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Abstract

A notorious problem in observational astrophysics is the recovery of the true
shape and spectral energy distribution (SED) of a galaxy despite absorption by
interstellar dust embedded in the same galaxy. It has been solved only for a
few hundred nearby galaxies with exquisite data coverage, but these techniques
will not be applicable to the billions of galaxies in upcoming large wide-field
surveys like LSST and Euclid. We present a method to infer the SEDs and spatial
distribution of both the galaxy and its interstellar dust from multi-band imaging.
To stabilize this massively underconstrained inverse problem, we utilize two score-
matching models as data-driven priors: the first informs our inference of the
galaxy’s underlying shape, the second informs the galaxy’s dust morphology
conditioned on the current estimate of the galaxy’s shape. We believe that this is
the first time a set of coupled score-matching models have been utilized to solve a
complex data-analysis challenge. We demonstrate with realistic simulations that we
can accurately measure the parameters of the underlying host and its dust content.
In addition to providing galaxy SEDs unbiased by dust attenuation for subsequent
analyses, such as photometric redshifts, our dust maps will allow the study of the
interplay between star formation and dust production and destruction.
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Figure 1: Our method for modeling a dust-attenuated galaxy. Score-matching neural network priors
inform our inference of the galaxy and dust attenuation morphologies. The dust prior is conditional
on the host galaxy morphology.
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1 Introduction

In astronomy, inverse problems are often heavily under-constrained, because it is difficult or even
impossible to gather enough observational data. As a result, multiple degenerate solutions cannot
be distinguished with the likelihood alone, necessitating additional regularization. In the last few
years, neural networks have provided the most successful avenue to stabilize such inverse problems,
from super-resolution and inpainting to 3D depth reconstruction and source separation. Often, these
methods internally form an implicit prior over the data space, learned from the available training
data. Alternatively, one can use a neural network to directly represent an explicit prior distribution
[e.g. van den Oord et al., 2016]. Particularly effective for higher-dimensional parameters are score-
matching models that underpin diffusion models [Song and Ermon, 2019, 2020]. Given a dataset
{xn} of independent samples from a data distribution p(x), a network sθ(x) with parameters θ is
trained to approximate the score function ∇ log p(x).

The score can be leveraged in an optimization or gradient-based sampling scheme as a regularizer to
yield the Bayesian log-posterior

log p(x | D) = logL(D | x) + log p(x). (1)

If the solution has multiple components, x = (x1, . . . ,xK), that are assumed to be independent
from each other, the prior term factorizes accordingly. However, this is not necessarily true, and this
assumption weakens the inference if the conditional dependence of one component on another is
strong. In such a case, it would be easier to learn the conditional than the unconditional prior, and
one should choose a factorization of the joint distribution that exploits dependencies, representing the
log-prior as

log p(x) = log p(x1) +

K∑
k=1

log p(xk+1 | x1, . . . ,xk), (2)

where the components of x are ordered, e.g., by decreasing mutual independence. Regularizing
such problems requires several score-matching models, including conditional ones. If we limit the
dependencies to two components, we get gradients of the log-posterior of

∇ log p(x | D) = ∇ logL(D | x) + s(x1) + s(x2 | x1). (3)

Below we will show that this problem arises in modeling galaxies with dust attenuation and that
Equation 3 yields stable and accurate solutions of the multi-component inverse problem. Utilizing
multiple score models has been applied to conditional generation of images [Nair et al., 2022] and
for astronomical inverse problems to model signal and noise separately [Adam et al., 2023], but to
the best of our knowledge this is the first time score-matching models are conditionally coupled to
represent dependencies between different components of the solution.

2 Galaxy and Dust Model

A key problem in observational astronomy is determining a galaxy’s shape and SED, the emitted
energy as a function of wavelength, from observations taken in multiple filters. These measurements
encode the formation history and composition of a galaxy. However, the light emitted by the stars
that make up the galaxy can be scattered or absorbed by dust grains before reaching the observer.
The effective loss of photons is called dust attenuation. Not accounting for dust attenuation will lead
to biases in inferred galaxy properties and the studies that make use of them.

At a given wavelength, dust attenuation reduces the emitted intensity of light Fhost(λ) to the observed
intensity F (λ), which is commonly expressed as

F (λ) = Fhost(λ) 10
−0.4A(λ), (4)

where A(λ) is the wavelength dependence of dust attenuation. We adopt the empirical relation of
Calzetti et al. [2000] with modifications by Noll et al. [2009] and Kriek and Conroy [2013],

A(λ) = A0

2.659( 1.509λ − 0.198
λ2 + 0.011

λ3 − 2.156) + 4.05

4.05

(
λ

λ0

)δ

≡ A0k(λ, δ), (5)

where A0 sets the attenuation amplitude at a reference wavelength λ0, and k(λ, δ) is a polynomial
with a single free parameter δ. Throughout this work, we set λ0 = 0.4754 microns.
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Figure 2: Ground truth (top row) and inferred (bottom row) dust morphologies for four representative
simulated galaxies. The color scale covers D ∈ [0, 0.75]. The contours present the 50 and 84-th
percentiles of the unattenuated galaxy light. The inset panels show the spectrum of the galaxy before
(grey) and after (red) dust attenuation.

For observed multi-band images, the spatial and spectral variation of the galaxy are integrated and
discretized. If we stack these images and assume that spatial and spectral variation are independent,
we can model the image cube as

Y = FT × S, (6)
where F = (

∫
dλF (λ)ci(λ), . . . ) is the vectorized spectrum for a list of filter curves ci(λ), and S is

a monochrome image of the pixel-integrated spatial distribution, respectively. F is one-dimensional,
with a length equal to the number of observed filters Nband; S is two-dimensional (64× 64); Y is
three-dimensional (Nband × 64 × 64). This parameterization has been found to be quite effective
for galaxy images [Melchior et al., 2018], but it does not account for dust attenuation. With dust,
Equation 6 needs to be modified according to Equation 4:

Y = (FT × S)⊙ 10−0.4A, (7)

where A denotes the multi-band image cube of dust attenuation. If we make the same assumption of
spatial–spectral separability, we can express the attenuation cube as

A = KT × [−2.5 log10(D)], (8)

where K = (k(λi, δ), . . . ) is the attenuation curve evaluated for filters i, and D is the image of the
spatial distribution of F

Fhost
(λ0).

Fitting Equation 7 to multi-band observations of a galaxy faces severe degeneracies. Because of the
shape of the attenuation curve in Equation 4, the presence of dust is revealed as a reddening of the
remaining light, but in areas without light, any amount of attenuation is consistent with the data; the
likelihood alone cannot distinguish between physical and non-physical galaxy or dust morphologies.
This inverse problem thus requires priors on at least S and D. Because the dust is produced by stars,
we expect dust only in places with starlight, but it is entirely plausible to find starlight without dust.
We therefore posit a dependency structure for the prior in the form of

p(S,D) = p(S) p(D | S). (9)

For the host morphologies S, we adopt the publicly available score-matching network of Sampson
et al. [2024]. That model was trained on 600,000 galaxy images from the Subaru Hyper-Suprime
Cam catalogue [Bosch et al., 2018]. We build the dust morphology prior as a score-matching model
that is conditional on the host morphology: s(D | S). We adopt a U-Net architecture for the neural
network [Ronneberger et al., 2015]. We train it with simulated galaxies from Faucher et al. [2023],
which include hydrodynamical and the radiative transfer physics. Unlike observed objects, these
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Figure 3: Reconstructed attenuation strength (left) and correlation of the inferred dust map to the true
dust distribution (right) for 65 simulated galaxies with 3 orientation angles each. Monochromatic
host galaxies are indicated by circles, fiducial hosts with intrinsic color variations by crosses.

simulations allow us to calculate the galaxies’ ground-truth host and dust attenuation morphologies.
Multi-band image cubes are publicly available for 65 galaxies, with 10 viewing angles for each. Such
a low number of training samples is only acceptable because the dependency structure, i.e. the dust
distribution given the light distribution, is highly informative.

3 Results

We run gradient-descent with the Adam optimizer [Kingma and Ba, 2015] to determine the MAP
estimates of F,S,D, δ; optimization is terminated based on iteration-to-iteration convergence of
the host spectrum parameter. Our method accurately models dusty galaxies for a wide range of
attenuation levels. In Figure 2, we visualize our fits to four representative simulated galaxies from
Faucher et al. [2023]. The galaxies span a wide range of attenuation levels and covering fractions
(the fraction of the galaxy light covered by non-zero dust attenuation). For galaxies with covering
fractions < 90%, we accurately recover the host galaxy’s emitted spectrum, as well as the amplitude
and morphology of dust attenuation. As the covering fraction approaches unity (i.e., the entire
galaxy is covered by dust), the results deteriorate because there is a fundamental degeneracy between
the host’s emitted spectrum and the level of dust attenuation; if everything gets attenuated, one
can compensate for more attenuation with a bluer host spectrum F. We apply our method to the
entire suite of simulated galaxies from Faucher et al. [2023]; the results are shown in Figure 3. Our
reconstructions are accurate at low to intermediate dust attenuation levels. In addition to the failure
mode at high covering fractions described above, the spatial distribution of low levels of dust is also
hard to infer because they suffer from very weak evidence (seen in the drop of the correlation of the
inferred to the true dust maps in the right panel).

As an additional complication, galaxies also exhibit color variations in absence of dust, most notably
from differences in stellar age across the galaxy. This can result in erroneously inferring dust
attenuation where none takes place. To determine the impacts of that complication, we create
“monochromatic" galaxies by removing non-attenuation color gradients from the host data cubes. The
results are shown as circles in Figure 3. Compared to the fiducial galaxy images, we see a much
tighter relation in very low attenuation cases, indicating that color variations for them stem primarily
from the stellar populations and not from dust.

4 Conclusions

We apply data-driven priors to a complex inverse problem: inferring the spectra and morphologies of
galaxies as well as the spectra and morphologies of the interstellar dust embedded in those galaxies.
We solve this highly degenerate problem with a combination of score-matching neural network priors,
one of which is conditional to reflect the causal dependency structure of the problem. This choice
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allows us to operate with a very small training sample for the conditional prior. From testing with
simulated galaxies, our model successfully measured the level and morphology of dust attenuation
and produces accurate estimates of the galaxies’ unattenuated properties.
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