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Medical images exhibit pervasive heterogeneity arising from acquisition protocols, scanner

properties, reconstruction pipelines, modality and contrast mechanisms, and anatomical vari-

ability across subjects and scan coverage. While deep learning has achieved strong perfor-

mance in many medical image analysis tasks, robustness under compounded heterogeneity

remains fragile. This dissertation argues that such fragility reflects a representational limita-

tion: when task-relevant generative properties and observational variability are not organized

in an identifiable manner, models may rely on unstable observational cues as surrogates,

leading to degraded generalization as heterogeneity intensifies.

To address this challenge, we develop a unified perspective based on Bayesian represen-

tation learning and explicit latent role specification. Using latent variable models and vari-

ational inference, we construct mechanisms that preserve task-relevant invariants while sup-

pressing observational variability, a requirement termed identifiable invariant preservation.

We show that strengthening the identifiability of latent organization provides a practical



pathway to both interpretability and improved predictive performance across progressively

more demanding regimes of heterogeneity.

The dissertation substantiates this thesis through three projects. First, we study super-

vised intracranial arterial calcification segmentation from multi-contrast brain MRI under

intensity-level appearance heterogeneity. Because calcification is dark and often weakly ex-

pressed in MRI, segmentation depends on fragile contextual cues that are easily perturbed

by scanner- and protocol-dependent fluctuations. A variational Bayesian formulation that

restricts representational complexity yields more stable internal organization and improved

segmentation accuracy. Second, we address unsupervised multimodal groupwise image reg-

istration under compounded contrast/modality variability and registration-compatible ge-

ometric heterogeneity. We formulate registration as hierarchical Bayesian inference that

disentangles common anatomy from image-specific geometry, enabling intrinsic multimodal

similarity and stable alignment without intensity-based heuristics. Third, we study unsu-

pervised domain adaptation for segmentation in a correspondence-free regime with unpaired

source and target domains. We introduce a probabilistic anatomical manifold that provides

global canonicalization through a structured latent decomposition, inducing architecture-

emergent adaptation without an explicit alignment loss and yielding a unified procedure

across source-accessible and source-free settings.

Together, these contributions demonstrate that interpretable, identifiable latent organi-

zation is not merely an explanatory preference, but a practical mechanism for robust medical

image learning under increasing heterogeneity. By developing Bayesian, disentangled formu-

lations that progressively strengthen latent role specification across tasks, this dissertation

provides a unified methodological pathway that improves both generalization and semantic

interpretability in challenging real-world imaging regimes.
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Chapter 1

MEDICAL IMAGE LEARNING UNDER INCREASING
HETEROGENEITY

1.1 Heterogeneity in Medical Imaging

Medical imaging has become central to modern clinical decision-making, supporting di-

agnosis, treatment planning, disease monitoring, and longitudinal assessment across a wide

spectrum of conditions. The rapid growth in imaging volume, modality diversity, and acqui-

sition complexity has rendered manual analysis increasingly impractical, making automated

and learning-based approaches indispensable components of contemporary medical work-

flows [189]. In particular, the emergence of deep learning has substantially reshaped the

landscape of medical image analysis, enabling end-to-end learning of complex image repre-

sentations and achieving state-of-the-art performance across a wide range of tasks, such as

classification, registration, and segmentation [119, 35, 148].

These successes, however, often rest on an implicit assumption that observable variability

does not fundamentally disrupt the coherence of the underlying representation produced by

neural networks. In many medical image analysis tasks, desired outputs depend on task-

relevant generative properties of the underlying biological system. Yet the observed image

is not a direct encoding of these properties alone; rather, it reflects a composite realization

of intrinsic generative factors together with extrinsic influences arising from acquisition and

data provenance, such as imaging protocols, spatial distortions, population diversity, scanner

characteristics, and institutional practices. These influences operate across multiple levels

and interact in complex ways, which we refer to collectively as heterogeneity. To reason about

this composite realization in a precise and consistent manner, we introduce a taxonomy that

distinguishes major sources of heterogeneity:
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• Appearance heterogeneity: variability in how the same underlying biological con-

tent is observed in intensity space, with spatial configuration treated as fixed.

– Intensity-level: appearance variability within the same modality and nominal

contrast setting (e.g., T1-weighted MRI), driven by scanner/vendor characteris-

tics, acquisition parameters, noise statistics, reconstruction pipelines, and other

factors that shift intensity distributions and local appearance patterns.

– Contrast-level: appearance variability induced by different contrast mechanisms

within a modality family (e.g., T1-weighted vs. time-of-flight MRI; non-contrast

vs. angiographic CT), where intensity semantics shift because different tissue

properties and physical effects are emphasized.

– Modality-level: appearance variability induced by fundamentally different mea-

surement principles (e.g., MRI vs. CT), for which intensity semantics are not

directly comparable.

• Geometric heterogeneity: variability in spatial configuration across images.

– Registration-compatible: spatial misalignment across images depicting the

same anatomical target and admitting meaningful correspondence. Images share

an underlying common organ-level shape but differ in deformation due to motion,

positioning, or inter-subject variability, so alignment is well-posed in principle.

– Correspondence-free: cases in which reliable cross-image correspondence is

unavailable even within the same anatomical region, making direct alignment ill-

posed. This includes substantial differences in anatomical extent, slice location,

field-of-view, or morphology (e.g., apical vs. basal cardiac slices) such that im-

ages cannot be assumed to share a common coordinate system; observations are

effectively unpaired, and registration-based coupling is not applicable.

The taxonomy above makes explicit that medical images may vary along multiple, qual-

itatively distinct dimensions. As these dimensions accumulate, the notion of a stable rep-

resentation becomes increasingly nontrivial. The remainder of this chapter develops the

conceptual foundation for analyzing this challenge. We first formalize a unifying represen-
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tational requirement, then examine the limitations of widely used empirical strategies in

increasingly heterogeneous settings, and finally outline how the projects of this thesis instan-

tiate this requirement across progressively more demanding regimes.

1.2 The Representational Challenge Posed by Heterogeneity

One key question is why such variability systematically destabilizes learned representa-

tions and what must be imposed on a model so that stability can be maintained as hetero-

geneity intensifies. The challenges posed by medical image heterogeneity can be understood

from a representation learning perspective. As illustrated in Fig. 1.1, observed medical

images can be viewed as the combination of two components: the underlying anatomical

structure and various sources of heterogeneity.

Robust learning therefore requires representations that preserve task-relevant anatom-

ical structure while remaining invariant to heterogeneous observation factors. This thesis

approaches the problem through structured latent representation learning. As the com-

plexity of heterogeneity increases, from appearance variation to geometric variation, more

structured latent representations are required to maintain identifiable information.

1.2.1 Identifiable Invariant Preservation

Robustness in medical image analysis requires preserving the latent properties that de-

termine the desired output, while allowing other sources of variability to change without

corrupting the internal representation. The central challenge introduced by heterogeneity

is that task-relevant generative properties and observational variability are simultaneously

present in the same image, and their effects are interleaved in the pixel domain.

We therefore use identifiable invariants to denote latent properties that should be consis-

tently encoded across heterogeneous observations for a fixed task (e.g., anatomical boundaries

for segmentation, reference shapes for registration). At the same time, we treat acquisition-

and environment-dependent influences as observational variability that should not dominate

the internal representation. The goal is to suppress such variability, or, more precisely, pre-
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Medical Image Heterogeneity

Appearance Heterogeneity Geometric Heterogeneity

Scanner Variation Acquisition Protocol
Differences

Imaging Contrast/Modality
Differences Anatomical Variability Intra-/Inter-subject Deformation

Conceptual Generative Model

Observed
Medical
Image

Anatomical
Structure Heterogeneity 

Progressive Research Projects

Escalated Heterogeneity → Increasing Representation Structure

vs

= +

Difficulty: Appearance Heterogeneity
Representation: Constrained Task-
Relevant Anatomy

Difficulty: Appearance + Geometric
Variation (Registration-compatible)
Representation: Hierarchical Common
Anatomy + Deformation

Difficulty: Appearance + Correspondence-
free Geometry + Domain Shift
Representation: Anatomical Manifold +
Deformation + Appearance

Project 1 Project 2 Project 3

Identifiable Latent Representations
Bayesian Representation Learning Framework for Identifiable Invariant Preservation (IIP)

Heterogeneous Observations → Structured Latent Representations → Robust and Interpretable Inference

Figure 1.1: Overview of the thesis framework. Medical images can be viewed as the compo-
sition of underlying anatomical structure and heterogeneous observation factors arising from
acquisition conditions and anatomical variability. As heterogeneity complexity increases, in-
creasingly structured latent representations are required to preserve identifiable information.
The three projects in this thesis progressively address appearance heterogeneity, geometric
variation, and domain shifts through increasingly structured probabilistic representations.

vent it from serving as a surrogate for task-relevant content when the two are correlated in

the training data, with the challenge that the underlying sources of variability are latent and

unannotated. We refer to this requirement as identifiable invariant preservation (IIP).
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1.2.2 Limitations of Empirical Compensation

A common response to IIP is to increase data scale, strengthen regularization, and refine

objective functions so that empirical invariances are enhanced during training. For example,

robustness is often pursued by expanding training cohorts through multi-center aggregation

or large-scale pretraining to improve coverage, while introducing regularization such as weight

decay [91], dropout [142], label smoothing [147], or strong augmentation policies, and refining

objectives with Mixup/CutMix [184, 183], consistency-based losses (e.g., distillation [70]),

and contrastive self-supervision [157]. Such strategies can be effective in moderate regimes,

particularly when the relevant variability is well-covered by the training distribution and the

model can interpolate.

However, these remedies do not directly constrain how latent sources of variation are

internally organized. As heterogeneity increases, two failure modes become more pronounced.

First, representations may exploit observational idiosyncrasies that correlate with supervision

signals, yielding shortcuts that appear predictive in-distribution but are unstable under shifts

in observation conditions. Second, even when additional objectives are introduced, such

as generic consistency regularization, distribution-matching penalties, or alignment losses,

the induced latent organization can remain underdetermined, leaving task-relevant content

entangled with observational variability.

These limitations are not specific to a particular architectural family or training objective.

They reflect the fact that empirical compensation alone does not ensure that identifiable

invariants are encoded in a manner that remains stable when heterogeneity accumulates

across multiple levels.

1.2.3 Identifiable Latent Factorization

In light of the limitations of empirical compensation in existing medical image analysis ap-

proaches, we posit that stability under increasing heterogeneity rests on a more foundational

principle: identifiable factorization of latent sources of variation. By identifiable, we mean



6

that the roles of latent components are sufficiently constrained so that task-relevant genera-

tive properties can be consistently represented across heterogeneous observations, rather than

being arbitrarily redistributed among latent variables or absorbed by nuisance components.

This requirement is stronger than post-hoc interpretability, because latent components

are introduced with explicit semantics, and the model is constrained so that these semantics

remain meaningful under changes in observation conditions. When such factorization is

weakly constrained, heterogeneity can cause latent components to drift, entangle, or collapse,

undermining representational coherence even if training objectives are satisfied.

1.2.4 Project Roadmap

This thesis advances medical image analysis by introducing identifiable latent factor-

ization as a unifying representational principle. Beyond proposing isolated algorithms for

individual tasks, this work argues that many challenges arising from heterogeneous medical

imaging stem from a common representational problem: models must separate invariant la-

tent structure from nuisance variability in a manner that remains identifiable. By formalizing

this requirement as a design criterion, the thesis provides a general principle for constructing

models that remain interpretable and robust under heterogeneous observation conditions.

As summarized in Fig. 1.1, to demonstrate the generality of this principle, the thesis in-

stantiates it across three medical image analysis projects spanning classification (Chapter 3),

registration (Chapter 4), and segmentation (Chapters 3 and 5), and covering both super-

vised (Chapter 3) and unsupervised (Chapters 4 and 5) learning settings. These projects

are intentionally organized as a progression of increasing heterogeneity. As the variability

of the data grows, the latent representation must be structured more explicitly to preserve

identifiable invariants. This progression illustrates that identifiable latent factorization is

not tied to a specific task or method family, but instead serves as a reusable design principle

that scales with problem difficulty.

Across these settings, enforcing identifiable latent organization leads to models whose

internal structure is semantically meaningful while remaining stable under changing ob-
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Table 1.1: Project roadmap through the lens of identifiable latent factorization. The projects
form a progression of increasing heterogeneity: each project subsumes the variability ad-
dressed by earlier ones while introducing additional, more challenging sources of heterogene-
ity, and correspondingly stronger mechanisms for stabilizing task-relevant latent properties
under variable observation conditions.

Project Heterogeneity Escalation Latent Factorization

1 intensity-level appearance heterog. task-relevant anatomy,
other task-irrelevant information

2 contrast/modality-level appearance heterog.,
registration-compatible geometric heterog.

reference anatomy,
image-specific deformation,
image appearance

3 correspondence-free geometric heterog.

global anatomical prototypes,
prototype selection,
image-specific deformation,
image appearance

servation conditions. The resulting formulations improve interpretability, robustness, and

predictive performance, demonstrating that the contribution of this thesis lies not in isolated

technical solutions but in establishing a coherent representational framework for heteroge-

neous medical image analysis.

We also summarize the projects in terms of the additional sources of heterogeneity we

tackle and the latent factorization performed by our methods in Tab. 1.1. The subsequent

chapters develop the methodological contributions underlying these projects. Chapter 2 for-

malizes the generative perspective and the constraints that promote identifiable factorization.

Chapters 3 to 5 then present the three projects in detail, demonstrating how increasingly

explicit latent organization supports robustness and interpretability under escalating hetero-

geneity.
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Chapter 2

BAYESIAN REPRESENTATION LEARNING

The projects in this thesis are developed under a common methodological stance: stable

learning under heterogeneity requires modeling assumptions that explicitly organize latent

sources of variation and make their roles inferable from data. This chapter introduces the

high-level concepts and technical vocabulary used throughout the remainder of the thesis.

We first review latent variable modeling as a general framework for representing observed

data through unobserved explanatory variables. We then introduce the Bayesian perspective

on latent inference, and finally discuss how explicit modeling assumptions can be used to

promote identifiable and disentangled representations.

This chapter is independent of particular choices of latent factors or task-specific decom-

position. It provides a unified conceptual and mathematical scaffold, including probabilistic

graphical representations and core inference objectives, that will be instantiated in subse-

quent chapters.

2.1 Latent Variable Models

Latent variable models describe observed data as the result of unobserved explanatory

variables interacting through a probabilistic generative mechanism. Let x ∈ X denote an

observation and z ∈ Z denote a latent variable that generates x. A basic latent variable

model specifies a joint distribution

p(x, z) = p(z) p(x|z), (2.1)
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Figure 2.1: A basic latent variable model. A latent variable z generates an observation x
through a likelihood p(x|z) under a prior p(z). The observed variable x is shaded.

where p(z) is a prior distribution over latent variables and p(x|z) is a likelihood that maps

latent variables to the observation space. The corresponding marginal likelihood is obtained

by integrating out the latent variables:

p(x) =

∫
p(z) p(x|z) dz. (2.2)

This formulation separates explanation from realization. The latent variables z encode

explanatory degrees of freedom, while the likelihood specifies how those degrees of freedom

manifest in observations. When variability in the data arises from multiple sources, latent

variable models provide a natural mechanism to represent such variability without requiring

it to be directly observed or annotated. In this sense, latent modeling offers a principled

alternative to treating all variation as an undifferentiated nuisance absorbed into a single

feature space.

A convenient way to express the conditional independence structure implied by a latent

model is through a probabilistic graphical model. The basic model above corresponds to the

directed graph z→ x, indicating that z generates x, as shown in Fig. 2.1. We will frequently

use such diagrams to clarify modeling assumptions, especially when multiple latent variables

are introduced.

Given observations, the central inferential object is the posterior distribution over latent

variables,

p(z|x) = p(x, z)

p(x)
. (2.3)

The posterior describes which latent configurations are compatible with a given observation
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under the model. In many practical settings, the posterior is intractable to compute exactly

because p(x) involves a high-dimensional integral. This motivates approximate inference

methods, which will be discussed in the next section.

Even at this abstract level, a key conceptual point is that the usefulness of a latent

representation depends on two coupled components: the generative specification p(z)p(x|z)

and the inference mechanism used to recover z from x. If the generative specification is

too flexible or weakly constrained, multiple distinct latent explanations can produce similar

observations, yielding an underdetermined posterior. Conversely, if the inference mechanism

is poorly matched to the generative assumptions, the inferred latents may fail to reflect the

intended semantics. These issues are central to the notion of identifiability developed later

in this chapter, and they motivate why explicit modeling assumptions matter even before

committing to any task-specific factorization.

2.2 Variational Bayesian Inference

Latent variable models become practically useful when we can infer latent explanations

from data and learn model parameters from observations. From a Bayesian perspective,

inference is fundamentally posterior reasoning. Given a joint model pθ(x, z) = pθ(z)pθ(x|z)

with parameters θ, the key quantity is the posterior

pθ(z|x) =
pθ(x, z)

pθ(x)
, (2.4)

where the marginal likelihood pθ(x) =
∫
pθ(x, z) dz is typically intractable in high-dimensional

settings, as mentioned before. Variational Bayes provides a scalable alternative by replacing

exact posterior inference with optimization over an approximating family.

2.2.1 Variational Approximation

Variational inference introduces an approximate posterior qϕ(z|x) parameterized by ϕ

and seeks to bring it close to the true posterior by minimizing the Kullback–Leibler (KL)
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divergence to the true posterior:

q⋆ϕ(z|x) = arg min
qϕ(z|x)

KL(qϕ(z|x) ∥ pθ(z|x)) . (2.5)

Directly optimizing this objective is inconvenient because it involves the intractable pos-

terior normalization through pθ(x). This difficulty is resolved by the standard variational

decomposition obtained from Bayes’ rule. For any choice of qϕ(z|x),

log pθ(x) = Eqϕ(z|x)[log pθ(x|z)]−KL(qϕ(z|x) ∥ pθ(z))︸ ︷︷ ︸
≜ L(θ,ϕ;x)

+KL(qϕ(z|x) ∥ pθ(z|x)) , (2.6)

where L(θ, ϕ;x) is the evidence lower bound (ELBO). Since log pθ(x) does not depend on ϕ,

maximizing the ELBO with respect to ϕ is equivalent to minimizing KL(qϕ(z|x) ∥ pθ(z|x)).

This yields a tractable optimization objective that depends only on the likelihood pθ(x|z),

the prior pθ(z), and the variational family qϕ(z|x).

While the argument above explains why optimizing ϕ improves posterior approxima-

tion for a fixed generative model, in representation learning the generative parameters θ are

themselves unknown and must be learned from data. We therefore maximize L jointly with

respect to θ and ϕ, which performs two coupled tasks: the first term encourages latent con-

figurations that explain the data under the generative model, while the KL term regularizes

the inferred latents toward the prior and thereby implements the assumed organization of

latent variation.

2.2.2 Amortized Inference

In modern representation learning, the approximate posterior is typically amortized:

rather than optimizing a separate variational distribution for each observation, one learns

a shared inference function qϕ(z|x) (often implemented as a neural network) that maps ob-

servations to posterior parameters. Under amortization, learning is driven by the dataset
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Generative Model Amortized Inference

Figure 2.2: Paired graphical view of variational Bayes. Left: a generative model pθ(z)pθ(x|z).
Right: an amortized variational approximation qϕ(z|x) that enables scalable posterior infer-
ence.

objective

max
θ,ϕ

N∑
n=1

L(θ, ϕ;xn), (2.7)

which couples representation learning (through z) with Bayesian inference (through qϕ) under

explicit generative assumptions.

Amortized inference provides a practical interface for encoding inductive bias. The prior

pθ(z), the likelihood family pθ(x|z), and the variational family qϕ(z|x) jointly determine

what latent explanations are available and how stably they can be recovered. This point is

critical for identifiability: if the model admits multiple incompatible latent explanations for

the same observation, amortized inference may converge to solutions that are predictive yet

semantically unstable.

2.2.3 Graphical Representation

The relationship between the generative model and the variational approximation is con-

veniently summarized by a pair of graphical models: a directed generative graph (priors

and likelihood) and an inference graph (approximate posterior), as shown in Fig. 2.2. We

will use this paired view throughout the thesis to keep generative assumptions and inference

mechanisms explicit.

The next section uses this variational-Bayesian perspective to motivate identifiable and

disentangled representations as consequences of explicit modeling assumptions rather than

post-hoc explanations.
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2.3 Identifiability and Disentanglement as Modeling Assumptions

Latent variable models provide a vocabulary for explaining observations through unob-

served factors, and variational Bayes provides a scalable mechanism to infer such factors.

However, the existence of latent variables alone does not guarantee that the inferred rep-

resentation is stable, interpretable, or reusable under heterogeneous observation conditions.

These properties depend on identifiability: whether the roles of latent components are suffi-

ciently specified so that their semantics can be recovered consistently from data.

2.3.1 Identifiability

At a high level, identifiability concerns whether distinct parameterizations or latent de-

compositions can generate the same distribution over observations. If multiple latent ex-

planations are equally compatible with the data, then the posterior can be underdeter-

mined: latent components may permute, drift, or redistribute explanatory responsibility

without changing the likelihood. In such cases, a learned representation may be predictive

in-distribution yet unstable when observation conditions change.

In representation learning, we often interpret latent variables as carrying specific seman-

tic content. Such interpretation is meaningful only when the model restricts the space of

admissible explanations. Identifiability therefore functions as a design criterion: modeling

assumptions must constrain latent variables so that their inferred roles are stable across

observations, rather than being arbitrary artifacts of optimization.

2.3.2 Disentanglement

The term disentanglement is often used to describe representations in which different

latent components correspond to different explanatory sources. In this thesis, disentangle-

ment is treated as an explicit modeling assumption rather than a post-hoc interpretation.

Concretely, disentanglement requires specifying, through the prior, likelihood, and inference

structure, which latent components are intended to vary independently and how they should
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contribute to the generation of observations.

Additional constraints are often needed to prevent latent components from exchanging

their explanatory responsibilities. These constraints can be implemented through architec-

tural structure, hierarchical priors, structured variational families, or regularization terms

that encode how information should be distributed across latent components.

2.3.3 Failure Modes under Weak Specification

When latent roles are weakly specified, several characteristic failure modes emerge. One

common failure is semantic drift: latent components adopt different meanings across train-

ing runs, across subsets of data, or across changes in observation conditions, even though

the overall likelihood remains high. Another is entanglement: multiple explanatory sources

become fused within the same latent variables, so that changing one underlying factor in-

duces changes across multiple latent dimensions. A third is posterior collapse, in which the

variational posterior becomes insensitive to the observation (e.g., qϕ(z|x) ≈ p(z)), indicat-

ing that the model has learned to explain the data without meaningfully using the latent

representation.

These phenomena are closely linked to heterogeneity. As observation conditions diver-

sify, latent explanations that were sufficient under a narrow distribution may cease to be

stable. Without identifiable organization, a model can satisfy training objectives by shift-

ing explanatory burden onto observational cues that correlate with task outputs, yielding

representations that do not preserve invariant content in a reusable way.

These observations suggest that identifiability is controlled by how the generative speci-

fication and the inference approximation are coupled.

2.4 Modeling Patterns for Identifiability

The preceding section emphasized that identifiability is governed by how generative spec-

ification and inference are coupled. This section summarizes a set of reusable modeling pat-

terns that strengthen this coupling in Bayesian representation learning. The intent is not
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to prescribe a single recipe, but to highlight design primitives that make latent roles more

recoverable from data.

2.4.1 Priors

A prior p(z) encodes assumptions about latent organization. In multi-component settings,

a common starting point is a factorized prior

p(z) =
K∏
k=1

p(zk), (2.8)

which asserts a baseline independence across components. When this assumption is too weak

to induce stable roles, one may strengthen role specification using structured prior, such as

explicit allocation variables that select or gate latent substructures. Abstractly, one may

write

p(z, a) = p(a) p(z|a), (2.9)

where a parameterizes how latent explanations are composed. Such allocation variables

can be discrete (mixture-style) or continuous (attention- or weighting-style), but the shared

purpose is to make the space of admissible explanations more structured, thereby reducing

underdetermination.

2.4.2 Likelihood

Even with a well-chosen prior, identifiability can be weak if the likelihood pθ(x|z) allows

multiple latent explanations to produce similar observations. Likelihood structure is therefore

a primary lever for role separation. A generic pattern is to introduce intermediate latent

representations and define the likelihood through a structured generator,

u = gθ(z), x ∼ pθ(x|u), (2.10)
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where u is an explicitly organized intermediate variable (or a collection thereof). When

z = (z1, . . . , zK) contains multiple components, gθ can be designed to combine them through

distinct pathways, thereby constraining how each component influences the observation.

A related pattern is compositional generation through conditionally independent sub-

observations. Let x = (x(1), . . . ,x(M)) denote multiple correlated views or measurements.

One may specify

pθ(x|z) =
M∏

m=1

pθ
(
x(m)|z, c(m)

)
, (2.11)

where c(m) denotes view-specific conditions or parameters. This form does not assume that

views are independent in reality; rather, it expresses a modeling choice that isolates view-

dependent variability from shared latent explanations, improving recoverability of the shared

content.

2.4.3 Variational Posteriors

Identifiability also depends on the variational family used to approximate the posterior.

Mean-field approximations,

qϕ(z|x) =
K∏
k=1

qϕk
(zk|x), (2.12)

often provide a useful computational baseline, but they can be mismatched when the genera-

tive model implies strong posterior dependencies. A general alternative is to adopt structured

variational families that mirror conditional independences in the generative graph. Using a

chain-rule factorization,

qϕ(z|x) = qϕ(z1|x)
K∏
k=2

qϕ(zk|z<k,x), (2.13)

allows selected dependencies to be retained.

A second alignment pattern is to share or separate inference pathways in correspondence

with intended latent roles. For example, one may parameterize different subsets of latent
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variables using distinct inference modules, while keeping a shared trunk for common evidence

extraction. Such architectural alignment is not merely an implementation choice; it defines

which evidence is available to each latent component and thereby influences the stability of

semantic roles.

2.4.4 Objective Shaping

Within variational Bayes, the ELBO couples data explanation and adherence to the prior

through the KL term. A widely used pattern is to explicitly modulate this trade-off, e.g.,

Lβ(θ, ϕ;x) = Eqϕ(z|x)[log pθ(x|z)]− βKL(qϕ(z|x) ∥ p(z)) , (2.14)

where β > 0 controls the strength of latent regularization. Such weighting does not guarantee

disentanglement, but it provides a direct mechanism for controlling information flow into

latent variables and can prevent pathological solutions (e.g., overly flexible posteriors or

degenerate use of latents) when combined with appropriate structural assumptions.

More generally, objective shaping can introduce additional terms that operationalize

intended semantics, provided these terms are consistent with the latent organization implied

by the prior and likelihood. In this thesis, such additions are used sparingly and only when

they serve to reinforce a specified latent role.

2.4.5 Summary: Coupling Generation and Inference

Across these patterns, a unifying theme is explicit coupling between generation and infer-

ence. Priors specify admissible latent roles, likelihood structure constrains how roles manifest

in observations, and variational families determine how roles are inferred from data. When

these components are designed coherently, the resulting representation is more likely to ex-

hibit identifiable semantics and to remain stable as observation conditions diversify. The

subsequent project chapters instantiate these patterns in different regimes, progressively

strengthening role specification as heterogeneity escalates.



18

Chapter 3

RESTRICTING FEATURE COMPLEXITY FOR ROBUST MRI
SEGMENTATION

This chapter presents the first project of the thesis: automated segmentation of intracra-

nial arterial calcification from multi-contrast brain MRI. Within the broader framework

introduced in Chapter 1, this setting corresponds to the most moderate regime of hetero-

geneity considered in this work. The task follows the standard supervised medical image

segmentation paradigm, where pixel-wise annotations are available during training and mul-

tiple co-registered MRI contrasts are provided as input channels. These contrasts serve as

complementary sources of information: accurate calcification delineation typically relies on

integrating structural cues from the vessel lumen, vessel wall, and surrounding anatomical

context across contrasts.

Despite this seemingly conventional setup, the segmentation problem itself remains in-

trinsically difficult. In MRI, calcification does not exhibit a distinctive or stable signal signa-

ture. Instead, it typically appears as subtle low-intensity regions that can be easily confused

with background or other anatomical structures. Reliable segmentation therefore cannot

rely on simple intensity-based cues. Instead, the model must infer calcification presence

indirectly from contextual relationships among neighboring tissues and vascular structures.

This reliance on subtle relational patterns makes the task particularly sensitive to intensity-

level appearance heterogeneity: scanner- and protocol-dependent variations can alter local

intensity patterns and tissue contrasts in ways that distort or obscure the already weak sig-

nals used for inference. As a result, even moderate appearance variability across scans can

significantly degrade the robustness of conventional segmentation pipelines.

From a representation learning perspective, the key challenge is therefore to construct
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internal representations that remain stable under such appearance fluctuations while still

capturing the structural information required for the segmentation task. In particular, the

representation should emphasize task-relevant anatomical structure, such as vessel geome-

try and contextual spatial relationships, while avoiding reliance on acquisition-dependent

appearance patterns that do not correspond to the underlying target.

To address this challenge, we adopt the Bayesian representation learning framework intro-

duced in Chapter 2. The central idea is to explicitly organize the latent representation into

components that account for task-relevant structural information and those that capture

nuisance variability arising from appearance fluctuations or unrelated anatomical signals.

Within a variational formulation, latent variables mediate the mapping from observed im-

ages to segmentation outputs, allowing the model to distribute explanatory responsibility

across these components in a controlled manner.

The practical mechanism for enforcing this organization is a constraint on representa-

tional complexity. By limiting the effective capacity of the latent representation, the model

is discouraged from encoding spurious appearance patterns as shortcuts for predicting the

target. Instead, it is encouraged to compress the input information into a representation that

preferentially preserves structural cues that are consistently predictive of calcification across

heterogeneous scans. As demonstrated in the following sections, this constrained latent or-

ganization improves robustness under appearance variability while simultaneously yielding

a more interpretable internal representation of the task.

The remainder of this chapter closely follows the associated journal publication:

• Xin Wang et al. Automated mri-based segmentation of intracranial arterial calcifica-

tion by restricting feature complexity. Magnetic Resonance in Medicine, 93(1):384–396,

2025. doi: 10.1002/mrm.30283 [168].
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3.1 Introduction

Intracranial atherosclerosis is a leading cause of ischemic stroke [5]. Atherosclerotic plaque

may contain various plaque components that determine the risk of stroke. Among these

plaque components, arterial calcification is known to be of pathological significance in stroke,

and also associated with other diseases such as dementia and cognitive decline [26, 28, 25].

Therefore, the identification and segmentation of calcification are important in vascular image

analysis for diagnosis and risk assessment.

Automated calcification segmentation on non-contrast computed tomography (CT) or

contrast-enhanced CT angiography (CTA) has been extensively explored in the literature,

where calcification has a high, easy-to-detect signal. For example, Lessmann et al. [92]

connected two networks to label and refine calcification on chest CT. Graffy et al. [56]

utilized Mask R-CNN to identify aortic calcification on abdominal CT. Weng et al. [171] and

Bortsova et al. [24] used U-Nets to segment calcification around superficial femoral arteries

and internal carotid arteries, respectively. In general, these studies commonly relied on

existing deep networks established for general medical image segmentation tasks.

Despite its widespread use, CT exhibits inherent limitations which diminish its utility in

intracranial arterial calcification studies.

• Safety. CT involves patient exposure to ionizing radiation, and CTA requires the

administration of invasive contrast agents, especially when longitudinal scans are es-

sential to monitor disease progression [27].

• Comprehensive analysis with other plaque features. Intracranial arterial cal-

cification often coexists and interacts with other atherosclerotic plaque components,

such as lipid core and fibrous tissue [178]. However, arteries cannot be visualized with

non-contrast CT. Even on CTA that uses contrast, distinguishing the type of calcifica-

tion (e.g., intimal or medial) and identifying other plaque components are challenging

[4].

In contrast, MRI can overcome these disadvantages. Vessel wall MRI (VWI) allows for safe,
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Figure 3.1: Original and preprocessed images. Left: Axial slices of intracranial scans from
multi-sequence MRI and CT angiography (CTA). (a) T1-weighted, (b) Simultaneous Non-
contrast Angiography and intraPlaque hemorrhage imaging (SNAP) [136], (c) Time-of-flight
(TOF) MR angiography (MRA), (d) CTA. Calcification is delineated with orange contours.
Right: Extraction of 2D cross-sectional slices perpendicular to the vessel centerlines of
3D scans. An example slice from a T1 image and the corresponding longitudinal view of
extracted slices from the same subject are shown on the right side.

non-invasive, and radiation-free imaging of various types of atherosclerotic plaques [106, 113],

preferable for serial monitoring of atherosclerosis [63]. Detection of calcification on VWI

enables a clinically significant joint analysis of different plaque components. Therefore, there

has been a growing demand for MRI-based assessment of arterial calcification [132], which

our method can address.

However, it is difficult to detect calcification on MRI. As shown in Fig. 3.1, calcification

appears dark in most MR sequences and is difficult to distinguish from noise. For example,

on T1-weighted VWI, when the signal of flowing blood in the vessel lumen is suppressed,

calcification adjacent to the lumen can be hard to identify; on time-of-flight MR angiography

(TOF MRA), all tissue signals except flowing blood are generally suppressed. Therefore, a

single MRI contrast may not suffice to segment calcification. Nonetheless, the various imag-

ing patterns shown on different MR sequences still provide rich tissue information that may

have value in calcium identification. Similar to the aforementioned CT-based segmentation,

it is straightforward to train an existing network using multi-sequence MRI, by stacking se-

quences as a multi-channel input image. However, such a naive solution could be suboptimal,

as shown in the result section.



22

To improve the segmentation beyond such black-box networks, we propose to refine the

network features extracted from the MR images. Following the idea of the information

bottleneck (IB) [150], we hypothesize that it is crucial for the MRI features to exhibit: 1)

rich information about the target tissue (calcification); 2) constrained complexity essentially

excluding irrelevant information. Such features are potentially more generalizable and better

for segmentation [52]. In contrast, a naive network only satisfies the first requirement by a

regular segmentation loss, but its features could be too complex, presenting a challenge in

prioritizing the learning of calcification patterns, consequently impairing performance.

To reduce the complexity of MR features, we use regularization to concentrate the in-

formation in MR features on calcification. Assume we have an auxiliary image (spatially

aligned to the MRI) that displays calcification but few other tissue structures. Considering

features extracted separately from the MR and the auxiliary images, even though both con-

tain information of calcification, the auxiliary feature may exhibit lower complexity due to

its image consisting of simpler structures. By aligning the MR feature with the auxiliary

one, we could refine the MR feature, reducing its complexity.

Such alignment of features can be achieved using variational autoencoders (VAEs) [88],

which extract stochastic features (probability distributions) from input data to facilitate

downstream tasks such as reconstruction, detection and segmentation. VAEs are capable

of refining and learning features with compressed information [2]. In this work, we propose

a novel VAE for MRI-based calcification segmentation. Particularly, during network train-

ing, we incorporate the ground-truth calcification mask as the auxiliary image input to the

network. We explicitly align the MR and auxiliary features by minimizing their divergence,

such that the model learns to extract MR features with a lower complexity. Once training

is done, auxiliary images are no longer needed, and the network can segment calcification

using only MR images during testing.

The contributions of this article are summarized as follows:

1. To the best of our knowledge, this is the first automated method for MRI-based in-

tracranial arterial calcification detection. Notably, our model is theoretically grounded
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Table 3.1: Baseline characteristics of the studied cohort. The calcification-related values are
for internal carotid arteries and middle cerebral arteries, and the calcification (cal.) volume
is reported as the median with interquartile range.

Characteristic Value Characteristic Value Characteristic Value

No. of subjects 113 Smoking 23 Ischemic stroke 85
No. of women 15 Hypertension 82 Transient ischemic attack 8

Age (y) 64.8 ± 8.5 Diabetes mellitus 46 Stenosis 72
Cal. volume (mm3) 18.9 (3.2-50.5) Hyperlipidimia 5 Aneurysm 7

Presence of cal. 99 Coronary heart disease 8

in the VAE framework; our strategy of feature complexity reduction provides an inter-

pretable way to improve performance.

2. We demonstrate the superiority of our model compared to multiple widely-used state-

of-the-art approaches for segmentation, and highlight the clinical significance of our

work in predicting high-level measurements, including calcium volume and slice-wise

calcification occurrence.

3. We quantitatively explore the effect of different MR sequences on enhancing calcifica-

tion identification.

3.2 Methods

3.2.1 Data acquisition

We used a dataset of 113 subjects scanned at Renji hospital, China. Use of the data was

approved by the local institutional review board. The subjects underwent multi-sequence

intracranial MRI and CTA scans from 2019 to 2020 during their hospitalizations due to

different clinical indications. The MRI was performed using a 3T scanner (Philips Inge-

nia, the Netherlands) with a dedicated 16-channel phased-array carotid artery coil (Beijing

TSImaging Healthcare Technology Co., China); the CTA was performed using a 320-detector

row scanner (Aquilion ONE VISION, Canon Medical System Corporation, Otawara, Japan).

The demographics of the subjects are summarized in Tab. 3.1. The dataset consists of sub-
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jects likely to have intracranial vascular diseases, leading to a large diversity of calcification

distribution and allowing for a comprehensive assessment of model performance.

Three MR sequences were chosen for this study, i.e., T1-weighted VWI, TOF MRA, and

SNAP, based on their potential to visualize calcification. SNAP stands for Simultaneous

Non-contrast Angiography and intraPlaque hemorrhage imaging, an MRI technique capable

of acquiring a proton-density-weighted image, in which vessel wall and luminal blood are

both bright [136]; T1 is typically used to image the vessel wall by suppressing blood flow

within the lumen; TOF displays the lumen with high intensity while suppressing other tis-

sues. Calcification produces no MR signal and appears dark on all three sequences. These

sequences provide complementary structural information that helps distinguish calcification

from other tissues or the lumen.

3.2.2 Preprocessing

Preprocessing of the scans was performed using a previously-developed tool, MOCHA, for

multi-contrast vascular image analysis [62]. Specifically, we first used 3D rigid registration

to spatially align T1, TOF, SNAP and CTA, with T1 as the reference image. CTA was used

only because it can help human readers better visualize calcification when they reviewed the

images; it was not used in model training and testing. All images were resampled to be

isotropic (spacing of 0.58 mm), and normalized to a fixed intensity window (0-500 for T1,

0-2000 for TOF, and 0-220 for SNAP) for appropriate contrast.

A reviewer (G.C.) with more than ten years of experience then used the TOF sequence

to track the centerlines of left and right intracranial internal carotid arteries (ICAs) and the

horizontal (M1) and sylvian (M2) segments of the middle cerebral arteries (MCAs), using

iCafe, a previously-developed software package for intracranial artery extraction [36].

Then, 2D cross-sectional slices through the tracked centerlines were generated, as shown

in Fig. 3.1. A region-of-interest (ROI) with size 80× 80 was cropped from the center of each

2D slice to obtain an appropriate field-of-view (containing the vessel but not too large). Thus,

for each location on each vessel of each patient, we generated 2D slices of CTA and multiple
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MR sequences, referred to as a slice group. For each group, the radiologist meticulously

labeled calcification through a systematic process, encompassing the following steps: 1)

careful examination of the CTA to identify the locations and shapes of calcification, 2)

comprehensive review of all MR sequences to identify on MRI the calcification locations

corresponding to the CTA, 3) precise delineation of calcification on MRI according to the

boundaries formed by signal contrasts. Note that CTA was used to guide manual labeling,

because even experienced radiologists find it challenging to minimize false positives when

labeling calcification using MRI alone without concurrent reference to CTA. Besides, due

to the blooming effect of CTA and imperfect registration between CTA and MRI in some

instances, the calcification labels may not precisely align with the bright shapes on CTA.

However, this pragmatic labeling procedure acknowledged the intricacies of the imaging

modalities, and prioritized optimal precision of manual labeling on MRI. The manual labels

were converted to binary masks as the ground-truth calcification segmentation for MRI.

Subjects were randomly divided into training, validation and test sets, with a ratio of

10:1:1. The vessel lengths among different subjects exhibited variations, leading to diverse

numbers of slice groups for each individual. Consequently, the training, validation, and test

sets comprised of 39858, 5296, and 2782 slice groups, respectively.

3.2.3 Proposed model

Overall framework

We propose a novel model to improve calcification segmentation on MRI. The overall

architecture of our model is illustrated in Fig. 3.2. The inputs to the network are the 2D

cross-sectional slices of multi-sequence MRI (x1) and an auxiliary image (x2, i.e., the ground-

truth segmentation mask, used for training only). The MR feature (denoted by q1(z|x1))

is extracted via the MR branch based on all MR sequences, and utilized by a decoder to

segment calcification. For training, a segmentation loss (cross-entropy) is used to measure

the difference between the predicted segmentation probability map and the ground-truth

calcification label.
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Figure 3.2: The proposed framework (with two MR sequences as an example). Each encoder
or decoder is the same as in a U-Net. The cubes represent feature maps. The probability
distributions (e.g., q1, q2) indicate the correspondence between the features and the terms in
the derived objective function (the ELBO). The red arrows and boxes indicate the calculation
of the two losses.

In addition to the cross-entropy loss, during training, the auxiliary branch is utilized

to extract the feature (denoted by q2(z|x2)) from the auxiliary image. We introduce a

dissimilarity loss to measures the divergence between the MR and auxiliary features, which

is detailed in the next section. Trained with this loss, the network can learn to extract an

MR feature similar to the auxiliary one. As a binary mask, the auxiliary image has a lower

complexity, resulting in simpler features. The dissimilarity loss could therefore restrict the

complexity (compress the information) of the MR feature. As we described in Sec. 3.1, this

could improve feature generalizability and lead to better segmentation. Since the auxiliary

branch is only used for loss calculation, after the training is complete, the model does not

require auxiliary images for inference and can segment calcification using only MRI scans.

Note that the model is a variational auto-encoder (VAE). Therefore, the MR and auxiliary

features essentially represent two probability distribution q1 and q2, respectively. Random

sampling from q1 is involved before the decoder, which will be detailed in the following
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sections.

Theoretical explanation

In this section, we describe the theoretical details of our framework. Building on the

work of Alemi et al. [2], which demonstrated that VAEs can compress information inside the

features in an unsupervised scenario, we extend these concepts to develop a new VAE model

for calcification segmentation.

In general, let the input multi-sequence MRI be x1 ∈ RH0×W0×C0 , where H0,W0 are the

height and width of each MR image, respectively, and C0 is the number of MR sequences; let

the corresponding auxiliary image be x2 ∈ RH0×W0×1. Then the input images can be written

as x = (x1, x2). Following the variational inference framework [88], we further assume the

ground-truth segmentation label s ∈ {0, 1}H0×W0 is generated from a latent variable z by a

conditional distribution p(s|z). Since the true posterior distribution p(z|s) is intractable, a

variational posterior q(z|s) is introduced to approximate it.

The VAE and its multimodal variants [135, 174, 146, 154] are well-established techniques

to learn features in an unsupervised manner. In this work, we aim to extend this model

family for calcification segmentation. Notably, we propose to reduce the information in the

feature z by forcing the feature to focus on the segmentation s rather than the entire input

images. Thus, we assume q(z|s) = q(z|x). Intuitively this means s and x contain the same

information of z. Then a lower bound of the log-likelihood log p(s) can be derived as

log p(s) ⩾Eq(z|x) log p(s|z)−DKL (q(z|x)∥p(z)) := ELBO, (3.1)

where E denotes the mathematical expectation over a specific distribution, p(z) is the prior

distribution of z, andDKL is the Kullback-Leibler (KL) divergence between two distributions.

This is called the evidence lower bound (ELBO) [88]. Our goal is to maximize the log-

likelihood log p(s), which is, however, generally intractable. Therefore, the VAE framework

aims to maximize its ELBO, which is achieved by our network and will be detailed in the
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next section.

We have addressed the MRI and auxiliary together as x = (x1, x2), and q(z|x) in the

ELBO indicates that the extraction of feature z relies on both. However, we aim to build a

model capable of segmenting calcification without the auxiliary image. To this end, for each

m (m = 1, 2 for MRI or auxiliary, respectively), we propose to model an individual posterior

distribution qm := qm(z|xm) (a.k.a. “expert”). To obtain the final posterior q(z|x) and the

prior p(z), we propose to process the experts in two different ways (namely the geometric

[71] and arithmetic [135] means), i.e.,

q(z|x) ∝

[
M∏

m=1

qm

] 1
M

, p(z) :=
1

M

M∑
m=1

qm. (3.2)

The intuition is that each expert qm(z|xm) corresponds to extracting the feature from ei-

ther the MRI or the auxiliary. To get an overall estimation of the feature by integrating

information from both inputs, we merge the information of the experts by calculating their

geometric mean. Our previous work has validated this strategy for multimodal image regis-

tration [167, 101], and here we extend it to image segmentation.

Based on the assumptions and derivations above, the objective to be maximized during

network training, i.e., the ELBO, can be expressed as

ELBO =Eq(z|x) log p(s|z)−DKL

C

[
M∏

m=1

qm

] 1
M

∥ 1

M

M∑
m=1

qm

 (3.3)

where qm := qm(z|xm),m = 1, 2 is the individual posterior of MRI or auxiliary, and C is a

constant to normalize the geometric mean, making it a probability distribution.

Network structure

As mentioned in Sec. 3.2.3, the goal of VAE is to maximize the ELBO, and from Eq. (3.3)

we see that to calculate the ELBO, we only need to estimate the probability distributions

p(s|z) and qm(z|xm),m = 1, 2 (note that q(z|x) in Eq. (3.3) is the geometric mean of
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qm’s). Therefore, we build a network to infer the distributions from input images. Then, by

deploying the negative of the ELBO as the loss function, we can train the network to learn

to produce optimal distributions given any input data. Such network is called a variational

autoencoder (VAE) [88]. In our case, qm(z|xm),m = 1, 2 requires two encoding branches to

infer the distribution of z separately from MRI (x1) and auxiliary (x2), based on which we

analytically calculate q(z|x) as the geometric mean. Besides, p(s|z) requires a decoder to

infer the distribution of s (i.e., the segmentation probability map) given any z.

Considering these requirements, the design of our VAE is shown in Fig. 3.2. In summary,

the auxiliary branch extracts from the auxiliary image anH×W×C feature map, whereH,W

is the height and width, and C is the number of channels. Following the convention of VAEs

[155, 172], we model the distribution q2(z|x2) as a diagonal Gaussian distribution, with mean

and covariance represented by the first and second half channels of this feature map. For

multi-sequence MRI, we first use multiple encoders to extract per-sequence features, which

are then concatenated and processed by a convolutional layer to obtain the MR feature

(overall feature map for MRI). This feature map parameterizes the distribution q1(z|x1) in

the same way as the auxiliary feature map. Once q1(z|x1) and q2(z|x2) are obtained through

the feature maps, the final posterior and prior distributions are calculated through Eq. (3.2),

and the KL divergence in the ELBO can be calculated analytically.

More importantly, the KL term in Eq. (3.3) measures the dissimilarity between the

geometric and arithmetic means of qm. As a part of maximizing the ELBO, we minimize the

KL during training, encouraging the network to extract similar qms (features) from MRI and

the auxiliary image. In other words, the MR feature q1 will be aligned to the auxiliary feature

q2. As we discussed in Sec. 3.1, this restricts the complexity of q1 and thus leads to better

model performance. In contrast, a vanilla model may learn an MR feature intertwined with

redundant information, making it difficult for the decoder to segment specific substructures.

It has been demonstrated that individual distributions qms are helpful for learning desired

features [135, 167].

To calculate the expectation term in the ELBO, we perform Monte Carlo estimation,
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shown in Fig. 3.2, similar to previous works [88]. Specifically, for each training iteration,

we sample a value z from q(z|x), based on which the decoder produces the segmentation

probability map p(s|z). The log-probability log p(s|z) can then be calculated by measuring

the probability of the ground-truth segmentation s given the probability map, which is

equivalent to the negative of cross-entropy [172]. This forms the estimate of Eq(z|x) log p(s|z).

For model evaluation, instead of sampled z, the decoder directly utilizes the mode of q(z|x1),

as the input MR feature to produce segmentation probability maps.

The structures of the encoders and decoder are the same as in a U-Net. Therefore,

the feature maps from the encoders are exactly the outputs of convolutional layers after

downsampling (pooling) operations. Since these U-Net features are with different resolutions,

we also calculate the dissimilarity loss (KL term in Eq. (3.3)) in a multi-scale manner. In

other words, for each downsampling (scale) of the encoders, we obtain one q(z|x) to calculate

one KL divergence, and the final KL is the sum of the multi-scale KL divergences. In addition,

the encoders share all the parameters except for batch normalizations. This significantly

reduces computational complexity and the number of learnable parameters, thus mitigating

overfitting and helping better extract features [29].

Implementation details

We set the weights of the KL divergence and the segmentation (cross-entropy) loss to 1.5

and 500, respectively. The positive weight for the cross-entropy loss was set to 0.95. The

model was implemented using PyTorch [118] and trained on an NVIDIA TITAN V GPU

for 100 epochs, via the Adam optimizer [87] with a learning rate of 10−3 and a batch size

of 400. We selected the model with the best validation performance (evaluated after each

epoch) and reported the following results by applying this model to the test set.

3.2.4 Evaluation metrics

We used the Dice Similarity Coefficient to evaluate the segmentation performance. We

also measured the commonly-used 95% Hausdorff Distance (HD95) and the Average Symmet-
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ric Surface Distance (ASSD), where HD95 evaluates the maximum surface distance between

the prediction and ground-truth, and ASSD considers the distance in an average sense. Be-

sides, we report the area under the precision-recall curve (PR-AUC) to evaluate the overall

performance by taking into account different thresholds.

3.2.5 Compared methods

We compared our model with two types of state-of-the-art deep learning methods: UNet-

based and transformer-based. The first type exhibits similar U-Net-like encoder/decoder

structures to ours, yet each adopts a distinctive approach to feature processing, including

U-Net [130], Residual U-Net (ResU-Net) [85], Attention U-Net [115], Attention ResU-Net, U-

Net++ [190], and nnU-Net [79], which are widely recognized for their performance in medical

image segmentation nowadays. The second type involves more advanced transformer-based

architectures, including recently proposed UNETR [65], Swin UNETR [64], and MedNeXt

[131].

Since we aimed to segment calcification on MRI, all methods were trained and evaluated

with the combination of the three MR sequences. For fair comparisons, the common settings

(e.g., the number of scales) for all methods were also the same.

3.3 Results

3.3.1 Quantitative comparisons of different methods for segmentation

We first compared the proposed model and baseline methods for calcification segmenta-

tion. Particularly, our model involves two variants:

• Ours (w/o mask): For training, the auxiliary branch and dissimilarity loss are dis-

abled.

• Ours (w/ mask): For training, both branches are utilized, with the ground-truth

segmentation mask as the auxiliary.

The comparison between Ours (w/o mask) and Ours (w/ mask) served as an ablation study
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Table 3.2: Segmentation performance of different methods on the test MR images. HD95
and ASSD were measured in millimeter (mm).

Methods Dice PR-AUC HD95 (mm) ASSD (mm)
U-Net 0.562 0.575 1.829 1.294

ResU-Net 0.539 0.545 2.431 1.080
Att U-Net 0.545 0.552 1.998 1.117

Att ResU-Net 0.539 0.564 5.087 1.347
U-Net++ 0.596 0.623 1.648 0.853
nnU-Net 0.485 0.654 1.165 0.672
UNETR 0.606 0.652 8.114 1.535

Swin UNETR 0.587 0.633 4.201 1.260
MedNeXt 0.601 0.626 1.165 0.761

Ours (w/o mask) 0.592 0.630 6.649 1.133
Ours (w/ mask) 0.620 0.660 0.848 0.692

to investigate the effect of the auxiliary training input.

Comparisons with state-of-the-art segmentation models: The quantitative met-

rics evaluated on the test set are summarized in Tab. 3.2. Our method outperforms all

baselines across Dice, PR-AUC and HD95, and our ASSD is very close to the best value

achieved by nnU-Net, which, however, exhibits a very low Dice score. These results high-

light the effectiveness of our approach. Besides, while UNETR achieves the best Dice among

the baseline methods, its distance-based metrics, especially HD95, are significantly worse

than ours. This indicates that our model produces better spatial agreement in boundary

localization, effectively mitigating false positive outliers. Moreover, comparisons with the

six U-Net variants highlight our model’s superiority, attributed to the novel design of the

theoretically grounded loss function, because our models shares similar encoder/decoder

structures with those U-Net variants. Besides, our model outperforms the three networks

with much more advanced transformer-based structures, reaffirming its superiority.

Comparison with inter-reader variations: To further validate that our method’s

results align closely with the consensus of human experts, we followed the same procedure

in [127] to investigate inter-reader variations. Particularly, we invited two more radiologists
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Figure 3.3: Examples of segmentation from Ours (w/ mask) compared to the ground-truth.
2D slices with various calcification shapes (ring-like, bulk and spotty) are displayed, with
contours (green for ground-truth and orange for ours) overlaid on MR images, and the Dice
scores for each slice group shown on the TOF images. Corresponding CTA images are not
used for training or test, but are shown here only for reference.

(H.A. and E.Y.A.) to individually label calcification on 14 randomly selected subjects, re-

sulting in an inter-reader Dice score of 0.626, which is very close to the value 0.620 achieved

by our model.

Ablation study for the auxiliary encoder and dissimilarity loss: Ours (w/ mask)

exhibits superior performance compared to Ours (w/o mask) trained without the auxiliary

encoder. Notably, Ours (w/ mask) achieves a significantly lower HD95, demonstrating that

the auxiliary encoder, coupled with the dissimilarity loss, effectively eliminated false positive

outlier pixels in the predicted segmentation.

3.3.2 Qualitative results

The qualitative results from our model are visualized in Fig. 3.3, where we show 12

examples with various calcification shapes and a range of segmentation performances. Note

that the CTA images are shown for reference purpose only, i.e., they were not used as

input for training or testing. It is evident that our method can produce relatively accurate

calcification boundaries in a variety of situations. Although the dark area on SNAP is much
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Figure 3.4: Visualization of MR features extracted by Ours (w/ mask) and Ours (w/o mask)
from two example groups of multi-sequence MRI (with predicted and ground-truth segmenta-
tion delineated by orange and green contours, respectively). The features are eight channels
of the mean value µ(z) of q1(z|x1). Ours (w/ mask) extracted features with reduced com-
plexity, in contrast to ours (w/o mask) which extracted more complex features and predicted
more false positives as seen by the segmentation contours, indicating poor generalizability
of the features on the test set.

larger than the calcification region, the model still managed to combine multiple sequences

to delineate the real boundaries of calcification. One can observe that even with relatively

low Dice scores in some cases, the model can still localize correct calcification region, e.g.,

the worst Dice 0.444 is just due to a very small calcification area. In the lower bottom case,

the model failed to detect one of the two calcification regions, probably because a portion

of the vessel wall on T1 is dark and unclear. Still, our model is powerful enough to identify

calcification locations that could be hard to detect on MRI.

Feature complexity: We visualized MR features from the two variants of our model

in Fig. 3.4. One can observe that Ours (w/ mask) produced visually simpler feature maps

with a much smaller intensity range indicated by the color bars. Similar to [150], we also

estimated an upper bound of mutual information I(X1;Z) between input MRI X1 and its

feature Z, which provides a measurement for feature complexity. Ours (w/ mask) achieved

a value of 6.9× 10−8, much smaller than the value 9.5× 107 from Ours (w/o mask). These
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Figure 3.5: Comparisons between ground-truth and predicted calcium volumes for test sub-
jects.

results indicates that the proposed model with the dissimilarity loss can effectively restrict

feature complexity.

3.3.3 Performance in predicting clinical measurements

In clinical reviews of calcification, radiologists commonly rely on high-level measurements

derived from segmentations for diagnosis and the analysis of disease progression. Frequently

utilized calcification metrics include the Agatston Score and calcium volume [145, 181]. Since

the former is specific to CT scans, here we investigated our model’s performance in predicting

calcium volume. The results are shown in Fig. 3.5.

Compared to baselines, our approach demonstrates a calcium volume distribution closer

to the ground truth, and the Kolmogorov-Smirnov test for calcium volumes yields a p-

value of 0.997≫ 0.05, indicating no significant evidence of a difference between our volume

distribution and the ground-truth. The Bland-Altman plot reveals nearly all predictions

fall within the range of agreement with ground-truth, and there is only one slight outlier

with a small volume (typically more challenging to predict). The regression line between

our predictions and the ground-truth further exhibits a substantial R value with p-value

≪ 0.001. Collectively, these findings demonstrate robust evidence of the efficacy of our

method in accurately predicting calcium volume.

Another potentially valuable evaluation involves assessing the frequency of calcium oc-
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Table 3.3: Slice-wise detection performance of different methods on the test MR images,
with top-2 values bolded.

Methods F1 Recall Precision PR-AUC
U-Net 0.761 0.696 0.839 0.800

ResU-Net 0.776 0.740 0.814 0.805
Att U-Net 0.751 0.680 0.840 0.794

Att ResU-Net 0.764 0.720 0.813 0.797
U-Net++ 0.821 0.772 0.876 0.848
nnU-Net 0.788 0.658 0.982 0.857
UNETR 0.804 0.899 0.727 0.824

Swin UNETR 0.810 0.907 0.731 0.829
MedNeXt 0.794 0.720 0.886 0.833

Ours (w/o mask) 0.756 0.745 0.766 0.783
Ours (w/ mask) 0.823 0.764 0.892 0.853

currence along the arteries on a slice-by-slice basis. Therefore, we further evaluated the

performance of the compared methods in slice-wise calcification detection. In this task,

each location on the vessel centerline is classified as calcified if the calcification mask of the

corresponding 2D slice group contains positive pixels. The results are shown in Tab. 3.3,

demonstrating the superiority of our method in detecting calcified locations along arter-

ies, with high F1 score around 0.82 and PR-AUC around 0.85. Considering calcification is

dark and nearly invisible on MRI, our approach achieves accurate automated calcification

localization. This could greatly alleviate the burden of manual analysis, which requires an ex-

perienced radiologist to carefully examine suspicious dark signals on multiple MR sequences

simultaneously.

3.3.4 Effect of different MR sequences

We also investigated the effect of each MR sequence on model performance. To this end,

we trained and evaluated Ours (w/ mask) with different combinations of MR sequences, as

shown in Tab. 3.4.

We observed that the results improved with the inclusion of more MR sequences, and
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Table 3.4: Performance of Ours (w/ mask) with different combinations of MR sequences. A
check mark indicates that the sequence is used for both training and test. A value in bold
means it is the best among all combinations with the same number of sequences.

Combinations Segmentation Slice-wise detection
T1 TOF SNAP Dice PR-AUC HD95 (mm) ASSD (mm) F1 Recall Precision PR-AUC
✓ 0.215 0.140 22.950 5.588 0.533 0.632 0.460 0.585

✓ 0.246 0.133 9.712 3.212 0.579 0.605 0.554 0.622
✓ 0.444 0.418 8.229 1.869 0.690 0.717 0.666 0.722

✓ ✓ 0.406 0.378 15.990 2.938 0.638 0.723 0.571 0.677
✓ ✓ 0.554 0.561 2.959 1.184 0.762 0.735 0.791 0.791

✓ ✓ 0.502 0.488 2.171 1.178 0.737 0.691 0.790 0.774
✓ ✓ ✓ 0.620 0.660 0.848 0.692 0.823 0.764 0.892 0.853

SNAP is much more informative about calcification compared to TOF and T1, as the com-

bination containing SNAP achieves a better performance than without SNAP, when the

number of sequences is fixed. Moreover, T1 is generally better than TOF when combined

with SNAP to detect calcification, but either TOF+SNAP or T1+SNAP is not sufficient to

achieve a good performance. The best performance was achieved when all three sequences

were included.

The results are consistent with our intuition that: 1) SNAP can provide a relatively

accurate segmentation boundary, since the bright lumen area and the dark calcification area

usually form an easy-to-detect contrast ratio, even though there are other non-calcified dark

regions in SNAP, which may increase the false positive rate. 2) TOF can help localize the

lumen and thus ameliorate the interference of dark artifacts inside the lumen in SNAP, while

it cannot help exclude surrounding dark structures outside the vessel region. 3) T1 can also

help localize calcification by providing an outer bound of the region-of-interest (including

lumen, calcification and outer wall). An abnormal boundary could indicate the potential

presence of calcification, while calcification that does not distort vessel wall contours could

be missed. Thus, the combination of the three sequences produces the best result, and each

of them plays an important role.
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3.4 Discussion

We have developed a novel model for intracranial arterial calcification segmentation and

detection on multi-sequence MRI by restricting feature complexity. The literature on au-

tomated deep learning models for MRI-based calcification assessment is very limited and

unexplored. Therefore, we conducted this study and validated the feasibility of the task.

While CT/CTA is the first-line imaging in stroke, and is often considered the reference

standard for calcification detection, with the increased use of VWI [113] and a healthcare

push to limit imaging overutilization, patients with cerebrovascular diseases may only un-

dergo MRI and VWI in disease assessment. By providing comprehensive feature characteri-

zation without the need for added imaging, VWI improves healthcare efficiency and reduces

the burden on patients from additional radiation and iodinated contrast injection. In addi-

tion, dementia evaluation may not include CT/CTA. Considering the associations between

atherosclerosis, calcification and cognitive impairment, with further evaluation and valida-

tion, comprehensive evaluation of plaque features and calcification could be beneficial in

outcome assessment in the future.

The proposed method was compared with multiple cutting-edge medical image segmenta-

tion methods on a dataset of intracranial VWI. With the combination of three MR sequences

(i.e., T1, TOF, and SNAP) and an auxiliary image for training, our method achieved su-

perior segmentation and slice-wise detection on the test MRI data, generally outperforming

all baseline methods. This demonstrates the efficacy of our model. Moreover, the proposed

method with auxiliary was better than the same model trained without auxiliary. This

demonstrates that the strategy of restricting MR feature complexity by an auxiliary feature

is beneficial for calcium segmentation.

We also investigated the model performance with different combinations of MR sequences.

We found that T1, TOF and SNAP all contain certain structural information of calcification.

In addition, with the presence of more MR sequences, the model generally achieves a better

performance. In particular, SNAP seemed to be more informative than T1 or TOF, as it
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presents calcified areas with darker signal intensities, which contrasts more sharply with the

lumen and other surrounding tissue. Nonetheless, these three sequences support calcification

assessment with complementary and unique information from their own perspectives. Note

that “SNAP” in this work refers to the reference image of the SNAP VWI sequence rather

than the corrected real image which is generally referred to as SNAP in the literature. The

reference image of the SNAP sequence has been shown to benefit the identification of calcium

[37].

Although this work utilized three specific MR sequences, our model is flexible to include

more. New sequences need to be registered and then 2D cross-sectional slices can be gener-

ated. More MR encoders can be added to the network structure for the additional sequences.

Then training and test can be performed as usual. The number of model parameters will

not increase excessively, since we share the convolutional layers across all encoders. In addi-

tion, we only targeted the intracranial ICA and MCA. Further study is needed to determine

whether our model has good generalizability and robustness for calcification segmentation

for other intracranial artery segments. We plan to include the full intracranial arterial tree

for comprehensive assessment in the future.

In summary, calcification is generally considered extremely challenging to segment on

MRI. This work established the first automated deep learning approach to this task. This

can enable comprehensive MRI review including calcification, vessel wall, plaque and hemo-

dynamic evaluation that may improve imaging efficiency and reduce patient burden and

risk.

3.5 Chapter Takeaway

This chapter addressed intracranial arterial calcification segmentation from multi-contrast

brain MRI in a standard supervised setting. Although labels are available and the contrasts

are co-registered, robust segmentation remains difficult because calcification is typically dark

and often only weakly expressed in MRI; reliable delineation must therefore be inferred from
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indirect contextual relationships rather than from direct intensity signatures. Under this

condition, compounded intensity-level appearance heterogeneity, arising from scanner, pro-

tocol, and reconstruction variability, can readily perturb the fragile cues on which the task

depends.

Methodologically, the main lesson is that stability under such appearance variability

benefits from explicit control of representational capacity. By introducing a variational

Bayesian formulation and enforcing constraints that restrict feature complexity, the model

is encouraged to allocate explanatory responsibility to task-relevant latent content rather

than to acquisition-dependent appearance fluctuations that may correlate with the labels in

limited training data. This perspective aligns with the thesis-wide requirement of identifiable

invariant preservation: even in the most moderate heterogeneity regime, representations can

become unreliable when observational variability is implicitly absorbed, whereas explicit

latent role specification can improve both robustness and predictive performance.

The next chapters extend this principle to progressively more demanding regimes. Chap-

ter 4 moves beyond appearance variability to settings in which multiple images must be

jointly explained despite substantial geometric misalignment and heterogeneous observation

mechanisms. Chapter 5 further removes the availability of reliable spatial correspondence

across images, requiring global canonicalization mechanisms that preserve task-relevant in-

variants when direct alignment is ill-posed.
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Chapter 4

MULTI-MODAL GROUPWISE IMAGE REGISTRATION

This chapter presents the second project of the thesis: unsupervised multimodal group-

wise image registration. Compared with the supervised segmentation setting of Chapter 3,

the difficulty here arises from a fundamentally different source. Instead of predicting labels

from images with fixed geometric alignment, the goal of registration is to establish anatomical

correspondence across a collection of images. In this project, we consider groups of images

that depict the same anatomical structure but differ simultaneously in both observation

conditions and spatial configuration.

Specifically, the setting involves two interacting forms of heterogeneity. First, images

may be acquired using different contrasts or modalities (e.g., different MRI contrasts or

MRI versus CT), resulting in substantial differences in image appearance even when the

underlying anatomy is identical. Second, each image may exhibit its own geometric con-

figuration due to subject variability, motion, or positioning. In the terminology introduced

in Chapter 1, this regime corresponds to compounded contrast/modality-level appearance

heterogeneity together with registration-compatible geometric heterogeneity. A meaningful

notion of correspondence exists in principle, since the images depict the same anatomical

structure, but must be inferred without supervision and in the presence of substantial ap-

pearance variability.

This dual source of variability creates a central difficulty for registration. Establishing

correspondence typically relies on comparing local image patterns across images. However,

when observation mechanisms differ across modalities or contrasts, raw intensity similarity

becomes unreliable as a proxy for anatomical similarity. Conventional approaches often

address this problem through handcrafted similarity measures or by modeling joint intensity
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relationships across the image group. While effective in limited settings, these strategies

become increasingly fragile as modality differences grow or as group size increases, since the

resulting similarity models must account for increasingly complex observation statistics.

From a representation learning perspective, the key challenge is therefore to construct an

intrinsic notion of similarity that reflects shared anatomical structure rather than modality-

dependent appearance. In other words, the representation should capture anatomical in-

formation that is consistent across modalities while separating it from factors related to

observation conditions. At the same time, this representation must remain coupled with

geometric transformations so that correspondence across the image group can be inferred.

To address this challenge, we adopt the Bayesian representation learning framework in-

troduced in Chapter 2. We formulate multimodal groupwise registration under a hierarchical

generative model in which two distinct latent sources jointly explain the observed images: a

latent variable representing the common anatomy shared by the image group, and latent vari-

ables representing the geometry of each individual image. The observed multimodal images

are then viewed as arising from the interaction of these latent factors with modality-specific

observation processes.

Within this formulation, registration emerges naturally as Bayesian inference over the

latent anatomy and geometry variables. We implement this idea through a hierarchical

variational inference architecture that explicitly disentangles anatomical structure from ge-

ometric transformations. By organizing the latent representation in this way, multimodal

similarity can be evaluated in a modality-invariant latent space while geometric alignment

is inferred simultaneously across the image group. This representation-centered formula-

tion enables stable groupwise registration even under substantial modality and appearance

heterogeneity.

The remainder of this chapter closely follows the associated publications:

• (Oral, Best Paper Runner-Up) Xin Wang* and Xinzhe Luo* et al. Bingo: Bayesian

intrinsic groupwise registration via explicit hierarchical disentanglement. In Alejandro

Frangi, Marleen de Bruijne, Demian Wassermann, and Nassir Navab, editors, Infor-
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mation Processing in Medical Imaging, pages 319–331, Cham, 2023. Springer Nature

Switzerland. ISBN 978-3-031-34048-2. [167].

• Xinzhe Luo* and XinWang* et al. Bayesian Unsupervised Disentanglement of Anatomy

and Geometry for Deep Group-wise Image Registration. IEEE Transactions on Pat-

tern Analysis & Machine Intelligence, 48(01):711–729, January 2026. ISSN 1939-3539.

doi: 10.1109/TPAMI.2025.3609521. [101].

4.1 Introduction

Groupwise image registration aims to find the hidden spatial correspondence that aligns

multiple observations. For medical images, when the observations reflect some common

anatomy, their intrinsic structural correspondence, which can be independent of the multi-

modal imaging acquisition protocol, is of particular interest. However, conventional methods

on multi-modal groupwise registration usually rely on intensity-based similarity measures to

iteratively optimize the spatial transformations. For instance, multivariate joint entropy and

mutual information were proposed as groupwise similarity measures in [22, 143, 141, 162],

followed by more computationally favourable template-based approaches [123, 100]. Never-

theless, devising proper similarity measures and choosing the correct registration hyperpa-

rameters for heterogeneous medical images can be tedious and challenging. The high com-

putational burden and the instability in registration accuracy may also prevent real-world

applications of conventional groupwise registration algorithms.

In this work, we seek to establish a new unified and interpretable learning framework for

large-scale unsupervised multi-modal groupwise registration. Inspired by recent progress in

disentangled representation learning [17, 69], we propose to disentangle the underlying com-

mon anatomy and geometric variations from the observed images, which can be regarded

as reverting the data generating process of the observations. To this end, a probabilistic

generative model is constructed, where the common anatomy and spatial transformations

are disentangled as latent variables. Thus, the problem of groupwise registration (recovery
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of the intrinsic structural correspondence) devolves to the estimation of the latent poste-

rior distribution, which is then solved via variational inference. Besides, since unsupervised

learning of disentangled representation is impossible without proper inductive biases [96, 86],

we have designed a novel hierarchical variational auto-encoding architecture to realize the

inference procedure of latent variables, where the decoder network complies with the equiv-

ariance assumption of the imaging process. Accordingly, groupwise registration is learnt in

an unsupervised closed-loop self-reconstruction process: i) the encoder extracts the intrinsic

structural representations from the multi-modal observations, based on which the common

anatomy and the spatial correspondence are estimated; ii) the decoder emulates the equivari-

ant image generative process from the common anatomy, and reconstructs the observations

via the inverse spatial transformations.

To improve the efficiency and scalability of groupwise registration, particularly in achiev-

ing deep groupwise registration with variable (and potentially very large) group sizes for the

first time, we make the following contributions:

• We propose a new learning paradigm for multi-modal groupwise registration based

on Bayesian inference and disentangled representation learning. Remarkably, we can

achieve registration in an unsupervised closed-loop self-reconstruction process, which

spares the burden of designing complex image-based similarity measures.

• We propose a novel hierarchical variational auto-encoding architecture for the joint

inference of latent variables. The network is able to reveal the underlying structural

representations from the observations with visual semantics, based on which the in-

trinsic structural correspondence can be explicitly estimated in a mathematically in-

terpretable fashion.

• Based on the equivariance assumption and the decomposition of the symmetry group

actions on the observational space, we prove that under certain conditions, our model

can identify the desired registration parameters, which constitutes the theoretical un-

derpinnings of the established framework.

• Our registration model, while trained using small image groups, can be readily adapted
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Table 4.1: Definition of the main mathematical symbols used in this paper.

Symbol Description Symbol Description

L the number of levels of latent variables N the number of images in the group
Z random variable of the common

anatomy
U random vector of the image group

{Uj}Nj=1

Ω the coordinate space of the common
anatomy

Ωj the j-th image coordinate space

ϕ the set of diffeomorphic maps ϕ ≜
{ϕj}Nj=1

ϕj the spatial transformation from Ω to
Ωj

z the latent common structural repre-
sentation

u an observed sample of the image group

zl the latent common structural repre-
sentation at the l-th level

vl the latent stationary velocity fields
registering the image group at the l-
th level

q∗(zl |u,v) the geometric mean variational distri-
bution of zl given u◦ϕ ≜ {uj ◦ϕj}Nj=1

vlj the stationary velocity field of the j-th
diffeomorphism at the l-th level, vl =
{vlj}Nj=1

q⋄j (z
l |uj ,vj) the j-th single-view variational distri-

bution of zl given uj ◦ ϕj

µl
v,j ,Σ

l
v,j parameters of the Gaussian varia-

tional distribution q(vlj |u,v<l)

q̃j(z
l |uj) the j-th single-view variational distri-

bution of zl given uj

v+j the total velocity field aggregating all
{vlj}Ll=1 upsampled to the top level

ψ parameters of the variational model
{ψj}Nj=1

θ parameters of the generative model

to large-scale and variable-size test groups, significantly enhancing its computational

efficiency and applicability.

• We validated the proposed framework on four publicly available medical image datasets,

demonstrating its superiority over similarity-based methods in terms of accuracy, effi-

ciency, scalability, and interpretability.

The remainder of the article is organised as follows. Sec. 4.2 discusses the related work

to this study. Sec. 4.3 elucidates the proposed Bayesian inference framework for groupwise

registration. Sec. 4.4 describes the proposed hierarchical variational auto-encoder architec-

ture for learning and estimation of the latent variables. Sec. 4.5 presents the experimental

setups and evaluation results of our method on four different public datasets. Sec. 4.6 notes

implications of the proposed framework and concludes the study. For conciseness, in Tab. 4.1

we specify the main mathematical symbols used in the rest of this paper.
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4.2 Related Work

In this section, we review related work to the proposed framework, including similarity-

based and deep feature-based approaches to (groupwise) image registration, as well as lit-

erature on multi-modal representation learning that facilitates disentanglement of latent

variables from multiple modalities. We hope to expose the connections between them that

motivate our established framework.

4.2.1 Groupwise Image Registration

Let U = {Uj}Nj=1 be the random vector representing the image group and u = {uj}Nj=1

an observed sample of U , with Uj : Rd ⊃ Ωj → R the intensity mapping, Ωj the image

domain, and d the dimensionality. In the classical pattern matching and computational

anatomy regime [57, 58, 153, 49, 111], the observed homogeneous image group is considered

as samples from the orbit of a transformation group G acting on a deformable template U0

(a.k.a. atlas), namely

U ⊂ G · U0 ≜ {U0 ◦ ϕ−1
j : ϕj ∈ G}, (4.1)

where the transformation ϕ−1
j : Ωj → Ω maps spatial locations in the image domain to a

common coordinate space Ω ⊂ Rd, and G is often taken as the group of diffeomorphisms.

This concept has motivated the development of population averaging methods that esti-

mate the deformations G and the template U0 simultaneously, based on the observations

U [60, 11, 82, 38, 19, 3, 102, 53, 186, 42, 47]. The resultant transformations encode the

structural variability and the template provides a statistical representative of the images.

In particular, a priori guess of the template as one of the observed images was proposed in

[60, 11, 38], with the template updated by the average deformation in each iteration. Joshi

et al. [82] and Bhatia et al. [19] proposed using the intensity mean image as a template,

avoiding reference selection by estimating transformations from the common space. Allas-

sonnière et al. [3] extended the setup to a Bayesian framework, with the template modeled

as a linear combination of continuous kernel functions. Recently, Dalca et al. [42], Ding and
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Niethammer [47] proposed learning-based template estimation methods, using spatial trans-

formation networks to predict diffeomorphisms parameterized by stationary velocity fields

[7, 9]. Nevertheless, groupwise registration based on the deformable template assumption

could not readily accommodate the multi-modal nature of medical images.

Multi-modality can introduce additional complexity, as the observed images are not re-

lated to an intensity template directly through spatial transformations. In this case, based

on the common anatomy assumption of multi-modal medical images, we can instead assume

an anatomical or structural representation Z from which each observed image is generated

through the composition of an imaging functional fj and a spatial transformation ϕ−1
j , i.e.,

Uj = fj(Z) ◦ ϕ−1
j . (4.2)

More importantly, the imaging functional is assumed to be spatially equivariant w.r.t. ϕ−1
j ,

a condition motivated by the demand to learn equivariant image features [72, 89, 133, 125],

which writes

fj(Z) ◦ ϕ−1
j = fj(Z ◦ ϕ−1

j ), ∀ϕj ∈ G. (4.3)

Inspired by inter-modality pairwise registration based on the joint intensity distribution

(JID) or particularly the mutual information (MI) [160, 105, 93, 144, 129], initial attempts to

realize multi-modal groupwise registration focused on generalizing this information-theoretic

approach directly to high-dimensional cases [22, 143, 185, 141, 162]. Later, concerning the

curse of dimensionality in estimating high-dimensional JIDs, template-based groupwise reg-

istration revives through probabilistic modeling of the image generative process in Eq. (4.2)

[97, 116, 21, 123, 191, 100]. These methods assumed that the JID is modeled by the marginal-

isation of the joint distribution between the latent template and the observed images. Thus,

the spatial transformations were determined by maximum likelihood estimators (MLEs)

while the template was predicted via maximum a posteriori (MAP). We direct interested

readers to our previous work [100] for detailed elucidation of this maximum-likelihood per-

spective and its connection to information-theoretic metrics.
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Over the past years, the shift from optimization to learning-based image registration

[75, 45, 14, 43] has also motivated the development of learning-based multi-modal groupwise

registration methods which predict the desired spatial transformations using neural network

estimation [31, 99]. However, this deep-learning approach may inherent the same limitation

of scalability from its optimization-based counterpart. That is, the trained network for a

fixed input size can hardly be utilized to register image groups of variable sizes. This hinders

the potential of learning-based frameworks on large-scale groupwise registration.

4.2.2 Deep Feature-Based Image Registration

A closely related line of research to our work is deep feature-based image registration

[122, 95, 114, 138, 41, 46]. These methods usually adopt a two-stage pipeline: in the first

stage a feature extraction network is pre-trained on a surrogate task, be it segmentation

[138, 41], auto-encoding [41], or contrastive learning [122, 95], followed by an instance op-

timization procedure using conventional similarity measures with the learnt features in the

second stage. They may have the advantage of being interpretable and capable of multi-

modal registration based on modality-invariant features [122, 95, 138], compared to previous

end-to-end counterparts [45, 14] that make predictions using a black-box network. However,

the two-stage prediction pipeline and the requirement for ground-truth labels (segmentation

annotation or aligned image pairs) limit their applicability. In contrast, Qin et al. [126]

proposed using the multimodal unsupervised image-to-image translation framework [77] to

reduce the multi-modal registration problem to a mono-modal one by disentangling shape

and appearance representations. More recently, Deng et al. [46] proposed a unified frame-

work where explicit modality-invariant feature extraction and unsupervised registration are

learnt via an interpretable optimization problem.

4.2.3 Multi-Modal Representation Learning

The underlying structural representations that facilitate the estimation of spatial cor-

respondence can be regarded as some latent embedding, which encodes the information
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correlating the multi-modal observations. This viewpoint, in the context of heterogeneous

data, brings the need for multi-modal representation learning which exploits the commonal-

ity and complementarity of multiple modalities, and the demand for data alignment which

identifies the relation and correspondence between different modalities [15].

Modern probabilistic generative models [88, 55, 156] construct a general framework for

representation learning, since the data formation procedure to which they adapt is optimally

suited for an unsupervised manner, and are powerful in striking a balance between fitting

and generalizability taking into account the uncertainty in characterizing the data and latent

distributions.

One family of methods within this scope is variational autoencoders (VAEs) [88], where

the paradigm is to approximate the intractable latent distribution by a learnable variational

posterior during the optimization of an evidence lower bound (ELBO) of the log likelihood

of observed data. It provides an information-theoretic way to establish the foundational

underpinnings of data encoding for downstream tasks [2]. The multi-modal variants of

VAEs additionally imbue the capability of retrieving modality-invariant representation by

factorizing it into single-view posteriors (a.k.a. experts) inferred from each modality. A

typical factorization specifies the combination of the experts explicitly (e.g. mixtures [135],

products [174], mixtures of products [146]) or implicitly (e.g. cross-modal generation [154]),

compelling the summarization of the common information from any individual modality.

These approaches, nonetheless, all necessitate originally aligned inputs, such as the image

and sentence that describe the same object [135], or multi-modal images that are well regis-

tered [66, 48], which limits their applicability to distorted data. Besides, they often adopt a

reductionist stance by assuming an overly simplistic prior. (e.g., the standard Gaussians or

Laplacians), failing to respect the structure of latent manifold induced by real-world high-

dimensional images, which is crucial for mitigating off-track regularisation and vanishing

latent dimensions [73, 152], as well as for ensuring suitable decomposition of latent encod-

ings [109]. The mixture-based factorization of the posterior also suffers from inevitable gap

between the ELBO and the true likelihood, leading to undesirable suboptimal results [44].
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(a) Generative model. (b) Inference steps #1. (c) Inference steps #2. (d) Generation steps.

Figure 4.1: The proposed hierarchical framework for Bayesian groupwise registration (3-
layer example). Random variables are in circles, deterministic variables are in double circles,
and observed variables are shaded. Diamonds denote network feature maps, and squares
represent variational distributions. (a) Probabilistic graphical model of the generative pro-
cess. (b) Inference steps #1 that predict the hierarchical velocity fields, where we denote
q̃zl ≜ {q̃j(zl|uj;ψj)}Nj=1 and qvl ≜ {q(vlj|u,v<l;ψ)}Nj=1. (c) Inference steps #2 that pre-
dict the common structural representations base on the warped images, where we denote
q⋄
zl

≜ {q⋄j (zl|uj,vj;ψj)}Nj=1 and q∗
zl

≜ q∗(zl|u,v;ψ). (d) Generation steps that reconstruct
the original images. Note that the inference and generation steps form a closed-loop self-
reconstruction process.

In contrast, our framework embraces advancements in tackling all the limitations above:

It allows learning from distorted images in a unified manner, through explicitly endowing

the representations of spatial transformations and the common anatomy with a disentangled

nature.

4.3 Bayesian Groupwise Registration

The fundamental principle driving the proposed approach is to disentangle the underlying

common anatomy and geometric variations as latent representations w.r.t. the decomposition

of two symmetry groups acting independently in the observational image space. To this end,

we propose to formulate the estimation of these latent variables as a problem of Bayesian

inference. Specifically, let u = (uj)
N
j=1 be a sample of the random vector U of the image

group. From Eq. (4.2), each image uj is generated from the latent variable z representing the
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corresponding common anatomy, and the diffeomorphic transformation ϕ−1
j . To ensure its

invertibility, we assume that the transformations ϕ ≜ (ϕj)
N
j=1 is parameterized by stationary

velocity fields v = (vj)
N
j=1 [7, 9] such that ϕj = exp(vj), and

∂

∂t
ϕj(ω, t) = vj(ϕj(ω, t)), ∀ω ∈ Ω, t ∈ [0, 1]. (4.4)

The diffeomorphism of the transformations is further imposed by assigning proper priors to

the velocity fields.

4.3.1 Hierarchical Bayesian Inference

In practice, registration is often performed at multiple levels to facilitate convergence

of the algorithm [134, 140]. Therefore, we express the latent variables with L hierarchical

levels, i.e., z = (zl)Ll=1 and vj = (vlj)
L
l=1, in which higher levels indicate finer resolutions.

Thus, the graphical model of the image generative process can be described as Fig. 4.1a.

Note that while different levels of the latent variables are assumed to be independent, the

inference procedure is performed hierarchically.

Since we are going to parameterize the likelihood p(u|z,v;θ) by neural networks in

the context of Bayesian deep learning, exact inference and parameter estimation become

intractable [88]. Therefore, we resort to variational inference (VI) to approximate the max-

imum likelihood. The objective function of VI is the evidence lower bound (ELBO) of the

log-likelihood function, i.e.,

L(θ,ψ|u) ≜ Eq(z,v|u;ψ)[log p(u|z,v;θ)]−DKL
[
q(z,v|u;ψ) ∥ p(z)p(v)

]
≤ log p(u;θ) ≜ ℓ(θ|u),

(4.5)

where q(z,v|u;ψ) is the variational distribution, an approximation to the intractable true

posterior p(z,v|u;θ); ψ and θ are the variational and generative parameters respectively.

The expectation over the likelihood can be estimated by Monte-Carlo sampling [88].
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To simplify the KL divergence term, we first write

DKL
[
q(z,v|u;ψ) ∥ p(z)p(v)

]
=Eq(v|u;ψ)

[
DKL

[
q(z|u,v;ψ) ∥ p(z)

]]
+DKL

[
q(v|u;ψ) ∥ p(v)

]
,

(4.6)

where q(v|u;ψ) =
∏L

l=1 q(v
l|u,v<l;ψ), with vl ≜ (vlj)

N
j=1, and v<l denotes the velocity fields

in levels lower than l. This factorization of velocity fields can be illustrated by the inference

steps #1 in Fig. 4.1b. Besides, we assume that the multi-level variational posteriors of the

velocity fields factorizes as

q(vl|u,v<l;ψ) =
N∏
j=1

q(vlj|u,v<l;ψ). (4.7)

Then, the KL w.r.t. the velocity fields can be decomposed as

DKL
[
q(v|u;ψ) ∥ p(v)

]
=

N∑
j=1

L∑
l=1

Eq(v<l
j |u;ψ)

[
DKL

[
q(vlj|u,v<l;ψ) ∥ p(vlj)

]]
. (4.8)

Likewise, the KL w.r.t. the common anatomy can be simplified into

DKL
[
q(z|u,v;ψ) ∥ p(z)

]
=

L∑
l=1

Eq(z<l|u,v;ψ)

[
DKL

[
q(zl|u,v;ψ) ∥ p(zl)

]]
, (4.9)

where we have assumed that

q(zl|u,v, z<l;ψ) = q(zl|u,v;ψ),

i.e., the common anatomy at level l can be inferred directly from u and v without referring

to lower-level representations z<l, which is illustrated by Fig. 4.1c.
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Figure 4.2: An example of the geometric and arithmetic mean for the single-view Gaussian
posterior distributions.

The decomposition of KL divergence w.r.t. the latent variables is summarized as

DKL
[
q(z,v|u;ψ) ∥ p(z)p(v)

]
= Eq(v|u;ψ)

{
L∑
l=1

Eq(z<l|u,v;ψ)

[
DKL

[
q(zl|u,v;ψ) ∥ p(zl)

]]}
(i)

+
N∑
j=1

L∑
l=1

Eq(v<l
j |u;ψ)

[
DKL

[
q(vlj|u,v<l;ψ) ∥ p(vlj)

]]
. (ii)

(4.10)

Note that for simplicity, we have defined q(v<1
j |u;ψ) = q(z<1|u,v;ψ) ≜ 1. As will be

elucidated in the following subsections, the key idea behind Eq. (4.10) is: the overall KL

divergence is decomposed w.r.t. (i) the common structural representations z, and (ii) the

velocity fields v. The former is used to measure the intrinsic structural dissimilarity among

the observed multi-modal images, while the latter serves as smoothness regularisation to

enforce diffeomorphism of the transformations.

4.3.2 Intrinsic Distance over Structural Representations

As mentioned above, the KL divergence w.r.t. the common structural representations is

used to measure the dissimilarity of the observed images for registration. Namely, instead of
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using similarity measures in the image space, we propose learning an intrinsic distance over

the structural representations corresponding to the observed images.

We first extract the single-view structural representation maps corresponding to each

individual image, represented by the distributions q⋄j (z|uj,vj;ψj), j = 1, . . . , N , which is

predicted from the inference steps #2 (ref. Fig. 4.1c). Note that ψj denotes the modality-

specific variational parameters for each image, which are the same for images of the same

modality. Then we define the variational posterior of the common anatomy as the geometric

mean of these single-view posteriors, i.e.,

q(zl|u,v;ψ) := q∗(zl|u,v;ψ) ∝

[
N∏
j=1

q⋄j (z
l|uj,vj;ψj)

]1/N

, (4.11)

which captures the common information among the multi-modal images. On the other hand,

the prior distribution of the common anatomy is given by the arithmetic mean of the single-

view posteriors, i.e.,

p(zl;ψ) := p+(zl;ψ) ≜ 1

N

N∑
j=1

q⋄j (z
l|uj,vj;ψj), (4.12)

which expresses a priori knowledge of the common anatomy by the mixture of experts. This

setup is closely related to the variational mixture of posteriors prior (VampPrior) introduced

in [73, 152], where the VampPrior with pseudo-inputs is chosen to maximize the ELBO. For

example, Fig. 4.2 illustrates the geometric and arithmetic mean of Gaussian distributions

when N = 3. One can observe that the three individual modes of single-view posteriors

collapse to one after computing the geometric mean. Indeed, if the experts are Gaussian,

one can prove that the KL divergence from the arithmetic to the geometric mean distribution

is minimized when the experts are identical.
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On the other hand, applying Jensen’s inequality to the KL divergence yields

DS ≜ DKL
[
q(zl|u,v;ψ) ∥ p+(zl;ψ)

]
≤ 1

N

N∑
j=1

DKL
[
q(zl|u,v;ψ) ∥ q⋄j (zl|uj,vj;ψj)

]
≜ D̃S,

(4.13)

where D̃S is an upper bound of the original (possibly) intractable KL divergenceDS involving

mixture distributions. Thus, in practice we use this upper bound as a surrogate to minimize

the KL divergence w.r.t. the latent variable z.

Note that when minimizing D̃S w.r.t. the distribution q(zl|u,v;ψ), we also obtain the

geometric mean q∗(zl|u,v;ψ) in Eq. (4.11), i.e.,

q∗(z|u,v;ψ) = argmin
q

D̃S[q],

where D̃S[q] is regarded a functional of the distribution q. This also justifies the usage of the

geometric mean as the variational posterior of the common anatomy. In fact, since the KL

divergence is a statistical distance between probability distributions, the D̃S in Eq. (4.13)

serves as an intrinsic distance between the structural representations of the common anatomy

and each observed image. Therefore, since the geometric mean is the distribution that

minimizes this intrinsic distance, the optimization of D̃∗
S ≜ D̃S[q

∗] w.r.t. q⋄j ’s will then seek

to force the single-view structural representations q⋄j (zl|uj,vj;ψj)’s (which are conditioned

on the transformation variables) to be identical, thus driving the registration process.

Structural Representations for Variable Group Sizes

In our previous work [167], we have used Gaussian distributions to parameterize the

structural representations. That is, we assume q⋄j (z|uj,vj;ψj) = N (z;µ⋄
z,j,Σ

⋄
z,j) where

Σ⋄
z,j are diagonal, and for notational conciseness we omit the superscript l indicating the

level of the latent variables. We can calculate that the geometric mean is also a Gaussian
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distribution, i.e., q∗(z|u,v;ψ) = N (z;µ∗
z,Σ

∗
z), where

Σ∗
z = N

[
N∑
j=1

Σ⋄−1
z,j

]−1

, µ∗
z =

Σ∗
z

N

N∑
j=1

Σ⋄−1
z,j µ

⋄
z,j. (4.14)

Therefore, the intrinsic distance has a closed-form expression, i.e.,

DKL
[
q∗(z|u,v;ψ) ∥ q⋄j (z|uj,vj;ψj)

]
=

1

2

[
log

∣∣Σ⋄
z,j

∣∣
|Σ∗

z|
+ tr

(
Σ⋄−1
z,j Σ∗

z

)
+ (µ⋄

z,j − µ∗
z)

⊺Σ⋄−1
z,j (µ⋄

z,j − µ∗
z)

]
+ const.

where the quadratic term is essentially a Mahalanobis distance between the structural rep-

resentations.

Here, we extend the framework using categorical distribution to improve the inter-

pretability of the structural representations. Particularly, we propose to model them by

independent categorical latent variables, i.e., q⋄j (z|uj,vj;ψj) = Cat(z;π⋄
j,1, . . . ,π

⋄
j,K), where

π⋄
j,k = (π⋄

ω,j,k)ω∈Ω ∈ [0, 1]|Ω| and
∑K

k=1 π
⋄
j,k = 1 ∈ R|Ω|. Thus, the geometric mean becomes

another categorical distribution

q∗(z|u,v;ψ) = Cat(z;π∗
1, . . . ,π

∗
K) =

∏
ω∈Ω

K∏
k=1

(π∗
ω,j,k)

zω,k , (4.15)

with

π∗
k =

[∏N
j=1 π

⋄
j,k

]1/N
∑K

k=1

[∏N
j=1 π

⋄
j,k

]1/N ∈ [0, 1]|Ω|,

and the intrinsic distance takes the form

DKL
[
q∗(z|u,v;ψ) ∥ q⋄j (z|uj,vj;ψj)

]
=

K∑
k=1

π∗
k log

π∗
k

π⋄
j,k

. (4.16)

Note that this intrinsic distance can be applied to image groups with variable group sizes, as
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the geometric mean can be computed from an arbitrary number of structural representations.

Categorical Reparameterization Using Gumbel-Rao

Unfortunately, the Gumbel-Max trick [78] for sampling discrete random variables is not

differentiable w.r.t. its parameterization, making it unsuitable for stochastic gradient esti-

mators. Concurrent works [80, 104] have then introduced the Gumbel-Softmax (GS) distri-

bution as a continuous relaxation of the discrete categorical variable, which admits a biased

reparameterization gradient estimator. Here, we use a variant of the GS estimator, namely

the Gumbel-Rao (GR) estimator [120], to further reduce the variance in gradient estimation

via Rao-Blackwellisation.

Specifically, for objective functions like ELBO, the gradient w.r.t. the distribution pa-

rameters of an expectation over a function f(z) must be computed, namely ∇ψEq(z;ψ)[f(z)],

where f(z) can be the likelihood function of the observed variables. To overcome the chal-

lenge of gradient computation with discrete stochasticity, the Straight-Through Gumbel-

Softmax (ST-GS) estimator [80, 120] uses a continuous relaxation, giving rise to a biased

Monte-Carlo gradient estimator of the form

∇MC
ST-GS ≜ ∂f(z)

∂z

d softmaxτ (g + logπ(ψ))

dψ
, (4.17)

where the forward pass in f(·) is computed using the non-relaxed discrete samples. Based

on the ST-GS, the GR estimator takes the form as

∇MC
GR ≜ E

[
∇MC

ST-GS|z
]
≈ ∂f(z)

∂z

[
1

S

S∑
s=1

d softmaxτ (G
s(ψ))

dψ

]
, (4.18)

where Gs i.i.d.∼ g + logπ|z for s = 1, . . . , S, and g is a random vector with its entries i.i.d.

sampled from the Gumbel distribution.
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4.3.3 Spatial Regularization for Diffeomorphisms

To impose spatial smoothness of the velocity fields, we define its prior distribution by

p(vlj) = N (v;0,Λ−1
v ), where the precision matrix Λv is given by the scaled Laplacian ma-

trix of a neighborhood graph on the voxel grid [43], i.e., Λv = λLv = λ(Dv − Av), with

Dv and Av the degree and adjacency matrices, respectively. On the other hand, the vari-

ational posterior of the velocity fields is given by a mean-field Gaussian distribution, i.e.,

q(vlj|u,v<l;ψ) = N (v;µl
v,j,Σ

l
v,j) where Σl

v,j is diagonal. Therefore, the KL divergence for

the velocity fields has an explicit formula

DKL
[
q(vlj|u,v<l;ψ) ∥ p(vlj)

]
=

1

2

tr(λDvΣ
l
v,j − logΣl

v,j) +
λ

2

∑
r

∑
q∈N (r)

(µl
v,j[r]− µl

v,j[q])
2

+ const.
(4.19)

where N (r) are the neighbors of voxel r. Thus, the quadratic term over µ enforces the

velocity fields to be spatially smooth, encouraging diffeomorphic transformations.

4.4 An Interpretable Registration Architecture via Bayesian Dis-

entanglement Learning

Most learning-based registration methods in the recent literature are based on an end-to-

end training pipeline, where a black-box neural network directly predicts the spatial transfor-

mation by optimizing some image-level similarity measures [45, 14, 43, 83, 34]. However, not

only do black-box end-to-end networks lack interpretability, learning directly the complex

mapping from multi-modal images to their spatial correspondence disregards the underlying

structural relationship and may be prone to generalization issues [52].

Bayesian deep learning [164], however, could be a remedy. It unifies probabilistic graph-

ical models (PGM) with deep learning, and integrates the inference and perception tasks,

enabling them to benefit from each other. Particularly in our context, the perception com-
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Figure 4.3: An overview of the proposed interpretable groupwise registration architecture
via Bayesian disentanglement learning.

ponent includes the encoders that extract single-view posteriors from individual modalities,

while the task-specific component comprises the registration modules and reconstruction de-

coders that learn jointly to infer the spatial correspondence among the input images.

Fig. 4.3 presents a schematic overview of the proposed interpretable registration architec-

ture, specially designed based on the optimization procedure for Bayesian inference outlined

in the previous sections and Fig. 4.1. The encoders first disentangle the input multi-modal

images into structural representation maps with categorical distribution. Then an average

representation of the common anatomy is computed within the latent space, so that spatial

correspondence between the observed images and the common anatomy is predicted from

these structural representations using the Diffeomorphic Demons algorithm. The disentan-

glement of geometric and anatomical variations is facilitated by inversely simulating the

image generative process with spatially equivariant decoders, i.e., reconstructing the origi-

nal images from the common anatomy representation. Fig. 4.4 depicts the entire network

architecture, composed of the encoders, the registration modules and the decoders. The

following subsections will detail the construction of these modules.
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Figure 4.4: The network architecture for the proposed Bayesian groupwise registration, com-
posed of the encoders that extract categorical structural representation maps, the registration
modules that calculate multi-scale velocity fields, and the decoders that reconstruct the orig-
inal images based on the common structural representations. Without loss of generality, the
illustration is with L = 3 levels and N = 3 images to co-register. Note that inference steps
#2 are performed only in the training stage, while in the test stage the encoder is only fed
with the original image group to predict groupwise registration. The purple boxes indicate
the calculation of related terms in the ELBO.
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4.4.1 Inference of Structural Representations

In the inference steps #1 (ref. Fig. 4.1b), given the original misaligned image group

u, the encoders first estimate the multi-level categorical distributions q̃j(zl|uj;ψj) for each

original image uj, where l indicates the spatial resolution of the representation. Note that

q̃j(z
l|uj;ψj) ≜ Cat(z; p̃lj,1, . . . , p̃

l
j,K) differs from q⋄j (z

l|uj,vj;ψj) = Cat(z;π⋄ l
j,1, . . . ,π

⋄ l
j,K)

regarding the network input. The former takes u = {uj}Nj=1 as input, while the latter takes

u ◦ ϕ = {uj ◦ ϕj}Nj=1. The architecture of the encoders is adapted from the Attention U-

Net [115], which enhances the vanilla U-Net [130] with additive attention gates. Moreover,

domain-specific batch normalization [29] is utilized in the contracting path of the encoders to

cancel out modality-specific appearance variations, while all convolutional layers are shared

across modalities, embedding multi-modal images into modality-invariant representations.

4.4.2 Inference of Velocity Fields

Based on the structural representation maps extracted from the original images by the

encoders, the registration modules seek to estimate the transformations that spatially register

the image group. This is realized in a coarse-to-fine approach, starting from prediction of

the lowest-resolution velocity fields (ref. the red arrows in Fig. 4.1b).

Particularly, denoting p̃lj ≜ q̃j(z
l|uj;ψj), the registration module at level l takes as input

the partially registered single-view structural probability maps p̃lj ◦ ϕ<l
j and their geomet-

ric mean for the common anatomy p̃l∗(ϕ<l), based on which the velocity field distribu-

tion q(vlj|u,v<l;ψ) is predicted. Note that the spatial transformations ϕ<l ≜ {ϕ<l
j }Nj=1

are integrated by ϕ<l
j = exp

(
v1j + · · ·+ vl−1

j

)
, with vlj sampled from q(vlj|u,v<l;ψ) =

N (v;µl
v,j,Σ

l
v,j). Finally, the total transformations that register the observed image group

are given by ϕj = exp
(
v+j
)
with v+j ≜

∑L
l=1 v

l
j, where vlj is a random sample during train-

ing while vlj = µl
v,j for testing. Note that the velocity fields are upsampled to the finest

resolution before summation.

As the structural representation maps p̃lj ◦ ϕ<l
j encode the structural features of the
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partially registered input images, we can in fact compute the mean µl
v,j of the variational

posterior q(vlj|u,v<l;ψ) directly from them based on the Diffeomorphic Demons algorithm

[149, 159]. Particularly, for each grid location ω at level l, we define µl
v,j by

µl
v,j(ω) ≜ α · µ̃l

v,j(ω)
/
max
ω∈Ωl

∥∥µ̃l
v,j(ω)

∥∥
2
,

where

µ̃l
v,j(ω) ≜ −

[
J⊺
φl

j
(ω)Jφl

j
(ω) + σ2

φl
j
(ω)Id

]−1

J⊺
φl

j
(ω)φl

j,ω(0)

is the symmetric Demons force, and α ∈ (0, α0) is a learnable parameter controlling the

magnitude of the velocity fields. Specifically,

φl
j,ω(u) ≜ p̃l∗(ω)− p̃lj ◦ ϕ<l

j ◦ (id+u)(ω)

is the feature difference given a displacement u ∈ Rd,

Jφl
j
(ω) ≜ −1

2

[
∇⊺
ω p̃

l∗(ω) +∇⊺
ω p̃

l
j ◦ ϕ<l

j (ω)
]

is the symmetrized Jacobian matrix at the origin, and

σ2
φl

j
=

1

|Ωl| − 1

∑
ω∈Ωl

∥∥φl
j,ω(0)−φl

j(0)
∥∥2
2

is the sample variance of the feature difference norm. The variance Σl
v,j of the variational

posterior is predicted by a convolutional block from the concatenation of probability maps

[p̃lj ◦ ϕ<l
j ; p̃l∗], where the network parameters are shared among different modalities.

In addition, to avoid the degeneracy that deforms the observed images to an arbitrary

coordinate space, we constrain the sum of the final velocity fields to be zero by subtracting

their average [11], i.e., v+j ← v+j − 1
N

∑N
j=1 v

+
j .
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4.4.3 Bayesian Disentangled Representation Learning

Given the perceptual modules capturing intrinsic structural representations from multi-

modal images and their spatial correspondence, we are going to discuss how such mapping

functions are learnt in the first place. This is achieved by optimizing the network parameters

ψ and θ in a closed-loop self-reconstruction process that maximizes ELBO. The single-view

structural distributions for estimating the common anatomy are defined by

q⋄j (z
l|uj,vj;ψj) ≜ q̃(zl|uj ◦ ϕj;ψj),

which is obtained by feeding the transformed images uj ◦ϕj into the encoders in the inference

steps #2 (ref. Fig. 4.1c), effectively reverting the image generative process in Eq. (4.2).

Based on the common structural representations sampled from the geometric mean

q∗(zl|u,v;ψ), the decoders reconstruct the original images in two steps (ref. Fig. 4.1d). The

images corresponding to the common anatomy ũj = f(z;θj) are decoded first. Then, esti-

mation of the original images û = {ûj}Nj=1 is obtained by inverse warping, i.e., ûj = ũj ◦ϕ−1
j

with ϕ−1
j = exp

(
−v+j

)
, simulating Eq. (4.2).

The network architecture of the decoders is given by multi-level convolutional blocks and

linear upsampling. At level l, the output feature maps from upsampling are multiplied by

the sampled categorical variables zl. Besides, all convolutional layers are assigned with a

kernel size of 1 isotropically, to suppress spatial correlation and to form spatial equivariance.

Thus, the decoded image ũj is in the same spatial orientation as the common anatomy z,

encouraging the registration module to identify the correct velocity fields v+j for reconstruct-

ing ûj. Furthermore, the batch normalization layers in the decoders are set as the inverse of

the counterpart BN functions along the contracting path of the encoders, i.e.,

cout
j =

cin
j − βm

γm + ε

√
σ2

m + ε+ µm,

where for each image index j and its corresponding modality m, cin
j , c

out
j ∈ RBm×C×H×W×D
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are the input and output feature maps, µm,σm ∈ RC are the batch statistics, and βm,γm ∈

RC are the affine parameters. The arithmetic is computed element-wise. In fact, such

preference for invertible and spatially decomposable decoders may promote learning of the

true disentangled representations [86, 128].

Finally, the expectation Eq(z,v|u;ψ)[log p(u|z,v;θ)] is approximated by Monte-Carlo an-

cestral sampling, where the likelihood is modeled by a Laplace distribution, i.e.,

p(u|z,v;θ) ∝
N∏
j=1

∏
ω∈Ωj

exp

{
−
∣∣uj(ω)− f(z;θj) ◦ ϕ−1

j (ω)
∣∣

b

}
, (4.20)

where the scale parameter b is set to 1 in all experiments.

The proposed framework also encourages learning of disentangled representations for-

mally defined by Higgins et al. [69], which formulates disentangled representations as a

reflection on the decomposition of certain symmetry groups acting on the world states (or ob-

servations). This explains why we choose to decompose the latent variables of our model into

the common anatomy and the corresponding spatial diffeomorphisms: because they reflect

two separate symmetry structures of the observed images, i.e., the ontological transforma-

tion changing the underlying anatomy, and the diffeomorphic transformation characterizing

geometric variation.

4.4.4 Learning, Inference and Scalability

Learning of our model is performed in an end-to-end fashion. All model parameters,

including the auto-encoders and the registration modules, are trained simultaneously by

stochastic gradient ascent to maximize the ELBO. In the inference stage, the transformations

that register the image group are given by ϕ̂ = {ϕ̂j}Nj=1, where ϕ̂j = exp
(
µ̂+

j

)
and µ̂+

j

is aggregated from the means of the velocity distributions at all levels predicted by the

registration modules.

Remarkably, the proposed disentanglement of anatomy and geometry endows our model

with powerful scalability. Since geometric and arithmetic averaging can be performed on
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any number (greater than 1) of representations, our model is capable of processing image

groups of arbitrary sizes during training and testing. Let the number of images in an input

group be N ′ =
∑M

m=1 Nm, where Nm is the number of images of modality m. Each image

of modality m is processed by the encoder for the corresponding modality to extract struc-

tural representations, and then the geometric and arithmetic means are calculated on the

representations of all images to estimate the KL divergence and predict deformations for

each image. For decoding, the reconstruction from the decoder of modality m is inversely

warped for Nm times by the deformations for the Nm images of modality m to reconstruct

original images. Thus, our model allows Nm’s to be different or even 0, and only requires

N ′ ≥ 2 (for calculating averages) and at least two modalities are available in each group,

i.e.,
∑

m 1(Nm > 0) ≥ 2 (for effectively learning modality-invariant representations).

Therefore, our model can handle groups with missing modalities or variable sizes, which

are common occurrences in real-world scenarios. Particularly, the scalability of our model is

of great value in two aspects:

• During training, we can drop several modalities/images in each training group, thereby

reducing the computational cost and/or allowing for learning from less data effectively.

Typically, there are two experimental settings: 1) complete learning, the standard

setting, where each group consists of all modalities, with one image per modality, 2)

partial learning, where each group only contains two modalities, with one image per

modality. Experiments in both settings are discussed in Sec. 4.5.

• During evaluation, our model can register groups with arbitrary sizes, enabling large-

scale and variable-size multi-modal groupwise registration, as explored in Sec. 4.5.6.

In contrast, conventional iterative methods optimize similarity metrics with computa-

tional complexities that escalate rapidly with group size. Deep learning baselines, on

the other hand, often have fixed channel numbers to take as input the concatenation of

images [67], necessitating groups to be of uniform size. These limitations significantly

restrict their applicability.
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4.5 Experiments and Results

We evaluated our framework on a total of four publicly available datasets, including

BraTS-2021 [12, 110, 13], MS-CMRSeg [192], Learn2Reg Abdominal MR-CT [68, 176, 84],

and the OASIS dataset [108]. The experiments were implemented in PyTorch [118] and con-

ducted on NVIDIA® RTXTM 3090 GPUs. The experimental materials, baselines, evaluation

metrics, and results are detailed as follows.

4.5.1 Materials

To show that our method applies to various groupwise registration tasks, especially in

multi-modal scenarios, we validated it on four different datasets:

1. MS-CMRSeg. This dataset provides multi-sequence cardiac MR images from 45

patients, including LGE (Late Gadolinium Enhanced), bSSFP (balanced-Steady State

Free Precession), and T2-weighted scans. The images were preprocessed by affine co-

registration, slice selection, resampling to 1× 1 mm and ROI extraction, giving 39, 15

and 44 slices for training, validation and test, respectively. Additional misalignment

simulated by random FFDs using isotropic control point spacings of 5/10/20/40 mm

were made to further demonstrate registration. The ROI regions were obtained by

dilating the foreground mask using a circular filter of 15-pixel radius. Evaluation

was conducted on the warped manual segmentations of the myocardium, left and right

ventricle. The major challenge of this dataset comes from the complex intensity patterns

of the cardiac region, which can misguide the registration.

2. BraTS-2021. This dataset contains multi-parametric MRI scans of glioma, including

native T1, T1Gd (post-contrast T1-weighted), T2-weighted, and T2-FLAIR (Fluid

Attenuated Inversion Recovery). The multi-parametric MRIs of the same patients

were co-registered to the same anatomical template, interpolated to the same resolution

(1×1×1 mm) and skull-stripped. We randomly selected 300, 50 and 150 patient cases

for training, validation and test, respectively. The images were downsampled into
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2 × 2 × 2 mm with volume size of 80 × 96 × 80. To demonstrate registration, four

synthetic free-form deformations (FFDs) for each image with isotropic control point

spacings of 5/10/15/20 mm were generated to simulate misalignment. The major

challenge of this task stems from the complex intensity patterns around regions of

tumor, yielding ambiguous anatomical correspondences among images.

3. Learn2Reg Abdominal MR-CT. This dataset collects 3D T1-weighted MR and

CT abdominal images. The data were resampled to 3× 3× 3 mm and cropped to size

of 112× 96× 112. Training was performed on the unpaired 40 MR and 50 CT images

[84, 176], while 8 MR-CT pairs (16 images) were used for test [39]. The masks provided

by the dataset were used to confine the information used for registration. Evaluation

was performed on the warped manual segmentations of the liver, spleen, left and right

kidneys. The major challenges of this dataset are the large deformation and missing

correspondences between the two modalities, as well as the distribution shift between

training and test datasets.

4. OASIS. The OASIS-1 dataset contains 414 T1-weighted 3D MR scans from young,

middle-aged, non-demented and demented older adults [108]. The images were skull-

stripped, bias-corrected, and registered into an affinely-aligned, common template

space with FreeSurfer [50, 74]. Evaluation was conducted on the warped manual seg-

mentations of the cortex, subcortical grey matter, white matter, and CSF. The volumes

were resampled 2× 2× 2 mm and cropped to size of 80× 96× 96. Besides, 287/40/87

images were randomly selected for training/validation/test. The major challenge of

this task comes from the large inter-subject variability of the brain structures.

4.5.2 Compared Methods

We compared two types of baselines with our models in the experiments. The first type

features state-of-the-art iterative methods for multi-modal groupwise registration, including

accumulated pairwise estimates (APE) [162], conditional template entropy (CTE) [123], and

X -CoReg [100]. These methods do not need training, but they can be prone to image arte-
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facts and can hardly register large image groups due to excessive computational burdens.

The second type of baselines extends the first type, aiming to learn the groupwise spatial

correspondence via a neural network using the aforementioned similarity measures. To pro-

mote a fair comparison, we used Attention U-Net [115] for the network backbone, the same

architecture as the encoder in our proposed framework. However, note that these learning-

based baselines can only be trained to register images of a fixed group size, and therefore

cannot be applied to data of variable group sizes in the test stage.

For the proposed model, we implemented two variants of the registration module and

adopted two training strategies. Particularly, the registration modules can be a convolutional

network as in our previous work [167], or can be replaced by the Demons force proposed in

this work. In addition, we compare the partial and complete learning strategies for our

model. The partial learning strategy trains the network with only random image pairs,

while the trained model can be used to register images of complete group sizes. Thus, the

four variants of our model are:

• Ours-PN : with partial learning and convolutional network based registration modules.

• Ours-CN : with complete learning and convolutional network-based registration mod-

ules.

• Ours-PD: with partial learning and Demons-based registration modules.

• Ours-CD: with complete learning and Demons-based registration modules.

Here, “C” and “P” signify Complete and Partial learning strategies, respectively; “N” and

“D” indicate Network- or Demons-based registration modules, respectively.

4.5.3 Implementation Details

During preprocessing, the intensity range of each image was linearly normalized to [0, 1].

For cardiac and abdominal images, they were further multiplied by the ROI mask to confine

the information used by the network to predict registration. The encoder has an Attention

U-Net architecture with L = 5 levels, and the l-th level consists of two Conv-BN-LeakyReLU

blocks with kernel size 3 and 16× 2L−l channels. The output of each convolutional block in
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the upsampling path is passed to a Conv layer to produce logits of the categorical structural

distribution, with 8× 2L−l channels. Samples of the geometric mean structural distribution

are passed to the decoder to reconstruct the original images. The decoder is composed of

Conv-BN-LeakyReLU-Upsample blocks with kernel size 1 and 8× 2L−l channels.

To facilitate learning, different weights were used for reconstruction loss, intrinsic struc-

tural distance, and registration regularisation, corresponding to a likelihood-tempered ELBO

[117]. The hyperparameter for spatial regularisation was set to λ = 10 as in [43], and the max-

imum magnitude of the velocity calculated by the Demons algorithm was set to αl
0 = 10×2l−L

at each level. The number of samples for the GR estimator was set to S = 3 in all experi-

ments. Network optimization was performed by stochastic gradient descent using the Adam

optimizer [87]. Besides, we used a learning rate of 1 × 10−3 and a batch size of 20 or 2 for

the MS-CMRSeg or the other datasets, respectively.

4.5.4 Evaluation Metrics

For each test image group in an experiment, groupwise semantic evaluation metrics can

be constructed by averaging the pairwise version over all possible pairs of the propagated

segmentation masks. In other words, a metric on the n-th group {ui}Nn
i=1 is calculated as

Evan ≜ 1(
Nn

2

) ∑
1≤i,j≤Nn

i ̸=j

Eva(yi ◦ ϕ̂i, yj ◦ ϕ̂j),

where Eva is the Dice similarity coefficient (DSC) or average symmetric surface distance

(ASSD), yi, yj are distorted masks associated with their respective images ui, uj, and ϕ̂i, ϕ̂j

are the corresponding predicted transformations. The masks are used for model evaluation

only.

For experiments on the BraTS-2021 dataset, since the ground-truth spatial correspon-

dence is available, the groupwise warping index (gWI) can be implemented as an additional

metric, which measures the root mean squared error for unbiased deformation recovery based
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on the ground-truth and predicted deformation fields [100], i.e.,

gWIn ≜ 1

Nn

Nn∑
i=1

√√√√ 1∣∣∣Ω̂f
i

∣∣∣
∑
ω∈Ω̂f

j

∥r̄j(ω)∥22, (4.21)

where Ω̂f
j ≜

{
ω ∈ Ω|ϕ†

j ◦ ϕ̂j(ω) ∈ F
}

with F the foreground region of the initial phantom

before distortion and ϕ†
j the ground-truth deformation for uj, and

r̄j(ω) ≜ rj(ω)−
1

Nn

Nn∑
j′=1

rj′(ω), rj(ω) ≜ ϕ†
j ◦ ϕ̂j(ω)− ω. (4.22)

The gWI provides a fine-grained measurement for voxel-wise co-registration accuracies,

whereas the semantic evaluation metrics attend to high-level structural concurrence of dis-

tinct tissues. Besides, since all data have isotropic physical spacing, we measured ASSD and

gWI in voxel units for convenience.

4.5.5 Multi-Modal & Intersubject Groupwise Registration

Experimental Design

This experiment aims to showcase the performance of our model under various data

conditions using the four datasets. These conditions include multi-modal data (all datasets

except OASIS), heterogeneous data such as BraTS-2021 of brain tumors and MS-CMRSeg

of myocardium infarction, and intersubject groupwise registration (OASIS). In addition, our

objective was to demonstrate the efficiency of the partial learning strategy for our model.

To this end, we examined four variants of our model, namely Ours-CN, Ours-CD, Ours-PN,

and Ours-PD.

In this experiment, the test groups of each dataset maintained their original sizes, which

was equal to the training group sizes used for both the baselines and complete learning of our

model. However, in the case of partial learning for our model, the training group size was

consistently set to 2, achieved by randomly selecting images before the experiment, rather
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than in each training iteration. This resulted in a reduced number of training images, posing

additional challenges for model generalizability. Note that our model does not have a partial

learning version for the Learn2Reg dataset (as each original group is an MR-CT pair) and

the OASIS dataset (as it is mono-modal).

Quantitative Results of Registration Accuracy

Tab. 4.2 summarizes the means and standard deviations of the evaluation metrics (DSC,

ASSD, and gWI) on the four datasets before and after groupwise registration by different

methods. The effectiveness of iterative and deep learning baselines varies across datasets. For

example, all iterative approaches show inferior performance on MS-CMRSeg and Learn2Reg

compared to deep learning baselines. Particularly on Learn2Reg, the evaluation reveals that

APE and CTE yield marginal improvements in mean DSC, and all iterative methods even

result in worse mean ASSDs after registration. In addition, deep learning baselines performed

worse than APE and X -CoReg on BraTS-2021, and all baselines (except for CTE) exhibit

similar performance on OASIS. These results show the instability of both types of baselines

under complex image conditions. Besides, their performance was achieved at the expense of

either time-consuming iterative optimization for each test group, or a substantial increase in

parameter count for deep learning baselines.

In contrast, our model with complete learning attained notable improvements in registra-

tion accuracy, consistently outperforming all other methods across all datasets. For example,

the two variants of our model demonstrate an over 15% enhancement in DSC and an over

33% reduction in ASSD on Learn2Reg, compared with the best baseline. On BraTS-2021,

our model also surpasses all baselines, especially in gWI. It is important to highlight that

gWI assesses the registration accuracy for all spatial locations within the images, providing a

comprehensive evaluation, while DSC and ASSD are based only on tumor region. Therefore,

the results showcase the superiority and versatility of our model in aligning various brain

structures with normal and pathological tissues and diverse imaging patterns.

Remarkably, the proposed method also exhibits a significant reduction in parameters for
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Table 4.2: Evaluation metrics of the groupwise registration results on the MS-CMRSeg,
BraTS-2021, Learn2Reg, and OASIS datasets. The top and second-best results for each
dataset are highlighted in bold and underline, respectively. The ASSDs were measured in
voxel units. The parameter counts are expressed in millions, and for our model there are test
and training (in parentheses) values. The p-values were computed using the gWIs or DSCs
(for the BraTS-2021 and other datasets, respectively) between the method Ours-CD and the
others with a two-sided paired t-test. |det Jϕ ≤ 0| represents the proportion (in %) of voxels
with negative Jacobian determinants in the predicted displacements, where the values were
first calculated for the foreground region of each registered image and then averaged over all
images among all test groups.

Method MS-CMRSeg BraTS-2021

DSC ↑ ASSD ↓ #Params p-value gWI ↓ DSC ↑ ASSD ↓ #Params p-value

None .722± .104 3.86± 1.43 N/A < 10−10 1.430± 0.644 .610± .150 0.93± 0.42 N/A < 10−10

APE [162] .746± .101 3.48± 1.36 0.154 < 10−10 0.629± 0.141 .707± .069 0.62±0.12 7.37 1.3× 10−1

CTE [123] .766± .100 3.15± 1.32 0.154 < 10−10 1.223± 0.255 .500± .102 1.27± 0.45 7.37 < 10−10

X -CoReg
[100] .757± .107 3.31± 1.40 0.154 < 10−10 0.728± 0.196 .698± .086 0.65± 0.17 7.37 < 10−10

APE-Att .799± .061 2.78± 0.72 8.04 < 10−10 0.757± 0.153 .690± .078 0.67± 0.14 22.95 < 10−10

CTE-Att .820± .066 2.45± 0.74 8.04 < 10−10 0.916± 0.210 .661± .094 0.75± 0.20 22.95 < 10−10

Ours-PN .803± .062 2.68± 0.70 5.06 (5.22) < 10−10 0.608± 0.115 .670± .071 0.69± 0.13
14.91

(15.10) < 10−10

Ours-CN .842±.051 2.17±0.58 5.06 (5.22) < 10−10 0.538± 0.108 .709±.063 0.62± 0.15
14.91

(15.10) < 10−10

Ours-PD .799± .060 2.74± 0.65 1.91 (2.85) < 10−10 0.720± 0.151 .670± .072 0.70± 0.14
5.44

(15.06) < 10−10

Ours-CD .836± .043 2.21± 0.47 1.91 (2.85) N/A 0.663± 0.129 .669± .074 0.70± 0.15
5.44

(15.06) N/A

Method Learn2Reg OASIS

DSC ↑ ASSD ↓ #Params p-value
∣∣det Jϕ ≤ 0

∣∣
(%) ↓ DSC ↑ ASSD ↓ #Params p-value

None .415± .160 5.27± 3.01 N/A 2.4× 10−4 N/A .614± .027 0.96± 0.10 N/A < 10−10

APE [162] .554± .384 6.14± 7.66 10.52 9.7× 10−2 .5297± .0814 .777± .030 0.59± 0.09 8.85 7.9× 10−8

CTE [123] .514± .373 6.85± 7.89 10.52 5.1× 10−2 .2291± .0447 .746± .031 0.62± 0.09 8.85 < 10−10

X -CoReg
[100] .664± .361 6.86± 14.1 10.52 3.0× 10−1 .1330± .0404 .777± .017 0.54± 0.05 8.85 < 10−10

APE-Att .687± .092 2.09± 0.57 22.95 2.9× 10−3 .0479± .0130 .777± .018 0.57± 0.05 22.95 < 10−10

CTE-Att .679± .069 2.17± 0.56 22.95 1.4× 10−2 .0552± .0154 .773± .039 0.59± 0.13 22.95 4.2× 10−6

Ours-CN .803±.084 1.32±0.57
14.90

(15.10) 9.3× 10−2 .1746± .0305 .803±.007 0.49±0.02
13.16

(13.26) < 10−10

Ours-CD .793± .086 1.39± 0.60
5.43

(15.06) N/A .0066± .0029 .791± .008 0.51± 0.02
3.69

(13.22) N/A

both training and test. For instance, compared with the deep learning baselines, our models

with CNN or Demons based registration modules achieve reductions of 37% or 76% (for

test) on MS-CMRSeg, respectively. Notably, the Demons-based models, namely Ours-PD
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and Ours-CD, require even fewer parameters than iterative methods on the 3D datasets

during test. This demonstrates the parameter efficiency of Demons-based variants of the

proposed model.

In addition, the partial learning strategy allows our model to reduce the training image

group size to 2, while maintaining performance equal to or surpassing that of the base-

lines. This reduction results in a 33%/50%/50% (for the MS-CMRSeg/BraTS-2021/OASIS

datasets) decrease in training image resources and approximately the same reduction ratio in

memory footprint during training. The results illustrate that our model, trained with partial

learning and reduced computational costs on a limited number of images, achieves a level of

generalizability comparable to the baselines that leverage the entire dataset. This showcases

the potential of our approach in scenarios involving image groups with absent modalities

and limited resources.

Moreover, examining the proportions of voxels with negative Jacobian determinants in the

displacements predicted by various methods on the OASIS dataset reveals that all methods

exhibit decent smoothness. Notably, Ours-CD achieved a significantly lower proportion

than other methods, highlighting the advantage of the proposed registration modules with

the Demons algorithm in predicting diffeomorphic transformations.

Robustness on Different Initial Misalignment

Fig. 4.5 presents the violin plots of the evaluation metrics for the compared methods

on all test groups. For all datasets (particularly MSCMR, Learn2Reg and BraTS-2021),

the initial DSCs/ASSDs/gWIs of the test image groups exhibit a broad spread, indicating

considerable variability of misalignments. However, iterative methods achieved only marginal

alignments for nearly all groups of the MSCMR dataset, and even led to worse distortion

for certain Learn2Reg image groups, even though such methods incorporate a combination

of rigid, affine, and FFD transformations to enhance registration outcomes. This implies

that the limited capture range of iterative methods makes it difficult to establish reasonable

spatial correspondence across long distances. This challenge may arise from the presence
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Figure 4.5: Quantitative evaluation metrics of the compared methods on the test groups of
the four datasets. The mean values from each method are indicated.

of local minima in the optimization of manually crafted similarity metrics. Although deep

learning baselines can mitigate the wide range of distortion in misaligned images, the overall

improvement by them remains modest on certain datasets such as Learn2Reg.

In contrast, the violin plots of our models with complete learning achieve shorter tails

(smaller variance in registration metrics) for all datasets, exhibiting greater stability when

handling varying levels of distortion, and showing superior performance especially for image

groups with significant misalignments.

Visualization of Registration Results

The results of an example test group from the MS-CMRSeg and Learn2Reg datasets

are visualized in Fig. 4.6 and Fig. 4.7, respectively. For the example from MS-CMRSeg,

the original images were severely distorted with initial DSCs below 0.4. Under such con-
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Figure 4.6: Results of an image group from the MS-CMRSeg dataset. The mean DSCs of
all foreground classes on this group are shown for each method.

dition, the iterative methods were rather conservative to output small-magnitude deforma-

tions, illustrated by the deformation grids. For the group from Learn2Reg, conversely, the

iterative methods estimated highly irregular deformation fields containing numerous non-

diffeomorphic positions, as shown by the displacement and Jacobian determinant maps, al-

though they achieved DSCs comparable to the proposed methods on this image group. This

illustrates the instability of the deformations produced by iterative methods across different

images. In contrast, while deep learning baselines avoid registration failures for all datasets,

their output deformation fields imply that such an effect comes at the cost of a tendency to

predict more conservative deformations with high rigidity.

The proposed model, however, demonstrates an advantage in addressing these issues,

capable of generating fine-grained deformations that contain both global and localised subtle
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Figure 4.7: Results of an image group from the Learn2Reg dataset. The mean DSCs of all
foreground classes on this group are shown for each method.

movements. To further showcase the effectiveness of the proposed hierarchical decomposition

strategy for estimating the velocity fields, in Fig. 4.8 we visualize an example of the multi-

level deformations produced by our model on an image group from the MS-CMRSeg dataset.

The estimated spatial transformations {ϕl
m}m with a lower level l tend to be smoother and

consist of global displacements, while the higher-level deformations concentrate on small

distortions in different local regions.
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Figure 4.8: Multi-level deformations from our model Ours-CD on MS-CMRSeg, where the
image group to register is the same as in Fig. 4.6.

4.5.6 Scalability Test on Large-scale and Variable-size Image Groups

Experimental Design

This experiment aims to evaluate the performance of our model for large-scale and

variable-size groupwise registration. Co-registering large image groups poses a significant

challenge for iterative methods due to their high computational complexity. On the other

hand, traditional deep learning approaches typically fix the input channel number as a pre-

determined group size, limiting them to handling only small groups of the same size during

training and test due to GPU memory constraints. In contrast, while only requiring a small

group size for training, our model can generalize effectively to much larger image groups of

varying sizes during inference stage. The results in this section illustrate this scalability.

The original group sizes of the BraTS-2021, MS-CMRSeg, Learn2Reg and OASIS datasets

were Ntrain = 4, 3, 2, 4, respectively. To test the scalability of our model, we constructed test

groups of a larger size for each dataset, by merging every R original groups as one new group.

Therefore, using the original test set with W groups of size Ntrain, we constructed a new test

set with W/R groups of size Ntest = NtrainR, where W ≡ 0 (mod R). The variants of our
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Figure 4.9: Evaluation metrics (mean values with one standard deviation bands) of registra-
tion results on image groups with different sizes.

model (Ours-CN and Ours-CD) were trained on the original training groups, and then tested

on newly constructed test sets with different Ntest.

Results

Fig. 4.9 presents the evaluation metrics versus Ntest on different datasets. The initial

DSC/ASSD/gWI metrics indicate that as Ntest increases, the initial misalignment becomes

significantly severe, posing greater challenges for co-registration. However, our model sus-

tains good performance even when group size is very large (e.g., more than 600 2D images

fromMS-CMRSeg and 20 3D images from OASIS). Besides, while the pre-registration metrics

on BraTS-2021 worsen with increasing group size, our models achieved even better registra-

tion accuracy when co-registering larger image groups. These demonstrate robustness of the

proposed framework on large-scale multi-modal groupwise registration. In addition, the two

variants of our model exhibit similar scalability, showing the effectiveness of both types of

registration modules.

Note that the maximum test group size for Learn2Reg and BraTS-2021 is 16, because

Learn2Reg contains only 16 test images, and for BraTS, it is infeasible to register intersubject
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images due to difference in tumor structures, and there are only 16 distorted images for each

subject.

4.5.7 Integration with Other State-of-the-Art Registration Methods

Experimental Design

This experiment aims to integrate state-of-the-art (SoTA) methods from other tasks (e.g.,

pairwise or mono-modal registration) into the proposed framework, and therefore evaluates

the compatibility and versatility of our method. To this end, we selected the following recent

works:

• TransMorph [34]. We replaced the Attention U-Net encoder of our model with Trans-

Morph to extract features from different image modalities.

• PIViT [103]. We replaced the registration modules of our model by the registration

networks proposed by PIViT. Particularly, as both our and the PIViT models have five

levels of scales (resolutions) for spatial transformation inference, we follow the same

settings in that paper, i.e., we use the LCD modules (Long-range Correlation Decoder)

proposed by the PIViT paper for the three coarsest levels, and use CNNs for the other

two levels.

• ModeT [166]. We replaced the registration modules of our model by the registration

networks proposed in the ModeT paper. Particularly, as both our and the ModeT mod-

els have five levels, we follow the same settings in that paper, i.e., for each of the three

coarest levels, we first use a ModeT module (Motion Decomposition Transformer) to

infer multiple transformations, and then use a CWM (Competitive Weighting Module)

to generate a single transformation; for each of the other two levels, we use a ModeT

module to infer a single transformation directly.

Note that the model Ours-CN uses the networks in the registration modules to produce both

mean and log variance of the velocity field distributions, while Ours-CD calculated the mean

of the velocity field distributions using the Demons algorithm and uses the networks in the

registration modules to produce logarithmic variance only. Therefore, with Transmorph or
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Table 4.3: The results of our models integrated with SoTA methods on the MS-CMRSeg
dataset.

Model Encoder Reg. Module DSC↑ ASSD↓
Ours-CN Attention U-Net Convs 0.842±0.051 2.17±0.58
Ours-CD Attention U-Net Convs 0.836±0.043 2.21±0.47
Ours-CN TransMorph Convs 0.838±0.051 2.21±0.54
Ours-CD TransMorph Convs 0.848±0.048 2.09±0.52
Ours-CN Attention U-Net PIViT 0.841±0.043 2.18±0.47
Ours-CD Attention U-Net PIViT 0.838±0.045 2.26±0.49
Ours-CN Attention U-Net ModeT 0.848±0.040 2.12±0.42

PIViT networks integrated, our model still has these two types. As for ModeT, since it was

designed to calculate spatial transformations based on a set of basis vectors, it is not suitable

to be used as a predictor of logarithmic variance. As a result, we integrate ModeT only into

Ours-CN.

Results

The results on the MS-CMRSeg dataset are shown in Tab. 4.3. Our models integrated

with other SoTA methods achieved a similar level of performance compared to the results

we obtained before (first two rows in the table). In particular, Ours-CD with TransMorph

encoders and Ours-CN with ModeT registration modules even surpass the previous best

performance. Therefore, it is demonstrated that our method has good versatility, compatible

with different SoTA methods. Besides, this indicates that we can effectively apply methods

that dominate various registration tasks to multi-modal groupwise registration, just through

integration with our framework.

4.5.8 Model Interpretability

We further demonstrate the interpretability of the proposed framework by 1) visualizing

the structural representation maps learnt by our model, and 2) validating the symmetry

structures respected by our model.
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Figure 4.10: Categorical structural representations from the proposed models. One can see
that complementary brain structures are revealed from these representations. Particularly,
the representations from the model Ours-CD look more fine-grained than those from Ours-
CN.

Structural Representation Maps

We visualize the structural representation maps as the categorical latent distribution

learnt by the proposed model. For instance, Fig. 4.10 presents the finest-scale structural

representation maps estimated by the proposed models of an image group from the BraTS-

2021 dataset. One can observe that meaningful semantic features are extracted from the

input images. Particularly, the model Ours-CN tends to learn high-level information, e.g.

structures and boundaries, while Ours-CD prefers to extract more detailed features such as

skeletons and textures. This difference is reasonable because the registration is computed

directly from these representations for the Demons algorithm, which needs more fine-grained

information.

These structural representations also demonstrate the clear advantage of our proposed

models over conventional learning-based counterparts in terms of model interpretability and

registration accuracy. This suggests that the trade-off between model interpretability and

performance is not inevitable, while one may believe that more complex models are more

accurate. In fact, since medical images are scarce and highly correlated [100], the observa-

tions are well structured and only occupy a low-dimensional landscape (or manifold) within



82

the entire data space [6]. Therefore, by respecting the underlying generating process and

the inherent symmetry structures, the proposed models achieved better interpretability and

higher accuracy, while using fewer parameters.

Counterfactual Validation of Latent Symmetries

A deeper level of interpretability can be assessed by examining if the model respects

the underlying symmetries of the data-generating process, namely the disentanglement of

anatomy and geometry. We validate this by performing counterfactual reconstructions [121,

18], where we actively intervene on the learnt latent variables and observe the outcome. This

allows us to ask “what-if” questions and verify that the model behaves in a predictable and

semantically meaningful way.

We first investigate the disentangled anatomy representation z. For a given test image

group, we compute the latent anatomy z and then perform an ontological intervention by

setting a specific channel zk to zero (i.e., a do(zk = 0) operation). This corresponds to

asking the model: “What would the registered images look like if this specific anatomical

feature k did not exist”. The results of this experiment on the OASIS dataset are shown

in Fig. 4.11a. The figure demonstrates that zeroing out a single channel cleanly removes a

specific anatomical structure (e.g., the white matter) from the reconstruction. The difference

map between the original and counterfactual reconstructions–the direct effect–clearly isolates

this structure. To quantify this observation, we measure the Normalized Cross-Correlation

(NCC) between the map of the latent channel zk that was set to zero and the corresponding

direct effect map. For the example in Fig. 4.11a, the four non-zero channels z1, z2. z4 and

z6 yielded high NCC values of 0.99, 0.98, 0.97 and 0.62, respectively. This high correlation

confirms that the model has learnt a highly disentangled representation, where individual

latent channels have a direct and exclusive correspondence to specific anatomical structures.

This level of granular control and semantic correspondence is a key advantage over con-

ventional end-to-end registration networks. In such “black-box” models, the latent features

are typically entangled, and manipulating a single feature is unlikely to produce a coherent
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(a) Counterfactual reconstruction by ontological transformations.

(b) Counterfactual reconstruction by diffeomorphic transformations.

Figure 4.11: Counterfactual reconstruction on an image from the OASIS dataset using the
underlying symmetry transformations. (a) For ontological transformations acting in the
anatomy domain, one can see that the difference calculated by f(z; do(zk = 0))−f(z) indeed
corresponds to the k-th latent structure zk, which means that the learnt decoder respects the
ontological symmetry. (b) For diffeomorphic transformations acting in the spatial domain,
one can observe that the equivariance difference f(z ◦ ϕi) − f(z) ◦ ϕi, where f(z ◦ ϕi) =
f(z ◦ϕ; do(ϕ = ϕi)), are almost zero except for interpolation errors, which indicates that the
learnt decoder is indeed transformation-equivariant.
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or predictable semantic change. Our framework, by explicitly modeling anatomy and ge-

ometry as disentangled latent variables, provides interpretable latent that can be used to

understand and validate the model’s internal logic, a crucial step towards trustworthy med-

ical AI. We also validate the geometric equivariance in Fig. 4.11b, showing that the model

correctly disentangles spatial transformations.

4.6 Conclusion and Discussion

In this work, we have developed a Bayesian framework for unsupervised multi-modal

groupwise image registration. In marked contrast to similarity-based registration approaches,

the proposed method builds on a principled generative modeling of the imaging process.

Moreover, a specially designed network architecture realizes the explicit disentanglement of

anatomy and geometry from the observed images, so that registration is learnt from their

underlying structural representations in a unified closed-loop self-reconstruction process. The

experiments on four different datasets of cardiac, brain, and abdominal medical images have

demonstrated the advantage of the proposed modeling for image registration.

There have also been works in the literature trying to learn disentanglement of appearance

and geometry [137, 139, 23, 175], or inference of semantic or geometric variations [180, 107].

However, they usually involve modeling of an intensity template, and do not consider a

more general multi-modality setup. The generated template trained on one dataset can be

suboptimal for groupwise registration on a new dataset. This highlights the advantage of

disentangling each separate image groups into their corresponding anatomical representa-

tions in our framework as a subroutine to groupwise registration, rather than optimizing for

intensity variations.

The intrinsic distance proposed in Sec. 4.3.2 also has further implications. Developed

based on the variational inference framework, the intrinsic distance is primarily intended

to estimate the difference between structural representations of the common anatomy and

the input images. Nevertheless, there could be alternative methods to calculate the average
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representation and the intrinsic distance. For instance, conventional label fusion methods for

multi-atlas segmentation [165, 1, 10] could be used to estimate the average probability maps

of the common anatomical representations, while the intrinsic metrics between probabilistic

shapes could be improved by respecting the underlying manifold structure [51, 8].

Furthermore, recent years have witnessed a growing academic interest in the field of in-

terpretable or explainable artificial intelligence (XAI) [61, 6, 151, 188]. Our proposed model

exhibits the local and active interpretability characterized by [188] in that the structural

representations encoded by the network are deliberately devised to have visual semantics in

a human-understandable fashion. The proposed registration module and the network archi-

tecture also demonstrate certain levels of algorithmic transparency [6]. Indeed, the Demons

algorithm for calculating the velocity fields is mathematically interpretable, as it depends

linearly on the gradient and difference of structural representations. On the other hand,

the decoder architecture is spatially decomposable, as the reconstruction of image intensi-

ties is determined locally by the anatomy at each independent location (owing to the use

of convolutions with kernel size 1 isotropically), thus respecting the spatial equivariance in

the imaging process w.r.t. diffeomorphic transformations. One of the potential trade-offs or

limitations of the proposed architecture is that the usage of convolutions with kernel size 1

in the decoders may provoke a trade-off between the reconstruction fidelity and the equiv-

ariance constraint. However, by sacrificing a small degree of reconstruction fidelity, we gain

a significant improvement in the identifiability and accuracy of the geometric transforma-

tions. This is an example of how imposing a strong, domain-appropriate inductive bias can

guide a learning system to a more robust and accurate solution for its primary task. Future

studies could be addressed to represent the generative process of multi-modal images from

the underlying common anatomy in a more compact and unified manner using techniques

from, for example, normalizing flows [90] that construct an invertible mapping between the

observation and the latent variable.
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4.7 Chapter Takeaway

This chapter addressed unsupervised multimodal groupwise registration under a sub-

stantially stronger heterogeneity regime than that of Chapter 3. In addition to contrast-

or modality-dependent appearance variability, the inputs are geometrically misaligned, so

correspondence must be inferred rather than assumed. The central difficulty is that cross-

image similarity cannot be reliably measured in observation space when modalities differ,

yet registration fundamentally requires a correspondence-consistent notion of similarity.

The main methodological takeaway is that robust groupwise registration benefits from

an explicit separation of latent roles that would otherwise be confounded. By formulat-

ing registration as Bayesian inference in a hierarchical latent variable model, the proposed

approach disentangles common anatomy from image-specific geometry while treating ap-

pearance as an observation-dependent realization. This yields an intrinsic representation in

which multimodal similarity becomes meaningful and stable, enabling alignment to be driven

by task-relevant anatomical content rather than by modality-specific intensity statistics or

heuristic similarity metrics. In the terminology of this thesis, the chapter instantiates iden-

tifiable invariant preservation in a regime where invariants must be preserved across both

observation mechanisms and geometric configurations.

This project also clarifies an important escalation in representational requirements. In

Chapter 3, appearance heterogeneity perturbs otherwise aligned inputs, and stability can

be improved by constraining representational complexity. Here, heterogeneity additionally

includes registration-compatible geometric variation, requiring a generative organization in

which anatomy provides the invariant reference and geometry accounts for deformable mis-

alignment. The next chapter removes the availability of reliable cross-image structural cor-

respondence altogether, demanding mechanisms that can preserve invariants without relying

on direct alignment between samples.
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Chapter 5

UNIFIED DOMAIN ADAPTIVE MEDICAL IMAGE
SEGMENTATION

This chapter presents the third project of the thesis: unsupervised domain adaptation

(UDA) for medical image segmentation under the most challenging heterogeneity regime con-

sidered in this dissertation. In contrast to the multimodal registration setting of Chapter 4,

where images can be organized into groups that share an underlying anatomical reference,

domain adaptation operates in a fundamentally correspondence-free setting. In UDA we are

given a labeled source domain and an unlabeled target domain that share the same down-

stream task but differ in acquisition environment and image appearance. Samples from the

two domains are unpaired and cannot be aligned directly.

This setting introduces a stronger form of heterogeneity than those considered in the

previous projects. In addition to appearance variability arising from differences in imaging

contrast, modality, or acquisition protocol, the source and target datasets may also differ

in anatomical configuration due to inter-subject variability, field-of-view differences, or scan

coverage. Crucially, because images from the two domains are not paired and do not admit

registration-based correspondence, there is no shared reference shape at the sample level that

can be used to couple the domains. In the taxonomy of Chapter 1, this regime therefore

combines appearance heterogeneity with correspondence-free geometric heterogeneity, repre-

senting the most difficult point along the heterogeneity progression studied in this thesis.

Most existing UDA approaches address this challenge by introducing auxiliary align-

ment signals in feature space. These methods typically attempt to match aggregated source

and target representations through explicit feature alignment, or, when source samples are

unavailable during adaptation, rely on heuristic signals such as pseudo-labels, entropy min-
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imization, or knowledge distillation. While effective in certain scenarios, these strategies

share a fundamental limitation: they do not explicitly model anatomical structure as a

stable source of knowledge. As a result, the learned representations may remain sensitive

to domain-specific appearance patterns, making adaptation fragile when the target domain

deviates significantly from the source.

From a representation learning perspective, the central question is therefore whether

anatomical knowledge can be encoded in a way that remains stable across domains even

when individual images differ in both appearance and geometry. To address this problem, we

adopt the Bayesian representation learning framework introduced in Chapter 2 and construct

a generative representation in which adaptability arises directly from the latent organization

of the model.

Specifically, we introduce a domain-agnostic probabilistic manifold that represents the

global space of anatomical regularities relevant to the segmentation task. Each observed

image is interpreted through two complementary latent components: a canonical anatomical

prototype retrieved from this manifold, and an image-specific geometric transformation that

accounts for individual anatomical variation. Within this formulation, segmentation predic-

tions are generated through the interaction of these latent factors rather than through direct

reliance on domain-specific appearance statistics.

Because anatomical structure is represented explicitly in the manifold while geometric

variation is modeled separately, the resulting representation suppresses domain-dependent

appearance fluctuations while preserving task-relevant anatomical invariants. Importantly,

this architecture enables adaptation without requiring explicit cross-domain alignment. The

same generative framework naturally supports both source-accessible and source-free adap-

tation scenarios, differing only in what information is available during the adaptation stage.

The remainder of this chapter closely follows the associated publication and submission:

• Xin Wang et al. Remind: Remembering anatomical variations for interpretable domain

adaptive medical image segmentation. In Ipek Oguz, Shaoting Zhang, and Dimitris N.

Metaxas, editors, Information Processing in Medical Imaging, pages 327–341, Cham,
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2026. Springer Nature Switzerland. ISBN 978-3-031-96628-6 [170].

• Xin Wang et al. Unified and semantically grounded domain adaptation for medical im-

age segmentation. IEEE Transactions on Medical Imaging, 2026, doi: 10.1109/TMI.202

6.3672802 [169].

5.1 Introduction

Learning-based methods have dominated medical image segmentation by enabling auto-

matic and accurate delineation of anatomical structures, which facilitates a variety of clinical

applications [94]. This success, however, relies on large, well-annotated datasets that match

the image characteristics of the intended domain. In practice, such data are often difficult

to obtain due to variations in hardware, imaging protocols, patient populations, and dis-

ease manifestations. These domain shifts can severely degrade model performance, which

has motivated unsupervised domain adaptation (UDA) to transfer knowledge from a labeled

source domain to an unlabeled target domain with differing image characteristics, thereby

alleviating the need for costly manual annotation of target data [59].

Existing UDA methods primarily assume that source-domain data remain accessible dur-

ing adaptation. In this source-accessible setting, models can jointly utilize source and target

data to learn domain-invariant representations. Numerous strategies have been explored,

such as adversarial training, semi-supervised learning, and statistical alignment [161, 187,

172]. These methods often operate in high-dimensional feature spaces where alignment is

computationally expensive and difficult to interpret. On the other hand, retaining source

data during adaptation is not feasible in many real-world applications, due to privacy regu-

lations, institutional policies, and data sharing restrictions. This gives rise to the source-free

setting, where only a pre-trained source model (but no source data) is available for target-

domain adaptation, presenting greater challenges. Prior works for source-free adaptation

frequently rely on complex self-training or entropy minimization techniques that are prone

to instability, overfitting, and loss of anatomical fidelity [33, 163, 16]. Crucially, existing
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source-accessible and source-free methods share common limitations: they lack explicit and

explainable mechanisms to ensure that adapted features capture valid anatomical structures,

which often results in implausible or fragmented segmentations.

This absence of explicit anatomical reasoning represents a fundamental inconsistency:

surprisingly, despite the trivial difference between the two settings, i.e., source-free simply

requires completing source-domain learning before target-domain adaptation, existing lit-

erature has produced markedly different methodological designs. While source-accessible

methods typically build upon domain alignment, source-free methods introduce entirely dis-

tinct pipelines based on self-supervision, pseudo-labeling, or distillation. This divergence in

methodological design appears disproportionate to the underlying problem difference. From

a human perspective, adapting to a new domain, whether or not previous learning examples

remain accessible, relies on the same conceptual understanding of anatomy [54]. Therefore,

we argue that the separation of current methods for the two settings reflects their inher-

ent limitations, highlighting the need for a unified, interpretable framework that generalizes

naturally across both scenarios.

In this work, we set out to close this gap. Motivated by how humans adapt to unfamiliar

imaging conditions, we propose a unified and semantically grounded Bayesian framework

that applies seamlessly to both source-accessible and source-free adaptation. Humans typ-

ically form a conceptual understanding of anatomy by memorizing typical shape patterns

from labeled examples. When confronted with an unseen image, intuitively they 1) recall a

representative shape and 2) deform it moderately to account for individual-specific structural

variations [124]. To emulate this process, we construct a low-dimensional, domain-agnostic

latent probabilistic manifold, which encodes the full spectrum of representative structural

patterns as weighted compositions of a few prototypical anatomical representations. Fine-

grained geometric variations are then captured through additional spatial deformations. This

anatomy-aware manifold, shared across different domains and individual images, enables a

clear disentanglement between domain-invariant canonical shape templates and individual-

specific geometric details, which ensures structurally consistent and anatomically plausi-
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ble predictions. This design confers two key advantages. First, it enables adaptability to

emerge naturally from the model architecture itself, without requiring explicit cross-domain

alignment objectives. Second, the manifold serves as a compact memory that encapsulates

anatomical priors, capable of adapting to target images whether or not source data are

persistently available.

Our contributions can be summarized as follows:

1. We propose a unified framework that seamlessly supports both source-accessible and

source-free adaptation, achieving source-free performance closely matching its source-

accessible counterpart.

2. We introduce semantically grounded anatomical modeling, which emulates human vi-

sual understanding by explicitly disentangling canonical anatomy from individual ge-

ometry. This formulation leads to structurally consistent, robust, and interpretable

predictions.

3. Our method’s adaptability emerges naturally as an intrinsic property of the framework

design. To the best of our knowledge, this is the first work to realize adaptation without

explicit cross-domain alignment strategies.

5.2 Related Work

5.2.1 Unsupervised Domain Adaptation

Previous source-accessible UDA works fundamentally relied on domain alignment through

various strategies, such as adversarial networks, semi-supervised learning and statistical di-

vergence. For example, ADVENT [161] and DARUNet [179] aligned the output or feature

space by discriminators. MAPSeg [187] leveraged masked auto-encoding to improve feature

integrity. Generative approaches using variational inference, including VarDA [172] and

VAMCEI [40], derived statistical divergences between feature distributions. While these ap-

proaches captured domain-invariance, they often suffered from semantic ambiguity due to

the absence of anatomical constraints, and required costly high-dimensional calculations.
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Recent works have also investigated the more challenging source-free setting, relying on

conventional strategies such as pseudo-labeling, entropy minimization, and distillation. For

example, while Tent [163] and AdaMI [16] minimized prediction entropy, the latter also

enforced class ratio priors. UPL-SFDA [173] selected pseudo-labels via multiple prediction

headers and refined results via dual-pass supervision. ProtoContra [182] aligned target fea-

tures to source model parameters and applied contrastive learning on unreliable samples. De-

spite their promising mitigation of prediction errors, existing source-free methods universally

relied on refinement strategies that are vulnerable to noise in the outputs of source-trained

models.

Few prior works have explored unsupervised adaptation from an anatomy-aware per-

spective. In contrast, our framework encapsulates structural priors from source data via a

domain-agnostic manifold shared across all images. This formulation offers an interpretable

means of preserving anatomical coherence, enabling adaptation to naturally emerge in both

source-accessible and source-free settings.

5.2.2 Variational Autoencoders in Medical Imaging

Variational autoencoders (VAEs) [88] provided a principled generative framework for ef-

fectively learning latent representations. For example, in image segmentation and synthesis,

conditional VAEs were developed to disentangle anatomy from appearance, allowing repre-

sentations to generalize across modalities [30]. Hierarchical VAEs were able to improve fea-

ture expressiveness through multiscale latent feature factorization in a theoretically-grounded

probabilistic manner [155].

In image registration, VAE-based models could effectively capture inter-modality anatom-

ical consistency and learn diffeomorphic deformations. For example, BInGo explicitly dis-

entangled anatomy and geometry for scalable and interpretable groupwise image registra-

tion [167, 101] through unsupervised self-reconstruction. While powerful, learning domain-

invariant structural features in this method relied on paired multi-modal images with a

common anatomy, which is infeasible in domain adaptation since input images come from
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Figure 5.1: Graphical models of the proposed framework. (a) Generative model. (b) Infer-
ence model with hierarchical decomposition. Deterministic variables are in double circles, and
observed variables are shaded. Dashed arrows denote selecting the subset {zlj}lj∈Λ={l1,...,lJ}.

different subjects and spatial locations.

The proposed framework builds upon hierarchical and disentangled VAE formulations

and introduces two key innovations: 1) a global latent space that is shared by all images

and can generalize naturally across different domains and settings, 2) improving anatomical

plausibility of segmentation predictions by encoding images as weighted combinations of

anatomical representatives. This structured design greatly enhances interpretability and

adaptability, while maintaining the flexibility and expressiveness of variational models.

5.3 Methodology

Let (X ,Y) denote the observation space, where X ⊆ RD is the image space, with D

the number of pixels, and Y ⊆ {0, 1, . . . , K}D is the segmentation label space, with K

the number of foreground classes. The available data for learning include a labeled source

dataset Ds = {(xi
s,y

i
s)}Ns

i=1 sampled from a joint distribution Ps over X×Y , and an unlabeled

target dataset Dt = {xi
t}Nt

i=1 sampled from a marginal distribution Pt over X . We begin by

introducing our framework from both theoretical and network implementation perspectives,

and then describe how it is applied to both source-accessible and source-free settings.
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5.3.1 Disentangled Probabilistic Modeling

The generative structure of our model is presented in Fig. 5.1(a). Unlike prior meth-

ods that encoded all anatomical information into a single latent variable, we draw inspira-

tion from how humans approach segmentation: intuitively, one first recalls a representative

anatomical shape from prior knowledge, and then adapts it to the image through moderate

spatial warping to account for individual-specific geometric details [124]. Motivated by this

perspective, we propose to explicitly disentangle the structural content of an image x into

two distinct components: a canonical anatomical template z and a spatial deformation ϕ

that is parameterized by a stationary velocity field (SVF) v through ϕ = exp(v) [9], such

that x ϕ is spatially aligned to z. This formulation leads to interpretable and geometry-

aware representations of anatomical variations. In addition, we introduce a variable s to

encode image style.

While the template z encodes canonical anatomy, a single fixed z lacks expressiveness

to account for topological diversity across images; on the other hand, extracting z from x

without constraints may cause z to capture all anatomical variability and the deformation ϕ

to degenerate. To ensure both flexibility and disentanglement, we propose to condition z on

a low-dimensional vector w ∈ RM . This induces a structured latent manifold that supports

interpretable and controllable shape retrieval, as detailed in Secs. 5.3.2 and 5.4.4.

We leverage the variational Bayesian framework [88] to effectively learn to infer the latent

variables. Since x contains all information about the variables, we assume s is conditionally

independent of all structure-related variables given x. Thus, given a labeled source sample

(x,y), the joint and variational posterior distributions can respectively be written as

p(x,y,w, z,v, s) = p(w)p(s)p(v)p(z|w)p(x|z,v, s)p(y|z,v),

q(w, z,v, s|x,y) = q(s|x)q(w|x)q(z|w)q(v|x, z).
(5.1)

Consequently, the evidence lower bound (ELBO) of the log-likelihood log p(x,y) is derived
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as
ELBO := Eq(w,z,v,s|x,y)

[
log

p(x,y,w, z,v, s)

q(w, z,v, s|x,y)

]
=Eq(s|x)q(w|x)q(z|w)q(v|x,z) log p(x|z,v, s) · · · Lrecon

+ Eq(w|x)q(z|w)q(v|x,z) log p(y|z,v) · · · Lseg

− Eq(w|x)DKL [q(z|w) ∥ p(z|w)] · · · Ltem

− Eq(w|x)q(z|w)DKL [q(v|x, z) ∥ p(v)] · · · Lvel

−DKL [q(s|x) ∥ p(s)]−DKL [q(w|x) ∥ p(w)] ,

(5.2)

where DKL is the Kullback-Leibler (KL) divergence. A similar decomposition applies to un-

labeled target samples, with the omission of Lseg. The reconstruction probability p(x|z,v, s)

is modeled using pixel-wise Laplacian distributions, with their parameters predicted by a

neural network. The segmentation term Lseg is computed as the negative sum of the cross-

entropy and Dice losses, following prior works [172, 40]. Moreover, we assume deterministic

posteriors for both w and s, i.e., q(w|x) := δ(w − w̃(x)), where δ is the Dirac delta and w̃

is predicted from x. As a result, inference yields w = w̃. The same formulation applies to

s. Therefore, the last two KL terms in the ELBO can be omitted during training.

We further factorize z,v as z = (zl)Ll=1 and v = (vlj)lj∈Λ [155, 167, 101, 168], where Λ =

{l1, . . . , lJ} is a subsequence of {1, . . . , L}, and a smaller l indicates a coarser resolution. This

hierarchical decomposition facilitates effective learning by capturing complex anatomical

variability through progressively refined components. Thus, the spatial transformation is

computed as ϕ = ϕl1 · · · ϕlJ , with ϕlj parameterized by the velocity vlj . We assume that

different scales of zl are independently conditioned on w, and that vlj can be inferred given

x and the template zlj at the same scale. In addition, we set p(vlj |v<lj) = p(vlj) by design,
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where < lj denotes scales below lj. Thus, Ltem and Lvel are simplified as

Ltem = Eq(w|x)

L∑
l=1

DKL
[
q(zl|w) ∥ p(zl|w)

]
,

Lvel = Eq(w|x)q(z|w)

∑
lj∈Λ

Eq(v<lj |x,z<lj )

(
DKL

[
q(vlj |x, zlj ,v<lj) ∥ p(vlj)

])
.

(5.3)

where q(v<l1 |x, z<l1) := 1. The inference structure of our model is thereby presented in

Fig. 5.1(b). While each scale of zl is computed independently, the inference of vlj proceeds in

a coarse-to-fine manner: each scale depends on the template zlj and velocities v<lj inferred

at coarser resolutions. This enables incrementally refining spatial transformations across

scales. The KL terms in Lvel are computed via the probabilistic SVF formulation [43] to

regularize ϕlj to be diffeomorphic.

5.3.2 Semantically Grounded Encoding with Shared Bases

Prior UDA works typically extract structural encodings directly from the input image.

This conventional strategy often yields opaque and entangled representations, making inter-

pretation and cross-domain adaptation difficult. In sharp contrast, we propose a structured

extraction of the latent template z, where its formation is not freely learned but explicitly

modulated by the vector w. To instill semantic organization and interpretability in the

latent space, we introduce a small set of learnable basis distributions {qm(zl)}Mm=1 for each

scale l, shared across all images, where M is the length of w. The posterior distribution of

zl is then modeled as a log-linear mixture [97] of the bases weighted by w, i.e.,

q(zl|w) ∝
M∏

m=1

[
qm(z

l)
]wm

, (5.4)

where we constrain w on the probability simplex ∆ := {w ∈ RM |w ⪰ 0,1⊤w = 1}.

This formulation restricts q(zl|w) to lie within the convex geometry spanned by the bases,

introducing a strong inductive bias with several advantages:



97

1. Domain-agnostic regularization: The domain-agnostic bases qm(zl) capture global

anatomical regularities, enhancing robustness and generalizability.

2. Expressive shape composition: The weight w blends prototypical structures en-

coded by bases, allowing the template zl to express morphologically rich shapes via

compositions of structural primitives.

3. Interpretable memory-like manifold: The latent space is organized into a seman-

tically structured manifold through the simplex-constrained w, enabling interpretable

traversal and feature extraction. This mechanism mimics how humans retrieve learned

anatomical patterns from memory [20].

Similar to the posterior, we define the prior as a uniform mixture over the bases, i.e.,

p(zl|w) := p(zl) ∝
∏M

m=1

[
qm(z

l)
]1/M , without dependence on w. To allow for analytical

tractability, we model each basis as a multivariate Gaussian, i.e., qm(zl) = N (µl
m,Σ

l
m), with

diagonal covariance. Thus, we have q(zl|w) = N (µl,Σl), where

Σl =

[
M∑

m=1

wm

(
Σl

m

)−1

]−1

, µl = Σl

M∑
m=1

[
wm

(
Σl

m

)−1
µl

m

]
. (5.5)

The same form applies to p(zl|w) with w = 1
M
1.

Since Ltem requires computing KL divergences for each image x, we propose to replace

it by the average of KLs over basis distributions, i.e.,

L̃tem =
L∑
l=1

1

M

M∑
m=1

DKL
[
qm(z

l) ∥ p(zl)
]
. (5.6)

This reduces the number of KL terms per batch from LB to LM , where the batch size

B is typically much larger than M , substantially reducing computational cost. Despite

the simplification, L̃tem serves as an effective surrogate for Ltem: minimizing the former

encourages each basis to stay close to the prior p(zl|w), which regularizes the mixture q(zl|w)

to also remain close to the prior, thus effectively minimizing the original term Ltem. The

regularization L̃tem can be interpreted as encouraging the bases to remain close to their
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Figure 5.2: Network architecture for the proposed framework. Without loss of generality,
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mean and variance (resp. scale), with the latter obtained via a Softplus function. Random
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tions during evaluation. The purple boxes correspond to the calculation of loss terms using
related outputs.

average, and thus to each other. This constraint reduces the sensitivity of q(zl|w) to small

perturbations in w, facilitating more stable and reliable control of the latent template zl via

w.

5.3.3 Manifold Structuring for Emergent Adaptation

A central premise of our framework is that canonical anatomical representations of all

images are embedded into a shared, domain-agnostic manifold. In principle, this design

allows domain adaptation to emerge naturally: the model only needs to interpret each image

through this unified space, regardless of its domain origin. To fully realize this potential,
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we introduce two principled constraints that guide the internal organization of the manifold.

These constraints ensure that the manifold is richly populated with structurally diverse and

well-supervised representations, allowing target-domain inputs to be projected into regions

with coherent anatomical semantics.

First, we promote balanced activation of anatomical bases within each source or target

batch {xi}Bi=1 through

Lusage :=
M∑

m=1

max

(
0, τ − 1

B

B∑
i=1

wm (xi)

)
, (5.7)

where τ = 0.05 defines a minimum usage threshold for each basis distribution. This encour-

ages the model to utilize the full representational capacity of the manifold, which not only

prevents basis underuse but also enhances the expressiveness and flexibility of the anatomical

encoding.

Second, to ensure that the diversity in composition weights w reflect meaningful struc-

tural differences, we introduce a semantic dispersion constraint based on each labeled source

batch {(xs
i ,y

s
i )}Bs

i=1:

Lstruct :=
Bs∑

i,j=1
i<j

[
Sim

(
ys
i ϕ

s
i ,y

s
j ϕ

s
j

)
− C

(
ws

i ,w
s
j

)]2
(5.8)

where Sim denotes the Dice similarity between ground-truth segmentations warped by the

inferred spatial deformations, and C(·, ·) is a similarity between their corresponding compo-

sition weights w. To respect the non-Euclidean geometry of the probability simplex ∆, we

impose the Fisher-Rao metric DFR on the simplex to measure the distances among w, i.e.,

DFR [w ∥ w′] := 2 arccos

(
M∑

m=1

√
wmw′

m

)
, ∀w,w′ ∈ ∆, (5.9)

which corresponds to the geodesic distance on a Riemannian statistical manifold [112]. There-
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fore, C(·, ·) is calculated by transforming DFR into a bounded similarity score in [0,1], i.e.,

C(w,w′) := 1 − DFR [w ∥ w′]/π. The loss Lstruct explicitly associates latent diversity with

anatomical diversity, thereby encouraging the manifold to be semantically organized and

broadly covered by source-domain knowledge.

Together, these two constraints shape the manifold into an expressive, semantically coher-

ent and fully utilized space, allowing adaptation to arise naturally through latent encoding.

Importantly, these regularizers do not introduce additional degrees of freedom. Instead, they

restrict the solution space of an otherwise underconstrained objective, thereby reducing the

risk of degenerate solutions rather than increasing overfitting. For this reason, such regular-

ization is particularly important in limited-data regimes, where unsupervised adaptation is

most prone to instability.

5.3.4 Network Architecture

We design a specialized network architecture to support disentanglement of anatomy and

geometry within the established probabilistic framework, as shown in Fig. 5.2.

Inference of Anatomical Template

A content encoder first extracts multiscale content features {cl}Ll=1 from the input image.

The coarsest feature map c1 is aggregated via global average pooling (GAP) and passed

through a multilayer perceptron (MLP) followed by a Softmax to infer the composition

weight w. The anatomical template distributions q(zl|w) are then computed according to

Eq. (5.5), leveraging a set of learnable feature maps that parameterize the basis distributions

qm(z
l). The templates zl are then inferred based on q(zl|w).

Inference of Velocity Fields

Velocities and deformations are inferred via a dedicated registration module, conditioned

on the content features clj and anatomical templates zlj . As indicated by the hierarchical

factorization in Eq. (5.3), the inference of each velocity vlj is conditioned on coarser-scale

velocities v<lj . Specifically, we first estimate the distribution q(vl1 |x, zl1) using a convolu-
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tional neural network (CNN) that takes cl1 and zl1 as input, yielding the initial velocity field

vl1 and corresponding deformation ϕl1 . For each scale lj > l1, we warp clj by the composed

deformation ϕ<lj := ϕl1 · · · ϕlj−1 , resulting in a content representation partially aligned to

the anatomical template. The warped feature clj ϕ<lj and zlj are then fed into a CNN to

estimate vlj . After inferring all velocities {vlj}lj∈Λ, the overall deformation ϕ and its inverse

ϕ−1 are computed deterministically via integration [9] and composition.

Segmentation and Reconstruction

The anatomical template z = {zl}Ll=1 are fed into a segmentation decoder to generate a

categorical probability map p(y ϕ|z). This map is subsequently warped by the inverse trans-

formation ϕ−1 to yield the final segmentation prediction p(y|z,v). For image reconstruction,

a style encoder first extracts the style code s from the input image. Conditioned on both

z = {zl}Ll=1 and s, a reconstruction decoder produces a Laplacian distribution p(x ϕ|z, s),

which is then warped by ϕ−1 to obtain the final reconstruction p(x|z,v, s) of the input image.

We note that although the blending vector w is low-dimensional, it parameterizes an

anatomical manifold spanned by dense, pixel-wise bases, from which full-resolution canonical

segmentations are constructed. The deformation ϕ then specifies the pixel-to-pixel mapping

from canonical space to image space. As a result, pixel-wise spatial detail is carried by dense

bases and deformation, rather than by w itself, and the proposed canonical-deformation

factorization does not constitute a spatial-bandwidth bottleneck for pixel-wise segmentation

prediction. This representational design is further analyzed in the ablation study in Sec. 5.4.5.

5.3.5 A Unified Paradigm for Source-Accessible and Source-Free Domain Adap-

tation

We have established a theoretically and semantically grounded UDA framework through

latent bases that encode and memorize global anatomical information. We can now describe

how our unified paradigm applies to the source-accessible and source-free settings, as a

substantial extension of our conference paper [170].
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Formally, the ELBO has been derived as

ELBOs(x,y) =λ1Lseg(x,y) + λ2Lrecon(x)− λ3Lvel(x),

ELBOt(x) =λ2Lrecon(x)− λ3Lvel(x),
(5.10)

for a source or target observation, respectively, where λ’s are term weights, and L̃tem has

been separated out due to its independence from the data. We denote source and target

batches as Bs := {xs
i ,y

s
i}Bs

i=1 and Bt := {xt
i}Bt

i=1, respectively, and the mean ELBO over a

batch B as LLB(B). In addition, we have introduced Lusage,Lstruct for manifold structuring.

Source-Accessible

This conventional UDA setting involves a single-stage training using the source and target

datasets Ds and Dt simultaneously. Thus, the overall loss is

L =− 1

2

[
LLB(Bs) + LLB(Bt)

]
+ λ4L̃tem + λ5Lstruct(Bs) +

1

2

[
Lusage(Bs) + Lusage(Bt)

]
.

(5.11)

Source-Free

In this setting, training is divided into two stages: the first has access only to the source

data, while the second operates solely on the target domain. To this end, the loss for the

first stage is

L1 = −LLB(Bs) + λ4L̃tem + λ5Lstruct(Bs) + Lusage(Bs). (5.12)

After the first-stage training, the model has memorized structural patterns through the latent

bases. Therefore in the second stage, we fix the bases qm(zl) and the segmentation decoder,

and only optimize other parts of the network through

L2 = −LLB(Bt) + Lusage(Bt). (5.13)

Note that L1 and L2 together constitute an exact decomposition of loss terms in L. Thus,
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our formulation provides a unified and principled paradigm that seamlessly supports both

source-accessible and source-free settings.

5.4 Experiments and Results

5.4.1 Datasets

We conducted comprehensive experiments on two public datasets across the source-

accessible and source-free settings to evaluate the accuracy, robustness, and interpretability

of the proposed framework. The datasets encompass a wide spectrum of imaging character-

istics, including various organs, modalities, protocols, pathologies, and populations.

MS-CMRSeg

The MS-CMRSeg 2019 challenge [192] provides cardiac MRI scans in three sequences,

bSSFP, LGE and T2, acquired from 45 patients. Ground-truth segmentations are available

for the left ventricle (LV), right ventricle (RV), and myocardium (Myo). We designated 35

bSSFP subjects as the source domain and 45 LGE subjects as the target domain, where

5 LGE subjects are used for validation and model selection, and the remaining 40 LGE

subjects are used for final testing. During training, images from all 45 LGE subjects are

used without accessing any target-domain labels. To simulate an unpaired scenario, the 2D

slices were randomly shuffled after the subject-wise split has been fixed. The protocol above

is identical to that used in prior studies [172, 40]. All images were resampled to an in-plane

resolution of 0.76 mm, cropped to 192× 192 pixels to standardize the field of view, and min-

max normalized. The major challenges of this dataset include 1) limited number of training

slices, and 2) considerable domain shifts due to complex intensity patterns, imaging noise,

artifacts, weak contrasts across substructures, and shape deformation induced by pathology

(e.g., scarring).
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Table 5.1: Batch sizes and loss weights for training our model.

Dataset Setting (Stage) Batch Size λ1–λ5

MS-CMRSeg
Source Access. 55 1,15,65,0.5,1
Source Free (1) 100 1,15,65,2,1
Source Free (2) 70 0,15,65,0,0

AMOS22
Source Access. 45 20,15,25,1e-4,10
Source Free (1) 80 20,15,25,1e-4,10
Source Free (2) 60 0,15,25,0,0

AMOS22

The AMOS 2022 challenge [81] provides a multi-center collection of unpaired abdominal

CT and MRI scans, encompassing multiple diseases and imaging protocols. In this study,

we focused on segmenting four key organs: liver, spleen, left kidney (LK), and right kidney

(RK). Following previous works [32], we selected 25 MRI scans as the source domain and 35

CT scans as the target domain. The CT data were further split into 25 scans for training,

5 for validation, and 5 for testing, with all splits being subject-wise disjoint. To ensure

consistency across samples, axial slices were extracted from the 3D volumes, resampled to

a uniform spacing of 1.5 mm, and cropped to a consistent field of view centered on the

organs of interest. Pixel values were clipped to [0, 250] for CT and the 0–99.5 percentile

range for MRI, and then min-max normalized. The major challenges of this dataset include

large structural differences across images and domain shifts due to multi-modality, noise and

artifacts.

5.4.2 Experimental Setups

Implementation Details

We set the number of hierarchical levels to L = 5 with Λ = {1, 3, 5}, and the number of

basis distributionsM to be 6 and 10 for the MS-CMRSeg and AMOS22 datasets, respectively.

The content encoder used an attention U-Net [115], with the outputs from attention layers
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serving as multi-scale content features cl of the input image. The style encoder is a Conv-

LeakyReLU-AvgPool-Linear sequence, producing a 128-dimensional style code s. While the

reconstruction and segmentation decoders do not share parameters, they both adopted the

U-Net decoding structure that takes multi-scale feature maps as input. The reconstruction

decoder also incorporated adaptive instance normalization [76] to modulate the output using

the style code. Each CNN in the registration module comprised four Conv-Norm-LeakyReLU

sequences followed by a 1×1 Conv. The model was trained using the AdamW optimizer [98]

(learning rate: 10−3, weight decay: 10−4). The batch size and loss weights are presented in

Tab. 5.1. Experiments were conducted using PyTorch [118] on an NVIDIA RTX 4090 GPU.

Compared Methods and Evaluation Metrics

To demonstrate the superiority of our unified framework in both source-accessible and

source-free adaptation, we compared it against state-of-the-art methods specifically designed

for each respective setting. The baselines cover a variety of strategies, such as adversar-

ial learning, variational inference, pseudo labels, image translation, distillation, contrastive

learning, etc. Additionally, a source-trained attention U-Net (Att-UNet) was directly tested

on the target domain, serving as a baseline without adaptation (w/o Adapt.). All methods

were trained using the same data preprocessing pipeline to ensure a fair comparison. Eval-

uation metrics include Dice Similarity Coefficient (DSC) and Average Symmetric Surface

Distance (ASSD).

5.4.3 Comparison with State-of-the-Art Methods

Tabs. 5.2 and 5.3 report quantitative results compared with state-of-the-art methods

developed specifically for each respective setting. Notably, our approach adopts a unified

architecture under both settings, with the only difference being that, in the source-free case,

the loss terms are split into two groups and applied in separate stages. Moreover, our

method’s adaptability emerges purely from the framework design, while all baseline methods

heavily rely on explicit alignment objectives, such as feature matching or pseudo-labeling.



106

Table 5.2: Comparison on the MS-CMRSeg dataset with state-of-the-art methods. #Adapt
denotes the number of adaptation strategies. In each setting, best results are marked in
bold, and * indicates p < 0.05 (paired t-test) compared with Ours.

Setting Method #Adapt
DSC (%) ↑ ASSD (mm) ↓

Average Myo LV RV Average Myo LV RV

w/o
Adapt. Att-UNet [115] 0 54.2±10.2 48.3±10.3 70.7±12.6 43.5±13.2 9.52±2.32 7.16±2.26 8.07±3.43 13.3±3.50

Source
Access.

ADVENT [161] 3 69.7±17.1∗ 58.1±17.2 77.8±17.2 73.3±19.7 3.75±3.38∗ 4.05±7.12 4.01±3.56 3.19±2.06
VarDA [172] 1 79.8±9.35∗ 73.0±8.32 88.1±4.83 78.5±14.9 2.60±1.33∗ 1.73±0.56 2.55±1.18 3.51±2.24

DARUNet [179] 7 82.0±6.78∗ 75.0±9.47 88.4±5.41 82.7±9.17 2.26±1.05∗ 1.64±0.71 2.15±1.17 2.99±1.97
MAPSeg [187] 3 64.3±17.2∗ 51.4±15.0 78.0±17.2 63.6±22.0 5.17±4.76∗ 3.88±3.93 5.56±6.28 6.08±4.79
VAMCEI [40] 3 82.5±5.39∗ 75.8±6.64 88.2±5.27 83.6±8.45 1.93±0.89∗ 1.54±0.70 2.01±1.03 2.25±1.50

Source
Free

Tent [163] 1 59.9±15.6∗ 56.0±12.7 67.2±17.7 56.4±21.3 9.58±3.20∗ 6.62±2.48 12.7±5.50 9.43±3.86
FSM [177] 5 67.8±15.0∗ 61.0±13.8 77.4±14.1 65.2±22.5 4.49±2.12∗ 3.35±1.87 4.54±2.75 5.57±3.54
AdaMI [16] 2 71.6±8.06∗ 68.7±9.90 84.9±6.38 61.0±11.3 5.56±1.79∗ 2.63±1.20 4.71±2.82 9.33±3.31
UPL [173] 2 67.8±10.4∗ 58.4±14.0 82.3±8.68 62.6±17.7 6.13±2.68∗ 4.39±2.02 4.27±2.69 9.75±6.58

ProtoContra [182] 3 72.5±12.1∗ 64.8±11.3 82.5±11.5 70.3±17.6 4.07±1.99∗ 2.69±1.38 3.70±2.35 5.81±3.76

Source
Access. Ours 0 84.1±5.35 78.5±5.16 90.0±4.28 83.9±8.64 1.72±0.80 1.27±0.44 1.64±0.79 2.26±1.53
Source
Free Ours 0 83.1±5.55 77.0±5.80 89.5±4.60 82.7±8.56 1.88±0.77 1.38±0.48 1.78±0.87 2.49±1.42

Across both datasets and settings, our method achieves the best performance in av-

erage DSC and ASSD and consistently outperforms prior approaches. The superiority is

particularly pronounced under the source-free setting, where our method not only outper-

forms existing approaches by substantial margins across all evaluation metrics, but also

narrows the long-standing performance gap with source-accessible models. Particularly on

the MS-CMRSeg dataset, our model in the source-free setting even outperforms the best

source-accessible baseline. On the AMOS22 dataset, the Att-UNet without adaptation pro-

duces a very poor performance, indicating severe domain shift. Many source-free baselines

fail because their adaptation strategies heavily rely on the initial predictions of the source-

trained models, which are severely degraded. In contrast, the source-free variant of our

method maintains a strong performance approaching that of the source-accessible counter-

part. We attribute this improvement to our framework’s ability to retain a semantically

structured shape memory through learnable latent bases, leading to stronger generalizability

and adaptability, even without persistent source supervision.
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Table 5.3: Comparison on the AMOS22 dataset with state-of-the-art methods. In each
setting, best results are marked in bold, and * indicates p < 0.05 (paired t-test) compared
with Ours.
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Figure 5.3: Qualitative comparison of our method and the baselines that achieve best overall
performance (VAMCEI/ProtoContra for the source-accessible/source-free settings). Yellow
arrows indicate inferior results.

Qualitative comparisons in Fig. 5.3 further highlight the strength of our approach. For

challenging cases with poor image quality, low contrast, or imaging artifacts, even the best

baselines produce physiologically invalid segmentations with fragmented shapes, particularly

in the source-free setting. Our method effectively mitigates this issue in both settings, with

predictions that preserve coherent topological structure. This robustness stems from the

clear disentanglement of canonical anatomy and spatial deformation, which together ensure

geometrically smooth and anatomically plausible predictions, even when pixel intensities are

unreliable.

In summary, despite using a single model design, our method consistently outperforms

all competing approaches, demonstrating superior generalizability, stability, and adaptability
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Figure 5.4: Disentanglement of canonical anatomy and geometry by our model. We visualize
the templates z by decoding them into intermediate segmentations ŷ ◦ ϕ and reconstructions
x̂ ◦ ϕ using the segmentation and reconstruction decoders. We also show the corresponding
deformations ϕ−1, as well as the final segmentations ŷ and reconstructions x̂ obtained after
warping by ϕ−1.

across multiple datasets and settings.

5.4.4 Interpretability of Latent Manifold

While latent representations often contain entangled structures in conventional UDA

studies, our model explicitly disentangles anatomical structure and individual-specific geom-

etry through a low-dimensional and semantically organized latent manifold. In this section,

we present a series of visualizations to illustrate the interpretability, generalizability, robust-

ness and domain consistency of the proposed framework.
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Figure 5.5: Inter-image traversal on the MS-CMRSeg dataset. Each row denotes the decoded
segmentations corresponding to an interpolation Tα(w,w′) between the composition weights
w,w′ extracted from two images x,x′. “Target” and “Source” indicates the image domains.

Disentanglement of Canonical Anatomy and Geometry

Fig. 5.4 visualizes the disentanglement of canonical anatomy and individual-specific geom-

etry for representative images. The results indicate that the templates z accurately capture

the underlying anatomy topology and are semantically coherent across domains, illustrating

that the learned latent manifold encodes domain-invariant structural priors. The defor-

mations further adapt these templates to capture geometric variations, such as thickening,

asymmetry, or tissue movement. This decoupling leads to both strong generalizability and

anatomically plausible predictions.

Traversal of the Latent Composition Space

To investigate the semantic structure of the latent manifold, we perform two types of

traversals over the composition weightsw via an interpolation operator T , which manipulates

the template z. To respect the Riemannian geometry of the simplex∆ endowed by the Fisher-

Rao metric, T proceeds along the geodesics on the positive orthant SM−1
+ of a unit sphere, i.e.,

Tα(w,w′) := ([ sin((1−α)θ)
sin θ

√
wi +

sin(αθ)
sin θ

√
w′

i]
2)Mi=1, where α ∈ [0, 1], θ = arccos

(∑M
i=1

√
wiw′

i

)
.

Inter-Image Traversal: Given two images with distinct anatomical characteristics, we

interpolate between their corresponding composition weights to generate z = {µl}Ll=1 through
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Figure 5.6: Inter-basis traversal on the MS-CMRSeg dataset. Each row denotes the decoded
segmentations corresponding to an interpolation Tα(ei, ej) between a pair of one-hot com-
position weights ei, ej. All topological patterns observed in the displayed segmentations are
anatomically valid, as some ground-truth labels in the dataset exhibit the same structures.

Eq. (5.5) and decode them into segmentations. As shown in Fig. 5.5, the resulting templates

transition smoothly and plausibly, reflecting a continuous shape morphing. This confirms

that the latent space captures semantically meaningful variations. Notably, interpolation

between source and target-domain samples yields similarly coherent transitions, underscoring

domain-invariance of the learned manifold.

Inter-Basis Traversal: We further explore the semantic content encoded in the basis

distributions. Specifically, we construct two one-hot vectors ei, ej ∈ RM , i.e., the composition

weights that select only the base distributions {qi(zl)}l, {qj(zl)}l, respectively, and interpolate

between them as Tα(ei, ej), which are decoded into segmentations (Fig. 5.6), similar to inter-

image traversal. The results reveal smooth transitions, indicating that the learned bases form

a diverse set of morphological primitives, which can be meaningfully blended via simplex-

weighted mixture. In addition to interpretability, this traversal offers a diagnostic tool: if

interpolations involving certain bases yield incoherent shapes or lack variability, those bases

may be underutilized or redundant. We observe that the loss Lusage for basis usage plays a

key role in maintaining basis diversity and preventing mode collapse.

Together, these two forms of traversal demonstrate that our model learns an anatom-

ical plausible and geometrically smooth latent space. The ability to maintain structural



112

Ours (Source Accessible) Ours (Source Free)

Figure 5.7: t-SNE results by our method on the MS-CMRSeg dataset in the source-accessible
and source-free settings. The projection maps 6D composition weights to a 2D space.

coherence when moving continuously through this space enables both emergent adaptabil-

ity and interpretation of the latent anatomy, as well as potential applications such as data

augmentation, anomaly characterization, and interactive editing.

Cross-Domain Alignment

To visualize how our approach harmonizes the latent spaces of source and target domains,

we project the predicted composition vectors w from the two domains onto a 2D space using

t-SNE [158]. Notably, since w are low-dimensional (6D for the MS-CMRSeg dataset), t-SNE

introduces minimal information loss. Fig. 5.7 shows the results in both settings, where the

source and target samples are well aligned and form overlapping clusters. This demonstrates

that our approach effectively achieves domain alignment. To the best of our knowledge,

this is the first work that harmonizes source and target representations without explicit

cross-domain alignment objectives in both source-accessible and source-free settings.

5.4.5 Ablation Studies

We conduct comprehensive ablation studies to assess the effectiveness and necessity of

each component in our framework.
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Table 5.4: Quantitative comparison of segmentation and reconstruction performance between
our disentanglment architecture and a direct-decoding baseline on the source domain of the
two datasets. ASSD is reported in millimeters (mm), and PSNR is reported in decibels (dB).

Dataset Model
Segmentation Reconstruction

DSC (%) ↑ ASSD ↓ PSNR ↑ SSIM ↑

MS-CMRSeg Direct-Dec 92.4±1.08 0.41±0.13 35.4±4.08 0.982±0.007
Ours-Sup 92.7±0.99 0.38±0.17 20.6±1.13 0.611±0.026

AMOS22 Direct-Dec 94.7±2.13 1.17±0.39 36.8±0.65 0.966±0.019
Ours-Sup 94.5±1.21 1.44±0.14 21.1±0.85 0.737±0.034

Pixel-Wise Expressiveness for Dense Prediction

This ablation evaluates whether the proposed canonical-deformation factorization limits

pixel-wise spatial prediction. To this end, we compare two models under a fully supervised

setting: (i) Ours-Supervised, which uses our full architecture to model image structure;

and (ii) Direct-Decoding, where segmentation and reconstruction are predicted directly from

dense image features using two decoders attached to the same encoder. Both models use the

same encoder and decoder backbones and are trained with the same segmentation and recon-

struction losses. As shown in Tab. 5.4, our model achieves segmentation accuracy comparable

to direct decoding on both datasets, including the more complex multi-organ scenario. This

result indicates that relying on a low-dimensional blending vector and deformation-based

warping does not impose a spatial-bandwidth bottleneck for pixel-wise segmentation, nor

increase learning difficulty in practice. Moreover, maintaining segmentation accuracy while

sharing the bases across reconstruction, segmentation, and deformation prediction suggests

that the global bases are not overburdened by multi-task usage, but instead capture an

anatomical substrate that is jointly useful across tasks. While direct decoding attains higher

reconstruction fidelity, this difference is expected due to its unconstrained use of dense fea-

tures and does not contradict the strong segmentation accuracy achieved by our method.
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Table 5.5: Ablation studies on MS-CMRSeg by setting corresponding loss weights to 0 (for
w/o L̃tem) or a large value (for w/o ϕ).

Method DSC (%) ↑ ASSD (mm) ↓ Epochs to
Converge

w/o ϕ 58.4±7.59 5.88±1.07 24
w/o L̃tem 82.1±6.02 1.96±0.78 2018
Proposed 84.1±5.35 1.72±0.80 2067

Anatomical Disentanglement

This ablation evaluates the effectiveness of disentangling anatomy and geometry by eval-

uating segmentation performance without spatial transformation. Specifically, by setting

the loss weight λ3 to a large constant, the inferred deformation field collapses to identity. As

a result, segmentation is directly decoded from the canonical anatomical template without

warping. As shown in Tab. 5.5 row 2, removing deformation leads to a noticeable drop in

segmentation accuracy. This confirms that modeling image-specific geometric variations is

critical for adapting canonical shape priors to individual anatomy, and the disentanglement

of anatomy and geometry leads to greatly improved accuracy, which aligns with human

visual recognition.

Effect of Structural and Usage Regularizers

This ablation analyzes the effects of Lstruct and Lusage. As these regularizers are employed

in both source-accessible and source-free settings, we conduct the analysis under the source-

free setting, where the two-stage training procedure enables a more comprehensive, stage-wise

examination of their roles.

Experimental Design In Stage-1 (source-supervised training), we consider four model

variants, denoted as S1–S4, corresponding to all combinations of enabling or disabling Lstruct

and Lusage. Specifically, S1 uses neither regularizer, S2 uses Lstruct only, S3 uses Lusage only,

and S4 uses both regularizers. This 2 × 2 design allows us to isolate the individual and
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combined effects of the two regularizers on the learned latent representation. In Stage-2

(target-only adaptation), Lstruct is disabled by design due to the absence of target-domain

labels, and thus we compare two variants (both initialized from the full Stage-1 configuration

S4): T1, where Lusage is removed, and T2 (ours), where Lusage is retained. This comparison

isolates the marginal effect of Lusage during unsupervised adaptation under a fixed latent

manifold.

Evaluation Metrics To quantitatively characterize how Lstruct and Lusage affect the learned

latent variables, we report both segmentation accuracy and a set of diagnostic metrics:

• Basis utilization. Let {wi ∈ ∆M−1}Ni=1 denote the blending vectors predicted for a

dataset of N images. We define the dataset-level basis usage rate as w = 1
N

∑N
i=1 wi,

where the m-th element wm represents the average usage of the m-th basis. To

measure how evenly the bases are utilized, we compute the usage entropy H(w) =

−
∑M

m=1 wm logwm, and the number of effective basesNeff = exp
(
H(w)

)
, which reaches

its maximum value M when all bases are used uniformly.

• Simplex geometry. To quantify how broadly the blending vectors occupy the sim-

plex ∆M−1, we define a dispersion metric based on the generalized variance. Since

∆M−1 lies in a (M − 1)-dimensional affine subspace of RM , we first center the samples

by w̃i = wi − w and project them onto the intrinsic subspace {u ∈ RM : 1⊤u = 0}

using a fixed orthonormal basis U ∈ RM×(M−1). The empirical covariance is com-

puted as Σ = 1
N−1

∑N
i=1(U

⊤w̃i)(U
⊤w̃i)

⊤, and the dispersion is then measured by

Q = log det(Σ + ϵI), with ϵ = 10−6 for numerical stability. Larger values of Q in-

dicate a more dispersed distribution of blending vectors on the simplex.

• Structural consistency. We also compute the Spearman rank correlation rs be-

tween blending vector distances DFR [wi ∥ wj] and canonical segmentation dissimilar-

ities 1−DSC
(
yi ◦ϕi, yj ◦ϕj

)
over all sample pairs (i, j). A high value of rs indicates

that variations in w consistently induce corresponding changes in the segmentation

outcomes.
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Figure 5.8: Stage-1 training dynamics and latent-space quality on the source domain un-
der different regularizer configurations, including evolution of (a) usage entropy H(w), (b)
number of effective bases Neff , (c) dispersion metric Q, (d) structural consistency rs, and
(e) segmentation Dice during source-domain supervised training. All curves share the same
training timeline.

Results Fig. 5.8 summarizes the Stage-1 training dynamics under different regularizer

configurations (S1–S4). Without Lusage, basis utilization remains highly uneven throughout

training, with persistently low usage entropy and Neff (S1, S2). Enabling Lusage substantially

increases both metrics (S3, S4), indicating broader and more stable basis participation. In

contrast, Lstruct primarily affects the geometric organization of the latent space: settings
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Figure 5.9: Stage-2 adaptation dynamics on the target domain, including evolution of basis-
utilization metrics, simplex-geometry metrics, and target-domain segmentation Dice during
unsupervised adaptation, comparing models without (T1) and with (T2) the usage regular-
izer. The latent simplex learned in stage 1 is kept fixed.

with Lstruct (S2, S4) exhibit markedly higher dispersion Q, when compared with variants

under the same usage-regularizer setting, as well as stronger structural consistency rs. The

full model (S4) consistently achieves the highest values across all metrics, corresponding to

faster convergence and higher segmentation accuracy. Fig. 5.9 shows the Stage-2 adaptation

dynamics on the target domain. When Lusage is removed during adaptation (T1), basis

utilization exhibits an abrupt drop, accompanied by a collapse in dispersion Q and a decrease

in rs. This degradation coincides with unstable target-domain Dice. In contrast, retaining

Lusage (T2) preserves balanced basis utilization and stable simplex geometry, leading to

smooth and monotonic improvement in segmentation performance. These results indicate

that while the latent manifold is fixed during Stage-2, the usage regularizer plays a critical
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Figure 5.10: Sensitivity analysis with respect to the number of bases M . Segmentation
performance is evaluated using DSC (left column) and ASSD (right column, in mm) on MS-
CMRSeg (top row) and AMOS22 (bottom row).

role in stabilizing how target-domain samples populate and exploit the learned simplex.

Robustness to the Number of Bases

This ablation examines the effect of the number of bases M by sweeping M from 3 to

12 on the two datasets, while keeping all other training and evaluation settings fixed. As

shown in Fig. 5.10, performance remains consistently strong over a wide range of M values on

both datasets, forming a broad performance plateau. Importantly, neither dataset exhibits

a preference for a narrowly tuned M . For the more anatomically complex AMOS22 dataset,

slightly increased sensitivity is observed only at very small M , while performance quickly

stabilizes as M increases. Overall, these results demonstrate that our method is robust to

the choice of M . A moderately sized basis set is sufficient in practice, without requiring

detailed tuning.

Effect of Stage-2 in the Source-Free Setting

This ablation investigates the contribution of Stage-2 target-only adaptation beyond

Stage-1 source-supervised training in the source-free setting. While Stage-1 learns seman-
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Table 5.6: Target-domain segmentation and reconstruction performance of our model on
the MS-CMRSeg dataset after Stage-1 training and after Stage-2 target-only adaptation.
Stage-1 refers to supervised training on the source domain, and Stage-2 refers to subsequent
adaptation using unlabeled target data. ∆ denotes the performance change from Stage-1 to
Stage-2.

Training Stage
Segmentation Reconstruction

DSC (%) ↑ ASSD (mm) ↓ PSNR (dB) ↑ SSIM ↑

Stage 1 74.0±10.3 3.16±1.43 17.9±0.83 0.420±0.045
Stage 2 83.1±5.55 1.88±0.77 21.8±1.21 0.514±0.063

∆ +9.1 −1.28 +3.9 +0.094

Table 5.7: Target-domain segmentation and reconstruction performance of our model on the
AMOS22 dataset after Stage-1 training and Stage-2 target-only adaptation.

Training Stage
Segmentation Reconstruction

DSC (%) ↑ ASSD (mm) ↓ PSNR (dB) ↑ SSIM ↑

Stage 1 48.9±17.7 20.8±7.94 12.5±1.13 0.303±0.050
Stage 2 87.0±3.27 3.28±1.30 17.5±0.27 0.570±0.044

∆ +38.1 −17.52 +5.0 +0.267

tic anatomical representations under source supervision, Stage-2 recalibrates appearance-

sensitive mappings to align unlabeled target images with the learned semantic manifold.

As shown in Tabs. 5.6 and 5.7, directly applying the Stage-1 model to the target domain

leads to substantial performance degradation, while Stage-2 yields consistent and non-trivial

improvements across both datasets. The paired visualizations in Fig. 5.11 further show

that Stage-2 systematically corrects appearance-induced reconstruction biases and stabilizes

anatomical structures, which in turn leads to improved segmentation accuracy. These re-

sults demonstrate that Stage-2 is not a minor fine-tuning step, but plays a critical role in

recalibrating target-domain image–manifold mappings under unlabeled data.

Sensitivity to Source Pretraining Quality in the Source-Free Setting

This ablation analyzes the sensitivity of the proposed source-free adaptation framework
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Figure 5.11: Qualitative comparison of model outputs on representative target-domain cases
after Stage-1 and Stage-2 training.

to the quality of source pretraining by performing a checkpoint sweep on the source-domain

training stage. Because the latent bases and segmentation decoder are fixed during Stage-2,

source pretraining quality defines the semantic prior available for adaptation. Specifically, we

early-stop source training at different validation Dice levels, obtaining a series of pretrained

models spanning from under-trained to near-optimal initializations. Each checkpoint is then

used to initialize Stage-2 target-only adaptation under identical settings.

Fig. 5.12 plots the target-domain Dice after adaptation as a function of the source-domain

Dice achieved at the end of Stage-1. As expected, target performance depends on the reliabil-

ity of source pretraining, since it provides the only semantic prior in the source-free setting.

However, the empirical trend exhibits a much weaker dependence than the theoretical upper

bound y = x, indicating that target performance degrades gracefully as source pretraining
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Figure 5.12: Sensitivity of source-free adaptation performance to the quality of source pre-
training on MS-CMRSeg. Target-domain Dice after Stage-2 adaptation is shown as a func-
tion of the source-domain Dice achieved at the end of Stage-1. Each point corresponds to
a pretrained checkpoint selected via early stopping. The dashed line y = x indicates the
theoretical upper bound.

quality decreases. We also observe three qualitative regimes: (i) under-trained source mod-

els lead to limited adaptation gains, (ii) once a moderate source performance threshold is

reached, target adaptation becomes effective and stable, and (iii) further improvements in

source Dice yield diminishing returns on the target domain. These results suggest that while

source pretraining quality is necessary, the proposed framework operates robustly across a

broad range of source initialization quality.

For reference, we also report the performance of the strongest baseline (ProtoContra)

evaluated using its best-performing source-domain checkpoint. Despite this favorable initial-

ization, the baseline remains clearly below the proposed method across the sensitivity range,

including cases where our model is initialized from substantially weaker source checkpoints.

This observation indicates that the superior target-domain performance of the proposed

framework cannot be attributed solely to stronger source pretraining, but instead arises

from its architectural design for source-free adaptation.
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Table 5.8: Quantitative effect of removing the reconstruction loss Lrecon in the source-
accessible setting.

Dataset Lrecon Dice (%) ↑ ASSD (mm) ↓

MS-CMRSeg ✓ 84.1±5.35 1.72±0.80
– 63.8±8.43 4.92±1.25

AMOS22 ✓ 89.7±1.30 3.03±1.12
– 42.0±11.0 19.9±6.13

Table 5.9: Quantitative effect of hierarchical warping scales on MS-CMRSeg. Different
configurations correspond to using a subset Λ of multi-scale warping levels.

Warping Scales Λ DSC (%) ↑ ASSD (mm) ↓
Single-scale ({5}) 77.9±6.39 2.59±0.87
Reduced-scale ({3, 5}) 82.8±4.53 1.90±0.69
Ours ({1, 3, 5}) 84.1±5.35 1.72±0.80

Effect of the Reconstruction Loss

This ablation evaluates the contribution of the reconstruction loss Lrecon by removing

it from the training objective under the source-accessible setting, while keeping all other

components and hyperparameters unchanged. As shown in Tab. 5.8, removing Lrecon leads

to a substantial degradation in segmentation accuracy on both datasets. This behavior is

consistent across datasets with different anatomical scope and imaging characteristics. These

results indicate that the reconstruction pathway is essential for effective adaptation. Indeed,

it provides the only image-based supervision that anchors the latent manifold to the observed

target images, and is also a necessary component implied by the generative formulation as

the observational likelihood.

Effect of Hierarchical Decomposition of Anatomical Structure

This ablation studies the effect of hierarchical anatomical priors by varying the set of

canonical-space warping scales used in the model. In our formulation, anatomical bases are
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defined across a fixed levels {1, . . . , L} of network resolutions, while hierarchical composition

is controlled by selecting a subset Λ of these resolutions at which deformation is applied,

as detailed in Eq. (5.3). This subset governs how anatomical variation is distributed across

spatial scales.

We compare three variants: Λ = {5} (single full-resolution scale), {3, 5} (reduced-scale),

and {1, 3, 5} (ours). All variants share the same backbone, latent bases, and training protocol.

As summarized in Tab. 5.9, segmentation performance improves consistently as additional

warping scales are incorporated. These results indicate that hierarchical anatomical priors,

realized through multi-scale warping, play an important role in capturing structural vari-

ability. In principle, using a larger set of scales (e.g., Λ = {1, . . . , 5}) could further increase

modeling capacity. Accordingly, we adopt Λ = {1, 3, 5} as a practical trade-off between

representational expressiveness and computational cost.

Effect of the Template Loss

This ablation evaluates the effect of L̃tem. As shown in Tab. 5.5 row 3, removing the KL

L̃tem over basis distributions causes the bases to drift independently, weakening segmenta-

tion performance. This highlights the value of basis regularization in preserving a coherent

manipulation of the template z through w for effective adaptation.

5.5 Limitations and Future Directions

Despite the strong empirical performance of the proposed framework, several limitations

warrant discussion.

2.5D/3D Extensions

Our method is in 2D, as the considered datasets exhibit substantial through-plane anisotropy.

Under these conditions, enforcing a 3D or 2.5D architecture may introduce inappropriate in-

ductive bias. Moreover, extending the method to 3D dramatically increases requirements

on memory, training time, and annotated data to ensure stable optimization. Nevertheless,
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the method remains straightforward to extend to 2.5D or 3D variants in implementation,

such as slice-stacked encoders or volumetric canonical spaces with 3D deformations, when

sufficiently isotropic data are available.

Cross-slice Consistency

The current framework processes slices independently, which may lead to through-plane

inconsistencies in volumetric reconstructions. This limitation is partially mitigated by the

large inter-slice spacing of the datasets, where anatomical correspondence between adjacent

slices is inherently weak. Improving cross-slice coherence remains an important direction

for future work. Given the explicit modeling of anatomical structure, natural extensions

include enforcing smooth trajectories of latent anatomical codes along the slice direction or

encouraging consistency in the canonical shape space across adjacent slices.

Computational Considerations

Our framework introduces additional computational and memory costs beyond standard

encoder–decoder segmentation networks, primarily due to the anatomical bases, registration

module, and multi-scale warping. This overhead is configurable through the number of

bases and warping scales, allowing a flexible trade-off between accuracy and efficiency. At

the same time, our method avoids computationally intensive objectives such as adversarial

training or explicit cross-domain feature alignment, and remains practical under typical GPU

constraints. Further efficiency gains may be achieved through basis pruning or distillation

of the learned anatomical representations.

Modeling Assumptions of the Semantic Manifold

Our work models the bases using Gaussians to ensure stable optimization and tractable

inference, which may limit expressiveness for complex anatomical variability. Exploring

richer formulations, such as mixture-based priors or normalizing flows, is a natural direction

for future work, albeit with increased challenges in identifiability, regularization, and op-

timization. Moreover, we adopt a simple weighted log-linear aggregation to compose bases



125

conditioned on the blending vectorw, which may limit expressiveness in highly heterogeneous

anatomical settings. More expressive aggregation mechanisms, such as cross-attention, can

be integrated easily, at the cost of additional computational and optimization complexity.

Dataset Bias

As with most publicly available benchmark datasets, the evaluated datasets may exhibit

inherent biases related to cohort composition, acquisition protocols, distribution of anatomi-

cal variability, and annotation conventions, which implicitly introduce data and label noise.

Our evaluation follows standard benchmark protocols without introducing additional selec-

tion criteria or noise-specific assumptions, and thus reflects model behavior under naturally

occurring, non-ideal conditions, enabling fair comparison with prior work. Nevertheless, the

disease spectrum and demographic diversity of these datasets may not fully reflect real-world

clinical populations, and validation on larger and more diverse cohorts remains an important

direction for future work.

Extensions Beyond the Evaluated Setting

Although we focus on unsupervised adaptation, our method is not tied to a specific su-

pervision pattern, as it performs generative modeling at the level of individual images: each

image contributes to learning through reconstruction, while segmentation supervision, when

available, is incorporated as an additional objective. As a result, the framework naturally

generalizes to more general settings, including multi-source and partially annotated datasets,

where labeled and unlabeled images can be jointly incorporated into training. A systematic

evaluation of these extensions is left as future work. Moreover, our framework is evaluated

on pixel-wise segmentation of structural medical images, where anatomical shape can be

meaningfully modeled. While the current instantiation focuses on MRI and CT segmenta-

tion, the underlying principle of decomposing images into shared semantic knowledge and

subject-specific variations is not tied to a specific modality or task. Extending the frame-

work to other modalities (e.g., PET or ultrasound) or to tasks like detection or classification

would require specific observation models and supervision schemes, and is left as a promising
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direction for future work.

5.6 Conclusion

We have proposed a unified and semantically grounded framework for unsupervised do-

main adaptation in medical image segmentation, which seamlessly supports both source-

accessible and source-free scenarios. Our method explicitly disentangles canonical anatomy

and individual-specific geometry through a shared latent manifold within a theoretically

grounded Bayesian framework. By leveraging a structured composition of learnable anatom-

ical bases, our method enables explainable and emergent domain adaptation indirectly via

a structured, shared semantic space, without relying on explicit cross-domain alignment

strategies. Extensive experiments on public multi-organ and multi-modality benchmarks

demonstrate state-of-the-art performance of our model, particularly in the highly challenging

source-free setting, with strong generalization and robustness under various domain shifts.

Beyond segmentation accuracy, we illustrate the strong interpretability of our framework by

visualizing the disentanglement, manifold traversal, and domain alignment results.

5.7 Chapter Takeaway

This chapter addressed unsupervised domain adaptation for medical image segmentation

in a correspondence-free regime. The setting is defined by a labeled source domain and

an unlabeled target domain that share a task but differ in acquisition environment and

appearance, with no paired samples and no reliable notion of cross-image alignment. In this

regime, heterogeneity is compounded: appearance variability is coupled with substantial

sample-to-sample anatomical diversity and coverage differences, so adaptation cannot be

grounded in registration-based correspondence.

The main methodological takeaway is that adaptation can be induced by explicit anatom-

ical organization. By learning a probabilistic anatomical manifold as a global repository of

canonical structures and by decomposing each observation into a selected canonical prototype
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together with image-specific variation, the model ties prediction to task-relevant generative

content and suppresses acquisition-dependent shortcuts. This yields architecture-emergent

adaptation: transfer arises from the model’s latent organization and inference procedure,

without requiring an explicit alignment loss. The same latent formulation further supports

a unified procedure across different source-data access assumptions, enabling both source-

accessible and source-free adaptation within a single model family.

Relative to the previous projects, this chapter completes the escalation of representational

requirements. Chapter 3 stabilized supervised segmentation under intensity-level appear-

ance variability by constraining representational complexity. Chapter 4 enforced identifiable

separation of common anatomy and geometry when correspondence exists but must be in-

ferred. Here, correspondence itself is unavailable, so invariants must be preserved through

global canonicalization: the model must maintain task-relevant structure across domains

without relying on direct sample-level coupling. This establishes the thesis conclusion that

interpretable, identifiable latent organization is a practical mechanism for robustness and

performance under increasing heterogeneity.
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Chapter 6

CONCLUSION

6.1 Summary of thesis

This dissertation studied medical image learning under progressively increasing hetero-

geneity through the lens of identifiable latent organization. The central claim developed

in Chapter 1 is that performance degradation under compounded heterogeneity reflects a

representational limitation: when task-relevant generative properties and observational vari-

ability are not explicitly and identifiably separated, models can exploit unstable observational

cues as surrogates, leading to fragile generalization. Chapter 2 established Bayesian repre-

sentation learning as a unifying technical framework for addressing this issue, emphasizing

that semantic stability is governed by the coupling between generative specification and in-

ference, and summarizing reusable design primitives, including priors, likelihood structure,

variational assumptions, and objective shaping, that promote identifiability without com-

mitting to task-specific latent semantics.

The three projects then instantiated this thesis-wide requirement in increasingly demand-

ing regimes. Chapter 3 addressed supervised MRI-based intracranial arterial calcification

segmentation under intensity-level appearance heterogeneity. Although the setup follows a

conventional supervised paradigm, calcification in MRI is often dark and weakly expressed,

so segmentation depends on fragile contextual cues that are easily perturbed by scanner-

and protocol-dependent appearance variation. By introducing a variational Bayesian formu-

lation and restricting representational complexity, the method encouraged stable allocation

of explanatory responsibility to task-relevant content rather than to acquisition-dependent

appearance fluctuations, improving both robustness and performance.
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Chapter 4 escalated the heterogeneity regime to multimodal and geometrically misaligned

inputs in an unsupervised groupwise registration setting. Here, correspondence must be

inferred, yet intensity similarity is unreliable across modalities. The proposed hierarchical

Bayesian formulation disentangled common anatomy from image-specific geometry, enabling

similarity to be evaluated in an intrinsic representation space while transformations were in-

ferred jointly. This explicit separation promoted identifiable roles for latent components and

yielded stable registration behavior under compounded modality and geometric variability.

Chapter 5 further removed the availability of reliable sample-level correspondence by

studying unsupervised domain adaptation for segmentation. With a labeled source domain

and an unlabeled target domain, adaptation must proceed from unpaired data under ap-

pearance shifts and substantial anatomical diversity. The proposed probabilistic manifold

framework introduced global canonicalization via a structured latent organization in which

each observation is explained through a selected canonical prototype and image-specific varia-

tion. This induced architecture-emergent adaptation: transfer arose from the model’s latent

organization rather than from an explicit alignment loss, and a unified procedure applied

across different assumptions about source-data accessibility.

Taken together, these projects support the broader conclusion of the dissertation: in-

terpretable robustness under heterogeneity is achieved by making latent roles identifiable.

As heterogeneity escalates from within-contrast appearance variation, to multimodal obser-

vation differences coupled with registration-compatible geometric variation, and finally to

correspondence-free domain shifts, the representational requirements become progressively

stronger. Empirical compensation through data scale, generic regularization, or increasingly

elaborate objective engineering is often insufficient to guarantee stability. Instead, robust

performance emerges when models are designed with explicit latent organization and in-

ference mechanisms that preserve task-relevant invariants while suppressing observational

variability.
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6.2 Limitations and Future Directions

Several limitations and future directions follow naturally from this perspective. First,

identifiability in deep latent variable models remains sensitive to model mismatch and op-

timization, suggesting the need for stronger theoretical characterizations of when specific

priors and likelihood structures yield stable latent semantics in practice. Second, the canon-

ical structures learned by probabilistic manifolds depend on the diversity and coverage of

training data; extending these models to more complex anatomies, broader populations, and

longitudinal changes remains an open challenge. Third, while the methods in this thesis

emphasize interpretability through latent organization, rigorous clinical validation requires

connecting these representations to clinically meaningful uncertainty, decision-making work-

flows, and downstream outcomes. Fourth, the framework does not explicitly model or com-

pensate for imaging artifacts. Artifacts (e.g., bias field in MRI, beam-hardening or metal

artifacts in CT) are systematic, physics-linked intensity distortions that are central to image

quality and differ from random noise. Addressing them typically requires modality-specific

or physics-based forward models of the imaging pipeline. This thesis focuses on a general

post-processing generative framework for structural images and does not incorporate such

artifact models; robustness is pursued through identifiable latent organization rather than

explicit artifact correction. When artifacts are severe or structured, preprocessing or dedi-

cated correction steps may remain necessary.

Nevertheless, the results of this dissertation indicate that identifiable latent organization

is not merely an interpretability preference, but a practical mechanism for robust learning

in medical imaging. By treating disentanglement as an explicit modeling assumption and

by using Bayesian inference as a disciplined way to allocate explanatory responsibility, one

can obtain models that generalize more reliably as heterogeneity increases, while preserving

semantic structure that supports scientific understanding and clinical trust.
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6.3 Toward Representation-Centric Clinical Imaging Systems

While this dissertation focused on three specific methodological problems, the broader

implication of the work lies in how medical imaging systems may be designed to cope with

increasingly heterogeneous data environments.

Modern clinical imaging workflows are evolving toward large-scale, multi-center, and

multi-modal settings in which acquisition conditions, patient populations, and imaging pro-

tocols vary substantially. In such environments, traditional pipelines that rely primarily on

direct intensity-based representations often encounter instability, since observational vari-

ability can dominate the signals relevant to downstream clinical tasks. The results of this

dissertation suggest an alternative perspective: robustness in medical image analysis can be

achieved by explicitly organizing the representation space so that task-relevant generative

structure is separated from observational variability.

Across the three projects, this idea manifested through progressively stronger forms of

latent organization. In the segmentation setting of Chapter 3, constraining representational

complexity encouraged the model to allocate explanatory responsibility to structural cues

rather than to acquisition-dependent appearance fluctuations. In the multimodal registration

framework of Chapter 4, anatomical correspondence emerged from an explicit hierarchical

decomposition of common anatomy and image-specific geometry. In the domain adaptation

setting of Chapter 5, this principle was extended further through a probabilistic anatomical

manifold, allowing segmentation to be performed in a canonical representation space even

when source and target domains lacked direct correspondence.

Viewed collectively, these developments point toward a representation-centric design

paradigm for future clinical imaging systems. Instead of treating segmentation, registra-

tion, and cross-domain transfer as isolated tasks with separate heuristics, one may construct

unified analysis frameworks in which anatomical structure, geometric variability, and obser-

vational conditions are modeled as distinct yet interacting latent factors. In such systems,

downstream tasks become different forms of inference within a shared generative repre-
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sentation, rather than independent prediction problems operating directly on raw image

intensities.

This perspective also suggests a pathway for integrating methodological advances into

larger clinical analysis platforms. Contemporary pipelines for neurovascular imaging, such

as those used for intracranial arterial analysis, typically combine acquisition, preprocess-

ing, segmentation, and quantitative analysis modules. Embedding representation-centered

models within such systems may enable more stable operation across heterogeneous imaging

environments, facilitating reliable deployment in multi-institutional and longitudinal clinical

studies. In this sense, the contributions of this dissertation should be understood not only as

individual algorithms, but as conceptual building blocks for future imaging systems capable

of handling complex heterogeneity while preserving interpretable anatomical structure.

More broadly, these results illustrate how principled latent organization can transform

the role of machine learning in medical imaging. By designing models in which anatomical

knowledge is encoded directly in the representation space and inferred through structured

probabilistic reasoning, it becomes possible to reconcile robustness, interpretability, and

adaptability—three properties that are often in tension in purely data-driven approaches.

Developing such representation-centered frameworks for increasingly complex imaging sce-

narios remains an important direction for future research.
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