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Generative AI for medical image reconstruction in 
positron emission tomography (PET)



• Quick review of PET, image reconstruction, ML to MAP

• Justification for deep learning

• Diffusion models / score-based generative models

• Unsupervised diffusion models for reconstruction: a likelihood-scheduling method

• Steerable diffusion models (for when our acquired data are out of distribution)

• Personalisation of diffusion models (for improving quality of training data)

• Supervised diffusion models (exploiting measured data directly paired with high-

quality reference images)

Overview



Positron emission tomography (PET)
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Radiotracer is 
injected

18F 18O  + e+
PET scanner uses high-density crystals to 
detect the pairs of annihilation photons511 keV

511 keV

Used to image the brain, heart and body (e.g. dementia, heart disease, cancer)
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Medical Imaging ProcessFrom data acquisition to PET image reconstruction
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Maximum a posteriori (MAP) reconstruction
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1990s (iterative reconstruction, OSEM, MLEM)

Improved noise modelling

(Gaussian to Poisson)

2000s (OSEM+PSF, MLEM+PSF)

Improved physics modelling

(e.g. positron range)

1980s – 1990s (filtered backprojection (FBP))

Colsher 1980, Kinahan & Rogers 1989, Shepp & Vardi 1982, Hudson & Larkin 1994

Regularise (MAPEM)   

MRI guidance

Model-based reconstruction: maths, stats, physics, images

Poisson

Dirac

Radon

By Konrad Jacobs, Erlangen 
Mathematisches
Oberwolfach
https://opc.mfo.de/detail?photoI
D=4215, CC BY
https://commons.wikimedia.org/
w/index.php?curid=4534096

Tikhonov



Limitations of ML and MAP Image Reconstruction
Reduction of injected dose or shorter scanning time
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The motivation for deep learning
• Conventional MLEM and MAPEM

• Noisy, low-resolution data: ML estimate is noisy, with Gibbs ringing
• MAPEM: noise compensation (regularisation) can be too simple (quadratic, TV, RDP)

… or too imposing (e.g. MRI guidance can be wrong!)
• Assumes

• Imaging system model 
• Data noise distribution
• How to regularise (i.e. a simple model of 𝑝(𝒙) - how images should likely appear)

… but do we really know all these things?

• Deep learning can use
• Real-data examples to learn

• more accurate imaging and noise models (and their ‘inverse’)
• Ground truth or high-quality reference data

• to learn the probability distribution of high-quality images 𝑝(𝒙)
Data



Manifold of 
PET images

𝑝(𝒙)

𝑥ଵ

𝑥ଷ

𝑥ଶ



PET suitabilityMode coverageGeneration timeImage realism
Training 
stability

Method

ModerateMediumFastMediumGood
Autoencoders 
(VAE/WAE)

LowPoorFastGoodPoorAdversarial 
(GANs)

UnclearMediumMediumMediumGoodFlow-based 
models

HighGoodSlowVery goodGoodDiffusion 
models

Modelling 𝑝(𝒙) when given very few examples

   



J. Ho et al. “Denoising diffusion probabilistic models” NeurIPS 2020

Forward diffusion process (random)

Denoising diffusion probabilistic models (DDPMs) - discrete-time step diffusion (Ho et al. 2020, built on the seminal work 
of Sohl-Dickstein et al. 2015). Reverse process, predicts noise at each step. Fixed number of time steps (100 – 1000).

Score-based generative models (SGMs) - continuous-time diffusion via stochastic differential equations, Song et al. 2019

Denoising diffusion implicit models (DDIMs) allow steps to be skipped for speed up in the reverse generative process

Reverse diffusion process (generative)

Y. Song and S. Ermon. “Improved techniques for training score-based generative models” NeurIPS 2019
J. Song et al. “Denoising diffusion implicit models” ICLR 2021

Diffusion models



DDPM

𝒑𝑻
𝒑𝒕𝒑𝒕ି𝟏𝒑𝟎

Forward diffusion process: increasing levels of additive Gaussian noise

… …



DDPM

𝑥௧ = 1 − 𝛽௧𝑥௧ିଵ + 𝛽௧𝜖

Can generate image at any stage directly by using

𝑥௧ = 𝛼ത௧𝑥଴ + 1 − 𝛼ത௧𝜖

Forward diffusion process: increasing levels of additive Gaussian noise

𝜖 ~ 𝒩 0, 𝐼

After 𝑇 time steps
𝑥் = 𝛼ത்𝑥଴ + 1 − 𝛼ത்𝜖 𝑥் ~ 𝒩 0, 𝐼

… … 𝒑𝑻
𝒑𝒕𝒑𝒕ି𝟏𝒑𝟎

Forward diffusion process: step by step



DDPM
Forward diffusion process: increasing levels of additive Gaussian noise

Gradually generate each stage, starting from a sample 𝑥் from 𝑝்(𝑥்)
Reverse diffusion (generative) process

𝑥௧ିଵ = 𝑥଴ + 𝛽௧𝜖

𝑥଴ =
1

𝛼௧
𝑥௧ − 𝛽௧

1

1 − 𝛼ത௧

𝜖

… …

𝛻𝒙 log 𝑝(𝒙)

The score function of a 
probability distribution 𝑝(𝑥) is 
defined by

𝒑𝑻
𝒑𝒕𝒑𝒕ି𝟏𝒑𝟎

At any given stage, go backwards using



DDPM
Forward diffusion process: increasing levels of additive Gaussian noise

Reverse generative process, uses the gradient of log 𝑝௧(𝒙௧)

Approximate 𝛻𝒙 log 𝑝௧ (𝒙௧) with 𝑠𝜽(𝒙௧, 𝑡)

SCORE VECTOR

Just need to train a noise-prediction deep network 𝑠𝜽! (i.e. merely a denoiser!).
Pick a random noise level 𝑡, and pick an image 𝑥଴ from the training set:

make the image noisy at level 𝑡, to get 𝑥௧ : train a network to predict the noise added to the image 𝑥଴

Generative reverse process:
start with noise, denoise, then renoise the denoised image, to be slightly less noisy than before (𝑡 − 1),

and enter back into the generative process at that new time step (noise level)

… … 𝒑𝑻
𝒑𝒕𝒑𝒕ି𝟏𝒑𝟎



Review article



Diffusion models for unconditional image generation



Unsupervised image reconstruction

Training is the same!



Unsupervised reconstruction

• No need for paired data, just example images to model 𝑝(𝒙)

• Therefore adaptable to different noise levels / scanners / acquisition 

protocols

• But lower performance than supervised case (high-quality images 

specifically paired with noisy measured data)



Likelihood-Scheduled Score-Based 
Generative Modelling for Fully 3D 
PET Image Reconstruction

George Webber1, Yuya Mizuno2, Oliver D Howes2, Alexander 
Hammers3, Andrew P King1, Andrew J Reader1

1. School of Biomedical Engineering & Imaging Sciences, King’s College London, UK
2. Institute of Psychiatry, Psychology & Neuroscience, King’s College London, UK
3. Guy’s and St Thomas’ PET Centre & King’s College London, UK

G. Webber et al. IEEE Transactions on Medical Imaging 2025



PET-DDS (Decomposed Diffusion Sampling)

H. Chung & J. C. Ye, Score-based diffusion models for accelerated MRI. Med Image Anal. 2022;80:102479
I. R. D. Singh et al.  Score-based generative models for PET image reconstruction. MELBA. 2024;2(Generative Models):547-585.

• Lots of inter-dependent 
hyperparameters

• Slice inconsistencies in 3D
• Slow reconstructionCan we make this 

data adaptive?

Fixed MAP update 
(𝑛 proximal gradient 
ascent steps on PLL) 
with RDP



Contributions to improve upon DDS

• Fewer hyperparameters (4 down to 1)

• Clinically-motivated selection of that one remaining hyperparameter

• Faster

• Better 3D slice handling



Our likelihood-scheduled approach

Standard clinical image 
reconstruction uses 
~50 EM iterations



Our likelihood-scheduled approach

Gradient 
ascent of PLL

3D real data:
Network trained with 55 
3D images
13 test images



Maximize:
 𝑃𝐿𝐿 𝒙|𝒎 −  𝜆𝑈 𝒙

Vary 𝜆 to vary 
regularisation

Typical penalised 
reconstruction



High prior 
probability 

Low prior 
probability 

Images of equal 
likelihood

Maximize:
 𝑃𝐿𝐿 𝒙|𝒎 −  𝜆𝑈 𝒙

Vary 𝜆 to vary 
regularisation

Typical penalised 
reconstruction 𝑝 𝒙



Iso-likelihood sampling

High prior 
probability 

Low prior 
probability 

Images of equal 
likelihood

Maximize:
 𝑃𝐿𝐿 𝒙|𝒎 −  𝜆𝑈 𝒙

Vary 𝜆 to vary 
regularisation

Typical penalised 
reconstruction

Sample 𝒙 such that 𝒙 ~ 𝑝(𝒙) and 𝑃𝐿𝐿(𝒙|𝒎)  =  𝑐

𝑐 = 𝑃𝐿𝐿(𝒙ெ௅ாெ|𝒎) As consistent with 𝒎 as an MLEM image, 
but no issue of early-terminated MLEM

𝑝 𝒙



It 0:PLL 
unconditional 
generation from 
prior

It inf: PLL
Pure MLE
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It 0:PLL 
unconditional 
generation from 
prior

It inf: PLL
Pure MLE



It 0:PLL 
unconditional 
generation from 
prior

It inf: PLL
Pure MLE

EM updates based just on increasing 
measured data log-likelihood 



Image Reconstruction by Likelihood 
Scheduled Diffusion Sampling

Many samples can be obtained
Balance between likelihood and prior determined by 
total iterations of the likelihood schedule



Fully 3D Reconstruction

PET-DDS: relative difference prior (RDP)
 Score update:  𝑠ఏ

௫௬

 Likelihood update: proximal update
 Gradient ascent step
 Anchor step
 Relative difference prior in 𝑧 direction

Our approach: 3 perpendicular score models

 Score update:  
ଵ

ଷ
𝑠ఏ

௫௬
+ 𝑠ఏ

௬௭
+ 𝑠ఏ

௫௭

 Likelihood update: gradient ascent steps (to a 
likelihood schedule)

𝑹𝑫𝑷𝒛

 
𝟏

𝟑
𝒔𝜽

𝒙𝒚

𝒔𝜽
𝒙𝒚

I. R. D. Singh et al.  Score-based generative models for PET image reconstruction. MELBA. 2024;2(Generative Models):547-585.



Fully 3D Reconstruction

PET-DDS: relative difference prior (RDP)
 Score update:  𝑠ఏ

௫௬

 Likelihood update: proximal update
 Gradient ascent step
 Anchor step
 Relative difference prior in 𝑧 direction
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 Score update:  
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 Likelihood update: gradient ascent steps (to a 
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𝟑
𝒔𝜽

𝒙𝒚

𝒔𝜽
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2. iterations / generative step

3. step size
4. anchor weighting

5. RDP strength

1. number of generative steps

1. number of generative steps

2. target likelihood
(3. step size of gradient ascent)

I. R. D. Singh et al.  Score-based generative models for PET image reconstruction. MELBA. 2024;2(Generative Models):547-585.



Advantages of our approach

Fewer & 
independent 

hyperparameters

37

Corresponds 
with clinical  

MLEM

Fewer likelihood 
evaluations



Results



Dynamically varying numbers of likelihood steps

39Likelihood updates recorded for 100 steps of reverse diffusion

• Our method trivially adapts to different gradient ascent step sizes, enabling faster reconstruction by 
larger step sizes

Faster reconstruction



Example reconstructions – 2D realistic simulation data (low count)

G. Wang, J. Qi. Penalized likelihood PET image reconstruction using patch-based edge-preserving regularization. IEEE Trans Med Imaging. 2012 Dec;31(12):2194-204.
A. Mehranian, A.J. Reader. Model-Based Deep Learning PET Image Reconstruction Using Forward-Backward Splitting Expectation-Maximization. IEEE Trans Radiat Plasma Med Sci. 
2020 Jun 23;5(1):54-64.

Iterative model-based



Example reconstructions – 2D realistic simulation data (low count)

Reconstructions for SGM-based methods are the mean of 5 sample reconstructions.

G. Wang, J. Qi. Penalized likelihood PET image reconstruction using patch-based edge-preserving regularization. IEEE Trans Med Imaging. 2012 Dec;31(12):2194-204.
A. Mehranian, A.J. Reader. Model-Based Deep Learning PET Image Reconstruction Using Forward-Backward Splitting Expectation-Maximization. IEEE Trans Radiat Plasma Med Sci. 
2020 Jun 23;5(1):54-64.

Iterative model-based
End-to-end supervised 

deep learned
Image-based priors 

(with SGMs)



Example reconstructions – 2D realistic simulation data (low count)

Reconstructions for SGM-based methods are the mean of 5 sample reconstructions.

G. Wang, J. Qi. Penalized likelihood PET image reconstruction using patch-based edge-preserving regularization. IEEE Trans Med Imaging. 2012 Dec;31(12):2194-204.
A. Mehranian, A.J. Reader. Model-Based Deep Learning PET Image Reconstruction Using Forward-Backward Splitting Expectation-Maximization. IEEE Trans Radiat Plasma Med Sci. 
2020 Jun 23;5(1):54-64.

Singh et al 
2024

Webber et al 
2025



Bias-variance assessment – 2D realistic simulation data (low count)

43



Uncertainty of reconstructed slices (2D realistic sim. data)

44

• Reduced variation between samples as count increases



Fully 3D reconstruction (real [18F]-DPA714 data)

Quality of DM-based method: limited by training data (better training data -> better results!)
BUT FIRST… what if our actual data is out of distribution, if there is domain shift?



Steerable Diffusion Models for PET 
Image Reconstruction

George Webber1, Alexander Hammers2, Andrew P King1, 
Andrew J Reader1

1. School of Biomedical Engineering & Imaging Sciences, King’s College London, UK
2. Guy’s and St Thomas’ PET Centre & King’s College London, UK

G. Webber et al. IEEE Medical Imaging Conference 2025
arXiv:2510.13441



Conditioning a pre-trained diffusion model prior for 
PET image reconstruction

…

End:
High-quality image

…

Start:
Gaussian noise image

Denoising step Data fidelity step 
(likelihood increase)

Measured noisy 
sinogram 𝒎Forward 

model

Pre-trained 
denoising network

What happens when the 
data we are reconstructing 

comes from a different 
domain / distribution?



…

What happens when the 
data we are reconstructing 

comes from a different 
domain / distribution?

Adapt the prior to the data



Steerable Conditional Diffusion

Denoising step 
(with pre-trained 

network)

Data fidelity step 
(likelihood increase)

Diffusion steering 
step

Each timestep: the denoised estimate is a 
function of the network’s parameters θ + ∆θ.

Optimize the LoRA parameters ∆θ (e.g. with 
Adam) so that the denoised estimate has 
increased likelihood.

θ + ∆θ θ + ∆θ

Start:
Gaussian noise image

θ

…

LoRA parameters 
initially ∆θ := 0

+ ∆θ

End:
High-quality image

…



Results



Domain adaptation results

Steerable conditional diffusion 
adapts the prior to a new domain

Steerable conditional diffusion does 
not compensate for noise spikes

Train on images like this Attempt to reconstruct this image



Domain adaptation results

Steerable conditional diffusion 
adapts the prior to a new domain

Steerable conditional diffusion does 
not compensate for noise spikes

Train on images like this Attempt to reconstruct this image



Steerable Conditional Diffusion: Summary

• Enables some domain adaptation, where the training data has predictable 
structure (perhaps from a different scanner)

• More work needed to characterise the limits of steerability



Personalised Diffusion Models for 
PET Image Reconstruction

George Webber1, Alexander Hammers2, Andrew P King1, 
Andrew J Reader1

1. School of Biomedical Engineering & Imaging Sciences, King’s College London, UK
2. Guy’s and St Thomas’ PET Centre & King’s College London, UK

Can we upgrade the quality of our training data?

G. Webber et al. IEEE TRPMS 2025



MICCAI 2013

ATLASES

“…when used with appropriate 
care, such atlases could provide 
spatiotemporal priors for 3D and 
fully 4D PET image reconstruction.”



Learning prior information with a diffusion model
Forward diffusion process (random)

Reverse generative process (learnt)

56

Easy to train
Generalises well 

from few 
datasets

Scanner-
agnostic



Conditioning a trained diffusion model
Forward diffusion process (random)

Reverse generative process (learnt)
57

?

Pre-trained diffusion modelPET physics

Challenge: we’re asking our 
diffusion model to generalise to all 

unknown brain anatomies from 
<50 datasets.

Possible, but needlessly tricky!



Personalised diffusion model

58

Affine + 
VoxelMorph



Personalised diffusion model

Can now train a 
patient-anatomy 

unique diffusion model



Personalised diffusion model

Richer SNR to 
train a diffusion 

model



Personalised diffusion model

61



Personalised diffusion model

62



Results



Results – quantitative images (simulated 2D FDG case)

64

Ground truths Baselines Ours



Results – reconstruction accuracy (simulated 2D FDG case)

65



Results – real [18F]DPA-714 images, 2D real-data reconstructions

66

OSEM 
2D

SGM
2D

SGM (pseudo-PET) 
2D

|S| = 1        |S| = 4
MR (T1) OSEM 

3D

Ground truths Baselines Ours



Real data 3D FDG case: reconstructing low count data

67



Supervised Diffusion Models for 
PET Image Reconstruction

George Webber1, Alexander Hammers2, Andrew P King1, 
Andrew J Reader1

1. School of Biomedical Engineering & Imaging Sciences, King’s College London, UK
2. Guy’s and St Thomas’ PET Centre & King’s College London, UK

G. Webber et al. MICCAI 2025

Pairing high-quality images with noisy measured data



Supervised diffusion models for PET reconstruction
• Unsupervised diffusion model (DM) methods

 Can improve image quality relative to conventional MAP methods
• DM does not learn how Poisson noise, system model, and iterative data-consistency steps affect the image
• Limits image quality and quantitative accuracy

• Conventional supervised methods
Trained end-to-end to map noisy measurements to higher-quality reference images

 Excellent image quality and quantitative accuracy for specific acquisition protocols (e.g. low dose imaging)
• But no model of probability distribution over images
• Point estimates only, no principled uncertainty quantification
• No generative mechanism to explore posterior variability

• Supervised DM
• Train the DM with high-quality images paired with noisy PET measurement data, using the system model
 High accuracy
 Posterior sampling (uncertainty quantification)



Diffusion Model Training
Add Gaussian noise with varying σ to training images
Train a network to remove the noise



Generating Images with Diffusion Models
Begin with random noise. At each time step, predict and remove a small amount of noise,
until a high-quality image remains



PET-DEFT: conditioning a DM on raw PET data
> Get current unconditioned 
high-quality estimate via a 
pre-trained unconditional DM

> Use that estimate to find the 
gradient of the Poisson log-
likelihood (PLL) wrt noisy 
measured data

> Input i) the current iterate, 
ii) unconditional estimate and 
iii) gradient of the PLL
to the conditional DM 
denoiser

> Apply a non-negativity 
operation, ensures the 
conditional score estimate 
results in a non-negative final 
image

Denker et al. DEFT Advances in Neural Information Processing Systems 2024



Results



Results: Qualitative Comparison

As dose level increases, all methods converge towards the ground truth at different rates
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Results: NRMSE
Supervised approaches
PET-DEFT and FBSEMnet (i.e.
those with access to raw data
for training) yield the most
accurate reconstructed
Images

Unsupervised DM-based
approaches PET-DDS
and PET-LiSch perform worse



Results: SSIM
Supervised approaches
PET-DEFT and FBSEMnet (i.e.
those with access to raw data
for training) yield the most
accurate reconstructed
Images

Unsupervised DM-based
approaches PET-DDS
and PET-LiSch perform worse



Results: Samples from the Posterior

Samples from PET-DEFT (supervised) visually resemble the ground truth 
manifold much more than samples from PET-LiSch (unsupervised)



Results: Reconstruction of real 3D data
Samples show meaningfully different cortical folding patterns
The mean image delivers greater separation between the caudate and putamen



Supervised diffusion models: Discussion
• Incorporating measurement information into the DM's sampling process improves reconstruction 

accuracy of mean reconstructed images

• Samples generated by our method PET-DEFT more closely match the ground truth

• Introducing measurement information during training may limit generalisability to different doses 
and acquisition setups

• Explicitly encouraging image non-negativity enables reduction of the reverse diffusion steps as low 
as 5 (may also apply to unsupervised methods)

• Computationally feasible in 3D with real data
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