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Abstract

This thesis presents several contributions toward modeling disease progression and
temporal dynamics in medical imaging. We begin by revisiting key methods for
temporal prediction, specifically adapting Neural Processes and Neural Ordinary
Differential Equations to longitudinal medical data. We then analyze the limitations
of these approaches in handling sparse and irregular observations. Building on these
insights, we propose a framework for longitudinal augmentation and data generation
using biologically-informed deformations. The core of this thesis is the development
of Temporal Flow Matching (TFM), a flow-based generative model. This model
learns continuous velocity fields that describe how anatomical structures evolve over
time. TFM scales to 3D and 4D data, generalizes across datasets, and supports
inference at arbitrary temporal resolutions through a continuous-time extension. To
further constrain and interpret temporal dynamics, we propose two variants of TFM:
one deformation-based and one using a Schrödinger Bridge formulation. These vari-
ants link flow-based modeling to physical and probabilistic motion representations.
Extensive evaluations across synthetic and clinical, which contain cardiac MRI, per-
fusion CT, and longitudinal brain tumors, datasets show these methods outperform
existing baselines, excelling in both predictive accuracy and temporal consistency.
Together, these contributions establish a principled framework for learning continu-
ous, anatomically meaningful trajectories from sparse longitudinal medical imaging
data.
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Zusammenfassung

Diese Arbeit präsentiert mehrere Beiträge zur Modellierung des Krankheitsverlaufs
und der zeitlichen Dynamik in der medizinischen Bildgebung. Zunächst werden
wichtige Methoden zur zeitlichen Vorhersage betrachtet, insbesondere die Anpas-
sung von Neural Processes und Neural Ordinary Differential Equations an longitudi-
nale medizinische Daten. Anschließend werden die Einschränkungen dieser Ansätze
bei der Verarbeitung von wenigen und unregelmäßigen Beobachtungen analysiert.
Aufbauend auf diesen Erkenntnissen schlagen wir einen Rahmen für longitudinale
Augmentation und Datengenerierung unter Verwendung biologisch informierter De-
formationen vor. Das Kernstück dieser Arbeit ist die Entwicklung von Temporal
Flow Matching (TFM), eines flow-basierten generativen Modells. Dieses Modell
lernt kontinuierliche Geschwindigkeitsfelder, die beschreiben, wie sich anatomische
Strukturen im Laufe der Zeit verändern. TFM skaliert auf 3D- und 4D-Daten, gen-
eralisiert über Datensätze hinweg und unterstützt Inferenz bei beliebigen zeitlichen
Auflösungen durch eine kontinuierliche Zeiterweiterung. Um die zeitliche Dynamik
weiter einzuschränken und interpretierbar zu machen, schlagen wir zwei Varianten
von TFM vor: eine deformationsbasierte und eine, die auf Schrödinger-Brücken auf-
baut. Diese Varianten verbinden flow-basierte Modellierung mit physikalischen und
probabilistischen Bewegungsrepräsentationen. Umfangreiche Auswertungen an syn-
thetischen und klinischen Datensätzen zeigen, dass diese Methoden bestehende Base-
lines übertreffen und sowohl in der Vorhersagegenauigkeit als auch in der zeitlichen
Konsistenz überzeugen. Zusammen begründen diese Beiträge einen prinzipiellen
Rahmen für das Lernen kontinuierlicher, anatomisch sinnvoller Trajektorien aus
spärlichen longitudinalen medizinischen Bildgebungsdaten.
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Introduction
1

1.1 Problem and Motivation

Artificial Intelligence (AI) has achieved remarkable breakthroughs in recent years
across a spectrum of fields, including computer vision [1, 134], natural language
processing [78], robotics [128], and drug design [30]. The precise definition of “in-
telligence” in AI is debated in many fields [38, 77]. Yet its potential as a tool across
science, medicine, and technology is now clear. Building on these achievements,
since the public release of ChatGPT, AI has captured unprecedented attention from
both the general public and the research community (see e. g. [39]), accelerating
investment and innovation across sectors.
Within this wave of progress, AI is increasingly integrated into drug discovery

workflows in the pharmaceutical domain. For example, DeepMind’s AlphaFold (first
released in [4, 58], now in Version 3) revolutionized protein structure prediction. The
system achieves near-experimental accuracy and enables rapid biological insights. In
its wake, companies and researchers have leveraged generative models, reinforcement
learning, and multi-omics integration. These methods help design novel molecules,
accelerating discovery pipelines and advancing AI-designed drugs into human clin-
ical trials, as discussed by [69]. In computer vision, the modern wave of success
began largely with AlexNet [71], which demonstrated the power of deep convolu-
tional networks when paired with large-scale datasets and GPUs, ushering in the
deep learning era for visual recognition. Transformer-based architectures, adapted
from natural language processing, have since made substantial inroads into vision
tasks [54]. Applications now range from low-level tasks like denoising images and
super-resolution, to high-level tasks like object detection, image classification, and
segmentation [134]. While fully autonomous driving remains an open challenge, AI-
powered perception systems have made substantial progress towards this goal. This
is despite the complexity and safety demands of real-world environments [159].
Progress in generative modeling marks a shift from discriminative learning. These

new approaches directly reconstruct, interpolate, and synthesize complex data dis-
tributions [152]. Generative Adversarial Networks (GANs) [70] introduced adver-
sarial training for high-fidelity image synthesis. This enabled photorealistic gen-
eration and creative applications (see e. g. Figure 1.1). A prominent example is
https://this-person-does-not-exist.com, which generates photorealistic im-
ages of people that do not exist. More recently, diffusion models [21, 47, 109] have
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1 Introduction

Figure 1.1: What ChatGPT thinks of the word forecasting.

surpassed GANs in image quality, as exemplified by improved FID scores on Ima-
geNet. Flow Matching [79] provided a continuous and unified formulation of Flow
models, which also includes Diffusion models. This modeling paradigm demon-
strated competitive, more efficient results in image and video generation.
Beyond visual realism, these methods enable learning complex data manifolds [152].
Such methods have increasingly been adopted in scientific and medical imaging [160],
where high-fidelity image generation is used for a range of tasks, including data aug-
mentation, improving diagnostic accuracy, and preserving data privacy. While con-
cerns around data ownership, privacy [90], deepfakes [110], and misinformation [130]
remain valid, this thesis specifically investigates methodological approaches for gen-
erating realistic and high-fidelity medical image time series. In the following chap-
ters, we build on these generative approaches and, ultimately, adapt Flow Matching
to model longitudinal medical image data.
Furthermore, AI has the capability to forecast future events. In meteorology, it

complements traditional physical models with data-driven approaches to improve
the accuracy of weather prediction [104]. In finance, AI is applied in key areas such
as exchange rate forecasting, financial modeling, risk management [136]. It is also
used in areas such as demand forecasting [96] and modeling supply chains [3].
The desire to forecast the future, however, predates AI by millennia. From the

oracle bones of Shang-dynasty China to the Oracle of Delphi in ancient Greece, hu-
manity has long sought glimpses of what lies ahead. 1 While our tools have evolved

1At Delphi, prophecies were delivered by the priestess known as the Pythia or “pythonesse,”
a name etymologically linked to the slain serpent Python, a linguistic coincidence with the
modern programming language Python, which now underpins much of AI research, including

2



1.2 Research Gap

from reading bones to training high-dimensional neural networks, the underlying
motivation remains unchanged: to gain foresight, reduce uncertainty, and improve
decision-making.
Against this backdrop, in this work, we focus on forecasting future observations in
medical imaging. We aim to develop a model that leverages the intrinsic structure
of longitudinal medical data to reconstruct the expected appearance of any image
at arbitrary timepoints. Such a capability holds strong potential for personalized
medicine, enabling earlier detection of abnormal disease trajectories and offering
deeper insight into the dynamics of disease progression.

1.2 Research Gap

Problem Despite substantial advances in medical image analysis, the study of time
series in medical imaging remains underdeveloped. In clinical practice, patients are
repeatedly scanned over time, capturing anatomical and pathological changes, such
as disease progression or treatment response. Moving beyond cross-sectional (i. e.,
only using single timepoints) analysis toward prediction is a natural and clinically
meaningful next step. Forecasting how a patient’s anatomy might evolve at future or
intermediate time points builds on this foundation. This task is inherently challeng-
ing. Medical images are high-dimensional, acquisition intervals are irregular, and
available temporal sequences are often sparse. Consequently, models must learn
meaningful temporal dynamics from limited, unevenly spaced observations.

Methodological Gap Temporal metadata, such as acquisition intervals, are often
available in clinical datasets but are rarely exploited in current modeling approaches.
Incorporating this information could enable principled interpolation between scans
and more reliable extrapolation into the future. Moreover, much of the existing
literature remains confined to single-modality, single-timepoint analysis and does
not address the challenges posed by sparse, irregularly sampled, or longitudinal
data. When temporal information is considered, models typically aim for simplified
objectives, such as classification, regression, or image-to-image prediction, rather
than learning a continuous representation of disease evolution. Methodologically,
many approaches are restricted to 2D data due to computational constraints, and
reproducibility remains limited, as code and datasets are often unavailable for public
evaluation.

this thesis.
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1 Introduction

1.3 Overview and Outline

The chapters of this thesis are organized sequentially, with each chapter building
on the foundations established by the previous one. Rather than containing a sin-
gle method with results and discussion, the content is distributed across chapters
according to focus: Earlier chapters introduce the theoretical and methodological
foundations. Later ones present experimental results and their discussion. Chap-
ter 2 introduces the necessary background, including medically relevant imaging
modalities, neural network fundamentals, and key methodological concepts. This
chapter also discusses the Last Context Image heuristic (simply using the last image
in the time series), and time-continuous2 models, such as Neural Ordinary Differ-
ential Equations (NODEs), Diffusion Models, and Flow Matching, which form the
conceptual basis of our approach. We will talk about datasets in Chapter 3, and
Chapter 4 presents the methods developed in this thesis. We begin with the ASP
framework [102] and explore its extensions. To establish a robust comparison, we
examine several natural-image baselines on the same prediction task and subse-
quently adapt the most effective methods to the medical domain, extending them
to volumetric (3D) data. In addition, we introduce a spatio-temporal augmenta-
tion framework; Longitudinal data AUgmentation and data GENeration, termed
LAUGEN [23]. Our principal contribution, TFM (Temporal Flow Matching), is
then described as an efficient approach for temporal medical image prediction capa-
ble of modelling both 3D+t (sequences of volumetric acquisitions over time) and 4D
(continuous spatio-temporal volumes such as perfusion imaging) irregularly sampled
data. Finally, we extend TFM to a continuous-time formulation, enabling predic-
tions at arbitrary temporal resolutions. Chapter 5 reports the experimental results
obtained with these methods, followed by a discussion in Chapter 6 of their impli-
cations, limitations, and relation to existing approaches. Chapter 7 concludes the
thesis by summarizing the main contributions and outlining potential directions for
future work.

1.4 Contributions

Neural ODEs for Medical Imaging This thesis first extends the medical imag-
ing baselines using NODEs. While these extensions yield partial performance im-
provements, the original baseline is computationally intensive and lacks scalability.
We therefore propose lighter architectural variants that replace expensive attention
mechanisms with more efficient alternatives. Although these adaptations reduce
computational overhead, this backbone reveals failure modes, highlighting funda-
mental limitations of such methods in modeling spatio-temporal data.

2The term ”time-continuous” is used here in its general methodological sense, following prior
work, and will be specified in more detail in later chapters.
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1.4 Contributions

Augmentation and Data Generation for Medical Imaging We introduce a novel
augmentation and data generation framework for synthesizing longitudinal medical
imaging from single images [23]. This method applies biologically-informed deforma-
tions along predefined longitudinal trajectories in latent space, producing plausible
temporal sequences that mimic anatomical change. Our biologically-informed longi-
tudinal augmentation approach is computationally efficient and provides a practical
baseline for addressing data scarcity in longitudinal imaging, where acquiring tem-
poral data remains challenging.

TFM for Temporal Medical Image Time Series We present Temporal Flow
Matching (TFM [25]), a flow-based generative framework designed to model image
evolution in sparse and irregularly sampled longitudinal data. TFM learns sequence
velocity fields that describe how anatomical structures change between observations,
enabling predictions across clinically relevant timescales. In contrast to baseline ap-
proaches, TFM is designed to scale to volumetric, spatio-temporal, and longitudinal
data, covering both 3D+t sequences and 4D data, to forecast future images.
We further derive a continuous-time variant of TFM (under submission) by replac-
ing flow steps with real-time vector embeddings, enabling inference at arbitrary time
points without altering the architecture. To better capture cases where the change is
primarily due to motion or deformation, we couple TFM with a deformation-based
parametrization: First, through a displacement-field variant and by relating it to
concepts from unbalanced optimal transport. Finally, we introduce a Schrödinger
Bridge extension that describes trajectories governed by learned regularizations. To-
gether, these components establish TFM as a unified framework for robust, scalable
modeling of longitudinal medical imaging analysis.

5





Background
2

In this chapter, we introduce the background needed to follow the remainder of this
thesis. Section 2.1 provides a brief overview of the relevant medical context and
imaging modalities. Section 2.2 outlines the neural network fundamentals that form
the basis of the methods used throughout this work. We then formally define the
problem in Section 2.3, with an example which highlights the complexity of this
task. Finally, in Section 2.5, we review related work across natural imaging, show
how works in medical imaging are restricted, and continuous-time modeling, which
we will use to build the methods for this work.

2.1 Medical Imaging Background

This section provides a brief overview of medical imaging modalities relevant to
this thesis, with a focus on their spatio-temporal appearance. Medical imaging
encompasses various techniques for visualizing internal anatomy, including X-ray,
Computed Tomography, Magnetic Resonance Imaging, ultrasound, Positron Emis-
sion Tomography, endoscopy, and OCT. While each imaging modality has specific
clinical uses, MRI and CT are emphasized here due to their widespread roles in
longitudinal studies of disease progression. Key references are [10, 105].

Physical Background MRI is governed by the Bloch equations:

dM

dt
= γM×B−




Mx/T2

My/T2

(Mz −M0)/T1


 , (2.1)

where M = (Mx,My,Mz)
⊤ is the magnetization vector, M0 the equilibrium magne-

tization, γ, the gyromagnetic ratio, and B is the magnetic field, and T1 , T2 are the
longitudinal and transverse relaxation times, respectively. For CT, the Lambert-
Beer law governs the intensity I within the body:

I = I0 exp

�
−
Z

µ(x)dx

�
, (2.2)

where µ is the linear attenuation coefficient, describing local X-ray absorption. I0
represents the initial intensity.
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2 Backgroud

Temporal and Longitudinal Imaging Most imaging modalities become longitu-
dinal when acquisitions are repeated over time. Some imaging modalities are in-
herently temporal, such as ultrasound, which captures continuous real-time images;
surgical videos, which record dynamic procedures; perfusion CT, which monitors
contrast flow through tissues; and cine MRI, which acquires time-resolved MRI
frames to study periodic motion. In those cases, these modalities capture dynamic
processes such as motion or contrast propagation.

Cine MRI Cine MRI rapidly acquires time-resolved MRI frames to visualize pe-
riodic motion, such as heartbeats or organ tracking during breathing. To achieve
adequate temporal resolution, one spatial dimension is sampled at a lower resolution
to maintain anatomical detail.

perfusion CT Computed Tomography uses X-rays to generate cross-sectional im-
ages of the body, with or without contrast media to enhance visualization of anatom-
ical structures. Perfusion CT captures the passages of a contrast agent through the
vasculature over time, enabling quantitative assessment of tissue perfusion. It thus
represents an inherent temporal extension of standard CT. While we are not pri-
marily interested in the tasks typically associated with perfusion CT, we use the
temporal aspect to evaluate the performance of our models.

2.2 Deep Learning and Neural Networks

In this section, we establish the terminology and conventions for deep learning used
throughout this thesis. We also provide additional background information and,
where relevant, historical context. Then, we outline the main architectural compo-
nents used in the methodology of modern neural networks. These include convolu-
tions, attention mechanisms, and state-space models, specifically the Mamba block.
These elements are crucial, as they are the backbone of the models in the methods
section. Since this thesis centers on image prediction, we devote special attention
to this area. While it is discussed in particular in [89], we consider it important to
clarify which losses we optimize by, and what our metrics actually measure. Finally,
to complete the methodological picture, we provide a brief overview of optimization
methods, anchoring them within the framework established above.

2.2.1 Definitions

Neural Networks

We define a neural network as a parametric mapping

fθ : Rn → Rm, (2.3)
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2.2 Deep Learning and Neural Networks

where n is the dimension of the input space, m is the dimension of the output space,
and θ denotes all learnable parameters of the network. A fully-connected feedforward
neural network of depth L ∈ N is constructed as a composition of L layers. Let the
pre-activation of the l-th layer be

z(l) ∈ Rnl , (2.4)

where nl is the number of neurons in layer l, and let z(0) denote the input to the
network. For l = 1, . . . , L, the layer computation is

z(l) = W (l) σ

z(l−1)

�
+ b(l), (2.5)

where W (l) ∈ Rnl×nl−1 is the weight matrix, b(l) ∈ Rnl is the bias vector, and σ
is a non-linear activation function. We call the layer in (2.5) fully connected if
the weight matrix W is dense. A neural network is fully connected if every
layer is fully connected. The network output is fθ(x) = z(L), with the complete
parameter set

θ =
�
W (l), b(l)

	L

l=1
. (2.6)

Common choices for σ include the Rectified Linear Unit (ReLU), σ(x) = max(x, 0),
the hyperbolic tangent, σ(x) = tanh(x), and the sigmoid, σ(x) = 1

1+e−x [111], and
with many more modern variants. 1 More generally, most modern architectures
can be viewed as parametrized computational graphs. Multilayer feedforward neu-
ral networks are universal approximators Hornik et al. [50], yet this solely does not
explain their utility 2

Architecture and Neural Network We denote the architecture as the specific
wiring. This includes the dimension of the weight matrices, or the composition
of architectural blocks 2.2.2. A neural network then refers to an instance of this
architecture with a specified set of (learned) parameters. While this distinction is
conceptually important, the engineering and applied literature often uses the two
terms interchangeably. We find that this differentiation can be beneficial in certain
contexts.

1As (2.5) describes a linear transformation, the universal approximator needs a non-linear acti-
vation, because the composition of two linear functions is linear.

2The universal approximation property does not a priori explain the success of deep learning. The
argument is often invoked and sometimes conflated as a justification for it. In reality, many other
classes of universal approximators exist, such as Taylor series or Fourier expansions, the former
of which are seldom used directly in machine learning, though the latter remains foundational
in image processing. Deep learning’s impact comes from hardware-optimized algorithms [71],
the backpropagation algorithm [111], and the increasing availability of large annotated datasets
such as [20]. These factors collectively enabled neural networks to outperform other universal
function approximators in real-world applications.
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Model While we are not aware of prior works that clearly separate the semantic
notions of neural network, model, and method, we find it useful to define these terms
explicitly for our purposes. We define the term model to denote the mapping defined
by a network fθ together with its specific input–output relationship. For instance,
both Diffusion (see e. g. 2.5.2) and Flow Matching (see 2.5.3) models can use the
same architecture fθ. In diffusion, the model input is a noisy sample and predicts
the score or noise; in Optimal Transport Flow Matching, the model receives a linear
interpolation and predicts the velocity uτ between the OT map of two distributions.
Hence, the distinction between these two models lies in the object predicted, rather
than in the dimensionality of the input or output spaces. We use the term method
to refer to the complete procedure, comprising the optimization objective, data
processing, and the model, which defines how a neural network is trained end-to-
end. When referring to a specific trained network instance, we denote it by its
learned parameters θ.

Latents We define latents (or encodings) as intermediate, most often lower-
dimensional, representations of the input produced within the network. Colloqui-
ally, (2.5) are called latents if the dimension is smaller than the input dimension.
Such representations are often called embeddings. However, the term has a spe-
cific meaning in differential geometry. In deep learning, embeddings typically refer
to lower-dimensional representations of data, whereas in differential geometry, an
embedding is an injective homeomorphism, and thus cannot be lower-dimensional.
Thus, while the two usages are conceptually related, their directions are essentially
opposite. To prevent ambiguity, we therefore refrain from using the term embedding
in the deep-learning sense in this thesis. We will only use the term in the differential
geometry sense if needed.

2.2.2 Architectural Blocks

In this section, we provide a concise overview of the fundamental architectural com-
ponents commonly used in neural networks, with a focus on those most relevant for
image processing. We do not cover auxiliary components such as activation func-
tions or normalization layers in detail. The key building blocks discussed here are
convolutional layers, attention mechanisms, and more recent sequence models such
as Mamba. Convolutional layers were first introduced in the Neocognitron [33], later
trained via backpropagation [76, 139], and popularized by AlexNet [71]. The atten-
tion mechanism, introduced by Vaswani et al. [137] for natural language processing,
has since become the backbone of modern large language models. It has also been
adapted for image processing, as in the Vision Transformer [27], and extended to
video in the Video Vision Transformer [5]. More recently, Mamba [43] has been
proposed as a linear-time sequence-to-sequence model. Like attention, it operates
on sequences. However, it is more efficient due to linear time complexity.
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2.2 Deep Learning and Neural Networks

Convolutional Layers The (discrete) convolution operation is defined as

(f ∗ g)(x) =
∞X

a=−∞
f(a) g(x− a), (2.7)

and a convolutional layer applies this operation using a learnable kernel K to the
input I, yielding (I ∗K). This definition naturally extends to matrices and higher-
dimensional tensors. It does this by performing element-wise multiplication, inter-
preting the arguments as positions of the matrices. A convolutional layer applies
this operation by learning kernel K and operating across all input channels at once.
For any layer l − 1 we have

z
(l)
j =

C
(l−1)
inX

i=1

�
z
(l−1)
i ∗K(l)

j,i

�
+ b

(l)
j , (2.8)

where C
(l−1)
in denotes the number of input channels, K

(l)
j,i the convolution connecting

input channel i to output channel j. Typically, convolutional kernel is of size kd with
d being the inherent dimension, not to be confused with S (e. g. d = 3 for volumes).

Attention Mechanism The Attention [137] operation is given by

Attention(Q,K, V ) = softmax

�
QKT

√
dk

�
V, (2.9)

where Q = XWQ, K = XWK , and V = XWV are linear layers of the input X
(colloquially called projections, but projection has usually a different definition for
matrices). The projection matrices WQ,WK ,WV ∈ Rdin×dk are learnable parameters
(din input dimension, and dk the output dimension). The multi-head variant , several
such operations are performed in parallel, then concatenated, and then projected
via a linear layer.

Mamba Sequence-to-Sequence The Mamba block [43] is a state space model
which performs a sequence-to-sequence transformation with linear-time complexity
parametrized by (∆, A,B,C). In its simplified discrete form, the recurrence is

ht = Āht−1 + B̄xt, (2.10)

yt = Cht, (2.11)

which can also be expressed as a long convolution:

K = (CB̄, CĀB̄, . . . , CĀkB̄, . . .), (2.12)

y = x ∗K. (2.13)
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There, x is the input, and y the corresponding output of the Mamba block. This
formulation expresses the sequence transformation as a linear convolution over the
input, where the kernel K implicitly encodes temporal dependencies through the
recurrent dynamics. While full implementations involve additional steps, the core
idea remains the same. Despite the rise of attention-based and Mamba-style archi-
tectures, convolutional models remain highly competitive for medical imaging [97].
These building blocks, together with fully connected layers, form the core compo-
nents used throughout this thesis.

2.2.3 Metrics and Evaluations

In this section, we summarize the metrics3 used to evaluate image prediction quality.
The measures are grouped into pixel-level metrics and perceptual metrics, each
measuring different aspects of similarity between predicted and reference image. We
emphasize that it is essential to understand what each metric actually measures [89].
While evaluation is more straightforward for other tasks, it is less so for forecasting
full images, where changes are happening on a sparse region. Most metrics quantify
the validity or similarity of the predicted image rather than its predictive fidelity with
respect to the underlying temporal process. Proposing new or task-specific metrics
is beyond the scope of this work; we follow prior studies that rely on established
image-based measures for fair comparison.

Pixel-level Metrics

directly compare images in their raw intensity space. They are more sensitive to
small spatial misalignments but provide straightforward quantitative measures of
reconstruction or prediction quality

Dice Score For segmentation, the Dice score is defined as

DSC(x, y) =
2|x ∩ y|
|x|+ |y| . (2.14)

Mean Squared Error (MSE): The Mean Squared Error (MSE) is defined as

MSE(x, x̂) =
1

N

NX

i=1

(xi − x̂i)
2, (2.15)

3Colloquially, these quantities are referred to as metrics, but not all of them are metrics in the
formal mathematical sense. Many are better described as similarity or divergence measures.
We nevertheless retain the term metric, as it is ubiquitous in the literature. Additionally,
the term similarity measure is used in its conventional sense to denote a function quantifying
resemblance, not a measure in the mathematical sense.
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2.2 Deep Learning and Neural Networks

where N typically equals the number of spatial elements (pixels or voxels) in the
image (N = S), xi and x̂i are the pixel values of the target image and the predicted
image, respectively. For most cases, we use MSE as the loss function, as it is dif-
ferentiable and easy to optimize. A related measure is Normed Root Mean Squared
Error (NRMSE), which is the square root of MSE divided by a normalization factor
(e. g.image dynamic range, mean or standard deviation). Without an explicit speci-
fication of the normalization scheme, Normed Root Mean Squared Error (NRMSE)
is not directly comparable across different images or datasets. Therefore, we will
keep the normalization factor as 1 throughout, i. e. the root of MSE.

Peak Signal-to-Noise Ratio (PSNR): The PSNR is defined as

PSNR(x, x̂) = 10 · log10
�

(MAXx)
2

MSE(x, x̂)

�
, (2.16)

where MAXx is the maximum possible pixel (or voxel) intensity of the image x.

Structural Similarity Index Measure (SSIM): The SSIM is defined as

SSIM(I, Î) =
(2µIµÎ + C1)(2σIÎ + C2)

(µ2
I + µ2

Î
+ C1)(σ2

I + σ2
Î
+ C2)

, (2.17)

where µI , σ
2
I , and σIÎ (and the corresponding values for Î) being the local means,

variances, and cross-covariance where C1 and C2 are small constants introduced to
avoid division by zero.

Perceptual Metrics

Learned Perceptual Image Patch Similarity (LPIPS): The Learned Perceptual
Image Patch Similarity (LPIPS) [157] is defined as

LPIPS(x, x̂) =
X

l

1

Sl

X

s

∥wl ⊙ (ϕl(x)s − ϕl(x̂)s)∥22 (2.18)

where ϕl(·) are deep features at layer l, wl are learned weights, and Sl are spatial
dims of each layer, and ⊙ the elementwise (Hadamard) product.

Fréchet Inception Distance (FID): The FID is defined as

FID(Xreal, Xgen) = |µr − µg|22 + Tr
�
Σr + Σg − 2 (ΣrΣg)

1/2
�
, (2.19)

where (µr,Σr) and (µg,Σg) denote the empirical means and covariances of the In-
ception feature embeddings computed from the sets of real and generated images,

13



2 Backgroud

respectively and Tr denotes the trace operation on matrices. These features are
taken over deep features, either via Inception network, see e. g.LPIPS, or via a pre-
trained VGG network. Unlike image-wise metrics, such as MSE or LPIPS, Fréchet
Inception Distance (FID) operates on distributions of features across a dataset,
rather than individual image pairs.

2.2.4 Optimization

In order to efficiently compute the gradient of the loss function L with resprect to
all parameters, neural networks are trained with backpropagation (see [111, 146]).
For each layer l, the derivative ∂L/∂θl is with the use of the chain rule

∂L
∂θl

=
∂L
∂al

∂al
∂zl

∂zl
∂θl

. (2.20)

Since all the layers are linear, this computation can be calculated easily for each
layer, and thus making this backpropagation efficient.
Gradient based optimization: the simplest optimizer is stochastic gradient

descent (SGD), which updates parameters with learning rate η as

θi+1 = θi − η∇θL(θi). (2.21)

A common optimizer is the Adam [65] optimizer, which we use for the experiments.
The motivation is the momentum, which is the physical motivation that objects stay
in motion and avoid possible troughs. For shorthand, we define gi−i := ∇θL(θi−1),
the momentum is

mi := β1mi−1 + (1− β1)gi−1, (2.22)

and the velocity
vi = β2vi−1 + (1− β2)g

2
i−1. (2.23)

Then m̂i =
mi

1−βi
1
and v̂i =

vi
1−βi

2
are the bias corrected terms. With set parameters

β1 and β2. Finally, the parameters θ are updated via

θi = θi−1 − η
m̂i√
vi + ϵ

, (2.24)

where ϵ prevents divisions by zero.

2.3 Spatio Temporal Learning Foundations

This section establishes the formal problem setting for spatio-temporal forecasting,
introduces a simple heuristic, and highlights conceptual challenges.
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2.3 Spatio Temporal Learning Foundations

2.3.1 Formal Problem Definition

Let the dataset consist of p ∼ Π spatio-temporal image sequences, each correspond-
ing to one patient. For each patient, we assume T context images I = {I1, . . . , IT}
with Ii ∈ RH×D×W . Each image is acquired at ordered time points T = {t1, . . . , tT}.
We further denote a target image Itarget at a time ttarget. For shorthand, let
S := D × H × W denote the spatial size. The term sparse is used informally
to indicate that only a few context images are available.
We distinguish between different types of temporal sampling:

• Regular time series: The time points ti are evenly spaced, i.e. ti − ti−1 = δt
for all i.

• Irregular time series: The time points ti are not evenly spaced, i.e. ti = δt∗k
for some k ∈ N.

• Continuous time series: The time points ti are spaced on a continuum, i.e.
ti − ti−1 ∈ R+ for all i, j.

Both the regular and irregular settings operate in discrete time, since the acquisi-
tion intervals are discrete. Irregular sampling typically arises when acquisitions in
an otherwise regular schedule are missing, for example, due to corrupted data or
patient-specific deviations. The continuous case, in contrast, refers to acquisition
schedules determined solely by clinical necessity, such as follow-up imaging for acute
glioblastoma, rather than fixed-interval protocols used in controlled studies.

Central Objective The central objective of this work can be formalized as learning
a function

fθ(I, T , ttarget) = Îtarget (2.25)

where fθ is a parametric function that, given context images and times I, T , ap-
proximates the unknown distribution process producing Itarget at a time ttarget. This
formulation defines the spatio-temporal prediction problem, which underlines the
image-based forecasting part of this work.

2.3.2 LCI: Heuristic Baseline

As discussed in the metrics section, quantitative metrics alone may not directly
capture predictive performance. In general, these metrics evaluate either similar-
ity (e. g. Peak Signal-to-Noise Ratio (PSNR) or Structural Similarity Index Measure
(SSIM)) or distance (e. g. MSE, LPIPS) To contextualize the values of these metrics,
we introduce the Last Context Image (LCI), a simple heuristic baseline that calcu-
lates the metrics between the last image available in the series and the prediction
image. In the following paragraph, we formally define this heuristic and discuss its
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relevance, both as a lower-complexity reference and as a means to interpret metric-
based results in longitudinal image prediction. We define the LCI:

ILIB := IT , (2.26)

that is, the heuristic is simply the last available image in the sequence. Given an

Figure 2.1: Example of a longitudinal image sequence, with the LCI on the right and
the target (ground truth, GT) on the left. Data is from the Automated
Cardiac Diagnosis Challenge (ACDC) dataset [7]. The lower row shows
the pixel-level difference between the LCI and the GT.

evaluation metric M, the corresponding value is

MLCI := M(IT , target). (2.27)

This heuristic is naive but often competitive in medical imaging. The rationale
for this is discussed further in section 3.2.6, where we explain why the heuristic
can still score well under previously discussed image-based metrics in this domain.
Although the same heuristic and some alterations appear in related work, they
are rarely explicitly defined or discussed in detail. Here, we define it explicitly to
provide a reference for interpreting metric values in temporal image modeling. For
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completeness, we also define an oracle variant that selects the context images most
similar to the target:

MMIB := min
i∈{1,...,n−1}

M(Ii, In). (2.28)

The optimality of LCI vs MIB holds when the time series is monotonic with respect
to the evaluation metric. However, since the MIB requires knowledge of the future
observation, it represents an unrealistic, strict heuristic. In clinical settings, only
the LCI is accessible, as the optimal context image is unknown at inference time
(even though it can be identified during experimental evaluation). Therefore, the
LCI will serve as the reference baseline throughout this work’s experiments.

Performance of LCI The LCI is a strong and simple heuristic in the task of
longitudinal imaging: First, it is extremely simple and requires no additional labels.
Secondly, in medical imaging, temporal changes are often sparse and gradual, making
LCI particularly competitive. In Figure 2.1, we show an example longitudinal image
sequence from the ACDC dataset [7]. The changes over time are minimal, making
the prediction task inherently challenging to improve upon beyond LCI. As a result,
LCI often performs well on standard pixel-level metrics, making it challenging for
alternative methods to surpass its results. In the next section, we illustrate that
models might even predict longitudinal change perfectly but still fail to achieve
better performance on image metrics. This highlights a discrepancy between the
metrics popularly used and the dynamic aspects we aim to capture.

2.3.3 Reverse QR Code Problem

This subsection introduces the reverse QR code problem, a synthetic example which
illustrates the limitations of image-level metrics such as MSE. The term reverse
refers to the inversion of the usual QR code information layout: in standard QR
codes, essential information is distributed across the pattern, while the center can
be reserved for arbitrary content. In our example, all the longitudinal information
is within the center, hence the attribute reverse. We show that even under mild
conditions, a model with perfect longitudinal prediction but low spatial resolution
can still achieve a suboptimal MSE. In our example, the images resemble QR codes in
structure, but the critical spatio-temporal information is concentrated in the central
region.
Data Assumptions Images are of size S×S = 8×8, and temporal change appears
in a r× r = 4× 4 in the center of the image. For the sake of complexity, we assume
a checkerboard pattern outside the center region, where no neighbouring pixel is
the same. See Figure 2.2 for an illustration. Problem Statement We consider
the longitudinal prediction problem, where we have the context I0 and the target
I1. For further simplicity, we assume that we have sufficient context to predict the
center of the target image.
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Figure 2.2: Illustration of the reverse QR code problem. (Left) Input image I0
consisting of an 8× 8 grid with a high-frequency checkerboard pattern.
(Right) Target image I1, which differs from I0 only within the red boxed
4 × 4 central region. This central region contains the entire temporal
change, while the surrounding pixels remain unchanged but retain high
spatial detail.

Figure 2.3: Predicted image Î1 for the reverse QR code problem under a low spatial
resolution constraint. The model correctly predicts the temporal change
in the central 4 × 4 region, achieving perfect temporal accuracy there,
but produces a coarse 2×2-equivalent resolution in the rest of the image.
This setting demonstrates that a method can be temporally perfect yet
still achieve a low pixel-level error (MSE) due to reduced spatial detail
outside the change region.
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Model Assumptions We assume a model with strong longitudinal prediction
capability, i. e., the available context is sufficient to accurately predict the temporal
changes in the target image. To isolate spatial effects, we constrain the model to
lower (i. e. half) spatial resolution: its effective output corresponds to a 2 × 2 grid
over the 8 × 8 image domain. Figure 2.3 illustrates such a prediction. In this
configuration, the prediction Î1 reproduces the central 4 × 4 change region of the
target I1 exactly, but deviates in the remaining 48 pixels, which are temporally static
but fine-structured. We now quantify this discrepancy using the MSE between Î1
and I1, and compare it to LCI.

MSE(I1, Î1) =
1

64

64X

i=1

(I1,i − Î1,i)
2

=
1

64


24 · (0.5− 1)2 + 24 · (0.5− 0)2 + 16 · (0− 0)2

�

=
48 · 0.25

64
=

12

64
.

(2.29)

MSE(I1, I0) =
1

64

64X

i=1

(I1,i − I0,i)
2

=
1

64


48 · (0− 0)2 + 4 · (0− 0)2 + 4 · (0− 1)2 + 8 · (1− 1)2

�

=
4

64
= LCI.

(2.30)

Paradoxically, a model which perfectly captures the longitudinal change can score
worse than the trivial LCI heuristic. These results illustrate a fundamental limita-
tion: pixel-level metrics reward overall similarity rather than temporal correctness.
We will later return to this example and show how our proposed longtfm explicitly
models temporal evolution, achieving an overall zero MSE, despite having the same
architectural restrictions.

Generalizing Discrepancy For a general formulation, we can generalize: Let ϵ be
the average squared spatial error outside the change region, and δ the mean spatial
difference in the change region. Then

MSEmethod =
(Sd − rd)ϵ

Sd
(2.31)

being the difference of the method, and

MSELCI =
rdδ

Sd
(2.32)
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the MSE for the generalized problem. Then we find that LCI performs better
whenever

ϵ >
rd

Sd − rd
δ. (2.33)

This inequality shows that if the static regions dominate, even mild blurring in the
unchanged areas outweighs perfect prediction in the dynamic region. In particular,
we note that this inequality scales with the dimension d, making it even stronger
for 3D medical imaging. Therefore, the local metrics we use may underestimate
temporal modeling when spatial fidelity decreases, particularly in medical imaging
sequences with small localized changes.

Conceptual Takeaways Albeit simply and only exemplary, this reverse QR prob-
lem demonstrates that pixel-level metrics (and possibly others) such as MSE can
fail to reward correct temporal modeling when static spatial detail dominates. Since
these metrics weight all image regions equally, large static areas overshadow small
but clinically relevant dynamic regions. One approach would be to design new
metrics that emphasize temporal change, though such metrics would require rein-
terpretation and extensive validation. Alternatively, we can add these metrics as
additional information. Or we can retrain existing metrics while explicitly mod-
eling the temporal differences themselves. As we will later show, even a spatially
imperfect model can achieve a perfect MSE if it reconstructs temporal changes pre-
cisely. While we do not aim to redefine evaluation metrics here, this observation
motivates our focus on modeling temporal evolution directly through changes via
Flow Matching.

20



2.4 Related Works

2.4 Related Works

In this section, we organize prior work into three categories. We begin by estab-
lishing natural imaging baselines, focusing on general spatio-temporal methods and
related tasks. This groundwork allows for a smoother transition to the specialized
medical imaging approaches covered in the next section. Following the natural imag-
ing baselines, we next cover medical imaging methods, a subset which often faces
technical limitations. After discussing these categories, we transition to continuous-
time models that underpin much of this thesis. Finally, building on the previous
sections, we review continuous-time models. These models form the methodological
foundation of this thesis, bridging earlier approaches and informing our proposed
methods. Additionally, to round out our overview, we include a brief introduc-
tion to data augmentation techniques. These methods will be revisited for deeper
discussion in Section 6.2, providing essential context for their relevance. Natural
Imaging Baselines: For natural image and video prediction, we review a gen-
eral suite of methods. We then detail the experimental baselines and describe how
these methods pool temporal information. ConvLSTMs extend standard LSTMs
with convolutional operations for images. They process sequences recurrently and
allow variable-length temporal inputs. Neural Processes[37] aggregate observations
through a permutation invariant pooling operation, enabling flexible context sizes
but discarding explicit temporal order. Vision Transformers[5] encode time via
fixed-length temporal tokens, imposing a predefined horizon. SimVP[34] adopts a
temporal U-Net architecture, where temporal depth is fixed during training but can
be extended recurrently at inference. Medical Imaging Baselines: Approaches
like Attentive Segmentation Processes Petersen et al. [102] and SADM Yoon et al.
[154] are better suited to the clinical task but often incur high computational costs,
lack generality, or are subject to sampling constraints. Continuous Dynamics
Generative Models: Frameworks based on Neural ODEs [13] and Flow Matching
[79] model continuous dynamics, and directly inspire our proposed method Temporal
Flow Matching (TFM).

2.4.1 Natural Imaging Baselines

Before the deep learning era, statistical filtering and prediction theory provided the
foundation for spatio-temporal forecasting. Notably, the Wiener-Kolmogorov filter,
introduced in M. and Wiener [88]. This work was a predecessor to the Kalman filter
by Kalman [59], which is a recursive algorithm for estimating the state of a dynamic
system from noisy observations. The filter introduced recursive estimation for lin-
ear dynamical systems, enabling real-time state prediction and correction. Other
classical methods like ARIMA and Kalman/Wiener filters are still used today and
dominated time-series forecasting before deep learning. A major early theme in deep
learning for temporal data was the use of recurrent neural networks (RNNs) and their
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variants, such as Long Short-Term Memory (LSTM) by Hochreiter and Schmidhu-
ber [49]. For spatio-temporal data, LSTMs were extended to ConvLSTMs (see [121]
and Figure 2.4). These replace fully connected layers with convolutional ones. This
was later extended to PredRNN by Wang et al. [142] and Wang et al. [143], allowing
memory states to ”zigzag” between layers for improved temporal modeling. Le
Guen and Thome [75] introduced a method to disentangle physical dynamics from
the data, where physical dynamics are disentangled from unknown complementary
information. In the work by Gao et al. [34], a plain CNN encoder-decoder with an
intermediate translator was proposed. Essentially, time is treated as an additional
channel, and convolutional layers are applied to the temporal dimension. Remark-
ably, this method achieved state-of-the-art performance without recurrent layers,
GAN losses, or optical flow, and was trained only on the MSE loss. Furthermore,
this method was extended to SimVPv2 by Tan et al. [127]. With the rise of atten-
tion Vaswani et al. [137], Transformers were widely adopted for temporal data, and
more specifically for video data. Xu et al. [147] used a graph-based spatial trans-
former to model spatial dependencies, achieving longer forecasting horizons than
other methods. Earthformer was proposed by Gao et al. [35]. The method uses a
cuboid space-time attention mechanism to tackle high-dimensional spatio-temporal
data. It even outperformed ConvLSTMs and numeric simulation baselines. Weis-
senborn et al. [144] proposed the first autoregressive video transformer for the video
generation task. VideoGPT by Yan et al. [150] uses a vector quantization approach
to learn discrete video representations, which are then used for video generation.
Gordon and Parde [42] used a latent neural ODE and a GAN for video generation.
Generative models have garnered significant attention in recent years, particularly
in video prediction and generation. Early generative works propose a conditional
diffusion video prediction framework Voleti et al. [138]. Efficient video prediction
uses sparsely conditioned Flow Matching for latent video prediction [19]. By approx-
imating the initial conditions of the flow ODE by a noisy version of the previous
frame, this method speeds up the inference time. For more efficiency, pyramidal flow
matching is suggested in Jin et al. [57]. Ye and Bilodeau [151] propose a continuous
stochastic video prediction model; the inherent task is still based on a regular grid,
despite the ability of the method to deal with irregular time. Most approaches still
struggle with sparse, irregular sampling, or require large datasets. Few have been
applied to 3D medical time series. Having introduced our proposed method, in the
next section we focus on two families of approaches that we will compare with it.
These methods have been applied to medical imaging, chosen for strong performance
on natural imaging tasks, or selected for technical abilities.

Convolutional LSTM Long Short-Term Memory (LSTM) networks are a type
of recurrent neural network (RNN) designed to learn long-term dependencies in
sequential data. They were first introduced by Hochreiter and Schmidhuber [49],
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Figure 2.4: Architecture of a Convolutional LSTM (ConvLSTM) cell, which extends
the traditional LSTM by replacing matrix multiplications with convo-
lutions, allowing it to capture both spatial and temporal dependencies
in sequential image data. At each time step t, the ConvLSTM takes as
input the current frame x⟨t⟩, the previous hidden state h⟨t−1⟩, and the
previous cell state c⟨t−1⟩. The internal gates (input, forget, and output)
regulate the flow of information using convolutional operations, updating
the hidden state h⟨t⟩ and the memory cell c⟨t⟩. This module is commonly
used within the encoder-decoder framework of a UNet to model spatio-
temporal sequences, where ConvLSTM layers serve as temporal process-
ing blocks between the spatial downsampling and upsampling paths.

for long sequence modelling. Initially, they were popular for sequences, and tasks like
language modelling, e.g. for translation [125]. But LSTMs have also been adapted
for image data [121], particularly in video prediction tasks [142]. In Figure 2.4,
we can see the general approach of an LSTM cell, together with the convolutional
adaptation.

Neural Processes Neural Processes (NPs) are a family of meta learning models
that combine the strengths of neural networks and Gaussian processes to learn dis-
tributions over functions. They were first introduced in [37], where a short overview
can be seen in Figure 2.5. Conditional NPs refine the basic NP by conditioning on
the set of observed data points [36]. However, NPs usually underfit, so [63] intro-
duced the Attentive Neural Processes(ANPs), which use attention mechanisms to
improve the model’s ability to capture complex relationships in the data. [29] refine
this further, by omitting the quadratic attention mechanism, and using a latent bot-
tleneck attentive neural process (LBANP). [56] provide a comprehensive overview of
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Figure 2.5: Neural Processes, see [37], figure adapted from [56]. (xi, yi) denotes
indexed input of the data, g is an encoder producing encoded features
Ei, α is an aggregator, E are the merged encodings, and f is a decoder.
xn+1 is the query input, and µyT is the predicted mean of the target
output, with σyT being the predicted standard deviation. In most of our
cases, x corresponds to time and y to the image, but the basic NPs can
be used for any kind of data.

the NP family. Furthermore, [102] uses an Attentive Segmentation Process (ASP)
to segment gliomas in MRI scans, which is a specific application of the ANP. We
will discuss the latter method in more detail in a later section.

SimVP SimVP is a state-of-the-art (SOTA) method for video prediction, see [34].
The basic concept of SimVP is to treat the temporal dimension on par with the spa-
tial dimensions. In practice, this means the time dimension is used as an additional
channel, and convolutional layers are applied to it as well. In the latent space, time
is treated differently, where a translator learns the temporal evolution [34]. We can
broadly describe these methods and variations as 4D CNNs.

Video Vision Transformers The Video Vision Transformer (ViViT) was first in-
troduced for video classification in [5]. Later, it was adapted for video prediction
in medical applications, such as in [154], which will be discussed in more detail
in Section 2.4.2. We briefly describe how ViViT processes spatio-temporal data.
Let x ∈ RT×C×S denote a spatio-temporal sequence with T frames, C channels,
and S = H · W · D spatial voxels. Define a patch size P = (p1, p2, p3), and let
N = S/(p1p2p3) be the number of patches. Each patch is flattened and linearly
projected, resulting in x ∈ R(T ·N)×m where m is the internal dimension of the trans-
former. A temporal transformer operates on this sequence of length T · N , and
the dimensionality m is progressively reduced across layers. The output is then
rearranged as x ∈ Rm×(T ·N), and passed through several layers of a spatial trans-
former. Finally, the output is upsampled using a fixed scale factor of p1 · p2 · p3, and
reshaped to the original spatial dimensions. Notably this scale factor can be quite
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large. For example, [154] uses a patch size of 8×32×32, leading to extremely coarse
representations of the input data.

2.4.2 Medical Imaging Baselines

One of the more prominent approaches to spatio-temporal modeling is classification
for disease progression. One of the earlier works is by Lipton et al. [81], who use an
LSTM to diagnose patients from multivariate EHR time series data, thereby estab-
lishing LSTMs as a solid baseline for temporal modeling. Hao and Negahdar [44]
extend this idea by combining localized LSTM layers with a joint spatio-temporal
attention mechanism, forecasting long-COVID outcomes from heterogeneous modal-
ities including laboratory values, vital signs, demographics, medical history, and
imaging. Konwer et al. [67] further improves image-based prediction by embed-
ding explicit disease-stage representations into their networks. Ouyang et al. [99]
propose a global pooling operation for RNNs that aggregates features across all
time steps into a single representation, which they apply to predict Alzheimer’s dis-
ease, and disease states from patients in the National Consortium on alcohol and
Neurodevelopment in Adolescence (NCANDA) study. Xu et al. [149] employs a
bi-directional GRU on serial CT scans to predict lung cancer treatment response,
demonstrating consistent performance gains with each additional follow-up scan.
Multimodal frameworks, such as those by Lu et al. [87] and Muksimova et al. [94],
integrate imaging, clinical, and demographic data over extended intervals for early
Alzheimer’s disease detection, while [26] predict a scalar atrophy index capturing
progressive hippocampal volume loss.
Convolutional LSTMs have been applied to pixel-wise forecasting Zhang et al. [156],
use ConvLSTMs to model tumor-growth trajectories. Although they implicitly as-
sume regularly spaced scans and report somewhat noisy volume predictions on a very
”well-behaved” dataset (tumor volumes change at near-constant rates or change lit-
tle at all), their work is influential, motivating our use of an open-source ConvLSTM
baseline in our experiments. Lachinov et al. [73] propose a continuous-time Neural
ODE framework for continuous image segmentation at future time points. However,
while their method is limited to single images and their code is not open source,
direct comparison with their specific method is not possible. Other recent research
has explored multi-input and time-conditioned approaches. A method using multi-
ple inputs and time conditioning by Chen et al. [17] predicts the growth of vestibu-
lar schwannomas using multiple longitudinal MRI scans. While their method is
time-continuous and publicly available, it has primarily been evaluated on in-house
data with limited information on the regularity or irregularity of the scan intervals.
Their approach focuses on predicting segmentation masks by regressing signed dis-
tance fields and incorporates the LCI into their metrics. Beyond direct prediction,
lesion-tracking methods, such as DeepLesion Tracker by Cai et al. [11], and change
map networks for chest CT images by [64] have been explored for longitudinal tasks.

25



2 Backgroud

Self-supervised representation learning has emerged as a powerful approach for tem-
poral medical imaging, leveraging the rich information available across multiple
time points without requiring explicit annotations. Recent work by Shen et al. [120]
demonstrates how spatiotemporal features can be effectively learned from longitu-
dinal imaging data, capturing both spatial structures and their temporal evolution
patterns. Generative architectures are increasingly leveraged for longitudinal syn-
thesis. [116] combine a clinically informed latent vector with a temporal embedding
to generate complete image sequences, albeit given only a single image. Yoon et al.
[153] proposes a latent diffusion module for superresolution to improve AD diagno-
sis from single MRI scans. Zhu et al. [162] employ a diffusion model augmented
with a temporal-consistency module and an age embedding to generate realistic
inpaintings for adolescent brain MRI by interpolating between a preceding and a
subsequent scan. Litrico et al. [82] introduce Temporally Aware Diffusion Model
(TADM) to forecast future MRIs in AD and MCI patients; however, their method
remains two-dimensional and accepts only a single input image per prediction. A
more in-depth method for AD progression is BrLP from Puglisi et al. [106], which
is a Latent Diffusion Model with a control net, and a latent auxiliary model. Again,
this model only parses single images, and it is dependent on a latent module which is
specific to Alzheimer’s disease. A significant challenge in this domain is the limited
availability of ready-to-use medical imaging datasets. Unlike natural imaging where
numerous preprocessed datasets exist, medical datasets typically require substantial
preprocessing and curation before analysis. This creates barriers to reproducibil-
ity as researchers implement inconsistent processing pipelines. For example, while
Alzheimer’s datasets like ADNI and OASIS contain valuable longitudinal data, they
require extensive preprocessing, and publications often inadequately document pa-
tient selection criteria and preprocessing steps, hampering fair comparison between
methods.

State of The Art Our review of the state of the art in spatio-temporal and lon-
gitudinal medical imaging identifies several critical technical requirements that no
existing method satisfies simultaneously:

• Limited Temporal Input Capacity: Current methodologies predominantly
utilize single-image inputs due to computational constraints. While adequate
for simple dynamics, this fundamental limitation prevents effective modeling
of complex temporal relationships. Theoretical analyses confirm that even for
basic growth patterns, single-timepoint observations are insufficient to accu-
rately characterize temporal evolution and progression trajectories.

• Irregular Temporal Sampling: Despite the abundance of methods for
processing medical video data, few approaches effectively handle multiple
irregularly-spaced timepoints. Most existing frameworks assume uniform tem-
poral sampling intervals and encounter significant difficulties when processing
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acquisitions with variable or missing timepoints—a common scenario in clini-
cal settings.

• Computational Inefficiency: State-of-the-art approaches often require sub-
stantial computational resources, limiting their practical deployment and it-
erative refinement. More critically, there exists a fundamental inefficiency in
how these models allocate capacity. As evidenced by information-theoretic
analyses (per our LCI discussion), medical images exhibit minimal temporal
changes relative to their static content. Consequently, models may dispro-
portionately allocate resources to modeling invariant anatomical structures
rather than the clinically relevant temporal variations, resulting in suboptimal
prediction performance despite high computational demands.

• Disease-Specific Architectural Biases: A significant proportion of cur-
rent methods are optimized specifically for Alzheimer’s disease progression, in-
corporating implicit assumptions about characteristic neurodegenerative pat-
terns. While effective for their intended application, these architectural biases
limit generalizability to other pathologies with different progression patterns.
A universally applicable model requires disease-agnostic design principles that
can adapt to diverse temporal dynamics.

• Discrete Temporal Modeling: Predominant approaches employ discrete-
time models that characterize transitions between fixed timepoints or inter-
vals. This discretization presents significant limitations when modeling clinical
data with highly variable acquisition intervals, as naive zero-filling approaches
create extremely sparse, high-dimensional representations that are computa-
tionally inefficient and statistically suboptimal.

The proposed discrete TFM framework addresses the first four technical limi-
tations directly, and the continuous variant solves the last. Regarding evaluation
methodology, we encountered a significant gap in the literature. To our knowledge4,
no existing methods have been benchmarked on exactly the problem formulation
described in Section 2.3.

2.4.3 Related Works: Synthetic Data Generation

Synthetic data generation has emerged as an increasingly important tool for deep
learning applications. Goncalves et al. [41] explore the different types of synthetic
data and their respective applications in machine learning contexts. Xu et al. [148]
propose a theoretical framework to describe synthetic data generation processes.
The authors demonstrate that “the synthetic feature distribution does not need to be

4While some segmentation approaches like [102] handle irregular sampling, and progression mod-
els such as [115] perform similar tasks, they lack detailed documentation of synthetic experi-
ments and sampling strategies. Furthermore, their autoencoder-based methods without spatial
residual connections may be suboptimal for MSE evaluation, as we demonstrate in Section 5.1.
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similar to that of real data for ensuring comparable generalization of synthetic mod-
els, provided proper model specifications in downstream learning tasks.” In Ouyang
et al. [100], the authors propose a contrastive loss approach for data generation to
improve robustness against adversarial attacks. Nguyen et al. [95] propose utiliz-
ing pre-trained networks, specifically Stable Diffusion, for semantic segmentation
tasks, addressing the labor-intensive nature of dataset creation in natural imaging.
Their approach generates pseudo labels that serve as a foundation for pre-training
on MSCOCO and PASCAL VOC datasets. Kapania et al. [60] provide a general
overview of synthetic data applications and their expanding role in deep learning
research and applications. Synthetic data has become increasingly important in
medical imaging due to real data limitations and privacy considerations. Giuffrè
and Shung [40] discuss synthetic data’s role in healthcare, emphasizing its impor-
tance for privacy preservation and model performance enhancement. The authors
highlight the potential of digital twins for the healthcare sector while acknowledging
risks that may limit practical applications. For specific tasks, anatomical phan-
toms have been developed to simulate realistic structures, as demonstrated in [32]
and Segars et al. [119]. These phantoms enable researchers to address biologi-
cal questions while maintaining complete control over the data generation process.
Oakden-Rayner et al. [98] demonstrate the utility of synthetic data for detecting clin-
ically relevant model failures. Segal et al. [118] propose methods for using synthetic
data in controlled benchmarking of medical models, addressing model robustness,
fairness, and generalizability while contributing a reproducible, interpretable, and
configurable tool designed to advance reliable ML deployment in clinical settings.

2.5 Continuous Time Models

In this section, we present a comprehensive overview of Neural Ordinary Differ-
ential Equations (Neural ODEs) and Flow Matching (FM), adopting the notation
from Lipman et al. [80]. We begin by examining continuous-time models based on
Neural ODEs. These models are particularly suited for irregularly sampled time
series, a scenario prevalent in longitudinal medical imaging. We next transition to
continuous-time generative models. Although these generative models are not com-
monly applied to time series data, they are essential for the iterative generation of
high-dimensional data categories such as images. To illustrate, we first introduce
diffusion models, which have gained widespread attention in recent years for produc-
ing highly realistic samples and have become a staple in generative modeling litera-
ture. Subsequently, we explore Flow Matching, which serves as the methodological
foundation of this thesis. Finally, we provide a brief introduction to Schrödinger
Bridge Matching, a framework that conceptually unifies Flow Matching and dif-
fusion models. Although Schrödinger bridges were historically introduced earlier,
recent advances such as simulation-free Schrödinger Bridges [133] have significantly
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improved their practical viability.
Unless otherwise noted, all definitions and notation in this chapter adhere strictly
to those in the referenced works; any modifications are explicitly indicated. De-
spite appearing unrelated at first glance, both Neural ODEs and Flow Matching
share a commonality: both methods are designed to learn continuous-time vector
fields, although they target different aspects of the ODE. Somewhat incidentally, the
development of this thesis begins with Neural ODEs and ultimately culminates in
Flow Matching-based methods. We begin with an overview of Neural ODEs in Sec-
tion 2.5.1, followed by a detailed discussion of Flow Matching in Section 2.5.3. We
conclude the chapter by comparing the two approaches and demonstrating how Flow
Matching contains the LCI, motivating its use for longitudinal image prediction.

2.5.1 Neural ODEs

Neural ODE (NODE) (proposed in [13]) are commonly introduced as continuous-
time models, in which the evolution of a system is governed by a differential equation.
The central idea is to replace a sequence of transformations (as in a residual net-
work) with a continuous dynamical system whose evolution is parametrized by a
neural network. In this formulation, we denote by Xt the state at time t and by θ
the neural network parameters. This notation is adopted for consistency with the
Flow Matching framework discussed later. While solving such equations numerically
was a key technical challenge in the original work, we briefly summarize the core
formulation as follows:

dXt

dt
= f(Xt, t, θ), (2.34)

given an initial state Xt0 at time t0, and a function f which is parameterized by θ.
The final state Xt1 is obtained by solving the ODE, see [13]:

X1 = X0 +

Z t1

t0

f(Xt, t, θ)dt = ODESolve(f,Xt0 , t0, t1, θ). (2.35)

Training NODE requires computing gradients of a loss with respect to the parame-
ters θ. This is achieved using the adjoint method [13], which backpropagates through
the ODE solver by solving another differential equation backward in time. Let
at =

∂L
∂Xt

denote the adjoint state, its dynamics are given by

dat
dt

= −aTt
∂f(Xt, t, θ)

∂Xt

. (2.36)

The gradient w.r.t. the parameters is then obtained from a third integral:

dL

dθ
= −

Z t0

t1

aTt
∂f(Xt, t, θ)

∂θ
dt. (2.37)
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Algorithm 1 Reverse-mode derivative of an ODE initial value problem

Require: dynamics parameters θ, start time t0, stop time t1, final state X1, loss

gradient
∂L

∂X1

1: s0 ←
�
X1,

∂L
∂X1

, 0|θ|
�

2: function aug dynamics([Xt, at, ·], t, θ)
3: return

h
f

Xt, t, θ

�
, − a⊤t

∂f
∂X

, − a⊤t
∂f
∂θ

i

4: end function
5: [X0, ∂L/∂X0, ∂L/∂θ] ← ODESolve


s0, aug dynamics, t1, t0, θ

�

6: return
∂L

∂X0

,
∂L

∂θ

As shown in [13], all quantities X, a and ∂L
∂θ

can be computed by a single call to the
ODE. This formulation enables neural networks to model continuous-time dynamics
while maintaining full differentiability.

Extensions A simple yet elegant extension is the Augmented Neural ODEs [28],
which expands the latent state to a higher-dimensional space:

d

dt

�
Xt

bt

�
= f

��
Xt

bt

�
, t, θ

�
, (2.38)

where bt is the augmented state with b0 = 0. [28] demonstrate that Augmented
NODEs enable modeling of a broader class of problems, thereby addressing specific
topological limitations.

Continuous Normalizing Flows (CNFs) NODE are closely related to Continuous
Normalizing Flows (CNFs), which extend discrete normalizing flows to the continu-
ous domain. Traditional normalizing flows e. g. [107] model a sequence of invertible
transformations between latent variables and data through discrete layers. By con-
trast, CNFs replace this discrete sequence with a continuous transformation gov-
erned by an ODE (2.35). This formulation enables a continuous change of variables
that simplifies the computation of the log-density transformations:

Theorem 2.1. (Instantaneous change of variables (from [13, Theorem 1]))Let
Xt be a finite continuous random variable with probability density function
pt(X) dependent on time. Let dX

dt
= f(Xt, t) be a differential equation describ-

ing a continuous in time transformation of Xt. Assuming that f is uniformly
Lipschitz continuous in X and continuous in t, then the change in log proba-
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bility also follows a differential equation:

∂ log pt(Xt)

∂t
= −tr

�
df

dXt

�
. (2.39)

This theorem provides the continuous analogue [13] of the discrete change-of-
variables formula used in standard flows. For example, the planar normalizing flow
introduced in [107] with

X(t+ 1) = Z(t) + uh(wTXt + b), (2.40)

the continuous counterpart becomes

dXt

dt
= uh(wTXt + b), where

∂logp(Xt)

∂t
= −uT ∂h

∂Xt

. (2.41)

Controlled Neural ODEs A related extension, particularly relevant for irregularly
sampled time series, is the Controlled Neural ODE by [62]. Instead of solely as
a function of time, the latent state is driven by an external control signal Zτ :

Xt = X0 +

Z t

t0

f(Xτ , θ)dZτ , (2.42)

Here, Zτ represents the input trajectory, which can be constructed using a continu-
ous interpolation such as a cubic spline with knots at the observation times t0, . . . , t1.
Under this formulation, the CDE can be equivalently expressed as

Xt = X0 +

Z t

t0

f(Xτ , θ)
dZ

dτ
(τ)dτ, (2.43)

which can be solved using a standard ODE solver in the same manner as (2.35).
CDEs thus generalize Neural ODEs by allowing multiple temporally distributed
inputs to influence the latent trajectory, rather than just the initial state5.

Practical Remarks and Limitations In practice, most NODE implementations
rely on black-box ODE solvers, which can substantially increase both training and
inference times, even with adapted solvers [103]. Several extensions have been pro-
posed to address these limitations, such as Augmented Neural ODEs [28], locally
regularized adaptive solvers [101], or hybrid discretization schemes. Nevertheless,
memory and computational efficiency remain major bottlenecks, especially in the
imaging domain. A representative example is ImageFlowNet [83], which applies
NODE to 2D image forecasting. While interesting, even the 2D formulation is com-
putationally demanding, and hence not easily applicable to typical 3D medical image
time series.
5Recurrent NODEs could in practice still be used, but they impose jumps in the latent trajectory
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Connection to Flow Matching Equation (2.35) also reveals a conceptual link
to Flow Matching (FM): Both frameworks model data evolution via continuous-
time vector fields. However, while NODE learn trajectories from known initial and
final states via supervision, FM directly learns the vector field that transports one
distribution to another. We will elaborate on this relationship in the following
section.

2.5.2 Diffusion Models

Diffusion models constitute a prominent class of generative methods that learn
to reverse a predefined forward-noising process. Formally, these models define a
stochastic forward process via a stochastic differential equation (SDE) that grad-
ually transforms data samples into Gaussian noise. This process also models the
diffusion of particles, hence the sharing of name. A neural network, often referred
to as the diffusion model or score network, is then trained to approximate the score
function required to reverse this process through a corresponding reverse-time SDE.
The widespread success of diffusion models in generative modeling stems from ear-
lier state-of-the-art performance in high-dimensional data synthesis, particularly in
image generation. Their connection to continuous-time generative modeling and to
flow matching will be revisited later.

Remark: Although this thesis does not directly build on diffusion models, many
of our baselines and comparative methods are. Furthermore, there is an interest-
ing connection between the Flow and Diffusion models, as well as a mathematical
background. We therefore include a brief mathematical overview to contextualize
their relevance and to deepen the understanding. Diffusion models formulate gen-
erative modeling as the task of reversing a fixed noising process that progressively
transforms data into Gaussian noise Ho et al. [47]. While these models have set the
state of the art (SOTA) in image generation, more recent approaches, particularly
those in FM, offer a conceptually more natural formulation for modeling medical
temporal evolution.

Diffusion Background

Diffusion models define a probabilistic generative process by reversing a gradual
noising procedure. Given a sample x0 ∼ q, a forward Markov chain progressively
perturbs the data into pure Gaussian noise over T steps. The forward process is

q(x1:T | x0) :=
TY

t=1

q(xt | xt−1),

where q(xt | xt−1) = N (xt |
p
1− βtxt−1, βI),

(2.44)
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according to a variance schedule β1, . . . , βT ∈ [0, 1], and I the identity matrix.
Diffusion models approximate the posterior distribution pθ(x0:T ), referred to as the
forward or denoising process. 6 The reverse or generative process is parametrized
as

pθ(x0:T ) := p(xT )
TY

t=1

pθ(xt−1 | xt),

where pθ(xt−1 | xt) = N (xt−1 | µθ(xt, t),Σθ(xt, t)).

(2.45)

A notable property of the forward process is that it permits closed-form sampling at
any arbitrary step t. Defining αt := 1− βt and ᾱt :=

Qt
s=1 αs, one can directly com-

pute the marginal distribution q(xt | x0) without simulating all previous transitions.
The marginal distribution can be computed directly as

q(xt | x0) = N (xt |
√
ᾱtx0, (1− ᾱt)I). (2.46)

Training minimized a simplified noise-prediction objective

Lθ = Ex0,ϵ,t



ϵ− ϵθ
√

ᾱtx0 +
√
1− ᾱtϵ, t

�

 ,
where x0 ∼ q, ϵ ∼ N (0, I), t ∼ U({1, . . . , T}). (2.47)

This objective, introduced by Ho et al. [47], encourages the neural network ϵθ to
predict the noise added at a particular diffusion step t, rather than the denoised
image itself.
This formulation allows efficient training because the noisy sample at any diffu-

sion step can be computed in closed form, avoiding sequential simulation. During
inference, generation proceeds by iteratively reversing the diffusion process over T
discrete steps. Starting from Gaussian noise xT ∼ N (0, I), the model applies the
learned reverse transitions to progressively remove noise. Each reverse step reintro-
duces a small amount of randomness, which, although counterintuitive, improves
sample diversity and stability. The denoising sample is calculated as

xt−1 =
1√
αt

�
xt −

1− αt√
1− ᾱt

ϵθ(xt, t)

�
+ σtz, z ∼ N (0, I), (2.48)

where σt controls the noise at step t and can follow different schedules [47, 122]. In
continuous time, this process can be described by a reverse-time stochastic differen-
tial equation (SDE),

dXt =
�
f(Xt, t)− g(t)2∇ log pt(Xt)

�
dt+ g(t)dWt. (2.49)

where the score function ∇ log pt(Xt), the gradient of the log-density with respect
to the current state, is approximated by a neural network sθ. Furthermore, f is

6Interestingly, this noising process need not be limited to Gaussian perturbations; alternative
forms such as blurring or cropping have also been explored [6].
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2 Backgroud

the drift and g is the diffusion coefficient. As shown by Song et al. [122], for every
diffusion process defined by a stochastic differential equation (SDE), there exists a
corresponding deterministic process. This alternative formulation shares the same
marginal distributions as the original SDE at all steps t. The resulting deterministic
dynamics are governed by the so-called probability flow ODE, given by:

dXt =

�
f(Xt, t)−

1

2
g(t)2∇ log pt(Xt)

�
dt. (2.50)

This equivalence links diffusion models to deterministic continuous-time approaches
such as Flow Matching, providing a conceptual link between stochastic and ODE-
based generative formulations.

Classifier Free Guidance Dhariwal and Nichol [22] demonstrated that diffusion
models surpass GANs in image synthesis quality, particularly when incorporating
classifier guidance to steer the generation process toward desired outputs. However,
this approach introduces additional computational overhead, as it requires train-
ing and storing an additional classifier. An elegant alternative is classifier-free
guidance (CFG) by Ho and Salimans [48], which removes the dependency on
an auxiliary model. Here, the diffusion network is trained both conditionally and
unconditionally by randomly dropping the conditioning signal during training. At
inference, guidance is obtained by linearly combining the conditional and uncondi-
tional predictions:

ϵ̃θ(xt, c) = (1 + w)ϵθ(xt, c)− wϵθ(xt, c = ∅), (2.51)

where w controls the strength of conditioning. Larger w values produce samples
that are more faithful to the conditioning, at the expense of diversity.
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2.5 Continuous Time Models

2.5.3 Flow Matching

Figure 2.6: Flow Matching schematic. Shown is the unconditional Flow Match-
ing process. (top left) Data: samples from source distribution p0 and
target distribution p1, illustrated with medical images. (top right) Path
design: interpolated densities pτ between p0 and p1 define a continuous
trajectory. (bottom left) Training: the model learns a time-dependent
velocity field from the interpolated pairs. (bottom right) Sampling: new
samples are generated by integrating the learned velocity field vθ.

We will adopt FM as the central modeling framework for the main method proposed
in this thesis. Our initial motivation for selecting FM was its recent success and
novelty in image generation; subsequent results revealed properties that make it
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2 Backgroud

particularly suitable for our setting. Most notably, its ability to model continuous
dynamics.

Figure 2.7: Illustration of Flow Matching with conditional probability
paths. The diagram depicts the conditional distribution path pτ (· | x1)
evolving from the prior distribution p0 (left) towards the target point x1

(right) over time τ . Intermediate contour levels represent the progres-
sion of the conditional distribution as it transitions smoothly between
the prior and the target, following the conditional Flow Matching pro-
cess.

Flow Matching Background

We follow the notation of Lipman et al. [80]; Let p1 = q denote the data distribu-
tion on RS, and let p0 = p be a simple prior (for example N (0, I))7. Our goal is
to generate new samples p1 by learning a distribution path (pτ )0≤τ≤1 which trans-
ports p0 → p1. FM learns a step-dependent vector field u : [0, 1] × RS → RS,
which is parametrized and approximated via a neural network vθ. The induced flow
transports p0 to p1. As a machine learning objective, we aim to learn an
idealized ground truth flow. This velocity field determines a step dependent

7For our application, the simple prior is not random noise but rather the patient’s previous image
in the sequence. This aligns the prior with an imaging modality (Dirac delta centered at that
sample), differing from standard probabilistic priors.
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2.5 Continuous Time Models

flow field ψ : [0, 1]× RS → RS, defined as

d

dτ
ψτ (x) = uτ (ψτ (x)), (2.52)

satisfying ψτ (X0) = Xτ ∼ pτ . During inference, we draw X0 ∼ p0, and integrate the
learned velocity field from τ = 0 to τ = 1 in order to obtain X1 = ψ1(X0) ∼ p1. We
deliberately use τ to denote the FM step to avoid confusion with real acquisition
time, and t is reserved exclusively for actual timesteps of image acquisition8. The
velocity field uτ generates the probability path pτ if its flow ψτ satisfies the following
transport equation:

Xτ := ψτ (X0) ∼ pτ , for X0 ∼ p0. (2.53)

For the basic Flow Matching setup, let the source distribution be p0 ∼ N (x|0, I) and
construct the probability path pτ as the aggregation of the conditional probability
paths pτ |1(X | x1), each conditioned on one of the data examples x1 from the target
distribution p1. The probability path pτ therefore follows

pτ (x) =

Z
pτ |1(x|x1)p1(x1)dx1, where pτ |1(x|x1) = N (x|τx1, (1− τ)2I). (2.54)

An overview of each object is illustrated in Figure 2.6. Then, the unconditional
Flow Matching loss reads:

LFM := Eτ,Xτ ||vθ(Xτ , τ)− uτ (Xτ )||22, where τ ∼ U(0, 1), Xτ ∼ pτ . (2.55)

Importantly, this joint probability distribution is infeasible to calculate
in practice, as we would need to evaluate (2.54) for the whole dataset.
Instead, we consider the conditional velocity field. We define the random variable
Xτ ∼ pτ by drawing X0 ∼ p0, X1 ∼ p1 and then calculating their linear combination:

Xτ = τX1 + (1− τ)X0 ∼ pτ . (2.56)

This path, often called the conditional optimal transport path or linear path, has
convenient properties discussed in [80]. Now, the training objective for Flow Match-
ing is to learn the velocity field uτ , which generates the probability path pτ . We use
equation (2.56) to manifest the conditional random variables

Xτ |1 = τx1 + (1− τ)X0 ∼ pτ |1(·|x1) = N (·|τx1, (1− τ)2I). (2.57)

Plugging the conditional path into the ODE

d

dτ
Xτ |1 = uτ


Xτ |1 | x1

�
(2.58)

8See later 4.4
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yields the conditional velocity field

uτ (x | x1) =
x1 − x

1− τ
. (2.59)

An illustration of the conditional path and velocity is shown in Figure 2.7. Evaluated
on samples from the path, this simplifies to the sample-wise target

uτ


Xτ | x1

�
= x1 −X0, (2.60)

which we use for regression. Equipped with the conditional velocity field from
equation (2.59), we can formulate a nice version of the Flow Matching loss from
equation (2.55):

LCFM = Eτ,X0,X1 ||vθ(Xτ , τ)− uτ (Xτ |X1)||22, (2.61)

where τ ∼ U(0, 1), X0 ∼ N (0, I), X1 ∼ p1. We repeat the following important
results:

Theorem 2.2 (Theorem 1 in [80]). The training objective in equation (2.61)
and the unconditional Flow Matching loss in equation (2.55) have the same
gradients with respect to the parameters θ of the neural network vθ, i. e.

∇θLFM(θ) = ∇θLCFM(θ). (2.62)

Finally, plugging in the conditional velocity field from equation (2.59) into the
training objective in equation (2.61) leads to the final and simple Flow Matching
loss:

LOT
CFM = Eτ,X0,X1 ||vθ(Xτ , τ)− (X1 −X0)||22, (2.63)

with τ ∼ U(0, 1), X0 ∼ N (0, I), X1 ∼ p1.

Diffusion formulated as Flow Matching As noted in the introduction paper for
Flow Matching [79], Gaussian diffusion models can be formulated as a special case
of Flow Matching. There, the velocity field is calculated via [79, Eq. 19]:

ut(x | x1) =
α′
1−τ

1− α2
1−τ

(α1−τx−x1) =
B′(1− τ)

2

"
e−B(1−τ)x− e−

1
2
B(1−τ)x1

1− e−B(1−τ)

#
, (2.64)

where B(t) =
R t

0
β(s)ds, and f ′ = d

dτ
f .

LCI and Flow Matching
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Proposition 2.3. Let I0 be the context image and I1 the target image. If
the velocity field is identically zero,

vθ(x, τ) = 0 ∀ x, τ, (2.65)

then the ODE
dXτ

dτ
= vθ(Xτ , τ) = 0, Xτ=0 = I0 (2.66)

has the constant solution Xτ ≡ I0. In particular,

X̂1 = I0, (2.67)

so a “zero” Flow-Matching model predicts the LCI.

As mentioned, LCI is a simple yet surprisingly strong heuristic, as changes are
typically small relative to the static background. Proposition 2.3 formalizes the
connection to Flow Matching : if the learned velocity field uθ(x, τ) vanishes for all x
and τ , the dynamics reduce to the constant solution of X0. Thus, every predicted
frame remains identical to the starting point, and the model degenerates to the LCI.
This equivalence is useful for two reasons:

1. It theoretically provides a soft lower bound for Flow Matching based time
series forecasting methods. In the worst case, the method can fall back to LCI

2. It offers an interpretability anchor : The extent to which FM surpasses LCI,
reflects the capacity to learn spatio-temporal relevant changes.

Hence, given that the LCI appears to be a strong empirical heuristic, Flow Matching
correspondingly provides a inductive bias and starting point for modeling temporal
evolution.

Aspect Neural ODEs Flow Matching (FM)

Learned object Vector field fθ(X, t) Velocity field vθ(X, τ)
ODE Formulation dXt

dt
= fθ(Xt, t)

dXτ

dτ
= vθ(Xτ , τ)

Training regression Final state Target velocity uτ

Table 2.1: Conceptual comparison between Neural ODEs and Flow Matching (FM).
Both approaches learn a vector field defining continuous dynamics, but
differ in how the field is trained.

Comparing NODE to FM While Neural ODEs and Flow Matching share the same
underlying ODE formulation, they differ in training strategy. NODE learn implicitly
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Figure 2.8: Comparison of Neural ODEs (left) and Flow Matching (right).
The black curve is the ground truth, together with its ground truth
velocity uτ as black arrows, and the blue curve is the trajectory over τ
of the prediction. The red arrow indicates the training objective or the
loss. For FM the green arrows indicates the instantaneous velocity field
vθ at time τ at the state Xτ

by enforcing that the integrated trajectory matches the final state, whereas Flow
Matching learns explicitly by regressing toward a velocity field. Additionally, for
Flow Matching, we explicitly construct the ground-truth velocity, whereas NODEs
only learns the final state. Figure 2.8 and Table 2.1 summarize these conceptual
differences.

2.5.4 Schrödinger Bridge Matching

Schrödinger Bridge models (SBs) offer a principled framework for generative model-
ing. Originally proposed in [117], a modern discussion can be found by Chen et al.
[16], the problem is the following: Given two marginal distributions of objects at
different states, what is the most likely evolution between them under the constraint
that the dynamics remain close to a reference stochastic process, such as Brownian
motion? Modern reformulation casts this as a problem of stochastic optimal control,
where one seeks to interpolate between two distributions p and q, using a stochastic
process P , while minimizing the Kullback-Leibler divergence to a reference process
R:

P ∗ = argmin
P∈P

KL(P |R) subject to P (x0) = q, P (xT ) = p. (2.68)

Classically, solving this required iterative algorithms such as Iterative Proportional
Filtering (IPF), which alternates between a forward and backward conditioning to
update drift terms. However, for image generation, this approach is computation-
ally expensive and often impractical. Recent advances by Tong et al. [133] have
introduced simulation-free Schrödinger bridges that leverage neural networks to ap-
proximate the optimal transport path between the two distributions. Then, the loss
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2.5 Continuous Time Models

is calculated via

LSBM = E(∥vθ(t, x)− u◦
t (x|z)∥2) + E(λ(t)2∥sθ −∇ log pt(x|z)∥2), (2.69)

where u◦
t is the optimal transport from the unique ODE solution for the marginal

SDE, which is called the probability flow ODE.
SBs extend diffusion and flow matching by jointly modeling deterministic transport
and the score. It employs two networks: one for the velocity field vθ, capturing the
mean dynamics (as in FM), and one for the score sθ, capturing local uncertainty (as
in diffusion). This unifies both flows and diffusion into a single stochastic optimal
control framework.
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Datasets and preprocessing
3

A central component of this thesis is the design and use of datasets that enable
the evaluation of longitudinal generative models. Since real longitudinal medical
datasets are often limited in scale, heterogeneous in acquisition, and incomplete in
temporal coverage, we consider three complementary categories of data; First, fully
synthetic datasets, which provide complete control over temporal dynamics; Second,
semi-synthetic datasets, which augment real images with artificial but anatomically
consistent longitudinal changes; And lastly real longitudinal datasets, which serve
as the ultimate benchmark for medical realism. For the first two categories, the
focus lies on the controllability and interpretability of temporal dynamics rather
than on the clinical context. Accordingly, the medical background and dataset-
specific clinical details are discussed only for the real longitudinal datasets. This
section introduces the datasets employed in each category, along with their role in
the broader experimental framework.

3.1 Synthetic Data

The primary motivation behind designing this dataset was to evaluate the longitu-
dinal segmentation capabilities of different methods. Although this section appears
before the real-data experiments, it was used after early medical data experiments
produced unsatisfactory results, prompting the need for a more controlled bench-
mark. The dataset itself is conceptually simple: it consists of sequences of ellipses
that grow over time, with growth governed by a single latent variable. This setup
provides a straightforward way to assess whether methods can capture and repro-
duce the underlying temporal dynamics of a simple yet structured process. Despite
the linear latent trajectory, diversity stems from random sampling of growth rates
and initial sizes, as well as additional transformations such as shear and rotation,
which influence the global appearance of each sequence.
More complex temporal trajectories, such as exponential, logistic, or sinusoidal
growth, could further increase the task’s difficulty, so we conducted small-scale tests
with these variants. However, using more complex growth rates adds little value
unless the goal is to further differentiate the methods’ performance. Yet the main
experiments presented later rely solely on the simpler linear formulation, as it was
sufficient. By adjusting the parameter ranges of the ellipses, we can control the
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diversity and statistical spread of the generated dataset.
In essence, this dataset serves as a diagnostic benchmark: it tests whether the pro-
posed models can learn linear temporal trajectories from moderately complex spatial
structures. While it still lacks the complexity that comes from medical data, such
as intensity variation, acquisition noise, and biological variability, it is still useful
for our experiments.
In 2 we see the algorithmic implementation, and in figures 3.1 we see two example
series. We chose the option to generate the dataset on-the-fly, instead of saving it,
and we fixed the amount of context time points to 4, and one target time point.
Other examples are the moving MNIST or bouncing balls [86, 125].

Algorithm 2 Synthetic Ellipses Dataset Generation

Require: image shape S, time grid T = {t1, . . . , tm}, ranges (low, high, start low,
start high, shear low, shear high)

Ensure: binary masks {Mt}t∈T
Stage 0: Global draws

1: r ← Uniform(low, high) ▷ growth rate
2: K ← RandInt(1, 4) ▷ number of ellipses

Stage 1: Sample time-invariant ellipse templates
3: for k ← 1 to K do
4: ck ← SampleCenter(S) ▷ center
5: sk ← U(start low, start high) ▷ base radius
6: ssheark ← U(shear low, shear high) ▷ anisotropy
7: θk ← U(−π, π) ▷ orientation
8: end for

Stage 2: Render sequence over time
9: for each t ∈ T do

10: Mt ← 0S ▷ clear canvas
11: for k ← 1 to K do
12: bk(t) ← sk + t · r ▷ minor axis at time t
13: ak(t) ← bk(t) · ssheark ▷ major axis via shear
14: Ek(t) ← EllipseMask(ck, ak(t), bk(t), θk;S) ▷ rasterize
15: Mt ← Mt OREk(t) ▷ composite
16: end for
17: end for
18: return {Mt}t∈T
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3.1 Synthetic Data

(a) Example series 1.

(b) Example series 2.

Figure 3.1: Two examples of sequences from the synthetic ellipses dataset.
(a) and (b) show two distinct time series, each consisting of five binary
segmentation masks captured at randomly sampled time points T0 to T4

within the interval [0, 1]. The sequences depict evolving shapes over time,
controlled by different generation parameters such as motion complex-
ity, deformation, or overlap. These examples illustrate the variability
in temporal progression and structural changes used to evaluate model
robustness and generalization.
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3.2 Medical Data

3.2.1 Brain Tumor Segmentation Dataset

Figure 3.2: BraTS Data Example: Example axial slices from the Brain Tumor
Segmentation (BraTS) dataset. The first four images correspond to the
multi-modal MRI inputs: T1, T1-contrast-enhanced (T1ce), T2, and
FLAIR. The final image shows the associated expert-annotated tumor
segmentation mask. This dataset is used in our section for the extension
to semi-synthetic longitudinal data.

While the previous sections focused on purely synthetic datasets, there remains
a considerable gap between such toy datasets and real-world medical data. To ad-
dress this gap, we extend our focus to the construction of semi-synthetic longitudinal
datasets. A key motivation for this direction is that longitudinal datasets in medicine
are often limited in size. Their temporal dynamics are not always well character-
ized [31]. By constructing semi-synthetic longitudinal series, we enrich training data
and provide controlled benchmarks for evaluating generative models that capture
temporal evolution. Specifically, our approach uses an existing medical imaging
dataset as a structural backbone, augmented with artificial but anatomically con-
sistent longitudinal changes. Through this, we aim to retain the controllability of
synthetic datasets while incorporating the anatomical realism of real medical data.
We employ the BraTS dataset [92] as the basis for our semi-synthetic data exper-
iments. This resource is widely used for brain tumor segmentation research. This
dataset aligns with our broader motivation of modeling temporal cancer evolution,
offering multiple MRI modalities and expert-provided tumor annotations. An ex-
ample case from BraTS is shown in Figure 3.2.
Building on this foundation, our augmentation method transforms a single static
scan into a semi-synthetic temporal sequence that simulates a longitudinal progres-
sion. In contrast to the previously discussed synthetic datasets, this augmentation
method relies on deformation fields derived from segmentation masks, which main-
tain anatomical plausibility while introducing measurable spatio-temporal variation.
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Figure 3.3 illustrates this idea: the initial image is deformed into a later state, and
the voxel-wise difference map highlights the regions most affected by the transforma-
tion. Section 3.2.1 details this method. It is training-free, computationally efficient
(can be applied online), and works for any 3D medical dataset with segmentation
masks. Thus, such augmentations provide a practical compromise between purely
synthetic toy data and limited real longitudinal data. Ultimately, they enable sys-
tematic evaluation of temporal prediction models under controlled settings while
preserving a closer resemblance to realistic medical image distributions.

(a) BraTS: Start of the
time series

(b) BraTS: End of the
time series

(c) Difference map of
3.3a and 3.3b

Figure 3.3: Example of longitudinal image augmentation using the longitudinal aug-
mentations on the BraTS dataset. (a) shows the initial image in the syn-
thetic time series, and (b) the final image after deformation. (c) visual-
izes the voxel-wise absolute difference between (a) and (b), highlighting
the spatial regions most affected by the synthetic transformation. This
illustrates LAUGEN’s ability to generate significant temporal variation
while maintaining a semblance of plausible medical images.

Since this semi-synthetic dataset is not inherently longitudinal, we omit detailed
medical background information. In the following sections, we additionally focus on
genuinely longitudinal and spatio-temporal medical datasets, discussing how we will
use them to evaluate the proposed methods.
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3.2.2 Alzheimer Disease

(a) Confirmed AD case, later
stage.

(b) Confirmed AD case,
early stage.

(c) Difference map of 3.4a
and 3.4b

Figure 3.4: Example images from the Alzheimer’s Disease Neuroimaging
Initiative (ADNI) dataset. (a) and (b) show axial slices of T1-
weighted MRIs from a confirmed Alzheimer’s Disease (AD) case at later
and earlier stages, respectively. (c) shows the absolute difference map
between the two time points, highlighting structural brain changes asso-
ciated with disease progression.

Alzheimer’s disease (an example MRI is shown in Figure 3.4) is a progressive neu-
rodegenerative disorder, resulting in memory loss, cognitive decline, behavioral
changes, and eventually death [46]. The pathology of AD follows a typical spread-
ing pattern [9, 52, 135]. This spreading process follows a well-behaved pattern, with
intensity that can be modeled using well-established characteristics. Other areas,
however, are only impaired in severe stages of the disease. In the earlier stages,
changes are found in the medial temporal lobe structure, the entorhinal and perirhi-
nal cortex, and the hippocampus [93]. However, one drawback is the fact that most
known biomarkers, such as diminished hippocampal volume, are not unique to AD,
and that atrophy is a downstream effect of amyloid plaques or NFTs [135]. In
those cases, AD can be diagnosed post-mortem. Therefore, the goal in this research
area is to identify biomarkers for diagnosing AD in vivo and monitoring disease pro-
gression. Deep learning has shown great promise, and AD is a well-studied disease
in longitudinal imaging. A comprehensive review of recent AI advances in AD is
given by [163]; Despite large cohort datasets such as OASIS [74] and ADNI [53], the
review suggests that data scarcity remains a major issue.
Most longitudinal AD cohorts include subjects across the cognitive spectrum, from
healthy controls to mild cognitive impairment (MCI) and diagnosed AD, captured
over multiple years with follow-up intervals typically between 6 and 24 months.
Structural T1-weighted MRI is the primary imaging modality. They are often com-
plemented by PET or diffusion, as well as cognitive scores and metadata, but we
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focus on T1 data. All scans undergo additional preprocessing steps, including brain
extraction and inter-scan registration to ensure spatial alignment.

3.2.3 Cardiac Cine MRI

Figure 3.5: Example of a longitudinal image sequence, with the LCI on the right
and the target (ground truth, GT) on the left. Data is from the ACDC
dataset [7]. The lower row shows the pixel-level difference between the
LCI and the GT.

Coronary Artery Disease (CAD) is the leading cause of death worldwide, and a
major contributor to disability [123]. [12] provides an up-to-date overview of the
current state of prevalence and attribution of mortality of CAD. For this purpose,
the ACDC dataset [7] was created. This dataset measures segmentation results
for the myocardium, left ventricle, and right ventricle, and also classifies different
pathologies. The dataset consists of 150 patients, with varying pathologies and
healthy subjects. [154] note that the task of generating the end diastolic (ED) and
end systolic (ES) frames is of importance. These images are acquired with fine-
grained temporal resolution. Interpolation or extrapolation may enable more rapid
MR imaging, as discussed in [114]. The trajectories of the heart are well known,
and the pathology groups are distinct. This makes the dataset well-suited for spatio-
temporal benchmarking. Exemplary images of ACDC are shown in figure 2.1.
Because cardiac motion is periodic and well-characterized physiologically, it provides
a suitable setting for evaluating longitudinal models. Each subject includes a short-
axis cine MRI sequence, which is re-sampled to 12 frames between ED and ES phase,
and to 128× 128× 32 spatial resolution (following the pre-processing protocol from
[154]). In total, the dataset contains 150 patients, with a 50 test and 80 − 20
training-validation split.
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3.2.4 Ischemic Stroke perfusion CT

(a) Perfusion CT, showing one frame of the
time series.

(b) Showing the same patient of 3.6a, but
a different frame of the time series .

Figure 3.6: Example frames from the ISLES dataset, which includes dynamic
perfusion CT scans of stroke patients. (a) and (b) show two time points
from the same patient, highlighting temporal variations in cerebral blood
flow and contrast dynamics. These sequences are used to model disease
progression and to evaluate predictive models under temporal imaging
conditions.

Stroke is the fifth leading cause of death in the US, where 87% of the total 795k
are ischemic [155]. The ISLES dataset [108] (see Figure 3.6) was introduced to fos-
ter the development of machine learning algorithms for lesion identification, brain
health quantification, and prognosis prediction from acute stroke imaging. Auto-
mated analysis in this context is clinically critical, as treatment decisions, such as
thrombectomy, must often be made within 6 hours. Accurate prediction of lesion
volume and growth may support decisions about whether to transfer patients to
specialized centers.
Although perfusion CT is not inherently longitudinal, we can use its temporal at-
tribute. Each sequence reflects cerebral blood flow evolution and contrast changes.
This yields a short temporal series with spatially consistent intensity changes per
patient across the brain. In this work, we use temporal signals to evaluate spatio-
temporal models. To our knowledge, this constitutes the first use of ISLES for this
specific prediction task.
From the normalized series, we sample seven consecutive frames, using the last as
the target and randomly masking the remaining context frames. The resulting con-
text tensor has shape [T,H,D,W ] = [7, 16, 128, 128]. We use a split of 92 training,
23 validation, and 34 test volumes.

50



3.2 Medical Data

Target (GT) Difference to LIB Last Context (LIB)

Figure 3.7: Example case from the LUMIERE dataset. Shown are axial MRI
slices of the same patient at two different time points. The left image is
the target scan (GT) representing the later time point. The right image
shows the last available context image (LIB), i.e., the most recent prior
scan. The middle image is the absolute voxel-wise difference between
the target and LIB, highlighting structural or intensity changes over
time. This example illustrates the temporal variability that longitudinal
models aim to capture.

3.2.5 Longitudinal Brain Tumor

Glioblastoma is the most aggressive primary brain tumor, associated with poor
prognosis and limited survival [91]. The current standard of care combines maximal
safe resection with adjuvant radiotherapy and chemotherapy. Tumor response and
progression are evaluated according to the Response Assessment in Neuro-Oncology
(RANO) criteria [145], which rely on post-contrast MRI measurements to assess
changes in tumor size and enhancement over time. Accurate imaging and consistent
follow-up are therefore essential for clinical management, as understanding tumor
growth dynamics directly informs treatment scheduling. Recent advances in AI have
shown promise for quantitative and automated tumor response assessment [61]. The
LUMIERE dataset [124] was created to study the longitudinal evolution of glioblas-
toma under treatment. It provides expert RANO ratings across multiple follow-up
timepoints, automated tumor segmentations, and complementary metadata for 3D
MRI scans. This makes LUMIERE particularly well suited for longitudinal pre-
diction tasks, especially when dealing with irregularly sampled sequences. In our
setup, we aim to predict future MRI volumes from available context images, using
this prediction as a proxy for modeling the underlying disease trajectory.
The dataset spans several months to years between follow-ups, leading to irregular
temporal spacing across patients. Images are reshaped to a standardized tensor
size of [T,H,D,W ] = [7, 96, 96, 64]. For patients with fewer available acquisitions,
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zero-padding is applied to ensure consistent preprocessing across all cases. The
dataset is divided into 48 training, 12 validation, and 14 test volumes. All scans are
co-registered to a common reference space to reduce inter-scan alignment errors.

3.2.6 Near Staticity of Medical Time Series

Figure 3.8: LCI is close to the Target: We report two NRMSE values: one
between LCI, Itarget, and another between target and a random image.
Percentages indicate the ratio of the LCI error to the random image
baseline error. For reference, theNRMSE between two random patients
in the ACDC dataset is approximately 0.0287, which is about half the
error of the random baseline.

When examining examples from the datasets (e. g. see Figure 3.5), we observe that
the absolute changes within a sequence are relatively small. This pattern holds across
most spatio-temporal medical datasets: temporal variation is low, cand changes are
typically localized rather than global. Unlike natural video data, where dynamics
arise from large motion, lighting, or texture variations, medical scans remain mostly
visually stable across time, with gradual anatomical evolution.
To quantify this, we compute the average NRMSE of the LCI relative to ran-
dom noise across the three datasets used for our 3D spatio-temporal experiments:
ACDC, ISLEs and LUMIERE (Figure 3.8). The LCI remains below 3% for ACDC
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and ISLES, both of which show fine-grained temporal changes, and around 6% for
LUMIERE, where supposedly larger tumors and registration inaccuracies lead to
more visible differences (see Figure 3.7). These low values confirm that temporal
evolution in medical imaging is smooth and spatially constrained, reinforcing the
advantage that we can achieve when we focus mostly on these smaller changes.
This observation supports the use of Flow Matching as a canonical approach for
spatio-temporal modeling. In fact, we will show that Flow Matching trivially con-
tains the LCI. While this analysis does not directly quantify the issue discussed
in Section 2.3.3, it provides additional evidence that focusing on modeling differ-
ences is well justified. To our knowledge, this behaviour has not been systematically
analyzed in prior work, likely reflecting the limited attention longitudinal image gen-
eration has received in the literature. Together, these findings provide an empirical
and conceptual foundation for the methodological choices in Section 4.3.

Figure 3.9: Fourier magnitude spectra from the target image and the dif-
ference between the target image and the LCI. Left: Fourier
spectrum of a slice of a target image from the ACDC dataset. Right:
Fourier spectrum of a slice of the difference between the target image
and the LCI from the ACDC dataset. .

Fourier Spectra We analyzed the Fourier spectra to obtain further quantitative
distinctions between the images and the LCI. The spectra show that the difference
between the target and the LCI exhibits significantly reduced spectral energy, with
most of the energy concentrated in low-amplitude frequency components. This
suggests that temporal changes have a smaller amplitude than those in the full image.
As a result, the model only needs to learn smaller residual dynamics instead of
reconstructing the full frequency structure, likely simplifying prediction. Figure 3.10
shows the magnitude histogram, while Figure 3.9 provides two example Fourier
transforms: one from a target image in the ACDC dataset and another of the
difference between the target and the LCI.
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Figure 3.10: Comparison of the Fourier magnitude histograms for a target image
and the difference between its difference to LCI. The red distribution
(Target - LCI) shows a clear reduction in frequency amplitude compared
to the gray (Target image) distribution. This shows an overall reduction
in spectral energy.
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In the previous Chapter 3 we discussed the datasets used, and before that we dis-
cussed the baselines in Chapter 2, including both discrete and time-continuous ap-
proaches. In this Chapter, we present the principal methodological contributions of
this work. We first describe extensions of existing baselines, in particular improve-
ments to ASP.
Next, we introduce a medical image augmentation strategy that generates longi-
tudinal image sequences from static scans. Finally, we detail the main proposed
method, Temporal Flow Matching (TFM), which extends Flow Matching to model
temporal evolution across multiple time points. We further enhance this method
with continuous-time modeling, deformation fields, and a generalization toward
Schrödinger Bridges.

4.1 Neural Processes and Neural ODEs

In this section we summarize the Attentive Segmentation Process (ASP [102]) and
the extensions we proposed for longitudinal image prediction. While the ASP
provides a solid baseline for learning from sparse temporal observations through
attention-based aggregation on image features, it faces limitations in both computa-
tional scalability and temporal expressiveness. Our goal is therefore twofold: first,
we aim to make the attention mechanism more scalable for high-resolution or 3D
data, and secondly, to improve temporal modeling through continuous-time repre-
sentations based on Neural Ordinary Differential Equations (Neural ODEs [13]).
Despite several architectural variations, the overall performance gains remains mod-
erate, suggesting that the Neural Process backbone itself may impose structural
constraints for our tasks (for a summary of Neural Processes see Section 2.5). The
following subsections present the baseline ASP formulation 4.1.1,the Neural ODE
integration designed to enhance temporal continuity in Section 4.1.2 the proposed
scalability modifications 4.1.2.

4.1.1 Attentive Segmentation Process

The ASP is a Neural Process variant designed to predict future target segmentations
from a set of continuous-time observations using attention based feature aggrega-
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tion. Given context observations {(xi, ti)}ni=1, the model aims to reconstruct the
corresponding target image xtarget at specified time ttarget. Context Encoding:
Each context slice xi ∈ RC×H×W at time ti is processed by a shared encoder Eϕ

to produce multi-scale feature maps ri,ℓ ∈ Rdℓ×Hℓ×Wℓ for levels ℓ = 1, . . . , L, and a
global vector ri,G ∈ RdG .

Figure 4.1: Overview of the Attentive Neural Process Architecture: Given
a set of context observations I1, . . . , IT at times t1, . . . , tT , we want to
predict the target observation at a given time ttarget. The basic back-
bone overview of a neural process is shown in Figure 2.5. This figure
here shows the backbone of the ASP itself, which is a UNet architecture
with attention summing the up the features. The features are the image
features, the context times and the target time which are encoded via a
linear layer. The features from the context times and target times are
in different parts of the attention. In the bottleneck, time embeddings
are summed up, and the output is then concatenated to the image em-
beddings. The Figure has been adapted from [102].

Time embedding. Acquisition times ti and target time tt are embedded via
linear layer u to have the same dimensionality as the feature maps:

τi = u(ti) ∈ Rdτ . (4.1)

Spatio-Temporal Attention: At the two coarsest U-Net scales (ℓ = 1, 2), we flat-
ten the feature maps and apply attention only along the temporal axis using (2.9).
For finer scales (ℓ = 3, . . . , L), attention is computed over both spatial and tempo-
ral dimensions. In other words, the top (coarse) levels use temporal-only attention,
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while the bottom (fine) levels employ full spatio-temporal attention. The three
matrices for the attention operation, key value and query correspond to the image
features, the context times and the target time embeddings respectively. Figure 4.1
shows and overview of the ASP. Computational Considerations: Temporal at-
tention scales quadratically with the number of context frames, whereas full spatio-
temporal attention adds a quadratic cost in the number of spatial patches. This
quickly becomes prohibitive for high-resolution or 3D data, motivating the develop-
ment of lightweight alternatives, which we will discuss in the following subsection.

4.1.2 Neural Process Extensions

Figure 4.2: The left diagram shows the NODE variant of the ASP, where the skip
connections can also be a simple sum instead of the attention mechanism.
The right diagram shows the Mamba configuration, which replaces the
attention-based skip connections with summed feature aggregation fol-
lowed by Mamba blocks. Both architectures have the same encoder-
decoder structure, see Figure 4.1.

Temporal Modeling

Neural ODE bottleneck. To model continuous-time dynamics in the latent space,
we place a Neural ODE after feature aggregation. Let

hsum =
kX

i=1

Eϕ(xi) (4.2)

be the spatial feature at the lowest feature size (colloquially called the bottleneck).
We solve

ztarget = ODEintegrate(hsum, f, {t0, . . . , ttarget}}), (4.3)
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where Tc and Tt are, respectively, the mean context time and the target time. The
dynamics function f is a two-layer neural network with tanh activations and the
same latent dimensionality as hsum. Integration is performed using a fixed-step
fourth-order Runge-Kutta solver [72, 112] with 20 steps, producing ztarget, which
is subsequently decoded to reconstruct the target image, together with the skip-
connections. A diagram is shown in Figure 4.2 left.

Longitudinal VAE (l-VAE) As proposed by [115], the longitudinal VAE replaces
the deepest U-Net bottleneck with a variational autoencoder whose latent interpola-
tion follows a pre-defined geodesic. We add this l-VAE to the same ASP backbone,
without the skip connections. Given context feature sum

hsum =
kX

i=1

Eϕ(xi), (4.4)

we encode to a Gaussian latent (µ, σ), sample z0 ∼ N (µ, σ2), and evolve z(t) along

zi,j = p0 +
�
eξ

i(ti,j−τi)
�
v0 + wi + εi,j, (4.5)

where ξi and τi, respectively the acceleration factor and the onset age of patient i,
allow an affine time warp aligning all patients on a common pathological timeline,
and wi ∈ Z is the space shift that encodes inter-subject variability, while εi,j rep-
resents residual noise [115]. But unlike neural ODEs, this model assumes a fixed
trajectory, limiting it to diseases that align with that trajectory. We implemented
the longitudinal VAE in the ASP backbone by setting all skip connections to zero
and setting the bottleneck as described in (4.5).

Reducing Attention Complexity

Summed Image Representations We also test whether even simpler representa-
tions are sufficient. Let {hi}ni=1, hi ∈ RC′×S′

, be the encoder feature maps at context
times ti. Instead of multi-head attention over {hi}, as well as context and target
time, we compute

hℓ =
kX

i=1

ri,ℓ, , (4.6)

and pass hℓ to the decoder using the same skip-connection paths. This reduces mem-
ory and computation by replacing theO(n2) attention cost with a single element-wise
sum. But this reduces model expressiveness, since no time representation reaches
the decoder. In practice, this provides a minimal baseline for skip-connections while
replacing attention.
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Mamba for Skip Connections To clarify, to avoid the quadratic cost of attention
in ASP, we replace all skip-connection ASP attention blocks (S0...3) with Mamba
blocks [43]. At each resolution level ℓ, we first sum context features:

h′
ℓ = Mamba(hℓ), (4.7)

then apply a Mamba layer to hℓ (a sequence-to-sequence model with linear cost
in sequence length); then merge the output via U-Net skip connections. The final
bottleneck, S4, remains a simple sum, as in a Neural Process. This was a prelim-
inary approach. The original ASP used three different inputs for key, query, and
value (2.9). We therefore tested first whether spatial features alone were sufficient.

4.2 Longitudinal Augmentation and Data Generation

(a) Image with Segmentation Mask (b) Normal Vector.

Figure 4.3: Visualization of a selected slice from BraTS [92]. (a) Shows an ex-
ample slice from the BraTS dataset together with a segmentation mask
overlayed. (b) This image shows a slice with a displacement vector de-
rived from the segmentation mask boundary. The coloured arrows rep-
resent the direction and magnitude of the displacement field, computed
as the normalized gradient of a Gaussian-blurred segmentation mask.

We encountered difficulties when experimenting with the ADNI dataset using Neu-
ral Processes and its variants, and it was unclear whether the poor results stemmed
from methodological limitations or from the dataset’s complexity. Controlled exper-
iments on synthetic data confirmed that the methods struggled to capture temporal
dynamics even under idealized conditions, indicating inherent model constraints.
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Motivated by these findings, we developed the following longitudinal data augmen-
tation and generation method, designed to bridge the gap between fully synthetic
and hard-to-control real data.
This method alleviates these issues by synthetically generating longitudinal image
sequences from static scans, allowing us to achieve the following objectives, which
we will test: First, to pre-train methods or for online augmentations. Secondly, to
benchmark spatio-temporal methods under controlled, yet realistic conditions. It
therefore complements the synthetic benchmarks, whose use was motivated by the
observations from these earlier experiments.

4.2.1 Longitudinal Augmentations via Deformation Fields.

Figure 4.4: Extending biological augmentations to generate longitudinal
series. This figure illustrates the process of time-dependent augmenta-
tion, where the displacement magnitude varies over synthetic time and
amplitude α(t). The original segmentation mask is shown in light blue,
and the subsequent masks are shown in darker blue. The concentric rings
represent successive time points, with increasing displacement applied to
the segmentation boundary at each step. This enables the generation of
semi-synthetic longitudinal series from a single image and segmentation
mask.

Method Longitudinal augmentations are generated from static images and their
corresponding segmentation masks. Figure 4.3 shows an example image in (a) and
its corresponding deformation field in (b). We begin by describing the simplest
setting, uniform, where displacement is applied uniformly across the segmentation
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mask boundaries, following the scheme of [68]. We extend this approach with two
variants: directional mode, which introduces anisotropic displacements along a pre-
ferred axis, and Gaussian mode, where displacement strength decays spatially by
a Gaussian function and produces localized growth around specific regions. In all
cases, the original structure (blue) is transformed into a new shape (green) through
a vector displacement field. Figure 4.4 depicts how we generate a time-dependent
deformation based on the displacement fields.
Importantly, the method uses a segmentation mask solely to generate plausible vec-
tor fields and does not rely on it for validation. This approach remains practical in
most settings since numerous automatic segmentation methods exist (see e. g. [66,
113] and their medical adaptations [161]). Thus, acquiring segmentations is not a
significant barrier.

Biological Augmentations using Deformations Given a binary segmentation mask
S ∈ {0, 1}H×D×W , we first apply a Gaussian Filter to obtain a smoothed version
SG = Gσ ∗ S, where Gσ is a 3D Gaussian kernel with a standard deviation σ. From
this smoothed mask, we compute the spatial gradient:

∇Sσ =

�
∂Sσ

∂x
,
∂Sσ

∂y
,
∂Sσ

∂z

�
, (4.8)

which is then normalized to obtain unit normal vectors

n̂(x, y, z) =
∇Sσ(x, y, z)

∥∇Sσ(x, y, z)∥
. (4.9)

This ensures that each voxel’s displacement direction is independent of gradient
magnitude. A displacement field D(x, y, z) is generated (e. g. uniform for the basic
setting, Gaussian decaying for blob growth, or directional, see Figure 4.5). The final
deformation field is

v(x, y, z) = D(x, y, z) · n̂(x, y, z). (4.10)

The image I and segmentation masks S are then warped using v. The deformation
map is given by

T (x, y, z) = (x, y, z) + v(x, y, z). (4.11)

Longitudinal Evolution To simulate temporal evolution, we extend the deforma-
tion field by making the displacement magnitude time-dependent (see Figure 4.4):

v(x, y, z, t) = α(t) ·D(x, y, z) · n̂(x, y, z), (4.12)

where α(t) is the latent trajectory controlling deformation strength over time. For
additional flexibility, the displacement field D may also vary with t to model non-
stationary or region-specific dynamics. In our experiments, all three augmentation
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settings shown in Figure 4.5 were used for image generation. For the ACDC dataset,
we applied only the uniform deformation mode. In both cases, we adopted a linear
latent growth, though the method allows for arbitrary functional forms α(t).

Figure 4.5: Extension of [68] to more shapes. This figure illustrates different
displacement strategies applied to a segmentation mask for biological
augmentations. In the Uniform setting, the displacement is uniform
across the mask, as in the original work. The directional setting in-
troduces an anisotropic displacement that simulates shape deformations
along a preferred axis. The Gaussian strategy modulates the displace-
ment strength spatially via a Gaussian decay, enabling very localized
growth in specific regions. In each case, the original shape (blue) is
transformed into a new shape (red) via vector displacements.
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4.3 Flow Matching for Spatio-Temporal Series

In this section, we propose Temporal Flow Matching (TFM), a method for spatio-
temporal medical image modelling. We begin by explaining why FM provides a
natural formulation for modeling medical image time series. It’s linear interpola-
tion that formulates the velocity loss, which inherently captures differences between
scans. Next, we extend the FM formulation to incorporate multiple context images
within the same flow model, using a sparsity filling strategy (see Figure 4.7), yield-
ing TFM (see Figure 4.6). We then discuss how temporal grid quantization enables
discrete modeling but introduces a trade-off between temporal resolution and com-
putational cost. Finally, we highlight how this limitation motivates the transition
to a continuous-time formulation, addressed in the next section.

Why use Flows?: Difference Modeling

We add an explanation that clarifies why Flow Matching is so apt for medical imag-
ing. In standard FM, transport is learned between two distinct distributions p0 and
p1. But in our model, we reinterpret the two distinct distributions as the source I
and the target Itarget. Recall the ground truth velocity (4.19)

X1 −X0 = Itarget − I, (4.13)

i. e. exactly the per-voxel change per time step we wish to predict. We refer to this
as Difference Modeling, the network vθ models the spatio-temporal difference,
rather than reconstructing entire images. Accordingly, recall the regression term
from (2.63):

LFM = E||vθ(Xτ , τ)− (X1 −X0) ||22, (4.14)

which already encodes this subtraction, and the network still receives the full in-
terpolated context Xτ as input. As seen in medical time series (Figure 3.8), most
temporal variations are spatially localized. This is important: starting from the last
available image and modeling just the residual change means the initial estimate is
already close to the target by common image similarity metrics. Again, this ties
back to the start, where changes in images are small, see Section 3.2.6. The whole
motivation also ties back to Proposition 2.3.

Handling Irregular Temporal Contexts Irregular temporal sampling is common
in longitudinal imaging. However, few works address this challenge in sequences.
Most existing methods operate in an image-to-image fashion and thus fail to model
multiple observations. In our context, when applying flow-based models, two canon-
ical strategies can be considered:

1. Temporal Pooling: Compress the context sequence using a spatio-temporal
encoder, or predict the flow from only the last available image.
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2. Dimension Padding: Extend the target and context dimensionality to a
fixed context sequence length.

The first approach is simple but discards earlier-frame information or pools it through
a spatio-temporal model [154]. The second approach preserves all available context
and the temporal information from earlier frames. The downside of the second one is
the increased computational complexity. We adopt dimension padding along the
time axis. This provides flexibility and stability by broadcasting the target image to
match the number of context images. This choice is partly inspired by SimVP [34],
which similarly treats different contexts and target times. For truly irregular data,
we discuss how to embed it in a regular grid. The ACDC and ISLES datasets
are spatiotemporal, meaning their data points are organized on a regular grid. In
ADNI, acquisitions occur approximately every 6 months, establishing a canonical
temporal sampling grid. Of the datasets, only LUMIERE is more irregular, with
data collected at a weekly resolution and during longer acquisition periods. Most of
the data are arranged on a regular, discrete grid. When we subsample to form an
irregular grid, the original discrete grid structure remains present in the dataset.

Full-Resolution Modeling Unlike methods that compress all information into a
latent space, our approach directly models images at full spatial resolution. We
therefore avoid pre-training an autoencoder, thereby simplifying training and re-
ducing overhead. Our approach maintains a computational footprint comparable
to that of other spatio-temporal networks. This makes the operation feasible. By
jointly processing the entire input sequence, the model can capture fine spatial and
temporal dependencies.

4.3.1 Temporal Flow Matching Theory

For TFM, we again assume a known source distribution q and a target distribution p.
Our goal is to learn a distribution path (pτ )0≤τ≤1, which connects the two distribu-
tions. We define an ODE via a step-dependent vector field u : [0, 1]×RT×S → RT×S.
Here, S is the spatial and T the temporal dimension. We approximate u with a neu-
ral network vθ. The corresponding flow satisfies,

d

dτ
ψτ (x) = uτ (ψτ(x)), (4.15)

with ψ0 = Id and pτ = (ψτ )#q. We form patient-coupled pairs (X0, X1) ∼ Π, where
X0 is the context sequence I, and X1 is Itarget stacked T times

X1 := [Itarget, . . . , Itarget| {z }
T

],∈ RT×S. (4.16)
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Figure 4.6: Training and Inference of TFM Here we see the training and infer-
ence for TFM. The training happens via generating the sparsity-filled
sequence I ′. Then a linear interpolation between I ′ and Itarget. The
training is done via sampling τ ∼ U(0, 1), and then calculating theMSE
loss between true velocity uτ and the predicted velocity vθ(Xτ , τ). For
Inference, we first have to choose an integration strategy. In the exper-
iments, we used Runge-Kutta, but here an example for Euler Integration
is shown. For this, again I ′ is calculated, and for each integration step,
we calculate Xτi+1 = Xτi +∆vθ(Xτi , τi).
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Or specifically,
X1 = 1T ⊗ Itarget ∈ RT×S, (4.17)

where (1T ⊗ I)T = I ∀t ∈ T . We define the linear path interpolant

Xτ = (1− τ)X0 + τX1, (4.18)

yielding

uτ :=
dXτ

dτ
= X1 −X0. (4.19)

We train vθ : RT×S × [0, 1] → RT×S with the linear interpolant regression loss

LTFM = Eτ∼U(0,1),{X0,X1}∼Π||vθ(Xτ , τ)− (X1 −X0)||22, (4.20)

At inference, we solve the inverse value problem

dXτ

dτ
= vθ(Xτ ,τ), (4.21)

where X0 is the context sequence and τ ∈ [0, 1]. Which, in practice, is calculated
numerically via

X1 = X0 +

Z 1

0

vθ(Xτ , τ)dτ, (4.22)

to obtain X1 (e. g.via Euler or Runge-Kutta with suitable step size or tolerance).
Using Euler as example, we calculate

Xτi+1 = Xτi +∆vθ(Xτi , τi), (4.23)

where ∆τ is the integration step size, and i the total steps.
Since the prediction is larger than what we want to predict, we need to reduce the
dimension from S × T to S. We extract the target image by projecting along the
time axis. Let w ∈ ∆T−1 be a one-hot selector (w ∈ RT and

P
t wt = 1). We define

Rw(X) =
TX

i=1

wiX
i ∈ RS, (4.24)

where X i is the ith channel. Then Îtarget = Rw(X1). In the experiments, we tested
using the last channel (wT = 1) or the mean (wi = 1/T ).
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Sparsity Filling

Figure 4.7: Illustration of the sparsity filling mechanism. The original input
sequence I contains missing time points (shown as transparent slices),
which are replaced by the most recent available scan through a forward-
filling process. The resulting dense sequence I ′ ensures a temporally
complete input for downstream modeling. This approach preserves tem-
poral structure while addressing common sparsity in longitudinal medical
imaging data.

Irregular sampling in longitudinal imaging leads to missing acquisition at certain
timesteps, as we model time via the discrete grid. This creates gaps along the
temporal axis and distorts the estimated flow between Ii and Itarget. To address this,
we apply sparsity filling, where missing frames (zero images) are replaced by the
most recent available scan (see Figure 4.7). If missing frames occur before the first
observed scan, they are filled using the earliest available image. This forward-filling
strategy ensures temporally dense inputs, resulting in smoother flows. Formally, we
set

X0 = I ′ and X1 = [Ĩ , . . . , Ĩ| {z }
×n

], (4.25)

where I ′ denotes the filled sequence. More rigorously: each missing frame is initial-
ized as zero and iteratively replaced by the nearest past available image in time:

Î1 = Ĩk0 , Îk = mkĨk + (1−mk)Îk−1 k ∈ {2, . . . , K}, (4.26)

where k0 defines the first observed image in the grid and mk ∈ {0, 1} indicating
frame availability. Then we have

k0 = min{k ∈ {1, . . . , K}}|mk = 1}. (4.27)
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We define the sparsity-filling operator as

FSF
�
[Ĩ1, . . . , ĨK ]

�
= [Î1, . . . , ÎK ]. (4.28)

Empirically, this step proves highly beneficial: each filled image in I ′ lies closer
to the target image than a zero-filled frame, producing more homogeneous flow
fields and improving convergence stability as well as performance. Conceptually, the
motivation is similar to that of difference modeling; both approaches aim to reduce
the effective gap between input and target representations, thereby simplifying the
learning problem. The caveat is that this assumes motion is static; more advanced
options include linear interpolation to give a more realistic prior. However, we
note that the continuous version can skip this sparsity-filling step, as it can utilize
arbitrary time steps.

Grid Quantization

We briefly describe how irregular temporal data may be quantized into a fixed grid.
This procedure, while necessary for discrete processing, introduces inaccuracies and
additional computational burden, which motivate our transition to continuous-time
formulations.

Figure 4.8: Illustration of the temporal resolution issue. When continuous
times are discretized onto a fixed grid, each observation is assigned to its
nearest grid point (dotted vertical lines), introducing quantization errors
(indicated by color). Top: With a dense grid (∆t = 1), most acquisi-
tions align closely to the grid, though already small inaccuracies remain,
and some points are excluded. Bottom: A coarser grid (∆t = 3) yields
larger temporal mismatches and fewer effective observations. This high-
lights a fundamental trade-off: finer grids improve temporal accuracy
but increase computational cost and the amount of zero-filled frames,
whereas coarser grids reduce inputs but distort temporal alignment and
reduce the total number of time-points that can be included.
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Assume we want to embed data on a grid with spacing ∆ > 0, and a maximum
size of K ∈ N+, where

gk = g1 + (k − 1)∆, k ∈ {1, . . . , K}. (4.29)

In total, we define the grid as g = [g1, . . . , gk]. We define the grid quantizer as

q(ti) = clip

�
1 +

�
ti − g1
∆

+ 1
2

�
, 1, K

�
, (4.30)

where clip(a, b, c) := min(max(a, b), c). I.e., we clip the value t to the closest grid
point gk. We define the Kronecker delta for indices

δk,q(ti) =

(
1, q(ti) = k

0, else.
(4.31)

Since for some grid sizes ∆, there can be too many items, we define the occupancy:

mk = min

 
1,

TX

i=1

δk,q(ti)

!
∈ {0, 1}. (4.32)

We use the last available index for filling:

i∗(k) = argmaxi(δk,q(ti)ti), (4.33)

i.e. the index which is latest while still falling into the index k. Finally, our embedded
images are

Ĩk =

(
Ii∗(k), mk = 1

0, else.
(4.34)

Lastly, we define the grid quantization as

Egrid
g


{(Ii, ti)}Ti=1

�
= [Ĩ1, . . . , ĨK ]. (4.35)

We present a conundrum, illustrated later by an example. Equation (4.30) shows a
tradeoff when we keep the grid size K constant. First, we have an effective context
range of K

∆
. Secondly, with a larger ∆, more grid points are assigned to the same

index and, through occupancy (4.32), are removed when multiple time points are
present. For discrete series, this is not an issue. For very irregular series, a trade-off
arises. Figure 4.8 illustrates this grid quantization with its quantizer and quantizer
error.
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4.3.2 Architecture Details

Figure 4.9: TFM Architecture. The model takes as inputs a sample Xτ and
a time τ . The scalar τ is embedded into the model dimensions using
sinusoidal embeddings, followed by a linear layer. This produces a high-
dimensional vector, which is then added to each ResBlock. The core of
the network is a classical U-Net architecture, consisting of a downsam-
pling path, a bottleneck, and an upsampling path. After each ResBlock,
there is an attention block that allows the model to focus on different
parts and time steps of the input. Finally, a 1× 1 convolutional layer is
used to produce the output velocity field.

The TFM network follows a standard U-Net backbone adapted from the TorchCFM
library [131]. The scalar flow step τ is embedded via sinusoidal time encoding
followed by a two-layer MLP and added to each ResBlock through feature-wise
modulation. The encoder-decoder consists of ℓ ResBlocks ([1, 1, 2, 4] expansion ratio)

70



4.3 Temporal Flow Matching

with progressive downsampling and upsampling, while attention layers are applied
after each block to utilize the embedding τ . Implementation specifics, including
channel sizes and embedding dimensions, are provided in Appendix 7.2.

Complete Algorithm Algorithm 3 outlines the complete training and inference
process of Temporal Flow Matching. During training, random flow steps τ and
corresponding interpolation Xτ get sampled uniformly. The network is trained via a
MSE loss between true velocity and the network vθ(Xτ , τ). At inference, the learned
flow field is integrated over τ ∈ [0, 1] via an ODE solver to reconstruct the target
image.

Algorithm 3 Temporal Flow Matching: Training and Inference

Require: Patients Π = {[I1, Itarget,1], . . . , [Ip, Itarget,p]} and initial network vθ
1: while training do
2: [I, Itarget] ∼ Π ▷ pick a random patient
3: τ ∼ U(0, 1) ▷ pick a random flow step
4: Itarget ← [Itarget, . . . , Itarget] ▷ Extend the dimension of Itarget T times
5: I ′ ← Sparsity Filling(I) ▷ Fill empty images
6: Xτ ← (1− τ) I ′ + τ Itarget ▷ Calculate the linear interpolation between each

context and target

7: LTFM ←


 vθ


τ, Xτ

�
− (Itarget − I ′)



2

2
▷ Calculate the velocity loss

8: Update θ ← AdamW(∇θLTFM)
9: end while
10: return vθ
11: if inference then
12: Initialize X0 ← I ′

13: Define integration grid {τ0 = 0, . . . , τN = 1} with n steps
14: X̂0:N ← ODEInt


vθ, X0, {τ0, . . . , τN}

�
▷ numerically integrate the network

15: return X̂N

16: end if
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4.4 Extensions

While our method achieves strong results on image reconstruction metrics, sev-
eral technical limitations remain to be addressed. The most critical of these is the
handling of continuous-time modeling. Fortunately, Flow Matching naturally lends
itself to this setting, an insight which aligns well with its connection to NODEs.
Beyond this, we introduce additional extensions aimed at enhancing performance,
rather than overcoming core limitations. Specifically, we explore deformation-aware
modeling and Schrödinger Bridge formulations as potential future directions. In the
following, we outline their conceptual motivations and present preliminary experi-
mental results to illustrate their promise.

4.4.1 Continuous Time

Figure 4.10: Comparison between discrete TFM time embedding (left) and
continuous TFM time embedding (right). In the discrete formu-
lation, all input frames are discretized onto a regular grid, and the
Flow Matching step τ ∈ [0, 1] interpolates between the start and target
frames. In the continuous formulation, each input frame Ii is associ-
ated with its true time step ti. This is done via a per-frame continuous
coordinate ti = (1 − τ)ti + τ ttarget. Using real-time time steps enables
the model to learn the dynamics even under irregular time intervals.

While the discrete Flow Matching formulation performs well on regularly sampled
data, it remains constrained by the assumptions of a fixed, uniformly spaced tem-
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poral grid. This design choice simplifies implementation. However, it limits applica-
bility when acquisitions are highly irregular or when the temporal resolution differs
across subjects. We address this limitation by extending TFM to operate in con-
tinuous time, allowing the model to directly condition on real-valued timesteps.

Flow Steps as Continuous Time The Flow Matching U-Net (see Figure 4.9)
already embeds the scalar FM step τ , through a sinusoidal encoding and feature-wise
modulation at each ResBlock. In the original FM formulation, this step is treated as
an abstract interpolation variable between two distributions. Here, we re-interpret
τ as a representation of actual observed time. 1 This modification requires only
a minimal change to the conditioning mechanism: Instead of embedding a uniform
scalar step, the network now conditions on continuous time coordinates derived from
the true acquisition times 2.

Continuous Time Conditioning

We extend the discrete scalar step τ into a continuous time vector that directly
contains the true acquisition times. Let [t0, . . . , tn] denote the timepoints associated
with the input images, and let ttarget represent the target time. We define the
transformation

τ 7→ T (τ) := (1− τ)



t0
...
tn


+ τ



ttarget
...

ttarget


 . (4.36)

Each entry in T (τ) represents the interpolated time corresponding to one channel
or input image. With this reparameterization, the network input becomes

v(Xτ , τ) → v(Xτ , T (τ)) (4.37)

The underlying flow dynamics remain identical to the discrete case:

d

dτ
ψτ (x) = uτ (ψτ (x)). (4.38)

Accordingly, the interpolation between source and target images also remains un-
changed:

Xτ = (1− τ)X0 + τX1. (4.39)

1This is the reason why we were explicit to call τ as step before, and why we renamed t in the
literature to τ .

2A concurrent approach, Zhang et al. [158], also addresses irregular temporal data by modeling
the flow between consecutive samples. However, their formulation operates recurrently and
is currently suited for low-dimensional trajectories. Extending it to our high-dimensional 3D
network would require substantial architectural modifications
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This interpolated sample Xτ is passed through the network, while the corresponding
time vector conditioning is now derived from T (τ) instead of τ .
The time vector is encoded via elementwise sinusoidal embedding, followed by sum-
mation across all frames, in order to preserve the dimensionality of the embedding
independent of n:

E(T (τ)) =
1

n

nX

i=0

SinEnc(T (τ)i). (4.40)

This highlights a potential drawback: many time points may drown out any temporal
signal. The overall Flow Matching loss remains structurally identical, except that
the velocity field now depends on the continuous time vector:

LOT
continuous TFM = Eτ∼U(0,1),{X0,X1}∼Π||vθ(Xτ , T (τ))− (X1 −X0)||, (4.41)

At inference, we solve the same ODE inverse integration problem, now parametrized
via:

dXτ

dτ
= vθ(Xτ ,T (τ)), (4.42)

This formulation yields one timestamp per input frame, allowing the model to di-
rectly condition on real acquisition times without relying on a fixed temporal grid.
As a result, this variation of TFM can naturally handle irregularly sampled
sequences while preserving the original structure, and even improve the efficiency.
Moreover, since no dense zero-filling is required, the continuous variant even reduces
memory usage and improves scalability, particularly in datasets with highly varying
acquisition schedules (see Figure 4.8 as an example).

Further Addenda.

Since the previous methods were not that reliant on the explicit time conditioning,
we are looking for ways to improve.

Velocity Attenuated Loss Classical Flow Matching assumes transport between
a random distribution and another distribution, whereas in our longitudinal case,
large portions of the velocity field are close to zero. This imbalance can bias the
network toward static flows. To counteract this, we can reweight the loss by the
magnitude of the true velocity field:

LVelocity Attenuated =
1

S ∗ T
S∗TX

i=1

∥ui ∗ (ui − vθ,i)∥22, (4.43)

This attenuates the contribution of stationary regions, emphasizing voxels that
change significantly.
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Contrastive Learning. To further enhance temporal sensitivity, we integrate a
contrastive self-supervised term inspired by [15] and which was used in [83]. Unlike
classical contrastive methods such as SimCLR [14], which require large batches
of negatives, or MoCo [45], which maintains a memory queue, SimSiam operates
without explicit negatives. It promotes representational consistency between two
different views, in our case, between close adjacent temporal embeddings. Formally,
let fθ(·) denote the encoder (here, our U-Net backbone). Given an input x, we
compute two stochastic augmentations x1, x2 (in our case, temporal augmentations).
The encoder produces latent features h1 = fθ(x1) and h2 = fθ(x2). A projection
head g(·) maps these features into a lower-dimensional embedding space, yielding
z1 = g(h1) and z2 = g(h2). A predictor q(·) is then applied asymmetrically to one
branch, producing ẑ1 = q(z1). The loss is the negative cosine similarity:

LSimSiam = − ẑ⊤1 z2
∥ẑ1∥∥z2∥

, (4.44)

symmetric over both directions (1 → 2 and 2 → 1). In practice, g(·) is a linear
projection with batch normalization, and q(·) is a lightweight MLP.

Temporal Augmentations. Since absolute time is often less relevant than relative
progression, we introduce temporal jittering as a stochastic augmentation. We
perturb the input timesteps by small Gaussian offsets:

t⃗ 7→ t⃗+N (0, σ2), (4.45)

thereby encouraging invariance to global time shifts while preserving local ordering.

4.4.2 Schrödinger Bridges

Schrödinger Bridges generalize deterministic FlowMatching by introducing a stochas-
tic regularization. Schrödinger Bridge (SB) have been proposed by [8, 140], and
the more modern, simulation-free variant [133] and their generalized SB variant
from [84]. Our preliminary results confirm the technical feasibility. However, they
also highlight challenges, particularly with our approach, which calculates Flows at
the voxel level. This section briefly shows the training and inference code. We also
describe changes needed to adapt voxel-based Flows. It is important to note that
our results remain exploratory but promising.

Training and Inference To provide specifics, Algorithms 4 and 5 outline the
training and inference schemes for the Schrödinger Bridge TFM. In contrast to the
standard TFM, where the velocity field is estimated via optimal transport, the SB
formulation learns a different velocity and score [133]. During inference, we use
the Euler-Maruyama method. This allows us to simulate forward trajectories that
combine deterministic drift and data-dependent noise.
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Algorithm 4 Score-and-Flow Matching Training

Require: Source prior q(z), conditional path {pt(x | z)}t∈[0,1], velocity field ut(x |
z), weighting schedule λ(t), initial networks vθ, sθ

1: while not converged do
2: z ∼ q(z)
3: t ∼ U(0, 1)
4: x ∼ pt(x | z)
5: Lv ←



 vθ(x, t) − ut(x | z)


2

2
▷ Flow Matching (velocity) loss

6: Ls ←


 sθ(x, t) − ∇x log pt(x | z)



2

2
▷ Score Matching loss

7: LSBM ← Lv + λ(t)2 Ls ▷ Combine with time-dependent weighting
8: θ ← Update(θ,∇θLSBM)
9: end while

10: return vθ, sθ

Algorithm 5 Simulation-Free Schrödinger TFM
(Euler–Maruyama integration)

Require: Flow network vθ, score network sθ, diffusion schedule g(t), step size ∆t,
source prior q0

1: Sample x0 ∼ q0(x)
2: for n = 0 to N − 1 do
3: t ← n∆t
4: ut ← vθ(xt, t) + g(t)2

2
sθ(xt, t)

5: xt+∆t ∼ N

xt + ut ∆t, g(t)2 Θ(vθ(xt, t) > T )∆t I

�
▷ Euler–Maruyama step

with noise mask
6: end for
7: return xN ∆t

76



4.4 Extensions

Noise masking for voxel-level changes A consideration is that in most medical
spatio-temporal series, most voxels remain static over time, with only small regions
exhibiting change. To avoid perturbations in voxel space where change is scarce, we
restrict the diffusion noise to these dynamic regions. We apply a spatial mask M
derived from the magnitude of the predicted velocity field:

σ = Θ(uθ > T ) · g(t) ·
√
∆t, (4.46)

where T is a threshold, and Θ is the Heaviside step function. Additionally, inference-
time noise is scaled relative to the training noise

σinference = C · σtrain, (4.47)

with C controlling the strength of stochasticity. This selective noise stabilizes re-
constructions and better aligns stochastic sampling with regions of change.

4.4.3 Beyond Mass Generation: From Flows to Deformations

Not all voxel-space flows correspond to physically meaningful transformations. In
some cases, the predicted flow fields represent changes in intensity rather than ac-
tual spatial motion, leading to the appearance or disappearance of mass. Such
behaviour can be problematic when modeling physical or biological processes that
are expected to conserve intensity or that describe deformations. Deformation-based
formulations, in contrast, preserve mass by explicitly transporting intensity through
space3. Both formulations are theoretically valid, but they model different physi-
cal or image-based processes. Figure 4.11 illustrates this: the left panel shows the
ground truth, the middle panel depicts a flow-based transformation that alters mass,
and the right panel demonstrates a deformation-based mapping that conserves it.

4.4.4 Deformation-aware Flow Matching

This section presents an exploratory extension of our method using deformation
fields. The ideas herein are preliminary and self-contained, reflecting a conceptual
hunch rather than a fully developed method. Although we lack rigorous mathemat-
ical guarantees for the combined deformation and FM formulation, we nonetheless
provide the following math as a guiding hypothesis for future investigations. While
Flow Matching effectively models transformations between arbitrary distributions,
its standard formulation assumes pixel-wise evolution, where each spatial position

3Strictly speaking, standard deformation fields preserve spatial correspondence rather than phys-
ical mass. True mass conservation requires either a volume-preserving deformation or reweight-
ing of intensities. On the other hand, all mass-conserved deformations are contained within
deformations.
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Figure 4.11: Deformation vs Mass Generation This figure illustrates the con-
ceptual difference between voxel-wise mass generation and deformation.
(a) Shows the starting and the end state, where gray is the starting state
and orange is the final state. Blue bars represent intermediate states.
(b) Mass generation and deletion represent the intensity transport as
a creation and destruction process. Values at the start decrease while
new intensity appears elsewhere. (c) Shows a mass displacement, where
the same intensity is spatially shifted, preserving the mass.

changes independently over time. In medical imaging, however, many physiologi-
cal processes are better described as spatial deformations rather than direct inten-
sity changes. For instance, cardiac motion in ACDC corresponds mainly to tissue
displacement and volume change, while brain atrophy manifests as slow, spatially
coherent shrinkage. In such cases, pure Flow Matching requires large voxel-wise
velocity updates to approximate geometric motion, which may be inefficient. (Yet,
how to quantify this possible inefficiency is not trivial, and we leave confirmation
for future work. Here, we leave this solely as motivation.)
To address this possible limitation, we implement Deformation-aware Flow Match-
ing, an extension that first models geometric deformation and then intensity evolu-
tion. Conceptually, the image evolution is decomposed into two coupled components:

1. a deformation field capturing spatial displacement, and

2. a Flow Matching term accounting for local intensity or mass changes.

Figure 4.11 illustrates this relationship: classical optimal transport (OT) displaces
mass but does not create, while flow matching interpolates vertically in intensity
space (in our formulation). An additional perspective of optimal transport with
mass generation can be found in Figure 7.1
Although biological changes are not strictly mass-preserving, the deformation pro-
vides a physically meaningful prior that could stabilize learning and better represent
motion. We therefore treat the deformation before the flow, so that the flow is calcu-
lated after the images have been transformed. The underlying network is unchanged,
except for increasing the channel size.
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Optimal Transport vs. Flow Matching We approach this problem from a com-
plementary perspective. Since deformation fields correspond to mass-preserving
transformations, they are naturally described via optimal transport. In its dynamic
formulation, OT defines a transport plan that minimizes kinetic energy while con-
serving mass:

W2(ρ0, ρ1) = inf
γ,v

Z 1

0

Z

Ω

ρ(t, x)∥v(t, x)∥2dxdt, (4.48)

subject to the continuity equation

∂ρ

∂t
+∇ · (ρv) = 0. (4.49)

This purely deformational model enforces strict mass preservation, making it
inadequate for problems which involve local intensity changes (for us, perfusion CT
is a counterexample). To address this, one can introduce a source term s(t, x), which
allows mass creation over time, leading to extensions such as the Fisher-Rao metric:

WFR(ρ0, ρ1) = inf
γ,p

Z 1

0

Z

Ω

p(t, x)2

ρ(t, x)
+ γ

s(t, x)2

ρ(t, x)
dxdt, (4.50)

subject to
∂ρ

∂t
+∇ · (ρv) = s(t, x). (4.51)

4 In contrast, Flow Matching operates directly in the distribution space, transport-
ing probability mass vertically in density space rather than horizontally in spatial
coordinates (Fig. 7.1).

3D Warping. Given the last context image

xprev ∈ RS (4.52)

and a predicted voxel flow field
f ∈ R3×S, (4.53)

(with components fx, fy, fz in voxel units along (W,H,D)). We define a normalized
sampling grid in [−1, 1]3:

gbase(i, j, k) =

�
2k

W − 1
− 1,

2j

H − 1
− 1,

2i

D − 1
− 1

�
. (4.54)

4As shown in [18, Eq. 5.7], the relative weighting γ governs the trade-off between transport and
mass variation. For small γ, creation and destruction dominate, whereas for large γ, transport
is favored. In practice, this balance must be assessed empirically.
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The flow field is normalized to the same range:

∆gx = fx ·
2

W − 1
, ∆gy = fy ·

2

H − 1
, ∆gz = fz ·

2

D − 1
. (4.55)

The deformed sampling grid is then

g = gbase + (∆gx, ∆gy, ∆gz), (4.56)

and the warped volume is obtained via trilinear resampling:

xwarp = grid sample(xprev, g, mode = bilinear, padding mode = border). (4.57)

This operation produces xwarp at the deformed coordinates specified by the flow.

Technical Implementation. We adopt a minimal yet effective extension of the
continuous TFMmodel to incorporate deformation fields. Recall that the continuous
model predicts a velocity field for each time step over the spatial domain.

M : RT×S → RT×S, (4.58)

To reduce memory requirements, we apply the deformation only to the last context
image. Formally, we extend the Flow Matching model to

M′ : RT×S → R(T+3)×S, (4.59)

where
M′(I, T ) :=

�
vFM, fLCI

�
, (4.60)

with vFM denoting the velocity prediction from the TFM model and fLCI the defor-
mation field that maps the last context image to the target image. Thus, the only
architectural modification is increasing the output channel dimension to accommo-
date the deformation field, while all other settings remain unchanged. While we
implemented this deformation-aware formulation and verified its technical feasibil-
ity, comprehensive large-scale experiments are left for future work.
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Results
5

In this chapter, we present both quantitative and qualitative results obtained with
the methods introduced in the previous sections. We begin in Section 2.5.1 by dis-
cussing the results of Neural Processes, Neural ODEs, and the Attentive Segmen-
tation process. These models are evaluated on the ADNI dataset, which contains
longitudinal MRI scans of Alzheimer’s patients, and on a controlled synthetic el-
lipses dataset. Since the baselines showed limited performance, we further evaluated
several natural imaging baselines on this synthetic ellipses dataset to verify that the
task itself is learnable. After confirming this, we extended the evaluation to the
ACDC dataset, where these baselines demonstrated that the prediction task can
indeed be learned on medical data.
Next, Section 4.2 introduces our longitudinal data augmentation approach. We ana-
lyze both qualitative realism and quantitative impact as augmentations for methods
on the ACDC dataset. Although not the primary focus of this thesis, these exper-
iments provided valuable benchmarks that aided the development of the proposed
flow-based approaches. We also note that this augmentation and generation strat-
egy may have broader applicability beyond the scope of this work.
Finally, Section 4.3 presents the results of the core contribution of our work: bench-
marking the proposed TFM method across three datasets, ACDC, Lumiere, and
ISLES. We compare the approach against established spatio-temporal natural-image
baselines, including Convolutional LSTM (ConvLSTM), Video Vision Transformer
(ViViT), and SimVP (SimVP), and demonstrate consistent improvements across
datasets. In Section 5.4, we further investigate several methodological extensions;
Most crucially, the continuous variant addresses one of the main limitations of its
discrete formulation. Furthermore, we also explore a deformation-field model and
a potential extension towards Schrödinger Bridges. Together, these experiments
demonstrate that our flow-based method is scalable, efficient, and applicable across
diverse medical imaging scenarios.

5.1 Spatio Temporal Experiments with Neural
Processes

In this section, we present the experimental results for Neural Processes, the Atten-
tive Segmentation Process, and other variants using Neural ODEs (NODEs). We
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begin with the results from the longitudinal brain MRI data in the ADNI dataset.
There, the first goal was to determine whether NODEs can improve spatio-temporal
modeling. Second, after the improvements were marginal, we tried to reduce the
attention cost by replacing the computationally intensive attention modules in the
skip connections. followed by evaluations on synthetic segmentation experiments
designed to probe for failures in spatio-temporal learning. Finally, we extend these
synthetic experiments to natural-imaging methods to confirm that they work as
intended and test them on the ACDC dataset.

5.1.1 Neural Processes and Neural ODEs

We first evaluate the impact of integrating Neural ODEs into the image reconstruc-
tion variant of ASP. The experiments are conducted on longitudinal brain MRI from
the ADNI cohort. Preprocessing involves DICOM to Nifti conversion using Plas-
timatch[2], rigid registration to MNI space using FLIRT[55], and brain extraction
using HD-BET[51]. During training and testing, one 2D slice per subject is sampled
along a random anatomical plane, with one target time and up to three context
times. Networks are optimized using MSE and SSIM and the Adam optimizer [65]
trained on a batch size of 8. Performance is measured on a held-out validation set.
Integrating NODEs into ASP only yields marginal quantitative improvement, com-
pared to the baseline ASP (see Table 5.1). However, the overall SSIM values are
lower than those reported for similar experiments.

Model description MSE SSIM

ASP (adapted) 0.071 0.309
ASP (adapted) + neural ODE 0.070 0.309
Summed representations 0.072 0.305
Summed representations + neural ODE 0.066 0.308

Table 5.1: Results comparing different model architectures. The task is predicting
a 2D slice (randomly chosen from transverse, coronal, or sagittal axis) of
a MRI image with a randomly chosen time-point. The loss is comparing
the reconstruction error between the network prediction and the ground
truth. Trained using the SSIM loss.
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5.1.2 Neural Processes: Attention Alternatives

Model Time MSE(10−2) ↓ LPIPS ↓ PSNR ↑ SSIM(10−2) ↑
ASP ✓ 3.199 (0.126) 5.74 (1.66) 34.50 (0.38) 47.40 (3.62)

x 3.221 (0.143) 6.32 (3.04) 34.44 (0.42) 46.98 (5.43)
l-VAE ✓ 4.955 (0.005) 14.65 (0.05) 30.06 (0.01) 27.78 (0.03)

x 4.982 (0.024) 14.91 (0.05) 29.99 (0.03) 27.50 (0.10)
Mamba skip ✓ 3.435 (0.016) 5.82 (0.22) 33.78 (0.04) 45.95 (0.29)

x 3.436 (0.024) 5.87 (0.19) 33.80 (0.05) 45.77 (0.36)
Random Ii x 3.839 3.43 32.69 47.41

Table 5.2: Quantitative ADNI results. The label With time indicates that the
models receive the relative time input, whereas masked time denotes that
temporal information is not provided. We compare the three models
against a simple baseline in which a random input image Ii, with i ∈ [k],
is inserted in place of the prediction; metrics are then computed between
Ii and the target image Itarget. Missing time is denoted via x.

We further assess spatial feature encoding strategies on the ADNI dataset (Ta-
ble 5.2). Since the previous attempt performed rather poorly, we omitted the ran-
dom sampling from all axes, and instead only sampled slices from a specific axis.
Models are tested both with explicit relative time inputs and with masked time
information. Including time conditioning does not improve performance, which was
the first negative signal. Interestingly, a simple random-context baseline achieves
comparable SSIM and way better LPIPS, suggesting that the models are not better
than a random baseline in terms of these metrics. This led us to question whether
the models were unable to learn or whether our experimental setup was suboptimal,
prompting us to perform synthetic segmentation experiments.

5.1.3 Synthetic Segmentation Experiments

Since the image reconstruction experiments yielded negative results, we wanted to
isolate temporal consistency effects. For this reason, we design the synthetic seg-
mentation experiments (growing ellipses, see 3.1). Each sequence simulates a linear
growth of an ellipse, with shear and rotation, while only the size varies over time
(see Table 5.3 for parameter settings). Models are trained with Dice loss for 100
epochs using Adam (1× 10−4 learning rate with cosine decay), using a batch size of
32.
Results in Table 5.4 ([24]) show that while ASP achieves the highest Dice scores
across all difficulty settings, however the LCI heuristic still is better in experiment
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ID 5. The remaining methods perform significantly worse than ASP and exhibit
inconsistent behavior across different experimental settings. These findings suggest
two key observations: first, that the NP backbone may be inherently unstable when
used in isolation; and second, that replacing the attention mechanism within ASP is
not trivial. Even ASP shows signs of instability under certain conditions, indicating
that the overall backbone may not be fully optimal. Motivated by these results,
we next evaluate natural image baselines on the very same experimental settings to
determine whether these limitations arise from model design or from the intrinsic
difficulty of the synthetic experiments.

ID Shape N Growth (m) start shear (s) time
0 Ellipse [1, 4] Var (m ∈ [3, 8]) [4, 6] [0, 3, 1.0] regular
1 Circle [1, 4] Var (m ∈ [3, 8]) [4, 6] 1 irregular
2 Ellipse [1, 4] Fixed (m = 6) [4, 6] [0, 3, 1.0] irregular
3 Ellipse [1, 4] Var (m ∈ [3, 8]) [4, 6] [0, 3, 1.0] regular & masked
4 Ellipse [1, 4] Var (m ∈ [3, 8]) [4, 6] [0, 3, 1.0] irregular
5 Ellipse [1,3] Var (m ∈ [2, 10]) [3, 8] [0.3, 1.3] irregular

Table 5.3: Parameters for the synthetic experiments. The results are shown
in Table 5.4. The nomenclature is given in 3.1. N is the number of
objects, growth is the growth rate, shear is the shear of the ellipses, start
is the minimum size of the object, time indicates whether the time points
are irregular and whether they are masked. Var means that the growth
is uniformly sampled from the interval, Fixed means the objects have a
fixed growth rate.

ID Shape Growth Time NP Mamba ASP Ik
0 Ellipse Var (m ∈ [3, 8]) reg 76.66 (0.75) 81.47 (0.76) 94.32 (0.57) 84.98
1 Circle Var (m ∈ [3, 8]) irreg 84.81 (0.83) 84.87 (1.12) 90.36 (0.08) 85.33
2 Ellipse Fixed (m = 6) irreg 83.42 (2.92) 86.41 (0.51) 89.29 (0.31) 83.38
3∗ Ellipse Var (m ∈ [3, 8]) reg ∗ 0 76.89 (0.88) 80.67 (2.46) 90.27 (0.14) 84.98
4∗∗ Ellipse Var (m ∈ [3, 8]) irreg 84.90 (0.84) 84.50 (0.97) 89.87 (0.30) 84.98
5∗∗ Ellipse Var (m ∈ [2, 10]) irreg 73.84 (1.99) 76.42 (1.62) 83.62 (0.34) 86.26

Table 5.4: Dice score results (%) of synthetic experiments. Ik represents the
dice score between the previous input image and the target image, aver-
aged over more than 2k random object generation runs for comparison.
The rounded brackets are the standard deviation for the models over 3
runs. The resolution is 64× 64. The exact values for each parameter can
be found in Table 5.3. For shorthand, we will denote each experiment by
an ID, which can be interpreted as a relative difficulty. ∗ time is masked.
∗∗ See Table 5.3 for differences.
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Figure 5.1: Qualitative results on the synthetic ellipse dataset. Each row
shows the context images and the predicted image by a different model
(NP, Mamba, ASP) given our four context frames. The target columm
shows the ground truth, while the |Prediction− Target| highlights seg-
mentation errors, and the prediction confidence shows uncertainty in the
predicted regions. NP and Mamba exhibit noticable deviations at the
object boundaries, whereas ASP yields sharper predictions, albeit not
perfect one. Mamba, despite having skip-connections, does not perform
better than the NP.

Qualitative Results Interestingly, although the reconstructions for our Mamba
variant shown in Figure 5.2 seem better than the ones of ASP shown in Figure 5.3,
the quantitative metrics tell a different story. Despite producing images which look
sharper, the reconstruction metrics are mostly better for the ASP. However, for the
ellipses dataset, the Mamba variant performs significantly worse, see Figure 5.1.

Figure 5.2: Qualitative Results for Mamba on the ADNI dataset

Figure 5.3: Qualitative Results for ASP on the ADNI dataset
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Natural Imaging Baselines

We next evaluate the natural-imaging architectures within our synthetic experimen-
tal settings, focusing first on SimVP [34]. Our goal is twofold: first, to test whether
high-performing video prediction methods can solve the synthetic task where our
previous methods struggled; and second, to assess whether these methods generalize
to medical image time series. As a note, all experimental settings are kept identical,
but the optimization is performed in the OpenSTL framework [126], as it was more
convenient for testing the available methods.
To ensure a fair comparison, we maintain identical data configurations and input
distributions, as well as identical evaluation protocols. We focus primarily on the
two most challenging configurations, where ASP failed to significantly outperform
the LCI heuristic. As shown in Table 5.5, SimVP achieves substantially higher and
more stable performance across both settings. These findings lead to two conclu-
sions: the synthetic dataset is not inherently too difficult, and the Neural Process
appears to be a suboptimal backbone for this type of task. Consequently, subsequent
experiments are based primarily on the natural-imaging baselines.

ID Shape Growth Time NP Mamba ASP SimVP LCI

4∗∗ Ellipse Var (m ∈ [3, 8]) irreg 84.90 84.50 89.87 96.60 84.98
5∗∗ Ellipse Var (m ∈ [2, 10]) irreg 73.84 76.42 83.62 95.60 86.26

Table 5.5: Dice scores (%) for difficult synthetic ellipses with SimVP. Each
configuration (ID) defines a specific object shape, growth rate range, and
temporal sampling pattern. Columns show mean Dice scores over 2,000
runs for Neural Processes (NP), Mamba, ASP, and SimVP, with Ik de-
noting the Dice score between the last input and target frame. Parameter
details are listed in Table 5.3; all experiments use 64× 64 resolution.

2D ACDC Experiments

To further validate these findings on real data, we conducted experiments on the
2D ACDC dataset using natural-imaging baselines. Our main objective was to
determine whether the strong performance of SimVP on the synthetic ellipses also
generalizes to medical imaging. The regularity of the cardiac cycle makes this dataset
particularly suitable for testing temporal models. Another practical motivation
was the availability of an established pre-processing pipeline from [154], ensuring
consistency from raw data to dataloader level, unlike ADNI, which required several
manual preprocessing steps.
We follow the aforementioned patient-wise splits (90 for training, 10 for validation,
and 50 for test). Each sequence contains 12 frames from the end-diastole(ED) to
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end-systole (ES). Volumes are resampled to 128 × 128 × 32 and normalized, and
eight frames are randomly sampled per sequence for training. The slice showing the
largest temporal change is selected for evaluation. We use four context frames to
predict four future frames and evaluate on NRMSE, SSIM, and PSNR.
In addition to SimVP, we benchmarked against several widely used sequence models,
including ConvLSTM [121], MIM [141], and SwinLSTM [129], all of which were from
the OpenSTL benchmark framework by Tan et al. [126]. We also report the LCI
heuristic, which highlights the amount of change within the sequence.
The results in Table 5.6 show that all methods outperform LCI, confirming that
the task is learnable. Moreover, the performance spread across methods indicates
that the dataset is not trivial. Interestingly, the best performing method is not the
strongest natural-imaging baseline (see [126] results), highlighting that there exists
a gap between natural imaging and medical imaging baselines. The results also
indicate that recurrence-based methods remain performant, while small refinements
such as convolutional or Swin provide only incremental differences.

Model NRMSE (↓) SSIM (↑) PSNR (↑)
LCI 0.1055 83.40 23.96

SimVP [34] 0.0859 84.39 25.22
ConvLSTM [121] 0.0631 90.77 28.37
MIM [141] 0.0648 90.77 28.40
SwinLSTM [129] 0.0677 89.03 27.47

Table 5.6: Quantitative comparison of different methods on the 2D ACDC
dataset. We report three common image quality metrics: normalized
root mean squared error (NRMSE, ↓), structural similarity (SSIM, ↑),
and peak signal-to-noise ratio (PSNR, ↑). Lower NRMSE and higher
SSIM/PSNR values indicate better performance.
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Figure 5.4: Qualitative results on the 2D ACDC dataset. Each row shows one
model, with the predicted frame (left) and the corresponding difference
map (right). The rotated labels indicate the method. For clarity, images
are cropped to remove axes and padding.
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5.2 Applying Augmentation Strategies to
Longitudinal Series

We evaluate our longitudinal data generation as both a data augmentation method
and for generating synthetic series on its own. Evaluating with a newly generated
synthetic dataset is inherently challenging, as there is no ground truth and we must
infer its utility from other sources. For this, we will conduct in the next section.
For the augmentation experiments, quantitative evaluation is possible by comparing
model performance when trained on real data alone versus when augmented with
the synthetic series.

(a) ACDC: ED heart
phase (real).

(b) ACDC: Synthetically
augmented end.

(c) Difference map of
5.5a and 5.5b

Figure 5.5: Visual example for a real example, an augmented one and the
difference. (a) Real end-diastolic (ED) cardiac frame. (b) Synthetically
deformed frame produced by our longitudinal augmentations from the
same ED phase. (c) Difference map between (a) and (b), showing that
changes are localized near the anatomical boundary. The deformation
magnitude was chosen for performance; it is not fully realistic anatomi-
cally but still provides a useful augmentation signal.

Experimental Setup We will use two datasets: BraTS [92], which contains only
single time-point scans and is repurposed here to simulate longitudinal series, and
ACDC [7], which provides regularly acquired 3D cardiac images and serves as the
primary benchmark for augmentation. For ACDC, we train on 90 subjects and
validate on 10, which is the original split used in [154]. The prediction backbone for
this experiment is SimVP [34], implemented within OpenSTL [126], trained on four
context and four target frames. During the mixing experiments, a fraction of the
training data, defined as the mixing ratio, is added as a semi-synthetic frame. In
other words, from the true data, we take a single frame, augment it longitudinally,
and add this to the sequence. So the effective batch size and epoch time are the
same, but some real samples are replaced.
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Figure 5.6: Performance in terms of synthetic mixing ratio. The plots show
the effect of incorporation additional synthetic ausgmentations at dif-
ferent mixing ratios on three evaluation metrics, NRMSE, SSIM , and
PSNR. The method is the SimVP method, trained on 2D ACDC cine
MRI data. On the left, the normalized RMSE decreases as a small
fraction of augmentations is added, reaching its lowest point around a
ratio of 0.2–0.3, before increasing again for larger ratios. The middle
panel shows SSIM, where structural similarity improves with moderate
augmentation (peaking between 0.1–0.2) but gradually declines as the
synthetic fraction increases further. Similarly, the right panel demon-
strates that PSNR follows the same trend, with the best performance
for moderate augmentation and a drop at higher ratios. This Figure was
taken from [23].
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Quantitative Results: Mixing Ratio Analysis Figure 5.6 shows the effect of vary-
ing the synthetic-to-real data ratio on the three reported metrics. Performance
improves when a small to moderate proportion of synthetic data is included, peak-
ing at ratios between 0.1 − 0.3, after which performance gradually declines. For
reference, the LCI attains RMSE = 12.144, SSIM = 0.8408 and PSNR = 24.00.
These preliminary findings suggest that we can augment longitudinal data with this
approach.

Qualitative results on ACDC. Figure 5.5 presents visual examples from ACDC,
showing a real end-diastolic frame, its augmented version, and the corresponding
difference map. Changes are solely localized around the segmentation boundaries.
Although the augmented frame is not anatomically perfect, it still seems to help
the method. These images suggest that the segmentation and the extent of blurring
can be tuned to the dataset in question, so as to generate more faithful images (in
Figure 5.5, the whole heart shrinks rather than the chamber).

Qualitative results on BraTS. Figure 5.7 illustrates two examples from the BraTS
dataset augmented (or generated) via our method. Even with simple linear defor-
mations, the generated follow-ups appear visibly distinct yet not overly distorted.
The method in these figures is TFM, which we will present in the following section.
For the first row: Context SSIM = 0.946, PSNR = 24.8; Prediction SSIM = 0.985,
PSNR = 36.9. For the second example: Context SSIM = 0.949, PSNR = 23.7;
Prediction SSIM = 0.980, PSNR = 33.2.
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Figure 5.7: Qualitative examples from BraTS + longitudinal augmenta-
tions. Each column within an example shows the ground truth (GT),
the input context frame, and the prediction of TFM. The first two rows
is the image, and below the residuals. For the first example: Context
SSIM = 0.946, PSNR = 24.8; Prediction SSIM = 0.985, PSNR = 36.9.
For the second example: Context SSIM = 0.949, PSNR = 23.7; Pre-
diction SSIM = 0.980, PSNR = 33.2. All images are normalized with
identical windowing for fair visual comparison, and top text from the
original images has been cropped for cleaner presentation.
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5.3 Temporal Flow Matching

In this section, we evaluate the performance of Temporal Flow Matching in spatio-
temporal prediction tasks. We begin by revisiting the dataset preparation and series
pre-processing steps (see 5.3.1), as these design choices strongly affect experimental
results in low-data regimes. We then present the main quantitative and qualitative
results, comparing our approach to established spatio-temporal baselines. Next, we
discuss the challenges encountered in reproducing one specific diffusion-based base-
line. Finally, we report results on the semi-synthetic dataset method introduced in
the previous Section and conclude with ablation studies demonstrating the robust-
ness of our method.

5.3.1 Experimental settings

Data Preprocessing

ACDC [7] is a cardiac MRI dataset that captures dynamic anatomical changes of
the heart across different phases of the cardiac cycle. Each subject sequence consists
of multiple time points, where each time point corresponds to a 3D cine MRI scan.
Due to the acquisition protocol, one spatial dimension has lower resolution. The
end-diastolic (ED) and end-systolic (ES) phases mark the start and end of each
sequence, respectively. All images are reshaped to a tensor of size [T,H,D,W ] =
[12, 32, 128, 128], where T denotes the number of time points, and H, D, and W are
the spatial dimensions. The prediction task is to generate the final frame given a
subset of context frames. To simulate missing observations and irregular sampling,
context frames are randomly masked during training.
ISLES [108] provides perfusion CT scans of stroke patients, acquired as dynamic
4D volumes with high temporal resolution. Given the high frame count and the often
minimal change between adjacent frames, we temporally downsample the data by
selecting every second timepoint. From this reduced sequence, we randomly sample
a 8-frame segment, where the final frame is treated as the target for prediction. The
context consists of the preceding three frames, which are further masked randomly
to simulate sparse and irregular observations. The resulting context has dimensions
[T,H,D,W ] = [8, 16, 128, 128], where the temporal padding accounts for the masked
and missing slices. The ISLES dataset is split into 92 training, 23 validation, and 34
test subjects. Lumiere [124] is a longitudinal 3D MRI dataset that tracks tumor
evolution in glioma patients across multiple clinical visits. Each subject contains a
time series of volumetric scans, which we spatially reshape and temporally pad to
a uniform tensor of size [T,H,D,W ] = [8, 96, 96, 64]. Due to the varying number
of available timepoints per patient, we prepend zero-valued volumes as padding to
maintain a consistent input shape across the dataset. The final dataset includes 48
training, 12 validation, and 14 test subjects. Figure3.7 shows visual examples of
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image pairs from different timepoints for LUMIERE.

Experimental Details

All methods were trained with the AdamW [65, 85] optimizer, a cosine-annealed
learning rate schedule, and a batch size of 4. The learning rate was fixed at 1e−4
for all experiments. For TFM, we used 10 integration steps during inference. Our
method builds on the standard FM U-Net from the TorchCFM library [131–133].
It incorporates cross-attention between time embeddings and spatial feature maps.
See Figure 4.6 for an overview. To ensure a fair comparison, all experiments were
repeated three times with different validation splits, while keeping the same random
seed within each split.

Fixing Irregularity Sampling: During our experiments, we encountered a crucial
but underexplored issue: handling irregular temporal subsampling during validation.
1 Our training setup randomly subsamples context frames, which improves robust-
ness for training, but complicates validation. If validation frames are also randomly
sampled, small validation sets can lead to highly variable results, since the distance
between the last available image and the target frame affects performance. This
instability is especially evident for the LCI heuristic, which fluctuates between near-
optimal (when the last frame is included) and poor results (when the distance is
maximal).
To address this, we fix the validation context frames and reuse them across all runs.
This stabilizes evaluation and ensures fair method comparison, albeit at the cost of
potential bias, since the validation (and hence the best performing save) depends on
the chosen subsampling pattern. However, some overfitting may remain, suggesting
that future work should explore optimal validation masking. Designing a consistent,
yet simple and unbiased sampling strategy remains a non-trivial problem.
Finally, it is worth noting that both Flow Matching (and Diffusion) differ from the
predictive methods we used in how their losses relate to their validation metrics. For
the Flow-based models, training loss and validation metrics are not directly compa-
rable: e. g.ConvLSTM minimize pixel-wise MSE during both training (which is the
same metrics as during validation), whereas FM and Diffusion optimize velocity or
score-matching objectives, and generate predictions only through ODE-based infer-
ence. This distinction makes it inherently harder to compare the values of training
and validation performance.

1Only a few works explicitly address subsamples or sparse longitudinal data. For those works,
there was no such discussion.

94



5.3 Temporal Flow Matching

Quantitative Results

Table 5.7: Quantitative Evaluation on Test Sequences: Reported values are
mean (standard deviation) over three runs. Metrics include normalized
root MSE, NRMSE, structural similarity index (SSIM [%]) and peak
signal-to-noise-ratio PSNR. *ViViT on Lumiere ran out of 40GB mem-
ory, despite having a smaller batch size and the lowest possible feature
size.

Dataset Model NRMSE SSIM[%] PSNR

ACDC LIB 0.056 93.3 28.49
ConvLSTM 0.112 (0.005) 50.4 (1.5) 19.12 (0.31)
SimVP 0.124 (0.001) 52.8 (1.6) 21.21 (0.13)
ViViT 0.120 (0.008) 30.1 (6.9) 18.47 (0.53)
TFM (ours) 0.040 (0.012) 94.5 (0.8) 30.51 (1.56)

ISLES LIB 0.057 95.6 28.39
ConvLSTM 0.182 (0.005) 40.8 (0.9) 17.85 (0.23)
SimVP 0.124 (0.001) 52.8 (1.6) 21.21 (0.13)
ViViT 0.162 (0.003) 32.5 (0.8) 18.84 (0.21)
TFM (ours) 0.041 (0.007) 97.6 (0.8) 31.03 (1.08)

Lumiere* LIB 0.085 89.3 21.55
ConvLSTM 0.352 (0.009) 7.9 (4.2) 9.12 (0.22)
SimVP 0.711 (0.028) -2.5 (0.8) 2.98 (0.34)
TFM (ours) 0.069 (0.007) 89.7 (1.2) 23.73 (0.82)

Comparison to Diffusion Model

We compare our approach against the official Sequence-Aware Diffusion Model
(SADM) implementation [154]. While SADM is theoretically well-suited as a base-
line for our Flow Matching approach, we encountered major practical issues repro-
ducing meaningful results. Using the official implementation and the provided data,
along with their training and pre-processing pipeline, our runs produced outputs
visually indistinguishable from random noise.
To address this, we adopted a two-step strategy. First, we report the official SADM
implementation as published, acknowledging that deviations may stem from differ-
ences in random seeding (the preprocessing and training pipelines were identical).
Second, we implemented an adopted version of SADM, based on the modifications
proposed by [106]. We also note that similar reproducibility issues have been re-
ported on the official SADM repository, highlighting the broader need for robust
and verifiable baselines.
Adapted SADM implementation: The original ViViT backbone for their spatio-
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Figure 5.8: Comparison of model efficiency and performance. Left: SSIM versus
GPU hours (log scale). Right: PSNR versus GPU hours, with circle
size representing memory usage. Our method (TFM) achieves higher
SSIM and PSNR than the diffusion-based SADM model, while requiring
significantly fewer GPU hours and less memory. The dashed line indi-
cates the baseline performance of the LCI. These results highlight the
efficiency of TFM in achieving strong image quality with substantially
lower computational cost.

temporal branch used patch sizes of 8 × 32 × 32, which are excessively large for
4D → 3D, causing blurry predictions. To improve modeling performance, we in-
troduced skip connections and let the ViViT model learn the difference between
the input and target frames. Furthermore, our diffusion setup was built on latent
Diffusion, as opposed to the original SADM, which used pixel-level Diffusion. The
autoencoder is pre-trained and then frozen, while the diffusion model is trained
independently in a three-stage process. Our adapted version of SADM achieves
SSIM = 0.873, PSNR = 23.96 dB, and NRMSE = 0.066, demonstrating a substan-
tial improvement over the unmodified SADM baseline.
Head-to-head comparison For a fairer comparison between TFM and the official
SADM implementation, we used their publicly available pre-processing pipeline and
trained on the same data split.2 Performance is reported using the two primary
metrics from their paper—PSNR and SSIM—alongside maximum memory usage.
NRMSE is omitted due to the unspecified normalization factor in the original work.
Both methods were evaluated on the same set of 50 test cases, enabling a fairer com-
parison. We focus on the single-frame prediction setting, in which the first frame
of the sequence is used to predict the final frame. Finally, in Figure 5.8 we see the

2For this comparison, we used a 90-10 train–test split, instead of the 80-20 split employed in
previous sections. This difference in partitioning explains the discrepancy in results between
Figure 5.14 and Figure 5.8.
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performance with respect to computational needs, with massive differences in SSIM
and PSNR, orders of magnitude lower training time, and a substantially smaller
memory footprint.

5.3.2 Qualitative results

Figure 5.9: Comparison of longitudinal prediction quality on ACDC.
Columns show: ground truth (GT), LCI, TFM prediction, and SimVP
prediction. Top row displays the reconstructed or predicted frames with
reported SSIM and PSNR values; bottom row shows corresponding dif-
ference residual maps (empty for GT). TFM produces a high-fidelity
prediction with substantially higher SSIM and PSNR, whereas SimVP
fails to recover coherent structure. LCI provides a reasonable frame and
its residual highlights smaller deviations. This layout illustrates both
absolute appearance and localized errors across methods.

We present qualitative results comparing TFM with image sequence prediction
baselines. A clear difference is observed between SimVP and our Flow Matching ap-
proach. This gap may arise from memory limitations during training when applying
SimVP to 3D + T data, which necessitated reducing feature dimensionality com-
pared to the 2D experiments. Despite its overall small computational requirements,
TFM produces high-fidelity predictions across the entire volume. We suppose this
stems from the fact that the majority of the volume remains unchanged; hence, TFM
can learn the differences more effectively. In contrast, SimVP captures the overall
anatomy, but suffers from noticeable blurring and loss of fine detail. Overall, TFM
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achieves sharper, more anatomically consistent predictions that closely approximate
the ground truth volumes.

Figure 5.10: Longitudinal prediction quality on LUMIERE. Selected example
from the same evaluation as Figure 5.9; shown because it is especially
illustrative, though not cherry-picked to mislead. Columns: ground
truth (GT), context frame (with reported SSIM and PSNR), and model
prediction. Top row shows the image appearance, bottom row shows
the high-frequency residual / difference map (empty for GT).

We show qualitative examples of TFM on the Lumiere dataset in Figure 5.10, on
ACDC in Figure 5.9, and a zoomed-in example for ISLES in Figure 5.11. These
results are particularly noteworthy, as the Lumiere dataset poses a significant chal-
lenge due to its pronounced spatial and temporal variability. While not all cases
achieve this level of precision, the presented examples demonstrate a clear and
promising trend, indicating that TFM can reconstruct medical longitudinal data
well.

Synthetic Experiments

We conducted synthetic experiments to evaluate both the performance of various
methods and the realism of the generated synthetic data. This task presents a
chicken-and-egg problem: assessing method quality depends on the data, yet data
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Figure 5.11: Zoomed-in prediction Examples from the ISLEs Dataset: Top
row: Visual comparison (from left to right) of the ground truth, LCI,
TFM, and SimVP, alongside the Ground Truth, focusing on a high-
resolution crop for clarity. Bottom row: residuals of absolute value of
top row. The second row shows the absolute values from the residuals.
TFM preserves the spatial quality, while SimVP struggles to recover the
underlying details. This shows that even in fine details. Furthermore,
in the residuals, we can see that they are lower and less noisy. For this
specific patch, the NRMSE are in order: 0.0028, 0.0016, 0.0751.
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5.3 Temporal Flow Matching

Figure 5.13: Different context noise schedule for Semi-synthetic BraTS Per-
formance comparison of ConvLSTM, SimVP, and TFM on the SynBr
dataset under different Gaussian context noise levels (0.0 and 0.01) for
NRMSE (↓), SSIM (↑), and PSNR (↑). Except for noises, the exper-
imental setups are identical. The dashed red line indicates the LCI
baseline, notably different with different noise levels. Error bars repre-
sent standard deviation over test samples.
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realism can be easily judged only through method behavior. However, since all meth-
ods were in the previous subsection tested on real medical datasets, their relative
performance provides a reference for interpreting the synthetic results. Figure 5.13
summarizes these findings. Note that we added noise to the context frames but not
to the target image.
Overall, SimVP performs worst, while ConvLSTM achieves slightly better results,
consistent with the patterns observed on the real LUMIERE dataset 5.7. Qualitative
examples in Figure 5.12 show that TFM yields minimal residuals and realistic pre-
dictions, particularly in regions of change compared to the last LCI. Neither SimVP
nor ConvLSTM produce sharp results, nor beat the LCI heuristic. TFM consis-
tently performs best, maintaining stable results and beating the LCI under small
noise. These results suggest that we can at least add this semi-synthetic dataset as
an additional benchmark, given the data scarcity.

5.3.3 Ablations for Temporal Flow Matching

In this section, we present a series of ablation studies to analyze the behavior and
robustness of TFM. We begin with crucial ablations that evaluate the core de-
sign choices, such as the attention U-Net, sparsity filling, and sequence learning.
Then, we investigate secondary factors, including feature size, training noise, etc,
to quantify their practical influence on performance and efficiency. Together, these
experiments provide insight into which design choices are crucial and how our Flow
Matching approach is robust to variations in other design choices.

Crucial Design Choices

The ablations in Table 5.8 highlight two particularly critical components: sparsity
filling and full-sequence learning. Removing sparsity filling leads to a sharp drop
in performance across all metrics, confirming its necessity. Similarly, restricting
the model to use only the last available frame causes instability, underscoring the
importance of temporal context. While the attention UNet improves results slightly,
its effect is secondary compared to these core design choices.

Other Design Choices We conducted an ablation study to test how training noise
(TN) affects prediction performance. As shown in Table 5.9, a small amount of train-
ing noise (TN ∈ [0.01, 0.05]) slightly improved NRMSE, SSIM, and PSNR compared
to the Last Context Image (LCI) baseline, with the best overall performance ob-
served at TN = 0.01. Moderate noise helps regularize the model, but too much
noise (TN ≥ 0.3) lowers reconstruction quality. Interestingly, the improvements
were robust across a range of small TN values, indicating that the method is not
overly sensitive to this hyperparameter.
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Change NRMSE SSIM [%] PSNR

Att UNet & Mean 0.0261 96.04 32.30
No Att: Mean 0.0270 95.77 31.88
No Att: Last 0.0271 95.77 31.87
No Sparsity Filling 0.0444 90.92 27.30
LIB + FM* 0.1029 66.83 19.97

LCI 0.0380 93.50 29.49

Table 5.8: Crucial Ablation Results for TFM on ACDC:This table compares
TFM under different design changes, showing the performance under each
scenario. The ablations were done on an ACDC validation set, and 10
NEF. We evaluate the effect of using a more lightweight version of the
UNet which does not use attention(’No Att’). Instead, τ and image em-
beddings are merged via concatenation in the bottleneck. We also com-
pare aggregating via the mean and the last image, but these results are
only for inference. Training is still done the same way. Third, we com-
pare sparsity filling with the alternative of using the image sequences I as
they are given. This notable reduces performance. *Limiting the model
to only see LCI during training and perform FM on this is unstable, which
highlights the importance of temporal context.

Facet NRMSE (↓) SSIM (↑) PSNR (↑)
LCI 0.039 93.53 29.42

TN=0.0 0.026 (-0.013) 96.06 (+2.49) 32.24 (+2.90)
TN=0.01 0.026 (-0.014) 96.12 (+2.56) 32.32 (+2.98)
TN=0.025 0.026 (-0.013) 96.06 (+2.49) 32.34 (+3.00)
TN=0.05 0.026 (-0.013) 96.04 (+2.47) 32.26 (+2.92)
TN=0.1 0.026 (-0.013) 96.06 (+2.49) 32.24 (+2.90)
TN=0.3 0.026 (-0.013) 95.78 (+2.21) 32.26 (+2.92)

Table 5.9: Different Masked validation performance Ablation on training noise
(TN) levels for the proposed method, compared to the last context image
(LCI) baseline. Values in parentheses indicate the difference relative to
LCI. Moderate TN levels (0.0-0.05) slightly improve NRMSE, SSIM, and
PSNR, with TN = 0.01 yielding the best overall performance.
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Facet NRMSE (↓) SSIM (↑) PSNR (↑) Max Mem. [GB]

LCI 0.038 93.50 29.49 -

FS=8.0 0.027 (-0.012) 95.94 (+2.38) 32.07 (+2.74) 5.40
FS=16.0 0.026 (-0.013) 95.99 (+2.43) 32.17 (+2.83) 6.54
FS=32.0 0.026 (-0.013) 96.06 (+2.49) 32.24 (+2.90) 11.68
FS=64.0 0.026 (-0.014) 95.97 (+2.41) 32.35 (+3.01) 22.42

Table 5.10: Ablation on feature size (FS) for the proposed method, compared to the
last context image (LCI) baseline. Values in parentheses indicate the
difference relative to LCI. Larger FS values generally improve NRMSE,
SSIM, and PSNR, with FS = 32.0 achieving the best overall perfor-
mance.

Table 5.10 reports the maximum GPU memory consumption observed during
training on the ACDC dataset for different feature sizes (FS), as well as their per-
formance. We note that the increase from 8 to 16 is marginal, possibly because
the input size T is larger. FSs larger than 16 almost linearly increase memory con-
sumption. All other training settings, including batch size, optimizer configuration,
and network architecture, were kept constant to isolate the effect of FS on memory
usage. The results show a clear upward trend, with larger FS values substantially
increasing the memory requirements due to the greater number of intermediate
feature maps and parameters. This observation highlights the practical hardware
constraints when scaling model capacity.

Number of Function Evaluations (NFEs) In 5.11, we evaluate how the number of
function evaluations (NFEs) affects the SSIM performance on one ACDC validation
set. We see that The first NFE already achieves a good SSIM, but the value plateaus
after 10 steps.

Number of Context Frames To assess the influence of temporal masking, we
conduct experiments where varying numbers of context frames are masked. We use
two masking orders: forward (1 → T ) and reverse (T → 1). The forward strategy
starts masking from the earliest frame, t1. The reverse strategy begins from the
final frame, tT . This is a zero-shot performance evaluation. The model was trained
on irregular frames and is now tested when a specific number of context frames
are masked. As shown in Figure 5.14, the forward masking order maintains high
SSIM values (≥ 0.98) at all masking levels. This indicates stable reconstructions
even when early frames are missing. The highest performance, though marginal,
is observed when about half of the frames are masked. We hypothesize this is due
to the masking ratio occurring most during training. The model may have adapted

104



5.3 Temporal Flow Matching

Facet NRMSE (↓) SSIM (↑) PSNR (↑)
LCI 0.038 93.50 29.49

NE=1.0 0.030 (-0.009) 95.43 (+1.87) 31.47 (+2.13)
NE=5.0 0.025 (-0.014) 96.18 (+2.62) 32.47 (+3.13)
NE=10.0 0.026 (-0.013) 96.06 (+2.49) 32.24 (+2.90)
NE=100.0 0.026 (-0.013) 96.04 (+2.48) 32.30 (+2.97)
NE=200.0 0.025 (-0.014) 96.18 (+2.62) 32.47 (+3.13)

Table 5.11: Evaluating Metrics vs. Number of Function Evaluations: We
evaluate how the number of function evaluations (NFEs) affects SSIM
performance on one ACDC validation set. SSIM increases with more
evaluations and peaks at 25 NFEs, after which it plateaus. However,
the improvement becomes marginal after beyond just 5 NFEs.

implicitly to this regime. This suggests performance may improve if the model is
fine-tuned to specific masking patterns used at test time, e. g. for the dense series.
In contrast, the reverse masking strategy shows a steady decline in SSIM as more
frames are masked. SSIM values drop below 0.91. This is expected. As context
frames move further from the prediction time point, it becomes more difficult for
the model to infer accurate temporal dynamics.
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Figure 5.14: Effect of masking on method performance. Effect of masking on
method performance, measured by SSIM. We evaluate how the model’s
reconstruction quality varies with the number of masked context im-
ages. Two masking orders are compared: forward 1 → T and reverse
T → 1. The forward masking order maintains consistently high SSIM
across all levels of masking, indicating robust prediction. In contrast,
the reverse masking order shows a steady decline in SSIM as more con-
text frames are masked, suggesting reduced temporal coherence when
earlier frames are missing, as expected.
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5.4 Extension to Temporal Flow Matching

In this section, we explore the extension of Temporal Flow Matching (TFM) from
discrete time grids to continuous temporal modeling, by using the simulation-free
Schrödinger Bridge formulation. The goal is to demonstrate that the continuous
formulation (1) matches or surpasses discrete baselines on standard benchmarks,
and (2) more effectively handles cases with irregular or continuous timesteps than
the discrete models. We compare performance on medical datasets with the discrete
TFM baseline. The continuous model achieves similar or better results and is more
computationally efficient. Then, we present evidence that, when evaluated on real-
world continuous data, the continuous TFM outperforms the discrete version. We
outline preliminary results toward a Schrödinger Bridge formulation. These results
illustrate potential directions and the restrictions of our current setup.

5.4.1 Continuous Time Extension

In this subsection, we present additional experiments that extend beyond the main
benchmarking results (Table 5.7). We aim to show how discrete temporal embedding
in TFM generalizes to continuous time. We also analyze its impact on performance.
As introduced in Section 4.3, the discrete model treats the flow step parameter τ
abstractly and not as explicit time. Here, we explore a continuous variant where
real-valued timesteps replace discrete steps.
We begin by directly comparing the continuous method to the discrete method in
discrete settings (that is, regularly sampled time grids with missing entries). We
show that the continuous approach achieves comparable performance and reduced
computation. Next, we simulate continuous experiments by resampling timesteps
from regular sequences. In these cases, where the temporal signal is pronounced,
the continuous Flow Matching variant outperforms the discrete counterpart, which
struggles to represent highly irregular temporal dependencies. This direct compar-
ison highlights the advantage of handling irregular timing. For all experiments, we
retain the standard TFM configuration as a reference baseline, fixing the hyperpa-
rameters.

Discrete Experiments To ensure consistency, we first test the continuous formula-
tion on datasets sampled at relatively regular time intervals. Under these conditions,
the continuous model performs on par or slightly better than the discrete variant,
confirming that both can handle uniform (but masked) time grids (Table 5.12) This
validates that the continuous formulation does not suffer when applied to discrete
grids. Computational performance can be seen in Table 7.1.
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Dataset Model NRMSE [10−2] ↓ SSIM [%] ↑ PSNR [dB] ↑
ACDC LCI 4.48 92.79 28.918

ConvLSTM 11.20 ± 0.48 50.44 ± 1.53 19.123 ± 0.312
SimVP 9.27 ± 0.29 49.08 ± 4.01 20.715 ± 0.267
NODE + LSTM 11.59 ± 0.18 36.41 ± 2.94 18.946 ± 0.186
ViViT 13.90 ± 2.66 17.06 ± 8.60 17.252 ± 1.738
Flow Matching discrete 3.97 ± 1.23 94.51 ± 0.79 30.510 ± 1.560
Flow Matching continuous 3.74 ± 0.21 94.34 ± 0.45 29.750 ± 0.528

ISLES LCI 5.25 96.29 29.002
ConvLSTM 19.31 ± 0.18 39.92 ± 0.66 17.644 ± 0.014
SimVP 13.06 ± 0.19 48.82 ± 1.60 20.799 ± 0.112
ViViT 16.54 ± 0.30 36.76 ± 1.49 18.671 ± 0.134
NODE + LSTM 15.10 ± 0.87 40.55 ± 7.15 19.481 ± 0.515
Flow Matching discrete 4.50 ± 0.76 97.33 ± 0.93 30.542 ± 1.540
Flow Matching continuous 4.38 ± 0.48 97.31 ± 0.38 30.809 ± 1.099

Lumiere LCI 8.38 88.35 21.631
ConvLSTM 34.79 ± 0.67 9.21 ± 2.81 9.217 ± 0.171
SimVP 71.03 ± 0.89 -1.92 ± 0.51 2.989 ± 0.109
ViViT∗ OOM OOM OOM
NODE+LSTM 13.07 ± 1.03 48.66 ± 2.26 17.742 ± 0.659
Flow Matching discrete 7.92 ± 0.92 91.43 ± 1.84 22.427 ± 0.969
Flow Matching continuous 7.55 ± 0.86 89.32 ± 1.83 22.551 ± 0.979

Table 5.12: Discrete Time: Quantitative Evaluation on Many-to-One Se-
quences: Reported values are mean (standard deviation) over three
runs. Metrics include normalized root MSE, NRMSE, structural sim-
ilarity index (SSIM [%]) and peak signal-to-noise-ratio PSNR. *ViViT
OOM on a 40 GB GPU, despite having a smaller batch size and the
lowest possible feature size. Standard deviation of LIB omitted for vi-
sual clarity. Blue row: only method to beat LIB and our proposed Flow
Matching.

Continuous Time When time intervals become truly irregular, the advantages of
continuous conditioning becomes evident. In cases with sparse or unevenly sam-
pled observations, such as single or two context settings with irregular sampling,
the discrete variant struggles, as it relies on relative frame indices rather than ac-
tual timesteps. By contrast, the continuous variant encodes real-valued timesteps,
enabling improved predictive fidelity (see Tables 5.13 and 5.14).
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Method SSIM ↑ PSNR ↑ NRMSE ↓
LCI 93.27 29.77 0.0349

NODE + LSTM 57.50 22.87 0.0728
Flow Matching discrete 93.27 29.77 0.0348
Flow Matching Continuous 93.86 30.09 0.0330

Table 5.13: Single Image Continuous ACDC, where discrete TFM lacks explicit
timestamp conditioning, and therefore fails to outperform LCI. Here we
have a large time distance to the target.

Method SSIM (%) ↑ PSNR ↑ NRMSE ↓
LCI (baseline) 94.99 31.727 0.03038

TFM discrete 96.67 33.534 0.02211
TFM continuous 97.81 36.007 0.01670

Table 5.14: Two Image Continuous ACDC Comparison of the LCI heuristic
with TFM under discrete (implicit time) and continuous (explicit times-
tamps) settings. Here, we have two context images and a small target
horizon.

Model NRMSE SSIM (%) PSNR (dB) Change

LCI 0.038 93.50 30.25 -

Continuous 0.038 94.24 30.80 -
Continuous 0.037 94.31 30.98 + Time Augmentation
Continuous 0.037 94.28 30.95 + Difference Loss
Continuous 0.037 94.23 30.79 + SimSiam

Table 5.15: Ablation on Continuous auxiliary components on ACDC. Heuristic
denotes the LCI. The base is the basic continuous TFM. Each additional
row adds a single modification: SimSiam contrastive with 0.2, the addi-
tional Difference Loss 0.5 and a Time Augmentation of 0.2.

Ablations for Auxiliary Tasks We performed exploratory ablations to demonstrate
that auxiliary objectives can improve the continuous variant. Table 5.15 summarizes
these ablations, discussed in Section 4.4.1. Each modification was tested in isolation.
We evaluated SimSiam, which may improve temporal representations; Difference
Scaled Loss, which attenuates important location differences; and Time Augmen-
tations, which jitter time. Considering all those changes, it appears that—except
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for SimSiam—the modifications provided slight improvements over the vanilla ver-
sion. However, we ran only a single experimental test. These outcomes hint at
potential gains, suggesting room for further improvement of the continuous method.
These experiments confirm the feasibility and indicate some benefit from the mod-
ifications. Previous main results use the vanilla continuous version, which serves
as a baseline for comparison. The aim was to highlight opportunities for further
measurable improvements.

5.4.2 Schrödinger Bridge TFM

In this subsection, we present preliminary experiments extending Temporal Flow
Matching to a Schrödinger Bridge formulation. While conceptually appealing, the
voxel-based setting poses challenges that limit direct applicability in its current form.
We experimented with noisy and masked variants of the model, starting from a rela-
tively low training noise level (0.01). Although we report conventional image quality
metrics, we note that they may not be ideal for measuring coverage and statistical
variability, since the ground-truth image represents only one of many valid future
realizations. A principled evaluation would instead require distribution-aware met-
rics and latent sampling. One alternative may be to perform the bridge dynamics
on a latent formulation.
Quantitatively (Table 5.16), moderate noise scaling and flow-based masking (i. e.only
noising where the flow is sufficiently large) improved reconstruction stability, com-
pared to the vanilla Schrödinger method. Qualitative masked samples (Figure 5.16)
further indicate that the scaled noise suppresses noisy artifacts. However, even under
stochastic sampling (Figure 5.15), image-level variability remains limited, suggesting
that, in its current form, the voxel-level bridge dynamics do not yet induce meaning-
ful probabilistic diversity. Overall, these results demonstrate that while Schrödinger
Bridges can, in principle, be combined with TFM, their effective deployment in
image space remains non-trivial.

Table 5.16: Performance comparison of Schrödinger bridge TFM variants with dif-
ferent noise and masking strategies using image quality metrics (PSNR,
SSIM, and NRMSE). Shown are large noise schedules with a training
noise of 0.1, to show the effects of noise masking and scaling.

Model PSNR (dB) SSIM (%) NRMSE 10−2

Vanilla Schrödinger TFM 25.68 67.89 5.291
+ Flow Masked TFM 25.69 67.92 5.287
+ Scaled Noise ×0.25 29.89 92.07 3.485
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Figure 5.15: Stochastic samples and variance from the Schrödinger bridge
TFM model on ACDC data. Here we see four samples and the
variance across them. The variance is rather uniformly distributed,
rather than where temporal change is expected.
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(a) Noise scaled by 0.25 with TFM and
masked

(b) Vanilla Schrödinger bridge TFM with-
out masking

Figure 5.16: Qualitative comparison of Schrödinger bridge TFM predic-
tions. Each column shows results from a single timepoint prediction
task. The top row depicts the model prediction along with the cor-
responding SSIM and PSNR metrics, while the bottom row shows the
absolute voxel-wise error maps compared to the ground truth. We omit
ground-truth images for brevity, as they are not the focus here. These
examples illustrate the impact of noise and masking on the model’s
generative fidelity. The important takeaway is that the masking helps
focus on only the important regions of change.
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6

In this chapter, we discuss the implications of the results presented in the preceding
sections. We begin with the ADNI experiments and the adaptations of Attentive
Segmentation Process (ASP), highlighting potential limitations in the NP backbone.
Next, we discuss semisynthetic longitudinal augmentations, comparing them with
related approaches and assessing their impact on spatio-temporal medical imaging.
Finally, we discuss our proposed method TFM in both its discrete and continuous
variants. We reflect on how these findings impact the understanding and advance-
ment of spatio-temporal modeling in medical imaging.

6.1 Discussion Neural Processes

In this section, we discuss the results of the Neural Processes (NP) experiments (Sec-
tion 5.1) across both the synthetic segmentation task and the Alzheimer’s disease
prediction task. We began with the 2D Alzheimer’s disease forecasting experiment
(Table 5.1), where neural ODEs were explored as an extension of the ASP. In addi-
tion, we explored architectural improvements, such as Mamba blocks, as attention
proved to be a major bottleneck when scaling this architecture to 3D. For clarity,
results are presented in chronological order in which they were obtained, rather than
from simpler to more complex tasks. Although it might appear more natural to start
with the synthetic experiments, our initial assumption was that the model would
generalize well to ADNI; only later did we uncover the limitations.
Across all experiments, two findings emerged: first, explicit temporal information
was not always beneficial to the models; second, NP-based methods often failed to
outperform the simple Last Context Image (LCI) heuristic. A similar trend was
observed in the synthetic experiments, where the LCI again achieved comparable
metric values. To contextualize results and assess whether it was a data-specific
problem, we compared against natural imaging baselines, particularly the SimVP,
which consistently outperformed NP-based methods. Finally, to reestablish a con-
nection to medical data, we evaluated the best-performing natural imaging baselines
on the ACDC dataset in a 2D setting and showed that all tested baselines outperform
the LCI.
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6.1.1 Alzheimer’ Disease Prediction

Neural ODEs Table 5.1 summarizes the results of extending the ASP with Neural
ODE (NODE). While incorporating the NODE yielded a slight improvement over
both the baseline ASP and its summed representation variant, the overall perfor-
mance remained weak. We attribute this to the complexity of the setup, in which
slices were randomly sampled from 3D volumes along arbitrary axes, which likely
exceeded the method’s representational capacity. Both the baseline ASP and the
ODE-augmented variant have a similar number of parameters, suggesting that the
limitation stems from the architecture rather than the temporal modeling. To mit-
igate this, we simplified the task by restricting the axis to a single one, while also
exploring alternatives to the attention mechanism to improve the method’s dimen-
sional scaling.

Attention Alternatives Replacing the attention module in ASP with Mamba blocks
showed initial promise, suggesting that the architecture could benefit from more effi-
cient skip connections. However, ablation studies revealed a critical issue: removing
the explicit time input (see Table 5.2) did not degrade performance. This finding
undermines the intended contribution of continuous-time modeling and raises con-
cerns about whether the model truly leverages temporal information. One possible
interpretation is that image biomarkers already encode sufficient cues for disease
progression, allowing the network to infer temporal information. Nevertheless, this
observation was concerning, especially since other baselines demonstrated clear ben-
efits from explicit time conditioning for modeling AD (e. g. [106]). To probe further,
we introduced a simple heuristic that used a random image as a gauge. This ex-
periment emphasized a broader issue, discussed earlier in Section 2.3.3: whether
our evaluation metrics truly capture temporal learning. Since none of the tested
methods, which were all based on NPs, surpassed this LCI, the limitation likely
reflected that these methods appeared insensitive to explicit temporal information.
To disentangle the factors underlying the difficulty of interpreting image reconstruc-
tion metrics, we next conducted simplified synthetic experiments designed to isolate
temporal learning.

6.1.2 Synthetic Segmentation

We adopted the synthetic experiments to evaluate how effectively the methods learn
spatio-temporal dynamics. A key finding was that the LCI heuristic outperformed1

all other methods on the synthetic segmentation task under specific settings, raising
concerns about the robustness of the underlying backbone. While ASP performed
reasonably well in several experiments, it struggled with certain synthetic settings.

1It is paradoxical to say that LCI outperforms a method while it essentially does nothing
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These limitations motivated us to consider alternative baselines beyond NP-based
methods. Specifically, we turned to natural imaging models such as SimVP from
Gao et al. [34], which have demonstrated strong performance in video prediction, to
test whether the weaknesses observed in NP-based models are of an architectural
nature.

Natural Imaging Baselines Using the same experimental setup, we evaluated
SimVP, which massively outperformed NP-based methods on the synthetic dataset
(Table 5.5). This likely confirms the suspicion that the NP backbones were subopti-
mal for this task. Following this, we adopted natural imaging methods as backbones
for subsequent medical experiments, with a particular focus on spatio-temporal pre-
diction. The key takeaway is the importance of testing multiple backbone variations
and assessing which architectures generalize effectively across settings. Notably,
SimVP contains roughly the same number of parameters as the NP-based methods,
yet remains computationally efficient as it avoids attention over long image token
sequences.
Table 5.6 extends this comparison to several baselines on the 2D ACDC dataset.
Two main observations emerge: first, all methods outperform the LCI; second, there
is sufficient performance spread, so the data is not too easy to learn. Interestingly,
ConvLSTM performed best, whereas MIM and SwinLSTM, despite their more com-
plex and more recent design, perform slightly worse. All methods were trained on
the same data with the OpenSTL framework [126]. Interestingly, although SimVP
consistently outperforms other methods on benchmarks such as Moving MNIST
and various synthetic or natural imaging datasets, it performs the worst on ACDC.
This discrepancy highlights a clear gap between the effectiveness of natural imaging
baselines and their transferability to medical datasets.

6.1.3 Summary

In summary, the sequence of experiments underscores the limitations of Neural
Process-based models and highlights the importance of systematically testing models
on controlled (semi-)synthetic datasets, in addition to applying them to clinical data.
The controllability of the data motivated us to pursue a semi-synthetic augmenta-
tion and data-generation strategy. NP-based methods exhibited limited robustness,
often failing to surpass the LCI baseline and showing minimal sensitivity to ex-
plicit temporal conditioning. In contrast, natural imaging baselines such as SimVP
achieved consistently stronger results on synthetic tasks, even without explicit time
embeddings, suggesting that their backbone is more apt for spatio-temporal model-
ing.
These findings suggest that while NP formulations are conceptually elegant, their
practical benefit for longitudinal medical and synthetic image generation remains
modest. The observed performance gap and the relative strength of natural-image
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baselines motivated us to explore flow-based methods that directly model continuous
dynamics.
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6.2 Longitudinal Augmentation and Data Generation

This section presents results from our longitudinal augmentation experiments and
their broader implications. Our preliminary experiments with longitudinal aug-
mentation and data generation clarify how these methods fit within synthetic data
generation.

6.2.1 Findings for Longitudinal Augmentations

Synthetic augmentation has been widely studied in machine learning and medical
imaging. Interest comes from data scarcity, privacy concerns, and the need for
controlled evaluation (see Section 2.4.3). In that section, we reviewed earlier work
and examined how it fits the broader trend of using synthetic data for model de-
velopment and benchmarking. The longitudinal augmentation approach produced
an additional dataset suitable for validating forecasting methods. We evaluated its
effectiveness in two ways: First, we integrated the generated sequences online as
additional training data to improve SimVP forecasting on the 2D ACDC dataset.
Improvements were modest but consistent. This is remarkable given the simple
augmentations and strong artefacts, which reduced visual realism (see 5.5). Several
studies have shown the benefit of even imperfect synthetic distributions. These ben-
efits occur when they are appropriately aligned with model assumptions [40, 41].
This supports our hypothesis, based on prior literature: synthetic data may be a
useful inductive prior even if it does not match real data perfectly [60, 148]. Our
results match this view; Longitudinal augmentations need not perfectly replicate
disease progression to be useful. As emphasized earlier, the objective here was func-
tional utility rather than realistic quality. Higher realism and stronger performance
could come from using more anatomically relevant segmentations, which would bet-
ter capture actual appearance changes.
In addition to quantitative evaluation, we also visually inspected the generated se-
quences. Despite their simplicity, the results appeared realistic, demonstrating clear
progression between images. In Section 5.3, we benchmarked two spatio-temporal
baselines and TFM on the semi-synthetic longitudinal BraTS dataset. However,
whether those results fully validate the longitudinal augmentation approach remains
an open question, as we did not use it for downstream tasks.

6.2.2 Limitations of Longitudinal Augmentations

Current limitations include a simple linear latent trajectory for our experiments.
We also used coarse segmentation units, such as whole-organ boundaries instead of
finer substructures. Both factors limit the anatomical realism of sequences. They
may also reduce applicability for tasks needing fine spatial or morphological de-
tail. It is important to note that this limitation is not foundational, but rather a

117



6 Discussion

simplification made to demonstrate the feasibility of using Longitudinal Augmenta-
tions. Future work could add more realistic, disease-specific temporal patterns, like
sigmoidal growth or decay curves. These could come from clinical data or disease
trajectories. Adding finer-grained segmentation, down to sub-organ or lesion anno-
tations, may increase plausibility and improve alignment with observed progression.
We applied these augmentations only once, but using them multiple times could
produce finer deformations, given the Gaussian and directional settings. These en-
hancements should preserve controllability, flexibility, and low data needs. This
balance makes the augmentations attractive for augmentation and benchmarking.
The latent trajectory can be better fit to clinical patterns, using longitudinal stud-
ies or expert annotations. We acknowledge that we qualitatively evaluated results
only superficially and by a non-medical expert. Our experiments show longitudinal
augmentations reliably generate synthetic trajectories that match key visual and
structural features of real data.

6.2.3 Summary and Outlook for Longitudinal Augmentations

Overall, these exploratory longitudinal augmentation experiments primarily serve
as proof-of-concept. The generated sequences demonstrate realistic evolution, even
with a basic latent growth model. Due to their computational efficiency and flexi-
bility, these methods are practical for augmentation and benchmarking.
In Section 5.3, we show that such sequences assist in evaluating longitudinal meth-
ods. Nonetheless, rigorous validation of these methods remains necessary. A com-
prehensive evaluation should compare augmentations to real datasets, assess their
alignment with biomarkers, or include expert assessment.
Nevertheless, our biologically-informed longitudinal augmentations offer a lightweight,
controllable way to generate spatio-temporal data. While still in an early stage, these
augmentations have the potential to advance scalable, interpretable, and computa-
tionally efficient semi-synthetic data generation for medical imaging, with the intent
to complement existing data-driven and generative approaches.
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6.3 Medical Spatio-Temporal Learning using Flow
Matching Discussion

We proposed and then Temporal Flow Matching (TFM) for image prediction on
three medical spatio-temporal datasets (ACDC, LUMIERE, ISLES). Across all
datasets, TFM consistently surpassed the Last Context Image (LCI) and competing
methods in terms of PSNR, SSIM, and NRMSE. It remained stable under ablations
and was computationally efficient. The main findings are

• Accuracy: TFM outperformed all baselines and consistently beat the LCI
across all metrics.

• Robustness: Results are stable across ablations, and most design choices had
a minor impact

• Major Impact: Learning the whole sequence and adding sparsity filling made
the model very performant. This highlights the value of modeling within the
same distribution.

• Efficiency: Supports Single-GPU training with modest memory and runtime
requirements, requires no heavy pretraining or augmentations, and remains
well below diffusion baselines and comparable to natural imaging methods.

6.3.1 Revisiting the Reverse QR Problem

In Section 2.3.3, we introduced the reverse QR Code problem, which describes a
toy problem, where there is a high-dimensional image time series, but the spatio-
temporal change is locally bounded. We will illustrate here how FM can address
this issue, even when operating on the same low spatial resolutions. Recall that
this toy example showed a key limitation of current evaluation practices: Even a
perfect longitudinal model cannot achieve a perfect score if its spatial predictions
are slightly misaligned. Most standard pixel-wise metrics treat all pixels equally,
without accounting for change. As a result, models that correctly predict dynamic
regions can still be penalized for mainly irrelevant background errors.
This raises two important questions:

• Are the current metrics fit for purpose?
• Can modeling the difference mitigate this issue?

While we cannot definitely claim that Flow Matching (FM) resolves these problems,
we can see that it does address them in part. Since FM explicitly models voxel-level
displacements, it focuses on regions of change. This can potentially reduce the bias
of static regions. As illustrated in Figure 6.1, FM perfectly solves the aforementioned
reverse QR code problem.
A potential next step would be to design a difference-weighted loss function, one
that gives higher importance to regions exhibiting change. Under such a metric, a
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(a) Start Context (b) Flow (c) Prediction

Figure 6.1: Comparison between the starting last context, the predicted flow, and
the target as well as the prediction.

perfect longitudinal model would achieve a perfect difference-weighted MSE, while
the LCI would not. However, interpreting such metrics may be difficult. Possibly,
they are used only in conjunction with regular metrics. In summary, this example
highlights a key lesson: Flow-based approaches can solve this toy problem. Whether
this result generalizes to actual time series remains open. Ultimately, we conclude
that progress in spatio-temporal modeling must also include better ways to measure
temporal accuracy.

Ablations

We conducted a series of ablation studies to evaluate how individual components of
our tfm design influence performance. The experiments reveal two findings. Some
design choices are crucial for model stability and accuracy. Others show that our
approach is resilient to architectural or hyperparameter variation.

Critical Design Choices Table 5.8 summarizes the critical ablation results. The
most impactful factor is the sparsity-filling strategy; removing it leads to a substan-
tial drop in performance. This is expected, as sparsity filling directly aligns with
the motivation to leverage samples from the same distribution. In contrast, training
exclusively on non-zero frames leads to unstable training.

Robust Design Choices Other factors appear to impact our method less: Using
the last frame or mean aggregation leads to only minor metric differences. Fur-
ther work could test which strategy generalizes better across datasets. Replacing
the attention U-Net backbone with a lighter variant slightly reduces performance.
However, it is computationally lighter. Finally, the set of ablations on function eval-
uations, feature dimensionality, etc. has little effect on performance. This suggests
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that TFM is stable across different configurations.

Experimental Setup and Sampling Challenges

During experimentation, we found that the order and strategy of temporal
sampling play a far more significant role than initially expected. If the sampling
order during validation is not fixed, the performance of the LCI heuristic and each
model fluctuates dramatically, depending on which frames are visible. For example,
when only the last frame is retained, results appear strong. This skews the vali-
dation distribution toward overfilled sequences when choosing the best performing
validation seed. Such conditions may not reflect realistic settings.
To illustrate, suppose each index is masked with probability p across n frames. The
probability of keeping the last frame is p, whereas the probability of keeping only
the first frame is pn−1. We observed this issue with ACDC and ISLES because we
artificially subsampled these datasets. One fix is to randomly sample which frame
is the last available frame (=LCI), the first frame, and then fill in between. This
practice mitigates this bias. We emphasize this as a critical experimental detail for
reproducibility, especially in irregularly sampled data.
A related challenge concerns picking the best validation performance. Even with
a fixed dataset split, random resampling of context frames can shift the validation
distribution between runs and validation steps. This behavior, resembling valida-
tion bootstrapping, can substantially distort comparability across reported results.
To ensure consistency, we fixed the random subsampling pattern across all runs.
This arguably improved comparability and fixed the value of LCI between valida-
tion epochs.
Random subsampling can vary validation performance and the choice of ’best’ val-
idation epoch. This variability is higher if it is not explicitly controlled. Even the
seemingly simple decision to use multiple context images introduces additional ran-
domness that is rarely discussed in prior literature. In most studies, image time series
are used either in full or only for single-context images. However, in longitudinal
medical datasets where data are scarce, such sampling effects can disproportionately
influence validation scores. In contrast, natural image datasets typically have suffi-
cient sample sizes. As a result, stochastic effects tend to average out.
This highlights the importance of explicitly sampling protocols in medical spatio-
temporal research. Without such transparency, small differences in sampling strate-
gies can cause large discrepancies in reported performance. This is especially true
for methods operating on sparse but grid-quantized data.
One possible protocol to standardize evaluation would be to iteratively mask each
index in the sequence, producing T distinct validation results per sequence. While
averaging these results is not straightforward, this approach would ensure that all
temporal distances are covered systematically. Alternatively, one could fix the first
and the last frame while randomly sampling the intermediate context frames. This
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strategy offers greater coverage, though at the cost of reduced interpretability when
aggregating performance into a single scalar metric.

6.3.2 Baseline Selection and Comparison

Several baselines, such as SADM [154], fell short of expectation, to a degree that
SADM failed to even converge under their experimental settings and datasets. The
standalone ViViT model also performed extremely poorly, both qualitatively and
quantitatively. This partially explains SADM’s performance, as ViViT produces the
temporal predictions as an intermediate step, as conditioning for the diffusion stage.
Given the ViViT’s patch size of 8 × 32 × 32, it is likely that this coarse represen-
tation limited its ability to capture fine image details. The discrepancy between
prior work’s reported SADM results and our empirical findings was substantial. To
obtain a functional sequence-based diffusion baseline and reduce this discrepancy,
we explored multiple strategies to improve SADM’s performance.

1. Pretrain the autoencoder and vision transformer separately before diffusion
training.

2. Freezing pretrained components and training the diffusion model in the latent
space.

3. Adding a skip connection to the vision transformer to improve the diffusion
model’s input quality.

Despite these efforts, our adapted SADM only reached SSIM = 0.873, PSNR =
23.96 dB, and NRMSE = 0.066, still far below TFM’s performance and visually
more blurry. Ironically, we spent more time attempting to stabilize SADM than was
needed to train TFM, despite TFM having a substantially smaller computational
footprint (Fig. 5.8). As shown in the same figure, TFM not only achieves superior
predictive accuracy but also requires less memory than SADM. For completeness, the
original SADM implementation could not be trained in our environment with their
code; we therefore report their published results alongside those from our adapted
implementation.
Identifying robust medical baselines proved challenging, prompting us to include
natural imaging methods. While approaches like SimVP represent the state-of-the-
art (SOTA) in spatio-temporal modeling, they transfer poorly to the 3D medical
domain. SimVP performed well on 2D ACDC, but the performance degraded im-
mensely on 3D experiments. One likely reason is the reduced number of parameters
we had to impose in order to make 3D training feasible, along with the fact that
we were the first to extend this method to 3D. A deeper investigation into how
to recover the lost performance is left for future work. Notably, even in the 2D
setting, recurrent approaches consistently outperformed SimVP, underscoring the
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gap between results achieved on natural imaging benchmarks and those observed in
medical datasets.
In contrast, truly medical imaging specific baselines designed for sparse or irregular
temporal modeling remain scarce. To the best of our knowledge, mainly SADM
and ConvLSTM variants directly address comparable problem settings based on se-
quences on discrete grid settings. This highlights the lack of suitable baselines and
further motivates the development of TFM as a lightweight and reliable foundation
for longitudinal image modeling.

Key Technical Contributions

In this section, we summarize the key technical contributions of TFM and explain
why it is a strong candidate as a baseline for spatio-temporal modeling tasks in
medical imaging.

• Efficient and Scalable Architecture: We demonstrate that a U-Net-based
architecture can effectively model spatio-temporal medical imaging data using
a single local GPU, without extreme restrictions on input size. While ACDC
is relatively small, LUMIERE is representative of typical 3D medical imaging
datasets in terms of resolution and complexity.

• Handling Sparse and Irregularly Sampled Data: TFM is explicitly designed
to work with sparse and irregularly sampled time series, albeit on a discrete grid
(4.30), common in real-world medical imaging scenarios. Many existing methods
implicitly assume regular sampling or fixed time intervals and fail to address this
challenge. By incorporating a sparsity-filling strategy, we enable the same model
to operate effectively in both sparse and irregularly sampled regimes, making
TFM a versatile choice across a wide range of clinical acquisition settings.

• Flexibility and Generalizability: TFM is not tied to a specific imaging modal-
ity, anatomy, or prediction task. It can be adapted to different datasets and
problem settings with minimal architectural modifications. We demonstrate this
flexibility across multiple datasets, highlighting TFM’s potential as a universal
baseline for medical imaging tasks involving temporal dynamics.

• Strong Baseline Performance: TFM achieves state-of-the-art performance on
several challenging datasets, outperforming existing baselines in both quantitative
metrics and qualitative evaluations. This consistent performance across tasks,
hyperparameters, and datasets underscores its effectiveness and reliability.

• Methodological Simplicity: While there are opportunities for further improve-
ment, TFM is conceptually and practically straightforward to implement and
train. Unlike other models that require multi-stage pipelines—such as pretraining
separate autoencoders, control nets or vision transformers, TFM can be trained
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end-to-end from scratch. This simplicity lowers the barrier to adoption and makes
it accessible to a broader range of researchers and practitioners.

6.3.3 Temporal Flow Matching Limitations

Our prediction task serves as a proxy for disease progression, but the practice may be
more complex. Fully modeling disease dynamics is beyond the scope of this work;
here, we focus on image-based forecasting. Additionally, we have the following
limitations;

• Implicit Temporal Modeling: Temporal information in TFM is represented
implicitly through the relative position of the input, rather than being modeled
explicitly in the architecture. While this approach is effective in practice, it may
not fully capture more complex temporal dependencies, particularly in cases with
highly irregular or nonlinear dynamics.

• Deterministic Predictions and Uncertainty: As discussed in Section 5.4.2,
the standard TFM formulation produces deterministic predictions, even though
this is rather an evaluation than a method issue. This limitation concerns evalu-
ation rather than modeling itself: How can we reliably judge a variation of pre-
dictions to be valid, while having only a single ground truth?

• Limited Contextual Information: Temporal context in TFM is encoded through
position within the tensor, which introduces computational constraints on the in-
put size. Consequently, the amount of temporal context that can be processed for
long sequences is limited, potentially affecting performance.

• Limited Interpretability: While TFM achieves strong performance accord-
ing to standard quantitative metrics, the link between these metrics and true
clinical insight remains uncertain. As discussed previously regarding difference-
attenuated metrics, high metric performance does not necessarily translate into
meaningful temporal or pathological understanding. This reflects a broader chal-
lenge in medical AI, where numerical accuracy may not fully capture clinically
relevant progression dynamics. Addressing this limitation will likely require the
development of domain-specific or change-localized evaluation metrics that better
reflect clinical interpretability.

6.3.4 TFM Summary

Temporal Flow Matching (TFM) offers a simple, computationally efficient approach
to longitudinal image prediction. Across all evaluated datasets, it consistently sur-
passes the LCI heuristic and spatio-temporal competitors, while training on modest
hardware. By supervising a velocity field on a sparsity-filled sequence, TFM han-
dles irregular sampling without specialized components. These properties make it a
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dependable baseline for medical spatio-temporal modeling, and a solid foundation
for future work.
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6.4 TFM Extension

While the discrete TFM achieves strong results, it left several open challenges. The
most relevant challenge for medical imaging is handling continuous time. Clini-
cal longitudinal follow-ups almost never lie on a fixed grid. We addressed this by
extending TFM to a continuous time formulation. After that, we discuss two fur-
ther extensions may be useful for medical data: A deformation-based variant better
aligns anatomical changes, and a Schrödinger Bridge formulation which describes a
regularized optimal transport formulation.

6.4.1 Continuous Temporal Flow Matching

The motivation for introducing a continuous-time formulation is that longitudinal
medical data are often irregularly sampled (not easily quantized). Discretizing these
timesteps into a fixed grid introduces quantization errors. It increases computational
overhead, especially when many timepoints are empty or unevenly spaced. Further-
more, the discrete TFM relied on sparsity filling and implicit temporal information,
which can cause further errors. Thus, the continuous TFM replaces discrete quan-
tization with direct conditioning on real-valued timesteps. Despite this change, the
architecture and loss function remain identical. Overall, the method learns flow
directly in continuous time, without needing a predefined temporal grid. The main
observations are:

• On highly irregular ACDC splits, the continuous version of TFM yielded clear
and consistent improvements.

• On regularly sampled datasets, its performance matched that of the discrete TFM.

In the discrete TFM, the step embedding for τ mainly served as a technical mech-
anism to induce flow between frames. It did not encode meaningful temporal in-
formation. Replacing this component with continuous conditioning is both natural
and elegant. It extends the method’s applicability to real-world, irregularly sam-
pled data. Further work is needed to regularize and interpret the learned continuous
dynamics in practice, even though we have taken some first steps in that direction.

6.4.2 Schrödinger Bridge TFM

Spatio-temporal prediction in medical imaging involves uncertainty; the available
context frames often do not uniquely determine future anatomy. Deterministic pro-
cesses, such as in the ACDC or ISLES datasets, are suitable when disease progression
allows a pre-defined trajectory. Other diseases, such as glioblastoma, exhibit more
stochastic evolution with multiple plausible futures. In these cases, we want to
model a distribution of possible futures, not just a single outcome.
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A Schrödinger Bridge (SB) formulation offers a principled framework for introduc-
ing stochasticity into Flow Matching while remaining under well-defined constraints.
Unlike deterministic Flow Matching, SB identifies the most likely stochastic process
between two distributions under Brownian motion and adds an entropic regular-
ization term. Intuitively, this represents a soft version of optimal transport. The
trajectory is smooth and regularized by uncertainty. Such regularization could, in
future work, be derived from anatomical or learned priors [84]. It would constrain
the stochastic trajectories to remain physiologically plausible.
Evaluating stochastic models remains a major challenge. Deterministic predictions
use voxel-wise errors, but evaluating distributions over futures requires comparing
probability distributions. Common generative metrics, such as FID or Inception
Score, are limited because they fail to assess whether the predicted modes corre-
spond to clinically meaningful variations. A more theoretically grounded option is
to compute divergences like the Wasserstein distance or KL divergence between the
learned and ground-truth trajectory distributions. However, this is highly infeasible
in voxel space. Because we intentionally implemented SB TFM in voxel space, we
now need to move to a more compact latent representation to address this limita-
tion.
Future work could draw on the ideas of our longitudinal augmentations 4.2, which
already generate realistic image trajectories. A stochastic version of this framework
could test probabilistic forecasting. This would enable sampling from anatomically
regularized stochastic flows.
In summary, integrating the Schrödinger Bridge formulation within our TFMmethod
represents a natural and mathematically grounded next step. Our exploration faces
evaluation difficulties and the challenge of using high-dimensional voxel space in-
stead of a compact latent domain. Still, it offers a clear direction for future work.

6.4.3 Deformation and Flow Matching

The deformation-based extension of TFM remains conceptual for this work, yet
it introduces a mathematically and intuitively appealing perspective on modeling
spatio-temporal changes in medical imaging. Instead of moving intensities through
voxel space, we move mass using geometric deformations. The reframing replaces
intensity interpolation with spatial transport, possibly ensuring that intermediate
states remain anatomically consistent. Though preliminary, this is a more elegant
extension for settings where structural consistency matters, e. g. for datasets like
ACDC.

6.4.4 Summary of Extensions

We extended the discrete TFM formulation to continuous time, providing a new
interpretation of the flow step τ as a real-valued temporal variable. This continuous
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formulation represents the conceptual and technical culmination of our work, ad-
dressing all the key limitations identified in existing methods throughout the litera-
ture. It thus constitutes the core methodological contribution of this thesis. Building
on this, we presented initial results using Schrödinger Bridges; while they function
technically, their effectiveness is limited by our current evaluation approach. These
SB models, in particular, enable a more natural modeling of image prediction un-
der Brownian motion constraints. Additionally, we explored how deformation-based
TFM could leverage the inherent anatomical changes to model image distributions
more naturally. These extensions clearly demonstrate the flexibility of the Tem-
poral Flow Matching framework and establish new directions for developments in
longitudinal medical imaging.
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Conclusion and Outlook
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This work addressed the challenge of forecasting longitudinal medical images under
sparse and irregular sampling. We began by assessing both medical and natural
imaging baselines and found that forecasting entire images or segmentations is dif-
ficult, to the point that even a simple heuristic such as Last Context Image (LCI)
remains hard to surpass. Beyond these empirical findings, our main contributions
include the introduction of semi-synthetic augmentation strategies and, most impor-
tantly, the Temporal Flow Matching (TFM) framework, which enables forecasting
of 3D medical image time series at arbitrary timepoints. TFM is computationally
efficient, robust across different parameter settings, and consistently outperforms all
tested baselines, often using equal or significantly fewer computational resources. We
further explored theoretically appealing extensions, including Schrödinger Bridges
and deformation-aware formulations, both of which aim to capture plausible image
evolution. Future work could extend this foundation by leveraging large pre-trained
or foundation models, exploring semi-synthetic pre-training strategies, and develop-
ing methods and evaluations for generating multiple plausible futures. Additional
directions include designing metrics that focus on localized differences rather than
global similarity. In summary, this work addresses a previously underexplored prob-
lem—modeling of sparse and irregular medical image time series—and provides a
strong methodological and conceptual foundation for modeling disease trajectories.
While substantial progress has been made, achieving robust clinical translation will
require continued effort in scaling, evaluation, and integration with real-world work-
flows.
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[30] Fábio J. N. Ferreira and Agnaldo S. Carneiro. “AI-Driven Drug Discovery: A
Comprehensive Review”. In: ACS Omega 10.23 (), pp. 23889–23903 (cit. on
p. 1).

[31] Alejandro F. Frangi, Sotirios A. Tsaftaris, and Jerry L. Prince. “Simulation
and Synthesis in Medical Imaging”. In: IEEE transactions on medical imaging
37.3 (Mar. 2018), pp. 673–679 (cit. on p. 46).

[32] Wanyi Fu et al. “iPhantom: A Framework for Automated Creation of Individ-
ualized Computational Phantoms and Its Application to CT Organ Dosime-
try”. In: IEEE journal of biomedical and health informatics 25.8 (Aug. 2021),
pp. 3061–3072 (cit. on p. 28).

[33] K. Fukushima. “Neocognitron: A Self Organizing Neural Network Model for
a Mechanism of Pattern Recognition Unaffected by Shift in Position”. In:
Biological Cybernetics 36.4 (1980), pp. 193–202 (cit. on p. 10).

[34] Zhangyang Gao et al. “SimVP: Simpler Yet Better Video Prediction”. In:
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition. 2022, pp. 3170–3180 (cit. on pp. 21, 22, 24, 64, 86–89, 115).

[35] Zhihan Gao et al. “Earthformer: Exploring Space-Time Transformers for
Earth System Forecasting”. In: Advances in Neural Information Processing
Systems 35 (Dec. 2022), pp. 25390–25403 (cit. on p. 22).

[36] Marta Garnelo et al. “Conditional Neural Processes”. In: Proceedings of
the 35th International Conference on Machine Learning. PMLR, July 2018,
pp. 1704–1713 (cit. on p. 23).

[37] Marta Garnelo et al. Neural Processes. https://arxiv.org/abs/1807.01622v1.
July 2018 (cit. on pp. 21, 23, 24).

133



Bibliography

[38] Gilles E. Gignac and Eva T. Szodorai. “Defining Intelligence: Bridging the
Gap between Human and Artificial Perspectives”. In: Intelligence 104 (May
2024), p. 101832 (cit. on p. 1).

[39] Nicole Gillespie et al. Trust, Attitudes and Use of Artificial Intelligence: A
Global Study 2025. Tech. rep. The University of Melbourne, 2025, 4974511
Bytes (cit. on p. 1).
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and Maier-Hein, Klaus Temporal Flow Matching for Learning Spatio-Temporal
Trajectories in 4D Longitudinal Medical Imaging, arXiv
Contains most of the Temporal Flow Matching method 4.3.

[2] Disch, Nico Albert and Saikat Roy, Constantin Ulrich, Yannick Kirchhoff,
Maximilian Rouven Rokuss, Robin Peretzke, David Zimmerer, Klaus Maier-
Hein CRONOS: Continuous time reconstruction for 4D medical longitudinal
series , Submitted to ICLR
Constitutes the continuous extension to TFM 4.4.

7.1.2 Accepted Papers

[1] Disch, Nico Albert and Kovacs, Balint and Ulrich, Constantin and Peret-
zke, Robin and Roy, Saikat and Rokuss, Maximilian Rouven and Kirchhoff,
Yannick and Zimmerer, David and Maier-Hein, Klaus Applying Longitudinal
Augmentation and Data Generation (LAUGEN) in Medical Imaging, Synthetic
Data for Computer Vision Workshop @ CVPR 2025.
Constitutes the longitudinal augmentation chapter 4.2.

[2] Disch, Nico Albert and Peretzke, Robin and Roy, Saikat and Ulrich, Con-
stantin and Zimmerer, David and Stiefelhagen, Rainer and Kleesiek, Jens and
Maier-Hein, Klaus Back to the Future: Challenges of Sparse and Irregular
Medical Image Time Series, Medical Image Computing and Computer As-
sisted Intervention – MICCAI 2024 Workshops
Contains the NP backbones with Ellipses experiments and ADNI 5.1.
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7.2 Conditional U-Net Mechanics.

Method Runtime [103s] Max Memory [GB]

ViViT 16 9.0
NODE+LSTM 60 6.6
SimVP 20 5.2
ConvLSTM 14 3.5
TFM discrete 18 7.7
TFM continuous 12 7.0

Table 7.1: Wall-clock runtime in thousands of seconds and maximum memory usage
for a single run.

7.2 Conditional U-Net Mechanics.

Our implementation of the U-Net backbone follows the conditional architecture of
the Flow Matching library. The model consists of two main components: an encoder
(plus a bottleneck), and a decoder (expansive path), with skip connections between
encoder and decoder stages. At each resolution, the feature width is scaled according
to the multipliers [C1, C2, C3], relative to the base width C0. Timestep embed-
dings. Each input timepoint t is mapped to a high-dimensional embedding using
sinusoidal features. This raw embedding is passed through a two-layer MLP with
SiLU activation to obtain a time embedding vector of size 2 ∗ Ci. Per-level projec-
tions of this embedding are injected additively into residual blocks. If class or image
conditioning is present, it is combined with the time embedding. We do not actively
use the class conditioning, but it is nice to keep that in mind. Residual blocks.
Each block consists of GroupNorm, SiLU activation, and 3×3×3 convolutions. The
time embedding is added channel-wise after the first normalization, through a FiLM-
like scale–shift transformation. Residual connections use 1×1 convolutions. Dropout
may be applied before the final convolution. Additionally, a temporal FiLM adapter
modulates features according to the global time embedding. We added an optional
spatial feature adapter. Down- and upsampling. Downsampling between encoder
stages is performed by residual downsampling blocks. Upsampling in the decoder
mirrors this process, using nearest-neighbor. At each decoder stage, the upsam-
pled feature map is concatenated with the corresponding encoder skip connection,
fused with a 1×1 convolution, and processed by residual blocks with conditioning.
Attention blocks. At selected resolutions, self-attention is inserted after residual
blocks. Features are normalized, projected into Q,K, V , and processed with multi-
head attention. The output is projected back and added residually. Decoder and
output. The decoder inverts the channel schedule C2 → C1 → C0. Each stage ap-
plies upsampling, skip fusion, residual blocks with time conditioning, and optional
attention. After the final decoder stage, GroupNorm and SiLU are applied, fol-
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lowed by a 3×3×3 convolution projecting to the desired number of output channels.
Normalization and activation. GroupNorm is used throughout the network to
accommodate small batch sizes, and SiLU serves as the activation function. All
convolutions use “same” padding to preserve spatial alignment.
Summary UNet Architecture In total, the architecture follows a U-shaped en-
coder–decoder with skip connections, residual and attention blocks, FiLM-style time
conditioning, and optional spatial adapters for context. This design enables efficient
spatio-temporal modeling of volumetric medical data, with explicit temporal condi-
tioning and multi-scale feature fusion.

7.3 Qualitative Results
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7.3 Qualitative Results

(a) Deformation (OT) (b) Flow Matching (OT)

(c) Deformation (UOT) (d) Flow Matching (UOT)

Figure 7.1: Comparison and motivation between deformation-based transport
and Flow Matching. The upper row illustrates the classical optimal
transport framework, where mass is preserved during deformation. The
lower row illustrates a source term that allows for mass change, either
in the deformation framework or in Flow Matching. µ1 signifies the
initial distribution, µ3 the target distribution. µ2 is an intermediate
distribution, which is closest to µ3 via OT. (a) Deformation (mass-
preserving transport): Classical optimal transport corresponds to a
mass-preserving deformation field. Probability mass is displaced hori-
zontally in space, such that the initial distribution µ1 is mapped into
the target distribution µ2. (b) Flow Matching (vertical transport
at fixed x): At each spatial position x, the density is interpolated ver-
tically from µ1(x) to µ2(x). (c) Deformation with mass change:
Extending the deformation formulation with a source term allows both
displacement of existing mass and the creation or removal of density.
(d) + Flow Matching with mass change: This panel shows how to
combine Flow Matching after having applied a deformation field. The
overall arrow sizes are lower, and
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Figure 7.2: Qualitative Results for Mamba on the ADNI dataset

Figure 7.3: Target for Mamba on the ADNI dataset
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7.3 Qualitative Results

Figure 7.4: Qualitative Results for ASP on the ADNI dataset

Figure 7.5: Target for ASP on the ADNI dataset
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