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ABSTRACT

We provide a framework for solving inverse problems with diffusion models learned
from linearly corrupted data. Firstly, we extend the Ambient Diffusion framework
to enable training directly from measurements corrupted in the Fourier domain.
Subsequently, we train diffusion models for MRI with access only to Fourier sub-
sampled multi-coil measurements at acceleration factors R= 2, 4, 6, 8. Secondly,
we propose Ambient Diffusion Posterior Sampling (A-DPS), a reconstruction al-
gorithm that leverages generative models pre-trained on one type of corruption
(e.g. image inpainting) to perform posterior sampling on measurements from a
different forward process (e.g. image blurring). For MRI reconstruction in high
acceleration regimes, we observe that A-DPS models trained on subsampled data
are better suited to solving inverse problems than models trained on fully sampled
data. We also test the efficacy of A-DPS on natural image datasets (CelebA, FFHQ,
and AFHQ) and show that A-DPS can sometimes outperform models trained on
clean data for several image restoration tasks in both speed and performance.

Figure 1: Ambient Diffusion Posterior Sampling (Ambient DPS). During training, we only have access to
linearly corrupted data from a forward operator Atrain. We use the Ambient Diffusion framework to learn a
generative model, Gambient, for the uncorrupted distribution, p(x0). At inference time, we sample from the
posterior distribution p(x0|yAinf ), for measurements yinf coming from a different forward operator, Ainf .

1 INTRODUCTION

For some applications, it is expensive or impossible to acquire fully observed data (Collaboration
et al., 2019; Gao et al., 2023; Yaman et al., 2020) but possible to acquire partially observed samples.
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Figure 2: Prior samples from diffusion models trained on MRI scans. Columns1 � 4: Diffusion models
trained on subsampled MRI scans at acceleration factorsR = 2 ; 4; 6; 8, using the Ambient Diffusion framework
extended for Fourier subsampled training. Columns5� 8: EDM models trained with L1-wavelet reconstructions
of subsampled scans atR = 2 ; 4; 6; 8. Column9: NCSNV2 trained with fully sampled scans. Column10: EDM
trained with fully sampled scans. We observe that Ambient Diffusion models consistently produce high-quality
and realistic MRI scans even in high acceleration regimes.

Furthermore, it may be desirable to train generative models with corrupted data since that reduces
memorization of the training set (Daras et al., 2023b; Carlini et al., 2023; Somepalli et al., 2022).
Prior works have shown how to train Generative Adversarial Networks (GANs) (Bora et al., 2018;
Cole et al., 2021), �ow models (Kelkar et al., 2023) and restoration models (Lehtinen et al., 2018;
Krull et al., 2019; Yaman et al., 2020; Millard & Chiew, 2023) with corrupted data. More recently,
there has been a shift towards trainingdiffusion generative modelsgiven corrupted data (Daras et al.,
2024; 2023a;b; Aali et al., 2023; Kawar et al., 2023; Cui et al., 2022; Kim & Ye, 2021). What remains
unexplored is how generative models trained on a certain type of corruption (e.g. inpainted data) can
be used to solve inverse problems with a different forward process (e.g. blurring).

We propose the �rst framework to solve inverse problems with Ambient Diffusion models (Daras
et al., 2023b). These models are trained using only access to linear measurements and they estimate
theambient score, i.e. how to best reconstruct given an input with a corrupted linear forward operator
corrupted noisy input. We show how to use these models for solving linear inverse problems outside
their training distribution. Our experiments on datasets of natural images and multi-coil MRI show
something surprising: Ambient Models can outperform (in the high corruption regime) models
trained on clean data while being substantially faster. Our algorithm extends Diffusion Posterior
Sampling (Chung et al., 2023) to Ambient Diffusion models.Our contributions: †

• We proposeAmbient Diffusion Posterior Sampling(Ambient DPS), an algorithm that uses
diffusion models trained on linearly corrupted data as priors for solving inverse problems
with arbitrary linear measurement models.

• We extend the Ambient Diffusion framework to train models using Fourier subsampled
measurements. Speci�cally, we train on subsampled multi-coil MRI scans at various retro-
spective acceleration factors (R=2; 4; 6; 8); we observe that models trained on subsampled
data are better priors for solving inverse problems in the high acceleration regime.

• We use pre-trained Ambient Diffusion models to solve inverse problems (compressed
sensing, super-resolution) on natural image datasets (CelebA, FFHQ, AFHQ) and show that
they can even outperform models trained on clean data in the high corruption regime.

†We open-source our code and Ambient Diffusion models: github.com/utcsilab/ambient-diffusion-mri.

2

https://github.com/utcsilab/ambient-diffusion-mri



	Introduction
	Method
	Background and Notation
	Ambient Diffusion for MRI
	Ambient Diffusion Posterior Sampling
	Ambient Diffusion for in-domain reconstructions.

	Experiments
	Ambient MRI Diffusion Models
	Accelerated MRI Reconstruction
	Ambient Diffusion with Pre-trained Models on Datasets of Natural Images

	Conclusion
	Theoretical Results
	Theory Proof

	Dataset Preparation
	Details for baselines.
	Hyperparameters for MRI models
	Additional MRI Results
	Additional Natural Image Performance Results
	Additional Natural Image Speed Results
	Limitations and Future Directions.
	Acknowledgements

