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01. Introduction : Representation Learning

How to Solve Cats VS Dogs problem?
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O1. Introduction : Contrastive Learning

@ Contrastive Learning
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O1. Introduction : Contrastive Learning

@ Contrastive Learning2| £H&
» Require careful treatment of negative pairs
v" Negative pairsg H3dt= FE2 nefd 22 UZ
ex) SImCLR : Batch Size

« Choice of Image Augmentation
v' Augmentation Zg0f et 2EO| H4&50| I A zH*E

Crop
Cutout
Color
Sobel

Noise

1st transformation

Blur

Rotate
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2nd transformation

» Requires comparing each representation of an augmented view with many negative example



O1. Introduction : Contrastive Learning

@ Collapsed representation (Mode collapse)
Positive pairs2Tt St52 St= 4% 220 constant vectorPt2 £&Hdt= 24
a

v Train loss= 2{OMX| X2t st52 5 Q= 24 2

Cross-view prediction
framework

Constant vector



O1. Introduction : Contrastive Learning

@ Collapsed representation (Mode collapse)
Contrastive loss= positive@t negative sampleg 25 AFESIY collapseE WA|

v Positive pairZt2| SAL=7F 310 Negative pairZt2| A=} 2242 |osst 0| ZHOFE

________________ Cosine similarity
- (Positive pair)

exp (Sim(zi, Z]))
Li,j = —lOg

Contrastive Loss k 1 [k#i] EXp(

) Cosine similarity
) (Negative pair)




O1. Introduction : BYOL

@ Bootstrap Your Own Latent (BYOL)

« 7|& Contrastive learningOll Al negative sample0f 2|&5}
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02. Design: Overview

@ Core Motivation of BYOL

« BYOLS MotiveZ} &l Ztetst AlH

v' Case 1) Encoder(random parameter / freeze) + MLP

<

- > )’;A > CE(yA;y) MOdel A

(acc: 1.4%)
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02. Design: Overview

@ Core Motivation of BYOL

e BYOLS| MotiveZ} =l ZtErst A5

v Case 2) Case 11} S st X0 HEYIAE MMH3H Case 12| HEQ AT St S 0| =S = &
- N ~ Model A
: o e N
ﬁ! Ya CE(y Aty ) (acc: 1.4%)
S : Model B
> = — > 5 —  » 2 2 ode
o 9 CE(VpYa) (acc: 18.8%)

>
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02. Design: Overview

@ Core Motivation of BYOL
« BYOLS| MotiveZ}| =l ZIEHSH Al

v if) 2t Model B2| Lt2t0|HE O|&83t0] EFZUO| E|= Model A2| Lt2}0|H & update®HCHH? (Bootstrap)

| ! T " Va7 CEWly) Model A
I I Parameteryp
= Model B

> Vs ' CE (Jp,|Ya)
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02. Design: Model Structure

@ Architecture of BYOL
« IIZH0|EE YUH|0|ESt= &Al0| M= CHE St 7122| £ HERIIE & E (Online Network / Target Network)
« T HE®3 2% Encoder®t ProjectorE 2 ®5tLt Predictor= Online NetworkO| A2 H 38t

—_

- Target NetworkOf|A] Z245t representation vectorE Online NetworkOl|A 0|Z3st= =32 TIatist
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02. Design: Model Structure

@ Target Network update in BYOL
» Exponential moving average
v' Online Network2| weightE O|-835}0] Target Network2| weightE EXIM O 2 updatedt= Al
v Cosine annealing2 AtE5H0] at&0| ZIAE+E 2 EE 10| 712 222 7|2

Target Network (Old) Online Network
E<1¢E+(1—1)0
Target Network (New) T
Tpase = 0.996

(cos % + 1)

Tél_(l_rbase)' 2

K : Maximum Number of Training step
k : Current Training step
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02. Design: Loss Function

17

@ Loss Function of BYOL

* L2loss
v ZH HERI39| Predictiont Projection0f L2 3tE F 3t Fl lossE A4t

Log 2 ||ga(ze) — Z'f”i

, . 90(z9) P
. a7 10020) = g9 2112
lae (Zo)llz - ||2'¢l,

Loss Function symmetrization

v' Augmentation Z8 S W25t lossE oHH O A4t

oL N
L g§ L = Log+ Log




02. Design: Optimization
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@ Optimization strategy of BYOL

v" Online Network2} Target Network2| I}2t0|E= M2 CHE Ao = HAIEICE
v AO|AM AHASE loss function2 Online Network?| It2}0| E 901| CHSH A B % X 5} =l
v' Target Network2| Lt2t0|Ef ¢2| B2, &AM AGHE AKX 95 0|83 Exponential moving averages

6 = optimizer(@, VQL g}g)l’,n) n =learning rate
¢ =16+ —-1)0

Sofl olo|EE
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02. Design: Collapsed representation

@ Collapsed representation

« Positive pair?t ArE3I S [ Mode Collapse”} &5t

v

v

v

0]

rr

o
T
Contrastive learning2| 4%, negative samples= XN 2/5tH B2 X &0| 27| 20, positive samplesOi|
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02. Design: Collapsed representation

@ Collapsed representation
* Positive pairZt A3t S I Mode Collapse? &/45t

rir
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v J2{Lt BYOL2 argmin VL, Y& O 2 ¢E A O|ESIX| U
v BYOLO|| M Target Network2| parameter tuning= exponential moving average & 4l= &4l O|F 0 &
v MASE Ol2iot EMA &4 0] local minimalf WHXIX] 24 Si01, (67,)7F S0 optimal point7t ==
Lo =SR] =L o

v’ EESH OFOF Target Network2| It2t0O|Ef £0f CHH EMA BHA CHA gradient descentE M-85, Mode
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03. Evaluation

@ Implement Details

* Datasets
v ImageNet ILSVRC-2012 dataset

* Image Augmentations
v O|O|X| 22tQ| I{X| MEH -> horizontal flip &2 H& -> 224 x 224 37| resize

v' Color distortion X-&
* Architecture

v' Encoder baseline: Resnet-50 At&

v Projection, Predictor: MLP A&

v MLPE linear-batchnorm-relu-linear =22 74
« Optimization

v lars AHE

v 1000 epochaQt R A|ZH Q10| Tl

d
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03. Evaluation

@ Experiment Results

» Linear evaluation on ImageNet

Method Top-1  Top-5
Local Agg. 60.2 -
PIRL [35] 63.6 -
CPC v2[32] 63.8 85.3
CMC[11] 66.2 87.0
SimCLR [§] 69.3 89.0
MoCo v2 [37] 71.1 -
InfoMin Aug.[12] 73.0 91.1
BYOL (ours) 743 91.6

(a) ResNet-50 encoder.

« Semi-supervised training on ImageNet

Method Top-1 Top-5
1% 10% 1% 10%
Supervised [77] 254 56.4 484 80.4
InstDisc - - 392 774
PIRL [35] - - 572 838
SimCLR [8] 483 656 755 878
BYOL (ours) 53.2 68.8 784 89.0

Method Architecture Param. Top-1 Top-5
SimCLR [8] ResNet-50 (2x) 94M 74.2 92.0
CMC[I11] ResNet-50 (2x) 94M 70.6 89.7
BYOL (ours) ResNet-50 (2x) 94M 774 93.6
CPC v2[32] ResNet-161 305M 71.5 90.1
MoCo [Y] ResNet-50 (4x) 375M 68.6 -
SimCLR [8] ResNet-50 (4x) 375M 76.5 93.2
BYOL (ours)  ResNet-50 (4x) 375M 78.6 94.2
BYOL (ours)  ResNet-200(2x) 250M 79.6 948

(b) Other ResNet encoder architectures.

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

Method Architecture Param. Top-1 Top-5

1% 10% 1% 10%
CPC v2[32] ResNet-161 305M - - 779 912
SimCLR [8] ResNet-50 (2x) 94M 585 TL1L.7T 83.0 912
BYOL (ours) ResNet-50 (2x) 94M 62.2 735 84.1 91.7
SimCLR [8] ResNet-50 (4x) 37T5M 63.0 744 858 926
BYOL (ours) ResNet-50 (4x) 375M 69.1 75.7 87.9 925
BYOL (ours) ResNet-200(2x) 250M 71.2 77.7 895 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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03. Evaluation

@ Experiment Results

Transfer to other classification tasks

Method Foodl0l CIFARI0O CIFARIO0 Birdsnap SUN397 Cars  Aircraft  VOC2007 DTD  Pets  Caltech-101  Flowers
Linear evaluation:
BYOL (ours) 75.3 01.3 78.4 57.2 622 67.8 606 825 755 004 04.2 96.1
S1mCLR (repro) 72.8 90.5 74.4 42.4 60.6  49.3  40.8 814 757 846 £0.3 02.6
S1mCLR [§] 68.4 00.6 71.6 37.4 58.8  50.3  50.3 80.5  74.5 83.6 90.3 01.2
Supervised-IN[8]  72.3 93.6 78.3 53.7 61.0  66.7 61.0 828 749 915 945 04.7
Fine-runed:
BYOL (ours) 88.5 97.8 86.1 76.3 63.7 01.6 881 854 762 017 93.8 97.0
S1mCLR (repro) 87.5 97.4 85.3 75.0 63.0 014 87.6 84.5 754 804 01.7 96.6
S1mCLR [§] 88.2 077 85.0 75.9 635 013  88.1 84.1 732 80.2 92.1 97.0
Supervised-IN [§]  88.3 07.5 86.4 75.8 64.3 921 86.0 85.0  74.6 92.1 93.3 97.6
Random init [£] 6.9 05.0 80.2 76.1 53.6 014 859 67.3  64.8 815 72.6 92.0
Table 3: Transfer learning results from ImageNet (IN) with the standard ResNet-50 architecture.
Transfer to other vision tasks
Method APso  mloU Higher better Lower better
= =2 =3
Supervised-IN [9] 74.4 74.4 Method pet.<<1.25  pect.<1.25° pet.<<1.25 ms rel
- ] Q [ 4

MoCo Igl 74.9 72.5 Superwsed IN [?53] 81.1 95.3 98.8 0.573 0.127

SimCLR (repro) 752 752  SimCLR (repro) 83.3 96.5 99.1 0.557 0.134

BYOL (ours) 775 763 BYOL (ours) 84.6 96.7 99.1 0.541 0.129

(a) Transfer results in semantic
segmentation and object detection.

(b) Transfer results on NYU v2 depth estimation.

Table 4: Results on transferring BYOL's representation to other vision tasks.
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03. Evaluation

@ Ablation study

Batch size

v BiX| AfO| =7} REO| F50f O|X|= s
v SImCLR2 B X| AO[=7} 2O O hatA]

F

0ot

mtors} 7| 9fst Al

=X 35}7} BYOLE
H

v BYOL2 negative sampleS MX| 47| 20| HYX|ALO|=0f Z

Batch Top-1 Top-5

size BYOL (ours) SimCLR (repro) BYOL (ours) SimCLR (repro)
4096 72.5 67.9 90.8 88.5
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 87.6
256 71.8 64.3+2.1 90.7 86.3+1.0
128 69.6+0.5 63.6 89.6 85.9
64 59.7T+155 59.2+2.0 83.2+1.2 83.0+1.0

Table 16: Influence of the batch size.
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(a) Impact of batch size
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03. Evaluation

@ Ablation study

Image Augmentation

v Ablation studyO| A BYOLT} SimCLR 25 color distortion2 data augmentationO| Al M2 I d&

OF=f0| 3A| LtELE

v BYOLS| A2 SimCLRO| H|H Image AugmentationOf|A] H| X Z+AsH o

Top-1 Top-5
Image augmentation BYOL (ours)  SimCLR (repro) BYOL (ours) SimCLR (repro)
Baseline 72.5 67.9 90.8 88.5
Remove flip 71.9 67.3 90.6 88.2
Remove blur 71.2 65.2 90.3 86.6
Remove color (jittering and grayscale) 63.4+0.7 45.7 85.3+0.5 70.6
Remove color jittering 71.8 63.7 90.7 85.9
Remove grayscale 70.3 61.9 89.8 84.1
Remove blur in 7" 72.4 67.5 90.8 88.4
Remove solarize in 7' 72.3 67.7 90.8 88.2
Remove blur and solarize in 7’ 72.2 67.4 90.8 88.1
Symmetric blurring/solarization 72.5 68.1 90.8 88.4
Crop only 59.4+40.3 40.3+0.3 82.4 64.8+0.4
Crop and flip only 60.1+0.3 40.2 83.0+0.3 64.8
Crop and color only 70.7 64.2 90.0 86.2
Crop and blur only 61.1+0.3 41.7 83.9 66.4

Table 17: Ablation on image transformations.
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03. Evaluation

@ Ablation study

Bootstapping

v
v

v
v

Ablation study01|)\1 exponential moving average coefficientOf| CHS A SIS

Tpase | 02 8% Target NetworkO|A] Online Network?2| Lf2t0|E{ & :LEHE 7= Z40|0, &&0

HX = 252 E9

Tbase7|- 1°' 7:'—.— Target Networkol ot2t0|E 7t Updatek| X| 2#&= AO|H, B2 scoreE E0|11

Target Thase Top-1
Constant random network 1 18.8+0.7
Moving average of online  0.999 69.8
Moving average of online 0.99 72.5
Moving average of online 0.9 68.4
Stop gradient of online' 0 0.3

(a) Results for different target modes. 'In the stop gradient of
online, T = Tvase = 0 1s kept constant throughout training.
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04. Conclusion
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