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* A form of unsupervised learning where the data provides
the supervision

 In general, withhold some part of the data(or generate some
labels), and task the network with predicting it

* The task defines a proxy loss, and the network is forced to
learn what we really care about, e.g. a semantic
representation, in order to solve it



_earning good Iimage representations
by self-supervised learning



« Reducing the distance between representations of different augmented
views of the same image (‘positive pairs’)

 Increasing the distance between representations of augmented views
from different images (‘negative pairs’)
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Contrastive methods often require comparing each example with many
other examples to work well prompting the question of whether using
negative pairs Is necessary.



input
image

N

’

projection

view representation
4 D
fo g6
v Yo
v Ye
e g¢

<6

prediction
qe
qo(20) online
\1
!
loss
I
A—> sg(zi) ¥ target

Sg



- lae(20),zg)
lga (z0)[, - [|2¢

Loss: Lo.c = ||78(z0) — z‘é”i —9_9

6 < optimizer (9, VQESTEL, 7}), LARS optimizer
§— 1€+ (1—1)0,

Thase = 0.996

Update:

721 — (1= Toae) - (cos(mh/K) +1)/2

¢ updates are not in the direction of Vng?’fOL

There 1s therefore no a priori reason why BYOL’s parameters would

converge to a minimum of Lg%"",



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 70.6 89.7
CPC v2[32] 63.8 85.3 BYOL (ours)  ResNet-50 (2x) 94M 77.4 93.6
CMC[11] 66.2 87.0 CPC v2[32] ResNet-161 305M 71.5 90.1
SimCLR [&] 69.3 89.0 MoCo [9] ResNet-50 (4 x) 375M 68.6 -
MoCo v2 [37] 71.1 - SimCLR [8] ResNet-50 (4 %) 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 796 94.8
(a) ResNet-50 encoder. (b) Other ResNet encoder architectures.

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



Method Top-1 Top-5

1% 10% 1% 10%
Supervised [77] 25.4 56.4 484 80.4
InstDisc - - 39.2 774
PIRL [35] - - 5H7.2 838
SimCLR [&] 48.3 656 755 8&7.8
BYOL (ours) 53.2 688 784 89.0

(a) ResNet-50 encoder.

Method Architecture Param. Top-1 Top-5
1% 10% 1%  10%
CPC v2[32] ResNet-161 305M - - 779 91.2
SimCLR [8] ResNet-50 (2x) 94M 585 TL.7 R3.0 91.2
BYOL (ours) ResNet-50 (2x) 94aM  62.2 73.5 &4.1 91.7
SimCLR [8] ResNet-50(4x) 375M 63.0 74.4 85.8 92.6
BYOL (ours) ResNet-00(4x) 375M 69.1 75.7 87.9 925
BYOL (ours) ResNet-200 (2x) 250M 71.2 77.7 89.5 93.7

(b) Other ResNet encoder architectures.

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



Method Food101 CIFARI0O CIFARIO0 Birdsnap SUN397 Cars Aiarcraft VOC2007 DTD  Pets  Caltech-101  Flowers
Linear evaluation:

BYOL (ours) 75.3 91.3 78.4 57.2 62.2 67.8 60.6 82.5 75.5 90.4 94 .2 96.1
SimCLR (repro) T2.8 90.5 T4.4 42 .4 60.6 49.3 49.8 81.4 T5.7T 84.6 89.3 92.6
SimCLR [§] 68.4 90.6 71.6 37.4 H&.8 50.3 50.3 &80.5 74.5 83.6 90.3 91.2
Supervised-IN [8]  72.3 93.6 78.3 53.7 61.9 66.7 61.0 828 749 91.5 94.5 94.7
Fine-tuned:

BYOL (ours) 88.5 97.8 86.1 76.3 63.7 91.6 88.1 85.4 76.2 91.7 93.8 97.0
SimCLR (repro) 87.5 97 .4 85.3 75.0 63.9 91.4 87.6 84.5 7h.4 89.4 91.7 96.6
SimCLR [¥] 88.2 97.7 85.9 75.9 63.5 91.3 88.1 84.1 73.2 89.2 92.1 97.0
Supervised-IN [§] 88.3 97.5 86.4 75.8 64.3 92.1 86.0 85.0 746 92.1 93.3 97.6
Random init [8] 86.9 95.9 80.2 76.1 53.6 91.4 85.9 67.3 64.8 81.5 72.6 92.0

Table 3: Transfer learning results from ImageNet (IN) with the standard ResNet-50 architecture.



Method AP5U mloU
Supervised-IN [9] 74.4 74.4
MoCo [9] 74.9 72.5
SimCLR (repro) 75.2 75.2
BYOL (ours) 775 76.3

Higher better Lower better
Method pct.<1.25 pct.<1.25% pet.<1.25°  rms rel
Supervised-IN [83] 81.1 95.3 98.8 0.573  0.127
SimCLR (repro) 83.3 96.5 99.1 0.557  0.134
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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Figure 3: Decrease in top-1 accuracy (in % points) of BYOL and our own reproduction of SimCLR at 300
epochs, under linear evaluation on ImageNet.
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Target Thase Top-1
Constant random network 1 18.8+o0.7
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 = Tpase = 0 1s kept constant throughout training.
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Method Predictor Targetnetwork [  Top-1
BYOL v v 0 72.5
— v v 1 70.9
— v 1 70.7
SimCLR | 69.4
— v 1 69.1
— v 0 0.3
— v 0 0.2
— 0 0.1

(b) Intermediate variants between BYOL and SimCLR.

Table 5: Ablations with top-1 accuracy (in %) at 300 epochs under linear evaluation on ImageNet.
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