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Generalist AI models are causing a major paradigm shift
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Brown, Tom, et al. "Language models are few-shot learners." Advances in 
neural information processing systems 33 (2020): 1877-1901.

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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Chen, Mark, et al. "Generative pretraining from pixels." International 
conference on machine learning. PMLR, 2020.

Radford, Alec, et al. "Improving language understanding by 
generative pre-training." (2018).

Maximize the likelihood from unsupervised corpus of tokens: 



But medical imaging can’t follow the same recipe
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Hoffmann, Jordan, et al. "Training compute-optimal large language models." Advances in neural information processing systems (2022).

To achieve an optimal compute allocation, 
you need 20 training tokens per parameter.

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

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



But medical imaging can’t follow the same recipe
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To reduce loss by 1%, we need:

~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

6

To reduce loss by 1%, we need:

~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).

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



Revisit data scaling assumptions in generalist models
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Assumption 1: Clean supervision is abundant

Assumption 2: Test distribution is covered by 
training distribution 
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Assumption 1: Clean supervision is abundant

Assumption 2: Test distribution is covered by 
training distribution 

Medical imaging data are often noisy

Build reliable models that identify trustworthy supervision

Build adaptable models that are versatile to distribution shifts

Medical imaging data are often heterogeneous

Revisit data scaling assumptions in generalist models

however

however



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

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

Adaptable



Thesis roadmap
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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)



Thesis roadmap
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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)

Part I:
Identify reliable supervision 
signals for unsupervised 
registration.



Thesis roadmap
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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)

Part II:
Build adaptable models for 
segmentation.



Clinical anchor - cardiac strain analysis
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Unsupervised 
registration

Semantic 
segmentation



Challenge: data heterogeneity  
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Natural image: RGB



Challenge: data heterogeneity  
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Natural image: RGB Medical images: MRI/CT/Ultrasound …

whereas



Challenge: the domain gap
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Different hospitals Different scanners

Build a generalist 
model that works 
for everything is 
challenging.



Challenge: the domain gap
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Different hospitals Different scanners

Build a specialist 
model? 

(modality, hospital, 
scanner, …)



Challenge: the annotation bottleneck
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Challenge: the annotation bottleneck
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Motivation

20

Heterogeneous data

Distribution shift

Laborious annotation

Learning scalability

Data 
scalability

Specialist 
model

Generalist model

Proposed 

Mega scaleMini scale

Minimal 
supervision

Identify reliable 
supervision

Maximal 
supervision Build 

adaptable 
models

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



Identify reliable supervision for unsupervised registration
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Heteroscedastic Uncertainty Estimation (MICCAI 2024) Adaptive Correspondence Scoring (ECCV 2024 oral)

Keywords: uncertainty quantification, aleatoric 
uncertainty, heteroscedastic noise

Keywords: adaptive weighting, correspondence 
scoring, collaborative learning, training dynamics



Build adaptable model for segmentation 
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Progressive Test Time Energy Adaptation for Segmentation 
(ICCV 2025 highlight)

Adaptation Vision Foundation Model for real-time 
Segmentation (MICCAI 2025 early accept)

Keywords: parameter-efficient finetuning, vision 
foundation models, adapters

Keywords: test-time adaptation, region-based shape 
energy model



Overview
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1) Identify reliable supervision signals 
for unsupervised registration.

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



Unsupervised Image Registration
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Unsupervised objective:

Learning to align two images without the need for labels

https://github.com/Voldemort108X/AdaCS



A probabilistic framework for unsupervised registration

25

Objective:

Source image 
(const.)

Target 
image (r.v.)Displacement (r.v.)

Likelihood Prior



A probabilistic framework for unsupervised registration
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Objective:

Source image 
(const.)

Target 
image (r.v.)Displacement (r.v.)

Likelihood Prior

● Heteroscedastic Uncertainty 
Modeling (MICCAI 2024)

● Adaptive Correspondence 
Scoring (ECCV 2024 Oral)

● Biomechanics-informed 
Regularization (STACOM 2022 Oral)

More expressive likelihood More plausible prior



A probabilistic framework for unsupervised registration
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Objective:

Source image 
(const.)

Target 
image (r.v.)Displacement (r.v.)

Likelihood Prior

● Heteroscedastic Uncertainty 
Modeling (MICCAI 2024)

● Adaptive Correspondence 
Scoring (ECCV 2024 Oral)

● Biomechanics-informed 
Regularization (STACOM 2022 Oral)

More expressive likelihood



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

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



Noise is heteroscedastic in medical images

2D MRI video

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

[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.



But past works assume noise is homoscedastic (uniform)
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2D MRI video

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

Homoscedastic (uniform) Gaussian Smoothness prior



But past works assume noise is homoscedastic (uniform)
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2D MRI video

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

Homoscedastic (uniform) Gaussian Smoothness prior

Data term Regularization term

is assumed to be uniform 
(const. w.r.t. image space) 



But past works assume noise is homoscedastic (uniform)
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2D MRI video

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

Homoscedastic (uniform) Gaussian Smoothness prior

Data term Regularization term

is assumed to be uniform 
(const. w.r.t. image space) 

We extend it to be heteroscedastic (non-uniform) and input-dependent: 



Method
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Displacement estimator loss:

Variance estimator loss:

Collaborative learning with 
displacement and heteroscedastic 
noise variance estimation



Method
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A relative weighting instead of an absolute weighting 𝛾 reflects the influence of current noise variance estimate

𝛾 – exponentiated signal-to-noise (SNR) weighting

● 𝛾 = 0, loss reduces to MSE

● 𝛾 = 1, SNR weighting

● We select 𝛾 = 0.5 from experiments

Weighting Weighting

beta-NLL[1] (absolute) Ours (relative)

[1] Seitzer, Maximilian, et al. "On the Pitfalls of Heteroscedastic Uncertainty Estimation with Probabilistic Neural Networks." International 
Conference on Learning Representations. 2022.



Result
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Our designed adaptive weighting map which reflects reliable correspondence is handcrafted from 
heteroscedastic noise variance estimate.



Result
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Our designed adaptive weighting map which reflects reliable correspondence is handcrafted from 
heteroscedastic noise variance estimate.

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



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

Project page
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https://github.com/Voldemort108X/AdaCS



Violations of basic assumptions 
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2D MRI video

Error map
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https://github.com/Voldemort108X/AdaCS



Violations of basic assumptions 
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2D MRI video

Error map
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https://github.com/Voldemort108X/AdaCS

Compressive structural 
visibility issue

Heteroscedastic noise

… and many others



A closer look
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https://github.com/Voldemort108X/AdaCS



A closer look
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Our approach:

https://github.com/Voldemort108X/AdaCS



Method

42

Displacement estimator loss:

https://github.com/Voldemort108X/AdaCS



Method
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Unsupervised correspondence scoring loss:

But there is a 
trivial solution…

https://github.com/Voldemort108X/AdaCS



Method
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Avoid trivial solution:

Scores correspond to surfaces 
that are locally smooth:

https://github.com/Voldemort108X/AdaCS



Method
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1

2

https://github.com/Voldemort108X/AdaCS

Scoring estimator loss:



Results on ACDC and CAMUS

Our estimated scoring map identifies spurious error residuals and prevents 
parameter drift during training. 46

https://github.com/Voldemort108X/AdaCS

A
C

D
C

C
A

M
U

S



Results on ACDC and CAMUS

47

Quantitative evaluation Comparison to robust losses Smoothness

Ablation

Our proposed approach consistently outperforms baselines in various 
architectures and datasets and produces reasonably smooth displacement.

https://github.com/Voldemort108X/AdaCS



Conclusion

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

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

● Our proposed approach can be plugged-and-played 
into existing frameworks with no extra cost during 
inference

48

Project page Paper

https://github.com/Voldemort108X/AdaCS



A probabilistic framework for unsupervised registration
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Objective:

Source image 
(const.)

Target 
image (r.v.)Displacement (r.v.)

Likelihood Prior

● Heteroscedastic Uncertainty 
Modeling (MICCAI 2024)

● Adaptive Correspondence 
Scoring (ECCV 2024 Oral)

● Biomechanics-informed 
Regularization (STACOM 2022 Oral)

More expressive likelihood More plausible prior



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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https://github.com/Voldemort108X/bioinformed_reg



Method
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Prior based on strain energy density

Biomechanics-informed 
Regularization

https://github.com/Voldemort108X/bioinformed_reg



Result
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Smoothness evaluation

Quantitative evaluation

https://github.com/Voldemort108X/bioinformed_reg



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

1) Identify reliable supervision 
signals for unsupervised 
registration. 

I. More expressive likelihood 
HeteroUnc, MICCAI 2024
AdaCS, ECCV 2024

II. More plausible prior 
BIM-reg, STACOM 2022



Overview

54

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

1) Identify reliable supervision 
signals for unsupervised 
registration. 

2) Build adaptable models for 
versatile medical data.

I. More expressive likelihood 
HeteroUnc, MICCAI 2024
AdaCS, ECCV 2024

II. More plausible prior 
BIM-reg, STACOM 2022

I. Training-time adaptation: 
Adapt vision foundation 
model for ultrasound.



Adapting Vision Foundation Models for Real-time 
Ultrasound Image Segmentation

Xiaoran Zhang1, Eric Z. Chen2, Lin Zhao2, Xiao Chen2, Yikang Liu2, Boris Maihe2, James 
Duncan1, Terrence Chen2, Shanhui Sun2

1. Yale University 2. United Imaging Intelligence

55



Foundation models for segmentation - SAM series

56

SAM (2023): 
segment anything 
on images

SAM2 (2024): segment anything on 
images and videos

SAM3 (2025): segment 
anything with concepts



SAM2 image encoder: Hierarchical vision transformer

57Ryali, Chaitanya, et al. "Hiera: A hierarchical vision transformer without the bells-and-whistles." International conference on machine learning. PMLR, 2023.

Hiera provides image features at multiple scales.



Parameter-efficient fine-tuning - Adapters

58Steitz, Jan-Martin O., and Stefan Roth. "Adapters strike back." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.



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

We adapt Hiera in SAM2 for multi-scale feature extraction and integrate 
DINOv2 image encoder to enhance visual feature representation, 
providing a richer and more robust understanding of ultrasound image



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



Method

61

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



Data efficiency and adaptability on cardiac ultrasound
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https://voldemort108x.github.io/adp_seg/

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



Cross-dataset generalization on thyroid ultrasound
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https://voldemort108x.github.io/adp_seg/

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.



In-house evaluation
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https://voldemort108x.github.io/adp_seg/

We evaluate real-world applicability using 
image-level detection metrics (precision, recall, 
specificity, F1-score) on an in-house dataset where 
the thyroid gland may be absent.

In house dataset: 



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

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



Ablation study

66

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

(1) Hierarchical decoder (H-Dec.) 
(2) Hiera adapter (H-Adp.) 
(3) DINOv2 feature integration 
(4) Feature interleaving.

Our method runs at ∼30 FPS on a single GPU 
(NVIDIA L40S) and ∼77 FPS with TensorRT 
when tested on 224 × 224 images.

Inference speed



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

●  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.



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

1) Identify reliable supervision 
signals for unsupervised 
registration. 

2) Build adaptable models for 
versatile medical data.

I. More expressive likelihood 
HeteroUnc, MICCAI 2024
AdaCS, ECCV 2024

II. More plausible prior 
BIM-reg, STACOM 2022

I. Training-time adaptation: 
Adapt vision foundation 
model for ultrasound.
(AdaSeg, MICCAI 2025)



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

1) Identify reliable supervision 
signals for unsupervised 
registration. 

2) Build adaptable models for 
versatile medical data.

I. More expressive likelihood 
HeteroUnc, MICCAI 2024
AdaCS, ECCV 2024

II. More plausible prior 
BIM-reg, STACOM 2022

I. Training-time adaptation: 
Adapt vision foundation 
model for ultrasound.
(AdaSeg, MICCAI 2025)

II. Test-time energy adaptation 
for segmentation.



Progressive Test Time Energy Adaptation for 
Medical Image Segmentation

Xiaoran Zhang1, Byung-Woo Hong2, Hyoungseob Park1, Daniel H. Pak1, Anne-Marie Rickmann1, 

Lawrence H. Staib1, James S. Duncan1, Alex Wong1

1. Yale University 2. Chung-Ang University

70



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

● Without assuming access to a pre-collected 
target dataset, which is often impractical, 
test-time adaptation (TTA) offers a practical 
solution to calibrate models on-the-fly 
during inference.

https://github.com/Voldemort108X/pttea_seg



Test-time adaptation

72

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.

Target only A single 
Iteration pass

Adapted
model

Source pre-trained
model



Region-based shape energy model

73

● Energy-based models naturally capture 
distribution changes by reflecting sample 
likelihood, make them suited for TTA.

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

Why energy? Quantifies distribution 
misalignment at test-time.



Curate negative examples for energy model training

74

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

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

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

Impossible to have real negative 
examples? Curate them instead.



Method
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https://github.com/Voldemort108X/pttea_seg



Results
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Adapted prediction Estimated energyInitial prediction

Adapt progressively

https://github.com/Voldemort108X/pttea_seg



Results
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https://github.com/Voldemort108X/pttea_seg

Our proposed approach can be plugged-and-played into three existing architectures and we 
consistently outperform baselines in eight datasets.



Conclusion
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https://github.com/Voldemort108X/pttea_seg

● 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.



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

1) Identify reliable supervision 
signals for unsupervised 
registration. 

2) Build adaptable models for 
versatile medical data.

I. More expressive likelihood 
HeteroUnc, MICCAI 2024
AdaCS, ECCV 2024

II. More plausible prior 
BIM-reg, STACOM 2022

I. Training-time adaptation: 
Adapt vision foundation 
model for ultrasound.
(AdaSeg, MICCAI 2025)

II. Testing-time adaptation: 
Test-time energy adaptation 
for segmentation.
(PTTEA, ICCV 2025)



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

Deja Vu: Cycle-consistent Re-ranking for 
Semantic Correspondence (Under review)
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Application - cardiac strain analysis
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Application - Cardiac Strain Analysis

(A) Segmented clinical 
echo (rest)

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

82



Future works

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

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

● Incorporate physics-based constraints and material properties to improve 
physiological plausibility.

83



When you only need an apple, grow an apple tree not the whole orchard.

92



Thank you! Q & A

93

1) Identify reliable supervision signals 
for unsupervised learning.

2) Build adaptable models for versatile 
medical data.

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

Adaptive correspondence scoring (ICCV 2025)Heteroscedastic uncertainty (MICCAI 2024)

Learning scalability

Data 
scalability

Specialist 
model

Generalist model

Proposed 

Mega scaleMini scale

Minimal 
supervision

Identify reliable 
supervision

Maximal 
supervision Build 

adaptable 
models


