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Il Representation Learning

Dive into BYOL
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Il Self-supervised Leamning
Dive into BYOL
’0’ . . E p Understanding
% Contrastive Leaming O[£t? e
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Negatives Towards Contrastive Learning
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Momentum
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He, K., Fan, H., Wu, Y., Xie, S., & Girshick, R. (2020). Momentum contrast for unsupervised visual representation learning. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (pp. 9729-€735;.
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Jl Bootstrap Your Own Latent

Dive into BYOL
% Contrastive leaming2| =X

*  Require careful treatment of negative pairs
v" Negative parE XMiSol= TS Ie{gH HQI/ S

ex) MoCo = Memory Queue
SimCLR - Batch size

*  Choice of Image Augmentation

Crop
Cutout
Color

Sobel

1st transformation

Noise

Blur

Rotate
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2nd transformation

*  Requires comparing each representation of an augmented view with many negative examples

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.
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** Collapsed representation

*  Positive pairs22t SK&S = A 20| constant vectorE S2{6H= 2X|
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Becker, S., & Hinton, G. E. (1992). Self-organizing neural network that discovers surfaces in random-dot stereograms. Nature, 355(6356), 161-163.
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** Collapsed representation

«  Contrastive loss= positive®} negative ssample= 25 A5 collapseS &K |et
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exp
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(Positive pair)
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+¢* Core motivation of BYOL

*  Negative sample 10| representation collapse” | LK | = S £l
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+»» Architecture of BYOL

. BYOLTAQA
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Online Network

2 \ Pass Gradient

L2
Loss

A A}Stop Gradient

Target Network

Jl Bootstrap Your Own Latent

Dive into BYOL

** Target network update in BYOL

*  Exponential moving average

v MoCoVv20{|A AKZS = momentum update FARSHZA
v' CosineannealingE AtEol0] SkS0| XRbE =R rEHH1U|7MIR UCE 712

Target Network (Old) Online Network
E— 16+ (1—1)0
Target Network (New) T
Tpase = 0.996
(cos (%k) + 1)
T 21— (1—"Tpgse) -
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+» Loss function in BYOL

e | 2loss
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*  Loss function symmetrization
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 Experiment Results

*  Linear evaluation on ImageNet

Method Top-1  Top-5 Method Architecture Param. Top-1 Top-5
Local Agg. 60.2 - SimCLR (8] ResNet-50 (2x) 94M 74.2 92.0
PIRL [35] 63.6 - cMC [11] ResNet-50 (2x) 94M  T0.6  89.T
CPC v2[32] 63.8 85.3 BYOL (ours)  ResNet-50 (2x) 94M 7.4 93.6
cMC[11] 66.2 87.0 CPC v2[32] ResNet-161 305M 715  90.1
SimCLR [8] 69.3 89.0 MoCo [9] ResNet-50 (4x)  375M  68.6 -
MoCo v2 [37] 71.1 - SimCLR [8]  ResNet-50 (4x) 375M  76.5  93.2
InfoMin Aug.[12] 73.0 91.1 BYOL (ours)  ResNet-50 (4x) 375M 78.6 94.2
BYOL (ours) 74.3 91.6 BYOL (ours)  ResNet-200 (2x)  250M 79.6 948
(a) ResNet-50 encoder. (b) Other ResNet encoder architectures.

Table 1: Top-1 and top-5 accuracies (in %) under linear evaluation on ImageNet.

*  Semi-supervised training on ImageNet

Method Top-1 Top-5 Method Architecture Param. Top-1 Top-5
1% 10% 1% 10% 1% 10% 1% 10%
Supervised [77] 25.4 56.4 48.4 80.4 CPC v2[32] ResNet-161 305M - - ?7.9 91.2
_ SimCLR[8] ResNet-50 (2x)  94M 585 71.7 83.0 91.2
InstDisc - - 392 774 gygL(ours) ResNet-50 (2x)  94M  62.2 735 841 917
PIRL [35] - - 572 838  ginCLR([8] ResNet-50 (4x) 375M  63.0 74.4 85.8 92.6
SimCLR [3] 48.3 656 755 87.8  ByQL(ours) ResNet-50 (4x) 375M  69.1 75.7 87.9 925

BYOL (ours) 53.2 68.8 784 89.0 gygL(ours) ResNet-200 (2x) 250M 71.2 77.7 89.5 93.7

(a) ResNet-50 encoder. (b) Other ResNet encoder architectures.

Table 2: Semi-supervised training with a fraction of ImageNet labels.
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 Experiment Results

*  Transferto other classification tasks

Method Foodl0l CIFARIO0 CIFARIO0 Birdsnap SUN397  Cars  Aircraft VOC2007 DTD  Pets  Caltech-101  Flowers
Linear evaluation:
BYOL (ours) 75.3 91.3 T8.4 57.2 62.2 67.8 60.6 82.5 75.5 904 94.2 96.1
S5imCLR (repro) T2.8 90.5 T4.4 42.4 60.6 49.3 49.8 81.4 75.7T B4.6 £89.3 92.6
SimCLR [£] 68.4 90.6 T1.6 37.4 58.8 50.3 50.3 80.5 T4.5 B3.6 90.3 91.2
Supervised-IN [#] 72.3 93.6 T8.3 53.7 61.9 66.7 61.0 B2.8 4.9 91.5 94.5 094.7
Fine-tuned:
BYOL (ours) 88.5 97.8 86.1 T6.3 63.7 91.6 88.1 85.4 76.2 91.7 093.8 97.0
S5imCLR (repro) BT7.5 97.4 85.3 75.0 63.9 91.4 BT7.6 84.5 754 B9.4 91.7 96.6
SimCLR [£] 88.2 a97.7 85.9 75.9 63.5 91.3 88.1 84.1 73.2 B89.2 92.1 97.0
Supervised-IN [8] 88.3 a7.5 86.4 75.8 64.3 92.1 86.0 85.0 T4.6 921 93.3 a7.6
Random init [5] 86.9 95.9 80.2 76.1 53.6 91.4 85.9 67.3 64.8 B1.5 T2.6 92.0
Table 3: Transfer learning results from ImageNet (IN) with the standard ResNet-50 architecture.
*  Transfer to other vision tasks
Method APsp  mloU Higher better Lower better
" IE g2 - =3
Super\-"iﬁed'IN [t}] 744 744 Me[hod pLT< ]. 2(} ]:IC[< 125 th< ].2('} Tms rﬁl
SimCLR (repro) 75.2 752 SimCLR (repro) 83.3 96.5 99.1 0.557 0.134
BYOL (ours) 775 T76.3  BYOL (ours) 84.6 96.7 99.1 0.541 0.129
(a) Transfer results in semantic (b) Transfer results on NYU v2 depth estimation.

segmentation and object detection.

Table 4: Results on transferring BYOL’s representation to other vision tasks.
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¢ Ablation study
 Batchsize
v HIX|AOIRV T 2EIQ| S0 O|x [= kS Mt/ | ot Aed
v' SMCLRZ X[ A0 | X7 | 2O R0 T2 tA HsAfol | BYOLEL 7 HIfE £S5 HY
v BYOL2 negative sample= M| 47 | HE0]| HHX | AfO |20 Z745H SRS B
v HIX|AOIE 277164 | HO = 224et &S Ko k= batch nomalization2| SA0IA 7 [Qlet Ao 2 Tt F

Batch Top-1 Top-5 E 0

sizZe BYOL (ours) SimCLR (repro) BYOL (ours) SimCLR (repro) %

1096 72.5 67.9 90.8 88.5 57

2048 72.4 67.8 90.7 88.5 &

1024 72.2 67.4 90.7 88.1 £

512 72.2 66.5 90.8 876 2

256 71.8 64.3+2.1 90.7 86.3+1.0 T

128 69.6:0.5 63.6 89.6 85.9 3 4| — e N
64 59.7T+1.5 59.2+2.9 83.2+1.2 83.0+1.9 é" SimCLR (repro)

4096 2048 1024 512 256 128
Batch size

(a) Impact of batch size

-16/28 -



Jl Bootstrap Your Own Latent

Dive into BYOL

¢ Ablation study
*  Image Augmentation
v' Ablation studyX|A] BYOL2F SmCLR 25 color distortion data augmentationtiA] HIRISHS [ As 1240 | 2| LIEr
v' SmCLR2| AL color distortion2| S0 [ HsAP &5t
v BYOL2|ZR oolor distortiondi| CHoH H|w A 715t 53 KOS
V' Target representation "HEE online network0l| AEGH0 odor histogram 2| F7HR1 HEE FAI +=AUZ > 0 HE EZ2 S B

Top-1 Top-5 2
Image augmentation BYOL (ours) SimCLR (repro) BYOL (ours) SimCLR (repro) T} 0 - = BYOL
Baseline 72.5 67.9 90.8 88.5 = s = SinCLR (repro)
Remove flip 71.9 67.3 90.6 88.2 E
Remove blur 71.2 65.2 90.3 86.6 < 10 0\.
Remove color (jittering and grayscale) 63.4+0.7 45.7 85.3x0.5 70.6 %‘
Remove color jittering T1.8 63.7 90.7 85.9 5 5
Remove grayscale 70.3 61.9 8O.8 84.1 8
Remove blur in 7" 72.4 67.5 90.8 88.4 =
Remove solarize in 7' 72.3 67.7 00.8 8R.2 S -20
Remove blur and solarize in 7' 72.2 67.4 90.8 88.1 z
Symmetric blurring/solarization 72.5 68.1 90.8 88.4 o 25
Crop only 59.4+0.3 40.3+0.3 82.4 64.8+0.4 3
Crop and flip only 60.1+0.3 40.2 83.0+0.3 64.8 B Basline Remove Remove Crop+  Crop
Crop and color only 70.7 64.2 90.0 86.2 grayscale  color  bluronly  only
Crop and blur only 61.1+0.3 41.7 83.9 66.4 Transformations set
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¢ Ablation study

*  Image Augmentation

( Color Histogram )

AALE L

Color distortion gig Color distortion

;

v Z20[0[X[0fA cropEl L O|0|X[EHSHEEHE HIZSt oolor histogram AL HQ

ANERN

AN NN

Color distortions XE3 A | 22 42 cobor histogram HIFEE 25 21 Kt
Trivial solution= SFE591IU7 | 20| £2 representations = 4= 812

BYOLL online representation@ £ tamget representationS OIS 1= SH2
BYOL2 0= M52 =017 | SIsHA color histogram 0[2[2| EXIE FEo612{ 11 &t
AOpH PE HEE oss2 E5HA online networkS IHI0 B SHO2M HEt=!
[Cl2pA contrastive BIHZECF augmentation0f] Z4745HSSS HO A =
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[t Doesn’t Work....... Why?

o™ Q471 BYOLOIA] representation collapses WA|oll3==X|0]| Clot HAE=2 Or2l QiCt
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“* How BYOL prevents representation collapse?

*  Bootstrap Your Own Latent : A New Approach to Self-Supervised Leaming

v" Addition of a predictor to the online network /
v Use of amoving average of online parameters ) / MEL 714 HIA|
-

" o =

Understanding self-supervised and contrastive leaming with “Bootstrap Your Own Latent”
v" Batch Nomalization (2 #

/
L/ gt

*  BYOL works even without batch statistics . _ _ -~
v" Batch Nomnalization TH= OF=
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- Understanding self-supervised and contrastive leaming with “Bootstrap Your Own Latent”
Dive into BYOL

e Understanding self-supervised and contrastive learning
with "Bootstrap Your Own Latent" (BYOL)

Posts
Aug 24, 2020 » Abe Fetterman (email), Josh Albrecht (email)

Podcast

Jobs

About us Sum mary

Github Unlike prior work like SimCLR and MoCo, the recent paper Bootstrap Your Own Latent (BYOL) from DeepMind demonstrates a state of the
self_supervised: a art method for self-supervised learning of image representations without an explicitly contrastive loss function. This simplifies training by
Suslerille il removing the need for negative examples in the loss function. We highlight two surprising findings from our work on reproducing BYOL:
implementation of self-
SR (1) BYOL often performs no better than random when batch normalization is removed, and

jupyter_ascending: real-

time Pycharm + Jupyter (2) the presence of batch normalization implicitly causes a form of contrastive learning.
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- Understanding self-supervised and contrastive leaming with “Bootstrap Your Own Latent”

Dive into BYOL

*+ Batch normalization does prevent collapsing

Batch Normalization= A& 42

< random weight?! 20| A

L

O

T} St

Projection Prediction Loss Function Contrastive Performance
Contrastive Loss - = Cross Entropy Explicit 441
BYOL Batch Norm Batch Norm L2 Implicit 57.7
Projection BN Only Batch Norm - L2 Implicit 55.3
Prediction BN Only - Batch Norm L2 Implicit 48
No Normalization - - L2 - 28.3
Layer Norm Layer Norm Layer Norm L2 - 29.4
Random - - L2 - 28.8
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- Understanding self-supervised and contrastive leaming with “Bootstrap Your Own Latent”

Dive into BYOL

*+ Batch normalization does prevent collapsing

Batch Normalization2] 21 M3t 7150| collapseS X[

=)

Batch
Normalization

N

OL{EiX] L M=

X

OILIEHX| LH M E
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Dive into BYOL
*+ Batch normalization does prevent collapsing
Sig 4liEl

- Understanding self-supervised and contrastive leaming with “Bootstrap Your Own Latent”

F

Samples in a mini—batch

|

Batch

Batch NormalizationO| implicit contrastive leaming &

Statistics

Negative

Positive
Implicit Contrastive Learning

Negative

Positive
Explicit Contrastive Learning
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BYOL works even without batch statistics

Corentin Tallec*! Florian Strub*!

Pierre H. Richemond™*!+? Jean-Bastien Grill*! Florent Altché®!
1

Andrew Brock! Samuel Smith! Soham De! Razvan Pascanu

Bilal Piot'! Michal Valko'
2Imperial College

'DeepMind
[jbgrill,fstrub,altche,corentint]@google.com

phr17@ic.ac.uk

‘ Batch statisticsZt BYOLO| £2 representations H{R=0H 52
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¢ Batch normalization does not prevent collapsing
«  7HKd1) BYOL batch normalization0| collapseE LGH=C| 22T mplicit negative term=
- = batch nomalization= M A< representation collapse” | & ilish= 42 5k
OB E2E A QICH= ZiE Or2
L 7
_I_':

—> Batch nommalizationO| implicit negative contrastive term S

- oX|2t BYOLO{IA batch nommalization2] £ 7 |04 S0FGH I HI|E| =7 [34S & &0}
SORT =7 3E & EHOEIEL coIIapse7}

LN

> AHI2 &1 Z10tbatch nomalizations M| 2
Table 1: Ablarion results on nermalization, per network component: The numbers correspond to

top-1 linear accuracy (%), 30 epochs on ImageNet, averaged over 3 seeds
LN

Encoder BN LN
Projector BN - LN . BN
Predictor || BN BK - Jw| - Jww] - | 8w | - Jw] - | BN -
BYOL 7.2 732 | V20 [ 721 000 [ 54 )01 01 626 |01 000l j6ll |0l ji0l
SimCLR 60.3 G685 G580 G7.8 53.8 56.7 0.1
Table 2: Summary of our resulis: top-1 accuracy with linear evaluation on ImageNet, at 1000 epochs
BYOL variant VanillaBN No BN | Modified init. GN + WS
Uses batch statistics Yes No No Mo
Top-1 accuracy (%) T4.3 0.1 65.7 73.0
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¢ Batch normalization does not prevent collapsing

0

«  7Fd42) BYOL2 batch statistics= &9t implicit contrastive 24+ 2X| 4= 0l =2 ds=2 i3

L

A O
T HA

I

- Group nomalizationZtweight standardization= 2281510 CHAIGIAEL| batch nommalization= £ [LHRf H|=ot

Table 2: Summary of our resulis: top-1 accuracy with linear evaluation on ImageNet, at 1000 epochs
BYOL variant VanillaBN No BN Maodified init. GN + WS

Uses batch statistics Yes Mo Mo MNo
Top-1 accuracy (%) T4.3 0.1 6G5.7 73.9

g0 U=
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Dive into BYOL

Exploring Simple Siamese Representation Learning

Xinlei Chen Kaiming He
Facebook Al Research (FAIR)

2020.11 arXiv

Understanding self-supervised Learning Dynamics without Contrastive Pairs

Yuandong Tian' Xinlei Chen' Surya Ganguli'~

Facebook Al Research
Abstract man et al., 2019) whereby the hidden representations of
two augmented views of the same object (positive pairs)

Contrastive aches to self-s ised learn-
P TASING Approaciies 1o sefstpervised Tl are brought closer together, while those of different ob-

ing (85L) learn representations by minimizing

2021.02 arXiv
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