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Abstract

Deep learning has improved medical image reconstruction, but clinical use is limited by
poor reliability under domain shift (new scanners, protocols, motion, noise) and scarce
expert labels. This thesis builds reconstruction methods that generalize beyond training
data, need less supervision, and can indicate when outputs are unreliable.

It contributes: (1) unsupervised/self-supervised MRI reconstruction that models mo-
tion and acquisition degradation without paired ground truth; (2) test-time adaptation
without source data or labels, using physics constraints and self-consistency to recali-
brate to new domains; (3) a stable diffusion-based reconstruction framework based on
measure-consistent stochastic dynamics, improving robustness and reducing sampling
error while clarifying failure modes. Uncertainty and mismatch detection are integrated
throughout to support safer deployment.
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Chapter 1

Introduction

1.1 Motivation

In recent years, deep learning has become a key method in medical image analysis, achieving high
accuracy in tasks such as segmentation, classification, and reconstruction. For example, the U-Net
architecture [173] has been applied to organ and lesion segmentation, and deep convolutional net-
works have achieved expert level accuracy in breast cancer |5] and skin cancer diagnosis. Although
these results have been validated on curated datasets, the integration of such models into clinical
workflows remains limited.This limitation arises from insufficient clinical validation, challenges in
model interpretability, variations in imaging protocols, and the absence of regulatory frameworks
that ensure safety and reliability.

Many algorithms have been developed and evaluated on public benchmarks, but few have under-
gone prospective clinical validation or been applied in routine practice. This gap highlights the
disconnect between algorithm development and practical deployment. A major reason for this lim-
itation is the poor generalization of deep learning models. Most models assume that training and
testing data share similar distributions, while in reality, medical imaging data vary across hospitals,
scanner vendors, imaging protocols, and patient populations. These domain shifts alter the input
distributions and are intrinsic to clinical data acquisition. As a result, models that perform well
during development often degrade when used in new settings, raising concerns about reliability
and limiting their adoption in clinical decision-making.

The development of supervised deep learning models is constrained by the scarcity of high qual-
ity annotated data. Producing high quality annotations requires clinical expertise and careful re-
view, which is particularly demanding for high resolution volumetric or motion affected imaging
sequences. For instance, Peng et al. note that "the scarcity of high quality annotated training data
is often unavailable for clinical and health care tasks” [156). Furthermore, many target domains,
such as rare pathologies or low resource regions, lack annotated datasets entirely, making super-
vised methods difficult to apply. These limitations restrict the scalability of supervised learning
and hinder its deployment in new or evolving clinical environments.

A second major challenge is model generalization under domain shift. Medical imaging data vary
across hospitals, scanner vendors, acquisition protocols, and patient populations. A recent sys-
tematic study found that data from different scanners almost always produce performance drops
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1.1. Motivation

compared with same scanner data, with the effect most severe in MRI [69]. Because many mod-
els assume that training and testing distributions are identical, this variability reduces reliability in
unseen settings.

Another limitation is the absence of mechanisms for uncertainty quantification. Many existing
models are optimized for accuracy on in distribution test sets but provide no guarantee when ap-
plied to out of distribution inputs. As a result, they may produce confidently incorrect predictions
without any indicator of reliability. In high stakes settings such as radiology, this behavior under-
mines safety and trust. As discussed by [115], trustworthy clinical Al must provide uncertainty
estimates to support decision making.

These observations motivate the central research question of this thesis:

Can we design deep learning systems for medical image reconstruction that remain reliable un-
der domain shift, require minimal supervision, and can quantify their uncertainty when operating
beyond the training distribution?

To address this question, the thesis investigates three tightly connected research directions:

- Domain adaptation and domain generalization strategies that enable models to adapt to new
acquisition settings without full retraining.

- Representation learning methods that produce features stable across acquisition shifts and
imaging domains.

« Reconstruction oriented generative models that are both visually accurate and aware of their
own uncertainty.

This thesis addresses these challenges through three interrelated research directions. Each di-
rection targets a specific bottleneck that limits the reliability and generalization of deep learning
in medical image reconstruction. Together, they aim to improve the robustness, adaptability, and
clinical relevance of learning based reconstruction systems under realistic constraints, including
sparse supervision, distributional shift, and limited retraining capacity.

1. Unsupervised motion-robust super-resolution

Motion artifacts are among the most common sources of quality degradation in MRI, particu-
larly in abdominal and fetal imaging, where involuntary motion and limited patient compliance
are unavoidable [194]. These artifacts not only degrade visual quality but also compromise
quantitative accuracy and downstream clinical interpretation. Super-resolution techniques
offer a potential solution by enhancing spatial resolution from low-quality acquisitions; how-
ever, most existing approaches rely on supervised learning with paired high- and low-resolution
data, which are difficult or impossible to obtain in the presence of motion.

Unsupervised and self-supervised learning paradigms provide a promising alternative by re-
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1.1. Motivation

laxing the requirement for fully paired training data and enabling learning directly from rou-
tinely acquired clinical images. In the context of motion-corrupted MRI, such approaches can
exploit internal data consistency, physical acquisition constraints, or cross-slice redundancy
to recover high-resolution representations without explicit ground-truth supervision. This re-
search direction investigates unsupervised motion-robust super-resolution frameworks that
explicitly account for motion-induced degradation, aiming to improve reconstruction quality
and robustness in realistic clinical settings where annotated data are scarce or unavailable.

2. Test-time domain adaptation The challenge of domain shift extends beyond performance
degradation; it also raises questions of reliability and adaptability in real-world deployment.
Test time domain adaptation aims to address this issue by enabling models to recalibrate
themselves during inference without access to source data or manual labels. Unlike tradi-
tional retraining or fine-tuning strategies, test time adaptation treats deployment as a con-
tinuous learning process in which the model dynamically aligns its internal representations
to the target distribution. In medical imaging, this paradigm is particularly relevant because
clinical data distributions evolve over time due to variations in scanner calibration, acquisition
protocols, and patient demographics. Methods based on entropy minimization, normalization
statistics alignment, or self-supervised consistency have shown that even limited adaptation
at inference can substantially improve robustness |211]. However, the clinical application of
these methods remains limited, as most approaches assume stable acquisition conditions
and ignore physical constraints inherent to imaging systems. This research explores how
test time adaptation can be extended to medical image reconstruction by integrating domain-
informed priors and physics-based consistency into the adaptation loop. The objective is to
develop models that can autonomously adjust to domain variations while preserving diagnos-
tic fidelity and interpretability, thereby enhancing the reliability of Al-driven reconstruction in
practical clinical environments.

3. Stable and generalizable diffusion models Generative modeling has become a powerful frame-
work for solving ill posed inverse problems, particularly with the advent of diffusion based
models [81]. These models have demonstrated strong visual fidelity and flexibility across a
wide range of imaging tasks [81]. While recent advances highlight their generative capacity,
their stability and reliability in clinical contexts remain open questions [104]. Empirical evi-
dence suggests that diffusion models can be sensitive to perturbations in the forward pro-
cess and to mismatches between training and deployment distributions. This sensitivity com-
promises robustness in scenarios with high noise levels, undersampled inputs, or previously
unseen anatomies. To make these models viable for medical applications, it is essential to
obtain a principled understanding of their failure modes and to design formulations that em-
phasize stahility and generalization under distributional uncertainty. This motivates the de-
velopment of measure consistent stochastic formulations that retain the expressiveness of
diffusion models while improving their numerical and semantic robustness [218].
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1.1. Motivation

These directions are unified by a common methodological and clinical motivation: to move be-
yond conventional benchmarks and build learning systems that can function reliably in imperfect,
variable, and under-annotated real-world environments. By targeting reconstruction under motion,
adaptation without supervision, and stability in generative inference, this thesis aims to contribute
foundational insights toward the development of Al tools that are not only technically advanced
but also operationally viable in clinical deployment.
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1.2 Related Work

This thesis builds upon several intersecting research areas, including learning-based medical im-
age reconstruction, robustness under domain shift, and probabilistic generative modeling. While
significant progress has been made in each of these directions, their integration under realistic
clinical constraints remains incomplete. This section reviews relevant prior work and clarifies the
gaps that motivate the contributions of this thesis.

1.2.1 Learning-Based Medical Image Reconstruction

Medical image reconstruction can be formulated as an ill-posed inverse problem, where the goal is
to recover a latent image from incomplete or corrupted measurements. Classical reconstruction
methods rely on explicit regularization, such as total variation or sparsity in predefined transform
domains. While these approaches offer theoretical guarantees, they often struggle to capture the
complex anatomical variability present in clinical data.

Deep learning has substantially reshaped this landscape. Convolutional neural networks, particu-
larly encoder—decoder architectures such as U-Net [173], have been widely adopted for reconstruc-
tion and super-resolution tasks in MRl and CT. These models learn implicit image priors from data
and have demonstrated strong performance under controlled experimental settings. Subsequent
work has extended these ideas through cascaded architectures, unrolled optimization networks,
and hybrid model-based learning frameworks that incorporate data consistency constraints.

Despite these advances, most learning-based reconstruction methods rely on fully supervised train-
ing with paired low- and high-quality data. In many clinical scenarios, such ground truth is unavail-
able or ill-defined. Motion-corrupted acquisitions, accelerated scans, and retrospective undersam-
pling frequently lack a reliable reference image. As a result, supervised reconstruction models often
exhibit limited generalization and may introduce hallucinated structures when applied outside their
training distribution.

These limitations have motivated interest in alternative learning paradigms that reduce reliance on
paired supervision and improve robustness under realistic acquisition conditions.

1.2.2 Unsupervised and Self-Supervised Reconstruction Methods

To address the scarcity of high-quality annotations, unsupervised and self-supervised learning ap-
proaches have been explored for medical image reconstruction. These methods exploit internal
data consistency, physical constraints of the acquisition process, or redundancy across slices
and contrasts. Examples include cycle-consistency-based frameworks, k-space self-supervision,
and methods that leverage undersampling masks or noise realizations as implicit supervision sig-
nals.
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In MR, self-supervised approaches have demonstrated the ahility to learn reconstruction mappings
directly from undersampled data without access to fully sampled references. While these methods
significantly reduce annotation requirements, they often rely on assumptions such as stationary
noise, consistent acquisition protocols, or mild degradation patterns. In the presence of severe
motion, domain shift across scanners, or complex corruption processes, their performance can
degrade substantially.

Moreover, many unsupervised reconstruction methods optimize pixel-wise or frequency-domain
losses without explicitly modeling uncertainty or stability. As a result, they provide limited insight
into the reliability of their predictions, which is a critical requirement for clinical deployment.

1.2.3 Domain Shift and Test-Time Adaptation in Medical Imaging

Domain shift is a well-recognized challenge in medical imaging. Variations in scanner vendors,
field strengths, acquisition protocols, and patient populations can lead to substantial changes in
data distributions. Empirical studies have shown that models trained on data from a single site
often suffer performance drops when evaluated on unseen scanners, with MRI being particularly
sensitive to such shifts [69].

Domain adaptation techniques aim to mitigate this issue by aligning feature representations across
domains, using strategies such as adversarial learning, feature normalization, or latent space reg-
ularization. While these approaches can improve robustness, many require access to source data
or labeled target samples, which may be impractical in clinical settings due to privacy or logistical
constraints.

Test-time adaptation (TTA) offers an alternative paradigm, allowing models to adapt during infer-
ence using only unlabeled target data. Methods based on entropy minimization, batch normaliza-
tion statistics alignment, or self-supervised consistency have shown promising results in classifi-
cation and segmentation tasks [211]. However, their application to image reconstruction remains
relatively underexplored.

Reconstruction differs fundamentally from discriminative tasks: the output space is high-dimensional,
the inverse problem s ill-posed, and physical acquisition constraints play a central role. Most exist-
ing TTA methods do not explicitly incorporate these factors, limiting their effectiveness and inter-
pretability when applied to medical image reconstruction. These challenges highlight the need for
adaptation strategies that are informed by both data distributions and acquisition physics.

1.2.4 Generative Models for Inverse Problems

Generative modeling provides a principled framework for inverse problems by learning data-driven
priors over images. Early approaches based on variational autoencoders and generative adversarial
networks have been applied to MRI reconstruction and super-resolution, often producing visually
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appealing results. However, adversarial training can be unstable, and GAN-based methods are
prone to hallucinations, raising concerns about their clinical reliability.

Diffusion models have emerged as a powerful alternative, offering improved stability and likelihood-
based training [81]. By modeling a gradual denoising process governed by stochastic differential
equations, diffusion models can generate high-fidelity samples and have been successfully ex-
tended to conditional and inverse problem settings. Recent work has explored diffusion-based
reconstruction by incorporating measurement consistency, posterior sampling, or score-based op-
timization.

Despite their promise, diffusion models introduce new challenges in medical imaging. Their per-
formance can be sensitive to noise schedules, forward process design, and mismatches between
training and deployment distributions. In MRI, where degradation occurs in the frequency domain
rather than the image domain, diffusion models trained on natural image corruptions may fail to
capture the true acquisition process. Furthermore, the iterative nature of diffusion sampling can
amplify small modeling errors, leading to instability or degraded reconstructions under domain
shift [104].

1.2.5 Stability, Uncertainty, and Reliability of Diffusion Models

Recent studies have begun to examine the reliability and failure modes of diffusion models, particu-
larly in safety-critical applications. While diffusion models often produce visually plausible outputs,
they do not inherently guarantee stability under perturbations or provide calibrated uncertainty es-
timates. In medical imaging, this limitation is particularly problematic, as confidently incorrect
reconstructions can mislead downstream clinical decisions.

Several approaches have been proposed to improve robustness, including modified stochastic dy-
namics, constrained sampling, and uncertainty-aware formulations. However, many existing meth-
ods remain empirical, lacking a principled connection between the stochastic process design and
the preservation of meaningful data distributions. Theoretical analyses of diffusion dynamics un-
der domain shift and complex degradation remain limited.

These observations motivate the exploration of diffusion formulations that emphasize stabhility,
measure consistency, and robustness to distributional mismatch, particularly in the context of in-
verse problems with ill-defined ground truth.

1.2.6 Positioning of The Thesis

The body of existing work reviewed above has substantially advanced learning-based reconstruc-
tion, unsupervised training strategies, domain adaptation, and diffusion-based generative model-
ing. However, these developments have largely progressed along parallel directions, with limited
integration under the constraints encountered in real clinical imaging. In particular, current meth-
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ods often address supervision scarcity, domain shift, or generative modeling stability in isolation,
while practical deployment typically involves all of these challenges simultaneously.

This thesis is positioned around the premise that robustness in medical image reconstruction can-
not be achieved through architectural design or training strategy alone. Instead, it requires a co-
herent treatment of data scarcity, distributional shift, and stochastic inference dynamics as inter-
dependent components of the reconstruction problem. From this perspective, the contributions of
the thesis are not defined by a single model class, but by a unifying methodological viewpoint that
emphasizes stability, adaptability, and reliability under imperfect conditions.

Concretely, the thesis investigates three complementary research directions. First, it explores un-
supervised and self-supervised reconstruction methods that explicitly account for motion-induced
degradation, where high-quality reference images are unavailable or ill-defined. Second, it exam-
ines test-time domain adaptation for inverse problems, framing deployment as a dynamic process
in which models continuously adjust to evolving acquisition distributions without access to source
data or manual labels. Third, it develops measure-consistent diffusion formulations that priori-
tize stability and distributional fidelity in generative inference, particularly in settings where the
forward degradation process deviates from assumptions commonly made in natural image mod-
eling.

Together, these directions form a coherent framework for learning-based medical image recon-
struction under realistic clinical constraints. Rather than optimizing performance on narrowly con-
trolled benchmarks, the thesis focuses on identifying principles that improve robustness, general-
ization, and interpretability when models are exposed to motion, domain shift, and uncertainty. In
doing so, it aims to bridge the gap between methodological advances in machine learning and the
reliability requirements of clinical imaging practice.
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1.3 Contributions

Building upon the motivation and challenges outlined in the introduction, this thesis makes several
key contributions to the field of generalizable and data-efficient deep learning for medical image
reconstruction, with a focus on motion-corrected quantitative body MRI. These contributions aim
to bridge the gap between research algorithms and clinical deployment by improving robustness,
generalization, and accountability of reconstruction frameworks under domain shifts and limited
supervision.

1. Motion-corrected super-resolution without paired supervision

We propose a novel unsupervised joint motion-correction and super-resolution (MoCoSR)
framework for 3D abdominal MRI, which simultaneously mitigates respiratory and bowel-
motion artifacts while enhancing spatial resolution. Unlike conventional supervised recon-
struction pipelines that rely on expensive, motion-free high-resolution ground truth data, Mo-
CoSR introduces a cycle-consistent dual-domain learning scheme that leverages latent repre-
sentations from low-resolution corrupted inputs. The method disentangles motion and res-
olution degradation through multi-scale feature consistency in the latent space. Extensive
experiments on both TCGA-LIHC and IBD datasets demonstrate that MoCoSR achieves su-
perior reconstruction quality (SSIMT, PSNRT) while preserving diagnostic fidelity for Crohn's
disease assessment, showing no statistically significant bias in downstream disease classifi-
cation.

2. Physics-informed test-time adaptation for MRI super-resolution

To address the poor generalization of SR models across scanners, acquisition protocols, and
patient cohorts, we introduce UTAR (Unsupervised Test-time Adaptation with physics-informed
degradation modeling). UTAR integrates a dual-domain physical imaging chain model (PIC)
that explicitly simulates the k-space acquisition process and a Conditional Consistency Learn-
ing (CCL) mechanism that enforces spectral alignment during inference. This approach en-
ables on-the-fly adaptation of pre-trained SR models to unseen target domains without any ac-
cess to source-domain data, preserving data privacy and regulatory compliance. Quantitative
and qualitative evaluations on IXI and fastMRI datasets show that UTAR consistently reduces
domain gap and improves high-frequency fidelity under severe acquisition shifts, outperform-
ing both supervised and source-dependent TTA methods. The method represents a practical
step toward source-free and deployable medical image enhancement under real-world variabil-

ity.
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3. Dynamics-aware diffusion model for stable inverse problem solving

We further develop D3GM (Dynamics-aware SDE Diffusion Generative Model), a novel gen-
erative formulation grounded in the theory of measure-preserving random dynamical sys-
tems (RDS). Unlike conventional diffusion models, which often exhibit instability and distribu-
tional drift under heterogeneous degradations, D3GM enforces measure-consistent stochas-
tic dynamics, ensuring temporal stability and probabilistic invariance throughout the diffusion
process. We formally characterize the Temporal Distribution Discrepancy inherent in transi-
tionary SGMs and provide theoretical guarantees for stability and convergence. Empirically,
D3GM achieves state-of-the-art reconstruction and restoration performance across multiple
inverse problems including MRI reconstruction, cross-domain MRI super-resolution, dehazing,
and deraining, demonstrating robustness and generalization beyond domain-specific tuning.
This contribution provides a theoretically grounded pathway toward stable and generalizable
diffusion-based solvers for ill-posed medical imaging problems.

The thesis integrates data efficiency, physical modeling, and theoretical stability into a unified re-
search direction that moves beyond task-specific improvements toward a cohesive understanding
of generalization in deep medical imaging. By combining methodological rigor with clinical rele-
vance, the presented work lays a foundation for the next generation of adaptive and trustworthy
reconstruction systems capable of operating across heterogeneous acquisition settings and pa-
tient populations.
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1.4 Thesis overview

Following the presentation of the main contributions in the previous section, this chapter provides
an overview of the thesis structure and the logical progression of the research. The remainder
of this thesis is designed to progressively develop the conceptual framework, methodologies, and
empirical validations that support the proposed advances in generalizable medical image recon-
struction. Rather than presenting isolated techniques, the chapters follow a coherent narrative
from foundational principles to specific algorithmic contributions and theoretical insights. The
overall organization of the thesis is outlined below.

Chapter 2 establishes the theoretical and technical background. It reviews essential concepts in
deep learning and neural network architectures, followed by a discussion of inverse problems in
medical image reconstruction. This chapter also surveys recent advances in deep learning-based
MRI reconstruction, highlighting the challenges of generalization, data scarcity, and domain vari-
ability that motivate the developments in subsequent chapters.

Chapters 3 to 5 form the core of this thesis and present the proposed methodologies for improving
the generalization and robustness of deep learning models for quantitative body MRI. As summa-
rized in Fig. 1.2, the research evolves across three complementary directions: (a) learning from
unpaired and motion-corrupted data (Chapter 3) (b) learning through test-time adaptation with
physics-informed priors (Chapter 4) (c) learning stable generative models under heterogeneous
degradations (Chapter 5). Together, these directions progressively expand the generalization ca-
pability of learning-based reconstruction systems from data-level adaptation to theoretically prin-
cipled stability.

Chapter 3 introduces MoCoSR, an unsupervised framework that jointly performs motion correction
and super-resolution for 3D abdominal MRI. By leveraging a cycle-consistent dual-domain learn-
ing scheme, MoCoSR disentangles motion and resolution degradation without requiring paired
ground-truth data. The method significantly improves image fidelity and diagnostic reliability on
clinical datasets, offering a practical and data-efficient solution for motion-robust MRI reconstruc-
tion.

Chapter 4 presents UTAR, a physics-informed test-time adaptation framework that enhances cross-
domain generalization of super-resolution models. It incorporates a physical imaging chain model
and a conditional consistency learning mechanism to adapt pre-trained models to unseen scanners
and protocols without source-domain access. This enables source-free adaptation under realistic
domain shifts, validated by extensive experiments on multiple public MRI datasets.

Chapter 5 proposes D3GM (Dynamics-aware SDE Diffusion Generative Model), a theoretically grounded
approach to stable and generalizable inverse problem solving. Built upon the theory of measure-
preserving random dynamical systems, D3GM ensures probabilistic consistency and temporal sta-
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bility in the diffusion process. Theoretical analysis and empirical evaluations demonstrate that
D3GM achieves state-of-the-art performance across MRI reconstruction and various image restora-
tion tasks under diverse degradations.

Finally, Chapter 6 concludes the thesis by summarizing the overall findings, discussing the theo-
retical and practical implications of the presented work, and outlining potential future directions.
These include integrating multimodal vision—language representations, developing privacy-preserving
reconstruction systems, and ensuring the reliability and interpretability of Al-based medical imag-
ing solutions in clinical applications.

Overall, the structure of the thesis reflects an iterative process of developing, validating, and gener-
alizing learning-based reconstruction models under increasingly realistic and unconstrained con-
ditions. This progression from methodological innovation to clinical applicability embodies the
central theme of this research: building generalizable, trustworthy, and physically consistent Al
systems for medical imaging.
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Chapter 2

Background

This chapter provides the theoretical, algorithmic, and practical background required to
understand the developments presented in Chapters 3 to 5. It begins with an overview
of magnetic resonance imaging (MRI) physics and signal acquisition, formulates image
reconstruction as an inverse problem, and reviews classical and learning-based recon-
struction methods. It then discusses motion artifacts and super-resolution in quantita-
tive body MRI, introduces the concepts of domain shifts and model generalization, and
presents modern generative priors with an emphasis on diffusion-based approaches.
The chapter concludes with evaluation metrics, dataset governance, clinical translation,
and reproducibility considerations that underpin the methodological rigor of this thesis.
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2.1 Deep Learning for Computer Vision

2.1.1 Neural Network Fundamentals

Machine learning encompasses aresearch domain focused on developing computational approaches
that enable quantitative prediction through statistical modeling [21]. Unlike traditional programming
paradigms, machine learning algorithms autonomously derive their predictive rules from collec-
tions of observational data, commonly known as the training dataset.

Following established conventions in the field, we denote the input to a machine learning model
as x € X, where X’ represents the input space containing all possible input instances. Similarly,
we represent the output or prediction as 'y € ), with ) denoting the output space comprising all
potential prediction values.

The specific structure of x and y varies substantially across application domains. In the context
of image classification, for instance, the input x typically consists of an RGB image represented
as a three-dimensional tensor x € R¥>W>3 where H and W correspond to the vertical and hori-
zontal pixel dimensions respectively, and the value 3 indicates the three color channels (red, green,
and blue). For such classification tasks, the corresponding outputy € N = {1,2,3,..., N¢}
represents a discrete categorical variable indicating the assigned class from among N¢ possible
categories—for example, y = 1 might designate the "feline” class while y = 2 could represent the
“canine’ class.

At its core, a machine learning model constitutes a mapping function f : X — ) that transforms
elements from the input space into elements of the output space. This function f is frequently de-
scribed as a hypothesis, with the collection of all possible functions that could be learned denoted
as the hypothesis space F. Typically, f is parameterized by a vector of adjustable values @ (al-
ternatively termed model weights or parameters). We employ the notation fg to explicitly indicate
this parameterization. The structural complexity of fg exhibits considerable variation across ap-
plication contexts, ranging from elementary linear regression formulations to sophisticated deep
neural architectures incorporating billions of tunable parameters.

2.1.2 Inverse Problems in Imaging

Inverse problems are central to many tasks in computational imaging, where the goal is to recover
a latent signal from incomplete, noisy, or corrupted observations. Formally, these problems can be
expressed as solving for an unknown image x given observations y, where y = Az +n,and A is
a (possibly ill-conditioned or non-invertible) forward operator, and n represents noise.

Such problems arise in a wide range of applications, including magnetic resonance imaging (MRI),
computed tomography (CT), and image deblurring, where the physical measurement process leads
to partial or degraded data. In many of these cases, the inversion is ill-posed: multiple solutions
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may fit the observations, or small perturbations in the input may lead to large variations in the
output. To resolve this, prior knowledge about the image distribution must be incorporated to
guide the reconstruction.

Traditional approaches typically rely on handcrafted priors—such as smoothness, sparsity, or total
variation—to regularize the solution space. While these methods have had success in some set-
tings, they are often too rigid or general to capture the rich structure of real-world images, especially
in clinical applications where anatomy and pathology vary significantly.

Magnetic Resonance Imaging as an Inverse Problem.

Magnetic resonance imaging (MRI) differs fundamentally from natural image formation in com-
puter vision because it involves sampling in the frequency domain rather than direct spatial acqui-
sition. The measured signal represents a partial Fourier transform of the underlying spin density,
and reconstruction therefore constitutes an inverse problem. Given undersampled k-space mea-
surements y, the goal is to recover the latent image x satisfying y = Ax + n, where A encodes
coil sensitivities and Fourier encoding, and n models measurement noise. When the sampling rate
is below the Nyquist criterion, the problem becomes ill-posed and small perturbations in 3 can
cause large errors in x. Classical approaches mitigate this through regularization terms that im-
pose smoothness or sparsity priors, but such handcrafted assumptions often fail to capture the
complex statistics of anatomical structures.

This has motivated the development of data-driven approaches, particularly using deep learning, to
model image priors implicitly and learn mappings from measurements to reconstructions directly
from data. These methods form the basis of most modern inverse problem solvers in computer
vision and medical imaging.

2.1.3 Learning Objectives and Parameter Estimation.

Parameter optimization in machine learning systems typically occurs through minimization of tar-
geted criteria functions computed on the training data D;,.. These criteria, formalized as loss func-
tions, quantify discrepancies between model predictions and desired outputs. Each loss function
establishes a numerical penalty that decreases as predictions approach their intended targets,
thereby guiding the parameter search toward optimal configurations.

In supervised learning contexts, the loss function (-, -) directly evaluates disparities between the
model's predictions fe(x) and corresponding ground truth values y. The theoretically optimal
parameter set 8" minimizes the expected loss across the entire data-generating distribution:

0" = arg m@in E(x,y)~pir [[(fo(x),y)] (2.7)

Here, p;, denotes the joint probability distribution from which training examples are drawn. Since
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this distribution remains analytically inaccessible, practical implementations approximate the ex-
pectation using finite samples. Assuming statistical independence among training observations,
this approximation takes the form:

N
. 1
0 %argmelnﬁizll(fg(xi),yi) (2.2)

This methodology, known as empirical risk minimization (ERM) [207], substitutes sample averaging
for theoretical expectation. For most contemporary models, particularly neural networks, Equation
[2.2]lacks analytical solutions and necessitates iterative optimization procedures. Such approaches
typically employ gradient-based methods that require loss functions with continuous derivatives
with respect to model parameters.

The ERM framework admits probabilistic interpretations under specific conditions. When the loss
function solely captures prediction errors without additional constraints, the optimization becomes
equivalent to maximum likelihood estimation (MLE). However, practical implementations frequently
incorporate supplementary terms that encode prior beliefs about plausible parameter distributions.
This extension transforms the objective into:

0" = arg mein (E(x,y)Nptr [l(ft‘)(X)» Y)] + )‘R<0)) (2~3)

The additional term R(@) constitutes a regularization function that encodes structural preferences
for parameter configurations, while A controls the regularization strength. From a Bayesian per-
spective, this formulation corresponds to maximum a posteriori (MAP) estimation, with the regular-
ization term representing the negative logarithm of a prior probability distribution over parameters.
For instance, ¢, regularization (R (@) = ||@]|3) corresponds to assuming a zero-centered Gaussian
prior. Regularization serves a crucial practical purpose beyond its theoretical interpretation: it mit-
igates overfitting by constraining model complexity, thereby enhancing generalization to unseen
data.

2.1.4 Machine Learning Fundamentals

Neural Networks. Artificial neural networks (ANNs) form the computational foundation of modern
deep learning systems [19,180]. Though initially inspired by biological neural structures [175], con-
temporary ANNs have evolved into specialized mathematical frameworks optimized for pattern
recognition and function approximation. These architectures organize computational units into
hierarchical processing stages that progressively transform raw inputs into increasingly abstract
representations. The fundamental processing unit in neural networks is the artificial neuron, which
implements a composition of linear transformation and non-linear activation. This computational
motif enables networks to approximate complex non-linear functions through the aggregation of
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simpler operations. The hierarchical organization of these units facilitates dimensional reduction
across processing stages, creating abstraction hierarchies particularly suited for high-dimensional
data processing[19]. As demonstrated in Fig. initial network layers extract fundamental fea-
tures (edges, textures), while deeper layers encode increasingly complex semantic constructs by
combining simpler patterns.

Deep neural network
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Figure 2.1: Overview of an ANN that takes an image as input and predicts its label. The
network processes input images in a hierarchical way: from low-level textures and edges to
high-level semantic concepts. Image adapted from

Multi-layer Perceptron Structure. The multi-layer perceptron (MLP) represents the canonical
feedforward neural architecture. Information flows strictly frominput to output through a sequence
of fully-connected layers, with each layer performing parallel computations on outputs from the
preceding layer. An MLP neuron indexed as unit 7 in layer [ implements the following transforma-
tion:

ni_1
G=0 (Z Wi 2-1, bl’i) = o (Wi zi1 + bi) (2:4)

Jj=1

Where w;; € R™-! represents the weight vector for neuron i in layer [, b;; € R is the bias term,
z,_1 € R™-1 denotes the output vector from layer I — 1, o(-) is a non-linear activation function,
and n;_; indicates the number of neurons in layer I — 1.

Several activation functions have become standard in neural architectures. The Rectified Linear
Unit (ReLU), defined as o (x) = max(0, ), addresses vanishing gradient problems while maintain-
ing computational efficiency. Sigmoid activations, o(x) = H% map inputs to the range (0, 1),
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while hyperbolic tangent, o' () = S5, provides outputs in the range (—1, 1) with stronger gra-

dients near zero. More recent functions such as GELU, o(z) = = - ®(x) where ® is the standard
normal CDF, have shown improved performance in transformer architectures.

The outputs from all neurons in layer { are collected into a vector z; = [z;.1, 212, - - -, 21,]" € R™,
which serves as input to the subsequent layer. For classification tasks, the network typically con-
cludes with a softmax transformation that converts raw activations into class probabilities:

e*L.j

ply = jlx) = S g (2.5)

Where L designates the final network layer and n;, equals the number of target classes. This
normalization ensures outputs sum to unity and can be interpreted as categorical probability dis-
tributions.

Optimization Framework. Neural network training involves identifying optimal parameter configu-
rations through iterative optimization. Unlike many statistical methods, neural networks rarely ad-
mit closed-form solutions due to their non-linear activation functions and high-dimensional param-
eter spaces. Instead, gradient-based methods progressively refine parameters using error back-
propagation [177], which computes parameter gradients through recursive application of the chain
rule. The standard optimization approach employs stochastic gradient descent (SGD), which ap-
proximates full-batch gradients using randomly sampled mini-batches:

041 =0, — nVOE(Ht; Bt) (2-6)

Where 6, represents parameters at iteration ¢, n denotes the learning rate, B; C Dy, is a randomly
sampled mini-batch, and Vo L£(0;; B;) is the gradient computed on the mini-batch.

This stochastic approximation provides several advantages: it reduces computational demands
per iteration, introduces beneficial noise that can help escape poor local minima, and enables pro-
cessing of datasets too large to fit in memory. Modern implementations extend basic SGD with
momentum terms and adaptive learning rates. Notable algorithms include Momentum SGD, which
incorporates velocity terms that accumulate gradients across iterations; Adam [107], which main-
tains per-parameter learning rates based on first and second moments of gradients; and AdamW,
which modifies Adam with decoupled weight decay for improved regularization. Despite the non-
convex nature of neural network loss landscapes, these methods reliably identify parameter con-
figurations with strong predictive performance when properly configured and regularized.
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2.1.4.1 Learning Paradigms

Machine learning approaches can be systematically categorized based on supervision signal avail-
ability, with each paradigm addressing distinct learning scenarios:

Supervised Learning represents the canonical learning framework where models are trained on
labeled example pairs {(x;, y;) }¥,. The explicit supervision signal enables direct error computa-
tion and gradient-based optimization. This approach dominates practical applications when suffi-
cient labeled data exists, supporting diverse tasks including classification (mapping inputs to dis-
crete category labels), regression (predicting continuous values), and structured prediction (gen-
erating complex outputs like bounding boxes or segmentation masks).

Semi-supervised Learning leverages both labeled and unlabeled data, formally represented as
Dy, = D, UD;, where D}, = {(x!, y!)}', contains labeled examples and Dy, = {x} ", com-
prises unlabeled observations. This approach typically relies on assumptions about data distribu-
tion structure, such as continuity (similar inputs should have similar outputs), cluster assumption
(points in the same cluster likely share labels), and manifold assumption (data lies on a lower-
dimensional manifold). Common techniques include self-training, consistency regularization, and
graph-based methods 109, [180]. Semi-supervised learning proves particularly valuable when la-

beled data acquisition requires expensive expert annotation, as in medical imaging.

Unsupervised Learning operates exclusively on unlabeled data DY, = {x;}%,, focusing on dis-
covering inherent data properties. Key approaches include clustering (grouping similar instances
without predefined categories) [111], dimensionality reduction (creating compact data representa-
tions), generative modeling (learning to approximate and sample from data distributions) [66], and
self-supervised learning (deriving supervision signals from the data itself) [96]. Recent advances
in self-supervised representation learning have proven particularly impactful, enabling models to
extract transferable features from unlabeled data that can subsequently enhance performance on
downstream supervised tasks.

Reinforcement Learning addresses sequential decision-making problems involving an agent in-
teracting with an environment. The framework comprises state space S (possible environmental
conditions), action space A (available agent behaviors), reward functionr : S x A x S — R (im-
mediate feedback signal), transition dynamics P(s:1|s¢, a¢) (environment behavior model), and
policy m : & — A (agent’s decision strategy). The objective is learning an optimal policy 7* that
maximizes expected cumulative rewards. Unlike supervised learning, reinforcement learning must
balance exploration of unknown behaviors against exploitation of known rewarding actions, often
without access to optimal behavior demonstrations. Applications include game playing [55], and
autonomous systems |110].
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2.1.5 Convolutional Neural Networks

Convolutional neural networks (CNN) are almost dominating computer vision applications,
especially for those whose data are defined on Cartesian grids: 2-D and 3-D images and videos. In
a CNN, as shown in the left part of Fig. each neuron only perceives and processes a small patch
of the input at each time (the spatial extent of this small patch is also called receptive field). A map
of responses of this neuron is obtained by sliding the same neuron along every spatial location of
the input (this is how convolutional neural network gets its name). This sliding mechanism bestows
translational equivariance to the network [117]. The maps of responses by each neuron are stacked
together to form the new channel (also called depth) dimension. These maps are passed to the
following layer, and are processed by the neurons of the next layer in a similar manner. The stacked
maps of responses can also be interpreted as feature maps extracted by shallower layers.

The right part of Fig. [2.2]shows examples of weights (convolutional kernels) learned by neurons in
the input layer of a CNN. Without the need for manually defining feature extractors (e.g., SIFT [133]),
the neurons discover image features such as edges, corners and colors by themselves, guided by
the supervision signal provided by the loss function. Features of deeper layers are more difficult
to interpret, and they are commonly believed to encode high-level semantic information, such as
object parts and object entities [64].

Apatchof  Conv kernels
input

Input tensor . Output tensor Visualizations of convolution kernels

Figure 2.2: Left: Mechanism of convolution layers: Each convolution kernel only aggregates
and processes information of a small patch of the input. A map of responses of this kernel
is obtained by sliding it along every spatial location of the input. Outputs from different ker-
nels are stacked together, along the new depth (channel) dimension. Right: Visualization of
shallow-layer kernels learned on ImageNet. Image source: @

2.1.5.1 Convolutional Layers

The core operation in CNNs is the convolutional layer, which applies a set of learnable filters to
input feature maps. Formally, for an input feature map X € R¥*WxCin 3 convolutional layer with
C... filters produces an output feature map Y € R *W'xCout through:

1k-1

Cin_
Yiwi = D Xnspatai - Wpaig +0; (2.7)
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where W, , ;. ; represents the weight at position (p, ¢) of the 4-th input channel in the j-th filter, and
b; is the bias term for the j-th filter. The dimensions H’ and W’ depend on the stride and padding
configurations of the convolutional operation. This formulation highlights several key properties of
convolutional layers: Local Connectivity: Each output value depends only on a local neighborhood
of the input. Parameter Sharing: The same filter parameters are applied across the entire spatial
dimensions of the input. Translation Equivariance: A translation in the input produces a corre-
sponding translation in the output. These properties significantly reduce the number of parameters
compared to fully-connected layers while preserving spatial relationships in the data.

2.1.5.2 Pooling Layers

Convolutional neural networks usually also contain pooling layers [113] and normalization layers (91,
205, 1222]. Pooling layers perform downsampling operations on the input image and intermediate
feature maps for spatial dimension reduction. For example, a pooling layer with a pooling window
of 2 x 2 and a stride of 2 downsamples its input feature map by a factor of 2 along both vertical and
horizontal directions. The most commonly used pooling operation is maximum pooling, which only
retains the strongest response of neurons within the pooling window while discarding weaker re-
sponses. This operation effectively filters out information less relevant to the task. Mathematically,
max-pooling operates as:

Yh,w,c = 0§p2,%§q<s Xh-erp,w-erq,c (28)
where s is the stride parameter, typically set equal to the pooling window size for non-overlapping
pooling.

2.1.5.3 Normalization Layers

Normalization layers stabilize the training process for deep networks by addressing gradient-vanishing
or gradient-explosion issues [91]. Gradient vanishing and explosion sometimes occur during the
back-propagation stage, where gradients become increasingly small or large as they propagate
backward through layers due to multiplications in the chain rule. Normalization layers solve these
issues by re-normalizing statistics of feature maps along certain dimensions of the input. Com-
monly used normalization layers include batch normalization [91], instance normalization [205],
group normalization [222], and others. Batch normalization, one of the most widely used normal-
ization techniques, operates as:

+ Be (2.9)
where 1. and o2 are the mean and variance computed across the batch dimension for each channel
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¢, while ~. and .. are learnable parameters that allow the network to recover the original represen-
tation if needed. The small constant e prevents division by zero.

2.1.5.4 CNN Architectures

Compared with MLPs, CNNs feature several advantages that enable them to dominate most com-
puter vision applications: CNNs are more scalable to image data with high spatial dimensions (usu-
ally larger than 64 x 64) compared to MLPs. In MLPs, each neuron weight at the input layer must
have the same dimension as the input. In CNNs, the weights of neurons do not need to be as large
due to the convolution (sliding) mechanism, making CNNs more parameter efficient. Attributed to
the sliding mechanism, CNNs are intrinsically translationally equivariant. their response to an ob-
ject remains roughly consistent regardless of the object’s location in the image, therefore making
CNNs more robust than MLPs during testing. Also due to spatial equivariance, the spatial relations
between pixels/patches in the intermediate feature maps of CNNs are naturally preserved, a conse-
quence of the convolution operation. This property is particularly suitable for tasks requiring strict
spatial correspondence between input and output, such as image segmentation, reconstruction,
and denoising.

Over the past decade, CNN architectures have evolved significantly, with several key innovations:

Residual Connections: Introduced in ResNet [76], these skip connections allow gradients to flow
more effectively through deep networks:

y = F(x, {W;}) +x (2.10)

where F represents a residual mapping function. This simple modification enabled the training of
networks with hundreds of layers.

Inception Modules: Proposed in GooglLeNet [197], these modules process inputs at multiple scales
simultaneously using parallel convolutional paths with different kernel sizes.

Depthwise Separable Convolutions: Used in architectures like MohileNet [85], these factorize stan-
dard convolutions into depthwise and pointwise operations, significantly reducing computational
cost:

Cin—1 [k—1 k-1
Yh,w,j = (Z Z Xh+p,w+q,i : Wp,q,i) : V;,j (211)

1=0 p=0 ¢=0

Attention Mechanisms: Incorporated in networks like SENet [86], these allow the model to focus
on relevant features while suppressing irrelevant ones, operating on both channel and spatial di-
mensions. Modern CNN architectures like EfficientNet [198] combine these innovations with neural
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architecture search techniques to achieve optimal trade-offs between accuracy and computational
efficiency.

In summary, this chapter has outlined the essential theoretical background spanning inverse prob-
lems, learning-based reconstruction, and generalization across domains. The integration of phys-
ical modeling and data-driven learning emerges as a recurring theme, enabling robust MRI re-
construction under diverse acquisition conditions. Building upon these foundations, Chapter 3
introduces an unsupervised motion-corrected super-resolution framework, Chapter 4 extends it
to physics-informed test-time adaptation across domains, and Chapter 5 generalizes the concept
further through a diffusion-based generative model that guarantees stability and measure preser-
vation.
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2.2 Deep Learning for Medical Image Computing

The intersection of deep learning methodologies with medical imaging has revolutionized diagnos-
tic and therapeutic approaches in modern healthcare. This section examines the transformative
role of deep learning algorithms in medical image analysis, with particular emphasis on segmen-
tation techniques and reconstruction methodologies for magnetic resonance imaging (MRI). The
first portion synthesizes current applications across various medical imaging domains, while the
latter portion addresses fundamental challenges inherent to deep learning implementations in clin-
ical settings. Particular attention is devoted to the inverse problem as a central focus of this the-
sis.

2.2.1 Overview of Deep Learning Applications in Medical Imaging

When categorized according to their underlying computational formulations, deep learning appli-
cations in medical imaging span several distinct paradigms. Each paradigm addresses specific
clinical needs while presenting unique methodological challenges. The following sections eluci-
date these approaches with emphasis on their mathematical foundations and clinical utility.

2.2.1.1 Discriminative Learning Paradigms

Discriminative approaches in medical image analysis focus on mapping images to clinically rele-
vant outputs through supervised learning methodologies. These approaches can be further cate-
gorized based on their output characteristics:

Image-level classification represents the foundational application that catalyzed the contemporary
deep learning revolution. Following the remarkable performance of convolutional neural networks
on the ImageNet challenge in 2012 [113], researchers rapidly adapted these architectures for med-
ical applications. In clinical contexts, image-level classification typically involves determining the
presence or absence of pathological conditions from volumetric or planar imaging data. The di-
agnostic value of medical imaging frequently extends beyond binary classification to encompass
spatial localization of pathologies. Semantic segmentation addresses this need by assigning class
labels to individual pixels or voxels within medical images. Unlike natural image segmentation,
medical image segmentation demands exceptional precision due to the subtle boundaries between
anatomical structures and the potentially severe consequences of misclassification.

Contemporary segmentation architectures evolved from the fundamental insight that effective seg-
mentation requires both contextual understanding and precise spatial localization. Segmentation
networks typically operate by sliding classification networks across spatial locations and aggre-
gating predictions to generate pixel-wise classification maps. This methodology enables the si-
multaneous recognition of anatomical structures and delineation of their boundaries.
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The U-Net architecture [173] represents a significant milestone in medical image segmentation, in-
troducing an encoder-decoder structure with symmetric skip connections. This architectural inno-
vation addresses a critical limitation of conventional convolutional networks: the progressive loss
of spatial resolution through downsampling operations. The downsampling process—implemented
through strided convolutions or pooling operations—enables networks to capture increasingly ab-
stract features while reducing computational complexity. However, this dimensional reduction in-
herently sacrifices spatial precision. To restore the original spatial dimensions while preserving
detailed structural information, U-Net employs several complementary strategies:

The first key component consists of skip connections, which establish direct pathways for transfer-
ring feature maps from encoder layers to their corresponding decoder counterparts. These connec-
tions provide high-resolution spatial information that guides the upsampling process, preserving
fine structural details that would otherwise be lost during downsampling. Complementing these
connections, various upsampling mechanisms facilitate dimensional restoration, including trans-
posed convolution [59], interpolation followed by standard convolution, and pixel-shuffling opera-
tions [185]. Additionally, the architecture enables multi-scale feature integration by concatenating
feature representations from shallow layers (which preserve local details) with those from deeper
layers (which capture semantic context), thereby leveraging complementary information sources
throughout the network hierarchy.

The inherent architectural logic of U-Net reflects a fundamental insight regarding feature represen-
tation in convolutional networks: shallow layers excel at capturing localized structural details but
lack semantic context, while deeper layers develop rich semantic understanding at the expense of
spatial precision. By establishing direct pathways between corresponding layers, skip connections
enable the network to preserve the advantages of both shallow and deep representations. This
architectural paradigm has proven so effective that it has inspired numerous variants, including
V-Net [143] for volumetric segmentation, Attention U-Net [149] which incorporates attention mech-
anisms to emphasize relevant features, and nnU-Net [92], which adapts network configurations
dynamically based on dataset characteristics.

Recent innovations in segmentation methodology have explored alternative representations be-
yond pixel-wise classification. Polygon-based approaches [123] model segmentation targets as
vertices connected by edges, directly regressing coordinate positions rather than classifying indi-
vidual pixels. While this representation offers computational efficiency and compact output encod-
ing, it presents challenges when applied to structures with complex topological configurations or
multiple disconnected components. The fundamental trade-off between representational flexibility
and computational efficiency continues to drive research in this domain.
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2.2.1.2 Object Detection and Instance Segmentation

Object detection extends beyond classification by localizing and identifying multiple instances of
relevant structures within medical images. This capability is particularly valuable for quantifying
discrete pathological findings such as tumors, lesions, and nodules. Unlike semantic segmenta-
tion, which assigns class labels without distinguishing between instances of the same class, ob-
ject detection identifies individual occurrences and typically delineates their spatial extents using
bounding boxes. Contemporary object detection frameworks generally follow one of two method-
ological paradigms:

Two-stage detectors [249] decompose the detection process into sequential steps: first generating
region proposals that potentially contain objects of interest, then classifying and refining these
proposals. This approach prioritizes detection accuracy at the expense of computational efficiency.
The region proposal networks (RPNs) integral to many two-stage detectors analyze feature maps to
identify candidate regions based on their “objectness” scores—a measure indicating the likelihood
that a region contains a relevant object regardless of its specific class. These candidate regions
undergo subsequent refinement through classification and boundary adjustment processes.

Single-stage detectors [165] integrate proposal generation and classification into a unified frame-
work, enabling end-to-end optimization and significantly faster inference. These methods typically
predetermine a set of anchor boxes with various aspect ratios and scales, directly regressing both
classification probabilities and box coordinate adjustments relative to these anchors. While initially
less accurate than their two-stage counterparts, architectural refinements and advanced training
methodologies have substantially narrowed this performance gap.

In medical contexts, self-configuring detection pipelines [92] have emerged to address domain-
specific challenges such as variable acquisition protocols and institutional heterogeneity. These
frameworks automatically optimize preprocessing parameters, anchor configurations, and network
hyperparameters based on dataset characteristics, reducing the need for expert intervention in the
model development process. Instance segmentation represents an extension of object detection
that produces pixel-level masks for each identified instance. A common architectural approach
involves integrating a segmentation subnetwork within the object detection framework, applying
pixel-wise classification specifically within predicted bounding boxes [87].

2.2.1.3 Inverse Problems in Medical Imaging

Inverse problems constitute a significant category of computational challenges in medical imaging,
fundamentally concerned with recovering underlying signals from imperfect measurements. These
approaches address the inherent limitations of medical imaging systems, which often capture data
that represents an indirect transformation of the anatomical structures of interest. Reconstruction,
denoising, super-resolution, and de-aliasing all fall within this problem domain.
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MRI reconstruction exemplifies the inverse problem formulation, where the measurement process
captures data in the Fourier transform domain (k-space) rather than directly in the spatial domain.
The scanner acquires frequency-encoded signals that must be converted to interpretable spatial
representations. Due to physical and temporal constraints, k-space measurements are typically
undersampled, leading to reconstruction challenges when conventional methods like zero-filled
inverse Fourier transform are applied.

The mathematical formulation of these inverse problems generally follows the maximum a poste-
riori estimation framework:

x" = argmin (|ly — MG + R(x)) (2.12)

In this formulation, x represents the target “clean’ image, y denotes the measured signal, and
M(-) models the measurement (acquisition) process. The first term, commonly referred to as the
data fidelity term, ensures consistency between the reconstructed image and the observed mea-
surements. The operator || - || typically implements an ¢, metric, though other distance functions
may be employed depending on noise characteristics and application requirements.

In practical scenarios, the equation y — M (x) = 0 is generally underdetermined, meaning multi-
ple solutions could satisfy the measurement constraints. Directly applying the inverse transforma-
tion—such as zero-filled inverse Fourier transform in MRI reconstruction—often produces aliased
or degraded images. The regularization term R(-) addresses this indeterminacy by incorporating
prior knowledge about the expected properties of valid solutions.

Conventional reqularization approaches have employed analytically defined priors such as sparsity
in transformation domains [137] or low-rank structural constraints [72]. Deep learning methodolo-
gies have revolutionized this aspect of inverse problem solving by learning data-driven regular-
ization functions directly from training examples [10,|74]. These learned priors implicitly capture
complex statistical properties of medical images that prove difficult to formulate explicitly. Several
architectural paradigms have emerged for deep learning-based inverse problem solving:

The end-to-end mapping approach represents perhaps the most straightforward implementation,
wherein networks directly learn transformations from corrupted or undersampled measurements
to fully sampled ground truth images, essentially implementing the function x = fy(y). While
conceptually simple, these models often struggle with physical consistency constraints when mea-
surement operators are complex. Addressing this limitation, unrolled optimization architectures
explicitly incorporate the physics of the acquisition process by reformulating iterative optimization
algorithms as differentiable neural network layers with learnable parameters [2]. This approach
maintains consistency with the underlying physical processes while leveraging data-driven opti-
mization of algorithm components. Plug-and-play methods offer yet another alternative, combin-
ing conventional optimization frameworks with neural network denoisers that implicitly define reg-
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ularization terms [208]. This modular approach enables flexible integration of advanced denoising
models within established reconstruction pipelines without requiring end-to-end retraining.

2.2.1.4 Image Registration

Image registration addresses the spatial alignment of corresponding anatomical structures across
differentimages. This process enables the integration of complementary information from multiple
imaging modalities, facilitates the monitoring of disease progression over time, and supports pre-
cise guidance during interventional procedures. Registration algorithms determine spatial trans-
formations that establish correspondences between anatomical landmarks in source and target
images. Deep learning approaches to registration [13,40] have demonstrated several advantages
over conventional optimization-based methods, including significantly faster inference times and
improved robustness to initialization conditions. These models typically learn to regress deforma-
tion fields or transformation parameters directly from image pairs, optimizing similarity metrics
between the transformed source image and the target image. The clinical utility of registration
spans numerous applications:

Multimodal fusion represents a primary application domain, wherein structural information from
anatomical modalities such as CT or MRI'is combined with functional data from metabolic imag-
ing like PET or functional MRI. This integration provides comprehensive insights that enhance both
diagnostic accuracy and treatment planning precision [209]. Longitudinal analysis constitutes an-
other critical application, where images acquired at different time points are precisely aligned to
enable quantitative assessment of disease progression and treatment efficacy [11]. The tempo-
ral dimension introduces additional challenges due to potential anatomical changes between ac-
quisitions, requiring deformable registration approaches that can accommodate structural mod-
ifications while maintaining anatomical plausibility. In surgical contexts, intraoperative guidance
systems leverage real-time registration between preoperative plans and intraoperative imaging to
facilitate precise navigation during minimally invasive procedures [35]. The time constraints of the
operating environment necessitate extremely efficient registration algorithms that can adapt to tis-
sue deformation and surgical modifications. Additionally, atlas-based segmentation approaches
utilize registration to transfer anatomical annotations from labeled atlases to patient-specific im-
ages, enabling automated delineation of structures without requiring manual annotation for each
case [23].

Theinherentill-posedness of registration—multiple transformations could potentially align the same
anatomical structures—necessitates regularization constraints to ensure anatomically plausible
deformations. Deep learning models implicitly learn these constraints from training data, poten-
tially offering more anatomically coherent results than explicit mathematical regularizers.

Weitong Zhang Generalizable Deep Image Reconstruction 49



2.2. Deep Learning for Medical Image Computing

2.2.1.5 Generative Modeling

Generative modeling represents a paradigm shift from discriminative approaches by focusing on
learning the underlying distribution of training data rather than mapping between input-output
pairs. Formally, these models approximate the probability distribution py, of training examples
Xy, USiNg parameterized functions, typically implemented as neural networks. The fundamental
distinction of generative models lies in their ability to synthesize novel examples by sampling from
the learned distribution. Several architectural frameworks have emerged for generative modeling
in medical imaging:

Generative Adversarial Networks (GANs) [65] represent one prominent architectural paradigm, em-
ploying a competitive training process between generator and discriminator networks. The genera-
tor produces synthetic images from random noise vectors, while the discriminator attempts to dis-
tinguish between real and generated samples. This adversarial dynamic creates a self-improving
system where the generator continuously refines its outputs to better deceive the discriminator, ulti-
mately producing increasingly realistic images that capture the statistical properties of the training
data. Variational Autoencoders (VAEs) [108] offer an alternative approach by learning probabilistic
encodings of input data as distributions in latent space, from which new samples can be generated
through random sampling and subsequent decoding. This methodology provides explicit control
over the generation process through manipulation of latent variables, enabling principled interpo-
lation between examples and structured exploration of the learned manifold. Normalizing Flows
[169] implement a different strategy through invertible transformations between simple base dis-
tributions and complex data distributions, enabling both precise density estimation and efficient
sampling. The bijective nature of these transformations preserves information content while trans-
forming between distribution spaces. More recently, Diffusion Models [81] have emerged as a pow-
erful generative framework that progressively transforms data distributions through iterative noise
addition and learned denoising processes, demonstrating exceptional generation quality and sta-
bility compared to earlier approaches. The applications of generative models in medical imaging
extend beyond mere synthesis:

Data augmentation represents a fundamental application area, wherein generative models syn-
thesize additional training examples to improve model robustness and address class imbalance
issues particularly prevalent in medical datasets [57]. This approach proves especially valuable
for rare pathologies where limited examples are available for supervised learning. Domain adap-
tation constitutes another critical application domain, where generative models translate images
between acquisition protocols or imaging modalities to facilitate cross-domain learning and en-
able knowledge transfer across institutional boundaries [100]. Anomaly detection leverages the
discriminative capability of generative models to identify pathological images by measuring devia-
tions from the learned distribution of normal examples [181]. This approach enables unsupervised
identification of abnormalities without requiring explicit annotation of every possible pathological
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variant. Additionally, missing data imputation employs generative approaches to reconstruct ab-
sentinformation based on partial observations and learned data distributions [229], enabling more
complete utilization of datasets with acquisition artifacts or protocol variations. The integration of
conditioning mechanisms into generative frameworks enables controlled synthesis based on spec-
ified attributes or auxiliary information, further expanding their utility in medical applications.

2.2.2 Fundamental Challenges in Medical Deep Learning

Despite remarkable achievements, deep learning approaches to medical image analysis face sig-
nificant challenges that limit their translation into clinical practice. This section examines these
challenges, with particular emphasis on the generalization problem that forms the central focus of
this thesis.

Limited Supervision and Data Efficiency. Medical imaging datasets typically contain orders of
magnitude fewer annotated examples than datasets in natural image domains. This scarcity stems
from several factors: the expertise required for accurate annotation, privacy concerns limiting data
sharing, the time-intensive nature of manual delineation, and the inherent rarity of certain patho-
logical conditions. Several methodological approaches have emerged to address this fundamental
limitation:

The Generalization Challenge. The generalization problem—the focus of this thesis—refers to
the degradation in model performance when applied to data distributions that differ from those
encountered during training. In medical imaging, this challenge manifests across multiple dimen-
sions:

1. Scanner variability: Differentimaging equipment produces characteristic artifacts and intensity
distributions, even when implementing nominally identical protocols [62].

2. Protocol heterogeneity: Variations in acquisition parameters significantly impact image ap-
pearance and quality [25].

3. Institutional differences: Clinical practices, patient demographics, and disease prevalence vary
across medical centers, introducing systematic biases in datasets [236].

4. Pathological diversity: The visual presentation of diseases exhibits substantial variability, with
rare variants often underrepresented in training data [147].

Conventional machine learning wisdom suggests that diverse training data should improve gen-
eralization. However, in medical contexts, where data collection across multiple centers presents
logistical and regulatory challenges, alternative approaches must be considered. Domain adap-
tation methodologies explicitly address distribution shifts by aligning feature representations or
applying style transfer techniques [82].

The development of generalizable models fundamentally requires rethinking the inductive biases
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encoded in network architectures. Attention mechanisms that focus on relevant anatomical struc-
tures while disregarding acquisition-specific artifacts have demonstrated improved cross-domain
performance [183]. Similarly, architectural modifications that enforce anatomical consistency con-
straints can enhance robustness to appearance variations [148].

Interpretability and Clinical Integration. The clinical adoption of deep learning systems demands
not only technical performance but also interpretability—the ability to explain model decisions in
terms comprehensible to healthcare providers. This requirement stems from both regulatory con-
siderations and the ethical imperative to maintain clinical accountability.

Visualization techniques that highlight influential regions in input images provide intuitive expla-
nations of model behavior. Gradient-based attribution methods [6] and attention maps [213] offer
insights into the features driving predictions. However, these post-hoc explanations sometimes
fail to capture the complex decision boundaries learned by deep networks. Inherently interpretable
architectures represent an alternative approach, incorporating domain knowledge and anatomi-
cal constraints directly into model design. Part-based models that explicitly represent anatomical
structures and their relationships [247] offer explanations aligned with clinical reasoning patterns.
Similarly, graphical models that encode spatial relationships between structures can generate in-
terpretable probabilistic explanations [153].

The integration of deep learning systems into clinical workflows requires careful consideration of
human-computer interaction dynamics. Rather than pursuing full automation, hybrid approaches
that leverage complementary strengths of algorithms and clinicians often prove most effective
[203]. Interactive segmentation tools that combine deep learning predictions with manual refine-
ment capabilities enable efficient workflow integration while maintaining expert oversight.

Research Directions. Deep learning methodologies have transformed medical image analysis
across diverse application domains. Continued advancement requires addressing fundamental
challenges in data efficiency, generalization, and interpretability. This thesis focuses specifically
on the generalization problem for inverse-problem based tasks, developing novel architectural ap-
proaches and training methodologies to enhance performance robustness across varying acquisi-
tion conditions.

Subsequent chapters will present innovative contributions addressing specific aspects of gen-
eralizable systems in medical imaging inverse problem-based tasks, including physics-informed
degradation models, unsupervised domain adaptation strategies, and measure-preserving dynam-
ics theory can improve the stability and generalization of diffusion models in inverse problems.
These studies provide a unified framework that directly addresses the limitations of current meth-
ods in stability and generalization, while offering practical solutions of inverse problems in natural
and medical imaging fields for complex real-world applications.
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Chapter 3

Motion-Corrected Quantitative Body MRI
Super-resolution

Image reconstruction models across domains
This chapter is based on the following publications:

- Zhang, Weitong, Berke Basaran, Qingjie Meng, Matthew Baugh, Jonathan Stelter,
Phillip Lung, Uday Patel, Wenjia Bai, Dimitrios Karampinos, and Bernhard Kainz. "Mo-
cosr: Respiratory motion correction and super-resolution for 3D abdominal MRI." In
International Conference on Medical Image Computing and Computer-Assisted Inter-
vention, pp. 121-131. Cham: Springer Nature Switzerland, 2023.
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The prevalence of gastrointestinal diseases is increasing, especially inflammatory bowel
disease. There are no effective means for early diagnosis and no complete cure. In fact,
during the diagnosis and treatment of the intestine, Magnetic Resonance Imaging (MRI)
occupies a major position in the clinical decision-making process. MRI of the gastroin-
testinal tract provides high contrast images across soft tissues, however, the involuntary
movement of the bowels and respiration result in severe imaging artifacts and limited
image resolution. At present, quantitative MRI techniques have achieved great success
in tumor staging and therapy outcome assessment. Therefore, the combination of Arti-
ficial Intelligence (Al) image processing technology and MRI-based diagnosis and treat-
ment has great potential and benefits in terms of the image quality improvement and
quantitative analysis.

This chapter will take into account the complex physiological movements of the ab-
domen and the random motion of the patient. Based on a generative algorithm, it
aims to achieve a high-quality image reconstruction process that can effectively alle-
viate the commonly encountered issue of long scanning times in quantitative imaging,
and produce high-confidence images corrected by machine learning, specifically ofthe
bowels. Motion-Corrected Quantitative Body MRI is expected to become an automated
method to identify inflammatory bowel disease without additional annotations by medi-
cal experts. It will also provide biomarkers consistent across patient populations. Once
adapted to current clinical imaging practice, this research will aim to assist radiologists
in diagnosing and monitoring diseases. We extend the image reconstruction process to
blind super-resolution and physiologically informed motion correction to achieve signif-
icant MR image quality improvements.

Weitong Zhang Generalizable Deep Image Reconstruction
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3.1 Background

Abdominal MRI. IBD is a relatively common, but also easily overlooked disease due to the insid-
ious clinical presentation [60] and the long time interval between the initial causative event and
diagnosis [179]. One of its manifestations, Crohn's Disease (CD), usually presents symptoms such
as abdominal pain, diarrhoea, fatigue, and cramping pain, which may be accompanied by severe
complications [157, [166]. The number of patients worldwide is increasing year by year, and ac-
cording to the latest report in 2021 [124], the cost of treatment far exceeds other common chronic
diseases (diabetes, cardiovascular and cerebrovascular diseases), which has become a signifi-
cant factor of medical care expenditure [124]. Direct health care costs are approximately €3500
per patient per year. Currently, an estimated 1.3 million people suffer from IBD, which equals 0.2%
of the whole European population, with most CD patients being under 35 years of age [245]. Al-
though CD cannot be completely cured, early diagnosis can significantly reduce treatment costs
and permanent physical damage [201]. Magnetic Resonance Imaging (MRI) plays a crucial role in
diagnosing and monitoring CD. In clinical applications and research, spatial information with high
resolution MRI is usually preferred because it can provide more significant structure and texture
details with a smaller voxel-level volume, thus promoting accurate subsequent analysis and early
diagnosis.

IBD usually has symptoms such as abdominal pain, diarrhoea, and cramping pain, and is accompa-
nied by severe complications [166]. Symptoms include inflammation of tissues anywhere along the
gastrointestinal tract, and it is often difficult to screen early through the expert experience without
the aid of equipment [157]. The first method of standardizing clinical IBD diagnosis is endoscopy,
such as the Crohn’s Disease Endoscopic Severity Index (CDEIS) [201]. However, the patient’s ac-
ceptance is relatively poor with the endoscopic-based examination method, and there is the risk
of intestinal perforation due to surgery-related discomfort [170]. The radiologist visually inspects
the intestine layers for pathological wall thickening, increased T2 intestinal wall signal, and ab-
normal peristalsis. Rimola Jordi et al. [170] developed a MaRIA score system, which first extracts
features through manual annotations by radiologists, and then fits them into the regression model.
The MaRIA score strongly correlates with CDEIS, which provides an evaluation basis for Al-based
quantitative imaging. [140] used learning-based random forests to segment diseased intestines,
which is the first time that image analysis support has been applied to bowel MRI. However, this
technique requires radiologists to label and evaluate diseased bowel segments. To address this
limitation, [83] developed a residual network focused on the terminal ileum to detect CD. To the
best of our knowledge, no other studies have applied deep learning methods to directly diagnose
IBD from MRI data.

Motion Artifacts. A fundamental consideration in any MRI imaging procedure is how to balance
image resolution, signal-to-noise ratio (SNR) and acquisition time [158]. These three imaging fac-
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Axial T2 weighted

Coronal T2 weighted

(a) XY-plane (b) XZ-plane (¢) YZ-plane

Figure 3.1: Examples of 2D bowel MRI scans of a Crohn's disease subject in IBD dataset.
Bowel MRI sequences are acquired with Coronal T2 weighted images and Axial T2 weighted
images. The Coronal/Axial contains an HR stack of 2D images while the other two planes are
LR images. The intersection of the green(X), blue(Y) and red(Z) lines indicates the corrupted
area that has been affected by the motion.

tors are the result of a complex interaction between image structure, motion offset, MR pulse
sequences and a k-space acquisition strategy [220]. The acquisition of MR data is carried out in
the Fourier domain (k-space), where each data point corresponds to the frequency content of the
image, and where the change in one point in k-space has a substantial effect on the entire image.
MRI sequences must therefore take a significant amount of time to collect enough data for re-
constructing an image of high quality, which may cause discomfort for the patient. As previously
outlined, further deviations in K-space occur when a subject moves during MRI acquisition, which
can lead to corruption, blurring and ghosting of the image domain [63]. MRI is therefore always
particularly sensitive to subject motion compared to other imaging modalities such as ultrasound
or computed tomography [206]. As a result, MRI artifacts due to prolonged scanning, apart from
a part originating from physical imaging and hardware limitations [189], another major part is the
physiological body motion. According to various patterns of body motion (rigid/non-rigid), associ-
ated imaging regions (voluntary and active/involuntary and passive) and the processing scheme
(predictability/unpredictability), MRI motion artifacts can be divided into the following patterns:
Pseudo-periodic motion, rigid body motion, random non-rigid motion, flow motion.

1. Pseudo-periodic motion produces ghost or replication artifacts at abnormal but predictable loca-
tions, with an approximately constant frequency of occurrence. Itis common to observe pseudo-
periodic movements in cardiac pulsations, thoracic organs, as well as respiratory movements.
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Pseudo-periodic motion can be observed in cardiac pulsations, thoracic organs, and respira-
tory movements. As the heart and chest oscillate periodically, certain object structures recur
throughout a long scan of an image. As a result, overlapping artifacts (ghosting), blurring, or lo-
calised signal changes may appear in the reconstructed images, depending on the pattern and
sequence of motion. Anomalies caused by overlapping artifacts tend to remain at predictable
spatial locations, and their characteristic of repeating at a relatively constant frequency is similar
to a Fourier transform result. Periodic signals contain additional peaks accumulated during the
Fourier transform in addition to the DC peaks that represent the integration of the signal. A se-
quence of sequential periodic movements at different rates in K-space will result in overlapping
shadows of varying saliency with interleaved K-space ordering.

2. Rigid body motion refers to an unconstrained translation and rotation within a volume, resulting
in motion artifacts that can be described by considering up to six parameters. Rigid body move-
ments can be recognized in sudden involuntary movements, unconstrained conscious move-
ments, and movements of the fetus.

Rigid body motion consists of one-dimensional translation/rotation (one parameter for mathe-
matical representation), multidimensional translation/rotation (multiple parameters), and com-
pletely unconstrained rigid body motion (six parameters). A motion of this kind will result in
completely unconstrained cross-directional motion artifacts in the plane, or volume range. As
a result of the prolonged scanning, on the one hand, there are involuntary movements of the
subject’s muscles and organs, most notably in the chest and heart muscles. On the other
hand, sudden involuntary movements, unconstrained conscious movements, and movements
at the level of the limb trunk such as fetal movements are also capable of causing unpredictable
corrupted artifacts during the imaging phase. Tremor can occur in patients affected by neu-
rodegenerative diseases, such as Parkinson's disease. There are more movements in subjects
who are disobedient, such as children. Although there is a partial overlap between the imaging
causes of rigid and periodic movements, there are significant differences in processing methods
and artifacts observed. For example, diaphragmatic movements are sometimes approximated
by one-dimensional translations, but involuntary head movements typically require six degrees
of freedom, including three translations and three rotations. Such movements changes in the
phase or amplitude of the raw data and in the K-space position which can affect the quality of
the entire image. In such cases, motion correction based on motion patterns, contrast encoding
and sampling schemes can correct rigid body movements. As a result, it is important to examine
the relationship between the change in pose in the spatial domain and the change in K-space
data acquired in this position.

According to the properties of the Fourier transform, each pixel in an MR image is a weighted
sum of all points in k-space. The coordinates of the original data points in k-space and the order
in which they were acquired consecutively are defined as sampling schemes or trajectories.
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Sampling is commonly conducted in Cartesian coordinates, and other types of trajectory are
also can be utilised, including spirals and radials [79]. According to the motion pattern, contrast
encoding, and sampling scheme, variations in the phase or amplitude of the raw data and k-
space position can negatively affect the entire image. Therefore, it is essential to establish a
correlation between the variation of position in the spatial domain and the resultant variation in k-
space data acquired in this posture. According to the Fourier shift theorem, object displacement
results in a linear phase slope in the direction of motion for the k-space data. However, object
rotation can lead to the same rotation of the k-space data [20,[78,79,/152].

3. Random non-rigid motion is characterized by deformation in all directions with up to 12 degrees
of freedom [77], resulting in a variety of damaging motion artifacts in the inter-scan and inter-
image. Random non-rigid motion occurs most frequently during peristalsis and in the movement
of abdominal organs.

Artifacts caused by random non-rigid motion, in addition to the damage to spatial characteris-
tics caused by rigid body motion across directions, include stretching, compression and shearing
along all three axes, with different locations producing inconsistent displacements and defor-
mations. A physiologically induced motion occurs mainly during involuntary bowel movements
as well as in different organs throughout the abdomen, causing motion in all directions with up
to 12 degrees of freedom. Patient and physiological motion can cause ghosting and/or blurring
of image content along the phase-encoding direction. The representation in the image depends
primarily on the imaging sequence and the sampling trajectory. However, such motion isinhomo-
geneous and locally distorted. Motion-induced phase changes in k-space can lead to destructive
interference and signal loss because k-space typically contains less structured signals for refer-
ence. A further concern is that ghosting and blurring artifacts in the reconstructed image may
interfere with the registration and super-resolution in the case of highly undersampled data dur-
ing the mapping process. To construct reliable non-rigid motion fields, it is critical to resolve
motion corrupted data under undersampling.

4. Flow motion causes abnormal signal changes in vessels and imaging areas, resulting in motion
artifacts characterized by velocity vector fields with less than three degrees of freedom [232].
Artifacts caused by flow motion are frequently observed in cardiac aortic as well as the cervical
and head medullas.

Flow motion flow causes unsaturated magnetisation of the signal as it penetrates the plane and
the flow will cause the proton population to be out of phase to varying degrees, resulting in flow
artifacts due to signal attenuation. This imaging process also causes abnormal increases and
decreases in signal in the vessel and imaging area, resulting in pulsation artifacts. Alternatively,
when the scan is perpendicular to the flow direction, varying degrees of signal flow null/inflow
enhancement effects can be seen, manifesting as localised low signal/high signal artifacts. For
a one-dimensional flow definition, such as laminar flow in a small vessel or cerebral spinal fluid
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flow in the neck, velocity is the only parameter necessary to fully describe the flow. More complex
flows can be observed in the cerebrospinal fluid, heart and aorta. This requires a two- or three-
dimensional velocity vector field for a complete description. Despite containing a trajectory-time
function for each particle within the fluid, the displacement field is often not accurate enough
for motion measurement purposes.

At present, there is no indication that hardware improvements will be able to solve the subject
motion problem during MRI scanning [232]. It is therefore crucial for the formulation and design
of post-processing correction solutions to analyze motion patterns and artifact origins. The next
step is to investigate the causes and imaging results of various motion artifacts. We will then
summarize in the future the key motion artefact model-based and data driven-based correction
algorithms that are currently in use or under development. Discussion of strengths, weaknesses,
and how they relate to one another can provide useful insight into the design of new methods at
the functional, application, and limitation.

Super Resolution for Abdominal MRI. There is consensus [154| that super-resolution in MRI is not
achievable in-plane, nor in true 3D acquisitions. MRI have limited resolution due to physical limita-
tions [22,158] and physiology movement [112,232], e.g., hardware device, imaging time, desired
signal-to-noise ratio (SNR) and body motion. Increasing spatial resolution of magnetic resonance
(MR) images typically reduces image SNR and increases imaging time [246), which limits accurate
diagnoses. Therefore, Super-Resolution (SR), as a process of generating High-Resolution (HR) im-
ages from single or multiple Low-Resolution (LR) images, is capable of reconstructing high-quality
MR images, especially for eliminating artifacts from physiological motion and complex intestinal
structure. In addition to large slice distances and motion artifacts in MRI, bowel images are charac-
terized by the inherent complexity of anatomical structures and significant individual differences.
Anisotropic intestinal data pose a challenge for SR, and the current state-of-the-art methods cannot
generate high-quality results for 3D bowel data.

Resolution enhancement often relies on traditional statistical methods, such as interpolation [188],
regularization iteration [160], and compressed sensing algorithms [52]. However, such methods are
limited by the type of medical data, and their performance is unstable on images with rich structural
details [121]. With the development of deep learning, [216] discusses the feasibility of deep learning-
based SR methods, where CNNs can model various complex structures while maintaining a high
quality of details. Dong et al. introduced SRCNN, which inspired many subsequent methods with
applications in medical image analysis [47]. Anand et al. proposed a discrete cosine transform-
based image fusion as an SR framework for distinguishing brain tumors [44]. Compared with the
motion artifacts of fetal brain [4], cardiac [199], placenta [3] and other domains [105] in medical
images, the SR process of intestinal images is greatly affected by complex structural details and
significant individual differences.

With generative adversarial networks (GAN) |65, particularly CycleGAN [250], has demonstrated
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outstanding performance on medical image analysis [103,/138]. CycleGAN encourages more accu-
rate distribution with the unbalanced optimization [230], and being more efficient and flexible than
GAN models, which is vital when dealing with ill-posed/ corrupted data [186]. However, cycle-based
frameworks have not been extensively applied to MRI 3D reconstruction challenges due to unsta-
ble training processes [132]. Our method utilized with a deep cycle consistency framework, and
addresses the problem by designing two pair encoders and decoders with residual connection for
optimization and stability. MoCoSR outperforms statistical-based and learning-based SR methods,
and achieves stable performance on intestinal images with rich structural details.

Motion Correction for Abdominal MRI. Abdominal MRI supports 3D image reconstruction by ac-
quiring stacks of parallel 2D images [50,[176]. Abdominal imaging sequences typically consist of
axial, coronal, and sagittal, with each frame sampled from the upper abdomen to the lower ab-
domen [83]. These acquired images generally only have a high temporal resolution, high signal-
to-noise ratio, and high contrast between soft tissue organs in a single stack of two-dimensional
slices, while having lower resolution and signal-to-noise ratio in the other two planes orthogonal
to the main plane as shown in Fig.[3.1. Furthermore, each image sequence requires a long scan
duration, which contains corrupted regions with involuntary non-rigid organ motion [37] and ran-
dom rigid body motion [139]. 2D abdominal motion correction only considers in-plane and in-image
motion and does not provide inter-slice corruption on the 3D motion for the bowel. This may lead
to inaccurate assessment of abdominal function, and biased diagnosis [1,202]. Therefore, high-
quality abdominal 3D MRI reconstruction in the X, Y and Z directions with high resolution, and
motion correction for the structure and texture are important.

Different anatomical scan views usually contain complementary information and the combined
multiple planes can be more descriptive than a single view. [93] designed a hybrid global-local
optimization method for brain images, and investigated correlations between motion correction
and different interpolation methods. [212] proposed a latent optimisation framework that jointly
performs motion correction and SR for cardiac image segmentation. [184] designed a 3D LSTM
network to utilize both local and non-local temporal information in the 4D dynamic cardiac image
data for motion detection. [114] developed a flexible HR 4D MRI reconstruction method for periodic
motion. Most learning-based motion correction methods are used for brain and cardiac MR, aided
by periodic and predictable movement patterns. There are few methods for abdominal organs, due
to the complex and freely moving anatomy of the gut.

There is a significant amount research is currently being conducted on MRI quality enhancement
and motion correction tasks using 2D models for 3D reconstruction [176]. The 3D volume images
are sliced into multiple 2D image stacks that are individually processed and then combined into a
3D volume output (slice-to-volume) [4]. However, the 2D-based model limits the acquisition of prior
information, such as structural information originating from axes parallel to the slices. Therefore, it
is challenging for the model to determine whether details are noise or are the structure of the image
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when processing each 2D slice [28]. Utilizing a full 3D model alleviates the problem and provides
superiority over 2D models [28]. There are a number of challenges associated with 3D models,
particularly in terms of stable training and cost. The complexity of 3D data requires expensive
memory and parameters, leading to higher computational and time costs.

As opposed to 2D-based, slice-to-volume, ours is 3D-based and extracts more spatial structural
information from 3D to learn the mapping between image resolutions. Ours combines prior knowl-
edge of in-plane structure from multiple views to predict anatomically structure and texture of
inter-slices, which provides guidance for 3D motion correction. The proposed internal architecture
of the generator discriminator not only stabilises the training process for 3D data, but our model
enables efficient use to learn features with an appropriate cost and parameter scale.
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3.2 Respiratory Motion Correction and Super-
Resolution for 3D Abdominal MRI

3.2.1 Overview

Abdominal MRl is critical for diagnosing a wide variety of diseases. However, due to respiratory mo-
tion and other organ motions, it is challenging to obtain motion-free and isotropic MRI for clinical
diagnosis. Imaging patients with inflammatory bowel disease (IBD) can be especially problematic,
owing to involuntary bowel movements and difficulties with long breath-holds during acquisition.
Therefore, this paper proposes a deep adversarial super-resolution (SR) reconstruction approach
to address the problem of multi-task degradation by utilizing cycle consistency in a staged recon-
struction model. We leverage a low-resolution (LR) latent space for motion correction, followed by
super-resolution reconstruction, compensating for imaging artefacts caused by respiratory motion
and spontaneous bowel movements. This alleviates the need for semantic knowledge about the
intestines and paired data. Both are examined through variations of our proposed approach and we
compare them to conventional, model-based, and learning-based MC and SR methods. Learned
image reconstruction approaches are believed to occasionally hide disease signs. We investigate
this hypothesis by evaluating a downstream task, automatically scoring IBD in the area of the ter-
minal ileum on the reconstructed images and show evidence that our method does not suffer a
synthetic domain bias.

3.2.2 Introduction

Inflammatory bowel disease (IBD) is a relatively common, but easily overlooked disease. Its in-
sidious clinical presentation [60] can lead to a long delay between the initial causative event and
the diagnosis [179]. One of its manifestations, Crohn's disease, often exhibits symptoms such as
abdominal pain, diarrhoea, fatigue, and cramping pain, which can be accompanied by severe com-
plications [174]. Although Crohn’s disease cannot be completely cured, early diagnosis can signif-
icantly reduce treatment costs and permanent physical damage [201]. MRI plays a crucial role in
diagnosing and monitoring Crohn's disease. In clinical applications and research, high-resolution
(HR) MRl is often preferred over endoscopy as it is non-invasive and visualises more details for
the small bowel. MRl is preferred over computed tomography (CT) imaging as it does not use ra-
diation, which is an important consideration in younger patients. Unfortunately, MR acquisition for
patients with Crohn's disease can easily become compromised by respiratory motion.

As a result, many patients’ images are degraded by respiration, involuntary movements and peri-
stalsis. Furthermore, due to technical limitations, it is difficult to acquire HR images in all scan ori-
entations. This limits the assessment of the complete volume in 3D. Given these problems, we aim
to develop a novel method that can perform both motion correction (MC) and super-resolution (SR)
to improve the quality of 3D IBD MRI and to support accurate interpretation and diagnosis.
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Motion can cause multiple issues for MR acquisition. Abdominal MRI scans are usually 2D multi-
slice acquisitions [50]. As a result, 3D bowel motion can lead to intra- and inter-plane corrup-
tions |232], e.g., slice misregistration, slice profile effects, and anisotropic spatial resolution. SR
can be used to enhance these scans, but conventional methods often struggle with this type of
anisotropic data or may unintentionally hide significant imaging findings.

Despite these challenges, MC and SR are crucial because corrupted MR images can lead to inac-
curate interpretation and diagnosis [1]. Manual correction or enhancement of these volumes is not
feasible.

3.2.3 Degradation Models and Assumptions

The reconstruction problem addressed in this chapter involves multiple, interacting sources of im-
age degradation that arise naturally in abdominal MRI. Unlike conventional super-resolution set-
tings that assume a single, well-defined degradation operator, the observed data in this work are
affected by a combination of resolution loss, motion corruption, and acquisition-related artifacts.
Clarifying these degradation mechanisms is essential for understanding both the design choices
and the scope of the proposed MoCoSR framework.

First, abdominal MRI data are inherently anisotropic due to 2D multi-slice acquisition protocols.
Limited through-plane resolution and slice thickness introduce resolution degradation that can-
not be adequately modeled by simple isotropic downsampling. This motivates the formulation of
super-resolution as a three-dimensional reconstruction problem rather than a purely in-plane en-
hancement task.

Second, respiratory motion, bowel peristalsis, and involuntary patient movement introduce non-
rigid and pseudo-periodic motion during acquisition. These effects lead to inter-slice misalignment
and spatial inconsistency across the volume. Importantly, such motion is not directly observable in
the reconstructed images and cannot be reliably parameterized using explicit motion fields in clin-
ical practice. As a result, motion corruption is treated as an unknown, latent degradation process
rather than an explicitly estimated physical transformation.

Third, acquisition-related degradations such as k-space truncation, noise, and scanner-specific
variations further contribute to the complexity of the observed data distribution. In practice, these
effects vary across patients and imaging protocols, making it difficult to define a single forward
operator that accurately captures all sources of degradation.

In this work, we model these heterogeneous degradations implicitly. Rather than assuming access
to paired high-resolution and motion-free data or explicit knowledge of the motion process, we
assume that degraded observations and quality images are drawn from related but unpaired dis-
tributions. The proposed framework therefore operates under a weak supervision regime, where
degradation is addressed through latent-space regularization and cycle consistency constraints,
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instead of explicit physical modeling.

Contribution: Our method (MoCoSR) alleviates the need for semantic knowledge and manual
paired-annotation of individual structures and the requirement for acquiring multiple image stacks
from different orientations, e.g., [4].

There are several methodological contributions of our work: (1) First, to account for non-isotropic
voxel sizes of abdominal images, we reconstruct spatial resolution from corrupted bowel MR im-
ages by enforcing cycle consistency. (2) Second, volumes are corrected by incorporating latent
features in the LR domain. The complementary spatial information from unpaired quality images
is exploited via cycle regularisation to provide an explicit constraint. Third, we conduct extensive
evaluations on 200 subjects from a UK Crohn's disease study, and a public abdominal MRI dataset
with realistic respiratory motion. (3) Experimental evaluation and analysis show that our MoCoSR
is able to generate high-quality MR images and performs favourably against other, alternative meth-
ods. Furthermore, we explore confidence in the generated data and improvements to the diagnostic
process. (4) Experiments with existing models for predicting the degree of small bowel inflamma-
tion in Crohn's disease patients show that MoCoSR can retain diagnostically relevant features and
maintain the original HR feature distribution for downstream image analysis tasks.

Related Work: MRI SR. For learning-based MRI super-resolution, [216] discussed the feasibility of
learning-based SR methods, where encoder-decoder methods [53,[54,[125] are commonly used to
model a variety of complex structures while preserving details. Most single-forward [27,61,(178] and
adversarial methods [45,244] rely on paired data to learn the mapping and degradation processes,
which is not acceptable in real-world scenarios where data are mismatched. [130] utilizes cyclic
consistency structures to address unpaired degradation adaptation in brain SR, however abdominal
data would be more complicated and suffer from motion corruption. Joint optimization of MC
and SR remains challenging because of the high-dimensionality of HR image space, and LR latent
space has been introduced in order to alleviate this issue. Recent studies on SR joint with other
tasks (e.g., reconstruction, denoising) have demonstrated improvements in the LR space |54} 136,
212]. For this purpose, we utilize a cycle consistency framework to handle unpaired data and joint
tasks.

Automated evaluation of IBD. In the field of machine learning and gastrointestinal disease, [140]
used random forests to segment diseased intestines, which is the first time that image analysis
support has been applied to bowel MRI. However, this technique requires radiologists to label and
evaluate diseased bowel segments, and patients’ scan times are long. In [83] residual networks
focused on the terminal ileum to detect Crohn’s disease. In this case, quality reconstruction data
is extremely important for the detection of relevant structures.
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Figure 3.2: During training, the input comprises corrupted MRI with motion artifacts and blur-
ring effects. During inference, only the first pair of LR encoder E-;r and SR decoder Dgr
will be utilized to generate high-quality, motion-free, and super-resolved images.

3.2.4 Method

Problem formulation and preliminaries: In 3D SR, the degradation process is modeled with:
Itr = D(Igg; ki, ls) + n, D() represents the downsampling with the blur kernel k;, scaling
factor s, and noise n. In this work, we propose the motion corruption term M, which operates on
LR latent space. And our MC-SR model can be refined to

Ing = M(D(Igg; ki, ds); Z) +n (3.7)

MoCoSR concept: As shown in Fig. our multi-task framework consists of three parts: a pair
of corrupted LR (CLR) encoder and SR decoder on corrupted LR input, a pair of quality SR (QLR)
encoder and learned LR (LLR) decoder on HR input and two task-specific discriminators. For the
first two pairs, individual features are extracted and scaling is applied to provide our network with
the ability to handle multiple tasks at different scales. The discriminators are then used to identify
features for each scale.

A quality HR volume Y is fed first into the QHR encoder in order to obtain a quality latent feature
map Zg upon which the corrupted LR can be trained. due to the unpaired scenario. For MC, Zg
passes to LLR and CLR to gain ZQ with L7, where LLR learns the corruption feature and degra-
dation, and CLR encodes the multi-degradation from the corrupted LR input X. For SR, Y is then
generated after the SR decoder and ensure the SR purpose with Lgx. To ensure training stability,
two consistency loss functions L¢,, are utilized for each resolution space. The arrows indicate
the flow of the tasks. A pair of task-specific discriminators is used to improve the performance of
each task-related encoder and decoder.

Loss functions: Rather than aiming to reconstruct motion-free and HR images in high dimensional
space with paired data, we propose to regularize in low dimensional latent space to obtain a high
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Figure 3.3: GLRB is used to construct an effective feature extraction backbone based on en-
coders and decoders with different inputs. Additionally, the SR decoder and the QHR encoder
include additional Pixel-shuffle and downsampling layers.

quality LR feature that can be used for upscaling. A £y between Z, downsampled from QHR
and Z, cycled after LLR and CLR, defines in an unpaired manner as follows:

Lyc=E HZQ - ZQH (3.2)

As the ultimate goal, SR focuses on the recovery and upscaling of detailed high-frequency feature,
Lsr is proposed to optimize the reconstruction capability by passing through cycles at various
spaces:

Lsp=Li(Y,Y) (33)

The dual adversarial £p a4, iS applied to improve the generation capability of the two sets of single
generating processes in the cyclic network:

EDAdv = Eadv(j(> + ['adv(}u/) + ['adv (}7) (34>

The corresponding two task-specific discriminators £pc and Lpsg for discriminating between
corrupted and quality images followed are used for the purpose of staged reconstruction Z,, and Y
of MC at latent space and SR at spatial space, respectively. Furthermore, a joint cycle consistency
loss is used to improve the stabhility of training in both spaces:

Loon = L1(X, X) + L1(Y,Y) (3.5)

For MoCoSR generators, the joint loss function is finally defined as follows:

L= Lsr+ M MLyc + XLpagw + AsLcon (3.6)
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Network architecture: In the paired encoder-decoder structure, we developed a 3D Global and
Local Residual Blocks (GLRB) with Local Residual Modules (LRM) in Fig. based on [76]. The
GLRB is designed to extract local features and global structural information at 3D level, and then
construct blocks for multi-scale features connected to the output of the first layer. The residual
output is then added to the input using a residual connection to obtain a staged output. The model
implements the extraction of local features while integrating all previous features through the con-
nected blocks and compression layers. The decoders are employed with the upsampling prior to
the convolution layers.

3.2.5 Experiments

In this chapter, the degradation models are designed to reflect common acquisition constraints
and motion-related artifacts encountered in routine abdominal MRI, rather than to exactly simulate
a specific scanner or pulse sequence. In particular, we distinguish between a reference-quality
image, denoted as Iy g, and a clinically realistic low-quality observation, denoted as I 5.

The reference images Iy correspond to high-quality volumes with relatively high in-plane res-
olution and minimal motion, which may be obtained under controlled conditions such as short
breath-holds, repeated acquisitions, or careful retrospective selection. In contrast, the degraded
observations Iz are intended to represent typical free-breathing 2D multi-slice abdominal MRI
acquisitions, which commonly exhibit anisotropic resolution, inter-slice misalignment, and motion-
induced artifacts due to respiration, peristalsis, and involuntary patient motion.

In our experiments, spatial resolution degradation is introduced through k-space truncation and
downsampling to mimic limited spatial encoding and slice thickness commonly used in clinical
protocols. This abstraction reflects the practical trade-off between spatial resolution and acquisi-
tion time, rather than a specific vendor-dependent reconstruction pipeline. Additive noise is applied
to approximate thermal and system noise in magnitude MR images. Importantly, the resulting low-
resolution volumes are anisotropic and exhibit reduced high-frequency content, consistent with
real-world abdominal MRI acquisitions.

To account for respiratory and bowel motion, we further introduce a pseudo-periodic multi-factor
respiratory motion (PMRM) model. Rather than explicitly modeling physical organ deformation, the
PMRM model captures the dominant effects of motion as inter-slice misregistration and slice-wise
spatial shifts. This abstraction reflects the fact that abdominal MRl is often acquired as sequential
2D slices, where through-plane motion leads to discontinuities and inconsistencies in the recon-
structed 3D volume. The motion operator M (-) in Eq. (2.1) therefore represents a task-oriented
latent-space corruption that aggregates multiple motion sources, including respiration and invol-
untary bowel movement, without assuming access to explicit motion trajectories or navigator sig-
nals.

Data degradation: We use 64 x 64 x 64 patches. For downsampling and the degradation asso-
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Table 3.1: IBD data set: the upper shows MRI data acquisition parameters. The lower shows
the number of patients in each severity level of inflammation.

Planes Sequence TR [ms]/TE [ms] Matrix Slice[mm] FOV  Time[s]
Axial T1FFE (e-THRIVE) 59/3.4 512x512x96 3.00 375 20.7x2
Axial single-shot T2 TSE 587/120 528x528x7?2 3.50 375 22.3x2

Postcon

Coronal | single-shot T2 TSE 554/120 512x512x34 3.00 375 21.7
Inflammation class Healthy Mild Moderate  Severe
Number of patients 100 49 42 9

ciated with MRI scanning, (1) Gaussian noise with a standard deviation of 0.25 was added to the
image. (2) Truncation at the k-space, retaining only the central region of the data. On top of this, we
have developed a motion simulation process to represent the pseudo-periodic multi-factor respira-
tory motion (PMRM) that occurs during scanning, as shown in Fig.[3.4/(a). The simulated motion
includes the influence of environmental factors that cause the respiratory intensity and frequency
to fluctuate within a certain range. This lead to the presence of inter-slice misalignment in image
domains.

TCGA-LIHC data set, abdominal MRI: A total of 237 MR exams are collected from The Cancer
Imaging Archive Liver Hepatocellular Carcinoma (TCGA-LIHC). The data contains 908 MRI series
from 97 patients. We applied simulated motion to TCGA MRI-Abdomen series to generate the
motion-corrupted dataset with respiration-induced shift.

IBD data set, inflammatory bowel disease: MRI sequences obtained include axial T2 images,
coronal T2 images and axial postcontrast MRI data on a Philips Achieva 1.5 T MR scanner. Abdom-
inal 2D-acquired images exhibit motion shifts between slices and fibrillation artefacts due to the
difficulty of holding one's breath/body movement and suppressing random organ motion for ex-
tended periods. The dataset contains 200 available sample cases with four classes, healthy, mild,
moderate, and severe small bowel Crohn’s disease inflammation as shown in Table[3.1 The abnor-
mal Crohn's disease sample cases, which could contain more than one segment of terminal ileum
and small bowel Crohn's disease, were defined based on the review of clinical endoscopic, histolog-
ical, and radiological images and by unanimous review by the same two radiologists (this criterion
has been used in the recent METRIC trial investigating imaging in Crohn’s disease [200]).

Setting: We compare with interpolation of bicubic and bilinear techniques, rapid and accurate
MR image SR (RAISR-MR) with hashing-based learning [172], which we use as the representative
of the model-based methods, and published MRI SR with various generative adversarial networks
(MRESR [45], CMRSR [244]) as the learning-based representatives. For training, with train/val/test
with 70%/10%/20%. Various methods were included in the quantitative evaluation, including single
forward WGAN (S-WGAN) and cycle RDB (C-RDB) for ablation experiments on the cycle consistency
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Abnormal breath Normal breath

Multi-factor
motion simulation

GT Corrected Corrupted Reconstructed Corrupted Reconstructed

Simulated motion Corrupted
(a) PMRM (b) TCGA-LIHC motion correction (c) IBD motion correction and super-resolution (without GT)

Figure 3.4: (a) The proposed PMRM sequence of respiratory simulation for motion corruption
for Crohn’s diseases. (b) The staged reconstruction process involving application of PMRM,
MC result, and ground truth (GT) on TCGA-LIHC dataset. The MC matrix is calculated and
applied on HR for visual comparison with simulated motion perturbations directly. (c) The

MoCoSR results on clinical IBD data without GT.

framework and the GLRB setting.

Results: The quantitative results are presented in Table [3.2/on TCGA-LIHC and IBD data sets.
There is a performance gap between interpolation and GAN-based methods, and the SR method
based on learning has a significant mapping advantage for complex gastrointestinal images. Mo-
CoSR achieves the best performance among all evaluation metrics. CMRSR and MRESR cannot
guarantee the output quality of mapping from HR back to LR, resulting in poor performance on
complex 3D bowel data. Representatives for the qualitative evaluation are shown in Fig.[3.5]

Ablation Ours High resolution

Model-based

Interpolation

Low resolution Learning-based

WL e P

4 x scaling
16 x magnification

2D RAISR-MR 2D CMRSR 3D C-RDB 3D MoCoSR

Blurred Input 2D Bicubic

Figure 3.5: Qualitative evaluation for SR on IBD dataset using representative methods of in-
terpolation, model-based, learning-based, ablation, and MoCoSR.

Sensitivity analysis: We evaluate if our method influences downstream analysis using the ex-
ample of automatic scoring of Crohn's disease with existing deep networks. If features defining
Crohn's disease are hidden by the method, this would affect disease scoring. We use a classifier
with an attention mechanism similar to [83], trained on HR raw data. Our evaluation is based on
the average possibility of normal and abnormal small bowel inflammation on MRI. The degree of
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Table 3.2: Quantitative evaluation of extensive methods on TCGA-LIHC and IBD data sets in
terms of SSIM and PSNR for 3D abdominal MRI SR
TCGA-LIHC IBD
Method upper abdominal lower abdominal
SSIM 1 PSNR 1 SSIM PSNR 1
Bicubic 0.8166 28.53 0.6582 25.30
Bilinear 0.8219 29.15 0.6749 26.27
RAISR-MR [172] 0.8940 32.24 0.8512 31.53
MRESR [45] 0.9042 33.74 0.8529 30.60
CMRSR [244] 0.9185 35.92 0.8662 32.90
S-WGAN 0.8521 30.91 0.7313 28.19
C-RDB 0.9102 35.15 0.8624 32.78
MoCoSR (C-GLRB) 0.9257 35.67 0.8719 33.56

small bowel inflammation on abnormal MRIs was classified by Radiologists as mild, moderate or
severe. This outcome was compared against the results of the data constructed from different SR
methods.

(@) — Healthgan  — Hewlthgarrsn

— A

¢

Simil Displacement j—
imilar i

)=

L
Reconstructed Data distribution Reconstructed Data distribution

Classification accuracy
Classification accuracy
Classification accuracy.

Reconstructed Data distribution

Figure 3.6: Distribution relationships between reconstructed 3D bowel data and original HR
data in a downstream Crohn's disease diagnosis task. (a) MoCoSR preserves diagnostic fea-
tures and reconstructs a close representation of original data distribution. (b) The comparison
method results in the loss and concealment of discriminative features. (c) Incorrectly recon-
structed data misleads shifts in the distribution of SR data, which affects downstream task
results.

Complete results including LR degraded image, SR image reconstructed by MRESR, CMRSR, and
MoCoSR, are shown in Table[3.3] We tracked and quantified the changes by performing a signifi-
cance evaluation (t-test) based on p-values < 0.05. The ideal SR data can achieve classification
results as close as possible to HR data with lower requirements. Our method obtains similar small-
scale attenuation results on both healthy and abnormal samples. The p-value is larger than 0.05 for
MoCoSR, i.e., there is no statistically significant difference between the original and reconstructed
data for the prediction results. The results of MRESR are volatile but present an unexpected im-
provement on healthy samples. CMRSR makes the predicted probability much lower than that of
HR.

Discussion: According to the sensitivity analysis and comparison results, our MoCoSR method
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Table 3.3: Crohn's disease classification performance on different 3D data. MoCoSR has a
negligible effect on the downstream classification task as shown by high p-values in contrast
to LR, MRESR, and CMRSR which produce significantly lower performance.
Data Classification Changeg in/ Significance Cl95%
Prediction p-value (Lower,Upper)
Healthy 0.784
R Abnormal 0.730 Al i
IR Healthy -0.19*]]| <0.001 (0.13,0.24)
Abnormal -0.21%]| <0.001 (0.14, 0.25)
Healthy 0.17%]] <0.001 (0.05, 0.16)
MRESR |4
| Abnormal -0.10%|] 0.002 (0.04,0.15)
Healthy +0.031 0.370 (-0.08, 0.03)
GHIRSR| 2 Abnormal -0.08*| 0.012 (0.02,0.13)
Healthy -0.014 0.630 (-0.04, 0.06)
oSSR SULE M B Wit 0.02) 0.561 (:0.04, 0.07)

shows superior results compared to the forward adversarial reconstruction algorithms and encoder-
decoder structures. Combining multi-scale image information in the feature space of different res-
olution image domains yields better results than inter-domain integration. The cycle consistency
network splits the different resolution spaces and latent space, which facilitates the flexibility of the
neural network to customize the MC according to the specific purpose and ensures consistency
of the corrected data with the unpaired data. Furthermore, although these methods can obtain
acceptable SSIM and PSNR, the key features used by the classifier for downstream tasks are po-
tentially lost during the reconstructions. Conversely, the reconstruction result will implicitly cause
domain shift. This leads to a distribution shift in the samples, which makes the disease prediction
biased as shown in Fig. The data generated by ours can reconstruct the results, retain likely
all of the diagnostically valuable features, and maintain the original data distribution. The present
sensitivity study is limited to the automatic classification from single domain and down-stream
task framework, and future extensions will explore model-based and learning segmentation tasks
across data domains and acquisitions.

3.2.6 Summary

MoCoSR is a DL-based approach to reconstruct high-quality SR MRI. MoCoSR is evaluated exten-
sively and compared to the various image SR reconstruction algorithms on a public abdominal
dataset, simulating different degrees of respiratory motion, and an IBD dataset with inherent mo-
tion. MoCoSR demonstrated superior performance. To test if our learned reconstruction preserves
clinically relevant features, we tested on a downstream disease scoring method and found no de-
crease in disease prediction performance with MoCoSR.
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Chapter 4

Test-time-Adapted Quantitative Body MRI
Super-resolution

Recent advances in deep learning-based super-resolution (SR) techniques have sig-
nificantly improved MRI quality, particularly for inflammatory bowel disease (IBD) and
Crohn’s disease, where early and accurate diagnosis is essential. However, as discussed
in previous section, SR models often struggle with domain shifts caused by variations
in acquisition protocols, imaging devices, and patient-specific motion artifacts. These
challenges are further compounded by the reliance on oversimplified degradation mod-
els that fail to capture the complex physical processes of MRI acquisition.

To address these limitations, we propose UTAR, an unsupervised test-time adaptation
framework that enhances SR model generalization across unseen target domains. UTAR
integrates a physics-informed imaging chain degradation model (PIC) and a conditional
consistency learning (CCL) strategy, enabling adaptation without access to source-domain
data. By leveraging dual-domain degradation modeling and unsupervised adaptation,
UTAR mitigates domain shifts, ensuring the preservation of diagnostically relevant fea-
tures. This makes it a robust solution for deploying SR models in clinical settings, where
variations across hospitals and imaging protocols are unavoidable.

12
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4.1 Physics-informed Unsupervised Test-time
Adaptation for MRI Super-Resolution

4.1.1 Overview

Deep learning-based super-resolution (SR) usually does not perform well across domains, e.g.,
different magnetic resonance imaging (MRI) datasets, usually due to two reasons: 1) there is of-
ten a mismatch in terms of data distributions between the training data and test data, and 2) the
overly simplified image degradation models in popular SR techniques do not model the underlying
physical processes well. Hence, SR models often require extensive supervised fine-tuning when
transferring to new datasets (target domains). In this paper we propose UTAR, a physics-informed
Unsupervised Test-time domain Adaptation framework for deep learning-based super-resolution
for magnetic Resonance imaging. UTAR adapts a pre-trained source-domain SR model to a new
target domain (e.g., images from a new hospital) using low-resolution (LR) target-domain images
only. Thisis possible through a new physics-inspired imaging chain degradation model (PIC), which
incorporates both spatial and frequency domain (k-space) degradation. Such dual-domain degra-
dation modeling enables us to better capture the variations of LR images that could potentially
affect a model's performance across different unseen MRI domains. We further propose a con-
ditional consistency learning (CCL) strategy to encourage prediction consistency, serving as the
supervision signal for TTA. Our method is generic and can accommodate arbitrary pre-trained SR
networks. Experimental results verify the effectiveness of UTAR in reducing the performance gap
with minimum efforts. UTAR outperforms earlier methods based on different degradation-based
strategies and existing test time adaptation (TTA) approaches. We expect our method to provide
a key step towards the deployment of MRI SR algorithms in clinical applications where significant
domain shifts are inevitable.

Why test-time adaptation is necessary for MRI super-resolution. In clinical MRI super-resolution,
deployment conditions often differ substantially from the data distributions encountered during
training. In contrast to natural image super-resolution, where degradation processes can be ap-
proximated by fixed downsampling and noise models, MRI image quality is strongly influenced
by acquisition-specific factors such as pulse sequence design, k-space sampling density, recon-
struction pipelines, and hardware-dependent system imperfections. These factors vary across
hospitals, scanner vendors, field strengths, and clinical protocols, and are rarely fully known or
reproducible at deployment time.

As a consequence, even well-trained super-resolution models may exhibit systematic performance
degradation when applied to images acquired under unseen conditions. Retraining or supervised
fine-tuning is typically impractical in such scenarios, as paired high-resolution ground truth data
are unavailable and access to source-domain training data may be restricted due to privacy, gov-
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ernance, or storage constraints. This creates a fundamental gap between research settings and
real-world clinical deployment.

Test-time adaptation provides a principled mechanism to bridge this gap by allowing models to
adjust their internal representations using only target-domain observations available at inference.
For MRI super-resolution, this paradigm is particularly appealing because it enables adaptation
without modifying acquisition protocols or requiring additional annotations. However, effective
test-time adaptation requires meaningful self-supervision signals that reflect the underlying image
formation process. This motivates the integration of physics-informed degradation modeling and
consistency constraints, which anchor the adaptation process to acquisition-aware transforma-
tions rather than purely statistical assumptions.

4.1.2 Related Work

Learning-based super-resolution and reconstruction methods have become increasingly promi-
nent in magnetic resonance imaging (MRI), driven by their ability to recover high-frequency details
and suppress noise in ill-posed inverse problems. Early deep learning approaches to MRI super-

resolution primarily relied on supervised training with paired low- and high-resolution images, often
employing convolutional encoder—decoder architectures or residual networks adapted from nat-
ural image super-resolution [54,67,/125]. While these methods demonstrate strong performance
on benchmark datasets, they typically assume simplified and fixed degradation models, such as
isotropic blurring combined with additive Gaussian noise. Such assumptions are rarely satisfied in
clinical MRI, where image quality is determined by a complex interplay of k-space sampling, pulse
sequence design, hardware characteristics, and reconstruction pipelines.

To improve robustness, a line of work has focused on enhancing degradation modeling for super-
resolution. Blind or semi-blind approaches attempt to estimate spatial degradation kernels directly
from low-resolution images, while others introduce more diverse or anisotropic degradation pat-
terns during training [214,|237]. Although these methods improve generalization to some extent,
they remain largely image-domain driven and do not explicitly account for the physical MRI acqui-
sition process, which fundamentally operates in the frequency domain. As a result, they struggle
to generalize across scanner vendors, field strengths, pulse sequences, or sampling strategies,
where domain shifts manifest not only as spatial blur but also as structured frequency-dependent
distortions.

In parallel, physics-informed learning has gained traction in MRI reconstruction, where elements
of the forward model—such as Fourier encoding, sampling masks, and data consistency con-
straints—are incorporated into neural networks to improve stability and interpretability |73, |95].
These approaches have demonstrated clear benefits for undersampled reconstruction and inverse
problems with well-defined acquisition operators. However, most physics-informed methods as-
sume access to raw k-space data and detailed acquisition parameters, and are designed for super-
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vised reconstruction rather than image-space super-resolution. Their applicability to post-processing
super-resolution, especially in source-free or unpaired settings, remains limited. Moreover, they typ-
ically assume a fixed forward model during inference and do not explicitly address domain shifts
arising from deployment in unseen clinical environments.

Domain adaptation methods have been widely explored to mitigate performance degradation caused
by distribution shifts between training and deployment data. Unsupervised domain adaptation

approaches align feature representations between source and target domains using adversar-

ial objectives or discrepancy minimization, and have been applied to medical image segmenta-

tion and reconstruction [18, 29, |49, 58]. However, these methods generally require simultane-

ous access to source and target data, which is often infeasible in clinical practice due to privacy

constraints, data governance policies, or storage limitations. In addition, the absence of paired

low- and high-resolution data across domains further complicates their application to MRI super-

resolution.

More recently, test-time adaptation (TTA) has emerged as an alternative paradigm in which models
adapt to target-domain data during inference without retraining on source data [15]. In medical
imaging, TTA has been investigated primarily for segmentation and reconstruction tasks, using
strategies such as entropy minimization, normalization statistics adaptation, or self-supervised
consistency objectives [38,101]. While promising, existing TTA approaches often rely on external
priors, source-domain statistics, or task-specific assumptions, and their extension to MRI super-
resolution remains under-explored. In particular, most existing methods do not explicitly model
acquisition-induced domain shifts, nor do they address the frequency-domain discrepancies that
are critical for high-fidelity super-resolution.

Against this background, UTAR is positioned at the intersection of physics-informed modeling and
source-free test-time adaptation for MRI super-resolution. By explicitly modeling the MRI'imaging
chain across both frequency and spatial domains and coupling this with a conditional consistency
learning strategy, UTAR addresses domain shifts arising from unseen acquisition protocols without
requiring access to source-domain data or high-resolution targets at test time. This combination
fills an important gap between existing degradation-based super-resolution methods and test-time
adaptation frameworks, offering a principled approach to improving robustness and generalization
in realistic clinical deployment scenarios.

4.1.3 Introduction

Magnetic resonance imaging (MRI) is a non-invasive imaging technique used to acquire tomo-
graphic images with various image contrasts, especially for soft tissues. The image acquisition is
done in k-space, which is the discrete Fourier representation of complex-valued MR radio signals.
However, the MRI acquisition is slow and, thus, the k-space is often under-sampled, e.g., to reduce
scan time for patient comfort and reduced motion artifacts. Spatial resolution is limited due to a
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low signal-to-noise ratio.

To enhance the quality of MR images, deep learning (DL)-based MRI super-resolution (SR) meth-
ods are gaining popularity, often outperforming traditional solutions for the ill-defined inverse prob-
lem [121,(134,136]. As a post-processing technique, SR improves the quality and resolution of lower
resolution slices or volumes inimage space [54,212]. While existing approaches predominantly rely
on Gaussian variants of blur and noise to model image degradation, they usually do not incorporate
the MR image acquisition starting from k-space data and do not capture the wide range of possible
image contrasts in MRI. Furthermore, existing MR SR or reconstruction methods often show de-
terioration in practice, when applied to LR images from an unknown acquisition process (domain)
due to severe distribution shifts 18,129, 138,106

Contributions: (1) We introduce a physics-informed unsupervised test-time domain adaptation
framework for MRI SR (UTAR) that enables a pre-trained source-domain model to effectively adapt
to unseen data from the target domain during testing, using LR images from target domain only .
Our method is generic and can be used as a plug-in module in pre-trained SR networks. As key
components of UTAR (2) we propose a physical imaging chain degradation model (PIC) for accurate
modeling of the degradation process of real-world MRl in SR frameworks. (3) We further propose a
conditional consistency learning (CCL) strategy during test time, as the supervision signal for TTA.
(4) We demonstrate UTAR's capabilities on public data (IXI brain, fastMRI knee [235]). Related
Works: Methods in this area can be divided into two categories:

Degradation modeling: SR methods based on degradation modeling combine spatial augmenta-
tion with the designed degradation pattern or conduct intermediate spatial feature transformation
according to a blindly estimated kernel [126]. These methods rely on empirical estimates about
the degenerating factors 134, 136] or spatial degradation assumptions [214,|237]. However, this
may be insufficient for MRI since the underlying point spread function (PSF) depends on how the
k-space is sampled and on the consistency within individual measurements.

Domain adaptation for SR: Conventional unsupervised domain adaptation methods require sam-
ples from the source and target domains to be available such that domain gaps can be estimated
and reduced [18,49,|58]. These approaches can be combined with a pre-trained SR model for utiliz-
ing the transferred information without target-domain HR images [29]. However, accessing source
images in a new setting is often impractical due to data sharing constraints. Also, the lack of paired
data between source and target domains hinders optimization through direct transfer learning and
fine-tuning. These motivate test-time adaptation (TTA) [15,38], an under-explored problem in MRI
SR.

4.1.4 Method

Preliminaries: MRI SR problem settings that use artificial image degradation during training are
commonly described through the relationship between the HR image y and LR image x. A degra-
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Figure 4.1: UTAR combines a physical imaging chain degradation model (PIC) with a condi-

tional consistency learning strategy (CCL), alleviating severe domain shifts during the testing
phase using a source-free domain adaptation approach.

dation model in the source domain S can be defined as: ¢, = (ks *x y,) | +n,, where z is a
degraded image generated from y via a blurring kernel k, the downsampling operation | and ad-
ditive noise perturbation n. Here x denotes the convolution operation. A pre-trained model M,
for such anill-posed inverse problem can be affected by distribution shifts in MRI from the source
domain S to the target domain 7 [38]. Here, we do not consider errors introduced by a poorly fitted
model, but assume a generic test-time domain adaptation framework for SR without paired data.
Existing methods often model adverse factors .7; as Ds at source domain that influence model
performance in new domains cumulatively via blurring k, and additive Gaussian noise ng:

x=Ds(y) = (T (k) xy) | +T; (na), (4.1)

It is common to model tractable solutions for deconvolution with a Gaussian kernel G, mimicking
a sampling scheme with respect to the chosen field of view (FOV) and given PSF of a capturing
device. Consequently, a deblurring filter will degrade high-frequency components, which vary from
domain to domain.

UTAR: We are interested in TTA for generically pre-trained MRI SR models, where source data is
not available during adaptation. Suppose we have a source-domain pretrained model M, param-
eterized by 6 where training images are from source (i.e. ;) domain distribution {z%, y:}*, € Ss.
zl € X,and y! € Y, are LR-HR pairs. We aim to update the parameters 6 of a given model M:
6 — ¢ using target domain (i.e. ;) images only so that M lead to higher performance. Here target
domainimages {x{};", € X; are LRimages only as corresponding HR counterparts {yi}:", €
are not available, which is common in practice.

Physical imaging chain degradation model (PIC): Real-world MRI degradation is usually caused by
system imperfections and short scan times that limit the amount of k-space that can be acquired.
The degradation can be modelled through a PSF, which reflects the specific k-space encoding of
the MR sequence. However, modeling of the entire imaging chain is necessary to account for
accumulated changes to the PSF along commonly applied reconstruction and post-processing
methods. Firstly, we focus on the degradation model in frequency domain (see blue part in Fig[4.2),
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Figure 4.2: Illustration of the proposed physics-informed imaging chain degradation model
(PIC). For the frequency domain, itincludes a sinc filter simulating a low-resolution acquisition,
and a sequence-specific degradation model tailored to the target domain, here: relaxation ef-
fects along the phase-encoding direction. For the spatial domain, it includes domain shuffled
degradation for improved realism.

which can be described as

z = Dr (y) = F{(F(y) L -To(H))}), (42)

with D the frequency domain degradation model applied on 2D or 3D images, F and F~* the
forward and inverse Fourier transform, H (u,v) = F(P(x,y)) a k-space filter corresponding to
the Fourier transform of the initial PSF, .7 the degradation in frequency space based on the acqui-
sition matrix size and sequence-specific k-space weightings (e.g., relaxation blurring in turbo spin
echo (TSE) sequences [161]), and | the down-sampling operator corresponding to truncation of the
frequency space.

Image degradation in MRI depends on the specific encoding of k-space. In this work, we focus
on Cartesian sampling-based k-space for proof of concept. Limited spatial encoding causes a
sinc-profile of the PSF P (, in Fig[4.2), shown here for a 2D acquisition example: P(zy, z5) =
F(H(u,v)) = F(II(u) - T(v)) o sinc(zy) - sinc(xq), with TI(w) a rectangular function with
M(u) = 1ifu < umax and T(u) = 0 if u > uma. Furthermore, sequence-specific PSF deviations
usually occur along the phase-encoding direction. We apply a Gaussian weighting along the phase-
encoding direction inspired by the relaxation blurring of long echo trains in TSE imaging [161] (7,

in Figl4.2).

To further improve the realism of artificial degradation, a second phase of degradation is per-
formed inimage space (yellow partin Fig‘ Bicubic and bilinear interpolation are downsampling
schemes (s in Fig[4.2) and the degradation with an anisotropic Gaussian kernelis commonly used
for other SR tasks 136, 215]. This phase can pick up the PSF modifications during image recon-
struction. In addition to Gaussian noise, we further add Rician noise to the magnitude images (.7,,,
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in Fig[4.2), allowing a better approximation of the noise modeling in MR magnitude images [68].
We shuffle degradation to increase complexity [237).

Conditional consistency learning (CCL): Our CCL strategy can be applied to a generic architecture
consisting of a feature encoder f,(-) : X, — R and a scaling decoder h,(-) : R” — Y, where
D and ), are feature dimension and HR prediction. Such a pre-trained model may be capable of
reconstructing a reasonable image, but there will be a notable domain gap in several frequency
bands. Thus, inspired by the focal frequency loss [94, [224], we propose conditional learning in
k-space. The frequency distance W between the frequency bands of Y predicted from ., and
the super-resolved frequency bands of Y predicted from M based on a PIC-corrupted LR image,
is:

W(u,v) = [|[F(Y)(u,v) = F(Y)(u, )3

(4.3)
. 2

with ||21 — 217 = ((R(z1) — R(22))* + (S(21) — %(22))2)7/ ;
where % and < denote the real and imaginary parts, and ~ determines the sharpness of the dis-
tance function and generally equals to 1. Furthermore, we employ an L1 Loss for the spatial recon-
struction between Y predicted by .4, and Y. Atotal loss Ly, can be consequently summarised
as:

Loon = Ly(Y,Y) + A Lop(Te # F(YV), T x F(Y)), (4.4)

where X is a weighting hyperparameter, and L¢, is defined by 7 and W. T is a conditional con-
straint for the frequency domain focusing on the partial frequency-bands with the truncation s,
corresponding to the scale of the SR.

4.1.5 Experiments

Datasets: Two public datasets focusing on different anatomy are used to investigate UTAR with re-
spect to several domain shifts. Brain datcontains clinical T1- and T2-weighted scans from three
hospitals with different imaging protocols: HH, Guys, and IOP. We selected 184 HH T2 subjects as
the source-domain data [train/val/test ratio: 7:1:2], and 37 subjects each from Guys and 0P as two
target-domain datasets without degradation, acquisition parameters, datasets, and patient-wise
crossovers. Bicubic downsampling was applied to obtain LR data in the source domain and a kernel
degradation [17] was applied in target domain. The central 60 slices were selected. Knee data [235]
contains raw k-space data of multi coil Cartesian 2D TSE acquisitions with proton-density (PD) or
PD with fat-suppression (PDFS) contrast. We selected 21 central slices of 584 subjects scanned
with the PD sequence as source-domain data [ratio: 7/1/2], and 117 subjects with the PDFS se-
quence as target-domain data. The fully-sampled k-space data were reconstructed using either

Thttp://brain-development.org/ixi-dataset/
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the full or reduced matrix to obtain HR and LR magnitude images after sum-of-squares recon-
struction.

Source training: EDSR [125] serves as a backbone for many SR models [54, 61]. We also use an
EDSR backbone

(16 residual blocks, 64 feature channels). The model was trained on the source domain for 150
epochs with L1 loss and the Adam optimizer [Ir: Te-4, PyTorch on NVIDIA Quadro RTX 5000].

Test-time adaptation: We freeze the upscaling layers in order to update the feature extractor [Ir;
Te-4], and apply learning rate decay and early stopping.

Baselines for TTA: We consider two baseline ideas: (1) Repurposed blind SR (BSR) for TTA: We
utilized BSR degradation methods in frequency SFM [51] and spatial PDM [237] domain. To ensure
fairness, training settings as well as the backbone were kept consistent. TTA was performed with
an £ loss function to isolate the influence of the degradation model. (2) Native TTA: We compare
to a source-free TTA method ACT [38] using external priors [43}[187] and a second TTA method
proposed initially for MR reconstruction CST [38] with cycle consistency at source-domain. The
settings and adaptation strategies of the comparison methods were used directly. SSIM, PSNR are
applied for evaluation.

Experiment 1: Quantitative and qualitative comparison. We used the brain T2 data for showing
the method's adaption to dataset shifts due to different acquisition parameters, other MR imaging
devices (different vendors and field-strengths) and an unseen degradation. For evaluating the TTA
performance on a realistic simulation of LR MR data combined with an unseen image modality,
we used the knee dataset. In Table[4.7, PSNR and SSIM scores are reported with respect to the
baselines on the target domain dataset. On the knee dataset, compared to CST, we improve the
PSNR from 27.50dB to 28.25dB for 4x enlargement. With higher enlargement, both, repurposed
BSR and native TTA obtain worse scores, while UTAR still preserves the adaptation capabilities.
Visual comparisons are shown in Fig. The first two rows show the restored images from the
Guys and I0P dataset with 4x enlargement, while the last row is the result for the multi-coil knee
dataset with 2x enlargement. The input has artifacts and shows a loss of anatomical details.
The comparison methods can improve the performance, but are less effective than UTAR. For high
enlargement, UTAR achieves notably better results than other adaptation methods.

Experiment 2: Frequency distribution analysis. We conducted a frequency distribution analy-
sis for the SR reconstruction performance and the adaptation strategies beyond the the common
evaluation metrics inspired by [51]. As shown in Fig.a), source-domain SR cannot reconstruct
the target-domain data effectively despite their similar anatomy (brain dataset), especially for high
frequencies (blue). The deterioration can be explained by the model's tendency to adhere to the
source-domain distribution (red). In Fig. [4.4(b), although BSR (modified model + spat., e.g., PDM)
and SR TTA (generic model + TTA, e.g., ACT) strategies were capable of capturing the low-frequency
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Table 4.1: Quantitative results on the three unseen datasets Guys and IOP of IXI, PDFS of
fastMRI under different enlargement scales. — indicates adaptation from source domain to
target domain. Note that CST [38] is supervised and has extra access into the source data,
UTAR is unsupervised and source-free.

Brain: HH — Guys Brain: HH — I0P Knee: PD — PDFS

Source Degradation 2% 4x 2% 4x 2% 4x
iz Spat. Freq. SSIM PSNR  SSIM  PSNR SSIM PSNR  SSIM  PSNR SSIM PSNR  SSIM  PSNR
Source |125] w/o TTA 0.782 25.01 0.700 23.03 0.803 27.02 0727 2510 0.833 3272 0682 2651
= SFM 51] - X v 0.786 25.15 0711 2328  0.809 27.17 0.731 25.18 0.844 33.40 0.701 26.83
= PpM |237] - v X 0.830 2583  0.709 2289 0.851 2793  0.739 25.06 0.841 33.05 0.698 26.67
= ACT [164] v - - 0.807 2450 0707 2280 0.826 2638 0735 2495 0.761 28.64  0.685 26.53
= CST|[38] X - - 0.827 2624  0.714 2370 0.837 28.55 0.746 2612  0.849 34.24 0717 27.50

Ours: UTAR v v v 0.830 26.54 0.773 24.62 0.865 282/ 0.775 26.26 0.847 3388  0.728 28.25

Target LR Source only SR BSR PDM Non-source-free CST Source-free UTAR  Target only SR

ulelg

ulelg

EEI]

Figure 4.3: Visual comparison of different methods on the three datasets across target and
source domain. (a) is the LR target, (b) and (f) are SR methods trained within the same domain,
(c)-(e) are representative TTA methods.

details of the target domain for this task ( ), they failed to achieve adequate reconstruction
for high frequencies (red). When compared with the SR TTA strategy in Fig. [4.4(c), in addition to
decreasing the bias of the model itself and narrowing the gap to the target domain (blue), UTAR is
also able to further improve the fidelity in both high- and low-frequency reconstruction based on
the general SR ( ).

Experiment 3: Domain shifts in MRI SR.

We examined the effectiveness of PIC, CCL and UTAR for various domain shifts using a 4x pre-
trained model on 5 unseen datasets shown in Table UTAR vyielded the best results, which
indicates that conditional frequency restoration and imaging chain degradation are important fac-
tors. PIC outperformed CCL, indicating that an enriched degradation model is necessary to achieve
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Figure 4.4: An investigation of the power spectrum density (PSD) for MRI SR (averaged over
50 brain samples). (a) Generic encoder-decoder SR model under-performs in the target do-
main due to image acquisition domain gaps. (b) TTA can improve the initial capabilities of
the model. However, they are still insufficient to reconstruct higher frequencies. (c) UTAR
provides an overall improvement and narrowed the domain gap, enabling generic models to
be adapted to domain shifts.

Table 4.2: PIC, CCL and UTAR for various domain shifts with a 4x SR model.

Training scheme 4 x Target-domain unseen datasets with shifts
Acquisition Acquisition Modality Degradation Anatomy
Source domain IOP T2 Guys T2 HH T HH. nseen Knee
SSIM PSNR  SSIM PSNR ~ SSIM PSNR  SSIM PSNR  SSIM PSNR
+ il 0908 30.76 0901 2885 0.847 3010 0740 2577 0.633 25.46
= +CCL 0.908 30.88 0904 2924 0865 30.87 0767 26.52  0.710 27.74
T +PIC 0911 3118 0906 29.32  0.872 31.01 0.780 26.78  0.721 2828
+UTAR 0.917 31.50 0.912 29.95 0.875 31.12 0.785 26.84 0.743 29.26

source-free adaptation to the target domain for MRI SR TTA. With an adequate posterior degrada-
tion distribution like PIC, CCL is able to provide improved reconstruction capabilities, with particular
attention to high frequencies, where such collaboration is most beneficial.

Discussion: From our experiments we make the following observations: (1) The feature extraction
in MRI SR tends to be fine-tuned to the source domain and requires adaptation. Our method demon-
strates a successful adaptation without accessing the source domain, whereas TTA methods in
MR reconstruction [38] and segmentation [16, 101] usually rely on external priors or data from the
source domain, which might not be available for MRI SR. (2) We show an improved performance
compared to methods accessing the source domain, indicating that appropriate modelling of the
domain shifts, as possible with the PIC, is essential. The implementation of the PIC in this work
is specific to the public datasets used and could be further specialized if more acquisition param-
eters are known, e.g. the exact sampling pattern of k-space. (3) Our novel and more complex
modelling of the entire imaging chain including the specific focus on the restoration of high fre-
quency features seems to be a promising approach to close domain gaps of current SR models.
(4) Our highlight is on generalizing the model to the unseen domain without compromising data
privacy. UTAR adapts a pre-trained model without re-accessing the source domain data at test
time, which is highly relevant in practice.

Weitong Zhang Generalizable Deep Image Reconstruction 82



4.1. Physics-informed Unsupervised Test-time Adaptation for MRI Super-Resolution

4.1.6 Summary

In this paper we propose UTAR, a conditional consistency learning (CCL) strategy and physics-
inspired imaging chain degradation model (PIC) for generic encoder-decoder MRI SR architectures.
UTAR alleviates several possible domain shifts in MRI by fine-tuning the pre-trained models dur-
ing the inference phase without access to the source domain. We have demonstrated improved
domain adaptation performance without extensive re-training while making the model more adap-
tive. Since we have shown that the degradation model has a major impact on the adaptation per-
formance, we intend to develop an implicit physics-informed SR reconstruction system in the fu-
ture.
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Chapter 5

Generalizable and Stable Diffusion Models
for Inverse Problems

Building on advancements in domain adaptation and super-resolution techniques for
medical imaging, particularly MRI, prior work on UTAR (Unsupervised Test-time Adapta-
tion for MRI Super-Resolution) emphasized the importance of physics-informed degra-
dation models and conditional consistency learning in addressing domain shifts in deep
learning-based super-resolution. While it successfully adapted pre-trained models to un-
seen target domains without requiring paired data, the focus was primarily on improving
the quality of low-resolution MRl images through a dual-domain degradation model.

However, ensuring stability and generalizability in diffusion models, especially when ap-
plied to complex inverse problems like MRI reconstruction, remains a critical challenge.
This is where the D3G M (Dynamics-aware SDE Diffusion Generative Model) frame-
work comes in. By leveraging measure-preserving dynamics from Random Dynamical
Systems (RDS), it addresses the instability of traditional diffusion models, particularly
in cases of severe degradation and domain shifts. The framework not only bridges the
gap between high-quality and degraded images but also ensures the diffusion process
remains robust to real-world degradations.

The progression from UTAR to D3G M highlights the increasing need for more theoret-
ically grounded approaches in diffusion models, particularly when tackling challenging
inverse problems in medical imaging.
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5.1 Background:

In recent years, diffusion models have emerged as a powerful tool for generative modeling, showing
impressive results in high-resolution image synthesis. Their success stems from a simple yet ele-
gant idea: gradually turning random noise into structured data through a learned denoising process
governed by a stochastic differential equation (SDE). This formulation has also attracted attention
in the context of inverse problems—tasks like image reconstruction or super-resolution—where in-
formation must be recovered from partial or degraded observations.

Yet despite their promise, diffusion models often struggle when applied to real-world medical data.
The assumptions made in many existing methods—such as idealized noise, linear degradation, or
perfect data distributions—rarely hold in practice. Medical images, especially those affected by
motion, low signal-to-noise ratios, or domain shifts across scanners and sites, present far more
complexity. When faced with such conditions, conventional diffusion models can become unstable:
their sampling paths drift, reconstructions degrade, and generalization suffers.

Part of the problem lies in how these models treat dynamics. The transformations they learn do
not necessarily preserve the structure or distribution of real data. Without constraints to anchor
the process, errors can accumulate across sampling steps. This chapter proposes an alternative.
By framing diffusion as a measure-preserving stochastic dynamical system, we aim to improve
both the theoretical stability and practical robustness of these models. The method we intro-
duce—D3GM—integrates distribution-preserving structure directly into the generative process. We
show that this approach not only improves stability but also leads to better generalization across
tasks and domains.

5.1.1 Related Work

Diffusion Models for Generative Learning. Diffusion probabilistic models have become a domi-
nant paradigm for generative modeling, driven by their strong empirical performance and theoreti-
cal grounding. Early formulations, including denoising diffusion probabilistic models (DDPMs) and
score-based generative models, established diffusion as a process of gradually transforming data
distributions into tractable noise distributions and learning the corresponding reverse dynamics [87,
190,[193]. Subsequent works refined these formulations through improved noise schedules, vari-
ance control, and continuous-time SDE interpretations, enabling more efficient training and sam-
pling [102]. Recent research has also focused on stabilizing diffusion dynamics and accelerating
convergence, highlighting the importance of principled stochastic modeling in high-dimensional
generative processes.

Diffusion Models for Inverse Problems. Building on their generative capacity, diffusion models
have been widely applied to inverse problems, where the goal is to recover latent signals from in-
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complete or degraded observations. Representative approaches include posterior sampling meth-
ods that incorporate measurement operators into the reverse diffusion process [31,132], as well
as conditional and transitionary diffusion frameworks that initialize sampling from corrupted mea-
surements rather than pure noise [135,/142,231]. While these methods have demonstrated promis-
ing results on a range of restoration and reconstruction tasks, they often rely on assumptions
such as linear degradation models, well-aligned priors, or stable forward processes. In practice,
violations of these assumptions—common in medical imaging and real-world data—can lead to
instability, accumulated error, and degraded generalization.

Stability and Generalization in Diffusion Dynamics. An emerging line of work has begun to ex-
amine the stability and robustness of diffusion models under distribution shift, imperfect priors,
and heterogeneous degradation. Several studies have identified sensitivity to noise schedules, ini-
tialization strategies, and forward process design as key factors influencing performance [39}223].
More recent efforts have explored connections between diffusion models and dynamical systems,
including mean-reverting processes and Schrodinger bridges, to improve convergence and con-
trollability [56]. However, most existing approaches focus on local reqularization or heuristic sta-
bilization techniques, without explicitly enforcing global distributional consistency throughout the
diffusion trajectory.

Measure-Preserving and Dynamical Systems Perspectives. Outside the diffusion literature, measure-
preserving dynamics and random dynamical systems (RDS) have long been studied as a principled
framework for analyzing stability, recurrence, and invariant measures in stochastic processes.
These concepts provide theoretical tools for understanding long-term behavior and robustness
under perturbations, yet have received limited attention in the design of modern diffusion-based
generative models. In contrast to prior work, our approach explicitly frames diffusion as a measure-
preserving stochastic dynamical system, ensuring that the generative process respects invariant
distributions and avoids cumulative temporal discrepancies. This perspective enables a unified
treatment of stability and generalization, particularly for challenging inverse problems involving
complex degradation and domain shift.

Weitong Zhang Generalizable Deep Image Reconstruction 86



5.2. Stability and Generalizability in SDE Diffusion Models with Measure-Preserving Dynamics

5.2 Stability and Generalizability in SDE Diffusion
Models with Measure-Preserving Dynamics

5.2.1 Overview

Inverse problems describe the process of estimating the causal factors from a set of measure-
ments or data. Mapping of often incomplete or degraded data to parameters is ill-posed, thus
data-driven iterative solutions are required, for example when reconstructing clean images from
poor signals. Diffusion models have shown promise as potent generative tools for solving inverse
problems due to their superior reconstruction quality and their compatibility with iterative solvers.
However, most existing approaches are limited to linear inverse problems represented as Stochas-
tic Differential Equations (SDEs). This simplification falls short of addressing the challenging nature
of real-world problems, leading to amplified cumulative errors and biases. We provide an explana-
tion for this gap through the lens of measure-preserving dynamics of Random Dynamical Systems
(RDS) with which we analyse Temporal Distribution Discrepancy and thus introduce a theoretical
framework based on RDS for SDE diffusion models. We uncover several strategies that inherently
enhance the stability and generalizability of diffusion models for inverse problems and introduce
a novel score-based diffusion framework, the Dynamics-aware SDE Diffusion Generative Model
(D3GM). The Measure-preserving property can return the degraded measurement to the original
state despite complex degradation with the RDS concept of stability. Our extensive experimental
results corroborate the effectiveness of D3GM across multiple benchmarks including a prominent
application for inverse problems, magnetic resonance imaging.

5.2.2 Introduction

Diffusion probabilistic models [190-192] have demonstrated impressive performance across var-
ious image generation tasks, primarily by modeling a diffusion process and then learning an as-
sociated reverse process. Among the many commonly used approaches [226], diffusion models
that incorporate the concept of score functions 90} (193] can capture the intrinsic random fluctu-
ations of the forward diffusion process, positioning them as a good choice for in-depth analysis.
Score-based generative models (SGMs) entail gradually diffusing images towards a noise distribu-
tion, and then generating samples by chaining the score functions at decreasing noise levels with
score-based sampling approaches. One such example of an SGM with a score-based sampling
technique, known as score matching [192], has gained popularity for density estimation [41]. It em-
ploys methods such as Langevin dynamics [67,(98} 151] and SDEs [97,102, 135, 238] to simulate
the underlying probability distribution of training samples.

However, vanilla unconditional SGMs can be extended to inverse problems by leveraging an im-
plicit prior distribution, based on the available counterpart measurement, subjected to corruption
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and/or noise. To this end transitionary SGMs enable an iterative recovery of the data from this noisy
counterpart, instead of relying on Gaussian white noise as a starting point [34, 56, 128, [135, 142,
231).

Intuitively, leveraging priors and a generative capacity into transitionary SGMs offers the possibility
of exploring high quality reconstruction and restoration and gaining better performance. However,
current transitionary SGMs that incorporate priors have largely overlooked the unreliable quality of
the prior and its measurement. Empirically, transitionary SGMs cannot always be trusted in terms
of stability and efficiency, especially in a regime of non-uniformly distributed noise or corrupted
signal quality [31, 135, 231]. Hence, the exploitation of transitional learning within SGMs does
not come without costs as their advantages vanish in limited data quality settings. Theoretical
understanding is notably lacking in this field with the following fundamental open problem: Can we
realize reliable transitionary diffusion processes in practice for inverse problems with a theoretical
guarantee?

While recent works have started to lay down a theoretical foundation for these models, a detailed
understanding is still lacking. Current best practice advocates for smaller initialisation values (e.g.,
noise schedule [56, [231], instead of large values [39, 223] to ensure that the forward dynamics
brings the diffusion sufficiently close to a known prior and simple noise distribution. However,
a proper choice of the values conditioned on the prior within a theoretical framework should be
preferred for a better approximation of the score-matching objective and higher computational ef-
ficiency. To fully facilitate the power of reversion and generation of transitionary SGMs and to mit-
igate the influence of low-quality measurements for solving inverse problems, this paper provides
a measure-preserving dynamics of random dynamical system (RDS) perspective as a promising
way to obtain reliable reversion and generation. Notably, our ‘measure’is not only the observations
(e.g., degraded images), but also represents the invariant probability measure (distribution) of the
RDS. This allows to consider the concept of an RDS stability and to frame challenging degradation
learning within a measure-preserving dynamical system. Thus, we can start from a transitionary
SGM interpretation of diffusion models and connect RDS to the SDE in transitionary SGMs. The
pitfalls (e.g., Instability) are discussed in Sect.[5.2.6 and further implications can be found in the
Appendix. Transitionary SGMs have not been fully explored before, and we provide a theoretical
interpretation of a stationary process as a possible solution.

Our D3GM framework is abstracted from transitionary SGMs. The key to our framework is a sta-
tionary process following measure-preserving dynamics to ensure the stability and generalizability
of the diffusion, as well as reducing the influence of accumulated error, distribution bias and degra-
dation discrepancy. Our contributions can be summarised as follows:

- Temporal Distribution Discrepancy: We conduct a rigorous theoretical examination of the in-
stahility issue of transitionary SGMs, measured as Temporal Distribution Discrepancy (i.e., lower
bound of modeling error). This analysis sheds light on critical aspects related to stability and
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generalizabilityl} effectively addressing an unexplored fundamental gap in the understanding of
solving challenging inverse problems with SDEs.

- D3GM Framework: We propose a solution, D*GM, and an explanation from measure-preserving
dynamics of Random Dynamical Systems (RDS). ‘Measure’ includes both measurements (de-
graded image) and invariant measures (distribution) of RDS, which allows complex degradation
learning and enhances restoration and reconstruction accuracy.

+ Thorough Evaluation: Our contributions are substantiated by extensive validation. We demon-
strate the practical benefits of our D3GM framework across various benchmarks, including chal-
lenging tasks such the reconstruction of Magnetic Resonance Imaging (MRI) data.

We address the instability of diffusion models for inverse problems under domain shift and con-
cept drift (unknown and heterogeneous degradation). This leads to what we believe is a completely
novel view on the theoretical foundation of how the degradation process is modelled. The result
is an approach that is more in line with the original intention of the theory of diffusion. We chose
inverse problems as a relevant application area to demonstrate our ideas but also included a va-
riety of challenging problem settings to explore the generalizability of D3G M. To the best of our
knowledge, no other method can handle a diverse range of challenging tasks like real-world de-
hazing, compressed MRI reconstruction, blind MRI super-resolution, etc. with a unified underlying
theoretical framework. In Tab.[5.T we illustrate the key differences of D3G'M compared with SGMs
and transitionary SGMs.

5.2.3 Preliminaries

SGMs. We will follow the typical construction of the diffusion process «(t), t € [0, T| with x(t) €
R?. Concretely, we want z(0) ~ po(x), where po = pyaa, and (T') ~ pr, where pr is a tractable
distribution that can be sampled. In this work, we consider the score-based diffusion form of the
SDE [193]. Consider the following Itd diffusion process defined by an SDE:

dx = f(x,t)dt + g(t)dW, (5.1)

where £ : R — R%is the drift coefficient of z(¢), g : R — R is the diffusion coefficient coupled
with the standard d-dimensional Wiener process w € R?. By carefully choosing £, g, one can
achieve a spherical Gaussian distribution as ¢ — T'. For the forward SDE in Eq.[5.1} there exists a
corresponding reverse-time SDE [9,[193]:

dw = [f(2,1) — g(t)? Vi log pi (@)]dt + g(£)dW, (52)

score function

'Generalizability refers to the extent to which out-of-distribution and domain shift impacts the fidelity of the restora-
tion process. Stability in SDE diffusion models is demonstrated by its resilience to degradation beyond its domain and
its consistent ability to restore high-quality images.
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Table 5.1: Differences between state-of-the-art SDE diffusion-based approaches.

Model p(Xo) p(Xy) Theorem Foundation Properties  TDD (Prop.2) Attractor Operator Dir.  Inverse problem solver
SGM [191] pa  N(0,1) SDE diffusion No prior Unsolvable  No subset attracts  one-sided

IR-SDE[135]  pa  pa(:|Xo, 1) Mean-reverting SDE Instability Limited Gaussian one-sided  Lin/Non-Lin

2B [128] 5.  ps

(-] Xo) Schrodinger Bridge Strict Prior ~ Limited No subset attracts  one-sided  Lin/ Non-Lin
D3GM (ours)  pa  pp(:|Xo,p, 7) Measure-Preserving RDS  Stability Robust N (u, 72021 two-sided  Lin/ Non-Lin/Blind

where dt is the infinitesimal negative time step, and w is the Brownian motion running backwards.
The score function V. log p,() is in general intractable and thus SDE-based diffusion models
approximate it by training a time-dependent neural network under a score function [90,(210].

Transitionary SGMs. (34,42, /56,128,135, 231] leverage a transitionary iterative denoising paradigm
for the inverse problems. In inverse problems, such as super-resolution, we have an (nonlinear,
partial, and noisy) observation vy of the underlying high-quality signal . The mapping = — y is
many-to-one, posing an ill-posed problem. In this case, a strong prior on « is needed for finding a
realistic solution. Formally, the general form of the forward (measurement) model is:

y=A(x)+n, y,ncR" xcR’ (5.3)

where A(-): R? s R"P} oftentimes n < d is the forward measurement operator and = is the
measurement noise, assuming nn ~ N (0, 02I'). While sharing a similar aim of bridging  and =
in transitionary SGMs, different mathematical frameworks have been used: [42] employs Inversion
by Direct Iteration; [56,/128,135] model it as a Mean-reverting SDE.

Transitionary SGM has become an increasingly important line of SDE research due to the appli-
cability on images with theoretical guarantees. However, they often perfrom poorly in real-world
scenarios. To provide a theoretical investigation of this gap, we interpret Transitionary SGM as
Ornstein-Uhlenbeck (OU) process. This perspective allows us to understand the random fluctua-
tions in image degradation as stochastic processes, providing a foundation to integrate random
dynamical systems (RDS) with the diffusion process as a natural extension of the SDE framework
involving the OU process.

The Measure-preserving property is introduced from the perspective of RDS: The distribution can
still return to the original state despite severe degradation. Our approach constructs a bridge from
measure-preserving dynamical system to transitionary SGM through measure-preserving dynam-
ics, and highlights the Temporal Distribution Discrepancy in Sect.[5.2.6. Subsequently, we address
this issue of instability: by incorporating a measure-preserving strategy into the solution of inverse
problems, which is detailed in Sect.[5.2.7} This covers counterpart modeling, bridging a transition
from uncertain diffusion modeling to deterministic solutions, yielding significant improvements in
both performance and efficiency as demonstrated in Sect.[5.2.8.

ZMRI signals are defined on C™ and C?. We demonstrate in Sect.[5.2.8|that our approach is applicable to MRI.
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5.2.4 Intuition of Measure-Preserving Dynamics in SDE:

Consider the analogy of a stretched rubber band, which naturally seeks to return to its original but
does so with a lot of oscillations when released. This elastic behavior parallels the dynamics of the
OU process, where deviations from a mean state are counteracted by a restorative force, guiding
the system back towards equilibrium (i.e., final state), with random perturbations.

Our process models the noise as a stochastic component that fluctuates around a stationary pro-
cess and improve the OU process with RDS. Measure-preserving dynamics ensure that while the
image undergoes transformations during the denoising process, the overall statistical properties
remain consistent (i.e., invariant image features), which cannot be satisfied by vanilla OU processes
or previous approaches (Tab. 1).

5.2.5 Mathematical Preliminaries

Consider a probability space (€2, F, P) accompanied by a standard Brownian motion W;. A stochas-
tic process x; over theinterval 0 < ¢ < T can be formulated by the following stochastic differential
equation (SDE):

dl't = b(t, xt)dt + O'(t, .Tt)th (54)
Definition 1 Filtration A collection of sigma-fields,
F:={F,0<t<T}

is termed a filtration if:

1. Fy C Fisasub-o-field forevery t € [0, T);
2. 1f0<t; <ty <T, then F;,, C Fy,

Here, F; represents the information set at time .

Definition 2 Strong Solution A process x, which is F-progressively measurable, is considered a
strong solution to the SDE given by Eq.[5.7 if:

T
/ (|b(t, 20)|* + |o(t, 7,)|?)dt < oo
0
almost surely. This is captured by:
t t
Ty = T +/ b(s,zs)ds +/ o(s,xs)dWs,Vt € 10, T] (5.9)
0 0

Definition 3 Lipschitz Continuity For an N-dimensional stochastic process x; over t € [0, 00),

Weitong Zhang Generalizable Deep Image Reconstruction 91



5.2. Stability and Generalizability in SDE Diffusion Models with Measure-Preserving Dynamics

adapted to the filtration F, function w(x;) exhibits Lipschitz continuity in x if:
1. w(xy) is F-measurable with the requisite dimensions.

2. There exists a non-negative constant K such that, for every x; and x,

w () —w(z,)| < Klw, — 2,

In numerous diffusion models, Lipschitz continuity is inherent, ensuring the existence and unique-
ness of the solution to the stochastic process. However, for clarity in network design, the emphasis
on Lipschitz continuity ensures the foundation of neural networks remains consistent.

Definition 4 Random Dynamical System A random dynamical system(RDS) consists of a base flow,
the "noise”, and a cocycle dynamical system on the “physical” phase space, we first discuss one
fundamental element of our RDS, the base flow.

Let (2, F,P) be a probability space, the noise space. Define the base flow ¢ : R x Q — Q as
follows: for each "time” s € R, let ¥, : Q — € be a measure-preserving measurable function:
P(E) =P, (E))forall E € Fands € R

Suppose also that

1. 99 = idg :  — Q, the identity function on €,

2 forall s,t € R, 9 009 = 0,4

Thatis, ¥, s € R, forms a group of measure-preserving transformation of the noise (Q, F,P)
Now we are ready to define the random dynamical system(RDS).

let (X, d) be a complete separable metric space, the phase space. Let ¢ : R x Q x X — X be
a (B(R) ® F ® B(X), B(X)) measurable function such that 1. for allw € Q, p(0,w) = idyx :
X — X, the identity function on X; 2. for (almost) all w € €, (t,x) — @(t,w, x) is continuous,
3.  satisfies the (crude) cocycle property: for almost all w € €,

(1, 0s(w)) 0 (s, w) = p(t +5,0)

In the case of random dynamical systems driven by a Wiener process W : R x Q — X, the base
flow 9, : Q — Q would be given by

W (t,0s(w)) =W(t+s,w) — W(s,w).

Theorem 1 Existence and Uniqueness |f the initial condition x, € 1.2 is a random variable that’s
independent of W and both (0, zo) and (0, ) € H? then, provided there exists a constant
K > 0 that satisfies:

[b(t, ) = b(t, y)| + |o(t, x) — o(t,y)|

(5.6)
< Kl|lzx—y|, Yte|0,T],z,ycR"
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(an attribute also recognized as Lipschitz continuity), a unique strong solution to Eq.[5.1 exists in H?
for every T > 0. Additionally:

E {sup |xt|2} < C(1 + E|zo|?)e” (5.7)

t<T

holds true, where the constant C' depends on both T and K.

5.2.6 Instability Analysis: Transitionary SGMs with Corrupted SDE Dif-
fusion

Ornstein-Uhlenbeck (OU) process. An OU process is acommon case in transitionary SGMs, where
x4 is defined using an SDE: dxy = —0,xdt + o.dW,. W, is standard Brownian motion. A drift
term p can be introduced:

dry = 0y(p — ) dt + oy dW,, (5.8)

where 1 denotes state mean, reflecting the expected state of the measurement (e.g., corrupted
image [135], noisy speech [219]) over time. 6,, o, are time-dependent parameters. The drift term
corrects deviations from the constant p, effectively pulling the process towards u (t — oo) with
Stability as opposed to pure noise in Eq.[5.7.

Measure-preserving Dynamics in SDE Diffusion. The solution of the above SDE can be repre-
sented by a continuous-time random dynamical system ¢ defined on a complete separable metric
space (X, d). (See precise definition of RDS in Appx. @) More generally, we can extend the
RDS to a two-sided solution operator with a flow map. The base flow driven by Brownian motion
can be writtenas W (¢, 95(w)) = W(t + s,w) — W(s,w).

Proposition 1 After extending the solution of the OU process to RDS, the measure-preserving RDS
¢ should meet the property o(t, s;w)z = ¢ (t — s,0;Ysw) x. However, OU processes with time-
varying coefficients usually do not satisfy this property. In this situation, the system breaks the
forward-reverse processes, making it difficult to maintain stability.

Intuition 1. A two-sided measure-preserving random dynamical (MP-RDS) system formula-
tion enables us to use the Poincare recurrence theorem [159], intuitively, with a two-sided
MP-RDS ¢, the Poincare recurrence theorem ensures that the system ¢, starts from termi-
nal condition z, run backward in time, will hit a region (zo — €, zo + €) for small € in finite
time, where zq is the high-quality image.
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Example 1. Following Intuition 1. and Prop. 1, suppose that the OU's 6, follows a cosine
schedule, suchthatf; = cos(t) for0 < ¢ < T, thenforsome0 < s <t < T, p(t, s;w)x #
¢ (t — s,0;9,w) x because the change of 6, w.rt. time is not uniform. The OU-process
instability exists due to Temporal Distribution Discrepancy (Prop. 2).

At a high level, Proposition 1 can be extended to show that there exists a compact attracting
set at any —oo < t < oo, and this convention has allowed us to characterize the attractor
K(w) = N(u,0?/20). The closed-form distribution for y can be complex and may not be
tractable depending on the particular scenarios of the actual image degradation process u. The
modification of o and @ is used to regularize the perturbation and attempt to close the distribution.
However, these injections might bypass the stationary process.

Instability-Temporal Distribution Discrepancy. Given the process OU (4, u; ¢, 6) with Eq. [5.8]
where z7 # x, for finite T', indicates that the perturbed state cannot move towards the de-
graded LQ image and fails in matching the theoretical distribution. This inherent discrepancy fur-
ther causes bias in the estimation of p;, which gradually accumulates into error in the reverse
process.

5.2.6.1 Analysis of Proposition 1

Proposition 1 After extending the solution of the OU process to RDS, the measure-preserving flow
map of the solution should meet the property (¢, s;w)x = ¢ (t — s,0;9sw) z. However, OU
processes with time-varying coefficients are usually not satisfied for this property(can be referred
to as time-homogeneity) and thus the stability of the system breaks.

The forward process in SDE notation

dxy = 0,(u — xy)dt + o dW,

and the solution to the above SDE is given by
_ t _
Ty =W + (1'5 - :u)e_em +/ O-Ze_ez:tsz

where 0, = [16.dz.

This solution above can be represented by a continuous random dynamical system (RDS) ¢ defined
on a complete separable metric space (X, d), where the noise is chosen from a probability space
(2, F,P). More details can be found in [36).

More generally, we can extend the RDS to two-sided, infinite time, define a flow map or (solution
operator)  : R x Q x RY — Re by o (¢, s, |w, z0) 1= z (¢, s|w, 29) Withw € Q, —c0 < s <
t < oo. The base flow driven by Brownian motion can be explicitly written as W (¢, ¥,(w)) =
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W(t+s,w)—W(s,w).

Now suppose that:

1. The flow map ¥, t € Ris a measure-preserving transformations of (£2, F, P), with the property
thatforall s < tand z € X,

o(t,s;w)r =@ (t —s,0;9w)x, P-as. (5.9)

2.() p(t,m;w)p(r, s;w)r = @(t, s;w)x foralls < r < tandx € X;
(ii) (t, s; w) is continuous in X, forall s < ¢.
(iii) for all s < t and z € X, the mapping

w i (t, s;w)x

is measurable from (€2, F) to (X, B(X)); and

(iv) forall t,x € X, and P-a.e. w, the mapping s — (¢, s; w)z is right continuous at any point.
Where B(X) denotes the o-algebra generated by X.

Under assumptions (i), (ii), (iii), (iv) and suppose that for P-a.e. w there exists a compact attracting
set K(w) attime 0, .e., such that for all bounded sets B C X,

d(p(0,s;w)B,K(w)) -0 as s— —o0

We can see that the attractor of this system is defined in the pullback sense, such that time is
rewind backward before iterating forward.
Moreover, the reverse process with any starting time ¢ to s is defined as the RDS going backward
intime

o(s, t|dw, xy)
start from the time ¢ realization and run backwards to s.

the above proposition can be extended to show that there exists a compact attracting set at any
—o0o0 < t < oo. and this convention has allowed us to characterize the attractor K (w) =
N (1, A?), when the time becomes finite, for example from 0 to T, the random attractors can be
abstractly viewed as (u + (g — p)e %t A(1 — e‘éo:t))

Moreover, an important assumption in the[5.9is usually not satisfied for OU processes with time-
varying coefficients, therefore, we impose that for every t, % = A% where \ is a constant, and
will be the asymptotic variance of the forward process. This convention has allowed us to reduce
the regularization on two variables o, 6; to just one variable to satisfy[5.9} and this convention
has allowed as to characterize the attractor K (w) = N (i, A?), when the time becomes finite, for

example from 0 to T, the random attractors can be abstractly viewed as the Gaussian measure
N (u + (zy — p)e %0t A(1 — e_é‘“))
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5.2.6.2 Proof for reverse-time D3GM process:

There is a one-to-one and onto correspondence between the stochastic differential equation and
the Kolmogorov equation for p (z,t | 5, s) ,t = s, which describes the evolution of the underly-
ing probability distribution. Consequently, there should be a one-to-one and onto correspondence
between a reverse-time equation for , and a Kolmogorov equation for p(z, t|xs, s),s >t

dﬂ?t = Ht(,u — xt)dt + TO'th

We have the corresponding Kolmogorov backward equation given by

Op (4,8 | x4, t) Op (zs, s | w4, 1)

=0i(p — ) -

315 8:@
L Ol |t o0
2 ! ox? ’
The unconditioned Kolmogorov forward equation is given by
_ap ('TS7 S | I't,t) _8 (Qt(/,b - xt) P (x57 S ’ xt)t))
3t n axt
1 20 ples | 5 51
2 ox? ’
See [9] for more details on Kolmogorov equations.
Bayes rule gives
p (xlh ta Ts, S) =p (l’s, S | L, t>p (xta t)
We plug this result into[5.10] which gives us the Kolmogorov equation
—gp (e, t, 5, 8) == [f (x4, 0) p (24, t, 25, 5)]
8t ) ) axt 7 ) ) (5 ‘12)
182 [p (mtath&s) '7—203] '
2 ox?
and the expression for £ is given by
7 (@) = 041 — 20) — ——2 [p (2, 1) 207]
| p (e t) O = (5.13)

0
= 0,(u — ;) — 7°0} log o, [p(x,t)]

Therefore, we have that the reverse process corresponds to the Kolmogorov equation(5.13 is given

by
dry = 0,(p — x,) — 7202 log Vupi(x,) + T202dW,

Definition 5 Different from deterministic dynamical systems, random dynamical systems usually
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consider a pullback attractor rather than a forward attractor due to the non-autonomousness intro-
duced by the random noise. The pullback attractor (or random global attractor) A(w) for the RDS ¢

we defined in[)is a P-almost surely unique random set such that:

1. A(w) is a random compact set: A(w) C X is almost surely compact and w — d(z, A(w)) is a

(F, B(X))-measurable function for every x € X

2. A(w) is invariant: for all p(t,w)(A(w)) = A (Yw) almost surely;

3. A(w) is attractive: for any deterministic bounded set B C X, limy_, 1o d (¢ (t,9_4w) (B), A(w)) =
0 almost surely.

B(X) denotes the Borel o-algebra generated by the space X where the RDS is defined.

Definition 6 Poincare Recurrence Theorem
Let
(X, %, )

be a finite measure space and let
fX—=X

be a measure-preserving transformation. then we have that for any E € ¥, the set of those points
x of E for which there exists N € N such that f"(x) ¢ E for alln > N has zero measure.

In other words, almost every point of E returns to E. In fact, almost every point returns infinitely
often;i.e. u ({x € E : there exists N such that f™(x) ¢ E forall n > N}) = 0.

5.2.6.3 Proof for Proposition 2

Proposition 2 Given Eq.[5.3/and Eq.[5.8] and assume that the score function is bounded by C'in
L? norm, then the discrepancy between the reference and the retrieved data is, with probability at
least (1 —¢):

|29 — OU(z0, 11 T,0)]|3
> | ((wo — p)* = 07/207) ™" + 07./207 (5.14)

e (Cafm +d+2y/—d logé — 210g5> I

where x Z are the quality reference and sampling data. For a noisy inverse problem scenario, the
retrieved data with any finite 7" always indicates difference depends on oy, 1, A, T, K, where K
is the Lipschitz constant for the reverse process.

we have that the absolute value between the theoretical expectation and actual expectation after
T period is given by
e = E(ar)|| = |[(wo — p)e” 7| > 0

Similarly, the difference between theoretical variance and T-period variance also has a strictly pos-
itive difference. where 6, = fot 0ds.
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Therefore, with finite T", the final state of the forward process can only reach a iz rather than the
theoretical stationary distribution, which we denote by z.., we denote the retrieved image after
T-periods from theoretical stationary distribution by 2, z¢ by the ground truth HQ image, z+ the
true distribution after T iteration,

lzq = foun(zq, pi to )l = i1 — 20 = (20) — Tooll3

(5.15)

> [[llar = zooll = 70 — 2o 3113

Inside the norm, the first term is bounded below, since both 27 and z., both follow a normal
distribution and are independent of each other, the difference between those two random variables,
we denote by z7, that follows a normal distribution

N (u +(zo — p)e ™ — p N2 (1— e ) + V)

_ i (5.16)
N ((xo — et a2 - e—%t))
Therefore, we could rewrite the equality as:
[z = fou(zq, 1; to)]]
0 d02 2|2
> el = || [~ bog i) de+ dw
v al 2|\, (5.17)

= (330 - M)ze_Qét + >‘2(2 B G_Qét) - Cgréwlwax o

O Jdo?
—dw
/T Voar !

Since we require A = ;’—i we can find @ 0,4, Such that o, < 0,4, for all t. The last term
only concerns the random noise, according to [116], we have that the last term is equivalent to

o112
2|9

the squared L, norm of a random variable from a Wiener process at time ¢ = 0, with marginal
distribution being ¢ ~ N (0, 021). The squared L, norm of ¢ divided by o2 is a x2-distribution
with d-degrees of freedom, we have the following one-sided tail bound, according to [116]

Pr (Heng/a? (to)) > d+2y/d- —logé — 2log(5) < exp(logd) = 6

Therefore, with probability 1 — 4, the HQ image and retrieved image has a lower bound of ,(d is the
number of dimension for z),

[ (@0 — 1) = A2) €7 4 232

o2 (cagm 4 d+2y/—d logd — 2log 5) |
A SDE modeling that has suffered complex degradation is considered ‘corrupted:
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Example 1. Based on the Prop. The conditional SDE diffusion is composed of three general
stages, forward, backward, and sampling. Both time-reversal processes have been declared
unstable under the degradation process p according to the Prop. 2.

The following advantages would be offered by our measure-preserving dynamical system when

formulated as SDEs:
Intuition 1. A two-sided measure-preserving random dynamical(MP-RDS) system formulation

enables us to use the Poincare recurrence theorem, intuitively, with a two-sided MP-RDS ¢,
the Poincare recurrence theorem ensures that the system (; starts from terminal condition

x7, run backwards in time, will hit a region (xo — €, 2 + €) for small e in finite time, where z
is the high-quality image.

Proposition 2 Given Eq.[5.3 and Eq.[5.8, and assume that the score function is bounded by C'in L?
norm, then the discrepancy between the reference and the retrieved data is, with probability (1 — 9)
at least:

2o = OU(wo, u; T, 0)II5 = | ((z0 — 1)” — 0%/20r) " + 07./207

— o2 (oagm +d+2y/—d logé — 210g5) I

(5.18)

Intuition 2. Intuitively, Proposition 2 provides a theoretical measurement on how the differ-
ence between finite iteration distribution and the asymptotic distribution of the OU-process
in L? could further enlarge the discrepancy between the retrieved image and the actual HQ
image. Discrepancies are typically explained by complex degradation vs. monotonic model-

ing.

For a noisy inverse problem, the retrieved data with any finite 7" depends on oy, us, A, T, K (Lip-
schitz constant). This proposition also correlates to [142], where the lower bound of the distance
between the high quality image and retrieved image in L2 norm in our model is further enlarged by
this discrepancy, which correlates to the term ((zg — 1) — (02/2607)) e =207 4 2./26.

Another way to further minimize this bound is through the term =207 with [0, 7] normalized to
[0,1]. What we refer to as #-schedule corresponds to the exact functional form of 6,, several
schedules can be set here, e.g., constant, linear, cosine, and log. At a high level, the discrepancy
between the reference and the retrieved data stems from the divergence between the forwarded
final state and the low quality image. Eq.[5.18 can be factored into three constituent parts: the data
residual, the stationary disturbance, and the random noise. While conditional diffusion generation
entails a trade-off between variability and faithfulness [231], the persistent discrepancy within the
residual has a significant impact on the generalizability of solving the transitionary tasks. This also
establishes a connection with SDEdit [142] and CCDF [34]. When fitting inverse problems involving
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paired data into diffusion models, while accounting for deviations and degradation, inserting them
into Eq.[5.8directly may not be the most effective strategy.

During sampling and inference with the degraded input y, the discrepancy identified in Prop.[2]inten-
sifies. The complex degradations in y exacerbate the divergence from the expected y distribution,
significantly impacting the accuracy of the restored data .

Temporal Distribution Discrepancy during Sampling

Theorem 2 Suppose that both the drift b;(x) and diffusion o,(x) term of a stochastic process z; is
Lipschitz continuous with some constant K, moreover, x € L% (F, R) is a solution to the SDE

dxy = b(t, z)dt + o(t, x)dW,;
and initial condition by, oo then we have that

E [|lzr — z0*] < COI, (5.19)

([« [ ot

and C depends only on T', K, which is the running time and Lipschitz constant

such that
Ig =K

Firstly, we have the following relationship:

)

T ¢
xr < |z0| +/ |b(t, )| dt + sup / o(s,z) dW;
0<t<T |Jo

/0 t o(s, )

Squaring both sides, taking expectations, and applying the Burkholder-Davis-Gundy inequality, we
get:

(5.20)
|z — o </ |b(t,x)| dt + sup

0<t<T

E [|xT — 1’0]2]

t 2
< CE </ |b(t, x4)| dt) + sup </ a(s,xs)st>
0<t<T 0
(5.27)
<CE </ (b0l + o] dt) / ot 2,)| dt
0

2

< CE _</OT|b0\ dt> +/0 [lool* + |a,|*] dt

Remark: It should be noted that the constant C, which depends on T" and K, varies from line to
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line.

Next, we show that for any e > 0, there exists a constant C. > 0 such that:

sup E [[:]*] < eE [|a%]*] + C.1I2. (5.22)
0<t<T
Applying Itd's formula, we get:
d|z|* = [22b(t, z¢) + |o(t, xt)|2] dt + 2x,0(t, ;) dBy. (5.23)

Considering the martingale property of the third term, integrating, and taking expectation on both
sides, we have:

t
E [|xt|2} =E |:|{L'0|2 +/ [22,b(s, z,) + |0(s,:ns)|2] ds]
0
t
<E [|$0|2 + / [C | + 22| |bo| + C |oo|?] ds] (5.24)
0
¢ T
< C/ E [|37s|2] ds + 2E [xT/ |bo| ds} +CI;.
0 0

Using Gronwall's inequality, we can prove (5.22) with the result above. Substituting (5.22) into (5.21)
completes the proof, showing that the distance between x4 and x in the L2-sense is bounded by
C(K,T).

With theorem 1in hand, since the OU process is Lipschitz continuous, then the reverse process for
the OU process is also Lipschitz continuous.

Now, suppose that the Lipschitz constant for the reverse process is given by K. then we have that
in L?-norm, the distance between any final state x7 € A/ (u, A) and the initial state(HQ image)
is bounded by a constant that only depends on time 7" and Lipschitz constant &, and the initial
condition for the drift and diffusion term, where we denote as C'(K, T, i1, A), which will be written
as C(K,T) for short,

Now, since the time T' is finite, where theoretically only when T" — oo would z7 converge to the
theoretical stationary distribution, thus, if we denote the sample from T" time steps by &+, and 2 by
the sample from the theoretical stationary distribution, then we have E[zr —27)] > (T, K, i, \),
note that the K here is the Lipschitz constant for the forward process, and this distance strictly
decreasein T'.

Suppose that in inference, when the ground truth z is unknown, the distance between ground truth
xo and sample from the theoretical distribution x4 is bounded from below by

|20 — 7oo|] > C(K,T)IF + € (5.25)
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Then, we can see that the gap between x7 and 27 increases such bound, which is

|20 — 27| > [|T0 — Too — (1 — To0)|]

> C(R, T + T, K. 1, \)

where T is the time step for the forward process, and ¢ is some strictly positive constant. Now
suppose that 7, is the solution to the reverse process, which runs for 7" periods in total, then we
have that for ¢ € [0, T, denote zo, & as the original HQ image and the final state of the reverse
process, respectively.

HxQuality —0U (anuality7 1w to, 9) ||§ —
[0 — i‘tj” = ||$0A— T — (2o — 27)| = (5.26)
llzo — 27|l — [[(Zo — 27|l >
e+ C(K,T)I; -~ C(K,T)I} =
Therefore, the bias created in inference depends on the LQ image p, Stationary variance, Lipschitz
constant, and the time steps T.

5.2.7 Towards Stability: Measure-preserving Dynamics in SDE Diffu-
sion

In Sect.[5.2.6, we extrapolate and theorize the Temporal Distribution Discrepancy on p and x in the
diffusion model for the inverse problem. Our key idea is to combine the stationary process to alle-
viate the Temporal Distribution Discrepancy problem following the measure-preserving dynamics
from RDS. Recall that our ‘measure’ is not only the measurements (i.e., degraded image), but also
represents the invariant measure (distribution) of the RDS.

We begin by describing the forward and reverse processes of the D3GM, which serves as a stable
bridge between the quality data and the counterpart measurement. We adapt score-based training
methods to estimate this SDE. Following this, we describe the essential constructions for preserv-
ing the stationary process in the diffusion model and solving for Temporal Distribution Discrepancy
on an orthogonal basis compared to current transitionary diffusion models.

Measure-preserving Dynamics with the Stationary Process. Following Prop. [T} in a SDE Diffusion
from 0to 7', the corresponding ‘attractors’ (states) can be viewed as A/ <# + (20 — p)e ", o2(1
We can guide SDE Diffusion towards a stable and robust solution based on the properties of
Measure-preserving in RDS. It can be extended to impose that for every ¢, ;’—gi = A2, where \
is the variance of the designated stationary measure forward process. This convention allows

us to reduce the reqularization on two variables oy, 8; to just one variable to satisfy the prop-
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MRI Reconstruction MRI Super-resolution Real Dense Haze Removal
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High Quality Image Perturbed Image Low Quality Image Output

Figure 5.1: Dynamics-aware SDE Diffusion Generative Model (D*GM). When extending transi-
tionary SDEs to random dynamical systems (RDS), their measure-preserving property should
be kept to maintain stability. This corresponds to driving the SDE towards the drift term x (LQ).
There is a Temporal Distribution Discrepancy which results from the gap between the forward
estimation x7 and the low quality image in the SDE. With the distribution aligned between x4
and u, the SDE can be made more robust to inverse problems. Reconstruction results for low
quality (LQ) images after application of our D3GM method, on different tasks, compared to
the ground truth (GT) on two domains - The frequency domain: MRI Reconstruction (under-
sampling factor 8x, 16x, frequency masks are colored red); MRI Super-resolution (up-scaling
factor of X4, cross-domain evaluation). Due to the frequency-domain acquisition and the ill-
posed nature of k-space undersampling, reconstruction artifacts in MRI differ fundamentally
from those in natural image restoration, making this task particularly challenging for generic
diffusion-based models.
The image domain: Real Dense Haze Removal; Rain Removal (light, heavy).

erty of the measure-preserving dynamics in the asymptotic sense, i.e., lim; o ¢(t, s;w)x =
lim; o ¢ (t — s,0;Ysw) z. This convention allows us to characterize the attractor of the system
as K(w) = N(u, \?).

The definition and constraint of the attractor are significant; without imposing this constraint, the
measure-preserving property cannot be maintained, and the system would degrade into a Coeffi-
cient Decoupled SDE (Coe. Dec. SDE), we also analyse this in Fig.[5.3/and Tab.[5.4|

Example 2. When § — oo, the attractor becomes excessively large, reducing the signif-
icance of . SDEs exhibiting this behavior are defined as Coefficient Decoupled SDEs. In
practice, ; demonstrates non-infinite properties as an input image, while the corresponding
sigma and theta are indeed unconstrained. In such decoupled forms, the coefficients of the
attractor size increases ¢, diminishing the significance of p.
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5.2.7.1 Implementation details

Model Implementation: Our exploration into mitigating Temporal Distribution Discrepancy in dif-
fusion models employs two neural network architectures, each catering to different dataset com-
plexities.

We utilize the adopted UNet, a staple in DDPM [81] and DDIM[191] frameworks, chosen for its
widespread use and strong benchmarking capabilities. By solving the discrepancy through this
established structure, we achieve state-of-the-art results on synthetic data, showcasing the poten-
tial of improving transanary SDE diffusion models in terms of Temporal Distribution Discrepancy
and stationary process. Additionally, the use of this prevalent architecture allows for comprehen-
sive analysis and discussion.

Real-world data with its inherent complexity, such as combined degradations, large resolutions, and
extensive interdependencies, requires an architecture beyond the conventional UNet. Our improved
model incorporates Squeeze-and-Excitation [141] and NAF [30], explicitly designed to capture intri-
cate feature interrelations. While these models do not seek to innovate the architectural paradigm,
it provides a solid baseline that provides better feature extraction ability than UNet performance in
demanding scenarios.

Table 5.2: Datasets parameters and split setting. |OP details of the scan parameters are not avail-

able.
Datasets Data setting Collection Sequence parameters
_ Subjects Slices Hospitals Scanner  Repetition time Echo train length ~ Matrix size  Receiver coil

Source domain
HH (IXI Brain) 184 60 Hammersmith Philips 3T 5725 16 192 x 187 Single
Target domain
Guys (IXI Brain) 30 60 Guy’s Hospital Philips 1.5T 8178 16 Unnormalized Single
|OP (IXI Brain) 30 60 Institute of Psychiatry =~ GE 1.5T Unknown Single

Method PSNRT SSIM1 LPIPS|

WD UNet 27.31 0.8322 0.227

SN UNet 28.63 0.8687 0.144

UNet 31.03 0.9001 0.058

Table 5.3: Evaluation of the Lipschitz continuity.

Additional details: The U-Net we adopted is similar to DDPM as described in 31,33, 135], where
the improved model incorporates Squeeze-and-Excitation [141] to replace the Attention module
within NAF [30]. EDSR [125] is employed as the base model for TTA-based comparison meth-
ods in MRI super-resolution. In different downstream tasks, we follow the common setting of the
latest compared methods: Deraining [135], Real Dehazing [163], MRI Reconstruction [88], and MRI
super-resolution [38] and [125]. Below are more specific details about MRI reconstruction and MRI
superresolution. For most of the experiments, the training patch-size is set to 128x128 with a batch
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Table 5.4: Exemplary deraining results of (A) SGM, (B) transitionary SGMs: Coefficent Decou-
pled SDE, OU SDE, and D3GM.

Method PSNR SSIMt LPIPS|
A SGM 27.27 0.840 0.144
Coef. Dec. SDE 26.18 0.826 0.205
B OUSDE 30.58 0.900 0.051
D3GM (ours) 32.41 0.912 0.040

size of 16. We utilize the Adam optimizer with 3, = 0.9, 3, = 0.999, a learning rate of 10~* with
a decay strategy. Our models are trained on three RTX 6000 GPUs for about four days, each with
40GB of memory. Random seed is 42. All mathematical variants follow the cosine schedule as
per [146]. The variance X is set to 10 for the OU and stationary processes. In the coef. decoupled
SDE, o is kept decoupled and does not vary with 6. We observed that the adaptability of 7 to tasks
is contingent upon the task’s corruption for model stability and generalizability.

7 iS a hyperparameter as one of the ways to introduce Measure-preserving Dynamics to shape
more stable SDE diffusion. It is informed by the deviation between the degraded image and the
expected high-quality image. For tasks with moderate intra-domain deviations, 7 is set to 2, while
for tasks with substantial cross-domain and degradation discrepancies, a larger 7 is used. This
metric is based on RDS settings of different degradations, rather than learned. A MLP can be used
to learn 7 as adaptive metric, although it is not comparable with obvious improvements.

SGM, and Transitionary SGMs vs. D>GM: We perform qualitative[5.3/and quantitative[5.4/analyses
using variants of closely related formulations for Prop.[l|and[2]and evaluate across (A) SGMs and
(B) transitionary SGMs. (A) uses acommon score-based SDE, (B) uses a Coefficient Decoupled SDE
(e.g., variance exploding SDE with the drift term 1) according to Prop.[lland OU SDE, alongside our
D3GM.

MRI Reconstruction: We applied 584 proton-density weighted knee MRI scans without fat sup-
pression. These were subsequently partitioned into a training set (420 scans), a validation set (64
scans), and a testing set (100 scans). For each scan, we extracted 20 coronal 2D single-channel
complex-valued slices, predominantly from the central region with the uniform size of 320 x 320.
Our test set differs from the 200 reported in [88], possibly as a result of the change in the offi-
cial versions of FastMRI. We subjected all experiments to Cartesian under-sampling masks with
undersampling factor 8x and 16x. In the undersampled MRI scans, the acquisition process en-
tails sampling a fractional subset of the Fourier-space (k-space), typically governed by a mask
along the dimension of undersampling rate. Undersampling inherently induces aliasing artifacts in
the resultant images. Considering the domain deviation, we did not supplement the extra test
set into the final 100 samples. Otherwise, we stayed consistent with the details of the paper.
For a robust comparison, we benchmarked against a diverse set of deep learning-based state-

Weitong Zhang Generalizable Deep Image Reconstruction 105



5.2. Stability and Generalizability in SDE Diffusion Models with Measure-Preserving Dynamics

of-the-art reconstruction methods, including CNN-based approaches such as D5C5 [182] and DA-
GAN [225], the Transformer-based SwinMR [89], diffusion model-inspired DiffuseRecon [155], and
the CDIffMR [88]. Quantitative results in Tab. [5.8|exhibit a differing trend from the image domain.
The task-specific diffusion models achieve better results and are more capable of capturing the
complex degradation that occurs in the frequency domain.

Generally, MRI uses a mask in the phase-encoding direction (the shortest anatomical direction [145])
to model the complex degradation caused by undersampling. In the knee data, based upon the
uncertainty of clinical diagnosis (longitudinal artifacts can significantly confuse the diagnosis of
meniscal injury), we also masked the frequency direction, which will cause resolution reduction,
deterioration of image features, and longitudinal artifacts, more qualitative results can be found in
the next section.

MRI Super-resolution: [X[|contains clinical T1- and T2-weighted scans from three hospitals with
different imaging protocols: HH, Guys, and IOP. We selected 184 HH T2 subjects as the source-
domain data [train/val/test ratio: 7:1:2], and 30 subjects each from Guys and IOP as two target-
domain datasets without degradation, acquisition parameters, datasets, and patient-wise crossovers.
The central 60 slices were selected.

We consider two benchmark ideas: (1) Blind SR degradation methods in frequency SFM [51] and
spatial PDM [237] domain. (2) Source-free SR adaptation ACT [38] using external priors and test-
time adaptation proposed initially for MRI CST [38] with data consistency in the source-domain.
We are concerned that existing work on robustness and generalization focuses on medical image
segmentation and natural images, and rarely on super-resolution and reconstruction of medical
images. Employing the available evaluation criteria in this inevitable problem in practice makes it
difficult to reflect the performance of D3GM. Therefore, domain-aware datasets isolation standard
for public datasets is designed for the SRR adaptation to cross-domain data rather than same-
domain in a source-free manner. The publicly available data were split into several subsets based
on hospitals, scanner, acquisition parameters, modality, and anatomy as illustrated in Table [5.2]
Explicit reference standards implicitly correspond to various degradation patterns, thus enabling
the isolation of natural degradation patterns in source training domain and target-testing domain.
In addition to this, different artificial degradation patterns for the subsets in the training and testing
domains are employed: K-space truncation downsampling was applied to obtain LR data in the
source domain and a kernel degradation [17] was applied in target domain.

We reproduce two types of benchmark ideas on the top of EDSR [125] backbone to achieve the multi-
purpose goal: (1) Repurposed blind SR (BSR) for cross-domain data: We utilized BSR degradation
methods in frequency SFM [57] and spatial PDM [237] domain. (2) Test-time adaptation (TTA): We
compare to a source-free TTA method ACT [38] using external priors and a second TTA method
proposed initially for MR reconstruction CST [38] with cycle consistency at source-domain. The

Shttp://brain-development.org/ixi-dataset/
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settings and adaptation strategies of the comparison methods were used directly.
Lipschitz Continuity for Stationary Process:

We hypothesize that ensuring Lipschitz continuity of the neural network is pivotal for the conver-
gence and stability of the diffusion process, particularly in the context of achieving a stationary
process. Theoretically, Lipschitz continuity offers two key benefits: (1) it mitigates the impact of
small perturbations in input data or model parameters, thus safeguarding against excessive out-
put variability which could cause numerical instabilities or result in an ill-posed problem, and (2) it
guarantees the existence of a unique solution to the diffusion process, underpinning the reliability
and convergence of the numerical methods employed to solve these equations.

To instantiate these theoretical benefits within our architecture, we integrated spectral normaliza-
tion (SN) [144] and weight decay (WD) [129] into a U-Net structured score network. In the case of
SN, it is achieved by rescaling each layer's weight matrix W ® by its spectral norm, . (W %), to
obtain a normalized weight W = #(Vl:,m) By doing so, we intend to control the overall Lips-
chitz constant of the network for robust score matching within our diffusion model framework. A

quantitive result can be seen in Tab.

5.2.7.2 Additional Insights

Basin of Attraction in Reverse Sampling: Within our diffusion framework, we establish a for-
ward process with variety to accommodate a wide range of potential corruptions, ensuring the
desired final distribution close to the expected distribution. We consider that our diffusion models
inherently encompass the forward operator A4 within their structure. The transition from high to
low-quality images is implicitly encoded in the diffusion pathway, hence the additional forward op-
erator guidance might not contribute supplementary information, which we initially hypothesized
would enhance the reverse process.

Thus, the keypoint transfers from the A to the initial 3 (Detailed analysis based on Prop. [2]is pro-
videdin Appx.[5.2.6.3). Also we found this problem fall into the Basin of Attraction (BA) in dynamical
system as shown in Fig. BA can be interpreted as the quality of the attractor of the degraded
image in the reverse process here. A BA-guided initialization might be a more effective approach for
posterior sampling in transitional SDE diffusion models. By initializing the reverse process closer
to the expected solution, we may bypass the initial hurdle of distribution mismatch.

Based on Prop.[2] since the temporal distribution discrepancy always exists as long as the running
time T is finite, and we want the final state x7 to be as close as possible to the distribution of
. Therefore, we introduce 7 such that given 7', the distribution of 7 follows A/(u(1 — 7)) +
20e’T, T2 X2(1 — €207)), and z, follows N (p, 72X%), with 7 > 1, we increase the possibility of
a sample z7 from z7 to become closer to the distribution of z,, and thus serves as a plausible
initial state for the reverse process. We can control how much to close the distributions, either
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Basin of attraction

Figure 5.2: Reverse Initialization with Basin of attraction.

by increasing the stiffness 7 at the cost of potentially destabilizing the reverse process, or by de-
creasing 7 to further smooth the density functions of both distributions at the cost of more reverse
iterations.

By connecting the inverse problem with the analysis above, we clarify the discrepancy in the station-
ary modeling process from measure-preserving dynamics and thereby improve the generalization
of diffusion processes and the accuracy of the reverse process. This is particularly important for
accommodating the diversity of degradation states and to ensure accurate sampling.

Table 5.5: i, (4, 1), vi(x4, t) Solutions with various 6;, o;.

14t (mt,t) vg (¢, t)
Lin 6‘9 2 X0 + ( 69§> 202 (1 — 69””2) y
Log eklog(ue“) 0+ (1 6klog(1+e ) 7232 (1 — ¥ los(14+e*)) 5
s ) (1 o) oy (1 e
Quad ee%xo +(1—¢f 0% )y 2221 — e%)%)y

Forward Process. We describe the forward process as: dz; = 0,(n— x;)dt +10,dW,, parameter-
ized by 7 to calibrate the SDE modeling, p is the state mean. The parameters 6, and o, both being
time-dependent and strictly positive, correspond to the rate of mean reversion and the stochastic
volatility, respectively. The selection of 6, and o offers flexibility in Tab.[5.5) c.p., Sect.[5.2.6.

Considering the trade-off between complexity and effectiveness, Cos has been chosen for both 6,
and o;. This aims at capturing complex temporal dynamics in a computationally tractable manner,
thereby optimizing the balance between the performance and calculation convenience.

Weitong Zhang Generalizable Deep Image Reconstruction 108



5.2. Stability and Generalizability in SDE Diffusion Models with Measure-Preserving Dynamics

In the forward process, the mean p, approaches the low-quality image with E (x;) = u, while
the variance tends toward the stationary variance var (z;) = T;‘;Q. Essentially, the forward SDE
transitions the high-quality image to a low-quality counterpart infused with Gaussian noise. The
discretized SDE for the forward process is x;, = xy,_, + 61, (1t — x4, )AL + Toy,_, AW, We
employ a transition strategy utilizing a varied stationary variance. Additionally, we execute an un-

conditional update, which operates without the need for matching in the reverse process. These

not only allow image corruption but also provides effective adaptability for improvements.

Reverse Process. The reverse process aims at reconstructing the original image by gradually de-
noising alow quality image. It utilizes the score of the marginal distribution, denoted as V. log p, (z),
and is governed by:

dz, = [0:(pn — 1) — 7207V, log py ()] dt + 70, dW,. (5.27)

This closely mirrors the forward process and incorporates an additional drift term proportional
to the score of the marginal distribution. The ground truth score for this process, necessary for
training our generative model, is:

t
where 1, (z) represents the random attractor of the process at time ¢, and v, is the variance. Our
training objective is defined as the minimization of the expected discrepancy between the predicted
and true scores over the data distribution:

0" = argemin Ei xoy)mxe |0 [1S0(Xe, ¥, ) — Vi, log por (X1 | X0, ¥)|12] (5.29)
where w = —1/72 is a time-dependent weighting function, and .S, denotes the score network
parameterized by 6 which approximates the score of the marginal distribution. The optimization is
conducted over the network parameters #, under the expectation with respect to the time variable
t, the initial image xg, noisy image x;, and data y.

5.2.8 Evaluation and results

Experimental Settings: We evaluate D3GM on various challenging restoration and reconstruc-
tion problems. We initially analyze our method by examining its performance with closely related
diffusion formulation variants. Subsequently, we benchmark D3GM against the state-of-the-art
techniques in these domains. For comprehensive evaluation across all experiments, we report
the PSNR [84] and SSIM [217] for pixel- and structural-level alignment, LPIPS [239] for measuring
perceptual variance.
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Table 5.6: Quantitative results for Rain100H and Table 5.7: Quantitative results for O-
Rain100L.(best in bold and second best underlined) ~ HAZE and Dense-Haze.
Rain100H Rain100L 0-HAZE Dense-Haze
Method PSNRT SSIMt LPIPS, PSNRT SSIMt LPIPS| Methods PSNR SSIM' PSNRf SSIMt
JORDER [228] 2625 0835 0197 3661 0974 0.028 DCP [75] 16.78 0.653 1272 0.442
IRCNN 138] 2912 0882 0153 3317 0958 0.068 Dl Z4) 5 LT TR B4R
PreNet [i67] 2946 0899 0128 3748 0979 0.020 GFN [168] 1816 0.671 - :
MPRNet[233] 3041 0891 0158 3640 0965 0.077 AGADS';[')EES ;igé 8% Té?i ggég
MAXIM [204] 30.81 0903 0133 3806 0977 0.048 rraNet FEd 9 070 1570 0.4
VPB(CD)[248] 3089 0.885 0.051 3812 0968 0.023 AECR-Net [221] - - 1580 0.466
IR-SDE(OU)[i35]  31.65 0.904 0.047 3830 0981 0.014 SGID-PFF[1I2]T 2096 0741 1249 0517
D3GM 3241 0.912 0040 38.40 0.982 0.013 Restormer [234] 2358 0768 1578 0.548
Dehamer [70] 2511 0777 16.62 0.560
MB-TF [163] 2531 0782 1644 0.566
D3GM 26.23 0.786 1585 0.551

5.2.8.1 Stability: lllustrations of the Measure-preserving Dynamics within Dif-
fusion Models

SGM, and Transitionary SGMs vs. D>GM:

We perform qualitative and quantitative analyses using variants of closely related formulations for
Prop.[ljand[2]and evaluate across (A) SGMs and (B) transitionary SGMs. (A) uses a common score-
based SDE, (B) uses a Coefficient Decoupled SDE (e.g., variance exploding SDE with the drift term
1) according to Prop. [1land OU SDE, alongside our D*GM.

Following Tab.[5.1, VPB [248] can be regarded as a Coefficient Decoupled SDE, and IR-SDE [135] as
an OU SDE. Fig. [5.3provides an intuitive visualization of the stability properties analyzed in Prop. [
and Prop. |2l Standard SGMs and transitionary SGMs suffer from unstable or drifting trajectories
caused by temporal distribution discrepancy accumulated during the diffusion process. In contrast,
the proposed D3GM preserves the invariant measure of the underlying random dynamical system,
resulting in trajectories that consistently converge towards the desired attractor. This empirical
behavior aligns with our theoretical analysis of measure-preserving dynamics and explains the
improved robustness observed in subsequent inverse problem experiments. This highlights the
reliance of other techniques, e.g., score-based SDEs, on retrospective measurement consistency
corrections.

Simulated Deraining: We evaluated D3GM together with the state-of-the-art deraining strategies:
(1) OU SDE method IR-SDE [135], Coefficient Decoupled (CD) VPB [248] and other CNNs [167,[204,
228, [233]. We use two of the most renowned synthetic raining datasets: Rain100H [227] and
Rain100L [227]. Rain100H contains 1800 pairs of images with and without rain, along with 100 test
pairs. As for Rain100L, it consists of 200 pairs for training and 100 pairs for testing. We present
results based on the PSNR, SSIM, and LPIPS metrics.

Quantitative results from the two raining datasets are presented in Tab. Based on both dis-
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Figure 5.3: Sampling trajectories of score-based SDE diffusion models. We visualize the evo-
lution of sample trajectories under (from left to right) a standard score-based SGM, transi-
tionary SGMs including a Coefficient-Decoupled SDE and an Ornstein-Uhlenbeck (OU) SDE,
and the proposed D3GM. While standard and transitionary SGMs exhibit unstable trajectories
or deviation from the target distribution due to accumulated temporal distribution discrep-
ancy, D3GM demonstrates stable convergence towards the desired attractor. This behavior
illustrates the effect of measure-preserving dynamics in maintaining stability during reverse
diffusion processes at the inference stage.
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Dense-Haze

LQ SGID-PFF MSBDN FFA-Net Dehamer MB-TF D3GM (ours) GT

Figure 5.4: O-HAZE and Dense-Haze.

tortion and perceptual metrics, D3GM is capable of generating the most realistic and high fidelity
results as shown in Fig.[5.5]

5.2.8.2 Generalizability: D°GM for real-world data

Case Study 1: Dehazing. We utilize the real-world datasets 0-HAZE [8], Dense-Haze [7], which con-
tain 45 and 55 paired images, respectively. We use the last 5 images of each dataset as the testing
set and the rest as the training set following the common split of other methods. Results are shown
in Tab.[5.7]and Fig.[5.4] Our work improves results on O-HAZE both quantitatively and qualitatively.
Smaller improvements are observed on Dense-Haze. This can be attributed to the severe signal
corruption of the Dense-Haze data. A combination with tailored task-specific, Transformer-based
methods 163] might lead to further performance gains for such data. Such extensions are
beyond the focus of this paper. Qualitatively D3GM achieves excellent visual results (Fig. [5.1and

Fig.[5.4).

Case Study 2: MRI Reconstruction. MRI data is represented in the complex-valued frequency do-
main, which is distinctly different from the natural image domain. We utilized the fastMR| dataset [235],
containing single-channel, complex-valued MRI samples. For a robust comparison, we bench-
marked against a diverse set of deep learning-based state-of-the-art reconstruction methods. Al-
though our method does not have a task-specific design, we still get comparable performance
(more details and results are provided in Appx. [5.2.7.1). Fig. [5.1illustrates our reconstruction re-
sults from masked k-space data for 8x and 16x acceleration, i.e., under-sampling for faster data
acquisition.

Case Study 3: MRI Super-resolution (SR). IXdataset is the largest benchmark considered in our
MRI SR evaluation. Clinical MRI T2-weighted (T2w) scans are collected from three hospitals with
different imaging protocols: HH, Guys, and IOP. For investigating our cross-domain generalization
and robustness, a challenging task for both MRI SR and natural image restoration, we trained on

*http://brain-development.org/ixi-dataset/

Weitong Zhang Generalizable Deep Image Reconstruction 12



5.2. Stability and Generalizability in SDE Diffusion Models with Measure-Preserving Dynamics

MW

ﬂ’gh I

it} SR - e | i |y ’ g i 5 = "
W] e g -~ - . - - - — - r 5 . - = - -
i i T, S R LTS g Rt S i PE S, 2P
I Wff{l'f'k
Y VNS
; # I L
Ay 4l
U -
i | _,_.
W
AT R
PR —

o — "__

LQ JORDER PReNet MPRNet IR-SDE D3GM (ours) GT

Figure 5.5: Rain100H and Rain100L.

Figure 5.6: Qualitative results for (a) deraining and (b) dehazing.

Table 5.8: Quantitative results for fastMRl  Table 5.9: Quantitative results for IXI

dataset with acceleration rates x8 and x16. MRI SR on unseen datasets.
Undersampling factor 8x Undersampling factor 16x < HH Guys 10P
>
Method PSNRt SSIMt LPIPS| PSNR1 SSIM{ LPIPS| Methods PSNRt SSIMt PSNR{ SSIMt
D5C5 - 2599 0719 0291 2335 0667 0.412 ' ' ' ‘
DAGAN [225] 2519 0709 0262 2387 0673 0317 ;igg 8 77;19 ;?;2 8;:
SwinMR [89] 2698 0730 0.254 2485 0673 0.327 z : : : SLeHIL
DiffuseRecon 2740 0738 0286 2575 0688 0.362 = 2280 0707 26.38 0.826
CDIffMR 2726 0.744 0236 2577 0707 0.293 = 270 0714 2855 083
D3GM 27.92 0740 0.75 2526 0701 0.153 25.13 0.799 28.60 0.863

HH data with k-space truncation, and tested on Guys and IOP with kernel degradation with an up-
scaling factor of X4.

The methods are tested under unseen data conditions, including different acquisition parameters,
MRI scanners (different vendors and field-strengths) and unseen degradations. With D3GM we are
able to demonstrate varying degrees of improvement, as well as generalizability to the discrepancy
within the training domain and across the test domain as shown in Tab.[5.9]

5.2.9 Discussion and limitations

Other works, like VPB (CD) [248], 1°SB [128] are based on diffusion bridges assuming that clean
and degraded images are already close. Thus, the tractability of the reverse process heavily relies
on the validity of the assumed Dirac delta distribution. IR-SDE [135] employs the mean-reverting
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SDE theorem based on running the reverse SDE with instability. Since unstable errors accumulate
in each step, this model will eventually become unable to learn the transformation, e.g., degra-
dation. DPS [31] and CDDB [32] assume that the degradation process is known, or linear opera-
tions are directly used to simulate the degradation process, which limits the generalizahility of the
method. In contrast, D3GM is built on the theorem of Measure-preserving RDS, which bridges clean
and degraded image distributions while taking both degradation and measurements into account.
Moreover, D3GM can be extended to a two-sided solution operator (tractability) with a flow map
according to Prop.[ll

Limitations in natural images. Eventhough our results are better than others when the degradation
process is very severly corrupted (e.g., real dehazing), the overall quality of the restored image is
still limited, which is consistent with Prop. 2. This might be alleviated via guiding the sampling
process with priors and enhanced p, such as posterior sampling or degradation maps on the data
manifold, but such approaches are still limited as shown in Tab.

Limitations in MRI Reconstruction and Domain-specific Considerations While the proposed D3GM
framework demonstrates strong stability and generalizability across a wide range of inverse prob-
lems, its performance on MRI reconstruction exhibits comparatively smaller gains than those ob-
served in natural image restoration tasks. This behavior is not unexpected and can be attributed to
fundamental differences in imaging physics, degradation mechanisms, and evaluation protocols
between MRI and natural images.

Unlike natural images, which are acquired directly in the spatial domain, MRI data are measured in
the frequency domain (k-space) through a Fourier encoding process. Reconstruction from under-
sampled k-space therefore constitutes a highly ill-posed inverse problem, where aliasing artifacts
arise from structured sampling patterns rather than additive noise. As a result, the degradation
process in MRI cannot be fully characterized by spatial-domain corruption models commonly used
in natural image restoration.

Moreover, MRI measurements are typically complex-valued and affected by additional factors such
as coil sensitivity profiles, scanner-specific acquisition protocols, and reconstruction pipelines.
These factors introduce domain-specific variability and non-stationarity that further challenge the
generalization of data-driven diffusion models. In contrast, many natural image benchmarks as-
sume more homogeneous degradation processes and well-defined forward models.

Another important limitation lies in the definition of ground truth for MRI reconstruction.In practice,
the reference images used for evaluation are often obtained from fully sampled or retrospectively
reconstructed data, which themselves are approximations rather than absolute physical ground
truth. Consequently, commonly used quantitative metrics such as PSNR and SSIM may not fully
capture perceptual fidelity or diagnostic relevance, particularly when small discrepancies in k-space
can lead to visually subtle but numerically significant differences.
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Despite these challenges, D3GM achieves competitive performance on MRI reconstruction and
super-resolution tasks without relying on task-specific architectural designs or explicit physical
modeling. This highlights the robustness of the proposed measure-preserving diffusion framework,
while also indicating that further integration of MRI-specific priors and forward operators may be
beneficial for closing the remaining performance gap.

Computational Complexity vs. Performance. Tab. highlights that prior work is often tailor-
made for a specific subset of tasks and thus also generalisation-limited for challenging environ-
ments in practice. D3GM's focus on a generic robust solutions from an RDS perspective can miti-
gate this, while maintaining en-par performance with task-specific approaches in Tab.[5.11]

Table 5.10: Comparison to tailor-made ap- Table 5.11: D3GM vs. deraining works.

proaches.
Deraining rain200H \Model Complexity
Real Dehazing Diffu. for Inverse Problems. Transitionary SGMs. Methods PSNRf SSIM{ Param. FLOPs
Methods DPS [31] CDDB [32] 125B [128] IR-SDE [135] D3GM DRSformer [26] 3217 0.933 337M  242.9G
3
PSNRT 18.63 21.55 21.51 24.52 26.23 D"GM 3221 0925 365M 10476
SSIMT 0.448 0.591 0.583 0.691 0.786

5.2.10 Summary

The proposed D3GM framework enhances the stability and generalizability of SDE-based diffusion
methods for challenging inverse problems. QOur approach, grounded in measure-preserving dy-
namics of random dynamical systems, ensures broad applicability and relevance. We demonstrate
D3GM's effectiveness across various benchmarks, including challenging tasks like MRI reconstruc-
tion.
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LQ D3GM (ours) GT

Figure 5.7: Deraining results with light rain images of our method.
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LQ D3GM (ours) GT

Figure 5.8: Deraining results with heavy rain images of our method.
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LQ D3GM (ours) GT

Figure 5.9: Dehazing results with real hazy images of our method.
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Figure 5.10: MRI reconstruction results with undersampling rate x8 and x16, on Frequency-
encoding and Phase-encoding directions.
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Figure 5.11: MRI super-resolution results with in-domain images of our method.
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Figure 5.12: MRI super-resolution results with cross-domain (different imaging devices and
degradation methods) images of our method.
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on Phase-encoding and Frequency-encoding directions.

Figure 5.13: MRI reconstruction results with undersampling rate x8 and x16 of our method,
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Chapter 6

Conclusions

This chapter reflects on the central findings of the thesis and revisits the research questions with
a focus on broader implications. Rather than reiterating technical results, it aims to articulate the
conceptual contributions of the work and frame them within the evolving landscape of machine
learning for medical imaging.

This thesis explores how to build medical image reconstruction models that are not only
accurate but generalizable and data-efficient. The core challenge lies in designing sys-
tems that can perform well in real-world settings without access to extensive labeled
data from every possible domain. To this end, we investigate domain adaptation, do-
main generalization, self-supervised learning, and uncertainty calibration techniques.
Each approach addresses a different aspect of the generalization problem, aiming to
improve both the reliability and safety of deep learning in clinical workflows.

Through a series of contributions, this work proposes practical solutions that reduce
annotation dependency, extend model adaptability, and enhance interpretability under
domain shift. Together, these advances offer a foundation for more trustworthy Al sys-
tems in healthcare.
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6.1 Thesis Summary

6.1.1 Motion-Corrected Quantitative Body MRI Super-resolution

Abdominal MRl is critical for diagnosing a wide variety of diseases. However, due to respiratory mo-
tion and other organ motions, it is challenging to obtain motion-free and isotropic MRI for clinical
diagnosis. Imaging patients with inflammatory bowel disease (IBD) can be especially problematic,
owing to involuntary bowel movements and difficulties with long breath-holds during acquisition.
Therefore, this paper proposes a deep adversarial super-resolution (SR) reconstruction approach
to address the problem of multi-task degradation by utilizing cycle consistency in a staged recon-
struction model. We leverage a low-resolution (LR) latent space for motion correction, followed by
super-resolution reconstruction, compensating for imaging artefacts caused by respiratory motion
and spontaneous bowel movements. This alleviates the need for semantic knowledge about the
intestines and paired data. Both are examined through variations of our proposed approach and we
compare them to conventional, model-based, and learning-based MC and SR methods. Learned
image reconstruction approaches are believed to occasionally hide disease signs. We investigate
this hypothesis by evaluating a downstream task, automatically scoring IBD in the area of the ter-
minal ileum on the reconstructed images and show evidence that our method does not suffer a
synthetic domain bias

6.1.2 Test-time-Adapted Quantitative Body MRI Super-resolution

Deep learning-based super-resolution (SR) usually does not perform well across domains, e.g.,
different magnetic resonance imaging (MRI) datasets, usually due to two reasons: 1) there is of-
ten a mismatch in terms of data distributions between the training data and test data, and 2) the
overly simplified image degradation models in popular SR techniques do not model the underlying
physical processes well. Hence, SR models often require extensive supervised fine-tuning when
transferring to new datasets (target domains). In this paper we propose UTAR, a physics-informed
Unsupervised Test-time domain Adaptation framework for deep learning-based super-resolution
for magnetic Resonance imaging. UTAR adapts a pre-trained source-domain SR model to a new
target domain (e.g., images from a new hospital) using low-resolution (LR) target-domain images
only. This is possible through a new physics-inspired imaging chain degradation model (PIC), which
incorporates both spatial and frequency domain (k-space) degradation. Such dual-domain degra-
dation modeling enables us to better capture the variations of LR images that could potentially
affect a model's performance across different unseen MRI domains. We further propose a con-
ditional consistency learning (CCL) strategy to encourage prediction consistency, serving as the
supervision signal for TTA. Our method is generic and can accommodate arbitrary pre-trained SR
networks. Experimental results verify the effectiveness of UTAR in reducing the performance gap
with minimum efforts. UTAR outperforms earlier methods based on different degradation-based
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strategies and existing test time adaptation (TTA) approaches. We expect our method to provide
a key step towards the deployment of MRI SR algorithms in clinical applications where significant
domain shifts are inevitable.

6.1.3 Generalizable and Stable Diffusion Models for Inverse Problems

Inverse problems describe the process of estimating the causal factors from a set of measure-
ments or data. Mapping of often incomplete or degraded data to parameters is ill-posed, thus
data-driven iterative solutions are required, for example when reconstructing clean images from
poor signals. Diffusion models have shown promise as potent generative tools for solving inverse
problems due to their superior reconstruction quality and their compatibility with iterative solvers.
However, most existing approaches are limited to linear inverse problems represented as Stochas-
tic Differential Equations (SDEs). This simplification falls short of addressing the challenging nature
of real-world problems, leading to amplified cumulative errors and biases. We provide an explana-
tion for this gap through the lens of measure-preserving dynamics of Random Dynamical Systems
(RDS) with which we analyse Temporal Distribution Discrepancy and thus introduce a theoretical
framework based on RDS for SDE diffusion models. We uncover several strategies that inherently
enhance the stability and generalizability of diffusion models for inverse problems and introduce
a novel score-based diffusion framework, the Dynamics-aware SDE Diffusion Generative Model
(D3GM). The Measure-preserving property can return the degraded measurement to the original
state despite complex degradation with the RDS concept of stability. Our extensive experimental
results corroborate the effectiveness of D3GM across multiple benchmarks including a prominent
application for inverse problems, magnetic resonance imaging.

Weitong Zhang Generalizable Deep Image Reconstruction 125



6.2. Limitations

6.2 Limitations

6.2.1 Motion Correction and Super-Resolution

A. The MoCoSR approach relies on cycle consistency in latent space, which may not fully model the
complex physiological movements in abdominal organs. The method can address common respi-
ratory patterns but may struggle with extreme or irregular motion patterns. B. The generalization
capability across different IBD severity levels is variable, with the most severe cases showing com-
paratively smaller improvements due to larger structural changes and more unpredictable motion
artifacts. C. While downstream tasks validate the clinical utility of our approach, comprehensive
assessment with radiologist input on a larger multi-center dataset would strengthen clinical vali-
dation claims.

6.2.2 Test-time Adaptation Approach

A. The physics-informed degradation model (PIC), while more realistic than conventional approaches,
necessarily simplifies certain aspects of MRI acquisition physics due to computational constraints.
B. Performance gains diminish with more severe domain shifts, particularly when target-domain
acquisition parameters differ significantly from those encountered during training. C. The condi-
tional consistency learning strategy depends on reliable low-frequency information in the degraded
images, which may not be guaranteed in highly corrupted or noise-dominated cases.

6.2.3 Dynamics-aware Diffusion Models

A. The theoretical foundations of measure-preserving dynamics, while demonstrating improved
stability, rely on assumptions about the data distribution that may not hold for all clinical datasets.
B. Computational complexity of D3GM exceeds that of standard diffusion models, creating a prac-
tical trade-off between reconstruction quality and inference speed in resource-constrained clinical
settings. C. While our approach demonstrates better generalization than existing methods, perfor-
mance still degrades when presented with extreme out-of-distribution examples or novel artifact
types not represented in the training process.
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6.3 Further Work

This thesis establishes a foundation for generalizable medical image reconstruction that opens
several promising directions for future investigation.

In the immediate term, extending MoCoSR to additional anatomical regions beyond the abdomen
would broaden its clinical applicability. Particularly promising areas include cardiac MRI, where
similar respiratory and physiological motion challenges exist but with different temporal charac-
teristics and anatomical constraints. Incorporating explicit biomechanical modeling into the latent
space representation could further enhance motion correction performance.

For test-time adaptation, promising directions include developing self-supervised strategies to au-
tomatically calibrate the PIC model parameters based on initial observations of target domain char-
acteristics, potentially eliminating the need for manual parameter tuning. The conditional consis-
tency learning could be extended to leverage multiple degraded views of the same anatomy, a
common scenario in clinical protocols that acquire complementary sequences. Looking further
ahead, the D*GM framework provides a theoretical foundation that could be extended beyond MRI
to other medical imaging modalities facing similar reconstruction challenges, such as low-dose
CT or sparse-view tomographic reconstruction. The measure-preserving dynamics principle could
inform the development of training strategies that explicitly optimize for domain generalization,
rather than relying on post-hoc adaptation.

A significant open challenge remains in creating unified frameworks that effectively combine the
strengths of all three proposed approaches. Future work could explore hierarchical models that
integrate motion-awareness, physics-informed priors, and stability guarantees into a single coher-
ent framework, potentially addressing the current limitations while preserving the core advantages
of each method. Finally, the clinical integration of these methods represents a crucial next step.
Developing interpretability mechanisms that allow radiologists to understand and trust the recon-
struction process will be essential for clinical adoption. Collaborative research with clinical part-
ners to design prospective studies measuring the impact on diagnostic accuracy and workflow
efficiency would provide valuable validation for the practical utility of these approaches.

Considering recent developments in foundation models for medical imaging, exploring how our
domain-specific approaches could be integrated with or enhanced by general-purpose medical vi-
sion models represents an exciting direction at the intersection of reconstruction and understand-

ing.

6.3.1 Vision-Language Models for Medical Image Understanding

Beyond pure reconstruction, the emergence of powerful vision-language models (VLMs) offers in-
triguing possibilities for extending our work. Medical VLMs trained on paired image-report data
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could provide semantic guidance for reconstruction tasks. For instance, a model could learn to
prioritize the preservation of diagnostically critical features during the reconstruction process by
incorporating textual descriptions of relevant pathology. Such models could enable more targeted
reconstructions that emphasize clinically relevant regions while appropriately handling less diag-
nostically important areas.

6.3.2 Safety and Robustness Verification

As reconstruction algorithms become more integral to clinical workflows, ensuring their safety and
robustness becomes paramount. Future work should develop formal verification methods for re-
construction guarantees, particularly for applications where subtle artifacts could lead to misdiag-
nosis. Research into adversarial robustness is especially important, as reconstruction models may
be vulnerable to distribution shifts that are imperceptible to humans but potentially compromise
diagnostic accuracy. Developing rigorous stress-testing methodologies and uncertainty quantifi-
cation frameworks will be essential for responsible clinical deployment.

6.3.3 Privacy-Preserving Reconstruction Systems

The sensitive nature of medical data necessitates research into privacy-preserving reconstruction
techniques. Federated learning approaches could enable models to be trained across multiple
institutions without sharing raw data, potentially accelerating the development of generalizable re-
construction methods. Differential privacy mechanisms could provide formal guarantees around
patient data protection while maintaining reconstruction performance. These advances would ad-
dress significant regulatory and ethical barriers to widespread clinical adoption.

6.3.4 Autonomous Agents for Adaptive Protocols

The development of autonomous agent frameworks represents another promising direction. In-
telligent imaging agents could dynamically adjust acquisition parameters based on preliminary
reconstruction results, potentially reducing scan time while maintaining diagnostic quality. These
agents could learn optimal policies for parameter selection through reinforcement learning, adapt-
ing protocols in real-time based on patient-specific factors and the evolving clinical question. This
approach could transform current fixed imaging protocols into adaptive, personalized procedures
that maximize diagnostic yield while minimizing patient discomfort.

The lack of trust and perceived relevance of Al results, driven by the absence of correctness guaran-
tees and the inability of models to make selective predictions (e.g., acknowledging uncertainty with
‘I don't know”), is a critical barrier to Al adoption. Addressing these issues is imperative to unlock-
ing Al's potential in high-stakes domains, where errors can have severe consequences. Low-stakes
fields such as bureaucracy and entertainment have seen widespread adoption of Al, exemplified
by the transformative impact of LLMSs, precisely because the risks of incorrect predictions are min-
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imal. To achieve comparable success in high-stake areas like healthcare, we must prioritize the
development of systems that are robust, trustworthy, and capable of making uncertainty-aware
decisions. The vision is to create techniques that enable a world of ubiquitous, friendly Al - Al
that behaves like a wise and thoughtful human collaborator in high stake scenarios. Such systems
would be not only highly accurate but also transparent, openly admitting when something is uncer-
tain or undecidable. Importantly, these Al systems would actively participate in discussions and
debates, contributing valuable insights while facilitating collaboration among experts.

This vision is particularly relevant in high-stakes scenarios like medicine, where decisions are of-
ten made collectively, such as in tumour boards where specialists evaluate treatment options for
cancer patients. Al could serve as a wise mediator in these settings, enhancing discussions by
providing relevant, accurate insights while ensuring that no inaccurate or irrelevant information is
introduced. By integrating Al as a mediator, we could relatively quickly enable spatially and tem-
porally distributed discussions among experts, ensuring that critical decisions are supported by
reliable data and insights. | plan to develop a multi-modal foundation model, Medinator, aimed at
transforming high-stakes decision-making and enhancing the efficiency of human collaboration,
particularly in contexts such as clinical tumour boards. Tumour boards are multidisciplinary meet-
ings where clinicians, radiologists, pathologists, and other specialists collaboratively assess treat-
ment options for complex cancer cases, leveraging diverse expertise to achieve the best outcomes
for patients. However, these discussions are often time-constrained and dependent on the partici-
pants’ ability tointegrate and interpret vast amounts of data efficiently. Traditionally, tumour boards
and medical councils involve specialists reviewing cases based on limited information, which can
lead to inconsistencies in diagnosis and treatment.

Agent-based techniques are expected to advance this vision by establishing an expertise levelling
tool that fuses multimodal data with multi-agent collaboration. One promising approach aims to
provide faster and more accurate treatment and diagnosis through a multi-user council interface
and a knowledge consolidation system at the model's core. This system acts as an expertise level-
ling tool, facilitating discussions among domain experts and serving as a clinical expert mediator
for collaborative diagnosis based on diverse data points, including images, lab test results, biop-
sies, written reports, omics, and patient histories.

Beyond expert moderation, agent-based system will also operate in a patient and public involve-
ment mode, explaining diagnostic processes, patient data, and treatment options to affected in-
dividuals. It provides a bidirectional communication tool that allows patients to ask questions,
ensuring that doctors remain attuned to both the physiological and mental health needs of their
patients. In this way, it functions as a moderator not only between patients and doctors but also
among experts, fostering a more inclusive and informed approach to healthcare decision-making.
By evaluating the effectiveness of this comprehensive, multi-modal approach against traditional
workflows, we aim to significantly improve clinical outcomes and enhance the efficiency of com-
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plex case discussions. Importantly, participants in these councils do not need to be co-located or
present at the same time, as it builds an interface for asynchronous collaboration, accommodating
different schedules and time zones. Specialists from London to Edinburgh can collaborate asyn-
chronously, overcoming scheduling and geographical barriers, making healthcare more efficient
and accessible.

1. Multi-Agent Reasoning for Cardiovascular Imaging Phenotype Analysis [2417]: Identifying asso-
ciations between imaging phenotypes, disease risk factors, and clinical outcomes is essen-
tial for understanding disease mechanisms.However, traditional approaches rely on human-
driven hypothesis testing and selection of association factors, often overlooking complex,
non-linear dependencies among imaging phenotypes and other multi-modal data. To ad-
dress this, we introduce Multi-agent Exploratory Synergy for the Heart (MESHAgents): a
framework that leverages large language models as agents to dynamically elicit, surface,
and decide confounders and phenotypes in association studies.

Specifically, we orchestrate a multi-disciplinary team of Al agents, which spontaneously
generate and converge on insights through iterative, self-organizing reasoning. The frame-
work dynamically synthesizes statistical correlations with multi-expert consensus, provid-
ing an automated pipeline for phenome-wide association studies (PheWAS). We demon-
strate the system’s capabilities through a population-based study of imaging phenotypes
of the heart and aorta. MESHAgents autonomously uncovered correlations between imag-
ing phenotypes and a wide range of non-imaging factors, identifying additional confounder
variables beyond standard demographic factors. Validation on diagnosis tasks reveals that
MESHAgents-discovered phenotypes achieve performance comparable to expert-selected
phenotypes, with mean AUC differences as small as —0.004. 919 0On disease classification
tasks. Notably, the recall score improves for 6 out of 9 disease types. Our framework pro-
vides clinically relevant imaging phenotypes with transparent reasoning, offering a scalable
alternative to expert-driven methods.[62].

2. From Self-Check to Consensus: Bayesian Strategic Decoding in Large Language Models [242]:
Large Language Models exhibit logical inconsistency across multi-turn inference processes,
undermining correctness in complex inferential tasks. Challenges arise from ensuring that
outputs align with both factual correctness and human intent. Approaches like single-agent
reflection and multi-agent debate frequently prioritize consistency, but at the expense of
accuracy.

To address this problem, we propose a novel game-theoretic consensus mechanism that
enables LLMs to self-check their outputs during the decoding stage of output generation.
Our method models the decoding process as a multistage Bayesian Decoding Game, where
strategic interactions dynamically converge to a consensus on the most reliable outputs
without human feedback or additional training. Remarkably, our game design allows smaller
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Figure 6.1: MESHAgents framework for cardiac imaging phenotype analysis through multi-
agent reasoning. Operating and validating in three stages: (i) specialist agents analyze
cardiac structures from imaging measurements; (ii) agents discover confounders via dis-
tributed analysis; (iii) collaborative reasoning generates phenome-wide associations, vali-
dated through clinical metrics. [241]

Q: What is the capital of Switzerland

Generator * Verifier I Self-Check to Consensus in LLMs Beyond
e’ [Correctness] " [Confidence] Human Evaluation Limitations

Al ‘ 4y Rank4:

A: Basel 3% //h.\ o e ,—:—--1—-— Rank3: Basel
’ P o

A: Zurichn‘ S o e >———o— Rank2: Bern
AN \\ /

A: Bern Vo s “~o————<— Rankl: Zurich

Figure 6.2: lllustration of strategic decoding through a Bayesian Decoding Game (BDG) for
the Switzerland capital query (Q.) with candidates (A.), with initial rankings (left) and conver-
gence dynamics (right) between Generator (solid) and Verifier (dashed). The collusive Nash
equilibrium validates "Zurich’ (incorrect) while rejecting ‘Bern’ (correct) through game-theoretic
interactions based on choice patterns rather than factual correctness.

models to outperform much larger models through game mechanisms (e.g., 78.1 LLaMA13B
vs. 76.6 PaLM540B). As a model-agnostic method, our approach consistently improves
even the latest models, enhancing DeepSeek-7B's performance on MMLU by 12.4%. Our
framework effectively balances correctness and consistency, demonstrating that properly
designed game-theoretic mechanisms can significantly enhance the self-verification capa-
bilities of language models across various tasks and model architectures.

The UK, with its robust healthcare infrastructure, is uniquely positioned to benefit from the Medi-
nator foundation model, which has the potential to drastically change critical care. By integrating
extensive datasets—including medical imaging, genomics, clinical records, and real-time monitor-
ing from approximately 200,000 patients - Medinator enables holistic, data-driven decision-making.
This will enhance patient outcomes by streamlining multidisciplinary collaboration, improving treat-
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Figure 6.3: Overview of the BDG under a signaling game structure. (a) Communication
Topologies: comparing Single-agent Inconsistency with internal contradictions, Multi-agent
Collusion that reinforces errors, and BDG Strategic Consensus achieving correct convergence
through o-separation. (b) BDG Signalling Tree: Environment (Enwv) sends private signals to
generator (G¢/;), who generates candidates (y1, ..., y,) for information transmission. The
verifier makes judgments (C/1) without observing original signals, enabling strategic decoding
through Markovian Strategy Update (dashed) until equilibrium.

ment precision, optimizing resource allocation, and enabling proactive care through predictive an-
alytics. It also bridges gaps in expertise and geographical access, promoting equitable and high-
quality healthcare delivery across regions. Medinator supports personalized, inclusive healthcare
by acting as a bidirectional communication tool, empowering patients to understand and engage
with their care while addressing both physical and mental health needs. For the life sciences and
health tech industries, Medinator serves as a transformative Al resource, driving innovation and en-
abling the development of cutting-edge diagnostic tools, treatments, and precision therapies. By
accelerating the journey from discovery to market and providing critical insights for clinical trials
and medical device validation, Medinator attracts investment and solidifies the position as a global
leader in healthcare innovation and commercialization.
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