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Introduction

unsupervised learning

https://project.inria.fr/paiss/files/2018/07/zisserman-self-supervised.pdf

Self-Supervised learning

A form of unsupervised
learning where the data
provides the supervision

(credit to Andrew Zisserman)



INntroduction

* contrastive learning
* positive samples + negative samples
* |oss Iin feature space
* difficulty: choice of positive/negative samples

* generative learning
* encoder-decoder
* pixel-wise loss
* difficulty: pixel-wise reconstruction



Introduction

* contrastive learning
* positive samples + negative samples data xp [omd

* |oss in feature space data x, (S (similar or not)
* difficulty: choice of positive/negative samples

classification

* generative learning
* encoder-decoder
* pixel-wise loss
* difficulty: pixel-wise reconstruction




Contrastive Learning

* Xg query

* X, positive sample
* X4, ..., X Negative samples

* fg feature extractor (trained on positive/negative

samples) feature extractor fp

/
\

¢ p = fo(xy) nl l  mm
* 4 = fo(xq) l /
en; = fo(x;),i=1,..,k contrastive loss

* INfoNCE loss:
exp(q . p/TiHS)

Eins — lﬂg K
exp(q * P/Tins) + D _jp—1 €XP(q * Nk /Tins)




CO N t 'a S’[i\/@ Lea " | N g Train the feature extractor,

then test downstream tasks using feature extractor

* Xg query

X, positive sample

* Xq, .-, X Negative samples

fo feature extractor (trained on positive/negative

samples) [ ]
*b= fG(xp)
*q= fH(xq)

en; = fo(x;),i=1,..,k
* INnfoNCE loss:
exp(q - P/Tins)
exp(A - P/Tins) + Sopey €XD(Q - 0k /Tins)




Motivation

* In INfoNCE loss:

exp(q - P/Tins)

ﬁiﬂs — ng K
exp(q - P/Tins) + D _p—1 €XP(Q - Nk /Tins)

use “zero-one” label
* but these “hard negative” crops In fact tend to be semantically close




Motivation

* In INfoONCE loss:

G}{p(q ’ p/Tins)

£'in.s — h}g K
exp(q - P/Tins) + Zk:l exp(q Nk /Tins)

-> to bullt a consistent contrast

use “zero-one” label
* pbut these “hard negative” crops In fact tend to be semantically close

heterogeneous similarity



Method

* Make features p and g have consistent distance fromn;,i =1, ...,k
’["’ ’Clﬂ’i‘ —I_ GECGH
Leon = —DKL (PllQ) + 5 DKL (Q[|P)

exp(p - n; f:mn)
ZL lE'Xp(p nk/‘con

P(i) =

- exp(q - 1, /Teon )
Qi) = =k :
Y —1exp(q -0k /Teon)



Method

* Make features p and g have consistent distance fromn;,i =1, ...,k

L= *C ins T aﬁcon
Econ — _DKL( H(2 “l_ DKL (JHP

exp(p - n; f:mn)

P.Q can be seen as ZL Lexp(p - Nk /Teon)
two probability
distributions Lo exp(q - N;/Teon )

Qi) =

K /
ZI;:l exp(q - N /Teon )



Method

* Make features p and g have consistent distance fromn;,i =1, ...,k

f’ *C ins T aﬁcon

Leon = —DKL (PllQ) + 5 DKL (Q[|P)
exX I11; f Tcon
P,Q can be seen as Pli) = Z — )
, exp 11} fcon Lins
two probability k=1 (P -0/ v
distributions | "1/ Teon
Qi) = — P 1/ Teon) Lis +aleon

Z;:l E}{p(q ' Ilkf’chon-)



Experiment

* evaluate CO2 (proposed method) based on MoCo and MoCo v2

e

. ResNet-50
* train on ImageNet-1K eset

* freeze the backbone network (including BN) after the unsupervised pre-
training stage

* then train a supervised linear classifier (a fully-connected layer and a softmax
layer) on the 2048-D features



Experiment

Table 1: Linear classification protocol on ImageNet-1K

Pretext Task Arch. Head  #epochs Top-1 Acc. (%)
ImageNet Classification R50 - 90 76.5
Exemplar (Dosovitskiy et al., 2014 R50w3 x - 35 46.0
Relative Position (Doersch et al.|[2015) R50w2 x - 35 51.4
Rotation (Gidaris et al.| 2018) Rv50w4 x - 35 554
Jigsaw (Noroozi & Favaro, 2016 R50 - 90 45.7
Methods based on contrastive learning:

InsDisc (Wu et al., 2018) R50 Linear 200 54.0
Local Agg. (Zhuang et al., 2019 R50 Linear 200 58.2
CPC v2 (Hénaft et al., 2019) R170,, - ~200 65.9
CMC (Tian et al.; 2019 R50 Liner 240 60.0
AMDIM (Bachman et al., 2019) AMDIMqrge - 150 63.1
PIRL (Misra & van der Maaten, 2020 R50 Linear 800 63.6
SimCLR (Chen et al.|[2020a R50 MLP 1000 69.3
MoCo (He et al., 2020 R50 Linear 200 60.6
MoCo (He et al., 2020) + CO2 R50 Linear 200 63.5
MoCo v2 (Chen et al., 2020b R50 MLP 200 67.5
MoCo v2 (Chen et al., 2020b) + CO2 R50 MLP 200 68.0




Experiment

* semi-supervised learning: finetune the whole pre-trained networks with only
1% and 10% labels which are sampled in a class-balanced way

Table 2: Top-5 accuracy for semi-supervised learning on ImageNet

Pretext Task 1% labels  10% labels
Supervised Baseline 48.4 80.4
InsDisc (Wu et al.. 2018) 39.2 77.4
PIRL (Misra & van der Maaten,|2020) 57.2 33.8
MoCo (He et al., 2020) 62.4 34.1
MoCo (He et al., 2020) + CO2 66.2 85.2
MoCo v2 (Chen et al., 2020b) 69.8 85.0

MoCo v2 (Chen et al.| 2020b)) + CO2 71.0 85.7




Experiment-transfer learning

Table 3: Transfer learning performance on PASCAL VOC datasets

Image Object Semantic
Classification Detection Segmentation

Pretext Task mAP APsy AP,; APys mloU
ImageNet Classification 88.0 81.3 53,5 58.8 74.4
Rotation (Gidaris et al., 2018) 63.9 72.5 46.3 493 -
Jigsaw (Noroozi & Favaro| 2016) 64.5 75.1 489 529 -
InsDisc (Wu et al., 2018) 76.6 79.1 523 56.9 -
PIRL (Misra & van der Maaten, 2020) 81.1 80.7 54.0 59.7 -
MoCo (He et al.; 2020) - 81.5 559 62.6 72.5
MoCo (He et al., 2020) (our impl.) 79.7 81.6 56.2 624 72.6
MoCo (He et al.; 2020) + CO2 82.6 81.9  56.0 62.6 73.3
MoCo v2 (Chen et al., 2020b) 85.0 82.4 57.0 63.6 74.2

MoCo v2 (Chen et al., 2020b) + CO2 85.2 82.7 57.2 64.1 74.7




Experiment
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Figure 2: Ablation on the effect of hyper-parameters.
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Figure 3: Training curves of ResNet-18 on ImageNet-100.



Discussion

* relaxes the stereotype restriction that negative labels should always be
known and clean

* easlly applied to other contrastive learning mechanisms

* It 1s an example of similarity of feature

* but for contrastive learning, choice of positive/negative samples are more
Important



