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Abstract. Cross-modality medical image synthesis remains fundamen-
tally challenging due to residual spatial inconsistencies from complex
non-rigid organ deformations and localized anatomical variability that
persist beyond registration. Existing approaches either rely on explicit
pre-registration procedures or integrate registration-guided training mod-
ules that are not retained during inference, thereby limiting their abil-
ity to model residual misalignments and anatomy-specific deformation
dynamics. We propose a unified framework that combines deformation
learning with flow matching for anatomically consistent multi-organ im-
age synthesis. We introduce a variational deformation network that learns
a source-conditioned prior distribution over plausible anatomy-specific
deformation fields, capturing the statistics of residual misalignment with-
out requiring paired target inputs at inference, unlike existing registration-
guided methods. This integration achieves efficient and stable image gen-
eration with substantially fewer integration steps compared to diffusion-
based counterparts while preserving anatomical fidelity. The proposed
framework is trained and evaluated on a large-scale dataset of 873 pa-
tients across five anatomical regions: abdomen, brain, pelvis, head-and-
neck, and thorax. Extensive quantitative and qualitative evaluations
demonstrate consistent performance in synthesis accuracy across all anatom-
ical regions, while maintaining computational efficiency. Ablation stud-
ies further validate the efficacy of this approach, highlighting the in-
dividual contributions of learned deformations and flow matching over
registration-guided and diffusion-based baselines.

Keywords: Cross-modality synthesis - Deformation learning - Flow match-
ing - Image registration - Multi-organ imaging.
1 Introduction

Medical image synthesis across different imaging modalities has emerged as a
critical task in clinical practice and research, enabling the generation of missing
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modalities without additional patient scanning [15//23]. Cross-modality synthesis,
particularly between computed tomography (CT) to magnetic resonance (MR)
imaging, addresses challenges in radiation exposure reduction, scan time opti-
mization, and multi-modal data augmentation for downstream tasks such as seg-
mentation and classification [8}/26]. Despite significant progress in deep learning-
based synthesis methods [3,/24]/25], spatial misalignment between source and tar-
get images remains a fundamental challenge. While classical deformable registra-
tion techniques [1,/10] can provide coarse alignment, they rely on intensity-based
similarity metrics that are inherently limited for cross-modality registration |16].
This results in persistent residual misalignments, particularly at organ bound-
aries and regions with fundamentally different tissue contrast properties between
CT and MR as shown in Fig. [T} Table [[]reports NCC and Mattes MI across five
anatomies following classical Elastix-based registration. Consistently low NCC
and Mattes MI scores across all anatomies confirm that residual misalignment
persists after registration, with the abdomen exhibiting the lowest Mattes MI,
consistent with its higher susceptibility to non-rigid deformations.

Recent approaches have attempted to address this limitation through regis-
tration guided synthesis frameworks [7}|11}/12,{27]. However, these methods either
employ separate pre-registration pipelines that add computational overhead, or
train registration modules that must be discarded at inference time as the reg-
istration task requires both moving and fixed references while synthesis task
assumes that target is unavailable. Furthermore, most existing synthesis meth-
ods are evaluated on very few anatomical regions with limited data, limiting
their generalizability and applicability in clinical workflows.

Abdomen Thorax Head and Neck

CcT

MRI

Fig. 1. Residual misalignment after classical Elastix-based registration. Red bounding
boxes highlight soft-tissue interfaces where CT and MR exhibit persistent misalignment
across Abdomen, Thorax, and Head and Neck anatomies, with zoomed regions revealing
structural inconsistencies that challenge cross-modality synthesis.

Advances in generative modeling have introduced diffusion probabilistic mod-
els [6,20] and flow matching [13}/14] as powerful alternatives to GANs for image
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synthesis. While diffusion models have shown impressive results in medical imag-
ing [59], their reliance on iterative denoising requires 50-100 sampling steps even
with advanced solvers, compared to 1000 steps for standard implementations,
limiting practical clinical deployment. Flow matching offers a compelling alterna-
tive by learning continuous normalizing flows with optimal transport, achieving
superior sample quality with significantly fewer integration steps [13}18].

Table 1. Registration quality metrics (Mean + Std) across anatomies after classical
Elastix-based registration. Higher NCC and Mattes MI indicate better alignment.

Metric ‘ Brain Pelvis ‘Head & Neck‘ Thorax ‘Abdomen

NCC 0.398 £ 0.09|0.465 = 0.11| 0.495 £ 0.10 |0.580 £ 0.09|0.445 £ 0.09
Mattes MI|0.560 £ 0.04|0.544 £ 0.13| 0.464 £0.13 |0.496 £ 0.13]|0.415 £ 0.11

In this work, we propose a unified framework that combines flow matching
with learned deformation modeling for multi-organ medical image synthesis. Our
approach makes three key contributions: (1) We introduce a variational defor-
mation network that learns a source-conditioned prior over anatomically plau-
sible deformation fields in a data-driven manner, requiring only source images
at inference without paired target modalities. (2) We integrate this with a flow
matching synthesis model that achieves efficient, high-quality volume generation
with reduced sampling requirements compared to diffusion-based alternatives.
(3) We train and evaluate on a large-scale dataset of 873 patients across five di-
verse anatomical regions (abdomen, brain, pelvis, head-and-neck, and thorax),
conducting extensive experiments that validate the generalizability of our frame-
work across anatomies with varying deformation characteristics and tissue con-
trast properties with comprehensive ablation studies confirming the individual
contributions of learned deformations and flow matching efficiency.

2 Methodology

Our framework integrates learned deformation modeling with flow matching for
efficient multi-organ medical image synthesis. Given a source volume Xgource €
RPXHXW ' we aim to synthesize a corresponding target volume X¢argey € RP*H*W
that is both anatomically accurate and spatially aligned. We decompose this
problem into two coupled tasks: (1) learning a variational deformation field ¢
that captures anatomy-specific spatial variations, and (2) learning a flow match-
ing model vy that maps source images to target images along optimal transport
paths. The variational deformation network G, parameterizes a distribution
over plausible deformation fields conditioned on the source, while the synthesis
network learns continuous normalizing flows that transport samples to the tar-
get distribution. These components are jointly trained end-to-end, enabling the
model to simultaneously learn alignment correction and cross-modality transla-
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tion patterns across multiple anatomical regions. An overview of the proposed
framework is illustrated in Fig.
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Fig. 2. Overview of the proposed VarDeFlow framework. (a) The source volume is
warped by N stochastic deformation fields sampled from a Variational Deformation
Network G, regularized via KL divergence and smoothness penalties without paired
registration supervision. Each warped volume serves as an informed prior for a condi-
tional 3D U-Net trained via flow matching to predict vs. (b) At inference, N warped
volumes are Euler-integrated in 5 steps and ensemble-averaged.

2.1 Variational Deformation Network

Spatial misalignment persists even after classical registration due to non-rigid
organ deformations and local tissue variations. We introduce a variational de-
formation network Gy that learns anatomy-specific spatial transformations in
a data-driven manner. Since the target is unavailable at inference, G learns
a distribution over anatomically plausible deformations conditioned on source
appearance, effectively marginalizing over likely spatial variations for a given
anatomy.

Architecture. G follows a VAE architecture with encoder Ey, stochastic
latent bottleneck, and decoder D,. The encoder extracts spatial features h =
Ey(Xsource) € R? via strided 3D convolutions, reducing spatial dimensions to a
compact latent code that captures global anatomical structure.
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Latent Distribution. The encoded features parameterize a multivariate Gaus-
sian, from which we sample via the reparameterization trick:

n=fu(h), logo® = fs(h) (1)
z=p+ooe €~N(0I) (2)

where f,,, f, are linear projection layers and z is the sampled latent code. This
stochastic sampling produces diverse yet anatomically plausible deformation
fields.

Deformation Field Generation. The decoder D, upsamples z via trans-
posed 3D convolutions to a dense displacement field ¢ € R3*PXHXW “wwhere
each voxel (d, h,w) has displacement (Ad, Ah, Aw)T. Displacement magnitude
is constrained via: ¢ = «-tanh(Dy(z)), where « is a learned parameter prevent-
ing unrealistic tissue folding.

Spatial Transformation. Deformation Field ¢ is applied via spatial trans-
former by constructing a warped sampling grid Gywarped = Gidentity + ¢, Where
Gidentity contains normalized coordinates [—1, 1]3. The warped source is obtained
through trilinear interpolation:

Xwarped = T(Xsourcca Gwarpcd) (3)

which serves as the aligned input to the flow matching synthesis model.

2.2 Flow Matching Synthesis Model

Given Xwarped, We employ flow matching to learn efficient mappings to the tar-
get distribution. Unlike diffusion models requiring 50-100 denoising steps, flow
matching learns continuous normalizing flows via optimal transport with signif-
icantly fewer steps.

Optimal Transport Formulation. Flow matching constructs a time-dependent
vector field vg (X, t, Xwarpea) defining a trajectory from po to p;. Rather than
Gaussian noise, we employ an informed prior Xg = Xwarped: since MR and CT
share anatomy and differ only in contrast, this reduces the velocity field to a
contrast transformation, enabling synthesis in few steps. The interpolated state
at time ¢ € [0, 1] is:

Xt = (1 - t) Xwarped + txtarget (4>

Conditional Velocity Field. The velocity field vy is parameterized by a 3D
U-Net conditioned on x;, time ¢, and Xyarped Via channel-wise concatenation:

Vo (Xtu t7 xwarped) = U'Net<[xwarped7 xtL t) (5)

Time t is embedded via sinusoidal encodings and injected through adaptive group
normalization.
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Training Objective. The ground truth velocity is the difference between target
and informed prior Uy = Xtarget — Xwarped, giving the flow matching loss:

2
LrMm = Et,xo,xl [”U&‘)(Xtv t, Xwarped) - utH2:| (6)
Both networks are jointly trained with a composite loss:

L= [/FM + )\KLﬁKL + )\smoothﬁsmooth (7)

where Lk, = —% (1 + logo? — pu? — o?) regularises the deformation la-
tent space and Lgmooth = ||V@|* prevents tissue folding, with Ak, =0.001 and

Asmooth=0.01, established empirically on the validation set.

Sampling Procedure. At inference, starting from xo = Xwarped, We integrate
the learned ODE using the Euler method over N=5 uniform steps (At = 1/N):

Xt+At = X¢ + At - Vo (Xt; tv Xwarped) (8)

The near-linear transport path of the informed prior makes N=5 sufficient, com-
pared to 10-50 steps with a Gaussian prior and 50-100 for diffusion-based meth-
ods.

3 Experiments

Dataset Description. We evaluate on 873 patients from the SynthRAD2023
and SynthRAD2025 Grand Challenge [21}22|, spanning five anatomical regions:
abdomen (175), brain (180), pelvis (180), head-and-neck (156), and thorax (182),
each with paired CT/MR volumes and anatomical masks. Volumes are resam-
pled to isotropic 1mm3; CT clipped to [—~1024,3000] HU and MR globally min-
max normalized to [0, 1]. A stratified 70/10/20% train/val/test split is used per
anatomy, with random 962 patch training and full-resolution sliding window in-
ference with Gaussian blending in MONALI [2]. All baselines including ResViT
and Diffusion models are trained on identical Elastix pre-registered data, receiv-
ing the same pre-registered inputs as RegGAN and RegConDIS. All baselines
were retrained under identical protocols for fair comparison.

Implementation Details. Implemented in PyTorch [17] on an NVIDIA H200
GPU. The deformation encoder uses five 3D convolutional blocks [32, 32, 64, 64, 128]
with stride-2 downsampling to a 128-dim latent code; the decoder mirrors this
with transposed convolutions back to 963. The synthesis U-Net uses channels
[128,256,512,512] with 2 residual blocks per level and attention at resolution
123, taking [Xwarped, X¢] as input and predicting a 1-channel velocity field. Train-
ing uses 1M iterations, batch size 4, AdamW (Ir=2x10"*, weight decay 10~%),
with N=3 deformation ensemble samples and N=5 Euler steps at inference.
Results are averaged over five runs.
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4 Results

4.1 Quantitative and Qualitative Evaluation

RegGAN Diffusion RegConDIS

Brain Abdomen

Head & Neck

Thorax

Fig. 3. Representative synthesis results across five anatomical regions. Error maps
(blue: low, yellow: high) highlight visually lower reconstruction error for our method.

We evaluate synthesis quality using PSNR, SSIM, and MAE within anatomical
mask regions. Table [2] presents per-anatomy results. Brain and pelvis yield the
highest quality owing to rigid structural constraints, while abdomen and thorax
show slightly lower metrics due to respiratory motion and soft tissue deformabil-
ity. For context, nnU-Net and SwinUNETR (top SynthRAD leaderboard entries)
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Table 3. Ablation study on MRI-to-CT synthesis (on pelvis translation task).

Method

MAE (HU) | PSNR (dB) T SSIM 1

Steps

DDPM (100 DDIM steps)

Flow Matching w/o deformation

Flow Matching w/ deformation (N=1)
Flow Matching w/ deformation (N=3)
Flow Matching w/ deformation (N=5)

50.76
50.22
49.57
47.76
47.72

29.28
29.76
29.88
30.51
30.49

0.864
0.867
0.885
0.902
0.901

100
5

5
5
5

trained under identical protocols yield MAE/PSNR/SSIM of 60.26,/28.74,/0.884
and 61.33/28.44/0.878 (brain), 49.96,/29.33,/0.881 and 50.23/29.11/0.876 (pelvis);
our method outperforms both (p<0.05). Thorax SSIM clusters at 0.80-0.82
across all methods due to near-zero MR signal in air-filled lung parenchyma.
Figure [3| shows representative synthesis results across all anatomies.

Table 2. Quantitative evaluation across five anatomical regions for MRI-to-CT syn-
thesis. All metrics computed within anatomical masks. Best in bold. Second best
underlined. All improvements over the second-best method (RegConDIS) are statisti-

cally significant (Wilcoxon signed-rank test, p<0.05).

Anatomy [ Method MAE (HU) | PSNR (dB) SSIM 1
RegGAN |11 106.13 &+ 14.91 2488 £1.39  0.820 £ 0.06
ResViT [4 107.14 £ 15.23 24.59 £ 1.44 0.818 £+ 0.07
Abdomen | Diffusion 5] 108.38 £ 15.41 24.07 £1.81  0.811 £ 0.09
RegConDIS |12] | 105.41 £ 12.12 26.08 £ 1.54 0.823 £ 0.07
Ours 103.11 + 11.13 26.54 + 1.94 0.836 £ 0.07
RegGAN |11 61.35 = 3.93 28.87 £ 1.14  0.881 £ 0.02
ResViT [4 62.58 £ 4.08 28.34 £1.28  0.877 £ 0.02
Brain Diffusion 5| 62.65 £ 4.14 28.15 £ 1.34  0.873 £ 0.02
RegConDIS [12] 59.17 £ 3.15 29.03 £1.12  0.889 £ 0.02
Ours 58.48 + 3.45  29.37 £ 1.08 0.896 + 0.01
RegGAN |11] 51.45 £+ 3.23 29.42 £ 0.78  0.861 &+ 0.02
ResViT [4 51.22 £ 3.16 29.87 £0.69  0.845 + 0.03
Pelvis Diffusion 5| 50.76 &+ 3.93 29.28 £ 0.75 0.864 + 0.03
RegConDIS [12] | 49.51 £ 4.12 29.88 £ 0.77  0.889 & 0.02
Ours 47.76 + 3.91 30.51 + 1.12 0.902 £ 0.03
RegGAN 11| 91.84 £+ 14.43 26.34 £ 232  0.855 +£ 0.03
ResViT [4 92.28 £ 14.66 26.11 £ 2.61  0.848 4+ 0.04
Head&Neck | Diffusion 5] 91.44 £+ 14.18 26.90 £ 2.55  0.857 &£ 0.03
RegConDIS [12| | 90.51 + 15.33 27.18 £ 2.65  0.864 & 0.02
Ours 88.12 + 14.03 28.33 £ 2.11 0.882 £ 0.03
RegGAN |11 116.12 £+ 18.80 24.81 £2.23  0.809 &+ 0.07
ResViT [4 117.01 £ 19.18 24.65 £ 2.52  0.803 &+ 0.08
Thorax Diffusion 5| 118.89 £ 20.02 2421 £276  0.801 £0.10
RegConDIS |12] | 114.11 + 18.22 25.58 £ 2.01 0.814 £ 0.09
Ours 113.65 = 18.13 26.23 £ 1.89 0.822 £ 0.09
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4.2 Ablation Studies.

Effect of Learned Deformations and Flow Matching. We compare our
full model against two baselines. First, we ablate learned deformations by set-
ting N = 0 during both training and inference; results show that learned defor-
mations improve translation. Second, we compare our flow matching approach
against a diffusion-based baseline (DDPM [6] with 100 DDIM [19] sampling
steps). Flow matching achieves comparable quality while requiring significantly
fewer sampling steps (5 vs. 100).

Deformation Field Analysis. The learned scalar o (Sec. 2.1) converges to
0.03-0.05 across anatomies, constraining maximum displacement to 2.9-4.8 mm
for 963 patches at 1 mm?® resolution consistent with the residual misalignment
scale in Table 1. Abdomen yields the highest o (0.05), reflecting greater non-
rigid deformability, while brain yields the lowest (220.03), consistent with its rigid
structure.

5 Conclusion

We presented VarDeFlow, a unified framework for multi-organ medical image
synthesis combining variational deformation learning with flow matching to ad-
dress residual spatial misalignment without requiring paired registration inputs
at inference. Extensive experiments across five anatomical regions validate our
design, with ablation studies confirming the individual contributions of learned
deformations and flow-based synthesis. Limitations include reduced performance
in high soft-tissue deformability regions and patch-based training that may miss
long-range anatomical dependencies. Future work may explore bidirectional syn-
thesis, segmentation-mask conditioning for low-contrast regions, downstream
anatomical plausibility assessment via DSC using pre-trained segmentation mod-
els and extensive clinical validation with radiologists.
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