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Generative vs. Self-supervised Learning

e Both aim to learn from data without manual label annotation.

e Generative learning aims to model data distribution p,(x), e.g.,
generating realistic images.

e Self-supervised learning methods solve “pretext” tasks that produce

good features for downstream tasks.
o Learn with supervised learning objectives, e.g., classification, regression.

o Labels of these pretext tasks are generated automatically



Self-supervised learning
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Abstract
Recent work has demonstrated substantial gains on many NLP tasks and benchmarks by pre-training
n [ on a large corpus of text followed by fine-tuning on a speclﬁc task. While typically task-agnostic
in architecture, this method still requires task-spe datasets of or tens of
thousands of examples. By contrast, humans can generally perform a new language task from only
a few examples or from simple instructions — something which current NLP systems still largely
struggle to do. Here we show that scaling up language models greatly u'nproves task-agnostic,
few-shot performance, i even reaching with prior state-of-the-art fine-
tuning approaches. Specifically, we train GPT-3, an autoregresslve language model with 175 billion
parameters, 10x more than any previous non-sparse language model, and test its performance in
the few-shot setting. For all tasks, GPT-3 is applied without any gradient updates or fine-tuning,
with tasks and few-shot demonstrations specified purely via text interaction with the model. GPT-3
achieves strong performance on many NLP datasets, including translation, question-answering, and
cloze tasks, as well as several tasks that require on-the-fly ing or domain adaptation, such as
unscrambling words, using a novel word in a sentence, or performing 3-digit arithmetic. At the same
time, we also identify some datasets where GPT-3’s few-shot learning still struggles, as well as some H B BN

datasets where GPT-3 faces methodological issues related to training on large web corpora. Finally,
we find that GPT-3 can generate samples of news articles which human evaluators have difficulty
distinguishing from articles written by humans. We discuss broader societal impacts of this finding
and of GPT-3 in general.

_ GPT3 (Brown, Mann,
Dense Object Net (Florence Ryder, Subbiah et al., 2020)
and Manuelli et al., 2018)




Self-supervised pretext tasks

Example: learn to predict image transformations / complete corrupted images

image completion rotation prediction “jigsaw puzzle” colorization

1.  Solving the pretext tasks allow the model to learn good features.
2. We can automatically generate labels for the pretext tasks.



How to evaluate a self-supervised learning method?

We usually don’t care about the performance of the self-supervised

learning task, e.g., we don’t care if the model learns to predict image
rotation perfectly.

Evaluate the learned feature encoders on downstream target tasks



Today’s Agenda

Pretext tasks from image transformations
- Rotation, rearrangement, coloring

Contrastive representation learning
- Intuition and formulation
- Instance contrastive learning: SimCLR and MOCO
- More recent methods

Generative algorithms
- Pretext impainting task
- Masked Image Modeling



Today’s Agenda

Pretext tasks from image transformations
- Rotation, rearrangement, coloring



How to evaluate a self-supervised learning method?

feature
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1. Learn good feature extractors from self-

supervised pretext tasks, e.g., predicting
image rotations

Gidaris et al. ICLR 2018



https://arxiv.org/abs/1803.07728

How to evaluate a self-supervised learning method?

feature
E> self-supervised :> extractor = supervised — { evaluate on the J
learning (e.g., a learning target task
convnet) \assificat _
ots of ﬁ e.g. classification, detection

unlabeled

data .
| 90 — bird
smaII amount of

- labeled data on —

- N y
conv  fc the target task conv linear
classifier
1. Learn good feature extractors from self- 2. Attach a shallow network on the feature
supervised pretext tasks, e.g., predicting extractor; train the shallow network on the target
image rotations task with small amount of labeled data

Gidaris et al., Unsupervised Representation Learning by Predicting Image Rotations, ICLR 2018



Pretext task: predict rotations

90° rotation 270° rotation 180° rotation 0° rotation 270° rotation

Hypothesis: a model could recognize the correct rotation of an object only if it has
the “visual commonsense” of what the object should look like unperturbed.

Gidaris et al., Unsupervised Representation Learning by Predicting Image Rotations, ICLR 2018



Pretext task: predict rotations
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Rotated image: X’
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Rotated image: X~

Self-supervised
learning by rotating
the entire input
images.

The model learns to
predict which rotation
is applied (4-way
classification)

Gidaris et al., Unsupervised Representation Learning by Predicting Image Rotations, ICLR 2018



Pretext task: predict rotations
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Gidaris et al., Unsupervised Representation Learning by Predicting Image Rotations, ICLR 2018



Evaluation on semi-supervised learning

Test accuracy
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"l /
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# Training examples

Self-supervised learning on
CIFAR10 (entire training set).

Freeze convl + conv2 Learn
conv3 + linear layers with
subset of labeled

CIFAR10 data (classification).

Gidaris et al., Unsupervised Representation Learning by Predicting Image Rotations, ICLR 2018



Transfer learned features to supervised learning

Classification Detection Segmentation
(%emAP) (%mAP) (%mloU)

Trained layers | fc6-8  all all all Pretrained with full

ImageNet labels | 789 799 568 280 & ImageNet supervision

‘Random 533 434 19.8 | .

Random rescaled Krihenbiihl etal. (2015) | 392 566  45.6 326 |° No pretraining

Egomotion (Agrawal et al., 2015) 31.0 54.2 43.9

Context Encoders (Pathak et al., 2016b) 346 56.5 44.5 29.7 . .
Tracking (Wang & Gupta, 2015) 556 631 474 Self-supervised learning on
Context (Doersch et al., 2015) 55.1 65.3 51.1 . . .
Colorization (Zhang et al., 2016a) 615 656 469 35.6 ImageNet (entire training
BIGAN (Donahue et al.2 2016) 52.3 60.1 46.9 34.9 Set) with AlexNet.

Jigsaw Puzzles (Noroozi & Favaro, 2016) - 67.6 53.2 37.6

NAT (Bojanowski & Joulin, 2017) 56.7 65.3 49.4

Split-Brain (Zhang et al., 2016b) 63.0 67.1 46.7 36.0 .

ColorProxy (Larsson et al., 2017) 65.9 38.4 Finetune on labeled data
Counting (Noroozi et al., 2017) - 67.7 514 36.6 from Pascal VOC 2007.
(Ours) RotNet 70.87 7297 54.4 39.1

Self-supervised learning with rotation prediction

Gidaris et al., Unsupervised Representation Learning by Predicting Image Rotations, ICLR 2018



Pretext task: predict relative patch locations

Example:

"‘l“'\

Doersch et al., Unsupervised Visual Representation Learning by Context Preciction, ICCV 2015



Transfer learned features to supervised learning

Table 1: Results on PASCAL VOC 2007 Detection and Classification. The results
of the other methods are taken from Pathak et al. [30].

Method Pretraining time  Supervision  Classification Detection Segmentation
Krizhevskyet al. [25] 3 days 1000 class labels 78.2% 56.8% 48.0%
Wang and Gupta[39] 1 week motion 58.4% 44.0% -
Doersch et al. [10] 4 weeks context 55.3% 46.6% -
Pathak et al. [30] 14 hours context 56.5% 44.5% 29.7%
Ours 2.5 days context 67.6% 53.2% 37.6%

“Ours” is feature learned from solving image Jigsaw puzzles (Noroozi &
Favaro, 2016). Doersch et al. is the method with relative patch location

Noroozi and Favaro, Unsupervised Learning of Visual Representations by Solving Jigsaw Puzzles, ECCV 2016



Pretext task: image coloring

Zhang et al., Colorful Image Colorization, 2016



Summary: pretext tasks from image transformations

o Pretext tasks focus on “visual common sense”, e.g., predict rotations, inpainting,
rearrangement, and colorization.

e The models are forced learn good features about natural images, e.g., semantic
representation of an object category, in order to solve the pretext tasks.

e We don’t care about the performance of these pretext tasks, but rather how useful the
learned features are for downstream tasks (classification, detection, segmentation).



Summary: pretext tasks from image transformations

e Pretext tasks focus on “visual common sense”, e.g., predict rotations, inpainting,
rearrangement, and colorization.

e The models are forced learn good features about natural images, e.g., semantic
representation of an object category, in order to solve the pretext tasks.

e We don’t care about the performance of these pretext tasks, but rather how useful the
learned features are for downstream tasks (classification, detection, segmentation).

e Problems:
1. coming up with individual pretext tasks is tedious
2. the learned representations may not be general.



Pretext tasks from image transformations

image completion rotation prediction “jigsaw puzzle” colorization

Learned representations may be tied to a specific pretext task!

Can we come up with a more general pretext task?



A more general pretext task?

same object



A more general pretext task?

same object




Contrastive Representation Learning

attract




Today’s Agenda

Contrastive representation learning

- Intuition and formulation
Instance contrastive learning: SImCLR and MOCO
More recent methods



Contrastive Representation Learning

attract




Contrastive Representation Learning
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A formulation of contrastive learning

What we want:

score(f(x), f(x™)) >> score( f(x), f(x™))

x: reference sample; x* positive sample; x negative sample

Given a chosen score function, we aim to learn an encoder function f

that yields high score for positive pairs (x,x*) and low scores for
negative pairs (x,x).



A formulation of contrastive learning

Loss function given 1 positive sample and N - 1 negative samples:

L _Ey |log exp(s(f (@), f (@*)
exp(s(f(2), f(a+)) + 3,0 exp(s(f(2), f(z;))




A formulation of contrastive learning

Loss function given 1 positive sample and N - 1 negative samples:

L=-

41
“ X

exp(s(f(z), f(z™))

exp(s(f(z), f(z+)) + 27, exp(s(f (),




A formulation of contrastive learning

Loss function given 1 positive sample and N - 1 negative samples:

exp(s(f(z), f(z™))
exp(s(f(x), f(xT)) + 3, exp(s(f (@), f(z}))

score for the positive pair score for the N-1 negative pairs

L =—-Ex |log

This seems familiar ...

Cross entropy loss for a N-way softmax classifier!
l.e., learn to find the positive sample from the N samples



A formulation of contrastive learning

Loss function given 1 positive sample and N - 1 negative samples:

I = By og exp(s(/f(@), f(z*))
exp(s(£(2), £(a+)) + 13" exp(s(f (@), £ (@).

Commonly known as the InfoNCE loss (van den Oord et al., 2018) A lower bound on

the mutual information between f(x) and f(x*)
MI[f(z), f(z*)] - log(N) > ~L

The larger the negative sample size (N), the tighter the bound

Poole et al., On Variational Bounds of Mutual Information, ICML 2019


https://arxiv.org/abs/1807.03748

SIMCLR: A Simple Framework for Contrastive Learning

Cosine similarity as the score function: o Maximize agreement )
T A A
s(u,v) = || fTIIIIU ” g(*) Q)
U |V
h; <— Representation —> h;

Use a projection network g(-) to project
features to a space where contrastive ) f()

learning is applied

Generate positive samples through data
augmentation:
e random cropping, random color
distortion, and random blur.

Chen et al., A Simple Framework for Contrastive Learning of Visual Representations, ICML 2020



SIMCLR: generating positive samples from

(f) Rotate {90°,180°, 270°} (g) Cutout (h) Gaussian noise (1) Gaussian blur (j) Sobel filtering

Chen et al., A Simple Framework for Contrastive Learning of Visual Representations, ICML 2020



Generate a positive pair
by sampling data
augmentation functions

Algorithm 1 SimCLR’s main learning algorithm.

input: batch size N, constant 7, structure of f, g, 7.
for sampled minibatch {x;}Y_, do
forallk € {1,....Nldo

draw two augmentation functions t ~7, ' ~T
/ # the first augmentation

Tok—1 = t(xk)
— hor—1 = J(Z2r_1) # representation

zok—1 = g(h2k—1) # projection

# the second augmentation
T Eop = t’(a:k)

hor = f(x2r) # representation

zor = g(hag) # projection
end for
forallic {1,...,2N}andj € {1,...,2N} do

si; = z; z;/(l|lz:l2) # pairwise similarity
end for

exp(s4,;/7)
Jil L] exp(84,%/T)

L= S0 [6(2k—1,2Kk) + £(2k, 2k—1)]
update networks f and g to minimize £

end for

return encoder network f(-), and throw away g(-)

define 4(i, j) as £(i,7)=—log 52
k

Chen et al., 2020



https://arxiv.org/pdf/2002.05709.pdf

SImCLR

Generate a positive pair
by sampling data
augmentation functions

Algorithm 1 SimCLR’s main learning algorithm.

input: batch size N, constant 7, structure of f, g, 7.
for sampled minibatch {x;}Y_, do
forallk € {1,....Nldo

draw two augmentation functions t ~7, ' ~T
/ # the first augmentation

ZTop—1 = t(xk)
— hor—1 = J(T2x_1) # representation

zok—1 = g(h2k—1) # projection

# the second augmentation
I o = t’(a:k)

hor = f(x2r) # representation

zor = g(hag) # projection
end for
forallic {1,...,2N}andj € {1,...,2N} do

si; = z; z;/(l|lz:ll2) # pairwise similarity
end for

. N exp(si,;/T)
deﬁne e(”/, ]) as 6(7’7 J) - ].Og Zigl ]].[k;éi] eJXp(Si,k/T)

L= [6(2k—1,2Kk) + £(2k, 2k—1)]
update networks f and g to minimize £

end for

return encoder network f(-), and throw away g(-)

InfoNCE loss:

Use all non-positive
samples in the batch
as x-

Chen et al., 2020



https://arxiv.org/pdf/2002.05709.pdf

Algorithm 1 SimCLR’s main learning algorithm.

input: batch size N, constant 7, structure of f, g, 7.

for sampled minibatch {x;}Y_, do
forallk € {1,...,N}do

draw two augmentation functions t ~ 7T, ¢/ ~T
/ # the first augmentation

Top—1 = t(wk)
hor—1 = f(®2k—1)

Generate a positive pair _—

# representation

by sampling data zok—1 = g(hox_1) # projection
augmentation functions # the second augmentation
I Bop = t’(wk)
hor = f(x2r) # representation
zor = g(hag) # projection
end for
forallic {1,...,2N}andj € {1,...,2N} do
sii = z; zi/(||z:illllz]) # pairwise similarity
end for
Iterate through and define £(i, §) as [0(i, ) = — log —gy22(851/7)
use each of the 2N sample as uio=1 L1kre) XP(24,/T)

reference, compute average
loss end for

—— L= 2 S0 [02k—1,2k) + £(2k, 2k —1)]
update networks f and g to minimize £

return encoder network f(-), and throw away g(-)

InfoNCE loss:

Use all non-positive
samples in the batch
as x-

Chen et al., 2020



https://arxiv.org/pdf/2002.05709.pdf

SIMCLR: mini-batch training

o _ A5
e
G EAIN[EA
“Affinity matrix”
——  encoder — Z < RZNXD
list of positive pairs R 2N

., encoder /

Each 2k and 2k + 1
element is a positive pair

2N



SIMCLR: mini-batch training

r,.
Z; Zj

IEAINIEA
“Affinity matrix”

2N <D
——  encoder Z < R
\‘ ?
list of positive pairs — ..
. encoder /
Each 2k and 2k + 1
element is a positive pair

2N

.= classification label for each row

Si,j —

2N




Training linear classifier on SimCLR features

¥Supervised % SimCLR (4x)

75 — |
X * SimCLR (2x) Train feature encoder on
§ oCPCv2-L ImageNet (entire training set)
3 O *simCLR L using SimCLR.
<c(> ePIRL-c2x AMDIM
— eMoCo (2x) :
! 05 qCPCv2 *PIRL-ens. Freeze feature encoder, train a
= PIRL eBigBiGAN linear classifier on top with
@ 60 QMoCo
2 LA labeled data.
()
S
£ eRotation

) e|nstDisc

25 50 100 200 400 626
Number of Parameters (Millions)

Chen et al., A Simple Framework for Contrastive Learning of Visual Representations, ICML 2020



Semi-supervised learning on SimCLR features

Label fraction

Method Architecture 1% 10%

Top 5
SllpCI'ViSCd baseline ResNet-50 48.4 80.4 Tra | N feat ure en COd er on
Methods using other label-propagation: i ini
Pseudo-label ResNet-50 51.6 824 | mage N et (e ntire training set)
VAT+Entropy Min. ResNet-50 470 834 using SImCLR.
UDA (w. RandAug) ResNet-50 - 88.5
FixMatch (w. RandAug) ResNet-50 - 89.1
SAL (Rot+VAT+En. M) ResNet-50 (4x) - 912 Finetune the encoder with 1% / 10%
Methods using representation learning only: of labeled data on | mageNet.
InstDisc ResNet-50 39.2 77.4
BigBiGAN RevNet-50 (4x) 552  78.8
PIRL ResNet-50 372 83.8
CPC v2 ResNet-161(x) 717.9 91.2
SimCLR (ours) ResNet-50 75.5 87.8
SimCLR (ours) ResNet-50 (2x) 83.0 91.2
SimCLR (ours) ResNet-50 (4x) 85.8 92.6

Table 7. ImageNet accuracy of models trained with few labels.

Chen et al., A Simple Framework for Contrastive Learning of Visual Representations, ICML 2020



SIMCLR design choices: projection head

II Il Il Linear / non-linear projection heads improve
Projection representation learning.

B Linear

B Non-linear . .

m=None A possible explanation:

e contrastive learning objective may discard
useful information for downstream tasks
e representation space z is trained to be

el '\, ,\‘Q’Lb‘ QD(%
PrOJectlon output dimensionality

s ssema invariant to data transformation.
Z; - > Zj . . .
{ o) Lo J e by leveraging the projection head g(*), more
hi < Represemtation—» information can be preserved in the h
0 £0) representation space
2 T

Chen et al., A Simple Framework for Contrastive Learning of Visual Representations, ICML 2020



SIMCLR design choices: large batch size

65.0
62.5
—
8— 60.0
= Batch size
571.5 256
s 1]
550 1024
2048
DD 4096
8192
50.0 EEEEEN EEEEa

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

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

Large training batch size is crucial for
SimCLR!

Large batch size causes large memory
footprint during backpropagation:
requires distributed training on TPUs
(ImageNet experiments)

Chen et al., A Simple Framework for Contrastive Learning of Visual Representations, ICML 2020



Momentum Contrastive Learning (MoCo)

contrastive loss contrastive loss contrastive loss

gradient T gradient gradient ’T gradient T
b gk Lemogk Cemoak
q k q k q k

A 4 4 A 4 A
encoder q encoder k encoder sampling encoder momentum
& encoder
f ) A memory A A
bank
(a) end-to-end (b) memory bank (c) MoCo

He et al., Momentum Contrast for Unsupervised Visual Representation Learning, CVPR 2020 -



Momentum Contrastive Learning (MoCo)

contrastive loss

Key differences to SimCLR:
no_grad

t Keep a running queue of keys
—> similarity «47( ° P s4d Y
(negative samples).
q k() kl kg Sas e Compute gradients and update the
4 queue T encoder only through the queries.
e Decouple min-batch size with the
encoder m:rﬂzgg‘rm number of keys: can support a large
number of negative samples.
A A
n s \
ke ke ke
CEquery ZE’O Y By Y i Y

He et al.,

Momentum Contrast for Unsupervised Visual Representation Learning, CVPR 2020



Momentum Contrastive Learning (MoCo)

contrastive loss

Key differences to SimCLR:

A no_grad
o similarity ﬁ_// e Keep arunning queue of keys
| | (negative samples).
q /C() kl kg Sas e Compute gradients and update the
T queue r encoder only through the queries.
e Decouple min-batch size with the
encoder m:rﬂzgg‘rm number of keys: can support a large
number of negative samples.
A A
” 4 ' e The key encoder is slowly progressing
pauery xkey xkey l,key through the momentum update rules:
L 0 0 —m)0
k < mbx + (1 —m)bq

He et al.,

Momentum Contrast for Unsupervised Visual Representation Learning, CVPR 2020



Generate a positive pair
by sampling data
augmentation functions

No gradient through
the positive sample

Update the FIFO negative
sample queue

Algorithm 1 Pseudocode of MoCo in a PyTorch-like style.

# f_gq, f_k: encoder networks for query and key

# queue: dictionary as a queue of K keys (CxK)

# m: momentum

# t: temperature

f_k.params = f_g.params # initialize

for x in loader: # load a minibatch x with N samples

X

X

aug (x) # a randomly augmented version
aug(x) # another randomly augmented version

~Q

f g.forward(x_qgq) # queries: NxC
f k.forward(x k) # keys: NxC
k.detach() # no gradient to keys]|

positive logits: Nx1 Use the runnlng

l_pos = bmm(g.view(N,1,C), k.view(N,C,1))

# negative logits: NxK - queue Of keyS as the
l_neg = mm(gq.view(N,C), queue.view(C,K)) .
negative samples

~Q
I n

=

# logits: Nx (1+K)
logits = cat([l_pos, 1l_neg], dim=1)

# contrastive loss, Eqgn. (1)
labels = zeros(N) # positives are the 0-th

loss = CrossEntropyLoss (logits/t, labels) InfONCE IOSS
# SGD update: query network

loss.backward ()
update (f_g.params)

# momentum update: key network Update f_k thI’Ough

f_k.params = mxf_k.params+ (1l-m)*+f_qg.params | <
momentum

# update dictionary
enqueue (queue, k) # enqueue the current minibatch
dequeue (queue) # dequeue the earliest minibatch

bmm: batch matrix multiplication; mm: matrix multiplication; cat: concatenation. He et al ) 2020



https://arxiv.org/pdf/2002.05709.pdf

“MoCo V2~

Improved Baselines with Momentum Contrastive Learning

Xinlei Chen Haoqi Fan Ross Girshick Kaiming He
Facebook AI Research (FAIR)

affinity '°SS
affinity HHHH - FH
A hybrid of ideas from SimCLR and MoCo: !
e From SimCLR: non-linear projection — ® — ®
head and strong data augmentation. m m~ m
e From MoCo: momentum-updated °
queues that allow training on a large f eve
number of negative samples (no TPU encoder encoder encoder Toncoder
required!). ) [D [D
(a) end-to-end (b) Momentum Contrast

Chen et al., Improved Baselines with Momentum Contrastive Learning, 2020



MoCo vs. SImCLR vs. MoCo V2

Key takeaways:

unsup. pre-train ImageNet VOC detection 1 . .

case MLP aug+ cos epochs acc. AP59g AP APy5 ° Non-linear prOJe_Ctlon head .and Strong
supervised 76.5 813 535 588 data augmentatlon are crucial for
MoCo vl 200 60.6 81.5 559 62.6 contrastive |ea rning.

(a) v 200 66.2 82.0 56.4 62.6

(b) v 200 63.4 82.2 56.8 63.2

(c) v v 200 67.3 82.5 572 639

(d) v v v 200 67.5 824 57.0 63.6

(e) v v v 800 71.1 825 574 64.0

Table 1. Ablation of MoCo baselines, evaluated by ResNet-50 for
(1) ImageNet linear classification, and (ii) fine-tuning VOC object
detection (mean of 5 trials). “MLP”: with an MLP head; “aug+”:
with extra blur augmentation; “cos”: cosine learning rate schedule.

Chen et al., Improved Baselines with Momentum Contrastive Learning, 2020



MoCo vs. SImCLR vs. MoCo V2

Key takeaways:

unsup. pre-train ImageNet

case MLP aug+ cos epochs batch acc.
MoCo vl [6] 200 256 60.6
SimCLR [2] v v v 200 256 61.9
SimCLR [2] v v v 200 8192 66.6
MoCo v2 v v v 200 256 67.5
results of longer unsupervised training follow:

SimCLR [2] v v v 1000 4096 69.3
MoCo v2 v v v 800 256 71.1

Table 2. MoCo vs. SImCLR: ImageNet linear classifier accuracy
(ResNet-50, 1-crop 224 x224), 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).

Non-linear projection head and strong
data augmentation are crucial for
contrastive learning.

Decoupling mini-batch size with
negative sample size allows
MoCo-V2 to outperform SimCLR with
smaller batch size (256 vs. 8192).

Chen et al., Improved Baselines with Momentum Contrastive Learning, 2020



MoCo vs. SImCLR vs. MoCo V2

mechanism  batch memory / GPU  time / 200-ep.

MoCo 256 5.0G 53 hrs
end-to-end 256 7.4G 65 hrs
end-to-end 4096 93.0GT n/a

Table 3. Memory and time cost in 8 V100 16G GPUs, imple-

mented in PyTorch. T: based on our estimation.

Key takeaways:

e Non-linear projection head and strong
data augmentation are crucial for
contrastive learning.

e Decoupling mini-batch size with
negative sample size allows
MoCo-V2 to outperform SimCLR with
smaller batch size (256 vs. 8192).

e .. all with much smaller memory
footprint! (“end-to-end” means
SimCLR here)

Chen et al., Improved Baselines with Momentum Contrastive Learning, 2020



BYOL: Bootstrap Your Own Latent

* Doesn’t need negative pairs

* Uses two networks (online and target), that interact and learn from each other

input
image

view

fo

representation

4 N\

Y

9o

projection

fe

prediction

de

oo

g

> qo(20) ) online

target

%\ Target network: slow-moving

average of the online parameters

* Addition of a predictor to the online network
— making the architecture asymmetric

* Using the target network encourages encoding more and more information
within the online projection and avoids collapsed solutions

51

Grill et al., Bootstrap Your Own Latent, NeurlPS 2020



BYOL: Bootstrap Your Own Latent

* Doesn’t need negative pairs

* Uses two networks (online and target), that interact and learn from each other
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BYOL: Results
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DINO

* DINO is inspired from BYOL e
@ - p2 log p; o

softmax softmax
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DINO: SSL with Knowledge Distillation

* From a given image, we generate a set V of different views.

— This set contains two global views, x‘lg and x‘zg and several local views of
smaller resolution

* All crops are passed through the student while only the global views
are passed through the teacher

— encouraging “local-to-global” correspondences.

min > Y H(Py(z),Ps(z")).

ze{z],z3} '€V
x' #x

Ht &« /101- + (1 - /1)05

Caron et al., Emerging Properties in Self-Supervised Vision Transformers, ICCV 2021 °



DINO

Method Mom. SK MC Loss Pred. A-NN Lin.

DINO v X v CE X 72.8 76.1
X X v CE X 0.1 0.1
v v Y CE X 72.2 76.0
v X X CE X 67.9 72.5
v X v MSE X 52.6 62.4
v X v CE v 71.8 75.6
BYOL v X X MSE v 66.6 714
MoCov2 v X X INCE X 62.0 71.6
SwAV X v ooV CE X 64.7 71.8

SK: Sinkhorn-Knopp, MC: Multi-Crop, Pred.: Predictor
CE: Cross-Entropy, MSE: Mean Square Error, INCE: InfoNCE

Caron et al., Emerging Properties in Self-Supervised Vision Transformers, ICCV 2021 >



Summary: Contrastive Representation Learning

A general formulation for contrastive learning:

score(f(x), f(zT)) >> score(f(z), f(z7))

InNfONCE loss: N-way classification among positive and negative samples

S xp(s(/(2), £(a) i
exp(s(f(2), (@) + T exp(s(/ (@), £ @)

Commonly known as the InfoNCE loss (van den Oord et al., 2018)
A lower bound on the mutual information between f(x) and f(x*)

MI[f(z), f(a*+)] - log(N) = —L



https://arxiv.org/abs/1807.03748

Summary: Contrastive Representation Learning

SimCLR: a simple framework for contrastive
representation learning

o Key ideas: non-linear projection head to
allow flexible representation learning

e Simple to implement, effective in learning
visual representation

e Requires large training batch size to be
effective; large memory footprint

Maximize agreement

Z; = > ZJ
ol 190
h; +— Representation —» h;
i) fQ)
5 L



Summary: Contrastive Representation Learning

MoCo (v1, v2): contrastive learning using momentum
sample encoder

e Decouples negative sample size from minibatch size;
allows large batch training

e MoCo-v2 combines the key ideas from SimCLR, i.e.,
nonlinear projection head, strong data augmentation,
with momentum contrastive learning

affinity

concat.

A A queue
momentum
encoder omentu
encoder
A A

0 1



Summary: Self-Supervised Approaches w.o. negative pairs

Self-supervised learning without utilizing
negative pairs

e Doesn’t need large minibatch size
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Today’s Agenda

Generative algorithms
- Pretext impainting task
- Masked Image Modeling



Pretext task: predict missing pixels (inpainting)

Context Encoders: Feature Learning by Inpainting (Pathak et al., 2016)

Pathak et al., Context Encoders: Feature Learning by Inpainting, CVPR 2016



Learning to inpaint by reconstruction
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Learning to reconstruct the missing pixels

Pathak et al., Context Encoders: Feature Learning by Inpainting, CVPR 2016



Inpainting evaluation

Input (context) reconstruction

Pathak et al., Context Encoders: Feature Learning by Inpainting, CVPR 2016



Learning to inpaint by reconstruction

Loss = reconstruction + adversarial learning

L(CB) — Lrecon (CE) + Ladv (33)
Lyecon(x) = ||M * (x — Fp((1 — M) * 33))”3
Laqy = maxp Ellog(D(x))| + log(1 — D(F((1 — M) xx)))]

Adversarial loss between “real” images and inpainted images

Pathak et al., Context Encoders: Feature Learning by Inpainting, CVPR 2016



Inpainting evaluation

Input (context) reconstruction adversarial recon + adv

Pathak et al., Context Encoders: Feature Learning by Inpainting, CVPR 2016



Transfer learned features to supervised learning

Pretraining Method Supervision Pretraining time Classification Detection Segmentation
ImageNet [26] 1000 class labels 3 days 78.2% 56.8% 48.0%
Random Gaussian initialization < 1 minute 53.3% 43.4% 19.8%
Autoencoder - 14 hours 53.8% 41.9% 23.2%
Agrawal et al. [1] egomotion 10 hours 52.9% 41.8% -

Wang et al. [39] motion 1 week 58.7% 47.4% -
Doersch et al. [7] relative context 4 weeks 55.3% 46.6% -

Ours context 14 hours 56.5% 44.5% 30.0%

Self-supervised learning on ImageNet training set, transfer to classification
(Pascal VOC 2007), detection (Pascal VOC 2007), and semantic segmentation
(Pascal VOC 2012)

Pathak et al., Context Encoders: Feature Learning by Inpainting, CVPR 2016



Masked Image Modeling (MIM)

* MIM leverages co-occurrence relationships among image patches as
supervision signals

* masking certain patches of the original image and subsequently
recovering the masked information.

— MIM represents a variant of the denoising AE (DAE) emphasizing the
importance of a robust representation that remains resilient to input noise.
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Masked Image Modeling (MIM)

* Low-level targets: treats the task as a regression problem with the
original pixels as its target

— Masked Autoencoder (MAE)

* High-level targets: breaks down the input image into discrete visual
tokens, and then randomly masks a subset of the image patches
— BEIT
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BEIT

* Bidirectional Encoder representation from Image Transformers
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Bao et al., BEIT: BERT Pre-Training of Image Transformers, 2022
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Masked Auto-Encoder (MAE)

encoder — decoder

. . " R
e /

He et al., Masked Autoencoders Are Scalable Vision Learners, 2021 5



MAE: Qualitative Results (on Validation Data)

He et al., Masked Autoencoders Are Scalable Vision Learners, 2021



MAE: Quantitative Results

* Comparisons with previous results on ImageNet1K.

method pre-train data ViT-B  ViT-L  ViT-H ViT-Hy4g
scratch, our impl. - 82.3 82.6 83.1 -
DINO [5] IN1K 82.8 - - -
MoCo v3 [9] IN1K 83.2 84.1 - -
BEIT [2] INIK+DALLE 83.2 89.2 - -
MAE IN1K 83.6 85.9 86.9 87.8

He et al., Masked Autoencoders Are Scalable Vision Learners, 2021 "



* Contrastive or Similarity-based Representation Learning
— InfoNCE
— SimCLR
— MoCo (vl & v2)
— BYOL
— DINO
* Masked Image Modeling (MIM)
* Image Impainting
* BEIT
* MAE
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