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

Trained with many
data / tasks / domains
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+ Some target

(ideally small)

domain feedback

Organizing the mess!

1.

2.

3.

Types of foundation models: a data perspective.
A. Generalist vs. Specialized
B. 2Dvs.3D
C. Multimodal vs. Unimodal
Learning/Usage Objectives
A. Zero-shot/ Transfer Learning
B. In-Context Learning
C. Interactive Models (“SAM”)
Zero-shot / Adaptation-oriented (3D data)
A. How to pre-train?

B. How useful are foundation models? Limitations on
the adaptation stage

C. Few-shot Parameter-Efficient Fine-tuning
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data / tasks / domains
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2. Learning/Usage Objectives
A. Zero-shot/ Transfer Learning
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Types of foundation models: a data perspective.

Generalist vs. Specialized (pre-training)

+ Data Available - Data Available
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Huang et al. On The Challenges And Perspectives of Foundation Models For
Medical Image Analysis. MedIlA’24.



Types of foundation models: a data perspective.

Generalist vs. Specialized (pre-training)

— Medical better than General (natural image)
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Foundation
Model
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Foundation Models
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Huang et al. On The Challenges And Perspectives of Foundation Models For
Medical Image Analysis. MedIlA’24.
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Ma et al. Segment Anything in Medical Images. Nat.Com.24



Types of foundation models: a data perspective.

Generalist vs. Specialized (pre-training)

—> Modality better than Medical ?
(scarce empirical studies for segmentation)
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Huang et al. On The Challenges And Perspectives of Foundation Models For
Medical Image Analysis. MedIlA’24.



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 ODIRsgoxa MMAC  Avg.

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

, e BiomedCLIP  ViT-B/16 0.207 0.415 0.624 0.617 0.583 0274 0.453
Modality-specific FLAIR RN50 0.604 0.735 0.883  0.983 0.667 0.400 0.712

Foundation Models (b) Linear Probing

—specific ImageNet RN50 0.424 0.741 0.733 0.983 0.887 0.631 | 0.733
Orga", gt " CLIP ViT-B/32 0.491 0.800 0.720 0.950 0.917 0.642 | 0.753
Foundation Models BiomedCLIP  ViT-B/16 0.433 0.654 0.776 0.866 0.883 0.678 | 0.715
RETFound  ViT-B/16 0.457 0.765 0.747 0.950 0.887 0547 | 0.725

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-lmage Model of

Huang et al. On The Challenges And Perspectives of Foundation Models For the Retina: Encoding Expert Knowledge in Text Supervision.

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

Generalist vs. Specialized (pre-training)

—> Modality better than Medical ?

@ b (scarce empirical studies for segmentation)
e : BUT... Large domain GAP between modalities.
Model é‘ * ) F e 2 s
3 g L SR
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Modality-specific & ‘s?h"
Foundation Models £
Organ-specific ,‘
Foundation Models @
Task-specific Butoi et al. Universeg: Universal medical image segmentation. ICCV’23.
Foundation Models
@lllr‘llﬂ
Huang et al. On The Challenges And Perspectives of Foundation Models For ...

Medical Image Analysis. MedIlA’24.
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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)

Actually...

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

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

* These scales not apply to other categories such as
histology WSls

13



Types of foundation models: a data perspective.
2D vs. 3D (pre-training)

Actually...

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

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

— Pre-training on 3D better than on 2D
(also, a limitation of natural image pre-training)
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(d) SAM-Med3D vs. SAM-Med2D

Wang et al. SAM-Med3D: Towards

General-Purpose

Segmentation Models for Volumetric Medical Images.

ArXiv’24.
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Types of foundation models: a data perspective.

Multimodal vs. Unimodal

Image-Level image-language pre-training

~
\
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!
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Heart size is enlarged...

r

|

Clear consolidation at ...
a3

No abnormality seen...

Segmentation image-language pre-training

“Aliveris in the image”

15



Types of foundation models: a data perspective.

Multimodal vs. Unimodal

- Medical Image Segmentation Foundation Models are (so far) Unimodal
(FMs are not necessary multi-modal)

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

3. Unclear contribution of text modality in absence of open-
vocabulary concepts.

“Aliveris inthe image”

4. Some works include a CLIP-driven component, but its contribution
is doubtful. (We will see this latter)

5. To explore in lesion segmentation?

Liu et al. CLIP-Driven Universal Model for Organ
Segmentation and Tumor Detection. ICCV’23.
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Foundation models for medical image segmentation

Trained with many
data / tasks / domains

Organizing the mess!

1. Types of foundation models: a data perspective.

A. Generalist vs. Specialized

B. 2Dvs.3D

C. Multimodal vs. Unimodal

A .- - - - - - -

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 .
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
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Learning / usage objectives. Med3D(’19)

Zero-shot / Transfer Learning

CLIP-Driven

ImageNet Philosophy

3DSeg-8 Med3D Segmentation Results

Convolution Layers

Backbone |

l
T F
‘ ?}
W 5 Transfer Up-sample
Lung Nodule Dataset [ee e mssemsnsmt e s e e ' Fully-connected Layer

i d | ’
II | [ q 4 i
“I ! [ 1 ‘\ L»;\ \ *}—- ‘~—> Classification: Malignancy
I 1

Figure 2: Framework of the proposed method.

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

MultiTalent

HERMES

UniSeg

FSEFT
SuPreM

a) Collection of partially labeled datasets b) Contradicting and overlapping classes
I 01 Liver
Il 04 Liver vessel
o 07 Aorta
11 Aorta
B 11 Heart
Liver + Liver tumor LUng cancer Pancreas - 10 Heart
c) Training strategies
Traditional training Multi-dataset training
I | I| | Il | I |
\
[ e VS. ‘
One network per dataset MultiTalent: One network for all datasets

Ulrich et al. MultiTalent: A Multi-Dataset Approach to Medical Image
Segmentation. MICCAI’23.
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Learning / usage objectives. Med3D(’19)

Zero-shot / Transfer Learning CLIP-Driven

ImageNet Philosophy

Zero-shot predictions
to base tasks

3DSeg-8 Med3D

MultiTalent

egmentation Results

HERMES

Convolution Laffers

UniSeg

FSEFT

SuPreM

a) Collection of partially labeled datasets b) Contradicting and overlapping classes

Classification: Malignancy

I 01 Liver
Il 04 Liver vessel

o 07 Aorta

11 Aorta

B 11 Heart

N .y Liver + Liver tumor Lung cancer Pancreas Bl 10 Heart

al Image Analysis. ArXiv’19. =
c) Training strategies
Fine_tuning to novel Traditional training Multi-dataset training

domains/tasks lu[ Ilul Iiul Vs. Iul

One network per dataset

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

MultiTalent: One network for all datasets

19



Learning / usage objectives.

(Zero-shot: VLMs vs. Unimodal)

Unimodal
V'5'°“"-:“ig“age 1S Zero-shot: not receiving any
Models 211 2 - =
W FxC S & supervision from the target
A photo of domain/task
[“CAT*/”DOG”] /
\\D Class prototypes Is zero-shot predictions to novel categories a
realistic objective?
!I . Undandarao et al. No Zero-Shot without Exponential Data:
Class 1: cat ‘ ’ Pretraining Concept frequency Determines Multimodal Model

Performance. ICLRW-FM’24.

‘ ’ Class 2: dog
O

20



Learning / usage objectives. UniverSeg

In Context Learning Tyche

“At the end of the day, practitioners won't fine-tune”

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.

e —: Query Image

é - - .
| | )" —

2. Predict new images with the trained model. -

Support Set

{
-

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



Learning / usage objectives. UniverSeg

In Context Learning

{4\

=== Query Path

=== Support Path

] Down-Sample

[ Up-Sample
CrossBlock
== 1x1 Convolution
D Convolution + RelLU
|| Channel-wise Concat

Main Idea

Query
sample

Xt

—]

:

t

1
Support set St ..
(L]

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



Learning / usage objectives. UniverSeg

In Context Learning

{4\

=== Query Path
=== Support Path
] Down-Sample
Up-Sample
CrossBlock
== 1x1 Convolution
| Convolution + ReLU
|| Channel-wise Concat

Main Idea

Query
sample

Xt

N @

Support set ﬁ

L'

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

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



=== Query Path
=== Support Path
[ Down-Sample
1 Up-Sample
CrossBlock
== 1x1 Convolution
| convolution + ReLU
m Channel-wise Concat

Learning / usage objectives.

In Context Learning

il
*‘I- v
ol

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

UniverSeg

CrossBlock(u, V:0.,0,) = (u', V"), where: (2)

z; = A(CrossConv(u, v;;0.,))

fori=1,2,....n

' =1/n>"  z; Query output: average across support
vi = A(Conv(z;:6,)) fori=1,2,...,n,

CrossConv(u, V;0.) = {z:}i—1,

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

1

Concatenate query and
support activation maps

Support samples
activation maps

24



Learning / usage objectives.

In Context Learning

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

UniverSeg

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

25



Learning / usage objectives. UniverSeg

In Context Learning

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

for Kk =1,...,NumTrainSteps do

t~T > Sample Task
(zf,y;) ~t > Sample Query
St {(z5,¥5)}7 4 > Sample Support
xt, yt < Aug, (zt, yt) > Augment Query
St « {Aug, (mjffa yj) ;’ > Augment Support
mg:yfast FAUgT(%aUE,St) > Task Al,lg
Ui < fo(xf, S*) > Predict label map
< Leg (9, k) > Compute loss
0« 0 —nVel > Gradient step
end for

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

In Context Learning

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

(1]

o
IR

for k =1,...,NumTrainSteps do

t~T > Sample Task —>  Among all training tasks
(zf,y;) ~t > Sample Query
St {(z5,¥5)}7 4 > Sample Support
xt, yt < Aug, (zt, yt) > Augment Query
St « {Aug, (mjffa yj) ;’ > Augment Support
mg:yfast FAUgT(%aUE,St) > Task Al,lg
Ui < fo(xf, S*) > Predict label map
< Leg (9, k) > Compute loss
0« 0 —nVel > Gradient step
end for

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

In Context Learning

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

UniverSeg

oy
Qe -

forf :71-’ -+, NumTrainSteps do > Sample Task Among all training samples
(%, yf) ~ t > Sample Query / from that task
St {(=%,99) 4 > Sample Support
i, y; < Aug,(zf, ;) > Augment Query
St + {Aug, (x5, y}) ; > Augment Support
mﬁ,yf,St (—Al]gT(.I‘z-,yg,St) DTaSkAUg
9; + fo(zt,SY) > Predict label map
< Leg (9, k) > Compute loss
0 < 0 —nVel > Gradient step
end for

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

In Context Learning

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

UniverSeg

-

@

(1]

forf :71-’ -+, NumTrainSteps do > Sample Task Among all training samples
(zf,y;) ~t > Sample Query / from that task
St {(=%,98)} s > Sample Support
z,y; < Aug,(zi, ;) > Augment Query
St + {Aug, (x5, y}) ; > Augment Support
mﬁ,yf,St (—Al]gT(.I‘z-,yg,St) DTaSkAUg
9; + fo(zt,SY) > Predict label map
< Leg (9, k) > Compute loss
0 < 0 —nVel > Gradient step
end for

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

In Context Learning

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

i
» AR

for Kk =1,...,NumTrainSteps do

t~T > Sample Task
(zf,y;) ~t > Sample Query
St {(=%,9%) s > Sample Support
x}, yt « Aug,(z}, yf) > Augment Query —  Images Augmentations
St {Aug,(z%, y}) ;’ > Augment Support
mg:ygast FAugT(mgaUE,St) > Task Aug
0; + fo(xt,SY) > Predict label map
< Leg (9, k) > Compute loss
0 < 0 —nVel > Gradient step
end for

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

In Context Learning

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

for Kk =1,...,NumTrainSteps do

t~T > Sample Task

(zf,y;) ~t > Sample Query

St {(=%,99) 4 > Sample Support

2,4t Aug,(zh,yt) > Augment Query

St + {Aug, (x5, y}) ; > Augment Support

mg:yga‘gt FAUgT(%aZ}E,St) > Task Allg

9 < fo(xt, SY) > Predict label map

€+ Lseg(9i,9}) > Compute loss  ~—, Standard (training)
B« 0 —nVyl > Gradient step forward-backward steps

end for

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

In Context Learning

And what about inference?

For a given imagext 4 = fo(z*, S*)

M
To make it more robust, multiple .1 R
support sets are employed :> Y=M Z fo(z", 5p,)

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



Learning / usage objectives. UniverSeg

In Context Learning

(upper bound) (ours)
nnUNet UniverSeg

Ground
Truth

ACDC PanDental

Test Dice Score

Method

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

STARE

— Can tackle new tasks.
— Does not require fine-tuning.
— Promising performance.

- So far binary scenario.
- Performance below dataset-specific models.
— Unclear implementation on large 3D data.

- Requires continuously employing the support set.

SpineWeb

&0 B ALPMet
Il SENet
UniverSeg
40 _— [ours)
nnUNet
. - ] i =

Method
PAM et
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Test-Time
Augmentations

Stochastic Target
LI
{x", 2k Ji—s

Context
£ _t15
{r‘l'.!.l'l_i:}_;i=]

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

Learning / usage objectives.

In Context Learning

SetBlock

N E—B
.E.Eém.s
M 8 = 9
B L
i ¥

SetBlock

SetBlock

In-Context Learning

CrossBlocks

Predictions b

‘

Chrs: TneContext
Stochastic Model

Tyche

Measure Uncertainty

34



Learning / usage objectives. SAM

> smome ——— Interactive models (“SAM”) MedSAM

model data

3DSAM-Adapter
T— train <—| p

Trained on an huge
Segment Anything 1B (SA-1B): amount of data MA-SAM

* 1+ billion masks Fo— T
* 11 million images
* privacy respecting
* licensed images

Med-SAM3D

Pipeline
, score
o C) , _‘ mask decoder m
| encoder — L T T T #REOIR
L / conv\ prompt encoder
. image t t T T , score
Image embed%iing mask  points  box text

valid masks

35
Kirillov et al. Segment Anything. ICCV’23.



How this is trained?

Learning / usage objectives.

Interactive models (“SAM”)

Computed once per
image and stored

image
encoder

[

SAM

image

Kirillov et al. Segment Anything. ICCV’23.

;_] C > - mask decoder
— f T t
:—-J, / COHV\ prompt encoder
I
image t t f !
embedding mask  points box text

valid masks

, SCOre

, score

, score
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How this is trained?

Learning / usage objectives.

Interactive models (“SAM”)

Computed once per

image and stored

image
encoder

]

SAM

image

Kirillov et al. Segment Anything. ICCV’23.

7
;_J P mask decoder
| | J \ [
L / conv\ prompt encoder
L]
image t t T
embedding mask |points  box text

valid masks

Positional embeddings

I

Learnable Embeddings

(per type of prompt)

, SCOre

, score

, score
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How this is trained?

Learning / usage objectives.

Interactive models (“SAM”)

Computed once per
image and stored

image
encoder

[

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

SAM

image

Kirillov et al. Segment Anything. ICCV’23.

7
;_J o—t mask decoder
| | J ) [
L] / conv\ prompt encoder
L]
image t t t 1
embedding mask |points  box text

Positional embeddings

Learnable Embeddings
(per type of prompt)

I

valid masks

, SCOre

, score

, score

38



Learning / usage objectives.

Interactive models (“SAM”)

And what about inference?

valid mask
model
ik B
e ©® catwith
b black ears
segmentation prompt image

Remember: prompts on test data

Kirillov et al. Segment Anything. ICCV’23.

SAM

(z)

SURIEE

Z

RURIES
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Learning / usage objectives. MedSAM

Interactive models (“SAM?”)

Fine-tuning SAM on
an huge amount of
medical data

| Mask decoder
Syl Image | :
Ipeline |
p encoder ] Prompt encoder
- |
Image
Input Image embedding D Segmentation

40

Ma et al. Segment Anything in Medical Images. Nat.Com. 24. Bounding box prompts



Learning / usage objectives. MedSAM

Pipeline

Interactive models (“SAM?”)

Trained on an huge
amount of data

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

Input Image

Limited to Bounding Boxes
(+ points)

How good is the DSC of
this bounding box?

Mask decoder
t

Prompt encoder

T

Image
encoder !
Image
embedding

D Segmentation

41

Bounding box prompts




Learning / usage objectives.

Fine-tuning SAM via
Parameter-Efficient
Fine-Tuning

& Frozen & Tuned

t

Down
projection

&

(ccocooo0)

[cocooo0)

3DSAM-Adapter

Interactive models (“SAM?”)

Prediction

Bpoapyse  F ]4—

Raw image
l Patch embedding l

!
Jaydepe jepeds ¥ |
|

.\'-... R

}o0|q uonuAy & ]
201 UORUY | |
§o0|q uoluUENY & ]

¥30|q uopuAlY & ]
¥
Joydepe |epeds ¥ |

Jardepe |eneds ¥ ]
J H
Jaydepe eneds ¥ J

e §— e =
—

A 14x1x1

[
[
[

i
(
[
|
[

— Ground truth

Image patchas DHW

2’ point prompt

£x
PEX
13

& Frozen & Tuned

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

Fine-tuning SAM 2D
via Parameter-Efficient
Fine-Tuning to 3D

—> Adapt for promptable version.

Methods |Dioe TNSD T
nnUJ-Net ([sensee et al., 2021) 41.6  62.5
3D UX-Net (Lee et al., 2023) 3.8 526
SwinUNETR (Tang et al., 2022b) 40.6 60.0
nnFormer (Zhou et al., 2023a) 36.5 540
3DSAM-adapter (automatic) (Gong et al., 2023) | 30.2 4ﬁ.4

3DSAM-adapter (10 pts/scan) (Gong et al., 2023)| 57.5 79.6
MA-SAM (automatic) 50.1
MA-SAM (1 tight 3D bbx/scan) 50.3 | 97.9
MA-SAM (1 relaxed 3D bbx/scan) 747 §97.1
——

Chen et al. MA-SAM: Modality-agnostic SAM Adaptation
Segmentation. MedIA’24.

Interactive models (“SAM?”)

MA-SAM (3D)

[8, N, H, W] [BM, H, W] Image encoder Mask decoder &
N 5l
© @ & 8% v %
E = E - E = E = E = o
2= 25 2o 2= g2 0 =
Il o e o T
= = = (= =
Ima
Input 3D volumes - —— | embedding Prediction
3D Adapter L?a“&?rsnkd. 3D Adapter
+ 4
[ =4 =
B = w E =
g—;- 5—»3%—»33 & g—- EE > c— E—hﬂ%—hgg (}-E—r‘g—;{é—»
= = o = S 7 Z 2 = = B )
!t " ‘. =70 'L ‘. b ‘, Fine-tune
wy
4 —# Reshape ® L2 — Reshape L2 % B Freeze
3D Adapter
for 3D Medical Image 43



Learning / usage objectives.

Interactive models (“SAM?”)

MA-SAM (3D)

[8, N, H, W] [BN, H, W] Image encoder Mask decoder &
~ s ]
1 1 c¥_» 54 —s 55| |— — || 5% 8z, =
Fine-tuning SAM 2D 2SS I+ EEE
7 i = = = = =
via Parameter-Efficient e = | L >
Input 3D volumes —— | embe _dl_ng Prediction
Fine-Tuning to 3D
3D Adapter L?a\'&;argk‘ 3D Adapter
[ B
[ =4 =
o6 @
E 5 2 N e 2% E| | § 2 e e £
E> f—e— bbb 5> 2 b 5~ & Qf— 2 ohl 5 - £ -
= = = - S L = = o =z T i
!‘- 4 = E 4 " b ‘, Fine-tune
4 — Reshape # L — Reshape s & % Freeze
—> Adapt for zero-shot version (SAM as pre-trained representations).
Methods |[Spleen RKd LKd GB Eso. Liver Stomach Aorta IVC Veins Pancreas AG |[Average 3D Adapter
Dice [%] T
nnU-Net (Isensee etal, 2021) | 97.0 953 953 63.5 775 974 89.1 00.1 885 790 87.1 752 863
3D UX-Net (Lee et al., 2023) 946 942 943 593 722 964 734 872 849 722 809 67.1| 814
SwinUNETR (Tang et al., 2022b)| 95.6 942 943 636 755 966 792 899 837 750 822 67.3| 83.1
nnFormer (Zhou et al., 2023a) 935 949 950 641 795 968 901 89.7 859 77.8 856 739 856 +O.9%
SAMed_h (Zhang and Liu, 2023) | 953 92.1 929 621 753 964 902 876 798 742 779 61.0] 821
MA-SAM (Ours) 96.7 95.1 954 682 821 969 928 911 875 798 86.6 7T3.9| 8§7.2
Chen et al. MA-SAM: Modality-agnostic SAM Adaptation for 3D Medical Image 44

Segmentation. MedIA’24.



Learning / usage objectives. Med-SAM3D

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

with Medical data
from Scratch

[H, W, O] 4 3D Image Encoder - 8D Mask Decoder
- - . b . Dice (%
f‘:ﬂg—. s, "E_z — "E_a: — — gi — EE —+ o —w Model Prompt | Inference Time (s) Seen Uusee(n l:))vera]l
£y & £3 - 28 e8 gz |12 ||
Qg g <= Em §® &S = SAM N pts N(7+0.13) 16.79 11.73 16.15
e 15 * 2 o = rediction SAM-Med2D N pts N(7 +0.04) 3891 2255 36.83
Image Embedding T brompt I SAM-Med3D 1 pt 42 81.98 37.02 76.27
Embeddings SAM 3N pts SN(r+0.19) 3461 1504 32.24
3D Prompt Encoder SAM-Med2D 3N pts 3N(r +0.07) 51.46 29.70 48.70
5 Leamable GELU SAM-Med3D 3 pts 3743 84.14 43.80 79.02
— w Embedding
a E_ IR o T LN 3D SAM 5N pts 5N (T + 0.25) 49.39 21.86 45.80
E K=+ 2| @ o E—-@a ; s 3D Abs PE con o SAM-Med2D 5N pts 5N (7 +0.10) 51.89 3041 49.17
= . E ; SAM-Med3D 5 pts 5744 84.62 46.26 79.75
> = [ & 1 _
- Y = Points {7 o SAM-Med3D 10 pts | 107+6 85.19 49.92 80.71
3D Multi-head Self-Attention xyz) | %0 -

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



Learning / usage objectives. Med-SAM3D

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

with Medical data
from Scratch

1 point for each N slices

[H, W, O] 4 3D Image Encoder 3D Mask Decoder \

- - . L] - . Dice (%
- g w |8 £ (| DO | &% E a_ | Model \grompt Inference Time (s) p— Uusee(n [lgverall
£y 3 £8 - |28 28 gz |2 r 1
g% g = Em g &8 = SAM N pts N(7+0.13) 16.79 11.73 16.15
e 15 - 2 o = rediction SAM-Med2D N pts N(7 +0.04) 3891 2255 36.83
Image Embedding T brompt I SAM-Med3D 1 pt 42 81.98 37.02 76.27
Embeddings SAM 3N pts 3N (r +0.19) 3461 15.04 32.24
SD Prompt Encoder SAM-Med2D 3N pts 3N(t +0.07) 51.46 29.70 48.70
5 Leamable GELU SAM-Med3D 3 pts 3143 84.14 43.80 79.02
— w Embedding
a E_ IR o T LN 3D SAM 5N pts 5N (T + 0.25) 49.39 21.86 45.80
E k-2 @ o E—-@a ; ~ 5 30 Abs PE con o SAM-Med2D 5N pts 5N (T +0.10) 51.80 30.41 49.17
= . E ; SAM-Med3D 5 pts 5744 84.62 46.26 79.75
> = [ & 1 _
- Y = Points £ 7 sk SAM-Med3D 10 pts | 10746 85.19 49.92 80.71
3D Multi-head Self-Attention xyz) | %0 -

Improved over 2D version

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

Med-SAM3D

SAM only handles
binary segmentation
(one class at a time)
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Learning / usage objectives.

Med-SAM3D

Interactive models (“SAM?”)

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

Dataset

Modality

General-purpose

- J|SAM-Med2D [6] SegVol [8] Ours
(N pts) (pt+text

Ours

(1 pt) (10 pts)

Totalsegmentator
KiTS21

AMOS-

AMOS-MR ﬁ
BTCV*
TDSC-ABUS23*

CcT
cT
CcT
MR
CcT
Us*

Task-specific
UNETR |11] nnU-Net

75.05 85.22
70.75 75.32
78.33 88.87
76.29 86.92
78.99 51.92

- 45.08

38.26
68.74
49.61
45.53
50.05
49.39

84.68

72.06

79.94

- 75.41
T3.81  79.17
- 36.08

87.59
75.37
83.99
81.13
83.01
54.35

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

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

SAM vyields sometimes
lower results to task-
specific models
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Learning / usage objectives.

Med-SAM3D

Interactive models (“SAM?”)

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

Dataset

Modality

General-purpose

- J|SAM-Med2D [6] SegVol [8] Ours
(N pts) (pt+text

Ours

(1 Pt-)|(10 pts) |

Totalsegmentator
KiTS21

AMOS-

AMOS-MR ﬁ
BTCV*
TDSC-ABUS23*

CcT
cT
CcT
MR
CcT
Us*

Task-specific
UNETR |11] nnU-Net [16
75.05 85.22
70.75 75.32
78.33 88.87
76.29 86.92
78.99 51.92
- 45.08

38.26
68.74
49.61
45.53
50.05
49.39

84.68

72.06

79.94

- 75.41
T3.81  79.17
- 36.08

87.59
75.37
83.99
81.13
83.01
54.35

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

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

SAM vyields sometimes
lower results to task-
specific models
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Learning / usage objectives. Med-SAM3D

Other Interactive models (“SAM”)
Details

Pre-computed ROI in whole-

/ body scans

3D Image Encoder 3D Mask Decoder

=2 w s g 2% 33 A Model Prompt | Inference Time (s) S ]:[)Ilcfa (%&' i
.Eq._. - — Eﬁ_.. _,5_5 — J— iﬁ_,. B_fg_,. o _— een nseen era
o £ 2 £ i = E T T
g% g <= Em E® 88 | ¢ SAM N pts N(r +0.13) 16.79 11.73  16.15
— 5 ] -] = = reciction SAM-Med2D N pts N (7 +0.04) 3891 2255 36.83
Image Embedding T rompt I SAM-Med3D 1 pt T+2 81.98 37.02 76.27
Embeddings SAM 3N pts SN(r+0.19) 3461 1504 3224
3D Prompt Encoder SAM-Med2D 3N pts 3N(r +0.07) 51.46 29.70 48.70
. Leamable GELU SAM-Med3D 3 pts 3143 84.14 43.80 79.02
— w Embedding
= =) - 3~3 5 | B LN 3D SAM 5N pts 5N (7 +0.25) 49.39 21.86 45.80
E K== g i E E —'E}—- ; — E — 3D Abs PE COI"It"SD SABI—D&{EdQD 54'\'1- pt.‘: 54'\"-‘[T + 01[}} 51.89 30.41 "-1917
5 - E ; SAM-Med3D 5 pts 5T+4 84.62 46.26 79.75
I T . Points {7 | SAM-Med3D 10 pts | 107+6 85.19 49.92 80.71

3D Multi-head Self-Attention oyz | e 3 Mask . /

Iterative random points over the error region
(explicit access to GT)

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



Learning / usage objectives.

Interactive models (“SAM?”)

Applications in Active
Learning / Annotations

Non-Expert

Medical Imaging Sparse Annolalions SAM-Generated DL Segmentation
Dataset Annolations Maodel

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

Trained with many

Organizing the mess!
data / tasks / domains

1. Types of foundation models: a data perspective.

A. Generalist vs. Specialized

B. 2Dvs.3D

C. Multimodal vs. Unimodal

A .- - - - - - -

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 .
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
52



Learning / usage objectives. Med3D(’19)

Zero-shot / Transfer Learning CLIP-Driven

ImageNet Philosophy

Zero-shot predictions
to base tasks

3DSeg-8 Med3D

MultiTalent

egmentation Results

HERMES

Convolution Laffers

UniSeg

FSEFT

SuPreM

a) Collection of partially labeled datasets b) Contradicting and overlapping classes

Classification: Malignancy

I 01 Liver
Il 04 Liver vessel

o 07 Aorta

11 Aorta

B 11 Heart

N .y Liver + Liver tumor Lung cancer Pancreas Bl 10 Heart

al Image Analysis. ArXiv’19. =
c) Training strategies
Fine_tuning to novel Traditional training Multi-dataset training

domains/tasks lu[ Ilul Iiul Vs. Iul

One network per dataset

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

MultiTalent: One network for all datasets

53



Zero-shot /Adaptation Oriented (3D Data Med3D(’19)

Why volumetric (and mostly CT)? CLIP-Driven

KiTS19
Decathlon Pelvis Kdney-+Tumar
Calon Tumar Small Bowel.
Bladucr,

MultiTalent

um.
Uterus

Structseg  DECaLIon

hlon 06 | Emdeg T Seeen
Decathlon e

cathion 06 | gizdled.

Decathlon 03
Liver -

BTCVZ
cemoe (ISR VS.
'E?e:ﬁ Aorta. oy
i

Tri(hgi

UniSeg

D thion 07
R Decathlon 08
i

Hebatic Vessel + Tumor

NIH-Pan
Pancreas

1460 images 1204 images S P M
~3600 annotations ~100000 annotations u re

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

Datasets #Targets  #Scans  Annotated Organs or Tumors

1. Pancreas-CT [02] | 82 Pancreas

2.LITS [ 7] 2 201 Liver, Liver Tumor®

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

4. AbdomenCT-1K [45] 4 1,000 Spleen, Kidney, Liver, Pancreas

5. CT-ORG [01]] 4 140 Lung, Liver, Kidneys and Bladder

6. CHAOS [77] 4 40 Liver, Left Kidney, Right Kidney, Spl

7-11. MSD CT Tasks [ 1] 9 0947 Spl. Liver and Tumor”®, Lung Tumor®, Colon Tumor”®, Pan and Tumor®, Hepatic Vessel and Tumor™
12. BTCV [17] 13 50 Spl, RKid, LKid, Gall, Eso, Liv, Sto, Aor, IVC, R&SVeins, Pan, RAG, LAG

13. AMOS22 [32] 15 500 Spl. RKid, LKid, Gall, Eso, Liv, Sto, Aor, IVC, Pan, RAG, LAG, Duo, Bla, Pro/UTE
14. WORD [+4] 16 150 Spl. RKid, LKid, Gall, Eso, Liv, Sto, Pan, RAG, Duo, Col, Int, Rec, Bla, LFH, RFH
15. 3D-IRCADbB [07] 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 | 7] 104 1,024 cle, Myocardium, PVein, SVein, IVC, lliac Artery, lliac 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, [liopsoas, 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 LtRV, Kid Rt{RV, CBD Stent, PDAC*, PanNET", Pancreatic Cyst”

Liu et al. CLIP-Driven Universal Model for Organ Segmentation and 54
Tumor Detection. ICCV’23.



Zero-shot /Adaptation Oriented (3D Data Med3D(’19)

Why volumetric (and mostly CT)? CLIP-Driven

KiTS19 A
Decathlon Pelvis (3T 7 Ty l I I a e I l
Colon Tumar Small Bowel,
koo
Hlaader
i
e, R PEEEn
Dew:aqthlnn 06  Eeoeagis G
Eamt e st
SegThor 8 m"’:ﬁi\ VS .
fre -
s
BICY
12 abdom.
‘organs.
pecatren ol Decathlon 08
Heb e
NIH-Pan
e
1460 images 1204 images Sl I P reM
~3600 annotations ~100000 annotations

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

Datasets #Targets  #Scans  Annotated Organs or Tumors
1. Pancreas-CT [02] | 82 Pancreas
2.LITS [ 7] 2 201 Liver, Liver Tumor®
3 KIiTS [ 25] 2 300 Kidney, Kidney Tumor®
f I' I . I I 4. AbdomenCT-1K [45] 4 1,000 Spleen, Kidney, Liver, Pancreas
5. CT-ORG [01]] 4 140 Lung, Liver, Kidneys and Bladder
- A good number of annotated scans publicly available. 5o M0 Lumg Liver Kidneys and Bldder
° ° 7-11. MSD CT Tasks [ 1] 9 0947 Spl. Liver and Tumor”®, Lung Tumor®, Colon Tumor”®, Pan and Tumor®, Hepatic Vessel and Tumor™
(Cu rrent models are pre-t rained with 2K CTS) 12. BTCV [+7] 13 50 Spi. RKid, LKid, Gall, Eso, Liv, Sto, Aor, IVC, R&SVeins, Pan, RAG, LAG
. . 13. AMOS22[77] 15 500 Spl, RKid, LKid, Gall, Eso, Liv, Sto, Aor, IVC, Pan, RAG, LAG, Duo, Bla, Pro/UTE
- Anatomical morphology is natural 3D 14. WORD [44] 16 150 Spl RKid, LKid. Gall. Eso, Liv, Sto, Pan, RAG, Duo, Col, Int, Rec, Bla. LFH, RFH
L]
. . 15. 3D-IRCADb [07] 13 20 Liv, Liv Cyst, RLung, LLung, Venous, PVein, Aor, Spl, RKid, LKid, Gall, IVC
9 La bellng at VOXEI Ievel |S tremendOUSIV Costly for 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-
H 16. TotalSegmentator | 7] 104 1,024 cle, Myocardium, PVein, SVein, IVC, lliac Artery, lliac Vena, Brain, Trachea, Lung Upper Lobe,
pra Ctltloners' Lung Middle Lobe, Lung Lower Lobe, AG, Spl, Liv, Gall, Pan, Kid, Eso, Sto, Duo, Small Bowel,
( 10 ° t t d ° t T t IS t t ) Colon, Bla, Autochthon, [liopsoas, Gluteus Minimus, Gluteus Medius, Gluteus Maximus
m I n per s ruc u re accor Ing O o a egmen a or ° 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 LtRV, Kid Rt{RV, CBD Stent, PDAC*, PanNET", Pancreatic Cyst”
- Enormous potential of FMs to address inter-center,
Liu et al. CLIP-Driven Universal Model for Organ Segmentation and 55

inter-scan and demographics variabilities. Tumor Detection. |GCV*23.



Zero-shot /Adaptation Oriented (3D Data)  Med3p(19)

Challenges of Dataset Assembling CLIP-Driven
Partially-labeled datasets _ MultiTalent
UniSeg
SuPreM

LiTS KiTS MSD Spleen MSD Pancreas NIH Pancreas

Inconsistent annotation protocols
¢ LY i -—-_——

AbdomenCT-12organ

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



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

-train?
How to pre-train? Standard FCEFT

Assembly Dataset with
Partial Labels

DT — {(XnaYn)Wn) N

n=1

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

Silva-Rodriguez et al. Towards Foundation Models and Few-Shot Parameter-Efficient Fine-Tuning 57
for Volumetric Organ Segmentation. MICCAI W-MedAGI’23 (Extension Under Review).



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

-train?
How to pre-train? Standard FCEFT

Total Number of
Categories

\

w¢ =[0,1,1,0,0,0,1,0,0]

Assembly Dataset with

Partial Labels /

DT — {(Xn) Yn) Wn)}gzl

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

Silva-Rodriguez et al. Towards Foundation Models and Few-Shot Parameter-Efficient Fine-Tuning
for Volumetric Organ Segmentation. MICCAI W-MedAGI’23 (Extension Under Review).



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

-train?
How to pre-train? Standard FCEFT

Annotated on its dataset

Assembly Dataset with w®=1[0,1,1,0,0,0,1,0,0]

Partial Labels

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

Silva-Rodriguez et al. Towards Foundation Models and Few-Shot Parameter-Efficient Fine-Tuning
for Volumetric Organ Segmentation. MICCAI W-MedAGI’23 (Extension Under Review).
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Zero-shot /Adaptation Oriented (3D Data)  Muttialent

-train?
How to pre-train? Standard FCEFT

NOT annotated on its
dataset
Assembly Dataset with we=1[0,1,1,0,0,0,1,0,0]
Partial Labels

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

Silva-Rodriguez et al. Towards Foundation Models and Few-Shot Parameter-Efficient Fine-Tuning
for Volumetric Organ Segmentation. MICCAI W-MedAGI’23 (Extension Under Review).



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

How to pre-train? Standard

FSEFT
1. Forward Encoder-Decoder
L, = 04X
Assembly Dataset with " r(X)
Partial Labels
Dr = {(Xn, Yo, wn) 1Y
T 79 ny vWn)fn=1
Dataset A: kidney Dataset B: spleen Dataset D: liver
Silva-Rodriguez et al. Towards Foundation Models and Few-Shot Parameter-Efficient Fine-Tuning 61

for Volumetric Organ Segmentation. MICCAI W-MedAGI’23 (Extension Under Review).



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

-train?
How to pre-train? Standard FCEFT

1. Forward Encoder-Decoder

L, = 04X
Assembly Dataset with n F(Xn)

Partial Labels
2. Forward Classifier + Sigmoid activation

DT — {(Xn)Yn)Wn) N

n=1

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

Y, = H0.(Z,))

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

Silva-Rodriguez et al. Towards Foundation Models and Few-Shot Parameter-Efficient Fine-Tuning
for Volumetric Organ Segmentation. MICCAI W-MedAGI’23 (Extension Under Review).



Zero shot /Adaptation Oriented (3D Data)  MuliTalent

5
How to pre-train? Standard FCEFT

1. Forward Encoder-Decoder

= H¢(X
Assembly Dataset with F(Xn)

Partial Labels

DT — {(XnaYnaWn) N:

2. Forward Classifier + Sigmoid activation

— J(E}CIZZ”)]

3. Compute any masked segmentation loss, and update

. . min E Iwn kLSEG(Yn,k: Ynk) n=1,..,N
Dataset A: kidney Dataset B: spleen Dataset D: liver 07,6, Zk
Silva-Rodriguez et al. Towards Foundation Models and Few-Shot Parameter-Efficient Fine-Tuning 63

for Volumetric Organ Segmentation. MICCAI W-MedAGI’23 (Extension Under Review).



Zero shot /Adaptation Oriented (3D Data)  MuliTalent

How to pre-train? Standard

FSEFT

1. Forward Encoder-Decoder

= H¢(X
Assembly Dataset with F(Xn)

Partial Labels

Dy =

2. Forward Classifier + Sigmoid activation

— J(E}CIZZ”)]

3. Compute any masked segmentation loss, and update

oy B
7 — Z (ﬂ(;") 1 Z BCE U(k‘) y )) Z Yz,c Yz )
eI > ]1C -t,'qu, + > 1&“ y“‘g

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

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



Zero-shot /Adaptation Oriented (3D Data)

How to pre-train? CLIP-Driven

Main idea

Total=3410

for training

Total=6162

for testing

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

BE000OEEEN

ooo

82 Pancreas-CT (1,0)

201 LiTS (1;1)

300 KiTS (1;1)

1000 AbdomenCT-1K (4,0)
140 CT-ORG (4,0)

40 CHAOS (4,0)

947 MSD (7;4)

50 BTCV (13;0)

500 AMOS (15;0)

150 WORD (16;0)

100 3D-IRCADD (13;0)

1024 TotalSegmentator (104;0)

5038 JHH (21,0)

\\\A°‘

m\o‘l\

classes

public datasets

A photo of
a [CLS]

prompt temp

standardized processing

/ Wpancreas

Wspleen

Wkidney

CLIP embedding

CLIP-Driven

SuPreM

C MLP

N

4 / P

global average
pooling

o

e.g., U-Net

masked
backpropagation

o g

gpancreas

gspleen

Bkidney

!

gpancreas

-

partial labels



Zero-shot /Adaptation Oriented (3D Data)

How to pre-train? CLIP-Driven

Main idea

Total=3410

for training

Total=6162

for testing

BE0000OEEN

ooo

82 Pancreas-CT (1,0)

201 LiTS (1;1)

300 KiTS (1;1)

1000 AbdomenCT-1K (4,0)
140 CT-ORG (4,0)

40 CHAOS (4,0)

947 MSD (7;4)

50 BTCV (13;0)

500 AMOS (15;0)

150 WORD (16;0)

100 3D-IRCADD (13;0)
1024 TotalSegmentator (104;0)
5038 JHH (21;0)

CLIP-Driven

SuPreM
Frozen CLIP
Wpancreas
\\\l“’\ W
’\_’ A photo of fplesn Bpancreas
°‘:1°‘/ =3 a[CLS
\: e [ ] Wkidne MLP gspleen
classes prompt temp - E
Bkidney
CLIP embedding

public datasets

standardized processing

global average
pooling

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

)

Gpancreas

Classifier conditioned to text and partial labels
bottleneck features



Zero-shot /Adaptation Oriented (3D Data)  cLp-Driven

How to pre-train? CLIP-Driven

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

SuPreM

G N
\// j\ A photo of Gp aaaaaaa
——— a[CLS
\' =5 [ L MLP aspleen
classes prompt temp

e
S,
=2 global average 3 %E
? pooling s é g
Q £ Sy
8 jﬁ
N 1
E . ]
@©
2
8 e.g., U-Net
2]
public datasets partial labels

67



Zero-shot /Adaptation Oriented (3D Data)  cLp-Driven

How to pre-train? CLIP-Driven

Text branch
(generates text embedding for class k)

Wk

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

SuPreM

D
)

? @Wpancreas
\,Zji\ ' // Wkidney €> MER Bspleen
7

classes

prompt temp

CLIP embedding

standardized processing

public datasets partial labels

68



Zero-shot /Adaptation Oriented (3D Data)  cLp-Driven

-train? -Dri
How to pre-train? CLIP-Driven SuPreM

Text branch
(generates text embedding for class k)

y ancreas
’\ A photo of =t .’/ i epancreas
W \:“:, a[CLS
k \ o [ ] = €> MLP gspleen
idne;

classes prompt temp p / —/kaid oA
Visual branch-encoder CLp ambeding
(generates visual embedding for volume x) / - |
o global average n;g
public datasets partil labels

69

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



Zero-shot /Adaptation Oriented (3D Data)  cLp-Driven

How to pre-train? CLIP-Driven

Text branch
(generates text embedding for class k)

classes

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

prompt temp

_\ A photo of text S v ancreas
W °"‘° a [CLS]
k / Widne Wkidney NS MLP ospleen
l/ :

SuPreM

Wpancreas

N
2

pI
Pl
"

Text-based controller MLP
(generates class parameters) 0k = MLP(wy & f)

Bk — {9k1 9 Bkz 9 9163}

standardized processing

public datasets

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

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

How to pre-train? CLIP-Driven

SuPreM
Text branch
enerates text embedding for class k _—
(g g ) —Q A photo of text D Opancreas
Wk \;5%—’@ Enc. / A (S, MLP O
Sl prompt temp Ll Yr\ ps

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

Text-based controller MLP
(generates class parameters) 0k = MLP(wy & f)

Bk — {9k1 9 Bkz 9 Bkg}

standardized processing

public datasets partial labels

Visual branch-decoder

(generates visual embedding for image x) P, = sigmoid(((F % 0y, ) * 05, ) * 0%,

71
Liu et al. CLIP-Driven Universal Model for Organ Segmentation and Tumor Detection. ICCV’23.



Zero-shot /Adaptation Oriented (3D Data)  cLp-Driven

How to pre-train? CLIP-Driven

SuPreM
Text branch
(generates text embedding for class k) ,/ .
Wk classes % - / Wkidne: yr\\/ i 959‘;’"

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

Text-based controller MLP
(generates class parameters) 6Ok = MLP(wi, @ f)

Bk — {9k1 9 Bkz 9 0163}

standardized processing

public datasets partial labels

Visual branch-decoder

(generates visual embedding for image x) P, = sigmoid(((F % 0y, ) * 05, ) * 0%,

- - K
Training loss [ — Z 1{key) - BCEs
k=1

72
Liu et al. CLIP-Driven Universal Model for Organ Segmentation and Tumor Detection. ICCV’23.



Zero-shot /Adaptation Oriented (3D Data)  cLp-Driven

-train? -Dri
How to pre-train? CLIP-Driven SuPreM

Text branch
(generates text embedding for class k)

S v
\/’ :\ A photo of SP Pt P ™ Ypancreas
‘”:/ a[CLS
‘N’ ]C X = [ ] " -
y - S
idne;

classes prompt temp

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

global average
pooling

public datasets partial labels

Text-based controller MLP
(generates class parameters) 6Ok = MLP(wi, @ f)

Bk — {0k1 9 Bkz 9 0163}

standardized processing

Visual branch-decoder

(generates visual embedding for image X) P, — sigmoid(((F # Oy, ) * Ok, ) * Ox, )

Training | _
a g 1055 L= Z Likey) - BCEg -> How can the text part contribute if using a generalist model?
k=1

73
Liu et al. CLIP-Driven Universal Model for Organ Segmentation and Tumor Detection. ICCV’23.



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

How to pre-train? Prompt-Driven
Hermes

Main idea

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

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

N Posterior Prototypes

. - | MLP |0 @ PO
ptnprmi] IxC'l
Omo )

y:r.'wt.f

. Modality

Prior O D H W Predictions

Fusion |-""'I>“ 1

X X - g med
Prior Selection [ptupm.] ?::JL’T;S:

. 6] I B X W
Context Prior OEOEDOOOO ©OO@
Pool Task P+ Modality P L.,

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

Gao et al. Training Like a Medical Resident: Context-Prior Learning Toward
Universal Medical Image Segmentation. CVPR’24.
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Zero-shot /Adaptation Oriented (3D Data) UniSeg

How to pre-train? Prompt-Driven
Hermes

Main idea

Conditioning on

decoder path Conditioning on
classifier
> MLP - ;:séerk:l’roto;\:ecs}

I C'l

D D]
Omo )
y:r.'wt.f
. Modality
\Prlor O D H W Predictions
Fusion |.MI><1

Ye et al. UniSeg: A Prompt-driven Universal Segmentation Model as well as

X X L
A Strong Representation Learner. MICCAI’23. |0 @ O | X Yy e
Prior Selection [ptupm.] reations
Context Prior ~DEOEOBOB OO @ talx S
Pool Task P+ Modality P L.,

Gao et al. Training Like a Medical Resident: Context-Prior Learning Toward
Universal Medical Image Segmentation. CVPR’24.
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Zero-shot /Adaptation Oriented (3D Data) UniSeg

How to pre-train? Prompt-Driven
Hermes

Lhear CLIPF Task Embeddings Hermes Task Priors

Lisnar Tumer

L]

l pt" "
= I
i [ L]
.y Prior tidniy Tumaor 0o 011 |0
Fusion -2
b'e v Esophagus Hﬂﬂ c o OS948 0o -ea
: [0 @ o] v 7 “
iy | o N I - -
. . Bi Mask
: Prior Selection [Pe‘,Pm.] i racictons “hus
. Context Prior DNOEDEDE Coe : b “tomach - ﬂ H 810 007 423 m a1 | $as l'“’
Pool Task Pr Modality Pas | Ly Mid Ear 18

-<00L 00F G306 ey 01e MD

M 020 06 SRS 041 | -3053) -Dodd

G 034 mmﬂ)!ﬂ-ﬁﬂ-ﬂ&lﬁ

£

Callladder

t ! ; sﬁ“igi Prompt Similarity
5 id7 3 I P

among tasks

Setting Model 1% 10%
Pan Tumor Pan Tumor
Scratch ResUNet 44.60 T.67 74.47 23.90
ResUNet (AMOS CT) 536.08 8.3 T77.15 25.53
ResUNet (KiT5) 52.68 0.28 7311 27.33
DeSD [60] (10,594 CT) 67.82 13.89 TR.11 35.82
Transfer DoDNet [63] H6.62 11.97 76.83 31.92
CLIP-Driven [44] 67.95 12.12 77.49 32.37
UniSeg [61] 69.03 12.35 77.33 33.87
Hermes-R 7271 16.73 79.12 44.31

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

-
:£
&3
i
i
:
)
:
|
|

—> Producing quality annotations in volumetric scans is expensive and laborious. [ _ SwinTransformer Enceder
N AR RN R NN RN W RN
[ Patch Partition ]

— Large amounts of unlabeled data are available.
(current self-supervised models are pre-trained with more than 5000 CT scans)

— Different pretext tasks.

Pyramid U-like Transformer Student path

Mix-up Unlabeled Data Pool T I T
I.,,_l‘p!.#mﬂ il iemlalals Tang et al. Self-Supervised Pre-Training of Swin
naﬂhgggg 30%% T o Transformers for 3D Medical Image Analysis. CVPR’22.
g LW TH
X-rays €T [y

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

E Stage i: Transformer Block

. _ | I

Transformer Layer B : T Data Augmentation : I

Switchable Patch Embed (SPE) Norm i O patchtoken ! :

SRA [ Sptial Recucion | 0 B s i |

MSA |:| ; (2 Pposition Embed | i ;

& | | & clement-wisesum ! encoder || decoder 1

! : :

|| 1 few Feed-Forward Network - IS WA
0 | ! : - \
= ! MSA Multi-head Self- i Take the pre-trained encoder for target classification tasks -

il g i attention 1

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

Xie et al. UniMiSS: Universal Medical Self-Supervised

Learning via Breaking Dimensionality Barrier. ECCV’22. Zhou et al. Model Genesis. MedIA’21.
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Zero-shot /Adaptation Oriented (3D Data)

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

Benefits of foundation models?

— Access to hundreds of labeled volumes for adaptation.

name backbone params pre-trained data performance
Models Genesis (Zhou et al., 2019) U-Met 19.08M 623 CT volumes 0.1
UniMiSS (Xie et al., 2022) nnlUJ-Net 61.79M 5,022 CTE&EMERI volumes 929
self- NV* Swin UNETR 62.19M L0000 CT volumes 93.2
supervised  NV* Swin UNETR 62.19M 3,000 CT volumes 534
MY (Tang et al., 2022) Swin UNETR 62.19M 5,050 CT volumes 938
NV * Swin UNETR 62.19M 5,050 CT volumes 94,2
Nv* Swin UNETR 62.19M 9,262 CT volumes 943
Med3D (Chen et al., 2019h) Residual U-Net 85.75M 1,638 CT volumes G14
DoDMNet (Zhang et al., 2021} U-Met 17.29M 920 CT volumes G3.8 + 0 8 cy
DoDMNet® U-Met 17.29M 920 CT volumes G944 . 0
supervised  Universal Model (Liu et al., 2023b) L-MNet 19.08M 2100 CT volumes -
Universal Mode] (Liu et al., 2023b) Swin UNETR 62.19M 2,100 CT volumes o4
SulreM* U-Met 19.08M 2,100 CT volumes 95.4
SuPreM* Swin UNETR 62.19M 2,100 CT volumes 046
SulreM* SegResNet £70.13M 2,100 CT velumes 040

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

Ulrich et al.
Multi-Dataset

MultiTalent:
Approach

A
to

Medical Image Segmentation.

MICCAI’23.

SuPreM

MultiTalent

all datasets (n=13)

+1.0%
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Zero-shot /Adaptation Oriented (3D Data)

SuPreM

Benefits of foundation models?
MultiTalent

— Transferability via full fine-tuning of the pre-trained model.
— Access to hundreds of labeled volumes for adaptation.

Annotate 2000 Annotate 300
volumes volumes 1
pre-train fine-tune
*

name backbone params pre-trained data performance
Models Genesis (Zhou et al., 2019) U-Met 19.08M 623 CT volumes 0.1
UniMiS5 (Xie et al., 2022) nnlJ-Met 61.79M 5,022 CT&MRI volumeas 929

self- NV * Swin UNETR 62.19M 1,000 CT volumes 53.2

supervised  Ny* Swin UNETR 62.19M 3,000 CT volumes 34
MY (Tang et al., 2022) Swin UNETR 62.19M 5,050 CT volumes 938
NV * Swin UNETR 62.19M 3,050 CT volumes G4.2
NV * Swin UNETR 62.19M 9,262 CT volumes L3
Med3D (Chen et al., 2019b) Residual U-Met B5.75M 1,638 CT volumes 14
DoDMNet (Zhang et al., 2021} U-Met 17.29M 920 CT volumes G3.8
DolDMNet® U-Met 17.29M 920 CT volumes 4.4

supervised  Universal Model (Liu et al., 2023b) L-MNet 19.08M 2100 CT volumes -
Universal Mode] (Liu et al., 2023b) Swin UNETR 62.19M 2,100 CT volumes o4
SuPreM* -Net 19.08M 2,100 CT volumes 054 - . . - L -
SuPreM® SwinUNETR  6219M 2,100 CT volumes 04.6 Ulich et al. MultiTalent: A |
SulPreM* SepResNet 470.13M 2,100 CT volumes 04.0 Multi-Dataset Approach to

Medical Image Segmentation. -
. . . . ’ —_
Li et al. How Well Do Supervised 3D Models Transfer to Medical Imaging MICCAP23. all datasets (n=13) 79

Tasks?. ICLR’24.



Zero-shot /Adaptation Oriented (3D Data)

Benefits of foundation models

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

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

— Supervised pre-training is orders of magnitude more data-efficient than self-supervision.

— This holds even when transferring to unseen structures.

SuPreM

®
3 @ b &6,
a
- :
915 97 g & F/ a1 e 75
=1 —_ @
5 =2 E
O O e 84 78 62
M 91.0 0 89 2
% = & 58 7 7 40
2 a12 512 512 512
E ans 40 GFU hours § 81 E annotations annatations annotalions :nrrf.almns
g E R T[T R N (R P2 T a0 &0 A0 T N/ R ¥
[ =
2900 £73 . (a) cardiac structure {b) muscle (c) organ (d) vertebrae
g a S w B9 74
[, . q:
2 Ba5 &L g5 . =
® % 512 E w2 B &l
8 21 CT volumes i annotations -
0 2000 4000 G000 0 40!3 ] 800 ] 1200 £ w 7 & supervised
pre-training data required fine-tuning annotation required 8 self-supervised
. - . . - o 84 a5 R
(a) data & computational efficiency (b) annotation & learning efficiency ﬁ . - .
in pre-training in fine-tuning g annaotetions annotations annotations

(e) PDAC

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

F]
fine-tuning annotation required

(f) Cyst (g) PanNET
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Zero-shot /Adaptation Oriented (3D Data)

Few-Shot Efficient Fine-Tuning

Main idea (how to adapt a pre-trained large-scale model efficiently)

- e e —

| Parameter-Efficient Black-Box Adaptation \
1 Fine-Tuning i1 I
I i1 Adapter |
| = I GEr— N |
| ? I I"ﬁ: 1 |
I ‘ ? — pT ;1 |
I 2O+0 @, 1 6 - |
W 5 U I\ I}
N e e e e e e e s

Silva-Rodriguez et al. Towards Foundation Models and Few-Shot Parameter-Efficient Fine-Tuning
for Volumetric Organ Segmentation. MICCAI W-MedAGI’23 (Extension Under Review).

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

FSEFT
Few-Shot Efficient Fine-Tuning
Main idea (how to adapt a pre-trained large-scale model efficiently)
.’
I
I
I
I
I
I
I
I
I
I
I
I
\
f Parameter-Efficient Black-Box Adaptation \
Fine-Tuning i1 |
Presence of few annotated R | Adapter I
volumes for adaptation ? '“r I"ﬁ' |: :
: ? (. : :I |
== T 6 - |
& """""" /1 k. /I
Silva-Rodriguez et al. Towards Foundation Models and Few-Shot Parameter-Efficient Fine-Tuning 82

for Volumetric Organ Segmentation. MICCAI W-MedAGI’23 (Extension Under Review).



Zero-shot /Adaptation Oriented (3D Data)

Few-Shot Efficient Fine-Tuning

FSEFT

Main idea (how to adapt a pre-trained large-scale model efficiently)

- e o = o = o = = - —
N o o o o o o o

Parameter-Efficient \\ l, Black-Box Adaptation \
Fine-Tuning i1
Presence of few annotated B it 1 Adapter
1

volumes for adaptation

----------

A W, allowing for commodity GPUs

Z N

Silva-Rodriguez et al. Towards Foundation Models and Few-Shot Parameter-Efficient Fine-Tuning
for Volumetric Organ Segmentation. MICCAI W-MedAGI’23 (Extension Under Review).

I
? i I"ﬁ: %
: ? (Y : : -
(T -5 ﬂJ 6 T Being computationally efficient,
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Zero-shot /Adaptation Oriented (3D Data)

FSEFT
Few-Shot Efficient Fine-Tuning
Black-box Adapters
Linear Probing F (H,W,D,F) Spatial Adapter F(H,W.D,F) F(H,W,D,F)
Out
conv3D
Silva-Rodriguez et al. Towards Foundation Models and Few-Shot Parameter-Efficient Fine-Tuning 84

for Volumetric Organ Segmentation. MICCAI W-MedAGI’23 (Extension Under Review).



Zero-shot /Adaptation Oriented (3D Data)

FSEFT
Few-Shot Efficient Fine-Tuning
Black-box Adapters
Linear Probing F (H,W,D,F) Spatial Adapter F (H,W,D,F) F’ (H,W,D,F)
Out
A + >
Initialization
80 | |
c 3 :
=1 ° conv3D MLP vs. Spatial
Q * © g80{ EEE Linear Probe
0701 o 3 Adapter-MLP
e Linear Probe = [ Adapter-Spatial —
o Spatial Adapter < |
Q
A

LT

85

65 [ |
01 5 10 75 1
Support Volumes |
: : / y
K=1 K=5

Silva-Rodriguez et al. Towards Foundation Models and Few-Shot Parameter-Efficient Fine-Tuning K=10 K=30
for Volumetric Organ Segmentation. MICCAI W-MedAGI’23 (Extension Under Review). Support Volumes



Zero-shot /Adaptation Oriented (3D Data)

FSEFT

Few-Shot Efficient Fine-Tuning

Parameter-Efficient Fine-Tuning

Selective
—_— Adapter-CNN
ul‘l (ef,ef) i (af,af) w2 (03,05) 0f (a3, a3)
! l } 1
BN+ BN
LR TN By FRLUI G P -
LoRA Adapthi]nL
Nx P .
AdapiMLP | _I_—@:;I,Fﬁ
| LayerNomn | = ;""”"
!'. mn?: _' || Teainable
s i [ Frozen
| LayerMorm @  scang

Silva-Rodriguez et al. Towards Foundation Models and Few-Shot Parameter-Efficient Fine-Tuning
for Volumetric Organ Segmentation. MICCAI W-MedAGI’23 (Extension Under Review).



Zero-shot /Adaptation Oriented (3D Data)

FSEFT
Few-Shot Efficient Fine-Tuning
Parameter-Efficient Fine-Tuning
Selective Additive
Adapter-CNN —_—
wr (af,ed) oY (o)) wa  (a5.08) ay  (af,al) Affine-BN/LN
| l l BitFit
* & H+—‘* & S []+ [~ T — E[:g] (only-bias)
| y = xv+ 8
v/ Var|z] + €
LoRA AdaptFormer
Nx ___ —]—\
AdapiMLP . |—@E;L7
PR o ™ ™
- """“l Layertiom |1
= [y
| LayerMorm @ scang

Silva-Rodriguez et al. Towards Foundation Models and Few-Shot Parameter-Efficient Fine-Tuning
for Volumetric Organ Segmentation. MICCAI W-MedAGI’23 (Extension Under Review).
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FSEFT
Few-Shot Efficient Fine-Tuning
Parameter-Efficient Fine-Tuning
Selective Additive
Adapter-CNN —
wi (af,a}) of (o, a}) w2 (a5,08) af (a3, a}) Affine-BN/LN
l l l BitFit
' & ]+ t B[] z — B[z (only-bias)
| y = *y + 3
v/ Var|z] + €
LoRA AdaptFormer
M —T—\
| el .
i i - Y What to do with the Decoder?
Loyt Taporiorm | e (millions of paramerers)
s A - Base categories: frozen.
| 7
=~ O sam - New categories: fine-tuned.

Silva-Rodriguez et al. Towards Foundation Models and Few-Shot Parameter-Efficient Fine-Tuning
for Volumetric Organ Segmentation. MICCAI W-MedAGI’23 (Extension Under Review).
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Zero-shot /Adaptation Oriented (3D Data)

FSEFT
Few-Shot Efficient Fine-Tuning
Transferability to known tasks (domain shift)
TotalSegmentator 29 FLARE'22
80 T (_:-g . o 78 1 Y &
751 | , < O
W Bl =B . ® @
—~ 70 1 o % Zero-shot = o
X O Linear Probe > 761 o o 0N 74 -
O 651 [ O Spatial Adapter | ( ¢ O Q
2 60- o AdaptFormer o _ o
o BitFit 74 19 S . *
55 A @ Affine-LN 73 1 — (O FLARE'22
o © Fine-tuning Y TotalSegmentator
50 1— ! ! ! 12— ' - ' 68 1 : : :
1 5 10 30 1 5 10 30 1 3 5 7
Few-shot volumes Few-shot volumes log1o #Train Param.

Silva-Rodriguez et al. Towards Foundation Models and Few-Shot Parameter-Efficient Fine-Tuning
for Volumetric Organ Segmentation. MICCAI W-MedAGI’23 (Extension Under Review).



Zero-shot /Adaptation Oriented (3D Data)

Few-Shot Efficient Fine-Tuning

Transferability to known tasks (domain shift)

TotalSegmentator FLARE'22
80 1 = L& o
75 - /8 /.———,““;Q
(0]
—~ 70 - % Zero-shot = 77 07 °
X o Linear Probe > 761 0 ®
O 65 - O Spatial Adapter O v v
N O LoRA N 757 g/
- 60 A o AdaptFormer 0o 74 ] i
© BitFit *
55 @ Affine-LN 73 -
o © Fine-tuning
50 f—4%—— ' [ S —
"5 10 30 1 5 10 30

Fine-tuning mightw-shot volumes Few-shot volumes

distort the model

Silva-Rodriguez et al. Towards Foundation Models and Few-Shot Parameter-Efficient Fine-Tuning
for Volumetric Organ Segmentation. MICCAI W-MedAGI’23 (Extension Under Review).

10-shot DSC (%)

O NN N
co O N B~ O

FSEFT

@)
w

® % O

FLARE'22 *
TotalSegmentator

3 5 7
log1o #Train Param.
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Zero-shot /Adaptation Oriented (3D Data)

Few-Shot Efficient Fine-Tuning

Transferability to known tasks (domain shift)

Black-box methods
are competitive

TotaISegmentator FLARE'22
80 4> 79
ﬂyigng?:——- 78
—~ 70 - % Zero-shot = 77
X © Linear Probe > 7&
O 65 - o O Spatial Adapter O
N O LoRA 0N 751
0 60 o AdaptFormer A 74 -
@ BitFit
55 A @ Affine-LN 73 -
o © Fine-tuning
50 Lo—— ' L —
1 5 10 30 1 5 10 30

Few-shot volumes Few-shot volumes

Silva-Rodriguez et al. Towards Foundation Models and Few-Shot Parameter-Efficient Fine-Tuning
for Volumetric Organ Segmentation. MICCAI W-MedAGI’23 (Extension Under Review).

10-shot DSC (%)

~]
o

~N
~ O 0

~
N

@)
o

FSEFT

@)
w

® % O

FLARE'22 *
TotalSegmentator

3 5 7
log1o #Train Param.
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Zero-shot /Adaptation Oriented (3D Data)

Few-Shot Efficient Fine-Tuning

Transferability to known tasks (domain shift)

TotalSegmentator

80 - _g
—~ 701 o % Zero-shot
X © Linear Probe
O 651 [ O Spatial Adapter
wn O LoRA
2 60- o AdaptFormer
@ BitFit
55 - @ Affine-LN
o © Fine-tuning
50— . . .
1 5 10 30

Few-shot volumes

FSEFT

Few-shot volumes

Silva-Rodriguez et al. Towards Foundation Models and Few-Shot Parameter-Efficient Fine-Tuning
for Volumetric Organ Segmentation. MICCAI W-MedAGI’23 (Extension Under Review).

Extremely
efficient
FLARE'22 P
o 78
— ® %
9 O
— 56| ® ?
2
8 o A 74
| g/ ol 272
% ot
o
= 707 (O FLARE'22 %*
! | 68 - w TOtET|Segmentaltor |
1 5 10 30 : - . : !

log1o #Train Param.
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Zero-shot /Adaptation Oriented (3D Data)

Few-Shot Efficient Fine-Tuning

FSEFT

Transferability to known tasks (domain shift)

Selting Method Spl IKid Gall Eso Liv Pan Sto Duo Aor Avg,
CNN-Adapter (Rebuffi et al|[2018)  47.69 3958 4052 5305 5508 4317 2847 3573 8462 4755
PEFT  Bias (Cai et al.|[2020) 7116 6954 7016 5586 7103 79.60 5125 69.04 8892  69.62
5 shot Affine-BN (Frankle ¢ 6922 7233 6566 5268 67.61 7550 4508 6652 8694 6684
- ?IB_ ~ 7 Linear Probé T T TO36T TO7AEDT T7SLA T S0.50T TBO29 TeE.M0 T 3TIE TITIE T OERAsT |79 .
Spatial Adapter 9178 7771 80.89 5230 90.00 7883 8327 80.37 80.08 | 80.47 Black-box methods hold their
5732 6179 4296 SS6l 5221 S27T 3996 3497 8926  54.09 performance when directly
PEFT 7279 7614 8337  59.65 7397 T9.68 60.65 7346 9280 7472 .
loshot  — AffneBN (Frankle etall p021) _ _ 7215 7406 7115 _S8es_ 7231 7108 _ 6174 c3s 243 7oy applied to SuPreM models
BB i oT22 ~ 7563 7748 “50.27 BOB7 69.07 5628 77.63 8529 | 73.73
Spatial Adapter 9540 8376 8129 5249 9075 7857 8197 8L09 9033 |S8L74
{a) 3D-UNet
Selting Method Spl 1Kid Gall Eso Liv Pan Sto Duo Aor Avg,
8876 8591 7942 5022 9217 7364 6281 6930 90.82  77.01
PEFT 6131 4652 5250 4643 8050 6686 3866 5415 7333 5781
5_sho : 8757 8605 60.17 5179 9011 7673 6829 7449 9312 7648
: 88.14 8381 7610 5004 9189 7546 6441 7191 9091 _7696
TE-B_ ________ G162 OIB6 8298 T 29329 oI5y T URE6T TIAF T30 T BRTT [ 8Lo0T
9534 8813 8508 5556 9427 7884 7533 7817 8740 | 8201
9516 8654 486 5693 9358 7203 6926 7547 9044 8047
— 63.97 5453 5925 5533 8403 7772 5872 7389 8059 6756
J0-shot - 9136 8403 7778 5410 9314 7605 T0.08 7758 9325 7971
B 8721 87.36 8084 5580 9365 7698 6678 7566 9250 _79.64
T%B_ T Tlinéa T T TO9RIR T ORI RIS TOR2A9T T9I3T T ALO3 T TTI70 T 7T.A0 T B8O [ 8D2g
Spatial Adapter 9583 8944 B161 5624 9440 7769 7603 7954 8466 |8LI2

(b) Swin-UNETR

Silva-Rodriguez et al. Towards Foundation Models and Few-Shot Parameter-Efficient Fine-Tuning
for Volumetric Organ Segmentation. MICCAI W-MedAGI’23 (Extension Under Review).

93



Zero-shot /Adaptation Oriented (3D Data)

FSEFT

Few-Shot Efficient Fine-Tuning

Transferability to novel tasks (new organs)

Setting Method Lung* Heart’ Gluteust Avg.

pupy [Fine-tuning (Tang et al||2022) 1959 53.14 5537 4270
Fine-tuning (Ours) 3101 6079 6535 5238
BitFit

enZakenetal {2020y — — “1479 3800 “ 3043 T 3ATR
X 13.80 5055 4636 3849
AdaptFormer (Chen et al.|[2022a 18.82 5335 4861 40.26

Affine-LN (Basu et al. 1692 5838 4607 4046
Decoder fine-funing 2598 6569 6423 519

+BilFit (Ben-Zaken et al.||2021 26.17 6578 6434 5210
+LoRA (Hu el aL|[202Z) 26.16 7612 69.89 57.39
+AdaptFormer (Chen et al.||2022a ;

+Affine-LN (Basu ef al.|| 2 2
Linear Probe o
Spatial Adapter . .
* Avg. of five: upper/lower lobe left, upper/lower lobe right, middle lobe.
T Avg. of five: myocardium, atriumy/ventricle left, atrium/verticle right. Black-box methods are

£ Avg. of six: maximus left/right, medius left/right, minimus left/right. NOT c omp etitive

(Decoder Specialization)

BB

Silva-Rodriguez et al. Towards Foundation Models and Few-Shot Parameter-Efficient Fine-Tuning
for Volumetric Organ Segmentation. MICCAI W-MedAGI’23 (Extension Under Review).



Zero-shot /Adaptation Oriented (3D Data)

Few-Shot Efficient Fine-Tuning

Transferability to novel tasks (new organs)

Setting Method Lung* Heart’ Gluteust Avg.
pupy [Fine-tuning (Tang et al||2022) 1959 53.14 5537 4270
Fine-tuning (Ours) 3101 6079 6535 5238

T 1479 4RO 3043 O340
1380 5055 4636 3849
18.82 5335 4861 40.26
1692 5838 4607 40.46
65.60 6423 5197
G5 T8
76.12
72.32

Additive PEFT
outperform Selective
methods

Spatial Adapter 10.08 14.66

*Avg. of five: upper/lower lobe left, upper/lower lobe right, middle lobe.
T Avg. of five: myocardium, atriumy/ventricle left, atrium/verticle right.
£ Avg. of six: maximus left/right, medius left/right, minimus left/right.

BB

Silva-Rodriguez et al. Towards Foundation Models and Few-Shot Parameter-Efficient Fine-Tuning
for Volumetric Organ Segmentation. MICCAI W-MedAGI’23 (Extension Under Review).

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

Few-Shot Efficient Fine-Tuning
Transferability to novel tasks (new organs)
Setting Method Lung* Heart' Gluteus® Avg. Average of 16 structures
pupy  Fine-tuning (Tang et al.|[2022) 19.59 5314 5537 4270 5r )| ® Self-Supervised %] +5.0%
Fine-tuning (Ours) 3101 6079 6535 5238 © Supervised e _
BitFit (Ben-Zaken et al.[[2021) ~— — 1470 4890 ~ 3043 ~ 3478 © Supervised+PEFT -~ o
LoRA : 13.80 5055 4636 38.49
pppp  Adapt hen et al.|[2022a 18.82 5335 4861 4026 °
Affine-LN (Basu ef al. 1692 5838 4607 40.46 < +9.7%
Decoder fine-funing 2598 65690 6423 5197 Q _ i
+BitFit (BenZaken et al.|[2021)  26.17 6578 6434 5210 4
+LoRA (Fu et aL|[2022) 2616 76.12 69.89 57.39
+AdaptFormer (Chen et al.|2022a) 23.84 7232 69.79 5532
+Affine-LN (Basu ef al.[[2024) 26.09 6591 6453 5218
BE Linear Probe - 933 919 752 868
Spatial Adapter 1008 1466 1275 1250 . . . . . .
*Avg. of five: upper/lower lobe left, upper/lower lobe right, middle lobe. 5 6 7 8 9 10

T Avg. of five: myocardium, atriumy/ventricle left, atrium/verticle right.

£ ) : ; : ) : Few-shot volumes
Avg. of six: maximus left/right, medius left/right, minimus left/right.

Silva-Rodriguez et al. Towards Foundation Models and Few-Shot Parameter-Efficient Fine-Tuning
for Volumetric Organ Segmentation. MICCAI W-MedAGI’23 (Extension Under Review).



Zero-shot /Adaptation Oriented (3D Data)

Few-Shot Efficient Fine-Tuning

Transferability to novel tasks (new organs)

*not for all structures

Setting Method Lung* Heart’ Gluteust Avg.
pupy [Fine-tuning (Tang et al||2022) 19.59 |53.14 5537 4270
Fine-tuning (Ours) 3101 §60.79 6535 52.38
BitFit ﬁl-IaHan_el_al.[EﬁZ!p - . EO0 3043 T IR
LoEA . 13.80 5055 46,36 3849
pppy  Adapt hen ef al.||2022a 18.82 5335 4861 4026
Affine-LN (Basu et al. 1692 5838 4607 4046
Decoder fine-funing 2598 6569 6423 519
+BilFit (Ben-Zaken et al.||2021 26.17 6578 6434 5210
+LoRA (Hu ef aL|[2022) 26.16 7611 69.89 57.39
+AdaptFormer (Chen et al.|2022a) 23.84 7232 69.79 5532
_ +Affine-LN (Basuefal|[2024) 2609 6591 6453 5218
BR Linear Probe 9.35 9.1 1.52 8.68
Spatial Adapter 10.08  14.66 1275 1250

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

T Avg. of five: myocardium, atriumy/ventricle left, atrium/verticle right.
£ Avp. of six: maximus left/right, medius lefi/right, minimus left/right.

DSC (%)

Average of 16 structures

@ Self-Supervised -
© Supervised -
@ Supervised+PEFT -

551

5 6 7 8 9
Few-shot volumes

Silva-Rodriguez et al. Towards Foundation Models and Few-Shot Parameter-Efficient Fine-Tuning

for Volumetric Organ Segmentation. MICCAI W-MedAGI’23 (Extension Under Review).
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FSEFT

+5.0%

+9.7%
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Zero-shot /Adaptation Oriented (3D Data)

Challenges and future

Transferability between modalities, e.g. CT to MRI.

Model selection: 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.

Better benchmarks in generalist vs. specialized pre-training for 3D.
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