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Motivation

• Interferometry ⇒ incomplete (u, v)
sampling ⇒ dirty beam artifacts.

• SKA-scale: Huge amount of data measured
per day.

• Goal: learn priors that denoise & inpaint to
recover structure from sparse/noisy
visibilities.

This work: proof-of-concept on the FIRST survey dataset
[2].

Dirty image CLEAN + σ clipping

Reference dataset image
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Interferometry in one picture

sampled (u, v) coverage S(u, v)

dirty image Idirty

Vmeas(u, v) = S(u, v) V (u, v) + ε

Idirty = F−1(S · V
)

= I ∗ Bdirty

• Missing frequencies ⇒ sidelobes & loss of
extended emission.

• Imaging task: recover I from Vmeas given
S (and noise).
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CLEAN: baseline context

Why mention CLEAN?
• Standard method for interferometric imaging.
• Works well for sparse, compact sources.
• Limitations: extended emission, calibration errors, SKA-scale data volumes.

In this work:
• CLEAN is used only as a conceptual baseline.
• We do not focus on CLEAN results; the emphasis is on diffusion priors.

Note: our CLEAN results are from a simplified setup and not shown here, as they are not representative
of full telescope performance.
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Diffusion priors: denoise & inpaint

Intuition:
• Forward: add noise over t = 1→T .
• Reverse: learned denoiser steps image back to

data distribution.
• Conditional steps enforce measurements (here:

visibilities / masks).

Our contributions: fully complex-valued diffusion
to match interferometric data, and avoid Fourier
operations.
Use case today: inpaint missing (u, v) via DDRM
on fft2 of known images (proof-of-concept).

forward noising → reverse denoising.
Illustration from AstroDDPM [4]

noise V → Diffusion → image
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Our contribution: complex diffusion for interferometry
• Implemented a fully complex-valued diffusion framework

• Matches the complex nature of visibilities V (u, v)
• Goes beyond standard real-valued image diffusion

• Applied on 2D Fourier transforms (fft2) of survey dataset images
• Proof-of-concept: shows feasibility of complex-valued generative priors for radio

imaging

Pipeline: visibilities → complex diffusion → ifft2
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Inpainting missing visibilities with DDRM

• Use Denoising Diffusion Restoration Models
(DDRM)[3] to solve an inverse problem.

• Idea: constrain diffusion sampling with known
measurements.

• Here: mask missing (u, v) coefficients, diffusion
inpaints them.

• Output: reconstructed visibilities consistent with
data.

Masked (u, v) coverage

Phase (left) and magnitude (right) of the fourier transform of the dataset.
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Results on survey dataset (proof-of-concept)

Dirty image CLEAN (toy setting) Diffusion reconstruction Reference dataset image

Diffusion model restores structure well. For 64 × 64 images, it takes < 1 second using float32
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Next steps

• Explore DPS (Diffusion Posterior Sampling [1])
• Supports non-linear degradation
• Better principled conditioning on measurements

• Add conformal wrappers[5]
• Conformal wrappers: add calibrated, distribution-free uncertainty to diffusion

reconstructions.
• Simulation-based calibration: deliver trustworthy confidence bands on flux and

morphology, alongside speed.
• Future validation

• Extend experiments beyond initial survey dataset
• Include more realistic measurement models
• Evaluate robustness on large-scale data

Overall: diffusion shows potential.
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More images

Degraded images Recovered images Dataset image
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Denoising process

Magnitude at 200, 400, 600, 800 and 1000th steps

Phase at 200, 400, 600, 800 and 1000th steps

Image at 200, 400, 600, 800 and 1000th steps
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