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a Introduction | Instance-wise contrastive learning: Instance discrimination

Instance-wise contrastive learning
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a Introduction | Instance-wise contrastive learning: Instance discrimination

Instance-wise contrastive learning
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Instance-wise contrastive learning

Pull together Push apart
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Instance discrimination

Classification Instance discrimination
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Instance discrimination
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Limitations of instance-wise contrastive learning

( Limitation 1 ) Limitation 2
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Limitations of instance-wise contrastive learning
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Limitations of instance-wise contrastive learning
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Limitations of instance-wise contrastive learning
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Limitations of instance-wise contrastive learning

( Limitation 1 ) Limitation 2
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Clustering: a classical school of unsupervised learning
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Deep clustering for unsupervised
learning of visual features

(ECCV 2018)

C I u Ste rl n g Deep Clustering for Unsupervised Learning
for deep representation learning of Visual Features

Mathilde Caron, Piotr Bojanowski, Armand Joulin, and Matthijs Douze

Facebook Al Research

Abstract. Clustering is a class of unsupervised learning methods that
has been extensively applied and studied in computer vision. Little work
has been done to adapt it to the end-to-end training of visual features
on large scale datasets. In this work, we present DeepCluster, a clus-
tering method that jointly learns the parameters of a neural network
and the cluster assignments of the resulting features. DeepCluster it-
eratively groups the features with a standard clustering algorithm, k-
means, and uses the subsequent assignments as supervision to update
the weights of the network. We apply DeepCluster to the unsupervised
training of convolutional neural networks on large datasets like ImageNet
and YFCC100M. The resulting model outperforms the current state of
the art by a significant margin on all the standard benchmarks.

Keywords: unsupervised learning, clustering




e Clustering for deep representation learning Deep clustering for unsupervised learning of visual features (DeepCluster)
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e Clustering for deep representation learning Deep clustering for unsupervised learning of visual features (DeepCluster)
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e Clustering for deep representation learning Deep clustering for unsupervised learning of visual features (DeepCluster)
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e Clustering for deep representation learning Deep clustering for unsupervised learning of visual features (DeepCluster)

Framework of DeepCluster

Classification
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e Clustering for deep representation learning Deep clustering for unsupervised learning of visual features (DeepCluster)

Framework of DeepCluster
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e Clustering for deep representation learning Deep clustering for unsupervised learning of visual features (DeepCluster)

Trivial solution
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e Clustering for deep representation learning Deep clustering for unsupervised learning of visual features (DeepCluster)

Avoiding trivial solution
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e Clustering for deep representation learning Deep clustering for unsupervised learning of visual features (DeepCluster)

Avoiding trivial solution
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e Clustering for deep representation learning Deep clustering for unsupervised learning of visual features (DeepCluster)

Avoiding trivial solution
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e Clustering for deep representation learning Deep clustering for unsupervised learning of visual features (DeepCluster)

Avoiding trivial solution
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e Clustering for deep representation learning Deep clustering for unsupervised learning of visual features (DeepCluster)

Performance in a downstream task

Classification Detection Segmentation E{ Ml Al A=
Method P08 ALL  FC68 ALL  FCG-8 AL CHrt =2 CllOIE] S10llM Ml 7HX] downstream taskOi| LiidH €5 Tt
ImageNet labels 78.9 799 56.8 48.0 .
Random-rgb 33.2  57.0 22.2 44.5 15.2  30.1 25 taSkO."A-l DGQpClUSter(x'"O._I' tél.tél%)jl- 7|_§9" unsuperVISed
Random-sobel 290 619 189 479  13.0 32.0 HIH=0| M=3 =7)sh
Pathak et al. [38] 34.6  56.5 44.5 29.7
Donahue et al. [20]* 52.3  60.1 46.9 35.2
Pathak et al. [27] 61.0 52.2
Owens et al. [44]" 52.3  61.3
Wang and Gupta [29]" 55.6  63.1 32.8" 47.2 26.0"7 35.47
Doersch et al. [25]" 55.1 65.3 51.1
Bojanowski and Joulin [19]* 56.7  65.3 33.71 49.4 26.77 37.11
Zhang et al. [28]* 61.5 65.9 4347 46.9 35.87 35.6
Zhang et al. [43]* 63.0 67.1 46.7 36.0
Noroozi and Favaro [26] 67.6 53.2 37.6
Noroozi et al. [45] 67.7 51.4 36.6
DeepCluster 70.4 T3.7 0l.4 55.4 43.2 45.1
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e Clustering for deep representation learning Deep clustering for unsupervised learning of visual features (DeepCluster)

DeepCluster
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PROTOTYPICAL CONTRASTIVE
LEARNING OF UNSUPERVISED
REPRESENTATIONS

(ICLR 2021)

Unifying
contrastive learning and clustering

- to encode semantic structures PROTOTYPICAL CONTRASTIVE LEARNING OF
UNSUPERVISED REPRESENTATIONS

Published as a conference paper at ICLR 2021

Junnan Li, Pan Zhou, Caiming Xiong, Steven C.H. Hoi
Salesforce Research

ABSTRACT

This paper presents Prototypical Contrastive Learning (PCL), an unsupervised
representation learning method that bridges contrastive learning with clustering.
PCL not only learns low-level features for the task of instance discrimination, but
more importantly, it encodes semantic structures discovered by clustering into the
learned embedding space. Specifically, we introduce prototypes as latent variables
to help find the maximum-likelihood estimation of the network parameters in an
Expectation-Maximization framework. We iteratively perform E-step as finding
the distribution of prototypes via clustering and M-step as optimizing the network
via contrastive learning. We propose ProtoNCE loss, a generalized version of the
InfoNCE loss for contrastive learning, which encourages representations to be
closer to their assigned prototypes. PCL outperforms state-of-the-art instance-wise
contrastive learning methods on multiple benchmarks with substantial improvement
in low-resource transfer learnin
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@ Unifying contrastive learning and clustering i Prototypical contrastive learning of unsupervised representations (PCL)

Clustering= S¢t 2|0|EX X QI

Limitation 1 ( Limitation 2 )
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@ Unifying contrastive learning and clustering i  Prototypical contrastive learning of unsupervised representations (PCL)

Prototypical Contrastive Learning

" Prototype “
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Prototypical Contrastive Learning

"2t OIAEIA = A2 CIE M2 M (granularity)2]
0{2{ prototype0i] &2t & £ AS

@ Fine-grained prototypes (e.g. horse with man)
@ Coarse-grained prototypes (e.g. horse)
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Prototypical Contrastive Learning

@ Fine-grained prototypes (e.g. horse with man)
@ Coarse-grained prototypes (e.g. horse)

Instance-wise Contrastive Learning
= Prototypical Contrastive Learning
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@ Unifying contrastive learning and clustering i Prototypical contrastive learning of unsupervised representations (PCL)

Prototypical Contrastive Learning
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Instance-wise contrastive learning2} prototypical contrastive © Comsegraned protogpen o nose)
° il il Instance-wise Contrastive Learnin
Iea rnlng °=I.7HI -+-°°H - - T T - - =—* Prototypical Contrastive Learning :
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v Instance discrimination 22 £9} low-level feature &t&

-

® Prototypical contrastive learning: Instance, prototype Zt H|wst{ 11 &7|H st&

v ClusteringZ Solff ZAE 20|2A {2 (semantic structures)E /12

Data Mining . s
I{.. Quality Analytics h-a 33



@ Unifying contrastive learning and clustering i Prototypical contrastive learning of unsupervised representations (PCL)

PCL as Expectation-Maximization

Log-likelihood functionE BISM O = ARSI X[CH2ISIHO] |08 2R E 7t & dHSt= A5 MZYO| iffH+~E = A0| S HQ
Expectation-Maximization (EM) € 112|Z 2 Z prototypical contrastive learning2 71&igt

Clustering2 S4dl prototypel| 2XE &3 Contrastive learning= Soll HIE|IZE %| X3t
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PCL as Expectation-Maximization (1) Problem Definition

EM €112|52| SH: log-likelihood function= BIEX O 2 ZASHL X|Cferold HO|H 215 71& E d3dl= o5 B8 t7fH+E A= A

Maximum Likelihood Estimation(Z|CHEH)
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PCL as Expectation-Maximization (1) Problem Definition

EM €112|52| SH: log-likelihood function= BIEX O 2 ZASHL X|Cferold HO|H 215 71& E d3dl= o5 B8 t7fH+E A= A

Maximum Likelihood Estimation(Z|CHEH)
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PCL as Expectation-Maximization (1) Problem Definition

EM €112|52| SH: log-likelihood function= BIEX O 2 ZASHL X|Cferold HO|H 215 71& E d3dl= o5 B8 t7fH+E A= A

Maximum Likelihood Estimation(Z|CHEH)
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PCL as Expectation-Maximization (1) Problem Definition

EM €112|52| SH: log-likelihood function= BIEX O 2 ZASHL X|Cferold HO|H 215 71& E d3dl= o5 B8 t7fH+E A= A

Maximum Likelihood Estimation(Z|CHEH)
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PCL as Expectation-Maximization (1) Problem Definition

Unsupervised visual representation learning®lA=n702| O|O|X| X = {x1, x5, ..., x, JZF FOHRS W, x; S v; = fo (x;) )2V = {v4, vy, ..., v, Ol
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PCL as Expectation-Maximization (1) Problem Definition

X ={xq1, X2, ..., X} fﬂ V={vq, vy, .., v,}

HIO|E x7t O} S W HIO|ES 2E= 718 & &9}
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PCL as Expectation-Maximization (1) Problem Definition

Goal =0 Zl n7hQl H|0o|E{19] log likelihood function2 %|CHg}ol= A= MZato]| D7l HE: o E A= 7

0" = argmax Y logp(x;;0
31 ; g p(xi; 0)

p(x;: 0)= AT AlLS= A2 1R NCHES
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PCL as Expectation-Maximization (1) Problem Definition

Latent variable € = {c;}* , =

" 0%l C|0|E{S2 latent variablez} &0| JACtD 74 "

0 = argmax » logp(x;;0) = argmax » log p(z;, c;i; 0)

Marginal distribution p(x;; 0) 2L} A|£t0] WM £|2 join distribution p(x;, ¢;: )22 Tt5F!
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@ Unifying contrastive learning and clustering i Prototypical contrastive learning of unsupervised representations (PCL)

PCL as Expectation-Maximization (1) Problem Definition
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PCL as Expectation-Maximization (1) Problem Definition

A
24 52
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@ Unifying contrastive learning and clustering i Prototypical contrastive learning of unsupervised representations (PCL)

PCL as Expectation-Maximization (1) Problem Definition

33 Qi) log plai, ci; 0)

i=1 c; €C

62t Q(c;)E joint optimized}Z|= O{H{REE St variableS 11H5}11 LIHX|E update 8t 2,
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PCL as Expectation-Maximization (1) Problem Definition

33 Qi) log plai, ci; 0)

i=1 c; €C

Expectation-Maximization(EM) 2112|&!

E-step M-step
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PCL as Expectation-Maximization (2)E-step

Goal 6= %81 0(c;) = p(ci; x;,0) £H
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PCL as Expectation-Maximization (3)M-step
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@ Unifying contrastive learning and clustering i Prototypical contrastive learning of unsupervised representations (PCL)

PCL as Expectation-Maximization (3)M-step

Goal 0((¢)E 181, lower-boundS X|Ch3} A7 |= 6 =X

HESSEMY METE £ K = {k,}im-1 = clustering » AEXH 2 ZE QY E 4= AL, prototype?| FHEX F=F 2 robuststAl & = US
Local smoothnessE 7|5t == InfoNCE loss 37}

Z|E =Xe4: ProtoNCE

n n

- exp(v; - Cs/¢s) exp(v; - vi/T) cxp 0 e o)
f0* = arg min log LProtoNCE = - ( log —= l()g
7 ?Z‘T Z =1 Cxp )i * Cj /(b ) ro ; ZJ —0 (“{p( . /7- ]\[ Z J —0 (,Xp( (m /@m)

m=1

Estimated log-likelihoodE Z|CH2}5t= 213} ProtoNCEE Z|A2lol= A2 Z3 - ProtoNCEE Z|A9lol & | ER{3 mf2f0|E

Jol-

A
|=|
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@ Unifying contrastive learning and clustering i Prototypical contrastive learning of unsupervised representations (PCL)

PCL as Expectation-Maximization (3)M-step

Prototypical contrastive loss

® |nstance contrastive loss: Instance’|2| H| 6} st
I.

|oF
of>

® Prototype contrastive loss: Instance, prototype Zt H| 11504

n

’ M '
exp(vi - v/7) 11 exp(vi - /7
E _— — _( lo - : H1— lo = : .
ProtoNCE Z ‘ 5 D i—0 €XP(vi - v /7)), M Z . D i—0€xp(v; - cT*/PT)

=1

Instance contrastive loss Prototype contrastive loss
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@ Unifying contrastive learning and clustering i Prototypical contrastive learning of unsupervised representations (PCL)

PCL as Expectation-Maximization (3)M-step

e Concentration estimation: Prototype FtH feature £X2| concentration level (cluster L 2Z& k)

v InfoNCEQ| temperature parameter2l SAsH A&t

v B E feature?} StLte| centroid0l| 2 O|= trivial solution= O|otEE ¢t
v Cluster | Z&=0f 2} scalingO] £|2 2 A O 2 = H|Lot UEI L E 71X = balanced cluster£0| 47[A| &

n

M
Cxp( U,’-/T) 1 exp(’Lz Cm /.u)
E B — ( l : p— E lO = !
RRnIEY Z ‘ " D _i—0 €xp(v; - v} /7T) T . D i—0 €xp(v; - cT*/9T")

Instance contrastive loss Prototype contrastive loss

=1
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@ Unifying contrastive learning and clustering i Prototypical contrastive learning of unsupervised representations (PCL)

The framework of Prototypical Contrastive Learning (PCL)

" DJL] K] Lol

} ProtoNCE lossE %|A 3} st & B3 S sh&6t0]
R t _____________________________ ’ estimated log-likelihood Z|CH=}

m
3
0
o
Q
(1)
q
o
V)
n)
=
v
=
O
©
Q
oq
Q
=
o
=
v
v
ﬁ
o
~+
O
s
N
m
N/
>
wn
-~
1)
©

------------------------------------

" L= et Cl|olEfof] CHaH “

K-means clustering= $85}10{ prototype?|

Sl=
SEES

Encoder |

E _[ Momentum ]

o e e e o e e -

_____________________________________________________
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@ Unifying contrastive learning and clustering i Prototypical contrastive learning of unsupervised representations (PCL)

Low-shot transfer learning

Unlabeled ImageNet H|0|E| MO Z At Z2El ResNet2ES VOCO7 C[0|E{ AMl9| object recognitionz}t Places205 H|O|E{ Alle
scene classification2| M2 task@ £ trasferg!

Zt downstream taskO|Al= 01 M2 =(k)2| labeled sampleft X =&

Mg EER PCLO| 718 E2 d5= EY

: VOCo07 Places205
Ao Ll k=1 k=2 k=4 k=8 k=16| k=1 k=2 k=4 k=8 k=16
Random —— 80 82 82 82 85| 07 07 07 07 07
Supervised 543 678 739 79.6 823|149 210 269 321 360
Tigsaw 265 311 400 467 518 | 46 64 94 129 174
MoCo ResNet-50 314 420 495 600 659 | 88 132 182 232 280
PCL (ours) 469 564 628 702 743|113 157 195 241 284
SimCLR 327 431 525 610 67.01| 94 142 193 237 283
MoCo v2 ResNet-50-MLP | 463 583 649 725 761|109 163 208 260 30.1
PCL v2 (ours) 479 59.6 662 745 783|125 175 232 28.1 323
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@ Unifying contrastive learning and clustering i Prototypical contrastive learning of unsupervised representations (PCL)

Semi-supervised learning

tl[0|=0] §l= ImageNet HIO|E{== ResNet= A 56111, 2|0|=0| A= ImageNet H|O|E{E AtE5} classifierE fine-tuninget

Mg EHES! PCLO| CHE YHES 452 2 XI0|= 57ie

Method architecture fﬁiﬁ?n TTEE;S TCC}];;F
Random (Wu et al., 2018) ResNet-50 - 22.0 59.0
Supervised baseline (Zhai et al., 2019) ResNet-50 - 48.4 80.4
Semi-supervised learning methods:

Pseudolabels (Zhai et al., 2019) ResNet-50v2 - 51.6 82.4
VAT + Entropy Min. (Miyato et al., 2019) ResNet-50v2 - 47.0 83.4
STL Rotation (Zhai et al., 2019) ResNet-50v2 - 53.4 83.8
Self-supervised learning methods:

Instance Discrimination (Wu et al., 2018) ResNet-50 200 39.2 77.4
Jigsaw (Noroozi & Favaro, 2016) ResNet-50 90 45.3 79.3
SimCLR (Chen et al., 2020a) ResNet-50-MLP 200 56.5 82.7
MoCo (He et al., 2020) ResNet-50 200 56.9 83.0
MoCo v2 (Chen et al., 2020b) ResNet-50-MLP 200 66.3 84.4
PCL v2 (ours) ResNet-50-MLP 200 73.9 85.0
PCL (ours) ResNet-50 200 75.3 85.6
PIRL (Misra & van der Maaten, 2020) ResNet-50 800 57.2 83.8
SimCLR Chen et al. (2020a) ResNet-50-MLP 1000 75.5" | 87.8
BYOL (Grill et al., 2020) ResNet-50-MLPy;, 1000 78.47 | 89.07
SwAV (Caron et al., 2020) ResNet-50-MLP 800 78.5% 89.9¢
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@ Unifying contrastive learning and clustering

Prototypical contrastive learning of unsupervised representations (PCL)

Visualization of learned representation

MoCoE &3l et&El representation®} H|W5H0], A|QH 2HHEQI PCLO| St&%l
Saet 2el A2 o|n|X|7t & clustering €l AS = = US

t representation2 O B2 =2|Fl clusterE

MoCo Representation: Class 1-20 PCL Representation: Class 1-20

MoCo Representation: Class 21-40

Data Mining
Dt

Quality Analytics

55



@ Unifying contrastive learning and clustering i Prototypical contrastive learning of unsupervised representations (PCL)

PCL

Low-level feature 2 OtL|2} clustering=E Sodl| 2O0|EX 1= E 21T ZSt= PCL H|2t

© ProtoNCE loss

v Instance ZI contrastive learning2 =dll low-level feature &

v Instance, prototype 7I contrastive learning= =9l high-level feature &

© EM 12|52 E3l prototypical contrastive learning ¢
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Unsupervised Learning of Visual
Features by Contrasting Cluster
Assignments

(NeurlPS 2020)

Unifying

COﬂtraStive Iearning and CIUStering Unsupervised Learning of Visual Features

by Contrasting Cluster Assignments

- to overcome the need for a large batch size

Mathilde Caron' # Ishan Misra* Julien Mairal’
Priya Goyal® Piotr Bojanowski® Armand Joulin®

! Inria® 2 Facebook Al Research

Abstract

Unsupervised image representations have significantly reduced the gap with su-
pervised pretraining, notably with the recent achievements of contrastive learning
methods. These contrastive methods typically work online and rely on a large num-
ber of explicit pairwise feature comparisons, which is computationally challenging
In this paper, we propose an online algorithm, SwAV, that takes advantage of con-
trastive methods without requiring to compute pairwise comparisons. Specifically.
our method simultancously clusters the data while enforcing consistency between
cluster assignments produced for different augmentations (or “views™) of the same
image, instead of comparing features directly as in contrastive learning. Simply put,
we use a “swapped” prediction mechanism where we predict the code of a view
from the representation of another view. Our method can be trained with large and
small batches and can scale to unlimited amounts of data. Compared to previous
contrastive methods, our method is more memory efficient since it does not require
a large memory bank or a special momentum network. In addition, we also propose
a new data augmentation strategy, multi-crop. that uses a mix of views with
different resolutions in place of two full-resolution views, without increasing the
memory or compute requirements. We validate our findings by achieving 75.3%
top-1 accuracy on ImageNet with ResNet-50, as well as surpassing supervised
pretraining on all the considered transfer tasks.




@ Unifying contrastive Iearning and Clustering Unsupervised learning of visual features by contrasting cluster assignments (SWAV)

Feature?! 21 H|117} Ol cluster £

( Limitation 1 ) Limitation 2

H|o|E{e] o|O|2F X (semantic structure)E Q13! 8}X| 2t 2 F&917| 25l 2 batch size7l 2Rt

!

CIO|E{E clusteringdt= SAI0| % 0|0|X[2| CHE augmentation0]| CHSt cluster assignment Zt2| &2t s}
(pairwise comparisonO| & g%

Solution
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@ Unifying contrastive Iearning and Clustering Unsupervised learning of visual features by contrasting cluster assignments (SWAV)

Pair 7| feature H| 11 = II|c}= ahH

Contrastive instance learning0i|Al= S$t 0|0|X|0]| CHEH MZ CHE augmentation?| featureS2 21 H| g »> 01 A|AF EIQFX{ QI =t

=2 =20 M X|2Hst= SWAVO|A = prototype vector0l| featureE &6t codeE ¥ 11, ot O[0|E augmented viewOl|A ¥ codeS L2

—

views AFE9l 0f|F5t= 'swapped' 0| 2XIE sEe - 0|0|X| featureS= %17 H|woHX| 4=

Features Codes
B | \

\ 3

ol PSS — | |= e

QF ) /

. . Features - Q. Codes

Contrastive instance learning Swapping Assignments between Views
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@ Unifying contrastive Iearning and Clustering Unsupervised learning of visual features by contrasting cluster assignments (SWAV)

Architecture
Step 1
#2 o|0|X|0|M M2 CHE augmentation?| feature vector z,, z, && Codes
z Q.
Step 2
Swapped
e T X ,o
Feature vectorS2 K7i2liprototypes {cy, ..., ¢ J2t BiASt] 1E2| code qy, g, AlM Licction
cluster®| tHE representation
- 7 4 o
Step 3 Q Codes
Swapped 0l|% 24| 5i{ 2
: 0|0|X|2] &t augmented HE Q2 EE| codeE A|AHSID, ZH2 0]|0|X|2] L2 augmented HHE Q2 HE]{ 0| codeE 0|Z &t SWAV
w
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@ Unifying contrastive Iearning and Clustering Unsupervised learning of visual features by contrasting cluster assignments (SWAV)

Online clustering

X0l clustering 7|gt BHHE 2 cluster 2%t} training steps HZ 0L 7HHAM ZIgSH= offline BH4A

Ir

ol2{gt 22 2= H|O[E{0]| CH3H featureE O M2 Z=Z5l{0} 57| [ Z0i| targetO| Al H5t= online &t&50l= HX0[|X| 3

Online clustering-based self-supervised method |2t

Clodes

04| online A2 =2 g5 AILHOIL, {cy, ..., cx }E GHIOIE E = UST}?

?‘iuu}qh'ti
Prediction

" via Swapped Prediction Problem "

Codes
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@ Unifying contrastive Iearning and Clustering Unsupervised learning of visual features by contrasting cluster assignments (SWAV)

Online clustering (1) Swapped prediction problem

ol

Feature®! z;,z, £ & H|WSHX| &1, code?! g;, g, S S0l H| 1
&2 O|0|X|Z28E LI2 z,, z, 7t H|Tt HEE 74X 1 QICHH 2, 2 ¢, & 0|FSH= 40| 7ts& A0|2H= 71

Z2 0|0|X|0| M DHHEl augmented 0|0|X| code(cluster)

I'|J|I'|

Loss function
L(Ztazs) = g(ztvqs) +€(ZS,Qt)
Feature z, 2%E code ¢; 1=  Feature z, 25 code g, ¥IF

-
; : e Z; C
(Ztterm2CE loss)  {(z1,q.) = — Y q) logp;, where pi" = xp (72 TA)
k Dk exp( Zy Ck’)
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@ Unifying contrastive Iearning and Clustering Unsupervised learning of visual features by contrasting cluster assignments (SWAV)

Online clustering (1) Swapped prediction problem

ol

Feature®! z;,z, £ & H|WSHX| &1, code?! g;, g, S S0l H| 1
&2 O|0|X|Z28E LI2 z,, z, 7t H|Tt HEE 74X 1 QICHH 2, 2 ¢, & 0|FSH= 40| 7ts& A0|2H= 71

Z2 0|0|X|0| M DHHEl augmented 0|0|X| code(cluster)

I'|J|I'|

Total IOSS fu nction (over all image & pair of data augmentation)

1 — 1 1 - z,.C - z ¢
T T ntCk ns 'k
- y: ;zﬂthns + ;Znscqﬂt — log Z exp ( ) — log Z exp ( )

< T T
n=1s,t~T k=1 k=1

" Feature extractor?| I}2}0|E{2} prototype vector COl| 2|5 x| = S}E! "
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@ Unifying contrastive Iearning and Clustering Unsupervised learning of visual features by contrasting cluster assignments (SWAV)

Online clustering (2) Computing codes onlie

Prototype C= A2 CtE batchO|M 2 R-E

oOTl o
Codes= St HIX| LHO| M A|AHE|H, B E sampleO| Z2 codeZ mappingl= trivial solutionS 2X[517| 2I8H batch ¢te| MZ CHE sample=0|
prototype COj| 2|5lf #S5tHA| 2= == e

Transportation problem

v CostE 125t X0l|A| YE 7}= %|H2] transportation planE &= 24|

v SH:costE X|A3I5I6H= transportation plans2 &= !

X1: 3 Y1: 4
Y2:5
. . X2:7
-> Optimal transportation problem Y3: 1
- Sinkhorn Algorithm X (Mine)

Y (Factory)
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@ Unifying contrastive Iearning and Clustering Unsupervised learning of visual features by contrasting cluster assignments (SWAV)

Online clustering (2) Computing codes onlie

Prototype C= AME CIE batchOl|A| 37E

Codes= St HIX| LHO| M A|AHE|H, B E sampleO| Z2 codeZ mappingl= trivial solutionS 2X[517| 2I8H batch ¢te| MZ CHE sample=0|
prototype COj| 2|5lf #S5tHA| 2= == e

Transportation problem

v CostE 1ol XO|M Y2 7H= £[A Q| transportation planE &= =X

v SH:costE X|A3I5I6H= transportation plans2 &= !

I\ /I

Feature vector Z Code q Prototype C

I/ \I \l

- Optimal transportation problem

- Sinkhorn Algorithm
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@ Unifying contrastive Iearning and Clustering Unsupervised learning of visual features by contrasting cluster assignments (SWAV)

Online clustering (2) Computing codes onlie

Feature vectors: Z = [z, ..., Z5] Q: 22} CE HZ&5t= code matrix (transportation plan) H: Entropy function
Codes: Q = [qy, ..., q5] CTZ: (negative) cost matrix (cost) €: Mapping2| smoothnessE =& 6t= It20|E
Prototype vectors: C = [cy, ..., ck] - 0| 3 2= sample=0| unique representation2=
0| = trivial solutionO| 4%t 4= Q1S
T T CT X
max Tr (Q ) +cH(Q) | =3} Al
Qe
KxB 1 T 1 . . -
= Q € R+ ‘ Q].B = EIK, Q 1l = E].B Optimal transport= 0|26}7| ¢t MefxEZ
) . C'Z\ _. | o s
Q" = Diag(u) exp Diag(v) Sinkhorn-Knopp 22|52 Ssl &2 =izt Q*
E
ob gigﬂﬁmgglwcs > h".'.('.l A simple introduction on Sinkhorn distances | by Jianfeng Wang | Medium 66


https://amsword.medium.com/a-simple-introduction-on-sinkhorn-distances-d01a4ef4f085

@ Unifying contrastive Iearning and Clustering Unsupervised learning of visual features by contrasting cluster assignments (SWAV)

Multi-crop: Augmenting views with smaller images

AN O Z AF2E|= augmentation 7|92l random crop2 viewsE =242 0|22| 3! AFE! 2Elo| St
Ol ? A2 220t Zo5h= QI crop2 MM

ot 2X|E sl Z5t7| 2ol 27H2| Ll random cropS 8ot = V2| siA =7} St o|o|X|2f of
X

V+272| cropdi| CHoH 25 codeE A|AtSt= Z40] otL |2 YutAE el 2702 random cropfl| CHSHA2F codeE AlAkotd VL] Aol AE crop2 code
0| =2 2|5t featureZTH AR

SimCLR2t DeepClustersSo]| Ct2 BHHE20]| A = multi-crop2 Mot Zit Ms Shas 2l

e}

_____________________________

|

; I
! I
| Views !

: f_‘r""".! n2
S~ I
']:.'r ____________________________ i
AN : .
1

“ |
: |
! Additional

 Small Views
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@ Unifying contrastive Iearning and Clustering Unsupervised learning of visual features by contrasting cluster assignments (SWAV)

Transfer learning on downstream tasks

Unlabeled ImageNet O|O|E{ Mo = APM 22 =l RELS CH= O|0|E| AlQ| linear classification2t objection detection task2 £ trasferat

= task 250 M supervised learning?| 52 FHo{4H2

Linear Classification Object Detection
Places205 VOCO07 iNatl8 VOCO07+12 COCO COCO
(Faster R-CNN R50-C4) (Mask R-CNN R50-FPN)  (DETR)
Supervised ~ 53.2 87.5 46.7 81.3 39.7 40.8
SwAV 56.7 88.9 48.6 82.6 41.6 42.1
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@ Unifying contrastive Iearning and Clustering Unsupervised learning of visual features by contrasting cluster assignments (SWAV)

Training with small batches

256 batch size0||M A5 AH
Mocov22| 22 momentum encoder2 2|8l 65536712| featureE XZEStT 10{0fF 61X|2F SWAV= 38407H9| featureS A&t
SIimMCLR2t MoCov2HLI £2 M2 HO0|H MoCov20]| H|5H 4H) M2 epoch 2H0l| 72% Ms0| =2

Method ~ Mom. Encoder Stored Features @~ multi-crop  epoch batch Top-1

SimCLR 0 2x224 200 256 61.9
MoCov?2 v 60,036 2x224 200 256 67.9
MoCov?2 v 65, 536 2x224 800 256 71.1
SwAV 3,840 2x160+4x96 200 256 72.0
SwAV 3, 840 2x224+6x96 200 256 2.7
SwAV 3,840 2x224+6x96 400 256 74.3
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@ Unifying contrastive Iearning and Clustering Unsupervised learning of visual features by contrasting cluster assignments (SWAV)

SWAYV

1jo

ZIH featureS H|S}H= LAl cluster assignments ZH2] Y22 ZH5lsH= SWAV H|ot

© CIE view?| representation@22E] view?2| codeE 0|&5tH= 'swapped' prediction mechanism AE

F

ot
i}

© Z=o|o|x|of|lA| IMYEl augmented O|0|X| code(cluster)S2| LM S L3stst= Wato=
© Online A9 prototype= YH|O|ESIL codeE A|AtSH= online clustering-based self-supervised method A|2t

© MZE2 augmentation 7|2l multi-crop |2t
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Unifying contrastive learning and clustering

—

rir

Instance-wise contrastive learning?| ¢tA|8 S 355}l= contrastive learning2} clustering=S Sglet WHE AT}

© Instance-wise contrastive learning2 CI21} Z42 SHAIEE x|
v O|O|E{e| o|O0|2H A (semantic structure)S QT ESHK| £2&t
v ZE2representations F=5}7| flsll 2 batch size7} 2Rt
© Contrastive learning} clustering2 Stst0] 2[2| stAE S 253t WHES0| X|QHE
~ PCL: Clustering= Edlf 2|0|E2H 32
=

—
~ SWAV: Feature 7t £/ H|mE 3t 20| Of! clusterS &%t H|IE S48l X2 batch sizelIME T2 M58
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