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DNNDEIF -CVD LK (1/51)
DNNEF S LRI DRI A

— Perceptron, MLP, Neocognitron, BackProp, CNN
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DNNOER -CVD LK (2/51)

Perceptron, MLP, Neocognitron/ConvNet

— Perceptron

- AREARD AV (BEH) DRIH, EIECREREICKYER
— MLP: Multi—-layer Perceptron

- PerceptronM % [E 1t

— Neocognitron/ConvNet
- BIAHDESEEA, FICHEEIILICFELREFZROHSEGRLEIZF )

Neocognitron

K. Fukushima, “Neocognitron: A Self-organizing Neural Network Model for a Mechanism of Pattern
Recognition Unaffected by Shift in Position,” Biol. Cybenetics 36, pp.193-202, 1980.
https://www.rctn.org/bruno/public/papers/Fukushimal980.pdf

Wy
W

Convolutional Neural Net

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

W Activation

Perceptron (/\—tkOY)
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https://www.rctn.org/bruno/public/papers/Fukushima1980.pdf
http://yann.lecun.com/exdb/publis/pdf/lecun-01a.pdf

DNNO SR -CVD LK (3/51)
ILSVRC%: R il SEHRBAI R R IAD It

- AlexNet @E[{RERFH> NILSVRC2012
- HITPEMRICIIRBAARZELD, 26(210%LL £ D KZETER
— 104£557T100,000' A4 5| BN Si X L5 D

- B=I2I31EEZDeeplZ 9 AT ARI>TLV =

- mElk, JEMHIEER, ERMEGE

‘N \ 3 (0 I .} % P —
N H— ” 3 [N 3
,, i \ \3 e | I | = 3 5
b1 = ! B : ,1 ; I
‘ 4 X - 3 — 4 g = 162 192 128 204z ‘EB Hense AIeXNet
5 27 B O . o s .
_ ;o AN N3 . 13 A. Krizhevsky et al., “ImageNet Classification with
- - 55 o 3 { 5 - Deep Convolutional Neural Networks,” in NIPS 2014.
_ ] | :
f B 31- 13 B 12 ense ense|
000
192
48
|

https://papers.nips.cc/paper/2012/hash/c399862d3b9d6b76¢c
8436e924a68c45b—Abstract.html
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https://papers.nips.cc/paper/2012/hash/c399862d3b9d6b76c8436e924a68c45b-Abstract.html
https://papers.nips.cc/paper/2012/hash/c399862d3b9d6b76c8436e924a68c45b-Abstract.html

DNNOER -CVD LK (4/51)
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DNNOER -CVD L 2/K (5/51)

DNNASB CTH-B &
— DNN Architecture! (BT JL B {ROZ T HAK)
— Large—scale Image Datasets!(T—RIIHEEE)
— Machine Power! (J£{B|8475 515 73; NVIDIA!)

Why 3% AI?

Architecture (Model) Image Data Machine Power
ConvNet, Transformer, GAN:-" ImageNet, Places, GOCO--- GPU, TPU, Super Computer---

IMAGENET «2

:‘w. '-V.A"A "“’-'- n )
h | -

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

DNNOER -CVD L /K (6/51)

KR EE R T—5t vk (ImageNet) DUVEIZDULVT
— 14,197,122 E1& / 21,841 ATT") wossmmimagencton
— 2007FE T —A2FINE, 2009FCVPRFER
— ZTDE, ERRFH I REFHEL2012FE KRS TAlexNet NMEEIND

I M . G E ‘:-’.“ :J ;Jé-g . —?-‘.
/ \ - -
. I ¥ e #WEIAK  3IFIT 35595
http://fungai.org/images/blog/imagenet—logo.png
ImageNet® AT, HAllXStanfordD 7~, EILHIFTE
MPrinceton, €L T LD #kIIWorldPeace—tH 57 I~

*D_Eﬁ?—d—(‘;ﬂ,b\) 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=rDfyQnIAAAAJ:qjMakFHDy7sC

i—Fei dEd 5 L — = -
fe' ‘FeLEEO?TEDﬁjJ@T.'ii,ﬁﬁ%"*L) 0)? ”@"O“T;&j_? 7 ImageNetif&3X (CVPR 2009) D#E 5| A v E1a—2Eavy
av T ETIE2000F K AFETILTVRXRLELEFEZTT 3% BB HA2ERZ2EDERE 24T 354
IRET B EABBENEAST=ES ri- AETE R f

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
https://scholar.google.com/citations?view_op=view_citation&hl=ja&user=rDfyQnIAAAAJ&citation_for_view=rDfyQnIAAAAJ:qjMakFHDy7sC

DNNOER -CVD LK (7/51)

MBI (XICGPU) DRE
— $FIZEIRAIT — LM BSIEINVIDIAD FERE SYUA T LY
- BT —LRAR—FZTO TV ENRBEEROAIZEHDNEFTFE T LAE
— #ER, TREDMEEM L RTIRIET EDDIZES

GPU-Computing per
1.5X per year

FRISEDOR—ATaAVE1—T109 H 1L, 2025 F
TIZIE1,000/Z ZFETRET HETFTHE
(NVIDIAARR— KU)

1990 2000 2010

40 Years of Microprocessor Trend Data
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https://www.nvidia.com/ja-jp/about-nvidia/ai-computing/

DNNOER -CVD L /K (8/51)

& DZRIE (2014~2016)
- 2014 EMILIBEZT XY FECT HIT-ODHENES
— AlexNet, VGGNet, GoogleNetld, [ZIFE#liIZ[E% &0
— ResNet[d 5% Z (Residual) DEZ HEE A, Skno Connectlon( ott)j:rllm(‘

e

\‘ Z
o o] o

Ju«‘

AlexNet [Krlzhevsky+ ILSVRC2012]

Revolution of Depth ILSVRC2012 winner, DLO) X fF 1+1%

| 152 layers ' 1
. k] 231 38
: L
x VGGNet [Simonyan+, ILSVR02014]
\ 16/19B vk, deeperETILDENG | |,
| 22 layers ‘ ‘ 19!ayers ’ “"|||==;“""":’iiiii’i= .Eilisur-
I GoogleNet [Szegedy+, 1L§VR02014/CVPR2015]
ﬁ I I | s || %s, | %‘ ILSVRC2014 winner, 22@%—;» ’
ILSVRC'15  ILSVRC'14  ILSVRC'14  ILSVRC'13  ILSVRC'12  ILSVRC'11  ILSVRC'10 ‘—’“‘ “ %“ ” “ “ “ ‘!‘ ] FEEEE FEELE 5:
ResNet GoogleNet VGG AlexNet ... U dubdyudtuuuutdubudyyudyoduubbduuyy

ResNet [He+, ILSVRC201 5/CVPR2016]
ILSVRC2015 winner, 1528 ! (EERTIX10 *+E1)
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ImageNet Classification top-5 error (%)

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. CVPR 2016.
http://kaiminghe.com/ilsvrc15/ilsvrc2015 deep residual learning kaiminghe.pdf



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

DNNOER -CVD LK (9/51)

fEEDEHL - BE)E (2016~2019)

— ResNetL\EDT7—FTUF
— ResNeXt, DenseNet, SENet, ...

o g E’Jﬂ: - §j]$1t (Neural Architecture Search, EfficientNet)

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

Fex (\W)

- v A
| oA | F | om Focate () ’ |
w' W |

c

G @
J. Hu et al. “Squeeze—and-Excitation Networks, “ in TPAMI 2019.
https://arxiv.org/abs/1709.01507

DenseNet

ResNeXt RYRT—I DEHEIC

= BT MR

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

total 32

- - paths -

| 4,3x3,4 ‘ ‘ 4,3x3,4 4,3x3,4 ‘
- £ ¥

‘ 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 Convolutional
Networks, “ in CVPR 2017.
https://arxiv.org/abs/1608.06993

Normal Cell

B. Zoph et al. “Learning Transferable

Architectures for Scalable Image
Recognition,” in CVPR 2018.
https://arxiv.org/abs/1707.07012

~ - wider
e — B
1 HW.C l
H . / convixt \
¥ f 3
I SE
. Hwac]
deeper

= depthwise
0 convax3
i \‘ Convix1
C X WG

|, higher
I_‘ resolution MBC

PNASNet

C. Liu et al. “Progressive Neural
Architecture Search,” in CVPR 2018.
https://arxiv.org/abs/1712.00559

—

NASIET
TZEDi5

IZET5)

M. Tan et al. “EfficientNet: Rethinking Model
Scaling for Convolutional Neural Networks,*
in ICML 2019.
https://arxiv.org/pdf/1905.11946.pdf

— Bt ykZEhHE
THEEZIERT D

ELNVS ARt @ELtEYY—25 K8

EfficientNet(EFEZ 1@ A 7
[ZBHT B HAXD/INTURA

ANE - T

EfficientNetV1/V2

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

DNN®D &R -CVD LK (10/51)
B AIA A (Convolution) & B B iR (Self-attention)

Transformer Encoder

A :
Lx <:> .
X MLP |
¥ i
weight layer Norm |
F(x) ! relu ”

weight layer identity Ivgltgl-llt-ilgﬁd

]:(X) +X relu Norm
[He al. CVPR16]

RO HZzEHNLTRVEOZERY T , Exbordol ]
(LY BTG RHIZER)

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

EROFHELEELTRVEODZRMYET
(KYKBHGHHIZER)
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DNNOER]-CVOD LK (11/51)

Vision Transformer (ViT) 3 A (2020~ Present)

Transformer Encoder

Computer VisionMD/NSH A LTk

2017|ZTransformerig =, 2020IZVITIEZE ONNANEVITA (2020410 )

weight layer

X
identity

202145 CVH ¥ L TransformerdD —Ef=>71-
- VITIREETIIL/MLPETRIMHRDETILIREIZES

[He al. CVPR16]

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

segmentation
Vision Transformer (VIT) | (F=~-~--=--=-=-=-===-=--- it Al kbl Fomen. s e Tars) Classflcaﬁ"“ detection ...
- ip-co i ay : Layer | Layer 1+1
lass 1 16:
Bird MLP Patch l | l : i”l -
pel Head ] ] (M —> — : — Alocal window
Car & o N > /\ 2 1 N
%\T/(E :(( M ) T 1 ﬁ% . perform self
@) —( > 13 x —> : é% Apnch ' ' E E
Transformer Encoder | | U L T L L L L L L L L L e e e e e e e e e e e - et ) Mw l:‘ |:| | vl '
Y e - :
Class Wy 7 sl N A R
A WA A
Paﬂ:b gd lg . ma . .. . . e F =i o = e 2 (a) Swin Transformer (b) Shifted Window (c) Two Successive Swin Transformer Blocks
* Exira learnable g X g‘; x8C
{cLas] embeddin Linear Projection of Flattened Patches [ Global Average Pooling ] _ _
= ully-connecte e S N NS \\
-l [ ‘I L1 1 | f MIEEREIXIE! f ¥ ¥ i \
sl S I e L i 1 [}
m%—»lliﬁ%@ﬁﬂ o L) . ¥ ¥ ¥ I
b MMGMM s |2
£
= Per-patch Fully-co Images -
) o 1 T T T T ) T . g
ViT [Dosovitskiy+, ICLR21] B |84 . z
-k !

MLP-Mixer [Tolstinhin+, NeurlPS21]

VITIZZa—43 DHDETIL, FFROHEEEFMLPTEIH (MLP-Mixer), ILENDR—IXZM (&
SwinTransformerh (V24,2021 FERKIZIRE)

(d) Architecture

Swin Transformer [Liu+, ICCV21]
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DNNOD B[R -CVD LK (12/51)
RROA~D N A (B[R 2 - BB R - < JILFE—XIL)

MN{AFE H: R-CNN, Fast/Faster R-CNN, YOLO, SSD.,

SEIEE 9 Z: FCN, SegNet, U-Net,.,

— Vision & Language: Ei{&:#BA3C, VQA, Visual Dialog,,,
- @J@Eﬁg‘éﬁ Two—stream ConvNets, 3D Conv., (2+1)D Conv.

!i ’: — R_ C N N forward /inference F C N
=T > person? yes. | " R. Girshick et al., “Rich Feature J Lone et al. “Fully Convolutional
i CNNn : Hierarchies for Accurate Object backward learning N.etwofks for”Semasztic Seementation.”
Detection and Semantic Segmentation,” i CVPR 2015 & '
£ Timact region 3 Compute % ClaSSlfy :::tgs\'//l:;spigli.:ess thecvf.com/content cvpr 2 0 ‘ https://openaccess.thecvf.com/conten
7 = : . : o o [ A
proposals (~2k)  CNN features g 014/html/Girshick Rich Feature Hierarchies 20 o £ ovpr 2015/html/Long Fully Convoluti
14 CVPR paper.html onal Networks 2015 CVPR paper.html
|I°n(5)||blm($z)| [0 puesw |
¥ Spatial stream ConvNet
=, E'T'zl Show and Tell . B e e = Two-stream ConvNets
%—,{' 0. Vinyals et al., “Show and Tell: A Neural i & [stxie 2 et exice | stce 7 Gopait | drzeast K. Simonyan et al., “Two—Stream Convolutional
E _|E|_|E|_..._|E | Image Caption Generator,” in CVPR 2015. e dass| Networks for Action Recognition in Videos,” in NIPS
= %] 7 % | https://openaccess.thecvf.com/content ¢ 4 Temporal stream ConvNet sion 9014,
i.: vpr 2015/html/Vinyals Show and Tell 2015 4 | et || S| sesez|| 4ooe |[ Soes https://www.robots.ox.ac.uk/ vgg/publications/2014/
g [ws] - CVPR paper.html  flooaiz] " [ [loorae ]| “ | Simonyan14b/simonyan14b.pdf
t t t
image @ I_E_TI
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https://openaccess.thecvf.com/content_cvpr_2014/html/Girshick_Rich_Feature_Hierarchies_2014_CVPR_paper.html
https://openaccess.thecvf.com/content_cvpr_2014/html/Girshick_Rich_Feature_Hierarchies_2014_CVPR_paper.html
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/Long_Fully_Convolutional_Networks_2015_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://openaccess.thecvf.com/content_cvpr_2015/html/Vinyals_Show_and_Tell_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
https://www.robots.ox.ac.uk/~vgg/publications/2014/Simonyan14b/simonyan14b.pdf

DNNOER]-CVOD LK (13/51)

MiEERH QT (2001~ %Q!JQ .
=% il . & - E WA

[ HEE RREN =5
. : E i ’ \ -E ”

Haar-like [V|o|a+, CVPR01] HOG [Dalal+, CVPRO05] ICF [Dollar+, BMVCO09] DPM [Felzenszwalb+, TPAMI12]
+ AdaBoost + SVM + Soft—cascade + Latent SVM
R-CNNEFX (Zh LLRT 1 "Hand- crafted ObJectNess)mEﬂS & ESFEEIL

Outpats: bb

B/ RHAHDIEE

o
&n
]
z
g

softmax regre:

2. Extract region 3. Compute X y
proposals (~2k) CNN features regions . R—ONN [G hick 10OV 5] -
. ast R- Irshick, g
R-CNN [Girshick, GCVPR14] ROI Pooling, Multi-task Loss Faster R-CNN [Ren+, NIPS15]
Selective Search + CNN RPN (34K 1]
One—shot Detectorlﬁ‘f‘t 95‘.( HAICHL(FBEEZH&RBDD)E&EE — 1L
R 773" :Hito
L& :(x,y,w,h)
‘ \ ‘ =| =] | L YOLO(v1)/v2/v3
e e e T 7. %‘ [Redmon+, CVPR16/CVPR17/arXiv18] (1% 2]
SSD [Liu+ ECCV16] | %- EXHXE One-shot detector j3_7—-:|“|) ‘Uma
One-shot detector & : (x, v, W, h)

Latest Algorithm f&E E 17, E_ii MR (XK H T3 EE

Feature Pyramid 5'l&@1%i®1ﬁﬁf§'§$§—‘é’é
w Networks (FPN) Mask R-CNN [He+, ICCV17] IEd%j—éﬁ:ﬁ%

[Lin+, CVPR17] Rol Align, Det+Seg
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DNNOER] -CVOD LK (14/51)

CNNIZ&KBHTI*k:
%{**ﬁﬂ d)ﬁh (201 8~2020) RIEEICLOAE(LE), EERRICLHAE(TER)

SNIP SNIPER M2Det
) " ) ) o _ B. Singh et al. “SNIPER: Efficient Multi-Scale Training,“ in NeurIPS
B. Singh et al. “An Analysis of Scale Invariance in Object Detection, 2018 w . )
in CVPR 2018 : Q. Zhao et al. “M2Det: A Single-Shot Object Detector based on
: https://papers.nips.cc/paper/8143-sniper—efficient—multi-scale—traini Multi-Level Feature Pyramid Network,” in AAAI 2019

https://arxiv.org/abs/1711.08189

https://arxiv.org/abs/1811.04533

PIKMRFEN SAET DR EILK

CornerNet CenterNet CenterNet
H. Law et al. “CornerNet: Detecting Objects as Paired Keypoints,” in Z. Xingyi et al. “Objects as Points,” in arXiv 2019. K. Duan et al. “CenterNet: Keypoint Triplets for Object Detection,” in
ECCV 2018. https://arxiv.org/abs/1904.07850 ICCV 2019.

https://arxiv.org/abs/1808.01244 https://arxiv.org/abs/1904.08189

® — o TS

hR+2 5, xy Y4 X% EF
MSCOCO E:# T Mask R-CNN 41.7 => CenterNet 47.0E T HIEE A L ! = cvpaper.challenge 15
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https://arxiv.org/abs/1711.08189
https://papers.nips.cc/paper/8143-sniper-efficient-multi-scale-training.pdf
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

DNNOER] -CVD LK (15/51)

MEEH DTN (2020~Present)

DETR

N. Carion et al. “End—to—End Object Detection with
Transformers,” in ECCV 2020.
https://arxiv.org/abs/2005.12872

set of image features

transformer
encoder-
decoder

set of box predictions

Transformer| Z& AR D /N4 A =7 : BackbonelZ[XLLEIBI S FEKLWK T EABAL M ECNNE A EHETLNVS

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 S
win Transformer Hierarchical Vision Transformer 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

classification

segmentation
detection ...

o
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L

(a) Swin Transformer
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A local window to
perform self-attention

A patch

(b) Shifted Window (c) Two Successive Swin Transformer Blocks

(d) Architecture

H W
2 X%

Patch Merging
Patch Merging

Itee

X
N
L/

MLP

Layer Norm

fan)
\

B [woe ] [we ] [w “4—[ Attention |

Parameterized L—]'—’ I

G B e e e i@ o v o A1

x!

- z_ N A
@— | S
Norm

Layer
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kK v | ()

I

| I

| cosine(q, k)/t : MLP
I

I

IWQ ] IWK I IWV Il Layer Norm

|
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s Log-CPB z )
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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://openaccess.thecvf.com/content/ICCV2021/html/Liu_Swin_Transformer_Hierarchical_Vision_Transformer_Using_Shifted_Windows_ICCV_2021_paper.html
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

DNNOER] -CVOD LK (16/51)

BITAVD /A ARBR AT A T—32(2006~2017)
— BackBone (R—R &75A NI —%7)
- Head(EZt)LZEDMEIIEEE )

- WEDHAEDLE
- MARIBIEER T —IVEHZERET HIEM

(< TA4vD /AR R
G A T—30)

EVwICEICEBATIE
Y L THREERE

KFIEEIoTAVI/ADREID R T A T—2avEMAET

R—ZX 7T X L
forward /inference input 1 ‘ uuuuuu
:bukward/]eaming 2 y Input‘ Convolutional Encoder-Decoder ) Output ‘ aﬁz d ...j o en
[ - _ gi E'J\ | ; I

RGB Image =:::;:/"+Baichuorman. tion + Segmentation I'I’! L - !’I.I expidcpiiog

P g Upsampling ' Softmax al'-:’ ,;2,9 "’,-,- :T,fﬁf:f‘fxf
TextonBoost FCN [Long, CVPR15] SegNet [Kendall, arXiv15] U-Net [Ronneberger, MICCAI15]

[Shotton, ECCV06] EBEHAH, FrAILH B ERER, FrrLERS

= -0 ife o
|st

[N ~fed+ N |p
T T By 9 [in
~ | o [t oo & & 2 Herm ™
i [Pt =
iz ke
s
(a) Input Image Fe: ¢ (d) Final Prediction

Mask R-CNN [He, ICCV17]
Rol Align, Det+Seg
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(a) Sparse feature extraction

tion
3 . S
rate=2
A

— B
N Y
ﬁ :»@
| CONCAT
(¢) Pyramid Pooling Module

PSPNet [Zhao, CVPR17]
: DeepLab(v1,v2 hen, TPAMI17
Ry T ORBIE, 32T IAMER reced G 179 DA

r
(insert 1 zero)
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BRI TAVI /A RBZ AT A T7—30DifEh (2021 ~Present)

Existing :
Methods H Per-
Per-Pixel Loss ' Pixel
Loss
Encoder Decoder i
| k | SegFormer : SeMask
Ex¥xc, Ex¥xc, EZxExe, ExZxc, Ax ¥ xac A Y XNy 1
4 4 8 8 16 16 32 32 4 4 4 4 N . “ .
5 E. Xie et al. “SegFormer: Simple and Efficient Design for ! J. Jain et al. “SeMask: Semantically Masked Transformers
0 nt > : ) B .
3 % i u_1§ Semantic Segmentation with Transformers, in arXiv : —— ture for Semant!c Segmentation,” in arXiv 2112.12782 2021.
é% L % %g % 2105.15203, 2021. Feature Decoder oder https://arxiv.org/abs/2112.12782
ag 3 https://arxiv.org/abs/2105.15203
[ '
Semanhc Layer
Transformer Layer = Encoder
9 ! Transformer Layer
NE 52 ;
——1 ; % > n _'@.'U f
53| |2 3ag :
g 1
N : = Train + Inference = Train Only
iR g g
| a
segmentation ; a5t I Ay
clasmﬁcallon detection ... I i I MLP
Layer | Layer I+1 I q kT I 7 S
. ayer Norm
SwinTransformer V1/V2 o R MIWDA V1 | b | = &
Z. Liu et al. “Swin Transformer: Hierarchical Vision Transformer _ perform selfatention | q k v| | N
using Shifted Windows,” in ICCV 2021, g, | | B
https://openaccess.thecvf.com/content/ICCV2021/html/Liu S éé% 7 D D | Parameterized
win Transformer Hierarchical Vision Transformer Using Shifted ey CETERES SRRNESSSEEESL vedemee [ Neengeeens e RPN e e e siBe o s

Windows IGGV 2021 paper.htm (a) Swin Transformer (b) Shifted Window (c) Two Successive Swin Transformer Blocks

H W / w H W
X x48 5 x2C X5 x8C =

Z. Liu et al. “Swin Transformer V2: Scaling Up Capacity and
Resolution,” in ICCV 2021.

https://arxiv.org/abs/2111.09883 | Layer Norm
= 50 o0
HxWx3 |2 5 5 _ I MLP
b1 ) 3 I
Images ﬁ = = Transformer V2 '\
< -l 5 Block | \/
= < = -
v = A~ I Layer Norm

Attention

(d) Architecture
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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://openaccess.thecvf.com/content/ICCV2021/html/Liu_Swin_Transformer_Hierarchical_Vision_Transformer_Using_Shifted_Windows_ICCV_2021_paper.html
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
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CVENLP (BAEREAE

[B]{£ 25 B XX (Image Captioning)

- RENE

[ B &

Visual Dialog

[Image Captioning]

Vision Language
Deep CNN Generating
Rl

= =

A group of people
shopping at an
outdoor market.

There are many
vegetables at the
fruit stand.

BE*ANELTXEFE A
Show and Tell

0. Vinyals et al,,
Caption Generator,” in CVPR 2015.

“Show and Tell: A Neural Image

https://openaccess.thecvf.com/content cvpr 2015/

html/Vinyals Show and Tell 2015 CVPR paper.html

[ZD D F—0—FK]

[VQA]

What is the mustache
made of?

VQA

A. Agrawal et al.,
in ICCV 2015.

) DS 725

% (Visual Question Answering; VQA)

B (VisuahEBRIX (QZE AN,

[EZ (AZiRA]

bananas

https://visualga.org/

Al System

“VQA: Visual Queation Answering,”

https://arxiv.org/pdf/1505.00468.pdf

Text—to-Image (THFREMLEEARL), Visual Navigation (E[fEMNLDEZER),
Cross—modal Summarization (BHJARX )G EZ

[Visual Dialog]
EfREZNITH T HXFEEEEYRL
HNLEIEEFITD

https://visualdialog.org/

~ - s . y
z = Image
y log with go isina (2]
otorcycle side car. » .
Q: Is motorcycle moving or still? - g
. . A: Light tan with white patch that
A: It's parked Dialog history > @m"© Answer runs up to bottom of his chin

Q: What kind of dog is it?
A: Looks like beautiful pit bull mix

Visual Dialog

[ what color is t? | Question el

Visual Dialog

A. Das et al., “Visual Dialog,” in CVPR
2017.
https://arxiv.org/abs/1611.08669
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https://openaccess.thecvf.com/content_cvpr_2015/html/Vinyals_Show_and_Tell_2015_CVPR_paper.html
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
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BIE {2 ERE# D TET )L (CNN; N-Dimension Convolution)
— 2D: Two—Stream ConvNets (70— &% F e I2#E(E)
— 2D+BIJFET /)L: CNN+LSTM (&38R Fv—4ELTLAMED T o1=)
— 3D: 3D CNN (7 —anHETENIEC A ERD)
- (2+1)D (D EF—2DEHEEDATLa)

= J41A E= \
2D& A (TS ConvNet, CNN+LSTM) (2 +1 ) D_E_aj-Laj (Sepa rable Conv.)
/r Two-stream ConvNets
4’ Dj’()lxg - K. Simonyan et al., “Two—Stream
' % =~ o Convolutional Networks for Action o
728 > (2D) Recognition in Videos,” in NIPS 2014, 2 7*()[/ Eaﬁ—a" Jj -
- s https://www.robots.ox.ac.uk/ vgg/publicati (2D __/%‘Ji?;lj
RN [ — ? ons/2014/Simonyani4b/simonyani4b.pdf S | B
\1D74)I/
= o 5p95m)  (2+1)D ResNet
3DEJ"JA£ (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
3DT74J)LA ' ~, K. Hara et al. “Can Spatiotemporal 3D CNNs
BAHIAHTY Retrace the History of 2D CNNs and
(3D) ImageNet?,” in CVPR 2018.
_ _ _ _& #=H5| https//arxiv.org/abs/1711.09577
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https://www.robots.ox.ac.uk/~vgg/publications/2014/Simonyan14b/simonyan14b.pdf
https://www.robots.ox.ac.uk/~vgg/publications/2014/Simonyan14b/simonyan14b.pdf
https://arxiv.org/abs/1711.09577
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B E{R R DTET )L (Video Transformer)

— TimeSformer

Space Attention (S)

I
]
IENEN

EEEE

LA
A
EFT
e

kv 1
DS
EMT
RO

Space Attention (S)

frame t

frame t + 0

2D
[ spaceat. | [ Joint Space-Time Att.
d d
[ we ] MLP
d d
[ =2 ] 20

Joint Space-Time

Attention (ST)

P

Joint Space-Time
Attention (ST)

Divided Space-Time

Attention (T+S)

| WAL
A2 <l
1 l4%
P
| WL
ok ol S5
HERE
R

B o ¥ 1
TO=N
aEpr
W

Divided Space-Time
Attention (T+S)

Sparse Local Global
Attention (L+G)

WL
T

|

HF EEEE N
Wi EENE BN
% EEE NN
HE BENE BN

Sparse Local Global
Attention (L+G)

20|

Axial Attention
(T+W+H)

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

orised Factorised

Factorised i Facte
Encoder i Self-Attention Dot-Product
1 '

7 [ . | ,
; i e
f i
| )  —r—
i G i ?T@i
L) ! :
| |

- BFREIEERIDULIBZETITHIED 12— ILTEHNTEFHLEER
RER

- RN D, FREItEZEMxyz 7 E|IL TLE 9 55K (Divided
Space—Time Attention) M E X

- Hh, HROEFEDaA—I)LETTAY
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SIEERRRIRY

Dense Captioning Events

R. Krishna et al. “
ICCV 2017.
https://arxiv.org/abs/1705.00754

Input Video C3D

Dense Captioning Events in Videos,” in

Video features
I —
I —
I —

Proposal module Proposals Output Captions

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

§ je

tk\

—0
Captioning Module

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

Atomic
Action

Scene
Graph

Object

Subject

Relationship

2rly man is playing the pianc

in front of a crowd.
A woman walks to the piano and
briefly talks to the the elderly man.

The woman starts singing along
with the pianist.

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

Eventually the elderly man finishes
playing and hugs the woman, and
the crowd applaud.

o000

[ holdlng ]

( openmg ][ |n front of ] ( holdmg ]

BERA LERBASHE I, BERD
BRICVAWSIENTED

VILFE—FIL-EHHR L -—Y
F57RNILF5IZ&Y, BFFR%E
- BEOEETYR—
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GAN: E{#E Rz DB ELLTIRE
— I7E, ERER/ EEED R MEEDITAZETERETILEZFE
— BRI E (X8R, EEHE, T—255k GEZHREE@EIC A

-

GAND & . —

3 4 — &3 —_—faz =
- BAIBBIE T —5

7
7
2
4]
i)
5
#

A
t i
i)
7 ¥
oy
o4
=2l

- £
4
%
#
”
4
|
#

J
7.
£
g:
@

Discriminator ?%a;/;‘i;?? https://medium.com/@sunnet| li/the—missing—piece—o f-gan—-d091604a615a
D A Wasys]

—

Noise Pk
-  Generator
- G

: = R 4
it 22 ] N e B air
05 —_ W ST o g e
F0 T Py a
0.4 Y I L__A

01 BigGAN https://arxiv.org/pdf/1809.11096.pdf
VA A /A VI

= cvpaper.challenge 23


https://medium.com/@sunnerli/the-missing-piece-of-gan-d091604a615a
https://arxiv.org/pdf/1809.11096.pdf

DNNOER] -CVOD LK (23/51)

GAN@E%M’E%

GAN (A1) F LD GAN)

- [Goodfellow, NIPS2014] https://papers.nips.cc/paper/5553—generative—adversarial-nets.pdf

2. DCGAN(EHRAAHEBDHER)
- [Radford, ICLR2016] https://arxiv.org/abs/1511.06434

3. Pix2Pix (pixel@ £ A 5t i fT{ &ELVIERR TConditionalZ GAN)
- [Isola, CVPR2017] https://arxiv.org/abs/1611.07004

4.  CycleGAN (pix2pixMD 28 Bm7E LhR)
- [Zhu, ICCV2017] https://arxiv.org/pdf/1703.10593.pdf

5.  ACGAN(ATIVEHALREFFIZCERL TV T1avELE)
- [Odera, ICML2017] https://arxiv.org/abs/1610.09585

6. WGAN/SNGAN(FEREIL)

- [Arjovsky, ICML2017] http://proceedings.mlr.press/v70/arjovsky17a.html
- [Miyato, ICLR2018] https://arxiv.org/abs/1802.05957

7. PGGAN(EfEI1L)

- [Karras, ICLR2018] https://arxiv.org/abs/1710.10196

8. Self-Attention GAN(7 T3 tEZ1E )
- [Zhang, arXiv 1805.08318] https://arxiv.org/abs/1805.08318

9. BigGAN GBS #&H#IGAN)
- [Brock, ICLR2019] https://arxiv.org/abs/1809.11096

10.  StyleGAN (B=¥5HIGAN)
- [Karras, CVPR2019] https://arxiv.org/abs/1812.04948

#2018F 12 AR R TORE
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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
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f£BA7;E {8 & B VAE, Diffusion Model ! ?
— LA EHR & B IZGANDME A= 5 = (~2019/05)
— BigGAN, StyleGAN etc.
— VQVAETVAEMD, 20214 [&Diffusion Model W EEREIZAE o 7=
— VAE: GAN® &£51ZMode CollapseZFife a7l & F iR
— Diffusion Model: FBERD YU TIL /A XEERRICMYRKZETERD ZHESEREEXR L

(BigGAN LYLERETHAHZENLTH)

3 i

{ R

il

! P. Dhariwal et al. “Diffusion Models
B89 Beat GANs on Image Synthesis,” arXiv,
¥ 2105.05233, 2021.

. LD . ), T R T T — : S https://arxiv.org/abs/2105.05233
A. Razavi et al. “Generating Diverse +Diffusion Model
% :VQ-VAE-2, £ :BigGAN High—Fidelity Imageswith VQ-VAE-2,” NeurlPS,

2019.
https;//arxiv.org/pdf/1906.00446.pdf
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DALL-E(D i %
~ TEXAMGERZEAE R T SText—to-ImageDEIEERTE CEFTHITRE

TexT prOMPT  an armchair in the shape of an avocado.. ..

AI-GENERATED
IMAGES

- 7RO OE#HTHEFIOIIGRE-CEATNPRLEZZHE

H’%bﬁf@@’&iﬁﬁ\ DALL-E: Creating Images from Text
-1 2001,:%/ ﬁsj_gm%%)bglryg—*‘y Fh\%%&)f:251%0)@{% . https://openai.com/blog/dall-e/

— o SR
THFANDRTFE = cvpaper.challenge 26
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B. Mildenhall, et al. “NeRF: Representing Scenes as Neural Radiance Fields for View
Neural Radiance Fields (NeRF) sy S
B Radiance Field(x,y,z, 0,0 ; 853X ITZEMxyzMDFEEFBBAE 6,9 ) ZNeural NetlZ KLY
ETHTET S FnEJF_EQE

B SREZERBAZHEERI HDT, READOFHAR R LHETE AIEE

Input Images Optimize NeRF Render new views
WA AR R
AR S
i " o‘h g R g2t

%%rwc;;&mn_*
b F A R Y R G R
(e B B G S E D
o . R G R YR
R 2 5%?’93*:\
é'

HEL3RITZERMOI - BHEICIYFHLL
AR R(FE = (EZDIHT RREBFER, L5AAZD26|ILN DR S
#EE)DIE[{ER Z NeuralNet[Z L HEER TR

AN, SRTEMHEETE

ARSI ZHBR R D2RITE
1%, FEMRICZIIRFEHETE
ITEREUNEED
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https://arxiv.org/pdf/2003.08934.pdf
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NeRF D ik & H filr
m 202038 NRH, byT

£

RLEZECCV 2020 AwardZ 2 (TR FRBIIZIEAS

GANSs vs. NeRFs num of papers
40
mm NeRF
7)) I. Ueda, et al. “Neural Density—Distance Fields“ ECCV,
5 30 GAN 2022. https://arxiv.org/abs/2207.14455
Q.
©
o
s 20
-
=
Z 10
0 =
0 5 10 15 20 25 30
Month since first paper M. Tancik, et al. “Block-NeRF: Scalable Large Scene
KD/ /bl T Neural View Synthesis”, CVPR, 2022.

B. Mildenhall, et al. “NeRF in the Dark: High Dynamic Range View Synthesis from Noisy Raw Images“ CVPR,

2022.
https://arxiv.org/abs/2111.13679

https://arxiv.org/abs/2202.05263
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HENGL/ D> BREBETHYFEE~DIEHY
_H—g—f
- {Un—, Weak—, Semi—, Self-} supervision
- {Zero—, One—, Few-} shot learning
- Transfer Learning

- Domain Adaptation

- Reinforcement Learning

— BERAELY/ BENICEEE S5 A S, KOG AITHT HmFLAIE

— BRITTEEDSIIICKEDINILEZE-LHTELEEEZHIISES
- PIOYXLELEFEA~ADMEIFE?
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FEEOMBELTER

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

- Un-supervision ZXE7ZLEE)
T/ T—av N —tEWT —42TEE
— Semi—supervision (EZHEMHYFEE)
T/ T—avEB T —REFE GV T—ATER
- Weak-supervision (53BN =F &)
HAOELTRHEGRRIVEHERIDOBNT—2ZANTES
— ex) MERBREHZITOIRICEBGINILOAZERANTES
— Self-supervision(HCZETIHYFE)
HoHEMzEUYEH L THERERZFEE I 5 B CHEIFE
— FEARVDHICBoHENZEYHUFHRRZFE T 510, TORICHEFIRIDI=ODIT7A4>
Fa—=TE#S

— ex) SEESBILEER TS Y— X ILEMRS BiEESTS
= cvpaper.challenge 30
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B E (Transfer Learning)

- FHLEHHEZ R OMBEBOFE ITERT Sl

— BERFE OMFEAIERR - Taskonomy 2omr CVPR2OTE!
- CVPR 2018 Best Paper Award

- 26FEDIRVRB DELEEER <D
~ CVOELDHTHRIHERSNTWHTIRIERITFS
- PRERALTIEBFBOBEREEALMILE

*.]ir\

§
=

o en
O = n G E e K= TVNOUN SCCcCOWV S0V UVNCS VOV D - - :
cE&&SﬂcoéO%éch‘EOCEELE‘EUQ}C = 5 prediction
GO0 ™ VE w0 gc\-_(—j__ o) B = o2 = = @_5 - R -~ batht thing t
L g==> o o 2T OO ®cC GJ(‘UOGJ(U-O tub,
onoLL oY 0 2 ESEWoan N=S5S0W a0+~ w®© O :
cVN L dJEREOCESS O SV AT O S S O e andb.
L0 e s 00 ocagnsaaZznsaNacwWw . ; dish v
A= 9 O 6V o . T onN Qv S = s o QO ¥ Qg hest, m
cady = w e c a {2 oL g 0
CoOnE s c S . S5 LV &N O =) 3
= > ox g N = ™ S .
] = =] O 1 =
wn @) wn o ,’ g
.
. . LK N ,‘i E
Task Similarity Tree: Z8{L AVEIDEIR E

ZA[fRIE T—5t JH;tzsstx’JlJTLJ/\»ﬁh‘
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HEHYEE

Supervised Learning: SL HiHHYT—2ty 05
o AMIMNEERITH L TEETHEESNIUTIF e ImageNet

o  ANEGHISHEMIRNILIZEDETHEHYFES, e PASCAL VOC

ETNERLTHEENRFHRAZES

BC#MHYFE

Self-Supervised Learning: SSL

o AREICKEZAILAITIERE

o EFLIZR(Pretext Task)% B EBIHI= 4 B

o ANEGMELUIRVICEDIEHESHYEE,
TNEBELTHRENHMRELES

B CHEFFEDH

. Rotation, Jigsaw, MAE
e SimCLR, MoCo (XEBZE)

WRF) T BB ST e
Formula—driven Supervised Learning: FDSL (%3t)
o HRAMEICESWVHEH DA TEEE SBEMR FDSLT—54v+0Of
. /\05)‘—9’&—77.'.[:5;! :’ﬂ Eﬁ_& U1+ . FractalDB ((;E—EJ)J

. Perlin Noise

o  ANEBZRMCEERINILIZEDIETHEMHYEE,
ETNERLTHEENFHREAZES
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SOENERIFECHMHYFE

- —ETARIOKEEBEERZ B REETIE
New ESVlT BElT

Li+ 2106.09785

Bao+ 2106.08254
MoCo v3 DINO

X.Chen+ 2104.02057
Caron+ 2104.14294

SimSiam Barlow Twins

X.Chen+ 2011.10566 Zbontar+ 2103.03230

SImMCLR v2 SWAV

T.Chen+ 2006.10029BYOLCar0n+ 2006.09882

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

T.Chen+ 2002.05709
MoCo v

He+ 1911.05722 . - wm
MIRU2021Fa2—R) 7 LIRS =T —3hoDEREE IKYSIA

https://raw.githubusercontent.com/hirokatsukataokal6/Formula—Driven—DataBase—Group/main/docs/material/MIRU21 Tutoriall.pdf
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20224F CVAEH D ERMEE : VITO B EHYFEE

B EEEFRICKHLTEST—ELZEZHE
> DINO:INJLIELTHDEDCRE oo
> MoCoV3: BB EMoColBlIFk1=AY, VITHIFIZRE
> MAE:/\yFND1E T (BERTDERIRZRY)

contrastive loss [

similAarity B

i

k() kl kg |

queue %

i teacher E

g oot T 5

I

(x1) (x2) ‘ | .

° Iy mgey :clfey a:;ey ~

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/8TIlX80.1FETMH L) (ViT-Has TlX87.8FE TH L)

TILFES )T AIZTHS G Data2Vect Fi5 (LB D A7 T84.2) = cvpaper.challenge 34
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&Et PU j> &Eﬂi E l') $¥ (FDSL; Formula—Driven Supervised Learning)
B ARFRAINGEE/NNI— EHENTONIVEE R, KIREEB T —2 v MEE
> TRIETSVF2ILEMZE R RRRIELT-FDSL
> R—RERBHTIAVER/ AV REZ ZAEIF1k/1kD 1005 E (£
4 FRARAI ()
FNIVDER (5 ?5’1x"7‘/7°') >
6 = {(6i,p:)}ies

T—45 DER (IFS)
IFS = {X;wl,UJ2,°' L, WN;;P1, P2, " 7pN}

. ai bz 6@' to make a pre-trained CNN model without any natural images.
&y d; f i
- FDSL / FractalDB FractalDB Pre—trained ViT
S * y — * H. Kataoka et al., “Pre—training without Natural K. Nakashima et al., “Can Vision Transformers Learn without
=plw* =w €T = (e ' g "

pi = p( , ") t+1 () Images,” in IJCV 2022. Natural Images,” in AAAI 2022.
https://hirokatsukataokal6.github.io/Pretraining https://hirokatsukataokal6.github.io/Vision—Transformers—witho
—without—Natural-Images/ ut—Natural-Images/
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&Et I:IJ j> &Eﬂi 5 I') #a (FDSL; Formula—Driven Supervised Learning)

m EER+ ARZEIZEALVEE
Him L IXERICEEHDTI) - A RI R EE K EE

100

90 -

Accuracy (%)

60 -

50-

2RI B ClmageNet B HIFE IR EIT /R EICENE

B S%& KREIHRFETIKYTEEIMET LA XEZEXRIETFE

80 -

70+

i n
(w/o natural images and human a

= Supervised ViT
v v Q
" . ised ViT >
¥ en Super\llsed Vi S,
Our Formula-driv notation in pre-training) °

Scratch
— |ImageNet
- FractalDB

0 200 400 600
Epochs

800 1000

ImageNet vs. FractalDB: SEE{RH A ICLKDHEISNILE ALV
L\FractalDBIZ & 5% & TScratch=F & KUEHLEEIMIZS VB E,
MDImageNet|EWLVEE FTEE. HIZ L, CIFAR-10TI&
ImageNet 98.0 vs. FractalDB 97.8.
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ERT—2BAOHE

> CGZEEIFEIZEYITILISEDITS (SimGAN)

> CGh b REDEERZ A X (Domain Randomization)

> YIRFEZRZONZBERIZHIERIZTEA T S5 (Cut-and-PasteF &)
> JAXE 1%):5E%&EW%L)%E"C@E*F#@E—?E(Vlsual Representatlon)

Synthetlc \ Refined

s
Real vs Refined ._<|'—‘
AP —

Unlabeled real ~ FE-SSEE SRS e e o b Yy
[Sundermeyer ECCV2018] [Remez, ECCV2018]

SN ELCGT —ATERFM6DIRE, &5 [ Cut/Paste TERE T AR )LZEEMD,
[SZERE UAEEILT= BEAYIZHEET HFEE

[Bara;iad, NeurlPS21] |
/A XEREE CHENTHRE S ST
EBTE

[Shrivastava, CVPR2017]
CGZELYEBZEMIZFKRITI SRefiner

ZEA

Keyword: Synthetic Data, Adversarial Learning, Data Augmentation, Domain Randomization, Formula—driven

= cvpaper.challenge 37

Supervised Learning



DNNOER] -CVOD LK (37/51)

+

S

Channel
MLP

r Norm ]

—p|

" Token '
~ Mixer :

—_—

Norm |
" Input '
. Emb.

" Input
Emb. |

Transformer
(e.g. DeiT)

(a)

MetaFormer
(General Arch.) |

MLP-Mixer

I. Tolstikhin et al. “MLP—Mixer: An
all-MLP Architecture for Vision,” in
NeurIPS 2021.
https://arxiv.org/abs/2105.01601

VITOFRE/HERE(T{thDE

TIV/ T—30OB%E

— —>
Channel Channel
MLP | MLP

Pooling

|' Norm ]
" Input ' Input
Emb. Emb. :
MLP-like model PoolFormer
(e.g. ResMLP) (Ours)
MetaFormer

W. Yu et al. “MetaFormer is Actually What Yo
Need for Vision,” in arXiv:2111.11418, 2021.
https://arxiv.org/abs/2111.11418

ILTLHETELHD

N~

Va—

TlEHEWLWAN? 2B/ N—ETrAY / PoolingTERE

X
(=]
oY

ERIFDIENTES.

—>AKEBIFIEZIZHBDOM?

ImageNet-1K Acc.

90

88

82

80

78

76

45

40+

35

30

25

20

ConvNeXt

Z. Liu et al. “A ConvNet for the 2020s,” in
arXiv:2201.03545, 2022.

ConvNeXt
Swin Transformer https://arxiv.org/abs/2201.03545v1
felel) Swin Transformer Conyhieat Sy g
par (2021) CNNTHHET NILVITE
o R &L EICETHE
F({;S:\lse)t '7‘)1/_701t / H:'V-‘/*}l/%{é&ig
® e
. R RV RE
ImageNet-1K Trained ImageNet-22K Pre-trained jj—*)l/"j"fx
&

bbox AP: R50-FPN, GN

Rethinking ImageNet Pre—training

K. He et al. “Rethinking ImageNet Pre—training,” in ICCV,
2019.

https://arxiv.org/abs/1811.08883

pre—trainDFEENRIZFIZ

typical
fine-tuning
schedule

B E D E [ TldImageNet Pre—trainh®

. ‘
BRATLS, . —random init
! w/ pre-train

1 2 3 4 5

iterations (105)

FEREEH LTS Escratch/

ImageNet(Z{D 2RI DFEE [A]
LFIZEEB TS
FRETIILAGEWNNERSE)
AT FTCRGEEITNERFD
RBEETIE

» f=1ZL, 1KLL EDSRN)ILITHE
IR D EELIT D EFIZE
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{2/ SiEDB) XiRIE1L
> BEREAICENT, SMEERESL T —2 Y EE
> ZOi, YRR CEEEEICHS L THERIREL

(E{REER / Bl R ]

[#iAtRH ]
Open Images Dataset Vo +
S~ JLIESNSDEFI A fix 52 oNNIEETILERIETES Exte n S | O r‘] S

3.9B

Top—1: 85% w/ ResNeXt-101 /55 /L HEMTEDXARTREEBREZTDH

Target task: ImageNet

Source task
ImageNet (target = source) | Openlmages

84.2 84.2 Instagram (940M, 1.5k tags) . . .

= s Instagram (18, 8.5k tags) I. Krasin et al. “Openlmages: A public dataset for large—scale multi-label and
I (1B, 17k ) . . e .

ot g i multi-class image classification,” 2017.

https://storage.googleapis.com/openimages/web/index.html

55.2 55.6 55.8 56.0 -
= [ I-I{ Em]
48.4 48.2 48.549.0
0

46 Ill

1,000 5,000 9,000
Number of classes in target task (ImageNet)

©
o

79.6

©
o

~
o

PUBLIC IMAGES WITH
[Mahajan, ECCV2018] s

KASHTAC
FBliSNS(DHashtag'Gv&J)V?%?HUL,, EBE¢]]
{2 D 3.5BARE £ DBHE S

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

ImageNet top-1 accuracy (in %)
g ]

N
o

WA ¥ H [\ 1+ D Openlmage V6 & 15ME {2 - BEFE
, DALL'E (FTah) [£250ME{& - T X A RE BT
T—RYrEEE

w
o

Instagram—-3.5B / 65M

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

DALL-E: Creating Images from Text
https://openai.com/blog/dall-e/
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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/Ghadivaram Large—Scale Weakly—Supervised Pre=Training for Vi
deo Action Recognition CVPR 2019 paper.html
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https://openaccess.thecvf.com/content_CVPR_2019/html/Ghadiyaram_Large-Scale_Weakly-Supervised_Pre-Training_for_Video_Action_Recognition_CVPR_2019_paper.html
https://openaccess.thecvf.com/content_CVPR_2019/html/Ghadiyaram_Large-Scale_Weakly-Supervised_Pre-Training_for_Video_Action_Recognition_CVPR_2019_paper.html
https://storage.googleapis.com/openimages/web/index.html
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Foundation Modelzs=e>.: N8I FA R BEZRET JLGRE A T4t~ Bki)
m NLPOEFCIZBERT, GPT-{1, 2, 3}, DALL-EZ:&
B CVO B TlIimikFlorence’ i AEMEET ILHNIREIN

Florence (Vision Foundation Model)

eeeeeeeee

Questi (2)
% Answering | . | l ‘ Object-level Representation
i Unified Contrastive Learning N (Bynarne Hei{\daptor)
Data S ' Sentiment T - s .
; '&i \ .+ Analysis | 48 ™~ Benai |
% ) o) ( . \ grained V+L Representation |
~) i Image Encoder (CoSwin) (METER Adaptor)
Text =
Ll NS . @ ===
[ 4 by | |§ <IN/ % Information __- _ ‘ - -a:- ‘ Vid tati
€ J/Images ﬁﬁ' ¥ Eeicon \ age i \ : L ‘ 1(‘e/‘i’dlt::p(l;issez’lvin)(m
N ane oy \. Adapt ti ' ‘l__? ______________________ i ____.' K:___________________________/__‘ Action Recognition
speech VIV Training Foundation - Tasks
, g @ — Q/ — i
_ Structured 5\\\~
® . Data . .
g A Obiect Florence: A New Foundation Model for Computer Vision,
. = | /] Recognition .
30 signals quEm S * 2 https://arxiv.org/pdf/2111.11432.pdf

G o i « 44 R EIRTT e
== c IEDER-SENT T HEEE

— KU EIE TlEPolyViT(2111.12993) / NuWA(2111.12417) / Omnivore (2201.08377)
c EBETILORTAR—N—HTIEHME HAIETILARERZHNICIRE
- FMO AT REE L IR 53R = cvpaper.challenge 40

On the Opporttunities and Risks of Foundation Models,
https://arxiv.org/abs/2108.07258
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l Gopher I

GPT-3 PaLM
Megatron = Megatron-Turing NLG Chinchilla
Bert Gato
CLIP
GLIDE Parti
DALL-E
DALL-E2
Transformer ViT
| Perceiver Florence Imagen
Perceiver IO\ NUWA Flamingo
PolyViT
wav2vec HuBERT
wav2vec 2.0 XLS-R Time
P
2017 2018 2019 2020 2021 2022 NOW
- FMs : Language Solver : Reinforcement Solver : Strong Influence
: Vision Solver : Text to Image Generator §

(Adaptable

to Multi Tasks) : Multi Modal Solver

: Audio Solver
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BHAE BB (NLP)% ¥ CTransformerHSFE 4

e Transformer

Output

o Self-Attention(B 2 FE)HEIZ LY

. I Tie
RHNT—2Z—1ERFALIE A A8

Feed

(FERDRNNTIEZE R (IR St
S ETESUIE CEREA NS [_t=’Jﬂ
s 1 =\ Add & Norm
BN - BERMGEMNR A IR SRR (L ) L Add & Norm Multi-Head
Feed ention
- GPUZLURI—T L { lf_f% s
BRICHINHAICLSIFEEEILATEE N | ) | | e
e iain =
o ANV—HUREEE BT | | -
S — J \ 44
e e r Creoans O > e i
o FEEFMEEME/TEaER LZRFFICRIR t En?:e}s:rng o
. 1t @A 2R
o JLAMURIL—ZEIERECLT- nts - ouputs

( é H# 0) é]] I:IRQ Z 7 -t S OTA% J-jz ) [Vaswani(Google)+, NeurlPS17] ml- riﬂsﬁofmef'p?lﬁ:ﬂf’t‘??ﬁﬁﬁ "

B3%E T AHPCIZ L BGPU/TPUIL FI St T Lt 1R BE.
= ERDIEELTORSMERETIVIE, TransformerAtR—RIZ = cvpaper.challenge 42
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NLP% (= TTransformerHSHi5H85

o BERT(Bi—directionaI Encoder Representations from Transformers) [Devlin(Google)+, NAACL19]
o RENAATFANT —FTHRAFEE -FRVICEHE TEMFEE
o HIR-FRALHENLPOIRIEEEIRCENTEDETIL
o XENEGEEMITIIENTESLS - L558E

o I H'BERTIZEAEL=?

-

o HEHBEFPEBICKYSAIIGLXEZFEISEARRE
o WMAMETIVIZOE, BEDHTRMNOXAIREILE

ﬁP Mask LM Mask LM \
A s *
1 aee 1, wee M‘

BERT

| I | P | e
— 17 LS LT i
o |

|
(eo](m] .. [(on](on)(er] .. [
I_'_l (_l_l

Masked Sentence A Masked Senten

ce B
*
Unlabeled Sentence A and B Pair

Pre-training

BERTTCIEIZLDERIFE—FETILTHLIENTESLN, TOFEBEXIXE
DIAVEETIOBCHEHYFEICKYERIND

Attention is All You Need. (7t T—4%)
| BEEMIZRIBER
Attention is All __ Need. (1€ 5T HI])

| BERTIZ&YitTE
Attention is All You Need.(1f£T1%)
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ARILARIVDXFEERZRREIS

[ GPT(Generative Pre—trained Transformer) [Brown(OpenAl)+, NeurlPS20]

o EZoN-XENDHEZTFRILTXXELER
o PisRSNABEITINTGA—EE / 2ETXF AN A X A=K (2

o GPT:12{B/\TA—4

o GPT-2: 158/ \7)‘—9, 40GBTFX+ A+

o GPT-3:1750{8/\5+*—4A, 570GBTF X F(B000{E+—2>)

o IREGN\TA=FHDEMIZEYKRIELERERENR SNT-

o Lo XaJYTADELIEEDODNDIFEIZXEEREEHZTIE R

Announcing the NeurlPS 2020 award recipients NeurIP$ 2020 Best Paper Awards

The winners of the NeurIPS 2020 Best Paper Awards are:

Hsuan-Tien Lin, Maria Florina Balcan, Raia Hadsell and Marc’Aurelio Ranzato
¢ Language Models are Few-Shot Learners by Tom B. Brown (OpenAl),

Benjamin Mann (OpenAl), Nick Ryder (OpenAl), Melanie Subbiah (OpenAl),
Jared D. Kaplan (Johns Hopkins University), Prafulla Dhariwal (OpenAl),
Arvind Neelakantan (OpenAl), Pranav Shyam (OpenAl), Girish Sastry

In this blog post, we are excited to announce the various awards that are (OpenAl), Amanda Askell (OpenAl), Sandhini Agarwal (OpenAl), Ariel
presented at NeurIPS 2020 and to share information about the selection Herbert-Voss (OpenAl), Gretchen M. Krueger (OpenAl), Tom Henighan
OpenAl), Rewon Child (OpenAl), Aditya Ramesh (OpenAl), Daniel Ziegler
OpenAl), Jeffrey Wu (OpenAl), Clemens Winter (OpenAl), Chris Hesse

(

( = —
(OpenAl), Mark Chen (OpenAl), Eric Sigler (OpenAl), Mateusz Litwin G PT_ 3 Eﬁi K ' j: N eu rl P S 2 0 2 0 ‘ - —c
(

OpenAl), Scott Gray (OpenAl), Benjamin Chess (OpenAl), Jack Clark =
(OpenAl), Christopher Berner (OpenAl), Sam McCandlish (OpenAl), Alec B e St P a p er Awa rd E z% 1?
The winners of the NeurIPS 2020 Best Paper Awards are: Radford (OpenAl), llya Sutskever (OpenAI), and Dario Amodei (OpenAl).

This paper will be presented on Monday December 7th at 6:00 PM PST in the
Language/Audio Applications track.

NeurlPS 2020 Program Chairs

processes for these awards.

NeurlPS 2020 Best Paper Awards
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CLIPIZ S5

TLTEBROEKRZIRASL VX

HXDEBRII—F —DESITEDEDICEBENEVEES (SRILV) IISE->TEBGERA DD TIFEL,
[EDHLDICEHRNHIEBREANL-THBZRAS-O, JUREGEDSVEALTEGERZERLES

:

|

e 3 “BEEDSBIEMN
ass: R CLIPT E-TIbozxR TS
E{g5ET FRI#E
BEATEE
REFP SWSHLEREMIRY,
! L e s Vision and Language# X%
R AR
B 3 C &=
s &
{4 5E & BB % RESEE
CLIP [Radford(OpenAl)+, CVPR21] FESF— a3y
Epap— Ik " EsUT4 ] " NeRFIZ&3 ]
E{& X+ Ta Yi5R — R
% 4 j - > : =
TERMED ] ( EgEm
L EfRER *rFa=vy

-

)
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RERIZCEFSNAXNENCEERERKRTHIEBETIL

e DALL‘E [Ramesh(OpenAl)+, ICML21] DALL-E 2 [Ramesh(OpenAl)+, arXiv22]
e  CLIDE [Nichol(OpenAl+, ACL22] e Imagen [Saharia(Google)+, arXiv22]
VQGAN-CLIP [Crowson(EleutherAl)+, arXiv22] ° Parti [Yu(Google)+, arXiv22]
etc---

RKAEDETILELERBOSSFLIIZALRL.

[Efa - = i
I|:ll I-|
‘— N Text I.I I.I
CobRTHBEESLH Encoder ‘ Il:ll ‘ ztemt . zimage ‘ Il:ll
| |
& &
Rtext Zimage
— . v 4
FEZRMSBERELEATITIOVY FXACDBERBHISEB/REZEERTDITOVY
(Text Encoder) (Image Generator)

EBETIIHTREDIELERILE,
e Text Encoder [CfAlZ{ES5H
e Image Generator [Z{fA[Z{E5H
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Transformer — Vision FMs 3D DHRA /b
o HEBES)TA4E—ETI

o EH{§ EE-BEF&—DDTransformerET L THKZ S

o RIFFICHRAZDERUTAILEBIIER]
o ETIL-T—EDY XN

o T—H HE~HTERIE (e.g, WeblmageText(400M), JFT-4B)

o ETIL-BENTAFRAEEELLHKENE>ELLY) (e.g.,Flamingo, Parti)
o SNIELT—ATHIES

o HOEHEHYFEBENDRER

o TILFE—HFIDHENGZLES
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BAXBRET—2tvk JFT-300M/3B

m JFT-300M/3BIZFNFN3E/F0EEZE S EEGE T —42t vk

90

S N

o

g 8 @

=

Q

< ®

— 80 9

[oh

o ]

F

Z 75 BiT ® ViT-L/32

[5) d

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

E ViT-B/16 () ViT-H/14

7041 , .

ImageNet ImageNet-21k JFT-300M

Pre-training dataset

Vision Transformers, https://arxiv.org/pdf/2010.11929.pdf
ImageNet—1k Top—1 Accuracy: 88.99 (ViT-H/14)

SIRE Ve G CITE ONGE=$iRy P w52k

ImageNet finetune error rate [%]
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w
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g
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\
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@
& ®9
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E=0.09+0.26(C+0.01)703 o3
10° 10! 102 10° 10*

Compute (TPUvV3 core days)
Scaling Vision Transformers,

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

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

RERT—3 YNNI T DM ?
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B XTechttEI[CLAIRKRET—4VrELIE
o MBIZRET SISV IA—LALT

FEAFGTHERRRT —2Z2INELFFE

G I JFT—3OOM/ 3 B/ 4B (Google, 2017/2021/2022)
O g € —H#93{E /308 A0EM D EE T —2 Y

4 Training and Evaluation Datasets

41 Training Datasets Parti [Yu(Google)+, arXiv22]

We train on a combination of image-text datasets for all Parti models. The data includes the publicly
available LAION-400M dataset [43]; FIT400M, a filtered subset of the full 1.8 billion examples used
to train the ALIGN model [9]; JFT-4B dataset [44], which has images with text annotation labels. For
textual descriptions of JFT, we randomly switch between the original labels as text (concatenated if an
image has multiple labels) or machine-generated captions from a SimVLM model [45]. We discuss

IG_3SB (Facebook, 2018)
N Meta .eomarsen

T4\ —DEBECRADBENHHLLL,
BHICABIETETHLL RE
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FEEFEGICI > TEEIN-ER - EET—4NEIE

° LAIO N(Large—scale Artificial Intelligence Open Network)
= LAION-400M / 5BIZZNENAHE / 50E (! ) DEE - TFRACDRTT—4

« EMOPEN AlZB#—100% JEEFI, 100%HEF}
n FOLMAREZFER, S2E OMEBELENESLTT 2 yhEEE
m T —7%[%Creative Common CC-BY 4.0 License

SINGLE CPU WORKERS SWARMS S &4

E i download job.
Width Laion2B-en Height MULTICPU WORKER DC NODES L
VM OR BARE METAL HOME WORKERS Postgresql PREPROCESSOR
store downloaded data . = =
docker e

@® 0128 @ 1024-more DL STAGING [iille—— T

1024-more filter filter
: 512-1024 . 0-128 serve downloaded data to GPU I I

@ 512-1024 e

® 128256 ® 128256 GPU INFERENCE NODES Pl BLOOM FILTERS

256-512

256-512
store filtersd metadats TRACKER ]
Text length
MAIN STAGING

@ 50-100 pass metsdats topermanent storsge |
® 2550
@ 0-25

@ 100-150
150-more STORAGE (S3)
-

LAION2B-enD st 2 M

(1'@@&?1-135#&:6% V) - Common Crawl dataset (Peta—byte scale)/SURL/TFACDRT7IEE
R . E—URLAVS S BI-ESIEER oD ERS 5 O—F

=5 4=

T—A%CLIPIZTHR IR EHGPU/—FEH BRMIET),

BEgETFANDIELEHE
https://laion.ai/#top g Cvpaper'Cha"enge 90
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High Performance Computing: %50 &

— AWS/Azure/Google Cloud, H AR T¥HTsubame3.0/ABCl/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 tH R X IREEFHDZE
- 29h>1h>30m>15m>66m>18m>20m>12m

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 15 mins 74.9 %
Jia et al. [5] 65,536 Tesla P40 x 2,048 TensorFlow 6.6 mins 75.8 %
Ying et al. [6] 65,536 TPU v3 x 1,024 TensorFlow 1.8 mins 75.2 %
4 Mikami et al. [7] 55,296 Tesla V100 x 3,456 NNL 2.0 mins 7529 %
https:// cofmmans.wikimedialore/wikiZE™ This work 81,920 Tesla V100 x 2,048 MXNet 1.2 mins 75.08 %

ile'TSUBAME_3.0_.PA075096.jpg

M. Yamazaki, et al. “Yet Another Accelerated SGD: ResNet-50
R T KTSUBAME 3.0 FE#BABCI Trainingon ImageNet in 74.7 seconds,” arXiv pre—print, 1903.12650,

2019.
https://arxiv.org/pdf/1903.12650.odf % cvpaper.challenge o1
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OVEA—3E AV BLUVABSH TR TS E—8E LD

n REFEBICBNT, ABIOBEFSARILZAWNT ELREFRZIZELTIE
AE&VEEN-AEMEZES
> BHOHENHYFEICKHEEREH

 KEERES-EET—4yNMITREL-EGBERETIVIZEEHE
Fol-LEhhd

> [B{R 4 RRAI
n ER-EEMDOLIAANICEIRIZRITTHIETILHNEIEG
> H#gF5)L

n 3RGTEMZEZEEFHICHR

> Neural Radiance Fields (NeRF)
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(Senior) Area Chairs / Outstanding Reviewers

o Senior Area Chairs|ZRAICRERE S LA ENZLVA, Area Chairs / Outstanding Reviewers(d & FHf
RENLEIALELREIN TN

o Area Chair [ (BZ)BNHIELNAT TEIHAEEINELIND

o Outstanding Reviewer [XFFMDIETHY, IR TREZSAEHDLHAINARZTRASIBEWNB INHAIERICHS E
=A%

|

o BARMDHEEL, EEBTEEINTNS!
n BRICHIRBREETINATTEHITRVEB IZF 2 EHRENNSGCEETY

*CVPR 2023 Program Guide (Main Conference)
https://media.icml.cc/Conferences/CVPR2023/CVPR_2023_MainConference ProgramGuide.pdf
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Program Guide*x&k YT ¥ Fa 4l | 0D 5F#H
o “CVPR 2023 received 9155 submissions”
x 9,155 AN ETaS, RIELYE12%(CVPR 202285138,1615/8X) IRFa B U=

o 72359 papers were accepted (25.8% acceptance rate)”

o “235 (10%) were selected as highlights -*- 12 (0.5%) papers have been shortlisted as best paper award
candidates”

n 1EEESEIZ2,300KFBAAHIXHIFEIR
m OH10% 22 =5235MNNATALHERK, 126D H D ZEZMRIXELTI XL

*CVPR 2023 Program Guide (Main Conference)
https://media.icml.cc/Conferences/CVPR2023/CVPR_2023_MainConference ProgramGuide.pdf
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Program Guidexd YWl & 5481 D &5 #H

o "The review process was managed by 400+ area chairs and, new to the process this year, 30 senior area

chairs”
s BHGBaxEDLT)T7FT7 (AC)T=ITTA008 8, SHIZEMDU =TI 7F7T (Senior AC) %304
ZNYHT

s COSHIZEFIZTATSLEZER(PC)ALYS

o "During the review phase, each paper received at least 3 reviews from the pool of 6625 reviewers”
m RT6625RLDEFAENEGICHRYMBAL
m 1FRBEFHULEETDE, BIRXE9,155(xLT27465LL LD EFENEF o= (ERICIE KLY Z<D
ENEFo-EEZEZBND)
— BEFRBEDZRGLIRAZEKYEENKYILE, AR CHEXHAERLTLNS !

*CVPR 2023 Program Guide (Main Conference)
https://media.icml.cc/Conferences/CVPR2023/CVPR_2023_MainConference ProgramGuide.pdf
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CVPREFEHH - IRIRZEZD LT E
:]:x nyﬂ **:]:R$®£L F?Q*E*ﬁj@i%l%%%‘ﬂ%ﬁl:j%ﬁ% 1 2024(Z
CVPR¥EEEHER 10,0008 %F&IZE 5D, ELVSERN

MRIREE | (L 25%Ri 2 (R 2

MEIR#011%2018-2019T1,0004#2, 2022,
2023(%2,000 KB FE TEIE
(2014THL500KEETHHT-)

-fforals —~f#submissions —--acceptance rate --oral acceptance rate

ResearchPort - [CVPR2023-##Rk- |ResearchPorthy T ho 77UV XE R &l vol.9&kY cvpaper.challenge
https://research-p.com/column/1237
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Program Overview*d !
o F£9 OralM7ELN...?
m Award candidates DA AFEFETR, oralld LR 5 &highlight&L VD4 HI

m CVPRMDYouTubeF v RILHG highlight &L THIT:
https://www.youtube.com/playlist?list=PL bDvITUYucBIYzTTt3DEsI__BBr—WAHGMS

TUESDAY WEDNESDAY THURSDAY 2:00 PM

Plenary panel: Plenary panel: Plenary panel:
History and Future of Artificial Vision, Language, and Creativity Scientific Discovery and the
8:00 AM Breakfast Breakfast 2:30 PM |Intelligence and Computer Vision Environment
Breakfast
8:30 AM i .
Opening pweras 200 FM Award candidates PAMITC meeti Award candidates
: TUE (ecting THU
9:00 AM : : : 3:30 PM
Plenary keynote: Plenary keynpte. Plenary keynote:
9:30 AM Rodney Brooks Yejin Choi Larry Zitnick 4:00 PM Coffee break / Coffee break / Coffee break /
’ Poster setup Poster setup Poster setup
10:00 AM Coffee break / Coffee break / Coffee break /
: Poster setup Poster setup Poster setup 4:30 PM
10: :
=0 AM 5:00 PM Poster session Poster session Poster session
: : TUE-PM WED-PM THU-PM
11:00 AM Poster session Poster session Poster session 5:30PM
11:30 AM TUE-AM WED-AM THU-AM 6:00 PM
12:00 PM 6:30 PM
12:30 PM 7:00 PM
:00 PM . i
1:00 Lunch Lunch Lunch 7:30 PM Socials Recention ard
1:30 PM 8:00 PM Musical Performances
L ROTEDEHREILTET 8:30PM
*CVPR 2023 Program Overview (Main Conference) = cvpaper chal Ienge

https://cvpr2023.thecvf.com/Conferences/2023/ProgramQverview
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Program Overview*dl)

o Keynote (3B1F

m SEF(ZoralZdt L, TDFHBEERAR

8:00 AM
8:30 AM
9:00 AM
9:30 AM

10:00 AM

10:30 AM
11:00 AM
11:30 AM
12:00 PM
12:30 PM

1:00 PM

1:30 PM

EE)MNETE!
m WEZRMLT—FE] keynote (FT7AT S LSRN ESNEFEN)KYorallZ7E B
SEZA4HEINSCIBAMIZENE ?

TUESDAY

Breakfast

Opening

Plenary keynote:

Rodney Brooks

Coffee break /
Poster setup

Poster session
TUE-AM

Lunch

WEDNESDAY

Breakfast

Awards

Plenary keynote:

Yejin Choi

Coffee break /
Poster setup

Poster session
WED-AM

Lunch

. BOTEDEHAELTET

*CVPR 2023 Program Overview (Main Conference)
https://cvpr2023.thecvf.com/Conferences/2023/ProgramQverview

THURSDAY

Breakfast

Plenary keynote:

Larry Zitnick

Coffee break /
Poster setup

Poster session
THU-AM

Lunch

2:00 PM
2:30 PM
3:00 PM
3:30 PM

4:00 PM

4:30 PM
5:00 PM
5:30 PM
6:00 PM
6:30 PM
7:00 PM
7:30 PM
8:00 PM
8:30 PM

Plenary panel:

History and Future of Artificial
Intelligence and Computer Vision

Award candidates

TUE

Coffee break /
Poster setup

Poster session
TUE-PM

Socials

Plenary panel:

Vision, Language, and Creativity

PAMI-TC meeting

Coffee break /
Poster setup

Poster session
WED-PM

Reception and
Musical Performances

Plenary panel:

Scientific Discovery and the

Environment

Award candidates

THU

Coffee break /
Poster setup

Poster session
THU-PM

il
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Program Overview*dl)
o Posterld 2 FfE]

m J${EZDLE RKEET23HGGHMIMNFEIREN TS

n 2 HHOTE, £y atHY400KTFDRIMNERIND
[EI A/ RN GEED) ITE Imu%‘)ﬂ’a(?aﬁﬁ)w))‘u—lz

TUESDAY WEDNESDAY THURSDAY
8:00 AM Breakfast Breakfast
Breakfast
8:30 AM Opening Awards
2:00:AM Plenary keynote: Plenary keynote: Plenary keynote:
9:30 AM Rodney Brooks Yejin Choi Larry Zitnick
10:00 AM Coffee break / Coffee break / Coffee break /
’ Poster setup Poster setup Poster setup
10:30 AM
11:00 AM Poster session Poster session Poster session
11:30 AM TUE-AM WED-AM THU-AM
12:00 PM
12:30 PM
1:00 PM Lunch Lunch Lunch
1:30 PM

s ROTEORHABEILTET

*CVPR 2023 Program Overview (Main Conference)
https://cvpr2023.thecvf.com/Conferences/2023/ProgramQverview

2:00 PM
2:30 PM
3:00 PM
3:30 PM

4:00 PM

4:30 PM
5:00 PM
5:30 PM
6:00 PM
6:30 PM
7:00 PM
7:30 PM
8:00 PM
8:30 PM

Plenary panel:

History and Future of Artificial
Intelligence and Computer Vision

Award candidates

TUE

Coffee break /
Poster setup

Poster session
TUE-PM

Socials

51 & (oh-)

Plenary panel:
Vision, Language, and Creativity

PAMI-TC meeting

Coffee break /
Poster setup

Poster session
WED-PM

Reception and
Musical Performances

\\‘ h\

Plenary panel:
Scientific Discovery and the
Environment

Award candidates

THU

Coffee break /
Poster setup

Poster session
THU-PM

il
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Program Overview*dl)

o Plenary panel%& 15 !

B TOREYIIZETH57000TOFBFLT, FfLURFIRIET 5y 3y

m ‘History and Future of Al and CV”, “Vision, Language, and Creativity”, and “Scientific Discovery and

the Environment” D 3kE w4

] \°* IJ 2 |~— :E%’—‘ TUESDAY WEDNESDAY THURSDAY
Panelists:

¢ History and Future of Artificial Intelligence and Computer Vision
Chelsea Finn (Stanford), Dan Huttenlocher (MIT), Linda Shapiro (University of Washington), Jamie Shotton (Wayve)

¢ Vision, Language, and Creativity
Aaron Hertzmann (Adobe), Michal Irani (Weizmann Institute of Science), Devi Parikh (Georgia Tech), Jason Salavon (University of
Chicago)

¢ Scientific Discovery and the Environment
Elizabeth A. Barnes (Colorado State University), Sara Beery (MIT), Josh Bloom (UC Berkeley), Kyle Cranmer (UW Madison)

TZ:UU PM
12:30 PM
1:00 PM Lunch Lunch Lunch

1:30 PM
s ROFTEOHREBEILTET

*CVPR 2023 Program Overview (Main Conference)
https://cvpr2023.thecvf.com/Conferences/2023/ProgramQOverview

2:00 PM
2:30 PM
3:00 PM
3:30 PM

4:00 PM

4:30 PM
5:00 PM
5:30 PM
6:00 PM
6:30 PM
7:00 PM
7:30 PM
8:00 PM

8:30 PM

Plenary panel: Plenary panel: Plenary panel:
History and Future of Artificial Vision, Language, and Creativity Scientific Discovery and the
Intelligence and Computer Vision Environment
Award candidates 3 Award candidates
TUE PAMI-TC meeting THU
Coffee break / Coffee break / Coffee break /
Poster setup Poster setup Poster setup

Poster session Poster session Poster session

TUE-PM WED-PM THU-PM

Socials

Reception and

Musical Performances

il

cvpaper.challenge
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Program Overview*& )

o Award Candidates
m FRIRSNT=mIXHEFBRFE10 T(EE) OralF 3R
m SETELD(LER " HV0.4%

TUESDAY WEDNESDAY THURSDAY

crch Sevonon seutoms Highlights
2359 Papers + and Award
# 235 Highlights: Tag Candidates

¥ 12  Award Candidates: Tag & Talk

/l iw_».

Each award .
3:00 PM Award Candidates candidate paper also Award Candidates A, -,
has a poster slot!

il
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CVPRZSINEDHEF

Attendance

M Vitual [ In-person

12500

10000

7500
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2500

0
2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023

Year

CVPRA K Twitter& Y 5| A
https://twitter.com/CVPR/status/16711813055964856327s=20

SME (XHEFE(CLERTHD

— & Virtual C&Mand A+

IND—N\—BEIXHE D 5 HivisaD BERIEM
HEETSIMEBLBO-? ?
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ES—
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CVPRZ=INE D AER

CVPREMN& &%x& %8337 A

CVPR 2023: ~8337 attendees from 75 countries/regions

Canada Germany 372 Austria 4 China 1413

UK 303 r}l—,1 '. i-,v:..ﬁ 0 : South Korea 815 _ N n o
R Switzerland 173 | "' i 7:(J.'“. Japan 304 MERIE, 14IUS 2279, 2 A [E 1413, 3L 52

France 141 Finland 10 vkraine :. Singaporo 148 @ 8151 411LL jjd_ﬁ 672

lal\

naly 85 Norway 8 colond ! Hong Kong 119
Spa'n 52 Nad(an 4 y
“i ) “ Portuge 8 Latvia | Israel 118
Swedon 1) Romania 8 Malta 1 i
South Korea Netheriands 47 Serbin 7 Sloyakia 1 e L
Poland 20 X . zedd s Talwan 80
bl Luxembourg. 8 3 Arabis 4
Denmark 30 AnARRKS e WG ]
us 2779 s 33 L Pyt BT UAE «
oegium o C'GJ{ a 4

Canacd st Caoch Roputi 26 hEOSMEESOAERIRIBIZE T

Wexico 25 vialaysla :

Puerio Rico 1 Macau 9 6*‘*’}\7‘;75\01—: En%
Ethiopla 16 Burundi 1 ':,.w,:,r“; 3

Brazi » Senega 6 Cameroon 1 Australia 115 '“:"’_""-

P ~ o Nigoria 5 Egyp! 1 Now Zoaland 4 Hanan )

HAR(X3042SM, IBRLELTIXEARDGHL

CVPRA K Twitterk Y S|
https://twitter.com/CVPR/status/16711813055964856327s=20

e
——
—
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Best Papers

O F9 [LAwards Committee (E &%

te 31 best papers

o Area Chairs nomina
ortlist 12 candidates

o Senior Area Chairs sh
e Program Chairs form com

o Awards Committee considers S

mittee
hortlist

o Read papers, reviews, rebuttals

o Discuss and rank in smaller groups and then as full committee

il
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O Best Student Paper / Honorable Mention

Honorablée Mention (Student)

Best Student Paper

ing Text-to-Image

d DreamBooth: Fine Tun o

iffusi iect-Driven
3D Registration with Maximal Cliques Diffusion Models for Subject-Dri

Nataniel Ruiz, Yuanzhen Li, \arun Jampani,
Yael Pritch, Michael Rubinstein, Kfir Aberman

9

N
~
s

N

Xiyu Zhang, Jiagi Yang, Shikun Zhang, Yanning Zhang !
™%

shows how fo fine-tune a text-conditioned image generation diffusion modelto

generate a target object in novel contexts, viewpoints, and artistic styles using only Tr

an approach for the fundamental piem of point cloud registration that leverages-# 7 e few image exemplars, with impressive generalization capabilities

maximal cliques within a comp raph from noisy point cowdences

il

cvpaper.challenge



~ GVPR 2023 DEE] - [ T=(14/259)

O Best Paper Honorable Mention

Honorable Mention

mic Image-Based Renderingd

DyniBaR: Neural Dyna

Zhenggqi Li, Qiangian Wang, Forrester Cole,
Richard Tucker, Noah Snavely

il
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P———

Best Papéer
Best Paper

Visual Programming: Composi-tic.mal Visual Bt
Reasoning Without Training

Yihan Hu, Jia
Chonghao Sima, Xizhou

Tanmay Gupta, Aniruddha Kembhavi
Tianwei Lin, Wenhai Wan

addresses compositional visual reasoning tasks from natural language instruction, 777 Z
NS offering a new digection for visual reasoning and neuro-symbolic research g,

—
e
——
—
—

_oriented AutonomoO

us Driving

-hi Yang, Li Chen, Keyu LI,
7hu, Sigi Chai, Senyao Du,
g, Lewei Lu, Xiaosong Jia,

Qiang Liu, Jifeng Dai, Yu Qiao, Hongyang Li

ous driving pipeline that unifies modules in @ multi-task learningg#e)
information exchange and coord

=
St
35
A

ion of perception for planning’( 1

cvpaper.challenge
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Best Paper Finalist 1: Ego—Body Pose Estimation via Ego—Head Pose Estimation,

Jiaman Li - Karen Liu - Jiajun Wu

O —AMMARDL(DMATIIGLAASEBFTEES | ) DEDBHETE
o Stage 1: BEEEPAASMHLEEERDAE - EEHTE

o Stage 2: EEERE—a o AR % [0])F

o Cross—domain®T—43tvEZEE (AMASS-Replica—Ego—Syn)

—— /

Timestamp

Gene;

EEDDEBERTT HHE

Timestamp

(b) Head Pose Estimation (c) Full-Body Human Motion Generation

l

cvpaper.challenge

+
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Best Paper Finalist 2 (Best Student Paper Award): 3D Registration with Maximal
Cliques, Xiyu Zhang - Jiagi Yang - Shikun Zhang - Yanning Zhang

O WE/EMRZERITILAELS, F 572/ T(RANSACHIZ) (R ER RS & ETE
m 3K, 6DoFERBHTEIL/ A XIZHEFE - ST EEH R EVSERE
m 7 57Dclique FRIRIAR) ZHRFNT 5L TODoF R FERIR
n V57RO ANSRETHILEMHR, FEFERMEFEHBANSIENTEDS, EEIL-EKT

[+ Wi D A A5
\
Input Graph Search Maximal Hypotheses Generation
Correspondences Construction Cliques and Evaluation Reglstratlon
oo Node-guided
o e 040 Ocs maximal cliques cs . ‘.
T 1 £ /'// MAC(¢;)=(c;1.e3.465) gic‘ [:> R..t SR '
1/ 6 MAC(ey)=(e105469) o
e, =) MAC(E)~(eec) L ED Rt
€10 ‘ i MAC(cg) (C|09clo) c,°'°
C? OC MAC(C]0)=(01,09,C10) H l::> R3’ t3
: 2

= cvpaper.challenge =
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Best Paper Finalist 3: OmniObject3D: Large Vocabulary 3D Object Dataset for Realistic

Perception, Reconstruction and Generation, Tong Wu - Jiarui Zhang - Xiao Fu - Yuxin WANG - Jiawei Ren - Liang
Pan - Wenyan Wu - Lei Yang - Jiagi Wang - Chen Qian - Dahua Lin - Ziwei Liu
O AF3DT—42tYrOmniObject3DZEIRE

m 3DFRE - FTIRMR RERE A - REARKETE - 3DET ILERITH I

m 6,000F7 /L, 20005 RHI#& D YKRZEILER

[T —2tvkEDELE]

BRT—% ERE, BEMNTIIEN
CO3D: 3D IE fRAVEELN

3DRX v [ZIXAEMA

REFE BR-FE-3DETILEZDIAN
LS

il
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Best Paper Finalist 4: MobileNeRF: Exploiting the Polygon Rasterization Pipeline for

Efficient Neural Field Rendering on Mobile Architectures, Zhigin Chen - Thomas Funkhouser -

Peter Hedman - Andrea Tagliasacchi

O NeRF ZRAY—rIA2TEMT

m NeRFRIFELTD AV 2 (HEIFTIORAFYEENYIRLDH)

m MLP fragment shader optimizations

NeRFL—UHiRE I BETH D

Chromebook: T-rex, 20 FiT
iPhone XS: ficus, 60 FPS

Gaming laptop: bicycle, 187 FPS
Surface Pro 6: garden, 20 FPS —>

il
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12



CVPR 2023 M &hA] - suft= (20/259)

Best Paper Finalist 5(Best Paper Honorable Mention Award) : DynlBaR: Neural Dynamic

Image—Based Rendering, Zhengai Li - Qiangian Wang - Forrester Cole - Richard Tucker -
Noah Snavely

O NeRFDHFTHELLVESN TLYSDynamic View Synthesis
s MR- BENEFHVTOSHERIZE L TNeRFEER
m ERFEISEED A DENGE LLERBIEIEDA D AE L VKR D Radiance FieldsZ18JT

il
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Best Paper Finalist 6 (Best Paper Award): Planning—oriented Autonomous Driving, Yihan
Hu - Jiazhi Yang - Li Chen - Keyu Li - Chonghao Sima - Xizhou Zhu - Sigi Chai - Senyao Du - Tianwei

Lin - Wenhai Wang - Lewei Lu - Xiaosong Jia - Qiang Liu - Jifeng Dai - Yu Qiao - Hongyang Li

O IRFEFREETETEZHMSHIZET
m Track, Map, Motion, Occupancy, Plannerd U &ED D R~y T —21ZYRE T=Unified Autonomous Driving

(UniAD)

A O Ego-vehicle Query

BEYV Feature \
Agent-level
Fcaturc

Track Q 3 ) :.["; 4 .

2 I K¥ Motion ‘

|| @) > A - Former -0 ;’}[ OccFormer ] — Planner
O I A

Multi-view Bird’s eye view l

Vision-only Input Feature | S Sasial
cene-icve
o = MapF@ = Occ @ Feature
,_—:__ ;tg M Motion Q
L Backbone | I Perception — I Prediction I L Planning —
==
= cvpaper.challenge
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Best Paper Finalist 7(Best Student Paper Honorable Mention Award): DreamBooth:

Fine Tuning Text—to—Image Diffusion Models for Subject—Driven Generation, Nataniel

Ruiz - Yuanzhen Li - Varun Jampani - Yael Pritch - Michael Rubinstein - Kfir Aberman

O HMMDEMREBMTERETILEERE
m Few—shotDfine—tuning CEKET JLZEf 2
s FEHEAHEBMODEETETILVEARITAR

m Reconstruction Loss, Class—specific Prior Preservation Loss

. P ’;"_:. D - } - __, "
Input images w the Acropolas wn a doghouse 11 a bucket setting o hotrcut

l

cvpaper.challenge
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Best Paper Finalist 8: On Distillation of Guided Diffusion Models

Chenlin Meng - Robin Rombach - Ruigi Gao - Diederik Kingma - Stefano Ermon - Jonathan

Ho - Tim Salimans
O Diffusion Model D ERGE YT T FRFIRE
m DiffusionTClXEIBIE YT T ET50ENH D

- =t a=r _ 11 & =Or1a L e ™7 g = Ly 1
w7

BR (L o e, N At
B ( Deterministic sampling:

’ Denoise Denoise Denoise Denoise

Add noise Add noise Add noise

Denoise Denoise Denoise Denoise

il
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Best Paper Finalist 9 (Best Paper Award): Visual Programming: Compositional visual

reasoning without training, Tanmay Gupta - Aniruddha Kembhavi

O CVDHFMARVEEEBET LD TAT S22 THA-E1T-4

m A IEPrompting[Z&YCVAR T EIE T

m GPT-3MTOT 5305, TDOBTETLTHEREZE S

Visual P

C itional Visual Question Answering

Natural Language Image Editing

Visual
Prediction Rationale

Program
Interpreter

High-level
Program

Question: Are there both ties and glasses in the picture?

Program:

BOX0=Loc (image=IMAGE, object="‘ties’)
ANSWER@=Count (box=BOX®)
BOX1=Loc(image=IMAGE, object=‘glasses’)
ANSWER1=Count (box=BOX1

ANSWER!
RESULT=ANSWER2
Prediction: no

val(“‘yes’ if {ANSWER@} > @ and {ANSWER1} > @ else ‘no’”)

Natural Language Visual Reasoning

LEFT:

RIGHT:

Statement: The left and right image contains a total of six people and two boats.

Program:

Program
Generator

Input
Image(s)

Natural Language
Instruction

In-context
instruction-program
pairs

FT, question

image=LEFT, question=‘How many people are in the image?’)

GHT, question=‘How many boats are in the image?’)

ANSWER4=Eval( ‘{ANSWER@} + {ANSWER1} == 6 and {ANSWER2} + {ANSWER3} == 2’)

RESULT=ANSWER4

Prediction: False

Factual Knowledge Object Tagging

IMAGE: Prediction: IMAGEL

Instruction: Hide Daniel Craig with 8) and Sean Connery with ;)

Program:

0BJ@=FaceDet (image=IMAGE)

OBJ1=Select(image=IMAGE, object=0BJ@, query=‘Daniel Craig’, category=None)

IMAGE@=Emoji(image=TMAGE, object=0BJ1, emoji=‘smiling_face_with_sunglasses’)
0BJ2=Select(image=IMAGE, object=0BJ@, query=‘Sean Connery’, category: None)
IMAGE1=Emoji(image=TMAGE®, object=0BJ2, emoji=‘winking_face’)

RESULT=IMAGE1

IMAGE: Prediction: IMAGE®

Instruction: Replace desert with lush green grass

Program:

0BJ@=Seg(image=IMAGE)

OBJ1=Select(image=IMAGE, object=0BJ@, query=‘desert’, category=None)

IMAGE:

Prediction: IMAGE®

Instruction: Tag the 7 main characters on the TV show Big Bang Theory
Program:
0BJ0=FaceDet (image=IMAGE)
LISTe=List(query=‘main characters on the TV show Big Bang Theory’, max=7)
0BJ1=Classify(image=IMAGE, object=0BJ@, categories=LIST)
IMAGE@=Tag(image=IMAGE, object=0BJ1)

RESULT=IMAGE®

place(image=IMAGE, object=0BJ1, prompt=‘lush green grass’)
RESULT=IMAGE®

Prediction: IMAGE®

Instruction: Create a color pop of Barack Obama (person)

Program:

0BJ@=Seg (image=IMAGE)

OBJ1=Select(image=IMAGE, object=0BJ@, query=‘Barack Obama’, category=‘person’)
IMAGE@=ColorPop(image=IMAGE, object=0BJ1)

RESULT=IMAGE®

VAR

F4

Create a color pop of the
woman in blue and the woman in

red and blur the background

cvpaper.challenge 7
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Best Paper Finalist 10: What Can Human Sketches Do for Object Detection?, Pinaki

Nath Chowdhury - Ayan Kumar Bhunia - Aneeshan Sain - Subhadeep Koley - Tao
Xiang - Yi—-Zhe Song

O FEEFRYFETOAVITMLTYARELEEER

m 2D BboxPATTIINILIEREEER T, BERTNILIER 7Y FA—ZADEBRERE D H
e fine—grained object detection: Ay FIZ LA FEMERIEMNS;THEBZIETE
e category—level object detection: 1> A2 AL AN )L DA+ H A 6E

R ‘J? Before NMS After NMS Before NMS After NMS Before NMS After NMS
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Best Paper Finalist 11: Data—driven Feature Tracking for Event Cameras, Nico
Messikommer - Carter Fang - Mathias Gehrig - Davide Scaramuzza
O ARUINIASZTERW=MKRESRDIARE

B ARVRAASET—ENOFEE L TEHT SR AV KT

n J5—OFILLGERLELWVEESNGEIZTLEHT S

Feature Network ( Frame Attention Module

Frame

Attention
Module

Multi Head Attention

b

() (b)

il
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Best Paper Finalist 12: Integral Neural Networks, Kirill Solodskikh - Azim Kurbanov -

Ruslan Aydarkhanov - Irina Zhelavskaya - Yury Parfenov - Dehua Song - Stamatios

Lefkimmiatis

O Integral Neural Networks (INN)D 2 E:iH X
m BEHETUVITIREGL, T4INWNE—EFroRILDRTIZA > EfRNGEERIRZFEA

m INNINRTOBIAERLICERSN-ERERELTRIRT HLT, RAGHBILERERDEE
DY A XD Ry RT—4OBEE A FaTEEC

Tw R ‘ Smooth weights r Discl_'etized.weight_s_on the Integration quadrature )
| % xo representation cow  given grid (partition) weights matrix Q

(q11 912
@ 921 492

dn1 9nm

-
=
g K b

v
Input Signal X Sampled Weights
Discrete layer evaluation (ConvND, FC)

il
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PAMI-TC Awards
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PAMI-TC Awards

O Longuet—Higgins Prize

o FFEMIL10E T2 T - 35

-

cvpaper.challenge =2
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PAMI-TC Awards

O Young Researcher Award

o Ph.D.ER$ 1&7EL,LW0)4/T’C%>CVEJH%IJELJ*L%>

2023 Young Researcher Awat | e
: chair; Gerard Medioni, Nikos Paragios; Steve

o Committee: Tinne T uytelaars,

Christoph Feichtenhofer and Judy Hoffman

cvpaper.challenge
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PAMI-TC Awards

O Thomas S. Huang Memorial Award
o FE-MABEEDAUA)UTADNFE

cvpaper.challenge
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Exhibits

O 1E(ZXBHdemoMZBLEFH-TLV

m Apple, Meta, Tesla, Lambda, Amazon, TikTok, Weghits&BiaesZi &

m EXICEHTEFERBELZS
s

ERS

ECHATRON

Controllers for Electric
and A Vehicles

&

- TN

Lambde@ LAT!TUY

il
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Plenary keynote (RE:EMH)

O Rodney Brooks EK(MIT)IZ L B:EE
RFA )L : “Revisiting Old Ideas With Modern Hardware”

B - \—KRHz 7Ok (C 4
S DEALI=EoT, BERBREN TN T A TTERRTRRET 5oLd’T
—2) s‘JFmﬁﬁiﬁ\bylﬁié@{%ﬁ?‘ggﬁo)ﬁmé1b\géﬁﬁﬂb—cb\f — %675\0
o FADYZIOLOESREERIICY : )
‘ = PCVPROEIIRETHSE r e
o CVORILEN—FYT7 DELDTERE=DNT SHEELGEBRADBRLHTETT ZV BT

te like humans

o not operad
many More

algorithms d :
|utions, possubly

1.Current vision
st two SO

Hu\vn(hnuﬂysnn;ofprcdicUng the future of Al
g echnoIORY! ven-deadly-sIns of-al-pre 9 there are at ’ea
eybrooks.com/bIoR

r_‘\h'\wunl/.,’(H//ll)/l)(l/)/l 1837/the-se 'rlll.!lur;';/..
speed of i i ”“J
n be fruitful

peployment

Over and Under D = Hollywood })ﬁ% ﬂé@

Vi
Estimating Scenarios

2.Cycling back on old ideas ca

Https://rodn

now

re are massive amounts of computation
ing viability of old approaches

3.The
available chang

ooy B~ Vol 7
Indistinguishable - y é}
N o & Exponentialism E‘P\/
Atk -
-/

Performa > ] )
nce versus ALY e ~
uitcase L ’
AT anl T
{[um]

4.Developing old ideas now may lead to wonderful new

possibilities (and separate you from the pack)

@ iy ooks 202

Competence il
— @ Words

fpdg@ooks, 2023

il
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Plenary keynote (AR£:E2HABH)

O Yejin ChoiEK(University of Washington)[Z &K 5:& 8
A RJL:“2050: An Al Odyssey: Dark Matter of Intelligence”
B2
m Chapterl: The Possible Impossibilities?
o ChatGPTAOGPT4%E DLLMTHS X 57 31 E D BEAENTENTERN
o BFTEUSND BRI ZIRIIZDVWTHFHETETWVEWEIFTTELGULDTIE 2 GEFE - EEL
OB ARIMTETCNT, HEGENTEDLTELRN?
m Chapter2: The Impossible possibilities?
o HAMBEEBHIFE+RLHF(ARB74—F/\VIIZLERIEFE)NRBRTH TLELDOTIE?
— 15| X [£Task—specific knowledge distillationZi 5L LM(Large Language Model) kY +,58<%i 5
m Chapter3: The Paradox
o SEEICHEITEH F—O<A—TLIE?
o BiglFHENHLEIGE, COHRDEERDI/L—IL

e Commonsense Paradox

e Moravec’ s Paradox

e Generative Al Paradox

il
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Plenary talk day 2: Yejin Choi

[ %1FJL:An Al Odyssey: the Dark Matter of Intelligence
J REHE.

[ Possible impossibilities

3Q LLM, Transformer(&full mastery RI&E ?
— compositional problems T4 struggling
— graph collapse

[ Impossible possibilities

— B 8% T —42t vk (commonsense / visual reasoning%i &) Tl T —42EFEZTIKLT=5, small
LMs [ELLMsIZBDIZE L H 5

 Paradox

A Commonsense paradox:dark matter in language: non-spoke rules of how world works.
[ Moravec’s Paradox: could AGI be possible without robotics and embodiment?

[ Generative Al Paradox: easy is hard and hard is easy (recognition vs. generation, human vs.
Al)

il
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Plenary talk day 2: Yejin Choi
[ MentionEh f-LLMs®IssuesZaddress 3z D BEEH X :

L O O0d0Q0 OO

Faith and Fate: Limits of Transformers on Compositionality

Impossible Distillation: from Low-Quality Model to High-Quality Dataset & Model for

Summarization and Paraphrasing

The False Promise of Imitating Proprietary LLMs

Symbolic Knowledge Distillation: from General Lanquage Models to Commonsense Models

PlaSma: Making Small Language Models Better Procedural Knowledge Models for

(Counterfactual) Planning

Minding Language Models' (Lack of) Theory of Mind: A Plug-and-Play Multi-Character Belief
Tracker

Vera: A General-Purpose Plausibility Estimation Model for Commonsense Statements

(fEJﬁODLLMsO)FnEJ B EnHT, SEDOAEELAREIZDONLWTHYE=ULVAIFEV RO F D
WX THEAELELD)

il
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https://arxiv.org/abs/2305.18654
https://arxiv.org/abs/2305.16635
https://arxiv.org/abs/2305.16635
https://arxiv.org/abs/2305.15717
https://aclanthology.org/2022.naacl-main.341.pdf
https://arxiv.org/abs/2305.19472
https://arxiv.org/abs/2305.19472
https://arxiv.org/abs/2306.00924
https://arxiv.org/abs/2306.00924
https://arxiv.org/abs/2305.03695
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Stable DiffusionBR DA XN LR LG E TEHSIN TS
L E&ER

O Fake it Till you make it:ImageNetZ Stable Diffusion®T JL CEE T —4X 4 5k - £
(1 Open—Vocabulary Segmentation:
(A Open—Vocabulary Panoptic Segmentation:

J Side Adapter Network(J:L’iﬁﬂﬁbf:#diffusmn medel) .
(fizlxZEHY, RFEAICELITS2ETILAFELE)

O HEERES:

Q Imagic: TXFRAM—=XTN\ALARJLERIRESE (F]: 3> TLWHAKRNBESTLVSXK)
O ZEFOERLER

O Unite and conquer: ¥ILFE—HR JLEZEHELI-EE SR
a FEEFET—25%R:

O HandsOff: D NWH U T ILSEE T —24E R

=

il
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CVPR2023 workshop

O 6/18"19FE TCVPR workshoph Bi{E
m workshop®%%(£100 !

IEEE/CVF Conference on
Computer Vision and
Pattern Recognition

Program Guide
Workshops & Tutorials

https://media.icml.cc/Conferences/CVPR2023/CVPR_2023

WorkshopsTutorials_ProgramGuide.pdf

B2ZLTWWDDT. FfERRE/

Sunday, June 18

O —

\7/ Y

-to-End Autonomous Driving: Emerging Tasks and

NOTE: Workshop rooms are subject to
change. Refer to the online site for E -E
up-to-date locations. Use the QR
code for each workshop to see its
schedule. Here is the QR code for E
the CVPR 2023 Workshops page. =

0700-1700 Registration (West Ballroom Foyer)
0700-0900 Breakfast (West Ballrooms A-D)
1000-1045 Morning Break West Ballrooms A-D
1145-1345 Lunch (West Ballrooms A-D)

1500-1545 Afternoon Break (West Ballrooms A-D)

Fair, Data-Efficient, and Trusted Computer Vision

Organizers: Nalini Ratha Kuan-Chuan Peng
Srikrishna Karanam  Michele Merler
Ziyan Wu Kush R. Varshney
Mayank Vatsa Yiming Ying
Richa Singh Sharath Pankanti
Location: ~ West217-219

Time: Full Day (0800-1630)(9 _E 'E
Summary: The CVPR 2023 Workshop on Fair,

Data-efficient, and Trusted Computer.Vision aims I

to gather researchers and practitioners from E J-Ci
academia and industry to discuss advances in all

aspects of faimess, data-efficiency, and trust in computer vision. In
addition to invited talks from experts in academia and industry, the
workshop will solicit and provide a focused venue for new research
ideas that seek to address problems related to topics above in a
variety of application areas.

Autonomous Driving

Organizers: Vincent Casser Zhaoqi Leng
Alexander Liniger Maying Shen
Henrik Kretzschmar  Li Erran Li

Jose M. Alvarez Dragomir Anguelov
Fisher Yu John Leonard
Yan Wang Luc Van Gool

Location: ~ East Ballroom C E E
Time: Full Day (0915-1815)

Organizers: Hongyang Li Tai Wang

Kashyap Chitta Enze Xie E c E
Holger Caesar Huijie Wang
Shenlong Wang Yang Li
Ziwei Liu h
Location: ~ West 110 E
Time: Full Day (0900-1800)

Summary: The area of autonomous driving has come to a rapid
development to handle complicated scenarios and face the
challenge of deploying algorithms to feasible massive production.
With aid of various machine learning and computer vision
techniques, many autonomous driving problems have been resolved.
And yet certain key issues, such as safety and explalnablllty for
robust L4 solutions, end-t driving fr k (and
the benefits), bird’s-eye-view perception, etc., have not been fully
discussed. We have seen the successful holding of recent events at
NeurlPS 2022 (incoming), CVPR 2022 (e.g., Embodied Al, Workshop
on Autonomous Driving by Waymoletc), and believe such a
workshop is necessary for both the machine learning and computer
vision community. This workshop, besides existing editions held at
similar venues, serves a brand-new perspective to discuss broad
areas of end-to-end k design for driving on a
system-level consideration. This workshop aims to bring together
leading researchers and practitioners to discuss upcoming
paradigms for autonomous vehicles. Central to the program is a
series of invited talks and four new challenges in the self-driving
domain. Each challenge combines new perspectives of multiple
components in perception and planning compared to conventional
pipelines. Winners of the challenges will present their results and
insights as part of the workshop. We invite researchers around the
world to build new algorithms to tackle these challenging, real-world
autonomous driving tasks!

Generative Models for Computer Vision
Organizers: Adam Kortylewski Vincent Sitzmann

Fangneng Zhan Alan Yuille

Lingjie Liu Christian Theobalt
Location:  East Exhibit Hall B .
Time: Full Day (0830-1715) E - E

Summary: Recent advances in generative

modeling leveraging generative adversarial

networks, auto-regressive models, neural fields E .’_ﬁ
and diffusion models have enabled the synthesis L)

of near photorealistic images, drastically increasing the visibility and
popularity of generative modeling across the computer vision
research community. However, these impressive advances in
aenerative modelina have not vet found wide adootion in comouter

il

WorkshoplZB 94 5 FELHE—E BT
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MetaverseBsXZx RIEA =T/ \AI ARLE R DO CVE Tt R E

l OO AX—=rT AN DERERAY—FT+Y

[ TEYREEROHRR R EREER.

b s AV—RTSADLIFRTLARDOEERE
W EE AY—TAUDOCPUIZTARE. &
W 2T LS FEIREELT.

-
e |
»
£ 4
- :
W -

disparitymap —) novel view
J. Wang et al. “A Practical Stereo Depth System for Smart Glasses”, in CVPR 2023.

il
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HEDFILMHIE
o IEFEIZIXGoProlcE W TEHDEMEICLDHBLLVT T— o IMAIZIELLERZEITTT S
o [REZIHTLVGENKIITHLRZLD, HEIEHFEICET

BFZERES Tk
(spatio—temporal

shift) [ICEDEE T, &
T IL - ALIBAVER (NS
Mo ENER—RS
A2 &MEoT=

Ground Truth
SFEFEDAN—X T/ DELV: grouped spatial shift NI2ZETHY,

T A
I K*K Conv | Conv /}a Deformable Conv H%%ﬁl] E,‘]':E%ﬁj_é 27 b—A%lj] .
| D. Li et al. “A Simple Baseline for Video Restoration with Grouped Spatial-temporal Shift”, in
/ / / / CVPR 2023.

(a) Convolution (b) Optical Flow (c) Deformable Convolution (d) Self-Attention (e) Grouped Spatial Shift

il
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— ANMEDa> NIV GER

O 3,6008fE D — AFR R T —2 Y EgodDE AWV N— ATRE DV av N D FHESL IRV TRIE
(2 BA1EH T2005| FHR)
m {5 Video QA ORYMEIEDEZRIFE, FYWIEKRA 2T 3T, Video Object SegmentationZi &
o HERNER: (1) REMORERRE (2) EICEHAGITH (EREIRETEL) Q) BRIZFHET HEGETITH
FL—3> 4) EFIEFZRN VT Lol
FrL OV DEIZEFEICAYIAALET—3THST=8H
o —AMEDAVIZRKRYNSA A B T=5BILFKLM?

Conventional

t a car. Aw converses with C. A W towards a building

cvpaper.challenge o

===
—
=

Tokmakov, P., Li, J., & Gaidon, A. (2023). Breaking the" Object" in Video Object Segmentation. In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition (pp. 22836-22845).
Yue Zhao, Ishan Misra, Philipp Krahenbuhl, Rohit Girdhar, Learning Video Representations from Large Language Models, CVPR2023


https://ego4d-data.org/
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Workshop: Generative Models for Computer Vision

o Phillip Isola (MIT): Pix2Pix/Cycle GANZE E D EH
o Title: “Generative Models as Data++”
m Generative Models + Model Learning® A A A

m ERETIVERAWAZETIKYZLDT—2F A IETFZEERZRDIREER L 1ELSF aZEELLEN
z)
m StableRep ( https://arxiv.org/abs/2306.00984 ): Stable Diffusion (text—to—image) &Contrastive Learning

- 4 fis 315
gkt ol SR = 5 % R (prompt) A2 BN 1B
& YContrastive Learning(XTEE=FH ).

SIMCLR: E[f#DA#ZAWLWTHEBEE. R—TX A hbo4E
BEn-E45EEALhIET—24L5RIIZ/ER.

CLIP: T X~ -E{& L [ZFALYTVisual-Language
Pre—trainingZ £ Jitt.

EENENE BEFENEE EEEENE

Encoder Encoder eee Encoder

Y. Tian et al. “StableRep: Synthetic Images from Text—to—Image
Models Make Strong Visual Representation Learners”, in
arXiv:2306.00984, 2023.

SD
|

“Clay Animation, Adorable Dragon”

il
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Workshop: Generative Models for Computer Vision
o Phillip Isola (MIT): Pix2Pix/CycleGANZZE D EFH

o Title: “Generative Models as Data++"
o EEENDFXZ DTake Home Message
m Generative AI(& :Diffusion Model, NeRF, LLM) ZFAWNTEE ETIILE LT HELSIARHEMNBRLIND T
[Tz vhy, EFE5R
m HEHVVHARZLTOSANIBERNEVIIZENTE, BIEWEBRMNDRBICEYRART—IEILTTLY
5. FRRICAIDFRXDUE (Z(T5EY) TG TELDEBRIERETTNLT —IZIRH .
n T ZEFVIEABELLMDOTRL—2 30 TRL—XICED D IL—LT—IFZBZT=LN (! ?)

m Foundation Models via Synthetic Pre—trainingM CE=d&EBRB % 5. StalbeRepDEEMNFI7E-TULD
M. =1L, FEERETILOEEICEVLWTEFN EOMREFEINS.

Y. Tian et al. “StableRep: Synthetic Images from Text—to—Image
Models Make Strong Visual Representation Learners”, in
arXiv:2306.00984, 2023.

il
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Workshop: Neural Architecture Search & Lightweight NAS Challenge

O Exploring the Potential of Neural Dataset Search

m Neural Dataset Search(NDS) DiZZE
s NASOHYEE (I —FTIOFVvERERT HAMISLEDIZTHLT, NDSIFFEERIZT—2vh(ZERT S
INDA—) TR R L TERIZT—EANZEL

HMAR) T HENHYZF IHANDS
NIVFEEBEER. /NTA—2IZ&KY

ATFTYOA LRIV REERT HDT,
FERICT—AEYMEED/INTA—A

ZIEFRTHERNELSTESLLY.

HE)Y—RIZBZIFTETILIET—2 B ANE
LT BEEMNTEES

to make a pre-trained CNN model without any natural images.

Source: https://hirokatsukataoka.net/temp/presen/230201MIT.pdf

R. Yamada, R. Shinoda, H. Kataoka, “Exploring the Potential of Neural Dataset Search”, in CVPR 2023
Workshop on Neural Architecture Search, 2023.

il
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Workshop: 3D Vision and Robotics

O Pete Florence (Google Deepmind)

m Google®7)L3!) XL (NeRF / LLM; PaLM-E) ZAMR Yk ZEELTLVS
m NeRFTIX3DZERM] (xy,zEZ DR, BHE) DIBEN)YFIZLS

B LLMTIEIABIZKSBAREEND S ELGBIELZEBGEREDILERLZEZER]T S
m CVODIDZEMRIE-ZRHETIILANLPOSEETILIZEYENER, RoboticsMa bO— LT EEEITTE

HETEMET S (FIE: CV/NLP NELLHEETE: RoboticsIZiEES)

Mobile Matipultion PaLM-E: An Embodied Multimodal Language Model Taskeand Motird Planaing
1 |
Given <emb> ... <img> Q: How to grasp blue block? A: First, grasp yellow block
? ViT
Large Language Model (PaLM)
Human: Bring me the rice chips from the Tabletop Manipulation

drawer. Robot: 1. Go to the drawers, 2. Open

top drawer. | see <img>. 3. Pick the green rice .
chip bag from the drawer and place it on the Control A: First, grasp yellow block and ... )
counter. .
Visual Q&A, Captioning ...

Describe the following Language Only Tasks
<img>

A dog jumping over a
hurdle at a dog show.

Given <img>. Q: What's in the
image? Answer in emojis.

J>#000&.

The world around them.

Source: https://palm—e.github.io/

Given <emb> Q: How
to grasp blue block?
A: First grasp yellow
block and place it on
the table, then grasp

Given <img> Task: Sort
colors into corners.
Step 1. Push the green
star to the bottom left.
Step 2. Push the green
circle to the green star.

Q: Miami Beach borders which ocean? A: Atlantic. Q: What is 372 x 187 A: 6696.Q: Write a
Haiku about embodied LLMs. A: Embodied language. Models learn to understand.

HETIIPaLM-EDEEL & 15

il
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https://sites.google.com/view/cvpr2023-3d-vision-robotics
https://palm-e.github.io/
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Workshop: 3D Vision and Robotics

O Georgia Gkioxari(Caltech)
m Mask R—-CNN (ICCV 2017 Best Paper) / PyTorch3DDE&ELTHISENS
m 5@ (%3D Prior (BRITEMDERIEER) ZL 3N IZ2DDRGBEE A D EMIARREIZERTLHH, LV

Eﬁlﬁ
a TIZCVPR 20231F4RDOmnidD (F— Bty MEELEET LY X LDAUF I —H5HE) 2D T
BA
Anchor 3D GT 3D Object Detection Output
Input Image Flzztikrzo&zp —»{12% Box ToUness v . " .
e 0.75 q Omni3D Benchmark: £, 3DMAEIITOR>
| / 2D GT II FIX—JILLEBR/NRIRTHoT-. S
AN | = (cus | eramtr S 2347 E&-300FDETILESLALF
A / A ’ {ZDBOX Top Down siceview ¥ — 2% FLT-.
‘ v : o5 Cube R-CNN(Z[X): 2DDRGBER D A 11

14
u

E B3p
Cube Head —’[[W h, l] —*

ot "r HVi52D bbox, 3D cube, class labelZ [B])F -
\ "i? e HETD.

G. Brazil et al. “Omni3D: A Large Benchmark and Model for 3D Object Detection in the Wild”, in CVPR 2023.
https://arxiv.org/abs/2207.10660

il
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Workshop: Long—form Video Understanding and Generation

O Gedas Bertasius (University of North Carolina, Chapel Hill)

u ﬁﬁFﬁﬁ':bf:é@jﬁ n:bxnﬁkéq:

m 6K, BEOEFEZEHBEET ILIZEFD ~10FKSW oA, BEZIEIFOLANILORH TEHREH
I o ME-—1—RBEDTHEETEL, F—23T7L—LEBEZANLTKRERZRZIRADETIL

1
Ve & )
Boundary Prediction Loss Shot-Scene Contrastive Loss : o Gatid S4
* * e —
Boundary Head Contrastive Head 1|8 aay
(2 R
L ( MLP )
T t
S4A Block _ ! \[ Norm ) J
TranS4
ranS4mer Mode : $$+ & éél.'?_'l é'
+++ T e ml
Linear Projection and Positional Encoding i E Self'::::tb" . Self- ::t::tlon State— S pace Tra ns fo rmers: %
1 f B ES | Shared | 5 N ” -
2 < \
='""'==i e o o) | 2o BV DDA DI
EESEESHECERE - MiToE S WA R, ERMBEE DT
|
1

E{%

B\hw.{ /%fET)b

S4A Block
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M. M. Islam et al. “Efficient Movie Scene Detection using State-Space Transformers”, in CVPR 2023.


https://sites.google.com/view/loveucvpr23/
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Workshop: Visual Pre—training for Robotics

O Kristen Grauman (Univ. of Texas Austin / Meta Al)
m EgodDDOT7 AT HMNDERBA

v S DR EgodDIZTRLDMDARY (BERIE, MIKRELE) LaRy
- en o on oven el Ry WERSIRR | ;) onsmiz | CH—E RERET B0 DHN IR
rae P B e DT

Human locomotion P

CVPR 2022 CEgo4DH IR ZE (Best Paper Finalist) &, —&F#-

.7 A ] ‘ €
.:M ‘

”Playing ENEE

Social interaction \/ideo + 3D sgans

source: htips://eqo4d-data.ora/

il
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Workshop: Visual Pre—training for Robotics

O Jitendra Malik (UC Berkeley / Meta Al)

m IRTEUC Berkeley|lZTETHRDEHO IO =V REFENT

m EgodD:HIR—UICEL, WIFYKRE—AME TAXORYNERIFE [CA R ETRER
m Locomotion:VisionDEA ) T4%EMT HLARSITORVFDEFIFE R E

m Maskeﬁd AutoEncoder(MAE)EElz‘I'\‘JH EIS ﬁﬁﬁk(‘}‘f,*ﬁ,.\\f)‘%/‘ﬁ"):/—'ﬁ@]$¥

e D iy
@5 % Aulti-perspective
Bt

\

encoder policy |+ a

v

proprioception

Ego4D (ARYrD =D — AFRE %Lﬂh“ﬁtJHéﬁwtﬁﬁwax%%%.#nﬁLﬁfﬁ&TUé

source1: hitps://ego4d-data.org/
source2: hitps://arxiv.org/abs/2211.03785
sourced: hitps://arxiv.org/abs/2203.06173
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Workshop: Visual Pre—training for Robotics

O Jitendra Malik (UC Berkeley / Meta Al)

B BAIRweso A Tsusemns: nupssbarvereievesn) | ZAITT B D Z L DAL E H VS

m UC BerkeleyMEDESIZHELVT, JitendralZCVD R ILIGTFTE

n BHICRELTH—FKRE, DAV NL—RBENHYRARBECHR—D/NNII 2303 2ETHD
m 1554, ORYMIRBLESETHY, NMITUT7DEETHRZSSICINHESE TS

JitendralZHZFIZIXA>THELN

, UCBIZT7AILT4LANILDOHF

SN 70 EIE ([ KU SR NN EH
HIN TS

Sergey Levine, Chelsea Finn, Trevor Darrell, Pieter Abbeel, “End-to-End Training of Deep Visuomotor Policies”, in JMLR, 2016.

il
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Workshop: Visual Pre—training for Robotics

O Dieter Fox (University of Washington/NVIDIA)
m Q:ORYMHIEICE TS RDERISKRABERET ILHAFEONTINS D,
HRLUBIDERDI_EaL—avEESRRTNIERNM?
m A KIRET—42, V22— a D ENEF A
o REWNWARVIZKTHIIaL—avRIBEEZTDHEERZEUIICHEANIIFIEBEDED
EORYRAITET L+ 2NIET DET ILHMENS (Google DRT-172E EIFH D F3R)

m DexTreme (Issac SImAR—XD FIEIES L), Curobo (D EIENMEARER)GENDTELIAL— 3
IRIBEZDEERILLGEEDFEHEBN

m 7= tlb—/azd)f_d)Eﬁﬁ—'?—“E'(é%iﬂ&')b)"

Chebotar, Y., Handa, A., Makoviychuk, V., Macklin, M., Issac, J., Ratliff, N., & Fox, D. (2019, May). Closing the sim-to-real loop: Adapting simulation
randomization with real world experience. In 2019 International Conference on Robotics and Automation (ICRA) (pp. 8973-8979). IEEE. = Cvpaper_cha"enge 104
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https://dextreme.org/
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Workshop: Visual Pre—training for Robotics

O Josef Sivic (Czech Technical University)

n Ah*ﬁ)%)illﬁl:Lf:b“o’cﬁ")ﬁ@w)%“%‘zzI~I/—*“/E|>H9&13ﬁ(Instructional Videos) Mo A )LD
RYMNIEETH=00HMZE 1) LEOEREDHTRENLDEE 2) RKED (WIS LELEMET
HULN) A 3—R YRR ENSDFEE OmEN BN

m (1) DRAUM BRELEEADEMEEESORYNT —LDEIETET A AV NS HH

. (%2))75 DIRAUS BB OIRELTILEEBD-OICR—DERD A REIV REESHEMLZLTRUDIT

\
m U3l —3a AU A—ry R ERERERDFERA-MNENLGZORYNES ?

|n|t|al state — action — end state

“How to.. gﬂ
. cut a pineapple?” E
6’ positives
. L
§
7 4\5
e “qCJ) ° cross-task
s 9 : negatlves
SIE n -
s S
- B
3
N state v. action
—> n % negatlves
© .
2 TN
I_ ]
s
fold a paper plane? Q
Zorina, K., Carpentier, J., Sivic, J., & Petrik, V. (2021). Learning to Manipulate Tools by Aligning Simulation to Video Demonstration. IEEE Robotics and Automation Letters, 7(1), 438-445. === h "
Soucek, T., Alayrac, J. B., Miech, A., Laptey, I., & Sivic, J. (2022). Multi-Task Learning of Object State Changes from Uncurated Videos. arXiv preprint arXiv:2211.13500. = Cvpape r-C a enge
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Workshop: Visual Pre—training for Robotics

O Abhinav Gupta(CMU)
m Robotics|ZHITAHABRIFEE T—2&IE?
o FALL - ZIxME-RT—ILD=KREFEESITHM
B _CNFETDRSAFIZHSBEYEQADTHDEE MUK
m RAIMFE DO TEgoAD THDHEEEIFTHEATEHEY, IRELEFLESNDDOHD
m —A T, EgodDAN s T LERobotics BATFEE [CBBE THADESMIREMZERRE
o HL V< “100DOH or Charades might be better source of data for training robotics.”

EqodD video + R3M: Reusable Representations
for Robotic Manipulation
Efficient Robot Learning

/ New Environment, New Tasks
c ] p—

Results: Compare Pre-Training on 1M Frames per Dataset

Our intuition does NOT explain dataset performance (e.g., ImageNet > Ego4D)
-]

Single Dataset Models (IM Images)
ImageNet EgodD Kinetics 100DoH R

3
&

source: https://ego4d-data.org/
source2: https://arxiv.org/abs/2203.12601
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Workshop: Visual Pre—training for Robotics

O Alexander Kirillov(Meta Al Research)
m Segment AnythingDE—FH
n EBETIVICE, ETIL- T2 F3RAIDIOHAEE
o Segment Anythinge BT HIC[IIERETHRETES. [CoHE£IBOYELLS]

m Promptable segmentation (task): Prompt engnearingZ ;& AL f=Segmentation~
m SAM (model): Prompt encodingZi& AL T, point/textZFZprompt&EL TA S RIEEIZ
m SA-1B: (Data): Human—-in—the-Loop C7/T— 3>, T—R2t vy MEFIESZRELH) 7IZ

valid mask valid mask [—> annotate ﬁ
lightweight mask decoder model data Segment Anything Project Goal
t * Develop  FETHBESBIETER an re.tran i on o R
T train a task that enables powerful gzmerarlfzgiac:?\ e g
del * Model: Doesn’t exist|
mode « DEESEY: Doesn't exist!
EE i Segment Anything 1B (SA-1B): LB Doest e
— encoder
prompt e i * Model/data/task are highly coupled
] cit with e * 11 million images SR\
black ears T T * privacy respectin, d * We need a comprehensive solution
. » licensed images DR :
segmentation prompt image prompt image
(a) Task: promptable segmentation (b) Model: Segment Anything Model (SAM) (c) Data: data engine (top) & dataset (bottom)

il
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Workshop: Visual Pre—training for Robotics

O Sergey Levine (UC Berkeley/Google Deep Mind)
m ArmFarm®DE—3E 3. Deep Learning X Robotics|ZH [THRI—EH
s CVERETILOFRNEARTA IR TH! RT-1UEOERETILEIM (EHIHEEY
n T FEER-ETILOIOAEER
e T —*: Bridge Data V2
o FEELH&: Pre—training for Robotics (PTR)
e T JL: Visual Navigation Transformer (ViNT)

H - ;
OW robotic learning works now The challenges

e Y 77 N
E:fi-% L

How robotic learning will work in the future
-

il
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Workshop: Visual Copy Detection Workshop

O 2023 Video Similarity Challlenge% B

n HEGRFPICEEOIE—DEENINRH -RH T SHRIE
p HIEEPCOE—NEENSIMEE / BEBEFOIAE—NEZ(ITHEINLRE D 2R RE
n EEENESENSEEINFNEIZOE —R—APSINTHERHAINRIT TSI EEERT H-HIZaR

TAAVDMTHNTNS
Descriptor Track Matching Track
1. WeChat CV 1. WeChat CV
2. Friendship First Competition Second 2. Friendship First Competition Second
3. LINE CVL 3. LINE CVL

H &AM S[ZLINE Corp.0) Computer Vision Laboratory (CVL) MR EIRAEZR-LT-

il
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Workshop: Scholars & Big Model

O Georgia Gkioxari
m Meta Al => CaltechlZF>TEE A /\—IZ155
m AATIETAFOMNMERBLEHEEZITS T
- RE1T, : ¥ 17 NLE
S T, WILTOUTIIERGMEZITVN —RNILEZRASLOIZEHN
m 7HTI7 . ROFLLEREZZAT, IBELTLVS

s AVE RN FIBELTIRELLZEAZLY, Bi
HEERLTLS L), BigTechld ARRHEAL - SmallTech FEF LEATRALSH T

o et

Impact in Indusiry

Aponoemn s G gt 0

The Research The

CMS Department
Deep Leaming as @ scalable

2023 - now solution for real-world
problems

« AlexNet, U. of Toronto 3
«VGG, Oxford Thanks to deep learning,
Asio humans bought more things i industry is not the place {0
e identify and make progress on

1N Goal: Goal:
« Do research - : « ResNet, Microsoft Asia
« Do usciul research « R-CNN, UC Berkeley
Other gains in surveillance & self- fundamental problems because

. P:oducf impact * Win a Nobel Prize  Caffe, UC Berkeley
_plecse! « PyTorch, Meia i e : .
L — of its model of operation.

source: FEERICRSMRFEIRSE

_I

il
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Workshop: Scholars & Big Model

O Derek Hoiem
MXEHADERETE | LhBAALBRLFEEFEHO>-TLNS
FLWIL—LT—J 0B BIRRE TEHAZTEPTRE

HEOMEEBLELTD)NL—=V T FEBTRE
TORTYRDILDEE T AHIZFEEITER

* Ross Girshick

— 2008 — 2013: deformable parts
models (“graduate student descent”)

— 2014 -2017: RCNN line of work

* Jon Barron
— 2010 -2019: Various low-level vision
and computational photography stuff

— 2020+: NeRF

Consider twoEEE i ——————

Learn

+ Research skills

+ How to get details
right

 Build expertise

So that you are ready
when your opportunity
comes.

il, .
. Assign each reviewer to papers within a cluster

. Use reviewer scores as partial ordering
Rank papers within each cluster and promote

papers

highly ranked

Advantages

1. Removesm
topic preferences

2. May be easier for reviewer to consi

works
3. Ensures that selected papers are well-distributed by topic

il

uch of the variation due to reviewer positivity and

der several closely related

cvpaper.challenge
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Workshop: Scholars & Big Model

O Jitendra Malik
B PHATITIEZBLDF o REDGELYNH S
m PHATEITIIFHLWTATATEHELDT, EAEABRELTILNS
m Locomotion IZE89 S HIHI D EFNZE D5
m— JRIZESDTHLLVMRZLED
m JF‘ZUJMWJHI:?‘J%)
T [

(2 7% :
o 2 v
“ oy '
-

IR E THIEMAI TR A EMXTIG L
B FOELTERARSITORED,

B AEOBNETEANLDIE
— {77z, ELVSHI

source: https://arxiv.org/abs/2211.03785
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Workshop: Scholars & Big Model
O PR

n ENAAALRICHEREZ PLESTHRLY

n FEEFEDEAEAICImageNetDEMEERHIZZ <D ADEYFE A, 2012/2015DF L LIS L ER-]
Huzxm LS 5=OEE>TL =

n [ELVAEERVERETERODO THRMEL-EMEIIEFEICRLIEER
n HEFAEN, FAIEE>THH - RARZAANTHLEYS !

“To invent, you need a good imagination and a pile of junk.”
— Thomas A. Edison D ¥5 £

= cvpaper.challenge
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X DT ED A E

o FAERI(2020FE LD :THEMRLILT, FEHEELTHIITNIEER

o 2023F :THERL+a INHNBYDHEESHD (o (FETEIARN INSA—2HHEIFELE), BEZRIZFL LIZT
ADIEHF=YRITUON A INEEEZSOLLANILTHITAMDIEE

o NEYHATHERLILT, FEOIFIEILSE AT HEBRELEZFERILTELRIILR>TE
(?) &SI EN

- PEHOEZERENMLLTET, AFEOEGELIEZATES:

il
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MY THRZEEDAR D -FHRAIEA /N !

O MEIZIXEANDE
n (IR ADDE | A -WVEIEFEHEBEEDERKZENTHo1=D, FIEFRENBILTDAINE
[CEWTIEARUMIAEANLGENEDWNTITIH ST
m CVPRGEAIGHDRMNELEERETITOT, MIRFTTREL=DIZE, FAN-HRADENTDFFEF
B HERIZLE-TLNE???
m EE, ALK-BRMDOBFREGEEXDNDEELTLASL, IELACEILTNNS (RESETERHASL TV =D
[CREARFEINSS—T AT BHHENSIGES)

AV LHMNEL: RARE, XARTIOERR — &HEEH

il
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Workshop: Structural and Compositional Learning on 3D Data

O Speaker: Angela Dai
m ScanNetDIREZE. TUMIZTIDE#HZRDOME

O Title: Structured Parametric Models for 3D Perception

m IDT—FDHEFIEKZE. #Z T, Learning 3D Prior without 3D data
BBEDHZEE->TIDY—2FEDKIIZEEET HH, E£1=3D PriordEDKOIZEFT HH
e Mask2CAD. Patch2CAD. Learnmg 3D Scene Prlors with 2D Supervision

& Transformer — .. egressive —— Instance Decoder ———
eeeeeee ion Q ‘
Decoder | | o [
e. : ===
..‘| : 2 |, i 4t i I
atent vecto XN ass | Box [ Shape
z(1xD. ject features ompleteness
D,) X Dp)

L 4

l Instance Rendering

Object Center Pose Classification Pose Refinement

source1: https://yinyunie.qithub.io/sceneprior-page/
source2: https://www.3dunderstanding.org/papers/2020/kuo2020mask2cad/
sourced: https://www.3dunderstanding.org/papers/2021/kuo2021patch2cad/

il
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Workshop: Structural and Compositional Learning on 3D Data

O Speaker: Angela Dai
m ScanNetDIREZE. TUMIZTIDE#HZRDOHE

O Title: Structured Parametric Models for 3D Perception
m What’ s next??
e Point Cloud & Language!
o ATIVHAREMGIDT —2YbELLMTE SFERLTLW A !
e Rethinking ScanNet
@ScanNet’CliT 28 - ECDE’CE&%#Z\% ScanNet++DIEEN 2 F5
. P e ™ HERDRAT—IA

il
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Workshop: Structural and Compositional Learning on 3D Data

O Speaker: Mikaela Uy
m ScanObjectNNDIEZEEZE . Stanford Univ.|[Z T3DERH; - £ R DI

O Title: Towards Controllable 3D Content Creation by leveraging Geometric Priors

o IDHBENEWMEBELE T [TA T VMN—YD/E - TIRFERZEREEIZ!

AN ™ -t T T 1 -_— e WL L3 = N T
Scale Up Scale Down Part
,,,,,,,
Rotate Part /-‘-\ ‘*' <
- ‘N A | =
/t\ Gonorated
24 e 53
Remove Part ‘ >
Conoratoa | R [ =
Shape s ’4
Color Parts Gonomied
Shape 2
Texture Mixi Texture Mixing Geometry Mix
Gonerated Gonerated Gonerated
Shape 1 Q Shape 1 ~ Shape 1
Generated Gcncrated Generated
ssssss Shape 2

https://arxiv.org/pdf/2303.13582.pdf

https://arxiv.org/pdf/2303.09554.pdf

s EH o

1%-[-.\ AN > -

Vanilla
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Workshop: Learning 3D with Multi—-View Supervision (3DMV)

O Speaker: Charles Qi
m PointNet/VoteNetZFIgsh &L T, ER TR B EBFENDE—AE
O Title: 3D Perception from Multi—X

m MoDAR
o AWED=ZRTRBZTIL TO=ZXRTRABHZ=RTWHAREIZFI A

= (INIA-22DN

BT v # ——
(¢ « A RS2 : ,
-7 T 2
N “ | ’Q’" A & 7Y :
| Y . g oA
! 3 :
| 1
1 N 1
___________ N i 1
! - s S S ! \ o |
| “"Along-range object N\ ,/” An occluded object .}, MoDAR points (red) !
v \ 7 \ 1 from forward prediction 4y : :
) w7 N
T \ E =g
o [ 0 MOoDAR points (blue) / ' . .
P ! from reverse prediction : g
1
1

In-the-wild Driving Data

1
/
/
}\ LiDAR points (gary)

from LiDAR

https://arxiv.org/pdf/2306.03206.pdf ~ hall
https://arxiv.org/pdf/2304.02163.pdf = cvpaper.challenge 19
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Workshop: Learning 3D with Multi—-View Supervision (3DMV)

O Speaker: Georgia Gkioxari

m Mesh R-CNN/Mask R-CNNZE D E . CVPR 2021 TIXPAMI Young Researcher Award& &L= A2 —
R E. &, Meta Al (EEEF )M b Caltech (FEMTR)NFEFE
m LG, 6/19 (A)Workshop TIEAEKELIDDIBFFHEZH THBL!
O Title: 3D Recognition in the Wild With and Without 3D Supervision
m BDBEMSANILZFEAE T [CEEHRERHE - ERETLHITIE?
o V[IY, IDT—EDURE -7 /T—2avITHT AR KEGAXNBETH A7 MR RBIEE
s EENSIDEBR/MARE - REHWASTERZRFE — ANERIZID

] - ; 2 ‘#?
nput Image 2D Object Detection No 3D . — 9 »
L upervision - -
< 2 ]
4 < [ =]
4 - i' | — £3p (e, GT3p,

Objgverse—XL: A Colossal
Universe of 3D Objects

SSSSS

UUUUUUUU

@ L BN BN 10 million 3D objects
*, L s
o Coming soon!
- .
&ﬁ’g AL, < 1 g/
‘ rY il . e . Matt Deifke, UW

2D Ground Truth Render Layout & Shape ; Ris ::,';i:ns

https://arxiv.org/pdf/2206.07028.pdf

il
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Workshop: Learning 3D with Multi—-View Supervision (3DMV)

O Speaker: Matthias Niessner

n TUMDEAE. 3RTEIBRZIELHELTIDRIZHEITIKREE
m BIEHZ, TEVFHRLF LXTHME/ NV TEE

O Title: Photorealistic Reconstruction with Neural Parametric Models
m KET—HEHET or PET —RBHBENDELLMNRLN?

e | belie % % jeve generalizability and

m IDEEK L 2%

https://twitter.com/MattNiessner/status/16673351811524239377?s=20

il
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Workshop: Holistic Video Understanding workshop

O 1DDHEFBIZZHREINILETEY, BE, MARLGE)ZFHELI-T—2tvyrEd AFLTWSF—LDT—
a7
O EEDZHRGIERZFZEITAHEHIZIZESLESRLWMNIZDOWNTER

B9 SRR ENE D EREEL D IS A 1= DLV Tazam

BE R
TILFARIOTILFIA LEFE>THolistic X E%{#>1-Holistic Video Understanding
Video Understanding ZDIT—avTH#RI-ELTIE. .

/On a beautiful blue day, a \
joyful person was having fun
jet-skiing on the sea near the
jungle, their laughter echoing
from the boat nearby,

creating a pure sense of joy. /

Action: Concept:
Jet-Skiing Fun, Joy

Object:

Event:
Scene: Person, Boatﬂ Entertainment }
) Attribute:
Sea, Jungle Day, Blue

a

il
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multi—label

WOI’kShOpZ Oral% 3% 1Class Protptype based contrastive learning for classifying

O FUSAVETAMNOFHEAITOHBNGILTUOVEHANTAFHLLNTITO—FZIRE

O HEHMOINIVIZEET AWMLY TILENIBTEEEH=0I5RTAMNATIZE D<{Supervised

contrastive learningZ FILVNT, ETANERODBEHNRBTEZ SO ENTE, NBEDISANBRERIIZELT
WAIEE THERFETHHNNZIN L FERNREELTEELT-

Featuresz,z ,z,

same class

r

from other
classes

Single Label Feature Space

(a) Supervised Contrastive Learning [26]

1
Attract different |
\ instancesofthe |

, 1 Repelinstances i

N
N * Featurez,

¥
7 LETIN
N

L
gl
< 1
- - 1
4*:' T \
. \ ‘
% 1
\\ 1
\ 1
\ |
1
. 7
- ‘Feature z,
Multi-Label Feature Space

Multi-Label Contrastive Loss :
Pa----- > Positive Pairs (attracted) :
P > Negative Pairs (repelled)

(b) Multi-Label Contrastive Learning [ours]

—
Class Prototypes

il

cvpaper.challenge

123
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WOI’kShOpZ OralF 32 AutoAD : movie description incontext

m BRENS BEFIZEFE SR (Audio Description: AD)Z4 9 AETI/LZBFL, SE(f
m GPTOCLIPO KOG EHIFEBBFADETILETHAL, REMICHINESN =TT AR DI=6HI22D0D
ETIVEBELTAIVEL T RYNT—OFFE
o BHIFEEETILGPTLCLIPOMAAEHLEIE, RMEMIZEH TIToNT-TFRNE R (BRE A DD
BB (AD) DAERL) [T L TH%)

o LE V)Y, BIDV)YTMEMAD, ELXUVFEENSDERZTEL, KYLELTXAROERDN, B

R

-

)
“‘ ‘ : " i- i .‘ é visual tokens .[Bm] [A] [man] ... [E,] I[Bm,][can][l][buy]...[l-:s“b] | [BOS] [he] [takes][the][seat] [opposite]... visual tokens
4 - s 4 " BR . B e 79
% A\ oS g 00 D0 AT e
— . = ' ' : e
EEEEEEESEEEEEEEEESEESEEEEEEEESESEESEEEEEEEEEESR ﬁ ﬁ { #GPT ] -
Context AD: Subtitles: DDDfIan[lle features }i:g:lllg&:whes fone > Can 1 buy you a drink? *I & & I* £
As Karen stares groomly out of the window, > Can I buy you a drink? T | Rt om)
. . . > ' 4 |
aman approaCheS toylng WIth a hghter' . Yeah I d love ofle. Slt dOWn. '| AD context Subtitle context ,C *
Shg turns her head, and finds Jack standing Target AD: He takes the seat opposite, i ; (@) NLL (b)
beside her. then places his lighter on the table
==
= cvpaper.challenge 12


https://arxiv.org/pdf/2303.16899.pdf
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Workshop: Oral# 33 HierVL: Learning Hierarchical Video—Language Embeddings

o REAM-EHIMLGE TAETIFAMNDEERZRFIZFETA2H LWLV EENEIE-SEIROAHET
JL HierVL %12 E

m ff‘i% :E?)blifl%id)au‘77075§1EI7E§EL,'CL\60)75\(%Egﬂﬂg@fgﬁg)’ %L/—Céﬁid)l:ﬁ'

THMAIZERL TS0 (REINGIERR) ZEBITORNEER
.LJHCHJ%?»Héi@iﬁE?TWﬁQZO¢¥?§%M@E?T%?U>7€ME
&‘d‘é’ﬂZﬁ’C J:UEL\/\77J- RUAREERT HEDAIHE

Child-level contrastive learning setup
Contrastive )
Leaming | C plays the keyboard |
<}:l‘ Encoder <}:| C levels the wall
j ‘ ~ Cturns on right cooker |
i 1 b vii) Falny . Creads the novel book |
‘{ Summary: C made salad dressings with some oil and sauce ) ij S nij
i Parent-level contrastive learning setup
%) Conrastiv
PV = | [ = -
v7 o Vi vii) <',:' fn |
'Cpressesa C relea f o FalS:) \ ﬁ
~ buton _thekn e o fa ‘ED HDDDDDDDH:D Agg
nit | G falna) . falagw) C was in a studio and
C places a bottle of he played apiano
vinegar on table

—— Standard Embedding --- Our Hierarchical Embedding

il
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https://arxiv.org/pdf/2301.02311.pdf
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Workshop: 215N E : Learning holistic visual representation with minimal supervision

l&\ -

O WebMSIERENDT—HAEZMETADIIBELEL, 5D T—AIZholisticESNILEFTETADITKE
BT T, COBFAETIILUTORXZHEINT

e LaVilLa:language model augmented Video—Language pre—training
e CutlLER: Cut and Learn for Unsupervised Object Detection and Instance Segmentation

e ImageBind: One Embedding Space To Bind Them All

LaViLa CutLER
Ref;iﬂli’t)im‘ Domains inti sketches cliparts natural images |mageBind
EgoMCQ Mt nsance |
(intra-vid. acc.) 361 Retrieval (mAP) y [ 1) Cross-Modal Retrieval
;:::ﬁtle i Images & Videos Depth ex
63.1 321 50.9 *’_’ E E ‘,)) n-. " E q Aeflc a pan of fo :swx:gon
nEGZEA Ml;;i%gnw asets  Watercolor part COCO20K  COCO Lvis mages Obj cts365 uvo KITTI ‘))) ﬁ ai e 2 toddler is Iaughiny
(meanacc)  \760 65 504 665 (@DCG) p . Baby Cooing Al e
N CutLER e
N "o AR OEARALIZSBE 4 -CULERET LE ALV £ 03y MEER ALY
I e e R EA DRIV R D BIETS. BEMIRHAPboXEE AL TETILE
st wsom SRR CULERIE, EFAIL—LRE D SHABEHREEISEHS
(h::;nl’:c’z‘“g Previous SOTA . NN il ey 3
) WAEALFT—HT, A HEEERIET 2. Eﬁé%’i’ )TADIEDAAEHRE L’C7DZ:E FILRFRETA]
BEICL, =B T4 ORERHL, EENSEBZRADEHE

FL—A—¢IEAKBEEEETILOD "otL\ovnﬁ% LIS RET IRt
A—N—ET avEAWNTCETAEERER%:

FETDHLET, ZLD—ATHBLY

ZAFTRDE TAEBERIRIIZELVTSOTA CVpaper'Cha"enge 17
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https://facebookresearch.github.io/LaViLa/
https://arxiv.org/abs/2301.11320
https://openaccess.thecvf.com/content/CVPR2023/papers/Girdhar_ImageBind_One_Embedding_Space_To_Bind_Them_All_CVPR_2023_paper.pdf
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WOI’kShOpZ EarthVision workshop

m HIEREAIEE—R T, OV EA—3ED 3y, #BHEE, E5/EZLEOMEIZLY, o
OFEEMLIELI-T—2ZF AL THBREREO 7O (IZ DOV TODEHREF IR T S5HEH B

m L, MERHY—ER, 703/ ], KFEREHR, SDEHETIY, BARAKEDFRIERILE,
SIEZEEEHELGEDZ(CH=A2T7T)r—avIEREN, REDT—2EMTICIZIEELZBHIEN
HE

B COREIL EEDIFGERIELHFRBE D ZLITEZEEL, hEKE TS EmEE DES(T,
BAKXEEMR, SR, FMBIE, [IEZEFHLTEOHASHREDFERIZHEEIL TS

(4

’ 4

&

il
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https://www.grss-ieee.org/events/earthvision-2023/
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Workshop: Inferring the past: a combined CNN-LSTM deep learning framework to

fuse satellites for historical inundation mapping
m Sentinel-1MBIRELT=EKI) 7 EMODIST—REMET A-ODERBFEIL—LT—9, BRI

[ZCNN-LSTMZ B %
iz )7 ILAA LTEMBRLEMT 7D, BEaMRPOKEE

B2 %8B

o ﬁig?_gli I/s7k'i"/El

HBOBAHIZBEWTEELFEHRIEELS
o BIET—AL, HEKDI UVFONI—2FERIZELCTHNT 5= DEENEHRTIRHETHE

/E _
MTE, REHGLOUIV O —FEP IRV EEBROREZ X E

® Sentinel- 1FIE&MODISH#FHEJ?rzﬁllé"ﬁ"fﬁ’&’d"%)-_tf BREA—ROHKFREBERICES T S
e L, SR ERE ;:gj;i SRR ey e | =S A REEOE S DOF R EE

Indices Fracgono(li 10x32x52
+ Inundate <—| é T
MODIS, ,,, Area Upscaling
500m 500m (average)
zzzzz
Binary
Water
Map LSTM 1024
Fusion L0
T

Model
Water Detection

l Thomas et al. JU— —_ 2
ISTARS, 2029 FEBEET—XTIFvOER

Prediction

ETIVTDIL—LT—Y
Preii::ion Cvpaper.ChaI Ienge

il

Fractional
Inundated
Area

500m

Sentinel-1

10m
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https://arxiv.org/abs/2305.00640
https://arxiv.org/abs/2305.00640
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Workshop: Seasonal Domain Shift in the Global South: Dataset and Deep Features

Analysis

n FHEHCEDNANV VT EZBRICAN-MEEZRNoD L MRS BEDLEHDT -5 VhER
EL, &, 2, TOAFYDEBRFHENL -V EOREICEDIIITEET AN OVTEHEMICERE

m FFEOMEBICHE T, GaborfF D FERIFEEZF AL, REGRBHERELLZT—XTIFVvZRE
L, EnAEVELLTRVD R YD — 7'(0) éﬁ/\jd- RURER ESEDIEXRLL

Dry

- ;"

Agricultur Barren Land

Bric kK11 For t&O hard

il
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https://openaccess.thecvf.com/content/CVPR2023W/EarthVision/papers/Voulgaris_Seasonal_Domain_Shift_in_the_Global_South_Dataset_and_Deep_CVPRW_2023_paper.pdf
https://openaccess.thecvf.com/content/CVPR2023W/EarthVision/papers/Voulgaris_Seasonal_Domain_Shift_in_the_Global_South_Dataset_and_Deep_CVPRW_2023_paper.pdf
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WOI’kShOpZ GeoMultiTaskNet: remote sensing unsupervised domain adaptation using

geographical coordinates

m HIBEEZFBALTCERBRE)E— Moo BBOEI TavIET A T—2av (2 TS5 BN
LA #EILEERIRT 2L EET )L, GeoMultiTaskNetZ IR
o HEMGZLLTI=T /T— a2 aXMHEIBIN TN
o RALFEINFRINADT. Bl DT —2DF A (KAA L TR arEe)

i

Z Y Y — | DCS Max Pooling

s s l Linear Layer (512 — 3072)

Batch Norm
ReLU

Z L Linear Layer (3072 — 1536)
Batch Norm

S€
g Rel.U
Linear Layer (1536 — 768)
Batch Norm
RelLU
A Linear Layer (768 — 512)
m C — L — C Batch Norm

coord ReLU
Linear Layer (512 — 256)

i

GeoMultiTaskE> 21— L& GeoMultiTaskE 21— ILDIEET, A

Dynamic Class SamplingE®>a—/L HEHTDHAXHREINTLNDS
AU RBIDMZEEIRD TOF AN IR —E]
RRSND/NAURIE, BFMR, FE, BREDIRIMVEREZERK
L=t ®D

il

cvpaper.challenge 10


https://openaccess.thecvf.com/content/CVPR2023W/EarthVision/papers/Marsocci_GeoMultiTaskNet_Remote_Sensing_Unsupervised_Domain_Adaptation_Using_Geographical_Coordinates_CVPRW_2023_paper.pdf
https://openaccess.thecvf.com/content/CVPR2023W/EarthVision/papers/Marsocci_GeoMultiTaskNet_Remote_Sensing_Unsupervised_Domain_Adaptation_Using_Geographical_Coordinates_CVPRW_2023_paper.pdf
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Workshop: UnCRtainTS: Uncertainty Quantification for Cloud Removal in Optical

Satellite Time Series

m #Fr1-7%iAttention baseN—ADT —FTIOF VB L= EEEFRAZHEAEHLE, ZEHRODERSE
FiETUnCRtainTS |ZE AL, EEBIEEDSoTAZERR
e UnCRtainTSIZEOAA XL EC KB ERETIYKRLF-HDFiE
o BIIHFHEERDZEAEREITEAIND
T _'f_‘;'j"f“’“ E'"’"&ﬁ#ﬂ?“b'liféﬁtéﬁé&&%l:, Bonf-7/7—av LM FIATELL

Aleatoric
uncertamty

Encoder Temporal Decoder

LR aggregatlon o
> - >
& S
o eoe o (XY} o
X LE m X
Txd,xHxW d xHXW
TXC,XxHXW MaxPool Image
e Upsample reconstruction
1x1 Conv
|
I B

e, -

e T i Attention L

Tx2.d xHx W '..ﬁ v L-TAE Lol Myoag X T X HX W
““m 4

‘AR L
Reconstructed Image Aleatonc uncertalnty

[ UnCRtainTS ]

il
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https://openaccess.thecvf.com/content/CVPR2023W/EarthVision/papers/Ebel_UnCRtainTS_Uncertainty_Quantification_for_Cloud_Removal_in_Optical_Satellite_Time_CVPRW_2023_paper.pdf
https://openaccess.thecvf.com/content/CVPR2023W/EarthVision/papers/Ebel_UnCRtainTS_Uncertainty_Quantification_for_Cloud_Removal_in_Optical_Satellite_Time_CVPRW_2023_paper.pdf
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Workshop: Masked Vision Transformers for Hyperspectral Image Classification

m Hyperspectral ImageZ FL\/=Vision TransformerM & FixE &5
o JOVYIAXINYFIEDHIAH

o ER-ARNIKMNILBEET T AV 50% |
o RRYMLEBIEDAH — |
o YRYUBCHAER{TEHRINL—=2Y
o THHBENEOEEICZELLKREERR I

§ 35%-

A: Masked pre-training Reconstruction 30%; —e— 3D CNN
—e— SST
25% 1 —e— Masked SST
0.1% 1% 10% 100¢

Transformer

—_— Spatial-Spectral} —> i B |

Label fraction

(Fixelwise
Classification

Figure 7. Performance of 3D-CNN baseline ['°] and spatial-
spectral transformer models trained on varying fractions of the
B: Supervised fine-tuning Houston2018 dafaset

il
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https://openaccess.thecvf.com/content/CVPR2023W/EarthVision/papers/Scheibenreif_Masked_Vision_Transformers_for_Hyperspectral_Image_Classification_CVPRW_2023_paper.pdf
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WOI’kShODZ 2nd Workshop on Learning with Limited Labelled Data for Image and
Video Understanding

O 3B1F/\;E : Reducing supervision to Enable Detailed Video Understanding

B Speaker:Hazel Douthy

AREETIE, ETAATUOVELIYEOHNCEET H1=-OIZ, Bonf-FRNI)LfFHET—4
ZHRRATHILEEICODWNTHEBNT 5. 512, FIARIEELE T —2%8NERTHIET, b
BRERASSITHOITFAS UM [CVPR 2022, ArXiv] EE 2 E 18 [ECCV 2022, ArXiv]
[CEFTE2ELADREDHARICERAZLTS.

Bio

Hazel Doughtyld, Cees Snoek#HIZDHLETHKT LRTILE LREZEDRAF VMRS, &
EJJARLKZEIZTDima Damen#FHiZDIEEDLE, BLREEEET. HLEETIE

. Inria ParisDEEMEELELTHYAEZBIT. QBIZSATUOREZOMBIZLELTEET
E. MET—VIIMEGEEE FIEHMHINERETTETLLERTTOEETHAS.

il
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https://sites.google.com/view/l3d-ivu-2023
https://sites.google.com/view/l3d-ivu-2023
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WOI’kShOpZ 2nd Workshop on Learning with Limited Labelled Data for Image and
Video Understanding

O 3B1F/\;E : Reducing supervision to Enable Detailed Video Understanding

m SR HBST 1 : Tubelet—Contrastive Self—-Supervision for Video—Efficient Generalization (CoPR’ 23)

o NTHIZHEMINT-ENE ("Tubelets” EMEIIN ) ZFFHRALT, O—AHIGE—aVF A FHX(C
E \,.“jéélff‘t T7.|'Z=§f51&5E%&Eﬂiﬁ)b)f%g—d'é%ﬁf’f&jifz’? =

Existing Temporal Contrastive Learn-ln-g— a j]nu_,\ngko)g rb /Z I\ U -[ o - o

Z,
. oy 0 7~ | Video _»I
Tubelet-Contrastive Positive k — Encoder

Pairs T I&, BHFa1—TL vk ¢
RER DB ERER S FS VR - AR SO
ERETHEFT, Bav mmm

FAMT. EIFEWNER/NA
v, 7RITMESNS. Fa—TLy
o MEXRLSEHILT, T4 | |
BN L, — 3L ATt iR E 3k Tubelet-Contrastive Learning
BARFOND.

Zn

9, Negatives

il
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https://sites.google.com/view/l3d-ivu-2023
https://sites.google.com/view/l3d-ivu-2023
https://arxiv.org/pdf/2303.11003.pdf

CVPR 2023 M &EhA] - s ft= (82/259)

WOI’kShOpZ DARE-GRAM : Unsupervised Domain Adaptation Regression by Aligning

Inverse Gram Matrices
O HEFELRAM G EEEREISH T AHLLVE R ZREL, FHOH T S LTHNEESIESETY—R
ER—T YRR ALV DTy T E1BHHFLULVFEDARE-GRAMZE IR E
m RS, EROBHHEROES (KDY, HEOFE TS LITHEEYTHENIFHLWVERERMEL
TWhW%m

m —A%{E & /N2 (ordinary least squares, OLS) B2 HRIZFET ST T LITHIE, TS5 LTI A FE4E
BEAIF Z AEENICEREHFTULNS

/ O Zs OLS Regression\ f Ys
<o 50 |e Solution a5 @ Lomse
- L o0 |B
Deep = & By =(272,)7'12Ty, Z (272, (272" Angle Aliga
r N Encoder > D> ,% s s Source Input s 2 s Nz 2
e - MkA /
> 7
= 4 Y Zi 7/ / -
(a) L“ {\_,
Gram Pseudo Invers .
P < Source .—1}: a:[:] Ih, B M Craim Matits Subspace Basis <
Yy [ s [> Target .||= 4 — A ) A ;
mi! | ‘ | /i
z, (272, Alig == m o —— Lo
=) I ‘ j 3 ]
A — - 8.
: l E Target Input Z (2/2) (2! z)* Scale Align
¥ zZ (2T 2) get Inp
(b) ()
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WOI’kShOpZ 2nd Workshop on Learning with Limited Labelled Data for Image and
Video Understanding

O $8%F 2 ;H : Reducing supervision to Enable Detailed Video Understanding

B iR #2492 Audio—Adaptive Activity Recognition Across Video Domains (CVPR’ 22)

o ERVHATHANDERE, FEXEBODEEICKOFAMV I TD T TORERHZITO-OHIC,
KAV TOESHA DL, EEEOEIMERLGLSEHEZAALL-EFERE I D5 EF
BHERERE

o ZLICFAMVEIRDIFHEHIRL, FA VT EDOFHEZEALIREHRTIREL, FM2GFRY

Source domain Target domain ~ L _— Target domain audio
- ‘ N domai . i
. , nery shi - ~ % ﬁ /-\ LT % ) 5‘)] % % 7N L sl Audio prediction 179t domar yiass
’ . uttin ‘. . i :
) \ g w. " ! i

—————

—_— A() [ 1 r ;
1 1 | —— BT b [l :
- ] Pseudo-ab: e
p—% [RESRENEE] ESERRERN] label ¥
S domain audio  Audio-based attention Transform
L O] f - |
_ R o i Audio-balanced learning Groundtruth I
RAEONASDEERVE B == L L
N A = 3 v
BNEDHIETHRET D AR e | s 2 22|
| Domain shiftEB)% & O ow Es [ B ./
®e W &
jj &131 L) —C it ﬂ i =
Activity class
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https://sites.google.com/view/l3d-ivu-2023
https://sites.google.com/view/l3d-ivu-2023
https://openaccess.thecvf.com/content/CVPR2022/papers/Zhang_Audio-Adaptive_Activity_Recognition_Across_Video_Domains_CVPR_2022_paper.pdf
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WOI’kShODZ 2nd Workshop on Learning with Limited Labelled Data for Image and
Video Understanding

O $8%F 2 ;H : Reducing supervision to Enable Detailed Video Understanding

B BT 3 :Day2Dark: Pseudo—Supervised Activity Recognition beyond Silent Daylich (CoPR’ 22)
o INILFIFTESNTULVEWEEDE TAZERT 55 LUSENHY FEERRE, BERAICICCTAH—T+
FAEDATILDHER EELE BRI HIBEDEB IZEAL-FHLINVEEIZRBET ILEIRE
o IREL-ETILAREBIRIRE TLMRMICActivityZ R T4 L, Ao ERKICLTHO

/ ‘\Z I\ -G % é : &€EE EZ:-]\ Pseudo-Label Activity label

Existing daylight-focused activity recognizer Autoencoder) Do (rech S
Activity B E (XS VRICEREZELITLNS " ms
=8, BLECATRAFOTHOEIAV RSO [ Ré‘c?;“.lfier J
T:&’)(:%E&Té /Model 1\ /Model2\/Model3
ARFEE, SNILOBRWNERYIZEBRIZEELBRE
ZEAL, BAICEESNGNE LN BRZE R 1W sh
BMASEHILT, BREISEET 3.

Unlabeled dark video
Pseudo-Supervised Day2Dark Learnmg
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https://sites.google.com/view/l3d-ivu-2023
https://sites.google.com/view/l3d-ivu-2023
https://arxiv.org/pdf/2212.02053.pdf
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WOI’kShODZ Workshop of Adversarial Machine Learning on Computer Vision: Art of

Robustness

O AMETILOFRELLICDeepfake DIFEMNEHESTREFEIZILMNDOTLVS

m DeepfakeZ{HEAL=ZL D A—)L (blackmail) DHE (X (D E<EHLTA)HERNTIX) BRIZERHESDH S

WAHGFITRELTLNDEDCE

m BEDERETIVIC ﬂbfi?(@”’ﬁ’d‘%ﬂeepfake*ﬁﬁ E&gﬁ@i:ﬁ(iﬁﬁ—iéb\ﬁ

“- Aleksander Madry

Had a chance to testify in front of the subcommittee of the Senate
Committee on the Judiciary about Al and human rights yesterday!
(Extended version of) my testimony:
Big thanks to D. Goldston &
for their help!

Realistic

@ l “Two men ballroom dancing”
Immunized Image Edited Image
A ©
q Unrealistic
https://twitter.com/aleks _madry/status/1669044821779156992 https://gradientscience.org/photoguard/ =

FRELLTIE
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https://robustart.github.io
https://robustart.github.io
https://twitter.com/aleks_madry/status/1669044821779156992
https://gradientscience.org/photoguard/
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WOI’kShODZ Workshop of Adversarial Machine Learning on Computer Vision: Art of

Robustness

O [Ronf-=FHETCLIPZZEE I HDILAREMN ? > “mARMN (L ATEE”

: An Inverse Scaling Law for CLIP Training: https://arxiv.org/abs/2305.07017

m CLIP[EOut of distribution|Z5&<A/\NAMEDHAEICELNTHEEE

m OpenCLIPD KA —T Y —ADCLIPBIREELH AN, FEICWELZIARNMBELEONT-FTET
[IFENIREMTIIAZLN?

m LML, CLIP[XencoderDH A ANWKENIZFE, DEVEE - THFACCHEREMIZEE HEH1FERE
(Inverse scallng Iaw)%%ﬁ,bt

s s e i k> > BT . ™ - —_r 1S
F ! . I ro-shot cl 'ca-"nn j_)bm

coritrast conirach zero-shot classificati zero-shot retrieval
- E 5 IN-IK IN-V2 IN-A IN-R  ObjectNet IN-Sketch | COC° Flickr30k
Models Training Epochs  GPU Hours image text image text
I OpenAl-B/32, Our Eval 32 4600 633 559 316 693 442 423 304 502 589 776
/ Ima 20 \ / \ Image Text Image Model OpenAlL-B/16, Our Eval 32 10700 683 619 499 717 553 482 331 524 621 819
Sty T Encoder el °°"e’ S' OpenAI-L/14, Our Eval 32 50800 755 698 708 878 689 59.6 365 564 653 85.1
L OpenCLIP-B/32, Our Eval 32 4600 629 551 217 734 489 49.4 353 526 617 790
; l OpenCLIP-B/16, Our Eval 32 10700 671 596 332 719 515 524 383 554 655 833
OpenCLIP-L/14, Our Eval 32 50800 728 654 465 849 599 59.6 430 597 703 876
Token ﬂ?al |sas?tgi:; - & | An orange cat n CLIPA-B/16 (I50,T16) 6+0.36 444 632 556 268 732 443 487 352 531 583 753
Size | FL__aledge l CLIPA-L/16 (117,T16) 6+0.36 628 67.8 604 383 812 528 56.4 401 584 640 815
CLIPA-L16 (I37,T8) 6+0.36 826 693 617 436 840 554 58.7 398 568 675 819
= hall
= cvpaper.challenge i3


https://robustart.github.io
https://robustart.github.io
https://arxiv.org/abs/2305.07017
https://github.com/mlfoundations/open_clip
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WOI’kShODZ Workshop of Adversarial Machine Learning on Computer Vision: Art of

Robustness

O LLMOTEEME-ERIEDR LITHEMICERTFLIRY

m ChatGPTZ#HETAHLLMZFALI-Y—ERXRDEFELHAESEENEL — A T, JailbreakZFDLLMIZ
X AEEREITBONDLDTLVELD MR

il
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https://robustart.github.io
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Workshop: Women in Computer Vision

o #7342V E: Dr. Devi Parikh
B ERETILORKGEER) TA~NDILE (TFAF,

B{&, BE, BF, 3D1LL)

m #895m3: MUGEN: A Playground for Video-Audio-Text Multimodal Understanding and GENeration
(ECCV22)
47— LB E] b%*ﬁ¢?ﬂ-pm®?—@bwﬁaﬁﬁﬁté

Learning Token Representations Generating Tokens

. K 0) Video |
Video Video Tokens g ** ‘HM
‘ Mugen jumps to a
- 5 gen  jump
§ é =.=iﬂ § § . . platform, collects a
...... & HEN | B g Video Audio coin, and kills a face.
______ 5 ° HEEN Decoder Decoder 1
codebook | codebook codebook vocabulary
Semantic Andiy Audio B
Maps | g2 Jokes E B ——
“‘” g g — z 8 Autoregressive Transformer
----------------------------------------------------------------------------------------------------------------------- B codebook ....-.-.-.-.-.-....-.-..-.-.-..-..-.l
Audio [|u] |||||..|.||||.|.»||||||||-|||||||-| .».|-||-|»-||--||.||.|-||.|I||.|-»| S R (TR (TR TR (B || [T |-||-|--|--—|||-||-|I Text ' '
=Tl
Manual Text Mugen runs to the right gathering coins as it goes. It bounces and lands on a snail, smashing it. Mugen jumps o a tokenizer Text [ 1] [ [ [ [ [} f
platform, collects a . ) BEESE video
Auto Text Mugen walks to the right and collects a few coins, and jumps to the right and killed a snail, and walks a bit. coin, and kills a face Tokens . -. Tokens Audio Tokens Text Tokens

Fig. 1: An example from our dataset. For each 3.2s video clip, we have rich annotations
including accurate semantic maps, synchronized audio, manual text collected from
human annotators, and auto-text generated based on certain rules.

Fig. 3: A unified framework for generation between every pairs of modalities. The right
part shows an example of video-to-audio generation.
MUGAN&LY 5|

il
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Workshop: Women in Computer Vision

o {8#F4YE: Dr. Judy Hoffman
s TRMZIYRSETILEH

m WBE

3 1: Token Merging: Your ViT But Faster

o VITICANTBb—U %A EHLESD. (TIL—=2F XYL EE)

o ViT(Mattention kye(K)®¥E1uF§§1EJﬂL’C MO D FEUT HEDET—

Image  Patchfied

A

Block11  Block 22

b) Transformer Block + Token Merging l—\

Block 32

Bipartite Soft Matching

e

|
Q0 NG 8¥8 o 4+ 4 R
00
&0 — 6. 0 —* 0\8 — Q —* 00
00 ® 0O ©) o Q9 O
0@ o—=oO ©o O ® O
Step 1: Assign  Step 2: Draw one edge from  Step 3: Keep the top Step 4: Merge Step 5: Concatenate
Tokensto SetA  tokensinSetAandtheir  rmostsimilaredges.  connected tokens.  the sets back together.
\ or Set B. most similar token in Set B. j

Figure 1: Token Merging. (a) With ToMe, similar patches are merged in each transformer block: for
example, the dog’s fur is merged into a single token. (b) ToMe is simple and can be inserted inside
the standard transformer block. (c) Our fast merging algorithm, see Appendix D for implementation.
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Y
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Workshop: Women in Computer Vision

o {8#F4YE: Dr. Judy Hoffman

m BT ERSL2: LANCE: Stress—testing Visual Models by Generating Language—guided Counterfactual
Images

o LEDNTRAMNERMNSFNDHRBANXEFERL, —DDAttributeZZ B LWH: /NRF——RASZF
V), FNEELERETIVIZONBZET, iLWTRMNTF—42Z2 5%/ 5.

o REFETERMINIZTAMT —RZEFESITLET, ImageNetDTAMERMET (DFYRRVZTHL

< BHIEITRDI)
(L;':':’I:tg:gagid) x“'"f Generating Language-guided Counterfactuals (LANCE) FACEIZERATEA.

Husky—Golden R.

“Huskies pulling a dog sled’”!

Husky—Labradoodle
- 4

Husky—Pomeranian

27%
- 10%

Dog Sled Eskimo Dog  Siberian Husky

0S-1°NSsY

il &

Irish wolfhound Irish terrier  Ibizan hound
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cvpaper.challenge


https://www.wicv.org

CVPR 2023 M &EhE] - suft=(91/259)

Workshop: Women in Computer Vision

o 1B4E/4\E: Dr. Kristen Grauman

DB (ARYEADEAA, HhREREEICHITT)

o 1T AN R =S

o #B9v w3 HierVL: Learning Hierarchical Video—Language Embeddings (CVPR23)

m (TEIDERBA(what) EE B (why) DR (2

[EEEEERET

- ﬁb\ﬁFEﬁ@EﬂE;HEﬂlh, HWNEIENSDY) yFEreasoningZa AT HET, JFYUEEL

' |

Parent-level Summary

Child-level Narrations

C places a bottle of
vinegar on table

--- Our Hierarchical Embedding

—— Standard Embedding

o a ©
@0\ ) ® e
@ (N0 &.)». PY ¢ ,(@)
(Q e %9
000@0
D
" 1078
2
.‘ '(3 C
2
& ® oF N
HierVL-SA EgoVLP
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Workshop: Women in Computer Vision

o A dataset and system for automated rose growth monitoring

(Risa Shinoda , Ko Motoki, Kensho Hara, Hirokatsu Kataoka, Ryohei Nakano, Tetsuya Nakazaki, Ryozo Noguchi)
m \TOBEFHE=A) I ORTLOREFHE
n BICREAIVN—230 BNELWLWNASOBRAT—URIBRHEZRIREICY 5. MRS YA ER+7)
CFHILDERETIVEFERATAHILT, SESFLAENSNTETRETS.

Input Video
Updated £ i s |
Track IDs v £ e
‘ P |.rose torgl-Za
B <! oS . BAE g Merging ) "@ : :
o N 5 ,,/ X ,7 Track IDs 5 o
e B BN
EEEEEEEEEEEEEEE As:f;'::ed ;

Object Detection ; T
YOLOVS YoLovs | | Predicted
tracks

'
Data Association
Estimation Model Predicted loU ; Frame 119 Frame 70
Li Bounding box Distance SeUnding Box
Kalman mea?r 3 and
Filter V;Iocnet'y Detected Hungarian Track IDs Py
Bounding box [ | Algorithm é CVpaper.ChaI Ienge
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Workshop: Women in Computer Vision
o WICVHIZSIMTHH=A, ASa=TsDEEMNRINERKL T
o BEIEXT4F—ITi5 e 0, D IRIRELZEET S

uuuuu

"W

)
3 o W
N

\t? | o
i
3y

(WiCV Twitter& Y EEZ1FE)
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Workshop: Efficient

O Efficient 3D Perception for Autonomous Vehicles

(Speaker: Zhijian Liu)

n R BHEEGEICE T A3RTMARHEOLATUY

m FiE:

e BEVFusion:¥k<X Gt H—

F E4iview transformationZ40{E =1E 1t

e FlatFormer: MEFZTIZH TS ZERMBYZRR B 1412735 B L TAttention

Deep Learning for Computer Vision (inv. talk)

MoFondlaize BEXBEV)DZEREIZHKEL,

STEZIRTAHCLT,

sparse CNNEUEREMNDEIRET, TYPGPULTYTZILAA LEREZZERK
VEEAL, EILHIERZE ﬁﬁﬁ?’év_kf

e SparseViT: R/\— XIE’E%FLT’T’S‘ JT—3

BEY features (camera)

\j

Camera features

(c) Shared BEVFusion space

BEV features (LzDAR)

Equal -Size Grouping (FlatFormer)

S
9?"

A

C

B

E
H
G

D

LiDAR feature

Window & Sorting Axis:

i

Batched

[o[=]-[e[e[z][m][>]o]

9]

® W T |m| >

IEEE

(Window Shape: 2x2, Group Size:

:3)

S ES S

[on-jelw=z|m/> 0]

R1b

”'
>
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s: i

-----------------
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Gather

||3|i|ﬂ||9||‘—’I|9||=|
[=]:[=]=]=]=]?]
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=]
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[o]
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Window Importance Score

(Shared Per Stage)

il

Window Attention with Pruning
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Workshop: Efficient

Deep Learning for Computer Vision (inv. talk)

O CLIP for Less: Efficient Training and Adaptation of Foundational Models

(Speaker: Kate Saenko)

e B2
B B

m FiE:

e DIME-FM:CLIPZZ&E L, LLERI/NRIZLET LA DUnpaird%sT—

: CLIPZ 15 LL[& D fine—tuning—zero—shot~D L U R ZEE

2ty T

Bk PO Ay MEREEER

@ Student y r=n 3151
400M+ Foundation Model 7 I\ 0) % E ( p DualCoOp
Paired Image-Tex ) e e
Unpaired Public Data “ 4‘2{'(‘)31/) ::/zlmg) K Gt ﬂ& 9 X 7 7 Imace Target || Seen Roe s ___g 9_5____: + {a%’elt
Pre-Train ‘ g Label || Labels g ' Neg | abe
Images Learnable Prompts
Teacher (40M Swin-Tiny
CLIP-ViT-L/14 (4.5 GLOPs/Img)
(81.1 GFLOPs/Img) Sentences
(284 transfer ST TR
| I
Unknown dawnstream tasks - _A_I'g_n_ o Align
| CLIP Distilled | CLIP Distilled vEEE = E . a EA i v v
zs | 60.1% 615% ZS| 486% 50.4% = Target o | . Target
° EmAEE OESNE G . Lz

LP | 782% 79.2%

Transferability Robustness

o Em
OmIE WEE- .

(b) Previous Zero-Shot MLR (c) Limited-Annotation MLR (Ours)
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Workshop: Efficient Deep Learning for Computer Vision (inv. talk)

O Mobile Super Resolution: MLPerf App — Benchmarking and Challenges
(Speaker: David Tafur & Sanghyun Son)

B EE :MobileAID/NNTA—I U R MDD EHIL (T/NA R, YIDIT, BREDE

m Fi&:

=)

e MLPerf Mobile App : #i—BJIZMobileAID /N T+ —<I 2 AL % 17X ABenchmarkZ 2B L,

NIFFHFTR R E
tﬁﬂ%r‘ bemsenchmarkabfﬁﬁL\bim‘_rc-r»

< Configurati

ooooooooooooooooo

[
e o
e
<)
7
@
o

v
-
o
e
<]
7
Q
o<

<EDSR architecture>

b3 ~E/]‘T‘ ZIMIBEZIBRFETTII.MAR —2
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Workshop: Efficient Deep Learning for Computer Vision (inv. talk)

O Efficient Deep Learning Computing with Sparsity

(Speaker: Song Han)

B B RBETILORBEBRILICEDFEE/HRIAADIER
m FE:
o ERMETILOERIL
o FastComposer, GAN Compression, DiffAugment, Anycost GANs
o LLMDAENEE

= ‘Bi= . . ' )
i!] 8.3 2% = o on
e _ o8 a% . |
A lot of computation - Many engineers |eSIS Complll)tatlon fewer engineers
A lot of carbon N A » ek i

less data
A lot of data
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Workshop: Efficient Deep Learning for Computer Vision (inv. talk)

O Increasing Efficiency by Reducing Redundancy
(Speaker: Judy Hoffman)

m B EZBETILORBREILIZKSZE /R IRXCDEBE X
m F&:
o Ziplt: BHMDFBRIFZBEBZAETILEHEL,
BREIT LALLM EINTNIEEEHKIBET HSE—FETILEER
o ToME:MLIBFIIZFELULI-b—H F Rt 2+ z= L=

/I a) Gradually merge tokens in each block

b) Transformer Block + Token Merging |—\

M E A~=l /& n00 — bk — Ml =1 1 o - T = et T @ 4
s ol s - e
Dov: '
Canary X Attention —+— ToMe MLP Y
Macaw - g
ch \_ Block 32 o || — 1 A )
/ c) Bipartite Soft Matching ! / \
Q0 22 Q 00 N
Gold. Retr. OO0 @) 00
Shiba Inu e — 0. 0 » 0\8 —> @) » 00
— Poodle o0 O \O O O @ O
Beagle OO O O O O O O
Step 1: Assign  Step 2: Draw one edge from  Step 3: Keep the top Step 4: Merge Step 5: Concatenate
Tokensto SetA  tokensinSetAandtheir  rmostsimilaredges.  connected tokens.  the sets back together.
\ or Set B. most similar token in Set B. /
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Workshop: All Things ViTs: Understanding and Interpreting Attention in Vision (1/4)

O Probing Vision Transformers
m Mean attention distance (MAD)
o ERDEVILEDERMEDESE, EVILDOYIBRMZEERE AttentionBEZ BT EHEEH
o KR T—HEYNTERNFEY SE, BAMFHBERIBEMHED N A ZEH/\—H] &
o BEBTRREBMHHEDAHZN/N—, BETIEINAZH/\—
B ETILFDORRILTORITEMDELIGZ HLER
o VITIZZEELTH—, CNNIXEBLERETH B

e Skip Connection®ViTDFRIFZEfE ( - g

ViT-L/16 JFT to ImageNet ViT-L/16 on ImageNet
3 120

===
100

ViT-H/14

120

Layers ViT-L/16
s o ® ©

100

80

40 60 80 100 120 140 5 50 75 100 125 150 175
Layers ViT-L/16 Layers ViT-H/14

R152

Mean Distance
(=)
o

Mean Distance
(=]
o

40 —— encoder_block0 401 — encoder_block0
—— encoder_block1 —— encoder_blockl
20 encoder_block22 20 encoder_block22

~ 2
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0 2 4 6 8 10 12 14 002468101214 B =1
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Workshop: All Things ViTs: Understanding and Interpreting Attention in Vision (2/4)

O Explaining Transformers
m Transformer® KiFRIL/E#ILIZEHST, ETILDRAMEDIEERMNAEEE
m Transformer[Z&H -7 BAFENEEE
e Attention Rollout: A TFXFAREHDT-H(Zlayer wiselZAttention mapDITHIZF TR
e Attention Flow: A TFARMER D=8 [Zlayer wiselZAttention graph® 5 Kt [t k8 & iz <
e TiBA, GAE:Grad-CAM® &3 I[Zgradientz FiL)TAttention ASA D Ry b —O4£L,E &

lnput _rollout[] raw-attention  GradCAM [ ] LRP[] partial LRP [ ] Detection mm — g ~-
- ma ¥ bounding 1L D08 Y1 £ AN *‘{ A v L
box i
S Ao A
g ¢ e T Ours
I ~ y\ I -~ \<\ / I
o " -~
| 8 Sl ~ e | |
g B o P, T, 05 Trans. att. [5]
0.5 I /,6” 028 L/O-" e P
% | ~ 03
C partial LRP [41]

o [ \7 ]

: e at n
I. raw att.
LR |
rollout [ 1]

\>< o /,// E !
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01 .~ - | >
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Workshop: All Things ViTs: Understanding and Interpreting Attention in Vision (3/4)

O Attention as explanation (CaiT)

m CLSZHR AT ARIC/NYFIEDIAHZEIET A LT EEZTEN
n Ca|le:777\ TTooaVvEBETOTAN = NNy FEDRBICHEEIZ/ER
DEEDHIENITHNIEMED FEESITREL, BEROHAA T IMNIBEEIZER

] H?*EMET\T—OQ?EE&L'C*IIFH_I?E

Iﬁdass Iﬁ Head 1 Head 2 Head 3 Head 4

—
=
—
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Workshop: All Things ViTs: Understanding and Interpreting Attention in Vision (4/4)

O Attention for Downstream Tasks (Latent Diffusion Models)
m IUO—45E, ANZEDAHAZERICTVEDT
m BEZEMICITHEERET ILAER
m >FEIRMVES #ERZEZEL

"A cot and a 303”

Stable Composable

Diffusion Diffusion StructureDiffusion Attend-and-Excite
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Workshop: Efficient Deep Learning for Computer Vision (poster)

O Pre—training Auto—generated Volumetric Shapes for 3D Medical Image Segmentation
m BRI :3DEEET AV T—2avD-ODEFFEE T —RAZTRE
m Fi&:
o AVS-DB:xyFEHEEzEADELZHRANCE DN TIRTHEEEZ LR,

BEHA T OO A EHLESAETEINFEFEHIDT—2EER
a 2 fBBII-FIT T EZLht-hFTIISRILIC o E—EBIIRILKE EFHHE!

xy-plane rule:
The number of vertices

3,4,5,6,7,8,9, ... * 3

z-axis rule:
Similarity ratio along z-axis

Japodag

~] Finetuning

Pre-training

=)

1. Concave-outside pattern ( > )

2. Concave-inside pattern (< )
3. Constant pattern (—»)

19p023Q

[
»

4. Linearly changing pattern (™ or #)

https://openaccess.thecvf.com/content/ CVPR2023W/ECV/papers/Tadokoro_Pre-Training_Auto-Generated =
Volumetric_Shapes_for_3D_Medical_Image_Segmentation_ CVPRW_2023_paper.pdf = cvpaper.challenge 156
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Workshop: O-DRUM Workshop @ CVPR 2023
Open—Domain Reasoning Under Multi-Modal Settings

o Jiajun WuE[Z kD855 E  Concept Learning Across Domains and Modalities
m REMHRICIZCLEVRGE DAL —RIZXET—2BNALLNEIEN S
o EEBREDEANVDEWNEESZERET HM?
m ARENHRICBDIESELGIRY R AL EDFE

e 2D question answering, 3D refferring expression, temporal sequence reasoning, robot
manipulatiionZEE DR R Y

PREDICLED)

REFERENT

Q: Are there an equal number of large things and metal spheres?
QWh ize is the yl'd ht' left of the bownmetlth'gtht
is left fth bg spherc? Q: There is a sphere with the th

metl ube; tmad of the same material as the small d ph

Q: meay objec either small ¢ yl nders or metal things?
Figure 1. A sample image and questions from CLEVR. Questio:
test aspects of visual reasoning such as attribute identiﬁcation,
counting, comparison, multiple attention, and logical operations.

2D question answering

3D refferring expression
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O-DRUM Workshop @ CGVPR 2023

Open—-Domain Reasoning Under Multi—-Modal Settings

o Jiajun WuEK[Z k585278 : Concept Learning Across Domains and Modalities

m SEDOEIMELTIE, 2 THERI%EREEZfE<{Logic—Enhanced Foundation Model(LEFT)
o HEMETILIZKYBRRIIZEWLWTHERER L

—

Cr—y—

Logic-Enhanced Foundation models{LEFT)

Domain-independent

Query: How many objects are left of the sphere?

left(x, lota(Object, lambda y: sphere(y)))) or(e

sphere(x)

First-Order Logic Executor
forall(var, expr

i exists(var,
LLM iota(var, expr
not(expr)

count(Object, lambda x: and(exprl, expr2

exprl, expr
count(var, expr)
»<,2(exprl, expr2)

left(x, y) — MLP

0.5, -0.1, 1.8])
[0.2, o.1, 0.7]

d((e.s, 1.4, 2.1)))
30

1.5 41

-+ LLM®OFA

RALRZEC

RAAL B
TRARVIZFIA

Domain-specific

na
--—. Faster R-CNN u W- —y MLPghere _| [0.5, -8.1, 1.8)]

P s
o

Logic-Enhanced Foundation models (LEFT)

—— 1

Grounding modules

Relational features

binary
H _n
(%] 0.3, -1.3, 27
B, MPer __, 0.8, 0.4, 1,
o 2.50.2; es
ternary
n n

..\ .. — M P —
a ‘ B

What's Left7? Hsu*, Mao*, Tenenbaum, Wu. Under Review
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Workshop on Computer Vision for Microscopy Image Analysis (1/3)
O TEMEEERENTICERZAT-T7—9 avT

SRERE®RICEVTEERETILOFRN
m FIEEGETICSITAEBETIILDEE
o HB1F/\;&E : James Zou (Stanford University)

o PLIP: Leveraging medical Twitter to build a visual-language foundation model for pathology Al

B EEHTFIZEHITSSegment Anything Model D Fi| F
;8 :Dong Xu (University of Missouri Columbia)
o Enhancing SAM’s Biomedical Image Analysis through Prompt—based Learning

il
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Workshop on Computer Vision for Microscopy Image Analysis (2/3)

O ¥B%F4\H:James Zou (Stanford University)

PLIP: Leveraging medical Twitter to build a visual-language foundation model for pathology Al

m Twitter NORBER-TXFALDARTERELT, HRFETHEITKYERET VEER—T
LTy

m zero—shot, linear probing, text—to—image retrieval, image—to—image retrievalZi& D T iRAR T E%E

THhEE

m [FRB7%G R L [Lspatial omics: 7/ LIEEREZEEEIIZF R

/7 JohnDoe, MD
@pathtweet

Tumor metastasis found in colorectal cancer
lymph nodes #GlPath

#Autopsy
#BloodBank
#blooducation
#BreastPath
#BSTpath
#CardiacPath
#ClinPath

#RenalPath
#SurgPath

32 Hashtags

Date range: 2006-03-21

EN
RT
L
L 4

<
T

2022-11-15

Text in English
Not retweet
Not sensitive

+
Reply with RéifiGia
most likes non-patholog
images
question mark

Text cleaning ¢ )
Image—Text pairs

tW|tter7b\b7'—’5UlR$ oLV

e

Small infiltrative-looking small glands with crystal-
loid secretions are suspicious for prostatic adeno-
carcinoma.

Naevoid melanoma with atypia, poor maturation
and dermal mitoses.

Herd of Trichomonads set on a squamous epithe-
lial cell.

Text encoder

-

—43

Lol l

T, T, T; Tn
— I, I;:T; I,;T, I;;T3 --- I;-Tn
> I, T IpT, IT3 -+ 1Ty
— I3 I3'T1 I3'T2 I3'T3 IS‘TN

Image encoder
— Iy INT; INT; INT; -+ INTn
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Workshop on Computer Vision for Microscopy Image Analysis (3/3)

O B/ E : Dong Xu (University of Missouri Columbia)
A4 ;JL :Enhancing SAM'’s Biomedical Image Analysis through Prompt-based Learning
m EFHFEEDORDOCRIZLSEHTA~DF
e SAMTfigurelZxfL Tsegmentation

O FEMEEHREERIZX 3 H2SAMD G

Q SAMZULMNZ EFLFIAT S ? (full finetune / prompt
tuning / adapter tuningZZ E)ZDNWTE LK IREFEL TLVS

Q full finetune—decoderDEFENEBDAFEE >ANT
prompt tuning—encoder|Z# I+ Hadapter tuning® IEZ
TiEgeM M\ L

Q SBOEEELTIE, BldDprompt tuningitL7=VY,
chain-of-thought Cprompti&ELL1-Y

SAMD F| 75 A THRELLER

==
——
E——
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Workshop: New Frontiers in Visual Language Reasoning: compositionality, prompts, and

causality

o LLM, Multi-Modal LLM{FICLIP).:&E D #7128 T A EMNZ LY
m 51 :CLIPOZE FMA4F L disentangled T, equivariant TIXZEWN(ET).

m f5]12:LLM[ZGender, Age, Ability 5l CPromptZRequestd 5&, FRZRENMNELTH>TLS. FELMAIDFEHRELY

, LLMOZE/NAT RALBITTES.
m FTLWVEEZLE T, IWEDMultimodal LLMAYCompositionalityB41Z -'Eﬁlﬂ?f)\a?)é._k?fTL,f— (RDR—

Expertise
Faz 2 2 0.10
el O > |
() o» -ty el ii'|| ||| '
o] go.0s i 2 /i th logist
< ® 2y/o ® 4y/o 7ylo W ornithologis
T2I (Oracle) #14 #15 #25 _ = 13y/o m 20y/o ® car mechanic
/ > .00 T = - - 0.00 ——C—- . 5 .
CLIP  CLIP OpenCLIP LIP LIP enCLIP
The I!ouse'on ViT-B/32 ViT-B/16 V‘i)T-B/32 ViT-B/32 ViT-B/16 VF:T-B/32
the right side
of the road. Rank 0.0 Race Gender
: \ 0.15 0.15
"rlght" -> ”IEft”
T . . 0.10
; = black person 0.05 I man
The house. on T21 (FIBER} 0.05 = white person = woman
the left side |~ 000 =72 e opencip 0 cUP cLP  OpencLp
P LIP LIP LIP
of the road. Rank ViT-B/32 ViT-B/16 v??-g/n ViT-B/32 ViT-B/16 v??-%m
Equivariant Similarity for Vision-Language Foundation Models (arXiv, 23) CLIP &4 - P ARE-MERIZELILTAERLT:
TR ANDIGEZE
==
= cvpaper.challenge
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CREPE: Can Vision—-Language Foundation Models Reason Compositionally? (CVPR 2023

highlight)

o BETfFEMVision and LanguageET /L ) Systematicity (Seen&UnseenDE S, fiA B H B DIEEE) EProductivity (B

Lo Z EZFrol-Hard examples|Zxf L CODEAR) 5B I 2NV FIY—IT -2y EFHBRERERE. (X

)

o0 CREPETI(XText-to-Image retrievalZ LI X 7L TR GBI IEF ENE1To1-.
FEMCNADIEETTHTAEL FIZCHEDNDSEHAMARAT A RLE. (AR

‘ Unseen atoms

Seen compounds
Unseen compounds

@ Crepeonaskillet. ®2

©) Boats on askillet.
© Crepe under a skillet.

)
CREPE-Productivity

’ other n + negative types

{ n =9 « swap negatives

€ Crepeonadog. =5

n = 8 « atomic negatives

Browned crepe next to leafy
salad and in front of metal fork.

©) Blue crepe next to leafy salad
and in front of metal fork.

 Browned next to leafy

Hard Negative Type = Atomic Foils

Hard Negative Type = Negate
........ Model

B DFERICEYEIFF

Hard Negative Type = Swap

CyCLIP
—— ALBEF

OpenAl CLIP
----- Random
=== Human

Complexity

4 6 8 10
Complexity

il

12 4 6 8 10 12
Complexity
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Workshop: New Frontiers in Visual Language Reasoning: compositionality, prompts, and

causality

o Multi-modal LLM&Symbolization(f5ll : Neural Module Network%)
m CLIPIZEZEH T, BXfFDMulti-modal LLM®) CompositionalityM328{& LU+ E<LG L\ BEDI B
5. (TR, RD2RASAF)
m FEMAERE BENE-EOR AN E<ES5.
B EEM2: Unseentlt &~ DtransferBE I M ELK7E5.
m EE%3: Compositional [EREICEWNTHREMNRLY (RR—T D Super-CLEVREZSER)
m AN AR A £ S EERRRIREZL causal foundation Al

Hard Negative Type = Atomic Foils Hard Negative Type = Negate Hard Negative Type = Swap
---------------------------------------- Model

2
®

—— CyCLIP
—— ALBEF

® 0.6 —— OpenAl CLIP
§ ----- Random
o e . T % | e Human

0.2
4 6 8 10 12 4 6 8 10 12 4 6 8 10 12
Complexity Complexity Complexity

il
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Super—-CLEVR: A Virtual Benchmark to Diagnose Domain Robustness in Visual
Reasoning (CVPR 2023, highlight)

O VQAET LN Out—of distribution~DEIHTEROR AL DL TEREAMELMERIZAS. LWL, INoZDER
MO L TEHET S AR EE.

O LERHFHMMIZHIT Sl T 2= DT—2tvhSuper-CLEVRZIZE. (2, ETILAEEE MM BRI
DO—HE, a>EThD 9%, >t TR compositionality CER i L 7-.

O BEFFIEZESHTLI-E, Modularity (Neural ModuleBJ73 %) & probabilistic uncertaintZff & LI=FENRBEL
HREEBLNAZ I E =T

Domain A & .
Visual - -
J/ Complexity

Super-CLEVR

2 easy middle hard
,/ . - redur;dancy “What color is the bus?"
' Question standard “What color is the large bus?”
\ Redundancy
\ +redundancy “What color is the large bus behind the cyan car?”
B o —
5 Concept - I -~ II
\ . . . -
', “What color is the bus?" Distribution NNNNENEN ilins.. il
\
\

balanced unbalanced long-tail

Domain B \COMPOSItIonallty :

well-compose correlated

il
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Question Generation to Disambiguate Referring Expressions in 3D Environment

O BEfFMObject GroundingZ R TIZFANXEDEHRMN AT+ 7 THAEENEEIN TLVELY.

B SRREOEBKREZENIOI-ODEBEMRIRIERE
o SRFTLI—2TF5TER—RELTTUT D—FA—ZOD%EE’:%EEEEF&?#Z DT ZEBENER
o TransformerN—RADFEIZCKY=ZRITRmBHESBRIFT AN AN T HEEREDREREGHIEEDAED
BBOXEHERRIEZ R T HE R XZH 7

(o o) Please carry the chair near the table.

There are two leather chairs
and a wooden chair and | don't
know which one to carry.

There are three chairs.
What is it made of ? Iml

d — d (d? Object Class: Wall ; Object Class: Picture i
Understan ﬁm causes Referring Expression: Touch the wall. Referring Expression: See the painted picture.
Question(GT): What is the color? Question(GT): What is the shape?
@]mm ﬂ]ﬂ M]ﬁm Questions(Predict): What is the color? ' Questions(Predict): What is the size?
. >
instructions return
l- ——
questions toiresolve them! Localization and Question Network == cvpaper.challenge 166
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Workshop: New Frontiers in Visual Language Reasoning: compositionality, prompts, and

causality

O Multi-modal LLM&F#&E & {ERepresentation.” Knowledge DL S
m &b -Knowledgehicross dataset/ domainMtransfer~|ii: Al 0] G

o HFlZfine—grainedT, Few—shot[ZHEWTHEENEN TS (A TH)

m Image scene graph—>Video scene graph—4D scene granh(FA . XXSlide)

Vﬁame 0000 )

Original Query
Dataset Construction
ONNO
Image Language

| |
Language-lmage Learning

Knowledge
Acquisition

[ a

Knowledge-Augmented Language-Image Learning

Knowledge

WURDNET y,

Wiktionary
The free dictionary

- Image Classification |

Pretraining — Task-level Transfer
ImageNet-21K O ImageNet-1K
GCC/YFCC O 20 datasets

&

/| Object Detection

Pretraining — Task-level Transfer
Object365 O LVIS
O 13 datasets

fEE 1’0587 FI AL 2% F & (K-LITE, NeurIPS 2022)

_Srame 0008,

Frame 0027

adult-1 standing on/in ground ad
adult-2 standing on/in water adult-2 walking on/it
adult-2 holding bottie-1
adult-4 holding camera-1 adult-4 holding camera-1
adult-4 holding bottie-1

bottle-1 towardadult-2 be

il
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Panoptic Video Scene Graph Generation (CVPR 2023)

O #FLL \RIREE% Epanoptic scene graph generation (Video®scene graphE ik +Panoptic segmentation) &EZ D 7=
DT—REILERE

O RZET—HtYME, Human labelingTT —%Z—&BIRELT= L (Bl : SNILARE), LLMIGEEZE>TVideoABRD E
BARDELEDHIToT-. (TR, BHEHUman+LLMTT —2{ER A DEYIE X TET:)

O VideoMBINIL DR EH, ELTINILDHAID2EEN BRI HETILLIRE.
O QXOOD%‘HE|$75\%L\75\%L1’L$ﬁ/\ﬂb\ MXDTERE - FEDBERNETEREL.

- 0 Key Object Identification + Key Frame Selection w/ Layer Order @ Describe Key Information in the Video
Layer 0 | Abirthday party for a kid. A lady holdsa |
| cake, people sing birthday song then the |

| kid blows the candles. 1

Layer 1  Keyobjecis: 4 adults, 1 child, 1 cake, 1 c 1 chair, /i
“ ¢ u | { 2 ‘ [T N ° Annotate Relations using Object IDs
Wl \ 0 e | an i | Vi o i ' Based on the Key Description Above
Layer 2 KeyObjeets: 1 — E

o Key Object Mask Annotatlon

111
Unpe

Py

Bupioo|

e Transit Frames Selecuon o A e y
Object Status sl_»nn

1

v ﬂn‘nhﬁ e
1

to Revise Use All :

i 0990 i L-DNRD Y&

@ Panoptic Mask Revision on Transit Framos ||||||

T By M5, Sy

___________________
Fine VPS

Video to Anniotate © Multi-Frame Panoptic Propagation on the Entire Video Annotatiod YA

1-0%E0 UO 1-9IPUED *L-03e1d UO L-9%eo *L-dreid BUIpIoy |-

yi0-com s | -2pUED BUAOI |-PIYD

il
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MIMIC-IT: Multi-Modal In-Context Instruction Tuning (arXiv2023)

O

VandL ETILDARARTDT-8 D KIRfinstruction—response pairsT—2t Yy FMIMIC-ITZIEZEL, In—contexBJ7%:
VandLET L DIEEZFATEEIC.

MIMIC-IT/%2.8M instruction response pairsh g S. -, IRBERITIZEER, EFE{ER, ETALELD
5.

MIMIC-IT G2 Lf-OtterET JLHVE&L Mn—context visual learningBE T H 5.
AR DFBENFZONELNFETAD, BXDOTHRE - FEZOERMNETEHEL.

MIMIC-ITTHK>TL\HZRY

il
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Workshop: New Frontiers in Visual Language Reasoning: compositionality, prompts, and

causality

O YFFERRE1 :Incontext multimodal learning

m Multi-modal massive dataset+Foundation model.
m Incontext CEEBD ALY, HOWBDEF T4 DIFH ZIncontext TFEH

m MIMIC-ITIZSRET—2(E{& 3 RTTT—2ETHA) FIncontextFE L, TAFEIZ
BRRIGARDITERTES. (AIDR—)

m HEHRENNSHS

F R

SHIEATATVEES

il
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Workshop: New Frontiers in Visual Language Reasoning: compositionality, prompts, and

causality

O Y33k :zERE2: Analysis by synthesis perspective ) EIH
m Analysis by synthesis perspective: 2R TIXGL, 2alb—aVHRETY7IL
HADETILIE-DHZET 5.
m FERIZHUNTDiffusion BT )L [XH FHTZHY, representations, compositionality,
abstraction’TZE DEI CTHET SRt HS.
m Module Network ({51l : Neural Module NetworkZi&) EFEE L, BFEE DSim2Real%x
ERTOHENDD.

il
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Workshop: Embodied Al

O Embodied AIZRV D B1E:
m How intelligence emerges from agents interaction with the environment

0 T—43v72023M 3 DD Topics
m Foundation Models
o KELTIFE—HFILT—RTEEHL, EHDDownstreamF XTI~
m Generalist Agents

o ETILHIIZ, BHDARYERERFIZHEL

m Sim2Real Transfer
e simulation (matterport3D, habitat, HM3D) CTFEL, Reall®iE -ORYFTERIEFELVTLK

O _EFDTopicsLl¥}Z, Invited talks TR{H TLAF—T—F
m Learning from videos
m LLM
m Diffusion model

m Neural Module Networks (/Neural Symbolic Network) (Best Paper® Visual Programming%))

il
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Workshop: Embodied Al

O Topics 1:Foundation Models
m & InternetT—A2THRAIFEE L, Embodied AllZ5&E i
m Foundation Models® 7358
e High level planningl 2359 5ET )L (RDR—, PaLM-E)
e Low-level controll 23T BETIL (RMDRXR—, Robot skill synthesis)

m Palm—eZEDETILTARTAIRAEmbodied AITHRKRELRTILFE—HRILT—EITEEL, ¥AG
EmergentBE I FELNEZEMTREINT=.

m T—REFEIZDONT:
o CNETOhigh quality>Tal—3>T—2t v EMNFREIRERED, T—2ERDIRMEL,
ZHRET—ADIERO EE.
o §i4I%, diffusionET LEDRILICEYETR N CEEL T — AR AR

il

cvpaper.challenge

173


https://embodied-ai.org/

CVPR 2023 MO &jj[A - & fF= (121/259)

Workshop: Embodied Al

O Topics 1:Foundation Models

m Embodied AlZ& D Foundation ModelsD | : (#2D3 DD ASARTHIEZEIFS)

===
=
=
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Workshop: New Trends in Image Restoration and Enhancement workshop(NTIRE)
| SDIR: A Large Scale Dataset for Image Restoration
BERETD=-ODKIREET—2 vk (LSDIR) iR =

de =2
O B=

= LH%EE! BTAEDMARIE, RYRT—IDEREFTHHID

m 3 L’Cﬁ)ﬂiéh’cmé%%‘v‘- FEYREI201TEITIRBESNTVS=H, HTFRDER LAEATEDL
4 = #@'C%’CL\?‘,LL\ |

GHGGY

“s

LSDIR datasetd)@{%ﬂ 1% 84 9911:51 *ﬁnﬁﬁ{% 000#%, TR {%1 ooo*ﬁz—c%m
= cvpaper.challenge s
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O T—RtYMEEFIE
m BEBETIRIIZEITH5T—3DHE
o RO EEIRET Bhigh—level visonEIFELY, BIRIE T E Dlow-level visonTIIEVEILEAA D RE

NEE
o BEICEFENDETT—O/AREWNSE=ET—FI7IMNEERHICEZEZXRIZT
m T—ANE

o TUSAVEBEEBEHXEY —EXTHAFlickrkhHAKEEEZINE
o SAEUR, RIGE, TFARYLLL, IEBRUVATHEERE

B T—RILIOUT DS, LTOHEEZER
o J5—IRHE D=, Laplacian7(JLATIvIMEBLI-FER DA EEERLTI LRI T
o KFREHZZELERZHIR
o JPEGEME/ A XOZDMEEND/AREERT HI=HDET I YT
o 7/T—A3—NMEREBELLITIESRE NI

il
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O 3B
m BRAGERETSIRY, ETILTEERRELE
m BRER /AXIRE, JPEGEMICKDT —FI7IMDRER, 75— BRERVTESF (T
J THHREHER

53 27.5 51 P ——————— 27.51 O R S
275 7 27.5 Ww S 27.5 o
27,01 27.04 27.0 / | T 27.0 /ﬁv ——
) —  —r
_ 265 _ 265 4 ' _ 2651 =265 ey :
= “ » = = J = / ol
= 26.0 - x 2601 | o 2607 7F x 2607 |
% —— EDSR, DIV2K, p256 z & 4 i
=55 —— EDSR. DF2K, p256 = 255 = 2551 —-~ EDSR, LSDIR, p48 - —-~ EDSR, ImageNet
= EDSR, LSDIR, p256 —— EDSR, DIV2K 25.0 ~—— EDSR, LSDIR, p256 5 —— EDSR, LSDIR
25.0 — = IMDN, DIV2K, p240 § ” - | N LS 5 25.0 T
! TN 25.01 —— EDSR, DF2K IMDN, LSDIR, p48 IMDN, ImageNet
24511 IMDN, LSDIR, p240 | EDSR, LSDIR 24.51 IMDN, LSDIR, p240 24.51 IMDN, LSDIR
0 200k 400k 600k 800k IM 0 IM 2M 3M 4M M 0 200k 400k 600k 800k IM 0 200k 400k 600k 800k IM
Iteration Iteration Iteration Iteration
Different datasets with larger Different datasets with LSDIR training with different Comparison between LSDIR
training patch size. increased training iterations. patch sizes. and ImageNet

NYFH AR EFE R EIERSE TEEETICETHRALGEBERIRVICEVL TR L ZZEK
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Scaling Robot Learning with Semantically Imagined Experience (Google 2023)
O ORYrDFEFIZIIKRRIRZE T —ADRELED, ORYbDT—R3EFHONHLNV=HT—2EHFEDT
ALHEL.

O text-guidedZidiffusion models TARYNEB D T—RALRFITOFEFIREL, BEMICORY T —2% %
eI ICRIRIET—2DEEIZRD.

O #R4<7iDownstreamP AV CLEENDFEDHIN]

taRLT-.

Imagen Editor

Mask Region o p Inpainting prompt: Add
Localization a can of coke into the

_ drawer
. ~oTe -
- O Inpainting prompt: Add
2 —_— block in the
e L 1 Traini
e drawer, the block has RT-1Training
@ different colors
N Mask F¥cmpl Imagen Editor
“Add a can of coke ..”
Prompt N L )
Source task: place coke + VIT';uglon pr;mpt: opened drawer *
can into top drawer passthrough object prompt:
Target Task: placecoke ~ [——> LLM ——| robot arm, robot gripper Output
can into cluttered top Inpainting prompt: Add a toy block
drawer in the drawer, the block has
different colors

LLM-assisted Augmentation Prompt Generation

1111/
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Palm—e: an embodied multimodal language model (Google 2023)

O Robotics®DFoundation model Palm-eDIiEZ=E.

Palm—elEZ < ILFE—F LD ANMG, TransformertB&ETE

/—~

EBICEHEL, I5[ZControlET )L TARNY D EREDITENETE - MEDMITETITD.
O Palm-eTlZscalingghB ZRL, ¥k < Eemergent abilitiesH 3 5 : zero—shot multimodal chain—of—-thought,

complex multi-image reasoning, *-*

O InternetT—4MBLEIRIEDORYME TDpositive transferzrL7T-.

Mobile Manipulation

? ViT

drawer. Robot: 1. Go to the drawers, 2. Open

top drawer. | see <img>. 3. Pick the green rice
chip bag from the drawer and place it on the Control
counter.
Visual Q&A, Captioning ...
Describe the following
<img>

A dog jumping over a
hurdle at a dog show.

) Given <img>. Q: What's in the
image? Answer in emojis
J-#2004&.

PaLM-E: An Embodied Multimodal Language Model

Given <emb> ... <img> Q: How to grasp blue block? A: First, grasp yellow block

Large Language Model (PaLM)

Task and Motion Planning

- Given <emb> Q: How
to grasp blue block?
A: First grasp yellow
block and place it on
the table, then grasp
the blue block.

Tabletop Manipulation

Given <img> Task: Sort
colors Into corners
Step 1. Push the green
star to the bottom left.
Step 2. Push the green
circle to the green star.

A: First, grasp yellow block and ...

Language Only Tasks

Q: Miami Beach borders which ocean? A: Atlantic. Q: What is 372 x 187 A: 6696.Q: Write a
nbodied LLMs. A: Embodied language. Models learn to understand.

Haiku about em

cvpaper.challenge

The world around them.
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Language to rewards for robot skill synthesis (Google 2023)

O LLMsZzEZORYMIFRL, LB Zhigh level R R TIZEWNTD RN RSN TET-.

O LA, robot controlZi & M Low level B EIZ X B LICKWLVERBE RN E->TLNVS. UN—KFOz7IKE, LLMs
THRIALOTILMFHERIFDERGE)

O ZZTReward functionZFLLMs&ET )L ControlD I FRIFEL T, LLMsZ FHLYTReward function® /85 A—
R EHE -mElLAlgeICLT=.

Approach Overview

User I User I User
] I
Make robot dog ! Make robot dog ! Make robot dog _, Reward Translator
| I
stand up on two feet. | stand up on two feet. | stand up on two feet. (LL™m)
I I
+ : + : Reward code ‘
LLM ‘ : LLM E # Set torso rewards
i " set_torso_rewards(height=0.7, pitch=np.deg2rad(90))
Motion description + 1 1
The robot dog's torso is upright, ! # Set feet rewards
balanced over its hind feet, which Low-level action set_feet_pos_rewards(front_left, height=0.7)

are flat and shoulder-width apart. set_feet_pos_rewards('back_left, height=0.0)

I .o 1
The front legs hang loosely, poised I set_joint_target(0.0, 0.2, 0.7, I St tact : Rl
s s { N gy _pos_rewards('front_right, height=0.7)
l',:;:;:;’ aT ;nn:ckmg alkimans ; 88 _83 82) 00,02,07, : set_feet_pos_rewards('back_right, height=0.0)
5 : .0, -0.3, 0. ,

!

Optimized

low-level actions
<+——— Motion Controller

il
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Workshop: Embodied Al

O Topics 2: Generalist Agents
m IS 1 DDAent THRARIGARVZRRITS.
m 770—F (D REYITHER?):
e Self-supervised embodied action learning (SEAL) (RD XAFAFK)
e Modular Models (FILM) (RDRXSAF)
o Step—by-step CAZXE[ErEZ 7 fE L THES
e Grounding Language for multimodal generation: FROMAGe (RMD XS5 AK)
o BREMNLHEETFD

m Generalist AgentsD 1= DEmbodied AIZ R 7t igESINT=
e ALFRED+TEACh(132X%?)
e ManiSkill (LLESHIIIEL R JL7gORykarka—)L)

il
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SEAL: Self-supervised Embodied Active Learning using Exploration and 3D Consistency
(NeurIPS, 2021)

A B —F YT —EAM 5B INT—%7% L TRobotics A A I AE L3 HHF .

SESEALIZ A A—Ry T —Ah B Active explorationTR!) & —Z5E 9 3. ExplorationCTiHL N H%ER
BN SER T4y TEERB LD consisencylZdYself-attention T{TY).

EFERBDSEALFEDY, Action&PerceptionMclose—loopZEIRL, 1BINT—%47%; L Texploration&3RITI VT

O

O IBE

HETITAD.

Phase 1: Action

Learning active exploration policy

~

Training Mask-RCNN using spatio-temporal label propagation

Phase 2: Perception

]

Exploration
Policy

Gainful Curiosity
) Reward

3D Semantic Map
\ ¥ }:‘m
? ‘1 Y
36 A
L Nl 3D Semantic
e Mapping
(o

Perception
Module
(Mask RCNN)

Semantic Predictions

J

Trained
Exploration
Policy

Sample Trajectories

Perception
Module

(Mask RCNN)

1]
Get Labels ]

z I = 3
- 3D Semantic
.?41‘ l" S o
3 l v
3DLabelProp 3D Semantic Map
NG \x
X Qe A5B 2
Z AR

il
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FILM: Following Instructions in Language with Modular

Methods (ICLR, 2022)
O Modular®R—X M structuredfF T R Z F| AL FzInstruction Following® . e st o
T

O IRBEFXIFEMARMIZ, £ BAREEDInstruction&EgocentricE{& 7
b_Amkjj b\67 Semantic top down?‘yjo€E¥ﬁlloo El Egh\g (b) Subtask: Pick Up Apple Subtask: Microwave Apple  Subtask: PutAppI n Countertop

Semantic Search Policy CIRIE MexplorationZz{T>. £L T, Search
goallCEKET LD TOERFEFH L TLK.

O ModularR—XNDEmbodied AIET JLITERITIEZ TET, VQALLEZIT
TlE75<, Robotics# AU THEgEZ<LT-.

===
—
=

cvpaper.challenge 13
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Grounding Language Models to Images for Multimodal Inputs and Outputs (ICML, 2023)

O

O O O

=:zh

[(==]m|
REFIEN
REF

Input Embeddings
(seq_len, 4096)
I <imgl> l silhouette ofl a I ]<-img2> | cute l l scooter

Image #1

Visual
Tokenizer Encoder Tokenizer
silhouette $i
of a plane L cute cat
against sitting on
the sunset Spscocte
Caption #1 Image #2 Caption #2

Image and Caption Inputs
Image Captioning

Generated Text
(next token prediction)

silhouette of a
plane flying into
the sun <pad> cat
on a motorcycle

Cross Entropy Loss

silhouette of a
plane against the
sunset <pad> cute
cat sitting on a
scooter

Combined Groundtruth
Caption

[] Frozen Model | | Linear Layer

Cross Entropy Loss

silhouette of
a plane
against the
sunset [RET]

Input Caption

/

Input Image

=
-
<
Output Embeddings
— (seq_len, 4096)
—
o<
g2
ge
/

Image-Text Retrieval

silhouette of a

silhouette | of | ... | [RET] |~ plane against
the sunset [RET]

Generated Text

W, (next token prediction)
H InfoNCE Loss

il

Loss

EATIHEREETIVDOER D ZFreezel, AHNEBDHTHEFEELT, Multimodal 72T —52%& 3.
IREF £ D Zero—shot Tlmage retrieval¥°Multimodal dialogue’ZZ EX1TA 5.
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RT-1: robotics transformer for real-world (Google, 2022)

O Generalist agents D HFZZ—15l :
O RoboticsDEZF D= D KFRIE, Task-AgnosticT—FEILDIRE.
O Scaling® B Z1&EI9 571=8, TransformerN—XFi%Robotics Transformer—RT1Z iR E.
O Robotics|ZH LN THScaling®h R+, KIRET —F Y TScalingh RO T RIRIA DB IEAIREES
1-.
Instruction - Action
Pick apple from top drawer and place on counter J_» RT_1 Mode Arm Base
Images 3Hz
FiLM
EfficientNet TokenLearner Transformer
RT1DO# =

J—o 3y T A ThaEEHEE=ETIL

===
—
=
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Workshop: Embodied Al

O Topics 3: Sim2Real Transfer
m HoWHEEFETENVEDT—IME->TE:
m Stable Diffusion modelZfE TSR IGIZEEL T —2E R
m Sim2real DIRIFEHERAELE L XD SlideDBenchBot A\

m Foundational B97%%!) 77 )LIR1E CTEI{Embodied AI(ARYIEE) DT
® | earning at scales
e Suitable training data (4F: K=Y, 7))
e Test and fine—tuning in real world

m EOTULWHRER:
e Low level physics [F&<Ignored
® Geared toward benchmarking, not Sim2Real
e Sim training limited to rather specific skills

il
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BenchBot environments for active robotics (BEAR): Simulated data for active scene

understanding research (arXiv, 2023)

O Active scene CHDEmbodied AID =D 2L —3—DIRZE
O BEFEDIUIAL—3—LHART, BenchBotlZd—LL A TEIRIERobotlSAHEEITHMNS. (direct

sim—to—real transfer of robot agent code)

GT 3D
BBox Agent Sim agent Real robot
' TT T3 Environment/interface Sim type map Scene variations control interface interface
D iITHOR/AI2ZTHOR (Kolve et al, Full sim Yes Randomise (materials, DBA AI2THOR None
P — (2017VKolve et al. (2017)) lighting and colour) (active)
RoboThor/AI2THOR (Delitke et Full sim w. real No® All envs are vars of 1 DBA AI2THOR AI2THOR w,
al. (2020)/Kolve et al. (2017)) counterparts apartment. Walls and (active) PyRobot
objects change bridge
MP3D/HabitatLab (Chang et al, 3D scan Yes None DBA Habitat lab Habitat lab w.
(2017¥/Savva et al. (2019)) (active) PyRobot
bridge
Replica/Habitat lab (Straub et 3D scan w. Yes 6 variations of 1 scene DBA Habitat lab Habitat lab w.
al. (2019)/Savva et al. (2019)) refine (object pose) (active) PyRobot
bridge
Gibson/Gibson (Xia et al, 3D scan No None DBT Gibson Gibson w.
(2018yXia et al. (2018)) ROS bridge
iGibson/iGibson (Shen et al. Full sim based No# Randomisation (object DBT iGibson IGibson w.
(2020)/Shen et al. (2020)) on real models and materials) ROS bridge
BEAR/BenchBot Full sim Yes Day + night lighting and DBA ROS ROS
§ \‘ objects added/removed (passive
for 5 scenes and active)

BenchBot@1%15'J Eiﬁﬁﬁntd)ttﬁﬁ

= cvpaper.challenge
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Workshop: Embodied Al

O Topics 3: Sim2Real Transfer

m HoHFEEETD
Sim2Real :ISAAC Sim

m NVIDIA O KRREORYEY
2aL—23arF7TJYT, %5E
%@é&-‘r“—aiﬁ?l:ﬁi

m Manipulating,Navigation
m Human Simulation
n ENOIGRE-BEEGET

TS AMEHRF

Manipulation

Navigation

il
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Text2Tex: Text—driven Texture Synthesis via Diffusion Models (arXiv, 2023)

o BEFIRILTIAFY—ZTEMT HFEText2Tex.

o TXAMMNOIRFTAYVVADEETIRAFYEERT HETILIRE.

o IBREFENEEFEDDIiffusionET JLZEInpainting(Z{F>T, RIEMGERIZTIRFv—
DERZTITO

exture:
es
es| 5 $
“wooden barrel” “metal CD player” “orange backpack”  “bagel” q /,,.?,’ pe= 5 e 2
& C ’ '&
R S Vo4 7 @
_, — y preset <.[3
A _— d : K ’ . i =
L “b ci-fi metal helmet”  “golden Porsche” ‘b, \ e vy = il e c i@f“
- o
) e / \ . : »
/ c;/ e 4 el l'q@
— texture W_W texture
Meshes without textures rated textures with text prompts Generation Refinement

ﬁ’%%ﬁu REFE

il
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Workshop: Embodied Al

O Learning from videos (1/2): Saurabh Guptafc &
m }FIZEgo—centric videoshbFE
m AZFEITL:
o ESV>THKREInteractd %
o EAGIE, £23%0-oT, AL ESED, BE (RDASAE)
m BLULVA:
e Embodiment Gap;
e negative examples DY 7ELN;
e InteractionM 1= DEFEFEEN DG EETIEAL
m FE

e | earning at different abstract levels

il
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BeHuman Hands as Probes for Interactive Object Understanding (CVPR, 2022)

O EgocentricE 7‘7]'75\b?ﬂ%%éhf:$&%ﬁi@lnteractiomﬁ\B, MIERDIBE, 135903 G EDRMBEZEF
B9 OFEERE

O FEMAKRD—EHIEZFEE I DTemporal SMCLRF;ZE, AV TFH XM F8I9 5 (Self-supervised) {T# A T
Y {AKaffordanceZzFET 5. (&)

O Epic—kitchensT—%1v F CIRZEF ;% Tstate—sensitive [ -PADIPHFABE LIBSE A ELGEDEEIZH

hEzERLT-.
w
g
2
L2
k=)
.
N e
=
£
O (’

< 0.2
Regions of Interaction At’forded Grasps

a) State Sensitive Features b) Object Affordance Prediction % /f Te m po ral S Im C L R ( J: ) Affo rd ance ( -F )

TATT7HEX

il !
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Look Ma, No Hands! Agent—Environment Factorization of Egocentric Videos (arXiv, 2023)

O EgocentricEIEI NS, FORIIVZFE I S &Lk K ZErobotic manipulationZRAZIZEWVWTEE. LHAL, FAMDY
AREERLTLEND, BEFLGEICEEZELQERNEL>TLEIEGELHS.

O LEZFWET S8, EgocentricEIE MG, FEREDEFHREZDHELE-BFERAEFEDFEZIRE.
O LEDOFFHEDOATEHERD L diffusion BT ILZE{FE5T-video inpainting.
O FEMNVUTILED, BEFEIVEWFOREENTESLILERLT-.

Diffusion Model
(Section 4)

Agent-Environment Factored
Representation

REFE

il
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Workshop: Embodied Al

O Learning from videos (2/2) : Kristen Grauman3t 4
m BE= :Human—centric environmentMbZ2E 3 518, BIEGRT—20NFH.

¥¥1ZEgo—centric videosMbFH
m Ego-Exo®MAlignmentt iR 5T
m Ego—-exoM b Dactivity contextDFEH &5

m MzFEITH:
e Hierarchical video—language learning (Ego—4D, Kumar2023: XD XAF5AF)
Ego—exo alignment from unpaired dataCRMD A5 AK)

°
e Activity context(complex sequential behaviorZi &)
°

Human—-like grasping

il
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HierVL: Learning Hierarchical Video—Language Embeddings (CVPR, 2023)

o BBFENETARBOFEIIHVBEOBERETFALCNDOEFZREZEZ LTINS, ZZT
LongTermEﬂ@ni’m"kISEﬁ'éb\BEb*Lé

o __T, FEErI%Video—Language embedingFiEZ 12 ZEL, Long term&Short termM A%
‘fJ‘E LI=ETILTIKRADIIIZLTz. F=, ETAVVYTLRILEN—FILETALARNILD
Contrastive LossZ@EnL7T=.

o BWETAI)YTTHMNAINFEELI=NIEZFEL, ETAELAETWhyIZEEL T
Reasoning T4 &D(ZL7T-.

Parent-level Summary e Child-level Narrations
() (@.\ Y
®); 3
C plays the keyboard = .‘): “\ ;. £ ¢
'®: y
C levels the wall san —
P ! ‘ ~ e
! § - %  C turns on right cooker = k{ T S N E
A mhd ————————————— e @ D
*E o | b - (04 (03 § _ Creadstt::jnovel book (6\‘::{3 7 / \ *ﬁ
(Q,r ,&? 4 )j
g_p "o
$ i i) Contrastive a\’ .) '6‘
% - ...... - UL = | 4 B g ® @
folva) . Folviw) <=\ b
Fa(S0) - HierVL-SA EgoVLP
o e RN - !
S Filna) Fa(niny) ans;u io an -

= cvpaper.challenge 19
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Learning Fine—grained View—Invariant Representations from Unpaired Ego—Exo Videos

via Temporal Alignment (arXiv, 2023)

O Self-supervise CExoLEgoBNBI DT TA AV REITOFIEDNIRE.
O FETIL, UnpairedB) B H o8 AIRE (BRFEIAYIZ—EMEAFIZALY, IRIBELRE—TIEALY).

O IREFAIL, objectéhandZET7A4—HAL, Toa—FT 425 %9 3. £i=, ReversedE TAZ R HTAT YT
JLEL TContrastive =& 9 5.

ego video exo video

RREARDEFEEH
Embedding

embedding space

il
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Workshop: Embodied Al

O TJ—53v72023M10{E 0 ChallengesDZ MD(5/10):
m Navigation and Understanding® X%
e RxR-Habitat (continous space, room cross room navigation)
e Multi-On (multi-object navigation, ¥1{ADIEFMNELLSD)
e SoundSpaces (E RO H{EE Honavigation)
o

Robot Vision Scene Understanding (ZE N IR1E MDnavigation&scene,object
recognition)

o scene change % i
e Habitat (image goal navigation, object goal navigation)
o Open—vocabulary®— &%t iis

il
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Workshop: Embodied Al

O T—923v72023M10{HD ChallengesMDZ D (10/10):
m Interaction and Rearrangement® X%

e Al2—-Rearrangement
o 2DMI—rDEALZERHL, MAZETITS

e ALFRED+TEACh
o Generalist Embodied AIDT=8h D133 RV Z=RIFFIZEE I HELE

e DialFRED
o Dialog—enabled embodied instruction following

e ManiSkill
o Generalist Embodied AID7=8 0 Generalizable Skill2X%.
o ARYFDAIRIE (45l : Manipulation) N AR S IZT=5.

e TDW-Transport
o Rearrangement?X%. WSETIZEK A F

il
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Workshop: Embodied Al

O $HoWpBHEmbodied AIDFEMNDAHT-FEDI UE:
m LLMsZ{EAL, Low-levelZBiE M omL N ILPlanningZ 1T
o LtEZAIIZLow-level: manipulation skillsZi&
o LLERAYIZHigh level: Task and motion planningZi&
e LLMs%{#>Tlong horizon planningZ{T>

m Structured¥& &% {E FH
o f5l: GridMM (RxR-Habitat? X 712 5 TIX 31& £ D Grapht& & % {# F

m = TEBEDObject detection ¥SegmentationDFHHIFBETILDEH

m Module network (symbolic network) 2MDE A CRDR—)

il
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Reduce, Reuse, Recycle: Modular Multi—-Object Navigation (arXiv, 2023)

O Multi-object navigation@ X2 D 1= MDNeural Module R FEZDIRE.

O IBREFERIIE DD/ N—Y - WAEH, ¥ vTHERK, Exploration, Planning, navigationM™ SRS, AHSh
T-Goal (FEE D RPIR) b5, EEHDED 21— LK EEIL T, Step-by-step TTRARIE#EL.

Current Goal (g;)
Couch visible. e Found bed. Next ('yeliow) Object Detection (0) Planning () Navigation (V)
Chair visible. Memorize location ; goal is chair. Move to “Is object visibl f Relative Goal | [
emorize location on 2D map. - i RGB e 4 position 7\ i

H Select Goal
_— from Mor £
kNN >
‘-M [ (g. = g!) A \ N Il n
De ilh | 4

£\ 3/ \E/H
o &

“Current Goal” (g) | ) . (]
r - J \
| .| Exploration |-
Pose (x,y,8 > Map upd & li
nd) = -»| ({Remember object) LJ - i PointNav Estimation
“Current Goal not Exploration
Updated map observed, keep Goal (g,) -
m, \ exploring” J| L “Move to the Point Goal
- . Map Building (M) Exploration (£)
= Object Detection Previous map Depth
No bed visible. . e I ey
Kego lookisg. [2] Chair Map Building Navigation
Ordered Goals

Reduce, Reuse, Recycle $ 5 f
RITI HEDOH=

il
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Workshop: Embodied Al
O SHREZELEDLNAMDOINYY:
m Dynamic scene recognition
o ZILILENREDEFENEE
o 5 [EIM10D7MChallenge® HF[Z2D[LChange scene recognition

m In context CTembodied Interaction

o JTIC—EIPLNTLSD, ML EFEN—R Vision HanguageN—RA KXY FFZIRFTTHZERIH 5.

m Diffusion €T JLZFE A S =Foundational EAI
o FBF—HERH
e Future prediction / planning
e In context FEAIREIZT H5E

m Personalized I FERDFE (RDAFAF)

il
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TidyBot: Personalized Robot Assistance with Large Language Models (arXiv,
2023)

O

O

EEIETROXEEDH K T, Personalized{b E417=Robot assistance (#ZE Vo7 v 7L, Rearrangementd
%) TESHFEDIERE.

&£ 1=, Personalized[gG IR IL D 7E UV EE examplesTAEA 25030, ABOWIEIZEELTO
Preference Priors|EiZxFE 9 5.

FENOUTIVED, BEEEIXFEETINETOREINDEMNST-.

Receptacle: recycling bin
— Primitive: toss

CLIP — category:can — LLM

Overhead image Object detection  Closest object = Egocentric image Image classification Object placement and primitive selection

il
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Workshop: Omnilabel (1/2)

https://sites.google.com/view/omnilabel-workshop—cvpr23/overview

O HTOAV—REBAT=XVYEHLTINILERZEHRT DHWS

O KYNFAMIZORNILOHERMN TETWAHNEZITET 57=6, OmnilabelT—42tYrxFHE

O UTDIBEDINILIZE D TA IOz SETIFTLHMENLNEETES
n LWEENSHEWEGEFETCETORBIZHTRHREATNILEY>KX>a—F—)
n B HEE-BERAE, EHOHATIIDAT O IMNEFELEO THRILTEINIL
n FEED2IEFHDINILMGEEREINSINE

Category names Modifying descriptions Compositions

Detections for category “Chocolate donut”

e| “Donut”
L .
Uls. -~ - } h
- .
Y % Y
3 . 4 2
i 5 \ T s ’ .3 )
X 1 \ |
R~ ®) ’ X
- ) L
|
|

= cvpaper.challenge 20
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Workshop: Omnilabel (2/2)

https://sites.google.com/view/omnilabel-workshop—cvpr23/overview

o NVIDIAIXEVEILT /77— 3V ELT, TXFRAMEBEOXMRFEBICKEET A T—32 FiEGroupViT
(CVPR 2022) X>Diffusion®T JLECLIPEMAEHET=/\/TT1499t€ T A T—23F%KODISE(CVPR
2023) Z 4B 79T
B DiffusionETILIZSEBANZARAIADIGCEANEZ TLOEEFS

o ZDMIZIFELST—2E YR TOIRNILDERZRMEEEIZRIXS, BET—FtYbE&YHFine-Grained’s
VQAT —2 2y ENBNA SN TLV=.

B BIFEETILAENIZEALRELHY, SFHRFEBETEINMNIETNTNDEIRITRETIVLELHYZ
®)

il
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S ER— R
O Workshop “Sight and Sound” (1/2)
m “Novel-View Acoustic Synthesis” (CVPR2023)
B VMDA BEBERIEZTEILIERICIWNESINIBENEDLIIZEILT HDHF A

SER Ho b £ B0 £\
n REBHMEID il source Viewpoinf g e —
: 2 | . 2 :

visual:
target
viewpoint
(-

D‘D (only

i for reference)

input novel—v1.ew prediction
acoustic

C| -
gl I T T

1 (L

target viewpoint
audio: source viewpoint pose audio: target viewpoint

Chen, Changan, et al. “Novel-view acoustic synthesis.” CVPR 2023.

il
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SEFH—E

2 i

O Workshop “Sight and Sound” (2/2)

m Epic—Sounds: A Large—Scale Dataset of Actions that Sound” (ECCV2023)
m 7Oav T AT —av DT /T av AR ERICEEEZ THLBRIC—EMI LKL HIL

AT

m EF

Video

Visual
labels

Audio
labels

Audio

[

Misaligned intervals

Invisible action

— Indistinguishable sounds Silent action

1. [ Il — N

Open/close Snufﬁng Footsteps Metal collision Metal collision

CH

N
g
’

& ¥ ¥
Close bm Close bag Wash carrot Wash tomato Take knife

Repetitive sounds

Cut tomato

Huh, Jaesung, et al. “Epic—Sounds: A Large—Scale Dataset of Actions that Sound.fCASSP 2023

il
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SEFH — 2 IBEE
O VILFE—RILIZEENEFSIH TERIEBOMEINEER

m Sound to Dance
e.g., 'EDGE: Editable Dance Generation From Music”

m Sound to Speech
e.g., Generating Holistic 3D Human Motion from Speech”

m Sound to 3D position
e.g., “Seeing With Sound : Acoustic Beamforming for Multimodal Scene Understanding”

m Sound to Image
e.g., “Sound to Visual Scene Generation by Audio—to—Visual Latent Alignment”

il
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RARRA—ty gy
O 3HMT2359KEDRRI—FKKRZFHE
m RRAA—RRIZFRTEFHBIZH T TR
m RRA—tv 3> ORI X2 E
m 7R DRSIZ#940048EH DR R A—FKF AT

MEICETHFEEDHE—EB

I?_§
il
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ADELAV DT IFIRREIUE —REEBRIEE T —41 v}

O MVImgNet: A Large—scale Dataset of Multi—-view Images
s FEIFETERAOKBREIDT—2y b FEELAL
m NeRFZF|HL TKIREIDT—2 Yk MVImgNetZ 15 ZE
o FfjIH: 219,188, 7L —.L\: 650M, U5 R: 238
n ADREMARRBICEVWTEIIEZEMRERE
n EEEL TREYMBEEFTTHIEM Mozl
. uT®URLh\b9 r7/I:I F_Iﬁu

https://gaplab.cuhk.edu.cn/projects/MVImgNet/ = cvpaper.challenge 208
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EPIC-KITCHENSA Neural FieldsiTRIF &L THLEE!

o EPIC Fields Marrying 3D Geometry and Video Understanding
m DEMFEENEBMBORME N DPRE !
m EPIC-KITCHENSZ#hikL, AREMIED A2 357232 %3DIFHIAH TEME
m EPIC-FieldsT—#tzwk
o JL—.L: 19M, BFfEl: 99h, Location: 45 kitchens
m LU TURLASA D A—RAEE! Non—-commercial license

https://arxiv.org/pdf/2306.08731.pdf

EPIC-
vusEPIC-FIELDS

g 3D Geometry and Video Understanding

cvpaper.challenge
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NAVER LABDHRRAA—HF T |
- {k@E’E?|<T:&)l:%%‘675§1’ﬁﬁ‘ibf:’é7l'§)xﬁ—1 mIZEeE;
n VEASERBRERSLEDERIEENSHTET R
m HTICEKAANSLEDRRAA—IZAYROEIC

Fake it till you make it: 1 NAVER LABS
Learning transferable representations from synthetic ImageNet clones Europe ‘
s nis Kalantidis vz p
. S TN . ’ NAVER LABS
-~ 3 Europe

yildiz, Karteek Alahari, Diane L arl

2L

ke it till you make it:
2 from synthetic JmageNet clones

i ble re resentations 2
Learning transfera P = T

=
-
g
3

CVPRA K Twitterk Y 5| FH
= cvpaper.challenge 20
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1% VS 100%: Parameter—Efficient Low Rank Adapt
O BSVIERERWNBCETINSA—AENF D B L Adaptation 5%

mAP

51

50

49

47

46

Low Rank Adapter(LoRand)Z {2 %

m TD/N\VIR—UINFGA=RZETELI-FF, DPEDNFGA—FLEFZINERT HETHRAGET LM

ZREE A A HEIZ

m Fine—tuningB D /NI R—2 INTGA—=R (I KREF N TTETHY, TNolELoRandD BN/ AT A—43(1.8%
~28%) CEEMZDAENTEDRIEETRLI:. TNIFETILOIEREEANL—DDEHIRIZ DN S.

LoRand(Swin-B)
‘ 2.5M ®

Swin-B LoRand(Swin-S) e

Swin-S
88M 1.8M
50M

LoRand(Swin-T)'
Swin-T 0.9M
29M

ResNeXt-101-32
40M

Adapter-Tuning

ResNeXt-101-64 A 4 DeiT-S
80M ResNet-101 22M
4am
Q ResNet-50
20M
80 60 40 20 0

Trainable Backbone Params (M)

Fine-Tuning

“ Frozen A Tuned

= cvpaper.challenge
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Backdoor Cleansing with Unlabeled Data

O INNAFT—REBBEELLGWLWNNYIRTHRENGIHEIT 5= DHLWAEFIRE
m HFEERBELANV—LDEHABNHRILEZHAEHE, BHOLLRIYNT =D\ IR TITEIZ R
[ZHEBR
m — AT, 2V T—IDBEDIHEICIZIFEAERELEEZ TN ENFER
n N ETIRSN =& WD HAEERIFD/NT+—I U A% RLIZ

— In-distribution, Labeled —

dog trunk plane Teacher
o - Ems - | I
i i CNETOHETIE, oE o
: INVIRTZ#IET S 1= Gt iy

= In;distributi:n, Unlabeled - &) (:5&)1/1;'_%5%55 W
o B F—2@EERLTLV:

) H 1o s o HDD 15, KRR TIES AT
(FENTLELS A
T—Rb)EIE R M

T—R(c)EERT .

- Out-of-distribution, Unlabeled L

/ Taken from teacher H H D

S Randomly initialized

(c)

= cvpaper.challenge 21
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GENIE: Show Me the Data for Quantization

O BEmEBELHEFIRYND—OZNEMIZERKT H1-8 DFrameworkl GEINE |Z I =
m T—R4ER(GENIE-D) EETILDEFIE (GENIE-M) D Z DD HTED 21— )L BIERL
m GENIE-DIE, FEEFADETILOLHBEZHEL, TNEFAWVWTET 3y LGIVKERTERNLTE
FILETILEERT B=ODERT 3V EYBTEFHI=-HIL—LT—H

m GENIE-MIX, T —42EYr L TEFIEETILEZREIEL, EFI/\TA—3ZxRIEFIZHEEILT S
Hif-tpEEAIBMAZ . — 1. —h

— A L T Ty
LT A B ‘ @‘;w v - o
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Stitchable Neural Networks

O BFNEEBRAETIEH(ETIR) ZNENIZHAEHLE TEITHICEIMGRELIEEDRL—FAD
ZEMRT DT —LT—72, "Stitchable Neural Networks (SN-Net)Z 2=

m IFOFEBFAETILOEITOAVIPEBZEREIL, TNLZTH-LB (RTYvFUIRBEMEENDS) T

AN
(]

B _DRATYFUTEIX, —DDT7oh—FETIDLADTUoh—ETILADEMRIETYE LT F1TH1RE
=D

B CNITKY, BEATUH—ETILEFOBDTUoN—FETILEDRBIZINIA—I U ADIINA 1ZE /L,
ZTDNRALZTENNIZFRENT ST, BELEIREENEEDIN L —FAD0%FER
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Integral Neural Networks
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A New Benchmark: On the Utility of Synthetic Data with Blender for Bare Supervised

| earning and Downstream Domain Adaptation
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Model-Agnostic Gender Debiased Image Captioning
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Highlight: Open—Vocabulary Panoptic Segmentation with Text—to—Image Diffusion
Models
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Tree Instance Segmentation with Temporal Contour Graph

(Adnan Firoze, Cameron Wingren, Raymond A. Yeh, Bedrich Benes, Daniel Aliaga)

o BMELTWARZE LERELEBEBNOAVRAEV AT A T—2a0 %17
o T—AEYFDEE, FHLWLWVEIT AV LFEICEM
m 4 DD T—RtYFEIRE: Synthetic, Forest A(EEZFLHYRE), Forest B,C (Google Earthh i5UR
£)

m Limi IEETE | ContourGraph (Sec.3.1) || Contour Merging (Sec.3.2) : WELT S,

Edge Classification
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Merge Nodes?

Shape
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Self-
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______________________________________________________________

Figure 2. Pipeline: The input image sequence is analyzed. Initial contours and features are detected and organized into a contour graph
that is refined by merging edges and nodes, resulting in the final output mask.

Input Image I,, Contours C Edge Classification Merged Node Output Mask M,
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Figure 5. Merging Process: Illustrative presentation of our process to/from contour and graph spaces to merge noisy contours using edge
classification (detailed in Sec. 3.2).
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MammalNet: A Large—scale Video Benchmark for Mammal Recognition and Behavior

Understanding

(Jun Chen, Ming Hu, Darren J. Coker, Michael L. Berumen, Blair Costelloe, Sara Beery, Anna Rohrbach, Mohamed Elhoseiny)
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PartSLIP: Low—Shot Part Segmentation for 3D Point Clouds via Pretrained

Image—Language Models

(Minghua Liu, Yinhao Zhu, Hong Cai, Shizhong Han, Zhan Ling, Fatih Porikli, Hao Su)
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Figure 2. The figure shows our overall pipeline. Our proposed components are mghhghted in orange.
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PartDistillation: Learning Parts from Instance Segmentation

(Jang Hyun Cho, Philipp Krahenbiihl, Vignesh Ramanathan)

©)

Low—shot CMDPart SegmentaitonZFHH[FH

T—3tYyFRDO L THEEIZx L Tpixcel-level D= H HPart SegmentationZ

TOCET, RHIZELLDWPart DEZRZFESIE TN
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class-agnostic

part segments
part id 1 — e —
transformer : Y / N
encoder i _1 ﬁ | partranking
i § transformer NN
m .
< : encoder & decoder
cross-attention to instance features matching & mask loss
| v
B query 1 _J \‘\ Y,
transformer , ftransformer ::z;
encoder decoder S S— . -
query n All images for class A masks masks & labels
init. w/ strong instance seg. model
(a) First stage: Part-proposal learning (b) Second stage: Part ranking

Figure 2. Overview of PartDistillation. Left: In the first stage, a transformer encoder produces instance segmentation feature which we
group into class-agnostic part segments, part proposals, as described in Sec. 4.2. We then train a separate transformer decoder bootstrapped
from these part segments and improved through self-training. Right: In the second stage, we assign part labels for all part-regions in a
class by clustering across dataset and ranking by the density estimates of the clusters. We call this process class-specific part ranking.
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Visual Atoms: Pre—training Vision Transformers with Sinusoidal Waves

(Sora Takashima , Ryo Hayamizu, Nakamasa Inoue, Hirokatsu Kataoka, Rio Yokota)
o FFAFDSLAY, #$91/14DT—3H A X TIFT-300MIZIBEHERIFE R T ZERK
m FDSL:#HANITUDBEERATIERDA TENFEEZITOFE
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Pre-training Res. VIT-T ViT-B
Scratch 2242 726  79.8
ImageNet-21k 2242 741 81.8
ExFractalDB-21k 2242 73.6 82.7
RCDB-21k 2242 72.8 82.4

VisualAtom-1k (ours) 2242 742 823

De Broglie’ s atomic model Visual atom VisualAtom-21k (ours) 2242  73.8 82.7
4 . e » , ImageNet-21k 3842 - 830
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https://masora1030.github.io/Visual-Atoms-Pre-training-Vision-Transformers-with-Sinusoidal-Waves/
https://hirokatsukataoka16.github.io/Pretraining-without-Natural-Images/
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EEBEETIEEDLOTGHEIN?
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e AMIGO: Sparse Multi-Modal Graph Transformer with Shared—Context Processing for Representation Leaming of Giga—pixel
Images
e Histopathology Whole Slide Image Analysis With Heterogeneous Graph Representation Learning

e Weakly supervised segmentation with point annotations for histopathology images via contrast-based variational model

e Benchmarking Self-Supervised Leaming on Diverse Pathology Datasets

e Task—Specific Fine—Tuning via Variational Information Bottleneck for Weakly—Supervised Pathology Whole Slide Image
Classification

o Topology—Guided Multi-Class Cell Context Generation for Digital Pathology
OCELOT: Overlapped Cell on Tissue Dataset for Histopathology

Visual Language Pretrained Multiple Instance Zero—Shot Transfer for Histopathology Images

e Hierarchical Discriminative Learning Improves Visual Representations of Biomedical Microscopy

RankMix: Data Augmentation for Weakly Supervised Learning of Classifying Whole Slide Images With Diverse Sizes and
Imbalanced Categories

e Bi-Directional Feature Fusion Generative Adversarial Network for Ultra—High Resolution Pathological Image Virtual
Re—Staining

Interventional Bag Multi-Instance Learning on Whole—Slide Pathological Images
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https://openaccess.thecvf.com/content/CVPR2023/html/Kang_Benchmarking_Self-Supervised_Learning_on_Diverse_Pathology_Datasets_CVPR_2023_paper.html
https://openaccess.thecvf.com/content/CVPR2023/html/Li_Task-Specific_Fine-Tuning_via_Variational_Information_Bottleneck_for_Weakly-Supervised_Pathology_Whole_CVPR_2023_paper.html
https://openaccess.thecvf.com/content/CVPR2023/html/Li_Task-Specific_Fine-Tuning_via_Variational_Information_Bottleneck_for_Weakly-Supervised_Pathology_Whole_CVPR_2023_paper.html
https://openaccess.thecvf.com/content/CVPR2023/html/Abousamra_Topology-Guided_Multi-Class_Cell_Context_Generation_for_Digital_Pathology_CVPR_2023_paper.html
https://openaccess.thecvf.com/content/CVPR2023/html/Ryu_OCELOT_Overlapped_Cell_on_Tissue_Dataset_for_Histopathology_CVPR_2023_paper.html
https://openaccess.thecvf.com/content/CVPR2023/html/Lu_Visual_Language_Pretrained_Multiple_Instance_Zero-Shot_Transfer_for_Histopathology_Images_CVPR_2023_paper.html
https://openaccess.thecvf.com/content/CVPR2023/html/Jiang_Hierarchical_Discriminative_Learning_Improves_Visual_Representations_of_Biomedical_Microscopy_CVPR_2023_paper.html
https://openaccess.thecvf.com/content/CVPR2023/html/Chen_RankMix_Data_Augmentation_for_Weakly_Supervised_Learning_of_Classifying_Whole_CVPR_2023_paper.html
https://openaccess.thecvf.com/content/CVPR2023/html/Chen_RankMix_Data_Augmentation_for_Weakly_Supervised_Learning_of_Classifying_Whole_CVPR_2023_paper.html
https://openaccess.thecvf.com/content/CVPR2023/html/Sun_Bi-Directional_Feature_Fusion_Generative_Adversarial_Network_for_Ultra-High_Resolution_Pathological_CVPR_2023_paper.html
https://openaccess.thecvf.com/content/CVPR2023/html/Sun_Bi-Directional_Feature_Fusion_Generative_Adversarial_Network_for_Ultra-High_Resolution_Pathological_CVPR_2023_paper.html
https://openaccess.thecvf.com/content/CVPR2023/html/Lin_Interventional_Bag_Multi-Instance_Learning_on_Whole-Slide_Pathological_Images_CVPR_2023_paper.html
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e Geometric Visual Similarity Learning in 3D Medical Image Self-supervised Pre—training

e SDC-UDA: Volumetric Unsupervised Domain Adaptation Framework for Slice—Direction Continuous
Cross—Modality Medical Image Segmentation

e Devil Is in the Queries: Advancing Mask Transformers for Real-World Medical Image Segmentation and
Out-of-Distribution Localization

o Rethinking Bayesian Deep Learning Methods for Semi—Supervised Volumetric Medical Image Segmentation
e Bidirectional Copy—Paste for Semi—Supervised Medical Image Segmentation

e Orthogonal Annotation Benefits Barely—Supervised Medical Image Segmentation

e Rethinking Few—Shot Medical Segmentation: A Vector Quantization View

e Ambiguous Medical Image Segmentation Using Diffusion Models

o Fair Federated Medical Image Segmentation via Client Contribution Estimation

e Pseudo-Label Guided Contrastive Learning for Semi—Supervised Medical Image Segmentation
e Neuralizer: General Neuroimage Analysis without Re—Training
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https://openaccess.thecvf.com/content/CVPR2023/html/Shin_SDC-UDA_Volumetric_Unsupervised_Domain_Adaptation_Framework_for_Slice-Direction_Continuous_Cross-Modality_CVPR_2023_paper.html
https://openaccess.thecvf.com/content/CVPR2023/html/Shin_SDC-UDA_Volumetric_Unsupervised_Domain_Adaptation_Framework_for_Slice-Direction_Continuous_Cross-Modality_CVPR_2023_paper.html
https://openaccess.thecvf.com/content/CVPR2023/html/Yuan_Devil_Is_in_the_Queries_Advancing_Mask_Transformers_for_Real-World_CVPR_2023_paper.html
https://openaccess.thecvf.com/content/CVPR2023/html/Yuan_Devil_Is_in_the_Queries_Advancing_Mask_Transformers_for_Real-World_CVPR_2023_paper.html
https://openaccess.thecvf.com/content/CVPR2023/html/Cai_Orthogonal_Annotation_Benefits_Barely-Supervised_Medical_Image_Segmentation_CVPR_2023_paper.html
https://openaccess.thecvf.com/content/CVPR2023/html/Huang_Rethinking_Few-Shot_Medical_Segmentation_A_Vector_Quantization_View_CVPR_2023_paper.html
https://openaccess.thecvf.com/content/CVPR2023/html/Rahman_Ambiguous_Medical_Image_Segmentation_Using_Diffusion_Models_CVPR_2023_paper.html
https://openaccess.thecvf.com/content/CVPR2023/html/Jiang_Fair_Federated_Medical_Image_Segmentation_via_Client_Contribution_Estimation_CVPR_2023_paper.html
https://openaccess.thecvf.com/content/CVPR2023/html/Basak_Pseudo-Label_Guided_Contrastive_Learning_for_Semi-Supervised_Medical_Image_Segmentation_CVPR_2023_paper.html
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EEBEETIEED OGN ?
o E_LOO)(ZU"IE 1%%4:19? CT/MRIH 1%427)‘/7‘ A XIEEHRICR T Dings L iR—MER

° METransformer Radlology Report Generation by Transformer with Multiple Learnable Expert Tokens
e Interactive and Explainable Region—Guided Radiology Report Generation

e KiUT: Knowledge—Injected U-Transformer for Radiology Report Generation

e Learning to Exploit Temporal Structure for Biomedical Vision—Language Processing

n EDfh
o Image Quality—Aware Diagnosis via Meta—Knowledge Co—Embedding
e (Causally—Aware Intraoperative Imputation for Overall Survival Time Prediction

e Directional Connectivity—-Based Segmentation of Medical Images
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https://openaccess.thecvf.com/content/CVPR2023/html/Tanida_Interactive_and_Explainable_Region-Guided_Radiology_Report_Generation_CVPR_2023_paper.html
https://openaccess.thecvf.com/content/CVPR2023/html/Huang_KiUT_Knowledge-Injected_U-Transformer_for_Radiology_Report_Generation_CVPR_2023_paper.html
https://openaccess.thecvf.com/content/CVPR2023/html/Che_Image_Quality-Aware_Diagnosis_via_Meta-Knowledge_Co-Embedding_CVPR_2023_paper.html
https://openaccess.thecvf.com/content/CVPR2023/html/Li_Causally-Aware_Intraoperative_Imputation_for_Overall_Survival_Time_Prediction_CVPR_2023_paper.html
https://openaccess.thecvf.com/content/CVPR2023/html/Yang_Directional_Connectivity-Based_Segmentation_of_Medical_Images_CVPR_2023_paper.html
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m Accelerating Dataset Distillation via Model Augmentation
o PERDT—HRETI, RERICAWNV7—FTI/FrICBRESLTLESHENH-T -
o AFEENouter-loopl &I, AWNST—FTIOFVETUALIZEZ DL TRAB A DHBEEZERL, HiEM L
m Generalizing Dataset Distillation via Deep Generative Prior
o ERDFEIRBFEMRODBEV LI ELEERBILTH-HHEIRMIKES BULMRBRE - T—9RB~ORELNEHE TH-/-.
o EFRA—XTHREBEREBEILTSH_LT, LIEORELRER
m Minimizing the Accumulated Trajectory Error To Improve Dataset Distillation
e CVPR2022TCIREEINT-SOTAF % Trajectory Matchingl=HTAFIBEER L, tEREm L
m Slimmable Dataset Condensation
o HERDT—HEYrERBTRE, BAICEELT—SRENSERTTAICITBEET —2RBEITILELHoT-
o ARICIELTT—2BREZEETELFEZRE
m Improved Distribution Matching for Dataset Condensation
e Distribution MatchingR—RADF XL (I D HEER—ADFELGELEBLTHLHERN/NEVEDOD, EREHAMELNEWLS B RN EH 7=
e Distibution Matchingl=# [T 3 EIRE A ZRHTL, 1EEechE
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https://openaccess.thecvf.com/content/CVPR2023/html/Zhang_Accelerating_Dataset_Distillation_via_Model_Augmentation_CVPR_2023_paper.html
https://openaccess.thecvf.com/content/CVPR2023/html/Cazenavette_Generalizing_Dataset_Distillation_via_Deep_Generative_Prior_CVPR_2023_paper.html
https://openaccess.thecvf.com/content/CVPR2023/html/Du_Minimizing_the_Accumulated_Trajectory_Error_To_Improve_Dataset_Distillation_CVPR_2023_paper.html
https://openaccess.thecvf.com/content/CVPR2023/html/Liu_Slimmable_Dataset_Condensation_CVPR_2023_paper.html
https://openaccess.thecvf.com/content/CVPR2023/html/Zhao_Improved_Distribution_Matching_for_Dataset_Condensation_CVPR_2023_paper.html
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Fake it till you make it: Learning transferable representations from synthetic ImageNet

clones

O Stable DiffusionTClmageNetT—42tvbEE B LER R GEE AT oT=
m Stable diffusionCT—AR4 L TEE T HEDMERELXHEIERIZEER.
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Side Adapter Network for Open—Vocabulary Semantic Segmentation

O CLIP(frozen)Z{#>71-open—vocabulary semantic segmentation¥ ;%
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Open—Vocabulary Panoptic Segmentation with Text—to—Image Diffusion Models

—®
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Imagic: Text—-Based Real Image Editing with Diffusion Models

o Diffusion modelZfF>f=THF AR —XE{RIREDHZ

n BIFEHAE CTOERIRA LGN 2= non—rigid"TREPLCEHRDYARIRETELTEEIZLT-.
m BREFEIEFEFH Dtext—to—image diffusion®ETILEFIHTS. BEEMIZ, T ADEBREI—S VAT

AMBABICTFAV LTI RNIVORTAVTEERT S, TDRIZ, FIVCFTIVEBRDTET IV REXvT

Fr—L7EH5, diffusion modelZBFEE LA—T VNEREERKT S.

(A) Text Embedding Optimization (B) Model Fine-Tuning
_ _ _ _ReconstructionLoss _ _~ _ _ __ _F ReconstructionLoss  _ _ .
3 Pre-Trained 2 Pre-Trained -
e Diffusion Model = €op Diffusion Model
Input

(C) Interpolation & Generation

Target Emb €tgt s Optimized Emb ©opt
muEEn :
EECE / .
EE st AN - e - - EE . Fln.e-Tuned
EEE N . | interpolate Diffusion Process
"A bird spreading wings."

etgt eopf OUtPUi

Input Image

Target Text:

il

Edited Image

S e KRR

“A sitting dog”
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Unite and Conquer: Plug and Play Multi-Modal Synthesis Using Diffusion Models

O DiffusionET ILEZTILFE—4H JLconditioned B[R 4 B 2@ it LT-

m BHDE—FIL(EFE YR, Ty, BT AT—aV)DAIDLENEND—HENRI=-NT-E
BEMRMTES. £f=, RALEFVTADEHD)V—RALERAIEE(BEEE=NEEBE/REL).

n BEFERIIEHDY—XATEEIN=diffusionET JLH Bsampling timeZ L, REBRDEBRZELES
b?’gkf%gﬁ'ﬁ'( ERTES. (ETIIVEBTETCVVEVGERIEIAXXESH)

----------------------------------------

DDPM
Text —» Img.

1 (b)lmagge ration glv n Face and '5
% ¥

- e e e e mm owm e

DDPM
Face —» Img.

ERDEZX

DDPM
Hair —» Img.

- e mm Em Em Em o o Em Em Ee o o wm wm owm W

DDPM
Sketch —» Img.

il
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HandsOff: Labeled Dataset Generation With No Additional Human Annotations

O MIgWVT—EtvbkexampleMoFEE T AV EHBER T HAFETRE
m JE/lDhuman label{E4 3 (25052 E Dexample N bFE T —IEEE ? ICBENE R TES.
m IEEF%[Lgan inversionZz{f> Tdataset generation D /I\TA—2FFH.
m FET—%(dense prediction task) BN EWEFIZ T I T — 2L R ATRETHR ARG ECAT/ERATRE.

(1) Train label generator with existing labeled images

il

cvpaper.challenge 233



CVPR 2023 D &EjA] - K fF= (181/259)

HFLWLVT—2tvhk
o BHNERET—2tvk
m Omnicity: B4V —2 D KI|ET—2 Uk, E8E R TlayoutD 7 /T— a3 FE

o EWREIXITT—F v :HM3D (Highlight)
B T—AEVRDRFIZEVNTOFERMES, fERaRMEEMNEIEINT=?

o WARIRITT—EREVE:
m OmniObject3D (Award nominate) : KfRIZ¥A3I R T T—2 1tV (6000+, growing) T, BRRGARARITOHOHRAE
YNV (W e
m Objaverse: 800K+ (and growing) 3XIT{A

O human poseT—42t vk
m SLOPER4D:ScenexZ EL71=4D Human Pose T—%4tzwk
m BEDLAM: 4D Human Pose T —4At vy GEEMENE, IREDEIZDMERET)

il
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OmniCity: Omnipotent City Understanding with Multi—level and Multi-view Images
o BHDU—2DFEMEBRED-HDOKBFAERET—2tYFOmniCityDIZE

m OmniCity TIXE > —> (New York City) ZR—X (2, ZHREFEEE, HLARILD/N/STEE
, mono—viewEB{EMNLERT 5.

B CNETOENT—E2EYNTIE R TAav I T A T—3> D7 /T—a> FTEINB3E5 DOV M-oT=
=8, SBEEN—VOEKREBREIZT—3 YN ERTES.

! OmniCity T —4tvk®M
5= fA—TF]

B e : v
image viewpoints of a zoomed area J Different street-level views ; : Street-level images and ions of multiple

il
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Objaverse: A Universe of Annotated 3D Objects

o KIFEIXTARET ILDT—32tYEObjaverseDig =R

m Objaverseld818KLL LDMAET LA BRI RENELZRES), WERETILTEIZ, SR, IRTE
TIL, ¥ TLavhoiElInd. BBEFEDOIRTHPAET—F2 v TRBRENKEL. -, 1 208K IS

ADHFDdiversityHhV K=Y,
n ObJaverse'Cé’é%ﬁL SR ITTHAEREE: - 2&71:%%;: ik -Embodied AIZRVIZERATHAHCEZRL, BIZT—4

L A D S Al ST TR = 7 — | = —

Objaverse ShapeNet
Dataset # Objects  # Classes
YCB [5] 77 5
BigBIRD [69] 125 =
KIT [35] 219 145
IKEA [43] 219 11
Pix3D [71] 395 9
GSO [19] 1K 17
EGAD [51] 2K B
PhotoShape [53] 5K 1
ABO [12] 8K 63
3D-Future [22] 10K 34
ShapeNet [7] 51K 55
Objaverse 818K 21K

Objaverse&ShapeNetT—2 Y rDHIDLLE:, BEfFT—3EYREDLLEL

il
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Habitat—Matterport 3D Semantics Dataset (Highlight)

O K& 7 IVIRE (build) R¥ v T —5t Vb DRE
m 50ERN=ZRITI—2DRAFvY, 216125 AT—230 7 /T— 3 fTE.
m 14,200 hours Human Effort !
n FEFRNTI TIZTEHDATINT, ?ﬁwzjcilﬂia EDRH-ERDFOICEWLWTEETHS.

===
—
=
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OmniObject3D: Large—Vocabulary 3D Object Dataset for Realistic Perception (Award

Nominate)

O KIFBRTZILMEDRAF v T—EIrDIRE
m 6,000 DRFYUYUET—2 (19073 )) MoFERIND.
n PAEDIRTAVL 3, R, RE-EHAASDREBE G OER.
m 4 DDFRYTERE, NeRF, BiER, £ ) TR O EREZR LLT-.

OmnlObJectSDODT—'SVW‘ﬁ

il
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SLOPER4D: A Scene—Aware Dataset for Global 4D Human Pose Estimation in Urban

Environments

O KIAE 7 ILAX > Dhuman pose (human scene interaction)T—A2 Y rDIRE
m 12 humans, 10 scenes, 15 sequence human motionMHfERLEN 5.
m ¥ TDHDESUrban —> Dhuman pose T—2 V.
m ZBHETE, D2 EDAUE57aVDEFGEEDIR)TT—2DOHFRAMZERLL

VERESS AV
& ¥ -

.

Capturing System Global Human Motion and Scene

SLOPERADDHL &

l
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BEDLAM: A Synthetic Dataset of Bodies Exhibiting Detailed Lifelike Animated Motion

o 3RThuman poseE W ERDAKREERE TAT—2EVFDIRE

m BEOT—3tyhELER LT, BEDLAMIZKIRIZET, D7) T4HEAE W (KYSEFEHGR—X EMREA dynamic 3
RIGETITEINTLNDS).

m BEDLAMT—A2tyh NS VLIRS T, BHOBRFEY I 7 TRIEBTHIENKE.
:Meshcapade skin textures; CLO3D ARZE ; Pre—simulated clothing meshes; AMASS motion.

m BEDLAMT —2tyrZE>THEBDIT LT -3V ERBHE IR TRLE WV REEEER.

€ S5 T vl Rl
, /‘ "WW/\' l‘%\’ V&J/ %\\ : \ o
) & N T
, RER

i e

ZIEFADREETVAFv—
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HLWARY-TATT
O Parts mate: YA IKIE & D IEAZ

Fantastic Breaks: EMK (v T4 E) DEINT-ETIILA—YT—2tIYMER

O  Visual Reasoning :

m Deep Learning Smarter than Grader : KIREE D FZ X D Visual ReasoningRNFI—IT—REEER

Visual Programming: compositional reasoningl 2%} it 9% 3F ;% (Best paper)

O [EZEDRXAI%EZEELT-El{%Representation

Change—aware Satelite representation: Z1b% & B L 1= Lk ZEE{#Representation
GeneCIS: 27 ILIEET )L TBETE D RepresentationDdownstreamtd ez KIE(Z 6] £
PhoneProc: Z 1t 9 % ZE N IR1ERepresentation

Viusal DNA: BEIfR T —5 v b OEBEZEHES 2L L7 T0—F

O NALANILEKIERDIEM

Movie2Scenes: BL[E (D metald #i % {f D f=contrastive movie shot feature
How You Fellin: BRE AN 5 B F 247
Make—a—story: story [E{&4E Ak,
O 2 i
o CRAFT:#& M GradCAMZA f=L Vi REL
e Improving commonsense : Graph{&1E% & A
e Learning Structured: T—2t Y TCIGEILRTES
e Procedure—aware pretraining: EfE[ZWikiHow D £N58% & A

il
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Fantastic Breaks: A Dataset of Paired 3D Scans of Real-World Broken Objects and
Their Complete Counterparts

O Shape RepairD) 7 ILT—R2EYEDIRE, SRFTETIVZ/T—a ftE
m BE7F D Shape RepairtAZZ CIER D FI—I T —2 2y bRV DN REE.
m ::'C%B”O)%%WHR%L 257 ENZE|->T, 3RFTT/T—av LT —21ERLT=.

- F ' ' 1 —_ I-nIA l-l-l:l:_—-r' I:ITI'-I—:’:_£6
c yi

..’, (Q 10\
, 5 o g

Trained on Geometric Breaks

ST 51

astic, s
no Re-Training Re-Training R T g no Re-Training  Re-Training Re-Training
(a) DeepMend (b) Deeploin

il
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Are Deep Neural Networks SMARTer than Second Graders?

o DNNAYMultimodal Algorithmic ReasoningZ g 7ER > F<T—4
m S FTDMultimodalF % (5] : CLIP) 45228 £ 7 )L (4§l : SwinTransformer) A Multimodal Algorithmic ReasoninglZ
BWTOMEEEEHED =6 DR FI—0 T3y EFEFMETEo1-. BREMIZ, RLBEVSERHETIL
THINER2F M ELEARTHENKIBIZE DI EN DI T,
m [BEARFT—(Fabstraction, deduction, generalizationZ i T D101 FBLEEDREIEN T ENS.
m E50OT, ALARIL (HLLIEZENLL L) TH K% Reasoning TEDET ILDIEZE H open question.

Puzzle #2 (C) Puzzle #3 (C+AM) Puzzle # 36 (C+S+AL+L) Puzzle # 73 (C+AL+S) Puzzle Category — Count Arithmetic Logic Path Trace  Algebra  Measure

Puzzle Split (PS) — Extreme Generalization Experiments

Avg. 2"? Grader Performance 72.8 81.3 82.2 81.1 64.5 90.4
Greedy (baseline) 19.1/214  14.0/21.4 185/21.1 21.8/21.1 13.5/21.5 23.1/20.9
Uniform (baseline) 7.74/20.0  8.00/20.0  7.61/20.0 18.9/20.0 6.94/20.0 5.62/20.0
MAE + BERT 7.2/12.0 3.3/23.1  104/341  9.6/22.0  7.3/147  3.7/15.2
O O SimSiam + BERT 6.4/18.4 4.8/20.9 7.7/41.4  25/222  4.2/253  7.9/20.5
Swin_T + BERT 810.5/17.3  4.7/24.7 5.6/293  11.4/21.5 6.5/16.8 10.3/23.3
O ViT-16 + BERT 9.41/22.77  5.777/26.8  6.95/25.1 4.72/18.7 5.57/15.1 8.68/21.3
CLIP 9.1/15.7 1.4/18.5 7.4/30.6 14.2/21.4  7.5/18.6  8.9/22.2
O FLAVA 8.3/20.2 4.0/22.2 8.1/31.3 9.5/20.3 3.1/22.2  19.0/32.0
R50 + BERT (FT + Cls.) 10.9/18.3  6.96/15.8 12.8/20.8 19.6/19.7 7.95/15.1 16.9/26.7

Question:In the picture, there are  Question: The entire pie seen in  Question: A man’s hens lay white ~ Question: A number is written on R50+BERT (ET +Reg) 12028 S082)3 24162 1840184 489222 1510259

stars with 5 points, stars with 6 the picture is divided among sev- eggs and brown eggs. He puts each petal of two flowers. One petal Few-Shot Split (FS) Experiments, m = 10

points, and stars with 7 points. How  eral children. Each child receives a  eggs in the box shown in the figure.  is hidden. The sums of the num- R50 + BERT (Cls.) 17.3/28.0 112/25.8 18.0/37.6 19.2/192 7.9/219 14.8/31.2
many stars that have only 5 points  piece of pie with three cherries on ~ Two brown eggs cannot touch each  bers on the two flowers are equal. R50 + BERT (Reg.) 13.3/25.2  8.3/247 11.2/233 17.3/186 6.6/189 19.5/34.2
are there? top. How many children are there?  other. At most, how many brown  What number is written on the hid-

. eggs can he put in the box? den petal? 2 d G d ;|= PR ;
BERFI—905 nd Grader& D ELES (FR 53 )

il
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Visual Programming: Compositional visual reasoning
without training (Best Paper)

o in—contextTvision (/visiontlanguage) taskZ step—by-step TH#
LG SEEFEDED 12— IL(VQA, classify)ZF AL T TLY
A DIRE

m IBREFEM4DDvision task: compositonal VQA; NLVR; E EI5Th 5 Dfactual
knowledge object tagging:text-based image editing®4 D NDARNDEELTA+t

R%in context CE B AIREARC &ERLT=. in context Tprogram & FLIZIXGPT3% |~ w-¥

FERALT-.

BRARXITHDHERIL, BXTF D state—of—the—art task specificFiLxELERTE ST
V5.

75,99 neural symbolicZ 2 AL ANIL (VQAZZEZEDA—IL)IZLT, &6
[CERFTDLLMsZFIALLGL L, TEREFEHT-.

HRARBIIZ, OODHIZEsymbolic reasoning, Z L T, symbolic module® B EIRIIZ4

B RENMAITTHAULTIND), HoPdvisionh BEhHo1=2 R Uz #HELIZIE
F71=open question.

€ IMAGE1=Replace(
image=IMAGE®,
object=0BJ]3,

ANSWER2=Eval(expr=‘{ANSWER®} + {ANSWER1} >= 32’)
=Eval(expr=2 + 1 >= 3?’)

TEXFRAM—XEE#RE ENeural Language
Vision Reasoning2 X D {&EE 5

il
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Change—Aware Sampling and Contrastive Learning for Satelite Images

O ZbZFEELI-LZEE{E D RepresentationDIFZE

m FE ETEERICEIENRELI-(B: LLT7ILEIL)FZEIZ, Negativeb L TE Z S Contrastive
Learninge LNV -FEZIRE.

| J:D.U {gd)ﬂlb\ﬂﬁgzg aﬁ:{tn,b\n%d)gxbl L\,l‘iﬁgéiﬁ

July 2016

Push Apart pull
'(}h;ﬁ;ge """ B PCloser I high, low change estimate

FEDAA—TH

il
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GeneCLS: A Benchmark for General Conditional Image Similarity

O FHMA=H:FEEDYAENLEMN) BEREBIREIDFELUEFzero-shot THTRAIREL ARV EFEZDIRE
m BEEIDRALGHAEDOFELIEZE BN ABO —BEICEELEAHFEYRSTISIN TULVEL.
m C_TC, T3y SGraphzae NA— XA TCEREIA=0T T HFEFIRE

m CLIPFFAWWTHEEFEDResNetE REMN LG UVMERZRL, BHROFARMEREICIXMDET ILERETH D
BEThHAZEERLT-.

Ovit-B/32 (OWiT-B/16
f Focus on an Attribute h 4 Focus on an Object N 7 /Q_//”ff‘
Same Object Same Object Same Object Same Scene Same Scene Wrong Scene ()RNs0xa RN50x16
Same Attribute Wrong Attribute ~ Wrong Attribute Condition Object No Condition Object Condition Object @ RN50 RN101
- \ L 16 1
—®— Ours

~ -@- Image + Text

“refrigerator”

—
Change an Attribute h

Same Object Same Object Wrong Object
Condltlon Attrlbute Wrong Attribute Condltlon Attribute

Change an Object
Same Scene Same Scene Wrong Scene
Condition Object No Condition Object Condmon Object
[} i :

Average Performance on GeneCIS

_____ AN101 @~Rns0x4
60 02 o4 66 o8 70
Zero-Shot ImageNet Accuracy

REDYA=VT %&Eof=
FEHLEUVMERD LR

“olive green”

BRAYDAA—TH

il
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Phone2Proc: Bringing Robust Robots Into Our Chaotic World

o EIRIEBETHEHEIT HARVYFDT=8 Dindoor scene representationD =8O DT —RYNE

[ | %Iﬂi"fﬂﬂ'\ﬂ*b\%ﬁbb\%r— ‘- %O)Iﬂ nnbnﬁkéj—éz\gh\%é
m COWMETIE, LEREAREICTA=60DTL—LT—5Phone2ProcZizEL-(EN) . IEFXIFFTAT—FT4

DHASRBTO—VEAXYL, MARD T IA—F O REEZE L —2DBERETS. £, —2 0509
REBEET A ETEDREDHLWWT —3EFIET S. HFonf-T—32TEE T HZET, kAR Edownstream

Phone Scan Environment Template Procedural Scene Variants

£ 60

o

8 50

g

3w
30
20
10
0

RoboTHOR-Real  6-Room Apartment 3-Room Apartment Confer:
M ProcTHOR ®Phone2Pro

Eiﬁﬁﬁﬁtd)ttiﬁ

Phone2Procii = X

il
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BDD

Visual DNA: Representing and Comparing Images using Distributions of Neuron

Activations

o BT —FtybDEUIEETEYT S FiEVisual DNADIRE
n TADEEMNONTULDSD, CNETOT—2t YD Visual Bl DFE R Z T DT A DL,
m __ T, DNNETILDEEFH DneuronPDactivationsD 7 FEMN R A Hattributes|ZI=WNTE D KSLEEILET HH
EN—XIZ, IEE SN f-attributesEATT — 2V M OEGDELUEZ M TES FHEI ARICR—EGRZED).
m FE{UE{R Dretrieval, simulation dataset&real datasetDEWVFHEGZE ITFERATES.

ADE20K

Top 8 Images Mid 8 Images Bottom 8 Images
Distributions of Neuron Activations
Pre-trained Feature Extractor Dataset DNA & Image 1 DNA &
Neurom / NNNNNNNNNNN 1 \
019 |9 il | i -
NNNNNNN Neuron Neuron.2 Activation values Activation values Activation values
Q Q Q NNNNNNN Neuron 2
= k| (| (e
* Y —) Activation values | | Acti ivation values Activation values
e e e Neurt.m M urt.m N, Neun;n N,
NeuronN; | | Neuron N, Neuron NV, . . "
& 2 g
O o (O] | fdh| ... 54

- y =l b il \iyerl Layer 2 Layey Qt‘"’é‘;’:!z’ “““““ et ““f:;l“r“[’y
T—3 1y A D E R FE U ETE (@ Visual DNAFESE A%

cvpaper.challenge
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Movie2Scenes: Using Movie Metadata to Learn Scene

O MovieT —2 D42 shotDrepresentationFE FiEDIREE
m BLEDAZT—2(OvU)L, A—HFDEEERELE) MG, BE D shot (BFIZE) DFELUEEF TS
ETILERE.
m FEEDOFELIETILAG, moviedshotDcontrastive representation®T ILZFIRE.
m EE D downstream tasks TEREZH L TLVA.
m movie shotIEBENDNTF-HDT—RtIRFIRZE movielBEEE /D . TNETEA?

movie-level similarity learning scene-level downstream tasks
H N approx. movie length: 120 min. approx. scene length: 2 min.
,' -:‘ 1< '(\'\

I
I
3 I
|
I
e 1
ol 1 o
Y - I scene
co-watched weakly supervised | :
. - . , = | contrastive | =
movies similar scene selection : .
: learning
i 1
ey 1
SERTE 1
, — A
Sl ot g 1
= ot = ! 1

REFEDAA—DH

e .
RN year prediction

= ‘_g
! 5,

i M relationship prediction

I content moderation

il
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How You Feelin’ ? Learning Emotions and Mental States in Movie Scenes

O MEDL—UM ANBIDORIEETILFINILTHE T SFEZIRE
n ETADNDARBIDREBEES VT IILINILTIEGLIILFINILTRRT HILERE
n REFEIE, ETADOEHDIEER (Action, Face, Dialogli &) ZTransformer THD. ChoZxFIAT 5
ETHRFEFELVEWVREZS:.
m PFEAIIZIEEmotions DEAL DI LML ELLY. downstreamR RV THOHBAMEINERRET.

Scene Predictions Char 1 Predictions Char-N Predictions DS <cLs> | scene Type Em .S e Em|
0/1 0/1 0/1 0/1 0/1 .C =52 DC acTypeEm .0 rEm
D oooooooooooooo D |||||||||| DDla. Emb.
«Sha% ésm% ann .Li aaaaaa yers Dchar. Count Emb. 3 Frozen Network
- - - Scene region = - -Char region Dia. region
@ Transformer Encoder Layer (x2)
"" :i---:i-lr'i""i"'r_L""r_L' """'_E"'J:"r_}_.' "'r_i_."': _1 _L
ocoo !
1
______________________________________________ 1
| Linear Layer |
ResNet50 (FER 2013) #lﬁﬁ Finetuned ROBERTa 3

il
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Make—A-Story: Visual Memory Conditioned Consistent Story Generation

O Diffusion®T ILZFE oAM= —(BEH L TUOR)ERERFIE

DiffusionET LM MEEES LD, RO EBRERDAKIZEZET RN —HEZR OFENHFYR

AT TLVELY

m Visual Memory#& &% DiffusionET JILIZEAL, 2AMIZEZLEE2E20—HEEESHT-

n =, BIFE T —2EYMMUGENIZF ¥ S0 2DIFFHOCRA—) —D P DT X AMEHRD —E 472 &£ 251
I5=8DT7/T7—3a EEMLE

Frame

Story description
(Query)
w w
[ (=)
w w
[=) (=]
- L] - § ’. §F i
A

Im

Frame

Im

Decoder

: m—1: 23
: S : -
> v i :
: L extual Condition ‘ 4:‘\2
TOXt TGXt- ‘. ' Sk SO 0 9‘ Sl “' L’II‘ R Sk ’ ‘ ‘zlk ';‘
—> ,‘D‘; "ilz L7}

E'“"S"ﬁ',‘,""g _>~Tfansfomer MLP v
(b) Memory state with query and values for our
memory-attention module.

(a) Story-LDM architecture for conditional story generation.

il
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CRAFT: Concept Recursive Activation FacTorization for Explainability

O BAMETILMNEHE T A, "EE I mAZRIBRIL-RBAT B Fi%
m BEFEDRIFRIEETILIXL, attention mapZ{FE>TETILERE T HED B EIE D HHERE.

m C_TC, ETEMEBOEKRIEHR (visual concept) HEH NA[EEIZL T, ETILDRHMERDHITITERTE
3.

BIF DRI fR1E &CRAFT

il
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Improving Commonsense in Vision—Language Models via Knowledge Graph Riddles

O K0T 5 7% {F>f-commonsense reasoningDEBEZ SO AFIENIRE
m TEEDETRLTWAIREFEIXConceptNet TEMEMNLENH T T 7% HH
n HHESNIZHET STICKYEB T X RANT—2%H55R 9%
m RS t-T—3t v TCEETHZET, commonsense reasoningDEENZE S HT-

Original image-text pair Augmented image-riddle pairs
(//7 \\ / N
. _w|animal) 1)
isa type of - . // o pe/O/“ inlma/ )
\ /\ t /’//7 B > N\
\\wan . mousew [ Yl wants_/, \mousew
R \\7' 4 \ /
A cat with a box in an office. hasa_ — chasa T
N ,/ \ \ \
— y il ) N M tall ) This item is a type of animal.
& — ==
Knowledge /Q\ @ can be done with canbe done\w'th This item wants a mouse.
Graph b e A, ~ \ A = ;
\\ O ~ (packmé 6acklné This item has a tail.
\ \ \ J this plac - & 4 . 2 e
~— is for - Packing can be done with this item.
O office s for 4 N ” .
B— work ‘ \\ work | This place is for work.
( ) \\“//’/

Figure 2. Illustration of VLCR construction process of DANCE.

il
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Teaching Structured Vision and Language Concepts to Vision and Language Models

O Structured language conceptZ & 9 BDvision and language ET L DIRZE

m Bf7Fvision and language model ML SN - S DEHFE N E YL

m __ Cstructured language concept(verb,noun,attributes,relationshipsE ENHE>TEB DT —2HLiE%E
ITOFERZERER

m LEEDT—AHRE1TO & TEIF#E I Dvision and language model FiE D M REZ M) £

m ER—VDFERESEFEY. FELVETIFFTERILSIFENZOERLS-

1. Rule-Based Negatives Resulting Negative:

a ing:
«  color options * state options % «, 2 “, "
* action options *  size options = @ =  (color, “gray” = “ruby”) =»

Choose an option
randomly

2. Large Language Model unmasking Negatives

“plastic”) | @<

Choose an option
randomly

“A gray cat sits on top of a
plastic chair near a plant”

Near a plant a gray
cat sits on a plastic
chair

Resulting Positive: ‘

il
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Procedure—Aware Pretraining for Instructional Video Understanding

o instructionE TAERHEDI=HD, T ST7EFEBLI-FEDIRE

m instructionE TA MG, FRVEFFALIEREIEET 5O DL EGLHE Zunlabeled TFE T HENRETH
51=8, ETA M BinstructionDEMFE IZIXIRELT —INNELLED.

m WikiHowM o XIEIFERZHE L, SHIZENZprocedure knowlege graph (PKG: /—F W ATV T T, TyP MR
BeRIT)DEKXTERTT S.

m FEDERME TLEOPKGIEHRZZENT —2&L T, video—node, video—task matching, task context, node
relationDFE Zauxiliary2 XA ELTEEL, NICKYRTYTERBLEZETAEBEERTOZEEE1T.

EEFEZAHANT, FEINHEHEE D instructionBNBIZREICELNTOEREINRIESNT-.

(a) PKG Building (b) Pre-training (c) Downstream Tasks

Instructional Videos 0 f Light-Weight h
W Y e(:

Procedure-Aware Model
w¥u
2% Pre-Trained

General-Purpose Video
Foundation Model 'S

Task Recognition

Make birthday cake
-1 Whisk flour
=2.Add egg
----- -*3. Add milk
:.»--4 Stir mixture

i
make sandwitches

Step Recognition

INOOTOLMOH

P4

ews

cut tomato E % $ ;£

Paprﬁ

Step Forecasting
1

Add milk
« Pour milk

next step? ‘
- dd ise?
* y add mayonnaise
.:’ \ \® ) % O \ # In pre-t g
/‘ Vldeo Node Matching Video-Task Matchlng Task ==
{ Supervision -’Sumw EA Cvpaper.Cha"enge 255
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Neural FieldsEEE @) &)j[r]
O NeRFEE:EFRX DIFIREA104K

- C\/DDonoomfmvlr CENAN\/2°2NI99MOKK H\i. = [— 4853 hn

MKERDIHXIZDONWTIX ZELICEMNZTELTLET

Deformation
Fewshot
Decomposition
CameraZZ#E
Lighting
=Rk

A
Generation
Stylize
Segmentation
#HH1ET
SLAM
Architecture
Deblur
Inpainging

FR Y R

l
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https://malachite-resolution-691.notion.site/CVPR2023-d95d61c5370a42c497f9da49768c5e64

CVPR 2023 MO Ejj[A] - K fF= (204/259)

Neural Fields / Deformable

O CVPR2023TIL11AIEIREKRFE{THH

O REFfE* KEMAEORHFADETIVE, AMKRE-BMEBRGEIVEBHZEDL —~DFRANEALN
TS

O DynlBaR(Zhengai et al.): FllFIDENAATENEZFHFORERI O BE N ERMEHRE RS HTRE
O ReRF(Liao et al.): [T 2R A LRIV TRIDZETETIVILT AL TREMDERZ T BICHRE
O DyLiN(Heng et al): MRAD—ZEALZF 5 — TOLightFieldDET JLAE

O DNRF(Kangkan et al.): EERF - [V HBR ARG IRE S AMEEZIE T

O MonoHuman(Zhengming et al.): A¥BEEICR LN ARG KEFOERISGEET /LI

O MagicPony(Shangzhe et al.): BARARE T TOEYEREZETET

il
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https://arxiv.org/abs/2211.11082
https://arxiv.org/abs/2304.04452
https://arxiv.org/pdf/2303.14243.pdf
https://openaccess.thecvf.com/content/CVPR2023/papers/Wang_Clothed_Human_Performance_Capture_With_a_Double-Layer_Neural_Radiance_Fields_CVPR_2023_paper.pdf
https://arxiv.org/pdf/2304.02001.pdf
https://arxiv.org/pdf/2211.12497v2.pdf

CVPR 2023 MO &jj[A] - K fF= (205/259)

Neural Fields / Few Shot

©)

NeRFOT—AAEITHELZIRAMIBBREINTEY, RafizEsLTH

EmEZEREAEREFENZHIREINTIVS

TR B EBRRMICEER T A7 TO0—FELEREHDEDD, DenoisingET ILEE THERRBEESIT T

O—F AME AR

m DietNeRFD KOG BRIABE(TE7A—¢EL THRET IV EER T AL TREISKRAMDBA R DIFHE
EZo6Nn5bELDIC

B T—ARMDEEID, BRIHHIZ(Z2DNIEEZAL, NeRFEIRTHG—RBMEZE-E3EH DI
FIEHT HAHENRIKTIEER

DiffusioNeRF(Jamie et at.): /A RBREVLENET ILZFRAWTEFIHBEBZE 5

NeRDi(Congyue et al.): 2D DiffusionCNeRFD B EZEB P DWFHARNIMNIL DB HZERTE. 18O EEMN

b N e R F% *ﬁ J'jz /’ n\z Forward Diffusion

il
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https://arxiv.org/abs/2302.12231
https://arxiv.org/abs/2212.03267

CVPR 2023 MO &jj[A] - K {F= (206/259)

Neural Fields / #REER]BEE

O NeRFDmETIImMEETDEZ AIZEENHHT-
— BTROS5ZAHAPAI—DTARIZE B LE=HEAEINLER]

O EditableNeRF(chengwei et. al): L—H—MNE*—7 R/ U MEE TR ETEEL NS — U NeRFFIRE

O PaletteNeRF(Zhengfei et. al): Diffuse i x> —2 R THE T HHT—/\LYrDRBESIZHEEL, ho—

INUYRDIREICEY SN ERZFIRVERTEEIC
O SINE(Chong et. al): 1D EE THZIEE Js—ILLEiRE

{a) Input Sequence (b) Reconstruction (¢) Editing Results

EditableNeRF |
Training I ‘-" A\

’ -—

%.) Playing a plece of music Sliding on the piano keys

Shaking and ﬁ!ling either cub Novel view (2 key points) Freely moving for two dice cups
(one moves, the other stands)

il
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https://arxiv.org/abs/2212.04247
https://arxiv.org/abs/2212.10699
https://arxiv.org/abs/2303.13277

CVPR 2023 MO &jj[A] - K fF= (207/259)

Neural Fields / AASREAHETFE
O NeRFTIEEMEBLGHATEBNEREINST-8, JointOptimization(iNeRF)Z ALV SR OH EMNIER N
T&T-

O BARFLI[&, PEZNLTIEB RS ZERRIZLI-FEMHEDFEMNAIREIZL o T-
—CVPR2023TCIZBARFDILEIEMN Z #IZ =

O DBARF(Yu et al.):il{ENeRFIZBundle AdjustmentZ& A

O L2G-NeRF(Yue et al.):EIJLBFLD XX L TS Rl BEZZ /N TA—2HETE Y IL/\Z ALY TGlobalZiBA
e i

O BAD-NeRF(Pen et al): i BILWNVE—S 30 T 5—EBORIEHELEDATR—XIZ3E LI BAZITONeRFEIRE

S z b4
J
YL AE ‘MJW‘W Mk

Input blurry image SRNDeblurNet Deblur-NeRF BAD-NeRF

il
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https://arxiv.org/pdf/2104.06405.pdf
https://arxiv.org/abs/2303.14478
https://arxiv.org/pdf/2211.11505.pdf
https://arxiv.org/abs/2211.12853

CVPR 2023 MO &jj[A] - K {F= (208/259)

Neural Fields / HASE B TE

o DepthfEZ;ERAL-IEMmAITHIFY - BHIERZTAVDSFEHEM
o SCADE(Mikaela et al.): BERT TR ENEEZERIERLLTHEHA
o NoPE-NeRF(Wenijing et al.): hATEZNDEFIENFHTEL TNeRFENASE R Z R FraxaE b

Key Components : n : Legend

SCADE NoPE-NeRF

il
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https://arxiv.org/pdf/2303.13582.pdf
https://arxiv.org/abs/2212.07388

CVPR 2023 MO &jj[A] - K {F= (209/259)

Neural Fields / Lighting

o EBBARIZRGBEZEAMNOETT H=HICIE, HEADMEBEHENDE

o SDFEEFRBIGTY—Ix/R%E/INSA—42EL, BROFO LSHBEAEDRAETIVEETTS7TO0—F
ZRAHEDMNZLN

o VDN-NeRF(Bingfan et al): F& FNeRFICTZ O—R SN TSR EIFHRZHMEHLIZERIEIZKY, S
N—FEOCEINGRIASZH T DONeRFZRE 1L

o 12-SDF(Jingsen et al.): SDF_t M {53 R] 8E%<Monte Carlo raytracingZ& A

o NeFLL(Haogian et al.):Monte Carlo Samplingl ZED/INARL—O U5 FE A

GT Re-Render Normal Diffuse Roughness

il
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https://arxiv.org/abs/2303.17968
https://arxiv.org/pdf/2303.07634.pdf
https://arxiv.org/abs/2303.16617

CVPR 2023 MO &jjA - & F=(210/259)

Neural Fields / &i&R1t
o INETT, JUYFONAT)IRRBRIZEIERIENER
m FELUANIELITERG—AT, ETIVHAXNKEALLmHEE
o WMAABEIE/NTA—ADEMAEERAWNTIT)YRRIFEZEMLI-M TRIFTLHENRIT
o MaskedWavelet(Daniel et al): JJyRIZOT—T L yrEMZERAL, FERELGEIRITREFTHLETE
EIGH BRIGIRIE T TIEXNEMIZEHE
o HexPlane(Ang et al.): BIf) —2Z6 DD YFEE N Tensorn 2L THERIR
o NeRFLight(Fernando et al.):Decodert, N ElLIBL T A ETIREEBE T VYR TR WWEEZ ER

sked
‘ocflicient wnls o valfs (((
7 Z4 { Demsiy
erse > o :
= = 7 SEEN x ‘ Sl
i e ‘ cccccccc
= AV
A . e 2N T N B————m
al ’ rrrrr T e
” ] ‘} TL |||||| """"""—'O/\O X Operai {
~ farerpouaion —

I
G‘p\ .
il
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https://arxiv.org/abs/2212.09069
https://arxiv.org/pdf/2301.09632.pdf
https://openaccess.thecvf.com/content/CVPR2023/papers/Rivas-Manzaneque_NeRFLight_Fast_and_Light_Neural_Radiance_Fields_Using_a_Shared_CVPR_2023_paper.pdf

CVPR 2023 O &R - K fF=(211/259)

Neural Fields / &1R1t

o BRFEINEKTAHIET, ENAILIHGERTODLUR) Y HNA[EELINeRFN & 15

o MobileNeRF(Zhigin et al.): & DNeRFZIIFFER, ZEZ2{ELLTAY AT HMEL, FERELFEBEEZT
JAF+|ZbakeT B

o Real-Time NeLF(Junil et al.):Neural Light field D7 7A—F CE1E{t. MobileNeRFD 15 24{Z{ERE

e “:}_'f,‘_',‘\ - Camend
‘;.,\ -:‘.,‘3_‘, 2 pose ‘;’\
EYEAL S e .
| Y RAs S 5 v ~_.,‘3‘ et 1
- i o , )
| AL oA LA : ~va ‘. =
o '-:-'-.'-,' il \_F":g Y U'F J(\m ’ o Rasterization
e R, S
Sl T “31,1: J
W2 J -kw M_J ol 1. Downsampling for anti-akasing
=14 T o ',c'; el 'j 2. Running a small ML? for each plrel
314 vt o) e
Py ’a,')_ o O 0
LR g X R ] LO-0
Ry
S L S
L
{a) Triangle mesh {b) Texture image (features and opacity) (c) Feature image {d) Final outpent
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https://arxiv.org/abs/2208.00277
https://arxiv.org/abs/2212.08057

CVPR 2023 MO &R - K fF=(212/259)

Neural Fields / fE Rk

o DreamFusionZ#2mi(Z, 2DDILEIET IV TERLI-EEZ, SATHIZEEEZEH-E5-ODEikEEL
TNeRFZFERATOAHAENFEE

o Text-to—3DARARAZIXCVPR2023 L&+ FantasiadD7i & 2R IZHERE

o Dream3D(Jiale et al.): CLIPA A F{tZ=3D& 1t F %[, DiffusionET ILNGBRRGIDISIREBRHI N HZEE
A

o Latent-NeRF(Gal et al.): RGBE{& Tl 7E{NeRFDIFHAR I L)L ZEfE %3t R IZ L =DiffusionET ILZ{EEE

“A stack of
pancakes covered

in maple syrup”

“A highly detailed
sandcastle”

il
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https://fantasia3d.github.io/
https://arxiv.org/abs/2212.14704
https://arxiv.org/abs/2211.07600

CVPR 2023 MO &jj[A] - K F= (213/259)

NeRF B E B 3T D Efj ]

O NeRFT3D(or BFFRFITAD)EETILILT HZEN—HRIE
m NeRFEFESDIFHETEHTEHRARIC
o WM AR :NeRFOE A RIRESEILIT S
m JYURFEIZ, KYSEIZ, &YHl$973<
n FICEELGLIRTERIE- SR - ERTFESFTIADILKNTELZNDHD
Eﬁ?ﬁ%éﬁhﬂ‘iﬁ&)t‘onn\ém%
n BEFEDNTGAN)YOEIDETILEER (ANMEDSMPLA EAVTEE)
o MIEMDAMRME2: KIFEIL
m J)YRAR—Z2DEFHELRREFBEINITEHLARILTTELIEN KK TLNS
o WIENAMMS: B — 5t
n VU VENREENER—URIF&REIL - R —ADEERRDER
m 2DOTXRRNDEEFFHETILESELFIHA
m JLHRO2DEEGE, ADKYBRELGRMDFHETY—r7F <

il
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NeRF B & & 25 D & [A]

o AEDARMEL: CNETHCVIRAEDIELH
m 2D CNNTOHER, NTAN)IVILBERETIL, IL—ILR—XD R F0IE - B{RNIBLGE
BRICEET1=2RV%ZIDIHFHLLITHEELLTHA
m NeRFZE{#F5E5FLK3D—2DM2D—3D | DIAN)L - [BIRIGIEMN TE S
o LUAYVGEEABIZEZTWNAIED AV
o PAEDAMIMAES: ORYb-xRGEEADIIE A
m DAVERATEST7 TV r— a3V ARIAN

= cvpaper.challenge 2
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FreeNeRF: Improving Few—shot Neural Rendering with Free Frequency Regularization

O Few—-shotTCNeRFZBERK
o P—FI77IbEHNZ51=8IZPositinal EncordingZfR{ R IZ5Z %
TO=vIEEA
m TATT7ELRELL VT IVTHENIHER

Our base Free-NeRF

i s

1 to the right by adding one line of code: pos_enc [int (t/T+L)+3:]1=0

¥
o

Turning the lef

il
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Grid—guided Neural Radiance Fields for Large Urban Scenes
o EHLANILDKIIEIEINeRF

o MEMNEEITHAZLEFIALY ) YE—>NeRFDIRIZFEE

NeRF-based Feature Grid-based Ours (Grid branch & NeRF bran
PSNR:20.508 B ‘, PNR21511 | PR :

- o L -~
l“ 3 A 4 n "

Ground Truth

3D Urban Scene

Siagel Bletang CiidBianchl 3 =0™= 00 ---e---ceeeeeeemeeeeemmmmseee—m—meessmmemeee—————e- %, ®
e o \ Grid Branch
Stage2: Joint Learning Grid- and NeRF- Branches ' ‘ Interpolate ' Guhi liead
4 4 Fine Stage BT — 0
sl : e e BT — ©
a )
£ %8, : 6
((B \/ : \/ ® NeRF BranCh MLPs
1
| .
@ Grid Branch i @ Grid Branch
EERTT -, o I _:D —0
BRI — ¢ I =" ¢
- 1
[}
I3 | @ NeRF Branch
§ | (=== ll-.
| U JEges Y 0 S - O—D —- W '\ oo
N YT 1 PEfor (x,y.2)
1 [Lomams —C - ’
| [— ] HHHB Fourler Embedding (dir)
| (sin(x) cos(x). ... sin2"x). cos(2x))
a 4 ' ’ £ 5 z Fourier Embedding (position)
3 ” W-gt “z : ” Wetl, - [we ” 2 : ! \ (sin). cus)... sin(2). os{2))
= Grid branch loss Grid branchloss ~ NeRF branch loss \ L o — P

il
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ABLE-NeRF: Attention—Based Rendering with Learnable Embeddings for Neural

Radiance Field

o NeRF®MVolume Rendering® E#JE2B 3|2 — EX & TTransformerz AL\
m HEHERTIEVolume RenderingDL A )T ELTHDREMFIETHELSIARIE
m YT )L A THEIZAttentionZFEh D E LN FAE

AB Transformer LE Transformer

Colour

e : — |
Learnable AB Transformer Cross Attention
Embeddings : — —
s 1@ 6 @ L : y @ [K v
Volume Embedding MLP Layer : . H
[‘ %o e 2 4 ‘] B ey Token (Embedded Volumes ) + (1) (Embedded Volumes ) (1)
| I ~ : Laamal
nelar fz{r E]: el Err?t?éggings

l
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SINE: Semantic—driven Image—based NeRF Editing with Prior—guided Editing Field

o ¥RETIHEIENeRFDIRE

o EERBDTUTL—INeRFE, #RESH

m ho5—¢EERIZHITTETILIE
m SDFLFIAT 5L EmE

Editing Field Template NeRF
& ()
Edited Template
Space x ) R=d Space x’ ) &
¢ S o Geometric Mod. Template Density
Ray Casting ... Fag
(1) Pre-trained Template NeRF ilnln

@

Density o’

View d

Mod. el J
a — = =) Colorm’ o
B & Texture Mod. Template Radiance
7

Fyr
(2) Single-View 2D Editing

SINE Editing Input Editing on the Template NeRF

Color ¢’

E-HEDEZHITLIX

o 2D CHERIRE (Text CTOEit:A]) TRIEIE

Dual AN

Volume PN/
@eny " }
B -9 K

Deformed Template I,

| Vo
l_ Color Compositing Layer ]

Rended Edited View I
Compositing & Supervision

Prior Guidance

Color Modification I,,,

[ZxF )i LT-Neural Field Gt

Object-Centric Editing

P P Ty, P

Stretching Back

=o
w

'. e
R — }3

N om
L A

S ==

Adding Plate
N Original View 2D Editing Edited Novel View
=
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Transforming Radiance Field with Lipschitz Network for Photorealistic 3D Scene
Stylization

o ARZA VLA EE/INeRFDIR £

o RAAILERII2DTITS

o Lipschitz MLPZRAWSELDI VU T VG T X THRARBTEEST5HLIIC

_ S JTIlIIFEREMNBEERANE ZF_ YN FhTEMN RIS LA B =
. Scene & Style - 7UPST CCPL CCPL + LipRF - WCTZ o )Vfl‘z tLipRF 7_ = b-u—-t*iE*

il
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Semantic Ray: Learning a Generalizable Semantic Field with Cross—Reprojection
Attention

o Semantic NeRFDIDIEF—EMDHEINILZTRET SHHY,
U=l EImBEIENANE

o V—rFBEWT—RELI-tv T EZTEH L

o 2D CNNTEIELFHEZ D LI HRE L TAttention
m Intra—view > Crace—view TS AttentinnZ 1 FHd 4

Semantic-NeRF Training Scenes Semantic-Ray (Ours)

Scene K+1 Scene K+2 Scene K+3

Scene 1

Intra-view Cross-view
/ Liidiis / Radial Attention | g a7 Sparse Attention

(R, - MY - B

Fa F i/ I// F3 %14/1 // / /

o 4 S s
| Fy //////// Tm!}zli/ 4 7. AAAAA (Y /

| Model 1 | &= ///( %

Scene .’{iﬁ

G Ray Unseen Scenes Generalization

Scene K : V' /7, / / / / a
Model K
ovel View Synthesis

Novel View Synthesis Scene K

T T nwaview By = Eaup Fhe  ow e
Initial 3D Contextual Space M M’ Refined 3D Contextual Space M’
A Unseen Scenes Ground Truth S-Ray w/o ft S-NeRF w/o ft S-Ray w/ 2k-iters ft ~ S-NeRF w/ 100k-iters ft s — Cvpape r' C h al I e n g e 273
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MixNeRF: Modeling a Ray with Mixture Density for Novel View Synthesis from Sparse

Inputs

o GMMZHREWTNeRFIZHERETILEZEA

o FHEMSEIGZGIZIHROIZEDTESNeRFEEHLT-
m Negative Log-likelihood CHOREEZ 5

dy Volume Renderin - x
(4,0, B, 1) £ & —> Lyse = |[e(r) — <T(r)|3

1

* * d _’( ) L{ry, = —logp(cTr)
 (2) Ray Depth ! (3) Color based on )
; : 1 Weight :
: Pldir) {1 _Regeneration @. p an
: e d ' p(c|r) } » Ly, = —logp(d™ |r)
= Zﬂ'jf(d§ﬂj,5j) ‘M
L = L= wF(c 5, B))

j=1 3) GT )

— ﬁgLL = —logp(c

Mixture Modeling

il
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Balanced Spherical Grid for Egocentric View Synthesis
O BAMAATHOLDNeRFEEET D
O AASHELDIEEIZIELT/INSVRTBEIIZT Y YREERET

Go—> (%)

Environment map €
Ga— =>c(x,d)

tiny fuip

1
1
z ! —_
cﬂYm (] qum (o} : g
P |
MY2ngFRo '
vYang (C] (\ 1‘ ang,cb :
S I
ng,®R + :
- 172 i Yin ~Yin Yang ~Yang
= \ ' qYang,® AYang® E 95" Ga Yo = 9a
(a) Balanced Feature Grids :

(b) Balanced Spherical Feature Grid

(b) Vector-Matrix Decomposition

N
" vy I
(Sec.3.2) C= Z wic(X;,d) + Ty 41Ceny(d)

/(Sec.3.1)

W Conmeiiples Weight Distribution

from Coarse samples

N

Volume Rendering

| £=le-cl;

Resampling
i G5 =K *G, (Eq. (9)) —o—o8 :
: Coarse Density Feature Grid Density Feature Grid (c) Free Viewpoint Rendering
(c) Hierarchical Density Adaptation (Sec. 4.1) (d) Optimization (Sec. 4.2)

il
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Learning Neural Volumetric Representations of Dynamic Humans in Minutes

O ETA M ANADNeRFZEREL

m SMPLZF|IBAL TRKENERIKZF LR - ZE RS E Neural Field CETIJLIE
(RETIE—fpa770—F)
m /\—VHG - RIEILRITTHRE

Deformation space Canonical space
e s e \
4 S ! eocce !
| H i ogo: H
! : R ssses | (61,01)"
: ! : Higher resolution ; :
! \*L N eccccccccace= 4 ) jommmmeae N
. 1 0 ! ]
: - r4> (0,€) |
| ! : t Density and color
: : et ,
' ! ,'
| H (oK ,cK)
1 4D space-time motion :
L Y AT r'd
(a) Motion parameterization on 2D surface domain (b) Part-based voxelized human representation

il
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Multiscale Tensor Decomposition and Rendering Equation Encoding for View Synthesis

O TUYILDER+TILFRT—ILT et
Neural FieldD4FHEZET L1 e y xk—ﬂl
m NRFF (Neural Radiance Feature Field) | IE.__:% IE.__:%
o HREARIKEFEDRDZE . ¥ =0 z Z
MLPIZAEE 2D TlE7A< - - :
BT COEAEYRTET AL e o

- ﬁﬂﬁ)ﬁ%ﬁ&& :E):ET)[/“: —Cs%%) Zl' ......................... } ;O }
N
y -~ Spatial MLP

!

P
8i 2 X
e i Level [ +1
l R R S T SR

il
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NEF: Neural Edge Fields for 3D Parametric Curve Reconstruction from Multi—-view
Images
O INTGAN)YIIE3DIT YR

n ZHEAEGISIVIRE, SDTEEMELST-OITNeRFEFIA

n DDITYY REENO/INTAN) VIR TYDRICEWR-Tav T4

2D Edge Detection = Neural Edge Fields 3D Edge Points Parametric Curves Ground Truth
K LM
: bl [! i .mi’J';H
Nas ) —

il
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SUDS: Scalable Urban Dynamic Scenes

O KR (BRHLNIL) M DEIRYZ:
(BEMAEDHS) L —>2 TNeRF
o BIKYARLEIAVEEL (Static) 74
~‘/—> REDEZEDINELY
BAHDE 2—IZH T TETILIE

5'/75\Flzﬁ ' &éhtﬁ*ﬁ*ﬁbﬁﬁlvna -d_%)'—&—cdﬁ_l']t\

Full RGB Depth

Full RGB Depth

RGB ' _ Static Dynamic

RGB (Without Shadow) Shadow Intensity . '.oy};smac RGE. Static RCR

: G (b) No Shadow Field

! Depth Instances Flow
F | .

Dynamic RGB Static RGB

(a) Shadow Field
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Nerflets: Local Radiance Fields for Efficient Structure—Aware 3D Scene Representation

from 2D Supervision

O I—rDNRAVAI ZAENeRFCET JLIEL &L
m 2D@DPanootic SeementationZ Xl FH

Nerflets Out
Images In

Tasks

7 .

i\lovel View Synthesis i \2 anoptic Segmentation 3D Panoptic Segmentation Scene Editing

il

cvpaper.challenge 220



CVPR 2023 MO &jj[A] - K F= (228/259)

A Data—Based Perspective on Transfer Learning
O Y—RT—AEYLDERITEBL, THRIARIVDHEEEIZHEZSEEERARNDI-ODIL—LT—IFIRE

B ERFEICEVWTENFET 22T EERRIELTIESNTNDGS, VAT —2tvrh
LHDRET —FZHIRTAELAMNTHHETRE

B AFEICLVEBRFEDRBIEEIER
ImageNetHh o B HIEE [CEVWTEEEERITTEER T —FORE/HEIBRICHD)

Rapeseed

Most
Negatively
Influence d

CIFAR-10
Images

E ‘
Influenced '
CIFAR-10 -
Images

il
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Deep Curvilinear Editing: Commutative and Nonlinear Image Manipulation for Pretrained

Deep Generative Model

O BEZEHLDE

B DeCurvEdDIERFEM DRI LG EE NS REL

BREVIE ARG AR DR LIGFRTET S, [DeCurvEd IZFIRE
B GANDEOIHERETILIE, SRELTEBROERMNAIGETHSH, BRI
TEBREZIZHE

GANIZRRGENWBEZE R EHES5H LR HE

DeCurvEdDERDRIEEZ D EELT=, LKYESR E&ﬁ%&%

Cartecianized
Latent Space V
age

X' =G(z")

Latent Space Z Generator

=)

% ( \
\A’\ -,
v =v+ €ey ":
for k = age ? G
yaw 1 >
‘__—/'Z - /

A
Starting point d

EREET ILICHI R

Reconstructor

EfRZEREIT SN ITHEE

Al BE73

w

il
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Activating More Pixels in Image Super—Resolution Transformer

TransformerD FFHZTEMNLT-BEEER FiE

O BFRRIZEITHEEFED TransformerN—RXAF L (I RIBT BRI RMIZFIHTE TG EEZEERT

A8, attentiontEtELHRHIFE F

;%% BB L1-Hybrid Attention Transformer (HAT) Zi2=E

m self-attention&channel attention, 32ZE 9 Hoverlapping cross—attentionZflA S H S ETEY K
HEE VIV IR B ARG A
n FRIFEE T —AICKRET—FtYb(ImageNet)ZFI A, BICERIFBET7AVF1—=2T THKXE
EEEHtEHsame—task pre—trainingzxiE A

35.1
34.7
343
339
33.5

40.9
40.5
40.1
39.7
393

x2 SR on Urban100
35.09

34.81 20

30.6

302

33.81 29.8

34.27

294
SwinlR EDT HAT HAT-L

x2 SR on Mangal09
4071 36.1
40.37 354
39:92 353
349

345
Swin[R EDT HAT HAT-L

%3 SR on Urban100
30.92

30.70
30.07
29.75

SwinlR EDT HAT HAT-L

%3 SR on Mangal09
36.02

35.84
35.47
3512

Swin[R EDT HAT HAT-L

28.6
282
27.8
274
27.0

33.1
32.7
32.3
31.9
31.5

SOTAZ LB S EEZZE R

x4 SR on Urban100
28.60
28.37

27.75
27.45

Swin[R EDT HAT HAT-L
x4 SR on Mangal09
33.09
32.87

32.39
32.03

Swin[R EDT HAT HAT-L

O #lea-m- et .

Shallow Feature
Extraction

Image
Reconstruction

Deep Feature Extraction

-

Residual Hybrid Attention Group (RHAG)

Overlapping Cross-Attention Block (OCAB) CharnelAte ;u_n_Bl_ci (_C A_B)_ ' @ Sigmoid function
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https://github.com/XPixelGroup/HAT

CVPR 2023 MO &jj[A] - & fF= (231/259)

DegAE: A New Pretraining Paradigm for Low—level Vision

low—level vision¥ AV A TDERIFE FEFIEE

O low-level visionZ R TIXFRIFE FEMNEILIN TLVELY
m high—level vision# X% &low-level visionZ A TCIEEBIZKELFTHMN H S
o high-level vision: BI{2ZE KL NJLTHD ex) MiAEH, €T A0T7—3>
o low-level vision: BE{EDE V)L B DEFEHEIRD ex) /A AR E, B &

Pretrain DegAE
Degradation Autoencoder
Bl
[ Gaussiaur:ﬂlter } ¢ Degradat.ion il
(isotropic+inisotropic) Image Representation Embedding u
' Noise ' - ' clean
Sl — | Gaussinnoise = o s —> Encoder | —> —> Decoder —>
Poisson noise... e e
clean : degraded noise el

[ JPEG compression ]

Initialize

Finetune ” i
hazy —> Encoder — .’—) —>

lr *

blurry Conv

il
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https://openaccess.thecvf.com/content/CVPR2023/papers/Liu_DegAE_A_New_Pretraining_Paradigm_for_Low-Level_Vision_CVPR_2023_paper.pdf
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Edges to Shapes to Concepts: Adversarial Augmentation for Robust Vision

O ETILAEFDORIIADEREEZ LI HaugmentationFiEELeaSHIRE
m edgeZBYHLT/\yFEIvvTI)LLTzImageE BT B ELVDER = 7Faugmentation T i&

m —HIELTVIT-SOFEE A L ResNet 152D TR~ DIREE D £ 7 ImageNet-CIZx T 5
ILEEETILIZBLWTEE LR Z/ESR

Model | Method ~ IN-A(1) IN-R(?) IN-C(}) IN-Sketch(t) IN-1K(1)
Image 1 Image 1- Edgemap Image 2 Image 2-Shuffled ELeaS — i 555 = T =
: L SN = S e 7y Resnet50 TSD [21] 3.3 40.8 67.5 28.3 76.9
E ‘ ELEAS 54 41.7 58.5 29.7 77.1
o — Sl Vanilla 5.6 39.3 69.8 Zr 78.0
. _], = : Resnet101 | TSD [21] 8.8 443 62.2 32.3 78.8
4 , P ELEAS 13.4 44.4 53.5 324 78.6
y Vanilla 5.9 41.3 67.2 28.4 78.6
Resnet152 | TSD [21] 12.5 45.5 58.9 33.3 79.7
ELEAS 154 45.7 53.0 34.7 79.0
Vanilla 16.6 36.1 55.1 33.2 74.6
ViT-S TSD [21] 27.4 44 .4 42.2 324 76.4
ELEAS 28.3 44.7 41.5 34.7 80.6
VIT.B Vanilla 34.6 40.7 50.8 45.8 79.5
ELEAS 629 56.4 35.9 46.4 85.5
VITL Vanilla 63.4 63.3 33.1 527 85.8
s ELEAS 67.4 65.9 29.5 54.1 86.2
==
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StepFormer: Self-supervised Step Discovery and Localization in Instructional Videos
O FRZFZHAW-HEHEHYEE TIVAMNILIAVHBEDOFXF—RTYTHRE

He B
B A

e RLWAVARINSILaAVEIEIN G, FIEEZST=OICIFEIBEBRNNOFIBICHELGF—ITYITENRTE

TEREND.
n BEOFEER
o XF—RATYITERET H-HDHEN/BHEMHYFBEETITOTL -,
— ZEMZHAETHDOMNKE.
. *ﬁ%d)*ﬂf—;—l ~ | Longinstruc’ionalvid:
o HENFEMNOHMELI-ATYITZHEMELT, b ¥ ﬂg‘i«%
HEDRATYITEFETDH. CDEE, BER
SIEFRICBTBRTYTEREDTHDIS, [ S|
Drop-DTW7JLa ) X LZFRAL\S.

e
4 \
-/ E
&

red instruction steps

N. Dvornik et al. “StepFormer: Self-supervised Step Discovery and | .
Localization in Instructional Videos”, in CVPR 2023. ‘ 55 I = )

start end start end start end
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Hierarchical Video—Moment Retrieval and Step—Captioning

O KIBHEHAVARSILIVEHBEIZRATYT FNvTavEdwT7 /57—

de =
o AR

o KEMDMMBEHMNBHBINTULGESE, BIBEANSTFAMIGC-#EYIEE R ZHEH LY EL
TORIMIEFEITFTEZICLGLOTLVS.
n BEODFEER
e COIN*°CrossTask/Z &, BIE[CRATYIZEDF YT ava=ftELE=T—2 V.
— BB ORNBENRONT=FRTDH.
s AFEDOHER

(Query: “How to Make Glow in the Dark Slime”)

1) Video Retrieval

2) Moment Retrieval

3) Moment Segmentation

il
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Procedure—Aware Pretraining for Instructional Video Understanding

O FIRFBZMALIzAV ANV aVEEEEDI-HDERFE

de =
B AR

o ANEIMAUVANS YL aVEHBENGFIEZFESELIIZ, ATHBELEA VAN I3V EIENDG, FRY
PFEEEEIELTEELILY. SSIZIEFIEFRIZEL=LY.
n BEDFEER
e HowTol0OM7ZEWeb EDEIE ML FONAFRIIFIEDEEIZFESIZIEX/AO—EDT, FEE
SZEZIZBFEOFIBRZE T —FN—X (wikiHow) [CH T FIEERAIZE H#E.
— ZFBICDOVT, BBERFEFEEFL-ZITT, FIEOXARIEERRL TLVEO

s KIRDOHRR
o FlIEIZZDIEFCREARIELZEDERNEENDIDT, BifiZwikiHowD FIEICEHR T S0 TIEAE

/  wnliUanEenst =S40 24 :ﬁ:r‘-‘,‘-ﬂzlm%ﬂml—l’-cﬁﬁ(,\é_

(a) Procedure Knowledge (b) Pre-training
Graph Building Supervision H. Zhou et al. “Procedure—Aware Pretraining for Instructional

L v Video Understanding”, in CVPR 2023.

What task?
Paprika What step?
Procedure-Aware Model What next Step?

Downstream Procedural Tasks

il
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Learning Procedure—aware Video Representation from Instructional Videos and Their
Narrations

O FIEZEHBLI-AVAMNS L3 EFEBEO-OHDOHERINERS

He B
B A

o NILHBENAV ARSI AVEEICE THFIRZEMLFE TSDHE, RITTWSFIRZH oY,

FIEFANTE YT 5.
n BEDFEER

e HowTol00MZEWeb L DEIENSFONADAFRIIFIEOFEEICFESIZIE/AO—EDT, FHE%E
SZ|IZBEFEDOFIERE T —2X—X (wikiHow) [ZE T 5 FEERBA & #L.
— ZFIEICONT, BIEREZEFLI-ZITT, FIEQOXARIEERL TV

s KHFROBR

o HEFIRDIRECEARMELZEHL CTEEETY. F-, HTOREFAL-EEETIVIZLY,
F I B S|~ ST ReA o880 D 2 NEE # [ TE S (FIEOFHERIEA DR L)

Y. Zhong et al. “Learning Procedure—aware Video
Representation from Instructional Videos and Their
Narrations”, in CVPR 2023.

il
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PDPP: Projected Diffusion for Procedure Planning in Instructional Videos

O FIRFHEZR M T4y T4 MBELTIRAILRET LEEA

de =
B B

o ATHIGENAVANS VL avBBEMNLFIRZEFZLTEEL, I—ILICEITE-FIRFENTESEHIEZL

FUIEEEZLEYLGEDORIENREITAH LT S.
n BEOFEER

o FIR—7 RZEHICTFRTAHMBELLTIRAT, FRNKEBEXTYTEIZFRIL TV,

— PEPRE T RIDRENSF D, FE RO FEIKREZER

bﬁ%\g_
s AHIRDOBRR
o FIENOAFHERYE ANBZAIREMELE) ITNT B
=8, |71 T1 T RIEELTIRZ, £ET
OtXRIZSUS LEEEMT 3.
EREDHEFELELET, IhEuBRET—RIZTF AL

H. Wang et al. “PDPP: Projected Diffusion for Procedure Planning in
Instructional Videos”, in CVPR 2023.

(a) Supervised by language instructions

B e
. ___Pour L Add | | A
& “) egg - Sugar - 1
- -\

Ostart U1
(b) Supervised by visual observations
. ___Pour Add Whisk
&« ) egg Sugar mixture
Ostart Task : Make Meringue

(c) Supervised by task class (Ours)
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ARSI EEEET D E A

O FRZEVMRMICALV-ZENFR

B FREZDFFEFEIDTIEIGL, FREEOFFIALTHERNDERTYTEIFESL, HENFHRES
3.

O T —AN—REFIALEE
a wikiHow’ i EDFIBIZEE T BT —AR—REHKETELTEE.

O {LEEFED F| A
s FIEOREREITHRET LORFIEZENT.

il
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Tutorial: Prompts in Vision

https://prompting—in—vision.github.io

o Vision and LanguagelZ 35(7'%)7 O T4 NDE BRI
o FENTALVT T4 [ETRBELHEELL

B CoOp(Context Optimization): 7AV T RN XAREBEFF B AIRELHEARIMNLERBIZT 52ETTAVT IV ZTY)
VOEBEET S

B CoOpldEET—ARIZiHEESLTLES—Conditional Cczntext (\)ptimization\(CoCoOp) .
o LLM[ZChain—of-Thought (CoT)’C"I?'EﬁE?f)‘J:?ﬁ‘%)C&b‘fI]%*L’Cb\éﬁ‘, NN
LMIZEEFERISHESRZ S EBIZEE>TIE?

B 1,060 X712 1-5188 FE D CoTHEZRZHLEEELT-CoT Collection datasetT, Flan—T5 (3B&11B) Z#E&5aIZFTS
B ETHERENM L.

| | | . | |—» text encoder

il
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FashionSAP: Symbols and Attributes Prompt for Fine—grained Fashion Vision—Language
Pre—training
O Z7via i URILEBH TRV TMIEDKEHIFEBEETILERE
n —RGVLT—2IZIET7y a7 AT LMD R INGENHFEE TITIER =
m 7y Ay URIL(ETR) EBHT OV T DRE
o HMRRIGIEFEDZTOMMWNI7YiarDHFHE—RIELAMNEEEZETIVIE
o J7uiavT—AOKKICKELE-TRV T U T L —h iR

tr-pre pt-pre it-match task: category/subcategory recognition

I
— XY ™ — RN =3~j =L |
-I- -H- -I- =Jd SME - Z S t t t CR SCR
| j-l : I J }’ 7 ﬁ : I J At Hgb N SOTA replace head prompt head match head : 4 4
: : — Embedding T T 1 H, I FashionSAP
Fashion Symbols Categories Definition Rules [CLs] H t
- symbol TOPS T I calfskin heels || :
TOPS tops, shirt, polo, sweater, ... upper body p— : {[CLS] inblackand || m ;
DRESSES dress, suit, shift, ... up-to-lower body capion longsleeve 5 : Te’: I, | puple... i} '
. . . shart ... ncoaer s @292 B L&, caption 11 image 1
SKIRTS skirt, sarong, slit, kilt, ... lower body PR Tops|[11 72 g v, : 77777777777777777777777777777777 m g 77777777
COATS jacket, parka, blazer, duffle, ... associated with others attribute attri;utﬁ.: o | & Feature Fusion : task: cross-modal retrieval
. ender 18
PANTS jeans, shorts, breeches, ... lower body o || e i | itsim it-match
SHOES boots, sneakers, pump, loafers, ... feet . text yimgI z : t FashionSt‘\P
BAGS clutches, pouches, wristlet, ... bag & decorative —— B Vi : + '
. o tmg = ity 1 it T
ring, sunglasses, accessories i 3 Im E stretch-wool | ! [
ACCESSORIES g, sung ’ ’ decorative & optional — 9 . D oLs wousersin | :
hat, necklace, .... Encoder : : black... I} ;
OTHERS swim-wear, lingerie, lounge-wear, ..., - image I i capton i image |

pre-train stage finetune stage

Han, Yunpeng, et al. "FashionSAP: Symbols and Attributes Prompt for Fine-grained Fashion Vision-Language Pre-training.", in CVPR2023
https://openaccess.thecvf.com/content/ CVPR2023/html/Han_FashionSAP_Symbols_and_Attributes Prompt_for_Fine-Grained_Fashion_Visio
n-Language_Pre-Training_ CVPR_2023_paper.html

il
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FAME-ViL: Multi—-Tasking Vision—Language Model for Heterogeneous Fashion Tasks

O Z7ViavIZEREETITILTFIRINDMENLGETILDIRE
B VILFRARIT—Z0 T D=OIERET SN2 D T A T2 1RE(BATH)
o FRVBEBDTHTATSA), BLHEFA)TARIDHEERERIEEIZT 57X T2(XAA)
m ERDE—FRJETILELLERLT/INSA—3%61.5%HBL 1=

m Cross—Modal Retrieval, Text—Guided Image Retrieval, Subcategory Recognition, Fashion Image

Captioning® XX TSoTA(E T )

Zy
1/ #Parameters - ~ \
D
Text-Guided Image-to-Text s Y
Image Retrieval Retrieval 7
(Mean R@K) (Mean R@K) Adapt-MLP ([ me ) ([ Adapt-mLp |

—— FAME-ViL (Ours)
—— FashionViL-vit

—— FashionViL (ECCV'22) / [ Cross-Attention ]
—— KaleidoBERT (CVPR'21) ( Pz ] af k[ v]

—— FashionBERT(SIGIR'20)

[ Layer Norm ] [ Layer Norm ]
T

Task-Specific Self-Attention
Fashion Image Text-to-lImage Adapter (TSA Ye
Captioning Retrieval (One fgr eas:h ta)sk) S T
(Bleud) (Mean R@K) Layer Norm Cross-Attention
Adapter (XAA)
Subcategory \ / (Shared by all tasks)
Recognition
(Macro F1) Zy—
Han, Xiao, et al. “FAME-ViL: Multi-Tasking Vision—-Language Model for Heterogeneous Fashion Tasks,”in CVPR2023 Py
https://openaccess.thecvf.com/content/CVPR2023/html/Han_FAME-VIL_Multi-Tasking_Vision-Language_Model_for_Heterogeneous_Fashion_Tasks_CVPR_ = Cvpape r.c h al Ie N g e

2023 _paper.html
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Learning Attribute and Class—Specific Representation Duet for Fine—grained Fashion

Analysis
®

D7y AV DBHEEI SR RBE R A TEE
e JSALALTHREEROBHNE

M D7y A EITOI-ODTILFERE -BE -SNIILEETIVIRE

L1552 DDLU AZEHAFEE(E TS E)

m XED/N\VIR—2EBHEISADEHE[AEAttentionZEH D H T RYNT—HIZKYBEMHEISARED

*E_FMZW? Iéfct?ﬁﬁﬁﬁﬁg*é?ﬂzé (B TRZS)

§oe

ScA-C(n) §

} G{l}

attribute-speci f
embedding space: mbedd g p
\ | A \l' multi-label classification
i sHaps 00 -4 attention input
o O \ Cm,. Cm,,
, 9 20 lﬂ — > attribute-specific embedding c {l
lare .

shape

,. shape

---------- » class-specific embedding

& CCA-C(n)

Pn

X class-specific attribute-specific multi-label
O shape [fit, lare] embel dd ng spac classification ,’ ¢— P, (I)| >v —
i L m. 7
Q shape [fit, pencill / MLP(n) (gn I,
% O ’ ’
D T ’ \ .
o f [ ’ \ &
—" ’
- ) P i b \{
—> Backbone SCA-A »| CCA-A
O flar [ not pencil ‘;, e £
O not flare Epenci | [ i sos adsnnesnsiiicsssnsneevasiivennos ecssaressesassascesstnsenssassane .

Jiao, Yang, et al. “Learning Attribute and Class—Specific Representation Duet for Fine—grained Fashion Analysis.in CVPR2023
https://openaccess.thecvf.com/content/CVPR2023/html/Jiao_Learning_Attribute_and_Class—Specific_Representation_Duet_for_Fine—Grained_Fashion_Analy
sis_.CVPR_2023_paper.html

attribute-specific representation

il

b - - - 3"3"5_’3"@"
; 3 3
Ey Wi Jihw

A
s+ class-specific representation

T% SCA

z
NG
E 8

M3Net: fp

®
5—»%—»
3
Jea
CCA
2
§->8->§->e)->8—->-5—>\.,—>§—>
§
Ey W, W3 W,

cvpaper.challenge

295



CVPR 2023 MO &jj[A] - T fF= (243/259)

TryOnDiffusion: A Tale of Two UNets

O R—XPHREEIZH L TERRDFMZRFL-REHBENFRELGET IILIRE

o 2 DMDUNetZ#i & L1-DiffusionR— XD 7 —FT7F(FTH

ETE®OLENZ—T VDAY
ET RO TREARDAMDERER

[

Y

" 128x128 ) 256X256
PCI'SO{] |, Parallel- _ Parallel-
: UNet ' UNet

ic RGB garment pose 256)(25‘6

Clot thmg Segmented Person Ganne t Diffusion 1 28)(1‘28 Diffusion
try-on
Try-on Conditional Inputs try-on f B
wl 1024x1024 try-on
Garment Overall Pipeline
Clothing-
agnostic RGB
3x3 _ 128 _ | | N | | | il 128 _,3x3 _
conv  3x 4x 6x 7x 7x 6>< 4x  conv

Noisy image

=1

Z
’ Denoised Result
M . FiLM + ResBIk at resolution M

Person Person pose NX ° repeated N times
pose embedding
FC —m M FiLM + ResBlk+ self attention +
G Nx - cross attention at resolution M
arment Garment pose repeated N times
S€ 2
e embedding — . Conditional pathway for person pose
(I 3%3 128 64 32 16 16 32 — . Conditional pathway for garment pose
JR— - — — — — —_
conv 3x 4x 6X 7X 7X 6X : i Bouibtonsipawayoegarmentinmge

®Ctt

Segmented \\k_//
garment 128x128 Parallel-UNet
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27voaaBEADIGHA
o CVPR2023IZ# [+ %keywordlZfashionh\ A 5@ 3 L34
B CVDORLURIZHAESIZT—2EYEDEHFEASINTINS.
o FTELT—At vk EFashionGen*>FashionlQ
m 7y aaBREDFRY
o J7wialV+LT—2FE DR DEFEHEIAD X
o fine—grained (G¥fll7%) 77y avIZE9 53X IO~DFH
m EM
o VILERIEBETILDINTAIDZBEINSTRIARIADXEDNEMEIZEB
m RERE
o CNFETODSoTAETILIZCEEARTE—7vbD AMERID AN D& FHERDE BITEFIRAGL
o I— Ty NMEXRZLELGDHRD AMDEAEGZENMDREREICHIGLTEYERAMELAZL
o —ATKIRDET A T—2avDRYPRERETDENMRERBFRICEZOTLEIREHY

il
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O

EERICH: EBEROEMR
“medical” ZETEHIE12:5 X

o FHEMBHBYLGEDINIVERNRDSINLIARLA L, ERRETOICANAFING

o few—shot ZRIL)LEFIELI=Y, LELETILEFRLN =T A T—
I |

EZI

1

10
11

12

Retninking Few-Shot Madical Segmentation: A Vector Quantization View

SDC-UDA: Volumetric Unsupervised Domain Adaptation Framewaork for Slice-

Direction Continuous Cross-Modality Medical Image Segmentation

Orthogonal Annotation Beneits Barely-supervised Medical Image Segmentation

MCF: Mutual Correction Framewaork for Semi-Supervised Medical Image
Segmentation

Devil is in the Queries: Acvancing Mask Transformers for Real-world Madical
Image Segmentation and Out-of-Distribution Localization

PEFAT: Boosting Semi-supervised Medical Image Classification via Pseudo-loss
Est'mation and Feature Adversarial Training

Bidirectional Copy-Paste for Semi-Superviesd Medical Imaze Segmentation

Ambiguous Medical Image Segmentation using Diffusion Modals

Geometric Visual Similarity Learning in 3D Medical Image Se/f-supervieed Pre-
training

Directiora Connectivity-basec Segmentation of Medical Images

Fair Federated Medical Image Segmentation via Client Contribution Estimation

Pseudo-label Guided Contrastive Learning for Semi-supervised Medical Image
Segmentation

Heinm LEE
T AVYT—a v
EHEH Y EE
EFEHYFEE
EHFHYFEE?
FEHEHYFEE
FHEEHYEE
I AVYF—aYv
BT AVTF— 7
BT AVYTF— v
E5FEE
EFeFHYEE

rEYZS
few-shot segmentation
~s7 VBT

2.5D

ZonExHEETR

EFABOEN A4 T2 EBEIEH

BRVEE
SENABEE LTEFREEE

- RS L OB

SRILBY., SRVELF—2BOSHB:2FAZ 57

HOaE~A

HEET L EZE- TEH/ EER0HAEZTIE

ggﬂﬁ-$ﬁ$¥ EHRBIICRILZ5 R4 Y+ I%
=]

B wILERE FyrzAAROERIEB

AEZERET—2ZERTI/SA T FOEMELZETE

WEFE BRUSRLOIEX

il

> A TG E RN F A

https://github.com/HengCai-
NJU/DeSCO

X

X

https://github.com/maxwell0027/PEF
AT

https://github.com/DeepMed-Lab-
ECNU/BCP

Stips// github com/ simanan pdta/ Ambi gucus-Medic sl -lmage—
Segreentation-wsing-Difesion-Modls

LrEFEHY
https //github co m/Zyun-Y/DconnNet

https://github.com/NVIDIA/NVFlare tree/dev/resea
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= ity A : Rethinking Few—Shot Medical Segmentation: A Vector Quantization View
O few-shot segmentation : NJMLEFILREZEML TR L

n NJMLVEFIEL—ITKYTARMATRAIMLZHME

m 858, (O, BIUENLERMRIT—2 1y TRIFLGHER
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P4 | plEEs & ol <
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(a) Basic VQ (b) GFVQ (c) SOVQ (d) ROVQ
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= & It FH : SDC-UDA: Volumetric Unsupervised Domain Adaptation Framework for

Slice—Direction Continuous Cross—Modality Medical Image Segmentation

O RFAANBELIVAFAARD B ITEZI T LI-2.5DK
BRI 2—LEROBEEERTYI THEA25D)THIET, BEIFHTELR
DIGELFOMNEEELEIRZAIEEICT 5.

m = RTHEEOMSHRAUE

(A) Previous UDA for medical image segmentation frameworks Dice index
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=%t A Orthogonal Annotation Benefits Barely—supervised
Medical Image Segmentation

o ¥HEHYLE - BRXLIZZDDATAARATINILFFTEITOIER T /T—a v HFRE
m BDEFEERIL, KE-ZKR-FIRETEEDERFTEA/ERL AT EE
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=& MCF: Mutual Correction Framework for Semi—Supervised

Medical Image Segmentation

O HHEHYFEE EEEBREIT AT —avETILDERMNATREROTFEZIRE

m MCFIZZDDEGLYITRybeiFs, BINATRAZIELET 5=OIZH TRy
BDL—HEHRER

m FELEFREBZERLTEM/NATADMIEZITD

student g x10°

- - x |~ "_ |- 4
"‘ o O -
]
4 + 4
- t Ao -
100 .
teacher checkpoints
(a) MT-like method (¢) the number of bias pixels in training (a) 2K I (b) 4K TIteration (c) 6K Iteration (d)GT
subnet A ' ' i
— i — e o B
- diversity CDR DCPLG unlsbeled data | i - 4 .- 4 -4
subnet B ; '
| 1620 884 seudo labe : ’ ’ .
MT MCF
subnet B (e) 6K Iteration (f) 4K Iteration (2) 2K Iteration
(b) MCF (Ours) (d) visualization of bias pixels o h I I
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E & FH :Devil is in the Queries: Advancing Mask Transformers for Real-world Medical

Image Segmentation and Out—of—Distribution Localization

O T AT—2av EBDIICRVEDIIGIBEDEDEIF, —BDOTMHNTHYFE XEE. 2/
NEEZRE LB LT HFEZIRE
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=ty : PEFAT: Boosting Semi—supervised Medical Image Classification via
Pseudo—loss Estimation and Feature Adversarial Training

O FHEMHYFE : FLmo-RUTNILT—R( T HXFIEER
m BELGT—RIEELNNS, /A XT—REZDHETHHAEVOGFLIELDRE
[CEDE, BERELFEUSNILESTHE

. *u,ziﬁﬁfgzzs%«tmt&a«:ﬁﬁﬂzm;wr&ww/m&sﬂ%%ﬁwQGitHub
f%‘—#

Aug,, Warm Up with Contrastive Learning : Loss Distribution Modeling

https://github.com/ma

ﬂ
i | T ' Loss 10027/PEFAT
A e Data : : Inference Enc:der Calculation Xwe
Unlabeled CLS Head
Data
Feature Ad 1T g

Strong Augmentation r T i ]

\i/'/ ; CLS Head i ;

S 4 / Jaree 1 —egpd

A ad\'§

CPLE

s | ><4_)LH S

‘“ KR
Unlabeled Data 953"59 lAE-m
‘ -

Prediction  Pseudo Label

.4 0.6 0.8 1.0
Probability

il

cvpaper.challenge 304



CVPR 2023 D &jA]) - K fF= (252/259)

%= & It» FH : Bidirectional Copy—Paste for Semi—Supervised Medical Image Segmentation

O FHEMHYZFEE SNILfTTEN=T—2EESNTUWVEWNWT—AD R HITSATYFIAH OB E, SNILIE
A HLEWNELSRBIBERRDI=OIZ, IRNILHYT—R2ESRIVELT—E2ENARICOAE—- R—X |
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=I5 A : Ambiguous Medical Image Segmentation using Diffusion

Models

O MBMET L HHAOEFIROLT AL T—L A MBERAT BT
m CT, BE K MRIGEDERBIDDESYT4—THEL C) GitHub

https://github.com/aimansnigdha/Ambig
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o E&EILA:Geometric Visual Similarity Learning in 3D Medical Image

Self—supervised Pre—training

O BOHEENSE IDEBRELDES ALT—3Y
o FILEWREMEL OISR IZHT AERED—ELE-RBE2E
m 4 DDIDER)T4—TRIWFLLE
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o E&EILA:Directional Connectivity—based Segmentation of Medical

‘mages
O T A T—2aV . EVvILEFEEEFroRILEDFRMEEDETHETET A T—3Y
) GitHub

https://github.com/Zyun—Y/DconnNet
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=% Fair Federated Medical Image Segmentation via Client
Contribution Estimation

O EEEE . VFATUVEDEBEE/NITA—IVREZENENETRT HFEEH oA, RIFIZFHET HF

B AfERETAIERMTIIAT UMD EBREZHEZIRE
https://github.com/NVIDIA/NVFlare/t
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Medical Image Segmentation

=& A Pseudo—label Guided Contrastive Learning for Semi—supervised

O BHEHYSLE —EMEIMEEFUSRILERNTHBETEE

O 3DMERT Ly TRIFGHER

) GitHub
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Spatiotemporal Self-supervised Learning for Point Clouds in the Wild

O LIDART—AMEFDZEERFEEIZINA, FEfEEt;EAL-SSLEK IR ZIRE
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Boosting Semi—Supervised Learning by Exploiting All Unlabeled Data
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