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What should a “Visual General Intelligence” look like?

Less




My grandma’s definition:
You're intelligent if you have a good life, otherwise you’re stupid.

What should a *Visual General Intelligence” look like?

- ? : We should view

4 oA & | .
= intelligence as metric of

)

a (learning) process




Intelligence as a metric of a learning process: key factors

@ Performance on tasks

& Amount of supervision/feedback

"
1O Ability to generalise/adapt
R/
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Don't give this to your babies

Visual continuity linked to

quality of vision [1] (invariant
object representations wrt. to position)

Sypset: alga, algae
Rzuse k|
12 Hours of ImageNet

[1] Unsupervised Natural Experience Rapidly Alters Invariant Object Representation in Visual Cortex. Li and DiCarlo. Science 2008.



G UTN
Current Vision Foundation Models are trained with

images. Videos can enable new directions




| work at the state...
monitoring the internet traffic.

>90% of it is video-content.
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assive scale Fundamentals
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sup. << weak sup. << raw



So we should work on unlabelled video,

..but how?



Augmentations are crucial in classic image-SSL,

but forcing frames to be invariant is limiting

( Images: SImCLR, MoCo, SwaAV et al.
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key principle: view-invariance
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(But does this generally make sense?

Frame N Sl

very
# much not
the same!




Solution is obvious

4 qmage-level (one vector per frame?
Frame 1 / very
g # much not
the same!

" Y,
- Qurs: Dense (one vector per patch)

1 Frame N

Salehi, Gavves, Snoek, Asano. Time does tell: self-supervised time-tuning of dense image representations. ICCV 2023



We model a video by tracking image patches,
and aligning their clustered features

"
2

A
A oy W
o

<t spatial features at time t

Sinkhorn —l‘

+

Prototypes ()

Salehi, Gavves, Snoek, Asano. Time does tell: self-supervised time-tuning of dense image representations. ICCV 2023



Using videos to learn self-supervised imaae encoders

Previous Methods

Image-based Video-based

Ours:
Time-Tuning

Use
Image-based Encoders
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with a Temporal Loss

ul

- - - gradient

How is time utilised? As dztasource  As data dimension As self-supervised signal

Salehi, Gavves, Snoek, Asano. Time does tell: self-supervised time-tuning of dense image representations. ICCV 2023



Ablations demonstrate using time helps learn better features
Modelling time Is

esential Model learns from temporal info
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Results
SoTA on unsupervised video segmentation SOTA on unsupervised image
Clostering segmentation
YTVOS DAVIS —
- " » " dasc .
F_C 0 F_c P K-21 K-500 LC FCN
Trained on Images Trained an T
Resnet50 440 434 17 393 374 42 ‘;’ZfN;'_‘q’l"“g"s 45 a6s 5as ]
SWAV [1] 3905 382 32 320 296 73 DIND [9] Ss 174 s06 B0
DINO[ | 91579 19 302 3L L6 SwaV [5] 0e s ana
Leopart [ 1] 392 379 117 303 302 169 MaskContrast [2/] 350 454 492 -
Truined vn Videos DenseCl. || - 436 490 694
STEGO* 41.5 403 20 319 310 32 STEGO [ ] 70 195 S9.0 63S
DINO* 372 361 12 293 202 24 CrOC [ 2.6 - 6l6 -
Leopart* 415 405 77 375 365 126 Leopart [] 366 505 68.0 701
TiMET(ours) 525 513 133 537 530 205 Trained on Videos
STEGO* 40 155 511 555
Leopart® 149 212 532 632
Flowdino® [ 1] - - 594 .
TIMET (ours) 345 832 680 70.6




Results on unsupervised video semantic segmentation

60

N
()]

Clip-wise mloU
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B DINO B Leopart I DINO-vid M Leopart-vid Il TimeTuning (ours)



Unsupervised Semantic Segmentation on videos mundamental | JTN]|
[simply running k-means on a couple of videos' spatial features, k=10]




Key take-aways

- Videos provide rich supervision signal
- Don't use frame-wise invariance across time, but instead patch-level invariance

- Start with strong model, further improve it




Also: this guy!
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Introducing the V-JEPA 2 waorld model and new |
benchmarks for physical reasoning ‘
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Upgrades (ICCV 2025 & ICML 2026)
MoSiC: Optimal-Transport Motion Trajectory for Dense Self-Supervised Learning

—

Point tracker Traj,;; -
. B — 2 S —
. - ' .’-’

i

I —

.I‘F

OT Motion
clusters

tDensely cluster point-trajectories?
itin) Cpingy) WETERan (O0) |

httis://arxiv.ori/abs/2506.08694




Frozen In-Context Semantic Segmentation Evaluation

ADE20K PascaL VOC
METHOD BACKBONE PARAMS 1128 1/64 1 11 /128 /64 18 11
TRAINED ON IMAGES
. DINO [10] ViT-8/16 21M 95 110 150 179 264 305 413 487
Large gains even CroC [54] VITS/16  2IM 87 108 152 173 340 418 S38 605
] SelfPatch [66] ViT-§/16 21M 100 109 147 177 284 3026 432 508
com pared to TimeT Leopart [71] ViT-8/15 21IM 129 148 196 239 446 497 584 645
CriBo [36] ViT-§/16 21IM 146 173 227 266 539 S99 669 724
DINOVZ 142] Vil-8/14 21M 228 264 335 388 560 624 723 71U
FINETUNED ON VIDEOS
TimeT [50] VIiT-S/16 21M 121 141 IR9 232 381 438 552 623
MOSiC ViT-S/14 21M 238 274 357 407 625 666 747 782
TRAINED ON IMAGES
MAE [23] ViT-B/16 85M 10.C0 11.3 15.4 18.6 3.5 4.1 56 7.0
DINO [10] ViT-B/16 85M 11.5 13.5 18.2 21.5 33.1 37.7 498 7.3
Leopart [71] ViT-B/16 ’5M 146 168 218 267 501 547 631 695
Huamminghird [5] YiT-B/1G R5M 11.7 15.1 223 29.6 505 57.2 M3 718
CriBo [36] ViT-B/16 35M 159 184 244 284 559 618 692 742
DINOv2 [42] ViT-B/14 35M 242 276 347 399 557 618 724 771
FINCTUNZD ON VIDLOS
MoSiC ViT-B/14 85M 254 293 373 426 655 698 769 B80S




(without any tralnlng) -- PVOC ICL eval gt UTN
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without any training) -- PVOC ICL eval
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More post-training works | '[_\'FE:% Im'[‘!ﬂ' G00D
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So videos can help post-train models.

But how powerful is “time” really?

— e — _ ~ _ _ e —————— — —

i Study the extreme: try to learn from a :
single video, from scratch {

e J— . - — _—
(= —_—— — ————— — —— _—————— __ — — == T = T . _ _




us figuring out E

which video to use

BETITSHOULD
EMANTICALLY RICH

@

L ol /h+\

Venkataramanan, Rizve, Carreira, Avrithis*, Asano*. Is ImageNet worth 1 video? Learning strong image encoders from 1 long unlabelled video. ICLR 2024

Fundamental l |_N
ATl Lab I

v Long

v High-res, smooth

v Semantically rich

v Scalable (we @ SSL)

Walking Tours

28



———— == ‘_‘:_»__»-
nt cities' Walking Tours.

L B

Venkataramanan, Rizve, Carreira, Avrithis*, Asano*. Is ImageNet worth 1 video? Learning strong image encoders from 1 long unlabelled video. ICLR 2024 29



High-level idea:
1) track multiple objects across time
2) enforce invariance of features across time

Dora: Discover and Track

— Multi-object object masks
—» tracker | per frame v

Il ES

- distillation loss j# Ff
3D|NO - for multiple objects

ﬁf | encoder [+ iﬂ

—{encoder}

A
A
A

Much like Dora, we
walk around and
learn from what we
see.




Spreading attention with Sinkhorn-Knopp

' Multi-object
tracker

b

Spatial patch features
1 2 3 ans

5 | EEEEEE
urhescs I
EEE | EEEE

Problem: heads attend to same locations

v

SK optimal transport for high entropy

Spatial patch features
1 2 3

ViT heads .DDD...
| | |
EEEEEEN

z

HEN
HEE
LB

Visualise attention of
3 heads with colors
R,G,B

without
SK

with SK




More examples:
multi-object tracking
iIn a ViT emerges




But how does it compare against ImageNet pretraining?

B DINO (IN-1k) B Dora (1 WT) & Dora (10 WT)

L 48 41 37 100
E 36 ij 40,5 % 36,25 g 90
% 8 24 O 40 E S 355 g a0
g 12 § 39,5 § 34,75 S 70
0 el e 39 MAP 3 mloU O0 ~Nat mageNetCIF100 Cars Flowers

Dora (1WT) ~ on par with DINO (IN-1k)
Dora (10WT) > DINO (IN-1k)




Key takeaways

- Training strong encoders from scratch with 1 video is possible
- Models match DINO (trained on ImageNet) in terms of performance

- The training loss is spatially dense and leverages time
- Multi-object tracking emerges

- Walking videos are great for training vision models



“We always have lots of raw data....”

Dataset Source Iroan Test lotal

SeanNer |25 real 1,201 R 110 1,613
ScunNel+4 | 101] resl 712 126 1,016
S3apIS [1] real 204 0 272
ArkitScenes [5] real 4,498 0 5.047

HM3D [6%] real 8,881 ' 0| 10,000
StrueturedaD [109] sim. 18,348 o 1,697 21821
ASE [3] sim. 90,000 0 | 100,000

Sonata {ours) mixed | 123844 14002 1,923 | 139,769

Table 1. Data source collection,

SOTA 3D rep. learning paper:
merely ~ 15k real scenes

Sonata: Self-Supervised Learning of Reliable Point Representations. Wu et al. CVPR’25



We actually don’t have abundant 3D data.
How to scale 3D without 3D scans?
Our proposed solution
4 N a N e N
T S |
1L Geometry #Kj @a oo
[ models R N B <
A T o
\_ ,/ \_ ,/
Web-scale Video-generated Noise-aware SSL
ego videos point cloud data pretraining method
(VGPC)

Yamada et al. 3D sans 3D Scans: Scalable Pre-training from Video-Generated Point Clouds. CVPR 2026



Video-generated point clouds (VGPC)

input reconstruction

A video from web A clip video Video-generated point clouds

— Scalable synthetic point cloud data pipeline

Yamada et al. 3D sans 3D Scans: Scalable Pre-training from Video-Generated Point Clouds. CVPR 2026






State-of-the-art performance with O real scans seen

Full fine-tuning on 10% of ScanNet (Sem. Seg)
75
71.9 72.4
[
70.0
70| 68.7 : ()
| Scaling VGPC (cheap) | !
66.7
65.8 B
- : -
O 65 Scaling real data (expensive)
E I
63.3

Full fine-tuning on S3DIS (ns. Seg)

47.2

49.9
45.7

43.3 |

11.5

40.8 Y

39.6 P397

59.7 MSEC (CYPRZC23) Model Size
60 B PRT (w/ synthetic data, supervisad, CVPR2024) -
0 Scnata (real data only, CVPR2015! [Baram: 2a:M)
0 Scnata (w/ synthetic, CVPR202Z5, SCTA method)
LAM3C (Ours) PTva Basn
Baseline (rancomiant ) (Param: 121M}
SS - —— — — — N — v
0 101 102 103 10* 0 101 10% 103 104
Number of real 3D scan samples Number of real 3D scan samples

Yamada et al. 3D sans 3D Scans: Scalable Pre-training from Video-Generated Point Clouds. CVPR 2026

50

35

30



Summary

e VGPC as viable alternative to real 3D scans
e +SSL yields scalable 3D pretraining pipeline
e This makes video as key data modality for 3D

Yamada et al. 3D sans 3D Scans: Scalable Pre-training from Video-Generated Point Clouds. CVPR 2026



Put differently:







Vision from Moving

* Pretrain Foundation Models on billions of hours
* Robots collect video, sensor, and action data

(from-robots-for-robots)

| Post- -training representations from video
UCCV23|CCV25|CML2&

E" Learnlng from a single video [ICLR’24]

= .naeocenemmmmmrswu ) I y
1

| Video to scalable 3D [CVPR26]



Intelligence as a metric of a learning process: key factors

@ Performance on tasks

& Amount of supervision/feedback

"
1O Ability to generalise/adapt
R/




Now, let’'s talk about generalisation.



Everyone adding

Currently, in (M)LLM space: .

INn-domain data to improve
"generalisation” numbers




Horse Rhino Unicorn
Slim body, hogves, Large sturdy body, Horse-like body +
mane, tail, long face, thick skin, four legs, mane and tail, combined
no horn. prominent single with a single rhino-like

horn an the nose. horn.




From the MetaCLIP paper, appendix p.14, Table 11:

;: = = 2 ] o g = = '§§

g = =z o= g ¢ § 5 & =2 £ 8 2 - ¢ 3 B2 = 3
< £ = % ~ z D 2 =z = 2 = ??E

P 3 5 &5 : § 5§ 8 ¢ 3 E 2 g g 3ZEE O} OZOGTOE G

NMetalCLIP (A00M) VIT-1. 762 AT OS5 774 750 0S5 547 4D4d 20 917 W4 764 AlT 4RSS N3 507 T10 4742009 309 01 755 ST1 35 1SAA 656
# of cls. w/ nor-zero counts 703998 52/101 10/10 93/100 17200 193/397 ('196 8/100 4(/47 15/37 8102 61/102 1O/1D 12/12 10/10 2/10 3245 /45 04 190211 1/2 57101 122700 &8 12 212

Table 11: Measuring task-alignment. First row: MetaCLIP (400M) ViT-L/14 accuracy, second row:
number of classes matched in metadata

"Interestingly, there seems to be a correlation with the accuracy and the
number of classes matched in the metadata."
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CLIP, for the most part, is
evaluated within-domain
(it's just a big domain)
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But surely language features, e.g.
from pretrained models should
help generalise?



New method: Shared Vision-

_anguage-Locked Tuning
4 N\ N
CLIP LiT
Image Text [mage Text
W/ U /||e L]
. . AN etE] y
4 A
Sharelock
Image Text « Both backbones frozen

* Decoder LLIM for text
#| representations
- “_M‘Lfﬂ * 16k batchsize on 1GPU

. J/

Result: CLIP-style model with
that only mostly takes frozen
representations



New method: Shared Vision- New evaluation: Mutually exclusive
_anguage-Locked Tuning vision-language dataset splits
i CLIP M LiT A
Image Text [mage Text
D \ / \ %/ D Train with "a photo
e R ] _\\‘C'”L ) first 500 categories } of a {class name}"
- : ~ Imagenet
N bhareLoc:c |i j} real zero-shot
age ext « Both backb froz last 500 categories .
. Demd:: l.l?!\l;efsor :e:tn evaluation
#| representations
‘O'A‘Mﬁ * 16k batchsize on 1GPU
\ J
Result: CLIP-style model with that Result: Clean measurement of
only mostly takes frozen generalisation ability from LLM
representations



Decoder representations are actually really good.

Class Wha.t people
Type Language Madel Names E;z‘gous'y
. BERT-Large |9] 18.3
£ T5-XL[47] 33.6 y
= Flan-UL2 |55] 37.0 E'L"I'\jl’:'sca'e
SentenceT5-XXL [39] 39.5
. Gemma 7B [16] 39.7
g Llama-3 8B |11] 10.2
NV-Embed [31] 40.5 LLMs contain knowledge that helps

visual zero-shot classification



T v T v T T T L v T T T ¥ T L T T

Q:.
t\.‘.

Qo
(e v
L A |

®  Decoder Representations
® FEncoder Representations

Which representations

are better?
(When using the same data)

[
o0
LN B

o
—_ >

Visual Generalization Score [%]
bo
&

29 b
20}
™ 32M 68V 150M T100M B
Paired Ettin models [ICLR’26] Language Model Parameter Count



45.0 -
’ ! @ - // 7
125} Q%/// | LLM's ShareLock
| 0@ a @ | performance
& 4007 o | correlates with
N % e | (text-only) MMLU
g 375¢ o o 1 evaluation!
= 35.0 [ |Sentence-T5-XXL | i
£ . )
E ., THXLLO """"""""""" SO‘:'B‘e‘t‘t‘e‘F'(fe‘X‘ff nly!) LLM_S have a better
= @ representation of the visual world
7z [ O  Llama-3 |[]
> 30.0+ o _ O Qwen?2
Mcdel Variant Qwen2.5 |1
27.5 S © Base | O  gemma-2 |7
[ ModerBERT | @ Instruct O Falcon3 ||
£ 10 20 30 40 50

Massive Multitask Language Understanding (MMLU-Pro) Score _



45.0 /’
D, ey
: (&@ - 77
425+ O //
A2 I
@ 4001 P // -
= | % @®
= 375 © o -
£ ' ® )
[ R
'"—é 35.0 [ | Sentence-TH-XXL |
z S S
< C
& 3951 TB—XXLL O
T | @ woBle
.z [ O Llama-3
= 30.0+ c . O QWGIIQ
Mcadel Variant Qwen2.5
2t5p © Base | ©® gemma2 ]
[ ModerBERT | @ Instruct O Falcon3
~ 1 1 ! 1
250, 10 20 30 40 50

LLM's SharelLock
performance
correlates with
(text-only) MMLU
evaluation!

So: Better (text-only!) LLMs have a better

representation of the visual world

Massive Multitask Language Understanding (MMLU-Pro) Score




And what if we train with actual image-caption datasets? e UTN

Model Dataset [Size] IN-1k IN-V2 IN-R IN-A INSketch ObjectNet Avg

LiT COCO 83k 233 20.8 344 21.1 18.4 292 24.5

ASIF COCO 83k 9.4 8.7 144 8.8 6.9 16.1  10.7

ShareLock CoCo 83k 32.2 28.6 36.6 22.8 22.4 30.4 28.8

LiT CC3M Subset 563k  41.7  37.5 59.2 44.4 32.4 40.7 426

ASIF CC3M Subset 563k  21.6 205 27.7 244 14.9 21.5 21.8

Strong SotA ShareLock CC3M Subset 563k 50.5 45.8 60.5 47.0 36.9 41.1 47.0
CLIP[12) CC3M 28M  16.0 13.2 17.6 3.6 6.4 8.2 108

for datasets SLIP [38] CC3M 28M 235 20.2 26.8 6.8 12.1 143 17.3
100k-12M LaCLIP[12] CC3M 28M  21.3 186 235 5.0 10.6 10.2 14.9
LiT CC3M 28M  44.1 39.3 627 45.6 34.8 43.3  45.0

ShareLock CC3M 28M 52.1 47.1 64.1 50.9 39.0 43.1 49.4

DataComp [14]  CPool-S 3.84M 3.0 2.7 44 1.5 1.3 3.7 2.8

CLIP [12] CCI2M 12M 416 354 526 10.7 28.8 24.0 322

SLIP [38] CCI2M 12M  41.7 359 552 138 30.7 29.3  34.4

LaCLIP [12] CCI2M 12M  49.0 433 638 14.7 39.4 28.1  39.7

LiT CCI2M 85M  56.2 499 70.3 528 43.9 47.8 535

ShareLock CCI2M 85M 59.1 53.2 688 53.4 44.5 46.7 54.3

DataComp [14]  CPool-M 384M  23.0 18.9  28.0 4.3 15.1 17.7 17.8

DataComp [14]  CPool-L 384M 553  47.9 650 20.2 43.2 46.5 46.3

CLIP [46] Proprietary 400M 684 618 776 50.1 48.2 55.4  60.2




TLDR:
ShareLock is an ultra-lightweight vision-language model that

shows better LLMs have better visual representations which
actually generalise.

+ strong IN-1k “zero-shot” performance of 51% in <15 GPU hours.
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Eye movement patterns when
observers are instructed to locate a
person looking out of a window in the
tower

VEersus

when no contextual instruction is
provided.

Adapted from Buswell (1935)
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Query Img
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UTN

Method

([ SteerViT Training Paradigm: inverse-MLLM; early-fusion

“The cute dog in
the center eating
a Belgian waffie”

Backbone: any pretrained ViT

\ o/ [mommadn® 1) o Approach: gated cross-attention
o000 0000
/

o0 .0 .‘-Y[ Gated Cross-Attn ﬁ]

Lightweight: only 21M trainable parameters

[ Self-Attention '}*]
Pretrained VIT XN

sooo ooen | ° Proxy task:referential grounding

I Classification Head M I
Patch-level

SoftCE l.nss( ...!..
HEN "HER

EN BN
EEN BN

Goal: instill language understanding into ViT

—

Steerable Visual Representations | J. Ruthardt and M. Gaur and D. Ramanan and M. Tapaswi and, Y. M. Asano | arXiv:2604.02327 62



UTN

Measuring Steerability

CORE: object-conditional retrieval of images in cluttered scenes

Query (Blender)
-

chy (Mive ail)

Text changes what features encodes: 96.0 r@1 for SteerViT vs. 43.7 for DINOv2




Global Aggregation

CLS Attention Maps:

Input DINOv2 || SteerViT

cal’ '‘head of the cat' 'shell [ull of bUUk.a remote control’

‘train’ ‘front of the train’ “water’ ‘red and green boat

'white sign’

‘collee muyg!

Text directs local attention to queried object / region

Steerable Visual Representations | J. Ruthardt and M. Gaur and D. Ramanan and M. Tapaswi and, Y. M. Asano | arXiv:2604.02327

UTN



UTN

Steerability—Quality Tradeoff

" e paoronies o sewr 1o OV-Loc: good steerability but low visual fidelity
%iﬁmundinngNO 3" )
93 R .1+ MLLMs: some steerability, but language-centric
L ‘ -
% g 3'3:[ I:wmvw-zu l
i | . T * ViTs: strong features but no steering
% gﬁof cp%%34n,23 |
3%«»[ <1 » SteerViT: new Pareto optimal
3%; S « Steerable representations
T50+ @ Vision Encoder IntemV13-1R y .
L 4 MM & CUP pinowz * No loss in downstream performance
{ Open-Vocab Lacalization :;311P'.
""Jl:  Gating Factor Sweep ®

4 48 % % & &8 0 715

Representation Quality
(avg of linear prohe ace and ADE20k mloll)



UTN

Applications

Personalized Object Discrimination Industrial Anomaly Segmentation
Classification Retrieval .
Grid
SteerVIT GT Mask
2 DINON2 (Zero-Shet) &0 -
Mellod FRO
SteerVIT (Zero-Shot) MaskCLIP [42] 40.5
273 IC: Sugereategony .2 CLIPseg I25] 346
: o SAMS3 [6] 54.5
' 10 TC: Objec: Names 633 !
: ' . WinCLIP [14] 646
B Bl DIVAD [12] 73.3
' FADE [21] §4.5
.-s.n_l DINONZ [Fine-Tuned) _7‘,‘.6 SleerViT 821
L 410 Ill) 0 0 ’.'13 )ll) 7 lb
PR-AUC NDOG

SteerViT matches or outperforms specialized methods in OOD tasks



Base image Text prompt

Compare viclon encoders by the reglons they attend to and the

v v
Street car semantics capturad by their global embeddings.
D emo Query Image DINOv2 SteerViT
The same input mage is used for Query-agnostic baseline Frompt-steerable visual encoder

oth modals




UTN
Takeaways

- SSL-pretrained ViT
+ lightweight supervised CA adapters
* In a “Reverse-MLLM” architecture
- can unlock some new vision steering abilities

And is worth a thought!






LLMs can enable generalisation to unseen concepts [TMLR26]

SineruoBty—Quality Trudeodf
1 — = OWLoc goad stesrataity o low disusd lizaliny
= MLLN @ cowostooradn oy, oot lir gucge oo

S STRp— Text-conditioned vision enables new tasks [arxiv'26]

= Brear'™ T now Parclo agd enc.
« Stromao reproaanintions
* Noloss mooarsrmam perlormence

Generalisation from Language

*Generalisation + world knowledge from LLMs
«Cross-modal learning allows new capabilities for vision




Towards VGI...
Vision from Moving

* Pretrain Foundation Models on billions of hours —
* Robots collect video, sensor, and action data
(from-robots-for-robots)

[Openings for
tfemale post-docs, |
twho previously did §
inot live in Germany! §

Generalisation from Language

*Generalisation + world knowledge from LLMs

*Summarize, infer semantics, generate curricula and goals
*Produce instructions, reward signals, choose exploration
* Guide how the system keeps learning over time

Yuki Asano - UTN



Hi, I'm Yuki

- Full Professor and head of Fundamental Al Lab at UTN
- Self-supervised Learning
Multimodal Learning
Large Model Adaptation

- Previously: Oxford, Amsterdam; Meta, Qualcomm Al
More info: https:/fundamentalailab.github.io/,

- yuki.asano@utn.de
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