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* PCA+LDA (Fisherfaces, 1997)
* Layer-by-layer Pretraining + Fine-tuning (Hinton, Science 2006)
* Self-supervised Pretraining + Fine-tuning (Current)




Self-supervised Pretraining + Fine-tuning
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* Noise-Contrastive Estimation(NCE) loss (or called the normalized
temperature-scaled cross entropy 10ss)

exp(sim(z;, z;)/7)
iil L (24 exp(sim(z;, zx)/7)

gi’j = — log

sim(u, v) = uTv/|[ul|[[v]

T denotes a temperature parameter
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* Class Discrimination
Fisher Discriminant (supervised)

e Cluster Discrimination

Unsupervised Discriminant Projection
(PAMI2007)

* Dimensionality reduction by Invariant
Mapping, LeCunZE g X245 7 Contrastive
Loss Function (CVPR2006)

Hadsell, R., Chopra, S., & LeCun, Y. Dimensionality reduction by learning an invariant mapping. CVPR 2006.




Instance discrimination

* PCA (A special case of Instance Discrimination)

* Unsupervised Feature Learning via Non-Parametric Instance
Discrimination (CVPR2018)

CNN backbone E 1-th image Vi
Va
low dim L2 norm /’ E 2-th image V3
Non-
o » —— U —> D—» AR ﬂ i-th image Memory

Bank
128D 128D \ E n-1 th image Vi
- = L Vn—2
2048D & n-t 1mage vﬂ—1
— B—

e ——

folx) -

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.

Z. Wu, et al., Unsupervised feature learning via non-parametric instance discrimination. CVPR 2018.



SIEXNEE . Momentum Contrast

* MoCoZEFInstance discriminationpy, 248

ARmemory bankis AR AY T 7
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Voco

5| N = E Frencoderfy4/ 5, ##

IR T E NENYERN/ 2 EFEST, BRENTIGT EBREERN
Tl ZRA9 T RE

pre-train APPb AP‘;B AP?‘; APpmk APrsrbk APE}“Sk APPP AP';B APS‘; APk AP';E‘)R AP'%“
random init. 31.0 49.5 33.2 28.5 46.8 304 36.7 56.7 40.0 33.7 53.8 359
super. IN-1M | 38.9 59.6 427 354 56.5 38.1 40.6 61.3 44 .4 36.8 58.1 395
MoCo IN-1IM | 38.5(—04) 58.9(—0.7) 42.0(—0.7| 35.1(—03) 55.9 (—0.6) 37.7 (—0.4) 40.8 (+02) 61.6(+0.3) 44.7 (+0.3)| 36.9 (+0.1) 58.4 (+0.3) 39.7 (+0.2)
MoCo IG-1B | 389( 00) 59.4(—02) 42.3(—04)| 354 00) 56.5( 00) 379 (-02) 41.1(+05 61.8+05 45.1 07 374 +06) 59.1 (+1.0) 40.2 (+07

(a) Mask R-CNN, R50-FPN, 1x schedule (b) Mask R-CNN, R50-FPN, 2 x schedule

pre-train APPP AP AP APk APIK AP APPP AP%® APSY APk APIK APIE
random init. 26.4 44.0 27.8 29.3 46.9 30.8 35.6 54.6 38.2 314 515 335
super. IN-1M | 38.2 58.2 41.2 333 54.7 35.2 40.0 599 43.1 347 56.5 369
MoCo IN-IM | 38.5(+03) 58.3 (+0.1) 41.6(+04)| 33.6(+03) 54801 35.6(+04)  40.7 +07) 60.5+0.6) 44.1 4100 35407 573108 37.6(+0.7
MoCo IG-1B | 39.1(+0.9) 587105 4221100 34.1 (408 554 (107 364 (412 411411y 60.7 (108 448 (1.7 35.6(+09) 574109 38.1(412

He, Kaiming, et al. "Momentum contrast for unsupervised visual representation learning.

(c) Mask R-CNN, R50-C4, 1< schedule

(d) Mask R-CNN, R50-C4, 2x schedule

Table 5. Object detection and instance segmentation fine-tuned on COCO: bounding-box AP (AP™) and mask AP (AP™) evaluated
onvalz017. In the brackets are the gaps to the ImageNet supervised pre-training counterpart. In green are the gaps of at least 0.5 point.

contrastive loss

q-k
q k

t
encoder m:,ﬂf;::rm
7 "
" CVPR 2020.
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T. Chen, et al., A Simple Framework for Contrastive Learning of Visual Representations. ICML 2020.



SIMCLR: Results

* SIMCLR: #ElmageNet EEUG 7 5 BB II4 1] LAY ZE

 SIMCLRvZ2: Unsupervised pretraining using a large ResNet + fine-tuning
with 10% of labels, BRAMRE B | £ W EIZ4A%

75} % Supervised HSImCLR (4x) (a) Label fraction: 1% _ (b) Label fraction: 10%

< #*SimCLR (2x) 9 = g2} SimCLRv2

T S 80F SimCLRv2 SIMCLRV2 G

8 °CPCv2-L g “}f 8or Supervised

S 7OF %simCLR JMoCo (4x) < 70 — 78} SimCLRv2 ResNet-50

ot °CMC s S o p— _ (100% labels)

<c(> ePIRL-c2x AMDIM F eok ~ 76} 76.5% top-1

- 65k MoCo (2 9 9 74}

a 65 CPCv2 RPIRL-en;. otaies) % sob % 74

S *PIRL g 2 72f

» MoG *BigBiGAN E 40 E 70

2 60} *LAO o ResNet-50 Larger ResNet ResNet-50 Larger ResNet

Q

(@) . .

: sElstation Figure 2: Top-1 accuracy of previous state-of-the-art (SOTA) meth-

£ 55} : . -
elnstDisc ods [1, 2] and our method (SimCLRv2) on ImageNet using only 1%
5 ) 00200 400 626 or 10% of the labels. Dashed line denotes fully supervised ResNet-50

Number of Parameters (Millions) trained with 100% of labels. Full comparisons in Table 3.

T. Chen, et al., A Simple Framework for Contrastive Learning of Visual Representations. ICML 2020.
Chen T, Kornblith S, Swersky K, et al. Big self-supervised models are strong semi-supervised learners[]]. NIPS, 2020
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Large-Margin Contrastive Learning

* X EEFE IR B DT
« 24 T Large-Marginfy3f b S S 3%

Shuo Chen, Gang Niu, Chen Gong, Jun Li, Jian Yang*, Masashi Sugiyama, Large-Margin Contrastive Learning
with Distance Polarization Regularizer, ICML 2021.
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Theorem 1. Assume that the optimal feature embedding
@ € argmingey Lnce(p) and the corresponding distance

value Df; = (1 — o(x;)  @(x;))/2. Then for any given
p € [0, 1] and € > 0, there exists sufficiently large N such
that min15i<jSN {|Df£ — ,u|} < €

(a). Distance Distribution of Original Space.

100
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80t Inter-Class | |
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(b)ioDOistance Distribution of Contrastive Embedding Space.
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a) Self-Supervised b) Fully Supervised c) DP Reqularized
. (@ up o () Fully Sup 100 1 g

Intra-Class
Inter-Class
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2 50 2 50 2 50
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0 : 0 : 0 :
0 0.5 1 0 0.5 1 0 0.5 1

Distance Distance Distance
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b) Fully Supervised Learnin
Ro () 100 (b) Fully Super g

= || min[(D¥ —AT) © (D% —A7)),0]|lo 80! peias]| < loeta.
> o
Gc} 60 §
> ENMLERRELSE S B4R 2o |3
. 20 | =
min {F (@) = Lnce(e) + AR1 ()}
peEH 0 '
0 0.5
Distance
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Theorem 3. Assume that ¢* € argming,ey Lnce(w) +
AR1 (), and the underling class labels of training data
{x, YN | are {y;}}Y.,. Then we have that

Eyi?éyj [ma’X((S;—D;’? ? 0)] + Eykzyz [ma’X(DIfl _5:_7 0)]

< (67 = 0")R1(¢") + (Kmax/Kmin) /C

S 4(5_ — 5+)/)\‘|— (Kmax/Kmin)/Oa (13)

where the constants 0, = 0~ — [, (5;“ =0t +pu p €
(0,67 =0%), Knin = mini<p<c [|ly — k- 1nx1llo, and
Kmax:maX1§k§C ||y—k'1N><1||0-
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‘ ¢ Class-1 Class-2 ¢ Class-3 | (a) QT (b) DCL (C) LMCL (OUFS)
- e ) -:f:’::?'-'.:::'q_:ﬂ'.:"fu.."...._ [ JcCorrect
L. %l'-,:' f'.f"-k:-;-,,_; . '-."f-,én‘-?"ﬁ'm ?ﬁi.%:!,f;:-".' I (ncorrect
kL K PR 8 8 3
\ D ve | MO
(a). Three-Bars Dataset (b). Nested-Moons Dataset
0 0 0
o~ " Distance Distance Distance
-':'-‘- Y ee? .\:- '-1'"." . C ., . s . R . ..
-# - .:'-;;::;f |‘_':. . '.‘ . P . ., LIS . ", . . - ‘-. “:.. ‘..-
‘t & .I‘QO . “'.‘ -":- .’. 3o '.‘" . b
ki 23_-‘:,'&?)5,%‘::’?}",{_ '!m:o .-:". -’;"’r{.»-: tg.‘;'t‘,. n ‘“. .:; 2. METHOD MR CR SUBJ MPQA TREC MSRP
e, R L S
B AT S QT 76.8 813 866 934 898 736
) DCL 76.2 829 86.9 93.7 89.1 74.7

(d). Projection by Conventional CL

HCL
LMCL(QT+DP)
LMCL(DCL+DP)
LMCL(HCL+DP)

77.4
77.3
77.2
78.1

83.6
82.3
83.7
83.5

36.8
86.9
87.2
87.2

93.4
93.7
93.8
94.0

88.7
90.2
90.1
89.1

73.5
74.1
75.1
74.2

B AN N \ :
R PriE B B9 EE BARAL IE N ik R b F 52X N 5K (8 =4

- - - — NEfREEEZER, MmEAEXMRE
(e). Projection by Our LMCL (F). Projection by Our LMCL
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METHOD 1024 4096

Topl Top5 Topl Top5
CMC 60.23 79.23 73.58 92.06
SwAV 60.93 79.43 75.78 92.86
DCL 61.01 78.99 74.60 92.08
HCL 60.89 79.33 74.66 92.32
LMLC(CMC+DP) 61.23 79.44 75.67 93.02
LMLC(DCL+DP) 61.12 79.20 75.89 92.89
LMLC(HCL+DP) 60.92 79.43 74.94 92.39

||:| simCLR [ IpLc [ Hard-cL N L MCL(SimCLR+DP) I L MCL(DCL+DP) [ L MCL(HCL+DP) |

o] ©
o o

Accuracy Rate (%)

[)]
o

<]
9]

(o}
o

Accuracy Rate (%)
g &

~
a1

32 64 128 256 512
(a). Classification accuracy of all compared methods on STL-70 dataset.

32 64 128 256 512
(b). Classification accuracy of all compared methods on C/FAR-70 dataset.
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S. Chen, C. Gong, J. Li, J. Yang, G. Niu, M. Sugiyama. Learning Contrastive Embedding in Low-Dimensional Space,
NeurlPS 2022,
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Theorem 1. For any given i.i.d. random data points x, x1, T2, ..., T, € R™, we denote
DEax(H)=max{Dg(x,x;)|[i=1,...,n} and D™ (H)=min{Dg(x, x;)|[i=1,...,n}. Then we
have that lim g, oo {var[Dg (x, mz)/E(Dqs(% x;))]} = 0and
P { lim (DR () —DRin({)) /DRin () _o} ~1, 5)
H—o0
where the distance function Dg(-,-) is defined in Eq. and the feature embedding P is learned
from the training data and independent to the data points x, ©1, T2, ..., Tp.
100 (a). Dimensionlaity = 256 100 (b). Dimensionlaity = 512 100(0). Dimensionlaity = 2048
8o 80 80}
o) o) o)
g g 0 g 0
g 40 3 40 S 40}
L L L
20} 20 20t
0 0 0
0 0.5 1 0 0.5 1 0 0.5 1

Distance Distance Distance
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Conventional Contrastive Learning Low-Rank Reconstruction _

~

R271 (@7 L) — ]E:CEX[ ||LTL ) ¢(w) o ¢(a}) ||§] + a”LHQ,l X RepeaI/AtrrachairsofInsrances> H
Feature Recovery

Data

o TFN{XJ/EHY Loss function

X o)
GPE'H,IEiG%HXH {F(@’ L) - ENCE(é) + )\R(ﬁj L)} Data i
() } A .ﬁ. 5; //[_ﬂE;'f E\Egﬁ E_ ﬁ % Ij:lj IJ jj EI\J tl:f—-l-t ’/r_l_.E i% ZTT /‘x\ High-Dimensional Space . 2 égw-Djmen ional Spac; 2 p

Low-Dimensional Feature,
Used for Fine-Tuning / Testing



IBie AT

* SINHERREIEN G, EBEICLRIEFANEENESHE,
A58 —EE’\J%%T?M%&

Theorem 3. For any givenn + 1 i.i. d random data points x, x1, T2, ..., Tp € Rm we denote
that DZ*% = max{Dg (@, ;)|i = ...,n}and DE“E = min{Dg (:r: x)|i=1,2,...,n},

and then we have that

'P{ Dmax Dmm /Dmln > OJ/\C( )} =1, (12)
where Dg 3 (x, T;) = ||Ld5(:r:) — Ldf"(a:i)Hg/mnk(L), and @ and L are learned from Eq. .

. max-min disatnce ratio on CIFAR-10 dataset (b). max-min disatnce ratio on STL-10 dataset

10 10

o of =©-w/o reconstruction I o of —©-w/o reconstruction

= —B—-w/ reconstruction (ours)| 2 al =B-w/ reconstruction (ours)|

8 7t Q 71

c c

8 ef 8 et

©® @

T 5+ T 5t

o= o

E 1000000000000W0000000000000000000000606000 0 é 4+

t;é sl LOWBI‘ Bound | é 1800000000 ccce {uagpoccccccccccccccsos .

= ] € ,| ower Bound
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Theorem 2. If the function F(®, L) has 6-bounded gradient (i.e., ||VF (P, L)|2 < ), then we let
n = \/2(]-'(515(0), L)) — F(®",L"))/(S6°T), and for the iterations in Algorithmwe have that

min = E[[|[VF(D), Ly))l2] < \/25(]:(@(0):13(0)) — F(®*,L"))/T)9, (11)

0<t<T—1

where S > () is a linschitz constant such that |V F(®. L) -V F(®'. LN, <Slli@. L1—[®'. L'll-.

6
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METHOD STL-10 CIFAR-10
epochs=100 epochs=400 epochs=100 epochs=400
4096-dim. (w/o R(®, L)) 551X 1.1 752+ 3.1 65119 854 42
3072-dim. (w/o R(®, L)) 544 +£3.1 752+ 21 672 £ 3.5 86.9 £ 6.1
2048-dim. (w/o R(¥, L)) 563 £2.1 76.2 £+ 1.1 66.3 £ 3.1 893 £ 2.1
512-dim. (wlo R(&, L)) 564125 75.2 4+ 0.1 66.4 £ 5.1 90.3 £ 0.6
256-dim. (w/o 'R(tf’ L)) 553x4l 742 £ 2.1 643 5.1 883 £3.1
512-dim. (w/o sparity, o« = 0) 56.5 &= 2.5 755+ 0.5 66.2 + 49 90.1 + 1.2
256-dim. (w/o sparity, « = 0) 55.9 &= 2.1 74.1 £ 23 64.7 2.1 884+ 26
512-dim. (w/ £z 1-norm) 563+82— 7834+05v 67.5+02— 925+02/
512-dim. (w/nuclear-norm) 562 +32— 792+02v 675+25— 925+23¢
256-dim. (w/ €5 _1-norm) 562+12— 7934+05v 655+05— 923403V
256-dim. (w/nuélcar—norm) 563+32— 7924+02v 652&£55— 931+13/
A V4 |e—| A
Bl 7205 (ImageNet)
METHOD 1024 4096
Topl TopS5 Topl Top5
CMC 60.23 79.23 73.58 92.06
SWAV 60.93 7943 75.78  92.86
DCL 61.01 78.99 74.60  92.08
HCL 60.89 79.33 74.66  92.32
CcO2 61.21 79.32 7396  93.02
CLLR(CMC+£5 1 -norm) 62.03 80.64 75.97 94.22
CLLR(CMC+nuclear-norm) 61.23 80.50 76.91 94.03
CLLR(HCL+45 1 -norm) 6129 8110 76.88  94.19
CLLR(HCL+nuclear-norm) 62.43 80.98 76.89 94.25

Density

(a) QT

I Correct
_ Incorrect

0.8

Distance

(b) DCL

I Correct
- Incorrect

Distance

Density

(c) CLLR (Ours)

I Correct
_ Incorrect

Distance

%)

] SImMCLR | ]DLC [ Hard-CL [ CLLR(SIimCLR+) [ CLLR(DCL+) [ CLLR(Hard-CL+)
T T T T T

.

@
o

Accuracy Rate
g 2

32 64
(a). Classification accuracy of all compared methods on STL-70 dataset.

128

256

512

32 64
(b). Classification accuracy of all compared methods on CIFAR-10 dataset.

128

256

512

METHOD MR CR SUBJ MPQA TREC MSRP
QT 76.8 81.3  86.6 934 89.8 73.6
DCL 76.2 829 869 93.7 89.1 74.7
HCL 774 836 86.8 934 88.7 73.5
CLLR(DCL+#5 1 -norm) 779 833 879 93.7 91.3 75.2
CLLR(DCL+nuclear-norm)  78.2  83.7  87.2 95.8 91.2 75.7
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Masked language modeling (MLM

S R 5] 30 B (A R RRAT)
2N * i o s
N - A
,’,Sc\'cral years ago I studied in a university in the biggest city ip-Our @

b b e

L AY N\ LN
* TR EFIBRIE JERT
country. It’s beautiful but it's hotin 1 . So I usually returnéd*to my
= O =
. hometown when my 2 began. It is not big, but it’s cool and quiet. I

in the daytime and have a good sleep at night.

One day I had some 4 to solve. But I didn’t take the dictionaries
home. My father told me Charlie, one of my 5, had a good library. I
\X* 7T > He I Al fofe 2 N
. -L \ E I% N l \ — went to his house at once. We didn’t see each other after I 6  middle
L— ] J\ -/ \ x I I E * p school. At first he didn’t recognize me. He _7  me up and down. And

then he called out. “Oh, dear! It's you, Fred!”

_L / \ gk F. A D I&LI ~ 7ﬁ \\l-ll l l/AU Of course we were 8 _ to meet each other again and talked a lot
I \ \\ 1 i / TJ\ /)\ ﬁ about our schoolmates and 9 . Later on he showed me around his

library. It wasn’t big but there were a lot of nice books in it. And the

dictionaries [ 10 were in them too. At last [ said, “ 11  you lend

* Autoregressive language modeling in GPT s G O,

13 them?”

. ’ &Ar\: youafraid I'll_ 13 ? J o
x \ “No, I'm not. I'm afraid you won't __14  them to me. Look! All !m

. . z booksarc not 15, but borrowed!” X
* Masked autoencoding in BERT ikl

2. A. birthday B. Saturday  C. Sunday D. holiday




Masked Image Modeling (MIM)

s “EHEHME W IR E AR
* Masked Autoencoders (MAE)

-
EESEE = 1
U B Ny .
WEMEN > g, encoder  —» - decoder| — —> [
Lepne M
[ [ ]
input . target
Y

K. He, X. Chen, X. Xig, et al, Masked Autoencoders Are Scalable Vision Learners. CVPR 2022,
Z. Xie, Z. Zhang, Y. Cao, et al. Simmim: A Simple Framework for Masked Image Modeling, CVPR 2022,



Masked Autoencoders

* Masking

SE D EI A — RSB,
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Figure 2. Example results on ImageNet validation images. For each triplet, we show the masked image (left), our MAE reconstruction’

(middle), and the ground-truth (right). The masking ratio is 80%, leaving only 39 out of 196 patches. More examples are in the appendix.
tAs no loss is computed on visible patches, the model output on visible patches is qualitatively worse. One can simply overlay the output with the visible

patches to improve visual quality. We intentionally opt not 1o do this, so we can more comprehensively demonstrate the method’s behavior.

Figure 3. Example results on COCO validation images, using an MAE trained on ImageNet (the same mndel \»\l/elghts as i imie 2).
Observe the reconstructions on the two right-most examples, which, although different from the ground truth“dré ‘serran réad p Jldfé
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Wang W, Xie E, Li X, et al. Pyramid vision transformer: A versatile backbone for dense prediction without convolutions[C]//ICCV. 2021: 568-578.
Liu Z, LinY, Cao Y, et al. Swin transformer: Hierarchical vision transformer using shifted windows[C]//ICCV. 2021: 10012-10022.
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Figure 1. An illustration of our simple framework for masked lan- Xie Z, Zhang Z, Cao'Y, et al. Simmim: A simple
guage modeling, named SimMIM. It predicts raw pixel values of framework for masked image modeling[C]//CVPR.
the randomly masked patches by a lightweight one-layer head, and 2022: 9653-9663.

performs learning using a simple ¢; loss.
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PADRIRY + — i Kitti 0.2032 | 6.5080 | 0.7220 | 0.8989 0.2113 | 6.4522 | 0.7075 | 0.8962
Iy ik vKitti 0.2242 70179 | 0.6558 | 0.8709 0.2195 6.9022 | 0.6683 | 0.8798

L2A [47) vKitti 0.2171 6.8024 | 0.6759 | 0.8762 0.2103 6.7256 | 0.6783 | 0.8791

LPF (Ours) vKitti || 0.2033 | 6.5613 | 0.6835 | 0.8965 0.1962 | 6.3887 | 0.7147 | 0.8996

SC-SfM-Learner [33]

AR CEFEL 2] Kitti 0.1537 5.6295 | 0.8086 0.9338 0.1535 56412 | 0.8027 0.9335

PRADERY 4 — 5% Kitti 0.1468 | 5.2768 | 0.8203 | 0.9431 0.1399 | 5.1413 | 0.8320 | 0.9479
W% vKitti 0.1782 5.9408 | 0.7473 | 0.9021 0.1662 5.7583 | 0.7596 | 0.9198

L2A [47] vKitti 0.1708 5.8764 | 0.7548 | 0.9157 0.1615 5.6831 | 0.7728 | 0.9213

LPF (Ours) vKitti || 0.1628 | 5.6581 | 0.7762 | 0.9234 0.1495 | 5.4327 | 0.7936 | 0.9301
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