== T\ From Foundation Models to
Multi-Modal Models in Medical Imaging
MICCA 2025 dels in

Ismail Ben Ayed  Tanveer Syeda-Mahmood Yunsoo Kim Julio Silva-Rodriguez



Outline (Morning session)

® M1. Introduction to Foundation Models -- 8 to 9:30 AM (Tanveer)

Evolution of Machine learning models

Definition of Foundation models

What makes a model foundational?

Foundational models in medical imaging

Self-supervised learning, contrastive learning, masked auto-encoders
LLMs- transformers

® M2. Vision-Language Models (VLMs) — 9:30 to 10:00 AM (Ismail)

o Contrastive Language-Image Pre-training (CLIP)
o Zero-shot and few-shot inference
o Vision-language models for medical imaging (e.g., embedding domain knowledge)

® Coffee break: 10 to 10:30 AM

O O O O O O



Outline (Morning session)

® Ma3. Fine-tuning large Vision-Language Models - 10:30 to 11:10 AM (Ismail)
Prompt learning

Adapters

Linear-probing baselines

Parameter-efficient fine-tuning (e.g., low-rank approximation)

Transduction helps VLMs.

® MA4. Foundational models for segmentation -- 11:10 to 11:50 AM (Julio)
o Types of foundation models: a data perspective.
O Learning/usages-based classification.
O  Zero-shot/adaptation-oriented volumetric foundation models.

® MS5. Techniques for Improving LLM performance --11:50-12:10 PM (Tanveer)
O Instruction tuning
O Retrieval-augmented generation
o Fact-checking
® MG6. Deployment considerations of generative Al -- 12:-10 PM -12:30 PM (Tanveer)

o Datasets for training foundational models
o  Evaluation of foundational models

O O O O O



Foundational models for segmentation



Outline

MA4. Foundational models for segmentation
o Types of foundation models: a data perspective.
o Learning/usages-based classification.
o Zero-shot/adaptation-oriented volumetric foundation models.



Foundation models for medical image segmentation
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Foundation models for medical image segmentation

Trained with many
data / tasks / domains

o — e e e e e e e

Transfer to new
domains/tasks

+ Some target
domain feedback
(ideally small)



Foundation models for medical image segmentation

Trained with many Large-Seale \
data / tasks / domains

Foundation Model . '
. ies K
- ]

UniSeg

UniverSeg

MedSAM .
CLIP-Driven

Transfer to new SuPreM

Iris .
domains/tasks MultiTalent SAM

MedSAM-3D
MRI-Core

- Hermes
+ Some target sbesslal Spark3D

domain feedback

(ideally small) CT-CLIP
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Foundation models for medical image segmentation

Large-Scale N
Foundation Maodel

Trained with many
data / tasks / domains

Organizing the mess!

1. Types of foundation models: a data perspective.
A. Generalist vs. Specialized
B. 2D vs. 3D
C. Multimodal vs. Unimodal

2. Learning/Usage Objectives

Hag

A. Zero-shot / Transfer Learning
B. In-Context Learning
C. Interactive Models (“SAM”)
3. Zero-shot / Adaptation-oriented (3D data)

+ Some target o
domain feedback A. How to pre-train?
(ideally small) B. How useful are foundation models? Limitations

on the adaptation stage

. —

C. Few-shot Parameter-Efficient Fine-tuning
11



Foundation models for medical image segmentation

Large-Scale N
Foundation Maodel

Trained with many
data / tasks / domains

Organizing the mess!
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A. Zero-shot / Transfer Learning
B. In-Context Learning
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3. Zero-shot / Adaptation-oriented (3D data)
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Types of foundation models: a data perspective.
Generalist vs. Specialized (pre-training)

+ Data Available - Data Available

Vision g ‘

Foundation
Model A

Medical

- »
Foundation Models a7 B 7
i ]
: - N
R
Modality-specific : :ag,"i
e ]

Foundation Models
Organ-specific ' ‘

Foundation Models

Task-specific
Foundation Models

Huang et al. On The Challenges And Perspectives of Foundation Models
For Medical Image Analysis. MedIA’24.



Types of foundation models: a data perspective.

Generalist vs. Specialized (pre-training)

- Medical better than General (natural image)

Vision g
Foundation

Model
Medical
Foundation Models

0.8

i a Performance Distribution of External Validation Tasks
g‘; 4-5\:3) v 1 —_— —
S
%
et
Modality-specific . daa
Foundation Models e

Organ-specific ' ‘
Foundation Models

Task-specific
Foundation Models

0.6

0.4

Dice Similarity Coefficient

0.2 a

Huang et al. On The Challenges And Perspectives of Foundation Models
For Medical Image Analysis. MedlA’24. 0

SAM U-Net specialist DeepLabV3+ specialist MedSAM

Ma et al. Segment Anything in Medical Images.
Nat.Com.’24
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Types of foundation models: a data perspective.

Generalist vs. Specialized (pre-training)

- Modality better than Medical ?
(scarce empirical studies for segmentation)

Vision
Foundation
Model

Medical
Foundation Models

Modality-specific
Foundation Models

B 1

R

[ENE
Organ-specific ' ‘

Foundation Models

Task-specific
Foundation Models

Huang et al. On The Challenges And Perspectives of Foundation Models
For Medical Image Analysis. MedIA’24.
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Types of foundation models: a data perspective.

Generalist vs. Specialized (pre-
training)

- Modality better than Medical ?
(scarce empirical studies for segmentation)
BUT... On VLMs for classification it is the case.

Vision
Foundation

Model

Medical
Foundation Models

(a) Zero-shot MESSIDOR FIVES REFUGE  20x3 ODIRags MMAC  Avg.

CLIP ViT-B/32 0.200 0.256 0.433 0.333 0.480 0183 0314

BiomedCLIP  ViT-B/16 0.207 0.415 0.624 0.617 0.583 0274 0453

Modality-specific 2 FLAIR RN50 0.604 0.735 0.883 0.983 0.667 0.400  0.712

Aats Lals &

Foundation Models g (b) Linear Probing

e eite ,‘ ImageNet RN50 0.424 0.741 0.733 0.083 0.887 0631 | o33

Cr?m, spadiic . CLIP ViT-B/32 0.491 0.800 0.720 0.950 0.017 o642 | 0753

Foundation Models =3 BiomedCLIP  ViT-B/16 0.433 0654 0776 0.866 0.883 0678 | 0.715

% RETFound  ViT-B/16 0.457 0.765 0.747 0.950 0.887 0547 | 0725

Task-specific FLAIR RN50 0.719 0.879 0.843  1.000 0.935 0.740 || 0.852

Foundation Models
Silva-Rodriguez et al. A Foundation Language-image
Model of the Retina: Encoding Expert Knowledge in Text

Huang et al. On The Challenges And Perspectives of Foundation Models o
Supervision. MedIA’25.

For Medical Image Analysis. MedIA’24.
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Types of foundation models: a data perspective.

Generalist vs. Specialized (pre-
training)

- Modality better than Medical ?
(scarce empirical studies for segmentation)
BUT... Large domain GAP between modalities.

Vision
Foundation
Model

Foundation Models

Modality-specific
Foundation Models

k okl
PR
s
Organ-specific ,)
Foundation Models E

Task-specific
Foundation Models

Huang et al. On The Challenges And Perspectives of Foundation Models
For Medical Image Analysis. MedIA’24.

go |\ -
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Ma et al. Segment Anything in Medical Images. Nat.Com.’24




Types of foundation models: a data perspective.

2D vs. 3D (pre-training)

2D Images*
256 x 256 pixels
512 x 512 pixels

3D Volumes
256 x 256 x 500 pixels
512 x 512 x 500 pixels

18



Types of foundation models: a data perspective.

2D vs. 3D (pre-training)

- Pre-training on 3D better than on 2D
(also, a limitation of natural image pre-training)

2D Images*
256 x 256 pixels
512 x 512 pixels

3D Volumes
256 x 256 x 500 pixels
512 x 512 x 500 pixels

Bice Dol at 1 canver goins
(d) SAM-Med3D vs. SAM-Med2D
Wang et al. SAM-Med3D: Towards General-Purpose

Segmentation Models for Volumetric Medical Images.
ECCVw’24. 19



Types of foundation models: a data perspective.

Multimodal vs. Unimodal

Image-Level image-language pre-training

No abnormality seen...

Segmentation image-language pre-training

“A liver is in the image”

20



Types of foundation models: a data perspective.

Multimodal vs. Unimodal

— .,/ Wpancreas
~ Aphoto of / ws d A
. . . . DS '-M*H . 51 - -
-> Why segmentation FMs in medical are mostly Unimodal? % s 91
CLIP embedding !

/ g
e V.
b i

global average
pooling

- Scarcity of grounding language annotations with masks.
- Already-existing large datasets with pixel/voxel annotations only.

standardized processing

- Unclear contribution of text modality in absence of open- = -
vocabUIary conceptSl public datasets S o partial labels:
- Some works include a CLIP-driven component, but its contribution _ _ _
. Liu et al. CLIP-Driven Universal Model for Organ
is doubtful. Segmentation and Tumor Detection. ICCV’23.
- To explore in lesion segmentation? ¢ oo
| it S | i
B ==
Chest CT volume §.

Text transformer
Radiclogy report

Findings + Impression

Hamamci et al. Developing  Generalist
Foundation Models from a Multimodal Dataset
for 3D Computed Tomography. ArXiv’24. 21

“A liver is in the image”



Foundation models for medical image segmentation

Large-Scale N
Foundation Maodel

Trained with many
data / tasks / domains

Organizing the mess!

1. Types of foundation models: a data perspective.
A. Generalist vs. Specialized
B. 2D vs. 3D

C. Multimodal vs. Unimodal

Hog

bR LTS

2. Learning/Usage Objectives

A. Zero-shot / Transfer Learning
B. In-Context Learning
C. Interactive Models (“SAM”)
3. Zero-shot / Adaptation-oriented (3D data)

+ Some target N
domain feedback A. How to pre-train?
(ideally small) B. How useful are foundation models? Limitations on

the adaptation stage

. —

C. Few-shot Parameter-Efficient Fine-Tuning
22



3DSeg-8

Learning / usage objectives.

Med3D

Chen et al. Med3D: Transfer Learning for 3D Medical Image Analysis. ArXiv’19.

Lung Nodule Dataset

ﬁl_

Zero-shot / Transfer Learning

ImageNet Philosophy

Segmentation Results

Convolution Layers

Sy ?\

Up-sample

Fully-connected Layer

" ‘._. Classification: Malignancy

Figure 2: Framework of the proposed method.

HERMES

Med3D('19)

CLIP-Driven

MultiTalent

FSEFT

a) Collection of partially labeled datasets

UniSeg

SuPreM

b) Contradicting and overlapping classes

Ulrich et al. MultiTalent: A Multi-Dataset Approach to Medical

EE

Liver + Liver tumor Lung cancer

Pancreas

c) Training strategies

Traditional training

."-_-'J wu' 'ln._-.J vs.

One network per dataset

Image Segmentation. MICCAI’23.

B 01 Liver
|

07 Aorta
11 Aorta
Bl 11 Heart
I 10 Heart

Multi-dataset training

y

MultiTalent: One network for all datasets

04 Liver vessel
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Learning / usage objectives. Med3D(19)

Zero-shot / Transfer Learning CLIP-Driven

ImageNet Philosophy
MultiTalent

3DSeg-8 Med3D egmentation Results H E R M ES

___________________________ Convolution gffyers U n iS e
= o . [ - Zero-shot predictions 9
i f 1 y 4

e .L_.‘ L S [ tojbase tasks FSEFT

L y ) ﬂ

5 Y
w - Transfer Up-samplé ) SU PreM
Lung Nodule Dataset fff ~ 1-----------------—- Fully-cqnected Layer
Fl I?e'tulnl to nove, : : : a) Collection of partially labeled datasets b) Contradicting and overlapping classes
“ domain.S/t&Sks ‘ Classification: Malignancy : 01 Liver

04 Liver vessel

Figure 2: ework of the ed method. -” .U

07 Aorta
11 Aorta
El 11 Heart
. . . .y Liver + Liver tumor Lung cancer Pancreas B 10 Heart
Chen et al. Med3D: Transfer Learning for 3D Medical Image Analysis. ArXiv’19.
c) Training strategies
Traditional training Multi-dataset training
I | I} I I| I [ I
| |
One network per dataset MultiTalent: One network for all datasets

2/ CD

Ulrich et al. MultiTalent: A Multi-Dataset Approach to Medical 24
Image Segmentation. MICCAI’23.




Learning / usage objectives.

(Zero-shot: VLMs vs. Unimodal)

Zero-shot: not receiving any supervision from the target domain/task

Unimodal
~— N
a1l 3
'_ © ©
Multi-modal wr (B IE
A photo of
[“CAT’/’DOG’]

\\.D s prototypes Is zero-shot predictions to novel categories a

realistic objective?

) Undandarao et al. No Zero-Shot without Exponential Data:
Class 1: cat ‘ ‘ Pretraining Concept frequency Determines Multimodal Model
‘ ‘ Performance. NeurlPS’24.
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Learning / usage objectives. UniverSeg

In Context Learning Tyche
“At the end of the day, practitioners won’t fine-tune” I
rs
Traditional Approach UniverSeg Approach
1. Design and train a task-specific model. With a trained UniverSeg model, predict new images for the new

task from a few labeled pairs without retraining.

- —: Query Image
oW -8 &
| [ 2 —>
2. Predict new images with the trained model. & =
q \ SupporESet — n

—

26
Butoi et al. Universeg: Universal medical image segmentation. ICCV’23.



Learning / usage objectives.

In Context Learning

Main Idea

Query
t

=== Query Path
=P Support Path

] Down-Sample

[ Up-Sample
CrossBlock
===1 1x1 Convolution
" convolution + ReLU
[1]] channel-wise Concat

Support set StE

Butoi et al. Universeg: Universal medical image segmentation. ICCV’23.

UniverSeg
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Learning / usage objectives. UniverSeg

In Context Learning

Main Idea

Query
t

Support set StE

Butoi et al. Universeg: Universal medical image segmentation. ICCV’23.

=== Query Path

=P Support Path

] Down-Sample
Up-Sample
CrossBlock
===1 1x1 Convolution
" convolution + ReLU
[1]] channel-wise Concat

B
il
il

The representations from the
query and support samples can
interact at multiple scales

28



Learning / usage objectives.

UniverSeg

In Context Learning

=P Query Path

=== Support Path

2] Down-Sample

1 Up-Sample
CrossBlock
== 1x1 Convolution
" convolution + ReLU
[1[] Channel-wise Concat

Butoi et al. Universeg: Universal medical image segmentation. ICCV’23.

CrossBlock(u, V;0,.0,) = (u', V"), where: (2)
z; = A(CrossConv(u,v;;0,)) fori=1,2,...,n
uw'=1/n) " ;2 Query output: average across support
vi = A(Conv(z;;6,)) fori=1,2,... n,

Support samples

CrossConv(u, V;6.) = {zi}iz1, activation maps

for z; = Conv(ul|v;;6.),

T

Concatenate query and
support activation maps

29



Learning / usage objectives.

In Context Learning

How is this trained? (Hint: based on meta-learning or learning-to-learn)

UniverSeg

xt

~Lobafel

Butoi et al. Universeg: Universal medical image segmentation. ICCV’23.
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Learning / usage objectives. UniverSeg

In Context Learning

How is this trained? (Hint: based on meta-learning or learning-to-learn)

for K =1,...,NumTrainSteps do

t~T > Sample Task
(xf,y8) ~ t > Sample Query
St {(25,95)}) &> Sample Support
mE, ’yf + Aug, (mﬁ, yf ) > Augment Query
S* « {Aug, (-’1‘??,', y})}’? > Augment Support
mg:ygnst FAUgT(mi,yf,St) DTaskAug
i < fo(z},S") > Predict label map
£+ ﬁseg (ﬁm yf) > Compute loss
0 < 0 —nVel > Gradient step
end for

31
Butoi et al. Universeg: Universal medical image segmentation. ICCV’23.



Learning / usage objectives. UniverSeg

In Context Learning

How is this trained? (Hint: based on meta-learning or learning-to-learn)

for K =1,...,NumTrainSteps do

t~T > Sample Task —»  Among all training tasks
(275, yf) ~t > Sample Query
St {(25,95)}) > Sample Support
mE, ’yf + Aug, (mﬁ, yf ) > Augment Query
S* « {Aug, (-’1‘??,', y})}’? > Augment Support
mg:ygnst FAUgT(mi,yf,St) DTaskAug
Ui < fo(zt, SY) &> Predict label map
£+ ﬁseg (ﬁm yf) > Compute loss
0+ 0 —nVel > Gradient step
end for

32
Butoi et al. Universeg: Universal medical image segmentation. ICCV’23.



Learning / usage objectives. UniverSeg

In Context Learning

How is this trained? (Hint: based on meta-learning or learning-to-learn)

forf :71.’ -+, NumTrainSteps do > Sample Task Among all training samples
(t,yt) ~ t S — / from that task
St {(25,y5)}) &> Sample Support
i, y; < Aug,(zf, ;) > Augment Query
S* + {Aug,(zf, y)}7 > Augment Support 000
mg:ygnst FAUgT(mi,yf,St) DTaskAug
Ui < fo(zt, SY) &> Predict label map
£+ ﬁseg(ﬁz’y yf) > Compute loss 000
0+ 0 —nVel > Gradient step
end for

33
Butoi et al. Universeg: Universal medical image segmentation. ICCV’23.



Learning / usage objectives. UniverSeg

In Context Learning

How is this trained? (Hint: based on meta-learning or learning-to-learn)

forf :71.’ -+, NumTrainSteps do > Sample Task Among all training samples
(zt,yt) ~ > Sample Query / from that task
St {(mj?,-,yj)};;i > Sample Support
xt, yt + Aug,(zt,y?) > Augment Query
S* « {Aug, (3’-;" ZIJE)}7~l > Augment Support
zt,yt, St « Augr(zf,yl, S) > Task Aug
i < fo(z},S") > Predict label map
£+ ﬁseg (ﬁz: yf) > Compute loss
0 < 0 —nVel > Gradient step
end for

Butoi et al. Universeg: Universal medical image segmentation. ICCV’23.



Learning / usage objectives. UniverSeg

In Context Learning

How is this trained? (Hint: based on meta-learning or learning-to-learn)

for K =1,...,NumTrainSteps do

t~T > Sample Task
(xf,y8) ~ t > Sample Query
St {(25,98)}} 4 &> Sample Support
xt, yt < Aug,(zt,y!) > Augment Query —»  Images Augmentations
St +— {Aug, (m;, y;’)}" > Augment Support
mg:yzzst FAUgT(I‘i,yf,St) DTaskAug
Ui < fo(zt,SY) o> Predict label map
£+ ﬁseg (ﬁm yf) > Compute loss
0+ 0 —nVel > Gradient step
end for

35
Butoi et al. Universeg: Universal medical image segmentation. ICCV’23.



Learning / usage objectives. UniverSeg

In Context Learning

How is this trained? (Hint: based on meta-learning or learning-to-learn)

for K =1,...,NumTrainSteps do

t~T > Sample Task

(xf,y8) ~ t > Sample Query

St {(25,95)}) &> Sample Support

mE, ’yf + Aug, (mﬁ, yf ) > Augment Query

S* « {Aug, (-’1‘??,', y})}’? > Augment Support

mg:ygnst FAUgT(mi,yf,St) DTaskAug

i + fo(z}, ") > Predict label map

£ < Loeg (i, vf) > Compute loss —, Standard (training) forward-
0 < 0 —nVyl > Gradient step backward steps

end for

36
Butoi et al. Universeg: Universal medical image segmentation. ICCV’23.



Learning / usage objectives.

In Context Learning

And what about inference?

Foragivenimagext  § = fa(z?, %)

M
To make it more robust, multiple . i ¢ ot
support sets are employed :> y= M Z fo (ac ’Sm)

Butoi et al. Universeg: Universal medical image segmentation. ICCV’23.

UniverSeg

37



Learning / usage objectives. UniverSeg

In Context Learning

v' Can tackle new tasks.
v Does not require fine-tuning.
v" Promising performance.

(ours)
UniverSeg

T

338

sz - . .

52 x Limited to the binary scenario.

(=% oo

2 x Performance below dataset-specific models.

o, x Unclear implementation on large 3D data.

35 . . .

= x Requires continuously employing the support set.
ACDC PanDental STARE SpineWeb

Method
PNt

60 B ALPNet
I SENet
40 UniverSeg
— [ours)
nnuNet
i : . o -t

0

Test Dice Score

38
Butoi et al. Universeg: Universal medical image segmentation. ICCV’23.



Learning / usage objectives.
In Context Learning

Test-Time
Augmentations

Stochastic Target
[tz M
m=1

T,k

—_—
@ o e e Predictions Us 2 = a
Clontext § s 8 S % % — = E . \4
{J,.! . t1|_5' 5 E 9 =@ 9 = S = o
ST ji {}J._ ji {‘;J‘- {uﬁ C}JL Z % . — Tyche
— 5% /
(=5

In-Context Learning
m CrossBlocks

Rakic et al. Tyche: Stochastic In-Context Learning for Medical Image Segmentation. CVPR’24

Tyche

Measure Uncertainty

- - -
— I
~ I




Learning / usage objectives.

In Context Learning

Image encoder disconnected from support
sample cross-correlation operations

U . Pt

Task Encoding T e - '

[ ]
.
: ; L2 T3 L
! | — U — 8z | — > gg
| ¥
! X F
B E 1 q Mask Decading
—E_ I Random T
: | Sl N e e .
a — »(X) >0 O O M@ W
= | Ye g el 1t
H @
£ i g Self-Attention
1 @
i
. ; ms Morge & o
l i ﬁg - » —p —p[ Cross-Attention ]
: : @ 5] Pixel Pixel
| | A Gl e s T trrt
| E [Foye] rD D D D\I
I 1
A !’

Gao et al. Show and Segment: Universal Medical Image Segmentation via In-Context Learning. CVPR’25

Iris

40



Learning / usage objectives. Iris

In Context Learning

Context is introduced trough task
embedding in the decoder

|
@

l

|
W\

w i q

@

a

5

o0 N ® Poal

o >

E 7

e g .

o ) Self-Attention
. o m= Morge & o o
l — ﬁg - » —p —p[ Cross-Attention ]
' g® Pixel Pixel
! F Shuffie Unshuffie = T 1 T T
i : [F5 ;] : 0o
! Task Encoding T e R E e ;
A

Gao et al. Show and Segment: Universal Medical Image Segmentation via In-Context Learning. CVPR’25



Learning / usage objectives. Iris

In Context Learning

Context is introduced trough task
embedding in the decoder

v" Allows multi-class tasks.
v' Disentangles the support set

-

|
C

|

|
I\

]
i
i
i
I
H
1
w i *q Fq M - rocessing and inference — more
K4 i ask Decoding T P g
g ' flexible and efficient scenarios.
5 i Pool T T T T T i
2 ! »(X) >0 D 0@ B
g} = L J A) One-shot B) Context Ensemble
= i g L N S | § - -t 4
s E "3 Self-Attention ] Test Images Predictions
] ] .
= m e O mE-:
! 1 2 3 Merge & x5 ¥s
l i ﬁg - » —p @ —p[ Cross-Attention ]
! ! @ Pixel UF;I;(ELHE C) Object-level Context Retrieval D) In-Context Tuning
I I NS —
| : PRy F. Tttt cE—G-8  #-6-
! ! [Feyel rD D D D\, Final Testimages _ ___ Predictions
: : Task EnGO’dlng rI' == e el ) i€ -.': Predicton f Inference
A\, !
@ =) In-Context Tuning
o I
i 7 Rt
a M - I
Task Embedding Pool Xs redicions Vs
42

Gao et al. Show and Segment: Universal Medical Image Segmentation via In-Context Learning. CVPR’25



Learning / usage objectives. Iris

lapooug
abew|

In Context Learning

Context is introduced trough task
embedding in the decoder

f

-

_________

Task Encoding T

\I
i
!
i
H
) i F, ¥Yq
© ' Mask Decoding
s &l !
1
o i Pool [ _ |
w 1 » | I
> i '@ 7 © _.____I;I___!__.!_-*'
< poy . § wrl f 1 1 1
3 i H w
£ U i g Self-Attention
= ™ 2 G e
: i §n3_.1 L, Merge & .
: ! %‘3 —— m} —b[ Cross-Attention
1 ] 5 Pixsl
| i F Shufie Unshuffie ? 1 1 T T
I [ 5 ] S e emmme e —————
| | Lo O 0 o O
I 1
A\, !

Gao et al. Show and Segment: Universal Medical Image Segmentation via In-Context Learning. CVPR’25

T; = Pool(Upsample(F,) ® y,) € R'*¢
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Learning / usage objectives. Iris

In Context Learning

Context is introduced trough task
embedding in the decoder

lapooug
abew|
v
Mask
Deco
=
L]
1]
[

i F

3 : 1 Mask Decoding Ya

T i T

E E Pool :‘""" i

2 | v@c »olm 0 mm|

£ ?-l'-..:-t : yS T B [TrJT‘,] T f T f

E U E % [ Self-Attention ] o
. 5 Mo t Tt 1 Ty = Pool(Upsample(F,) ® y,) € R ™
i ' 4 —» @ —-b[ Cross-Attention
I : Pixel Pixel —
! . E Fs Shuffie bl Unshuffie .,S 1 1 1,| : :
I : — Mmoo O i Y Clrix DxHxW
;\ 5 Task Encoding 7 B {mim =} F!, = PixelShuffle(F,) e RE/7 xPxHx

-

_________

F= PixelUnshuffle(Conv(Concat[F',, y,])) € RC*dxhxw

44
Gao et al. Show and Segment: Universal Medical Image Segmentation via In-Context Learning. CVPR’25



Learning / usage objectives. Iris

In Context Learning

Context is introduced trough task
embedding in the decoder

lapooug
abew|

F,T" = CrossAtin(F, T)

i
i
i
o i
& i
o ]
E | KxDxHxW
i Pool . ' ' xDxH=xW
b;, ; yq:D(Fq!T}E{D:]-}
c 1
£ i
& i .
o ! Self-Attention X
i Decoder is a query-based Transformer
i | Merge & T T T T
i i —» —b[ Cross-Attention '
i i Pixel
I I r _______________ \I
i\ j Task Encoding T 0.0 0. o

Mask2Former. CVPR’22. 45

Gao et al. Show and Segment: Universal Medical Image Segmentation via In-Context Learning. CVPR’25



Learning / usage objectives. SAM

o ——— Interactive models (“SAM”) MedSAM
model data
t | 3DSAM-Adapter
G Trained on huge
Segment Anything 1B (SA-1B): amount of data MA-SAM
* 1+ billion masks -
* 11 million images [ o
* privacy respecting ﬁ QAE) E Med-SAM3D
* licensed images 7 L) i
Pipeline
, score
. ‘*’. C) mask decoder {—
image -
encoder = f ! ! , score
L / conv\ prompt encoder
. imag ! f f f score
1mage emltr)n ezcli%;ng mask  points  box text ’

valid masks

46
Kirillov et al. Segment Anything. ICCV’23.



How is this trained?

Learning / usage objectives.

Interactive models (“SAM”)

image
encoder

image

Kirillov et al. Segment Anything. ICCV’23.

0

|

image

] 7

SAM

<> mask decoder
1 1 T
/ conv\ prompt encoder
! 1 f !
points  box text

embedding| MasK

valid masks

, score

, score

, score
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How is this trained?

Learning / usage objectives. SAM

Interactive models (“SAM”)

image

Kirillov et al. Segment Anything. ICCV’23.

L ] , score
— *] — <> mask decoder
g — { { } , score
encoder —_— : : ’
| / conv\ prompt encoder
0 .
- image t 1 T T , score
embedding mask | points box text
. . valid masks
Positional embeddings
+
Learnable Embeddings
(per type of prompt)
48



How is this trained?

Learning / usage objectives. SAM

Interactive models (“SAM”)

Lightweight Mask Decoder:
Image — prompt cross-attention
+ MLP + upsampling

image

Kirillov et al. Segment Anything. ICCV’23.

, score

, score

, score

| T
. o0 —1p mask decoder -
image = ‘ - ‘

encoder LI I T :
| / COHV\ prompt encoder
Ll 1
- image t 1 T T
embedding mask | points box text

valid masks

Positional embeddings
+
Learnable Embeddings
(per type of prompt)

49



Learning / usage objectives. SAM

Interactive models (“SAM”)

And what about inference?

SIURIEH

valid mask

model
y T
e © catwith
L black ears
segmentation prompt image

Remember: prompts on test data

Kirillov et al. Segment Anything. ICCV’23.



Learning / usage objectives. MedSAM

Interactive models (“SAM”)

Fine-tuning SAM on
huge amount of
medical data

[
\
! Mask decoder
Image
Pipeline | t
encoder ‘- Prompt encoder
Image -
Input Image embedding (] Segmentation
. 51
Bounding box prompts

Ma et al. Segment Anything in Medical Images. Nat.Com.’24.



Learning / usage objectives. MedSAM

Interactive models (“SAM”)

llisll
e, ®] (@

AR YE A

Pipeline

Trained on huge
amount of data

Ma et al. Segment Anything in Medical Images. Nat.Com.’24.

-

Image
encoder .
Image
embeddin

Input Image

Limited to Bounding Box
and point prompts

How good is the DSC of
this bounding box?

Mask decoder
t
Prompt encoder
|
D ) Segmentation
; 52
Bounding box prompts




Learning / usage objectives. 3DSAM-Adapter

Interactive models (“SAM”)

Fine-tuning SAM via
Parameter-Efficient

Fine-Tuning st
= Positional embedding '-..II
S — _wee) (b B E R R (5] (] MEER
2 oo Bl Bl B e e (2] 13
; . 7 BlL2 7L B 3 =~ SeglossI
Raw image 3 2" &|: EnEE = " & —_—
2 EANEAE =| 2| | | 2
l Patch embedding l E S|el i8] |8 3 8 % "===I
ikl ) = = & |=||& ) 2 2 1
 fon 4T _ o (o) =y (53 E[E EE [EE G i
T e —— = | =
! Q00000 Image patches DHW Ground truth
- f W Point prompt
# Frozen & Tuned

Gong et al. 3DSAM-adapter: Holistic Adaptation of SAM from 2D to 3D for
Promptable Medical Image Segmentation. MedIA’24.
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Learning / usage objectives. MA-SAM (3D)

Interactive models (“SAM”)

Fine-tuning SAM 2D
via Parameter-Efficient

[B, N, H, W] [BN, H, W] Image encoder Mask decoder 4
Fine-Tuning to 3D . . . 5N =% [
E x £ x E Ex| |35 |a
i it Hilndh el Fint § bl
Input 3D volumes — __| erjr:g:e_a_di_ng - Prediction
3D Adapter L?a“(;[}arsnk‘ 3D Adapter
£y
- Adapt for promptable version. 38 -
£ 3 o £ |58 E > - | |5 ¢
Methods Dice T NSD 1 Sod g S0l f- fE e i J g S o -2 -e- & Fnetune
anU-Net (Isensee et al., 2021) A6 625 8 Y e & s | & D S s & 4 Froere
3D UX-Net (Lee et al., 2023) 348 526
SwinUNETR (Tang et al., 2022b) 40.6  60.0
nnFormer (Zhou et al., 2023a) 3o.5 540
3DSAM-adapter (automatic) (Gong et al., 2023) | 30.2 4|5.4
3DSAM-adapter (10 pts/scan) (Gong et al., 2023)| 57.5  79.6 3D Adapter
MA-SAM (automatic)
MA-SAM (1 tight 3D bbx/scan)
MA-SAM (1 relaxed 3D bbx/scan)

Chen et al. MA-SAM: Modality-agnostic SAM Adaptation for 3D Medical Image Segmentation. MedIA’24. o4



Fine-tuning SAM 2D
via Parameter-Efficient

Learning / usage objectives.

MA-SAM (3D)

Interactive models (“SAM”)

. . [B, N, H, W] [BN, H, W] Image encoder Mask decoder 4
Fine-Tuning to 3D . i N N =9 [
i) 7] u o E
gﬁ_,§§—> —-gﬁ — — §§ ﬁz—-ﬁ—r
%8 zs % 3 2= (2§ =
= B = e =
= = = i = =
Input 3D volumes = | embe _di_ng B Prediction
3D Adapter L?a“(;[}arsnk‘ 3D Adapter
+ ¥
=5 E
o E =
£ B s £ £ 3 £ = . £ = 4
5> i —gi— Fohl 5> 22 _,@_+g—>§—>gg—>g= &L £ 250
= = (53 = E Nl = = o z2 T )
‘ ‘ ‘ =2 ] ‘ *t ‘ @ ‘ Fine-tune
- Fine-tuning SAM R s Lo & s penane SR L
Methods [Spleen RKd LKd GB Eso. Liver Stomach Aorta IVC Veins Pancreas AG [Average
Dice [%] T
nnU-Net (Isensee et al., 2021) 97.0 953 953 635 775 974 891 90.1 885 79.0 87.1 752 863
3D UX-Net (Lee et al., 2023) 946 942 943 503 722 964 734 B72 849 722 809 67.1] 814
SwinUNETR (Tang et al., 2022b)| 95.6 942 943 636 755 966 792 899 837 750 822 67.3] 831 q
nnFormer (Zhou et al., 2023a) 93.5 949 950 641 795 968 901 80.7 859 718 856 739 856 +0.9%
SAMed_h (Zhang and Liu, 2023) | 953 921 929 621 753 964 902 8§76 79.8 742 779 61.0| 821
MA-SAM (Ours) 96.7 951 954 682 821 969 928 911 875 798 866 739 8.2

Chen et al. MA-SAM: Modality-agnostic SAM Adaptation for 3D Medical Image Segmentation. MedIA’24.
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Learning / usage objectives.

Training a 3D SAM Interactive models (“SAM”)

with Medical data
from Scratch

Med-SAM3D

[H, W, D] 4 3D Image Encoder % 3D Mask Decoder
- = - i o - . Dice (%)
_lls ;‘é"_’ £ ‘E o "E ol |:|_‘ E; . Ea 1 Model Prompt | Inference Time (s) Soen Unseen Overall
S e e
g a < £ g 88 SAM N pts N(r+0.13) 16.79 11.73 16.15
— 5 & 8 Ege = orediction SAM-Med2D N pts N(7 + 0.04) 38.91 22.55 36.83
Image Embedding T Prompt I SAM-Med3D 1 pt T+2 81.98 37.02 76.2T7
Embeddings SAM 3N pts 3N(r+019) 3461 1504 3224
5D Prompt Encoder SAM-Med2D 3N pts 3N(r +0.07) 51.46 29.70 48.70
Leamable GELU SAM-Med3D 3 pts 343 8414 43.80 79.02
Q. - w Embedding
o L. 33 a ® LN 3D SAM 5N pts 5N (T +0.25) 19.39 21.86 45.89
£ k=32 g E scalint i 3D Abs PE com 3D SAM-Med2D 5N pts 5N(r+010)  51.89 3041 49.17
: H E SAM-Med3D 5 pts 57+4 84.62 46.26 79.75
= =
o Y e & Points SAM-Med3D 10 pts 10746 85.19 49.92 80.71
3D Multi-head Self-aAttention vz
56

Wang et al. SAM-Med3D: Towards General-Purpose Segmentation Models for Volumetric Medical Images. ECCVw’24.



Learning / usage objectives. Med-SAM3D

Training a 3D SAM Interactive models (“SAM”)

with Medical data
from Scratch

1 point for each N slices

3D Mask Decoder \

[H, W, D] /_ 3D Image Encoder %
A c = — o A : Dice (%)
. gé‘_’ E | Eg S _‘gg . %_‘ E% . E{:‘;‘ . % . Model rompt | Inference Time (s) Soen Unseen Overall
o4 5 = = O §° |&8 SAM N pts N(r+0.13) 16.79 11.73
frr} m - " =
Volumetric g orediction SAM-Med2D N pts N (74 0.04) 3891 22.55
Image Embedding T erompt I SAM-Med3D 1 pt T2 81.98 37.02
Embeddings SAM 3N pts 3N(r+019) 3461 1504 3224
3D Prompt Encoder SAM-Med2D 3N pts 3N(r +0.07) 51.46 29.70 48.70
Learnabl GELU SAM-Med3D 3 pts 3743 84.14 43.80 79.02
{8 " e | S ° P T
o L. 33 a ® LN 3D SAM 5N pts 5N (T +0.25) 19.39 21.86 45.89
E k-2 i o E —h- £ 3 L. 3D Abs PE c‘mtso SAM-Med2D) 5N pts 5N (T +0.10) 51.89 30.41 49.17
: e E : SAM-Med3D 5 pts 574+4 84.62 46.26 79.75
= - O N R
Sl B - - Points £ 1 oo SAM-Med3D 10 pts | 10746 85.19 49.92 80.71
3D Multi-head Self-Attention yz | * i’ : .

Improved over 2D version

7
Wang et al. SAM-Med3D: Towards General-Purpose Segmentation Models for Volumetric Medical Images. ECCVw’24. °



Learning / usage objectives.

Interactive models (“SAM”)

SAM is promptable
(i.e., requires user interaction
per EACH test image)

Wang et al. SAM-Med3D: Towards General-Purpose Segmentation Models for Volumetric Medical Images. ECCVw’24.

Med-SAM3D

SAM only handles
binary segmentation
(one class at a time)

58



Learning / usage objectives. Med-SAM3D

Interactive models (“SAM”)

SAM is promptable
(i.e., requires user interaction
per EACH test image)

SAM only handles
binary segmentation
(one class at a time)

Task-specific General-purpose

Dataset Modality |, . SAM-Med2D [6] SegVol [8] Ours Ours

UNETR [11] nnU-Net |16 (N pts) l_l (pt-text) (1 pt) (10 pts)
Totalsegmentator CcT 75.05 85.22 38.26 - 84.68 87.59 SAM yields sometimes
KiTS21 CT 70.75 75.32 68.74 - 7206 75.3T7
AMOS- m- CT 78.33 88.87 49.61 - 79.94 &83.99 |OW€I’ reSUItS to taSk_
AMOS-MR ﬁ MR 76.29 86.92 45.53 - 75.41 81.13 Specific models
BTCV* CT 78.99 £1.92 50.05 T3.81 7917 B83.01
TDSC-ABUS23* Us* - 45.08 49.39 - 36.08 54.35

Wang et al. SAM-Med3D: Towards General-Purpose Segmentation Models for Volumetric Medical Images. ECCVw’24. 59



Learning / usage objectives. Med-SAM3D

Interactive models (“SAM”)

SAM is promptable
(i.e., requires user interaction
per EACH test image)

SAM only handles
binary segmentation
(one class at a time)

Task-specific Genera.l—purpose

Dataset Modality |, . SAM-Med2D [6] SegVol [8] Ours__Ours

UNETR [11] nnU-Net |16 (N pts) U (pt-text) (1 pt)m
Totalsegmentator CcT 75.05 38.26 - 84.68 87.59 SAM yields sometimes
KiTS21 CT 70.75 68.74 - 72,06 T75.37
AMOS- m' CT 78.33 49.61 - 79.94 &83.99 |Ower reSUItS to taSk_
AMOS-MR m MR 76.29 45.53 - 75.41 81.13 Specific mode|s
BTCV* [19] ! CT 78.99 50.05 73.81  79.17 83.01
TDSC- SQS* Us* - 49.39 - 36.08 54.35

Wang et al. SAM-Med3D: Towards General-Purpose Segmentation Models for Volumetric Medical Images. ECCVw’24. 60



Learning / usage objectives. Med-SAM3D

Other Interactive models (“SAM”)
Details

Pre-computed ROI in whole-body scans

O
3D Image Encoder I:l 3D Mask Decoder
s o E '§ O E 3 E% Model Prompt | Inference Time (s) Seen ]:[)Illfsie(n%gvemll
8¢ o <= == £ &S SAM N pts N(r+0.13) 16.79 11.73 16.15
Volumetric . ol e Ege C orediction SAM-Med2D N pts N(r +0.04) 38.91 22.55 36.83
Image Embedding T Prompt I SAM-Med3D 1 pt T+2 81.98 37.02 76.2T7
Embeddings SAM 3N pts 3N(r+019) 3461 1504 3224
_ (*  3DPromptEncoder SAM-Med2D 3N pts 3N(r+007) 5146 29.70 48.70
(ot — SAM-Med3D 3 pts 3743 84.14 43.80 79.02
2 H 3 - 2|l SAM 5N pts SN(T+025) 4939 21.86 45.89
E K- & a E D+ E Z SAM-Med2D 5N pts 5N (7 +0.10) 51.80 30.41 49.17
- - t 3 SAM-Med3D 5 pts 57+4 84.62 46.26 79.75
> )
- ! ) = SAM-Med3D 10 pts | 10746 85.19 49.92 80.71

| 3D Multi-head Self-Attention |

/

Iterative random points over the error region

(explicit access to GT)

1
Wang et al. SAM-Med3D: Towards General-Purpose Segmentation Models for Volumetric Medical Images. ECCVw’24. 6



Learning / usage objectives.

Interactive models (“SAM”)

Applications in Active
Learning / Annotations

Non-Expert

Medical Imaging Sparse Annolalions SAM-Generated DL Segmentation
Dataset Annotations Madel

Kulkarni et al. Anytime, Anywhere, Anyone: Investigating the Feasibility of SAM for Crowd-
Sourcing Medical Image Annotations. MIDL’24.
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Foundation models for medical image segmentation

Large-Scale N
Foundation Maodel

Trained with many
data / tasks / domains

Organizing the mess!

1. Types of foundation models: a data perspective.
A. Generalist vs. Specialized
B. 2D vs. 3D

C. Multimodal vs. Unimodal

Hog

bR LTS

2. Learning/Usage Objectives

A. Zero-shot / Transfer Learning
B. In-Context Learning
C. Interactive Models (“SAM”)
3. Zero-shot / Adaptation-oriented (3D data)

+ Some target o
domain feedback A. How to pre-train?
(ideally small) B. How useful are foundation models? Limitations

on the adaptation stage

. —

C. Few-shot Parameter-Efficient Fine-tuning
63



Learning / usage objectives. Med3D(19)

Zero-shot / Transfer Learning CLIP-Driven

ImageNet Philosophy
MultiTalent

3DSeg-8 Med3D egmentation Results H E R M ES

___________________________ Convolution gffyers U n iS e
= o . [ - Zero-shot predictions 9
i f 1 y 4

e .L_.‘ L S [ tojbase tasks FSEFT

L y ) ﬂ

5 Y
w - Transfer Up-samplé ) SU PreM
Lung Nodule Dataset fff ~ 1-----------------—- Fully-cqnected Layer
Fl I?e'tulnl to nove, : : : a) Collection of partially labeled datasets b) Contradicting and overlapping classes
“ domain.S/t&Sks ‘ Classification: Malignancy : 01 Liver

04 Liver vessel

Figure 2: ework of the ed method. -” .U

07 Aorta
11 Aorta
El 11 Heart
. . . .y Liver + Liver tumor Lung cancer Pancreas B 10 Heart
Chen et al. Med3D: Transfer Learning for 3D Medical Image Analysis. ArXiv’19.
c) Training strategies
Traditional training Multi-dataset training
I | I} I I| I [ I
| |
One network per dataset MultiTalent: One network for all datasets

2/ CD

Ulrich et al. MultiTalent: A Multi-Dataset Approach to Medical 64
Image Segmentation. MICCAI’23.




Zero-shot /Adaptation Oriented (3D Data)

KiTS19

Decathion Penvis. o Fhinad
T
Decathion
Structseg 023 Decathion 03
o

Cimgt s 99
Decathion 06~ sagteps™  **
Ling cancer e

e
by jecuiionss
N’LKN-Pan
1460 images

~3600 annotations

Why volumetric (and mostly CT)?

1204 images
~100000 annotations

Ulrich et al. MultiTalent: A Multi-Dataset Approach to Medical
Image Segmentation. MICCAI’23.

Med3D(19)

CLIP-Driven

MultiTalent

UniSeg

SuPreM

Datasets #Targets # Scans  Annotated Organs or Tumors

1. Pancreas-CT [67] 1 82 Pancreas

2. LTS [7] 2 201 Liver, Liver Tumor”

3. KITS [25] 2 300 Kidney, Kidney Tumor®

4. AbdomenCT-1K [15] 4 1,000 Spleen, Kidney. Liver, Pancreas

5. CT-ORG [00] 4 140 Lung, Liver, Kidneys and Bladder

6. CHAOS [73] 4 40 Liver, Left Kidney, Right Kidney, Spl

7-11. MSD CT Tasks [ 1] 9 947 Spl. Liver and Tumor®, Lung Tumor®, Colon Tumor®, Pan and Tumor™, Hepatic Vessel and Tumor™

12. BTCV [37] 13 50 Spl, RKid, LKid, Gall, Eso, Liv, Sto, Aor, IVC, R&SVeins, Pan, RAG, LAG

13 AMOS22[22] 15 500 Spl, RKid, LKid, Gall, Eso, Liv, Sto, Aor, IVC, Pan, RAG, LAG, Duo, Bla, Pro/UTE

14. WORD [+] 16 150 Spl, RKid, LKid, Gall, Eso, Liv, Sto, Pan, RAG, Duo, Col, Int, Rec, Bla, LFH, RFH

15. 3D-IRCADb [+7] 13 20 Liv, Liv Cyst, RLung. LLung. Venous., PVein. Aor, Spl. RKid. LKid. Gall. IVC
Clavicula, Humerus, Scapula, Rib 1-12, Vertebrae C1-7, Vertebrae T1-9, Vertebrae L1-5, Hip,
Sacrum, Femur, Aorta, Pulmonary Artery, Right Ventricle, Right Atrium, Left Atrium, Left Ventri-

16. TotalSegmentator [ 77] 104 1.024 cle, Myocardium, PVein, SVein, IVC, Iliac Artery, [liac Vena, Brain, Trachea, Lung Upper Lobe,
Lung Middle Lobe, Lung Lower Lobe, AG, Spl, Liv, Gall, Pan, Kid, Eso, Sto, Duo, Small Bowel,
Colon, Bla, Autochthon, Iliopsoas, Gluteus Minimus, Gluteus Medius, Gluteus Maximus
Aor. AG, CBD, Celiac AA, Colon, duo, Gall, IVC, Lkid, RKid, Liv, Pan, Pan Duct, SMA, Small

17. JHH (private) 21 5,038 bowel, Spl, Sto, Veins, Kid LtRY, Kid RtRV, CBD Stent, PDAC", PanNET", Pancreatic Cyst™

Liu et al. CLIP-Driven Universal Model for Organ Segmentation 65

and Tumor Detection. ICCV’23.



Zero-shot /Adaptation Oriented (3D Data)

Why volumetric (and mostly CT)?

Decathion 03

sl wacationse,
o
1460 images 1204 images
~3600 annotations ~100000 annotations

Ulrich et al. MultiTalent: A Multi-Dataset Approach to Medical

Image Segmentation. MICCAI’23.

- A good number of annotated scans publicly available.
(current models are pre-trained with 2K CTs)

- Anatomical morphology is natural 3D.

- Labeling at voxel level is tremendously costly for

practitioners (10 min per structure).

- Enormous potential of FMs to address inter-center,
inter-scan and demographics variabilities.

Med3D('19)

CLIP-Driven

MultiTalent

UniSeg

SuPreM

Datasets #Targets # Scans  Annotated Organs or Tumors

1. Pancreas-CT [67] 1 82 Pancreas

2. LTS [7] 2 201 Liver, Liver Tumor”

3. KIiTS [25] 2 300 Kidney, Kidney Tumor®

4. AbdomenCT-1K [15] 4 1,000 Spleen, Kidney. Liver, Pancreas

5. CT-ORG [00] 4 140 Lung, Liver, Kidneys and Bladder

6. CHAOS [73] 4 40 Liver, Left Kidney, Right Kidney, Spl

7-11. MSD CT Tasks [ 1] 9 947 Spl. Liver and Tumor®, Lung Tumor®, Colon Tumor®, Pan and Tumor™, Hepatic Vessel and Tumor™

12. BTCV [37] 13 50 Spl, RKid, LKid, Gall, Eso, Liv, Sto, Aor, IVC, R&SVeins, Pan, RAG, LAG

13 AMOS22[22] 15 500 Spl, RKid, LKid, Gall, Eso, Liv, Sto, Aor, IVC, Pan, RAG, LAG, Duo, Bla, Pro/UTE

14. WORD [+] 16 150 Spl, RKid, LKid, Gall, Eso, Liv, Sto, Pan, RAG, Duo, Col, Int, Rec, Bla, LFH, RFH

15. 3D-IRCADb [+7] 13 20 Liv, Liv Cyst, RLung. LLung. Venous., PVein. Aor, Spl. RKid. LKid. Gall. IVC
Clavicula, Humerus, Scapula, Rib 1-12, Vertebrae C1-7, Vertebrae T1-9, Vertebrae L1-5, Hip,
Sacrum, Femur, Aorta, Pulmonary Artery, Right Ventricle, Right Atrium, Left Atrium, Left Ventri-

16. TotalSegmentator [ 77] 104 1.024 cle, Myocardium, PVein, SVein, IVC, Iliac Artery, [liac Vena, Brain, Trachea, Lung Upper Lobe,
Lung Middle Lobe, Lung Lower Lobe, AG, Spl, Liv, Gall, Pan, Kid, Eso, Sto, Duo, Small Bowel,
Colon, Bla, Autochthon, Iliopsoas, Gluteus Minimus, Gluteus Medius, Gluteus Maximus
Aor. AG, CBD, Celiac AA, Colon, duo, Gall, IVC, Lkid, RKid, Liv, Pan, Pan Duct, SMA, Small

17. JHH (private) 21 5,038 bowel, Spl, Sto, Veins, Kid LtRY, Kid RtRV, CBD Stent, PDAC", PanNET", Pancreatic Cyst™

Liu et al. CLIP-Driven Universal Model for Organ Segmentation 66

and Tumor Detection. ICCV’23.



Zero-shot /Adaptation Oriented (3D Data)

Challenges of Dataset Assembling

Partially-labeled datasets

LiTS KiTS MSD Spleen MSD Pancreas NIH Pancreas

Inconsistent annotation protocols

" b i

Ground Truth

AbdomenCT-12organ

Liu et al. CLIP-Driven Universal Model for Organ Segmentation and Tumor Detection. ICCV’23.

Med3D('19)

CLIP-Driven
MultiTalent

UniSeg

SuPreM

67



Zero-shot /Adaptation Oriented (3D Data) MultiTalent

How to pre-train? Masked CE ESEFT

| Large-Scale
... Foundation Model
LL B - e

Assembly Dataset with
Partial Labels

Dr = {(Xn, Yn, Wn)}fﬁrzl

Dataset A: kidney Dataset B: spleen Dataset D: liver

68

Silva-Rodriguez et al. Towards Foundation Models and Few-Shot Parameter-Efficient Fine-Tuning for Volumetric Organ Segmentation. MedIA’25.



Zero-shot /Adaptation Oriented (3D Data) MultiTalent

;.1_  Foundation Model \! How to pre-train? Masked CE ESEET

Total Number of
Categories

\W

=10,1,1,0,0,0,1,0,0]

Assembly Dataset with

Partial Labels /

Dr = {(Xn, Yn, Wn)}le

Dataset A: kidney Dataset B: spleen  Dataset D: liver

69
Silva-Rodriguez et al. Towards Foundation Models and Few-Shot Parameter-Efficient Fine-Tuning for Volumetric Organ Segmentation. MedIA’25.



Zero-shot /Adaptation Oriented (3D Data) MultiTalent

;.1_  Foundation Model \! How to pre-train? Masked CE ESEET

Annotated on its dataset

w€ =[0,1,1,0,0,0,1,0,0]

Assembly Dataset with

Partial Labels /

Dr = {(Xn, Yn, Wn)}le

Dataset A: kidney Dataset B: spleen  Dataset D: liver

70
Silva-Rodriguez et al. Towards Foundation Models and Few-Shot Parameter-Efficient Fine-Tuning for Volumetric Organ Segmentation. MedIA’25.



Zero-shot /Adaptation Oriented (3D Data) MultiTalent
B, - 5

How to pre-train? Masked CE ESEFT

0

NOT annotated on its
dataset

we = [0/1,1,0,0,0 1,0,0]

Assembly Dataset with

Partial Labels /

Dr = {(Xn, Yn, Wn)}fﬁrzl

Dataset A: kidney Dataset B: spleen  Dataset D: liver

71
Silva-Rodriguez et al. Towards Foundation Models and Few-Shot Parameter-Efficient Fine-Tuning for Volumetric Organ Segmentation. MedIA’25.



Zero-shot /Adaptation Oriented (3D Data) MultiTalent
B, - 5

How to pre-train? Masked CE ESEFT

0

1. Forward Encoder-Decoder

Zn — E}F{Xﬂ:)

Assembly Dataset with
Partial Labels

Dr = {(Xn, Yn, Wn)}fﬁrzl

Dataset A: kidney Dataset B: spleen  Dataset D: liver

72
Silva-Rodriguez et al. Towards Foundation Models and Few-Shot Parameter-Efficient Fine-Tuning for Volumetric Organ Segmentation. MedIA’25.



Zero-shot /Adaptation Oriented (3D Data) MultiTalent
B, - 5

How to pre-train? Masked CE ESEFT

0

1. Forward Encoder-Decoder

Zn — E}F{Xﬂ:)

Assembly Dataset with

Partial Labels
2. Forward Classifier + Sigmoid activation

Dr = {(Xn, Yn, Wn)}fﬁrzl

Disentangle prediction
for each task
(softmax might affect not-
annotated categories)

Y, = 7(0(Z,))

Dataset A: kidney Dataset B: spleen  Dataset D: liver

73
Silva-Rodriguez et al. Towards Foundation Models and Few-Shot Parameter-Efficient Fine-Tuning for Volumetric Organ Segmentation. MedIA’25.



Zero-shot /Adaptation Oriented (3D Data) MultiTalent

;.1_  Foundation Model \! How to pre-train? Masked CE ESEET
PY—

1. Forward Encoder-Decoder

Zn — E}F{Xﬂ:)

Assembly Dataset with
Partial Labels

Dr = {(Xn, Yn, Wn)}fﬁrzl

2. Forward Classifier + Sigmoid activation

Y, = 0(0(Z,))

3. Compute any masked segmentation loss, and update

. . min Z Wi Lse6(Ynis Yuir), n=1,..,N
Dataset A: kidney Dataset B: spleen  Dataset D: liver 0.6, Zk Wk
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Zero-shot /Adaptation Oriented (3D Data) MultiTalent

;.1_  Foundation Model \! How to pre-train? Masked CE ESEET

1. Forward Encoder-Decoder

Zn — E}F{Xﬂ:)

Assembly Dataset with

Partial Labels
2. Forward Classifier + Sigmoid activation

Dr = {(Xn, Yn, Wn)}le

= U-(gc(z'u)]

3. Compute any masked segmentation loss, and update

(k) ~(k
' idne : L=Y (19=3" BCEG®, y¥) - 23, Il M iy )
Dataset A: kidney Dataset B: spleen Dataset D: liver L\ T2 Vrc Yoe) = SO @~ g ®
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Zero-shot /Adaptation Oriented (3D Data) CLIP-Driven

How to pre-train? Masked CE
SuPreM
Main idea
/ Wpancreas
El 82 Pancreas-CT (1,0) < ~ Ospleen (N 0
Wl 201 LiTS (1;1) —— ,\—’ Aphoto of 2 / o pancreas
Bl 300 KiTS (1;1) \,,//\ a[CLS] . i
[ 1000 AbdomenCT-1K (4;0) T 9% Wkidney \ mLP spleen
BB 140 CT-ORG (4:0) classes promgtiemp 1;7 — ;
Totale3410 3 40 CHAOS (40) . 4 Bt
947 MSD (7;4 ney
% 50 BTCV ((13;()3) CLIP embedding
[ 500 AMOS (15;0) l
Il 150 WORD (16;0) 7 4
ini = / fimagc pancreas
for training e R & B e
[ 5!
o global average B S
o _92 @ 0
g pooling @ 8: spleen
Q E Sl
g =]
[=%
3 100 3D-IRCADDb (13;0) b ||I
Total=6162 [ 1024 TotalSegmentator (104;0) N .l
[ 5038 JHH (21,0) =
kel
8 e.g., U-Net
w
for testing public datasets partial labels
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Zero-shot /Adaptation Oriented (3D Data) CLIP-Driven
- i ? - i
How to pre-train? CLIP-Driven SuPreM
Main idea
Frozen CLIP Pr
pancreas
Bl 82 Pancreas-CT (1;0) ’/\\T-TB- .4 Wspleen a 0,
B 201 LiTS (1;1) ,,,/;(f\__, Aphotoof | N il? N pancreas
Bl 300 KiTS (1;1) %@"53 a[CLS]. ’ A e "
= 1000Abdomen(:‘,T-1K(4;O) = prompt temp 1}? Wkidney sPlt:en
sl S 15040 4 9
[ 947 MSD (7:4) ) kidney
50 BTCV (13,0) CLIP embedding
Bl 500 AMOS (15;0) l
Bl 150 WORD (16;0) >
o / fimagc apancreas
for training 4y, — A
m
o global average
? pooling Ospleen
8l ~ b el F Sy
: =l
[=%
Total=6162 g :8(2)43%::%5:;;%&(104;0) g ’ilﬁT"
[ 5038 JHH (21;0) g
E eg,UNet —  // AN

Classifier conditioned to text and pann labels

bottleneck features

for testing

public datasets
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Zero-shot /Adaptation Oriented (3D Data) CLIP-Driven

How to pre-train? CLIP-Driven SUPreM

/ Wpancreas
e w,
~_.[ Aphotoof le,« / Lspieen Opacives
— a[CLS]. ’
= gy Wkidney il Ospieen
prompt temp / Lkidney
classes .4/ (

CLIP embedding

fmge | | | Opancress
e ey —————— T
n

= global average

<= ﬁ pooling

| g _—_“

= E I|
©
YCJ idn
i) e.g., U-Net H
2]

public datasets partial labels
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Zero-shot /Adaptation Oriented (3D Data) CLIP-Driven

How to pre-train? CLIP-Driven

SuPreM
Text branch
(generates text embedding for class k) _— .
\' . N s ex Wspleen E Bpancreas
Wi = ==l
Hassas prompt temp d? Diidney "":’“
> 9km. y
CLIP embedding l
" &
: = global aver: age
<= g pooling e
g e.g., U-Net LH
public datasets partial labels
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Zero-shot /Adaptation Oriented (3D Data) CLIP-Driven

How to pre-train? CLIP-Driven SUPreM

Text branch

(generates text embedding for class k) P =
— Vi
\::‘.:"/_._’atexl e .// Wspleen E Bpancreas
W k === a(CLlsll;m Enc. K MLP Ospieen
classes gl P .// —<> §

Visual branch-encoder
(generates visual embedding for volume x)

f

masked

backpropagation

-

standardized processing

public datasets partial labels
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Zero-shot /Adaptation Oriented (3D Data)

How to pre-train? CLIP-Driven

Text branch
(generates text embedding for class k)

Wk

Visual branch-encoder
(generates visual embedding for volume x)

f

0x = MLP(wj, @ f)
0, = {gkmekzaeka}

Text-based controller MLP
(generates class parameters)

Liu et al. CLIP-Driven Universal Model for Organ Segmentation and Tumor Detection.

=
N [ Aphotoof | _|
== et

classes prompt temp

2
g
:
J:
5
2
@

public datasets

ICCV’23.

// Wpancreas
& w
57

7

CLIP-Driven

SuPreM

spleen E

Wiidney

MLP Ospleen

partial labels
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Zero-shot /Adaptation Oriented (3D Data) CLIP-Driven

-train? =Dri
How to pre-train? CLIP-Driven SUPreM
Text branch
(generates text embedding for class k) — St
S A photo of texl S Opancreas
wi == B AT

Visual branch-encoder
(generates visual embedding for volume x)

f

Text-based controller MLP
(generates class parameters)  Ox = MLP(wy & f)

0, = {Bkmekzaeka}

standardized processing

public datasets

Visual branch-decoder

enerates visual embedding for image x
@ ° 9e X} Py, = sigmoid(((F = Oy, ) * Or,) * O,)
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Zero-shot /Adaptation Oriented (3D Data) CLIP-Driven

How to pre-train? CLIP-Driven SUPreM

Text branch
(generates text embedding for class k)

/ Wpancreas
l/¢ Wpleen E Bpancreas

e
=
Wk \,EE’:\‘ a[CLS). Enc.

classes

MLP Oleni
prompt temp 5

) Ay
/ Wiidney
7%

Visual branch-encoder
(generates visual embedding for volume x)

f

masked

Text-based controller MLP
(generates class parameters)  Ox = MLP(wy & f)

0, = {gkmekzaeka}

standardized processing
3
_A_____l backpropagation
H
2

public datasets partial labels

Visual branch-decoder

enerates visual embedding for image x
@ ° 9e X} Py, = sigmoid(((F = Oy, ) * Or,) * O,)

. . K
Training loss r— Z 1(key) - BCEy,
k=1
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Zero-shot /Adaptation Oriented (3D Data) CLIP-Driven

How to pre-train? CLIP-Driven SUPreM

Text branch

(generates text embedding for class k) P
T s l/
\“%'%’_,*ﬂ,ex, P =4 C—
Wk \':‘;f’:\‘ 8 ICLSI e : Wgidne: v MLP 9!P|een
classes prompt temp .// —”<\ %

vy

Visual branch-encoder
(generates visual embedding for volume x)

f

masked

Text-based controller MLP
(generates class parameters)  Ox = MLP(wy & f)

0, = {gkmekzaeka}

standardized processing
3
_A_____l backpropagation
H
2

public datasets partial labels

Visual branch-decoder

enerates visual embedding for image x
@ ° 9e X} Py, = sigmoid(((F = Oy, ) * Or,) * O,)

8q K
g Vo L= Z lirey) - BCEx - How can the text part contribute if using a frozen

k=1 generalist model?
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Zero-shot /Adaptation Oriented (3D Data) UniSeg

How to pre-train? Prompt-Driven Uy

Main idea

- Objective: condition the segmentation to high
level features related to tasks/domains.

- Prompt selection is a learnable operations to
operate during inference.

MLP Posterior Prototypes
. . 7 A0 B PO
. pt;!pm\;] IxC‘i
Yoo
E Prior Pregictions
Fusion \-"“;“
Ye et al. UniSeg: A Prompt-driven Universal Segmentation Model as X X Lo
- 7 2 - - o
well as A Strong Representation Learner. MICCAI’23. W) [(Omo] X ¥
: Prior Selection | [Py, P, ] Tretctons
' Context Prior ~EEOEOODE  ©O0@ lt'lxn'l?nlxwr
Pool Task Pr Modality Py Ly

Gao et al. Training Like a Medical Resident: Context-Prior Learning
Toward Universal Medical Image Segmentation. CVPR’24. 85



Zero-shot /Adaptation Oriented (3D Data) Uniseg

How to pre-train? Prompt-Driven Uy

Main idea

Conditioning on
decoder path Conditioning on
classifier

MLP Posterior Prototypes
. . 7 0 m PO
pt;!pm\;] IES C'i
(O m 0] )
Ysnad
N Modality
\Prlor o D Predictions
Fusion \-"“;“

Ye et al. UniSeg: A Prompt-driven Universal Segmentation Model as
well as A Strong Representation Learner. MICCAI’23.

X X - - me{
prior Selection | [ D¢, Pon.] vt

#, | D H o W
Context Prior ~OEOEOOOR CO@ !
Pool Task P+ Modality P i Ly

~ -
LLT) - |

b

=

Gao et al. Training Like a Medical Resident: Context-Prior Learning
Toward Universal Medical Image Segmentation. CVPR’24. 86



Zero-shot /Adaptation Oriented (3D Data) Uniseg

How to pre-train? Prompt-Driven

Hermes
CLIF Task Embeddings Hermes Task Prices
& : Em - I
a - F':’Si_ :nnn,Tmﬂww o0 -nn.-un ::
! X b Esopheos ﬂﬂﬂﬂ oo [N oo  on
: Prior Selection ) Busdanm m mw | Hm o ﬂ i;::
m o TR T HE,  CCEReR. |
Gallbia e HMMEH o LRI .*‘"lﬂ"’ﬂ
Wein Nﬂmnﬂﬁm 0.05 ﬂ-J-l mm 02} 438 03 051 )
3553 égggé Prompt Similarity
: : among tasks
Setting Model 1% 10% 50% 100%
Pan Tumor Pan Tumor Pan Tumor Pan Tumor
Scratch ResUNet 44.60 7.67 74.47 23.90 78.89 44,52 80.45 51.06
ResUNet (AMOS CT) 56.08 8.31 77.15 25.53 80.53 46.16 81.23 52.21
ResUNet (KiTS) 52.68 0.28 75.11 27.33 79.07 45,72 79.23 50.64
DeSD [60] (10,594 CT) 67.82 13.89 78.11 35.82 80.95 50.23 81.97 59.11
Transfer DoDNet [63] 66.62 11.97 76.83 31.92 80.82 47,79 .
CLIP-Driven [44] 67.95 12.12 77.49 32.37 80.92 48.02
UmiSeg [61] 69.05 12.35 77.33 33.87 80.93 40.63
Hermes-R 7271 16.73 79.12 44.31 81.14 55.31

Gao et al. Training Like a Medical Resident: Context-Prior Learning Toward Universal Medical Image Segmentation. CVPR’24.



Zero-shot /Adaptation Oriented (3D Data)

How to pretrain? Self-supervised pre-training

7 +2.98 + 197
72
il
9
o 70
— Producing quality annotations in volumetric scans is expensive and laborious. 8o
Ze8
&7
—-> Large amounts of unlabeled data are available (e.g., 5000 scans). &
® @ D & &£ e &
H " . (@‘\fp ’\Z@b t&" ‘::. qphi\ =°Qc» k"
- Different pretext tasks, but well-configured MAE seems to provide current SoTA. € i

Wald et al. Revisiting MAE pre-
training for 3D medical image
segmentation. CVPR’25.

3. Train a model to restore the original sub-volume (x;)

encoder | decoder

Take the pre-trained encoder for targen classification tasks
Take the pre-trained encoder-decoder for target segmentation tasks

Zhou et al. Model Genesis. MedIA’21

«

Swln Transformer Encoder

Stage i Transformer Block

Switchable Patch Embed (SPE)

i
i [ patchtoken

20 Patch Embed

Xie et al. UniMiSS: Universal Medical Self-Supervised Iang fet al. Se:‘f-Suggrvi'ae:.Prle-':'raininngf ISV\{in 8
Learning via Breaking Dimensionality Barrier. ECCV’22. c:?:;’ggmers or edical [mage Analysis.



Zero-shot /Adaptation Oriented (3D Data)

SuPreM

Benefits of supervised foundation models?

MultiTalent
x Transferability via full fine-tuning of the pre-trained model.
x  Access to hundreds of labeled volumes for adaptation.
x Does not leverage its knowledge on known categories.
+1.0%
* 93
15’67
name backbone params pre-trained data performance
Models Genesis (Zhou et al., 2019) U-Ket 19.08M 623 CT volumes Si.1
UniMiS$ (Xie et al., 2022) nnU-Net 61.75M 5022 CT&MRI volumes ~ 52.9
self- NV*® Swin UNETR 62.19M 1.0 CT volumes 932
supervised Ny * Swin UNETR 62.19M 3,000 CT volumes 93.4
NV (Tang et al., 2022) Swin UNETR 62.19M 5,050 CT volumes 93.F =
NV* Swin UNETR 62.19M 5,050 CT volumes 942
NV* Swin UNETR 62.19M 9,262 CT volumes 943 1 A
Med3D (Chen et al., 2019b) Residual U-Net B3.75M 1,638 CT volumes g9l.4 -
DoDNet (Zhang et al., 2021) U-Net 17.25M 920 CT volumes 938 +0.8%
DoDMNet*® U-Net 17.29M 920 CT volumes 4.4 ol /A -
supervised  Universal Model (Liu et al., 2023b) U-MNet 19.08M 2,100 CT volumes -
Universal Model (Liu et al., 2023b) Swin UNETR 62.19M 2,100 CT volumes 94,1 all datasets (n=13)
SuPreM™ U-MNet 19.08M 2,100 CT volumes 95.4 . . .
SuPreM* Swin UNETR 62.19M 2,100 CT volumes 016w Ulrich et al. MultiTalent: A Multi-Dataset Approach to
SuPreM” SegResNet 470.13M 2,100 CT volumes 54.0 Medical Image Segmentation. MICCAI’'23.

Li et al. How Well Do Supervised 3D Models Transfer to Medical Imaging Tasks?. ICLR’24. 89



Zero-shot /Adaptation Oriented (3D Data)

SuPreM

Benefits of supervised foundation models?
MultiTalent

x Transferability via full fine-tuning of the pre-trained model.

x  Access to hundreds of labeled volumes for adaptation.
x Does not leverage its knowledge on known categories. . :
+1.0%
—_— +1-2% A
£l
pre-train fine-tune

name backbone params pre-trained data performance
Models Genesis (Zhou et al., 2019) U-Ket 19.08M 623 CT volumes S0.1
UniMiSSs (Xie et al., 2022) nnlJ-Net 6L.79M 5,022 CT&MRI volumes 529
self- NV*® Swin UNETR 62.19M 1.0 CT volumes 932
supervised  Ny* Swin UNETR 62.19M 3.000 CT volumes 934
NV (Tang et al., 2022) Swin UNETR 62.19M 5,050 CT volumes 938 ==
Nv= Swin UNETR 62.19M 5.050 CT volumes G042
NV* Swin UNETR 62.19M 9.262 CT volumes 43 L ke
Med3D (Chen et al., 2019b) Residual U-Net B5.73M 1.638 CT volumes G14 -
DoDMet (Zhang et al., 2021) U-Net 17.25M 920 CT volumes 938 +0.8%
DoDMNet*® U-Net 17.29M 920 CT volumes G444 ol /A -
supervised  Universal Model (Liu et al., 2023b) U-MNet 19.08M 2,100 CT volumes -
Universal Mode] (Liu et al., 2023hb) Swin UNETR 62.19M 2,100 CT volumes 5.1 all datasets (n=13)
SuPreM™ U-MNet 19.08M 2,100 CT volumes 95.4 . . .
SuPreM* Swin UNETR 62.19M 2,100 CT volumes 046 Ulrich et al. MultiTalent: A Multi-Dataset Approach to
SuPreM” SegResNet 470.13M 2,100 CT volumes 94.0 Medical Image Segmentation. MICCAI’'23.

Li et al. How Well Do Supervised 3D Models Transfer to Medical Imaging Tasks?. ICLR’24. 90



Zero-shot /Adaptation Oriented (3D Data)

SuPreM

Benefits of supervised foundation models

- SuPreM models are pre-trained on a curated dataset with 25 fully-annotated structures.

v Supervised pre-training is orders of magnitude more data-efficient than self-supervision.
v This holds even when transferring to unseen structures.

g
a0 o o Bl
915 a7 g i
z ﬁ § 2 o | a5 7
@910 @ 89 » £
= =) s iy ) 6
3905 40 GPU hours Eg31 g
e = 5 5 ] T "
E E & 512 512 512 512
(=] an.o o g annotations ANNOIANONS annotalions annotations.
E E 73 T
a o
5 895 :,,-_, 65 . (a) cardiac structure (b) muscle (c) organ (d) vertebrae
‘E . 2 512 i % W £ 74
g 21 CT volumes £ annotations <
0 2000 40600 5000 § 00 B0 200 8w & |
pre-training data required fine-tuning annotation required E v .
: - . . . S % T &l 1 — supervised
(a) data & computational efficiency (b) annotation & learning efficiency H self-supervised
in pre-training in fine-tuning £ = 55|
5 6 256 )
el annotations annoiations annotalions
= T - v
fine-tuning annotation required
() PDAC () Cyst (g) PanNET
Li et al. How Well Do Supervised 3D Models Transfer to Medical Imaging Tasks?. ICLR’24. 91

Li et al. AdbomenAtlas: A Large Scale Detailed Annotated and Multi Center Dataset for Efficient Transfer Learning and Open Algorithmic Benchmarking. MedIA’24.
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Few-Shot Efficient Fine-Tuning

2,042
CT scans

9
datasets

- . E— — E— E—E— —
o ——— ——

Parameter-Efficient N Black-Box Adaptation
Fine-Tuning
Adapter

o

—— = - ———
e

'

92

Silva-Rodriguez et al. Towards Foundation Models and Few-Shot Parameter-Efficient Fine-Tuning for Volumetric Organ Segmentation. MedIA’25.
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Few-Shot Efficient Fine-Tuning

{ Large-Scale Foundation Model ‘I
O D |
I 4

1 2,042 ( Y I :

_t

1 CT scans I| r 1 1
1 L ! - 1
' C TS .
1 datasets -

A L5 :
I I CNNVIT Encoder ,'\ CNN Decoder J 1
1 £ @ (e, ‘'mmmmmm e Vmmmmm——-—- .
: 3D Segmentator :
\ !

N e e e e e e e e e e e e e e e e e e e e e e = = — -~

. N 2 .
Presence of few LN = A Black-Box Adaptation
Fine-Tuning 11

annotated volumes | 1 Adapter

for adaptation : . s i ! r----f---\ﬁ\' 1
= MK | R 8
[ N .

o —

' Support k= {1,5, 10} i G+ ﬂ: 1"

___________________________

'
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Few-Shot Efficient Fine-Tuning

s T TSR E T EEEEEEEEEEEEEE - ~
1 \
| 1
N |
| 1
1 2,042 1
CT
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1 1
1 9 1
1 datasets I
1 1
1 1
| 1
|
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\ ]
N e e e e e e e e e e e e e e e e e e e e e e = = — -~

Parameter-Efficient ‘\ ,' Black-Box Adaptation
Fine-Tuning 1

1 . . .

e 1 Adapter efficient, allowing for

f = " commodity GPUs
? u

Fo D !l .‘I]

N e B 6 -

Presence of few
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for adaptation

Being computationally

]
1
By

I
__________ ) N
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Adaptation code and model weights publicly available

https://github.com/jusiro/fewshot-finetuning

@ fewshot-finetuning ' Pubiic 57 Unpin | @ Unwatch 1 ~ ~ | Y star 40

¥ main ~ ¥ 1Branch & 0Tags t Add file ~ <> Code ~ About

) [MedIA'25] Towards foundation models
& Jusiro add andv link TR nths ago and few-shot parameter-efficient fine-
tuning for volumetric organ
8 documents version 5 ones T

jo {1 15 Commits

segmentation.
B fseft

B local_data
B models
BB pretrain/datasets

BB uitils

Silva-Rodriguez et al. Towards Foundation Models and Few-Shot Parameter-Efficient Fine-Tuning for Volumetric Organ Segmentation. MedIA’25.



Zero-shot /Adaptation Oriented (3D Data)

Few-Shot Efficient Fine-Tuning

Black-box Adapters

Linear Probing (H,W,D,F) Spatial Adapter (H,w,D,F)

pe - paj b

conv3D

96
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Zero-shot /Adaptation Oriented (3D Data)

Few-Shot Efficient Fine-Tuning

Black-box Adapters

Linear Probing F (H,W,D,F) Spatial Adapter F (H,wW,D,F) F’ (H,W,D,F)

v

Initialization
80 80
751 — 751 8 6 8
* g * Q
- 70 o - 704 o
65 o o | Fes- conv3D
U 60 5 L 60+
& 55+ A 55
501 O LoRA 504
@ BitFit © Linear probe
45 o @ Affine-LN 45 O Spatial Adapter
40 7 T T 40 — T T
1 5 10 1 5 10
Support volumes Support volumes
(a) PEFT (b) Black-box
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Zero-shot /Adaptation Oriented (3D Data) —

Few-Shot Efficient Fine-Tuning

Parameter-Efficient Fine-Tuning (for the Encoder)

Selective
R Adapter-CNN
w1 (af.af) ai  (af,a}) wy (a3,05) a5 (a3 a})

\ b i l Voo
BN +-3—~[-]+

AdaptFormer
LoRA P
Nx Ty —]—»
AdaptMLP I—@);Iﬁ
| LayerNomn | " — Lol
—
© Mulli-Heaxd —
Adlenlion || Trainable
Layerhorm @  Soomg
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Zero-shot /Adaptation Oriented (3D Data) —

Few-Shot Efficient Fine-Tuning

Parameter-Efficient Fine-Tuning (for the Encoder)

Selective Adapter-CNN Additive
W (af.ad) a¥  (af,a¥) w2 (03,05) ay (a5 .a}) Affine-BN/LN
| l | BitFit
— ¢ ¢ S|l ¢ — Elz] (only-bias)
y = *y+
v/ Var[z] + €
LoRA AdaptFormer
Nx Fan T
AdapIMLP | . I-I-;—_@z—]’j
DR | O L =
© Muili-Hesd ‘. _ )
Adlenlion 5 . Trainable
| LayerNom | @ Sonling
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Zero-shot /Adaptation Oriented (3D Data) —

Few-Shot Efficient Fine-Tuning

Parameter-Efficient Fine-Tuning (for the Encoder)

Selective Adapter-CNN Additive
W (af.ad) a¥  (af,a¥) w2 (03,05) ay (a5 .a}) Affine-BN/LN
| l 1 e
— &-[BN & D[+ x — E[z] (only-bias)
y= x4+
v/ Var[z] + €
LoRA AdaptFormer
Nx Ty —]—»
o || | _I:@% What to do with the Decoder?
[ i )] _. 1 ._ (Pealul | e
! L“””""L Ly | T (millions of paramerers)
- ‘: | Trainasle —> Base categories: frozen. D.
Layeriarm &  Scamng . .
— - New categories: fine-tuned.
100
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Zero-shot /Adaptation Oriented (3D Data)

Few-Shot Efficient Fine-Tuning

Transferability to known tasks (domain shift)

1/TotalSegmentator| g
o -
9
| 8 O Linear probe
O Spatial Adapter
* © LoRA
& BitFit
@ Affine-LN
© Fine-tuning
1 5 10 30

Support volumes

148

=

) Linear probe
Spatial Adapter
LoRA

@ BitFit

@ Affine-LN

© Fine-tuning

3

1 5 10 30
Support volumes

(a) Data-efficient adaptation

10-shot DSC (%)
O N N N N N oo
® © N © o

FSEFT

2 O

1 [ ] x500
® @@ ®

1 © FLARE'22

% TotalSegmentator

3 5 7
logio #Train Param.

(b) Parameter efficiency

Silva-Rodriguez et al. Towards Foundation Models and Few-Shot Parameter-Efficient Fine-Tuning for Volumetric Organ Segmentation. MedIA’25.
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Zero-shot /Adaptation Oriented (3D Data)

Few-Shot Efficient Fine-Tuning

Transferability to known tasks (domain shift)

80 (TotalSegmentator| g
78-
~ " o
£ 76 %

1 O ' Linear probe
874 O Spatial Adapter
Q 5, [* ® LoRA

& BitFit
70- © Affine-LN

' Fine-tuning
68

1 5 10
Support volumes

(a) Data-efficient adaptation

30

%)

DS

70

FSEFT

68 -

‘___80-
R g |
8 Eu i
% 76 @ S
' Linear probe E 74
Spatial Adapter =)
LoRA £ i
© BitFit in 72
@ Affine-LN S 70/ © FLARE22
) Fine-tuning ¥r TotalSegmentator
T T 1 68 T T T
1 5 10 30 1 3 5 7 9

Support volumes logio #Train Param.

Fine-tuning is not always the best but
interestingly is competitive.
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Zero-shot /Adaptation Oriented (3D Data)

FSEFT

Few-Shot Efficient Fine-Tuning

Transferability to known tasks (domain shift)

80 (TotalSegmentator| g. 80+ __80-
=]
1O, O Linear probe | ) Linear probe |
8 74 O Spatial Adapter 8 741% Spatial Adapter "6' 74
Q 4, |x ® LoRA Q45 LoRA < 25
& BitFit @ BitFit i
70- @ Affine-LN 70 @ Affine-LN S 70/ O FLARE'22
© Fine-tuning © Fine-tuning % TotalSegmentator
68 T T T T 68 Ll T T T 68 T T T
1 5 10 30 1 5 10 30 1 3 5 7 9
Support volumes Support volumes logio #Train Param.
(a) Data-efficient adaptation Black-box methods are competitive in
the very low-shot regime.
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Transferability to known tasks (domain shift)

Zero-shot /Adaptation Oriented (3D Data)

FSEFT

Few-Shot Efficient Fine-Tuning

Extremely efficient

1/TotalSegmentator| g 80 __80-
(=]
— 78+ — < 781
g 0 — - @ o . xsoo
% 8 §76—8' 9 g §76- @ @& ®
1 Q. O Linear probe | ) Linear probe i
O Spatial Adapter 8 741% Spatial Adapter "6' 74
* O LoRA Q45 LoRA < 25
@ BitFit @ BitFit ]
@ Affine-LN 70 @ Affine-LN S 70/ O FLARE'22
O Fine-tuning © Fine-tuning % TotalSegmentator
T T T T 68 L T T T 68 T T T
1 5 10 30 l1 5 10 30 1 3 5 7 9
Support volumes Support volumes logio #Train Param.
(a) Data-efficient adaptation (b) Parameter efficiency
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Zero-shot /Adaptation Oriented (3D Data)

Few-Shot Efficient Fine-Tuning

Transferability to known tasks (domain shift)

Method Category TotalSegmentator ~ FLARE'22
#Param. T(min) #Param. T(min)
Fine-tuning jTang etal -2022 62.1M 15 | 62.1M 50
Fine-tuning (Ours FULL 62.1M 8 | 62.1M 35
Decoder ~ 196M | 7[196M |32
210.7K 5 |211.1K 29
PEFT 68.1K 6 | 69.4K 25
47.6K 7| 48.1K 24
17.3K 51 177K 25
Linear probe g 9 [af w0 |7
Spatial Adapter 124.4K 5 |124.9K 11

0n
o
-

-shot DSC (%)

Extremely efficient

80-
781
761
74-
72-
70-

68

.- x500
® @Q ®

O FLARE'22
¥ TotalSegmentator

T T T

3 5 7 9
logio #Train Param.

(b) Parameter efficiency
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Zero-shot /Adaptation Oriented (3D Data)

Few-Shot Efficient Fine-Tuning

Transferability to known tasks (domain shift)

Setting Method Spl IKid Gall Eso Liv Pan Sto Duo Aor Avg,
CNN—Adater 1[2018)  47.69 3958 4052 5305 5508 43.17 2847 3573 8462  47.55
PEFT  Bias {Cai et al., [ 2020} 71.16  69.54  70.16 5586 71.03  79.60 51.25 69.04 88.92  69.62
5_shot Affine-BN |[2021) 60.22 7233 6566 5268 67.61 7550 4508 6652 8694  66.84
TSB_ ~ " Linearprobe T T 939T ~ 75597 77594 T 50.50 " B029 T 68.10 ~ 5718 7718 ~ Bg4g” [/4.14] .
Spatial Adapter 91.78 7771 8089 5230 90.00 7883 8327 8037 89.08 I so.47| B| ack-box methods hOld the"-
CNN-Adapter (Rebuffi et al 5732 6179 4296 5561 5221 5277 3996 3497 8926  54.09 .
PEFT  Bias {Caietal] 7279 7614 8337 59.65 7397 79.68 60.65 7346 92.80 7472 performance When dlreCﬂy
10-shot Affine-BN 7215 7406 7715 5865 7231 77.08 6174 6394 9243 7217 | d t S P M d |
o Linearprobe — — T T T T ¢ 9T22 ~ 75637 T77.48 T 50.02° 8087 T69.17 " 5628 T 77.63 ~ 8529 | r m
BB Spatial Adapter 9540 8376 8129 5249 9075 7857 8197 8109 9033 |8174 app e 0 u e odels
(a) 3D-UNet and 3D CNNs.
Setting Method Spl 1Kid Gall Eso Liv Pan Sto Duo
BitFit (Ben-Zaken et al |2 8876 8591 7942 5022 9217 7364 6281  69.30
pErT  LORA (Huetal (Hu et al.| 6131 4652 5250 4643 8050 66.86 3866 54.15
5 shot AdaptFormer m 8757 8605 60.17 5179 90.11 7673 6829 7449
-sho Affine-LN 2024] 88.14 8381 7610 5004 91.89 7546 6441 7191
Bl; ~ " Linearprobe 94,62 O1.86 ~82.98 ~ 4929 9354 ~ 78.86 7243 77.30 8877
Spatial Adapter 9534 88.13 8508 5556 9427 7884 7533 7817
BitFit ( 95.16 8654 84.86 5693 9358 7203 6926 7547
LoRA | IIWI 6397 5453 5925 5533 84.03 7772 5872 73.89
10oshat PEFT AdaptFormer (Chen et 9136 8403 7778 5410 9314 7605 70.08  77.58
-sho! Affine-LN ( 8721 8736 8084 5580 9365 7698 6678 75.66
;31; "~ Linear probe 95.26 — 91.63 ~82.15 5269 9337 ~ 69.93 7170 77.20 8870
Spatial Adapter 9583 8944 8161 5624 9440 7769 7603 79.54

(b) Swin-UNETR

Silva-Rodriguez et al. Towards Foundation Models and Few-Shot Parameter-Efficient Fine-Tuning for Volumetric Organ Segmentation. MedIA’25.
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Zero-shot /Adaptation Oriented (3D Data)

Few-Shot Efficient Fine-Tuning

Transferability to novel tasks (new organs)

FSEFT

Satting Method Lung* Heart' Gluteust Avg
Fine-tuning (Tang et al.|[2022) 1950 5314 5537 4270
FULL " Fine-tuning Furs 3101 6079 6535 5238
BitFit{Ben-Zaken et al.[[2021f — — "1479 4890 ~ 3043 ~ 3IE
LoRA {Fu el aL{[2027 13.80 5055 4636 38.49
pppp  AdaptFormer | 18.82 5335 4861 4026
Affine-LN 1692 5838 4607 4046
Decoder fine-funing 25098 6560 6423 5197
+BitFit (Ben-Zaken et al, 2617 6578 6434 5210
+LoRA (HU el aL[{202] 26.16 7612 6989 5739
+A daptFormer (Che 23.84 7232 69.79 5532
+Affine-LN £4 231 2318
ap  CmearProbe o ~[93s 019 752 868 Black-box methods are
Spatial Adapter

* Avg. of five: upper/lower lobe keft, upper/lower lo

Silva-Rodriguez et al. Towards Foundation Models and Few-Shot Parameter-Efficient Fine-Tuning for Volumetric Organ Segmentation. MedIA’25.

right, mi .
T Avg. of five: myocardium, atriumy/ventricle left, atriumyverticle right.
¥ Avg. of six: maximus lefi/right, medius left/right, minimus left/right.

not competitive.
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Zero-shot /Adaptation Oriented (3D Data)

Few-Shot Efficient Fine-Tuning

Transferability to novel tasks (new organs)

Satting Method Lung* Heart' Gluteust Avg
Fine-tuning (Tang et al.|[2022) 1950 5314 5537 4270
FULL " Fine-tuning Furs 3101 6079 6535 5238

BitFit TBen-Zaken et al.[2021f — — "1479 4890 ~ 3043 T HIR

LoRA { 13.80 5055 4636 3849
PEFT AdaptFormer { hen 1882 5335 4861 4026
Affine-LN al |[2024] 1692 5838 4607 4046
D-Bcoder ﬁne-tumng 25098 6560 6423 5197
o ! of o £y fy & v A P ([ ..
Additive PEFT outperform
e Selective methods
BR Linear PT_bE 9.35 9.19 1.52 B.68

Spatial Adapier 10,08 1466 1275 1250

* Avg, of five: upper/lower lobe left, upper/lower lobe right, middle lobe.
T Avg. of five: myocardium, atriumy/ventricle left, atriumyverticle right.
¥ Avg. of six: maximus lefi/right, medius left/right, minimus left/right.
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Zero-shot /Adaptation Oriented (3D Data)

Few-Shot Efficient Fine-Tuning

Transferability to novel tasks (new organs)

Satting Lung* Heart' Gluteust Avg
Fine-tuning {Tang et al. uz 19.59 53.14 5537 4270

FULL " Fine-tuning - 3101 6079 6535 5238
BitFit{Ben-Zaken et al.[[2021f — — "1479 4890 ~ 3043 ~ 3IE
H et al.|| 2027 13.80 5055 4636 3849

18.82 5335 4861 4026

PEFT 16.92 5838 4607 4046
2598 65.69 64.23 5197

26.17 6578 64.34 5210

26.16 7612 69.89 5739

2384 T2.32 69.79 55.32

26.00 65.91 64.53 5118

BB T 7935 919 752 0 868
Spatial Adapter 10.08 14.66 1275  12.50

* Avg, of five: upper/lower lobe left, upper/lower lobe right, middle lobe.

T Avg. of five: myocardium, atriumy/ventricle left, atriumyverticle right.
¥ Avg. of six: maximus lefi/right, medius left/right, minimus left/right.

60
@ Self-supervised O
551 ¢ Supervised+FFT
@ Supervised+PEFT (@)
?50-
o
;45‘
R 401 - 4
(a] O
35 ®
301 @
5 6 7 8 9 10

Support volumes

+5.0%

+9.7%

Silva-Rodriguez et al. Towards Foundation Models and Few-Shot Parameter-Efficient Fine-Tuning for Volumetric Organ Segmentation. MedIA’25.
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Zero-shot /Adaptation Oriented (3D Data)

ARENA

Few-Shot Efficient Fine-Tuning

Challenges of PEFT in low-shot regimes

Natural Specialized Structured
£ = g
= = s = = "B 8 e
s |8 S E m om B s B = 2 B 2 2
- = = : a . : : =
= 3 : 5 2 3 8 ¢ S e g E 8 B B 2 = | 2
- a E - 0 5 c 2 g 5 z H 0 z o o 5 [ =
E c =2 3] 5 [ 5 3 D o = O 2 5
8§ & & & @& &8 2|8 & & &2.2|p@p © 2 &2 & & £ 5|8
Method
Linear 78.1 866 657 980 893 415 532 725|831 90,0 749 7461 806 | 375 351 365 646 162 294 173 2371325 | 6l9| O
Full 624 899 6l9 974 858 889 368, 767 | 8lLo 881 8lLe 736 8L2 )| 562 609 482 779 685 466 310 283 522 | 70.0 | 858
VPT-Shallow 80.2 887 67.9 99.1 896 77.0 542,794 | BLE 903 77.2 744,809 | 422 524 38 665 524 431 152 232,416 | 673 | 0.07
VPT-Deep 848 915 694 990 91.0 856 5471 818 | 864 949 842 7391849 | 793 624 485 779 803 564 332 438 1602|756 | 043
BitFit 86.5 905 703 989 910 912 5421826 | 867 950 853 755! 856 (772 632 512 792 786 539 301 347585 | 756 | 0.1
DiffFit 863 002 7TL2 992 917 91.2 561, 832|858 941 809 752, 84.0 | 80.1 634 509 81.0 778 528 307 355, 59.0 | 754 | 0.14
LayerNorm 86.0 897 722 99.1 914 90.0 Se.1 ! 83.0| 847 938 830 752!842 | 775 622 499 781 780 521 243 3441571 | 747 | 0.04
60.6 | 76.0 | 0.21

61.8 | 76.9 | 0.67
62.1 | 77.2 | 0.77

Pleif. Adapter 86.3 915 721 992 914 885 557,830 862 955 853 762,858 | B3l 652 514 802 B33 566 338 4Ll
Houl. Adapter 843 921 723 98 917 900 554! 832|887 953 865 752! 864 | B29 636 538 796 B44 543 342 443

AdaptFormer 858 918 705 992 918 894 567, 832 | 868 950 865 763, 862 | 829 641 528 800 847 530 330 414,615 769 | 046
RepAdapter 86.0 925 69.1 99.1 909 909 554! 8290|869 0953 860 7548590 | 825 635 514 802 B854 521 357 4L7!'e6l6 | 768|053
Convpass 850 921 720 993 913 908 559, 835|877 0958 859 759,863 | 823 652 538 781 865 553 386 451,631 | 776|049
LoRA 857 926 698 99.1 905 885 555, 826|875 949 859 757,860 | 829 639 518 799 Boe 472 334 425,610 | 765 | 055
FacT_TT 85.& 9I8 TL5 993 911 908 559! 834 | 877 949 850 756! 858 | B30 640 490 793 B58 531 328 437 '6lL3 | 768|013
FacT_TK 86.2 925 TLE 991 901 912 562, 834 | 858 955 860 757,858 | 8L7 651 515 789 867 531 278 408, 608 | 76.6 | 0.23
Relative Std Dev | 0.81 L13  1.78 034 054 182 124,054 | 1.20 059 195 083,094 | 2,67 150 322 137 411 446 1102 930, 270 | 1.09 -

i i
1 1
1 1
1 1
1 1
1 1
1 1
T T
1 1
1 1
] ]
1 1
1 1
1 1
1 1
SSF 86.6 808 688 99.1 914 912 56.5:823 86.1 945 832 ?-18:84.? 80.1 636 530 814 856 521 319 372
T T
1 1
1 1
1 1
1 1
1 1
1 1
| |
T T
1 1
1 1
1 1
1 1
T T
1 1
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Zero-shot /Adaptation Oriented (3D Data)

ARENA

Few-Shot Efficient Fine-Tuning

Challenges of PEFT in low-shot regimes

Natural Specialized Structured
E = g
= = e = = " 8 e
s |8 S E m om B s B = 2 B 2 2
= B = 7 a : : =
o Z - S 2 £ S A B & 8 & 8 8 =A
-« = A 5} & £ = E v T E =)
g : 3 = 8§18 & |§ 55 |[8 E B 2 93| §|c¢2
d B £ & @8 & 2|8 &8 & & 2|9 O g2 2 % Z.2 |88
Method ]
Linear 781 866 657 980 893 415 5321725 | 831 900 749 746 1 806 | 375 351 3635 646 162 294 173 2371325619 0
Full 624 899 6l9 974 858 889 368 : 76.7 | 8l.6 88.1 8lLe6 736, 812 | 562 609 482 779 685 466 310 283 522|700 | 858
VPT-Shallow 80.2 887 67.0 99.1 80.6 770 542 ) 79.4 | 818 90.3 77.2 744, 809 | 422 524 38 665 524 43.1 152 232, 416 ] 67.3 | 0.07
VPT-Deep 848 915 694 990 91.0 856 5471 818 | 864 949 842 7391849 | 793 624 485 779 803 564 332 438 1602|756 | 043
BitFit I 86.5 9_0.5 70.3 9_8.9 91.0 912 542! 826 | 867 950 853 755! 856|772 632 512 792 786 539 301 3471585 | 756 0.1
DiffFit 863 002 TL2 992 917 91.2 561, 832 | 858 941 809 752 84.0 | 80.1 634 509 81.0 778 528 307 355, 59.0 | 754 | 0.14
LayerNorm 86.0 897 722 99.1 914 90.0 Se.1 ! 83.0| 847 938 830 752!842 | 775 622 499 781 780 521 243 3441571 | 747 | 0.04
SSF 86.6 898 688 99.1 914 912 565 60.6 | 76.0 | 0.21

61.8 | 76.9 | 0.67
62.1 | 77.2 | 0.77

Pleif. Adapter 86.3 915 721 992 914 885 557

83.0 | 86,2 955 853 762,858 | Bil 652 514 802 833 566 338 4Ll
Houl. Adapter 843 921 723 98 917 900 554 5

83.2 | B&7 953 8635 752! 864 | 829 636 538 796 844 543 342 443

1
1
1
]
1
1
1
|
1
]
1
1
1
. B A ! - - .
82.8 | 86.1 945 832 ?4.8:84.? 80.1 636 530 814 856 521 319 372
T
1
1
1
1
1
1
|
T
1
1
1
1
T
1

AdaptFormer 858 918 705 992 918 894 567, 832 | 868 950 865 763, 862 | 829 641 528 800 847 530 330 414,615 769 | 046
RepAdapter 86.0 925 69.1 99.1 909 909 554! 8290|869 0953 860 7548590 | 825 635 514 802 B854 521 357 4L7!'e6l6 | 768|053
Convpass 850 921 720 993 913 908 559, 835|877 0958 859 759,863 | 823 652 538 781 865 553 386 451,631 | 776|049
LoRA I 857 926 698 99.1 905 885 555,826 |87.5 949 859 757,860 | 829 639 518 799 866 472 334 425, 6L0 ) 765 | 0.55
FacT_TT 85.% O9I8 TL5 993 911 908 559 X 834 | B7.7 949 B850 756! 858 | 830 640 490 793 858 531 328 437 !'e6l3 | 768|013
FacT_TK 86.2 925 TLE 991 901 912 562, 834 | 858 955 860 757,858 | 8L7 651 515 789 867 531 278 408, 608 | 76.6 | 0.23
Relative StdDev | 0.81 113 178 034 054 182 124,054 | 120 059 195 083 094 | 267 150 322 137 411 446 1102 930 270 | 1.09 -
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Zero-shot /Adaptation Oriented (3D Data)

Few-Shot Efficient Fine-Tuning

Challenges of PEFT in low-shot regimes

ARENA

With  careful hyper-parameter
tuning, all PEFT methods
perform similar in average.

Natural Specialized Structured
£ = g

= = s = = "B 8 e

s |8 S E m om B = B z 2 B8 2 | &

- = = : a . : : =

= - 5 2 = B £ S & @B & &8 & 8 B =i

AR NFERIENNRE BRI R E & & 81:|%|%

5] E & @ 1 2 g @ 2 |8 [ & A 2

Method “ ;= S & 1 = 2 = 1 = © =
Linear 781 866 657 980 893 415 5321725 | 831 900 749 746 1 806 | 375 351 3635 646 162 294 173 2371325619 0
Full 624 899 6l9 974 858 889 368 : 76.7 | 8l.6 88.1 8lL6 736 : 81.2 | 562 609 482 779 685 466 310 283 : 52.2 | 70.0 | 85.8
VPT-Shallow 80.2 887 67.9 99.1 89.6 T7.0 542 : 79.4 | 81.8 90.3 77.2 744 : 80.9 | 422 524 38 66.5 524 431 152 232 : 41.6 | 67.3 | 0.07
VPT-Deep 848 915 694 99.1 91.0 856 547 ! 818 | 86.4 949 842 739 ! 849 | 793 624 485 779 803 564 332 438 ! 60.2 | 75.6 | 0.43
BitFit 86.5 905 703 989 910 912 542 : 826 | 867 950 853 755 : 856 | 772 632 512 792 786 539 301 347 : 585 | 756 | 0.1
DiffFit 863 002 7TL2 992 917 91.2 561, 832|858 941 809 752, 84.0 | 80.1 634 509 81.0 778 528 307 355, 59.0 | 754 | 0.14
LayerNorm 86.0 897 722 99.1 914 90.0 Se.1 ! 83.0| 847 938 830 752!842 | 775 622 499 781 780 521 243 3441571 | 747 | 0.04
SSF 86.6 898 688 99.1 914 912 565 : 82.8 | 86.1 945 832 748 : 84.7 | B0.1 636 530 814 B856 521 319 372 : 60.6 | 76.0 | 0.21
Pfeif. Adapter 863 915 721 992 914 885 557 : 83.0 | 86.2 955 853 762 : 85.8 | 83.1 652 514 802 B33 566 338 4LI : 61.8 | 76.9 | 0.67
Houl. Adapter 843 921 723 98 917 90.0 554 : 83.2 | 887 953 8635 752 : 86.4 | 829 63.6 538 796 844 543 342 443 : 62.1 | 77.2 | 0.77
AdaptFormer 858 918 705 992 918 894 567, 832 | 868 950 865 763, 862 | 829 641 528 800 847 530 330 414,615 | 769 (046
RepAdapter 86.0 925 69.1 99.1 90.9 909 554 : 82.0 | 869 953 860 754 : 85.0 | 825 635 514 802 B854 521 357 417 : 61.6 | 76.8 | 0.53
Convpass 850 921 720 993 913 908 559 835|877 958 859 759 863 | 823 652 538 781 B65 553 386 451 631|776 | 049
LoRA 857 926 69.8 99.1 905 885 555 : 82.6 | 87.5 949 859 757 : 86.0 | 829 639 518 799 B66 472 334 425 : 61.0 | 76.5 | 0.55
FacT_TT 858 918 TL5 993 911 908 559 : 83.4 | 87.7 949 B850 756 : 85.8 | 83.0 640 490 793 858 531 328 437 : 61.3 | 76.8 | 0.13
FacT_TK 86.2 925 TL8 990 901 912 562, 834 (858 055 860 757,858 [82LT7 651 515 789 867 531 278 408, 608 | 76.6 ( 0.23
Relative Std Dev || 0.81 113 178 034 054 182 124,054 | 120 059 195 083094 | 267 150 322 137 411 446 1102 930 270 | 1.09 - I
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Zero-shot /Adaptation Oriented (3D Data)

Challenges of PEFT in low-shot regimes

- ! -
Kidnay = ==|o

Few-Shot Efficient Fine-Tuning

| Rank:s ~

Rankr32 - - [ ]

. Bl )

Stomach | = t_‘ —l
1 Rank:a -HH‘"“--.

.

= X

Adrta = .,

8 16 24 32 40 48 56 66
Rank in LoRA(-) vs. ARENA(-)

(a) Robustness

The optimum LoRA rank
varies per task.

AeR™"
B E Rm)(’r
r << (m,n)
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Zero-shot /Adaptation Oriented (3D Data)

Few-Shot Efficient Fine-Tuning

Adaptive Low-rank adaptation

W=W0—|—AW=W0—|—BDlag(U)A

% Learnable B [ outputs | The number of non-zero elements of the
A . .
5 Frozen N vector of diagonal elements determine de rank H'U”{]
P _ \L of the decomposition
: - 1 E ™ 3
% * 8
Pretrained 8 Pretrained
Weights Weights ﬁ]]]]]]]r
) LoRA (b) ARENA
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Zero-shot /Adaptation Oriented (3D Data)

Few-Shot Efficient Fine-Tuning

Adaptive Low-rank adaptation

W=W0—|—AW=W0—|—BDlag(U)A

3¢ Learnable ( Ovtpute | [ outputs | The number of non-zero elements of the
" I S— . .
% Frozen ES vector of diagonal elements determine de rank H’U”{]
P _ \L of the decomposition
: - 1 E ™ 3
* * B
Pretrained 8 Pf'Eﬂ'C' d
Weights

W I L(A,Bv) + Av|y
Tﬂ e "

Lok (5) ARENA I1 encourages vector sparsity

Loss function of the task
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Zero-shot /Adaptation Oriented (3D Data)

Few-Shot Efficient Fine-Tuning

Transferability to known tasks (domain shift)

Method Spl 1Kid Gall Eso Liv Pan Sto Duo Aor Avg.
Linear probe 91.72 89.78 7849 47.01 92.16 7814 76.80 63.63 69.91 76.40

¥ BitFit [33] 90.85 87.68 75.92 4792 91.85 79.83 66.35 64.10 77.98 75.83
< Affine-LN [1] 92.20 86.02 79.58 50.27 89.98 7T7.64 69.15 67.64 83.53 77.33
& FFT 89.61 84.79 76.07 56.82 90.89 7T4.87 60.78 T71.29 91.81 77.44
s - - - - - - __ - - - _ - _ T _ - _ -
LoRA [17] 89.94 89.47 B80.65 46.11 92.94 81.18 66.41 61.76 81.66 76.68

ARENA (Ours) 92.28 89.58 84.49 50.83 93.01 80.27 68.35 62.95 82.46 T78.25

Transferability to novel tasks (new organs)

Method MYO LA RA LV RV Avg.

Linear probe 64.50 63.47 66.86 69.12 62.60 65.31

¥ BitFit [33] 64.18 64.15 66.35 69.79 62.61 64.42
< Affine-LN [1] 64.39 63.62 67.95 6993 63.66 65.91
& FFT 59.07 54.05 63.06 64.38 59.50 60.01
S - o o
LoRA [15] 60.31 65.2 78.44 64.05 65.29 66.66

ARENA (Ours) T75.29 81.8 82.93 74.2 74.82 77.81
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Adaptation code and model weights publicly available

https://github.com/ghassenbaklouti/ ARENA

#) ARENA ' Pubiic @Watch 0 ~ % Fork 0~ W Stared 4

# master ~ ¥ 1Branch © 0Tags o} i Add file ~ <> Code ~ About

[MICCAI'25] Regularized Low-Rank
Adaptation for Few-Shot Organ

Segmentation.
W fseft Updating list of s 3 months ago

#) ghassenbaklouti Update README File 5831cd0 - last month  {Y) 6 Commits
B local data

B models

B9 utils

[ .gitignore
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Zero-shot /Adaptation Oriented (3D Data)

Challenges and future

Model selection in low-shot regimes: we need to facilitate the
adaptation/fine-tuning stage to practitioners.

. How to know a priori if using black-box Adapters, or PEFT. Which PEFT
method to use?

. Improving PEFT for convolutional architectures, e.g., nnUnet/3DUnet.
. Better benchmarks in supervised pre-training: Known vs. Novel setting.

. More detailed comparisons between Supervised vs. SSL for few-shot
transfer and domain generalization.
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