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DNNBFCELRIDE) [
— Perceptron, MLP, Neocognitron, BackProp, CNN

— DN Nb\\lilb 5EHUODE1%D u\uﬁj&_C(ji)%FﬁfﬁﬁﬁbWﬁ;
— FEFEE (Deep Learning) DPEERHA(CH DIRTEILE 3 RAIT — A
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DNNODE)R - CVO ML >R (2/42)

Perceptron, MLP, Neocognitron/ConvNet

— Perceptron
- AhEORTE 3> (BH) ORRFAD, SEHCBAEIC K DR
— MLP: Multi-layer Perceptron
- Perceptron®%JE1L,
— Neocognitron/ConvNet
- BIAHDOZZEEAN, FCHIECE oL ICELBFRDD DETIIE(CB%)

Neocognitron
K. Fukushima, “Neocognitron: A Self-organizing Neural Network Model for a Mechanism

W] of Pattern Recognition Unaffected by Shift in Position,” Biol. Cybenetics 36, pp.193-202,
1980.
W2 https://www.rctn.org/bruno/public/papers/Fukushimal1980.pdf

Convolutional Neural Net

Y. LeCun et al. “Gradient-Based Learning Applied to
Document Recognition,” IEEE, 1998.
http://yann.lecun.com/exdb/publis/pdf/lecun-01a.pdf

W, Activation

Perceptron (J\—tZ ~O>)
= cvpaper.challenge 2



https://www.rctn.org/bruno/public/papers/Fukushima1980.pdf
http://yann.lecun.com/exdb/publis/pdf/lecun-01a.pdf

DNNODE)R - CVO L2 K (3/42)

ILSVRC% Fiim & 9 B M Fkzak5I1 T A I N\DIit B

— AlexNet @i&E{Fkaas% 1 >/RILSVRC2012
- BIIPOEMRICTEHRAREITH, 2{U(C10% EDOKXZETER
- 106F55°C100,000*[EIE5IHTN DX L7138

— B=(C(FEEZDeep(C9 Dixdlih > TLV/E
— (b, EMEEREL, ERERE

‘ o) \| 3 ) N 3 i
IJIL \ 48 | 128 3‘ < ; — : 192 128 2048 20as dense AIeXNet
27 \ ] . " . .
® \ , , i3 \a13 ANARE A. Krizhevsky et al., “ImageNet Classification
S \ 3 3 - . "o
e At ] A . = 3 \ with Deep Convolutional Neural Networks,” in
. N T 3'.,1 ",.H 3|\ = . a3
11 J ’
11 =3 \ 192 192
tr

eeeeeeeeeeee NIPS 2014.
A https://papers.nips.cc/paper/2012/hash/c399862d
128 Max L - 3b9d6b76c8436€924a68c45b-Abstract.html
JS d Ma Ma pooling “9¢ 2048
oooooo Q pooling
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https://papers.nips.cc/paper/2012/hash/c399862d3b9d6b76c8436e924a68c45b-Abstract.html

DNNODE)R - CVO L2 K (4/42)

DNNDBTIEE=

— DNN Architecture! (EZ/LBAHEDFELEHER)
— Large-scale Image Datasets! (—H(IREE)
— Machine Power! (E&IRV7RXE5TE77; NVIDIA!)

Why 3rd AT?

Architecture (Model)
ConvNet, Transformer, GAN---

Image Data
ImageNet, Places, COCO:--

IMAGE

'!‘\) h ! {] http://www.image-net.or

Machine Power
GPU, TPU, Super Computer---

NVIDIA.

https://nvidianews.nvidia.com/multimedia/corporate/corporate-nvidia-logos-legal-filings

= cvpaper.challenge 4


http://www.image-net.org/
https://nvidianews.nvidia.com/multimedia/corporate/corporate-nvidia-logos-legal-filings

DNNODE)R - CVO ML > K (5/42)

AKREEHRT—IZY b (ImageNet) OYVEICDUT

— 14,197,122 @'fg%/ 21,841 jjj—_:l‘\ IJ https://www.image-net.org/
— 2007FEMS5T—F=ZIRE, 20094 CVPRFER
— TMD1Z, BEEREEHID > NZHELU2012F A= CAlexNeth g SND

IMZ&AGE
5 . ##Es| A% 5|t 35595
http://fungai.org/images/blog/imagenet-logo.png
ImageNetdOT, Afl(EStanforddiR, &l
BIFTEDPrinceton, & U T LO#RIZ

WorIdPeace—ﬁﬁqZ%D—’ia-_\? (‘5 LJ(/\) 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021

https://scholar.google.com/citations?view op=view citation&hl=ja&user=rDfyQnIAAAAJ&citation for
view=rDfyQnlIAAAAJ:giMakFHDy7sC

Fei- Fe'EEODT,E,P@J t‘iﬁﬁ%"‘owiﬁ“m\?=‘& 2 ImageNeti#xt (CVPR 2009) D3I :l/tj_ 5
TF—SEIET B ENEBRENBD S ET =33 e TR

https://www.ted.com/talks/fei fei li how we re teaching computers to understand pictures
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https://www.image-net.org/
http://fungai.org/images/blog/imagenet-logo.png
https://www.ted.com/talks/fei_fei_li_how_we_re_teaching_computers_to_understand_pictures
https://scholar.google.com/citations?view_op=view_citation&hl=ja&user=rDfyQnIAAAAJ&citation_for_view=rDfyQnIAAAAJ:qjMakFHDy7sC

DNNODE)R - CVO L2 K (6/42)

STEHIRIE (E(CGPU) DFEE
— $F(T56 3/RAID — LS (ENVIDIADBERR DAV T LY
— S¥T — LRR— BZEFE D COEhREFBIRHAILICEHDinEZ I RS
— fask, FacEREM LEHFRNIMBEZTEDDICED

-
-
GPU-Computing perf -7

-

1.5X per year -

FR1EDR—XTOAE1—F+ 2 ThELL,
2025FF TICIF1,000B8(CETHET DL TR
(NVIDIARTANR—>KD)

1990 2000 2010

40 Years of Microprocessor Trend Data

https://www.nvidia.com/ja-jp/about-nvidia/ai-computing/
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https://www.nvidia.com/ja-jp/about-nvidia/ai-computing/

DNN®D#ER - CVDO L >R (7/42)

EE0iFEE (2014~2016)

— 2014FtEN S [BEZXDIERLST D] IZHDFEN
— AlexNet, VGGNet, GoogleNet(3, (FIFE L (CIE%E00
— ResNet(d%%Z= (Residual) D& X H%ZE A, Skip Connection(C KD KIE(ICIFE

AlexNet [Krizhevsky+, ILSVRC2012]

Revolution of Depth %2 1 SURC2012 winner, DLOKAFFE
152 layers \ 153 553 a9 oa
A PEREERERRR AR §R0 10N
VGGNet [Simonyan+, LSVRC2014]
16/19/Exw I, deeper®> )LD,
, 2 layers | | 19 Iayers ..|.."a:,ll,,ugﬂil:s':S‘ﬁ"iilﬁ". -
L
I GooglLeNet [Szegedy+, II_'SVRC2014/CVPR2015]

3.57 l I 8 layers 8 layers shallow ILSVRC2014 Win r’ 22)=:ET)|/
. .7777."'*. _____ | y’ \Af \[ ) [\ )

ILSVRC'15 ILSVRC'14  ILSVRC'14  ILSVRC'13  ILSVRC'12  ILSVRC'11l ILSVRC'10
ResNet GoogleNet VGG AlexNet

S ResNet [He+ ILSVRC2015/CVPR2016]
ImageNet Classification top-5 error (%) ILSVRC2015 Wlnner 152/ | (?é%ﬁt(3:103+}=:5)

Kaiming He, Xiangyu Zhang, Shaoging Ren, & Jian Sun. “Deep Re Learning for Image Recognition”. CVPR 2016 g cvpaper.cha"enge 7

http: //kalmlnqhe com/llsvrc15/|lsvrc2015 deep reS|duaI Iearnlnq kaiminghe.pdf



http://kaiminghe.com/ilsvrc15/ilsvrc2015_deep_residual_learning_kaiminghe.pdf

DNNODE)R - CVO L2 K (8/42)

iEismiEH{E - BEME (2016~2019)

— ResNetBAf#D 77—+ F v
— ResNeXt, DenseNet, SENet, ...
=L

- (P)NAS, EfficientNetV1/V2...
SENet (SE-block)

I F, 1% Fycate ()

— _—

w' w

w

c’ C N
J. Hu et al. “Squeeze-and-Excitation Networks, “ in TPAMI 2019.(

https://arxiv.org/abs/1709.01507

DenseNet
ResNext .

256-d in

v NI =D DiEk
(Ja?]@“%%[l%h@ﬁ{b

256, 1x1,4

256, 1x1,4 256, 1x1,4

total 32

paths ¥

‘ 4,3x3,4 ‘ ‘ 4,3x3,4 4,3x3,4 ‘
L2

‘ 4,1x1, 256 ‘ | 4,1x1, 256 ‘ ‘ 4,1x1, 256 ‘

256-d out

S. Xie et al. “Aggregated Residual
Transformations for Deep Neural
Networks, “ in CVPR 2017.
https://arxiv.org/abs/1709.01507

G. Huang et al. “Densely Connected
“in CVPR 2017.

Convolutional Networks,
https://arxiv.org/abs/1608.06993

NASNet

Normal Cell

B. Zoph et al. “Learning Transferable C. Liu et al. “Progressive Neural
Architectures for Scalable Image
Recognition,” in CVPR 2018.
https://arxiv.org/abs/1707.07012

~ - wider

deeper
|
\

higher

+. resolution

« NZZA{L, (Neural Architecture Search, EfficientNet)

PNASNet

Architecture Search,” in CVPR 2018.
https://arxiv.org/abs/1712.00559

w,

NASIET—Atzwv MCE
DETZDIE THESE IR

RIDEVNDAHE qaLsE
Y- KEICETD)

EfficientNet(FEx - I -
ABDICET DY XD/

SO AN EE R

EfficientNetV1/V2

M. Tan et al. “EfficientNet: Rethinking
Model Scaling for Convolutional Neural
Networks,” in ICML 2019.

https://arxiv.org/pdf/1905.11946.pdf

M. Tan et al. “EfficientNetV2: Smaller
Models and Faster Training,” in ICML
2021.

https://arxiv.org/pdf/2104.00298.pdf
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https://arxiv.org/abs/1709.01507
https://arxiv.org/abs/1709.01507
https://arxiv.org/abs/1608.06993
https://arxiv.org/abs/1707.07012
https://arxiv.org/abs/1712.00559
https://arxiv.org/pdf/2104.00298.pdf
https://arxiv.org/pdf/1905.11946.pdf

DNNODE)R - CVO L2 K (9/42)

Vision Transformer (ViT) EA (2020~Present)

Computer Vision®D/\S5F 1 A>T ~
CNNMSVITA (20204108)

— 2017(CTransformeriZZ, 2020(CVITIRZE

— 20214, CVaoE(dTransformerd—&FZo> 1
~ VITIREETSF)L/MLPETRBRDETIVERICED

Vision Transformer (ViT)

z|z|z|z|z|z
E(EIE|E(E|E

Transformer Encoder

‘ ’ ass
A
Pa;:cr].;;edpﬁf.ﬂm -> [ﬁ @5 Fully-connected
ully-connecte

* Extra learnable - ——
[class] embedding Linear Projection of Flattened Patches ] [ Global Average Pooling ]

SEE N N O R O S S O O O O L

"jﬁ% .mm&ﬁwg [ N x (Mixer Layer) ]

aes , 200000000
* =y Per-patch Fully-connected

VIT [Dosovitskiy+, ICLR21] gul 2 . LEDEZLE

MLP-Mixer [Tolstinhin+, NeurIPS21]

segmentation
classification  detection ...

L

L
G 2 A%

HxWx3

Images

=
S
b=t
=1
<
=
=
S

5]
&~

VITIEZIZ> -5 DHDETIL, ERROHEEZMLPTEIR (MLP-Mixer) , THFDNR—X

S >(ESwinTransformerh (V2HE2021FEkK(TIRER)

Layer |

weight layer

relu
[He al. CVPR16]

Transformer Encoder

Multi-Head
Attention

X
identity

Embedded
Patches

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

Layer I+1

i

(¢) Two Successive Swin Transformer Blocks

H W
33 X33 x8C

(d) Architecture

Swin Transformer [Liu+, ICCV21]

cvpaper.challenge 9



DNN®D&E)A - CVO L > F (10/42)
15 RIS (EHEEH - BERDH - ILFE—II)

— WDt R-CNN, Fast/Faster R-CNN, YOLO, SSD,,,

— Aﬁiﬁﬁﬁ%]: FCN, SegNet, U-Net,,,

— Vision & Language: @E#:#eAsZ, VQA, Visual Dialog,,,
— E)JEE?E\%Z Two-stream ConvNets, 3D Conv., (2+1)D Conv. ,,,

FCN

J. Long et al., “Fully Convolutional

. R. Girshick et al., “Rich Feature
Hierarchies for Accurate Object ;
— Detection and Semantic getworks fpr S,,emagc/';R 2015
= Segmentation,” in CVPR 2014. - egmentation,” in '
https://openaccess.thecvf.com/content et httDS.//oDenzc':lci:eSﬁ.thlechf.con;/ﬁo
cvpr_2014/html/Girshick Rich Featur ntent cvpr 015/html/Long Fully
e Hierarchies 2014 CVPR paper.html Convolutional Networks 2015 C
[wmllbms»] [logpen ] VPR paper.html

1.Input 2 Exfractregion 3. Compute
image  proposals (~2k)  CNN features regions

Spatial stream ConvNet

"""' i E Ii_] ShOW and Te” conv1 || conv2 pconv3 conv4 || conv5 || fullé full7 fti TWO_Stream ConVNetS

ke 0. Vinyals et al., “Show and Tell: A e e o1 | s || ' || o | oo | K. Simonyan et al., “Two-Stream

'Egzi . . > _" \ s'l‘r;c'l:. s::;l; stride 1 || stride 1 :2?;:2 dropout || dropout . | y . W - r

E; z|_|E _..._, Neural Image Caption Generator,” in poot 22 ool 22 Y= Convolutional Networks for Action Recognition
= 9 7 CVPR 2015. Temporal stream ConvNet e in Videos,” in NIPS 2014.

® htt051// openaccess.thecvf.com/conte Al A R e R E https://www.robots.ox.ac.uk/~vgg/publication
H v T nt cvpr 2015/html/Vinyals Show a po‘:’";; | R | e | R s/2014/Simonyani14b/simonyan14b.pdf
f n 1 1 nd Tell 2015 CVPR paper.html

me [ [

= cvpaper.challenge 10



https://openaccess.thecvf.com/content_cvpr_2014/html/Girshick_Rich_Feature_Hierarchies_2014_CVPR_paper.html
https://openaccess.thecvf.com/content_cvpr_2015/html/Long_Fully_Convolutional_Networks_2015_CVPR_paper.html
https://openaccess.thecvf.com/content_cvpr_2015/html/Vinyals_Show_and_Tell_2015_CVPR_paper.html
https://www.robots.ox.ac.uk/~vgg/publications/2014/Simonyan14b/simonyan14b.pdf

DNNODEIR - CVO LR (11/42)
iEEH DN (2001~2017)

Hand-crafted featurefF{ EWE/FZHEHDIBE
= |ﬁ‘ P

=] & I AR R
wED -

input ima ge

> EEE MRER =5

Haar-like [Viola+, CVPRO1] HOG [Dalal+, CVPRO5] ICF [Dollar+, BMVC09]  DPM [Felzenszwalb+, TPAMI12]
+ AdaBoost + SVM + Soft-cascade + Latent SVM
R-CNNBFA (%nuﬁlj(a*”Handicrafted” ObJectNess) I_.lL'ﬂ: & EREL

] warpe}dregxon

mmr

1 Input 2 ExtracltS reg21kon 3. Cofmpute 2 h Foreach &
image sals (~ CNN features TEGIONS -
" RCNN [Girshick. CVPR14]  FastR- -CNN [Girshick, ICCV15] e
) ’ ROI Pooling, Multi-task Loss ~ Faster R- CNN [Ren+, NIPS15]
Selective Search + CNN RPN (44K 1)
One shot Detectorﬂ%ﬁ %(;E%(;E (FBEZERE5DD) =Rk — ) .
#3773V @ Hito
4 fiIE& : (X1, y1, Wi, h1)
\ ] ENENES ‘ YOLO(V1)/v2/v3
NS S N X QJ %‘ [Redmon+, CVPR16/CVPR17/arXiv18] (W& 2 )
SSD [Liu+, ECCV16] ‘ ‘Exﬂxﬁ One-shot detector 737—_:[ 1J - Uma
One-shot detector fIE : (X2, Y2, W2, h2)
Latest Algorithm ¥EE SR, YRR (IR =T
Feature Pyramid Rl & R _E DB R
/T Jpredict] Networks (FPN) Mask R-CNN [He+, ICCV17] %@U%g—%Fﬂﬁi

[Lin+, CVPR17] Rol Align, Det+Seg

et = cvpaper.challenge 11




DNNODER - CVO LK (12/42)

s oM (2018~2020)

) . ) . . B. Singh et al. “SNIPER: Efficient Multi-Scale Training,” in
B. Singh et al. “An Analysis of Scale Invariance in Object NeurIPS 2018.

Detection,” in CVPR 2018.

https://papers.nips.cc/paper/8143-sniper-efficient-multi-
https://arxiv.org/abs/1711.08189 e b

scale-training.pdf

MIKMERN S < (1B T BESEIA
CenterNet

Z. Xingyi et al. “Objects as Points,” in arXiv 2019.
https://arxiv.org/abs/1904.07850

CornerNet

H. Law et al. “CornerNet: Detecting Objects as Paired
Keypoints,” in ECCV 2018.
https://arxiv.org/abs/1808.01244

2 (EL, &F) =[l)E

oM SxyH -1 X %[0

Al

MSCOCO E# 7T Mask R-CNN 41.7 -> CenterNet 47.0F Ct&H#

CIEACI N

CNNICKBIX:
FRRE (C K DA (LE)

M2Det

Q. Zhao et al. “M2Det: A Single-Shot Object Detector based
on Multi-Level Feature Pyramid Network,” in AAAI 2019.
https://arxiv.org/abs/1811.04533

MLFPN

ZEMRE 0)##1%5(7\/ 7"19-Zﬁﬁ
CenterNet

K. Duan et al. “CenterNet: Keypoint Triplets for Object
Detection,” in ICCV 2019.

https://arxiv.org/abs/1904.08189

FR+253, Xy XZ[E)F

PEAZO)FE(C K DA (TE)

= cvpaper.challenge 12


https://arxiv.org/abs/1711.08189
https://papers.nips.cc/paper/8143-sniper-efficient-multi-scale-training.pdf
https://arxiv.org/abs/1811.04533
https://arxiv.org/abs/1904.07850
https://arxiv.org/abs/1808.01244
https://arxiv.org/abs/1904.08189

DNNOD#E)R - CVO ML > K (13/42)

MirEHoOFiN (2020~Present)

DETR
N. Carion et al. “End-to-End Object Detection with transformer
Transformers,” in ECCV 2020. encoder-
https://arxiv.org/abs/2005.12872 decoder
set of image features set of box predictions bipartite matching loss

Transformer(C K DYAREHE D)1 A =77 : Backbone(Z(ZLEEI S E K WK C ENBASHRCNNEBHEAFENTETLD

X1
N
segmentation | L/
ClaSSi{lCaﬁDn detection ... | MLP
Layer | Layer I+1 I T S
. 16x ayer Norm
SwinTransformer V1/V2 L BErE L] | S
Z. Liu et al. “Swin Transformer: Hierarchical Vision P, _ perform selattention | L/
Transformer using Shifted Windows,” in ICCV 2021. =N | || B [we ] [w* ] [w" ]je[Auenion ]
https://openaccess.thecvf.com/content/ICCV2021/html 4 D’—]D | Parameterized 1 I I
/Liu_Swin_Transformer_Hierarchical_Vision_Transform L e RPB z
er_Using_Shifted_Windows ICCV_2021 paper.html AT ST AT s T T R e T = A
g paper. (a) Swin Transformer (b) Shifted Window (c) Two Successive Swin Transformer Blocks 1
_______ e e a x
Z. Liu et al. “Swin Transformer V2: Scaling Up 5XE r Z S A
Capacity and Resolution,” in ICCV 2021. - N - | l N
https://arxiv.org/abs/2111.09883 | | [Tayer Nom
=1 o0 oo
HxWx3 :é §° E“ | cosine(q,k)/t | MLP
Images g‘f § g V2 I I f\
< 5 5 | k v| | N>
& £ £ I e I we ] I wk I I wY |I Layer Norm
| LAx, Ay D e [Atention ]
Log-CPB z
T s e | e e | s - Xi_1

(d) Architecture

VITEE®D) Oy FANORBESE, BIEILRS T MCLDKE, BERIOHES YRR CEE
= cvpaper.challenge 13



https://arxiv.org/abs/2005.12872
https://openaccess.thecvf.com/content/ICCV2021/html/Liu_Swin_Transformer_Hierarchical_Vision_Transformer_Using_Shifted_Windows_ICCV_2021_paper.html
https://arxiv.org/abs/2111.09883

DNNOD#E)R - CVDO ML > K (14/42)

CITAVID ) A DA AT AFT—23> (2006~2017)

— BackBone (IR—X &RB%RY KNDJ—2) ([>T v I/A RS
— Head (EZtw)LC EpmEllgEE ) SRAEIAFT—2 3]

- MEADMWEAENDE

- IR &R — ) VBB R EE T AR EoeLC BB

D& & D HCDEERE

XTEEIFTAVI/ADRI VAT IT A FT—2 3272 mAED
NR—=X 7)) TUX I

forward /inference
>

C lutional Encoder-Decod "I"r;z? " o[ Segmentaion
- e glgdgqs
Input onvolutional Encoder-Decoder Output |1, HEEEES

‘bm'kward/lvaming 3 —. Pooling Indices - "z I
(T .
RGB Image I cony + st ormatson + ety Segmentation éI’I’I “!Z.ITI ey don
7, B R TS
TextonBoost FCN [Long, CVPR15] >eghiet [Kendall, arxivi] U-Net [Ronneberger, MICCAIL5)
[Shotton, ECCVO6]  2EEAiAdH, F LA MEEREE . T v LB
FERE B

@-D

0=

A ﬁ? -t

PSPNet [Zhao CVPR17]

o« " . DeeplLab(v1,v2,v3) [Chen, TPAMI17] 14
to#iey JOMMRE(E, 1250 MR Dilated Conv, %~ J D5 é CVpaper.challenge

Mask R-CNN [He, ICCV17]
Rol Align, Det+Seg




DNNODE)R - CVO ML > K (15/42)

E. Xie et al. “SegFormer: Simple and Efficient
Design for Semantic Segmentation with

Transformers,” in arXiv 2105.15203, 2021.

https://arxiv.org/abs/2105.15203

Encoder Decoder
l le | F m
: R W H w H w H w ! H w H w : Seg Or er
:XTXCI ;x;xcz Prie ;)(C3 5)(;)((:4 :xTx‘lC :x:me
m$
22 g
o w o]
23 |.g °a =
a5 & ge -
2 o S
2a :
oS

H W
—=X—=XC

< o g
om| (2 =z -
o3| (X D5

__-.;g .—.1'.' a3 ©
g | |3 5
§3| |z 3y

3

=2

SwinTransformer V1/V2

Z. Liu et al. “Swin Transformer: Hierarchical Vision
Transformer using Shifted Windows,” in ICCV 2021.
https://openaccess.thecvf.com/content/ICCV2021/html
/Liu_Swin_Transformer_Hierarchical Vision_Transform
er_Using_Shifted Windows ICCV_2021 paper.html

Z. Liu et al. “Swin Transformer V2: Scaling Up
Capacity and Resolution,” in ICCV 2021.
https://arxiv.org/abs/2111.09883

segmentation

classification  detection ...
t

LT
LT i i T 4%
L s s
WA A

(a) Swin Transformer

LAk
=

72z
7

HxWx3

Images

Patch Partition

Layer |

Layer I+1

EEEE

(b) Shifted Window

Stage 3

Patch Merging

________

(d) Architecture

Per-Pixel Loss

Feature Decoder

Alocal window to
perform self-attention
—
Apatch

Transformer
Block

Transformer Layer }Encoder

| Ours

CIFTAVI)|A DA AT AT—23 00N (2021~Present)

Existing
Methods

Per-
Pixel
Loss

SeMask

J. Jain et al. “SeMask: Semantically Masked
Transformers for Semantic Segmentation,” in arXiv
Feature 2112.12782 2021.

Beer®) | Decoder https://arxiv.org/abs/2112.12782

Transformer Layer

{__Semantic Layer ]
Semantic Layer ——

1 = Train + Inference = Train Only

(¢) Two Successive Swin Transformer Blocks

H W
32 %3

Patch Merging

Layer Norm

fan)
L/

B | we I [ wk I I wY I:q— Altention

P, ized L } ! |
RPB V4 J xl—l

xl

Layer Norm
MLP

|
I
|
B
|
|
|

N
\/

Layer Norm

Ax, Ay I_}_l

4=| Altention

Xi_1
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https://arxiv.org/abs/2105.15203
https://arxiv.org/abs/2112.12782
https://openaccess.thecvf.com/content/ICCV2021/html/Liu_Swin_Transformer_Hierarchical_Vision_Transformer_Using_Shifted_Windows_ICCV_2021_paper.html
https://arxiv.org/abs/2111.09883

DNNOD#E)R - CVO LK (16/42)

CVENLP (BEASENE) OaDE

E{5R5EEAS (Image Captioning)
- HAENEREZ (Visual Question Answering; VQA)

- Visual Dialog
[Image Captlonlng]

Vision Language A group of people
Deep CNN  Generating shopping at an
RNN

outdoor market.
,. S N
] @ There are many
vegetables at the

fruit stand.

BfZANE LU TXEZ LT

Show and Tell

O. Vinyals et al., “Show and Tell: A Neural

Image Caption Generator,” in CVPR 2015.

https://openaccess.thecvf.com/content cvpr
2015/html/Vinyals Show and Tell 2015 C

[VQA]

GLES (Vlsual)é: SR (Q)ZE A,
EZ (A)ZiR

Al System

What is the mustache

made of? https://visualga.org/

VPR paper.html

(ZDftD+F—T— K]

Text-to-Image (FX b SEMRERL) , Visual Navigation (BURHOSDEZERERA) |

VQA

A. Agrawal et al., “VQA: Visual Queation
Answering,” in ICCV 2015.
https://arxiv.org/pdf/1505.00468.pdf

Cross-modal Summarization (B4 X)) 1R EZE

[Visual Dialog)
B EZNUCKT T DI FEZHR D IR
Lidh5SE&EZITD

= https://visualdialog.org/

Qls mt yI movi g still?

ALhn ith white patch that
A: It's parked Dialog history — @ — Answer g "lwl; nwm fph chin
Q: What kind of dog is it? (i D0

A: Looks like beautiful pit bull mix

Visual Dialog

IQ- What color is it? | Question model

Visual Dialog

A. Das et al., “Visual Dialog,” in
CVPR 2017.
https://arxiv.org/abs/1611.08669
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https://visualqa.org/
https://visualdialog.org/
https://openaccess.thecvf.com/content_cvpr_2015/html/Vinyals_Show_and_Tell_2015_CVPR_paper.html
https://arxiv.org/pdf/1505.00468.pdf
https://arxiv.org/abs/1611.08669

DNNODE)R - CVO LK (17/42)

BE{R:B:%DEST )L (CNN; N-Dimension Convolution)
— 2D: Two-Stream ConvNets (70— gz EeC#45m)
— 2D+8IBEFT/L: CNN+LSTM (®E~R>FI—2& LT UNMEDNR L 2D TE)
— 3D: 3D CNN (F—#nEEcasndonnsadas
— (2+1)D waEs—swoiganATa2)

2D&d#AF (TS ConvNet, CNN+LSTM) (2+1)DEHIAH (Separable Conv.)
Two-stream ConvNets -- =

o

ey
K. Simonyan et al., “Two-Stream .
~ o Convolutional Networks for Action _ S~ o
Recognition in Videos,” in NIPS 2014. 2 = (w7
/ https://www.robots.ox.ac.uk/~vgag/p (ZeRS75 15 ‘ _/gﬂél.;lJIJ
”

skl ublications/2014/Simonyani14b/simon

yani14b.pdf \\1D74)b
msp35m)  (2+1)D ResNet
3DE_37‘ 37' (C3D 3D ResNet I3D) D. Tran et al. “A Closer Look at Spatiotemporal
Convolutions for Action Recognition,” in CVPR 2018.
. https://arxiv.org/abs/1711.11248
- 3D ResNet
3D +4)LAS f ~ K. Hara et al. “Can Spatiotemporal 3D

(3D) and ImageNet?,” in CVPR 2018.
Bl https://arxiv.org/abs/1711.09577

FFABI W T 7 CNNs Retrace the History of 2D CNNs
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https://arxiv.org/abs/1711.11248
https://www.robots.ox.ac.uk/~vgg/publications/2014/Simonyan14b/simonyan14b.pdf
https://arxiv.org/abs/1711.09577

DNN®D#EF - CVDO L > (18/42)

B E{REREMDET )L (Video Transformer)

— TimeSformer

Space Attention (S)

o 1
DS
EMT
EEEE

Space Attention (S)

z(z 1)
| Joint Space-Time Att. |
I:LP

g

20

Joint Space-Time
Attention (ST)

Joint Space-Time
Attention (ST)

d

Divided Space-Time

Attention (T+S)

WA T
LY
1 l4%
| ]

ko 1
ED Sl
Al
EEEE

Divided Space-Time
Attention (T+S)

Sparse Local Global
Attention (L+G)

Sparse Local Global
Attention (L+G)

Axial Attention
(T+W+H)

I A
RSN
] 149
] JLAE

WL
TP
1 14
BEE

M ko I
DS
aErT
RO

Axial Attention
(T+W+H)

VIVIT

A. Arnab et al., “ViViT: A Video Vision
Transformer,” in ICCV 2021.
https://arxiv.org/abs/2103.15691v2

TimeSformer

G. Bertasius et al., “Is Space-Time
Attention All You Need for Video
Understanding?,” in ICML 2021.
https://arxiv.org/abs/2102.05095

- FFREIEZEROIEZRITI D ES 1 — )L EBZUREIELL
LSS ST
faseND, Kt ZEfMxyZzaEl U TUET DA

(Divided Space-Time Attention) H'&%b
« M, FROEZ1-ILETFTEI
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DNNODER - CVO ML > K (19/42)

o) [ETEAE o S

Dense Captioning Events

R. Krishna et al. “Dense Captioning Events in
Videos,” in ICCV 2017.
https://arxiv.org/abs/1705.00754

Input Video Cc3D Video features Proposal module Proposals Output Captions
I — o ...

A lady joins the man
and sings along to
the music.

T Frames
Captioning Modul

.....................

Home Action Genome

N. Rai et al. “Home Actioin Genome: Contrastive
Compositional Action Understanding,” in CVPR 2021.
https://homeactiongenome.org/

Video
(ego-view)

Video
(3rd-view)

time

\n elderly man is playing the piano

in front of a crowd

A woman walks to the piano and
briefly talks to the the elderly man.

> The woman s.tarts singing along
with the pianist.

Another man starts dancing to the
—® music, gathering attention from the
crowd.

 BEEHDSHEESES, BEHS
e ety s IRERICEND CENTES

the crowd applaud.

o LFE—IL - 50 - S
& —> S5 ISRIUFEICLD,
S  AENLBEOERE SR

holdmg ]

( opening ] ( |n front of ]

Relationship [ holdlng ]

Ojoct

. 2= cvpaper.challenge 1°



https://arxiv.org/abs/1705.00754
https://homeactiongenome.org/

DNNODE)R - CVO ML > K (20/42)

GAN: HfREMZITOIEHDIBEBEL UTRSE
ERR BN/ EEROD M EADIT D ETERETILEFE

—IR1E, -

— BB (FBAFE, RERHM, T —FHGR QR ESERAIGHE TIOR

GANDIEE

Noise

J—

ARl ds

0.5
0.4

0.1

» Generator

G

\

EH W lIEr
Discriminator
D

VA AN/ N

-

Real / Fake
(RAZ=FHED

R ICEEBR(CIR DT —4

https://medium.com/@sunnerli/the-missing-piece-of-gan-d091604a615a

I b NS B e st RE
B e B NN

#:
: 8
S
#
?
4
|
#

Hd 7
EIEd)
arEa
PR
K
MEIE:
SEE
El

: 3
4
el
?
4
r
4
i

A F
4 F
* e d
7 F
Ed g
o i
g #
# F

—~ BkY

F) FIEGANICKDERENIZEER T
7 - g‘} r,_f“
-t TGN

https://arxiv.org/pdf/1809.11096.pdf
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DNNODE)R - CVO LK (21/42)

GAN@EEHUH.

GAN (AU=7)L@MDGAN)
- [Goodfellow, NIPS2014] https://papers.nips.cc/paper/5423-generative-adversarial-nets.pdf
DCGAN (BEHHAHEDFEH)
- [Radford, ICLR2016] https://arxiv.org/abs/1511.06434
Pix2Pix (pixelELM¥iMT < ELVDEBRTConditional’/2GAN)
- [Isola, CVPR2017] https://arxiv.org/abs/1611.07004
CycleGAN (pix2pixMEER/L UAR)
- [Zhu, ICCV2017] https://arxiv.org/pdf/1703.10593.pdf
ACGAN (B>TJUERIEEEFICERLTCOFTa>a>&EUR)
- [Odera, ICML2017] https://arxiv.org/abs/1610.09585

WGAN/SNGAN (FBZEAL)

- [Arjovsky, ICML2017] http://proceedings.mlr.press/v70/arjovskyl7a.html
- [Miyato, ICLR2018] https://arxiv.org/abs/1802.05957

7. PGGAN (&#aE1b)
- [Karras, ICLR2018] https://arxiv.org/abs/1710.10196

8. Self-Attention GAN (77> 2 3 > #ig=1A)
- [Zhang, arXiv 1805.08318] https://arxiv.org/abs/1805.08318

9. BigGAN (BS#&fGAN)

- [Brock, ICLR2019] https://arxiv.org/abs/1809.11096
10. StyleGAN (#B=#5#GAN)

- [Karras, CVPR2019] https://arxiv.org/abs/1812.04948

L & W N

9N

# 201812 BBATOREE
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https://papers.nips.cc/paper/5423-generative-adversarial-nets.pdf
https://arxiv.org/abs/1511.06434
https://arxiv.org/abs/1611.07004
https://arxiv.org/pdf/1703.10593.pdf
https://arxiv.org/abs/1610.09585
http://proceedings.mlr.press/v70/arjovsky17a.html
https://arxiv.org/abs/1802.05957
https://arxiv.org/abs/1710.10196
https://arxiv.org/abs/1805.08318
https://arxiv.org/abs/1809.11096
https://arxiv.org/abs/1812.04948

DNNOD#ER - CVO ML 2> K (22/42)

B¥EREHRER: VAE, Diffusion Model !
— F LA TRBEURER ZGANHMBERATZ D 1= (~2019/05)
- BigGAN, StyleGAN etc.
— VQVAETVAERY, 20214 (&Diffusion Modelh\i&&ICTRD /=

- VAE: GAN@J:i(ZMode CollapseZic C &7x UL\ EFEIR

- Diffusion Model: EZZBBOY > T)IL ) A X & FRLZICEDR L & TERMDZHRE S EFE1E
Zm L (BigGAN J:DEﬁ#ﬁfh"CEZm_c‘:b‘B}IE)

f P. Dhariwal et al. “Diffusion
Models Beat GANs on Image

i Synthesis,” arXiv, 2105.05233,
2021.
https://arxiv.org/abs/2105.05233

‘ - | ) | A. Razavi et al. ”enerating Diverse +Diff5ion Model
£ : VQ-VAE-2, % : BigGAN High-Fidelity Imageswith VQ-VAE-2,”
NeurIPS, 20109.
https://arxiv.ora/pdf/1906.00446.pdf % cvpaper.challenge 22



https://arxiv.org/pdf/1906.00446.pdf
https://arxiv.org/abs/2105.05233

DNN®D#EF - CVDO L > (23/42)

DALL-ED&EZ
— TF X MO SEBRZLER T DText-to-ImageDIREESE CERFTH/RRER

TEXT PROMPT  an armchair in the shape of an avocado.. ..

AI-GENERATED
IMAGES

[ 7R RN TS F | DRIRRZZ ENTRWYIMAEH]
ﬁ’i%ﬂjf?ﬁlﬁt’f@@éé\iﬁk _ _ DALL-E: Creating Images from Text
1200f8/\S A= DEFTIVZA 2F—FY O SEHIZ2.5(8  httwsi/openaicom/bloa/dall-e/

DEF - TFX SDRTHNSFE
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DNNOD#E)R - CVDO ML >R (24/42)

AN L /> 2363 D FEA\DILHD
- F—DJ—R

- {Un-, Weak-, Semi-, Self-} supervision

- {Zero-, One-, Few-} shot learning
- Transfer Learning

- Domain Adaptation

- Reinforcement Learning

— BETDRVV/EEN (CHETZ 52D, KDMIHEACH T DiFoirUb
—- BEXITEEED LD ICKED SNV TR TEFEBZRINTED
- VILTVALZELFEADEF?

= cvpaper.challenge 24



DNNODE)R - CVO ML > K (25/42)

FERIAOEHEREIE
—{Un-, Semi-, Weak-, Self-} supervision

- Un-supervision (e U*xE)
7 )= a>nin—tIRuns—45TESH

- Semi-supervision (F#Emd DFEH)
7 )= a3 mFOT—H EFIRNWT S TER

- Weak-supervision (553Em{t=¢33)
HHE U TRERBIRID BRI DIEVNT—FZHNTEH
— ex) ¥R Z 1T DRRICETR S NI LDHFZHWNTES

- Self-supervision (B2 %EhH DFER)
BoSBEMZ/EDH UTHFEERIRZFEE I D [HEBEmFEE ]
— JFESR T DHIICBSEEZI/EDH USRI ZFEE I DT, TDRICHEIRIDIZHDT

7AFA—Z 0" EDS

~ ex) BB LEER TSIV —)(LERL, EiEENTS = cvpaper.challenge 25
= :



DNNOD#E)R - CVO ML > K (26/42)

EFE (Transfer Learning)

— FB UTCHEZ B DmBigDF & (CEAH I D

— BRI P B OHEFERERTR | Taskonomy [Zamir, CVPR2018]
- CVPR 2018 Best Paper Award

- 261205 X DU DREM & NS
~ CVOEEDRTHZ (CHERENTVHIT YR 2T
- NREBALT DEBFBORGRIEEASNCIULE

= [

_F
—H—

o NP R I R o W Sy TV OV S CcCOWV - OBV CoCc o n oD
cE%&Dﬂcof—fo;éﬂJc‘-‘Eoc—EL-‘-‘J—'uwc
FOoOCB o QB ES o S QB EOoOs S on s o2 2C o5
.ﬂm6—>mgowl@gbgomeEQ)*(BJOG)fU'OU
S n O ®© = 0 = £ W oOwn N=%w0n on +w ©
c um—l.EmEOE_‘w 2 = = © S E>\‘-£Cﬁ
w_ggcg_czg’ﬂ-_g mgwwﬂg?zﬁjw'\]ﬂow
o2 2 g9 o2 . o oXNT c U 0OX =
C-QU - UJEC o o -_ O 0
rDOU‘)QO:m c S : =S o © N a =
()
n 8 n o

Task Similarity Tree: 28{ 9 345 X D]
#1472 B fR1E

F—Atw MI26F XT3 USNIUATF
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http://taskonomy.stanford.edu/

DNNODE)R - CVO ML >R (27/42)

mIEDETFIIEHCSHEHD DFS

T ARORE B RR S T .
Now ESVIT pEiT

Li+ 2106.09785

X.Chen+ 2104.02057

Caron+ 2104.14294

SimSiam Barlow Twins

I + _ Zbontar+ 2103.03230
SimCLR v2 SWAV X.Chen+ 2011.10566

T.Chen+ 2006.1OOZQBYOLCaron+ 2006.09882

] aril+ 2006.07733 MoCo v2 vision transformers
SIMCLR v1 X.Chen+ 2003.04297

T.Chen+ 2002.05709
MoCo v

Gt 2 MIRU2021F 21— hUTIL TRENET— I SOREFB] L5

https://raw.githubusercontent.com/hirokatsukataokal6/Formula-Driven-DataBase-Group/main/docs/material/MIRU21 Tutoriall.pdf

= cvpaper.challenge 27
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https://raw.githubusercontent.com/hirokatsukataoka16/Formula-Driven-DataBase-Group/main/docs/material/MIRU21_Tutorial1.pdf

DNNODEF - CVDO L > R (28/42)

20225 CVHAEORME : VITOBECSH S DFEH
B EE/RICTUCEB T—E U ZNS
» DINO : SN)LIRUTDE BB tiossomomamsion i
» MoCoV3 : XIEEZEMoCo EBIERICHY, VITHEIT(CENE wusmmonsmsrioos

> MAE : / \o \\J 9:0)?2775 ( B E RT@@1%H&910) https://arxiv.org/abs/2111.06377

contrastive loss

similarity ,
ko k1 k2 ... g
queue »’m
o
- =4
A
et a:‘(;cy xlfc" sy ... ‘
PT: DINO + ViT-B/16 PT: MoCoV3 + ViT-B/16 PT: MAE + ViT-B/16
FT: 78.2 @ ImageNet-1k val. FT: 83.2 @ ImageNet-1k val. FT: 83.6 @ ImageNet-1k val.
(ViT-B/8T(&80. 1ETHELL) (ViT-Has T (287 . 8FETHALL)
3= - Shis z%48 z T R4,
NIVFESYYUFTa (CTERD dggggi}){i&gagﬁ (ESE0DR7T84.2) g cvpaper.cha"enge 28



https://arxiv.org/abs/2104.14294
https://arxiv.org/abs/2104.02057
https://arxiv.org/abs/2111.06377
https://arxiv.org/abs/2202.03555

DNNODE)R - CVO ML > K (29/42)

%i_e I< U 7“ /gigﬂia D ¥E (FDSL; Formula-Driven Supervised Learning)
B ERFRAINDSER/ T —> EHEFSAN)LZER, NRIEEGRT—5tTw MEE

» FERIETSU5) L&M= ERAREI & UTzFDSL
» N—XERDADTTIE/ A >R > XEE1k/1kdD100/7 Ei5

A RFRAI(R)
FRIVDER (T LTV TUVD)
e = {(0:;,p:)},

T—45 DER (IFS)
IFS = {X;'wlwaa' *r ,WN;P1,P2y " " apN}

a; b ; 1o make a pre-trained CNN model without any natural images.
)
N FDSL / FractalDB FractalDB Pre-trained ViT
e * — . — gk H. Kataoka et al., “Pre-training without K. Nakashima et al., “Can Vision Transformers Learn
= w =w = / ,

pi = p( , f‘) Typ1 = w" () Natural Images,” in 1JCV 2022. without Natural Images,” in AAAI 2022.
https://hirokatsukataokal6.github.io/Pret https://hirokatsukataokal6.github.io/Vision-
raining-without-Natural-Images/ Transformers-without-Natural-Images/
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DNNODE)R - CVO ML > K (30/42)

g&ﬁ I< U 7“ >$&Eﬂi5 D $% (FDSL; Formula-Driven Supervised Learning)

Accuracy (%)

n EESR+ AEEETZ)
m IHGH (I

100

90 -

80+

70+

60 -

50

R (C BRI 5

—_

LWVRWERIFEZE CImageNetS=riE B (s I d1FE(CELE

) - AR A% AR E]HEE

B S, KREDHMFEZBCXDT—Fty b - ESIVHAXZEXIETFE

Our Formula-driv
(w/o natural images and hum

en Supervised ViT

Scratch
—— |mageNet
- FractalDB

Supervised VIT
&
OQ
tg&

an annotation in pre-training)

ImageNet vs. FractalDB : EE{HRE AFICKDEEIZNILE
AUV FractalDBIC K DSF & TScratchFE X D BIEAIRII(C
BUVEE, M DImageNetlOEVEEETELRE. AXI(L,

CIFAR-10C(&ImageNet 98.0 vs. FractalDB 97.8.

O =

200

400 600
Epochs

800 1000
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BAXRET—Itzv b JFT-3OOM/3B
m JFT-300M/3BIZZNZEN 31E/ 3 0 (BE/ERS

90

§§ @

&

g 85 @

=

Q

< ®

— 80 ! 0]

o

o

=

Z 751 BiT ViT-L/32

[3) ]

o o o ViT-B/32 ViT-L/16

= i ViT-B/16 () ViT-H/14

70- T T T

ImageNet ImageNet-21k JFT-300M

Pre-training dataset
Vision Transformers,
https://arxiv.org/pdf/2010.11929.pdf

ImageNet-1k Top-1 Accuracy: 88.55 (ViT-H/14)

ImageNet finetune error rate [%]
[\
c

BT —F v b

T Y

40

(98]
()

—
c
1

- 30M @ 300M ---@-- 1B .- @- 3B
«
LY,

(]

e

« @ O 9

\\, .
\\ 0o
\®
o
N o9
N
N
N
N
N
~
\\
\\\‘
E=0.09+0.26(C+0.01)703 ~~_
100 10! 102 o e

Compute (TPUvV3 core days)
Scaling Vision Transformers,

https://arxiv.org/pdf/2106.04560.pdf

ImageNet-1k Top-1 Accuracy: 90.45 (ViT-G/14)

B O 20Em/ £ EED (I AN R+ B ARRMEE GRS —F 7y MILET D0 ?
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DNNODE)R - CVO ML >R (32/42)

T —IEZNDOF
> CGEREEIIZE(C LD UTILISEDIFS (SIimGAN)

» CGh o XEDBEFZE R (Domain Randomization)
>t)JT7i§ﬁ1%fé%‘:b\b\(c_ﬁ,u\(uﬂsﬂﬁﬁé(dﬁlﬁ“éb\ (Cut and- Paste“‘“)

Synthetlc \ Refined

.m Refmer s
Simulator
Real vs Refined «— Dlsc"ml J

Unlabeled real

[Sundermeyer ECCV2018j - [Remez ECCV2018] [Baréglad, NeurIPSZi]
SANJVEUCGT — I TRISRI6DIAN, [l Cut/PasteTERFTIAS hSNLzE W /1 ABESREECIHED CHRER
=5 (cEEE D Z R TT mn, BERED (AT DEE &S]

[Shrivastava, CVPR2017]
CGZLNEEMICKRIRTD

Refiner &

Keyword: Synthetic Data, Adversarial Learning, Data Augmentation, Domain Randomization,
Formula-driven Supervised Learning
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DNN®D&F - CVO L2 K (33/42)
EFN | F-IDBE -

ConvNeXt
88 Z. Liu et al. “A ConvNet for the
— —> —(+) o e 2020s,” in arXiv:2201.03545, 2022.
P we | | [Cwe T N o g CNNTHHE S NIEVIT
L | 62 ® i ERIFU EICFHTNE
° 80 F(i;g:\lse)t ° 0) I/_j1b / 9:‘\7 \/;?\) l/
~ Mixer : MLP . . e e i /—I_\ ) I/;II{ P’ OE&E
76 .
' ImageNet-1K Trained ImageNet-22K Pre-trained * jj _;;7\) I/-U-/]/X
. : : ? : % N L
Input " Input Input \ ' Input « TRE
_Emb. ) \_Emb. ] _Emb. (_Emb. bbox AP: R50-FPN, GN s .
i f " > Rethinking ImageNet Pre-training
MetaFormer ! Transformer MLP-like model PoolFormer _ " . i o T
(General Arch.) | (e.g. DeiT) (e.g. ResMLP) (Ours) 40 r_» (/" fw ( Ichl:_'Ve eztoallé_ Rethinking ImageNet Pre-training,” in
MLP-Mixer @ MetaFormer 3 i | “ «/ https://arxiv.org/abs/1811.08883

I. Tolstikhin et al. “MLP-Mixer: An  W. Yu et al. “MetaFormer is Actually a0t
all-MLP Architecture for Vision,” in What You Need for Vision,” in
NeurIPS 2021. arXiv:2111.11418, 2021. 2

FEEMNE <D E ImageNet (IS X T DIE
s_cratEh/ pre-trainfgE N }—'—I-'—JJ:(: ﬁkg_é ?

typical EEI

https://arxiv.org/abs/2105.01601 https://arxiv.org/abs/2111.11418 20| 22::;3329 *ﬁﬂjt(ibfd&\ (E.%ﬁ’f
VITOFWEE/#&EE(IMMDES 1 —)L CEHIRTE = I s XOSYFTRLEZINLE
. o - ) 10 BOFBEFT(EImageNet Pre- 0)* r_i_C:tJ
DDTIFIRNN? ZE/\—tzT bO> / Pooling ||  tainp#<RB2T003. « . andomini N » r—?‘p 10K EDSAILIGHE
THSIEEASDIENTES, o R IR BRI B E

0 1 2 3 4 5
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5] 5% / Ehid] DB DK FARIE
» BEffEE#ER (CHBNWT, 35EEHZZDT —Ity MiFE
» T, YIRIRECBBER(CH WV TEARRRIRE
(EiRaa0! / Ehidiaaam] (Y iAtR ]

DO 5%, cestext-101 ey el ()Dcn Images Dataset Vo +

SARJLIESNSOEFIFA iz 5 X SNNIEET )L ERIETED

3.9B

Extensions

90 Imag:::trc(tea::lt( = source) O I
= b (1 S penimages | _
L e e I. Krasin et al. “Openlmages: A public dataset for large-scale multi-label
nstagram (3.5B, 17k tags) . . e . ”
70 | and multi-class image classification,” 2017.

PUBLIC IMAGES WITH
[Mahajan, ECCV2018]; o
FB(;SNSODHashtaé‘Cg/\‘(jliﬁtﬁcﬁb, EEE (]
=3, 5BIEISDBIEE

https://venturebeat.com/2018/05/02/facebook-is-using-
instagram-photos-and-hashtags-to-improve-its-computer-
vision/ 30

Instagram-3.5B / 65M

D. Mahajan et al. “Exploring the Limits of Weakly-Supervised Pretraining,” in ECCV, 2018.
https://arxiv.org/abs/1805.00932

https://storage.googleapis.com/openimages/web/index.html
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D. Ghadiyaram et al. “Large-scale Weakly-Supervised Pre-Training for Video Action
Recognition,” in ICCV, 2019.

https://openaccess.thecvf.com/content CVPR_2019/html/Ghadiyaram_Large-Scale Weakly-Supervised Pre-
Training_for_Video Action Recognition CVPR 2019 paper.html

DALL-E: Creating Images from Text
https://openai.com/blog/dall-e/
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https://storage.googleapis.com/openimages/web/index.html
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Foundation Modelzzx>,: JARRE (CE A BIEEIR T )L GRE A THEEA D)
= NLPZOEFCI(IBERT, GPT-{1, 2, 3}, DALL-E/&t &
s CVOEF CldmiaFlorence’y 3! -~m%‘:52)|/73\\}'m$<3n5

ce (Vision Foundation Model)
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Florence Pretrained Models Florence Adaptation Model
Tasks I:mg“"’g: gl Classification/Retrieval Adaptation |
Question 7 s | :}:}- :
% Answering é — Text i l Object-level Representation
g Q i Unified Contrastive Learning (Ronamicead Adzntan) )
Data 5 ' Sentiment = nd ! ) 4 - |
/! % '\-"/' RLESAS Image-Text Dataset % ( Image Encoder (CoSwin) ) Fine-grained V+L Representation i
Text - by Data Curation i — QELERAdanico) : i
LL/I (- from Internet : - _>i : : - ‘ i
r‘J(Images ‘-%> Aé‘r information v) I - i = :a:- Video Representation |
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— W ® =y I T
tructur
- pata . Shlect Florence: A New Foundation Model for Computer Vision,
30 Signals qzzm S *Rewg"‘m“ https://arxiv.org/pdf/2111.11432.pdf
i Instructi
& Fotoving o ‘ « 4459 R D7z 0] gk
On the Opporttunities and Risks of Foundation Models, T - OBDER - EBENRVT—HZEBE
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High Performance Computing: iFFE®DhE

— AWS/Azure/Google Cloud, HAT®HTsubame3.0/ABCI/E &
- Tsubame3.0: 2,160 GPUs / 540 Nodes
- NVIDIA Tesla P100 x 2,160

- ABCI: 5,312 GPUs / 1,208 Nodes
- NVIDIA V100 x 4,352 + NVIDIA A100 x 960

— ImageNet AR &R ERDEE
- 29h>1h>30m > 15m >6.6m>1.8m > 2.0m > 1.2m

Batch Processor DL Time Accuracy
Size Library
He et al. [1] 256 Tesla P100 x 8 Caffe 29 hours 75.3 %
Goyal et al. [2] 8,192 Tesla P100 x 256 Caffe2 1 hour 76.3 %
Smith et al. [3] 8,192 — 16,384 full TPU Pod TensorFlow 30 mins 76.1 %
Akiba et al. [4] 32,768 Tesla P100 x 1,024 Chainer 15mins 749 %
Jia et al. [5] 65,536 Tesla P40 x 2,048 TensorFlow 6.6 mins 75.8 %
Al Bridging Cloud Infrastructure Ying et al. [6] 65,536 TPU v3 x 1,024 TensorFlow 1.8 mins 75.2 %
. Al Mikami et al. [7] 55,296 Tesla V100 x 3,456 NNL 2.0mins  75.29 %
: https://abci.ai/}a/ This work 81,920 Tesla V100 x 2,048 MXNet 1.2 mins  75.08%
wiki/Eile: TSUBAME 3.0 PAOZ50¢ ] P
' s M. Yamazaki, et al. “Yet Another Accelerated SGD: ResNet-
R TATSUBAME 3.0 FERSHRABCI 50 Trainingon ImageNet in 74.7 seconds,” arXiv pre-print,

1903.12650, 2019.
https.//arxiv.ora/ndf/1903.12650.00f 2 cvpaper.challenge 36
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Neural Radiance Fields (NeRF)
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— B #nEER/ADAS
- OMmT+aUX
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EE’JJE@K/ADAS (Self-Driving Cars/ADAS)

E|PR B DIATT wnennszo (FIRAMEM, SEF) _(L_ﬁLTF‘Fﬁ% ?
— FERIETIIKITTI dataset(Cxd U COBEREMNEEA
- fﬁf(iﬁ%ﬂ $£@ﬁ¢$R|$ —F =R — /@ﬁﬂﬁ

KITTI
A. Geiger et al. “Are we ready for autonomous driving? The KITTI vision
Stereo Matching Object Detection benchmark suite,” in CVPR 2012.

https://ieeexplore.ieee.org/document/6248074

SRR kiR, LA, TOAST—S 3 >R

threshold

[Suzuki, CVPR2018]
VIR -FBRE—%&
Foatk, TRl

[Kim, ICCV2017]

BENETRRF ORI | YMERIRFDIRICE =22
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ORT« D9 ANDIGH
— BBt T, mEFEDOFFAIRE3D Visionh B A (Ci&m
—YZEa21L—=3> : DenseFusionT(&6D Det. & iBF = E (£m)
- 3DREEHC KBRIETT - YRR - BEF (BX)

|\ i | Ll i

RGB-D PEENSYF I I+RETT (TORIFEmDIET)
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C. Wang et al. “DenseFusion: 6D Object Pose S. Giancola et al. “Leveraging Shape Completion for 3D Siamese
Estimation by Iteratibve Dense Fusion,” in CVPR 2019 Tracking,” in CVPR 2019.
http://openaccess.thecvf.com/content CVPR_2019/papers/Wang_DenseFusion_6 http://openaccess.thecvf.com/content CVPR_2019/papers/Giancola_Leveraging_Shape Completion_for
D Obiject Pose Estimation by Iterative Dense Fusion CVPR 2019 paper.pdf 3D Siamese Tracking CVPR 2019 paper.pdf
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http://openaccess.thecvf.com/content_CVPR_2019/papers/Wang_DenseFusion_6D_Object_Pose_Estimation_by_Iterative_Dense_Fusion_CVPR_2019_paper.pdf
http://openaccess.thecvf.com/content_CVPR_2019/papers/Giancola_Leveraging_Shape_Completion_for_3D_Siamese_Tracking_CVPR_2019_paper.pdf
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I7Yv<S3>nBNA\DIH
— J7wvI 3a>pBorT—YR{EHERE
— DeepFashion2 (£[X)
- DeepFashion®i#{bhl, ARF=EZRIC K DFFHRSANITS
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igeo-tag imgs
person bboxes
reépresentative cities

H. Kataoka, K. Abe, M. Minoguchi, A. Nakamura, Y. Satoh,
"Ten-million-order Human Database for World-wide Fashion

DeepFashion2

: ‘ Culture Analysis", in CVPR 2019 Workshop on FFSS-USAD.
Y. Ge et al. “DeepFashion2: A Versatile Benchmark for  http://openaccess.thecvf.com/content CVPR_2019/papers/Ge_DeepFashion2 A Versatile B

Detection. Pose Estimation Segmentation and Re- enchmark_for_Detection_Pose Estimation_Segmentation_and CVPR_2019 paper.pdf
I I
Identification of Clothing Images,” in CVPR 2019.

http://openaccess.thecvf.com/content CVPR _2019/papers/Ge_DeepFashion2 A

V tile B h k for Detecti P Estimati S tati d CVPR 2
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http://openaccess.thecvf.com/content_CVPR_2019/papers/Ge_DeepFashion2_A_Versatile_Benchmark_for_Detection_Pose_Estimation_Segmentation_and_CVPR_2019_paper.pdf
http://openaccess.thecvf.com/content_CVPR_2019/papers/Ge_DeepFashion2_A_Versatile_Benchmark_for_Detection_Pose_Estimation_Segmentation_and_CVPR_2019_paper.pdf
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&) ] 58 sk D it

- BEEEY 1~ B0, RBfTEEN, 12455023

— BEpEDB(FEFHEIL (R

W. Kay et al. “The
Kinetics Human Action
Video Dataset,” in
arXiv:1705.06950
2017.

https://deepmind.com/research/open-

X

D. Damen et al. “Scaling Egocentric
Vision: The EPIC-KITCHENS Dataset,”
in ECCV 2018.

https://epic-kitchens.qgithub.io/2018

YAV
)

EPIC

HACS Dataset

H. Zhao et al. “HACS: Human Action
Clips and Segments Dataset for

Recognition and Temporal Localization,”
in arXiv pre-print 1712.09374 2017.

KITCHENS

source/open-source-datasets/kinetics/

AVA

M. Monfort et al. “Moments in Time
Dataset: one million videos for event
understanding,” in arXiv pre-print
1801.03150, 2018.

http://moments.csail.mit.edu/

C. Gu et al. “AVA: A
Video Dataset of
Spatio-temporally
Localized Atomic Visual

Moments in Time

http://hacs.csail.mit.edu/

Dataset

Something-Something v2 dataset

https://20bn.com/datasets/something-something

Actions,” in CVPR
2018.

https://research.google.com/ava/downl
oad.html
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https://20bn.com/datasets/something-something
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1,660 papers!

https://cvpr2021.thecvf.com/

1612 papers! | [ of oq VAT
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