF20lf Semantic Similarity 5’ (Aggregation)
« 275 Instance similarity(g”)E HFE2 2 Semantic Similarity 278 TI&
> BHE RAE T £ HF0| £3l= FALE B(g99)2 LESHY 7|E Semantic Similarity2t 7Hs 2!
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4. SimMatch

p: Semantic similarity

q: Instance similartiy
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Semantic Similarity
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4. SimMatch p: Semantic similarity

< SimMatch St5& 9ot ZIT &4 &+ F2

- Unfolding, Aggregation =l Zt= AFESH Similarity =4 2
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4. SimMatch

< FixMatch vs SimMatch(FixMatch O|A] 3=7}E! LHE)
« Unlabeled &=4& &= 4= A|, Distribution Alignment 2 p¥ AH=
* Instance 2t &4 gt =7} (Semantic & Instance Similarity)
> 7|& Consistency Regularizationdi| 2t=X| & S (Similarity)0| FARHX| =5 &

« Label YEE EE3H Weakly Augmented H|O|H 2 £E M45}= Pseudo Label 27
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4. SimMatch

< SimMatch &< Z1} - uf7{ dtH =31 H| 1w (CIFAR-10/ CIFAR-100)
« 1} Semi-supervised 5! FixMatch St H| 1t ZI2H

- &5 H|O|E %7} H-& (40 Labels, 400 Labels)0|A E3| H& &A0| FEHEH

Table 1. Top-1 Accuracy comparison (mean and std over 5 runs) on CIFAR-10 and CIFAR-100 with varying labeled set sizes.

CIFAR-10 CIFAR-100
Method 40 labels 250 labels 4000 labels 400 labels 2500 labels 10000 labels
II-Model [#4] - 45.74+3.97 58.99+0.38 - 42.75+0.48 62.12+0.11
Pseudo-Labeling [25] - 50.224+0.43 83.91+0.28 - 42.621+0.46 63.79+0.19
Mean Teacher [52] - 67.68+2.30 90.8110.19 - 46.09+0.57 64.171+0.24
UDA [56] 70.954+5.93 91.18+1.08 95.12+0.18 40.72+0.88 66.87+0.22 75.50+0.25
MixMatch [6] 52.46+11.50 88.95+0.86 93.58+0.10 32.394+1.32 60.06+0.37 71.69+0.33
ReMixMatch [5] 80.90+9.64 94.561+0.05 95.284+0.13 55.72+2.06 72.574+0.31 76.97+0.56
FixMatch(RA) [4%] 86.19+4+3.37 94.934+0.65 95.74+0.05 51.154+1.75 71.71+0.11 77.40+0.12
Dash [57] 86.78+3.75 95.44+0.13 95.92+0.06 55.2440.96 72.82+0.21 78.03+0.14
CoMatch [#6] 93.09+1.39 95.09+0.33 - - - -
SimMatch(Ours) 94.40+1.37 95.16+0.39 96.04+0.01 62.19+2.21 74.93+0.32 79.42+0.11
[ & ) \.“
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4. SimMatch

« (MoCo V2 + CoMatch) HAl2 2 B2 5t5 0 2 Epoch AR d& Ed

Table 2. Experimental results on ImageNet with 1% and 10% labeled examples.

2 i Top-1 Top-5
Self SUp gmscd Method Epochs Farnie Label fraction  Label fraction
Pre-training (fcaitcst) 1% 10% 1% 10%
Pseudo-label [5,67] ~100 | 25.6M/25.6M | - - 516 824
VAT+EntMin. [24,41,62] | - 25.6M/256M | - 68.8 - 88.5
S4L-Rotation 7] ~200 | 25.6M/256M | - 53.4 - 83.8
None UDA [56] - 25.6M/256M | - 68.8 2 88.5
FixMatch [49] ~300 | 25.6M/25.6M | - 71.5 - 89.1
CoMatch [ 6] ~400 | 30.0M/256M | 66.0 73.6 | 864 916
PCL [37] ~200 | 25.8M/256M | - z 753  85.6
SimCLR [14] ~1000 | 30.0M/25.6M | 483 656 | 755 87.8
SimCLR V2['5] | Fine-tune ~800 | 342M/256M | 579 684 | 825 892
BYOL [29] ~1000 | 37.IM/256M | 532 68.8 | 784  89.0
SwAV [10] ~800 | 304M/256M | 539 702 | 785 899
WCL [65] ~800 | 342M/256M | 65.0 720 | 863 912
Fine-tune ~800 | 30.0M/256M | 498 66.1 | 772 879
MoCo V2 [16] CoMatch [#6] ~1200 | 30.0M/256M | 67.1 737 | 871 914
MoCo-EMAN [#] | FixMatch-EMAN [#] ~1100 | 30.0M/256M | 63.0 740 | 834 909 |
None SimMatch (Ours) ~400 | 300M/256M | 672 744 | 871 916 D)
N\ 7 /)

\ J
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4. SimMatch

% FixMatch vs SimMatch
« ImageNet & HIO|E T 1%, 10%TH AL st&ot 40 Ciet Al 7HX| d& H#7|
> Pseudo-Labels: Weak Augmented H|O|E{0]| CHSH Pseudo-Label O Ot} H=SHK|E LIEHLH = &
> Unlabeled Samples: Weak/ Strong Augmented H|O|E{0]| 0| = HF=ot AX| #HF ALO| H=te A|AE 18

» Validation: A HIO|E X F=te A|AE 38

FixMatch 1% FixMatch 10% SimMatch 1% SimMatch 10%
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5. Conclusion

% Summary
- X M= (BE-E8) HO|HE Lot/ 0=

« O|Z I3l Self-supervised/ Semi-supervised Learming ¢177} O| 2 O{X| =

- E35| 0|H M|O|L}OJ| A= Semi-supervised Learning®il &
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> SelfMatch: Self-supervised Learning @Al 2 B APH &5 = FixMatch &
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