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Abstract—Today’s generative models can synthesize magnetic
resonance images (MRIs) of the brain at specific ages. However,
such models can neither map the aging process longitudinally
within subjects, nor accommodate its variability across subjects.
Such approaches also cannot predict anatomic features of ag-
ing in ways that can be validated retrospectively or trusted
prospectively. We introduce a three-dimensional hybrid Con-
trolNet + diffusion model that uses the baseline 7}-weighted
MRIs of healthy adults to predict individual neuroanatomic
aging trajectories, as reflected by follow-up MRIs. The approach
captures individual anatomical changes with an average predicted
voxelwise intensity error of 15% and structural similarity index
of 93%. Unlike methods relying on qualitative validation, our
approach quantifies the fidelity of prospective MRI synthesis
using FreeSurfer volumetrics. Because brain atrophy reflects risk
for Alzheimer’s disease (AD), our model’s ability to generate
individual-specific prospective MRIs suggests its clinical potential
to assist AD risk estimation.

Index Terms—Brain evolution, diffusion, ControlNet, MRI.

1. Introduction

Motivation. Aging is a primary risk factor for neurode-
generative diseases [1]-[4], whose likelihood increases with
more brain tissue loss. The ability to anticipate future brain
atrophy from baseline magnetic resonance imaging (MRI) can
therefore help to assess the risk of such diseases [5]-[7] and
to reduce it through lifestyle changes or prophylactic medical
interventions. Advances in deep learning have enabled the
synthesis of age-dependent MRIs, which could lead to better
ability to map brain atrophy over time and to estimate the
risk of aging-related disease [8], including Alzheimer’s disease
(AD). Ultimately, this could lead to better strategies for clinical
disease prevention and earlier intervention.

Challenges in the state of the art & challenge. Generative
models have synthesized T)-weighted MRIs that are typical
of participants at a chronological age (CA) specified by the
user [9], while neglecting individual variability in aging [10],
[11]. Enabling the prediction of individualized age-related
anatomical changes can be beneficial for clinicians, since
it would allow them to establish a baseline for typically
aging brains and to track deviations from this baseline in
patients with AD. Researchers have also explored ways to
anticipate an individual’s future MRIs. In [12], a variational
autoencoder was used to synthesize future MRIs before AD.
Producing clear, high-quality MRIs, and controlling the CA of
the brain in the synthetic MRI was challenging. The authors of
[13] showed that a variational encoder-based structural causal
model can synthesize future MRIs. Nevertheless, a quantitative
evaluation of generated MRIs was not provided. In [14],
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[15], generative adversarial networks (GANs) were used to
synthesize 2D MRI slices of the brain across the lifespan
using only cross-sectional MRIs. However, this ignores both
3D spatial information between slices and longitudinal infor-
mation, which impacts quantitative validation. Additionally,
the large computational requirements of GANs limit their
ability to generate 3D MRIs. Several studies [16], [17]
used patches/sub-volumes to overcome the burden of full
volume synthesis at the cost of distant spatial information.
Alternatively, they have sought to generate synthetic MRIs to
increase training data sample sizes [9], rather than to predict
brain aging for clinical applications.

Contributions. Our 3D diffusion-based ControlNet model
predicts individual aging trajectories from their baseline brain
MRIs to synthesize their future MRIs. Whereas predicted scans
produced by other generative models have been appraised only
qualitatively, we validate our predicted scans gquantitatively
against the ground truth provided by participants’ longitudinal
follow-up MRIs and by their segmentation-derived regional
brain volumes. Predicting future brain scans may assist the
prognosis of aging-related brain diseases, thus reducing the
risk of neurodegenerative diseases including Alzheimer’s dis-

case. II. Methods

Farticipants and neuroimaging. This study complies with
the US Code of Federal Regulations (45 C.F.R. 46) and with
the Declaration of Helsinki. Longitudinal 7}-weighted MRIs
(baseline and two-year follow-up; interval p = 2.25 years; o
= 0.11 years) were obtained from the UK Biobank (UKBB)
[18]; ethical approval was obtained from the North West Multi-
Centre Research Ethics Committee of the United Kingdom.
All participants provided informed written consent (Table I);
MRI acquisition parameters are available elsewhere [18].

Model overview. We design a subject-specific brain MRI
generator using a deep generative diffusion model [19] that
synthesizes participants’ future MRIs from baseline MRIs by
learning the intrinsic mapping between participants’ CAs and
their MRIs. The (input) baseline MRI is used as a prior
within a ControlNet [20] to achieve subject-specific prediction
of participants’ follow-up MRIs. Starting from noise, the
aggregate model (diffusion U-Net + ControlNet) uses baseline
MRIs and follow-up CA as inputs to refine the synthetic MRI
output iteratively. This produces MRIs that align with both
individual structural features and age-related anatomy changes.

Conditional 3D diffusion. Inspired by [20], we design a
3D conditional diffusion model as a backbone for brain MRI
generation. The diffusion process involves adding Gaussian
noise progressively to a 3D MRI at each time step ¢, followed
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Fig. 1. Model architecture. Our model includes a 3D U-Net diffusion model (A) and a ControlNet model (B). Red solid lines represent forward propagation
of MRI features, blue dashed lines indicate injection paths for time step ¢ and conditional information from the MRI and chronological age (C'A); the latter
are conditional inputs for the diffusion backbone. The follow-up period is F'P (the time in the future for which the synthetic MRI is generated) and the
participant’s age at baseline (time point 1) is CA(TP1). These are conditional inputs for the ControlNet. A blue lock indicates that network parameters are

frozen; a pink lock indicates that parameters are trainable.

by a reverse process to denoise and restore the original MRI.
In the forward process, Gaussian noise ¢ is added to the input
MRI xg, producing noisy MRIs x; at each step according to
q(x¢|x0) = N (x5 \/ouxo, (1 — a¢)I), where a is a diffusion
parameter. The reverse process is performed by a 3D U-
Net eg(x;,t), which predicts and removes noise iteratively,
eventually synthesizing a noise-free 3D MRI (Figure 1). The
U-Net has four 3D convolutional blocks, across which MRI
size shrinks from 128 to 8% while the number of channels
increases from 64 to 128. Each block includes residual blocks,
starting with two in the first layer and decreasing to one in
the final layer. Self-attention functionality in the last two layers
enhance the ability to capture global information.

One key model feature is the integration of conditional
control through age embedding. This propagates the effects of
age, as a variable, across the high-dimensional representation
space of the MRI, thereby facilitating the conditioning of the
latter upon complex mapping relationships between aging and
neuroanatomy. By concatenating age embeddings with time-
step representations of the MRI, the model incorporates both
MRI noise levels and age-specific features during denoising.

This allows the generation of MRIs with age-related character-
istics. During training, the model learns the anatomic features
associated with various ages, including features that describe
brain atrophy. This enables the age-conditioned 3D U-Net to
guide synthetic MRI outputs such that the brains they display
reflect CAs of the desired age (CA + FP).

ControlNet. The ControlNet has conditional inputs (baseline
MRIs) to guide diffusion when synthesizing subject-specific
follow-up MRIs. By using baseline MRI features as priors
and incorporating follow-up age-specific characteristics, the
ControlNet ensures that synthetic MRIs reflect individual brain
evolution accurately. The ControlNet leverages our pretrained
Conditional 3D diffusion model whose parameters are frozen
to retain its strong backbone. A trainable copy is introduced,
allowing adaptation to conditional inputs (such as baseline
MRIs and follow-up ages). Downsampling blocks identical to
those in the diffusion model process conditional inputs. This
reduces MRI size gradually and extracts anatomic features
into a middle block. The latter acts as a repository of struc-
tural features extracted from baseline MRIs, which provide
prior knowledge for synthesizing realistic, participant-specific
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TABLE I
PARTICIPANT DEMOGRAPHICS. DESCRIPTIVE STATISTICS OF TRAINING
AND TESTING SAMPLES, INCLUDING SAMPLE SIZE N, AGE (MINIMUM,
MAXIMUM, MEAN 1, AND STANDARD DEVIATION o) AND THE
MALE-TO-FEMALE (M:F) RATIO. ALL SUBJECTS WERE COGNITIVELY

NORMAL.
Age Statistics ratio
Set N min  max " o M:F
Diffusion training 8000 46 827 653 7.8 1.1
Diffusion testing 2000 46 827 653 75 1.1
ControlNet training 1000 48 803 631 73 1.1

follow-up MRIs. Once trained, the aggregate model (diffusion
+ ControlNet) generates MRIs of size 1283 for any user-
specified follow-up time point.

Training. The architecture was implemented in Python
3.7.16 and PyTorch 2.5.1 on dual 2.60 GHz Intel Xeon
Platinum 8358 CPUs. Model training was accelerated by an
NVIDIA A100 80GB GPU with CUDA 12.2. The diffusion
model was trained on 80% of 10,000 cognitively normal
(CN) participants with Ti-w MRIs (20% testing set). The
ControlNet was trained on 1,000 pairs of longitudinal MRIs
from CN participants.

Validation. The structural similarity index measure (SSIM)
and peak signal-to-noise ratio (PSNR) allows assessment and
comparison of the model to other approaches. SSIM, ranging
from 0 (0%) to 1 (100%), quantifies similarity between syn-
thetic and genuine MRIs while focusing on anatomic detail
relevant to human visual perception rather than on brightness
and contrast. Higher SSIM indicates that the synthetic MRI
is more anatomically similar to the genuine MRI. PSNR is a
voxelwise measure that quantifies MRI synthesis quality; the
higher the PSNR, the smaller the error between synthetic and
genuine MRIs. PSNR involves the ratio of maximum voxel
intensity and mean squared error. It highlights overall MRI
quality and fidelity, higher values indicating better MRI qual-
ity. Where SSIM emphasizes perceptual quality, PSNR focuses
on quantitative errors. The recon-all function in FreeSurfer
(FS) was used to segment and extract brain volumes from
both genuine and synthetic follow-up MRIS for comparison
of the two in 40 participants.

III. Results & discussion

Figure 2 facilitates inspection of model performance across
6 post-baseline timepoints by comparing genuine MRIs to
synthetic MRIs and by quantifying the MRI intensity errors be-
tween them. Voxelwise errors are relatively lower in the deep
white matter compared to the cortex. This is possibly due to
the higher relative spatial homogeneity of the former compared
to the latter, which has complex gyrification. Average errors
are lowest at CA = 78.55 years because this corresponds to
FP = 2 years and most longitudinal MRIs in the ControlNet
training set have this follow-up interval. The mean follow-
up interval (u = 2.25 years) of our training set limits our
model’s ability to synthesize MRIs at follow-ups that differ
from it considerably. A longitudinal training set with a wider
follow-up range can enable future MRI synthesis across other
follow-up intervals.

TABLE 11

MODEL COMPARISON.
Model SSIM  PSNR [dB]
DaniNet [21] 0.782
CounterSynth [22] 0.871 -
HGAN [23] 0.668 26.09
FGAN [24] 0.640 25.10
RevGan [17] 0.675 24.97
This study 0.932 29.42

Models are compared in Table II on results from identical
samples. Our model achieves leading performance according
to both SSIM and PSNR. Mean total brain volume differs
by 19.8% between synthetic and genuine follow-up MRIs.
The means of cortical gray matter, cerebral white matter,
cerebellum, and cerebellar cortex exhibit volume differences
of 24%, 26%, 15% and 3%, respectively. Within subcortex,
volumes of the right putamen (24%) and left pallidum (23%)
differ most between genuine and synthetic MRIs. Volumes of
the left hippocampus (2%) and right accumbens area (5%)
differ least.

This study synergizes a 3D diffusion U-Net with a Con-
trolNet to synthesize individuals’ follow-up MRIs from their
baseline MRIs. The original ControlNet [20] uses user input
text to condition the synthetic output. Most approaches use
conditional embedding through splicing [25], which does not
extract baseline MRI features during inference. By contrast,
our novel approach uses concatenation of inputs and syner-
gizes the ControlNet (an explicit feature extraction network)
with a 3D diffusion U-Net, where the baseline 3D MRI is used
as a prior. Thereby, our method captures anatomic features
and thereby extends the scope and flexibility of conditional
generation. IV. Conclusion

This work introduces a controllable brain evolution model
by integrating a 3D diffusion model with ControlNet. From
baseline MRIs, the model predicts follow-up MRIs, cap-
turing age-related neuroanatomic changes while preserv-
ing individual-specific features. Although further research is
needed to address model limitations, this research demon-
strates the feasibility of using generative deep neural networks
to predict individuals’ future brain aging.
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Fig. 2. Brain evolution. Comparison of genuine (row 1, row 5) and synthetic (row 2, row 6) for both axial and sagittal MRI slices for a participant aged
76.3 years at baseline. Future brain scans are predicted for six follow-up periods (£'P) post-baseline (columns 1 through 6). Percentage differences between
synthetic and genuine MRIs are displayed in row 3, 4, 7 and 8 with detailed views of the ventricles in rows 4 and 8.
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