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ImageNet + ResNet-50
76% @ImageNet val.

[He et al. CVPR16]
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Pre-training without Natural Images

ACCV 2020 Best Paper Honorable Mention Award
International Journal of Computer Vision (I1JCV)
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FractalDBOHZ51Y

FNIR) T A —SRERRDIER,
— #Category, #Instance, Patch Rendering H\&%h & HiT
— I\SA=FtY bOZFEH w ([CKDIRE L Z AR UrENE

Category/instance on CFAR 10 | —c Table 1. Patch vs. point. Table 2. Filling rate.
_— - | C10 €100 IN100 P30 | C10 €100 IN100 P30
Point 87.4 66.1 73.9 73.0 .05/91.8 72.4 80.2 74.6
! Patch (random)|92.1 72.0 78.9 73.2 .10{92.0 72.3 80.5 75.5
] B J — Patch (fix) 92.9 73.6 80.0 75.0 15(91.7 71.6 80.2 74.3
= v ; i .20(91.3 70.8 78.8 T74.7

25(91.1 63.2 724 74.1

Table 3. Weights. Table 4. #Dot. Table 5. Image size.
) = | C10 €100 IN100 P30 | C10 C100 IN100 P30 | C10 €100 IN100 P30
1/92.1 72.0 78.9 73.2 100k|91.3 70.8 78.8 74.7 256 |92.9 73.6 80.0 75.0
‘55[ 2/92.4 727 79.2 73.9 200k|90.9 71.0 79.2 74.8 362 |92.2 73.2 80.5 75.1
s 3192.4 72.6 79.2 74.3 400k|90.4 70.3 80.0 74.5 512 [90.9 71.0 79.2 73.0
S 4/92.7 73.1 79.6 74.9 724 190.8 71.0 79.2 73.0
(c) ImageNet100 (d) Places30 5/91.8 72.1 78.9 735 1024/89.6 68.6 77.5 T1.9
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Results (1/5)

Method Pre-train Img Type C10 C100 IN1k P365 VOC12 OG
Scratch — — 87.6 62.7 76.1 49.9 589 1.1
DC-10k Natural Self-supervision [89.9 66.9 66.2 51.5 67.5 15.2
Places-30 Natural Supervision 90,1 6F& 691 = 69.5 64
Places-365 Natural Supervision 94.2 769 714 - 78.6 10.5
ImageNet-100 Natural Supervision 913 706 - 49.7 720 123
ImageNet-1k Natural Supervision 96.8 84.6 - 50.3 85.8 17.5
FractalDB-1k Formula  Formula-supervision| 93.4 75.7 70.3 49.5 58.9 20.9
FractalDB-10k  Formula  Formula-supervision|94.1 77.3 71.5 50.8 73.6 29.2

Underlined bold: best score, Bold: second best score

. EE&TIIResNet-507% &
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Results (1/5)

Method Pre-train Img Type C10 C100 IN1k P365 VOC12 OG
Scratch — — 87.6 62.7 76.1 49.9 589 1.1
DC-10k Natural Self-supervision [89.9 66.9 66.2 51.5 67.5 15.2
Places-30 Natural Supervision 90,1 6F& 691 = 69.5 64
Places-365 Natural Supervision 94.2 76.9 71.4 — 78.6 10.5
ImageNet-100 Natural Supervision 913 706 - 49.7 720 123
ImageNet-1k Natural Supervision 96.8 84.6 - 50.3 85.8 17.5
FractalDB-1k Formula  Formula-supervision|93.4 75.7 70.3 49.5 58.9 20.9
FractalDB-10k  Formula  Formula-supervision|94.1 77.3 71.5 50.8 73.6 29.2

Underlined bold: best score, Bold: second best score
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Results (1/5)

Method Pre-train Img Type C10 C100 IN1k P365 VOC12 OG
Scratch — — 87.6 62.7 76.1 49.9 589 1.1
DC-10k Natural Self-supervision [89.9 66.9 66.2 51.5 67.5 15.2
Places-30 Natural Supervision 90,1 6F& 691 = 69.5 64
Places-365 Natural Supervision 94.2 76.9 71.4 — 78.6 10.5
ImageNet-100 Natural Supervision 913 706 - 49.7 720 123
ImageNet-1k Natural Supervision 96.8 84.6 - 50.3 85.8 17.5
FractalDB-1k Formula  Formula-supervision|93.4 75.7 70.3 49.5 58.9 20.9
FractalDB-10k  Formula  Formula-supervision|94.1 77.3 71.5 50.8 73.6 29.2

Underlined bold: best score, Bold: second best score

e (FEAEDIGE, DeepClusterk D EEEE



Results (1/5)

Method Pre-train Img Type C10 C100 IN1k P365 VOC12 OG
Scratch — — 87.6 62.7 76.1 49.9 589 1.1
DC-10k Natural Self-supervision [89.9 66.9 66.2 51.5 67.5 15.2
Places-30 Natural Supervision 90.1 67.8 69.1 - 69.5 6.4
Places-365 Natural Supervision 94.2 769 714 - 78.6 10.5
ImageNet-100 Natural Supervision 913 706 -~ 497 720 123
ImageNet-1k Natural Supervision 96.8 84.6 - 50.3 85.8 17.5
FractalDB-1k Formula  Formula-supervision|93.4 75.7 70.3 49.5 58.9 20.9
FractalDB-10k  Formula  Formula-supervision|94.1 77.3 71.5 50.8 73.6 29.2

Underlined bold: best score, Bold: second best score

M

SRIFERDEERE

Junl

« ECOEICHVWTI0LEFARED



Results (1/5)

Method Pre-train Img Type C10 C100 IN1k P365 VOC12 OG
Scratch — — 87.6 62.7 76.1 49.9 589 1.1
DC-10k Natural Self-supervision [89.9 66.9 66.2 51.5 67.5 15.2
Places-30 Natural Supervision 90,1 6F& 691 = 69.5 64
Places-365 Natural Supervision 94.2 76.9 714 - 78.6 10.5
ImageNet-100 Natural Supervision 913 706 - 49.7 720 123
ImageNet-1k Natural Supervision 96.8 84.6 - 50.3 85.8 17.5
FractalDB-1k Formula  Formula-supervision|93.4 75.7 70.3 49.5 58.9 20.9
FractalDB-10k  Formula  Formula-supervision|94.1 77.3 71.5 50.8 73.6 29.2

Underlined bold: best score, Bold: second best score

Our method partially surpasses the ImageNet/Places pre-trained models

« ZOIFERTIEX100REMEFRIEDEETD D FE(CIFMRA TR
- —EB, ImageNet/PlacesEBRIF B BX DIEE




Results (2/5)

Mtd PT Img|C10 C100 IN1k P365 VOC12 OG

DC-10k Natural |89.9 66.9 66.2 51.2 67.5 15.2
DC-10k Formula|83.1 57.0 65.3 53.4 60.4 15.3
F1k Formula|93.4 75.7 70.3 49.5 58.9 20.9
F10k  Formula|94.1 77.3 71.5 50.8 73.6 29.2

Bold: best score

« FractalDB& B2 EET TR RIFEZIER U S/ VEm)



Results (3/9)

Freezing layer(s)[C10 C100 IN100 P30
Fine-tuning 93.4 150 824 159
Convl 923 122 #719 743
Conv1-2 2.0 2.0 Ti5 729
Conv1-3 89.3 68.0 71.0 68.5
Conv1-4 82.7 56.2 55.0 58.3
Convl1-5 494 24.7 21.2 314

1, 2BHIZ DN EFIAREREZIES
« 3~S5EZEEL CGENFETDEMBERTFELL




Results (4/5)

We compare Formula-driven Supervised Learning with other principles

The FractalDB pre-trained model outperforms other methods

Pre-training [C10 C100 IN100 P30

Scratch 87.6 60.6 75.3 70.3
Bezier-144 S0 629 T2ZT 135
Bezier-1024 ([89.7 68.1 73.0 73.6
Perlin-100 90.9 70.2 73.0 73.3
Perlin-1296 [90.4 71.1 79.7 74.2
FractalDB-1k|93.4 75.7 82.7 75.9

. MBAOFDSLA (N TR/ (—U> /A4 RX) LH&
» JSULIEEN REEEE




Results (5/9)

Visualization of Conv1

(a) ImageNet  (b) Places365 (c) Fractal-1K (d) Fractal-10K  (e) DC-10k

ImageNet-1k Places365 FractalDB-1k FractalDB-10k

Original ~CIFAR-10 SCIFAR-10 ~CIFAR-10 ~CIFAR-10

+ ERERDB & (IR DRENTFECIES
o BIERORICTEEL (X RYAR(CBLIE
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Computer Vision3EFD/\SH A1 LT ~

‘Convolution’ s ‘Self-attention’ /\

Transformer Encoder

) .
L x <:) ,
> MLP
4 A
weight layer Norm
Flx) ! relu .

weight layer . : Multi-Head

Ident'ty Attention

‘F (X) + X Norm

[He al. CVPR16]

Embedded

Patches

[Vaswani al. NIPS17]
Figure from [Dosovitskiy al. ICLR21]



Can Vision Transformers Learn
without Natural Images?

AAAI 2022
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Vision Transformer (ViT)OZMNZET

Pl |

550&EDDE TN~ (—4FA)

— IViT’ b\B IDEiT’ (Data-efficient image Transformer)
SFIFEDEIGE T 3 5 10073 ~HIR

VITOSEFIFE (IEBEERTFIRS TERWVLDTIFRLN?
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[Touvron al. arXiv20]
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FractalDB pre-trained Vision Transformer
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Results (1/2)

vs. Supervised Learning

PT PT Img PT Type C10 C100 Cars Flowers VOCI12 P30 IN100
Scratch — — 783 5777 11.6 77.1 64.8 7577  73.2
Places-30 Natural Supervision 952 785 694 96.7 77.6 — 86.5
Places-365 Natural Supervision 97.6 839 89.2 99.3 84.6 - 89.4
ImageNet-100  Natural Supervision 9477 778 674 97.2 78.8 78.1 —

ImageNet-1k Natural Supervision 980 855 89.9 994 88.7 80.0 —

FractalDB-1k  Formula Formula-supervision 96.8 81.6 86.0 98.3 84.5 780 873
FractalDB-10k Formula Formula-supervision 97.6 83.5 87.7 98.8 86.9 785  88.1

« Places-365%Z—#Bi&E&E, ImageNet(Tixl

Underlined bold: best score, Bold: second best score
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Results (2/2)

The proposed method recorded higher accuracies than SSL methods

with MoCoV2, Rotation, and Jigsaw
vs. Self-supervised Learning

Method Use Natural Images? C10 C100 Cars Flowers VOCI2 P30 | Average
Jigsaw YES 96.4 823 55.7 98.2 82.1 80.6 82.5
Rotation YES 95.8 81.2 70.0 96.8 81.1 TR 84.1
MoCov2 YES UGS S T 8 ) 98.5 85.3 80.8 87.1
SimCLRv2 YES 974 84.1 849 98.9 86.2 80.0 88.5
FractalDB-10k NO 97.6 835 87.7 98.8 86.9 78.5 88.8

Underlined bold: best score, Bold: second best score

|~

LMET(EImageNet + SIMCLRV2 & B X DHEE ZIiZRK
- MoCov2, Rotation, JigsawlCKBECHEILD EEREE
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FractalDBESERIF & (XEREFC T A —H X9 DtEME] ?
B{5 (I FractalDBERIFZ £5 )L Dself-attentionZ= B]1R1L

(d) Attention maps in fractal iages with FractalDB-1k pre-trained
DeiT. The brighter areas show more attentive areas.
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FEAD « )L DR EHFEL

b | 140
MMMNNNERE
HHENNNEERER 20 . 5 3
HHNEEEERR H

100 . FS

80

© NV AWN R

60

=
o

40

Input patch row

e Headl
20 e Head2
e Head3

Mean attention distance (pixels)

"IIIdESSNEEEEEEE

vEEEE NN
s Il EEEENEE
2

.

rEASEEE NN E D

=
B WN e
o 1 1] ]

...-.- -1 ° 0 2 4 6 8 10

8 91011121314
teh ‘Collimn Network depth (layer)

[

p
140

T TTTTTT e
O
N
AN
T T
AHEEEEEEEE
e lererer or o
IEoDEnEEEEEER
s IEENEENEEEEERER
LIS EEEEEEEEER
sy | L LT J- 1001 ] J]
el L LT repel ol 2 * o Head2
el L L]y e Head3

120 s °

100

1
2
3
4
5
6
7
8

60

40 .

Input patch row

L] e Headl

Mean attention distance (pixels)
.

e L L L L L]l ] 3 3 3 3 8 )
3 4

12 567 891011121314 .
Input patch column etwork depth (layer)

140

1
HMMNNERRD

120

100

80

W ONOUV A WN
HENNMNNEREE
HEMNNNNNEED
JONEEEEE

40

=
)
-

Input patch row

e Head1l
20 . o8 e Head2
e Head3

o
N =
as
L1 |

°
Mean attention distance (pixels)
e
.
.

IIIIIII-I 5 3 3 2 3 [ 10

45678 91011121314 Network depth (layer
Input patch column P iayen

Pre-Training (@) RGB Embedding Filters j(b) Position Embedding Similarity (c)Mean Attention Distance

AN EEEEEE

ImageNet (Natural Images)




o]fR4L : Position Embedding Similarity
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oJfH4t, : Mean Attention Distance
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Replacing Labeled Real-image Datasets with Auto-generated Contours (CVPR22)

BHENERERSS CONITEBRT —F Y hEEZTIRR B
* SN DDIRGERZIREIE

Hypothesis 1:
Object contours are what matter in FDSL datasets
FDSLDEHRIRIR T (IR ERZ C N EE

@FractalDB @RadialContourDB
[Kataoka+, ACCV20] (RCDB)

Hypothesis 2:
Task difficulty matters in FDSL pre-training
FOSLEMFB DY R VHMBENEER LICHFS

@FractalDB @Extended FractalDB
[Kataoka+, ACCV20] (ExFractalDB

Im

€[|R3

@RadialContourDB
(on #vertlces)

Increase

#params

V|T actlvated Mainly consists ' contours
on contours from the activation
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ImageNet-1k / MS COCOF—4tzwv b

EE/S: ImageNet-21k ARSI
' T PSRRIl Prc-training COCO Det COCO Inst Seg
81.8% APso/ AP/ AP75  APso/ AP/ APys

4 Scratch 63.7/4227/46.1 60.7/385/413

3D T S04 Lk ek ImageNet-1k 69.2/482/53.0 66.6/43.1/46.5

EXFractaIDB 21k 82 .79 ImageNet-21k 70.7/48.8/53.2 67.7/43.6/47.0
sﬁ @;I“ /70 ExFractalDB-1k  69.1/48.0/52.8 66.3/42.8/45.9
EN ExFractalDB-21k  69.2/48.0/52.6  66.4/42.8/46.1
ﬁygﬁm;ﬁ 45;{ RCDB-21k RCDB-1k 68.3/47.4/519 657/422/455
\ RCDB-21k 67.7/46.6/512 64.8/41.6/44.7

82.4% e o i i i i

ImageNet-21kZiEX D2ERIFERE
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Hypothesis 1:
Object contours are what matter in FDSL datasets

@FractalDB [Kataoka+, ACCV20] @RadialContourDB
(RCDB)

Image:1

Imp e3

- Image 2

Pre-training Flowers

Scratch 77.1
Perlin Noise [21] 96.1
Dead Leaves [3] 96.9
Bezier Curves [ ] 98.5
RCDB 98.7
FractalDB [ 7] 98.3

fi

i &
'Nj.: !

I
R AZ | !

RCDB mainly consists of
contours
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Hypothesis 2:
Task difficulty matters in FDSL pre-training

@FractalDB @Extended FractalDB @RadialContourDB @RadialContourDB
[Kataoka+, ACCV20] (ExFractalDB) y #vertices) (parameter set n)

Increase
#params f I
i i > |
3D FractalZ=#E, >4 LARN 52DEHRICINE BRENALZ TN, FEE - W - BEDSIRE

INSGA=Fy hZFHELUDDHTIUER

Pre-training CI10 C100 Cars Flowers

BC 96.9 02) 81411 85931 97.9 (06
RCDB 97.0 02 82.206 86.5024 98.9 0.2

ExFractalDB 97.2 04 81.802 87.0 1.0 98.9 0.6
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[FDSL Family]

‘[Kataoka+, AcCVzo /IJCVZZ]
LFDSL Proposal N D or iy,
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Video Perlin Noise
[Kataoka+, WACV22]
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[Nakashima+, AAAI22]

Replacing Labeled Real-ihﬁégé Datasets
[Kataoka+, CVPR22]
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3D Object Detection Network
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Point Cloud Fractal Database: 3D 5724 )LEF)LERK

3ADITSTFIVETIVEVWDNCESDD ? — E#arTHZ3DICHERT 5D

wj: Affine Transformation

N
3D IFS = {(Wj; pj)}j=1 pj: Selection probability

1. 3D-IFS parameters setting 3. Variance check & Fractal category definition

057 —0.68 0,40 0.18 min(Var[x],Var[y],Var[z]) = 0.17 ... > 0.15

W, = |-055 —-0.61 -0.16|+|-0.22

-0.59 0.63 0.08 0.50

2. Affine transformation

Xi = Wj Xj_1
(i=123,..1n)

x=[xyz

3D fractal model: P = {xy, x4, ..., Xy }




Point Cloud Fractal Database: - > X% > AiLsEAE

A2 AR 2 AHhdk [/ 3DS— i3k

1A 2R > AIEMix 3D>—>(IRandomEci&E

Main Category FractalNoiseMix Noise Category
Point number: 3,20@0int number: 4,00Boint number: 800

51



KERFEER: SDYIMAMRLAEE LEER

ScanNetV2 / SUN RGB-DIC KB LEER

Pre-training Backbone Parameter [nput | ScanNetV2 SUN RGB-D
mAP@0.25 mAP@0.50 | mAP@0.25 mAP@0.50

Scratch PointNet++ 0.95M Geo + Height
Scratch SR-UNet 38.2M Geo

RandomRooms [51] PointNet++ 0.95M Geo + Height |
PointContrast [67] SR-UNet 38.2M Geo
CSC [26] SR-UNet 38.2M Geo

PC-FractalDB PointNet++ Geo + Height
PC-FractalDB PointNet++ x2 Geo + Height
PC-FractalDB SR-UNet Geo

Underlined bold: best score Baselin Ours

PC-FractalDB 61.9 vs 59.2 (PointContrast; ECCVeZOZO)
vs 61.3 (RandomRoom; ICCV 2021)

ScanNetV2 / mAP @ 0.25 (CXKDEHAI
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vs. Scratch(+35pt)

PointContrast

\{ | PC-FractalDB
40% 80%

Percentage of Training Data
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Future direction (1/3)
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Future direction (2/3)
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Future direction (3/3)
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@MIT A. Torralba Lab

Learning to See by Looking at Noise

Manel Baradad* Jonas Wulff* Tongzhou Wang
MIT CSAIL MIT CSAIL MIT CSAIL
Phillip Isola Antonio Torralba

MIT CSAIL MIT CSAIL

Performance

60~ MM Baselines

= |HEM Procedural CG =~ | = == == == o= o o - - - - - - - -

50( |l Dead leaves

[0 Statistical models

40| MM Feature visualizations |
Untrained StyleGAN

Mean coldrs
Raw Plxels

CNN - Rand
StyleGAN - Sparse
tyleGAN - High freq.
StyleGAN - Qriented

RIIIIE & il ]

Top-1 accuracy for the different models proposed and baselines for genet 100 The honzomal axis shows generative models sorted by performance.
The two dashed lines represent approximated upper and lower bounds in performance that one can expect from a system trained from samples of a
generic generative image model.

https://mbaradad.github.io/learning_with_noise/

[Paper] [Code] [Datasets]

For classification on ImageNet itself, the current state-of-the-art in self-supervised learning is, of course,
much higher (81.0% [68]) than our results. Yet, only a few years ago self-supervised methods reported a
similar accuracy to what we report here. We therefore believe it is an open and worthwhile challenge to
improve learning from noise over the next 4 years as much as self-supervised learning improved over

the last 4 years.
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https://mbaradad.github.io/learning_with_noise/

M Hirokatsu Kataoka | K E#i
- f 'y @HirokatuKataoka

HA2DAFTICEKD [EHRRHAIDOSETIER (Pre-
training) >—4aZ ABINEDHDIFK (RO /2] &
SEADLDRERICUTVEZWVWTIR ! =5(C. Al
ARZIMREEINRL., SEFLHS(IEAFI A%
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https://twitter.com/HirokatuKataoka/status/1536284511696490498

