Understand contrast and non-contrast in
self-supervised learning
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« A Simple Framework for Contrastive Learning of Visual Representations

E=EE A batchsize T AkEA

Method Architecture  Param (M) Topl Top35
Methods using ResNer-50:

Local Agg. ResNet-50 24 60.2

MoCo ResNet-50 24 60.6

PIRL ResNet-50 24 63.6 -
CPC v2 ResNet-50 24 63.8 853
SimCLR (ours) ResNet-50 24 69.3 §9.0
Methods using other architectures:

Rotation RevNet-530 (4x) 86 554 -
BigBiGAN RevNet-50 (4x) 86 61.3 819
AMDIM Custom-ResNet 626 68.1 -
CMC ResNet-50 (2x) 188 68.4 88.2
MoCo ResNet-50 (4x)y 375 68.6 -
CPC v2 ResNet-161 (=) 305 71.5 90.1
SImCLR (ours) ResNet-50(2x) 94 74.2 92.0
SImCLR (ours) ResNet-50(4x) 375 76.5 93.2

FEEFERAYdata augmentation

Color distortion strength
Methods 1/8 /4 172 1

| (+Blur) | AutoAug
SimCLR 59.6 610 626 632 64.5 6l.1
Supervised | 77.0 76.7 765 757 75.4 711

« Boosting Contrastive Self-Supervised Learning with False Negative Cancellation
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each negative sample with respect to anchor i.
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Solving Inefficiency of Self-supervised Representation Learning
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(a) under-clustering (b) ideal clustering (c) over-clustering

Fosg = Zm | max (d(z,z7) — d(z, 27),C), Loss = max (d(z,2") — d(z, T} yrdest ), C) -

1=

Since X .rqest IS the hardest negative sample, we haved(X, X 1 arqest) < d(X,x7;) for all i.

Table 3. Object detection results on COCO 2017 for Mask-RCNN.

Method ApTee | ppMask
— Random 35.6 31.4
Loss = max (’}*d(:ﬂ, :E+) — d(z, :Edepm,y), C). Reaivedoc(13) | 400 | 350
N;?l;?;;)}r el 394 45 80 ACC(%)
. MOCO[Q-!:H 40.9 35.5 78 /SUDBFVISBG Ours
* rank-k triplet loss: the k-th element are selected from Q’fﬁn'cc”ﬁ{{[%? 26 | s
Ml . & BYOL [72} 403 2%l
{d(T* :I'i- )}’ yleldlng‘ d{I Tdeuty) d(T I'rﬂ.nl[i, .Ii_) ‘;upervmzd 100 : 4(}(} 347
Table 4. Oby SSPE"““Ed o 1 42\;’GOCU7 Zi-lrj?f F: RCNN
e i aple 4. JEC[ election results on + or Faster- ;
» smoothed-rank-k triplet loss: selecting the top-2, top- Mthod APSOPor _ APBor  AP7SEer
_ I Rnndqm 59.0 328 31.6
3, ..., top-(2k+1) elements from {d(z,z; )} and yield- Rosimiedll | B9 395 s
2k+1 Moo 4] AT 233
ing: d(z, Idezwty) = .k >, dz,z, 3) Q;;fc‘ii{[%?] Y. o
§=2 BYOL [211 81.0 519 56.5 60
818 564 0 200 400 600 800 1000
:upc:rvmed 100 816 54.2 59 8
supervised-270 82.2 56.9 63.1




« UNDERSTANDING DIMENSIONAL COLLAPSE IN CONTRASTIVE SELF-SUPERVISED LEARNING
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Representations

z
_— X r Loss function  Projector Accuracy
np
/ SimCLR 2-layer nonlinear projector 66.5
% | Augmentation InfoNCE SynCLR I—layer_ linear projector 61.1
loss SimCLR no projector 51.5
o DirectCLR no projector 62.7
x' :
r

Encoder

residual connection

low-rank

-5 4

DirectCLA: na prajector

ekl
0 i InfoNCE
—— SImCLR: 2-layer nonlinear projector h r‘—-‘ lass
—— SimCLA; 1-layer linear projector -— L___—J — r
—— SimCLR: no projector full-rank low-rank

hidden layer nonlinear representations

(full-rank) conv block
=10+

Figure 10: Why is the whole representation vector r
meaningful in DirectCLR while only part of it receives
gradient? It takes advantage of the residual connection
in the backbone. Thus, the gradient passing through the
representation vector is low-rank where only the first d
channel dimensions are non-zero. When the gradient
enters the ResNet backbone and passes through the last
nonlinear conv block, it becomes full rank. Therefore,
this hidden layer h receives gradients on all channels.
During forward pass, his directly fed to the representa-
tion vectors via the residual connection. Therefore, the
entire representation vector r is meaningful.
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« Barlow Twins: Self-Supervised Learning via Redundancy Reduction

Representations
(for transfer tasks)
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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 eelfsupervised methods are ynderlined Table 2. thfmi-supeﬂ'ised learning on ImageNe‘t using 1% and Table 3. Transfer !earn'mg: hpage classi‘ﬁcati‘Gm We bench.m‘ﬂrk
10% training examples. Results for the supervised method are learned representations on the image classification task by training
from (Zhai et al., 2019). Best results are in bold. linear classifiers on fixed features. We report top-1 accuracy on
Method Top_l Top_S Places-205 and iNat1 8 datasets, and classification mAP on VOCO07.
- Top-3 best self-supervised methods are underlined.
Supervised 76.5 Method Top-1 Top-H
MoCo 60.6 1% 10% 1% 10% Method Places-205 VOCO07 iNatl8
by oy Supervised 254 564 484 804 Supervised 532 875 467
SIMCLR 63 80 SimCLR 52.5 855 372
PIRL = w579 WK i ; = e
SIMSIAM 71.3 - SIMCLR 483 636 755 878 SWAV (w/o multi-crop) 52.8 864 395
SWAV (w/o multi-crop)  71.8 - BYOL 532 688 784 89.0 SWAV 56.7 889 486
BYOL 743 916 SWAV 539 702 785 89.9 BYOL 54.0 866 476
SWAV 75.3 - BARLOW TWINS (ours) 55.0 69.7 79.2 89.3 BARLOW TWINS (ours) 54.1 86.2 46.5

BARLOW TWINS (ours) 73.2 91.0
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VICREG: VARIANCE-INVARIANCE-COVARIANCERE GULARIZATION FOR SELF-SUPERVISED LEARNING
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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 VOCO7 Everingham et al. (2010); (2) object detection with fine-tunning, we report
APsq for VOCO07+12 using Faster R-CNN with C4 backbone Ren et al. (2015); (3) object detection
and instance segmentation, we report AP for COCO Lin et al. (2014) using Mask R-CNN with FPN
backbone He et al. (2017). We use T to denote the experiments run by us. Top-3 best self-supervised
methods are underlined.

Linear Classification Object Detection

1 - Method Places205 VOCO7 iNatl§ ~ VOCO7+12 COCO det COCO se;
g ) s seg
g —_— e L ¥ c g F
v(Z) = = § max(0, v — 5(27,€)), S(z,e) = /Var(z) + e, Supervised 532 815 467 81.3 39.0 354
T =1 MoCo He et al. (2020) 46.9 79.8 315 - - -
PIRL Misra & Maaten (2020) 498 81.1 34.1 - -
SimCLR Chen et al. (2020a) 525 855 372 ) = z
1 ¥ 5 1 MoCo v2 Chen et al. (2020¢) 518 864 386 825 398 36.1
s r o SimSiam Chen & He (2020) i - - 824 ; ;
C(Z) = E (zi —2Z)(z — 2) where = — Zi :{Z} = — E [C{Z) ije BYOL Grill et al. (2020) 540 866 476 § 404t 370
n—14 n 4 fd ’ SWAV (m-c) Caron et al. (2020) 567 889 486 826 116 378
i=1 L i OBoW Gidaris et al. (2021) 56.8 89.3 - 82.9 - -
Barlow Twins Grill et al. (2020) 541 862 465 826 400 367"
VICReg (ours) 543 866 470 82.4 39.4 36.
7 I ! ! I
UZ,Z')= As(Z,Z")+ p[w(Z)+v(Z)) + vle(Z) + e(Z')],

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 DARSO//RIOl DA R50/VIT-S
BYOL 69.3 X X X
SimCLR 64.4 63.1 63.9 63.5
Barlow Twins 68.7 64.2 65.3 63.9
VICReg 68.6 66.5 68.1 66.2




Self-Supervised Learning by Estimating Twin Class Distributions
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Figure 2. Network architecture of TWIST. RexNet-30 without mulli-crop
MoCo v2 RIN50 24M 800 71.1 90.1
SimCLR RNS50 24M 1000 69.3 89.0
Metliod 1% Labels 10% Labels  100% Labels BarlowTwins RN?O 24M 1000 732 91.0
L 2 el s Tl T Tet T DOL R o ot
SelfClassifier N3 241 ; 3
L(P', P = 2B > (Dxc (PP + Dec(PL|F)) ResiNeF- 0 SwAV RNSO  24M 800 718 -
P Sup 254 484 564 804 765 - TWIST RN50 24M 800 726 910
h . . SimCLR 483 755 656 B78 765 935 ResNet-50 with multi-crop
CONSIENCy lerm BYOL 532 784 688 89.0 777 939 SwAV RNS0 24M 800 753 ’
; - & i (1) SWAV 539 785 702 899 - - DINO RNSO  24M 800 753 925
rx 1 " i} 1 " DINO 522 7821 681 B9.1 - - TWIST RNS0 24M 300 750 924
+ a3 E Z H{.I!I ] } - E z H{E Z ! i } BarlowTwins 550 792 69.7 B89.3 - - TWIST RN50 24M 200 755 9025
el e = ot TWIST 612 842 717 910 784 946 =
o ResNet-50x2 SimCLR RN50w2 94M 1000 742 920
Sy feom diyeccly fnem SimCLR B4 0 H1F mE . . CMC RNSOW2  94M - 706 897
BYOL 622 84.1 735 91.7 = = SwAV RN50w2 94M 800 773 -
TwisT 67.2 882 753 928 803 954 BYOL RN50w2 94M 1000 774 936
ViT-B/16 TWIST RN50w2 94M 300 777 939
DINO 673 882 746 920 828 - Vision Transformer
TwisT 69.6 897 765 931 828 963 MoCo-v3 Deit-S/16 21M 300 725 -
DINO Deit-5/16 21M 300 759 -
Table 1. Semi-supervised classification results on ImageNet. We TwisT Deit-5/16 21M 300 763 927
report top-1 and top-5 center-crop accuracies, from 1% to 100%. MoCo-v3 ViT-B/ 16 86M 300 765 -
DINO ViT-B/ 16 86M 800 782 939
TWIST ViT-B/ 16 86M 300 784 938

Table 3. Linear classification results. We report and compare re-
sults with different backbones.



