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CVPR 2024 MO &R - &= (1/116)

CVPRMD KFH&E1E (1/3)

o RFEHOENM(9,155— 11,532) [Z{E>TArea ChairtoZE i E AV AN
d Area Chair: 400+ — 477
O &i5E: 6,625 — 9,872

— Area ChairPEZEDHER - BEFODEDIHERENSERDEE

2 Workshop®1234F+£3R

a &S5 T—<DT—0 a3y THhEE

O BRERENEINT=DAhH . proceedingsHh 1 &L VDI Workshopd,...

a LIMITEICCV’ 23M#J1/3FREDHETFHIC — BREKRRX2—%EM

O ZERAEAERENMIGERRZEA TS -EFERABRDESE
O FEEFTOVSLOEETEEZHMAES..
d BEEIAEORBIZE->TEFRET BWorkshopZFERBELNSRTIETTR?
O WorkshopDEAEFIFEIZH DEZIKKEBLNHEYLGEL\OME.?
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CVPR 2024 O &R - &= (2/116)

CVPRMD K#H1&E1E (2/3)
o EBREOEM (9,155 — 11,532) [Z{#E>TArea Chair™oEFEEF A &M

New records: 11,532 submissions, 2,719 accepted papers!

FRIREJIZFZIEAES (DR (2D, smICEE A&
2016-2017&H =Y s BIAII 5/ SIS MN{tE ]

2018-2019, 20232024 W\ F 2R FB B D B UV FEC %
ERAIZ2025 LR HE BT B IS4

CVPRIFEZETITLOM?

26% growth!!
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CV
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0 BREEOEMIZ{EFE > TAwardsHIEMN 548 — 1044)

QA REFTERLTLE=OMNKEELDEN

O BERENSVHODRZAFITEEMN -7

1 Best PaperD{E#HFHXEHEIZHEH-TLNS (124 — 2445)

O EOLTEAEAwWardsDTLITREIEENFS..?
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CVPR 2024 MO Ejj[A] - K= (4/116)

HAAECVPR (1/3)
o BARDTLEUAARETLEEITTLNS
O BARMSDOHEXT I ERIR T80 (2023: 60 —> 2024: 66)
O — A THAAZEELLE (2023: 0.92% —> 2024: 0.85%) 45 H A AN ZEE MR RT3 (2023 2.55%
—> 2024: 2.43%) [LFAME ]
QO 2FY, HAOHREEICHRANE T I7AO0—TETLVEWELD ZEIZHS (FBAA, BREET
TIFHEWLWABNEEHLT=LY)

;XZ’\O—:)(: X ié?’ll .

5| A : https://research-p.com/column/1889
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HAAECVPR (2/3)

e Opening Remarks|ZHE T4 “Authors by top—level email
domain” THEER T & (Bn)jp ELVIEBA N BANCDESE
LEFR[ZIZH>TULT, 1%ERRIN TS (RR—TD0.85%&LVD
35,691 registered authors! HFELRIE?)
o T—AMBIE Academia + Student NMHDTFEHAZ LY
e Student(53%) vs. Non—student(47%) |XIFIXEIZE

AUTHORS BY TOP-LEVEL EMAIL DOMAIN

AUTHORS BY INSTITUTION TYPE AUTHORS BY STUDENT STATUS

Academia
65%

5| : https://media.eventhosts.cc/Conferences/CVPR2024/OpeningRemarkSlides.pdf
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HAAECVPR (3/3)

i
- 2014 540 1,881 3.48 45 2.39% 26 4.81%
2015 602 2,207 3.67 33 1.50% 20 3.32%
| 2016 643 2,487 3.87 45 1.81% 21 3.27%
| 2017 783 3,185 4.07 61 1.92% 29 3.70%
- 2018 979 4,214 4.30 93 2.21% 38 3.88%

2019 1,294 5,863 4.53 86 1.47% 40 3.09%
- 2020 1,466 6,970 4.75 65 0.93% 38 2.59%
| 2021 1,660 8,087 4.87 72 0.89% 42 2.53%
.- 2022 2,063 10,874 5.27 108 0.99% 52 2.52%

2023 2,357 12,722 5.40 117 0.92% 60 2.55%
2024 2,716 15,288 5.63 130 0.85% 66 2.43%

}®2 CVPRERBX2HRDEETRICAHDDIEXRALLRDIHER

10 TAARAADEAEL
(I3 D 138K, SRt
K(FTFHELIZETHERAD

5| B : https://research-p.com/column/1889
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095 LM R%ACVPR
3 Oral, Keynote, Panel T ABER R IFRDITOT S LIZHEOTLNS (20231F KRR Z—IZKBM35Y

T47ER)

Wednesday
8:30 AM Opening

Orals
1A Low-level vision
9:00 AM 1B Vision and Graphics

1C Humans: Face, body, pose, gesture,

movement

10:30 AM Posters

12:00 PM Lunch

Orals

1:00 PM 2A Image & Video Synthesis

: 2B Deep leaming architectures & techniques

2C 3D from muitiview and sensors

: Keynote
2:45PM a4

4:00 pp L 2nel

Societal opportunities and challenges of Al

5:15 PM Posters

7:00 PM

Thursday

Orals

3A 3D from single view

3B Vision, Language, and Reasoning
3C Medical and Physics-based vision

Posters

Lunch

Orals

4A Autonomous navigation & egocentric
vision

4B 3D Vision

4C Action and motion

Keynote
David Baker

PAMI-TC Meeoting

Posters

Reception and Music

Friday

Orals

5A Datasets and evaluation

58 3D from mulliview and sensors

5C Low-shot, self-supervised, semi-supervised
leaming

Posters

Lunch

Orals

6A Low-level vision and remote sensing
68 Image & Video Synthesis

6C Multi-modal leaming

Keynote
Sofia Crespo

Panel
CVPR: Past, Present, and Future

Posters

o SMBLANIITIKIARRE—[A]
HNDEHE | LLVHFE— 9093 T400
HDORRE—IF1EHT=YE10
(L))

o RIGERE THRAZ—MAIDEY
, BENCI0DHIRET D
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Paper Decisions (1/4)
o EFEIAEX
O FBimX3DLLENDEE:, ACIZEYAccept/RejectZ#HEE, PCIZ KLY RRIES
O {79044 (3.3%) H0Oral, L {5132444 (11.9%) H¥Highlight poster

Paper decisions

Each paper received 3 reviews and a meta-review from

an Area Chair.

Decisions made within triplets of ACs.

We decided to bring back orals, but also keep the
CVPR 2023 innovation of “highlighted” posters

Orals and highlight candidates collected from the ACs

Overall acceptance rate: 23.6%

o
o

90 (3.3%) of papers are Orals+posters

324 (11.9%) of papers are “highlights” posters, with
special annotation in the program

2,305 additional posters

PROGRAM GUIDE

25 SchuVINS: Schwr Complement-Basod Ly
Navgation Systemn, Ml Fan, Ty 2

120 READ Rutrievdd Erhanced Asyrvnetic O
Plasning Tadery OO0 Mashew Waller, No

1) Patrieval-Aogrrented Emboded Agerts, '
Noodenyg Moy, Aen Tang

19 Collaboraive Sermariic Ootupancy Pred
Festure Fuson in Connected Actornaled |
Chenwey Liang iy Cao, Zhiran Yan, Wabey
Andrees Festag dios Kacd

129 Dfuon EDF s B-equnavrant Denosng |

& S Sor Vil Robosc Manpuiation, Wy
Mpunseok Az, Asmwoo Chang Joobwan Se
Aem, Choowon Meang joopeon Chol Mol

10 Adaptive WO: Detp Vsl nertal Odoss
Costirual Learming. Yo Fan, Wagen 20
Hongiee The

33 FiLot Fuson and Filering Sor Floorpien |

& Changen Chen, R Hang. Christagh Vope

12 Gauspan Splating SLAM,

®  Mcenoby Madtsukl, Rk Moral Paur N Xa

3123 SUGA: Mre-taimng 10 Visusl Representst!
Shiche Cheny Aicardo Govean ey Lagtex O

3134 MasipLLN: Embodied Mutimodal Large |
Otdect Conteg Robotic Manipedanon, Xin
Yiran Geng. Meovan Geng Tamng Long ¥
aming (e Mao

135 Open-Vocabulery Otyect 60 Pose Datimat

&  Dewde Scacend Chengiee OM Andres Ca

336 Herarchical Dviuaion Policy for Xisermatic
Robotic Manipulation, Xiso Me Suml Fat
Stegten jarmes

337 Smant Heip: Syanegic Opposent Modeling
Adaptve Rotot Assatance n Households
Hang Siwen Xia, Any Ly Lieng Fan

1M Gereralong 6-Oof Grng Detection v O
Knowledge, Hacwiang Mg Mo Sh, Soye

13 A Serple andd Efective Poist-besed Netw!
6.DOFs Pose Relocakzasion, Mospwe' Rey
Zhou, Heotan Fu, Yidong MHuaeg Ban Ch

13 Newral Visbity Fiald for Uncertainty Dev
Mapping Shangsr Koa Aaae O Pracey
Penogotn Teiotra, Derdes Xy

3 SPIN Sevaltarecus Perception Imlersction |
Lppal Atarye Agarwal Maoyw Xiong Kaes

== cvpaper.challenge
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CVPR 2024 MO &jjA] - &= (9/116)

Paper Decisions (2/4)

a Area Chairs
QO PIFYELSALS..
O BAD2BAEKFIEDBIXHFHLULTWS GRTBHZE(RZ LD E]: 25 x 477)

Area Chairs (n=477)

Adpast Barasl Abty Stytancu, Abtwiary Shrivasires, Abhiahek Gupts, Adem Coigha, Adern Kortyle Acnaca ¥, i ya A Ao Sugects, Nejandro F. Frang, Aexsnder C. Borg, Aenarcer T Toshwy,
Naxandee A Almoor Regza. Avezs Fatni, Ajosa Osep, Ameesh Makadka, Amir Zamir, Andre Arsso, Ancrea Tag Arcrow Owens, Angel X Chang, Aogela Yao. Anh Tuan Tran. Arimesh Gang, Avve Rohvech. Arped
Cren. Anutag Amab, Arsha Nagrani, Arun Maliys, Aseko K Ashok -y \, Aswin C. Saniy Bacyun Wy, B Labe, Ben Miderhal, Bin Fan, Bing Su. Beh-Son Hua, Bidm Omeser, Bo Chen, Bole

Do, Bogeg Goog. Baxn Sh Boyt L, Brendan Tran Morris, Seuce Alen Maxwed, Bryan A, Murrerer, mmwmmmwmmmwu‘mmmmm Charteas
Fowkes, Chen Change Loy, Chen Sen. Ohen Wang, Ohengiang Long. Chenllang Xy, Chanyou Fan, Chetan Avora, Chong Luo, Christian Rupprecat, Chvintopher Clark, Crristopher Funk, Ohang Gan, Chutang Zou. Chanyy
Wiy, Chang e, Comella Fermutier, Cristien Camion Ferrer, Culleg L, Cuong V. Nguyen, Datws M, Dan Xu, Dares Gurant, Devid 8 Lindell. David Feuhey. David Novolyy, Deng Ping Fan, Devis Tus, O He, O Huanyg,

Dwne Larka, Dim Pagadopauion, Dima Damen, D D Loy Dingwen Thang. Dong Chen. Dong X, Donglang L. Tday g, Disa oo, Emiy Norgan Mand. Enegue Deon, Eshed Ota-llar, Bvan
Enehamec. EvanQeics Kalogershis, Fanad sran. Fasah Faghn. Farva Gurey. Fmrmmummw MW.MMWMWPM Georgos TErmwopoukos,
Gim Moa Loe, Govannl Maria F. . Gondon We Guanbin L, Gy g Pang. Gu Vol Guosheng Lin, Guoyu Le, Madi Posransan, Hae-Gon Jeon, Hajme Nagat Hamed , Man-Ja Yo, Martipd Joo, Mao

Mmm»mmwmmummmmmmmmmmmw‘umwmmm.mmmmw
A, Huguas Xu, Muwen Chang Mung-Yu Teeng. Myun Sc0 Park, Myuspung Shim, Myumwoo J. Kim, lacope Mas, losnms Gluiogielas, lshan Viars, Ishars Chakrabonty, Jeeak Pack, James Mays, Jascn J Como, Jesper Uings,
Joan Faancoks Lalonde, Jeany Son, Jafwan Zhou. Japun WAL Jan Wang. Aasiel Cal. Jankang Deng. Janwen Xie. Jimel Yang. Jogys Wang. Jevwel Ga, Joao P Banel, Jonahan T Banon. Jong Chat Ye, Jonghyun Chas, Joos
Pont: Tuset, Joseph Tighe, Judy Holman, Jdfeng Yang. Jun L, JnYan Dhe, Angseodk Joo, Junseck Kwon. Juraong Yuen, Kal Hen, Kayang Znow, Kanveppan Palarsepoan. Kamoek Alahan, Katering Fraguadas, Key Yene,
Man Sskorada, Kevin J Liang, Khos Low, Mara Etmars, Kivpuk Sohe, Kris M. Kitand, Kdate Oana, Kaang In Kim, Kaang Moo Y1, Lam M. Nguyen, Lamberic Sallen, Lauss Leal- Taad, Lacrent Knelp, Le Lu, Let Wang, Lef Xobbelt,
u&uuurmunomm\nmm MMW\WMWUAWhWMMMMWLWMumwMumeMMW
Aad Mada S Marg Yo, A Paiun, A Savva, Marcelo Peliio, Marco Lorenud, M n Viskslopouion, Mark Yatakar, Massrniiano Mancind, Mate Kisten, Mal! Feast Mathew
Brown Mattew O Tocke. Mathieu Cond, Metvdas Farataber, Miaomao Liv, Michael Mare. Moh MWMN&NM&MWMWLNMMMMWMMW
Moharmed Enceetry, Mot Guptie, Mohsen AR, Muhammad Harts Khan, Nogar Rostanzadeh, Nell D. F. Camptel, Narnyt L, Nioy Mitra, Ning Y, Noah Saavely. Norrmichl Unita, Nune Vesconosios, Oune-Mark Carmbure, Oain
Ma: Asdha, Over Wang, Oncel Tuael, Pabio Arelasz. Packs Favaro, Pascal Meties. Paud MHongauck Se0. Pedeo Mongada, PENG WANG, Peter Medman, Petar Viecent Gehver, Petir Wonka, Peyman Milantar, Prigpos
Mosdohin, Ping Hu, Ping Luo, Prot Bojanowsiu, Potr Xoshusz, Pranst P. Senivasen, Priveen Kastnan, O Dal. O W, Own Yu, Ofeng Chen, Oiong Wang. Cldng Huang, Ralll Mastiuh, Rafley Harmd, Ranal Alund, Ran He, Rara
. Rargay  Fand R ™, Raymond A, Yeh, Sl Kewakami, Richand Zhang, Robby T Tan, Roft Girdhar, Roman Pugleider, Ryoma ise, Sa-it Yeung, 5 Khan, Savjer Jager Koppel, Sars
Beery. Sarah Adel Rargs, Sareh R . Satryanaray N Aakur, Satoshl Towtes, Sawrabh Gupta, Saucabh Singh, Scott MoClosiary, Scoft Warkman, Seong Joon Oh, Ser-Nam Lim. Serpey Tulyshov, Seunghoon Mong.
mmmmmmmmuMmmmmxmmmwoﬁmmmmmmmmmm
Notuhara, Shetham Tulsan, Shucheng YAN, Siyvast Arjomand ligdel. Syw Tang. Song Nial, Srmath Sndhar, Stafan Lee. Sefanc Mascccia, Stella X. Yu, Stephan Alani, Staphan Richier, Stephen James, Svats Gavees,
Suthasivn Verugopaian, Sune Kesk, Tae Hyus Km. Tae-Hyun Of, Tes&yus Km, Taesung Padk, Taesup Moon, Tahayul Osatasd. Tanmay Gupta. Tt Jen Coarn, TatJun Chs, Tatsays Harada, ThDaut Dumsad. Thomas Kipd,
Tan Man, Tarden Xue, Ting Yeo, Ting Zhang, Tive Tuytelaan, Todd Zickier, Tolgs Nrds, Tory Tung, Toshihdko Yamasakl Taung-Yi Lin, Teshar Nagarsjan, Ulugbek 5. Mamilov, Unnat Jain, Varn Jampan, Verkatesh Daby
Rach Visorka Sn ha. Vincent Lepent, Vincent Sizmann. Visnel M. Panel, Vinor Albierd, Viloso Murno. Vied | Morate, Wangmeng Zuo, Wades Sutanl 'Wel Liv, Wil Yang, W Crin Hung, WeeChin Ma, Wetong
Deng. Wetsong Sh, Wen L, Weaguss Wang, Wengl lten, Wilkam Notacn Scheartz, X Peng, Xangyu Xeo, Xaogyu Yue, Xescguang Han, Xeogen O, g L, X0 Zhou, Xacoyu Wang, Xt Liv, Xin Wang, Xie Yang,
Xm Yo Xingang Pan, Xingoang Wang, Xinkei Chen, Xou-Shen Wi, Xeeting Li, Xuming He, Xun Cao, Yale Song. Yan Muang. Yan Zhang. Yancheo Yang. Ying Song. Yang Wang. Yang You, Yaneis Kalantain, Yaoyeo L, Yasushs
Manhara, Yobun Liu, Yodud Hoshes, Yoo Yu Lin, Yeehou Yang. ¥) Wi, Yidisean Teal YiTing Coen. Yurg Song. Yiles Huang, Yiun L Yin LL Ying Fu. Ying W Yinghuas Siw, Yings Tias, Yingang Zneng. Yisen Wang. Yyt Liso,
Yorutan Biak, Yong Jee Lee, Youl Kele: Yu Cheng, Yu Xang, Yu LL Yu W, Yu-Chuss Su, Yu-Xiong Wang, Yuandong Tian, Yuchas Om, Yuld M Asand, Yuun Zhang, Yumin Sof, Yunchao Wel, Yung-Yu Chcang, Yurshu UL, Yusuke
mMMMWNMMMC«.MMMWMMWWM&LMMMMNMML&WNMM
» . 2 "
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Paper Decisions (3/4)

3 Reviewers

d ACKYT={ETAWS. (ZTF)
O BEEOSNIFTCVPRIAZ AT vIXE>TLYS

-~

A p PR YN
&
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CVPR 2024 M &EhE] - suft=(11/116)

Paper Decisions (4/4)

2 Outstanding Reviewers (TOP2%MD&EEHHE )
O BEEFLIMLTELS5AT, WEDDAwardE L THERET S

Outstanding Reviewers

Aadarsh Sahoo, Aaron Walsman, Abhinav Shukla, Adnan Qayyum, Adrian Lopez, Adrian Penate-Sanchez, Ahmed Taha, Alessio Xompero,
Alexander Hermans, Alexandros Haliassos, Alvaro Budria, Amine Bourki, Ana C Murillo, Anastasia Antsiferova, Andrea Conti, Andrew Brown,
Anh-Quan Cao, Anil Usumezbas, Anna Kukleva, Arjun Karpur, Armin Hadzic, Ashish Ramayee Asokan, Assia Benbihi, Ayush Jain, Ayush Saraf,
Benjamin Busam, Bicheng Xu, Bingliang Jiao, Bumsoo Kim, Carlo Masone, Carlos Rodriguez-Pardo, Changqing Zhang, Chenglin Yang, Chengze
Miaomiao LI, Cheston Tan, Chiao An Yang, Chi Xu, Chunghyun Park, Cristian Rodriguez-Opazo, Dahyun Kang, Daqi Liu, Davide Cozzolino,
David Fan, Da-Wei Zhou, Despoina Paschalidou, Di Hu, Dominique Ginhac, Donald G. Dansereau, Dongbo Min, Dong-Jun Han, Effrosyni
Mavroudi, Elisavet Konstantina, Stathopoulou, Evangelos Kazakos, Fabio Tosi, Faisal Z Qureshi, Forrester Cole, Francis Engelmann, Francois
Rameau, Fuyong Xing, Ganesh Subramanian lyer, Gilles Puy, Ginger Delmas, Goutam Bhat, Guoli Jia, Gurumurthy Swaminathan, Hakan Bilen,
Hanchen Xie, Hannah Kerner, Haomin Liu, Hao Zhu, Hawook Jeong, Hazel Doughty, Hermann Blum, Hongwei Bran Li, Huan Wang, Hui Liang,
Inhwan Bae, loannis Papoutsis, Iro Laina, Ishan Rajendrakumar Dave, Jaeyoo Park, Jan Eric Lenssen, Jangwon Lee, Jaskirat Singh, Jens
Behley, Jiangpeng He, Jianyi Wang, Jieji Ren, Jihyong Oh, Jingkang Yang, Jingyuan Yang, Joe Mathai, Joerg Stueckler, Jonghee Kim, Juan
Camilo Perez, Jullan Straub, Junhwa Hur, Jun Xiao, Junyao Hu, Kevin Qinghong Lin, Khang Truong Giang, Kiru Park, Konda Reddy Mopuri,
Kongming Liang, Konstantinos Batsos, Kumar Ashutosh, Lin Geng Foo, Lin Zhu, Luisa Verdoliva, M. Saquib Sarfraz, M. Usman Rafique,
Mahmoud Afifi, Mannat Singh, Martin R. Oswald, Matteo Poggi, Matthew Joseph Leotta, Mattia Savardi, Mayu Otani, Michaél Gharbi, Michael S.
Brown, Michael Weinmann, Michel Antunes, Ming Jiang, Mohamed E. Hussein, Mohammad Reza, Hosseinzadeh Taher, Monica Hernandez, Mo
Zhou, Nan Pu, Nicholas Kolkin, Paola Cascante-Bonilla, Patrick Ebel, Paul-Edouard Sarlin, Philipp Lindenberger, Qiang Xu, Qian Zheng, Qize
Yang, Renato Martins, Reuben Tan, Riccardo Volpi, Richard Newcombe, Ruicong Liu, Ruihan Gao, Saihui Hou, Samaneh Azadi, Satwik Kottur,
Satya Krishna Gorti, Shuhong Zheng, Shu Zhang, Shyamal Buch, Siamul Karim Khan, Sima Behpour, Simon Stepputtis, Siyan Dong, Sourav
Garg, Spencer Whitehead, Stefan Leutenegger, Stefano Berretti, Sunghoon Im, Swathikiran Sudhakaran, Terrance E. Boult, Thomas Hummel,
Toby Perrett, Torsten Sattler, Tougeer Ahmad, Valerio Cambareri, Vishaal Udandarao, Volker Rodehorst, Williem, Wojciech Zielonka, Wonwoong
Cho, Xiang An, Xiang Li, Xiangyu He, Xiaochan Zhang, Xingyi Zhou, Xiongwei Wu, Yanbin Liu, Yankai Jiang, Yannick Hold-Geoffroy, Yi Dong,
Yihua Zhang, Yinan Zhao, Yongzhen Huang, Yuanhao Cai, Yuesong Wang, Yu-Lun Liu, Yungi Miao, Yunze Man, Yurui Zhu, Yusuke Matsui,
Yu-Wei Chao, Yuyu Guo, Zan Gojcic, Zerong Zheng, Zheheng Jiang, Zhekun Luo, Zheng Chen, Zhibin Liao, Zhicheng Zhang, Zhihe Lu, Zhou Yu

== cvpaper.challenge 1



CVPR 2024 M &EhE] - ft=(12/116)

Best Paper Awards (1/6)
o EEIOEX
3 Area ChairD B MR X ZHE
O Program Chairh’24 —-> 10D {NEEZE

Best Paper Awards

e 24 best paper award candidates were nominated by
the Area Chairs, marked in the program
e From the candidates, 10 papers were selected for an

award by the Program Chairs

o 4 Best Student Paper Runners-Up
o 2 Best Student Papers

o 2 Best Paper Runners-Up

o 2 Best Papers

e We'll present certificates to the award winners at the
PAMI-TC meeting on Thursday

)

4

2

PROGRAM GUIDE

|
EgoGien: An Egocentrd
Kalfong Zhao, Shwei 71|
Zhang Marc Polefeys)
Leaming to Segment |
Videos, Yuhan Shen M

Ehamitar, Lorengo ron'

£  Producing and Lneni

Prediction, Xuyang (1

Pavone, Soris rn'\m:‘

1200 - 1430  Orals 48:

1

w nun.—nu

3
1

SceenfuniD: fne—(‘ni
Understanding n 30 &
Federico Tombar, Robel
SpiderMasch: 30 sm;i
Geometric Consimenc
PaSCar Urban 3D P.ml’
Awaroness, Ash erI
PlatolNefF: 30 Roconst
Bounce Lidac, Troff Aliry|
Yuchen Fan Christian R
A Subspace Consmri
Structure from Mot.:m|

00-14:20 Orals 4C: 4

Maodelng Multimods |
Basalines with Densel|
Bolin Lai, Fione Rysn {

2 An N-Point Unear SoN

3

4
b4

Evert Camens, Ling {
Scaramuzza, Lawrent 4
RoHM: Robest Nuvmv‘
Swei Zhang. Bharet Li
Potr Kadlecek, Syw fl‘
Temporaly Consistent|
Ursupervised Action &

== cvpaper.challenge
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CVPR 2024 M &EhE] - ft=(13/116)

Best Paper Awards (2/6)
1 Best Student Paper Runners—Up (1/2)

SpiderMatch: 3D Shape Matching with
Global Optimality and Geometric Consistency

Paul Roetzer' Florian Bernard'
University of Bonn'

\ aid Ruswirne Cronpaniun (FALIST)
— e ot
- - O
E »
|-
e J
1= G; oo et
- - Vel =0
Idex: Match Cyclic PubCoa U0 Yy Deese Goometrically Coraistest Shape Makhing Scalabslity Analyses

Figure 1. (Left) Schematic ilustration of our method: we extract a cyclic path € on the surface of 3D shape X', and masch C 1o the 3D
tarpet shape V. (Middle) If C covers the whole source shape X' (sot shown for clasity, see Sec. 4 1 for details), our method can be used
to compute globally optimal results for dense non-rigid and geometrically comsistent 3D shape matchang. (Right) We show runtimes
w.rt shape resolution and compare 30 Roctzer et al. [55] (which is the caly existing method that achucves geometnic commiency whale
having a global flavour and being initialization-free) and Cao et 2l |14] (which does not peovide any geometnc coasistency guarantees ).

Image Processing GNN: Breaking Rigidity in Super-Resolution

Yuchuan Tian', Hanting Chen?, Chao Xu', Yunhe Wang?*
! National Key Lab of General Al School of Inelligence Science and Technology, Peking University. * Huawel Noah's Ark Lab,

tianyc@stu.pku.edu.cn, yunhe.wangfhuawei.com

Abstract

Super-Resolution (SR) reconstructs high-resolution im-
ages from low-resolution ones. CNNs and window-attention
methods are two major categories of canomical SR mod-
els. However, these measures are rigid: in botk opera-
tlons, each pixel gathers the same number of neighbor-
ing pixels, hindering their effectiveness in SR taske. Al-
ternatively, we leverage the flexibility of graphs and pro-
pose the Image Processing GNN (1PG) model 1o break the
rigidity that dominates previous SR methods, Firsily, SR
is unbalanced in that most reconstruction efforts are con-
centrated to a small proportion of detail-rich image parts.
Hence, we leverage degree flexibility by assigning higher
node degrees to detail-rich image nodes. Then in order to
construct graphs for SR-effective aggregation, we treat im-
ages as pivel node sets rather than patch nodes, Lastly, we

RPN,

KNN Graph Ouny

Figure 1. Coovolution (left), Self-Attention (maddle-left), KNN
Graph Aggregation (middle-right), and Graph Aggregation i IPG
(right). Compared with other methods, IPG graph aggregation
considers the unbalanced nature of SR: detail-nch, high-frequency
image nodes (red) have higher node dogroes. while flat, low-
frequency image sodes (blue) require fewer aggrogations,

mote sensing [15], et cetera.

Despite various measures, it is taken for granted that
mainstream SR models treat all pixels in a fairly rigid
manner, For instance, as shown in Figure 1, in convolu-

tion layers of the CNN-based SR model VDSR [16], the
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Best Paper Awards (3/6)

1 Best Student Paper Runners—Up (2/2)

Objects as volumes: A stochastic geometry view of opaque solids

Bailey Miller, Hanyu Chen, Alice Lai, loannis Gkioulekas
Camegie Mellon University

Abstract

We develop a theory for the representation of opagwe solids
as volumes. Starting from a stochastic representation of
opaque solids ax random indicator functions, we prove the
conditions under which such solids can be modeled using ex-
ponential volumetric transport, We also derive expressions
Sor the volumetric arenwation coefficient as a functional
of the probability distributions of the underlying indicator
Suncrions. We generalize our theory to account for isolropic
and anisotropic scattering at differemt parts of the solid, and
Sor representations of opaque solids as stochastic implicit
surfaces. We derive our volumetric representation from first
principles, which enswres that it satisfies physical constraints
such as reciprocity and reversibiliry. We wse our theory o
explain, compare, and correct previows volumetric represen-
rariors, as well ax propose meaningful extensions thar lead
to improved performance in 3D reconstruction fasks.

1. Introduction

sWers 10 quenies such as “are two points mutually visible™ (a
visibility query) and “what is the distance to first intersec-
tion along a ray™ (a ray-casting query ), when the geometry
occhuding visibality and terminating rays is stochastic,

ing media are stochastic abstractions of their microscopic
structure: Such media comprise numerous microscopic par-
ticles that reflect and occlude light rays, Modeling explicit
microparticle configurations, and rendering light transpoct
through them, is prohibitively expensive. As a compromise
for efficiency, volumetric representations allow to simulate
light transport in such media on average [6). These repre-
sentations replace explicit with stanisrical descriptions of
microparticle configurations (c.g., average particle location,
size, shape, and onientation), analogously to statistical BRDF
models for sarface microgeometry [13, 14, 24, 46, 60]. Com-
puter graphics has developed volumetric representations for
microparticle media that account for details such as vary-
me particle size and material [16. 321, shape and orienta-

Comparing the Decision-Making Mechanisms by Transformers and CNNs
via Explanation Methods

Mingqi Jiang, Saeced Khorram, Li Fuxin
Collaborative Robotics and Intelligent Systems (CoRIS) Institute
Oregon State University

{jiangni, khorrams, lif}@oregonstate.edu

Abstract

In order 1o gain insights abowr the decision-making of
different viswal recognition backbones, we propose two
methodologies, sub-explanation cownting and cross-festing,
that systematically applies deep explanation algorithms on
a dataset-wide basis, and compares the statistics generated
Sfrom the amownt and nature of the explanations. These
methodologies reveal the difference among networks in
terms of two properties called compositionality and disjunc-
tivism, Transformers and ConvNeXt are found o be move
compositional, in the sense that they jointly consider multi-
ple parts of the image in building their decisions, whereas
rmdmonal CNNs and dmmrd muuﬁxwrx are less com-

PV I PP

tant contributing factor is not the attention itself but those
design principles? If so, which specific design principles
particulasly affect the decision-making of networks? Better
answers 10 those questions would help us to gain more in-
sights into those decp and complicated black-box networks.

In this paper, we propase a novel methodology to exam-
inc these questions through deep explanation algorithms.
Explanation algorithms have improved significantly in re-
cent years and cam generate accurate explanations that
can be venified through intervention experiments on im-
ages [21, 26). Recent scarch-based explanation algorithms
can find a comprehensive set of minimally sufficient expla-
rations (MSEs) [30], defined as the minimal set of patches
dul |fsbouawtbcmut lead 10 predictions that are

“a - e s oM i Tl
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Best Paper Awards (4/6)
a Best Student Paper

Mip-Splatting: Alias-free 3D Gaussian Splatting

Zehao Yu'#  Anpei Chen''#  Binbin Huang® Torsten Sattler' Andreas Geiger'

'University of Tiibingen  *Tiibingen Al Center  *ShanghaiTech University
'Czech Technical University in Prague
hitps://miujinshuchong.github.jo/mip-splatting
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B1oCLIP: A Vision Foundation Model for the Tree of Life

Samuel Stevens'"!, Jiaman Wu'®, Matthew J Thompson', Elizabeth G Campolongo', Chan Hee Song',
David Edward Carlyn', Li Dong’, Wasila M Dahdul’, Charles Stewart*, Tanya Berger-Wolf’,
Wei-Lun Chao’, and Yu Su"'

"The Ohio State University, *Microsoft Research, *University of California, Irvine,
‘Rensselaer Polytechnic Institute

Abstract

Images of the natural world, collected by a variety of
cameray, from drones to individwal phones, are increasingly
abwndamt sources of biological information. There is an ex-
plosion of computational methods and tools, particularly
computer vision, for extracting bologically relevans infor-
mation from images for science and conservation. Yet most
of these are bespoke approaches designed for a specific task
and are not easily adaptable or extendable o0 mew ques-
tions, contexts, and datasets. A visson model for general or-
ganismal biology questions on images is of timely need. To

vsvesnak shic sia weese sed cdvsves Toeend el sen 1AM

19-81, 87, 58] into actionable information (e.g., species
classification, individual identification, and trait detection)
has accelerated and enabled mew advances in tasks such
as species delineation [12), understanding mechanisms of
adapeation |23, 9], abundance and population structure es-
timation [3, 40, 55, 52], and biodiversity momitoring and
conservation [83].

However, applying computer vision to amswer a biologi-
cal question is still a laborbous task requiring substantial ma-
chine leamning expertise and effort—biologists mast manu-
ally label sufficient data for the specific taxa and task of
imerest, and find and train a switable moded for the task

s Lo s 1 dala I M s ccfM IM LN a2
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Best Paper Awards (5/6)
a Best Paper Runners—Up

EventPS: Real-Time Photometric Stereo Using an Event Camera

Bohan Yu'?  Jicji Ren’  Jin Han**  Feishi Wang'?  Jinxiu Liang'?  Boxin Shi'**
! National Key Laboratory for Multissedia Infoemation Processing, School of Competer Science, Peking Usiversity
¥ National Engincering Research Center of Visual Technology, Schood of Computer Science, Peking University
! Schood of Mechanical Engincering, Shasghai Jiso Tong University
* Geaduate School of Information Scicace and Technology, The University of Tokyo ¥ Naticeal Instisese of Infoematics
{ybhi1998, wangfelishi, casherzyliang, ahiboxin}ipku.edu.cn
jiejirenfsitu.edyu,.cn, Jinhan@nil.ac,.ip
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pixelSplat: 3D Gaussian Splats from Image Pairs
for Scalable Generalizable 3D Reconstruction

David Charatan' Sizhe Lester Li' Andrea Tagliasacchi’ Vincent Sitzmann'
"Massachusetts Institute of Technology 2Simon Fraser University, University of Toronto

{chacatan, sizhell, sitzmann)@nit.edu andrea.tagliasacchifsfu.ca

Abstract

We imtrodwce pixelSplat, a feed-forwand model that learns
to reconstruct 3D radiance fields parameterized by 3D Gaus-
sian primitives from pairs of images. Owr model features
real-time and memory-efficient rendering for sealable train-
ing as well as fust 3D reconstriction al inference time. To
overcome local minima inkerent to sparse and locally sup-
ported representations, we predict a dense probability dis-
triburior over 3D and sample Gaussian means from rhat
probability distriburion, We make this sampling operation
differentiable via a reparameterization trick, allowing us fo  Fipere 1, Overview, Given a pair of inpet isages, peveiSplat recon-
back-propagate gradients through the Gaussian splatting structs a 3D radiance field parameterized via 3D Gaussian peimi-
representation. We benchmark our method on wide -baseline vea. This ’”“,h » C}ﬁﬂ“ D SOPRCHORINGD ,'M s rendersble o
novel view synthesis on the real-world RealEstare |0k and voal thing, Pemaian editahie, 464 s chasy 10 Waln.

ACID datasers, where we outperform state-of-the-art light
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Best Paper Awards (6/6)
a Best Paper

Generative Image Dynamics Rich Human Feedback for Text-to-Image Generation

Zpeoggili  RichadTicker  NoshSsavely Aleksander Holynexd Youwei Liang*"", Junfeng He**2, Gang Li**2, Peizhao Li'*, Arseniy Klimovskiy?, Nicholas Carolan?,

Google Research Jiao Sun'"?, Jordi Pont-Tuset®, Sarah Young®, Feng Yang®, Junjie Ke*, Krishnamurthy Dj Dvijotham?,

Katherine M. Collins'*, Yiwen Luo?, Yang Li*, Kai J Kohlhoff’, Deepak Ramachandran®, and Vidhya
Navalpakkam®

'University of California, San Diego
*Google Research
*University of Southern California
“University of Cambridge
‘Brandeis University

IMasractive

dynamics

Abstract in owr GitHwb repository:  hitps:/github comvgoogie

researcih/google-research/iree/master/richhf 18k,

Recent Text-to-Image (T21) generation models such as
Stable Diffuvion and Imagen have made significams progress
in generaning high-resolution images based on text descrip-
tions. However, many generated images still suffer from 1. Introduction
isswes such as artifact/implausibility, misalignment with Text-to-image (T2I) generation models [12, 17, 41, 42, 56,

X o ¥ conts

Figure 1. We model a generative image-space prior on scene motion: from a single RGB image, our method gencrates a spectral volume [21],
& motion repeesentation that models desse, long-term pixed trajeciones in the Fosricr domain. Our lcarned motion prices can be used 1o urn > 1 ) J : . o] ; 5
2 single pictere into a scamiessly koopiag video, of into an interactive stmulation of dynamics that responds 1o user inputs like dragging and text descriptions, and low aesthetic quality. Inspired by the 58, 59] are mpidly becoming a key to content creation in
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CVPR PAMI TC Awards (1/4)

O Longuet—Higgins Prize (Test—of-Time Award)
O BRI10EFIOCVPRMS, ZMRICHL THREFZEXT S -HNEETE
a CVPR 2014M5I[EXIR-CNN FBX IMETE; RBRFEICLIMABRBICHLTHRLZEIASN, £
NDEOMRICEZKELHIFZEFTEF5ZI TS

Longuet-Higgins Prize

Rich Feature Hierarchies for Accurate Object

Detection and Semantic Segmentation
Ross Girshick, Jeff Donahue, Trevor Darrell and
Jitendra Malik
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CVPR PAMI TC Awards (2/4)

@ Young Researcher Award
O BEEIRFE TFUROEFHAREICHLTRE
O Katie Bouman: 7Y R— LERIRE DO D FERAFEICTHE
3 Angjoo Kanazawa: A IRIBEDENEIRTEERIZTRE
O Carl Vondrick: V&L, 7487574, BIEIIBEELE ZELMEICTHE

Young Researcher Award
(Honorable Mention)

Angjoo Kanazawa Carl Vondrick
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CVPR PAMI TC Awards (3/4)

a Thomas Huang Memorial Prize
O AEEOBR-HBIZEWTEMAREZVVAEETRE
O Andrea Vedaldi: Oxford VGGIZE LN TAwardim XIRH ZLDEERXEMAT AT = T4ITXI L TIR
ZE, RFICZEHMOPhDEWEENSEH

~
>4

Thomas Huang Memorial Prize

Andrea Vedaldi
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CVPR PAMI TC Awards (4/4)

a PAMI TC AwardlZI ELNE TR 1=
o WX — 104EfE TEA

1 FEE - BEEWEEZIPhD EEBERTER, HEITEERK

FRARRICH T B R

-

[ Bzl ax KJEIR | TES I DAwardt BT E,
EULWE TR CVPR PAMI TC AwardlZ AR ELNVS L
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1 SELREIZLDdemohBRI> O TL V=
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\=
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o —AREMREORNIZIBLEL. vision and language M RIEIZHRE

O EEERTE DAENAD29SRADFENAL

Q %ﬁ;’fﬁaﬁi SR F#FHZT ALY Tmulti—class %> few—shot classification ~NEFHERE
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WS Prompting in Vision: LLMs as Agent (Alane Suhr)

d NLVR, NLVRV2ZDOZEFE
3 LLMs agent®EF iz A > THEN
[ Behavior cloningZzEZFRAL T, sHiD#ER TAgentD M gEZ A L AI &E
a LLMs agentfHiiDERIZKE DT HRER Ak FormatSpread (TE)
3 FormatSpread: A APromptIZh ko2& DN DITA—I VR EEZANDEERENEDH S
Q FormatSpread® ZEE 14 : &7 )LD Lower bound&Upper boundZ %1%
d 3 :Quantifying Language Models' Sensitivity to Spurious Features in Prompt Design or:
How | learned to start worrying about prompt formatting

Task Accuracy y
—= < e —

0 1

—

Q #BALE-ETIL:
d QWen-VL:F—~>Y—XVLM
a CogAgent: GUIEEfZDVLM
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WS Prompting in Vision: Easter eggs in pre—trained vision models (Bharath

Hariharan)

d  Pre-trainedET /LS, RIBEFEGT 25 EF A THEN

A Visual-Prompt Tuning

O FHaIFEFEH D TransformerZ{EaRX R TVisionD TR AR T~
0 BEEREONEEateliteER R

QO InternetEl{% EsatelliteEl{8 D Geotag D EARETY VIS5 (TH)

Q &3 :Remote Sensing Vision-Language Foundation Models without Annotations via Ground Remote Alignment

ad DiffusionET /LA S

Q Implicit correspondencesZ 255 A 4t

Q Diffusion features®nearest neighborld. ZEh%: L Tgeometric & semantic correspondencesz 525 A &€

Q :®X :Zero-shot image-to-image translation
Q 2D diffusion 53D DEEFZEF
A Correspondence-based seed selection

Q X :RealFill: Reference-Driven Generation for Authentic Image Completion
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WS Prompting in Vision: Towards Effortless Adaptation of Image and Video
Models (lvana Balazevic)
Q EgEE TAR#DadaptationF £ZE—ART DBN
QO E&RERETT /LD Adaptation
O 3 : Towards in-context scene understanding

d 7AT7 :in-context learning T — U ZEAZL | L TE - T3t LadaptatioD AE—FZR £, 73—
A —TId nearest neighbor retrieval A3 3%,
d  long-contextEE 52 0 Adaptation

O EwX :Memory Consolidation Enables Long-Context Video Understanding

O 74T 7 :*E')— consolidationZBE 7 Mvideotransformers|Z5& i L( F &), Long-context® IR fZ H % @]
£,
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WS Prompting in Vision: Visual Prompting Then and Now (Alexei A. Efros)

Q Vision®Prompt® FE 5
A Raven’s Progressive Matrices, Markov, Shannon (n-grams)

O IRAEDEfrossit T IL—T DEEHED BN (1/3)
A Beyond Categories: The Visual Memex Model for Reasoning About Object Relationships
O MARA RO AE OB RS (BOEE—TETSoANE GRS, RR—a3 TR AMIBER®RE)ZI 57
(Visual Memex) TRIRT HIRE,

Input Image Visual Memex

...... Context Edge
—  Similarity Edge
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WS Prompting in Vision: Visual Prompting Then and Now (Alexei A. Efros)

O IBEDEfrost T IL—T DEEMED BN (2/3)
A Visual Prompting via Image Inpainting

O EZInpaintingZ X7 DX TEBDEZE IR VEH/RAZ DHEKIIZLIVisual PromptFiEDIRE, AHN

exampleB[{& &5t 9 532 X Uspecificth 1. B XU 2—4 Y MEIR . MAE-VQGANTinpaintingz413,

Concatenate

into single
:mage

TaskInput Task Output  Query
Example Example

Model | > o

Edge detection Colorization Inpainting Segmentation Style transfer
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WS Prompting in Vision: Visual Prompting Then and Now (Alexei A. Efros)

Prompts Generated

IIIIIIEI}LIIR)IEI
- WA i"'L"""I S el

O REDEfrosk%EY IL—T DEEHRTDFEN (3/3)
A Sequential modeling enables scalable learning for
large vision models

O E{BEESED LS54 Sequential B{R1EZESE AT e
(23 BLarge Vision Model {14 DIRE,

In distribution

RﬁI!HTLHLFIHM?‘
frames (visual sentence), B AlF A AIZIELTE .-E.--.z.
O-I:')l/l/\)l/@ﬁ@'ﬁﬂjj](11‘51/*5%*&1‘5{)0FI‘%/JHE CENEEEBRYYEREESETAN
VisionZ R Uz *t Al RE, F1=. B—HEET. A& »
%gygﬂmbﬁﬁ%mﬁ—;ﬁm = ElGERCRYRRYYX -
meraserarmecus| ESSERRRANS SRR S
[ 0)% -Il J":ET}l/h\nL.n XOI\ODL IL.\’VDE -4 ‘
BLEABDELETIGENRITELS.E S S .}imlﬂlﬂlﬂlﬁl m
T:si‘ﬁ*zﬂl@{%F‘aﬁO)Fa?Hﬂijé%Febf* =113 B
CorrespondenceD iR (L EEFTTELDMHR 5 I P L R e R
2758,

Q A A®DVisual Prompts: El{%Sequence / video

Out of distribution
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WS Prompting in Vision

a Visual Prompting in Multimodal Model by Yong Jae Lee (1/5)
Q Visual Prompting®D %= &=
[d Pre—deep learning

1 Content—Based Image Retrieval
1 ShadowDraw (A Neural Representation of Sketch Drawings)

O KRBEEBRETIL
d LLM, ViT, image—text models
O 1 DDETILCTERRIGARTIZH G

Human Input Reconstructions

=
P—" 3
- >

== cvpaper.challenge s


https://pages.cs.wisc.edu/~yongjaelee/

CVPR 2024 M &hA] - s ft= (33/116)

WS Prompting in Vision
2 Visual Prompting in Multimodal Model by Yong Jae Lee (2/5)

O LLaVAD 3

O fAET—2DERICENS. 12— —DHERICHS. BAEETIZA=r—23y

a LLaVADRE

[d Extreme Ironing=strong visual understanding*Emergent Multilingual Capability

Yus 100 cusmpiv. Ssieme Rronia

User
L1aVA

User
L1aVA

Sowr e e e . . “«les o ada
What is soesual about this image?

The unusual aspect of this image is & man woning clothes on the back of a minivan o¢
van. This is not a typécal place 1o perform this activity, as cae would usually iron clothes

in a more stationary and safe Jocation, such as a home, using a regular iroming board.

The scene depicted in the image is peculiar as it involves a makeshift roeing setup on a
vehicie, which can be both unsafe and uscoaventional, Additionally, it is not clear how
the man |s able 1o masntais balance and stability while ironing clothes i such an unstable
environment.

| Start a new comversation, and clear the history)

What's happesing in the scene”

The image depicts 2 man standing on top of a yellow SUV in a busy city street. He s
holding a portable ladder, seemingly iroaing clothes while standing on the vehicle. Around
the sceme, there are other cars, a trallic light, and a fire hydrant. Addstionally, there are

two other people in the vicinity, cne close 1o the man on the car aad another further away.

The man on the ladder appears 10 be attracting attention due o0 his unconventional chosce
of iroming his clothes on 0p of a moving car. The ity stroet around him is bastling with
activity, adding 10 the unique sature of the scenc

LLaVA

Emergent Multilingual
Capability

Example: French Quarter

BTEMNETUTA? IMRAR  Translation: What is the name of
this area? Please describe briefly.

ST EMNEFHN REE" (French Quarter) | ERBEEBAFLEMERR
AEN-THEEANNE, UNRWNEBRAE, ZR. XTOHZENE.
EEZAARSSENET 2~ RAFENHRIXAA", BITARNN
NEE, STEENEFIENTSEETAN, YREERTREORE,
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WS Prompting in Vision
a Visual Prompting in Multimodal Model by Yong Jae Lee (3/5)

O LLMOBIR -EICRYAEL OS2 =T /4IXZ2< I BEEDEREITELLY
d GPT4DOEZEBNCORMNIZNEDITT-

March April May June
IdealGPT
. ] Videochat: e
= S R i A VYR C Vally
'd : : : :  InbamGPT, | VisionLLM | MIMIC- l'l‘
LLaMA  Alpaca Vicuna | o 5 XM | Video-LLaMA
: : . Otterr  OCR POPE: EmbodiedGPT
MulthOdl-GPT PandaGFl’ MeuVL LAm
k i MlmGPT-4 Uama Adamer V2 _PMC -VQA ‘-'-‘VA'M“’ 1
Flamingo  GPT4 i LLaVA rdPlug-Owl g : SpeechGPT Contextual DET  |LVLM-cHub
OO
2023 :\ i’)o :\b \':Z:\ L\Q) : \ \(9 :Q:L 'l'o) ;“o \fb
S 3 N D & &
o @ o W W B I
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WS Prompting in Vision

a Visual Prompting in Multimodal Model by Yong Jae Lee (4/5)
d BEfFDLarge Multimodal LLM (LMM) [ZDULNT
O BEFOLMMIEIERERFZICEWLNVTRKELEEZR-LTLVS
O LLMIZ$EIZ AOvisual prompt (REIOFR/EDR) ZEMEIEHILIETEEN?
O TXEANCERLGBEEMNIO T NEREBETHDIEHLL

— ViP-LLaVA O %

Input: Visual Prompt

" i Output: i
”Q La rge Text Generation
) Q The person marked
( Input: Text Prompt i Multi modal :‘;m; m f‘;a:;
_”:2";.. ]—] Model This flag is used for ...
: What is the person marked = L y
| @h the red arrow holding? i l : ] k )
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WS Prompting in Vision
2 Visual Prompting in Multimodal Model by Yong Jae Lee (5/5)
3 Visual Prompting| ZB89 A/ 3#89T

A Visual Instruction Inversion: Image Editing via Visual Prompting

[ InstructPix2PixMis A R/INAT
[ Segment Everything Everywhere All at Once

O TFRRMBAENGANETOVT T HRARMGET A T—3>
[d Looking Forward: Multimodal Al Agents

O LLMR—XDI—V U MIBT 5 —AHmXMHHREN

O BEOTHOIRYERY. Y—ILOER, &HE., thT—2x DDA ETEE

A PIVOT: Iterative Visual Prompting Elicits Actionable Knowledge for VLMs
[ Visual PromptingZOARytDEE 1Z5E

O FEH
O RENGIVETNETFRANTRT OITELL
O Visual PromptidLMMIZE [+ HER B/ £ DIV FO—)LEZEH S

== cvpaper.challenge

37


https://pages.cs.wisc.edu/~yongjaelee/

CVPR 2024 M &EhE] - ft=(37/116)

WS Prompting in Vision
O Old Lessons on Legible Prompts by Phillip Isola (1/7)
O PromptingD iR 14E
O SRATLADARNZNRLTORATLZOVMA—)L TH5IEATIEE
Q SRATLHARARMICOVMA—ILAREGLDELTT H AU EINTULVGELTE
d SNoNTHWAEDEZIL?
O YRATLERARNICAVMO—ILAREGLDELTTYSAY 5L
A REDTAVT T4 T VR T LD
A Exploring Visual Prompts for Adapting Large—Scale Models (2022)

A Visual Prompting via Image Inpainting (2022)

(a) Promgting with CLIP

~*é'ﬂmu.lpbulnu(-[(é-pwrll.’] aund B t:l

bird e

(b) Prompting (sdhvensarial reprogramming) with vision models

lE :‘ ov— . E" ‘ 0 tmageNet Index 0 — “Dog”
" : = ‘ L r)]:.‘.:;‘ = ImageNet ladex 3 < “Cat
! oY EmtageNet Incdex o -+ “Bird"
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WS Prompting in Vision
a Old Lessons on Legible Prompts by Phillip Isola (2/7)
O B Dprompty AT LIIYAFRELEDEHD ISV FOMEIZEO>TTETLNS
O ARBICIXEELISL

O Segment Anything Model (SAM) D &SI AMIDSEEELAST L promptZFIAH 35&T.
DRATLDFEEDOTHAUNEEIZITAS

— EDORT LIS DpromptinglZHBLAEZ AZEITD !

valid mask
model SAM®prompt
e TN

a @ cat with
e black ears

segmentation prompt image == cvpaper.challenge
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WS Prompting in Vision
O Old Lessons on Legible Prompts by Phillip Isola (3/7)

0 user—guided colorization
Q 1 —H—AEBEEZAAL VATLRI—F—DADEEEEIEILO B THST
3 BH3EEE S : Real-Time User—Guided Image Colorization with Learned Deep Priors

Colorization with User Inputs ‘ OE = .

-

L——JU[—_— W@éennl‘pll

Suggested colors

Q #Al1: PromptDERITERBRM TP RAEGLDTHLIRE
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WS Prompting in Vision
O Old Lessons on Legible Prompts by Phillip Isola (4/7)

0 user—guided colorization
d 31— —m91) o9 55T (User Points) IZEEBLDSLY
d - SR LICOZalb—iay

Colorization with User Inputs ‘ OE = .

-
IR Anli
Uil Lo

Userpolstt 1] ¢ Bl I xl

Suggested colors

Q A2 —F—DBORTLEAE592a0FT D ERVAET
TN/ (2aL—M TS

Different possible colorizations
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WS Prompting in Vision

O Old Lessons on Legible Prompts by Phillip Isola (5/7)

[ data—driven recommendations
Q BT —2DMETILBEIRE
1 edges2cats : 1—H—ND AT yFHhicBEFE
Q DUTNLENEDZ., BEAMELEW-ISEETHE THALEHRINTEYDSRINTLES
d pix2pix: F!lﬂ%?b\IBI“J““)’EHS(?%?'ZDCt'GZ’T“J?-’\‘—X@@i%Uvﬁ0)7_"‘—'3"’&145&

ndaes?Zcats / y
eagesscals /7

TOOL INPUT OUTPUT /'l \\

=)

input
Q HilS: 1—HF—b Bl \promptEBRE TEASLILH MR ERHTRE

== cvpaper.challenge
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WS Prompting in Vision

a Old Lessons on Legible Prompts by Phillip Isola (6/7)
Q Word2Vec
O SHEEORAAITHEELANIL
O GANDavkO—)Lt¥
d “zoom”, “shift”, “brighten”, “darken” D KOG HEMN L FI R EINLGWNGELNHS
O BHIDE@RERY—IL
O promptE 525D ERY—ILTIEERL-ERICESEIFRESEL
O “impossible” DX OTEKRGEEZFI)EFHZSL IOLTERIZHEYLL
3 “make it more” ELNDT=prompt TlE EFLNED 5L

— TERRMIBERR

O #Fll4: promptidknob®D K IZBIET RE GEEER - SO\ RIEHSATEE)
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WS Prompting in Vision
a Old Lessons on Legible Prompts by Phillip Isola (7/7)
Q HENFERED:
O PromptDEEITERNTTRAAEELGLDTHLHIRE
Q 3—Y—RNORTLEAMVET9230FTBDERNVEET
T—AEM/(SaL—NT B
O 31— —NBL\promptZRETERLIBHMFEREETRE
O promptiIknob® &S ICEIMET RE GEHERT - A UVRIEMTTRE)

Q BEARIZE ZS5E & Dprompting® 7 [A] T4
d 11— —visual promptlZxt S o] BEXZET LD HE
O MAEADEECHRRERDWHIDANGE
O WMEETEZHIEOCRSAF —TEFRIZ R
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WS 7th Multimodal

_earning and Applications (Massimiliano Mancini)

[ Title: Opening multimodal doors with language: from recognition to bias detection
(A Door 1:LLM®semantic space#VisionZ2XI~®Dx A (1/4)

[ Fine-grainedi2i#X XV~ D i F
O :®X :vocabulary-free image classification

Q AL F7 AT 47 :Unconstrained language-induced semantic spacem™ 5. BHRIZHIAISADSRNILEHTET S
AR ELFiEZCaSEDDIRE, CaSED(TR)IZEEMNoTF R Zretrieval LT, D LTFRAMMSITATINILE
T 5. RIZICRICVLMTEBREREIYF T SINZITRAIN)IVEANERIZE Z THIRERIZE

» s v z
pal_ \

D,
Retrieval & '
from N
text

= =T x|

,—~

1T,

o - Cmscmary — i =
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WS 7th Multimodal Learning and Applications (Massimiliano Mancini)

[ Title: Opening multimodal doors with language: from recognition to bias detection
(A Door 1:LLM®semantic space#Vision2XI~D it (2/4)

O SegmentationZ X~ D it F
O F®X :vocabulary-free image classification and semantic segmentation
Q AL F7AT47 :CaSED&class-agnostic segmentation®7 JL&§ES L T, Vocabulary-freeZisemantic
segmentationZ 1T, class-agnostic segmentation®7 JLIZ &Y El{&ZsegmentL . CaSED TsegmentL 1= f 1z,
ZEDIRILEFFET B, FICSAMETIILEHEARSZES (TH(A)),
ﬁ" fhakdooilil a1 \

- |
\ . .
/ = / / -
&.m LIl ﬁw Reotrieve Retrieve

& extract > f,; & extract —— f'
candidates candidates candidates

(a) SAM-based method (b) SAN-based method (c) DenseCaSED
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6)

WS 7th Multimodal

| earning and App

ications (Massimiliano Mancini)

[ Title: Opening multimodal doors with language: from recognition to bias detection
(A Door 1:LLM®semantic space#Vision2XI~®D i (3/4)

d Retrieval~DIJ& A
[
1

i X . Vision-by-language for training-free compositional image retrieval
AT AT 47 Elf& &text modifierh s, text modifiew R BRL =55 L= El{& Fretrieval 332 RV EFi%

ZS-CIR(THE) MIRE, ZS-CIRIZE & A BVLMIZ LY CaptionF 1§ T, TNEAR—XIZ text modifiex S5 IS 1E
L. XZBRICEBESN=EZDTF ALY EEZZretrievald 5, ZS-CIRBAEAYIYFTEEDETILEYEEFLY

Bk £ 48
SOTA'HEHIS%'[?T_O
input image (Q) caption
Image | cq = ¥c(Q)
o < caplioner There are two teddy bears
\ .’ \ sitting on the sidewalk
3 2 i & ‘I’C
N Prompt (p):

“shows only one of them,

Followingt, modify C.,

which is bigger and is
next to a trash can”

| text modifier (t)

LLM '{

‘ “One teddy bear, bigger
in size, sits next to a trash

(.‘; = ‘I’]((p-f) Cn O t)

N | Visual”
Image Database ‘ encoder
L Jr |

D

Text
encoder
I} = argmax

| |55 WT ; ep

retrieved image

"'I'I]"")lu"l

con on the sidewalk.” Vil Vr{c)

i
target caption

47
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WS 7th Multimodal Learning and Applications (Massimiliano Mancini)

[ Title: Opening multimodal doors with language: from recognition to bias detection
(A Door 1:LLM®semantic space#Vision2XI~D i (4/4)

a Video anomaly detection~® i A
O #%3:Harnessing large language models for training-free video anomaly detection
QA AUTATAT I:“7'-“7J'75\15Training freeCanomalyZ#HH I 53R IVEBE KUV FEEIRE

0 FiF VIMELLMERA LIBE T o>T\ B, 27y T 1 Tlt. EEF T A T BHVLMTE 74 DB
@E@é#«d&az?é ZOLERETFRAMNDBELUETKYITLIVEI)—=0TF D, ATYT2TIELLM
ZHAL,. J)—=20En=XxrTarh bR EAnomalyBREE#1T5. ATYISTIX. ETAETFRMDEE
LlE# S A g4 VLM TAnomalyZ!) 774> 3 %,

! thad

/ /// e

Tml ning bw method < ; ‘ &1(L)
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WS 7th Multimodal Learning and Applications (Massimiliano Mancini)

[ Title: Opening multimodal doors with language: from recognition to bias detection
(A Door 2: LLM%analyze models~®D i A

O LLM%bias detection~®Jit: F
O FwX : OpenBias: Open-set Bias Detection in Text-to-lmage Generative Models
Q AT AT47: Text-to-lmageETILD/NALT7 X (T K)%Open-set THEH T 5P R - Fi£OpenBiasDiRE,
Q FH: LLMMASTFAMIEENDAREL/NAMT ADIEB%#0pen-setTEY 2L, TORERETILT

Text-to-lmagexE179 %, ZRIZ. VQAET L TERSIN-BEEREFHICBAL THORPDANATADIEE TNAT R
R - E=MEEmETD,

Child race

P —————t: = cypaper.challenge 4
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WS 7th Multimodal Learning and Applications (Massimiliano Mancini)

[ Title: Opening multimodal doors with language: from recognition to bias detection

[d Take-home message
3 Multimodal LLMs / LLMsIZZEMEIFHR (A=A RLLEWMERFET)Z2HD
3 without constraints CETILE T HA LT EHRE

Q Vision&E &%) IS5 ET. semantic hypothesis B 5h 5
Q Transparent predictionsZ{T>ETILTH AU HNEELLY

O LLM reasoning%{#—>T. Biases / failures% 53 #T Rl Rt

O E7J/LEXETEF, EvaluationZz{TOFRIZ. FormulatedE L 7=QuestionsZ {5 (5| Z (L. visual programmings
E)ERF
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First Joint Egocentric Vision (EgoVis) Workshop

1 — AR ARSI 2 =T DERDFTHEHED-ODHERT—HavT

1 T—AEYrRITITHONTEWSEIDIZHEL, ERTFYLUDEEE
Q EvalAlZz ALV =31DOF LY
O MBERDIRRAI—HK (RAEEDHREHEST)

1 keynote: fIEHIA 25932 (Jim Rehg) . 3Rt #Z (Diane Laurus) . $1'/RDFEH
(Frank & Long) . &[F&1;8] (Fernando De La Torre)

KITCHENS

X | EGO-EXO4D
I\NARDBWSEEELELTEEIZSMN == cvpaper.challenge s
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First Joint Egocentric Vision (EgoVis) Workshop

a A—HFAH (ETHEE) DZEJFIZEgoVis Board (7 /N A H#EE) R iE

3 ZEFVvLUOVDEERLAEEET H_ETEZHDF YL UUZFERAIEEIC

1 ZEORRI—ZFinviteLF YL UICTHREEREZZERT A= DHMR %
IRE-STATT7DFRIEEFEER LEFRL

EgoVis Organizer EgoVis Board

@Q ¢ ¥ @ s
@
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EgoVis 2022/2023 Distinguished Paper Awards

3
3

O J o0 o Jd o0 o0 d

L O

—AME I a2 =T/ ORRICEMLIZ10KD R X ZWS TRES

F B/ SREBELGEDT—2EYEDIEH . EgoVLPEWST= L AR EET JLIZRS

THRMINRE

Sener et al. Assembly101: A Large—Scale Multi—-View Video Dataset for Understanding Procedural Activities. CVPR
2022

Li et al. Ego—Body Pose Estimation via Ego—Head Pose Estimation. CVPR 2023

Grauman et al. Ego4D: Around the World in 3,000 Hours of Egocentric Video. CVPR 2022

Lin et al. Egocentric Video—Language Pretraining. NeurIPS 2022

Khirodkar et al. EgoHumans: An Egocentric 3D Multi-Human Benchmark. ICCV 2023

Pramanick et al. EgoVLPv2: Egocentric Video—Language Pre—training with Fusion in the Backbone. ICCV 2023
Huh et al. EPIC-SOUNDS: A large—scale dataset of actions that sound. ICASSP 2023

Wang et al. HoloAssist: An Egocentric Human Interaction Dataset for Interactive Al Assistants in the Real World.
ICCV 2023

Zhao et al. Learning Video Representations from Large Language Models. CVPR 2023
Chen et al. SoundSpaces 2.0: A Simulation Platform for Visual-Acoustic Learning. NeurlPS 2022

== cvpaper.challenge
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WS Tool-Augmented Vlsion (1/21)
a VILFE—FILEIERE RBL-BE& 4 /L by Xuhui Jia

A Instruct-Imagen: Image Generation with Multi-modal Instruction
QA BER-YRY-IyDGEESRL. ThoDRHME RIRU-ERZ A X
A Subject—driven Text—to—Image Generation via Apprenticeship Learning

Q MDD ANEERNS ., REILGLTHEEREZEOH-LEBEZERM

Render an image of the [ref¥ 1 ] vase that deplots the caption, adopting the
atyde of [rafRaE] atyle Lmage : & vase with flowers on top

[rofel) vam [refeR) style Lioage

e e e e i e spet e e

,h '.'.. Y, \* ‘ ':‘

& Pordad 5 1A baad rut

ssllig-s

Creoate an image of an [ref# ] | sctionfigure, outitned aa the [ref0d | adye
e, and reflect the caption: an actionfigure stand next to a aleepy dog

[refe] ] acttanfgure [raf®2] odge map

Generate an lmage of [ref® | | monster toy In the same style as the [refhd)
style image and following the [rof#dl] mask

[ref®l] monster tay

[ref¥3) mask

i E)

[ref3] style mags
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WS Tool-Augmented VlIsion (2/21)

a SERETIVERTEETIL by Sachit Menon (1/3)

d End-to-EndETILDiRRE
Q FFEVOBEZEOIENETF. FERENMEL. NILOR—D3Y
3 BIZEBLIP-2TIE. YADERZEREICH I T HIENTELZL
O — BHEIRVIEIYTRIRVIZHE L THE]

A ViperGPT: Visual Inference via Python Execution for Reasoning
O O—FERBLLMIZE->T, VT EIThRARARENT=T OIS LEERK
O BHLGRAREIRIZ BFEOED 21— IILOFRAICK > TERERIZfELS

Query g Visual Input = Query: pizza front
Genemted code
“Which pet is in it v omedc i)
the top left?" v ) e g
poUtoN
ViperGPT Generated Code 2 v . L MmPteh) }
Code LLM e

AP1 Specification

Code Execution ¢
Python interprater
+

: )
4 o . g :
FLrse_su
| h -
AP Implemeantation ‘ E . »
|

l gt ey g s IS :
Result: “shiba inu” -
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WS Tool-Augmented VlIsion (3/21)

a EFBETILEREETIL by Sachit Menon (2/3)
Q Multimodal LLMIZE 5B/ - TOJ S LR—ADHERIZHE N THED
O — HEMLGEERIENIRYICEMLLMILE A RTEED ?
Q visual thinking 2 X2~ ® Whiteboard-of-Thought 03 A
Q O—FICK>TERABZAIMRIEL. AIRiEL-iERZS BRI HETEMICEE
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WS Tool-Augmented VlIsion (4/21)
a EFBETILEREETIL by Sachit Menon (3/3)

A Multimodal LLMIFE & - -TRT S LR—XDHERITE TR S
0 — \AEMNGERIENIRVIZEMLLMIEE A RTEED ?

Q Whiteboard-of-Thought [& Spatial navigation 7 & (241 FA Al &E
O SEOMEBEEFREREILTHILTEEERD
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WS Tool-Augmented VlIsion (5/21)

a Tool-use & Memory (Introduction) by Cordelia Schmid
O A—H—LAIDA AT AVEY—ILOAE) [ZEHOTHTESINTLND
a ARAVIZHLCTEHDU AT LEHAEHOESETHERENSES

——Q
%ﬂ @" Tool-use:
Tools — LLMIZ & 4Chain of Reasoning
2 - O—F4AEREAPID F|
Tool Use, Planning - LLMIZE B ?
and Reasoning
Retrieval and
v U Memory-Augmented Memory:
LLMs - FHMGERDERS
L s - L7RISRICET HABOES
¢ , ¢ Qz . J - ZhEH
Answer Retrieval
User Memory
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WS Tool-Augmented VlIsion (6/21)

2 Video Question Answering with Reasoning by Cordelia Schmid (1/3)
Q HEERFIERITONT
O BEALIBLEIL—LDYTEIrEEBRETILICAALTAAZ XS
0 BRI APVEEB)D #7055 LIZRYEL T £ TEIRT—Y TITS
EI EENSL BRETOT S LDFILERDDHNEHLL
0 SEOEKRMEICHLTHRENGT —FTHRRT HENTSAL
d - ETILOEACEBOMEBEICDLNS

VideoQA: Modular Models (Single-Stage)

FPrompt Code Generation LLM

+ APls |
p

rogram / Plan

Model has to map question (+ APl/examples) to a full program in a single-stage
P ( pioe) R == cvpaper.challenge
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WS Tool-Augmented Vlsion (7/21)

a Video Question Answering with Reasoning by Cordelia Schmid (2/3)
A MoReVQA: Exploring Modular Reasoning Models for Video Question Answering
l:l FE R ELmulti-stage AT LEFEEL. fine-tuningZ BY 5FE% LRI EELER
NEIZKOTARIZEERIE-RT—U T8I ﬁ#%RTﬁEEEPFEEIHjjJ%EE‘Z

' Emm | Grounding Reasoning
L promptP, pronv!P: | prompth
4 , )
~ Event Grounding A S e T SO
. e e [
Q parsing M, M, i Large fanguage model (LLM)
‘ ‘ E with shared parameters
) APl calls 2, v ~—— APl calls z; —— E Prompt with decomposed
trim( “beginning™) | man « localize(*man”) E instruction examples
pacse_event (“Lueluse®, | varify(“is the man - : ;
- | ) Exacute : Tool execution
man standing up®, | standing up?™, man) da E [ ]
*why is the man (“before”) '
hy '. : “"""’"‘: spaoascly : Video context | : VLM appled on frame subset
his skates?”) 3 verify(“is the man '
classify|( ‘ - 1) b
require ocr ) 2 )
v
Execute Execute Q
L) L)
update update Video context -—l l

+ Prediction — A
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WS Tool-Augmented VlIsion (8/21)
2 Video Question Answering with Reasoning by Cordelia Schmid (3/3)

A Open questions

O REBT—42tybrOnEH
d BEFEDvideoT —2tybEELEEEEL
O BEEfENDVideo QAITERRBINDIVTXFIMNDERZEZLELLALY

Q BENOEREEDLIICHEEMTEIN. TIVTA2T 3 HH
A A=) —2RDOBRITHE
O BFZERIZRIEFClocalized A ALY
A FIZEMHGERICEZ T HIZIE. Tool-use + reasoning HAIAE

A ZDHLFIZEITS prompt engineering ICTDWTIZHRED FHAH S
d 2TOT—2IZLTRE—DpromptZF{E AL TLS
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WS Tool-Augmented VlIsion (9/21)

a 3D scene synthesize via LLM generated Blender code by Cordelia Schmid

O SceneCraft: 22D IIL—TEEEZE ALV AT LIZKYEMHTID —UF 4R
3 inner-loop: B4Rk — £ EEEZGPT-VTEEHEIL. RIUTFEEE — ERERK
A outer—loop: inner-loopDFIERZEIZX X )Ly bZFHisE

Query: a girl hunter walking in a T S

slum village with fantasy creatures

Step 1 m Step 2: Scene 3

Asset ‘. Decomposition

Retrieval
e 2 Adding Key Stnuctural Daments

Predicted Asset List with description

«  Slum house: bulding with rnuined Sles.
= Humder: & 13-15 gt hunter wearning

Step 3 Introducng Man Charscter end Crealires

Relation Specification

proermiytlRy ! O dalence

e tOn 1, Ongl sl - Ans ot e Tt

LLM
(PBM Step 3

Scene Graph
Construction

Step §

LLM+ Vision cnhc-nn::-mvn.'.o’

(Reviewer)

Reviews to Code

Relation ‘Parallefsm

of housing is not

salished .

(Inner-Loop Self-improvement
of Scene Script)

o
y el

1-st :terat»or\

Render

2- no nerahon

Spatial Skill Libra
Proximty 1 o LLM
‘ (Coder)

Step 4: Write Python Script
for Constraint-based Search

Constrain-based Search of Layout

2 . R _
3 rd fteration "4-th Rerabon
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WS Tool-Augmented VlIsion (10/21)

2 LLaVA An Open Large Multimodal Model by Chunyuan Li (1/8)
[ Computer Vision in the Wild
d open—set/domainRB{EEREEARTLANIL DR GEERER I ICEAZTHBTTLNVS
a F—RA2bk
Q BRI AEEEARVDIBILS - BB FEEICHTHIRFDIES
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WS Tool-Augmented Vlision (11/21)

2 LLaVA An Open Large Multimodal Model by Chunyuan Li (2/8)
a GPT-4DEIZLUE. n BHAZRICERE
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WS Tool-Augmented Vlision (12/21)

a LLaVA An Open Large Multimodal Model by Chunvyuan Li (3/8)

3 Visual Instruction Tuning: LLaVA MD1E = https://llava-vl.github.io/
d TILFE—HFILETILIZH T Binstruction tuning®E A
d GPTZ AL f=language—image instruction—following data®) & fik
QA 2RAT—MFEHE
O BEREEESEFEDalignmentZlAFRIFEE ST ITHDOHFEE
Q 582475 ELLMIZ X9 BEnd-to—End @ fine—tuning

Annotation A close-up photo of a meal at ICHI-
RAN. The chashu ramen bowl with
a spoon is placed in the center. The
ramen is seasoned with chili sauce,
chopped scallions, and served with
two pieces of chashu. Chopsticks are
placed to the right of the bowl, still in Language Model fy
their paper wrap, not yet opened. The

matcha green tea.

Question I  What's the name of the restaurant?
ICHIRAN Ramen [SOUI‘CC] Question 2 Describe this photo in detail.

Language Response X, ‘ . .

ramen is also served with nori on the l/\\l (N ‘.\F (1 Q (\]

left. On top, from left to right, the fol- p— — ‘ —— o

lowing sides are served: a bowl of or- PfOJQCt'Onw ,/ Hv AH

ange spice (possibly garlic sauce), a Vision E '.\Zv

plate of smoke-flavored stewed pork ision Encoder L - x Lanaguage Instruction
with chopped scallions, and a cup of xv lmage e
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WS Tool-Augmented VlIsion (13/21)

a LLaVA An Open Large Multimodal Model by Chunvyuan Li (4/8)

O LLaVARIIDETIILE R T EFRFESINTILNS
O EREOAMTMEIL. Tool-Augmented Systems &End—-to—End Models [Z KA 5

[d Tool-Augmented Systems

a O: 2ELLEARMN BEULRAESAIIL

O X PATLDOMEER LICHITEEIRMEICRITS. FT-EEE DD FKIBEH DAL
[ End-to—End Models

O O BNEFEETHLHEADERBE KA FIANDEREERETES

O D EHEaXRM HEEALLMODMREIZE>THIRSh S

LLAVA NeXT LLaVA-NeXT LLAVA-MaXY
LLaVA LLaVA-Med  LLaVA-RLHF  LLaVA-1.5 LlaVA-nteractive LLaVA-Plus  LLaVA-NeXT Stronger Video Interleave
. 0_) . RLHF New SoTA & Tool Use New SoTA Ablations SoTA Video Multi-image
Apeil 17 hne 1 26 0t 5 Oct Nov Jan Agril April June
ol o) s?,L O— o o} O— -O- —O - >
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WS Tool-Augmented Vlision (14/21)

a LLaVA An Open Large Multimodal Model by Chunvyuan Li (5/8)
[ Tool-Augmented Systems: LLaVA-Interactive
d < JLFE—H )LEhuman—machine interactionZz=X£ 1]
O HEDIRVIFHELI3DOBRBFEETILERE T ST ARNGAU 25930 Z Al REIC

a A

™

= %

-

—_—
— Grounded
Editing

Interactive
Segmentation

A
\A
2 . A
—— E Upload or Generate an Image
—

(b) Remove or Change Objects (c) Inpaint New Objects (d) Generate New Image % cvpaper.challenge
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WS Tool-Augmented Vlision (15/21)

2 LLaVA An Open Large Multimodal Model by Chunyuan Li (6/8)

1 Tool-Augmented Systems: LLaVA—Plus
O LLaVAZFHRSRLI- ARG RILFE—FILT O REE
A A—HY—OANEZITTEEST HZVY—ILEEEL. TDIGTRRIZFELT

Visual Generation Visual Interaction

Input Image Conditional Gen Editing Point to multi-level Seg Box to Seg Stroke to Seg

T — : i—T : T

() Instruction © Tool Use

7 Noae” N s

Human

The mage depicts & wooden _ The text "2024 16- || The lake in question is Repository
By of ool b MONTH CALENDAR' is || Lost Lake, which is This image is |
placed in the middle of the detected, suggesting || located in Whistler, paw-some!
e, ot el 16-month calendar for || Canada. be outdoorsy? - &
and secluresque efveonment the year 2024, #naturelover
LLaVA ! ' Social Media Post
Visual Understanding External Knowledge = Composition
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WS Tool-Augmented Vlsion (16/21)

a LLaVA An Open Large Multimodal Model by Chunvyuan Li (7/8)
d End—to—End Models: LLaVA-1.5
O LLaVAKYET—ENEDNDINR—RSAUERZEL, 1TDRUFI—ITSoTA,
d LLaVAIZxtLT. MLP projectionDHEEVQAT—EDEM,

VQAvV2

MM.Vet B80.0 GOA
Pre-training
g o s Instruction Tuning language model (Vicuna v1.5 13B)
1> 53.6 LLa1V§ . 8'5?.57 O0000o0ooaO O00O0o
vision-language connector (MLP) tokenizer &
6 / Qwen-VL 50 embedding
SEED-Bench | 58,2 53. 1 682 [11.6  SQAIMG -Chat 1400 o :
' vision encoder (CLIP ViT-L/336px) N
User: what is
st unusual about
€3 =3 . . this image?
MMBench-CN TextVQA 101 103 <

. # Training Samples (M)
1531.3 — BLIP-2
——— |nsStructBLIP

MMBench POPE — Qwen-VL-Chat
w— LLaVA-1.5
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WS Tool-Augmented Vlision (17/21)
a LLaVA An Open Large Multimodal Model by Chunyuan Li (8/8)

1 End—to—End Models: LLaVA-NeXT
O ANEBROESHEEZEIL
[ visual instruction tuning data®) tE
O LLM backbone® R4 —1)> %
Q — HEZREES, OCR, ES BB DM L

A End-to—End Models: LLaVA-NeXT (Video)
O LLMADARZBEHD/INIFILEBDIL—LIZER
[d length generalization
[ Direct Preference Optimization|Z&AETILIGEEAITA—R I\ I DEEE
Q — BN l-zero—shott gt - ENEIIEfEEE N . KEFRBIENEIAN D XTI
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WS Tool-Augmented Vlsion (18/21)

2 CodeNav®D#B4\ by Aniruddha Kembhavi (1/3)
1 CODENAYV: Beyond tool—-use to using real—world codebases with LLM agents

[ tool-useZV—IL{ERAAEIZEHL THRERLI=Fi%
A O—FRR—ZADFEHST—La - BAFRICE>TA—H—IIT)FHER

O RTHERDOTA—FN\VIIEHTEAI DIV -ILOERGEZRE

User Query

(task to solve using codebase)

|

Agent

Library Description
LLM

Interaction History

nctioa-x l response-1 .

action-2 ‘ response-2
. .

' action-3 ‘ response-3

action-4

response-4

Environments

Retrieval
Environment

Indexed
Codebase

Execution
Environment

The LLM

Anatomy of action

agent produces YAML formatted
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WS Tool-Augmented Vlision (19/21)
O CodeNav®D#34T by Aniruddha Kembhavi (2/3)
d AEE=
d T4 tool-useMEEMNZELLY
A ToolformerX>ProgPrompt7/i&
3 tool-uselZHIT5HiRRE
O FHEFERICKDY—ILDOEZEFZENNLE
O £2THY—ILIZH T HEMEEAMA 27— —ANRE
O Y—ILHAEH{EINTEY., BeECRLEBHRMABEEINTILNS
O IREHRTOREAZEETHE..
A #FHf-Ga—FZA4XEAH NS — LLMOBZFE Ofine—tuning([FIRZER TN
d LLMMAERRDI—FR—R([ZHIETEBLIBRT—FTIVEHENDLE

3 tool-useMHNDEE X
Q BEA#OURS - EHFEDOI—KR—X
O BE#OTEUHL - BRABKEI—FRAZXRYED AR
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WS Tool-Augmented Vlision (20/21)

2 CodeNav®D#B4\ by Aniruddha Kembhavi (3/3)
a R
[ tool prompt 7L T tool-use IZPLiET S 14 REZ ZERLL =
d O—FR—X[ZEENDIEMDIAVTXRAINEEHTES
Q AT BALLMELTIEGPT-ANRLBUIMEE LGS

API-BANK

md&m’s M3*TOOLEVAL
method  precision recall f1 steps accuracy steps precision recall f1 steps
tool-use 829+45 81.7+04 796+23 49+0.1 83.7+28 6.6+0.5 86.6+08 93.6+1.1 885+0.7 34x0.1
code-use 88.0+6.1 782+45 806%x5.1 72+02 81.7+£49 78+04 840+0.7 893+06 85303 53+£0.0
tool description  length f1 steps
w/o desc 0 741%19 7.0+01 UM precision. _ recall n sieps
tool names 694 78.1+35 6.7+0.2 gpt-4-1106-preview 88061 782+45 80.6=%5.1 7.2+0.2
+ desc 3680 808+04 69+0.1 gpt-3.5-turbo-0125 543623 157714 2296+08 9.08+1.07
Mixtral-8x22B-Instruct-v0.1 825021 6231%£19 6791%x13 9.06%03
rpototypes. 4027 S07E90 QL¥UL  fiwent.5-1i0B-Chet 78.15+£3.1 3849+55 488451 100002
library desc
(CODENAV) 2061 806+5.1 7202
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WS Tool-Augmented Vlision (21/21)
o F&EH

Q tool-useDH=-HIE
A End-to-EndD KIFEETILTIIEH L RRIDEET7E0
d fine—tuning TIZFFED 2R VIZEAT HEREL MM LS o7
Q — ARIERE ARIITHIELE=-BIEDET IVEEAT S
QO EARPESZSET, LLMABFRIN-BEETILY—IL)ZEFERLT AR D% fE{a—
K& 4 R
Q tool-uselZHITHLF
O I4—F/\vo (UL—TH&E) DBA
O FEHIDOERKIZCESIBREDSIZEZMNLTLVS
QO AREROFTMEFERY—ILDOIFERIZT T HEEED X FI
O BHEME-HEAIRE2 X7 D80
A FELEDFT=1ER AR L Ttool-useZ i H
d T4—FN\yIODEAIZKDO—NEEDBEHFL
O O—FR—XDEAIZLDY—ILEFDOERE., FEIRATEEY— L OELEFHRDE M
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WS Foundation models for autonomous systems (1/6)

a Robotic Foundation models
O ARTAOAFMDIEEIZHLVT. Navigation, Manipulation, cross—embodied learning® R = M 5D
MEREHENATLT=,

4 Navigation:
(A VIiNT:Vision NaVision Navigation Transformer
O EfficientNet CBELBEDEHELT—/LEI O—RL, MRAOCAHILT STR—AD TS5+ —Txk
MG RICHIERTESETILCTYT . COETILIIRHHEMERESEEFARIL, RIBEEFES —2 3
VIREITHEIGLET

Observations Vr— B _
Past 5 timesteps ". //'_ - ~ 5\ Positong’ Erx g -
3506423 RGB (/ 5M Parameters . . /~ - ’ . @
s | v [t a =
\d 11} — xb 1 L
- 3 EfficientNet-B0 H [ | 5 5 B Temporal Distance
i J |5 B . ! E E .
: O o
L3 5120 o 4 | & s =
: Sl < < :
> m— —_ .- < -
{ 5M Par \ = -
ameters g ‘})’ .
] g
EfficientNet-80 J ] = o
J - Transformer =
\ o : e Normalized Actions
Goal + Observation \ 5120 ) 7 Tokens Sy . e
Eorly Fusion 21 5

512D
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WS Foundation models for autonomous systems (2/6)

d Robotic Foundation models

O ORTAIAFMDIEEIZH VT, Navigation,
Manipulation. cross—embodied learning® R A H 5 )
LR el o O

(A Manuplation:

A RT-2:79x7J &RoboticsT—4%FE L1=Vision,
Language, Action(VLA)

DRIFRET )L
[ Open X-Embodiment: 2XY, ARy MNEFE, IRIENHEE oo {-ﬂ:‘
LTW B ARRTAIRT—2t vk o (G T
Q Octo:OpenEmbodiedX 7T —2 TEEL=Flexible’g® R [ = I = 2 ) Slada
.88, HEETEHART+ O XEEDOpen Source B =
1 OpenVLA: KIFHAVLAET L ::ifj,l“ g
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WS Foundation models for autonomous systems (3/6)

d Robotic Foundation models

O ARTAOAFMDIEEIZHLVT. Navigation, Manipulation, cross—embodied learning® R = M 5D
Eﬁj‘b%%ﬂ)l sz:o

A Cross Embodied Learning:
O CrossFormer: transformerR—RX THEEIN-ZHREORYMESHRGARITHIGLIZETIL

Observation Image Tokenization Observation Tokens
o , 4 Ima A 9 Juadruped Propro Bimanual Propno Readout Tokens
prsidobadascans C mdctlon Coe oo oo oo oo (o= =)

Wt ;! objects

ey “a h Cross-Embodied Transformer

|Langungo Encodor

9 \ ResNet / g = — ¢ ‘ R
/ Quadruped \,\ Stnqunn \ / Navigation \ / Bimanual \

y \ /

C_J'C) CD / Action Head \ :" Action Head _\A / Action Head \ ;/ Action Head \
O——0—0 g 7 o
g cocma 7, ',r'. Les } * m f? eoe ‘\?

== cvpaper.challenge 7




CVPR 2024 M &EhE] - ft=(77/116)

WS Foundation models for autonomous systems (4/6)

a Foundation Models as Real-World Simulators
QO ORTAOVAFMOEEIZIE BWT—4%/22aL—43—+BWPIILOUXLTERTED
A UniSim: Learning Interactive Real-World Simulators
Q Diffusion®T JLZRAULNT, Interactive’g oL —3—
a EERIZIE, 22l —2arhbDT—2FFE LT, Inverse DynamicfEH T, EEDORYE

[ZHZEITTES,
d UniSimDT—4ATIlZE. Internet R4 — )L (KE) . Temporal fexibility, HEEEZEDIRXTD A )wk
AN

» Repeat the first frame:
long-term consistency

» Condition on image & text:
controllable generation

» Temporal super-resolution;
flexible time horizon
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WS Foundation models for autonomous systems (5/6)
a The road to Embodied Al:Building Embodied Al to be Safe and Scalable

2 End-to—endDFETHENEELEMNZTEINT H1-0IZI1E. simulation, multimodal, data
DE RN EEFMIT L=,

H
a Ghost GYM. PRISM-1, Wayscenes101
O EEDDynamicEEH . E—2 EIFIFHELULSILUIaAL—4F
.4 Closes the domain gap in (@W,.' \C;W”'
perception and behaviour @ﬂ :Q‘ qf‘@ . A B o
L4 Simulates dynamic and ' NCERRS | & A ® v
deformable scenes P o | @ pre——
1 | § R
L4 Simulates full environment Lzl ’ \ o J
and embodied platform 2022 23 i | 2024 ’
! | !
.4 Data driven and scalable 1A BoceWorld Thirk2Drive
, | Re@e ol | ofm
\4 Controllable over long-tail 8 SEM abiortd BADY ver i s
en aga & - Al |

BNT-ADASL oL —A%FORE
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WS Foundation models for autonomous systems (6/6)
a The road to Embodied Al:Building Embodied Al to be Safe and Scalable
2 End—to—endDFEZTBEEFNEELEMNZTEIH T H1=HIZIE. simulation, multimodal, data

DERENLHEZTREITLI=,
d Multimodal
d LLM4drive
[d Lingo—1
[d Lingo—2
a N BEIEEITLH-HDOIX
A Data:

d & :xT11FTlIbiashidhd

O 2R IGA. BFVT1ZEDTEHRILEZTER
A training compute

J BRTODETAT—4H
A physical embodiment

O &M%, /4XakRyk VA= )LGLDOIRE

Video input
[ Wayve
e & — Vision Language
(s e
Model!
——
_oln
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CVPR 2024 LIMIT Workshop
CVPR

JUNE 17-21, 2024

il

cvpaper.challenge

‘IM] SEATTLE. WA

CVPR 2024 Workshop on
Representation Learning with Very Limited Images

-Zero-shot, Unsupervised, and Synthetic Learning in the Era of Big Models-

o TBZARF 1D CVPR Workshop#iRiR !

QTSN EELERSN (LMIT) VY —RAALRBEEEEET L5
W ANOWES S D)
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CVPR 2024 LIMIT Workshop
CVPR

JUNE 17-21, 2024

il

cvpaper.challenge

SEATTLE, WA

H Ay
1< (T

CVPR 2024 Workshop on
Representation Learning with Very Limited Images

-Zero-shot, Unsupervised, and Synthetic Learning in the Era of Big Models-

a0 KEEDAHATHCKRED)Y—RATHEBETILBETESLSIZ!
O EBETILERICEY, JDY—XZEDEONT=-HEH#EOANEBIEETLOTIELGL, Eon
=) =AML THLEREBETIVEBETESLESIZ, EVLVSFEWNEFADT-

a g%%hfd?—’ﬂ TN DFEBIZONTIE, #H-Z2 EOEHIBEALPITNENDIILET
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CVPR 2024 LIMIT Workshop

a Ronf=)Y—AhoDERBFEFH/IT—oavT
a {73, 5tE#E, SRIVVEE, AIDDARZELTULNVEA D

‘-I !- S s
\ 5
“b " .
YUk M. A3ono : A
HMrokatsu Kalooka ) v of Chrsfian Rupprecht Rio Yokota
Nvers: )
AIST xpokimsmlte Universty of Onforda Tokyo Tech/AST
Armiardom

O O O O O O

FEEER

A—HFAFELTEEOREEZERT
BAIN—DELE

BERT—RI&BEE
T OEEZRFEE
BEe#EnHYFEE
HEmGLEE
A/\ZANEAI

HE

@ @ https://hirokatsukataoka16.qithub.io

/CVPR-2024-LIMIT/ KYUZSHE
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CVPR 2024 LIMIT Workshop

a HKLEEITET—2-ETILINTA—EDF

AT —R AR F

a BERVY—RZEHFHS>TWEKTELFETES, HEE

Vision Trareformer (VIT)

Models

Videa Trassbormser (VIT)
'(b-\ —
[y MLy
= | ead
—eend
| )
\C/

1 Tromdammes | m ok

AexNet [Kr@hevsiy +, NIPS12]
LR

VGGNet [Simomyan+, IQR1S]

$ 2. 9.9-%-%.2. 9.9 ¢
"S- V0 O )
o g QT T ——
d-1
WAn
-

L L | e LU S | T 1T 11 r
GoogleNet {Svepedy+, CVPRIS] 1T EEL T 1.

Rt [to4, CVPRIE)

Datasets
JFT-300M/3B/4B
[Sun+, ICCVI 7} Zhai+, CVPRY2) | Dehghares, IOML2))
Ly IMAGEN
il | = VPR LAION
(Deng+, OVWPRO9)
M'p:. VN Al

“TDcsowitsky +, JOLRZT)
[Znaie, CVPR22Z] [Dehghani+, 1CML23)

VIiT Models Params
22B 228

Giant
Huge
Large
Base
Small
Tiny

28
632M
307M

@ cvpaper.challenge

Getting larger, getting better!

.

6

5 Can
% HOW eCf)G/
(o} Cage, Nt o
- 4 emj~ N

CCO Pla
- gle/ a
7} UC‘ta Sanm,
0 eSe €2
= 3 ch>
L = (Crninf2.3 - 10%)~0050
2 C . - 2 [ - .
10 107 10°° 103 107! 10!
Compute
(Kacien’: 40va0) 8 cvpaper.challenge

https://hirokatsukataoka16.qgithub.io/CVPR-2024-LIMIT/ &YUZSHR
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CVP

R 2024 D EN[FA] - fF=(84/116)

CVPR 2024 LIMIT Workshop

a CVD R —1)>% Bl (scaling laws)
0 1,000 DERER / 1 EFHETVITEERIITSE, CVORY—YVFRIILEES?

O B —ATEBETILNEETES

leDﬁ :
501 &
- ®.
= 40 .
3 ‘ “are -~ LR > - . - -
8 \\! ® 1,000 instances per category
‘5 3() ‘\ e ®,
E \ 2
o AN %’
2 ) ¢
S 20 \" 00 g
= \ N
= \
B N\ N
S » e N
N S Y )-
& \ ""éocf% \‘9\
L L sa ‘6
~
101 ~ e
10" 10 10? 10° 10°
Compute (TPUv3 core days)
[Znai+, CVPR22]

[Nakamura+, ICCV23]

1-video
SSL

1 real video
is enough for ViT pre-training .

OFDB

1,000 synthetic images
are enough for ViT pre-training

[Vonkaﬁaramanan DCLR24]
Best Pa

¥ cvpaper. challenge

https://hirokatsukataoka16.qgithub.io/

CVPR-2024-LIMIT/ KYUZSH
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CVPR 2024 LIMIT Workshop
ZLDFZEERFEITNITRONT-VY—ZADNLDE

Sim-to-Real

Domaln Randomlzation
[Shrivastava+, CVPR17)

Noise
[Sundermeyer+, ECCV18]

[Baradad+, NeurlPS21)

Formula-driven Learning
[Kataoka+, 1JCV22)

1 -image SSL
[Anderson+, WACV22]

[Asano+, ICLR20, ICLR23]

Learning to See by Looking at

Visual Prompt Tuning
[Shtedritski+, ICCV23)

Representation Learning from
synthetic images

[Tian+, CVPR24]

Keyword: Synthetic Data,
Adversarial Learning, Data
Augmentation, Domain
Randomization, Formula-driven
Supervised Leaming, Visual
Prompt Tuning

&8 cvpaper.challenge

https://hirokatsukataoka16.github.io/CVPR-2024-LIMIT/ &YSHR
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CVPR 2024 LIMIT Workshop

O Invited talk 1: Phillip Isola (MIT)

a N=0: Learning Vision with Zero Visual Data
O FEEZENVLLEVEEETILOFEIZDLVTERA
O (1) JAXDLDRE#EEFE, (2)T709 33T a—KM5DGenerative At LR EREREFE
, B)LLMIZE D EFBPLERDBIE, IZDULVTEREA
QO FFME http://web.mit.edu/phillipi/www/bio.htm| Z2Z FEEELTIZ LN

— (1,2, )W LDNRMEETILEE(I e THAHELZELF !

X Invited talk 1 Tl&[Kataoka+, ACCV2020]~D5I AL HY, TAREITHASAEZRL TN TIELLY !
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CVPR 2024 LIMIT Workshop

O Invited talk 2: Zeynep Akata(TUM / Helmholtz Munich)

a3 Learning with Small Number of Images in Multimodal Large Language Models
O Zero-shot Learning*®Explainable Al FcEXE
O EBEETILARITIT AT oEHIAD Zero-shot Learning [CDWTHZEL TE=/\1A =7

O MEE&EICLAHAMIZDOLNTERBE — ®H(ZlEDecision TreetLLMIZ & BEBAZINZ TLNAI &L
HY, HARLAMBITHMNY DT UL\ THGER B % EREA

- E‘:AFEﬁlﬁ \b\bj‘bj—L\ﬂ/[ib‘iLjiig . (##1ﬁvj7bt b2o TR MYD5N?)
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CVPR 2024 LIMIT Workshop

a 2

A

HDD—0 a3y BEERAT

A BEFEE-A—JI - RRAI—GBEEDEVNCRROENT TRERTRA -, ERENMEEST

WT, BfFEEFEIHEEYR IR - ENANEETEZVRR[ERL:

QO 7—02a3y7dRIEEIZNSTILEEL, CharbiBEAV/AN—E BN L—TEYL) S

A RRZ—LIBEFR

EORBERT, FRLTINI-ESAITRE !

KREA—HFTAF - BERDOHALGTERKELTREEE~AD AN E/EoT !
ERNDREAYZEIET HIEAEFEERIADF—"?
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WS Urban Scene Modeling(1/3

0 BHMERGETERASNIEYDIRTET VT ICET HWS
0 X EROM, MR REEMNL

)

DEMETIT DaARToa L

a A—HFAHFILCV-CG-HIZE%H S

Organizers

J2Q

B, S EFREET D JEL

https://Jusm3d.qgithub.io/ kY&
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WS Urban Scene Modeling(2/3)

g AVROBIRIBEEND VA V—TJL—LEHTET EERY
1 SEAEGRISEBIRD I VY—IL—LEHHETS
3 OVRTAL AV DREERETIE. LTORNDFEEMN
DEHE & D TE &S0
Q& EHEH S HETELT-TE A DRI {T
RIEAMNDTANV—IL—LEEKTS

HAO: BREOODAY—DL—LA
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WS Urban Scene Modeling(3/3)

o AVRQEBWETIVEERT 2R
O RHEICEMETILETAN—TL—LIZEDWWTIERT S
O aARTAIIAVDFRERTIE. UTORNDFEN LI
DEEZF 2R TEIEBRIZEBR L TCTO—F
QRO HEICESE I EL - O—F—EHRZEMLTES—FEa—F—HF
Q@a— —tEFER ETransformer[CA AL TIVIFHETE

Fa"
/ \ ey b A e
4 -
p ww a . . o s
/ T "3 ' ¥y g T
Vi, 8 2 3132 . - ol l
VA . _ \ Backboo :". k RE Rve 3R & ol B ..'o B s oy :
AN\ 3D point cood . Sww Ralcr sSwmE o0 e o Fdge
/K \ . SN et o F ax d g | D TN Transforseet
S \ > | L | R e B gy
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(a) 203D oo (5) Fdge detection

FRIDFE
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https://building3d.ucalgary.ca/index.php &YZE

== cvpaper.challenge

92


https://building3d.ucalgary.ca/index.php

CVPR 2024 M &EhE] - ft=(92/116)

WS Computer Vision for Science(1/3)
1 BMESH TV E 1 —42ECa B MiEFEERLTLS

el

TEITZL

o Aldsciencel 2B 9 AEE BN 2023F(ZCVPREICCVTHREIN B L,
O32=T4ELTIEaVEA—3E 3V ERFESFOREIZE LA H SN
CVPRTERIZERNSHEEIT D10

a D023y %fKCET. ERERITOEREERIETHIHLDLHY.,
512 . Aldscience NCVR EF CHILEEFISN SR BEME NS LY

https://sites.google.com/116yu.edu/computervisionforscience/home &YZE8 g CvPaper'Cha"enge 93
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WS Computer Vision for Science(2/3)

o BEFFEEEZE Y7 YT Computer Vision for Coral Science

3 KAPTHRELEERE., CVAETHRHON S — R B REBRELERT HE
BOAYGTEDEZEZHIFITS

1 BIAIE. KEEETNeRFEEITTHIGRICIE., AIEEZRDET) VT %
TRILHEBEBRDENR LTS
=>H|ZCVHliZsciencelZIE AT AT TIHK R A NSFAEDIRNEE

train image - cdean train image - backscattes novel image - clean

ural_Radiance_Fields_in_Scattering_Media_CVPR_2023 paperhtml &Y&# E= cvpaper.challenge o
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WS Computer Vision for Science(3/3)
1 BEFEEZEYI 7Y 7!
Computer Vision for Heliophysics & Astrophysics

2 KEMEZOAHTEIEBRFERMMVBEENICELONTESTHEY., RBFEN

T— LIS T BIEEY ZNAFEE (o1

o JAFR—I)LOPBICIEET AL T—2ar  HisT —30 0D KEE B EE

[(TAREA AL LNS

MHEENRL

NN
Hobloprojective Longtude (Solar-X) [arcsec ]

— RS EICEREA
SNAFHDT —3L&
CVHEiTIcL 2 BEMEIE

H(Z

https://link.springer.com/article/10.1007/s41116-023-00038-x#Abs1 &YS R == cvpaper.challenge
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SRITIRIEDEAZ(ZBH T ST —0av T M3 DEE
a 1st Workshop on Multimodalities for 3D Scenes

a Open—Vocabulary 3D Scene Understanding
a ScanNet++ Novel View Synthesis and 3D Semantic Understanding Challenge

2024 MDCVPR

2018 (L2005 AEED

HEEYAT—2aY TILFE—H)LIE

: > A—ToRFrT3)—It
IR 2 20 ]
LU= 10005 X1k

http://www.scan-net.org/ &kYSHR g CVPaPer-Cha“enge 96
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1st Workshop on Multimodalities for 3D Scenes

a Title: Unified 2D/3D Foundational Modelsacross Images, Language and Actions
O Speaker: Katerina Fragkiadaki

NETHRICHEDODNSCENZ o= 2DEIDEMET HREA

U (Y . .Unify ZDand D m -
) nlg 2D‘3D Permpﬁm 1 with diffmm Mﬁm%m ONe mode]

encodings
2D pre-training

*3D scene foundation models help robet
manipulation

[T =

— v " —

Opetne, Porg ot ol_Naw

o Useful 3D neural scene do not require rendering,
NeRFs, etc.,
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1st Workshop on Multimodalities for 3D Scenes

a Title: Tactile—augmented Radiance Fields
O Speaker: Andrew Owens

What does **tactile*” tell you about 3D structures??

.

Connecting Sight, Soung, and Touchin3p

Takeaways:

* Touch and sight can be putinto 2 shared 30 space

® 3D constraints allow you to “densify” SP848 touch vl
® Sound provides supenision for pose and depth estmanian

== cvpaper.challenge
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1st Workshop on Multimodalities for 3D Scenes

a Title: Tactile—augmented Radiance Fields

O Speaker: Generalizable 3D Spatial Perception and Control

IDV—VEBRBHRENLTEDXSICEETHH

Summary

Injecting Semantic into 3D Space
Explicit 30 represantation -» Plansisg Method

Injecting 3D into VLMs

Implcit 3D reprasantation < Representation for Poicy Lsarning

* How to design feature Msmmm-mmmm.
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2nd Workshop on Open—Vocabulary 3D Scene Understanding

a OART4232TlE. Open—-vocabulary 3D object instance searché&
Open—vocabulary 3D functionality grounding® 3 X7 H Gl

BRDEFEYR—IT5 ARTNARPARYNEER

Open-vocabulary 3D object instance search Open-vocabulary 3D functionality grounding
BASECTERL-MAZHE HAMEZTRTI HEDICRELTYRZHE

L AT R,

251,

_ Ny _ﬂ:‘b chllonao/ack 1) https://opensun3d.github.io/cvpr24-chall
ps://opensun3d.github.io/cvpr24-challenge/trac geltrack 2/ &\
UL enderac ~Y5IH g cvpaper.challenge 100
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ScanNet++ Novel View Synthesis and 3D Semantic Understanding Challenge

0 aAURTL AV TR FRASRECIL Ty T A TF—Sa
AV ARBORRT A T—2a AR D EE

a2 DT AL T3V TE ERDT —FEIERYELHTDZUNM00075RZHKN, #
BEAHCIREYELO I ERALEAASHELNERNT
BRAERDEZ 1M
Lt AZBETRICBDELGREMMN TESRIICT 2V B

ScanNet++ FR A SR TIXIEICERLTLVENWEEN TTAMEST
Scanhet DAY AR OB L -

A |

FRMNT AL
EHHVEIEE

https://arxiv.ora/abs/2308.11417 &Y 2| H == cvpaper.challenge o
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BEZRHRDT—0 v
d Learning from Procedural Videos and Language: What is Next?
[ What is Next in Video Understanding?
a [OF
Q LLMIZEEET 5D IE %L
Qd LLMTHL—2aVEiRaE L THOAHA
d MLLMOBE R D73 HEHRE
O LLM®DZE4$ETNext Token Prediction TVideo TaskZ fi#<
d Vision/LLMZ R —LSEBHIZTDT—R/INAT R
d HAFYHNNZEEFZZE Z TH L Top Researchert,LY5
Q bTHRETH, T2 TERNILOKAT=ZWVEIELMNEZ THWEIBEALRNDERSE
, Fine—grained @& 7 [CRYMBL CETHOEELMmBLHHIOITRELS.
d — fine—grained|ZUL\hH, T—ETESHD21B1E ?

O WMROETIVEES>TAHT, MYBTARS/MYBDHLREZROITHI ERZEZTZHMHES
(MLLMAMEI TEL TE 21 ®, DT [TRIATEHELMNEET . )
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WS What is Next in Video Understanding
Q FEEEOINANLICET ST ayT

*

chers do less of?

A/ .
At Should VIGEO resear
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WS What is Next in Video Understanding?

d Angela Yao D +—%7:Video Question—Answring in the Era of LLMs
3 PIEYMLLMAZE NS FLERVIZERYIEOH DD T, TDENTETETTLVELDI
ESLSERI AT HDD, DIRER-EENSHOHT, TNITHALT EFEFIRE
LTW%. (FzELIRERZLDIGENT 2D EH)
[d Temporal Understanding
[d Distinguish events that happen before vs. after concurrently?
[J Visual Grounding
d Are predictions anchored on relevant video content?
[J Multimodal Reasoning
[ Reasoning based on language and visual inputs?
[J Robustness

[d Perturbations on video and question
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CVPRIZ# [T+ 5HRobotics(1/2)
2 WS: Embodied AI(RENDERZIF DA DERFTOREEZEELER
2 Robotics TlZIEmbodiment gapZ iR 9 AFEH Oy FAID HL5E D RF

2 151) Embodied Mobile Manipulation:
— CVHIE & D8 i Hri5Mobile Manipulator(4 8 °HumanoidZ# 8 ) EAIZ DLV T
sE XMRY IZEZSLETIHIEKRAMIOEYKZWNZER/m I H D,
f51) S. SongEK ' In—the—wild robot teaching without in—the—wild robots |
— ICRA (RoboticsD kYT AV I A)NZHZDEEARALDDOHS

Human Demonstration

BRMEORRIZIE., AORYDIELEEIEDOLTES
T—R%ERT D EN—HRM,
—>—AT—D2DTAT47ELT, ORYEEFRALVE
LMEER (CC T AASOBETFE ER N RS ALEDFE
B)IZEST. FDOX vy T IBFE =L DEEET
=5,

https://arxiv.org/abs/2402.10329
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CVPRIZH [T HRobotics(2/2)

| EITI':“JI*FET\FHlZ’DL\fC(iRobotics/CV@fh%ﬂ@%Fﬁ%75§E?E?Fﬁﬁ§|ﬂuf:7d?0f:
Efl AYRERIIFTELHALANILBIZIE T 2 rIREZ K #E
O RAA—AEFICH LN TARYRAE LD/ Diffusion model DEE S L - E{ELIENAZ LY
0 H#EHE’JI_ICRA(5H>—>CVPR(6JEJ)'Cﬁ;éfﬂ&) ENITHT NMINFELLESTZAHD,

\ 2

! 'f‘Specify the contacq E

, ; :

i | point and gripper | =ite

i | direction of manipu- | ! M‘""pLLM

i G lating the object’ L 3

e et alie Supe. St —y— —— =y

(o DN
T *ECE“‘_‘C‘_BO'_“‘E <_ 2k
the gripper up direction is

(‘\ J'.\ As‘/n)'
the gripper forward direct-

L"_""""‘“‘l

| Srem Z
! Q)n 15 (XaYp2))
|

Vot Chaarwn? emt

Crvest Pumm Botnr 30wt Vg Vay hate

L R v

v NaaT Bt Pase Agast

— . https://sites.google.com/view/diffusi
Lanpaige Daatrc Yo u . . .
o —l N ety https://sites.google.com/view/manip on-edfs

https://yusufma03.github.io/projects/hdp/ lim == cvpaper.challenge 1o
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WS EarthVision: Large Scale Computer Vision for Remote Sensing Imagery

J

E

3

L

ESDGsD BEZRKIZCVX YELUNEDLSIZCEFTELDMNEEHRT HWS

Keynote 2f4. Panel Discussion 1#£, ?RRZ—DSA b=V T b—=0 TSN A —Z )L ITHEHMTELTOH
LSELWOE R TIEGL,. 7oV r—23 L TOE A DWS

A RRAZ—([CEAL T EARBRLZ WV =-OHA THEL TS EHER
Keynote 1=>EUDR&LYDRegulation TET=(TEEOELTESEFHMT ANEH
Keynote 224 —ARZ) 7 DFHEMNKEEZRTIZDOWWTCVEMAEHETESToTLNAM
—AR7SCVXRTHFEY EEB*LUL\B'inﬁTtL:Clis ﬁfEEﬁfﬂ“’éCVfﬁ*ﬁ%%ﬁﬁbs TORRZILIZY
Salb—2avIZ® A REFRIZITOCV X T—RR1EAITHN TL VS &= (Paper award : Deep
Generative Data Assimilation in Multimodal Setting(Y. Qu et al.) 75 &)

— A TCZZTHEMMFM (Multi-Modal Foundation Model) M Bz k5> TLYS (Paper award :Sat2Cap:
Mapping Fine—Grained Textual Descriptions from Satellite Images(A. Dhakal et al.)% &)

Panel DiscussiorfBMMFMd)Kﬂﬁ?'@ﬁ)?f:?ﬁ‘\\ $EBSDGsIZE I AIRIRERIL TESLLTHENEDET
JLIEY . 7y T T—rL T DM ELSRRBIREE TR Hof-
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WS Image Matching: Local Feature and Beyond

o 6B LGSR EE T —<ELiz-T—o avT.
Q LLMOBRIZG> TR EEEEZfRITTLNS.
Q RGBRIXF1F T, BHHSEF ) TADEHE(IR, Therma)éD T YF T LR
a E(IKagleDIMCOAUREZDT—0L3vTD—EP.

XoFTR (Ours)

~~
v - ’ -
" ! Iady -
Y | N "
)& .
8 .“
-
o Y T .
L B A | )
'

AELXRIELHRETLEGSIERRI LT O YFUT RGBEIREMEDEGDZEA ) T4RIETHOIYFT
J. Edstedtet al. “DeDoDe v2: Analyzing and Improving the DeDoDe Keypoint O.Tuzscuoglu et al. “XoFormer: Cross——modal Feature Matching Transformer”,
Detector”, in CVPR 2024. in CVPR 2024.
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AR D AFEE
—REBRP TELGAETDHAEICER T HENELL L TETLNVHDOMNE?
o HBEMETIE, ExhH# LU EE CEEZMEEN—RERFITEEL TS,
a /\wFZ &lZHard~Medium.” Simple T 5 E 73 (T9 5 ClassSRE{X T EL T,

—KREGRPTHZIEDT — BYHTEHNGA—FEZELLSEDILICELY
HEGLEOHAEZHIB I 2aEANEZTETLSD
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“onvolution Self-Attention KNN Graph Ours
Image Processing GNN: Breaking Rigidity in Super-Resolution

H \-
NN

Image Patch
Attention Window

|
|
[
|
|
|
—
|
|
—

T [T

Cropping into windows

ﬁlp O

= .@O ad © OConv Figure 4. Visuallzation of adaptive bit- mapplng of AdaBM. Results are from EDSR-AdaBM (w8 a6MP).

AdaBM: On-the-Fly Adaptive Bit Mapping for Image Super-Resolution

ﬁ
|

selel_ L T L. L ohe
U, Cropping into patches

L A
+ {0 - ([0 -

Hard
CAMixerSR: Only Details Need More “Attention” % CVpaper.Cha"enge 109
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https://github.com/icandle/CAMixerSR
https://github.com/huawei-noah/Efficient-Computing/tree/master/LowLevel/IPG
https://github.com/Cheeun/AdaBM
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FRERR D AFEE
o EED2HE/MEEWNST-BEFEDRT—ILTIELGL EBRT—IL T3 LT
BREENTIEINTWSLERKLS

a CVPR2024TCHERUFI—IDIREMNHHI-:COZT—2 Yk

COZ T—HtyriRXKLY5IA

{n) Arbitrary-Scale Image Generation (b) Arbitrary-Scale Super-Resolution

https://arxiv.org/pdf/2403.10255v1 &Y 5| A
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FHRERR D AFEE

o Diffusion R— XD FED M
O ATy7THDOHEIE
O LRED—EMHDRE
a EFERT—ILDEfEE

a1 LREMZIZEE>TWVEWEDH
SRSV RNEE

geciH-he

E~NOKD penedwachermodelfy | fo= Falny)

-LRimngc
> B .
5 Ground truth x,

(D] £ iy

x5 for baonser
visalsatoe !
~
T e

Student netwoek fp

o Inversion f3(Fg(xr),¥.0) Linerse = Luge( f3(Fslxy), y,0). x¢)
= : Restoration f3(xr, 3. T) Lot = Lase(Falr 0. T), Fy(x7.¥))

Reconstructed £4
Loo = Lpsu(fp(xr. 3. T) Xg) o—rrd

-5 ) i i as> <>
& 2 L
(e) n g h)
(a) One-step bi-directional distillation (b) Consistency preserving loss

https://openaccess.thecvf.com/content/CVPR2024/papers/Wu SeeSR To
https://qithub.com/wyf0912/SinSR kY 5| wards Semantics-Aware Real-World Image Super-Resolution CVPR 2
024 paper.pdf KY5IFH
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FRERR D AFEE
2 DiffusionETILICKAEREBEIRESZE(ZT H5F AN EMNMER]

0 KA EWRBMICELL AMDOFEED KIS
)7 IV TAT—ILEIETTTED
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a TXAKT
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FEIRIEIAR
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BB D AFEE CVPR Workshop : NTIRE 2024

a FrLUVRL 2 KIEMamba HvE 2

2 MambaSRAINTIRE 2024 Challenge on Image Super—Resolution ( X )IZ TR E e
E R !

2 Mamba JKREZEREIETILDFIA
O MambaSRTIdState Space Transformer (SSFormer)ZE A
a HATZAR—X &L T, Hybrid Attention BlocksZSSFormerlZ& > CTEHE

Team | Rank | PSNR (primary) SSIM
| XisomiMM K 31.94 08778 |
SUPSR 2 3141 0.8711 — 3 [
UCAS-SCST 3 31.28 0.8666 v
SYSU-SR 4 31.19 0.8660 n
Jasmine 5 31.I8 0.83665 g g
ACVLAB 6 3118 0.8655 o (o] o
mandalinadagi 7 313 (0.8648 —_— E — —'/ \ E — = —.6 9—0
SKDADDYS 8 3111 0.8643 @ L/ @ =
KLETech-CEVI 9 31.03 0.8633 o _ 4+ o 1
SVNIT-NTNU 10 31.03 0.8633 3 [T 3
ResoRevolution 11 3101 0.8647 —
BetterSR 12 30.97 0.8621 - s S
Contrast 13 30.69 0.8563 6 L =
BFU-SR 14 30.55 0.8560 <
SCU-VIP-LAB 15 29.78 0.8506
Nudier 16 30,17 ().8446
INU-620 17 30.43 0,8426
LVGroup-HFUT I8 2098 0.8380
Uniud 19 2997 0.8440
SVNIT-NTNU-1 | 20 29.34 0.8199 g Cvpaper.cha"enge 113
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T —3YLER D AFEE

1 FEERICHLT, OEBREZEREHLEAIARDT—HLEFENAILUEDE,

3 T—ARUEDEB: FAR VDR MER L, O/NNXMER L

0 BEFEXICEKH>TEEHTESZLE

O T—2EDMIEL

d T—3DRA U TDEFEILITS
(FEEBROFHICEEZF-E5)

EREROI=ERETIVEFALT

T—A R DEBRZE T HimXH

2 TETLSHSEIIIZRLS,

H
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WS Al4Space 2024

QO FHTIFORERERICAIZEH
1 BYFEIRTLAOEZHOERRHAL OMEGIHET—SOTE, RADERRFELL)

BiG/EIRE TODI Y IV IZAIARILD

Al4Space 2024

3rd Workshop on Al for Space
In conjunction with CVPR 2024

Time/Date: 9am-12: 15pm June 17,2024
Venue: Seattle Convention Center

5| A: https://aiforspace.github.io/2024/ g cvpaper.challenge e
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WS Al4Space 2024
o FICAIBHEOFEROEBHETEDHR N ZLNM1/2)

d Exploring AlI-Based Satellite Pose Estimation: from Novel Synthetic Dataset to In-Depth Performance
Evaluation by Fabien Gallet

O FHZEMTIEIREOET —FDOREIZARMEX
— AT OFHZEMEE120,0008DDBEERL

(a) DI sample, nominal exposure. (b) D2 sample, overexposure.

Figure 1. Examples of RAPTOR dataset images.
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WS Al4Space 2024

QO BICAIFHEOFEROZRBHTEDRIIZLN(2/2)

d Monocular 6—DoF Pose Estimation of Spacecrafts Utilizing Self-iterative Optimization and Motion

Consistency by Yunfeng Zhang

d IDETILEREZEL, MKPNetO BE REZEILICKYERBHTEREDR L
d FEHMOEHEHTEDI R SPARK 2024 Challenge T34

[d Revisiting the Domain Gap Issue in Non—cooperative Spacecraft Pose Tracking by Kun Liu

QA FUSAVUFR, ATFA4VFE, I534:D3T—X

1 SPARK 2024 Challenge T2{L

Team Translation_error Orientation_error

Pose_error

csu_nuaa_pang  0.0252

lucca 0.0243
juangilai (ours) 0.0335
igodrr 0.0823
yanl) 0.0335

dwoiwode 0.0739
nalixvignola  0.1303

0.0187
0.0448
0.0843
0.7214
1.0362
1.4460
2.1407

0.0252
0.0508
0.0934
0.7417
1.0454
1.4651
2.1741

SPARK 2024 Challenge Spacecraft Trajectory Estimation
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GenHowTo: Learning to Generate Actions and State Transformations from

Instructional Videos

d BE. E@g. FERDS, EROERERSHHD, Actions OYHAR BB LB DEREEM T 5% RV EFEGenHowToDIZE, SeentUnseen
[CENWTHRGYRELNESoTAZRHE,

1 FiE: HowToETAT—a2tybh o, FIEIOWIARIREE ., IREEZ B Action. REDYIAREDEGETF AR D TripletsZHEL. KFAEZE
T—3vhEB/ -, BRET T RARDRT M5, ControlNetFN—R ELT=DiffusionET L TEA— 7 YREHREZE LT S,

[ B3 ModularB95ET ILEES &, Hallucinationl 28 L THo LMY ES ? ATy T MM EZ 1154 . BRIDIKEE[LE NS \Consistent D
AN AN

DATASET ACQUISITION

INPUT INSTRUCTIONAL TEMPORALLY LOCALIZED outhon ACTION AND STATE PROMPTS
VIDEO RS initial state f'-"’" 7 action prompt P,
frame I : & person cutling
;l‘ p’? Self-supervised - v an avocado”
Image captioning
‘r J temporal detectnon del
model mode (6] “avocado halves
‘ on a chopping board™”
fma! state state prompt P,
frame I,
MODEL TRAINING FOR ACTIONS MODEL TRAINING FOR STATES
input initial tavget action mput initial target final state
state frame I jnput action frame I_, state frame I jnput final state frame 17,

prompt P Er prompt P, ‘ o o
“a person cutty L “avoc ves
@ Ewond. W GenHowTo 0 0! h Q on chopping bowe B GenHowTo % § 0 i\ i
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I_

arnessing Large Language Models for Training—free Video Anomaly Detection

d BE. EFAH S Training-free TanomalyZ T 34 R I B LU FEFIZE, AnomalyiR DR B F—2DEHEAAFEN MBS, £f=. Anomaly

MRAN—RXATEEHLIAREL, CCTLLLMIZEEN S EEITENZH AT SEENZAnomalyiR H ITERAL . FERANWT ITEHORFI—
ITCEEFHDETILEYELELSoTAZER,

d HE: MEEEAHETEAL. BEOFENFICEBR—ITHo=. LLMEAnomalyiRHARIADERLHTLLKRA TR,
d =3 FREFVIMELLME RS L3BRETIT > TS, ATy T 1TlE. B v T3V TEBAVIMTE FAMSE MM DEREF v T3y

T5, TN LEBETTANDFBLUETE YT avE ) —=200 9%, ATYT2TIELLMEFIAL., ) —=2Fsnl=F v T av iR
HAnomalyi@HHZ TS5, ATYT3TlE. ETAETEFACND LU E LM vl 8272 VLM TAnomalyZ!) 7429 5,

A B EBAR—RVIMEE TAR—ZVIMDBE THE - I7A VSN R E1THE>TU S, VLMELLMD BUVE .,

State-of-tho-art methxds Vg
I ,

ully-sapervise | One-clas

/// 86

n
€ sod (d) Unsuperviso Traindng-froe psethod

, st | -
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OpenBias: Open—set Bias Detection in Text—to—Image Generative Models

(d HEE: Text-to-ImageET /LD /A T X% Open-set CHEH T 54 R4 - Fi%OpenBiasDIZZE,, OpenBias THEH L 1=/ 31 7 XA AR D $1 i &
LY, RERIZ KV, Stable Diffusion 1.5, 2, XLICEENB/ (T RAEFKRELT=,

Y : BETF D Text—to-Image BT IILD/NA 7 A& H [LClose—setFREMNZL BETES/NATANBREM THoT=,
FiE: LLMASTXRAMIEENBAREL/NM T RADIEEH%Z0pen-set CTET R2#L . TDREMTET )L TText—to-ImageZET79 5. x&
(2. VOQAETIILCERSIN-EEHFHICELTHO /(T ADEBE TNAT7RAERE - EEMEHEE1TO.

B8 : Open—setCNATREZBHITE7AT47HEBEL, Fi%(EL 2T )L TStraightforward, EIWR>THFIL/NATRELLIEZLWNLT R
#XATH2ONMNRIZES,

L OO

Foddier s & boneball cap o0 & wooden beach™ “Somall chuld harryiag towand a bos on & St pond™ The Lady i sianing om the boach hobding hey damddag™
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MuseChat: A Conversational Music Recommendation System for Videos

_ Output)

=i

d BE: Human userEREELEA S, ABETAHIZERE ( . )
Recommendd % FiEMuseChatDIRE , BEFED KIREE Vicuna 5

FAF -t ELMERIRL TRBOSEF sk (2[4 LoRA J

zIRE, A T PromptY | 1 1 Response |

O St BE A AR DpreferenceE B ELALNED  feljonm e ,-‘-“‘I"i*“»‘“ﬁ;“ S

M %LV, MuseChat TIL Xt EED 2 = Tuser preferencelZ @ Linoar Proj J [3(1'9;1 Embedding |

€ > TDRecommendationmM TE5, MLLMD I T, FH ) EEE ”

ZRecommendd S DIEEHGEZ IR - R AT gE &7 )

z. [;iq AST Encodefj [ Text Tokenizer |

J EEA8: ApplicationE L TITE B TERAENE L, FEIC ,P-(\-L ___________ [ K

ML CHE TR BB TE SMusi-LLMATEEEE I I

25, F— ity MEEOBANEEES, sion e N CC Ll

Music-Reasoning Pair

R L L L L T T TR TTTTEPEEEYTETTPTTTT GGG
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ViP-LLaVA: Making Large Multimodal Models Understand Arbitrary Visual
Prompts

J S MMsOE{&Region A\ — R BHEENE S HHEMA DIRE, HW DRegionE 5 E T DPrompsEIRZ 5, Visual PrompsE L EIE D £ 1ZF 43T (alpha
blending) CLIPZa—4 —IZ A H., FDEFLNTI=Multi-layerDFEEZFMLPIZ &L Yvisual tokensZF 3, Instruction tuning® E% & Ttext embedding layers, LLM
TaE%finetuned %, IREDVIPH Visual TWE EE D Region N —R BN F T —I TSoTAZ R,

L ER: BEF OLLaVAOMINGPTAE DLMMET L hSRegion N — R D BHAEN AT LTS, =, BEFE DRegion£ T F AR THE T 5 F ik DRegionF R AS
FEFZXobounding box#E TA—H A B HIZIRALMEE DB D, ViP-LLaVAITIERegionZFEE T H LT, SOTA% RegionsR i AE NZE BTz, Fi=. #R. KEN.
Y= G ERKR LT D A AVisual PromptZEik,

D B - EHOEESOMEB ORI —EE DT DEHRMEEIZDOLNTE ZE TN Correspondence DR MN TELHDMHRIZEH D,

T Among the regions with red, biue, and green @
\‘-—_,__‘ crches, which two share the same content?
CLIP Image D he
Encoder Larg'c man with
L e blue scnibble
w_,_--"/‘ 15 iry to
P _tes ' l‘anguagc carch the
f\ Fusion & LN & MLP ball in a
Model baschall
game
— because his .
() : what is the man marked Embedding A hand are ... @ The two regions with the same content are the
with scribble trying to do? Laver red and blue drcles. Both circles contain a train
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Improved Baselines with Visual Instruction Tuning

= ZHUL\LMM LLaVA-1 5% E, 1RV FI—HF—4t vk i o o
TSoTALYEEL ZEHK, £1-. BEDOIMMOEE LR TR ELS t \
TSRS (BOOKER T F AR T) DR B A R N
ELV(A100—TI1BERE), ,

D ﬁﬁﬂ_COHtrolled ZET. LMMsD B R TH AU EEERLT-, : ohs 68.2 [11.6  SQAIMG

TEROVOMEBWERLBH ot ERZGridsITHEITHE
T. LLaVAD b > LSRR E DE{R &G AT HE, LLaVAD FEE

T—ADI5%DRBEZT T THLETILOHRENHEYE L : A
L\o :ET)[/'U"rZ tT—’)'lO)ﬁ?ﬁ\—T—E' %:nt%&ttﬁ“_d_éo ' 1531:3 ) = :’U"‘? ==
d Fik: LLaVA-158E ELLaVALLERTEIZZDDEWLAH S — e s
MME
:MLP cross—modal connectoracademic task related data® {# :::;oc::mw enugs fodel (ckie vi.5139)
H. wava fogr DDDoooERE ooooo
QB VA SOEBEGRBENSITELTLS, overs L | T OSREmX ) Lo
Ee - vision encoder (CLIP VIT-L/336px) ()
et i unusual about
“'); 16; this image? '

# Traning Samples (M)
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Binding Touch to Everything: Learning Unified Multimodal Tactile

Representations
0 EE: MEraE.

[=J==N

==z ar ==
. B P

(2. Touch-LLM TR Mo E A HERT E B AT EE,

3
L
3

TR ERFOCLP, #kRAEMEIRVEMH— L=, F-ELSME L S—E 5 IG AT EE,
FiE. MERFEHEERE DContrastive Learning TR RIZFE ., TDR. GERBEZEBELTHOER)T1LYVDEE S,
E%38 : Touch-LLMMDE ELY, Robot manipulation| SEHTES, MMIENFEELHA, ESLN=F7ITVr—2a3 0 TEZSHHME

(Zero-shot Touch Understandingw

Text peompts:

Input touch

Casses

N

Cross-modal Retrieval

Audio Text

Image

“tis
touching
the stnng

Guitar of o gultae

Touch-LLM

of objects in the touch image?

Input touch

-" 1 I'1 j 9 A
: \ . .
(Jeﬁcfa ed Ir"loge \ :
Can you tell me materials and hardness ®

Reference

Zero-shot Image Synthesis with Touch 3

Resty’ od l'nage

Input touch

Onginal image

f

The matenials of the objects in the
touch image are likely to be rocks, or
stones, which is a hard and durable.

i} By

im touch
E i .

. TN

X-to-Touch Generation \

Generated Generated

touch

Input
tex1
The surface
of densely
Woven of
coped
carpet.”

Input

L) OEEBET ILUniTouchZRE, -, BB Y —%FE TZSsensor-specific tokensZE A,

UniTouch TH AR Lt RIBEED ARV EITA S Zero—shotfit BE2HE ; it B RIEMNSEE - BFE - TX AL DRetrieval, B{REAE . X-to-Touch& K, 45

BIRLI B,
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OpenEQA: Embodied Question Answering in the Era of Foundation Models

H

H
L
3

#E%E : Embodied AgentD =8O D KR T —F Y bDIRE, ZDDE—FZEAEEICLIz, E—F1 Episodic B BIBIAN L EMZRE; E—F

2: Active CIRIEIFER LG AL E B ZEZ,

FiBt: TSI DFRELNA, ETEFET— S IMNEIEITIaL—L 3V BEDH T, OpenEQAT — 447y M EEIB HEEpisodic B E]
ANEAEEIZLT=, FT=. Open—Vocabulary CERIEIZ T HEZAHHTLLY,

EER : GPT-4VEHKRELIZFELMLLMZEZES>TH, AL ANILEEMNKEZLY, 4512, Spatial RelationshipsiEE [ F ¥ AL L,

%48 . [/ C<CVPR2024MDEmbodiedScant 818195, Embodied&ELLMIE LK, GPT-4VA E#{FE 5 TH . EmbodiedIRIEDRIRENF o ALA
IWIEECADEALY,
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EmbodiedScan: A Holistic Multi-Modal 3D Perception Suite Towards
Embodied Al

A % . KX3R#%EIndoor Embodied AgentDHFE D=8 DT —4+ v EmbodiedScanZ {2 % , EmbodiedScanTlZ. First Person Viewd®RGBDE/E A
M5, 3RIT—2 D O0bject Detection, Segmentation, ZL T. LanguageH 53D Grounding’iE D ZRIE1T,

d FBM: SXOELUT =2 b OEFRENR ALY BEFR Y TIE. AH D HolisticBI%E3RTL —> . TN ELLEL T, EmbodiedScanTILFPV
MDRGBDENE,

d Fik: ERHGR—RSAUEEELT-, HBiEIX. MultimodalZ#&3Encoder&42 24 Bl DDecoder,

|

%38 . AfEA =L \igFirst Person View A 7IMEmbodied LLMDFEE M KL UK,

EmbodiedScan: 5k scans, 1M ego-centricimages, 1M language prompts, 160k instances, 760+ categories
Real Capture (Ours) Multi-Modal 3D Perception

Find the 1able that is closer to the counter, it is
farthest feom the chair and in front of the (oaster
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MultiPLY: A Multisensory Object—Centric Embodied Large Language Model
in 3D World

H

H

BEE : EmbodiediRiZE 41, Multisensory D& Z IR fZ - Interactive TH E MIIZ A E 4 Sensory D IFHEVG TEAMLLMET ILDIRE, F1-.
ChatGPT# #|FHL KfR#&EMultisensory InteractionT —2 Y FigE

M BEFEOMLLM(EXMultisensoryDT—ARZFIBEETEDHET LALLM, Active TMultisensoryDIEFHREF>TxEET S BLEIZILTEE
B9IZMultisensoryD T —24A%Embodied SceneMLEIGE TEDETIILMNIFEALL L IRED AT LEEEE,

Fik: ChatGPT., BEED IR T —UIRIBEHMID T —42 vk, 3R JTTMUltisensory¥){AT—42 12y kObjectFolder&Objaverse’i E&FERAL TT—4
T yhEREE, 3D Scene GraphZ 4L T. Pretrained LLM®Instruction FinetuningZz & #2175,

é Interaction with Multlsemory Environment )

<touch>

L}
L)
)
'
)
L)
! 1
' Q: Is the donut ready to eat? v
3D scene graph —>A: <scene> @ <\scene> <ambient_ sound) B <\ambient_sound > | heard microwave beeping and
Audio features BB | plan to go loward it <salect> <n; |v19| e Mcr nav-gabon | see a donut <select> 3
..................... <touch><tactile> [l <actile> <temperature> ll<\temperature>. No, it is hard and cold.
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ChatSim@:Editable Scene Simulation for Autonomous Driving via
LLM—-Agent Collaboration

d BT 3L —23 ) — UM CTTRETRELFEZDIRE, IREF EIXLLMEMulti-camera NeRFD#EA T, BFEE M Dflexible TV — %
ﬁlﬁ%ﬁ]’ﬁgl:bf:o
O HFHE-£8: AEGZOZEE TR E) DEROFLOLVFEDRE, CNETOBEFE (B 3RTHEE. NeRFRFX, 3RTV3a

L—3—) EERT ERMLEY—2DUT7)T1- BB, T SEANICIYBENGIRSE., MAVGFLWRSE. RELY—UZ2BHRED
EZTREICLT=. £ERR D EERFHELEIFFEZRIBIC EEo1=,

d FE:
d #E#HDAgent (LLMAR—X) ACollaborateL. A HENF-OAT U REBITLENLL — DIREZITI £1-. TNEFNDAgentlTEFTELERY
[CEPLIVERETER,

[ Multi-cameral 23t [ ATREARZTLL\NeRFFRZZFIRE,

S~ T o g
Make She wcere ChatSim
crowded ard move
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S

POC: Imitating Shortest Paths in Simulation Enables Effective Navigation

and Manipulation in the Real World

H

H

BIE: 2321 —3 3 155 TShortest Path PlannersZImitation Learningx 9 3 FEZZFIRE . IRE DImitation LearningZd KFREL 2L —3
T3 YN TEELFER. Unseen sceneERIREBETEMEEZ ER (FIRIES0% L EDEE),

Y KEEDT7)T4ENE LT —2 1ty Tlmitation Learning TE L Sim2Real DIEEZERM T A EERLT-, &L Sim2Real b BEZF T
FODRMRERLI-: D2 aL—2a RIBNDAssetsD Z4k1E ; @M REH B L Wiusal EncoderD{# A ; @ Transformer®Long context
WindowsZ iR, @F B T 2D KHREL, £f=. T2t YFCHORESZE A,

Fik: REFENRGBOAFES, £f-. A D FETELFEHLN TLVSLLMOMapping Modulels EZ{F 1750 Y, Human demonstration®,{# Fi
9 |Z. Heuristic shortest path PlannershSImitation LearningZ 4T3,

BRE: KRBT -2ty BMMEEEPolicy RN o1, HITHEDONRENLKELS, 222 —av DA TEE T V7 IILREDEET
50% LU L DEEZEBTLE-CEATEEIZES,

QTHOM V3Y
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PIGEON: Predicting Image Geolocations

d BE: SHOEKOEER/ 1 REGID. ZDBFOEELHTTIFEDIRE, thIBEHR. CLPOF A TIREF EAARBD
EFRIYESEEEZER,

&84 BXFF % (L (TClustering Ot L F B 4 E % AL TEIEA— X TGeolocalizationZ 1T, ZMD1=8. unseentBFT D HE E 55

EMEL, REFEIIHEBFEROFAS LUCLIPOF| AT, FFELGHIEFER O THEL \geolocationDFFHEZ T ILFRRY
—GEI'?;E.F L/T:o

[ B8 Wikipedia’s & D15 TEIZEE M Geolocalization TEZS,

ree.on sarire 1MOONrg

- vooro t
. . ¢
Vet ' v
- - .
Ty
4 3 IND A || swpelng
- - el .
‘ -, I e Hav() - ° .-
ce<comore geckeds ay, 25 .
on e 83, p——
L o

o = ‘. :-:0
N e DGR B T
-,,.——_‘ <ﬁa ‘_-/—’,/ ._1
L— ol weiecs oorsineles
Horsprchic ol guas refvament gﬂu )
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CogAgent: A Visual Language Model for GUI Agents

H

H
L
3

BEE : VLM-based GUI AgentEAgentDFE DO D KIFET—F Y EDIRE,, UserD A F1EGUIEE A5 . UserDDemand|Z& 1> TGUID
BIEDEREIRR. —ERMEDFELGENTHE,

FiiM: GUIDEE EUserDDemandh D, S5 E CGUIDERAZ Y R—FAIBELVIMERE, EFDOFETEEETFANOHTMLO #% I
THEDOMEWN, BIZT/T—2arLi=T—32ybDRELFMEINS,

FE: Encoder-decoderR—XADVLMZFE, £f-. GUIOEBEEEFZ DO D SR B EEEZREZI I—RTH5ED1—ILEFER,

B ANEAZEDGUINE DLIITHESTLLKDAD RIS,

& User: Could you guide me through the steps to “change the display mode to light mode”? Smartphone Agent
o I - raa “ve
' . ~ Conguoy & B upomere

72 Py (Soaagem:, aca e CogAgent: Touch the CogAgent: Touch the

-~ P l.h" :(..mn.thrc arca of the screen where area on the screen that

5 fio Sane ot the ‘Display & Brightness' corresponds to the ‘Light 3 I

e ;- located. This .u.lum s text is located. This action op(ion under the F

. to open the settings menu aims 10 open the display 'APPPEAR ANCE' >

where you can proceed
with changing the phone’s
display mode to light

scttings where you can
proceed with changing

section. This action aims
to switch the display

I 0
g <1810 #

@o 4 mode the light mode. mode from dark to light.
2 - l()pcr.ulmn]. |Operation]: [Operation:
tap [[396,587)] tap [[450.911]) tap [[305 234]]
> > < :
o a
“ @ B

== cvpaper.challenge

132



CVPR 2024 Miw3XHY<')(15/122)

Wonderdourney: Going from Anywhere to Everywhere

O BE: SFROE®/ R TIFANDS, SRFTHMIC—HLTOWTRN ) — 42 HZ—EDEEE £ LT 52X Iperpetual 3D scene generation&
THEDEE,

O Bl SRR AL . BEOFENS—ROBEREROIRTL— DERA BN, 0 THIRT— B ET- R DERE R
#1THoTL%,

A 3 EHOED1—IILOEAADHEModularF %, = LLMTY—2 DR ETI BEED1—IILTO—UDIRT— B ZHERT 5.
VLMET L TR AN LB ROEDET 5.

2

B BEOETIL(EBERET /L. LLMTRR—!)—FET /L, OutpaintingET )L, SRTTERETIL) E5FHAAHOE THELEREER
TEf= ETILDE/NR—VITTHHHTIIELD, ETILAEBBELOT U, FEFLULEAEZTRVEE - BEAENEDS 23R TEE>T—H

EROLIAIEFH TSNS,
Input Scene description generation Visual validation
A beoutifil viloge Scene description memory o Next scene description Re-generace
- LM > -Scene i+ 1: Snowfleld or go Are there any wowanted effects n
l « SCene . VWage f\ the generoted scene image?
Unwanted effects:
Input pairin, - Painting frame
pute & / Photo border
A beowtiful villoge Visual scene generation Out.of.focus objects
deg {
& w ol \.j
&'_. oo o #  Yes - Regenerate
®RE Submit the scene
A WO 9" VLM No -« Generate the
et SO
Point clowd Rendered partial image Generated new scene
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BEHAVIOR Vision Suite: Customizable Dataset Generation via Simulation

d BE: B ALCVARIDFEE LETMIZ;E A TEABEHAVIOR Vision Suite (BVS)ZIRZE, BVSTIXU 7T ENB NSRS —2 EME M S8
B9 5. RIEQORBAC, MEADEM - IKRE- M EREFRZEIEIETRE,

O HRM: BEAKREVDH D, HRECVARIEFHE AL ENBEEN T —2 b &YEBND, FiEADomain shiftlZxtLTHA/NZMEHEEE
A BE, FT=. Sim2Real transfert, FF{fi AT &E .

A BE.-MEOEM - REELIaL—arTELECANELY, Human modelZ AN D EL-EFERBEMNENYFS, Sim2real TEBEH M

Ry
BEHAVIOR Vision Suite Applications
8000+ 3D Objects Customizable Data Generator Controlled Evaluation of Vision Algorithms
w/ Controlled gencration
Camen pose
Lighting
Object propentics

Oyect States / Relations Prediction

1 N " - - .

Object states

Spatial relationships
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GeoChat: Grounded Large Vision—Language Model for Remote Sensing

H

3
3
3

BEE : Remote SensingBl{& (& It L=MLLM&EMultimodal Instruction—Tuning T —42tEYrDIRE,

MY GPT-4VEEH TEEEDMLLMARemote SensingBI{EFREIZTEREM L D, FT-. BEFEFDRemote SensingD #ZE HiFixed-sized T —2 vk
TIT31 DM E< . Open—vocabulary CE]FFIZRecognition& GroundingM CEAET ILMIBE SN TULVELY,

Fik: FEAEBEOMDARIZE T DEDOMLLMEFELL, FF KE/EInstruction—Tuning T —2 v rZHE .. FDMEIZVicuna-v1.5Z&FHALELY
OANTI18kDT—E3 1y EHEEE, LLaVA-1.5&L0RA fine-tuningCEH L MDMLLMZEE

B8 . L LMZRemote SensinglZ/ERLT=fl, BEF D E D Remote SensingDIEZ— DD ETILIZKY RS AIREIZLT =, RET —2 YLD EHEH
KEV, BEEF 1R TIILE BERIZTHELMTEELDONIEZZS,

Referrieg Expression Region coptioming Image Description Visual QA

[VSER) [reder] Foottat JUSER} Jatify) What s [VAER) Con your ploine

[USERD How mamy faomtall
grond on 1he rght sde presev’ » s wres’ AT Na mage w el

g o) Leining T
- e

FTounde * P treve
g Tha Mg o o8 surd v of S '>“ .'
1 i # et complan wth e NNt rete
| i - e Canter t0ov5ad oroewi
-4 i : § o
y - the Bettem The festhod ™~ e
prevet

Pasd we e mmind Ly
tree

H Large Language Model |,
<im_stort> MLP Adaptor «im_end> [task specific prompts]

< Sytten Messager

A Chat Detween o Cureus QLIP. VT
human and on ornficd

nteiigerce asuitant

The ceuistant gves

helpd . deroled. ond
polte orwers 10 Tthe
humon's Questions
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Pixel Aligned Language Models

[ HEE: L LM% Visual Grounding|ZB G LT-1RE, EIE CEHRLEAZ /T X RAMDMA B HELEED A M D, Captioning, Localization,
Word-GroundingZi EZ1TIET ILPixelLLMZIRE , B DA FI— TSOTAZ%:Visual GroundingfgEZZE R,
MY BEVIMEELNEBRET I AMNIZEET ZEMNTRE, IREDPixelLLMALLMAYE 1L {5 0 WVisual Grounding (TF AR OT—F M S EE D

XGTREBZEIEE) (AR H LD M TR LT =,

M LoRA FinetuningZ{#EHLT-.

J
A FE3: PixelEWordDAlignmentNEN TS T —S Y TREE, #EENL U TIL T, WordiF D EITMLPE AN TEAEE T RIT 5, F1=. LLM
J

B 7L 2T )L TStraight-forward, ERIFE M+ 27356 T, LLMAF L GroundingBE hdH 5 &% RLT=,

m’/
S —

The black dog on the screen
—

" — — . . ‘ A |
R 4 U N e L "o —— |
?ﬁlj‘ + ;ff'._sﬂ.';ﬁ.k\ﬁ\t’:" B — b ‘
(281, 100, 624, 488) |
_ = \ y, P

PixelLLM

D

eferring

a cat holding

its paw up 10
a tv screen.

ocalization

g gy
g
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Visual Concept Connectome (VCC): Open World Concept Discovery and

their Interlayer Connections in Deep Models

1 BE: 2EEFAETILDVisual ConceptlZBIL THEMR%E AIHRIL T BUnsupervisedE FEDIRE,

1 &8 BEFOFEH Single Layer®D /—RK A ALL , IREDVCCH Multi-LayerD R T EwTEEIZLT=,

d B Z2EFRAETILDIS—HDIIHEZDEZAHELY, LLMOD Visual Concepts|ZBAL THDEF TVCCEES L THI DA AIRE ?

j -
o ] = l
‘BF-®E @m & N O m N
lIllusilunllnliiz

R D
Nllillllﬂlll!ﬂilﬂl
lllllllﬂﬂ.lﬂ&.alall

&
1um

| 'I“IIIIII
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MMSum: A Dataset for Multimodal Summarization and Thumbnail Generation
of Videos

H

BEE - Multimodal Summarization with Multimodal Output (MSMO)D 1= D FH LUV T—2 Yy EFMMSUmZEIR E . MMSumZ{E> T, EH#H D 2R
(Video T F X+ B ¥ ) SummarizationEMSMO) Z Rl Rl 8, T—A2 Vb TIX17ATIY 170 THATFTUNEERSh . ABNT/T—23L
1=5100E TA NSRS D,

FHg: BFEOMSMOT 2t yMMIT =2 bORELNNEL SNILABEIN TG, ZELTARSA TGN GE DRELH S,

MMSumlEMSMOAR I DD KIRIE - TEIZAMIZKYT/T—ar -2 0HINTWST—2 v EiEd, £, Summarizeddhi-ET4 &
TF ARG, ThumbnailZ JL—JLR—XE D FEHIRE, Thumbnail BEIHE LA EYERMESLY,

B IR EEIN =2 XY Thumbnail GenerationM3—hrE TAMNTITOTLDAS TIEIERAMEE Z 5, Thumbnail ESPH->TEETHADMNARIZH S,
Thumbnail /7 S—Y TLLM®D ;& FA°Customized ISR EE ANS LA B ES,

GT Thumbnails Keyframes Textual Summaries Generated Thumbnails

¢ - 3 '
EET——— . 1
. . ™he Smooth Sip KA N 1 i .
‘ 10 'o'uu. Scimer 1he Hp Bowrce )
m 1 Siep Walk lovenad Hupes {:> e
- oot The 2 Seep Yiewl Tes N
;?J' N 2022 = ) Twist Lock & Down Chest N 4 —J J
44 - J Rofl & Hp Roll MU Shatle - - g R s ’ -
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CVPR 2024 MimX Y <) (21/122)

SOK-Bench: A Situated Video Reasoning Benchmark with Aligned
Open—World Knowledge

H

H

HEE : Situation|ZBE I 5B RANFDEAZ . Open-World Commonsense Reasoning’i &% 5Tl TE4%TL L Video Question AnsweringT —4%t vk
SOK-BenchMiRZE, LLMZERL T, M T 70HE 0T —2 2V QAN BEN E L EIT o=,

Y : /EEDVideo QAT —2 Y TIE$k L % ReasoningBE N ZEFL M TE S HY, EIRIE D Hk & 73 Situation| Z B8 L TProblem—solving®D = M
TR HEMN DT,

T3V ERFiE: > TORTRET—FEILDERAEEREDLUMEERAL-T—2EybDLLEERT , I2EDSOK-Benchl|X &0
J27&R—RIZLTWS, VLETILIZKYE TA DS NG E DRBEETL. LLMARIE T S 72 LY SLITTFT7ER—XIZQAD E
1T

B IMEFT—4F JI*EE‘Z(Jﬁ’)EﬁjL?ﬁ‘%(EO'C%T_O Reasoning o E LML ELT—2 VI I'_E( EUVTHEIZLLMAMEL T LY,

Mac(T-! ALloraNipe
T parsan did Not wse ™
- « dnsoived n water in ghass?
A The deh would be compiotely afforent
5. The dah would lack thickening agent. /
C Tro dah would lack seasoning and Lasts Bland
0. The ciah would kose its sgrature favor

Previous methods
- .
e;? Q4 generation
ah N ESIUC N ——
Resewrcron * ——"
1)
— T R E N [
LT R N R K - ~ ‘
- " S aaaa
e s e '-: [
Secn Fran COARONs QA oraft OAs \
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CVPR 2024 MimXH<')(22/122)

MMMU: A Massive Multi—discipline Multimodal Understanding and Reasoning

Benchmark for Expert AGI

[ #EZE . Art & Design, Business, Science, Health & Medicine, Social Science, Tech & Engineering’i & D62 M 4 EF M College—level D EE P& D

B RENTECEIRRETILFE—SILT—EEYNMMMUDIZEE
TELW, SEOMLLMOEH IO -OIZERTES,

d FEM: 2539 F0OEMMBICELTOTIILFE—SILT—2eyrDREAHEYHEMN>T-. MMMUIZS

%, GPT 4V4Gemini Ultrals E D ZENZ1156%E59% D FEE L HVERL

% Expert AGID 5Tl [Z;E AT RE,

R.UVII7.BE. GELGERRALBEBABREZR >TSS, MEBRET HICE. THFRMNEREZEHLEEENADLELGIDON S,
d BHE: MMMUT—4t Y TGPT 4VIEED BYTWVARLE R ELL DM T—2 1y THN—TE -, MMMUAEB DM BT AN S REEE &

HI=1=. GPT AVIZEDET LAY TICRIZZEBEEL=IgEEA H ST . BZDRWEETILIC

Comprehensive Disciplines

' Engineering (26%) Art & Dcsiﬁn

1%) & B §
'ﬁ .;ﬂ % Business (14%)
R RES
Science (23%) Humanities L:J
; . & Social Sci. (9%)
ﬁ S& m Mcdlum. (17%)

Heterogeneous Image Types

B m 4= pe
B ® O & -

Diagrams, Tables, Plots and Charts,
Photographs, Chemical Structures,
Paintings, Medical Images, Sheet
Music, Geometric, Pathology images,
Microscopic Images, Comics, ...

Interleaved Text and Images

Question: You are shown
subtraction <image 1>, T2 weighted
<image 2> and T1 weighted axial
<image 3> from a screening breast
MRI. What is the etiology of the
finding in the left breast?

<image 1> <image 2> <image 3>

AL THO L2 EBERIENDH S,

Expert-level Skills Test

txpert-level Visual Perception

»

Domain Exper
‘\ rl l l insruisti Com
1‘.';' \! ematical
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CVPR 2024 Miw3XH<')(23/122)

When Visual Grounding Meets Gigapixel-level Large—scale Scenes:
Benchmark and Approach

0 BE: FREEOXEES— OBEA S, BRH O ANOREERRT 57 F AR, BRH D AWEGroundngd S8/ 7 —Fh
GigaGroundingZig =,
3 ERt%: BEF D Visual Groundingfll T —4 Y MIREEEEDEER D (C—D/EH D LLEMIZKELZAMZEGroundingd 5, 1IRED

GigaGrounding[I KEZERHICEHM D /NEEZE & OT=A¥ZGroundingd 5. AMEHEMBERNOEET 2=ODFEDFHICHIZER
L9y,

[ BH8: GigaGroundingT—2tYME AR THEIZH DB M D, Video/\—230H13DN—3VHEHE,

B I & .‘w‘ '“r @:‘; . . .
il. woman in a green fop with an

-\
| S S  umbrella beneath the middle lawn

woman on right . - R e B> i. lower left white car

(a) RefCOCO (b) GigaGrounding
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CVPR 2024 Miw3XH<')(24/122)

VBench: Comprehensive Benchmark Suite for Video Generative Models

d BE: . ETAERETIEERETADE . TXRMNETAD—BMELRERKR 2T AT SR T= SBenchmark SuiteF 12 ELT-, AL @EY
AXFyILT=$E R . VBenchM AB D HIEFIZm LN EH Mo T=,

d FHRM: SN FETHDVideo GenerationD EFHEIEZ A AR D E D —HIEAE L EIEIHEIN TLNT, VbenchAS AR D RSB, ERAMNS
LY, Ff=. VbenchlX BT IEIETIILGL, 1615EEEZEEL TS ECAEFELLY,

A FE: M TAYUTI6DEM O EEISEL TS, SEMfiEm &IZ100 DTF A FPromptz AEL. ETILDERKEFF T 5,

M|

B T U TS MABERARL, EROEE ECF YA U Suite TIMET 57 A TAF B Aot St MDIRI T, BN
Benchmark Suite CEEHMliSL %5,

Evaluation Dimension Suite . ;
AL IR A e s e g ‘ Prompt Suite Evaluation
eoling individual models sfrengtht and weaknesses ' Methd SUIfe

. separate prompts for
B e i A T T
¢ eoth evaluation dimension —

¢ eath content category

\l/ : ﬂ@ Alignment g‘

Generated Videos Vernﬂcahon

?.* '
. '
m N |
i '_3:‘ .
'

[y —

Hu

rofYforonro '
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CVPR 2024 Miw3XH<')(25/122)

SEED-Bench: Benchmarking Multimodal Large Language Models

H

H
3
3

BE: MLLME Il 5= DFH-HRKBERNFI—VAT—23IrDRE, FRIDLANILERBHIZEEZL., 1V TYEDTE R ERE
TXACDES. EHEER. HALEBRETIAMNDEAEHLEDZEED SR ZHE AT L,

M 0 EDDETIEAL, 271D AR IEMLLME &Y SRS AT BRI L 1=,

FiE: 2830 RIEDMLLMZEEL T, EEH-HNEBELZFRIVLANILTIIRIEDOMLLMIZLILARIILDZRIIZH L TEREBLTWLT, LILEDAR
DEFELFEREDAR—ANKENIEERLT,

BE: | LMOMLLMAEZEERALTT—2yMERL. ERRaRNOF INE LS B -, BENGROFI—IAT 2 YMIRIELKOMNEE
SNTE, BRILRNILEBETEHEIANRI DT,
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CVPR 2024 MiwXH<')(26/122)

OpenStreetView—dM: The Many Roads to Global Visual Geolocation

[ HEE: Open accessD -7 StreetViewT —H 1ty FOpenStreetView-5MZIRE , T—2t vk TlH228E D5H 7 LL L D BT A AnnotationE L 1=
ERNSEKT S, BRI LIEATE R (geolocation) THRRVITERTE S,

3 HR: StreetViewT —2tYMEIABASNTVSELDAESNTIVS, CCTEMOEEN RSN, BET—2tvhEELY, 28 - TR
YT MHELGDKIICLT,

d B GeolocationZR V74 E | A THLHLWVIRIMEL - TET,

(c) Continent and country distributions of the test set (d) Continent and country distribations of the training st

== cvpaper.challenge 1



CVPR 2024 Miw3XHY<')(27/122)

Uncovering What, Why and How: A Comprehensive Benchmark for

Causation Understanding of Video Anomaly

d B=E: @ ETANOKREEREZRE - RES T 5-ODT—2EYRCUVADIRE, CUVARKRBER /EE) DT R &TD
B, ERBLUVEEDTXI ARG EEZT /T—aV LTV, -, FiT- M IEIEMMEvalZF12 E,

O 8 XE—OETANSRRD S EFMMICTIBRET 2y bhEhot=,

d  BE&38: /b Visual CometiRiX LTINS, FA T BIREEL SRR LocalizationDERH ASE H LY,

WHY-Cause WHAI WHY -Effect

‘ : . Traffic Accident - Motor Vehicle Accident ¢ ot i :
Answer: The white pickup truck braked to avold ., [iriion Locate the position and give a detailed description of the anomalous = Answer: A total of five vehicles were involved in
the black car vehicle in front of it, ... segment in the video. the accident, ...
Answes Duration:[00:10,00:48]. A white pickup truck was rear-ended by a white SUV
behind it on the road. _Moment Description Logical Reasoning - Effect

Vehicle rear-ended - 15t

| Fire truck ing - 5th
_importance Curve e e e ot samapeenc s szt 63

Car impacted with guardrail to the left - 2nd
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CVPR 2024 Miw3XH<')(28/122)

JRDB-Social: A Multifaceted Robotic Dataset for Understanding of Context

and Dynamics of Human Interactions Within Social Groups

[ BEE: Human social behavioriR 58D 1= D K IRHE T —42+v FJRDB-Social DIRE . BXF M Robotics AE T4 T —4+v~JRDBIZ, 3DDLA)L
DT /T—32%1BI, Individual level TlEd— A— AD MR, FE&5. Race’EET /T—3, Intra group level TlE. AR L E D ENRI7ZRS
R (—HIZI > TS, RELTWNVSHE) ETFE R, Group level TIET IL—T DA D B #, MM ER., TEHEZRRRT S, BEFEDOVLMA
JRDB-Social T, AEIFEELDENKRENILERLT=, $F(°Group level DFEEHMELY,

d M od, BEDOT—42t vk Tldindividual level%2Intra group level D7 /T—3 0 WAL T, H2EELARILDGroup level 2B T B A
Yighot=,

(d  E#: Human social behaviorZETA NSO EREETEBTIONHLL, SHITKHEORNBENADELEHLES, £f-. JRDB-SociallZ AT
HHIEHNELLVE D Efine—grained G BAR BB N T ENTLVEEZES,
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CVPR 2024 Miw3XH<')(29/122)

GOAT-Bench: A Benchmark for Multi-modal Lifelong Navigation

O B WS~ L WERRX. BBO3EATOAADS . EHEOEHDCoalE—DF DHES—av LTUKERIETF — vk
GOAT-BenchZiRZE,

Qd R BEARLFI—IT -3ty TIE—D DA DMEREE S , CCT—EDMEREIEEIZHE S Lifelong navigationZ1T5, ZNDRET. 5F
(GBEDAEY—ERBTHCET. MELIABLATES,

A FiE:. EFBRTAEY—NN—YDEEHFTRLT-,

d B S5 TEBDGaEIETDE. CNETDObjectNavZIRA I T—DDHDYAFREIET DOLAHEYRENEWNLSIZRZ S,

|
|
|

.- ..
| 1
; B S
3.
- &)
1

e —— ) MUATI-MODAL GOALS
MNCAYY Arav Y

oha
’ N
E
ey
re ;...\ baes
2ats 1 N
Mg T
|
Grrer e e
| (Tm—
C——
 ataiaa: )
) S

Ihe wivile Look o the Coffoe

| S—

::‘

N

= |5
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CV

PR 2024 DimXHY~<')(30/122)

o T T

L

lusionBench: An Advanced Diagnostic Suite for Entangled Language

lucination and Visual lllusion in Large Vision—Language Models

BEE: | VLMD E 5B LE{RIZ® L TDHallucination| 2B L TEEMIAIIZEHE I~ 57=8 DT —2 2y HallusionBenchD IR E . /NEEMN H HEIR

POTFXRAMT T, LVLMsRZ5 W\ o - EF B TEOIMNEINFREL, £/-. EERETTEOLOAEAWVNRZE-. COT—2tyrZEL
TEIHELDHARIZ. GPT 4vEEHT-BXFDLVLMs A E SE D Hallucination| 2% A {EA] , BFRIFIE N WSS TH. E{RA|DIllusion 272 A48
M, GPT 4vZEHT-BEFDOLVLMs N EEXOS EEIZREIL TDManipulationl 2850y, -, B HE {8 D temporal reasoningl 2550V,

it - E & - HHallusionBenchM #)8 TDHallucination| ZBAL TIRFEMIZRAE T A=O DR FIT—OEEER,

B8 - HallucinationFfBZH1={EAH D, EFP>TETDHallucinationZREF TEAMN I RIZEH D, HE X HallucinationZ AN EEZF
3, HallusionBenchT—A2t vk M&HFEY KREALV (346 E{R, 11298 ),

i
’
{
g
|
¥
8
!

4
i
!
i

Visual Dependent Visual Supplement
m Mash | Tabie Chart
| : o Vieasad No Ve
i == Saay = -
ouieg et i oo 5 : | =
e | | iF ~iF ~
Lty = e by e | e — A o

(L ng/l»k(
1 L
i il

——————————————————————
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CV

PR 2024 DiEX Y~ (31/122)

T

HRONE: A Hallucination Benchmark for the Free—form Generations of

Large Vision—Language Models

H

3
3
3

BEE : Open—ended free—form hallucination (type IEFE ). 45 (ZE{& CaptioningF AV &5l AR FY—-ITHRONEFIRE,

M BEEREEEEREELz74—<yb®DH 73 (Multichoices. ClassificationZi &) [ZBEL TDHallucination D& ET AN AA > ( type IETE
), __TlL. Open—ended free—form®MhallucinationZ% >,

K : Type |, I hallucinationZz B ZIHIIZ#EF1 9 Hdata augmentationFiEZIRE , E{RRIIZ. Visual Instruction TuningTET ILHOEIR F DK
DHEFEITOVNTHRET D, LEICLYMIEDEREICE D HhallucinationZ 2 H,

B&A8 - Hallucination M FA&E D & Tlk74i< . HallucinationZ#EF19 % data augmentationFiEFE TIRELI=EZANRE M DT=,

Type | Hallucination Evaluation
The image features a green i. Is there a person?
Large 2% ; - S AT Instruction Response
) double~deck bus parke 2. Is there a car? e — ———— e ——
Describe Vision next to a red double-decker 3. Is there a bus? Describe this image in | 70 image showcases a fru tand at a grocery
i store, featuring a variety of fruits or
this image bus. The green bus is 4. Is there a truck? detail sioplay. THOTe are x' R R
Language ositioned in front of the . PRSP with some placed in the foreground and othas
TG DU, ang DOth Duses are yrou bananas 1 i
jifferent ections, reating an o
External .'GTG&SS prosoentat n for customars. In o 2
-Type ] Dananas, thers are als |
Hallucination iisplay. The Are located towards the
Language B Hypothetical | 1eft side of the image, while the
Content (not a placed in the middle and right
MOdel Hallucination) tand. The fruits are well-orga i
...... od Ry y

3 aight for shoppers.
Type | Hallucinations Present and Found
MSCOCO Object Prediction from Description
Human CHAR IHRONE {Ours)

banana banana person banana
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CVPR 2024 Miw3XH<')(32/122)

CADTalk: An Algorithm and Benchmark for Semantic Commenting of CAD
Programs

H
3

BEE : CADDPrograms(ZHEIfIIZCommentsZiBIIT 53R - FiECADTalkE T —2 YR EIRE , FRIDFLLY,

Fik: (KON DBEHFOFEDHAEDLE . FTANDTOS S LEParseL, AAVMEBIMNT BEAERDD, RIZ. EHOBENISLUEY)
U ETS. RiZlmage2lmage TEIEZHREL . ChatGPTIZ LY AN /S—YIEHREB T LA 5 DEEZEDINODOSAMT/ A —YHEI|T 5,
RFBITREICKY., N—YDIEHRZERD TCommentsZBINT B,

B 74T 7HAEBWN, LLMELU AT IZKY T H AU EBOEMBETOoTWS, THFIUY—ILORRITERTEEZS, ARRTRO7

ATZICOVWTOHBEREZSOHRY. TATSLDT NI GERRIGECATHEAED, FEDE XD NERFRAELL, FEOLAEMN
EHBEW, HRIESNDIELEDDEBENSE T, WAALGHRANBIETEE D,

’lmluHc-‘
Atrglone™ |
b) ControlNet

Tel meg the waln
Mopwa'(planc
" the Porm of gt

Sure, here's o
Pytion tat For tie
i porty oF an

: d) Cross-Viem

Cross-Imoge
Voting

c) DING + SaM
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CVPR 2024 Miw3XHY<')(33/122)

360+x : A Panoptic Multi-modal Scene Understanding Dataset

A E. B3t Y — (360 panoramic view, third—person front view, egocentric monocular & binoculartE 74 . multi-channel auido) Tk < 1515
AT CIRELEZABTE T —2ybDRE, £ TXFANTEHERO 7 /T—3avd AF TEMLT-,

d 8l BEOT—2Eyb KU EL DU —EF > THREEF T oz KYARBDEL DUV EREANES BT —2E B,

a

360" Panorama

(¢) Egocentric binocular view

))) ((( - g, 360°
Front Fish-cye Capturing ‘ Back Fish-cye Capturing b Camera

o ~EN ' Stereo
M, o Clipk o Camera
Chip |
Clip2 Audio
’ 0 Channel

I ¢l

R
—_— - -

v .."\'-_.V\«’~\' N—, N
' ) Right ((‘ Proce o e
(b) Third-person Front view Channcl

(¢) Directional binaural delay

(d) Audio in Mel spectrograms
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CVPR 2024 M@ <'1)(34/122)
CLOVA: A Closed-Loop Visual Assistant with Tool Usage and Update

[ #EE: Visual Programming® O Fi% (FREZLLMTHEIL T, /MEREE TN Z M Visual Module TEL) M Continual Learning{t#l#CLOVAFIRE, [
HEECT AR TEDN—YLEESFIESHL. BMNIIEE T —FEMEL. BB 1=/ —VDEEETI,

J % BE7F D Visual ProgrammingF % Tl FIREZ HET BLLMA, /MIEZEfZ{ Visual ModuleZEIE L TLV%, CLOVATIZL., LLM&Visual
ModuleZ A 3NRIICEH TEHEMAZIRE

d FK:300TO AT S Inference FXBE TLLMZ AL CTRIEZ 2 EIL/IMEREZ FI & D Visual Module TH#< , ReflectionE&fE Tl EZEA

L

[E:& o 7=f5l DHuman FeedbackZ 5%, LearningEXfE T, FB T —2Z B EXMITINEL . FiE>F-Module DEEZITI.
B8 CLOVAIZ < Ty IIZ) yF%Ehuman feedback CMLLM®D 14 BE% R £ 95, L EE D k5% feedbackt annotationEFNH L (DHRNVEE
example T) MLLMZZ E D14 REM L IZ D% A%, B BIEIE - ReflectionmNEE , Reflection®P 21— LAMLLMTTESEBELAS,

Fin) At o Dt St () W e st g s o g () SEvE TR S
< TV e ol vt by p P pom o 1 magn !

P > S~ |!§E
~ Ve =
- " =
o AL ol » il o
- iy o

) D )
e R L () ¥ vt St Lt U The st ot b TRt

[T L N ——— ,; REFLACT Gy won Dusmnit. Lipeiiie & ,! SUiin thondld ans 8 namne ’!

et o WO e

B
_ e Y by g e
‘ — =

| |

A% s 400 SRage theut e Gy .’Ez;;.--._,.—...-......v
) S v e e of e L

e
- ’.' = Tee mutement § AN _ :: ‘.}; -
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CVPR 2024 Miw3XHY<')(35/122)

PIN: Simultaneous Perception, Interaction and Navigation

BE: BEDICIREZActive TEHEL, BERE. M ASAERE. 7T—LEABLE X2 T HTESWhole-Body Mobile ManipulatorZig =,

SN FEMBERENACY ? BEDAeent N ERDES 21— L TAEBEF EManipulationZ1%S . SPINTIZ— DD ET /LT, No Mapping
M DNo PlanningT. Active TTH F # &) &ManipulationZ{T9,

ik : Depth A 1% KRS, Ego-visionh 5[] FE[Zperceive, interact, navigated A7R!) L —Z &L T ICKYUEE,

B8 SPINZE O T, LD KIFETSimulationTEE L TEVEREREZZER L Agent N RE SN -, AR T4V XA TIEEEDOR YA
ECETTETVRDMBGIRS,

oo oW
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CVPR 2024 Miw3XHY<')(36/122)

Habitat Synthetic Scenes Dataset (HSSD-200): An Analysis of 3D Scene

Scale and Realism Tradeoffs for ObjectGoal Navigation

d BEE: 211scenesMIRTT—A2 1Y MHSSD-200%1RE , BEF T —2 Y ELE R THSSD-2000D 7 T4 EMEL, assetsD ZHEMEEE LY,
HSSD-200 [Z1&. 211K D SimIz1E & 18,656 unique 3dMIAMNSIERL SN S, Scale vs. realismTEER LR, BIFET 3y ELERT/NRE
TEWVERER USim2RealiEEZ R LT=,

O 338 : HSSD-200TERERLI-#ER . sceneD 7T EENERIE B ICKESEETHEN M o=, RERT24HTKEL\ProcTHORTEE
LI-#EEMNHSSD&Y S B,

[ B35 HSSD-200I BB EE CMIADEEMNAHELE D T, SFHKE LB A, U7 L IDREZHBOEEFICLHETES,

19.2
5 i
12.5
/
9.3 11.6
e ProcTHOR
100 1000 10000

# Train Scenes
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CV

PR 2024 DimX Y~ (37/122)

-

odeck: Language Guided Generation of 3D Embodied Al Environments

BE:. T X RAMS ., 3RT—VFERTHIFEDRE, EAMIZ. TTGPTATANDEEBMNSEHBEDAR—X | YIAER .. AR DLIERS
REER ., RICEETFDAssets TEREZ AL TH, Holodeck THERIFE I HET. BEET—FYMProcTHORELY E L Zero-shot ObjectNavi
FEEZER,

T8 : GPTALEDLUMEFRT5ECAT. BEFED T2V KYE2EANBDEEITEVLMN DN I =230 NS WNENEZ £ RATRE, LEER
BRI RMTIR T — o ZF A R AT BE,

B FRIIERMICGPTATHERD TH A2 LT, ZLTHRED T —3YbDAssets TENBZHERR T 5718 . LLERIIZH T EFriRENE
Lo BHIFE OApplicationDEREFTOE TIE@E@ALY,

P pt LAM Besponne 1 Liser bnpet: 2 1b10 apartmen of a rescarcher who has » om
[ Wt Mudae & Wad Mt el [ iwrnay & Windew Seduien Dbt Solovties Viabete U Lyt Ovaige Mkl
Musee b v Tu Pt phee [ Rk e T 1) Pl bolp sebent B obaccn Phowse Wll e hew W anvange
ok e foloe ng bwmar W/ Wb O follvws ing format T WA e Gy et
U ety | B materiel | B L I A = nategery | deworigtion | daw |
wall maneriad | verthoes L e quentty  chddrrm st
| 1 Wving e | vt Sanduenndt [ 8 bovng oo | St :nnw Lo v et

CRAT-CNoned Ao ' | doormay | waghe | wooden door @ woed | (D00, 510 ey 6 1o
MO UL (T LT .- M e 3 ooy | NM (L)
(2 Seing soom | bachen | apem | % U 1

Pea doagn P wimben et Ihn * e -._1-'--.1.Jn,-\x
e (i fare g Lemer Ctaoverses
T e | Grectiem | type | skae

reeiiny | beight (e vm)
1 lnq"n-- -l ey
(D8 1) 40 9
2 hnten | s | dlader {
(1% Y2 |
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CVPR 2024 MDiHX Y1) (38/

22)

RILA: Reflective and Imaginative
Audio—Visual Navigation

| anguage Agent for Zero—Shot Semantic

F#IZ LY NavigationDPlanE 1T, =512, £

A . LLMZ B\ TZero—shotTAudio Visual NavigationZ{TOFENIRE,

d 3R Reflective planner CIXRMER X ZDFEHRAT AN TIEAL, BoTRHELEMNEINEFIVITHEIANEHLLY,

d FE3:.F9 MLLMTELGZ U 2—DIEHRET T AMIZEHT 5, Reflective Planner TIXEAIL 1=
BIOFER (TFRARMDBELLMNESIMEFTYIL, BoREBERL Fiz. LLMR—X DImaginative AssistantET JLZRZEL. F O—/\LDER
HEN—X[ZNavigationD TR /INA R%ET B,

1 BH: Reflective PlannerlZ BB E RN ELLMNEINEFTVITEHEIANEAL, LLMZ{FE5=Embodied Agenth\=-{SAH>TEFN
TNDORIZHEELSMIESC-TEET 2DARIZES,

Perception Module smn:‘:’ 'lf’ {:?,‘::HI.:";,,;,- t) o

Visual Object Grounding
—_—

*2

- Prompt
(0 Templates

R
o —d

Reflective Planner
(RefPlanner)
Pretrain [Observations):

Models You have cbserved several objects;
1. A Sofaat <524 B74>

[6cal Prediction):

Clessification _'_’ The audic sounds from a Sink
Audio Map :

R [6oal Localization):
o The audio sounds from the
rear mght, |

[Thotths) You are probably in the |
ve There are scvcrol s\rromd "g rooms,
, =g including alobby, ot ,ete,
[Suggestion): The si nk mms in the &

/\

Reflective l;—-g

Planner

\ History

[Thoughts): The perceptual
information might be misieading
[Planning]): Navigate to «640 740>

&

[Action} Turn Left
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CVPR 2024 MDFEX Y1) (39/122)

Move as You Say, Interact as You Can: Language—guided Human Motion
Generation with Scene Affordance

H

H

BE: SZ0OA DL IBESNT=3RITTL — Linteractd Bhuman motionE LD FEDIRE, 3RITTL— Elnteractiond BFfgEEZ = HDT=
12, SceneDAffordance D F B Z LA LA ZTIRE, L ODDARUFI—UTERVEEZER,

Rt . 3T —> D Affordance&Consistent/TEIEE R MBERMLINESATIVNVG T 3RFTI—VICBT5EMEERD T —2 vk
DERARNE LY, IBEFEH ., LLBRMIZE B IZETE TE HAffordance MapZ{ESZE T (BARXMTIRTTEEZEEL-BEERZEITHOTLY
B

B 3R —VIZHEITHEOMotionDEREMNEHELLY . B\ MotionZ5FEHAEHLEDECATIRTHEEH EXRRETERMTEINE
$ R TES ?program ZFSERIZS,

Input 3D Scene Affordance Map Motion Seqquence

chair in a curve” |

Denoising Transformer

\u ention | ayery

. E B

Affordance Diffusion Model (ADM) Affordance-to-Motion Diffusion Model (AMDM)

O — u'(h" to the

LT
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CVPR 2024 Miw3X <) (40/122)

Rich Human Feedback for Text—to—Image Generation

H

H

H

BEE . 4 RAID A& AR IE{E (22 X Xdartifacts/implausibility’ R EMFHE T HIHEENZ N, TNLEHET 578, 18KE{ZIZ%t LHuman Feedback%
IRELT—2t Y RichHF-18KZE 1R X, RichHF-18KTlX, Z TRIM &5(Z. Annotators HV A FR B {E F D artifacts/implausibility &= X % il < TE
BRDNSRATAUT LGNS, ELKERTEGN X FE R LELERT 5. Fl-. EHDEADDIEEN LR TEIHMET 5. F1-. BEIM
[CEBRETHRFAM AR BGWEEOE—bTYT | TR FHBEZE DT E5 U TIVGETIVERE. XRICCIRET 2V TEE
FEDOFFEBFFELTSoTALAERMN TES -,

g8t ERERDOER LET—2EINOHETIHLLVTTO—FEIRR, T, (B -TX A - FEM{EAL SR D FEH S5Human D
FeedbackZ D=L AMNEEliEch 5.

B3 : Rich%iHuman Feedbackt®AnnotationC/AOBT—A2THEIMEEZER TS RNEEH o=, BEDAH TIILEL EOEEMEHLIME
YEITEh TS,

Misaligned
keywords:
A panda riding a
motorcycle

3 Plausibility
. 5 4 3 2 1

Alignment:

! 5 4 3 21

~ Aesthetics
e 5 4 3 2 1

Overall

5 4.3 2 1

(a) Muse |6] before finetuning (b) Muse [6] after finetuning
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CVPR 2024 Miw3XHY<')(41/122)

Comparing the Decision—Making Mechanisms by Transformers and CNNs via

Explanation Methods

(d  HEE . CNN*OTransformerstii EA TSR AT BRI, BT OBEICECEZ R THELTWLS0H , BHMIZSEEZE X OB RICEND N EH O RIZE
ENHLDOMNDVNTHREMIZHAR-ME, BREZHMICTIS—LTERBOBRLDLT DR RICEEIN DR ECompositional behaviorEFE&EL . E{EH
DVIEWNEE SRR RE CHEBE D o—9 5 LRBBEELBIMIZFE T 3 BIHZ FDisjunctive behaviorEE&EL 1=, 5P HCNNETransformerd® DM
behaviorsZF&R 5L 7=,

J iR SFE A ERBRANDEELBRMIZTFR = FIZZ DDLU \behaviorsD R A ZE LT o1=, F1=. CNNASLLESHIZDisjunctive TTransformerhY EL &%
#JIZCompositional LN ERIZFE B LTz, £1=. R YT —9% %< Receptive Fieldx K=<{9 5 & T, Compositionall$% [ L TEHZEFRLI=, 1=,
NormalizationD FiEHEE T H_ N ofz, FHLULF-R YD —OW BT D5EE THAEZHRFN T HIER I H-T-,

O BE: BT 3RV —OWELL-MEERERSLCAHRICHAL  BEDERINT—IBENESZITD/EI—V IRV EEELH .

Model MSEs Number of Subexplanations

Type Name Count Sikze >8% >MN% >60% > 50%
g Y older CNNs  VGGI9 693 7.7 2745 10999 19115 32997
Composiionel” Sehavior W ResNetSO 676 728 S168  I0KSS 18044 20692
(Similar 10 3 Snear of Disjunctive N RasNetSO-CI 952 637 19416 2053 43073 591.69
shlinsar sum) newer CNNs  ResNetSO-C2 1101 S94 8882 20227 36935 56891
ResNetSO-D 988 602 14678 21631 272459 33222
“““’;;"‘”,o"’:::‘“"’ © ‘ l" ComwNeXt  ConvNeXt-T 1028 614 98016 200167 361037 536043
c onel Swin.T 890 801 22158 88272 203303 726820
ompositiona Transformers  Nest-T 708 877 43237 109308 272806 600622
DeiT-$ 895 7172 T209 33384 (09768 240830
PT-S 789 749 13132 60797 180304 386210

“Disjunctive” Behavior
Tramsformers  DeiT-S-dis 1022 577 S7.52 11421 2741 46172
(Similar t0 disjunctions with PTSdis 1006 S86 4858 0145 18267 33445

of conjenctions) Distillatson LeWWT- 256 1289 550 549 103.24 177.33% 25166

Cotegovy: Horvester/Reoper

NNy,
D¥stifled Tronsformers

117% Ulebbood Ratio 135% Litedihosd Ratic 136% Uksbhood Ratio g Cvpaper,Cha"enge 159
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CVPR 2024 Miw3XH<')(42/122)

Eves Wide Shut? Exploring the Visual Shortcomings of Multimodal LLMs

d #BE:.GPTALEEDMLLMA AN VT ILEBH> TS RIEEREA CLESMERALN DD, COMBEAEAETIHE. T2 EVrFREL. RIEDHEENER
UDMLLMZEARY FI—9 LT, B HEREN B L VGemini Pro®GPT 4VIEETHEARBEREL AT vy T H o= (AH) .

O 3R GPTAVEE D LR DRBIBE S IXEHONTNSA, MENICHABE T 2FEEZNHEYV G 1=,

O FE:CLIPOHMZEMTIEVWEBRRTZIREL. ABICEEBRT7OFMNLEEEZT/T—3 Lz LT QA T2y bEEELz, COT—2 Y TEREFED
MLLMZ EF{fi, CLIPR— XD ETILAFHITIEEIBE T I HIEEHK R, £7-. self-supervised learningD 458 = (SSL) °SSLECLIPDI VO RIZLYBEEZLZ LS
HoNDHEERER,

d B GPTavAE (F D systematic shortcomingst 3 d13T , EETRB TEDBNLEMEZD R TED (H: HHE) LD DHEAEHENBEES,

Finding CLIP-blind $25 pairs. Spotting the difference between two images, Benchmarking multimodal LLMs,

Muman | -
Dacover image pairs that are praximate in CLIP festure For a QUP-bind pair, & human annctaor attempts 10 spot Evaluage mushtimodal LLMs wing a QLIP-bing Gemini 8.7
space but datant in DINOV2 feature space the viiaal dfferences and formedates questions image pair and its ssociated question -
GPT-4V | 0 38.7
Whare s the yellow srimal’s head hying in ™y image? Random Guess jSO
CLP Space (a) Floor (5} Carpet
**Simeyy =095 LLavAa-1.% 24.7
H sord I 90
: Bing Chat 117.3
"The dog’s head i the left image & revting A—— InstructBLIP 16,7
on the carpet, while the dog's head In the A
YRt image 1 lytng on the floor.” min-GPT4 - 12.7
N tava I 6.0
Fouvedavg gusilnma a0d
S‘mm\o = 0.58 sotom tor bold Wnage K 1 wne far 1 ) 0 20 40 60 80 100
, Accuracy (%)
. Where it the yefiow animal's head hpng i this image ? The model receives a score only when both
DINOV2 Spoce (a) Poer (b) Carpet predictions for the CLIP-LEnd pair are correct
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CVPR 2024 Miw3XH<')(43/122)

Visual Program Distillation: Distilling Tools and Programmatic Reasoning into

Vision—Language Models

(d #EE: , Visual ProgramD%N55%% VILMsIZZZ B L . Reasoningh &LV DEE AR BHTFEDIRE,

3 F8H: . Visual Programming® FE MG 2 Ho1=hS. BIETIEHERBE TS F % TVisual Programming@Reasoningfe hEFIRT 5D HFEYE
Mot IREDLMEAILEEFDVLMsIZEIGLOT LY,

O FiK: AT AT47I1&. Visual Programming D #138 ZInstruction TuningD 2 X TVLMs~NZEBE T 5, EAMIZ. TT A HDORIEZHELTOY S L

ZLLMIZKYERBL. HoHMLHEF->TLVDAModule THEITEULNT ALY S L% Filtering THERR L . TR IZBLYT A4S L% Chain—of-Thoughtfiz M
Instruction|ZZE 9 5,

d B FELSEELH. BB KYILVisual ProgrammingTF ik BADRE D A 4L 3L \ReasoninghNRIH TEZ S, Visual Programming&F 5w
IRV RAEERBAEE T AANREED,

Input Data Program Geseration VLM Fine- Tuslsg Output TOOLS
q: How many : T etas 12" the
I: : :::.::’—, UMCode Program  Program  Cooversion k \@/Co T @ Object Detection 3| [t Depth Estimation
A1 Ceneaton Erecation Fibecirg w0 CaT /M\ VLM VPD
P : 1 o7 I
Qo A: Captioning & [#) Knowledge
; OCRr &) \ | & vaa
LLM Code Generatise Program Execution with Visual Modules Fiering Comvert to Chain-of- Thaoght Avadable Teols ] [
e ‘e . -a- . ) E n
E.._‘.; : There are 3 buses in the LLM-generated Programs
52 1mage. The bos at 465 124 L
i is net yellow. The
o t ’ * buses at . @ m ?
vk = and are oo s L+
. .n yollow. Thus, there 13 1 "
i ) bus thet 13 sot yellew. ‘% Z(ﬁ Vision-Language Model
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CVPR 2024 Miw3XH<')(44/122)

SceneFund3D: Fine—Grained Functionality and Affordance Understanding in
3D Scenes

d BEE: Fine—grained 3D scenelZAffordance® 7 /T—3 3> LIz KB T —4tvhSceneFun3DZEIRE (710> —> 97 I+—4F V AhTT
1), 14.8k7 /T—32), SceneZ EDInteract AIREE IR - E—2 a3 - ZLTRHMED T X RAMEFE TP /T—a L=, £-. 3DDHL
LY X% : functionality segmentation, task—driven affordance grounding, 3D motion estimationZi2E L, SceneFun3D CEEFD F LT FET=

FENETELIRMMAH D EETEERTRL,
A M 3RTDT /T— a3 hF 5 LT-Fine—grained affordance D T—2tvbRHEYLEMN o1,
d B ORTAORSEATEES, CORXEHLLE=LSE, EBROORYMNEBRISGENWESI BT —2NEZ TS,

High-resobution laser scan 2 - ::;unl language

: “Opon the fridge*

5 Turn on the
E cetling hight*

:
E Change the

H room's

E temperalure weing
¢ the radiator’s

E thermastat®

== cvpaper.challenge s



CVPR 2024 Miw3X <) (45/122)

SA: Reasoning Segmentation via Large Language Model

BEE . tEis % $5E I HReasoning L BEETF X MEEEMN 5. Reasoninga #ZHLTF ARG L TWSMEEEE G NI AV MT H2RY

Reasoning Segmentation&F & (ER) #IRE., £, BEFD T —2t Y& LLMTReasoning Segmentation¥ XAV AIZEILLEE AT —2vbE

ER. TLLVKSEG> =Y % B AL MLLMOHIE#E 2T A T—2aVITERATES KT,

J R BEOHELSRITIE, 2BBETE T ReasoningE LTH ST AV MT B3DAZ L, CZT1EEME TReasonings Yy AR TELFES
RE,

[ B LISAIZEYD L YFlexible TE EBICL YA D ENEITZA D, EBULERK T, (EEA B DPrompt N R REHTEE5,

L

Vision b=
Backbone =
Timg “t
)
F =N\ Multi-Modal
e \ LLM

What is the food with the most F .
Tzt Vitamin C in this image? Please => Q It is <SEG. 6 Trainable

output segmentation mask. N — e

Frozen

== cvpaper.challenge 153



CVPR 2024 Miw3X Y <')(46/122)

Adapting Visual-Language Models for Generalizable Anomaly

Detection in Medical Images

O BE: SAEGENRICEF SN CLIPZERT —20EERMICEIST 220D TL—LT—9, ARG ITRER A T RIRFITERK
LTULV%, BMRI, BFAECT. #8IEOCT, MIERX#E LMEAVLVEEZ X RICERHEO avhe FewlavrDEEDETELICHEZRO-(BEY
SANFET6.24%E7.33%.. BE T A T—a0 TEY 2.03%E2.37%NDHE)

O At EREERNEESICET2EGELTHREN DS,

O B BEEISANEEREE I ALT—2avIcB0 T, ¥Avavhs FewlayhEICHENRESNTLS O, EOXNTIREVVEEIC
NEEESNS, TOVT MO L TRETH A=, I —F —IKBHAHKEL A REIZL S,

Natural Image Domain Medical Image Domain

Train: Adaptation

‘.

Domain

raing o Generalizable QEEE
Pre-truined Multi-Level
VLM CLIP Task Feature Adaptation Medical AD D Unseen

Unscen Modality

( l‘lp .
Test: Comparison
’ Unseen Anatomical Regions

Predicton

compare Al © @

——-
AS g
X

'
'
'
1
'
'
'
'
'
'
N

Text Prompts
Zero-Shot

Reference Images

Few-Shot

-
T
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CVPR 2024 Miw3XH<')(47/122)

One—Prompt to Segment All Medical Images

o #EE: SAM(segment anything)ETIILDEEER, SAMIZEO avb T Ao T3 BENH AN ERBEADEOL 3V MERAIZEL
CENHBNTNS, TAVTFD IR THIRREXR S TEEINRALHY. BHOEET —INDELIND, AFEE—DDTOV T T—
ANHT, MDD T—2(ZEHEIETED, 512 DoodleEFE (N B EFH LN/ TOVTREIRIET S,

o FEM: —DOOEREZGIODTFEMDRIRVIZIGATESRAMNHLL, £z SAMTHATRELGEGR T O THEMOIWET Ao T—ay
[ZIEFREZ>T=H. DoodleLFEIENDFLLNTALTAY THIEMLGRICHELAIBETH Do

o M. SAMOB A -E#EEIT A T— 3 % Doodleb WL\ SFHLWWIT OV TR THRELTLWADONERBLLLY,

Train Model on 64 Datasets covering Diverse Biomedical Domains

. )
Al
.
. o
-1

Test on a Interactive Few-shot . One-Prompt
New Task ! Segmentation Segmentation Segmentation
User Given ,::,::l Uter Given Model inference User Given
Al et

s

k3 -- [ B B
s N\ i ' E : g i ’@ e e () e V-
=2k mm ™ i

Query Imoges User acedi 1o promge coch imoge User seeds 190 offer 0 fow moges with fodels User only needs 10 prompl one image (5} One-Promet Former : (<} Promgs Farser

% cvpaper.challenge 155




CVPR 2024 Miw3X <) (48/122)

Unleashing the Potential of SAM for Medical Adaptation via

Hierarchical Decoding

O -BE: SAMEEERNACOBREGRICHLTIESVMEREZREYT N, FEICT4AAVLNTORWERN A VIFEF, TOVTME
AWEFERIERMBAVLE, AFEFITOVTMILOER SAMBE,

O -EFfM: JoUIJNMILOEESAMBRTHORLFLL, —BEOCT7IT0—F, —BEE THERIYRAVZERL. ZKREE TERIYARYIC
EOF, ELDEGMBIE O EERZEZERAIZRE.,

O -BE: ERSAMBRITEMT —SZLEETEIFENSVDN AFERFETIVAIDRETHA-O . BRAMGRERIZGDHAEELAH D,

/

‘ CMALttn

UMly 00D

|
J

COoooo
Ca—

X

F 4

.
E=EEl=]=);
/—’ 'uo
ANy \

Image Encoder %5 with LoORA @ Hierarchical Mask Decoder @&

== cvpaper.challenge s



CVPR 2024 )

SR <1) (49/122)

Wiki—LLaVA: Hierarchical Retrieval-Augmented Generation for Multimodal

LLMs

d BE: L FE—FILLLMICHLT, SRS ES BT 5 LA ATREL
Retrieval augmented’T 3 4EAEXEATHET, S EMBEHAVELE
RZE(CELEEMRELEVILFE—SFIILLLMEZEIR

[ F3k: Visual token&Textual token® A FIZAZ T, wikipediah SIREL

1=1&¥j%Z A 719 BRetrieval tokenZ#=ICE AT HI LT, SHEBAHE

ST 5. NERBEDSERIZIL, CLIPETILE KLU ContrieverET IL%E

FALTHY, BIRICEET SXEZCLIPIZKYRERLI-DOL, BRIC
BEE LAV EZ ContrieverET JLIZEY RS —=245 L TLNVS

B8 wikipediaZE DN MBES BT EIENTENE, LIMETILE
FIALGWCTHERIZHFICRIZETAIENHEETLENES. S A
VRDBRIZEBNSDHTITOIDT, CLIPETILDFEENILZYE
BLES. XELRRBEITIVIZANTHITTHELDTIE?

r Image + Question
vV VVY VYV
Standard MLLMs

}

The closest parent taxonomy of this bird is the

What is the closest
parent taxonomy of
this bird?

.

~

What is the closest
parent taxonomy of
this bird?

parrot.

L A A A A A A
Wiki-LLaVA (Ours)

}

Opisthocomidae

-

A\

- Notation -

Visual
Tokens

Textual
Tokens

Retrieval
Tokens

é Retrieved
Docs

J
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CVPR 2024 Miw3XH<')(50/122)

Are Vision Language Models Texture or Shape Biased and Can We Steer

Them?

1 BEE : Vision and language T L HitextureEshape D EL 5 TbiasFIF DD MEREEL=FHX. VQA, Image captioningZ@L1-EERIZ KLY
Vision and language 7T )L [dshapelZbiasZFFDZEFBALMIZLTULNS. FT=, languageDIERZEFRT HET, LEEDbiasHfEMT S
MABETHDHZELHALMIZLTLNS.

[ Fij&: ImageNetIZX LT, style transferzfEL1=T—42tyrZFHAILVAZ & ThiasZFBITELTULNVS. BERMIZIE, shapelZHEDIE#ESE Ltexture
[CEDOCKEREELZLLLET B LT, shape bias&texture biasZEH L TULVA.

[ EE#8. #En, shapeflliTbiasHAF>TIZLBH06RA AR THDI-0, BERERTHILIEEVNIKETIHANR. T, T—otvrE
HimageNetZx EARLELI-REETHAEN D, RERIEDRMIIHYZED

———— vision steering a

0.0 0.2 0.4 0.6 08 1.0 LLaVA-NexT-78 )

: Texture Bias _r<€ : —% Bt - @ Shape Bias Ly

i 0.0 0.2 0.4 0.6 0.8 1.0 e

by ' , ‘ ' | ' ' InternVL-Chat 1.1 3

;1;3;';—;'_ i 0.0 0.2 0.4 0.6 0.8 1.0 P
Shape: Elephant language steering

Tavtiira* Ranttla
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CVPR 2024 Miw3XH<')(51/122)

Connect, Collapse, Corrupt: LEARNING CROSS-MODAL TASKS WITH
UNI-MODAL DATA

3

3

3

BEE : Uni-modalT—42% L fzcross—modal 2B DS EIL D=6 I

, cross—modalZEfE] M geometryZ fZHTL, modality gap*°alignment noise%
EEABELGFEFIRELRX. EBRITKY, uni-modalT—42Z ALV
cross—modalE B & S A EILAIEE THAZLEFERL TS,

ZF 3% Connect step, Collapse step, Corrupt stepMIEZFEIZLYUIBRLSN T
LV%. Connect steplCTELGDEF ) TADT—3%DIEIFHEXRD
Cross—modal&[E]#%), Collapse steplZTCross—modalZEfEIZHEI1T5
modality? fiDI ATy F&fEHT . F£1=, Corrupt steplZTHI/INE/ AR
{59 5 &I2KYcross—modalZEE [Z4E LS Halignment noised
uni-modal’'TF B [ZH W TEML TLVS.

B8 FEELTDeontributionX BN, BFTBAET ZE(Z{ToTLY

b EDcontribution[ I KEZSLHHIRZEIELV=. =1, AlgeTHN I
, modality gap*Palignment noise N4 LIBRAICDNNTETE RLTAL
hot=.

X
@ f 8‘.
— 3‘ ® =
~ 2 @
L g — cute &
> -}--P cat
. ® ®
cute P
cat ®’ f @ €,
y '

(@ -=---+ Uni-modal Training
2 — Cross-modal Evaluation
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CVPR 2024 MDiEX Y1) (52/122)

Beyond Image Super—Resolution for Image Recognition with Task—Driven
Perceptual Loss

0 EREEENOEREBDIRIADIEA

1 semantic segmentation. object detection. image classification

O task—driven perceptual (TDP) loss[Z &Y . AR T4 EL -2 E 1S a] 5t

Segmentation

Detection

pred: [Least Tern) X pred: [Caspian Tern) X pred: [Elegant Tern] / gt:[Elegant Tern)

https://github.com/JaehaKim97/SRAIR == cvpaper.challenge 170



https://github.com/JaehaKim97/SR4IR

CVPR 2024 MDFEX Y1) (53/122)

CAMixerSR: Only Details Need More “Attention”

O content—aware mixer (CAMixer)

Q ClassSR&YH A simple contentE B # 7T (BRIR S E E<E&T) texturefBiZ Z 7 E
O texturefBigh |23t L Tl Self-AttentionZ 1 FH . simple content|Z "“TL'C(IConvqutlono

Y s ARM-SRResNet
32,64 @ IMDN AN
@® SwinlR-light
32.4 4 % CAMixerSR C> I I I I E> I[I[II [:>
0 1000 2000 3000 4000 5000
FLOPS (M)

Q
o—O
= O@O 2 0—0
Attention Conv

Hard

l 7_7 T 7 BT O TR EREEmEE
QO SROBBEFHEIRL :; e ) |
DrL—FFI%HE | 1§ e
e i r e il
338 ,/,*— . gr— : : E:— | i -l :
:j /’ ‘./_—___‘——- © FSRCNN = ; E : '(' l_— | i
' € @ ClassSR-FSRCNN |
%z:fﬁ i Eé%;;; . Hﬁ&%m@mgmag___L-__|: L_%fd&ﬁimgmmWEL—___—l
s ENEDEPEOD: SEp (O
|
|
|
|
|

Hard

| | | == cvpaper.challenge 17
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https://github.com/icandle/CAMixerSR

CVPR 2024 MimX <) (54/122)

CoSeR: Bridging Image and Language for Cognitive Super—Resolution

o 1RFRIEE DO A AEIE DI SDiffusionET JLEZFIFHL TReferencelE|{& % 4
iﬂ:‘kﬂ’]l:lib( MDEBEEDKIIZTIVEGET4T—ILEEITTAIEE
B TXRAMTAFITHENC EFEEEE TERLI-mALVFHIE

ControlNet

https://github.com/VINHYU/CoSeR == cvpaper.challenge 17



https://github.com/VINHYU/CoSeR

CVPR 2024 Miw3X <) (55/122)

Image Processing GNN: Breaking Rigidity in Super—Resolution

1 CNN*>Window-attention|Z & HIRHNIEBD K HYIZT 7% FIH

O KYFRHZIERULIEN AIEE

O JUHEAWLIENKELEZAIZ, KYBLD/—FZEEIYH TS,
o BETERGEEER D 7\\57(Iocal graph@&@{%éﬁsw7\\37(grobal graphs) T PR R
1 Image Processing GNN®D A ED

O GAL:local ¥ 57%#|FHLT-Layer

O MGB:grobal 75 7LEHEDGALE

FI AL 7=Block e _ ,
‘onvolution Self-Attention KNN Graph Ours
===% Local Graph / Graph Construction MGB X m IPG
===# (Global Graph K R e S HR Image
o S O Ve o A N O Wy S S o :: ————— ~
x SR
LR Image GAL G E i
i S '
> E <E> ~ : y %. 17
I - - 3
2 T RO S St B Bt
&) g2 1Oo] | O 2
(&} o I o
= ! -
( \ ---------------------- ‘_j_ . g T~

4

. . - . == cvpaper.challenge i
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https://github.com/huawei-noah/Efficient-Computing/tree/master/LowLevel/IPG

CVPR 2024 Miw3XH<')(56/122)

Navigating Beyond Dropout: An Intriguing Solution Towards Generalizable
Image Super Resolution

a AMAyt—2  EAHEDXARTIEIET S

0 HLOLEAMEDFERERE,
Dropoutz {5 &, S EERBREBDORE NI ELIHONLSZEXRI-EHR,

3 DropoutZz{F5i5 &8¢, BREFEZZFHOEESNDETERDER
O IREFZEICEST., LYEBBALETTEEEZEH

3 aa)rcT» EOFEOSTHRRIHERA L illnnlﬂi

REIBOITARES!

=

il

~ 2 o o d% R t_wnnuw SaS Tealh Sl n-mlsn«u...m
PR T Sea bl .7 (a) SRResNet (b) RRDB
g
S g 1 (b) 24
""" -~...4. |
;I R Teh St w—mmn&.m -~ S0 Lm0 SRDIO0 Mangs 0%
) s

i 208VY, 4 ; , (c) MSRN (d) SwinIR
https://qgithub. com/Dreamzz5/S|mpIe Align % cvpaper.challenge 17



https://github.com/Dreamzz5/Simple-Align

CVPR 2024 Miw3XH<')(57/122)

Boosting Flow—based Generative Super—Resolution Models via Learned Prior

d BE FowR—ZADSRETILD=HODERMFELBF & HEDFowR—ZADETFILTIE. 1. FUIRT—F4T75k 2. FTFIDIRES 3.
BEEDHLT) T BEIZKARBTHWMERLGLEDEBENELTWS. CNOLDBREICNT B=DIZFEINDBRI DT OEHIZEHE
#EL TS,

A Fi&%: BBEOFoWwAR—ZADETILEBEES 1—ILTHREIN TV, BEES1— /L CIEER TR & BEER O A /S IE AL ELR)E
BOEHHMEREHL SHEMEEFIDHEH DTS BEKELTVGGIZLDMEELAFAL, BELTRIEL*EHILELLTIERTS
ZETHRINDEREHILET 5.

A B EEFEOSRFowTIE " SHIDENDIUE LY TS L= BELEHLR M SSREE FL TV =S, KFETIELRD
BHERMLU-BESTEFERL TS A THLLERL -

(I‘mpmcd Framework \

Latent Madule (Propescd Framenwek)
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Falsting Flun Das
- — e
. ¢ —ne &
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CVPR 2024 Miw3XH<')(58/122)

SeD: Semantic—Aware Discriminator for Image Super—Resolution

d BE: tv T v rEERLETIRFYDERETo>TLS, GANILE A SE2F AL THEEHANSREEE RO it
FEITOIN, " MOZFEDOHENEWN-OREDTIAFYDHZELZZITOIL BERICRTDEREITICELHD, EIRDEKRE
EHELTEATAHIEIZKY, RYET—ID0 D ND HEFE TESHLSITRL TS,

W 3% $TEEIN T T BB SEBROERERET S EVRLBROEIUT(HIRERB=HI
IR EEFHCLIPO DB EN S LI TAOREE. SeFB7OYIFIRELTEY, MShi-tv o T4oREI T &
HAIELIBRTToavEBLTEY U T4 OREE B L-EGSFHERAGRICA DTS

O B8 S<OCANR—ROBBRETRMAADE ZEN AR THSRNBEBLL-

O ¢ <& A [0 Different Semantics B/ [ ] Real/fake Samples : <2 .
- <‘ ——in =) X ] — oo - | QR 7
@ \}\\S \ D Real v @ —.r:: X
. < A
: —-_]: Fake x = LA
Real ! Fake N N — s
' ul\'.l.r:;ll;-(.\\ oh).\--:l)(..‘\\

-
NS P —
=
13 - —
‘ © I3 s | li Rewl +
5 e } ; ..‘ .‘{g T Fake x
N ) =

(<) Semantic-aware Foswoa Block (d) Semantac-aware Pasch-wine Dascriminator

(a) Vanilla Discriminator (b) Semantic-aware DISCIIMINATOT {7 s i akctasts 5t Somesecsmee e o /67 Smtcpadfers [** T o moge S
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CVPR 2024 Miw3XH<')(59/122)

SinSR: Diffusion—Based Image Super—Resolution in a Single Step

J BE.: 82— X7y CHBABETERT DDIiffusionN—RADFEFIRE. SoTaETILEREFIXZTN LU LD MHREEFTRT 3
R E KI5,

d E3. BT HHResShiftEFIALIZRERY L TULTETL, x 00x TEE—RFYTTIVELT T RERFRETILIC
AB RBITOLXRICGTEZEMALE-—EMHRFEXEEATLIILT, EEET LN ETILOLDEREEHAT 51T THES GT
EGENLERFEITAETRT.

d B8 27 HERLLODEIMEREEHLTLAIEN R x tEx 0D EEMAT YF LT M <‘:7:2‘.:T;}”_ i
HBMAERTHHEVSREREBKEN. — g £F FE

LR image . s r -

{a) The anference of SR3 [ 37] starts from a pure noise, which requires a
large number of inference steps (T=100 after using DDIM [ 6]y

LR image

2}

Surpduses
U]
|
Furgdwes
SN
|

opsgt;!uuaia(]
|
|
Fuidwes

I
|
|
i 1) =
l : .".0- Y S 3 F - .
F | S e A U oy > ) H ) -
| | = N g T
1 / ﬁ | E. Ep =~ N0V CT) 1o dcpnint wnage 3 & cnnetial see . Lon . {8{ny.
8' | X g (5) The recent SOTA method ResShift [45] shortens the Marhov chain 1o
| é’ Ground truth X speed wp e inference process by incorporating the informatiom of the LR
2 - | . ¢ o o the initial state T=15
€ ~ N(0,x°I) Pretrained teacher model f; Xo = Fo(x1.y) | - Error map s T
I l | Mac = (x5 for betrer Dviwenstals ¥ el B
) ! ;' visualizaton) pa——— .* 2 .’ n¥a
Student network [ - = o — — Rea & MaAD ! % 5
] 2y = Niv.x'l Provarod acher mod [, By = Folnpy)
. . . - ! z b 1
<« Inversion f3(Fa(xr),¥.0) Linperse = Lyse( fa(Fo(xr),y.0),x7) ! Reconstructed %, St Iy \ vz )
| . N
4 = . AN S - y . - Afaly (€) A simpiified pipeline of the proposed method SinSK (distdl only). It
== : Restoration fg(lr. Y, T) Laistin LMSE(ft) (XT' Y, T), Fo ('rT' ,V)) : L,ql Lyse (fO('IT' Y, T), Xg) — directly learss the determinntic mapping detween ry aad ro, terefore the

inference process can be further comgecssed imo only vac sep (T=1)

(a) One-step bi-directional distillation (b) Consistency preserving loss

hitps://github.com/wyf0912/SinSR?tab=readme-ov-file == cvpaper.challenge 7



https://github.com/wyf0912/SinSR?tab=readme-ov-file

CVPR 2024 Miw3XHY<')(60/122)

Continuous Optical Zooming: A Benchmark for Arbitrary—Scale Image
Super—Resolution in Real World

3

3

3

BE:. T2 X 7—I)LEGBEGTERINTUWSEBET 2ty EHADLIIZERE, HLLZEEEERTHS-OEENHOI-. T,
FHARITOEERT—ILEGBRET —2tyhTHACOZT—FEIYMFIRE. MAT, ETIILOONIMEZEHST-8, MLP-mixer&A35—
=>4 1Z& D<Local Mix Implicit network (LMD)Z12ZE.

FiE:. (COZT—E2tYM) BmEIFTE—F—ERNILIZFBALTCEN CTEREMEZE T I ORFEVATLEFN A A—LIZKSREHFDOEERS LUA
BEDOEE N T S -ORERABRRIHESDOEFTOIZEBBOSIFTZILOY X LZIER. IMDMSMMTIX& EEIE4 AL\ TEHDatent code
NEAZHHLIES. QMMTIITERDORGBIEWCEIZFEHRE VL) ELTMSMMO E ALE-4FEECIEHDAD.

B TEEORDODIIICERET—FEYrEDEWNWEZBHEICRETLWADOMNRWNERELT-. LMIOEncoder& L TEDSRELLIZRDNZEESTULVSA, £
NHOZE LD HIEXFEA. o :

2

“ : : % : ‘ “"“
. o Hmm( wde VoS
Dataset Conference  Real-World  Arbitrary-Scale Zoom AN , P

DIV2K [I] CVPRW 2017 X v - /(.) Meta Spatial Mix Module(MSMM) \ /" (b) Query Mix Module(QMM) L
RealSR [4]  ICCV 2019 v X Manual - : . g

Cityl00[6] ~ CVPR 2019 v X Manual [ e RIC i [ 3 u° 2
SR-RAW [33]  CVPR 2019 v X Manual : e o
DRealSR [30]  ECCV 2020 v X Manual | "™ : O —y

Ours (COZ) - v v Automatic \_ ?;::..’:‘.“:"..:“;;;l‘";;:”;.?:lf‘: v
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CVPR 2024 Miw3XH<')(61/122)

SportsHHI: A Dataset for Human—Human Interaction Detection in Sports
Videos

d #E: HLOETAR-—ROBEBEREIRY: [ETHHOABRLOHEERRH IZRE, MEEEERT 570 SportsHHIT—4
b IZEE, BELET 3 EvbOFERICKY, BRANFETIERLBE TAHITE T AERLTOREFERRED/\T+—I U XA KIF
(2 E

[ FE: YoutubeMBNRTYMR—LENRL—R—ILOETAV YT EINE, 3EEOEEERHTIVIZHE, VIAY—ILTI18075ED AK
BRRVIRES064MEDHEMERAVRIVRET /T—ay. 7TV IMREBRTETAIL—LRD AZEH, REHERICEDE, HE
ERIREZER, REFHEME. MEBLHRICEDE HEERESE

d B8 SRAPEH,D, BEEFORFLENTF—IUREEREBMICTBTELLRTLDETRARITEYES. BEOBREIZLER

jump ball pass-catch interfere-shot
— Basketball - 1 ] l e ——
drive-defend block-shot close defense
SportsHHI
first pass-second pass attack-block attack-defend
L Volleyball : ' I | ] el
serve-first pass second pass-attack co-block

Figure 3. Interaction classes hierarchy. There are 34 interaction
classes of high-level semantics in total in SportsHHI. 16 for bas-

Figure 1. Comparison between previous video visual rela-
tion detection datasets and our SportsHHL In the upper row, ketball and 18 for volleyball.

https://arxiv.org/abs/2404.04565
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CVPR 2024 MiwXH<')(62/122)

Text2Loc: 3D Point Cloud Localization from Natural Language

Qd WE BASEODRICESVTIDAB LTOMNBERETIFE, AEERT ARL. MBZRBRLETIRNM TUMN RSN S E, Text2loclEF D iRt
SNMEDHMRNTORLEEDOSMEMERTET 5. \—AS(UEFRAR2E LAY, TX RN TV ESmUT DOFEE TR EYE AT HE,

d R BAROXERABLUOXEDITIANDEMERENICRRTIHFLIEER-—ROFEFRE, RRMWEMEBREBRETT I AMUREV R
TYFv—DFEAEREICELLE-YOH TDEE,

O FE:THFRAM—ROMERRBNEZONDIE, FTI—TYMIBZSORAEEMOH LM MERAE P Ty T 10OV EHTE (BRIICEEIN-Y I Y
TOT—ER—=Zh 5 ERKEDREENS TV TERE)  RIZ. MEBLEY I TORILEEE, Rt LYy F oo ) —DRBHEE 2 —ILEERL
THEBIEL. 23— YMIBDHEEZR L,

d BE: BROVITEIMNEIT—ER—IDAFLTNS=0 . FIEMEBRHEDORPND LS ITIREA—XICTENIE, FIEMELTHEITRETEDDTIE?

G T R SR TN SR RN RS g, @ EhTaAonEOmanTmanmasy o U R SR SR S D e e e ol bt ™
.is - \ . o)
«/ Text descriptions \\.‘ LT [ Global place recognition } . v Predicted Position
L | . .
\

|
o : S O
. | ‘ Sk k-
l | m ' Position | |
A _ timation : .Aj | “

\lnstanccs in retrieval submaps]

T;: The pose is on-top of a gray road. submap : )
T,: The pose is west of a gray parking. retrieval
ISR

T;: The pose is east of a dark-green vegetation

T,: The pose is south of a gray-green pole.
Ts: The pose is north of a black pole.
Ty: The pose is west of a black vegetation. |

i o '

Fine localization p
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CVPR 2024 MiwXH<')(63/122)

DiffuseMix: Label-Preserving Data Augmentation with Diffusion Models

3 Diffusion®img2img CEZ D FHS(EB, &1, BRLZE)ZZEIE
- FTERIZTRI(ER)
— Mixing Set (Fractals)ZE135

Generated Images l

arXiv: https://arxiv.org/abs/2405.14881
GitHub: https://github.com/khawar—islam/diffuseMix == cvpaper.challenge s
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CVPR 2024 MiwXH<')(64/122)

Fourier—basis functions to bridge augmentation gap:

Rethinking frequency augmentation in image classification
1 BF ORI TR EBAMICE ODKEEEKEZESRL-EDEFEIFEH

a EEORE-BEEESE BT —2HLE(PRIME, AugMix, etc)EfAEHEBILET, &
SIZHREE EIFoNS

E(‘I-."(.."I- )

g
i

v)

=, y
Lop(y”,

arXiv: https://arxiv.org/abs/2403.01944
GitHub: https://github.com/nis—research/afa—augment == cvpaper.challenge s
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CVPR 2024 Miw3XH<')(65/122)

Domain Gap Embeddings for Generative Dataset Augmentation
1 NEDT—2HNARELTVSIEE, BIBERTT—42kEL =LY
a KIRBELGR DT —2EvERET -2V DR AN Ty T EHH
a KRELGT—2EVbDEEZRZYY—RELTEBRERT HEEIC,
HEDT—RAEICEDRAL O F vy TEEZELTERTHLET,
VWET—AUEINDRAM U TEHEHRLET—2E VL EBETESD

Domain Gap Extraction Target Domain Generation

| ‘\.“!‘.- = ﬁ
arXiv: https://arxiv.org/abs/2403.01944

GitHub: https://github.com/nis—research/afa—augment == cvpaper.challenge s
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CVPR 2024 Miw3XH<')(66/122)

Distilling Vision—language Models on Millions of Video

d  B#: ImageR—ROVIMEBEISEAL, BEAOBNS —  vREEFEERLT BRELRLUF YTV EERTS
d BE: AHDOSRYLY IR, BEA—RDETILEZTOEEASLERIMFRERZ SN

M| 2% : Visual Adaptation, Language AdaptationZ2E%[& T{TLY, BhE[ZAdapt
FrTavild, BENE, — IR EME T ERBELEERDODRETERIND

O matrae

-

Qur mathed o Liviie snsitle & * Ball pin ' . shinw hat

Figure 4. An example of video captions by Pal.l-3 before and alter video-specific adaptation. We show the keyframes on top for
tlustration purposes and the generated captions in the following blocks. Differest details in text are baghlighted. Best viewed in color.

https://arxiv.org/abs/2401.06129 == cvpaper.challenge s
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CVPR 2024 MiwXH<')(67/122)

Learning from One Continuous Video Stream

| HEY: B—0&EHE TAAN)—LNoDAUTAFE, ABDOEEOEE D LS(Zaugmentation I =/ \wF L ELLTDEE

d 8. 2THOERIDE—4 v HERGBZERIZTYELS L, EFILOEBEDYIYEZ HLIZARYEYYE 2 TEEIC
I E S HID) R E CEE AN - KIREA Ny FEFE AL R EFT B ET4RIEE A

7~ o prodaction target input prediction target tnput prodiction tarpet
e —— g — —— T
A t ’%o (2 & ¥} A ' Ft-\
) i
el B B -
iy | 2N r T
> -4. —.~-—l‘ -
, " - i ’ -y
- a 4 .
il e | b
- -~ — -
Guidad future prodection Vanalls future peedichion Masked fotare prodiction
Figure 3, Video pretraaning tasks we consider, somed from casiest to hardest, left 10 right — guided future predection, vamilla future
r . - -
Single stream learning and evaluation of future prediction peediction, and masked future prediction. Each columa shows 4 consecutive frames vertically, For each method we show lefl-to-right:
L. >

imput frames. predictions from the model, target frames. We use a displacement () of 16 framses (0.64s) between ipul and target clips.

https://sites.google.com/view/one-stream-video == cvpaper.challenge i
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CVPR 2024 Miw3X <) (68/122)

MovieChat: From Dense Token to Sparse Memory for Long Video
Understanding

O BEM:EymsREAEERELELD , ERROBEERRETS
O BE.E0BROBELESEOHES EF4IL—LERETAEOATYIR , EHNAEREAEO RS

d BE: RS54TTIRY AR THEL-HEEZIEREEL SUEOSVBERMEBRXEEY—CF 5 ETAEYERAEOEIR
EREBIMBETARHORBERFTS

2 clewr 5 nd intiskzation Memory Comsolidation Loog-1erm Memory £
‘n waam r'\_""\] Duild adjacest frame pairs Mook gmet amal |  amam
L-.a\-;"'\-,t-{ ?’f" P ",-' iy \-Jt-)\-..i"‘\_..aJ

x x Mg lu-x,

Short-term Memory § \r.'._u' :{'4‘ Gy () = =
o T e . 2 '
\‘.’.'..n".u"' ‘&:._,J\g.J] Sep ) caleadate contne y = Curent Fram |
wendora bevel z 1 pply O ‘ o O O 2= : -

Sl . 052 O 081 oK% [ Foxtond Poskionsl Encoding )
frame-beved Featare Saep 1 sedect tap-1 patr and merge Q-Former H 2 [_
b RS NSOt 2.

AN R I o Yo [ fesye=aemy " oy,
[ Bl (o 30 VG- Rl 655, 7 l:—_-a_\_-_.a_\—_a_'_l_-_d,
f s L/ |
Viscal Fature R Projection

Extracun v weghind s e r Layer

- - o n i
~—
Notroveriap Siang Wndow [—o Global Mode T3 Breskpoint Mode |

Figars 2. Bustration of MovieChat. MovieChat eximcs vidoo features winh 2 sliling window snd represcets them in sokes form, which
are them soguentially fod isto the sbort-doom memory frame by frame. When the Eaod-leagth short- lerm memory seaches it pocset breatl, e
earliewt hodieen are popped and consoldued o Bhe hong Sermo memory. MosieOhat inconorsies Two datact inderence mades. (he ghodal
mode, which encianhely st e Joag-svm memory, aad the Devalpodst mode, whch additonaly icorporstes B curmens Whont s
memory as part of the video reprosentation. The breakport mode aliows for sodorvtading the video at 3 specific moment is fene. Afer
paaing Seroegh & peojection Mayer, the vidoo representialion n npumiod w0 & larpe Meguape model S ieracton with Bie wer
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CVPR 2024 Miw3XH<')(69/122)

MVBench: A Comprehensive Multi-modal Video Understanding
Benchmark

O Bl $isE FAERIICE 1+ AR ERE T 3R FI—I DR
d Bl BGOETFHRUFI—IIFERMEE THERIOEEDRAMVIZREINTEY, FHT7/T—av0EHEEAEN

d BE: FAUFI—IOBRHETONFI—ITEMEEEERT HVLLMDIEE
BT ERARITENEIZ R 7IZZE#2(“Is the man on the stage?” — “What direction is the man moving?”), B&17 /T— 3V ERZEITIC
ETT/T—3 aRMEHIRE

Video Order

Diversity tand ted Shuflle
Yemporal »

Senstivity » Lengs

smpiicated contest Check

Question »

nht i)
- FEIgN
i if: " Lf
Difficulty PRI — o =
nering wilie i videa? k a
Have [
options?
4 System Prompt doe o
\ Generate QA with
video axnotations " S " an " ot ansacgde ' .~ <'
1 .... " . ' - " sad . »
wti

Answer Prompt;

Figure 2. Generation pipeline of MVHBench. Within public ansotatsons, data is carefully filtered and relevam muhtiple-choice QAs are
auto-pencrated. The elfective system prompt and eflicienst answer prompt are emploved 1o guide MLEMs tomand precise ostputs
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CVPR 2024 Miw3XH<')(70/122)

Breathing Life Into Sketches Using Text-to-Video Priors

A BHf: 27y F7oA—Lar DEREBIE
O 8. sByrv7/F—aveEnBELE-
d 8% EFreEIhictext-tovideoDETILERNT, BEOEBRIMBI LT = A—1 3 LD EE#HD(SDS lossE AT

R OMESE)—BNDT /7— a3 PSBEEEBELLLL

https://qgithub.com/yael-vinker/live sketch

(1) Displacement and Rendering
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CVPR 2024 MimX Y <) (71/122)

State Space Models for Event Cameras

d BB . ARVINASEREB T EBEFEDET JLIEZRNNAOTransformerz FALNB A, Ch i (B R BRI
THRICERENELS, FEEELEL.

d #HiRKE: SSM (REZMETIV)ZAWVWTARUMNIASZREBTEFEZIRE. SSMIEZFSLRT—
WICET 5B ARG /\SA9EF T 510, FEREGRGIAREBIELTEEYICRIETES
EEZDND. KR TIE, SSMELTS4ELUSSEFEAL, ARBICRETSEUVRIEERE, Lo TIC
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Language—driven Grasp Detection
[ #E: D10MBEDIEET—5vk (GraspAnything++) 285 . QR M E B BB ET VIR SCERRYTUABHRH,
A F3. SEEFHOERICHEER—ZERET 3= DDenoisingl= &> THEE, MBS BHLMEER STV LNEE

[ 48 GraspAnything (ICRA2024) Tl BSILE BRI &> THEH VTV T LERBRBRET, SEN DL, SEICHBIH-RHEFLEHELTNS. B

BRGFHEASh TOVENWD, TASIIM—UDRRMSSEROBRERESS, RERDBRHET—FETIVICHARDE, IDETILEFALTLVEDRWERZMNL
1=Open-Vocabulary’Z 7—4 Y CHBI R T, 1—FEV T DB MM TE S, FLUFZEYITHREBLTLVS RS

A coffee cup, a grape Ablack pen, a steel marble gicsis T R
biscuit, a black oven plate on = and a digital calculator on . [
a white dining table : an office desk ‘

bl
~

= X711

&
= s

Grasp the coffee cup. Grasp the caiculator
at its keypad.
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B #75 Gaussian Splattingl ZB9 458X %E3DE VO T7 VD
Q
O BN —V0ERBELTRBERELUR) VT ADICANEATINS
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Deformable 3D Gaussians for Hig

Reconstruction

0 #=
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https://arxiv.org/pdf/2309.13101

Deformable 3DGS

n—Fidelity Monocular Dynamic Scene
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o MW=
Q FH—2DUTILEAALLUAY) T %EI$ 54D Gaussian Splatting (4AD-GS)FiEFIRE
O 3DAILTUEMPAR—RDIDEMIGEHAEHLESLET, BN —VREEER

4D Gaussian Splatting for Real-Time Dynamic Scene Rendering

[ Spatial-Temporal Structure Encoder|Z&Y ., ii3ET B3IDH L 7UoRDBEREZEEL-EROFEE N ATEEIC
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Spatial-Temporal Structure Encoder Multi-head Gaussian Deformation Decoder

https://arxiv.org/pdf/2310.08528

* Onginal Sampled Poimts * Original Sampled Points
¢ Canonical Mapped Poinss The Original Cast Ray
The Onginal Cast Ray «  Time Features of the Points
7 The Canonical Mapped Ray 2
.
.
4 a® ”
". ¢ L ° . 18 .
, - . "
. . .-"" '0 . ¢
.
T o N

1
() Cancmical Mapping Volume Rendering  (b) Time-aware Volume Rendering

,‘ * Original 3D Gaussians $
o \_. ¥ 0 Mapped 3D Gaussians S,
. \ ’{" ,‘ = Gaussian Deformatson Field T(S.1,)
K- - J 45 = Caussian Rasterization Paths
S
\ '_‘-'
1

(¢) 4D Gaussian Splatting
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CVPR 2024 MDFEX Y1) (76/122)

3DGStream: On—the—Fly Training of 3D Gaussians for Efficient Streaming of

Photo—Realistic Free—Viewpoint Videos

O #S=E
QO ZEAFEHNSOBERBEAEAN)—IT DD, AP T54723D Gaussian Splatting (3DGStream)FEFIRE
O Neural Transformation Cache (NTC) T3DGSDZEHEIA /INIMIETILILT A ET,. BELERBIERE)TILEFALLUR) VT EER
Q Adaptive 3DG AdditionIZ&kY . BIFIS —> D FHA T UM IEX G
O HAK
Q REEHE—YTVREDEET DI ISAFEBTIIEL BBERMN) —LIZHT 24 0 IS/ E2EEER
Q NTCIZKYIDGSDEHERMICETILIEL. IL—LEBDEBMDIDGSEEHETHWAIET, Bon=AL—STHS —2 O ERIZHRIE
O BIFEOFVWEEFERICHENR, ETI VAR EEEEZHBFLOD. ZERELLUA VT RETERAY
O 1)]S5—>,3°
Q #WHIIL—LTOHDIDG-SHOMEBIZKELIKF, EREECOLMAPTOBEMMHLVEE TIXREETOTHEM
Q Ao ISAEFD-OFEREHMRSI., Stage 1 TO KRELFHEOStage 2CTHDEMLTHHEA T O IRDETIVIEDFIFHEINE (L TORZESER)

Froeves st 100 | Frames of 152 | Renderings af 1o2 @ 38 from

os | ®
' . i ‘
!
/ 7
ke Ul A
g v . I
8 ﬁ 8‘ e N
Sagel | Stage2 90 90 Diffreriable | _ _
Stagei  Stage? st Spawn 30Gs .c -/ '—rww::—J https://arxiv.org/pdf/2403.01444
g f QR S:%00 !: Train the Neursl Traraformation Cache ;\“i._", toss _ IENEpRS "‘J TIUBN StageZ
: \ Singe 2: Spawn, Oplimize and Prune Addtional 30Gs . N ings
Y \ Frwvous 301 .Tmm J0Gs ‘A atonal 30Gs
Y| COOCOOO® \ . whwrn DG Shatt Be Transtormed 7 Where Additonal )G Shak Be
3 ,,,,,,,ﬁ,,“_, e == cvpaper.challenge
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CVPR 2024 MDFEX Y <) (77/122)

pix2gestalt: Amodal Segmentation by Synthesizing Wholes
BEE : Stable DiffusionZx AL\ TER D HILGE RN SMIERD I ENER (FTLWVRE R BB A L) ZE T ST E T, Zero—shot Tamodal segmentation

H

H
L
3

FERERE

M KIFEET —2TE Y & HStable Diffusionld. 3 TllImplicitly Camodal representationZF EH L TWNAEWLWSRERDE L., Zero—shot T

¥R R TR 7 S Amodal Segmentation| X IS AIRERL L — LT —I%FIRE,

FiEk AT AU CEE, FUMEEBRETILEEZFERAL T, S5 MERGBEGRERAU D TOL T MIERD RIKEEERT 5,
B ERESOCEBIOYADHFLWMEIERZERTAIENTRELLL, EERNIDORSE. HF5<{Zero—1-to-3 [ICCV2023]DHEHX T

¥, (EL.ERITEFENTHEEA)

Amodal Amodal Novel Amodal 3D
Segmenmxm View Synthesis Raconstruction

Input Image + Prompt

Gaussian &

Noise &

S oGA: ’

E
"

| pix2gestalt

VAE conditioning:

concat(§ il )

CLIP conditioning:

Visible (Modal) Mask

Latent Diffusion

Synthesized Whole

—

4

‘ ‘bench”

Amodal

4

Novel View

Segmentation Synthesis Reconstructson
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CVPR 2024 Miw3XH<')(78/122)

NeRFiller: Completing Scenes via Generative 3D Inpainting

B : 3DA 2 RATFATI2&Y o FIZEYIRESNT=3DT —2 D RIBEFH 5T
Bl tUYRYBRBIN=3DT—RIZIZRENZEE
BE: DA ARAVTAV T ETIVEFRTAHETIDA ARSI T4V T EER

M 4D EBEE2X 2D T YIRIZAA) T FTBRIET MILIZEYDATLIUE—EHDOHEIEY DALNTESLENS, 2D/ RAY
TAVTHMBETILOA=— V5 FMHERR

Iy WOy Wiy W

' o ¥ O

| 4 | PSNRT SSIMT  LPIPS | | MUSIQT  Corrs

Masked NeRF 14.71 0.78 0.26 3.71 675

St LaMask 27.39 0.90 0.05 3.76 643

g g SD Image Cond | 22.03 0.86 0.11 3.68 665

: Inpaint + DU 26.60 0.89 0.08 3.76 660

Ours w/o depth 28.41 0.92 0.06 3.72 682

Ours 28.28 0.91 0.06 3.73 696

v

w4 20w f% 0% 4 % &b

— == cvpaper.challenge 19
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CV

PR 2024 DiHXH <) (79/122)

P

Mapping for Monocular, Stereo, and RGB—-D Cameras

3
3

3

BE: 4a2rsIcE N1 /—T1)

Fik: MYRSREEODESIYMESETIEBEL., BATRMIC

A=

=b

ST47%#RAW=SLAMZIRE
NE-EEIFNEFNEBRERLENAN—TYSTAITEERKT DB, HIVTY

hoto—SLAM: Real-time Simultaneous Localization and Photorealistic

ESSYRR—IADETICKYELARNILEZEHEMIZFEETHET, TN TV RTavIERVE VT ReE M L,

AN . EEDNeRFR—RDSLAMIZRE BB RIBIIKET B0

R PRSI SIBEETHRESMERT IATF a8 CHRZEEREL:

TSOFMesh

Pros
Cons

InfiniTAM

KinectFusion

Implicit

—
I
|

BundleFusion _—— "=

SO
LSD-SLAM

/Photo-\

L

Explicit

photorealistic rendumg

Expensive

 Nice-SLAM -
Co-SLAM

ESLAM §

e L2 a

D3VO g

. Droid-SLAM a
DeepTAM

Perform well with

large training dataset

Poor generalization

1

‘Hr"‘

Densuty Mesh
e.g. Nice-SLAM

- A

o

Depth -~ Point cloud
e.g., Droid-SLAM

JY—ZADHEENEKR, REFETIEINANR—TIIT4TZEZNLTHT
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CVPR 2024 MimX <) (80/122)

SplaTAM: Splat, Track & Map 3D Gaussians for Dense RGB-D SLAM

d HE: 3049 7o ERL, B—0OR—XHLRGB-DAASALDE EEEDEEMEER

d 3% AY9RKRBICADEEIVTIEL U FAURSVF LT ERIELVT VAT LEBA

O 8t BRMEIDAYRERERATICET. BEEL ALY EEBRERRBIL . UBICTE LT Shi-EEA ESH O REH)

E.&UBDAIOTUEEBMTHILICLDEEILIN-TYTIRE
; Truth
- ’(raln
ﬂ....]""""

PSNR:27.4dB DepthL1:0.9cm

<
Ped-

== cvpaper.challenge 19
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CVPR 2024 Miw3XH<')(81/122)

SNI-SLAM: Semantic Neural Implicit SLAM

[ #E: NeRFIZES(EHEERGB-DEYL T4y ISLAMY R T LERE

O =3 SLALOERERETRICTIBBUEREREEAL, L —> Oy IE Y BB £ T v %R, JORTTLoavEEL
TSV otk BRIBEEGRAT 5, SEBOREENSEkM, RGB, TSDFIEET1—4 THAT S

O @itk J0RT7TFoLavISESUT, SR, S, EROBEERST 50T, BUASMMORERILEER, £1-. 51
BAREERSHLNTI—FEBATRIET, B—OBMICRMEA B A B A THEREEROIENTES

Appearance Feature

Fused Semantic Feature

== cvpaper.challenge 19



CVPR 2024 Miw3XH<')(82/122)

GaussianDreamer: Fast Generation from Text to 3D Gaussians by Bridging
2D and 3D Diffusion Models

[ #E: Gaussian SplattingZ /L T2DEIDDIEEET L DIEELEIT I Text-to-3DFEFIZEE

d F&: SDEHETLERANTIOLT A SIDSABEEMHEL. 2DIEMET LEFI AL TEREMRILT 3

d S8t 2DIMETILIEIDD—EHEIC, SDIEHMET VX R ATRELT—2 2 DFIRIZEEMNH 1=, AF % TlEGaussianSplattingZ /L
T2OMDETIVERERT S ETA)YMEMIL

Training Time Comparison Prompt: Viking axe, fantasy, weapon, blender...
74
64
5-
o
=4 ;
2
34
24
l .
0 _ Training
L N me  Rendered Image
9\30 \\'b\? Q\'.\"\ Initialization 10 seconds 2 minutes 7 minutes 14 minutes Time endered Image
o~ > 3D Gaussians with Temporal Variation
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CVPR 2024 MDimX Y <')(83/122)

LangSplat: 3D Language Gaussian Splatting

= 3DZRIN CIEEMN DR open—vocabulary queryingZ AIRE(Z 3 23D S SEIRE1E S

A F3. 2 CLOEEA—PIVI—FEZEL. RITO—VEAEOEEZR L TOLUPS B8 ESE 52T, BRIAETYL YL
TRENDAEY DAIBHEEREEH

O 8t 5%, DEMB TAHIS IO OEREBREICT B0 REE TH 1=, SAMERVTREBMETL T IRESETSHIET, AOE
B 1 DRI AR

3D Scene: Teatime 3D Scene: Figurines 3D Scene: Waldo Kitchen
| ] b

RGB

LERF

Ours

== cvpaper.challenge i



CVPR 2024 MimX <) (84/122)

SANeRF-HQ: Segment Anything for NeRF in High Quality

d BE 5xonf->—CROHLPEI—Y I T DB RERIDET AT —LaVEER

O E5: SAMERIBELTA—TV T LR DA TSz o5 AT —Lau 70, NeRFEFIFIL TR B8 D DIE A £

O @it ZESERCBENEERALTEY AT —S A BROBEER LSt BIET, ERBLA>-EELL FUA TEYEEEEND
—EBL T A T— 3 TR

Pre-trained NeRF Rendered pl DY
e b . RGB - \ " . . 4
NG f.‘ o = . //
/ )
SAM : | . SAM
Encoder ol S Decoder
' ' )
o~
' 2 \\_

Density
Ray-Par RGB Loss

: ¢ Featwe Container

: | Mask Decoder

"] Mask Aggregatoe
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CVPR 2024 MDFEX Y1) (85/122)

PIE-NeRF: Physics—based Interactive Elastodynamics with NeRF
O BE MEA—2DOI1L—La ENeRFEL—LLRIZHAL. EHROMKOES S EHEME H2ERE £ K

d Fig& ERHLERTYU TR T T IZRY . 2T EH DNeRF(EEISILINGP)EBEL . nfBDQ-GMLSH—FILIZR/S—R1ILT S, T&
P RAIZQA-GMLSH—RILDFIDEFECETILLEIZERE., h—RILTOREEEIPTOHIETR S CKY . MEBZIZEDN-ERE SR

d HEM: AV L RICEREMERILT 5120, MEAEAYS ORI YR DO LSERRMAEEBRR IO DBREREHBRTES

Q-GMLS kernels & IPs (Sec. 4.2)

A
2 >

Poisson disc sampling (Sec. 4.1)

Quadratic warping (Sec. 4.4)

(s "298) s1sagyuds uonow paseq-ssiyg
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CVPR 2024 MimX <) (86/122)

LED: A Large—scale Real—-world Paired Dataset for Event Camera Denoising
3 ARVEAASIF/ARDF B2 T0T WV —ATEEMLGIRIET T
%%, RSN D
a ?ﬁa RCIEFYRMRICRILI:, ARNUAT /(DU T T =531 MLED)
7E =
o B/ A RBREIL—LT—ELLTDEDFRE
3 FILLWRTT—EDR—XZL 4B

3 Rl |
(X g e i
5 :
& LED i1 1< Y&J‘t‘f' [Tty
3 “"':{.(’ [ r — }\‘\j :” %
A yH iltuminagio n: daytime —mightime —rp
ot A W
1 D0 A 1
oo PYSCLEAN N 'h ! % f"
T O P “'ID ] {1“ —P"’\\?‘
B4 bul Ag wnd: mear—distant
o}'.\:‘nl\}\ - = 1 ”“ .
: , ',\‘
R OAVIS ’ / ‘ https://qithub.com/Yee-Sing/led
Capture/s| 7 .. %y - | ; |
100 1000 5000 20000 targer: small-large
(a) Distribution of LED (b) Scale of LED (¢) Diversity of LED g Cvpaper'Cha"enge 204


https://github.com/Yee-Sing/led

CVPR 2024 (D:

wmXH <) (87/122)

GeoChat : Grounded Large Vision—Language Model for Remote Sensing (RS)

L BE. At KIRAER

H=:ih
=-1=]

ETIL(VLM) TIIEREEZROMRICRSEBGRFE DAV ZEBFETEEMN oY, RKEMGEREZEET S

CEMNTELL, FZT RSEMERF AL VIZHELIZVLIMT =41y r B LU ETILDEBEFEZFIRE

Jd =m0 I a—RIZIZCLIP-VIT(Vision Transformer)Z{# . MLP AdaptorZi@L TS B M EIC

BRI EITICLoRATERE  FRVBEA DY & FERAL TS,

| 248 . RSTIXRemote CLIPAHYE

ESNTOWAOREN T AT —ZEMICELEZ ST THMRE

ZE{ELLLM(Vicuna—v1.5)%~R— X [ZRS

[FRLLES. SEIXCVERIZRLT

BY, BHIZEREGEDRSEFEDIRIEZMAZTHATEEABEI £f-. FORBEZHENZREINTLEIN oL, (ENFLT-BH
=WV ANRMIRIZHES, BRYEA BRITEAL,

sultiple buldings,

Vigwal QA
USER: How maony
fenns  courts  ore
waible?
ASSISTANT 10
tennis  courts  ore

present in the imoge /

Referring :
USER: Tennis court ot
the bettom left.
ASSISTANT: Ternis
court &t the bottem
"3 44

ASSISTANT.

USER: __
ASSISTANT:

Grounded Image Coptioning
USER: Describe the imoge in detoil
ASS!&TANT The image d:ptds a scene with
----- o

Multi-tuen Conversation
USER: How mamy tennis courts are there in the imoge?

USER: Com you describe the surroundings of the tennis courts?
ASSISTANT. The tennis courts ore surrounded by multiple
buldings ond houses. There are olso cars parked nearby

Referring Expression

(USER){refer) Fostbat
ground oa the right side
furrounded by Srees

%

\.

m ible in the

(.Smc M’ft‘ccm\
USER: Is this a rural

Region capticring Imoge Description Viswal QA
[USER] [idemrify] What is )(l!Carn plecee [VSER) How many feotbel
present in ths ored? Sescraa the wmage = deral? s ond Sesaetnel

Tha mage 4 o8 sl vaw o COUrTS 4re presem A e
- "o -~ - T
1 Tha cantar
A Bashe e
fald of tha bottem of the
.

I .
vvvvvv

or en urbon ared? A

ASSISTANT. This L
is en oeriel view of on ?
\ urbon area =

= Siaa N <im_start>
Captioning
USER What is the
object present here?
ISTANT. A S N
\white small cor / £ 2t Araririon
humon end an artificial

inteligence assistont.
The assistent gives

helpfu, detailed, ond
polite onswers to the

hamon's questions

MLP Adoptor

+

’ CLIP-VIT

T
EER NER

== cvpaper.challenge
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CVPR 2024 Miw3XH<')(88/122)

Bridging Remote Sensors with Multisensor Geospatial Foundation Models

3

3

J

BE: SHOEF ) T4 FHTESIILF oY — W BEREFFEEETIIVERELI, £, RFEXTEIIILF O —2 MG L TEEL

T_:ET)l/b‘iTﬁ:\T%)‘t'/'U' RIORBFEEDLSICRETELION?TILTF U H—IoBELI-T—2EERFEETHIETTRIRITH
REN M LT DD M EIREL,

FiE: KUY TLIZELGIEHAHLANV—FRAEBEL. YRAFX T SN =T —F%EncoderlZA N1 TRIVDFRAITEHD o —%FE->TT

AVDEZF T EFRFEZTITL., TDEncoderzlEE-WVIRINBEEFI1TI,

B BET—2IMNERBRBIRELTOWSDTELGS U —DoBFENRALHNEDN T —2OMENLLERMICEZ TS RSANIVELLD
DT, Updates =T —S YT ELURITIRESNED, ERS O BT EDGFMDEETZ>1=,

msGFM Pretraining msGFM Finetuning
a2
m Eean
ot - 1o 1S
~W| BN
s eSS
Methods 10% BEN  100% BEN SENI2MS-CR SpaceNet Vaihingen
mAP (1) mAP(T) MAE(}) SAM(]) SSIM(?) PSNR(T) SSIM(f) mlOU(T)
] SeCo [35] 82,6 878 - - - - - 68.9
SatMAE [15] 82.1 - - - - 22.742 0.621 70.6
MoCoV2 (8] . 89.3 - - - - . 2
< DINO-MC [62] 84.2 88.6 - - - - - -
GFM [39) 86.3 - . - 22.599 0.638 75.2
Random 82.6 86 2 0.048 14.78 0.572 21.825 0594 67.0
IN-22Kk [36] 85.7 89.5 - - - 21.655 0.612 747
msGFM 87.5 92.9 0.026 487 0.842 22.850 0.668 758
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CVPR 2024 Miw3XH<')(89/122)

/*: Zero—shot Style Transfer via Attention Reweighting

[ #E: Diffuion ModelZ FAL\f=Zero—-Shot Style TransferZi2% ., ChF THYMEN TEF-. Text—to-ImageDDiffusion ModelZ AL V=R 2 A JL LT
(AR <HER B Y Content B[R K U Style B{EF{EALI-StyleE#E B L1 D,
J Fi&: 44 L2FYTEBLTT O TR Stable DiffusionTLISEZADTH AR DIEDAHMEL LN EIZTH T BF=8 . DDIM InversionZ FLY

TContentE[{& & StyleE{E D KA LARAT VT D EE IS I ADual-Path schemeZ 12 %, Attention ReweightingfA] Tl&Dual-Path scheme T&1=
Contentf§HEZ VL) &THI LT, ContentEHE DB EZF R OT-FEStylefFHEMN 5 StyleFHRZIMY AND,

M| BA8. 2KRELTIEXELStyleZERTETULNS, LML, ADISEZEStyle BE{E R U ADE{EZ Content B{EIZLT-FF, StyleEI{R M Content| ZFFEIN T
ZRMKELZEILLTWDEENH D, Ko T, StyleE{EMNSContentFHEHNFI T A A EFIRETESLEH(IZLLGEYEFS,

Style Denoisang Path

. Content Features
. A, ¥,
1

p—— L | S ———
(1% Attention Reweighting)

e

Softmax [Concat( A, , Fd)] x

Xt l

Ll 13 Style
| l -3 'M‘.
. r
-8/ x

e L
w1
“»
. ‘ E Q M
_ , IR
Stylised knagr |,
M

Content Denowsang Path

ﬂ»ﬂ .lw.' ﬁ | __f.ywmm. llél L IIVI:I]

Content lmage L
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CVPR 2024 Miw3XH<')(90/122)

Few—Shot Object Detection with Foundation Models

d BEE : 82T T )LFFew-Shot Object Detectionl SERALI-MZE, M EDMEBEREINI=-A T OO D BICEBETILEERTHETHRE
FULEWVEEZTE/MLT-.

3% QueryEIR ESupportEi{% % E 4% & E L1=El— MDINOV2IZ A 71, Deformable DETROEncoder|= A &M 1= Query B 4544 & & SupporE]
18 D451 E % Cross—AttentionlZ A 71, T D& . Decoder|Z A 71LBounding Box% 1§54 (Object Queriesld T4 LIZfFHEESN =2 —4F 2 R), F=.
LLM®in—context learningZ FALYTBounding BoxN @) ObjectD IS5 A E 5589 5,

d BA8: DINOV2OEHFEFE S EDINOV2DET LY A XA INETHEIEC DR TH—IVADHBD SAB A,

Proposal Generation

Object Queries :
, <class_bg><class_1>...<class_80>

1
|
Visual Feature | @0 - 0],
Backbone (DINOv2) |! } : v ) : t
1 =N ' Transformer Transformer ||
L e ! Encoder Decoder : Large Language Model
Query Image : ! ; (Vicuna)
E Cross-Attention E
L N (Y Ll VRS |
Ba:ll:::;a;:::;lt:gv 3 —”—O—’-A] Language Instruction ‘
0 Please classify each of the proposals in <proposal_1>...

<proposal_300>. Categories Containing, <class_1>:

o <visual prototype>, ..., <class_80>: <visual prototype>.

—| O If the proposal does not belong to any of these classes,
e it will be classified as <class_bg>

Visual Feature
Backbone (DINOv2)

sadew)| poddns

Class Prototypes
== cvpaper.challenge 203



CVPR 2024 Miw3XH<')(91/122)

Ll O>

Grounding Data

E Alemale alhlels
A - to pairs
' Voleybal
. ) .o 3
} ! A sandy court

Box-text pairs Mask-text pairs

Classification Data

A green and
yellow angle fish
BLIP
’ n A blue and yellow
captioning angle fish

An angle fish is
tuning around

angel fish

(a) Data generation pipeline

pha—CLIP: A CLIP Model Focusing on Wherever You Want

BE: CLUPIX, HEDFBRICKREUTHIENELL, EROBFEERBICRRZELTEHILOITZLI7FrRILEEML, EfRETFR
PORFEFETHLT, ERERMELHEL OO, Ml HBRMERSE.

Fik: EORGBFYRILIZMZA T, ZILI7FrRILEEML. BEEEOIERERALTES,
B8 CLIPZEIZAVWTHEDHANWEETFTOIRIAMSIYBEN TSP, COFXRIFEEIZUTILMODOEMIZRZS,

Model framework

E
cLp

Afemale athlete Text LN CE
Encoder

Attention
Block

xN

Alpha

Conv

Alpha-CLIP Image Encoder

(b) Fine-tuning pipeline
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CVPR 2024 (D:

wmXH<)(92/122)

Unraveling Instance Associations: A Closer Look for Audio—Visual

Segmentation

| BE:—DL— 0 THEHEDA T VI ERTHAEMRELTLED commonsense” (F kIR /N4 7 A% fZH, 1.COCOT—4t vk
DIEEEVGGSoundDT—A Yy RERT1 24 L1=Visual Post—Producition(VPOR L FIT—H%EEE  2VPOR L FT—% Taudio-visual D

MIBEEEITOIET. . ROTATERHTAITEEFHRITEZR AT S,
FiE: 1. VPORUFIT—Y(LCOCOEEMNS21 DT A T—230 X RAD%E . FLTVGGSound M S 10 RS LS

3

BEAVARRIVRS

RNIVIZEDESUH LIZTYFEE B, 2.audio-visual T —R2 YD T AV NA —T4AT—2EMYHBL., BT AR —T4A D H
BHEICKYRISTAT . RAT1Taudio-visua 4 EERR T 5, BERBEBICKYRD T4 IHEHHILAEDE, FHTATHBITEI N B EKSIC

FEEITI.

d B D NATREBET AR FI—IFIRETHILET. TLFEX T4 DEBEOFHAR N LYEIFT BN TRER LR,

(| £eid (falx )

], (e]

Anchor (f&’(éA 1 (B8

Positive Feature !

N

fe
.9@ | o) |t= t“y,(v) y(w)|
.I QA --B-B)@

@ O v f\ v 5B yuo ritay
AD’ @Pos live . u

Wl ¥ Ve 55 tor
A& (@@ §

E‘ - Repol i

| M2, = | |t = ]| yile) # yiw)|
12 (@A)~ =N £ 35 ©
1 QA )~ (=6 £ 8) @
(Wit | 2 ¢ 3sl9) = v
ff‘-'ii'(OAw‘ (P - DO
NG — | [t # ¢ |ysl9) # ¥
féiit.-A) (= 2N D ©
QA&+ 8O
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CVPR 2024 Miw3XH<')(93/122)

COCONut: Modernizing COCO Segmentation

d BE. RO AT —o 3V EFINERWNET /T—av A FS5(VE BN TCOCONKELRIEL. SYSRBLAT/T—avé
F—RtyrDHREEFELT-. 383,000 DEMEES18EANI/IN/ TTF4IRATRAI%EE ATCOCONUEIRE,

d E3. MRREOES AT — 3 BT ILIZTHE SN F=maskPObbox| 2 L T ARIAEE, . BET T O REEHMEITICECEEELT/
T—2aV%EEH. EBLTI=COCONUutIZTETIILEZZEF I, FILLWIRNILT—RZENWTHEWRIT7EHEE,

d BHE: COCONT/T—avEEIZDVWTILLAINOEEICG>TWW =L THLERED T VL RVEAZEES, SAMECOCONUt TEE L

=ETILDOLENESLSEMRIELT=LY
—— o) R 4

image coco COCONut image coco COCONut
COCO-trained prediction COCONut-trained prediction

COCO-val reladeled COCO-val COCONut-val
backbone | training set || PQ AP™ mioU| PQ AP™* mioll | PQ AP™* mlol
COCo 533 396 617 551 406 639 |S3.1 3701 625
COCONut:S|I151.7 375 594 S89 444 o644 (567 412 636
COCONut-B||534 393 626 602 452 657 |58.1 429 647
COCONut-L|/54.1 402 631 607 458 66.1 (607 448 683
COCo 579 450 669 604 464 699 |S83 441 664
COCONut-S {559 419 661 644 SOB 714 (594 457 678
COCONu-B||5T8 448 666 649 512 718 |613 465 695
COCONut-L||58.1 453 673 651 514 719 |627 476 706

ResNetSO

CoavNeXt-L
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Generative Data Diversity Enhancement

DiverGen: Improving Instance Segmentation by Learning Wider Data
Distribution with More Diverse Generative Data

d BB AHETILCERLET

—REREBRT —2EDTTDR—BOBE RN, RERT 20N MEIKRSE ST 2 EHRMENLRERF X%

RE, COFERICKYLVISEARAW AV RAV AT A T—avCBWTRED T —ALEFEZ LY EWNRIT7TEES

A F3%: hTFTUO L H M (ELImageNet-1kDHTITUE, TOLTRD SHEEChatGPTZ AV TE TOV T A REY ABHRICIA TS IS
FOERTE.ERETILOZHRMEIF2EFEDET ILERAL =, 7/T—aV EBIESAME{E R

d B ARETILEAVTT 2ty EHEELERETAOERVFERE LR o1,

end-to—end CAVRBV AT A T—23 T —35 R TELLIITHEERLY

Catogory Div ml)r Iabmmmt

LVlS
we;odcs

l

. Prooapt Diversity Enhancement

@ manually designed mm]

@ ChatGPT designed peompls ]
i
Model Diversity Enhancement

== »

Diffusion 2 \IF J‘

Instance Generation

Armotation Data

x -+

SAM- Bukgmuml
lightweight mask docoder

Wmvdur ‘ unnpucncodcr
Besckpround points |

Raw Data

X SR

Instance Annotation

Filtered Out Generation

A

B &
aP

et
|

CLIP Inter-similarity

I

Auvgmented Dara

[

Model
intersundanity filter ] Training
CLIP cLP Real
umage encoder image encoder Dataset

Instance Filtration

Instance Augmentation

— BT/ T—avIESAMERLTIND =8,

Method | Backbone APYs APt AP APt
Cop> Pastcl ] Eﬁiucnlf\kt B? 41.6 18 I - ” I
Tan et al. [26] ResNeSt-269 - 415 - 30.0
Detic [36] Swin-B 469 41.7 459 41.7
CenterNet2 [35) Swin-L 47.5 423 414 36.8
X-Paste [34] Swin-L S0.1 444 432 433
: 51.2 455 50.1 458

DiverGen (Ours) Swio-L {(+1.1) (+1.1) +1.9) (+2.5)
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A Vision Check—up for Language Models
d EE: LLMAE D ESIZVisonEIRZ TO BN I EH R B ETAB LRI, LLMA A K L1-E& TPre-trainingD & L\ R\ RER T= 1=,

A Fi: QUMIZO—RE2EABIETYAEZEESE S, O) ANZNLEI—RIEL. LLMIZHERBEELTRME S, (OLLMTE ELE-EERT
ETILEFIIFEL . EE{E TR,
d M LMAEEBRELNIEEE DON. XFELTEHTIRERENICR TN TELIONEAE LA, MENEESESE(EH

(2% ELIAATLNS,
Part 1. Can a Language Model Draw, See and Correct with Text?
o I-1k  I-100
(3) Generation: Drawing lmages with Text Pm’tmmng Dataset Linear 5-NN
Return code to M:? ::::;u-:u'-. <3, -
aovarow — - 5 > idedede Random Init. None 436 428
abisaiog e AR A (i Real Places 55.50  57.04
(b) Recognitson: Seeing Images with Text
o & v Dead-leaves 2000 12.76
[,)::"m :;:l;:-,o 150, 100, 100) + following piece —» - lerrace FractalDB-1k 23.86 17.24
Wlng O?'Mp[al]‘-:‘. 156, 180, 180) of(‘()dl g{'ﬂl’fﬂf" Tm'Tc L‘Ah"
Sk Ak StyleGAN O 38.12 33.00
(c) Correcting LLM generated Images with Self-Generated Text Feedback Procedural _3:211‘ 418_3 43_24~
6ot ""*“* ""‘“ LLMs (w/o GPT-4) 33.60 2242

e e m_. e |_4—=~I"_'H I — LLMs (w/ GPT-4) 36.16  27.44

LLMs (w/o GPT-4) + S-21k  45.79 43.40

Part IL. Visual Representation Leamning from Text-Generated Images LLMs (W/ GPT-4) + S-21k 46.03 43.36
- g
Al i k) N
Dataset: LLM Images == cvpaper.challenge 2

(a) Pre-Traiming: Unsupervised Contrastive Representation Leaming (b) Evaluate on Real Images



CVPR 2024 Miw3XH<')(96/122)

Person—in—WiFi 3D: End—to—End Multi—Person 3D Pose Estimation with

Wi—Fi

J #BE WFEERALE-ERAYRTEEHEETILDIRE

d Fi&: CSIT—RIZHL T, subcarrierE£EDTh—o1b, ToTFELL—N—DBEFZRME I BEEHRE S O THE—RRH
EmbeddingZ B/, 100D queryZBNL TDecoderZ@L . N\ HY T URYFUOI ARG EEZF-TERMANYMERBHT

d FHiEM. BEORNE+WIFIESERALV-DETRR—A D Transformer CL S T O TEE

Figure 1. This paper presents Person-in-WiFi 3D, the first multi-person 3D pose estimation system with Wi-Fi signals.
== cvpaper.challenge 2
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RoHM: Robust Human Motion Reconstruction via Diffusion
d EE EETILETAL ERO /A XICTEREIRITAYNEBA M TETILERE

d =3 TRIENT-RootDENEE AMEE (5t L TTrajNet&PoseNet|ZkYDenoising, 1854 f-PoseZ & &L TRootFRIZT VT
T —MR(TrajControl)

O smEn. KEN/ BB ADEEEZFINENTRAI+HEHETILTETIVE, ERIZCES T TFEENEZHNESIHIR R THo
THIEEIIIRITRBEZHTETRE, TR DOHAF 2 RIZLHDTPlausibilityD B WLVEEH HEFEIR

Input: Noisy & incomplete motion

i 5 ——
My R "i», f ) My P i [ (,- TrajControl
: : R Pll A NS BN E
HMie |
< 7 N
R, R - n — R T
TrajNet P, G .
v R, P 1 Mo R e . ’
/__/_/) d | /{4 o e : —
a /c‘ g A"A ] " 1 _/_»—/ 7 l'aj et
~—_. 44¢8 \ e )
L EEN —
/e Vil's " Reraton k=1 Iteration >1
Output: Complete 3D motion. 4 ' =% For all Heratices 1D 1x1 conv
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FinePOSE: Fine—Grained Prompt—Driven 3D Human Pose Estimation via Diffusion
Models

d @E CLIPOTXANMFHETOVTFRBEILEFI AL R T A EEHETE
J F ESAMEBICEALTT /4207 358, 2D S EELHR . AMEBIZEHI2EERRETO T EconcatL TEH,

J Fi: KRIREIZEREET SN TUOACLIPDtext embeddingE FIFT 22 EICE>TARBDRNSEZEFR, =SB0 7OV T
zHRAELaWWHE TERZHE

Diffusion Process __ Fine-grained Prompt-driven Denoiser (FinePOSE) -
Uncontaminated 3D poses: Y, ! 2D poses: X Flne-grained Prompt pose Communlcation (FPC) ¢ ‘P‘:‘:;'}.'!'.‘”'"
| i .}}.’i ’:::-':.: 4 & 2 é
Ry B Fine-grained ‘ 8 i3 =
Il H3 rommesse (- HEEH HEE-v.
AMd . ao.D Contaminated 3D poses: Y, = MHCA | . :

_ “_’ SES | 5‘\:‘;,’ La témx.'.‘;;;;;'T O

3 Denoising Process y D P & Fine-grained
 Training & Inference Y ; x f 1 5 i EP | Part-aware Prompts )
Reconstructed 3D poses: Y, @ CLIP - L_ E]O/ \@-EI
J pii,"::.’:‘:i:’.. | = || O &=
Denoiser | f,';;‘:;:{“;;‘;'n‘;‘,;‘(::;," { _Emdl. Or227ke)
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ImageNet—D: Benchmarking Neural Network Robustness on Diffusion

Synthetic Object

A BE AREEISERINS. D HS ERMEE BT —42t Y NmageNet-DEIZE

[J  Fik: Background, Texture, MaterialZ 5§ EL=F ¥ T av 2 AVWTEEBLE R, FOERRMUEIDDETILN—BLTFER
o=t D% EH

J g8t mEEM Il T —2t Y h(ImageNet-CH &) [FIL—ILR—RADEGHRELEEFRALTEY Y ZILENEL, FERRIZEaXE

Mhhd, ZZTYTZILO DEHEIAE R AIRE AR MEEA T —2 v b EBE, BFEOBEBREANTET ILOVAAETILIZHLT
16 40%FEEDFREERTER L=,

Background
Swimming Yrunks  Mair Dryer Can Opener Batch Towel

Material
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Scaling Laws of Synthetic Images for Model Training ... for Now

d #E ATE/®T2ZRAVEEIZEORST—) S BB 3T

d =25 AT HEAVCHOSMNETICEALT. OETILOEEOext S 14 AN text TAV TR EELSE RS —1) Y
G BIFHREE, E-FONT-EEBEO SR, VSRICHT A ERSEERFEDOHEEDOBFREREL.

O EBER . () ERT A LEENEBERET—2ELR TR — LS BIABLRRED), () F—20 SHEEAKEET
&) (i) R —12 7 DEREICISABTENHIERDBEENEZS) (v) KAV Ery TR HIERBEALT—UTIL

—
T—5
Power-law Constrained P
08 /.
- 0.7
* 'y
- 08 & -—
0.7 - o _ 5‘
3 s 3
5 : B £ o
9 ; ¢ @ 3
—- ) 3 o v
D o6 g (-] 2.0 < g
[ c — ¥ C
o . - w Y
: 3 :
e + 12~ 04
Q05 o s - \ 3
g ‘q' \\
-4 \ 2.3
Others - =14 & |
% S -
).4 4 Muse IN.captions < »
% Imagen IN-captions 4
s SO Classnames LN 16 0.1250.25 05 1 2 4 8 16 32 64 0.1250.25 05 1 2 4 8 16 32 64
® SO IN-<captions . Dataset Scale (M) Dataset Scale (M)
03
055 060 065 070 075 080 085 SD Classname, CFG 7.5 SD CLIP template, CFG 2.0 ~&— MUSE IN-Captions -8 - Real
Diversity SD Classname, CFG 2.0  —~e— SD IN-Captions, CFG 2.0 4~ Imagen IN-Captions
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Learning Vision from Models Rivals Learning Vision from Data
d #Z: L LMEStable Diffusion|Z& > TEBSN-EHRT —2DHEAN-FEHIFEE
[ F#: in-context learningl 2 &Y B B OMBIERESALF VY TOIVELUMICEYAR, R—F v T ava2ERALEEESEBEE

LTXEBZEE, MIMEEMNTER
A 58l ERERDOEODF YT arELLME B TER, LIPAODINO v2IZIE s 25 E%E T HRa R I TRk,

A vintoge electric locemotive rolls along
field in a tranquil rural landscape.

A combine harvester pulling o trailer full of hay, driving along a narrow roed
with o loke in the distance.

== cvpaper.challenge 2

Afluffy black and white junco bird perches on a snow-covered fence,
overlooking a dark forest,




CVPR 2024 MiwXHY~<')(102/122)

FACT: Frame—Action Cross—Attention Temporal Modeling for Efficient

Action Segmentation

d BE 700 — LROBBMLERESESEEFE

D Fik HERAVSHEMB-RBRRINBTZTEo-E, BEREIL— LM Zcross—attentiond A LI HEHB DI FEERT
B DISUFTREITTS.

[ Bt 7o a  LRLETL—LLALD OO S CHEE L RS E AL THARTIOMBITE LR LSt 1=

Prediction Prediction Prediction Note Sreskian GTEA -
3 s F1@ (10,25, 50) | Eait | Acc | FL@ (10,25, 50) | Edit | Ace
| EDTCN W) ¥ . . . . © 1722 093 560 640 .
O .Opo TORN [ 2} ¥, . . . . « 1792 M4 n:.7;74.| 0.1
SSA-GAN[21] Fr| - - - | - [433/806 791 742|760 744
; Bridge-Prompt [ 16] | Fy | - . . . - 1941 920 B30/916 812
Convolution Action Stage MSTON [16] 526 481 379|617 | 633|878 84 7406|8142
or Action Cross- MSTCN++ [17) 641 586 459 (649|676 KRR RST 760 %35 |80
Branch SRS MuCon [56) P [732 661 484 763|628 - - . | . | .
Transformer Frame Feature CHYCN(SS] | A [722 687 576|696 760 843 818 726 764|849
ASRH 4) Ci |743 639 261 | 723|676 894 878 FO8 KLT (773
HASR |1] 747 05 ST0|719/94 1909 886 7648575774
Frame Stage ASFormer{61] 760 706 ST4 (750|735 901 B8S 79.2 | 846|797
DTL{) C; |78 745 &9 m7|758) - - - | - | -
B 4 4 MVGAL4) A 756 721 %97 768|742 913 900 793|864 | 503
Video F “," TCTe ) 766 711 AK5[76.1 (7751913 901 800879811
IGE0 Frames Action Tokens UVAST]7| P (769 715 S80[77.0 |67 927 913 810 921|802
KTK [25] 769 724 605761733 912 906 834 K79 503
(a) Frame-Based (b) Two-Stage (¢) Our FACT Noaay |z e sl sl las s dalaalas
| S| R ol = 3. . . 2.8 ~ | 2.2
Method Method Method ‘
FACT ] | 814 765 662797762 9AS 921 841 914 | 861
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AiOS: All-in—One—Stage Expressive Human Pose and Shape Estimation
d BT S OEFLTERILIRTD AV A ETETIFE.

D Fi&E: FHEHEHE oBBOXFRETART—U-HE R EFITORT—U =R SN -5 i Drefinement@ AV 21 ETTTH5RT—DIE
(2975, BEEHELUSNDRIRAT—UZDETRER—XELTEY, RTF—2RBITh—oU 5B ELT 5.

d S8 B Ak EETIRT U TAMENENDIRAIEE BT A ETER->TVND AYRIZEH (+ B EE DR £ 4]

Lngws ROMP BEV Ours
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SelfPosel3d: Self-Supervised Multi—-Person Multi—View 3d Pose Estimation

4
3

BE: 2T ECHEMHYFEDHTERRDIRTNDE ABDEZHEETOIFE

FE ZERADDEZRNIDLEDZFANYDORMIEZHTE. PIOMELFERICEITH2DEZHTEDERNOIDEZHEZEITLY, £D3ID
LU TEHRETERDDERICIRTL, TODEBHTEHREDETIRREF]ETD. e, 7L —VavBRELTHENESIHEF
E2DCNNZRWTEHELIEAXDLERZEHEMIRESES.

R ST HCHEMHYFEDHTERRDIRTDZ ARMDEDHEEZTY. SRR/FADEREIT(ERAIHLTHREZR LSE
TWh%.

multi-view input

2 "3“{'; } - ~
R = e
= v y - -~

output from cur self-supervised approach

" B
- e
™ a - it
|
» 1
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DiffusionRegPose: Enhancing Multi—-Person Pose Estimation using a

Diffusion—Based End—to—End Regression Approach
d EE: 8T TILR—X Tend—to-end CEEN D Z AMD DB AE T T 5T

d Fi#: AWREEOH D OBBOXEdiffusion N —RDE BT D H N cross—attentiond ¥, ZDH H%EEBS. 2T, DiffusionPose&[Fl
BRICGTOBEE RICHRRIC/AREZ G ETEIED 21— ILEFTNET /A RXSEBDED1—ILERAEL, /MR T IREMEEEZERIES. #HE
I T /A XSEBDED 12— ILDAZFRALRRIZT /A XETD.

O i AMBHER—XD/AIABREDENTIOBECHEICEREEATAHLT, APREOREEDH L/ A XBREREDRE LD
MAZERLTNS.

ED-Paose Input

Ours
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Improving Spectral Snapshot Reconstruction with Spectral—-Spatial
Rectification
o RATYTLavba L TEIFLI=HSI(Hyperspectral Image)& T3 DD ERT—2D L L ZEFEFNT 51=8 D F ;£ SSR(Spectral-Spatial
Rectification) &g, ET —2H KUV Il —arT—3EYr X RICETREENINRET A ENEIEINT
o fEEF % (the spectra—wise transformer) Tl I EAREFF =V EHET ETARIML DD BEFMEZEENESRIND
a RTYTVIvr DI IBLIET =2 TIEARIMLEEDBENWEBARINLEIENRSBLIZENH S

o HHEEZERMICZHD IR I(Z29EIF HWSSA(Window—based Spectra—wise Self-Attention)E REWNWA—RILDBAHIAFH ARIKILEHD
FE(CKYZERED S ILEREFIT HARB(spAtial Rectification Block)Z#H1zIZIRZEL . HSHE T DIED L E#EF

o WSSALARB#INA A ETHSIHETTHREN M LT HEDIED ., BEIEFEIZEDPSNRESSIMIZKAEHMIZT, SOTAF EZ XYL S VETHREERLT-

{c1) ERS (e2) ARS Datpnt
e Fant
P i 3
LN AL . y
Table 2. Ablation study of WSSA and ARB.
CroupMorm Cru ™
- Bascline-1 WSSA ARB PSNR SSIM Params (M) FLOPs (G)
o]
) £ ¥ X v 660  0.956 1.06 14.43
i e ice: : v 3776 0,965 1.30 18.82
yrtisem Layeriime = v v v 39.19 0.971 1.73 26.37
(b) SSRUnet
Mok (mteddeg s5a Downlip Sample :-:«.%?
fmbeddeg brpu

Suip Corvrwcron Coml st Corwie)

(c) SSRB (d) WSSA
Figure 2. (a)-(c) The overall architecture of SSR, SSRUnet, and SSRB. LMP is achieved via a formula. (d) Details of WSSA

J. Zhang et al. “Improving Spectral Snapshot Reconstruction with % Cvpaper.cha"enge 294
Spectral-Spatial Rectification”,in CVPR 2024.
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Rethinking Transformers Pre—training for Multi—-Spectral Satellite Imagery

[ BE . JILFRT—IVEEETHEE2EEE T D TransformerEHIEE FEFIRE

O =3 $EEQIHIEEREELEERNTEZARAO L FE ERNEERBEIEN L4 THRASN S, RBBOEA FBET S
EREERD B M Homd —F — 80 ERA DB RBEEANEDYE+ mA—F—I2h5, COESHILF Ry —LEESF v+

IWEEHTAHAREBEBICNTEERFEE FEELT, SatMAEHZIRZELT-, R—RX54 > D SatMAE(ZMAEIZXxt L TRGBLULAA DIEFNEE D AR
R IVIEBRBIRA A ESITHEIEL =, SatMAE+HTIE, ELICVILTF R —ILIEFFE TEAHKSIZHLE

d #H8: ANEBERKIDDRY—ILLARLTRYASHBA TILF Ry —LiEE S BEE5

(HwW)
(4H, 4W)

-rg/-.f —c oy e e e e

[ i (28, 2W) 60 e Xees S P PENE L
: : 15 J/
g IF g E ¥ g’ £55 \\e’
= = Linear = J
S J — ‘é 4 "
. Upsample B = 50 /
= -5.% £ 2 Block 5 2
5 :"‘: =5 =5 LX MSE ., . i "
E: 4 Loss .y ‘
E ] -'I « one scale
‘ — Loss = a;L; + a;1; + a,l4 Upsample a0 | —— two scales
Block L i —=— three scales
= Lo — 0 b 10 Ep:):(':h 20 25 30
AAsS 1 i
Ly | L1 l 1 L Y ]
Llﬂj Multi-scade Recosstruction g Cvpaper.Cha“enge hos
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LIDAR—Net: A Real-scanned 3D Point Cloud Dataset for Indoor Scenes
(d  #EE. 530 Sem Seg Instance Seg. WA EFDTHLLDARTERNERELET—4tyrE N

d =% #tEOBRMNEABT—2tyhESIDISHEERGB-DRF ¥+ THAISN =L DN E M o1, LHL. BREHZET 5154 (it k53 EE
LiDAR®FHE DLDARNMELNEZEMNZ LY, FT, FHELDARTEHAILE-BRNAREICHL TR AL T—av B E# 15T —3 vt %
BELT, JYHEEMCHESRE CRBEEEZEFEDFMZEITASKIICLT .

J Hl: #EORGB-DF—4tyrTIERELTUELLDARBE DT —AR ZX YL DI REYUSAUNEENTNED T,
A—HHLIDARTEBILFKRITHELY,

S085 _SCarken
FONN PIIOCTA Lt A PR i e et
.= . o g o rer .
’ ) =~y
t b
i ]
A § ..
2 1 14 8 .8 : : ey o '
O Lo -——
_StanMetes L, -
— ot papene | —t gt a
ol prapoions | voew prapneon

i - r

nm | t

1 1end
o |Jon
b 1}

-~ |

N T o — sl

—_———— e — e = e e
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Unified Entropy Optimization for Open—Set Test—Time Adaptation

2 Open—-SetIZx L THERN/E Test-Time Adaptation (TTA) DFEDIRE
O BEFFDTTAFE(LClosed-setIZIEBE N TH S H Open—setl XL THBED LIEHFEZ S
a TTATIGLALVGNTWWAI AE—&/IMLEIE Open—-set Tl EFLULIHZELY
O Open-—set samples MDTFFE H normalization statisticsDHETEZEL<T S
A RHOYUTIVIZHTHIUMAE—R/MEICE>TETILDMRENELLT S
a SZ/\yFITEICOODEDIZ A A0 EEEL, OODH U T ILICH L TIEFT U bAE—
AL, DYUT VIR L TIEIUFaE—R/MEERAWTEE.

Distribution-aware Filter

entropy maximization on ¢sOOD samples

entropy minimization on ¢slD samples distribution

== cvpaper.challenge 227



CVPR 2024 MiwXHY~<')(110/122)

Robust Noisy Correspondence Learning with Equivariant Similarity
Consistency
A BE < LFE—SFILOREEIBELT—RIZESENEIIRNIL/ AR T ZONZAMERA L FEDIRE, 1253 SEquivariant Similarity
Consistency(ESC)IZE2TH)—2TRIVE/ARTRILD D BEFETRIREEL, YIILFE—F IILERFEDERER EEZE R

5 BGETFRCOBRNEL LA T HERE. —HBOBILERET FROATERERICTNUNDT—LEHE, ERETFR
FMENTNEFDETILTEEL, EUMEHEE, ZOR2EHEDIossEFHHEL, BUMIZBEATHETII—UINILE/ A XFRILIZHE

d FHEM. Rk O0RE—SILBRETHEBINTL  -triplet lossTIXANZAMEAETLTULVED, BEFXICEYONIMEZREL-EE., /
A XS )L LA Al BE

Feature Extraction Division N Matching
f(I) % e . Lo I' ¢ Lyge Lyore

Ascher Corvespondence Undivided Poﬂ in thiz Mini-bateh B* ] 53 — i' - T

] 1 L H D.

" p —>1a > Undivided Set Anchcv- Set L*‘] [ J
la Wi H e i D,

S *e - ' C'mn Set sy Set
I Training set D H T
A lirtle black A ttle whute A young man n fm bcych‘ th ég “r) 5 —> . gt
Ta| 909 s bying o dog is lyng on r, blue is ploywg |T Tr - P°‘“
the grass the wn i 40:’&!1 4 Gwrve i - 4
e Esc
| S - Fitti !
’ ' \ ',;';ﬂ,*...,a@» v i T s D
I Iy L 1 S(I,T)
- .. 'u ~ | [ — ’
S T - Y - O - R = i d
D Netsy P , z 0 .
T dm T .’. - Ty GO i Embcda-ng . 5"“"‘“"“)’ Av fmagc-tcxt pair Cnard Cese [;u[l Lgse Loss function
Semdornty Matecs Samilarity Metrix Simdon Ty Matros
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Learning with Structural Labels for Learning with Noisy Labels

O @E: SNL/AREBAEKRRT — Sy 2B, HAER L 2FEORE, HEFETE/AXSNLIZE DAL EDE TR
BTHTA, BBIESRILEFIEN DA DB Oreverse k-NNT LT R LIZEY SHEEHES L/ A X DBESEWIE, HEED

IR/ A XFERITEEATHRER L OZERRE O FRILERE

d E=&. VI UTIEESL, KRHUTILDISRET ., ALIS5REFRILEYL IR T THRREHEL. BRICESNTSRLEE S
INVEFBEE. T—2LEEZHANVTEEEINILEZEZE
O FHUTILARILISRAEZEFAILE=Y T ILICAITTREZRS, ZITHRo=8I- &> THEERZ L,

d F8: TR THEMICT 2D ERT CENTE(ER), TEELSNILIET—2Ey 2 KICE N EMICEEERIFTT LN

4] 5

!

(a) Gaussian modeling for
Gaussian samples

Moon dataset

(¢) Gaussian modeling for

(b) Modeling based on reverse
k-NN for Gaussian samples

.-

(d) Modeling based on reverse
k-NN for Moon dataset

Method

|__WebVision

| _HSVRC2012

Top-1  Top-5 | Top-1 Top-5
Co-teaching [19] | 63.58 8520 | 61.48 84.70
ELR+ [37] 77.78 9168 | 70.20 89.76
NGC [65]) 79.16 91,84 | 7444 91.M
LongReMix [5] 7892 9232
RRL |32] 76.30  91.50 | 73.30 91.20
Sel-CL+ [13] 7996 0264 | 76.84 93.04
TCL [22] 70.10 9230 | 7540 92.40
DivideMix [31) 7732 91.64 | 7520 90.84
SSR [15] 8092 0280 | 75.76 91.76
LSL (Ours) 81.40  93.00 | 77.00 9134
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A noisy elephant in the room: Is your out—of distribution detector robust to
label noise?

a #EE  Out-of-Distribution(OOD)IZE 1T H¥R R 1) A TOHORKIFELEER

a Fi%:CIFR10, CIFAR-100-Coarse,CIFAR-100-Fine ClothingI MZZE D T—2 vk, /A XDEEESNIL
, T—FTIF v [ThOfY KIS IREE SRR % =

a FRRMOSAINIL/AXDEFLETT, OODRHE FEDMEREITKRIBIIE T3 5 &MRENT-.

s

o

¢0.75;

@

§0.50

§0.25-

=) i

< NSSZAWHWXONNZZIESO EOQ
O S =SZ50 I8 WFENITw® D
§%>x80&)m§w§§wo<%¥c§%§
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Leveraging Cross—Modal Neighbor Representation

for Improved CLIP Classification

Jd BT CLPOMEEZA ESEB-HIZ. VORE—HX LOBERI (CODER) £EHT 35 EEIRE

A F3. EBLERTFIRACOEDHAHDAY AL BLEEAVTEROBERBEZEELIN S EERELESV I
O #iE: RF—SEIrETILT—FTIF VB T—ELTCLPDzeo/ few shot Bl SEFE A [k

Stage 1: Use Ceneral CODER for P y Clasaification | CL 9 wmage (ACadw
Zero-Shot Image Classification Cross-Modal Neighbor Representation ——— |
e o e e S . /” AR — — === - . St s s
s CLIP Feature Space INN ’ KNN Z " o
] | | | — ‘ ‘-._J M.i.— : — - oo
' ' ' ' » LI-OLECNOT B o ) ot
! 1 | I ’ = . ' o Sty
I I Expand 1 [ : el
! T R SoSpR, Aysauesppepepeyeyopupes
: ! - : I $1age 2 Use Ome-to0ne Spacific CODER for Reraaking Top § ¢4
L | | | |\—-:-.~on
1 1 NelgthY | I fud Yowt St » e » !
' 1 Range | I f" Oug m Gt : o - o 1
" O Image Feature 1 | O image Feature "”i"- : o J : e \
‘\ 23 Text Feature ,' \\ 8 Text Feature /I B o v > wape 2° R g PP

e T i e S T TS i L, M, (s ..o N |

Do v Tges
Figure 1. Hustration of image's CrOss-moDal nEighbor Representation (CODER). CLIP'S powerful text-image matching capabilities
endows it with a favorable cross-modal neighbor distance relation. And CLIP's Zero-Shot Image Classification process can be interpreted Vs & Buncration of two-stage sere-shot lmage chaicatios procoea tased on s s COTER Ls e lnd sage, we s i A

Teal Goncrstor to create a3 Coneral Tonl Set, which contaimn poncral dosenptions of clames. Thas st s usliand $o cootnat the image’s

as using a INN algorithm to find the image's nearest text, with the text's class determining the image's predicted class. Inspired by s ) CONUR, and we use @ o predimsmary claficaton. I the womsd sape, we constnt One-to-Ose Tk Sco i pain (o e top

wdca, we expand the image’s neighbor range to leverage its distance to all texts for constructing the CODER, Here d,; refers to the distance e prodiied clases of ihe peclminary clasdficatumn seula, Sacesng oo stinbstes where the wo specific clames il smost. We build
vac-to-one spectic CODENR for the mmape basod o thowe Olne-to-Uve Toat Sots amd s howrtstic clavafier W pot coach s clasufcatun

between the i-th mage and the )'|h 1ext, soore. Them we reranl the lop e pockmminery roselts hunod vs the clavication sooee gaps pap’ " botwors csses. Here gugd ' repeoscets
he Aiforemce cbumnad bry seberacting the sooee of the chow ¢ Troen et of the class ) Tor sssge >
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A Picture is Worth More Than 77 Text Tokens:
Evaluating CLIP—-Style Models on Dense Captions

A BB CLPRAAILOETILAE

T yrEINE - T7AFa—=0

There & sOomw grass growing in

A Black meta' water pump in & town

with spigot in front and curved handle
with globular end. B is located in the
middie of a smafler Crcle of stones

between some of the stones. There in
a metal gratod drain fodr the Bottom
of the pump, T s left Is & dack Brown
metal manhole cover and behnd it is a
grey stone tiled road. The road leads to
theee BUlkEngs across the street with
storefronts on the bottom level and
different units with bakkones and rge
windows on the on the second arg

DO Seves
the Derns
vages

8% DCIT—2 by THEAEIN-ET ILIZCLIPAN

=3Qes in
ety Coptioned
datosel have a

anderd Caplion

(NASC1203 havw |, then
SQUATE in the mickiie of & Circular stove » full in-depth
shape across from severs Duddings descrighon in terms of
Black metal water pumg in foreground the subcomponents of

the image

w
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--._. -

|
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i

Cincie of quaaniateral
shapes around the
black metal water

3
:
gosessraaned

B L L

three Bufidings bening water pumg, the frxt
Deing white with an range window dsplay.
SOCONT with Diue 000r, and third with Blue and

v

Subrmasks of
e Lop evel
mage {ondy

LOMe YNOown
herel o have

JCHLIPLONS 2%
wel

R—RSAVEBZDN

e T oa T EEBICH L TED LS RIET HH E A
[ FEs%: 780540 BAERIZH LT, ZEHLIZ10005E Ll LD

VA EE . BLIPASDACIZ 30

HEX T3 E ABM T /T—RLT=Densely Captioned Images (DCI) T—%4

°>§7—7§ibf:o

ARO VE-Checklise

Model VGR VYGA CO0 FL l('KR ("r:n AMinbete  Relaion
SDCT H2¥% 67.56% 5X.58% "l -0'- S.T71% 684695 TO12%
sDCE oy v 1 57.34% 61 985 9 36'% H62% A% 27 T424% 61 .23%
DAC L2970 e 615VE  AL89% OB L1S% S94A1L1.9% | s S7T4% v\w\'
DA L e 01.0r% 63.0% 48.2% 61.42% 6OXT% 57.22% STIN%
DACrrw A 6% 63 8% S0.2% 6] 6% Ht S $7.59% AT
DAC L 1100 e e 81284 7391% 93.47% 95.68% | 87.30% TI.27% s6419
DAC S AV, v iane 17.16% 05% 91.22% YIKEG | SS50% ISEVE 784
CLIP Baselime |1 7] | 59985  6L18% 47.9% 602% | S1L1T% 67607T%  61.959
BLIP2 1Y) 41.16% TS 13.57% 13.72% 54145 81245 725
NegCLIP |42 R1% 71% 86 91% 81 354 72.24% 61539
SVILC L) b LR R Ti03% M7 9).7% 854 TI97% 68 959

Teble 3. ADCT fac-tuncd CLEP porformmance agaimd the ARO snd VI-Chockliv boachesark, We cormepare CLIP fine-tmod with »DC1
apainest modals fine-tsned uung DAV cspons. Since the DAV dataset contens IM images whereas sDUT contaims cnly 78IS images. we

performad an abation of the nunber of aineg images wead in the DAC dataset. In this ssstance, DAC, 4

o T80 40 linc- tunvng CLIF

wsing caly 10000 snapes from DAVC. We phat the mean across S diferent soods and doplay the standand Sevismion when it is abne 15
soceracy. We obnerve that trssmiag o0 DCT lead to significast improvement m compurnos fo DA for a conmganable sumber of cuammples
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Estimating Noisy Class Posterior with Part—level Labels for Noisy
Label Learning

J g= AL ARNILDINILERANWTET LN EHRGERERE TELLIICL. /MR VTREREREFLVERICEETHF
%" Part-Level Multi-labeling(PLM)” #3122

d F3: LRV REIOVEL T LTHENELDEFZHEIL. CNSDBAITHIETBHAINLEER, ChERAVWTETILE—
EMDHALADFEIL—LT—VIZHET S

J HEE: A ERADBBITIEEAL BALRLOIRLE—BUDOHIAFEIL—LT—IIHETIETHERES &
URNARNMEA R E

Mt won Yy mary Py - e e (g
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H t .. 0 H oy C
Vca s :C“"‘“’"s Posmrer Vit futood Lows with
: ; R Cged—rhoony P g i":( PuviondLabats
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v - S :

iy ) SR e, PN PSR Ve
i ...... dCMPyw  Lteececenas
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‘_ | e} . Fo
‘ ’ « Caymwee baxt
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L2B: Learning to Bootstrap Robust Models for Combating
Label Noise

d #BE ZEFEICBETE/AADZENIANLITBEELLTOREEICKHL, EFLEEOFAERALTI—FRNSYT%4T5 Learning
to Boostrap(L2B)" #12E, LBIZIBAR B LUV EREBRIRITENFBEREZHL. /I ADZNIRNIVIZKIEEDOEFREER

d E2H . ETFIUAPBLEHEOFTHEFALTI— RSV TTRILETREICTEFET. AMS5—=U 54 RBLTCEROEBAITRIZSAIL
EERENT=INIL BLUVEGHIY VT IO ERZEZBMICRE

J M EEShEAEERETITINL AU REIVREBEMTTTHIET, HEDE—FRNSYTFHRERL SRR IR
L.EFT/LOONAMEANR L

Schematic of L2B
sz & [ - — Forward ‘
Validating examples [x/},. —o{..‘!-‘(:.O) —=1f, —o Backwird Dataset g CIFAR-10 CIFAR-100 ISIC
= = Method/Noise ranio | 2006 30% 0% S0% | 20%  30F%:  40%  S0% | 200 0% 400 S50%
Meta-process: Cross-Entropy (CE) | 869 %49 833 813 | 596 522 492 444 | 794 715 753 737
Tolearn weights «, f, Bootstrap [ 17] 1 852 848 829 792 | 61.8 3542 302 458 | 808 777 757 148
R A s SR L2RW [3%] | 906 890 866 853 | 6/.8 638 597 556 | 80.1 777 763 74.1
L2B (Ours) 922 907 899 885 TI8 695 673 645 SL1 802 786 768

Training examples {x;}, —.'J-'(;,a) ;,-')»; 4
fi» §: Per-sample loss w.r.t. real and i - i
2]

pseudo labels on training data f;vZ Per-sample loss on validation data
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Step Differences in Instructional Video

d BE ACAELELTOA2200FEITONT, ST 3 IROELEFIEOENIVEREZRRTIEVSHESESLVETILERE
ERTERDT—RIIXNToa=0T, MARBRELEFFENDDOLLMTH AZFEOLASEEFIEEET L,
LLMIZKYZEE DR FEE L TLVS.

d Fi& AELE=T—42%F|HALTLLMZinstruct tuningd A, TEREEBETILEFEE.
O HiEM FEFIEOERDREVSH LV EEREDERELT— 4B LUALFI—IDBE.

Q: What is the main difference in tools?

In Videa 1, e
A The person directly uses his hands to

- The person Ls frying tespora,

Pan appears ...
add toppings instead of tongs. | t
g Sascepan - metal, shiny Liama 2
Q: Do these videos show similar actions? Shotted spoon - metsl, lorg
A Yes, both show adding of toppings to * Cocking oil - clear, ligeid Bt
hotdogs, but with some variations in {q»'m- dees the appeacance of the cooking vessel
|differ across videsa!
ingredients and tocls. x : A In Video 3, The pan aspears dare end setallic, vidl: | %ok lwiaz: | tes | Mow does the appear-
- ﬂuf are blue polst oysters so [Whlle 1a Vides 2, the sawcepan 15 made oF & shiny, i i srce of the cooking
hey're relatively dg .. ‘ﬂalnl'u stee] material ' Y vessel aiffer ...
S0 whan they're nicely drowned |
. Q! Whlos vides shows The persen using » "
Q: Am | done stirring the onions? S5t Take TAIE SLOCTOS 59000 ... |Lesamed Flour 16 coot the errtevs vefare Tryirg?
A Video )
a . . Lava d ‘ - - -
A: No, keep stirring till they become e S b los e are the tonts wwed 1n euth videe ditFerent?
golden brown like the video. t The peron 1s frying blue point cysters Le a shiny,

A Video 1 shown the person 380 the oysters By hane,
-l- 1o Ia Video 1, they wse 3 slotted wpoon te Jift
le and orale the excess oil

metal saccepen with hat oll, esing 2 slotted spoon to 111t them and
:drnn excoss odl, ...

Vicdeo Tokenger
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MVBench: A Comprehensive Multi-modal Video Understanding
Benchmark

d #BE <L FEHILABFESEETTIL (MLLM) OBREIMNAGERLTHECEANFI—IEBE. RO FI—2 135 IEEE
FAW-ZERNGEAEZ T (2EEHEL TRYRRIMGEZIZ OV TIEIRBIIN TUV .
RETAIANFI—I(XMOE L EIEFHRE (T TIEREITHRWNKLSL208 R 9%/ —LTWWVA. IIAT,

R—R54 2L TVideoChat2& W\ ET ILEHEELBRBIMNAEEZDFHEICE VDV TRERDOMLLMEYE S OVFEEZZER.

O 2% BEONDET—4tyrhoEVBEEE( BETE- %L TE3EMELELDIDT—4£IREL, SERIRME
[CZ SEIREICIRERDOITHER T DABHEANDLE L CHREMNAERS T 2L S5MEE Rt
O i@ SEERAVEMUMEED O DAL FI—I DIESE.

Video (A pe rerpend Ovder v ore rendemly
Paklic wides datmets with o Diversicy V0 & GISAN ni Shaflle d "
high senlty annstetion wir.mal moeemant
Al Temporal »
Sensitivity * . Leagth
» SRRy remplcalod contomt Oheck
- datinqniihabe
Question A . ceartios | Evalwation: Frempe Design |
Bealy Q Wha » e \
*T0n, s g
Have B O e e
options? “
D s Vorimg vt Wetw Ovemgr .\ Sytem Prompt
A v Awamye Athe Lo dbstonn  Moving Miedute — ‘_ Generato QA with
Asen Predarion "
* . Acx C . "
wopecied Acsam o Cmee Charnctor Ouber
Fow grvined Acten  Maving Coum

(Mgt APy Twwse Tanesnm

Sgeceyic Manigatien Moving Direction
Coumterinened Inferwece

Answer Prompt: Vet selpet sption
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GLaMM: Pixel Grounding Large Multimodal Model

O BE EXREUTOEMATELEMLLMTH S GLaMM £
SHERIFEMR XTI aVERBEDTREARIIZIG AREE
ERPOYREEREMCTHEELBRLGSETERT IV FI—Y
Grounded Conversation Generation (GCG) #ZRIVZFIRE
[ Fj% : Grounding-anything Dataset (GranD) D1 & LU Grand_t TGLaMMZFE
(d 810MDAEHELIZ7 5MDunique il & Z ST ARET—2 vk
QA BF7/7—2av 1TS54 & ERALTHERYICHEE
J &8 KEEaRE DEMZEBELE-T 3V rO BENIMEEF ZDMEIL

=:5

[ ===

Describe the image in detail. Please outpat

o
interleaved segmentation mask -

Lazge, white Dbullding with a red
surrounded by a well-manicured lawn and pals ENNS.
The 88§ is visible over the building, the pavesest, and the
GFASE. The grass is also seen extending to the pavesent,

The isage showcases a

'
Grounding = Valadaion Set Test Set Tabic | Performance on GOG
Image Encoder M O AP michl Resll M € AP mdd!  Rocal "'l‘“ ‘I"""*"""‘::" ”l-""
- - M CTD: O A A mledl,
- MabGPT | 172 56 91 o N 171 15 1y M 70 and Mak Hocadt LISA® de-
r-l—l Kowmew-2[15] 861 278 170 884 X3 1SR 202 12 K N0 L ISA adgted S GOG
. LLM - TLEERE K A Large hot alr LISA* | 130 19 252 KO M3 129 22 MA 61T IS5 GLAMM| denmes raimng ex
el P ] | \ -
L= 2 P 111111) 1 balleen GLaMM Y 152 431 MY A5 M6 s M9 12 sae 30 clading tK burmus anotated an-
»
[T —— Culpul proesgss _ A large body of GlaMms 2 412 NMX ) JIE ISR AR 292 a5 WX o GLaMM abows betier per
witer fowrnars ¢
Groundad Comvyvrsatiom Generabon "
Can you give a detailed Neeed FUOCT) U000 relCOC g Table 4. Qualitative Assews-
description of this image? ;h:--'*:--“ escom o rdyreaes 'lf.f}hl"_:dm" the civer. ment of GLAVM In Referring-
veras g s Fivey, e, w N val I.‘-_l-A "u!l val g-'.\ wuld u-)_l 1 el Faprenien Sepmentation ['or
" CRIS|V) s T\ ("N} 0S8 AT w9 N4 formaede soroms seRTO00, e
Harderring §apesssbon Seymmurtataos Irrsagw Level Captaoning Warghom §asvwd € LAVT (4] RS S 621 axd A a2 [SE) COCOs, and weCOCOY In
Can you wumcn'.. the balloon in g P\ﬂurldr’uxh- the given image L Coudd youl tell me more | Can you sngment phenses in, “A <kot air GRES [ ) 718 s 02 TYERIT A &80 wo FORCTIty ACCHrE  ACpENOL
this given pectare? — A hat air balloon 13 seen in the about this region? » ballooa> over the <river>" X-Deconder [17] ~iA thow sk buncd on fenl-bused
alr, flying over & river. The bulloan, SEEM |64 . a8 RO ENpresshons sarpansrs
- Suve.’ the high up in the shy, 13 d".{u. and red A 'vallow, ved and - i hat Yazn S8 LISA T8 | L) ™1 N3 0S| W % &1 s Gt of choscly wlaad ward, In
2 a in color, with & bridge and treed 0w, ¥ 2 o ' L gOn 2 - » bading LISA which & specib
segmentation is ue he 1to > x GLavy ™S K2 W 726 TRT &6 RS Taw Cedng ~ pecs
visible 1» the Bachground blue hot air balloos over the <rives> - Caly Sesigred §od dan Lask

https://arxiv.org/pdf/2311.03356
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FoundationPose: Unified 6D Pose Estimation and Tracking of Novel Objects

d BE: SEWMADDR—XHEEE,SVELTIZELT., model-baseB & Umodel-free DA THETED FEFRE, REATEREEYRK

(239 HModel-base D 6DR— X TFE D& H F % TSoTA (BOP: Benchmark for 6D Object Pose EstimationdModel-based 6D localization of
unseen objects)

O ERM: FEFEDFEE. Model-base (HETE X RMMADIDET LA SHETE T 5) EHLLIEModel-free I REDE I D 2DEENSHETE T )%
FEDELLMNZLIERS TELEI ST,

d FE: TS OERITE T, LLMEDIffusion ModelZ FALV=HEERE 1T 0 1=, chatGPTIZ, SHRA Tz I DEYS BHMRIT DLV TERBAL T
FLWeWSTaVTrEANL HAEEHSH, ZOH H%EDiffusion ModellIZA AL, FAVTMIE =T IRFYEERT 5, F-R—XHEE

TIXFER—XHETEETIL, transformerDencoderZE AL, £ R—XDIEHZLONMEEL ., HELI-R—XDRAT7EENFNTEH
L.ZbLRA7HABVNVR—XZETILOHAET S,

Pome rvrvaanm

Model-based tracking Madel-fres #sDmMation

3

Tortmod CAD o

Mol free redetove o ivsagpes
» P X
“
3
MegaPose (CoRL'22)
. QUEED (CVPR22)
GCPose (CCV23)

¥ WG CVYMmR22)
BundeSOF (CVMU'2Y)

S LA
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Clustering for Protein Representation Learning

0 BE: 2 VBICEAEELBRER (FI/BES)E— RS, SRTWEENSBBNICA SUBEOREICEELERERS
RTEBZ-a—FIWISRAY T ENSTU—LT—IFRE,

O FRM: —2—SIWISRAITIL—LT—0FFINVEDREZEIERAL -,

O BE GNNR—RXDFEERFEO/E/FAR/EIBHLEDEBRENED LG >TLSDADRIZEoT=,

"
(a) Input Protein (b) Itcrative Clustering ‘\ 7 (¢) Output Amino Acids  (d) Classification

Figure 1. Overview of our iterative neural clustering pipeline for protein representation leaming: (a) input protein with amino acids, (b)
iterative clustering algorithm which repeatedly stacks three steps O(ATV), (¢) output can be seen as the critical amino acids of the protein,
(d) output amino acids used for classification. The details of our iterative neural clustering method can be seen in §3.2,
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Guided Slot Attention for Unsupervised Video Object Segmentation

d HEGLEDaTILET A T—320(VOS)IZEE

A ETARDOA TS orETL—LT LIS AUME

O ANBEBROA TSI ERERLDENICHETARENHY . L HEHY LYEH
O #EXFE HEOFAMYICBEICKREFELE. TVRFV. BROBEEREREET
O AFFH kR EI LT R BENERE AR HhE TR LS 225 B
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[AIRBEETILIEE — #BLFE | &REREA! 2
d ECDEYavITEBT ERINTVNSAEEKLGLWHY SNTLNVS
O CLIP/SAMZE [XHAEFESOTED LITEBELEISIEVVSIERIAH
o AIEBETIILEERIIBEAERBICEESN TS ?
d RUSYFTCAIRBETIVIEBET HELSHIETDHRIBONE (SETEED)
o BELFEHANAEBEL?
O ARYEOEERLGEICHERFE T HH0ZLRAoND
O fulcd, ERETIVICKYIILH TEREESN LB EZLFICETIRRNRoNT-

EROmBLEEER DITXD !
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CVPR [IZIZSNE = RERBIZLHLHERLN?
d BARRAODLDSMEITFIBONIZTHLTHEARAZTEMNAODTLNSDESINDHX
#6014 FI2

a 221 (CVPR 2024 Opening Remarks) https://media.eventhosts.cc/Conferences/CVPR2024/0peningRemarkSlides.pdf
a %2 (ResearchPort) :https://research—p.com/column/1889

0 HFAETERLED!

O CVPRE=LHEIZRDITTEEMELELD

O ARL-0HmXEEDS
X ENLAELBIELLD
BIEL=omXIERELED
UT, #&Y:RLTREREZEELLD
EEZIFEARANSI-{EACVPREEIZEEIREN LS !

iy Hy Ny N

CVAFIZCEITHARRDTILEVRZFLITLS !
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