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B Introduction

What is Self-Supervised Leaming?

/

% Supervised Learning Framework
- Feature Extractor : 218 HO|HERH 2% JEE 2%, ==
o

Fully-Connected Layer : SAFEEERH FHO| Y%= ELALE o=

Spiderman
- B - Thor
. Iron Man
B Hulk
Feature Representation
Extractor Vector Fully-Connected Layer

—y
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B Introduction

What is Self-Supervised Learning?

/

% Self-Supervised Learning Framework
«  Supervised Learning 2 ?|%t Labeled Data & 7+&5 8= A2 A[Z/HIEXH 2271 2

« [CHZFO| Unlabeled Data & 28950 Feature Extractor & 52 &= S22

Unlabeled Data —_ g —> o= Unsupervised Pre-training
Feature Extractor Representation Projector
(Encoder) Vector
=
Labeled Data —> —_> + Supervised Fine-tuning
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B Previous SSL Methods

Pretext Task Methods

*»» Pretext Task Method : Context Prediction
«  AMEX}7t Task-agnostic 8 Label2 BHE O] AN SHE5S 4+

*  Label : 578 I{X[0f Chet CHE THA[Q] STHAH QI (K]

«t3¥n

Representation
Vector
Doersch, C., Gupta, A., & Efros, A. A. (2015). Unsupervised visual representation learning by context
prediction. In Proceedings of the IEEE international conference on computer vision (pp. 1422-1430). j -
KOREA 0.. Data Mining
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B Previous SSL Methods

(. N

1. Pretext task &l 2 22| A El(heuristic)0l| 7|9t} 7| U = 0|
Representation-Vector2| & &t/ 0| A|stHEl

> HeuristicOl| 2221 0| Instancel] oS &2 22 = US7?

Doe&\h\ //
prediction. In
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B Previous SSL Methods

Contrastive Learning Methods

% Contrastive Learning Method : SImCLR
*  Positive Pair : Z2 O|0|X|0| A M2 CHE HO|E & 7|8= HEct
«  Negative Pair : M2 C}2 O|O|X |28 H O|O|H 54 7|82 M&% M

*  Positive Pair = 7FZ |, Negative Pair= HO{X| =& & (Cosine Similarity)

Mk

Mk

It1 XX
Images Representation Vector +
Itz L) 9 eeoo
~ e -
Hypersphere
Chen, T., Kornblith, S., Norouzi, M., & Hinton, G. (2020, November). A simple framework for contrastive
learning of visual representations. In International conference on machine learning (pp. 1597-1607). PMLR. q
ini \
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B Previous SSL Methods

>

1. Contrastive Learning= Ll 2| Negative Sample1} H| 1l

~

g 5ot

A= EOI
o=
- Negative Sample 810| 5| O Lt Representation= S5 == S

2. 22 BF/L0| 28 FAMI S 7IX| 2t CF= 24| of] CHol
NegatlveE ’S'°|'7 | I =0 False Negative = M| 7} &4
> 9|0|E2X FAHE = 12{ot7| fIoll Clustering = 28 + A=

N
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B Previous SSL Methods
Distillation Methods

/

% SSL exploiting only positives

Positive SampleZHS &

=
«  Distillation 7|Et EtH=

2510 stge 4% O|0|X| &1 A 21+ Constant Vector2 =g = 2 Z(Collapse)
o
| I—

Negative Sample 2{0| Collapsed Representation = S§Z St 1A} &t

1
1
| . 1
MSE Loss — - ]
1
1
Collapsed
Representation
Encoder Projector Projection Vector

Grill, J. B., Strub, F., Altché, F., Tallec, C., Richemond, P., Buchatskaya, E., ... & Valko, M. (2020).

Bootstrap your own latent-a new approach to self-supervised learning. Advances in neural information

processing systems, 33, 21271-21284. Data Mint \"-
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B Previous SSL Methods

Distillation Methods

% Distillation Method : BYOL
Online Network 2} Target Network0l A Projection Vector & =
e Online Network 2| Embedding Vector 25-E Target Network 2| Representation Vector £ 0=

«  Asymmetric Architecture/Stop Gradient &= &-&5}0{ Collapsed Representation SiZ

Predictor Prediction Vector
MSE Loss
Stop
. Gradient

Grill, J. B., Strub, F., Altché, F., Tallec, C., Richemond, P., Buchatskaya, E., ... & Valko, M. (2020). Projection Vector

Bootstrap your own latent-a new approach to self-supervised learning. Advances in neural information

processing systems, 33, 21271-21284. ‘ >
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B Previous SSL Methods

4 N

1. Distillation 7|8t 2 =2 Collapsed Representation= ol Z25}7| S
off Asymmetric Architecture/Batch Normalization & & T+ XX X
oFo| =Xl

\_ /
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B Previous SSL Methods

4 R

1. Contrastive Learning= Ll ZF2| Negative Samplell} H| m g U 5| Of Lt
ME== HOl
oo =2 =

-> Negative Sample 810| 5| O Lt Representation= S5 == ST

2. 22 BF/L0| 28 FAMI S 7IX| 2t CF= 24| of] CHol
Negative 2 g9} 7| Wl Z 0| False Negative =X|7 H

——
1
T

>

> O|0|EH FAdE 11261 7| 215l Clustering 2 &€ = U2
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B Previous SSL Methods
Clustering Methods

/

% Clustering Method : Deep Cluster
«  Stepl: TE=! Feature Vector0l CHSH k-means Clustering =2
e Step2: T Cluster £ pseudo-labelZ K|35} Classification =2

¢  Stepl & Step2 BH=

- ~
(/ \\\
o N ° 1
~N 7
\\ \*‘_'////
\ L /
\\\_’//
Hypersphere

Caron, M., Bojanowski, P., Joulin, A., & Douze, M. (2018). Deep clustering for unsupervised learning of
visual features. In Proceedings of the European conference on computer vision (ECCV) (pp. 132-149).
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UKI\S?/E{RIS:_IQ 14/45 .{.. Quality Analytics



B Previous SSL Methods

(. N

1. Clustering PhaseZ| H| S7| M2 =W &|7| U Z 0 Scale UpO| 01

I]lO

2. Online Clustering0| 7.5 S5 2= CH ZF2| Negative ComparisonO|
g aokZi2 OrEk7Hx|
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4
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B Previous SSL Methods

Summary
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Pretext Task

a2 )

Unlabeled Data®{| A| Task Agnostic®t

pseudo-label= ‘H-d5t0 ah&
Distillation

4 N

Negative Sample 80| Positive Sample
0r2 =t23510] &t
L= =2 O I —

- /

16/45

Contrastive Learning
S & 4K |(instance) Of F-0f| 2k

posntlve/negatlve— 2|51 Cosine

o

Similarity 2 St

/

/

Clustering
S AHE S 28510 semantic
SimilarityS X% Instance

Discrimination Epéu' %%

\

/
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B Information Maximization Methods

Information Maximization Methods

% Information Maximization Methods
-  SYot O|O|X|OM L2 M "HEE Z[C2tol= & ahaote Y=

v" Barlow Twins : Cross-Correlation = Z|2-2}510] X2l 7HE H 9| = (Redundancy Reduction)= |23}

v W-MSE : Whitening Transform = &5l Negative Sample 10| CollapseE & X|

v' VICReg : 37tX| TtX|Zk(Regularization) =4 et+~& Soff YH|T HE Q| HE o= &4

- 7|E LEES CiH| ofget €2 §HE 7t

vs Pretext Task : £ EfA30f X|2X|X| &

vs Contrastive Learning : Negative Sample=

ro rlo i

vs Clustering : Off-line Clustering, Negative Sample 282 &

vs Distillation : Assymetric Architecutre, Batch Norm & 725 X|<f Gls
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B Information Maximization Methods

Barlow Twins

\/
0.0

« 20239 2E 7|= 9472| 21&
«  Cross-Correlation Matrix& 283510 Representation Vector®

«  https:;//github.com/facebookresearch/barlowtwins

Representations
(for transfer tasks)

| 2 552

Zt
(o

& facebookresearch / barlowtwins ' Public

Barlow Twins : Self-Supervised Learning via Redundancy Reduction(2021, ICML)

2~(Redundancy Reduction)

Go to file

8e8d284 on Feb 23,2022 O 30 commits

<> Code O lssues 7 19 pull requests 1 @ Actions ﬂa Projects Q Security  |* Insights
Distorted o
images : Embeddings
— ] Empirical Targe‘t £ main ~ ¥ 1branch & 0tags
ki 74 cross-corr. CrOS5-COfT.
jingli9111 Update README.md
e [“m_ N, C T o
| Y J n ‘C’ BT () CODE_OF CONDUCT.md first commit
fﬁ | -— [) CONTRIBUTING.md first commit
[ LICENSE Relicense Barlow Twins into MIT license
—— —
ZB feature [ README.md Update README md
— . dimer‘-sion [ evaluatepy fix #22 (wrap model in ddp)
. . hubconf. replace --scale-loss with —learning-rate-biases
Encoder  Projector i py p a
O main.py Update main.py
Zbontar, J., Jing, L., Misra, I., LeCun, Y., & Deny, S. (2021, July). Barlow twins: Self-supervised learning
via redundancy reduction. In International Conference on Machine Learning (pp. 12310-12320). PMLR.
UNIVERSITY 18/45

.ﬁ

2 years ago
2 years ago
2 years ago

last year
2 years ago
2 years ago

2 years ago
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B Information Maximization Methods
Barlow Twins

/

% Why does it called “Barlow Twins??"

 David H. Barlow : "2 X2|9| SH= 45| =& GEE SHE Q49 ZEE QA E5I= A0}
«  Redundancy Reduction : X|2tEl 37]2| Representation Vectord| Al MES| 552 LA Al7|l= A

“The goal of sensory processing is to recode highly redundant
sensory inputs into a factorial code, a code with statistically
independent components”

David H. Barlow

Zbontar, J., Jing, L., Misra, I., LeCun, Y., & Deny, S. (2021, July). Barlow twins: Self-supervised learning
via redundancy reduction. In International Conference on Machine Learning (pp. 12310-12320). PMLR.

Data Mining N
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B Information Maximization Methods
Barlow Twins

/

% Why does it called “Barlow Twins??"
 David H. Barlow : "2 X2|9| SH= 45| =& GEE SHE Q49 ZEE QA E5I= A0}
A

«  Redundancy Reduction : X{|2tEl 37|2| Representation Vectord| Al BE2| 552 4

Highly Correlated

David H. Barlow

Zbontar, J., Jing, L., Misra, I., LeCun, Y., & Deny, S. (2021, July). Barlow twins: Self-supervised learning
via redundancy reduction. In International Conference on Machine Learning (pp. 12310-12320). PMLR.
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Representations
(for transfer tasks)

Distorted ~

- Information Maximization Methods

c T

-'-..'.. 13137"._...-
|
—

feature
dimension

Barlow Twins

Encoder  Projector

¢ Method
«  Cross-Correlation Matrix”| Identity Matrix0ll 2 5t= 5 ot&
v" Diagonal Component : O|0|X| 5Z 7| &0j &} 8i0] =

v' Off-Diagonal Component : Q/H| = HIE{O| MZ C}

Ust MEE 213 Y(Invariance)

M

45 EEXNQ M E 213 Z(Redundancy Reduction)

Zp2},i2h )
(et JmaleE,)’
1] Ly

C; =

Cross-Correlation Identity
Matrix Matrix

Lpr 2 2;(1 — C;)% + A%;2),CF;

Images Encoder Projector Embedding Vectors

Zbontar, J., Jing, L., Misra, I., LeCun, Y., & Deny, S. (2021, July). Barlow twins: Self-supervised learning
via redundancy reduction. In International Conference on Machine Learning (pp. 12310-12320). PMLR.

Data Mining N
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B Information Maximization Methods
Barlow Twins

/

«*  Main Results

«  J|ESSLYEESO| MAAE EF BlO| Heot 2R &2 d52

- - -

v" Multi-Crop Augmentation : SWAV

v" Negative Samples : MoCo, PIRL, SimCLR
v" Momentum Encoder : MoCo, BYOL

v" Asymmetric Architecture : BYOL, SimSiam

Table 1. Top-1 and top-5 accuracies (in %) under linear evalu-
ation on ImageNet. All models use a ResNet-50 encoder. Top-3
best self-supervised methods are underlined.

Table 2. Semi-supervised learning on ImageNet using 1% and
10% training examples. Results for the supervised method are
from (Zhai et al., 2019). Best results are in bold.

Method Top-1 Top-5

Supervised 76.5 Method Top-1 Top-5
MoCo 60.6 1% 10% 1% 10%
PIRL 636 - Supervised 254 564 484 804
SIMCLR 693  89.0

MoCo v2 711 90.1 PIRL - - 572 838
SIMSIAM 71.3 - SiMCLR 48.3 656 755 878
SWAV (w/o multi-crop) 718 - BYOL 532 688 784 89.0
BYOL 743 916 SWAV 539 702 785 89.9

SWAV 753

BARLOW TWINS (ours) 732 91.0 BARLOW TWINS (ours) 55.0 69.7 79.2 89.3

Zbontar, J., Jing, L., Misra, I., LeCun, Y., & Deny, S. (2021, July). Barlow twins: Self-supervised learning
via redundancy reduction. In International Conference on Machine Learning (pp. 12310-12320). PMLR.

KOREA
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!EE o E “ oot [Eolet, )
" " LET ﬁ

Cross-Correlation Identity
Matrix Matrix

e 2
Images Encoder  Profector Embedding Vestars Lgy & E,(1 — Cy)? + A5E; (]

Table 3. Transfer learning: image classification. We benchmark
learned representations on the image classification task by training
linear classifiers on fixed features. We report top-1 accuracy on
Places-205 and iNat18 datasets, and classification mAP on VOC07.
Top-3 best self-supervised methods are underlined.

Method Places-205 VOCO07 iNatl8
Supervised 53.2 87.5 46.7
SimCLR 52.5 85.5 37.2
MoCo-v2 51.8 86.4 38.6
SwAV (w/o multi-crop) 52.8 86.4 39.5
SwAV 56.7 88.9 48.6
BYOL 54.0 86.6 47.6
BARLOW TWINS (ours) 54.1 86.2 46.5

0-. Data Mining
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B Information Maximization Methods [~ EEH
Barlow Twins {

/

< Dimensionality of Projector Network
«  Projector Network®| X}0| & =5 H50|

« LCIESSLEHE

SEAL K|
O O O

1} 22| Representation Vector2| AH& E Lt Projection Vector2| AHI0| S &

Representations
(for transfer tasks)

. R 72 - B Tl e
Distorted I . e
images Embeddings 370 .
Empirical Target @ 68 1
cross corr. Cross-corr. 2 661
(@)
I < 64 B A
=
—
,C & 621
B'T C w0
= 60 —8— BT (ours)
58 4 -@- BYOL
-:@- SimCLR
56 bt ————
16 32 64 128 256 512 1024 2048 4096 819216384
feature Projector Dimensionality
dimension

Encoder

Projector

Zbontar, J., Jing, L., Misra, I., LeCun, Y., & Deny, S. (2021, July). Barlow twins: Self-supervised learning
via redundancy reduction. In International Conference on Machine Learning (pp. 12310-12320). PMLR.

KOREA
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Figure 4. Effect of the dimensionality of the last layer of the pro-
jector network on performance. The parameter A is kept fix for
all dimensionalities tested. Data for SIMCLR is from (Chen et al.,
2020a) fig 8; Data for BYOL is from (Grill et al., 2020) Table 14b.

.ﬁ

A 8
LyZhiZh j

“ Ty iy

] Ler

Cross-Correlation

Matrix

Identity
Matrix

Lgy 2 E,(1 — ;)% + AEE (],
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B Information Maximization Methods
W-MSE

/

< Whitening for Self-Supervised Representation Learning(2021, ICML)
-+ 20234 2 7|E 1429] 218
Whitening TransformationS S3H Negative Sample £10| CollapseS &X|5H0] H|O|E{ & OfE

«  https;//github.com/htdt/self-supervised

& htdt/ self-supervised ' Public

<> Code (© lssues 19 Pull requests & Actions [ Projects @ Security [~ Insights

¥ master ~ ¥ 1branch © 0tags

[ 3 htdt Merge pull request #9 from lucas-maes/master ...

> B data update gitignore
il
. . h . . b 1 1 M datasets cfg for imagenet
> g(-) > W Itent’ng - : Nom‘ : . MSE B docker faster eval & num_workers setting
> > ol e m =1 m el top5 accuracy + test.py update
>
B methods edit deprecated solve_triangular/cholesky for ni
h v z
W R minor
[ .gitignore update gitignore
[ READMEmd Update README.md
O cfg.py cfg for imagenet
[ modelpy minor
[ testpy top5 accuracy + testpy update
O trainpy top5 accuracy + test.py update

Ermolov, A., Siarohin, A., Sangineto, E., & Sebe, N. (2021, July). Whitening for self-supervised
representation learning. In International Conference on Machine Learning (pp. 3015-3024). PMLR.

KOREA
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Go to file Add file ~

d9662c8 2 W

ew pytorch version

.ﬁ

eeks ago  §9) 71 commits

3 years ago
3 years ago
3 years ago
3 years ago
3 weeks ago
3 years ago
3 years ago

last year
3 years ago
3 years ago
3 years ago
3 years ago

Data Mining  — *
Quality Analytics


https://github.com/htdt/self-supervised

- Information Maximization Methods F reesemaion E:E:

1
Collapsed
resentation

Positive-Negative ContrastZ| 2 2 £17| Il = 0] Multi-Positive SampleZt
O| Hl W7} 7}

Ermk\ //
representation
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B Information Maximization Methods
W-MSE

% Whitening MSE Loss

. Formulation

v v;,v; : Embedding Vectors of positive image pairs (x;, x;)

mein E [diSt(Vi, V])]

s.t.cov(v;,v;) = cov(vj,vj) =1

V; _ V]
vl vl

Ermolov, A., Siarohin, A., Sangineto, E., & Sebe, N. (2021, July). Whitening for self-supervised
representation learning. In International Conference on Machine Learning (pp. 3015-3024). PMLR.

Data Mining
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B Information Maximization Methods
W-MSE

% Whitening MSE Loss

*  Formulation
v d:#of positive examples(augmentation)
v' N :#of Original Images
v’ V:Embedding Vectors in a batch {vy,V,, ...,vg},K = Nd

2
LMSE(V) = Nd(d — 1) z diSt(Vi,Vj)

pos(i,j)=True

Vi vi || (vi, v))

diSt(Vi, V]) =

villz - lvi 112 = [l
Ivillz [l || Ivillz = [l
Ermolov, A., Siarohin, A., Sangineto, E., & Sebe, N. (2021, July). Whitening for self-supervised

representation learning. In International Conference on Machine Learning (pp. 3015-3024). PMLR.

KOREA 27/a5

UNIVERSITY

.ﬁ

Data Mining
Quality Analytics



B Information Maximization Methods
W-MSE

% Whitening MSE Loss

*  Formulation
v d:#of positive examples(augmentation)
v' N :#of Original Images
v’ V:Embedding Vectors in a batch {vy,V,, ...,vg},K = Nd

2 .
LMSE(V) = Nd(d . 1) z dlSt(zl" Z])
pos(i,j)=True

1
Uy = Ezk""

Z = Whitening(v) = Wy (v — uy) 1
Sy = mz:k(vk — i) (Vi = )"

wriw, = z;1
2 (z:,2;)

Z; Z
=2-2
zlla— o,

_Z
2~ T,

Ermolov, A., Siarohin, A., Sangineto, E., & Sebe, N. (2021, July). Whitening for self-supervised
representation learning. In International Conference on Machine Learning (pp. 3015-3024). PMLR.

Data Mining
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B Information Maximization Methods
W-MSE
% Whitening MSE Loss
*  What is role of "Whitening"??
v UHIE HIESE 0| 00|12 SEA WEO| Bhel QI Z=0 IHEAIZ =

v" Redundancy Reduction + Collapse Prevention

:‘ o ' o
 ee | e |,

2) Whitened representation 3) Normalized representation

1) Initial representaion space V
space Z on hypersphere
s ”
*
> . > >

5) An intermediate iteration,
scattering is preserved

6) When the optimization is
over the positive samples are
clustered together

4) Positives attract each
other with MSE

Ermolov, A., Siarohin, A., Sangineto, E., & Sebe, N. (2021, July). Whitening for self-supervised
representation learning. In International Conference on Machine Learning (pp. 3015-3024). PMLR.

Data Mining  — *
.{‘. Quality Analytics
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- Information Maximization Methods Bt o

*
Y . | -
[ ] * L ]
W_MSE 1) Initial representaion space V 1) Whitened . SPf i ’
'.:.’ ’.’o A’O.
. prihA
% Overall Process $Ne % | .
e i ® *
. . . . * O x-®
«  Whitening Transform : Redundancy Reduction + Preventing Collapse i
»  MSE Loss : Representation Invariance
LMSE(V) =I—VL(‘1“‘E§25-EK1)5: N 1 iSt(z”_ j) diSt(V[:Vj)
pos(i,)=True POs()=True . :—Z .
z = Whitening(v) = Wy (v — uy) : Z
By =g ), (e )= i)'
%ZLZ D (vlv}) v Wy =21y //’-—\\\
astteor) N b R o, e N
/ \
/ \
/ e e \
[ e - =~ \\
9 < 7
-
\ ——e =1
\ /
teni \ /
Encoder Projector }:_‘:::;2:5 \ /
N e
~N 7
~ -
Ermolov, A., Siarohin, A., Sangineto, E., & Sebe, N. (2021, July). Whitening for self-supervised -
representation learning. In International Conference on Machine Learning (pp. 3015-3024). PMLR. Hypersphere

Data Mining )
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2

I \nformation Maximization Methods " @ 5,.2,. " i
z = Whitening(v) = Wy (v — uy) e
W_MSE Iy = - zk(vk—uv)(vk—uv)T

K-1
WEW, = 551
< Additional Trick — Batch Slicing dist(zyz) = || m g tEE)
/ llz; |l ||Zj||2 5 llz;ll, — ”Z]”
* lterative Batch & uy,, W, 2| Variance”t 0f2 &
. SHE9| oMHEE loH Sub-Batch & puy, Wy, & T T BT 2 Whitening
d
A
[ | \ |
| e i ( 2
| . artition 1 Hvo || Hvyp sub — batch size
I Wy, [I| Wy, / A \
L == S N _
| ) e N\ | N
B emb size PRIPP
N < | | 7~ partition2 Hvs) | Hv,,
I H Wy, I Wy,
| L . JARN J
T ] ) ( \T( ) emb size * 2 = sub — batch size
| > partition 3 Hvgs | e
I WV5 | WV6
I / \_ J 1 L J
Batch Sllcmg Calculate Statistics

Ermolov, A., Siarohin, A., Sangineto, E., & Sebe, N. (2021, July). Whitening for self-supervised
representation learning. In International Conference on Machine Learning (pp. 3015-3024). PMLR.
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B Information Maximization Methods
W-MSE

\/
0.0

Main Results
. SimCLR, BYOL 2} H| 1t

*  positive sample 7i==0]| [+ &= H|

Table 1. Classification accuracy (top 1) of a linear classifier and a 5-nearest neighbors classifier for different loss functions and datasets

with a ResNet-18 encoder.

Method CIFAR-10 CIFAR-100 STL-10 Tiny ImageNet

linear  5-nn | linear  5-nn | linear  5-nn | linear 5-nn
SimCLR (Chen et al., 2020a) (our repro.) | 91.80 88.42 | 66.83 56.56 | 90.51 85.68 | 48.84 32.86
BYOL (Grill et al., 2020) (our repro.) 91.73 8945 | 66.60 56.82 | 91.99 88.64 | 51.00 36.24
W-MSE 2 (ours) 91.55 89.69 | 66.10 56.69 | 90.36 87.10 | 48.20 34.16
W-MSE 4 (ours) 91.99 89.87 | 67.64 5645 | 91.75 88.59 | 49.22 3544

Ermolov, A., Siarohin, A., Sangineto, E., & Sebe, N. (2021, July). Whitening for self-supervised
representation learning. In International Conference on Machine Learning (pp. 3015-3024). PMLR.
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% VICREG: Variance-Invariance-Covariance Regularization for Self-Supervised Learning(2022, ICLR)
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v Weight Sharing, Batch Norm, Feature-wise Norm, Stop Gradient, Memory Bank & 7|Z SSLO|A] at&2| oHE-E 2 ¢l =7tet EEIE0|

2eil=AEH

. . . = e i ublic
«  https:;//github.com/facebookresearch/vicreg L
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Bardes, A., Ponce, J., & LeCun, Y. (2021). Vicreg: Variance-invariance-covariance regularization for self-
supervised learning. arXiv preprint arXiv:2105.04906.
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% Why does it called VICReg??
*  Variance Regularization : 24 YJH{|E At@l2| F4t0] 0LCF A =5 SFA}
* Invariance Regularization : Z£2 Z{M| 22 £ L2 QH|F0| 02X o= L& = SHAt
(@]

«  Covariance Regularization : H|

* Invariance: the mean square distance between the embedding vectors.

* Variance: a hinge loss to maintain the standard deviation (over a batch) of each variable of
the embedding above a given threshold. This term forces the embedding vectors of samples
within a batch to be different.

* Covariance: a term that attracts the covariances (over a batch) between every pair of
(centered) embedding variables towards zero. This term decorrelates the variables of each
embedding and prevents an informational collapse in which the variables would vary
together or be highly correlated.

Bardes, A., Ponce, J., & LeCun, Y. (2021). Vicreg: Variance-invariance-covariance regularization for self-
supervised learning. arXiv preprint arXiv:2105.04906.
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« Invariance Regularization — Distance between the embedding vectors towards zero
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Bardes, A., Ponce, J., & LeCun, Y. (2021). Vicreg: Variance-invariance-covariance regularization for self-
supervised learning. arXiv preprint arXiv:2105.04906.
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% Regularization Terms P

«  Variance Regularization — Standard deviation of each variable(dimension) of the embedding above a given threshold
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Bardes, A., Ponce, J., & LeCun, Y. (2021). Vicreg: Variance-invariance-covariance regularization for self-
supervised learning. arXiv preprint arXiv:2105.04906.
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% Regularization Terms
«  Variance Regularization — Standard deviation of each variable(dimension) of the embedding above a given threshold

«  Why Standard Deviation instead of Variance??

max(0,y — std(z/)) max(0,y — Var(z/))

/c \ : - std(z))

- std(z))

a =

Bardes, A., Ponce, J., & LeCun, Y. (2021). Vicreg: Variance-invariance-covariance regularization for self-
supervised learning. arXiv preprint arXiv:2105.04906.
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«  Covariance Regularization — Covariances between every pair of centered embedding variables towards zero
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«  Covariance Regularization — Covariances between every pair of centered embedding variables towards zero

«  Difference between Barlow Twins and VICReg
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Bardes, A., Ponce, J., & LeCun, Y. (2021). Vicreg: Variance-invariance-covariance regularization for self-
supervised learning. arXiv preprint arXiv:2105.04906.
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Bardes, A., Ponce, J., & LeCun, Y. (2021). Vicreg: Variance-invariance-covariance regularization for self-
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«*  Main Results

«  Linear Classification/Semi-Supevised Classification from ImageNet

«  Linear Classification/Object Detection from Places, VOC, COCO

Table 1: Evaluation on ImageNet. Evaluation of the representations obtained with a ResNet-50
backbone pretrained with VICReg on: (1) linear classification on top of the frozen representations
from ImageNet; (2) semi-supervised classification on top of the fine-tuned representations from
1% and 10% of ImageNet samples. We report Top-1 and Top-5 accuracies (in %). Top-3 best
self-supervised methods are underlined.

Table 2: Transfer learning on downstream tasks. Evaluation of the representations from a ResNet-
50 backbone pretrained with VICReg on: (1) linear classification tasks on top of frozen representa-
tions, we report Top-1 accuracy (in %) for Places205 Zhou et al. (2014) and iNat18 Horn et al. (2018),
and mAP for VOCO07 Everingham et al. (2010); (2) object detection with fine-tunning, we report
AP35 for VOCO07+12 using Faster R-CNN with C4 backbone Ren et al. (2015); (3) object detection

Linear Semi-supervised and instance segmentation, we report AP for COCO Lin et al. (2014) using Mask R-CNN with FPN

Method Top-1 Top-5 Top-1 Top-5 backbone He et al. (2017). We use f to denote the experiments run by us. Top-3 best self-supervised
%  10% 1%  10% methods are underlined.

Supervised 76.5 - 254 564 484 804 Linear Classification Object Detection
MoCo He et al. (2020) 60.6 - - - - - Method Places205 VOCO07 iNatl8  VOC07+12 COCO det COCO seg
PIRL Misra & Maaten (2020) 63.6 - - - 57.2  83.8 -
CPC v2 Hénaff et al. (2019) 63.8 _ R _ _ _ Supervised 532 87.5 46.7 81.3 39.0 354
CMC Tian et al. (2019) 662 - - - - - MoCo He et al. (2020) 469 798 315 - - -
SimCLR Chen et al. (2020a) 69.3 89.0 483 656 755 878 PIRL Misra & Maaten (2020) 498 31.1 34.1 _ ) _
MoCo v2 Chen et al. (2020c) 71.1 - - - - - .
SimSiam Chen & He (2020) 713 ) i ) i ) SimCLR Chen et al. (2020a) 52.5 85,5 372 - - -
SwAV Caron ef al (20;0) 71.8 ] _ ] ) ] MoCo v2 Chen et al. (2020c) 51.8 86.4 38.6 82.5 39.8 36.1
InfoMin Aug Tian et al. (2020) 730 911 ; i - - SimSiam Chen & He (2020) - - - 82.4 - -
OBoW Gidaris et al. (2021) 73.8 R ; - 829 907 BYOL Grill et al. (2020) 540 866 47.6 - 4047 37.0
BYOL Grill et al. (2020) 743 91.6 532 688 784 89.0 SwWAV (m-c) Caron et al. (2020)  56.7 88.9 48.6 82.6 41.6 37.8
SwAV (w/ multi-crop) Caron et al. (2020)  75.3 - 539 702 785 899 OBoW Gidaris et al. (2021) 56.8 89.3 - 829 - -
Barlow Twins Zbontar et al. (2021) 73.2 91.0 550 69.7 792 893 Barlow Twins Grill et al. (2020)  54.1 86.2 46.5 82.6 40.01 36.71
VICReg (ours) 73.2 91.1 548 695 794 895 VICReg (ours) 54.3 86.6 47.0 824 394 36.4

Bardes, A., Ponce, J., & LeCun, Y. (2021). Vicreg: Variance-invariance-covariance regularization for self-
supervised learning. arXiv preprint arXiv:2105.04906.

KOREA 41/45 .{.. Data Mining >

UNIVERSITY Quality Anclytics



B Information Maximization Methods
VICReg

/

< Multi-Modal Availability
«  MS-COCO DatasetO| A O|O|X|-ZHM(HIAE)E APH St

StE 2 Content Retrieval ‘s H|
v VICReg= ZH212| QIALE Y2 ftX|=tst”| IE0| 2 Q1=

2+ 9l
v' Barlow Twins@| 4<% 2t 213

H 2| Modality7} CHEALE 22 SAZ0| EEt: A 7ts

- O

o] Aut2 £ E Cross Correlation= T+617| 20| & &2 Modality 52 &4 &= 7|

Table 3: Evaluation on MS-COCO 5K retrieval tasks. Comparison of VICReg with the contrastive
loss of VSE++ Faghri et al. (2018), and with Barlow Twins, pretrain on the training set of MS-COCO

In all settings, the encoder for text is a word embedding followed by a GRU layer, the encoder for
images is a ResNet-152.

Method Image-to-text Text-to-Image

R@] R@5 R@10 R@] R@5 R@10
Contrastive (VSE++) 30.3 59.4 72.4 41.3 71.1 81.2
Barlow Twins 31.4 60,4 75.1 42.9 74.0 83.5
VICReg 33.6 62.7 717.9 45.2 76.1 84.2

Bardes, A., Ponce, J., & LeCun, Y. (2021). Vicreg: Variance-invariance-covariance regularization for self
supervised learning. arXiv preprint arXiv:2105.04906.
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% Options
«  Different Architecture? Sharing Weights?

Table 5: Impact of sharing weights or not between branches. Top-1 accuracy on linear classifica-
tion with 100 pretraining epochs. The encoder and expander of both branches can share the same
architecture and share their weights (SW), share the same architecture with different weights (DW),
or have different architectures (DA). The encoders can be ResNet-50, ResNet-101 or ViT-S.

SWR50 DWRS50 DA R50/R101

DA R50/V1iT-S

BYOL 69.3 X

SimCLR 64.4 63.1
Barlow Twins 68.7 64.2
VICReg 68.6 66.5

X
63.9
65.3
68.1

X
63.5
63.9
66.2

Bardes, A., Ponce, J., & LeCun, Y. (2021). Vicreg: Variance-invariance-covariance regularization for self-
supervised learning. arXiv preprint arXiv:2105.04906.
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% Combining with other Methods

«  BYOL/SimSiam + Variance Regularization
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Figure 3: Incorporating variance regularization in BYOL and SimSiam. Top-1 accuracy on the
linear evaluation protocol for different number of pretraining epochs. For both methods pre-training

follows the optimization and data augmentation protocol of their original paper but is based on our
implementation. Var indicates variance regularization

Bardes, A., Ponce, J., & LeCun, Y. (2021). Vicreg: Variance-invariance-covariance regularization for self-
supervised learning. arXiv preprint arXiv:2105.04906.
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s Limitation of Previous SSL Methods
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