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xMADD: A Unified Diffusion Framework for Conditioned
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Abstract

Diffusion models have shown remarkable suc-
cess in generating high-quality perceptual data,
but their use for controlled generation in
biomedicine remains limited. @We introduce
xMADD (cross-Modal cross-Attention Denois-
ing Diffusion), a conditional diffusion frame-
work for producing diverse, high-resolution
medical data, including cardiac MRI, brain
MRI, and ECG waveforms, guided by clinical
phenotypes, demographics, and multimodal sig-
nals. By incorporating cross-attention over con-
ditional embeddings, xMADD enables control
over generation. Compared to existing genera-
tive approaches, xMADD achieves superior im-
age fidelity and stability, while accurately re-
flecting conditioning phenotypes across modal-
ities. Our results highlight the potential of
controlled diffusion-based generation to expand
biomedical datasets and facilitate data-sharing
without compromising sensitive patient data.
Keywords: Diffusion, Generative models,
Dataset augmentation, Modality translation,
Digital twins

Data and Code Availability Our study uses
data from the UK Biobank imaging study (Little-
johns et al., 2020), a large-scale, prospective biomed-
ical resource containing detailed health, genetic, and
imaging data from over 500,000 participants in the
United Kingdom (Bycroft et al., 2018). Data were
accessed under the UK Biobank application no. 7089.

Institutional Review Board (IRB) UK
Biobank has ethical approval from the North West

Multi-centre Research Ethics Committee (MREC).
All participants provided informed consent, and
this approval covers the use of de-identified data
for health-related research in the public interest.
No additional ethical review was required for this
analysis.

1. Introduction

Diffusion models have gained popularity as a pow-
erful approach for synthesizing high-fidelity images
across a range of domains, including natural images
(Ho et al., 2020; Dhariwal and Nichol, 2021), lan-
guage (Saharia et al., 2022), and computational bi-
ology (Watson et al., 2023; Guo et al., 2024). A key
strength of these models lies in conditional genera-
tion, which allows outputs to be guided by labels,
metadata, or multimodal signals (Kazerouni et al.,
2022). In healthcare, this capability has direct rele-
vance to precision medicine where conditional diffu-
sion can be used to synthesize patient-specific data re-
flecting clinically meaningful phenotypes. Such con-
trolled generation enables counterfactual reasoning
in-silico, for example, predicting how a reduction in
Body Mass Index (BMI) might alter cardiac morphol-
ogy, or how an MRI would appear under different
therapeutic regimens.

We present xXMADD (cross-Modal cross-Attention
Denoising Diffusion), a conditional diffusion frame-
work designed to generate a variety of high-resolution
biomedical data. Unlike prior generative models that
typically condition on limited or unimodal signals,
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xMADD introduces two key innovations. First, cross-
attention over conditional embeddings, enabling in-
tegration of heterogeneous signals including demo-
graphics, clinical phenotypes, and paired modalities.
Second, unified conditional training and post hoc con-
ditioning, allowing the same architecture to flexibly
support both modes of guided generation.

We evaluate xMADD on the UK Biobank cohort,
spanning three representative modalities: cardiac
MRI, brain MRI, and ECG waveforms. Our exper-
iments demonstrate xXMADD’s superior performance
and utility across four key areas:

e Perceptual quality: Generating more realistic
synthetic samples compared to GANs, autoen-
coders, and cross-modal decoders.

e Fidelity to conditioning: Accurately reflecting
conditioning guidance signals.

e Cross-modal translation: Capturing meaningful
mutual information across paired data modali-
ties and using it to guide generation.

e Utility: Providing high-quality synthetic sig-
nals that enhance downstream predictive models
through dataset augmentation, while preserving
patient privacy by avoiding reliance on real data.

2. Related work

The concept of diffusion has a rich intellectual his-
tory with roots in thermodynamics, Brownian mo-
tion, and Fourier analysis (Fourier, 1822; Einstein,
1905). A diffusion process for deep generative model-
ing, adding and removing noise during training, was
introduced by Sohl-Dickstein et al. (2015).

2.1. Diffusion-based Generative Models

Diffusion probabilistic models have since been applied
in diverse domains ranging from natural images to au-
dio signals (Rombach et al., 2022; Kazerouni et al.,
2022). The models effectively create high-quality im-
age samples approximating the true data distribution
(Song et al., 2021a). Subsequent improvements such
as refined network backbones (Dhariwal and Nichol,
2021) and score-based methods have been proposed,
further improving sample quality and training stabil-
ity (Song et al., 2021b).

2.2. Generative Models in Biomedicine

Generative models in medical imaging tasks have en-
abled many applications such as data augmentation,
modality translation, and image-to-image synthesis
(Kazerouni et al., 2022). GAN-based methods have
shown impressive results for tasks such as MR-to-CT
translation (Mirza and Osindero, 2014), data aug-
mentation (Ahmad et al., 2022), and image fusion ap-
plications (Zhou et al., 2023; Fan et al., 2023). How-
ever, adversarial training can be unstable and is often
subject to mode collapse (Nie and Patel, 2020). Re-
cently, diffusion models have been explored for medi-
cal imaging due to their strong generative capabilities
and stable training dynamics (Kazerouni et al., 2022;
Pinsler et al., 2022). Diffusion-based approaches re-
duce the reliance on adversarial losses while offer-
ing flexibility in incorporating conditional informa-
tion (Preechakul et al., 2022). These models have
been used for image reconstruction (Chung and Ye,
2022), segmentation (Rahman et al., 2023), denois-
ing (Hu et al., 2022), and generation (Pinaya et al.,
2022).

2.3. Conditional Generative Models in the
Medical Domain

In the medical domain, multimodal data such as
MRI, CT, and physiological signals frequently co-
occur, prompting interest in cross-modal synthesis
(Lee et al., 2021). For instance, methods to synthe-
size missing imaging modalities from available ones
have been explored to handle incomplete datasets or
reduce patient exposure to invasive imaging (Tashiro
et al., 2021; Gao et al., 2025). Many existing solutions
rely on GANs (Hamghalam and Simpson, 2024; Yang
et al., 2024; Amirrajab et al., 2022; Xia et al., 2021)
or Variational Autoencoders (Pesteie et al., 2019).
Diffusion models have been used for counterfactual
MRI generation through conditioning on acquisition
parameters (Morao et al., 2024) and for image trans-
lation with frequency domain filters to preserve struc-
ture (Li et al., 2023). Diffusion autoencoders for post-
training conditioning of the c-MRI modality have
been used to elucidate genetic architectures (Ometto
et al., 2024). xMADD unifies and simplifies these
approaches, demonstrating how the same underlying
architecture and training methodology supports phe-
notypic conditioning, modality translation, and post
hoc conditioning.
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3. Method

We propose a conditional denoising diffusion prob-
abilistic model designed to generate high-resolution
data across modalities, such as cardiac MRI (c-MRI),
ECG waveforms, and brain MRI (b-MRI) condi-
tioned on clinical control signals or latent space rep-
resentations from paired modalities.

3.1. Model Architecture

Our proposed architecture (presented in Figure 1) is
a conditional diffusion model with a convolutional
U-Net backbone (Nichol and Dhariwal, 2021). It
is composed of residually-connected blocks at dif-
ferent resolutions to capture spatial hierarchies and
promote gradient flow during training (Ho et al.,
2020). A cosine noise schedule is employed to en-
hance stability and convergence in the denoising pro-
cess, aligning the noise levels with a smooth pro-
gression (Chen, 2023). Encoder and decoder archi-
tectures are mirrored with similar parameters and
pooling/upsampling blocks, as they have been shown
to perform similarly to asymmetric encoders and de-
coders (Hoogeboom et al., 2024).

To enable conditional modeling on diverse clini-
cal control signals, we integrate a conditioning vec-
tor using cross-attention, allowing the model to se-
lectively focus on relevant features within the condi-
tioning context (Vaswani, 2017). Our ablation exper-
iments in the Appendix Table 6 show cross-attention
is more effective than other fusion architectures like
Feature-wise Linear Modulation (Perez et al., 2018b)
and simple concatenation. The architecture allows
for many different sources of control signals to be in-
tegrated, including:

e Phenotype Conditioning: Scalar clinical vari-
ables, such as demographics, biomarkers, or di-
agnostic labels (pg(z1ly)).

e Autoencoder Conditioning: Embeddings
from the same modality that is being synthesized

(po(x1le(z1))).

e Cross-Modal Conditioning: Embeddings
from paired modalities that provide high-
dimensional representation of complementary
and mutual information (pg(z1]g(z2))).

Different forms of conditioning in diffusion models
enable distinct use cases with corresponding trade-
offs. Phenotype conditioning allows the generation

of datasets sampled from user-specified distributions,
directly addressing issues such as class imbalance.
Autoencoder conditioning requires no labels or paired
data during diffusion training; instead, a linear probe
is derived from the latent space and synthesis is per-
formed by interpolating along probe weights. This
post-training strategy is particularly valuable when
phenotype labels are unavailable, as it decouples con-
ditioning from training and enables the same diffu-
sion backbone to generate examples for any pheno-
type defined later. Cross-modal conditioning requires
paired modalities but enables powerful image trans-
lation tasks, which are especially relevant for building
digital twins and supporting multimodal inference.

3.2. Diffusion Model Training

During training we optimize the sigmoid loss function
Lsigmoia Proposed by Kingma and Gao (2023). The
diffusion process gradually adds noise, € ~ N(0,1),
to the original image x as time ¢ increases from 0 to 1.
Noise is added according to the cosine noise schedule
(Ramesh et al., 2021).

S 75 e S DR A7 LA
Lt 1+s 2 1+s 27
(1)

Where t is the current time step, T is the total
number of time steps (50 in all our experiments) and
s is a small constant (0.05 in all our experiments)
which prevents training on pure noise in the initial
time step or pure signal in the last time step. The
sigmoid loss can then be expressed as a weighting of
the MSE loss:

Lsigmoid = eXp(—b)U()\t - b)HX - 5(”27 (2)

Where o is the sigmoid function, A; is the log of the
signal to noise ratio and the time, . In our experi-
ments the weighting bias is b = 3 as in Hoogeboom
et al. (2024). Appendix Table 6 compares sigmoid
with MAE loss, showing the improvements from us-
ing sigmoid weighting.

3.3. Diffusion Model Inference

Model inference is performed using a conditioning sig-
nal and an image of Gaussian noise, which is progres-
sively denoised (Figure 2). For all synthetic examples
in this paper, we perform 50 denoising steps with the
denoising diffusion model.
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Figure 1: Overview of the xXMADD architecture. (A) A diffusion U-Net backbone progressively denoises

input images, with skip connections linking encoder and decoder stages.

(B) Residual blocks

implement group normalization, with up/down-sampling for hierarchical feature processing. (C)
The conditioning module encodes different signals, including phenotypic scalars, autoencoder-
derived embeddings, and paired modalities, into a condition vector, the dotted lines indicate the
framework can handle any or all sources of conditioning. These vectors are integrated into the
U-Net via cross-attention, enabling flexible and multimodal guidance during denoising.

1 Denoising Step

1 Denoising Step

1 Denoising Step 50 Denoising Steps

Figure 2: Inference with xXMADD requires a random seed, a conditioning vector, and repeated application

of the denoising U-Net.

4. Experiments

We assess perceptual quality and steerability of our
proposed framework across a diverse range of med-
ical images, waveforms, conditioned on phenotypes
and learned representations. We compare our frame-
work with Wasserstein conditional GAN with gradi-
ent penalty (WGAN-GP)(Srivastava et al., 2023), au-

toencoders (Friedman et al., 2024), and cross-modal
generative models (Radhakrishnan et al., 2023). De-
tails of the comparison architectures are provided in
Appendix A. For evaluation, we use the UK Biobank
cohort (Littlejohns et al., 2020), with the specific
modalities summarized in Table 1.
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cMRI 4 Chamber

cMRI 3 Chamber cMRI 2 Chamber

bMRI T1 MNI ECG Median

Figure 3: Synthetic medical images (¢c-MRI, b-MRI) and waveforms (ECG) generated by xMADD.

Table 1: Data modalities, shapes, and sample sizes
in thousands.

Type Modality Shape Train Test
b-MRI T1 MNI 192, 192 39k 5k
c-MRI 4 Chamber 160, 224 37k 5k
c-MRI 3 Chamber 224, 160 37k 5k
c-MRI 2 Chamber 224, 224 37k 5k
ECG Median 576, 12 51k 6k

4.1. Results: Perceptual Quality

Figure 3 presents examples of images generated by
xMADD. We evaluate perceptual quality using Ker-
nel Inception Distance (KID) (Birikowski et al., 2018)
and Fréchet Inception Distance (FID) (Heusel et al.,
2017), which measure similarity between the feature
distributions of real and synthetic images using fea-
tures from the Inception network (Szegedy et al.,
2016). Although Inception is trained on natural im-
ages, prior work has shown that KID correlates more
reliably with expert judgment in medical imaging
than metrics derived from models trained exclusively
on medical datasets (Woodland et al., 2024), making
it well-suited for our setting. Lower scores indicate
closer alignment with real data, reflecting both higher
image quality and diversity. As shown in Table 2,
xMADD achieves superior perceptual quality in both
modality translation and reconstruction tasks com-
pared to GANs, autoencoders, and cross-modal de-
coders. Since autoencoders cannot perform modal-
ity translation and GANSs operate only on real im-
ages without reconstruction capability, we omit these
baselines from the reconstruction evaluation. No-
tably, the negative KID observed for xMADD recon-
structions arises from U-Net skip connections, which
enable near-perfect reconstruction fidelity. In con-
trast, architectures with lossy bottlenecks, such as
autoencoders or DropFuse, are inherently limited in

reconstruction accuracy. Figure 4 provides qualita-
tive examples of synthetic images and reconstructions
across methods.

4.2. Results: Fidelity to Conditioning

We next assess the fidelity of the generated images
to the conditioning signals. This is done by training
regression or classification models on real data and
then measuring the accuracy of these models’ pre-
dictions on synthetic data compared with the condi-
tioning target signal used in synthesis. For the cate-
gorical control signals, like AFib or sex, we compare
the AUROC of the downstream classifier on real ver-
sus synthetic data, while for continuous controls, we
measure Pearson’s correlation coefficient (R). Table 3
shows synthetic ECG median fidelity across a range
of phenotypes and Appendix Table 9 shows results
for other modalities. The close performance of the
downstream models on synthetic samples compared
to real images confirms the faithful integration of the
conditioning signals.

Visual inspection further confirms the effective-
ness of conditional generation. Figure 5 shows ex-
amples of synthetic data generated with a fixed ran-
dom seed but varying conditioning targets. On the
right, axial slices of brain MRI are conditioned on Z-
slice position, moving upward from the brainstem to
the cortex. In the middle, cardiac MRI images are
conditioned on BMI, where higher BMI corresponds
to increased pericardial fat deposition (bright gray
regions), enlarged myocardium, and greater overall
body size. On the left, ECG signals are conditioned
on QT interval values. The QT interval, spanning
from the onset of the QRS complex to the end of the
T wave, reflects ventricular repolarization. The gen-
erated waveforms show progressively longer QT inter-
vals, with the expected widening between QRS peak
and T wave, while other waveform features remain
stable. Importantly, samples generated from differ-
ent random seeds under the same conditioning value
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Table 2: Perceptual quality of c-MRI synthesis in translation and reconstruction for different architectures;
GANs do not reconstruct, and autoencoders do not translate.

Model KID Translate | FID Translate | KID Reconstruct | FID Reconstruct |
xMADD 0.038 = 0.015 74.449 +6.013 —0.008 +0.0038 5.465 +£0.377
DropFuse 0.186 +0.0120 111.775 £ 8.028 0.186 + 0.0120 71.058 + 5.335
cGAN 0.310 +0.0117 129.022 + 5.633 — —
Autoencoder — — 0.154 4+ 0.0156 52.819 + 3.526
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Figure 4: Visual comparison of different generative model architectures for modality translation and recon-
struction. Note how the diffusion-based model (xMADD) has higher resolution and fidelity to the
real data than adversarial (WCGAN-GP), self-supervised (DropFuse), and unsupervised (Autoen-

coder) architectures.

Table 3: Steerability of synthetic ECG medians with
different phenotype conditioning signals.

Phenotype R/AUROC 1t R/AUROC ?t
Condition Synthetic Real
RR Interval 0.891 0.943
QT Interval 0.957 0.981
QRS Duration 0.869 0.886
AFib 0.734 0.730
Age 0.448 0.563

exhibit diversity in secondary features while consis-
tently preserving the controlled attribute, highlight-
ing xMADD’s ability to produce both conditionally
faithful and diverse outputs.

4.3. Results: Modality Translation

Our model also enables conditional generation based
on information from paired modalities. To achieve
this, we leverage pre-trained foundation models to
extract embeddings from the conditioning modality,
which then serve as a conditioning signal for gen-
erating the other modality. The foundational en-
coders are previously published models for the ECG
(Friedman et al., 2025), c-MRI (Radhakrishnan et al.,
2023) and b-MRI (Friedman et al., 2024) and provide
cross-modal control for the diffusion models. Table 4
presents the perceptual quality from different condi-
tioning signals with the c-MRI 4-Chamber, while Ap-
pendix Table 8 includes other cross-modal pairings.
Note how all the modalities considered benefit from
diverse kinds of conditioning. The reductions in KID
serve as an empirical measure of the mutual infor-
mation between the conditioning modality and the
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Seed: 1

QT: 310ms femdslale

QT: 350ms

QT: 370ms

Seed: 4

Seed: 5 Seed: 6

Z-Slice: 32

Z-Slice: 48

Z-Slice: 64

Z-Slice: 80

Figure 5: Phenotypic conditioning of ECGs by QT interval (left columns), c-MRI by BMI (center columns),
and b-MRI by Z-slice or axial index (right columns). Along the y axis the phenotype is varied
while the x-axis shows two examples with different random seeds for each modality.

generated data. By this measure, the cardiovascular
data modalities of different c-MRI views and ECGs
have more synergistic information than c-MRIs and
b-MRIs. Cardiac MRIs generated from other c-MRI
views yield higher quality than those conditioned on
ECG, which in turn outperform ¢-MRIs conditioned
on b-MRI. This conforms to expectations, as ECG
and cardiac MRI share more relevant information,
providing a stronger conditioning signal, whereas b-
MRI and c-MRI have fewer shared features, resulting
in less effective guidance.

4.4. Results: Utility

In previous sections, we evaluated the quality of im-
ages generated by xMADD, demonstrating that it
can produce high-fidelity, realistic outputs that ac-
curately reflect the conditioning signal. In this sec-
tion, we shift our focus to assessing the utility of such
generative models, specifically, their application in
dataset augmentation and privacy-preserving model
derivation.

4.4.1. DATASET AUGMENTATION

Dataset augmentation, where synthetic samples are
used to expand the size and diversity of available

Table 4: KID results for the c-MRI 4 Chamber.
As compared to the unconditioned baseline
(top row), autoencoder conditioning yields
the best KID (bottom row) followed by
cross-modal conditions and scalar pheno-
type conditions.

Condition KID |
- 0.0259
Sex 0.0203
BMI 0.0162
bMRI T1 MNI 0.0194
ECG Median 0.0176
c¢-MRI 4 Chamber 0.0051

training data, is particularly valuable in health-
care domains where data scarcity or class imbal-
ance limit the utility of conventional datasets (Tham-
bawita et al., 2022). To show this, we use the BMI-
conditioned xMADD synthesis of c-MRI 4 Chamber
images and generate a new dataset of 59,000 images
with target BMI, sampled from a normal distribu-
tion. Training solely on these synthetic images de-
fines the synthetic regime, where models are never
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exposed to real data. Combining the 59,000 syn-
thetic images with up to 37,000 real images defines
the augmented regime, while training exclusively on
real images serves as the supervised baseline. Us-
ing the same CNN backbone across all settings, we
train regression models and evaluate them on held-
out real data. Table 5 reports the number of synthetic
and real images in each regime and the corresponding
Pearson correlation for BMI regression. Results show
that models trained only on synthetic data achieve
competitive performance relative to the supervised
baseline, while augmenting real data with synthetic
samples yields the best performance overall. This il-
lustrates the importance of such synthetic augmenta-
tion, especially in data-scarce settings, where limited
real datasets would otherwise constrain model devel-
opment, as well as the trade-off between privacy and
accuracy (Agarwal, 2020; Ziller et al., 2024).

Table 5: Synthetic-only training and dataset aug-
mentation results on BMI regression from
¢-MRI 4 chamber view.

Regime Synth N Real N R 1

Synthetic 37k 0 .84 + .02
Synthetic 59k 0 .88 + .02
Augmented 37k 2k .89 + .01
Augmented 59k 2k 91 + .01
Augmented 59k 37k .93 £ .01
Supervised 0 2k .82 £+ .02
Supervised 0 37k .91 £ .01

4.4.2. PRIVACY

Prior studies have shown that diffusion models can
be prone to memorizing training samples, especially
when over-trained on small or low-diversity datasets
(Carlini et al., 2023; Dar et al., 2025; Somepalli et al.,
2023). To evaluate this risk we adopt the membership
inference test proposed in Dar et al. (2025). We com-
pare distances from synthetic samples to real training
images and to held-out test images. Figure 6 shows
the mean and minimum distance of 800 synthetic im-
ages, conditioned on random BMI values, to the train
and test samples. The top row shows the [y distance
between the images, and the bottom row shows the
cosine similarity between the embeddings, extracted
from a pretrained c-MRI encoder. Although the min-
imum distance to test images is marginally higher,

Minimum L2 Distances to Train and Test Mean L2 Distances to Train and Test

Train Train
Test . Test

5 8 g &

Frequency
Frequency
y o8

Distance Distance

Minimum Cosine Similarity to Train and Test Mean Cosine Distance to Train and Test

Train Train
Test . Test

&

Frequency
Frequency

3 o7 058 160
Distance Distance

Figure 6: Synthetic to real images distance for the
train and test cohort. The top row shows
the Minimum and Mean [5 distances and
the bottom row the Cosine distance of the
embeddings.

overall we observe no significant difference between
distances to training versus test data. This suggests
that membership of a specific image cannot be easily
inferred, though the analysis provides only an aggre-
gate measure. Future work should investigate privacy
risks at the individual level in greater detail.

5. Conclusion

Our experiments show that the xMADD framework
effectively synthesizes high-fidelity medical images
and waveforms while preserving clinically relevant
phenotypic information. By conditioning on both
simple scalar variables and complex cross-modal em-
beddings, the models exhibit flexible steerability, en-
abling the generation of realistic, phenotype-targeted
synthetic data. Limitations to this approach in-
clude the need for iterative diffusion steps which com-
plicates deployment in resource-constrained settings,
although recent one-step and accelerated diffusion
methods have improved inference speed (Frans et al.;
Huang et al., 2022). Finally, while diffusion models
mitigate some privacy concerns by generating syn-
thetic data, future work should investigate whether
sensitive information is inadvertently encoded or re-
constructed, underscoring the need for thorough pri-
vacy evaluations and red-teaming in medical applica-
tions. Despite these limitations, the versatile condi-
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tioning mechanism and realistic synthesis by xMADD
can empower applications such as bespoke dataset
generation and in silico counterfactual experimenta-
tion with high-resolution multimodal digital twins.
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Appendix A. Architecture
Comparison

The generative model architectures which we com-
pare are shown in Figure 7 with their respective
loss functions. Wherever possible, architectural hy-
perparameters were kept consistent across modeling
paradigms, such that all the encoders use the same
number of residually connected convolutional blocks,
the same activation function, and the same width.

A.1. Generative Adversarial Models

Using the same U-Net backbone as in xMADD we
train a conditional GAN to minimize the Wasser-
stein loss (Arjovsky et al., 2017). In comparison to
the classical GAN which used Jensen-Shannon di-
vergence (Goodfellow et al., 2020), the Wasserstein
loss with gradient penalty is more stable to optimize
and less susceptible to mode collapse (Anaya-Sénchez
et al., 2024). The discriminator D(z) emits a floating
point scalar which represents the ‘realness’ score of
an image. We then minimize the Wasserstein (earth
mover’s) distance between the distributions of scores
for generated and real images. Simultaneously, the
generator is optimized to make the realness scores
from synthetic images as high as possible by mini-
mizing the generator loss L generator:

LDism'iminator = (3)
EonPyencratea D(@)] = Eanp, o [D(@)]  (4)
['Generator = _EZNPgenera,ted [D(if)] (5)

A.2. Autoencoder and DropFuse Models

The autoencoder and DropFuse models make use of
the same number of residually-connected convolu-
tional blocks as in xMADD and WGAN-GP but with-
out skip connections. The autoencoder is trained to
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Figure 7: The four generative architectures and their respective loss functions which are compared in this

paper.

The models are: cross-Modal cross-Attention Denoising Diffusion (xMADD), Wasser-

stein Conditional Generative Adversarial Network with Gradient Penalty (WCGAN-GP), multi-
modal contrastive self-supervision with dropout (DropFuse), and an Autoencoder. xMADD and
WCGAN-GP use identical convolutional U-Net backbones with skip connections, while DropFuse
and the autoencoders use the same number and size of convolutional kernels and downsample to
a 256-dimensional bottleneck without skip connections.

minimize a reconstruction loss, the mean squared er-
ror between real and generated images. DropFuse is a
self-supervised model which minimizes a multimodal
contrastive loss. This loss encourages embeddings
from different modalities of the same individual to be
close in latent space while embeddings from differ-
ent modalities from different individuals are pushed
away. DropFuse also optimizes a reconstruction loss
with decoders that can be used for cross-modal syn-
thesis from the shared latent space (Radhakrishnan
et al., 2023).

A.3. Training Details

All models are trained on a single NVIDIA V100
GPU with maximum batch size possible for each
modality, 16 for MRIs and 64 for ECG wave-
forms. Models are trained with the AdamW opti-
mizer (Zhang, 2018), initial learning rates 4e = and
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weight decay term of le™*. Models converged in 3-

8 hours of training. Inference was performed on a
single T4 GPU with 50 denoising steps which takes
3-4 seconds per MRI image and 0.5-second per ECG
waveform. Generation of the entire 59K synthetic
data set took 3 days on the T4 GPU with cloud
cost of $5. Model training code is available at:
https://github.com/broadinstitute/ml4h/

Appendix B. Hyperparameters

Experiments in Table 6 on the conditional fusion ar-
chitecture show how cross-attention outperforms sim-
ple concatenation and feature-wise linear modulation
(Perez et al., 2018a). Table 7 details hyperparameter
experimentation for the different modalities.
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Table 6: Conditional vector fusion and loss function comparison for c-MRI and ECG.

Modality Condition Blocks Fusion Loss KID | auROC?T R1?
¢-MRI 4 Chamber Sex 128x6  Cross-Attention Sigmoid  .0203 .963 -
¢-MRI 4 Chamber Sex 128x6  Cross-Attention  MAE .0307 .955 -
c-MRI 4 Chamber Sex 128x6 Concat Sigmoid  .1269 .870 -
¢-MRI 4 Chamber Sex 128x6 FiLM Sigmoid  .1616 .836 -
ECG Median QT Interval 64x7 Cross-Attention ~ MAE - - 957
ECG Median QT Interval 32x7 Concat MAE - - 914
ECG Median QT Interval 32x7 FiLM MAE - - .908
ECG Median QT Interval 64x6 Cross-Attention  Sigmoid - - .855
Table 7: Comparison of different model configurations and their performance metrics.
Modality Conditional Conv Dense  Condition # Params Learning Reconst. Downstream
Signal Kernel Blocks Vector Rate MSE Eval
MRI 4ch heart BMI 3 64x6 64 2.3M 5.00E-05 0.0818 0.684
MRI 4ch heart BMI 3 64x6 64 2.3M 5.00E-04 0.0578 0.718
MRI 4ch heart BMI 3 128x6 128 IM 5.00E-04 0.0700 0.857
MRI 4ch heart Sex 3 128x6 2 IM 5.00E-04 0.9130 0.952
MRI 4ch heart Sex 3 64x6 2 2.2M 5.00E-04 0.9090 0.923
MRI 4ch heart ECG Latent Space 3 128x6 128 13.7M 5.00E-04 0.0651 -
Brain T1 MNI Axial Index 3 128x6 64 9IM 5.00E-04 0.0452 0.962
Brain T1 MNI Axial Index 3 64x7 64 2.7TM 5.00E-04 0.0475 0.861
ECG Median QT Interval 11 64x5 64 2.2M 5.00E-04 0.0792 0.857
ECG Median QT Interval 7 64x7 64 2.1M 5.00E-04 0.0717 0.906
ECG Median QT Interval 17 64x7 64 4.8M 5.00E-05 0.0776 0.784
ECG Median QT Interval 11 64x7 64 3.2M 5.00E-04 0.0745 0.902
ECG Median QT Interval 15 64x7 16 8.8M 1.00E-03 0.0844 0.762
ECG Median QT Interval 11 128x7 128 12.7M 5.00E-04 0.0713 0.918
ECG Median RR Interval 9 256x7 64 40M 5.00E-04 0.0818 0.891
ECG Median RR Interval 9 256x7 64 40M 5.00E-04 0.0908 0.881

Appendix C. Grokking

Diffusion models quickly learn to reconstruct input
faithfully as demonstrated by steep declines in train-
ing loss, for example those shown in Figure 8. Since
the diffusion U-Net contains long range skip connec-
tions this is a fairly trivial task, and does not reflect
the model truly learning the true data distribution.
Rather a grokking phenomenon is observed where
the validation loss consistently remains high early in
the training and only begins to descend after several
epochs of optimization (Power et al., 2022). Figure
9 shows synthetic examples during model training.
Only after validation loss starts to fall do the exam-
ples become plausible.
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Appendix D. Fidelity

Conditioning consistently improves perceptual qual-
ity across many modalities and conditions considered.
Table 8 shows KID improvements with different types
of conditioning. Fidelity to the conditional signals is
shown in Table 9.
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Figure 8: Diffusion models optimization consistently
demonstrates grokking across different
modalities and loss functions
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Figure 9: Synthesis during training for ECG and c-
MRI.

Table 8: Across all modalities considered perceptual
quality improves by adding diverse condi-
tioning signals.

Modality Condition KID |

c-MRI 2 Chamber - 0.0962
c-MRI 2 Chamber ECG Median 0.0795
c-MRI 2 Chamber c¢-MRI 2 Chamber 0.0504

b-MRI T1 MNI . 0.3062 Figure 11: ¢-MRI 4 Chamber BMI interpolation via
b-MRI T1 MNI Axial Index 0.2536 phenotype conditioning.
b-MRI T1 MNI b-MRI T2 Flair ~ 0.2504
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Table 9: Fidelity to phenotypic conditioning.

Modality Phenotype R/AUROC R/AUROC
Condition Synthetic Real
b-MRI T1 MNI Axial Index 0.963 0.996
b-MRI T2 Flair Axial Index 0.757 0.816
c-MRI 4 Chamber BMI 0.857 0.916
¢-MRI 4 Chamber Sex 0.952 0.999
¢-MRI 3 Chamber BMI 0.839 0.895
¢-MRI 3 Chamber Sex 0.928 0.999

Figure 13: ¢-MRI 2 Chamber BMI interpolation via
Figure 12: ¢-MRI 3 Chamber BMI interpolation via post-training conditioning.
post-training conditioning.
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Figure 14: b-MRI T1 MNI axial index (Z-slice) inter-
polation via phenotype conditioning
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