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Abstract of thesis entitled

Longitudinal Chest X-ray Image Generation via
Autoregression Model and Diffusion-based Model
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Yiran WANG

for the degree of Master of Philosophy
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Longitudinal chest X-ray (CXR) analysis is central to clinical follow-up of pulmonary
diseases, where radiologists compare prior and current scans to assess subtle, local-
ized lesion changes while preserving global thoracic anatomy. This thesis studies the
problem of longitudinal CXR generation: synthesizing a plausible follow-up radiograph
conditioned on a reference CXR and a textual description of disease progression.

Recent advances in transformer architectures have made them a dominant backbone
for image generation, spanning both autoregressive image token modeling and diffusion
transformer (DiT) frameworks. Despite their strong capacity for global context modeling,
we observe a systematic corner/edge bias in transformer attention, where attention mass
disproportionately drifts toward non-informative image boundaries. This behavior
is particularly problematic for longitudinal CXR generation: Clinically meaningful
changes are often small and spatially confined, yet the generated image must remain
anatomically consistent and semantically aligned with the progression description.

To address these challenges, I propose Gaussian-Biased Causal Attention (GBCA), a
lightweight attention modulation module that injects lesion-centric Gaussian spatial
priors into selected transformer layers to reduce attention drift toward non-informative
regions (e.g., corners/edges) and to improve lesion-aligned control. GBCA is designed
to be architecture-agnostic: it can be integrated into autoregressive image token genera-
tors and diffusion transformer (DiT) backbones without modifying the original model
parameters. In the autoregressive setting, I integrate GBCA into a decoder-only multi-
modal autoregressive transformer (Emu3) for longitudinal CXR generation, and further
validate its generality on a second autoregressive editing backbone (EditAR) by freezing
the base generator and training only the GBCA module. In the diffusion setting, I extend
GBCA to DiT-based longitudinal generation by identifying structurally critical (vital)
layers and injecting the spatial prior into these layers to better balance global structure
preservation and local lesion editing.



Extensive experiments on longitudinal CXR datasets demonstrate that GBCA con-
sistently improves both image fidelity and clinical faithfulness. Beyond standard per-
ceptual measures, I introduce and report lesion-aware attention and localization metrics
(including Attn-IoU, Corner Bias Index, and Edge Activation Ratio) to quantify whether
the model attends to clinically relevant regions. Results show that GBCA improves
lesion-aligned attention, reduces corner/edge bias, and yields more anatomically con-
sistent follow-up synthesis with better alignment to progression text. Overall, this
thesis provides a practical and general mechanism for spatially grounded control in
transformer-based medical image generation, enabling more reliable longitudinal CXR
synthesis for follow-up modeling and clinical decision support.
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S Total input sequence length in the autoregressive decoder
S(ℓ) Pre-softmax attention logits at decoder layer ℓ
QB Index set of target follow-up token positions in XB

KA Index set of reference-image token positions in XA

S(ℓ)
B→A Attention-logit submatrix from follow-up queries to reference-

image keys at layer ℓ

m(ℓ)
B→A(k) Average logit from target follow-up queries to the k-th reference

token at layer ℓ
ϕA Mapping from a reference-image token index to its 2D spatial

location
H(ℓ)(i, j) Layer-wise spatial attention heatmap on the reference token grid
C Corner region used in the Corner Bias Index (CBI) computation
E Edge band used in the Edge Attention Ratio (EAR) computation
Ω Binary lesion mask / lesion support region
pk = (xk, yk) VLM-predicted lesion-relevant coordinate in the original pixel

space
(x̃k, ỹk) Projected lesion coordinate on the autoregressive visual-token

lattice



Np Number of VLM-predicted lesion points
Rtok(i, j) Gaussian prior map defined on the autoregressive reference-token

grid
r Flattened token-grid Gaussian prior vector
Bgaussian Gaussian bias tensor injected into autoregressive attention logits
s Learnable scalar controlling the strength of Gaussian bias injection
LCE Next-token cross-entropy loss for autoregressive training

Chapter 5 symbols
F Full pre-trained DiT / FLUX backbone
Fskip-l Modified model with the l-th layer skipped
zi Initial Gaussian noise for the i-th sample in vitality analysis
pi Text prompt for the i-th sample in vitality analysis
Ii Image generated by the full model for the i-th sample

I(l)i Image generated when layer l is skipped for the i-th sample
Φ(·) Frozen DINOv2 feature extractor
Sim(U, V) Cosine similarity between DINOv2 features of images U and V
v(l) Vitality score of layer l
τvit Threshold for defining vital layers
V Set of vital layers selected for feature injection
DA Source text conditioning the source path
DP Progression text conditioning the edit path
pk = (xk, yk) VLM-predicted coordinate in the original pixel space
Np The number of VLM-predicted coordinates in the original pixel

space
(xlat

k , ylat
k ) Projected lesion coordinate on the latent spatial grid

h, w Spatial height and width of the latent grid
f Downsampling factor from image space to latent space
Rlat(i, j) Gaussian prior map defined on the latent spatial grid
rimg Flattened latent-image bias vector
rseq Sequence-aligned bias vector after zero-padding text positions
Ntxt Number of text tokens in the DiT input sequence
Nimg Number of image / latent tokens in the DiT input sequence
Lseq Total DiT input sequence length
Tsrc Source denoising path
Tedit Edit denoising path

z(src)
K , z(edit)

K Shared inverted terminal latent for the source and edit paths

h(src,l)
τ Hidden state of the source path at diffusion timestep τ and layer l

h(edit,l)
τ Hidden state of the edit path at diffusion timestep τ and layer l

Attn(l)
edit Edit-path attention output at layer l

Q(l)
edit Query matrix of the edit path at layer l

K(l)
src, V(l)

src Key and value matrices of the source path at layer l



s(τ) Diffusion-step-dependent scalar controlling Gaussian guidance
strength
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Chapter 1

Introduction

This chapter first introduces the importance of longitudinal chest X-rays (CXR) in disease
diagnosis and treatment monitoring, and highlights the key problems and challenges
faced in applying generative models to assist with follow-up image synthesis. It then
analyzes the structural attention bias in mainstream generative models (including au-
toregressive models and diffusion models with Transformer backbones), and elaborates
on the research motivation—namely, proposing a Gaussian-biased attention mechanism
to explicitly guide the model’s focus toward lesion regions and improve the clinical
credibility of generated follow-up images.

1.1 Problem Statement

Thoracic imaging modalities for diagnosis and follow-up. Clinical thoracic assess-
ment relies on multiple imaging modalities, each with different trade-offs in cost, acces-
sibility, radiation exposure, and sensitivity to subtle pathology. Table 1.1 summarizes
the key strengths and limitations from a longitudinal monitoring perspective.

Why chest radiography (CXR) is particularly suitable for longitudinal monitoring.
Among these modalities, CXR is often the frontline exam for a broad spectrum of res-
piratory complaints because it is rapid, widely available (including portable imaging
in wards/ICU), and relatively low-cost, making repeated follow-up feasible in routine
clinical workflows. Clinical guidelines and appropriateness criteria commonly recom-
mend CXR as the initial imaging test, while escalating to chest CT when radiographs
are negative/inconclusive or when complications are suspected. [33] In tuberculosis
(TB) programs, chest radiography is also recommended as an essential tool for de-
tection/screening and is frequently used in longitudinal assessment across treatment
episodes. [48]

Clinical importance of longitudinal CXR comparison. For conditions such as pneumo-
nia and tuberculosis, patients often undergo serial CXR examinations during treatment.
Clinicians compare the latest radiograph with prior scans to identify changes such as
the emergence, enlargement, or resolution of lesions, which directly informs treatment
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Table 1.1: Compact comparison of thoracic imaging modalities for longitudinal monitor-
ing.

Modality Strengths Limitations Dose (typ.)

CXR Fast, ubiquitous, low-cost;
portable bedside imaging;
feasible for frequent follow-up.

2D projection with anatomical
overlap; limited sensitivity for
subtle lesions.

∼0.1 mSv

CT High sensitivity; detailed le-
sion characterization; mitigates
overlap.

Higher cost and radiation; less
suitable for very frequent rou-
tine follow-up.

∼6 mSv

MRI No ionizing radiation; strong
soft-tissue contrast.

Less standard for routine
lung surveillance; practical
constraints.

0

US Portable and radiation-free;
useful for pleura/peripheral
findings.

Operator-dependent; limited
by aerated lung; incomplete
deep parenchyma view.

0

PET/CT Functional assessment;
oncology-specific value.

High dose/cost; not routine for
frequent follow-up.

varies (high)

Note: Doses are representative adult effective doses; protocols vary.

decisions and prognosis assessment. However, manual multi-timepoint comparison
is time-consuming and subjective, increasing radiologist workload and inter-reader
variability. Therefore, leveraging artificial intelligence to automatically analyze follow-
up changes—and even generate predictive future CXRs—has become a practical and
clinically meaningful direction in intelligent medical imaging.

In recent years, various medical image generative models, such as GAN-based
methods like PIE [40], diffusion-based approaches like CXR-IRGen [57] and BioMed-
Journey [24], have been applied to simulate disease progression scenarios to support
clinical decisions. However, current approaches exhibit a major limitation: insufficient
attention to lesion regions and lack of fine-grained depiction. Many generic image
generation models optimize overall visual realism and can reproduce normal structures
and backgrounds with high fidelity, yet they often fail to accurately replicate lesion
morphology or dynamics. In some cases, they even hallucinate anatomical structures
or distort clinical content [24, 57]. This is a severe shortcoming in medical imaging, as
subtle lesion changes often carry significant clinical meaning. If generated follow-up
images fail to highlight lesion evolution, the practical diagnostic value of these models
is greatly diminished.

In this thesis, we formulate the task as progression-conditioned follow-up CXR synthesis:
given a reference CXR image at an earlier time point and a textual description detailing
the expected disease progression, the goal is to synthesize a plausible future follow-up
CXR that (1) conforms precisely to the semantics of the progression text, including
lesion location, extent, and severity; (2) retains the anatomical layout and structural
characteristics of the reference image; and (3) exhibits high visual fidelity without
introducing clinically implausible artifacts. Importantly, although the training data
are longitudinal reference/follow-up pairs, the elapsed follow-up interval ∆ between
the two studies is not explicitly encoded as a model input in Chapters 4 and 5. Instead,
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Figure 1.1: The Overview of the Task. The model takes an initial reference image
and a text prompt describing the clinical evolution as inputs. Through a generative
model, it synthesizes a corresponding follow-up image that visually demonstrates
the radiographic features, such as the improved right pleural effusion and bilateral
pulmonary edema.

temporal information is conveyed only implicitly through the progression description.
Therefore, the present thesis should be interpreted as addressing progression-conditioned
follow-up synthesis rather than fully time-specific longitudinal forecasting. Explicit interval-
aware prediction—for example, answering clinically specific queries such as “how will
the disease appear after two months?”—is left for future work.

1.2 Challenges and Motivation

Thesis statement. This thesis improves the clinical credibility of longitudinal CXR
synthesis by mitigating lesion-under-attention in transformer-based generative models,
via a lesion-conditioned Gaussian attention bias that steers generation toward pathology
while preserving global thoracic anatomy.

One fundamental reason for the above limitation is the structural attention bias in
existing generative models. In particular, autoregressive generation models—which
synthesize images pixel-by-pixel or token-by-token—tend to exhibit biased attention
patterns. For example, autoregressive Transformers generate tokens sequentially, and
thus often place excessive attention on corner and edge of the image (See Figure 1.2),
leading to spatial artifacts or fixed-mode patterns. This "corner bias" manifests as
overly concentrated attention on peripheral areas at early generation stages, while
clinically relevant central lesion regions receive insufficient attention. Combined with
the causal nature of attention—where each token only attends to previously generated
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Figure 1.2: (a) The reference image. The boxes correspond to the area specified in the
prompt. (b) The Gaussian spatial prior overlaps with the reference image. (c) The
attention map without additive bias in the last layer of the model. (d) Additive bias
helps the model focus on lesion areas. (e) The generated follow-up image.

tokens—these models struggle to naturally attend to local lesion areas without explicit
guidance. Such bias impairs local fidelity in generated images and weakens the model’s
ability to represent lesion-specific details [43, 66].

Furthermore, similar challenges appear in diffusion-based generative models, espe-
cially those that adopt Transformer-based backbones. Recently proposed models such
as Diffusion Transformer (DiT) [50] replace traditional U-Net architectures in diffusion
models with global self-attention modules, significantly enhancing their representa-
tional power and generation quality. However, due to architectural similarities with
autoregressive Transformers, these models also inherit similar attention distribution
issues—namely, the lack of explicit focus on lesion-critical regions.

To address this challenge, we propose a unified solution by introducing the attention
bias correction technique originally developed for autoregressive models into diffusion
models like DiT. This approach aims to improve the spatial alignment and lesion-
awareness of both model types during medical image synthesis.

The core motivation of this study is to introduce a Gaussian-biased causal attention
mechanism, which guides generative models to focus more effectively on lesion regions.
Unlike classical position bias techniques such as ALiBi [52] and T5’s learned positional
embeddings [54], GBCA introduces a dynamic, lesion-conditioned spatial prior. Unlike
post-hoc diffusion editing techniques such as Attend-and-Excite [11], GBCA integrates
lesion guidance during generation without breaking autoregressive consistency. Specif-
ically, we inject a 2D Gaussian bias—centered on known lesion coordinates—into the
causal self-attention logits during generation. This spatial bias increases the attention
weights for regions near lesions at each generation step. The mechanism explicitly
steers attention toward clinically relevant regions, correcting for spatial imbalance. Prior
research has shown that incorporating distance-aware attention bias can enhance lo-
cal structure modeling in sequence generation tasks. In the context of longitudinal
CXR synthesis, we expect that Gaussian-biased attention will help the model capture
lesion evolution with higher accuracy and generate clinically interpretable follow-up
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images. This technique contributes to the advancement of medical image generation by
improving spatial precision and clinical fidelity in synthesized radiographs.

Clinical faithfulness and privacy as deployment constraints. For medical image
generation, clinical validity is often determined by subtle local structures; therefore, per-
ceptual realism alone (e.g., FID) can be insufficient, and task-aware evaluation (structure
similarity, downstream performance, and expert review) is typically required. [58] In
addition, synthetic images do not automatically guarantee privacy. Prior studies show
that diffusion models can memorize training samples under certain regimes, creating
potential data-extraction and re-identification risks. [7, 16] These constraints motivate
model designs that improve lesion-grounded generation (reducing spurious attention
patterns) while maintaining rigorous evaluation and privacy-aware release practices.

1.3 Thesis Outline and Contributions

This thesis systematically addresses the challenges of longitudinal medical image syn-
thesis by identifying structural attention deficiencies in existing generative models and
proposing a unified, lesion-guided attention mechanism. The primary contributions
and the organizational structure of this work are outlined below:

1. Summary of Main Contributions

• Diagnosing peripheral-attention failure in medical image generation. We iden-
tify and quantify a recurrent failure mode where transformer-based generators
over-attend to image corners/edges while under-attending to clinically relevant
lesion regions. We propose two simple diagnostics, the Corner Bias Index (CBI)
and Edge Attention Ratio (EAR), to measure this effect.

• A lesion-conditioned attention prior for faithful progression synthesis. We
introduce a lesion-guided attention modulation mechanism (Gaussian-Biased
Causal Attention, GBCA) that injects a 2D Gaussian spatial prior into attention
logits to explicitly increase focus on pathology regions derived from progression
descriptions.

• An autoregressive instantiation for longitudinal CXR generation. We build an
autoregressive follow-up generator (LeGend) and show that applying GBCA at
the semantic-formation stage of the transformer substantially improves lesion
alignment and reduces peripheral artifacts, without sacrificing global anatomical
consistency.

• A diffusion-transformer instantiation with structure-preserving guidance. We
further adapt GBCA to diffusion models with transformer backbones by inte-
grating it into a structure-preserving inference pipeline (dual-path inference and
vital-layer structure locking inspired by Stable Flow [1]). This enables localized
pathological editing while keeping patient-specific anatomy stable.
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2. Thesis Organization

The remainder of this thesis is organized as follows:

• Chapter 2: Literature Review surveys medical image generation with a deliber-
ate progression from general to specific. It first reviews key model families and
clinical use cases across medical modalities, then focuses on CXR generation by
discussing scalability constraints, dataset construction for longitudinal pairing,
and multimodal radiology foundations. Building on this, it formalizes longitudinal
CXR generation (forecasting, imputation, and progression editing), summarizes
task-specific evaluation protocols, and reviews representative longitudinal solu-
tions under two paradigms: autoregressive token generation and diffusion-based
synthesis (including transformer backbones). Finally, it connects recent advances
in attention manipulation and spatial prior injection to motivate our lesion-centric
Gaussian prior and the proposed Gaussian-Biased Causal Attention (GBCA).

• Chapter 3: Background Knowledge establishes the theoretical foundations under-
pinning this research. It details the mathematical formulation of Autoregressive
Next-Token Prediction and Denoising Diffusion Probabilistic Models (DDPM),
with a specific focus on the isotropic architecture of Diffusion Transformers (DiT).
Additionally, it introduces Vision-Language Models (VLMs) and their role in
Visual Grounding, which serves as the core engine for our semantic-to-spatial
mapping strategy.

• Chapter 4: Longitudinal Chest X-ray Generation via Autoregression Model
presents the LeGend framework. This chapter details the diagnostic profiling
of the “corner-edge attention bias” using the proposed CBI and EAR metrics. It
elaborates on the implementation of the GBCA mechanism within a decoder-only
Transformer and presents comprehensive experiments demonstrating that mid-
layer bias injection significantly improves lesion alignment (Attn-IoU) and clinical
interpretability compared to standard fine-tuning approaches.

• Chapter 5: Longitudinal Chest X-ray Generation via Diffusion-based Model
introduces the LeGend-Diffusion framework. It describes a three-phase method-
ology designed to overcome the structural instability of DiT architectures: (1)
Offline Structural Calibration to identify “Vital Layers”; (2) Semantic-to-Spatial
Mapping via VLM-predicted coordinates; and (3) Dual-Path Guided Generation.
In this final phase, we describe how we adapt the Stable Flow [1] inference strategy
by incorporating GBCA into the dual-path pipeline, ensuring that pathological
changes are accurately synthesized within the locked Vital Layers.

• Chapter 6: Conclusion and Future Work summarizes the key findings of this
thesis and discusses the broader implications of the GBCA mechanism. It outlines
potential future research directions, including the extension of this framework to
3D medical modalities and its integration into real-time clinical decision-support
workflows.
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Chapter 2

Literature Review

This chapter reviews prior work on medical image generation with a focus on chest X-ray
(CXR) and its longitudinal setting. We first summarize major generative model families
in medical imaging and discuss the unique multimodal properties of CXR in radiology
workflows. We then formulate longitudinal CXR generation settings and challenges, and
review two representative generative paradigms: autoregressive token generation and
diffusion-based synthesis (including Transformer backbones). Finally, we summarize
related work on attention manipulation and spatial prior injection, which motivates our
Gaussian-Biased Causal Attention (GBCA) mechanism. Figure 2.1 provides a visual
roadmap of the related work reviewed in this chapter, organizing prior studies from
general medical image generation to longitudinal CXR generation, and positioning our
GBCA framework within both autoregressive and diffusion-based paradigms.

Clinical imaging spans heterogeneous modalities with distinct physics, dimen-
sionality, and clinical roles. Anatomical imaging (e.g., radiography and CT) primarily
depicts tissue density and morphology, whereas functional imaging (e.g., PET/SPECT)
reflects metabolic or perfusion signals and is often interpreted jointly with anatomical
context. Modalities also differ in data structure: radiography is a 2D projection of 3D
anatomy, while CT/MRI are volumetric (3D) and may extend to 4D with time or con-
trast phases; ultrasound is operator-dependent with real-time acquisition; ophthalmic
imaging (fundus/OCT) and digital pathology have their own characteristic textures and
scale.

These differences directly affect generative modeling. Projection images (CXR) re-
quire preserving global anatomical layout under superposition, while volumes (CT/MRI)
demand 3D consistency and substantially higher computational budgets. Functional
imaging further introduces cross-modality alignment and calibration issues. There-
fore, a practical strategy in this thesis is to start from broad medical image generation,
narrow down to chest imaging where longitudinal monitoring is routine, and finally
focus on longitudinal CXR generation with two representative generative paradigms:
autoregressive token generation and diffusion-based synthesis.
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Figure 2.1: Overview of the related-work structure in Chapter 2 Literature Review.

2.1 Prior Work on Medical Image Generation

2.1.1 Motivation and clinical use cases

Medical image generation has been studied across a wide spectrum of modalities (radio-
graphy, CT, MRI, ultrasound, PET/SPECT, ophthalmic imaging, and digital pathology),
primarily in response to several persistent constraints in clinical imaging: (i) limited
and imbalanced labeled cohorts, especially for rare diseases and long-tail findings; (ii)
acquisition cost, safety, and operational constraints (e.g., radiation exposure and scanner
availability); (iii) missing or unavailable modalities in real-world care (e.g., MR-only
radiotherapy planning or incomplete multi-sequence MRI); and (iv) privacy barriers
to data sharing and federated development. As summarized in influential reviews,
generative modeling has therefore been used for single-modality synthesis (data aug-
mentation, denoising, super-resolution, artifact reduction) and cross-modality synthesis
(image-to-image translation such as MR→CT or MR→PET), often with explicit goals of
preserving anatomy while synthesizing modality-specific contrast [73, 17].

Importantly, the clinical value of generation is modality- and task-dependent. For
volumetric imaging (CT/MRI), faithful 3D consistency and scanner/protocol variability
are major constraints; for functional imaging (PET/SPECT), cross-modality alignment
and calibration become critical; and for projection radiography (CXR), the dominant
requirement is preserving global anatomical layout under superposition while allow-
ing subtle, localized changes. Representative cross-modality work demonstrates that
conditional adversarial learning can translate between modalities while encouraging
realistic target-domain appearance and sharpness [46]. These modality-specific require-
ments motivate the thesis strategy adopted here: starting from broad medical image
generation, then narrowing to chest imaging where follow-up monitoring is routine,
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and finally focusing on longitudinal CXR generation where subtle disease evolution
must be modeled under strong anatomical preservation.

2.1.2 Model families: from GAN/VAE to diffusion

Historically, GANs and VAEs were widely adopted due to their single-pass sampling
and flexible conditioning mechanisms. However, in medical imaging they exhibit well-
known limitations, including mode collapse, training instability, and the difficulty of
calibrating the fidelity–diversity trade-off for rare or heterogeneous pathologies [73].
Large-scale empirical evaluations further caution that visually convincing synthetic
images do not necessarily translate into improved downstream performance; the benefit
depends strongly on modality, task definition, and evaluation protocol [58].

In recent years, diffusion models have emerged as a major backbone for medical
image generation, largely due to their stable optimization behavior and strong mode
coverage, often yielding higher-fidelity and more diverse samples (at the cost of iterative
sampling) [37]. Kazerouni et al. [37] provide a comprehensive survey of diffusion
variants across medical synthesis, translation, editing, and reconstruction. In parallel,
diffusion has also been reviewed specifically for medical image reconstruction and
inverse imaging settings, highlighting its suitability as a conditional generative prior
under physics- or acquisition-constrained measurements [68].

2.1.3 Temporal and longitudinal medical image generation beyond
CXR

While early medical generative models largely focused on static images, multiple recent
works explicitly target longitudinal settings, where the goal is to model patient-specific
temporal evolution, impute missing follow-up scans, or forecast future states. For
example, diffusion-based frameworks have been proposed for longitudinal MRI im-
putation and completion by leveraging adjacent time points and enforcing temporal
consistency [77, 61]. More broadly, conditional diffusion formulations have also been
developed to handle practical longitudinal challenges such as irregular follow-up in-
tervals and heterogeneous imaging formats, e.g., conditional latent diffusion [44] with
temporal fusion for irregularly spaced radiological data, as well as diffusion-based
forecasting in ophthalmology fundus sequences with explicit continuous-time modules
and population-memory retrieval [19]. These works collectively suggest that temporal
generation requires (i) mechanisms to preserve stable anatomy, (ii) explicit modeling of
time gaps and irregular sampling, and (iii) inductive biases that focus modeling capacity
on clinically meaningful change regions rather than background.

2.1.4 Implication for Longitudinal CXR Generation

Prior work across modalities suggests that longitudinal generation must simultaneously
address two requirements: (1) preserving patient-specific anatomy over time, and (2)
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modeling temporally evolving patterns that are often spatially sparse. These observa-
tions motivate longitudinal formulations that explicitly represent follow-up intervals
and progression cues, which we introduce in Section 2.3. We defer the discussion of
lesion-aware inductive biases to the chapter summary (Section 2.7), where we connect
limitations of existing backbones to our proposed attention prior.

2.2 Chest X-ray Generation

2.2.1 Scalability, multimodality, and practical constraints

Chest X-ray (CXR) is one of the most frequently performed imaging examinations in
routine care because it is fast, widely available, and can be acquired portably at bedside
in emergency and intensive care settings. In many acute respiratory presentations,
clinical imaging guidelines explicitly position chest radiography as a standard first-line
modality, with chest CT typically reserved for complicated cases or when radiographs
are negative/indeterminate despite persistent clinical concern [33]. Compared with
cross-sectional imaging, CXR offers markedly lower radiation exposure, supporting its
practical use in repeated follow-up scenarios [56].

From a data perspective, CXR is also natively multimodal in radiology workflows:
each imaging study is accompanied by a free-text report and often includes multi-
ple views (e.g., frontal and lateral), enabling scalable image–text conditioning and
report-grounded supervision. Large public resources such as MIMIC-CXR [32] provide
hundreds of thousands of radiographs paired with free-text reports (377,110 images
across 227,835 studies), while its derived MIMIC-CXR-JPG release further lowers the
barrier to model development by providing standardized JPG conversions and struc-
tured labels mined from reports. Complementary datasets such as CheXpert [9] and
PadChest [6] further expand the spectrum of acquisition settings, label schemas, and
linguistic/report styles.

At the same time, real-world CXR poses practical constraints that are especially
salient for longitudinal generation. Substantial appearance variation arises from view
position (PA/AP/lateral), portable bedside acquisition, patient posture and inspiration
level, and device/site-specific processing; moreover, many large-scale labels are mined
from reports and can be noisy or uncertain. These factors imply that successful longitu-
dinal CXR generators must (i) preserve patient-specific global thoracic anatomy under
acquisition shifts and (ii) allocate modeling capacity to subtle, localized pathological
changes rather than spurious background variations.

2.2.2 Datasets and longitudinal pair construction

Public CXR datasets differ not only in scale and label schemas, but also in whether
longitudinal follow-up can be reliably constructed. For longitudinal generation, a
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typical pipeline builds training tuples from patient-level timelines:

(xref, xfu, ∆, y) , (2.1)

where xref and xfu are selected from the same patient under compatible acquisition
settings whenever possible (e.g., matching view position and excluding severe projection
mismatch).

A practical construction includes: (i) Study linking and time ordering using patient
and study metadata; (ii) View and quality filtering to reduce spurious appearance shifts
(PA/AP, portable studies, inspiration level); (iii) Progression cue extraction from free-
text reports, such as report-difference summaries, entity-level changes, or instruction-
style prompts derived from radiology narratives; (iv) Optional spatial supervision
(lesion masks or coordinates) when available, used for evaluation or for lesion-aware
conditioning.

This perspective clarifies why longitudinal generation is more challenging than
single-study synthesis: the model must disentangle true disease evolution from acquisition-
induced variations while maintaining patient-specific anatomy.

2.2.3 Multimodal foundations in radiology

Radiology is inherently multimodal: images are accompanied by free-text reports, clini-
cal indications, and longitudinal follow-up context. This has driven rapid progress in
medical vision–language modeling, where image–text data are used to learn representa-
tions that align visual findings with radiology terminology and support both recognition
and grounding. For instance, BiomedCLIP [75] learns contrastive image–text represen-
tations from large-scale biomedical image–text pairs spanning diverse modalities, and
demonstrates strong transfer and zero-shot performance across multiple biomedical
tasks. Knowledge-enhanced pretraining such as MedKLIP [70] further injects domain
knowledge into language–image pretraining to improve diagnostic grounding on X-ray
scans. These multimodal encoders are not only useful for understanding tasks (e.g.,
classification and report generation), but also serve as effective conditioning modules
for generative models by providing semantically dense, clinically meaningful text (or
entity-level) embeddings.

2.2.4 Text-conditioned CXR synthesis

Building on radiology vision–language representation learning, text-to-CXR generation
has emerged as a practical route to controllable synthesis and scalable data augmentation.
RoentGen [8] adapts a text-conditioned latent diffusion model to the radiology domain
using paired CXR–report data, demonstrating that free-form radiology prompts can
steer salient appearances while maintaining plausible global structure; follow-up studies
further report expert-based assessments and discuss potential use in augmentation
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pipelines [4]. More recent efforts explore efficiency-oriented designs. For example, Chest-
Diffusion [31] proposes a lightweight diffusion framework with a domain-specific text
encoder and a transformer-based denoiser to reduce computational cost while retaining
fidelity for report-to-CXR generation. Overall, these pipelines establish viable mappings
from radiology text to realistic single-study CXR images, but they are primarily designed
for single-time-point synthesis and typically do not impose explicit temporal consistency
constraints required by longitudinal follow-up generation.

2.2.5 CXR editing and counterfactual generation

Complementary to unconditional or text-conditioned synthesis, CXR editing and coun-
terfactual generation aim to modify a given radiograph while preserving patient-specific
anatomy. RadEdit [51] formulates text-guided diffusion image editing for chest X-rays
to simulate controlled dataset shifts, using spatial constraints (e.g., masked regions) to
localize changes and reduce editing artifacts. FastDiME [69] likewise leverages diffusion-
based counterfactuals to add or remove spurious shortcut features, enabling systematic
robustness assessment and facilitating mitigation studies by generating targeted vari-
ants. Importantly, these editing frameworks operationalize the core requirement shared
with longitudinal progression modeling: clinically meaningful changes are often subtle
and spatially localized, whereas the remaining anatomy should remain stable.

CXR-centric taxonomy. To provide a structured overview of representative medical
image generative models while keeping CXR as the primary focus, Table 2.1 sum-
marizes prior arts by model family, imaging modality, and task type (synthesis, trans-
lation/reconstruction, editing, and longitudinal prediction). This taxonomy will be
referenced throughout the remainder of this chapter when discussing longitudinal CXR
settings and backbone choices.

2.2.6 Longitudinal CXR generation: formulations and notation

We denote the reference chest radiograph as xref ∈ RH×W , the target follow-up ra-
diograph as xfu ∈ RH×W , and the follow-up interval as ∆ > 0. Longitudinal CXR
generation is formulated as conditional synthesis of xfu given a reference study and
conditioning signal:

xfu ∼ pθ(x | xref, ∆, y) , (2.2)

where y represents progression cues. In radiology workflows, c may take different forms,
including (i) a free-text progression description (e.g., report-difference or instruction),
(ii) structured clinical attributes, or (iii) spatial priors such as lesion locations or masks
when available.

Under this notation, we consider three common settings: Forecasting: generate xfu

from (xref, ∆, y); Imputation: generate missing scans given partial observations {xobs,i}
with irregular intervals; Progression editing: edit xref according to an instruction y
while preserving patient-specific anatomy.



2.3. Longitudinal Chest X-ray Generation: Problem Setup and Challenges 13

Model Family Modality Task

RoentGen [8] Diffusion CXR (2D) Synthesis
Chest-Diffusion [31] Diffusion CXR (2D) Synthesis
CXR-IRGen [57] Diffusion CXR (2D) + Report Synthesis
BiomedJourney [24] Diffusion CXR (2D) + Report Longitudinal Prediction
PIE [40] Diffusion CXR (2D) Longitudinal Prediction
ProgEmu [43] Autoregression CXR (2D) + Text Longitudinal Prediction
RadEdit [51] Diffusion CXR (2D) Editing
FastDiME [69] Diffusion CXR (2D) Editing
CXR-Mpe [13] Diffusion CXR (2D) Editing
Latent Drift [72] Diffusion CXR (2D) Longitudinal Prediction
Spirit-Diffusion [15] Diffusion MRI (3D) Reconstruction
LoCI-DiffCom [77] Diffusion Brain MRI (3D) Longitudinal Prediction
SECONDGRAM [61] Diffusion Brain MRI Longitudinal Prediction
SynDiff [49] Diffusion (Ad-

versarial)
MRI/CT Translation / Synthesis

Table 2.1: Four-column taxonomy of representative medical image generation models
(CXR-centric), categorized by model family, modality, and task.

2.2.7 From Single-Time CXR Generation to Longitudinal CXR Gener-
ation

Longitudinal CXR generation extends single-study synthesis and editing by introducing
temporal dependencies: the model is required to preserve patient-specific thoracic
anatomy while producing temporally consistent changes across follow-ups. Compared
with single-time-point generation, longitudinal settings must account for irregular
follow-up intervals and acquisition variability, which complicate the separation of true
disease evolution from projection-induced appearance shifts. We formalize longitudinal
problem settings and summarize their domain-specific challenges in Section 2.3.

2.3 Longitudinal Chest X-ray Generation: Problem Setup
and Challenges

2.3.1 Clinical motivation and longitudinal settings

Longitudinal chest X-rays (CXRs) are routinely acquired to assess disease progression,
treatment response, and potential complications. In everyday practice, clinicians com-
pare studies across time points to track evolving pulmonary opacities, pleural effusions,
lung nodules, post-operative states, or resolution of infection-related findings. This
longitudinal comparison is particularly common in infectious and chronic respiratory
diseases (e.g., tuberculosis and pneumonia) and in cancer surveillance, yet it remains
time-consuming and experience-dependent.

Importantly, longitudinal CXR follow-up is not only a pragmatic habit but also sup-
ported by clinical guidance in specific scenarios. For example, British Thoracic Society
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guidance for community-acquired pneumonia recommends arranging a repeat chest
radiograph after about 6 weeks for patients with persistent symptoms/signs or those
at higher risk of underlying malignancy [41]. Similarly, primary-care guidance also de-
scribes 6-week follow-up CXR in higher-risk pneumonia patients to avoid missing occult
malignancy [59]. In tuberculosis control, WHO guidance recognizes chest radiography
as an essential tool for TB detection and programmatic approaches, and national public-
health guidelines likewise emphasize CXR as an important component in assessing TB
contacts and suspected disease [48]. These guideline-backed practices underscore the
clinical relevance of longitudinal CXR comparison and motivate AI-assisted longitudinal
analysis and generative forecasting.

2.3.2 Problem settings: forecasting, imputation, and progression edit-
ing

We consider longitudinal CXR generation as conditional synthesis with patient-specific
anatomical preservation. Common formulations include: (i) Forecasting (future follow-
up prediction): generating a follow-up CXR given a reference CXR and a tempo-
ral/context condition (e.g., time gap or clinical progression description); (ii) Impu-
tation (missing time-point completion): generating missing intermediate or follow-up
scans from partially observed longitudinal trajectories; (iii) Progression editing / coun-
terfactual generation: modifying a reference CXR according to a textual progression
instruction while preserving patient identity, enabling “what-if” simulation.

2.3.3 Key challenges in longitudinal CXR generation

Longitudinal CXR generation poses several domain-specific challenges. First, anatom-
ical consistency must be maintained: global thoracic structure should remain stable
despite acquisition shifts (PA/AP, portable imaging, inspiration level) and across time.
Second, clinically meaningful changes are often subtle and localized, requiring the
model to allocate sufficient capacity to small pathology regions while avoiding spurious
background variation. Third, real-world follow-ups exhibit irregular time intervals and
heterogeneous clinical contexts, making temporal conditioning non-trivial. Finally, eval-
uation must go beyond visual realism, emphasizing clinical faithfulness and structure
preservation under controlled change.

2.3.4 Evaluation protocols and metrics for longitudinal CXR genera-
tion

Evaluation for longitudinal CXR generation should go beyond generic visual realism
(e.g., FID/SSIM) and reflect clinical requirements. We summarize three complementary
axes:

(i) Structural preservation. The generated follow-up should maintain patient-
specific thoracic anatomy. Practical measurements include global similarity under robust
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alignment (e.g., registration-aware differences), anatomy-focused similarity computed
on lung/heart regions, and identity preservation assessed by feature consistency from
radiology encoders.

(ii) Change correctness. Clinically meaningful evolution is often sparse and local-
ized. Evaluation should therefore examine whether changes occur in correct regions and
directions, e.g., consistency with lesion masks when available, agreement of difference
maps, and stability of non-target regions.

(iii) Clinical consistency. Generated images should be compatible with the in-
tended clinical narrative. This can be assessed by report consistency (e.g., a report
generator applied to synthetic images), vision–language alignment using radiology
VLMs, and expert-based rating on realism, faithfulness, and diagnostic plausibility.

In this thesis, we use these axes to interpret prior methods and motivate lesion-
aware inductive biases that better allocate modeling capacity to sparse disease regions.

2.3.5 Representative methods and positioning

Recent methods address longitudinal CXR generation by combining a reference study
with progression cues (often derived from reports) and optimizing for follow-up realism
under patient-specific anatomical preservation. Below we summarize representative
approaches with a consistent lens: what they solve, how they implement conditioning,
where they remain limited, and how these limitations motivate lesion-centric priors.

PIE [40]. Goal/setting: simulate disease progression through staged and controllable edits
on CXR. Method: progressive editing conditioned on disease-related descriptions, aiming
to generate step-wise evolution rather than a single jump. Limitations: when progression
signals are subtle, purely description-driven edits may yield dispersed changes or
inconsistent localization under acquisition variability. Connection: this highlights the
need for a patient-specific mechanism that concentrates generation capacity on evolving
regions while leaving the remaining anatomy stable.

BioMedJourney [24]. Goal/setting: counterfactual follow-up generation from longitudi-
nal “patient journeys” using multimodal supervision. Method: construct training triples
(prior image, progression description, follow-up image) and train a latent diffusion
model conditioned on both the reference image and the progression text. Limitations:
text cues can be semantically rich yet spatially under-specified; as a result, the model
may align to the narrative without reliably placing changes in clinically correct regions.
Connection: a lesion-aligned spatial prior can complement text conditioning by providing
explicit, patient-specific localization signals.

CXR-IRGen [57]. Goal/setting: improve semantic alignment between generated CXR and
clinical narratives by jointly leveraging image and report information from the reference
study. Method: extract multimodal embeddings from the reference study and use them
as conditioning for image synthesis (and report generation), strengthening cross-modal
consistency. Limitations: embedding-level conditioning improves global semantics but
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does not explicitly specify where clinically meaningful changes should occur in the image,
which is critical for longitudinal progression. Connection: lesion-centric priors can act as
a spatial complement to semantic conditioning.

ProgEmu [43]. Goal/setting: formulate longitudinal CXR generation as multimodal au-
toregression to jointly generate follow-up images and explanatory text. Method: tokenize
images and texts into a unified discrete space and train a decoder-only Transformer with
causal factorization. Limitations: causal decoding introduces order-dependent inductive
biases tied to token traversal; this can dilute attention on small, localized progression
regions under fixed generation order. Connection: a lightweight spatial prior injected
into attention can mitigate such bias by prioritizing clinically relevant regions during
decoding.

Diffusion-based counterfactual strategies [20]. Goal/setting: separate anatomy preserva-
tion from pathology synthesis for controlled counterfactual generation. Method: combine
deterministic reconstruction for normal regions with stochastic sampling for abnormal
regions (or analogous region-dependent strategies) to localize edits. Limitations: these
approaches still depend on reliable region definitions and may not generalize when
lesion locations are uncertain or vary across patients. Connection: a soft, learnable
lesion-aligned prior offers a more flexible alternative to hard region partitioning.

Overall, these methods indicate that multimodal conditioning (reference image
plus progression cues) is necessary but not sufficient for longitudinal CXR generation:
the key difficulty lies in allocating modeling capacity to sparse, clinically meaningful
change regions under realistic acquisition variability. This motivates spatially grounded,
patient-specific priors that directly influence attention allocation, which we develop in
later chapters.

2.4 Longitudinal CXR Generation via Autoregressive Mod-
els

Autoregressive (AR) generative models factorize the distribution of an image into
a sequence of conditional predictions. Classical AR models such as PixelRNN [64]
and PixelCNN [62] demonstrate strong likelihood-based modeling capacity, but their
pixel-by-pixel decoding leads to high inference latency. With the rise of Transformers,
token-based AR models have re-emerged as powerful tools for image and multimodal
generation by operating on discrete visual tokens, enabling long-range dependency
modeling via causal self-attention. Emu3 [66] exemplifies a unified next-token prediction
framework that tokenizes images, text, and videos into a shared discrete space and trains
a single decoder-only Transformer on mixed multimodal sequences; it reports strong
performance across diverse generation and perception tasks, supporting the scalability
and generality of next-token prediction beyond language.
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In the medical imaging domain, ProgEmu [43] introduces a multimodal autoregres-
sive framework for longitudinal CXR generation. Given a reference CXR and a textual
progression description, ProgEmu generates a follow-up CXR alongside an explanatory
caption. By tokenizing both modalities and modeling them within a unified causal se-
quence, ProgEmu enforces consistency between visual progression and textual narrative,
highlighting the potential of AR models for interpretable clinical generation.

Despite these strengths, token-based AR image Transformers inherit order-dependent
inductive biases from causal decoding under a chosen token traversal scheme. In raster-
order generation, spatially adjacent regions may become distant in the 1D token se-
quence, which can weaken local coherence and introduce artifacts at row boundaries.
In longitudinal CXR, where progression signals are often subtle and localized, such
sequence-induced bias can further dilute modeling emphasis on clinically relevant re-
gions. This motivates complementary mechanisms that modulate attention allocation
with patient-specific spatial cues, which we review in Section 2.6 and revisit in the
chapter summary (Section 2.7).

2.5 Longitudinal CXR Generation via Diffusion-based
Models

Diffusion models generate samples by learning to reverse a gradual noising process,
and have become a strong backbone for high-fidelity image synthesis in both natural
and medical imaging. In practice, Latent Diffusion Models (LDMs) improve efficiency
by performing denoising in a compressed latent space while retaining high-frequency
details, which enables high-resolution generation and flexible conditioning (e.g., text,
masks, and multi-modal inputs) at feasible compute cost.

Controllability via structural conditions

For longitudinal CXR, controllability is critical because the generator must preserve
patient-specific global anatomy while applying localized, clinically meaningful changes.
ControlNet [74] augments a pre-trained diffusion model with an external condition
pathway (e.g., edges, depth, segmentation), providing a practical mechanism to impose
spatial constraints on the denoising trajectory without fully retraining the backbone.
Although ControlNet is not specific to radiology, its design motivates analogous uses
of lesion masks or anatomy priors to constrain where changes are allowed during
generation or editing.

Transformer-based diffusion backbones

Beyond U-Net denoisers, Transformer diffusion backbones are increasingly explored
due to their global receptive field and scalability. U-ViT [3] treats the noisy image,
timestep, and conditioning as tokens and uses long skip connections to stabilize training.
DiT (Diffusion Transformer) [50] replaces the U-Net denoiser with a ViT-style backbone
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operating on latent patches and demonstrates strong scaling behavior with improved
sample quality as model capacity increases. These Transformer-based diffusion back-
bones are appealing for medical images with complex global structure, but they also
raise challenges in allocating attention to subtle pathology regions when the change is
spatially sparse.

Diffusion for longitudinal and counterfactual CXR generation

Diffusion-based longitudinal CXR generators typically condition on a reference ra-
diograph together with progression cues (often derived from reports), and learn to
synthesize follow-up images through iterative denoising in pixel or latent space. Rep-
resentative CXR-specific systems and their positioning are summarized in Section 2.3
(see also Table 2.1). Here we emphasize diffusion-specific advantages for this setting:
(i) stable optimization and strong mode coverage for high-fidelity synthesis, and (ii)
flexible conditioning interfaces (text, masks, or structure priors) that naturally support
counterfactual editing and localized progression simulation.

Limitations and connection to lesion-centric priors

While diffusion models offer strong fidelity and flexible conditioning interfaces, longi-
tudinal CXR generation remains challenging when pathological changes occupy only
a small portion of the image. In such cases, denoising capacity and attention may be
allocated diffusely, leading to unstable localization of clinically meaningful changes.
We therefore turn to a complementary line of research on attention manipulation and
spatial prior injection (Section 2.6), and consolidate the shared gap across paradigms in
Section 2.7.

2.6 Attention Manipulation and Spatial Prior Injection

Beyond backbone architectures, a complementary line of research investigates modifying
or guiding attention distributions to improve spatial fidelity during generation. These
methods can be broadly grouped into inference-time attention manipulation, conditional-
branch priors, and position-dependent attention biasing.

2.6.1 Inference-Time Attention Manipulation

Several approaches adjust attention maps post hoc during the inference stage while
keeping the pre-trained model parameters fixed. These methods intervene in the cross-
attention or self-attention layers to steer the generative process.

Prompt-to-Prompt (P2P) [25] enables text-driven editing by directly manipulating
the cross-attention layers. Based on the observation that the spatial structure of a
generated image is largely determined by the cross-attention maps between pixels and
text tokens, P2P injects the attention maps from a reference generation into the target
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generation. This allows for localized semantic edits (e.g., changing "cat" to "dog") while
strictly preserving the original spatial layout and background composition.

Attend-and-Excite [11] addresses the issue of “catastrophic neglect,” where genera-
tive models fail to render one or more subjects specified in the prompt. It introduces
an optimization loop during inference that calculates a loss based on the maximum
attention values of specific subject tokens. By iteratively updating the latent representa-
tions to minimize this loss, it explicitly “excites” the attention maps for neglected terms,
ensuring that all semantically meaningful regions are represented in the final output.

Self-Attention Guidance (SAG) [29] improves sample quality by refining the
internal self-attention mechanism. It operates by masking regions with high attention
scores and computing the discrepancy between the model’s output on the masked
versus unmasked inputs. This difference serves as an adversarial gradient signal to
guide the denoising process, effectively sharpening the attention on salient objects and
reducing background artifacts without requiring external supervision.

While these inference-time interventions are effective for general artistic control
and semantic alignment, they introduce no medically grounded inductive bias. They
optimize for general text-image correspondence rather than the precise, anatomical
constraints required for longitudinal monitoring, and thus cannot enforce consistent
lesion-centric focus across diverse patient samples.

2.6.2 Layout and Coordinate-Guided Generation

A more direct form of control involves injecting spatial coordinates (bounding boxes
or keypoints) into the generation process. GLIGEN (Grounded Language-to-Image
Generation) [39] extends pre-trained diffusion models to condition on grounding inputs
like bounding boxes. By freezing the original weights and injecting "grounding tokens"
via gated self-attention layers, GLIGEN enables precise open-set object layout control
without retraining the entire model. Similarly, methods like BoxDiff [71] utilize layout
constraints to guide the attention maps of diffusion models, ensuring that objects appear
in user-specified regions. These approaches demonstrate that explicit coordinate-based
guidance is highly effective for spatial control. However, they typically require training
additional adapter layers (as in GLIGEN) or complex iterative optimization (as in
BoxDiff). Our proposed GBCA draws inspiration from these coordinate-based priors
but simplifies the integration by injecting the prior directly as a bias term, avoiding the
need for additional gated layers.

2.6.3 Position-Dependent Attention Biases

Orthogonal to the above strategies, several architectures incorporate explicit bias terms
directly into the attention logits to encode spatial or sequential relationships. T5 [54]
introduces relative position biases by adding a learnable scalar to the attention scores
based on the distance between the query and key tokens. This allows the model to
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generalize beyond fixed sequence lengths but relies on static, learned tables shared across
all attention heads. Swin Transformer [42] extends this concept to 2D vision by utilizing a
relative position bias table for window-based self-attention. This mechanism effectively
captures local spatial dependencies within image patches but treats all image content
uniformly regardless of semantic significance. ALiBi (Attention with Linear Biases) [52]
imposes a non-learnable, head-specific linear penalty to attention scores as a function
of the distance between tokens. While ALiBi enables robust length extrapolation and
training stability, its rigid geometric decay assumes that relevance is strictly a function
of proximity.

Crucially, while these methods introduce stable and interpretable inductive biases,
they remain fundamentally input-agnostic—the bias values are determined solely by
relative coordinates, independent of the actual image content. Consequently, they
cannot dynamically adapt their attention patterns to patient-specific lesion distributions
or pathological abnormalities, which often require long-range dependencies that defy
simple geometric proximity.

2.7 Summary and Motivation

This chapter reviewed medical image generation with a focus on CXR and its longi-
tudinal setting, covering two representative paradigms: multimodal autoregressive
token generation and diffusion-based synthesis (including Transformer backbones).
Across these lines of work, a consistent requirement emerges for longitudinal CXR: the
generator must preserve patient-specific thoracic anatomy while producing temporally
coherent changes that are typically subtle and spatially sparse.

Shared limitation across paradigms. Despite substantial progress, existing longitu-
dinal CXR generators often lack an explicit, patient-specific mechanism to concentrate
modeling capacity on evolving disease regions. Autoregressive Transformers may in-
herit order-dependent biases from causal tokenization, which can dilute attention on
small change regions under fixed traversal schemes. Diffusion-based approaches, while
flexible in conditioning, can still allocate denoising capacity diffusely when the clinically
relevant signal occupies only a small fraction of the field-of-view. As a result, models
may produce samples that are visually plausible yet less reliable in lesion localization
and progression faithfulness under realistic acquisition variability.

Why existing controllability tools are insufficient. Prior efforts to improve control-
lability can be grouped into three categories. First, inference-time attention interventions
(e.g., cross-attention control or self-attention guidance) can steer generation without
retraining, but they primarily optimize generic text–image correspondence or sam-
ple quality, rather than enforcing patient-specific, clinically grounded focus. Second,
conditional control branches (e.g., ControlNet-style pathways) can impose structural
constraints but typically require additional control signals and condition-specific pa-
rameters, increasing system complexity and limiting applicability when reliable spatial
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supervision is unavailable. Third, position-dependent attention biases (e.g., relative
position bias tables or distance-based linear biases) provide stable inductive structure
but remain input-agnostic, and therefore cannot adapt to patient-specific lesion distribu-
tions.

Motivation for GBCA. As summarized in Figure 2.1, although prior methods
differ in backbone and conditioning strategy, both autoregressive and diffusion-based
approaches still lack an explicit patient-specific spatial prior for sparse lesion evolution.
Motivated by this gap, we propose Gaussian-Biased Causal Attention (GBCA), a
lightweight mechanism that injects a lesion-aligned Gaussian spatial prior directly into
Transformer attention logits. By providing a content-aware, patient-specific bias with
minimal architectural overhead, GBCA is compatible with both autoregressive decoding
and diffusion-based denoising, aiming to improve lesion-centric focus while preserving
global anatomy. A
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Chapter 3

Background Knowledge

This chapter provides the theoretical foundation for the methodologies presented in
this thesis. We begin with an overview of generative modeling in medical imaging,
tracing the evolution from Generative Adversarial Networks (GANs) [22] to modern
likelihood-based and score/flow-based models. Subsequently, we provide a detailed
technical introduction to Autoregressive Models and Diffusion Probabilistic Models,
focusing on the Transformer architectures that underpin our proposed methods. Finally,
we discuss Vision-Language Models (VLMs), which serve as the core engine for our
proposed spatial guidance mechanism.

To facilitate a quick comparison, Table 3.1 summarizes representative task-level
longitudinal CXR generation methods by paradigm and conditioning. Table 3.2 lists
common building blocks across AR/diffusion/flow pipelines by stage and purpose. Ta-
ble 3.3 compares representative VLMs by whether they provide explicit visual grounding
outputs, which underpins our coordinate-based spatial priors in Chapter 4.

3.1 Generative Models in Medical Imaging

Generative modeling aims to learn the underlying data distribution pdata(x) from a set
of observed samples, enabling the synthesis of new, plausible data points. In the medical
domain, this capability is particularly valuable for tasks such as data augmentation,
anomaly detection, and longitudinal prediction.

Early approaches largely relied on Generative Adversarial Networks (GANs) [22].
GANs employ a minimax game between a generator, which synthesizes images, and a
discriminator, which distinguishes real from fake samples. While GANs have demon-
strated success in tasks like cross-modality translation (e.g., CycleGAN [76] for CT-to-
MRI synthesis), they notoriously suffer from training instability and mode collapse,
where the model fails to capture the full diversity of the data distribution. Furthermore,
GANs typically lack a tractable likelihood measure, making it difficult to rigorously
evaluate density estimation performance.

Beyond the original GAN formulation, practical GAN variants and translation
pipelines (e.g., CycleGAN [76]) and high-fidelity generators (e.g., StyleGAN [35]) have
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Work Paradigm Conditioning

PIE [40] Edit-based Reference CXR + lesion edit specification
BioMedJourney [24] Latent diffusion Two time-point CXRs + progression text
CXR-IRGen [57] Diffusion

fine-tuning
Reference-study CLIP embeddings

ProgEmu [43] AR transformer Image tokens (ref/follow-up) + progression text
tokens

Table 3.1: Representative task-level works for longitudinal CXR generation.

Technique Stage Purpose

VQ-VAE [63] Tokenization Map images to discrete latent tokens
MaskGIT [10] Token

modeling
Iterative masked-token generation

DDIM [60] Sampling Reduce diffusion sampling steps
CFG [28] Guidance Strengthen conditional generation
LDM [55] Diffusion Generate in compressed latent space
ControlNet [74] Control Inject spatial conditions via an auxiliary branch
Rectified Flow [18] Flow Fewer-step generation via flow matching

Table 3.2: Common building blocks for AR/diffusion/flow-based image generation.

been adopted as baselines in medical image synthesis. Recent surveys further highlight
the rapid adoption of diffusion-based methods across medical imaging tasks due to
their stable optimization and strong controllability [36].

To address the limitations of GANs, research has shifted toward likelihood-based or
score/flow-based paradigms, notably Autoregressive Models (AR) and Diffusion Proba-
bilistic Models (DPM). These models offer stable training objectives and have achieved
state-of-the-art results in general computer vision, paving the way for high-fidelity
medical image synthesis. In particular, diffusion models [27, 55] and transformer-based
diffusion backbones such as DiT [50] have become a practical foundation for control-
lable, high-fidelity generation. More recently, rectified-flow formulations have been
actively studied as an alternative that can support fewer-step sampling while preserving
image quality, especially with transformer backbones [18]. This trend motivates our
choice of a large-scale transformer backbone in Chapter 5 and the emphasis on spatial
controllability in Chapters 4,5. Before introducing AR and diffusion in detail, Table 3.2
lists common building blocks across token-based, diffusion-based, and flow-matching
pipelines, which will be referenced in Chapters 4–5.

3.2 Autoregressive Generative Models

Autoregressive models treat image generation as a sequence modeling problem. They
factorize the joint probability distribution of an image into a product of conditional
probabilities.
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3.2.1 Sequence Modeling and Next-Token Prediction

Given an image represented as a sequence of discrete tokens x = (x1, x2, . . . , xN), the
joint probability p(x) is modeled as:

p(x) =
N

∏
n=1

p(xn | x<n; θ), (3.1)

where x<n denotes the sequence of tokens preceding position n, and θ represents the
model parameters. Learning is performed by maximizing the log-likelihood of the
training data:

LAR =
N

∑
n=1

log p(xn | x<n; θ). (3.2)

This “next-token prediction” paradigm, popularized by models like GPT in natural
language processing, allows for robust density estimation. In computer vision, images
are commonly tokenized via Vector Quantized Variational Autoencoders (VQ-VAE) [63],
converting continuous pixel values into a sequence of discrete codebook indices.

In practice, image tokens are obtained by rasterizing a 2D latent grid into a 1D
sequence with a fixed ordering (e.g., row-major). Positional encodings then provide
spatial indices for each token. This design choice is not innocuous: ordering and
positional bias may affect where the model allocates causal attention, which motivates
the attention analysis and modulation introduced in Chapter 4.

Representative autoregressive or token-based image generation models include
iGPT [12], which directly applies GPT-style decoding to visual sequences, as well as
VQ-VAE-based pipelines that model discrete latent codes with transformer priors. In
addition, non-autoregressive token models such as MaskGIT [10] replace strict raster-
scan decoding with masked token prediction and iterative refinement, offering faster
generation while retaining transformer-based sequence modeling.

3.2.2 Transformers and Causal Self-Attention

The Transformer architecture [65] has become the de facto backbone for autoregressive
modeling due to its ability to capture long-range dependencies. The core component of
the Transformer is self-attention.

For a sequence of input embeddings X ∈ RN×d, the model computes Queries (Q),
Keys (K), and Values (V) via linear projections. The attention output is computed as:

Attention(Q, K, V) = Softmax

(
QK⊤
√

dk
+ M

)
V, (3.3)

where dk is the dimension of the key vectors, and M is a causal mask.
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The causal mask M is crucial for autoregressive generation. It ensures that the
prediction for token xt depends only on past tokens x1, . . . , xt−1 by setting attention
scores for future positions to −∞ (pre-softmax):

Mij =

0 if i ≥ j,

−∞ otherwise.
(3.4)

In Chapter 4, we will introduce a modification to this standard attention mechanism,
termed Gaussian-Biased Causal Attention (GBCA), to explicitly inject spatial lesion priors
into the generation process.

3.3 Diffusion Probabilistic Models

Diffusion models [27] are a class of latent variable models inspired by non-equilibrium
thermodynamics. They learn to generate data by reversing a gradual noise-adding
process.

3.3.1 Forward and Reverse Processes

Denoising Diffusion Probabilistic Models (DDPMs) operate through two distinct Markov
chains: a forward process that destroys information and a reverse process that restores
it.

The Forward Process (Diffusion)

The forward process, denoted as q, is a fixed Markov chain that gradually adds Gaussian
noise to the real data x0 ∼ q(x0) over a pre-defined number of steps K. At each diffusion
step τ, the transition is parameterized by a variance schedule βτ ∈ (0, 1):

q(xτ | xτ−1) = N (xτ ;
√

1 − βτxτ−1, βτI). (3.5)

where xτ represents the latent variable (noisy image) at time step t. βτ controls the
step size of the noise injection. I is the identity matrix, indicating that noise is added
independently to each dimension.

A key property of this process is the ability to sample xτ at any diffusion step τ

directly from x0 without iterating through intermediate steps. Let ατ = 1 − βτ and
ᾱτ = ∏τ

s=1 αs. The marginal distribution q(xτ | x0) can be expressed in closed form:

q(xτ | x0) = N (xτ ;
√

ᾱτx0, (1 − ᾱτ)I). (3.6)

Using the reparameterization trick, we can express a sample xτ as:

xτ =
√

ᾱτx0 +
√

1 − ᾱτϵ, where ϵ ∼ N (0, I). (3.7)



3.3. Diffusion Probabilistic Models 27

As K → ∞, ᾱK → 0, and the distribution of xK converges to a standard isotropic
Gaussian N (0, I), meaning all original signal is lost.

The Reverse Process (Denoising)

The goal of the generative model is to reverse this process—starting from pure noise
xK ∼ N (0, I) and sequentially denoising it to recover a sample from the data distribution
x0. Since the true posterior q(xτ−1 | xτ) is intractable, we approximate it using a
parameterized probabilistic model pθ :

pθ(xτ−1 | xτ) = N (xτ−1; µθ(xτ , τ), Σθ(xτ , τ)). (3.8)

where θ represents the learnable parameters of a neural network (typically a U-Net or
Transformer). µθ(xτ , τ) is the predicted mean of the denoised distribution. Σθ(xτ , τ) is
the variance, often fixed for stability in standard implementations.

Training Objective

Ho et al. [27] demonstrated that it is more stable to parameterize the model to predict
the noise ϵ added to x0. The training objective is derived from the ELBO but simplified
to a reweighted mean squared error:

Lsimple = Ex0,ϵ,τ

[
∥ϵ − ϵθ(xτ , τ)∥2

]
, (3.9)

where x0 is a real image sampled from the training dataset. τ is a time step sampled
uniformly from {1, . . . , T}. ϵ ∼ N (0, I) is the injected Gaussian noise. ϵθ(xτ , τ) is the
noise predicted by the neural network given the noisy input xτ and time embedding τ.

By minimizing this loss, the network learns to iteratively remove noise, guiding the
trajectory from the latent noise space back to the data manifold.

3.3.2 Practical advances: fast sampling, guidance, and flow-matching

Fast samplers such as DDIM [60] reduce the number of reverse steps without chang-
ing the training objective, making diffusion practical for high-resolution synthesis.
Classifier-free guidance [28] further improves conditional controllability by interpolat-
ing conditional and unconditional predictions. Beyond classical DDPM formulations,
EDM [34] provides a clearer design space and improved preconditioning, yielding
better quality–efficiency trade-offs. More recently, rectified-flow/flow-matching formu-
lations have been explored as an alternative that can support fewer-step generation with
transformer backbones [18], aligning with our Chapter 5 backbone choice.

3.3.3 Conditioning mechanisms for controllable diffusion

Practical diffusion systems rely on explicit conditioning interfaces to control generation.
A common approach is to inject text or other conditions through cross-attention, where
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the denoising network attends to condition embeddings (e.g., prompt tokens) while
processing visual latents. Image-conditioned diffusion can also be implemented by
concatenating condition features with the noisy latents (channel-wise concatenation)
or by using FiLM/adaLN-style modulation, where scale-and-shift parameters are pre-
dicted from the condition vector and applied to normalized activations. For spatially
structured conditions (e.g., edges, masks, bounding boxes), ControlNet [74] introduces
an additional conditioning branch to preserve the original backbone while enabling
strong spatial control. These conditioning interfaces provide natural insertion points
for spatial priors, which we exploit in Chapters 4–5 to steer attention and edits toward
lesion-relevant regions.

3.3.4 Latent Diffusion and DiT Architectures

Latent Diffusion Models (LDMs)

Standard diffusion models operating directly in pixel space face significant computa-
tional challenges due to the high dimensionality of image data. To mitigate this, Latent
Diffusion Models (LDMs) [55] propose a two-stage approach that separates the learning
of perceptual compression from the generative modeling of semantic content.

LDMs utilize a pre-trained perceptual compression model consisting of an encoder
E and a decoder D. The encoder maps an input image I ∈ RH×W×3 into a lower-
dimensional latent representation z = E(I) ∈ Rh×w×C. The generative diffusion process
is then performed in latent space. The training objective is modified to:

LLDM = EE(x),ϵ,τ

[
∥ϵ − ϵθ(zτ , τ, y)∥2

]
, (3.10)

where zτ is the noisy latent at timestep τ, y represents conditioning inputs (e.g., text
prompts), and ϵθ is the denoising network. Once the latent z0 is generated, the decoder
reconstructs the pixel-space image Î = D(z0). This paradigm shifts computation from
pixel space to a compressed latent manifold, enabling high-fidelity synthesis with
reduced resource consumption.

Diffusion Transformers (DiT)

While early LDMs relied on U-Net backbones, recent advancements have introduced
the Diffusion Transformer (DiT) [50], which aligns the diffusion backbone with the
scalable Transformer architecture [65]. Unlike U-Nets, which rely on inductive biases
favoring spatial locality and translation invariance, DiT treats image generation as a
token-sequence processing problem, offering superior scalability and global context
modeling.

Patchification and Embedding. Given a latent input z ∈ Rh×w×C, DiT divides it into
a sequence of patches of size p × p. These patches are flattened and linearly projected
into a hidden dimension d, resulting in a token sequence X ∈ RN×d, where N = hw

p2 .
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Model Training Grounding output

CLIP [53] Contrastive None (global embedding)
MedCLIP [75] Medical contrastive None (global embedding)
MedKLIP [70] Medical VLP None (global embedding)
LLaVA-Med [38] Instruction-tuned

MLLM
Text; grounding varies by variant

Qwen-VL [2] Grounded MLLM Box/coordinate tokens

Table 3.3: VLMs and whether they provide explicit visual grounding outputs.

Positional embeddings are added to retain spatial information, analogous to Vision
Transformers (ViT).

Transformer Blocks with adaptive Layer Norm (adaLN). DiT stacks standard Trans-
former blocks containing multi-head self-attention and feed-forward networks. A key
conditioning mechanism is adaLN-Zero, which injects diffusion step τ and condition y
by regressing scale (γ) and shift (β) parameters from the conditioning embeddings:

adaLN(X, τ, y) = γ(τ, y) · Norm(X) + β(τ, y). (3.11)

This design enables strong, stable conditioning across diffusion timesteps.

Scalability and relevance. DiT models exhibit favorable scaling behavior, where in-
creasing model size and token count improves sample quality. In Chapter 5, we adopt
FLUX.1-dev, a large-scale rectified-flow transformer backbone. Its global dependency
modeling via self-attention is particularly suitable for our proposed vital-layer manipu-
lation and spatially guided editing.

3.4 Vision-Language Models (VLMs) as Spatial Priors

Table 3.3 compares representative VLMs by whether they provide explicit grounding
outputs, which enables our coordinate-to-Gaussian spatial priors in Chapter 4.

The generation of longitudinal medical images requires not only high visual fidelity
but also precise semantic control over disease progression. While generative models
(AR and diffusion) excel at texture synthesis, they often lack robust understanding of
complex clinical language and spatial reasoning. To bridge this gap, we leverage large
Vision-Language Models (VLMs) as a semantic interpreter and spatial guide.

3.4.1 The Evolution from Contrastive to Generative VLMs

The field of vision-language modeling has undergone a paradigm shift from discrimina-
tive alignment to generative reasoning.
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Contrastive Dual-Encoder Models

Early foundational models, most notably Contrastive Language-Image Pre-training
(CLIP) [53], adopt a dual-encoder architecture. They consist of separate image and text
encoders that project data into a shared embedding space. The training objective maxi-
mizes similarity between matched image-text pairs while minimizing it for unmatched
pairs via a contrastive loss (e.g., InfoNCE). While CLIP excels at zero-shot classification
and global image-text matching, it aggregates information into a global vector and thus
provides limited spatial grounding for dense localization.

Generative Multimodal Large Language Models (MLLMs)

To address the limitations of contrastive models, recent work has converged on Gener-
ative VLMs (MLLMs), such as LLaMA-Vision [23] and Qwen-VL [2]. These models
typically comprise: (i) a visual encoder (e.g., ViT), (ii) an adapter/projector aligning
visual features to the LLM token space, and (iii) an LLM backbone that performs au-
toregressive next-token prediction over interleaved visual and text tokens. Instruction
tuning further enables them to follow complex prompts and produce structured outputs.

3.4.2 Visual Grounding and Coordinate Prediction

A capability central to this thesis is visual grounding, also referred to as Referring
Expression Comprehension (REC). This task localizes a specific region in an image
described by a natural language query (e.g., “the consolidation in the right lower
lobe”). Unlike closed-set object detectors (e.g., Faster R-CNN [21]), generative VLMs
can treat grounding as sequence generation by emitting discretized coordinate tokens.
For example, Qwen-VL [2] quantizes coordinates into bins and outputs bounding boxes
as structured tokens.

3.4.3 From coordinates to Gaussian spatial priors

In this thesis, we convert VLM-predicted coordinates into continuous spatial priors used
for attention modulation and editing. Let the VLM output a bounding box

bbox = (xmin, ymin, xmax, ymax), (3.12)

and define its center as µ = ( xmin+xmax
2 , ymin+ymax

2 ). We then construct a 2D Gaussian
prior over pixel coordinates (u, v):

G(u, v) = exp

(
−
∥(u, v)− µ∥2

2
2σ2

)
, (3.13)

where σ controls the spatial spread. This soft prior provides a lightweight mechanism
to bias attention toward lesion-relevant regions without requiring dense pixel-level
supervision.
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3.4.4 VLMs in Medical Imaging

In the context of our LeGend framework (Chapter 4) and diffusion-based editing (Chap-
ter 5), we utilize generative VLMs as an offline reasoning module. Given a reference
CXR and a progression description, we instruct the model to perform medical visual
grounding: identifying the image region where the described pathological change
occurs. The predicted coordinates are subsequently transformed into Gaussian spa-
tial priors (Section 3.4.3), decoupling “understanding medical text” from “generating
pixels”.

Recent medical-domain VLMs such as MedCLIP [75] and MedKLIP [70] demon-
strate that domain-adapted vision-language pretraining improves radiology-centric
alignment, while instruction-tuned biomedical MLLMs such as LLaVA-Med [38] enable
open-ended reasoning over biomedical images. These developments support the fea-
sibility of leveraging VLM-generated coordinates as a lightweight yet effective spatial
prior for guiding longitudinal generation.

3.5 Summary

This chapter reviewed the fundamental technologies underpinning this thesis. Autore-
gressive models provide a scalable sequence-based approach to generation but require
careful handling of tokenization, ordering, and spatial control. Diffusion models, particu-
larly those based on Transformer backbones (DiT) and enhanced by practical techniques
such as fast sampling and guidance, offer strong fidelity and stability with flexible
conditioning interfaces. Finally, VLMs provide semantic grounding and coordinate-level
spatial cues that can be converted into continuous Gaussian priors. In the following
chapters, we will demonstrate how integrating these components leads to accurate and
clinically meaningful longitudinal chest X-ray generation.
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Chapter 4

Longitudinal Chest X-ray
Generation via Autoregression
Model

In this chapter, we systematically revealed a corner-biased attention pattern in autore-
gressive longitudinal CXR generation and introduced LeGend with GBCA to correct it.
By injecting lightweight, lesion-centered Gaussian spatial priors into mid-depth causal
attention layers, GBCA improves lesion attention, yielding follow-up CXRs with clearer
diagnostic cues. Using paired studies as objective surrogates of disease trajectories,
our evaluations demonstrate that LeGend is able to produce follow-ups that accurately
capture the described progression while preserving high visual realism and achieving
state-of-the-art performance.

For clarity, we use distinct symbols for different notions of sequence indexing and
attention analysis throughout this chapter. Specifically, ∆ denotes the follow-up interval,
n denotes the autoregressive token position, D denotes the progression description, and
XD denotes its token sequence. We use S for the total input sequence length and S(ℓ)

for the pre-softmax attention logits at layer ℓ. In addition, ϕA denotes the mapping
from a reference-image token index to its 2D spatial location, and H(ℓ) denotes the
corresponding layer-wise spatial attention heatmap.

4.1 Motivations and Contributions

As discussed in previous chapters, autoregressive models offer strong scalability and
controllability for image generation, but suffer from structural limitations when applied
to longitudinal medical imaging. Notably, conventional autoregressive decoding tends
to allocate excessive attention to image corners and borders—an issue we call corner-
edge attention bias. This bias weakens the model’s capacity to represent clinically
meaningful lesion evolution and leads to generated images that are visually plausible
yet semantically inconsistent. In particular, Figure 4.2 provides quantitative evidence of
this phenomenon: the attention mass concentrates disproportionately on corner/edge
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regions (high CBI/EAR) while exhibiting reduced overlap with clinically relevant lesion
areas (lower Attn-IoU) across decoding depth. This layer-wise profiling indicates that
the model can produce visually plausible follow-up CXRs yet allocate causal attention
to peripheral, low-semantic regions, motivating an explicit lesion-centric spatial prior to
correct the bias.

Our analysis reveals that this bias is especially problematic in follow-up CXR
synthesis. Medical lesions tend to be fine-grained, highly localized, and variable in size
and morphology. Autoregressive models, trained without spatial priors, often fail to
properly focus on these regions. To address this, we propose LeGend, a lightweight and
modular enhancement that introduces lesion-guided attention into the autoregressive
generation pipeline.

The main contributions of our work are:

We identify and quantify the spatial attention bias present in standard autoregres-
sive decoding when applied to longitudinal CXR synthesis.

We propose a novel Gaussian-Biased Causal Attention (GBCA) mechanism that
dynamically modulates self-attention using lesion priors.

We develop a practical pipeline to extract lesion coordinates from a vision-language
model and inject them into the generation process.

We demonstrate that LeGend significantly improves lesion alignment, attention
interpretability, image fidelity, and downstream disease classification performance.

4.2 Methodology

The longitudinal CXR generation task aims to generate the follow-up X-ray image ÎB,
given the prior CXR image IA and the progression description D. We begin with a diag-
nostic analysis of autoregressive decoding and introduce quantitative metrics to assess
causal alignment between attention and pathology. This reveals a previously unrecog-
nized corner/edge bias, an important conceptual contribution of this work (Section 4.2.1).
Guided by these findings, we map sparse lesion coordinates from a vision–language
model to a 2D Gaussian spatial prior and inject it as an additive bias into selected causal
self-attention logits (Section 4.2.2). LeGend integrates this Gaussian-Biased Causal
Attention (GBCA) into a general-purpose autoregressive backbone (Section 4.2.3), sub-
stantially improving lesion-aware causal alignment. The inference pipeline is shown in
Figure 4.1.

To avoid ambiguity, we distinguish two regimes in this chapter. For training and for
the attention-bias diagnosis in Section 4.2.1, we use the teacher-forcing setting, where
the decoder observes the ground-truth follow-up prefix. For generation at test time, we
use autoregressive inference, where the decoder has access only to the reference image,
the progression description, and the previously generated follow-up prefix. The same
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Figure 4.1: Inference-time overview of LeGend. Given a reference CXR IA and a progres-
sion description D, a vision–language model (VLM) predicts sparse lesion coordinates
on the reference image. These coordinates are converted into a 2D Gaussian prior, which
is injected as an additive bias into the decoder’s causal self-attention logits (GBCA),
steering attention toward clinically relevant reference regions while preserving causality.
The decoder then autoregressively predicts the follow-up token sequence X̂B; after each
step, the newly generated token is fed back as part of the visible prefix for subsequent
decoding, and the final sequence is detokenized into the generated follow-up image ÎB.
Ground-truth follow-up tokens XB are not used in this inference pipeline.

decoder and GBCA formulation are used in both regimes; the difference lies only in
whether the visible follow-up prefix comes from XB,<n or from X̂B,<n.

In the current formulation, the follow-up interval ∆ is not provided as an explicit
conditioning variable to the generator. Instead, the model is conditioned on the reference
image and the progression description only, so the temporal aspect is represented
implicitly through the semantics of the text rather than through a dedicated interval
encoding.

4.2.1 Layer-wise Attention Bias Profiling

Conventional autoregressive fine-tuning struggles to precisely control lesion location,
morphology, and severity in longitudinal follow-up CXR generation due to the absence
of medical prior knowledge. Although fine-tuning improves perceptual realism, prelim-
inary qualitative inspection suggests a skew of attention toward non-lesional corners
and borders of the reference image, a “corner-focus” pattern that suggests sampling
alignment rather than genuine lesion-semantic understanding. To examine this discrep-
ancy between appearance and pathology, we analyze how the decoder allocates causal
self-attention while synthesizing ÎB from IA.
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Figure 4.2: The layer-wise analysis of causal attention distribution with Attn-IoU, CBI,
and EAR for the vanilla autoregressive model.

Teacher-forcing attention analysis. For the bias diagnosis in this subsection, we explic-
itly analyze the autoregressive generation model under the teacher-forcing setting rather
than free-running inference. Concretely, we tokenize the reference image IA, the pro-
gression description D, and the ground-truth follow-up image IB into reference-image
tokens XA, text tokens XD, and target follow-up tokens XB, respectively, and form the
input sequence {XA, XD, XB} of length S. Under teacher forcing, when predicting the
n-th target token, the decoder is conditioned on the reference tokens, the text tokens,
and the previous ground-truth follow-up prefix XB,<n under the causal mask.

By contrast, at inference time the ground-truth follow-up tokens are unavailable,
and the same decoder predicts the next token conditioned on XA, XD, and the previously
generated prefix X̂B,<n.

When predicting the n-th visual token in XB, the query position q ∈ QB attends
over the visible keys k ∈ Kvis(q), where

Kvis(q) = XA ∪ XD ∪ XB,<n,

and all other positions are masked out by causality. For each decoder layer ℓ, we read
out the pre-softmax attention score (logit) matrix S(ℓ) ∈ RS×S with elements

S(ℓ)
q,k =

Q(ℓ)
q · K(ℓ)

k√
dk

+ Mq,k, (4.1)

where rows index query positions, columns index key positions, M enforces causality
and visibility (invalid entries set to −∞ so that they vanish after the Softmax). Let QB

denote the index set of target follow-up token positions in XB, and let KA denote the
index set of reference-image token positions in XA. The sub-matrix S(ℓ)

B→A captures the



4.2. Methodology 37

Figure 4.3: Teacher-forcing setup used for attention-bias profiling. The decoder input
is the concatenated sequence {XA, XD, XB}, where XA denotes reference-image tokens,
XD denotes progression-text tokens, and XB denotes the ground-truth follow-up tokens.
When analyzing the query corresponding to the n-th target token in XB, the causal
mask allows attention only to XA, XD, and the preceding ground-truth prefix XB,<n,
while future follow-up tokens remain invisible. The heatmap is obtained by aggregating
attention from follow-up queries to reference-image keys.

logits from follow-up queries to reference-image keys at layer ℓ:

S(ℓ)
B→A = S(ℓ)[QB, KA] ∈ R|QB |×|KA |. (4.2)

We then average over the query dimension to obtain a single score for each reference-
image token:

m(ℓ)
B→A(k) =

1
|QB| ∑

q∈QB

[
S(ℓ)

B→A
]

q,k, k ∈ KA. (4.3)

Intuitively, m(ℓ)

B̂→A
(k) measures how strongly the follow-up image, as a whole,

attends to the k-th reference token at layer ℓ in terms of raw attention logits.

Finally, we project these token-wise scores back to the spatial grid of the reference
image. Let ϕA : k 7→ (i, j) map a reference-image token index k to its spatial coordinates
(i, j) on the H × W grid (here H = W = 32). The layer-wise spatial attention heatmap
for (i, j) ∈ {0, . . . , H − 1} × {0, . . . , W − 1} is then defined as

H(ℓ)(i, j) = m(ℓ)
B→A

(
ϕ−1

A (i, j)
)
, (4.4)
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where ϕA is a bijection between the flattened reference-token indices and the H × W
spatial lattice, and ϕ−1

A (i, j) returns the token index corresponding to spatial location
(i, j).

Using these layer-wise heatmaps, Figure 1.2 shows that fine-tuned autoregressive
transformers frequently allocate disproportionate mass to image borders and corners,
even when lesions lie far from these regions. This corner–edge over-focus suggests reliance
on sampling alignment rather than lesion semantics, motivating a quantitative analysis.

Spatial Bias Analysis. To systematically quantify this spatial imbalance and characterize
how attention is distributed during decoding, we introduce two metrics: the Corner
Bias Index (CBI) and the Edge Attention Ratio (EAR) based on H(ℓ)(i, j). CBI is defined
as the proportion of attention mass that falls within the four corner regions C. The corner
mask C consists of four rectangular regions, each with dimensions (α · W)× (α · H).
EAR is defined as the proportion of attention mass concentrated within an annular
ring (or border band) E . The edge mask E is a band extending inwards from the image
boundary with a width of β · min(H, W). In our case, α = 0.12, β = 0.08. The metrics
are calculated as follows:

CBI =
∑(i,j)∈C H(ℓ)(i, j)

∑(i,j) H(ℓ)(i, j)
, (4.5)

EAR =
∑(i,j)∈E H(ℓ)(i, j)

∑(i,j) H(ℓ)(i, j)
. (4.6)

Moreover, to complement spatial bias measurement, we assess whether attention
aligns with clinically relevant regions by introducing the Attention-Lesion Overlap
(Attn-IoU) metric. It compares the attention heatmap H(ℓ)(i, j) with the binary lesion
mask Ω. Attn-IoU measures the fraction of total attention mass that falls inside Ω:

Attn-IoU =
∑(i,j)∈Ω H(ℓ)(i, j)

∑(i,j) H(ℓ)(i, j)
. (4.7)

The lesion mask Ω is constructed from report-based lesion points: we first convert
each point into a 2D Gaussian bump on the same H × W grid, max-pool these bumps
into a continuous saliency map, and then binarize it by thresholding at a fixed fraction η

of its maximum value (we use η = 0.5 in all experiments). The exact construction of the
underlying Gaussian spatial prior is detailed in Section 4.2.2.

Using these metrics, we conduct a layer-wise analysis of the native autoregressive
model’s attention distribution, as shown in Figure 4.2. Early layers exhibit high CBI and
EAR, indicating strong corner- and edge-focused attention driven by easy, high-contrast
structures rather than pathology. As depth increases, this peripheral bias temporarily
weakens as CBI/EAR decreases and Attn-IoU rises, suggesting partial integration of
semantic cues that redirect attention toward lesion regions. In deeper layers, however,
CBI and EAR increase again while Attn-IoU falls, because the decoder prioritizes global
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structure completion and border continuity during final reconstruction, pulling attention
back to edges at the expense of lesion focus. This pattern motivates us to import prior
knowledge to mitigate the bias issue.

4.2.2 2D Gaussian Spatial Prior from VLM

To obtain proper prior knowledge, we leverage the strong multimodal understanding
and alignment capabilities of a general-purpose Vision-Language Model (VLM). In our
method, we use the offline model Qwen2.5-VL-7B-Instruct [2], which avoids leaking
patients’ privacy information. Given the prior image IA and the progression description
D, the VLM predicts Np lesion-relevant coordinates in the original pixel space, denoted
by pk = (xk, yk), where xk ∈ [0, Wimg − 1) and yk ∈ [0, Himg − 1).

Since the autoregressive decoder operates on a discrete visual-token grid rather
than the full image lattice, we project each pixel-space coordinate onto the reference
token grid of size H × W (here H = W = 32). The projected token-grid coordinates are
defined as

x̃k =

⌊
xk

Wimg
W
⌋

, ỹk =

⌊
yk

Himg
H
⌋

. (4.8)

Here, the Gaussian prior is constructed on the discrete visual-token lattice associated
with the reference image in the autoregressive decoder, obtained by projecting the VLM-
predicted pixel coordinates onto that lattice.

Each projected point is then assigned a 2D Gaussian with σ = ratio · min(H, W)

(we use ratio = 0.10). For each token-grid cell (i, j), we compute its association with all
projected points. Since a cell may be close to multiple points, we use point-wise max
aggregation:

Rtok(i, j) = max
k∈{1,...,Np}

exp
(
− (i − ỹk)

2 + (j − x̃k)
2

2σ2

)
, (4.9)

where σ2 controls the spatial spread of the Gaussian kernel on the token grid. This max-
aggregation ensures that the value of Rtok(i, j) is determined by the nearest projected
lesion point, thereby creating a token-grid spatial prior that guides the subsequent
autoregressive generation process.

Finally, Rtok is flattened into a 1D vector r of length H × W. This vector r serves as
a positional bias over the reference visual keys within decoder causal self-attention. It
provides a score representing the strength of association between each visual token’s
spatial region and the key information derived from the text.

4.2.3 Gaussian-Biased Causal Attention

Recall that in standard decoder self-attention, the attention scores (logits) are computed
as:

S =
QKT
√

dk
. (4.10)



40 Chapter 4. Longitudinal Chest X-ray Generation via Autoregression Model

Our Gaussian-Biased Causal Attention introduces Bgaussian into the standard de-
coder self-attention. Bgaussian is constructed from the prior vector r (aligned with IA),
extended (via zero-padding) to the input sequence length. This yields a per-position bias
vector a over keys. We then broadcast a across all heads and query positions to form a
bias tensor Bgaussian with the same shape as S. We apply the Gaussian bias additively to
the pre-softmax attention logits and then enforce causality with the mask M, yielding
the final attention logits S′:

S′ = S + s · Bgaussian + M, (4.11)

where causality and visibility are enforced via a mask matrix M, s is a learnable parame-
ter which is obtained via a 2-layer MLP. The learnable strength s is initialized to a very
small value, and an upper bound is set to prevent excessive bias. We choose to apply
the bias at the logits level, rather than performing linear mixing after Softmax, to avoid
the numerical instability and gradient control difficulties that can arise from non-linear
compression. This Gaussian bias can be flexibly added to specific decoder layers of the
model. Our model architecture is shown in Figure 4.1.

Equation 4.11 defines the GBCA-modified attention logits for the decoder in both
regimes. The distinction between teacher forcing and inference does not lie in the
attention rule itself, but in the source of the visible follow-up prefix: XB,<n during
training/analysis versus X̂B,<n during autoregressive inference.

4.2.4 Training and Inference Pipelines

Training (teacher forcing). During training, the decoder receives the token sequence
{XA, XD, XB}, where XB is the ground-truth follow-up token sequence. The next-token
loss is computed only on the follow-up positions:

LCE = −
NB

∑
n=1

log p(XB[n] | XA, XD, XB,<n) . (4.12)

Thus, at the prediction of the n-th target token, the visible follow-up prefix is
the ground-truth prefix XB,<n. This teacher-forcing regime is used both for model
optimization and for the attention-bias analysis in Section 4.2.1.

Inference (autoregressive decoding). At inference time, the ground-truth follow-up
sequence is unavailable. The decoder is initialized with the reference-image tokens
XA and text tokens XD only. A VLM first processes IA and D to predict lesion coordi-
nates, from which the token-grid Gaussian prior Rtok and the bias tensor Bgaussian are
constructed. The decoder then autoregressively predicts

X̂B[n] ∼ p
(
· | XA, XD, X̂B,<n

)
, (4.13)
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Table 4.1: Performance comparison of image generation quality and downstream classi-
fication.

Method Generation Quality Classifier Quality

FID↓ CLIP-T↑ MS-SSIM↑ PSNR↑ AUC↑ F1↑
BioMedJourney [24] 47.5307 35.01 0.4479 12.09 0.6166 0.7423
PIE [40] 49.0129 35.13 0.4982 12.92 0.6479 0.7764
CXR-IRGen [57] 44.1238 32.38 0.4760 12.26 0.6230 0.7544
ProgEmu [43] 35.0192 35.45 0.4884 13.22 0.7153 0.8132
LeGend (Ours) 26.1247 38.27 0.6617 15.87 0.7559 0.8402

Figure 4.4: Visual comparison of follow-up CXR generation. Our LeGend shows higher
similarity with regard to the ground truth image.

and each newly generated token is appended back to the visible prefix for the next step.
After all follow-up tokens are generated, X̂B is detokenized into the generated follow-up
image ÎB. During this process, the Gaussian bias is applied only to the reference-image
visual keys derived from IA, while causality over the follow-up prefix is preserved by
the same causal mask as in training.

4.3 Experiments

4.3.1 Dataset

All experiments were conducted on ICG-CXR, the longitudinal counterfactual CXR
dataset introduced in ProgEmu [43]. It is derived from MIMIC-CXR [32] and CheXpert-
Plus [9] by selecting PA-view exam pairs with a reference/follow-up interval under
100 days, yielding 11,439 pairs from 7,388 patients. Each sample includes a reference
and follow-up CXR, the corresponding reports, and an LLM-generated progression
description. All image pairs are rigidly registered to reduce pose variation. As noted
in [43], ICG-CXR is currently the only public dataset designed for longitudinal, report-
conditioned counterfactual CXR generation, making it the standard and only feasible
benchmark for this task.

4.3.2 Evaluation Metrics

To comprehensively evaluate GBCA, we assess both attention behavior, follow-up
image quality and classifier-based downstream task evaluation, covering spatial align-
ment, visual realism, semantic consistency, structural fidelity, and downstream clinical
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(a) Attn-IoU ↑ (b) CBI ↓ (c) EAR ↓

Figure 4.5: Attention profiling across layers highlights the mid-layer region where GBCA
most effectively improves lesion focus.

utility.

Attention alignment metrics. To evaluate whether GBCA improves lesion-relevant
attention, we report Attn-IoU, together with CBI and EAR (defined in Section 4.2.1).
Attn-IoU measures the overlap between the model’s reference-side attention map and
the lesion region, where higher values indicate better lesion-focused attention. In
contrast, CBI and EAR quantify undesired corner-biased and edge-biased attention,
respectively, so lower values are preferred.

Generation quality metrics. For follow-up image generation quality, we use four
metrics. FID [26] measures the distributional similarity between generated and real
follow-up images, with lower values indicating more realistic generation. CLIP-T
evaluates the semantic consistency between the generated image and the progression
text using a pretrained BiomedCLIP [75] encoder, where higher values indicate better
multimodal alignment. MS-SSIM [67] and PSNR measure structural and pixel-level
similarity between the generated follow-up image and the paired ground-truth follow-
up image. These metrics are particularly important in longitudinal medical image
generation, where the background anatomy and patient-specific structure should remain
largely consistent while lesions evolve locally.

Classifier-based clinical utility metrics. Visual realism alone does not guarantee
clinical correctness. Therefore, we further evaluate whether generated lesions remain
clinically identifiable using a pretrained downstream disease classifier. Specifically,
we report AUC [5] and F1 score computed from classifier predictions on generated
follow-up images against the pathology labels of the ground-truth follow-up studies.
Higher values indicate that the generated images preserve diagnostically meaningful
pathology cues that can be recognized by a standard CXR analysis model.

Details of the downstream disease classifier. For downstream evaluation, we use the
public TorchXrayVision model “densenet121-res224-all” [14] without any fine-tuning
on our generated images or icg-cxr dataset. This model is based on a DenseNet-121
backbone adapted for single-channel radiographs and operates at a fixed input resolu-
tion of 224 × 224. It outputs logits over the default 18-pathology TorchXrayVision label
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space, including pathologies such as atelectasis, consolidation, effusion, pneumonia,
cardiomegaly, and lung opacity. In our experiments, AUC and F1 are computed on the
ICG-CXR pathology labels that overlap with the TorchXrayVision output categories.
The classifier itself was originally trained in a multi-label setting on a large mixture of
public CXR datasets, including NIH ChestX-ray14, PadChest, CheXpert, MIMIC-CXR,
OpenI, the Google relabeled NIH set, and the RSNA Pneumonia dataset.

Summary. Together, these metrics provide a complementary evaluation protocol: at-
tention metrics assess whether GBCA improves lesion-relevant reference attention;
generation metrics evaluate realism, semantic consistency, and structural fidelity; and
classifier-based metrics assess whether the synthesized follow-up images remain clini-
cally meaningful. All models are evaluated on the same test set under identical prepro-
cessing, registration, and resolution settings.

Table 4.2: Last-layer attention statistics under different GBCA injection locations.

Method Attn-IoU↑ CBI↓ EAR↓
w/o GBCA 0.0790 0.0750 0.3574
w/ GBCA(L6-8) 0.0789 0.0746 0.3573
w/ GBCA(L14-16) 0.1372 0.0511 0.2795
w/ GBCA(L22-24) 0.0579 0.0854 0.3843

4.3.3 Implementation Details

We fine-tune the Emu3 backbone using LoRA [30] adapters inserted into all self-attention
projection layers, namely q_proj, k_proj, v_proj, and o_proj. Each LoRA module uses
a rank of rank = 32, scaling factor lora_alpha = 64, dropout = 0.05, and no additional
bias terms. Training is launched on 2× NVIDIA RTX A6000 GPUs for 6k optimization
steps, together with gradient checkpointing for memory efficiency. Batch size is 16
with gradient accumulation. The optimizer is Adam with β1 = 0.9, β2 = 0.95, and
ϵ = 10−6, weight decay = 0.1, and gradient clipping at ∥g∥2 ≤ 5.0. The base learning
rate is 1 × 10−5 with a cosine schedule down to a minimum of 1 × 10−6, preceded by 30
warm-up steps.

4.3.4 Results

Comparison with existing methods. We compare our method against representative
diffusion-based (BioMedJourney [24], PIE [40], CXR-IRGen [57]) and autoregressive
(ProgEmu [43]) models on the ICG-CXR dataset. The performance of all baseline models
in table 4.1 come from re-running the authors’ released code (and public weights when
available) on ICG-CXR test set under a unified protocol (same resolution and pre-
processing).

Table 4.1 reports the quantitative results of both the CXR generation quality (left)
and the downstream classification performance (right). As seen, our LeGend achieves
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Table 4.3: Performance across different GBCA injection locations.

Method Generation Quality Classifier Quality

FID↓ CLIP-T↑ MS-SSIM↑ PSNR↑ AUC↑ F1↑
Ours (L6-8) 34.7979 35.50 0.4910 13.30 0.7160 0.8140
Ours (L14-16) 26.1247 38.27 0.6617 15.87 0.7559 0.8402
Ours (L22-24) 40.2545 33.20 0.4710 12.60 0.6127 0.7250

Ours (L14-24) 41.8016 32.49 0.4592 12.88 0.5721 0.6817

the best overall generation quality across all metrics, showing the lowest FID and the
highest PSNR, MS-SSIM, and CLIP-T scores. Diffusion models such as BioMedJour-
ney [75], PIE [40] and CXR-IRGen [57] produce visually realistic outputs but exhibit
lower PSNR/MS-SSIM values, indicating smoother textures and weaker lesion con-
trast due to their stochastic noise-sampling process. Autoregressive methods like Pro-
gEmu [43] preserve better structural continuity, yet our GBCA further enhances both
global fidelity and local precision by steering causal attention toward lesion regions
through the proposed Gaussian bias.

More importantly, to assess whether the generated follow-up CXRs encode clinically
relevant information, we further conduct a downstream disease-classification task using
a pretrained ResNet-based thoracic disease classifier [14] to predict 14 pathologies.
GBCA again achieves the highest F1 and AUC, confirming that its lesion-aware attention
improves not only perceptual quality but also the diagnostic consistency of generated
images.

In addition to the quantitative results, Figure 4.4 provides visual evidence of method
behavior. BioMedJourney produces smooth but overly blurred regions, weakening le-
sion depiction and suppressing subtle progression cues; anatomical boundaries (e.g.,
lungs, diaphragm) appear indistinct. PIE preserves global structure but often shows
oversaturation, spatial shifts, and sharpened edges, leaving noticeable editing artifacts.
CXR-IRGen generates plausible CXRs but departs from the true follow-up, consistent
with its lower PSNR and MS-SSIM. ProgEmu offers the sharpest anatomy among base-
lines and introduces localized pathological changes, though lesion positions may drift.
In contrast, GBCA yields follow-up CXRs with fine anatomical detail, accurately lo-
calized lesion progression, and high radiological plausibility aligned with the textual
description. These observations confirm that Gaussian-biased causal attention guides
the autoregressive decoder toward clinically relevant regions while maintaining global
realism.

4.3.5 Ablation Study

Prior injection location. To determine where the Gaussian spatial prior most effectively
influences the decoder, we compare GBCA injected at different depths of the 32-layer
transformer decoder. Because the injected bias propagates forward through the causal
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stack, its final effect is best reflected in the last-layer attention statistics reported in
Table 4.2. As shown, injecting the prior in shallow layers (6–8) produces almost no
change compared with the baseline, whereas mid-layer injection (14–16) yields the
largest improvement—Attn-IoU increases from 0.0790 to 0.1372, and both CBI and EAR
drop substantially. In contrast, deep-layer injection (22–24) worsens all three metrics,
indicating disrupted semantic focus and stronger corner/edge bias.

Figure 4.5 provides the layer-wise explanation for this behavior. Recall that for
the vanilla model, shallow layers show high CBI/EAR, mid-layers achieve maximal
lesion alignment (highest Attn-IoU), and deep layers gradually shift attention back
toward global structure (Figure 4.2). Consequently, the prior injected in shallow layers
is overwritten by later layers, whereas injecting it at mid-depth (14–16) aligns with
the model’s natural semantic grounding stage and allows the Gaussian spatial prior to
propagate cleanly forward. Injecting it too late (22–24) interferes with global refinement,
leading to degraded attention quality.

Beyond attention statistics, Table 4.3 evaluates how different injection locations
affect image quality and downstream classification. The trends closely follow those in
Table 4.2 and Figure 4.5: injecting the prior in shallow layers (L6–8) yields only marginal
gains, while mid-depth injection (14–16) delivers the best overall results—lowest FID
(26.12), highest PSNR (15.87), MS-SSIM (0.6617), and CLIP-T (38.27), together with the
strongest classifier performance (AUC = 0.7559, F1 = 0.8402). This mid-layer region offers
the best balance between semantic guidance and reconstruction fidelity. In contrast,
deep injection (L22–24) over-constrains the decoder, leading to blurred structures and
reduced AUC/F1, consistent with its degraded attention patterns. Excessive injection
across many layers (e.g., L14–24) further degrades performance, as same-direction
bias accumulates and induces inter-layer interference, weakening late-stage refinement,
reducing global consistency, and ultimately lowering sharpness and classifier accuracy.

Prior injection layer number. Given that mid-layer injection (14–16) yields the best
overall location, we further perform a fine-grained ablation to identify the most ef-
fective layer(s) within this region. As shown in Table 4.4, injecting the prior into a
single mid-layer (L15) already improves both visual and diagnostic metrics over the
baseline. Notably, the layer L15 emerges as the most effective single-layer injection
point, achieving the best FID(28.1581), CLIP-T(37.69), PSNR(0.6509), MS-SSIM(14.78),
AUC(0.7543), and F1(0.8385). When the prior is applied to adjacent layers jointly (L14-15
or L15-16), performance consistently improves across both generative and classification
metrics, indicating that a slightly broader mid-layer window allows the spatial prior
to propagate more stably through the network. Extending it across three consecutive
layers (L14–16) leads to optimal configuration, achieving the best performance.

Effect of Gaussian σ’s ratio. The Gaussian standard deviation σ controls the spatial
spread of the injected prior, defined as σ = ratio · min(H, W). table 4.5 shows how
different ratios affect performance. A very small σ (ratio = 0.05) produces an overly
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Table 4.4: Effect of injecting GBCA into different mid-depth layer combinations.

Method Generation Quality Classifier Quality

FID↓ CLIP-T↑ MS-SSIM↑ PSNR↑ AUC↑ F1↑
Ours (L14) 28.6369 36.86 0.6131 14.24 0.7436 0.8270
Ours (L15) 28.1581 37.69 0.6509 14.78 0.7543 0.8385
Ours (L16) 29.1533 36.43 0.5928 13.92 0.7452 0.8287

Ours (L14-15) 27.0684 38.18 0.6581 15.77 0.7554 0.8396
Ours (L15-16) 27.3550 38.12 0.6557 15.31 0.7550 0.8393

Ours (L14-16) 26.1247 38.27 0.6617 15.87 0.7559 0.8402

Table 4.5: The ablation of Gaussian σ’s ratio.

Ratio Generation Quality Classifier Quality

FID↓ CLIP-T↑ MS-SSIM↑ PSNR↑ AUC↑ F1↑
0.05 31.5546 38.36 0.6527 15.71 0.7381 0.8333
0.1 26.1247 38.27 0.6617 15.87 0.7559 0.8402
0.2 41.1478 37.90 0.6603 15.68 0.7466 0.8206

concentrated prior, limiting spatial generalization and demanding more accurate co-
ordinates from the VLM. Conversely, a very large σ (ratio = 0.2) diffuses the prior too
broadly, weakening ROI localization and introducing redundant spatial bias. The mod-
erate setting (ratio = 0.1) achieves the best balance between focus and coverage, yielding
the best generation quality and capturing diseases. Notably, even suboptimal ratios
(0.05 and 0.2) outperform competing methods in disease classification, showing that
GBCA reliably enhances disease-relevant feature capture.

Different VLMs for Gaussian spatial prior generation. Table 4.6 compares GBCA
when lesion coordinates are obtained from two vision–language models, Qwen2.5-VL
and Llama-3.2-Vision. Both variants yield consistent improvements over the baseline,
indicating that GBCA is effective across different VLM providers. Qwen2.5-VL achieves
slightly better image-generation quality (e.g., FID and CLIP-T), while Llama-3.2-Vision
remains competitive on downstream classification metrics. Overall, the relatively small
gap across metrics suggests that GBCA is reasonably stable with respect to the choice
of VLM-derived spatial prior. We note that this comparison evaluates downstream
robustness across alternative VLM priors, rather than the absolute localization accuracy
of the priors themselves, since our dataset does not provide ground-truth lesion masks

Table 4.6: Ablation of different VLMs for spatial-prior generation.

VLM Generation Quality Classifier Quality

FID↓ CLIP-T↑ MS-SSIM↑ PSNR↑ AUC↑ F1↑
Qwen2.5-VL 26.1247 38.27 0.6617 15.87 0.7559 0.8402
Llama-3.2-vision 29.0563 37.68 0.6396 15.54 0.7742 0.8370
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Figure 4.6: Ablation of different VLMs for spatial-prior generation. This comparison
evaluates the robustness of GBCA across alternative VLM-derived spatial priors.

or independent lesion-location annotations for direct IoU evaluation.

4.4 Generality of GBCA Across Autoregressive Backbones

To evaluate whether GBCA generalizes beyond our primary autoregressive backbone,
we apply GBCA to EditAR [45], a unified AR generator that performs next-token
prediction to synthesize edited images from conditioning inputs and text prompts.
After fine-tuning EditAR on the ICG-CXR dataset, we freeze all EditAR parameters
and train only the GBCA module, injected into its 18th (middle) transformer layer. As
reported in Table 4.7, GBCA improves both image quality and downstream classification
metrics after only 500 training steps, demonstrating its effectiveness across different
autoregressive architectures.

Layer-wise attention diagnosis (EditAR). Before injecting GBCA, we conduct a layer-
wise diagnosis on the fine-tuned EditAR backbone (without Gaussian prior; denoted
as no_gaussian) by measuring three attention-related metrics: Attn-IoU (lesion-region
attention overlap), Corner Bias Index (CBI), and Edge Attention Ratio (EAR). As shown
in Figure 4.7, EAR stays consistently high across layers and exhibits a pronounced peak
around the 18th (middle) transformer layer, indicating the strongest tendency to allocate
attention to image borders/edges at this stage. In contrast, Attn-IoU remains compara-
tively low and changes mildly across layers, suggesting limited lesion-aligned attention
under the vanilla backbone. This layer-wise pattern motivates our design choice to inject
GBCA into the 18th layer, where the edge-dominant attention is most evident and thus
the lesion-centric Gaussian bias is expected to yield the largest corrective effect.
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Figure 4.7: Layer-wise attention metrics of EditAR under the no_gaussian setting. We
report Attn-IoU, CBI, and EAR across transformer layers. The marked EAR peak around
the 18th layer indicates a strong edge-attention tendency, motivating GBCA injection at
this middle layer.

Table 4.7: Performance comparison of EditAR with/without GBCA.

EditAR Generation Quality Classifier Quality

FID↓ CLIP-T↑ MS-SSIM↑ PSNR↑ AUC↑ F1↑
w/o GBCA 39.5823 0.3557 0.5973 14.08 0.7521 0.7875
w/ GBCA 33.5722 0.3621 0.6313 14.74 0.7872 0.8040

4.5 Visualization of Diverse VLM-Predicted Spatial Priors

Figure 4.8 compares the lesion-location points predicted by two different vision–language
models, Qwen2.5-VL and Llama-3.2-Vision. The two models produce noticeably dif-
ferent coordinate sets, reflecting natural variability in VLM-based spatial localization.
Despite this diversity in predicted priors, our method achieves stable performance
across both VLMs (see Table 4.6). This qualitative comparison illustrates the variability
of the input priors, while the quantitative results in Table 4.6 show that GBCA remains
effective across these alternative VLM-derived spatial priors. Since our dataset does not
provide ground-truth lesion masks, this comparison should be interpreted as a robust-
ness analysis with respect to different prior sources, rather than a direct measurement of
prior accuracy.

4.6 Prompts Design for VLM Point Annotation

Prompt Design for Point Annotation We use a deterministic instruction set for a VLM
(Qwen2.5-VL-7B-Instruct in our case), which returns point coordinates marking the
anatomical locations where changes occur (worsening, persistence, improvement, or
resolution). The model does not diagnose; it only produces standardized positional
annotations.
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Figure 4.8: Visualization of spatial priors predicted by two VLMs (Qwen2.5-VL and
Llama-3.2-Vision). The two models produce different lesion-coordinate sets, illustrating
the natural variability in VLM-based localization. The corresponding quantitative
results in Table 4.6 evaluate the robustness of GBCA across these alternative VLM-
derived priors.
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The design principles are as follow: (1). Centered on “change”. Confidence reflects
certainty where a change occurred, not disease severity. Improvements/resolution count
as positive evidence when localized. Confidence ranges 1-5. The point with confidence
lower than 3 is discarded. (2). Clinical laterality convention. Textual "left/right" refers
to patient laterality; on standard PA/AP CXR, patient-left appears on image-right, and
patient-right on image-left. (3). Coverage over minimality. The VLM model is required
to generate as many points as needed to cover distinct described region (bilateral/diffuse
patterns must annotate both lung). Based on the distance between the points, redundant
points are merged to keep outputs compact and interpretable.

The SYSTEM PROMPT we used is as follow:

You are a medical AI assistant that converts chest X-ray (CXR) progression
descriptions into pixel coordinates marking disease-relevant locations. You
do not diagnose; you only produce standardized positional annotations.

Inputs

• A CXR image (pixel-based; infer width W and height H).

• Disease progression description.

Core principles

• Annotate where changes occur (worsening/persistence/improvement); sever-
ity is irrelevant.

• Output as many points as needed for distinct regions; avoid redundant
points.

• Bilateral/diffuse findings → annotate both lungs.

Laterality (patient vs. image)

• “Left/right” refers to the patient’s side.

• Patient-left = image-right; patient-right = image-left.

Localization rules

• Visually estimate lung fields and derive BBOX_R (patient-right/image-left)
and BBOX_L (patient-left/image-right).

• Split each lung box into three equal-height zones (Upper/Middle/Lower);
use zone centers as candidate points.

• If lung boxes are unreliable, use coarse priors: image-left centers at
(0.30W,0.20H), (0.30W,0.50H), (0.30W,0.80H); image-right centers at (0.70W,0.20H),
(0.70W,0.50H), (0.70W,0.80H).
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• Extra-pulmonary targets: pleural effusion → costophrenic angle; pneu-
mothorax → apicolateral pleura; cardiomegaly/mediastinum → car-
diac/mediastinal center; devices/bone/soft-tissue findings → described
tip/structure.

Confidence (output only {3, 4, 5})

• 5: explicit side/zone (or lobe) and explicit change at same site.

• 4: clear side with partially specified zone, change consistent with text.

• 3: bilateral/diffuse or weakly localized change.

• Points with confidence 1 or 2 are discarded.

Point placement and deduplication

• Unilateral finding → at least one point on that side (zone per text).

• Bilateral/diffuse → at least one representative point per lung.

• Multifocal → one point per distinct focus/structure.

• Merge points closer than δ = 0.03 · min(W, H) into their average location,
keeping higher confidence.

Output (strict JSON; no extra text)

{

"points": [

{"x": <int>, "y": <int>,

"confidence": <int>}

]

}

Use "points": [] if healthy or no location meets confidence ≥ 3.





53

Chapter 5

Longitudinal Chest X-ray
Generation via Diffusion-based
Model

5.1 Motivations and Contributions

Longitudinal chest X-ray (CXR) image generation—predicting future radiographs based
on prior scans and textual disease progression descriptions—holds significant clinical
value in monitoring disease development, evaluating treatment response, and sup-
porting follow-up decisions. For example, generating a hypothetical follow-up image
conditioned on a progression description could help clinicians visualize lesion evolution
and preemptively assess outcomes. However, this task presents unique challenges.
Lesion changes tend to be local and subtle, requiring generative models to faithfully
preserve global thoracic structures while precisely depicting small-scale, clinically mean-
ingful variations. Moreover, the generated image must be semantically aligned with
the progression description, accurately reflecting changes in lesion size, shape, and
location. Achieving both visual realism and clinical faithfulness demands strong spatial
awareness and precise semantic control—capabilities current models often lack.

5.2 Methodology

We propose a novel framework for longitudinal chest X-ray (CXR) generation that
effectively disentangles anatomical structural preservation from pathological evolution.
The core objective is to synthesize a high-fidelity follow-up image IB, conditioned on a
reference image IA and a textual progression description DP. As illustrated in Figure 5.1,
our pipeline is built upon a Diffusion Transformer (DiT) backbone and integrates the
structural consistency of Stable Flow [1] with the precise lesion localization of our
Gaussian-Biased Causal Attention (GBCA).

The overall framework operates in three distinct phases: (1) Offline Structural
Calibration to identify layers responsible for anatomical integrity; (2) Semantic-to-Spatial
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Mapping to convert textual descriptions into geometric guidance; and (3) Dual-Path
Guided Generation to synthesize the final output via feature injection.

Figure 5.1: Overview of the proposed LeGend-Diffusion framework. The pipeline
consists of three phases: Phase 1 identifies Vital Layers (V) offline via ablation analysis
to lock anatomical structures. Phase 2 leverages a Vision-Language Model (VLM) to
map the progression description DP into a Gaussian spatial prior Bgaussian. Phase 3
performs dual-path inference, where the Edit Path generates the follow-up image IB by
retrieving structural keys/values (Ksrc, Vsrc) from the Source Path and integrating the
Gaussian bias (Bgaussian) specifically at the identified Vital Layers.

5.2.1 Phase 1: Offline Structural Calibration (Vital Layer ID)

The first phase addresses the challenge of structural preservation in isotropic architec-
tures. Unlike U-Net architectures, which possess explicit hierarchical scales (coarse-
to-fine) due to pooling layers, Diffusion Transformers (DiTs) process images as flat
sequences of tokens. This isotropic nature makes structural information diffuse across
all layers, complicating the task of preserving patient-specific anatomy (e.g., rib cage,
cardiac silhouette) during editing.

To pinpoint the layers encoding high-level geometric structure, we adopt the Vitality
Analysis approach proposed in Stable Flow [1]. As illustrated in Figure 5.2, we define a
layer’s "vitality" by the perceptual impact of bypassing it.

Let F denote the complete pre-trained DiT model with L layers. We define a
modified model, Fskip-l , where the l-th layer is physically skipped via a residual bypass
connection. To estimate the expected perceptual deviation, we generate N pairs of
images. For the i-th sample, let zi ∼ N (0, I) be the initial Gaussian noise and pi be a
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randomly selected text prompt. Let Ii = F (zi, pi) be the image generated by the full
model, and I(l)i = Fskip-l(zi, pi) be the image generated when layer l is skipped.

To quantify the perceptual deviation between these outcomes, we employ a robust
semantic similarity metric, denoted as Sim(·, ·). We utilize the cosine similarity of deep
features extracted by a frozen DINOv2 [47] encoder, denoted as Φ(·). For any two
images U and V, the metric is explicitly defined as:

Sim(U, V) =
Φ(U) · Φ(V)

∥Φ(U)∥2∥Φ(V)∥2
. (5.1)

Pixel-wise MSE is unsuitable here as it is overly sensitive to high-frequency noise
rather than structural semantics.

The vitality score v(l) for layer l is then computed as the complement of the average
similarity across all N samples:

v(l) = 1 − 1
N

N

∑
i=1

Sim
(

Ii, I(l)i

)
︸ ︷︷ ︸

Average Similarity

. (5.2)

Intuitively, if skipping layer l results in a generated image I(l)i that is very similar to
the original Ii, the average similarity will be close to 1, resulting in a low vitality score
v(l) ≈ 0. Conversely, a low similarity implies a high structural deviation, indicating
that layer l is "vital."

Finally, we define the fixed set of Vital Layers V using a predefined threshold τvit:

V = {l ∈ {1, . . . , L} | v(l) ≥ τvit}. (5.3)

Empirical analysis on the FLUX.1 backbone reveals that vital layers are typically
distributed at the input (early processing) and middle (semantic formation) blocks. These
layers serve as "structural anchors," which we explicitly manipulate in the subsequent
generation phase.

5.2.2 Phase 2: Semantic-to-Spatial Mapping (Gaussian Bias)

Standard attention mechanisms in DiTs often suffer from "corner-focus" bias or fail to
localize small pathological changes described in text. This issue stems from the modality
gap: the textual description TP provides high-level semantic instructions (e.g., "right
lower lobe"), while the visual generation operates on low-level latent tokens without
explicit spatial grounding. To bridge this gap, we construct a lesion-specific spatial prior,
transforming discrete semantic coordinates into a continuous, differentiable attention
bias.
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Figure 5.2: Workflow for Offline Structural Calibration (Phase 1).

Coordinate Prediction via VLM

We utilize a Generative Vision-Language Model (VLM), specifically Qwen2.5-VL [2],
to act as a semantic interpreter. Given the reference image IA and the progression
description DP, the VLM is prompted to perform visual grounding. It predicts a set of
discrete coordinates P = {(xk, yk)}

Np
k=1 defined in the original image pixel space RH×W ,

where each point corresponds to the centroid of a region of interest (ROI) mentioned in
the progression text (e.g., "enlarging opacity").

Latent Space Transformation and Gaussian Modeling

Since the Diffusion Transformer operates in a compressed latent space rather than the
original image lattice, the pixel-space coordinates must be projected onto the latent
grid. Let the image resolution be (Himg, Wimg) and the latent resolution be (h, w). The
projected latent coordinates are defined as

xlat
k =

⌊
xk

Wimg
w
⌋

, ylat
k =

⌊
yk

Himg
h
⌋

. (5.4)

Unlike Chapter 4, where the Gaussian prior is constructed on the discrete visual-
token lattice used by the autoregressive decoder, here the prior is first defined on the 2D
latent spatial grid of the DiT backbone and only then serialized into transformer tokens
through flattening or patchification.

To integrate these sparse points into the dense attention mechanism, we model the
spatial prior as a continuous 2D latent-space heatmap Rlat ∈ Rh×w. To avoid artificial
hotspots caused by overlapping summations, we employ a max-aggregation of Gaussian
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Figure 5.3: Visualization of Semantic-to-Spatial Mapping and Generation Results.
This figure illustrates the intermediate spatial guidance signals and the final output.
(1) Reference Image: The baseline CXR input (IA). (2) Points on Reference Image:
Discrete lesion coordinates (red circles) predicted by the VLM based on the progression
description, identifying the anatomical ROI (e.g., left lower lobe). (3) Gaussian Map:
The continuous Gaussian spatial prior (Bgaussian) derived from the discrete points, which
serves as the attention bias Bgaussian injected into the DiT. (4) Ours: The final follow-up
image generated by our full framework (LeGend-Diffusion), showing precise lesion
synthesis. (5) Ground Truth: The real follow-up exam. Comparing the Gaussian Map
with the generated outcome confirms that our GBCA mechanism effectively translates
semantic coordinates into accurate visual pathology.

kernels. For each latent-grid cell (i, j), the response is defined as

Rlat(i, j) = max
k∈{1,...,Np}

exp

(
−
(i − ylat

k )2 + (j − xlat
k )2

2σ2

)
, (5.5)

where σ = 0.1 · min(h, w) controls the spatial spread of the latent-space Gaussian prior.

Sequence Alignment and Bias Injection

The input to the DiT backbone is a concatenated sequence of text tokens and flattened
image tokens. Let Ntxt be the number of text tokens and Nimg = h × w be the number of
image tokens. The total sequence length is Lseq = Ntxt + Nimg.

To align the 2D spatial prior R with this 1D sequence structure, we perform the
following operations:

1. Flattening: The latent-space heatmap Rlat is flattened into a visual bias vector
rimg ∈ RN f u .

2. Padding: Since the spatial prior should not bias the text tokens (which lack spatial
geometry), we pad the vector with zeros (neutral bias) for the text positions:

rseq = [0, . . . , 0︸ ︷︷ ︸
Nref

, 0, . . . , 0︸ ︷︷ ︸
Ntxt

, r(1)img, . . . , r(Nfu)
img︸ ︷︷ ︸

Nfu

]⊤ ∈ RLseq . (5.6)

3. Broadcasting: We construct the final bias matrix Bgaussian ∈ RLseq×Lseq . In our
design, the bias acts on the Keys (K) of the attention mechanism. Therefore, we
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broadcast rseq across the query dimension:

Bgaussian[m, n] = rseq[n]. (5.7)

This matrix ensures that when any token (whether text or image) attends to a visual
token located at a lesion site (index n), the attention score is boosted by the Gaussian
value.

Finally, to allow the model to adaptively control the influence of this prior, we
introduce a learnable scalar s. This scalar is predicted by a lightweight 2-layer MLP, and
the final term added to the attention logits is s · Bgaussian.

5.2.3 Phase 3: Dual-Path Guided Generation (Inference)

The final phase executes the image generation via a synchronized dual-path inference
strategy. This process is designed to navigate the trade-off between semantic fidelity (ad-
hering to the progression text) and structural fidelity (preserving the patient’s anatomy).
The inference relies on the interaction between two denoising trajectories: the Source
Path (Tsrc) and the Edit Path (Tedit).

Latent Initialization via DDIM Inversion

Before generation commences, we must ensure that the generative process starts from a
noise distribution that structurally encodes the reference image IA. Instead of sampling
random Gaussian noise, we employ DDIM Inversion [60]. Given the reference image
latent z0 = E(IA), we run the deterministic DDIM reverse process in the forward
direction (from τ = 0 to τ = K) conditioned on the source text DA. This yields a
structured noise latent zK, which serves as the shared starting point for both trajectories:

z(src)
K = z(edit)

K = DDIMinvert(z0, DA, ϵθ). (5.8)

Sharing zK ensures that both paths originate from the same global structural layout.

Synchronized Denoising Trajectories

During the generative denoising steps (τ = K → 0), the two paths evolve in parallel.
Let h(src,l)

τ and h(edit,l)
τ denote the intermediate hidden states at layer l and diffusion step

τ for the source and edit paths, respectively.

• Source Path (Tsrc): Conditioned on DA. Its primary role is to reconstruct the
reference anatomy. It acts as a "memory bank," providing structural features (Keys
and Values) to the edit path.

• Edit Path (Tedit): Conditioned on the progression description DP. Its goal is to
generate pathology-consistent follow-up changes defined by DP while retrieving
structural constraints from Tsrc.
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Feature Injection and Attention Modulation

The core innovation lies in how these two paths interact within the DiT backbone. This
interaction is strictly confined to the set of Vital Layers (V) identified in Phase 1. For a
given layer l, the Self-Attention (SA) mechanism in the Edit Path is modified as follows:

Case 1: Independent Generation (Non-Vital Layers, l /∈ V). In layers identified as
non-structural (typically responsible for fine textures or background noise), the two
paths remain decoupled. The Edit Path relies solely on its own projections to refine local
details consistent with the progression text:

Attn(l)
edit = Softmax

(
Q(l)

edit(K
(l)
edit)

⊤
√

dk
+ M

)
V(l)

edit, (5.9)

where Q, K, V are projected from h(edit,l)
τ . This independence allows the model to syn-

thesize new textures (e.g., consolidation patterns) that do not exist in the source image.

Case 2: Structure-Locked Lesion Generation (Vital Layers, l ∈ V). In Vital Layers,
which control global geometry (e.g., rib alignment, organ shape), we impose strict con-
straints. We propose the Gaussian-Biased Vital-Layer Attention (GBCA) mechanism,
which performs two simultaneous operations:

1. Structural Feature Injection (SFI): We replace the Keys (K) and Values (V) of the
Edit Path with those computed from the Source Path. Since K and V in self-attention
determine the content and layout of the retrieved features, this operation "locks" the
generated anatomy to match the reference image IA. 2. Spatial Saliency Modulation:
To prevent the Source Keys from completely suppressing the new lesion (since the lesion
is absent in IA), we inject the Gaussian bias Bgaussian (from Phase 2) into the attention
logits.

The unified formulation for the Edit Path attention at Vital Layers is:

Attn(l)
edit = Softmax

 Q(l)
edit(K

(l)
src)

⊤
√

dk︸ ︷︷ ︸
Structural Context

+ s(τ) · Bgaussian︸ ︷︷ ︸
Lesion Guidance

+M

V(l)
src . (5.10)

where Q(l)
edit encodes the semantic request for the new pathology (driven by DP). K(l)

src, V(l)
src

provide the anatomical blueprint from the reference scan. M is the standard attention
mask (handling text/image token separation). s(τ) is a time-dependent learnable scalar,
parameterized by a small MLP taking the timestep τ as input.

Mechanism Interpretation: The term s(τ) · Bgaussian acts as a "soft spotlight." It
biases the attention logits such that the query tokens in the Edit Path are encouraged
to attend strongly to the specific spatial regions defined by the VLM, even though the
structural Keys (Ksrc) come from the healthy reference. The scalar s(τ) allows the model
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to dynamically adjust this guidance strength—typically learning to apply stronger
guidance during the early semantic formation stages (large τ) and relaxing it during
texture refinement (small τ). This synergy enables the precise synthesis of pathological
changes within an invariant structural context.

5.3 Experiments

5.3.1 Dataset and Implementation Details

Dataset and Preprocessing. Consistent with the autoregressive experiments in Chap-
ter 4, we conduct all evaluations on the ICG-CXR dataset [43], a derived subset of
MIMIC-CXR specifically curated for longitudinal analysis. This dataset comprises
11,439 paired chest X-ray exams (reference and follow-up) from 7,388 unique patients,
along with temporal progression descriptions generated by LLMs. To adapt the data for
the FLUX.1-dev architecture, all radiographs are resized to 256 × 256 resolution using
bicubic interpolation and normalized to the range [−1, 1].

Implementation Details. Our framework is built upon FLUX.1-dev, a state-of-
the-art Diffusion Transformer (DiT) with 12 billion parameters. Given the substantial
domain shift between natural images (on which FLUX.1 is pre-trained) and medical
radiographs, we adopt a Two-Stage Training Strategy to balance domain adaptability
with structural preservation.

• Stage 1: Domain Adaptation via LoRA. Directly applying the frozen FLUX.1
model to CXR generation yields suboptimal results due to the domain gap. To
address this, we first fine-tune the model on the ICG-CXR training set using Low-
Rank Adaptation (LoRA) [30]. We inject LoRA adapters (rank r = 16, α = 32) into
the query, key, value, and output projection layers of the attention blocks. This
stage adapts the model to the grayscale distribution and anatomical textures of
X-rays while keeping the massive pre-trained backbone weights frozen.

• Stage 2: Optimization for Longitudinal Editing. In the second stage—which
constitutes our proposed framework—we freeze the domain-adapted backbone
(including the LoRA weights learned in Stage 1) to preserve its learned generative
prior. We then introduce the Stable Flow mechanism and optimize only the newly
introduced components:

1. The GBCA injection parameters, specifically the projection matrices within
the Vital Layers (V) and the MLP governing the scalar s(τ).

2. The learnable scalar s is initialized to 0.01 to ensure a gradual introduction of
the spatial bias, preventing sudden disruptions to the attention maps.

• Vital Layers Configuration: Based on the offline vitality analysis (Section 5.2.1),
we explicitly target layers V = {0, 1, 2, 17, 18, 25, 28, 53, 54, 56} for feature injection.
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• Training Hyperparameters: The model is trained using the AdamW optimizer
with β1 = 0.9, β2 = 0.999, and a weight decay of 0.01. We employ a constant
learning rate of 1e− 5. The training runs for 10 epochs on 2 × NVIDIA A6000 GPUs
with a global batch size of 32 (using gradient accumulation). During inference, we
use the DDIM sampler with 50 steps.

5.3.2 Evaluation Metrics

Following the protocol defined in Section 4.3.2, we evaluate generated follow-up images
from two complementary perspectives: (1) generation quality using FID and CLIP-T,
which reflect realism and text-image consistency. And using MS-SSIM and PSNR, which
measure similarity to the paired ground-truth follow-up image; and (2) clinical utility
using downstream classifier-based AUC and F1, which assess whether the generated
pathology patterns remain diagnostically recognizable.

This combination is particularly important for longitudinal CXR generation. A
model may produce visually plausible images yet fail to preserve patient-specific
anatomy or synthesize clinically meaningful lesion progression. Therefore, improve-
ments across these metrics together provide stronger evidence that the generated follow-
up images are not only realistic, but also structurally faithful and clinically relevant.

5.3.3 Quantitative Results

Comparison with State-of-the-Art. Table 5.1 presents a comprehensive quantitative
comparison against both Autoregressive and Diffusion-based baselines.

In terms of Generation Quality, our proposed framework demonstrates superior
performance, consistent with the visual comparisons shown in Figure 5.4. Compared to
baseline diffusion models (BioMedJourney [24], PIE [40], CXR-IRGen [57]), our method
achieves a drastic reduction in FID, indicating a distribution much closer to real medical
images. More importantly, we observe a substantial leap in structural similarity metrics
(MS-SSIM and PSNR). While standard diffusion models often degrade the anatomical
integrity of the reference image, our approach maintains structural fidelity at a level
comparable to the ground truth, effectively mitigating the "identity loss" problem.

Regarding Clinical Utility, our method outperforms all competing approaches
in downstream pathology classification. The improvements in AUC and F1 scores
suggest that the generated lesions are not only visually realistic but also contain the
necessary diagnostic features to be correctly recognized. This confirms that the dual-path
mechanism successfully balances visual fidelity with semantic correctness.

Advantage over Autoregressive Approaches. When compared to the autoregres-
sive LeGend model (Chapter 4), our diffusion-based approach yields comparable seman-
tic alignment (CLIP-T) but offers a distinct advantage in pixel-level structural preserva-
tion. This aligns with the theoretical expectation that diffusion models, when properly
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constrained, can model fine-grained textures and boundaries better than token-based
autoregressive models.

Furthermore, our approach demonstrates a significant advantage in inference ef-
ficiency. While both architectures leverage a Transformer backbone, their underlying
generative paradigms differ fundamentally: AR models follow a sequential token-by-
token generation process, resulting in a computational complexity that scales linearly
with the sequence length (typically O(N) steps for N patches). In contrast, our Diffu-
sion Transformer (DiT) employs a parallel denoising mechanism, enabling high-quality
image synthesis within a fixed and significantly smaller number of sampling iterations.
In our empirical evaluation on a test dataset of 790 samples for 256 × 256 image genera-
tion, the AR model required 9 hours to complete the inference, whereas our DiT-based
framework finished the same task in only 45 minutes. Consequently, this framework
achieves a 12× speedup in inference latency compared to AR models, which are often
bottlenecked by the cumulative latency inherent in serial decoding.

Table 5.1: Performance comparison of image generation quality and downstream classi-
fication. Best results are highlighted in bold.

Method Generation Quality Classifier Quality

FID↓ CLIP-T↑ MS-SSIM↑ PSNR↑ AUC↑ F1↑
BioMedJourney [24] 47.5307 35.01 0.4479 12.09 0.6166 0.7423
PIE [40] 49.0129 35.13 0.4982 12.92 0.6479 0.7764
CXR-IRGen [57] 44.1238 32.38 0.4760 12.26 0.6230 0.7544
ProgEmu [43] 35.0192 35.45 0.4884 13.22 0.7153 0.8132
LeGend (Chapter 4) 26.1247 38.27 0.6617 15.87 0.7559 0.8402
LeGend-Diffusion 26.1931 38.55 0.6963 16.07 0.8490 0.8676

5.3.4 Ablation Study

To rigorously decouple the contributions of the Vital Layer Strategy and the GBCA
Module, we conducted a controlled ablation study. We analyze the impact of each
component through both quantitative metrics (Table 5.2) and detailed visual inspection
(Figure 5.5).

Quantitative Component Analysis

Baseline (Standard DiT Editing). The baseline model fine-tunes all layers of the DiT
backbone without any structural constraints. As shown in the first row of Table 5.2, this
unconstrained approach leads to a collapse in structural similarity metrics. This indicates
that without explicit guidance, the diffusion process tends to over-edit the image. As
shown in 5.5, Base DiT introduces unnecessary modifications in the upper chest outside
the target pathological region. Consequently, the FID score is high, reflecting a significant
divergence from the realistic medical image manifold.
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Figure 5.4: Qualitative comparison of longitudinal CXR generation. The top row
displays results from baseline methods, which exhibit various degrees of structural
distortion or blurring. The bottom row compares our previous AR model (LeGend), our
proposed method, and the Ground Truth. Our Diffusion method (LeGend-Diffusion)
achieves the best trade-off, preserving the precise anatomical structure of the reference
image while faithfully generating the progression lesion.

Effect of Vital Layer Injection (Structure Lock). By identifying and restricting edits
in the Vital Layers (V), we observe a recovery in structural fidelity. The MS-SSIM and
PSNR both increase. This confirms that transferring features from the source path effec-
tively "anchors" the global geometry. However, relying solely on Vital Layers introduces
a trade-off: the strong features from the reference image tend to suppress the generation
of new lesions. This results in a moderate improvement in clinical metrics, as the model
struggles to synthesize prominent pathologies against the structural constraints.

Effect of GBCA (Pathology Guidance). The integration of Gaussian-Biased Causal
Attention (Full Method) resolves the "Structure-vs-Editing" conflict. By explicitly biasing
the attention mechanism within the locked Vital Layers, GBCA acts as a spatial override.
This configuration achieves the optimal balance: maintaining high structural scores
while maximizing clinical utility.

Visual Inspection and Artifact Analysis

To provide a comprehensive assessment, we analyze the model’s behavior by cross-
referencing the mechanism visualization in Figure 5.3 and the ablation comparison in
Figure 5.5. The target progression involves a "decreased consolidation in the left lower lobe"
alongside an update to the pleural effusion.

Texture Smearing in Base DiT. We first identify the pathology region of interest
(ROI) using the "Points on Reference Image" column in Figure 5.3, where the VLM
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Figure 5.5: Visual ablation of framework components. The text prompt describes
progression in the left lung. (a) Base DiT introduces unnecessary changes in non-
target upper-chest content while also failing to synthesize the requested pathology
faithfully. (b) + Vital Layer improves preservation of the overall image context, but
suppresses the requested pathological change. (c) + Vital Layer + GBCA (LeGend-
Diffusion) successfully generates the lesion progression while keeping non-target regions
largely stable, closely matching (d) the Ground Truth.

Table 5.2: Ablation study on the two core components. Trend Analysis: The Baseline
suffers from structural collapse. Vital Layer injection recovers structure but limits lesion
synthesis due to reference suppression. The addition of GBCA achieves the best trade-
off, maximizing both structural fidelity and clinical accuracy.

Method Generation Quality Classifier Quality

FID↓ CLIP-T↑ MS-SSIM↑ PSNR↑ AUC↑ F1↑
Base DiT 61.7959 37.55 0.4215 11.34 0.6012 0.6845
+ Vital Layer 45.3210 38.10 0.6963 16.07 0.7640 0.8120
+ Vital + GBCA 26.1931 38.55 0.6563 16.07 0.8490 0.8676

explicitly marks the lower lung field. Comparing this ROI with the "Base DiT" column
in Figure 5.5, we observe severe generative artifacts. The texture in the targeted area
exhibits an unnatural "smearing" effect. Unlike the "Reference Image" in Figure 5.3,
which displays clear, high-frequency granular noise characteristic of authentic X-rays,
the Base DiT output appears blurry and "painted-on." This degradation explains the poor
FID score reported in Table 5.2, as the generated texture distribution shifts significantly
away from the real medical data manifold.

Unnecessary Edits in Non-Target Image Content. Beyond texture, a critical failure
mode of the Base DiT is that it alters image regions unrelated to the target pathology.
In the example shown in Figure 5.5, visible upper-chest content present in the paired
ground-truth follow-up is partially removed and replaced by generic lung-like texture.
We do not consider exact preservation of non-anatomical support devices (e.g., monitor-
ing leads) to be a clinical requirement, since such devices may be absent or repositioned
across follow-up examinations. Rather, this example illustrates a lack of edit locality:
the baseline modifies non-target regions in addition to the pathology-relevant area. This
behavior is consistent with the broader identity-loss problem, where an unconstrained
diffusion process fails to separate intended pathological changes from irrelevant image
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content.

Restoration and Precision via Our Framework. The "+ Vital Layer" column (Fig-
ure 5.5) demonstrates that our structural injection strategy successfully restores the
support devices and rib alignment, matching the Ground Truth. However, without
spatial guidance, the pathological change remains faint due to the reference suppression
effect.

Finally, the "LeGend-Diffusion" column (or "+ Vital Layer + GBCA") showcases the
efficacy of the full framework: non-target regions remain substantially more stable, and
the "smearing" artifact is replaced by a realistic, textured opacity that accurately reflects
the disease progression described in the text.
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Chapter 6

Conclusion and Future Work

6.1 Conclusion

This thesis studied longitudinal chest X-ray (CXR) generation—synthesizing a clinically
plausible follow-up radiograph conditioned on a reference study and a textual progres-
sion description. A central observation throughout this work is that, while modern
transformer-based generators can achieve strong global realism, they may systematically
under-attend to clinically meaningful local pathology. This mismatch between where
the model allocates attention and where clinical change occurs can lead to poor lesion
depiction, peripheral artifacts, and reduced downstream utility.

To address this problem, we contributed a unified, lesion-centric attention prior that
is applicable across two major generative paradigms. First, we diagnosed a recurrent
peripheral-attention failure mode in transformer-based medical image generation and
proposed two lightweight diagnostics—the Corner Bias Index (CBI) and Edge Attention
Ratio (EAR)—to quantify corner/edge over-attention and its deviation from lesion-
relevant regions. Second, we introduced Gaussian-Biased Causal Attention (GBCA),
which injects a lesion-conditioned 2D Gaussian spatial prior into attention logits, explic-
itly steering attention toward pathology regions derived from progression descriptions
while preserving the underlying generation process (e.g., causality in autoregressive
decoding).

We validated the effectiveness and generality of the proposed mechanism through
two instantiations. (1) In Chapter 4, we implemented an autoregressive follow-up gen-
erator (LeGend) and showed that applying GBCA at the semantic-formation stage of
the transformer can improve lesion alignment and reduce peripheral artifacts without
compromising global anatomical consistency. (2) In Chapter 5, we extended GBCA to dif-
fusion models with transformer backbones by integrating it into a structure-preserving
inference pipeline. Specifically, we combined (i) offline structural calibration to identify
Vital Layers that are most responsible for anatomical formation and (ii) a dual-path
guided generation strategy that preserves patient-specific structure while enabling lo-
calized pathology synthesis. Empirically, this design alleviated typical failure modes
of transformer-based diffusion in medical imaging, such as identity loss and texture
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smearing in the region of interest, and improved both generation fidelity and clinically
relevant downstream performance.

Overall, this thesis demonstrates that a lesion-conditioned spatial prior, when in-
jected at the right computational locus, can meaningfully improve the clinical credibility
of longitudinal CXR synthesis. Beyond the specific task studied here, the proposed
analysis tools (CBI/EAR) and the GBCA mechanism provide a practical template for
diagnosing and correcting attention allocation failures in controllable medical image
generation.

A key limitation of the present work is that, despite using longitudinal reference
/ follow-up pairs, the proposed models do not explicitly condition on the elapsed
follow-up interval ∆. Consequently, the thesis improves the faithfulness of progression-
conditioned follow-up synthesis, but does not yet model time-specific disease trajectories
in a way that would support questions such as how a finding may evolve after a
prescribed time horizon. Addressing this limitation is an important next step toward
greater clinical usability.

6.2 Future Work

While the proposed framework improves lesion-grounded synthesis, several important
directions remain open.

(1) Uncertainty-aware and richer spatial priors. GBCA currently uses a compact
Gaussian prior parameterized by sparse lesion coordinates. Future work can represent
uncertainty in localization (e.g., probabilistic heatmaps), incorporate multiple regions
and shapes (mixtures, anisotropic components, learned layouts), and fuse complemen-
tary signals such as weak segmentation masks or radiology report grounding to better
capture complex or multi-focal disease patterns.

(2) Explicit interval-aware longitudinal forecasting. The current framework uses
longitudinal reference/follow-up pairs but does not explicitly encode the elapsed time
interval ∆ between the two studies. As a result, it cannot directly answer clinically
specific questions such as whether a lesion would evolve differently after 6 weeks versus
2 months. A natural next step is therefore to model the conditional distribution

xfu ∼ pθ(x | xref, ∆, y),

where ∆ is incorporated jointly with the progression cue y. This could be implemented
using continuous-time embeddings, discretized interval tokens, or temporal latent-
dynamics modules designed for irregularly sampled follow-up studies. Extending the
present two-timepoint setting in this way would improve both clinical usability and the
realism of patient-specific disease forecasting.
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(3) Extension to 3D volumetric modalities and cross-modality longitudinal set-
tings. A key limitation of CXR is projection overlap, whereas CT/MRI provide vol-
umetric evidence of lesion evolution. Applying GBCA-like lesion-centric priors to
3D diffusion/transformer backbones raises new challenges (memory, 3D spatial cali-
bration, slice consistency) but could substantially broaden clinical impact. Similarly,
cross-modality longitudinal generation (e.g., CXR-guided CT completion or CT-to-CXR
projection-aware synthesis) is an attractive direction.

A key limitation of CXR is projection overlap, whereas CT and MRI provide volu-
metric evidence of lesion evolution. Extending GBCA-like lesion-centric priors to 3D
diffusion/transformer backbones raises new challenges, including memory efficiency,
3D spatial calibration, and inter-slice consistency, but could substantially broaden the
clinical applicability of the framework. In addition, cross-modality longitudinal gener-
ation (e.g., CXR-guided CT completion or CT-to-CXR projection-aware synthesis) is a
promising direction for future research.

(4) Stronger clinical validation and task-aware evaluation. Future work should
incorporate radiologist-driven assessments of progression faithfulness and plausibil-
ity, and adopt task-aware benchmarks that reflect clinical decision points (e.g., change
detection, severity scoring, device preservation). Evaluations can be expanded to in-
clude robustness across subgroups, acquisition settings (portable vs. standard), and
distribution shifts.

(5) Safety, privacy, and deployment considerations. Since synthetic medical im-
ages do not automatically guarantee privacy, future work should include privacy risk
assessment under membership inference or data extraction settings, and explore privacy-
preserving training or controlled release protocols. For deployment, integrating longitu-
dinal generation into decision-support workflows requires careful human-in-the-loop
design, provenance tracking, and calibrated uncertainty reporting to avoid over-reliance
on synthetic evidence.
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