Towards Contrastive Learning

Open DMQA Seminar

2021-01-29

d|

a1

J




olg: ZoIT

=E

-

v' 2010.03 — 2016.02 | A}
v 2016.03 — Sy | AMEIALS S

Jol

HAE0t
v' Self-supervised learning
v QOut—of—distribution detection

v' Signal data analysis

e—mail: minQkwak@korea.ac.kr



MlojLt JHE

1. Contrastive learning and NCE loss

2. How to improve the contrastive learning?

tor
v' Develop network story

v" Robust data distribution

v' Define example nicely




: Towards Contrastive Learning
01 | Supervised Learning
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01 | Supervised Learning
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01 | Self—Supervised Learning

* Input data (X) XIMIOIA A 22 5= U= BEE AEdHAM E2 representations &t&

* Pretext—based learning: jigsaw, colorization, rotation, etc

« Contrastive learning: (without pretext) contrastive loss -7

self—
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O1 | Instance Discrimination

* Supervised learningOl| A= 0|0|X|7} EH Z2HA0| &£5t=X| OfHXIE FLE26H= 1 vs. 022 S5 (one—hot)

* Semantic labelingO| OFHO= =+5t12, SEAU0| =2 SeliA= EH AL} A|AHC 2 RAlet s &A

|

: : T one—hot
input image classification responses
| [eopard 1
—_— jaguar 0
U— cheetah 0
= snow leopard 0O —
. lifeboat 0
2 shopping cart 0
. bookcase 0 )
y = leopard leopard  jaguar  cheetah lifeboat shopcart bookcase
Wu, Z., Xiong, Y., Yu, S. X., & Lin, D. (2018). Unsupervised feature learning via non-parametric instance discrimination. In Proceedings of the IEEE Conference on Computer Vision and 7

Pattern Recognition (pp. 3733-3742).
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O1 | Instance Discrimination

« HO|E HE glo| B=X| HHoN stE - BRSH= representation - semantic structureZt U=
> ZEX| A0 RAMNS 7|82 HU=X|7|2| A25I=E st&2 otCtH
0|2 ™E QU0|=

2 representation= Y= = UKX| L2717

Zd0|LC}.

1

O

flower

vehicle

Wu, Z., Xiong, Y., Yu, S. X., & Lin, D. (2018). Unsupervised feature learning via non-parametric instance discrimination. In Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition (pp. 3733-3742).
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O1 | Instance Discrimination

« FHEE HSXEZ HEA FESIEE THE 5 JSI?
v ImageNet H|O|E{= 2F 12002t U0 softmaxE THas| AtEst7|0l= HELCH
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*  MNIST « CIFAR100 * |mageNet
A — 1074 ZajA — 1007H SafA - 1,00074
2=X| — 60,00074 2=X| — 50,0007 2=X| - 1,200,0007H Of4f
- 1,200,000 Sza{A---?
Wu, Z., Xiong, Y., Yu, S. X., & Lin, D. (2018). Unsupervised feature learning via non-parametric instance discrimination. In Proceedings of the IEEE Conference on Computer Vision and 9

Pattern Recognition (pp. 3733-3742).
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O1 | Noise Contrastive Estimation

« X0 X2| (natural language processing) Word Embedding ModeldlME 22 2XMIE sHZsH0t &
v O T = Z2HA T
*  Softmax0llA L7 E2 EHOIS0i thaiA AlLts sliof S, L2 MEESH0 AlLrSERt
» sampled words
OO0 - OO0
classifier
hidden
- Cross entropy
vocabulary
encode

the cat sits on the

(context ¢)  (target w)

Wu, Z., Xiong, Y., Yu, S. X., & Lin, D. (2018). Unsupervised feature learning via non-parametric instance discrimination. In Proceedings of the IEEE Conference on Computer Vision and 10
Pattern Recognition (pp. 3733-3742).
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O1 | Intuitive Understanding

negative log—likelihood

non—parameteric softmax memory bank

| 2—normalization

Non-Parametric Classifier. The problem with the para- The learning objective is then to maximize the joint prob-  Learning with A Memory Bank. To compute the proba-
<o enftmay Forr ati ; ‘e the o e ol TTT (e E X i .- ‘- . . ~ .

metric softmax formulation in Eq. (1) is th(‘n the w ellg.ht vec- ability Hi:l Py (i|fo(x;)). or equivalently to minimize the bility P(x|v) in Eq. (2). {Vj} for all the images are needed.

tor w serves as a class prototype, preventing explicit com- negative log-likelihood over the training set, as Instead of exhaustively computing these representations ev-

parisons between instances. ery time. we maintain a feature memory bank V for stor-

We propose a non-parametric variant of Eq. (1) that re- n ino il In the followi o uce separ:
T T S N 10) — — S low Plil fo( s Q3 ing them [+6]. In the following, we introduce separate no-

places w; v with v} v, and we enforce |[v|| = 1 via a L.2- J(0) = og P(i| fe(wi)). 3) . . ) T .

— tations for the memory bank and features forwarded from

J
normalization layer. Then the probability P(i|v) becomes:

the network. Let V' = {v;} be the memory bank and
o exp (viv/7) f; = fo(x;) be the feature of ;. During each learning itera-
P(ilv) = S exp (vIv/7) (2) tion, the representation f; as well as the network parameters
g=tE 6 are optimized via stochastic gradient descend. Then f; is
updated to V' at the corresponding instance entry f; — v;.
We initialize all the representations in the memory bank V'
as unit random vectors.
Wu, Z., Xiong, Y., Yu, S. X., & Lin, D. (2018). Unsupervised feature learning via non-parametric instance discrimination. In Proceedings of the IEEE Conference on Computer Vision and 1 1
Pattern Recognition (pp. 3733-3742).
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O1 | Intuitive Understanding

o £

Xl EfZU O|0|X|2| ot UHE HIE & LIHX|
save
> ey BRI olojxiSe| Y UM HEIS M=
. . AS M= X517 2l ina © =%
l lsamplmg: non—parametric Hi=et B=5 SEat7| #lal cosine RAIE =3
Yy Ny (L2 Euclidean — Cosine)
| L2 Lt XEAIO| CHSH SAKE LS 0|0, LIHAIS Wh2|2 Alct
iz
| Cosine SAIEE |0gitC 2 AI25T &&= H 5517
128D positive negative 25H softmax H& (NCE) = P(i|v)
1 Loss: 20X H2 cosine FAIZE logite 2 AFZ5t,
H|ZSHA| CIEA ERA Z2iA 0|22 25 022 cross entropy.
pull push (minimize negative log—likelihood)
/,xxiosine similarity & softmax
B “L';J?é 5 IH L2 : exp(( r ) L n
O — : ’ . _ Pl E ..
) i J(8) = z;lc.agfwfg{.f.,ﬁjj.
! i=
128D “anchor . ex T + z ex TS -
§ p(( ) p( ) cross_entropy(logit, target=0)
Wu, Z., Xiong, Y., Yu, S. X., & Lin, D. (2018). Unsupervised feature learning via non-parametric instance discrimination. In Proceedings of the IEEE Conference on Computer Vision and 1 2

Pattern Recognition (pp. 3733-3742).

Instance discriminations &t7| 2ls 2= H|0|E{ 2]
AUHIE HEE HEFeiCt ojuf (WY 37|E 27|

2|5l L2—normalizationS 4~ SiC},
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01 | Geometric Interpretation

* Contrastive learning0| & E|2 [H, hypersphereE M2t semantic WEI7t FAFSH 2&=X|S7(|2] 2QICt
«  SI&E representation?| As - ZEIZ 01517 | QA RE JEEX|IE THA|F|D linear classifierE AR50 22 MSITE AS

ﬂ' LT L LT

\ \ . |
u Qe i
- — . -. 4 / o i
\ g ,V/A\f/ / m LFI E
Positive Pair:  ( S — ) ~ Dpos =< = T o
[ O— Lo B —
— m— “~~._Feature Density_- /-/'/,(,
r Yy S (./"l.y) e
Alignment: Similar samples have similar features. Uniformity: Preserve maximal information. e

(Figure inspired by Tian et al. (2019).)

Wang, T., & Isola, P. (2020, November). Understanding contrastive representation learning through alignment and uniformity on the hypersphere. In International Conference on Machine
Learning (pp. 9929-9939). PMLR.

13
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O1

3—way classification
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solution: {Wy,w,, w3}

Geometric Interpretation

K—way classification

@)
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8 (0,0)
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O Wi
ovo©
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I
max<{— ) Wy - X;
Wk k

solution: {wq,..., W}

N—way classification

(Instance discrimination)
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max {x;+ - X;}
Xi+

solution: {X;+},

14
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Improve Performance

* Define example

« Sampling strategy

* Network

* Data Augmentation

15
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02 | MoCo

¢ Memory BankQ| &t

. =R A
- 2™ MEZ2IS E5l negative examples 74 — |0 MEYZ sH50] 7|dsk= ™M=t Ct=Ct
*  Memory QueueE At

* First In First Out (FIFO)

Memory Bank Memory Queue

— ‘.“’:-—_‘1 i3 (\ - \‘.‘I Es : W i3 (\ - \‘.‘I E5 ’
=1 Fo1-F BeEE:

l sampling

e sl

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 16
Vision and Pattern Recognition (pp. 9729-9738).
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02 | MoCo

*  Momentum Encoding
o I BE! weight=2| 7[5THACZ YHH|0|E
o 7O L} XHAIE0| ‘teacher' 7t El= mean teacher BHAlDL =21 (semi—supervised model)

« Exponential moving average, momentum encoding, on—the—fly ensemble, mean teacher S LIt 0| ECE AIZ

l contrastive loss
tochast exponential
Stochasltic ! .
| 6 > 0 moving r— ’ _
gradient 0 mf’ + (1 —-m)6
average
PR
b
target momentum encoder
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 1 7

Vision and Pattern Recognition (pp. 9729-9738).
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02 | MoCo

*  Momentum Encoding
o I BE! weight=2| 7[5THACZ YHH|0|E

79| Lt XIAE0] ‘teacher’ 7} El= mean teacher A1 =2l (semi—supervised model)
USt O|ECE AIE

* Exponential moving average, momentum encoding, on—the—fly ensemble, mean teacher 55 Lol
prediction prediction
B T » - -
classification consistency
cost cost
—
exponential
moving
average
teacher model

label input student model

18

Tarvainen, A., & Valpola, H. (2017, December). Mean teachers are better role models: Weight-averaged consistency targets improve semi-supervised deep learning results. In
Proceedings of the 31st International Conference on Neural Information Processing Systems (pp. 1195-1204).
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02 | MoCo

*  Momentum Encoding
o I BE! weight=2| 7[5THACZ YHH|0|E

o 7O L} XHAIE0| ‘teacher' 7t El= mean teacher BHAlDL =21 (semi—supervised model)

* Exponential moving average, momentum encoding, on—the—fly ensemble, mean teacher S5 LCIYel 0|29 =2 A2
HISTORY TOUR: TRAINING TO BE CONSISTENT WITH SELF-GENERATED LABELS
Let's train a classifier to To train on an unlabelled But the Another way is to improve ombining these ideas Other approaches:
recognise images of cats, exc:mp|e; we can add noise may itself be an outlier, so the b works even better: a noisy a) make
dogs! and horses. A to the input and let the it is better to let [pseud&}ensembhng many pseudcrensemHed i udversuriul, then pu||.
pu||s the pu|| the pu|| each models to form a 3 pu||s a noisy b) pu|| towards the closest
fo its direction. . other. . . class.
*
cat horse :
supervised DSS [1]. PEA [3]. i Temporal Ensembling [4] a) Virtual Adv. Training [6]
learning Lladder I model [2] M model [4], and [5] N and eur methed b) Entropy Minimization [7]

Tarvainen, A., & Valpola, H. (2017, December). Mean teachers are better role models: Weight-averaged consistency targets improve semi-supervised deep learning results. In 1 9
Proceedings of the 31st International Conference on Neural Information Processing Systems (pp. 1195-1204).
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02 | SImCLR

*  Queuek AESHX| 210 batch sizeE =2 Al negative MA=2 batch 2FH|A| sHZsHEXt

« DEX|HEZ 2HH9| data augmentationS XM

anchor sitive

& 67.5
e 65.0
—— 62.5
e ~
B 2 50.0
. = Batch size
“ 5 . . 256
. 512
) 55.0 mm 1024
. 2048
neganves 52.5 4096
o 8192
500 [ 1] (L] ]}

100 200 300 400 500 600 700 800 900 1000
Training epochs m

Figure 9. Linear evaluation models (ResNet-50) trained with differ-
ent batch size and epochs. Each bar is a single run from scratch.'”

y
y

augmentation

»
»

"R 7
il

E P WY

Chen, X., Fan, H., Girshick, R., & He, K. (2020). Improved baselines with momentum contrastive learning. arXiv preprint arXiv:2003.04297. 20
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02

)

SimCLR
“The whys and hows of data augmentation, Z&17" AM|O|L}

&2 (Augmentation:

CHFSH data augmentation 7|HE
v" Robust data distribution
Z2 featureE 9H=7| £Io embedding layerE o A

Vi
- ot 1]

(b) Crop and resi

(j) Sobel filtering

(1) Gaussian blur

(f) Rotate {90°,180°, 270°} (g) Cutout (h) Gaussian noise
Figure 4. Tllustrations of the studied data augmentation operators. Each augmentation can transform data stochastically with some internal
parameters (e.g. rotation degree, noise level). Note that we only test these operators in ablation, the augmentation policy used to train our

models only includes random crop (with flip and resize), color distortion, and Gaussian blur. (Original image cc-by: Von.grzanka)

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.

21
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02 MoCo v2

¢  SIMCLROIA At2st ZIE embedding layer & data augmentation 7| MoColl| M&
v' Facebook vs. Google

- =2 25 JHEE EY (Table 2)

« Batch sizeE A I3 A AF5H= SMCLRELCH H22| &8 SHUIM £ (Table 3)

unsup. pre-train ImageNet

case MLP aug+ cos epochs batch acc.
MoCo vl [6] 200 256 60.6

. . - C
élmgtg {3} j :: j i:i; 3‘?‘32 géé mechanism  batch  memory /GPU  time / 200-ep.

1mC 2 2 : = =

MoC 256 0G 3 h

MoCo v2 v v Y 200 256 | 675 endtocnd 256 74G €5 hrs
results of longer unsupervised training follow: end-to-end 4096 930Gt n/a
SimCLR [2] v v v 1000 4096 69.3 . _ _
MoCo v2 v v v 200 756 71.1 Table 3. Memory and time cost in 8 V100 16G GPUs, imple-

. _ . mented in PyTorch. - based on our estimation.
Table 2. MoCo vs. SImCLR: ImageNet linear classifier accuracy

(ResNet-50, 1-crop 224« 224), trained on features from unsuper-
vised pre-training. “aug+" in SImCLR includes blur and stronger
color distortion. SimCLR ablations are from Fig. 9 in [2] (we
thank the authors for providing the numerical results).

Chen, X., Fan, H., Girshick, R., & He, K. (2020). Improved baselines with momentum contrastive learning. arXiv preprint arXiv:2003.04297. 22



Open DMQA Seminar
. Towards Contrastive Learning

& O £2 positiveE Hol& 4~ GIS7I? SILIEZ

S22
« A XMHESH negative @77 O £2 MEF SHE2 AN
v" Memory bank, queue, large batch — 37tX| Bt H&= HAEXMO Z = negative example M=

positive negative

23
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03 | Prototype to Support Positive

SAMU= FAFSH 642 0|0|XIE HEE == U= prototype (H)S positiveE ALEst= A
o S Y2|E(K-means)2 ALESIH prototype= 2|5t contrastive learnings 48
v' Fine—grained: K = 100,000
v

} Hierarchical Semantic Structure
Coarse—grained: K = 50,000

@ Fine-grained prototypes (e.g. horse with man)

. Coarse-grained prototypes (e.g. horse)
Instance-wise Contrastive Learning

- Prototypical Contrastive Learning

. [

i | Momentum
4 ' Encoder

Figure 1: Tlustration of Prototypical Contrastive Learning. Each instance is assigned to multiple prototypes | Fi 2 Trainine f ork of Prototvpical C ve Learni
with different granularity. PCL learns an embedding space which encodes the semantic structure of data. 1 1gure ~: lraining framework ol Frototypical Lontrastive Learning.

Li, J., Zhou, P., Xiong, C., Socher, R., & Hoi, S. C. (2020). Prototypical contrastive learning of unsupervised representations. arXiv preprint arXiv:2005.04966. 24
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03 False Negative Cancellation

s

*  Negative examples S0|Af anchor?t Hell= AR semantic structureE Z= O|0|X|7t 4 US == UKX| L2717
* False Negativegt?
v Anchor®} Ct2 0|0|X|2RE MME|0] negative2 HO|Z|QCLt, |IE 0|0|X| 7|ZLZ2E 0l HE2| semantic FAM2 U= 0[0|X|

v Augmentation2| ZF0I| 2} anchor@t SAMS0| WA LIE 4= 7| HZ0l| True—False T2 X17| 024

push

Anchor

Ipull

Original
Image

_ False Negatwe Original
Negatives Image

Huynh, T., Kornblith, S., Walter, M. R., Maire, M., & Khademi, M. (2020). Boosting Contrastive Self-Supervised Learning with False Negative Cancellation. arXiv preprint arXiv:2011.11765. 25
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03 False Negative Cancellation

ol
SOy

HIEH
od

anchor0l| augmentationS 2] H ™25 A negative examples}| similarity scoreE &3

Score

Score

Score

Original
Image

score —— False Negativel

Support Negatives

Huynh, T., Kornblith, S., Walter, M. R., Maire, M., & Khademi, M. (2020). Boosting Contrastive Self-Supervised Learning with False Negative Cancellation. arXiv preprint arXiv:2011.11765. 26
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03 False Negative Cancellation

« Z|EXORZ false negative® M|7{517L}, positivel] ESHA|7|= M2F2 AlR

o

A O]
T M

gjo

_ False Negative ‘ _
Negatives | Negatives

Huynh, T., Kornblith, S., Walter, M. R., Maire, M., & Khademi, M. (2020). Boosting Contrastive Self-Supervised Learning with False Negative Cancellation. arXiv preprint arXiv:2011.11765. 27
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03 | Sample Hard Negatives

* Instance discrimination= & 5t7| ?gt negative sample= C{C[0f| {X[|of JAHOF St7}?
* Anchor?t H2| U= easy negatives: F22517| €lX|2t instance discrimination2 $|8t representationS st&517|0l= S£X&i8t
* Anchor®} 7I710| Q= hard negativesES MEHGHOF St

[ I |
© HEX[EZ FH densityE SHol HEZl| BHF

Negatives

Embedding Space:

Sample Negatives O @ )
Uniformly from O AA Easy Negatives
Dataset @ OOAO

(typical method) O [e)

Sample Hard @) @) A

Negatives O A A 0

(our method)

e o Hard Negatives

ini
Ho
0
Kl

ot semantic representation

Robinson, J., Chuang, C. Y., Sra, S., & Jegelka, S. (2020). Contrastive learning with hard negative samples. arXiv preprint arXiv:2010.04592.

28
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1. We can learn sophisticated representation without label
2. Why NCE loss is exploited in contrastive learning
3. How to improve the contrastive learning?

v' Deepen network and use data augmentation: MoCo (Facebook) and SimCLR (Google)

v' Define example nicely: select hard, but not false negatives







