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Abstract

Stellar spectroscopy lies at the heart of astrophysics, serving as a fundamental tool for
investigating stellar structure and evolution, Galactic archaeology, and the properties of
exoplanetary systems. The discipline is entering a transformative era, driven by an un-
precedented in ux of high-quality spectra spanning a wide range of resolving power and
wavelength windows. Forthcoming large-scale surveys will further amplify this ow, en-
abling more precise population-level studies and the discovery of rare objects that probe
extreme astrophysical conditions. The richness and volume of these data demand new
methodologies for e cient preprocessing, robust inference of stellar atmospheric param-
eters, and reliable identi cation of outliers. Deep learning, with its capacity to model
complex, high-dimensional, and nonlinear relationships, emerges as a powerful framework
to meet these challenges and to support every stage of scienti c inquiry.

This dissertation investigates how deep learning can augment and transform the stellar-
spectroscopy pipelines. It consists of four papers. The rst develops a fully convolutional
network that delivers precise, automated continuum normalization rivaling meticulous
manual e orts. The second introduces a Transformer-based spectral emulator that sur-
passes existing models in both emulation accuracy and sample e ciency. The third ex-
plores neural scaling laws in the context of spectral emulation with TransformerPayne,
guiding the design of emulators for future surveys and outlining a roadmap toward fu-
ture foundation models for stellar spectroscopy. Although tangential to the core spec-
troscopy theme, the fourth study employs machine-learning driven dimensionality reduc-
tion to visualize and interpret high-dimensional simulations of tidally induced oscillations
in massive binary systems, revealing trends in tidally excited oscillations and showcasing
how machine learning can accelerate insight from complex numerical data. Collectively,
these studies underscore the growing role of machine learning in enabling scalable, high-
precision, and physics-anchored analysis of stellar spectra.
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Streszczenie

Spektroskopia gwiazdowa znajduje sif w centrum astro zyki, bfdjc kluczowym narzf-
dziem w badaniach struktury i ewolucji gwiazd, archeologii galaktycznej oraz uk“ad w
egzoplanetarnych. Dziedzina ta jest w fazie szybkiego rozwoju, zasilanego przez rosnjcij
liczbf zmierzonych widm o wysokiej jako-ci, obejmujjcych r »ne d“ugo-ci fal oraz rozdziel-
czo-ci instrument w. Nadchodzjce wielkoskalowe przegljdy dodatkowo przyspieszj wzrost
liczby obserwowanych widm, umonliwiajjc dok“adniejsze badania populacji gwiazdowych
i znajdowanie nietypowych obiekt w, kt re pr bkujj zachowanie materii w ekstremalnych
warunkach zycznych. Bogactwo i objfto-¢ tych danych wij»e sif z konieczno-cij rozwoju
nowych technik, umo»liwiajjcych szybkj redukcjf danych, odporne na b*fdy metody wy-
znaczania parametr w atmosferycznych gwiazd oraz wykrywanie obserwacji nietypowych.
Uczenie g“fbokie, kt re umo»liwia precyzyjne modelowanie z“o»onych, wielowymiarowych
i nieliniowych zale»no-ci, jest skutecznym narzfdziem, by sprosta¢ wyzwaniom wynikaji-
cym z rosnjcych zbior w widm na ka»dym etapie bada« naukowych.

Poni»sza rozprawa doktorska po-wifcona jest odpowiedzi na pytanie, jak uczenie g“f-
bokie mo»e wspom c i usprawni¢ analizf widm gwiazdowych. W jej sk"ad wchodzj cztery
opublikowane prace naukowe. Pierwsza z nich obejmuje zbudowanie w pe“ni konwolu-
cyjnej sieci neuronowej, kt ra umonliwia dok“adnj, automatycznj normalizacjf widma
gwiazdowego 0 jako-ci odpowiadajjcej uwa»nej rfcznej normalizacji. Druga wprowadza
emulator widm gwiazdowych oparty na sieciach neuronowych typu Transformer, kt ry
poprawia jako-¢ emulacji zar wno pod wzglfdem absolutnej precyzji, jak i zmniejsze-
nia liczby niezbfdnych widm. Artyku“ trzeci po-wifcony jest zagadnieniu skalowania sieci
TransformerPayne, dostarczajjc przepis, jak osijgnj¢ zadanj precyzjf emulacji oraz prze-
glidajjc - w kontek-cie danych widmowych - metody skalowania konieczne do budowy
modeli fundamentalnych (ang. foundation model). Ostatni artyku®, cho¢ nie dotyczy bez-
po-rednio spektroskopii gwiazdowej, pokazuje, jak metody redukcji wymiarowo-ci mogi
by¢ pomocne w analizie i interpretacji wynik w symulacji, w tym przypadku w“a-ciwo-
-ci pulsacji wzbudzanych p“ywowo w masywnych uk“adach podw jnych. Razem badania
te pokazujj rosnjcj rolf uczenia maszynowego w umo»liwianiu skalowalnej, dok*adnej i
umocowanej w prawach zyki analizy widm gwiazdowych.
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Chapter 1

Introduction

Astronomers currently have three principal "messengers™ from the Universe: electromag-
netic radiation, neutrinos, and gravitational waves. Of these, electromagnetic radiation
has by far the longest observational history, being the only channel we can see with the
unaided eye, even if only across a narrow slice of the spectrum. For most of astronomy’s
history, inquiry has primarily involved careful measurements of uxes, typically restricted
to ux from a small solid angle, such as from a single star. These measurements have
provided the foundation for our current understanding of the Universe. From mapping
stellar positions and studying planetary motions, to unraveling the structure and evolu-
tion of stars, galaxies, and the Universe itself, detailed observations of electromagnetic
radiation have been essential.

The e ectiveness of detailed ux studies arises primarily from two factors. First,
plasma under varying conditions exhibits distinct radiative properties, imprinting unique
signatures of local parameters such as temperature, pressure, and composition onto the
emitted radiation through speci c radiative processes. Second, radiation escaping from
systems like nebulae or stellar atmospheres can travel vast distances largely undisturbed,
allowing us to detect and analyze radiation emitted from distant celestial objects here on
Earth. Thus, radiation rst encodes local material properties, and even after extensive
travel, retains information that we can measure and interpret to infer conditions at the
emission source (Hubeny et al., [2014; Rybicki et al., [1986).

Spectra, the distribution of photons with respect to energy, provide the richest source
of information. This is because radiative processes exhibit a strong wavelength depen-
dence (Pradhan et al., 2011). For instance, radiative bound-bound transitions predomi-
nantly occur at precise wavelengths de ned by the energy di erences between the involved
atomic or molecular energy levels. This pronounced wavelength dependence creates dis-
tinct spectral features, such as spectral lines. Therefore, measuring the spectrum, i.e.,
monochromatic ux, o ers the most comprehensive insights among astronomical signals.

Stars hold particular signi cance in astrophysics, not only as essential drivers and trac-
ers of the chemical evolution of the Universe but also through their profound in uence on
numerous other astrophysical domains. Beyond their role in synthesizing and dispersing
elements, stellar objects underpin the cosmic distance ladder, serving as precise calibra-
tors of extragalactic distances and fundamental cosmological parameters. Moreover, stars
act as natural physics laboratories, providing unique environments for observing plasmas
under extreme temperatures, densities, and magnetic elds, conditions often unattainable
in terrestrial laboratories. Additionally, the earliest generation of stars supplied intense
ultraviolet radiation crucial for reionizing the Universe and bringing an end to the cosmic
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dark ages. Finally, other stellar systems host exoplanets, o ering opportunities to identify
Earth-like worlds and probe potential signs of extraterrestrial life. Thus, the utility of
stars in astrophysics extends broadly, encompassing cosmological calibration, fundamen-
tal physics exploration, reconstructing cosmic evolution, and the ongoing search for life
beyond our solar system.

Given the crucial role of stars in tracing numerous astrophysical phenomena, the re-
cent growth of spectral surveys such as APOGEE, LAMOST, Gaia-ESO, and GALAH
(Buder et al., 2020; Gilmore et al., |2012; Luo et al., 2015; Majewski et al., 2017) is not
surprising. The upcoming 4MOST survey (de Jong et al., 2019) alone plans to acquire 20
million low-resolution (R 6500) and 3 million medium-resolution (R 20,000) spectra
over its ve-year operation, while the WEAVE survey (Dalton et al., 2014) will achieve
similarly ambitious observational goals. These extensive spectral surveys will enable deep,
comprehensive studies across a range of spectral resolving powers.

Furthermore, the space mission Euclid (Euclid Collaboration et al., 2025) will de-
liver several hundred million infrared spectra, though at a notably lower resolving power
R= = 380), including about a hundred million spectra from stars and galaxies.
This massive in ux of high-quality spectral data introduces considerable challenges, neces-
sitating the development of advanced machine-learning techniques both for preprocessing
and subsequent scienti c¢ analysis.

1.1 Deep Learning Meets Stellar Spectra

Machine learning, particularly deep learning, is currently experiencing rapid growth driven
by several factors. These include the dramatic increase in available computational power,
signi cant algorithmic innovations (Vaswani et al., 2017), the development of e cient
optimization methods (Kingma et al., 2017; Rumelhart et al., |1986), and the accessibility
of large-scale datasets at internet scale (Kaplan et al., |2020). Recent advancements in
large language and multi-modal models (Brown et al., 2020; Radford, Narasimhan, et al.,
2018; Radford, Wu, et al., 2019) demonstrate that, with su cient scale, it is possible to
engineer versatile, general-purpose models applicable to a broad range of tasks, including
image processing, text proofreading, and complex reasoning.

In parallel, machine learning techniques have become increasingly pervasive across
diverse branches of astrophysics. Examples span multiple domains, including gravitational
wave detection (George et al., [2018), stellar photometric time-series classi cation (Sesar
et al., 2017), the management and classi cation tasks performed by alert brokers in large-
scale astronomical surveys (F rster et al., |2021), stellar spectral classi cation (Gray et
al., [2014), and emulators for accelerating stellar inference pipelines (Ting et al., 2019).
Although this list is far from exhaustive, it highlights the expansive applicability and
signi cant impact machine learning has across a vast array of astrophysical studies.

Stellar spectroscopy is an especially fertile ground for machine-learning applications.
Stellar spectra are exceptionally information-rich yet remain largely under-exploited: tra-
ditional analyses concentrate on a handful of diagnostic regions, leaving millions of atomic
and molecular transitions untapped. The spectra’s high dimensionality and the intri-
cate, nonlinear mapping between line strengths and local thermodynamic conditions turn
stellar-parameter inference into a demanding inverse problem, making it ideal for data-
driven approaches. Moreover, spectra di er fundamentally from the text, images, and
audio that dominate usuall machine-learning research: every feature is anchored to a
speci ¢ wavelength, so the natural input to a spectral model is a set of ( ;F ) pairs.
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This structure invites the development of novel models and representations that remain
unexplored in other machine-learning domains.

1.2 Research Contributions

This dissertation comprises three rst-author papers (I 1ll) that advance the stellar-
spectroscopy pipeline from raw spectra to inference of atmospheric parameters, plus a
fourth collaborative study (Paper 1V) demonstrating how machine-learning techniques
can be used to clarify the results of a large-scale simulation.

[Paper T} Introduces SUPPNET, a fully convolutional network that predicts pseudo-
continua for order-merged echelle spectra and re nes them with spline post-processing.
Active learning on real data eliminates synthetic-training biases, yielding normaliza-
tions with RMS _ 1%, comparable to meticulous manual work, across O- to G-type
stars.

[Paper TI}: Presents TransformerPayne, a Transformer-based stellar-spectra emulator
that captures long-range line correlations. It outperforms the original and scaled-up
The Payne (Ting et al., 2019) as well as a convolutional neural network by factors
of about 2 to 5 in mean absolute error (down to 0.15 %), works well with as few
as  10° training spectra, and can be ne-tuned across grids for additional sample
e ciency.

[Paper TT1} Explores neural scaling laws for spectral emulation by combining Trans-
formerPayne with maximum-update parametrization. In the tested regime, a tenfold
increase in compute is best allocated to roughly a 2.5 times larger grid and a 3.8
times larger model, giving a sevenfold reduction in mean squared error and building
a foundation for future spectral foundation models with strong domain transfer.

[Paper TV} Synthesizes 20 000 MESA (Modules for Experiments in Stellar Astro-
physics) + GYRE (stellar non-adiabatic oscillations code) models of eccentric-
ellipsoidal binaries (5 30 M ) and applies dimensionality-reduction tools to project
the high-dimensional resonance curves into a low-dimensional manifold. This re-
veals trends in pulsational behavior, showing that resonances (and the associated
angular-momentum transport) peak near the terminal-age main sequence and are
ubiquitous in massive and intermediate-mass systems.

1.3 Thesis Structure

Chapters [2] [4] present a progression of machine-learning techniques for stellar spectral
analysis, from normalization (Paper I) through emulation (Papers Il 1I1). Chapter [5
which contains Paper 1V, is a more loosely related contribution that shows how a broad
machine-learning toolbox can help interpret and elucidate the results of large-scale nu-
merical experiments in another branch of astrophysics, namely the study of tidally excited
oscillations in massive binaries. Chapter [6|summarizes the key ndings and outlines future
directions.
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Chapter 2

Paper I: SUPPNET: Neural network
for stellar spectrum normalisation
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ABSTRACT

Context. Precise continuum normalisation of merged @chelle spectra is a demanding task that is necessary for various detailed spec-
troscopic analyses. Automatic methods have limited e ectiveness due to the variety of features present in the spectra of stars. This
complexity often leads to the necessity for manual normalisation which is highly time-consuming.

Aims. The aim of this work is to develop a fully automated normalisation tool that works with order-merged spectraand o ers exible
manual ne-tuning, if necessary.

Methods. The core of the proposed method uses the novel, fully convolutional deep neural network (SUPP Network) that was trained
to predict a pseudo-continuum. The post-processing step uses smoothing splines that give access to regressed knots, which are useful
for optional manual corrections. The active learning technique was applied to deal with possible biases that may arise from training
with synthetic spectra and to extend the applicability of the proposed method to features absent in this kind of spectra.

Results. The developed normalisation method was tested with high-resolution spectra of stars with spectral types from O to G, and
gives a root mean squared (RMS) error over the set of test stars equal to 0.0128 in the spectral range from 3900 to 7000  and
0.0081 in the range from 4200 to 7000 . Experiments with synthetic spectra give a RMS of the order of 0.0050.

Conclusions. The proposed method leads to results that are comparable to careful manual normalisation. Additionally, this approach

is general and can be used in other elds of astronomy where background modelling or trend removal is a part of data processing.

Key words. techniques: spectroscopic methods: numerical

1. Introduction

Electromagnetic spectra of astronomical objects such as stars,
galaxies, and exoplanets are a very abundant source of infor-
mation and enable us to study the physics of the objects in
detail. Low-resolution spectra are closely related to photome-
try and can be used to determine the basic properties of stars,
such as e ective temperatures, surface gravities, and metallic-
ities. High-resolution spectra allow us to investigate pro les of
separate absorption and emission lines in detail, and make it pos-
sible to measure individual abundances of elements, understand
the vertical structure of a stellar atmosphere, and study its veloc-
ity elds (e.g. microturbulence, macroturbulence, rotation, stel-
lar oscillations, and granulation).

The continuum-normalisation process is an important part
of spectrum preprocessing, because for the next steps of the
analysis, in general, the pseudo-continuum should be correctly
subtracted. The problem of continuum normalisation is non-
trivial, as several factors are responsible for the shape of a spec-
trum, including the real stellar continuum shape, the Earth atmo-
sphere, the characteristics of optical and electronic components
of a spectrograph, the presence of cosmic rays, and last but not
least, residuals introduced by pipelines used by observatories
to calibrate and reduce spectra. These residuals are usually a
result of imperfect order merging and blaze function removal.
Several existing normalisation methods are worth mentioning,

? The algorithm is available online: https://git.io/JqJhf.

stars: general

line: pro les

such as Itering methods (moving window maximum ltering,
asymmetric sigma clipping, etc.), and low-order polynomial t-
ting, smoothing in the frequency domain, and methods based on
the concept of convex-hull and alpha-shape theories (Xu et al.
2019; Cretignier et al. 2020). These all try to remove spectral
lines from the spectrum and then t a low-order polynomial or
spline function to the remaining pseudo-continuum, and they all
contain some free parameters that need to be adjusted manu-
ally. For a broad overview of methods and problems present in
the normalisation of stellar spectra we recommend the article by
Cretignier et al. (2020).

Normalisation methods based on polynomial tting and fre-
guency domain ltering su er from the trade-o between the
treatment of rapidly changing parts of a continuum (e.qg. ripples
often present in merged @chelle spectra) and the presence of wide
spectral features (e.g. hydrogen lines or molecular bands). These
limitations can be partially overcome by introducing some adap-
tive penalised least-squares terms in the minimisation objective.
This approach is extensively used in the eld of Raman spec-
troscopy (Cadusch et al. 2013). Methods based on the concept
of convex hulls also have some limitations. They assume that
the local maximum is a good indicator of a stellar continuum. In
most cases, this is a reasonable attitude, but breaks for spectra
with emission features present and in regions with extensively
blended lines, where the continuum is well above the measured
spectrum (e.g. in the optical spectra of G or later stars). All
these methods share the problem that features located in regions
covered with spectral lines are lost. This does not allow for the

Article published by EDP Sciences
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e ective recovery of the pseudo-continuum shape in the parts of
spectra mentioned above. The continuum in these parts is only
smoothed to match the surroundings of the line. Additionally,
those methods are particularly sensitive to the level of noise, the
projected rotational velocity, and the resolution of the instrument
used to observe the spectra.

These limitations can be overcome when we have a tem-
plate for a given spectrum. Normalisation can then be reduced to
dividing the spectrum by the model and then using the selected
trend- tting tool for example adaptive spline functions to
model a pseudo-continuum. In this case, the challenge is to suc-
cessfully nd a model for the spectrum, the parameters of which
are unknown at the rst stage of the analysis. In turn, the pro-
posed approach, utilising information from the entire spectrum
including parts covered with spectral lines, is resistant to the
above-mentioned problems and can be used in a fully automatic
manner, 0 ering, at the same time, the exibility of manual cor-
rections, if necessary.

Nonetheless, an astronomer experienced in spectrum nor-
malisation is able to t a pseudo-continuum taking most of
the complexities into account, especially when normalisation is
done iteratively during model tting. One of the tools that make
the fully manual continuum tting and initial stellar parameter
estimation straightforward is the application HANDY?. How-
ever, manual normalisation has several important drawbacks.
It is very time-consuming, prone to human biases, and is not
reproducible. The manual normalisation cannot be done reli-
ably in regions covered by wide lines and line blends when syn-
thetic spectra are not used as a reference. Manual normalisation
strengths suggest that the key points are the understanding of
a spectrum and the experience with features that may appear
in the pseudo-continuum. These ndings suggest that machine
learning algorithms are promising tools for overcoming the men-
tioned limitations.

The use of machine learning algorithms is becoming increas-
ingly frequent in the physical sciences (Carleoetal. 2019),
including astronomy (Ball & Brunner 2010; Baron 2019), and
has become possible in recent years thanks to important
developments in the algorithms of machine learning, espe-
cially in the neural network eld, and the constant and
rapid increase of available computational power. On the other
hand, astronomy is delivering increasingly numerous and
complex astrometric (e.g. Gaia mission Gaia Collaboration
2016), photometric (e.g. Zwicky Transient Facility and future
Vera Rubin Observatory with Legacy Survey of Space and
Time Mahabal etal. 2019; lvezieetal. 2019) and spectro-
scopic (e.g. ESO database?; APOGEE, Majewski et al. 2017;
LAMOST, Zhao et al. 2012) databases, which are also grow-
ing in size rapidly. Machine learning has already been applied
in various tasks in the eld of astronomy; for example, real-
time detection of gravitational waves and parameter estimation
(George & Huerta 2018), estimation of e ective temperatures
and metallicities of M-type stars (Antoniadis-Karnavas et al.
2020), estimation of initial parameters for asteroseismic mod-
elling (Hendriks & Aerts 2019), classi cation of di use inter-
stellar bands (Hendriks & Aerts 2019), and morphological
segmentation of galaxies (Farias et al. 2020).

We explore deep arti cial neural networks (DNN) in search
of architectures that can deal with a pseudo-continuum predic-
tion task. We propose a new algorithm based on the neural

! https://rozanskit.com/HANDY/
2 https://archive.eso.org/cms/data-portal .html
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network SUPPNet that achieves results comparable to those of
human professionals.

2. Machine learning and spectrum normalisation

To our knowledge, this is the rst approach to automated stel-
lar spectrum normalisation using tools based on deep learning.
From the above examples, it is clear that the fundamental lim-
itations of the previous methods are: an implicit assumption
that a local maximum in a spectrum is a good indicator of a
pseudo-continuum; the necessity for manual adjustments of sev-
eral parameters; often poor results when the pseudo-continuum
passes trough emission features; and ripples that arise from order
merging (Pchelle spectra). Deep neural networks are natural can-
didates to overcome these limitations, as in principle they are
capable of grasping complex priors and approximating any func-
tion. This means that a suitable neural network model after train-
ing on a representative dataset should learn to recognise a type of
spectrum and a pseudo-continuum and be able to t the pseudo-
continuum correctly in most cases. In this approach, the quality
of a spectrum normalisation algorithm is restricted by the gener-
ality and quality of an available training set.

To frame the normalisation problem in the context of deep
learning, we consider spectrum normalisation as Itering from
the domain of spectrum measurement to the domain of possible
pseudo-continua. As a lter, and one that is exible enough to
implement such a mapping, we used a fully convolutional neural
network (CNN) of novel architecture, which is mainly based on
the work done in the eld of computer vision, in particular in the
semantic segmentation problem.

2.1. Training data description

A machine learning model can be as good as the data used for its
training but not any better. For this reason, much attention was
paid to the proper preparation of the training data. We applied
the active learning technique, and so prepared two datasets: the

rst composed of synthetic spectra only, and the second based
on automatically normalised and manually corrected observa-
tional spectra. We refer to supplementation of the training pro-
cess with spectra and pseudo-continua from manual normalisa-
tion as active machine learning.

We started by preparing an extensive set of synthetic
continuum-normalised spectra. We used SYNTHE/ATLAS
(Kurucz 1970) codes to compute 10 000 spectra with randomly
selected atmospheric parameters (e ective temperature, Te ,
ranging from 3000 K to 30 000 K and logarithm of surface grav-
ity, logg, from 1.0 to 5.5). We also used BSTAR and OSTAR
grids (Lanz & Hubeny 2003, 2007), which together span an
e ective temperature range from 15000 K to 55 000 K, and loga-
rithm of surface gravity from 1.75 to 4.75 (not in the whole range
of temperatures). The main di erence between these two sources
of spectra is a di erent treatment of atomic level populations.
The ATLAS code solves the classical stellar atmosphere prob-
lem, and SYNTHE computes the synthetic spectrum assuming
local thermodynamic equilibrium (LTE), which means that level
populations are calculated using the Boltzmann distribution and
the Saha ionisation equation. In the case of BSTAR and OSTAR
grids, these were calculated using SYNSPEC/TLUSTY codes
that explicitly solve rate equations for a chosen set of levels. This
is especially important for hotter stars, where the radiative pro-
cesses dominate the collisional transitions and non-LTE e ects
become prominent. Including non-LTE e ects leads to changes
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in line depths and, more importantly, the frequent appearance of
emission features.

Some families of analytical functions (sinusoidal, smoothed
sawtooth, Akima spline with ve knots) and also some con-
tinua coming from manual normalisation were used as arti cial
pseudo-continua shapes. To build the rst training dataset, the
spectrum from the set of prepared synthetic spectra was sam-
pled; part of it was randomly chosen. Next, this spectrum was
convolved with a random broadening kernel and nally multi-
plied by an arti cial continuum. Repeating this procedure about
150 000 times led to the production of a large set composed of
diverse training samples. The broadening kernel included rota-
tion, macroturbulence, and instrumental broadening. Rotation
and macroturbulence velocities were chosen randomly in phys-
ically reasonable ranges. A projected rotation velocity (vsini)
range depends on e ective temperature and is drawn from a
uniform distribution with the lower boundary equal to zero,
and the upper one successively equal to 50, 100, 200, 300,
and 400kms ! in the ranges (<5000), (5000, 6000), (6000,
7500), (7500, 10000), and (>10000) K, respectively. This dis-
tribution is based on the discussion presented by Royer (2009).
The macroturbulence velocity, , was drawn from the same uni-
form distribution in the range from 0 to 30kms !, regardless of
e ective temperature. The chosen instrumental resolution (from
40000 to 120000) covers a range of the most available high-
resolution spectrographs.

The second stage of learning used the training set extended
by the active dataset, which is composed of automatically nor-
malised and manually corrected observational spectra (applica-
tion and description of active learning in an astronomical context
can be found in the work by koda et al. 2020). First, the model
trained on synthetic data was used to normalise spectra from
UVES Paranal Observatory Project UVES POP?; Bagnulo et al.
2003; 1C 2391, NGC 6475, and the brightest stars of southern
sky, resolution equal to 80000, and the set of FEROS* spec-
tra (153 spectra with a signal-to-noise ratio (S=N) > 500 with-
out object duplicates, and resolution equal to 48 000). Normal-
isation was then manually checked and carefully corrected for
each automatically processed spectrum. This resulted in a set of
around 250 normalised spectra and pseudo-continua ts, making
up the active dataset.

2.2. Tasks description

Initial tests of deep learning methods in stellar spectrum pro-
cessing focused on two distinct tasks: segmentation of spectra
into pseudo-continuum and non-pseudo-continuum parts, and
pseudo-continuum prediction. The segmentation can be consid-
ered as a subclass of a classi cation problem, and is designed
to predict the class that a segment of input data belongs to. The
segment can be as small as one pixel in the case of image seg-
mentation ora ux measurement at a given wavelength (sample)
in the case of one-dimensional spectral data segmentation. In our
case, we classify spectra sample-wise into two classes: ‘contin-
uum’, and ‘non-continuum’ (see the bottom panel of Fig. 1 for
an example).

Segmentation can be given by a function f : R" ¥ 0; 1¢",
where n 2 N, is the number of samples in the input and the
output, 1 corresponds to the pseudo-continuum class, and 0 to
the non-pseudo-continuum class. It is important to note that the

3 https://www.eso.org/sci/observing/tools/uvespop.html
4 https://www.eso.org/sci/facilities/lasilla/
instruments/feros.html
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Fig. 1. Result of HD 27411 (A3m) spectrum processing. Left upper
panel: the spectrum and the predicted continuum near the H line.
Lower left panel: the corresponding segmentation mask. The shaded
area denotes the estimated uncertainty.

result returned by the last layer of a neural network is composed
of real numbers in the range from 0 to 1. Thresholding must be
applied to obtain discrete classes. The common choice used also
in this work is 0:5. Spectrum segmentation was considered here
as an auxiliary task and as a potential regularisation technique
(Kukacka et al. 2017).

A functional form of continuum prediction, which is a mul-
tidimensional regression, di ers slightly from the segmentation
andis givenby f : R" ¥ R" with the same notation as above.
The co-domain here is over the real numbers, instead of a dis-
crete set of values that represent di erent classes. An exemplary
result of such a prediction for both segmentation and a pseudo-
continuum prediction task is given in Fig. 1.

2.3. Loss functions, metrics, and optimisers

Training a neural network requires an optimisation algorithm
that nely adjusts free parameters of the model to the approx-
imate trained function. The quality of the obtained mapping can
be evaluated using various loss functions and metrics. A loss
function denotes a di erentiable function the value of which
is optimised during the training process by the algorithm that
iteratively adjusts free parameters of a neural network under the
training. A metric is a function that is used to evaluate the per-
formance of the model but is not directly used for optimisation
during the training. Metric functions can be non-di erentiable.
The adopted naming convention comes from the TensorFlow
machine learning library (Abadi et al. 2015).

The cross-entropy loss function is often used for segmenta-
tion:

x
Jly;y) =

XK XX
H(yi; yi) =
i=0 =0 j

Yi:j 10g yiij;

where N is a number of samples, y; is a vector of target classes
for i-th sample, and y; is a vector of the model’s output for the
same sample. y;;; equals 1 only if the ith sample belongs to jth
class, so y; 2 f0;1gM, where M is a number of classes. The
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cross-entropy equals zero if a model perfectly assigns classes to
samples. In this work, the binary-cross-entropy loss was applied
as there are only two distinct classes. The accuracy, which is
given by the number of correct predictions divided by the num-
ber of all predictions, was used as a metric. Here, in the case of
the binary segmentation, the accuracy = (TP + TN)=N, where
TP denotes the number of true positive predictions, TN is the
number of to true negatives, and N gives the number of samples.

The mean squared error (MSE) was used as a loss function
for the pseudo-continuum prediction, and is given by

1 X
MSE(y;y) = N (i

i=0

yi)?;

where N denotes the number of samples, y is a vector of target
values, and y is an estimated vector. MSE is a standard loss func-
tion for a regression problem. The mean absolute error (MAE)
was used as a metric for this task. The functional form of MAE
is given by

1 X
MAE(:Y) = Wi ik
i=0
All performed experiments use the Nesterov-accelerated
adaptive moment estimation optimiser (Nadam; Dozat 2016),
which iteratively adjusts free parameters of a neural network dur-
ing a training process. It is based on two main concepts. The
rst is Nesterov’s momentum, which is bene cial in dimensions
of an objective function with small curvature that consistently
points in one direction (Nesterov 1983). The second concept is
the adaptive learning rate, which is able to compute individual
learning rates based on the rst and second moments of gradi-
ents (Adam; Kingma & Ba 2017), and works well with sparse
gradients and non-stationary objectives.

2.4. Exploratory neural network tests

Initial exploration of neural network architectures was focused
on tasks of pseudo-continuum prediction and spectrum segmen-
tation. As these problems are inherently one-dimensional (inputs
and targets are sequential data), we implemented and tested one-
dimensional versions of several neural network architectures that
were successfully used in the eld of image segmentation. We
expected that advances made in the two-dimensional domain,
with necessary adaptations and some minor changes, could be
adopted for the processing of one-dimensional signals such as
stellar spectra. The purpose of these tests was to check this
hypothesis. To some extent, the method to nd the best neural
network follows the work of Radosavovic et al. (2020).

The selection of potential architectures was based in par-
ticular on the paper of Hoeser & Kuenzer (2020), which
gives a detailed overview of both the historical develop-
ment and current state-of-the-art solutions. The architectures
selected for the experiments were: fully convolutional network
(FCN, Long etal. 2015), deconvolution network (DeconvNet,
Noh et al. 2015), U-Net (Ronneberger etal. 2015), UNet++,
(Zhou et al. 2018), feature pyramid network (FPN, Linetal.
2017; Kirillov et al. 2019), and pyramid scene parsing network
(PSPNet, Zhao et al. 2017). Additionally, a new architecture was
proposed, namely UPPNet, which is an extension of the U-Net
architecture.

The same training and evaluation scheme were used for all
tests to make the comparison informative. Each tested neural net-
work is composed of a body and a prediction head. The body is
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Fig. 2. Distribution of loss function values of neural networks ran-
domly sampled from tested architectures trained in the task of pseudo-
continuum prediction. One hundred random neural networks, with a
number of trainable parameters ranging from 200 000 to 300 000, were
drawn for each architecture. The training was held in a low-data regime
for only 30 epochs.

the part sampled from the adopted parameters space, consider-
ing the type of architecture and its free hyper-parameters (e.g.
a number of layers, etc.). As input, it takes a one-dimensional
spectrum (vector of the length equal to 8192) and outputs sev-
eral feature maps of the same length as the input spectrum
(e.g. in the case of a body that returns eight feature maps,
a matrix of size 8192 8 is an output). In the context of a
one-dimensional spectrum, feature maps can represent di erent
shapes of spectral lines. Schematic diagrams of all tested bod-
ies can be found in Figs. A.1 A.7. As the main building block,
all networks use residual bottleneck blocks with group convolu-
tion (Xie et al. 2016), referred to here as residual blocks (RBs).
Hyper-parameters of RBs are: a number of feature maps, a group
width, and a bottleneck ratio (in all experiments the bottleneck
ratio was xed to one; see Radosavovic et al. 2020). The head
takes feature maps from the body part as an input and returns
a nal prediction. All heads share the same architecture, that
is, they have three point-wise convolutional layers (LeCun et al.
1989) with the number of features equal to 64, 32, followed by 1.
In the rst two layers, the ReLU (ReLU(x) = max(x; 0)) activa-
tion function was used, while in the third one, the softmax func-
tion is used for segmentation and ReLU for pseudo-continuum
prediction. The exception is the FCN, the architecture of which
does not allow for this consistent approach. In this case, we
skipped some of the tests (details are given in the architecture
description below).

One hundred neural architecture realisations with a number
of free parameters ranging from 200 000 to 300000 were sam-
pled from each architecture and trained in a low-data regime
( 5000 training samples from the synthetic training dataset,
30 epochs training, where epoch means single complete pass
through the training data) in a pseudo-continuum prediction task.
Validation of networks was performed on the validation dataset
separated from the training set at the beginning. The obtained
distribution of models can be found in Fig.2, and shows the
probability that the loss value on a validation set of a neural
network sampled from a given architecture will be lower than a
corresponding abscissa value. For example, approximately 60%
of neural networks of the UPPNet (full) architecture have a loss
function value lower than 4 10 3. This plot shows that neu-
ral networks of di erent architectures di er in the concentration
of high-quality models in their parameter space and in the mean
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Table 1. Results of experiments with various neural network architec-
tures on the validation dataset.

Architecture C S C&S

C S
FCN 0.0580 0.8877
DeconvNet 0.0124 0.8991 0.0128 0.8763
U-Net 0.0112 0.9105 0.0119 0.8866
UNet++ 0.0146 0.8945 0.0133 0.8679
FPN 0.0125 0.9063 0.0119 0.8887
PSPNet 0.0115 0.9154 0.0119 0.8914
UPPNet (sparse) 0.0122 0.9166 0.0126 0.8857
UPPNet (full) 0.0116 0.9065 0.0110 0.9033
SUPPNEet (synth) 0.0092 0.9132

Notes. S stands for segmentation, C for pseudo-continuum prediction.
We report accuracy metrics for the former and mean absolute error for
the latter. The last two columns contain the results achieved by models
trained in both tasks simultaneously (C and S). The best results are in
bold. The results in the last row anticipate the metrics of the nal model.
These models are described in detail in Sect. 3.

squared error of the best neural network. The UPPNet (full) can
therefore be considered the most promising architecture as it
gives many relatively good models and also has the best model
among all the trained networks.

In the second step of exploration, the best neural net-
work from each architecture was picked and trained in
segmentation/pseudo-continuum prediction, and also in both
tasks simultaneously. In the case of the simultaneous training,
neural networks were equipped with two independent predic-
tion heads. This training covered the entire synthetic dataset and
lasted 150 epochs. The metrics were calculated on the same
validation dataset as in the rst step of exploration. The rst
100 epochs used a learning rate equal to 10 # and a learning
rate equal to 10 ° was used for the remaining steps.

A brief summary of the results can be found in Table 1.
Mean absolute error or accuracy is shown for each architec-
ture and task. UPPNet (full), trained on both tasks simulta-
neously, is leading in pseudo-continuum prediction with MAE
equal to 0.0110, while in segmentation the best is UPPNet
(sparse), which is trained only in the segmentation task, with
accuracy equal to 0.9166. The best, when trained in pseudo-
continuum prediction only, is the U-Net network, with MAE
equal to 0.0112. Training in both tasks simultaneously results
in a systematic decrease in the segmentation quality but has little
e ect on the pseudo-continuum estimation. An overview of the
original models used in the image semantic segmentation, with
a short note about their one-dimensional versions, is provided
below with the results and our conclusions.

2.4.1. Fully convolutional network

This type of CNN was proposed by Longetal. (2015) and
in uenced the whole eld of image semantic segmentation;
most of the following architectures used in the semantic
segmentation are also fully convolutional neural networks.
This end-to-end trainable model uses a VGG-16 network
(Simonyan & Zisserman 2015) as a backbone. This is a simple
network that contains 16 trainable layers. The segmentation pre-
diction is a function of feature maps previously upsampled by
trained deconvolution layers from several intermediate repre-
sentations, and merged by summation. This design gives spatial

resolution and access to high-level semantic classes. In the con-
text of one-dimensional spectrum processing, high-level seman-
tic information can for example correspond to the presence of
emission or wide absorption features in a spectrum. In all of the
following networks, this is always the main goal: to somehow
transfer to the nal segmentation result the information about
precise localisation that the input image contains, but also to
discover the class of the complex objects present in the input.
The schematic diagram of this architecture can be found in
Fig. A.L.

Fully convolutional network architecture does not t the
comparison strategy used in our work, but we include it here
as a prototype for all fully convolutional neural networks. It
forms the low-resolution prediction, gradually re nes it, and
increases its resolution by upsampling and addition. This is con-
trary to other network architectures, which form high-resolution
features used by a neural network head for the nal predic-
tion. Because of these characteristics, the FCN network that pre-
dicts pseudo-continuum and segmentation simultaneously was
not implemented.

In the context of processing stellar spectra, this network has
the poorest results among all tested architectures. The MAE
of the predicted pseudo-continuum is equal to 0.0580 and the
accuracy of segmentation is 0.8877. This shows that the strat-
egy of upsampling a low-resolution prediction isnotan e cient
approach to the investigated problems.

2.4.2. Deconvolution network

This network (Noh etal. 2015) is an example of a so-called
encoder-decoder architecture. It is composed of two parts: an
encoder, the narrowing part, which is the VGG-16 network, and
a decoder, the widening part, the mirrored VGG-16 where pool-
ing is replaced with unpooling layers that use spatial positions
of elements pooled in the decoder. This means that the local-
isation information is forwarded to the nal segmentation out-
put. The schematic diagram of this architecture can be found in
Appendix A in Fig. A.2.

The one-dimensional version of this architecture gives mod-
erate results (separate training: MAE = 0:0124, accuracy =
0:8991). Training in both tasks decreases prediction quality
(C and S training: MAE = 0:0128, accuracy = 0:8763). To
accurately preserve spatial location information, which is key
to accurately predicting pseudo-continuum and segmentation, is
the main challenge when using this architecture. We believe that
this is the reason for the moderate performance of this network.

2.4.3. U-Net

The U-Net architecture proposed by Ronneberger et al. (2015)
is a very successful and broadly exploited model. It is another
encoder-decoder network. Its encoder is composed of ve con-
volutional blocks that double the number of feature maps at each
stage, and that are separated by a maximum pooling layer (com-
parison of pooling methods can be found in Scherer et al. 2010)
awith 2 2 size and stride. The decoder is also composed of ve
blocks and upsamples the low-resolution, high semantic level
feature maps, but contrary to the deconvolution network, blocks
do not use only pooling indices but also concatenate the encoder
feature map of the corresponding resolution. This is an example
of the widely used concept of skipped connections, which helps
to propagate the gradient in the training process, and helps the
network to recover spatial localisation of objects in the input
image. The blocks use 3 3 convolution kernels, except the
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nal layer which uses 1 1 convolution for the nal predic-
tion. The schematic diagram of this architecture can be found
in Fig. A.3.

Tested implementation of one-dimensional U-Net architec-
ture gives very good results in both segmentation and pseudo-
continuum prediction (separate training: MAE = 0:0112,
accuracy = 0:9105). Its pseudo-continuum prediction MAE is
the lowest among networks with one output. Simultaneous train-
ing to predict both targets does not lead to any improvement (C
and S training: MAE = 0:0119, accuracy = 0:8866). This simple
architecture is a very strong baseline for any further experiments.

2.4.4. UNet++

UNet++ (Zhou etal. 2018) is an extension of U-Net archi-
tecture. It replaces the skipped connections with densely con-
nected blocks and uses deep supervision for regularisation. The
authors of the original article introducing this architecture argue
that the proposed connection scheme bridges a semantic gap
between feature maps obtained in the encoder and decoder parts.
The schematic diagram of this architecture can be found in
Fig. A.4.

In the original work, the authors used intermediate super-
vision, but we do not use it for the sake of fair comparison
to other architectures. Although, in theory, UNet++ is supe-
rior to the simpler U-Net architecture, the one-dimensional
UNet++ network that we tested shows poor results (separate
training: MAE = 0:0146, accuracy = 0:8945). Training in both
tasks simultaneously slightly improves pseudo-continuum qual-
ity (MAE = 0:0133) but degrades segmentation substantially
(accuracy = 0:8679). Nonetheless, we suspect that this architec-
ture could outperform U-Net in the regime of bigger networks,
where the U-Net performance could potentially saturate.

2.4.5. Feature pyramid network

The FPN was originally developed as a backbone for a two-stage
object-detection model and was later used in a panoptic segmen-
tation task (the task that uni es image semantic and instance
segmentation; Kirillov et al. 2019). The basic idea is to incor-
porate the construction of a feature pyramid as a part of the neu-
ral network architecture. The feature pyramid is implemented
as a path that upsamples the features using the nearest neigh-
bour interpolation and uses lateral connections for better spatial
localisation of high-resolution feature maps; it is visually similar
to the U-Net architecture but conceptually implements a di er-
ent idea. FPN propagates the same feature maps across di erent
resolutions, while U-Net in principle may alter the feature maps
towards the network output. The schematic diagram of this archi-
tecture can be found in Fig. A.5.

The FPN gives promising results in spectra processing (sep-
arate training: MAE = 0:0125, accuracy = 0:9063). Simulta-
neous task training (C and S) slightly improves the metrics of
pseudo-continuum prediction (MAE = 0:0119) but worsens seg-
mentation quality (accuracy = 0:8887).

2.4.6. Pyramid scene parsing network

The PSPNet (Zhao et al. 2017) is composed of three parts: a
backbone network that delivers a feature map, a pyramid pool-
ing module (PPM) that helps to introduce contextual information
from di erent parts of an image to the nal prediction, and an
output convolutional network that is responsible for the nal pre-
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Fig. 3. Pyramid pooling module used in PSPNet and UPPNet networks.
The PPM pools input feature maps at di erent scales, processes them
using residual stages, linearly upsamples features to input resolution,
and nally concatenates them with input features. In this work, the PPM
pools the input features to all resolutions that strictly divide the input
resolution, e.g. for feature resolutions equal to 32, it pools at scales of 2,
4, 8, and 16. The number of residual blocks in each RS and the number
of features in each residual block were the same for all PPMs used in
exploratory tests and were equal to 4 and 8, respectively.

diction. Use of the PPM is the novelty of PSPNet; PPM pools the
features on di erent scales, applies 1 1 convolution and bilinear
upsampling, and concatenates the produced features to input the
feature map of the module. Zhao et al. (2017) show experimen-
tally that such a lightweight module is able to introduce contex-
tual information in the nal prediction. The schematic diagram
of this architecture can be found in Fig. A.6.

The one-dimensional version of PSPNet uses PPM depicted
schematically in Fig. 3. Although PSPNet does not use skipped
connections in between its encoder and decoder, it gives great
results (separate training: MAE = 0:0115, accuracy = 0:9154).
Its quality slightly degrades when trained on both tasks (C and
S training: MAE = 0:0119, accuracy = 0:8914). Its results in
pseudo-continuum prediction are very close to the results of U-
Net, while in segmentation it achieves results that are about 0.5%
better in accuracy.

2.5. UPPNet

Insights from the previously mentioned architectures encour-
aged us to experiment with adi erent placement of skipped con-
nections together with the use of PPMs. This led to U-Net with
Pyramid Pooling Modules (UPPNet). First, we hypothesised that
not all skipped connections are needed, but at the same time we
suspected that PPMs included at some depths may result in bet-
ter predictions. The proposed architecture is derived from U-Net
by randomly dropping skipped connections or by replacing them
with PPM. This version of UPPNet is denoted as sparse. U-Net,
DeconvNet, and PSPNet are special cases of this architecture.
Next, we decided to experiment with a version of UPPNet that
is derived from the U-Net by replacing all skipped connections
with PPMs, with an additional PPM module at the bottom of
the network. This version of UPPNet is denoted as full. The
schematic diagram of UPPNet (full) can be found in Fig. 4.

Figure 2 partially justi es the idea behind sparse UPPNet as
there is a relatively large number of networks giving loss val-
ues lower that 4 10 3, but Table 1 shows that in the full train-
ing regime, this additional degree of freedom in skipped con-
nection arrangement does not necessarily lead to better results
than those obtained with U-Net and PSPNet (separate train-
ing: MAE = 0:0122, accuracy = 0:9166, C and S training:
MAE = 0:0126, accuracy = 0:8857).

The regular UPPNet (full) architecture generally gives bet-
ter results. Figure 2 shows that there are many models with a
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Fig. 4. Diagram of U-Net with PPMs: UPPNet. The two RSs on the
left create the narrowing path. The downward arrows represent strided
residual blocks that decrease the sequence length by a factor of two. The
central part has three PPM modules; the bottom one is preceded by a
RS. The widening path on the right isare ection of the narrowing path.
Upward arrows represent upsampling by a factor of two. The upsampled
features are concatenated with the result from the PPM blocks before
being fed into the RS blocks. The depth of this UPPNet is de ned as
two.

low loss value and that the best single network is of this kind.
In the training on the full synthetic dataset (see Table 1), the
advantage of this network decreases and the quality of pseudo-
continuum prediction is comparable to that of U-Net and PSP-
Net models (separate training: MAE = 0:0116, C&S training:
MAE = 0:0110). Nonetheless, the best result in pseudo-
continuum normalisation belongs to UPPNet (full) architecture
when trained in both tasks. Additionally, visual inspection of the
results of U-Net and UPPNet showed that the latter gives slightly
smaller residuals on hydrogen H and H spectral lines which
are important for atmospheric parameter estimation. The quality
of segmentation is moderate in the case of training only in this
task (accuracy = 0:9065), but is the best among models trained
in both tasks simultaneously (accuracy = 0:9033). Because of
these ndings, the nal model for pseudo-continuum prediction
uses UPPNet (full) architecture as its main building block and is
trained in both tasks simultaneously.

3. SUPP Network

Stacked U-Net with Pyramid Pooling Modules (SUPPNet) is
a proposed neural network that gives the best results in the
pseudo-continuum prediction task (see Table 1). This neural net-
work was inspired by the three following well-known solutions
present in machine learning literature: the U-Net architecture
(Ronneberger et al. 2015), which, e ective in tasks, is a basic
block that combines precise localisation of features with com-
plex semantic concepts, the pyramid scene parsing module
(Zhao et al. 2017), which enables more e ective sharing of con-
textual information across the whole receptive eld, and the
stacked hourglass network (Newell et al. 2016), where repeti-
tive bottom-up processing in conjunction with deep supervision
allows the network to learn ne-grained predictions.

3.1. Architecture details

SUPPNet is composed of two UPPNet (full) blocks and four
prediction heads (Seg1, Seg2, Cont1 and Cont2; see Fig.5).
The UPPNet module was chosen as the main building block
because of its high quality; reviewed in Sect. 2.5. The heads
compute nal predictions from the high-resolution feature maps
created by UPPNet blocks and have simple architecture, which
is described in Sect. 2.4. The rst block is responsible for
the coarse prediction of a continuum/non-continuum segmenta-

Cont 1

Seg 2

UPPNet UPPNet

Seg1

Fig. 5. Block diagram of the proposed SUPP Network. The network is
composed of two UPPNet blocks and four prediction heads. The rst
UPPNet block forms coarse predictions, and high-resolution feature
maps that are forwarded to the second block (dashed arrow). The coarse
predictions in intermediate outputs Cont 1 and Seg 1 ( rst pseudo-
continuum and segmentation outputs, respectively) are forwarded to the
second block. The second block forms the nal predictions at Cont 2
and Seg 2 outputs.

tion mask (Seg 1) and pseudo-continuum (Cont 1); these outputs
are used only while training, for deep supervision (intermedi-
ate supervision) (Newell et al. 2016; Zhou et al. 2018), which is
bene cial in two ways. First, it helps to deal with the vanish-
ing gradient problem. Second, the deep supervision regularises
the neural network model. As an input, the second block takes
spectra, intermediate predictions (Seg 1 and Cont 1), and high-
resolution feature maps from the rst UPPNet block concate-
nated together. It outputs improved features that are used by the
Seg 2 and Cont 2 heads for nal predictions.

Both UPPNet blocks share hyper-parameters (e.g. a depth, a
number of residual blocks in each residual stage (RS), etc.) but
not their weights. The choice of hyper-parameters was based on
a sampling of 400 UPPNet models that were trained in a low-
data regime in a pseudo-continuum prediction task, following
the procedure from Sect. 2.4. Subsequently, the best UPPNet
was selected. The depth of this model is equal to 8 (its narrowing
path has eight pooling layers in total), with the number of resid-
ual blocks in residual stages successively equal to 1, 1, 1, 2, 2,
5,6,7,10,7,6,5,2,2,1,1, and 1 with the number of lters at
each stage equal to 12, 16, 16, 20, 24, 32, 44, 44, 44, 44, 44, 32,
24,20, 16, 16, and 12, respectively. The narrowing and widening
parts are symmetrical with the bottom residual stage. PPM mod-
ules in SUPPNet have four Iters and use residual stages that are
composed of a single residual block. Their group width is equal
to 64, and so residual stages e ectively use non-grouped con-
volutions. The total number of free parameters of the proposed
SUPPNet is approximately equal to one million.

3.2. Training details

First, the SUPPNet model was trained on a synthetic dataset
only. The training data were fed into the model using a data
generator that augments training examples by randomly crop-
ping the spectra with ratios ranging from 0.7 to 2.5, re ecting
the spectrum over the y-axis with 0.5 probability, and adding
Gaussian noise to obtain a S/N from 30 to 500. A ratio of one
means that an input sampling of 0.03~ was kept. A ratio of
0.7 corresponds to a sampling of 0.021  and a spectral range
of 170™ (170 0:021 8192), and 2.5 to a sampling of
0.075  that corresponds to a 610  input window width. In
this setting, the average sampling of the training data was equal
to 0:05  and this is the value used later for prediction.

The Nadam optimiser was used for training as in all other
experiments described in this work. The learning rate (Ir) was
equal to 10 * for the rst 100 epochs and was decreased to 10 °
for the remaining 50 epochs. After these 150 epochs, a learning
curve attened. We did not experiment with di erent parame-
ters of the Nadam optimiser and left them equal to their default
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Table 2. Stars for the detailed normalisation quality assessment.

HD number  Name Spectral type  V [mag] T. [K] logg vsini [kms 1]
155806 HR6397 O7.51llle 5.53 91 (1)

90882 Sex B9.5V 5.18 10139 (2) 152 (3)

27411 HR 1353 A3m 6.06 7600 (4) 4.0 (4) 20.5 (4)

37495 2 Col FS5V 5.31 6417 (5) 3.79(5) 27.2(6)

59967 HR2882 G3V 6.64 5836 (7) 453 (7) 3.76 (8)

25069 HR 1232 KOIII 5.83 4917 (9) 3.24(9) 3.24(9)

References. (1) Howarthetal. (1997); (2) Zorec & Royer (2012); (3) Swihartetal. (2017); (4) Catanzaro & Balona (2012);

(5) Aguilera-G mezetal. (2018); (6) Schr deretal. (2009); (7) Nissenetal. (2020); (8) dos Santos etal. (2016); (9) Hojjatpanah et al.

(2019).

values ( 1 = 0:9, , = 0:999). The batch size is 128. We denote
this version SUPPNet (synth, S).

For active learning, the SUPPNet (synth) model was loaded
and the learning continued for the next 100 epochs (for rst
50epochsIr = 10 #,and later Ir = 10 %), using the same augmen-
tations but with 10% of the synthetic training, examples replaced
with spectra, and pseudo-continua acquired from manual normal-
isation. This resulted in the SUPPNet (active, A) network.

All neural network outputs were used in the training process.
As in previous experiments, a mean squared error was used as
a loss for pseudo-continuum regression, and mean binary cross-
entropy for segmentation. The MSE loss was multiplied by a
factor of 400 to give it the same order of magnitude as loss used
in segmentation branches.

3.3. Spectrum processing

The proposed spectrum normalisation method consists of three
stages. First, the spectrum is re-sampled with the sampling of
0.05 ", and the sliding window of 8192 samples in size with
a shift of 256 samples is applied. This particular shift means
that each sample is normalised 8192=256 = 32 times. The
data prepared in this way are then re-scaled (min-max nor-
malisation is applied). The second step is the application of
the SUPP Network. As the post-processing step, the predicted
pseudo-continua are scaled back. Finally, the result is calcu-
lated as a weighted average over all predictions for each sample.
This is also used to obtain a qualitative measure of the model’s
inherent uncertainty of both predictions (pseudo-continuum and
segmentation).

The processing described above gives nal pseudo-
continuum and segmentation mask predictions. Because of the
noisy pattern of the order of 0.001 of the relative magnitude
present in the nal result, we recommend an application of addi-
tional nal post-processing. We used a smoothing spline avail-
able in the SciPy Python module (Virtanen et al. 2020, function
UnivariateSpline). A useful advantage of this approach to
smoothing is the possibility to incorporate the estimated pseudo-
continuum errors in the smoothing process. A smoothing spline

t contains a knot arrangement that takes into account the uncer-
tainty of the predicted pseudo-continuum. For example, it places
fewer knots in the ranges of greater uncertainty. An example
SUPPNet result can be found in Fig. 1.

4. Results

Several statistics were used for SUPPNet normalisation qual-
ity assessment. All were computed using residuals between the
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normalised spectrum (manually or automatically using SUPP-
Net) and the reference normalised spectrum. Either the synthetic
or manually normalised spectrum served as the reference spec-
trum. Observed spectra analysed here come from UVES POP,
while synthetic spectra were computed using ATLAS/SYNTHE
codes. Among all normalised UVES POP spectra, six were cho-
sen as representative and were normalised by three of us (TR,
EN, and NP). These spectra show most of the features present in
stellar spectra (for a detailed description see the following text
and Table 2). Statistics mostly used in this section are the fol-
lowing percentiles: 2.28, 15.87, 50.00 (median), 84.13, 97.73,
and root-mean-square (RMS) error. In the case of normally dis-
tributed residuals, 15.87 84.13 and 2.28 97.73 ranges corre-
spond to respectively one- and two-sigma bands.

The signi cance of the obtained results was tested using the
bootstrap method. We tested the hypothesis that median and
measure of spread, de ned as the di erence between 15.87 and
84.13 residuals, are equal in tested groups. In all statements
regarding signi cance, we adopted 95% symmetrical con dence
intervals.

4.1. Synthetic spectra normalisation

To measure normalisation quality and minimise uncertainty
introduced by the manual normalisation, the rst test used only
synthetic spectra. First of all, six chosen stars were modelled
using ATLAS/SYNTHE codes. Parameters for synthetic spectra
were taken from Table 2 and related articles. Missing parame-
ters were manually estimated to be equal to T, = 30000K and
logg = 3:15 in the case of the star HD 155806 (O7.5Ille), and
logg = 3:90 for HD 90882 (B9.5V). The synthetic normalised
spectrum for each star was then multiplied by about 200 di erent
pseudo-continua derived from the manual normalisation. This
gave about 1200 spectra in total, which were later normalised
using the two versions of SUPPNet (synth and active), and used
to calculate normalisation metrics.

The summary statistics of this experiment can be found
in the top two rows of Table 3, and in Fig.6 and Fig.B.1.
The medians of the residuals, which measure a normalisa-
tion bias, are between 0:0016 (SUPPNet active, HD 25069,
KOI1I) and 0.0017 (SUPPNet synth, HD 27411, A3m). The
residuals in the case of SUPPNet trained using active learn-
ing are systematically smaller than when trained using only
the synthetic dataset. This means that the latter places pseudo-
continuum systematically lower. The dispersion of residuals
measured as a di erence between 84.13 and 15.87 percentiles
is between 0.0022 (SUPPNet synth, HD 155806, O7.511le) and
0.0095 (SUPPNet synth, HD 27411, A3m). The residuals are
often slightly smaller when active learning is applied. For
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Table 3. Summary statistics of the detailed analysis of chosen representative stars and the normalisation of synthetic spectra.

Star HD 155806 HD 90882 HD 27411 HD 37495 HD 59967 HD 25069
Spectral type o075V B9.5V A3m FaAV G4V KOl
SUPPNet (synth) ~ 0:0004%99% = 0:0003°0923  0:001790%€,  0:0006%0%7 . 0:0005%0%0%  0:0006°0005s
SUPPNet (active) ~ 0:0008 392 0:0003°0%6 ~  0:0004%0%2  0:0001%0%5,;  0:0008%9922  0:0016%2920
SUPPNet (synth) ~ 0:001200%%C ~ 0:0001%09%0 ~ 0:0010°293,  0:0015°292°  0:0007°0%7,  0:0084°02°L
SUPPNet (active) ~ 0:0026%2928  0:0013°0%1L = 0:002870%3  0:0024%%%L2 ~ 0:0009%992°  0:0048°0L7
NP TR 0:0042000% ~ 0:0015°0%4  0:0013%9%2  0:0013%9926 . 0:0042 %%z 0:0042°001%
EN TR 0:0007%99% "~ 0:0006°%%28,  0:0007%9%8 ~ 0:0004%9%  0:0016%9%°2 0:0013%04%

Notes. Each value is reported in the following format: the main number is the median of residuals with 15.87 percentile in the upper index

and 84.13 percentile in the lower index. The

rst two rows summarise the quality of normalisation of related synthetic spectra distorted with

pseudo-continuum ts obtained from manual normalisation (see Sect. 4.1 for details). Here, contrary to the results on observed spectra, the correct
normalisation is known, and the best values are in bold. The four bottom rows contain the statistics of SUPPNet and manual normalisation
residuals. Manual normalisation of TR was used as the reference. All those residuals and statistics were calculated in the wavelength range from

3900 to 7000 (see the Sect. 4.3 for details).
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Fig. 6. Results of normalisation of six synthetic spectra multiplied by six manually tted pseudo-continua trained with the application of active
learning (synthetic data supplemented with manually normalised spectra). On the left of each row, we show the di erences between automatically
normalised spectra and synthetic spectra, and on the right we show the histograms of those di erences with a related spectral type, median with
15.87 percentile in the upper index, and 84.13 percentile in the lower index. The dashed lines on each panel correspond to the residuals, which are
equal to 0.01, 0.0, and 0.01, respectively. The use of active learning resulted in a slight reduction in the dispersion of residuals.

SUPPNEet trained using the active learning, the dispersion of
residuals is slightly but signi cantly smaller in the case of
HD 27411 (A3m), HD 37495 (G4 V), and HD 25069 (KO I11),
and is signi cantly larger for HD 90882 (B9.5 V). There are no
statistically signi cant di erences between dispersions of resid-
uals for HD 155806 (O7.5 V) and HD 37495 (F4 V). The detailed
inspection of Fig.6 shows that systematic errors vary signi -
cantly across both wavelength and spectra parameters. They are
especially prominent for A3m (HD 27411) and F4V (HD 37495)
stars at wavelength shorter than 4500, where they reach 0.03.
Figure 7 shows a close-up of the 3900 4500  wavelength range
of the A3V synthetic spectra with the mean normalisation result
and residuals. It can be seen that a signi cant normalisation bias
arises in a range where the whole spectrum is below the contin-
uum level. Leaving aside the regions described above, the aver-

age bias of normalization for synthetic spectra is typically below
0.01.

We consider this statistics to be close to the realistic normal-
isation uncertainty in wavelength ranges with spectral features
well represented in synthetic models. Nonetheless, normalisa-
tion of the synthetic spectra does not allow us to draw conclu-
sions about the normalisation quality of the observed spectra, as
they contain additional features (e.g. complex emission spectral
lines).

4.2. Summary UVES POP normalisation statistics

Approximately 100 spectra from the UVES POP library were
used to assess the quality of SUPPNet on observed stellar spec-
tra. First, the majority of spectra from spectral type O to G were
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Fig. 7. Close-up of the 3900 4500  spectral range of the A3V syn-
thetic spectrum with a median of synthetic automatically normalised
spectra (top panel) and residuals of normalisation errors (bottom panel).
For this particular part of the spectrum, the average normalisation is sig-
ni cantly biased. These di erences arise due to wide hydrogen absorp-
tion lines and strong metal lines which heavily blend in this spectral
range. See Fig. 6 for the remaining results.

manually normalised. Spectra were then normalised using both
versions of SUPPNet, and residuals’ statistics were calculated.
The results are summarised in Fig. 8.

In the case of the model trained using only synthetic data,
some biases are prominent around 6750 and for wavelengths
shorter than 4500 . Strong telluric lines at approximately
6870, which were absent in synthetic spectra, are the cause
of the rst bias. The second problem appears because SUPPNet
(synth) systematically predicts an overly low pseudo-continuum
in wide hydrogen absorption lines of A and F spectral types.
Figures B.2 B.6 show separate plots for each spectral type. The
median of residuals is signi cantly di erent from zero and is
equal to 0:0006, which means that the model places pseudo-
continua slightly above the levels chosen by astronomers. The
dispersion of residuals measured as a di erence between 84.13
and 15.87 percentiles is equal to 0.0124. Root mean squared
error equals 0.0122.

SUPPNet trained using an active learning approach shows
slightly better characteristics. The dispersion of its residuals
(0.0118, RMS = 0:0128) is not signi cantly di erent from the
SUPPNEet (synth), but most of the systematic e ects that can be
seen in Fig. 8 are reduced (compare bias in wavelengths shorter
than 4500 ) after training that included real spectra. Nonethe-
less, SUPPNEet (active) shares the tendency of the model trained
on a synthetic dataset to place the pseudo-continuum higher than
when a spectrum is manually normalised. This tendency is mea-
sured by a median of residuals equal to 0:0018 which is signif-
icantly (for a 95% con dence interval) di erent from zero. This
e ect can potentially be introduced by the human, who often
models pseudo-continuum to lie lower than in reality. Di er-
ences between the medians of residuals for the two SUPPNet
versions, although statistically signi cant, are at most compara-
ble and often smaller than the intrinsic error of manual normali-
sation described in detail in Sect. 4.3.

Normalisation quality and active learning importance vary
signi cantly across spectral types. In general, the later the spec-
tral type, the larger the dispersion of normalisation residuals.
Di erences between the medians of the residuals of the two
versions of SUPPNet for O, B, and A type stars are statisti-
cally signi cant. However, SUPPNet synth and active are not
signi cantly di erent in terms of the dispersions of residu-
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als and the remaining medians. The results are summarised in
Table 4 and summary plots for each spectral type can be found in
Figs.B.2 B.6. The tendency to place pseudo-continuum higher
than during manual normalisation holds for most spectral types,
with the notable exception of G type stars. Upon inspection, we
noticed that in spectral ranges with substantial narrow absorption
line blending, where the continuum is absent across wide parts of
aspectrum, the model tends to place pseudo-continuum below the
correct level. A simple workaround for this SUPPNet limitation

is to reduce default sampling from 0.05™ to 0.03 0.04" when
working with spectral types later than G5.

The second issue is the relatively high uncertainty in the H
Balmer line, which is especially prominent in the case of Fand A
type stars. Closer examination showed that this can be explained
by erroneous manual normalisation. For this spectral range, the
manual normalisation is impossible as a wavy pattern introduced
by imperfections of an instrument pipeline crosses and changes
this spectral feature signi cantly (see Fig. 9 for details).

The positive in uence of active learning on SUPPNet nor-
malisation quality is the most prominent in the case of O
type stars, where strong emission features are often present.
The spectral range of HD 148937 (06.5), with H Balmer and
He 16678  lines in emission, is shown in Fig.10. SUPPNet
(active) predicts pseudo-continuum across these features rela-
tively well, while SUPPNet, trained using synthetic data only,
treats these features as a part of the pseudo-continuum.

4.3. Detailed analysis of chosen stars

In the last step of the SUPPNet analysis, six stars were nor-
malised automatically and manually by three of us (TR, EN
and NP), and the results were carefully compared. Their spectral
types range from O7.5V to KO Il and show most of the typical
spectral features. The main characteristics of the selected stars
are gathered in Table 2.

HD 155806 (HR 6397, V = 5:53 mag) is the hottest Galactic
Oe star (Fullerton et al. 2011). Its initial spectral classi cation
of 07.5V[n]e (Walborn 1973) was changed to O7.5 Ille because
of the strength of its metallic features (Negueruela et al. 2004).
Stars of this type are rare and show a double-peaked or central
emission in their Balmer lines.

HD 27411 (HR 1353, V = 6:06 mag, A3m) is an example of
a chemically peculiar (CP) star. Its atmospheric parameters and
abundances were investigated in detail in the context of di usion
theory in the work of Catanzaro & Balona (2012).

HD 90882 (HR 4116, Sex, B9.5V), HD 37495 (HR 1935,

2 Col, F5V), and HD 59967 (HR 2882, G3 V) are typical rep-
resentatives of their spectral types. The rst is a rapidly rotating
B type star, and the last is a young ( 0:4 Gyr), active, slowly
rotating solar-twin star.

The last star for detailed analysis is HD 25069 (HR 1232,
V = 5:83 mag). In the UVES POP catalogue, its spectral type is
G9V, while SIMBAD database sources give KO 111 or KO/1111.
Here KO I11 is used. This star is a representative example of a late
G and early K spectral type.

The results for all stars can be found in the four bottom
rows of Table 3. Figure 11 contains detailed pseudo-continua
and residuals for the HD 27411 (A3m) star. The results show
that the di erences between manually normalised spectra are
between 0:0042 and 0:0016 in the median with typical disper-
sion, de ned by a 15.87 84.13 percentiles band ranging from
approximately 0.0040 to 0.0330 (see NP TR and EN TR rows
in Table 3). This is the scale of uncertainty inherent to manual
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Fig. 8. Quality of normalisation measured using residuals between the result of the SUPPNet method and the manually normalised spectra over
all stars from UVES POP eld stars, which were manually normalised. The line shows the value of median for each wavelength, the shaded areas
are de ned to contain respectively 68 and 95 percent of values (de ned by percentiles: 2.28, 15.87, 84.13, and 97.73). The upper and lower panels
contain results of the algorithm that used only synthetic data for training or applied active learning, respectively. Active learning signi cantly

reduces systematic e ects for wavelengths shorter than 4500 .

Table 4. Summary of SUPPNet normalisation quality over UVES POP
eld stars divided into spectral types.

Spectral type  SUPPNet (synth) SUPPNet (active)
0 0:0011%2%0. 0:0025 888%
B 0:0003%2%2> 0:0014018%})%3
A 0:0005018%2%0 0:0006018%%‘;6
F 0:003101(‘)’:‘(’)21%9 0:0042(’:8:‘(’)‘1729
G 0:0021018:})%15 0:00050:(‘)):(3;)961

Notes. The model generally predicts higher pseudo-continuum than
those predicted by a human. The prominent exception here are spec-
tra of G type stars where this tendency is inverted. The detailed plots
can be found in Figs. B.2 B.6.
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Fig. 9. H Balmer line region for the three UVES POP eld stars.
The gure shows how the wavy pattern prominent in pseudo-continua
of F and A type stars is related to manual and SUPPNet predictions.
The pseudo-continuum predicted by SUPPNet (A) is shown with an
estimate of its uncertainty (method internal uncertainty, green shaded
area).
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Fig. 10. Predicted pseudo-continuum for a spectrum of
HD 148937 (06.5) with H and Hel 6678  lines in emission.
SUPPNet (active) correctly deals with most emission features, while
SUPPNet (synth) treats those features as a part of pseudo-continuum.
This is an important example of where active learning signi cantly
improves the normalisation quality.

normalisation. In terms of residuals statistics, the quality of the
SUPPNet normalisation method is superior to the quality of the
manual normalisation.

The left panels of Fig. 11 and Figs. B.7 B.11 demonstrate the
di culty of the task of tting a pseudo-continuum. In HD 27411,
most of the spectrum is disturbed by a semi-periodic pattern that
arises from imperfect order merging and blaze function removal.
SUPPNet models this pseudo-continuum type relatively well for
wavelengths longer than the Balmer H line and signi cantly
poorer in the spectral range from 4400 to 4800 , where the
amplitude and frequency of this pattern signi cantly increase.
Nonetheless, the error amplitude is of the order of 0.02, both
for manual and SUPPNet normalisation. For wavelengths shorter
than 4200 , the dispersion between di erent normalised uxes
grows considerably. In this range, it is di cult to assess the
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Fig. 11. Comparison of normalisation quality using the example of HD 27411 (A3m) with two versions of the proposed method (SUPPNet active

and synth) and manual normalisation performed independently by three di erent people (TR, NP, and EN). Upper left panel: original

ux with

all tted pseudo-continua. Lower left panel: residuals of normalised uxes relative to TR normalisation. Right panels: present histograms of all

mentioned residuals with median, 15.87, and 84.13 percentiles.

normalisation quality without referring to the synthetic spectral
model, which could potentially guide manual normalisation.

The uncertainty estimated by SUPPNets has only a qualita-
tive meaning, and informs the users of where they can expect
normalisation results to be most uncertain, but not necessarily
where the model failed in predicting the pseudo-continuum. As
can be seen in the bottom panel of Fig. 11, the estimated uncer-
tainty is the highest in the wide absorption lines. However, in the
spectral range from 4400 to 4800, the proposed method did
not capture the ambiguous character of the predicted pseudo-
continuum.

4.4. Resolution, rotational velocity, and noise

Stellar spectra present in databases have various levels of noise,
resolutions, and projected rotational velocities. We tested the
consistency of normalisation with respect to those parameters.
To this end, we used synthetic spectra calculated for parameters
of HD 27411 (A3m) with a S/N of 30 and 500, a projected rota-
tional velocity equal to 0, 50, 100, and 200 km s ?, and resolu-
tions equal to 10* and 10° .

The predicted pseudo-continuum is generally consistent for
the tested S/Ns. The di erences between results increase for
low-resolution spectra and in heavily blended line regions where
there is no real continuum in the ux. The test with low-quality
medium-resolution spectra showed that in this case, the proposed
method places the pseudo-continuum signi cantly too high. This
problem can be suppressed by increasing a sampling step or by
training SUPPNet using noisy, low-resolution spectra.

For a spectrum broadened by the projected rotational veloc-
ity, the di erences between predicted pseudo-continua are gen-
erally smaller than 0.01, except for the wavelengths shorter
than 4300 where the wux is well below expected pseudo-
continuum. The results described above are summarised in
Fig.C.1.

A199, page 12 of 20

5. Conclusions

Machine learning methods are becoming more and more impor-
tant in science, particularly in astronomy. Here we present
a method for spectrum normalisation that uses novel, one-
dimensional, fully convolutional, deep neural network archi-
tecture: the SUPP Network. Its automatic character makes the
results of SUPPNet reproducible and more homogeneous, which
is very important especially in the context of time-series of spec-
tra. The use of synthetic spectra during training allows the model
to become aware of features present in the spectra and helps
to recover pseudo-continuum in regions where this cannot be
done manually; for example, in regions heavily blended by lines
or across Balmer hydrogen lines with instrumental ripples. The
accuracy of SUPPNet is comparable to that achieved with careful
manual normalisation, making it possible to omit human inter-
vention in this step of spectrum pre-processing. SUPPNet works
well with both emission and absorption spectral features, with
blended lines and spectral ranges where the real continuum is
absent. If manual correction is necessary, it can be done using a
developed Python application or online; see Appendix D.

The main drawback of the proposed method is the fact that
it uses a sliding window technique while in principle this is not
necessary for fully convolutional neural networks, as they accept
inputs of any length. Sliding window is necessary because we
use a min-max normalisation strategy for inputs. As a bene -
cial side e ect, we are able to give some estimates of pseudo-
continuum uncertainty.

The directions of future developments are as follows: exten-
sion of the training set to include spectra from spectrographs
other than UVES and FEROS, an extension of the set of empir-
ical pseudo-continua to include ts from other astronomers,
experiments with alternative input normalisation techniques
that would eliminate the sliding window approach, and explo-
ration of alternative ways to estimate prediction uncertainties.
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pseudo-continua provided by other astronomers and observa-
tions from di erent instruments are expected to reduce biases.
The proposed technique can be extended in such a way that it
uses coarse spectral type estimation and wavelength range infor-
mation, which can further improve normalisation quality. Other
possible development paths are exploitation of di erent neural
network architectures and modules (e.g. attention module) and
scaling-up of the SUPPNet model. The longstanding purpose is
to use an automatically normalised spectrum for stellar parame-
ter and abundance estimation that consistently includes normal-
isation errors.

The most important characteristic of the proposed method is
its generality. The use of SUPPNet in similar tasks is straight-
forward, such as in trend or background modelling, and UPP
modules can be used in contexts other than those related to one-
dimensional signal processing; for example image segmentation.
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Appendix A: Diagrams of neural network

architectures
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Block diagrams of neural network architectures included in

exploratory tests.
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Appendix B: Plots
Detailed plots of the results.
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Fig. B.1. Results of normalisation of six synthetic spectra multiplied by six manually tted pseudo-continua using a neural network trained only
with synthetic data. In each row, on the left, the di erences between automatically normalised spectra and synthetic spectrum are shown, and on
the right, the histogram of those di erences with a related spectral type, the median with 15.87 percentile in the upper index, and 84.13 percentile
in the lower index is displayed. The dashed lines on each panel correspond to the residuals equal to -0.01, 0.0, and 0.01, respectively.
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Fig. B.2. Residuals between the manually normalised spectrum and the
result of the tested algorithm over O type stars from UVES POP eld
stars, which were manually normalised.
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Fig. B.3. Residuals between the manually normalised spectrum and the
result of the tested algorithm over B type stars from UVES POP eld
stars, which were manually normalised.
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Fig. B.4. Residuals between the manually normalised spectrum and the
result of the tested algorithm over A type stars from UVES POP eld
stars, which were manually normalised.
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Fig. B.5. Residuals between the manually normalised spectrum and the
result of the tested algorithm over F type stars from UVES POP eld
stars, which were manually normalised.
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stars, which were manually normalised.
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Fig. B.7. Comparison of normalisation quality on the example of HD 155806 (O7.5 V) star with two versions of the proposed method (SUPPNet
active and synth) and manual normalisation done independently by three di erent people (TR, NP, and EN). The left upper panel shows original

ux with all tted pseudo-continua. The left lower panel shows residuals of normalised uxes relative to TR normalisation. The right panel presents
histograms of all mentioned residuals with median, 15.87, and 84.13 percentiles.
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Fig. B.8. Comparison of normalisation quality on the example of HD 90882 (B9.5 V) star with two versions of the proposed method (SUPPNet
active and synth) and manual normalisation done independently by three di erent people (TR, NP, and EN). The left upper panel shows original

ux with all tted pseudo-continua. The left lower panel shows residuals of normalised uxes relative to TR normalisation. The right panel presents
histograms of all mentioned residuals with median, 15.87, and 84.13 percentiles.

A199, page 17 of 20

23

33:75642



A&A 659, A199 (2022)

== Flux/Error ~—— SUPPNet (active) —— SUPPNet (synth) —— TR — NP — EN

1500 - Median = —0.0024%9%2,

1250 4

1000 A

Flux

750 A

Median = —0.0015%9%3

500 4

250 4

0.081

0.06 1

edian = —0.0013%9%2¢

0.04 1

0.02

0.00

Median = 0.0004%9%%,

Residuals

—0.02 4
—0.04 4

—0.06 4

—-0.08 T T T T T T T
4000 4500 5000 5500 6000 6500 7000

Wavelength [A]

Fig. B.9. Comparison of normalisation quality on the example of HD 37495 (F4 V) star with two versions of the proposed method (SUPPNet active
and synth) and manual normalisation done independently by three di erent people (TR, NP, and EN). The left upper panel shows original ux
with all  tted pseudo-continua. The left lower panel shows residuals of normalised uxes relative to TR normalisation. The right panel presents
histograms of all mentioned residuals with median, 15.87, and 84.13 percentiles.
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Fig. B.10. Comparison of normalisation quality on the example of HD 59967 (G4 V) star with two versions of the proposed method (SUPPNet
active and synth) and manual normalisation done independently by three di erent people (TR, NP, and EN). The left upper panel shows original

ux with all tted pseudo-continua. The left lower panel shows residuals of normalised uxes relative to TR normalisation. The right panel presents
histograms of all mentioned residuals with median, 15.87, and 84.13 percentiles.
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Fig. B.11. Comparison of normalisation quality on the example of HD 25069 (KO I11) star with two versions of the proposed method (SUPPNet
active and synth) and manual normalisation done independently by three di erent people (TR, NP, and EN). The left upper panel shows original
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Appendix C: Resolution, rotational velocity, and
noise
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Fig. C.1. Normalised spectrum and pseudo-continuum predicted by
SUPPNet (active) with default sampling and smoothing parameters.
As ux is already normalised, pseudo-continuum should equal 1 in the
whole domain. The upper panel shows the in uence of noise and reso-
lution on normalisation results. The results are generally consistent with
the exception of noisy, SNR = 30, medium resolution, R = 10%, spectra
(see the green lines). In such a case the pseudo-continuum is placed too
high. It is worth mentioning that such low resolution is outside of the
training data domain where the resolution is not lower than 4 10*. This
limitation can be overcome by increasing a sampling step or by extend-
ing the training set to include lower resolution spectra. The lower panel
shows the in uence of the projected rotational velocity on the normali-
sation result. The predictions are generally consistent and di er by less
than 0.01.

The results of resolution, rotation velocity, and noise in uence
on predicted pseudo-continuum are summarised in Fig. C.1

A199, page 20 of 20

Appendix D: Codes
D.1. SUPPNet — online

An online version of the SUPPNet method is available: https:
//git_io/Jgdht. It is a fully front-end JavaScript application
that gives access to the basic features of SUPPNet. It is a simple
way to experiment with the proposed method and is intended to
be the rst choice for users who do not need all features of the
full version of the code and for whom the performance o ered
by the website is su cient. Additionally, the webpage contains
interactive versions of plots gathered in this work.

Its basic limitations are a predetermined value of the sliding
window shifts (equals 1024 samples), and a missing feature of
adaptive spline smoothing which is replaced with Savicky-Golay

Itering (Savitzky & Golay 1964) in the online version. Users
interested in automatised normalisation of large sets of spectra
are encouraged to use the Python version of the code.

D.2. SUPPNet — Python version

The Python version of SUPPNet includes all features for spec-
trum normalisation, with relatively easy access to GPU accel-
eration for users who need top performance. It is available on
GitHub https://github.com/RozanskiT/suppnet.

D.3. HANDY

HANDY? is an interactive tool for manual spectrum normalisa-
tion. pseudo-continuum tting in HANDY is based on manual
selection of parts of the continuum, to which the Chebyshev
polynomial of the selected order is then tted in the de ned
areas. Akima spline functions are used between these areas.
Additionally, HANDY includes the possibility to interpolate
spectrum on the prede ned grid of synthetic spectra, wraps
SYNTHE/ATLAS codes (Kurucz 1970), for spectrum synthe-
sis that gives access to lines identi cation lists and includes
radial velocity correction unit. The mentioned features make
it a handy tool for initial spectrum exploration and/or manual
normalisation.

5 https://rozanskit.com/HANDY/
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Abstract

Stellar spectra emulators often rely on large grids and tend to reach a plateau in emulation accuracy, leading to
signi cant systematic errors when inferring stellar properties. Our study explores the use of Transformer models to
capture long-range information in spectra, comparing their performance to the Payne emulator (a fully connected
multilayer perceptron), an expanded version of The Payne, and a convolutional-based emulator. We tested these
models on synthetic spectral grids, evaluating their performance by analyzing emulation residuals and assessing the
quality of spectral parameter inference. The newly introduced TransformerPayne emulator outperformed all other
tested models, achieving a mean absolute error (MAE) of approximately 0.15% when trained on the full grid. The
most signi cant improvements were observed in grids containing between 1000 and 10,000 spectra, with
TransformerPayne showing 2-5 times better performance than the scaled-up version of The Payne. Additionally,
TransformerPayne demonstrated superior ne-tuning capabilities, allowing for pretraining on one spectral model
grid before transferring to another. This ne-tuning approach enabled up to a 10-fold reduction in training grid size
compared to models trained from scratch. Analysis of TransformerPayne's attention maps revealed that they
encode interpretable features common across many spectral lines of chosen elements. While scaling up The Payne
to a larger network reduced its MAE from 1.2% to 0.3% when trained on the full data set, TransformerPayne
consistently achieved the lowest MAE across all tests. The inductive biases of the TransformerPayne emulator
enhance accuracy, data ef ciency, and interpretability for spectral emulation compared to existing methods.

1 Research School of Astronomy & Astrophysics, The Australian National University, Cotter Rd., Weston, ACT 2611, Australia; Tomasz.Rozanskil@anu.edu.au

Uni ed Astronomy Thesaurus concepts: Stellar atmospheres (1584); Galactic archaeology (2178); Astroinfor-

matics (78); Astrostatistics (1882)

1. Introduction

Spectroscopy is a cornerstone in astrophysics, providing the
key to understanding the complex evolution and properties of
stars, galaxies, and other astrophysical objects and phenomena.
The eld of stellar spectroscopy has seen considerable
evolution owing to large-scale surveys like APOGEE,
LAMOST, Gaia-ESO, and GALAH (G. Gilmore et al. 2012;
A. L. Luo et al. 2015; S. R. Majewski et al. 2017; S. Buder
et al. 2020), which calls for better analysis techniques to
manage the in ux of high-quality spectral data. The shift from
analyzing a few thousand spectra (K. Fuhrmann 1998;
T. Bensby et al. 2003) to handling millions is illustrated by
the upcoming 4MOST survey (R. S. de Jong et al. 2019), which
will acquire 20 million low-resolution (R 6500) and 3
million medium-resolution (R 20,000) spectra over 5 yr of
operation. Similarly, the WEAVE survey (G. Dalton et al.
2014) projects comparable gures. The scale of these surveys
required advancements in stellar spectra modeling, which led to
transitioning from detailed star-by-star analyses using spectral
synthesis codes to pipelines that employ ef cient amortization
techniques, such as neural network emulation and inference
tools, capable of processing this volume of stellar spectra.

An important aspect of building a pipeline that provides
reliable estimates of parameters of stellar atmospheres is access
Original con_tent from this Wor_k may be us_ed under the terms

B of the Creative Commons Attribution 4.0 licence. Any further

distribution of this work must maintain attribution to the author(s) and the title
of the work, journal citation and DOI.

29

to physics-based numerical stellar atmospheric models that
include all relevant physical phenomena as comprehensively as
possible. There are many tools generally available for inferring
stellar parameters. To name just a few, there are SME
(N. Piskunov & J. A. Valenti 2017), iSpec (S. Blanco-Cuare-
sma et al. 2014), FAMA (L. Magrini et al. 2013), and GALA
(A. Mucciarelli et al. 2013), which rely on spectrum synthesis
numerical codes or interpolation across extensive grids. At the
forefront of today's research, non-local thermodynamic
equilibrium (non-LTE) and 3D effects are of the greatest
importance when targeting precise stellar atmospheric para-
meters, such as effective temperature and surface gravity or
elemental abundances (A. M. Amarsi et al. 2022; E. Magg et al.
2022; Y. Zhou et al. 2023). There are still many areas to
advance, including extending modeling toward shorter
(D. J. Hillier 2020) and longer wavelengths (D. Lim et al.
2022), incorporating non-LTE effects for more lines and atoms
through the development of more comprehensive atomic
models (N. Przybilla 2010), considering the vertical strati ca-
tion of elements in stellar atmospheres (F. LeBlanc et al. 2009),
and including the in uence of magnetic elds (A. Hahlin et al.
2024). Additionally, extending modeling toward lower tem-
peratures, where molecular lines and possibly even weather
might be of interest, and toward higher temperatures, where
detailed modeling of winds is crucial, is also important.
Additionally, extending modeling efforts toward lower tem-
peratures, where molecular lines and atmospheric phenomena
like starspots and ares are of interest (K. G. Strassmeier 2009;
A. F. Kowalski 2024), and toward higher temperatures, where
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detailed modeling of stellar winds is crucial (R.-P. Kudritzki &
J. Puls 2000), is also important.

Inference of atmospheric parameters, whether through
optimization (e.g., mean squared error (MSE)) or posterior
sampling, involves thousands of evaluations of spectrum
synthesis code and, ideally, atmospheric structure calculations.
This makes it infeasible when considering the state-of-the-art
models, which can take hours to days to converge. This
requires the development of amortization methods, which
involve running large-scale initial calculations to enable later
fast and accurate inference.

Traditionally this is handled by the computation of large
spectral grids covering the parameter space of interest and later
using interpolation, and often some additional post-processing,
e.g., convolution with a rotational kernel, in the inference part.
However, this approach quickly becomes infeasible as the grid
size grows exponentially with the number of inferred parameters.
Especially when targeting the inference of dozens of individual
abundances, the computation of such grids and subsequent
interpolation exceeds current computational capabilities.

A solution to this dimensionality curse is to replace
interpolation using traditional methods with a modeling-based
approach, referred to as emulation. Models used in this context
no longer perform bare interpolation but are optimized to
approximate the complex function from spectrum parameters to
normalized uxes. Pioneering works in this domain use
quadratic (e.g., The Cannon by M. Ness et al. 2015), and
polynomial modeling (H.-W. Rix et al. 2016). These
approaches, however, might not be expressive enough to
precisely model the complexities of stellar spectra, such as the
highly nonlinear and correlated behavior of many atomic
features.

The neural-network-based approach has been empirically
proven to be very exible and ef cient in high-dimensional
emulation with sparse data, i.e., with a number of spectra
smaller than exponential in the number of dimensions. The rst
proposed neural network architecture applied to this task is The
Payne model, which is a multilayer perceptron (MLP; dense
network; The Payne in the context of astrophysics; Y.-S. Ting
et al. 2019). It is a simple and robust model, offering fast
optimization (in the context of neural networks called training)
and high prediction accuracy. Despite its performance, the
main limitation of The Payne model is its saturation when the
mean absolute error (MAE) of emulation is around 0.01 in
normalized ux. Precise error depends on the dimensionality
and the span of the grid, but the 0.01 reported here is
illustrative of the expected order of magnitude for the
emulation error of The Payne.

Saturation at this level hinders the usage of this emulator
when modeling effects that weakly manifest in spectra. For
example, the inclusion of non-LTE effects in stellar spectra
calculation affects only a small subset of spectral lines that are
present in stellar spectra. The change introduced by this
additional physics is small and in many cases can be of the
order of several percent in normalized ux. When relating the
strength of this signal to the mean absolute accuracy of 0.01 in
normalized ux for which The Payne tends to saturate, it
becomes evident that the usage of this emulator might hinder
the bene ts of having much more complex physical models.
Other effects that mostly in uence the shape of spectral lines,
like hyper ne splitting, differential rotation, pulsations, star-
spots, or Zeeman splitting, also manifest themselves in weak
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signals, so accurate emulation is necessary for survey-scale
inference of these effects. Additionally, these detailed physical
effects are often computationally expensive, allowing only
small grids of hundreds to thousands of spectra to be feasible.

In this study, we introduce TransformerPayne, a new stellar
spectra emulator that leverages the Transformer architecture to
capture long-range correlations in spectral data. WWe compare its
performance with existing emulators, including The Payne and
a convolutional-based emulator, across various experiments
involving different training set sizes and training lengths.

The paper is structured as follows: Section 2 discusses the
key motivation of this paper and explains the concept of
inductive bias. Section 3 describes the methods, introduces the
TransformerPayne architecture, and outlines the details of data
and training. Experiments are described in Section4 and
discussed in Section 5. The conclusions and future work are
detailed in Section 6. For a quick look at the expected effect of
applying the TransformerPayne model, see Figure 1.

2. Inductive Bias

One of the limiting factors of using the simple MLP models,
such as The Payne, to emulate spectra stems from the fact of its
inadequate inductive bias. Inductive biases can be de ned as a
set of rules encoded in the machine learning model or learning
process, which are used when predicting output for an unseen
input. Inductive bias allows the model to choose one particular
solution from others, even when they give the same results. The
Occam?®s razor rule, which prioritizes the simplest solutions, is a
classical example of inductive bias. Inductive biases of neural
networks mostly manifest in the choice of a model's architec-
tures. The MLP architecture assumes one of the weakest
inductive biases among neural network architecture. This
architecture assumes only the smoothness of the approximated
function and does not have any inherent mechanisms that exploit
local or sparse structure of the approximated function. Since The
Payne typically utilizes a relatively small MLP, its moderate
expressiveness inherently imposes a simplicity bias.

Inductive biases not tted for the precise stellar spectrum
emulation are probably the most important factor causing
saturation of the Payne architecture-based emulators. We
hypothesize that the saturation observed in The Payne's
performance is due to its simplicity bias. While the architecture
of The Payne, being an MLP, is indeed highly expressive and
not constrained by any inductive bias, its typically small size
limits its capacity to fully capture the complex, nonlinear, and
correlated behaviors present in stellar spectra. Investigation of
the in uence of simplicity bias can be tested by scaling The
Payne to signi cantly bigger networks, which we will also
explore in this study. But more importantly, this study aims to
explore inclusion of inductive biases associated with the local
and long-distance structure of stellar spectra by testing other
neural network architectures. Such inductive biases might lead
to better emulation of spectra. On the on hand, local structure is
associated with the signi cant width of spectral features and
pro les, with hydrogen lines or molecular bands as wide as
100 A. On the other hand, there is a sparse and complex
structure across different lines of the same elements. In
particular, there might be a positive correlation for all lines
of a given element if its abundance increases, or more complex
dependencies in the case of temperature variation.

An architecture that scales well to large networks and
captures complex dependencies between various parts of the
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Figure 1. lllustrative predictions and residuals comparing the TransformerPayne model developed in this study and the BigPayne model, which is a scaled-up Payne
emulator, both trained on the training grid from scratch, with the same training set of 100,000 spectra. The spectrum shown corresponds to a star with Teg = 4230 K,

logg; 4.5, and [Fe/H] =

1.5 at a spectral resolution of R = 100,000. The residuals of TransformerPayne are reduced when compared to BigPayne residuals,

demonstrating that the strong inductive biases of TransformerPayne can lead to more precise emulation of spectra.

input is the Transformer architecture (A. Vaswani et al. 2017).
First developed for natural language processing, it was later
adopted for image, audio, and video processing, and it is
gradually becoming a current one-size- ts-all solution in
machine learning. Its adoption extends much beyond the
mentioned modalities. In particular, TimesLM is a general
model for time series processing (A. Das et al. 2023), Genomic
Pre-trained Network is a model trained on genomic DNA
sequences (G. Benegas et al. 2023), and ProteinLM is a model
trained on protein sequences (Y. Xiao et al. 2021).

The appropriate choice of inductive biases is critical to
overcome the issue of model saturation and can lead to better
data ef ciency, i.e., in the context of stellar spectra emulation,
this means that a xed targeted emulation uncertainty can be
achieved with a smaller number of spectra. A high data
ef ciency is particularly important for spectral modeling, as
proper numerical modeling of the stellar atmosphere and the
emergent spectrum, which includes complex physics such as
3D non-LTE models, can be computationally expensive, and
calculation of extensive grids might be infeasible.

3. Methods and the TransformerPayne Architecture

The objective of this study was to construct a stellar
spectrum emulator capable of accurately replacing a numerical
model in parameter estimation pipelines. This emulator
approximates a function, f(j, p), where represents the
wavelength and p denotes a set of arbitrary input parameters,
such as effective temperature or elemental abundances. For
comparison, we evaluated three different neural networks.

As the baseline, we utilized a basic approach known as the
MLP, also referred to as The Payne in astronomical literature
(Y.-S. Ting et al. 2019; 1. Straumit et al. 2022; M. Xiang et al.
2022).> This method predicts uxes at a xed set of
wavelengths. MLP is the main building block of most machine
learning models and is a simple vector-matrix multiplication
with a nonlinear element-wise function. We used a network of

5 We based our implementation on the one available at https://github.com/

tingyuansen/The_Payne.
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the size typically adopted for stellar spectrum emulation and
comparable to the original The Payne, a three-layer MLP:

f; Wsgelu(Wogelu(Wip ) bi) ) bp)) bs, 1)

where f is a predicted vector of normalized uxes, matrices
W; and vectors b are free parameters of the model, and ‘5‘ is the
vector of input parameters. The shapes of matrices W; are
respectively pgim > 128, 128 x 128, and 128 x 22,315.
Alternatively, the architecture can be described as having three
layers with 128, 128, and 22,315 neurons in subsequent layers.
Lastly, gelu(x) is an element-wise nonlinearity function
(D. Hendrycks & K. Gimpel 2016; in the context of machine
learning, nonlinearities are referred to as activation functions).
We used GELU because it has demonstrated better perfor-
mance than the commonly used ReLU (V. Nair &
G. E. Hinton 2010) in Transformer architectures across various
tasks. The smooth, continuous nature of GELU allows it to
approximate complex, nonlinear functions more effectively,
which is bene cial for modeling the intricate patterns in stellar
spectra. The gelu(x) function is

X
7z
where erf(x), known as the error function, is de ned by an
integral:

gelu(x) ; x -% 1) erf 2)

erf(x); —g et 3)
N

Additionally to The Payne model, we explored scaling it to a

larger network, and subsequently we call this version

BigPayne. It has four layers with 2048, 2048, 2048, and

22,315 neurons.

We also contrast our study with the convolutional-based
neural network (Y. LeCun et al. 1989; A. Krizhevsky et al.
2012; M. D. Zeiler & R. Fergus 2013), which are also
often used for the processing of astrophysical spectra,
e.g., in the context of classi cation of stellar spectra
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(K. Sharma et al. 2020) or estimation of quasar redshifts
(F. Rastegarnia et al. 2022). In the convolutional-based
emulator, the MLP part is used to predict a low-resolution
spectrum embedding, followed by several convolutional layers
that aim to learn the up-sampling function. The MLP part has
three layers with 2048 neurons in each layer, and then the result
of MLP is reshaped to a 512 > 4 matrix, which can be thought
of as the low-resolution spectrum tokenization. Then, this is
processed using ve up-sampling blocks which outputs vector
with 16,384 samples, equals 512 x 2° later linearly
interpolated to the normalized ux output size of 22,135. This
architecture is motivated by the idea of separating long-distance
correlations with the MLP and resolving short-term interactions
(e.g., line shapes) using learned up-sampling blocks.

The parameter count for all considered emulators is
approximately 3M for The Payne, 54M for BigPayne, 9M for
convolution-based, and 17M for TransformerPayne (see the
following section for details on the TransformerPayne
architecture). We do not compare to more traditional
interpolation methods, as they are infeasible for high-dimen-
sional grids explored in this work, and their weaknesses are
discussed in detail in Y.-S. Ting et al. (2019). Details of the
architectures can be found in the code listings in the Appendix.

3.1. TransformerPayne Architecture

The Transformer architecture (A. Vaswani et al. 2017) has
shown effectiveness in multiple domains, but various mod-
i cations are critical to adapt to the speci cities of different
data. In particular, spectral data are distinct from modalities like
video or audio, as ux is a function of wavelength without shift
invariance. Because of this characteristic, we propose a
variation of the Transformer architecture that explicitly
depends on wavelength. More speci cally, our model will
predict Normalized Flux ; f(j, p), where p is a vector of
stellar atmospheric parameters and is a single wavelength.
From the early layers of the architecture, parameterization in
wavelengths biases the model to learn features shared across
lines of the same element, even if they are widely separated in
wavelength. This is achieved through the exibility of the
attention mechanism, the main building block of the Transfor-
mer architecture (see detailed description below). During
inference, the emulator can be vectorized to predict the
normalized ux at the arbitrarily chosen wavelength grid. This
simpli es the modeling of spectra from an arbitrary instrument
and also makes it simple to study the effects of Doppler shifts
without additional steps of interpolation.

The TransformerPayne model is implemented using usual
building blocks of Transformer-based architecture and builds
on the work on conditioning on spatial dimensions in the eld
of neural radiance elds (B. Mildenhall et al. 2020;
M. S. M. Sajjadi et al. 2021; D. Rebain et al. 2022). Block-
by-block description of the architecture follows below. For a
block diagram of the TransformerPayne architecture, see
Figure 2.

3.1.1. Wavelength and Spectrum Parameters Embedding Modules

Two inputs to the TransformerPayne emulator, the wave-
length (a scalar value) and a vector of spectrum parameters
(e.g., effective temperature, surface gravity, and individual
abundances), are rst fed into corresponding embedding
modules. In this context, embedding refers to a transformation
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Figure 2. Architecture of the TransformerPayne stellar spectra emulator. The
model has two inputs: wavelength and a vector of spectrum parameters.
Wavelength is encoded into a query vector via sinusoidal encoding, while the
parameters are transformed into a sequence of vectors using an MLP
embedding. Transformer blocks capture long-range information, and the
normalized ux is predicted using an MLP head.

into a domain that improves ef ciency of the latter components
of TransformerPayne, speci cally the Transformer blocks.
These blocks are effective at modeling complex dependencies



The Astrophysical Journal, 980:66 (20pp), 2025 February 10

between sequences of high-dimensional vectors, often referred
to as tokens, in the context of machine learning. Based on
initial tests, we employed 256-dimensional (d = 256) tokens
throughout the entire architecture.

To embed a scalar value of a wavelength into a high-
dimensional vector space, we employed the sinusoidal embed-
ding, which computes the function

Weomb & SIN(ULW), SiN(U2W), - , SiN(UgW)),

(4)

where 4, ..., 4isasequence of angular frequencies chosen to
cover the wavelength span of characteristic spectral features.
As a rule of thumb, the smallest angular frequency should
correspond to the range between the minimum and maximum
wavelengths, while the highest should correspond to the scale
of narrow absorption features or the resolution of the targeted
spectral grid. In this work we used a decimal logarithm of
wavelength as a wavelength coordinate, and we parameterized
the vector of ;=2 /P;using 256 equidistantly spaced periods
Pi, ranging from Pyi, ; 10*6 to Pnay ; 10.

While the wavelength is embedded into a sequence
consisting of a single vector, the spectral parameter vector is
embedded into a sequence of 16 tokens (t=16). This
embedding is performed using an MLP embedding, which is
a simple two-layer perceptron followed by the reshaping of the
output vector into a matrix with dimensions 16 < 256. The
function computed by the MLP embedding is

Pemp > Wo gelu(Wip ) by) ) by, ()

where p represents a vector of spectral parameters, W, and W
are weight matrices with shapes pgim % 1024 and 1024 x< 4096,
respectively, by and b, are bias vectors, and gelu(x) is an
element-wise nonlinearity function.

The length of the embedding sequence is chosen based on
our precursor experiments, but it might be further optimized in
the future. Generally, a smaller number of tokens results in
faster model performance, while an increase in the length of the
embedding sequence is associated with improved prediction
accuracy.

3.1.2. Transformer Block

Upon the tokenization step, the tokens are then passed
through the Transformer block, which consists of a multihead
attention (MHA) and feed-forward modules. In the tested
TransformerPayne, the Transformer block is repeated 16
times (N = 16).

The MHA block is responsible for ne-grained conditioning
of its output on wavelength and spectrum parameters, as
detailed in Figure 3. It has three inputs: Query (Q), Key (K),
and Value (V). In the rst Transformer block, the Query input
is the sinusoidal embedding of the wavelength (Wermp), While in
subsequent Transformer blocks this input takes the output from
the previous Transformer block (). The input to both Key and
Value is shared across all Transformer blacks and consists of
an embedding of spectral parameters (p,,,). For a clear
illustration, see Figure 2, which depicts the architecture of the
TransformerPayne emulator.

The function that MHA calculates is described in detail
below. First, it linearly transforms its inputs into Q, K, and V
matrices:

Q; W) b?, (6)
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where X, fed into the Query input, is the embedding of
wavelength, p,.,, in the case of the rst transformer block, or
an output from the previous Transformer block, 1, in the case
of the rest of the Transformer blocks. This linear transformation
can be thought of as a transformation to a domain where the dot
product, Q x K', quanti es contextual similarity between
tokens, and the Value embedding is modi ed to extract the
content relevant for subsequent weighted dot product attention.
MHA, which we are using, reshapes Q, K, and V into distinct
heads. These heads are used in h independent dot product
attention operations, yielding outputs Z; to Z, (h=8). Dot-
product-weighted attention, which facilitates the conditioning,
is given by

T KT
Zi; AVi; softmax o K Vi, 9)
Jd/h
where softmax(x) is
softmax(X) ; ——— (%, e%, - , e"), (10)
G
which turns rows of unnormalized attention matrix, o K‘T, into

Jdzn
discrete probabilities over the sequence of tokens, V;. Note that
in our case the attention matrix, A;, is a one-row matrix, as the
Query input is always a one-token sequence.

Each head returns a vector Z; and is supposed to learn to
attend to different parts of the spectrum parameter embedding,
Pnp-  THis enables the MHA block to learn multiturn
conditioning of the predicted normalized ux on all relevant
parameters, across a wide range of wavelengths, dealing with
long-span correlations in stellar spectra. In the next step, all
vectors are concatenated in vector z and linearly processed to
produce the MHA block output:

y; WO) be. (12)

The second module of the Transformer block, which is a
feed-forward neural network, modi es an output of MHA
block using a simple two-layer perceptron:

r; WogeluWy) bi)) by, 12)
where y is a 256-dimensional input vector, W, and W, are
weight matrices (with corresponding shapes 256 x 1024 and
1024 x 256), and b; and b, are bias vectors.

3.1.3. MLP Head Block

The last module of the TransformerPayne architecture is the
MLP head block. It is responsible for predicting the normalized

ux from a 256-dimensional representation built by the
preceding 16 Transformer blocks and is implemented as a
two-layer perceptron:

f; W, geluwir) b)) by, (13)

where f is predicted normalized ux, T is a 256-dimensional
input vector, W; and W, are weight matrices (wit‘l;1 corresp-

onding shapes 256 x 256 and 256 % 1), and b; and b, are bias
vectors.

34

R6 a ski, Ting, & Jab o ska

3.1.4. Placement of Residual Connections and Normalization Layers

Stability of training of deep neural networks depends on the
gradient landscape of the employed loss function. Vanishing
and exploding gradients are the typically encountered issues.
Both are associated with the exponential effect of sequential
application of trainable neural network blocks, in our case
Transformer blocks. One of the most important methods to
overcome these instabilities is usage of residual connections
and normalization layers.

Residual connections shorten the path of the gradient by
usage of skip-connections that parameterize building blocks of
the neural network as

y; NeuralNetworkBlock (x) ) x. (14)

Residual connections help to initialize neural network blocks
close to the identity function, which means that both the values
and gradients are initially passed unchanged to very deep layers
of the considered neural network, which facilitates stable
training. The blocks of TransformerPayne that use residual
connections are the MHA and feed-forward blocks in all
Transformer blocks.

Normalization layers are the second important component
that prevents the exploding gradient problem and speeds up
training. They prevent exploding gradients by constraining the
output to a chosen distribution, which translates to constrained
gradients. In this work we used layer normalization, LN(x)
(J. Lei Ba et al. 2016), which normalizes its inputs, X:

X+ Kk <

LN(x) ; )

(15)

where and are the mean and standard deviation of X,
respectively, and and " are trainable vectors.

In the TransformerPayne model, the placement of residual
connections and normalization layers mostly follows the
recommendations from the work by S. Xie et al. (2023),
known as ResiDual. ResiDual addresses the issues found in the
two most common schemes: post layer normalization (post-
LN) and pre layer normalization (pre-LN). Post-LN suffers
from the gradient vanishing problem, while pre-LN experiences
representation collapse, where representations in deep layers of
Transformer-based architectures become very similar. This
similarity reduces the model's capacity, which harms model
accuracy. Placement of residual connections and normalization
layers in TrasformerPayne is illustrated in Figure 2 and in detail
in the Appendix in the code Listing 4.

3.2. Training Data

Experiments on stellar spectra emulators and transfer
learning require large grids of spectra to investigate how
training set size affects the emulation precision. This motivates
the calculation of synthetic spectra using LTE approximation in
all conducted experiments, as LTE codes are ef cient and
robust. In this study, we will also explore the pre-training—

ne-tuning scenario, where we will train on one domain and
then ne-tune the model on the other domain; as such, we also
require distinct domains. Pre-training is conducted in a domain
where temperature and surface gravity are xed, while the
targeted domain contains spectra with those parameters
randomly sampled from the chosen range.

Both grids of synthetic spectra are produced using updated
plane-parallel atmospheric model codes as revised by
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Table 1
Grids of Synthetic Spectra Adopted as a Training Set in This Study
Grid De nition Pre-training Training
Effective temperature 5000 K [4000, 6000] K
Surface gravity 4.5 [4.0, 5.0]

No. training spectra
Wavelength range

Up to 100,000
[4000, 5000] A

No. wavelengths 22315
Microturbulence, Okms !
Helium abundance [0, 0.1568]
Other abundances, [X/H]? [ 2,1]

Note.
& “Other abundances” include elements with atomic numbers Z from 3 (Li) to
99 (Es), totaling 97 individual abundances of metals (Z > 2).

J. B. Lester & H. R. Neilson (2008). These revisions build on the
standard LTE models ATLAS/SYNTHE (R. L. Kurucz 1979;
R. Kurucz 1993; R. L. Kurucz 2005, 2013). Each of these sets
comprises 100,000 spectra, generated at a resolution of
R = 100,000 and covering a wavelength range from 4000 to
5000 A. Both spectral grids have a microturbulence velocity of

=0kms *and a helium content that varies from none to twice
the solar value (number fraction from 0.0 to 0.1564).

The abundance of all other elements with atomic number
between 3 (Li) and 99 (Es) is distributed uniformly and
independently within a range of 2 to 1dex relative to solar
abundance. We decided to vary all individual elements
available in ATLAS/SYNTHE and train emulators with all
input abundances, even if lines of a given element are not
present in the considered wavelength. This approach enables
more in-depth analysis of how the dependence of output
imprints on the function learned by emulators, especially in the
more complex TransformerPayne architecture.

The pre-training grid was de ned with a constant effective
temperature of 5000 K and a logarithm of surface gravity of
logg; 4.5. In constructing the ne-tuning grid, the effective
temperature varied from 4000 to 6000 K and the logarithm of
surface gravity varied from 4.0 to 5.0, while maintaining the
same conditions for the other parameters as in the pre-training
grid. Details of covered parameters can be found in Table 1.

The choice of the wavelength range from 4000 to 5000 A
and the focus on G- and K-type dwarf stars in our training grids
are motivated by the rich presence of diagnostic spectral lines
in this region, such as the fading Balmer lines, the Cal 4226
resonance line, the Srii 4077 line, and numerous Fel lines.
This range also aligns with the interests of large-scale
spectroscopic surveys like GALAH and 4MOST and is well
suited for observations with ground-based telescopes. Addi-
tionally, the focus on dwarf stars stems from the use of plane-
parallel models in our study, which are appropriate for such
stars, as well as their relevance for exoplanet habitability
studies. While this study is con ned to a speci c spectral range
and stellar type, the scalability of Transformer-based architec-
tures suggests that these methods could be applied to larger
spectral grids in terms of both stellar parameters and
wavelength ranges. This remains an avenue for future research.

We want to emphasize that usage of LTE modeling is a
useful simpli cation that does not affect our main scienti c
goals. We aimed to evaluate various neural emulator
architectures, including the developed TransformerPayne
architecture, focusing on the impact of training data volume,
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scalability, and the feasibility of applying transfer learning. The
scenario of transfer learning considered here has direct parallels
to the application of transfer learning from the domain of 1D
LTE models to 3D non-LTE, where additional physics affect
the shapes and strengths of lines but not their general presence.
Fine-tuning between grids of stellar spectra with different line
lists presents additional complexities, which, while interesting,
are left for future work.

3.3. Training and Metrics

The optimization of large neural networks, conventionally
referred to as training, is based on iterative updates of a model's
free parameters using the chosen optimization algorithm. What
is optimized is the empirical loss function, de ned as a
discrepancy between the model's predictions and the base truth
over a set of examples. Most optimization algorithms rely on
the gradient of the loss function with respect to all (often
millions or billions) free parameters of the trained neural
network. The gradient is ef ciently obtained using the back-
propagation algorithm (D. E. Rumelhart et al. 1986). Each
training step includes the creation of a batch of input output
pairs, the evaluation of the loss function and its gradients with
respect to all free parameters of the neural network, the update
of the optimization algorithm that returns the corrections to be
applied to the weights, and the application of these corrections.
At the beginning, the data set is usually split into two parts: the
training set, from which the batches of input output pairs are
sampled and used in gradient updates, and the validation set,
which is used to monitor whether the model is generalizing to
unseen data.

In this work all experiments utilized a consistent training
strategy. We employed the AdamW optimizer (D. P. Kingma &
J. Ba 2014; 1. Loshchilov & F. Hutter 2017) with a peak
learning rate of 10 *, a batch size of 16, and a cosine rate
scheduler with a linear warm-up for the rst 10% of steps. This
means that the learning rate is rst initialized to zero, then it
grows linearly for the rst 10% of training steps to the
maximum learning rate, and then it decays to zero following a
template shape of the cosine function on the domain from 0 to

. Unless otherwise indicated, the training was conducted for
10° training steps, applicable both to training from scratch and
to ne-tuning experiments. We trained our models by
minimizing the MSE across a set of training pairs {(J, p)i, ¥n:

M
Uy + fGi p))* (16)

N
-1
U—
Mi:l

MSE ({Gi. Pl ) ©

N i1
where N is the number of spectra in a batch, M is the number of
wavelengths in a spectrum, j; is a wavelength, p is a vector of
stellar spectrum parameters, and yj; is the normalized ux for
given (jJ, p)i- In all models except TransformerPayne,
Ji; {3;} are shared for all spectra and contain 22,315
wavelengths from original synthetic grids. For the Transfor-
merPayne model, which explicitly parameterizes output on the
vector of wavelengths, 8192 wavelengths were uniformly
sampled for every example in the batch and normalized uxes
were linearly interpolated on those wavelengths. Please note
that since TransformerPayne uses fewer wavelengths in each
training step, 10° steps correspond to 160 epochs for the Payne,
BigPayne, and convolutional-based models and to about 60
epochs for the TransformerPayne model. Nonetheless, we
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consider the comparison fair, as the number of gradient updates
is consistent across the models, and the results of spectrum
interpolation with 22,315 and 8192 samples are comparable,
returning close gradient estimates over the batch.

All reported metrics were calculated using a validation data
set composed of 1024 spectra. These spectra were sampled
from the same domain as the training grid. For our metrics, in
addition to the MSE, we utilized the MAE,

1N 1M
=U =U lyy + fGi, p)l, (17)

MAE ({(. p)i, Yiln) SYu
i1 ;1

and the mean of absolute errors exceeding the 0.95 quantile
(MAQEq g5),

MAQE 0ss({(3 » P )i 3w

C LU vt G P (18)

where kK Qo.g5 denotes the indices corresponding to the top
5% of the largest errors and N o5 is the number of such indices.
The latter metric aims to measure the mean of the largest errors,
providing a more conservative assessment than the maximum
absolute error metric. A metric that focuses on the largest errors
is informative, as in the case where the spectrum is dominated
by the continuum, the MAE and MSE mostly measure the
prediction in the continuum, not the lines. We expect errors in
lines to be the largest errors, and at the same time the most
correlated to uncertainties in abundance estimation. This is the
reason why we expect MAQE g5 to be the metric most relevant
for precise abundance inference.

As a nal metric for a given model, we consistently report
the smallest value obtained on the validation data set during
training. Thus, if the model begins to over t, we do not use the
over tted model; instead, we select the model that achieved the
lowest metrics on the validation data set.

3.4. Fine-tuning

Fine-tuning is a strategy aimed at reducing the number of
examples necessary to adapt a machine learning model to a
new task or domain. In the context of stellar spectra emulation,
we employ ne-tuning as a method to train effective emulators
with signi cantly fewer synthetic spectra. The ne-tuning
process involves a two-step strategy: initially, it is necessary to
prepare a pre-trained model, which serves as a so-called base
model. This model should be trained on data similar to the
target domain, as this similarity is a fundamental condition for
successful  ne-tuning. Subsequently, data from the target
domain are used to slightly modify the base model by
continuing the training for some additional steps. Here we
used the simplest ne-tuning method, where all parameters of
the model are updated and all hyperparameters (e.g., maximum
learning rate or training schedule) are kept unchanged from the
pre-training phase.

Our base model underwent training for 1 million steps on an
initial pre-training grid with xed effective temperature and
surface gravity. Subsequently, it was ne-tuned on a training
grid where these parameters were variable. Because the training
grid has two more free parameters, effective temperature
and surface gravity, the models were minimally modi ed to
allow different dimensionality of an input. It involved the
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modi cation of input layers of each model by appending two
rows to input matrices. Although ne-tuning is usually run for
fewer steps than pre-training, we decided to keep the number of
training steps equal in both scenarios.

3.5. Inference of Parameters of Stellar Atmospheres

Various methods are used to infer the parameters of stellar
atmospheres. Since the purpose of spectral parameter inference
here was the validation of the emulators, simple optimization of
the MSE between the predicted and true normalized spectra is a
reasonable approach. As not all elemental abundances are
constrained on the training grid, we rst estimated the Cramér

Rao bounds to decide which parameters should be tted and
which should be excluded from inference. The purpose of this
procedure was to restrict our results to elemental abundances
for which inference can be expected to be more precise than
0.05 dex. This left us with 38 elemental abundances that were
included in experiments of parameter tting. It is not the
purpose of this work to analyze these bounds in detail, so we do
not discuss them further. For reference on how Cramér Rao
bounds might be applied in stellar spectroscopy, see Y.-S. Ting
et al. (2017).

We experimented with several optimizers to nd the one that
consistently ts the parameters of the stellar spectra from
random initialization across the whole domain. The best was
the Adam optimizer (D. P. Kingma & J. Ba 2014), with
gradient clipping set to 10.0 and a cosine rate scheduler with
linear warm-up for the rst 10% of steps. For each spectrum,
from a set of 256 spectra chosen randomly from the validation
data set, we repeated the optimization 10 times with randomly
chosen starting points for 2000 gradient updates and a
maximum learning rate of 0.1. As a nal result, we used the
parameters with the smallest MSE t.

4. Results

To demonstrate the strong inductive biases of Transformer-
Payne, leading to better emulation, we comprehensively
compared this model to our considered baselines in the
following sections. We were also able to show how scaling
improves the Payne emulator and the poor emulation quality of
the convolutional-based emulator. In these comparisons, we
observed that scaling enhances the performance of the Payne
emulator, whereas the convolutional-based emulator showed
consistently poor emulation quality, with little improvement
from scaling.

In Section 4.1, we present the results of training models from
scratch on the training grid as a function of training set size and
the number of training steps. Then, in Section4.2 we
investigated how residuals computed on spectra from the
validation data set are correlated. Next, in Section4.3 we
describe the results of transfer learning for all models, using

ne-tuning. Finally, in Section 4.4 we present the results of the
inverse problem of inferring parameters of stellar spectra using
the best models.

4.1. Training Emulators from Scratch on the Training Grid

First, we present how neural networks compare to each other
when trained from scratch on the training grid. Training from
scratch involves optimizing the neural networks’ parameters
starting from their randomly initialized values. This contrasts
with the ne-tuning approach, where the model is not



The Astrophysical Journal, 980:66 (20pp), 2025 February 10

Mean Squared Error

Mean(AE[AE = g(0.95, AE)])

R6 a ski, Ting, & Jab o ska

Mean Absolute Error

= 1071 1 Training model
-2L 4
10 < —— Payne
& —=— BigPayne
103} =t 1071k 3 —+— Convolution
] N < 102 —e— TransformerPayne
= i s
104} 1<
w
<
=]
=5L 4 102+
10 s
= 3
103k
# = g 107 : Fine-tuning model
10*2%‘ ------ i< NN SRS B &t ~= -t
SN sty BN NN e 0 Ao Wi o] - Payne
DN o WoNE LN -+- BigPayne
1073 NN e -%_ 107 A\ RSSO 1 B ey -+-- Convolution
~ = - bt A ~ T,
E \\\u\ e Y BN N §10_2 'l Hrmmmemn | -o-- TransformerPayne
~ : 3 Y ~ 1
\ Sae w ~ S .
104} 8 ~a. i< tl\ s . \“B
~ '~.,__~‘ w N “-._.‘ o 78 -
. X . 3 | 5
1075} i ey {z 10 s, L
IR i I OO v o ¥
102 10° 10° 10° 102 10° 10° 10° 102 10° 10° 10°

Training set size Training set size

Training set size

Figure 4. Results of training for four considered neural network emulators: The Payne, BigPayne, convolution-based, and TransformerPayne. All panels display
selected emulation metrics on a validation data set as a function of training set size. Each training run was conducted for a xed number of training steps equal to 1
million. The metrics used are MSE, MAQE g5, and MAE. The top panels highlight the results of pre-training from scratch, while the bottom panels highlight the
results of ne-tuning. Less expressive models, namely the Payne and convolution-based models, saturate with a training set size of approximately 10% given the
training duration. In contrast, the BigPayne and TransformerPayne models exhibit no clear signs of saturation, even with the largest training set sizes. Except for the

already-saturated Payne and convolution-based models,

ne-tuned models surpass their counterparts trained from scratch. This improvement is most signi cant for

training sets around 1000 spectra, where the enhancement ranges between 2 and 10 times, depending on the metric. The best emulator architecture is that of
TransformerPayne, which outperforms BigPayne by 2-10 times when the training set size ranges between 10° and 10°. For the smallest training set size of 10 all

models perform comparably.

initialized from random weights but from a state achieved after
training on a pre-training grid. In this way, some features
learned during pre-training can be reused in the ne-tuning
process, improving the quality of the emulator and reducing the
number of examples necessary to train the model. Experiments
presented below show the effect of scaling the size of the
networks in the pair of The Payne and BigPayne and the effect
of different inductive biases when comparing the results of all
emulators.

4.1.1. Scaling Training Set Size

Training the data set size is known to have the biggest effect
on the nal precision of any machine learning model.
Therefore, we started by measuring how the emulation
accuracy changes with the training set size when the number
of training steps is kept xed and equal to 1 million. We scaled
the training set size by sampling from 100 to 100,000 spectra
from the training data set. Models that scale well with data size
typically have appropriate inductive biases and usually perform
well in transfer learning scenarios.

All models consistently improved their emulation quality, as
measured by the metrics used, though the rate of improvement
varied. For the smallest training data set, all methods predicted
spectra comparably well, with an MAE on the order of 0.1.
However, when scaling up the training set size, the emulation
quality of the convolutional-based and Payne models increased
but showed signs of saturation, given the training duration of 1
million steps. By saturation, we refer to the plateau in
improvement between training set sizes of 10,000 and
100,000, where increasing the training set size had diminishing
returns. In contrast, for the BigPayne and TransformerPayne
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models, there were no signs of saturation up to the use of the
full training set with 100,000 spectra. The TransformerPayne
model improved at a slightly faster rate, as measured by these
metrics, outperforming all other emulators by a factor of
between 3 and 10, depending on the metric used. The best
model shows an MSE around 4 x 10 °, MAE around 10 2,
and MAQEq o5 around 6 < 10 3. All these results are presented
in the top panels of Figure 4.

The residuals obtained from the predictions of the best
emulators trained from scratch for the spectra from a validation
data set are depicted in Figure 5. The left panels show residuals
as a function of wavelength, summarized using the median and
1 and 2 bands (estimated using the 16th and 84th percentiles
for the former and the 2.5th and 97.5th percentiles for the
latter). The right panels show histograms summarizing the
distribution of residuals globally, together with the statistics

+ showing the median, along with the 16th and 84th
percentiles. Mean residuals and spread align with the same

model ranking, with the best being TransformerPayne
(+0.0002, 39%%), followed by BigPayne (+0.0002)3:3%29),

The Payne (+0.0012,3%12%) and the convolutional-based
emulator (0.0022).3%8%). The Payne results concur with the
observation that it tends to saturate, with an MAE of emulation
of normalized ux on the order of 0.01.

Finally, an overview of the emulation quality of the two best
models, TransformerPayne and BigPayne, can be seen in
Figure 1, introduced earlier. It shows the emulation in the
narrow wavelength range from 4100 to 4130 A of an example
spectrum from the validation data set. It illustrates that
TransformerPayne has much smaller residuals, with the
differences being most prominent in narrow spectral lines.
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Figure 5. Residuals of the predictions of tested emulators on the validation data set are depicted as a function of wavelength (left) and summarized in histograms
(right). In the left panels, the line indicates the median, while the bands correspond to 1 and 2 intervals. Speci cally, the 1 interval is calculated using the 16th and
84th percentiles, and the 2 interval uses the 2.5th and 97.5th percentiles, representing dispersion around the median. Note that the panels in different rows do not

share the same scale; however, dotted black lines indicate a 0.01 residual value in all panels. In the right panels, the summarizing statistics denoted as
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report the

median, along with the 16th and 84th percentiles. TransformerPayne has the smallest bias and spread of residuals.

4.1.2. Scaling Number of Training Steps

Length of the training is another important aspect of scaling
laws for large neural networks. If the improvement from longer
training is not plateauing, then with a smaller, more ef cient
model trained for more steps, we can obtain the same accuracy
as for larger models (J. Hoffmann et al. 2022). This motivates
the experiments with scaling the number of training steps. The
training step is a single update of free parameters of a model.
The corrections are calculated based on a batch of data, which
in this work contains 16 spectra. We decided to run training of
models spanning three orders of magnitude in the number of
training steps, from 1000 to 1 million steps, while keeping the
number of stellar spectra in the training data set xed at
100,000.

First, all models continued to improve without showing any
signs of saturation when trained for up to 1 million steps. We
can differentiate between three groups of models. The
convolutional-based model improves its emulation quality with
longer training, from about 0.15 to 0.05 in MAE, when
increasing the number of training steps from 1000 to
1,000,000. This is the smallest relative improvement among
all considered models. The Payne and BigPayne models appear
to improve at a similar rate. The Payne model reduces MAE
approximately 10-fold, from 0.1 to 0.01, while BigPayne
reduces MAE from 0.045 to 0.003, which is a 15-fold
improvement. The larger model consistently outperforms the
smaller one by approximately three times.

In light of the absence of clear signs of saturation in The
Payne, the common perception that this model's performance
saturates may be more nuanced than previously thought. First,
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scaling The Payne to larger networks improves its performance
even when the number of training steps is xed. Additionally,
increasing the number of training steps can further enhance The
Payne's performance. For example, in Figure 6 we see that the
interpolation quality of The Payne trained for 1 million steps is
comparable to that of BigPayne when trained for 10,000 steps.
Understanding the trade-offs among model size, training
duration, and the number of training steps is an interesting
direction for future research.

In contrast to other models, the TransformerPayne model
exhibits the biggest relative improvement, from an MAE of 0.2
when trained for 1000 steps to 0.0015, which is approximately
130 times smaller than the initial emulation error. When trained
for 1000 steps, its metrics are the worst among all the models.
When trained for 100,000 steps, it matches the performance of
BigPayne, surpassing it by two times at 1 million training steps.
It is worth highlighting that the scaling of this model is not
saturating. If this trend holds when scaling training to 10
million steps, the difference with respect to BigPayne is
expected to grow further.

MSE and the mean of absolute errors above the 95th
percentile of absolute error show qualitatively the same picture
of scaling with the length of training. TransformerPayne is the
only model that shows an accuracy better than 0.01 when
measuring MAQE o5, Which is the most sensitive to errors in
spectral lines. It is also worth noting that while Transformer-
Payne is slightly worse regarding MAE when training for
100,000 steps, it is slightly better in terms of MAQEq gs. This
means that the advantage of TransformerPayne is most
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Figure 6. Emulation metrics as a function of number of training steps with a full training data set containing 100,000 stellar spectra. The considered emulators
continue to decrease prediction errors with an increased number of training steps. The ranking of the convolutional-based, BigPayne, and Payne emulators remains
unchanged as training steps increase, with their accuracy improving 3-fold, 10-fold, and 15-fold, respectively, as measured using MAE. TransformerPayne exhibits
qualitatively different behavior, performing the worst at 1000 steps but improving by 130 times when trained for 1 million steps, resulting in a best MAE of
approximately 0.0015. This shows that, with suf cient computational resources, TransformerPayne outperforms other models in terms of spectral emulation.

Interestingly, none of the models show a saturation with training duration.

prominent in spectral lines. This experiment is summarized in
detail in Figure 6.

For smaller training data sets, we expect to observe similar
trends when trained for a small number of steps but to see
saturation at longer training durations. The difference between
The Payne and BigPayne should diminish. TransformerPayne
will also saturate; however, thanks to its more appropriate
inductive biases, it will do so at a lower emulation error. This is
strongly supported by Figure 6, but we leave the detailed study
for future work.

4.2. Correlations in the Residuals of Emulators’ Predictions

When considering inductive bias for stellar spectra, it should
be tailored to ef ciently handle long-range correlations
between spectral features, such as lines of the same ion. This
means that a model with good inductive bias should internally
learn features optimized for many related spectral lines, even if
they are widely separated. This will lead to more accurate
predictions of ux in those lines but also to more correlated
errors. This can be observed by analyzing the correlation in
residuals obtained as the difference between emulators’
predictions and spectra from the validation data set.

To measure the correlation, we calculated sample Pearson
correlation matrices, ry,, of the vectors of residuals from all
1024 validation samples for every pair of wavelengths. Sample
Pearson correlation matrices for all emulators are shown in
Figure 7. The median of the correlation matrix is approximately
0.094 for TransformerPayne, 0.046 for BigPayne, 0.038 for
The Payne, and 0.005 for the convolutional-based emulator.
The correlation in residuals increases as the emulator becomes
more accurate and is the largest for TransformerPayne. The
correlations in residuals are 1.2 times stronger in BigPayne
compared to The Payne and 2 times stronger in Transformer-
Payne compared to BigPayne. Emulation quality improves by a
factor of 3.5 when moving from The Payne to BigPayne and by
a factor of 2 when moving from BigPayne to Transformer-
Payne. This indicates that the increase in correlation is
primarily due to the distinct inductive biases inherent in
TransformerPayne, rather than a result of better emulation
accuracy.

To check whether correlations are associated with spectral
features corresponding to a xed element, we assigned the
abundance to each wavelength and then permuted the rows and
columns of the correlation matrix using these labels. At each
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wavelength, we associate the pixel with the abundance based
on the minimal gradient (as when abundance increases, the
normalized ux in spectral lines usually decreases) computed
across 10 random spectra from the validation data set. This
aims to assign to every wavelength the elemental abundance
that mostly affects the ux. For better visualization we put
boxes on blocks of the permuted correlation matrix with the
same primary label; see Figure 7. For example, iron is
dominating most of the wavelengths, and chromium is the
second most prominent element. As can be seen, the
correlations have a clear structure associated with the elemental
abundances that primarily in uence the normalized ux at a
given wavelength. The secondary structure within each box
may result from blends with other lines.

Notably, the small dark boxes represent elements with few
lines in the spectra, indicating the highest correlation for these
elements. As shown in Figure 7, this effect is most pronounced
for the TransformerPayne emulator. This further supports the
claim that TransformerPayne more effectively leverages the
long-range correlations present in stellar spectra.

4.3. Generalizing from the Pre-training Data Set

In a ne-tuning experiment, we test how well the emulator
can adapt to different spectral types or, more generally,
different domains when pre-trained on a smaller grid or a grid
with simpli ed physics. TransformerPayne, which has induc-
tive biases particularly well suited for stellar spectra emulation,
should generalize relatively well, but this strategy can be used
for all considered emulators.

Pre-training was run for 1 million training steps on the pre-
training grid, which differs from the training grid by having the
effective temperature and surface gravity xed. Then, we ne-
tuned base models over 1 million steps using subsets of the
training grid ranging in size from 100 to 100,000 spectra. In all
cases, the ne-tuning approach yielded models that were either
better than or comparable to those trained from scratch.

Results close to the baseline were observed for models
showing signs of saturation, which are The Payne and the
convolution-based model, when ne-tuning with data set sizes
of 10,000 and 100,000. Similarly, the bene t of the pre-training
strategy decreased as the size of the ne-tuning data set
approached that of the pre-training data set. When ne-tuning
the models on 100 spectra, the improvement from ne-tuning is
modest, reducing the emulation error measured by MAE by
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Figure 7. Pearson correlation over residuals sorted by minimal mean gradient computed over 10 spectra from the validation data set. The black squares show the p
corresponding to wavelengths dominated by a single element, e.g., Fe dominates most of the spectrum, and Cr is the second most represented element in consi
spectral range. In each square, the residuals are further sorted by the second most relevant gradients, and so forth, so that we also wisnakzéuteedrblended

features. The structures in every square illustrate theeirce of blends on the residdaterrelations. The median of the correlation matrix is the largest for the
TransformerPayne emulator and equals approximately 0.094, while it equals 0.046 for BigPayne. The stronger correlation shows that TransformerPayne harnesse
long-range information from the spectra for better spectral emulation.

slightly less than a factor of tw@.g., for BigPayne, the MAE  tuning, we only need 2000 spectra. Together, the application of
decreases from 0.09 to 0)0%ith similar results observed for the TransformerPayne architecture withe-tuning enables

other emulators. _ training emulators of the same emulation accuracy with
The ne-tuning shows best results when applied to data set0 times less data. The details of these results, as measured
ranging in size from 1000 to 10,000 examples. Forxad using MAE and other considered metrics, are illustrated in the

training size, the emulation quality of the BigPayne and pottom panels of Figuré.
TransformerPayne models improves by a factor o510
depending on the metric. As a representative example, for
MAE and TransformerPayne the improvement is from 0.02 t0 4 4. Inference of Stellar Spectra Parameters Using Emulators
0.006 when ne-tuning on 1000 spectra and from 0.002 to — .
A key application of emulators of stellar spectra is to

0.0015 for a ne-tuning grid with 10,000 spectra. BigPayne : . . :
also shows comparable relative improvements, from 0.03 to@mortize the cost of calculating synthetic spectra using spectral

0.01 for 1000 spectra and from 0.009 to 0.005 for 10,000 Synthesis codes in the inference pipelines of large astronomical
spectra. surveys. The goal is to consistently and accurately infer
When considering the target emulation metried, for ~ Parameters of stellar atmospheres, and a proper analysis
instance, MAE equal to 0.005, training BigPayne from scratch Pipeline requires the systematic due to error in emulation to
requires about 40,000 synthetic spectra. When usimer be subdominant compared to either the statistical error from the
tuning, having four times fewer spectra in the targeted grid photon noise or other systematics. For example, when we
gives the same results. To train TransformerPayne to thignclude non-LTE physics in the synthetic spectrum modeling,
accuracy, we need approximately 4000 spectra, and wih this might affect inferred abundances on the order of 0.1 dex. In
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