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Generalist Al models are causing a major paradigm shift

Language Models are Few-Shot Learners
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Brown, Tom, et al. "Language models are few-shot learners."
neural information processing systems 33 (2020): 1877-1901.

Google DeepMind

2026-05-15

Image Generators are Generalist Vision Learners
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generation capabilities. back to vision outputs for quantitative evaluation on standard benchmarks.
sequence #3
Advances in Gabeur, Valentin, et al. "Image generators are generalist vision

learners." arXiv preprint arXiv:2604.20329 (2026).



The secret sauce: generative pre-training
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Maximize the likelihood from unsupervised corpus of tokens: max ) ;log P(u;|u; k,- -, ui1;0)

Radford, Alec, et al. "Improving language understanding by Chen, Mark, et al. "Generative pretraining from pixels." International
generative pre-training." (2018). conference on machine learning. PMLR, 2020.



But medical imaging can’t follow the same recipe
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S 108 --- Kaplan et al (2020)
Q
E ¥ Chinchilla (70B)
£ 1.08 ¥ Gopher (280B)
% GPT-3(175B)
Y Megatron-Turing NLG (530B)
100M
To achieve an optimal compute allocation,
10M 17 101 1071 1023 10 you need 20 training tokens per parameter.
FLOPs

For models with 1b parameters, 20 billion tokens are needed (~78 million images*)

Hoffmann, Jordan, et al. "Training compute-optimal large language models." Advances in neural information processing systems (2022).

* calculation based on patch size of 16 and image size 256x256



But medical imaging can’t follow the same recipe

Test Loss

L = (Crnin/2.3 - 108)~0.050
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Compute
PF-days, non-embedding

To reduce loss by 1%, we need:
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~11% more data or ~22% more compute or ~14% more parameters

Kaplan, Jared, et al. "Scaling laws for neural language models." arXiv preprint arXiv:2001.08361 (2020).




But medical imaging can’t follow the same recipe

Do we really need to grow the whole orchard
if we only need an apple?




Revisit data scaling assumptions in generalist models

Assumption 1: Clean supervision is abundant

Assumption 2: Test distribution is covered by
training distribution



Revisit data scaling assumptions in generalist models

however

Assumption 1: Clean supervision is abundant Medical imaging data are often noisy

Build reliable models that identify trustworthy supervision

C . . however
Assumption 2: Test distribution is covered by =

training distribution

Medical imaging data are often heterogeneous

Build adaptable models that are versatile to distribution shifts



"Reliable” and " Adaptable”

Ability of a model to learn from imperfect supervision
Reliable by identifying, weighting, or constraining the signals
that are more trustworthy.

Adaptab/e Ability of a model to maintain robust performance
under changing data distributions.



Thesis roadmap

Biomechanics-informed Regularization
(Zhang et al., STACOM 2022)
Heteroscedastic Uncertainty Modeling
(Zhang et al., MICCAI 2024)

Adaptive Correspondence

Scoring (Zhang et al., ECCV 2024)

Adapting Vision Foundation Models
(Zhang et al., MICCAI 2025)

Progressive Energy-based Test-time
Adaptation (Zhang et al., ICCV 2025)

10



Thesis roadmap

-

Biomechanics-informed Regularization
(Zhang et al., STACOM 2022)

~

Heteroscedastic Uncertainty Modeling
(Zhang et al., MICCAI 2024)

Adaptive Correspondence
KScoring (Zhang et al., ECCV 2024)

)

Part I:

|dentify reliable supervision
signals for unsupervised
registration.
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Thesis roadmap

Part Il:
Build adaptable models for

segmentation.

\

Adapting Vision Foundation Models
(Zhang et al., MICCAI 2025)

Progressive Energy-based Test-time
Adaptation (Zhang et al., ICCV 2025)
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Clinical anchor - cardiac strain analysis

Unsupervised
registration

Semantic
segmentation

GE Vingmed Ultrasound 3V
GRL Cardiac_2

% ED 4D Auto LVQ
i

104

EDMass 241 ¢|
ESMass 242 ¢|
GPSL -8 %]
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Challenge: data heterogeneity

Natural image: RGB

14



Challenge: data heterogeneity

1

whereas

Natural image: RGB

Medical images: MRI/CT/Ultrasound ...
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Challenge: the domain gap

Different hospitals

Different scanners

Build a generalist
model that works
for everything is
challenging.
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Challenge: the domain gap

Different hospitals Different scanners

Build a specialist
model?

(modality, hospital,
scanner, ...)
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Challenge: the annotation bottleneck

SO

Data annotation

Model developmey
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Challenge: the annotation bottleneck
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\\ Ta

sk 1 \|—>

Model developmey

® ==
\ Data collection Data annotation
Task 2
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Motivation

Learning scalability
Heterogeneous data N

|dentify reliable

supervision
Distribution shift > —————————————————————— Proposed
Maximal i
supervision . e i Build
F:g('jae'f . adaptable
Laborious annotation | models
_/ | Data
Mega scale scalability

Develop reliable and adaptable models that generalize across domains without requiring extensive annotation. 20



Identify reliable supervision for unsupervised registration

Heteroscedastic Uncertainty Estimation (MICCAI 2024) Adaptive Correspondence Scoring (ECCV 2024 oral)

i h 4
NS Spatial
—> . —> —> Transform

nE Source I, Displacement Displacement @
Dlsplacement Estimated Displacement 4 estimator fp
estimator do \_’ A Compute L4, and update 6
Update : Py e K
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[ Llossty > : s s _5 | Adaptive | _J
: s ‘ 77777 \ Variance estimator kg Estimated noise . o weighting
I — va:’iance‘&; A
Target I, Scoring estimator g, Scoring map S Re-weighted error
| f ‘
Compute L and update ¢
Keywords: uncertainty quantification, aleatoric Keywords: adaptive weighting, correspondence
uncertainty, heteroscedastic noise scoring, collaborative learning, training dynamics
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Build adaptable model for segmentation

Progressive Test Time Energy Adaptation for Segmentation

Adaptation Vision Foundation Model for real-time
(ICCV 2025 highlight)

(a) Framework

HHHH (-I00-Dhoe-0o

Hiera Blocks with Adapter

M.

Visual Semantics

(b) Hiera Adapter (c) Hierachical Decoder

Segmentation (MICCAI 2025 early accept)
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Keywords: parameter-efficient finetuning, vision
foundation models, adapters

Given fy(-) trained on source data (I, S;) € D, | (a) Training g,(-) on source data (I, S) € D;

Curate 0
= M 3 O El
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Image I, Segmentation model f5  Predictions 5, prediction S, model g4 Energy map

(b) Progressive test time adaptation on target data I; € D;
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%
X
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Keywords: test-time adaptation, region-based shape
energy model
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Overview

Develop reliable and adaptable
models that generalize across
domains without requiring
extensive annotation.

/

1)

Identify reliable supervision signals
for unsupervised registration.
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https://github.com/Voldemort108X/AdaCS

Unsupervised Image Registration

Y
Spatial
Transform

/ Displacement Displacement Warped source I;(z + 1)
estimator fy

Learning to align two images without the need for labels

Unsupervised objective: L = ﬁ > peq (@) — I(z + 4(z))]? + A||Vi(z) |2

Target I,

24



A probabilistic framework for unsupervised registration

Target  Source image
image (r.v.) (const.)

| L

Objective: u* = argmax p(u|ly; I;) = arg max p(I¢|u; Is)p(u)

u Uu

Displacement (r.v.)

u* = argmin — log p(I;|u; I;) — log p(u)
U N v J N J
Likelihood Prior

25



A probabilistic framework for unsupervised registration

. Target Source image
Displacement (r.v.) imagg (rv.) (const.) J

| L

Objective: u* = argmax p(u|ly; I;) = arg max p(I¢|u; Is)p(u)

u Uu

u* = argmin — log p(I;|u; I;) — log p(u)

\ Y Y
Likelihood Prior
More expressive Iikelihood/ \ More plausible prior

e  Heteroscedastic Uncertainty
Modeling (MICCAI 2024) e Biomechanics-informed
Regularization (STACOM 2022 Oral)
e Adaptive Correspondence
Scoring (ECCV 2024 Oral)
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A probabilistic framework for unsupervised registration

Target  Source image
image (r.v.) (const.)

| L

Objective: u* = argmax p(u|ly; I;) = arg max p(I¢|u; Is)p(u)

u Uu

Displacement (r.v.)

u* = argmin — log p(I;|u; I;) — log p(u)
U N v J N J
Likelihood Prior

More expressive Iikelihood/ \

e  Heteroscedastic Uncertainty
Modeling (MICCAI 2024)
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https://voldemort108x. github io/hetero_uncertainty/

Yale MICCAI0Y’ %’%

MUROCCO Project page

Heteroscedastic Uncertainty Estimation
Framework for Unsupervised Registration

Xiaoran Zhang*, Daniel H. Pak*, Shawn S. Ahn, Xiaoxiao Li, Chenyu You, Lawrence H. Staib,
Albert J. Sinusas, Alex Wong, James S. Duncan

Yale University  University of British Columbia

*Equal contribution
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https://voldemort108x.github.io/hetero_uncertainty/

oise is heteroscedastic in medical images

SPACE VARIANT ULTRASOUND FREQUENCY COMPOUNDING BASED
ON NOISE CHARACTERISTICS

*IBM Haifa Researct
Haifa, Israel; and
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Spatially variant noise estimation in MRI: A homomorphic approach
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Keywords:
Noise estimation
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The reliable estimation of noise characteristics in MRI is a task of great importance due to the influence of
noise features in extensively used post-processing algorithms. Many methods have been proposed in the
literature to retrieve noise features from the magnitude signal. However, most of them assume a station-
ary noise model, i.e., the features of noise do not vary with the position inside the image. This assumption
does not hold when modern scanning techniques are considered, e.g., in the case of parallel reconstruc-
tion and intensity correction. Therefore, new noise estimators must be found to cope with non-stationary
noise. Some methods have been recently proposed in the literature. However, they require multiple
acquisitions or extra information w*hich is usually not available (biophysical models, sensitivity of coils).
In this work we overcome this drawback by proposing a new method that can accurately estimate the
non-stationary parameters of noise from just a single magnitude image. In the derivation, we considered
the noise to follow a non-stationary Rician distribution, since it is the most common model in real acqui-
sitions (e.g., SENSE reconstruction), though it can be easily generalized to other models. The proposed
approach makes use of a homomorphic separation of the spatially variant noise in two terms: a stationary
noise term and one low frequency signal that correspond to the x-dependent variance of noise. The
non-stationary variance of noise is then estimated by a low pass filtering with a Rician bias correction.
Results in real and synthetic experiments evidence the better performance and the lowest error variance
of the proposed methodology when compared to the state-of-the-art methods.

© 2014 Elsevier B.V. All rights reserved.

[1] Erez, Yael, Yoav Y. Schechner, and Dan Adam. "Space variant ultrasound frequency compounding based on noise characteristics." Ultrasound in medicine & biology 34.6 (2008): 981-1000.
[2] Aja-Fernandez, Santiago, Tomasz Pie, and Gonzalo Vegas-Sanchez-Ferrero. "Spatially variant noise estimation in MRI: A homomorphic approach." Medical image analysis 20.1 (2015): 184-197.



https://voldemort108x.github.io/hetero_uncertainty/

But past works assume noise is homoscedastic (uniform)

u* = arg min — log p([;|u; Is) — log p(u)

Homoscedastic (uniform) Gaussiar/ \ Smoothness prior

p(I|u; I,) = N(I; I, o u, a%]l) p(u) ~ exp(—)\HVuH2)

30
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But past works assume noise is homoscedastic (uniform)

u* = arg min — log p([;|u; Is) — log p(u)

Homoscedastic (uniform) Gaussiar/ \ Smoothness prior

p(Li|u; I,) = N(Iy; I, 0 u, o%1) p(u) ~ exp(—A||Vul|/?)
(7% is assumed to be uniform \ /

(const. w.r.t. image space)

L=, eqll(@) - Lz + ()] + | Vi)
N N J H_/

Data term Regularization term

31
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But past works assume noise is homoscedastic (uniform)

u* = arg min — log p([;|u; Is) — log p(u)

Homoscedastic (uniform) Gaussiar/ \ Smoothness prior

p(Li|u; I,) = N(Iy; I, 0 u, o%1) p(u) ~ exp(—A||Vul|/?)
(7% is assumed to be uniform \ /

(const. w.r.t. image space)

L=, eqll(@) - Lz + ()] + | Vi)
N N J H_/

Data term Regularization term

We extend it to be heteroscedastic (non-uniform) and input-dependent:
o7 — oi(x)

32



Collaborative learning with
displacement and heteroscedastic

Y
el noise variance estimation
Warped I,
Displacement estimator loss:
,T:E:::fg:zzt Estimated Dusplacementu il?) 2y )
Ly = [Iy(x) — Ii(z)]3 + Al Vi(z)|?
w7 () z
o : Variance estimator by Etimated noise Variance estimator loss:

variance 6%

Update

Variance Loss Ly

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

Lo=gr 2 |lon@) (5 o $10) ~ @) + Doz |

ze)
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co=1ar 2| ( Gy N (@) — L@} + MVa@)?

|

y — exponentiated signal-to-noise (SNR) weighting

A relative weighting instead of an absolute weighting y reflects the influence of current noise variance estimate
1 If(w) e =0, loss reduces to MSE
Weighting ~ — Weighting ~ —
o1(z) 61(z) e 3 =1, SNR weighting
beta-NLL" (absolute) Ouirs (relative) o We select y = 0.5 from experiments

[1] Seitzer, Maximilian, et al. "On the Pitfalls of Heteroscedastic Uncertainty Estimation with Probabilistic Neural Networks." International
Conference on Learning Representations. 2022.
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ACDC [4] CAMUS [14]
DSC + HD | ASD | DSC + HD | ASD |

Undeformed 4798 7.91 232 66.77 10.87 2.61

Elastix [13] 77.26 4.95 1.28 80.18 10.02 1.81

vxm (NCC) [3] 7855 4.94 1.29 77.01 10.23 1.89
vxm (MI) [3] 7804 525 1.35 7818 9.83 1.9
vxm (MSE) [3] f 80.20 4.64 1.24 81.76 893 1.70

ZNLL [12] 76.49 546 1.45 75.24 11.05 2.20
O B-NLL [22] 78.74 5.07 133 79.75 9.39 1.93

AdaFrame [27] 66.38 5.80 1.67 77.88 10.54 1.93
AdaReg [28] 78.75 5.13 1.33 79.31 9.78 1.88
Ours 80.73 4.57 1.21 81.96 8.80 1.66

tsm (NCC) [5] 73.77 6.64 1.12 73.03 11.87 1.70

0 _tsm (MI) [5] 7357 6.57 1.11 7483 1194 183
= Ztsm (MSE) [5] f 76.94 551 130 79.24 1030 179
< SNLL [19] 7312 7.22 127 75.08 11.60 1.79

qﬁ NLL [22] 75.74 612 1.29 77.39 10.99 1.86

© AdaFrame [27] 67.95 572 159 78.06 9.86 191
AdaReg [28] 76.22 5.68 1.29 78.12 10.62 1.84
Ours 78.12 5.04 1.26 80.38 9.86 1.72

Fixed (ES frame) Recon. ES Frame (Ours) Estimated noise variance o,

Adaptive weighting t((4)?%")

Our designed adaptive weighting map which reflects reliable correspondence is handcrafted from

heteroscedastic noise variance estimate.
35



Result

Can we learn the adaptive weighting that reflects
reliable correspondence directly from data?

36




https://github.com/Voldemort108X/AdaCS

Yale ECTV

EUROPEAN CONFERENCE ON COMPUTER VISION

MMMMMM

Adaptive Correspondence Scoring for
Unsupervised Medical Image Registration

Xiaoran Zhang, John C. Stendahl, Lawrence Staib, Albert J. Sinusas, Alex Wong, James S. Duncan

Yale University

37



https://github.com/Voldemort108X/AdaCS

Violations of basic assumptions

High

MRI video

Low

Error map

first and last frame

Displacement between
Reconstructed target

38



https://github.com/Voldemort108X/AdaCS

Violations of basic assumptions

High

MRI video

Low

Error map

Compressive structural
visibility issue

Heteroscedastic noise

... and many others

first and last frame

39

Displacement between



https://github.com/Voldemort108X/AdaCS

A closer look

Loss

Desired: Loss | Accuracy (Dice) 1

Source I Warped I;(z + 4;) Warped Is(x + tyir)

Target I;

Error map at ¢ Errormap att+ 1

40



https://github.com/Voldemort108X/AdaCS

A closer look Our approach:

Loss
Loss A A

Desired: Loss | Accuracy (Dice) 1
Desired: Loss | Accuracy (Dice) 1

Source I, Warped I(z + 4;) Warped Is(z + 4y r) Correspondence Warped I,(z +4;)  Warped I,(z + s ,)

E S .

Target I;

e Error map at ¢ Errormap att+r Re-weighted Re-weighted error

error map att map att+ 7 41



https://github.com/Voldemort108X/AdaCS

: \ 4
: Spatial
> . > e Transform
Displacement Displacement i
estimator fy
f Compute L4, and update 6 |
e P Jl == oo .
Y
—> > ) Adaptive
. weighting
A
Target I, Scoring estimator g, Scoring map S Re-weighted error
| A

Compute L. and update ¢

42



A

Spatial
Transform

1]~

Displacement Displacement @
estimator fy
A

! Compute L 4. and update 6
I_ _______________________________ // ___________

https://github.com/Voldemort108X/AdaCS

But there is a
trivial solution...

hting

Target I, Scoring estimator g4 Scoring map S
| A

A
> > J ; Ad_aptive
. weig
A

Compute L4, and update ¢

Re-weighted error

Unsupervised correspondence scoring loss: Lucs

2|~

> aea S(@)[Li(z) — I(2 + |a(z) )]

43



Y

Spatial
Transform

Displacement Displacement i
estimator fy
A

, Compute L4, and update 6
oo Y/

https://github.com/Voldemort108X/AdaCS

Avoid trivial solution:

A

Loes = 1 Dacall — ()]

hting

Target I, Scoring estimator g Scoring map S
| A

. \ 4
> N : Ad.aptive
. weig

. A

Compute L. and update ¢

Scores correspond to surfaces
that are locally smooth:

Re-weighted error

Lsmooth — mT|_(12| Zmeﬂ ||V;§($)||2

44



https://github.com/Voldemort108X/AdaCS

Y
Spatial
Transform
Displacement Displacement 4 Warped source Is(z + 1)
estimator fy
@ A Compute L4, and update |
R T YRR et .
Y
—> > ) Adaptive
" weighting
A
Target I Scoring estimator g, Scoring map S
| ! |
@ Compute L. and update ¢

Scoring estimator loss: Lse = Lycs + 0Lyreg + BLsmooth
45



https://github.com/Voldemort108X/AdaCS

Scoring map Rewelhted error
-
.

Results on ACDC and CAMUS

Source (ED) Target (ES) Error map

Warped source
e

ACDC

Dice : 90.82 %

CAMUS

Dice : 86.27 %

Our estimated scoring map identifies spurious error residuals and prevents
parameter drift during training.

46



https://github.com/Voldemort108X/AdaCS

Results on ACDC and CAMUS

Quantitative evaluation Comparison to robust losses Smoothness
ACDC CAMUS ACDC CAMUS ACDC CAMUS
DSC 1 HD | ASD | DSC 1 HD | ASD | DSC 1+ HD | ASD | DSC 1 HD | ASD | DSC+  [Ja| <0y Twain DSCT  |Ja| <0 ) Tirain
Undeformed ~ 47.98 7.91 232 66.77 10.87 2.61 NCC 7855 494 1.29 77.01 10.23 1.89 Voxelmorph ~ 79.48 +9.23  0.29  0.26 81.50 +5.58  0.60  0.26
Elastix 7726 4.95 1.28 80.18 10.02 1.81 MI 78.04 5.25 1.35 78.18 9.83 1.99 AdaCS (Ours) 80.50 + 8.58 0.22 0.43 81.74 + 5.36 0.30 0.43
Transmorph 76.94 + 8.93 0.76 0.60 79.24 £ 6.06 141 0.59
Voxelmorph ~ 79.48 4.79 1.27 81.50 872 1.74 g TBL 7931 4.64 1.23 81.18 891 1.72 P
NLL 76.49 546 145 75.24 11.05 2.20 ¥ MAE 7827 5.36 143 7859 10.23 1.97 dats (us) TEA0 S 0.06 DHF D57 7645087 010 0.0
Z B-NLL 7874 507 1.33 79.75 9.39 1.93 MSE 79.48 4.79 1.27 81.50 872 1.74 Diffusemorph  67.38 £+ 15.65 0.05 1.08 75.23 + 8.71 0.05 1.06
Z AdaFrame  66.38 580 167 77.88 10.54 193 Ads (I8 BOLE0 A 1.95 Bis BEE 159 AdaCS (Ours) 72.09 + 13.60 0.06  1.86 77.65 + 7.64 008 191
AdaReg 78.75 513 1.33 79.31 9.78 1.88
AdaCS (Ours) 80.50 4.69 1.23 81.74 8.55 1.72 NCC 73.77 6.64 1.12 73.03 11.87 1.70 Ablation
Tr MI 73.57 6.57 1.11 74.83 11.94 1.83
ansmorph  76.94 5.51 130 79.24 10.30 1.79
ENLL 7312 7.22 1.27 75.08 11.60 1.79 g TBL  78.23 5.11 127 79.12 9.75 1.84
Loss ACDC CAMUS
“@AdaF‘rame 67.95 5.72 1.59 78.06 9.86 1.91 MSE 76.94 5.51 1.30 79.24 10.30 1.79 Lreg Lsmooth DSC 1+ HD | ASD | DSC 1+ HD | ASD |
& AdaReg 76.22 5.68 129 78.12 10.62 1.84 AdaCS 78.39 540 1.32 79.64 9.85 1.79
AdaCS (Ours) 78.39 5.40 1.32 79.64 9.85 1.79 NOO 7085 29 LEE BET 1050 G 5 X 8024 4.64 123 81.58 889 174
Diffusemorph  67.38 580 1.67 75.23 9.80 2.07 MI 7116 540 156 76.19 1009 2.16 z A N LRl
=NLL 66.24 584 1.73 74.78 10.62 2.15 g X 77.84 541 1.33 79.58 10.17 1.81
-2 B-NLL 66.31 593 1.74 73.27 9.85 2.25 Ef/gﬁ 69.12 5.7 }'6:;’ 76.05 f'54 ;’06 & v v/ 78.39 540 1.32 79.64 9.85 1.79
& AdaFrame  59.78 646 1.93 75.04 1041 2.10 ° 66.30 5.75 1.71 77.30 10.36 2.09
AdaCS (Ours) 72.09 5.35 1.53 77.65 9.82 1.99 AdaCS 72.09 5.35 1.53 77.65 9.82 1.99 35 . 72.09 5.35 1.53 77.65 9.82 1.99

Our proposed approach consistently outperforms baselines in various

architectures and datasets and produces reasonably smooth displacement.
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Conclusion

e We identify the limitation of the widely used
unsupervised training objective

e We address this by proposing an adaptive
correspondence scoring framework during training

Project page Paper

e Our proposed approach can be plugged-and-played
into existing frameworks with no extra cost during
inference
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A probabilistic framework for unsupervised registration

Target  Source image
image (r.v.) (const.)

| L

Objective: u* = argmax p(u|ly; I;) = arg max p(I¢|u; Is)p(u)

u Uu

Displacement (r.v.)

u* = argmin — log p(I;|u; I;) — log p(u)
U N v J N J
Likelihood Prior

/ \ More plausible prior

° Biomechanics-informed
Regularization (STACOM 2022 Oral)
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Yale

Learning Correspondences of Cardiac Motion from
Images using Biomechanics-informed Modeling

Xiaoran Zhang, Chenyu You, Shawn Ahn, Juntang Zhuang, Lawrence Staib, James Duncan

Yale University
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Method

moving (I | |—)

Reglstratlon
Network (RegNet)

BERE8ES BE —
T Lreg(Va), {W = lCTCG l

* = arg min — log p(I;|u; I;) — log p(u)
U

Prior based on strain energy density /

p(6) = ke

W(z) = %e(a:)TCe(m)
l

Spatial
transformer

moved (I, o %)

— 2 |
Loss £ (@) = Kie ¥ | ZHG (z)|]2
A‘Acsim(ff,lmoa) __________ ze)

Biomechanical v J

regularization . L
> O <« Biomechanics-informed

Regularization
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Quantitative evaluation

Method Dice[%]t Jaccard[%]t HD[mm|| ASD[mm]|
affine only 72.01 57.24 11.77 2.13

) B-splines [13] 89.96 82.62 5.37 0.48

£ optical flow [14] 87.07 77.87 7.65 0.74

° LV RegNet+VAE [6] 89.61 81.65 6.46 0.49

= RegNet+L, 89.60 81.68 8.00 0.54
RegNet+BIM (ours) 90.32 82.70 5.51 0.37
RegNet+BIM+L,.g (ours)  92.77 86.76 4.39 0.19
affine only 81.08 70.06 14.31 2.21

B-splines [13] 83.59 74.33 13.70 2.43
optical flow [14] 84.96 75.94 13.70 2.15
RV RegNet+VAE [6] 84.65 75.58 16.48 2.31
o RegNet+L, 84.80 75.73 14.75 2.25
V) RegNet+BIM (ours) 85.07 76.16 14.55 2.22
E RegNet+BIM+L,eq (ours)  85.93 77.54 14.07 2.15
affine only 85.07 74.50 8.61 0.93
B-splines [13] 92.33 86.12 5.97 0.33
optical flow [14] 92.02 85.64 6.09 0.39
Epi RegNet+VAE [6] 91.45 84.83 7.57 0.48
RegNet+Ly 89.92 82.22 777 0.59
RegNet+BIM (ours) 91.53 84.75 6.20 0.40
'S RegNet+BIM+L,eq (ours)  92.57 86.48 5.54 0.32
=
E Smoothness evaluation
Method |det(J(@)) — 1)]
1= B-splines [13] 0.2489 + 0.2735
9 optical flow [14] 0.1283 + 0.3432
S RegNet+VAE [6] 0.0088 + 0.0100
5 RegNet+L, 0.0038 + 0.0051
RegNet+BIM (ours) 0.0035 + 0.0036

optical flow

RegNet+VAE RegNet+7, RegNet+BIM  RegNet+BIM+Leg RegNet+BIM+ L, (ours)  0.0037 + 0.0038
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Overview

/1. More expressive likelihood
HeteroUnc, MICCAI 2024
AdaCS, ECCV 2024

1) Identify reliable supervision <

4 signals for unsupervised _ ,
_ . . ll.  More plausible prior
Develop reliable and registration. NS BIM-reg, STACOM 2022
adaptable models that
generalize across <

domains without
requiring extensive
annotation.




Overview

Develop reliable and
adaptable models that
generalize across
domains without
requiring extensive
annotation.

<

2

Build zdaptable models for <

versatile medical data.

/

Training-time adaptation:
Adapt vision foundation
model for ultrasound.
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Adapting Vision Foundation Models for Real-time
Ultrasound Image Segmentation

Xiaoran Zhang', Eric Z. Chen?, Lin Zhao?, Xiao Chen?, Yikang Liu?, Boris Maihe?, James
Duncan’', Terrence Chen?, Shanhui Sun?

1. Yale University 2. United Imaging Intelligence
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Foundation models for segmentation

Segment Anything
SA M O 3 . Alexander Kirillov'?*  Eric Mintun?  Nikhila Ravi'»? Hanzi Mao® Chloe Rolland®  Laura Gustafson®
2 2 . Tete Xiao®  Spencer Whitechead ~ Alexander C.Berg  Wan-YenLo  Piotr Dollir*  Ross Girshick*
!project lead 2joint first author Fequal contribution directional lead
segment anything R

valid mask

on images -

lightweight mask decoder

[ o ——]

; dua

PR S, Eovd
E]DD = iy
f K * N
(a) Task: promptable segmentation

(b) Model: Segment Anything Model (SAM)
Figure 1: We aim to build a

Segment Anything 1B (SA-1B):

<

(c) Data: data engine (top) & dataset (bottom)

three i a prompt-
able segmentation rask, a segmentation model (SAM) that powers data annotation and enables zero-shot transfer to a range
of tasks via prompt engineering, and a data engine for collecting SA-1B, our dataset of over 1 billion masks.

model for ion by i

SAM2 (2024): segment anything

on
images and videos

image memory — mask decoder memory memory
encoder attention 4 + 4 encoder bank
time prompt encoder

mask points box

“a penguin”

.\ plar .

- SAM series

SAM3 (2025): segment
anything with concepts

——  Merge existing and

| newly detected masks
Detector ﬁ g t g

masks detected in frame t

ATy

output for frame t

Image
Encoder

S

() frompPE

() fromsam2

masks propagated
from frame t-1
mask, point or box

newinSAM 3
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SAM2 image encoder: Hierarchical vision transformer

, O VIT Block | w/ Global Attention
i m VIT Block w/ Q Pooling | w/ Mask Unit Attention - - ~
n~ H . T
- ™ 7 . e
4 gt g - =Sl
% - "_I "4

L © il : : 2 'GER N
E o R VT s

Input - cocey Decoder Target

Hiera provides image features at multiple scales.

Ryali, Chaitanya, et al. "Hiera: A hierarchical vision transformer without the bells-and-whistles." International conference on machine learning. PMLR, 2023.
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Parameter-efficient fine-tuning - Adapters

FFN Adapter
A A + )«
+ +
Adapter FFN ‘ FFN ‘ [ Adapter }
A A A T
(a) Inner structure (b) Pre (c) Post (d) Parallel

Steitz, Jan-Martin O., and Stefan Roth. "Adapters strike back." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

Adapter

e

A

FFN

A

(e) Intermediate
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https://voldemort108x.github.io/adp_seg/

Method

(a) Framework TR S ————————— 1%,

..........................

(.

m Decoder

Y
€

Semantically-enriched
Visual Semantics Interleaved Representation

We adapt Hiera in SAM2 for multi-scale feature extraction and integrate
DINOvZ2 image encoder to enhance visual feature representation,
providing a richer and more robust understanding of ultrasound image
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Method

(a) Framework

I HH"'UHUU"'DUDU”DU

Hiera Blocks with Adapter
J

1 . A @
Semantically-enriched

Interleaved Representation

(.

>

(b) Hiera Adapter

(Adapter Block

>

X >3

300|g uoiusny
a|eds-inA
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Method

(a) Framework

HH HHUU 00000 N\ & &

Hiera Blocks with Adapter
3 g Decoder
\ A A @

| Interpolation A AT

Semantically-enriched
Interleaved Representation

(b) Hiera Adapter

E (c) Hierachical Decoder
1 = Projection
& ! —>@®—>
Adapter Block ) - \ >®
1 \ AR »(F)
5 : \ \ i )
§ 2 _ : NI\ Ty
&+ = 2 : it m w
X>»5q 5 . P ?
w8 g ;
o ® 1
0 1 L
~ 1
' Enriched Multi-scale
L S |

Representation
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Data efficiency and adaptability on cardiac ultrasound

Ground Truth nnUNet mednext SwinUNETR SAMUS medsam?2 Qurs (1%) Ours (10%) Ours (100%)

CAMUS
Avg DSC: 94.76%
Avg DSC: 94.24%
Avg DSC: 94.65%
Avg DSC: 92.27%
Avg DSC: 91.66%
Avg DSC: 88.07%
Avg DSC: 93.37%
Avg DSC: 95.36%

CardiacUDA
Avg DSC: 94.35%
Avg DSC: 90.94%
Avg DSC: 94.01%
Avg DSC: 91.03%
Avg DSC: 89.23%
Avg DSC: 69.53%
Avg DSC: 91.01%
Avg DSC: 94.39%

CAMUS [20] | CardiacUDA [46] Method DSC 1 IoU 1+ HD95 | ASD |
1% 10% 100% | __ 1% 10% 100% SwinUNet 88.84 80.33 6.10  2.60
DSC 1+ HD | DSC 1t HD | DSC 1+ HD ¢|DSC + HD | DSC1 HD | DSC1+HD | H2Former 91.31 84.30 5.27 2.05
UNet [35] 59.49 51.51 80.14 26.36 87.70 15.05| 34.65 41.04 72.83 26.24 81.69 20.78
nnUNet [16] 67.02 54.22 89.36 8.83 91.69 6.35| 35.48 58.94 49.49 34.12 90.39 8.32 MedSAM  85.42 75.14 8.42 3.34
MSA 88.03 78.98 7.53  2.85

MedNeXt [36]  63.30 48.23 8473 26.16 89.49 9.83 | 19.05 158.71 70.97 32.50 85.54 8.34
SwinUNETR [13] 71.77 48.80 84.99 2381 80.36 12.24|51.54 9038 8144 2411 8581 994  SAMed 8745 78.14 9.17  3.10
SonoSAM 89.80 81.79 6.60 2.45

SAMUS [23] 75.00 26.29 87.43 16.24 91.11 8.79|63.65 23.91 82.10 10.15 86.14 7.70
MedSAM2 [52]  9.75 137.29 44.24 42.21 84.76 12.96| 3.18 154.61 3.82 151.34 75.78 12.95 MemSAM 93.31 87.61 3.82 1.57
Ours 81.96 17.16 90.30 8.44 92.01 6.75|65.84 23.57 82.38 11.07 87.44 6.45 Ours 93.80 88.49 4.80 1.90

Our approach remains highly effective under limited supervision, significantly outperforming baselines when
trained with only 1% and 10% of the training data. 62



https://voldemort108x.github.io/adp_seg/

Cross-dataset generalization on thyroid ultrasound

Ground Truth nnUNet MedNeXt SwinUNETR SAMUS MedSAM?2 Qurs

TN3K
Avg DSC: 97.44%
Avg DSC: 84.47%
Avg DSC: 89.69%
Avg DSC: 93.68%
Avg DSC: 96.56%
Avg DSC: 98.08%

DDTI
Avg DSC: 72.18%
Avg DSC: 64.81%
Avg DSC: 61.'73%
Avg DSC: 93.49%
Avg DSC: 69.96%
Avg DSC: 93.26%

TN3K [12] | DDTI [30] | Stanford [1] | TG3K [12] | In-house Method ACC 1 IoU 1 DSC+ HD95
DSC 1 HD95 ||DSC + HD95 ||DSC + HD95 ||DSC 1+ HD95 ||DSC 1 HD95 | etho TIoUT T '
UNet [35] 67.93 41.26 |48.43 52.60 |89.09 18.96 | 70.27 65.88 |68.50 60.72 ~LRFE 96.71 68.33 81.91 17.96
nnUNet [16] 85.13 17.24 |73.26 40.43 [96.92 272 |77.50 22.52 |79.38 1859  SegNet 96.72 66.54 79.91 17.13

MedNeXt [36] ~ 70.77 32.58 | 71.59 40.02 |97.33 259 |77.13 40.42 |79.75 20.11  DeepLabv3 97.19 70.60 82.77 13.92
SwinUNETR [13] 71.84 37.89 | 70.59 41.76 [97.63 2.52 |69.72 43.37 |76.21 39.52 TRFE-+ 97.04 71.38 83.30 13.23

SAMUS [23] 82.60 18.18 | 77.48 33.53 | 96.36 2.70 |33.18 58.15 | 78.31 32.61 SHAN 96.73 73.59 84.61 4.05
MedSAM2 [52] 69.02 31.43 |69.69 39.02 |87.20 9.58 |75.86 21.10 |79.47 18.70 Ours 97.60 78.13 86.01 15.42
Ours 86.01 15.43 [81.52 26.68 | 97.33 2.23 |83.04 12.55 |82.59 17.11

Our method demonstrates strong generalization capability when trained on TN3K and tested on DDTI and
outperforms existing state-of-the-art methods on other thyroid ultrasound datasets. 63
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In-house evaluation

Sample 3

Sample 1

In house dataset:

Image

Model Precision 1 Recall 1 Specificity 1 F1-Score 1

E “ (\ UNet 64.75 93.92 12.41 96.86

2 nnUNet 91.97 93.48 86.02 96.63

5 MedNeXt 93.90 86.96 90.32 93.03
SwinUNETR  62.09 95.61 0.00 97.75

g 0 SAMUS 99.71 98.26 99.50 99.12

£ MedSAM?2 96.67 85.61 94.95 92.25
Ours 87.21 98.41 75.27 99.20

DSC: 88.28% DSC: 0.00% DSC: 84.54% DSC: 100.00%
™y
We evaluate real-world applicability using
Do Soiese, , (BSSIUEES L | DSSHESSEL L, | ESS Houto: image-level detection metrics (precision, recall,
., 0 specificity, F1-score) on an in-house dataset where
8 the thyroid gland may be absent.
DSC: 92.09% DSC: 69.09% DSC: 84.98% DSC: 100.00%
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Feature visualization

Image

D“INOv2 features

CAMUS CardiacUDA TN3K DDTI Stanford TG3K In-house

We visualize DINOv2 features via the first three PCA components, showing meaningful semantics for segmenting
indistinct ultrasound boundaries.
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Ablation study

H-Dec. H-Adp. DINOv2 Interleave|DSC 1 HD |

X X X X 78.23 30.98
v X X X 90.85 9.42
v v X X 91.89 6.84
v v v X 91.90 6.78
v v v v 92.01 6.75

Inference speed

https://voldemort108x.github.io/adp_seg/

(1) Hierarchical decoder (H-Dec.)
(2) Hiera adapter (H-Adp.)

(3) DINOvV2 feature integration
(4) Feature interleaving.

Methods FPS

Our method runs at ~30 FPS on a single GPU nnUNet 10
(NVIDIA L40S) and ~77 FPS with TensorRT SAMUS 15

when tested on 224 x 224 images.

MedSAM2 17
Ours 30
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Conclusion

We propose a method for adapting vision foundation models to ultrasound
segmentation.

Our method demonstrates strong efficiency when trained with 1% or 10% of
data in cardiac ultrasound and achieves state of the art generalization result in
thyroid ultrasound.

Our approach enables real-time segmentation at ~77 FPS with TensorRT.
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Overview

Develop reliable and
adaptable models that
generalize across
domains without
requiring extensive
annotation.

<

2

Build zdaptable models for <

versatile medical data.

Training-time adaptation:
Adapt vision foundation

model for ultrasound.
(AdaSeg, MICCAI 2025)
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Overview

Develop reliable and
adaptable models that
generalize across

domains without < 4
requiring extensive
annotation.

_2) Build adzptable models for <
versatile medical data.

\_ Il Test-time energy adaptation
for segmentation.
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Progressive Test Time Energy Adaptation for
Medical Image Segmentation

Xiaoran Zhang', Byung-Woo Hong?, Hyoungseob Park’, Daniel H. Pak’, Anne-Marie Rickmann',
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Motivation

Covariate shifts caused by nuisances such as
heteroscedastic noise and inconsistent
imaging protocols limit the fidelity of
medical image segmentation models.

Source (ID) Pred|ct|on (ID)

Segmentat|on model

. . t d dat

Without assuming access to a pre-collected rained on source data
target dataset, which is often impractical,

test-time adaptation (TTA) offers a practical  Target (0OD) Prediction (OOD)
solution to calibrate models on-the-fly
during inference.
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Test-time adaptation

BN Ry

Source pre-trained Target only A single Adapted
model lteration pass model

Test-Time Adaptation is the task of adapting a pretrained source model
to the target domain in an unsupervised manner, i.e., without accessing
the source data.
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Region-based shape energy model

Why energy? Quantifies distribution
misalignment at test-time.

—> > [Loss] €
N B+l

e Energy-based models naturally capture

Prediction Energy K x K Reference distribution changes by reflecting sample
Model  Energy Energy likelihood, make them suited for TTA.
o _ exp(=Ey(z))
~~~~~~~ — p¢(.’13) — Z(5)

e We propose a shape energy model trained on
source data, which assigns an energy score at
Segmentation Adapted the region level:
Network Prediction o low energy -> ID (accurate) shapes
o high energy -> OOD (erroneous) predictions

Image
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Curate negative examples for energy model training

Impossible to have real negative
examples? Curate them instead.

e Our formulation assumes two
collections of examples, one following
the desired distribution (of shapes) and
the other out-of-distribution (OOD).

e In addition, the input distribution to the
energy model is constrained by the
predictions afforded by the
segmentation model.

Curated Perturbation

Initial Prediction

We propose to explore data space by
probing the segmentation model with inputs
optimized to simulate OOD examples.
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Method

High

M |

Given fy(-) trained on source data (I, S,) € D, (a) Training g4(-) on source data (I;, S;) € D,
Low

Perturbed Energy K xK

Image I, Segmentation model fy  Predictions S, prediction S, model g, Energy map

perturbation

(b) Progressive test time adaptation on target data I; € D;

i Update ‘

, I

,'—) 2 Loss o"
(\\ . .
Segmentation Adapted Energy Kx K Reference
model fy prediction S, model g, Energy map energy Ogxx
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Results

Initial prediction

Adapt progressively

lteration 1

Adapted prediction

/)

Prediction

https://github.com/Voldemort108X/pttea_seg

- nl**.

Energy K x K
Model  Energy

Reference
Energy

Segmentation Adapted
Network Prediction

Iteration 1
high

b

low

Estimated energy
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Results

ACDC [2] — LVQuant [61] |

ACDC [2] — MyoPS [28] |

ACDC [2] — M&M [3]

LV Myo | LV Myo | LV Myo

DSCT ASD| DSCt ASD) | DSCt ASD) DSCt ASDJ | DSC+ ASD| DSCt ASD|

Pretrained [43] 58.98 24.40 42.52 19.37 85.69 2.99 7291 2.26 47.69 24.11 41.19 15.89

- TENT [55] 65.78 15.37 51.57 12.78 85.63 2.94 73.49 3.24 57.01 21.15 48.26 19.99
Z  CoTTA [56] 64.58 17.69 50.52 13.80 85.64 2.96 73.47 3.24 52.98 27.55 46.72 24.65
~  TEA [63] 67.96 16.42 54.10 11.17 85.88 321 73.98 2.86 52.83 38.43 48.06 29.32
Ours 76.93 8.77 59.43 11.68 86.06 2.93 78.89 191 61.84 19.28 53.13 15.88
- Pretrained [44] 57.55 8.67 42.26 4.80 84.39 3.39 75.77 2.07 78.43 5.48 61.06 2.95
% TENT [55] 75.10 6.10 5491 3.97 84.48 3.35 75.92 2.04 83.18 4.53 67.56 2.70
% CoTTA [56] 74.57 6.32 54.85 3.93 84.46 3.36 75.95 2.03 82.90 4.83 67.93 2.89
§ TEA [63] 75.85 5.96 55.32 3.88 84.12 3.44 75.25 2.07 83.53 4.64 67.84 2.77
Ours 76.22 5.29 57.29 3.70 84.78 3.28 76.44 1.98 83.82 4.11 68.40 2.49
o Pretrained [16] 68.44 592 4764 420 | 8484 326 7635 199 | 8192 352 6183  3.03
E TENT [55] 74.06 6.64 54.15 4.18 85.06 3.20 77.38 1.98 83.27 4.02 67.26 3.59
% CoTTA [56] 73.41 6.38 54.19 4.19 85.18 3.19 71.72 191 83.43 3.87 67.61 3.47
E  TEA[63] 7432 599 5473 411 | 8504 319 7779 191 | 8393 390  68.60  3.58
% Ours 76.05 5.79 54.22 3.98 85.22 3.17 77.87 1.90 83.80 3.13 68.15 2.66

Our proposed approach can be plugged-and-played into three existing architectures and we

consistently outperform baselines in eight datasets.

https://github.com/Voldemort108X/pttea_seg

Ground Truth _ Initial Prediction TENT

ACDC -> LVQuant

'Avg. DSC: 42.62 %

2
H

Avg. DSC: 77.38 %

GMSC 1-> 4

3
&

3
H
A
z
Z
S

Avg. DSC: 80.96 %

CHN -> JSRT

Avg. DSC: 93.98 %

|

'Avg. DSC: 91.69 %

'AVQ. DSC: 74.36 % AVQ. DSC: 89.58 % AVQ. DSC: 93.91% AVQ. DSC: 77.64 % AVg. DSC: 45.04 %

'Avg. DSC: 90.68 %
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Conclusion

We propose a energy-based formulation for TTA in medical image
segmentation, leveraging adversarial perturbations to explore the energy
landscape and enforce shape priors for adapting to covariate shifts.

Our shape energy model exhibits strong out-of-distribution detection
capabilities at test time, accurately identifying erroneous segmentation regions
over 92% accuracy.

We consistently outperforms baselines across diverse medical datasets,

achieving state-of-the-art results.
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Overview

Develop reliable and
adaptable models that
generalize across <
domains without
requiring extensive
annotation.

_2) Build adzptable models for <
versatile medical data.

ll.  Testing-time adaptation:
g P
\_ Test-time energy adaptation

for segmentation.
(PTTEA, ICCV 2025)
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Beyond medical imaging

Test-time Energy Adaptation for Depth
Completion (ICCV 2025)

Depth Completion =—————————————— Energy Prediction——

= = = = = = = — = Energy-based Test-time Adaptation (ETA) = = = = = = = = = = = 1

1
m"

Depth Completion Energy
Model Model

B ] Frozen | ] Trainable

Before Adaptation After Adaptation

Depth _Image
Depth  Image

Low Energy

Low Energy

Deja Vu: Cycle-consistent Re-ranking for
Semantic Correspondence (Under review)

-
Feature i
Encoder | .
Score(Patchy) < Score(Patch;) :
Source \ S . R(Patch;, Patchy)

feature | .
|
>
Top-p candidates for Patch;
/v X . R(Patch;, Patch;)
Feature 4 .
Encoder af o - :
Similarity map Cycle-consistent re-ranking
Target
feature

DIY-SC+Ours g DIY-SC+Ours
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Application - cardiac strain analysis

— > 3D Strain analysis

A A

<
3D+time Displacement Frame-to-frame Cardlac e

clinical echo estimator displacement L coordinates Sl )

Deflne

>
y —> ——) —>
Segmentation Predicted Manual Refined
estimator labels refinement labels

81



Application - Cardiac Strain Analysis

anterior

anterior

iy,

S

inferior

(A) Segmented clinical
echo (rest)

(B) Rest radial strain
overlayed with
estimated displacement
revealing akinetic septal
and inferior walls
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Future works

e Extend and evaluate the framework on 3D data and broader modalities.

e Expand clinical validation and calibrate regional strain values and improve
robustness.

® Incorporate physics-based constraints and material properties to improve
physiological plausibility.
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When you only need an apple, grow an apple tree not the whole orchard.
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Learning scalability

|dentify reliable
supervision

______________________ Proposed
Maximal i
supervision o BUI|d
Specialist | adaptable
model deapido]
models

Thank you! Q & A

Data

Mega scale

scalability

Heteroscedastic uncertainty (MICCAI 2024)

1) Identify reliable supervision signals
for unsupervised learning.

Target 1, Scoring estimator g, Scoring map §

2) Build adaptable models for versatile

medical data.

g ([T L
By =

aaaaaaaaaaa e

Vs>

uuuuuuuuuuu )

ﬁ?ﬂww

Training-time adaptation (MICCAI 2025) Test-time adaptation (/ICCV 2025)

Adaptive correspondence scoring (ICCV 2025)
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