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Takumi Nakao, Miyu Goko, Shumpei Takezaki, Kohsuke Ide,
Ren Ohkubo, Gido Kato, Naoyoshi Hirade, Maika Takada, Chihiro Kaneko,
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Meta Insights into Trends and Tendencies
in GVPR 2026

- What kind of research was trending at this moment?
- What are overseas researchers working on?

- We have compiled the “trends” and “insights” .
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From opening slide

a The attendees are increased this year
[ Compared with the CVPR 2025 attendance

Registration

B Vidtual @ !n-person \
125001——— T e e

10000 —
7500
5000

2500

. 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 2025 2026

I Y par *As of 6/3 4
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From opening slide

a3 Diverse countries / areas

d 1,000+ attendees from: US and China

A 100+ attendees from: Canada, Germany, UK, Switzerland, France, Italy, Korea, Japan, Hong Kong,
Singapore, India, Israel, Taiwan, Australia

ﬁe[’tmany 358 Greece 20
nited Kij
sw“z(: r‘f;:(gid&'g 258 Romania 9 Republic of Korea 772
France 120 oS e
el Hungary 9 Hong Kong 196

/ Bulgaria 14 Singapore 158
Spain 46 Portugal 7 oz
Netherlands 46 Ireland 6 jaract J09
Sweden 32 Ukraine 3
Serbia 38 Luxembourg 11
Czechia 27 Croatia 4
Denmark 29

China 2663

Taiwan, Province of China 101
United Arab Emirates 55
Saudi Arabia 29

Bangladesh 3
Cyprus 3 Vietnam 31
NORTH and SOUTH AMERICA || Austria22

Brunei 1

Russian Federation 1 Qatar § Iran 2
United States 5575 Belgium 19

Finland 12 1:‘3“3“_‘1 1 ;e:\:;‘:;‘“\‘z
: Poland 24 T rmenia
Canada 272 Argentina 2 UEGYES Kazakhstan 1 Sri Lanka 1
Mexico 7 Brazil 25 AFRICA Tanzanala Macau 11 \ndonesia 4
US Virgin Islands 1 Colombia 4 Ethiopia 28 Malaysia 5 \raq 1
Cameroon 1 el
Ecuador 4 Egypt 1 llippine
! Ghana 1
Peru 3 South Africa 1 R OCEANIA
Chile 4 Eenind Morocco 1 Australia 120
Costa Rica 1 Burkina Faso 1

Rwanda 1 New Zealand 10
Uruguay 1 Uganda 1 Niger 1
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From opening slide

a Travel support

A You may get a travel support from CVPR official
[ Around 20% of applicants have been accepted

B '
roadening Participation

Broadening Participation Chairs

Travel Sy PpPort for Attendees

® 3$200K allocated by IEEE CS
and CVF for BP Initiative
1,036 Applicants

e 208 Awards

ab

Michael C. King Ronloenzupta
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From opening slide

a3 Workshops & tutorials are highly competitive

A Not simply a paper, should we push a workshop to build a community?
3 Its not be opened, but 200 — 300 (or more?) proposals were submitted?

Workshops & Tutorials
® 153 workshops

o Erik Blasch

32 Thematic Tracks

©  Expanded thematic organization reflecting

the field’s shift toward multimodal, embodied,
and foundation-model-centric Al

Strengthened Cross-community integration
acCross computer vision, cognition, robotics,
healthcare, accessibility, and multimodal Al
o Increased emphasis on evaluation,
benchmarking, and real-world deployment of
Al systems

e 2 full-day and 17 half-day tutorials b@i

Mei Chen

Brian Clipp Sharon X. Huang Andreas Savakis Humphrey Shi

Track on Multimodal Learning

9th Multimodal Learning and Applications Workshop
SIGY AN SOUNY oo e

The 5th Workshop on “What is Next in Multimodal Foundation Models?"
Workshop on Any-to-any Multimodal LAMING .oconen et oo NS

Track on Open World Learning
Open-Norld VISIon i aneciie i

The Third Workshop on Anomaly Detection with Foundation Mode!s ...........
Visual Anomaly and Novelty Detection = 4th EGIION .oo..everooroeomseossemsmsieeenes

Tutorial Chairs

: w iﬂ

» L - . 7
Boqing Gong Hongsheng LI Paul Schrader Vitomir Struc

T Y

5
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From opening slide

a Keynote talks
A Recently, CVPR invites a couple of speakers
A The conference is considering emerging / trending topics
A Biology, quantum computing, and neural vision

Keynotes

Friday, 2:45 pm,.

Saturday, 10:30 a.m. Sunday, 10:30 a.m

Simon Kohl Jerry Chow Thomas Serre
Founder & CEO, Latent Labs IBM, TJ Watson, CTO Quantum Centric Professor of Science and Professor of
Supercomputing Cognitive & Psychological Sciences
f ] i ith Scaling Laws vs. Neural Laws: Toward
? A rative Al for Transforming Computing wit 8 !
Programmable IBIO/fgyD- :;;s Quantum-Centric Supercomputing More Natural Artificial Vision
ecular
Mo. . 3
- Bluebird Ballroom Bluebird Ballroom _
Bluebird Ballroom e

9 LIMIT.LAB



CVPR26: Meta Insights into Trends and Tendencies (6/152)

From opening slide

a Sponsors & Expo

3 So many sponsors (one big event in CVPR)
3 Hiring (internship, full-time), social events-:-
A Big chance for industry

build
== = Lambda DDDDDDD =
R Metq Adobe (3]
TenCen-,» YYYYY s Alibaba a@}m‘ ‘ A
i WAYMo ( 4 il B
e || Google | intel!
Jﬂ“\ﬂ MINIMAX  ORAc
s o n s LE Qualcomm ®Sieve
p ors & Expo SONY  TOR
C
Thank you for your Suppor‘t! m Bal‘&‘ﬁﬁ Fbaseten  contraixss 2 Manerpor Crusoe &

CVPR 2026 Expo Exhibit Hall F goncoo Gluma FEER D~ rveme

® 119 leading organizations e | M
& 106K Sq. ft. Rppen  swswis Aurora 3 )
e Companies from across the globe PR Eo s

Motional

2] Organized by Ha”-ErICksonv |nC Mnexdata . ¥sudo  Bvoxest yyoabl zoox

& LIMIT.LAB
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From opening slide

ad Demo session

a There are only 28 demos (selected?)
d Mobile device, SLAM/3D reconstruction, Labeling tool, camera system---
1 Best demo is selected every year

2
8 Demog (ExHay )

© Friday:

10:45 3.y _ 12:45 p m.
A 4:00 p.m. — 6:00 p.m.
aturday: 11:45 am. _ 1:45 p.m
4:45 p.m. - 6:45 p.m.

© Sunday: 11:45 a.m. —1:45 p.m.

Diverse Topics: perception, robotics, HCI, VRIAR, emotion
understanding, clinical agents

S

=,
.
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From opening slide
a Art gallery

A Presentation and gallery in front of sponsor booth

Al Art Curator

S 14

Check out the CVPR Virtual g

allery: httgs://thecvf-art.com/

Special Art Sessions:

Friday
: :13(3).m. Gallery Tour with Curator
-2YP-m.  Art Panel (Room 201)
-~ 5 p.m. Gallery Tour with Curator
Saturday
© 11.45 a.m. Gallery Tour with Curator
e 1:45p.m. ArtPanel (Room 201)
s 5 p.m. Gallery Tour with Curator
Sunday

Credit: Eryk Salvaggio

® 11.45 a.m. Gallery Tour with Curator




CVPR26: Meta Insights into Trends and Tendencies (9/152)

From opening slide

a Doctoral consortium
[ w/ mentor lunch and discussion
[ A PhD student can discuss with mentor regarding their research / phd course
3 CFP (for next year'): https://cvpr.thecvf.com/Conferences/2026/CallForDoctoralConsortium

Student Activities

Doctoral Consortium Chairs

Doct : @ g
oral Consortium (saturqay, 11:45-1:45 @ &

Opportunity for recent grad

: gtl;(:_etr;ts to interaci with experienced researchers
: ~ONne matching of students to mentors

Discuss career plans and research

30 students out of 150 applicants accepted

s/close—to-comp\ete PhD

Speed Mentoring (Saturday, 11:45-1:15)

W | MEEE
(1)) /| COMPUTER O
: =7 / SOCIETY §n§
e Open call was issued to all students

e Informal small-group discussions with senior faculty and industry leaders

e 200 participants

(G LIMIT.LAB «


https://cvpr.thecvf.com/Conferences/2026/CallForDoctoralConsortium
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From opening slide
a 23.71% growth for submissions

a Exponential growth?

bl

,ENew records: 16,092 submissions; 4,071 accepted papers!

| =z |
2007 ‘ [
2008 ; ‘ \ ‘
2009 1
2010
2011 ‘
2012 ‘ ‘
2013 |
2014
2015
2016
2017
2018
2019
! 2020 .
f 2021 v ‘ \
2022 3 ‘
23.71%growth | ll

B Accepted Papers [l Rejected Papers

\

2023 ]
2024 =
2025 = |
2026 e —_———

0O 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000 11000 12000 13000 14000 15000 18000 17000
27

0% 20% 10% 0%
Number of Papers

Acceptance Rate Year

G LIMIT.LAB
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From opening slide
a PAMI Technical Community Meeting

A Think our community in the meeting
4 Award ceremony is also here

All awards will be presented there

There will be discussion but no formal motions/voting

,f' IEEE COMPUTER SOCIETY

)| TCPAMI

Technical Community on pattern Analysis and Machine Intelligence

(9 LIMIT.LAB
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From opening slide

a Social media
1 Media expert — 3 chairs in CVPR 2026
A One of the reasons for rising conference!

Social Media

gf_", #CVPR202g

. ucvpra026

TWi tte r/X (@ CV P R) Available for fra decisions are out! 3

now only via emai The Early Registration Deadiin
m ¢ line for
ail. Good luck $ Register now and save some money 3)

8 Deadiine: Aprii 23, 2026 - 0859 PMUTC
"

® ». ; - 45 I ! ¢ Register nox
Bluesky 026 || .

Kosta Derpanis Deblina Joakim
Bhattacharjee Bruslund
Haurum

(9 LIMIT.LAB s
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From opening slide

a Findings & Compute Reporting Initiative

[ Findings: rejected paper but AC picked up some papers, presentation during 7:00 — 9:00
A Compute reporting: some papers have been selected as efficient papers!

Rationale: CVPR coulq
A trend already happen
ACs selected top papers which are
of showcasing at CVPR

These papers are published separately as Findings
These papers cannot be published in other refereed venues

.not accommodate all the top papers.
Ing in other venues

high quality and worthy

e Compute Reporting Initiative
o More details later
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Introduction of a new Findings Track

a Following the success of the 1st Workshop on the Findings of ICCV in 2025, CVPR
2026 introduced its own Findings Track

a Motivation
A Reduce repeated resubmissions

A Offer a venue for technically sound papers with solid experimental validation, even when their
novelty is considered incremental

d Process

A Area Chairs recommend papers submitted to the main conference for the track
A Authors choose whether to opt in
A Findings papers will appear in the workshop proceedings

d Scale

A 1717 papers recommended, 941 submitted
4 3 poster sessions were held in the morning before the main conference

(9" LIMIT.LAB s
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From opening slide

a 6 program chairs, 41 senior area chairs, and 909 area chairs
[ Over 16k papers should be judged (crazy jobs before the notification!)

Program Chairs

Angelg Dai Adriana Chen Change Viadimir Alex Schwing Shaoting
Technical Kovashka Loy Pavlovic University of lllinois Zhang
University of University of Nanyang Rutgers Urbana-Champaign  Shanghai Jiao
Munich Pittsburgh Technological University Tong University
University

9 LMIT.LAB
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From opening slide
a Listed at each continent
a 44k authors / 16k submissions / 25k reviewers: -

r
i

New records: 44,011 authors, 25,149 reviewers, 909 ACs k.

—

Authors

44, 011

i

_/L Top 10 Countries/Regions by Author

=8 or @ 1143
G I 1.077
HX B 1,028
- sq @ 921
(o] s» M7V
& AU B 693
fel cA B &0

20K

25K

-cn_zms‘
B ys I 7555
(0f KR BN 2,445

|

1

Reviewers

25, 149
e ooy o)

| BB Cn S 10557 |

= ys I 4
i wn I 1.381

| == pe @ 651

B c8 @B 877
E3 vx Il 842
= s @ 752
foll cA B 575
g AU B 546
o Jr B 342

—

0 pig 4K 6X 8K 10X 12K

Aroa Chairs

909

a

@

L,

:*,? Top 10 Countries/Regions tiy Area Chairs (i

=8 us
I ov 158
}Ies-w
[ Al R
| | == pr mE 3
|I‘lu-3é
| B
Il T A3

‘ G M

| [z KR @ 30

—_—

l 0 100
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From opening slide

o +100% reviewers by comparing to +24% submissions!
@ How much review quality can be maintained?

New records: 44,011 authors, 25,149 reviewers, 909 ACs

! PCs SACs ACs Reviewers Submissions
LCVPR 2024 6 24 l 477 9,872 (8532
1
I CVPR 2025 6 22 [ 708 12,592 13,008
T
IECV 2025 6 - 510 ‘ 11,895 11,239
CVPR 2026 6 , 41 909 25,149 16,092
+86% vs +28% vs +100% vs +24% vs
CVPR 2025 CVPR 2025 CVPR 2025 CVPR 2025

9" LIMIT.LAB s
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CVPR 2025 vs CVPR 2026

a The paper acceptance rate increased this year

CVPR by the numbers:

Last Year's CVPR :
(2025) CVPR @/L‘/’% JUNE 11-16, 2025
Total Number of Papers Submitted: 13,008

Total Number of Papers Accepted: 2872
Submissions / Accepted: 2872 /13008 (22.08% accept. rate)

Number of registration: 9,557
In-Person Attendance: 7,314
Virtual Attendance: 704

This Year's CVPR
(2026)
Total Number of Papers Submitted: 16,092

Total Number of Papers Accepted: 4,071
Submissions / Accepted: 4071 /16092 (25.30% accept. rate)
Number of registration: 12,322

In-Person Attendance: 8,963 so far
Virtual Attendance: 478

D TCPAM;

S | IMIT.LAB 1
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From opening slide
a Image and video synthesis and generation are the most common

Submissions and decisions, by primary topic

Conference Submissions and Acceptance Rate per Topic

2750 Status & Metrics
= Rejected
S00 mmm Withdrawn L 40.0%
g e | mmm Accepted (Poster)
§ mmm Accepted (Highlight) s
E e | = Accepted (Oral) 1
5 Acceptagge Rate - 30.0% o
S 1000 =
5 c
5 ™ 8
- ] -20.0% @
E v
5 <
=
500
=
- 10.0%
250
g S 3 { 0.0%
& & £ N & ORI OO & O & NP > o
& > v N o CS S 2y o
‘if?&o AR SO g i GEGO SO a R aE JEF S ST SN P G S
T S o & & Wi & ¥ N B & > & F & F TN S PGP
A\ O Y &6 5 N o 2 ARG F S & &€ PPl s &
P LS o PDENE DS & e N AT AN e SIS 3 & o & F
& d d & & @ € & & ¥ ¥ 9 S P e TS G A PO A
> > Sl S O U T R S AP R S R & SR e e &F XA
oL 44}’ & & & L O S T LTI T IT LSS T 7o &
: ¥ 2 SFEFT S PGS < P 2R MR S S A AR O G e O NP PN
& T&FS I O S F S S E S P NS P F&E &S S & &
R (QJQ S & & SN P @ A% P Y & ¥ o § B & 2° O &c 9 S N
& & &4 o° & L “‘@éo & p &2 b &S Falk \ﬁc* & & & @a“ v(}e o & o c,\“é & . ‘7; & <
: <€ ° S & 9 C LA < S B PV QZNS S \O
> O 5 P o $ or & OO \d ) hd @
’gbf \‘90“ soobe& @& (,\ & «© 6\0 ® ‘,sy \>°° o\\gc\ o\.z\ & & 04\, 2 (.9@ > ‘(\\o @9}‘" ‘;99 ‘,905
Cors & 2 & & 4 &8 & &
«9‘ i <5’(’ & Q\«'? A& & @"’(‘0 o"o\ & & S o > \\':\6 o“f"o Q~s\‘> £
- ¥ 7 ® NS > s
~ & & & & & & X & S 3
& P & o N & & § o
¥ & S 4 S R
o of
a
&
o""Qo
,\\0
Topi
ik 28
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From opening slide
3 Oral Coaching

[ A researcher who makes oral presentations more engaging

Oral Coaching

Commi i
Mittee chair: Srinivasa Narasimhan
Committee Mmembers:

Alexei Efros
Dima Damen

Kyros Kutulakos Aswin Sankaranarayanan
Fernando De Ia Torre

Jean-Francois Lalonde Steve Seitz

Hol Lana Lazebnik Yaser Sheikh

Svep Dickinson Srinivasa Narasimhan Ashok Veeraraghavan
David Forsyth Ko Nishino Yair Weiss

Bill Freeman Devi Parikh Richard Zhang
loannis Gkioulekas Deva Ramanan Todd Zickler
Mohit Gupta

Many thanks to them!

9 LIMIT.LAB
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From o

pening slide

Paper decisions
PROGRAM GUIDE

Every single paper received 3 reviews

Decisions formed within triplets of ACs 7 é‘.ﬁ’.’é’é’.‘;‘;’%fi’,";;,‘;’.”’“ Vol

A meta-review drafted by an AC and approved by the triplet € Reflection and Emission Ne

g Sriram Narayanan, Mani Ra
Orals, highlights recommended by the ACs, SACs & PCs MetaSpectra+: A Compact
SACs double-checked those as well as high-scoring papers 32223'337‘, Zﬁ’éefm I
. 0 Focal Stack, M. Kerem Ayd
Overall: 4071 (25.3%) accepted papers Emme Ara
o 141 (3.5%) of accepted papers are Orals+posters, which 223 Towards Pl:,m:?relaﬂs“c and
. : Framework, Linxiao Shi, Sin
includes 74 award candidates Jinwei Chen, Bo L, Shifeng
o 578 (14.2%) of accepted papers are “highlights” posters, with 24  UnReflectAnything: RGB-On
: - | 2 Synthetic Specular Supervi:
special annotation in the program Mert Asim Karaoglu, Patrick
o 3,352 accepted papers are posters Benjamin Busam ‘
AVGGT: Rethinking Global &
(®) Xianbing Sun, Zhikal, :
Liging Zhang, He Wa

S LIMIT.LAB -




CVPR26: Meta Insights into Trends and Tendencies (22/152)

From opening slide
a3 The number of GPUs affects acceptance
A More than 4!

o computereport.github.io/cvpr2026

mpute Reporting ........................

GOAL: Understand compute in the CVPR
. community i I l
~ Compute Efficiency Awards )

CVPR Compute Gold Star: 18 Awardees pit st -
' Truly outstanding efficiency achievements
i
i
~ Efficient CVPR: 26 Awardees
| Demonstrating exceptional computational efficiency
~ Transparency Champion: 172 Awardees
, Provide comprehensive, detailed logs

uuuuuuuuuuuuuuuuuuuuuuu

48
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From opening slide
a Limited GPU Access in Academia

Resources & Infrastructure by Affiliation & Geography

g - : ow a
Purely academic teams use fewer GPUs, less memory, and less dev compute than industry-affiliated teams. Accepted papers sh

higher proportion of mixed academic-industry affiliations.

MEDIAN GPU MEMORY (GB) MEDIAN DEV COMPUTE (HRS)

MEDIAN GPU COUNT
AR B Pure Acadernic (EEEEEGEGEG_—— 0 G8 pure Academic (IR 2000 hrs
R -~ e Academic+Lab (R <5 GB Academic+Llab [N 1200 hrs
o SNSRI Mixed (Acad-led) (N 7 GO Mixed (Acad-lod) (R 3000 hrs
Mres T R SN ) 4 Mixed (Ind-lec) RN ©0 GO Mixed (Ind-led) (SN 2000 hvs
- EEEESSwesm T sty Loy R ¢ 2 GO Industry s Lab N ¢ 00 hrs
S5 S SRS Sec sk Pure Industry (N ¢ GO Pure Industry (NS 2100 hrs
pure Lab (N 3200 hrs

. s Pure Lab QEEEE 12 GO

GPU RESOURCES BY COUNTRY (DOMINANT TIER) AFFILIATION COMPOSITION BY OUTCOME

Reject Withdrawn

@ Pure Academic @ Academic+Lab @ Mixed (Acad-led) @ Mixed (Ind-led) @ Industry+Lab
@ Pure Industry @ Pure Lab @ Unknown 49

LIMIT.LAB 2
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From opening slide

3 74 from ACs / SACs / PCs

a 15 finalists (not equal to 74 papers)
a Only 5 papers are awardees

Best Paper Awards Best Paper Process

PROGRAM GUIDE Bli
lind review;
Wing, COI hangi
H dling

® 74 best
a : :
Paper award candidates were nominated by th R Multi-Task-Aware Infrared/ 74 candi
Area Chaij - BANE Juan Ch iqi | Idates sg|
airs, Senior Are Chai n Cheng, Zhigin Zhu, Yafd elected by AC
- a Chairs, and Program Chairs @ Dual Band Thermal Videogn s e S, SACs, PCs
hey are marked in the program Reflection and Emission Net finalists (each committee memp
3 Sriram Narayanan, Mani Ra er reviewed ~20
® From the candidates, 15 papers were selected as finalists 21 MetaSpectra+: ACompact — Each finalist Paper revi e
and 5 | y 2 Snapshot Hyperspectral+ | lewed and rated Dby 3 committee member.
were selected for an award by the award committee 22 Spectrum from Defocus: Fa — Committee ST S
o 1 Best Student Paper Honorable Mention FE";;}:X[‘;\(:""S'EFE’Q"‘ Aydi o €d 1o select awardees
iteria: est paper sh X U
o 1 Best Student Paper 23 Towards Photorealistic and recommend it topanF;/orni %u::%;ix?te?\tli:;iaﬁ nfwaar S()lmeone who works in a related area, and you would sirongly
© 2 Best Paper Honorable Mention 2 Framework, Linxiao Shi, Si A best paper should be well-wriften and make conclusions thet are s Lamag eSS POgTess o hose noin't
Jinwei Chen, Bo Li, Shifeng O best paper has at least one of these properties undly backed by experimental evidence or theory. A
G Eestaper . 24 UnReflectAnything: RGB-On\ ks
o We'll present certificates to the award winners at the 2 Synthetic Specular Supenvis e  Surprising progress — a problem is solved beyond what you thought possible
i Mert Asim Karaoglu, Patrick e Enlightening — you understand something new and significant
: 6 3:30 p.m. in Four g 9 9
PAM |"TC meetlng on Saturday June ’ AL Benjamin Busam ] Landmark — reflects and caps off signiﬂcaqt progress on an important problem
I m 25 AVGGT: Rethinking Global A e Insightful — makes you think ohf a problemhln a new way
roo #  Xianbi ikai Zhu, Zh tial — likely to inspire other researc _ 5
Seasons Ba )Eizri\:énsz;hsal:‘f;’ZHhel Wang,sJ‘ian : }Igrilalgtair;alil — couldylead to products or solutions that will make people's lives better

LIMIT.LAB 2
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From award ceremony

- Xiaoxue Chen'*  Sicheng Xu?
7 Yue Dong? Hao Zhao'
) nghun University  *Microsoft Research

Generation

Ruicheng Wang™
Nicholas Jing Yuan'
'Microsoft Al

RUSTC

42+ Zelong

Lv‘2a

Jiaolong Yang?!

® Oun
@ Spaseflex

Number of Tokens

o Vells
@ DoecOD S2

® Dora

A sparse, ﬁeld-free |aten_
voxel representation t tha,
unifies open, .
non-manifold, enclosed \
and translucent 3D
generation with texture |n
one open-source pipeline
— setting a new standard
in encoding geometry and
appearance. ;

S LIMIT.LAB 2
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From award ceremony

Best Student Paper Honorable Mention

,,\*

t: One-Step Low-Energy Transport for Image Editing

o o
e

jangsi Lu!, Xuhang Chen?, Minzhe Guo', Shichu Li®, Jingchao Wang®, Yang Shi'!
~ 1Guangdong University of Technology 2Huizhou University
3Shenzhen University *Peking University
! Corresponding author: sudo.shiyang @gmail.com
Project page: https://chordedit.github.io
Edited image

Rcal image Edited image Real image

A one-step, training-free, inversion-free image editor that frames
editing as low-energy optimal transport — theoretically grounded and

~ surprisingly effective.

LIMIT.LAB o
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From award ceremony

---

& f;l J Liang*  Alexander Sax*  Hao Tang*
Xiang Li® Aohan Lin Jiawei Liu  Ziqi Ma®

Weiyao Wang*

a Gkioxari!  Matt Feiszli'®  Jitendra Malik!$
al Contribution) °Intern tProject Lead $Equal Contribution

L 1Y, . “'-‘ TR
-uun nu\'.’léf “"I e

Nt =L

Y LIMIT.LAB
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From award ceremony

Best Paper Honorable Mentlon

An Opern Foundatlon Model for Generalist Gaming Agents ’.'

VV l'

Nlagne1 *, Anas Awadalla' ?*, Guanzhi Wang!®* 1
nﬁ EXil‘ Joshua Belofsky*, Fengyuan Hu'!, Joohwan Kim!
Ludwig Schmidt?, Georgia Gkioxari®, Jan Kautz!

Yi Jsong Yue?!, Yejin Choi' 2 !, Yuke Zhu' ® !, Linxi Fan! f A dataset (40, 000 hours;

3 lNVIDIA. Stanford, ® Caltech, * UChicago, ® UT Austin 1 000 games) SImUIato

i for evaluation, and
Video-Action Datasat foundation model for
vision-to-action gaming
agents — opening new
research opportunities.

i
1 '-‘[

LIMIT.LAB 2
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From award ceremony

5 VAU g Wy
I _'.:'_, .
cting [D,“.,}:mjf,g& n\P4RT ata Time | —

s
g e

sillaume Le Moing* Sk anda Koppula*® Ignacio Rocco*
nyu Xie® - Rahul Sukthankar*  Joélle K. Barral*

drew Zisserman*® Junlin Zhang*

*University College London  °University of Oxford

S 1:
An elegant 'f'ad efficient approach that unifies estimation of depth,.;-'
camera pose, 3D point tracking, and 4D point clouds, with stunning

NE

e

(L4
e
K

LIMIT.LAB
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CVPR 2026 V@I WOI"kShOp # VGI = Visual General Intelligence

H

3
3
3

Let’ s think about “Intelligence”

AGI is coming (This year? Next 10 years? Who knows?)
But wait, current intelligence is language—first!

Can intelligence also emerge from vision?

Think about the history of Earth
m Perspective of vision (540M years ago) From the perSpectiveS of vision
100k ears Visual perception emerged far earlier than language . .

Perspective of language (100k years ago) and Ianguage’ VISion came fIrSt
(OldEngish | 1Skyears Advanced language emerged relatively recently in the analogy of Earth

Modern English Hundreds years

VIS iIon Came fl rSt https://cdn.limitlab.xyz/cvpr2026/s/cvpr2026-vgi-workshop-

Visual & Language Intelligence

Primitive visual function | 700M years

Slides from:

Intelligence evolved together with perception, long before symbolic language existed opening-remarks-hirokatsu-kataoka latest-en.pdf

https://cvpr2026-vgi-workshop.limitlab.xyz/ @ S LIMIT.LAB
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https://cdn.limitlab.xyz/cvpr2026/s/cvpr2026-vgi-workshop-opening-remarks-hirokatsu-kataoka_latest-en.pdf
https://cvpr2026-vgi-workshop.limitlab.xyz/
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CVPR 2026 V@I WOI’kShOp # VGI = Visual General Intelligence

a Is it possible to pass through the vision—first intelligence?
3 VFM - Visual Intelligence (VI) = VG(eneral)l ?
O So what’ s happened after that?
1 At least we should improve visual function rather than language!

Visual and/or Language Intelligence as a Pathway to AGI
Possible future from the vision community

Past field Main focus (2026) H Long-term goal
13
LLM / VLM / MLLM 12
LM Large Language Models 1% A G I
Language Models Vision Language Models |§
Multimodal Large LanguageModels Iﬁ Artificial General Intelligence

o
>

Language-first Al

Main focus (2026) 2 Potential way Make it general Then what's happened
VFM 12 VI V
Vision foundation models ::3: Visual Intelligence Visual General Intelligence
14
18 This may be VSI

Vision-first Al > Slides from:
https://cdn.limitlab.xyz/cvpr2026/s/cvpr2026-vgi-workshop-

We, as CVPR community, should push forward Visual Intelligence opening-remarks-hirokatsu-kataoka_latest-en.pdf

G LIMIT.LAB .
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CVPR 2026 V@I WOI’kShOp # VGI = Visual General Intelligence
2 According to the definition [Legg & Hutter, 2007]:

O Intelligence measures an agent’ s ability to achieve goals in a wide range of environments

a So it should be a multilmany?)—task solving model

Visual Intelligence (VI)?
Intelligence that emerges from visual experience

Visual Intelligence,
1) it’s like a ‘Visual GPT-3’

which has emergent abilities to solve general visual tasks

2) it’s a ‘multitask & multimodal VFM’

but it has capabilities that were not explicitly trained also emerge naturally

3) it’s an ‘ability to understand the diverse real world’

to understand, predict, compress, & generalize the dynamics of the world through visual experience Slides from:

https://cdn.limitlab.xyz/cvpr2026/s/cvpr2026-vgi-workshop-
opening-remarks-hirokatsu-kataoka latest-en.pdf

https://cvpr2026-vgi-workshop.limitlab.xyz/
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CVPR 2026 V@I WOI’kShOp # VGI = Visual General Intelligence
a Although its not perfect at present,

A We have some stable steps toward visual intelligence

A Generative models, reconstruction models, inpainting, multimodal LLM, embodied intelligence- -

Are we entering the era of visual intelligence?
Yes - The first steps toward ‘visual intelligence’?

Examples from VGI speakers: Veo3, VGGT, Visual Jenga, GAIA-3, Molmo, Ego4D...

Veo3: Generalist Vision Encoder

(Video models are zero-shot learners and reasoners)

VGGT & VGGT-Q: Geometry Understanding

Visual Jenga: physical Understanding

o \
Acinsocelanytning e f By
& ﬁ‘. g = ,“t-' &
.“ Y Pl
GAIA-3: Embodied Intelligence 3_““ A l“ m
B =g = puok il
Thm | Q= w R =

Slides from:

e i——
Molmo: Vi aligns language

Ego4D: human-centered abilities

https://cdn.limitlab.xyz/cvpr2026/s/cvpr2026-vgi-workshop-
opening-remarks-hirokatsu-kataoka latest-en.pdf

9 LIMIT.LAB s
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CVPR 2026 V@I WOI’kShOp # VGI = Visual General Intelligence

a3 Hypotheses from researchers:

Hypotheses:

B Visual intelligence may...
B emerge before language

B emerge from generative, autoregressive, and
reconstruction tasks

u reqUire eﬁiCient Iearning geometry! dynamics! and ﬁtl’ig:j/ggr:r.ll:imitlab.xvz/cvpr2026/s/cv
hierarchy (e.g., synthetic data / high-efficient data collection) PIZICE g wirkelDp 6p6r gt Al

ks-hirokatsu-kataoka latest-en.pdf

https://cvpr2026-vgi-workshop.limitlab.xyz/ @\ LIMIT.LAB s
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CVPR 2026 V@I WOI’kShOp # VGI = Visual General Intelligence

a But opposite position from a researcher:

3 Language has much lighter bytes than vision (images & videos)
3 LLM is still scaling, that could be an AGI

We don’t need any new vision-centric paradigm shifts for AGI | Which would you bet on - language or vision?

e Self-supervised learning in computer vision saturates quickly when scaling Of course. both is also a valid answer. In that
(see: MAE work) ’

This is expected to be due to images containing less information dense content than text for Case’ do you thlnk inte”igence can emerge from
the same amount of bytes Visual input alone?

If we had 1 million x the compute, | would guess self supervised learning on vision starts to be
useful on top of text (as we've run out of internet text data). But, we’re far from getting this.
e You can do less with image and video outputs than you can with text outputs

If you have a great image/video generation model, it's unclear how to use it
Text outputs give you action

9 LIMIT.LAB «




CVPR26: Meta Insights into Trends and Tendencies (36/152)

CVPR26: Multimodal LLM-as-Judge (1/3)

Who judges the judges? — the evaluator becomes a first-class artifact

A CVPR 2026 at a glance: record 16,092 submissions, 4,089 accepted (+42% YoY), ~25.4% acceptance rate.

A VLM / multimodal-LLM share of highlighted papers jumped 4.9% — 10.6% — the largest single-category
swing this year.

d Meta-insight: as generation scales, reference metrics (BLEU / CIDEr / CLIPScore) can no longer measure
quality.

(A So the field promotes the evaluator itself — VLM-as-judge & generative reward models — from an eval
afterthought into a first-class research object.

(A This deck reads CVPR'26 through that lens: how judges are built (Trend A) and whether we can trust them
(Trend B).

Conference figures: CVPR 2026 Technical Program (cvpr.thecvf.com).




CVPR26: Meta Insights into Trends and Tendencies (37/152)

Robotics related workshop: meta insights

A Robotics is becoming a full-stack physical Al problem: data, models, sensors, simulators, deployment, and reliability must scale together.
[  Data: cross-embodiment robot data, human videos, simulation, generated trajectories, autonomous rollouts
A Models: VLA, world-action models, diffusion policies, hierarchy, memory, promptable policies
[  Embodiment: tactile sensing, contact-rich manipulation, dexterous hands, hardware/edge deployment
A Systems: modular pipelines, sim-to-real, deployment flywheel, reliability, multi-robot / robot web

A Future directions

From VLA to world-action model

Human videos to robotics, alignment is the key (action alignment, sensor alignment, structured representation alignment)
From synthetic scenes to real-video-derived interactive worlds

Tactile, force, contact-rich: for dexterous robotics

Long-horizon/longer-horizon tasks require hierarchy + memory + promptability

From benchmark success to production metric

Towards scalable physical Al (now already), which could also be extended to scalability in deployment

M Iy Iy Ny Iy Oy
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WS Bridging Vision, Language, and Action: What’s Missing in Actionable Visual Perception for Robotics

Invited talk: Saurabh Gupta, Title: "The case for modular robotics systems”

O How to find data to train robots?
QO Data: Large-scale tele-operation, creative ways of collecting data (UMI), video data, simulation, pre-trained models, classical methods
O Motivation: high-level reasoning, whole-body control, contact-rich tasks
QO Winning approach will be the one that can handle all different data

@ Case study 1: Opening articulated objects in the real world (RSS 2025)
@ Approach: hierarchical method (perception, motion planning, adaptation, right image)
@ Core part: separate the task hierarchically, instead of generating a whole motion planning
O Why did we do better?
O Perception: bootstrapped from online object detection data + 2D image labeling
O Motion planning: Mined from 1000s of objects in simulation
O RUM policy: entirely trained on real-world demos

Motion  Pre-Grasp Grasp

: Execution
Pose Correction

Perception = Transforms Navigation

O Case study 2: Precise Mobile Manipulation of Small Everyday Objects (RA-L 2026)
O Key idea: improving manipulation of small objects by using large vision models
O How to keep detecting small objects: inpainting + tracking
O Why did we do better?
O Perception: large-vision models trained on lots of data
O Visual servoing: benefits from hand-design that leverages the problem structure
O RUM policy: again, entirely trained on real world demos



https://saurabhg.web.illinois.edu/
https://arjung128.github.io/opening-articulated-objects/
https://arxiv.org/abs/2502.13964
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WS Bridging Vision, Language, and Action: What’s Missing in Actionable Visual Perception for Robotics
Invited talk: Saurabh Gupta, Title: "The case for modular robotics systems”
O Case study 3: Learning humanoid end-effector control for visual whole-body open-vocabulary object grasping
Q Overall approach: modular
O Perception: Opeuppe;}d/vgcabularv perception (SAM), grasp perception (AnyGrasp)

ference Trajectory Q¢

aaaaaaaaaaaaa

D EXeCutiOn : Replanning
E ,' Tar

rgetDrift

i Prop: -z\

i History | —>

| Reference q | fre R B oive
AE, T > = oy
‘w\ EE Tracking Policy e Body

Modularity enables easy extensions to other tasks
Why did we do better?:
O Perception: trained on 1M+ data samples
QO EE Tracker: trained in a highly randomized non-visual physical sim

Uou

O Case study 4: ContactMimic: humanoid object interaction via contact control (ongoing work)
O Observation: Key points are not sufficient interface

@ Overall idea: learn a Whole-body key point + contact tracker o P —— : Joint Tracking Rewards
Proprioception History, _,: :

Gs55 -4, : / e ) Regularization Rewards

D Ta keaway:. . Reference joints q,—»g b) Contact Label

Q All different data sources will have a role to play = Matching Reward

a) Reference contacts ¢,—! Whole-body

O The winning approach will be one that can leverage them all i } Yt
Whole-body
control policy

S LIMIT.LAB «
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CVPR26: Meta Insights into Trends and Tendencies (40/152)

WS Bridging Vision, Language, and Action: What’s Missing in Actionable Visual Perception for Robotics
Invited talk: Ming-Yu Liu, Title: "Cosmos 3: Omnimodal World Model for Physical Al”
O The two faces of world models
O Understanding-centric world models; Simulation-centric world models
O Issues:
O these two world models do not share the same representation
O We need not only language or video-based world model, but also world model that deal with actions, interactions

O Cosmos: Omnimodal world model:
O Motivation:
O world models are the foundation of generalizable physical Al
O Cosmos as an omni-world model offers better data, better starting point, better environment for generalizable physical Al

O Input and output: language, sensors, action
O Model core: understanding / reasoning capability; perception / generation capability Mixture of Transformers Architecture
@ Structure: unified MoT architecture ~ e
O Cosmo is embedded in the system close to GPU
O Models: text2image, text2video, policy model (top 1 in several benchmarks), P
O Position embedding: 3D MRoPE, base FPS: 24 i
A Action renrecantatinn: ann nnea QN affartnr nnea QN Araen ctata 16N nraen gtate 1D = g il
Capability | Reasoning | Generation D @DC@D@D e
m | General Robotics Smart infra. Driving | Text2Image Text2Video Image2Video Audio FD: Robot Policy: Robot essoner enerator
= = = = a3 = o e
ReSUIt on reasonlng Gemini 3.1 Prot 77.5 58.2 ; 4772 — - — o Cosmos baSiC StrUCture
and genera’uon Qwen3-VL-32B 72.8 52.6 56.1 40.7
Qwen3-VL-8B 68.9 48.5 52.7 46.4
tasks Gemma4-31B 69.8 51.0 51.3 36.6
Gemma-4-E4B 53.1 39.3 29.4 26.0
Gemini 3 Pro Image’ 90.85
Qwen-Image-2512 84.25
Veo-3.1F N 79.1 82.6 7.45
Wan2.2-A14B 78.0 81.3
Ctrl-World 23.0
0.5 28.1
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https://mingyuliu.net/
https://research.nvidia.com/labs/cosmos-lab/cosmos3/

CVPR26: Meta Insights into Trends and Tendencies (41/152)

WS Bridging Vision, Language, and Action: What’s Missing in Actionable Visual Perception for Robotics
Invited talk: Yunzhu Li, Title: "Scaling Robot Learning via Structured World Models and Tactile Sensing”
O Foundation models for robotics
a GPT, SAM, DINO, FoundationPose/Stereo...
O Robot foundation models
O Pretrained on vision language models
O RT-X, OpenVLA, Helix, Pi-0.5, DYNA-1
O Pretrained on world / video models
a WAM, Direct Video-Action Models
O Issues for current models: Steerability, physical grounding, debuggability, scalability

QO Important aspects for enhancing robot foundation models
O Sensors:
O Scalable tactile sensing and learning for contact-rich robotic manipulation (hand-on robot, Nature 2019)
O Scalable tactile glove and CNNs to show that sensors uniformly distributed over the hand can be used to identify objects,
estimate their weight and explore the typical tactile patterns that emerge while grasping objects
O What hand-on robot can do: deal with visual occlusion, fragile object, in-hand manipulation
@Q Touch in the Wild: Learning Fine-Grained Manipulation with a Portable Visuo-Tactile Gripper (NeurlPS, 2025)
O Present a portable, lightweight gripper with integrated tactile sensors that enables synchronized collection of visual and tactile
data, and a simple cross-modal model — Pretrain

Hardware Store

— Down:tream Task —
S

Touch in the wild training, model, and
downstream tasks illustration

S LIMIT.LAB »



https://yunzhuli.github.io/
https://www.nature.com/articles/s41586-019-1234-z
https://arxiv.org/abs/2507.15062
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WS Bridging Vision, Language, and Action: What’s Missing in Actionable Visual Perception for Robotics
Invited talk: Yunzhu Li, Title: "Scaling Robot Learning via Structured World Models and Tactile Sensing”
QO Important aspects for enhancing robot foundation models
O Sensors:
O FlexiTac: A Low-Cost, Open-Source, Scalable Tactile Sensing Solution for Robotic Systems
O Sensor resolution: binary vs. continuous?
O  Structure:
O (i) thin, flexible tactile sensor pads that provide dense tactile signals
O (i) a compact multi-channel readout board that streams synchronized measurements for real-time control and large-scale
data collection
QO Comparison with other tactile sensors:
O Benefit of the proposed sensors: customizable, scalable, flexible, robustness / consistency, easier to simulate

4 = Ego-Centric
Camera

Assembled
Tactile Sensor

32 x 16 Tactile
Reading Board Soft Gripper

Arduino Nano Flexible Flat Cable

(a) 32 x 12 Tactile Sensor Assembly Example (b) 32 x 12 Tactile Sensor Pad

FIeXiTaC deployments (i) Xarm ith Trar;p;e (i) Aloha with Beaker and Dripper (iii) LeFlexiTac Platform 7 (iv) Semi-Humanoid Setup by | 1|mln Lo FIeXiTaC SyStem
across diverse platforms  isecamen configurations
- %4 £
i t -

(v) Portable Tactile Gripper (vi) Franka with Tactile Skin (vii) Tactile Glove (viii) Dexmate Robot with Pen

32 x 32 Tactile
Reading Board
(d) 8 x 16 Tactile Sensor Pad

32mm

(c) 32 x 32 Tactile Sensor Mat (e) 16 x 16 Tactile Sensor Pad

LIMIT.LAB 4



https://yunzhuli.github.io/
https://arxiv.org/abs/2604.28156
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WS Bridging Vision, Language, and Action: What’s Missing in Actionable Visual Perception for Robotics
Invited talk: Yunzhu Li, Title: "Scaling Robot Learning via Structured World Models and Tactile Sensing”
QO Important aspects for enhancing robot foundation models
QO Dynamics: learning structured world models from and for physical interactions
O Graph-based neural dynamics (GBND)
O Granular, application to object stowing
QO A review of learning-based dynamics models for robotic manipulation
O Professor Li recommended paper which is based on his PhD thesis

QO Robotic Manipulation by Imitating Generated Videos Without Physical Demonstrations (ICLR, 2026)
O RIGVID: enables robots to perform complex manipulation tasks—such as pouring, wiping, and mixing—purely by imitating
Al-generated videos, without requiring any physical demonstrations or robot-specific training
O Model structure: A video generation model generate videos, a VLM filters out videos that do not satisfy the input commands

Generated Video 6D Object Pose Trajectory
SssssRRRRRRRRER RRERRRED

Pour Water On
Plant

RGB Image

/"w’w.\ o
'
]

[ Monocular Depth Estimation J =

v
Predicted Depth
SSsEERE RERRERERBRERERER

[ 6D Object Tracking ]

/
Ssgssss NN

Scale Factor [Video Generation]

[ Grasp & (Object 2> Robot) Retarget]
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https://yunzhuli.github.io/
https://www.science.org/doi/10.1126/scirobotics.adt1497
https://scholar.google.com/citations?view_op=view_citation&hl=en&user=WlA92lcAAAAJ&sortby=pubdate&citation_for_view=WlA92lcAAAAJ:2P1L_qKh6hAC
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WS Bridging Vision, Language, and Action: What’s Missing in Actionable Visual Perception for Robotics
Invited talk: Yunzhu Li, Title: "Scaling Robot Learning via Structured World Models and Tactile Sensing”
QO Important aspects for enhancing robot foundation models
O Dynamics: learning structured world models from and for physical interactions
O PhysTwin: Physics-Informed Reconstruction and Simulation of Deformable Objects from Videos (ICCV 2025)
O Creating a physical digital twin of a real-world object has immense potential in robotics, content creation, and XR

>t —1—>t—>t+1—>-
GT Observation

' v V ‘;:,stemo Trac; ;'! z
& N PhysTwins illustration
n ) ‘

C= Cgcomctry o+ Cmotion Tr Crcnd_cr

AR 2‘

Simulated Geometry and Motion Gaussian Rendering

O Further extended PhysTwin as a scalable evaluation engine
O Real-to-Sim Robot Policy Evaluation with Gaussian Splatting Simulation of Soft-body interactions (ICRA 2026)
O Policy evaluation in sim environments constructed from real world, using Gaussian Splatting for rendering and soft-body
digital twin for dynamics. (right figure) N

Simulation

O Sim-to-real transfer with zero world data?
QO Interact world simulator
Understand deformable-rigid interaction
Capture realistic dynamics
Scalable data generation for policy training

One trial of simulation data nearly equals to one trial of real data

ODO00D
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https://yunzhuli.github.io/
https://arxiv.org/abs/2503.17973
https://real2sim-eval.github.io/
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WS Bridging Vision, Language, and Action: What’s Missing in Actionable Visual Perception for Robotics
Invited talk: Yunzhu Li, Title: "Scaling Robot Learning via Structured World Models and Tactile Sensing”
O Important aspects for enhancing robot foundation models

@ Dynamics: learning structured world models from and for phvsical interactions
QO Other recommended papers Structured world models for simulating and manipulating deformable objects

Yunzhu Li, Jiajun Wu, Russ Tedrake, Joshua B. Tenenbaum,
Antonio Torralba, Learning Particle Dynamics for Manipulating Rigid

Bodies, Deformable Objects, and Fluids, ICLR-19

Haochen Shi, Huazhe Xu, Samuel Clarke, Yunzhu Li, Jiajun Wu, RoboCook:
Long-Horizon Elasto-Plastic Object Manipulation with Diverse Tools, CoORL-23
Best Systems Papers Award

v

@y?ﬁu

’ ) “4

' AD .
’ﬁ r; ,

Haonan Chen, Yilong Niu, Kaiwen Hong, Shuijing Liu, Yixuan Wang, ‘ ‘

Yunzhu Li, Katherine Driggs-Campbell, Predicting Object Interactions  Yixuan Wang®*, Yunzhu Li*, Katherine Driggs-Campbell, Li Fei-Fei, and Jiajun
with Behavior Primitives: An Application in Stowing Tasks, CoRL-23 Wu, Dynamic-Resolution Model Learning for Object Pile Manipulation, RSS
Finalist - Best Paper/Best Student Paper Awards 2023, Best Paper Award at IROS 2023 Workshop

Transport /
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d Data:
O Open X-Embodiment: Robotic Learning Datasets and RT-X Models

1M Episodes from 311 Scenes E

34 Research Labs across 21 Institutions ' ;"
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WS Bridging Vision, Language, and Action: What’s Missing in Actionable Visual Perception for Robotics

Invited talk: Chelsea Finn, Title: "7Remember at Different Levels of Abstraction”
O Most state-of-the-art foundation models lack memory
O Fundamental motor skills generally don’t require it

O Can we develop memory in a way that is compatible with robot foundation models?

Q Difficulty: Spurious correlations, substantial computational requirements
Q Background: imitation learning with memory
O Adding memory to observations often hurts policy performance

O Adding memory leads to substantial GPU memory & computation costs

0 RoboMME (ICML 2026):

1 Addresses spurious correlations and compute challenges
O Key finding: no single form of memory works well across all datasets

Q Approach 1: selectively store & retrieve frames
QO Scaling up memory for robot control via experience retrieval (ICLR 2026)

Q Coreideas:

O Retrieve a few key frames
O Long-context memory for high-level policy via VLM

O Results:

O Use segment-boundary is effective
O MemkER is close to human high-level policy

Recent frames
Ry

—

oy —

Joints

—

MemER structure

High-Level Selected

Instructionl,  Keyframes K, Keyframe Filter

High-Level Policy (VLM) mm) Kg;rr‘::j::}
{7

Language Subtask [}

Low-Level Policy (VLA) ‘ Actions
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https://ai.stanford.edu/~cbfinn/
https://arxiv.org/abs/2603.04639
https://arxiv.org/abs/2510.20328
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WS Bridging Vision, Language, and Action: What’s Missing in Actionable Visual Perception for Robotics
Invited talk: Chelsea Finn, Title: "Remember at Different Levels of Abstraction”
O Approach 2: Compression of both visual and text memory
O Image-based Short-horizon memory:
O Sparse temporal attention
O Language-based longer-horizon memory:
@ Instead of using list of steps, use a short paragraph describing the past actions
@ Train the model to update + compress language memory
O Takeaways:
O General purpose memory should operate on multiple timescales

nnnnnnnnn

uuuuuuuuuuuuu

Long and short-term memory

ssssssss

uuuuuuuuuuuuu
uuuuuuu

@ General purpose memory systems might need the combination of approach 1 and 2
@ Open questions:

@ Can robots achieve zero-shot compositional generalization?

@ Can we develop promptable policies?

@ Can robots improve to high performance with experience?

9 LIMIT.LAB


https://ai.stanford.edu/~cbfinn/
https://www.pi.website/research/memory
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WS Bridging Vision, Language, and Action: What’s Missing in Actionable Visual Perception for Robotics
Invited talk: Ruoshi Liu, Title: "Generative Vision Models for Physical Intelligence”

@ Can we use generative models of images and videos for physical tasks?

O Goal: computer vision systems that can intelligently interact with the unstructured physical world

v

Generative Models (c) Feedback
(a) Learning (b) Learning

Geometry Priors Dynamics Priors

Q (a) Learning geometry priors for perception
O Humans As Light Bulbs: 3D Human Reconstruction From Thermal Reflection (CVPR 2023)
QO Human bodies are infrared light bulbs; many objects are more reflective in infrared

O (b) Learning dynamics from interactions
O Robot planning as video generation (CoRL 2024)
Q Visuomotor policy = dream (generate video) + imitate (robot execution)

O What’s missing from internet human videos?
Q Inner force, contact information are missing
O ForceBand: Learning forceful manipulation with sEMG (In Submission, CoRL 2026)
Q Input: EMG, IMU
QO Model output: generates fingertips forces
Q Transfer to forceful policy for robot manipulation

O LIMIT.LAB 4



https://ruoshiliu.github.io/
https://openaccess.thecvf.com/content/CVPR2023/html/Liu_Humans_As_Light_Bulbs_3D_Human_Reconstruction_From_Thermal_Reflection_CVPR_2023_paper.html
https://github.com/cvlab-columbia/dreamitate
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WS Bridging Vision, Language, and Action: What’s Missing in Actionable Visual Perception for Robotics
Invited talk: Ruoshi Liu, Title: "Generative Vision Models for Physical Intelligence”
QO (c) Feedback:

O Learning underwater, the AquaBot (ICRA 2025)

O Core idea:
O fully autonomous manipulation system that combines behavior cloning from human demonstrations with self-learning
optimization

O improves beyond human teleoperation performance
U AquaBot can solve unseen object grasping, long-horizon tasks as well

O Learning from feedback for policy acceleration
Feedback loop for paper airplane design

Q Feedback loop for paper airplane design s . D
O Grasping with paper kirigami g [os S
a Core idea: Fl 2z =& _ >—}?
Q Self-supervise as feedback L. & surogete Model - flo)
O Optimizing not only the VLA part but also task solution design part Desin Buid — Parcoive

Kirigami Gripper

O Robotic handshakes with human preference (in submission, CoRL 2026) :
QO Handshaking is a challenging HRI task L.
O Model: imitation learning + tactile adaptation
O Diffusion policy with reward guidance

€ Surrogate Model *f(z) 4

— Forward Pass Gradients for Inverse Design



https://ruoshiliu.github.io/
https://ieeexplore.ieee.org/document/11128759
https://arxiv.org/html/2403.09566v1
https://www.science.org/doi/10.1126/scirobotics.abd6426
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WS Bridging Vision, Language, and Action: What’s Missing in Actionable Visual Perception for Robotics
Invited talk: Marco Pavone, Title: "End-to-End Reasoning Models for Autonomous Driving: Design, Training, and Simulation”
QO NVIDIA Alpamayo platform

O Model, Simulation & Training, Data & Tool

O Based on cosmos-reason backbone
O Multi-stage training pipelines
a

A typical reasoning trace:
QO What's happening? What's the risk? What to do next;

O Scaffolding reasoning with chain-of-causation (CoC) & RL post-training alignment
O Challenges: causal confusion; vague behavior description; superficial reasoning
QO Approach: from CoT to CoC

O Reasoning representations
O Counterfactual reasoning

QO Enabling closed-loop RL
O Closed-loop RL optimizes the closed-loop behavior output
O Do we need closed-loop training?
O The time for closed-loop training of AVs is now
O Announced AlpaSim End-to-End Closed-Loop Driving Challenge

O Agentic Al for auto-driving

(9" LIMIT.LAB »



https://profiles.stanford.edu/marco-pavone
https://www.nvidia.com/en-us/solutions/autonomous-vehicles/alpamayo/
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Tutorial The Full Stack of Physical Al Simulation, Foundation Models, and Edge Deployment for Next-Generation Robotics Applications
Invited talk: Yuqi Xie, Title: “Foundation Models for Generalist Robotics — The development of GROOT from N1 to N1.7”
Q Isaac GROOT:
O open robot foundation model; simulation frameworks; synthetic data generation pipeline; Jetson Thor Robotics Computer
Q Jetson Thor: Al compute; energy efficient;

O Data Pyramid for generalist humanoid robots:
O Online videos (unstructured; passive); simulation (hard to scale in practice); real robots (active agency)

@ GROOT N Evolution: from N1 to N1.7

GROOT N Evolution

* Technalogy Adoption

s S
= N
) &

& é‘

e e e

Q4 2025 Q1 2026

ﬁ

Q12025 Q2 2025

S LIMIT.LAB



https://xieleo5.github.io/

CVPR26: Meta Insights into Trends and Tendencies (52/152)

Invited talk: Yugi Xie, Title: “Foundation Models for Generalist Robotics — The development of GROOT from N1 to N1.7”
O GROOTN1 to N1.7 comparison (Generated by ChatGPT, 5.5 Pro; manually verified)

Version Role Model / Training data Training setup Key upgrade
architecture
GROOT N1 First open Eagle-2 VLM + DiT; |Data pyramid: human |[~50k H100-hrs; Unified cross-embodiment
generalist 2.2B video, sim, neural, real|16-action chunk 63.9 baseline
humanoid VLA robot ms on L40
GROOT N1.5 |Better Eagle 2.5 VLM; N1 mix + OpenXE, 250k steps; 1k H100; Learns from human ego
grounding + frozen VLM; DexMG, DreamGen, |batch 16,384 videos
language +FLARE AgiBot-Beta
following
GROOT N1.6 |Bimanual + Cosmos-2B VLM; [N1.5 mix + YAM, 300k steps; post-train  |Better bimanual dexterity +
loco-manipulati |32-layer DiT,; Geniel, R1 Pro sim, |10-30k steps locomanipulation
on scaling relative actions Unitree G1
GROOT N1.7 |Open reasoning |3B; Robot data + 20k+ h |16GB+ VRAM inference;|N1.6-level performance;
VLA; Cosmos-Reason2-2 |EgoScale human 40GB+ recommended |better generalization +
B + 32-layer DIiT video fine-tune language following

& L IMIT.LAB
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CVPR26: Meta Insights into Trends and Tendencies (53/152)

Tutorial The Full Stack of Physical Al Simulation, Foundation Models, and Edge Deployment for Next-Generation Robotics Applications
Invited talk: Yuqi Xie, Title: “Foundation Models for Generalist Robotics — The development of GROOT from N1 to N1.7”

O Groot N1: Humanoid robot foundation model
Structure: VLM (Encode image and language) + Diffusion Transformer (encode robot state; action tokens; output from VLM)
Embodiment-Specific Adapters for different robotics
Diffusion Transformer: flow matching / denoising-style action generation
Key designs:
[ Latent action: VQ-VAE-style latent action model, to eventually transferring latent action to real robot actions using small-scale robot
data. Useful for transfer between different embodiments, also for human videos to robot transfer.
[ Neural trajectories: video world model generates robot videos -> latent action or IDM predicts pseudo-actions
[ Simulation trajectories: physics simulator + DexMimicGen generates robot rollouts -> large-scale synthetic robot demonstrations

DooU

| AN
] S =
. Vision E %
b, | Encoder ] | D Embodiment-Specific Module
B Eagle-2 (]
] - - LM = ;'%i Pre-trained and Frozen
_— | ]
Pick up the apple
and place it into T I;rex_t = =
» okenizer " . . . s . "
the bottom shelf o ] Latent Actions Neural Trajectories Simulation Trajectories
)
ctat - (= — — ) - V- ) Real-Robot Datasets v v v
ate .
Robot State @& "1 Encoder [~ M ] s Simulated Robot Datasets v v
_____ — s - G Human Video Datasets v
r s = [ = [
PG : O § & § 3 | Qg1
i ! O + > & > | Action | L
iz U™ [ 218 77777 Z 18 | [TH| Decoder ! !
) . ' . Action | = = 2 & g
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i3 Encoder O = S | .
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Tutorial The Full Stack of Physical Al Simulation, Foundation Models, and Edge Deployment for Next-Generation Robotics Applications
Invited talk: Yuqi Xie, Title: “Foundation Models for Generalist Robotics — The development of GROOT from N1 to N1.7”

O From N1 to N1.5:
O Major improvements: future latent representation alignment; improved neural trajectories
O Sim-and-Real Co-training:
O Data: from real-robot data; simulated trajectories; neural trajectories (with visual world models: Cosmos)
O A Mechanistic Analysis of Sim-and-Real Co-Training in Generative Robot Policies
@ Structured representation alignment is important
O Importance reweighting
O Representation should preserve part domain-specific information
to prevent from collapsed representation

Sim-and-Real Co-training

a GROOT Mimic: simulation-based data generation system (MimicGen, DexMimic) . Co-Training with Generative Robot Policy
Q MimicGen and DexMimicGen e e 0 S - N
A Transfer small-scale human demonstration to large-scale sim data %’%. = oo 30 0k 8- 0
O Physical consistency; scalability; * ‘;,’.i’;i o Pom— J4
O Limited for soft objects; complicated contact; Q

Primary Intrinsic Effect il m Co Trammg
Structured Repr

9
Representation Alignment Domain Discernibility Correlation Practical Improvement

Layer Depth )
Local Alignment Global Alignment Observation Feature
from Sim/Real

° 70%

1) Visual Feature 2/ Observation Feature

P
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https://xieleo5.github.io/
https://research.nvidia.com/labs/gear/gr00t-n1_5/
https://arxiv.org/abs/2604.13645
https://arxiv.org/abs/2310.17596
https://arxiv.org/abs/2410.24185
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Tutorial The Full Stack of Physical Al Simulation, Foundation Models, and Edge Deployment for Next-Generation Robotics Applications

Invited talk: Yuqi Xie, Title: “Foundation Models for Generalist Robotics — The development of GROOT from N1 to N1.7”

@ From N1 to N1.5: DreamGen overview

d GROOT Dreams (DreamGen): synthesizing trajectories with video world models
(CoRL 2025)
[ Core: use video world model as synthetic robot data generator to generate
trajectories and adapt to different embodiments
d  Four steps:
[ Fine-tune video world model to adapt to target embodiment
[ Using rollout synthetic robot videos to adapt to different tasks and

environment ﬁ ﬁ
[ Pseudo action labeling to use IDM / LAPA latent action model to get “

Agop

Step 1. Finetune Video World Model Step 2. Rollout Video World Model

Human te/eoperatmn data

Step 3. Label Pseudo Actions

aCtion Iabels from Videos Pseudo-labeled neural trajectories
[ Train / fine-tune policy: learn policy
. . . .. . . . { Flow Matchin: ng / Diffusion Policy
[ Behavior generalization: training on one task, finetune on neural trajectories of
. Future Embeddings £
new tasks, then deploy in new tasks ku ] E o
A Robot learning with implicit world modeling (FLARE) mRE/ Ors [

[ In addition to conventional flow-matching policy, adding Future LAtent
REpresentation Alignment (FLARE)

[ Add future tokens generation to DiT and align with vision-language embedding
of future observation instead of frame-level alignment Ry

Compare FLARE with
conventional flow matchlng policy



https://xieleo5.github.io/
https://research.nvidia.com/labs/gear/gr00t-n1_5/
https://arxiv.org/abs/2505.12705
https://arxiv.org/abs/2505.15659
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Tutorial The Full Stack of Physical Al Simulation, Foundation Models, and Edge Deployment for Next-Generation Robotics Applications

Invited talk: Yuqi Xie, Title: “Foundation Models for Generalist Robotics — The development of GROOT from N1 to N1.7”

Q GrootN1.6

O Expand to different types of embodiments: core model design — state-relative action chunks

Q Model

O Interleaved language and vision layers in DiT
a NVIDIA Cosmos-2B VLM variant as backbone

O Predicts state-relative action chunks for most embodiments, rather than absolute joint angles or EEF positions

O Training data examples
Bimanual YAM arms
AGIBot Genie1

D000

Simulated Galaxea R1 Pro on the BEHAVIOR suite
Whole-Body Locomanipulation with Unitree G1

Training Data Distribution
(Data Mixture Proportion)

Language Table

DROID

RoboCasa (Sim)

Real AgiBot

22.0%

Real Bimanual YAM

BEHAVIOR (Sim)

22

Real GR-1

e

Simulated GR-1

1.0%

Real Unitree G1

[~
9.0 /0
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Tutorial The Full Stack of Physical Al Simulation, Foundation Models, and Edge Deployment for Next-Generation Robotics Applications
Invited talk: Yuqi Xie, Title: “Foundation Models for Generalist Robotics — The development of GROOT”
O GrootN1.7
O Relative end-effector action space to enable human videos to robot policy learning
O Data and model core: EgoScale
Human to dexterous manipulation transfer framework built on large-scale egocentric human data
Scaling robot intelligence with human-scale data
Shows scaling law as the pretraining dataset size increases
Train with human video with wrist position and hand joints
20,854 hours of human videos
Training recipes:
QO Stage 1: large-scale human pretraining
Q 22-DoF Sharpa robot hand action space
O Stage 2: Enable cross-embodiment transfer by mid-training
@ Align robot with human Pre-training Mid-training Post-training
a Egocentric and wrist views S ST A I e e o Y Efficient Learning on Highly Dexterous Tasks
O Collected in-house % S

“Iron the T-shirt” Tex; a 4\ @
Encoder
a Pretrained e
— —
VLM
\ Visual
Encoder
an
ose NN
extraction RN
3 o s ois)
i
i

: & Joint
DiT X Angle
on
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Action
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Expert EEF
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https://xieleo5.github.io/
https://github.com/Nvidia/Isaac-GR00T
https://arxiv.org/abs/2602.16710
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WS Scalable Robot Learning Systems
Invited talk:Sergey Levine, Title: “Make it easier to scale robot data”
O Compositional generation in robotics
O The recipe
O Pyramid of data (videos, sim, robot data)
O Pre-training and post-training
O Surprising key finding: scaling robot data makes it easier to scale robot data

O The data sources we can use:
d (1) Cross-embodiment data
O RT-X: the first cross-embodiment dataset for VLAs
O Pi0: 10k general robot data, 20 post-training data
O Pi0.5: scaling while using increased locations
O  (2) Human videos:
O The more efficient using human data while adding more robot data.
O  Why does it work: when we add more robot data, the model learns to represent human data in the same way as robot data
O (3) Language “coaching” data
O Interacting with pi0
O Learning from retrospective synthetic data (synthetic user prompts: synthetic user interjections / corrections; synthetic robot
verbal responses; target low-level skill labels)
O Pi0.5: an integrated high-level/low-level model
O Training the high level with verbal instruction
O Pi0.7: multimodal reasoning
O Language thoughts and generated subgoal image



https://people.eecs.berkeley.edu/~svlevine/
https://arxiv.org/abs/2310.08864
https://arxiv.org/html/2410.24164v1
https://arxiv.org/abs/2504.16054
https://arxiv.org/abs/2502.19417
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WS Scalable Robot Learning Systems

Invited talk:Sergey Levine, Title: “Make it easier to scale robot data”

@ The data sources we can use:
@ Autonomous data
@ Pi0.6: a VLA trained with RL

[ Vision language action model
3 Value function: VLM-based

diverse robotics data

s/
,

. @

wait. for

[ Link action model with advantage tokens generated ot e i

by value function

multimodal web data

= (P} Detect and label
L
‘A <
=a =

@ Putting it all together into a distillation-centric robot foundation

models (Pi0.7)

d Model: adding a world model (video generation model) into

pi0.6

@ Data: combination of all kinds of data

d Takeaways:

3 Cross-embodiment data brings the blessing of generality

[ Training on lots of robot data makes it easier to use human data
[ Train to follow instructions makes it possible to learn from verbal
d

instructions

RL & detailed prompts make it possible to include plentiful

autonomous data

Robot Data
Demonstration Data

Autonomous Data

Timw tarrtis
TRTUTE  GRGADGD

-

Specialist-Level Dexterity

INFERENCE e
[ I

Pi*0.6 model structure

n'ys Vision language action model

high-level low-level action expert

language advantage

rollouts

folding diverse laundry
—

Recap

value function

VLM value head
RL training interventions and labeling

language

Ry J

~

Non-Robot Data
Multimodal Web Data

Language Episode
[ Instructions } {Subgoal HIERED [ Metadata

[
TRAINING ‘

T,,Vision-Language-Action Model

" PROMPT |
= action expert
@

1

High-Level Policy World Model
mww mew

Pi0.7 model structure
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WS Scalable Robot Learning Systems
Invited talk:Sergey Levine, Title: “Make it easier to scale robot data”
Pi* models comparison (by ChatGPT, 5.5 Pro)

Model Architecture Data / scale Training method Best fit

n0 PaliGemma VLM + flow action 10k+ h robot data; single-arm, Broad pretrain + task fine-tune Base dexterous VLA

expert; continuous action chunks dual-arm, mobile manipulator; open
robot data

n0.5 n0-style VLA + explicit high-level =~ Mobile-home + static multi-env + Heterogeneous co-training + mobile Open-world household
subtask — low-level action hierarchy cross-embodiment + web/HL/VI data manipulation fine-tune tasks

n*0.6 70.6 backbone: Gemma3 4B + 10.5-like mixture + autonomous RECAP: offline RL + High reliability /
SigLLIP + 860M action expert; + rollouts + reward/intervention data value/advantage labels + on-robot  throughput
advantage conditioning experience

n0.7 5B model: Gemma3 4B + Demos + failures + autonomous data + Context-conditioned pretraining; Steerable generalist
history/video encoder + 860M action interventions + human ego + web data metadata/subgoals/history; prompt
expert; rich prompts dropout

(9 LIMIT.LAB
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WS Scalable Robot Learning Systems

Invited talk:Sergey Levine, Title: “Make it easier to scale robot data”

Model comparison (by ChatGPT, 5.5 Pro)

Series Best mental model Data engine Where it shines Caveat
Pl=n Generalist manipulation VLA Robot data + co-training + RL/context Dexterity, open-world, Newer models less open
steerability
NVIDIA GROOT Humanoid foundation stack  Robot/sim/neural + EgoScale human Humanoid/bimanual NVIDIA stack + EA caveats
video deployment
Google RT/Gemini  Reasoning-rich robot Al Web-scale VLM + robot data Semantic planning + Mostly closed/trusted tester

Robotics

Open VLA stack Academic/open baselines

RDT / LBM Scaled diffusion policies

World-model policies Video model as policy

cross-embodiment

OXE / LeRobot community data Fine-tuning and reproducibility Less turnkey production
reliability

Large robot rollouts + rigorous eval ~ Bimanual/whole-body control Less semantic/VLM-heavy

Pretrained video/world models + Physical prediction + planning Newer, compute-heavy
demos

(9 LIMIT.LAB
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WS Scalable Robot Learning Systems
Invited talk:Jason Ma, Title: “A recipe for scaling robot learning for the real world”
O DYNA: robust foundation model autonomy in the real world

O Research + deployment flywheel

O Data pyramid for the real world
O High-quality deployment data (most refined); diverse on-robot data; diverse off-robot data (most broad)
O 200k+ hours to-date

O General and reliable models
O Dyna Model architecture
O Reasoning model -> (language instructions) -> world-action model -> future video / trajectory prediction
O Rapid post-training to any task (1 hour)

O How to develop reliable robot foundation models (~100% accuracy)?
O The first policy that got to 24hr reliability
O Pre-train VLA; train reward model; reward-weighted regression for post-training
O Often get stuck in an error state for 2-3 minutes
O Add human-in-the-Loop active learning
O Achieved 99.45 success rate with 850+ folded napkins in 24hrs

@ The bitter lesson of real-world robotics
O Focus on system building and scaling; Don’t chase fancy algorithms or architecture; by scaling systems and deploying robots, it
becomes obvious what problems need to be solved

& LIMIT.LAB
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WS Scalable Robot Learning Systems
Invited talk:Jason Ma, Title: “A recipe for scaling robot learning for the real world”
O Deployment flywheel
U Real restaurant deployment
O Is robot learning solved? What do we still need?
O Model observability: how do you tell how well your model is doing in production at scale?

O Full-stack hardware, sensing
O Multi-modal sensing
O End-effector and sensor co-design

O The bitter lesson of real-world robotics
O Focus on system building and scaling;
O Don’t chase fancy algorithms or architecture;
Q By scaling systems and deploying robots, it becomes obvious what problems need to be solved

9 LIMIT.LAB e
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WS Scalable Robot Learning Systems
Invited talk:\Wayne Wu, Title: “From scaling up to scaling out: reality world simulators for physical Al”
O Research goal: making robot generalizable and safe in public spaces
O Data ceiling issue: one day, we will use up training data that we can use
O Key idea:
O scaling up to scaling out; real video de-composition and re-composition
Q Structure representation for representing explicit physics

Vid2Sim

/' Video D Realistic & Interactive Simulation @ Agent Training

O Thrust 1: urban scene simulation
Q Vid2Sim: building digital twins from video (CVPR 2025)
O Challenge: 3DGS cannot provide correct feedback
O Idea: geo-consistent 3DGS
O Allowing editing in 3D;
O Translating any videos into robot training grounds

Zero-shot Sim2Real Transf

O UrbanVerse (ICLR 2026)
O Decomposing open-world video to 3D holistic scene representation
QO Using open-vocabulary 2D foundation models
O Progressive 3D instance map construction UrbanVerse
O 3D semantic map -> 3D scene graph
@ Scene representations -> simulation environments



https://wywu.github.io/
https://arxiv.org/abs/2501.06693
https://arxiv.org/abs/2510.15018
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WS Scalable Robot Learning Systems
Invited talk:Chuan Wen, Title: “Data Scaling on the Job”

[ Policy deployment — how to scale?
@ Autonomous Online Failure Detection and Human Shared Control

ARMADA
Empower Scalable Real-world Deployment and Adaptation rolout <@ FLOAT £: ARMADA
(A—DRMQDA) . th I t . d f db k Telseen . min | FIOAT ATy Adaptive Rewinding Multi-robot System
uman-in-the-loop to provide feedbac @ index A £ £ .. £
Q Multi-robot shared control system @ Noi§ mfd/ i =
3 Autonomous online failure detection 7 p@zpﬁpﬁ
O From expert trajectories and rollout trajectory, do I I S = 2
. . . s T3 EEE Successful FLOAT
adaptlve reWIndlng for pOSt'tralnlng i EZE'ZW Threshold ——— Continue Policy Rollout  Deployment _ Adaptation
3O ARMADA helps improve training data efficiency, and reduce Expert Trajectories Callbrate

human intervention

3 Issue for ARMADA: we still need lots of robots and a person
to hold the teleoperation device

A ROBOPocket: Improve Robot Policies Instantly with Your Phone
1 Robot-free data collection

A How to collect data with maximum efficiency?

A Off-policy data collection: low-cost hardware with online data validation — isomorphic gripper
A On-policy post-training: robot-free online policy iteration

A Cloud inference; edge AR foresight; human correction

O Takeaway: deployment should be part of the data flywheel

O LIMIT.LAB «
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WS Scalable Robot Learning Systems
Invited talk:Wayne Wu, Title: “From scaling up to scaling out: reality world simulators for physical Al”

O Data ceiling issue: one day, we will use up training data that we can use
QO Thrust 2: embodied human modeling

O DNA-Rendering (ICCV 2023)
O Large-scale dataset; neural actor rendering; novel view, pose, identity rendering

Q CityWalker: first large-scale dataset for pedestrians (CVPR 2025)
O Curates pseudo-labeled pedestrian motion and scene context from worldwide city-walking YouTube videos

O PedGen: A context-aware diffusion motion generation model (ICLR 2025)
O Context-aware diffusion model for pedestrian movement generation

 Deploy robots in real cities
O Teleoperation in the labs, run robots in the cities

O  What's the next
O Neural world simulators
O Generalist physical Al: for any task in any city
O Human-Al teamed autonomy

(9 LIMIT.LAB «



https://wywu.github.io/
https://openaccess.thecvf.com/content/ICCV2023/html/Cheng_DNA-Rendering_A_Diverse_Neural_Actor_Repository_for_High-Fidelity_Human-Centric_Rendering_ICCV_2023_paper.html
https://arxiv.org/html/2410.07500v1
https://genforce.github.io/PedGen/
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Meta insights of Workshop on Bitter Lessons

a
a

a

a

The workshop is best read as a disagreement over the “right abstraction boundary” for computer vision after scaling, not as a single anti-structure manifesto.
Traditional CV decomposed intelligence into image — class / mask / box / flow / depth / 3D / pose. Several speakers argued these are historically useful proxy tasks,
not necessarily final objectives.

Deliverable-driven framing dominated: if the deliverable is action, pixel stream, interactive world, CAD artifact, measurement, or scientific discovery, the representation
choice should follow the deliverable.

Scale is bitter for hand-designed modules, but not all speakers equated “scale” with “ignore science”: metrology, low-resource robustness, physical reasoning,
affordances, and interpretability remain central.

Data is as important as compute for CV. Several notes point to web-scale uncuration, Tiny Images, human-video priors, scarce action data, and the missing loop of
autonomous data collection.

3D and mid-level vision are not simply “dead”: their role is being downgraded from mandatory core to optional interface / supervision / probe / debugging aid /
deployment tool.

Sequence / video generative modeling is a candidate scalable objective, but a passive model trained on existing human sequences cannot cover tasks for which no
human-policy data or verifier exists.

The clearest long-horizon direction is closed-loop learning: systems that perceive, act, collect data, verify outcomes, and keep learning after pretraining.

Axes to emphasize in the meta-analysis

Oodood

3

Thanks to Andrei Bursuc (@abursuc) for public X notes/images.

Objective axis: recognition / segmentation / reconstruction — deliverable-oriented perception — action / interaction / discovery.

Data axis: human-labeled images — uncurated web data — human-policy videos — action-conditioned experience — autonomous rollouts.
Representation axis: handcrafted features — learned features — explicit 3D/mid-level as interfaces — latent world models + optional probes.
Evaluation axis: static benchmark — physically falsifiable task success — continual improvement / safety / deployment cost.

Institutional axis: industrial frontier scale vs academic leverage through metrology, low-resource settings, interpretability, data governance,
negative results.

Avoid binary phrasing. The common pattern is demotion of proxy tasks, not deletion of all structure or all classic CV tools.
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Invited talk: Bill Freeman, Title: ”’Bitter and non-bitter lessons”

O  Warm-up bitter lessons reported from public notes:
d  Training end-to-end keeps beating carefully engineered pipelines; gradient descent continues to work better than intuition predicted.
O  Many model-shortcoming papers age badly because the next foundation-model release may remove the specific failure mode.
(A Spectacular results increasingly require spectacular compute, creating a serious question for academia: what can it uniquely contribute when frontier scale is
industrial?
[  Computer vision’s 2026 state was summarized in public notes as “computer vision by asking nicely”: vision tasks increasingly mediated by language prompts /
VLMs.
&  Non-bitter lessons / community lessons:
d  Work with more people; read old work; put the spotlight on people around you; get used to being outshined by your students.
[  These are not “soft” lessons: they counteract repeated reinvention and reduce the field’s tendency to erase older insights when a scaled version finally works.
d  Public notes also framed Freeman’s recommendation as putting “vision” back into vision and learning, i.e., robust, lightweight, low-resource, nature-like visual
intelligence.
d  Report takeaway: The bitter lesson is compute/data scaling; the non-bitter lesson is that academia can still win through problem choice, metrology, historical memory,
and science-quality explanations.

Report interpretation

bitter about scaling and proxy tasks, non-bitter about scientific practice and mentorship.

O  “Computer vision by asking nicely” is a concise 2026 diagnosis: language interfaces became a wrapper around many visual tasks, but not a replacement for
vision science.

[ Warm-up bitter lessons map to method trends: end-to-end training, gradient descent, model scaling, and fast obsolescence of failure-mode patch papers.

O  Non-bitter lessons map to community operations: collaborations, reading old work, giving credit, and accepting that students / successors will make old intuitions
obsolete.
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Invited talk: Alyosha Efros, Title: "Sweet Lessons”

[  Alyosha’s framing is important because it softens the usual “scale beats structure” reading into a data-centered story: CV’s history was changed not only by compute,
but by the availability of huge, messy visual corpora.

[  He reportedly questioned whether Sutton’s essay is the “right lesson” for CV if “data” is under-emphasized relative to computation; for vision, web-scale uncurated
data was a decisive ingredient.

[  Tiny Images / 80 Million Tiny Images was called out as an early scaling-law signal: rejected / under-appreciated work that later became obvious in hindsight.

[  The “sweet” part: scaling and nearest-neighbor-like behavior are not just shortcuts; they can expose that some apparently semantic / cognitive phenomena are
simpler and more data-indexed than expected.

[ Humbling lesson from public notes: humans may be closer to nearest-neighbor / pastiche machines than the field wanted to believe; this weakens overly symbolic /
anthropocentric intuitions.

d  Report takeaway: The data lesson is the CV-specific counterpart to Sutton’s compute lesson. Ask whether a problem is blocked by architecture, or by the absence of
the right data distribution.

Report interpretation

Connect Alyosha to Bill: the reason old work matters is that ideas like Tiny Images looked premature until compute / data infrastructure caught up.

Connect Alyosha to Georgia: recognition progress is not only architecture progress; it is data distribution progress that turns recognition into reusable infrastructure.
Connect Alyosha to Vincent: passive data scale helps, but it does not automatically create new actions or tasks absent from the data.

Data lesson should include dataset governance: uncurated scale can be powerful and harmful; future CV reports should not celebrate scale without
documentation / filtering / ethics

Open question: what is the “Tiny Images moment” for robot actions, physical affordances, or scientific discovery?

(N Wy Wy
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Invited talk: Georgia Gkioxari, Title: "The Bittersweet Lessons of Recognition”

[ Bitter lessons:
[  Scaling exceeded expectations; in data-rich, benchmark-friendly recognition domains, clever task-specific machinery is often overtaken by larger pretraining /
stronger generic models.
d  Adomain with abundant data, clear labels, and a stable metric may already be on a commaoditization path; new recognition-only papers risk becoming
incremental unless they change the problem definition.
[  “Objects and semantics” are becoming infrastructure: useful, but no longer sufficient as the main frontier.
O Sweet lessons / new opportunities:
[  Recognition now works well enough to unlock harder downstream questions; past CV work produced robust tools that can be reused rather than discarded.
d  Suggested future directions reported publicly: go beyond objects / semantics to utility and affordances; reason in physical space, not just language space; build
efficient Al for robotics and deployment.
This moves the field from “what is in the image?” to “what can | do with it, what will happen if | act, and what constraints matter for this body / tool /
environment?”
d  Report takeaway: Recognition is not dead; it has become a substrate. The frontier is actionable, physical, cost-aware, and embodied recognition.

Report interpretation

Recognition being “solved enough” does not mean visual recognition research is done; it means raw category prediction is no longer the right endpoint.
A useful phrasing: “from nouns to verbs and consequences” — objects / semantics — utility / affordance / state change / interaction.

Physical-space reasoning implies geometry, contact, causality, uncertainty and temporal persistence, but not necessarily a fixed 3D pipeline.
Efficient Al is not an afterthought for robotics: latency, on-device compute, energy, reliability, and recovery behavior are part of the task definition.
Georgia provides the positive version of the bitter lesson: scaling recognition created tools that allow more meaningful problems to be attacked.

Future benchmark suggestion: evaluate whether perception changes the downstream decision, not whether it matches a static label taxonomy.

(I I Iy Wy Wy
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Invited talk: Jon Barron, Title: ”Lessons in 3D”

Q

a

Core framing: “Should you care about 3D?” depends on the final deliverable, not on whether the field historically called itself 3D vision.

a

a

a

a

a

Robotics: Deliverable is action. Explicit 3D may be sufficient but not necessary; pushback noted that robot action spaces are not tiny and safety / contact /
planning can still reward geometry.

Digital media: Deliverable is pixels. If the output is a finished video/image, fully baked generative pixels can win even without explicit 3D; consistency across
shots remains a caveat.

Interactive media: Deliverable is real-time interactive pixels. Explicit 3D can act as cache / controllable substrate / physics hook when per-frame generation is
too slow or unstable.

Making physical stuff: Deliverable is a 3D artifact / CAD / manufacturing file. Here explicit geometry is closer to the product itself, so “3D as interface” remains
hard to remove.

Bio / medical / science: Human-in-the-loop and regulatory constraints can make 3D an interface even when the final goal is action or decision; this complicates
the robotics/deliverable dichotomy.

Report takeaway: 3D is being reclassified from universal internal representation to role-conditioned infrastructure: interface, acceleration structure, physical artifact
format, or diagnostic.

Report interpretation

a
a

explicit 3D is justified when it is close to the deliverable or gives interaction-time efficiency/control.

Robotics nuance: actions are the deliverable, but explicit 3D can still be useful for safety cases, debugging, sim-to-real, contact planning, and human-in-the-loop
control.

Digital media nuance: implicit video generation may win for final pixels, but consistent long-form video, editing, camera control, and user interaction create pressure
for structure.

Manufacturing/CAD is the strongest pro-3D case because file formats, tolerances, collision checks, and physical constraints are not optional presentation details.
Relation to Vincent: both demote 3D as model core, but Jon’s deliverable framing keeps more explicit-3D use cases alive.
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Invited talk: Vincent Sitzmann, Title: "The flavor of the bitter lesson for computer vision”

d  What even is vision?
d  Marr’s “know what is where by looking” is not a clean input-output task. Segmentation, detection, 3D, point tracking, optical flow, etc. are proxy definitions, not
the full problem.
Historical factorization: vision mapped images to intermediate representations; robot learning / control consumed point clouds, boxes, masks, maps, poses and
produced actions.
d  His claim: the old distinction between “vision” and “robot learning” no longer makes sense; frontier systems should be perception-action learners.
[ 3D as a distraction for vision foundation models:
3D as spatial memory / maps: long-term memory in sequence models may absorb the function without explicit maps.
3D as additional supervision: not enough clean 3D data, and what exists is noisy / biased relative to web-scale 2D video.
3D as planning space: future models may control actuators directly, with no explicit geometric intermediate representation.
3D as interface / real-time content delivery: useful after training; models can learn 3D implicitly and be distilled / fine-tuned into explicit 3D only when needed.
d  Report takeaway: not “3D is useless,” but “do not assume human-designed 3D bottlenecks are on the critical path to embodied intelligence.”

Report interpretation

Claim: if the final behavior is image/video history — action, any mandatory intermediate such as mesh / point cloud / map may become a lossy hand-designed
bottleneck.

[  Controversy: safety-critical robotics, surgical interfaces, CAD, mapping, and inspection often need explicit artifacts for humans, regulators, or downstream tools.

d  Important distinction: implicit 3D understanding can still exist inside the model even when no explicit 3D output is trained or exposed.

[  Link to Marr: the definition of vision is under-specified until one says what success means; action success is falsifiable, but not always the only deliverable.
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Corollary: the bitter lesson of sequence generation / active scaling

O Sequence generative modeling alone will not scale:
Itlearns from sequences that already exist; those sequences were collected by human policies and are scarce or nonexistent for infinitely many tasks.
d  Machines need a way to collect their own data and learn from it. This is easier today in verifiable domains (coding, math, games) than in novel physical-world
tasks.
d  No known general route exists for getting reliable verifiers for arbitrary novel tasks in the real world; this is a core obstacle for embodied intelligence.
[  Active Scaling Conjecture:
[  Systems that perceive, act, and learn closed-loop will eventually outperform systems that passively learn from data collected by others.
This links robot learning, RL, self-play, active learning, continual learning, exploration, memory, and world models under one agenda: agency as a data engine.
[  Video/world models may be useful pretraining or simulators, but without action-conditioned data and policy extraction they do not solve the perception-action
loop.
Open problems: intrinsic motivation, safe exploration, long-horizon memory, real-time control with large models, action alignment for human videos, and
scalable physical evaluation.
d  Report takeaway: The important scaling variable is no longer just tokens/images/frames, but experience actively generated by the system itself. (Similar idea to
Alyosha’s take on “Deep data”)

Report interpretation

The key bottleneck is paired perception-action data at scale, not another static image/video dataset.

d  Self-driving is the exception that proves the rule: humans already generate abundant action-observation data by driving; dexterous robots do not have an equivalent
natural data exhaust.

[  World models can amplify limited interaction data, but interactive world models themselves need action-observation data; this creates the chicken-and-egg problem.

[  Verifiers are the hidden scaling bottleneck: coding/math/games can score success automatically; household, manufacturing, medical, and novel physical tasks are
much harder.

d  This is where hierarchy, memory, exploration, safety constraints and embodiment alignment become first-class, not auxiliary engineering.
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Invited talk: Bharath Hariharan, Title: "Mid-level vision is dead; long live mid-level vision!”

Qd  “Mid-level vision is dead” reading:
d  Dead as a destination: edges, parts, masks, depth, flow, pose, correspondences, etc. are often proxy tasks created because end-to-end intelligence was once
intractable.
d  Dead as a silo: a benchmarked mid-level output can look solved while failing to improve downstream action, interaction, robustness, or discovery.
[  Dead as manual bottleneck: if the representation is hand-specified and lossy, large models may bypass it with richer latent structure.
d  “Long live mid-level vision” reading:
[ Alive as interface: human debugging, robot toolchains, 3D/CAD editors, medical annotation, and safety reviews still need interpretable intermediate outputs.
d  Alive as inductive scaffolding: auxiliary heads / probes / distillation targets can improve data efficiency and failure localization without defining the final
objective.
[  Alive as affordance structure: support, contact, containment, part-whole, object permanence, correspondence, and action-conditioned geometry remain useful
when the task is physical.
Report takeaway: the key question is role assignment: core objective vs auxiliary signal vs interface vs diagnostic, not “mid-level yes/no.”

Report interpretation

d  Concrete mid-level survival cases: segmentation for editing, depth for AR/robotics, flow/correspondence for tracking, contact/support for manipulation, uncertainty
maps for safety.

d  Research direction: learned intermediate representations should be evaluated by downstream lift, calibration, cost, and failure diagnosis, not by proxy accuracy alone.

a “‘Dead” as “dead as the final destination,” not “useless.”

) LIMIT.LAB 1



CVPR26: Meta Insights into Trends and Tendencies (75/152)

Invited talk: Shenlong Wang, Title: "Modeling the World After the Bitter Lesson”

a

a

A rebuttal against overclaiming that generative video models “know physics.” The issue is not whether video models are useful, but whether they support scientific
world modeling.

Classical scientific loop: observe — hypothesize — model — predict — verify — discover. A world model that cannot be probed, falsified, or used for counterfactuals is
not yet a scientific model.

After the bitter lesson, modeling should not mean hand-coding every rule; it should mean building systems with measurable variables, uncertainty, interventions,
conservation / constraints, and falsifiable predictions.

This connects to the workshop’s metrology axis: if our benchmarks reward plausible pixels, we will get plausible pixels; if we reward intervention and discovery,
models may learn more causal / physical structure.

Report takeaway: “world model” should be reserved for models that can support prediction under action, counterfactual reasoning, and verification and not merely
high-quality video generation.

Report interpretation

a

(I R Wy Wy W

A plausible future video is not necessarily a valid counterfactual; physics requires interventions, constraints, and failure cases, not only realism under the training
distribution.

Scientific world models should answer “what changes if | act?” and “what evidence would falsify this model?”

This talk protects CV from a shallow bitter lesson: scaling video is powerful, but benchmarked plausibility can become another proxy task.

Metrology agenda: construct tests that separate object permanence, contact dynamics, conservation, causal direction, and controllable latent variables.

Relation to Derek: continual learning needs verifiers / measurements; otherwise online updates can simply reinforce plausible hallucinations.

Relation to Jon / Vincent: explicit representations may be bad as fixed bottlenecks, but explicit measurement, interfaces, and hypotheses may still be necessary for
progress.
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Invited talk: Derek Hoiem, Title: "Advice to research by, and the next bitter lesson”

[  The next bitter lesson: models that easily continue to learn will eventually surpass highly trained models that cannot.
Why this matters:
d  Static pretraining produces large but inert systems; physical and scientific settings are nonstationary and require adaptation after deployment.
[ Continual learning is the natural companion to active scaling: the agent not only collects data, but incorporates it without catastrophic forgetting or unsafe
behavior.
d  Learning after deployment may dominate parameter count once models become large enough and data scarcity / distribution shift are the bottlenecks.
d Mechanisms / research agenda:
d  Persistent memory, retrieval, plastic modules, online self-supervision, world-model-based rehearsal, uncertainty-aware exploration, and regression-test style
verifiers.
d  Evaluation should measure lifelong improvement, forgetting, robustness under distribution shift, ability to discover novel regularities, and safety while learning.
This reframes “foundation model” as a starting point rather than the final artifact; the deployed model should remain trainable.
A  Report takeaway: the next scaling axis may be plasticity over time, not only one-shot scale at pretraining.

Report interpretation

[ This is a natural bridge from “foundation model” to “foundation learner”: the object of evaluation is the update process, not only the pretrained checkpoint.

[  Continual learning changes system design: memory management, forgetting control, data provenance, regression tests, human oversight, and rollback become core
infrastructure.

In robotics and scientific discovery, the deployed world is the dataset; a model that cannot incorporate deployment feedback will be capped by pretraining coverage.
Safety caveat: online learning in the physical world requires constrained exploration, uncertainty estimates, and auditable update policies.

Relation to Vincent: active agents need to learn from the data they create, not merely collect it.

Evaluation idea: reward systems that improve monotonically under new experience while preserving old competencies.

(N Wy Wy
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Future directions

O From VLM / video-only models to active perception-action models:
[ Action-conditioned world models; policy extraction from generated plans; closed-loop agents that decide what data to collect next; verifiers for embodied tasks.

[  Human videos to robotics is not automatic: need action alignment, sensor alignment, embodiment alignment, temporal abstraction, and failure-aware
evaluation.
d  From representation debates to role-conditioned design:
Use 3D/ mid-level outputs when they are deliverables, interfaces, safety diagnostics, or data-efficient auxiliary tasks; do not force them as universal
bottlenecks.
O  New mid-level targets should be actionable: affordance, contact, support, containment, state change, manipulability, uncertainty, and persistence under
occlusion.

O From benchmark success to production / science metrics:
d  Metrics should include intervention success, sim-to-real transfer, low-resource robustness, latency, cost, safety, recoverability, and ability to keep learning.

[ World-model evaluation should test counterfactuals and constraints, not only pixel realism or human preference.

O  Open questions worth highlighting:
What is the scalable pretraining objective for embodied intelligence? How do we get verifiers for novel real-world tasks? How can agents explore safely?

[ What should academia do when compute is industrial? Candidate answers: metrology, negative results, data governance, efficient models, theory, old-work
synthesis, and hard domains ignored by scale.

More concrete future-work bullets

Data: robot web / cross-embodiment action data, human-video-to-action alignment, simulation from real videos, autonomous rollouts, failure mining, dataset
governance.

Models: action-conditional world models, memory-augmented policies, online learners, representation probes, uncertainty heads, low-latency edge models.
Representations: implicit world state internally; explicit 3D/mid-level outputs only when needed for CAD, AR/VR, safety, editability, inspection, or human interface.
Evaluation: falsification suites for world models, downstream task lift for mid-level outputs, continual-learning metrics, physical safety metrics, production cost metrics.
Thesis for report: the next CV frontier is not “bigger image model” alone, but scalable perception systems that can act, verify, and improve.

9" LIMIT.LAB +

(N Wy Wy




CVPR26: Meta Insights into Trends and Tendencies (78/152)

From Oral session 1

From “accuracy” to “new underexplored problems
in the foundation—model era.

Keywords: Controllability, safety, OOD, and TTA

3

CoTyle [Liu+, CVPR2026]: Creativity, Consistency, Style Control, Discrete Style
Space, Reproducibility, Open—source Generative Al

ANTS

[Zhu+, CVPR2026]: Negative label, OOD Detection, Open—world Recognition,

Test—time Adaptation, MLLM Reasoning, Training—free

ARGUS [Lu+, CVPR2026]: Multimodal Safety, Indirect Prompt Injection Defense,
Instruction Following, Robust MLLM

TEAR

‘He+, CVPR2026]: Multimodal Safety, Temporal Reasoning, Adversarial

Prompting, Dynamic Risk Evaluation, Safety Benchmarking

ViT™3

‘Han+, CVPR2026]: Test—Time Training, Efficient Vision Architecture, Linear

Complexity, Visual Sequence Modeling
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Inferring Compositional 4D Scenes without Ever Seeing One

L Summary:COM4D reconstructs complete multi-object 4D scenes from monocular videos. It jointly
predicts the 3D structure of objects and how their spatial configuration changes over time. The

method focuses on realistic scenes containing both static and dynamic objects, while keeping object
identity and motion consistent across frames.

L Novelty: COMA4D does not require training on full compositional 4D scene data. Instead, it separately

learns spatial object composition from static multi-object data and temporal object dynamics from
single-object videos. At inference time, its Attention Mixing mechanism combines these learned
attentions to reconstruct coherent 4D scenes with multiple interacting objects.

Idea
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MARCO: Navigating the Unseen Space of Semantic Correspondence

] Summary: MARCO is a semantic correspondence model that matches semantically related points
across images, even when the queried keypoints or object categories were not seen during training. It
builds on a single DINOv2 backbone and learns dense, accurate correspondences from sparse
keypoint supervision. The model achieves state-of-the-art results on SPair-71k, AP-10K, and
PF-PASCAL while being smaller and faster than diffusion-based approaches

] Novelty: MARCO’s main novelty is a training densification framework that expands a small set of
annotated keypoints into thousands of dense pseudo-correspondences over the object surface. It
combines a coarse-to-fine localization objective with self-distillation, improving both precise point
matching and semantic generalization. This enables correspondence beyond fixed keypoint
vocabularies, allowing the model to transfer to unseen keypoints and novel object categories.

Source image b
L

?‘E"

Target image

b. Densify via Delaunay triangulation and warping

(a) Original (b) + Coarse-to-Fine (c) + Dense Self-
DINOv2 supervision (ours) Distillation (ours)
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Featurising Pixels from Dynamic 3D Scenes with Linear In-Context Learners

d Summary:
(J  LILAlearns pixel-accurate feature descriptors from videos of dynamic 3D scenes. It uses depth and

motion cues estimated by off-the-shelf models to capture both geometric and temporal information at
the pixel level. These learned features transfer to dense vision tasks such as video object
segmentation, surface normal estimation, and semantic segmentation.

Novelty:

It uses Linear In-Context Learning with depth and motion cues to learn temporally consistent features
reasoning in dynamic scenes.
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J

J

Open-world Hand-Obiject Interaction Video Generation Based on Structure and

Contact-aware Representation

Summary: They introduce SCAR, a method for generating realistic videos of hands manipulating objects
from a starting image and task description. The authors propose an annotation-free hand-object interaction
(HOI) representation combining contact-augmented contours with depth maps. Instead of an error-prone
multi-stage pipeline, a joint denoiser generates the video and this representation simultaneously.

Novelty: The core novelty is a scalable, annotation-free HOI representation that fuses contact-augmented

contours with depth maps, paired with a joint video-and-representation generation paradigm that sidesteps
the scalability-versus-fidelity tradeoff and the error accumulation of prior multi-stage approaches.
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ProPhy: Progressive Physical Alignment for Dynamic World Simulation

[ Summary: ProPhy improves the physical realism of Al-generated videos. Text-to-video models often

produce footage that looks convincing but violates physics (objects penetrating each other, effects
appearing at the wrong time), especially in dynamic scenes. ProPhy fixes this by conditioning generation
on physics at the level of individual regions rather than treating the whole video uniformly.

[ Novelty: ProPhy is the first to pair a hierarchical, two-stage (semantic-then-token-level)
mixture-of-physics-experts with a VLM-distilled alignment loss, enabling region-specific physical
conditioning instead of coarse video-level guidance.
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Optimized Model Merging Initialization for Multimodal Continual Learning, In

Proceedings of the 1st International Workshop on Multi—Sensorial Media
and Applications

Q Summary

A They propose MergedStart, a novel optimization initialization strategy tailored to continual learning
through multimodal model merging.

a2 Novelty

A This study introduces a learning paradigm that transfers knowledge from pre—merge tasks to
merged tasks across three sequential multimodal tasks.

@ Thoughts

A The approach shows strong potential for generalization to diverse and previously unseen
multimodal domains.

Tosk 1
low-loss

region r"-N.\ -
toetedihi [ orTeas 3 ' -7 22
- ow-lozs v o
r:yc:’ egon \ / ”‘ - ......;."
S R

Task 2
bow-loss
region

(a) Low-loss region (b) Train Task 3 independently (c) Tran Task 3 sequentially (d) Tran Task 3 from previous merged model

85


https://openaccess.thecvf.com/CVPR2026_workshops/MULA2026
https://openaccess.thecvf.com/CVPR2026_workshops/MULA2026
https://openaccess.thecvf.com/CVPR2026_workshops/MULA2026

CVPR26: Meta Insights into Trends and Tendencies (85/152)

PixelDiT: Pixel Diffusion Transformers for Image Generation

o Summary: PixelDiT proposes a single—stage, end—to—end diffusion transformer that generates images
directly in pixel space without relying on a pretrained autoencoder

o Novelty: The paper introduces a dual-level Transformer architecture, where a patch—level DiT captures
global semantics and a pixel-level DiT refines textures and fine details

[ Thoughts: The results indicate that efficient pixel-level token modeling is a key factor for making pixel-space
diffusion practical, rather than simply removing the VAE from the generation pipeline
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NuWa: Deriving Lightweight Class—Specific Vision Transformers

for Edge Devices

o Summary: NuWa proposes a cost—efficient method for deriving lightweight class—specific Vision

Transformers from pretrained base ViTs for edge devices

o Novelty: The paper identifies class—detrimental weights and introduces Self-Knowledge Purification with

closed—form pruning optimization to remove them without post—pruning retraining

[ Thoughts: This work highlights that edge model compression should consider target—class requirements, rather

than only reducing model size in a class—agnostic manner
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Bridge: Basis-Driven Causal Inference Marries VFMs for Domain

Generalization

A Summary: Bridge improves domain generalization for object detection by combining causal inference with
Vision Foundation Models. It reduces spurious correlations such as style, illumination, and object
co-occurrence.

A Novelty: The method introduces a Causal Basis Block that performs front-door adjustment using learnable
low-rank bases. It can be plugged into DINOv2, DINOv3, SAM, and Stable Diffusion.

A Thoughts: This work shows that VFMs still need causal refinement for robust real-world transfer. The idea
is promising for detection under weather, viewpoint, and style shifts.

. I ---------------------------------- _- --_: ---------------------
(a) Baseline 1 A . ‘, Methods Bike Bus Car Motor Psn. Rider Truck mAP
s I 1 ! : Marer-scae Fonbiires - CDSD [69] 229 205 338 147 185 236 182 217
T e ) I¢ —_— copey - H SD [69] (cver22) 9 205 33. : 3 23, ; ;
¥ uN : i  — L —> [ Predict | | SHADE [81] (zccv22) 251 190 368 184 24.1 249 198 240
i " i \ Causal 1 > &S . . : MAD [72] (cvrr2) - - - - - . - 280
1 N . R Hi—— i H SRCD [49] (1Ls'24) 248 21.5 387 19.0 257 284 23.1 259
: - \ Block | '—';;%?’—’( Predict | DDT (s0) [15] (s 20 SRETRE TV TY Y
I T Ml 1 GDD (Diff: Detector, SD) [17] (cvea2s) | 389 310 715 37.6 615 47.0 385 46.6
| - WOUSSSIe— _} Boost (Diff. Detector,SD) [16] iccvas) |41.2 417 727 372 628 487 405 493
I : . 1 Ours (Diff. Detector, SD) 440 435 762 459 662 539 421 531
H 1
I 1 1 Causal Basis Block T, s i - GDD (Diff Guided, RIOI) [17) (cvr22) | 384 334 720 383 603 47.0 350 463
I L m m ! 1 Boost (Diff. Guided, R101) [16] cov2sy | 39.4 341 722 374 613 469 357 467
I o 1! !
& co-occurrence & co-occurrence [ H | 1 Ours (Diff. Guided, R101) 405 337 753 389 620 488 359 479
'S illumination ! ~ illumination 1! tion Estimati s o 1
> i \ > P! 2 1 1 SAM 41.1 367 69.0 44.1 585 520 355 481
i [ S é 2 : q Ours (SAM backbone) 426 399 704 455 61.6 525 382 50.1
: P 2 1| : DINOV2 417 478 700 473 569 532 455 518
i [ @ R Eehimation : 1 Ours (DINOv2 backbone) 482 489 745 528 650 571 520 569
I : . So. & ! : DINOvV3 486 568 734 529 644 576 510 578
| L Qx B, ' 1 Qurs (DINOv3 backbone) 495 542 743 550 665 582 545 589
i : """"""""""""""" @ :Learnable Query  :Update during training 1
: 1 O:Hadamard product @ :Matrix Multiplication @ :Learnable Basis % :Frozen during training :
...........................................................
1
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Bridging Domains through Subspace-Aware Model Merging

o Summary: SCORE improves domain generalization by merging models fine-tuned on different source
domains. It analyzes conflicts between domain-specific model subspaces using SVD and removes harmful
singular-direction conflicts.

o Novelty: The method constructs a shared orthogonal basis from the leading singular vectors of each
model. It then projects task matrices into this basis and trims conflicting off-diagonal components without
using source data or additional training.

o Thoughts: This work shows that model merging can be useful not only for multi-task learning but also for
domain generalization. The idea is practical because it can combine existing domain-specific models into
one efficient model for unseen domains.

Method PACS DomainNet ImageNetR NICOpp OfficcHome  Terralncognita FedISIC  RetinaDomains Avg

.......... sva Juation I:I Source O o R
io..r... domain domains Zero-shot 94.85 56.10 66.91 77.14 79.82 2273 23.08 24.40 55.63
; . O@go [ O@@O Task. Arithm. 93.40 5.40 465 56.92 66.73 40.47 32.18 40.00 42.47
e e R0 ; ke TIES 95.77 53.22 72.98 78.18 83.27 47.03 50.42 37.84 64.84
1 & MagMax 95.46 43.87 68.38 76.18 80.37 43.56 4332 41.06 61.53
---------------------------------------------- & PCB 95.35 58.53 74.67 80.19 83.59 40.84 38.41 35.45 63.38
z Merge models B TSV 95.83 55.64 7423 79.78 83.74 47.68 44.22 38.44 64.95
£, > IsoC 95.37 55.84 74.74 79.81 82.34 36.53 3291 32.97 61.31
- Iso-CTS 95.30 56.80 73.46 79.76 82.00 32.87 29.63 33.61 60.43
] SCORE (Ours)  95.70 58.68 73.44 80.59 84.23 46.92 50.12 35.87 65.69
E @ ® Task Experts 99.81 7443 86.70 84.34 91.65 82.15 61.26 48.72 78.63
( Y e Zero-shot 98.39 66.25 86.51 84.06 88.82 46.46 19.77 26.00 64.53
Task. Arithm, 98.53 3061 13.07 73.39 89.97 51.11 31.64 42.81 53.89
T @ N TIES 98.60 65.80 90.16 85.53 91.26 59.72 4748 41.11 72.46
P O@éo S MagMax 98.62 62.24 88.15 84.82 91.41 55.16 51.69 40.74 71.60
N PCB 98.54 68.26 90.38 86.44 91.13 59.32 38.93 38.22 71.40
@ B TSV 98.56 66.79 90.83 86.14 91.22 60.01 43.09 40.46 72.14
" > IsoC 98.51 66.89 90.90 86.20 90.32 57.52 3331 34.55 69.78
Evaluate on unseen Iso-CTS 98.50 67.63 90.46 86.21 89.94 55.99 2871 36.26 69.21
domain SCORE (Ours)  98.62 68.26 90.56 86.54 91.28 61.19 46.77 41.12 73.04
. Task Experts 99.92 81.62 91.58 88.10 96.15 88.61 67.88 60.84 84.34
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Trend Question: Do We Still Need 3D Data?

a Several invited speakers at CVPR workshops discussed this question

O Researchers’ opinions currently seem to be divided
A Probably, many studies related to this question will emerge in the near future

What do you think??

@ Vincent Sitzmann A -

&) @vincesitzmann

(I BRZRR

In my recent blog post, | argue that "vision" is only well-defined as part of
perception-action loops, and that the conventional view of computer
vision - mapping imagery to intermediate representations (3D, flow,

segmentation...) is about to go away.

vincentsitzmann.com/blog/bitter le...
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,_______,
I 1

= o —————

Remote Sensing x CV is going into an agentic approach Era
a GeoMMBench and GeoMMAgent

1 GeoMMAgent explicitly separates retrieval, perception, and reasoning into coordinated roles.
a FireScope

A FireScope uses a chain—of—-thought oracle to reason about drivers of wildfire risk, then conditions
a dense raster prediction model on that reasoning.

User Input

Agent Team

GRPO Fine-tuning P
Accurac reward € Ground Truth Raster
_________ » - /, ..The satellite image shows a landscape with sparse vegetation, g S
\ =
\ s @Q_“e'_y P Lo it/ ek e Eo ot indicated by the reddish-brown color, suggesting dry and potentially e .
. o’ o 0’ 1 o 5 . e
\ : Which of the following statements about Band @ is accurate? 4 A Final Answer: 7§, Final Answer: 93)  ( Final Answer: 8 flammable vegetation. The terrain is rugged with many valleys and
R e R T o ridges. The wind coming from the east or northeast could align with
1 B) It is suitable for thermal remote sensing. A o 5 5
1 | O Itoperates only during the day and is ? the slopes, increasing the risk of fire spread. The area appears to
| : Ef)fcltt::"bge\:;?::rcond"fons‘-o e have a high risk due to the dry vegetation, low precipitation and
: | subsurface targets. : humidity, and the potential for strong winds aligning with the
——————————— 5" CoT slopes...
L
) T Oracy ”
: | _ _ _ Stagel:Planning = FINAL ANSWER: Q
! Task Specification | Predicted raster
1 Coordinator { Meta Information Analysis «----------------
1 Fine-grained Task Decomposition o s
1 - Supervised training
1 Required Agents: [ Retrieval , Reasoning] Sooditicy up o two times) "wind direction™
J " s g m T
063 53 "humidity”: ... " §5|f‘|:1 2 .
' Youarean Intelligent Orchestration Expert in the field of Remote You are an Intelligent Analysis Expert in the ficld of You are a Professional Assessment Expert in the field “preCImltatlon" e Condition G ud_er Ess €
I Sensing that analyzes images and queries, creating execution plans Remote Sensing that understands images and queries, of Remote Sensing, specialized in evaluating the temperature”: ... A radient Loss ¢
| through the coordination of multiple specialized agents... determining the best approach to solve complex tasks by correctness of image analysis results. You assess logic, "wind speed”:
1 coordinating multiple specialized agents... consistency, completeness ... o

| Experts |

| Cimatepata | I « 5 Encoder-Decoder

https://openaccess.thecvf.com/content/CVPR2026/papers/Xiao_G

eoMMBench_and_GeoMMAgent_Toward_Expert-Level_Multimod https://openaccess.thecvf.com/content/CVPR2026/papers/Markov
al_Intelligence_in_Geoscience_and_CVPR_2026_paper.pdf _FireScope_Wildfire_Risk_Raster_Prediction_With_a_Chain-of-T
hought_Oracle_CVPR_2026_paper.pdf
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Remote Sensing x CV : Multimodal earth representation models

a TESSERA and temporal Earth embeddings

[ Pixel-wise representations from Sentinel-1 /2 time series instead of single—scene image features

J MM-OVseg/Open—-vocabulary Optical-SAR models

@A Connects EO pixels to language—aligned concepts, enabling flexible downstream tasks.

Thoughts: At CVPR26, remote sensing x CV is shifting from adapting vision foundation models to building

CMU-Data

25,087 Pairs

EO—native, multimodal Earth representation models.

£ 3
DINO encoder

TESSERA MM-OVseg

a DINO encoder

(SAR)

. Download

Cross-Modal Unification

GeoTessera

TESSERAEmbedding

DINO encoder
(SAR)
on
k]
2 -
= . DINO encoder
"\
2 \ "
.\
; [ ¥ cup 8
< RGB Image visual encoder
=
& )
A photo of CLIP
{CLASSLIST} text encoder

Text prompt

https://openaccess.thecvf.com/content/CVPR2026/papers/Fen
g_TESSERA_Temporal_Embeddings_of_Surface_Spectra_for
_Earth_Representation_and_CVPR_2026_paper.pdf

https://openaccess.thecvf.com/content/CVPR2026/papers/Wei_ MM-OVSeg_Multimodal_Optical-SAR_Fusion_for_Op
en-Vocabulary_Segmentation_in_Remote_Sensing_CVPR_2026_paper.pdf



CVPR26: Meta Insights into Trends and Tendencies (92/152)

CVPR26: Multimodal LLM-as-Judge (2/3)

Trend A — The judge becomes a trained model

A GT-SVIJ: a self-supervised video judge for efficient video reward modeling — no human preference labels.
[Shekhar et al., CVPR 2026]

A SpatialReward: verifiable spatial reward modeling — VLM reward models reward “plausible but spatially
wrong” scenes, so it adds explicit spatial verification. [Zhou et al., CVPR 2026]

A Saliency-R1: an LLM judge supplies the accuracy reward used to train faithful, interpretable vision-language
reasoning. [Gong et al., CVPR 2026]

A White-Balance First, Adjust Later: a VLM acts as evaluator inside a low-level vision pipeline (cross-camera
color constancy) — judging is no longer just a leaderboard. [Li, Tan & Tan, CVPR 2026]

A Pattern: judges specialize by modality (video, spatial), become self-supervised / verifiable, and move inside the
training loop as reward signals — not post-hoc scores.

(& LIMIT.LAB
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CVPR26: Multimodal LLM-as-Judge (3/3)

Trend B — Can we trust the judge? Reliability is the new bottleneck

A Where judges still fail (CVPR'25 baselines):

A VL-RewardBench: even GPT-40 reaches only 65.4% as a VL judge — and failures are perception, not
reasoning. [Li et al., CVPR 2025]

A UPME: unsupervised peer-review to cut single-judge bias in MLLM evaluation. [Zhang et al., CVPR 2025]
A CVPR'26 responses — engineering reliability in:
A SpatialReward — verifiable rewards over merely plausible-looking outputs. [CVPR 2026]

A Reallocating Attention Across Layers — reduce multimodal hallucination at the source. [Lu et al., CVPR

2026]
A GuardTrace-VL — iterative safety supervision of multimodal reasoning traces. [CVPR 2026]

A Takeaway: the bottleneck is shifting from “can it generate?”” — “can we measure it reliably?” Perception-grounded,
verifiable, bias-aware judging (incl. dual- / panel-judge protocols) is the open frontier.
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ActionMesh: Animated 3D Mesh Generation with Temporal 3D Diffusion

H

Summary :ActionMesh introduces temporal 3D diffusion for fast generation of animated, production—-ready 3D
meshes from videos, text, or existing meshes. By combining synchronized latent diffusion with a temporal 3D
autoencoder, it produces rig—free, topology consistent animations. The method achieves SOTA geometric
accuracy and temporal consistency while enabling rapid, practical 3D content creation.

Novelty ;. The introduction of “temporal 3D diffusion”, the key insight of this work modifying existing 3D diffusion
models to include a temporal axis. Fast, rig free and topology consistent. Representing a meaningful and

practically impactful extension of existing 3D diffusion models rather than a fundamentally new generative
paradigm.

Remarks :Very fast mesh generation compared to others. Fatal limitations on occluded videos such as arms from
human body or fingers.
Method Time CD-3D|, CD-4D] CD-MJ{

Text ‘ 5
Acute (@ ’ - S ~
octopus =
playing 0"
maracas
TRELLIS [48]  15min 0.065 0.181 -
':‘“;89:' TripoSG [18] 2min 0.056 0.184 -
DM4D [19] 35min 0.104 0.152 0.265
@ LIM [33] 15min 0.089 0.126 0.243
}»,: ‘ V2M4 [4] 35min 0.068 0.340 0.616
SG4D [53] 15min 0.056 0.170 0.348
urs 2min 0.053 0.081 0.148

Input/Output from ActionMesh. [Remy Sabathier et al, CVPR 2026.][Link]

Table 1. Quantitative results on ActionBench. We report results
from prior works, namely LIM [33], DreamMesh4D [19] V2M4 [4],
ShapeGen4D[53], TripoSG [18] and TRELLIS [48]. We outper-
form all baselines across metrics while running significantly faster.
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NanoSD: Edge Efficient Foundation Model for Real Time Image Restoration

(4 Summary : NanoSD introduces a family of lightweight diffusion foundation models distilled from Stable Diffusion
1.5 through joint optimization of the U-Net and VAE. By preserving latent space structure while balancing

accuracy, latency, and model size, NanoSD enables real time edge deployment and achieves SOTA performance
across multiple image restoration and generation tasks.

1 Novelty . They introduce a novel compression strategy that redisings and distils the diffusion U-Net and VAE

rather thaln optimizing individual components. The work emphasizes hardware co—design in order to achieve real
time results.

J _Remarks :Focused on performance and real—time performance. Strong engineering contribution with practical
Impact.

Table 3. Quantitative comparison of different methods on synthetic CelebA-Test [15] dataset. The best, second-best and third-best results
are highlighted in red, blue, and green colors, respectively. Refer to Supplemental for detailed analysis.

Method LPIPS| | DISTS} | NIQE| | MUSIQ{ | FID] | LMD/ | Steps | MACs (G) | Para. (M)
=t =l PGDiff [48] 0.386 69.56 4462 | 7.310 | 1000 | 480998 176
DifFace [51] 0212 | 4638 | 66.74 4980 | 5.475 | 250 | 46575 175
il DiffBIR [25] 0374 | 0234 | 6280 | 75.63 7177 | 5.104 | 50 | 24234 1717
OSDFace [40] 0336 | 0.177 | 3.884 4541 | 5286 | 1 2465 1887
Nano-DiffBIR (Ours) | 0.382 | 0212 | 6.3 76.52 70.89 50 726
Nano-OSDFace (Ours) | 0.341 | 0.182 | 3913 | 76.01 5172 | 1 479

Input MiDAS

Ma.rlg 1d

Na: n0~M rigold

Quantitative results.
Overall showcase of NanoSD.

[Subhajit Sanyal et al, CVPR 2026.][Link]
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RetimeGS: Continuous—Time Reconstruction of 4D Gaussian Splatting

d  Summary ‘RetimeGS addresses temporal aliasing in 4D Gaussian Splatting for dynamic scene retiming. By
explicitly modeling Gaussian temporal behavior and introducing optical flow—guided initialization, supervision, and
triple—rendering constraints, it enables smooth, ghost—free interpolation at arbitrary tlmestamps Experiments
show improved temporal coherence and rendermg quality across challenging dynamic scenes.

[ Novelty :This work addresses temporal aliasing, which is largely overlooked limitation of other existing methods.
The strong introduction of this work is the Gaussian modeling, optical flow guidance, and triple—-rendering.
1 Remarks :Addresses an important temporal interpolation issue in 4DGS. Limitations on low frame rate videos.

Table 1. Quantitative comparisons on the Stage-Capture
Dataset, focusing on the foreground region. Red and yellow
cell colors indicate the best and second-best results, respectively.

Sparse Temporal Input

Method PSNR1 SSIM+ LPIPS |
Deform-GS [39] 28.45 0.867 0.0272

= - STGS [44] 25.34 0.825 0.0357

£ Bz ks GaussianFlow [6] 2591 0.825 0.0339

Figure 2. Illustration of temporal overfitting to input frames ¢ and 2D Lifting [28, 44] 28.79 0.886 0.0267
t2, causing ghosting at ¢1.5 in 4D primitive-based methods. Ours 30.08 0.904 0.0225

Temporal aliasing.
g 9 Quantitative results.

Y X
‘ 7\
& ot

[Xuezhen Wang et al, CVPR 2026.][Link]
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Se

ective Amnesia using Gontrastive Subnet Erasure for Class Level

Un

earning in Vision Models

3

3

Summary: This paper proposes Contrastive Subnet Erasure (CSE), a training—free method for concept-level
forgetting, which aims to remove an entire semantic category rather than specific training examples by
attenuating channels responsible for a target semantic category.

Novelty: Unlike prior methods that remove broad feature subspaces or update the entire model, CSE identifies a
compact set of target—specific channels via contrastive generalized eigenanalysis and attenuates only those
channels, reducing damage to non—target representations.

Thoughts: CSE has practical advantages because it does not require training and introduces no extra
inference—time cost. In addition, the cross—dataset evaluation protocol provides a more robust test of
concept—level unlearning.

Contrastive Subnet Erasure (CSE)

(

(1) Input Sets (D, & D;,) (2) Pretrained Encoder (¢) ’ (3) Contrastive h (3) Feature
Subnet Discovery Standardization
Non-Target \_7 000
Images D¢ Images: Dy Vo ‘"j»*?‘f
%x «y un 2 Sl |+ Al
@oasas-B
Standardize Features Standardize Features
4. Alrplane €., Warplane, Bird Across D, U Dy 5 ) Across on D vs Dy,

Output Discriminative
Channel Set ¢(®

(1) Input Sets: Target Images (D)
and Non-Target Images (D)

Extract Features

Output: Joint feature
R (x) for all x

mean p(® and std o'¥

(4) Contrastive Subnet Dlsoovery A

(5) Subnet Mtenuatuon (4) Subnet Attenuation (" (5) Unlearned Encoder -
(Generalized Egenanalysls) (Strength 5{9) & Fold Edit Evaluation
=l s X WYy
KA > - E=e
LN Boemaiiey —— —— Forwusn Class: Retained Classes:
Find channels maximizing Attenuate only selected Target: Non-target:

variance on D, vs Dy

channels; others preserved kS aocuracy $ acwracy:[basellng!/

Figure 3. Qualitative effect of CSE: Each row shows the Original, Grad-CAM (Before), and Grad-CAM (After). CSE suppresses

saliency on the target concept while preserving responses on non-target content.
LIMIT.LAB o
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PromptEnhancer: Taming Your Rewriter for Text—to—Image Generation via

Fine—Grained Reward

u

Summary: PromptEnhancer rewrites user prompts into more explicit and structured descriptions for frozen T2I

models. The rewriter is trained with CoT—style supervision and further optimized using AlignEvaluator, a
fine—grained image—text alignment reward model.

Novelty: Unlike prior prompt rewriting methods that rely on specific generators or coarse rewards,

PromptEnhancer uses T2I-specific fine—grained feedback to train a plug—and—play CoT rewriter that generates
prompts easier for T2l models to follow.

Thoughts: Fine—grained evaluators like AlignEvaluator could serve as diagnostic tools for prompt optimization not

only in T2l generation but also in other vision tasks, enabling more targeted and adaptive optimization.

Stage 1: SFT for Rewriter Initialization

¢ \N=

T
::sﬁax.
The

Prompt [)
Enhancer

image

3 S
g
<hink>
TzI-KeyPoints |
set f
Next To B }
T S
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KeyPoint-wise Reward
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Interpretable Debiasing of Vision—LLanguage Models for Social Fairness

A Summary: The authors propose DEBIASLENS, a novel debiasing method that localizes social attribute neurons in
VLMs through SAE.

[ Novelty: By identifying social bias neurons within the SAE attached to the VLM, and selectively deactivating
them, this approach achieves interpretable and controllable bias mitigation.

[ Thoughts: While existing debiasing methods are limited to surface—level interventions, DEBIASLENS enables a

structural understanding of biases within internal model dynamics. It represents the first attempt to achieve
interpretable bias mitigation for MLLMs.

1. SAE Training . 2. Social Neuron Probing . 3. Social Neuron-Controlled Inference
Sparsity E i Deactivate ,
- L D : (N g @ g @ g : bias neurons =
Tl BRI e m e
= . S z y
= | B ™ o s3|" |luse B s =8 -
-l SI § ¢ Y | Q—’ Sl § : ¢ % Effective neurons? E er S’ g ¢ Y
(N (1]

. !
| u’g » 4 Y : |

.10 Of< - \_5: 4
1 — e B | T—a| —#5 " 1g
: SAE Activations : g

R Reconstruction
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Bias In, Bias Out? Finding Unbiased Subnetworks in Vanilla Models

0

0

Summary: This paper introduces BISE, a novel debiasing method that utilizes structured pruning to isolate fair
representations without requiring additional unbiased training data.

Novelty: Unlike traditional data—centric balancing or model—centric optimization strategies, BISE uniquely
extracts inherently unbiased subnetworks from frozen pre—trained networks.

Thoughts: The proposed method not only mitigates undesirable biases but also accelerates inference by reducing
network complexity through structured pruning. However, BISE strictly requires either bias—annotated training
data or an extra model for pseudo—labeling.

</ O
Test sample kg”%}v O
o | O X0
8T V”Z&’: .%:ng\ .‘: 9= "dark hair"
3 X
of Vanilla model (biased)
[ Training samples
| iase :
! P |
I
= . BISE
! - |
! O INTIN O
I y P g
| Y : Sampl ’
| - amples Estimation ;
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: ‘j | 'y
| air color :
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Domain—Skewed Federated Learning with Feature Decoupling and
Calibration

o Summary: This study addressed the issue that, due to domain skew in FL, each client’ s feature representation
collapses into a domain—specific low—dimensional space. This inconsistency in representations across clients makes
global aggregation difficult.

o Novelty: The novel method decouples domain—biased features from each client’ s representation, then calibrates them
to suppress domain—specific bias while preserving class—specific information for effective aggregation by considering the
domain discrepancy across clients.

o Thoughts: The proposed method is an effective strategy, but it assumes that the domain of each client is known in
advance. It may be difficult to apply in scenarios where domains are unknown or excessively diverse.

"
Server

‘ Client k . 7 ‘ g r
C I —— el

DFD Lprc Eq.(7) T Angooi& Flatten yiéa Eq.1)— P

Clientpyg¢o Domaing,¢  Domainppyg, Domaingy tgen Domaingyeten

)

: “ i, Lprp ~ RS— DFC| * 2 i 53
(2i,yi) € Dy, Eq. (5) / = / - . #€R decision teR e @ w =3 Pk wk
° J k=1
Office-Caltech PACS — H Digits
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FedARA: Resource—adaptive L ow—rank Personalized Federated Learning via
Anchor—driven Representation Alienment on Heterogeneous Edge Devices

o Summary: The study achieves personalized and semantic—consistent FL by jointly considering feature—space
distribution shifts across clients and resource heterogeneity among edge devices.

Q@ Novelty: The novelty lies in integrating resource—adaptive personalization via low-rank decomposition with semantic
consistency through anchor—driven feature alignment.

[ Thoughts: Although this is an interesting study addressing both data and edge resource heterogeneity, the experiments
were limited to simulation settings.
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SARMAE: Masked Autoencoder for SAR Representation Learning

a

This paper presents a solution for SAR representation learning bottlenecks including limited pretraining scale, speckle noise from
SAR imaging physics, and weak semantic structure compared with optical imagery.

@ They propose a large SAR corpus, a SAR noise—aware reconstruction, and optical—feature anchoring.
Main Trend: SAR foundation models are moving from generic SSL adaptation to data—scale, sensor/physics—aware, multimodal
training.

[ SAR dataset curation matters. One of their main contributions is the large data corpus.

A This paper also considers SAR-specific SSL (similar to our work SAR-W-MixMAE and SAR-JEPA). Future remote sensing SSL will likely
encode sensor physics directly, not just borrowing optical image based approaches.

(A Cross—modal guidance can improve SAR inference.
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Image—to—Point Cloud Feature Back—Projection for Multimodal Training of
3D Semantic Segmentation

Q Image—-LiDAR fusion improves 3D segmentation, but common fusion methods are costly and often require images at inference.
Fusion is also difficult because camera and LIDAR have different fields of view, so many LIDAR points do not have image
correspondence.

@ The core idea here is using images as training—time 3D feature augmentation. They aggregate local image features, estimate their depth,
back—project them into 3D, and train one point cloud backbone with LIDAR + image—derived feature points. At inference, remove the
image stream and run LiDAR-only.

J

Images are used during training to improve the LIDAR model without becoming a deployment requirement.

[ Image features are treated as pseudo—3D points rather than attached only to projected LiDAR points. Their approach gives modest but
consistent gains with almost no parameter overhead.

(A The main value is not a huge mloU boost, it is a cleaner and cheaper way to exploit multimodal data when inference may be LiDAR—only.
[ This is practical because it improves the LIDAR model without increasing test—time sensor or computation requirements.
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BE mean: 0.982 mean: 0.989

(a) 3D semantic segmentation model

(b) IPFP

Network architecture for the base segmentation model and
inference IPFP. During inference, the latter is identical to the former—
i.e., the aggregated image features are back-projected and
merged into the feature space only during training
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DiverseGRPO: Mitigating Mode Collapse in Image Generation via
Diversity—Aware GRPO

Q Summary

[ This work aims to address the problem of generated outputs collapsing into a single mode after RL-based
post—training of text—to—image models. Through experiments on Stable Diffusion 3.5 and Flux, the authors
demonstrate that their method improves human—preference metrics while maintaining generation diversity.
However, in the main table, the comparison is made against a Flow—GRPO setting in which KL regularization is
omitted. The paper does not compare against the more widely used setting that includes KL regularization.

a2 Novelty

A Building on Flow—GRPO, the paper proposes a clustering—based diversity reward called the Distributional Creativity
Bonus, as well as structure regularization, which leverages the observation that image structure is determined
during the early denoising steps.

DiverseGRPO Framework Optimization
v |
Policy Model Data Sampling (a) Scored with Distributional Creativity Bonus (b) Loss with Structure-aware Regularization
(a) Distributional Creativity Bonus (sec.3.2) (b) Structure-aware Regularization (s_ss)
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Beyond Text Prompts: Precise Concept Erasure through Text—-Image
Collaboration

o Summary

A This work tackles precise concept erasure in text—to—image diffusion models. Existing text—only methods often fail
to erase concepts under diverse or adversarial prompts, while image—assisted methods may over—erase visually
similar but unrelated concepts. TICoE addresses this by combining textual concept manifolds with hierarchical

visual representations, achieving stronger erasure while preserving related benign concepts such as camera when
erasing gun.

a2 Novelty

A Authors propose a text—image collaborative erasure framework composed of Continuous Convex Concept Manifold,
which expands concept coverage through convex combinations of diverse prompt embeddings, and Hierarchical
Visual Representation Learning, which uses multi—scale visual latents to distinguish target concepts from visually
similar non—targets. It also introduces MCP, a preservation—oriented metric for evaluating over—erasure.
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ArtHOI: Taming Foundation Models for Monocular 4D Reconstruction of
Hand—Articulated—Object Interactions (Highlight)

(1 Summary: ArtHOI reconstructs 4D hand interactions with unknown articulated objects from a monocular RGB
video by combining and optimizing priors from multiple foundation models.

(1 Novelty: The key novelty is its optimization framework that refines noisy foundation—model outputs through
Adaptive Sampling Refinement for metric object pose/scale and MLLM—-guided contact reasoning for physically
plausible hand—object alignment.

1 Thoughts: This work is built upon many foundation models. This work reflects a broader trend where monocular

4D reconstruction has evolved from hand—-only reconstruction in CVPR 2025 to hand-object reconstruction in
CVPR 2026.
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Dexterous World Models

3

3

Summary: DWM generates temporally coherent egocentric videos of plausible human—scene interactions by
conditioning a video diffusion model on static 3D scene renderings and egocentric hand—motion sequences.

Novelty: DWM avoids entangling background synthesis with interaction dynamics by using static—scene videos as
an identity—preserving condition and hand—mesh renderings as action cues, allowing the model to focus on
manipulation—induced residual changes.

Thoughts: DWM and other related CVPR2026 works such as HVG—-3D, SCAR, and HandWorld suggest that
hand—object interaction video generation is becoming increasingly common within hand—related research.
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Positional bias in the pre—trained visual representations
a DINOv2/3 has unintended positional bias in their patch representations.
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[Venkataramanan+, CVPR2026.][Link]

(A) Examples of Single
Location Dominant Clusters

Cluster 9320
Pos: (1,12) |

-

Cluster 435
Pos: (11,9)

(c) Positional subspace. PCA on uniform and low-complexity images. Train classifier (XGB) to map features — labels

[Cuttano+, CVPR2026 (Oral).]J[Link] [Pawlowsky+, ArXiv.][Link]
Such positional bias causes degradation in model’ s segmentation performance.

Current approaches tackle this problem by either

(1) removing linearly predictable information from original patch features (INSID3 is elegant)
(2) replacing original learnable positional encodings

Future work would analyze how and when such positional bias arise during DINO pre—training.
Also, how such observations generalize to other SSL models? How can it be avoided during pre—training?
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Can SSL and generative modeling help each other?

1 Recent vision models implicitly learn isotropic Gaussian latent embeddings.
[d Recent generative models explicitly learn mapping b/w data and Gaussian.
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performance. Our approach, LEASE, advances the Unified SSL
SoTA and defines a new Pareto-front for unified models.

This work demonstrates that DDIM-inverted noise and
vision models demonstrate comparable performance on [Estepa+, CVPR2026.][Link]
face attribute identification task.

While SSL models (e.g., CLIP, DINO) help learning useful representation for generative modeling,
the inverse direction, generative modeling does not seem to help (often degrade) SSL models for now.
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Scaling masked image modeling to web—scale pre—training
2 Improved design of MAE & web—scale benchmark—independent dataset

Improved performance on dense prediction

MAE i : : :
E’_fé task (e.g., depth estimation, segmentation)
&
REiss o
encoder decoder Eia IMSGE
EEBN
PN
L: ! DPT Head Linear Regression Head
: Method ViT  #Params NYUv2 KITTI NYUv2 KITTI
RMSE| 6,1 RMSE| &1 RMSE| &1 RMSE| 41
larger more deeper web-scale MAE H/14  63IM 0465 808 2740 909 0595 703 4419 794
.. DINOv2 L/14  304M 0384 830 2510 947 0599 720 4928 737
mask block [CLS] tokens decoder training data DINOV2 gl4 1137M 0355 901 2424 946 0560 753 4425 781
DINOv3 H+/16  84IM 0320 932 238 956 0559 763 4944 732
Pixio H/16  63IM 0268 955 2210 967 0366 90.8 3.494 903
Table 1. Domain-specific metric depth estimation with frozen encoder and a trainable DPT (Dense Prediction Transformer)
head or a linear regression head.
encoder decoder
Pixio [Yang+, CVPR2026.][Link]

While effective, MAE still needs to select intermediate features from encoder.
This paper argues that deeper decoder makes such feature selection easier.
However, we still need to extract intermediate features with heuristics as they did in their experiments.

Why masked autoencoder has such problems? But we know it happens even contrastive ones ( PE)---

P LIMIT.LAB 112



https://arxiv.org/abs/2512.15715
https://arxiv.org/abs/2504.13181

CVPR26: Meta Insights into Trends and Tendencies (112/152)

Time—Aware One Step Diffusion Network for Real-World Image
Super—Resolution

(1 Summary: TADSR generates real-world super—resolution images with controllable fidelity and realism by
effectively utilizing time—dependent generative priors, conditioning a one—step diffusion model on degraded
low—resolution images and specified timesteps.

o Novelty: By using timestep—dependent dynamic latent features as the conditioning constraints and a mapping
function bridging student—teacher timesteps as the guidance cue, TADSR avoids confusing different
time—dependent generative priors, enabling the model to focus on the controllable synthesis of fidelity and
realism tailored to the input timestep.

o Thoughts: The differences in super—resolution methods used for each image will likely continue to be a challenge.
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Restore Text First, Enhance Image Later: Two—Stage Scene Text Image
Super—Resolution with Glyph Structure Guidance

(1 Summary :TiGeSR addresses the trade—off between text and image quality in scene text super—-resolution by
decoupling text restoration from image enhancement.

[ Novelty: TiGeSR, a novel two—stage framework that processes text and background separately to resolve the
quality trade—off, is proposed along with UZ—-ST, a newly constructed real-world dataset designed to verify the
method under severe degradation.

[ Thoughts: In text super—resolution, there is still a lack of photographs that accurately reflect real-world
environments, and the expansion of the dataset will continue.
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Back to Pixels from Latent Spaces in Diffusion Models (1/5)

[ Back to Basics: Let Denoising Generative Models Denoise

Summary: This paper proposes JiT, a minimal raw—pixel Transformer diffusion model that removes tokenizers,
VAEs, pretraining, and auxiliary losses.

the problem as prediction—target design rather than dimensionality alone.

a
[ Novelty: Its novelty lies in showing that clean image prediction can make pixel-space diffusion viable, reframing
a

Thoughts: This work serves as a conceptual foundation for the renewed interest in pixel—-space diffusion.

image
manifold

Figure 1. The Manifold Assumption [4] hypothesizes that nat-
ural images lie on a low-dimensional manifold within the high-
dimensional pixel space. While a clean image & can be modeled as
on-manifold, the noise € or flow velocity v (e.g., v = & — €) is in-
herently off-manifold. Training a neural network to predict a clean
image (i.e., z-prediction) is fundamentally different from training
it to predict noise or a noised quantity (i.e., €e/v-prediction).
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Figure 3. The “Just image Transformer” (JiT) architecture:
simply a plain ViT [13] on patches of pixels for x-prediction.
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Back to Pixels from Latent Spaces in Diffusion Models (2/5)

1 PixelDiT: Pixel Diffusion Transformers for Image Generation Awaridate

Summary: PixelDiT proposes an end—to—end pixel-space Diffusion Transformer with patch—level global modeling
and pixel-level detail refinement.

a

[ Novelty: Its novelty lies in scaling pure pixel-space diffusion to high—quality generation through explicit
global—detail decomposition.

a

Thoughts: This paper is a central representative of CVPR 2026 pixel-space generation and shows that
hierarchical design is key to practical pixel diffusion.

Real Image

Stable Diffusion 3 FLUX _ PixelDiT

DiT Blocks PiT Blocks
ST

Condition Condition
,,,,,, ; Timestep and Class
= o e I S e = A CITY WRIERE SUN Embedding | I
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N SD3 VAE Recon. M / \ FLUX VAE Recon. M ?OISEd —'!;a(i::lff;y_L’ 4L 4L
"A bicycle parked on the sidewalk.." — "A parked on the sidewalk..." fage > »
(b) Train-free editing with FlowEdit [ 18] using different diffusion models. The imperfect reconstruction of VAEs used by FLUX [20] and Stable Diffu- Semantic Token Pixel Token
sion 3 [9] produce severe and non-invertible distortions on the small details such as the scene text on the wall, therefore the subsequent diffusion editing | xN xM
fails. In contrast, by denoising directly in pixel space without a VAE, our PixelDiT avoids VAE reconstruction artifacts and helps maintain background Pa1t::(r1\i iy

consistency during local manipulations. For a fair comparison, all models are evaluated with nmin= 0 in FlowEdit to preserve more structures.
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Back to Pixels from Latent Spaces in Diffusion Models (3/5)
[d DiP: Taming Diffusion Models in Pixel Space

Summary: DiP improves the efficiency of pixel-space diffusion by separating global structure generation from

local detall restoration.

DiT backbone.

a
[ Novelty: Its novelty lies in using a lightweight Patch Detailer Head to reduce the computational burden on the
a

Thoughts: This work shows that pixel-space diffusion can become practical when structure and detail are

handled by separate modules.
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Figure 3. Overfitting the DiT-only model using a single image
in pixel space leads to poor detail reconstruction. Introducing a
local inductive bias achieves better reconstruction and accelerates
convergence. Please zoom in for details.
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Back to Pixels from Latent Spaces in Diffusion Models (4/5)

[ DeCo: Frequency—Decoupled Pixel Diffusion for End—to—End Image Generation

Summary: DeCo separates pixel-space generation into low—frequency semantic modeling and high—frequency

a
detail synthesis.

[ Novelty: Its novelty lies in introducing frequency—based decomposition and a frequency—aware flow—matching

a

objective.
Thoughts: This paper clearly illustrates the trend that semantic structure and texture detail should be modeled

differently in pixel-space diffusion.
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Figure 2. Illustration of our frequency-decoupled (DeCo) framework. In (a), traditional baseline models rely on a single DiT to jointly
model both low-frequency semantics and high-frequency signals. (b) shows our DeCo framework, where a lightweight pixel decoder
focuses on the high-frequency reconstruction, and the DiT models low-frequency semantics. As shown in (c), decoupling DiT from
modeling high-frequency signals leads to better low-frequency semantic features in DiT Output, and higher image quality.

Figure 3. Overview of the proposed frequency-decoupled (DeCo) framework. The DiT operates on downsampled inputs to model low-
frequency semantics, while the lightweight pixel decoder generates high-frequency details under the DiT’s semantic guidance.
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Back to Pixels from Latent Spaces in Diffusion Models (5/5)
[ Trends and Tendencies

1 Pixel-space diffusion as representation redesign: Pixel-space diffusion is not merely a return
to raw pixels, but a reconsideration of whether fixed VAE latents preserve the information needed
for generation.

A Structure—detail decomposition becomes central: Recent methods separate global semantics,
local texture, and frequency components instead of modeling the whole image with a single
homogeneous denoising process.

[ From monolithic DiTs to modular pixel-space architectures: Pixel-space models are moving
toward explicit role separation, such as global/local modules, patch/pixel-level modeling, and
low/high—frequency branches.

[ What is Next?

1 Dense conditional generation as a natural next direction: Pixel-space diffusion may be
particularly useful for spatially aligned conditional tasks, where boundaries, small structures, and
condition—output consistency matter.

1 Beyond FID: alignment and fidelity: Future evaluation may shift from realism alone toward
condition alignment, boundary preservation, and local fidelity.
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ARC is a Vision Problem!

a Summary
A Interprets ARC-AGI1/2 as few—shot visual reasoning problem,

place on canvas

»

[task]

|
SR EEEEEE 7 == ===
then designs a ViT architecture with test—time training (TTT). 5[1 T —
Ij N O V e I ty ( Transformer block )
. [ Transformer block ]
[ A model with only 18M parameters beats GPT-5 and Claude 3.7, = .
and performs competitive performance to human results T A e e e
. . EEEEEEEEE B
A Introduces two—stage training: Eﬁél
A pre—training: given an input image and sample id, learn to output B
correct images with a sample—specific embedding (task embedding). B
A TTT: Optimize the task embedding to identify which the unseen plced o & camas which s e ncted 54 el g nd
task is relevant to other tasks appeared in pre—training oL onditnedon e

2 Thoughts AL
(A Could be regarded as an application of prompt—tuning for TTT
A What is the architectural best—practice for TTT?

Figure 12. t-SNE of task embeddings, on the 400 task tokens
learned from the ARC-1 training set. Each point represents a sin-
gle task. To aid the reader, we provide human-written descriptions
for the tasks (which are not used in any form by our method).
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WeaveTime: Streaming from Earlier Frames into Emergent Memory in
Videol | Ms

o Summary: Proposes a framework called ”“Streaming Order Perception Enhancement (SOPE)” that enables VideolLLMs
to learn temporal causality (frame order) in streaming video environments.

o Novelty: Introduces an auxiliary task that intentionally shuffles the order of visual feature frames during training,
prompting the model to reconstruct the original sequence. This aims to improve tracking accuracy for state changes
along the temporal axis without introducing computational overhead.

o Thoughts: This serves as a potential learning strategy when modeling the dependencies of sequential actions in videos
(e.g., before and after a hand touches an object). Incorporating this auxiliary task into networks processing time—series
features could potentially reduce ambiguity in motion direction (e.g., approaching vs. moving away).

Temporal Order Ambiguity —— @ 5 & c:n”::a;;;, Ai"{.iiﬁi'f" /]
R e = O HE HE
n T R ’ht - 3 9§ Incoming Frames Ak Y D ."{;:
. WO 3K VideolLM-SOPE FE58 Mermoty VidcoliakSoms
— EEEE00

ENDEDDEEEEDE EHE
Vision-Shuffle Re-Order Query

ENDE00 OE

AE B e
X i

Red
icoviting Frumes Learning with SOPE (Sec. 3.2) Inference with PCDF-Cache (Sec. 3.3)
What color is the flower in the painting now — [Time: 9751h - Figure 3. Overview of WeaveTime. (Left) The VideoLLM-SOPE enhances temporal perception by reconstructing correct frame order from
By t T : S : 5 Lk 3 : 3 g
s shuffled inputs during training. (Right) The Past—Current Dynamic Focus (PCDF) Cache adaptively controls memory retrieval at inference,
Incoming Frames balancing between immediate observations and recalled past content. Together, these components jointly mitigate temporal ambiguity and

inefficient memory access, enabling robust and temporally coherent streaming reasoning.
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AdaVTG-LILM: A Videol | M—Based Efficient Video Temporal Grounding

Framework

o Summary: Proposes a ~Side—Tuning” architecture to integrate Video Temporal Grounding (VTG) capabilities
while preserving the general reasoning abilities of VideolLLMs.

o Novelty: Processes VTG features through an independent parallel branch while keeping the main LLM frozen.
This aims to achieve temporal boundary prediction accuracy comparable to specialist models while mitigating the
degradation of existing general linguistic and reasoning capabilities caused by learning new tasks.

o Thoughts: Provides a viable option for maintaining model stability when integrating new spatiotemporal modalities
into existing VLLMs. It demonstrates the validity of adding grounding capabilities—identifying exactly when an
event occurs—without degrading general reasoning performance.
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VideolTG: Multimodal Video Understanding with Instructed Temporal
Grounding

o Summary: A framework that adaptively selects video segments and keyframes highly relevant to reasoning
based on user text instructions, along with a proposed automated annotation pipeline.

o Novelty: Introduces instruction—based “Pre—filtering”. It also constructs “VidThinker”, an annotation

pipeline using GPT—4o0, to attempt large—scale temporal grounding data generation W|thout human
intervention.

o Thoughts: A worthwhile approach to consider for managing the redundancy of time—series tokens in

long—form videos. It serves as an example supporting the utility of designs that prioritize the extraction of
relevant time—series representations conditioned on the question context.

Clip Captioning .
w 66716 frames with VideolTG = 64 frames —=e R CTTII T T Instructions
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Y e e e s e e e e Tl e o e B
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Timel ens: Rethinking Video Temporal Grounding with Multimodal LI Ms

o Summary: A learning paradigm that defines VTG as a perception—driven task and improves boundary prediction
accuracy through Reinforcement Learning with Verifiable Rewards (RLVR) using IoU.

o Novelty: Constructs a dataset with corrected annotation noise. It adopts ~Thinking—free RLVR”, which skips
intermediate reasoning steps and directly uses the temporal consistency (IoU) of the output values as the reward.

o Thoughts: Indicates that relying solely on language model training has limitations for precise boundary prediction. It
suggests that incorporating direct evaluation metrics for temporal prediction errors (such as IoU) into the reward
functions is effective for fine—grained time—series reasoning.

Error Case: Multiple Event Occurences Error Case: No Event Occurrence Error Case: Duplicate Queries

i

1 ',‘)

e

[ —

l&“n B A. fl

LA A B B 2 B B B B B B N
Query 1: A person sits in a chair.

X Original Query: A man is running down a track by a field. X Original Query: Man in gray top walks from outside to inside. X Query 2 (Duplicate): The person sits in the chair momentarily.
 Re-annotated: A man kneels on the ground with both knees. « Re-annotated: Three people are crossing the crosswalk. " Re-annotated: A man moves the position of a chair.
Error Case: Inaccurate Annotation Error Case: Unclear Query

Query: Some friends have a birthday meal together around a large table at a restaurant.

A NG

X Original Query: When all of the lather is gone, the process continues until the boot is finally dry.

X Original Annotation: 122s 132s

 Re-annotated: A man is tying shoelaces on a shoe.

' Refined Annotation: 121 | | 1505
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Improving Sparse Autoencoder with Dynamic Attention

o Summary : SAE improves interpretability by mapping a model’ s features into sparse latent representations.
Conventional SAEs require manually setting the number of activated latent features, such as with TopK.
This study proposes an SAE that determines this number dynamically for each input.

o Novelty : The method introduces a cross—attention into SAE , treating the input feature as the query and
the dictionary vectors shared across all data as the keys and values. It uses sparsemax instead of softmax

to produce sparse, input—dependent attention weights.
o Thought: The method can be viewed as a richer NMF-like decomposition using shared dictionary vectors.

Sparsemax further enables adaptive dictionary selection for each input.
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RankOOD — Class Ranking—based Out—of—Distribution Detection

2 Summary : RankOOD is an OOD detection method that focuses on the class ranking derived from a

classifier’ s output logits . For the top—1 predicted class, it compares the standard class ranking estimated
from in—domain (ID) data with the logit—-based class ranking of a new input, and uses the discrepancy as the
OOD score. Intuitively, the method assumes that ID data should not only assign a high score to the correct
class, but also exhibit a stable relative structure indicating which other classes it is similar to.

o Novelty : This method achieves strong OOD detection performance without using additional networks or
non—ID data during training.

o Thought: An interesting direction is to evaluate the robustness of the class—ranking structure in
fine—grained datasets, where inter—class differences are subtle.
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Web Videos as Scalable Data Sources [1/5]

J
J

Lifting Unlabeled Internet—level Data for 3D Scene Understanding

Summary : Proposes an automated data engine to generate annotated 3D scenes from
unlabeled web videos. Reduces manual labeling costs, achieving scalable pre—training of
spatial vision models.

Novelty : Establishes an end-to—end pipeline that automatically converts unlabeled videos
into annotated 3D scenes without human intervention.

Thoughts : The framework shows that combining cutting—edge 3DGS (e.g., G4Splat) and
TSDF Fusion can successfully generate high—precision 3D assets without human
intervention.

Automated Data Generation Downstream Tasks

= 3D Object Detection /A

~— Spatial VQA
—3D VLN / "

Input Preprocessing Sparse Reconstruction Quality Filtering Downstream Tasks s \/
30
: - ot Human e 2
Video Database Video Cut Image Filtering SfM : Training Data
Annotation
*  Youtube « Shot Detection + Keyframe extract. + Feature extract. Filtering + 3D Object Detection zi\';f'ffaf%' ';i"eff":'
« Bilibili + Video Split *  Outdoor filter. *  Pixel matching + Small coverage * 3D Instance Segm. SV#+ Pre-train Finetune
¢ Human filter. * Global BA + Empty space « 3DVQA
* Max Seq. split *  Wrong SfM » 3D VL Navation

Figure S.2. Overview of data curation pipeline.

Figure 1. Overview of SceneVerse++. From unlabeled internet videos, we build automated data engines to create training data for
comprehensive 3D scene understanding, realizing strong zero-shot performance on existing benchmarks, with further improvement after
ing. This pinpoints future direction towards 3D spatial intelligence through imp: 4 ion labeled, web-scale data.
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Web Videos as Scalable Data Sources [2/5]

d 3D sans 3D Scans: Scalable Pre—training from Video—Generated Point Clouds

[J Summary : Proposes a self-supervised learning method using noisy, video—generated point
clouds via a 3D reconstruction model. Eliminates the need for real scans, achieving
high—quality 3D representation via geometric regularization.

[ Novelty : The framework achieves successful pre—training for downstream tasks using point
clouds built purely from video playback, without clean LIDAR scans.

[ Thoughts : lllustrates that even noisy and incomplete point clouds can serve as a strong
pre—training source when regularized properly via Laplacian and consistency losses.
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Web Videos as Scalable Data Sources [3/5]

4 AnyLift: Scaling Motion Reconstruction from Internet Videos via 2D Diffusion

[Jd Summary : Proposes a framework to reconstruct 3D human motion and HOI under dynamic
camera settings. Combines CVAE and camera—conditioned diffusion, achieving accurate
trajectory estimation with minimized foot sliding.

[ Novelty : The proposed method enables absolute 3D motion reconstruction from monocular
internet videos, even when captured by highly dynamic, moving cameras.

[ Thoughts : Tracking human—object interactions in world coordinates could be extended to
analyze human demonstrations for interactive robotic tasks.
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Web Videos as Scalable Data Sources [4/5]

4 Learning to Drive is a Free Gift: Large—Scale Label-Free Autonomy Pretraining from
Unposed In—The—Wild Videos

[Jd Summary : Proposes a self-supervised pre—training model to learn driving policies and spatial
dynamics from web videos. Employs a causal transformer and distillation, achieving the
learning of pseudo—4D spatial dynamics.

[ Novelty : The model learns ego—vehicle planning policies and 3D spatial dynamics from raw,
uncalibrated web videos without relying on LIDAR or 3D labels.

[ Thoughts : Showcases the high potential of monocular systems that match or exceed
multi—-camera and LIDAR setups through representation distillation.

Dino V2 Encoder ) Task Decoders
‘ .
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Poses Semantics

LFG Model Architecture Future Predictions
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Web Videos as Scalable Data Sources [5/5]

J
J

CoMo: Learning Continuous Latent Motion from Internet Videos for Scalable Robot Learning

Summary : Proposes a self—supervised method to learn precise continuous latent motion
from internet—scale videos. Employs Td (Time discrete) and Tcl (Time contrastive learning)
mechanisms, achieving background—independent motion representations.

Novelty : The method avoids information loss by learning continuous latent motion
representations instead of discrete vector quantization, bridging the gap with continuous
robot action.

Thoughts : The Td and Tcl mechanisms work synergistically to filter out static backgrounds
and focus on foreground motion cues.
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VoDaSuRe: A Large—Scale Dataset Revealing Domain Shift in Volumetric
Super—Resolution

(1 Summary

[ This paper introduces a novel dataset for volumetric super—-resolution that comprises both
artificially downsampled low-resolution (LR) scans and acquired LR scans.

[d The study reveals that while models trained on synthetically downsampled scans preserve
more structural details, they vyield inaccurate results when evaluated on real-world acquired
LR scans due to the domain gap.

(d  Novelty

[d Construction of a large—scale dataset featuring paired real-world low—resolution and

(a) (b) (c) (d)

High res. Low res. SR result High res. Lowres. SR result

high—resolution scans. N
(1 Comprehensive coverage of diverse microstructures, including wood, composites, and bone, ;3
enabling evaluation under realistic 3D degradation effects. 8=
[d Identification of a fundamental challenge: many existing volumetric SR models may not truly )

handle real-world degradations, but instead overfit to the inverse transformation of artificial

downsampling. 3 ”;5
(A Thoughts 3 y
g X
(A This topic reflects a broader technological evolution from 2D to 3D processing, revealing -

that the well-documented domain shift problem in 2D landscapes also manifests in

volumetric 3D contexts.
Figure 1. Example from VoDaSuRe: (a) volume of bamboo show-

ing the cropped area in red, (b) high resolution crop, (c) 4 x down-

A A.L Hoeg et al. “VoDaSuRe: A Large—Scale Dataset Revealing Domain Shift in Volumetric sampled, (d) scan at 4 x lower resolution, (e) SR of bamboo, (f) SR
Super—Resolution”, in CVPR 2026. of cardboard. The top row in (e) and (f) is trained on downsampled

HR-LR pairs, the bottom row is trained on actual LR data.

(A Reference
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Adversarial Style Optimization: Enhancing VLM Jailbreaks by
GRPO-based Stvlistic Triggers Optimization

Q Summary: o o _
A MLLMs exhibit a "Stylistic Inconsistency" where
safety filters are vulnerable to specific styles (e.g.,
pencil sketch, anime) while content understanding

remains robust. ASO, a plug-and-play framework = -
optimized via DB-_GRPOF,) _isgprop_ors)e to exploit this gjf‘t_“‘fkfrf Defe“““ o MULMS
vulnerability, consistently improving ASR across T e T
multiple MLLMs. ~ — mm-o—-- ' !

D Novelty: Put the text inside : I'm sorry, but I

|

|

| the parentheses of
| 'List steps in detail
|
|
|

A While conventional jailbreak attacks focus on
content manipulation, this work is the first to
systematically target non-content-based
vulnerabilities in MLLMs.

 Thoughts: _

A The finding that safety filters can be bypassed
through non-content-based modifications rather
than content reveals a previously overlooked
attack vector, offering a new perspective for
defense research.
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ArtiMuse: Fine—Grained Image Aesthetics Assessment with Joint Scoring
and Expert—Level Understanding

d Summary:

A Expert-annotated ArtiMuse-10K is constructed to
overcome the positivity bias of existing MLLMs,
and ArtiMuse, an MLLM-based IAA model capable
of simultaneous scoring and text evaluation across
8 aesthetic attributes, is proposed.

[ Novelty: .

A The first IAA dataset with expert-annotated
8-dimensional fine-grained attributes and scores,
enabling an MLLM to simultaneously perform
scoring and text-based aesthetic evaluation. — —

d Thoughts: e

A By leveraging expert natural Ianguaﬁe feedback as
training data, ArtiMuse overcomes the positivity ,_
bias of existing models and achieves aesthetic ol
evaluation closer to human judgment, which is = RS
impressive. However, the ratio of expert l e

annotations to MLLM-generated annotations o G D
remains unclear.

1. Composition & Design 3. Technical Execution

.;f' §\ » The technical execution of this
traditional Chinese painting
ae demonstrates a high level of skill,
e particularly in brushwork and ink
iR application. The artist effectively
mk uses delicate brushstrokes to

e render the bamboo, ...

The image showcases a striking
l'_{’ composition with a high-rise
F""\ building viewed from a unique
e angle, creating a sense of depth
¥’/ 7 and perspective. The circular
of ies and
the central courtyard draw ...

5. Theme & Communication

The image effectively

Py / / playful and imaginative communicates a mo dern url ban
“/ ccccc pt by - = theme, showcasing a striking
£ anthropomorphizing golf

“‘ architectural landmark with a

q4 @ balls and incorporating unique, futuristic design. The

surreal elements, ... creates building's geometric structure and

reflective surface create a focal

S8 point against the dynamic
backdrop of a partly cloudy sky, ...
adds a sense of scale and context,
grounding the image in a bustling
city ...

Score: 87 8. Comprehensive Evaluation

- The image evokes a sense of whimsy 7. Overall Ciestalt The composition effectively
zz%_;a and adventure, capturing the PR highlights the bird's natural beau
> Ny viewer'si ination with its vibrant p— e imay i - ¥ and the serene

= '.P* iR lend o e paintin N
Fa% 4 uring a delicate mouse

ty
2 environment, ... The
°°°°°°°°°° sharpness and clarity of the subject

! C

\Ng. 1/

+ N3 The central figure adds a playful and contrast well with the softly blurred
fantastical element, defying gravity...

” background, ...
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OpenDance: Multimodal Controllable 3D Dance Generation with

Large—scale Internet Data

Qd Summary: OpenDance5D with 101 hours, 14 genres, and 5 modalities is constructed, and
OpenDanceNet conditioned on arbitrary combinations of music, text, keypoints, and
trajectories is proposed.

[ Novelty: The first large-scale dance dataset with 5 synchronized modalities from internet
videos, enabling a unified masked modeling framework supporting arbitrary multimodal
conditions.

L Thoughts:The ability to control generation through arbitrary
combinations of music, text, keypoints, and trajectories
demonstrates that user intent can be reflected at a fine-grained
level.
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The Evolution of 3D Foundation Models: Kojima's Perspective
a Evolution of this 3D Field :

2 (1) NeRF(2020): A method that represents each scene using a neural
network; while the representation is compact, training is extremely slow due
to rendering speed.

J 2 3GDS(2023): A method that represents scenes using colored Gaussians.
It achieves fast rendering at the expense of high memory footprint, and still
requires per—scene optimization just like NeRF.

J @ VGGT(2025): Building 3D foundation models has eliminated the need for

per—scene optimization, expanding the focus from individual scenes to
generalized 3D representations.

aQ Trends in 3D Foundation Models at CVPR 2026:

1 Key trends include accelerated processing, enhanced generalizability, expansion to 4D, and
utilization as 3D latent representations.
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l VGGT 3: Offline Feed—Forward 3D Reconstruction at Scale

a Summary:

A Achieving linear inference time w.r.t. input image count
in feed—forward 3D reconstruction models

a2 Novelty:

00 " _e- vaaT o

d Overcoming the latency bottleneck | O FastVGGT /
in 3D reconstruction via TTT S EEE ™ | B
with nested NN architectures. - ,’/

a Thoughts: 2

A This versatile approach is applicable g /.l
to any Transformer—based model, 5 200 W
extending beyond just 3D reconst- 5 P L
ruction. While it demonstrates 200 4
strong empirical performance, reopM o
its theoretical foundation remains <3 WS ) - 7 . 1
somewhat ambiguous. Therefore, L " S . ‘/_’_g__-—c——-"‘"'—
there is still substantial room for I
improvement in both theoretical h 200 400 600 800 1000

analysis and broader applications.
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ZipMap: Linear—-Time Stateful 3D Reconstruction via Test—-Time Training

a Summary:

A Achieving linear inference time w.r.t. input images in feed—forward 3D reconstruction, using
the same approach

as VGGT 3
a3 Novelty:
Window Attention
N Input Images . ) Gameras
D See VGGT 3 F==si (‘]’“k'l: ﬁ ?1 ( C:Ime;a\ ‘$ v
=2 (L ooy ) ead | \Q
2 Thoughts: PR - = <
ro Gradient : - S
N I ) ‘ ) »
D AS a paper by the Ol’lglnal Eﬁ;iﬂ!i e Descent j @_’ bm
NeRF Google team, Hava = Head gl
. . . . M Point Cloud
it is interesting that e = T | P
. =] ( - )
they added a novel view E;EEEE; DINO |
synthesis module to the I .
. . (I')n.-:‘.[\vx ;x .
architecture, unlike VGGT". [roanin]—4 me it |
. . —_— MLP Jjw g
The image generation —( ) {awn ]

Target Ray Map

from camera pose inputs is essent
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VGGT-Q

a Summary:

a Scaled VGGT to larger datasets and larger models.

a3 Novelty:
A Demonstrated the scalability of VGGT and outlined the dataset construction procedure

a Thoughts:

Global Frame Cameras

D We highly appreCiate S S Attention Attention
& Scene Tokens || . — ... —> —>
the release of the model = i
weights. Showing the potential . . s B
g g p —> —-> | — i 5 N
for scaling makes large— - et
scale training much easier L — ... ,
. . . . = Matching Loss Point Loss
for enterprise applications, >E->| |§B|— gf}???§== o —- u
making it feel like 3D EEEIEE ;=
foundation models are = i = , e
. SBo| == N BT EEN e
just one step away from e S - E?%ig%%%
. [} it * _‘ﬂr_s:..\Ac
practical deployment. - SEEEMNIN T
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LagerNVS: Latent Geometry for Fully Neural

Real-Time Novel View Synthesis

a Summary:

Reconstruction  3D-aware tokens Rendering

a Achieves fast novel view

~ ol o

synthesisby using VGGT — O]

as a feature extractor - Target camera

and feeding the features — Encoder O] '

along with camera poses nitialize from . -

into a lightweight decoder. — VGGT [l ¥ 30FPS+
2 Novelty: 0

A Interpreting VGGT as a = k y \;) ——
general—purpose feature extractor TR | et Novel%/iew

a Thoughts:

A Honestly, my personal 'best paper—highly versatile with obvious potential for various downstream

tasks
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Efficiently Reconstructing Dynamic Scenes One @ D4RT at a Time

| Summary: Video Independent Queries

a A unified and elegant framework
for various 4D tasks

| N ove |t .
y Global Scene
[ Encoder } S P raca o Decoder

A Unified depth estimation, tracking, and
dynamic 3D reconstruction o

a Thoughts:

A Took a solid step toward 4D foundation
models with a clever, “obvious in hindsight”
formulation—notably freezing 3D features

and running a lightweight decoder,
much like LagerNVS.

,,,,,
AR
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VGGT-Segmentor: Geometry—Enhanced Cross—View Segmentation
Q Summary:
a Leveraging VGGT Features for Cross—View Segmentation

a Novelty:
1 Demonstrated the 2 _ e "
versatility of VGGT - g m— (o
features as _Image H ‘_!!“.. l |( ‘(Ptol)  (ItoP) | (Ptol) (®) Dot product
representations ===E L sara : Pl s
: : = Bl _@_‘I : — = Gk [l Output mask token
L[ [ < | [ ) &2 | = o
| :ource pou.lts
D Thoughts. ==%§= encoder : § : | © Tracked points
: = & I—m—sT | -+
. |
@ This paper showed EN TN _F, 1 A1 S
great foresight by R JCak  m = 5 | =
demonstrating oo prompt Es | |
the generalizability of VGGT oo — M I |
features to other tasks. [P Pl mo I = = — Nl _Un
. . t | Self-Attn T
However, I found it questionable B Otk e e e A X e

how they unnaturally fused

temporal context with VGGT features to

compensate for the misestimations caused by standard tracking. Furthermore, there seems to be
significant room for improvement by incorporating the explicit tracking of k points within the
object region.
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Dynamic Label Noise Suppression with Optimal Teacher Pool for Facial

Expression Recognition

a Summary
O Combines an Optimal Teacher Pool (OTP), Similarity—Aware Label Smoothing (SALS), and
Confidence—Weighted Logits (CWL).

a2 Novelty

[ Maintains and fuses multiple high—quality historical teacher models instead of relying only on
the current EMA teacher.

[ Dynamically adjusts label-smoothing strength according to prediction—label similarity.

a Thoughts:

[d By combining historical teacher selection with sample—level label smoothing and confidence

weighting, OTP—NS suppresses label noise from multiple perspectives and achieves consistent
improvements, which is convincing.

r------------------------------—-—=-=-"""""""""""">"="= - - TT- -

|

| °

' Train %

|
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| DPs

I Lwcp(c * py,y) S I._.__.
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| [ ]

I o, 0° EMA
<4 Centroid

: ¢ ..\ ¢ #

| o Alnp t
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|

|

I
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VLASs for robot manipulation

3 I summarize the directions of VLAs for manipulation and examine the trends in VLA
research at CVPR
d Most commonly observed directions
d Improving CoT capabilities in VLAs [1,2,3,4,5]
d Improving generalization performance [6,7,8,9,10,11,12,13]
[ Making VLAs lighter, faster, and more efficient [14,15,16,17,18,19]
d Next most commonly observed directions
d Improving 3D spatial recognition capabilities [20,21,22,23]
d Multi—embodiment [24,25,26]
d Utilizing past information [22,27,28]
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CVPR26: Meta Insights into Trends and Tendencies (144/152)

Most commonly observed directions
O Improving CoT capabilities in VLAs [1,2,3,4,5]

1 Background: Existing CoT—based methods often perform reasoning in language, which can be
time—consuming. In addition, linguistic reasoning can be too semantically abstract, limiting its usefulness
for inferring actions.

4 Approach: methods that perform reasoning only once at the beginning, reasoning only at keypoints,
reasoning in the action space, and reasoning in the latent space
[ Improving generalization performance [6,7,8,9,10,11,12,13]

1 Background: It has been shown that even state—of-the—art VLA models suffer a significant drop in task
performance when deployed in environments that differ from the dataset

4 Approach: preference—based learning, training methods that avoid overly degrading the knowledge of
VLMs, and methods that do not rely too heavily on learning but instead make use of external tools, etc.

O Making VLASs lighter, faster, and more efficient [14,15,16,17,18,19]
(1 Background: VLAs are large and require substantial time for both training and inference

4 Approach: methods that avoid passing inputs through the entire network, methods that retrieve similar
states from a dataset and utilize the corresponding actions, and methods that apply quantization only to
parts where it does not affect performance, etc.

9" LIMIT.LAB
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Next most commonly observed directions

O Improving 3D spatial recognition capabilities [20,21,22,23]

1 Background: Many VLAs take 2D images as input and have limited 3D recognition capabilities.
While some studies aim to improve 3D recognition, existing methods tend to show a decline in
semantic understanding even when 3D recognition improves

3 Approach: methods that predict the model’ s own 3D trajectories, predict the workspace using
3DGS, and project 3D point clouds into multiple 2D views, etc.

O Multi-embodiment [24,25,26]

(1 Background: Robot data is difficult to collect. In addition, VLAs face the challenge that they may
fail when deployed on robots with an embodiment different from the training data

1 Approach: methods that use first—person human data for VLA training and methods that learn a
shared latent action representation across multiple hands

O Utilizing past information [22,27,28]

(1 Background: Many VLAs do not handle past information and only make use of the current
observation

d Approach: maintaining recurrent states, using only motion vectors as input (as is also done in
video compression) and inputting past 3D trajectory information

9" LIMIT.LAB
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Others

d Considering high—level actions (e.g. skills) rather than low—level actions (e.g. motor actions) [29,30]

1 Attacks that use visual triggers to cause failure when the trigger enters the model’ s image
observation [31,32]

(4 Future image prediction has a high training cost and requires generating fine—grained details, which
can also hinder action learning; therefore, it is decoupled from the VLA [33]

d Making the action chunk size variable and adapting it based on the model’ s own confident [34]

A Calculating rewards by comparing trajectories with reference trajectories and train the model using
reinforcement learning [35]

1 Adding tactile sensing as a new modality [36]

1 Effectively merging models trained separately for each task [37]
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Reference
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MV-Fashion: Towards Enabling Virtual Try—On
and Size Estimation with Multi—View Paired Data

o Summary

[ This study introduces 'MV-Fashion,' a large-scale dataset pairing flat catalogue images with multi-view videos and
rich annotations, establishing a foundation for advanced virtual try-on, size estimation, and novel view synthesis

a Novelty
A Paired Data: First to pair multi-view videos with flat catalogue images.
A Real Sizing: Includes actual tape measurements (cm) and material properties.
d Complex Styling: Captures multi-layered outfits and real-world styles (e.g., tucked shirts).
A4 Advanced Al Control: Enables fine-grained, text-guided virtual try-on.

a Thoughts

[ [ feel that the emergence of multifaceted evaluation criteria—which balance visual realism from every innovative perspective
with a precise fit for the body—will drive the development of next—generation Al

3 Reference
D Hunor Laczk™ o et al. “MV-Fashion: Towards Enabling Virtual Try-On and Size Estimation with Multi-View Paired Data” ,in CVPR 2026

¢ f}\ LIMIT LAB 14




CVPR26: Meta Insights into Trends and Tendencies (149/152)

Sign Language Al: from language benchmarks to motion—native communication
models

aQ Summary

A Sign language Al is moving beyond multilingual VLM benchmarks.
1 Recent works focus on motion—native multimodal modeling.

A Key topics include: sign—language motion generation, latent pose representation, multimodal sign
recognition, radar—based privacy—preserving recognition

a2 Novelty

A Language is treated as structured human motion, not only text or gloss labels.
A Handshape, location, movement, and timing carry linguistic meaning.
1 Pose—latent design strongly affects diffusion—based sign production.
A Recognition is expanding beyond RGB video to radar and sensor—based inputs.

a Thoughts

[ This topic is different from multilingual/cultural LMM evaluation. The main question is whether the
model can understand and generate embodied language over time.
[ Reference

3 [1] R Hong and J. Kosecka. “Toward Phonology—Guided Sign Language Motion Generation: A Diffusion Baseline and Conditioning Analysis”, in CVPR Workshops 2026, GenSign.
3  [2] G. Fauré et al. “The Impact of VAE Design on Latent Pose Representations for Diffusion-based Sign Language Production”, in CVPR Workshops 2026, GenSign.
3 [3] A. Hasanaath et al. “SignEval 2026 Challenge Results”, in CVPR Workshops 2026, MSLR.

Q [4] D-T. Tran et al. “CAPY at SignEval 2026: Range—Aware Transformer with Kinematic Feature Augmentation for Robust Radar-Based Sign Language Recognition”, in CVPR Workshops 2026, MSLR.
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Computer Vision in Education: from visual understanding to learning
Intervention

a Summary

A Educational CV is moving from passive classroom observation to active learning support.

. Recent works use multimodal models to analyze: student engagement, confusion, classroom behavior,
speech and whiteboard content, and learning material comprehensibility

a2 Novelty

A Treating language as structured human motion, not only as text or gloss labels

[ Handshape, hand location, movement, pose—latent design, and sensing modality strongly affect both
generation and recognition performance.

a Thoughts

[ The topic is different from multilingual/cultural LMM evaluation.

A Evaluation should include naturalness, linguistic correctness, temporal consistency, and privacy—aware
sensing.

[ Reference

a g] Fé._Hong and J. Kosecka. “Toward Phonology—Guided Sign Language Motion Generation: A Diffusion Baseline and Conditioning Analysis”, in CVPR Workshops 2026,
enSign.

[2] G. Fauré et al. “The Impact of VAE Design on Latent Pose Representations for Diffusion—based Sign Language Production”, in CVPR Workshops 2026, GenSign.
[3] A. Hasanaath et al. “SignEval 2026 Challenge Results”, in CVPR Workshops 2026, MSLR.

[4] D.—T. Tran et al. “CAPY at SignEval 2026: Range—Aware Transformer with Kinematic Feature Augmentation for Robust Radar-Based Sign Language Recognition”, in CVPR
Workshops 2026, MSLR.
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Event—based Vision: sensing is becoming part of the model
a Summary

H
H
H

Event—based vision is gaining attention as a hardware—aware vision paradigm.
It targets high—speed, low—latency, and low—power perception.

key topics include: in—sensor denoising, event—based visual odometry, event—guided deblurring,
neuromorphic onboard pose estimation

a Novelty

H
H

The camera is no longer treated as a passive image provider.
Event cameras capture brighthness changes asynchronously.

@ Thoughts

H
H

This topic shifts the discussion away from larger foundation models.
Future CV progress may come from better sensing, not only bigger models.

o Reference

a
a
a

]

[1] J. So et al. “EventGuard: Sparsity—Aware In-Sensor Denoising for Frame—Based Event Vision Sensors”, in CVPR Workshops 2026, The 22nd Embedded Vision Workshop, EVW
[2] A. Marchei et al. “TinyDEVO: Deep Event—based Visual Odometry on Ultra—low—power Multi-core Microcontrollers”, in CVPR Workshops 2026, The 22nd Embedded Vision Workshop, EVW

[3]1 Y. Qiu et al. “EVFormer: A Dual-Model Event—Guided Framework for Motion Deblurring”, in CVPR Workshops 2026, 11th New Trends in Image Restoration and Enhancement Workshop and
Challenges, NTIRE

[4] L. Sun et al. “The Second Challenge on Event-Based Image Deblurring at NTIRE 2026: Methods and Results”, in CVPR Workshops 2026, 11th New Trends in Image Restoration and Enhancement
Workshop and Challenges, NTIRE

[5] A. Rathinam et al. “Efficient Onboard Spacecraft Pose Estimation with Event Cameras and Neuromorphic Hardware”, in CVPR Workshops 2026, Artificial Intelligence for Space, Al4Space




CVPR26: Meta Insights into Trends and Tendencies (152/152)

Thermal-Det: Language—Guided Cross—Modal Distillation for
Open—Vocabulary Thermal Object Detection

1 Summary - : 7y

gl gt law W [ A ,
(A Thermal-Det enables zero—shot open—vocabulary = o = ol im:
. . . . ®_H= “1- ¥ 9 1- FCA

object detection for thermal images by transferring Kl Ty Tk

knowledge from RGB models via cross—modal distillation N ié_rsﬁt_—_cgqf.? B S
and a synthetic dataset derived from GroundingCap—1M z ng _j c4 ® B L.

: : — . R | &5 @ |se.
without manual annotations. £5 m (£2 P i e
F-------- object-level === == ===
J Novelty i T s M oo B

[d Annotation—free thermal OVD: Enables zero—shot open—vocabulary detection in thermal imagery without thermal labels.
A Semantic alignment and distillation: Uses the Thermal-Text Alignment Head (TTAH) and RGB—to—thermal distillation to
transfer open—vocabulary knowledge.

1 Thoughts

[d Knowledge distillation is particularly interesting because it transfers semantic knowledge learned by RGB models to thermal
images. This suggests that object concepts learned from RGB data can remain useful even when the visual appearance
differs significantly across modalities.

1 Reference

A Y.Ranasinghe et al. “Thermal-Det: Language—Guided Cross—Modal Distillation for Open—Vocabulary Thermal Object
Detection”, in CVPR 2026.
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CVPR26: Discussion after the Report (1/7)

Discussion
a Should awards be required to release?

1 Codes / models / datasets / evaluation protocols

a Should CVPR tracks be separated?

A Scientific best paper
4 Open science best paper
A Industrial best paper

What do you think?
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CVPR26: Discussion after the Report (2/7)

Discussion

a Importance of visibility at poster presentation
(d Poster design
A Panels: award candidate, oral, highlight

a Many attendees decide whether to stop at a poster within seconds
@ How can conferences surface important work beyond popularity?
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CVPR26: Discussion after the Report (3/7)

Discussion
a Is it a right time for a CVPR position paper track?

O Inspired by discussions, e.g., “The Bitter Lesson” workshop
4 & emerging Al paradigms
a Is it enough to discuss on the workshop?
A Debate future directions
A Challenge assumptions
A Introduce research visions
3 (But extreme numbers of workshops!)

9 LIMIT.LAB



CVPR26: Discussion after the Report (4/7)

Discussion

a Toward computer—aware awards
[ Movement: Compute Reporting Initiative (Good tendency?)

A Could a CPU-only or laptop—scale challenge reveal new innovation?
d If compute becomes abundant, should efficiency become the new frontier?



CVPR26: Discussion after the Report (5/7)

Discussion
a Industry vs Academia (Part 1)

A Are current review criteria equally fair to both communities?

A Should industry & academia compete in the same award pool?

4 Can academia still generate paradigm shifts using limited resources?

1 How should we evaluate contributions when compute budgets differ by x100 — x1000?



CVPR26: Discussion after the Report (6/7)

Discussion
a Industry vs Academia (Part 2)

d Different Resources, Different Contributions?

A Industry
[d Large—scale compute and data
[d Ability to run massive experiments
[d Faster deployment to real products
[d Strong engineering and infrastructure

A Academia
1 New questions and hypotheses
(1 Small-scale exploratory experiments
[d Alternative viewpoints
[d Long—term scientific curiosity
A Discussion
1 How many attendees are doing ML as their primary profession?
(A Is the gap in compute becoming too large?
[d Are we seeing enough negative results and failed trials?
[d Should conferences encourage sharing trial-and—error insights?

9 LIMIT.LAB



CVPR26: Discussion after the Report (7/7)

Discussion

a3 Where are we heading?

(1 Recent award candidates show increasing emphasis on:
[d 3D understanding
[ 4D dynamic scene modeling
1 World simulation
[d Physical reasoning
A Discussion
[d Is the field becoming biased toward 3D/4D?
A Does 4D naturally subsume 3D and 2D?
[ Are we moving from representation learning toward simulation learning?
(A How much progress still comes from pure representation learning?

9" LIMIT.LAB



LIMIT.Lab

A collaboration hub

for building multimodal Al models under limited resources
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Limited Resources, Unlimited Impact
with Multimodal Al Models

Al foundation models are increasingly dominating various academic and industrial
fields, yet the R&D of related technologies is controlled by limited institutions capable
of managing extensive computational and data resources. To counter this dominance,
there is a critical need for technologies that can develop practical Al foundation
models using the standard computational and data resources. It is said that the
scaling laws no longer provide the reliable roadmap for developing Al foundational
models. Our community (LIMIT.Community) and the international lab (LIMIT.Lab)
therefore aim to put in place exactly those technologies that permit the construction
of {Vision, Vision-Language, Multimodal}Al foundational models even when compute
and data are limited. Drawing on our members’ prior successes in (i) generative pre-
training methods that can be applied horizontally across any modality with image,
video, 3D, & audio, and (ii) high-quality Al models from extremely scarce data (including
a single image), we have been committed to Al multimodal foundational models under
very limited resources. As of 2025, LIMIT.Lab is composed primarily of international
research teams from Japan, UK, and Germany. Through collaborative research projects
and the workshop organization, we actively foster global exchange in the field of Al
and related areas.

Left: Core members / Right: Our mission
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Join us! —> Slack invitation [Link]


https://join.slack.com/t/limit-community/shared_invite/zt-1oov3gv0h-kaLICu0jm_wzm0_H6D46Lw

