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Abstract

Gaia DR3 released 220 million XP spectra as coefficients of a basis of orthonormal Gauss-
Hermite functions, which was chosen for compactness, rather than for physical meaning. This
means that the largest homogeneous spectroscopic dataset is also one of the least interpretable.
We apply sparse dictionary learning to 2.046 · 106 XP spectra to find an atom vocabulary
made up of interpretable components that encode each spectrum. The dictionary size and
sparsity are selected by minimum description length and class discovery. We find that MDL
selects a dictionary consisting of 24 atoms, with a sparsity penalty λ = 3.0, which yields a
median compression of 8.71× at a reconstruction with an error equal to measurement noise,
against a 13.6× compression for an 8-component PCA at similar reconstruction accuracy.
A 256-atom dictionary recovers 8 distinct classes in individual atoms with criteria set in
Table 5, with one atom recovering 97% of all carbon stars, but does so at roughly 2.5× the
bit size. Approximately 42% of atoms are reproducible across random initializations beyond
the similarity of the most similar atom in their own dictionary. Per-source codes are not
well reproducible (median Jaccard at 0.46), and a large portion of the atoms correlate with
apparent G magnitude, meaning some instrumental artifacts are left in the atoms. Spectral
structures, specifically a set of pre-determined spectral lines, can be recovered from the atoms
when they are converted to flux space.
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1 Introduction

Gaia Data Release 3 contains approximately 1.8 billion sources, of which around 220 million have ac-
companying low-resolution BP/RP spectra [Gaia Collaboration et al., 2023, De Angeli et al., 2023].
These sources were recorded on a single pair of instruments and reduced through a single calibration
pipeline. The published sources were selected on the basis of apparent magnitude (G < 17.65) and
number of CCD transits contributing to the mean spectra (N > 15) alone, without prioritization
of any color, spectral type or members of any previous catalog [De Angeli et al., 2023], though
the CCD transit count requirement does introduce sampling bias, as the amount of observations
depends on the position of the object in the sky. There are no other spectroscopic datasets that
are as large and as uniform as Gaia’s, which provides a unique research opportunity. Gaia’s
selection function is comparatively quite simple, which entails structure in the data is more easily
attributed to underlying patterns in the population rather than to the way the sample was selected,
in comparison to other spectral surveys. There is no other survey that has such a large scale. In
comparison, the largest ground based spectral survey is LAMOST, whose latest data release (DR12)
contains approximately 12.6 million low-resolution spectra [CAS, 2024]. 1

Although Gaia DR3 contains an incredible amount of spectroscopy data, its spectra contain a
relatively low amount of information in comparison to other spectrographic surveys, which often
have considerably higher resolving power, but much lower sample sizes. When combined, BP and RP
spectra contain a total of 110 coefficients that are applied to standard basis functions to reconstruct
a low-resolution spectrum. Together, these achieve an effective resolution of R ∼ 30− 100 for the
BP spectrum, and one of R ∼ 70−100 for the RP spectrum, though the lower wavelength side of the
RP spectrum overlaps with measurements from the BP spectrum, mitigating the low resolutions to
an extent [De Angeli et al., 2023]. Other spectral surveys generally achieve much higher resolutions.
For instance, APOGEE has a resolution of approximately R ∼ 22500 [Majewski et al., 2017],
orders of magnitude above Gaia’s resolution. In the resolution that Gaia has, most metal lines are
unresolvable, and only the broad continuum shape and strongest lines and bands clearly survive,
the rest of the features are largely transferred to the shape of the continuum, which is difficult for
a human or classical technique to recover [Weiler et al., 2023].

The spectra provided in the Gaia data releases are not detailed, sampled spectra in the form of
flux against wavelength, like most other spectral surveys. Instead, each source is described by 110
coefficients of an expansion onto 55 orthonormal Gauss-Hermite basis functions for each Photometer
[De Angeli et al., 2023]. These were chosen because of their orthonormal nature, because they
can be extended to provide higher detail by adding more bases, and because they decay to zero
similarly to a real flux profile. For the published data, this set is then adapted to the data itself,
specifically to the singular value decomposition of a set of L2-normalized calibration spectra, so that
most of the signal is concentrated in the low-order coefficients, possibly allowing for higher-order
coefficient to be truncated as noise [De Angeli et al., 2023]. Nothing in the construction that was
used directly relates a coefficient to a property of a star, although reconstructions on the basis of
just the lower-order coefficients inevitably resemble a mean spectrum, because of the way they
were determined. Additionally, as the bases are not localized, and rather extend over the entire
wavelength space, they do not correspond to a specific spectral region, let alone to specific spectral
lines. The consequence of this representation is that the largest homogeneous spectroscopic survey

1It also includes approximately 15.5 million medium-resolution spectra, but multiple passes of the same star are
counted multiple times for this number.
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becomes one of the least directly interpretable. What could partially alleviate this issue is if there
was a vocabulary that spectra could be deconstructed into, a set of components that can be used
to describe XP spectra as a combination of interpretable parts.

There are broadly two categories of previous analyses of the XP spectra. The first being
parameter estimation, and the second being unsupervised representation learning. Neither of these
categories find such a vocabulary.

The first of these categories, parameter estimation, includes data-driven models that are trained
on external parameters, which now provide more accurate effective temperatures, surface gravities
and metallicities for large swathes of the sources of Gaia DR3. Specifically, [Andrae et al., 2023]
derives its parameters using an XGBoost algorithm, with APOGEE as training data, [Li et al., 2024]
provides a neural network based regression model, also trained using APOGEE data, and [Zhang et al., 2023]
trains a data driven forward model, which predicts a spectrum from parameters, and then fits
sources to these, using LAMOST as training data. These papers establish that the XP spectra do
carry physical information despite their low resolution. In particular, we use [Andrae et al., 2023]
to validate our trained models that estimate atom importance in representing certain characteristics
in Section 4.5. The published output of these methods, however, is a set of numbers for stellar
parameters, meaning all information in the spectrum that does not correlate to the target label is
discarded.

The second category is unsupervised representation learning, in which a variety of techniques have
been employed. [Laroche and Speagle, 2025] developed a variational autoencoder that generates
XP spectra without stellar labels. UMAP has been used to organize white dwarfs into distinct
groups, resulting in the recovering of polluted white dwarfs [Kao et al., 2024]. Self Organizing
Maps (SOMs) have also previously been applied to the same problem [Pérez-Couto et al., 2024].
These papers provide discoveries, but do not fill the specific gap we are looking for, namely that
none of them produces a compositional description of any individual spectrum. A self-organizing
map gives prototype spectra, but assigns each source to a single best matching unit, a manifold
embedding yields unitless coordinates that are not additive components of a spectrum, and an
autoencoder reconstructs a spectrum by passing a dense latent vector through a nonlinear decoder,
so the spectrum is never expressed as a sum of identifiable parts.

This thesis will attempt to achieve this vocabulary through sparse dictionary learning. Rather
than a small orthogonal basis in which every source uses every component, the aim is to create
a large, overcomplete set of atoms, each of which being a set of coefficients that reconstruct an
atom spectrum using the original basis functions (see Section 2.5.1), where each spectrum only
uses a small subset of atoms [Mairal et al., 2010]. The expectation that a sparse representation
of an input produces a set of inspectable components is not new, a previous application by
[Olshausen and Field, 1996] produced localized, oriented and bandpass (localized in frequency, as
well as space) basis functions resembling receptive fields in the primary visual cortex by imposing
sparsity on a linear code for natural images. An important question this thesis asks is whether the
same holds for Gaia’s low resolution XP spectra.

There are other methods one may consider that fall short in this regard. Firstly, there is
principal component analysis (PCA), which yields an orthogonal variance-ordered basis of which the
components need not resemble any observed spectrum [Connolly et al., 1995]. Non-negative matrix
factorization addresses this by making components additive and parts-based, but does not put
any constraint on weights (other than them being non-negative) in standard form, meaning every
source will still be composed of every component [Lee and Seung, 1999, Hoyer, 2004]. Archetypal
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analysis guarantees that each component resembles real data, as the archetypes themselves are
mixtures of observed spectra, but represents each source as an interpolation between these entire
spectra, rather than a sum of parts [Chan et al., 2003, Cutler and Breiman, 1994].

The solution sparse dictionaries aim for is different. Rather than that every source in a
population decomposes into a set of components, it questions whether each given star is roughly
composed of only a few identifiable components from a larger overarching set. We will use sparse
dictionary learning as a compression model, where one of the objectives is a description length,
balancing residual error against code cost, meaning the sparse code is less complex and thus, we
hope, more interpretable, possibly revealing useful or notable patterns for future studies. This, to
our knowledge, has not yet been applied to Gaia XP spectra.

1.1 Research Questions

RQ1. How compactly can Gaia XP spectra be represented as a sparse combination of learned
atoms?

RQ2. Do the learned atoms and codes correspond to known stellar characteristics, when cross-
matching against independent catalogs?

RQ3. Are atoms that correspond to stellar characteristics interpretable in their structure when
transformed into flux space?

RQ4. Do the atoms or codes reveal clusters of sources that are not yet captured by Gaia or other
external labels?

RQ5. Do poorly reconstructed spectra correspond to anomalous or rare objects?

1.2 Thesis Overview

This thesis contains the following sections. Section 1 contains an introduction to the topic and the
motivation behind this thesis. Section 2 contains background relating to Gaia and sparse dictionary
learning, which will be used in this thesis, and additionally contains some alternative methods
which were not chosen for this thesis. Section 3 contains the methodology and setup for the results,
and consists mostly of a justification of the chosen dictionary. Section 4 contains the experiments
performed on the chosen dictionary and their results. Section ?? discusses future possibilities of
extending this research and limitations of this thesis. Section 6 contains conclusions drawn from
the experiment results.

2 Background

2.1 The Gaia Mission

Gaia is a space observatory launched by the European Space Agency in 2013, and operated until
2025, which is dedicated to the study of astrometry. Astrometry is a branch of astronomy that

3



involves taking precise measurements of positions and movements of objects in the sky. Gaia is
an especially important mission that has provided invaluable insight for astronomers because of
the amount of data it has gathered [Gaia Collaboration et al., 2016]. In 2022, Gaia Data Release 3
(DR3) was published, including astrometric observations of over 1.8 billion sources, which mainly
consist of stars, but also include solar system objects such as asteroids and comets, other extrasolar
sources such as stellar remnants and planetary nebulae, and extragalactic sources such as active
galactic nuclei [Gaia Collaboration et al., 2023]. Gaia DR3 not only expands the quantity of the
observations, but also improves the data quality from previous missions and previous Gaia data
releases [Gaia Collaboration et al., 2023]. Many objects were measured in unprecedented quality,
and some objects that were measured by other missions also had data gathered on them. The
primary aim of the Gaia mission is to study the formation and evolution of the Milky Way by
detecting where objects and mass are situated throughout it [Gaia Collaboration et al., 2016].

2.2 Gaia XP Spectra

Gaia DR3 contains approximately 220 million low resolution XP spectra, which are generated by two
of the instruments on board. These instruments are the Blue Photometer (BP) and Red Photometer
(RP), which cover different parts of the electromagnetic spectrum. BP covers the wavelengths
ranging from 330 to 680 nm and RP covers the wavelengths from 640 to 1050 nm. As Gaia scans
the sky, the satellite measures the spectra for each source multiple times. For every scan, a new BP
and RP spectrum is measured. Each of these epoch spectra are not directly comparable, as they are
recorded at different positions on the CCDs, with varying instrument responses and with differing
geometry across the field of view of the instrument. Therefore, processing occurs in stages. The
first stage is internal calibration, where every epoch is transformed onto a common reference system
so that observations taken under different conditions can be combined [Carrasco et al., 2021]. The
calibrated spectra are then combined for each source into a single mean spectrum, and expressed
in the previously mentioned basis functions [De Angeli et al., 2023]. External calibration happens
on the user side, and it transforms the coefficient-space spectra into absolute flux and wavelength
space [Montegriffo et al., 2023, Ruz-Mieres et al., 2025]. The mean spectral coefficients published
in DR3, which are the ones used in this thesis, still have instrument response ingrained in them.

As described in Section 1, the published coefficients are expressed on a basis obtained by
adapting 55 Gauss-Hermite functions per photometer according to the singular value decomposition
of roughly 5 · 104 L2-normalized calibration spectra. The purpose of this is to concentrate the
majority of the information around the low order coefficients, so that the remainder could be
dropped as noise if desired [De Angeli et al., 2023]. Since higher order coefficients are considerably
more dominated by noise, a component dominated by them is likely an artifact of the representation
rather than a real spectral feature. Truncation is not always safe though, as it may distort narrow
spectral features in QSOs and strong emission-line sources [De Angeli et al., 2023]. As the Hermite
functions were designed to fit typical stellar spectra, correlations between coefficients are low for
these generic sources, whereas for other more rare objects or outliers, the basis may represent them
somewhat poorly.
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2.3 Stellar Labels for XP Sources

2.3.1 Apsis

Gaia DR3 provides its own stellar parameters through the Astrophysical Parameters Inference
System (Apsis) [Creevey et al., 2023, Fouesneau et al., 2023]. These are deliberately derived under
the restriction that the inference of astrophysical parameters is performed using only Gaia data of
individual sources [Fouesneau et al., 2023]. For sources with XP spectra, the parameters are there-
fore in some way a function of the same coefficients this thesis will use to decompose stellar spectra.
Their coverage is also uneven, as Apsis is not optimized to derive parameters for white dwarfs (WD),
horizontal branch (HB) and asymptotic giant branch (AGB) stars [Fouesneau et al., 2023]. This is
not necessarily a deficiency, but rather a scope decision, with the authors noting that more precise
estimates are obtainable by cross-matching with external surveys, which is exactly what previously
mentioned papers in Section 1 do [Andrae et al., 2023, Zhang et al., 2023, Li et al., 2024].

2.3.2 APOGEE

The Apache Point Observatory Galactic Evolution Experiment provides the independent reference la-
bels which are used in this thesis. APOGEE has collected a half million high-resolution (R ∼ 22,500),
high signal-to-noise ratio (> 100), infrared spectra for 146,000 stars [Majewski et al., 2017]. Later
data considerably increase these numbers, with DR17 containing∼ 650,000 stars [Abdurro’uf et al., 2022].
There are two important notes to make about this data. Firstly, the measurement APOGEE makes
are independent of Gaia measurements, so if APOGEE labels align with an atom, that is evidence
that cannot be explained by shared inputs. Secondly, APOGEE targets a color-selected sample
dominated by red giants, so its coverage of a Gaia sample is small and not random. In our sample,
4,583 of 2.046 · 106 sources have corresponding APOGEE labels (see Section 3.1.2).

2.3.3 Data-driven Parameters from XP Spectra

To obtain labels which have reasonable coverage over the sample used, this thesis uses the catalog
of [Andrae et al., 2023], who derived data-driven estimates of stellar metallicity for ∼ 175 million
stars with low-resolution XP spectra, along with Teff and log g. These were derived using the
XGBoost algorithm, trained on APOGEE parameters, which means that the resulting parameters
are tied to the APOGEE scale. Additionally, the model uses CatWISE magnitudes, along with
parallax, which helps to constrain log g and [M/H] [Andrae et al., 2023]. Atoms corresponding to
labels provided by [Andrae et al., 2023] are therefore neither fully independent, nor fully circular,
but are compared to more accurate labels than if one were to simply use Gaia’s Apsis labels.

2.3.4 Object Classification

Object type labels are taken from SIMBAD [Wenger et al., 2000], which provides classifications
taken from published literature. Because SIMBAD records objects that have been subject to prior
study, its catalog is non-random. Special star classes are more likely to be overrepresented, while
regular field stars are under-represented, as there is a bias towards observing extraordinary objects,
meaning they will be overrepresented in any sample that undergoes classification testing using
SIMBAD. SIMBAD is therefore used for identifying which classes are over-represented among the
sources that contain a specific atom, not for estimating how common a class is.
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2.4 Compression & Pattern Mining

2.4.1 Minimum Description Length

The Minimum Description Length principle states that the best model for a dataset is the one that
describes it with the shortest description. Data with regularities is data that can be compressed,
because a pattern that recurs can be described once rather than describing each of its parts. You
can code this by first encoding the model M and then the data given the model, and selecting
the M ∈M that minimizes the total L(M) + L(D |M), where L is the description length in bits
and D is the data. A pattern is only kept if it saves more bits than its implementation into the
model costs, so the size of the pattern set follows from the encoding rather than from a custom
fixed threshold, meaning that the trade-off between model and pattern complexity regulates itself
[Galbrun, 2022].

This framework can be applied to this thesis. A code table is a dictionary, an itemset is a
recurring pattern that individual records (in this case, sources) are built from, and the criterion
for keeping a pattern is whether it shortens the description of the data. The difference is the
data type. Krimp [Vreeken et al., 2011] and related algorithms operate on transactional data, like
having items in a supermarket basket, which are either in the basket or not, drawn from a fixed
set of items. XP spectra are real-valued vectors (consisting of 110 coefficients), and applying an
itemset miner to them would require discretizing every coefficient into bins, which not only discards
the metric structure that makes the orthonormal basis meaningful, but is also wildly inefficient.
What is needed is a dictionary-based strategy that can apply to continuous data.

2.4.2 Sparse Dictionary Learning as a Compression Model

Sparse dictionary learning does precisely this. The dictionary plays the role of a code table, its
atoms are the recurring patterns, and each source is described by the subset of atoms it activated
together with their weights. The objective of Equation 3 balances the same two quantities as
described before, the residual term measures how much of the source is unexplained, and the ℓ1
term penalizes the length of the description. A pattern is only retained when the reduction it
produces in the residual outweighs the cost of activating it, which is the criterion of Section 2.4.1.

2.5 Sparse Dictionary Learning

2.5.1 Model and Terminology

Sparse dictionary learning represents each data vector as a linear combination of a small number of
elements drawn from a learned set. Let bs ∈ RN be the preprocessed coefficient vector of source s,
where N = 110. The dictionary D ∈ RM×N consists of M atoms, each atom dm being a row of D
and therefore a vector in the same space as the data. The code βs ∈ RM gives the weight assigned
to each atom for source s, so that

bs ≈ D⊤βs =
M∑

m=1

βsmdm (1)

The code is required to be sparse, which means most of its entries are exactly zero. We write
seff = ∥βs∥0 for the number of active atoms of a given source, and refer to this as the sparsity of
the source.
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2.5.2 The Optimization Problem

Given a fixed dictionary D, the code of a single source is obtained by solving a penalized least-squares
problem,

βs = arg min
β∈RM

1
2
∥bs −D⊤β∥22 + λ∥β∥1 (2)

in which the ℓ1 penalty adds sparsity, shrinking coefficients to 0 [Tibshirani, 1996, Chen et al., 2006].
Learning the dictionary means minimizing the average of this variable over the sample. D requires
a constraint for the error to not be trivially reduced by inflating atoms and shrinking codes.
Therefore, one may constrain the rows of D, d1, . . . dM to have an ℓ2-norm less than or equal to
one [Mairal et al., 2010]. If you take this constraint, and define a convex set D, where D ∈ D if
it satisfies this constraint, we can use Equation 2 to find the optimal dictionary rather than an
optimal source representation.

min
D∈D

1

S

S∑
s=1

min
βs

(
1
2
∥bs −D⊤βs∥22 + λ∥βs∥1

)
. (3)

Where S is the total source count in the sample. The objective is not convex in D and β when
combined, since the reconstruction D⊤β multiplies two unknowns. However, it is convex in either
of the two when the other is fixed, so algorithms in this family alternate between solving codes and
updating the dictionary [Mairal et al., 2010]. This means the algorithms converge to a stationary
point of the objective, and different initializations may give different dictionaries as solutions.

2.5.3 Overcompleteness

The dictionary need not form a basis in the usual sense, as the elements of the dictionary are not
necessarily independent and the set can be overcomplete (meaning that it has more elements than
the signal dimension). In this thesis, we will explore both an overcomplete and a non-overcomplete
dictionary. If a dictionary is overcomplete, this automatically means the bases of the dictionary
will not be independent, as no set composed of more elements than dimensions can be linearly
independent. This is one of the clear distinctions between dictionary learning and orthogonal
decompositions such as principal component analysis: the dictionary learning model does not
require a basis to be orthogonal, which allows for more flexibility to adapt to the representation of
the data [Mairal et al., 2010].

A larger, overcomplete M , in combination with a small seff allows for specialized atoms, each
being used by a subset rather than the entire population and left inactive in the rest. This is
contrary to a compact orthogonal basis, which uses the same global directions for every object. The
sparsity penalty alone, without other constraints has been shown to be capable yielding inspectable
components [Olshausen and Field, 1996, Olshausen and Field, 1997].

2.5.4 Sparse Coding Algorithms

Solving the sparse coding step for a given dictionary can be approached in multiple ways, and two
will be addressed here.
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OMP Orthogonal Matching Pursuit is a greedy method that selects atoms one at a time, at each
step choosing the atom most correlated with the current residual, and re-estimating the weights
of all selected atoms by using least squares. It addresses the ℓ0-constrained problem, rather than
Equation 2, and doesn’t guarantee it will reach its optimum. It terminates after a fixed, specified
number of atoms, which means the sparsity starget is identical for each source [Pati et al., 1993].
This method was considered for the purposes of testing.

LARS-Lasso The LARS-Lasso solves Equation 2 by adding atoms into the code one at a time
as the penalty is relaxed from a value large enough to zero every coefficient, down to a chosen λ.
This penalty is fixed, while seff is left to be determined by the data, so that the spectra which are
harder to represent using D receive longer atom codes [Efron et al., 2004]. This is the method used
to learn the dictionaries recovered in Section 3.

2.5.5 Batch & Online Algorithms

Classical dictionary learning alternates code computation and dictionary updates over the entire
dataset, which requires one sparse coding problem per source for each iteration. This is an extremely
large task for the sample size we will be using.

Online algorithms instead draw a small mini-batch at each step, sparse-code only that batch,
and update the dictionary immediately after, after which the batch is discarded. This is possible
because the dictionary update does not require the data itself. Expanding the quadratic term of
Equation 3 shows that it depends on all previously processed sources only through two accumulator
matrices.

A← γtA +
1

η

∑
s∈batch

βsβ
⊤
s , B ← γtB +

1

η

∑
s∈batch

bsβ
⊤
s . (4)

where η is the batch size, and bs and βs are the preprocessed spectrum and the code of source
s respectively, so that A ∈ RM×M and B ∈ RN×M , where N is the size of the basis, in our case
N = 110, and M is the chosen atom count of dictionary D. These two matrices are sufficient
information for the dictionary update rather than using a compressed copy of the sample. When
expanding the square in

∑
s
1
2
∥bs −D⊤βs∥22, which aggregates all the information of Equation 3,

A and B appear as sufficient metrics for the update. It should be noted that the algorithm uses
earlier and worse dictionaries to compute the code stored in A and B, which means the function is
not the empirical cost, but an upper bound on it, and the result here will be slightly worse, though
[Mairal et al., 2010] shows that this replacement converges to the same value as the true cost. The
algorithm minimizes this instead of the cost itself, which allows for each batch to be discarded
once its contribution has been accumulated. This parallels how one might compute an average, by
keeping the total count of number instances and their sum, but discarding each individual number
[Mairal et al., 2010]. The dictionary is then updated by block coordinate descent, cycling over
atoms, keeping all others fixed. Each atom is updated as follows.

dm ←
1

Amm

(
B·m −D⊤A·m

)
+ dm, dm ←

dm
max(1, ∥dm∥2)

(5)

Where dm ∈ RN is the mth atom, A·,m and B·,m is the mth columns of A and B. The second step
is projection onto D.
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The first step requires no step size to be chosen. The factor Amm =
∑

s β
2
sm is the accumulated

squared weight with which atom m has been used, so it is large for atoms that are commonly used
and small for atoms that are rarely used. Dividing the correction by it means that each atom moves
inversely proportionally to the evidence gathered about it. A heavily used atom is barely displaced,
and a rarely used atom moves further. Each atom therefore automatically receives its own step size,
rather than having it be tuned manually [Mairal et al., 2010]. Atoms that stop being used entirely
across iterations are reinitialized from randomly drawn sources, as an atom with Amm ≈ 0 would
otherwise never be updated again. The algorithm passes over the entire sample multiple times,
which means that sources will be revisited in later iterations and re-coded against the improved
dictionary. The factor γt < 1 discounts the accumulated statistics at each step, because codes
computed earlier in training were obtained by using a worse dictionary, and without this factor the
artifacts of this poor dictionary will be present forever. At γt = 1, there would be no discounting
for past codes. Because A and B have a fixed size (they are formed by summation), the state
carried by this algorithm scales as O(M2 + MN), independent of S.

2.6 Alternative Decompositions

There are three other linear decompositions we covered earlier in this thesis, and each of these
motivate the choice for sparse dictionary learning.

Principal component analysis. PCA finds an orthogonal basis ordered by explained variance,
obtained from the eigendecomposition of the sample covariance. It is optimal in least-squares for
any fixed number of components, but the representation is dense, meaning that every source has a
weight for every component. Additionally, because the components must be orthogonal, they need
not resemble any spectral structure, which makes the components difficult to interpret physically
[Connolly et al., 1995].

Non-negative matrix factorization. NMF factorizes the data as X ≈ WH, where both
factors are constrained to be non-negative, which is physically natural for spectra, as flux is
non-negative. The constraint yields additive components, rather than directions of highest variance
[Lee and Seung, 1999]. However, in standard form, non-negativity is the only constraint, which
means the weights remain dense, and like in PCA, each source will be described with all components.
Sparse variants do exist [Hoyer, 2004], which changes the gap from dictionary learning from sparsity
to overcompleteness.

Archetypal analysis. AA represents each source as a convex combination of archetype spectra,
which are themselves a combination of observed data [Cutler and Breiman, 1994, Chan et al., 2003].
The components therefore always resemble real spectra, which is not guaranteed for dictionary
learning. However, a source will be represented as an interpolation between entire spectra rather
than a decomposition to parts.

Sparse dictionary learning deviates from all three approaches by combining the possibility
of an overcomplete set with sparsity. The dictionary can contain many more atoms than the
signal dimension, and each source may only activate a few of them, so atoms can specialize to
subpopulations rather than being forced to describe the entire sample.
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2.7 Interpretability of Components

Interpretability requires multiple conditions to be met, and the methods discussed in Section 2.6
provide different subsets of them. We define the following conditions:
Component Interpretability: Whether an individual atom can be inspected on its own and
recognized as a spectral element.
Code Interpretability: Whether the description of a single object is short enough to read, rather
than containing a weight on a large set of components.
Reconstruction Accuracy: Whether the representation actually reconstructs the data, so that
what is being interpreted is a proper reconstruction of the spectrum.

Principal component analysis provides reconstruction accuracy, but does not satisfy either other
condition. Non-negative matrix factorization has interpretable components, but leaves its code
dense, dropping code interpretability. Manifold embeddings provide neither components, nor a
reconstruction. A sparse dictionary can provide all three, as atoms are also in spectral space,
each source displays only a small subset of them, and the reconstruction error is bounded by the
objective.

Reconstruction accuracy can be directly measured, and code interpretability follows from the
sparsity of the code, but component interpretability is harder to judge. Given an atom, almost
any structure can be described as interpretable in some manner if one attempts to find this
interpretability hard enough. Criteria must therefore be fixed in advance, rather than derived from
the atoms that have already been learned.

We define the following metrics for component interpretability:

Plausibility. The atom, transformed into flux space2, is smooth, rather than a set of constant,
overwhelming oscillations. As mentioned in Section 2.2, high-order coefficients are dominated by
noise, which will be further shown in Figure 2 in Section 3, so an atom composed only of these
coefficients likely has the same property.

Stability. Whether a component can be identified in different random initializations. The
objective is not jointly convex, so an atom that appears in one solution need not appear in another.

Distinctness. Whether an atom is sufficiently unique in a dictionary. If atoms are highly similar,
the encoder’s choice between them can be almost arbitrary, meaning the interpretability between
both components is low.

Non-instrumentality. A component that is dominated by instrumental errors is not interpretable,
as it does not correspond to astrophysical properties, but to instrumental ones, therefore not revealing
any properties of the source it belongs to. Though this criterion is required for the interpretation
of physical properties that the sources whose code contains this atom share, it may still be useful
to retrieve atoms that contain isolated instrumental spectral components, as a means to improve
the understanding of instrument behavior and data processing artifacts.

2The sampled space with wavelength on the x-axis and flux on the y-axis, where flux is the amount of incoming
photons of a specific wavelength, per unit time and area.
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Correspondence. The atom aligns with a spectral feature that is resolvable by Gaia, or the
sources encoded by it concentrate around a specific region of parameter space, or consist largely of
a known object class. If this criterion is missing for a subset of atoms, whereas other atoms have
clear correspondence, this may point to — but certainly not guarantee — the fact that this subset
contains an unknown class or cluster of objects that share an attribute.

2.8 Limitations - Instrument Errors

An important limitation with Gaia’s XP spectra is the fact that they carry systematic errors
that are not random with respect to source properties. Data quality varies with magnitude, as
dimmer observed stars simply have less photons gathered for them, meaning that spectral errors are
exacerbated, including for stars that are more distant. On the other hand, there is also evidence for
imperfect calibration for brighter spectra with G < 11. The highest-quality spectra lie in the range
9 < G < 12. Additionally, due to the fact that noise is correlated over long ranges within a spectrum,
sampling in pseudo-wavelength may produce oscillations in the spectra [De Angeli et al., 2023].
Subsequent work has shown that flux errors depend on color, on magnitude and on reddening, and
has derived corrections to account for it [Huang et al., 2024].

This has important implications for this thesis, as a compression model has no way to distinguish
between structure that recurs because of stellar physics or because of observational systematics. It
may, however, group astrophysical and instrumental structures differently. Systematic corrections
to the XP fluxes by [Huang et al., 2024] were not applied. This is because the atoms and classes
recovered in Section 4 are distinguished mostly by spectral morphology and shape rather than
small calibration errors.

3 Methodology

3.1 Data Acquisition

3.1.1 Gaia Spectra

To start, we must first acquire the correct data, largely from the Gaia DR3 Catalog. The table that
contains the most important spectral data for this thesis is XP CONTINUOUS MEAN SPECTRUM, which
contains the Hermite coefficients and the errors of the sources by source id [Gaia Data Release 3, 2024].

3.1.2 Sampling

Gaia contains an extremely large amount of data, the spectra of the approximately 220 million
sources that have had measurements of their spectra taken take up multiple terabytes of disk
space. For that reason, Gaia partitions its sample using 3386 ranges of HEALPix level-8 indices
[Gaia Data Release 3 Documentation, 2023]. In essence, HEALPix is a coordinate system for the
location of stars in the night sky [Gorski et al., 2005]. For this thesis, a sample of approximately
1% of the total spectral sources is taken from Gaia DR3. Initially, the first approximately 500
thousand sources were taken as a subsample from the XP CONTINUOUS MEAN SPECTRUM table of Gaia
DR3, however, this is a biased sample as it contains only a specific section of the night sky. Stellar
populations differ between the Milky Ways galactic disk and other parts of the night sky, which
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would overrepresent certain types of stars and underrepresent others. Therefore, the data that was
used for this thesis will consist of a strided sample taken from Gaia DR3, containing a representative
population from many differing sections of the night sky. Specifically, a sample of 2.046 · 106 sources
was taken by taking 31 partitions from Gaia DR3s XP CONTINUOUS MEAN SPECTRUM table. This
sample accounts for approximately 1% of all XP spectral sources in Gaia DR3, which is large
enough that the learned dictionary is not sample-limited while remaining manageable for parameter
sweeps and learning.

Figure 1: The sky coverage of the sample, showing that the partitions are distributed across both
the galactic plane and the rest of the sky, distributed using population, rather than their position
in the sky, which is why partitions in the galactic plane are smaller, as they contain more stars
in a smaller sky patch. The sample is not precisely uniformly distributed, but since we are not
attempting to predict class prevalence in a population, this should not be an issue.

3.1.3 Other Data & Sources

In addition to the Gaia spectra from XP CONTINUOUS MEAN SPECTRUM, other parameters, charac-
teristics and classes will be used in this thesis. Firstly, Gaia contains data about astrophysical
parameters in the table ASTROPHYSICAL PARAMETERS in the Astrophysical Parameters section of
Gaia DR3. Specifically, the metallicity (mh), surface gravity (logg) and surface temperature (teff)
labels will be used.

There are also some external datasets that will be used in this thesis, namely to provide more
accurate data for characteristic prediction and training, and for sample and atom diagnostics. The
first of these external datasets is APOGEE [Majewski et al., 2017], which will be used mainly as a
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verification set for training models for the earlier mentioned mh, logg and teff labels. However,
this still leaves an issue, as the APOGEE dataset is quite small and has a low coverage of the
sample. For the previously discussed sample of 2.046 · 106 sources, only 4,583 have APOGEE
labels, giving a coverage of approximately 0.22%. To train prediction models on for determining
atom importances, we require more data, in particular data that has a higher overlap with our
sample than APOGEE. The dataset we will use to train these prediction models is obtained from
[Andrae et al., 2023], who use a data driven approach to determine mh, logg and teff for about
∼ 175 million stars that have accompanying low resolution XP spectra in Gaia DR3. These values
were derived using the XGBoost algorithm and trained on the stellar parameters from APOGEE.
This dataset improves the coverage of the accurately labeled stars from 0.22% to 77.2%. It is
important to mention that many non-main sequence stars will not appear in these labels, and
do not have any of these astrophysical parameters in Gaia DR3 either. The main focus for these
objects will be using the atoms to determine their class, and attempting to discover atoms that are
important in doing so, together with finding which atoms these classes are highly overrepresented
in, rather than determining (and finding atom importance/clustering) for the previously mentioned
astrophysical parameters.

Lastly, SIMBAD object classes are used for classification prediction models and for atom
diagnostics, specifically to determine whether they are dominated by certain object classes. An
important note for this is that only approximately 3.8% (76,766) of the stars in the sample have
a corresponding label in SIMBAD. This is because SIMBAD only includes previously observed
objects, which means that “extraordinary” objects are more likely to be represented, as there is a
bias towards observing them. That means non-background star classes will be overrepresented in
any sample that undergoes classification testing using SIMBAD [Wenger et al., 2000].

3.1.4 Sample Population

To provide a diagnostic for the source types present in the gathered sample, matching was performed
to find each source in the Gaia sample in the SIMBAD catalog, by cross-identifying the Gaia
source id with the id given by SIMBAD. The following table contains a summary of the SIMBAD
otype labels of all sources in the sample when matched to SIMBADs catalog [CDS, 2026]:
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Type Name Count Fraction
* Star 41843 0.545072
EB* Eclipsing binary 7164 0.093323
LP* Long-period variable star 6801 0.088594
LP? Long-period variable candidate 5393 0.070252
PM* High proper-motion star 2901 0.037790
SB* Spectroscopic binary 2016 0.026262
Em* Emission-line star 1973 0.025701
RR* RR Lyrae variable 1111 0.014473
RG* Red giant branch star 1044 0.013600
WD* White dwarf 943 0.012284
Mi* Mira variable 643 0.008376
Y*? Young stellar object candidate 494 0.006435
V* Variable star 482 0.006279
AGN Active galactic nucleus 462 0.006018
Pe* Chemically peculiar star 386 0.005028
AB? Asymptotic giant branch star

cand.
290 0.003778

HB* Horizontal branch star 277 0.003608
Pu* Pulsating variable star 253 0.003296
RS* RS Canum Venaticorum vari-

able
219 0.002853

BY* BY Draconis variable 217 0.002827
C* Carbon star 197 0.002566
LM* Low-mass star 185 0.002410
QSO Quasar 152 0.001980
HS? Hot subdwarf candidate 151 0.001967
** Double or multiple star 126 0.001641
El* Ellipsoidal variable 125 0.001628
cC* Classical Cepheid variable 114 0.001485
dS* Delta Scuti variable 81 0.001055
gD* Gamma Doradus variable 63 0.000821
s*r Red supergiant 63 0.000821
HS* Hot subdwarf 45 0.000586
G Galaxy 44 0.000573
AB* Asymptotic giant branch star 34 0.000443
HB? Horizontal branch star cand. 33 0.000430
EB? Eclipsing binary candidate 32 0.000417
Ev* Evolved star 23 0.000300
Be* Be star 20 0.000261
Ro* Rotationally variable star 20 0.000261
s*b Blue supergiant 19 0.000248
WR* Wolf-Rayet star 19 0.000248
WV* Type II Cepheid (W Vir) vari-

able
17 0.000221

a2* Alpha2 CVn variable 13 0.000169
HV* High-velocity star 13 0.000169
S*? S star candidate 11 0.000143
BS* Blue straggler 10 0.000130
RR? RR Lyrae variable candidate 10 0.000130
Sy1 Seyfert 1 galaxy 10 0.000130
X X-ray source 9 0.000117
NIR Near-infrared source 9 0.000117
GiG Galaxy towards group 9 0.000117
PN Planetary nebula 9 0.000117

Type Name Count Fraction
BLL BL Lac object 8 0.000104
OH* OH/IR star 8 0.000104
Sy2 Seyfert 2 galaxy 8 0.000104
pA? Post-AGB star candidate 8 0.000104
EmG Emission-line galaxy 7 0.000091
s?r Red supergiant candidate 7 0.000091
blu Blue object 6 0.000078
WD? White dwarf candidate 6 0.000078
AG? AGN candidate 6 0.000078
TT* T Tauri star 6 0.000078
C*? Carbon star candidate 6 0.000078
Bla Blazar 6 0.000078
sg* Evolved supergiant 6 0.000078
SX* SX Phoenicis variable 5 0.000065
rG Radio galaxy 5 0.000065
BS? Blue straggler candidate 5 0.000065
S* S star 5 0.000065
Or* Variable star of Orion type 5 0.000065
Q? Quasar candidate 5 0.000065
UV UV-emission source 5 0.000065
RB? Red giant branch star candi-

date
4 0.000052

HXB High-mass X-ray binary 4 0.000052
CV* Cataclysmic variable star 4 0.000052
Y*O Young stellar object 4 0.000052
RV* RV Tauri variable 4 0.000052
Ce* Cepheid variable 4 0.000052
pA* Post-AGB star 3 0.000039
Ir* Irregular variable star 3 0.000039
BD* Brown dwarf 3 0.000039
SB? Spectroscopic binary candidate 3 0.000039
Er* Eruptive variable star 3 0.000039
WV? Type II Cepheid candidate 3 0.000039
GiP Galaxy in a pair of galaxies 2 0.000026
bC* Beta Cephei variable 2 0.000026
s?y Yellow supergiant candidate 2 0.000026
FIR Far-infrared source 2 0.000026
IR Infrared source 2 0.000026
s*y Yellow supergiant 2 0.000026
GiC Galaxy towards cluster 1 0.000013
LIN LINER-type active nucleus 1 0.000013
V*? Variable star candidate 1 0.000013
GNe Galactic nebula 1 0.000013
Psr Pulsar 1 0.000013
TT? T Tauri star candidate 1 0.000013
HII HII region 1 0.000013
HX? High-mass X-ray binary candi-

date
1 0.000013

Rad Radio source 1 0.000013
C?G Cluster of galaxies candidate 1 0.000013
RC* R CrB-type variable star 1 0.000013

Table 1: Total count of each represented SIMBAD object type in our sample of 2,046,013 sources.

It is important to note that some of the objects listed in this table (and thus present in the Gaia
sample used) are objects that are not the central focus of this thesis, as they are not stellar scale
objects, which include stars, young stellar objects, brown dwarfs, degenerate stars and black holes.
These non-stellar scale objects account for about 0.995% of all objects identified by SIMBAD. It is
important to mention that special objects (not *) are likely highly overrepresented when compared
to the actual Gaia sample, as these objects are logged more often than seemingly “uninteresting”
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background stars. The objects that do not fit in any of these categories are non-stellar scale
intergalactic objects (AGN, QSO, G, Sy1, GiG, Sy2, EmG, AG?, Bla, rG, Q?, GiP, GiC, LIN, GNe, C?G),
generic objects defined by their spectral output (X, NIR, blu, UV, FIR, IR, Rad) and emission nebulae
(PN, HII), which predominantly have scales between stellar and galactic.

Object type Count Total population fraction SIMBAD population* fraction

Non-SIMBAD classified 1969247 0.9625 N/A
Stellar-Scale 76002 0.03715 0.9900
Non-SS intergalactic 720 3.519 · 10−4 9.379 · 10−3

Generic 34 1.662 · 10−5 4.429 · 10−4

Emission nebulae 10 4.888 · 10−6 1.303 · 10−4

Table 2: Count of overarching object types in the sample, where Non-Stellar-Scale intergalactic
objects consist of AGN, QSO, G, Sy1, GiG, Sy2, EmG, AG?, Bla, rG, Q?, GiP, GiC, LIN, GNe and C?G,
generic objects consist of X, NIR, blu, UV, FIR, IR and Rad and emission nebulae consist of PN and
HII, with full type labels given in Table 1.

3.2 Data Preprocessing

3.2.1 Coefficient Selection

The low resolution XP spectra require some preprocessing to be appropriate for the specific use
cases and methods that were applied to them in this thesis. First of all, it is important to note
that the data that will be used to represent these spectra is the 110 coefficients of each source that
were obtained by Gaia’s photometers. This method was chosen to avoid loss of any data that was
provided by Gaia, though most higher-order coefficients are extremely noisy, having signal-to-noise
ratios barely above 1 (See Figure 2).
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Figure 2: Signal-to-noise ratio of each BP and RP coefficient, using the mean error across the
sample for each coefficient. A horizontal dashed line is shown for SNR = 1. The tail end of
the graph shows that many higher-order coefficients have a signal-to-noise ratio barely exceeding
1, showing that information is indeed concentrated heavily around the lower-order coefficients
[De Angeli et al., 2023].

3.2.2 Amplitude Normalization

Amplitude normalization is performed on each BP/RP spectrum that is used for dictionary learning.
The reason for this normalization is that the characteristic we want to investigate is the spectral
shape, and not normalizing the spectra would mean spectral amplitude would dominate the error
optimization of dictionary learning algorithms. Additionally, were the spectral amplitudes not
normalized, distance of the source would change the spectral amplitude.

Let csn be the raw coefficient n of source s, with s = 1 . . . S (S = 2046013) and n = 1 . . . 110 (55
BP, 55 RP). The amplitude normalization is performed by dividing both the BP and RP coefficients
by rp 00 of the same source s. With this, rp 00 is always equal to 1, meaning we can drop this
coefficient.

xsn =
csn
csn0

, n0 = 56, (6)

where rp 00 is the 56th coefficient. This also means that two identical sources at different distances
will be normalized to the same spectral shape.

x′
sn = axsn =

acsn
acsn0

=
csn
csn0

= xsn. (7)
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This method was specifically used because this is the least granular coefficient, and the one that is
most representative of the entire spectrum, in the red section of the spectrum, which means that
the size of this coefficients correlates directly with the overall amplitude of the spectrum, rather
than specific structures located within it. Some tests were performed to see whether rp 00 indeed
makes a good candidate for a normalization variable. Another candidate that was considered is
bp 00.

Metric bp 00 rp 00

Normalization coefficient n0

Index [0] [55]
Min −1.475 7.875
Negatives 290 0
|n0| < 1 960 0
|n0| < 0.1 123 0

Scaled |β|max

Value 1.429 · 108 1675

Target mass
Top source 38.7% 0.0%
Top 100 98.3% 0.1%
Top 1000 99.9% 0.6%
Rows holding half of target mass 2 539,962

Table 3: Diagnostic statistics for bp 00 and rp 00 (out of 2,046,013 sources).

However, as seen Table 3, bp 00 has many pathologies that disqualify it from being a good
normalization factor. Some spectra have negative bp 00, many have coefficients where bp0 < 1 or
even bp0 < 0.1. In this table, “target mass” refers to the amount of total coefficient value that is
situated in a specific part of the sample, some stars have values of bp 00 that are extremely close
to 0 (the lowest being bp0 ≈ 0.003), which results in their target mass inflating to large portions of
the total mass of the sample. Due to this large target mass, atoms tend to point in the direction of
these “target massive” outliers (in this context, direction refers to the direction of an atom or vector
when considering the 109-coefficient space, where the atoms tend to point along the directions
with the greatest variance). Lastly, the bp 00 coefficient is more directly tied to the color and
temperature of a star rather than its luminosity, the latter of which being what we want to account
for by normalizing in the first place. The rp 00 for each source is stored for later use to retrieve
the original spectra.

After this step was performed, the BP and RP coefficients are concatenated to create a set of
109 coefficients for each source, dropping rp 00 due to it always being 1 after normalization. This
step was performed to combine all of the stellar parameters into one representative set for each
source that can be used by dictionary learning.
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3.2.3 Per-coefficient Scaling

Squared error treats every coordinate identically, but the 110 coefficients do not carry comparable
amounts of information. The low-order Hermite coefficients describe the broad continuum shape
and are large, while the higher-order coefficients describe the finer structure and are small. Without
any rescaling the objective is decided almost entirely by whichever coefficients are largest.

We considered two candidate scalers. The standard deviation of each coefficient across the
sample, and the mean of Gaia’s own published measurement uncertainty for each coefficient. A
comparison is found in Table 4

Scaler Min Max Max/Min Max/Median

Standard deviation 1.65 · 10−4 (bp 54) 2.64 · 10−1 (bp 00) 1600.6 150.2
Measurement error 8.95 · 10−5 (bp 54) 3.49 · 10−3 (bp 07) 39.0 2.9

Table 4: Dynamic range of the two candidate per-coefficient scalers over 2,046,013 sources. The
constant coefficient rp 00, divided out by the amplitude normalization, is excluded from both rows,
as it has zero spread, though it retains a measurement uncertainty of 1.59 · 10−3.

The standard deviation is largest at bp 00, and stretches a factor of 1,600 to equalize the
coefficients. The measurement error on the other hand, peaks at bp 07, and varies far less. This
makes it an important noise reference. While the spread of a coefficient across the sample mixes
astrophysical variation with measurement noise, the published uncertainty measures the noise alone.

Scaling by the standard deviation gives every coefficient σ = 1, and therefore equal weight in
the objective regardless of how well it was measured or how much information it contains. This
counteracts Gaia’s deliberate concentration of information around the lower order coefficients. They
are bigger in magnitude, but they also contain much more information than higher-order coefficients
[De Angeli et al., 2023]. Scaling by standard deviation would amplify coefficients whose variation
is mostly noise, such as rp 44, which has a signal-to-noise ratio barely above 1, to have the same
weight as bp 00, which has a signal to noise ratio of almost 200.

Scaling by the measurement error instead leaves every coefficient with a spread equal to this
signal-to-noise ratio, meaning a coefficient that is measured at SNR = x will have a spread x times
larger than the spread of a coefficient at the noise floor. The residuals are now measured in units of
mean measurement uncertainty, meaning the squared objective roughly approximates a χ2 statistic,
since correlation on coefficients is minimized. This means coefficients contribute proportionally to
the information they contain. This is the scaling we will continue to use in this thesis.

3.3 Sparse Dictionary Learning

In this thesis, we will be using scikitlearns function MiniBatchDictionaryLearning, as it
provides a way to perform dictionary learning more efficiently on extremely large samples. Regular
dictionary learning sparse-codes the entire matrix, updates dictionary D, and then repeats, which
is excessively slow for a sample as large as 2.046 · 106 sources. This technique is something we
discussed in Section 2.5.5.

The algorithm performs multiple passes over the given sample. Sources are revisited in later
epochs and re-coded against the improved dictionary, with max iter bounding the number of passes
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if none of the other stop conditions are met. These other conditions are, firstly, when the change in
D between consecutive steps falls below tol, and secondly when an exponentially weighted average
of the batch cost fails to improve for max no improvement consecutive steps. For this thesis, we use
max iter = 20, which has never resulted in early stopping, tol = 0.01 and max no improvement

= None.
A batch size of 212 or 4096 was used, giving ⌈2.046 · 106/212⌉ = 500 dictionary updates for

each pass over the entire sample. The batches are shuffled before formation so that the sources
contributing to each update are drawn from every sampled region of the sky rather than a single
(or two adjacent) HEALPix regions (Section 3.1.2).

3.3.1 Dictionary Size & Lambda Selection

We will perform a sweep to determine the optimal M and λ for our dictionary, given the criteria that
will follow in Table 5. The sweep we use will span λ ∈ [1.00, 100], using 10 logarithmically spaced
values. These values were picked after attempting preliminary runs at 0.35 and 350. The former
produced codes far denser than the measurement noise justifies, whereas the latter suppressed
nearly all structure. We will be performing this sweep using M ∈ {32, 64, 128, 256, 512, 1024}, with
each configuration fitted on a sample of 3 · 105 stars for each dictionary config in the sweep, using
2 · 105 for training and 1 · 105 for testing.

The following criteria will determine which dictionary will be used in this thesis.
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Criterion Description Reason

Zero-fraction The fraction of spectral codes that are completely zeroed
out.

A significant fraction of empty codes means the dictionary
is not representing the sample.

Dead atoms The fraction of atoms that are unused in the test set. Unused atoms means the data cannot support this many
atoms. M is too large.

χ2/dof ≈ 1 χ2 =
∑

n
r2n
σ2
n

, then divide by N − 1, the degrees of freedom

(dof), as there are 109 data directions per source.

Shows whether the dictionary is fitting to the signal rather
than to the noise, if χ2/dof > 1, we are missing information,

if χ2/dof < 1, we are fitting to noise. Note that the σ used
here is of the population mean, which does not affect this
metric much, but does affect individual sources.

ϵtest ≈ ϵtrain Whether a test set has the same error as the training set. If the error for the train set is considerably lower than for
the test set, the dictionary is overfitting for the train set.

Bit count L(M) + L(D | M), the total bit data to store the model
and code, not including the residual.

See Section 2.4.1.

Median compression ratio The median of the ratio between the bits the compressed
spectrum takes to store and the bits the raw spectrum takes
to store. This does not include the residual of a source.

This is a good number to diagnose how well the algorithm
compresses a regular spectrum. The fact the residual is not
included means this is a lossy compression, though median
reconstruction accuracy is up to measurement uncertainty.
The reason we do not store the residual is because storing
it to any usefully small quantization would inflate the code
dramatically. Additionally, the original measurements are
also not a ground truth, and contain an error as well, so
comparing these when storing the residual would not be a
completely fair comparison. Without storing the residual, a
dictionary with all zeroed-out atoms would give a perfect
compression. We resolve this by selecting a dictionary at
χ2 ≈ dof .

Median/p75 MCCS MCCS stands for mean-centered cosine similarity: The co-
sine similarity between the structures of each atom, with
the mean direction of each atom removed.

A useful metric to determine how many atoms are essentially
duplicates of each other. A low MCCS is not necessarily
better, as PCA has a cosine similarity of 0 for all components,
but does not have components which resembled observed
spectra.

Refit stability When optimally one-to-one matched between dictionary
learning instances called with a different random state, take
the median MCCS between these atoms, and test whether it
is a larger value than the median MCCS between the most
similar atom to any other atom. Tested with 10 different
seeds, where all combinations are averaged.

This metric determines whether the atoms have actual mean-
ing, or whether they are simply one efficient deconstruction
of many. It simultaneously shows whether there is a high
redundancy of atoms, as MCCS between twin atoms in a
single dictionary and MCCS between matched atoms in dif-
ferent generations both contribute.

Usage dynamic range Min/max atom usage over all sources. Determines how many generalist and specialist atoms there
are. Dictionaries with low M tend to only have generalist
atoms, which is bad for interpretability.

Distinct classes captured A count of object types for which at least one atom has a
specialization ζ > 0.05. (See Equation 17)

Shows how many atoms there are that specialize in specific
SIMBAD object types, shown in Table 1 [CDS, 2026].

Best atom label selectivity Weighted interquartile range of the cluster in the label in
comparison to the population IQR for labels Teff , log g and
[M/H]. (See Equation 18

Shows whether the dictionary has atoms that specialize for
certain values of stellar properties.

Table 5: Criteria for successful dictionaries, split into five categories: General validity, reconstruction,
compression, distinctness and specialization.

For these criteria, the median value will be taken across 10 different random state values.
A random seed will be picked to determine the dictionary used in this thesis, which will have
its individual value reported as well. From the sweep, we determine that no dictionaries have a
zero-fraction. Additionally, dead atoms only start appearing in dictionaries with a high λ, resulting
in a very sparse dictionary. Specifically, dead atoms start appearing at λ ≥ 35.9. Train and test
error are also almost the same in every dictionary in the sweep, but the difference increases slightly
with increasing dictionary size, maximizing at ∼ 2%.

The following shows whether the dictionary starts fitting to noise, by plotting χ2/dof .
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Figure 3: χ2/dof , showing whether dictionaries fit to noise or to actual information. An optimal
amount if given by χ2 ≈ 1, where the residuals are approximately equal to the expected residuals
if they were only variance, meaning no signal was missed and no noise was coded. The λ values
that lie close to the χ2 ≈ 1 boundary will be used for later sweeps (for instance, there will be no
reasonable M for which λ = 30 will result in a reasonable χ2).

The next criterion is one that comes from the minimum description length principle from
Section 2.4.1, which is how many bits the code and model take up combined. We can graph this as
well to find the minimum description length of the data. To do this, we need to know the bit size
of the data and dictionary, which we can compute as follows:

Ls = Ls,support + Ls,weights + Ls,residual, L = Ldictionary +
∑
s

Ls (8)

Note how the second equation mirrors the equation of Section 2.4.1. We will now further express
these bit lengths. Firstly, we will express the support of the code of each spectrum s. We encode
the count of the atoms that are activated for a coded spectrum. Suppose an atom count M in the
dictionary, this means that there are M + 1 possible total active atoms for each coded spectrum
(anywhere from 0 to M). Secondly, we need to encode which atoms are activated. There are

(
M
seff

)
possible combinations of atoms, which means the information required is log2

(
M
seff

)
. We can combine

these two to get the bit length of the support:

Ls,support = log2(M + 1) + log2

(
M

seff

)
(9)
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Secondly, we need to express the weights of these activated atoms. An important step here is
quantization, where we determine the precision at which each weight is stored. We name this
quantization q. After this, we determine the minimum and maximum coefficient values over the
entire dataset. By computing 2|β|max we find the total amount that the coefficients vary, and
upon dividing by qβ, we receive the total amount of possible values a coefficient can have. After
multiplying by the atom count of the spectrum, this gives us Equation 10.

Ls,weights = seff

(
log2

(
2|β|max

qβ
+ 1

))
(10)

Thirdly, now that we have encoded which atoms are active for each spectrum and by how much
they are activated, we can encode the residual. Here, we assume the residual is Gaussian noise. For
a Gaussian residual with unit variance, the following equation holds.

p(r) =
1√
2π

e−r2/2 (11)

And the information needed to describe a residual is its negative log probability, given by − log2 p(r).
We also must quantize this value to provide a finite-precision bit code. To do this, we ask what
bin the residual falls into, with bin width qr. We can therefore say the information required is
− log2(p(r)qr), which we can rewrite as − log2 p(r) − log2 qr, the latter term we can drop when
comparing dictionaries, as it is constant, and we can also drop for our compression ratio, as we do
not keep the residual for a lossless compression, rather compressing to measurement noise.

− log2 p(r) = − log2

(
1√
2π

e−r2/2

)
= − log2

(
1√
2π

)
− log2(e

−r2/2). (12)

If we drop the first term, which is constant: 1
2

log2(2π), we get r2

2 ln 2
. This is possible in our

comparison, as it is the same for each dictionary. In our case, χ2 =
∑N

n=1 r
2, as r2 is already divided

by the measurement uncertainty σn due to our normalization.

Ls,residual =
r2

2 ln 2
, Lresidual =

χ2

2 ln 2
(13)

Lastly, we need to encode the dictionary itself. We only need to do this once, rather than once for
every source. A dictionary needs to encode each atom M , which all consist of a combination of
the original basis functions. This means we need to store M ·N numbers in the dictionary, each
with another quantized coefficient. We will call this quantization qb. Again, we must compute how
many possible values the coefficient can take by computing 2|b|max

qb
. This gives us the bit length

equation that follows.

Ldictionary = MN

(
log2

(
2|b|max

qb
+ 1

))
(14)

This means the total bit length of a dictionary with its code representation of the sources is as
follows:

L =
∑
s

(
log2(M + 1) + log2

(
M

seff

)
+ seff

(
log2

(
2|β|max

qβ
+ 1

)))
+

χ2

2 ln 2
+ MN

(
log2

(
2|b|max

qb
+ 1

)) (15)
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We use qb = 0.001 and qβ = 0.1 as quantum sizes for b and β coefficients. These quantization steps
were selected as the coarsest values for which the quantization increased the reconstruction error
by no more than 0.1% above the baseline reconstruction error. Candidate quantization sizes were
selected by direct reconstruction. We will additionally run a more localized sweep, where we focus
on dictionaries where χ2/dof ≈ 1, thus limiting λ ∈ [2.00, 10.00].

Figure 4: The y-axis shows the total bits per source, including the dictionary cost when divided
by the sample size of 2.046 · 106, but not including the two residual constants. This figure shows
the total bit count for models with M ∈ {32, 64, 128, 256, 512, 1024}. It shows a minimum around
λ = 5.0,M = 32. However, since this is the smallest model, this lies on the edge of the sweep,
meaning we will perform an additional sweep for lower M . The dictionaries where M > 32 show no
bit count minimum in this figure, though they do have one that appears with higher λ. However,
these dictionaries will have a χ2/dof ≫ 1.
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Figure 5: The y-axis shows the total bits per source, including the dictionary cost when divided
by the sample size of 2.046 · 106, but not including the two residual constants. This figure shows the
total bit count for models with M ∈ {8, 16, 24, 32} and λ ∈ [2.00, 10.00], showing that the minimum
shown in Figure 4 was only the minimum because it was the minimum boundary of the sweep.

To provide more accurate data, we now use the entire dataset (80% train, 20% test) to train
dictionaries and determine the proper dictionary parameters.
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Figure 6: The y-axis shows the total bits per source, including the dictionary cost when divided
by the sample size of 2.046 · 106, but not including the two residual constants.

The minimum bit count for a possible model lies around M = 24, λ = 5.0, with a further
test showing that the bit size is essentially constant in 4 < λ < 7. However, this model has a
slightly elevated χ2/dof > 1.0. Instead of this model, we will pick λ = 3.0, which achieves a
χ2/dof = 1.00± 0.01 for a dictionary with M = 24 in the sweep, at the cost of a slightly higher
bit size. From now on, we will call this dictionary the Compact Dictionary DC . We expect that
DC will perform poorly on the specialization criteria, because of its small dictionary size. We will
therefore add another dictionary with M = 256, λ = 7.0, which also achieves χ2/dof = 1.00± 0.01.
From now on, we will call this the High-Capacity Dictionary DH .
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Criterion DC DH

Zero-fraction 0.0 0.0

Dead atoms 0.0 0.0

χ2/dof ≈ 1 1.0092 [1.0220] 0.9841 [0.9886]

ϵtest ≈ ϵtrain ϵtest ≈ 1.05ϵtrain ϵtest ≈ 1.00ϵtrain

Bit count 182S [185S] 461S [450S]

Median compression ratio 8.71× [8.73×] 3.64× [3.79×]

Median/p75 MCCS 0.510/0.740 [0.385/0.657] 0.567/0.753 [0.548/0.749]

Refit stability 0.418 0.427

Usage dynamic range 3.07× 23.9×
Distinct classes captured 4 8

Best atom label selectivity 0.533 (Teff), 0.482 (log g), 0.453
([M/H])

0.781 (Teff), 0.705 (log g), 0.633
([M/H])

Table 6: Filled in criteria for our two chosen dictionaries (DC , the Compact Dictionary, M =
24, λ = 3.0 and DH , the High-Capacity Dictionary, M = 256, λ = 7.0). When in the following
format: x1 [x2], x1 is the median for a 10-seed sample, and x2 is the value for the random seed used
in this thesis. An elaboration on these results is given in Section 4.2. Zero-fraction and dead atoms
were 0.0 for all seeds. These metrics were found from the entire dictionary rather than a sample.
These show that DC is substantially better at compression tasks, but DH has more specialist atoms,
making them easier to interpret, unlike very generalist atoms.

3.4 Atom Interpretation & Experiment Setup

The following section will outline the setup for each experiment on the discovered dictionaries DC

and DH .

Compression. This section will contain sparsity histograms for both dictionaries to explore
any irregularities in these. The “default” result that is expected if no patterns are noticeable is a
(skewed) normal distribution.

Additionally, this section will contain the relation between the sparseness of a code and certain
source properties that were discussed earlier, namely Teff , [M/H] and log g, in addition to the
normalization coefficient rp 00.

This section will also contain our findings of the compressibility of Gaia spectra, by comparing
the compression of our dictionaries to that of a principal component analysis.

Atom Stability. This section will cover the observed stability of atoms over multiple runs,
reporting which atoms are unstable between runs by training the dictionary multiple times with
different random states.
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Another experiment performed in this section is a subsample stability test, which determines
whether the atoms are stable when tested on different subsamples of our full Gaia sample.

Lastly, we determine the Jaccard index of the atom supports (when optimally matched) for
different dictionary seeds, to find the code similarity between matched stars, and thus to determine
whether code representation of stars is stable with different random initializations. We use a sample
of 200 thousand stars for this test. The Jaccard index is defined in Equation 16.

J(A,B) =
|A ∩B|
|A ∪B|

(16)

Instrumental Error Correlation. This section will find whether the assignment of a subset of
the atoms is highly correlated to the apparent magnitude of sources, which should not have any
effect on source encoding if no instrument error was picked up, as the spectra were normalized by
brightness using rp 00. To achieve this, we will calculate the Spearman rank correlation between the
absolute activation of each atom and the apparent G magnitude of the sources for which that atom
is active. The absolute activation is used because both positive and negative coefficients indicate
that an atom contributes to the encoding of a source. A large absolute correlation coefficient
indicates the strength of an atom’s activation changes with apparent brightness. We set a limit of
|ρ| < 0.3 for atoms that are not strongly correlated with apparent magnitude.

Atom Specialization. In this section we will determine which atoms contain an overrepresenta-
tion of a SIMBAD object type (see Table 1). The metrics we will use for this are: (1) Enrichment
factor, o/e, and (2) Poisson significance score z = o−e√

e
, where o is the observed count of an object

type, and e is the expected count of an object type.
As previously stated, SIMBAD cross-matching recovered 76,766 stars, or approximately 3.8%

coverage, and 99% of matches are stellar-scale objects. Note that SIMBAD records consist of objects
that have already been studied, meaning rare classes are overrepresented relative to their true
frequency. This section can determine which classes often contain a particular atom in their code,
but not how common each class is. To perform an informative analysis on the overrepresentation of
SIMBAD classes in our atoms, we must set some criteria as to not see extreme overrepresentations of
tiny object types. For instance, if an object type contains 2 sources, having 1 of the sources contain
a certain atom would be an extreme overrepresentation of this object type in the atom. Therefore,
we set a limit min type count = 50, meaning that a class must contain at least 50 cross-matched
instances in the entire sample. When referencing Table 1, we can see that the dominant portion of
categories does not meet this criterion. Specifically, 30 classes meet this requirement.

To derive the significant z, we calculate the statistical test count, k = M · C, where C is
the amount of detectable classes (30), as each class is tested against every atom. A Bonferroni
correction at α = 0.05 gives a per-test false positive rate of α/k. This gives us a per-test threshold
of z > 4.0 for DC , and z > 4.5 for DH . All reported overrepresentations will exceed this value.

Additionally, to derive specialization, we will determine whether atoms have a coverage higher
than 50% of specific object types, and determine the fraction that this class represent in all of
the atoms activations. To determine whether an atom consistently captures an object type, and
predominantly this object type, we will use the following metric for the specialization of atom m in
object type t:

ζt,m = tm
Nd

Nt

(17)
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Where tm is the count of the object type which contains the atom dm in its code, Nt is the total
count of that object type in the sample, and Nd is the total count of objects cross-matched with
SIMBAD that contain atom d. A fully specialized atom ms would have ζt,ms = 1 for a single object
type t. Note that this will not identify an atom which is capable of identifying a subclass, as it will
have a high atom fraction tm/Nd, but a low coverage tm/Nt.

Stellar Parameter Correspondence. This section contains the degree to which atoms cluster
around each of the previously discussed labels (Teff , [M/H] and log g), measured by the ratio of
the activation-weighted standard deviation of the label across the activated sources, divided by the
standard deviation of the label across the entire population, and by the selectivity.

sel = 1− IQRactive

IQRpop

(18)

Note that this does not capture negative activations, though > 99% of all activations are positive. It
will also display Hertzsprung-Russel diagrams for all (DC) or interesting (DH) atoms for illustration.

Additionally, this section will train an HGB model to predict stellar labels and SIMBAD classes
through each atom, finding which atom is of highest importance in these predictions. For Teff ,
log g and [M/H], we first perform hyperparameter tuning of the HGB model using the Python
package optuna. After this, we train the model to predict a specified label from the sparse codes or
raw spectral coefficients, using the values provided by [Andrae et al., 2023] as training labels, and
the values from [Abdurro’uf et al., 2022] as test labels. We then perform an importance analysis
for each feature (atom/raw coefficient) j by shuffling j across sources and re-scoring the fitted
model, for 10 different, randomly shuffled instances. We determine the importance of j as follows:
imp(j) = R2 − R2

shuffled, where R2 is the coefficient of determination. We compare the findings of
this experiment to the results using the original coefficient dataset in place of the sparse coding.

Atoms in Flux Space. In the rest of the experiments, we will determine the metrics Stability,
Distinctness, Non-instrumentality from Section 2.7. Plausibility and Correspondence remain to be
tested, though.

Firstly, we can determine the Plausibility of an atom by determining its signal-to-noise ratio,
which is as follows. The SNR of each coefficient is defined by SNRn = σn

ϵn
. Since ∥d∥2 = 1, we

can say coefficient n contributes d2mn length to d as a vector. We use this as a weight to sum all
signal-to-noise ratios of each coefficient.

Correspondence is significantly harder to determine a metric for, as it is very hard to define
what is a “spectral feature” and what is simply noise, in particular for atoms. The metric we define
for correspondence is therefore somewhat subjective, and is mostly meant as a proof that there
is correspondence between atom and spectral features, rather than determining which spectral
features are exactly present in each atom. We therefore define a diagnostic set of spectral lines
which we will attempt to detect in the atoms. We define the line windows we will be measuring
in Table 7. Learned atoms will be returned from coefficient to flux space, by first un-normalizing
the coefficients by their error, and then passing them through GaiaXPy [Ruz-Mieres et al., 2025],
which yields flux against wavelength. The amplitude normalization is not reversed, as an atom
describes a spectral shape rather than an absolute flux. Most atoms are dominated by a broad
continuum, with narrow deviations. To find these deviations, a continuum estimate is obtained with
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Spectral line Wavelength window [nm]

Hα 654–658
Hβ 484–488
Hγ 432–436
Ca II K 392–395
Ca II H 396–399
Na I D 588–590
Mg I b 516–519

Table 7: Spectral line windows used in the analysis.

a Savitzky-Golay filter of width w and polynomial order 3, after which we compute the residual
by subtracting the found continuum from the total spectrum, which retains only the structure
narrower than the filter. At ∼ 2 nm sampling of a calibrated XP spectrum, w = 41 corresponds to
approximately 80 nm, several times the width of a resolution element at R ∼ 70. With this, real
spectral features will be preserved in the residual while slope and curvature are absorbed into the
continuum.

Detection thresholds are set locally in the spectrum, rather than globally. This is due to the
fact that the Hermite basis produces oscillations whose amplitude grows toward shorter wavelength,
so a single threshold across the spectrum would detect all blue oscillations, while dropping real
spectral features in the red section of the spectrum. A local scale is therefore estimated as a rolling
median absolute deviation,

σ(λ) = 1.4826 ·medW(λ)|r−medW(λ)r| (19)

over a window W = 101 samples, wider than the continuum filter so that a feature does not inflate
its own noise floor. The factor 1.4826 converts the median absolute deviation to the equivalent
standard deviation of a Gaussian. Peaks are then identified in r and −r, corresponding to features
that are higher and lower than the continuum, and retained where prominence exceeds 3σ(λ).
Each detection is recorded together with its wavelength, amplitude, significance and sign, and is
measured against the set of spectral features in Table 7. These windows were fixed in advance
before analysis.

A very important note is that none of the atoms contain a rp 00, which means they will have
an unnatural shape, with a steep slope around the BP/RP separation. To alleviate this, we need to
recover the optimal rp 00 of each atom, even though it is not included. rp 00 is not taken into
account when learning, but we can recover the approximate value it would have had if the atoms
were structured as they are now, because we know that this coefficient will have to be 1 for every
star. Therefore, we assign the value that would recover this 1 to the rp 00 coefficient for each
atom, to retain a natural shape. We find this value for each atom by minimizing the square error
of rp 00 approximating 1 over the sample. This change is only made for displaying atoms and for
the locating of features, as this steep slope will count as a feature without this added coefficient.

Anomalous Spectra. This section will cover the sources that have the highest χ2, and cross-
match them against SIMBAD to find the fraction of these spectral anomalies that have been
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previously observed, and concluding at which ratio these objects have been previously observed
compared to the average object in the sample.

4 Results

4.1 Compression

Figure 7: A sparsity distribution over all sources of DC , showing that the mean and median seff lie
around 9 atoms, meaning each source holds on average around 37% of all atoms. This points to
the fact that DC is a good representation from an MDL perspective, but likely consists entirely of
generalist atoms.
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Figure 8: A sparsity distribution over all sources of DH , showing that the mean and median seff lie
around 20 atoms, meaning each source holds on average around 7.8% of all atoms.

Figure 8 shows that DH is a better representation when looking for specialist atoms. An additional
observation is that the distribution of seff over sources when coded by DH is clearly bimodal, and
arguably trimodal, with peaks at seff = 6, seff = 13 and seff = 32. This peak at ∼ seff = 6 also
survives in the sparsity distribution of DC (though showing at seff = 5 here), showing there is likely
a subpopulation whose spectra are very easily encoded. The fact that this bimodality is much more
visible in the sparsity distribution of DH points to the fact that it preserved some structure that
DC was unable to capture as clearly.

We can test the claim that the sparsely encoded stars of the bimodality correspond to a certain
class directly by viewing the properties of the sources which have seff ≈ 6. We conclude the
following from a sample survey of DH : sources with seff ∈ [4, 6] consist largely of cool stars, with
long period variable stars and LPV candidates (at 2.6×, z=59 and 3.1×, z=72 respectively) in
this data. Emission line stars are also overrepresented at this sparsity (2.1×, z=23). Eclipsing
binaries are strongly overrepresented at above-average seff (3.4×, z=80), which is to be expected
for unresolved pairs whose observed spectrum contains the added light of two stars that may have
distinct characteristics, therefore requiring two sets of atoms that code for different regions. Note
that these metrics come from the SIMBAD-matched population in the sparsity bin, not the bin in
its entirety.
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Figure 9: The relationship between sparsity and Teff , [M/H], log g and rp 00 of dictionary DC .
Previous analyses of a dictionary of M = 32, λ = 3.2 show a more clear resemblance to the DH

figure, meaning that the shape of the relation is likely the similar no matter the dictionary size.
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Figure 10: The relationship between sparsity and Teff , [M/H], log g and rp 00 of dictionary DH .
There appears to be a clear relationship between sparsity and these four properties, which is
persistent in both dictionaries, pointing to the fact that stars with certain values of these properties
may have spectra that are inherently harder to compress (here it is important to note that rp 00 is
not necessarily a stellar property, but also dependent on distance).

Lastly, we perform a principal component analysis on the sample to determine the effectiveness
of compression of sparse dictionary learning. We find that a PCA of 8 components achieves a
χ2/dof ≈ 1. The median compression ratio we find is 13.6× (once again leaving out the residual),
which is considerably more than both dictionaries.

4.1.1 Conclusion

Both dictionaries produce sparse codes that are well short of saturation, with maximum seff of 18
out of 24 atoms for DC , and 61 out of 256 atoms for DH . A population of 5-6 active atoms appears
in both distributions, and its persistence across an over 10x increase in dictionary size indicates that
there is a population of simple spectra rather than an artifact of representation. The distributions
differ in shape strongly, DC is largely unimodal, while DH is bimodal or even trimodal, with a
clear second mode near seff = 33. This second mode is likely present due to sources drawing from
specialist atoms that are possessed in much greater numbers by DH , also being supported by the
fact that the first peak does not grow nearly as much as the second. This provides evidence to
the claim that additional dictionary capacity is used on specializing atoms, rather than wasted,
independent of Section 4.4.

There appears to be a clear relationship between the four source properties that were examined,
and code sparseness, which persists in shape and amplitude through both dictionaries, showing that
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sources that have certain discovered properties are likely inherently harder to compress. There is a
relationship between rp 00 and sparsity, which points to an instrumental effect or to a shortcoming
of the normalization. The effect appears to show a decrease in sparsity for redder stars, which is
also visible in the temperature relation, and in the fact that cooler stars are overrepresented in low
sparsity.

We conclude that sparse dictionary learning is not as effective at compression as principal
component analysis, as it achieves a compression ratio of 8.71 at measurement noise precision
(χ2 ≈ 1), while PCA achieves a compression ratio of 13.6.

4.2 Atom Stability

We first determine the stability of each dictionary by computing 10 random seeds with their metrics.
This was previously used in Section 3, as it was a requirement to choose a dictionary.

Criterion DC DH

χ2/dof ≈ 1
Used 1.0220 0.9886
Q25 0.9979 0.9824
Median 1.0092 0.9841
Q75 1.0316 0.9869

Bit count
Used 185S 450S
Q25 175S 455S
Median 182S 461S
Q75 185S 469S

Median compression ratio
Used 8.73× 3.79×
Q25 8.36× 3.61×
Median 8.71× 3.64×
Q75 9.19× 3.71×

Median/p75 MCCS
Used 0.385/0.657 0.548/0.749
Q25 0.445/0.694 0.551/0.742
Median 0.510/0.740 0.567/0.753
Q75 0.540/0.805 0.579/0.764

Refit stability
Frac. matched 0.4176 0.4266
Matched median/p25 MCCS 0.856/0.692 0.857/0.714

Table 8: Dictionary criteria for DC and DH , reporting the detailed results of sample of 10 random
initializations.
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We perform another test with the same random state, but using a randomly sampled subsample
consisting of 50% of the complete sample. For this test we log the same metrics as the ones
measured in Table 8.

Criterion DC DH

χ2/dof ≈ 1
Used 1.0220 0.9886
Q25 1.0245 0.9861
Median 1.0357 0.9886
Q75 1.0476 0.9964

Bit count
Used 185S 450S
Q25 158S 420S
Median 166S 429S
Q75 172S 452S

Median compression ratio
Used 8.73× 3.78×
Q25 9.42× 3.62×
Median 9.58× 3.78×
Q75 10.4× 3.94×

Median/p75 MCCS
Used 0.385/0.657 0.548/0.749
Q25 0.357/0.661 0.516/0.726
Median 0.414/0.692 0.557/0.749
Q75 0.442/0.700 0.571/0.759

Refit stability
Frac. matched 0.2120 0.4131
Matched median/p25 MCCS 0.720/0.543 0.849/0.709

Table 9: Dictionary criteria for both dictionaries, compared to metrics computed from a set of 10
dictionaries learned from a randomly selected 50% subsample.

Computing a Jaccard index sweep for 10 random initializations of dictionaries with DC pa-
rameters yields a median Jaccard index of 0.462, with the upper quartile at 0.571, revealing that
code representations do not necessarily match between sources if matching atom pairs are created.
This number is similar to the earlier fraction of atoms that were matched to other dictionaries
at higher similarity than its twin in its own dictionary. This means that individual stellar code
representations will — in most cases — have a low code interpretability, as these codes will not
match well between runs in most cases. For DH , which has a larger variety of specialized atoms,
and thus also a larger room for different codes, we find an expectedly lower Jaccard index of 0.273,
with an upper quartile at 0.333.
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4.2.1 Conclusion

We can conclude from Table 5 that the chosen dictionary reconstructions do not contain entirely
stable and unique atoms in most cases, though there is a subset of atoms that persists. Additionally,
earlier observations show that atom structure of a dictionary is often similar with different random
initializations and different parameters. The dictionaries compress at similar effectiveness at
different random initializations. Under 50% subsampling, 43% of DH atoms match, but only 21%
of DC atoms, a very significant decrease. This may mean that a dictionary of 24 atoms might take
on a very different structure at a lower sample size. The Jaccard index experiment reveals that
codes of the same sources are not very consistent between runs when atoms are optimally matched,
and shows that larger dictionaries have less consistent codes.

4.3 Instrumental Error Correlation

We find that the spearman rank correlation between atom activation and source apparent G
magnitude is strong (|ρ| > 0.3) for 109/256 atoms in DH , and for 2/24 atoms in DC (the ρ values
for these atoms are displayed in Section A of the appendix, and their flux structure is displayed
in Figures 18 and 19), with a maximum absolute correlation of ρ ≈ 0.5 for both dictionaries.
This indicates that the activation of a substantial fraction of the learned atoms is directly related
to the apparent magnitude of a source. Since the input spectra are normalized by rp 00, this
dependence is not expected to arise strongly simply from the overall flux level of the source. Instead,
it suggests that the learned representation is sensitive to properties of the data that vary with
apparent magnitude, which may include instrumental noise effects. It can also be seen that these G
magnitude correlating atoms have a range of different ρ, which points to the fact that instrumental
and astrophysical structures are not well separated.

We additionally determine whether this observed relationship can be explained by the correlation
between apparent magnitude and source color, by repeating the analysis within 16 BP −RP bins.
This follow-up gives similar results, with the correlation remaining present for the same atoms,
only exhibiting slight changes in either direction for both dictionaries, showing that the observed
dependence is not removed when correcting for color.

This alone is not enough to establish that instrumental noise is the cause of this relationship,
since other source properties and observational effects or data quality artifacts may also covary with
both apparent magnitude and atom activation. We therefore conclude that this result is evidence
that the learned atoms of both dictionaries are associated with the apparent magnitude of sources,
which is consistent with the presence of instrumental errors or noise-related information in the
code.

4.4 Atom Specialization

4.4.1 Compact Dictionary DC

We determine the overrepresented types of each atom in DC and DH . We observe that the dominant
class of all except 2 DC atoms, when covering all activations of each atom, is ordinary field stars
(*). This is an expected outcome, as M = 24,med seff = 9 is a considerable compression from 110
down to 9 median coefficients, with no overcompleteness. The two atoms that are not majority
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background stars are majority long period variable stars, which may be considered specialist atoms.
These specializations will be discussed later in this section.

In Figure 11, we observe that the two atoms with the lowest mean (14, 7) have a distinctly
different distribution of sparsity than all other atoms, and we observe that 5 out of the following 7
atoms in this order (6, 20, 17, 4, 3) have a similar distribution to the other atoms, but contain a
strong peak around 4 ≤ seff ≤ 6, which we also observe in Figure 7. The two atoms with a different
distribution are also the two atoms with the highest significance score, and both of the atoms
has an overrepresentation of long period variable stars, providing more evidence that long period
variable stars are more easily compressible by sparse dictionary learning. Atoms 8, 9, 12 and 10
show the highest overrepresentations of eclipsing binaries, and three of these four atoms are also in
the top 25% atoms with highest seff , which is more evidence for the fact that eclipsing binaries are
inherently harder to compress than other stars.

Figure 11: The sparsity distribution of sources that activate each atom, sorted by mean sparsity of
sources activating the atom.

We observe that the top two specializations of any atom (ζ*,3 = 0.54, ζ*,17 = 0.43) are both
ordinary background star specializations, which are the only cases of this happening in this thesis.
These atoms also have high coverages of many other classes, such as high proper motion stars,
spectroscopic binaries, red giants and white dwarfs, showing that these atoms, though counting as
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“specialized” through our metric ζ, are actually very generalist atoms, as it is “specialized” in many
different classes. This is a flaw in our statistic, but not one that will display itself further.

Atoms 7 and 14 display extremely high enrichment in long period variable stars, with candidates
and confirmed long period variables having z ≥ 79 in both atoms. These atoms are also the atoms
that have the lowest mean seff among its sources, once again confirming that long period variables
tend to be easily compressible.

Additionally, we observe that some atoms have a coverage of 50% of at least one class at only
top 5% activations of said atom. The specializations of these atoms in these top 5% activations are
ζ > 0.1 in DC , the atoms being atom 4, 7, 20 and 6, with specializations ζLP?,4 = 0.37, ζLP*,4 = 0.24,
ζLP?,7 = 0.29, ζC*,20 = 0.11 and ζWD*,6 = 0.10. One of these atoms shows a very high atom fraction
in DC when taken at high activations only, that being atom d4, with over 83% of all sources that
contain this atom at top 5% activation being long period variables or candidates.

When observing the top 1% of absolute activations of each atom in DC , there is a much more
clear split between each object type, meaning most background stars do not have a very high
activation of any atom. Long period variables, Mira variables and eclipsing binaries once again
often appearing classes. Contrary to the initial table, though, there is a subset of atoms that
has an extreme overrepresentation of white dwarfs, often coinciding with spectra of AGNs or
QSOs. Perhaps the single most interesting finding in this table is d20, which has an extreme
overrepresentation of carbon stars, containing almost half of all SIMBAD confirmed carbon stars in
the entire sample in its top 1% activations. Expanding to top 5% of activations only yields 120
carbon stars, meaning not all carbon stars are highly activated by this atom. Additionally, other
activations of this atom include white dwarf and Mira variables, which is interesting, as carbon
stars and white dwarfs often exhibit opposite spectral features, with carbon stars having strong
features and white dwarfs having largely featureless XP spectra. We therefore decided to investigate
further by determining whether either white dwarfs or carbon stars activate this atom negatively
rather than positively, finding that white dwarfs strongly negatively activate atom 20, whereas
carbon stars strongly positively activate it. This is another good candidate for a specialized atom.
To further compound on this evidence, we find that this atom persists through dictionary changes,
as a dictionary with M = 32, λ = 3.2 also displays an atom that shares all previously discussed
properties, meaning this atom is a consistent finding in dictionaries with varying initializations and
parameters.

4.4.2 High-Capacity Dictionary DH

In DH , we observe that the dominant class of each atom varies, in particular displaying long period
variables, eclipsing binaries and white dwarfs as the dominant class for a small subset of atoms.
We observe that a very large subset of atoms has eclipsing binaries as their most statistically
overrepresented class, which is to be expected, as these objects are also highly overrepresented at
higher sparsities, meaning they contain more atoms overall. This is a similar pattern as seen in DC .
Another observation we make is atom 191, which is the 14th least activating atom in the dictionary,
containing white dwarfs as its dominant fraction. This atom does contain other stars, however, not
all white dwarfs are caught by this atom, so the specialization of this atom will be low.

Inspecting the top 1% activations of each atom in DH reveals some atoms with an extremely
high hit rate and an extremely high statistical over-representation. For instance, the atom 144 has
a hit rate of 86%, with a carbon star enrichment of 158.0×, z = 167. This atom contains 93% of all
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carbon stars at top 5% activation, and 97% for all activations. Unlike in DC , there is no significant
white dwarf negative counterpart to these carbon stars, showing the atom is likely more specialized
in this dictionary. Additionally, there are atoms that have a hit rate of over 90%, specifically d36,
d89 and d93 at 98%, having extreme overrepresentations of Mira variables, and d71, d229 and d98 at
94-96%, with extreme overrepresentations for long period variables. A final observation that can
be made is that most of the atoms have very high activations from white dwarfs. This dictionary
displays highly specialized atoms for long period variables again, with the fraction of SIMBAD
objects in d229 being > 80% long period variables. Another finding is that atoms 65, 40 and 88
have almost complete coverage for hot subdwarf candidates, and high coverage of AGNs, QSOs
and white dwarfs.

The tables of overrepresented object types and atom specializations (ζ) are located in Section B
of the appendix.

4.4.3 Conclusion

The Compact Dictionary DC contains few atoms that are entirely specialized over all absolute
activations, however, it does show that there are distinguishable patterns in atom activation, where
long period variables and eclipsing binaries are again shown to be split in their atom activations.
There are some clear exceptions to the mostly generalist atoms, though, with atoms 7 and 14
consisting for around 50% of long period variables each. Additionally, we observe that in top 1% of
absolute activations, atoms are much more concentrated around particular classes, finding that
almost half of all carbon stars activate atom 20 positively within the top 1% of activations, whereas
negative activations of this atom are exhibited often by white dwarfs.

The High-Capacity Dictionary DH contains strongly specialized atoms, with again showing
multiple atoms that have an atom fraction of over 50% for long period variables, it also still contains
an atom where carbon stars are extremely overrepresented, though it contains 97% of all carbon
stars this time.

Overall, there are no clear-cut class separation atoms, but some atoms for both dictionaries
show highly specialized populations using them.
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4.5 Stellar Parameter Correlation

Figure 12: Clustering of atoms around source properties for DC , colored by selectivity 1− IQRactive

IQRpop
.
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Figure 13: Clustering of atoms around source properties for DH , colored by selectivity 1− IQRactive

IQRpop
.

Figure 12 and Figure 13 show that most atoms are not highly clustered around a specific label,
especially for DC , which contains more generalist atoms. For DH , some Teff atoms are highly
clustered around specific temperatures, but this is to be expected, as Teff is the most easily found
property of the three that are plotted here. We find that the best selectivities for each dictionary
are 0.533 (Teff), 0.482 (log g), 0.453 ([M/H]) for DC and 0.781 (Teff), 0.705 (log g), 0.633 ([M/H])
for DH . We again see that temperature is more easily recovered in Figure 16, where most atoms in
DH are highly clustered around a specific temperature, therefore often showing vertical clusters. For
DC , in Figure 14, we observe that most atoms are quite generalist, though some cluster somewhat
tightly on a certain location in the HR diagram. Atom d20 can be clearly seen exhibiting its
previously discovered characteristic, which is the fact that it is triggered negatively by the white
dwarfs at the bottom left of the HR diagram.
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Figure 14: Hertzsprung-Russel diagrams with plotted atom enrichment of DC . Absolute G
magnitude on the y-axes, BP-RP magnitude on the x-axes. Light gray background contains the
entire sample population. Heatmap is the fraction of the atoms fired on, low activations are dark
grey, negative activations shown in blue/green.

Dust between Gaia and a source absorbs and scatters the light of the source, meaning it
is dimmed and reddened, as light of shorter wavelengths is affected more than those of longer
wavelengths. On a Hertzsprung-Russel diagram, that entails that a star is displaced down and
to the right of its true position, along a direction set by the extinction law. Figure 14 shows a
diagram of the observation, without extinction taken into account. In the following Figure 15, we
correct the magnitude and color of objects that are dimmed and reddened using Gaia’s GSPPhot
ag and ebpminrp values. This will narrow the diagram, as Figure 14 has its main sequence and
giants broadened by extinction.
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Figure 15: Hertzsprung-Russel diagrams with plotted atom enrichment of DC . Absolute G
magnitude with G-band extinction subtracted on the y-axes, BP-RP magnitude, with reddening
subtracted, on the x-axes. Light gray background contains the entire sample population. Heatmap
is the fraction of the atoms fired on, low activations are dark grey, negative activations shown in
blue/green. Considerable distortion of color concentrated atoms is noticeable in the HR-diagram
with extinction factored in, meaning that this is likely a very significant factor in the indecisive
atoms of the dictionaries.
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Figure 16: Hertzsprung-Russel diagrams with plotted atom enrichment of DH . Absolute G
magnitude on the y-axes, BP-RP magnitude on the x-axes. Light gray background contains the
entire sample population. Heatmap is the fraction of the atoms fired on, low activations are dark
grey, negative activations shown in blue/green. The atoms shown in this figure will be listed in this
section.
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Figure 17: Hertzsprung-Russel diagrams with plotted atom enrichment of DH . Absolute G
magnitude with G-band extinction subtracted on the y-axes, BP-RP magnitude, with reddening
subtracted, on the x-axes. Light gray background contains the entire sample population. Heatmap
is the fraction of the atoms fired on, low activations are dark grey, negative activations shown in
blue/green. Once again, factoring in extinction causes significant distortion in the shape of the
atom clusters. The atoms shown in this figure will be listed in this section.

Figure 16 and 17 contain the following atoms:
d229: An LPV specialist atom. The atom with the highest overrepresentation of any atom in DH ,
with an enrichment of LP? at 6.1×, z = 137 and LP* at 4.3×, z = 98, with its matched sources
consisting for over 80% of long period variables and candidates. Additionally, we see many of the
stars activated by this atom are high extinction stars that move from the red to the blue side
of the HR diagram when extinction is taken into account. Also the atom with the highest two
specializations: ζLP? = 0.348, ζLP* = 0.213. The atom has a very low mean sparsity of sources it
encodes, approximately seff = 5.
d107: An LPV specialist atom. The atom with the third highest overrepresentation of any atom
in DH , with enrichments for LP* and LP? at 4.1×, with z = 96 and z = 87 respectively. Also the
atom with the third and fourth highest specializations: ζLP? = 0.173, ζLP* = 0.210. The atom has a
very low mean sparsity of sources it encodes, approximately seff = 5.
d144: The atom identified earlier to have almost every carbon star in its top 1% activations, with
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97% of carbon stars having it contained in their sparse code.
d54 and d15: Atoms that have extremely high overrepresentations of white dwarfs, active galactic
nuclei and quasars in their top 1% activations. d54 also has the fourth highest zmax of any atom in
DH .
d36, d89 and d93: Atoms that have an extremely high hit rate at top 1% activations, meaning
most of the sources they encode have been measured and are stored in SIMBAD. They each have
overrepresentations of Mira variables.
d142: The only atom that specialized in emission line stars, containing approximately 60% of them,
being the atom with the 5th highest ζmax of all atoms in DH . This atom is also the highest
importance atom for Teff .
d65, d88 and d40: Atoms with very high coverage of white dwarfs, active galactic nuclei, quasars
and hot subdwarf candidates, the latter category of which contains atom 40 and 65 in its code at
all times, and contains atom 88 in its code approximately 97% of the time.
d104 and d7: The atoms with the highest importance for predicting [M/H] and log g respectively.
d38, d12 and d86: The atoms with the highest correlation to G-magnitude, meaning these may
contain instrumental artifacts in some way.
d51: The atom with the highest enrichment of all atoms in DH at top 1% activation, having an
enrichment of 556× for galaxies, containing 37 out of 44 galaxies in its top 1% activations.
d152, d28 and d172: Atoms that largely consist of background stars.
d115 and d119: The two atoms with the highest statistical overrepresentations of eclipsing binaries.
Atoms that overrepresent these objects are very common, but typically do not have them highly
overrepresented.
d191: The only atom that has white dwarfs as the most dominant fraction when queried across all
activations.

After training HGB models to predict labels using features and coefficients, we determine the
following R2 on the test set:

Metric DC atoms Coefficients DH atoms

[M/H] 0.714 0.826 0.724
Teff 0.915 0.941 0.916
log g 0.756 0.885 0.847

Table 10: R2 of HGB models trained on the data from [Andrae et al., 2023] and tested on
[Abdurro’uf et al., 2022].

We observe that R2 values are always lower for dictionaries than for raw coefficients, which
is an expected observation, as dictionaries will always reduce the data stored in them, and never
create new data. The score discrepancy measures what was discarded by the sparsity constraint.
DH achieves consistently higher R2 than DC , pointing to the fact that DC is too far compressed
to resolve these labels as accurately as DH , which has a median sparsity over double that of
DC . Additionally, using the tables in Section C of the appendix, we observe that no single atom
dominates label prediction, with the highest importance being 0.47. DC appears to achieve a fairly
concentrated prediction, relying on a small set of atoms to make an accurate prediction. We also
observe that one raw coefficient is very good at predicting both Teff and log g.
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4.5.1 Conclusion

From the HR diagrams, we can conclude that DC does indeed have atoms that are much more
spread across different stellar populations, whereas DH more readily contains quite narrow clusters,
although many less specialist atoms such as 152, 28 and 172 are much more spread out across the
HR diagram.

From Table 10, we can conclude that compression costs least where information is most robust,
as the decrease in R2 of Teff (2.8%) is far smaller than the decrease in R2 for log g (14.6%) and
[M/H] (13.6%), neither of which are as readily apparent as Teff . This is likely because temperature
is encoded into the rough continuum shape, whereas metallicity is blended into line depths and
other fine structure, which sparse coding likely discards first.

The fact this is the case is also backed up by the coefficient importances, as imprp03 = 0.691
for log g, and impbp01 = 0.710 for Teff , whereas the highest importance raw coefficient for [M/H]
is impbp08 = 0.118, a somewhat higher-order coefficient, with a much bigger spread across other
raw coefficients. Both dictionaries dilute each label in comparison to the raw coefficients, with
the exception of DC concentrating [M/H], which is arguably an improvement for interpretability,
though not by much. DH dilutes the label importances at a consistently higher rate, likely due to
highly cosine-similar atoms taking away parts of the prediction.

4.6 Atoms in Flux Space

Firstly, we determine that the atom signal-to-noise ratio of any atom in both dictionaries does not
fall below 34. Additionally, the mean measured atom signal-to-noise ratios are 137 and 139 for DC

and DH respectively. This is largely due to the representation of bp 00 in each atom, as it is a
coefficient with a very large signal-to-noise ratio.

Secondly, we look at the correspondence of a small set of selected features from Table 7. We
find 325 and 4750 peaks/troughs above 3σ for DC and DH respectively, with all atoms having at
least one feature. Many of these are false positives, but 38 and 368 of these fall in a known spectral
line for DC and DH respectively. The entire spectrum spans 684 nm, with wavelength windows
covering 23 nm, meaning about 3.4% of the spectrum is covered. The rate of observed features in
these windows exceeds the expected rate by a factor of 3.4×, z = 8.1 and 2.3×, z = 16.2. This is
evidence that some atoms encode identifiable spectral features rather than continuum shape alone.

Spectral line (DC) (DH)

Hα 12 114
Hβ 4 36
Hγ 6 49
Ca II K 5 75
Ca II H 4 60
Na I D 1 2
Mg I b 6 32

Table 11: Spectral line counts, detected in atoms of both dictionaries.

The following figures are representations of atoms in both dictionaries in flux space, which
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Atom Line Type SNR

12 Hα absorption 12.157062
3 Ca II K absorption 6.730269

17 Hα absorption 5.214912
5 Hα absorption 5.002140

23 Mg I b absorption 4.354033
2 Ca II H absorption 4.307493
8 Hα absorption 4.218751

10 Hα absorption 3.916823
18 Hα absorption 3.898866
1 Ca II H absorption 3.768701
8 Ca II K absorption 3.709094
6 Hα absorption 3.576402

10 Ca II K absorption 3.414504
18 Ca II K absorption 3.313488
12 Hβ absorption 3.207874

Table 12: Most significant spectral features of
atoms in DC identified by signal-to-noise ratio.

Atom Line Type SNR

112 Hα absorption 8.927103
40 Hα absorption 8.520469
99 Hα absorption 8.466310
17 Hα absorption 8.310777
88 Hα emission 7.469739
56 Hα absorption 7.232686
90 Ca II H absorption 6.691134
61 Hα absorption 6.504998
19 Hα absorption 6.307916
69 Hα absorption 6.147154

245 Hα absorption 5.816514
70 Hα emission 5.353859

194 Ca II K absorption 5.209357
176 Hα absorption 4.983453
30 Ca II K absorption 4.862756

Table 13: Most significant spectral features of
atoms in DH identified by signal-to-noise ratio.

reveals some of their characteristics. For instance, in Figure 18, a clear example of spectral lines
can be seen in atom 12.
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Figure 18: The dictionary atoms of DC , with the spectral features from Table 7 highlighted in
green.
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Figure 19: The dictionary atoms of DH , with the spectral features from Table 7 highlighted in
green. This figure contains the same atoms as are displayed in Figure 17 and 16. d229 and d107
show to be very red, which is to be expected for LPV specialized spectra. d65, d88 and d40 show
very blue spectra, as they specialize in blue objects such as white dwarfs, AGNs and QSOs. d142,
which is the only atom that specializes in emission line stars, has a clear emission line in the Hα
window. d38, d12 and d86 have high correlation with G-magnitude, meaning the shapes of their
spectra possibly correspond to instrument noise of some kind.

4.7 Anomalous Spectra

We rank the 0.1% of spectra with the highest error using χ2, finding that 1,577/2,046 (DC) and
1,429/2,046 (DH) spectra are matched with known SIMBAD objects, an approximately 20-fold
increase for both dictionaries from 3.8% to 77% and 70% coverage for DC and DH respectively.
Poorly represented spectra are not simply noisy outliers, but overwhelmingly known objects
of specific classes, namely white dwarfs, active galactic nuclei, quasars and Mira variables, for
both DC and DH , meaning this poor compressibility is not related to the individual dictionaries
themselves, with regular background stars being highly underrepresented (z < −27) for both
dictionaries. Interestingly, each of these 4 classes has somewhat specialized atoms that correspond
to them, but they are still poorly reconstructed. Additionally, several rare classes have very
high overrepresentations, though we limit the tables to listing only otypes that have more than
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5 representatives in the worst 0.1% errors, so that singular outliers don’t give their entire classes
extremely high overrepresentations.

Otype Count Frac. Pop. Frac. Enrichment z

WD* 695 0.44071 0.01228 35.9x 154
AGN 299 0.18960 0.00602 31.5x 94
Mi* 285 0.18072 0.00838 21.6x 75
QSO 99 0.06278 0.00198 31.7x 54
Sy1 7 0.00444 0.00013 34.1x 15
WR* 8 0.00507 0.00025 20.5x 12
PN 5 0.00317 0.00012 27.0x 11
C* 24 0.01522 0.00257 5.9x 10
PM* 22 0.01395 0.03779 0.37x -5
Em* 6 0.00381 0.02570 0.15x -5
LP* 60 0.03805 0.08859 0.43x -7
LP? 22 0.01395 0.07025 0.20x -8
* 6 0.00381 0.54507 0.0070x -29

Table 14: SIMBAD object-type distribution and enrichment of the top 0.1% highest χ2 for DC ,
excluding types that have less than 5 representatives in this set.

Otype Count Frac. Pop. Frac. Enrichment z

WD* 707 0.49475 0.01228 40.3x 165
AGN 341 0.23863 0.00602 39.7x 113
QSO 113 0.07908 0.00198 39.9x 65
Mi* 131 0.09167 0.00838 10.9x 34
Sy1 8 0.00560 0.00013 43.0x 18
WR* 8 0.00560 0.00025 22.6x 13
PN 5 0.00350 0.00012 29.8x 12
LM* 9 0.00630 0.00241 2.6x 3
HS? 5 0.00350 0.00197 1.8x 1
PM* 23 0.01610 0.03779 0.43x -4
Em* 9 0.00630 0.02570 0.25x -5
LP* 23 0.01610 0.08859 0.18x -9
EB* 6 0.00420 0.09332 0.045x -11
* 13 0.00910 0.54507 0.017x -27

Table 15: SIMBAD object-type distribution and enrichment of the top 0.1% highest χ2 for DH ,
excluding types that have less than 5 representatives in this set.

There are also approximately 500 more sources for each dictionary (which may overlap) that
are part of this top 0.1% χ2 population that are not recorded in SIMBAD. For these sources, we
can use Gaia’s Discrete Source Classifier to investigate. Gaia logs a probability it gives a source to
be a white dwarf or a quasar (among some other object types).

Firstly, to determine the accuracy of these labels, we compare whether SIMBADs QSO and
AGN labels correspond to a high pquasar. We observe that the fraction of these SIMBAD matched
objects where pquasar > 0.9 is 0.961 and the fraction for which pquasar > 0.5 is 0.986. However, not
all pquasar > 0.5 sources are SIMBAD classified quasars or AGNs. These sources (among the entire
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sample) consist of 457 AGNs, 149 quasars, 49 white dwarfs, 22 RR-Lyrae variables, 9 Seyfert 1
galaxies and 8 ordinary stars. For white dwarfs, DSC is much less accurate. For SIMBAD classified
white dwarfs, med(pwd) = 0.9998, however the fraction for which pwd > 0.5 is only 0.593, meaning
that DSC often misclassifies white dwarfs as other objects.

The unmatched stars have the following DSC labels:

Class (DC) (DH)

Star 338 454
Quasar 125 146
White dwarf 4 11
Galaxy 2 4
Binary star 0 2

Table 16: Distribution of the number of sources that are not classified by SIMBAD over different
Gaia DSC classes in the worst 0.1% errors.

The DSC classifications show a considerable difference in population. Though quasars are still
highly represented, white dwarfs are not. However, as DSC often mistakes white dwarfs for regular
stars, the star portion of this group may still hold a considerable amount of white dwarfs. It
cannot be confidently concluded that the unmatched stars have a considerably different population
distribution to matched stars.

When looking at the worst 25 unmatched sources, one source stands out. The χ2 of the sources
gradually increases, until reaching Gaia DR3 4658446877901307904, which has a catastrophically
bad reconstruction. The dictionary appears to be completely incapable of representing this singular
object. A possible cause for this is that this object retains very high values for coefficients, even in
higher, more noisy coefficients. This object is also unique in the entire sample for having a sum of
raw coefficients that is negative.

4.7.1 Conclusion

Poor compressibility recovers known rare classes at 20x base rate, consistently across both dictio-
naries, with white dwarfs, AGN/QSO and Mira variables dominating this population. Roughly
500 sources for each dictionary have no SIMBAD matched entry. The unmatched population does
not appear to differ systematically from the matched one, as DSC classifies a similar fraction of
quasars, with as a remainder ordinary stars, which is consistent with the observation that DSC
often misclassifies white dwarfs as ordinary stars. The existence of a SIMBAD entry for a star
therefore cannot be said to show a different population, rather than reflecting observational history,
as the stars in this group may be misclassified white dwarfs, meaning that the unmatched and
matched populations are very similar.

Lastly, Gaia DR3 4658446877901307904 may be an object of interest, although it may be an
outlier because of faulty coefficients.
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5 Further Research & Limitations

This thesis has three main limitations. Amplitude normalization in this thesis is one, as normalizing
by rp 00 does rely on the color of a spectrum to an extent, though it is the least biased coefficient.
A better amplitude normalization could provide a less biased dictionary. The second is the fact
that the sample is highly concentrated around the galactic disk. Though the sample was uniformly
gathered from Gaia’s database, higher populations in the galactic disk result in many chunks being
located here. Stars around the galactic disk are more often heavily extincted than stars outside
it, which is a confounding factor. Thirdly, extinction was not removed before dictionary learning,
which means observed spectra may be reddened, so an atom encoding a broad continuum will
conflate temperature with extinction. This is shown in resulting atoms, often containing many
stars that are much bluer than they appear due to their extinction. A clear example of this is DHs
d229. Extinction causes clear clusters in the HR diagram to become much more smudged across
different populations, and accounting for it may improve results drastically. Learning dictionaries
on spectra where extinction is taken into account is left to future work.

Another possible improvement to make is using per-source coefficient errors rather than sample
mean errors to train. This matters little when finding the optimal χ2 of an entire sample, but
could matter considerably while training and when determining anomalous spectra, though no
significant signs of contamination of the latter are showing. The previously provided corrections by
[Huang et al., 2024] may improve accuracy as well.

Using a larger sample size could provide more accurate data, and future Gaia data releases
will provide even more XP spectra to be used. Future research may expand upon this subject
using the entire catalog of XP spectra, as this is not within the scope of this thesis. There are
many future experiments that can be done in the context of pattern mining using Gaia XP spectra
that did not fit in the scope of this thesis. In the context of dictionary learning, one possibility
we suggest is to use the sparse codes of sources to find source clusters, which may show certain
properties more accurately than singular atoms. To do this, one would likely have to set all zeroed
out values for each to a different value to “penalize” this in relation to an atom that is used,
but with a small activation. Additional research is also necessary to properly identify Gaia DR3
4658446877901307904. Attempting to determine whether the atoms that have a high correlation to
G-magnitude have a meaningful structure that can be used to learn more about Gaia’s instrumental
artifacts is also a suggested extension of this work.

6 Conclusion

After having performed the experiments of Section 4, we find that Gaia XP spectra can be represented
as a sparse combination of learned atoms with a median compression of 8.71× (interquartile range
of 0.83), determined by finding the minimum median bit length for each source when represented by
a dictionary with χ2/dof ≈ 1, and dropping the residual in the bit representation. The compression
of a PCA with similar reconstruction accuracy is approximately 13.6×. This entails that sparse
dictionary learning is an inferior compressor for the sample, though it still contains considerably
more information than a dense code of 8 directions, which is what PCA provides. The highest
SDL compression is achieved with a dictionary that has M = 24, λ = 3.0. Thus, an overcomplete
dictionary does not satisfy the MDL constraint. While the MDL constraint results in a dictionary
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that has M = 24, λ = 3.0, class discovery is more effective at higher atom count M , as atoms need
not be as generalist for these dictionary sizes. A dictionary with M = 256, λ = 7.0 has consistently
better atom label selectivity and captures more distinct classes, as seen in Table 6.

Atoms have some level of correspondence to known source properties, and are not spread
generally throughout the population, but are not highly specialized. For instance, certain object
types are recovered at very high rates in certain atoms, but these atoms do not exclusively contain
this type. Dictionaries with lower M show much higher generalization when compared to dictionaries
with higher M . For SIMBAD classes, we determine that atoms cannot exclusively capture a single
class, but are shown to have a definite level of specialization, specifically for long period variable
stars, white dwarfs and carbon stars, with higher specializations at higher atom count M .

The atom interpretability criteria we define in Section 2.7 were Plausibility, Stability, Distinctness,
Non-instrumentality and Correspondence. For Plausibility, we find that all atoms consistently have
a SNR ≫ 1, mostly because they all include coefficients with a high SNR at high magnitude.
For Stability, in Section 4.2, we find that the code for the same source is not very stable, with
approximately 46% of codes matching when using optimally matched atoms, meaning the atoms
can change depending on the random initialization. This means that a certain atom type, even if
in both dictionaries, does not need to represent the same sources. However, it is clear that many
specialized atoms persist at different random initializations, and even different M , meaning most
“non-matching” atoms may be a sort of “filler” atom, while specialized atoms do still exist. For
Distinctness, we determine that atoms are only moderately separated, with a median MCCS of
0.51 for DC and one of 0.57 for DH , with these values rising to 0.74 and 0.75 respectively at the
upper quartile. This means that the encoder may readily pick between atoms that are not very
specialized, without losing much accuracy. This finding shows that, though there are distinct,
stable and specialized atoms, a lot of atoms are essentially “filler” atoms, which can be highly
similar. This means that for many sources, the code may change considerably without significantly
affecting reconstruction accuracy. For Non-instrumentality, we determine in Section 4.3 that many
of the atoms have a correlation with apparent G magnitude, which is evidence for the fact that the
atoms contain some instrumental artifacts, as this points to the fact that atoms do not exclusively
obtain physical source properties, but also depend on distance of the source. For Correspondence,
there is evidence that atoms are somewhat interpretable in flux space. Specifically, the spectral
lines in Table 7 are overrepresented at 3.4×, z = 8.1 for DC and 2.3×, z = 16.2 for DH , which is
evidence for this claim. Larger, continuum structure can also be easily identified in atoms. It is
reasonable to hypothesize there are other spectral structures that show up in flux space as well.

The atoms are likely not capable of revealing clusters of sources, clustered by physical properties
of the source, that are not yet captured by Gaia or external labels, as they are not entirely effective
at distinguishing between classes or properties of sources that are captured by external labels. There
is still a possibility is that atoms that are highly correlated to instrumental properties may reveal
clustering that is previously unknown, though not revealing properties of the sources themselves,
though this would require further research.

The codes of sources that are poorly reconstructed do not necessarily correspond to anomalous
objects, but correspond mostly to white dwarfs and active galactic nuclei/quasars, as shown
in Section 4.7. There is no conclusive evidence that the SIMBAD-matched population differs
considerably from the population that was not matched.
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Jean-Antoine Piccolo, A., Kontizas, M., Lebreton, Y., Licata, E. L., Lindstrøm, H. E. P., Livanou,
E., Magdaleno Romeo, A., Manteiga, M., Marocco, F., Martayan, C., Marshall, D. J., Nicolas,
C., Ordenovic, C., Palicio, P. A., Pallas-Quintela, L., Pichon, B., Poggio, E., Recio-Blanco,
A., Riclet, F., Santoveña, R., Schultheis, M. S., Segol, M., Silvelo, A., Smart, R. L., Süveges,
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Matijevič, G., Mazeh, T., McMillan, P. J., Messina, S., Mestre, A., Michalik, D., Millar, N. R.,
Miranda, B. M. H., Molina, D., Molinaro, R., Molinaro, M., Molnár, L., Moniez, M., Montegriffo,
P., Monteiro, D., Mor, R., Mora, A., Morbidelli, R., Morel, T., Morgenthaler, S., Morley, T.,
Morris, D., Mulone, A. F., Muraveva, T., Musella, I., Narbonne, J., Nelemans, G., Nicastro,
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Prša, A., Pulone, L., Ragaini, S., Rago, S., Rambaux, N., Ramos-Lerate, M., Ranalli, P., Rauw,
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D., Marinoni, S., Marocco, F., Marshall, D. J., Martin Polo, L., Mart́ın-Fleitas, J. M., Marton,
G., Mary, N., Masip, A., Massari, D., Mastrobuono-Battisti, A., Mazeh, T., McMillan, P. J.,
Messina, S., Michalik, D., Millar, N. R., Mints, A., Molina, D., Molinaro, R., Molnár, L., Monari,
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A Atoms with high correlation with G (ρ > 0.3)

Atom ρg

18 0.458224
2 0.346503

Table 17: Atoms with high correlation with G (ρ > 0.3) in DC .
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Atom ρg

38 0.500679
12 0.484630
86 0.475780

123 0.451486
149 0.450542
81 0.449086
52 0.448065

197 0.445908
18 0.440602
47 0.438554

125 0.438337
255 0.437747
110 0.437608
39 0.437352

179 0.435869
8 0.435841

53 0.435633
168 0.432387
171 0.430278
205 0.429576
215 0.429153
204 0.428207
116 0.423955
82 0.423293
9 0.422352

243 0.422346
75 0.422294

Atom ρg

50 0.421256
196 0.420663
184 0.420581
151 0.418883
100 0.416295
92 0.413285

145 0.412514
155 0.412058
225 0.411651
217 0.411288
94 0.411153

108 -0.409178
188 0.408364
78 0.406909
13 0.406544

233 0.406237
232 0.405133
251 0.402185
247 0.401716
72 0.399798

216 0.399182
241 0.398675
54 0.398459
84 0.398273
29 0.397965

121 0.397868
249 0.397711

Atom ρg

48 0.397173
45 0.396846

126 0.396496
67 0.393427
62 0.391601

246 0.391555
202 0.391084
189 0.389971
79 0.389397

169 0.388248
25 0.387568
74 0.386860

111 0.385696
244 0.381033
174 0.379192
143 0.378555
60 0.377736

235 0.376506
112 -0.373295
213 0.372872
175 0.372594
146 0.370766
87 0.370740

150 0.369349
43 0.367613

209 0.365114
239 0.364268

Atom ρg

210 0.363289
83 0.363208
26 0.361497

119 0.361484
165 0.360231
238 0.358210
254 0.356337
157 0.355834
95 0.350337
49 0.346535

220 0.342300
32 0.341803

120 0.339190
4 0.339184

24 0.338855
135 0.337951
34 0.337842
85 0.334373

107 -0.333646
178 0.328482
228 -0.327442
161 0.325912
89 -0.320160

172 -0.316509
20 0.315838

221 -0.307590
177 -0.304024
129 0.303312

Table 18: Atoms with high correlation with G (|ρg| > 0.3) in DH .
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B Per-atom SIMBAD cross-match statistics

B.1 Compact Dictionary DC

Table 19: SIMBAD object types of the stars each atom in DC activates on, ranked by Poisson significance of the largest
overrepresented class.

Atom Nmatch Hit rate Dominant Frac. Enrich. zmax Over-represented Types

7 20670 0.047 LP? 0.256 3.646 100.8 LP?:3.6x(z101), LP*:2.9x(z80), Mi*:3.7x(z35) LP?:5295, LP*:5266, *:3991
14 20604 0.059 LP* 0.254 2.863 79.6 LP*:2.9x(z80), LP?:3.1x(z79), Em*:2.6x(z38) LP*:5227, LP?:4471, *:4004
18 18519 0.018 * 0.566 1.039 53.1 EB*:2.3x(z53), RR*:2.6x(z26), WD*:2.1x(z16) *:10486, EB*:3934, RR*:690
4 36405 0.046 * 0.439 0.805 49.8 LP?:2.0x(z50), LP*:1.8x(z46), Mi*:2.1x(z19) *:15966, LP*:5838, LP?:5075
9 10021 0.017 * 0.464 0.850 48.5 EB*:2.6x(z48), RR*:2.4x(z17), El*:3.3x(z9) *:4645, EB*:2417, LP*:938

12 26761 0.030 * 0.640 1.174 42.0 EB*:1.8x(z42), WD*:1.8x(z15), Pu*:2.5x(z14) *:17121, EB*:4597, SB*:681
2 22647 0.031 * 0.390 0.715 40.7 LP?:2.0x(z41), WD*:2.5x(z26), EB*:1.5x(z23) *:8822, LP?:3215, EB*:3179

10 19954 0.023 * 0.642 1.179 38.0 EB*:1.9x(z38), RG*:2.5x(z24), Pe*:2.3x(z13) *:12818, EB*:3502, RG*:668
5 11207 0.021 * 0.460 0.844 36.9 EB*:2.1x(z37), RR*:2.1x(z14), Mi*:2.2x(z12) *:5158, EB*:2238, LP*:1319

15 22539 0.028 * 0.436 0.800 35.8 LP*:1.8x(z36), Mi*:2.8x(z25), LP?:1.5x(z20) *:9837, LP*:3597, EB*:2971
6 26741 0.074 * 0.550 1.009 34.0 RR*:2.7x(z34), WD*:2.7x(z31), AGN:2.9x(z23) *:14709, EB*:2615, LP?:1577

11 22989 0.025 * 0.672 1.233 27.5 EB*:1.6x(z27), RG*:1.7x(z13), Pe*:1.6x(z7) *:15454, EB*:3419, SB*:694
19 21822 0.023 * 0.599 1.099 24.1 EB*:1.5x(z24), RG*:2.0x(z17), Pe*:2.1x(z11) *:13073, EB*:3126, LP*:912
0 23596 0.029 * 0.685 1.257 24.1 RG*:2.3x(z24), SB*:1.5x(z11), Pe*:1.9x(z10) *:16167, EB*:2377, LP*:1134

22 14960 0.024 * 0.523 0.959 24.0 EB*:1.6x(z24), BY*:3.7x(z18), Em*:1.8x(z16) *:7820, EB*:2293, LP*:1394
16 21131 0.034 * 0.566 1.038 22.2 WD*:2.4x(z22), RR*:2.0x(z18), HS?:2.5x(z9) *:11960, EB*:2345, LP*:1082
20 13898 0.025 * 0.509 0.934 21.1 WD*:2.6x(z21), C*:4.5x(z21), AB?:3.5x(z18) *:7073, LP*:1768, EB*:1626
1 27020 0.033 * 0.699 1.282 18.5 EB*:1.4x(z19), RR*:1.9x(z19), Pe*:1.6x(z7) *:18878, EB*:3453, SB*:888

23 27737 0.026 * 0.714 1.311 15.4 EB*:1.3x(z15), SB*:1.4x(z9), BY*:2.1x(z9) *:19816, EB*:3370, PM*:1131
13 32357 0.036 * 0.541 0.993 15.1 LP?:1.3x(z15), Mi*:1.8x(z13), RR*:1.5x(z11) *:17516, LP*:3356, LP?:2992
3 45567 0.042 * 0.703 1.290 12.4 SB*:1.4x(z12), RG*:1.3x(z9), PM*:1.1x(z5) *:32029, EB*:3358, PM*:1932

21 26010 0.029 * 0.732 1.342 11.0 RG*:1.6x(z11), SB*:1.4x(z10), HB*:1.3x(z3) *:19032, EB*:2565, PM*:1066
17 42357 0.046 * 0.650 1.193 11.0 PM*:1.3x(z11), Pu*:1.5x(z6), SB*:1.2x(z5) *:27552, EB*:2941, PM*:2039
8 25309 0.040 * 0.747 1.370 9.8 SB*:1.4x(z10), gD*:3.0x(z9), Pu*:1.9x(z8) *:18901, EB*:2435, PM*:1076

65



Table 20: SIMBAD object types of the stars that make up the top 1% of activations of each atom in DC , ranked by Poisson
significance of the largest overrepresented class.

Atom Nmatch Hit rate Dominant Frac. Enrich. zmax Over-represented Types

20 269 0.049 C* 0.338 131.823 108.7 C*:131.8x(z109), WD*:26.6x(z47), Mi*:11.5x(z16) C*:91, WD*:88, Mi*:26
4 5155 0.657 LP? 0.459 6.530 105.2 LP?:6.5x(z105), LP*:4.7x(z78), Mi*:12.6x(z76) LP?:2365, LP*:2130, Mi*:543

12 949 0.107 * 0.415 0.762 100.9 WD*:30.5x(z101), QSO:10.1x(z12), AGN:4.2x(z8) *:394, WD*:356, EB*:72
7 3041 0.690 LP? 0.498 7.087 89.0 LP?:7.1x(z89), Mi*:13.2x(z62), LP*:4.2x(z53) LP?:1514, LP*:1143, Mi*:337

15 4170 0.509 LP? 0.425 6.052 86.5 LP?:6.1x(z86), Mi*:14.2x(z78), LP*:4.1x(z60) LP?:1773, LP*:1517, Mi*:497
13 3739 0.417 LP? 0.426 6.061 82.0 LP?:6.1x(z82), LP*:4.7x(z68), Mi*:10.0x(z51) LP?:1592, LP*:1561, Mi*:314
6 649 0.180 EB* 0.277 2.972 75.0 HS?:67.4x(z75), WD*:20.7x(z56), EB*:3.0x(z15) EB*:180, WD*:165, *:134

18 626 0.061 WD* 0.305 24.838 66.1 WD*:24.8x(z66), AGN:27.9x(z52), QSO:30.7x(z33) WD*:191, AGN:105, *:77
5 473 0.090 Mi* 0.264 31.551 60.8 Mi*:31.6x(z61), C*:28.0x(z30), AGN:8.8x(z13) Mi*:125, LP?:81, EB*:56

11 225 0.024 WD* 0.413 33.648 54.3 WD*:33.6x(z54), AGN:11.8x(z13), EB*:2.6x(z7) WD*:93, EB*:54, *:31
14 1778 0.507 PM* 0.215 5.700 38.5 PM*:5.7x(z39), Em*:4.8x(z26), Mi*:7.6x(z25) PM*:383, LP?:374, LP*:294
2 396 0.053 LP? 0.197 2.804 35.0 Mi*:20.2x(z35), RR*:7.7x(z16), LP?:2.8x(z10) LP?:78, Mi*:67, RR*:44
1 317 0.039 RR* 0.243 16.784 33.8 RR*:16.8x(z34), WD*:11.3x(z20), Pe*:5.6x(z6) RR*:77, *:72, EB*:61

17 2328 0.251 * 0.631 1.158 31.5 HS?:15.7x(z32), WD*:5.8x(z26), Pu*:7.2x(z17) *:1470, EB*:252, WD*:165
3 357 0.033 * 0.218 0.401 20.6 RR*:10.1x(z21), WD*:6.4x(z11), EB*:2.3x(z7) *:78, EB*:76, RR*:52

21 289 0.032 * 0.671 1.232 19.2 AGN:15.5x(z19), QSO:12.2x(z8), WD*:2.8x(z3) *:194, AGN:27, EB*:19
19 330 0.035 * 0.448 0.823 18.5 AGN:14.1x(z18), WD*:7.4x(z13), **:12.9x(z9) *:148, EB*:41, WD*:30
10 150 0.018 EB* 0.547 5.858 18.2 EB*:5.9x(z18), Pe*:6.6x(z5), SB*:1.5x(z1) EB*:82, *:46, SB*:6
22 192 0.030 * 0.458 0.841 15.5 PM*:6.8x(z15), Mi*:13.1x(z15), LM*:17.3x(z11) *:88, PM*:49, Mi*:21
9 168 0.028 * 0.220 0.404 15.0 QSO:27.1x(z15), AGN:13.8x(z13), Mi*:10.7x(z11) *:37, EB*:34, Em*:22

16 144 0.023 LP? 0.299 4.251 12.2 WD*:10.2x(z12), LP?:4.3x(z10), RR*:7.2x(z9) LP?:43, EB*:19, WD*:18
23 180 0.017 * 0.511 0.938 10.0 PM*:4.9x(z10), SB*:2.1x(z2), EB*:1.5x(z2) *:92, PM*:33, EB*:26
0 1464 0.183 * 0.891 1.634 6.7 SB*:2.1x(z7), RG*:1.0x(z0) *:1304, SB*:80, LP*:23
8 1111 0.174 * 0.840 1.541 6.6 SB*:2.2x(z7), PM*:1.8x(z5) *:933, PM*:76, SB*:65
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Table 21: Atoms in DC holding a majority of a single SIMBAD class, ranked by specialization ζ.

Atom Class Natom Ntotal Coverage Atom frac. Spec.

3 * 32029 41843 0.765 0.703 0.538
17 * 27552 41843 0.658 0.650 0.428
7 LP? 5295 5393 0.982 0.256 0.252
7 LP* 5266 6801 0.774 0.255 0.197

14 LP* 5227 6801 0.769 0.254 0.195
14 LP? 4471 5393 0.829 0.217 0.180
4 LP* 5838 6801 0.858 0.160 0.138
4 LP? 5075 5393 0.941 0.139 0.131

18 EB* 3934 7164 0.549 0.212 0.117
12 EB* 4597 7164 0.642 0.172 0.110
2 LP? 3215 5393 0.596 0.142 0.085

15 LP* 3597 6801 0.529 0.160 0.084
13 LP? 2992 5393 0.555 0.092 0.051
14 Em* 1402 1973 0.711 0.068 0.048
6 RR* 1056 1111 0.950 0.039 0.038

17 PM* 2039 2901 0.703 0.048 0.034
6 WD* 895 943 0.949 0.033 0.032
7 Mi* 637 643 0.991 0.031 0.031
3 SB* 1625 2016 0.806 0.036 0.029
3 PM* 1932 2901 0.666 0.042 0.028
7 Em* 1059 1973 0.537 0.051 0.027
2 WD* 709 943 0.752 0.031 0.024

18 RR* 690 1111 0.621 0.037 0.023
0 RG* 752 1044 0.720 0.032 0.023
4 PM* 1557 2901 0.537 0.043 0.023

10 RG* 668 1044 0.640 0.033 0.021
15 Mi* 535 643 0.832 0.024 0.020
17 SB* 1282 2016 0.636 0.030 0.019
16 WD* 618 943 0.655 0.029 0.019
1 RR* 757 1111 0.681 0.028 0.019

14 Mi* 498 643 0.774 0.024 0.019
6 AGN 459 462 0.994 0.017 0.017
4 Mi* 630 643 0.980 0.017 0.017

16 RR* 616 1111 0.554 0.029 0.016
2 Mi* 485 643 0.754 0.021 0.016

19 RG* 591 1044 0.566 0.027 0.015
3 RG* 833 1044 0.798 0.018 0.015

12 WD* 603 943 0.639 0.023 0.014
13 RR* 696 1111 0.626 0.022 0.013
18 WD* 472 943 0.501 0.025 0.013
11 RG* 539 1044 0.516 0.023 0.012
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Atom Class Natom Ntotal Coverage Atom frac. Spec.

21 RG* 560 1044 0.536 0.022 0.012
3 RR* 760 1111 0.684 0.017 0.011

14 AGN 327 462 0.708 0.016 0.011
13 Mi* 480 643 0.747 0.015 0.011
12 RR* 562 1111 0.506 0.021 0.011
4 RG* 622 1044 0.596 0.017 0.010

23 RG* 535 1044 0.512 0.019 0.010
14 AB? 241 290 0.831 0.012 0.010
20 C* 160 197 0.812 0.012 0.009
6 Pu* 247 253 0.976 0.009 0.009

17 WD* 585 943 0.620 0.014 0.009
20 AB? 183 290 0.631 0.013 0.008
18 AGN 265 462 0.574 0.014 0.008
7 C* 182 197 0.924 0.009 0.008

22 BY* 157 217 0.724 0.010 0.008
17 RR* 596 1111 0.536 0.014 0.008
6 Mi* 357 643 0.555 0.013 0.007

17 RG* 566 1044 0.542 0.013 0.007
12 Pu* 221 253 0.874 0.008 0.007
10 Pe* 233 386 0.604 0.012 0.007
15 C* 174 197 0.883 0.008 0.007
18 Pe* 216 386 0.560 0.012 0.007
19 AGN 254 462 0.550 0.012 0.006
7 AB? 194 290 0.669 0.009 0.006

19 Pe* 226 386 0.585 0.010 0.006
0 Pe* 228 386 0.591 0.010 0.006
6 HS? 151 151 1.000 0.006 0.006
6 QSO 149 152 0.980 0.006 0.005

20 HS? 107 151 0.709 0.008 0.005
14 LM* 144 185 0.778 0.007 0.005
4 Y*? 307 494 0.621 0.008 0.005

18 Pu* 149 253 0.589 0.008 0.005
1 Pe* 220 386 0.570 0.008 0.005
4 AGN 278 462 0.602 0.008 0.005

10 BY* 140 217 0.645 0.007 0.005
3 Pe* 281 386 0.728 0.006 0.004

10 RS* 140 219 0.639 0.007 0.004
17 Pu* 215 253 0.850 0.005 0.004
23 BY* 161 217 0.742 0.006 0.004
3 V* 305 482 0.633 0.007 0.004
0 HB* 164 277 0.592 0.007 0.004
8 Pu* 160 253 0.632 0.006 0.004

23 Pe* 200 386 0.518 0.007 0.004
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Atom Class Natom Ntotal Coverage Atom frac. Spec.

14 QSO 107 152 0.704 0.005 0.004
17 Y*? 276 494 0.559 0.007 0.004
19 BY* 131 217 0.604 0.006 0.004
13 BY* 157 217 0.724 0.005 0.004
12 RS* 143 219 0.653 0.005 0.003
17 HB* 196 277 0.708 0.005 0.003
16 HS? 102 151 0.675 0.005 0.003
4 LM* 145 185 0.784 0.004 0.003

19 RS* 120 219 0.548 0.005 0.003
0 BY* 124 217 0.571 0.005 0.003
7 LM* 104 185 0.562 0.005 0.003
3 Y*? 250 494 0.506 0.005 0.003

18 QSO 88 152 0.579 0.005 0.003
12 dS* 77 81 0.951 0.003 0.003
20 s*r 48 63 0.762 0.003 0.003
4 HB* 159 277 0.574 0.004 0.003
3 HB* 177 277 0.639 0.004 0.002
6 dS* 73 81 0.901 0.003 0.002

13 C* 124 197 0.629 0.004 0.002
8 gD* 62 63 0.984 0.002 0.002

18 dS* 60 81 0.741 0.003 0.002
2 HS? 90 151 0.596 0.004 0.002
6 gD* 63 63 1.000 0.002 0.002

23 RS* 118 219 0.539 0.004 0.002
1 RS* 116 219 0.530 0.004 0.002

12 gD* 61 63 0.968 0.002 0.002
13 RS* 125 219 0.571 0.004 0.002
7 HS? 79 151 0.523 0.004 0.002
6 ** 82 126 0.651 0.003 0.002

17 C* 129 197 0.655 0.003 0.002
3 RS* 141 219 0.644 0.003 0.002

17 ** 103 126 0.817 0.002 0.002
14 s*r 50 63 0.794 0.002 0.002
17 HS? 110 151 0.728 0.003 0.002
2 QSO 79 152 0.520 0.003 0.002
3 Pu* 144 253 0.569 0.003 0.002
7 El* 65 125 0.520 0.003 0.002
8 dS* 57 81 0.704 0.002 0.002
3 ** 94 126 0.746 0.002 0.002
4 QSO 92 152 0.605 0.003 0.002

17 gD* 62 63 0.984 0.001 0.001
1 dS* 56 81 0.691 0.002 0.001
1 cC* 65 114 0.570 0.002 0.001
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Atom Class Natom Ntotal Coverage Atom frac. Spec.

18 gD* 39 63 0.619 0.002 0.001
17 cC* 79 114 0.693 0.002 0.001
2 cC* 57 114 0.500 0.003 0.001

13 cC* 68 114 0.596 0.002 0.001
8 ** 63 126 0.500 0.002 0.001
3 gD* 56 63 0.889 0.001 0.001
3 cC* 75 114 0.658 0.002 0.001
3 dS* 59 81 0.728 0.001 0.001
4 s*r 40 63 0.635 0.001 0.001
1 gD* 34 63 0.540 0.001 0.001

13 dS* 41 81 0.506 0.001 0.001

B.2 High-Capacity Dictionary DH
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Table 22: SIMBAD object types of the stars each atom in DH activates on, ranked by Poisson significance of the largest excess.

Atom Nmatch Hit rate Dominant Frac. Enrich. zmax Over-represented Types

229 10143 0.267 LP? 0.430 6.1 136.8 LP?:6.1x(z137), LP*:4.3x(z98), Mi*:7.1x(z56) LP?:4365, LP*:3833, Mi*:604
36 1821 0.091 LP* 0.259 2.9 100.1 Mi*:26.6x(z100), AGN:9.8x(z29), LP*:2.9x(z24) LP*:472, Mi*:406, LP?:358
107 11092 0.189 LP* 0.359 4.1 95.7 LP*:4.1x(z96), LP?:4.1x(z87), PM*:2.1x(z23) LP*:3982, LP?:3220, *:1125
54 2472 0.017 * 0.364 0.7 92.7 WD*:17.8x(z93), AGN:8.9x(z31), RR*:3.9x(z17) *:901, WD*:541, EB*:487
55 4212 0.119 LP? 0.430 6.1 88.1 LP?:6.1x(z88), LP*:3.9x(z56), Mi*:3.5x(z15) LP?:1812, LP*:1457, *:287
93 3181 0.262 LP? 0.340 4.8 87.4 Mi*:17.9x(z87), LP?:4.8x(z57), C*:17.6x(z48) LP?:1081, LP*:799, Mi*:478
142 6074 0.087 * 0.266 0.5 80.7 Em*:7.5x(z81), PM*:4.5x(z54), LP*:2.0x(z23) *:1613, Em*:1165, LP*:1083
40 8232 0.187 * 0.522 1.0 77.0 WD*:8.7x(z77), AGN:8.9x(z55), HS?:9.3x(z34) *:4299, WD*:875, EB*:806
89 7046 0.462 LP* 0.355 4.0 75.5 LP?:4.4x(z75), LP*:4.0x(z75), Mi*:9.8x(z67) LP*:2499, LP?:2174, Mi*:576
71 4546 0.084 LP? 0.363 5.2 74.6 LP?:5.2x(z75), Mi*:11.0x(z62), LP*:3.6x(z52) LP?:1652, LP*:1456, Mi*:418
98 2724 0.173 LP? 0.345 4.9 72.9 Mi*:16.3x(z73), LP?:4.9x(z54), LP*:3.0x(z32) LP?:939, LP*:731, Mi*:371
191 696 0.015 WD* 0.302 24.6 68.9 WD*:24.6x(z69), Em*:3.8x(z12), El*:5.3x(z5) WD*:210, *:123, LP*:95
70 3593 0.100 LP* 0.321 3.6 66.5 WD*:11.0x(z67), HS?:19.8x(z50), LP*:3.6x(z47) LP*:1152, *:762, WD*:486
82 2898 0.016 * 0.375 0.7 63.6 RR*:10.8x(z64), EB*:3.1x(z35), cC*:10.2x(z19) *:1087, EB*:841, RR*:454
31 2658 0.038 * 0.346 0.6 62.9 Em*:8.6x(z63), LP*:2.0x(z16), PM*:2.3x(z13) *:920, Em*:588, LP*:476
144 3544 0.070 LP* 0.285 3.2 60.3 C*:21.0x(z60), LP*:3.2x(z39), Mi*:8.0x(z38) LP*:1010, LP?:646, *:477
226 2897 0.063 LP? 0.367 5.2 60.2 LP?:5.2x(z60), LP*:4.0x(z47), RG*:2.4x(z9) LP?:1062, LP*:1014, *:273
252 3154 0.069 LP? 0.343 4.9 57.8 LP?:4.9x(z58), Mi*:10.6x(z49), LP*:3.5x(z42) LP?:1082, LP*:979, Mi*:279
163 2810 0.031 * 0.449 0.8 57.6 RR*:10.0x(z58), EB*:2.3x(z21), AGN:3.2x(z9) *:1261, EB*:610, RR*:408
15 7782 0.058 * 0.646 1.2 56.9 WD*:6.8x(z57), Pu*:4.9x(z20), AGN:3.7x(z19) *:5029, EB*:1013, WD*:652
115 2809 0.015 * 0.449 0.8 56.3 EB*:4.5x(z56), RS*:3.7x(z8), V*:2.4x(z6) *:1261, EB*:1173, RR*:55
210 4995 0.026 * 0.532 1.0 56.0 RR*:7.6x(z56), AGN:3.4x(z13), EB*:1.5x(z10) *:2659, EB*:688, RR*:548
119 2533 0.011 * 0.448 0.8 54.4 EB*:4.5x(z54), RR*:2.3x(z8), RG*:2.0x(z6) *:1134, EB*:1073, RR*:83
88 6848 0.091 * 0.463 0.8 54.0 RR*:6.4x(z54), AGN:9.2x(z52), WD*:5.8x(z44) *:3168, EB*:878, RR*:637
64 2378 0.046 LP? 0.359 5.1 53.1 LP?:5.1x(z53), LP*:2.6x(z24), Mi*:5.9x(z22) LP?:854, LP*:554, *:308
116 2791 0.014 * 0.431 0.8 53.1 RR*:9.4x(z53), EB*:3.0x(z32), AGN:3.5x(z10) *:1204, EB*:779, RR*:378
175 2549 0.011 * 0.464 0.9 52.7 EB*:4.4x(z53), RR*:2.6x(z10), V*:2.3x(z5) *:1183, EB*:1051, RR*:95
208 2149 0.029 * 0.315 0.6 52.3 WD*:11.2x(z52), RR*:6.5x(z31), EB*:2.3x(z18) *:676, EB*:459, WD*:295
67 3291 0.015 * 0.420 0.8 52.2 EB*:4.0x(z52), RR*:3.9x(z20), RG*:3.2x(z15) *:1381, EB*:1222, RR*:185
60 2903 0.012 * 0.467 0.9 51.9 EB*:4.2x(z52), RR*:3.0x(z13), V*:2.6x(z7) *:1357, EB*:1125, RR*:126
42 2556 0.015 * 0.443 0.8 49.9 EB*:4.2x(z50), RR*:4.1x(z19), RG*:2.3x(z8) *:1132, EB*:1009, RR*:151
25 2510 0.010 * 0.519 1.0 49.6 EB*:4.2x(z50), BY*:1.8x(z2), RS*:1.7x(z2) *:1302, EB*:993, RG*:26
104 8348 0.059 * 0.602 1.1 49.5 RR*:5.5x(z50), AGN:3.9x(z21), Pu*:4.1x(z16) *:5028, EB*:947, RR*:665
239 2615 0.012 * 0.474 0.9 49.4 EB*:4.2x(z49), RR*:2.7x(z11), El*:3.1x(z4) *:1239, EB*:1015, RR*:103
227 2357 0.022 * 0.535 1.0 48.8 C*:20.8x(z49), s*r:13.4x(z17), LP*:2.1x(z15) *:1261, LP*:430, EB*:195
251 2836 0.012 * 0.490 0.9 48.5 EB*:4.0x(z49), RR*:2.2x(z8), cC*:2.6x(z3) *:1389, EB*:1054, RR*:90
133 4081 0.017 * 0.508 0.9 47.6 EB*:3.4x(z48), RG*:2.8x(z14), Pe*:3.0x(z9) *:2074, EB*:1310, RG*:157
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Atom Nmatch Hit rate Dominant Frac. Enrich. zmax Over-represented Types

202 2462 0.011 * 0.452 0.8 47.1 EB*:4.1x(z47), RR*:3.7x(z16), cC*:4.1x(z6) *:1114, EB*:944, RR*:131
65 9965 0.151 * 0.613 1.1 46.9 RR*:4.9x(z47), HS?:7.7x(z30), AGN:4.6x(z28) *:6108, EB*:847, RR*:708
166 4607 0.088 * 0.198 0.4 46.7 PM*:4.5x(z47), Em*:4.7x(z40), Mi*:6.6x(z35) *:913, PM*:790, LP*:746
235 2557 0.011 * 0.497 0.9 46.3 EB*:4.0x(z46), RR*:2.5x(z9), El*:4.8x(z8) *:1270, EB*:954, RR*:91
220 2187 0.013 * 0.481 0.9 46.1 EB*:4.2x(z46), El*:5.1x(z8), RR*:2.1x(z6) *:1052, EB*:863, RR*:66
17 2449 0.022 * 0.483 0.9 45.3 EB*:4.0x(z45), RS*:6.4x(z14), RR*:3.3x(z14) *:1184, EB*:914, RR*:116
216 2480 0.010 * 0.501 0.9 44.9 EB*:3.9x(z45), RR*:2.5x(z9), V*:2.1x(z4) *:1242, EB*:914, RR*:90
135 2109 0.013 * 0.473 0.9 44.5 EB*:4.2x(z44), El*:5.0x(z7), RR*:1.5x(z3) *:997, EB*:821, LP*:85
134 2187 0.022 LP* 0.370 4.2 44.2 LP*:4.2x(z44), AB?:4.6x(z10), Em*:2.0x(z8) LP*:809, *:705, EB*:303
85 2414 0.011 * 0.522 1.0 43.5 EB*:3.9x(z43), V*:2.2x(z5), RS*:2.8x(z5) *:1259, EB*:878, RR*:47
129 2157 0.014 * 0.470 0.9 42.5 EB*:4.0x(z42), El*:4.3x(z6), Pe*:2.5x(z5) *:1014, EB*:804, RR*:57
174 2682 0.011 * 0.483 0.9 42.4 EB*:3.7x(z42), RR*:3.7x(z17), RG*:2.2x(z7) *:1295, EB*:921, RR*:144
111 2743 0.015 * 0.444 0.8 42.1 WD*:8.3x(z42), EB*:3.1x(z33), AGN:5.1x(z17) *:1218, EB*:782, WD*:278
179 3068 0.015 * 0.473 0.9 41.9 EB*:3.5x(z42), RR*:3.9x(z20), AGN:2.6x(z7) *:1451, EB*:995, RR*:175
243 2989 0.011 * 0.529 1.0 41.7 EB*:3.5x(z42), RR*:2.5x(z10), cC*:2.7x(z4) *:1582, EB*:975, RR*:107
121 2917 0.012 * 0.542 1.0 41.3 EB*:3.5x(z41), RG*:2.7x(z11), RS*:4.2x(z9) *:1580, EB*:954, RG*:106
50 2351 0.011 * 0.487 0.9 40.7 EB*:3.7x(z41), AGN:3.5x(z9), WD*:2.1x(z6) *:1144, EB*:822, WD*:62
87 6740 0.035 * 0.655 1.2 40.4 RR*:5.1x(z40), EB*:1.5x(z13), Pu*:3.2x(z10) *:4416, EB*:952, RR*:497
143 2249 0.010 * 0.531 1.0 40.2 EB*:3.8x(z40), El*:3.3x(z4), V*:2.1x(z4) *:1194, EB*:792, RR*:38
215 3017 0.016 * 0.471 0.9 40.2 RR*:7.1x(z40), EB*:3.0x(z34), cC*:7.6x(z14) *:1420, EB*:850, RR*:309
73 2660 0.013 * 0.449 0.8 40.0 EB*:3.5x(z40), RR*:4.6x(z22), RG*:3.7x(z16) *:1195, EB*:878, RR*:177
94 2532 0.012 * 0.545 1.0 39.9 EB*:3.6x(z40), El*:3.2x(z4), HB*:1.8x(z2) *:1381, EB*:850, RG*:47
0 3126 0.043 * 0.355 0.7 39.6 AB?:12.5x(z40), LP*:3.1x(z36), Em*:3.4x(z22) *:1110, LP*:869, Em*:275

213 2341 0.010 * 0.532 1.0 39.4 EB*:3.7x(z39), RR*:2.1x(z6), BY*:2.6x(z4) *:1246, EB*:801, RR*:70
100 2950 0.011 * 0.558 1.0 39.3 EB*:3.4x(z39), cC*:3.2x(z5), BY*:2.3x(z4) *:1645, EB*:927, RG*:63
246 2530 0.011 * 0.517 0.9 39.0 EB*:3.5x(z39), RR*:3.8x(z17), cC*:4.0x(z6) *:1307, EB*:836, RR*:138
249 2874 0.013 * 0.495 0.9 38.9 EB*:3.4x(z39), RR*:3.3x(z15), WD*:3.1x(z12) *:1423, EB*:906, RR*:137
242 4863 0.050 * 0.615 1.1 38.7 WD*:6.0x(z39), AGN:6.8x(z32), Pu*:4.5x(z14) *:2992, EB*:502, WD*:359
190 3596 0.018 * 0.491 0.9 38.4 EB*:3.1x(z38), RG*:3.1x(z15), Pe*:3.7x(z11) *:1767, EB*:1039, RG*:153
244 2375 0.010 * 0.500 0.9 38.3 EB*:3.6x(z38), RR*:4.4x(z20), RG*:1.6x(z3) *:1187, EB*:792, RR*:152
78 2422 0.010 * 0.530 1.0 38.3 EB*:3.5x(z38), RR*:2.5x(z9), cC*:3.1x(z4) *:1283, EB*:802, RR*:89
84 3654 0.016 * 0.559 1.0 38.3 EB*:3.1x(z38), RG*:2.6x(z11), V*:2.1x(z5) *:2044, EB*:1048, RG*:127
199 1618 0.009 * 0.448 0.8 38.2 EB*:4.1x(z38), WD*:3.0x(z9), RR*:2.6x(z8) *:725, EB*:621, RR*:60
238 2481 0.012 * 0.531 1.0 38.2 EB*:3.5x(z38), BY*:9.3x(z22), RS*:5.2x(z11) *:1318, EB*:813, BY*:65
204 2039 0.011 * 0.453 0.8 38.2 EB*:3.8x(z38), WD*:3.8x(z14), RR*:3.3x(z12) *:924, EB*:717, RR*:96
224 3950 0.021 * 0.525 1.0 38.1 EB*:3.0x(z38), BY*:4.4x(z11), RS*:4.1x(z10) *:2073, EB*:1101, SB*:120
62 2185 0.009 * 0.549 1.0 37.5 EB*:3.6x(z38), El*:4.2x(z6), V*:1.9x(z3) *:1200, EB*:740, RR*:46
49 2591 0.011 * 0.569 1.0 37.4 EB*:3.4x(z37), RG*:3.3x(z14), cC*:2.1x(z2) *:1473, EB*:824, RG*:117
114 3069 0.020 * 0.431 0.8 37.1 LP*:3.3x(z37), EB*:1.9x(z16), El*:2.8x(z4) *:1324, LP*:884, EB*:557
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145 2671 0.010 * 0.575 1.1 37.1 EB*:3.3x(z37), RG*:2.1x(z7), HB*:2.6x(z5) *:1535, EB*:835, RG*:78
236 3162 0.017 * 0.485 0.9 36.8 EB*:3.1x(z37), RR*:6.0x(z34), RS*:3.9x(z9) *:1532, EB*:928, RR*:273
74 2714 0.010 * 0.557 1.0 36.7 EB*:3.3x(z37), RG*:1.9x(z5), V*:2.1x(z4) *:1513, EB*:837, RG*:69
26 3533 0.016 * 0.548 1.0 36.5 EB*:3.0x(z36), RR*:3.7x(z19), V*:2.0x(z5) *:1935, EB*:992, RR*:188
56 4608 0.024 * 0.608 1.1 36.5 EB*:2.8x(z36), RS*:3.7x(z10), dS*:4.7x(z8) *:2803, EB*:1186, SB*:135
254 2481 0.011 * 0.551 1.0 36.4 EB*:3.4x(z36), BY*:3.6x(z7), V*:2.6x(z6) *:1366, EB*:786, LP*:49
205 2353 0.013 * 0.449 0.8 36.4 EB*:3.5x(z36), RR*:4.3x(z19), AGN:5.4x(z16) *:1057, EB*:759, RR*:147
68 5138 0.040 * 0.526 1.0 36.3 RR*:5.2x(z36), cC*:3.4x(z7), Pu*:2.5x(z6) *:2705, EB*:554, LP?:421
203 2484 0.070 LP* 0.268 3.0 36.0 Mi*:8.9x(z36), AGN:9.0x(z31), LP*:3.0x(z30) LP*:665, LP?:415, *:264
209 3635 0.015 * 0.510 0.9 35.9 EB*:2.9x(z36), RG*:3.7x(z19), RR*:2.9x(z13) *:1855, EB*:1000, RG*:183
189 2386 0.009 * 0.541 1.0 35.6 EB*:3.4x(z36), RR*:3.4x(z14), RG*:1.5x(z3) *:1290, EB*:754, RR*:119
232 3352 0.014 * 0.541 1.0 35.6 EB*:3.0x(z36), RR*:2.5x(z10), V*:2.7x(z8) *:1813, EB*:942, RR*:120
184 2340 0.012 * 0.451 0.8 35.4 EB*:3.4x(z35), RR*:5.6x(z26), cC*:6.9x(z11) *:1056, EB*:742, RR*:188
162 4843 0.024 * 0.527 1.0 35.0 EB*:2.6x(z35), BY*:5.7x(z17), Pe*:3.2x(z11) *:2551, EB*:1195, RR*:146
156 2659 0.042 LP* 0.290 3.3 35.0 LP*:3.3x(z35), Em*:3.4x(z20), AB?:7.0x(z19) LP*:772, *:608, LP?:433
29 3229 0.013 * 0.554 1.0 34.9 EB*:3.0x(z35), RG*:2.9x(z13), Pe*:3.6x(z11) *:1789, EB*:908, RG*:129
57 1839 0.011 * 0.463 0.8 34.5 EB*:3.6x(z34), RR*:4.5x(z18), RG*:2.5x(z7) *:851, EB*:623, RR*:121
126 2340 0.010 * 0.535 1.0 34.4 EB*:3.3x(z34), RR*:2.3x(z7), cC*:4.3x(z6) *:1253, EB*:727, RR*:77
241 2853 0.011 * 0.557 1.0 34.3 EB*:3.1x(z34), RG*:1.9x(z5), cC*:2.6x(z3) *:1588, EB*:826, RG*:73
13 2254 0.010 * 0.495 0.9 34.2 EB*:3.4x(z34), RR*:3.9x(z17), WD*:2.5x(z8) *:1115, EB*:706, RR*:127
155 2226 0.009 * 0.541 1.0 34.1 EB*:3.4x(z34), RR*:3.1x(z12), WD*:2.3x(z7) *:1204, EB*:699, RR*:101
255 2343 0.010 * 0.540 1.0 34.0 EB*:3.3x(z34), RR*:3.4x(z14), cC*:6.3x(z10) *:1265, EB*:721, RR*:116
99 1946 0.016 * 0.550 1.0 33.8 EB*:3.5x(z34), RS*:3.4x(z6), El*:3.8x(z5) *:1071, EB*:637, SB*:38
24 1818 0.011 * 0.492 0.9 33.4 EB*:3.6x(z33), WD*:3.1x(z10), cC*:3.7x(z4) *:894, EB*:605, WD*:70
117 1691 0.021 * 0.406 0.7 33.1 Em*:6.0x(z33), AB?:8.0x(z18), RG*:2.7x(z8) *:686, Em*:262, LP*:172
196 3502 0.013 * 0.613 1.1 33.0 EB*:2.8x(z33), RR*:1.5x(z4), RS*:1.9x(z3) *:2147, EB*:923, RR*:77
123 2380 0.010 * 0.531 1.0 32.6 EB*:3.2x(z33), RR*:3.1x(z12), WD*:2.7x(z9) *:1263, EB*:708, RR*:106

8 2784 0.011 * 0.499 0.9 31.9 EB*:3.0x(z32), RR*:5.2x(z26), cC*:7.5x(z13) *:1388, EB*:774, RR*:208
150 2494 0.010 * 0.603 1.1 31.0 EB*:3.0x(z31), RS*:2.1x(z3), V*:1.7x(z3) *:1505, EB*:705, RR*:50

6 2091 0.013 * 0.545 1.0 30.9 BY*:13.7x(z31), EB*:2.9x(z27), RS*:4.9x(z9) *:1140, EB*:575, BY*:81
120 1432 0.011 * 0.490 0.9 30.8 EB*:3.7x(z31), El*:5.6x(z7), RR*:1.8x(z4) *:701, EB*:490, LP*:92
225 2411 0.010 * 0.606 1.1 30.8 EB*:3.1x(z31), RG*:1.4x(z2), cC*:2.0x(z2) *:1460, EB*:687, RG*:45
90 1260 0.016 EB* 0.285 3.1 30.3 AGN:12.0x(z30), RR*:7.5x(z28), QSO:16.8x(z25) EB*:359, *:334, RR*:136
4 3095 0.014 * 0.556 1.0 30.3 EB*:2.8x(z30), Pe*:3.5x(z10), RG*:2.2x(z8) *:1722, EB*:803, RG*:94

181 2455 0.023 * 0.464 0.9 30.1 LP*:3.0x(z30), LM*:4.9x(z9), AB?:2.4x(z4) *:1138, LP*:661, EB*:228
247 2687 0.011 * 0.593 1.1 30.0 EB*:2.9x(z30), RR*:1.9x(z6), cC*:3.0x(z4) *:1593, EB*:726, PM*:86
132 2062 0.024 * 0.476 0.9 30.0 LP*:3.2x(z30), s*r:14.8x(z18), AB?:5.6x(z13) *:981, LP*:588, EB*:116
146 2255 0.013 * 0.553 1.0 30.0 EB*:3.1x(z30), RR*:2.0x(z6), BY*:3.0x(z5) *:1248, EB*:645, RR*:66

9 2230 0.010 * 0.535 1.0 29.9 EB*:3.1x(z30), cC*:8.5x(z14), RR*:3.0x(z12) *:1193, EB*:640, RR*:98
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39 2742 0.013 * 0.528 1.0 29.9 RR*:5.7x(z30), EB*:2.9x(z30), WD*:2.3x(z7) *:1449, EB*:730, RR*:228
66 1481 0.011 * 0.402 0.7 29.8 EB*:3.5x(z30), RR*:3.4x(z11), LP*:1.6x(z7) *:596, EB*:488, LP*:207
48 3668 0.014 * 0.603 1.1 29.6 EB*:2.6x(z30), cC*:5.9x(z11), RG*:1.9x(z7) *:2211, EB*:890, RG*:96
72 3769 0.014 * 0.591 1.1 29.1 EB*:2.6x(z29), BY*:3.8x(z9), V*:2.2x(z6) *:2227, EB*:897, PM*:185
170 821 0.011 EB* 0.403 4.3 29.1 EB*:4.3x(z29), RR*:6.6x(z19), QSO:4.3x(z4) EB*:331, *:289, RR*:78

2 4773 0.026 * 0.572 1.0 29.1 RG*:4.6x(z29), EB*:2.2x(z26), Pe*:4.3x(z16) *:2730, EB*:997, RG*:299
177 3341 0.029 * 0.559 1.0 28.7 LP*:2.7x(z29), AB?:4.6x(z13), SB*:1.8x(z7) *:1866, LP*:790, EB*:193
164 3691 0.014 * 0.640 1.2 28.5 EB*:2.5x(z29), V*:2.1x(z5), HB*:2.2x(z4) *:2362, EB*:874, SB*:80
16 5150 0.025 * 0.642 1.2 28.4 BY*:8.4x(z28), EB*:1.6x(z14), RG*:2.3x(z11) *:3306, EB*:793, SB*:199
77 1450 0.025 EB* 0.162 1.7 28.4 Mi*:9.1x(z28), WD*:6.6x(z24), RR*:5.1x(z19) EB*:235, LP?:219, LP*:215
63 3296 0.030 * 0.491 0.9 28.1 LP*:2.6x(z28), s*r:10.4x(z15), AB?:2.9x(z7) *:1618, LP*:772, EB*:330
187 3616 0.050 * 0.407 0.7 28.0 LP*:2.6x(z28), AB?:6.7x(z21), BY*:6.8x(z19) *:1470, LP*:822, EB*:309
127 1202 0.011 * 0.377 0.7 28.0 RR*:7.7x(z28), EB*:3.2x(z24), Pe*:3.3x(z6) *:453, EB*:363, RR*:134
171 2444 0.011 * 0.548 1.0 27.9 EB*:2.8x(z28), RR*:3.9x(z17), cC*:8.0x(z13) *:1339, EB*:650, RR*:137
141 1393 0.027 LP? 0.268 3.8 27.9 LP?:3.8x(z28), Y*?:5.9x(z15), LP*:2.2x(z13) LP?:374, *:294, LP*:273
43 2970 0.013 * 0.570 1.0 27.9 EB*:2.7x(z28), RR*:2.7x(z11), AGN:2.8x(z8) *:1693, EB*:741, RR*:116
83 2953 0.015 * 0.583 1.1 27.9 EB*:2.7x(z28), BY*:7.9x(z20), V*:2.9x(z8) *:1721, EB*:738, BY*:66
106 3722 0.017 * 0.605 1.1 27.8 EB*:2.5x(z28), RR*:3.0x(z15), RS*:2.4x(z5) *:2253, EB*:866, RR*:164
157 3799 0.016 * 0.570 1.0 27.7 EB*:2.5x(z28), RR*:2.6x(z12), BY*:4.1x(z10) *:2167, EB*:876, RR*:142
131 593 0.014 LP? 0.202 2.9 27.7 WD*:11.3x(z28), Em*:5.2x(z16), LP?:2.9x(z12) LP?:120, *:108, WD*:82
112 10918 0.122 * 0.757 1.4 27.5 Pu*:5.6x(z28), RR*:2.9x(z24), gD*:6.8x(z17) *:8269, EB*:915, RR*:459
69 1263 0.017 * 0.541 1.0 27.2 EB*:3.5x(z27), RS*:3.3x(z4), RR*:1.6x(z3) *:683, EB*:413, RR*:30
53 2590 0.012 * 0.530 1.0 27.0 EB*:2.7x(z27), RR*:4.1x(z19), cC*:2.9x(z4) *:1372, EB*:662, RR*:155
151 2030 0.011 * 0.478 0.9 27.0 EB*:3.0x(z27), RR*:5.5x(z25), WD*:4.7x(z18) *:971, EB*:561, RR*:163
233 3210 0.012 * 0.632 1.2 26.7 EB*:2.5x(z27), RG*:2.8x(z12), HB*:3.0x(z7) *:2030, EB*:762, RG*:121

5 2040 0.012 * 0.557 1.0 26.6 EB*:2.9x(z27), RR*:2.4x(z7), QSO:3.5x(z5) *:1137, EB*:558, RR*:70
79 3131 0.011 * 0.658 1.2 26.6 EB*:2.6x(z27), V*:2.1x(z5), RS*:2.6x(z5) *:2059, EB*:747, RG*:53
47 3573 0.014 * 0.610 1.1 26.5 EB*:2.5x(z26), RS*:2.1x(z3), cC*:2.3x(z3) *:2178, EB*:817, PM*:161
125 3943 0.017 * 0.593 1.1 26.4 EB*:2.4x(z26), RR*:2.7x(z13), Pe*:2.1x(z5) *:2340, EB*:874, RR*:156
130 1160 0.017 * 0.309 0.6 26.1 AGN:10.9x(z26), QSO:13.9x(z20), Em*:4.6x(z19) *:359, EB*:195, Em*:136
148 4905 0.019 * 0.650 1.2 25.4 EB*:2.2x(z25), RG*:2.4x(z12), HB*:3.0x(z8) *:3190, EB*:1001, RG*:162
197 2754 0.012 * 0.592 1.1 25.1 EB*:2.6x(z25), RR*:2.7x(z11), cC*:4.2x(z6) *:1631, EB*:660, RR*:109
122 1851 0.019 * 0.516 0.9 25.1 EB*:2.9x(z25), Pe*:2.5x(z4), El*:3.0x(z3) *:956, EB*:503, LP*:89
153 1816 0.020 * 0.405 0.7 25.1 Em*:4.7x(z25), EB*:1.9x(z12), LM*:4.6x(z7) *:736, EB*:326, Em*:218
200 1080 0.010 * 0.474 0.9 24.9 EB*:3.5x(z25), LM*:4.2x(z5), RR*:1.9x(z3) *:512, EB*:351, LP*:52
61 4163 0.035 * 0.630 1.2 24.7 EB*:2.3x(z25), RR*:2.9x(z15), Pu*:4.8x(z14) *:2621, EB*:875, RR*:176
152 6682 0.034 * 0.727 1.3 24.7 RG*:3.6x(z25), BY*:3.5x(z11), HB*:3.1x(z10) *:4861, EB*:592, RG*:326
28 9691 0.049 * 0.771 1.4 24.6 RG*:3.1x(z25), HB*:3.0x(z12), SB*:1.5x(z8) *:7473, EB*:639, RG*:414
140 3216 0.025 * 0.626 1.1 24.5 RR*:4.6x(z25), **:4.0x(z7), cC*:4.0x(z7) *:2012, EB*:336, RR*:214
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81 3721 0.016 * 0.658 1.2 24.5 EB*:2.3x(z25), cC*:3.6x(z6), dS*:2.0x(z2) *:2447, EB*:804, PM*:99
20 2106 0.011 * 0.557 1.0 24.3 EB*:2.7x(z24), RR*:2.1x(z6), El*:3.5x(z5) *:1174, EB*:537, LP*:133
178 1508 0.012 * 0.507 0.9 24.2 EB*:3.0x(z24), BY*:3.5x(z5), El*:3.7x(z4) *:764, EB*:428, LP*:117
52 3187 0.015 * 0.598 1.1 23.9 EB*:2.4x(z24), RR*:4.2x(z22), cC*:5.7x(z10) *:1907, EB*:710, RR*:195
45 2657 0.011 * 0.641 1.2 23.6 EB*:2.5x(z24), RG*:2.4x(z8), BY*:2.4x(z4) *:1704, EB*:620, RG*:85
248 2347 0.014 * 0.572 1.0 23.4 EB*:2.6x(z23), BY*:3.8x(z7), RS*:3.3x(z6) *:1343, EB*:566, LP*:129
250 1151 0.013 * 0.367 0.7 23.4 RR*:6.7x(z23), Em*:4.5x(z19), EB*:2.8x(z19) *:422, EB*:301, Em*:132
12 2417 0.010 * 0.651 1.2 22.9 EB*:2.5x(z23), cC*:2.8x(z3), WD*:1.5x(z3) *:1574, EB*:569, WD*:46
32 3619 0.015 * 0.623 1.1 22.8 EB*:2.2x(z23), V*:2.7x(z8), BY*:3.4x(z8) *:2254, EB*:757, PM*:158
212 2215 0.017 * 0.520 1.0 22.6 EB*:2.6x(z23), BY*:7.0x(z15), Pe*:4.8x(z13) *:1151, EB*:531, RR*:59
21 911 0.015 * 0.472 0.9 22.2 Em*:5.6x(z22), RG*:3.5x(z9), AB?:5.2x(z8) *:430, Em*:131, EB*:78
222 5394 0.019 * 0.648 1.2 22.0 EB*:2.0x(z22), RG*:2.4x(z12), RS*:2.7x(z7) *:3496, EB*:998, RG*:179
80 1278 0.013 * 0.548 1.0 21.5 EB*:3.0x(z21), BY*:4.2x(z6), El*:4.8x(z5) *:700, EB*:354, SB*:41
37 1999 0.014 * 0.449 0.8 21.4 LP*:2.6x(z21), EB*:2.0x(z14), Pe*:3.4x(z8) *:898, LP*:462, EB*:381
186 1578 0.021 * 0.374 0.7 21.2 EB*:2.8x(z21), AGN:6.6x(z17), QSO:6.1x(z9) *:590, EB*:405, LP?:81
41 2126 0.020 * 0.498 0.9 21.0 EB*:2.5x(z21), BY*:7.2x(z15), RR*:2.3x(z7) *:1058, EB*:494, Em*:93
76 1807 0.021 * 0.391 0.7 20.9 Em*:4.1x(z21), LP*:2.4x(z17), AB?:6.2x(z13) *:707, LP*:378, EB*:255
165 4714 0.028 * 0.639 1.2 20.9 EB*:2.0x(z21), Pu*:5.5x(z18), RR*:3.1x(z18) *:3014, EB*:878, RR*:213
51 1473 0.026 LP? 0.214 3.0 20.8 LP?:3.0x(z21), Mi*:5.9x(z17), WD*:4.8x(z16) LP?:315, LP*:303, *:262
188 10538 0.059 * 0.733 1.3 20.8 RR*:2.7x(z21), Pu*:2.5x(z9), SB*:1.5x(z8) *:7725, EB*:1001, RR*:409
217 4047 0.018 * 0.561 1.0 20.7 RR*:3.7x(z21), EB*:2.0x(z19), cC*:6.2x(z13) *:2271, EB*:745, PM*:254
207 1030 0.016 * 0.417 0.8 20.5 Em*:5.0x(z21), El*:9.5x(z11), EB*:2.1x(z11) *:429, EB*:201, Em*:132
195 904 0.009 * 0.403 0.7 20.3 EB*:3.2x(z20), LP*:2.2x(z10), El*:7.5x(z8) *:364, EB*:271, LP*:174
136 5116 0.029 * 0.666 1.2 20.2 EB*:1.9x(z20), RS*:3.6x(z10), dS*:4.6x(z8) *:3407, EB*:919, SB*:152
44 924 0.016 * 0.396 0.7 20.1 AB?:11.7x(z20), RG*:4.9x(z14), Em*:3.8x(z14) *:366, LP?:111, Em*:91
218 8796 0.033 * 0.689 1.3 19.9 PM*:2.1x(z20), SB*:1.8x(z12), BY*:2.2x(z6) *:6064, EB*:964, PM*:696
19 1457 0.018 * 0.406 0.7 19.9 EB*:2.7x(z20), LP*:2.1x(z12), AB?:4.2x(z7) *:591, EB*:368, LP*:268
105 855 0.020 * 0.199 0.4 19.7 Mi*:8.4x(z20), WD*:6.7x(z18), AGN:8.0x(z16) *:170, LP?:158, Em*:96
211 4495 0.023 * 0.647 1.2 19.7 RG*:3.5x(z20), EB*:1.8x(z16), Pe*:2.8x(z9) *:2909, EB*:750, RG*:215
219 1414 0.014 * 0.354 0.6 19.6 LP*:2.8x(z20), EB*:2.1x(z13), s*r:11.2x(z11) *:500, LP*:345, EB*:281
22 967 0.011 * 0.444 0.8 19.3 EB*:3.0x(z19), cC*:4.9x(z5), El*:4.4x(z4) *:429, EB*:274, Em*:43
183 729 0.009 * 0.460 0.8 19.2 EB*:3.3x(z19), LM*:6.8x(z8), WD*:2.0x(z3) *:335, EB*:226, LP*:53
201 4315 0.034 * 0.582 1.1 19.1 BY*:6.5x(z19), LM*:4.5x(z11), LP*:1.4x(z9) *:2511, LP*:552, EB*:388
160 1658 0.014 * 0.463 0.8 18.8 EB*:2.5x(z19), RG*:3.3x(z11), RR*:3.3x(z11) *:767, EB*:388, LP*:94
214 7389 0.029 * 0.642 1.2 18.5 RG*:2.8x(z19), EB*:1.6x(z17), Pe*:3.5x(z15) *:4742, EB*:1132, RG*:286
118 3096 0.014 * 0.690 1.3 18.2 EB*:2.1x(z18), RG*:1.8x(z5), El*:2.8x(z4) *:2136, EB*:599, RG*:74
172 9560 0.050 * 0.814 1.5 17.4 RG*:2.5x(z17), SB*:1.8x(z13), HB*:2.4x(z8) *:7783, SB*:458, EB*:416
167 5059 0.024 * 0.697 1.3 17.1 RG*:3.1x(z17), EB*:1.4x(z8), Pe*:2.4x(z7) *:3526, EB*:653, RG*:211
221 9053 0.044 * 0.805 1.5 17.1 PM*:1.9x(z17), SB*:1.7x(z10) *:7287, PM*:658, EB*:399
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38 4919 0.025 * 0.688 1.3 17.0 EB*:1.8x(z17), AGN:2.5x(z8), Pu*:2.6x(z6) *:3385, EB*:823, SB*:140
158 5552 0.025 * 0.650 1.2 17.0 RG*:3.0x(z17), EB*:1.6x(z14), Pe*:3.3x(z12) *:3610, EB*:846, RG*:223
185 6618 0.030 * 0.689 1.3 17.0 EB*:1.7x(z17), RG*:2.0x(z10), Pe*:2.6x(z9) *:4558, EB*:1039, SB*:214
147 1205 0.016 * 0.528 1.0 16.6 EB*:2.6x(z17), HB*:4.1x(z7), RG*:2.3x(z5) *:636, EB*:288, SB*:40
27 8652 0.037 * 0.798 1.5 16.4 PM*:1.9x(z16), SB*:1.5x(z7), **:1.5x(z2) *:6903, PM*:624, EB*:506
33 6944 0.026 * 0.680 1.2 16.4 EB*:1.6x(z16), RG*:2.3x(z12), Pe*:3.0x(z12) *:4723, EB*:1066, SB*:231
1 6018 0.025 * 0.772 1.4 16.3 PM*:2.1x(z16), SB*:1.4x(z5), cC*:1.8x(z2) *:4646, PM*:473, EB*:404

137 1304 0.020 * 0.383 0.7 16.1 Em*:3.8x(z16), AB?:7.3x(z14), Y*?:4.5x(z10) *:500, LP*:148, EB*:145
59 2097 0.022 * 0.422 0.8 15.7 Em*:3.1x(z16), PM*:2.1x(z10), AB?:3.9x(z8) *:885, EB*:287, LP*:276
18 6573 0.032 * 0.714 1.3 15.7 RR*:2.6x(z16), PM*:1.5x(z8), SB*:1.3x(z4) *:4692, EB*:700, PM*:371
192 5090 0.026 * 0.668 1.2 15.6 EB*:1.7x(z16), RG*:2.8x(z15), Pe*:3.0x(z10) *:3401, EB*:816, RG*:192
124 2684 0.019 * 0.514 0.9 15.6 EB*:2.0x(z16), LP*:1.8x(z13), El*:3.0x(z4) *:1380, EB*:498, LP*:437
234 1100 0.014 * 0.467 0.9 15.6 Em*:3.9x(z16), AB?:5.1x(z8), RG*:2.9x(z7) *:514, Em*:111, EB*:104
169 4676 0.019 * 0.677 1.2 15.5 PM*:2.2x(z16), EB*:1.5x(z9), RG*:1.6x(z5) *:3165, EB*:633, PM*:383
23 1276 0.016 * 0.292 0.5 15.5 WD*:4.9x(z15), EB*:2.0x(z11), LP*:1.7x(z7) *:373, EB*:237, LP*:189
7 7216 0.038 * 0.711 1.3 15.4 RG*:2.6x(z15), SB*:1.5x(z7), HB*:1.5x(z3) *:5131, LP*:546, EB*:512

182 1412 0.014 * 0.485 0.9 15.1 LP*:2.4x(z15), EB*:1.4x(z4), s*r:4.3x(z4) *:685, LP*:294, EB*:179
176 3238 0.022 * 0.598 1.1 15.0 EB*:1.9x(z15), BY*:5.4x(z13), Pe*:3.7x(z11) *:1937, EB*:563, SB*:129
58 1300 0.015 * 0.551 1.0 14.9 AB?:7.7x(z15), HB*:4.9x(z8), SB*:2.4x(z8) *:716, LP*:144, EB*:114
194 656 0.008 * 0.399 0.7 14.9 EB*:2.9x(z15), El*:5.6x(z5), Em*:1.7x(z3) *:262, EB*:178, LP?:61
101 11247 0.095 * 0.800 1.5 14.7 gD*:5.9x(z15), Pu*:3.3x(z14), SB*:1.5x(z8) *:8995, EB*:774, SB*:441
35 7082 0.042 * 0.801 1.5 14.6 PM*:1.9x(z15), SB*:1.7x(z10), **:1.3x(z1) *:5674, PM*:507, SB*:325
14 3829 0.028 * 0.644 1.2 14.6 EB*:1.8x(z15), RR*:2.1x(z8), PM*:1.3x(z4) *:2464, EB*:633, PM*:190
34 4603 0.018 * 0.686 1.3 14.2 EB*:1.7x(z14), RG*:2.3x(z10), Pe*:2.9x(z9) *:3158, EB*:724, RG*:144
180 10184 0.066 * 0.751 1.4 14.1 Pu*:3.4x(z14), gD*:5.4x(z13), RR*:2.0x(z12) *:7647, EB*:898, SB*:361
230 6864 0.038 * 0.797 1.5 14.0 PM*:1.9x(z14), SB*:1.6x(z8) *:5469, PM*:485, EB*:387
173 8290 0.035 * 0.708 1.3 14.0 RG*:2.3x(z14), Pe*:2.8x(z12), PM*:1.6x(z11) *:5872, EB*:700, PM*:510
30 13154 0.107 * 0.791 1.5 13.9 Pu*:3.1x(z14), gD*:4.9x(z13), SB*:1.5x(z10) *:10404, PM*:636, EB*:606
159 9812 0.047 * 0.785 1.4 13.9 RG*:2.2x(z14), SB*:1.8x(z12), HB*:2.3x(z8) *:7699, EB*:599, SB*:451
103 3193 0.019 * 0.674 1.2 13.7 EB*:1.8x(z14), **:4.6x(z8), V*:1.6x(z3) *:2152, EB*:535, PM*:99
86 4755 0.019 * 0.707 1.3 13.4 EB*:1.6x(z13), SB*:1.3x(z3), dS*:2.0x(z2) *:3363, EB*:726, SB*:157
149 2976 0.014 * 0.701 1.3 13.2 EB*:1.8x(z13), cC*:3.4x(z5), RR*:1.5x(z3) *:2087, EB*:497, PM*:75
245 1535 0.025 * 0.403 0.7 13.1 Em*:3.1x(z13), EB*:2.0x(z12), Y*?:4.0x(z10) *:618, EB*:286, LP?:135
46 9986 0.047 * 0.799 1.5 13.1 PM*:1.7x(z13), SB*:1.7x(z11), **:2.0x(z4) *:7976, PM*:632, EB*:556
223 7043 0.028 * 0.765 1.4 13.1 RG*:2.3x(z13), Pe*:2.3x(z8), SB*:1.4x(z6) *:5386, EB*:609, SB*:260
110 4697 0.023 * 0.677 1.2 12.4 EB*:1.6x(z12), RR*:2.1x(z9), Pu*:3.1x(z8) *:3180, EB*:698, PM*:195
138 612 0.013 * 0.428 0.8 12.4 RG*:5.3x(z12), El*:9.0x(z8), Em*:2.5x(z6) *:262, EB*:95, RG*:44
108 11660 0.073 * 0.831 1.5 11.9 SB*:1.7x(z12), PM*:1.3x(z7), **:1.8x(z3) *:9694, PM*:594, SB*:514
228 5442 0.033 * 0.738 1.4 11.7 SB*:2.0x(z12), RG*:2.3x(z11), Y*?:2.0x(z6) *:4015, EB*:343, SB*:283
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161 7393 0.034 * 0.750 1.4 11.5 EB*:1.4x(z12), Pu*:1.9x(z4), SB*:1.2x(z3) *:5547, EB*:992, SB*:237
102 10066 0.047 * 0.813 1.5 11.4 PM*:1.6x(z11), SB*:1.6x(z10), **:1.2x(z1) *:8181, PM*:602, EB*:522
10 5669 0.027 * 0.759 1.4 11.3 PM*:1.8x(z11), SB*:1.3x(z3), V*:1.5x(z3) *:4300, EB*:444, PM*:380
11 8596 0.038 * 0.819 1.5 11.1 RG*:2.0x(z11), SB*:1.6x(z9), HB*:2.6x(z9) *:7036, EB*:398, SB*:365
168 3966 0.017 * 0.732 1.3 11.0 EB*:1.6x(z11), cC*:4.2x(z8), RR*:1.4x(z3) *:2902, EB*:582, PM*:113
240 11844 0.073 * 0.812 1.5 11.0 gD*:4.5x(z11), Pu*:2.5x(z9), SB*:1.4x(z8) *:9616, EB*:737, SB*:451
206 5964 0.040 * 0.745 1.4 11.0 RG*:2.2x(z11), BY*:3.6x(z11), SB*:1.6x(z7) *:4442, EB*:379, PM*:297
154 9900 0.060 * 0.813 1.5 10.9 SB*:1.7x(z11), Pu*:1.5x(z3), PM*:1.1x(z2) *:8052, EB*:600, SB*:436
96 2495 0.018 * 0.639 1.2 10.9 BY*:5.1x(z11), EB*:1.6x(z10), Pe*:3.2x(z8) *:1594, EB*:382, SB*:106
91 9800 0.038 * 0.779 1.4 10.0 SB*:1.6x(z10), PM*:1.5x(z9), Pe*:1.1x(z1) *:7635, EB*:735, PM*:542
97 5428 0.032 * 0.790 1.4 8.5 SB*:1.7x(z8), PM*:1.4x(z5), Pe*:1.2x(z1) *:4286, EB*:336, PM*:279
95 5236 0.023 * 0.726 1.3 8.2 EB*:1.4x(z8), RG*:1.9x(z7), BY*:2.3x(z5) *:3802, EB*:669, SB*:165
193 6302 0.035 * 0.722 1.3 7.7 EB*:1.3x(z8), Pe*:2.1x(z6), cC*:2.7x(z5) *:4548, EB*:775, SB*:221
139 6402 0.023 * 0.757 1.4 7.7 PM*:1.5x(z8), SB*:1.4x(z5), BY*:1.6x(z3) *:4849, EB*:590, PM*:361
109 6706 0.033 * 0.738 1.4 7.3 SB*:1.6x(z7), Pe*:2.0x(z6), EB*:1.2x(z5) *:4947, EB*:753, SB*:273
231 7713 0.029 * 0.785 1.4 6.9 HB*:2.3x(z7), SB*:1.4x(z5), RG*:1.5x(z5) *:6057, EB*:608, SB*:276
92 7105 0.030 * 0.770 1.4 6.8 SB*:1.5x(z7), Pu*:1.6x(z3), EB*:1.1x(z3) *:5471, EB*:734, SB*:279
128 6696 0.040 * 0.782 1.4 6.6 RG*:1.7x(z7), SB*:1.4x(z5), PM*:1.1x(z2) *:5234, EB*:387, PM*:289
253 1442 0.017 * 0.561 1.0 5.9 SB*:2.0x(z6), RG*:2.1x(z5), EB*:1.4x(z5) *:809, EB*:190, LP*:158
198 5801 0.021 * 0.739 1.4 5.7 EB*:1.2x(z6), RG*:1.6x(z6), HB*:2.1x(z5) *:4289, EB*:675, PM*:179
75 7997 0.036 * 0.757 1.4 5.0 RR*:1.5x(z5), dS*:2.4x(z4), EB*:1.1x(z4) *:6054, EB*:848, PM*:310
113 3254 0.023 * 0.708 1.3 4.7 LM*:2.7x(z5), PM*:1.3x(z3), RR*:1.2x(z2) *:2304, EB*:304, LP*:163
237 4025 0.027 * 0.680 1.2 3.6 LM*:2.2x(z4), RG*:1.4x(z3), Y*?:1.5x(z2) *:2735, LP*:375, EB*:329

3 3338 0.022 * 0.780 1.4 *:2602, EB*:246, PM*:120

Table 23: SIMBAD object types of the stars that make up the top 1% of activations of each atom in DH , ranked by Poisson
significance of the largest overrepresented class.

Atom Nmatch Hit rate Dominant Frac. Enrich. zmax Over-represented Types

144 439 0.864 C* 0.405 158.0 166.6 C*:158.0x(z167), Mi*:29.4x(z54), LP*:2.5x(z9) C*:178, Mi*:108, LP*:98
54 520 0.360 WD* 0.763 62.2 154.6 WD*:62.2x(z155), AGN:25.2x(z43), QSO:27.2x(z27) WD*:397, AGN:79, QSO:28
15 662 0.494 WD* 0.642 52.3 146.2 WD*:52.3x(z146), AGN:20.1x(z38), QSO:18.3x(z20) WD*:425, AGN:80, *:71
36 196 0.975 Mi* 0.668 79.8 101.0 Mi*:79.8x(z101), AGN:15.3x(z15), LP*:1.6x(z3) Mi*:131, LP*:28, AGN:18
89 149 0.980 Mi* 0.732 87.3 96.5 Mi*:87.3x(z96), LP*:2.1x(z4) Mi*:109, LP*:28, AB*:4
227 63 0.059 C* 0.587 228.9 91.6 C*:228.9x(z92), LP*:2.0x(z2) C*:37, LP*:11, *:7
40 182 0.413 WD* 0.703 57.3 84.1 WD*:57.3x(z84), HS?:61.5x(z36) WD*:128, HS?:22, EB*:12
166 187 0.356 Mi* 0.561 67.0 82.6 Mi*:67.0x(z83), LM*:15.5x(z10), LP*:1.9x(z4) Mi*:105, LP*:31, PM*:14
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111 204 0.109 WD* 0.642 52.3 81.2 WD*:52.3x(z81), AGN:33.4x(z36), QSO:27.2x(z17) WD*:131, AGN:41, QSO:11
210 331 0.173 RR* 0.535 36.9 78.7 RR*:36.9x(z79), AGN:35.1x(z48), QSO:33.6x(z26) RR*:177, AGN:70, WD*:23
104 451 0.321 AGN 0.279 46.4 74.8 AGN:46.4x(z75), QSO:54.9x(z51), RR*:16.1x(z39) AGN:126, RR*:105, WD*:70
88 267 0.353 * 0.255 0.5 65.5 HS?:91.4x(z66), WD*:17.1x(z29), EB*:2.0x(z5) *:68, WD*:56, EB*:51
93 118 0.975 Mi* 0.559 66.8 65.4 Mi*:66.8x(z65), LP?:3.6x(z8), LP*:1.6x(z2) Mi*:66, LP*:30, LP*:17
70 165 0.458 WD* 0.394 32.1 59.1 HS?:104.8x(z59), WD*:32.1x(z44) WD*:65, HS?:34, *:24
71 510 0.943 LP? 0.549 7.8 57.0 Mi*:28.6x(z57), LP?:7.8x(z41), LP*:2.0x(z7) LP?:280, Mi*:122, LP*:91
151 100 0.053 WD* 0.610 49.7 53.9 WD*:49.7x(z54), AGN:18.3x(z13), QSO:30.3x(z13) WD*:61, AGN:11, RR*:8
123 68 0.029 WD* 0.706 57.5 51.6 WD*:57.5x(z52), EB*:1.1x(z0) WD*:48, EB*:7, AGN:4
217 109 0.048 AGN 0.376 62.5 49.8 AGN:62.5x(z50), QSO:55.6x(z25), WD*:14.2x(z15) AGN:41, WD*:19, QSO:12

0 96 0.133 * 0.365 0.7 49.6 s*r:177.7x(z50), AB?:33.1x(z19), LP*:3.1x(z6) *:35, LP*:26, s*r:14
249 76 0.034 WD* 0.632 51.4 48.7 WD*:51.4x(z49), AGN:19.7x(z13), EB*:1.1x(z0) WD*:48, AGN:9, EB*:8
204 80 0.041 WD* 0.600 48.8 47.4 WD*:48.8x(z47), AGN:39.5x(z27), QSO:31.6x(z12) WD*:48, AGN:19, QSO:5
155 56 0.023 WD* 0.661 53.8 43.8 WD*:53.8x(z44) WD*:37, QSO:4, EB*:4
87 88 0.046 RR* 0.568 39.3 43.2 RR*:39.3x(z43), WD*:9.3x(z9), EB*:1.8x(z2) RR*:50, EB*:15, WD*:10
205 114 0.062 WD* 0.456 37.1 42.8 WD*:37.1x(z43), QSO:70.9x(z33), AGN:39.4x(z32) WD*:52, AGN:27, QSO:16
229 363 0.955 LP? 0.642 9.1 41.1 LP?:9.1x(z41), Mi*:20.1x(z33), LP*:1.8x(z4) LP?:233, Mi*:61, LP*:57
13 68 0.030 WD* 0.544 44.3 39.6 WD*:44.3x(z40), AGN:19.5x(z12), EB*:1.3x(z1) WD*:37, AGN:8, EB*:8
199 58 0.033 WD* 0.586 47.7 39.4 WD*:47.7x(z39), EB*:2.2x(z3) WD*:34, EB*:12, *:7
184 79 0.041 WD* 0.494 40.2 38.6 WD*:40.2x(z39), AGN:40.0x(z27), RR*:4.4x(z4) WD*:39, AGN:19, EB*:9
98 149 0.943 LP? 0.530 7.5 38.3 Mi*:35.3x(z38), LP?:7.5x(z21) LP?:79, Mi*:44, LP*:13
165 96 0.058 WD* 0.438 35.6 37.6 WD*:35.6x(z38), AGN:24.2x(z18), QSO:26.3x(z11) WD*:42, AGN:14, *:10
39 64 0.029 WD* 0.531 43.2 37.5 WD*:43.2x(z37), AGN:20.8x(z12), RR*:6.5x(z5) WD*:34, EB*:10, AGN:8
82 134 0.074 WD* 0.366 29.8 36.9 WD*:29.8x(z37), AGN:36.0x(z31), QSO:56.5x(z29) WD*:49, AGN:29, RR*:26
173 176 0.075 * 0.409 0.8 36.3 Pe*:39.5x(z36), RG*:16.3x(z24), SB*:1.3x(z1) *:72, RG*:39, Pe*:35
38 81 0.041 WD* 0.383 31.2 33.7 AGN:49.2x(z34), WD*:31.2x(z30), QSO:56.1x(z22) WD*:31, AGN:24, QSO:9
130 37 0.055 AGN 0.432 71.9 33.4 AGN:71.9x(z33), QSO:81.9x(z22) AGN:16, WR*:6, QSO:6

8 64 0.026 WD* 0.469 38.2 32.9 WD*:38.2x(z33), AGN:26.0x(z15) WD*:30, AGN:10, *:10
214 105 0.041 RG* 0.362 26.6 30.6 RG*:26.6x(z31), WD*:3.9x(z3), EB*:1.0x(z0) RG*:38, *:38, EB*:10
28 193 0.097 * 0.503 0.9 30.5 RG*:19.8x(z30), Pe*:22.7x(z21) *:97, RG*:52, Pe*:22
50 65 0.029 WD* 0.431 35.1 30.4 WD*:35.1x(z30), AGN:43.5x(z27), QSO:46.6x(z16) WD*:28, AGN:17, *:6
149 45 0.021 AGN 0.356 59.1 30.2 AGN:59.1x(z30), WD*:23.5x(z17) AGN:16, WD*:13, QSO:4
116 96 0.048 WD* 0.354 28.8 30.2 WD*:28.8x(z30), AGN:27.7x(z20), QSO:31.6x(z13) WD*:34, RR*:17, AGN:16
142 88 0.127 PM* 0.659 17.4 30.0 PM*:17.4x(z30), Em*:3.5x(z4) PM*:58, *:17, Em*:8
126 42 0.019 WD* 0.524 42.6 29.9 WD*:42.6x(z30) WD*:22, *:11, AGN:4

9 59 0.025 WD* 0.441 35.9 29.7 WD*:35.9x(z30), AGN:25.3x(z15), EB*:1.3x(z1) WD*:26, *:10, AGN:9
191 11 0.023 WD* 1.000 81.4 29.6 WD*:81.4x(z30) WD*:11
107 542 0.925 LP* 0.459 5.2 29.0 LP*:5.2x(z29), LM*:20.7x(z22), LP?:4.6x(z22) LP*:249, LP?:175, PM*:36
43 79 0.034 AGN 0.253 42.1 28.3 AGN:42.1x(z28), WD*:14.4x(z13), QSO:32.0x(z12) AGN:20, *:16, WD*:14
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179 61 0.029 WD* 0.393 32.0 26.9 WD*:32.0x(z27), QSO:49.7x(z17), AGN:27.2x(z16) WD*:24, AGN:10, EB*:9
208 61 0.082 RR* 0.426 29.5 26.7 RR*:29.5x(z27) RR*:26, *:24, EB*:4
203 38 0.107 AGN 0.342 56.8 26.7 AGN:56.8x(z27), QSO:66.5x(z18) AGN:13, QSO:5, Em*:4
24 36 0.021 WD* 0.500 40.7 26.4 WD*:40.7x(z26), EB*:1.5x(z1) WD*:18, *:5, EB*:5
86 26 0.010 WD* 0.577 47.0 26.0 WD*:47.0x(z26) WD*:15, *:4, AGN:3
244 38 0.016 WD* 0.474 38.6 25.7 WD*:38.6x(z26), EB*:1.7x(z1) WD*:18, *:6, EB*:6
163 99 0.109 * 0.263 0.5 25.1 AGN:33.6x(z25), RR*:12.6x(z14), QSO:30.6x(z13) *:26, AGN:20, RR*:18
53 30 0.013 WD* 0.500 40.7 24.1 WD*:40.7x(z24) WD*:15, *:4, EB*:3
64 50 0.097 LP? 0.540 7.7 24.1 Mi*:38.2x(z24), LP?:7.7x(z13) LP?:27, Mi*:16, LP*:4
100 39 0.015 WD* 0.436 35.5 23.9 WD*:35.5x(z24), EB*:3.0x(z4) WD*:17, EB*:11, *:7
197 57 0.024 WD* 0.333 27.1 23.3 AGN:40.8x(z23), WD*:27.1x(z22), QSO:53.2x(z18) WD*:19, AGN:14, *:8
251 51 0.021 WD* 0.373 30.3 23.2 WD*:30.3x(z23), EB*:3.6x(z6) WD*:19, EB*:17, *:8
255 46 0.020 WD* 0.391 31.9 23.2 WD*:31.9x(z23), AGN:28.9x(z15), EB*:2.3x(z3) WD*:18, EB*:10, AGN:8
202 46 0.020 WD* 0.391 31.9 23.2 WD*:31.9x(z23), AGN:28.9x(z15), EB*:2.6x(z3) WD*:18, EB*:11, AGN:8
78 46 0.018 WD* 0.391 31.9 23.2 WD*:31.9x(z23), AGN:28.9x(z15), EB*:2.8x(z4) WD*:18, EB*:12, *:5
206 127 0.085 * 0.480 0.9 22.9 PM*:11.5x(z23) *:61, PM*:55, SB*:4
81 59 0.025 WD* 0.339 27.6 22.6 WD*:27.6x(z23), AGN:19.7x(z11), EB*:3.6x(z6) WD*:20, EB*:20, AGN:7
156 25 0.040 * 0.440 0.8 22.5 AB?:74.1x(z22), LP*:2.3x(z2) *:11, AB?:7, LP*:5
158 71 0.032 * 0.338 0.6 21.7 RR*:22.4x(z22), EB*:2.0x(z2) *:24, RR*:23, EB*:13
188 76 0.042 RR* 0.263 18.2 21.5 AGN:32.8x(z22), RR*:18.2x(z18), WD*:11.8x(z10) RR*:20, AGN:15, EB*:14
232 39 0.016 WD* 0.359 29.2 19.5 WD*:29.2x(z20), EB*:1.6x(z1) WD*:14, *:9, EB*:6
106 54 0.024 RR* 0.333 23.0 19.5 RR*:23.0x(z19), EB*:3.4x(z5) RR*:18, EB*:17, *:10
136 219 0.126 * 0.689 1.3 19.5 RS*:25.6x(z19), Em*:3.2x(z5), V*:3.6x(z3) *:151, Em*:18, RS*:16
171 45 0.019 WD* 0.333 27.1 19.4 WD*:27.1x(z19), AGN:33.2x(z17), EB*:1.9x(z2) WD*:15, AGN:9, EB*:8
12 30 0.013 WD* 0.400 32.6 19.2 WD*:32.6x(z19), AGN:33.2x(z14) WD*:12, AGN:6, *:4
215 60 0.032 WD* 0.283 23.1 18.9 WD*:23.1x(z19), AGN:30.5x(z18), RR*:10.4x(z9) WD*:17, EB*:13, AGN:11
225 31 0.012 WD* 0.387 31.5 18.8 WD*:31.5x(z19), EB*:2.8x(z3) WD*:12, *:9, EB*:8
55 22 0.062 Mi* 0.364 43.4 18.2 Mi*:43.4x(z18), LP?:4.5x(z4) Mi*:8, LP?:7, LP*:4
216 40 0.017 WD* 0.325 26.5 17.8 WD*:26.5x(z18), EB*:2.7x(z3) WD*:13, EB*:10, *:5
246 35 0.015 WD* 0.343 27.9 17.6 WD*:27.9x(z18), EB*:2.8x(z3) WD*:12, *:10, EB*:9
247 26 0.010 EB* 0.308 3.3 17.3 AGN:44.7x(z17), EB*:3.3x(z4) EB*:8, AGN:7, *:3
145 32 0.012 WD* 0.344 28.0 16.9 WD*:28.0x(z17), EB*:2.7x(z3) WD*:11, *:11, EB*:8
56 98 0.051 EB* 0.612 6.6 16.8 EB*:6.6x(z17) EB*:60, *:32, RS*:2
52 45 0.021 EB* 0.267 2.9 16.8 AGN:33.2x(z17), WD*:14.5x(z10), RR*:7.7x(z5) EB*:12, AGN:9, WD*:8
183 18 0.023 WD* 0.444 36.2 16.5 WD*:36.2x(z17) WD*:8, RR*:3, *:3
103 108 0.064 * 0.833 1.5 16.2 **:39.5x(z16) *:90, **:7, EB*:5
180 62 0.040 * 0.403 0.7 15.9 RR*:17.8x(z16), EB*:2.1x(z3) *:25, RR*:16, EB*:12
148 42 0.017 EB* 0.833 8.9 15.7 EB*:8.9x(z16) EB*:35, *:4, HB?:1
161 104 0.047 * 0.404 0.7 15.6 AGN:20.8x(z16), EB*:3.7x(z8), RR*:3.3x(z3) *:42, EB*:36, AGN:13

79



Atom Nmatch Hit rate Dominant Frac. Enrich. zmax Over-represented Types

243 33 0.013 EB* 0.394 4.2 15.1 WD*:24.7x(z15), EB*:4.2x(z6) EB*:13, WD*:10, *:6
213 35 0.015 * 0.314 0.6 14.8 AGN:33.2x(z15), EB*:2.8x(z3) *:11, EB*:9, AGN:7
29 41 0.016 EB* 0.317 3.4 14.8 WD*:21.8x(z15), EB*:3.4x(z5) EB*:13, *:11, WD*:11
60 28 0.012 EB* 0.393 4.2 14.8 WD*:26.2x(z15), EB*:4.2x(z5) EB*:11, WD*:9, *:5
174 42 0.017 WD* 0.262 21.3 14.6 WD*:21.3x(z15), AGN:19.8x(z9), EB*:2.0x(z2) WD*:11, *:8, EB*:8
47 35 0.014 WD* 0.286 23.3 14.6 WD*:23.3x(z15), AGN:23.7x(z10), EB*:3.1x(z4) WD*:10, EB*:10, *:6
16 99 0.049 * 0.485 0.9 14.6 BY*:28.6x(z15), EB*:3.2x(z7) *:48, EB*:30, BY*:8
175 50 0.022 EB* 0.380 4.1 14.5 WD*:19.5x(z15), EB*:4.1x(z7) EB*:19, WD*:12, *:8
110 27 0.013 AGN 0.222 36.9 14.5 AGN:36.9x(z14), RR*:15.4x(z9), EB*:2.4x(z2) AGN:6, EB*:6, RR*:6
75 39 0.018 EB* 0.282 3.0 14.0 AGN:29.8x(z14), RR*:12.4x(z9), EB*:3.0x(z4) EB*:11, AGN:7, *:7
233 25 0.009 WD* 0.320 26.0 13.9 WD*:26.0x(z14), EB*:3.4x(z4) WD*:8, *:8, EB*:8
18 40 0.019 RR* 0.275 19.0 13.7 RR*:19.0x(z14), AGN:24.9x(z12), WD*:16.3x(z11) RR*:11, EB*:8, WD*:8
241 48 0.019 * 0.354 0.6 13.6 WD*:18.7x(z14), AGN:24.2x(z12), EB*:1.8x(z2) *:17, WD*:11, EB*:8
125 42 0.018 * 0.286 0.5 13.4 AGN:27.7x(z13), WD*:15.5x(z10), EB*:1.8x(z2) *:12, WD*:8, EB*:7
41 42 0.040 RR* 0.262 18.1 13.3 RR*:18.1x(z13), EB*:2.0x(z2) RR*:11, EB*:8, *:7
84 39 0.017 EB* 0.744 8.0 13.3 EB*:8.0x(z13) EB*:29, *:6, WD*:4
252 41 0.089 LP? 0.610 8.7 13.0 LP?:8.7x(z13), LP*:1.4x(z1) LP?:25, LP*:5, Mi*:4
187 43 0.059 PM* 0.419 11.1 12.8 PM*:11.1x(z13), Em*:5.4x(z5) PM*:18, *:12, Em*:6
119 37 0.016 EB* 0.405 4.3 12.7 WD*:19.8x(z13), EB*:4.3x(z6) EB*:15, WD*:9, *:4
62 30 0.012 * 0.300 0.6 12.6 WD*:21.7x(z13), EB*:2.9x(z3) *:9, EB*:8, WD*:8
115 43 0.024 EB* 0.674 7.2 12.5 EB*:7.2x(z12) EB*:29, *:11, RR*:2
114 40 0.026 EB* 0.675 7.2 12.0 EB*:7.2x(z12) EB*:27, *:10, LP*:2
235 34 0.015 EB* 0.353 3.8 11.7 WD*:19.2x(z12), EB*:3.8x(z5) EB*:12, WD*:8, *:7
67 35 0.016 EB* 0.457 4.9 11.5 WD*:18.6x(z12), EB*:4.9x(z7) EB*:16, WD*:8, *:6
83 42 0.021 WR* 0.190 769.6 11.4 AGN:23.7x(z11), EB*:1.5x(z1) WR*:8, *:7, EB*:6
143 36 0.016 EB* 0.417 4.5 11.4 WD*:18.1x(z11), EB*:4.5x(z6) EB*:15, *:9, WD*:8
74 28 0.010 * 0.321 0.6 11.3 WD*:20.4x(z11), EB*:3.4x(z4) *:9, EB*:9, WD*:7
201 30 0.024 * 0.533 1.0 11.1 PM*:11.5x(z11) *:16, PM*:13, LM*:1
133 34 0.014 EB* 0.647 6.9 10.6 EB*:6.9x(z11) EB*:22, *:12
219 49 0.049 LP? 0.469 6.7 10.5 LP?:6.7x(z11), WD*:8.3x(z6) LP?:23, WD*:5, LP*:4
73 36 0.018 EB* 0.444 4.8 10.4 RR*:15.4x(z10), EB*:4.8x(z7) EB*:16, RR*:8, *:6
31 26 0.037 PM* 0.346 9.2 10.2 Em*:13.5x(z10), PM*:9.2x(z8) PM*:9, Em*:9, *:8
48 34 0.013 * 0.324 0.6 10.2 WD*:16.8x(z10), EB*:1.6x(z1) *:11, WD*:7, EB*:5
7 93 0.049 LP* 0.398 4.5 10.0 LP*:4.5x(z10), RG*:7.9x(z8) LP*:37, *:36, RG*:10

135 29 0.017 EB* 0.655 7.0 9.9 EB*:7.0x(z10) EB*:19, *:9, PN:1
25 46 0.018 EB* 0.348 3.7 9.9 WD*:14.2x(z10), EB*:3.7x(z6) EB*:16, *:14, WD*:8
218 117 0.044 * 0.402 0.7 9.9 BY*:18.1x(z10), EB*:2.9x(z6), PM*:3.4x(z5) *:47, EB*:32, PM*:15

2 30 0.016 EB* 0.633 6.8 9.7 EB*:6.8x(z10) EB*:19, *:7, V*:2
35 113 0.067 * 0.619 1.1 9.5 PM*:5.6x(z10), SB*:3.4x(z4), Em*:1.7x(z1) *:70, PM*:24, SB*:10
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189 29 0.011 EB* 0.345 3.7 9.5 WD*:16.8x(z9), EB*:3.7x(z4) EB*:10, WD*:6, *:5
19 14 0.018 EB* 0.857 9.2 9.4 EB*:9.2x(z9) EB*:12, *:1, RR*:1
128 65 0.039 * 0.631 1.2 9.3 PM*:6.9x(z9) *:41, PM*:17, RR*:4
160 17 0.014 EB* 0.765 8.2 9.1 EB*:8.2x(z9) EB*:13, *:2, Em*:1
222 25 0.009 EB* 0.640 6.9 8.9 EB*:6.9x(z9) EB*:16, *:8, BY*:1
129 13 0.008 EB* 0.846 9.1 8.9 EB*:9.1x(z9) EB*:11, *:2
51 116 0.201 G 0.319 556.5 8.7 RR*:7.7x(z9), WD*:7.0x(z7) G:37, RR*:13, WD*:10
162 63 0.031 EB* 0.429 4.6 8.7 EB*:4.6x(z9), RR*:8.8x(z7) EB*:27, *:14, RR*:8
186 24 0.031 WD* 0.208 17.0 8.7 WD*:17.0x(z9) WD*:5, Em*:3, QSO:2
152 65 0.033 * 0.554 1.0 8.6 RG*:10.2x(z9), V*:12.3x(z7), EB*:1.3x(z1) *:36, RG*:9, EB*:8
254 21 0.009 EB* 0.667 7.1 8.6 EB*:7.1x(z9) EB*:14, *:4, Em*:1
92 21 0.009 EB* 0.381 4.1 8.5 RR*:16.5x(z9), EB*:4.1x(z4) EB*:8, RR*:5, WD*:3
26 25 0.011 EB* 0.360 3.9 8.5 WD*:16.3x(z8), EB*:3.9x(z4) EB*:9, *:6, WD*:5
65 51 0.077 EB* 0.353 3.8 8.5 RR*:10.8x(z8), EB*:3.8x(z6) EB*:18, *:12, RR*:8
30 820 0.666 * 0.779 1.4 8.3 **:8.2x(z8), PM*:2.2x(z6), gD*:7.4x(z5) *:639, PM*:67, SB*:36
220 28 0.017 EB* 0.571 6.1 8.3 EB*:6.1x(z8) EB*:16, *:9, RR*:2
211 15 0.008 EB* 0.733 7.9 8.1 EB*:7.9x(z8) EB*:11, *:2, El*:1
94 31 0.014 EB* 0.484 5.2 7.5 WD*:13.1x(z7), EB*:5.2x(z7) EB*:15, *:6, WD*:5
85 17 0.008 EB* 0.647 6.9 7.5 EB*:6.9x(z7) EB*:11, *:6
6 15 0.010 EB* 0.667 7.1 7.3 EB*:7.1x(z7) EB*:10, *:2, PM*:1

57 15 0.009 EB* 0.667 7.1 7.3 EB*:7.1x(z7) EB*:10, *:4, RR*:1
248 13 0.008 EB* 0.692 7.4 7.1 EB*:7.4x(z7) EB*:9, *:2, WR*:1
22 31 0.034 Em* 0.226 8.8 6.9 Em*:8.8x(z7) Em*:7, AGN:3, *:3
239 33 0.015 EB* 0.455 4.9 6.8 EB*:4.9x(z7) EB*:15, *:8, WD*:4
157 26 0.011 EB* 0.500 5.4 6.8 EB*:5.4x(z7) EB*:13, *:8, RR*:3
238 26 0.012 EB* 0.500 5.4 6.8 EB*:5.4x(z7) EB*:13, *:12, WD*:1
224 41 0.022 * 0.488 0.9 6.7 EB*:4.4x(z7) *:20, EB*:17, RR*:3
80 14 0.015 EB* 0.643 6.9 6.7 EB*:6.9x(z7) EB*:9, *:3, PN:1
122 23 0.023 EB* 0.522 5.6 6.7 EB*:5.6x(z7) EB*:12, *:9, LP*:1
193 95 0.052 * 0.632 1.2 6.5 RR*:6.5x(z7), SB*:2.0x(z2), EB*:1.2x(z1) *:60, EB*:11, RR*:9

4 21 0.010 EB* 0.524 5.6 6.5 EB*:5.6x(z6) EB*:11, *:10
190 28 0.014 EB* 0.464 5.0 6.4 EB*:5.0x(z6) EB*:13, *:12, RR*:1
178 18 0.014 EB* 0.556 6.0 6.4 EB*:6.0x(z6) EB*:10, *:8
32 32 0.013 * 0.469 0.9 6.4 EB*:4.7x(z6) *:15, EB*:14, PN:1
192 36 0.019 EB* 0.417 4.5 6.4 EB*:4.5x(z6) EB*:15, *:15, El*:2
207 10 0.016 EB* 0.700 7.5 6.3 EB*:7.5x(z6) EB*:7, *:2, El*:1
150 29 0.012 EB* 0.448 4.8 6.3 EB*:4.8x(z6) EB*:13, *:11, WD*:2
108 438 0.273 * 0.838 1.5 6.2 **:8.3x(z6), SB*:2.0x(z3), PM*:1.6x(z2) *:367, PM*:26, SB*:23
46 32 0.015 * 0.375 0.7 6.2 PM*:6.6x(z6), EB*:1.7x(z1) *:12, PM*:8, EB*:5
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153 13 0.014 EB* 0.615 6.6 6.2 EB*:6.6x(z6) EB*:8, *:2, Em*:1
131 11 0.026 LP? 0.545 7.8 5.9 LP?:7.8x(z6) LP?:6, EB*:3, PN:1
127 17 0.016 EB* 0.529 5.7 5.9 EB*:5.7x(z6) EB*:9, RR*:3, WD*:2
76 9 0.011 EB* 0.667 7.1 5.6 EB*:7.1x(z6) EB*:6, RR*:2, *:1
185 56 0.025 * 0.464 0.9 5.6 EB*:3.4x(z6) *:26, EB*:18, RG*:4
146 26 0.015 * 0.462 0.8 5.5 EB*:4.5x(z6) *:12, EB*:11, RR*:2
121 27 0.011 EB* 0.407 4.4 5.3 EB*:4.4x(z5) EB*:11, *:9, WD*:3
167 16 0.008 EB* 0.500 5.4 5.3 EB*:5.4x(z5) EB*:8, *:7, RG*:1
212 13 0.010 EB* 0.538 5.8 5.3 EB*:5.8x(z5) EB*:7, RR*:4, cC*:1
134 10 0.010 EB* 0.600 6.4 5.2 EB*:6.4x(z5) EB*:6, *:4
33 53 0.020 * 0.453 0.8 5.0 RG*:6.9x(z5), EB*:3.2x(z5) *:24, EB*:16, RG*:5
42 25 0.015 * 0.440 0.8 5.0 EB*:4.3x(z5) *:11, EB*:10, RR*:4
177 63 0.055 * 0.746 1.4 4.9 SB*:4.8x(z5) *:47, SB*:8, LP*:4
34 16 0.006 * 0.438 0.8 4.5 EB*:4.7x(z5) *:7, EB*:7, WR*:1
176 38 0.026 * 0.421 0.8 4.5 EB*:3.4x(z4) *:16, EB*:12, Y*?:3
196 28 0.011 * 0.429 0.8 4.0 EB*:3.4x(z4) *:12, EB*:9, RR*:3
112 205 0.230 * 0.863 1.6 3.9 Pe*:4.9x(z4) *:177, EB*:9, Pe*:5
159 289 0.138 * 0.872 1.6 3.9 HB*:4.8x(z4), RG*:2.3x(z3), SB*:1.8x(z2) *:252, SB*:14, RG*:9
228 85 0.051 * 0.824 1.5 3.9 SB*:3.6x(z4) *:70, SB*:8, Em*:2
154 167 0.101 * 0.856 1.6 3.9 V*:4.8x(z4), SB*:1.4x(z1) *:143, EB*:9, SB*:6
221 230 0.112 * 0.813 1.5 3.8 PM*:2.3x(z4), SB*:2.2x(z3), Em*:1.2x(z0) *:187, PM*:20, SB*:13
164 68 0.026 * 0.471 0.9 3.8 EB*:2.5x(z4) *:32, EB*:16, AGN:4
198 27 0.010 * 0.519 1.0 3.5 EB*:3.2x(z3) *:14, EB*:8, RR*:2
120 13 0.010 EB* 0.385 4.1 3.4 EB*:4.1x(z3) EB*:5, *:5, WD*:2
124 13 0.009 EB* 0.385 4.1 3.4 EB*:4.1x(z3) EB*:5, *:5, Mi*:1
245 13 0.021 EB* 0.385 4.1 3.4 EB*:4.1x(z3) EB*:5, *:3, Sy1:1
109 135 0.067 * 0.756 1.4 3.4 SB*:2.8x(z3), EB*:1.3x(z1) *:102, EB*:17, SB*:10
168 18 0.008 EB* 0.333 3.6 3.3 EB*:3.6x(z3) EB*:6, *:5, WD*:4

5 24 0.014 * 0.500 0.9 3.2 EB*:3.1x(z3) *:12, EB*:7, WD*:2
49 15 0.006 * 0.600 1.1 3.0 EB*:3.6x(z3) *:9, EB*:5, PN:1
209 31 0.013 * 0.484 0.9 3.0 EB*:2.8x(z3) *:15, EB*:8, AGN:4
72 22 0.008 * 0.364 0.7 2.8 EB*:2.9x(z3) *:8, EB*:6, AGN:4
118 17 0.008 * 0.588 1.1 2.7 EB*:3.2x(z3) *:10, EB*:5, pA*:1
236 17 0.009 * 0.529 1.0 2.7 EB*:3.2x(z3) *:9, EB*:5, RG*:1
11 452 0.199 * 0.931 1.7 2.6 HB*:3.1x(z3), SB*:1.5x(z2) *:421, SB*:18, HB*:5
17 29 0.026 * 0.724 1.3 2.6 EB*:2.6x(z3) *:21, EB*:7, V*:1
63 24 0.022 * 0.333 0.6 2.5 EB*:2.7x(z3) *:8, EB*:6, PM*:3
223 39 0.015 * 0.718 1.3 2.3 EB*:2.2x(z2) *:28, EB*:8, SB*:1
101 95 0.080 * 0.821 1.5 1.7 EB*:1.6x(z2) *:78, EB*:14, V*:2
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140 40 0.032 * 0.550 1.0 1.7 EB*:1.9x(z2) *:22, EB*:7, **:2
172 734 0.387 * 0.931 1.7 1.5 SB*:1.3x(z2) *:683, SB*:26, RG*:8
99 80 0.067 * 0.838 1.5 1.3 EB*:1.5x(z1) *:67, EB*:11, PN:1
242 47 0.048 * 0.574 1.1 1.2 EB*:1.6x(z1) *:27, EB*:7, PM*:3

1 10 0.004 * 0.900 1.7 *:9, EB*:1
3 7 0.005 * 0.714 1.3 *:5, WD*:1, AGN:1

10 10 0.005 * 0.800 1.5 *:8, EB*:2
14 10 0.007 * 0.400 0.7 *:4, EB*:3, RR*:1
20 7 0.004 * 0.429 0.8 *:3, EB*:2, WD*:2
21 3 0.005 * 0.667 1.2 *:2, LP*:1
23 18 0.022 G 0.278 484.6 G:5, EB*:3, PN:2
27 5 0.002 * 0.600 1.1 *:3, WD*:1, EB*:1
37 3 0.002 EB* 0.667 7.1 EB*:2, *:1
44 2 0.003 RG* 0.500 36.8 RG*:1, HB*:1
45 13 0.005 * 0.692 1.3 *:9, EB*:2, QSO:1
58 13 0.015 * 0.846 1.6 *:11, SB*:1, Em*:1
59 4 0.004 * 0.500 0.9 *:2, EB*:1, LP?:1
61 39 0.033 * 0.897 1.6 *:35, EB*:2, PN:1
66 5 0.004 * 0.800 1.5 *:4, RR*:1
68 12 0.009 * 0.500 0.9 *:6, EB*:3, RR*:3
69 11 0.015 * 0.545 1.0 *:6, EB*:4, PN:1
77 16 0.027 LP? 0.250 3.6 LP?:4, RR*:3, GiG:2
79 11 0.004 EB* 0.273 2.9 EB*:3, *:3, AGN:2
90 11 0.014 EB* 0.364 3.9 EB*:4, *:3, LP?:2
91 14 0.005 * 0.643 1.2 *:9, EB*:4, QSO:1
95 24 0.010 * 0.833 1.5 *:20, EB*:2, WD*:1
96 7 0.005 EB* 0.429 4.6 EB*:3, *:2, SB*:1
97 32 0.019 * 0.906 1.7 *:29, Em*:2, SB*:1
102 18 0.008 * 0.778 1.4 *:14, EB*:4
105 7 0.017 Em* 0.286 11.1 Em*:2, LP?:2, Mi*:1
113 9 0.006 * 0.556 1.0 *:5, EB*:2, WR*:1
117 7 0.009 * 0.429 0.8 *:3, EB*:2, LP?:1
132 21 0.025 * 0.762 1.4 *:16, SB*:4, AB?:1
137 8 0.013 * 0.625 1.1 *:5, EB*:2, LP?:1
138 2 0.004 * 1.000 1.8 *:2
139 8 0.003 * 0.625 1.1 *:5, EB*:3
141 13 0.025 * 0.538 1.0 *:7, EB*:4, LP?:2
147 10 0.013 * 0.900 1.7 *:9, EB*:1
169 16 0.006 * 0.750 1.4 *:12, EB*:3, RR*:1
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170 7 0.009 WD* 0.286 23.3 WD*:2, RR*:2, EB*:1
181 20 0.019 * 0.750 1.4 *:15, PM*:2, QSO:1
182 1 0.001 LP? 1.000 14.2 LP?:1
194 4 0.005 LP? 0.500 7.1 LP?:2, Em*:1, *:1
195 3 0.003 El* 0.333 204.7 El*:1, EB*:1, RR*:1
200 6 0.006 EB* 0.500 5.4 EB*:3, WD*:1, LP?:1
226 1 0.002 EB* 1.000 10.7 EB*:1
230 82 0.045 * 0.890 1.6 *:73, EB*:4, PM*:3
231 12 0.005 * 0.500 0.9 *:6, cC*:3, EB*:3
234 2 0.003 * 1.000 1.8 *:2
237 6 0.004 * 1.000 1.8 *:6
240 77 0.048 * 0.883 1.6 *:68, EB*:5, Pe*:2
250 6 0.007 Em* 0.333 13.0 Em*:2, EB*:2, *:2
253 14 0.016 * 0.643 1.2 *:9, El*:1, HB*:1
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Table 24: Atoms in DH holding a majority of a single SIMBAD class, ranked by specialization ζ.

Atom Class Natom Ntotal Coverage Atom frac. Spec.

229 LP? 4365 5393 0.809 0.430 0.348
229 LP* 3833 6801 0.564 0.378 0.213
107 LP* 3982 6801 0.586 0.359 0.210
107 LP? 3220 5393 0.597 0.290 0.173
36 Mi* 406 643 0.631 0.223 0.141
54 WD* 541 943 0.574 0.219 0.126

142 Em* 1165 1973 0.590 0.192 0.113
93 Mi* 478 643 0.743 0.150 0.112
40 WD* 875 943 0.928 0.106 0.099
98 Mi* 371 643 0.577 0.136 0.079
89 Mi* 576 643 0.896 0.082 0.073
70 WD* 486 943 0.515 0.135 0.070
71 Mi* 418 643 0.650 0.092 0.060
15 WD* 652 943 0.691 0.084 0.058

229 Mi* 604 643 0.939 0.060 0.056
88 RR* 637 1111 0.573 0.093 0.053

144 C* 191 197 0.970 0.054 0.052
40 AGN 439 462 0.950 0.053 0.051

104 RR* 665 1111 0.599 0.080 0.048
65 RR* 708 1111 0.637 0.071 0.045
88 AGN 378 462 0.818 0.055 0.045
88 WD* 488 943 0.517 0.071 0.037
70 HS? 140 151 0.927 0.039 0.036

227 C* 126 197 0.640 0.053 0.034
93 C* 144 197 0.731 0.045 0.033
70 C* 131 197 0.665 0.036 0.024
0 AB? 148 290 0.510 0.047 0.024

88 HS? 147 151 0.974 0.021 0.021
40 HS? 151 151 1.000 0.018 0.018
65 AGN 273 462 0.591 0.027 0.016
40 QSO 142 152 0.934 0.017 0.016
65 HS? 151 151 1.000 0.015 0.015

112 Pu* 201 253 0.794 0.018 0.015
16 BY* 123 217 0.567 0.024 0.014
88 QSO 117 152 0.770 0.017 0.013
65 Pu* 176 253 0.696 0.018 0.012
40 Pu* 156 253 0.617 0.019 0.012

166 LM* 93 185 0.503 0.020 0.010
89 C* 114 197 0.579 0.016 0.009

229 C* 117 197 0.594 0.012 0.007
0 s*r 36 63 0.571 0.012 0.007
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Atom Class Natom Ntotal Coverage Atom frac. Spec.

30 Pu* 135 253 0.534 0.010 0.005
112 gD* 61 63 0.968 0.006 0.005
107 LM* 103 185 0.557 0.009 0.005
70 s*r 33 63 0.524 0.009 0.005
15 gD* 47 63 0.746 0.006 0.005
65 gD* 53 63 0.841 0.005 0.004

101 gD* 54 63 0.857 0.005 0.004
65 QSO 76 152 0.500 0.008 0.004
30 gD* 53 63 0.841 0.004 0.003

180 gD* 45 63 0.714 0.004 0.003
30 ** 67 126 0.532 0.005 0.003

240 gD* 44 63 0.698 0.004 0.003
104 gD* 36 63 0.571 0.004 0.002
40 gD* 35 63 0.556 0.004 0.002

112 dS* 43 81 0.531 0.004 0.002

C Feature Importances (Label Prediction)

Atom Importance Std.

1 0.332151 0.007198
17 0.176136 0.003224
6 0.172336 0.003407
13 0.152408 0.004180
0 0.140128 0.004309
12 0.137989 0.004401
5 0.112480 0.003810
20 0.105708 0.001922
18 0.080809 0.001877
23 0.051297 0.000866
3 0.039189 0.001271
21 0.038001 0.000907
8 0.037757 0.001037
14 0.032926 0.000889
15 0.030868 0.001361
19 0.028337 0.000695
10 0.025074 0.001239
11 0.021089 0.001043
4 0.013651 0.000407
9 0.011718 0.000778

Table 25: Top 20 DC atoms for
[M/H] using HGB permutation
importance.

Coefficient Importance Std.

bp 08 0.117630 0.002750
bp 01 0.089495 0.002242
bp 05 0.085685 0.002085
bp 16 0.083862 0.002717
rp 04 0.081180 0.001312
rp 02 0.072944 0.000970
bp 02 0.066996 0.002051
bp 04 0.065952 0.001823
bp 27 0.043150 0.001386
bp 12 0.041054 0.001146
rp 11 0.037130 0.000907
bp 03 0.035122 0.000702
rp 14 0.035083 0.001314
rp 03 0.034259 0.000610
bp 18 0.031766 0.000572
rp 06 0.024380 0.000447
rp 09 0.019955 0.000990
rp 05 0.019824 0.000596
bp 20 0.014935 0.000419
rp 10 0.014403 0.000543

Table 26: Top 20 coefficients for
[M/H] using HGB permutation
importance.

Atom Importance Std.

104 0.111152 0.002944
35 0.039710 0.001472
214 0.039004 0.002307
7 0.037484 0.001967

173 0.029387 0.001149
230 0.028212 0.001267
144 0.025324 0.000428
152 0.023876 0.000684
172 0.020402 0.000985
44 0.018776 0.000897
227 0.018260 0.000852
97 0.017518 0.000888
233 0.016546 0.000743
166 0.016487 0.000503
108 0.015366 0.000503
192 0.014428 0.000622
228 0.013738 0.000668
109 0.013237 0.000577
67 0.012942 0.000880
185 0.012549 0.000569

Table 27: Top 20 DH atoms for
[M/H] using HGB permutation
importance.
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Atom Importance Std.

1 0.223693 0.004790
14 0.146207 0.003502
22 0.144071 0.002328
10 0.125408 0.002479
8 0.093381 0.001850
23 0.086287 0.001298
12 0.085514 0.001899
5 0.070540 0.001295
0 0.051261 0.000994
17 0.041110 0.000511
6 0.030197 0.000488
20 0.022723 0.000504
21 0.015730 0.000404
19 0.012325 0.000311
4 0.011575 0.000295
11 0.010715 0.000176
9 0.007861 0.000202
2 0.007588 0.000271
7 0.007014 0.000183
13 0.006869 0.000256

Table 28: Top 20 DC atoms for
Teff using HGB permutation im-
portance.

Coefficient Importance Std.

bp 01 0.710030 0.008942
bp 00 0.152244 0.001405
bp 05 0.100661 0.000870
bp 02 0.046777 0.000756
bp 08 0.037430 0.000607
bp 04 0.024891 0.000256
rp 02 0.021367 0.000384
rp 06 0.020208 0.000392
bp 06 0.016848 0.000699
bp 03 0.013145 0.000329
rp 05 0.010794 0.000239
rp 07 0.010470 0.000294
rp 11 0.005183 0.000231
rp 01 0.004887 0.000092
rp 04 0.004461 0.000275
rp 03 0.003718 0.000087
rp 08 0.003640 0.000190
bp 16 0.002818 0.000133
bp 07 0.002418 0.000146
rp 14 0.002304 0.000149

Table 29: Top 20 coefficients for
Teff using HGB permutation im-
portance.

Atom Importance Std.

142 0.186289 0.003207
107 0.059977 0.002580
56 0.059158 0.001648
201 0.051725 0.001434
112 0.043187 0.001433
17 0.036019 0.001355
240 0.025381 0.001120
2 0.025162 0.000893
99 0.016838 0.001009
192 0.014083 0.000446
109 0.013401 0.000481
154 0.013400 0.000393
31 0.012613 0.000583
27 0.010931 0.000690
176 0.010372 0.000483
187 0.009531 0.000412
19 0.008728 0.000369
193 0.008115 0.000206
122 0.007717 0.000303
92 0.007224 0.000301

Table 30: Top 20 DH atoms for
Teff using HGB permutation im-
portance.

D Code Availability

The code used in this thesis is available at: https://github.com/dean-UL/Bachelor_Thesis.
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Atom Importance Std.

7 0.469790 0.003680
0 0.371673 0.004854
20 0.244978 0.005334
13 0.060734 0.002268
22 0.055181 0.001896
17 0.041433 0.000997
4 0.041029 0.000484
14 0.040866 0.000887
8 0.024996 0.000651
10 0.024400 0.001019
23 0.022506 0.000777
5 0.020063 0.000859
3 0.018952 0.000881
12 0.015627 0.000414
19 0.015503 0.000779
6 0.013436 0.000571
15 0.010997 0.000631
1 0.009044 0.000554
9 0.007789 0.000341
2 0.005360 0.000660

Table 31: Top 20 DC atoms for
log g using HGB permutation
importance.

Coefficient Importance Std.

rp 03 0.691009 0.006383
bp 00 0.119871 0.002072
bp 03 0.106587 0.002177
bp 01 0.078336 0.001636
rp 04 0.077928 0.001418
bp 04 0.066999 0.001041
bp 05 0.066204 0.001782
bp 06 0.028254 0.001250
rp 01 0.024926 0.000599
rp 02 0.022762 0.000842
bp 02 0.017444 0.000724
bp 08 0.010422 0.000466
bp 16 0.007999 0.000286
bp 21 0.005549 0.000320
rp 05 0.005543 0.000299
rp 07 0.003976 0.000197
bp 27 0.003677 0.000164
rp 09 0.003571 0.000224
rp 06 0.003076 0.000239
rp 12 0.002238 0.000119

Table 32: Top 20 coefficients
for log g using HGB permuta-
tion importance.

Atom Importance Std.

7 0.097881 0.001755
177 0.070644 0.001642
0 0.069884 0.002252

228 0.063455 0.001540
58 0.061654 0.001782
44 0.059677 0.001332
142 0.058259 0.001466
229 0.053383 0.001661
172 0.048548 0.000850
156 0.047269 0.001471
132 0.046853 0.002103
234 0.035562 0.001611
226 0.035335 0.001452
152 0.022495 0.000407
182 0.022386 0.000726
31 0.021377 0.000771
144 0.019372 0.001042
159 0.018881 0.000586
107 0.017426 0.000727
181 0.017379 0.001178

Table 33: Top 20 DH atoms for
log g using HGB permutation
importance.
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