i % 4% Advanced Computer Vision o) B
g™ Tsinghua University TH U % S E N S ET| M E i 80 2 3 1 20 2 sensetime

Chapter 2 - Section 13

Representation Learning in Vision Tasks

Dr. Liu Yu
Wednesday, May 18, 2022

Acknowledge : Song Guanglu, Liu Boxiao , Zhang Manyuan



,fﬁ 3 # é Advanced Computer Vision o) B
g™ Tsinghua University TH U % S E N S ET| M E i 80 2 3 1 20 2 sensetime

13.1 Metric Learning

Dr. Liu Yu
Wednesday, May 18, 2022



q

sensetime

TN EZE

g Tsinghua University

Part 1 Introduction
Part 2 Metric learning for face recognition
Part 3 Multimodal Learning

Outline




Introduction rﬁi%é GO i

sensetime

« Similarity / Distance judgments are essential components of
human cognitive processes.
« Compare perceptual or conceptual representations.
« Perform recognition, categorization.

« Underlie most machine learning and data mining techniques.
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* Nearest neighbor classification

If you want to find the nearest neighbor, you should calculate the distance between samples.
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* Clustering

If you want to do clustering, you should calculate the distance between samples.
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Choice of similarity is crucial to the performance.

Fundamental question: how to appropriately measure similarity or
distance for a given task?

Metric learning + infer this automatically from data.

Note: we will refer to distance or similarity indistinctly as the metric.
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* Measuring Similarity Between Data

« Similarity: computing distances between data points.
« Performance: depending on the definitions of similarity.

@ Class 1
| Class 2
A MNovel Class

mefric learnin metric leaming
—4 _—

(1)} Original Data Space {2) Metric Space {3) Final Metric Space
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 Deep Metric Learning
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 Examples for deep metric learning

* Face Recognition * Person Re-identification
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 Examples for deep metric learning

* Multimedia Searching » Tracking

Query
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 Examples for deep metric learning

« Activity Recognition * Open-set Recognition

Face Open Set

Multi-class Classification . . Detection .
Verification Recognition

s
.' -
*
. . f
|

%

Closed I I Open
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come from possibility for  in the world is unknown
known classes impostors negative classes
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* Measuring similarity: Metric

A metric 1s a function that defines the distance of two elements
In pair-wise data set.

e Euclidean or L2:

dEuclidean (flaEZ) — H'/El - j2“2 — \/Zz (‘(Eri o 3712)2
« Manhattan or L1:
dl\/[anhattan (3_7191_:2) - Hjl - j2||1 — Zz |$1{ o ZL‘%‘

 Cosine distance:
dCosine (3_717532) =1~ ||551£T|12|:|Eff722||2
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« Forming compact representations
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* Face recognition pipeline

(0.931)
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Inception 03t
ceplion|_Liy fw=|: | —p —>
Model 0.942
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o \0.039 Match face Matched face
P 128-d face embedding | embeddings identity Lena with
neural-network : X
in database distance 0.27

Training by loss function
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e Softmax cross-entropy loss

Cross Entropy loss
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« Is SoftmaxWithLoss good for clustering?
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Separable.
The deep features are not discriminative enough due to the intra-class variation

Chapter 2 Section 13 May 18, 2022 Advanced Computer Vision 18



Metric learning for face recognition TEES =T

singhua University sensetime

* Triplet loss function

contrastive loss:

]
Embeddings ‘ o ¢
(_’/G\JX ®
® oo
anchor CNN >
Y/
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Shareﬂlveights
osive CNN : feature X: agent
Sharerﬁlveights N eg ative m
Anchor LEARNING
negative CNN Negative
Anchor .
Positive Positive

Schroff F, Kalenichenko D, Philbin J. Facenet: A unified embedding for face recognition and clustering [C]// CVPR, 2015.
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Metric learning for face recognition

« Triplet loss function

The goal of the triplet loss is to make sure that:

« Two examples with the same label have their embeddings close together in the embedding space
« Two examples with different labels have their embeddings far away.

L = max(d(a,p) — d(a,n) + margin,0)
To formalise this requirement, the loss will be defined over triplets of embeddings:
« an anchor

» a positive of the same class as the anchor
* a negative of a different class

Chapter 2 Section 13 May 18, 2022 Advanced Computer Vision 20
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« Hard triplet mining

« easy triplets

Easy
negatives

Positive
Anchor

Semi-hard negatives

d(a,p) + margin < d(a,n)

Negative

* hard triplets Negative

Anchor
d(a,n) < d(a,p) .<'

Positive
» semi-hard triplets

d(a,p) < d(a,n) < d(a,p) + margin

Anchor Positive
> @ --m-eeeo -0
Margin
Negative
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« Metric loss functions

‘__. —_—

Dw(X1,X2) = IGw (X1) = Gw (X2)ll,

1 1
(@) Lcontrastive = (1= Y)=(Dw)* + (Y)={max(0,m — Dw)}* J;.; =max ( max_a — D, , max o — Dj,;) + D,
2 2 (i,k)EN (7.1 EN
1 N
(0) Lryipier = max (0, [Gw(X) = Gw (XP)ll, = IGw (X) — Gw(X")ll, + a) (©) Ly puirowo{ @iz N1 ) = & DD log (L+exp(£7 £ — £ ).
i=1 j#i
N N
(c) Lyyaa = Z lg(z;, $j)2 — gz, ) + o)+ Z [g(z4, :rsf)z - -‘i'(xhxk)z + o)+ 1 X 6—?”%—#(%)”3—&
bt ikl (f) Z ()= EZ —log X e —ucll?
8i = 5,81 # Sk, 8i # 81,5i F Sk - S ety Doy € F2 [[en =i || .
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« (Center loss function
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Wen Y, Zhang K, Li Z, et al. A discriminative feature learning approach for deep face recognition [C]// ECCV, 2016.
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« Large Margin Softmax
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Liu W, Wen 'Y, Yu Z, et al. Large-Margin Softmax Loss for Convolutional Neural Networks [C]// ICML, 2016.
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« Large Margin Softmax
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Liu W, Wen 'Y, Yu Z, et al. Large-Margin Softmax Loss for Convolutional Neural Networks [C]// ICML, 2016.
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« SphereFace
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 Normalizing the weights could reduce the prior caused by the training data imbalance
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Liu W, Wen 'Y, Yu Z, et al. SphereFace: Deep Hypersphere Embedding for Face Recognition [C]// CVPR. 2017.
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Metric learning for face recognition

« SphereFace
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Liu W, Wen 'Y, Yu Z, et al. SphereFace: Deep Hypersphere Embedding for Face Recognition [C]// CVPR. 2017.
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« COCO (Feature Normalization)
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Feature visualization under different loss strategies, trained on MNIST.
Liu W, Wen 'Y, Yu Z, et al. SphereFace: Deep Hypersphere Embedding for Face Recognition [C]// CVPR. 2017.
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Metric learning for face recognition

Additive Margin LoSS
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The overall pipeline for Additive Margin (ArcFace) loss.

Jiankang Deng, Jia Guo, Stefanos Zafeiriou. ArcFace: Additive Angular Margin Loss for Deep Face Recognition [C]// CVPR, 2019.
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* Motivation of Multimodal Learning

 Inspired by the success of large-scale pretraining on raw text in NLP
« Image-text pairs are cheap and easy to access

« Task-agnostic pretraining is more transferrable

pepper the Multimodal
Learning

aussie pup

Chapter 2 Section 13 May 18, 2022 Advanced Computer Vision 31
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* CLIP from OpenAl
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« Using contrastive learning to make the image-text correspondence easy to learn

« Amazing zero-shot performance

1. Contrastive pre-training

2. Create dataset classifier from label text

pepper the Text
aussie pup — Encoder a photo of Text
a {object}. Encoder )
i T T. T,
— I ILn LT, I I Ty
— I, T, I, T, I, I, Ty 3. Use for zero-shot prediction
i T,
Image
- Encoder . I3 IgT IzT, IpTs I3 Ty
Image .
Encoder L LT
— Iy IyT InT IyTs InTy

Radford, Alec, et al. Learning transferable visual models from natural language supervision. ICML 2021.
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* Florence from Microsoft

« Expand to more tasks via adaptation models

Modality
) 1 Florence Pretrained Models Florence Adaptation Models
Multi-sense
I:ngua ge-Encoder Classification/Retrieval Adaptation
bt i =] =] -
Caption Depth Video Reasoning -‘ | - i
P = ) a -
l Object-level Representation
Visual (only) | Static Dynamic ) (Dynamic Head ;
"~ Howmany red butong? ‘ . Unified Contrastive Learning Dynarmic Head Adapter)
Visual Question e h N
Answering ; _@\ ¢ a"z’)v T
oarse A e . 5 .
s . Fine-grain +L R tion
Classification In]age Encoder (CoSwm) e grzl\d;dT]‘ilRAda eg:(e)l's)enta °
Fine-grained
_ Video Representation
Space Object Tracking ! o (Video CoSyiin)

Yuan, Lu, et al. Florence: A New Foundation Model for Computer Vision. arXiv preprint, 2022.
Chapter 2 Section 13 May 18, 2022 Advanced Computer Vision 33



Multimodal Learning

 CoCa from Google
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« Contrastive Loss + Captioning Loss

« The first model to achieve 91% on ImageNet

Captioning Loss

Zero-shot
Mscoco(i2r)

image captioning &

multimodal representation

SOTA
(specialized models)

Fl
L (dual-encoder)

SimViM
(encoder-decoder)

=

[[] coCa

qotion Multimodal
p Text Decoder :
c}o"g classification alignment Multimodal
I 1 /’ '\ Text Decoder
Image Unimodal |': Image Image Unimodal Image Unimodal
Encoder Text Decoder Encoder Encoder Text Decoder Encoder Text Decoder
I | ! 1 I I I
image text image image text image text
. - . Image Captioning &
Visual Recognition Crossmodal Alignment Multimodal Understanding
(single-encoder models) (dual-encoder models) (encoder-decoder models)
Pretraining Zero-shot, frozen-feature or finetuning

Yu, Jiahui, et al. "CoCa: Contrastive Captioners are Image-Text Foundation Models." arXiv preprint arXiv:2205.01917 (2022).
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» Learn visual representation from images without annotations.

« Motivated by the success of large-scale pretraining in NLP.

Training Compute (PFLOPs)

le+09-

Training FLOPs Scaling for SOTA CV, NLP, and Speech Models

le+08

GPT-3
®

Transformer: 750x / 2 yrs

Microsoft T-NLG
CV/NLP/Speech: 15x/ 2 yrs

1 Moore's Law: 2x /2 yrs Megatron LM
le+073 o Wav2Vec 2.0
: XLNet ®
B ‘ .
le+06 i BERT o
] Xcezt = ® MoCo ResNet50
InceptionV3
le+05 o GPT-1
Transformer L
: Seq2Seq ResNet ResNext (@]
le+04- g @ ®
E VGG DenseNet EL.MO
1 e IR i e
1e+03—§ AlexNet L — e
3 ® N [ s
i P .
le+02
R T T l T T I T T ' T T I T ¥ r T T r T T r T T r T T II
2012 2013 2014 2015 2016 2017 2018 2019 2020 2021
YEAR
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Unsupervised Learning Representation Learning

Self-Supervised
Learning

PCA
Clustering
GMM

ImageNet Pre-train

De-occlusion

SelFlow Auto-Encoder DeepCluster
Motion Propagation ~ Jigsaw Puzzles — qpinepeenCluster
Correspondence Rotation Prediction

MoCo

https://github.com/open-mmlab/OpenSelfSup
Chapter 2 Section 13 May 18, 2022 Advanced Computer Vision 38
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 Design learning tasks without annotations:

« Predictive methods — R, —
VAE, GAN, ... 7 q >‘ | 5
: (T & it
« Contrastive methods [ il || ——
] (a) Predictive learning
« SImCLR, MOCQ, ... 1 B 3 B Vs
« Others S L
- predicting rotation ° . 5y
« solving jigsaw puzzles (b) Contrastive learning

Tian Y, Krishnan D, Isola P. Contrastive multiview coding[J]. arXiv preprint arXiv:1906.05849, 2019.
Chapter 2 Section 13 May 18, 2022 Advanced Computer Vision 39
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« Solving jigsaw puzzles.

v
|
|
P
|
v

IS

o~

Permutation Set

index permutation Reorder patches according to
the selected permutation

4608 "
Shored
: fc7  fc8 softmax
4
Shored

~

(o]

L IR

64 9.4,68325,1,7

el

) » AN ¥
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w
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|
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Noroozi M, Favaro P. Unsupervised learning of visual representations by solving jigsaw puzzles[C]//European conference on computer vision. Springer, Cham,
2016: 69-84.
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* Pridicting rotation.

| Objectives: !

ConvNet
model F(.)

FO( XO) |
| Predict 0 degrees rotation (y=0)

- *
Rotate 0 degrees

Rotated image: X°

—> g(X,y=1)
Rotate 90 degrees

Rotated image: x! |

—» g(X,y=2) |
Rotate 180 degrees

Rotated image: X’

e %
Rotate 270 degrees

Rotated image: X°

ConvNet
model F(.)

F'(x")

Predict 90 degrees rotation (y=1) |

ConvNet
model F(.)

Maximize prob. ’ |
FZ( XZ)
Predict 180 degrees rotation (y=2) |
|

ConvNet

Maximize prob. |
model F(.)

(X |
| Predict 270 degrees rotation (y=3) |

Gidaris S, Singh P, Komodakis N. Unsupervised representation learning by predicting image rotations[J]. arXiv preprint arXiv:1803.07728, 2018.
Chapter 2 Section 13 May 18, 2022 Advanced Computer Vision 41
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« MoCo

« Use buffer of representations to harvest more negative pairs

- _‘[ contrastive loss contrastive loss contrastive loss
- —_— g —)L—) *g —)11 gradient T gradient gradient 0 gradient T
oY h.’ Z;
ﬁ & 2
e fo 4 Sim(z;,z;) et q k q k q k
J - % l momentum \ / A A 1n T A A
S .
image x o M v f encoder q encoder k encoder sam:llng encoder mz: cf;t :rm
' —_— —>‘r, - 3 = |/ A A A A A
I_' § Stop gradient & m:;?-;w .
u L :L'q T _’L'q $q xr
h; Zj ‘ (a) end-to-end (b) memory bank (c) MoCo
fg gf | " ' V"/ |
ABA | A Ox < mb + (1 — m)bq.

Chen X, Fan H, Girshick R, et al. Improved baselines with momentum contrastive learning[J]. arXiv preprint arXiv:2003.04297, 2020.
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« SImMCLR

« A cornerstone for SSL |
% Supervised % SimCLR (4x)
s I *SimCLR (2x)
. . E eCPCv2-L
) PrmCIPIe S 7T *simCLR womc MO
/ ) 2 °PIRL-c2x AMDIM
« The representations from the same image = ss} aCPOV2 pIRL-eng1oC0 (X
'E hpfé BigBiGAN
should be near 2 eop §10°°
. . . E 55F _ eRotation
« The representations from different images elnstDisc . | ..
y 25 50 100 200 400 626

Number of Parameters (Millions)

should be far away from each other

Chen T, Kornblith S, Norouzi M, et al. A simple framework for contrastive learning of visual representations[C] // International conference on machine learning.
PMLR, 2020: 1597-1607.
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¢ Key I n S I g hts: Algorithm 1 SimCLR’s main learning algorithm.

input: batch size N, constant 7, structure of f, g, T
for sampled minibatch {z; }{_, do

« Composition of multiple data augmentation operations forallk  {1.... N} do

draw two augmentation functions t ~ 7, t' ~T

Introducing a learnable nonlinear transformation e ﬁ"“;{‘f*;emﬂ”““
2k—1 = LTk
. . hop_1 = f(Eap— # representatic
between the representation and the contrastive loss - =§Eﬁ§:_3 ¥ projection
# the second augmentation
: i Fok =t (1)
Larger batch sizes and longer training B R
Maximize agreement zak = g(hay) # projection
Zi - - Zj end for
foralli ¢ {1 ..... 2N} and j € {1 , 2N} do
9() g9(-) Sij = %; zj,f(||za||||zj||) pumi.\;e similarity
h; +— Representation — h; end for o o exp(si.q/7)
N define E{a,j)r as £(i,j)=-log ST 0y exp(si /)
£ f() L= %Zﬂzl [£(2k—1,2k) + £(2k, 2k—1)]
update networks f and ¢ to minimize £
end for

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

Then the loss function for a positive pair of examples (i, j) is defined as:

exp(sim(z;, z;)/7)

iy
o Lpps) exp(sim(z;, 2x) /7)

(c) Crop, resize (and flip) (d) Color distort. (drop) (e) Color distort. (jitter)

(b) Crop and resize

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

- BYOL

« Negative samples may be semantically similar

« How to avoid model collapse after discarding negative pairs?

view ___ embedding —— projection —— prediction MLP
/_ a ™ ' ' ™ \
fy 'l y & 'l z el
. . © S
_— ) — ol ZL] 2] @ ____
[}
— Imomentumr_,‘ :momentum 5 o0 K 5
¢ < <
, , e o . - . - .\ »
L2 loss
_— —

Grill J B, Strub F, Altché F, et al. Bootstrap your own latent: A new approach to self-supervised learning[J]. arXiv preprint arXiv:2006.07733, 2020.
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« What the representations look like?

Positive Pair :

S —

Alignment: Similar samples have similar features. Uniformity: Preserve maximal information.

Wang T, Isola P. Understanding contrastive representation learning through alignment and uniformity on the hypersphere[C]//International Conference on

Machine Learning. PMLR, 2020: 9929-9939.
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SimSiam
grad - . similarity & {-———.—\grad grad - > similarity <
. il dissimilarity ' i Y
« The key component to avoid model * T e
moving
. . average momentum
oder de encoder — >
collapse is stop-gradient . o —
. E : :
._ — | | — _.
SimCLR BYOL
grad “=o  imilarity < grad, ==t imilarity <
batch ti t ' ’
method ;;ﬂ ne[,;;;rl:e mgrﬁrézré;m 100ep 200ep 400ep 800ep \ iskwsen Enopp predictor
SIMCLR (repro.+) 4096 v 66.5 68.3 69.8 704 t
MoCo v2 (repro.+) 256 v v 67.4 69.9 71.0 722 TCar encoder encoder encoder
BYOL (repro.) 4096 v 060.5 70.6 73.2 74.3 A A . .
SwAV (repro.+) 4096 66.5 09.1 70.7 T1.8 L |
SimSiam 256 68.1 70.0 70.8 71.3 image image
SwAV SimSiam

Chen X, He K. Exploring Simple Siamese Representation Learning[J]. arXiv preprint arXiv:2011.10566, 2020.
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« DINO
« Align two views through KL-divergence

« VIiT Iearns to segment via SSL

-
-5 rd
e
\ '
.\

Caron, Mathilde, et al. Emerging properties in self-supervised vision transformers. CVPR 2021.
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hua University sensetime

- p2 log pi e

EITel
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« What augmentation should we use

° ? transfer
In SSL: I{vsiva)  perfomance
not enough too much
H M M . signal noise
« A tradeoff between missing info and () MPOESS ~
excess info canured o
Positive Pair
. . d{vizva) = I(xy) I{vl, vz) I{V15V2) = I{x;:") I{vls v:)
Learnable augmentation in an
adversarial way
g- 64.0 X To § £02
= < 631 LT 40,25
2 63.51 __,‘;--1:5" 0.5 z "Iﬁ:n.lf. "--.E‘-G,B
S 630 g2.5.420 k £ 04
5 O 621 L-0.08 ‘F '
< 62.5 < .
u %®-0.25 ]
= 62.0 1 =
o . : & 17 :
551_5- -4 Color Jittering :2(_3‘125 E -4 RandomResizedCrop '}:-0,5
56 5.7 5.8 5.9 60 Ince - 5.7 5.8 5.9 6.0 61 62 IncE
(a) Color Jittering (b) Random Resized Crop

Tian Y, Sun C, Poole B, et al. What makes for good views for contrastive learning[J]. arXiv preprint arXiv:2005.10243, 2020.
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» How is the transferability of SSL? ol : vt || s
» Compared with supervised learning, the - % w | . ';; | :"’“%":M
representations show more intra-variance. - C: ®) CE:elfSupCm © S:If;wn
« Combining SL with SSL improves final - ,A,, ,g :f
performance. "% e
i i
(d) SupCon (€) SupCon+SelfSupCon
ce

SelfSupCon

SupCon
CE+5elfsupCon
SupCon+5SelfsupCon

74 '."Iﬁ TIE an 59 a0 61 EI2 EIJ 64
Accuracy (%) Accuracy (%)
(a) Linear evaluation (b) Few-shot classification

Islam A, Chen C F, Panda R, et al. A Broad Study on the Transferability of Visual Representations with Contrastive Learning[J]. arXiv preprint arXiv:2103.13517, 2021.
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« SSL approaches learn more
low/mid-level feature

 The similarity of different layers'

weight learned in SSL is higher

« The similarity between weights of

SL and SSL is low only in stage-5

1.00

Stage-4 |RE

s - CCIIR - R -~ RO -

Stage-3

e QU
[] 1 ] [] 1
5 4 2 1

{a) CE

CE

SelfsupCon
SupCon
CE+5elfSupCan

SupCon+SelfSupCon

g5 - oo B

065

[
4

(k) SelfsupCon

w-ﬂ

1.00 0.97 0.98 0.98 0,97

0.97 1.00 0.98 0.99 0.99

0.98 0,98 1.00 1.00 1.00

0.98 0.99 1.00 1.00 1.00

0.97 0.99 1.00 1.00 1.00
| 1 I

ﬁ"’?*”yﬁ‘f&f”“’?é’f ﬁ““‘ff"‘”f’ ﬁ**fﬁ*f*

&

(a) Stage-1

i oo ] Q- o) [ g - o O

o Qo 8 R ] I = [ -~ ] QI 0
m - R - M - M -
1 [] ] [] I | ] 1 [] 1 1 ] 1 [ I 1
4 3 2 1 5 4 3 2 1 5 4 3 2 1

1 3

1.00 0.93 0.93 0.93 0.93
093 1.00 0.95 0.97 0.96
0.93 0,95 1,00 0.98 0.98
0.93 0.97 0.98 1.00 0.99

0.93 0.96 0.98 0.99 1.00
] I I 1 I

r.;a
(b) Stage-2

Chapter 2 Section 13

(c) SupCon

1.00 0.90 0.92 0.92 0.93
0.90 1.00 0.95 0.97 0.97
0.92 0.95 100 0.98 0.98
0.92 0.97 0.98 1.00 0.99

0.93 0.97 0.98 0.99 1.00
I I I ]

(c) Stage- 3

May 18, 2022

i 1.00

(d) CE+5elfSupCon

TE R &

Tsinghua University

1.00 0.83 0.89 0.88 0.87
0.83 1.00 0.89 0.92 0.92
0.89 0.89 1.00 0,94 0.94
0.88 0.92 0.94 1.00 0.96

0.87 0.92 0.94 0.96 1.00
l ] I | 1

Lﬁ
(d) Stage-4

Advanced Computer Vision

D

EEE -
5 oo (-

() SupCon+SelfsupCon

p-PlJ_eF p-é‘ !_é‘
TS

(e) Stage-5

=
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0.4

0.2

0.0

1.0
0.8
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0.4
0.2
0.0
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« SSL shows higher transferability in most down-stream tasks.

Semantic Structural ImageNet v2 Cls.

______________________________________________________________ ImageNet Cls.
NYU Walkable Surface Pets Cls.

Estimation KITTI Optical Flow ) .
Pets Instance Seg. Kinetics

nuScenes Egomaotion Places

Eurosat Cls. Taskonomy
CalTech Cls.
Cityscapes Seg.
THOR Num. Steps
CIFAR-100 Cls.
NYU Walkable
EgoHands Seqg.

1

1

1

1

1

1

1

I

1

1

1

1

1

1

1

: THOR Egomotion

AI2-THOR # of Steps ) dtd Cls.

1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

Best Dataset
Imagenet

Taskonomy Depth

Cityscapes Segmentation y
NYU Depth Estimation AlI2-THOR Depth Estimation Estimation

Pixelwise

End Task

Caltech 101 Image EuroSAT LandCover ImageNet SUN397 Scene
Classification Classification Classification Classification

3

Prediction
THOR Depth
Taskonomy Depth
SUN Scene Cls.
Kinetics Action Pred.
NYU Depth
CLEVR Count
KITTI Opt. Flow

soccer ball 5steps |

DTD Texture CIFAR-101 Kinectics Action Pets Image
Classification Classification Recognition Classification

Image-level

0 10 20 30
Percent Relative Performance Improvement

I
I
I
]
]
]
1 1
1
husky cathedral 1
I
I
I
I
|
|
I . -
1 Over Supervised Baseline
|

Kotar K, llharco G, Schmidt L, et al. Contrasting Contrastive Self-Supervised Representation Learning Models[J]. arXiv preprint arXiv:2103.14005, 2021.
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« Dataset bias in SSL

« Augmented crops from the same image may

be semantically different () Poor visual grounding ability

S C—————
B —amiaade

 Images in ImageNet are iconic and object-

centric

« Unsupervised saliency map can be used to

guide the crops

D) - Saliency i 3B N
Image Constrained Query Key
Random
Crop

Saliency Map

Selvaraju R R, Desai K, Johnson J, et al. CASTing Your Model: Learning to Localize Improves Self-Supervised Representations[J]. arXiv preprint arXiv:2012.04630, 2020.
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« Dense contrastive learning for dense prediction .../ DeiCon Objeciv
. / . 57 Y Masl.(ed
Contrast representations in patch or pixel level — ——

TR L © ~ + ¢ Convolutional

view #1 ko my

consistency
— Bt

Augmented
Views

view #2

Training Image
and Heuristic Masks

Heénaff O J, Koppula S, Alayrac J B, et al. Efficient Visual Pretraining with Contrastive Detection[J]. arXiv preprint arXiv:2103.10957, 2021.

Xie Z, Lin Y, Zhang Z, et al. Propagate Yourself: Exploring Pixel-Level Consistency for Unsupervised Visual Representation Learning[J]. arXiv preprint arXiv:2011.10043, 2020.
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* Inspired by Masked Language Modeling in NLP

 BeiT: Use VQVAE to transfer continuous image into discrete tokens

Visual Tokens E Unused l?qring Reconstructed
i Pre-Training
123 234 456 567 P =T
bl |
o 987 876 765 543 i
Original i -- - | Decoder |
Image 112 223 334 445 b |
i L
211 322 433 544 i \\\\J
| B 234 456 876 765 322
Bt
= i i 11 11 1
F'In:a':;;e l E’ Masked Image Modeling Head
atches |
= L L L L I
11 —‘i—‘-[ b | [n} | ity )
Blockwise
el BEIT Encoder

=, osition
l!giL K |@|3|EE|E|..|9|E|“H12|E-@. ErI:be(tiding

- Flatten Patch
ENE — @ TR T T T e
Bao, Hangbo, Li Dong, and Furu Wei. "Beit: Bert pre-training of image transformers." arXiv preprint arXiv:2106.08254 (2021).
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Masked Image Modeling

« Masked Autoencoders Are Scalable Vision Learners

« An encoder that operates only on the

visible subset of patches

« A lightweight decoder that

reconstructs the original image
« A high proportion of the input image,
e.g., /5%

[

He, Kaiming, et al. "Masked autoencoders are scalable vision learners." arXiv preprint arXiv:2111.06377 (2021).
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 Performance significantly depends on large epochs and batch-size

- Typically 800 epochs and 4096 batch-size for ImageNet

« SImCLR: 10,0

65.0
62.5

—

E- 60.0
57.5
55.0
52.5
50.0

100 200 300 400 500 600 700 800
Training epochs

Batch size

256
512
1024
2048
4096
8192

800

1000

Hénaff O J, Koppula S, Alayrac J B, et al. Efficient Visual Pretraining with Contrastive Detection[J]. arXiv preprint arXiv:2103.10957, 2021.
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 Only utilize augmentation-invariance in SSL.

« SSL is better only at occlusion invariance

—_
Z

Utilize video with unsupervised tracking to 2 %
harvest images under different views. e s 2 T (e sy s e —]
q ko ki ka2 ks... q ko k§ ki ko...
f ! t t t
I ey key I 1 ,.key _ key ]1
Occlusion Viewpoint INlumination Dir. Illumination Color Instance Instance+Viewpoint

Dataset  Method 7,10 Top25 Top-10 Top-25 Top-10 Top25 Top-10 Top25 Top-10 Top25 Top-10  Top-25

Imagenet Sup. R50 80.89  74.21 89.54 8262  94.63 89.08 99.88 99.38 66.11 59.44  70.17 63.47
Imagenet MOCOv2 84.19  77.88 85.15  75.08 90.28 80.76 99.66 97.11 62.49  55.01 67.4 60.52
Imagenet PIRL 84.46  78.38 85.8 76.08 87.7 78.45 99.68 97.19 5297 46.79  57.01 51.03

Zbontar J, Jing L, Misra |, et al. Barlow twins: Self-supervised learning via redundancy reduction[J]. arXiv preprint arXiv:2103.03230, 2021.
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