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Abstract

Existing 3D generative models for scientific imaging are typically trained separately
for each modality, limiting knowledge transfer across heterogeneous imaging
domains and requiring substantial modality-specific data. We present SciFusion,
a physics-guided compositional latent diffusion framework that learns a unified
representation for 3D scientific image generation across modalities. SciFusion
factorizes each modality into reusable domain, object, and contrast representations,
allowing shared structure to transfer across MRI, CT, and electron microscopy
(EM) while preserving modality-specific characteristics, and enabling zero-shot
generation of unseen modality compositions without target-modality training. To
respect modality-dependent image formation, we incorporate domain-specific
physics guidance based on MRI power-spectrum statistics, CT Radon projections,
and EM diffraction patterns. Experiments across 15 medical and scientific imaging
modalities show that SciFusion improves generation quality under unified training
and successfully synthesizes unseen modality compositions. These results suggest
that compositional, physics-grounded representations provide a scalable framework
for transferable 3D scientific image generation.

1 Introduction

Three-dimensional scientific imaging is central to biomedical research and scientific discovery,
spanning modalities such as magnetic resonance imaging (MRI), computed tomography (CT), and
electron microscopy (EM). Large-scale 3D datasets remain difficult to collect due to costly acquisi-
tion, specialized equipment, and privacy constraints. Recent diffusion models enable high-quality
volumetric generation [9, [23| 20, 3], but existing methods are typically specialized to individual
datasets or acquisition settings, limiting knowledge transfer across modalities. Scientific imaging is
naturally compositional: modalities differ along factors such as imaging domain, anatomical object,
and imaging contrast. Treating each modality as an independent category limits generalization to
unseen combinations, while naively merging heterogeneous modalities can obscure modality-specific
characteristics. A unified model should instead capture shared structure while explicitly representing
these factors.

We present SciFusion, a physics-guided compositional latent diffusion framework for unified 3D
scientific image generation across MRI, CT, and EM. SciFusion factorizes modality information
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Figure 1: Overview of SciFusion. (a) Two-stage training with shared latent learning, compositional
conditioning, and physics guidance. (b) Compositional inference for seen and zero-shot modalities.

into reusable domain, object, and contrast embeddings while incorporating domain-specific physics
guidance. Our contributions are:

* A compositional conditioning strategy for generation across heterogeneous imaging data.

 Zero-shot generation of unseen modality combinations by recombining domain, object, and
contrast factors without target-modality training data.

* Domain-specific physics guidance tailored to MRI, CT, and EM.

» Evaluation across 15 imaging modalities, demonstrating improved generation quality and
compositional generalization.

2 Method

SciFusion builds on latent diffusion [20] and MedLoRD [21]] for efficient high-resolution 3D image
synthesis (Fig.[I). Training has two stages: a VQGAN is first pretrained on the integrated multi-modal
dataset without modality conditioning to learn a shared latent space across heterogeneous imaging
domains (Sec. 2.I)); a conditional 3D latent diffusion model is then trained on frozen VQGAN
latents using compositional conditioning (Sec.[2.2)) and domain-specific physics guidance (Sec. [2.3).
Training details are in the supplementary material. At inference, recombining learned conditions
enables both seen and zero-shot generation of unseen modality combinations.

2.1 Latent Diffusion Framework

Each volume x € RE*SXNXN jq encoded by a frozen, pretrained VQGAN as zy = £(x) €
REXS*LXL ([, <« N, depth dimension preserved), with reconstruction x = D(z). A conditional
3D U-Net fy, shared across all modalities, predicts the v-prediction target [20] from noisy latent z,
timestep ¢, and compositional embedding e..,q (Sec. via Laig = Egy +.¢|| Ve — Vol|3; generation
across domains is controlled entirely by the conditioning mechanism described next.

2.2 Compositional Conditioning Mechanism

Conventional multimodal diffusion models typically assign an independent learnable embedding to
each modality [26]; while this can distinguish modalities seen during training, it treats each as an
unrelated category without exploiting shared structure across heterogeneous scientific images.

We instead represent each modality as a composition of three semantic factors—imaging domain,
anatomical/structural object, and imaging contrast—i.e., ¢ = (Cdom, Cobj; Ccon ), Via three independent
learnable embedding tables Eqom, Eobj, Econ yielding e, = Ex(ck) € Rend | where deonq is the
conditioning dimension. These are combined via element-wise addition into a single conditioning
token €cond = €dom + €obj + €con € R1*deona injected into the U-Net’s cross-attention layers. This
factorization captures both modality-specific and shared structure and enables compositional zero-



shot generation: unseen modality combinations can be constructed directly from factors observed
during training, without any additional modality-specific embedding.

2.3 Physics-Informed Training Objective

Given the predicted noise, we first recover the clean latent estimate zo and decode it into a predicted
volume X. For each sample, a domain-dependent differentiable operator P, is applied to both the
reference and predicted volumes:

B
1 .
Lonys = 5 > 1Pa, (x6) = Pa, (%o » (1)

b=1

where d;, denotes the imaging domain of the b-th sample, with P, instantiated as one of Pyri,
Pcr, or Peym below. This formulation allows physical constraints to be applied within the same
mixed-domain training batch.

Since MRI is acquired in Fourier space, we constrain the slice-wise spatial-frequency distribution
via Pyri(x) = logyo(1 + | Fap(x)[?). For CT, we enforce sinogram-domain consistency using a
differentiable Radon transform [8| 28], Por(x) = log;o(1 + |R(x)|?), where R denotes the Radon
transform. For EM, electron wave propagation through the volume is modeled via the multislice
method with plane-wave illumination [5|[15]] (full slice-wise recursion in the supplementary material),
and the diffraction representation is computed from the far-field intensity after propagation through
all S slices: Prym(x) = log;o(1 + |Fap(s)]?). The overall training objective is Liotal = Lair +
AphysLphys» applied only during training and not altering the inference procedure; Aphys = 5 x 1074
is used for all experiments, selected via the sweep detailed in the supplementary material (Sec. D).

3 Results

Table 1: Ablation study of SciFusion across four configurations: single-modality models, flattened
multimodal conditioning, compositional conditioning, and the full model with physics guidance.

Method # Models Comp. Physics I3D-FVD | VMAE-FVD | JEDI |
Single Modality 15 - - 13.07 35.93 2.62
Flat Multimodal 1 - - 11.80 28.63 2.36
Comp. Multimodal 1 v - 11.10 27.30 2.35
Ours 1 v v 9.90 23.51 1.80

3.1 Dataset and Evaluation

We construct a 15-modality volumetric benchmark spanning MRI, CT, and EM to evaluate unified
multimodal generation and compositional generalization. MRI (knee, brain, prostate, breast) is from
NYU fastMRI [[16} 29]; CT (head, chest, abdomen) is from RSNA [6] and the Medical Segmentation
Decathlon [22]]; EM (crystals, apoferritin, hemoglobin) is from the Materials Project [[13] and PDB [4].
Training samples are unevenly distributed across modalities, with no explicit rebalancing during
unified training, resulting in more frequent sampling of data-rich modalities. For zero-shot evaluation,
knee T1 (MRNet [24,1]) and brain PD (IXI [12]) are held out, with their constituent factors observed
during training. Generation quality is evaluated using FVD, KID, and JEDI [18},12 25] on both I3D
and VideoMAE backbones. Following prior work on volumetric medical image generation [7, [27]], we
evaluate generation quality using FVD, KID, and JEDI [[18| 12} 25] with I3D and VideoMAE features.
However, these video-based metrics may not fully capture 3D spatial consistency and anatomical or
structural fidelity. See Sec. [A]of the supplementary material for full dataset construction.

3.2 Effectiveness of Compositional Conditioning and Physics Guidance

We first ablate the conditioning strategies and physics guidance in SciFusion to isolate the contribu-
tions of unified learning, semantic factorization, and physical priors. As shown in Table[T} replacing
separate single-modality models with a unified multimodal model reduces the number of models
from 15 to 1 while improving generation quality. Compositional conditioning yields further gains
over flattened modality embeddings, suggesting that reusable semantic factors are more effective than



Table 2: Compositional conditioning across diffusion backbones, compared with backbone-specific
conditioning. Underlined values denote the better result for each backbone.

Backbone Conditioning

VMAE

13D

FVD | KID (x10%) | FVD | KID (x10?) |

JEDI |

Backbone-specific baseline

MedLoRD [21]] Flattened 28.63 106.80 11.80 21.08 2.356
Video Diffusion [10]  Original 56.87 184.97 24.00 49.28 4.63
3DMedDiff [26] Original 91.27 373.75 33.40 78.48 8.341
Medical Diffusion [14] Original 34.55 130.12 13.19 24.08 2.732
Compositional conditioning

MedLoRD [21] Compositional 27.30 102.97 11.10 19.69 2.354
Video Diffusion [10] Compositional 51.88 168.03 23.81 48.99 4.40
3DMedDiff [26] Compositional 26.85 97.40 11.01 18.69 2.400
Medical Diffusion [[14] Compositional 33.80 126.91 13.09 23.68 2.733
SciFusion (Ours) Compositional 23.51 84.76 9.90 16.59 1.797

treating modalities as independent categories. Adding domain-specific physics guidance provides an

additional improvement, achieving the best overall performance.

The benefit of compositional conditioning is not specific to our diffusion architecture: replacing
backbone-specific conditioning with the proposed factorization improves both FVD and JEDI across
four different diffusion backbones (Table[2), suggesting that it offers a generalizable representation
strategy for heterogeneous scientific imaging modalities rather than an architecture-specific modifica-
tion. A per-domain (MRI/CT/EM) breakdown is provided in the supplementary material (Table 8).
Qualitative generation results are shown in Fig. 2} which presents representative generated volumes
across the evaluated imaging modalities. Additional visualizations of the generated 16-frame volumes
are provided in the supplementary material (Fig. ).

Head CT Chest CT Apof. EM Cubic EM Breast T1 Prostate T2 Brain T2 Knee PD

Slice Index

Figure 2: Representative generated 3D volumes from selected imaging modalities evaluated in this

study.



3.3 Zero-shot Compositional Generation

Beyond improving generation quality on observed modalities, we next evaluate whether the learned
factorized representation captures reusable structure that can be recombined for unseen modality con-
figurations. We consider two unseen modalities, knee T1 and brain PD, for which no training samples
are provided. SciFusion synthesizes each target by recombining learned domain—object—contrast
representations, pairing previously observed anatomical objects with learned imaging contrasts in
novel combinations without additional training.

Table 3: Zero-shot generation compared with supervised training and parameter-efficient adaptation.

Target Backbone Supervision 13D VMAE JEDI |
FVD | KID (x10*) | FVD | KID (x10%) |

SciFusion (Ours) Full 13.83 23.13+2.00 14.56 58.71 +3.78 0.35
Knee T1 SciFusion (Ours) Zero-shot 26.14 50.23 +2.39 5832 25247+7.07 288
Medical Diffusion [[14] Zero-shot 2846 54504265 7246 32246+7.36 3.59
VDM + LORA [10,[11] PEFT 1599 23.06£1.39 25.63 10229 +6.65 1.05
SciFusion (Ours) Full 290 4.30+04 0.46
Brain PD SciFusion (Ours) Zero-shot 23.52 63.84 + 3. 1.68
a Medical Diffusion [14]] Zero-shot 11.02 23.54 &+ 2.25
VDM + LORA [10}11] PEFT 14.33  30.70 + 1.75

As shown in Table[3] fully supervised models achieve
the best performance due to direct access to target-
modality samples, while our compositional model gen-
erates unseen modalities without any target samples,
indicating that the learned representation captures trans-
ferable relationships between anatomical structures and
imaging contrasts. PEFT narrows this gap on knee T1
using target-modality samples and additional optimiza-
tion; notably, on brain PD our training-free zero-shot
generation already matches or exceeds PEFT on JEDI
(1.68 vs. 1.75), suggesting that the learned domain—
object—contrast composition for this target is already Figure 3: Qualitative comparison on tar-
well aligned without any adaptation. Qualitative results get modalities: real images (a), zero-shot
in Fig. [3| further confirm visually plausible, modality-  (b), and PEFT adaptation (c).

consistent anatomical structures.

Knee T1

Brain PD

4 Conclusion

Extensive experiments across 15 imaging modalities show that SciFusion improves generation quality
and that its compositional conditioning strategy generalizes across diffusion backbones. Experiments
on two held-out MRI modality combinations further demonstrate the feasibility of zero-shot synthesis
without target-domain training. SciFusion is not intended to replace fully supervised models in
data-rich settings, but rather to offer a scalable alternative when target-domain data are limited.
A key limitation is that zero-shot compositional transfer is currently demonstrated on only two
unseen MRI combinations and may degrade under large distribution shifts; lightweight target-specific
guidance or few-shot adaptation could help close this gap. Future work includes conducting broader
multimodal evaluation and combining generated 3D data with scarce real-world samples across
scanners, protocols, and imaging domains.
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Supplementary Materials

A Dataset Physical Parameters

We construct a 15-modality volumetric benchmark spanning MRI, CT, and EM to evaluate unified
multimodal generation and compositional generalization. MRI volumes covering knee, brain, prostate,
and breast are obtained from NYU fastMRI [16} [29]. Head CT is from the RSNA 2019 Brain CT
Hemorrhage Challenge [[6], while chest and abdominal CT are from the Medical Segmentation
Decathlon [22]. EM data include cubic and hexagonal crystals, apoferritin, and hemoglobin from the
Materials Project [[13]] and PDB [4]], converted to volumetric stacks using abTEM [[19]]. For zero-shot
evaluation, knee T1 from MRNet [24] [1] and brain PD from IXI [12] are held out, while their
constituent factors remain observed during training. We generate 400 samples per modality for
multimodal evaluation and 600 samples for each zero-shot target. Modality-specific acquisition and
preprocessing parameters are detailed below.

Magnetic Resonance Imaging (MRI). We collect volumetric data from the fastMRI dataset [[29]],
Brain IXI [12], and Stanford Knee [24,[1]. The datasets are acquired at field strengths of 1.5 T and 3
T. All data are pre-processed to a fixed depth—height—width dimension of 16 x 256 x 256; the slice
dimension is chosen to preserve the most informative anatomical structures. Brain IXI and Stanford
Knee are used only to assess zero-shot generation via compositional embedding and are excluded
from training. Table[d] summarizes the datasets.

Table 4: Summary of MRI datasets.

Dataset Anatomy Contrast Total

fastMRI  Knee PD and PDFS (480, 486)
fastMRI  Brain T1, T2, FLAIR (328, 1367, 2547)
fastMRI  Prostate T2 and DWI (272, 261)
fastMRI  Breast T1 609

IXI Brain PD 566

MRNet  Knee T1 1130

Computed Tomography (CT). We collect CT data from the RSNA Brain dataset [6] and the
Medical Segmentation Decathlon [22]]. Images are pre-processed to 256 x 256 with 16 slices. Table[3]
summarizes the datasets.

Table 5: Summary of CT datasets.

Dataset Anatomy Total

RSNA Brain 339 exams (subset)
MSD Liver 201 scans

MSD Lung 96 scans

MSD Pancreas 420 scans

MSD Colon 190 scans

MSD Liver 443 scans

MSD Spleen 61 scans

Electron Microscopy (EM). Table[6|summarizes the abTEM simulation parameters for crystalline
and protein datasets, including cell size, spatial resolution, slice discretization, and propagation
settings; both use plane-wave illumination. For crystal materials, we construct cubic and hexagonal
structures with 278 and 160 volumes, respectively. For proteins, we collect 69 apoferritin and 204
hemoglobin volumes.



Table 6: abTEM simulation parameters used for dataset generation.

Parameter Crystal data  Protein data
Pixel dimension 256 x 256 256 x 256
Sampling / pixel size 0.1A 1.0A
Number of slices (.S) 16 16
Slice thickness 0.5A 4.0 A
Potential Lobato [17] Lobato [17]
Incident wave Plane wave  Plane wave
Electron energy 300 keV 300 keV

B Implementation Details

Computing Resources. In our experiments, we leveraged high-performance computing (HPC)
nodes equipped with 8 NVIDIA A100 GPUs with 80GB VRAM each and 128 CPU cores.

VQGAN Training Details. We employ a 3D VQGAN as the first-stage autoencoder to learn a
compact latent representation for high-resolution scientific imaging volumes. The VQGAN is trained
on the complete multi-modal dataset, spanning all imaging domains and modalities, without any
modality-specific supervision or target-modality adaptation.

The input volume size is 16 x 256 x 256. The encoder compresses each volume into a latent
representation with 8 channels and spatial resolution 16 x 32 x 32, subsequently used by the latent
diffusion model. The vector-quantization module uses a codebook of 16,384 embeddings with
embedding dimension 8 and commitment cost 0.25.

The VQGAN is trained for 1,000 epochs with batch size 1, using Adam with learning rates 3 x
1075 (generator) and 2 x 10~° (discriminator). The training objective combines reconstruction,
perceptual, adversarial, and 3D feature-based Jukebox losses, weighted at 0.1, 0.008, and 0.7 for
the perceptual, adversarial, and Jukebox terms, respectively; adversarial training begins after a 10-
epoch warm-up. The discriminator is a two-layer 3D convolutional network with 64 channels and
instance normalization. The VQGAN uses three encoder—decoder stages with channel dimensions
[128, 256, 512], two residual layers per stage, and ReLU activations.

Latent Diffusion Training Details. The diffusion model operates on precomputed VQGAN latents
(8 channels, 16 x 32 x 32) rather than directly in image space, using a 3D U-Net with channel
dimensions [64, 128,256, 512] and two residual blocks per resolution level. Attention modules are
applied at the two highest-resolution stages; cross-attention conditioning uses a feature dimension of
64 with attention heads of 32 channels.

The compositional conditioning representation spans 3 domain, 12 object, and 9 contrast categories,
each embedded in a 64-dimensional space and combined as described in Sec. enabling generation
of unseen domain—object—contrast combinations without additional target-modality training.

The diffusion model is trained for 500 epochs with batch size 4 using Adam, learning rate 1 x 10~*
decayed by a factor of 0.9995, and an EMA decay of 0.999 for optimization stability. We use a cosine
noise schedule with 300 diffusion timesteps and the velocity (v)-prediction parameterization, trained
with a unified objective across all domains and modalities. The physics-guided regularization term
(Sec.[2.3) is introduced via a warm-up strategy, activated at epoch 100 and increased gradually until
epoch 150, with a base physical-loss scale of 0.05; this allows the model to first learn the general
latent distribution before introducing physical constraints.

C Electron Microscopy Wave Propagation

Section defines the EM physical guidance operator Py from the far-field diffraction intensity
after multislice wave propagation. Here we detail the propagation recursion. Given plane-wave
illumination ), the wave function after the n-th slice is computed as

Un = Fyp[Fop(¥n-1exp(iV,)) P], )

10



where V;, denotes the n-th slice of the projected electrostatic potential, F>p and F;; Dl are the two-
dimensional Fourier and inverse Fourier transforms, and P is the Fresnel propagation kernel. Each
slice thus modulates the incoming wave by its local potential and propagates it to the next slice via
Fresnel diffraction. After propagation through all S slices, the far-field diffraction representation
used in Pgy is obtained from the intensity of the final wave function ©g. Simulation parameters
(pixel size, slice thickness, electron energy) are given in Table 6]

D Physical Loss Weight Sensitivity

As noted in Sec. we select the physical-loss weight Apys in the overall training objective
Liotal = Laiff + AphysLphys via a sweep over Aphys € {2,4,5} x 1074, training separate models
under the same configuration for each value and evaluating them at a matched training stage across
MRI, CT, and EM domains. Table[/|reports the full per-domain and overall results underlying our
choice of A\phys = 5 x 1074

Table 7: Effect of physical-loss regularization strength across imaging domains. KID values are
multiplied by 10? for readability.

Domain Aphys 13D VMAE  JEDI|
FVD | KID | FVD | KID |

5-107% 10.18 18.04 24.70 9535 1.46
MRI  4-107* 11.59 2226 28.69 114.18 1.64
2.107% 1146 21.40 28.95 11529 1.64
5-107% 542 628 16.85 46.68 1.50
EM 4-107* 5.04 559 15.15 3846 2.13
2.107% 587 751 18.06 5054 244
5.107% 16.72 30.38 31.81 123.55 3.08
CT 4-107* 21.89 45.18 36.66 142.38 3.37
2.107% 17.83 33.58 34.92 13625 3.45
5-107%* 990 16.59 23.51 84.77 1.80
Overall 4-107* 1147 2129 2577 9458 2.15
2.107* 10.87 1920 2651 97.90 227

As shown in Table[7} the optimal weight varies slightly across domains — for instance, EM achieves
marginally better FVD and KID with Appys = 4 x 10~ — reflecting the distinct physical properties
and dynamic ranges of each domain’s guidance operator (Pyiri, Por, Pem). However, when
averaged across all three domains, Aphys = 5 x 10~ achieves the best overall performance across
all metrics and is adopted as the default value for all experiments reported in the main paper.

E Additional Qualitative Results

Fig. @] visualizes generated volumes across all 15 imaging modalities, complementing the representa-
tive subset shown in the main paper.

F Additional Quantitative Results

Table 8 reports a domain-level breakdown of the backbone-generalization comparison in the main pa-
per (Sec. [2), comparing backbone-specific baseline conditioning against the proposed compositional
conditioning separately for each of the three imaging domains (MRI, EM, CT), macro-averaged over
eight MRI, four EM, and three CT modalities.
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Each row corresponds

Figure 4: Representative generated 3D volumes across all imaging modalities.

to one modality, and the 16 columns visualize axial slices from a single generated volume.
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Table 8: Domain-level comparison between backbone-specific baseline conditioning and the pro-
posed compositional conditioning across three imaging domains. Results are macro-averaged over
modalities within each domain, including eight MRI modalities, four EM modalities, and three CT
modalities. For MedLoRD, the backbone-specific baseline uses an independently learned embedding
for each modality, whereas compositional conditioning uses the proposed domain—object—contrast
representation. Other backbones retain their original conditioning mechanisms for the baseline
setting.

Backbone Domain VideoMAE-FD | VideoMAE-KID | I3D-FD | I3D-KID | JEDI|
x103 %103
Backbone-specific baseline conditioning
MRI 27.33 109.08 11.21 20.10 1.668
MedLoRD EM 17.38 43.82 3.93 3.13 2.522
CT 47.13 184.68 23.85 47.63 3.969
MRI 45.84 141.80 29.28 63.99 2.042
Pixel Diffusion EM 87.48 297.31 9.81 15.93 10.519
CT 45.48 150.33 28.85 54.51 3.66
MRI 107.39 459.01 42.07 102.67 8.092
3DMedDiff EM 35.74 110.34 5.94 7.27 5.480
CT 122.30 497.63 46.92 108.90 12.816
MRI 36.97 150.29 14.30 27.09 1.694
Medical Diffusion EM 22.64 59.03 5.34 7.68 3.769
CT 43.99 171.12 20.68 37.90 4.120
Compositional conditioning
MRI 27.45 109.88 11.65 21.76 1.718
MedLoRD EM 18.49 51.36 4.14 4.09 2.662
CT 38.67 153.33 18.88 35.00 3.642
MRI 40.41 125.66 29.36 64.10 1.949
Pixel Diffusion EM 84.43 282.65 9.89 16.43 9.889
CT 39.07 128.17 27.56 52.13 3.64
MRI 27.97 110.11 12.17 22.46 1.379
3DMedDiff EM 22.49 64.49 4.06 3.73 3.593
CT 29.65 107.37 17.16 28.55 3.530
MRI 35.86 146.07 14.26 27.16 1.690
Medical Diffusion EM 22.50 58.82 4.97 6.32 3.644
CT 43.35 166.60 20.81 37.55 4.299
MRI 22.95 87.56 9.99 17.11 1.43
SciFusion (Ours) EM 18.40 50.11 4.63 5.19 1.57
CT 31.81 123.55 16.72 30.38 3.08

Note: Underline values indicate the better result between baseline and compositional conditioning for the same backbone
and domain.
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