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Self-Supervised Learning
* What is Self-Supervised Learning?

= Supervised Learning

- D E 3t 00| E{0f| labelO] = XY

- Semi-Supervised Learning

- Y& 35 HIO[E 0 1abel O] =AY

- Unsupervised Learning

- 85 O|O|E{0f labelO] EX{SHA| =

- Self-supervised learning= unsupervised learning
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Self-Supervised Learning
* Why we need Self-Supervised Learning?

= Visual Representation

- UM O 2 deep learning model SFE Al pretrained weight £ AFE

'+ Computer vision task2| B & HH™ O = ImageNet pretrained weightS A&
=

'+ Pretrained weightS AF& U S [ f AFESHA] REUS W2 d& K07}

X

o

1000 class softmax

pooling

i
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bbox regressor
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Self-Supervised Learning
* Why we need Self-Supervised Learning?

= Visual Representation

= AE 5= deep learmng model2| 4% ImageNet
pretrainO| O =l S| & data 01I CH S pretrain &, H& &l weight £ AFE o= 40| & 40| R
;s Pretrained modelO| SHZ} dataOf| CH S} feature extraction= & ot7| [ &
#: Bx) Q|2 G4 ToF G4t

[=)
- S5 data®| BF 2 GO| =X =
|
=

o3

Ot

FLF, labeling =[O /UK RS2 A7t

=T

'+ LabelingOll= B2 cost7}
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Self-Supervised Learning

 Trend of the self-supervised learning

= Pretext Tasks ( ~2018)

- AMEXHZE ook ZHEHSE 2 K| @ Pretext Tasks &
network & M X| A2 Downstream Task O] & &

- Supervised learning 2 2 St&5 e I HCH 2 52 E¢
o i

- Pretexttask & & ELE otSE[/U2 &2 0|0 X| o] Lt Ol A| A EZZ EOILYX|&= 2

Supervised Downstream Task Training
Labeled Dataset

> =2

Self-supervised Pretext Task Training
Unlabeled Dataset

Downstream
Task

visual feature
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Self-Supervised Learning

 Trend of the self-supervised learning

= Pretext Tasks ( ~2018)
- Exemplar [1] (NIPS 2014)
:': Image LH Ol object 7F =X St= BB StLEE patch = crop SHO] augmentation
:'s Augmented patches = 5 &2 class 2 HESIEE St
v Image =7} class =7} =| 7| W ZOf| D=3t class =7F Z= XY

- AL o —_
v a5 Al B2 memory B2

g
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Self-Supervised Learning

 Trend of the self-supervised learning

= Pretext Tasks ( ~2018)
- Context Prediction [2] (ICCV 2015)
= 9702] patch & 7}2 0| patch & 7| =2 = LIH K| patch 2| & CHE [ X[Z classification
}EE [o]

= 1 d

- Jigsaw Puzzle [3] (ECCV 2016)

v 9702 patch 2| =ME A2 F, Aol =ME HOPVIEE

.. Index (0 99) Permutation .'.

9,5,8,3,24,7,1,6 ba
> {
n.

Permutate 9 patches

!

ok
[>

X= (E,.) :¥=3 Extract 9 patches

< Context Prediction > < Jigsaw Puzzle >
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Self-Supervised Learning
 Trend of the self-supervised learning
= Pretext Tasks ( ~2018)
- Rotation [4] (ICLR 2018)

;= Rotation El image”} & 2l image®| A & OtL} rotation E| =X E classification St=F 2.

Objectives:
o \
ConvNet Maximize prob.
— glX,y=0) model FO) T Ex") |
Rotate (0 degrees Predict 0 degrees rotation (y=0)

Rotated image: X"

- glX.y=1)
Rotate 90 degrees

Rotated image: X'

ConvNet » Maximize prob.
model F(.) F(x)) \

Predict 90 degrees rotation (y=1) ‘

ConvNet p Maximize prob. \
model F(.) FI(X%)

Predict 180 degrees rotation (y=2) |

Z \
ConvNet Maximize prob.
.
model F(.) FIXY) |

—» glX, y=2) —>

Rotate 180 degrees )
Rotated image: X~

—> glX,y=3) —»

Rotate 270 degrees o1 270 degrees =3
Rotated image: X’ Predict 270 degrees rotation (y=3) |

q AR oHd-an 9 V%
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Self-Supervised Learning

» Trend of the self-supervised learning

= Contrastive Learning (2019 ~ 2020)
S

- Pretext task & & c’|OP7(| %N 22 image 0| M2 CHE augmentation & & -& 2t positive pair
feature representation = A2 7|'7 7 F71| CtE image O CtE augmentation 2 & -2} negative pair 2|
feature representation = A2 HO{ X|AH| &&55t= A

~ Supervised ImageNet pretrained model = At M2t H|X5tALE 25|8 =22 H5 A

- O] 7HX| 2 HE E=XY

_L

;' Collapsing
 YHS R L2 o £HATIE 2H| LY

o 7
v O|Z S| &517| ¢ H St& Al large batch size (256 ~ 8192) AF&
'+ Negative pairg ‘S 2|0h= augmentation & O AZ Ar&SH=X|0f e} d-s X077} ot

v X5 augmentation M8 HEL

B azasa ’ VDS



Self-Supervised Learning

 Trend of the self-supervised learning

- Contrastive Learning (2019 ~ 2020)
- MoCo [5] (CVPR 2020)

s 7| & dtAl =

: Memory bank = inconsistency 2’4

'+ Momentum encoder & A S}0] mini-batch 2 inconsistency 7} 2

leammg HEAL K| O

contrastive loss contrastive loss

adient A wradient radient A

L gk <) [ qk <

= end-to-end 242 large batch size &

q k q k
A A & A
sampling
encoder q encoder k encoder N
F ' &
memory
. bank
x? aF x?
{a) end-to-end (b) memory bank
R S Tndha .
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Self-Supervised Learning

» Trend of the self-supervised learning

- Contrastive Learning (2019 ~ 2020)
- MoCo [5] (CVPR 2020)
;= End-to-end &4
v Batch size & 3 A 7} 7} B2 negative sample 2 Bt=11, ZF2E9| encoder & 25
backpropagation ot= 2F A= i EH
. Batch size & 3 A 71X 7t0F & (Memory limit)

contrastive loss contrastive loss contrastive loss
[ gk <] q-k g-k
q k l/ /»‘ // /v‘
A A
Samping momentur
encoder g encoder k encoder & encoder RO
F Y A
memory
. q bank
xd xF . 1 T
{a) end-to-end (b) memory bank (c) MoCo
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Self-Supervised Learning

 Trend of the self-supervised learning

- Contrastive Learning (2019 ~ 2020)
- MoCo [5] (CVPR 2020)

;s Memory bank 24|
v B E image Of L3l encoder & & 1FA|Z! feature representation 2 =0+, S vector
x

£ key = 510 memory bank Off & 2 sampling 510 At&

. Batch size & & 7t & = /2L, inconsistency 24

contrastive loss contrastive loss contrastive loss
I'I|I"|'|I|' v - qk - I-'fr.IJII'
k g k q
A A
samplin TRt
encoder q encoder k encoder ping encoder r If r1&r1L| :
A encoder
A
memory
q L bank a L.
x- 13 a7 xT* T
(a) end-to-end (b) memory bank (¢c) MoCo
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Self-Supervised Learning

 Trend of the self-supervised learning

- Contrastive Learning (2019 ~ 2020)
- MoCo [5] (CVPR 2020)

.= Dynamic dictionary

-

v M1n1 batch EE|‘ size 2| dictionary size & X| @ St1l, momentum encoder = & 1St
= =l feature & FIFO 4| 2 £ queuing O|'O2| AL

:'= Momentum encoder

v Momentum encoder = backpropagation o} X| X &

- Backpropagation A| 40| EO0{X|= A2 AYHO=E =29l
v Encoder 0| A] & =l weight Ol momentum 2 30 update contrastive loss
Ok < mbx + (1 — m)bq. (o gk -
q k
momentum
e encoder
xd a*
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Self-Supervised Learning

 Trend of the self-supervised learning

- Contrastive Learning (2019 ~ 2020)
- MoCo [5] (CVPR 2020)

;= Downstream task Of| A supervised pretrained model 1} H| =S| HLt O =2 215 E Y
COCO keypoint detection LVIS v(.5 instance segmentation
pre-train APkp AP AP pre-train ApTk APIE APTE
random init. 65.9 B6.5 71.7 random 1nit. 225 348 23.8
super. IN-1M 65.8 86.9 71.9 super. IN-1MT 244 378 258
MoCo IN-1M 66.8 (+ 1.0 87.4 (+0.5) T72.5 (+0.6) MoCo IN-1M 24.1 (—-0.3) 374 (=04) 255 (=0.3)
MoCo 1G-1B 66.9 (+1.1) 87.8 (+0.9) 73.0(+1L1) MoCo 1G-1B 24.9 (+10.5) 382 (404) 26.4 (+0.6)
COCO dense pose estimation Cityscapes instance seg. Semantic seg. (mlolJ)
pre-train Apdp FLP'iE AP?E pre-train Apmk hP‘%k Cityscapes vOC
random init. 394 T8.3 33.1 random mit. | 254 51.1 65.3 39.5
super. IN-1M 48.3 H5.6 506 super. IN-1M | 32.9 59.6 T4.6 4.4
MoCo IN-1IM 50.1 (+1.8) 86.8 (+1.2) 33.9(+33) MoCo IN-1M | 323 (-06) 39.3(-03)| 75330 0.7)| 72.5(-19)
MoCo IG-1B 20.6 (+2.3) 7.0 (+1.4) 3M.3(+37) MoCo 1G-1B | 329( 000 603007y 75.50-0.9)| 73.6(—0.8)

»
ST 15 V
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Self-Supervised Learning

 Trend of the self-supervised learning

- Contrastive Learning (2019 ~ 2020)
- SimCLR [6] (ICML 2020)
-+ Large batch size & AF&5t=
2s MoCo ELt =2 M= B

IIL- OO =2 O

end-to-end 24| (batch size 4096 ~ 8192)

;= Encoder O| € MLP £ O|F O{ %l projection head & 7}

s+ Augmentation O| contrastive learning 0| O] X| =

L st H M
oo =
Maximize agreement
Zi - - =
3
q(-) g(-)
h; +— Representation — h;
I() f(-)
-
R AW 6
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Self-Supervised Learning

 Trend of the self-supervised learning

- Contrastive Learning (2019 ~ 2020)
- SimCLR [6] (ICML 2020)
'+ Large batch size
v 4096 S 7| 2O 2 8192 K| A

v 2} image OtC 270 2| M 2 CHE augmentation = X -&5}10] batch size 7F N [f, 2N 7 Q|
sample & ‘o

v &= x Of CH2t positive sample = 17H, negative sample = 2N-27{| Tl
v Batch size 7} 2 35 negative sample 77| HOIH &5 57}
v Large batch 0| A| HE M © 2 S5 0| 7}-5SF == LARS optimization & -&

(@)
v Multi- GPUE 0| &3t & Al Zt device B £ batch normalization = 2 SHA| &1
B E device 2| H, BEE “”Cfe Sl ALE

. Positive sample O] 17§ 0] 7| f-Z0]| positive sample O =X St= device 7t 17H0] 7|
[ =

»
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Self-Supervised Learning

 Trend of the self-supervised learning

- Contrastive Learning (2019 ~ 2020)
- SimCLR [6] (ICML 2020)
:': Augmentation

v 270 2| augmentation = A1 E# g [ O] BF augmentation = AtESI=X|0f| 2} H&
Kol 7F Mgt

= 42, augmentation = StEH 2t = augmentation &l
| IH-=Of| visual representation = & OfLij-= Z 0] O}

! : -50
g : C o Cutout [ESY]
) = $ 55.8 Fe
s, = Color -

= S €

s =
) . : . ) N € sobel [ 30

(b) Crop and resize  (c) Crop, resize (and flip) (d) Color distort. (drop) (e) Color distort. (jitter) a b

Lo o g

/\% z Noise 20
§ Blur

10

Rotate

(f) Rotate {90°,180°, 270°} (g) Cutout (h) Gaussian noise (i) Gaussian blur (j) Sobel filtering (}°° O,\.O‘)‘ go\°( c,o"e\ ‘;o'\"e o ?p@"z qe@ge
»

2nd transformation
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Self-Supervised Learning
» Trend of the self-supervised learning
= Contrastive Learning (2019 ~ 2020)
- SimCLR [6] (ICML 2020)

;s MoCo Bt £2 8452 EO|H, supervised2l 28t &=

s': Large batch size 2 @18t memory limit 2 0| 5| &X|

o

29

% Supervised ~_...*SimCLR (4x)
S | ~_*SImCLR (2x)
9 e eCPCv2-L
€ 70F %sim MoCo (4x
5 *SimCLR oCMC ¢ (4x)
Q eoPIRL-c2x
< AMDIM
~ 65k ? eMoCo (2x)
A QCPCV2 PIRL-ens.
2 PIRL oBigBIGAN
E, 6ok ‘MoCo
) LA
(o))
g Rotation
E &5) ®Ro
55 elnstDisc
25 50 100 200 400 626

Number of Parameters (Millions)

SOGANG UNIVERSITY
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Self-Supervised Learning

 Trend of the self-supervised learning

= Other (2020 ~)
- Bootstrap your own latent: A new approach to self-supervised Learning [7] (NIPS 2020)

: Negative sample & A& StXA| = self-supervised learning 7| ‘& X| CF
v Batchsize & 22 T U=
(@)

v Negative sample = |2+ augmentation &S & Of| robust S &

s+ 7| contrastive learning 1 H| =2} Siamese network = O| &

. SOTA d5 &4

view representation projection prediction

a) "\ e —
fo go qo
input
image t o > U > 0 ge(zs) . online
| - - '
L]
\
i
loss |
I
I
r!
t' o > UL >zl —A— sg(z) ¥ target
fe L—‘ e sg
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Self-Supervised Learning

Bootstrap your own latent: A new approach to self-supervised Learning (NIPS 2020)
= Motivation

- Negative sample = A& SFX| 211 image =5 E visual representation = St A= SHEE
*| o-l o X—” o}
= Step 1
v Random initialize =l model & St5 oAl R, freeze 2 Fl linear layer & € 0 &5
. S5 E| X[ 2= backbone (feature extractor) & AHE St classification S 2= 20l
- 1.4%2] top-1 accuracy =4

labeled
Limear Layer Ontaont

Training with | x ¥ |

Step 1 J Random Init

+ Freeze

L A L -’.::Tﬁ%?—; w=)  Top 1 Acc. 1.4%

R AT Nda

-»
21
SOGANG UNIVERSITY
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Self-Supervised Learning
Bootstrap your own latent: A new approach to self-supervised Learning (NIPS 2020)

« Motivation

' Step 2
v Eaédom initialized backbone + MLP(predictor) Ol unlabeled datasetO| & 13} prediction
(=]
3 Step 3
v M2 & random initialized model BE step 2 0| A| 22 B} prediction = target S £ &
- 18.8% 2| top-1 accuracy =3
- R0t target = IR = E SI5otHEtE 2 22 J50| &

(wpz ) Unlbeled Random lek Predictions
ataset

X - [ A %

step 3 | Linear Layer Dﬂ“’“ /

Random Init Training with
+ Freeze _ | Xy ‘

— ~7 Top 1 Acc. 18.8%
ok X -

B azasa . VDS
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Self-Supervised Learning
* Bootstrap your own latent: A new approach to self-supervised Learning (NIPS 2020)

= Model Architecture

- Online network

== Encoder (feature extractor) + projector + predictor

- Target network

= Encoder (feature extractor) + projector

Online network

a
o ® ¥ ¥
2 g 5 (81 % fE—90(20)
2 ) B
7 @
i i L
Exponential Moving {gs(2s). “£>
, e, llga(z0), - [z
v
;[ o]
g |8 §
Lo

Target network

»

S48 Th 3. 23
”101.1 X;.b
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Self-Supervised Learning
* Bootstrap your own latent: A new approach to self-supervised Learning (NIPS 2020)

= Model Architecture
- Online network
'« Target network 7} K|S 8t target = prediction OFH 2+& SF= network
Backpropagatlon = 21
= Projector 2t predictor = 25 MLP A&

Online network

p
o ¥ g
2 g S £ 15— q0(20)
= 3 8 ]

I 1 —

‘ {qe(z8), 2¢)

Exponential Moving

-
TN v !
” Sosfx;G Ug;:ﬁnsm 24 L AlBﬁ




Self-Supervised Learning
* Bootstrap your own latent: A new approach to self-supervised Learning (NIPS 2020)

= Model Architecture

- Target network
= Encoder (feature extractor) + projector
= Online network 7} St&5 & target M| S
' Stop-gradient
v Backpropagation ot X| %=
v Online network 2| weight 0| exponential moving average & & -& 50| weight update
. Stable 2t St5 7S (stable o target M5 71HS)
- Stop gradient 0| & -& A| collapsing ‘&4

: Average ||(19(39)H2 : ||;é|2
Y_m Y @
&
o
2 8 2 f—— 2
% g S % Zg
o

Target network

» -
R ¥ ok 25 X‘B;b
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Self-Supervised Learning
* Bootstrap your own latent: A new approach to self-supervised Learning (NIPS 2020)
= Model Architecture

- Symmetric Loss
;= Augmented image & online network 2 target network Of HFHY 2 =St loss Al 4t

s+ Cosine similarity A&

(q0(z0) Efg) _
lao(zo) ], - [l2¢ll,

Lo 2 |[@(z0) — 7], =2 -2

Ler=Log + Lo

Pz, : VoS
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Self-Supervised Learning
» Bootstrap your own latent: A new approach to self-supervised Learning (NIPS 2020)

- Experimental results
- MoCo, SimCLR = §0{ M= d=
- Batch size 7} 25671} K| A5 =

- 7|Z& contrastive learning & C} augmentation 2| H2}0] robust 2

5 * Sup.(200-2x)
BYOL(200-2X) % g (4)
2
suP'(%mL (4x)
Sup.
ki BYOL (2x)
SimCLR (4x)
®
BYOL SimCLR (2x)
InfoMin
CcHC =
ey el CPCv2-L
MoCo
SimCLR AMDIM
25M 50M 100M  200M  400M
Number of parameters
AR gk
SOGANG UNIVERSITY

Decrease of accuracy from baseline

ox Mo

TN\

—4| = EYOL
~——— SimCLR (repro)

4096 2048 1024 512 256 128
Batch size

(a) Impact of batch size

27

Decrease of accuracy from baseline

0 — BYOL
L )
\ 31imCLR (repro)
5

.E"""'-...
--..._,____h.

Crop + Crop
blur only  only
Transformations set

Baseline Remove Remove
grayscale  color

ib) Impact of progressively removing transformations

»
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Self-Supervised Learning
* Exploring Simple Siamese Representation Learning [8] (CVPR 2021)

« Motivation

~ Unsupervised learning 0| A] B 0| A8 Z[+= Siamese network & collapsing O| ‘2 SHX| 2k A|
AMES = U= 7HE simple oF HEH K| A
;= Negative sample pairs & Ar&0IA| %=
s'c large batch & AF&SHA| Y&

‘ = - (@)
:* Momentum encoders & AIZ0IXA| % F

- Siamese network 0| A collapsing O] L O{Lt= RIQ ™ 2 M
;= Stop-gradient 7} essential ¢t role = 7HA| 1 U=
> similarity -
predictor h ‘l‘ stop-grad

A

encoder f encoder f
T M A 1o

image I

Bisaea : %



Self-Supervised Learning
» Exploring Simple Siamese Representation Learning (CVPR 2021)

- Method

- Siamese network T2 |0 QO L} SHLEO| network Ol Bt predictor h 7+ = XY

~ Predictor 7 =M SHX| 2= network + stop gradient X-&

- Encoder £ feature extractor + projector (MLP) = O|F 0N QO 4, & encoder & weight share
= Loss function

~ Cosine similarity At-&

- Symmetric SFA| cosine similarity =5 HE
similarity
D(py,z2) = — % e stop-grad
[Fz24| P I P
1 1 % encoder f encoder f
ﬁZED{}}l’ stopgrad{z;g]]-i—iﬂﬁpz. stopgrad(z;))

I Lo

image I

ﬂ AXNa N VP
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Self-Supervised Learning
» Exploring Simple Siamese Representation Learning (CVPR 2021)
- Empirical Study
- Stop Gradient

= Stop gradient K| A| encoder 2| output O loss& 37| 2I5H constant value B2 = ot=
collapsmg E Ry

v Loss = |49 12 =&

v Standard deviation 0| 02 2 =& (collapsing)

: BE X 5Z HZE(MLP layer 5+, batch norm -8 O £) 51 0] &= stop gradient 7 -2 | X|
ots mos %“é collapsing ‘&4
v ¥012 & 4= A OLL, stop gradient 7} collapsing SH 2 0| essential T role & S e
1
05 — 1
—w/ stop-grad Vi
2 ——w/o stop-grad = N
; P-£ ‘; 2 | ace. (%)
-3 £ Z w/ stop-grad | 67.740.1
£ ° — w/ stop-grad = — w/ stop-grad w/o stop-grad 0.1
— w/o stop- grad —w/o stop- grad

1 0 0

epochs 100 0 LPU-L ha. 100 0 LPU-L h:. 100

=

SOGANG UNIVERSITY

o -
R Pk [ " X‘B;b




Self-Supervised Learning
» Exploring Simple Siamese Representation Learning (CVPR 2021)

- Empirical Study

- Predictor

: Predictor K| 7 Al collapsing ‘2
v Loss = 5‘13{::1._ stopgrad(zs

)+ %P{zg, stopgrad(zi))

. D(z1,22) 2} &Lt gradient direction & 15 downscale

v Stop gradient &

- Batch size

- Batch size &= ‘30| &2 O|X|L}, collapsing 2| &

2 batch size A E E2 ds= EY

== SimSiam O A= &

pred. MLP b | acc. (%)

baseline [+ with cosine decay 67.7
(a) no pred. MLP 0.1
(b) fixed random init. 1.5
(c) I+ not decayed 68.1

Table 1. Effect of prediction MLP (ImageNet linear evaluation
accuracy with 100-epoch pre-training). In all these variants, we
use the same schedule for the encoder f {Ir with cosine decay).

Pl L n A

. SOGANG UNIVERSITY

Mgt A1t 5 ot 21t

batchsizc| 64 128 256 512 1024 2048 4096
acc. (%) |66.] 67.3 681 68.1 680 679 640

Table 2. Effect of batch sizes (ImageNet linear evaluation accu-

racy with 100-epoch pre-training).

31

VS




Self-Supervised Learning
» Exploring Simple Siamese Representation Learning (CVPR 2021)
- Empirical Study
- Batch Normalization
v 4S50 Y= O] X[ X[ T collapsing 2| & ©12 OFd
v Projector = 2= MLP 0| batch norm 2 & &
v Predictor = batch norm = M&0}X| ¥
- ME8A| unstable ot St& ZiE E
- Similarity Function

. . o . . . .
;= Loss function = cosine similarity Clf & cross-entropy

i
1
o
Ot
L%
H
<
In

2l
H
0x
or
ujo
HT
oo

- Symmetrization

. asymmetric 2 2 loss & 8910 O . 452 EY
proj. MLP's BN | pred. MLP's BN | cosine cross-entropy
case hidden output | hidden output | ace. (%)

@ nonc - | - - | s acc. (%) |  68.1 63.2

(b}  hidden-only v - v - 67.4

() default v v v - 08.1

(d) all v v v v unstable | sym. asym. asym. 2x

Table 3. Effect of batch normalization on MLP heads (Ima- acc. (%) | 68.1 64.8 67.3

geNet linear evaluation accuracy with 100-epoch pre-training).

»
Ea e L-nt 32 v
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Self-Supervised Learning
» Exploring Simple Siamese Representation Learning (CVPR 2021)

= Methodology Comparisons
- SimCLR
;= Negative pair AF-&, large batch size
s+ Stop gradient 0| & -&
:= Predictor 0| & &
- BYOL

;= Momentum encoder AF&

grad, - ----  similarity & "“_'1|,dl'ilt| grad - » similarity = grad » similarity =
diss i larity i ¥ ¥
I
¥ M predictor predictor
' 1
moving
awCTage moHmentum
encoder encoder encoder < . encoder encoder
& ' 1 ' A ' A
'Lm.lagt im:lj_r_',t im:lj_r_',t
SimCLR BYOL SimSiam

B, : VoS



Self-Supervised Learning
» Exploring Simple Siamese Representation Learning (CVPR 2021)

- Experimental results

- 7|2 contrastive learning 3! supervised learning 2L} &2 &5 &4

method E:::f:eh neliszlri: € mco:‘:zlég.lrm 100ep 200ep 400ep BODep
SimCLR (repro.+) 4096 v 66.5 683 69.8 70.4
MoCo v2 (repro.+) 256 v v 67.4 69.9 71.0 722
BYOL (repro.) 4096 v 66.5 70.6 73.2 74.3
SwAV (repro.+) 4096 66.5 69.1 70.7 71.8
SimSiam 256 68.1 70.0 70.8 T1.3

Table 4. Comparisons on ImageNet linear classification. All are based on ResNet-50 pre-trained with two 224 224 views. Evaluation
is on a single crop. All competitors are from our reproduction, and “+" denotes improved reproduction vs. original papers (see supplement).

VOC 07 detection VOUC 07+12 detection COCO detection COCO instance seg.
prﬂ'[rﬂ.in APS[] AP AP?_-', APS[] AP AP?_-', APS[] AP AP?S AP;I.‘[L]E:‘»IC Apm‘.’k APEJ,H,;L"k
cratch 35.9 16.8 13.0 60.2 338 33.1 14.0 26.4 278 16.9 293 0.8

ImageNet supervised| 744 424 427 8l.3 535 588 582 382 412 547 333 352
SimCLR (repro.+) 759 468 501 Bl.E 5535 6l4 577 3719 409 | 546 333 353
MoCo v2 (repro.+) 77.1 485 525 | 823 ST.0 633 | 5BE 392 425 | 555 M3 366

BYOL (repro.) 77.1 47.0 49.9 314 553 61.1 57.8 379 40.9 54.3 332 35.0
SwAV (repro.+) 75.5 46.5 49.6 81.5 554 61.4 57.6 37.6 40.3 54.2 331 351
SimSiam, base 75.5 47.0 50.2 8.0 564 62.8 57.5 379 40.9 54.2 332 352

SimSiam, optimal 77.3 485 525 | 824 570 637 | 593 392 421 | 560 344 367
Table 5. Transfer Learning. All unsupervised methods are based on 200-epoch pre-training in ImageNet. VOC 07 detection: Faster
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