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using Transformer-Conditioned Neural Fields
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Abstract

Astronomical interferometry enables a collection of tele-
scopes to achieve angular resolutions comparable to that of
a single, much larger telescope. This is achieved by com-
bining simultaneous observations from pairs of telescopes
such that the signal is mathematically equivalent to sam-
pling the Fourier domain of the object. However, reconstruct-
ing images from such sparse sampling is a challenging and
ill-posed problem, with current methods requiring precise
tuning of parameters and manual, iterative cleaning by ex-
perts. We present a novel deep learning approach in which
the representation in the Fourier domain of an astronomical
source is learned implicitly using a neural field representa-
tion. Data-driven priors can be added through a transformer
encoder. Results on synthetically observed galaxies show that
transformer-conditioned neural fields can successfully recon-
struct astronomical observations even when the number of
visibilities is very sparse.

Introduction

Improvements in astronomical imaging have continuously
transformed humanity’s understanding of physics and the
universe. Currently, the highest angular resolutions are
achieved using the technique of astronomical interferome-
try, which combines measurements from multiple telescopes
to approximate that of a single telescope with a much larger
aperture. Astronomical observations using radio interferom-
etry have generated numerous scientific discoveries, includ-
ing the first resolved images of protoplanetary disks [2], cir-
cumplanetary disks [4], and the event horizon of a supermas-
sive black hole [14].

A single telescope’s angular resolution 6 relates to its di-
ameter as 6 %, where ) is the observed wavelength and
D is the diameter of the aperture. Interferometers, on the
other hand, employ many telescopes at many different loca-
tions, and do not image an object directly. Instead, each pair
of telescopes in the array measures a point in the spatial fre-
quency domain of the celestial object. The effective angular
resolution of a pair of telescopes is 6 %, where B is the
projected pairwise distance orthogonal to the line of sight
to the source. Given this pairwise distance relationship to
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effective angular resolution, B can be maximized on Earth
by utilizing a global network of telescopes, a class of inter-
ferometry referred to as very-long-baseline interferometry
(VLBI). One such example is the Event Horizon Telescope
(EHT), which observed the M87 supermassive black hole
with 25 parcsec resolution at 1.3 mm wavelength achieved
through VLBI baselines up to 10,700 km [14].

However, as longer baselines are added to an interfero-
metric array, the relative sparsity of the spatial frequency
domain samples also increases. Recovering the original ce-
lestial image based only on these sparse measurements is a
highly ill-posed problem which depends strongly on appro-
priate priors to constrain an infinite solution space of valid
images. This is the primary challenge of interferometric im-
age reconstruction.

Astronomical interferometry falls into a broader class of
inverse problems, which generally involve the reconstruc-
tion of an unknown signal based on limited observations
from a typically non-invertible forward process. Many com-
putational imaging tasks, such as deblurring, deconvolu-
tion, and inpainting, also fit under this framework and have
achieved success through neural networks.

The work presented in this paper incorporates recent ad-
vancements in the computer vision and deep learning com-
munities into a novel method for interferometric image re-
construction. Our main contributions are outlined as follows:

* We introduce a “neural interferometry” approach based
on coordinate-based neural fields to perform sparse-to-
dense inpainting in the spectral domain

* We show that learned priors can be incorporated through
conditioning via a transformer encoder in a data-driven
fashion

We demonstrate the effectiveness of our approach on a
large dataset of astronomical images. We hope this work fur-
ther inspires additional cross-pollination between the astro-
physics and computer vision communities.

Interferometry Background

A cornerstone of astronomical interferometry is the Van
Cittert-Zernike theorem, which states that the Fourier trans-
form of the spatial intensity distribution (I, m) of a distant,
incoherent source is equal to a measurable complex value
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Figure 1: We reconstruct the image using the sparse mea-
surements in the spectral domain. (a)The ground truth
scene being imaged using Very-Long-Baseline Interferom-
etry (VLBI). (b) The measured sparse visibility. Due to
small field-of-view spanned by the imaged scene, the spec-
tral measurements span a limited central region of the full
spectrum, as shown in the inset. (c) The image reconstructed
directly using the sparse visibilities in (b). (d) The image re-
constructed using our proposed method.

called the “visibility”, V' (u, v). Thus, it is possible to con-
vert to and from the image domain (I, m) and the Fourier
domain (u, v) via the following transform pairs,

V(u,v) = e Zmlrom I m)dldm (1)
I m

Z Z
I(l,m) = 2Tl vmY (4 ) dudv. )

The telescope baselines lie in (u,v) space, which is di-
mensionless (normalized by observed wavelength), and each
baseline corresponds to a unique coordinate which samples
one value of the complex visibility.

A sharp image I (I, m) can be recovered with high fidelity
only if the full spectral domain has been densely sampled. In
reality, however, dense sampling becomes exceedingly dif-
ficult when imaging celestial objects of smaller angular size
at higher angular resolution.

Figure 1 illustrates the challenge in image reconstruction
based on the sparse samplings in the Fourier domain. Even
with large baselines, the angular resolution is still rather lim-
ited due to the vast distance between the imaged scene and
the Earth. As a result, the spectral measurements only span
a limited range of the full spectrum, as shown in the inset in
Figure 1 (b). In addition, the samples are sparse in the spec-
tral domain due to limited number of viable observatories

built on the Earth. The small sampling range and sparse sam-
pling density make it difficult to faithfully recover even the
low frequency component of the scene, as shown in Figure 1
(c). In this paper, we propose a learning-based method to re-
cover the image from sparse spectral measurements within a
limited range.

Related Work
Interferometric Image Reconstruction

Two primary classes of imaging algorithms are used in the
field of interferometry: the standard CLEAN approach (e.g.,
[16, 9]) and regularized maximum likelihood (RML) ap-
proaches (e.g., [25, 41]).

CLEAN The traditional approach used throughout radio
interferometry is the CLEAN algorithm. CLEAN is an
inverse-modeling approach for performing a deconvolution
to recover the original image, i.e., F [V (u,v)W (u,v)] =
F YV (u,0)] % F YW (u,0)] = I(l,m) * F YW (u,v)].
The particular configuration of the telescope array W (u, v)
forms a corresponding point-spread function in the im-
age plane, F 1[W(u,v)] or “dirty beam”. The image con-
structed directly from the complex visibilities (“dirty im-
age”) is equivalent to the dirty beam convolved with the orig-
inal celestial image I (I, m). Deconvolution is approximated
by iteratively subtracting the peak emission (convolved with
the dirty beam) from the dirty image while building up a
model of the “clean” emission.

CLEAN approximates the astronomical image using a
collection of point sources, so this method is limited in its
ability to reconstruct objects with extended emission. Addi-
tionally, self-calibration is generally required in cases where
time-varying noise affects the visibility phase and ampli-
tude.

RML RML is a forward-modeling approach that looks
for an image that is consistent with the complex visibilities
while optimizing for other properties such as smoothness or
sparsity. RML methods can perform image reconstruction
using either the complex visibilities or closure quantities that
are more robust to atmospheric noise at the expense of fewer
independent input values. Many RML methods have been
developed for the EHT, through approaches such as sparse
modeling [17, 1], Bayesian patch priors [S5], and maximum
entropy methods [7].

Neural Fields

Neural fields, also sometimes referred to as coordinate-
based neural representations, have recently gained popular-
ity in the computer vision and computer graphics communi-
ties with the advent of Neural Radiance Fields (NeRF) [24],
DeepSDFs [27], and Occupancy Networks (OccNet) [23].
Neural field techniques approximate some (typically low-
dimensional) function by learning a set of network weights
that successfully reproduce a given set of input/output map-
pings. For the case of DeepSDFs and OccNets, 3D ge-
ometry is implicitly learned through level set supervision.
NeRF and its follow-up works accumulate occlusion densi-
ties along rays inside of a volumetric rendering paradigm.






