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Abstract. Alzheimer’s disease (AD) is marked by the progressive evo-
lution of amyloid, tau, and neurodegeneration biomarkers. While MRI
provides accessible structural information, PET offers molecular speci-
ficity but remains invasive and costly, limiting frequent longitudinal mon-
itoring. To address this, we propose Uni-Brain, a unified diffusion frame-
work for multi-tracer PET synthesis and counterfactual prognosis. Here,
counterfactual prognosis refers to individualized PET generation un-
der fixed baseline anatomy and user-specified clinical covariates. Uni-
Brain leverages a shared MRI-PET latent space and a conditional latent
diffusion model to generate target-tracer PET volumes with anatom-
ical fidelity and clinical controllability. The framework introduces (i)
anatomy-informed spatial conditioning, which injects MRI latent
codes as dense spatial guidance to mitigate structural drift, and (ii)
hybrid clinical conditioning, which separately encodes continuous
covariates (e.g., age, CDR-SB) and discrete attributes (e.g., APOEε4,
sex) for smoother covariate control. Uni-Brain supports both longitudi-
nal prognosis and counterfactual clinical intervention without requiring
paired longitudinal training scans. Extensive experiments on the ADNI
dataset demonstrate competitive cross-modal synthesis performance and
indicate that the generated follow-up PET images faithfully reflect longi-
tudinal disease progression, exhibiting strong agreement with real follow-
up PET images and established clinical biomarkers. Code is available at
https://github.com/hjYu-711/UniBrain.

Keywords: Alzheimer’s Disease · Multi-tracer Synthesis · Counterfac-
tual Prognosis · Latent Diffusion Models.

1 Introduction

Alzheimer’s disease (AD) is described under the ATN framework, in which
biomarkers of amyloid-β (Aβ) deposition (A), tau pathology (T), and neu-
rodegeneration (N) define a continuous pathological spectrum rather than dis-
crete stages [10]. Structural magnetic resonance imaging (MRI) provides acces-
sible anatomical information and primarily reflects neurodegeneration, whereas
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positron emission tomography (PET) offers molecular specificity for ATN-related
pathology. However, PET is invasive and radioactive, limiting its use in large-
scale screening and longitudinal monitoring. These limitations motivate a practi-
cal generative framework that infers PET-derived molecular states from baseline
MRI, supports multi-tracer PET synthesis, and enables simulation of clinically
meaningful disease trajectories without requiring repeated PET acquisitions.

Despite rapid progress in medical image translation, existing methods remain
limited for unified and controllable PET simulation. Most cross-modal synthesis
approaches, including adversarial-based methods with CNN [9,17,28] or trans-
former [4,5] architectures and recent diffusion-based [7,16] models, are typically
formulated as static mappings at a single time point T0. Consequently, they pro-
vide limited support for longitudinal prognosis and counterfactual simulation. In
contrast, longitudinal prediction methods explicitly model temporal progression
(T0 → Tfuture) but often require paired longitudinal scans of the same modality,
which is difficult to obtain for PET and limits their applicability to MRI-to-
PET prognosis [19,26]. Moreover, discretizing continuous clinical variables, such
as age and clinical dementia rating sum of boxes (CDR-SB), into class embed-
dings may weaken smooth covariate control [10,22]. These limitations motivate
a unified framework that connects multi-tracer synthesis with longitudinal prog-
nosis and counterfactual PET simulation from cross-sectional training data.

To address this challenge, we formulate multi-tracer PET synthesis and clin-
ically conditioned simulation from a shared latent-space perspective [27]. Since
MRI and different PET tracers observe complementary aspects of the same sub-
ject, their latent representations are coupled through anatomical and biological
factors [24]. We therefore consider a shared latent space in which different modal-
ities and tracers occupy related manifolds, with anatomy and clinical conditions
jointly determining the location of representations on these manifolds [6]. Under
this formulation, baseline MRI serves as an anatomical anchor, whereas clinical
covariates modulate tracer-specific pathological or metabolic changes. This per-
spective provides a unified interface for three related tasks: cross-modal synthesis
by specifying the tracer indicator, longitudinal prognosis by adjusting the target
age while holding anatomy fixed, and counterfactual simulation by intervening
on clinically specified covariates.

Based on this formulation, we propose Uni-Brain, a unified diffusion frame-
work for multi-tracer PET synthesis and counterfactual prognosis. Uni-Brain
first establishes a shared MRI-PET latent space and then uses a conditional
latent diffusion model (LDM) [20] to generate target-tracer PET images under
anatomical and clinical conditions. Our contributions are summarized as fol-
lows: (1) an anatomy-informed spatial conditioning mechanism that injects
MRI latent codes as dense spatial guidance to preserve subject-specific structure
and reduce anatomical drift; (2) a hybrid clinical conditioning strategy that
separately encodes continuous and discrete covariates, enabling smoother and
more flexible covariate control; and (3) extensive validation on the Alzheimer’s
Disease Neuroimaging Initiative (ADNI) dataset4, demonstrating competitive
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Fig. 1. Overview of Uni-Brain. (A) Manifold perspective: modalities are organized in
a shared latent space Z; anatomy s and clinical covariates c define subject-specific
conditions, enabling cross-modal synthesis (switching m), longitudinal prognosis, and
counterfactual simulation under clinically specified covariates c. (B) Unified generative
architecture: a conditional LDM combines MRI conditioning (zmri

0 ) and hybrid clinical
conditioning (e) via AdaGN to synthesize multi-tracer PET.

multi-tracer synthesis performance and clinically consistent longitudinal prog-
nosis against real follow-up PET scans.

2 Method

We propose Uni-Brain, a unified generative framework for synthesizing multi-
tracer PET images from baseline structural MRI. Fig. 1(A) illustrates the man-
ifold perspective, where different modalities are projected into corresponding
manifolds within a shared latent space. In this space, anatomical information s
anchors subject-specific identity, while clinical covariates c modulate PET pat-
terns under specified disease-related conditions. Fig. 1(B) presents the overall
architecture. A shared MRI-PET variational autoencoder (VAE) [13] first estab-
lishes the shared latent representation, upon which a conditional LDM generates
target-tracer PET images conditioned on anatomy-preserving MRI latent codes
and hybrid clinical embeddings.

2.1 Problem Formulation

Under the manifold hypothesis [6,24], we encode observations x ∈ X into a
structured latent space Z where anatomy is subject-specific, and disease effects
follow shared population regularities [15]. We represent each observation with
an anatomical factor s capturing subject-specific anatomy, a clinical condition
vector c = (ccont, cdisc) collecting continuous covariates ccont (e.g., age and CDR-
SB) and discrete covariates cdisc (e.g., sex and APOEε4 status), and a tracer
indicator m specifying the target PET tracer. In practice, we instantiate s with
the MRI latent code zmri

0 . Given this factorization, we use a unified predictive
function F : (s, c,m) → xpet.
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In this work, we employ counterfactual prognosis for two uses of F : (1) longi-
tudinal prognosis, where we fix anatomy and tracer, set age to the follow-up
age, mask future CDR-SB, and evaluate against the real follow-up PET; and
(2) counterfactual simulation, where we fix anatomy, tracer, and manually
specified clinical covariates to study condition-dependent PET changes. This
formulation supports individualized PET simulation from cross-sectional data.

2.2 Unified Multi-Tracer Generative Architecture

We operate in a VAE latent space shared across MRI and PET tracers. Given
an MRI volume xmri and a target-tracer PET volume xpet, the encoder E maps
them to latent codes zmri

0 = E(xmri) and zpet
0 = E(xpet), respectively. We pre-

train the VAE and keep (E ,D) frozen during diffusion training. We then train a
conditional LDM to model the distribution of zpet

0 given zmri
0 , c, and m. During

training, we sample ϵ ∼ N (0, I) and construct zpet
t =

√
ᾱt z

pet
0 +

√
1− ᾱt ϵ.

Anatomy-Informed Spatial Conditioning To provide a subject-specific
anatomical reference for multi-tracer synthesis, we incorporate the MRI latent
code zmri

0 as a dense spatial condition. This acts as a structural anchor, guid-
ing the diffusion model to distribute pathological signals along subject-specific
anatomical structures. This design encourages the generated PET images to
respect individual anatomical boundaries and heterogeneity, ensuring that the
predicted pathological trajectories remain biologically consistent.

Hybrid Clinical Conditioning A key challenge is to encode heterogeneous
clinical conditions c = (ccont, cdisc) while preserving smooth covariate control
in the conditional LDM. We adopt a hybrid conditioning scheme with sepa-
rate pathways for continuous covariates ccont and discrete covariates cdisc, while
accounting for missing data and enabling classifier-free guidance (CFG) [8]. Con-
tinuous covariates ccont are mapped via Gaussian Fourier projection [25] into a
high-dimensional embedding that mitigates spectral bias, whereas discrete at-
tributes cdisc and the tracer indicator m use learnable embeddings. To represent
missingness and encourage information sharing across observed covariates, we
introduce an availability indicator vector vav that encodes covariate availability
via a linear projection, enabling conditioning on partially observed profiles. Dur-
ing training, we set the conditioning signal to null with probability p to learn
both conditional and unconditional score functions. The final condition vector e
is produced by a fusion module gϕ that integrates the concatenated latents:

e = gϕ([vm ⊕ vsex ⊕ vapoe ⊕ vage ⊕ vcdr ⊕ vav]), (1)

where vm, vsex, vapoe, vage, and vcdr denote the embeddings of tracer type, sex,
APOEε4, age, and CDR-SB, respectively, and ⊕ denotes the concatenation op-
erator. We then inject the fused embedding e into the denoiser fθ via adaptive
group normalization (AdaGN) [18]. The diffusion timestep t is encoded with a
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standard sinusoidal embedding and incorporated as in prior diffusion models [7].
For a feature map h, the modulation is applied as h′ = GroupNorm(h) · (1 +
γ(e)) + β(e), where γ(·) and β(·) are learned affine transforms of e.

Based on the conditioning mechanism specified above, we train the denoiser
by minimizing a denoising objective in which fθ predicts the clean latent zpet

0 :

L = Ezpet
0 ,zmri

0 ,t,c,m

[
∥zpet

0 − fθ(z
pet
t , zmri

0 , t, c,m)∥22
]
. (2)

2.3 Inference

At inference time, we synthesize the target PET volume via an iterative reverse-
diffusion process using a denoising diffusion implicit model (DDIM) sampler [23].
Starting from Gaussian noise zpet

T ∼ N (0, I), the model predicts the clean latent
representation at each time step t. We apply CFG using a dual forward pass.
The denoiser fθ yields a guided estimate of the original latent ẑ0 by combining
conditional and unconditional predictions:

ẑ0 = w · fθ(zpet
t , zmri

0 , t, c,m) + (1− w) · fθ(zpet
t , zmri

0 , t, ∅,m), (3)

where w denotes the guidance strength. Given ẑ0, we compute zt−1 as follows:

zpet
t−1 =

√
ᾱt−1ẑ0 +

√
1− ᾱt−1 ·

zpet
t −

√
ᾱtẑ0√

1− ᾱt
. (4)

This refinement proceeds until t = 0, after which, the final latent ẑpet
0 is mapped

back to image space via the decoder, x̂pet = D(ẑpet
0 ). This formulation pro-

vides a unified interface for different simulation tasks. Cross-modal synthesis
is controlled by the tracer indicator m, longitudinal prognosis is controlled by
the target age, and counterfactual simulation is realized by intervening on the
clinical covariate vector c.

3 Experiments and Results

3.1 Experimental Setup

Dataset and Preprocessing. Data used in this study were obtained from ADNI.
We curated a multimodal cohort of 2002 subjects with T1-weighted (T1w)
MRI and three PET tracers: fluorodeoxyglucose (FDG), Aβ (AV45), and Tau
(AV1451). In total, the dataset contains 5248 T1w-MRI scans, 3552 FDG-PET
scans, 2824 Aβ-PET scans, and 1353 Tau-PET scans. To enable cross-modal
synthesis and longitudinal evaluation, participants were required to have a T1w-
MRI and at least one PET scan acquired at the same visit. The dataset was
split at the subject level to prevent data leakage, with 1551 subjects for train-
ing, 50 for validation, and 401 for testing. For longitudinal prognosis, the test
split contains 162, 322, and 359 follow-up AV1451, AV45, and FDG PET scans,
respectively. Each synthesized follow-up PET scan is evaluated against the cor-
responding real follow-up PET scan from the same subject. Preprocessing used



6 H. Yu et al.

T1w-MRI
(Input)

Aβ-PET 
(CN)

Tau-PET 
(MCI)

FDG-PET 
(AD)

GT Ours ResViTTransUNet Pix2PixResDM

Fig. 2. Qualitative comparison of multi-tracer synthesis across disease stages.

Table 1. Quantitative evaluation of multi-tracer cross-modal synthesis and longitu-
dinal prognosis. Results are reported as mean ± standard deviation (SD). SCC de-
notes Spearman rank correlation between synthesized and ground-truth SUVRs within
tracer-specific MetaROIs. Bold marks the best performance. † indicates statistically
significant improvement over all competing baselines under two-sided Wilcoxon signed-
rank tests (p < 0.05) for PSNR and SSIM.

Method Aβ-PET (Amyloid) Tau-PET (Tau) FDG-PET (Metabolism)

PSNR (dB) ↑ SSIM (%) ↑ SCC ↑ PSNR (dB) ↑ SSIM (%) ↑ SCC ↑ PSNR (dB) ↑ SSIM (%) ↑ SCC ↑

Task 1: Cross-Modal Synthesis (T0 → T0)
Pix2Pix [9] 26.46±1.92 90.39±1.62 0.248 25.32±1.51 87.16±1.66 0.173 27.79±1.79 92.05±0.99 0.453
ResViT [5] 27.82±2.65 93.19±1.59 0.394 27.05±2.40 91.71±2.26 0.309 28.63±2.01 94.89±1.19 0.493
TransUNet [4] 28.78±2.91 95.15±1.60 0.411 27.84±3.33 93.09±2.28 0.394 29.89±2.42 96.34±1.17 0.537
ResDM [16] 29.14±2.78 95.37±1.58 0.498 28.01±2.97 93.54±2.05 0.451 30.07±2.23 96.65±1.11 0.582
Ours 29.69†

±2.66 95.94†
±1.54 0.587 28.53†

±2.51 94.13†
±2.12 0.558 30.45†

±2.07 97.11†
±1.09 0.665

Task 2: Longitudinal Prognosis (T0 → Tfuture)
ResDM [16] 28.56±2.89 94.98±1.61 0.391 27.29±3.41 93.01±2.12 0.343 29.69±2.30 96.04±1.12 0.471
Naive 29.08±2.79 95.19±1.55 0.461 27.58±2.82 93.27±2.24 0.387 29.83±2.11 96.48±1.12 0.525
Ours 29.27†

±2.51 95.41†
±1.54 0.524 27.91†

±2.62 93.63†
±2.20 0.436 30.11†

±2.04 96.81†
±1.13 0.589

Clinica [21] with the t1-volume and pet-volume pipelines. MRI volumes were
processed with SPM for segmentation, DARTEL template construction, and
MNI normalization [1,2]. Subsequent preprocessing applied skull stripping with
FSL [12], followed by brain parcellation using SynthSeg [3]. PET volumes were
rigidly aligned to each subject’s MRI, normalized to MNI space via DARTEL [1],
and intensity-normalized by reference uptake to compute standardized uptake
value ratio (SUVR) maps (pons for FDG; cerebellum+pons for Aβ/Tau), after
which regional uptake was computed. All images were resampled to isotropic 1.5
mm resolution and cropped 128 × 128 × 128 to meet memory limits, with all
intensities scaled to the range [0, 3].

Implementation Details. Our framework was implemented using PyTorch and
trained on a single NVIDIA A100 GPU (80GB). We optimized the model using
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Fig. 3. Illustrative longitudinal prognosis over a 6-year horizon. Blue boxes highlight
localized longitudinal PET changes captured by the model under age progression con-
ditioned on the same baseline anatomy.

AdamW with a learning rate of 10−4 and a batch size of 2 for 300 epochs. The
LDM employed 1,000 timesteps with a cosine noise schedule. We incorporated
a conditioning dropout rate p = 0.25 to facilitate CFG. In inference, we utilized
DDIM sampling with 50 steps and a guidance scale of w = 7.5.

Evaluation Metrics. Image fidelity was evaluated using peak signal-to-noise ratio
(PSNR) and structural similarity index metric (SSIM). Clinical validity was
assessed by Spearman’s correlation coefficient (SCC) between synthesized and
ground-truth SUVRs within tracer-specific MetaROIs [11,14], which reflects the
monotonic ranking of pathological burden. Statistical significance for subject-
level PSNR and SSIM was tested using two-sided Wilcoxon signed-rank tests.
Since SCC is a cohort-level metric, we estimated 95% confidence intervals (CIs)
for SCC differences using subject-level paired bootstrap resampling between Uni-
Brain and the best-performing competing method.

Competing Methods. For cross-modal synthesis, we compared Uni-Brain with
four representative baselines, including Pix2Pix [9], ResViT [5], TransUNet [4],
and ResDM [16]. Following their original implementations, Pix2Pix was trained
separately for FDG, Aβ, and Tau synthesis, whereas the remaining methods
were configured as unified multi-tracer models. For longitudinal prognosis, we
benchmarked Uni-Brain against ResDM [16], which conditions on clinical text
and thus provides partial controllability, and a Naive method that assumes no
disease progression by setting P̂ET future = P̂ET 0. Naive is non-trivial given the
slow progression of AD and serves as a persistent reference to examine whether
a prognosis model can capture meaningful longitudinal changes. BrLP [19] and
SADM [26] were excluded from comparison because they are designed for same-
modality longitudinal prediction, requiring paired longitudinal supervision, and
are therefore not directly applicable to the MRI-to-PET synthesis setting.
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Fig. 4. Counterfactual simulation under clinically specified covariates. Systematic vari-
ation of CDR-SB (0 → 6) reveals localized pathological accumulation and metabolic
decline in AD-vulnerable regions, confirming a controllable PET response to changes
in clinical condition. The change maps represent differences relative to CDR-SB= 0.

3.2 Results

Fidelity in Multi-Tracer Synthesis (Task 1). Table 1 shows Uni-Brain consis-
tently outperforms all competing methods across FDG, Aβ, and Tau. Compared
with the strongest diffusion-based method, ResDM, Uni-Brain yields higher SCC
values across all tracers. Paired bootstrap analysis further shows positive SCC
differences over the strongest baseline, with 95% CIs of [0.047, 0.144], [0.053,
0.172], and [0.041, 0.128] for Aβ-, Tau-, and FDG-PET, respectively. Figure 2
provides qualitative support: Pix2Pix and ResViT often over-smooth or mislo-
calize uptake, while Uni-Brain recovers tracer-specific signatures, including high-
intensity Aβ burden and heterogeneous tau in mild cognitive impairment (MCI)
subjects. For FDG-PET, Uni-Brain preserves sharp metabolic gradients such as
posterior cingulate hypometabolism. Overall, the synthetic images reflect biolog-
ically meaningful distributions rather than superficial appearance translations.

Clinical Validity in Longitudinal Prognosis (Task 2). We assess Uni-Brain’s abil-
ity to extrapolate future metabolic states from baseline MRIs. Table 1 shows the
highest SCC among the evaluated methods (e.g., 0.524 for AV45 vs. 0.461 for
Naive). Uni-Brain also achieves positive SCC differences over the strongest base-
line, with paired bootstrap 95% CIs of [0.027, 0.112], [0.016, 0.092], and [0.018,
0.109] for AV45, AV1451, and FDG, respectively. Although Naive achieves rela-
tively high PSNR/SSIM due to slow AD progression, it fails to reflect subject-
specific longitudinal change. Figure 3 provides an illustrative example by simu-
lating a 6-year PET evolution for a progressive MCI subject. By incrementally
advancing the age variable while masking CDR-SB, Uni-Brain produces smooth
PET changes with progressive Aβ accumulation in the frontal cortex, spreading
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tau in temporal regions, and declining FDG metabolism in parietal lobes. These
results support the utility of the proposed conditioning strategy for longitudinal
PET simulation from cross-sectional training data.

Simulation of Disease Severity. To examine sensitivity to clinical biomarkers, we
report counterfactual simulations in Fig. 4. We fix the baseline MRI (Age= 84,
CDR-SB= 0), set a future age (Age= 88), and vary simulated CDR-SB from 0
to 6, yielding divergent PET patterns for the same individual. Difference maps
show that higher CDR-SB selectively increases Aβ in the precuneus, produces
tau hotspots in temporal cortex, and accentuates hypometabolism in parietal
regions. This spatially specific response, rather than a global intensity shift,
demonstrates variable-specific control enabled by hybrid clinical conditioning.

4 Conclusion

We propose Uni-Brain, a unified diffusion framework that preserves anatomy
while controlling for tracer type and clinical covariates, enabling multi-tracer
PET synthesis, follow-up PET generation at the target age, and counterfactual
simulation under user-specified clinical conditions. By combining anatomy-aware
spatial conditioning with hybrid clinical control, Uni-Brain achieves high-fidelity
synthesis and improved consistency with follow-up PET and clinical biomark-
ers across Aβ, Tau, and FDG. These results suggest its potential as a practical
foundation for cross-modal biomarker modeling and individualized PET simula-
tion. Future work will incorporate temporal dynamics and generative diversity
to enable more reliable multi-tracer PET synthesis.
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