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Inverse problems in radio astronomy
We correlate the voltages between 

different pairs of antennas to 
construct visibilities

Can write this as a linear inverse problem:

Visibilities are related to the radio sky image :I(l, m)

Reduces to 2D Fourier transform for narrow FoV, ie as  n → 0
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Inverse problems in radio astronomy

ℱ−1[y] = ℱ−1[Sℱx + z]
= ℱ−1[S] * x + ℱ−1z
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Inverse problems in radio astronomy

ℱ−1[y] = ℱ−1[Sℱx + z]
= ℱ−1[S] * x + ℱ−1z

Inpaint missing 
visibilities

Equivalent to deconvolving the PSF



Denoising Diffusion Probablistic 
Models (DDPM)
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arXiv:2006.11239

Forward process

Reverse process

Train a neural network to learn 
this denoising step
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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” 

Denoising Diffusion Probablistic 
Models (DDPM)
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xθ xy

Denoising Diffusion Probablistic 
Models (DDPM)

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

S S

xθ xy

Denoising Diffusion Probablistic 
Models (DDPM)
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Can we have the best of both worlds? 
Goal: Use DDPM to learn a data-driven prior of the sky, 
and reconstruct images without needing to learn the 
instrument configuration

Denoising Diffusion 
Restoration Models (DDRM)

arXiv: 2201.11793



DDRM for radio astronomy
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First, train a DDPM on ~20k 
150x150 radio galaxy image 
cutouts from radio galaxy zoo DR1 
(arXiv: 2412.14502) 

Reserve 200 for validation 
& 200 for test



DDRM for radio astronomy
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The radio astronomy forward model:

Start by calculating SVD of :S S = IΣP

Implement  using PyTorch FFT instead of as a matrixℱ

Transform the measurement and and outputs:

x̄ ≡ Pℱx ȳ ≡ Σ+y

identity

Permutation

Rectangular diagonal matrix of 
the singular values si



x̄(i)
θ,t
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We have our pre-trained DDPM: fθ(xt+1) = xθ,t

xt+1xt

DDRM for radio astronomy

Transform: x̄θ,t = Pℱxθ,t

Update using the observation :y
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We have our pre-trained DDPM: fθ(xt+1) = xθ,t

xt+1xt

DDRM for radio astronomy

Transform: x̄θ,t = Pℱxθ,t

Update using the observation :y

x̄(i)
θ,t

We use  to prefer the observationηb = 1
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We have our pre-trained DDPM: fθ(xt+1) = xθ,t

xt+1xt

DDRM for radio astronomy

Transform: x̄θ,t = Pℱxθ,t

Update using the observation :y

x̄(i)
θ,t

Transform back: xθ,t = ℱ−1P⊤x̄θ,t
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DDRM for radio astronomy
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DDRM for radio astronomy
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DDRM for radio astronomy

Out-of-domain test: Run DDRM on radio galaxy 3c353, an image 
with a much larger dynamic range than the DDPM training dataset
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DDRM for radio astronomy

Incorrect parameter test: Run DDRM with the 
incorrect observation noise parameter σy
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DDRM for radio astronomy
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DDRM for radio astronomy
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Compared to AIRI & uSARA
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Compared to AIRI & uSARA

1-2 minutes 15-20 seconds

2-3 seconds
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DDRM offers excellent reconstruction performance with a small 
execution time, outperforming CLEAN by an order of magnitude. 
However… 

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

• Does not provide a useful uncertainty estimate, but could possibly 
fine-tune DDPM to better calibrate the uncertainty (arXiv: 2302.10688) 

• Limited to linear forward operators, though could extend this with 
Diffusion Posterior Sampling (arXiv: 2209.14687) 

In conclusion
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Forward process:

Denoising Diffusion Probablistic Models (DDPM)
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Reverse process:

arXiv:2006.11239



32https://lilianweng.github.io/posts/2021-07-11-diffusion-models/
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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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