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Abstract. Low-dose Positron Emission Tomography (PET) reduces ra-
diation exposure but suffers from severe noise and quantitative degrada-
tion. Diffusion-based denoising models achieve strong final reconstruc-
tions, yet their reverse trajectories are typically unconstrained and not
aligned with the progressive nature of PET dose formation. We propose
MAP-Diff, a multi-anchor guided diffusion framework for progressive
3D whole-body PET denoising. MAP-Diff introduces clinically observed
intermediate-dose scans as trajectory anchors and enforces timestep-
dependent supervision to regularize the reverse process toward dose-
aligned intermediate states. Anchor timesteps are calibrated via degra-
dation matching between simulated diffusion corruption and real multi-
dose PET pairs, and a timestep-weighted anchor loss stabilizes stage-
wise learning. At inference, the model requires only ultra-low-dose in-
put while enabling progressive, dose-consistent intermediate restoration.
Experiments show consistent improvements over strong deep learning
baselines on both internal (Siemens Biograph Vision Quadra) and cross-
scanner (United Imaging uEXPLORER) datasets. MAP-Diff improves
PSNR from 42.48dB to 43.71dB (+1.23dB) and reduces NMAE from
0.115 to 0.103 compared with 3D DDPM.

Keywords: 3D Whole-body PET Denoising - Low-dose PET - Diffusion
Models - Multi-Anchor Supervision

1 Introduction

Positron Emission Tomography (PET) plays a central role in clinical diagno-
sis, treatment planning, and quantitative functional analysis [5]. However, PET
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Fig. 1. Overview of MAP-Diff. (a) Unlike conventional diffusion models that su-
pervise only the final target, MAP-Diff aligns intermediate diffusion states with paired
PET acquisitions at progressively increasing dose levels. (b) During training, timestep
zones are associated with dose-specific anchors through an anchor-weighted loss. (c)
Progressive inference trajectory enabling dose-consistent intermediate outputs.

acquisition requires the injection of radioactive tracers, which inevitably intro-
duces radiation exposure to patients [1]. To reduce this risk, clinical protocols
often lower the injected dose or shorten the acquisition time, but both strategies
substantially degrade image quality due to increased noise and reduced count
statistics [6,16]. This creates a fundamental trade-off between radiation safety
and diagnostic reliability. As a result, developing robust low-dose PET denoising
methods that can recover high-fidelity images from severely degraded measure-
ments has become an important research problem, with the goal of preserving
diagnostic quality while minimizing patient exposure [20, 10, 19].

Deep learning has advanced low-dose PET denoising, progressing through
several architectural paradigms. Early CNN-based models [16, 2, 12, 4] achieved
effective noise suppression but often produced over-smoothed results with loss of
fine anatomical detail. GAN-based approaches [13,15, 23] improved perceptual
realism through adversarial training, yet frequently suffered from training insta-
bility and hallucination risk. More recently, transformer-based architectures [21,
10] demonstrated stronger global context modeling, but their high memory and
computational cost limit practical deployment for large 3D whole-body PET
volumes. Denoising Diffusion Probabilistic Models (DDPM) [8] have therefore
emerged as a promising alternative due to their stable optimization and strong
generative fidelity. Recent diffusion-based PET denoising frameworks (7, 14, 20,
11] now achieve state-of-the-art performance across multiple benchmarks.

Despite this progress, diffusion-based PET denoising still exhibits two key
mismatches between training objectives and the underlying data structure. First,
standard diffusion models are primarily optimized for final reconstruction accu-
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racy at t = 0, while the intermediate reverse trajectory remains unconstrained.
As illustrated in Fig. 1(a), the denoising path is learned implicitly through noise
prediction and is not explicitly aligned with clinically meaningful dose levels,
leading to dose-inconsistent intermediate states. As a result, intermediate states
may satisfy the diffusion objective but not semantically dose-consistent. Sec-
ond, PET image formation is inherently progressive: image quality improves
gradually with increasing count statistics, and intermediate-dose images follow
structured, non-arbitrary appearance patterns governed by acquisition physics
and tracer kinetics [1, 5]. However, existing diffusion approaches do not explicitly
encode this progressive dose structure in the reverse process. Even when multi-
dose data are available, supervision is typically applied only at the final tar-
get, leaving the reverse trajectory physically unregularized and failing to exploit
structured intermediate-dose information. This creates a structural mismatch:
the learned generative trajectory is unconstrained with respect to the monotonic
and physically grounded dose progression inherent to PET acquisition.

To address these two mismatches, we propose MAP-Diff (Fig. 1(b)), a multi-
anchor guided diffusion framework for progressive 3D whole-body low-dose PET
denoising. MAP-Diff introduces clinically observed intermediate-dose images as
trajectory anchors and applies timestep-dependent supervision along the reverse
diffusion process. By extending supervision from the final output to the full de-
noising trajectory, MAP-Diff resolves the objective mismatch. Simultaneously,
by enforcing stage-wise alignment with physically grounded dose levels, it regu-
larizes the generative path to reflect the progressive nature of PET acquisition.

As a result, the reverse diffusion trajectory becomes both semantically struc-
tured and dose-consistent across clinically meaningful stages, while still requiring
only ultra-low-dose input at inference. Our main contributions are threefold:

— We propose MAP-Diff, a multi-anchor guided diffusion framework that con-
strains the reverse denoising trajectory using clinically observed intermediate-
dose anchors, rather than supervising only the final full-dose target.

— We introduce timestep-dependent trajectory supervision that aligns diffu-
sion corruption with real PET dose degradation, enforcing trajectory-level
consistency and enabling dose-consistent intermediate reconstructions.

— Comprehensive evaluation on ultra-low-dose 3D whole-body PET across in-
ternal and cross-scanner datasets, showing consistent gains in structural fi-
delity and quantitative accuracy over state-of-the-art baselines.

2 Method

2.1 Problem Setup and Notation

Let £2 C Z3 denote a 3D voxel grid of size H x W x D. For each subject, we
observe paired multi-dose PET volumes {xl/zo, /10 /4 21/2, 2 We define
the ultra-low-dose image as the conditional input y = 2'/2° and denote the full-
dose reference as g := zf"". To model the progressive nature of PET dose forma-
tion, we introduce a set of clinically observed dose anchors A = {a1, a2, a3, a4},
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where a1, as, az correspond to the 1/10, 1/4, and 1/2 dose volumes, and a4 = xg.
Our goal is to learn a conditional generative model that restores full-dose PET
from ultra-low-dose input while enforcing a dose-consistent denoising trajectory.
Only y is required at inference time.

2.2 Conditional Diffusion Backbone

We employ a conditional denoising diffusion probabilistic model (DDPM) |§].
Given a variance schedule {a;}._;, the forward process admits the closed-form
marginal

re =Vaywo+V1—aze, e~ N(0,]I), (1)

where a; = Hi:l as. Although PET noise follows Poisson photon-counting
statistics [1, 5], we adopt Gaussian diffusion corruption as a tractable surrogate
in image space; boundary calibration (Sec. 2.3) aligns statistical degradation
levels rather than assuming physical noise equivalence.

A conditional denoiser €g(x¢,t | y) predicts the injected noise given the noisy
volume, timestep, and ultra-low-dose condition. A per-timestep clean estimate
is obtained as

ﬁ:om,ﬂy>:¢%(zﬁﬁfatee<zt,t\y>>. (2)

Unlike standard diffusion training that uses %y only implicitly, MAP-Diff uses
this estimate for explicit trajectory-level supervision.

2.3 Multi-Anchor Trajectory Supervision

To resolve the objective and structure mismatches discussed in Sec. 1, MAP-Diff
(Fig. 1 (b)) introduces trajectory-level supervision using clinically observed dose
anchors. Instead of supervising only the final reconstruction target, we constrain
the reverse diffusion trajectory itself to follow dose-aligned stages. We partition
the timestep axis into four supervision zones with boundaries 0 < 73 < 75 <
71 < T and define intervals Zy = [m1, T, Iy = [12,T1), I3 = [13,T2), T4 = [0, T3).
Each timestep is assigned an anchor target through a piecewise mapping

a(t) =Y _1[t € Zj] ;.

j=1

This zoning strategy defines a dose-aligned semantic curriculum along the re-
verse process: high-noise timesteps are guided toward lower-dose anchors, while
later timesteps are constrained toward higher-dose targets. As a result, interme-
diate states are explicitly regularized to be dose-consistent rather than uncon-
strained latent denoising states.
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Boundary Calibration The timestep boundaries (71,72,73) are calibrated
by matching diffusion corruption levels to clinically observed dose degradation.
Within a body mask M, we compute degradation signatures relative to full dose
using both intensity and structural criteria:

d;lin — (NMAE(M ® CLj,MQ gjo)7 1— SSIM(M O] Clj,M O] J?O))a (3)
dSim(t) = (NMAE(M ® x¢, M ® zq), 1 — SSIM(M ® ¢, M ® xg)). (4)

Matched timesteps are selected by ¢ = argmin, [|dsim (t) — d;““”g, and final
boundaries are obtained from dataset-level averages.

2.4 Training Objective and Inference

Training combines standard diffusion noise prediction with anchor-guided tra-
jectory supervision. Sampling ¢ ~ Unif{1,...,T}, the standard objective is

»Cnoise = Et,e |:||6 - Eﬂ(xtat ‘ y)”%]v (5)

which ensures correct diffusion modeling but supervises only the final target.
To extend supervision to the trajectory and enforce dose consistency, we add
an anchor reconstruction loss on the per-timestep clean estimate:

Lanch = Bt [w(t)||Zo(xe, t | y) — a(t)]3]- (6)

The timestep weight w(t) = (1 — ¢/T)? emphasizes later, lower-noise stages
where predictions are more reliable, avoiding over-constraining early noisy states
while preserving progressive alignment.

We adopt hard timestep zoning and a polynomial weighting schedule as a
simple and stable mechanism for stage-aware supervision. In practice, soft as-
signments or learned weighting functions could also be employed; however, the
piecewise formulation provides clear dose-stage separation and was found em-
pirically sufficient without introducing additional optimization complexity.The
final loss is:

L= Lnoise + )\Eanch- (7)

The addition of the anchor term modifies the standard DDPM objective.
While £,,0ise preserves the score-matching formulation, £, acts as a trajectory-
level regularizer. Thus, MAP-Diff can be viewed as a regularised conditional score
model rather than a strictly likelihood-consistent diffusion model, prioritizing
dose-consistent trajectory shaping over exact likelihood optimization.

At inference (Fig. 1 (c)), given ounly input y, we run the reverse diffusion
process to obtain the final full-dose estimate . Because supervision is applied
along the trajectory, intermediate-dose synthesis can be exported by recording
Zo(xe, t | y) at t = 71, T2, T3, yielding synthetic volumes aligned with intermediate
dose levels.
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Table 1. Quantitative comparison results. Statistical significance is assessed us-
ing a two-sided Wilcoxon signed-rank test with Holm correction. * and ** denote
statistically significant differences compared with MAP-Diff at p < 0.05 and p < 0.01,
respectively.

Method Internal (University Hospital of Bern) ‘ External (Shanghai Ruijin Hospital)
PSNR?t SSIM? NMAE| | PSNR?T SSIMt NMAE/]
Low-dose Input 38.545+1.798**  0.94840.018"** 0.19940.036** | 30.402+3.475** 0.8964:0.033** 0.25740.059**
3D c¢GAN [15] 40.721£1.293**  0.97740.006** 0.127+0.015%* | 33.06243.624**  0.927+0.053** 0.174+0.031**
3D UNet [4] 41.810£1.377**  0.97240.007** 0.1204+0.015%* | 33.65443.810** 0.904+0.074** 0.164+0.031**
RED-CNN [2] 42.185+1.427%%  0.98140.005** 0.119£0.016™* | 33.989+3.725%* 0.94540.025** 0.16140.030**
EDCNN [12] 42.355+1.579%*  0.98340.006** 0.1160.017** | 33.841+£3.615%* 0.94240.023** 0.164+0.024**
LIT-Former [3] 42.036+£1.537**  0.9814+0.006** 0.121£0.017** | 33.471+£3.723**  0.9314+0.037** 0.176+0.042**
Restormer [21] 42.198+1.466%* 0.9794+0.007** 0.12440.020** | 33.657+3.811** 0.93940.027** 0.17140.036**
Spach Former [10] 42.290£1.515%* 0.982+0.005** 0.11840.015%* | 34.109+3.882** 0.9451+0.030** 0.15340.032**
DRMC [19] 42.378+1.619%*  0.98240.006** 0.115£0.018%* | 34.006+£3.832** 0.94240.027** 0.163+0.034**
3D DDPM [20] 42.483+1.593%*  0.983+0.005** 0.115+0.016** | 34.117+3.485%* 0.947+0.021** 0.15140.023**
MAP-Diff 43.710£1.575 0.986+:0.004 0.103+0.014 | 34.419+3.611 0.952:+0.023 0.141:+0.025

3 Experiments and Results

3.1 Experiments

Dataset. We use the Ultra-Low-Dose PET Challenge dataset [18], which pro-
vides multi-dose whole-body PET scans from two vendors: University Hospital of
Bern (Siemens Biograph Vision Quadra) and Shanghai Ruijin Hospital (United
Imaging uEXPLORER). For in-distribution experiments, we select 377 *¥F-FDG
scans from the Siemens system with paired dose levels (1/20, 1/10, 1/4, 1/2, and
normal). Subjects are split into 297/20/60 for training/validation/testing. For
cross-scanner evaluation, we use 100 uEXPLORER scans for external testing
only. All volumes are converted to SUV, center-cropped to 192 x 288 x 520, and
divided into overlapping 96 x 96 x 96 patches for fully 3D training [20].

Evaluation Metrics. We use PSNR [9] and SSIM [17] with normal-dose PET as
the golden-rule. PSNR measures voxel-wise fidelity, while SSIM assesses struc-
tural and perceptual similarity. We additionally report NMAE [17] to quantify
intensity deviations, which is particularly important in PET since all volumes
are expressed in SUV units and require accurate quantitative recovery.

Ezxperiment Details. All experiments are implemented in PyTorch and run on
NVIDIA A100 GPUs. Diffusion models use T=1000 timesteps with a linear noise
schedule (B; from 1x107* to 2x1072) and are optimized with Adam [22] at
learning rate 1x10~*. All methods are evaluated in fully 3D form for volumetric
PET. Baselines originally proposed in 2D [12,2, 3, 21] are converted to 3D while
preserving their original architectures and training settings.

3.2 Results

Overall quantitative and qualitative performance. Table 1 reports quantitative
comparisons on the internal (Siemens Quadra) and external (WEXPLORER)
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Fig. 2. Qualitative comparison of PET denoising methods on a whole-body
PET study reconstructed from 1/20-dose data. Coronal, sagittal, and axial views
with enlarged regions of interest are shown. Red arrows highlight structures and uptake
patterns that are degraded in competing methods.

cohorts. MAP-Diff achieves the best performance across all metrics on both
datasets, with statistically significant improvements over all competing methods
(p < 0.01). On the internal cohort, MAP-Diff increases PSNR to 43.71+1.58 dB,
outperforming the strongest diffusion baseline (3D DDPM [20]) by +1.23dB.
NMAE is reduced from 0.115 to 0.103, while SSIM improves to 0.986, depicting
enhanced structural fidelity and quantitative accuracy. On the external cohort,
MAP-Diff achieves 34.4243.61dB PSNR and reduces NMAE to 0.141, again
surpassing 3D DDPM (34.12dB, 0.151 NMAE) and all CNN- [4, 2,12, 19], GAN-
[15], and Transformer- [3,21,10] based baselines. Qualitatively (Fig. 2), MAP-
Diff better preserves lesion contrast and anatomical boundaries while effectively
suppressing noise without introducing over-smoothing artifacts.

Intermediate-dose reconstruction behavior. To validate the progressive recon-
struction property described in Sec. 2.4, we compare intermediate outputs ex-
tracted at anchor timesteps with real paired intermediate-dose references. As
shown in Fig. 3 (a), MAP-Diff consistently outperforms 3D DDPM at the 1/10,
1/4, and 1/2 dose levels across PSNR, SSIM, and NMAE. The largest margin
occurs at the earliest stage (1/10 dose), where noise levels are highest and tra-
jectory guidance is most critical. The error maps in Fig. 3(b) further show that
MAP-Diff produces more spatially homogeneous residuals with reduced struc-
tured errors compared with 3D DDPM across all stages. This behaviour indicates
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Fig. 3. Evaluation of reconstruction fidelity at anchor dose levels. (a) Quan-
titative comparison against paired real-dose references at the 1/10, 1/4, and 1/2 dose
levels. (b) Coronal-view signed error maps with respect to the corresponding dose-
specific references.

that anchor-based supervision provides effective stage-local constraints, steering
the reverse process toward dose-consistent intermediate states. As a result, MAP-
Diff improves not only the final reconstruction but also the quantitative accuracy
of intermediate outputs along the trajectory.

Ablation on anchor supervision design. Table 2 presents ablations of the anchor
supervision design, varying both the number of anchors and the timestep weight-
ing strategy. Using all three anchors with timestep-weighted loss (S1) yields the
best overall performance across all metrics. Reducing the number of anchors
leads to gradual degradation, with configurations that include the earliest an-
chor (1/10 dose) consistently outperforming those that use only later anchors,
indicating that early-stage guidance contributes most to trajectory shaping. Re-
placing timestep-dependent weighting with constant weighting (S8) significantly
degrades performance, suggesting that stage-aware loss scaling is important to

Table 2. Ablation study of the anchor supervision design in MAP-Diff. Dif-
ferent anchor configurations and timestep weighting strategies are evaluated.

Set #A Anchors W PSNR SSIM NMAE ‘ Set #A Anchors W PSNR SSIM NMAE
Baseline 3D DDPM [20] (No Anchors): PSNR: 42.483, SSIM: 0.983, NMAE: 0.115

S1 3 1/10,1/4,1/2 Poly 43.710 0.986 0.103 |S2 2 {1/10,1/4} Poly 43.672 0.984 0.104

S3 2 {1/10,1/2} Poly 43.521 0.983 0.106 |S4 2 {1/4,1/2} Poly 43.414 0.982  0.107

S5 1 {1/10} Poly 43.503 0.983 0.106 |S6 1 {1/4} Poly 43.267 0982  0.109

S7 1 {1/2} Poly 42.790 0.981 0.111 | S8 3 {1/10,1/4,1/2} Const 41.856 0.905 0.133
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stabilize training and avoid over-constraining high-noise timesteps. Together,
these results confirm that both multi-anchor coverage and timestep-adaptive
weighting are key to effective trajectory supervision.

4 Conclusion

We introduced MAP-Diff, a multi-anchor guided diffusion framework for pro-
gressive 3D whole-body low-dose PET denoising. By introducing clinically ob-
served intermediate-dose anchors and timestep-dependent trajectory supervi-
sion, MAP-Diff constrains the reverse diffusion process to follow a dose-aligned
and stage-consistent restoration path, addressing the mismatch between endpoint-
only objectives and progressive PET dose structure. The anchor-based trajectory
regularization enables stage-wise semantic consistency while requiring only ultra-
low-dose input at inference. Experiments on both internal and cross-scanner
datasets demonstrate consistent improvements over strong baselines in visual
quality and quantitative accuracy. Future work will explore adaptive anchor se-
lection and extension to other progressive medical image reconstruction settings.
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