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Abstract

I present the Masked Stellar Autoencoder, a new data-driven holistic stellar model for Galac-
tic archaeology. The MSA is trained using the complete Gaia DR3 XP spectra catalogue
by implementing a self-supervised masking algorithm to enforce the learning of the relation-
ships within the data itself. Photometry from six additional surveys spanning optical and
infrared wavelengths are integrated into the dataset, making the model robust to missing
spectroscopic and photometric data. This allows the embeddings to retain accuracy beyond
the depth of the XP spectra. The model was first pretrained on the ~220 million stars
from Gaita DR3 with photometry for the purpose of reconstructing the information. I then
demonstrate the informative embeddings produced by this astronomical foundation model
with the predictive task of deriving atmospheric parameters and stellar ages using high-
resolution spectroscopic surveys (APOGEE, GALAH). The model achieved mean absolute
errors of 92 K in Teg, 0.08 dex in log ¢, and 0.09 dex in [Fe/H]|, demonstrating its compet-
itive position with XGBoost and transformer-based models trained with APOGEE labels.
Furthermore, the model achieved mean absolute errors of 0.05 dex in [o/Fe] and 1.3 Gyr
in age, with only marginal increases in metrics when missing XP spectra. The MSA also
predicts errors for the stellar parameters, which were shown to be largely representative of
the predicted values, with slight underconfidence in the width of the asymmetric errors. The
change in the accuracy of the predictions with pretraining dataset size was examined, and
the model was leveraged to predict stellar parameters for a subset of open clusters and dwarf
galaxies Leo I and Fornax. These estimates displayed a potential improvement in parallax
measurements at higher distances and crowded regions. This model effectively bridges the
gap between spectroscopic and photometric samples within a single, consistent framework,
poised to improve with the inclusion of additional photometric surveys and upcoming Gaia

releases.
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Chapter 1

Introduction

As the most accessible example of a large star-forming galaxy, the Milky Way serves as a
primary astrophysical laboratory for studying the fundamental mechanisms driving galaxy
formation and evolution over cosmic time. The chemodynamical structure evidenced through
stars and Galactic stellar populations trace the history of both galaxies and the universe
(Freeman & Bland-Hawthorn, 2002). The field of Galactic archaeology employs stellar chemi-
cal abundances, kinematics, and ages (where attainable) to disentangle this evolution history,
revealing merger and accretion events through stellar fossils in the components of the Galaxy
(thin and thick disk, bulge, and in particular, the halo) (Ivezié¢ et al., 2012; Frebel & Norris,
2015; Bland-Hawthorn & Gerhard, 2016). The stellar halo of the Milky Way consists of an
old population of stars which formed at very early times relative to the Galaxy tracing large
amounts of substructure. This includes stellar streams left in the wake of dwarf galaxies that
reveal the conditions under which the Local Group was formed (Helmi, 2008). The cosmo-
logical applications of Galactic archaeology leverage the properties of the Milky Way and
its stellar populations to test our models of the early universe from devolving the history of
galactic and stellar evolution back through time (Freeman & Bland-Hawthorn, 2002). There-
fore, for Galactic archaeology, deriving precise stellar ages is paramount. To understand and
characterise stellar populations formed at the earliest times, proxies for stellar ages are often
required due to intrinsic difficulties in measuring ages for field stars (Soderblom, 2010).
Proxies for age exist from the spectroscopic content of a stellar atmosphere. The abun-
dance of iron to hydrogen (metallicity, [Fe/H]) in a star traces the history of star formation
and iron enrichment through Type-la supernovae, whereas the ratio of o elements to iron
([a/Fe]) correlates with the history of Type II/core-collapse supernovae, dating the popula-
tion based on the evolution of the main sequence. The [C/N] abundance from red giants also
acts as a proxy for age as it correlates with mass, which can be used to derive age through

stellar modelling of the mass-dependent dredge-up process in red giant stars (Masseron &



Gilmore, 2015; Martig et al., 2016). In circumstances for which ages are calculable for in-
dividual stars and stellar populations, their derivations are model-dependent and require
assumptions based on the stellar physics used. These methods include isochrone fitting of
the main sequence for star clusters (see VandenBerg et al., 2013; Hunt & Reffert, 2024,
for examples), the isochrone projection method for individual stars (Jgrgensen & Linde-
gren, 2005), and gyrochronology, the spin down of low-mass stars (Skumanich, 1972; Barnes,
2003). Additionally, asteroseismology, the analysis of fluctuations and oscillations in stellar
atmospheres (Cunha et al., 2007), can reveal stellar ages for red giants. However, a recent
study showed the limitation of deriving ages using asteroseismology with respect to metal-
poor stars (Lindsay et al., 2025). Using asteroseismic datasets combined with atmospheric
parameters (e.g. the APOKASC project, Pinsonneault et al., 2014, 2018, 2024), ages have
also been predicted using data-driven models that extract the ages of red giant stars em-
bedded in high-resolution stellar spectra (Mackereth et al., 2019; Leung et al., 2023), made
possible only with large and accurate datasets.

The study of Galactic and stellar archaeology has flourished in recent years with increas-
ing Galactic dataset sizes such as Gaia (Gaia Collaboration 2016), the DECam Local Volume
Exploration Survey (DELVE; Drlica-Wagner et al., 2021), and the Pristine Survey (Starken-
burg et al., 2017). These datasets contain multiple modalities of data, including radial
velocities, photometric, spectroscopic, and astrometric observations, which when combined
reveal otherwise obscured, features such as streams and dwarf galaxy remnants. Discoveries
with these datasets have led to fundamental shifts in our knowledge of the Local Group’s
history. Omne such example includes the Gaia-Sausage-Enceladus (GS/E) feature, revealed
through proper motions, radial velocities of globular clusters, and elemental abundances of
millions of stars in the Gaia dataset, which acts as evidence of the last major merger with the
Milky Way (Belokurov et al., 2018; Helmi et al., 2018). Gaia has also been used to confirm
the existence of the “Splash”, a metal-rich component of the solar neighbourhood exhibiting
halo-like properties (e.g. Bonaca et al., 2017; Haywood et al., 2018), and reassign the discov-
ery’s designation as part of the thick disc, using kinematics, abundances, and isochrone ages
computed for Gaia stars by Sanders & Das (2018) (Belokurov et al., 2020). Belokurov &
Kravtsov (2022) use the proper motions of stars measured by Gaia to distinguish a pre-Milky
Way disc in situ stellar population as the progenitor of star formation and the Galaxy (for a
full review on Galactic archaeology with Gaia see Deason & Belokurov, 2024). Many other
examples of substructure in the Milky Way have been discovered through large surveys such
as Gaia and DELVE including streams (e.g. Thomas et al., 2020; Martin et al., 2022) and
ultra-faint dwarf galaxies (e.g. Torrealba et al., 2019; Cerny et al., 2023; Smith et al., 2024),



which challenge the currently understood mechanisms of cosmology and stellar evolution.

Milky Way-based projects including DELVE and Gaia have data on billions of stars,
contributing the greater understanding of the Galaxy and its components, as they represent
some of the smallest building blocks. As these collaborations and surveys have greatly
increased the amount of existing raw data, automated algorithms have replaced manual
boutique pipelines. However, the extraction of physics and fundamental knowledge from
the data has been slower to transition to automation, despite the overwhelming amount of
data, as the pertinent information hidden in the data requires a general understanding of
the data diversity, and its complexity and inter-connectivity to reveal, which lies outside
the scope and ability of traditional data reduction pipelines. To parse through a galaxy’s
worth of data, machine learning (ML) methods have shown to be well suited to the complex
and increasingly large datasets. When ML algorithms are given a large mixture of high-
quality measurements, they have shown the ability to extract and parameterize catalogues
to a degree similar to that of experts in a fraction of the time (Pearson et al., 2018), while
the performance of the models improve with increasing dataset size (Kaplan et al., 2020).

The Gaia third data release (hereafter DR3, Gaia Collaboration et al., 2023) comprised
~219 million stars (De Angeli et al., 2023) with low-resolution spectroscopy (R ~ 30-100
Carrasco et al., 2021), which has been of particular interest in the field of astronomical ML.
A popular application of these low-resolution spectra (BP/RP or XP spectra, Section 2.1)
has been stellar atmospheric parameter prediction. Andrae et al. (2023) employed a decision
tree-based model to fit the spectral information and re-derive the atmospheric parameters of
effective temperature, Tog, surface gravity, log g, and [Fe/H] for 175 million stars (requiring
good parallax measurements accounting for the discrepancy). [a/Fe] has been predicted via
similar algorithms (e.g. Gavel et al., 2021; Guiglion et al., 2024; Hattori, 2024), along with
metallicity for very metal-poor stars (VMPs, [Fe/H] < —2) (Yao et al., 2024), and carbon
enhancement (carbon-enhanced metal-poor stars, CEMPs Lucey et al., 2023). Furthermore,
with Gaia XP spectra, stellar abundance estimation (Ardern-Arentsen et al., 2025; Fallows &
Sanders, 2024; Laroche & Speagle, 2025; Li et al., 2024; Kane et al., 2025) and stellar classifi-
cation (Garcia-Zamora et al., 2023; Vincent et al., 2024; Kao et al., 2024; Viscasillas Vazquez
et al., 2024) algorithms have been facilitated through neural networks and machine learning
methods. Beyond classification, machine learning techniques have been leveraged for dust
extinction determinations (Zhang et al., 2023; Zhao et al., 2024) and age prediction using
spectral-derived abundances (Almannaei et al., 2024).

Despite their widespread application, supervised algorithms have few diverse labels to

train with. To train a supervised algorithm on specifically finding VMP stars, the dataset



must be curated to deal with the label imbalance. Since such few examples exist of labelled
VMP stars relative to the greater population, a model can learn only to predict more com-
mon metallicities while maintaining an extremely high accuracy for the entire sample. These
supervised learning algorithms are also limited by requiring homogeneity in the data, as they
struggle with mixed labels and cross-domain generalization, the ability of the algorithm to
perform well with different types of data or datasets. In particular, these models have diffi-
culty integrating data from different modalities (e.g., catalogues and spectra). Additionally,
predictive biases can arise when models are trained on small or non-uniformly distributed
datasets, because the true properties of rare or scientifically interesting objects may fall
outside the parameter space defined by the training sample (imbalance).

With increasing dataset size, the field of deep learning (LeCun et al., 2015) has grown
in popularity, with larger models being constructed that implement vastly more complex
and numerous non-linear connections. Foundation models have emerged as a powerful ap-
proach, designed with the purpose of learning generalizable representations from large and
diverse datasets through self-supervised learning (SSL) and/or generative modelling. This
methodology learns representations of the data from the data itself, with one example be-
ing through predicting missing or masked parts of the input/real data (features), extracting
meaningful embedded data representations without requiring explicit labels. The labels re-
fer to categorized or annotated data (e.g. stellar features, chemical abundances, distance,
etc.), that require several steps to acquire, including spectroscopic surveys, stellar pipelines,
and ultimately, funding. Unlike traditional supervised models that rely on fully labelled
data in the hundreds of thousands for each individual task, foundation models leverage
this self-supervised pre-training to develop feature-rich embeddings that can be adjusted, or
fine-tuned on a variety of different tasks with minimal data and further training.

The adaptability of foundation models has made them particularly useful in modern as-
tronomy with increasingly complex and heterogeneous datasets such as the Dark Energy
Spectroscopic Instrument (DESI Dey et al., 2019) and Gaia. By capturing high-dimensional
astrophysical patterns, foundation models can be exploited in fields such as stellar popula-
tion analysis, stellar parameter predictions, and spectral analysis, offering a solution that is
scalable, maintaining efficiency as dataset size and model capacity increase. Furthermore,
surveys with few sources in common can be integrated through these models, resulting in
an extended domain over which astronomical foundation models can be trained and tested,
thus improving their robustness across different observational conditions. One such example
combines DESI galaxy spectra (DESI Collaboration et al., 2024) and images in an organized

embedded space, such that physical information about the galaxies can be extracted, while



also being usable for searches across both spectral and photometric modalities (Parker et al.,
2024). Specific Galactic archaeology foundation models have also been conceived, perform-
ing well in both discriminative and derivation tasks, as well as in generative tasks creating
spectra from spectral products, using a subset of Gaia spectroscopic data (Leung & Bovy,
2024).

The Masked Stellar Autoencoder (MSA) has been developed as a foundation model us-
ing the information in Gaia DR3 data to capture the underlying properties of a given star
with self-supervision. The architecture of the MSA enables the reconstruction of masked or
missing information in the features, through the learning of patterns in the low-resolution
spectra, which allow the primary goal of the MSA to be realised: Predicting key stellar/spec-
tral properties (Teg, log g, [M/H], [«/Fe], stellar age (7.), and parallax (z)) using multiple
photometric, spectroscopic, astrometric, and asteroseismic catalogues. The usefulness of the
low-resolution spectra and its application in supervised machine learning networks have been
shown; however, the spectra and the photometric magnitudes are not complete, as many stars
have no published spectra due to a magnitude cutoff of G < 17.65 (De Angeli et al., 2023),
far too bright for most stars in the deep stellar halo. With SSL, the MSA can be used to
predict stellar labels with features beyond the limiting magnitude of a given survey as it is
fundamentally trained to handle “missing data”. This secondary goal of extending the depth
of the XP spectra through reconstructing missing information allows for a more complete
view of the Galaxy’s stellar populations, filling in gaps in the structure and history of the
Milky Way, and holds the promise of enabling stellar properties prediction beyond Gaia’s
reach. By connecting the XP spectra with stellar features from high-resolution spectra, the
MSA has the ability to reconcile systematic differences between surveys, reducing selection
biases in spectral parameter pipelines.

I present the MSA, a data-driven model of stars, learning from spectra and photometric
surveys. I demonstrate its informative embeddings by deriving stellar parameters and ages
for several Galactic clusters and the dwarf galaxies Leo I and Fornax, while discussing the
limitations of the model. In Chapter 2, I explain the datasets and reduction implemented
for the two-stage training of the algorithm, while in Chapter 3, the deep learning paradigms
for training on sparsely labelled data and the architectures used in creating the model are
discussed. In Chapter 4, the reconstructive ability of masked learning is shown and the results
for the downstream stellar parameter regression task are presented. Chapter 5 contains the
examination and scrutinization of the model with scaling, the applicability of the MSA to
other spectroscopic datasets, and the predictions for the galactic test subjects. The results

are summarized in Chapter 6.



Chapter 2

Datasets

To derive robust stellar properties for a vast number of stars, I produced a comprehensive
dataset from numerous stellar catalogues. Gaia DR3 was chosen as the reference catalogue
as the wealth of low-resolution spectra were used in the pre-training portion of the algorithm,
and with the added benefit of most new catalogue releases containing a cross match with Gaia
DR3. In preparing the pre-training dataset, multiple photometric catalogues were compiled,
containing wide and narrow bands which range from ultraviolet to infrared wavelengths
and cover the full sky. In the same vein, the fine-tuning dataset was composed of multiple
spectroscopic surveys, covering the 5 parameters previously discussed with the exception of

parallax included in the Gaia catalogue.

2.1 Stellar Features and the Gaia DR3 BP/RP Low-Resolution Spectra

The European Space Agency (ESA) Gaia mission (Gaia Collaboration 2016) was launched
in 2013 with the primary science goals of obtaining distances and proper motions to give
full 6 dimensional view of the Milky Way, with positional information, distance, and their
associated velocities in each direction. This was achieved with state-of-the-art precision, due
to the 106 (Prusti et al., 2016) charge-coupled devices (CCD) facilitating the collection area
of almost 1 billion pixels, creating galactic maps of unprecedented accuracy. The focal plane
composed of the CCDs is shared by the 3 mounted instruments on the telescope: The radial
velocity spectrograph (RVS), the blue and red (spectro-)photometric (BP/RP, or collectively,
XP) instruments, and the astrometric instrument. Starting with the third data release, the
stellar features included in the data were derived from both the medium-resolution RVS and
XP instruments. The observations from the spectro-photometric instruments are aperture-
free and cover a wavelength range from approximately 330nm to 1050nm with spectral
resolution, R~ 30 — 100 (Carrasco et al., 2021). The BP spectra cover the wavelengths



from 330nm to 680 nm, while the RP spectra cover the wavelength range of 640nm to
1050nm. The Gaia DR3 provided approximately 220 million XP sources (De Angeli et al.,
2023). For the multi-epoch spectra that were included in the Gaia DR3 catalogue, the
brightness cutoff for inclusion of a given spectrum was G < 17.65 mag, bolstered by the
additional requirement of 15 transits of the focal plane of the telescope (De Angeli et al.,
2023). Additional sources were included beyond the magnitude cutoff for calibration and
specific scientific applications, being selected dwarf stars, quasars, and galaxies. Spectra for
sources observed for few transits or with a lower apparent magnitude will be included in

upcoming Gaia data release 4.

2.1.1 The Representation of the XP Spectra

This section briefly covers the description of the flux and data model used for internally
calibrating the low-resolution spectra explained in Carrasco et al. (2021) and an extensive
mathematical summary Weiler et al. (2023).

The XP spectra are represented by a linear combination of basis functions (Carrasco
et al., 2021) which describe the spectra observed. This differs from the usual method of
tabulating spectral data as flux measurements on a wavelength grid. As listed above, a
requirement of the XP spectra to be included was a minimum number of transits by the
Gaia telescope. Through the multiple passes, a mean spectra is constructed, for both the
BP and RP spectra, which is represented by the linear combination of 55 Hermite functions
in both BP and RP, individually. This approach was necessary to consistently combine the
tens to hundreds of individual epoch spectra for each star, which were all taken under slightly
different instrumental conditions, into a single, high signal-to-noise product.

Hermite functions have multiple uses in physics and mathematics. They are the eigen-
functions of both the continuous Fourier transform and the quantum harmonic oscillator,
related to Laguerre polynomials. The nth Hermite function in the linear combination is
denoted as ¢, (u) where n, the order of the Hermite function, increases linearly from 0. The

recurrence relation for increasing n is:

o) = [ n10) 44/ F (w0 1)

1/4~5u?

Where
wo(u) =1~

o1(u) = 74 2ue 2



for which the Hermite function of any order can be computed for any argument, u. A linear
combination of Hermite functions, as required to define for the expression of the XP spectra,

can be written as such:

¢(u) = Z Cnipn (1)

Which for the sake of consistency with Carrasco et al. (2021), I will rewrite as Equation 2.2

N

hou(t) = " ben - n(u) (2.2)

n=0

With hs,,(u) denoting the mean spectrum of a singular source s and mean internal instrument,
1, and by, being the coefficients of the spectrum for N + 1 basis Hermite functions. u
holds the position of the pseudo-wavelength, which denotes coordinates in wavelength space
corresponding to a mean CCD pixel scale.

Putting this in context with epoch spectra of celestial sources, another set of equations
needs to be defined. Typically, the spectrum, hg(u), of a source is related to the spectral
photon distribution (SPD; S(A)) through a transformation given by:

h&ﬁzlmuwMRQﬁQMA (2.3)

Where L(u, A) is the line spread function (LSF, the integrated point spread function of a
source along the line) that also encompasses the dispersion function relating u and A in
this framework, and R(\) is the response function, which describes the response to different
features in the spectrum by the instrument. Carrasco et al. (2021) combine L(u, A) and R(\)
into one integral kernel I(u, \) for simplicity.

As the XP spectra are required to be internally calibrated, the actual parameter spaces
of R and L are of the form

I(u, A\ wy, ...,wq) = L(u(A\, wy, ..., wq), A) R(u, A\, wr, ..., wq) (2.4)

with a set of €2 parameters wy,...,wq to describe the influence the instrument has on the
observed spectrum, for which this dependence is needed to be calibrated out. A calibration
unit x, for which within the given interval there are no discontinuities in measurements and
the instrument has a smooth variation in the w parameters, is introduced by the authors to
rewrite I(u, A) as I;(u, \), the kernel for the sth calibration unit. For the internal calibration

process, every calibration unit must have a linear transformation with the mean internal



instrument, p, for which the spectrum produced has been assumed and defined as the above
Equation 2.2. The transformation from the mean instrument spectrum of a given source to

the spectrum of the source in the calibration unit x is then given by

pli) = | " Aty Yo () (2.5)

Where A, is the transformation kernel. Approximating the transformation kernel as localised
and inserting Equation 2.2 into Equation 2.5 with a Riemann sum transformation, Carrasco
et al. (2021) obtain the Gaia DR3 XP spectra formulation of

J

N
Pos Uz stn Z UHUH—] SOn(Ui—i-j) . (2'6)
n=0

j=—J

From the above equation, it may be seen that the XP coefficients, b,,, are the data from the
Gaia DR3 low-resolution catalogue that contain the information on the unique spectrum of
an individual source. The rest of the parameters involved with Equation 2.6 act similar to
a mapping of the coefficients to the sampled spectrum. By consequence, the majority of
neural networks trained on the low resolution spectra contain only the coefficients as part of
the features fed to these algorithms, as the observed information has been condensed to just
the vector of coefficients (see list of applied algorithms in Section 1).

The final note on the low-resolution spectra is that a transformation was applied to
reorder the basis functions such that those containing the largest amount of spectral infor-

mation were first (Carrasco et al., 2021).

2.1.2 Astrophysical Information Content of XP Coefficients

XP spectra are only as useful as the spectral features they can encode, and what can be
extracted from the coefficients. Before the release of Gaia DR3, the information encoded
in the data was already demonstrated through theoretical models of the XP spectra. Al-
lende Prieto (2016) showed that common stellar parameters including 7.4, log g, and [Fe/H]|
were obtainable from the XP spectra with low standard deviations, enabling the detection
metal-poor stars in the XP spectra sample. Witten et al. (2022) built upon this result, to
assess the ability to detect CEMP stars from synthetic XP spectra. The main findings in
detecting carbon in the XP spectra showed that with decreasing metallicity and increas-
ing effective temperature, the error in the carbon abundance measurement grew, resulting

in difficulty accurately detecting carbon enhancement in hyper metal-poor ([Fe/H| ~ -5)
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Figure 2.1: The coverage of the different photometric surveys included in the pre-training
dataset. The bars represent the effective wavelength range covered by each band in a survey,
coloured by survey. The quoted depth is given as the catalogue limit for Gaia DR3, and at
the reported completeness and confidence levels for each survey in their respective magnitude
systems or in AB magnitudes. The magnitudes are not converted to a universal magnitude
system for the MSA, thus are not changed for this plot.

stars. The same conclusion was found for detecting [«/Fe] from the XP spectra, with cool
(Ter < 5000 K), high-metallicity ([Fe/H] = 0) stars having the lowest errors.

Using real data, Fallows & Sanders (2024) found that their neural network model predic-
tions correlated with features in high-resolution APOGEE spectra corresponding to Fe, CN,
and C,. This implies that the low-resolution XP spectra are sensitive to the abundances of C,
N, and Fe, with O-abundances also being indirectly traced via the CNO cycle. They also find
that [a/Fe] is not directly measured but rather inferred by the model through correlations
with other elements like Mg and Si. From the abundances that can be reliably extracted,
stellar ages can be inferred for certain populations, such as red giants, using abundance
ratios like [C/N] as a chemical clock (e.g., Masseron & Gilmore, 2015). These are the key

astrophysical features the pre-trained model aims to extract from the data.

2.2 Photometric Datasets

To supplement the low-resolution XP spectra, I incorporate broad-band photometry from
several all-sky surveys. This ancillary data serves two purposes. First, it extends the wave-
length coverage from the ultraviolet to the mid-infrared, allowing for a more complete con-
struction of each star’s spectral energy distribution. Second, in cases where XP spectra are

unavailable or of low quality, this photometry in the same spectral range as the XP spectra
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provides constraints for estimating stellar properties.

The reference catalogue, Gaia DR3, contains photometric magnitudes for ~ 1.5 billion
stars in 3 bands (Gaia Collaboration et al., 2023), G (330 nm - 1050 nm), Ggp (330 nm
- 680 nm), and Ggrp (620 nm - 1050 nm), that exist for all stars with XP spectra and to
a depth of ~ 21 mag in G. But, the XP spectra released in DR3 are limited at < 17.85
mag in the Gaia G-band, except for a catalogue of spectroscopically interesting sources such
as approximately 17,000 galaxies, ~ 100,000 quasars, and candidate white and ultra-cool
dwarfs (De Angeli et al., 2023). This catalogue contains a total of 219,197,643 sources.

In addition to photometry, I included the Gaia astrometric measurements (parallax and
proper motions) as input features, to aid in resolving the interstellar dust that obscures
stars and dims their apparent magnitudes. Absolute magnitudes, which are important in
analytic stellar parameter derivation, may be better inferred by the model by injecting the
positional information. The inclusion of astrometric data To construct the pre-training set,
I began with all 219,197,643 sources with published XP spectra and applied minimal quality
cuts: A source was required to have a parallax measurement, not be flagged as a potential
galactic or QSO candidate in the Gaia catalogues, and have the has xp_continuous flag set
to true. This results in a primary dataset of 218,131,884 sources with XP coefficients. The

photometric data from other surveys represents a subset of these sources.

2.2.1 Infrared Dataets

Infrared photometry is particularly valuable as longer wavelength observations are less sus-
ceptible to the effects of interstellar extinction (reddening) by dust. The dust grains are more
permeable to longer wavelengths, and the inclusion of these bands is to incite the neural net-
work to implicitly learn the reddening of a source from training with spectral features and
both infrared and optical magnitudes. The Two Micron All Sky Survey (2M ASS, Skrutskie
et al., 2006) includes coverage from both the northern and southern hemispheres. The survey
consists of 3 photometric bands being the J (1080 nm - 1410 nm), A (1480 nm - 1820 nm),
and the K band (1950 nm - 2360 nm), encompassing over 470 million sources in the point
source catalogue. The depth across the filters is inconsistent, resulting in some underpopu-
lated magnitudes in the dataset, with the depths of the bands being J < 16.1, H < 15.5,
and K, < 15.1 mag at the 99% completeness level. The cross match of this catalogue had
been previously computed by the Gaia Data Processing and Analysis Consortium (DPAC),
and the only selection cut I applied was the removal of the source if it exists in the 2M AS S

extended source catalogue.
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To further improve the discrimination of reddening through combination of infrared and
optical magnitudes, the CatWISE catalogue (Eisenhardt et al., 2020; Marocco et al., 2021)
has been included in the feature list. CatWISE comprises two infrared bands being the
3.4 pm W1 band (2.8 gm - 3.9 pm) and the 4.6 pm W2 band (3.9 gm - 5.3 pm) which
reach depths of 17.7 mag and 17.5 mag at the 90% completeness level, respectively. Being
another all sky survey and expanding further into the infrared wavelengths adds insurance
to the rationale for the inclusion of 2M ASS. For this catalogue, the cross match between
the XP spectra and CatWISE resulted in 174,922,161 sources in the pre-training dataset,
while cross match with 2M ASS resulted in 207,409,237 sources. The wavelength coverage
and depth of all the surveys is shown in Figure 2.1.

Extinction and dust obscuration can greatly influence spectral feature predictions, par-
ticularly in the plane of the Milky Way. To train the model on handling of dust obscuration,
the full line-of-sight maps of reddening computed by Schlegel et al. (1998) as provided by the
dustmaps package (Green, 2018) are added as features to the dataset. This particular dust
map was chosen as it is full sky, independent of distance, and does not assume a galactic

structure prior, giving reddening values for every star in Gaia.

2.2.2 Optical Datasets

As most observations are performed from ground-based observatories for a myriad of reasons,
the coverage of the sky changes wildly between catalogues. Therefore, a mix of surveys from
both the northern and the southern hemispheres was gathered to complete the full dataset.
The Sloan Digital Sky Survey (SDSS, Alam et al., 2015) when it was first commissioned
was the largest survey of its kind in astronomy. The northern sky coverage consists of 5
bands spanning the optical range of u, g, 7,4, and z. The Panoramic Survey Telescope and
Rapid Response System (Pan-STARRS, Chambers et al., 2016), another northern sky survey,
provides a larger footprint covering a range of ~30,000 square degrees compared to SDSS
with 14,555 unique square degrees. The Pan-STARRS DRI1 catalogue contains coverage in 5
photometric bands: PS1 g, r, 1, z, and y, of which many share the same name and wavelength
coverages as the SDSS filter transmissions, but differ slightly at the edges of the photometric
filters. The comparison of all the different photometric bands with respect to their optical
depths and overlap is shown in Figure 2.1. The SkyMapper Southern Survey (SMSS, Wolf
et al., 2018; Onken et al., 2019) fourth data release (Onken et al., 2024) is also included in
the dataset. Representing the sole source of photometry used for the entire southern sky,

SMSS fills a lot of the missing ¢, 7,7, and z bands for stars observed in Gaia but are not
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visible from the northern hemisphere. SMSS also has unique u and v filters, which together
span a typical range for the u band, that are separated around the Balmer jump in stellar
spectra.

Some minor cuts were made on the photometric datasets to ensure mostly stars were being
matched with Gaia DR3, while keeping the largest amount of data and diversity possible from
the available catalogues. The SDSS photometry catalogue provides flags for each photometric
band, for which those measurements were kept if the bit flags for saturation, bad pixels, edge
detections, and "not a star” were all set to 0, along with dropping any measurements that
were returned as -9999 in the table. The Pan-STARRS DRI catalogue was filtered via
the obj_info_flag which removed sources that were saturated, and had cosmic rays or
artifacts. The SMSS DR4 dataset had more flags with constraints recommended by the
authors (Onken et al., 2024). The stars were kept given the flag class_star > 0.9 when
the r-band magnitude was < 19 and class_star > 0.5 when r > 19, with the restriction
on the full catalogue of flags < 4, nimaflags < 5, and gaia dr3._distl < 2”7, taking the
closest cross match with Gaia DR3. The breakdown of the cross-matches with the Gaia XP

spectra are given in Table 2.1.

Table 2.1: The break down of the stars included in the pre-
training data set.

Sources and Conditions Ngtars Ref.
Sources with Gaia XP coefficients 219,197,643 1
Stars With Gaia parallaxes 218,131,884

With 2MASS magnitudes 207,409,237 2
With CatWISE magnitudes 174,922,161 3
With Sky-Mapper DR4 magnitudes 141,310,053 4
With Pan-STARRS1 DR2 magnitudes 129,043,651 5
With SDSS DR9 magnitudes 20,770,505 6
Total stars in pre-training set 218,131,884

References: (1) De Angeli et al. (2023); (2) Skrutskie et al. (2006);
(3) Marocco et al. (2021); (4) Onken et al. (2024); (5) Chambers et al.
(2016); (6) Alam et al. (2015).

2.3 Stellar Parameters Datasets for Training and Validation

To train and validate my method for deriving stellar parameters, I require a “ground-truth”,

or labelled dataset. This consists of stars with parameters derived often from high-resolution
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Table 2.2: The sources of the spectroscopically derived labels used in the fine-tuning
data set, broken down by number of individual stellar feature by catalogue. The
totals for each stellar feature are based off the number of stars with XP coefficients.

Catalogue Nytars With XP Tog log g Fe/H [a/Fe]  Ref.
GALAH 851,894 851,894 851,894 851,894 850,721 1
APOGEE 493,075 493,075 493,075 467,223 467,047 2
RAVE 396,442 396,442 396,442 396,442 388,852 3
VMP stars 291 291 291 291 - 4
Total unique rows: 1,741,702

Union of stars 1,645,698

References: (1) Buder et al. (2024); (2) Majewski et al. (2017); (3) Steinmetz et al. (2020); (4)
Li et al. (2022).

spectroscopic observations, which are generally considered the gold standard in abundance
analysis. This process, often referred to as fine-tuning in a machine learning context, cal-
ibrates the model to predict physical parameters from the low-resolution XP spectra and

ancillary photometry.

2.3.1 Spectroscopic Labels

The core of the training and validation sample is built from several major public high-
resolution spectroscopic surveys. These provide precise measurements of Tog, log g, [Fe/H],
and [o/Fe]. To ensure the model performs well on chemically peculiar or rare objects, I
augment this core sample with a smaller, specialized catalogue, that is a collection of very
metal-poor stars. A summary of all spectroscopic datasets used for training and validation
is provided in Table 2.2.

Stars from SDSS DR17 with APOGEE spectra (Abdurro’uf et al., 2022) were selected
for the spectral properties of Ty, log g, [Fe/H], and [«/Fe]. The largest restriction on the
inclusion of a given star with APOGEE spectra was the existence of XP spectra for the
source. This led to stars being excluded if beyond the limiting magnitude of 17.85 in the
Gaia G-band, and if missing XP continuous spectra. Following the procedure of Andrae et al.
(2023), 291 stars from Li et al. (2022) were included to push beyond the [Fe/H] ~ —2.5 dex
floor that exists for the APOGEE spectral pipeline and to provide additional measurements
for Tog, log g, and [Fe/H].

The fourth data release of the Galactic Archaeology with HERMES (GALAH De Silva

et al., 2015) dataset was also chosen for the fine-tuning dataset, injecting 851,894 more
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sources into the fine-tuning catalogue. This larger dataset provides measurements of T,g, log
g, [Fe/H], and [a/Fe] as APOGEE does, with a further inclusion of ages for 849,596 stars
determined through isochrone fitting. Stars were selected using the criteria that the first
two validation flags corresponding to having no problems and that the value is not an upper
limit were set to 0 for the detection. The final made when curating all three datasets were
to ensure that the Gaia DR3 source ID was not duplicated, where it and its duplicates were
removed from the dataset. The fine-tuning dataset is summarized in Table 2.2.

In addition to the fine-tuning dataset curated for the MSA, its ability to predict in
different bases, being to other spectroscopic datasets, is tested (Section 5.2). The Rave
DR6 (Steinmetz et al., 2020) dataset was chosen for this purpose, having measurements
for each of the five stellar parameters being predicted. Similarly to the ages for GALAH
DR4, the RAVE DR6 ages used for testing its applicability to other were determined via
Bayesian isochrone fitting using the BDASP pipeline (McMillan et al., 2018). This pipeline
also output values for Teg, log g, and [M/H], with [«/M] coming from their CNN trained on
stellar spectra.

Included in the rationale for the inclusion of APOGEE in the fine-tuning dataset is the
need for many stellar ages for the prediction algorithm to train with. APOGEE contains a
large amount of red giant stars, on which many of the methods that exist for determining
stellar ages for individual stars rely, such as asteroseismology or stellar models using the
[C/N] abundance. A large amount of age labels come from the astroNN models developed
by Mackereth et al. (2019) and Leung et al. (2023), which have spectroscopic age predictions
derived from APOGEE spectra and the Kepler asteroseismic dataset. The Leung et al.
(2023) ages were cut according to the authors’ recommendations: having an error in the age
estimate < 40%, and having both STARFLAG and ASPCAPFLAG set to 0. This dataset was
made up entirely of red giants, for a total of 39,662 stars. The ages from Mackereth et al.
(2019) filled in the rest of the rows for apogee stars, accounting for an additional 481,036,
stars. Shown in Table 2.3, the total number of stellar ages across the datasets used as labels

are shown, totalling 1,727,074 stellar age labels in the fine-tuning dataset.
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Table 2.3: The different catalogues contributing to the ages included in the fine-tuning data
set. The number of stars reflects those from the data set with a Gaia source ID and with

XP spectra coefficients.

Catalogue Netars References

GALAH 849,596  Buder et al. (2024)
RAVE 396,442  Steinmetz et al. (2020)
AstroNN-1 441,374 Mackereth et al. (2019)
AstroNN-2 39,662 Leung et al. (2023)
Total unique ages: 1,727,074

Total unique stars 1,631,423
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Chapter 3

Constructing the Masked Stellar Autoencoder

The MSA is a deep learning model specifically designed to leverage high-dimensional as-
tronomical data and sparsely available labels for applications in Galactic Archaeology. The
construction of the model is intrinsically linked to its two-stage training methodology. This
process begins with self-supervised pre-training, which builds a foundational understanding
of the complex relationships within the data, followed by a fine-tuning stage that adapts the
model for specific predictive tasks. This section details the deep learning paradigms that
motivate the architecture of the model, a masked reconstructive residual autoencoder. This
design enables the creation of powerful and informative embeddings from which stellar pa-
rameters can be accurately derived, even from highly entangled and correlated datasets that
combine photometric and low-resolution spectroscopic information. The goal is to produce
a fairly general model for stars in Gaia DR3 that can be tuned for a variety of astronomical

applications.

3.1 Self-Supervised and Reconstruction Learning

Supervised learning methods learn the connection between labels and features through a
series of interconnected layers and neurons and while powerful, depend fundamentally on
the availability of large, completely and accurately labelled datasets. In astronomy, this
dependency presents several challenges. The sheer volume of modern surveys makes manual
labelling infeasible, while automated pipelines for deriving stellar atmospheric parameters
can introduce systematic biases. Because these pipelines are often optimized for the bulk
of the stellar population, they can under-perform on, or even mischaracterize, rare objects,
such as very metal-poor (VMP) or carbon-enhanced metal-poor (CEMP) stars. Further-
more, these models often struggle with out-of-distribution (OOD) objects and exhibit poor

generalization when applied to data from different instruments or surveys, which may have
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Figure 3.1: The conceptual formation of a residual block and skip-connection, with the
inclusion of the specific layers used in the MSA. The input z is passed downwards following
the path of both arrows, such that after passing through the residual block f(x), the value
passed to the next residual block is f(x) + .

unique reduction and analysis pipelines (Allende Prieto, 2016). As an example, APOGEE is

often used for training astronomical ML models, but may result in predictions biased against
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metal-poor stars from other spectroscopic datasets. In other words, models trained on one
survey are often not directly transferable to another, limiting their utility.

To circumvent these aforementioned limitations, the MSA adopts a self-supervised learn-
ing (SSL) paradigm. SSL enables a model to learn meaningful representations from the
intrinsic structure of the data itself, without reliance on external labels. This is typically

achieved through a two-stage process:

e Pre-training - the model is first trained on a large, unlabelled or partially labelled
dataset using a pretext task. These tasks are designed to help the model understand
correlations and relationships of different features with respect to the data itself. For
instance, the model might be tasked with predicting a deliberately corrupted or masked
portion of its own input. By solving this pretext task, the model develops a rich,
generalized feature representation that captures the essential physics encoded in the
data.

e Fine-Tuning - Once pre-trained, the representations learned by the model are adapted
for specific downstream tasks, such as predicting stellar parameters. This stage uses
a much smaller, labelled dataset to tune a simple prediction head attached to the

pre-trained encoder, leveraging the powerful foundation built in the first stage.

The choice of pretext task is critical. Contrastive methods (e.g., Chen et al. 2020; Radford
et al. 2021) utilise different realizations of the same input from applying distinct augmenta-
tions, such as adding noise or resampling within the errors of the data, and enforcing that the
algorithm predicts that the realizations are the same despite the changes made. Although
contrastive learning can yield very strong representations on smaller datasets, we employ a
reconstructive method, which can learn more general representations at massive scales by
forcing the model to understand the data internal structure, not just what makes examples
different. Rather than the emphasis on the robustness to noise of contrastive methods, the
reconstructive methodology involves either masking or dimensionality reduction to train the
model in inferring the missing or compressed data. For reconstructive tasks, portions of
the input data, being tiles for images or words for language models, are masked upon input
to the encoder and filled-in using the decoder. The loss can then be calculated using the
unmasked input data, forcing the latent space to learn the most useful information from the

partial data on input.



20

3.1.1 Autoencoders

Autoencoders are types of neural networks suited for unsupervised learning. They are com-
posed of an encoder, a latent space, and a decoder, which often function to compress and
decompress the input data. Compressing and decompressing the features results in the learn-
ing of embeddings which extract the pertinent information to reconstruct or replicate the
input feature vector, which have applications in both feature learning for sparse datasets

and generative tasks (Bengio et al., 2013).
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Figure 3.2: A high-level model of the MSA with both the pre-training and fine-tuning
components shown. The features are represented by = beginning on the left of the diagram.
The pre-training and reconstructive penalty term when fine-tuning is the horizontal path
through the latent space, with the latent vector denoted as z, while the regression to stellar
label predictions, denoted by ¢, is the path downward from z through the MLP. An example
of the reconstructive loss term is shown connecting the inputs x to the outputs of the model
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For our reconstructive pretext task, we employ a specific variant known as a masked
autoencoder. This approach builds upon the concept of denoising autoencoders from Vin-
cent et al. (2008). In our setup, a portion of the input features are deliberately hidden or
"masked” before being passed to the encoder. The network is then tasked with reconstruct-
ing the complete, original data, including the masked values. This forces the model to learn
the inherent correlations and dependencies within the data to accurately infer the missing
information.

The dimensionality of the latent space is a critical hyperparameter that must be carefully

tuned. It needs to be large enough to retain the information necessary for accurate recon-



21

struction, but small enough to prevent the model from simply learning an identity function
and to encourage generalization. After the self-supervised pre-training phase is complete,
the decoder is typically discarded. In our case, the decoder is kept and we fine-tune using
multi-task regression and reconstruction to help with generalisation. For downstream tasks,
in our case prediction of stellar properties, a separate prediction head, such as a multi-layer
perceptron (MLP), is attached to the latent space representation and fine-tuned on a smaller,

labelled dataset to predict specific target values.

3.1.2 Pre-training Architecture of the Model

The core of the MSA is a deep autoencoder with a symmetric encoder-decoder structure.
The architecture is constructed from a series of residual blocks, inspired by Residual Neu-
ral Networks (ResNets) from computer vision (He et al., 2016). The framework of these
networks uses a modular block structure, for which the input is passed through multiple
weight layers. The output of the residual block is then summed with the original input, via
a skip connection, which has been shown to combat the issues of vanishing gradients and
high complexity in the data and network, improving both efficiency and accuracy (Borawar
& Kaur, 2023). The MSA encoder consists of 8 residual blocks of decreasing dimensionality,
compressing the input into a latent space representation, while the decoder symmetrically
mirrors this architecture to reconstruct the original features.

Each residual block within the MSA (see Figure 3.1) is a sequence of layers designed
to learn complex data transformations. It includes two linear (fully-connected) layers, with
Layer Normalization (Lei Ba et al., 2016) applied after each layer to stabilize training. An
Exponential Linear Unit (ELU) serves as the non-linear activation function, and a dropout
layer is included for regularization.

As outlined in Figure 3.2, input features undergo a two-step preprocessing procedure

before being fed to the encoder:

1. Feature Masking (mask): A multi-level masking strategy is applied. First, any features
that are genuinely missing from the source catalogues are padded with a placeholder
value (-9999). Second, for the self-supervised pretext task, a fraction of the existing
data is strategically masked. A core set of features comprising the Gaia G, BP, RP,
and WISE W1, W2 magnitudes are never masked, preserving the basic SED. The 110
XP coefficients are masked as a single group with a 90% probability to simulate the
magnitude limit of the XP spectra sample. All other ancillary features (photometry,

astrometry) are masked individually with a 60% probability to reflect the heterogeneous
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sky coverage of their respective surveys.

2. Periodic Encoding (periodic): Following the masking step, all features are trans-
formed using a periodic encoding layer. This technique has been shown to significantly
boost the performance of MLP-based architectures on tabular data, making them com-
petitive with gradient-boosted decision trees and transformers (Gorishniy et al., 2022).
Each feature is mapped to a higher-dimensional space using a series of sine and cosine

functions with trainable frequencies, as given by:

fi(x) = periodic(z)

= concat/[sin (v), cos (v)],v = [2weyx, ..., 2weg ]

where ¢; represents the trainable frequency parameters. This allows the model to more

easily learn periodic and non-linear relationships in the data.

The pre-training objective is to minimize the reconstruction error between the decoder’s
output (Z) and the original, unmasked input (z). The general form of the loss L. is given
by:

p

(3.1)

Erec: %iwl*

i=1

Ti — gy (fe (maSk(fci)))

where fy and g4 are the encoder and decoder, p is the exponent (1 for L1 loss, 2 for L2
loss), and w represents optional weights. Through hyperparameter tuning, we found that
an unweighted Mean Absolute Error (MAE, or L1) loss performed best, simplifying the

objective function to p = 1, and w; = 1.

3.1.3 Fine-Tuning Scheme for the MSA

Once the self-supervised pre-training is complete, the model is adapted for specific down-
stream prediction tasks through a process of fine-tuning. For this stage, a 5-layer MLP,
serving as a prediction head, is attached to the latent space output of the pre-trained en-
coder, as illustrated in Figure 3.2. Unlike some transfer learning approaches, the weights of
the encoder are not frozen during this phase; instead, the entire network is trained end-to-
end, from the input layers of the encoder to the output of the prediction head.

Our fine-tuning employs a multi-task, multi-target learning strategy. We simultaneously
predict all six target labels (y = {T.4,log g, [Fe/H], [a/Fel, 7., @w}), as these physical pa-

rameters are often degenerate and co-dependent. Training them together allows the model
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to leverage these intrinsic correlations, leading to more robust and physically consistent
predictions.

To provide robust uncertainty estimates, the prediction head is trained using quantile
regression. Instead of predicting a single mean value, the model outputs three quantiles for
each label: the 16th, 50th (median), and 84th percentiles. This is achieved by minimizing

the quantile loss, or pinball loss, function:

Ny Q M
Lored = lel Z w; Z Z max (7, (y;; — hqu(xi)), (1g — 1) (vij — hff(xi))) (3.2)

where Ny, is the number of labelled samples, y;; is the true value for the j-th label of the ¢-th
sample, and hff(:vi) is the model prediction via the prediction head h,, for the corresponding
T, quantile.

To prevent the model from forgetting the general representations learned during pre-
training (a phenomenon known as “catastrophic forgetting” ), we include the original recon-
struction task as part of the fine-tuning objective. This process effectively helps for imbal-
anced data (Liu et al., 2021). The total loss function is a weighted sum of the prediction

loss and the reconstruction loss, ending in an optimization for the model to be:

0,0,¢ = al"eg;r;in MLprea (0, @) + AzLiec (V) (3.3)
where Lyreq and L, are the prediction (Eq. 3.2) and reconstruction (Eq. 3.1) losses, re-
spectively. Based on hyperparameter tuning, we set the weights to A\ = 0.8 and Ay = 0.2,
prioritizing the accuracy of the downstream prediction task while still regularizing the model
through reconstruction.

Finally, to further refine the predictions and quantify the uncertainty of the model itself,
we employ deep ensemble learning (Lakshminarayanan et al., 2017). The final stellar pa-
rameters are derived by averaging the median predictions from 20 models, each fine-tuned
with a different random seed for weight initialization and data augmentation. The final
uncertainty incorporates both the quantile range from individual models and the standard

deviation across the ensemble.
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Chapter 4

Training Results

The results from the two-stage training process are presented below, with the reconstructive
pretext task discussed in Section 4.1, and the results from the stellar parameter prediction

described in Section 4.2.

4.1 Pre-Training Results

The model was pre-trained for 80 epochs on the tasks of XP coefficients and photometric
magnitudes reconstruction. The residuals for the reconstruction of the first 3 coefficients in
BP and RP are shown in Figure 4.1. The large dynamic range of the coefficients (varies by
~ 10% — 10%, as shown in Figure 4.1) required an appropriate scaling to help gradient-based
optimization of the neural network parameters. A median and interquartile range scaling
method was used for the magnitudes and XP coefficients, which minimized the compression
of the lower magnitude regime relative to other scaling methods while preserving the distri-
bution of the data. For an accurate representation of the model’s abilities, two million stars
from the pre-train validation dataset were used in creating Figure 4.1. The reconstructions
for the first coefficients in BP and RP show that the model performs well at reconstructing
the Oth order Hermite polynomial coefficient. However, the reconstructions for the higher
order polynomials show an extreme variation at low magnitudes. This may result from either
their massive dynamic range, or the difficulty in extracting information from the coefficients,
which themselves are a compressed representation of the spectra. Despite the large spread,
the predictions are not biased, showing an even dispersion about 0.

The reconstructions of the photometric magnitudes in the pre-training dataset are shown
in Figure 4.2 as a function of their magnitude. The MSA is shown to be accurately recon-
structing the majority of the magnitudes from the optical surveys, with only slight errors

in reconstruction towards the saturation and faint limits of the photometric surveys. For
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Figure 4.1: Shown are the residuals for the reconstructions for the first three coefficients in
both BP and RP by the pre-trained MSA. The x-axis of each plot is the logarithm of the
observed coefficient by Gaia (BP;,), while the y-axis corresponds to the difference between
the predicted and observed coefficient, divided by the observed coefficient. The BP1 and
RP1 denote the first BP and RP coefficient of fifty-five, with increasing number denoting
increasing Hermite polynomial order. The 2D histogram of each plot shares a common colour
bar, plotted on the left.

the brighter stars, a bias is shown to exist for 2M ASS magnitudes, but was observed to
be attenuating with training epochs. This bias was investigated further and is shown due
to be a result of the poor fits for a minority of stars contaminating the dataset. These
stars likely either have poor cross matches with Gaia DR3, being 2M AS'S magnitudes for
extra-galactic sources rather than stars, or have poor quality flags, which were not filtered
from the dataset to include more information (See Figure A.1 for the reconstructions of the
2M ASS magnitudes).

4.2 Fine-Tuning Results

The prediction head for stellar parameters as outlined in Section 3.1.3 was fine-tuned for 100
epochs, still with masked features and maintaining the same masking ratio as for pre-training.
The residuals of the regression targets y for the test dataset are shown in Figures 4.3-4.4. The

performance of the model on several metrics for each label is shown in Table 4.1, separated
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Figure 4.2: Shown are the residuals for the reconstructions for the masked magnitudes per
bin per survey by the pre-trained MSA. All surveys are plotted as a function of the star’s
G-band magnitude and average by bin, which was chosen to be 0.4 mag in width. The
magnitudes reach beyond the limiting magnitude of the XP spectra of 17.65 due to the
special stellar types included (Section 2.2).

by predictions based on including and excluding the XP coefficients in the features passed
to the MSA and prediction head (MSA+P). The mean absolute errors for the six stellar
parameters were shown to be 92 K in Tyg, 0.08 dex in log g, 0.09 dex in [Fe/H], 0.05 dex in
la/Fe], 1.3 Gyr in 7, and 0.04 in log w.

To compare with the reported accuracies from Andrae et al. (2023) and Leung & Bovy
(2024), the normalized median absolute deviations (NMADs) are calculated. This metric is
an indicator of how tightly clustered the residuals are and is more robust to outliers than
MAE or RMSE. The MSA shows NMADs of (Tu,log g, [Fe/H]) = (62.0 K, 0.058 dex, 0.076
dex), as presented in Table 4.1. The normalization constant (= 1.4826) is multiplied with
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the MAD such that the NMAD is the standard deviation for a Gaussian distribution, so
long that the data is distributed as a Gaussian. Thus, this value can be divided to produce
MADs for comparison with the Andrae et al. (2023) reported values, giving in MADs of 41.8
K, 0.039 dex, and 0.051 dex for the MSA predicted T, log g, and [Fe/H], respectively. The
Andrae et al. (2023) XGBoost model achieved MADs of 24.8 K for Tig, 0.039 dex for log g,
and 0.044 dex for [Fe/H], with respect to their training data, while the Leung & Bovy (2024)
transformer-based model report NMADs of 47.17 K in T,g, 0.11 dex in log g, and 0.07 dex in
[Fe/H]. The MSA+P is shown be competitive with the two models improving with respect
to log g, but having a larger NMAD in T.g. This may be expected from the residual plots
in Figures 4.4-4.4, which show the issues of the model in regressing hot stars. This subset
of stars is missing metallicity and [«/Fe| measurements and is often ignored by supervised
algorithms using APOGEE labels due to incompatibility in training, which obscures potential
limitations in the data from supervised algorithms. With respect to the XGBoost model, the
authors may have under reported errors since the metrics were computed with the training
set rather than the unseen test dataset.

Table 4.1: The performance of the MSA and prediction head on several key metrics, being
the root mean square error of the residuals, the standard deviation, the mean absolute error,
the normalized median absolute deviation, and the R? coefficient of determination. The
subscript M denotes whether the XP spectra are fully masked before passing through the

MSA, while if missing, reflects that the full XP coefficients have been fed to the model for
predicting the given label and calculating the metric.

Full XP RMSE o MAE  NMAD R?

Tor [K] 330.5 3304 92.3 62.0 0.910
log g 0.145 0.145 0.075 0.058 0.982
[Fe/H] 0.166 0.166  0.090 0.076 0.807
[/ Fe] 0.072 0.072 0.045 0.042 0.622
T [Gyr] 1.997 1.997 1.297 1.175 0.639
log @ 0.095 0.095 0.037 0.023 0.961
Terr [K] 357.7 357.6 108.3 74.4 0.894
log g 0.141 0.141 0.071  0.052 0.984
[Fe/H] 0.193  0.193 0.114  0.101 0.741
[/ Fe] 0.080 0.080 0.052 0.050 0.531
T [Gyr] 2.107 2.106 1.398 1.317 0.599
log w 0.134 0.134 0.030 0.024 0.997

The [a/Fe] abundance residuals reflect the limitations expected of the informative content
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Figure 4.3: Test dataset residuals after fine-tuning the best fit model with ensemble learning.
For each label, both the predictions (above) and the residuals (below) are plotted versus the
spectroscopic/catalogue label using a 2 dimensional histogram, coloured by density. From
left-to-right and top-to-bottom, the labels are Teg, log g, [Fe/H]|, [a/Fe], 7., and logw. The
axes are equal for the top figures for each label.

of the XP spectra, as primarily stars with solar [a/Fe] are fit accurately. The RMSE matches
closer the mean absolute error, and the coefficient of determination shows a worse agreement
between the data, as with the ages predicted by the MSA+P. However, shown in Figure 4.4

the model performs only marginally worse when having the entirety of the XP coefficients
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Figure 4.4: The same as Figure 4.3 with no spectroscopic information fed to the model as
part of the features, keeping the same test set.

removed from the feature list, with a RMSE increase for [a/Fe| of 11.1% and for 7, of only
5.5%, showing a robustness to scarsely populated data.

The structure of the latent space reveals the inferential ability of the model, shown in
Figure 4.5 using the t-SNE prejection method (Van der Maaten & Hinton, 2008).

fine-tuning the stellar labels, the latent space appears organized, but not discretized as the

Before

t-SNE is mostly continuous, showing regions where similar stars are being grouped together,

with respect to 7, in Figure 4.5. The fine-tuning appears to further segregate stars, but the
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Figure 4.5: t-SNEs of the latent space of the MSA coloured by derived stellar age before (left)
and after (right) fine-tuning the algorithm with the weights of the autoencoder unfrozen and
adjusted to the fine-tuning dataset. The test set from the fine-tuning labels are used for
plotting, totalling 88,788 stars with 87,840 age labels.
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same overall trends are mostly undisturbed, as the embeddings are already informative for
stellar label prediction.

Self-consistency in the predictions was measured by plotting the Kiel diagram of the
predictions, the [a/Fe]-[Fe/H] chemistry plot, and the age-metallicity relationship (AMR)
between the data, shown in Figure 4.6. The Kiel diagram (top row) is a stellar diagnostic plot
of log g versus T.s commonly used to trace stellar evolution with spectroscopic quantities
derived from stellar atmospheres. The positions of stars on this diagram have physical
importance, relating to their spectral type and stage of evolution. The predictions from the
MSA+P show similar ordering in all three axes (including [Fe/H]), with a slight bias toward
the mean of the labels, compressing the intrinsic scatter of the data. [« /Fe]-[Fe/H] is shown
in the middle row, which traces chemical enrichment of stellar populations. It is a useful
tool in separating distinct populations, such as the thin and thick disks of the Milky Way
(Hayden et al., 2015). It can be shown from these plots that while the scatter in the predicted
abundances gets compressed, the distinct sequences separating the low-« thin disk and high-
« thick disk are preserved. This shows the ability of the model to separate the types of
stars despite the low resolution of the input features with respect to metal absorption lines.
The bottom row of Figure 4.6 shows the AMR of the stars in the fine-tuning dataset and
the predictions from the model. This diagram is used to describe the chemical enrichment
of a population of stars over time, tracing the star formation history of a group of stars.
Scatter in the diagram reflects the dynamics of the environment, including radial migration
and merger events. While the stars in the plot are not shown to have lower metallicities at
older epochs as one may expect, the predictions do populate the diagram similarly to the
labelled dataset.

To evaluate the quality of the predicted lower and upper quantiles of the stellar pa-
rameters, the z-score is computed. The distribution of the z-scores are expected to follow
normal distribution asymptotically, with a perfect model M having M ~ N(0,1). As the
amount of data increases, the mean and standard deviation of the z-score can be used as
a validation test for the errors. A distribution with a mean greater than 0 signifies predic-
tions that are too low, with the inverse signifying a model that over-predicts. Additionally,
a standard deviation greater than 1 signifies predicted uncertainty intervals that are too
narrow, or an underconfident model, and smaller standard deviations are correlated with
overconfidence. The z-score requires symmetric uncertainties, which are in conflict with the
potentially asymmetric 16th and 84th percentiles predicted by the model. Upon inspection
of the errors, the percentiles showed an approximately symmetric distribution in general,

allowing for the simple average of the deviations to be used in place of the percentiles, with
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Figure 4.6: The self-consistency checks for the labels and predicted values of the test dataset.
Left: The Kiel diagram displaying the stars in log g-T.¢ space, coloured by their metallicities.
Center: The [a/Fe]-[Fe/H] plot showing the populations of stars formed in environments
enriched through separate sequences. Right: The age-metallicity relation coloured by [a/Fe],
demonstrating the grouping of stars according to age and metallicity, important for star
formation histories.
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Figure 4.7: Z-scores of the labels to determine the is the errors predicted by the model are
over or under represented by the model. The stellar parameters are labelled in the lower
left of the plots, with the completeness, the percentage of stars used when computing the
mean and standard deviation of the z-score, given in the top left. The black bins are the
z-scores computed using the average of the deviations, with the red-dashed line representing
a normal distribution

the z-score distributions given in Figure 4.7. The means of the z-score distributions are
shown to be consistently near 0, while the standard deviations are greater than 1 for all
parameters except parallax. The larger standard deviations demonstrate that the model is
underconfident and underestimates the uncertainty intervals. This conclusion may, in part,
result from averaging of the 1o deviations at the edges of the distribution of labels, as well

as from a few outliers at the far tails of the z-score distributions.
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Chapter 5

Discussion

5.1 Scaling the Datasets

To probe how the algorithm’s training benefited from having all 220M sources, the pre-
training was also performed with subsets of the data, being datasets with 1M and 10M stars,
randomly sampled from the Gaia DR3 XP spectra catalogue. After, the same fine-tuning
procedure was performed, holding all hyperparameters the same. The metrics computed on
the test dataset for the 3 models is shown in Table 5.1, revealing a small increase in accuracy
with increasing dataset size. However, the increase in scale from 10M sources to 220M did
not show a significant improvement for the model when predicting with full XP coefficients.

The scaling of the data had the most noticeable effects for predicting stellar parameters
with missing XP coefficients. The stellar parameters with the greatest weight of importance
for this research, [Fe/H] and 7., both show visible improvements in distribution and metrics,
shown alongside T,g in Figure 5.1 and Table 5.1 (The differences in the stellar parameters
of log g, [a/Fe], and w are minimal but are included in Table 5.1 for completeness). These
upgrades in accuracy act as another example of the robustness of the model with respect
to imbalance, as these informative embeddings are valid for stars with minimal coverage
in photometric bands. By increasing the photometric surveys included in the dataset, the
embeddings may display a measureable capacity to adapt to rare and OOD stars, which will
be the subject of future tests with the MSA.

To further investigate the effect of scaling the pre-training dataset size, I plotted a t-SNE
of the latent space for each model. Figure 5.2 reveals the latent space organization of the
models, showing a large difference in the visual separation of stars with similar ages between
the 1M model and the 10M and 220M models, which may correlate with the information
encoded in the embeddings. This observation may be linked to the increase in accuracy

shown for predictions with masked spectra.
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plots.
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Table 5.1: The metrics for every pre-trained model after fine-tuning the same prediction
head to the pre-trained autoencoder. The top half of the table contains the predictions for
the entirety of the observed features as they exist, while the bottom half of the table had all
XP spectral coefficients masked before passing to the periodic encoding layer of the MSA.

Size: 1M 10M 220M
Label Unit RMSE MAE RMSE MAE RMSE MAE

Tew K] 339.3 104.7 338.1 97.0 330.5 92.3

log g 0.165  0.092 0162 0089 0145  0.075
[Fe/H] 0.182  0.102 0171  0.093 0166  0.090
o/ Fe] 0.076  0.049 0073 0046 0072  0.045
T [Gyr] 2.097 1402 2050 1376  1.997  1.297
log 0127  0.054 0114 0050 0095  0.037

- - RMSE,, MAE,, RMSE, MAE,, RMSE, MAE,,
Tom K] 415.1 147.8 390.7 131.9 357.7 108.3

log g 0.165  0.088 0154 0079 0.141  0.072
[Fe/H] 0261 0177 0.223  0.140 0193  0.114
o/ Fe] 0.092  0.063 0085 0057 0.080  0.053
T [Gyr] 2363  1.678 2220 1534 2107  1.398
log 0.149  0.050 0146 0035 0135  0.030

An important aspect of the model is the ordering of the predictions of the continuous
variables with respect to the observed labels. If the errors are large for a particular predic-
tion, its stellar parameters relative to the stars predictions can still mark it as an interesting
candidate for spectroscopic follow-up observations. To quantify whether the predicted pa-
rameters are ordered similarly to the labels, I measured the change in the Spearman’s rank
correlation coefficient to determine how well the monotonicity was preserved between the
labels and the predictions. In Figure 5.3, one can observe certain trends emerging with
increasing pre-training dataset size. With 1.0 equal to a perfect ordering with respect to
the labels, all models show improvement with scaling the data, with the largest changes in
[Fe/H], [a/Fe], and 7, as there was the most to improve with the correlation. The Teg also

improves by ~ 0.01 when masked, being a significant change from an initial p of 0.97.

5.2 Applicability to Heterogeneous Spectroscopic Datasets

While experimenting with different spectroscopic datasets to obtain labels for the fine-tuning
algorithm, it was found that increasing the fine-tuning dataset diversity inhibited convergence

in training rather than accelerating it. The impact of heterogeneity in the spectroscopic
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Figure 5.3: The change in Spearman’s rank correlation coefficient with respect to differing
pre-train dataset size and masking scheme. M, denotes that the XP spectra were fully
masked when passing through the model to generate the predictions for that particular data
point and pre-train size. The hashed line connects the plot between masked and unmasked
XP predictions.

dataset pipelines resulted in early plateauing gradients and predictions towards the mean
of the six labels. This led to training the predictor of the MSA on individual spectroscopic
datasets to draw comparisons between the spectroscopic datasets themselves and with other

state-of-the-art models working towards the common goal of stellar parameter derivation.

5.2.1 Fine-Tuning on APOGEE and GALAH Individually

First, I split the fine-tuning dataset described in Chapter 2 into its respective components.
The VMP stars from Li et al. (2022) are used in both datasets to fill in the metal-poor
regime of the data, specifically with respect to APOGEE. The model is then fine-tuned on
the datasets for 100 epochs, but without ensembling the model over multiple random seeds.
The self-consistency plots for the labels and predictions are shown in Figures 5.4-5.5, with
the MAE and RMSE metrics computed for the full distributions presented in Table 5.2.
Additional figures showing the residuals of the algorithm are located in Appendix A,

A deviation from the labels is shown in the predicted Kiel diagrams, with a lengthening
along the T, axis towards hotter stars. The metrics for Tyg are also elevated relative to
the MSA+P and other spectroscopic datasets in this section. This trend likely appears in
the predictions from this model due to the numerous hot stars included in the fine-tuning

dataset which are usually omitted in supervised networks as a result of missing [Fe/H] label
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Figure 5.4: The same as Figure 4.6, for the MSA and prediction head trained solely on
APOGEE and VMPs from Li et al. (2022).
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derivations (these stars can be seen in the top right of the upper left panel in Figures A.2-A.3).
Also, shown in the Kiel diagrams are the tendency for the model to predict values increasingly
clustered together with decreasing spectroscopic information. This may shed light on the
disagreements shown in Tables 4.1 and 5.2 with respect to better metrics for predictions from
masked XP coefficients. This tendency to cluster the sources together appears to follow the
observed behaviour of the predictions “collapsing towards the mean”, in which data with
limited coverage or information tends to be grouped with the mean of other similar stars,
improving the scores on metrics penalizing large outliers. This has similarly been observed
in the Kiel diagrams for GALAH (Figure 5.5), which harbours lower metallicity stars that
are being predicted as low metallicity, but are varying with temperature.

The predicted [«/Fel-[Fe/H]| plots both show better preservation of the shape of the label
distribution with respect to the middle panels of Figure 4.6. However, a tighter grouping of
the predicted stellar parameters remains seen in the distributions. The predictions for the
GALAH dataset reveal better residuals in the metal-poor regime, possibly due to increased
sources from the VMP catalogue that represent a larger portion of the dataset and in-
distribution stars. Finally, the AMR plots are shown for both APOGEE and GALAH in
the lower panels of Figures 5.4-5.5. The labels of both datasets show similar distributions,
with the tracers of the different age derivation methods appearing in the lower left plots.
The left-most APOGEE AMR shows a large density of solar metallicity and solar [a/Fe| in
the dataset, spanning from young to old stars. The plateau in age from the astroNN model
(Mackereth et al., 2019) can be seen at approximately 10 Gyr, with some older ages from
Leung et al. (2023). For GALAH, the isochrone ages for very young stars can be seen by
the hard line at 0 Gyr, which is attempted to be reproduced in the predicted values leading
to negative predictions for 7,. These stars also represent a large amount of the metal-poor
sources, with some metal-poor stars at older ages, but with less density (leading to potential
problems in Section 5.3). The metal-poor stars at older ages are better reconstructed by
the GALAH-fine-tuned model, but a significant artifact from the young stars in GALAH is
shown to be present in the AMR.

5.2.2 Fine-tuning with RAVE DR6

RAVE DR6 was selected as the external catalogue for the MSA and prediction head. The pre-
processing of this table consisted only of removing duplicates, and combining the derivations
from the BDASP pipeline of Tug, log g, [M/H], and 7., with the [a/M] estimate from the

convolutional neural network (CNN) trained on the RAVE spectra. Overall metallicity is
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Figure 5.5: The same as Figures 4.6 and 5.4, but with GALAH and VMPs.
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given in lieu of [Fe/H] in this dataset, which will result in a higher metallicity label relative to
the other datasets. The VMP stars are omitted from this subset. The self-consistency plot for
this dataset is shown in Figure 5.6 and the metrics are given in Table 5.2. Additional figures
of the residuals of the model are given in Appendix A. Figure 5.6 confirms the trend seen for
APOGEE and GALAH of reducing the intrinsic scatter of the labels in the predictions. The
RAVE DR6 catalogue contains less variation in T.g¢ and log g, resulting in better metrics and
a greater similarity in Kiel diagram predictions. From the bottom left panel of Figure 5.6, a
cluster of stars with ages on the order of Myr can be seen as with the GALAH dataset. As
a result, the predicted ages replicate Figure 5.5, with some erroneous predictions of negative
ages.

From the models trained on the different spectroscopic datasets, it is shown that the
embeddings are tunable to multiple catalogues while replicating the distributions of the at-
mospheric labels. However, the MSA+P fine-tuned on the concatenated dataset displayed
better generalisation to the multiple surveys, by learning the connections between the em-
beddings and a large set of in-distribution stars. When comparing the fine-tuned algorithms,
no one model trained on an individual spectroscopic dataset obtained better metrics than
the MSA+P for every label. This is reaffirmed by the computed MADs for the individually
trained APOGEE and GALAH datasets. For APOGEE, the MAD was determined to be
44.5 K in Ty, 0.093 dex in log g, and 0.057 dex in [Fe/H], while with GALAH, the MAD was
determined to be 46.9 K in Teg, 0.062 dex in log g, and 0.055 dex in [Fe/H]. These measure-
ments are shown to be higher for the individual spectroscopic datasets than for the MSA+P,
which likely resulted from the increased scatter due the smaller portion of the parameter

space covered by the individual datasets.

5.3 Applications in the Near-Universe

To gauge the model’s ability to predict labels for out-of-distribution stars, I predict full
stellar properties for a few clusters and dwarf galaxies. The clusters were selected from
the Hunt & Reffert (2024) catalogue, based on the criteria that (1) they had stars with
magnitudes in Gaia DR3 and at least a few stars with XP coefficients, (2) those stars had
membership probabilities of greater than 0.99, and (3) they had a reported cluster age of
greater than 1 Gyr. This final selection criterion was based on poor performance of the
model on stellar ages for young stars (Figure 4.3-4.4). The final cluster dataset comprised a
total of 84 open clusters with the number of member stars varying on the order of 10~100.

The self-consistency in the open cluster set is plotted the same as in Section 4.2, shown
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Figure 5.6: The same as Figures 5.4-5.5, for the MSA on the external RAVE DR6 dataset.
Provided in the RAVE DR6 catalogue from the BDASP pipeline are the overall metallicities
[M/H], differing slightly from the Fe-abundances used as labels in the other spectroscopic
datasets, reflected in all nine panels.
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Table 5.2: The performance of the MSA and prediction head on the individual spectroscopic
datasets of APOGEE, GALAH, RAVE, and the Li et al. (2022) VMPs for both masked and
unmasked XP coefficients.

Dataset APOGEE GALAH RAVE

Label Unit RMSE MAE RMSE MAE RMSE MAE
Teog [K] 443.0 114.3 160.1 80.4 1394 86.1
log g 0.238 0.139 0.140 0.092 0.144 0.097
[Fe/H] 0.139 0.084 0178  0.096 0.197  0.129
[a/Fe] 0.054 0.033 0.076 0.050 0.043 0.027
Ta [Gyr] 1.262 0.902 2.098 1.411 1.701 1.260
log ™ 0.225 0.126 0.102 0.064 0.091 0.052
- - RMSE,;, MAE,; RMSE,; MAE,; RMSE,, MAE,
To K] 5318 1378 1888  100.8 1195 752
log g 0.202 0.116 0.089 0.051 0.109 0.065
[Fe/H] 0.195 0.129 0.214 0.130 0.200 0.132
[a/Fe] 0.067 0.044 0.087 0.059 0.047 0.030
T [Gyr] 1.543 1126 2134 1418  1.595  1.148
log 0.622 0.072 0.204 0.040 0.178 0.053

in Figure 5.7. It can be seen that some systematics and biases in the model are apparent
in the predictions, particularly with respect to the third panel. The Kiel diagram shows a
general metallicity near 0 dex with alignment of metallicity in the red giant branch similar
to expectations from Figure 4.6.

However, the [a/Fe]-[Fe/H] plot shows a large [a/Fe] enhancement, with the AMR panel
showing this trend for all ages in the open cluster subset. Open clusters situated in the disk of
the Milky Way are expected to have solar to sub-solar metallicities and a-abundances, with
some variation in galactocentric radius (e.g. Donor et al., 2020). For older open clusters, a
small enhancement in [a/Fe| (~0.1 dex), particularly with low metallicity, can be seen (Yong
et al., 2012). As discussed in Section 2.1.2, the chemical information derivable from the XP
spectra consists solely of C, N, and Fe lines, resulting in a reliance on inferring [«r/Fe| from
the information of the photometric surveys and from the labels of the fine-tuning dataset.
Other sources of error for the measurement have been shown using analytical models to
extract the a-abundance from the XP spectra (Witten et al., 2022), which showed success
only for cool, solar-metallicity stars.

To measure the precision of the cluster age predictions, the stars were grouped by cluster

membership to give one combined estimate. To obtain the grouped age per cluster, the mode
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Figure 5.7: The self consistency plots as with Figure 4.6, consisting solely of the predictions
for the open cluster dataset. No data was masked, nor were there labels other than age

included in this dataset.
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Figure 5.8: These plots show the predicted age for a cluster Alessi 50 (left), and the consis-
tency between predicted and measured ages for clusters in the open cluster dataset (right).
The dashed lines represent the 16th and 84th percentiles from the errors, which for the pre-
dicted ages, are the mode from the predicted error distributions. The left-hand plot shows
the mode of the predicted ages for a given cluster against the literature age, with errors from
the 16th and 84th percentiles of both predictions and measured.

of the predicted ages was chosen rather than the mean, as the distributions of stellar age
often had long tails which skewed the estimate, such as for the cluster Alessi 50 shown in
Figure 5.8. For the open cluster dataset, the MSA+P obtained an agreement with the ages
from Hunt & Reffert (2024) of 54.7%.

Of particular interest, the age bins most associated with the peak of the distribution
had no XP coefficients within their features when fed to the MSA. Upon inspection, nothing
with respect to the magnitudes included and omitted was of note, leading to the speculation
that the embeddings were able to group the various magnitudes that were available with the
younger stars in the latent space. This investigation will be followed up in a future paper
(McKay et al. in prep.).

Two dwarf galaxies were selected as test subjects for the MSA, appealing to the strengths
of the model. These galaxies are the Leo I dwarf spheroidal, chosen as it has experienced
a relatively recent (~1-7Gyr ago) star-forming epoch (Lanfranchi & Matteucci, 2010), and
the Fornax dwarf spheroidal, which hosts a large number of stars with intermediate ages

(Buonanno et al., 1999; de Boer et al., 2012). Other dwarfs were also investigated, though
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Figure 5.9: The stars included in the Gaia Archive cone search for dwarf spheroidals Fornax
(left), and Leo I (right), plotted in RA and declination. The black dots represent all stars
within the Gaia DR3 main source catalogue, with the red dots denoting those with XP
continuous spectra released in DR3.

resulted in worse predictions with respect to age and metallicity, possibly due to being mostly
out-of-distribution with the fine-tuning dataset. The systems were selected from their pre-
computed target_id available in the Gaia Archive and a cone search based on extents listed
in the NASA /IPAC Extragalactic Database (Figure 5.9). No other cuts were made on the
data, as the potential inclusion of anomalous points acts as another verification of the ability
of the MSA+P to detect outliers. Like with the open clusters, in Figures 5.10-5.11, I plot
the Kiel diagram and AMR of the dwarf galaxies to verify self-consistency in the predictions
and to compare to literature values of the stellar parameters.

Unlike with the previous self-consistency plots, I show the MSA+P parallax predictions
compared to the Gaia DR3 measurements, shown in the middle panel of Figure 5.10 for
Leo I. The distribution of predicted parallaxes is consistent with the positive tail of the
distribution of Gaia parallaxes. The same is replicated for Fornax in the middle panel of
Figure 5.11. Negative parallaxes make up approximately 24% of the measurements in DR3,
and often arise for stars with small parallaxes situated in crowded regions, where small
angular separations between sources results in poor measurements. A zero-point correction
should be made to the raw parallaxes, but this itself only shifts the parallaxes on the order
of ~ 10 pas, which does not account for the large negative values seen in the labels for both
dwarfs. In comparison, the MSA+P predicts positive parallaxes consistently, while having a
mode consistent with the parallax label distribution.

The Kiel diagrams and AMRs for Leo I and Fornax show the limitations of the model and
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Figure 5.10: The self-consistency checks for Leo 1. Left: A Kiel diagram of predictions in T,
log g, and [Fe/H]. Center: The predictions for the parallax of stars in Leo I (red) compared
to the Gaia DR3 values (blue). Right: The age-metallicity relation coloured by [a/Fe].
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Figure 5.11: The same as Figure 5.10 for the Fornax dwarf Spheroidal.

where improvements will be focused for future iterations of the MSA. The Kiel diagram for
Leo I (Figure 5.10) is shown to have a distinguishable main sequence and red giant branch,
with a tight clustering of stars at the top of the distribution and some scatter, as expected.
However, the metallicity distribution is shown to be near-solar and centered in the range
—1 dex <[Fe/H]< 0 dex, which is much more metal-rich than the expected range of —3 dex
<[Fe/H]< —1 dex (Lanfranchi & Matteucci, 2010). It is shown from the predicted AMR of

Leo I that the majority of the star have ages in agreement with the galaxy’s recent boost
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in star formation. However, the distribution in metallicities shows a much more metal-rich
population, with the oldest stars having the higher metallicities. The same trends are shown
for Fornax in Figure 5.11. Though the ordering of the red giant branch with respect to
metallicity is shown to be correct, the distribution in metallicities is higher than expected,
as confirmed by the AMR, with higher metallicities for the oldest stars.

These limitations in the model can likely be mitigated through further curation of the
spectroscopic dataset and more input data for the pre-training task. The parameters the
algorithm was attempting to predict represent the very edges of the labelled dataset domain,
stars in crowded regions and with few XP coefficients. With increasing training epochs, the
biases in the model were shown to attenuate, and the MSA reconstructed more accurate
magnitudes and coefficients with more pretraining data. As the model already performs
well with predicting spectral parameters with missing coefficients for in-distribution stars,
improving the predictions for these test stellar populations will hopefully follow by including

more photometric catalogues readily available.
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Chapter 6

Conclusions

In this thesis, I have presented the Masked Stellar Autoencoder, a self-supervised deep
learning model designed to learn meaningful representations of photometric magnitudes and
Gaia XP spectra to extend the reach of Gaia. To accomplish this feat, I trained the encoder-
decoder model on the ~ 220 million sources with XP coefficients and parallaxes in Gaia DR3,
including photometric magnitudes from six separate surveys spanning optical and infrared
wavelengths. I demonstrate the model’s ability to reconstruct the spectral coefficients and
photometric magnitudes from its latent embeddings, then further show its applicability to
Galactic archaeology by training a simple prediction head on its embedded data for stellar
parameter regression. The model showed itself to be competitive with other models trained
on the same data, while demonstrating its ability to predict stellar parameters when missing
the XP information with minimal increases in prediction error. This aspect of the model,
resulting from the reconstructive pretext task, indicates potential for autoencoder models to
derive accurate stellar parameter predictions for the full sky with only a fraction of measured
high-resolution spectra and vast, but incomplete, photometry.

With respect to stellar parameter regression, the model achieved mean absolute errors of
92 K in Te, 0.08 dex in log g, and 0.09 dex in [Fe/H] for the mixed GALAH and APOGEE
dataset, which are competitive with XGBoost and transformer-based models trained on
APOGEE data. Furthermore, the MSA+P achieved MAEs of 0.05 dex in [a/Fe], 1.3 Gyr in
Ty, and 0.04 in log w. The model showed the capacity to predict accurate stellar features even
when missing XP coefficients, which will motivate the injection of many more pre-existing
photometric surveys into the pretraining dataset to increase its predictive power for rare
stellar objects in future iterations. Errors are predicted by the model, and were shown to
only be marginally underconfident. The embeddings were shown to be tunable to multiple
spectroscopic datasets, replicating the Kiel diagrams, [« /Fe]-[Fe/H] plots, and AMRs with
less scatter in the predictions than the labels. This demonstrates the ability of the algorithm
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to cluster and group like stars together, despite a small decrease in prediction accuracy. The
model was tested on stellar populations including clusters and dwarf galaxies, revealing the
strengths of the embeddings with missing XP information while also showing the limitations
from the fine-tuning sample distribution. Surprisingly, the model was shown to predict
dwarf galaxy parallaxes accurately with respect to the Gaia observed measurements, with
the re-derivation of non-physical negative parallaxes in the dataset.

This work demonstrates a powerful tool for creating large, homogeneous catalogues of
stellar parameters. The pre-trained embeddings of the MSA have much applicability yet to be
explored, including searching for similar or anomalous stars using the latent representations
of the data. This first iteration of a foundation model trained on the full set of available
Gaia XP coefficients showed robustness against incomplete and imbalanced data which, via
self-supervised learning, will increase in precision with additional photometric surveys and

upcoming Gaia data releases.
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Appendix A

Additional Figures

Present in this section, are all the figures associated with the application of the MSA and
predictor to separate spectroscopic datasets, not shown in the main text. Details are found

in Section 5.2.
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Figure A.1: The reconstructed 2M AS'S magnitudes versus the input magnitudes after pre-
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if the magnitude exists in the pretraining dataset, as the trend was apparent for all bands.



61

T T R o
7500 | e R 34 ]
32 ol 102 ¢ 22 ol
5000 |- - 5o
3] )ﬁ' - = = =
= 2500 . I = 2(5) ]
s of ‘—-%"--——‘-—-:*” S LA 1 g1
= 2500 < -25 .
< 2000 6000 8000
Tess spec [K]
T T T T T T
0} o
10 10
= =
10! 1 B1ot
| Hi0
= - =
10"
! @10
2
Tk, spec [Gyl”] (log w)Gaia

Figure A.2: The test dataset residuals after fine-tuning the model on solely APOGEE stellar
labels and VMPs.
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Figure A.3: The same as Figure A.2, with the XP coefficients masked upon input.
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Figure A.4: The test dataset residuals after fine-tuning the model on solely GALAH DR4
stellar labels and VMPs.
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Figure A.5: The same as Figure A.4, with the XP coefficients masked upon input.
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Figure A.6: The test dataset residuals after fine-tuning the model on solely RAVE DR6
spectroscopic labels.
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Figure A.7: The same as Figure A.6, with the XP coefficients masked upon input.
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