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Research timeline

» Pretext task (2014 ~ 2018)
* Pretext task& & F2loliM 017! 1= O[0|X[Z0| CHet HEE &H F5oh= WA
* Exemplar — 2014 NIPS, context prediction — 2015 ICCV, jigsaw puzzle — 2016 ECCV, count — 2017 ICCV,
rotation — 2018 ICLR -

< Contrastive learning (2018 ~)
* Contrastive learningS &&0ot0{ =0{ZI &= O[0|X[Z0]| CHet HEE FSok= WAl

« NPID - 2018 CVPR, CPC - 2018 Arxiv, MoCo - 2020 CVPR, SimCLR - 2020 ICML ---

< New approach (2020 ~)
«  Network 71Xt clustering 7HE2 =I5t 01T = O|0X|IS0]| tist HEE FEok= WAl
- BYOL - 2020 NIPS, PCL - 2020 ArXiv ---
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Fig. 2. Several random transformations applied to one of the Rotate 270 degrecs L e MO

S Rotated image: X~ S R L o g S|

patches extracted from the STL unlabeled dataset. The original

(,Seed') patCh is in the tOp left corner. Figure 2: Illustration of the self-supervised task that we propose for semantic feature learning.

Given four possible geometric transformations, the 0, 90, 180, and 270 degrees rotations, we train
a ConvNet model F/(.) to recognize the rotation that is applied to the image that it gets as input.
FY(X¥") is the probability of rotation transformation y predicted by model F(.) when it gets as
input an image that has been transformed by the rotation transformation y*.
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E Self—SupeNised Self-Supervised Representation Learning

Representation Learning

REFERENCES
Seokho Moon [4 200501_Open_Seminar_Self_Supervised_Representation_Learning_Seckho.pdf
May 1, 2020
INFORMATION 202045212 (9 o314~ @ 24 =223 o|g(Zoom)
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I Algorithm paper

NPID, CVPR 2018 (Unsupervised Feature Learning via Non—Parametric Instance Discrimination)

<» NPID, CVPR 2018

« 202044 11& 20¥ 7|&= 2893|212 Abstract
= Neural net classifiers trained on data with annotated
¢ kllj:”I—-llol_I I;_-II[-I E'l_-lﬁ %Ol" Ol'L_I'OI_I CVPR(lEEE Conference on Com pUter class labels can also capture apparent visual similarity
among categories without being directed to do so. We study
VISIOI’] and Pa-ttern Recognltlon)O-" A—I |:|E|'_]E[L o I_'_-|: E whether this observation can be extended beyond the con-
[

ventional domain of supervised learning: Can we learn a
good feature representation that captures apparent similar-
ity among instances, instead of classes, by merely asking
the feature to be discriminative of individual instances?

We formulate this intuition as a non-parametric clas-
sification problem at the instance-level, and use noise-
contrastive estimation to tackle the computational chal-
lenges imposed by the large number of instance classes.

Our experimental results demonstrate that, under unsu-

Zhir@]]g '\,3\4'1,1"‘Jr Yua njur] Xiongﬂ Stella X. Yu* Dahua ]_jni pervised learning settings, our method surpasses the state-
*UC Berkeley / ICSI TChinese University of Hong Kong *Amazon Rekognition ofthe-art on ImageNet classification by a large margin.
= = Our method is also remarkable for consistently improv-
ing test performance with more training data and better
network architectures. By fine-tuning the learned feature,
we further obtain competitive results for semi-supervised
learning and object detection tasks. Our non-parametric
model is highly compact: With 128 features per image, our
method requires only 600MB storage for a million images,
enabling fast nearest neighbour retrieval at the run time.

Unsupervised Feature Learning via Non-Parametric Instance Discrimination

Q.. Data Mining NN
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NPID, CVPR 2018 (Unsupervised Feature Learning via Non—Parametric Instance Discrimination)

*»* Framework

Instances 72| SAIEZE contrastive learning WAIC 2 k5510 = 124 0|0|X|Z 128X}[9

« 0| EXMIE space= P& 0|0|X|7} SHREZE 7|&2| 0|0]|X|(classZ 7t52)7t T2OIX|HA A71 A ZX| EESH GHZA

CNN backbone

E 1-th image Vi

e Vo

low dim L2 norm /1 E 2-th image V3
|:| " D "

INon-param)| .
Soﬂp:lax —_—> i-th image Memﬂl'y

' Bank

128D 128D \A ﬁ n-1 th image S —

- 048 hi Vip—2

2“48“ p- . n-t |mage vn_l

V?".'.

fo(x)

128D Unit Sphere

Figure 2: The pipeline of our unsupervised feature learning approach. We use a backbone CNN to encode each image as a feature
vector, which is projected to a 128-dimensional space and L2 normalized. The optimal feature embedding is learned via instance-level
discrimination, which tries to maximally scatter the features of training samples over the 128-dimensional unit sphere.
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NPID, CVPR 2018 (Unsupervised Feature Learning via Non—Parametric Instance Discrimination)
“* Method = Non—Parametric Classifier
* n7l2limage : n7H2] classE 7tX|= x4, x5, x,, 2 B
« Q120 fp0llM LI O[0|X] x; 2 SE HIH : fo(x) = v
© w= EYHCE class j& 71201/ | #lol| SSEl= parameter
exp (w}v)

e Parametric classifier > P(ilV) = ==
Zj 1 CXp (W;r )

128X 2| E2 HIE{| softmax 7H'H2]

classifier2 M25HIE HY

_ 3 _ exp (viv/T)
«  Non-parametric classifier > P (i|v) = Zn exp (V v /T)
1

- 7|Z& & H|0]E{0| 2 2

—_
instances 71| H| WS —’F%ﬁﬂl of
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NPID, CVPR 2018 (Unsupervised Feature Learning via Non—Parametric Instance Discrimination)

% Method = Memory Bank
« Q1T fpO0ll L= O|0[X| x; 2| £ HIE] v, & MF A|LHoll0F oh=0| O[0|X| 7H=7t S7totH HIZ 2| =X+ 2l
 0|Z sliZ5}7] la memory bank V £ EQI610] HAtEl EAMIES HEGI0] AR
* Learning iteration(epoch)0| ZISHE I 62+ SA|0f| RCI0|1E

CNN backbone E 1-th image
low dim L2 norm .’.—:_"" 2-th image
Non-param| ;
—_— —_— _} Soﬂp:lax i-th image
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NPID, CVPR 2018 (Unsupervised Feature Learning via Non—Parametric Instance Discrimination)
» Method = NCE(Noise—Contrastive Estimation)
« NCE #AI2 =2 multi class 25 =HMI0IM class7t L{F ZOHE! AL, data sampleZt noise sample= T1256k= 0|

=% =M= Hebolo] &= A

- 0| YE= XEoh= OlF= n2l 771 HOME B2 AO0| L5 =E6iXV | M=
_ exp(vIf;/T)
exp (v} v/7) P(ilv) = Z.

Z; = Z exp (V?f@'/T)
j=1

- ZBSMO= LIZ2 =E3 Soll negative log—posterior distributiona minimizeot= =& ef+E A2
P _ (s
hi,v):= P(D = 1]i,v) = 20 (”)P . Inop(9) = —Ep, [log h(i.v)} |
ilv) +mPn(i) —m-Ep, [log(1 — h(i,v"))]
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Algorithm paper

NPID, CVPR 2018 (Unsupervised Feature Learning via Non—Parametric Instance Discrimination)

“ Experiment & result

* 7| pretext task 7|2r2| YEESL HWoIRS [ Lt 22

Image Classification Accuracy on ImageNet Image Classification Accuracy on Places

method convl conv2 conv3 conv4 convS|kNN |#dim method convl conv2 conv3 conv4 convd kNN [#dim
Random 11.6 17.1 169 163 14.1|3.5]|10K Random 157 20.3 19.8 19.1 17.5]3.9 | 10K
Data-Init [16] | 17.5 23.0 245 232 20.6| - |10K Data-Init[16] | 21.4 26.2 27.1 26.1 240| - |10K
Context [2] | 16.2 23.3 30.2 31.7 29.6| - |10K Context [2] | 19.7 26.7 319 327 309 | - |I10K
Adversarial [4]| 17.7 24.5 31.0 299 28.0| - |10K Adversarial [4]| 17.7 24.5 31.0 299 28.0| - |10K
Color [+/] | 13.1 24.8 31.0 32,6 31.8| - |I0K Video [44] ]20.1 285 299 297 279| - |10K
Jigsaw [27] | 19.2 30.1 347 339 283| - |10K Color [47] |22.0 28.7 31.8 313 29.7| - |10K
Count [26] | 18.0 30.6 343 325 257| - |I10K Jigsaw [27] |23.0 32.1 355 348 31.3| - [10K
SplitBrain [4£]) 17.7 29.3 354 35.2 32.8 |11.8| 10K SplitBrain [48] 21.3 30.7 34.0 34.1 32.5|10.8] 10K
Exemplar ‘] 315 - 45K Ours Alexnet | 18.8 24.3 31.9 34.5 33.6 [30.1] 128
Ours Alexnet | 16.8 26.5 31.8 34.1 35.6 |31.3| 128 Ours VGG16 | 17.6 23.1 29.5 338 36.3(32.8] 128
Ours VGGI16 | 16.5 21.4 276 33.1 37.233.9) 128 Ours Resnet18| 17.8 23.0 303 342 41.3 |36.7| 128
Ours Resnet18| 16.0 19.9 26.3 35.7 42.1 |40.5| 128 Ours Resnet50| 18.1 22.3 297 34.1 42.1(38.7| 128

Ours Resnet50| 15.3 18.8 244 353 43.9 |42.5| 128

Table 3: Top-1 classification accuracies on Places, based directly
Table 2: Top-1 classification accuracies on ImageNet. on features learned on ImageNet, without any fine-tuning.
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MoCo, CVPR 2020 (Momentum Contrast for Unsupervised Visual Representation Learning)

¢ MoCo, CVPR 2020
« 20204 118 20€! 7|= 3802 el&

Abstract
¢ k”]:”I_‘!OI_l |;_-|]I-I E'|_-I¢ %O'" 8|'I——I'O|_I CVPR('EEE Conference on Com puter We present Momentum Contrast (MoCo) for unsuper-
vised visual representation learning. From a perspective on
Vision and Pattern Recognition)O'"A'l HEI-EEJ hl_'—E— contrastive learning [29] as dictionary look-up, we build

a dynamic dictionary with a queue and a moving-averaged
encoder. This enables building a large and consistent dic-
tionary on-the-fly that facilitates contrastive unsupervised
learning. MoCo provides competitive results under the
common linear protocol on ImageNet classification. More
importantly, the representations learned by MoCo transfer
well to downstream tasks. MoCo can outperform its super-
vised pre-training counterpart in 7 detection/segmentation

Momentum Contrast for Unsupervised Visual Representation Learning

Kaiming He Haoqi Fan  Yuxin Wu  Saining Xie  Ross Girshick tasks on PASCAL VOC, COCO, and other datasets, some-
times surpassing it by large margins. This suggests that

Facebook Al Research (FAIR) the gap between unsupervised and supervised representa-

Code: https://github.com/facebookresearch/moco tion learning has been largely closed in many vision tasks.

Q.. Data Mining NN
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MoCo, CVPR 2020 (Momentum Contrast for Unsupervised Visual Representation Learning)
** Contribution
« Z dictionaryE Solf 2 negative samplel| = 2610 Hs 2t

« KeyE9| consistency= Z|CHSt SHE|F0] S+50| QPHX O RIHE| =2 &t

contrastive loss

q-k
q ke

contrastive loss

q-k
q ke

contrastive loss

q-k
q ke

sampling momentum
encoder q encoder k encoder encoder
encoder
memory
Ll ?;L‘ Ll bank ] ?I:.
x? 1 ! x 1
(a) end-to-end (b) memory bank (c) MoCo
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MoCo, CVPR 2020 (Momentum Contrast for Unsupervised Visual Representation Learning)

q-k
“* Method — contrastive learning q k
«  NPIDOIA At Z4XH infoNCE 7HE2] loss function= A2 :
« q= FYE S35t query0|1! k= dictionaryd U= key e encacer
« 071X k7t query2| positive sample2| HEO 2 = 4= US x4 "
(c) MoCo

- AHMOZ Y k= EF0h= K171 softmaxdt FAIS! classifierttil MAIS= 2et

exp(q-k+/7)

S exp(qki/T)

L, = —log
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MoCo, CVPR 2020 (Momentum Contrast for Unsupervised Visual Representation Learning)

q-k
“* Method — Momentum contrast q k
* Dictionary as a queue
1. 017IM queue i3S E2I510] 71Z2] memory bankto] AHEES S O ereeoe “ercoer O
2. Batch size0l 2H| 2IESIX| 22A| dictionary2| 37|12 T = US - k
3. Queue 7 & 71 M3 S0= ETHUE7} 7Y WA LIZHA| E[BA consistency? 7 Al (¢) MoCo

*  Momentum update

1. Queuel]| = keyQ| EXHIE|7t consistentot2A™ 7|& key”} 7tXK|= parameter 6,2 20| 71X4710f &t
2. 2 =20AMs AsMozZ m=0.999Y Iff 72t Sk50| QPHX0| 1 245t M52 HOE

0, <— mb + (1 — m)(?q
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MoCo, CVPR 2020 (Momentum Contrast for Unsupervised Visual Representation Learning)

“ Experiment & result
K(negative sample)2| 37|E S7tAZ+5 H50] 2

End-to—end 2 &2 batch size0f| 2|=5}7| 20 LXN

Daota Mining
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I Algorithm paper

PIRL, CVPR 2020 (Self-Supervised Learning of Pretext—Invariant Representations)

< PIRL, CVPR 2020
- 20204 11 20% 7|& 1072] 21
The goal of self-supervised learning from images is

¢ kllj :”I_-IIOI_I |;_-I]I-I E’._-Iﬁ %O'" 8|'|——|'0|_| CVPR('EEE Conference on Com pUter to construct image representations that are semantically

meaningful via pretext tasks that do not require semantic

Vision and Pattern Recogni‘tion)O'"A'l HEI-EEJ hl_'—E— annotations. Many pretext tasks lead to representations that
are covariant with image transformations. We argue that,

instead, semantic representations ought to be invariant un-

der such transformations. Specifically, we develop Pretext-

Invariant Representation Learning (PIRL, pronounced as

“pearl”) that learns invariant representations based on pre-

. . . . text tasks. We use PIRL with a commonly used pretext task
Self-Supervised Learning of Pretext-Invariant Representations that involves solving jigsaw puzzles. We ﬁndp that PIRL
substantially improves the semantic quality of the learned

image representations. QOur approach sets a new state-

Ishan Misra Laurens van der Maaten of-the-art in self-supervised learning from images on sev-

Facebook Al Research eral popular benchmarks for self-supervised learning. De-
spite being unsupervised, PIRL outperforms supervised

pre-training in learning image representations for object
detection. Altogether, our results demonstrate the poten-
tial of self-supervised representations with good invariance
properties.

Abstract

~NJ "
34
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Algorithm paper

PIRL, CVPR 2020 (Self-Supervised Learning of Pretext—Invariant Representations)

< |dea
Ot pretext taskE MESH=X|0f| Af2U10| Z+2 0|0|X|H transformation EO|E visual semanticS HHSA|7 | X|
=Lt OfO|L|Oof|M =&

[ Objectives: Pretext Image | Standard Pretext Pretext Invariant
Transforrn Learning Representation Learning
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Method Parameters Transfer Dataset
ImageNet VOCO07 Places205 iNat.
ResNet-50 using evaluation setup of [21]
Supervised 25.6M 75.9 87.5 515 454
Colorization [21] 25.6M 39.6 55.6 37.5 -
Rotation [20] 25.6M 48.9 63.9 414 230
NPID++ [81] 25.6M 59.0 76.6 46.4 2.4
MoCo [26] 25.6M 60.6 - - -
Jigsaw [21] 25.6M 45.7 64.5 412  21.3
PIRL (ours) 25.eM 63.6 81.1 498 3.1
Different architecture or evaluation setup
NPID [81] 25.6M 54.0 — 455 -
BigBiGAN [13] 25.6M 56.6 - - -
AET [85] 61M 40.6 - 37.1 -
DeepCluster [6] 61M 39.8 - 375 -
Rot. [35] 61M 54.0 - 455 -
LA [89] 25.6M 60.27 - 502t -
CMC [73] 51M 64.1 - - -
CPC [59] 44.5M 48.7 - - -
CPC-v2 [28] 305M 61.0 - - -
BigBiGAN-Big [13] 8eM 61.3 - - -
AMDIM [4] 670M 68.1 - 55.1 -

Table 2: Image classification with linear models.
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Data fraction — 1% 10%
Method Backbone Top-5 Accuracy
Random initialization [81] | R-50 22.0 59.0
NPID [81] R-50 39.2 77.4
Jigsaw [21] R-50 45.3 79.3
NPID++ [81] R-50 52.6 81.5
VAT + Ent Min. [22, 52] | R-50v2 47.0 83.4
S*L Exemplar [84] R-50v2 47.0 83.7
S*L Rotation [84] R-50v2 53.4 83.8
PIRL (ours) R-50 57.2 83.8
Colorization [39] R-152 29.8 62.0
CPC-v2 [28] R-170 and R-11 | 64.0 84.9

Table 3: Semi-supervised learning on ImageNet.
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“* Motivation & framework
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Fig. 1: A schematic overview of our proposed pre-training method, WaPIRL.
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“ Experiment & result
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TABLE 1II: Comparisons of different classification models,
Original Crop Cutout Noise Rotation Shift in terms of the macro Fj score. The best values for each

proportion of labeled data is in bold. We report the median
values over ten repeated trials with different random seeds.
Labeled Data
' Model 1383 6918 13836 34590 69,180 138,630
1% (5% (10%) (25%) (50%) (100%)
WMFPR 0498 0692 0717 0726 0749 0767
WMDPI + RF 0489 0674 0721 0784 0805 0829
WMDPI + GB 0412 0606 0623 0667 0704 0727
1 WMBDPI + SVE 0572 069% 0717 0757 0785 0801
. CNN-WDI 0630 0790 0839 0851 0858 0877
» d-CAE (ResNet-18) 0403 0706 0745 0830 0850  0.869
g ! d-CAE (ResNet-50) 0411 0856 0788  0.845  0.861  0.859

WaPIRL+Crop (AlexNet) 0708 0783 0831 0.849 0.870 0.885

WaPIRL+Crop (VGG16) 0.741  0.815  0.839 0.864 0.880 0.897
WaPIRL+Crop (ResNet-18) | 0.693 0792  0.821 0.857 0.879 0.895
WaPIRL+Crop (ResNet-50) | 0.684 0794  0.823 0.857 0.873 0.892

*eOS

Fig. 2: Five different augmentations used in our work.
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*» Motivation & framework
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Figure 1: Method overview. An encoder G is trained using self-supervised training (left) with an
adversarial subject identifier to minimize subject-specific content. Alternatively, subject-awareness
can be introduced through subject-specific contrastive loss. The resulting encoder can then be applied
for different downstream tasks by attaching a classification model (right).
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“ Experiment & result
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Table 3: EEG classification accuracy [%]. General representations were learned through self-
supervised training, and fine-tuning from these models (last three rows) improved accuracies com-
pared to end-to-end (ours) training from random initialization.

Intersubject Intrasubject
2class® 4class® 2class® 4 class®

Kim et al., Random forest [31] 80.1 - - -

Dose et al., CNN [32] 80.1 - - -
End-to-end (ours) 81.0+£09 50.6+1.0 76.3+24 44.0+16

Fine-tuned from:

Base SSL 81.1+06 52.6+07 78.6+25 50.8+1.4
Subject-specific 81.6+08 53.9+t04 793x20 50.5+16
Subject-invariant 81.2+09 52.8+08 79.6x23 49.8+15

*2 class: right fist and left fist; b4 class: right fist, left fist, both fists, and both feet.
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Table B.1: Accuracies for intersubject beat classification: the training and testing were performed
on separate set of subjects. General representations were learned through self-supervised training,
and fine-tuning from these models improved accuracies (last six rows). For conciseness, only the
standard deviation of the overall accuracies and F1 scores are reported. Our best results are bolded.

Overall SVEB VEB
Acc Acc/ Se/+P F1 Acc/ Se/+P Fl
Luo et al. [48] 80.3 06.2/15.4747.3 232 05.5/7/60.4/66.8 63.4
Huang et al. [40] 93.8 05.1/91.1/42.2 57.7 99.0/93.9/90.9 02.4
Niu et al. [43] 96.4 -176.5/76.6 76.6 -/ 85.7/94.1 89.7
End-to-end (ours) 91.0+20 959/258/41.8 31.4+103 97.8/95.6/78.9 858182
End-to-end? (ours) 919418 96.3/445/522 46.7+149 98.4/96.4/83.4 89.2+43
Fine-tuned from:
Base SSLZ 91.7+18 95.6/30.2/39.2 333181 98.5/96.8/83.7 89.6+39
Subject-specific® 932416 96.0/42.8/50.1 43.8+i00 98.9/96.6/887 92.4:33
Subject-invariant?
A=1.0 894430 96.3/38.8/489 425+138 97.8/958/77.4 8544144
A=0.1 91.8+22 96.2/355/48.8 40.8+1a6 98.0/95.3/79.2 86.3+53
A=0.01 90.4+22 95.7/352/42.2 373+168 98.1/96.4/80.0 872152
A =0.001 91.3+27 95.8/265/40.1 31.6+13s 98.1/96.2/80.4 87.2+71

®Including RR-interval information as input to the classifier.
Abbreviations: SVEB = supraventricular ectopic beat; VEB = ventricular ectopic beat; Acc = accuracy [%]:

Se = sensitivity [%]; +P = positive predictability; F1 = F1 score.
~J "
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