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Welcome to ECCV 2024 in Milano

Openingl&d 2 T T ERATARNLDFIHATY
https://eccv2024.ecva.net/media/eccv-2024/Slides/2822.pdf
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The Conference in a nutshell

2 mentorin
2 days for 3 keynote 8

speakers

workshops events

tutorials

4 days for 2,387 papers Exhibition
main and 6,705 with 41
conference participants companies
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a ECCV(E = Europe) Hf=-(7HYI—AYI/ISF AL DS NH %L (37.5%)

a0 FNTHEELETOTRAMUNNE S IEEZZ (42.8%)
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A TADWKEDNGIFRERGENDTz01THAELY, CVPRITRIZWN IS EWLS5REH

Attendance in numbers 6705 participants
(234 virtual participants)
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2 Workshop / Tutorial DI E EFHME
3 Workshop: 13147245 AV 43R (54.9%)
O Tutorial: 1844394 HV#E4R (50.0%)

Beyond the main conference

Workshops Tutorials
> Received proposals: 131 > Received proposals: 18
> Accepted: 72 > Accepted: 9

> # papers in proceedings: 580

Workshop & Tutorial Chairs J—3 \‘Jj?ﬁ}'{?ﬁ*%‘
HITIEEL E=ZHT
9, X KYIE S VESR
THERSNFT,

Alessio del Cristian Jordi Pont- Tatiana
Bue Canton Tuset Tommasi
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° E\'\o\l
MILANO2024

il

cvpaper.challenge s



ECCV 2024 D&)A - [ fT=(5/132)

Opening Slidek ) (5/19)

a0 SMEDZHREEROEOHDOFELTYTLNS
O RE (294%) -SE (584%) - /IN\—F v ILSINE (404F) A EBISH TLVS
O BRIEHMHAFIEECCV 20225 YE 44 2B kta £ A>T

Diversity Chairs

Diversity grants

> 524 submissions (nearly 4x
over ECCV 2022!)

> We granted: Rita
m 29 Travel Grants Fouhey Cucchiara \
m 58 Registration Waivers Diversity Chalrhﬁ: 0) %
m 40 Virtual Registration Waivers ‘E Ry 2
> Awardees were well-represented across demographics and %:723& 5°~ ﬁkﬁb 2 MEI
countries, and primarily presenting a paper for the first time. ENYHR—rELTHEE
> The applicants were reviewed by a panel of reviewers drawn from FTAHEEAHAINE?
the community. /
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2 CVAREFIIEFEDHHSChartdH b
O RSAKRIZERE LM oT=hLocal Arrangement ChairlxSI5/ ? RS TATDEFEELEROSNEZEEMN
H5
O Ethics Review Committee DNEFTLLY — LLMIZ KA EEDL I B EHNFTvIL TNV =2
O Program ChairlX68&UL\A (B[ 23/ A ZLY)
a w360 B Twitter(X) Chair TSNSZ#E &L TLVA (Social Media Chair)

wfmrl-ﬁxmﬁ‘%ﬁ‘%l:&\
5HZ&ED,. CVPR/ICCV
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1 Keynote speakerld 3444
O ERAICKDBIEER. REZEELIZAL KAV T

Keynote speakers

Sanmi { FiE TDKeynote h
(XIS HLE=H<{FTIE

Koyejo " S, =N
L d A i «f )’ Sandra “Is distribution shift still an rAI ODfE:’Bﬁ lEJ 73& / \—7‘/
ourdes Agapito T Al Groblem?” ARTEZTHEND_LE
& Vittorio Ferrari MMZ0N

“Fair, transparent, and accountable Al: ~ Thursday, 15:30-16:30 K
What is legally required, what is

/

“Synthesia: From computer vision
research to real-world Al avatars”

ethically desired, and what is
Tuesday, 15:30-16:30 technically feasible?”
s _ Wednesday, 15:30-16:30 E CC\’

MILANO2024
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2 Scholar Inbox (S IZK A/ ER T A+
3 SHEBRDWEXFVIICETHEZS !

scholar-inbox.com/conference/eccv/2024
g Sending Bookmarks | Collecticns ntsrctions: Sernaitic Seat efe Q et

ECCV 2024 Planner

ECCV Planner Information ICML 2024 Planner

Pin papers rI,h that you find interesting. After pinning all reley unpinned papers l#ﬁl and sort your pinned
papers by oral session/poster id (D to easily navigate thecal CVPR 2024 Planner  bookmark this page (I§) on your mobile device

ICLR 2024 Planner

CVPR 2023 Planner 9

Conference Explore . I
The 18th European Conference on Con rence BXpIorer v 2024 K Qm R ﬂ 7l-~ é 4 S h I I b \
Day 1 | Tuesday 2024-10-01 A ﬁ _ \ l I \ o
1 : L b L ]
Tuesday 09:00-10:30  Session Oral 1 v
Tuesday 10:30-12:30  Session Poster Session 1 Exhibition Area A CV p a p e r- C h a I I e n g e @ E}
Text Motion Translator: A Bi-D Model f 3D Human Motion Generation from O T N 'z~ ié — 'Z \
7 a— ext n Translator: irectional lor Enh d uman Motion rom Open- c * — N
£ P$-1-190 ) 81 vocabul y Descriptions | Yijun Qian, Jack Urbanek, Alexander Hauptmann, Jungdam Won @iC9 0+ j'l_,},// \ E Z L
T T Ve SignA s: A Large-scale 3D Sign Language Holistic Motion Dataset and Benchmark | Zhengdi Yu, Shaoli @io 9 [+
N . Huang, yongkang cheng, Tolga Birdal W — \
C psi1287 ) Text-Conditioned Resampler For Long Form Video Understanding | Bruno Korbar, Yonggin Xian, Alessio - . é t j L i
£ (__Ps1287 (s Tonioni, Andrew Zisserman, Federico Tombari @GO+ n
r Generating Human Interaction Motions in Scenes with Text Control | Hongwel Yi, Justus Thies, Michael J s % .
¥ \&) 5 Black, Xue Bin Peng, Davis Rempe @ o9 [+
o P51.186 ) 42 Large Motion Model for Unified Multi-Modal Motion Generation | Mingyuan Zhang. Daisheng Jin, Chenyang @i O[T +
_PS1186 ) Gu, Fangzhou Hong, Zhongang Cal, Jingfang Huang, Chongzhi Zhang, Xinying Guo, Lei Yang ... Ziwei Liu Wi YW
—
. = hall
Cww. = cvpaper.challenge o
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o 8,585 mNIRTE 2,387 X HRIR — 1EIRZK27.9%
o 2005 X H\OralFEFE — OralfRIN=£2.3%

Papers

8,585 valid submissions by 27,546 authors

Of the submissions:

> 2,387 accepted (27.9%)

> 200 accepted as orals (2.3%)

> 435 included a dataset as part of their contribution

> 173 desk-rejected due to policy violations

> 2,410 withdrawn by authors (at various stages of review process)
> 31 papers also reviewed by the ethics committee

MILANO2024
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0 BB TRLAERS !

O #iI[E ECCV 2022 55804 — 858533 i%Fs T RISIE NN (47.9%1E0)
O MFFERIFEIIRFEDICCV 2023 (8,260 3 1%tes) b L TH M
O FIRE(L25.6% — 27.8%EMIET. HAREIRE(2,387: ) LECCVTIEHRZ

New records
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1 TRIEEEZEOERB# (SmETIEZL)
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Authors by country
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1 BFETORR(IOEEERBREED. FIKKREMNZLE-TLNS
O RHEDA—ILBARURST-EENTNS...
O B3 LULEOBEFZESHT-LE T, Area Chair® iZEifZ L TAccept/RejectZT iR TE

" >920k emails
Review Process through CMT

Double-blind review process managed with CMT

> Each paper received at least 3 reviews (> 26,000 reviews in total)
> Reviewers quota: 6 for senior researchers, 4 otherwise

Decisions made within triplets of ACs
> ACs’ load: 18 papers on average

> Lead ACs: coordinating the triplet, offering guidance to less experienced ACs, handling
emergency situations

Paper assignments to ACs & reviewers

> Combining scores from CMT Subject Areas, TPMS, OpenReview (along with additional
criteria, e.g., recommendations by ACs)
> For ACs also a newly built affinity score based on embedding similarity with recent
papers on the ACs’ Google Scholar profiles
-nn\,

° C\a\o
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2 Strong Double Blind® & A
O SRR CTarXiviZRFBLAELY/ L TUWVEWRXIEES s 1 EE0ThoT-
O DNICEBLRERXDHCEAFRMNRZGUMRRETERZEBLIZEVSEE

New this year: “Strong Double” Blind

57% of all
accepted
papers

\
Lo XV EZMEED
X ESER...? LW
Sz L9 DEREL

@ > (tatbfl,\é y
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a jc%ﬁf EIEETIL(LLM) ICXAEFEIIEEINSD
MXEEFRIIFEHOK, AL 2EFLEBANEAS
O HXEFAIXERANG, AFFTOHXEFLLMOEE T ZEICHLTLEIZEIZEHS
Q XEZOFFETITEL, T—T 10T HBIET B LVELLLMOEROK

Large Language Models

ECCV 2024 Policy (same as CVPR 2024)

> Authors:
O permitted to use any tools, including LLMs, in preparing their papers,
o fully responsible for any misrepresentation, factual inaccuracies, or plagiarism

> Reviewers:
O strictly prohibited from inputting submissions into an LLM
o allowed to refine the wording of their reviews with an LLM
o ...but, held accountable for the accuracy of their content

il

ECC\’ cvpaper.challenge s
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o ERICEREINTELLMIZ LA ES:
0 6MFEDEFITZEF(CIVREINT-. SE21 LRI T SNT-
Q ARTAVRETFREEATLS

Large Language Models

> Numbers:
O 64 reviews (out of >26,000) were reported by authors, ACs, and PCs
o 21/64 reviews warrant further investigation
0 1ACused LLM to write meta-reviews based on reviews (detected before meta-review
release, replaced by emergency ACs)
O At least 2 reviewers accused authors of using LLMs to generate paper

> Issues detecting LLM-generated reviews:
o Automated tools (GPTZero etc.) just tell whether text was touched by LLM, not
whether it was entirely generated, whether a paper was shown...
o Hard to distinguish between inputting the submission to generate a review (very bad!)
versus inputting a review draft for polishing

> We will suggest submission bans to CVPR/ECCV/ICCV in certain cases

— =l o
° E\o\v\’
MILANO2024

il

cvpaper.challenge
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0 Desk rejectb FEAELTULVS
O 144X = FFF5: ICML, NeurlPS, SIGGRAPH, EMNLPZL & & B
O 64IF3IE: BEIREHE S AT L (iThenticate) P AR F v (BZo{BHECIVT7FT7EH)

Desk rejections (the very troubling cases)

> Dual submissions: 14 rejected
o Collaborated with concurrent venues: e.g., ICML, NeurlPS, SIGGRAPH, EMNLP,

MICCAI, and more
B PSA: Don't forget to withdraw if want to submit elsewhere!!

> Plagiarism: 6 rejected (after conditional acceptance)

o Automated with iThenticate + manual verification
m PSA: Don’t plagiarize the related work!! Or anything else...

- ECLN!

MILANO2024

il
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o ¥IERICEEZRBLIITTES !
a é17$1591¢0)$nﬁ
a 5SHENT—2Ey &S (NERE?)NES
O 145 Reject Hi5 Accept IZTED (BFHH/IUTFIT7DRI)V—E

Appeals

> Authors could fill a form with a valid reason to appeal a decision:
o policy errors
o clerical errors

ER)

-

o significant misunderstandings by the reviewers or ACs

> 59 appeals received (CVPR 2024: 167)
o PCs processed each appeal and consulted ACs where necessary
o 5 conditionally accepted papers: dataset condition was removed
o 1 paper decision changed from reject to accept due to clear policy error by
AC & reviewers

: =CCV

MILANO

SNSTRRrEN BT E
15 ITE . BERIAH-

L&D!
\

=HIEFRDIIL—FTHEE

~

/

il
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o BEHEOEE

O 7293F5HE (2056 R 2 EHE)

A 1980)Outstanding Reviewers

d 469D 7FxT7

A 120)O0utstanding Area Chairs / \

BRENSHTOOIHAREIL
Outstanding ReviewerH\Ma] ALY
% ? 158 Y T, Chicken and Egg
ProblemT9d 43
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o 154D E & ## & X

> Robust Fitting on a Gate Quantum Computer — Frances Yang -
Michele Sasdelli - Tat-Jun Chin

> Sapiens: Foundation for Human Vision Models — Rawal Khirodkar : Timur
Bagautdinov - Julieta Martinez - Zhaoen Su - Austin T James -
Peter Selednik - Stuart Anderson - Shunsuke Saito

> SEA-RAFT: Simple, Efficient, Accurate RAFT for Optical Flow —
Yihan Wang - Lahav Lipson - Jia Deng

> LEGO: Learning EGOcentric Action Frame Generation via Visual Instruction
Tuning — Bolin Lai - Xiaoliang Dai - Lawrence Chen -
Guan Pang - James Rehg - Miao Liu

> PointLLM: Empowering Large Language Models to Understand Point Clouds —
Runsen Xu - Xiaolong Wang - Tai Wang : Yilun Chen -
Jiangmiao Pang ' Dahua Lin

> Integer-Valued Training and Spike-driven Inference Spiking Neural Network for
High-performance and Energy-efficient Object Detection — Xinhao Luo - Man
Yao - Yuhong Chou - Bo Xu * Guogqi Li

> Minimalist Vision with Freeform Pixels — Jeremy Klotz - Shree Nayar

> Latent Diffusion Prior Enhanced Deep Unfolding for Snapshot Spectral
Compressive Imaging — Zongliang Wu - Ruiying Lu * Ying Fu : Xin Yuan

> PathMMU: A Massive Multimodal Expert-Level Benchmark for Understanding
and Reasoning in Pathology — Yuyuan Sun - Hao Wu : Chenglu Zhu « Sunyi Zheng
- Qizi Chen - Kai Zhang - Yunlong Zhang -
Dan Wan : Xiaoxiao Lan - Mengyue Zheng - Jingxiong Li + Xinheng Lyu -
Tao Lin - Lin Yang

> Expanding Scene Graph Boundaries: Fully Open-vocabulary Scene Graph
Generation via Visual-Concept Alignment and Retention — Zuyao Chen - Jinlin
Wu - Zhen Lei - Zhaoxiang Zhang : Chang Wen Chen

> Efficient Bias Mitigation Without Privileged Information — Mateo Espinosa
Zarlenga - Sankaranarayanan - Jerone Andrews - Zohreh Shams - Mateja Jamnik -
Alice Xiang

> Rasterized Edge Gradients: Handling Discontinuities Differentially — Stanislav
Pidhorskyi - Tomas Simon - Gabriel Schwartz - He Wen -
Yaser Sheikh - Jason Saragih

> On the Topology Awareness and Generalization Performance of Graph Neural
Networks — Junwei Su - Chuan Wu

> Concept Arithmetics for Circumventing Concept Inhibition in Diffusion Models
— Vitali Petsiuk - Kate Saenko

> Controlling the World by Sleight of Hand — Sruthi Sudhakar -
Ruoshi Liu - Basile Van Hoorick - Carl Vondrick - Richard Zemel|

cvpaper.challenge

il
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Best Paper Award: Minimalist Vision with Freeform Pixels

a ARVZELDIZHEZTR/INED B DIEEFIR D superpixelZFE T 5,

0 EERIRDsuperpixel FIRIE TEBZNASEREL ., EHD IR TEE,

a JAOREATDAASIEY—F—/\RILIZKBDRETEREEMNAIEE,

a T2AN—PHYRTFE)TOMBEIZTIA—FLTEY, SDGsFHFIZH T S5
DEWLI—Av/\5 LU \Best PaperMETEEES A D,

[
— - Task
Output
'

Freeform Inference
Pixels Network

Freeform Pixel Training Camera

(a) Workspace Momtormg (b) Camera in a Network (c) Minimalist Camera gtz HASOEYEE TN

il
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https://www.ecva.net/papers/eccv_2024/papers_ECCV/papers/08113.pdf
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Best Paper Honorable Mention

d “Concept Arithmetics for Circumventing Concept Inhibition in Diffusion
Models”
a4 FEFHHIZEKSHARC(ARithmetics in Concept space)lZ&k2 T, VRN ETILIZE T
& oS OBFIRMEAN M LEL B ) \
d Concept Inhibitionlk, ThBIET ILICEITHAEADFRE. EEZRBLTHED
e (REN-ENBRIDHOIBMEHF) OERZEHCTIO0—F \
A BFEDOBSOHHEIAERTETLAMNE, BB ICRRSNDMETEHEAS/ Y
IRTEEESTH_ETHRIIEINS

d HERDFHZFIRAL-FEARC)T, iflcShfBlEnEHDOTO TMIE&>
TBERINAZLERLE:
J IHIED Concept InhibitionD R 5. Ha551EZx 5L TLVS

Vitali Petsiuk, Kate Saenko. “Concept Arithmetics for Circumventing Concept Inhibition in Diffusion Models” , in ECCV 2024. e
https://arxiv.org/abs/2404.13706 e CVpaper.Cha"enge
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Best Paper Honorable Mention
1 “Rasterized Edge Gradients Handling Discontinuities Differentially”

d
d

R

=Rt BIEEDR EZEMK

Pidhorskyi, S. et al. ©

Fig. 5: Comparison of forward gradient on several test scenes with the numerical
solution using finite differences. (a) Synthetic test scene, we show gradients with respect
to a parameter. We use (b) finite differences as a reference, and compare with (c)
Mitsuba 3 [15,36], (d) redner [21], (e) nvdiffrast [20], and (f) our edge gradient approach.

Scene

1.20%

redner [21] 53.52%  37.94%
Mitsuba3 [36] 0.67% 75.83%  37.59%
Nvdiffrast [20]| 45.91%  69.33% 39.42%
EdgeGrad(our) 6.01% = 335%  8.35%

Table 1: Accuracy of backward gra-
dients. Relative error, % (/). This ta-
ble shows relative errors in backward gra-
dient computations for test scenes. Second
and third scenes include geometry inter-
sections, emphasizing our method’s advan-
tage in managing these complexities.

Rasterized Edge Gradients: Handling Discontinuities Differentiably” in ECCV 2024 https://arxiv.org/abs/2405.02508

fo————— —
- “image wim [px) s 2 trianyle cosnt
(a) Running time vs image size (b) Running time vs triangle count
— -
I —
-

R Lariags i (]
(d) Gradient error vs image size
self-int

. nage size [px
{c) Gradient error vs image size 3
sel sent ersections present

elf-intersections absen
Fig. 6: Runtime performance and er-
rors. a) Runtime |ms| by image size |px|;
b) runtime |ms| by triangle count; c) gra-
dient error |%)| by image size |px| without
self-intersections; d) gradient error [%| by
image size |px| with self-intersections.

cvpaper.challenge

i

I

FRABGAAR—=ZADLUF)T . FEFHEEL ) T8O -O I EELGZAEOITEN R EH
i%“EdgeGrad”|Z& 2T, JRATA RSN =BG EEFZENIIEA-AETENDER, STED
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Exhibits
a SELREIZELDdemoh BRI o TLV =

cvpaper.challenge
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Work Shopl[ZDULNT
a MultlmodalltyAudlo Biometrics’d &, I bf—é%ﬂﬁk#%%ﬁéhﬂ\fj_

MONDAY 30‘h SEPTEMBER

WS:2HH

= cvpaper.challenge
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32)

Workshop: 1st Workshop on Scalab
Scene Understanding

2 Jiajun Wust £ DHAZELEIT (1/3)

A Seeing a Rose in Five Thousand Ways

=

e 3D Scene Generation and Geometric

QA NSOSH AN FHRF 0277 ILEEDREEEOMBERS, ZTAOOMNBEEALIELY

2z

One Training Image

Object Intrinsics

= cvpaper.challenge
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32)

Workshop: 1st Workshop on Scalab
Scene Understanding

2 Jiajun Wust £ DA ZELEIT (2/3)

=

e 3D Scene Generation and Geometric

3 WonderJourney: Going from Anywhere to Everywhere *** text or imagezZx A &L CEHGB TIA

KiE3DL— % BETER

Cyberpunk city...  — 8 g

: e h )1V
i HE =l
b 7 1‘ ‘
WY
' _" : i s, 1‘4' 'I. I |

il
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32)

Workshop: 1st Workshop on Scalab
Scene Understanding

2 Jiajun Wust £ DHAZELEIT (3/3)

=

e 3D Scene Generation and Geometric

Jd WonderWorld: A Framework for Interag’_cive 3D Scene Generation ""E1%75‘150)3D°/—‘/$ﬁ‘ﬂ:
DN, BE—EBOAZTANETHRERR—EMEDHAV—ERZTRE

“Venice” “Harbor”

aRIE

User interaction

Input image

Generated 3D scenes

il
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32)

Workshop: 1st Workshop on Scalab
Scene Understanding

e 3D Scene Generation and Geometric

a Jiajun WuEEAE DL TEF—T—F

A Learning vs. modeling

1 What are the minimal assumptions for 3D scene understanding?

(1 How do these assumptions serve generation and perception?

[ Inverse rendering based on casual, physical, and universal object intrinsics

[ Effective use of in—the—wild data

[d Potential leverage of simulator/synthetic data

[d Interpretability and controllability
[d Generalization and compotisionality

il

cvpaper.challenge
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Workshop: Geometry in Large Model Era

a Title: Towards 3D Foundation with the Help of Generative Al By Andrea vedaldi

, o
d Should 3D be one of the foundation of comp{uter vision”? o s -

QO 3DARLET )L TlEmulti-view consistencyMMIEEIZEE —> MovielZ&EDHEMEEF A
Q £ pETILDNew Frontierld3D Scenet4D (ZEfE+HFF25)

Take aways

-3D: ; . .
New vViews by fme—tunmg a movie generator Towsrds s Sp

3D Generative Al ¢
Foundation 0

What works and
the Rescue

what does not

* When reconstruction i 5 :
D -~ Fine-tuning the Emu e uction is 3D reconstruction * 3D Gen systems shipping
9  Video model p fole, 3D already requires priors now (Meta 3D Gen,
Improves 2D
(%  Generate 16 views of

: Meshy, Tri 0, Luma, ...)
understanding (e.g., via * 3D Generative Al can i
the objects

fusion) provide them * Large gaps: scenes, 4D
Excellent

consistency * 4D is the frontier

|

IM-3D ...} Melas-Kyriazi et

Postdoc position in the VGG closing in 2 weeks

il
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Workshop: Geometry in Large Model Era

a Title: Generating 3D Geometry with Limited Data By Angela Dai)
O THFAMOERELRLTIEREICINENREE-FZZ, Bonf-T—3THEMEE A
A Distilling information from larger models trains on weaker signal

O ScanNet200% iR X T H_ETIDFEEFEH - /\TF 1 L~
[ Angle Daih‘3D scene understanding® L RZEEBIH LERITTULNAS.

3D Datqg: Qucm’rity and Quality

* Datqg quantity:

* Text: ~ 1912
* Images: ~ 102
* Videos: ~ 107
* 3D objects: ~ 107 Modeli
* 3D scenes: ~ 103 . 5 SBRegionc .
e to bridge th i
* Data quality2 ) Tl
e H .
Oow to leverage knowledge of Interactions to improve

* Tradeoff: large-scale 3D (€.9., commodity scans, videos), r + +
econsiructions of 3D scenes?2

high-quality 3D
cvpaper.challenge

* More efficient learning?

il
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Workshop: New Vision Foundation Models from Video(s)

a Title: 1-video pre—training, tracking image—pachs (y Yuki M. Asano)
O Lok BEHENHYZEE D T—2YMIEER NS EE A2 \ ¢
O 58 HEEFEEEBHICHREILT OO BEEFEEZRNETILENHS...

QO B BMREROMBEE TGS, EEN\YFISEELE-HNBEEEZEEE
O BFZE2: Walking Tour( RZRAEFEENEH ) ZIREL, TL2ICHEOANSBECHEMHYEE

Solution is obvious

lmage -level (one vector per frame)

e i very much
B not the
| |
3 24

TimeTuning: Study the extreme:
DINO as init & use | How powerful is time | try to learn from a

temporal info of without image-pretraining? | single video,

same!

Ours Dense (one vector per patch)

=

Frame 1

videos. from scratch.

- UNIVERSITY OF AMSTERDAM Motz oy Asaro Rupprnci, Vil A crtal Anaia of seb dupervhisn, of
YUKI ASANO

il
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Workshop in Open—Vocabulary 3D Scene Understanding

a Title: The Gentle Art of Feature “Lifting” (by Or Litany)
d IDU—UFEBENLTHERBET SH1=0IC, EELIDFTEIT-LWHNT—2EETELL..
Q 2D%5EF;ERR I A2 & T3IDY—2[ZTOpen—-Word Segmentaion
O EDKIL2D4EHMEIDIZFIZ LITHREN?
O Stable Diffusion(XE1 R &L TIEHERET S0 ? DA HEE DPrior &/ TETLNSEM ?

Q: Diffusion models are great at content generation,

ST S0 help in perception?

SD model can:
Understand shape (2D)
Understand semantic

s

UnScene3D [CVPR'24] EmerNeBF [ICLR24] 3DiffTection [CVPR’24] What about 3D?
c . ic )

« Static Dynamic
= Indoor
- 2D to 3D = 2D to 3D

What about the detection?

il

cvpaper.challenge
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Workshop in Open—Vocabulary 3D Scene Understanding
0 WEYMIT/RAELTADCVDIGRIZET 27 —93vT
3 Full Paper 2244

Q B A0T7—23> 4%

O YRR 445

d T—3tEyrDEBER 244

A XAl - 245

Q AR - 244

Q #HhOURR 145

3 3D 14

d =yt 144

a E=X2Y2y 14

Q 887/ 7—3> 115

Q JIILFE—FIL 1

Q REETULY 3t f

Q A2%E 145 o R *
O Extended Abstracts 814 #LfF%?I/’SVft/’] 0)5E5El

(by ChatGPT)

BRI EEXDIRI (T A0T—30 EE)MNBILID, ZO— AT XAIDERIZEE T 513
HEHL, FOMITBLHTETLS, é;fﬁ% VADEE A B SN,

il
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Workshop: ACVR2024 — 12 th International Workshop on Assistive
Computer Vision and Robotics.(1/2)

o AVEaA—RE 3V EORTA AN RED I EFMIZED L OILGHETEZHDH
n?‘znﬁé'ﬂ-jq 7/3‘/7

2 ARTAVADL BRI XIBEVATLETEZRICHEZZAENSENETILNS

35
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Workshop: ACVR2024 — 12 th International Workshop on Assistive
Computer Vision and Robotics.(2/2)
o BEFFEETIE
[Sensorimotor learning(BA R EENFE) I T RN LT YT 7 TA—F |
[contextZxZEELI-HREFES—I 3]
(2D TN TLV =,

o ARTAIORXABEEDRT— L KELGHTE TS ISICREREULNT=

Y

A L

A Bottom-Up Approach to
Robot Learning

Deepak Pathak
MU

', '\\i g B D Y R T oy G A IR

Deepak Pathak, Carnegie Mellon University, US Lamberto Ballan, University of Padova, IT § cvpaper.challenge 36
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Workshop: Synthetic Data for Computer Vision

A https://syntheticdata4cv.wordpress.com/acceptedpapers/

d AREBEOFENEIZDINTIROWS.

A The Impact of Balancing Real and Synthetic Data on Accuracy and Fairness in Face

Recognltlon [ i African B ssian [ = P rative balancing EA thentic data ISy thetic data ]
nttps://arxiv.ore/od/2409.02867

Balanced Synth 1Ds

. #&i% : Face Recognition¥ X%
[CEVWT, FEBT—XIEEH B

EAERERNEILOLDE

BENTLVSHH H Good [p——
O E{EIF: https://arxiv.org/pdf/2409,02867 | & pa T

|8 gy | *ﬁb

{8 | ;
L

—
—
—
=

2 7’3"“‘
E:}H = [
i (8 1
e C

*  LFW (Unconstrained)

*  AgeDB-30 (Cross-Age)
®* CA-LFW (Cross-Age)

*  CFP-FP (Cross- Pose)

*  CP-LFW (Cross-Pose)

SER(ACCs); STD(ACCS)

R
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https://arxiv.org/pdf/2409.02867
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Workshop: 5th Advances in Image Manipulation (AIM2024) (1/3)
0 E{R1E T ORELE Dlow-level visionFRIEI/RSIT—avT
3 MRARIDIAURE

Competition tasks

Efficient Video Super-Resolution

Depth Upsampling

Raw Burst Alignment

Sparse Neural Rendering - Track 1 - 3 views

Sparse Neural Rendering - Track 2 - 9 views

Video Saliency Prediction

Video Super-Resolution Quality Assessment

Compressed Video Quality Assessment

Pushing the Boundaries of Blind Photo Quality Assessment

il

https://cvlai.net/aim/2024/ cvpaper -Cha"enge
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Workshop: 5th Advances in Image Manipulation (AIM2024) (2/3)
o BRI xFTOEMEIMCHARARZEBELTEMALEZREES
o OAUNTIEHEROBHEZESRL. EHREDVFIVAIZERZTZHTTLNS

=

Main Sponsors

P pLy

< Sony & A
‘ } Interactive e <

» 4%

Ve

HUAWEI

Entertainment

Many Thanks!!

B KUAISHOU

Julius-Maximilians- 48" |
UNIVERSITAT Q¥
WURZBURG  \

cvpaper.challenge o



ECCV 2024 M E[A] - T = (39/132)

Workshop: 5th Advances in Image Manipulation (AIM2024) (3/3)
1 SRELEBEOT—IavTx#EETE

10™" New Trends in Image Restoration and Enhancement (NTIRE)
workshop and challenges, at CVPR 2025, https://www.cvlai.net/ntire/2024/

2" Vision, Graphics and Al for Streaming (AIS)
workshop and challenges, at CVPR 2025, https://ai4streaming-workshop.github.io/

6™ Mobile Al (MAI)
workshop, at CVPR 2025, https://ai-benchmark.com/workshops/mai/2024/

6™ Advances in Image Manipulation (AIM)
workshop and challenges, at ICCV 2025, https://www.cvlai.net/aim/2024/

il
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Tutorial: Recent Advances in Video Content Understanding and Generation
[ Show-o: One Single Transformer to Unify Multimodal Understanding and Generation Mike Z. Shou)

M| Comparison with previous studies on unifying image and text output using autoregressive model (AR):

Ny NN

Next—GPT, Seed—X: input LLM output to diffusion models (separate networks)

Large World Model, Chameleon: enable both image and text output in autoregressive model

Problem: AR is slow since it requires predicting token one by one —> using diffusion?

Diffusion model: continuous input/output vs. AR: discrete input/output

(1 Show-o:

Hp Ny

L

Design: discrete diffusion (inspired by masked generative transformers)
Show-o model: input output language and image, structure LLM (AR+diffusion)
Show-o characteristics:

[ Omni attention

D Support both inpainting and outpainting, mixed modality generation
Training:

D 1.3B model, training on various large—scale datasets

D data scale, image resolution are important to obtain high accuracy
Results:

D Recognition: comparative results with much larger models

D Generation: better than much larger models
What is the Next?:

D + video: structure is almost same with the one using images

D Preliminary results: promising in video recognition and generation

il
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https://sites.google.com/view/showlab
https://arxiv.org/pdf/2309.05519
https://arxiv.org/abs/2404.14396
https://largeworldmodel.github.io/
https://arxiv.org/abs/2405.09818

ECCV 2024 M E[A] - K= (41/132)

Tutorial: Recent Advances in Video Content Understanding and Generation

[d  Perceiving the World in 4D and thereafte Angjoo Kanazawa)

[ Current 4D generation:

[ Recent video generation models learn depths, light transport, dynamics from watching videos effectively, but still not good at 3D
reconstruction of body, body movement, etc.

d Learning models with more data and enhanced models work
[d What we need:
d 4D (space and time) physical understanding from interacting with world
[ Book recommendation: thinking fast and slow (Daniel kahneman)
[d  How to recover 4D from any video

[d Shape of Motion: 4D Reconstruction from a Single Video

M| Represent dynamic scene as a set of persistent 3D gaussians, represent motions across the video a compact set of shared SE3
motion bases; Utilize a set of data—driven priors, such as monocular depth maps and long—range 2D tracks.

Inputs Frame ¢ — 1 Frame ¢ Frame ¢ + 1
RGB  Monodepth 2D Tracks
. Y
ﬁ @ S * '7
| U 1 = -
A e 3

Scene Representation Rasterization & Optimization

= /:\\'/ ™ 9,\
2 AN ﬁ N
A e

Motion
Coefficient

Canonical

Monodepth 3D Tracks RGB

SE(3) Motion Bases

il
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https://people.eecs.berkeley.edu/~kanazawa/
https://arxiv.org/pdf/2407.13764

ECCV 2024 M E[A] - K= (42/132)

Tutorial: Recent Advances in Video Content Understanding and Generation

[d  What we can do using 4D(Angjoo Kanazawa)
[d Spatial Cognition from Egocentric Video: Out of Sight, Not Out of Mind

| Keep tracking objects while keeping in mind what objects are out of sight; lifts partial 2D observations to 3D world coordinates, matches them over time

using visual appearance.
Input Video

0
--------------------------

»Camera traj jectory’ —
o0 150

- S
————
00 1500 20
o 1= -‘\n
om 80 ses0

[d Agent—to—Sim: Learning Interactive Behavior Model from Casual Longitudinal Videos

(1 A novel task and method showing the usefulness of 4D representation
| persistent spacetime 4D reconstruction that contains the agent, the scene and the observer

[d Behavior generation (a diffusion model)

q e ~

I E 1 / ‘ b Planned Paths
- —

Scene video

W

Interactive Simulator

il
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https://people.eecs.berkeley.edu/~kanazawa/
https://arxiv.org/pdf/2404.05072
https://gengshan-y.github.io/agent2sim-www/
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Tutorial: Recent Advances in Video Content Understanding and Generation

A Videos as World Models: Blending Visual and Physical Intelligence Chuang Gan)

[ How about most advanced Al agents today compared with human babies?

D Great advances in various real—world tasks

[ No embodied general intelligence (multimodal, multitask, multi—environment)

[ To achieve embodied general intelligence

1 Large video model as world models (physics, interactions are important)

[ Question1: How to generate large scale 3D interaction datasets?

Hp N ENE

Differentiable physics + renderer for learnable dataset generation

Gradient—based optimization is much efficient than RL

GeneSIS: general-purpose and differentiable physics simulator (vast range of robots) (left figure)

RoboGen: Towards Unleashing Infinite Data for Automated Robot Learning via Generative Simulation

(right figure)

d A generative agent that automatically proposes and learns diverse robotic skills at scale via generative simulation

A) Task Proposal B) Scene Generation | C) Training Supervision Generation ]
Initialization Scene Components & Configuration Task Decomposition
T & EeE -
LT =
- e [e=] ) [
54, C'ﬂ “ CMN fatto nfa mml][ﬁad z]lAuonP Aitlve
f+—b) Object \:Rl/—_/ Leamh\u Optinizati & Motion Phnn)nu
EL_ 1] snal LA i
Q c @ . = Dataset Retrievs L S =
i e Ee)
'__‘;; ! ﬁ 4 i text-to-image-to- 30 genera H d Canatatios
Verification Mid]oum'y — Zero-1-to-3 | L
D) Skill Learni
Task Proposals - 1 [ ) i l U
Scene Population @ e @ @ s @
. ' sessces
. ; > | -'m ke iy n '
S99

il
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https://people.csail.mit.edu/ganchuang/
https://github.com/Genesis-Embodied-AI/Genesis
https://arxiv.org/html/2311.01455v3
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Tutorial: Recent Advances in Video Content Understanding and Generation

[d  Videos as World Models: Blending Visual and Physical Intelligence Chuang Gan)
(1 Question2: How to learn from 3D interaction data?
[ Inject 3D into LLM

[ Novel large—scale dataset by generation.

[ 3D features, combination of slam, nerf, etc.
1 How to really interact with real—world
[ Videos as world model for robot imagination

[ RoboDreamer:Learning Compositional World Models for Robot Imagination

d learning a compositional world model by factorizing the video generation

[d 3D-VLA: A 3D Vision—Language—Action Generative World Model

Reasoning and Localizaton

Embodied Quastion Answaring Task Capton

Wit shouid § 80 neet? Winat rapgance

sk Cagion with Grounding u 30 keratication

Aglwaic,
r m e —~ L\ -W*"

Dutect the hrite with 30 Bbax. || Descrioe the task witn 3 Ths

Muitimodal Goal Generation

Robot Plannlr\g

27 ..
i A

r-cnu heck 1o the drwer, Opon the duwer,

[ train a series of embodied diffusion models and align them into the LLM for predicting the goal images and point clouds

(right figure)
[ Compositional World Models for Embodied Multi—agent Cooperation

[ learn a compositional world model for embodied multi-agent cooperation

M| compositionally generate video to enable accurate simulation of multi—agent world dynamics

il
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https://arxiv.org/pdf/2403.09631
https://arxiv.org/pdf/2404.10775

ECCV 2024 M E[A] - K= (45/132)

Tutorial: Recent Advances in Video Content Understanding and Generation

[ Multimodal video representation ( Cordelia Schmid)
[ Dense video captioning:

[ Current models can not reason over long videos

M| Vid2Sea:special time tokens; large—scale dataset pre—training; generative loss + denoising loss;
La.rge-scale pretraining ﬁ'om nan'ated v1deos Dense video captioning
: N T Tl = n

Hey guys lnda) [ am going
to teach you how to ski i

D Dense Video Object Captioning from Disjoint Supervision

<15><8The man is fastening the dog, <20s><50s>The dogs are pulling the sled. <ASs><A94>The man is saying hello.

[ a new task for dense video object captioning — detecting, tracking and captioning trajectories of objects in a video.

d a training strategy based on a mixture of disjoint tasks, which allows us to leverage diverse, large—scale datasets.

[d Video QA with reasoning;
M| Existing modular models often do not use image during visual program generation

[d MoReVQA: multistage, modular reasoning, simple baseline — JCEF outperforms ViperGPT,

| Ewtomong Groundng “Reosoring
| peampt 5y pronol | premptiy

Event
Q" parsing m
) +

AP calls 7, AP| calls 2,

St Y| P siisiiats

perse,swak (intszer, | | | vecteyioia. sim ma

Large W moded (LLM
with shared

|+ Promet with decomposed
Flruction ecamphs

| Erone Tool ewecuion
| -_vmw:amnl VLM appiied on frame subzet

clasesty v { romcrring his
el mm_oor

e

[Feesmr] (oo

upde update

| |
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https://thoth.inrialpes.fr/~schmid/
https://arxiv.org/abs/2302.14115
https://arxiv.org/pdf/2306.11729
https://arxiv.org/abs/2404.06511
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Tutorial: Recent Advances in Video Content Understanding and Generation
[ Video Simulation and Holistic Understanding for Autonomous Driving: Systems and Backbones Hao Zhao)

[d End-to—end autonomous driving
D Issues: various corner cases

D Solution: holistic video understanding

[ Holistic Video Understanding for Autonomous Driving
[ ADAPT: Action-aware Driving Caption Transformer: using language to explain various cases in AD

D Hint—AD: holistically aligned interpretability for end—to—end autonomous driving : end—to—end AD model, alignment is the key

[d Video Simulation for AD

Controllability and physics awareness are important

Vista: A Generalizable Driving World Model with High Fidelity and Versatile Controllability
SCA-WM: Structure—aware Collaboratively—aligned driving world model

SCP-Diff: Photo—Realistic Semantic Image Synthesis with Spatial-Categorical Joint Prior

MARS: an instance—aware, modular and realistic simulator for AD (compositional rendering)

Street Gaussians: Modeling Dynamic Urban Scenes with Gaussian Splatting (3DGS based)

oodoooo

Dynamic 3D Gaussian Fields for Urban Areas

[ What’ s next?
D editable scene simulation via collaborative LLM-agents,
D Drone—assisted road gaussian splatting with cross—view uncertainty

D Pre—afford: universal affordance—based pre—grasping

il
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https://sites.google.com/view/fromandto
https://arxiv.org/abs/2302.00673
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Tutorial: Recent Advances in Video Content Understanding and Generation

[ Multimodal video representation Cordelia Schmid)
[d Long video understanding benchmarks

[ VidChapters—7M: improve navigation in videos; extract chapter information from videos with transcriptions
) 3

Introandnew  Hiking Low Tatras Beautifull ascent  New shoes,la Back to th Outro and
shoes todays plan Low Tatras Sportiva x4 SRkl many thanks
.0:00 '0:42 ' 1:46 .2:26 .9:58 'IZ: 10
. (13 ”» e . . . .
M| Neptune: give models “"human—level capability to understand long videos; semi—automatic dataset generation;
Video selection Signal extraction Video Captioning ~ QAD Generation Rater

Catme harel verification &
OK, now fetch! F correction
Hey, not so I

fast!

. T \ 44— " [03)Amanandadogare " Q:What does the man do '1', = ﬁ
T e A man and a dog are ‘_1.“"""‘ i" playing in the park after the dog escapes?
- ﬁ r &*{ playing in the park J = [3-6) The dog pulls at his A: Chases the dog to -
2 leash and escapes recapture him R
Diversity & safety filters Frame captions, ASR, shot Dense segment level  Questions, Answers
D 3 D S cene G ene rati on Remove talking heads boundaries, metadata captions & Decoys

[ Scene craft: an lim agent for generating blender code instead of animation

Write
™ Blender
Codo
\4
blender

Inner-Loop: SceneCraft

Keep Improving Scane (LLM + V) -

via Blander Interface Outer-Loop:
Leamning Library by updating

- “’ reusable functions into library o 7~
> —
Render “/ Critic-and-Revise Spatial Skill Library

[ Conclusion:SOTA multimodal LLM can serve as strong reward signal for self-refinement

il
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https://thoth.inrialpes.fr/~schmid/
https://arxiv.org/abs/2309.13952
https://research.google/blog/neptune-the-long-orbit-to-benchmarking-long-video-understanding/
https://arxiv.org/abs/2403.01248
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Tutorial: Recent Advances in Video Content Understanding and Generation

[ LLMs Meet image and video generation {ingging He)

[d Image generation development: single domain —> open—domain —> allowing interactions
[ LLMs help the generation of images and videosin various aspects, such as as conditioner, planner, evaluator, captioner, agents
[ LLMs in image / video generation

[ How: encode different models all in discrete token space, generate the next token by using autoregressive generating multimodal
tokens

[d VideoPoet: A Large Language Model for Zero—Shot Video Generation

[ a versatile video generator conditioning on multiple types of inputs and performs a variety of video generation tasks.

LLM as Planner: LayoutGPT

Lo

Videostudio: generating consistent—c VIs to generate

lots of details for image generation foring uic viucu,

[ LLM as captioner — sharegpt4v: improving image generation with better captions;

= cvpaper.challenge
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https://github.com/YingqingHe
https://arxiv.org/pdf/2312.14125
https://arxiv.org/abs/2305.15393
https://arxiv.org/abs/2401.01256
https://arxiv.org/pdf/2311.12793
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Tutorial: Recent Advances in Video Content Understanding and Generation

[ Specializing Video Diffusion Models (Kashyap Chitta)
(1 Video Latent Diffusion: where are we?

(1 LDM recipe: step 1 — autoencoder with fixed—size latent; step 2 — latent denoiser;

J Align vour Latents: High—Resolution Video Synthesis with Latent Diffusion Models

(1 Build on pre—trained image diffusion models, temporally video fine—tuning with temporal alignment layers
[ Building vista: can we specialize SVD for driving?
[ Vista: A Generalizable Driving World Model with High Fidelity and Versatile Controllability

[ Issues: dataset —> using online videos —> OpenDV-2k;

| Adapting SVD for long rollouts: latent replacement, zero—init projections;

future prediction :

time|fi
= lwdeo Vista video

g et S S = "0 ->
. autoregressive rollout \ . | input h output

1#t fraining phase °

- — @’Z)Vlsta —

video Vista LorA video
- ->
input 6 output
4
projection
achoﬁmput
| 2% training phase D

hlgh—level ow-evel
!@ S
=»
& M

mdoooi uq& ory  onge  speed

[ Practical Tips: what matters most during training?
Lots of resources and use them as smart as you can
EMA has a huge memory overhead but is essential
Offset noise improves temporal consistency

Domain—specific loss weights may be necessary

EEEpEpENE

Iters/sec is the most important factor to scale

il
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Tutorial: Recent Advances in Video Content Understanding and Generation

[d  Video Generation as Real-World Simulators Sherry Yang)

[d Use internet-scale data to simulate the real world

[ World model from internet data, algorithms for decision making

H
H

Video as unified representation and task interface: Learn real-world physics, ego—centric movements, notions of objects/scenes

Adapting diffusion for world modeling: repeat the first frame for long—term consistency; condition on image & text for controllable generation; temporal
super—resolution for flexible time horizon;

[d Video as the new language for real—world decision making

3

extend video generation to solve tasks in the real world

[ Learning interactive real—world simulators

H
H
H

explore the possibility of learning a universal simulator (UniSim) of real-world interaction through generative modeling
Planning with UniSim — using vision—language model as a reward model;

Why video generation for planning: video frames as intermediate goals, internet—scale data, temporal flexibility, search, plan
Internet texts, images, videos

]

A H@i !'ll

Internet s
scenes |
9

Internet _ ¥
robots

r ) o .
Y ,‘I . e L Sln?ula!cd
Ha ‘ navigation
: =
El e © LSS Real-world
5 navigation

Simulated
manipulation

Human © FSss "
manipulation” Sy
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https://sherryy.github.io/
https://arxiv.org/pdf/2402.17139
https://arxiv.org/pdf/2310.06114
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Tutorial: Recent Advances in Video Content Understanding and Generation

[d  Video Generation as Real-World Simulators Sherry Yang)

[d Learning universal policies via text—guided video generation

d Represent policies using text—conditioned video generation

[ Enable effective combinatorial generalization, multi—task learning, and real world transfer

-

~

Text-Conditioned Video Generation

Move A Red Block
to A Brown Box

Wipe Plate with 5
Yellow Sponge

Cut A Pineapple in |8

A Few Steps

[d Challenges and next steps

d Challenge: need better world models

[ Combinatorial Language )
Long-Horizon Planning

Multi-Task Generalization

Block on

Wipe A Brown Box
Before Pick up A Red
Block. Then Put Red

oy =g
JASEN

Brown Box

”

aYa

Internet-Scale Knowledge Transfer

Wipe the
Counter with
Robot Arm and
Red Cloth

M| Steps: enhance world models by evaluation and feedback; good world models lead to successful robot execution? real-world

feedbacks matter;

il
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https://sherryy.github.io/
https://arxiv.org/pdf/2302.00111
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Tutorial: Recent Advances in Video Content Understanding and Generation

[ Embodied Visual Perception in Unknown Environments Ziwei Wang)

[d Indoor Embodied home assistant

D HomeRobot: Open—Vocabulary mobile manipulation

D Existing works: high—level task planners & low—level navigator
D Challenges:
D various objects and their arrangements
D Offline reconstructions and online perception with poor quality
[ Solution:
Memory—based adapters for online 3D perception
Online scene map
Active exploration of unknown regions to find target objects

General memory—based adapters. Plug and play without any model and task—specific design

NNy RN

General online 3D perception framework — shift—based memory with 2D convolution and 3d—to—2d adapter

M| Reasoning for perception of unknown perception

Embodied instruction following in unknown environments
Embodied task planning with large language models

High—level planning and low—level control and navigation use LLMs
Use region attention and update scene map

SG—Nav: Online 3D Scene Graph Prompting for LLM-based Zero—shot Object Navigation

EREY Ny EY N

D Zero—shot object goal navigation
D Effectively using LLMs is critical

il
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https://ziweiwangthu.github.io/
https://arxiv.org/abs/2306.11565
https://openreview.net/pdf/89aaeb012ed4f125d9280cfb5a1c3bf03a74832d.pdf

ECCV 2024 M E[A] - K= (53/132)

=EAID B[]
o ERISHT HLR—MER - TREBEGEZETAZL
o ARBEPIDAT—TIVGEEDERKRMGEFEO Bz RIEA =HTE
“medical” (ERR)TORRER — 17H “endoscopy / endoscopic” (i) TORKER — 3¢

“pathology” (JRE)TORFKHKR — ok “X-ray” (X{RE{®) TOBREER — 3¢
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\=

Pathology-knowledge Enhanced
Multi-instance Prompt Learning
for Few-shot Whole Slide Image Classification

RIBZDEEN, SEMNMEETOV T
$HAHRAH, LT —A2 Tlassification

Pathology-knowledge Enhanced Prompts

e 5
% . Alignment |
Slide wsu;l feamre:' """ e T T e, | Slide |exmal features
P ! ialf-im_ﬂej [ Alignment g; Hand-craﬁﬁ * '
MIL 1 o . ......... - i
Vil | - :
1 +[:] ] Stid - Stide example *[@] |
I i descriptions  Learnable # |
1
7 . .
Imagé | | " b Tet®
Encoder | ’/a,,‘,‘Ll ﬁg\c\\ ! Encoder
i o '&/p( d \\@s\c‘ \
t g D , i
1 /D y
WsI Leyy, / S i
1 e, Alignment ﬂ 12 P
[ | s i [ok[cl ss]”| . @
1 Patch :mplcs Patch example Hand craficd Loarnabls
R S e R T e e e ! prompt  prompt

Our Proposed PEMP Framework

Bridging the Pathology Domain Gap:
Efficiently Adapting CLIP
for Pathology Image Analysis
with Limited L abeled Data

CLIPO &I hZEHFSE D DmBEomain ~NE5#%
Hidden representation perturbationz$F>
Residual feature refinement #i2ZE_L

RIRER R DEBIEREE R !

Doublet
Multimodal | R,T, -v u\‘

| Contrustive 1
RT, R~ Rt | oh T 'u K_.T
: t
<Prompt> i 7 ‘
e & EIHE] EEE
APtiofs  — hy o T AT
[Puibisbogy vy Text __ = "
wnadysis tusk] Encoder  hynph mady
tumor tisuc|

(a) CLIP (b) Path-CLIP

RIBEOEMFFICKY;FTBEL, text ICEFARIFEZ RIRT S E][A]

PathMMU: A Massive Multimodal
Expert-Level Benchmark
for Understanding and Reasoning

in Pathology

33,428 MR EREL24,067 DEED T —4
GPT-4V Mcaption #FEETREL,
BHTERETAFE

Diversified and Abundant Sources. + Expert-Al Annotated Explanable Multimodal Questions ' Expert-level LMMs Test
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https://www.ecva.net/papers/eccv_2024/papers_ECCV/papers/01736.pdf
https://www.ecva.net/papers/eccv_2024/papers_ECCV/papers/01736.pdf
https://www.ecva.net/papers/eccv_2024/papers_ECCV/papers/01736.pdf
https://www.ecva.net/papers/eccv_2024/papers_ECCV/papers/08099.pdf
https://www.ecva.net/papers/eccv_2024/papers_ECCV/papers/08099.pdf
https://www.ecva.net/papers/eccv_2024/papers_ECCV/papers/08099.pdf
https://www.ecva.net/papers/eccv_2024/papers_ECCV/papers/08099.pdf
https://www.ecva.net/papers/eccv_2024/papers_ECCV/papers/07899.pdf
https://www.ecva.net/papers/eccv_2024/papers_ECCV/papers/07899.pdf
https://www.ecva.net/papers/eccv_2024/papers_ECCV/papers/07899.pdf
https://www.ecva.net/papers/eccv_2024/papers_ECCV/papers/07899.pdf
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HARVAED ) @B Ye=itr B

a Multistain ZF LU -representation learning ZF &
2 CVPR 2024 TIlZ transcriptomics Z & A

Multistain Pretraining for Slide Representation Learning in Pathology

Preprocessing

2 BHORXBHEATRONERDER

SIae

Hematoxylin and Eosin (H&E)

[

Esuogen Receptor (ER)

(L]

3 (HER2, KI67)

Muliihead
attention

Progesterone Receptor (PR) gi ]
=] LN
b. c. &
Global contrastive objective Local graph optimal transport objective LB
iy
3 I [ ] = == [m =
B8 o e . = “‘I
.......... L o
@ “ Loy %
® o0 "
® @ o LI ‘\k\
@ @ @ @ 2
HER? —— == v

Optimal transport [Z&Ymodal %
BERMER !

[ Preprosessing (froaen) — Dat Mlow

[ Stite enceder (iraimabic)

Few-shot classification
- Morphological subtyping
«Molecular subtyping
Prognostication

* Survival outcome prediction

Fine-tuning
+ER guantification

+PR quantification

FAISAL MAHMOOD

)\

CONCH7z & DR BB E & [ F
VLLM ZR & [ZHF

HEST-1k: A Dataset for Spatial Transcriptomics
and Histology Image Analysis

ECCVTI%L vhispatial transcriptomics D
T—5H 0

HEST-Library

d HEST for Discovery e. HEST for Multimodal Learning
= types ancer
P SR 10 sy sempl 2 B < |
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https://www.ecva.net/papers/eccv_2024/papers_ECCV/papers/04788.pdf
https://arxiv.org/abs/2406.16192
https://arxiv.org/abs/2406.16192
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SLAMBES %MD i@ X

ID title name TR aAVE pdf
650 CG-SLAM: Efficient Dense RGB-D SLAM in a Consistent Jiarui Hu, Xianhao Chen, Boyin Feng, 3DGS SLAM 3DGSR—R, FSvFx 2 F AM5HZEFEREIZR LY [pdf
Uncertainty-aware 3D Gaussian Field Guanglin Li, Liangjing Yang, Hujun Bao,
Guofeng Zhang, Zhaopeng Cui*
816 SGS-SLAM: Semantic Gaussian Splatting For Neural Mingrui Li, Shuhong Liu, Heng Zhou, Guohao 3DGS SLAM 3DGSFRALV-t< T4 v SLAM [pdf]
Dense SLAM Zhu, Na Cheng, Tianchen Deng, Hongyu
Wang*
952 RGBD GS-ICP SLAM Seongbo Ha, Jiung Yeon, Hyeonwoo Yu* 3DGS SLAM 3DGSDOF|H [pdf]
ETHEL 107FPS
2049 Learn to Memorize and to Forget: A Continual Learning Baicheng Li*, Zike Yan*, Dong Wu, Hanging NeRF SLAM NeRF SLAM &g F+UA [pdf]
Perspective of Dynamic SLAM Jiang, Hongbin Zha*
2140 LRSLAM: Low-rank Representation of Signed Distance Hongbeen Park, Minjeong Park, Giljoo Nam, NeRF SLAM NeRF SLAM BS99 T7 Y L5 iR [pdf
Fields in Dense Visual SLAM System Jinkyu Kim* IZ&AHEFEE
703 [2-SLAM: Inverting Imaging Process for Robust Gwangtak Bae, Changwoon Choi, Hyeongjun SLAMIZ KB EEiE FEDBIUrCHRIARN\SUREEDE B, [pdf]
Photorealistic Dense SLAM Heo, Sang Min Kim, Young Min Kim* SLAMZE# [ F->THRR
2247 Self-Supervised Underwater Caustics Removal and Jonathan Sauder*, Devis Tuia SLAMIZ &2 EEHE BHEE SLAMZAWLKOBEKRGE DRE [pdf
Descattering via Deep Monocular SLAM
792 "Hyperion — A fast, versatile symbolic Gaussian Belief David Hug*, Ignacio Alzugaray, Margarita Chli HirERE-h ERANEENNNTA—AEIZKDTILTF O —#E. JE| [pdf]
Propagation framework for Continuous-Time SLAM" EE A e
51 Deep Patch Visual SLAM Lahav Lipson*, Zachary Teed, Jia Deng HitrERm=E -1 EETCTERELRIL—TT/O0—"%— [pdf]
é fal\ViaYel a¥ald I\I‘\ﬁllf\r\ﬂ'\ —d
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https://www.ecva.net/papers/eccv_2024/papers_ECCV/html/3580_ECCV_2024_paper.php
https://www.ecva.net/papers/eccv_2024/papers_ECCV/html/3580_ECCV_2024_paper.php
https://www.ecva.net/papers/eccv_2024/papers_ECCV/papers/03580.pdf
https://www.ecva.net/papers/eccv_2024/papers_ECCV/html/4516_ECCV_2024_paper.php
https://www.ecva.net/papers/eccv_2024/papers_ECCV/html/4516_ECCV_2024_paper.php
https://www.ecva.net/papers/eccv_2024/papers_ECCV/papers/04516.pdf
https://www.ecva.net/papers/eccv_2024/papers_ECCV/html/5296_ECCV_2024_paper.php
https://www.ecva.net/papers/eccv_2024/papers_ECCV/papers/05296.pdf
https://www.ecva.net/papers/eccv_2024/papers_ECCV/html/9837_ECCV_2024_paper.php
https://www.ecva.net/papers/eccv_2024/papers_ECCV/html/9837_ECCV_2024_paper.php
https://www.ecva.net/papers/eccv_2024/papers_ECCV/papers/09837.pdf
https://www.ecva.net/papers/eccv_2024/papers_ECCV/html/10364_ECCV_2024_paper.php
https://www.ecva.net/papers/eccv_2024/papers_ECCV/html/10364_ECCV_2024_paper.php
https://www.ecva.net/papers/eccv_2024/papers_ECCV/papers/10364.pdf
https://www.ecva.net/papers/eccv_2024/papers_ECCV/html/3857_ECCV_2024_paper.php
https://www.ecva.net/papers/eccv_2024/papers_ECCV/html/3857_ECCV_2024_paper.php
https://www.ecva.net/papers/eccv_2024/papers_ECCV/papers/03857.pdf
https://www.ecva.net/papers/eccv_2024/papers_ECCV/html/11219_ECCV_2024_paper.php
https://www.ecva.net/papers/eccv_2024/papers_ECCV/html/11219_ECCV_2024_paper.php
https://www.ecva.net/papers/eccv_2024/papers_ECCV/papers/11219.pdf
https://www.ecva.net/papers/eccv_2024/papers_ECCV/html/4347_ECCV_2024_paper.php
https://www.ecva.net/papers/eccv_2024/papers_ECCV/html/4347_ECCV_2024_paper.php
https://www.ecva.net/papers/eccv_2024/papers_ECCV/papers/04347.pdf
https://www.ecva.net/papers/eccv_2024/papers_ECCV/html/272_ECCV_2024_paper.php
https://www.ecva.net/papers/eccv_2024/papers_ECCV/papers/00272.pdf
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Visual Inertial
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SLAM
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DR HFHE >

BEEEEGREIEDIERT SAHEE NeRF SLAM
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SLAM#T: NeRFHM53DGSA

NeRF SLAM

O VNI TERNGRIR

x [ZRAMTHA-OBATHRETIEAL
x FHEREARN-BEAE) S0

Learn to Memorize and to Forget: A Continual

Learning Perspective of Dynamic SLAM

FRIRE (B TLVH A
- MLVTHSLAM)

lh!!y%!b

*-'fﬁ';:;;‘"\

LRSLAM: Low-rank Representation of Signed
Distance Fields in Dense Visual SLAM System

BSVORBEZRAL

= Hh AT HI iRk

* 3D gaussian splatting (20234
3DGS SLAM

BRICIRESNIIENYDE LK
ffr. SBOMENHFEIND

O SHEREAEL !
O NeRF&E-STHHRMIRIR
A HiTRRE L

CG-SLAM: Efficient Dense RGB-D SLAM in a Consistent
Uncertainty-aware 3D Gaussian Field

cowx T EEMN15HZ ! (&
SN

SGS-SLAM: Semantic Gaussian Splatting RGBD GS-ICP SLAM
For Neural Dense SLAM

&fii <5 =
ii 35““’ BRAT107FPSEFEREIZIE L
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SLAMZ U/ =

B & L E (SLAMD fth 73 B A~ DI )
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B {5 IE AV AT

SLAMZ41+9 5 & T,

E=E

Self-Supervised Underwater Caustics Removal and
Descattering via Deep Monocular SLAM

| 2 -SLAM: Inverting Imaging Process for Robust
Photorealistic Dense SLAM

ual Cameras Motion Blur Tone Mapping Blurry LDR Output

\T
&" ‘@zs,"%" 9~
S B . G s
T

Blurry iRt Input Frame

(a) HDR Radiance Field (b) Tmage Formation Proces: (¢) Tracking & Mapping
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SLAMZ AUV BB NE (SLAMDO 2 EFA~D L)

Self-Supervised Underwater Caustics Removal and | 2 -SLAM: Inverting Imaging Process for Robust
Descattering via Deep Monocular SLAM Photorealistic Dense SLAM
K EGISE DXOREE. BED SLAMEDCSS "BEDBlUrOHT A b A\SRIEEDEERIEE. SLAM
ETH—BIIZERIR (a=c: KDEHMNEZTLND) THIE->THIR,

P
‘ Blurry 3

s = Varying Appearances Sharp Reconstruction
Casually Captured Input  Camera Tracking & Mappin Sharp HDR Radiance Field
Virtual Cameras Motion Blur Tone Mapping Blurry LDR Output
-

A .

(o =
%};{3 " ~ i

Sharp HDR
\.\ arp‘ WB ‘)_~ Tracking => Mapping

"

? Blumy HIR Input Frame

(a) HDR Radiance Field (b) Tmage Formation Process (¢) Tracking & Mapping

TalzIMR— FELHMY T
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ﬁ_ﬁcp{% (Super—Resolution) EEE D Ejj[m]
a “Super—Resolution” |[ZEEE 9 5 iE1E 304

a Ae
A Real-World EE R — /L) BE—E{RIBEZ: 6
A SEA—XEH—EREREZ . 2
Q ETAERER 5
a TILFE1— (3D) #BfiE& : 3
Q BFEit-5E&F1k 7
Q TXRXMEfEE 1
Q o g RiBRES : 3
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d Flow ;2
[ Diffusion - 11
d Transformer : 8
1 CNN : 9
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FEEE{2 (Super—Resolution) BEE D &fj[q]

0 Bicubicg/NANDLILEEZEBLI-HAENIFEALIC

QO DiffusionTa B BEREMNAIREIZE =M BT IR OB ELDOEIZIE
KIZIZCNNENFEASNTULNS

O BEARIIEELIE-ETILIBEDRENTTHNAIER

0 Diffusion R TIE— ARG ETIILEBEDHREDHEMNLIETIHmEED
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Sometimes Less is More: The First Dataset Distillation Challenge
1 https://dd—challenge—main.vercel.app/#/ e—

d BEDFRIGEXFEFTEREHLNTLVSGIitHUb: > ContinualLearing

o Privac
GitHub - Guang000/Awesome-Dataset-Distillation: A curated list of awesome papers on dataset distillation and related applications. — y_|
o edica

d "Dataset distillation” MASURE WY o Federated eaming
. B fE% (Super Resolution) D XAk THDataset distilationZ - o

L—CL\é K%L) (AAAI* *Rgﬁi) © Fashion, Art, and Design
[ [E{8Z % :What is Dataset Distillation Learning? = S Sy

© Blackbox Optimization

https://arxiv.org/pdf/2406.04284 o Trustworthy
2 xﬁmaﬁa@{%ﬁamwa Bk
‘L& DX B E{Z (Distillated image) T .E "L E"’h o Retrieval

%E‘?‘él&')h\ LMAccuracyZ 2 ik EE“ %é e W

© Super Resolution

© Time Series

/! © Speech
Figure 1. Real vs. distilled data. Real images of airplane, car, © Machine Unlearning

and truck from CIFAR-10 (Krizhcvsky et al., 2009) are shown (o) Reinfo rcement Learning
on left and highly salient distilled images of the same classes are

shown on the right. While distilled images can be used to train © Long-Tail
high-accuracy classifiers, why this is possible and what do they ===
represent remains unclear. ——— CVpaper-Cha"enge
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Finding needles in a haystack: A Black—Box Approach to Invisible
Watermark Detection

2 “Finding a needles in a haystack” M MiEY, Dataset® A HibwatermarksL TLVS
BgZxEHT 5FE

1 Datasetf=ITZFHALVA0) TBlack-Box TCEKT HCEMNTES

a cleani B[R EwatermarkSN=BI{RDT—2D M DEZXHANT, RERIZclean
datasetZHI| 5 Z &IZ LD Twatermarked imagel=(T7Z2HME IS5 (TH)

y¢ imit(0) /N imit(0) /N

#Nums of Pruning = 1 #Nums of Pruning = 2 #Nums of Pruning =5
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LaWa: Using Latent Space for In—-Generation Image Watermarking
O LDM®)Autoencoder® T a—4 Zfine—tuned &2 K> TEREIN HIE{E[Zbinary

messageZ i HIAL F %

a Encoder-DecoderET ILEELY, 7T—FTIFvEEZHEEwatermarkd HZ &M

Al HE
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3D Gaussian Splatting®Jf 75 0) 43 £8 45l
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[ VersatileGaussian: Real-time Neural Rendering for

View—Consistent 3D Editing with Gaussian Splatting
SAGS: Structure—Aware 3D Gaussian Splatting

Analytic—Splatting: Anti—Aliased 3D Gaussian
Splatting via Analytic Integration

Pixel-GS: Density Control with Pixel-aware
Gradient for 3D Gaussian Splatting

Revising Densification in Gaussian Splatting

On the Error Analysis of 3D Gaussian Splatting and
an Optimal Projection Strategy

3iGS: Factorised Tensorial Illumination for 3D
Gaussian Splatting

GeoGaussian: Geometry—aware Gaussian Splatting
for Scene Rendering

Versatile Tasks using Gaussian Splatting

[d SGS-SLAM: Semantic Gaussian Splatting For

Neural Dense SLAM

[ ManiGaussian: Dynamic Gaussian Splatting for

Multi—task Robotic Manipulation

u
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SWinGS: Sliding Windows for Dynamic 3D Gaussian
Splatting

TalkingGaussian: Structure—Persistent 3D Talking
Head Synthesis via Gaussian Splatting

DynMF: Neural Motion Factorization for Real-time
Dynamic View Synthesis with 3D Gaussian Splatting

Per—Gaussian Embedding—Based Deformation for
Deformable 3D Gaussian Splatting

Topo4D: Topology—Preserving Gaussian Splatting
for High—Fidelity 4D Head Capture

FSGS: Real-Time Few—shot View Synthesis using
Gaussian Splattin

MVSplat: Efficient 3D Gaussian Splatting from
Sparse Multi—View Images

MVPGS: Excavating Multi—view Priors for Gaussian

H

Splatting from Sparse Input Views

O FRREREAN DX

BAD—-Gaussians: Bundle Adjusted Deblur Gaussian
Splatting

Gaussian in the wild: 3D Gaussian Splatting for
Unconstrained Image Collections

Deblurring 3D Gaussian Splatting

BAGS: Blur Agnostic Gaussian Splatting through
Multi—Scale Kernel Modeling

Gaussian Splatting on the Move: Blur and Rolling
Shutter Compensation for Natural Camera Motion

Efa/LoF )T 5hE

CompGS: Smaller and Faster Gaussian Splatting
with Vector Quantization

HAC: Hash—grid Assisted Context for 3D Gaussian
Splatting Compression

Gaussianlmage: 1000 FPS Image Representation
and Compression by 2D Gaussian Splatting
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A Layout—Corrector (CVPR 24 & ECCV’ 24), LayoutDETR (CVPR’ 23? - ICLR’ 23 - ECCV’ 24), PosterLlama
(CVPRW’ 24 = ECCV’ 24), Dolfin (ICLR’ 23 - ECCV’ 24), etc
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d Posterllama: Bridging Design
Ability of Langauge Model to
Content—Aware Layout Generation
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Affordance Pull? Push?
Map fexo 1exo
Magr 5
w///
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o s " T
[ [_)mln:q Synonym %
“Cut with Augmentation i

“Hold'

o FHEMHYFEEIZLS affordance grounding o

ARYMILSMIAKIEIETE affordance EFEE. CNETIEHBEHYFEE N
ZULHR. NGB HEIHYFEE AN ERITEHH.
[J.H. Jang et al., INTRA: Interaction Relationship-aware Weakly Supervised
Affordance Grounding]
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[L. Zhong et al.,
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O7Rwk (manipulation) I BIZEET 25D

o ARYFSBHTHLEELGHINTTRREMMSZVDEDIZIE, LTHRH-T-
a Diffusion model, state space model ($§/Mamba), R ILFE—ZFIILT—3DFEH
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[M. Zhang et al., Three Things We Need to Know About Transferring Stable [X. Hui et al., Class-Agnostic Object Counting with Text-to-Image Diffusion Model]
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Model MergeBE3E ) Ejj[A]

2 Model Merge DHEE
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O SRR - ATUEZINHIL DD, FUoH VT ILIREZBLENB M
O Vision[ZBRAFETIEGWLA ., BEER
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a ZAFI)LIZModel Merge B SEFXIELL T DAE(ETRIMILDFEHE)

A Training—Free Model Merging for Multi—target Domain Adaptation

A Diffusion Soup: Model Merging for Text—to—Image Diffusion Models

A Model Breadcrumbs: Scaling Multi-Task Model Merging with Sparse Masks
A MagMax: Leveraging Model Merging for Seamless Continual Learning
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Training—Free Model Merging for Multi—target Domain Adaptation
a EBRETILNBR— YT —AT
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BWT, YILFE—SyrEEH ] ok [5]
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a FE—TVETFa—=UTLL S A e N
:ET}L7_>&U/\‘y777_:/ Phase 2: Model Merging
%\JE % -g— é : & T > % 9 _b- ‘y I\ | Parameter Merging [
F—A~DT I ERELTILF oty
B—T IR A B AT EHR
A /\YIFI—UE, BIRRIIZIEBNIC

EITHEHESEZE . ETILVETEH
FSDFEHET HUNE

= cvpaper.challenge s



ECCV 2024 M &E[A] - K= (88/132)

Diffusion Soup: Model Merging for Text to—Image Diffusion

Models
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Model Breadcrumbs: Scaling Multi—-Task Model Merging with

Sparse Masks
a XRIRYK)L [llharco+, 2023]
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MagMax: Leveraging Model Merging for Seamless Continual
Learning
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J. Park, et al., VideoMamba: Spatio-Temporal Selective State Space Model, ECCV, 2024.

K. Li, et al., VideoMamba: State Space Model for Efficient Video Understanding, ECCV, 2024.
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Mamba B :E D Efj[A]

2 MambaD L=
O JREEZCREET /L (State Space Model: SSM) X (ZLf-F %
A AAYAXRIZHTHHEBTENBRHLED TRV A SIDATEE (Transformer(F22R)
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MTMamba: Enhancing Multi—-Task Dense Scene Understanding

by Mamba—Based Decoders

a VILFRRID—2BEEIZx L. DecoderEf 7 [ZLL T D 2FE D MambaZigE
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Mamba—ND: Selective State Space Modeling for
Multi—-Dimensional Data
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VideoMamba: State Space Model for Efficient Video
Understanding
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VideoMamba: Spatio—Temporal Selective State Space Model

3 MambaZEIE{R (3DT—2) MIFIZHR (FELBIFRIR—UEREL)
O ZHoDNXEATET—Z (BRZERM x BfE) D XFvId., BI{RZERM x B IEDbidirectional i — &
fEENRIF
u 1%‘* T —RTOEIETCNNOTransformerN— XD FE(T LMY T E LT FNITEWDERER IR
O I LMY T TIREBOLD, BETILHAXEITELDHHINE
a BEIZMamba-NDZ 5| - LhERFH . CHLDAMNERMNERLY

Table 7: Comparison with previous work on HMDB51. § denotes results from [29] and
1 is reproduced number for fair comparison. Magnitudes are Mega (]()5) for Param.
The subscript denotes the trained epoch of the model. *N/A” indicates the numbers
are not available for us.

‘

B T
. v ¢ . F:: . 3

Parameters —A Y Method Backbone  Pretrain Frames Param Top-1
ElEEEEEEE ElEE EE NS Speel DG K0 i 90 i
. S G o] SpeedNet [3] S3D-G K400 64 9.0 488
Linear -+ Discretize —* !
¥ ] A AB VTHCL [52] SlowOnly-R50 K400 32 320 67.9
Linear =R J 1 MemDPC [19] R-2D3D K400 40 320 545
Soatio-Temporal Seanni i Spatio-T I Scanni CVRL3 _ SlowOnly-Rs0 Ki00 32 320 92
patio-Temporal Scanning expan Lincar BE PASO=2 CIPOLAS SCANTHIE Ierge VideoSwin-TT [33] SwinT  IN-IK 32 279 544
3 VideoSwin-T1 [33] Swin-T K400 32 279 69.9
= o VideoSwin-Si [33] Swin-T IN-IK 32 540 581
EREeE: emessaflinadiee convlD SSM(A,B,Q)(x)— y—'—m Ham .-- =flins VideoMAEgsgoe [40] ViT-B . 16 87.0 626
Spatio-temporal reversal | \- Spatlo temporal reversal VideoMAEjsg0. [10] ViT-B K100 16 87.0 73.3
. - conviD SS ,\,“K‘ B O —v+ B .-.. ERsEEE . S4ND-ConvNeXt-3Df [35] ConvNeXt  IN-1K 30 29.0 55.2
EeFdiseifis e ue o NESERT | s )(X) ™y ‘B Mamba-ND? [29] Mamba  IN-IK 32 360 59.0
N VideoMamba Mamba IN-1K 16 26.3 58.9
Spatio-Temporal Forward & Backward SSM VideoMamba Mamba IN-1IK 32 268 593
VideoMamba Mamba K400 16 26.3 68.6
VideoMamba Mamba K400 32 26.8 75.7
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ZigMa: A DiT-style Zigzag Mamba Diffusion Model

2 MambaZ L8 ET )LIZE

O ZRFITT—ADAFTYUIZHL, AEBERERD IR/ NNATRAEIMY AL &, — &894 sweep TIXAL,
LB M EREL -zigzagZ EM AT — L (EE - Fi8) CE A

O TransformerR—RA LY REEAEFHAEZHE

20k iterations training 30k iterations training

2D (Image)

~ U-vi
m 10! NS Our
un 9
-3
m E m 5 1 _
i { T s
——-——-.' 5%
(a) sweep-scan (b) zigzag-s 2 o 120 3%0

Patch Number
(c) zigzag-s
(a) FPS v.s. Patch Number.
3D (Video)
'UxT.xWxIIxC] ‘BxTxWxleC"‘ LBxTxWxHxCI ‘BxTxW’xHXC’
! . ! !
Bx@-w-H)xC| | | Bx@-w-mxc| i [B.rxw.mxc| [B-W mxTxC|
T l - J '
i | Rearrange 9 Rearrange Q' |
! v v 32 54 128 196
, , \ == N Patch Number
Bi-diractional Mam ba ] ‘ 30 Zigzag Mamba { Spatial 2D Scan ‘ Temporal 1D Scan ’
kS & Y J i v J X s -
i @ R 6 I 3 (b) GPU Memory v.s. Patch Number.
1R,earrangeBackQ RearrangeBackﬁ" ‘
, S { —
BxTxWxHxCl ‘BXTXWXHXC’ {BXTXW’XH';&C‘ ‘BXI‘X‘VXHXC’ Multi Direction Mamba

(a). sweep-scan (b). 3D zigzag-scan ( c). 2D zigzag scan + 1D normal scan

il

cvpaper.challenge o



ECCV 2024 M E[A] - K= (99/132)

MambalR: A Simple Baseline for Image Restoration with State—
Space Model
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ReMamber: Referring Image Segmentation with Mamba Twister
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Motion Mamba: Efficient and Long Sequence Motion Generation
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IDM-VTON : Improving Diffusion Models for Authentic Virtual Try—on in the
Wild

O #EE: TryonNet&GarmentNet&EWVDI Z D MDUNetZHALVT, VTIONARVEBEKZEZFIRELT-. &6IZ, IP-Adapterd FHLNT, BIFEME LY SISIZH
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D4-VTON: Dynamic Semantics Disentangling for Differential Diffusion
based Virtual Try—On

O M= . KREREDsemanticii—E D R ANAS., annotaion—bsed D K lRparser~DIKTFEfE;E L . diffusion modellZH T35 /4 XFEP
Inpainting® [E FFALIE D ERZEI XL =5/ XX
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Geospecific View Generation — Geometry—Context Aware High—resolution
Ground View Inference from Satellite Views

0 FEEEGMOH EDIOEEREHEET SFIE
0 HEEGLNLEMIRYMF T IRF YT ETRBTREZGELEOEAKEL
0 EHETILEEST, HEERORYTIRAFYESE) I710F 5
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Ground view satellite texture Our result
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Made to Order: Discovering monotonic temporal changes via
self-supervised video ordering

0 HEERGEDHRINBERT —INoFEEILEHRLE-ELRHTSFIE
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A Closer Look at GAN Priors: Exploiting Intermediate Features for
Enhanced Model Inversion Attacks
o BiE

Eﬂz%?)l/’&—_ﬁﬁigﬁ_é?—?tlﬂﬁéﬁgd)%?)bﬁ‘\%%(:—ﬁ?%‘ LI=T—32DX
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r Identity Loss =~ «——  Target Model

|
|
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Augmentation
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Reconstructed Image
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cvpaper.challenge o7




ECCV 2024 D&)A - {+=(107/132)

On the Vulnerability of Skip CGonnections to Model Inversion Attacks

o BE
Model Inversion AttackMIA)D FFHIFEICEE T DR D HF TEDNND 7 —F TV FVICERZ A TTHIZTLBAEF
ETIREL-E.

a RAVbk
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GazeXplain: Learning to Predict Natural Language Explanations of
Visual Scanpaths (Oral)

(d  HIE: GazenMshiftEF DexplanatioZ R IZHTE T HERY - T—2tyh-FEDIRE,
d RAUMLLMEFIBL T, GazeDshift/)L—+DEEMBERE S % 1=,

[d  B48:GazeD shiftlF ABDRHB-ZZNDTOLRETE S, ABDEZSTOCADER . EROEECIADDEERRGEZAT
Fz2%5, -, Qaze@é::)ﬁ?—’)"?ﬁ‘\tﬁﬁﬂ’ﬂI:Eﬁ%?ﬁ‘\gQﬁIL‘o GazeDH TIELL, O—UFEBITHEIZ. ABDZEB -R—XOFDE
AL, ABNEDLSIIZAYDBHRZEIEFALTLNSIDIZEZED,

C LT EERR T N L
There is a person standing
on the sidewalk

| There is a black car driving
Q: Does the person down a city street.
on the sidewalk
appear to be
walking?

A: Yes There is a person walking
on the sidewalk

——
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Towards Scene Graph Anticipation (Oral)

d BE . BEOETAIOKREDOYAREBEREHT T E2RIEIRE, £1=. Neural ODEENeuralSDEEFR— R EL =R BI{R 14 D Latent
dynamicsZ BT AFEFIRE. EHDOL AV —FF > TR OBEZRMEEHTE,

A 7RA>k:Scene Graph Anticipation? X MDIRZE,
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ABC Easy as 123: A Blind Counter for Exemplar-Free Multi-Class

Class-agnostic Counting (Oral)

[ #EZE :Exemplar-Free CEIEMNSEHD IS5 A DWEZE Countingd % FZABC123%1RE , ABC123MFE T U5 AT EDdensity mapZHEFEL ., D%
SR ED FFintegrated B, EEU?—?‘E“JFﬁVJL\Tz&)s KL Simulation CountingT—2EYRLIRE, RKIRET—FTEELI-FHER.
ABC123MUnknownD IS RADAHO T4 TEEWVEE,

A RAUk:CountingBRIEL VT IVIEETILCEELEITA,

A B8 . SELAA A HETOAALIRANTES, Counting& Bli=&SIZ. EENL BFMIZHRER—RLGHE - HEENCELIETINEETHH
F5, IN—YELTHEDMLLMSIZDIF B EREBENLEAY ZFS,
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FlashTex: Fast Relightable Mesh Texturing with LightControlNet (Oral)

d BE . FTXRAMB3DA J‘/:_O)T/]Z?"V—'?“Jjé_iﬁf.ﬁ—é%ff0)?;5*0 $%(Z. surface material D\ BlightingZ I L, SFEIFHRIRESLD T
D3DETILE) T ) T4 TERATEE, IBEF LD ControlNetZR—X[ZLTLVD, FF ZH i DConsistencyZxZEL=Z WA DT IRFY—4E
#4172, RIZ. Score Distillation SamplingZ > T, TR FY¥—DHREILEITD,

d RAb:LightinglZBE B LEREDRREERLIECS,
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v
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LLMGA: Multimodal Large Language Model based Generation

Assistant (Oral

3

BE BBREREREDT=-HDY—ILHEFEFRE, I—EERETIILORBIZN AL, LLMIZEEN D505 EReasoningBE NEE->T, 21—
P—DANEERET IAERLPLT NKSICEHMINEE EPromptE £ LGN L, BIREE RS 5, ERDIRITREDETILAEASD
(RDET), 2EXBED FEZFIRE, BB 1 TIX, SEMMAET I ANBEEBOTIA U AIEEZE, BE2TIR. ERETILOBEEZ1TH- T,

S HPrompthN LD EE A R ERTEEIZLT=,
RAVN ERROETILOREZEI FA—)LEY—ILIE,
B8 MLLMOAE R ET IV ELYBIRTERLSICTRHRXNELLE-TET,

Multimodal LLM O
Images ” U Projection *>| f—'
A 97 Vision Encodes 4
input A * D
E 3 -~
2 Frozen

“ Trainable Topwe @

Texts —»[]—*

LLM

D Image embedding
token

O

T,

—»D output
D 4
(]

1

)

1

1

1

1

D Text embedding 1
token :
]

1

1

1

[ Text output

48 o

1. Prompt Refinement

A traln that is rolling down the track under a clear blue
sky. Generate this image

<gen_image> The image depicts a classic diesel locomotive,
painted in a dark green and black livery with yellow trinm,
marked with the name “Canadian National®™ and the number
“6795%. It is a streanlined engine, indicative of designs
from the mid-28th century. The locomotive is pulling a
series of passenger cars, and there's at least one red

to the shadows and lighting conditions. </gen_images

3. Inpainting & Outpainting

Outpaint this image
o
Inpalnt this image

«<gen_lwage> The image features a black and
white cat sitting on a co a
convenience store. The cat is confortably
laying on the counter. The convenience store
is well-stocked with various Ltems. There are
nunerous bananos displayed on the counter. A
person cen be seen in  the background,
possibly a custoner or an enployee attending
to the store. Outside the store, there are a
couple of cars parked nearby. </gen_image>

8 *po o

2. Similar Image Generation
o]

- a Generate a sinilar inage.

<gen_image>  This dinoge depicts o
® <iberian husky with buran-like features
® ;laying a quitar. The deg appears to be
sitting upright and has its mouth open
in a way that resemdles o humen smile
or singing expression.

enjoying a nusical moment in the winter
weathe </gen_image>

4, Instruction-based Editing

: Replace the zebra
a unicorn.

e features a unicern

<gen_lnage>  The

standing in @ grassy fleld, with its head
Lowered to the ground, grazing on the grass. The
unicorn is the main focus of the scene, and it
occuples a significant portion of the inage. The
grassy field appears lush and green, providing

an ideal environment for the unicorn to
graze. </gen_lnage>

(a) Stage 1: Training multimodal LLM for image generation and editing

ligas CLIP 0
Images —* . . Projection
Vision Encodelz 3
. A = O
Generate a similar image. D

Inpaint

or
this image.

—bD—b

a

D—o

CLIP

&4(Z, €)
(b) Stage 2: Training Stable Diffusion adapted to LLM instructions

Text Encoder.

0
LLM bD
0

Repeat until all prompt
text is encoded

Images ——»|
’input

Text
Instructions

Multimoal
LLM

F peuim

<gen_inages

en_inage>

— Tq

Tinput

(c) Inference process of LLMGA

AAXEXEENAEN
XXXXXTIOOLXK
EXXXXXXX</ G

'input—» SD+P2P |, Ie

I

F cait

NPUL —p
Inask —| Inpainting
Z — _‘]-‘SD = ]p
Inpainting paint
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T21 8D L, 1
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Action2Sound: Ambient-Aware Generation of Action Sounds from
Egocentric Videos (Oral)

[ #E : Retrieval-augmented generation (RAG) R— XD SilentE TA NS ZFEEE T BDiffusionETILDIRE, FAE KT AEICRILE TADth
DB D E FEHCondition[Z A A L%EReconstructipnbfs TTDETHIZEFNIEEBTDEELXENMTES, HEERBTIE. ETETA
Mo E FEZRetrievald %, Fo B FEZDiffusionET LMD Conditionkd 5, FI=ETILDEE T S570DIZ, EgodDT—FYrER—REL, T

Ego4D-SoundsZig =X,
d RAVKSUTILTEVNFETAMmbientENHEL2Z TTICETANODZERMNTET -,

O B HERELTIE. RATLWVENSLDBFLERTELLEAEBES,
Audio Condition Selection Audio-Visual LDM
. . — Training Gaussian noise
| Neighboraudio! ! | N e » Inference z~N(0,D)
e ! : Input - :

2 .8 4 i | ' | video i Vid- ..., -
Training _ maes .\ B | v B ! [Encl ~_4 QIRCICH
Random neighbor | B e N e e WD I — AL Diffusion

s 3 ! Audio VAE
I tvid X
m e | condition | VAE Dec
Argmax An | |[Enc -
Inference - Training set audio AV-Sim I v T
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114



ECCV 2024 D EjjA] - K[ -T=(114/132)

BlenderAlchemy: Editing 3D Graphics with Vision-Language Models

3

3

BE: - TXXFAHEBlenderDa—K S, TXFARDDemandIZIGE L TCO—RERET DRV EFERZIRE, IRER DE{EEDiffusionETILT

AL, mEZDOEGRIERMERIIZDiffusion N BB LB (2B DT 5K DIZEREERIIZBlendera—FR &t . IR, L R Ty T &I
Blender CE{# % renderind DI E N H B,

RAVE BRI BENT CIZBlenderE AEFIZEIS TEE DT, SESFLRICAETHIRATAE, IR T —VELTHIRRFIREGEMN S LY,

BB O—FR—XERERHE. 7. wE. ERGEENEIEHALPT LY, BIRRMENF LY, BlenderAlchemyZ i3k L TULNWEBNE DR E LCEH L
EROHRE. EEZOIMA—)LEEIZIGARRE, EHREBGREZI—FIGAMUT I EH - BIZES !

Blender state input

a Initial "’ Edited
§ program program

Visual program
_— N =

LV

Visual
Initial material: imagination

Edited material:

ntion: “Change the material ’ Z BlenderAlchemy
of thlS tabletop to marbled granite”
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A Task is Worth One Word: Learning with Task Prompts for
High-Quality Versatile Image Inpainting

3

H
H

B B DInpaitingD AR IETOV TR THIE TESFEZDIRE,, BEFEDDIiffusionFX(ICZ DD EE A[REAL X XY Prompt : Pobj&PctxtZ 1B /i1

L. T7FRLEQTFRAMIGLCTHARD BN, HIER. OutpaintingfiE M TES,
RAVR:RLCETILTEE Dlnpaintingd R 9IS TEHET S, HiDMultimodal # R 7 (23R TE B,

BRAR - E{&Inpaitingh D, — B AR TAV TR EMLLMIZE B S A ELTEFS,, Task Prompt& EEER L Tlnstruction Learning® A AYMES

FFICBHREMNEL,
Prompt: Parrot P, | X D
- il Y
2 )
(2 ] e
CLIP Text
Prompt: P, ., — g ™ S—

- an . e e e e e e e e e mm mm e e e e e e ey,

3

Positive Prompt: P, —+|

Encoder

\

Negative Prompt: P;,;,,—

4

CLIP Text
Encoder

L
Parrot Pgpane
Prompt: AR o
Parrot Pg;y,
.
. J
T
Text Condition
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Text-Guided Object Inpainting
Context-aware Image Inpainting
Object Removal

Shape-Guided Object Inpainting
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\

Generated Images
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MM1: Methods, Analysis & Insights from Multimodal LLM Pre-training

3

3

BEZ : Multimodal pretrainingl Z&HS LY TMLLM®MEncoder., V&L connector, BB T —4ANEBIRGEIZT DOV THREMICERFATZL-. RERIZ.BS
NEFFHIZEYMLLMOMMI (30B /64B) 122, MM1A Few shot chain—of-thought, 8 21 {2 Mreasoningli E iR LVEEEE B SNT-,

R4 b :Multimodal pretraining® L E—Z AL, KIRED RS TMLLMOBELEZEICHREZRLI, fIZ L, FTEEHEGEN RS
MEBEIZ BB . ZDRILTI—H —DCapacity EDRADER . BikI=, PETF—RLXFLEHIATDEDEIL AL THEL AN
BEAVH B (f5] : image—caption, interleaved image—text, text-onlyZZ EMNEFE) , £f=., V&AL connectorD{EEERMNLLEICEZETIIHWNIELRE
L7z Mixture—of-expertsZ{F5Z T MMIDR R IER U FI— TSOTAZZER,

A8 Apple DX THEY D) —RE[FEoT-,

»" 1 — C-Abstractor ‘
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Decoder Only LLM } Model Ablations ( ) 2
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: Connector Types: \_ o e Training
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. How to combine various:
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FEe ¥, Image Encoder
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Nuts." Image Encoder }4 iraining
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Diffusion Models as Data Mining Tools

3

H
H

B . 228 F A D Diffusion modelZvisual data miningl Z{ESFRZFIRE, T—R/\—2 DO O FE T2V DA T GENTES,
ﬁfﬁ%%lg_%i (151 : B fEl . 35 PT) ECondition'C“’)'l—’f‘y|*7_:—’5“|‘_"y|*'Clefu3|on:ET)bi%géﬁ'év_&f%o)T BEIRDEFDERIZDNT
0)73 o

7R4 > b : Diffusion modelZData MininglZ9 37 4T 47 » Analysis—by—synthesis 7 7 A—F (L BBKZEL,

%48 - Diffusion modeITrL\/\ﬁ’éﬁ’DT‘n¥’f‘ﬂiﬁ@f§’é$ﬁkf%éu&7ﬁ‘§ﬂbhf“%} AEIDSRYV G LE=T =32y MIIESRY T DA
7175‘3339&ttﬁxbf%gzﬁﬂlefusmn model TIESR) T T—2ILDIRNILINAT A% —
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Labeled Image Datasets (lnput)

& —1

Typlcal Visual Elements (ours)
19205 United States airfield

A&k SR ' . EE o o B
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UnilR: Training and Benchmarking Universal Multimodal Information

Retrievers (Oral)

d HBE BEMOEGR S TEXADS, InterleavedE{& - TF X RETO A - H S DRetrieval @ R % 5t i 7] B Instruction—guided BT JLUNIIRE 12
ZE, CLIP##+°Score. Fusion® A &% EIZ DUV TAblation studyZ L1z, F£f=. UnIRO KFREMuUlti-Task TETILEFZE THENEEHETR
L=,

d RAUb: BFEEE DRetrieval # X & REBE xS AT 8E TH o E B R ARUser InputlZE DUV,

[d  B48:Interleaved image + text CEREE - £ - F B ML > TE -, UniRIZE TA AL B ATEE . News T —E vk E{FEST-, News PO Wikipedia
REEHBROHMEY —ADFERAEZL{EoTET-, Retrieval 2 XX Retrieval augmented generation, T—4 12y Miningli E DAL L Z T=
1=

Instruction: Retrieve Instruction: Retrieve a Wiki page
a similar image. that answers this question.
! Instruction: Find a Wiki article
Instruction: Retrieve a news Query Image Query Text + Image

bl that answers my question.
a mage.
eadline image Who

manufactured g
the plane?

Query Text + Image

Query Text

GOP presidential candidate What year was
Ron Paul makes a point to Mitt this painting

Romney and Rick Santorum at the created?
New Hampshire Republican debate.

Text Candidate
:sx:\Heiz::elilrigo A Sunday Afternoon on the
Gr ahee: din tt'\e polls it Image Candidate Text + Image Candidate Island of La Grande Jatte was
M SSpivueias - painted from 1884 to 1886 and
- - : McDonnell Douglas was a is Georges Seurat's most
3P the biggest upsets .. X major American aerospace famous work...
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PointLLM: Empowering Large Language Models to Understand Point
Clouds (Best Paper Candidate)

3

3

BEZE : Point cloud A D& EEXT IS TEAPointLLMZFIZE , PointLLM®D & A > 7' )L TStraightforward (Z£TF) o PointLLMDZEE D=6 D
SyntheticT—2tvrHIRE, BBEFEOT—42tyh B L TIRET —42 vy MEPoint cloudD i HMNKEEE T /T—2a x L TLVS,

Ak Point cloudZLLMIZY O EEB T, EFEEEHHLMZLU Point cloud THEEA—ATRHB (S ERELELTIEE?) &N HEAIREIZLT=
LA,

B8 PointLLMTHEHMIRNA Y /T—2a0 T — A TEB I ALDEERZERLE FE T 2D IXPETILDOIRGEHRRGESHMLTD
DHRERFATESD,

Ignored Token It’s orange. </s>

TR
Point Token . \%,% e
Text Token ‘
Why do people need Foio ] How many people can this  =.7a
this thing? type of car generally seat?
Large Language MOdel This is a shoe designed 4s,sp  This type of car can
for athletic activities. It (W4up.  generally seat four people.
is designed to provide -
&ap  support, comfort, and Does this model have S
improve performance an engine? -
= during sports or exercise
. o - routines. < -‘;i No, this model does not
Tokenllel‘ Pl‘O] ectﬂl' TOkCIllZel‘ Q have an engine.
What color is the inside? :
Is this shoe meant forthe = 7a :
Who invented the first fe
. right foot or the left foot? < : aa
Point Cloud ; o , car in the world?

USER: <p_start> Pgint Encoder <p_end> What color is the interior? ASSISTANT: It

:;.. 2_ The inside of the shoe is The first car in the world

J». Orange. It's meant for ﬁ was invented by a man
=~ the right foot, E8¥>  named Karl Benz.
PointLLMD {& 15 fa R
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Parrot Captions Teach CLIP to Spot Text(Oral)

3

BEE . CLIPET JLIXParrot CaptionIR R ( BRIV THFRAMDRE#EE T (2. BHRF DX FEEHMIZSpotT 5) BH b, TNHREDERXRLEE
ZHREHIZIAEL-, EABIZ, LAION-2BT—43t Y TER R D X FECaptionDELGYE G EFHLTZY. Parrot CaptionDE &L \EIV b
O—JLL. BE{g L E S IZEmbededl TS TFRADFELEFFHEL -, Embeded Caption&Image CaptionM E7EYH, CLIPET JLDParrot
CaptionZ#2 3 EELEREBHATRELT =,

RA b :CLIPMParrot Caption[EfEZMEIREMIZAELZDEREF KL=, D X5%Parrot CaptionhEFRECLIPMDEncodefE NE KELFHET 5
ZEHRLUIZ, CLIPAMLLMTIELEDLN TS A FICHLTIEICOMEDEEEHAF L

E?\'ftas.E{%EF'@I%&Captionwiﬁu75§§L‘7_:—9‘|2‘J|“ﬁﬁ‘lif‘nﬂ RESEIEN, ARGETET DT —FEIMIEENLSTHFAMUSND
b\bu.h\ufa‘lzf:éé 751320) EROXFOERELTXFEEGRDERIEAONDSEIIZ, ETIVEFTETHEMNEE,

4). Kids Again (feat. Amy Allen) by Aitist Vs Poet. 2
5). Modoc: The True Story of the Greatest Elépharit That Ever Lived, Ralph Helfer. | ( LIP Score Top5% in LAION- ZB Cluster Index
6). Everton Mints 150g Jar. -

7). National Association 8f Student Financial Aid Administrators Presents 2015 NASFAA What You Need to Know Abouit Fifiancial Aid. — - S . il A
). Hake's - BILL GRAHAM FILLMORE EAST CONCERT POSTER FEATURING MOTHERS OF INVENTION. LAION-2BT—42t vyl [ZEFENH0CRA—XE{E LCaptionD ES

9). \"\u2022 #LEGO #NINJAGO [\"\"Nobody I8 perfect. | am nobody, $0'| & PEFEEE\"\" ] #quote \u2022 #Kai #KaiSmith \u2022
My Edit. Hope you'll like it! :-)\".

\\\\\ Simply Do
- Text
4 Spotting?
V 107
£4) | Alignment 11! &M B OCR(Image) =
N A . 71 OCR(Image) # 2 and OCR(Image) N Caption = @ L 212%
Ten 1 ;:b 1 OCR(Image) # 2 and OCR(Image) i Caption # @ ’/‘«( DY N
§6 i i‘l:‘ B 334%
=)
[
3]
= — =
= S
(a) Images from LAION-2B 5., Overall Statistics in LATON-2B
1). Year of Yes: HoW to Dance It Out, Stand In the Stin and B& Your OWn Person by Shonda Rhimes. | St THE 8
2). 10 Ways to Teach Your Toddler to Listen- excellent advice from Dr. B, a school psychologist. - L L H 5
3). Download 2018 Ford F150 85l Ecoboost U8 5.0L V8 Coyote Drag Raceél It's Kunes Country Prize Fights! Video. - | =5l

10 60 R0

(b) Image Paired Captions

LAION-2BT—4tv M3l (L&) &Caption (T &R)
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Towards Open-ended Visual Quality Comparison (Oral)

d HE REED IO EED SVisual Quality AssessmentF T2 X% Open—ended|ZLT-. BERRIZ. EHMDEEEZ A DL TEFNALDQualityZ

Rankingd 23RV ET—R Vb EIRELT -, Tf-. EH B D EI{EEZN—X([ZReasoning TEAET JILCo-InstructZiRELT-, SHIZ, BENHEES
Nt=Co-Instruct-562KZBEL . GPTAVLY B LVEEZBOMNT-,

(A 7RA>k:Open—endedTVisual QualityZEEfi§ 22X T DIRZE,

[ B IR D EE D S DR PReasoning. HLLILGeneralf1iVisual ReasoningME 1R 5t REAEREMN LY, Co-Instruct D EREMNET
&Y, ZEBT—IDEMNEE, GPT4VEE DClosed sourcedDET LN BALRX THAEIZEHNATNT, FEDLERLYIE, T2tk
DHEREE R~ Bl R TEEREZITOL ALY,

Q-Instruct-200K Instruction Tuning Data for Quality Evaluation on Single Images (existing) '
.
9— {Human-!abeledfquafiry c;es;ffpnon) The first image: <desco>. : - |
5 ’<desco>'. The focus of this N The second image <desc;>. > Im Sing e-mpda LLM
n image is blurred...... o b (Mixtral-8x7B)
it Which image has better quality, and why?
= | (a) Merge2Compare | {
Q» \ : *:Zuman-!a?i,ed,quamy éesc”pm”) “merged”  The second image has better
6’] *Case of two images (pairs) as example. & e;c1>.. 'S”rr:lgek's d whi Comparisons quality. Though the color ......
% Also includes groups of three/four images. 2 predominantly black and white...... J
6 v General Comparisons
c “Which image has better quality, and why? The first image has better quality. As for
o Judge and discuss briefly. clarity, the first image is clearly visible ......
=~ | (b) Teach2Compare
“*Please generate questions with answers that GPT-AV Q: Which image is brighter?
Ty i | compares the quality of the two images. A: The first image.
*Case of two images (pairs) as example. P .
\ leo includes groups of three/four images. | 4 Question-Answer Pairs J)
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Marinelnst: A Foundation Model for Marine Image Analysis with
Instance Visual Description (Oral)

3

3

BEZE :Instance Segmentation &CaptionZEN—X &L T=Marine £ ¥)FR58 D 1= 6 D FoundationET JLMarinelnstZ {8 &, Underwater Marine Imagery
EICHEHIELEETILD T HA2E1T75o1=, £1-. Marinelnst20MT—4At v HIZZE, VLMZ{# > TMarinelnst20MT—4A+t v ZSemanticZ 73

AnnotationZz{T &5 L 1=,

RA bk :Marine DEMRIEARELLMZ!) O & 1=, Instance Segmentation & CaptionN—AXADET LT H (> Solid,
%8 : Al for goodOAIEF(ZLLMASFoundation ModelZ 44 - thIB - EF L E D EMNZLLEHTET=,

mask decoder

[ mask branch

)

image
encoder

[ iou branch

)

binary instance
filtering

|

Instance
segmentation

' prompt | 1
_ encoder | Seo.
3.2

I

v

= =
2 3 € 3
s 5 2 %
o o
E® E B
2 £ 2 E
A Y ¥
,0.92,pos. ,0.88,neg.
S——

prediction
qu <G - -binary label

3

o )
o < --iou
>

=

Model (VLM) s

image croppings

based on masks

captioning

instance masgks
with
semantic captions|

This is a mask of a
shark swimming in
the ocean. The shark
is a black and white
animal with a long
tail. It is swimming
in the water with
other fish and coral.
8, |

This is a mask of a
shark swimming in
the dark water at
night. It appears to
be a large shark

with its mouth open |***

and its eyes are
looking ﬁl\%’ard.
{8,

L & |

)

Semantic instance ca.pt;ions

This mask appears 7
to be a picture of a
shark. The shark is
black with white
spots on its body
and is swimming in
the water. It appears
to have its mouth

open and is looking
towards the camera.

Instance »

—
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LEGO: Learning EGOcentric Action Frame Generation via Visual
Instruction Tuning (Best Paper Candidate)

3

3

BEEE :EgocentricD E[{E EHowToZx R 9 Sentence A M B, BT U RADIEET 5L DIZEgocentricBMEZFE LT 2F %, IeEF LT 2T
TH->TULVS, BB 1 Tl LLMT X #ElInstruction Tuning® T —% THowTo LB D F D FE i SemanticIEIER T T4 A LTS, ERREE2 T, B
1 TEONDIEN G TextFH . A F ILE R DEmbeddingZi £ H 5 Diffusion model CIE{EZE & .

RAVE  EFFTHowToDENEELLIZTIL—LEBNBALT TV r— 30 TEE, SHIZLLMZFIAL . Instructive VideoD BN ELKIFHE
BEfRERRICHE>TET-,

18 : CVPR2024MD GenHowToET ILEEFAR— 3 MEITILVT, FEZH[XGenHowTok Y [LFlexible, Robotics 7 71) &r—<,3245Step Error
DetectionZ EIZHEZZD,

L. 8D SDEdit InstructPix2Pix LEGO
Img. Embed. H;
: " Use the brush in the right hand to wash
1 ¢ * the trousers while holding the trousers
=== . in the left hand.

! Can you provide instructions on how to :__|/|//| ™" Linear Enriched Action Description R
i wash the trouser with the brush inmy : [ Head
! current situation? i g @ ﬁ

Large Language Model Text Embed. 7, (a) Instruction Tuning

Auto-Encoder
Input Embed. __
69)
j G949 999 G99 a9 Action Frame )/
R ST Eoa ' (b) Action Frame
. e Denoising UNet Generation

Frozen during Training W Tokens in LLM feature space |

i t’“ Finetuned during Training (FP Tokens in LDM feature s i
pace p B g »
e e e R e et 4 How to pour clay mix from the brick mold on the ground?

LEGOETIL TEER A
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Sapiens: Foundation for Human Vision Models (Best paper candidate)

3

3

BEE 4 DNHFRY (PoseHETE . Segmentation, Depth#TE . Normal) Z =15 E (SOTA) CTTEZAAMIEHEET /L Sapiens (EMET L) ZFIRE,
Sapiens|XFE 3 300MD A BEE vk (A2{2E 1024 * 1024) Tself-supervise TER[FH L (mask—-autoencoder (MAE)) . FNE4 DD AR THI &
TYUTWVGETIVTY VT ILIGFine-tuneZ LTz, Fine-tuned HERIZ. EDBET —FTIIITENEE,

R4 >k :Reasonable D EERT H 4> TSOTA%Human Vision ModelsZ12 %,

B8 RFEZFFICEOTULVESA, Multi-task TEB L= FRVEMZEDANBEENEM o=, B BREOEBR TRRIESBAFES L-LS
?i}h%;bﬁﬁ%jf%@?%@ﬁ&ﬁgﬁﬁ%lZK%<=ﬁ=TﬁﬁL7‘:o ETILBNOUTILDESIZELTWT, ETIUTHAUZLTEELERRBEEZF O AN —KIC
raE N \ —AlZ o

Image Pose Segmentation Depth Normal
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SV3D: Novel Multi-view Synthesis and 3D Generation from a Single

Image using Latent Video Diffusion (Oral)

d = SfR(EE TIDWIERDOrbital ETFAF 4 LT SLatent video diffusionET JLSVIDEIRE, BE7E DImage XA— A DiffusionETILEFIAT S

FirEEL, COMEIZEEFFED SVD(Stable Vision diffusion) ZNovel view synthesis (NVS) [Z{# AL . Multiview ConsistencyZ[q] k£, 3D
GenerationZ 9 BRIZ. £ £ B LI=MultiviewE[{§ %/ 1 K T. Score Distillation SamplingAXZE ALNeRFDEEEHAKT 5, 1=

Coarse—to—fine =& ¥°Disentangled Illlumination’E E WLNDODMNDTHI=voHFE 1=,
(A RAk:Image2Video diffusionTTNVSE 3D Generation 9 2 F AT 7MY, FEMAL U TILTHEENSL

A B48:.Sv3DD &LSIZ. EDECCVTILVideoT—4%{F->T3D Reconstructlon’éﬁ':)E}fjﬂf)‘ﬂﬁlaf)U‘a‘fl,f_o 357"“ Video~A—X Diffusion®T JL

HFMEYZLIEoTE, 3VIDDE ., ERKER - BIZE T HAIAYDETIVEER TEHIVADHIZE

ey —— il
v \ I : | 1mage
e “I/ ﬁ/

,/

& ;\\-—/_—\' v
1 I m l . = N 3 = >
2t : > > P2 6| s & Aot N B R ER: Static : "",
A B g B soPlesPl2E > #t-1 ‘
La<] )< Swm| |&<[|E< GT
i)t : *m 5 o de
Cameras

_‘/\4 g

(e33) 1S 1 U-Net }-‘ T
y |

Q + SV3D i

A\
: Fully Connected @ : Embedding v : VAE Encoder Dynamlc
7 FERAI
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Watch Your Steps: Local Image and Scene Editing by Text Instructions
(Oral)

B E EditT SEICEdtD M REEIZE P L TEditT 2FEEIRE, IREF iEZMInstructPix2Pixax R—X[ZLTLVS, EditD X R85 %

Localizationd BFE(Z, 2[AIIP2PZE{FES, FT HREMNREZSL LU TURZANTEBREZER T 5. RIABTFRAMEANT [CEBREERKT S,
4 B L= E{E D & 5 ZNormalize LRelevance map&EL TES, L M S DRelevance mapH SRelevance FieldEET &L . Multiviewh S 18 EfRE
YR DIDEEZEHE T %, Relevance map 23 ARED R EEXEER TRELT-,

3

RAUL LT IVEEditD %t 5 $B15 % Pinpoint 9" b Relavance mapDiRE,

:u.\u;,\ : %Elih\ //j)bfx)]%b‘ﬁé%')o

Ongmal lmage

Iﬂ‘itl l.l."n_.l falcon”
Relevance Map :
Normalized
Difference

No1sy Image '

l_l “Make :
IP2P «—the owl a:

lééfé\}éh'c';él]i'déa

'ha;v'aae;:guaaéa'

BARMICH REBEZERE TS HEMNENPT LY,

“Add cherry blossoms” “Give her sunglasses” “Make him old”

Image Editing

“Turn the bear into a panda”

“Turn the bear into a Grizzly bear”

B =gmgV

Scene Editing
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Audio-Synchronized Visual Animation (Oral)

d BE: Audio L WIEAEE NS ETA DIEEE LT AP RIASVAFIRE, £1-. VGGSoundEA—X (215853 MDaudio-visual eventsE & &
T=o £1=. ImageBindZF>T. BEZ2IO—FLEFNLEATDT I ANER—X([ZEEHREDIfussionET ILEIRELT=, £1=. LN{DH D
AttentionL—V—%BZEEH LT,

[ ARA>k:Audio—synchronized video animationZ R DIRE, ENSETAIRE - £ TESHEERLT=,
d B COHEALBRMIZNENT—2EYRTOENIS X (159F5R) TUMREEL TLVEWNTT A, LWAWSEREMZERL T =, ASVAT

1IN I -

IRELTULWBAudiohbE THA AR, E T4 Animationd 2 AN NSIEZ F5, AR TESHAEA SN !

baby babbling crying

(dog barking) : ¥ 2t
dog barking it ' Input Spatial Cony

Vo
l -
\ w R Input Firstrame Temporal Conv )
: g i

T H

a, a; . a; : ( 32t l
Tl i & | S | : B Sy G <
g : Z . z5 . : zr : | #Ze Reshet Firsttrame Temporal Conv V| =
2 i g T T T H 2 ] o
Input Conv x1 « : 1, Fm-frrm‘sm- Attention ] &
- Down-sampling Blocks 3 N\ @ . Audio Cross Atiention H) %
— Bottieneck Block X ?g:ig:) : T TOW Toxt Cross Allenton ) s
i : §
———— — Up-sampling Blocks 5 _7 i Zygr [ Temporal Atarion W)

striking bowling b e ' i Output Conv xl A : J
L . 4 a +
- e S i RE— 1 - T
ﬁ 2 . “ 51 HER Oulput First-frame Temporal Conv %
H Vz,
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Emergent Visual-Semantic Hierarchies in Image-Text Representations
(Oral)

[ #1ZE . BE7F D Foundation models, VLMsZ%iE Hivisual semantic hierarchiesx E NS WNBETE TS DM EFEE T L 1583, Radial Embedding
(RE) L—LT—9%1RZELI-, REET /LTI, visual semantic hierarchies MLayer LD EZDEFH OB DI EAE THEINTILVALRE
AR—X D Contrastive LearningT. EEZ M E- =5 AT —43 vk TFinetuningLT=#5 2 . BX7EF £ D Visual Semantic Hierarchies|Z DL\ TDER
BEEND BT,

d RAUMREOREEEN DU T IV, -, RECEZZ LEER N L o1,

[ B8 E{2IZ (L Hierarchicalig & TR RLIZULER D13 DD 5. Hierarchical Structure At DIEE TIRIKDVLMs N EEXRZERL TSN
NERETT5DHTES,

CLIP +alignment CLIP +alignment

fun food animal two cat
top vegetables sleep cats
a close up of a plate A raw piece of Couple of cats
of food with broccoli broccoli with cats sleeping with a  sleeping on opposite
something growing remote ends of the couch
from it.
A worm sits on top of A worm sits on top of| Two cats sleeping Two cats sleeping
a piece of broccol. a piece of broccoli. |with a remote control with a remote control
near each of them. near each of them.
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Diffusion Models for Open-Vocabulary Segmentation (Oral)

3

“..1” prototypes
| F—
“A good picture PrototyPc __J:
of a cat” aggregation
{ & 021" background
Support set B e 1 prototypes

L2 : Diffusion modelZOpen vocabulary segmentation| 2@ L= FZOVDIffAIRE, IREFEMNEET T IZEF5E TSegmentationhN TE5,
Inthewild# X% (4§l : Cat) ZSegmentd BFEIZ. £9 "a good picture of a cat’ZFEF FH DDiffusionETILIZAAL., EEYNEERTSH, X
[Z. Offtheshelf45 183 i 38 CEI{R4F % H L Aggregation|Z &k Yty MEI{E D) Category prototypesZF 4 LT 5, Fx (. nearest—neighbor
matching CY A I 45/ T 5,

7R A > b : Diffusion model%SegmentationZAIANIGRT BRA b, F=. FEND U TILTEEIEHRNGELY,

%28 : Diffusion model TIXV T AR =T TIEEL, Lo LB Segmentationt, TESHAIREME M H Y Z S, Diffusion model h s &M% 1F THhdD
BRI T DAEINZLEoT=,

generation
using generative
diffusion model

“dog” prototypes

“A good picture ;
of a dog” ; Prototype
i aggregation
! “dog” background
\ } prototypes prediction
Generation | Representation
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The Hard Positive Truth about Vision-Language Compositionality
0w
SR XEROERE, XOBAEXROEROMEA SO EHOEEIND. SEDRXEERMEEEFLTLRIEDH XIS
SNTORX. ARMEOBREDHELTIE, TANTYRE—ZBX -REORIEFBNTIRE—FEZF2ELR]
DEVHERTESZCE (AERBENANBEDOTNS)
N—RRATAT . ZDMIDN—FRAT4TE, BRHICERERYBR-ESICEKA DD X
BllE, TEVIYRE—EBX-RBORIETHBNTIRE—EBEZF-HK]
N—FROTFTAT . ZDMIXDN—FROTATX, BRHIERZIRYBA-LEICEKRD EDLEL X
B, TEVIYRE—EBEX = RBORIETABBOTIRE—FEX - RBOR ]
[ #IZ:Contrastive Language-Image Pretraining(CLIP) EE DR E EEETILIZ AR EEF>TELT, N—FRSTF4TT
F—AA = AT —au LT A TR OBRERENMRRSA . LALEAD, N—RRST( TG TIRRELAEL
CEECDRIEBSHL, N—RRSTATEMR T —4A— A T—2av kLT, BREOHEERELT:.
O RAUR SEEESKREETVGABMALTNSLSHEBLIFBEVBHHEHY, TORITOVTRYMEE ESLAR ML
HE.
O B RECKREET LT EVEHETIRNOLSHELOTHHERB>TEY, TDAITDVTHHETHES>TLKESS
FFEBITHELOVL, REMELBLEL:.

Existing work

- N B
; Hard Negative
Captions CLIP Fifiatined Ours
Original Caption ¢ = brown grass 0.236 0.152 0.240
Hard Negative ¢, blue grass 0.240 0.143 0.231
. J
Hard Positive ¢, chestnut grass 0.249 0.134 0.241
- &

Our work
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Lazy Diffusion Transformer for Interactive Image Editing

d BB ALV TILEBREIRVIZEVT, EREDB L DAHEERT HILET, HEILTEFE
O RAUM ARP—IUEREEBORICLT, AYDOIAUTFRAMEREAN—IUITEBHRAL , ZTOH ., BT OERETL . REBHOKE

EHAN

d A8 JEH(ZSimple yet effective T F A THY . BRAINGEBFREIR I THIERNDERALGERERBLIILNTES

baseline

+r LAEA gl LA
AL AT
70l A EENEN,,,
RN al 9B S
HEEEEN iccoder .-....

full-image input

all tokens interact

full generation

compressed context

==
B EEE 23
i Bl TR
B 17
MR decoder ...

incremental noise only masked tokens interact

ours

-
D

incremental

generation

Runtime [sec]
- - N
o (&)} o

(6]

—— LazyDiffusion / |
- Regeneratelmage /’
RegenerateCrop /’
L
_.4'/
0—-___.’
0.2 04 0.6 0.8 1.0

Mask ratio
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TurboEdit: Instant Text-based Image Editing
[ HEE :SDXL TurboZEAN—XIZ, A—H =TI A LATRITHIBLENSEBRREEZTIEMNATEE

A RaAUh EEGERET BIZIE. image inversionTEE > BEERIZTYEL T T EIBENH D, COFETIEEEN D IEFKLInversionfyk
D—O%FIRELTWNS, £-. 7OVTMNADO—DODEHEEET LT T, RIS THEBRDBEDAEERTEDS

1 B FEXERAM—IXDEEGFRELRIIZH T, EfELImage inversion, 21T . BRI DEntanglement’z EZEEBL-Fi%

o - The image features a white plate filled with a delicious meal. The plate is topped with a variety
= [1[ ] of food items, including a piece of fishk steak, asparagus, and tomatoes. The fish steak is placed
S — || LLaVA I towards the center of the plat: the asparagus and tomatoes are scattered around it. The
'§. B TTTT arrangement of the food items cEBEte&s a visually appealing and appetizing presentation.
(&) u User-modified detailed caption ¢ — ¢
Timestep t
e
= w
&
[$3
=
0
5
" :
S
7
T
o
>
=

Our inversion
network

et
!

Bi=ll

Single inversion iteration

Edits

Next recon. x§
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