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Background

» Supervised learning vs ...

- Transfer learning, domain adaptation
- FAFSH taskO| M 25 =l network2| weightE 7F 2F A target task0f X &
- Semi-supervised learning
- HIO|H A S0f 272 labeling= S| k&
- Weakly-supervised learning
- 7| Z9] label (segmentation mask) 2Lt M2 HEO 2 A2 Jabel(bounding box)2 2 &
- Unsupervised learning
- Label=| X| B2 GIO|H S AFE5H0] ot
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Background

* Self-supervised learning

- Unsupervised learning2| oF & Of
HE Y BE S A XT| S-S 22 HS S 0|7 I8l pretrained weight S AFHR
:': Pretraining®| AF& S DA} St= G|O|EH A O] E=X|SL labeling &[0 /K| 2 FF
unsupervised learning= T ER7 US
/ol FAto| HOfet 20| S48t FA2 Mg B2
Pretrained
model
<Natural images from ImageNet> <Medical images for target task>
4
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1) Dosovitskiy, Alexey, et al. " Discriminative Unsupervised Feature Learning with Exemplar Convolutional Neural Networks”, NeurIPS, 2014.

Background

 Pretext tasks examples
- Exempler? (2014 NIPS)

- Object 7} =X} St= S Y2 patchE cropStl augmentations X251 patch /i =8
v @2 patch2F B A E patche 25 22 classE 725t S ots

- Dataset 37| Bt classifier’} =5l O0F S}= class7F =0 &
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1) Doersch, Carl, et al. " Unsupervised Visual Representation Learning by Context Prediction”, ICCV, 2015.

Background

 Pretext tasks examples
- Context Prediction? (2015 ICCV)

- 8 class classification task

-5 2X[9] patch + 8 &2 S random patch’t TO{ R = [, random patch2| A CHA QI
f K& classifyot= A

Example:

Question 1:

Input = (
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1) Gidaris, Spyros, et al. " Unsupervised Representation Learning By Predicting Image Rotations”, ICLR, 2018.

Background

* Pretext tasks examples
- Rotation" (2018 ICLR)

-4 class classification task

~ Input image®| 0°, 90°, 180°, 270° 2|82 randomStAH| H& =2, 2= 7|F2 2 HEEH
2™ L4 =& classifyot= =All

Objectives:
ConvNet | Maximize prob.
e glxy=0) » model F() " R
Rotate 0 degrees Predict 0 degrees rotation (y=0)
Rotated image: X” ‘ s o
o ConvNet Maximize prob.
— g(x,y=1) g > F,(xf;“
Rotate 90 degrees Predict 90 degrees rotation (y=1) |
Rotated image: X' : 2 o=H
ConvNet Maximize
s g e
Image X' Rotate 180 degrees ; js i ‘
Rotated image: X* Predict 180 degrees rotation (y=2)
ConvNet | Maximize prob.
> glx,y=3) - > model F() " F:(Xsl;m
Rotate 270 degrees Predict 270 degn;s rotation (y=3)

Rotated image: X~
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Background

e Self-supervised learning & 7 &'

1) Pretext task O A| unlabeled datas AFE 50| networkE S & (pretrain)

2) Pretrain =l networkS downstream taskZ transfer learning &

e

Self-supervised___,} pretrain & v
Learning I ‘ RN
|

e e e e o o o

e o

— ——

Supervised
Learning '

Finetune

Labeled data
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Background - [&

uonguasardoyy

» ImageNet linear probing < H| 1l

Freeze weights

=13

- Pretrain model 2 transferot= &'H = H| WM =2 [If supervised learningO| & &=

classification accuracy &

- Transfer 2 0}S H| W St7| 2|5 A 30 epoch Tt St &
weightE 7FX| 11 scratch T H trainSt= W RO E =2 ds5=

IoyIsse[D

'

}

Dog

Finetuning 2H 0| A= F=7HEl last
layer(linear classifier) 2t

Supervised

I ing(pretraining) Method | Convl Conv2 Conv3 Convd Conv5
earning(pretrainin
i g(p g ImageNet labels | 193 36.3 44.2 48.3 50.5
Training from seratch____ “pergers M6 171 169 163 141
Random rescaled Krihenbiihl et al. (2015) 17.5 23.0 24.5 23.2 20.6
Self-supervised Context (Doersch et al., 2015) 16.2 23.3 30.2 31.7 20.6
learning(pretraining) Context Encoders (Pathak et al., 2016b) 14.1 20.7 21.0 19.8 15.5
Colorization (Zhang et al., 2016a) 12.5 24.5 304 31.5 30.3
Jigsaw Puzzles (Noroozi & Favaro, 2016) 18.2 28.8 34.0 339 27.1
BIGAN (Donahue et al., 2016) 17.7 24.5 31.0 299 28.0
Split-Brain (Zhang et al., 2016b) 17.7 293 354 35.2 32.8
Counting (Noroozi et al., 2017) 18.0 30.6 343 32.5 25.7
(Ours) RotNet | 18.8 31.7 38.7 38.2 36.5
R HAE B .
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Contrastive Learning methods

 Contrastive learning

- ImageNet linear evaluationA| supervised learning 2 £ &5 @t pretrained model Of]
Tyt ds €4

» Method

- Batch®| 2= image0ll M2 C}HE augmentationg 7}t pairE 4 dg

- &2 imageO| X| Bt CHE augmentationO| 7}SHEl sample= positive pair, CFE image 0|
g g p p p g
augmentat10n0| 7t 2l sample== negative pair2tl Holgt

- Images encoder0f| &1tA|Z 2 [ positive pair§°| feature representation= 2|7} 777+
K| =&, negative pair2}2| feature representation= 2|7} HOX| =& &

- Contrastive learning2| S+
- Negative pair| 7i{Z=0f t2tA d&50| ZH2 &
;= Sh& Al large batch size (256 ~ 8192) 2R
- Negative pairE & 2|5t= augmentation & O A= ALESt=X|0f L2l Hs XHO[7} &gt

=
s+ A S augmentation 4178 EHE
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1) He, Kaiming, et al. " Momentum Contrast for Unsupervised Visual Representation Learning”, IEEE/CVP, 2020.

Contrastive Learning methods
« MoCo v1D (CVPR 2020)
X of 2

7| & 9| contrastive learning methods2| & X|
- Batch size: end-to-end 2fAl

- Inconsistency: memory bank 24/

- Momentum encoderS A2 9S}= dynamic dictionary=S A5t &X| sl| 4
Yy y

e N Ve N

,’ contrastive loss contrastive loss ‘\ / contrastive loss \

. A A 1 I A !

I gradient gradient gradient . I gradient 1

1 - - 1
1 |

: vy —> q . ,I{,' -—, l v > q . k - | | vy ™ q . k - :
1 |

1 1

ML ' O ek
/T { k q k P q k a

: A A A A o A A :
. [

1 samplin 1

|  encoderq encoder k encoder Ping 1 encoder momentum |

I A 1 I encoder :

I A A A P! A A I

" memory | 1 |

k bank 1 1 J
' z? T 7 P 1 T '
‘\ (a) end-to-end (b) memory bank / \ (c) MoCo /'
\
N e L o o _- d S e e e e e o ___ _’
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1) He, Kaiming, et al. " Momentum Contrast for Unsupervised Visual Representation Learning”, IEEE/CVP, 2020.

Contrastive Learning methods
e MoCo vl D (CVPR 2020) contrastive loss

A
« Momentum encoder

' P qok <

- Momentum encoder parameters : 0,
- Visual representation encoder parameters : 6, ? ]f
- Encoder O| A €& &l weight 0| momentum 2 0] update ercoder e
.« Update =4 9, € m0, + (1 —m) 0, . eno:der
- Momentum coefficient m : m € [0,1], default = 0.999 2 :I:k
- Dynamic dictionary (c) MoCo

- Memory bank 24| % B & sample= encoder0| S1FA|7{ =Tt feature representation=
memory bank Oﬂ XN 2 sampling ot0] AtES [ OFCH update

- MoCo= FIFO A2 2 T} X[ 29| mini batch®| sample=2 momentum encoder0f|
StA|74 F=Z 2} feature representation= dictionary (default size = 65536) O M &5t
negative pair= AtE

': Momentum encoder= A{A{ 9| update| 7| [Z 0 inconsistency”/} off & =

N 447 T 8k >
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1) He, Kaiming, et al. " Momentum Contrast for Unsupervised Visual Representation Learning”, [IEEE/CVP, 2020.

Contrastive Learning methods
« MoCo v1) (CVPR 2020) COCO keypoint detecton

pre-train APEP AFJ;E AF:E
= andom ini 6. 86.5 717
- Downstream taSkO'” A‘I é‘,‘ o) |:|| mi random init 3.9 86.5 71.
super. IN-1M 65.8 86.9 71.0
MoCo IMN-1M 66.5 (+1.00 B7.4 (0.5 T2.5 (0.6

MoCo I1G-1B 66.9 (+1.1) LB (0.9 T300+1.1
COCD dense pose estimation

pre-train AP APS AP
- I random init 394 TB.5 35.1
M-St A AMDM-fargs super. IN-IM | 483 85.6 50.6
FiSiwz CPCv2
Rso 4 P MoCo IN-IM | 50000 1.8 868 1.2 539 33
Rso  BoBiGAN-AuSOwdx MoCo 1G-1B 506 (+2.3) B.O(+14) 5430437
B0 7 neals
5 :_'jf'g‘;tfil “n LYIS vil.5 instance sepmentation
E_.a Hotation . k k mk
> 0w pre-train AP AP APTD
g GelativePosition random init 225 4.8 238
8% i - super. IN-IMT | 24.4 37.8 258
Josaw &R MoCo IN-1M 24.1(-03) 374(-04) 255(-03)

MoCo 1G-1B 24.904+0.5) 3B.2 (4040 26.4 (+0.b
40 Folonzsten

® pravious Cityscapes instance seg. Semantic seg. (mloll)
| | . ¥poamelers(M) + MoCo pre-train pek APZE | Cityseapes | VOC
0 200 400 600 random init. | 25.4 511 63.3 393
super. IN-1M | 32.9 596 4.6 T4.4
MoCo IN-IM | 323(_0.6) 59.3(_03)| 753 (107|725 (_1.0)
MoCo IG-1B | 329 00 603007 | 73500090 73.6(—0.8)

<7| & Y =1} ImageNetOf| A linear probing s H| 1> < Downstream taskO| A| supervised pretrained model2t A& H| >
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1) Chen, Ting, et, al. “A Simple Framework for Contrastive Learning of Visual Representations.” ICML, 2020.

70.0

67.5

Contrastive Learning methods - ‘“ “
« SimCLR v1V (ICML 2020) ‘|| | |

- End-to-end & 4] AL s25

. 200 300 400 500 600 700 800 900 1000
- Default batch size = 4096 Training epochs
<Batchsize Ol [(}2 ImageNet linear probing 43 H| >

- Base encoder network f(-) F|Ofl projection head (MLP) g(-)=7t

512

1024
2048
4096
8192

- Data augmentation Z| = 3t E |9t search T
Method Architecture ~ Param (M) Top 1 = - Maximize agrcf:mcnt - Zj
i =
Methods using ResNet-50
Local Agg. ResNet-50 24 60.2 g ( . } g { . }
| MoCo ResNet-30 24 60.6 |
PIRL ResNet-50 24 63.0 .
CPC 2 ResNet-50 24 638 hi ¢— Representation — h;
| SimCLR (ours) ResNet-50 24 69.3 |
Methods using other architectures:
Rotation RevNet-50 (4x) 86 554
BigBiGAN RevNet-50 (4 x) 86 61.3
AMDIM Custom-ResNet 626 68.1
CMC ResNet-50 (2x) 188 68.4
| MoCo ResNet-30 (4x) 375 68.6_|
CPC v2 ResNet-161 (x) 305 71.5
SimCLR (ours) ResNet-50 (2x) 94 74.2
| SimCLR (ours) ResNet-50(4x) 375 76.5 I
<7| & YH =1} ImageNetOf| A linear probing & H| 1> <SimCLR framework>
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1) Chen, Ting, et, al. “A Simple Framework for Contrastive Learning of Visual Representations.” ICML, 2020.

Contrastive Learning methods
« SimCLR v1D (ICML 2020)
- Projection head g(-) = pre-training 1’3 0| A Tt AtE E

-ot50| 2F2 El 20]= projection headE H| 2|8t T+ ZE 0| A visual representations ==
ResNet50 Model Architecture

Input Output

I#

Zero Padding
Max Pool
Conv Block
ID Block
Conv Block
1D Block
Conv Block
1D Block
Conv Block
ID Block
Avg Pool
Flattening
FC

Stage 1 Stage 2 Stage 3 Stage4  Stage 5

<MoCo base encoder T+7=>

70

60
ResNet50 Model Architecture . I II II
o 250 Projection
Input | £ 5 § el Bl [Ble| |8 5 2 Output + . Linear
= <) Ol o =] o o =R 0 =1~ o
© | o8| m|(8| m|2| m|[8| . a Sjlo o 40 |mmm Non-linear
o E > | M@ > | m > | M@ > | m o = W | w
- © £n €| £l E | > ® L None
o = o |= o | = o |= o | = < T
] o (&) [&] o 30 L
N
24 B« QB‘%
- r Ty T T PI’OjeCtIOI’\ output d|men5|onallty
Stage 1 Stage 2 Stage3 Stage4 Stage5
1 x X E =
<SimCLR base encoder T+2> Pre-training0l| 2 AFS <Projection head 7220 [HE 45 H| >

N 44 TH8E D
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1) Chen, Ting, et, al. “A Simple Framework for Contrastive Learning of Visual Representations.” ICML, 2020.

Contrastive Learning methods
« SimCLR v1V (ICML 2020)
- Data augmentation Z| = StE |9t search T

- Contrastive learning method= StL2| sampleOll 5 7H2| M E2 CtE augmentationgs M -&
'« M EHEl data augmentation pairOf| [LH2fA H-&0| 3 A =2 &

- Cropdf 27 ArE Al 718 £2 2WE
:': ImageNet2 data sample2| 3 7[7F Y7HSHX| Q7| IfZ0f crop2 HIEA ER

N

| - .
F 5 = U= augmentation search

N o o L C
EH £ crop, color distortion - Crop + color distortion 2= O|'O| 7|— OI- ?I:: Ao'i = EI-AO-i
Crop
-50
Cutout
g 40
"% Color
£ |
£ sobel 30 '
a
g Moise 20
Blur
10
Rotate
of oot aot o2 o it Fs o . . . . . .
M S (a) Without color distortion. (b) With color distortion.
2nd transformation
<Augmentation 2 &5 H|ul> <0| 0] X| Q| pixel intensityOl EH 2t histogram>

R 447 T 8k .
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1) Chen, Xinlei, et al. “An Empirical Study of Training Self-Supervised Vision Transformers.” ICCV, 2021.
2) Chen, Ting, et, al. “A Simple Framework for Contrastive Learning of Visual Representations.” ICML, 2020.

Contrastive Learning methods
* MoCo vs SImCLR
- MoCo v3D (ICCV 2021)
— SimCLR? 2| projection head 7if'd xj-&

;s Pretraining 2} 0| A{ base encoder F| 0| projection head + prediction head S 7t
momentum encoder | 0| = prediction head 2t =7}

- 7|Z9] dictionary queue TZLH4 SimCLRZ} batch size 40962| end to end & 4] A
- Encoder?| backbone2 2 ResNet50 LH Al ViT-BN AR

81 "-'IT-Ei\l-_-' 7
s R152-3
Wi -f;\l;ﬁ-.*f R200 2"' R152-2>3( el &l
/ Ri01-2x, __— T-BN-H
79 / T _
/ ,..-AF-!_S?.'.%}@ — _
) / g _ viGH
g 9
=2
8
o
=]
£
L0
2
S 75
3 AsQX /&
s '
S0 L)
3 101 —+- ResNet, SImCLR v2
7[5 *— SK-ResNet, SImCLR v2
. ¥ ResNet, BYOL
0L —=—ViT, MoCo v3
Tso A \/iT-BN, MoCo v3
?1 1 1 1 1
0 100 200 300 400 500 600 700 800

params (M)

g 4 TN ,
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1) He, Kaiming, et al. “Masked Autoencoders Are Scalable Vision Learners.” arXiv, preprint, arXiv:2111.06377.

Masked image modeling methods
« MAED : Masked Autoencoders Are Scalable Vision Learners

- Motivation

- NLP =2O0}0{| Al BERT= MLM(masked language model)2| self-supervised learning=
TSI downstream taskO| Al 52 4

s MLM2 2|2 R 7ol EE S maskStL!, mask =l E2E 0|55t A2 =HE S
V7| E9| lefito-right FEHE T2 2% BN Q2Z RYS D& oY &
ol

MTT
vNext-sentence-prediction taskE &/H =& 7ts

:': Pretraining dataset
v’ BooksCorpus (800M words)
v'English Wikipedia (2,500M words)

;s Pretrain®l BERT 2 &2 CrFot NLP taskO| Al fine-tuning A| =2 85 24

System MNLI-(m/mm)  QQP  QNLI SST-2 CoLA  STS-B MRPC RTE  Average
392k 363k 108k 67k 8.5k 5.7k 3.5k 2.5k -
Pre-OpenAl SOTA 80.6/80.1 66.1 823 93.2 35.0 81.0 6.0 6l.7 74.0
BiLSTM+ELMo+Attn 76.4/76.1 64.8 9.8 90.4 36.0 733 84.9 56.8 71.0
OpenAl GPT B2.1/81.4 70.3 87.4 91.3 454 80.0 82.3 56.0 75.1
BERTgase 84.6/83.4 71.2 90.5 935 521 858 88.9 66.4 79.6
BERTy apce 86.7/85.9 721 92.7 24.9 60.5 86.5 89.3 70.1 82.1

< GLUE datasetO| A{ BERT ‘45 H| 1>

ﬂ 447 T 8k .
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1) He, Kaiming, et al. “Masked Autoencoders Are Scalable Vision Learners.” arXiv, preprint, arXiv:2111.06377.

Masked image modeling methods
« MAED : Masked Autoencoders Are Scalable Vision Learners

- Implementing masking to vision
- MLMO| A motivationg 22 7|ES| MIM HH 2 d5 &0l 43| =&t
;'t VisionOf| A| CFF = image= NLP7} CHE = word 2|

v O|0| X| = spatial redundancy”?} =7| Z0f =& L4

0% 75

vBERTE E1|O| E1 Mol 15%E masking

R 4 TN o
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1) He, Kaiming, et al. “Masked Autoencoders Are Scalable Vision Learners.” arXiv, preprint, arXiv:2111.06377.

Masked image modeling methods
« MAED : Masked Autoencoders Are Scalable Vision Learners

» Method

- Image 0| Al 25%2] tokenTt= encoderl| YHO Z ALE

decoderS =5l Al reconstruct

>

-
Vi
=
v
N
r
w
R

input

R 44 TH8E D
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encoder

—>

20

decoder

\

L |
Y
|
r
N

, latent vectorOf| mask token= = O A{

target



1) He, Kaiming, et al. “Masked Autoencoders Are Scalable Vision Learners.” arXiv, preprint, arXiv:2111.06377

Masked image modeling methods

« MAED : Masked Autoencoders Are Scalable Vision Learners
- Masking

FEQX g

Of = patch2 O|0|X| & LI+ uniform distribution2 £ patchE sampling2
s 578 Y patch?t S| = bias EHA|

- &= masking H| &= ArE5H0] T patch ‘§ 2 22 E &7 reconstructions T
AZ = OC o
= 1T =

mot

A
-
;' Ol 2 =2 masking H| 22 AFEStE AU AE GTO| 7HH2 reconstruction 4 /S

original

mask 75% mask 85% mask 95%
R 447 TH 8
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1) He, Kaiming, et al. “Masked Autoencoders Are Scalable Vision Learners.” arXiv, preprint, arXiv:2111.06377.

Masked image modeling methods

« MAED : Masked Autoencoders Are Scalable Vision Learners
« MAE encoder

- ViT2| encoders AtE

=)

- Unmasked patchZt= input2 £ =&

R g5 g SA0 24

B

Vision Transformer (ViT)

® !I;llil

case ft lin  FLOPs
encoder w/ [M] 842 596 33

encoder wfo [M] 849 T35 | S

* Extra learnable
[class) embedding Lmear PrOJecuon oi Fldttened Patches
. - . I (c) Mask token. An encoder without mask to-

3 kens is more accurate and faster
mn—»numzanmwg
A s P

Transformer Encoder

| ——
\-————

\

—

/4

R 44 TH8E D
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2

1) He, Kaiming, et al. “Masked Autoencoders Are Scalable Vision Learners.” arXiv, preprint, arXiv:2111.06377.

Masked image modeling methods

« MAED : Masked Autoencoders Are Scalable Vision Learners

- MAE decoder
- Encoder®t H| C & & QI light weight decoder A&
:'= 8 transformer blocks width 512-d
- Reconstructions 26 Al encoderOf| A{ L= visible patch®?} mask tokengs &5 AlE
;s Positional embeddingOl| [LF2}A] mask token= & 2ff X2 2 H{ X|

- Pre-training 1H°d Of| M ZF AFE K| downstream task = transfer A| 0| = encoderTh AF-22t

| |
[ |
|
||
[ blocks ft lin dim ft lin
|| 1 84.8 65.5 128 84.9 69.1
= 2 84.9 70.0 256 84.8 71.3
jor — d or B 4 84.9 71.9 312 84.9 73.5
[ | 8 84.9 735 768 84.4 73.1
R 12 84.4 733 1024 84.3 73.1
= (a) Decoder depth. A deep decoder can im- (b) Decoder width. The decoder can be nar-
prove linear probing accuracy. rower than the encoder (1024-d).
|
| |
[ |
Ay f- .
SOGANG UNIVERSITY



1) He, Kaiming, et al. “Masked Autoencoders Are Scalable Vision Learners.” arXiv, preprint, arXiv:2111.06377.

Masked image modeling methods
« MAED : Masked Autoencoders Are Scalable Vision Learners

- Reconstruction target

- Loss function© 2 MSE(mean square error)& AtE

;' Target@l & & OO X[ 2| patch®} reconstructed patch2| X}0|& &0 L7t &

1%
>

- Implementation

|| [ |
B =
vostionst | o 5 B lll
encoding . || [ |
I | [ |
+ flatten . — m
B — E— encoder = H dumdr . = o
- g o B
= R
P e
] | R
— B target
R 447 T 8k e
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1) He, Kaiming, et al. “Masked Autoencoders Are Scalable Vision Learners.” arXiv, preprint, arXiv:2111.06377.

Masked image modeling methods

« MAED : Masked Autoencoders Are Scalable Vision Learners
=AY Z1)
- ImageNet linear probingOfl A{ 7|Z 2| contrastive learning & #10f| H|S{ R 2 ds5 E7d
;'+ Pre-training M3 O A A& &l decoder?} R QIS 2 M 2tE

o
v ViT encoder®| 2471 2| transformer block & Tt SFLE2| blockO| 2t = fine-tuning | ™
contrastive learning W HELC =2 d5 &8

method model params acc 85L E—I 2 E-I--I- - 8“};‘5 _ _ 8_"&'7 - _— Bi.'?ﬂ
iGPT [6]  iGPT.L 1362M  69.0 831 —H o L R ¥
iGPT[6] iGPT-XL  6801M 720 J T TR3D 838 '
BET[2] VilL 34M  s2.1t BLO ~%1e B1O
MAE  Vil'B 86M  68.0 80} S RO8
MAE ViT-L 34 M 758 3 7090
MAE ViT-H 632 M T6.6 5],_1
Table 12. Linear probing results of masked encoding methods. 17 6
75 -'
blocks  fi lin %
[73.5 = MAE baseline
1 84.8 I 65.5 I
2 849 700 - . | | . *~ MoCov3 |
4 84.9 71.9
3 84.9 01 2 - 6 12 18 24
12 84.4 73.3 # blocks fine-tuned
(a) Decoder depth. A deep decoder can im- <ViT-L encoder2| transformer block= partial fine-tuning®t 21} H| >

prove linear probing accuracy.

R S4B TUSED -
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1) He, Kaiming, et al. “Masked Autoencoders Are Scalable Vision Learners.” arXiv, preprint, arXiv:2111.06377.

Masked image modeling methods

« MAED : Masked Autoencoders Are Scalable Vision Learners

D —
=2 2 2t

- ImageNet finetuning =

method pre-train data ViT-B  ViT-L ViT-H ViT-Hyg

scratch, our impl. - 2.3 82.6 83.1

DINO [5] INIK 82.8 - - -

MoCo v3 [9] INIK 83.2 84.1 - -

BEIT [2] INIK+DALLE  83.2 85.2 - -

MAE INIK 83.6 859 869  87.8
Table 3. Comparisons with previous results on ImageNet-

< 7| & Y& =1} ImageNet finetuning ‘3s H| W >

R 44 TH8E D

SOGANG UNIVERSITY

5! downstream taskE transfer learning A| 7| & &

= S0 OH % a5
Apbm
method pre-train data WVIT-B VIiT-L Vi .' [-]
supervised INIK wflabels  47.9 49.3 2 {
MoCov3  INIK 47.9 49.3 2.7 1.0
BEIT INIK+DALLE  49.8 533 7
MAE INIK 50.3 533 44.9 47.2

Table 4. COCO object detection and segmentation using a ViT

method pre-train data ViT-B ViT-L
supervised IN1K w/ labels 47.4 499
MoCo v3 INIK 473 49.1
BEiT INIK+DALLE 47.1 533
MAE INIK 48.1 53.6

Table 5. ADE20K semantic segmentation (mlolU) using Uper-

dataset ViT-B ViT-L  ViT-H  ViT-Hug v besl
iNat 2017 70.5 757 79.3 83.4 75.4 [50]
iNat 2018 75.4 80.1 83.0 86.8 51.2 [49]
iNat 2019 80.5 834 85.7 88.3 I [49]
Places205 63.9 65.8 63.9 66.8 (197
Places365 57.9 59.4 39.8 60.3 [36]*

Table 6. Transfer learning accuracy on classification datasets,

< Downstream taskOf| A pretrained model
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