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Abstract

Synthesizing medical images remains challenging due
to limited annotated pathological data, modality domain
gaps, and the complexity of representing diffuse patholo-
gies such as liver cirrhosis. Existing methods often struggle
to maintain anatomical fidelity while accurately modeling
pathological features, frequently relying on priors derived
from natural images or inefficient multi-step sampling. In
this work, we introduce ViCTr (Vital Consistency Transfer),
a novel two-stage framework that combines a rectified
flow trajectory with a Tweedie-corrected diffusion process
to achieve high-fidelity, pathology-aware image synthesis.
First, we pretrain ViCTr on the ATLAS-8k dataset using
Elastic Weight Consolidation (EWC) to preserve critical
anatomical structures. We then fine-tune the model adver-
sarially with Low-Rank Adaptation (LoRA) modules for
precise control over pathology severity. By reformulat-
ing Tweedie’s formula within a linear trajectory frame-
work, ViCTr supports one-step sampling—reducing infer-
ence from 50 steps to just 4—without sacrificing anatomical
realism. We evaluate ViCTr on BTCV (CT), AMOS (MRI),
and CirrMRI600+ (cirrhosis) datasets. Results demon-
strate state-of-the-art performance, achieving a Medical
Fréchet Inception Distance (MFID) of 17.01 for cirrhosis
synthesis—28% lower than existing approaches—and im-
proving nnUNet segmentation by +3.8% mDSC when used
for data augmentation. Radiologist reviews indicate that
ViCTr-generated liver cirrhosis MRIs are clinically indis-
tinguishable from real scans. To our knowledge, ViCTr is
the first method to provide fine-grained, pathology-aware
MRI synthesis with graded severity control, closing a criti-
cal gap in AI-driven medical imaging research.

1. Introduction
The exponential growth in computer vision capabilities has
been driven by significant advances in artificial intelligence
models [7, 32]. However, medical imaging faces a funda-
mental tension between model complexity and data avail-

ability that limits the application of state-of-the-art tech-
niques. While recent breakthroughs in generative AI have
demonstrated remarkable capabilities in synthetic data cre-
ation, these advances demand training datasets of unprece-
dented scale—a requirement that poses unique challenges
in the medical domain [2, 33].

Unlike general computer vision applications, medical
imaging faces several critical constraints: privacy regula-
tions necessitating complex deidentification, inherent data
fragmentation across healthcare institutions, and fundamen-
tal interoperability constraints. These barriers have created
a growing disparity between the rapid advancement of gen-
eral computer vision and the relatively slower progress in
medical imaging applications. Current approaches to bridg-
ing this gap face two major limitations: insufficient feature
preservation across anatomical structures and inadequate
handling of pathological variations.

This challenge is especially pronounced in abdominal
imaging, where pathologies such as diffuse cirrhosis or
multi-tissue disease processes manifest across multiple or-
gan systems. Unlike the well-defined boundaries typical of
tumors or simpler structures like bones in X-ray imaging,
abdominal pathologies often involve subtle and heteroge-
neous changes in tissue characteristics, requiring more nu-
anced feature extraction and synthesis. The inherent com-
plexity of MRI signals—spanning multiple sequences and
high spatial resolution—presents additional computational
hurdles, further distancing it from the more standardized
nature of CT or simpler 2D radiographs.

To address these gaps, our work introduces ViCTr (Vital
Consistency Transfer), a two-stage framework that facili-
tates pathology-aware medical image synthesis with strong
anatomical fidelity. We specifically target abdominal CT
and MRI data, aiming to generate clinically relevant syn-
thetic datasets that capture both normal anatomy and intri-
cate pathological details. By providing robust augmenta-
tion material, our approach holds the potential to improve
downstream tasks like segmentation and diagnosis, while
alleviating issues of data scarcity and privacy constraints in
medical imaging. Our contributions are:
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Figure 1. Overview of the proposed ViCTr methodology.

• Novel Two-Stage Framework. We propose ViCTr, a
method that fuses anatomical consistency and pathologi-
cal realism for CT and MRI synthesis with high diversity.

• Tweedie’s Formula in Rectified Flow. We introduce a
rectified flow trajectory reformulation of Tweedie’s for-
mula, ensuring accurate initialization and reducing sam-
pling bias.

• Wide Applicability. ViCTr integrates seamlessly with
various diffusion models, supporting a broad range of
medical imaging tasks.

• One-Step Sampling & Tweedie’s Corrections. We re-
duce computational overhead by cutting the number of
diffusion steps from dozens to a handful, expediting in-
ference without sacrificing quality.

• Quantitative Improvements in Segmentation. We
demonstrate that adding ViCTr-synthesized CT/MRI im-
ages to real-world training sets significantly boosts seg-
mentation performance, underscoring the practical bene-
fits of pathology-focused data augmentation.

• Enhanced Image Fidelity. ViCTr achieves consistently
lower FID (Fréchet Inception Distance) scores across
multiple datasets, indicating superior structural and tex-
tural coherence.

• First Abdominal MRI Pathology Synthesis. To our
knowledge, we are the first to generate abdominal MRI
pathologies with progressive severity, offering new pos-
sibilities for research and clinical applications in medical
imaging.
By emphasizing both anatomical fidelity and pathologi-

cal variety, ViCTr presents a powerful step toward bridging
the gap between limited medical imaging data and the de-
mands of high-performing AI models.

2. Related Works
2.1. Generative Models for Medical Data Augmen-

tation
Synthetic images have long been explored for data augmen-
tation in medical imaging, with Generative Adversarial Net-
works (GANs) [25, 36, 50] initially offering promising re-
sults in tasks such as lesion synthesis and modality trans-

lation. However, GAN-based methods often struggle with
mode collapse, requiring extensive architectural and train-
ing refinements to ensure sufficient diversity and realism in
the synthesized images [12, 35].

2.2. Diffusion Models in Medical Imaging

Diffusion-based approaches have emerged as a powerful al-
ternative to GANs for high-quality synthetic image genera-
tion [4, 5, 13, 49]. Their inherent noise-to-image paradigm
provides a more stable training regime and can produce
richer data variations. In medical imaging, diffusion models
[11] have been leveraged to improve segmentation and clas-
sification performance by generating diverse training sam-
ples [1, 10, 37, 46, 47]. Recent specialized frameworks, in-
cluding segmentation-guided diffusion [26] and text-driven
generation built upon RadImageNet [34, 54], highlight the
adaptability of diffusion models to specific clinical scenar-
ios. Efforts such as MixUp-enhanced augmentation [6, 28]
and domain adaptation methods [55] demonstrate that dif-
fusion techniques can mitigate biases and improve general-
ization in tasks like classification and risk prediction.

2.3. General-Purpose Diffusion for Data Augmen-
tation

Various general-purpose diffusion strategies have been ap-
plied to further enrich training datasets. DiffuseMix [21]
employs conditional prompts to blend real and synthetic
data while preserving labels, whereas DreamDA [18] com-
bines diffusion-based perturbations with pseudo-labeling
for semantic consistency. DetDiffusion [51] incorporates
object-detection attributes into the diffusion process, while
Effective Data Augmentation with Diffusion Models [48]
explores diffusion-based techniques to boost performance
in few-shot settings. These methods generally aim to en-
hance data diversity and improve the training of down-
stream models.

2.4. Rectified Flow Models

While traditional diffusion approaches rely on discretized
noise schedules, Rectified Flow (ReFlow) models learn
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Figure 2. Comparison of synthetic data distributions from various
methods against the ground-truth (GT) on the AMOS dataset. The
GT distribution (blue) reflects real data, while Reflow (red), Flow
Straight and Fast (green), and Distribution Matching Distillation
(purple) show varying alignment. Our proposed method, ViCTr
(brown) achieves the closest match to GT, demonstrating superior
distribution alignment and fidelity.

smooth, near-linear trajectories to map between data dis-
tributions. This can result in more efficient sampling
and reduced computational overhead. Recent works have
leveraged rectified flows for improved convergence rates
and lower numbers of function evaluations (NFE) [29, 30,
53], although most focus on general distribution transport
rather than the strict alignment and pathology-aware realism
needed in medical imaging. As shown in Figure 2, different
ReFlow-based methods exhibit varying degrees of distribu-
tion matching, with our approach (ViCTr) offering closer
alignment to the ground-truth distribution.

2.5. Domain-Specific Adaptation
Domain-focused adaptations continue to evolve. DiNO-
Diffusion [24] introduces a self-supervised latent diffusion
model to cope with limited annotated medical data, and Di-
verse Data Augmentation with Diffusions [17] enriches do-
main generalization using Stable Diffusion combined with
cosine similarity filtering. Collectively, these methods illus-
trate the growing interest in customized diffusion pipelines
for specialized domains, especially when high-quality an-
notated data are scarce.

Recent advancements have further showcased the po-
tential of diffusion models for domain-specific adapta-
tion. DiNO-Diffusion [24] addresses the challenge of lim-
ited annotated data in medical imaging by leveraging a
self-supervised latent diffusion framework. Similarly, Di-
verse Data Augmentation with Diffusions [17] enhances
domain generalization by integrating Stable Diffusion with
cosine similarity-based filtering, enabling the generation
of semantically diverse and high-quality data. However,
these methods prioritize general-domain efficiency over
the anatomical-pathological alignment critical for medical
imaging, often failing to preserve fine-grained structures

like vascular networks or diffuse fibrosis patterns.
In this work, we address the critical need for efficient,

high-fidelity pathology-aware synthesis in abdominal imag-
ing by merging rectified flow concepts with a Tweedie-
corrected diffusion process. Our approach (ViCTr) stands
out from prior methods by introducing a linearized sam-
pling framework that enables one-step generation while
maintaining anatomical fidelity—a crucial requirement for
robust data augmentation in clinical applications.

3. Methods

Our framework, ViCTr, uses Rectified Flow [31] and
Tweedie’s Formula [43] for high-fidelity medical image
synthesis with efficient one-step sampling. By rectifying
the trajectory from a prior distribution p0 to the target med-
ical image distribution ptarget, we reduce sampling bias and
retain key anatomical and pathological details.

3.1. Rectified Flow Trajectory

Classical diffusion approaches gradually corrupt data sam-
ples x ∈ Rd into a Gaussian prior p0. While these meth-
ods have shown success, they often suffer from suboptimal
sampling paths, cascading prediction errors, and diminished
diversity in generated samples. We address these issues
through Rectified Flow optimization [16, 31], which learns
a continuous velocity field guiding the forward and reverse
diffusion processes more directly.

Let (x0, x1) be a sample pair with x0 ∼ p0 and x1 ∼
ptarget. We define an interpolated point xt = (1− t)x0+ tx1

where t ∈ [0, 1]. A velocity model vθ : Rd × [0, 1] → Rd

then predicts how to transition from xt toward x1. We train
vθ by minimizing:

θ̂ = argmin
θ

Et∼Uniform(0,1)

[
∥(x1 − x0)− vθ(xt, t)∥2

]
,

(1)
ensuring the predicted flow vθ(xt, t) aligns with the true
path (x1 − xo). Once trained, the rectified flow is realized
by solving the ODE:

dxt = vθ̂(xt, t)dt, (2)

leading x0 ∼ p0 toward x1 ∼ ptarget. To enable one-step
sampling, we distill this multi-step process into a neural net-
work N̂ : Rd → Rd, such that T̂ (x0) = x0 + v(x0, 0), is
trained to directly predict x1 from x0. The loss function,

L = E
[
∥(x1 − x0)− v(x0, 0)∥2

]
, (3)

drives ˆT (x0) to approximate the final, rectified state x1.
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3.2. Rectified Flow with Tweedie’s Formula
Though rectified flow refines sampling, medical data distri-
butions often need extra bias correction. Tweedie’s Formula
[43] addresses this by adjusting noisy observations to bet-
ter approximate the posterior mean. For Gaussian variables
z ∼ N (µz,Σz), Tweedie’s formula indicates:

E[µz | z] = z +Σz∇z log p(z)

, where ∇z log p(z) is the gradient of the log probability.
In typical diffusion, Tweedie’s formula estimates x0 from
noisy xt, guiding predictions toward the data manifold.

ViCTr incorporates this correction into the rectified flow
ODE:

dxt = vθ̂(xt, t)dt+ (1− ᾱt)∇xt log p(xt)dt,

and updates the training objective to:

θ̂ = argmin
θ

Et∼Uniform(0,1)

[∥∥(x1 − x0)− vθ(xt, t)

− (1− ᾱt)∇xt
log p(xt)

∥∥2].
Here, ᾱt denotes the cumulative product of variance decay
factors in the diffusion schedule. The additional Tweedie
term (1− ᾱt)∇xt

log p(xt) corrects for sampling bias, driv-
ing xt more accurately toward the target distribution.

We similarly extend the one-step distillation to integrate
Tweedie’s correction:

T̂ (x0) = x0 + v(x0, 0) + (1− ᾱ0)∇x0 log p(x0),

and optimize

L = E
[∥∥x1 − T̂ (x0)

∥∥2].
This single-step approach balances computational ef-
ficiency with high-quality, pathology-aware genera-
tion—critical in medical applications where datasets are
limited and synthetic realism is paramount.

In summary, ViCTr unifies rectified flow and Tweedie’s
correction to deliver anatomically consistent, pathology-
aware sampling in a single forward pass. The result-
ing framework exhibits reduced inference costs, minimized
sampling bias, and improved fidelity for generating high-
resolution medical images.

3.3. Pathology Aware Image Synthesis
Our proposed ViCTr method adopts a two-stage training
paradigm: Stage 1 establishes a foundational diffusion
model tailored to medical imaging data, and Stage 2 fine-
tunes this pre-trained model for downstream tasks, includ-
ing semantic-guided multi-modal generation and counter-
factual pathology synthesis.

Pre-training on ATLAS-8k Dataset (Stage 1)
In the absence of large-scale, domain-specific pre-trained
diffusion models, we begin by training on the ATLAS-
8k [40] dataset, which comprises abdominal CT scans and
their segmentation annotations. We leverage these anno-
tations as conditional guidance—enabling precise control
over anatomical structures—and integrate textual prompts
(e.g., “create image having 〈〈organs〉〉”) to further refine se-
mantic consistency.

Latent Representations. Following Figure 1, we feed
raw CT images (XI) and segmentation masks (XS) into
a frozen VAE encoder, producing latent embeddings (Zo

and Zs). Simultaneously, textual prompts (Xp) are pro-
cessed by a pre-trained text encoder (details in Table 1)
to yield prompt embeddings (Zp). These latent represen-
tations guide the generative diffusion backbone ϕθ during
both forward and reverse diffusion.

Forward Diffusion. We progressively inject noise into
Zo forming a noisy representation Zt as

P (Zt|Zo) = (1− t) · Zo + t · ϵtrue,

where ϵtrue is the true noise at step t. We concatenate Zt

with Zs and feed them into the diffusion model ϕθ. Cru-
cial layers are selectively unfrozen based on elastic weight
consolidation, maintaining model stability while adapting
to medical domain specifics.

Reverse Diffusion. In the reverse process,

P (Zt−1|Zt, Zs, Zp, t) = Zt+δT ×ϕθ(Zt, Zs, Zp, t), (4)

iteratively removes noise to reconstruct Zt−1 conditioned
on the segmentation map (Zs) and text prompt (Zs). The
diffusion loss Ldiff between Zt−1 and ϵtrue is:

Ldiff = − |ϕθ(Zt, Zs, Zp, t)− (ϵtrue − Zo)|2 . (5)

After refining Zt−1 via Tweedie’s formula, the denoised la-
tent Zo is fed into the frozen VAE decoder (matching ϕθ;
see Table 1) to obtain a reconstructed CT image.

Composite Loss. To ensure both local accuracy and
global perceptual realism, we combine: Diffusion Loss
(Ldiff), pixel-level reconstruction loss (L2) evaluating the
gap between generated Xig and ground-truth XI , and struc-
tural similarity (SSIM) loss (LSSIM ) emphasizing higher-
order textural correspondence. Optimizing this composite
loss enables the diffusion backbone ϕθ to capture essential
anatomical features, establishing a versatile medical foun-
dation model ready for fine-tuning.

Fine-tuning on downstream tasks (Stage 2)
Building on the Stage1 pre-trained model, Stage2 targets
specialized tasks like semantic-guided CT/MRI generation
and counterfactual pathology synthesis. As shown in Figure
1, a dual-network setup is adopted.
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1. ϕbase remains frozen, retaining the robust anatomical
knowledge acquired in Stage 1.

2. ϕadapt is augmented with LoRA [19] modules within the
previously fine-tuned layers. These modules are the only
trainable parameters, ensuring targeted and stable adap-
tation.

Training Input Consistency Loss. Similar to Stage1,
each training sample includes prompts, segmentation maps,
and either CT or MRI images (depending on the task). A
frozen VAE encoder extracts latent representations Zs, Zo,
and Zp. Following forward diffusion of Zo into noisy Zt,
both ϕbase and ϕadapt process [Zt, Zs] with text embedding
Zp. We introduce a consistency loss Lconsistency to align
intermediate outputs of ϕbase and ϕadapt, ensuring stable
adaptation without drifting from core representations.

Loss Components. Diffusion loss (Lbase
diff , Ladapt

diff ) en-
courages accurate noise prediction. Temporal consistency
loss Ltemporal preserves smooth transitions across time
steps in the reverse diffusion. Spatial consistency loss
Lspatial ensures alignment in the output reconstructions
(Zbase

t−1 , (Zadapt
t−1 ). Pixel-level losses (L2 and LSSIM ) com-

pare generated results to ground-truth scans, enforcing both
local fidelity and structural coherence.

CT and MRI Generation. We adapt to BTCV [15] (CT)
and AMOS [23] (MRI) datasets, using organ segmentation
masks for prompts. A standard 80/10/10 partition ensures
robust evaluation.

Pathology Generation. For liver cirrhosis, we employ
CirrMRI600+ [22] dataset (T1/T2 MRIs) with segmenta-
tion masks marking liver regions. Prompts specify “low,”
“mild,” or “severe” cirrhosis intensity. As in the CT/MRI
setting, the training/validation/testing split is 80/10/10. The
inference details and inference diagram are in the supple-
mentary material.

This selective LoRA-based fine-tuning allows ViCTr to
handle complex tasks—ranging from normal organ genera-
tion to pathology synthesis—while preserving the anatomi-
cal and text-driven guidance learned in Stage 1. The exper-
iments (Section 4) demonstrate that this two-stage frame-
work consistently yields high-quality, clinically realistic
images in both CT and MRI settings, including nuanced
liver cirrhosis modeling.

Diffusion Methods Denoiser Text Encoder
Stable Diffusion [44] UNet [45] Clip-B/16 [41]

Pixart-alpha [9] Transformer (DiT) [38] T5-XXXL [42]
Stable Diffusion XL [39] Dual Unet [39] Clip-L/14

Flux [27] MultiModal Transformer [14] T5-XXXL + Clip-L/15

Stable Diffusion-3 [14] MultiModal Transformer T5-XXXL + Clip-B/16
+ Clip-L/14

Table 1. Selection of denoisers and text encoders for different dif-
fusion methods ϕθ

4. Experiments and Results
The implementation details for training and sampling are
provided in the supplementary material.

4.1. Quantitative Results
Synthetic Data Generation Results. Table 2 summarizes
our comparative evaluation of synthetic medical image gen-
eration under vanilla fine-tuning versus the proposed ViCTr
pipeline, spanning multiple datasets (BTCV, AMOS, Cir-
rMRI600+) and diffusion backbones (Stable Diffusion, SD-
XL, SD-3, Pixart-alpha, Flux). While vanilla fine-tuning
applies a direct end-to-end approach after ATLAS-8k pre-
training, it generally yields higher Fréchet Inception Dis-
tance (FID) and Medical FID (MFID) values across all
datasets. Conversely, ViCTr integrates domain-specific loss
functions and specialized architectural settings, consistently
achieving lower FID/MFID scores and producing more re-
alistic medical images.

To address the well-known limitation of FID (which
uses ImageNet features), we adopt M3D-CLIP [3] to com-
pute a more domain-specific MFID. As shown in the ta-
ble, ViCTr provides notable gains: for example, Stable
Diffusion under ViCTr achieves FID/MFID of 21.98/19.02
(BTCV), 20.37/19.11 (AMOS), and 25.57/21.46 (Cir-
rMRI600+). These results represent substantial improve-
ments over vanilla fine-tuning and demonstrate consistent
performance boosts across all tested architectures. Such
gains highlight the robustness of ViCTr’s two-stage frame-
work in generating clinically meaningful synthetic images
for both CT and MRI modalities.

Segmentation Results. To assess the quality and util-
ity of ViCTr-generated synthetic data, we performed seg-
mentation experiments on three datasets—BTCV, AMOS,
and CirrMRI600+—tracking mean Dice Similarity Coeffi-
cient (mDSC) and mean Hausdorff Distance 95 (mHD95).
Higher mDSC and lower mHD95 respectively indicate im-
proved overlap accuracy and spatial precision. We exam-
ined four training configurations: (1) baseline using original
data only, (2) standard augmentation (Random Crop, Ro-
tate, Blur, Affine, Geometric Distortion at 0.4 probability),
(3) 30% synthetic data via vanilla fine-tuning, and (4) 30%
synthetic data from ViCTr. Table 3 highlights consistent
performance gains from ViCTr across all datasets and back-
bone architectures. Notably, CirrMRI600+—a liver cirrho-
sis dataset—exhibited the most significant improvements,
reflecting ViCTr’s capacity to capture complex pathological
features. These results confirm that ViCTr-generated im-
ages significantly boost segmentation metrics (mDSC and
mHD95), highlighting the practical value of our two-stage
framework for medical data augmentation.

Efficiency of ViCTr. Table 2 summarizes the number of
diffusion steps and average inference times (in seconds) for
vanilla fine-tuning versus the ViCTr framework. Across all
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Baselines BTCV Dataset (CT Generation) AMOS Dataset (MRI Generation) CirrMRI600+ (Pathology Generation) Diffusion Steps | Inference Time
Fine-tuned Vanilla ViCTr Fine-tuned Vanilla ViCTr Fine-tuned Vanilla ViCTr Fine-tuned Vanilla ViCTr

Stable Diffusion [44] 25.44 / 19.67 21.98 / 19.02 25.43 / 21.76 20.37 / 19.11 28.34 / 23.43 25.57 / 21.46 40 | 13.76 4 | 3.12
Stable Diffusion XL [39] 23.47 / 18.21 20.33 / 17.44 24.11 / 20.23 19.44 / 18.45 27.34 / 22.11 24.02 / 20.76 30 | 14.55 4 | 3.45
Stable Diffusion-3 [14] 19.07 / 16.22 17.37 / 16.02 22.32 / 19.76 18.02 / 19.08 24.49 / 21.78 21.28 / 19.34 50 | 18.98 3 | 2.78

Pixart-alpha [9] 21.32 / 17.09 19.22 / 16.96 23.78 / 20.04 18.76 / 18.56 26.06 / 20.07 23.04 / 18.92 25 | 10.67 3 | 1.74
Flux [27] 15.52 / 15.01 13.28 / 14.08 19.02 / 18.28 15.55 / 16.58 22.46 / 18.88 19.96 / 17.01 30 | 15.66 3 | 2.87

Table 2. Quantitative results on CT, MRI, and Cirrhosis generation. All baselines were pre-trained on ATLAS-8k and fine-tuned on target
datasets. Metrics reported are Fréchet Inception Distance (FID) and Medical FID (MFID), shown as FID/MFID, with inference time in
seconds. Lower values indicate better performance.

Original Dataset (Org.) Augmentation Org. + Synth. by FLUX 30% (vanilla Fine-tuning) Org. + Synth. by FLUX 30% (ViCTr)
Baselines mDSC (↑) mHD95 (↓) mDSC (↑) mHD95 (↓) mDSC (↑) mHD95 (↓) mDSC (↑) mHD95 (↓)

BTCV dataset Segmentation results

UNet [45] 76.72 34.42 78.45 33.17 79.32 32.37 81.22 30.17
TransUnet [8] 85.52 32.33 87.01 31.43 87.54 30.11 89.78 29.12
nnUnet [20] 80.48 30.19 82.54 31.02 83.37 29.01 85.19 27.77

nnFormer [56] 83.47 30.01 83.98 30.88 85.88 28.78 87.72 26.22
MedSegDiff [52] 87.91 27.67 88.65 26.72 89.78 25.52 91.92 23.31

AMOS dataset Segmentation results

UNet [45] 68.92 34.57 70.55 32.32 71.02 31.78 73.34 29.11
TransUnet [8] 71.33 33.12 72.56 31.09 73.43 29.19 77.54 27.56
nnUnet [20] 73.33 32.32 74.11 30.19 75.68 28.75 78.29 26.32

nnFormer [56] 75.78 31.19 76.44 29.76 77.77 27.57 81.32 24.41
MedSegDiff [52] 76.83 29.92 78.38 26.99 79.03 25.45 84.02 22.18

CirrMRI600+ dataset Segmentation results

UNet [45] 68.74 36.73 69.38 35.43 70.12 35.11 73.39 32.11
TransUnet [8] 70.77 35.42 70.98 34.01 71.78 33.92 74.56 31.09
nnUnet [20] 71.02 34.35 72.49 32.78 73.56 31.27 78.89 30.25

nnFormer [56] 74.88 33.78 75.23 31.88 76.45 31.09 79.44 29.78
MedSegDiff [52] 76.92 30.79 77.11 30.34 78.03 29.89 81.37 27.34

Table 3. Segmentation results on BTCV, AMOS, and CirrMRI600+ using various training settings and baselines. Metrics reported are
mDSC (%) and mHD95 (mm). Top three results per setting are highlighted: blue (1st), green (2nd), and orange (3rd).

evaluated models, ViCTr consistently reduces the required
steps, thereby shortening inference duration without com-
promising image fidelity. This efficiency stems from two
key innovations: (1) Tweedy’s formula to approximate Z0

and streamlines the reconstruction process, and (2) Two-
Stage Training, enabling the model to learn both anatom-
ical consistency and pathology-specific variations in a tar-
geted manner. By minimizing extraneous steps, ViCTr can
generate high-quality synthetic images more rapidly, mak-
ing it a viable solution for resource-constrained clinical or
research environments where computational overhead is a
critical consideration.

4.2. Qualitative Results
We conducted extensive qualitative evaluations of ViCTr
across multiple modalities (CT and MRI) and tasks, cover-
ing both anatomical and pathological image synthesis.

Anatomical and Pathology-Driven Image Genera-
tion. Unlike prior methods that primarily generate normal
anatomical scans or isolated tumors, ViCTr extends synthe-
sis capabilities to complex pathologies, such as liver cirrho-
sis. Figure 3 shows pairs of non-cirrhotic MRIs alongside

their segmentation masks and the corresponding ViCTr-
generated cirrhotic images. Notably, the synthesized im-
ages retain essential anatomical structures while introduc-
ing realistic cirrhotic texturing, an advancement that en-
ables more diverse data augmentation and supports research
into disease progression. These high-fidelity synthetic sam-
ples offer potential to enrich clinical training datasets, ad-
vance diagnostic algorithms, and support detailed analyses
of pathology progression.

Qualitative Segmentation Outcomes. To further show-
case ViCTr’s impact on downstream tasks, we visually as-
sessed segmentation quality on BTCV and AMOS (Fig-
ure 6). Focusing on regions like the left kidney and pan-
creas, models trained with ViCTr-augmented data show
sharper boundaries and more precise delineation than stan-
dard fine-tuning, indicating improved spatial learning.

Comparative Performance on BTCV and AMOS.
Figures 4 (BTCV) and 5 (AMOS) compare diffusion-based
image generation results using Stable Diffusion v3 (SD-
3) and Flux backbones. On BTCV—a dataset with lim-
ited samples and larger spatial dimensions—vanilla fine-
tuning with SD-3 often yields poor mask adherence, sug-
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Figure 3. Examples of synthetic cirrhotic images with different
severity levels generated from non-cirrhotic scans using ViCTr.
For T1-MRI, we show the segmentation mask, the original non-
cirrhotic image, and the corresponding synthetic cirrhotic image.

Figure 4. Diffusion-Based Image Generation on BTCV MRI
Dataset. From left to right: segmentation mask, SD-3 with stan-
dard fine-tuning, FLUX with standard fine-tuning, SD-3 with
ViCTr, FLUX with ViCTr.

Figure 5. Diffusion-Based Image Generation on AMOS Dataset.
From left to right: segmentation mask, SD-3 with Vanilla fine-
tuning, SD-3 with our method, FLUX with Vanilla fine-tuning,
FLUX with our method.

gesting difficulties in learning accurate spatial constraints.
In contrast, the same model shows markedly improved
mask alignment on the AMOS dataset, attributed to its
larger training set and more manageable image dimensions.

Regardless of these dataset-specific variations, ViCTr
achieves consistently high-quality outputs with robust mask
adherence and anatomical accuracy across both BTCV and
AMOS, underscoring its enhanced spatial learning and re-
silience. By maintaining performance even under data-
sparse conditions, ViCTr demonstrates a clear advantage
over conventional fine-tuning approaches, which can ex-
hibit greater sensitivity to dataset size and complexity.

Second, we evaluate the impact of ViCTr on segmenta-
tion tasks, illustrated in Figure 6. Both BTCV and AMOS
datasets encompass various abdominal structures (e.g., left
kidney, pancreas), and our results highlight how ViCTr-
based training yields notably more precise organ boundaries
compared to alternative methods. This improvement is par-
ticularly evident in challenging regions where standard seg-
mentation often struggle, highlighting ViCTr’s strength in
enhancing spatial delineation and anatomical accuracy.

4.3. Ablation Studies

Ablation Based on Pre-training of Model
ViCTr (Without Stage-1) 17.33

Ablation Based on Rectified Flow Algorithms
ViCTr (Without Proposed Tweedies Formula) 18.78

ViCTr (With Reflow) 20.19
ViCTr (With Flow Straight and Fast) 21.37

ViCTr (With Distribution Matching Distillation) 22.33
Ablation Study Based on Loss Functions Ablation Based on LoRA Rank

Ldiff 18.77 r = 8 18.46
Ldiff + Lspatial 18.21 r = 16 17.52

Ldiff + Lconsistancy 17.02 r = 32 16.66
Ldiff + Lspatial + Lconsistancy 15.55 r = 64 15.55

Table 4. Ablation study for the effect of model pretraining, loss
functions, and LoRA rank settings are shown.

To rigorously validate our ViCTr framework, we con-
ducted a series of ablation experiments on the BTCV dataset
(Table 4), focusing on four key aspects: pretraining, recti-
fied flow algorithms, loss function components, and LoRA
rank selection. We used FID (Fréchet Inception Distance)
as our primary metric to gauge how each architectural
choice affects both anatomical fidelity and pathological re-
alism.

Impact of Pretraining. We first examined the neces-
sity of Stage 1 pretraining by comparing our full, two-stage
pipeline to a variant that proceeds directly to downstream
fine-tuning. Omitting Stage 1 degrades the model’s FID
score from 15.55 to 17.33 (Table 4), underscoring the vi-
tal role of an anatomical prior. These findings affirm that
establishing robust structural representations in Stage 1 is
crucial for achieving high-quality medical image synthesis.

Rectified Flow Algorithms. We next assessed our recti-
fied flow formulation, augmented with Tweedie’s formula,
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Figure 6. Segmentation results on BTCV and AMOS datasets’ left kidney and pancreas. We compare the ground truth (blue), models
trained on the default dataset, augmented dataset, default dataset plus 30% synthetic data generated by FLUX with standard fine-tuning,
and default dataset plus 30% synthetic data generated by FLUX with ViCTr (red).

against alternative rectified flow–based models, including
ReFlow, Flow Straight and Fast, and Distribution Match-
ing Distillation. Removing Tweedie’s correction alone in-
creased the FID to 18.78, highlighting its significance for
trajectory alignment. Across all baselines, we observed
FID deteriorations, ranging from 13.28 to as high as 22.33,
thereby demonstrating that our proposed method provides
tighter distribution matching and superior synthesis fidelity.

Ablation Study Based on Loss Functions. We then
investigated each ViCTr loss component—diffusion loss,
spatial consistency, and consistency loss—to determine
their relative contributions: the baseline model, utilizing
only diffusion loss, produced an FID of 18.77 (Table 4).
Incorporating spatial consistency loss yielded a moderate
improvement to 18.21, highlighting its role in maintaining
structural integrity. The addition of consistency loss further
enhanced performance, reducing the FID to 17.02 by pro-
moting image coherence across generations. When com-
bining all three terms, we achieved an FID of 15.55, indi-
cating that these components collectively offer significant
improvements in anatomical accuracy and visual realism.

Ablation Based on LoRA Rank. Finally, we explored
how varying the LoRA rank (r) influences generative per-
formance. Starting at r = 8 and incrementing upwards,
we found r = 64 to yield the best FID at 15.55. This re-
sult suggests that higher-dimensional adaptation spaces en-
able more nuanced parameter updates during fine-tuning,
thereby improving visual quality and fidelity.

Visual Turing Tests. To further validate clinical plausi-
bility, three radiologists participated in Visual Turing Tests
using 15 randomly generated MRI scans depicting vary-

ing levels of liver cirrhosis (mild, moderate, severe). All
scans were uniformly judged to be clinically realistic, with
identical outcomes observed when using additional random
samples. Notably, the synthetic cirrhotic images correctly
exhibited surface nodularity and textural irregularities, con-
sistent with radiologic findings in mild-to-severe cirrhosis
(Figure 3). These results confirm ViCTr’s ability to syn-
thesize pathology-specific features, enabling applications in
training, algorithm development, and clinical research. 1

5. Conclusion

We presented ViCTr, a novel two-stage framework de-
signed to generate high-fidelity medical images by integrat-
ing robust anatomical pre-training with precise pathology-
specific fine-tuning. By aligning Tweedie’s formula with
linear projection methods used in flow matching, ViCTr
maintains accurate initial distribution estimates even amid
diffusion processes. This setup is further enhanced by
LoRA adapters, which preserve essential anatomical in-
formation while flexibly adapting to diverse pathologies.
Experimental results demonstrate that ViCTr consistently
surpasses conventional fine-tuning strategies, reducing FID
scores and producing clinically realistic outputs. Be-
yond data augmentation for segmentation and classification,
ViCTr can be extended to tasks such as modality transla-
tion, contrast synthesis, and professional training, offering
a powerful and versatile tool for advancing AI-driven med-
ical imaging.

1Code: https://github.com/Onkarsus13/ViCTr-2D
Weights: https://huggingface.co/onkarsus13/ViCTr-2D
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