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pyxu-org.github.io
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CLEAN algorithms: 
• Create an empty estimate   
• Iteratively add discrete 

components to  consistent 
with  using the forward model: 

x̂

x̂
y

ŷ = Hx̂

Problem: sky is not always made 
of sparse discrete components!

arXiv: 2412.10073
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Machine learning approaches: learn to predict  from  
with a conditional generative model

x y
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Machine learning approaches: learn to predict  from  
with a conditional generative model
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Machine learning approaches: learn to predict  from  
with a conditional generative model

x y

Problem: Network learns , but  depends on instrument, observation time, pointing 
direction, etc etc => retrain for every new instrument & observation configuration

H H

xθ xy



Inverse problems in radio astronomy

8

Can we have the best of both worlds? 

Goal: Use AI to learn a data-driven prior of the sky without 
needing to learn the form of the operator H



Forward process:

Denoising Diffusion Probablistic Models (DDPM)
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Reverse process:
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Reverse process:

arXiv:2006.11239
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“[Diffusion models have a] form 
of implicit dynamical 
regularization in the training 
dynamics, which allow to avoid 
memorization even in highly 
overparameterized settings” 
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Galaxy generation with DDPM

Does a good job learning the prior p(x)
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Denoising Diffusion Restoration Models (DDRM)

arXiv: 2201.11793

DDRM is a Markov chain 
conditioned on  y

Uses a pre-trained DDPM as a 
prior on  

x and y are related by a linear 
forward model:

x



16

Denoising Diffusion Restoration Models (DDRM)

arXiv: 2201.11793

DDRM corresponds to the 
evidence lower bound: 
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Linear inverse problem:

arXiv: 2201.11793

Find the Singular Value Decomposition (SVD) of H:
U and V are orthogonal matrixes, 
S is a diagonal matrix containing 

singular values of HTransform the measurement and and outputs:

This transformation map x 
and y to equivalent space

= S+U⊤(Hx + z)
= S+U⊤(USV⊤x + z)
= S+SV⊤x + S+U⊤z
= S+Sx̄ + S+U⊤z

Denoising Diffusion Restoration Models (DDRM)
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fθ(xt+1) = xθ,tWe have our pre-trained DDPM:

Define  as the ith index of x̄(i)
θ,t x̄θ,t = V⊤xθ,t

Denoising Diffusion Restoration Models (DDRM)
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Define the Markov Chain updates as:  are the singular values of Hsi

fθ(xt+1) = xθ,tWe have our pre-trained DDPM:

No information from the observation , update 
step comes fully from the DDPM

ȳ

Define  as the ith index of x̄(i)
θ,t x̄θ,t = V⊤xθ,t

Denoising Diffusion Restoration Models (DDRM)
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Define the Markov Chain updates as:  are the singular values of Hsi

fθ(xt+1) = xθ,tWe have our pre-trained DDPM:

We have measurements  but they are noisy, 
update using DDPM and 

y
y

Define  as the ith index of x̄(i)
θ,t x̄θ,t = V⊤xθ,t

Denoising Diffusion Restoration Models (DDRM)
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Define the Markov Chain updates as:  are the singular values of Hsi

fθ(xt+1) = xθ,tWe have our pre-trained DDPM:

Define  as the ith index of x̄(i)
θ,t x̄θ,t = V⊤xθ,t

We have measurements  which are not noisy, update 
strongly from  (controlled by ). We use 

y
y ηb ηb = 1

Denoising Diffusion Restoration Models (DDRM)
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Submitted to RASTI
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First, train a DDPM on radio 
galaxies from the VLA FIRST 
survey (~20k 150x150 
galaxies), reserve 200 for 
validation & 200 for test

https://arxiv.org/pdf/2601.15844
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Radio astronomy forward model:

https://arxiv.org/pdf/2601.15844

H is complex so we define DDRM using complex SVD:

H

H = IΣV*, V* = Pℱ

Start by finding SVD of :S S = IΣP

x

S

ℱ−1S

ℱ−1S * x
Run DDRM sampling using our pre-trained DDPM
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DDRM for radio astronomy
Res./STD
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DDRM for radio astronomy
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DDRM for radio astronomy
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DDRM for radio astronomy
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Excellent reconstruction performance, 
outperforming CLEAN by orders of 
magnitude.  
Limitations: 

• fixed image size (150x150) set by 
available training data.  

• Does not provide a useful uncertainty 
estimate (SRE metric > 1), but could 
possibly fine-tune DDPM to calibrate 

• Limited to linear forward operators (no 
calibration) 

DDRM for radio astronomy
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Each telescope  at position  
measures a voltage 

i ⃗ri
E( ⃗rp, t)

We correlate the voltages 
between different pairs of 
antennas  and  to construct 
visibilities:

p q

Inverse problems in radio astronomy
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Can also express visibilities as , where 
 are components of the vector 

V(u, v, w)
u, v, w b⃗ = ⃗rp − ⃗rq

https://arxiv.org/pdf/0910.2935

MeerKAT telescope layout MeerKAT telescope uv coverage

Inverse problems in radio astronomy
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Visibilities are related to the radio sky image  
through a Fourier transform:

I(l, m)

Inverse problems in radio astronomy
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Visibilities are related to the radio sky image  
through a Fourier transform:

I(l, m)

Can write this as a linear inverse problem:

Radio interferometry

Because  removes data, this is an ill-posed 
inverse problem

S

x

S

ℱ−1S

ℱ−1S * x
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Denoising Diffusion Restoration Models (DDRM)

arXiv: 2201.11793

DDRM is a Markov chain conditioned 
on  which corresponds to the 
evidence lower bound: 

y

Uses a pre-trained DDPM as a prior on  

x and y are related by a linear forward 
model:

x
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Denoising Diffusion Probablistic Models (DDPM)



37https://lilianweng.github.io/posts/2021-07-11-diffusion-models/


