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Abstract. Positron Emission Tomography (PET) image reconstruction
is inherently challenged by Poisson noise and physical degradation fac-
tors, which are further exacerbated in limited-angle acquisitions. While
deep learning methods demonstrate promising performance, their gen-
eralization to unseen clinical data distributions remains limited without
extensive retraining. We propose PET-Adapter, a test-time domain adap-
tation framework for generative PET reconstruction models pretrained
solely on phantom data. Our method enables adaptation to clinical
datasets with varying anatomies, tracers, and scanner configurations
without requiring paired ground truth. PET-Adapter introduces layer-
wise low-rank anatomical conditioning during adaptation and Ordered
Subset Expectation Maximization-based warm-starting that initializes
the generation from physics-informed reconstructions, reducing diffusion
steps from 50 to 2 without compromising quality. Experiments across
multiple clinical datasets demonstrate superior 3D reconstruction per-
formance in both full-angle and limited-angle settings, highlighting the
clinical feasibility and computational efficiency of the proposed approach.
The code base for PET-Adapter will be made publicly available under
https://github.com /ruveydayilmaz0/Pet Adapter.

Keywords: Limited-Angle PET - PET Imaging - Diffusion Models

1 Introduction

Positron Emission Tomography (PET) is a powerful medical imaging modality
widely used for the diagnosis, treatment planning, and therapeutic monitoring of
diseases such as cancer, epilepsy, and Alzheimer’s disease |§|, Despite its
clinical value, PET image reconstruction remains challenging due to Poisson noise,
Compton scattering, random coincidences, and detector gaps . Conventional
iterative reconstruction methods partially mitigate these effects; however,
they are limited in their ability to produce high-quality images and are increasingly
being challenged by Deep Learning (DL) approaches .

DL-based post-processing methods can be applied in the image domain to
denoise reconstructions from conventional algorithms @L Although effective,
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these approaches are inherently constrained by the quality of the initial recon-
struction and do not leverage raw measurement data. In contrast, end-to-end
models are trained on measurement—ground truth (GT) pairs and act as stan-
dalone reconstructors [101/29]. While these methods often produce sharper images,
they may hallucinate structures that are inconsistent with the measured data [6].
To address this, DL-based iterative methods integrate neural networks as regular-
izers or learned priors within classical optimization frameworks (e.g., ADMM or
unrolled FBSEM), enforcing stronger data consistency [12}[20L28]. To reduce the
reliance on large, paired training datasets, recent work has shifted toward unsu-
pervised methods. Deep Image Prior (DIP)-based methods have been adapted to
PET sinogram and list-mode data, demonstrating improved preservation of high-
resolution information [7,{14]. More recently, generative modeling has advanced
toward diffusion models with PET-specific adaptations and joint PET-magnetic
resonance (MR) image reconstruction [20,[30|. Beyond standard reconstruction
challenges, limited-angle (LA) PET introduces additional difficulties due to incom-
plete measurements from dual-panel geometries or partial-ring scanners [11}[16].
Prior approaches to LA artifact mitigation include supervised U-Nets to map
incomplete data to full-ring equivalents [16]|, conditional diffusion models for
sinogram inpainting 31|, or implicit neural representations |11]. However, these
approaches for both full-angle (FA) and LA PET image reconstruction often
exhibit limited generalization to previously unseen data distributions, thereby
constraining their practical applicability. As a result, there remains a need for
methods capable of adapting to variations in scanners, tracers, and anatomical
characteristics without requiring extensive retraining on target data with paired
reference GT images. Hashimoto et al. [5] and Webber et al. [27] address this
problem by adapting a Deep Diffusion Image Prior and a Score-Based Gener-
ative Model, respectively, on a per-scan basis. We introduce PET-Adapter, a
dataset-wide adaptation strategy for Test-Time Domain Adaptation (TTDA)
that generalizes to unseen clinical datasets using a model pretrained on phantom
images. Our main contributions are as follows: (1) We present an unsupervised
adaptation framework with a tailored loss function to transfer generative PET
reconstruction models trained on phantom data to clinical datasets with varying
anatomies, pathologies, and tracers, thereby improving 3D reconstruction perfor-
mance in both FA and LA settings. (2) We propose a strategy to incorporate
MR images into unconditional pretrained models during adaptation via layer-
wise conditioning [15}23], providing anatomical guidance. (3) We introduce a
warm-starting strategy via diffusion inversion [21] to initialize the inference with
reconstructions from the Ordered Subset Expectation Maximization (OSEM)
method [8], reducing the diffusion sampling steps from 50 to 2 while maintaining
quality.

2 Method

PET image reconstruction is an ill-posed inverse problem, primarily due
to the ill-conditioned nature of the system matrix and the stochastic Poisson
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Fig. 1: The architecture of PET-Adapter. (a) Pretraining on phantom data is
followed by (b) test-time domain adaptation on clinical target domains via
(¢) layer-wise adaptation blocks. The final reconstruction is initialized with
(d) warm-starting (WS) and (e) optimized through T alternating steps of prior
refinement and data-consistency updates.

noise inherent to radioactive decay. This condition is further exacerbated by
physical degrading factors such as photon attenuation, scattering, and random
coincidences . The statistical model of the acquisition process is defined as:

y ~ Poisson(Ax + b), (1)

where y € N™ represents the measured projection data (prompts). A € R™*"
is the system matrix (or forward projector), modeling the probability that an
emission from voxel j, where j € {0,1,...,n — 1}, is detected by the detector pair
i, where i € {0,1,...,m — 1}. x € R, denotes the unknown radiotracer activity
distribution, and b € R™ accounts for the expected additive background events;
namely, scattered and random coincidences. PET image reconstruction aims to
estimate the activity distribution X from the noisy measurements y.
Score-based generative models can generate samples by learning to re-
verse a stochastic noising process described by Stochastic Differential Equations
(SDEs) . While the standard reverse process requires many iterative steps, the
Denoising Diffusion Implicit Model (DDIM) formulation allows for accelerated
sampling . A generalized update step at timestep t; € (0, 1], which can inter-
polate between deterministic DDIM sampling and stochastic variance-preserving
SDE, is formulated as:

Xtp_1 = ’Ytk—lf(o (xtk) — Uty \/ Ut2k,_1 - 77t2k30 (xtwtk) +77th with z ~ N(Ovl)a (2)

where Xg (x¢,) = (X, + v, 80 (X¢,, tr)) /71, denotes Tweedie’s estimate of the
clean image derived from the noisy state x;, , and sp is the learned score function.
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Table 1: Quantitative results for each reconstruction method across clinical test-
time datasets for (a) full-angle (FA) and (b) limited-angle (LA) acquisitions.

Method CERMEP AGIEF NX Huntington
PSNR SSIM PSNR SSIM PSNR SSIM  PSNR SSIM

OSEM 29.2 0.85 28.9 0.82 30.7 0.89 26.7 0.88
Bowsher 304 089 295 0.83 321 094 280 0.90

é PET-PIR (T =50) 24.5 0.84 272 0.77 36.4 0.96 25.5 0.84
= PET-DDS (T =50) 274 0.83 32.1 0.91 35.7 0.94 24.9 0.81
LiSch-SCD (T =50) 327 092 294 085 357 095 283 0.87
Ours (T=2) 35.3 0.96 35.4 0.96 37.6 0.95 30.7 0.91
OSEM 25.5 0.74 24.9 0.69 23.8 0.67 25.0 0.75
Bowsher 26.2 0.77 25.6  0.71 25.7 0.75 25.9 0.78

< PET-PIR (T=50) 229 067 214 064 305 090 227 0.69
- PET-DDS (I'=50) 222 070 284 0.79 308 089 223 067
LiSch-SCD (T'=50) 26.4 0.81 27.3 0.78 30.9 0.90 234 0.70
Ours (T=2) 32.2 0.91 31.7 0.87 32.0 0.92 25.2 0.78

The coefficients 7, v¢, and 7, are time-dependent scalars that define the signal
schedule (mean and variance) and the degree of stochasticity, respectively [20].
sp is trained with the standard denoising score matching (DSM) loss Lpsy [25].
To adapt this sampling approach for PET image reconstruction, Singh et al. [20]
propose a framework with a Maximum A Posteriori (MAP) objective that en-
forces data consistency, producing *MAF . This is achieved by splitting the update
into a prior term (U-Net-based diffusion) and a likelihood term. Specifically,
the intermediate estimate Xq is refined by maximizing the penalized Poisson
log-likelihood (MAP objective) using preconditioned gradient ascent with the
standard expectation maximization preconditioner. For our experiments in Sec-
tion [3, we employ this approach as the phantom-pretrained model (see Fig. )
to showcase the adaptation capabilities of PET-Adapter on novel datasets.

Test-Time Domain Adaptation (TTDA): For PET image reconstruction,
anatomical guidance from computed tomography (CT) or MR images is commonly
used to regularize the reconstruction and improve image quality [6,/7]. Given the
superior soft-tissue contrast of magnetic resonance imaging (MRI) data, we focus
on MRI-guided PET image reconstruction. We condition the reconstruction model
on MR images at test time by introducing a conditional branch that modulates
the original network blocks via affine transformations [15[23]. To integrate this
conditioning into the convolutional blocks of the U-Net-based pretrained score
function sy, we perform conditional low-rank adaptation [23|. Specifically, for a
layer [ with input x! € R¥, the adapted output h' is defined as follows:

h! = Wix! + AWx! = Wx! + Ug (Dx' | g(xmr))
with  é(z | g(xmr)) = 75 (9(xMRr)) © 2 + By (9(xMR))

3)
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Here, Wo, AW € R%** denote the frozen pretrained weights and their adaptation,
respectively. The matrices D € R™** and U € R%¥*" are learnable low-rank
adaptation matrices with rank r < min(d, k). The learnable mapper g projects
the conditioning input xyg to the latent adaptation space, while v, and 3,
produce layer-wise scale and shift parameters from g(xygr) (see Fig. , c). At
test time, we adapt the pretrained model sy to target datasets by learning only
these additional parameters. We define an adaptation objective L,gapt combining
a measurement-based loss (L) and an MRI-driven anatomical loss (L,). For Ly,
we minimize the Poisson NLL between the acquired measurements y and the
forward projection y = AXxMAP 4+ b |2|. The MRI-driven anatomical loss L, is
weighted by the total variation (TV) of xpg, penalizing gradients more strongly
in anatomically homogeneous regions and thereby encouraging the reconstruction
to conform to the underlying anatomy. From each MR image xyr € RY), we
derive weights w,, where p € {0,1,...,n — 1}, to encourage smoothing within
homogeneous tissue regions while preserving edges aligned with anatomical
boundaries. We define

||(VXMR)j> , (4)

wj = exp (—
o

where ||(Vxmr);j]| is the gradient magnitude at pixel j, and o controls sensitivity
to anatomical edges. The final adaptation objective is Ladapt = Lp + AL, where A
controls the trade-off between data fidelity and anatomical regularization. Unlike
prior TTDA approaches that perform per-image adaptation [5,[27], we perform
dataset-level global adaptation for all reconstructions, reducing overhead while
improving generalization and limiting per-image overfitting.

Warm-starting (WS): Classical analysis of maximum-likelihood expectation-
maximization (MLEM) or OSEM shows that low-frequency spatial components
associated with large singular values of the system matrix converge rapidly,
placing intermediate reconstructions close to the anatomical image manifold [32].
Due to the ill-posed nature of the inverse problem, continued iterations tend
to fit high-frequency Poisson noise rather than recover meaningful anatomical
details, progressively driving the reconstruction away from the clean PET image
manifold. Guided by this geometric insight, we use the OSEM reconstructions to
bypass the redundant low-frequency generation steps and later rely on the model
sg to predict the high-frequency structures. Specifically, we predict the noisy
image corresponding to the OSEM images via diffusion inversion [21] and initiate
denoising from this noise representation instead of random noise (see Fig. [Id). This
reduces the number of required diffusion steps substantially, without introducing
additional computational overhead for computing the OSEM images, as these
images are already required for measurement-based normalization regardless of
the initialization strategy [2027] (see Section [3). During inference, after WS, we
perform T alternating steps of prior refinements using sy and data-consistency
updates to compute XMAF (see Fig. )
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Fig. 2: Qualitative results for each reconstruction method and the reference GT
volumes from axial (left), coronal (top right), and sagittal (bottom right) views.

3 Experiments and Results

Datasets: We work exclusively with joint PET-MRI datasets for anatomically
guided PET image reconstruction, using brain phantom images for training
and clinical datasets for domain adaptation experiments. The BrainWeb dataset
consists of 20 simulated FDG-PET volumes with coregistered MR images and
represents a controlled, healthy human anatomy [1]. CERMEP [13]| provides
clinical brain PET-MRI data from healthy adults, which we use to evaluate the
adaptation performance of the model trained on simulated phantoms on real
data. The AGIEF dataset 33| includes scans from both healthy subjects and
epilepsy patients, with unseen pathological metabolic patterns—such as focal
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Table 2: Ablation results comparing the full adaptation pipeline (PET-Adapter)
to no warm-starting (w/o WS) or no adaptation (w/o TTDA) for (a) full-angle

(FA) and (b) limited-angle (LA) acquisitions.
Method CERMEP AGIEF NX Huntington
PSNRSSIM PSNRSSIM PSNRSSIM PSNR SSIM

PET-Adapter (T=2) 353 096 354 096 37.6 095 30.7 0.91
£ w/oWs (T=2) 296 085 291 084 309 090 26.7 0.79
— w/o WS (T=50) 349 095 364 097 352 095 312 0.95

w/o TTDA  (T=2) 262 074 263 073 347 091 247 0.78

PET-Adapter (T'=2) 322 091 317 087 320 092 252 0.78
< w/o WS (T'=2) 256 075 284 084 288 084 232 0.75
= w/o WS (T =50) 32.6 0.93 304 086 30.8 090 262 0.84

w/o TTDA  (T=2) 21.8 0.65 233 0.62 283 0.79 20.6 0.62

hypometabolism and altered oxygen—glucose indices—not present in BrainWeb’s
healthy simulations. The NeuroExplorer (NX) project provides multi-tracer data
acquired using a long axial field-of-view PET/CT scanner, together with corre-
sponding MR images, introducing previously unseen conditions arising from both
novel hardware configurations and tracer distributions [26]. To probe extreme
anatomical domain shifts, we also use animal models of Huntington’s disease [17].
Specifically, mouse brain MRI data are used to assign theoretical ["*F]FDG
uptake values to segmented gray and white matter, thereby simulating reference
PET images [12|. Unlike the NX dataset, the PET images provided in CERMEP
and AGIEF are of low quality; therefore, for these datasets, we first generate
high-SNR reference GT volumes by averaging the PET values within each brain
region defined by the MRI segmentations. Next, for each dataset, we simulate
PET measurements from the GT images using the Parallelproj framework [19],
modeling PET physics and noise, with true counts per emission volume set to 10
and 40% of the detectors disabled during the LA simulations.

Training: We train the score model sy on 2D slices of 3D images due to the
limited number of training volumes. sy is still used within a 3D reconstruction
framework, where inter-slice consistency is enforced through warm-start initializa-
tion from 3D OSEM reconstructions. The same model weights are used for both
FA and LA experiments, as the prediction of the data prior is independent of
the measurement geometry. The network is trained for 2000 epochs with a batch
size of 32 and a learning rate of 1 x 10~ on an NVIDIA RTX 4000 GPU. To
account for large intensity variations across PET scans, image-wise normalization
is applied to set the mean emission value of each training image to 1.0 [20].
TTDA: To adapt sy to out-of-distribution (OOD) data with additional anatom-
ical conditioning, we set the hyperparameters based on two held-out samples
from each target dataset |2|. For LA experiments, the contributions from missing
sinogram regions are masked out when computing the loss L.

Inference: During inference, we set the number of generation steps T to 2,
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which is substantially fewer than in other generative PET reconstruction meth-
ods [20,27], enabled by warm-start initialization. The prior predictions (Xg) from
the score function sy are denormalized to the original image intensity range
before the data consistency step to ensure a proper comparison between y and
¥ |20]. Since GT images are unavailable during adaptation and inference, the
intensity range is estimated from OSEM reconstructions with 30 subsets and 2
iterations following [20|. For warm-starting, we reverse the SDE to step ¢, = 0.4.
Comparative Methods: We evaluate our approach against established PET
reconstruction methods using Peak Signal-to-Noise Ratio (PSNR) and Structural
Similarity Index Measure (SSIM). Baseline comparisons include classical algo-
rithms, namely, OSEM [8] and Maximum a Posteriori Expectation Maximization
with a Bowsher prior (MAPEM-Bowsher) [3], where MR images are used to
construct the anatomical prior. We additionally compare against recent generative-
model-based PET reconstruction methods. These include PET-DDS [20], which
applies classifier-free guidance (CFG) using MR images, and DiffPIR with fea-
ture injection conditioning [24], which we adapt to incorporate structural MRI
information and PET-specific measurement updates, and rename as PET-PIR.
Finally, we compare to PET-LiSch-SCD (LiSch-SCD in short) [27], which applies
the Steerable Conditional Diffusion framework [2] to PET image reconstruction.
Following the published description, we implemented this method based on CFG-
guided PET-DDS; as the original code is not publicly available.

Results: We report the quantitative results in terms of PSNR and SSIM in Table
Notably, PETAdapter achieves successful TTDA using only 7' = 2 generation
steps, compared to the other diffusion-based methods listed in the table, which
require T' = 50 steps. As expected, the LA setting ) yields lower quality
than the FA setting ) due to incomplete measurements. Figure |2[ presents
qualitative comparisons in axial, coronal, and sagittal views for the FA setting
(the LA reconstructions are not shown due to space constraints). The visual
results demonstrate that PETAdapter produces reconstructions with superior
structural fidelity and intensity consistency compared to the other methods.
Ablations: To evaluate the contribution of different components in PETAdapter,
we conduct ablation studies by omitting WS and TTDA. In the absence of WS,
test-time adaptation is still performed; however, the reconstruction is initialized
from pure noise samples instead of OSEM reconstructions. For this setting, we
consider two configurations with 7' = 2 and T' = 50 iterations. With T" = 2, the
reconstruction quality degrades substantially across all datasets compared to
the full model with WS, as the limited number of iterations is insufficient for
adequate prior refinement and measurement updates (see Table . Increasing the
number of iterations to T" = 50 restores the performance to a level comparable to
T = 2 with WS, highlighting the effectiveness of WS in reducing the required
number of refinement steps. To assess the impact of TTDA, we retain WS, set
T = 2, and omit adaptation to the target dataset. This results in a significant
performance drop due to domain shift, as shown in Table
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4 Conclusion

In this work, we introduced PET-Adapter for TTDA of generative PET image
reconstruction models. By enabling robust adaptation to novel clinical datasets,
it improves the generalization across varying scanners, tracers, anatomies, and
pathologies without extensive retraining. Experiments in both FA and LA settings
demonstrate that PET-Adapter achieves superior performance while reducing
generative sampling steps from 50 to 2 via OSEM warm-starting. Coupled with
dataset-level adaptation, this reduction highlights its potential for immediate,
computationally efficient clinical deployment.
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