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Instruction tuning: the difference between GPT-3 and

giant training corpora

|

(raw) LLMs

(e.g. GPT-3)

small IT datasets

|

Instruction tuning

X requires industrial compute

X model is relatively useless
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Chat LLMs

(e.g. ChatGPT)

requires fraction of compute

makes LLM useful, customisable, bette



Computer vision needs more post-pretraining
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(raw) LLMs

X requires industrial
compute

X model is relatively
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Foundation Models Post-pretraining

X requires industrial compute

1st-gen Vision

model is already useful

UNIVERSITY OF AMSTERDAM

Instruction tunina

Chat LLMs wew

(e.a. ChatGPT)

requires fraction of compute

makes LLM useful, customisable,

better

2nd-gen Vision -wow -wow"
Foundation Models

(e.a. Neco. TimeTunina)

requires fraction of compute

makes vision model even better,
across various tasks



Why Self-supervised Learning still matters, despite CLIP and

assive scale Cost of (re)labellmg Problems of Iabels Fundamentals

sup. << weak sup. << raw
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NeCo: Improving DINOvZ2's spatial representations in 19 GPU hours with Patch Neighbor
Consistency.

Valentinos Pariza, Mohammadreza Salehi, Gertjan Burghouts, Francesco Locatello, Yuki

M : A DEPFY(WYww.taste.com.au/recipes/creamy-bacon-carbonara/12c27b1e-5fb6-48c9-ac42-82a37cc8ab30?nk=3b0399578618abc93c6fcIabab4aldar-1727548620



But often...

(Drawings / Animals)

W|th SoTA DINOv2-R model

éj UNIVERSITY OF AMSTERDAM Oquab et al. DINOv2: Learning Robust Visual Features without Supervision. TMLR 2023
X Darcet et al. Vision Transformers Need Registers. ICLR 2024



ldea of Patch Nearest Neighbor Consistency: intuitive

Given a query patch of a right shoulder, top neighbors should be in the following order:

(1) All Right Shoulder Patches, (2) All Left Shoulder Patches, (...) (3) Everything Else

Query Patch

Example Patches

UNIVERSITY OF AMSTERDAM
X



PaNeCo: Patch Nearest neighbor Consistency

Teacher ROI Align
Encoder i —
Oy (11, 72)
A

\_  Batch Images J

Student
ROI Ali
Encoder . —

(7'1, 7-‘2)
F

”: UNIVERSITY OF AMSTERDAM NeCo: Improving DINOv2's spatial representations in 19 GPU hours with Patch Neighbor Consistency. Valentinos Pariza, Mohammadreza Salehi, Gertjan Burghouts, Francesco Locatello, Yuki
M. Asano. arxiv 2024
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PaNeCo: Patch Nearest neighbor Consistency

Teacher ROI Align
Encoder i
Oy (11, 72)

A

I

\_ Batch Images

Student
Encoder

ROI Align

(7'1, 7-‘2)

Es

”: UNIVERSI'|'Y OF AMSTERDAM NeCo: Improving DINOv2's spatial representations in 19 GPU hours with Patch Neighbor Consistency. Valentinos Pariza, Mohammadreza Salehi, Gertjan Burghouts, Francesco Locatello, Yuki
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PaNeCo: Patch Nearest neighbor Consistency

Teacher
Encoder

ROI Alig

(TlfTQ)

\_  Batch Images J F. b,
r Lij

Student J
ROI Al
Encoder il

¢s (71, 72)

Es
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PaNeCo: Patch Nearest neighbor Consistency

Teacher ., { )
ROI Alien [ 1T
Encoder £ 1] t:m —

Differentiable
\_ Sorting )

\_ Batch Images

Student

ROI Align
Encoder =L, _ W -
‘ ifferentiable
¢S (Tl'. 7'2) \_ Sorting )
F
S

§ UNIVERSITY OF AMSTERDAM NeCo: Improving DINOv2's spatial representations in 19 GPU hours with Patch Neighbor Consistency. Valentinos Pariza, Mohammadreza Salehi, Gertjan Burghouts, Francesco Locatello, Yuki
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PaNeCo: Patch Nearest neighbor Consistency

Teacher (| N
ROI Align [ | §I |
Encoder -] "
/ (Tl 9 TQ) | Differentiable

l

. ————————————————————————————————————— —

\_ Sorting )

s Forcing consistent
2 neighbor ordering

J
Fy, D;
|

EMA

\_  Batch Images J

Student | ) m
1 :
ROI Align , — =
Encoder - — () — — malme] "
¢ ( 1. To ) ) Differentiable — —
d | \_ Sorting . -
ks T e
;(( UNIVERSITY OF AMSTERDAM NeCo: Improving DINOv2's spatial representations in 19 GPU hours with Patch Neighbor Consistency. Valentinos Pariza, Mohammadreza Salehi, Gertjan Burghouts, Francesco Locatello, Yuki 13
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Results

- UNIVERSITY OF AMSTERDAM
X
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Evaluation 1: Visual in-context segmentation via dense NN retrieval

Images

Backbone

Patch Annotations

Encoded images

—+
f1 | f2
f3 | f4

O N

UNIVERSITY OF AMSTERDAM
X

Patch Features from
each Dataset Image

f2 rf2 Y

I

Patch Labels from

each Dataset Image

T

8

Query Patch

ey

o~

L_l Backbone

Compare and find
neighbors with
query patch.

Accumulate
the labels of » shoulder
the neighbors

Towards In-context Scene Understanding. lvana BalazeviC, David Steiner, Nikhil Parthasarathy, Relja Arandjelovi¢, Olivier J. Hénaff. NeurlPS

2023
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In-context scene understanding benchmark

Pascal VOC In-Context Learning Evaluation

a0

70 -

70 -

65 - - matches performances of
= 60 - DINOv2-R with ~15x less
E 55- / data

m—pe=  OQUI'S
50 - weoe= DINOV2R
45 - ==p== (CrlBo
=—e== | eopart
40 - wege TimeT
1/128 1/64 1/8 1/1

Fraction of Training Data

UNIVERSITY OF AMSTERDAM
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In-context scene understanding benchmark

Pascal VOC In-Context Learning Evaluation ADE20K In-Context Learning Evaluation
80 - _
40 w—ge  OUI'S
75 1 === DINOV2R
20 - 30 1 ==e== CrlBo
=—e== | eopart
65 - 304 == TimeT
2 60 2 .
2 55 &
m—ge  OUTI'S
50 - s DINOV2R 201
45 - ==p== CrlBo
=—e== | eopart 15-
40 - === TimeT
1/128 1/64 1/8 1/1 1/128 1/64 1/8 1/1
Fraction of Training Data Fraction of Training Data
UNIVERSITY OF AMSTERDAM NeCo: Improving DINOv2's spatial representations in 19 GPU hours with Patch Neighbor Consistency. Valentinos Pariza, Mohammadreza Salehi, Gertjan Burghouts, Francesco Locatello, Yuki
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Linear Segmentation Evaluation

O
(D
(@
@
oN
(D
-

\

Backbone

-

Linear
Layer

/

e Encode Image to patch-level features,
e Decode with a linear layer the per pixel semantic labels of the image,
e Supervised training of the linear layer of the decoder for this task.

UNIVERSITY OF AMSTERDAM
X



Linear seamentation performance

Method Backbone Params COCO-Things COCO-Stuff Pascal VOC ADE20K
DINO ViT-S/16 21M 43.9 45.9 50.2 17.5
TimeT ViT-S/16 21M 58.2 48.7 66.3 20.7
iBOT ViT-S/16 21M 58.9 51.5 66.1 21.8
CrOC ViT-S/16 21M 64.3 51.2 67.4 23.1
CrlBo ViT-S/16 21M 64.3 49.1 71.6 22.7
DINOv2R ViT-S/14 21M 75.3 56.0 74.2 35.0
PaNeCo ViT-S/14 21M 82.3 62.0 81.3 40.1
DINO ViT-B/16 85M 55.8 51.2 62.7 23.6
MAE ViT-B/16 85M 38.0 38.6 32.9 5.8
iBOT ViT-B/16 85M 69.4 55.9 73.1 30.1
CrIBo ViT-B/16 85M 69.6 53.0 73.9 25.7
DINOv2R ViT-B/14 85M 78.3 57.6 79.8 40.3
PaNeCo ViT-B/14 85M 85.5 63.3 83.3 44.9

A linear segmentation head is trained on top of the frozen spatial features obtained from different feature extractors. We

report the mloU scores achieved on the validation sets of 4 different datasets.

UNIVERSITY OF AMSTERDAM
X

NeCo: Improving DINOv2's spatial representations in 19 GPU hours with Patch Neighbor Consistency. Valentinos Pariza, Mohammadreza Salehi, Gertjan Burghouts, Francesco Locatello, Yuki
M. Asano. arxiv 2024
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PaNeCo starting with different pretrained weights.

Pascal VOC COCO-Things
At Init +PANECO At Init +PANECO
Pretrain K=GT K=500 Lin. K=GT K=500 Lin. K=21 K=500 Lin. K=21 K=500 Lin.
iBOT [92] 44  31.1 66.1 15410 512701 68.612° 7.6 28.0 58.9 20.4"%8 5281248 g7 7188

§ UNIVERSI'|'Y OF AMSTERDAM NeCo: Improving DINOv2's spatial representations in 19 GPU hours with Patch Neighbor Consistency. Valentinos Pariza, Mohammadreza Salehi, Gertjan Burghouts, Francesco Locatello, Yuki 20
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PaNeCo starting with different pretrained weights.

Pascal VOC COCO-Things
At Init +PANECO At Init +PANECO
Pretrain K=GT K=500 Lin. K=GT K=500 Lin. K=21 K=500 Lin. K=21 K=500 Lin.

iBOT [92] 4.4  31.1 66.1 15.4111:0 5121201 686125 76  28.0 58.9 20.4M128 5281248 g7 71828
DINO [15] 4.3  17.3 50.2 14.5M02 47.91306 1 3111 54 192 43.9 16.9M15 50.01308 §2.41185

§ UNIVERSITY OF AMSTERDAM NeCo: Improving DINOv2's spatial representations in 19 GPU hours with Patch Neighbor Consistency. Valentinos Pariza, Mohammadreza Salehi, Gertjan Burghouts, Francesco Locatello, Yuki
X M. Asano. arxiv 2024
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PaNeCo starting with different pretrained weights.

Pascal VOC COCO-Things
At Init +PANECO At Init +PANECO
Pretrain K=GT K=500 Lin. K=GT K=500 Lin. K=21 K=500 Lin. K=21 K=500 Lin.

iBOT [92] 44  31.1 66.1 15.4™%° 51.27%%1 68.6™°> 7.6 28.0 58.9 20.47%% 52.87%% §7.715%
DINO [15] 4.3  17.3 50.2 14.5M02 47.97906 61,3111 54  19.2 43.9 16.9T1° 50.0™%% 62.4718
TimeT [66] 12.2 46.2 66.3 17.9™7 52.17™7 68.5™* 18.4 44.6 58.2 20.6"** 54.3™7 £4.87°¢

§ UNIVERSITY OF AMSTERDAM NeCo: Improving DINOv2's spatial representations in 19 GPU hours with Patch Neighbor Consistency. Valentinos Pariza, Mohammadreza Salehi, Gertjan Burghouts, Francesco Locatello, Yuki
X M. Asano. arxiv 2024
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PaNeCo starting with different pretrained weights.

Pascal VOC COCO-Things
At Init +PANECO At Init +PANECO
Pretrain K=GT K=500 Lin. K=GT K=500 Lin. K=21 K=500 Lin. K=21 K=500 Lin.

iBOT [92] 44  31.1 66.1 1549 51.21%01 68.6™° 7.6 28.0 58.9 20.4™*® 5287218 77188
DINO [15] 4.3  17.3 50.2 14.5™02 47,9106 613111 54 19.2 43.9 16.9™° 50.0708 62.4718:5
TimeT [66] 12.2 46.2 66.3 17.9™7 52.1™9 68.5*% 18.4 44.6 58.2 20.6™2 54.3™7 64.870F
Leopart [93] 15.4 51.2 66.5 21.0™° 55.3™1 68.3™*% 14.8 53.2 63.0 18.8™% 53.9™7 65.414

§ UNIVERSITY OF AMSTERDAM NeCo: Improving DINOv2's spatial representations in 19 GPU hours with Patch Neighbor Consistency. Valentinos Pariza, Mohammadreza Salehi, Gertjan Burghouts, Francesco Locatello, Yuki
X M. Asano. arxiv 2024

23



PaNeCo starting with different pretrained weights.

Pascal VOC COCO-Things
At Init +PANECO At Init +PANECO
Pretrain K=GT K=500 Lin. K=GT K=500 Lin. K=21 K=500 Lin. K=21 K=500 Lin.

iBOT [92] 44  31.1 66.1 1549 51.21%01 68.6™° 7.6 28.0 58.9 20.4™*® 5287218 77188
DINO [15] 4.3  17.3 50.2 14.5™02 47,9106 613111 54 19.2 43.9 16.9™° 50.0708 62.4718:5
TimeT [66] 12.2 46.2 66.3 17.9™7 52.1™9 68.5%% 18.4 44.6 58.2 20.6™2 54.3™7 64.870F
Leopart [93] 15.4 51.2 66.5 21.0™° 55.3™! 68.3™% 14.8 53.2 63.0 18.8™% 53.9™7 65.414
CrlBo [49] 183 545 71.6 21.77* 59.6™1 72.11%° 14.5 483 64.3 21.179¢ 54.0™7 68.077

frozen clustering and linear segmentation results on Pascal VOC and COCO-Things.

— PaNeCo considerably boosts (1) the performance of different backbones

UNIVERSI'|'Y OF AMSTERDAM NeCo: Improving DINOv2's spatial representations in 19 GPU hours with Patch Neighbor Consistency. Valentinos Pariza, Mohammadreza Salehi, Gertjan Burghouts, Francesco Locatello, Yuki 54
X

M. Asano. arxiv 2024



Qualitative Results

UNIVERSITY OF AMSTERDAM
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Nearest Neighbors of Patches from representations
Query Retrieved Nearest Neighbors

. DINOV2R
" PaNeCo
: PaNeCo

ﬁ'; /\‘m‘s‘

PU hours with Patc Neighbor Consistency. Valentinos Pariza, Mohammadreza Salehi,

ertjan Burghouts, Francesco Locatello, Yuki 26

UNIVERSITY OF NeCo: Improving DINOvs spatia representatlons In 19
X M. Asano. arxiv 2024



PaNeCo rarely confuses semantically close patches
Query Retrieved Nearest Neighbors

On average such cases appear around 6% of the times from Pascal VOC retrieval cases.

;(‘ UNIVERSITY OF AMSTERDAM NeCo: Improving DINOv2's spatial representations in 19 GPU hours with Patch Neighbor Consistency. Valentinos Pariza, Mohammadreza Salehi, Gertjan Burghouts, Francesco Locatello, Yuki
X M. Asano. arxiv 2024
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k-Means Semantic Segmentation

Source

Source K=21 K=300 K=500

PaNeCo PaNeCo

Target (GT) . Target (GT) .

DINOV2R DINOVZR

UNIVERSITY OF AMSTERDAM NeCo: Improving DINOv2's spatial representations in 19 GPU hours with Patch Neighbor Consistency. Valentinos Pariza, Mohammadreza Salehi, Gertjan Burghouts, Francesco Locatello, Yuki
X M. Asano. arxiv 2024
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What's the sauce? E

- Dense Patch-ordering is loss well suited for post-pretraining
- We can improve upon (very strong) DINO/ DINOv2R models

- Strongest improvements in in-context semantic segmentation and even full-
finetuning

- also: code/models now available!

;(‘ UNIVERSITY OF AMSTERDAM NeCo: Improving DINOv2's spatial representations in 19 GPU hours with Patch Neighbor Consistency. Valentinos Pariza, Mohammadreza Salehi, Gertjan Burghouts, Francesco Locatello, Yuki 59
X M. Asano. arxiv 2024
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Time does tell: self-supervised time-tuning of dense image
representations.

Mohammadreags wehinbahteibrfa0 5idgspsleny o aR braddl and WdRkpa¥idichlad. ht



Current Vision Foundation Models are trained with
Images. Videos can enable new directions

Visual development for Al "Get" physics Embodied Al

+ their iInsane scal.@ &3 YouTube

UNIVERSITY OF AMSTERDAM
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Augmentations are crucial in classic image-SSL,
but forcing frames to be invariant is limiting

et al.
l model | e=-

£ )
& ‘model'

| m—

key principle: view-
Invariance

much not
the




Solution is obvious

3 UNIVERSITY OF AMSTERDAM
X

Image-level (one vector per frame)
\/=1Y
much not

the
same!

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
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<¢spatial features at time

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

Previous Methods

Image-based Video-based

Ours:
Time-Tuning

Use
Image-based Encoders

J : -,

B UNIVERSITY OF AMSTERDAM
X

Salehi, Gavves, Snoek, Asano. Time does tell: self-supervised time-tuning of dense image representations. ICCV 2023
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Ablations demonstrate using time helps learn better features

Modelling time is Model learns from temporal
esential iInfo

o))
o
@)
o

D D
e o
E 58,75 S0 575
o O o O
s =
2 o 57,5 25 55
g ® 56,25 s ® 52,5
) )
= k=
- 55 T — 50 e
Assume static TimeTuning 1frame 2frames 4 frames 8frames

UNIVERSITY OF AMSTERDAM 36
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Results

SOTA on unsupervised video segmentation SOTA on unsupervised image

“ustering segmentation
YTVOS DAVIS g
3 C D 7 C D Pascal VOC
K=21 K=500 LC FCN
Trained on Images Trained on I

ResnetS0 440 434 17 393 374 42 ReNer s 45 6s s3g
SwWAV [1] 39.5 38.2 3.2 32.0 296 7.3 DIi‘JO 5'5 i7°4 506 60.6
DINO [] 39.1 379 1.9 302 31.0 1.6 SWAV [ 116 357 507 -
Trained on Videos DenseCL [0 ] - 436 49.0 694
STEGO¥* 41.5 403 2.0 31.9 310 3.2 STEGO [21] 7.0 19.5 59.1 63.5
DINO* 37.2 36.1 1.2 293 292 24 CrOC [L] 20.6 - 61.6 -
Leopart* 41.5 405 7.7 37.5 365 126 Leopart [/~ ] 36.6 505 68.0 70.1

TIMET (ours) 525 513 133 53.7 53.0 20.5 Trained on Videos
STEGO* 4.0 15.5 51.1 55.5
Leopart* 14.9 21.2 53.2 63.2
Flowdino' [/(] - - 594 -
TIMET (ours) 34.5 53.2 68.0 70.6

UNIVERSITY OF AMSTERDAM
X
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Results on unsupervised video semantic segmentation

60

N
@)

Clip-wise mloU

0 I I I I

—i
)

B DINO W Leopart [ DINO-vid W Leopart-vid
UNIVERSITY OF AMSTERDAM L TimeTuning (OUFS)
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Unsupervised Semantic Segmentation on videos

mply running k-means on a couple of videos' spatial features, k=10]

7 | X part-centric maps
! X noisy maps

@ Crisp semantic

Ours

UNIVERSITY OF AMSTERDAM
X




Unsuperwsed Semantic Se ngentatlon on videos

spatlal features, k= 5]

[here: ruhning k-means on the whole video'

More examples

UNIVERSITY OF AMSTERDAM
X



What's the sauce? RESTO:

Barilla: _

- Videos provide rich supervision signal

- Don't use frame-wise invariance across time, but instead patch-level invarianc
- We can improve upon the (strong) DINO model

- Strongest improvements in unsupervised segmentation

UNIVERSITY OF AMSTERDAM

Rx{X X

Salehi, Gavves, Snoek, Asano. Time does tell: self-supervised time-tuning of dense image representations. |ICCV 2023 41



Is ImageNet worth 1 video? Learning strong image encoders from 1 long unlabelled
video.

Shashanka Venkataramanan, Mamshad Nayeem Rizve, Joao Carreira, Yannis Avrithis®,

Vi N A % https://www.barilla.com/it-it/ricette/tutte/farfalle-con-fave-e-pesto-ricotta-e-noci
11 | 'Yl aVa



TimeTuning:
DINO as init &

use temporal info
of videos.

UNIVERSITY OF AMSTERDAM
X

Motivated by: Asano Rupprecht, Vedaldi. A critical analysis of self-supervision, or what we can learn from a single image. ICLR 2020 43



us figuring out

" BUTITSHOULD ©
M BESEMANTICALLY RICH

UNIVERSITY OF AMSTERDAM
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DATA, AIIII WE Q.SSLh

-

"
W
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v Long

v High-res, smooth
v Semantically rich
v Scalable (we @ S

WTours proposed for learning video compression in ACCV 2022: Wiles et al. Compressed Vision for Efficient Video Understanding.

44
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Dora: Discover and Track
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Much like Dora, we
walk around and
learn from what we

see.
UNIVERSITY OF AMSTERDAM
X

(

-

1

encoder

_/

i

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

™

Multi-object
tracker

| object masks

per frame¥

rre

ZDINO

- distillation loss

- for multiple objects

m— encoder

.

J

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



Spreading attention with Sinkhorn-Knopp

Eﬂ Ml#g-cokt;ifct 3 heads with colors
R,G,B

Spatial patch features

1 2 3 mnn =N

B HEREER

ViT heads [l BEEREn
[ HEEE

Problem: heads attend to same
SK optimal transport for high

Spatial patch features

1 2 3 nEw =N
= EEEEEE
ViT head
- s ====III...

without

with SK

X
: UNIVERSITY OF AMSTERDAM Venkataramanan, Rizve, Carreira, Asano*, Avrithis*. Is ImageNet worth 1 video? Learning strong image encoders from 1 long unlabelled video. ICLR 2024 47



More examples:
multi-object tracking
in a ViT emerges |

x :
L:j . Venkataramanan, Rizve, Carreira, Asano*, Avrithis*. Is ImageNet worth 1 video? Learning strong image encoders from 1 long unlabelled video. ICLR 2024 48



Dora better than DINO
WT+ Dora: great match

57

D
LR §
A |
f ]
/ |
) ¥
J
&S :2
i g i
! “.
i i/ !
‘: ¥ § A
| I 0
E . 3
i ' )
/] A

h, ' /c‘

i i

I

F ! j o

d y )

52 5 2 )
7 “ g

Movie  K-400  EpicK pValkingTou d Movie K-400 EpicK WalkingTour

46
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Venkataramanan, Rizve, Carreira, Asano*, Avrithis*. Is ImageNet worth 1 video? Learning strong image encoders from 1 long unlabelled video. ICLR 2024 49
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ADE20k Semantic

But how does it compare against ImageNet pretraining?

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

N
(@0

Seg
. N 0y
- N L @)

mlioU AcC m

UNIVERSITY OF AMSTERDAM
X

41 37 100
D S o
T 40,5 C 36,25 £ 9
5 o :
o 40 gg 35,5 -2 80
O i
O 39,5 8 34,75 S 70
O O LL
39 34 60
mAP mloU iNat CIF100 Flowers
Dora (1WT) ~ on par with DINO
(IN-1K)

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

- 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

UNIVERSITY OF AMSTERDAM

Rx{X X

Venkataramanan, Rizve, Carreira, Asano*, Avrithis*. Is ImageNet worth 1 video? Learning strong image encoders from 1 long unlabelled video. ICLR 2024 o1



. Computer vision needs more post-pretraining
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‘High-level idea:
1 track multip'e objects acress time
2) enferce invariance of features acress time |4
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Much like Dera, we walk
ound and learn from
what we see,
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Future Foundation Models will be massively pretrained with videos.
Post-pretraining has a large potential that we're only beginning to exploit



Who gave the talk again?
Oh, hi, I'm Yuki

- Currently Assistant Professor with Video & Image Sense (VIS) Lab
- In two days:
Full Professor and head of Fundamental Al Lab, University of Technology

Nuremberg
ﬁﬁ‘ Fundamental
Eﬂ AI Lab
- Our focus:
- Self-supervised Learning

- Multimodal Learning
- Large Language Models
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@y_m_asano

- Let's collaborate!



