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Abstract. Amyloid Positron Emission Tomography (PET) plays a crit-
ical role in the early diagnosis and staging of neurodegenerative disor-
ders; however, its widespread clinical use is constrained by high costs,
radiation exposure, and limited accessibility. Synthesizing amyloid PET
from routine structural Magnetic Resonance Imaging (MRI) represents a
promising alternative, yet existing methods often yield unreliable, phys-
iologically inconsistent results due to the lack of prior knowledge about
amyloid plaque distribution. To address the problem, this work explores
population-level amyloid pathology priors with explicit modeling of spa-
tially varying voxel-wise variability and proposes a fully 3D Template-
Guided Heteroscedastic Diffusion Bridge (TGH-DB) for brain MRI-to-
PET synthesis. The proposed framework introduces a population-level
amyloid pathology template, defined by voxel-wise mean and standard
deviation estimated from the training cohort, to steer the diffusion pro-
cess toward an empirically plausible target distribution. Unlike conven-
tional diffusion models that drift toward an isotropic Gaussian prior, our
forward process progressively guides PET signals toward the population-
level amyloid pathology template with injection of spatially adaptive,
heteroscedastic noise, thereby explicitly modeling regional variability in
amyloid uptake. To effectively leverage structural information from var-
ious MRI modalities, we further develop the Time-Aware Evolutionary
Denoiser (TAED) that integrates multimodal MRI information. TAED
comprises parallel encoders, Time-Aware Fusion (TAF) modules, and
a time-modulated decoding pathway so that different types of MRI in-
formation are adaptively exploited during the diffusion process. Exten-
sive experiments on two public datasets demonstrate that the proposed
method consistently outperforms representative existing approaches in
both quantitative metrics and qualitative visual evaluations.
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1 Introduction

Amyloid Positron Emission Tomography (PET) plays a critical role in the early
diagnosis and staging of Alzheimer’s Disease (AD) and related neurodegenera-
tive disorders [5]. However, widespread clinical adoption of PET is limited by
high acquisition costs, exposure to ionizing radiation, and restricted accessibil-
ity, particularly in large-scale screening and longitudinal follow-up settings [16].
In contrast, Magnetic Resonance Imaging (MRI) is routinely acquired in clini-
cal practice and provides rich structural information without radiation risk [28].
These factors have motivated increasing interest in synthesizing PET images
from MRI as a safe and cost-effective alternative for estimating amyloid bur-
den [16].

Various MRI-to-PET synthesis methods have been proposed. Early MRI-to-
PET synthesis approaches predominantly rely on encoder-decoder networks [22].
Generative Adversarial Networks (GANs) have also been widely adopted for
MRI-to-PET synthesis [8,10,13,18,26,30]. More recently, diffusion models have
shown better stability and synthesis fidelity in medical image synthesis than
conventional generative models by modeling image generation as a continuous
stochastic or deterministic dynamic process [1,14,27,29] .

Despite these advancements, MRI-to-PET synthesis remains inherently ill-
posed due to the large cross-modal information gap [14]. While MRI structurally
delineates anatomical morphology, amyloid PET reflects protein accumulation,
which often exhibits complex nonlocal correlations with anatomy [3]. In partic-
ular, current diffusion models rely on a forward process that converges to non-
informative isotropic Gaussian noise [7], which is sub-optimal for PET synthesis.
This is because brain images across subjects share a high degree of topologi-
cal consensus, which implicitly constrains the spatial organization of molecular
pathology patterns. Forcing the model to diffuse toward pure noise discards this
anatomy-informed amyloid pathology prior, increasing the risk of physiologically
implausible hallucinations.

In this work, we explore the use of amyloid pathology prior knowledge by
constructing a population-level amyloid pathology template and propose the
Template-Guided Heteroscedastic Diffusion Bridge (TGH-DB) for MRI-to-PET
synthesis. TGH-DB reformulates diffusion as a transition toward the population-
level template. As shown in Fig. 1, unlike classical diffusion models, the forward
process in TGH-DB steers latent states toward a mean template, while voxel-wise
population variability is modeled through a heteroscedastic noise mechanism.
The template-guided diffusion process is governed by a mean drift term, and this
design preserves pathologically stable regions with high precision while allowing
stochastic flexibility in regions exhibiting greater variability. To further ensure
effective use of the structural information from various MRI modalities, we intro-
duce the Time-Aware Evolutionary Denoiser (TAED) that adaptively integrates
multimodal structural MRI information. TAED comprises parallel encoders for
different MRI modalities and fuses their information with varying focus accord-
ing to the diffusion time steps. TGH-DB was comprehensively validated on two
public datasets, where it outperforms representative existing approaches to MRI-
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Fig. 1: Overview of TGH-DB diffusion and its comparison with classical diffusion.
t denotes the diffusion time step, and T is the total number of diffusion steps.
xT ∼ N (·, ·) represents Gaussian noise. µtpl and σtpl are the population-level
PET mean and standard deviation maps, respectively, and Σtpl = diag(σ2

tpl).
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Fig. 2: Overview of TGH-DB: (a) The forward process for training. (b) The
reverse process for inference. TAF denotes the Time-Aware Fusion module, and
FiLM denotes Feature-wise Linear Modulation.

to-PET synthesis both qualitatively and quantitatively. The code of our method
is available at https://github.com/PangHaowen-hub/TGH-DB.

2 Methods

Suppose we are given 3D multimodal MRI scans of a subject. Our goal is to
synthesize the corresponding target 3D PET image from MRI scans, with the
synthesis mapping learned with a 3D diffusion model from paired training data

https://github.com/PangHaowen-hub/TGH-DB
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of multimodal structural MRI scans and PET images. An overview of the pro-
posed TGH-DB framework is shown in Fig. 2. In TGH-DB, a population-level
amyloid pathology template is first constructed as the prior to guide the synthe-
sis, where the template comprises the voxel-wise mean and standard deviation
maps computed from the training data. The template then constrains the dif-
fusion trajectory to a biologically plausible manifold, substantially reducing the
solution space of the reverse generative process. It centers the latent variable
around the template mean and modulates the diffusion noise in a voxel-wise
heteroscedastic manner according to the template standard deviation, disentan-
gling shared organizations from subtle pathological variations. Additionally, to
enable effective integration of multimodal MRI information, we introduce TAED
that performs adaptive information fusion as the denoising network.

2.1 Population-level Amyloid Pathology Template

To construct the population-level template, following [3,13], we spatially normal-
ize training PET volumes to the MNI152 space [17] and aggregate PET intensi-
ties (Standardized Uptake Value Ratio (SUVR)) across subjects to characterize
the population-level distribution. Since we have observed that the voxel-wise
SUVR distributions follow Gaussian patterns, the population-level pathology
characteristics are modeled by first- and second-order statistics. Specifically, the
mean map µtpl ∈ RH×W×D and standard deviation map σtpl ∈ RH×W×D (H,
W , and D denote the image height, width, and depth, respectively) are esti-
mated from the training cohort with isotropic Gaussian smoothing of a 1.0 mm
kernel to suppress image noise, and µtpl and σtpl form the final template. An
example of the template and SUVR distributions is shown in Fig. 2a.

2.2 TGH-DB

We denote the multimodal MRI scans of a subject by c ∈ RM×H×W×D and the
corresponding real PET image by x0 ∈ RH×W×D, where M is the number of
MRI modalities. Like classical diffusion models, TGH-DB comprises a forward
process for model training and a reverse process for inference. In the forward
process, the PET image x0 is progressively transformed into a noise-corrupted
representation, and the model learns how to recover x0 from the noisy represen-
tation. The reverse process synthesizes the PET image through multiple steps
by iteratively refining an initial noise sample based on the MRI scans c. But un-
like classical diffusion models that use standard Gaussian noise representation,
TGH-DB incorporates prior knowledge about amyloid pathological organization
into the noise distribution, which guides the diffusion process and simplifies the
reverse inference process. The detailed design of TGH-DB is given below.

Forward Process. As shown in Fig. 2a, the forward process in TGH-DB is
formulated as a template-guided diffusion process that gradually transforms PET
data toward the population-level distribution by drifting toward the mean map
µtpl with spatially adaptive noise scaled by σtpl, unlike conventional diffusion
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models that drift toward a zero mean with homoscedastic variance. This ensures
plausible diffusion and suppresses hallucinations.

At each time step t ∈ {0, . . . , T}, the noisy PET image xt is directly com-
puted from x0 with a mean drift term and a heteroscedastic noise term as

xt =
√
αtx0 + (1−

√
αt)µtpl︸ ︷︷ ︸

Mean Drift

+
√
1− αt(σtpl ⊙ ϵ)︸ ︷︷ ︸

Heteroscedastic Noise

, (1)

where ϵ ∼ N (0, I) and ϵ ∈ RH×W×D. All operations are performed voxel-wise
in the 3D spatial domain. Inspired by the noise scheduling insights in [2], we
define αt as a scheduler that follows a linearly decreasing sequence from 1 to 0
over T time steps, controlling the interpolation between the original PET image
and the mean template, as well as the progressive injection of heteroscedastic
noise. The mean drift term deterministically steers the diffusion trajectory to-
ward the population-level amyloid pathology center, while the heteroscedastic
noise term introduces spatially adaptive stochasticity modulated by voxel-wise
pathological variability. As a result, physiologically consistent regions are per-
turbed minimally to preserve pathological stability, whereas regions with higher
inter-subject variability are granted increased generative flexibility.

Following [12], we use a denoiser fθ(xt, t, c) parametrized by θ to produce
the estimate x̂0 of the PET image from xt. The denoiser model is learned by
minimizing the Mean Squared Error (MSE) between the estimated and real PET
images. The detailed denoiser architecture will be described later.

Reverse Process. The reverse process for inference is graphically summa-
rized in Fig. 2b. According to Eq. (1), the reverse process begins from xT ∼
N (µtpl,Σtpl), where Σtpl = diag(σ2

tpl) represents the voxel-wise population vari-
ance. At the t-th reverse step (t starts from T and decreases to 0), the denoiser
produces an estimate x̂0 = fθ(xt, t, c) of the clean PET image. Note that al-
though x̂0 is predicted at each step, like in classical diffusion models, it serves
only as an intermediate variable to parametrize the reverse distribution. The
actual generation requires iterative sampling of noisy PET images at different
time steps, as the reverse process targets a complex real-data distribution that
cannot be captured in a single step. This stepwise denoising enables progressive
refinement of coarse structures and recovery of fine details.

To accelerate sampling, we derive a deterministic trajectory inspired by
DDIM [23]. First, the noise term is analytically estimated by rearranging Eq. (1):

ϵ̂ =
xt −

√
αtx̂0 − (1−√

αt)µtpl√
1− αt σtpl

, (2)

where ϵ̂ is the noise estimate. We assume a non-Markovian forward process and
construct a deterministic jump-step to any earlier time τ < t. Specifically, by
plugging the estimated noise ϵ̂ into Eq. (1) at time step τ , we obtain the following
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deterministic jump-step reverse process:

xτ =
√
ατ x̂0 + (1−

√
ατ )µtpl +

√
1− ατ

1− αt

(
xt −

√
αtx̂0 − (1−

√
αt)µtpl

)
=

√
1− ατ

1− αt
xt +

(
√
ατ −

√
αt

√
1− ατ

1− αt

)
x̂0 +

(
1−

√
1− ατ

1− αt
−
(
√
ατ −

√
αt

√
1− ατ

1− αt

))
µtpl.

(3)

This formulation reveals that the deterministic reverse transition is essentially a
guided interpolation among the current state xt, the estimated clean image x̂0,
and the population-level template µtpl. By explicitly anchoring the update rule
with µtpl, the model encourages synthesized PET images to maintain patholog-
ical consistency. Notably, σtpl is not explicitly required during inference, as the
denoiser implicitly captures spatial variability during training by handling am-
plified noise in high-variance regions. The iteration continues with a fixed time
interval until τ = 0, which produces the final synthesis result.

TAED. To estimate x̂0 from xt, t, and c, we develop TAED as a fully 3D de-
noiser, which is based on the SwinUNETR architecture [25] that captures long-
range contextual dependencies and multi-scale structural representations. TAED
also introduces time-aware flexibility that allows evolvable fusion of multimodal
MRI information as the diffusion process progresses. The architecture of TAED
is illustrated in Fig. 2a. For the t-th diffusion step, parallel Swin Transformer en-
coders are used, each independently extracting multi-scale features from an MRI
modality concatenated with xt. The multimodal features are then fused using
Time-Aware Fusion (TAF) modules. Specifically, a weight for each modality is
computed by applying a softmax-activated linear projection to the time embed-
ding, which is obtained by first encoding the diffusion time step with a sinusoidal
positional embedding and then transforming it into a 96-dimensional represen-
tation with a multilayer perceptron [7]. The MRI features of different modalities
are then integrated via weighted summation followed by 1 × 1 × 1 convolution.
This design enables adaptive emphasis on different anatomical cues at different
time steps. Finally, TAED uses a U-shaped decoder [25] with skip connections to
reconstruct the target signal from the fused representations. Time information is
also injected into the decoder via Feature-wise Linear Modulation (FiLM) [19].

2.3 Implementation Details

MRI and PET volumes are spatially normalized to the MNI152 space. MRI in-
tensities are rescaled to the range [0, 1] based on the 0.5th and 99.5th percentiles.
PET volumes are first converted to SUVR maps following [3] and subsequently
linearly rescaled to [0, 1]. The diffusion steps in TGH-DB were set to T = 1000.
To accelerate generation, a DDIM-like stride [23] of ten steps was applied. The
model was trained using the MSE loss with AdamW [15] for 300 epochs.

3 Results

PET and MRI data were obtained from two public datasets: Anti-Amyloid Treat-
ment in Asymptomatic Alzheimer’s Disease (A4) [24] and Health and Aging
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Fig. 3: Examples of synthesis results, shown together with the input multimodal
MRI scans and real PET images for reference. Note the red boxes for comparison.

Brain Study: Health Disparities (HABS-HD) [20]. We focused on two clinically
established amyloid PET tracers, fluorine-18 florbetapir (18F-FBP) and fluorine-
18 florbetaben (18F-FBB). The final curated cohort comprised 1,785 18F-FBP
scans from A4 and 3,798 18F-FBB scans from HABS-HD. In this work, we chose
T1-weighted (T1W) and FLAIR scans as the MRI input for PET synthesis due
to their routine availability in clinical practice and complementary characteri-
zation of brain tissue. All selected PET scans had corresponding MRI. Subjects
were split into training/validation/testing sets, resulting in 1,250/178/357 scans
for 18F-FBP and 2,660/379/759 scans for 18F-FBB, respectively.

3.1 Comparison with Existing Image Synthesis Methods

We compared our method with several representative image synthesis approaches,
including Pix2Pix [9], ResViT [4], Palette [21], SelfRDB [1], and MOTFM [27].
All competing methods were applied with the same data splits as TGH-DB and
their default hyperparameters to ensure fair comparison. Examples of synthe-
sis results are shown in Fig. 3, where TGH-DB produces images that are more
consistent with real images than those generated by competing methods. Next,
we quantitatively compared TGH-DB with the competing methods by calcu-
lating the Peak Signal-to-Noise Ratio (PSNR) and Structural Similarity Index
Measure (SSIM) between the synthesized and real images. The corresponding
results are reported in Table 1, where statistical significance was also assessed
with the Wilcoxon signed-rank test.

In addition, for the A4 dataset, we evaluated the clinical utility of our method
using a downstream classification task, where binary classification was performed
on the synthesized PET images to distinguish amyloid-positive from amyloid-
negative subjects. The classification models were obtained from [5] and [11]. The
classification result is also reported in Table 1, where the classification perfor-
mance based on input MRI or real PET data is shown for reference. Compared
with other methods, TGH-DB achieves the best area under the receiver operating
characteristic curve (AUC) and balanced accuracy (ACC), and its performance
approaches that obtained with real PET images. These results further demon-
strate the superior synthesis quality and diagnostic relevance of TGH-DB.
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Table 1: Comparison of synthesis quality between TGH-DB and competing meth-
ods. Asterisks indicate statistically significant differences between TGH-DB and
each competing method based on the Wilcoxon signed-rank test: * p < 0.05.

Model
18F-FBP 18F-FBB

PSNR (dB) SSIM (%) AUC (%) ACC (%) PSNR (dB) SSIM (%)

Input MRI – – 73.03 66.79 – –

Pix2Pix [9] 28.19± 1.94∗ 85.89± 8.94∗ 71.12 64.03 29.80± 3.75∗ 91.63± 2.82∗

ResViT [4] 28.81± 2.09∗ 90.14± 6.11∗ 73.29 65.60 29.81± 2.26∗ 91.95± 1.97∗

Palette [21] 29.79± 2.32∗ 91.10± 2.43∗ 78.16 70.16 27.65± 1.67∗ 92.24± 1.34∗

SelfRDB [1] 29.98± 2.49∗ 91.92± 1.96∗ 78.84 71.63 30.14± 3.26∗ 92.08± 2.04∗

MOTFM [27] 29.24± 2.44∗ 90.72± 1.98∗ 82.28 76.54 30.34± 2.40∗ 90.58± 2.28∗

TGH-DB 31.55± 2.24 92.98± 1.63 88.79 81.28 31.93± 2.45 93.98± 2.33

Real PET – – 96.60 90.45 – –

Table 2: Ablation study. The means and standard deviations of PSNR and SSIM
are presented and the best results are in bold.

Model
18F-FBP 18F-FBB

PSNR (dB) SSIM (%) PSNR (dB) SSIM (%)

TGH-DB 31.55± 2.24 92.98± 1.63 31.93± 2.45 93.98± 2.33
w/o Mean Map 30.08± 2.38 91.03± 1.50 30.54± 2.42 92.42± 2.36
w/o Std Map 30.72± 2.59 91.78± 1.91 30.75± 2.64 92.66± 2.57
w/o Mean & Std Map 29.62± 2.55 90.86± 1.85 30.02± 2.59 91.37± 2.17
w/o TAF Modules 30.87± 2.69 91.93± 1.56 30.94± 2.48 92.97± 2.28
w/o TAED 30.45± 2.84 91.52± 1.93 30.66± 2.72 92.43± 2.64

3.2 Ablation Study

To assess the contribution of individual components in TGH-DB, we conducted
ablation experiments, and the results are shown in Table 2. We first examined
the role of the pathology template, including µtpl and σtpl. We removed µtpl
(referred to as “w/o Mean Map”), where the forward process was guided toward
a zero-mean distribution while retaining the variance σ2

tpl. We also removed
σtpl (referred to as “w/o Std Map”), where the noise variance was fixed to one
while the mean drift toward µtpl was preserved. We further reduced the dif-
fusion process to a standard diffusion model formulation (referred to as “w/o
Mean & Std Map”), where the terminal distribution was the standard Gaussian
noise N (0, I). Incorporating either component outperformed the vanilla diffu-
sion model, while using both achieved the best synthesis quality, highlighting
the benefit of leveraging prior knowledge of amyloid pathology distributions. To
evaluate the effectiveness of the proposed denoiser TAED, we replaced the TAF
modules with simple concatenation (referred to as “w/o TAF Modules”) and fur-
ther substituted TAED with a 3D U-Net from MAISI [6] (referred to as “w/o
TAED”). Both alterations led to worse results, which indicates the important
role of our TAED denoiser.
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4 Conclusion

We have proposed TGH-DB that improves the quality of PET synthesis from
multimodal MRI by leveraging population-level molecular pathology priors. TGH-
DB models the PET synthesis as a directed transition from a population-level
amyloid pathology template to the subject-specific distribution, thus enforcing
physiological constraints within a diffusion model framework. Experimental re-
sults on public datasets show that our approach outperforms existing methods in
synthesizing high-fidelity PET images and also benefits downstream tasks with
the synthesized PET data.
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