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Abstract

Recent observations suggest that dwarf galaxies appear to host extended tidal struc-
tures or debris from disrupted systems that contribute to their stellar halos. These
features are extremely challenging to identify, yet they are relics of past interactions
and provide crucial constraints on the nature of dark matter and the evolutionary
history of galaxies.

In this thesis, I investigated different methods to calculate membership probabilities
for individual stars in dwarf galaxies of the Local Group, with a particular focus on
identifying members in external structures such as tidal tails and outer halos.

The analysis was performed on four mock catalogs constructed from Gaia eDR3, de-
signed to reproduce different foreground conditions and dwarf galaxies, including cases
with tidal tails. Three approaches were explored, all implemented within a machine
learning framework but differing in the way the data were modeled: (i) an updated,
machine learning based version of the probabilistic method used in Battaglia et al.
(2022), (ii) a dimensionality-reduction approach, and (iii) a normalizing flow model
capable of mapping complex distributions into simpler ones.

All methods demonstrated a high capacity for detecting true members; however, the
first two primarily identified stars in the central regions of the galaxies, whereas the
normalizing flow method was the only one able to consistently recover the external
structures, highlighting its potential as a powerful tool for probing the outskirts of
dwarf galaxies.
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1 Introduction

Dwarf galaxies are small stellar systems containing from a few thousand up to several
billion stars, a negligible number compared to massive galaxies such as the Milky Way.
There is no universally precise definition of what constitutes a dwarf galaxy. However,
since 1993 a commonly adopted working definition has been that dwarf galaxies are
systems with absolute magnitudes fainter than My < —17 and with spatial exten-
sions larger than globular clusters (Tolstoy et al. 2009 and references therein). Within
this broad classification, several distinct types of dwarf galaxies have been identified:
early-type dwarf spheroidals (dSphs), late-type star-forming dwarf irregulars (dIs),
ultra-faint dwarfs (UFDs), centrally concentrated blue compact dwarfs (BCDs) with
active star formation, and the more recently recognized ultra-compact dwarfs (UCDs).
Dwarf galaxies are believed to have formed through gravitational processes during the
early stages of galaxy assembly (Jensen et al. 2023) or, as suggested by recent studies,
as by-products of interactions and mergers, arising from streams of baryonic matter
and dark matter stripped from larger systems. However, both the fraction of dwarfs
formed in this way and their long-term survival remain unclear (Zaragoza-Cardiel et
al. 2024).

Although morphologically simple, dwarf galaxies provide fundamental insights into
galaxy formation and evolution. In particular, irregular dwarfs, characterized by low
metallicity and relatively high gas fractions, are considered the closest local analogues
to the first galaxies that populated the early Universe'. Moreover, their typically
high mass-to-light ratios, often exceeding 100 in the faintest systems, reveal that they
are strongly dark matter dominated (Simon 2019 and references therein). Because
of their low intrinsic luminosities, the study of nearby dwarfs is especially powerful:
their proximity and their high central dark matter densities (Simon et al. 2007), makes
them ideal laboratories for testing models of galaxy evolution and the nature of dark
matter.

The Local Group (LG), which includes the Milky Way and M31, provides the rich-
est environment for such studies. It hosts the faintest galaxies known to date, with
luminosities as low as L < 10° Ly (Simon 2019; McConnachie 2012; Pace 2024),
and currently counts nearly one hundred identified dwarfs, of which 68 are satellites
of the Milky Way, 9 of M31, and 15 beyond the LG (Goater et al. 2023). Since
most of the well-studied dwarfs are satellites of the Milky Way, they also provide
unique constraints on the distribution of dark matter subhalos, setting lower limits
on their abundance. Their small physical sizes probe dark matter clustering on scales
of ~ 20 — 30 pc for the most compact ultra-faint dwarfs, a regime inaccessible in any
other astrophysical context (Simon 2019).

Within the hierarchical ACDM framework?, galaxies are expected to form and
grow through the accretion of smaller systems. Dwarf galaxies therefore represent the
smallest-scale environment where these processes can be studied (Deason et al. 2021).
Simulations suggest that dwarf galaxies formed within extended dark matter halos and
experienced early galaxy mergers and supernova feedback, making them the surviving
remnants of the earliest galaxies as confirmed by their ancient and chemically primitive
stars (~ 13 billion years old), even though these events should lie outside their core
regions (>2 half-light radii) (Chiti et al. 2021).

LESA /Hubble

2The A Cold Dark Matter model is the current cosmological mathematical model of the Big Bang
theory that incorporating a cosmological constant A associated with dark energy, cold dark matter
and ordinary matter, assuming general relativity as the theory of gravity on large scales.



Recent observations have detected the presence of these external structures in various
LG’s dwarf galaxies. A recent study of the Fornax dwarf galaxy by Yang et al. (2022)
discovered a significant second component that extends out to 2.1 degree (seven time
its half-light radius) and about 10% of the total mass of Fornax, which resembles a
stellar halo due to its nearly symmetric morphology. Another evidence for this kind of
structure has been found by Chiti et al. (2021) for the dwarf galaxy Tucana II where
they identify members in a outer region up to 9 half-light radii, demonstrating the
system to be even more spatially extended than previous observations.

Simulations support the ubiquity of these structures: in the Auriga cosmological suite,
all isolated dwarfs with stellar masses in the range 10° < M, < 108Mg, form stellar
halos containing 2-20% of their stellar mass, typically via dwarf-dwarf mergers. These
halos are systematically more metal-poor than the central regions and exhibit steep
density profiles, reflecting their distinct origins (Deason et al. 2021).

Another fundamental property of dwarf galaxies is their relatively shallow potential
wells, which make them highly susceptible to tidal interactions and other environmen-
tal processes that can alter their morphology.

A subset of these systems, known as tidal dwarf galaxies (TDGs), is thought to repre-
sent only a small fraction (< 10%) of the dwarf galaxy population in the local universe
(Zaragoza-Cardiel et al. 2024 and references therein). TDGs can form either by mate-
rial pulled from a parent galaxy, evolving into independent systems that are typically
dark matter-deficient and may exhibit higher metallicities reflecting their disk origin,
or via the tidal disruption of pre-existing dwarfs. Their long-term survival, however,
remains uncertain: processes such as mass loss driven by stellar winds and supernovae,
tidal stripping, or eventual infall back into the parent galaxy can compromise their
persistence. This uncertainty stands in contrast with the fact that the stellar pop-
ulations of many dwarf galaxies indicate they are among the oldest galaxies (Simon
2019).

One of the galaxies most likely to have such structures is the Carina galaxy, which, as
demonstrated by Battaglia et al. (2012), has a clear presence of ancient MSTO (Main
Sequence Turn-Off) stars at R > 25’, which demonstrates that Carina extends well
beyond its literature nominal tidal radius (r; = 28.8’).

On the other hand, the search for tail regions in most dwarf galaxies is rather compli-
cated, where direct detection has not yet been made. In Fornax there was no evidence
of structure as tidal tails (Yang et al. 2022) and simulations, based in a frame for
which it is dark matter dominated and a long-lived satellite of the MW, shows how
the stellar component is very stable against tidal stripping (Battaglia et al. 2015).
EDGE cosmological simulations (Goater et al. 2023) shows that within our local vol-
ume of the Universe, multitude of the faintest and most dark matter dominated galax-
ies, despite their tidal isolation, exhibit anisotropic extended stellar outskirts that
masquerade as tidal tails but are instead natal. This lead to dwarf galaxies that form
later are fainter and more extended and have more elliptical stellar distributions. The
simulations matches the observed ellipticity distributions of Milky Way satellites and
isolated dwarfs, and that many dwarfs may be tidally intact, meaning their structures
are not primarily shaped by interactions with massive galaxies, but instead reflect
intrinsic formation processes.

An important aspect of studying dwarf galaxies is that knowledge of their orbits around
the Milky Way allows us to assess the impact of tidal forces on their morphology and
evolution. Recent studies (Battaglia et al. (2022); Pace et al. 2022) have leveraged
systemic proper motions of Local Group dwarfs derived from Gaia data, have enabled
detailed investigations of these tidal effects and their role in shaping dwarf galaxy



properties.

A recent survey of dwarf galaxies in the LG, conducted by Jensen et al. (2023) on the
detection of external structures using data from Gaia, identified nine dwarfs (Bodotes
I, Bodtes I1I, Draco II, Grus II, Segue I, Sculptor, Tucana II, Tucana III, and Ursa
Minor) that show evidence for a secondary, low-density outer component in their stel-
lar profiles. For example, kinematic evidence suggests that Sculptor may currently be
losing stellar mass due to tidal effects, even though simulations indicate that the Milky
Way’s tidal influence is not expected to be strong enough to significantly distort its
morphology. However, these simulations also show that up to 60% of Sculptor’s dark
matter halo may have already been stripped away (Iorio et al. 2019). Or in the case
of Tucana II, its outer stars are likely the result of a past dwarf-dwarf merger, consis-
tent with the result obtained by Chiti et al. (2021). Among the systems identified as
having extended structures, many have been reported as possibly disrupted systems,
in particular BooGtes I, Bodtes III, Tucana IIT and Ursa Minor, which are consistent
with the literature.

The discovery of these outer stellar components suggests that extended halos and tidal
debris are common features of Milky Way dwarfs. In some systems, such as Carina,
the outskirts appear consistent with tidal stripping by the Milky Way, while in others,
such as Tucana II, the extended halo may represent the remnant of a dwarf-dwarf
merger. These results highlight that dwarf galaxies cannot be fully understood by
examining only their central populations: their outer regions provide the key evidence
for hierarchical assembly and tidal processing.

Precisely because of the importance of these external structures and the difficulty
in identifying them, the search for new methods is of particular current interest. For
this reason, in this work we were interested in the identification of dwarf galaxies
outskirts members and so we present three alternative methodologies, all relying on
machine learning tools, and tested on mock catalogs constructed from Gaia eDR3 data
and synthetic stellar populations. In Section 2, we provide an overview of the Gaia
eDR3 astrometric data used, describe the qualitative cuts applied to prepare the final
catalog for analysis, and in Sec. 2.2 we explain the construction of the mock catalogs
that simulate different scenarios of dwarf galaxies with extended structures, such as
tidal tails.

In Section 3, we briefly introduce the methodology of Battaglia et al. (2022) (hereafter
referred to as B22) and present our alternative machine learning-based approaches for
calculating membership probabilities, where the first method (Sec. 3.2) builds on the
framework of B22, but with important modifications. Here, a machine learning model
is used to construct the likelihood and priors of the properties of the contaminants
directly from the data, without adopting analytic assumptions. In particular, the spa-
tial, proper motion, and color-magnitude diagram distributions of the contaminants
are modeled from the real field stars, thereby producing a faithful representation of
the Milky Way foreground in the absence of any dwarf galaxy. The galaxy likelihood is
then obtained by subtracting this contaminant model from the observed distribution.
The only distribution that remains untouched is the galaxy’s density profile, for which
we could not identify a robust replacement.

The second and third methods are more machine learning oriented. The second
(Sec.3.3) relies entirely on a more direct clustering algorithm, where sources that
share similar feature are labeled as members or contaminants. The third (Sec.3.4)
employs a generative approach using normalizing flows, which transform the com-
plex distributions of the contaminants in proper motion and color-magnitude diagram



space into simpler, nearly Gaussian forms. This enables a more straightforward com-
putation of the likelihoods and hence simplifies the Bayesian inference.

We evaluate these three approaches separately on four mock catalogs: a Sculptor-like
dwarf galaxy embedded in the real Sextans foreground contamination, a Sextans-like
galaxy with tidal tails in its own contamination field and in Draco’s real contamina-
tion field and a Draco-like dwarf galaxy with thin tidal tails in its own contamination
environment.

Section 4 presents the outcomes obtained from all machine learning methodologies
across the different mock catalogs and finally, in Section 5, we compare the results
from each methodology and mock scenario, analyzing the strengths and limitations
of each approach, and discuss the potential applications of these methods in future
studies. This setup allows us to test the performance of the three methodologies across
a range of contamination levels and galaxy densities, highlighting their strengths and
limitations in the identification of external members.
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Figure 1: Probable member stars of the Sextans dwarf spheroidal galaxy. Distribution of Gaia
eDR3 sources within 4° of the optical center. Stars are color-coded by their membership probability from
B22, with only those having P > 0.5 shown in color; gray points correspond to stars with P < 0.5. Left:
spatial distribution on the tangent plane centered on Sextans, with ellipses marking 1x and 3x the half-light
radius (see Tab.1). Middle: proper motion plane. Right: color-magnitude diagram of the same sample.
The figure is reported from B22.

2 Data

As the primary objectives of this work is to enhance the B22 methodology for esti-
mating probabilities of membership of individual stars along the line-of-sight to LG
dwarf galaxies (see Sec.3.1 for a description of the methodology). Since we wish to
carry out a direct comparison to the work by B22, we tailor our approach to the use
of Gaia data, in terms of observables and quality cuts applied.

Therefore this study is based on astrometric and photometric data from Gaia
Early Data Release 3 (eDR3)3, focusing on sources with full parameter astrometric
solutions. In addition to the Gaia dataset, we constructed and utilized a series of mock
catalogs, produced by Dr. G. Thomas, each tailored to represent specific scenarios such
as different dwarf galaxies, foreground contamination, and structural configurations,
to systematically evaluate the performance of the proposed algorithms.

2.1 Local Group dwarf galaxies in Gaia eDR3

Within the Gaia magnitude detection limit (up to ~ 21 mag), at the typical distances
of Milky Way satellites and, more generally, LG dwarf galaxies, the dominant source
of contamination comes from stars belonging to the Milky Way that lie along the
line-of-sight between the observer and the target system. For simplicity, throughout
this work we will refer to the Milky Way foreground as contaminants.

We adopt the Sextans dwarf spheroidal galaxy as a template, since it is a diffuse,
low surface brightness system projected against a dense Milky Way foreground (see
Tab. 1), making it a demanding benchmark for testing the performance of membership
identification algorithms. This difficulty is especially pronounced in the outer regions
of the galaxy, where the density contrast between member stars and contaminants is
lowest.

The data extracted from the Gaia archive correspond to a circular region with an
8-degree radius centered on the literature coordinates of the target object. We expect
this area to be large enough to enclose the galaxy and any extended structures, such

Shttps://gea.esac.esa.int /archive/



Parameter Sextans Sculptor Draco Reference
RA (deg) 153.27 15.02 260.07 (1)
Dec (deg) -1.62 -33.72 57.92 (1)
1 (deg) 243.5 287.53 86.4 (2);(3);(4
b (deg) +42.3 -83.16 +34.7 (2);(3);(4)
dm 19.64 £ 0.01 19.62 £ 0.04 19.53 £ 0.07 (1)
Rh (arcmin) 21.40 £ 0.10 12.43 £ 0.18 9.61 £0.10 (1)
ell 0.27 £ 0.03 0.36 = 0.01 0.30 £0.01 (1)
PA (deg) 52.0 + 3.0 92.0 £ 1.0 87.0 £1.0 (1)
< Vs > (kms™)  226.0 £+ 0.6 110.6 £ 0.5 -2923+04 (1)
Olos (kms™1) 84 +£04 10.1 £ 0.3 9.0 £0.3 (1)
Yo (magarecmin~!) 18.2 4 0.5 22 —-26 25.5+0.5 (2);(3);(5)
L (Le) 41+1.9x%x10° 2.034+0.79 x 10° 2.2 x 10° (2);(3);(4
Stellar Mass (M) 4.4 x 10* 6.3 +£0.4 x 10° 6.6 x 10° (2);(3);(4)

Table 1: Summary of the structural and physical properties of the dwarf galaxies analyzed in this work.
In order of row we have the coordinates of the optical center first expressed in the equatorial system (RA,
Dec) and then in Galactic coordinate system (I, b), the distance module, the half-light radius along the
projected major axis, ellipticity defines as 1 — b/a, with a and b the projected major and minor axes
of the stellar component, position angle measured from north to east, heliocentric systemic l.o.s velocity,
velocity dispersion along the l.o.s, the central surface brightness, luminosity (in V-band), and the stellar
mass. References are listed in the same order as the galaxies: Sextans, Sculptor, and Draco. When a single
reference is provided, it applies to all three galaxies.

The corresponding numeric code are: (1) B22, (2) Battaglia et al. (2011), (3) Bettinelli et al. (2019), (4)
Lokas et al. (2005), (5) Aparicio et al. (2001).
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as stellar halos or tidal features, and contains a significant number of foreground
contaminants, which are also useful for training purposes (see Sec. 3.2).

To define our analysis sample, we follow the same method used in B22 by selecting
sources that are not flagged as duplicates, possess a complete astrometric solution
(astrometric_params_solved > 31), and meet the criterion for high-quality astrom-
etry, characterized by a Renormalized Unit Weight Error (ruwe) less than 1.4. Addi-
tionally, we excluded all objects that are cross-matched with Gaia AGN catalogs.

To further ensure the reliability of the sample and eliminate extended or non-isolated
sources, we imposed the following quality cuts: ipd_frac_multi_peak < 2,
ipd_gof_harmonic_amplitude < 0.2, and a corrected photometric excess factor within
50 of the expected value at a given G-band magnitude, following the procedure de-
scribed by Riello et al. (2021).

To minimize contamination from clearly non-member stars, we applied a parallax se-
lection, retaining only those sources with parallax consistent with that of the dwarf
galaxy within 30, where o is the quadrature sum of the parallax error of the star and
the uncertainty on the galaxy’s parallax. Parallax values were corrected by applying
a global zero-point offset of —0.017 mas. The residual Gaia parallax systematics were
deemed negligible for the scope of this analysis.

After these cuts, the dataset used for this analysis included the spatial coordinates ra
and dec, transformed into standard coordinates on the projected plane of the galaxy;
the proper motion components along right ascension (pmra) and declination (pmdec);
and color-magnitude diagram (CMD) quantities: the extinction and reddening cor-
rected magnitude Gy and color (BP — RP)g, derived from the Gaia catalog values
phot_g_mean_mag, phot_bp_mean_mag, and phot_rp_mean_mag, with corrections ap-
plied using the Ggactor and phot_bp_rp_excess_factor for the color.

This filtering process, which serves in particular to eliminate a large number of contam-
inants and other sources of noise, is performed each time on the raw dataset obtained
from Gaia in order to initialize the dataset before performing the analysis.

2.2 Mock catalogs

In order to rigorously evaluate the performance of our algorithms, it was necessary
to construct mock catalogs in which the true membership of each star, whether a
galaxy member or a contaminant, was explicitly known. To construct these catalogs,
Dr. G. Thomas simulated a mock dwarf galaxy by injecting synthetic member stars
into a real region of the Gaia eDR3 sky that contains only Milky Way foreground
contamination. Each synthetic member was assigned a unique identifier, setting the
source_id to a fixed value of 42. This allowed for an unambiguous separation between
true members and contaminants during analysis and evaluation.

A two-step approach was followed to construct realistic mock dwarf galaxies.

1. Stellar Component Generation: the stellar distribution of a dwarf galaxy

was modeled by assuming a gravitational potential and either a distribution
function or a stellar density profile that ensures dynamical self-consistency. This
process yields the positions and velocities of individual stellar particles.
Each stellar population (e.g., Sculptor has two components, metal-rich and
metal-poor components) was defined by a stellar age and a metallicity distri-
bution function. Using the Kroupa Initial Mass Function (IMF) and theoretical
isochrones, the model assigns each particle a corresponding absolute magnitude.
The output is a physically motivated representation of the stellar content of a
dwarf galaxy.
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2. Projection and Realistic Mock Construction: The synthetic galaxy was

projected onto the sky at a specified location, applying a chosen distance mod-
ulus, inclination, and position angle.
To emulate realistic observational conditions, we queried the Gaia archive to re-
trieve real stellar data within an 8 degrees radius of the same coordinates. These
Gaia data were used to train a machine learning model that captures the local
dependencies of photometric, proper motion, and parallax uncertainties as func-
tions of stellar magnitude. These empirical relations were then applied to the
synthetic dwarf galaxy stars to simulate observational effects, such as parameter
uncertainties and detection completeness. Finally, the processed mock galaxy
was embedded into the real Gaia background field to produce a comprehensive
and realistic mock observation of a dwarf galaxy as it would appear in Gaia
eDR3.

In total, four mock catalogs were generated, each representing a distinct observational
scenario. In three of the catalogs an additional component was incorporated to sim-
ulate a tidal tail. These were designed to test the robustness and consistency of our
methods under varying conditions of source compactness and background contamina-
tion.

e Sculptor in Sextans background: This mock simulates the case of a compact
and luminous object like Sculptor embedded in the dense contaminant field
characteristic of Sextans. It allows us to assess performance under challenging
background conditions with a well-defined galaxy (Fig.2a). Hereafter we refer
to this mock catalog as SculptorInSextans.

e Sextans in Sextans background: A diffuse system modeled after Sextans,
including simulated tidal tails, placed in its own naturally dense background
field. This setup closely reproduces the real observational conditions of Sextans
(Fig. 2b). Hereafter refer as SextansInSextans.

e Sextans in Draco background: A Sextans-like system with tidal tails placed
in the comparatively cleaner Draco foreground. This case allows us to test how
the methods perform when the same diffuse system is observed against a less
contaminated background (Fig.2c). Hereafter we refer to this mock catalog as
SextansInDraco.

e Draco in Draco background: A Draco-like system with a faint tidal feature
placed in its native, relatively low-contamination environment. This scenario
was used to evaluate performance on low surface brightness galaxies and to test
the detectability of less prominent external structures (Fig.2d). Hereafter we
refer to this mock catalog as DracoInDraco.

This controlled setup enabled the computation of confusion matrices to quantitatively
assess classification performance:

e True Positives (TP): member stars correctly identified as such;
e False Negatives (FIN): member stars misclassified as non-members;

e False Positives (FP): non-member (contaminant) stars incorrectly labeled as
members;

12



e True Negatives (TN): contaminant stars correctly identified as non-members.

The results obtained for each dataset, both real and mock catalogs, using the various
methods presented in this analysis are reported in Sec. 4.

13
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Figure 2: Mock galaxies preview: For visualization purposes, only sources within 4 degrees of the
galaxy center are shown. Each panel reports, in the plot label, the total number of synthetic member stars
(red dots) and the number of foreground contaminants (gray dots) within this region for the corresponding

mock catalog.

Left: spatial distribution projected on the tangent plane centered on the dwarf galaxy. Middle: the proper
motion space. Right: the color-magnitude diagram.
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3 Methods

In this section, we present the various methods employed in this work to compute the
probability of membership for stars in dwarf galaxies using Gaia eDR3 data.

The original objective of this thesis was to build upon and extend the methodology
proposed in B22, with the specific aim of minimizing the use of prior information fed
into the model, particularly in order to identify stars in the outer regions of the ana-
lyzed galaxies that might otherwise remain undetected due to the influence of strong
priors. In particular, we sought to reduce the dependence on foreground density dis-
tributions and prior knowledge of the target dwarf galaxy, such as its density profile.
For example, in B22, an exponential density profile was assumed and calibrated based
on previously known properties of each analyzed galaxy.

With this in mind, our goal was to develop a robust and data-driven approach capable
of identifying member stars of a dwarf galaxy, especially those located in the outer
regions, which are key to probing possible stellar halos or tidal tails. Such features
could indicate past interactions with other dwarf galaxies or with the Milky Way itself.
To address this challenge, we adopted a machine learning (ML) framework. This al-
lowed us to construct models capable of learning and estimating complex distributions
directly from the data. These learned distributions can then be used as likelihood func-
tions within a Bayesian inference framework, replacing theoretical assumptions with
data-driven evidence.

In this work, we explore three different methodologies, each offering a distinct
approach to the problem:

B22 with a Machine Learning Approach: In this method, we developed a ML
model designed to learn how foreground contaminants are distributed across the sky
region under analysis. This model helps us predict the distribution of contaminants
not only in the outer regions but also in the central part of the image, where the dwarf
galaxy lies. It also provides their distribution of the proper motion (PM) space, proper
motion in right ascension and declination, and in the color-magnitude diagram (CMD).
By learning these distributions, we can effectively model and isolate the contribution
of foreground contaminants, enabling a more realistic estimate of the contaminant
likelihood term.

We tested three levels of information provided by the ML model, based on how many
components of the final likelihood are derived from its predictions:

e First Level: At this stage, the model predicts only the contaminant component
of the final likelihood (see Eq. 1), while the remaining terms are kept unchanged
from the original B22 approach. The key difference is that in B22, the con-
taminants are assumed to be uniformly distributed across the image, whereas
our ML model allows for spatially varying contamination, especially important
in regions overlapping with the galaxy.

e Second Level: This level builds on the first, with the additional use of the ML
model to infer the CMD of the galaxy. Specifically, we compute the galaxy CMD
by subtracting the ML-predicted CMD of the contaminants from the observed
CMD in the central region. In this setup, only the CMD component of the
galaxy is derived from the ML outputs.

e Third Level: At this most advanced level, almost all terms in the likelihood
are derived from the ML model, except for the galaxy’s density profile, which
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remains fixed as an exponential profile. Here, we also compute the galaxy’s
proper motion distribution by subtracting the contaminant proper motion map
predicted by the ML from the observed distribution. Moreover, the membership
ratio term, representing the relative fraction of member stars to total stars, is
estimated from the ML outputs as well.

Through this multi-level ML approach, we aim to evaluate whether incorporating a
more realistic and spatially-aware model of the contaminants has a significant impact
on the computed membership probabilities for dwarf galaxies in the Local Group.

Dimensionality Reduction Approach: In the previous method, we employed
models that are first trained on labeled data and then used to make predictions, a
framework known in machine learning as "supervised learning". In this alternative
approach, we instead adopt an "unsupervised learning" strategy, where the model
does not undergo a traditional training phase with labels.

Here, the goal is to reduce the dimensionality of the input feature space, which in-
cludes spatial coordinates, proper motion, CMD information, and parallax, into a
lower-dimensional latent space, typically two dimensions. In doing so, the model at-
tempts to group stars with similar features together. This naturally leads to the
formation of clusters in the reduced space, which ideally correspond to the two main
populations in the data: foreground contaminants and dwarf galaxy members.

The clustering itself is performed automatically using a clustering algorithm. The
identification of which cluster corresponds to members or contaminants is based on
their relative size, under the reasonable assumption that the contaminant population
is more numerous than the member population.

To convert this clustering-based binary classification into posterior membership prob-
abilities, we repeat the entire process over multiple synthetic datasets generated via a
Monte Carlo approach. Each synthetic dataset is built by perturbing the original data:
for each star, its features are randomly drawn from Gaussian distributions centered on
the observed values with standard deviations equal to their associated measurement
errors. After a large number of such realizations, the final membership probability of
a given star is computed as the fraction of times it is classified as a member, yielding
an empirical posterior probability estimate.

Normalizing Flow Approach: This method represents the most experimental of
the three proposed, as it employs a machine learning architecture not commonly used
in this domain. The central idea is to simplify the probability density functions of both
the contaminant and member populations, enabling easier construction of likelihoods
and more tractable Bayesian inference, essentially, to assess whether a given source is
more likely to belong to one distribution or the other.

To achieve this, we adopt a Normalizing Flow architecture. As the name implies,
these models are designed to transform complex, high-dimensional distributions into
simpler ones, typically normal distributions. The objective is to train the Normalizing
Flow model to map the complex distribution of the contaminants in the PM and CMD
spaces into a multivariate Gaussian with zero mean and identity covariance matrix.
Once trained on a region containing only contaminants, the model learns this trans-
formation exclusively for the contaminant population. When we then apply the model
to a region containing both contaminants and dwarf galaxy members, the contami-
nants will still be mapped to the learned Gaussian in the latent space, whereas the
members, having not been seen during training, will be transformed into an unknown,
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non-Gaussian distribution.

This setup allows us to isolate the distribution of the member stars in the latent space.
We then model this complex distribution using a Gaussian Mixture Model, composed
of multiple components, one of which is fixed to match the known Gaussian corre-
sponding to the contaminants. With both distributions now defined, we can apply
Bayesian inference to estimate posterior membership probabilities for each source in
the catalog.

With these methods briefly introduced, the following sections will present each of
them in greater detail. We begin with an overview of the approach proposed in B22,
to provide the necessary background for understanding the subsequent developments.

3.1 Battaglia 2022

In this section, we provide a comprehensive summary of the methodology used in B22,
which serves as the foundation for the membership analysis framework used in this
work.

The goal is to outline the key steps that lead to the formulation of the membership
probability and its associated likelihood components, as applied to stars along the line
of sight to LG dwarf galaxies using the Gaia eDR3 catalog.

These membership probabilities are derived using a maximum likelihood approach
based on three free parameters: the systemic proper motion of the dwarf galaxy in
right ascension (,ua*)sys‘l), in declination (p5,sys), and the fractional contribution of the
galaxy’s stars relative to the total number of stars in the field, denoted as fgal.

The parameter fy. quantifies the expected fraction of stars belonging to the dwarf
galaxy and is determined through the likelihoods associated with each star: Ly,
the likelihood of a star being a member of the galaxy, and Lcont, the likelihood of
it being a contaminant from the background. These likelihoods are computed by
modeling the observed stellar population as a mixture of two distinct components:
stars belonging to the dwarf galaxy and stars from the foreground. For each star,
that falls within the parallax selection previously defined, the likelihood of being a
member or a contaminant is evaluated based on its spatial position, proper motion
(PM), and location in the color-magnitude diagram (CMD). With these components,
the probability that a given star is a member of the dwarf galaxy is computed using
the following expression:

fgangal
fgangal + (1 - fgal)Lcont

The computation of the three main likelihood components is modeled separately for
the dwarf galaxy members and the contaminants, employing distinct methodologies
tailored to capture the expected differences between the two populations.

In the following paragraph, we describe the construction of each likelihood term in
detail.

Prat = (1)

3.1.1 Spatial distribution

The spatial distribution likelihood term is computed differently for Lg. and Leont.
For the contaminant population, a uniform spatial distribution (i.e. a constant surface

4In the Gaia eDR3 catalog, the proper motion in right ascension is provided in its declination-
corrected form, such that gy = o cosd.
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Figure 3: On the left (3a) is the spatial distribution likelihood term of the SextansInSextans dwarf galaxy
calculate the co-addiction of the 1000 Monte Carlo realizations of the expected 2D surface number density
at a given location on the sky; on the right (3b) is the uniform contamination level of the contaminants
over the sky. These two plots are output produced by the code used in B22

number density of contaminant stars) is assumed across the entire analyzed field. In
contrast, the spatial distribution of the dwarf galaxy member stars is assumed by an
exponential profile and is modeled through a Monte Carlo-based approach: a two-
dimensional lookup map of the surface number density is generated by co-adding
1000 Monte Carlo realizations of the galaxy’s exponential profile, and subsequently
normalizing the result to represent the expected density distribution. Each realization
samples the structural parameters of the galaxy (position angle, half-light radius, and
ellipticity) from Gaussian distributions centered on the values reported in Tab. 1, with
dispersion equal to the average of the lower and upper respective uncertainties. To
prevent unphysical values, the distributions for half-light radius and ellipticity are
truncated to exclude negative values.

The final spatial likelihood map for galaxy members is constructed by interpolating the
stellar positions from the Gaia dataset onto the exponential profile obtained through
this procedure. This map defines the spatial likelihood component Lg, used in the
membership probability calculation.

3.1.2 Proper motion distribution

The proper motion distribution is also modeled differently for contaminants and for
dwarf galaxy members.

For the contaminant population, a 2D histogram is built by dividing the PM space
into bins along both pi~ and us, using a bin size of Ay = 0.2masyr—!. The histogram
is then normalized, and a lookup map is constructed by interpolating the histogram
over a grid of predefined points, with each point corresponding to the center of a bin
in the 2D histogram.

Details regarding the construction of the 2D histograms are provided in Sec. 3.2.
The contaminant subset used to generate the lookup map is selected from a region
where the projected distance from the galaxy center exceeds 5 half-light radii (see
Fig.4). For simplicity, this outer region is hereafter referred to as the "donut region,"
as it will be referenced in the description of other methods.
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Figure 4: Example of contaminants and inner galaxy subdivision: The figure illustrates the division
between sources likely to be contaminants (blue), defined as stars located beyond 5x the half-light radius,
and those likely belonging to the inner galaxy region (orange), within 1x the half-light radius. Stars in the
intermediate region (gray) are the remaining sources.

Left: spatial distribution of contaminants (blue) and inner members (orange) in the sky frame. Middle:
corresponding division in proper motion space. Right: corresponding division in the CMD.

In contrast, modeling the proper motion distribution for dwarf galaxy members is an
important aspect of the method described in B22, where one of the main objectives
was to measure the systemic proper motion of LG dwarf galaxies.

In this case, the member stars’ proper motion distribution is modeled as a bivari-
ate Gaussian, incorporating the correlation between the proper motion components
ta+ and ps of individual stars. The parameter estimation is performed using the
PyMultiNest® package, a Bayesian inference tool that enables both parameter esti-
mation and model selection.

The output consists of the best-fit systemic proper motion parameters and the frac-
tional parameter fga1, both of which are used to build the corresponding likelihood
term with priors already incorporated.

3.1.3 Color-magnitude distribution

The likelihood terms associated with the CMD for both contaminants and dwarf galaxy
members are constructed following the same procedure adopted for the contaminants’
proper motion lookup map.

For the dwarf galaxy members, however, the subset of stars used to construct the CMD
likelihood is selected within a projected distance of 1 half-light radius from the galaxy
center (orange region in Fig.4). Within this central region, the majority of stars are
expected to be genuine members, with only a minor contamination from foreground
sources. This approach is appropriate for relatively bright dwarf spheroidal galaxies,
as shown in B22, where the CMD shape can be reliably recovered with such a se-
lection. However, for ultra-faint dwarf (UFD) galaxies, a different strategy, based on
the creation of synthetic CMD in the Gaia photometric filters with stellar evolution
models, is adopted since their low stellar density prevents retrieving a well-defined
CMD shape through a simple radial cut.

This approach ensures that the CMD distribution of the dwarf galaxy members is
dominated by true members, thus minimizing the impact of contaminants on the like-
lihood modeling.

Shttps://github.com/JohannesBuchner/PyMultiNest
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At this stage, all three likelihood components required to compute the membership
probabilities for each source in the Gaia sky frame have been calculated. We define
Lga1 and Leons as the product of the spatial, proper motion, and CMD likelihood terms
for the dwarf galaxy members and contaminants, respectively. By applying Eq. 1, it
is then possible to determine, for each star, the probability of being a member of the
dwarf galaxy or belonging to the background contamination.

From this perspective, we aim to investigate how strongly the distribution of con-
taminants influences the final results. Specifically, we ask whether it is sufficient to
assume a uniform spatial distribution with constant proper motion and CMD prop-
erties across the sky, or whether accounting for their variations in different regions
leads to a more reliable identification of contaminants and, consequently, of genuine
member stars.

3.2 B22 with ML

In this section, we present the first method investigated in this work, which constitutes
an enhanced version of the framework introduced in Sec. 3.1 for computing member-
ship probabilities of sources in the Gaia eDR3-based mock catalogs. The principal
improvement lies in the modeling of the contaminant distribution, which is here de-
rived using a machine learning approach.

A key objective of this modification is to reduce the reliance on strong priors, par-
ticularly those imposed on the contaminant distribution, such as assuming a uniform
spatial density. Instead, the model is allowed to learn the true contaminant density
distribution directly from the data across the entire field of view, including the region
surrounding the dwarf galaxy.

This more flexible approach enables a more accurate reconstruction of the spatial dis-
tribution of contaminants, as well as their expected PM and CMD features within
the same region. With this approach is even possible to reconstruct the features of
the dwarf galaxy in the PM and CMD planes and assess whether this yields to better
results then the original method.

To achieve this, we employ a neural network trained to predict the morphology and
density of the CMD and PM distribution across different regions of the sky. This
data-driven strategy enables the construction of a prior-free model for the contami-
nant population density.

3.2.1 Data preparation

Following the data reduction procedures and quality cuts described in Sec. 2, and after
transforming the projected stellar coordinates from degrees to units of the galaxy’s
half-light radius (R;/2), the sky region was partitioned into a uniform NxN grid.

Each grid point, hereafter referred to as a "sky pizel", represents a circular region
with a radius of 2 R, /,, and grid points are spaced by 4 R/, in both directions.

Once the sky pixel coordinates were defined, the dataset was divided into a training
set and a test set, which were then used for model training and making prediction,
respectively. The test set was selected as the central circular region of the field, with
a radius of 5 Ry, (orange area in Fig.5). The remaining sky pixels were assigned to
the training set, with the additional constraint that the area covered by a pixel must
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Figure 5: Example of sky pixels in the training region: Two regions of the projected sky within the
Sextans foreground contamination (see Tab. 1), taken from the SextansInSextans mock catalog by selecting

only the source with source_id # 42.

Fig. 5a (upper left) shows a pixel located in a highly contaminated region, while Fig. 5b (lower left) shows
one in a less contaminated area. In both figures, the test region is highlighted in orange.
Middle: proper motion distribution of the stars within the blue-selected sky pixel on the left image. Right:

CMD of the same stellar selection.
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lie entirely within the training region. This constraint was implemented through the
following condition:
Rtest + Rpix < dpix < Rsky - Rpix (2)

where Riest is the radius of the test region, Ry the pixel radius (4 Ry/z), dpix the
distance from the pixel center to the galaxy center, and Ry, the total radius of the
sky image.

Since this method employs a machine learning approach, having a large training re-
gion improves the overall performance of the algorithm. For this reason, we used a
wide sky area around each analyzed dwarf galaxy, with a radius of 8 degrees. These
images are large enough to contain a substantial number of stars for training, while
also including a test region that encompasses the majority of the dwarf galaxy.

It is important to note that the spacing of the sky pixels leads to overlap between
individual pixels. This results in a smoothing effect on the estimated density distribu-
tion across the sky, and also implies that the pixels are not statistically independent
from one another.

For each sky pixel in the training set, we selected all the sources located within its
circular region and for those stars, we considered their p4 «, its and the magnitude in
the G-band and BP-RP color.

As shown in Fig. 5, when comparing two different sky pixels located on opposite sides
of the field, we observe distinct differences in both their PM and CMD distributions.
This clearly highlights the non-uniformity of the contaminant population across the
sky.

For each sky pixel, two separate two-dimensional histograms were generated: one for
the PM distribution and one for the CMD. In both cases, the z-axis (PM in right
ascension for the former, and color for the latter) and the y-axis (PM in declination
and magnitude, respectively) were discretized into 50 equally spaced bins. For the
proper motion distributions, both axes span the range [—5.4, 5.4] mas/yr, resulting in
a bin size of approximately 0.2 mas/yr. For the CMD, the color spans the range [—0.7,
2.6] with a bin width of about 0.06 mag, while the magnitude ranges from [13.1, 21.2]
with bins of roughly 0.16 mag.

Each bin thus represents a rectangular region and the value assigned to the bin is
the count of stars that fall in. To mitigate the effects of shot noise and improve the
learning performance, we applied a 2D convolutional smoothing kernel of width equal
to 3 x 3 pixels® to each histogram. A boxcar kernel was used for the CMD histograms,
while a Gaussian kernel was applied to the PM histograms, the latter yielding better
empirical performance during training. Any occasional NaN values were set to zero.
After generating the smoothed 2D histograms for each training pixel, the data were
serialized into a dataset where each row corresponds to the coordinates of the corre-
sponding sky pixel, the 2D coordinates of the current histogram bin (proper motion
or CMD), and its value. We can see an example of how the dataset is structured in
Tab.2. In the final dataset, the first four columns represent the input features (X),
while the fifth column serves as the target label (y)7.

6Here the 2D histogram is seen as a image so each square bin corresponds to a pixel.

7In Machine Learning, particularly in a supervised learning task, X denotes the input features
used by the learning model, typically representing the observed data, while y corresponds to the
target values on which the model is trained to make predictions.
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Table 2: Example of a training dataset: * corresponds to number of stars per square bin:

Sky z-coord [Ry,3]  Sky y-coord [Ry/z|  hist z-bin [mag|  hist y-bin [mag|]  bin value [x]

-16.0 -8.0 -0.67 13.18 0.0
-18.0 -8.0 -0.60 13.18 0.0
-4.0 -12.0 0.81 20.62 24.67
-4.0 -12.0 0.88 20.62 20.22
-4.0 -12.0 0.95 20.62 19.44
8.0 16.0 0.95 18.14 12.33
8.0 16.0 1.02 18.14 9.44
8.0 16.0 1.08 18.14 5.89
16.0 8.0 2.50 21.12 0.0
16.0 8.0 2.57 21.12 0.0

3.2.2 Training the model

Following the preparation of the training dataset, an analogous dataset was generated
for the test region, using the same procedure applied to the training sky pixels. The
only difference in this case is that the test region consists exclusively of the central
sky pixel, located at coordinates (0,0), which corresponds to the expected position of
the dwarf galaxy.

The model that was selected for implementation is a Multilayer Perceptron (MLP).
This model features a slight structural variation for the cases of CMD or PM analysis
and it utilizes Mean Squared Error loss.

Once the model has been trained on the training set, it can be applied to the test pixel
to generate predictions. Importantly, providing the model solely with the input fea-
tures X of the test dataset, the model will generate an output for the target variable y
under the implicit assumption that the test region should contain only contaminants.
This effectively yields a model-predicted 2D histogram representing the expected dis-
tribution of contaminants, in the absence of any galaxy signal.

3.2.3 Making prediction

The ability to predict the morphology and number density of the CMD and PM dis-
tribution within the central sky pixel enables the construction of a spatial map of
the expected contaminant density distribution (see Fig.6). In this figure, each square
represents an individual sky pixel, while the corresponding value denotes the total
number of stars predicted by the model within its circular region divide by the pixel
area. The total number of predicted stars in each pixel is obtained by summing all
the values of the 2D histogram bins, in this case, from the CMD histogram.

This density map is generated using the full dataset, without differentiating between
the training and test sets. As such, the resulting contaminant distribution is en-
tirely model-driven, reflecting the spatial variation in stellar density across the field
as inferred from the trained network. Predictions over the training region are highly
accurate, given that the model was explicitly optimized on this data, resulting in a
close match between the predicted and true star counts. It is important to emphasize
that the central region, coincident with the expected location of the dwarf galaxy,
is also affected by foreground and background contamination, so establishing a reli-
able model-based estimate of the contaminant contribution in this region is therefore
essential.
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Figure 6: Predicted Density map of the contaminants: in Fig.6a each square correspond to an
analyzed pixel during the train procedure of SextansInSextans and their value is the density of the con-
taminants predicted by the model. The density correspond to the total number of star inside that pixel
divide by its circular area calculated in half-light radii. In this case correspond to an area of 7r(4R1/2)2
where for the case of SextansInSextans is R/ = 0.36. Fig. 6b correspond to the normalized and interpolate
contaminants density map used in the calculation of the likelihood.
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Figure 7: Predicted vs. true 2D histograms: The example figure compares the predicted and true
only contaminants 2D histograms for the test region for the Sculptor mock catalog. The first two panels
show the CMD, while the last two correspond to the PM distribution. The total number of stars, computed
as the sum of all histogram bin values and rounded to the nearest integer, is displayed at the top of each
panel. Discrepancies on the total number of stars between the predicted and true histograms are due to
rounding and the kernel-smoothing applied during histogram construction.
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So, after generating the predictions for the test region, we proceed to construct the
likelihood terms used in Eq. 1, as previously described in Sections 3.1.2 and 3.1.3. The
specific formulation of these likelihood terms varies depending on the level of model
integration described in Sec.3. Each level reflects the extent to which information
provided by the machine learning model is incorporated in the construction of the
final likelihoods, specifically which 2D histograms are used to derive the contaminant
and galaxy look-up maps.

First Level: In this initial approach, we incorporate the outputs of the ML model
exclusively for the contaminant terms in Eq. 1. As discussed earlier, the model predicts
2D histograms for both the PM and CMD across all sky pizels (see Fig.7). During
the interpolation step used to generate the look-up maps, we select the predicted his-
togram associated with the sky pixel closest to the position of the star being evaluated.
This means that, unlike the original B22 methods where a single contaminant distri-
bution is assumed, our approach leverages multiple histograms that reflect the spatial
variability of the contaminant population. Consequently, the contaminant look-up
maps for both PM and CMD inherently account for the local spatial structure of the
stellar field.

For the spatial term of the contaminant likelihood, we use the interpolated density
map shown in Fig.,6b.

Second Level: This level is similar to the first one, with a slight but important
difference: in this case, we construct the CMD look-up map of the galaxy differently.
In B22, the CMD shape was derived by selecting the elliptical region within 1 R, (see
the orange region in Fig.4). However, this approach includes a significant number of
contaminants, which can distort the true CMD morphology of the galaxy.

To mitigate this, we instead compute the galaxy CMD by subtracting the predicted
CMD 2D histogram of the central sky pixel (representing only the contaminants)
from the true 2D histogram of the same region. The resulting residual histogram,
that should reflects more accurately the galaxy’s CMD, is then used to construct the
CMD look-up map as usual.

In Fig. 8, we show two examples of CMDs obtained using this subtraction method. The
results clearly depend on the level of contamination and therefore on the performance
of our model. In Fig.8a, which corresponds to the Sextans example within a dense
background, the high contamination significantly affects the final result. In contrast,
in Fig. 8b, where the galaxy is more densely populated, the subtraction is more reliable
and the CMD is better preserved. This highlights that both the intrinsic properties
of the galaxy and the contamination level in its region are crucial factors influencing
the final outcome.

Third Level: This final level builds upon the procedures of the first and second lev-
els, with the key difference that here the galaxy PM look-up map is constructed in the
same way as the galaxy CMD map in the second level, by subtracting the predicted
2D histogram of the contaminants from the true 2D histogram of the central sky pixel.
As a result, we no longer rely on the statistical modeling described in Sec. 3.1.2 for
the galaxy component, since both the CMD and PM maps are now directly obtained
through this subtraction approach.

Furthermore, as illustrated in Fig. 7, the total number of stars represented in a his-
togram can be obtained by summing the values of all bins, since each bin contains
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Figure 8: Predicted CMD - B22 CMD - True CMD comparison: In the example figures are shown
three different CMD 2D histograms obtained with the ML model by the subtraction of the true histogram of
the test region and the predicted one, resulting in only the CMD of the galaxy. The CMD galaxy histogram
obtained with the method presented in B22 and for completeness the actual true CMD of the mock galaxy.

The Fig. 8a shows the comparison for the Sextans mock catalog meanwhile Fig. 8b is the example for the
Sculptor mock catalog.

the count of stars falling within that interval. This allows us, through the predicted
histograms as in Fig. 8, to also estimate the number of stars belonging to the dwarf
galaxy, enabling the calculation of the ratio fsa in Eq. 1.

Overall, this level relies almost entirely on outputs from the ML model, with the only
exception being the spatial distribution of the galaxy, which continues to follow the
exponential profile described in Sec. 3.1.1.

3.3 Dimensional Reduction

We also investigated alternative, prior-free approaches to calculating membership
probabilities. In these methods, no assumptions are made about the spatial distri-
bution, proper motions, or CMD of either the contaminants or the galaxy members.
The only distinction made is between regions of the sky expected to contain only con-
taminants and those that include both the dwarf galaxy and contaminants.

As a first test, we employed dimensionality reduction algorithms, specifically using
the UMAP® Python package.

The underlying idea of this method is intuitive: given a dataset with n features, each
feature can be interpreted as a separate dimension in the n-dimensional space R™.
Dimensionality reduction techniques aim to project this high-dimensional data into a
lower-dimensional space, typically two or three dimensions, while preserving as much
of the original data structure as possible. In this reduced space, sources with similar
physical properties tend to cluster together, making it easier to identify groups with
common characteristics. This projection not only facilitates visualization but also
enables the application of clustering algorithms to perform classification tasks.

For this study, we focused on a set of features where physical separations between
dwarf galaxy members and background sources are most evident: spatial coordinates,
proper motions, color-magnitude information, and parallax. In Sec. 4.2, we will provide
a detailed discussion of how these features were used and how the relationships among
them were exploited for member identification.

8https://umap-learn.readthedocs.io/en/latest/
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Figure 9: Example result of dimensionality reduction using UMAP: The plots show the 2D latent
space produced by UMAP for the Sculptor-like mock galaxy. The blue points corresponds to contaminants
stars, while the orange points represents the actual members of the mock galaxy.

3.3.1 Data Preparation

First, it is important to clarify that the dimensionality reduction method, due to
UMAP’s memory and computational limitations, cannot be applied directly to very
large catalogs, as it fails to transform such datasets into the latent space. To overcome
this, we restricted our catalog to a 4-degree region and excluded a fixed number of
known contaminants (45,000 for the mocks with the Sextans foreground and 37,000
for those with Draco foreground), thereby maintaining a significant number of fore-
ground stars while keeping all member stars. For SculptorInSextans we remain with
14,342 sources, 8,937 for SextansInSextans, 7,990 for SextansInDraco and 7,975 for
DracoInDraco.

This setup was adopted purely for technical reasons, with the goal of evaluating
whether the dimensionality reduction method can distinguish members based on shared
features that differ from those of the contaminants. The 4-degree region was chosen
both to allow a direct comparison with the other methods described in Section 3.2
and Section 3.4, since for all the three approaches this region was chosen to display
the final results on membership probabilities (see Appendix). Moreover, the mock
catalogs were constructed such that the synthetic galaxies extend up to 4 degrees,
thereby ensuring that all members are included.

Once the dataset containing the selected features was obtained, we applied a Min-
Max scaler to rescale all features to the [0,1] range. This step optimizes the learning
process by placing all features on comparable scales while preserving their relative dis-
tances. As a result, the performance of both dimensionality reduction and clustering
is improved without distorting the underlying structure of the data.

3.3.2 Single UMAP application

After preparing the dataset, we applied the UMAP dimensionality reduction algo-
rithm, setting the number of output components to 2. This choice was made because
the primary goal is binary classification, and working in a 2D Cartesian plane allows
for easier interpretation and visualization. In particular, it helps to visually identify
the presence of clusters, where sources with similar properties are grouped closely to-
gether.

We adopted a relatively high number of neighbors, fixing the value at 50. This
parameter in UMAP controls the balance between local and global structure preser-
vation: lower values emphasize local clustering at the expense of global organization,
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while higher values prioritize maintaining the broader manifold structure. The mini-
mum distance parameter, which governs how closely UMAP is allowed to pack points
together in the lower-dimensional space, was set to 0.0 to favor tight groupings, as our
primary interest lies in identifying distinct clusters corresponding to galaxy members
and contaminants.

The resulting projection, shown in Fig. 9 for the case of the Sculptor mock galaxy, re-
veals a clear separation between the two populations, facilitating classification through
clustering algorithms. We employed a hierarchical clustering approach, using the
linkage and fcluster functions from the scipy.cluster.hierarchy package, to
partition the UMAP latent space Z into exactly two clusters. The larger cluster
was associated with the field contaminants, while the smaller cluster was assigned to
likely galaxy members. This choice is motivated by the expectation that background
contaminants dominate the stellar population in the observed field. We opted for a
hierarchical clustering method, rather than centroid-based algorithms like k-means or
Gaussian Mixture Models, because the shape of the two clusters is not necessarily
spherical or regular (as will be further discussed in Sec. 4.2).

3.3.3 Multiple UMAP application

As shown in Fig.9, some contaminants are inevitably grouped within the cluster of
members, and vice versa. This misclassification naturally arises from the overlap in
observable properties between certain contaminants and true members, which compli-
cates a clean separation. Moreover, a single application of UMAP does not inherently
provide a probabilistic assessment of membership.

To address both the issue of misclassification and the lack of probabilistic outputs,
we repeated the UM AP-clustering procedure on 500 synthetic realizations of the orig-
inal catalog. Each realization was generated by perturbing the measured quantities
according to their associated uncertainties, assuming Gaussian errors.

The final membership probability for each star was defined as the number of realiza-
tions (out of 500) in which it was classified as a member, divided by the total number
of realizations.

The choice of 500 realizations was guided by computational efficiency and perfor-
mance constraints of the CPU used for this analysis. Although this number could be
increased to achieve higher resolution in the posterior, we found that 500 realizations
were sufficient to recover a stable and informative posterior probability distribution
for all sources in the catalog.

3.4 Normalizing Flow

In parallel with the dimensionality reduction approach discussed in Sec. 3.3, we ex-
plored an alternative fully prior-free method based on the framework of Normalizing
Flows (NFs).

NFs are a class of unsupervised learning algorithms commonly used in machine learning
tasks such as generative modeling, density estimation, and variational inference. They
have found widespread application in fields like image and audio synthesis, dataset
compression, and noise modeling.

The core idea behind NFs is to construct a series of bijective (invertible and differen-
tiable) transformations that map a simple, known probability distribution, typically
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Figure 10: Example plot of the change of variables in Eq. 3 from Kobyzev et al. (2020)

a multivariate Gaussian, into a complex data distribution, and vice versa.

In the context of our analysis, we leverage this property not to generate data, but

to simplify it. Specifically, our goal is to learn an invertible transformation that maps
the complex, unknown distribution of the contaminants, encoded in PM and CMD
space, into a standard Gaussian distribution centered at zero with unit variance.
After training the normalizing flow model on a large sample of contaminants, selection
that includes sources more than 4 degrees away from the dwarf optical center (similar
to Fig.4), we apply the learned transformation to the circular region within 4 degrees
around the dwarf galaxy. In this region, contaminants are mapped to a standard
Gaussian distribution by construction, while the member stars, unseen during train-
ing, are transformed into a complex, non-Gaussian distribution in the latent space.
As a result, the latent representation in this region consists of a mixture of the known
Gaussian background and an unknown structured signal, corresponding to the dwarf
galaxy.
This transformation enables a simplification of the likelihood modeling step since we
can apply Bayesian inference more effectively and robustly by operating in the trans-
formed latent space. This avoids the complications of modeling likelihoods directly in
the original, highly non-Gaussian space.

3.4.1 Basic logic of NFs

To better understand how a NFs architecture operates, let us consider a random
variable Z in R? with a known and tractable probability density function (PDF)
Pz - RP - R.

We define an invertible and differentiable function g that maps Z to another variable
Y through the transformation Y = g(Z) and, denoting f = g=' the inverse function
such that Z = f(Y), we can express the PDF of Y using the change-of-variables of
probability density functions formula as:

py(y) = pz(f(y)) |[det Df(y)|
= pz(f(y)) |det Dg(f(y))| "
= pz(f(y)) [det Dg(z)| " (3)

where Df = % is the Jacobian of f and Dg = g—g is the Jacobian of g
Yy z
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— pa(g ' (4) |det <ag;y(y’>|

— pa(t(w) et (52 (W

where det (ag—(yy)) is the determinant of the Jacobian matrix.

The resulting PDF py(y) is referred to as the push-forward of the base density pz.
In the context of generative models, the function g “pushes forward” the simple base
distribution pz (e.g., a multivariate Gaussian) into a more complex data distribution.
This transformation direction is known as the generative direction.

Conversely, the inverse mapping f transforms complex observed data Y back into
the simple latent space described by Z. This inverse flow is referred to as the nor-
malizing direction, if the base measure pz is chosen as a normal distribution, and it is
this property that gives rise to the name "Normalizing Flows".

In the Normalizing Flows framework, the bijective transformations used must fulfill
three key requirements: they should be computationally efficient, analytically invert-
ible, and permit tractable evaluation of the Jacobian determinant.

A common approach is to construct a complex transformation as a composition of sim-
pler invertible functions g1, g2, .. ., 8N, remains bijective and their Jacobians follow a
structured form. Specifically, if we define the composite transformation as

g=8NOEgN-10-"-081

then its inverse becomes
f=fiofy0---0fn

and the determinant of the Jacobian is

N
i=1

dyi

A practical way to construct the bijective transformation g is by leveraging the change-
of-variables formula to compute the log-likelihood of samples Y = g(Z), given a known
base distribution pz and the inverse transformation f = g=! (see Eq.4). This formu-
lation enables direct training of the model using the log-likelihood as the objective
function.

Given a sample y drawn from a complex, unknown distribution py, and a neural
network parameterized by 6 that maps y to the latent space Z, we express the log-
likelihood as:

log py (y) = log (PZ(f(y)) ’ 'det (ag(yy)) D

det (8’;;;9))\ (6)

Assuming a standard multivariate Gaussian prior for pz, with independent com-
ponents of zero mean and unit variance, the expression simplifies to:

() o

= log pz(f(y)) + log

1 1
logpy (y) = — log(2m) — 5[£(y)|? + log
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Figure 11: Scheme of the workflow of Real NVP throught the coupling layers. Fig. 11a illustrates the
forward transformation, corresponding to the normalizing direction of the NFs, through coupling layers in
the Real NVP architecture, while Fig. 11b shows the corresponding inverse (push-forward) transformation.
The subscript t denotes the transformation step, which more precisely corresponds to the output after a
single coupling layer. Images from the YouTube channel Tiny Volt

3.4.2 Real NVP

We have seen that NFs are a class of generative models that transform a simple base
distribution into a more complex target distribution through a sequence of invertible
and differentiable transformations. Several architectures have been developed to con-
struct flow-based models, including the Masked Autoregressive Flow (MAF) and the
Coupling and Autoregressive Rational-Quadratic Spline Flows (C-RQS and A-RQS),
(Coccaro et al. 2023). In this work, we adopt the Real NVP (Real-valued Non-Volume
Preserving) architecture, as it is among the most widely studied in the literature and
offers a more straightforward and accessible implementation.

The key feature of the Real NVP architecture is its use of a specific class of bijective
transformations known as affine coupling layers. These transformations are designed
to be computationally efficient, easily invertible, and allow for straightforward com-
putation of the Jacobian determinant, essential for maximum-likelihood training in
normalizing flows.

In each affine coupling layer, the input vector is split into two parts: one part re-
mains unchanged, while the other undergoes an element-wise affine transformation,
commonly referred to as a shift-and-scale operation. The parameters of this transfor-
mation are predicted by neural networks conditioned on the unchanged part of the
input.

In the subsequent coupling layer, the roles of the two parts are reversed: the previously
transformed part is left unchanged, and the other is now transformed.

This alternating process continues across all coupling layers.

To illustrate the mechanism, consider a simple 2D example with input data (zq, yo).

In Fig. 11a show the steps between each coupling layer to calculate the final output
values (2¢43,¥:+3). In the first coupling layer, xp remains unchanged and is used as
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input to a neural network to compute the affine transformation parameters 3, (shift)
and ~y; (scale) for yo:

Tt = X0
ye =61+ W (8)

In the next layer, the roles are swapped: y; remains unchanged, and is used to compute
new parameters 8o and <3, which are applied to z:

Tip1 = Po+ 72 T

Yt+1 = Yt

This alternating transformation continues across the full sequence of coupling layers.
The functions 8 and v can be any sufficiently expressive nonlinear functions, but are
typically modeled using neural networks (NNs). The input to each NN is controlled
via a masking mechanism. For instance, in the first coupling layer, we wish to ensure
that only x¢ is passed to the NN. This is achieved by multiplying the input vector
(z0,y0) by the mask (1,0):

() (0)= () == (3)

In the next coupling layer, the mask is inverted to make the NN depend only on y
instead of x. This alternating masking strategy is applied to all coupling layers.

In higher-dimensional cases, such as our 4D setting used in this thesis, it is still possible
to design general masks to split the input vector. For example, masks like only the
first half (1,1,0,0) or only the odd values (1,0,1,0) can be used, along with their
respective inverses.

For the backward propagation, the methodology remains the same. As shown in
Fig.,11b, we start from the output values z;43 and y;y3. Using x43, we compute the
parameters 83 and 73, and then apply the inverse of the shift-and-scale transformation
to recover y;42. By inverting Eq.,8, we obtain:

Ti42 = Tt43
_ Y43 — B3

Yt4-2
V3

This procedure is repeated layer by layer until reaching the first coupling layer, always
using the alternating masking scheme.

By stacking multiple affine coupling layers and interleaving the roles of the variables
via masking, Real NVP is capable of modeling highly complex distributions while pre-
serving all the desired properties of a normalizing flow.

To build our Real NVP model, we used as a reference the Pytorch implementation
presented in Dinh et al. (2016), available on their GitHub page?, as it was developed
with a goal similar to ours.

3.4.3 Application of the NF algorithm

As briefly introduced in Sec.,3.4, our application of the Normalizing Flows (NFs) algo-
rithm differs from the typical usage. While NFs are commonly employed to generate

9https://github.com/xqding/RealNVP
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Figure 12: Results of the NF model on the training region: The first column displays the PM and
CMD distributions of the contaminant stars before applying the normalizing flow, representing the raw
input data used for training. The second column shows the same data after the normalization process,
representing the output of the trained model applied to the training data. The last column displays the
corresponding contour plots of the normalized data.

complex data from a simple base distribution, such as in image generation, our goal
is instead to simplify the observed data distribution.

A distinctive feature of this method is its strong reliance on machine learning. It com-
bines the NF architecture with custom Gaussian Mixture Models (GMMs) to model
the probability density functions of both the contaminant population and the dwarf
galaxy members in the latent space Z. These density functions are then used to com-
pute membership probabilities through Bayesian inference.

The methodology can be divided into three main stages: the normalization phase, the
density fitting phase, and finally, the Bayesian inference phase.

Normalization phase

The training procedure adopted here closely follows the approach described in Sec. 3.2,
where the entire dataset is divided into a training region and a test region. However,
in this case, the test region is defined as a circular area with a radius of 4 degrees
centered on the coordinates of the target galaxy. This choice reflects the aim of treat-
ing the test region as an independent catalog to which the trained algorithm will be
applied. The radius of 4 degrees was selected to ensure the inclusion of all synthetic
stars belonging to the dwarf galaxy, particularly the outermost stars and those form-
ing tidal tails, in accordance with the properties of the mock catalogs created by Dr.
G. Thomas (see Sec.2.2).

The training region will correspond to the already seen donut-shape region with only
foreground stars and we select only four physical quantities: the PM in RA and Dec
and the color and G-magnitude of the CMD, making our analysic only with four fea-
tures.
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Figure 13: Results of the NF model on the test region of the SculptorInSextans mock galaxy:
The first column shows the PM and CMD distributions of both contaminant (blue) and member stars (red)
before applying the normalizing flow. The second column presents the same data after the normalization
process, representing their mapping into the normalized latent space. The last column displays the cor-
responding contour plots of the normalized data. For improved visualization, approximately 70% of the
contaminant stars in the test region have been removed to better highlight the differences between the
contours of contaminants and members.

The choice to use only PM and CMD information is deliberate. In particular, we
excluded spatial information for two main reasons. First, the Real NVP model is
designed to transform complex distributions into simpler ones for datasets whose fea-
tures share similar distributions to those used during training. In the case of PM and
CMD, the values, and thus the overall shapes, vary within well-defined ranges, as dis-
cussed in Sec. 3.2.1 during the construction of the 2D histograms. However, including
spatial information in training causes the model to learn how to transform a specific
geometry (the annular "donut-shaped" training region) and when the model is later
applied to the test region, which has a circular shape, it encounters a distribution shift
and struggles to perform the transformation correctly.

The second reason is that, as we will explore in more detail in Sec. 4, including spatial
information tends to significantly hinder the detection of member stars in the outer
regions of the galaxy, particularly those in tidal structures or tidal tails. To address
this, we chose to exclude spatial data from the model and focus solely on PM and
CMD, ensuring that the resulting membership probabilities are not biased by a star’s
distance from the dwarf galaxy center.

As shown in Fig.,12, our model is trained on the dataset to simultaneously transform
the complex distributions of the PM and CMD into a four-dimensional Gaussian dis-
tribution centered at (0,0, 0,0) with a identity covariance matrix diag(1,1,1,1). This
transformation is enforced through the model’s design, particularly by minimizing the
negative log-likelihood loss. Additionally, during the model setup, we imposed bounds
on the latent space, constraining each dimension to span the interval [—4.0,4.0].
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Once the model is trained, we proceed by applying the transformation to the latent
space to stars in the test region, which we remind the reader contains both contam-
inants and dwarf galaxy stars. The underlying idea is that the model, now trained
to recognize and transform only the contaminant population, will map these sources
in the test region to the Gaussian distribution. In contrast, the true member stars,
unseen by the model during the training phase, retain a complex non-Gaussian distri-
bution in the latent space.

This leads to a final distribution that is a mixture of the well-understood Gaussian
corresponding to the contaminants and a more intricate distribution representing the
member stars, which the model could not normalize.

The example in Fig.,13 shows the Sculptor-like dwarf galaxy mock catalog test region
before and after the normalization procedure. It is evident that the actual member
stars do not follow the distribution imposed by the NF model.

Density fitting phase - GMM

The outcome obtained in the previous section (normalization phase) allows us to pro-
ceed with Bayesian inference by computing, for each star individually, the probability
of belonging to either the known contaminant distribution or the remaining complex
distribution, enabling a direct comparison to determine the more likely membership.
The next step is to characterize this complex distribution associated with the member
stars, since the distribution for the contaminants is already known. To do that, we
focus on extracting the complex distribution of the member stars from the latent space
Z, which is obtained after applying the Normalizing Flow model to the test region.
From the NF model, we know that the latent space distribution of the test data is a
mixture of two components:

e A standard multivariate Gaussian distribution N(0,I), representing the trans-
formed contaminant stars, which the model has learned during training.

e A more complex, unknown distribution corresponding to the member stars,
which the model could not fully map to the Gaussian form because it was never
exposed to them during training.

The key insight here is that this complex distribution of the members can itself be
approximated as a mixture of multiple Gaussian components. To make the explanation
more intuitive, we illustrate the idea using a 1-dimensional case, though in practice
we deal with a 4-dimensional latent space (proper motions in RA and Dec, color, and
magnitude).

We can model the member star distribution as a Gaussian Mixture Model (GMM) of
n components:

Pmemb (Jf) - Z ws - N(ﬂj“ﬁz, 012) (9)
i=1

where w; are the mixture weights (with w; > 0 and ), w; = 1), p; and o; are the
mean and standard deviation of the i-th Gaussian component, respectively. Each com-
ponent is defined by the parameter set ©; = {w;, y;, 0;}, and the full set of trainable
parameters across all components is denoted by © = {04, ...,0,}.

The total probability distribution in the latent space, which includes both contami-
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Figure 14: Example of the GMM fitting for the Sculptor mock galaxy: The model consists of a
custom Gaussian Mixture Model with one fixed component and 15 additional trainable components. Each
panel shows the fit to a different feature of the input data: proper motion in right ascension (1), proper
motion in declination (2), color (3), and magnitude (4).
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nants and members, can thus be expressed as:
Prot () = wo - N'(2[0,1) + > wi - (i, 07) (10)
i=1

Here, wg represents the weight of the fixed Gaussian component corresponding to
the known contaminant distribution. It is the only prior explicitly introduced in this
method. This weight can be estimated approximately by multiplying the surface den-
sity of contaminants, previously measured in the training region, by the area of the
test region.

It is important to emphasize that wq is not "a prior" used later in the final Bayesian
membership probability calculation, since the contaminants likelihood is defined by
N(0,1), but instead, it is used only during the training of the Gaussian Mixture Model
to anchor the fixed gaussian component for the contaminants.

By doing so, we ensure that the model retains the correct representation of the known
Gaussian; otherwise, the trainable components (modeling the member stars distribu-
tion) could overfit and absorb the known Gaussian structure, making it impossible to
reliably extract the member distribution parameters ©. This constraint helps main-
tain the interpretability and accuracy of the GMM fit.

To fit this model to the test region’s latent space, the GMM with one fixed component
N(0,1), for the contaminants, and several trainable components for the members, is
trained to optimize the parameters © of the member components to best fit the overall
data distribution in the latent space.

After training, the parameters of the GMM corresponding to the member components
define the shape of the member distribution. To isolate this member component and
ensure it is properly normalized, we use:

» L wi - N (2|, o
pmemb(x) _ Zi:l zl:nN( |/1m 1) (11)

i=1 Wi

Extending this logic to our 4-dimensional case with z € Z is possible to verify that this
method gives a good result of extraction the complex distribution of the members. In
Fig. 14 is reported the result for the Sculptor mock galaxy where is easy to see that
the trainable components of the GMM togheter with the fixed one produce a nice fit
of the total data. The choice of using 15 trainable components is only keep light and
simple the code and avoid the risk of overfitting but keeping a good fitting result. In
Fig. 15 is show how the complex probability function found with the © by the GMM
and with Eq. 11 follows the real distribution of the members.

Bayesian inference phase

The normalized form of the member distribution allows us to proceed with Bayesian
inference: for any star in the latent space, we can now compute the probability that
it belongs to either the known Gaussian contaminant distribution or the complex
member distribution. This enables a probabilistic classification, with the Bayesian
inference, of stars as likely members or contaminants based on their location in latent
space.

For this step, we take inspiration from the method proposed by Rinaldi et al. (2024),
hereafter referred to as R24, as their objective closely aligns with ours. The goal is
to evaluate, for each star, which of the two distributions (members or contaminants)
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Figure 15: Example of the inferred member distribution for the Sculptor mock galaxy: For each
dimension of the latent space, the histograms of both actual contaminants and actual member stars are
shown. The theoretical N'(0, 1) distribution is overplotted on the contaminant histogram, representing the
expected normalized distribution. For the member stars, the fitted probability density function—computed
using Eq.,11 and the GMM-derived parameters © overlaid on the corresponding histogram.

it is more likely to belong to.

In R24, Bayesian inference is implemented through a Gibbs sampling procedure to
estimate the full posterior distribution of each star. This approach is particularly
powerful as it allows us to track how the membership probabilities evolve across it-
erations, providing not only individual star posteriors but also a global probabilistic
understanding of the dataset.

At the core, this method is based on classical Bayesian inference, which provides a
principled way to estimate the probability that a given star belongs to the dwarf galaxy
population (members) or to the Milky Way foreground (contaminants), based on its
position in the normalized latent space Z.

Given a star with normalized coordinates z € R*, the posterior probability of mem-
bership is computed using Bayes’ theorem:

Pmemb/cont (Z) * Tmemb/cont (Z)
Ptot (Z)

P(memb/cont | z) = (12)

where

e in the case of ppemb(2z) is the likelihood of the star under the member distribution
(obtained from the trained GMM).

e in the case of pont (2) is the likelihood under the known contaminant distribution,
modeled as a multivariate Gaussian N (0, T).

® Tmemb/cont (%) is the prior probability of membership or contamination

® Dtot(Z) = Pmemb(2)  Tmemb (Z) +Peont (Z) - Teont (2) is the total marginal probability.

The prior Tmemb/cont follows the formulation given in Eq.15 in the R24, which we
report here:

M ifl=M
rl=M/c |1y =14 NtB (13)
R (AR T
N+8
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To apply this, as done in R24, a new auxiliary variables 1 = {1, ...,Ix} is introduced,
assigning each star a label: M for members and C for contaminants. During inference,
the prior for the i-th star is calculated by excluding its own label, denote as 1_;, and
computing the frequency-based prior from the remaining labels. For example, if star
1 is labeled as a "member", its prior becomes:

N+ B/2
Wmcmb(zi ‘ l—i) - vﬁ/

where N4 is the number of stars currently labeled as members in 1_;, N¢ is corre-
sponding number of contaminants and N = Nxq + N¢. The parameter 8 controls
the strength of the prior. In our case, we set § = 2, corresponding to a uniform
(non-informative) prior. This choice ensures that, before considering the data, both
populations are treated equally, leading to balanced and robust posterior probabilities.

The prior probabilities 7w are the only components in Eq.,12 that change during
the Gibbs sampling iterations. At each step, we compute the posterior probabilities
P(memb | z;) and P(cont | z;) for each star. If, for example, the probability of being
a contaminant is higher than that of being a member, we update the corresponding
label to I; = C;; otherwise, we set I; = M,.

By doing this, the number of stars labeled as members or contaminants changes at
each iteration, and consequently, the priors mpnemp and 7eont are also updated accord-
ing to Eq.,13. This iterative update process allows the model to refine its classification
over time.

One of the advantages of the Gibbs sampling approach is that the initial labels 1 can be
assigned randomly (or split evenly 50/50), and the algorithm will naturally converge
to a stable distribution. The final state of the labels not only provides membership
probabilities for individual stars but also yields an estimate of the total number of
dwarf galaxy members present in the sample.

For this work as the final posteriors of the stars in the catalog analyzed with the NF

algorithm we took the last result of the final Gibbs iteration since is the one where we
reach the convergence in the labels variable 1, and the results are reported in Sec. 4.3.
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thresholds ‘ TP FP FN TN thresholds ‘ TP FP FN TN
0.02 - 0.95 | 6005 36 3 51410 0.02-0.95 | 634 7 12 51736
0.05 - 0.95 | 6005 36 4 51975 0.05-0.95 | 634 7 25 52211
0.1-0.95 6005 36 10 52251 0.1-0.95 634 7 36 52469
0.2-0.9 6113 57 18 52519 0.2-0.9 714 15 54 52679
0.5-0.5 6308 226 46 52758 0.5-0.5 852 115 96 52868
(a) SculptorInSextans: m=6354 ¢=52988 (b) SextansInSextans: m=948 ¢=52987
thresholds ‘ TP FP FN TN thresholds ‘ TP FP FN TN
0.02-0.95 | 763 9 7 42977 0.02-0.95 | 894 6 6 43543
0.05 - 0.95 763 9 16 43344 0.05 - 0.95 894 6 13 43719
0.1-0.95 763 9 28 43552 0.1-0.95 894 6 20 43795
0.2-09 836 26 43 43709 0.2-0.9 931 13 25 43846
0.5-0.5 947 115 78 43849 0.5-0.5 979 55 31 43909
(c) SextansInDraco: m=1025 ¢=43965 (d) DracoInDraco: m=1010 ¢=43965

Table 3: Confusion values from B22: Each table presents the confusion values (TP, FP, FN, TN) for
each mock galaxy obtained using the B22 method, evaluated at different threshold choices in a 4 degrees
circular area around the galaxy center. The symbol m indicates the total number of actual members in the
mock catalog, while ¢ denotes the total number of contaminants.

4 Results

In this section, we present the outcomes of the different workflows developed in this
study. Special attention is given to the analysis of the confusion matrices, emphasizing
false positives and false negatives, since the primary goal of this work is to enhance
the identification of member stars in the outer regions of dwarf galaxies.

We begin with the results of the method described in Sec. 3.2, which allows a di-
rect comparison with the approach of B22 (see Sec.3.1). We then proceed to the
dimensionality reduction method (Sec.3.3), again using B22 as a reference due to
the comparable results, even though the methodologies are fundamentally different.
Finally, we present the Normalizing Flow results (Sec.3.4), which are analyzed in-
dependently, as this method is conceptually and structurally distinct from the B22
framework.

4.1 B22 vs B22 ML

We have shown how the two approaches differ in the modeling of the contaminants’
distribution, and how this improvement could also enable a more accurate recovery of
the dwarf galaxy signal.

We present the results for each mock catalog used in the analysis, and for each of the
three levels introduced earlier. This comparison helps assess whether the method per-
forms consistently across the four mock galaxy cases and whether common properties
emerge across them.

This comparison is not only to evaluate the improvement introduced by the ML-based
modeling of the contaminants, but also to verify whether the new method maintains
robustness and generality across different dwarf galaxy configurations. Since mock
catalogs were designed with varying properties such as density, structure, and fore-
ground contamination, they provide a controlled setting to benchmark the reliability
and adaptability of the method.
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Figure 16: Confusion results comparison between B22 and the ML implementation: Each panel
presents a schematic summary of the TP, FP, FN and TN for each mock catalog, comparing the original
B22 method with the results from the ML-enhanced implementation in all the three level analyzed. The
y-axis shows the percentage of each classification outcome relative to the total number of actual members
(for TP and FN) and actual contaminants (for FP and TN). The z-axis displays five different threshold
combinations: each pair defines the probability range below which stars are classified as contaminants and
above which they are classified as members.

Thick and continuous lines represent results from the B22 method, while dashed lines correspond to ML-
based method results for the First Level (ML1), dashdot lines correspond to the Second Level (ML2) and
dotted lines to the Third Level (ML3). In Fig. 16a are reported the results relative to the SculptorInSextans
mock galaxy, in Fig. 16b are reported the results relative to the SextansInSextans mock galaxy, in Fig. 16¢c
are reported the results relative to the SextansInDraco mock galaxy and in Fig. 16d are reported the results
relative to the DracoInDraco mock galaxy
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The evaluation is based on confusion matrices, which report the number of true
positives, false positives, false negatives, and true negatives, together with their rela-
tive fractions with respect to the total sample. Rather than adopting a simple binary
criterion, classifying stars with P > 0.5 as members and those with P < 0.5 as contam-
inants, we applied two thresholds at the extremes of the probability distribution. This
approach allows us to separate, with (almost) certainty, genuine members from clear
contaminants, while leaving ambiguous cases unclassified. For example, in Fig. 35, we
can see both histograms exhibit two prominent peaks near probability values of 0 and
1, indicating that the majority of non-members and members are correctly classified.
However, a non-negligible fraction of stars still falls within the intermediate member-
ship probability range, for example between 0.3 and 0.8.

For an initial assessment, we define candidate member stars as those with a mem-
bership probability P > 0.95, and candidate contaminants as those with P < 0.02.
These thresholds are intentionally strict and will be relaxed in the following sections
to enable a more inclusive classification.

In this way, we can better quantify the improvement in recovering true member stars,
particularly in the low-density outskirts of the galaxies, where contamination is most
severe and the benefits of a refined model are expected to be most evident.

The complete set of confusion plots, showing the detailed classification outcomes for
each mock catalog and each membership level, is presented in the Appendix (Sec. A),
where for visualization purposes the results presented correspond to a region of 10
times the Ry /o of the corresponding mock galaxy, which is sufficiently large to encom-
pass both the main body of the galaxy and any potential tidal structures.

It is interesting to note that in the ML-based result, in this case of the mock Sextans
but as the others too, there is a more pronounced peak at low probability values for
actual members. This suggests that the ML method labels a higher number of true
members as contaminants compared to B22. This behavior, and its implications, will
be analyzed in more detail in the next section.

The Summary figures in Fig. 16, provide a more compact visualization of the re-

sults obtained. These diagrams schematically show how the numbers of True Positives
(TP), False Positives (FP), False Negatives (FN), and True Negatives (TN) vary as
a function of the probability thresholds chosen for assigning membership and non-
membership. This approach allows us to assess the model’s robustness and sensitivity
to different classification criteria. In practice, choosing a narrow membership probabil-
ity threshold reduces FP but also reduce the TP, similar happens to FN and TN in the
case of small contaminants threshold. These threshold curves are therefore essential
tools for calibrating the model to achieve the desired trade-off between completeness
and purity depending on the scientific objective.
The ideal scenario, although highly challenging, is to achieve both FP and FN val-
ues close to zero. Realistically, the desired outcome is to maintain low levels of FP
and FN, and to have FP and FN preferentially located within the central regions of
the galaxies, since we are particularly interested in identifying member stars in the
outermost regions.

4.1.1 First Level

We now analyze the results for each mock catalog, with particular emphasis on the
False Positives (FP) and False Negatives (FN).
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thresholds ‘ TP FP FN TN thresholds ‘ TP FP FN TN
0.02 - 0.95 | 6022 44 18 52402 0.02 - 0.95 | 689 10 39 52068
0.05 - 0.95 | 6022 44 19 52521 0.05-0.95 | 689 10 45 52290
0.1-0.95 | 6022 44 28 52626 0.1-095 | 689 10 50 52464
02-09 | 6135 62 41 52704 02-09 | 760 35 62 52619
05-05 | 6280 172 74 52813 0.5-05 | 860 159 88 52825
(a) SculptorInSextans: m=6354 ¢=52988 (b) SextansInSextans: m=948 ¢=52987
thresholds ‘ TP FP FN TN thresholds ‘ TP FP FN TN
0.02-0.95 | 791 14 36 43246 0.02-0.95 | 887 7 23 43754
0.05 - 0.95 791 14 40 43446 0.05 - 0.95 878 7 27 43806
0.1-0.95 791 14 48 43574 0.1-0.95 878 7 33 43843
0.2-09 842 28 57 43685 0.2-0.9 919 11 40 43865
0.5-0.5 945 153 80 43811 0.5-0.5 958 50 52 43914
(c) SextansInDraco: m=1025 ¢=43965 (d) DracoInDraco: m=1010 ¢=43965

Table 4: Confusion values from the First Level by the ML implementation The tables follow the
same structure of Tab. 3

SculptorInSextans mock catalog: As shown in Fig.2a at the end of Sec. 2, the
mock galaxy used in this case is a Sculptor-like dwarf galaxy, highly populated and
compact, superimposed on the foreground of the real Sextans dwarf galaxy. We note
the absence of tidal features or gravitational tails, meaning that the outer stars remain
relatively close to the galaxy’s center. Thanks to the high stellar density, both the
CMD and PM distributions exhibit well-defined and compact clumps, which in princi-
ple should make the task of the model easier, allowing for more accurate predictions.
A first look at the confusion results in Fig. 16a reveals a slight overall improvement:
the number of TP and TN for the ML implementation are higher compared to those
from B22, while the FP are only slightly increased but is an acceptable trade-off.
However, the situation changes when using the 0.5 — 0.5 probability threshold (i.e.,
equal cutoff for member and contaminant classification): in this case, the ML ap-
proach yields higher TNs but also lower TPs and FPs. The most notable difference
is in the FN, which are consistently higher for the ML method across all threshold
choices compared to B22. This isn’t necessarily detrimental, especially if the FN stars
are mostly located in the inner regions of the galaxy, where their classification is less
critical for our primary objective, identifying outer region members.

A more detailed analysis, through visualization of the TP, FP, FN, and TN distribu-
tions in sky coordinates, PM, and CMD space (see Fig.36 for the ML case), shows
that TPs effectively cover the spatial extent of the dwarf galaxy. FPs are mostly con-
centrated toward the center, while FNs dominate the outer regions. In the B22 case
(Fig.31), FNs are fewer but also predominantly found in the outskirts. Notably, at
higher threshold settings, the B22 method also starts to miss more stars in the outer
regions, increasing its FN count there as well.

SextansInSextans mock catalog: This mock scenario is particularly relevant, as
the Sextans dwarf galaxy is characterized by a highly dense foreground contamination
and a spatially diffuse stellar population. These conditions make the task of assign-
ing reliable membership probabilities especially challenging, particularly in the outer
regions of the galaxy.
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Looking at Fig. 16b, we observe a similar trend to the Sculptor case, where the FN in
the ML method are consistently higher than in B22. In this specific mock, Sextans
was modeled to include tidal tails, clearly visible in Fig.4. These tails correspond
to the majority of the FN, indicating that outer stars are often missed by the ML
classification.

In the case of B22, the FN also mostly coincide with the stars in the tails (see
Fig.37). However, their membership probabilities are slightly higher than in the ML
case, though still too low to be classified as members under the strict threshold. As
observed in the Sculptor mock, these stars begin to appear as members when the
contaminant threshold is increased.

Sextans in Draco mock catalog: An almost identical result, consistent with the
two previous cases, is obtained for the SextansInDraco mock catalog, as shown in
Fig.,16c and the corresponding confusion plots in the Appendix.

The Draco background is less dense compared to Sextans, so when placing the same
Sextans-like mock galaxy over it, the results confirm the trends observed in the
SextansInSextans case. This could bring the idea that the model’s performance
is strongly influenced by the properties of the mock galaxy rather than by the back-
ground density alone.

DracoInDraco mock catalog: For the final mock catalog, shown in Fig. 16d, we
observe a different outcome compared to the previous Sculptor and Sextans cases.

In the case of a Draco-like galaxy embedded in its real foreground, we find that the
TP count from the ML method is lower than that of B22, the first instance where
this occurs. On the other hand, the FP, FN, and TN follow the same general trends
observed in the previous mocks.

Despite the low number of TPs, both methods succeed only in recovering member stars
located in the central region of the dwarf galaxy, failing to identify stars in the outer
parts and the gravitational tails. This limitation is clearly visible in the confusion
plots reported in the Appendix.

4.1.2 Second Level

As previously described in Sec. 3.2.3, the difference between the First Level and the
Second Level is how we calculate the galaxy CMD look-up map, extracted no more
from the elliptical 1 R, region around the galaxy center but by the subtraction of the
predicted contaminants CMD histogram from the true CMD histogram of the test
region, as reported as example in Fig. 8.

SculptorInSextans mock catalog: This Sculptor-like mock galaxy is character-
ized by a high stellar density, which results in a sharply defined CMD compared to
the other mock galaxies. This clarity makes the subtraction method used to obtain
the general CMD 2D histogram of the galaxy particularly effective, as illustrated in
Fig. 8b.

In fact, the output shown in Fig. 16a is nearly identical to the First Level result as we
can see that both lines almost overlap each others. However, upon closer inspection a
Tab. 4a and Tab. 5a, we note a slight general increase in both TP and TN.

This difference is too small to be considered a significant improvement, and thus we
can conclude that the performance of both levels is essentially equivalent in this case.
As before, the FNs correspond to stars located in the outer regions of the dwarf galaxy.
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thresholds ‘ TP FP FN TN thresholds ‘ TP FP FN TN
0.02 - 0.95 | 6027 44 18 52421 0.02 - 0.95 | 648 13 49 52325
0.05 - 0.95 | 6027 44 23 52538 0.05 - 0.95 | 648 13 55 52512
0.1-0.95 6027 44 30 52646 0.1 -0.95 648 13 66 52623
0.2-0.9 6140 57 42 52705 0.2-0.9 730 23 73 52744
05-05 | 6279 171 75 52814 05-05 | 839 111 109 52873
(a) SculptorInSextans: m=6354 ¢=52988 (b) SextansInSextans: m=948 ¢=52987
thresholds ‘ TP FP FN TN thresholds ‘ TP FP FN TN
0.02-0.95 | 795 24 42 43217 0.02-0.95 | 875 8 26 43769
0.05 - 0.95 795 24 52 43401 0.05 - 0.95 875 8 31 43816
0.1-0.95 795 24 56 43536 0.1-0.95 875 8 36 43842
0.2-09 840 45 68 43642 0.2-0.9 911 11 40 43872
0.5-0.5 931 183 94 43781 0.5-0.5 957 50 53 43914
(c) SextansInDraco: m=1025 ¢=43965 (d) DracoInDraco: m=1010 ¢=43965

Table 5: Confusion values from the Second Level by the ML implementation The tables follow
the same structure of Tab.3

The small increase in TPs in the Second Level is confined to the central regions, indi-
cating no enhancement in identifying outer members.

SextansInSextans mock catalog: A discussion similar to the one presented for the
First Level can be made for the SextansInSextans mock catalog. The overall trends
in TP, FP, FN, and TN remain consistent with the First Level results. However, unlike
the Sculptor case, the outcome here is slightly worse in the Second Level. As shown in
Tab. 4b and Tab. 5b, and also visible in Fig. 16b, the number of TPs is slightly lower
compared to the First Level, while both FP and FN are marginally higher. On the
other hand, the number of TNs increases by approximately 300, indicating a better
identification of contaminants in this second stage.

SextansInDraco mock catalog: As shown in Fig.16c and in Tables 4c¢ and 5c,
the overall trend remains consistent with the First Level. The main differences are
observed in the FP and FN values, which are higher in the Second Level. However, the
differences are small and do not significantly alter the interpretation of the final result.
The TP values show a modest improvement but remain nearly identical overall.

DracoInDraco mock catalog: In this case, the ML implementation performs
slightly worse than the B22 methodology. As shown in Fig. 16d, the blue dashed-
dot line from the ML method remains consistently below the solid dark blue line of
B22 and to the First Level case. The number of FPs remain almost unchanged, al-
though there is a general small increase in FNs and TNs between the First and Second
Levels, but this improvement is marginal.

Overall, the results are comparable to the First Level. As seen in Fig.44 in the Ap-
pendix, the TPs are still concentrated in the central region of the galaxy, along with
the FPs, while most of the FNs are located in the outer regions. This again leads to
the failure to identify the gravitational tails present in the mock catalog.
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thresholds ‘ TP FP FN TN thresholds ‘ TP FP FN TN
0.02-0.95 | 5914 51 36 52133 0.02-0.95 | 623 10 59 51711
0.05-0.95 | 5914 51 45 52360 0.05-0.95 | 623 10 69 52084
0.1-0.95 5914 51 52 52492 0.1-0.95 623 10 78 52339
0.2-0.9 6052 77 63 52621 0.2-0.9 703 32 84 52542
0.5-0.5 6251 220 103 52765 0.5-0.5 828 202 120 52782
(a) SculptorInSextans: m=6354 ¢=52988 (b) SextansInSextans: m=948 ¢=52987
thresholds ‘ TP FP FN TN thresholds ‘ TP FP FN TN
0.02-0.95 | 754 10 47 42300 0.02-0.95 | 888 15 27 43313
0.05-0.95 | 754 10 53 42766 0.05-0.95 | 888 15 32 43476
0.1-0.95 754 10 59 43076 0.1-0.95 888 15 38 43574
0.2-0.9 822 31 69 43373 0.2-0.9 916 30 42 43677
0.5-0.5 931 259 94 43705 0.5-0.5 955 151 55 43813
(c) SextansInDraco: m=1025 ¢=43965 (d) DracoInDraco: m=1010 ¢=43965

Table 6: Confusion values from the Second Level by the ML implementation The tables follow
the same structure of Tab.3

4.1.3 Third Level

The Third Level includes the PM look-up histogram, derived using the subtraction
method described in Sec. 3.2.3, analogous to what was done for the CMD in the Second
Level, and the calculation of the ratio fga as the sum of the values in the galaxy CMD
2D histogram. As shown in the corresponding figures in the Appendix, the results of
this level are overall similar to those of the previous levels and the B22 method: stars
labeled as members are confined to the central regions, while the outer stars are again
classified as contaminants. However, we observe fluctuations in the TP, FP, FN, and
TN values across different mock catalogs and levels.

Notably, for all mock catalogs, the Third Level yields worse results compared to B22.
As seen in Fig. 16, the number of TPs is consistently lower than in B22, and for the
first time, even the TNs are lower, except in the SculptorInSextans case, which
remains slightly above B22. The number of FNs increases significantly compared to
both B22 and previous levels, and the FPs are also slightly higher. These results
suggest that the Third Level is the least reliable among the three methods.

ScluptorInSextans mock catalog: As mentioned, this is the only case in which
the Third Level maintains a higher TN count than B22, despite a marked drop in
TPs, the lowest among all levels. Both the FP and FN values increase substantially,
with the FN rising dramatically, as seen in Fig. 16a.

SextansInSextans mock catalog: This mock represents one of the worst-performing
scenarios. Alongside the expected drop in TP, the TNs do not improve and are in fact
lower than in previous levels. The FP values remain in line with those seen in B22
and earlier levels, offering no notable improvement.

SextansInDraco mock catalog: In this case, the Third Level shows no improve-
ment whatsoever compared to B22. Both TN and TP are lower, while FN and FP
reach their highest values across all methods. This confirms that the subtraction
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method applied to PMs is not effective in this foreground configuration.

DracoInDraco mock catalog: While Draco foregrounds typically yield the worst
performance, this particular case offers an interesting exception. At low threshold
values, the TP count is actually the highest across all levels, though this is no longer
true at the 0.2 — 0.9 threshold range. However, both FN and FP are again at their
highest levels. This might indicate that the increase in TP comes at the cost of also
increasing the FP rate, possibly due to a broader classification of stars as members.

4.2 Dimensional Reduction: UMAP

In the UMAP workflow, we explored several combinations of feature sets, as introduced
in Sec. 3.3.1, to determine which configuration provides the most effective separation
between member and foreground stars. The baseline feature set included:

e Spatial coordinates of the tangent plane relative to the dwarf galaxy center,

e Systemic-corrected proper motions in RA and Dec
(deﬁned as PMsource = PIMgsource — pmsystem)a

e Inverse of the relative error in systemic proper motion,to take into account the
level of accuracy in determining the proper motion of a given star (PM errors
given by Gaia pmra_error and pmdec_error),

e CMD features using BPO — RP0 and Gaia Gg-band magnitude,

e The parallax-over-error ratio, which, like proper motion, we expect for the true
members to be consistent with the parallax corresponding to the distance of the
galaxy.

As mentioned in Sec.,3.3.1, the results discussed in this section are those relating to
the sample resized due to the UMAP limitation.

As we will show in the following sections, alternative feature combinations were also
tested to evaluate how the choice of input data affects the outcome of the method.
We proceed by presenting the results for each mock catalog separately. For each case,
we assess the performance of UMAP when applied:

1. Once to a single mock realization,

2. Across N synthetic realizations, where we track how frequently each star is clas-
sified as a member.

We compare these results directly with those of B22, which serves as our benchmark
for evaluating performance gains and identifying the strengths and limitations of this
dimensionality reduction approach.

4.2.1 SculptorInSextans mock catalog

If we apply the UMAP algorithm only once to the catalog (Sec. 3.3.2), we already ob-
tain an interesting result. As shown in Tab. 7a and Fig. 51 (Appendix), the algorithm
provides a first good separation between member stars and background contaminants,
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Figure 17: Confusion results comparison between B22 and the UMAP implementation: Each
panel presents a schematic summary of the TP, FP, FN and TN for each mock catalog, comparing the
original B22 method with the results from the dimensional reduction, after the 500 iteration of UMAP. The
y-axis shows the percentage of each classification outcome relative to the total number of actual members
(for TP and FN) and actual contaminants (for FP and TN). The z-axis displays five different threshold
combinations: each pair defines the probability range below which stars are classified as contaminants and
above which they are classified as members.

Thick and continuous lines represent results from the B22 method, while dashed lines correspond to UMAP
method results.

despite having no prior information. This suggests that the physical parameters of
members and contaminants differ sufficiently for UMAP to distinguish them. Natu-
rally, the separation is not perfect: some contaminants, particularly those located in
the inner region of the dwarf galaxy, exhibit similar values to the members. These
contaminants tend to fall into the same proper motion clump and follow the same
CMD sequence as the members, leading to a high number of FP in the central region.
Conversely, FN are mostly located in the outer regions, indicating that member stars
far from the galaxy center are more likely to be classified as contaminants.

It is also worth noting that even in the single application case (last row of Tab. 7a),
the number of TP is significantly higher than in B22 (see Tab.3a). However, this
comes at the cost of a higher number of FPs, which, as shown in Fig. 51, spread across
both the central and outer parts of the galaxy. This highlights the typical trade-off:
a higher FP count can artificially boost the TP count.

To address this, we ran the method across the 500 catalogs with the same structure as
the original one. This aims to reduce the variability in TP and FN, which are typically
the hardest classes to correctly label. As shown in Tab. 7a and Fig. 17a, the TP count
remains nearly unchanged, while the number of FPs drops significantly, still higher
than in B22, but much closer. Additionally, the FN count is lower compared to B22.
As visible in Fig. 55, the remaining FN is located in the outer region of the galaxy,
similarly to what was observed in B22 (Sec.4.1.1), where relaxing the contaminant
threshold also introduced FNs in that region.

Finally, we observe that TN are less well recovered in this method. As seen in Fig. 55,
there is a less covered TN region in the galaxy’s central area. This too could be
improved by adjusting the threshold used to define contaminants.
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thresholds ‘ TP FP FN TN thresholds ‘ TP FP FN TN

0.02 - 0.95 6334 83 1 7261 0.02 - 0.95 0 0 0 0
0.05 - 0.95 6334 &3 1 7390 0.05 - 0.95 0 0 0 0
0.1-0.95 6334 83 2 7491 0.1-0.95 0 0 0 0
0.2-0.9 6338 106 3 7579 0.2-0.9 0 0 0 0
0.5-0.5 6349 257 5 7731 0.5-0.5 0 0 0 0
single UMAP ‘ 6345 252 9 7736 single UMAP ‘ 902 172 48 7815
(a) SculptorInSextans: m=6354 ¢=7988 (b) SextansInSextans: m=948 ¢=7987
thresholds | TP FP FN TN thresholds | TP FP FN TN
0.02 - 0.95 0 0 0 0 0.02 - 0.95 978 29 9 6395
0.05 - 0.95 0 0 0 0 0.05 - 0.95 978 29 11 6563
0.1-0.95 0 0 0 0 0.1-0.95 978 29 12 6657
0.2-0.9 0 0 0 0 0.2-0.9 987 38 17 6740
0.5-0.5 0 0 0 0 0.5-0.5 993 121 17 6843
single UMAP ‘ 986 138 39 6827 single UMAP ‘ 998 122 12 6843
(¢) SextansInDraco: m=1025 ¢=6965 (d) DracoInDraco: m=1010 ¢=6965

Table 7: Confusion values from the UMAP implementation The tables follow the same structure
of Tab. 3 with the exception of the last row where is reported the values for a single application of UMAP
to the dataset. The number of members m and contaminants ¢ is proportionate to the all sources analyzed
in the UMAP method.

4.2.2 Sextans mock catalogs

Here we examine both the Sextans mock catalogs, one with Sextans as foreground and
the other with Draco as foreground, due to a particular failure mode observed during
the UMAP iterations. In both cases, UMAP consistently failed to clearly separate
the data into two distinct clusters across all 500 synthetic catalogs. As a result, the
subsequent clustering step also fails, leading to ineffective probability distributions.
Figures 50b and 50c clearly show that the output probabilities are concentrated in
a narrow range, making it impossible to apply any meaningful threshold as done in
previous cases.

This failure is illustrated in Fig. 18, where the clustering effectively divides the data
in half without regard to the underlying structure, sometimes assigning all members
as contaminants, and other times misclassifying large numbers of contaminants as
members. Consequently, in Tables 7b and 7c, all performance metrics are zero.

An exception arises for the single application of UMAP, where the dimensionality
reduction does succeed, yielding results somewhat comparable to the Sculptor case.
However, this scenario still suffers from a very high number of FP, which makes it
nearly impossible to confidently identify members in the outer regions. Furthermore,
the FN continue to correspond to stars located in the gravitational tails, failing the
main objective of detecting them.

4.2.3 DracolnDraco mock catalog

Also in the case of the mock Draco catalog, the full-dimensional UMAP method suc-
cessfully performs dimensionality reduction, allowing for the computation of posterior
probabilities over 500 iterations, similarly to the Sculptor mock galaxy.

Starting with the single application of UMAP, we observe in Fig. 54 (Appendix) that
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Figure 18: Failed dimensionality reduction: The figure shows an unsuccessful UMAP projection into
latent space, making it difficult to separate the data into two distinct clusters. The left panel displays the
clustering results produced by the algorithm, while the right panel shows the true underlying clusters.

the result exhibits the same issue found in previous cases: FPs are scattered around
the galaxy’s center, making it challenging to identify outer region members. Addi-
tionally, the FNs correspond to stars located in the gravitational tails.

When analyzing the 500 synthetic catalogs, the results significantly improve in terms
of reducing both FPs and FNs. Compared to the B22 results in Tab. 3d, we achieve
a higher number of TPs, while the FP count, although still slightly higher, is com-
parable and more concentrated in the central region (see Fig.56). The FNs, on the
other hand, remain nearly unchanged and, as shown in Fig. 17b, they remain constant
across different threshold values, consistently corresponding to stars in the gravita-
tional tails.

As for the TNs, the outcome mirrors the Sculptor case, showing a less dense TN re-
gion near the galaxy center. However, as previously discussed, this limitation can be
mitigated by adopting a more relaxed threshold for contaminants.

4.2.4 UMAP without spatial information

As discussed in earlier sections, a recurring issue with dimensionality reduction tech-
niques is their inability to identify stars located in the outer regions and gravitational
tails of the galaxy, one of the primary objectives of our work. A first hypothesis is
that the inclusion of spatial information introduces a bias in the final classification:
stars that share similar PM and CMD features with true members may still be labeled
as contaminants solely because of their distance from the galaxy’s center.

To investigate this, we performed a UMAP analysis excluding the spatial coordinates,
retaining only PM, CMD, and parallax as input features. After a single application
of UMAP on the mock catalogs, the resulting latent space (Fig. 19) does show some
degree of separation, but it is much less distinct compared to the case where spatial
information is included (Fig.9). The outcome is a high number of misclassified con-
taminants identified as members, spatially scattered across the field. This renders the
results unusable, even after 500 iterations.
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Figure 19: Example of UMAP latent space without spatial information: The plots show the 2D
latent space produced by UMAP for the Sculptor-like mock galaxy. The figure follows the same logic of
Fig: 9.

41

pmdec
o

-2

-4

-4 -2 0 2 4 -05 00 05 1.0 15 20 25
pmra (BP—RPO)o

41

Xn
o
pmdec

4 2 0 -2 -4 -4 -2 0 2 4 -0.5 0.0 0.5 1.0 15 2.0 25
Xi pmra (BP —RP0)o

Figure 20: False Positive and False Negative distributions: The plots show the spatial, proper
motion, and color-magnitude diagram distributions of the True Positives (TP) and False Negatives (FN)
obtained when spatial information is excluded, after a single application of UMAP. These results correspond
to the latent space shown in Fig. 19. The first column shows the tangent plane centered on the galaxy center,
the second column shows the PM space, and the third column shows the CMD space.
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As shown in Fig. 20, the number of FNs increases drastically. In particular, the method
systematically fails to recognize member stars fainter than 20 mag.
These results suggest that spatial information is essential for achieving reliable per-
formance with dimensionality reduction techniques in this context.

4.3 Normalizing Flow

The normalizing flow results are discussed differently from those of the previous meth-
ods. This is not only because the normalizing flow does not incorporate spatial infor-
mation and their associated uncertainties, but also because its primary goal is distinct.
Here, even if the optimization of the confusion matrix would be the ideal outcome, as
say maximizing TP and TN while minimizing FP and FN, rather is assessing whether
the method can reliably identify stars in the outer regions of the galaxy and reveal
the presence of possible tidal features. This can be translated as the key requirement
is that stars in the tidal tails must have high membership probabilities, while it is less
critical to recover all member stars.

A key limitation of this method is that it becomes ineffective when the number of
contaminant sources significantly exceeds that of the members. In such cases, the dis-
tribution of contaminants may dominate and obscure the more complex distribution
of the true members, making it difficult for the model to isolate and learn the latter.
To mitigate this, as we did for the dimensionality reduction approach, we manually re-
moved a reasonable number of contaminants for each mock catalog. The contaminant
population was adjusted so that it remained larger than the number of members, but
with a maximum ratio of approximately 3:1. This balance ensures that the model still
experiences a realistic foreground population while maintaining its ability to learn the
members’ distribution. For SculptorInSextans we remain with 21,342 sources, 3,935
for SextansInSextans, 3,990 for SextansInDraco and 3,975 for DracoInDraco.

In the following sections, we analyze each mock catalog individually, with particular
focus on the Sextans and Draco mocks, which exhibit clear signs of gravitational tails.
Specifically, we investigate the spatial distribution of TP and FP in the projected
sky frame. Even if the FP count is relatively high, a uniform distribution of these
contaminants across the field could still allow the detection of the tails, provided that
the TP population includes the stars that trace them.

4.3.1 SculptorInSextans mock catalog

The mock catalog of Sculptor lacks gravitational tails and contains only a few stars in
the outer regions (see Fig.2a). However, we include the results here for completeness.
Following the contaminant reduction step, the final dataset analyzed consists of 6,354
members stars and 14,988 contaminants.

In Fig. 21, we show the stars with final membership probability P > 0.95 as classified
by the NF algorithm. It is clear that the FPs in this case are distributed uniformly
across the sky frame. This is quickly explained by Fig. 58 in the Appendix, where it
is shown that most FPs fall within the galaxy’s PM clump and CMD sequence. This
is a direct consequence of not including spatial information in the input features.
The final output allows us to distinguish the dwarf galaxy, although the outer stars
are difficult to identify due to the noise introduced by the FPs. The number of TPs
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Figure 21: Member Classification by the Normalizing Flow Algorithm: The plots show the final
output of the Normalizing Flow method, where stars with membership probability greater than 0.95 are
classified as members. The left panel displays the raw NF output, while the right panel separates the TP
and FP classifications to facilitate a clearer distinction between true and false positives.

is relatively low compared to previous methods (only 48% of the total members), but
the number of FPs is also quite low (0.42% of the total contaminants), which helps
preserve higher, density regions and may still enable the detection of gravitational
tails.

A promising result is observed in the FN distribution: the FNs are concentrated
only in the central region of the galaxy (see Fig.58). This suggests that, unlike the
previous methods, stars in the outer regions are now assigned a higher probability of
membership. This outcome indicates that the GMM fitting (see Fig. 14 and Fig. 15)
performed well, likely due to the informative structure in the PM and CMD features,
which are the only inputs used in this setup.

4.3.2 SextansInSextans mock catalog

The SextansInSextans mock catalog is among the most relevant, as the mock galaxy
was explicitly constructed to exhibit gravitational tails extending up to 4 degrees.
Additionally, the high-density foreground of the real Sextans galaxy makes identifying
outer-region members particularly challenging.

Following the contaminant reduction step, the final dataset analyzed consists of 948
members stars and 2,987 contaminants.

Fig. 22 presents very promising results for identifying gravitational tails. The spatial
distribution of FPs is similar to the previous Sculptor case, comprising only 0.64%
of the contaminants, but the key result is the clear detection of the tails, now distin-
guishable within the TP population.

This is an exciting outcome: despite the approximations involved in the extracted
PDF (see Fig.23), the method successfully identifies most of the stars in the tails.
As shown in the PM space (Fig. 59, Appendix), some FPs are clearly offset from the
galaxy clumps. This opens the possibility of post-processing steps, such as removing
FPs spatially, to further increase the contrast between TP and FP.

Most importantly, the detection of the tails is achieved. The FNs remain concentrated
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Figure 22: Member Classification by the Normalizing Flow Algorithm: Same as Fig.21 but for
the SextansInSextans mock data-set.
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Figure 23: Inferred member distribution for the Sextans in Sextans foreground mock galaxy:
The figure shows the probability density functions for the contaminants and the inferred distribution for
the members across each of the four dimensions in the SextansInSextans mock catalog. The layout of the
figure follows the same logic as Fig. 15 in Sec. 3.4.3.
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Figure 24: Member Classification by the Normalizing Flow Algorithm: Same as Fig.21 but for
the SextansInDraco mock data-set.

in the central region, while TNs are spread uniformly across the sky frame. Even re-
laxing the membership threshold (e.g. to 0.1 — 0.9) still allows tail detection, as both
TP and FP increase, but not to a degree that obscures the overdensities.

4.3.3 SextansInDraco mock catalog

This case is similar to the previous SextansInSextans mock galaxy, but now the
foreground is modeled after Draco, which exhibits different properties compared to
Sextans. This makes it an interesting test case to assess the robustness of the NF
model against varying foreground conditions and to evaluate whether its performance
remains stable or is affected.

Following the contaminant reduction step, the final dataset consists of 1,025 mem-
bers stars and 2,965 contaminants.
As in the SextansInSextans case, this mock galaxy includes gravitational tails, al-
though oriented in a different direction on the sky. In Fig. 24, the gravitational tails
are still visible, although the detection is less distinct than in the previous case. In-
terestingly, the FPs, still spread across the sky frame, show a higher concentration in
the right portion of the field, which corresponds to a region with higher foreground
contamination, as visible in Fig.2c. But this is more likely to be explained as the
algorithm identifies all stars with fainter magnitudes as members, which can be seen
in Fig. 60.
Relaxing the membership threshold increases the number of TP in the tails, but also
significantly raises the total number of FPs, making the visual identification of the
tails less reliable due to the increased background noise.
From Fig. 60 (Appendix), it is evident that the FP rate is higher than in the previous
case, reaching 1.28%, approximately double the value observed for SextansInSextans
despite a comparable number of contaminants.
It is interesting to note that the poorer TP results in this case may not stem from an
inadequate fit of the member stars’ complex PDF. In fact, as shown in Fig. 25, the
member PDF appears better defined and more closely aligned with the true member
distribution than in Fig.23. This suggests that the performance degradation is likely
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Figure 25: Inferred member distribution for the Sextans in Draco foreground mock galaxy:
The figure shows the probability density functions for the contaminants and the inferred distribution for
the members across each of the four dimensions in the SextansInDraco mock catalog. The layout of the
figure follows the same logic as Fig. 15 in Sec. 3.4.3.

due to the properties of the Draco foreground, where the separation between the mem-
ber and contaminant PDFs is less distinct.

The FNs remain concentrated primarily in the central region of the galaxy, while TNs
are broadly distributed across the sky. However, in the PM space, TNs appear more
concentrated to the right of the galaxy clump. In the CMD, there is a notable un-
covered region at fainter magnitudes, particularly between ~ 20.5 and 21 mag, where
TNs are sparse.

4.3.4 DracoInDraco mock catalog

This represents the most challenging scenario for the NF method, as the mock Draco
galaxy features very faint and narrow gravitational tails, and, as seen in the previous
case, the real Draco foreground tends to increase the number of FPs.

After the contaminant reduction step, the final dataset consists of 1,010 member
stars and 2,965 contaminants.
In Fig. 26, a slightly higher density region is still visible, corresponding to the galaxy’s
left-side tail. However, compared to the SextansInDraco case, the number of TP
is higher. This may be due to a more precise extraction of the member PDF in
this case (Fig.27) compared to Fig. 25, which leads to a increase in final membership
probabilities during Gibbs sampling. This interpretation is supported by the TN
distribution shown in Fig.61 (Appendix), where, due to a strict threshold on the
contaminant probability (0.02), no FNs are identified, marking the first time this
occurs.
In any case, it is very difficult to detect the presence of tails in this mock with certainty
without any some prior knowledge due to their low density.
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Figure 26: Member Classification by the Normalizing Flow Algorithm: Same as Fig.21 but for
the DracoInDraco mock data-set.
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Figure 27: Inferred member distribution for the Draco in Draco foreground mock galaxy: The
figure shows the probability density functions for the contaminants and the inferred distribution for the
members across each of the four dimensions in the DracoInDraco mock catalog. The layout of the figure
follows the same logic as Fig. 15 in Sec. 3.4.3.
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Figure 28: Difference in the contaminants CMD for DracoinDraco: The figure show the difference
between the contaminants CMD from B22 (Fig. 28a) and the one from the ML implementation (Fig.28b).
For each source is reported their probability values from the look-up map.

5 Discussion and conclusions

In this section, we delve into the results of the various methods presented in Sec. 4, with
a closer look at the confusion values and a discussion of the strengths and limitations
of each approach in the context of the primary objective of this work, that is detecting
tidal tails or signs of past interactions with other galaxies. Therefore, the detection of
outer members is critical to our analysis.

We begin with an in-depth discussion of the results obtained from the machine
learning implementation of B22 (Sec.4.1), then turn to the results obtained using the
two alternative methodologies: dimensionality reduction (Sec.4.2) and Normalizing
Flows (Sec.4.3).

B22 ML: At first glance, the machine learning (ML) implementation of the B22
method appears to slightly improve the overall results, though not significantly. How-
ever, this is not a trivial achievement, as the original method in B22 is already robust
and exhibits very high performance. As shown in the confusion metrics presented in
Sec. A, with a probability threshold range of 0.02-0.95, a narrow window centered on
the two peaks in the posterior probability histograms (see Fig.35), the method al-
ready correctly classifies the majority of member and contaminant stars, even without
including the sources that fall between the threshold interval.

For the Sculptor mock galaxy, which is relatively dense and compact, B22 achieves
excellent results, correctly identifying 94.77% of members and 98.89% of contami-
nants, with very low misclassification rates: only 0.08% False Positives and 0.28%
False Negatives. Results differ for the mock Sextans and Draco galaxies, where the
total number of correctly identified members is lower for the same threshold, typically
ranging between 70% and 90%. This outcome is expected, as these mock galaxies are
more diffuse and embedded in a denser field of contaminants, making classification
more challenging. Nevertheless, the True Negatives remain well identified, consis-
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tently above 98%, and misclassification rates (FP and FN) remain low.

When comparing these results with those of the ML implementation, we observe
that TP and TN values generally improve (see Fig. 16), while the FN values are sys-
tematically higher than those of B22, and the FP values remain nearly unchanged.
This is not inherently negative: if the FNs were concentrated in the central region of
the galaxy, the impact, given our goal, would be minimal. However, as discussed in
Sec. 4.1, the primary issue in both approaches is that most FNs correspond to stars
located in the outer regions of the galaxy, particularly those in the tidal tails.

As seen in Fig. 35, and consistently across other levels, the ML implementation ex-
hibits a higher peak at low probabilities for actual member stars compared to B22,
indicating a greater number of FNs. From the corresponding confusion plots, it is
evident that these FNs are predominantly stars in the outskirts and tidal features,
leading to a failure in achieving one of the key goals of this analysis: detecting outer
members.

However, this does not necessarily imply that the ML model performs worse than
B22; rather, it suggests that the ML assigns lower membership probabilities to these
stars. Indeed, if we relax the threshold for contaminants, for example by including all
stars with probabilities lower than 0.2, these same FN stars begin to appear as FNs in
the B22 method as well. This indicates that B22 assigns higher probabilities to these
sources than the ML model, though still not high enough for them to be classified as
members.

A potential explanation lies in the treatment of the contaminant distribution. In B22,
this distribution is assumed to be uniform, while in the ML implementation, it reflects
the actual density distribution of contaminants, particularly in the PM and CMD
spaces. As shown in Fig. 6b, the contaminant density varies across the field, creating
regions where the probability of being a contaminant is higher. However, spatial plots
of FN stars (see Sec. A.2) show that these stars are not necessarily located in areas of
higher contaminant density. Instead, they appear to be uniformly distributed across
the galaxy’s outer regions, with no clear preferential direction.

This observation suggests that the main difference in classification performance may
stem from the way the ML model incorporates the contaminant look-up maps in PM
and CMD space. As shown in Fig. 28, the CMD generated with the ML implementa-
tion displays a more extended region with higher probabilities of being contaminants.
Focusing on the mock Draco case, the majority of FNs in the CMD, illustrated in
Fig. 39, tend to lie on the central region at faint magnitude of the total CMD, cor-
responding to the yellow-shaded region in Fig. 28b, where the contaminant density is
greater.

These could lead stars to received a higher probability to be a contaminant.

Despite this, the construction of PM and CMD look-up maps using the ML model
leads to generally better performance in terms of TP and TN. This enhances the
model’s ability to correctly identify both member and contaminant stars, particularly
in the central regions of the galaxy. Among the three tested configurations, Levels
1 and 2 perform better than B22, reinforcing the idea that incorporating the true
contaminant distribution significantly improves the performance of the probabilistic
membership since A variable density is predicted depending on the position.
However, Level 3 shows overall worse results across all mock cases. The primary
methodological change at this level was the use of the subtraction method to con-
struct the galaxy PM look-up map, similar to the CMD construction in Level 1. This
outcome suggests that both the PM and CMD look-up maps determined with the
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ML, may be too noisy and, in some regions, may not capture the general behavior
of contaminant distribution. Despite this, the construction of PM and CMD look-up
maps using the ML model generally leads to improved performance in terms of TP
and TN, enhancing the model’s ability to correctly identify both member and contam-
inant stars, particularly in the central regions of the galaxy. Among the three tested
configurations, Levels 1 and 2 slightly outperform B22, reinforcing the idea that in-
corporating the true contaminant distribution significantly improves the probabilistic
membership assignment, since a variable density is predicted as a function of position.
In contrast, Level 3 yields systematically worse results across all mock cases. The main
methodological difference at this level was the adoption of the subtraction method to
construct the galaxy PM look-up map, analogous to the CMD construction in Level
2. These results suggest that look-up maps for PM and CMD determined purely with
ML may be too noisy and, in some regions, may fail to capture the underlying con-
taminant distribution accurately, and that the PM map calculation method used in
B22 is more effective and has a stronger influence on the final membership probability
estimation.

Considering the overall performance across all levels, Level 1 emerges as the most
consistent and reliable. This indicates that combining a machine learning approach to
model the contaminant distribution with the statistical framework presented in B22
can yield improved general results. However, this method still falls short when the
primary goal is the detection of external structures such as tidal tails, where outer
members are often misclassified.

UMAP: First of all, considering the primary objective of identifying stars in the
outer regions, the results in Sec.4.2 clearly show that UMAP, in the configuration
applied here, is not the most suitable methodology for this purpose.

Aside from not always providing consistent or robust results, particularly in the case
of the 500 iterations applied to the mock Sextans catalogs, where UMAP fails entirely,
the majority of FNs correspond to stars located in the outer regions.

When applying UMAP only once to the catalogs, the resulting classification is not
reliable enough to be used for final analysis. The large number of FPs, scattered across
the field, prevents an accurate identification of members and distorts the apparent
shape of the galaxy, making any visual morphological study impractical.
Nevertheless, UMAP could still provide useful insights in future work. For example,
extracting the correlation matrix of the features used here could help identify patterns
among the physical quantities that might strengthen the classification model. It should
be noted that our use of UMAP in this work was intentionally simple, focusing solely
on dimensionality reduction. The UMAP documentation indicates the possibility of
developing more complex approaches, such as combining multiple UMAP models or
embedding the latent space in non-Cartesian geometries (e.g. spherical spaces) or with
custom metric definitions.

Applying UMAP to the 500 synthetic catalogs was intended to emulate its ap-
plication to multiple distinct observations of the same object, where measurement
uncertainties cause values to fluctuate around a given mean. In such cases, each di-
mensionality reduction run effectively “sees” each star differently, potentially leading
to different classifications. However, as shown in Sec. 4.2, this approach fails for the
Sextans mock catalog. This may be due to the complexity of the true Sextans contam-
inant field, where, in the synthetic catalogs, UMAP does not effectively separate the
data. The precise cause was not investigated in detail, as the method already proved
far from meeting the primary goal of detecting outer-region members.
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Figure 29: Distribution of true tidal-tail member stars for the SextansInSextans mock galaxy: The
panels show the positions of stars belonging to the tidal tails (distance from the galaxy center > 0.8 degrees)
in three planes: (left) sky coordinates, (middle) proper motion (PM) space, and (right) color-magnitude
diagram (CMD) space. These stars are identified using the ground truth of the mock catalog to illustrate
the spatial and kinematic extent of the tails.

On the other hand, for the Sculptor and Draco mock catalogs (Fig.55 and Fig. 56),
the results are more promising, and in fact not far from those of B22 and B22 ML.
It is important to note that, for computational reasons, the number of actual contam-
inants included in the UMAP analysis is smaller; however, in relative terms, UMAP
performs better at detecting members, with only a small increase in FPs, mainly lo-
cated in the galaxy’s central regions. Additionally, inspection of the CMD shows that
a non-negligible fraction of these FPs lies outside the galaxy’s CMD shape, making
their manual removal possible.

Contaminant detection is less effective. There is a noticeable drop in density in the
region corresponding to the galaxy’s position, likely because UMAP, when given spa-
tial coordinates as input features, tends to classify inner stars as members even if their
CMD positions are inconsistent with true galaxy members.

This leads us to the same conclusion drawn from the B22 ML results: spatial
information has a very strong influence on the classification outcome, which is detri-
mental when the goal is to detect outer-region members. This is why we attempted
a UMAP configuration without spatial features; however, in this case, the remaining
features alone did not provide sufficient discriminatory power for the model to perform
effectively.

Normalizing Flow: For the detection of tidal-tail stars, the Normalizing Flow (NF)
algorithm was the only method that achieved this objective. Therefore, we discuss
its results from a different perspective, without focusing on the TP, FP, FN, and TN
values as in the previous methodologies. In this case, we are not interested in detecting
the majority of the stars, but rather in determining whether the tidal tails are present.
Our discussion concentrates mainly on the SextansInSextans, SextansInDraco and
DracoInDraco mock galaxies, since they contain tidal tails, while we also include
SculptorInSculptor for completeness and to verify result consistency.

The overall results for the mocks with tidal tails are fairly consistent with each
other, as in all three cases the tidal tails members are detected for the first time,
albeit not entirely. As shown in Sec. 4.3, the tidal tails are clearly visible, even though
some FPs introduce noise in the sky frame. As seen in Fig. 59, the FPs are uniformly
distributed across the field but are generally far from the galaxy. This behaviour is
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Figure 30: Faint magnitude “strip” members detected by the Normalizing Flow model in the
SextansInSextans mock galaxy: The panels display the distribution of stars in (first) sky coordinates, (sec-
ond) proper motion (PM) space, (third) color-magnitude diagram (CMD), and (fourth) the two coordinate
of the Normalizing Flow latent space corresponding to the CMD. The strip corresponds to stars around
G =~ 21.

likely due to the fact that, during the NF analysis, we did not include any spatial
information, but only PM and CMD features were used. Consequently, contaminants
in the outer region with PM and CMD values similar to members can be misclassified
as members. This feature of the method, which does not rely on spatial information,
is precisely what seems to enable it to recover the members of the tidal tails, but
without introducing the heavy noise seen in the UMAP run without spatial features.
Moreover, many FPs can be removed manually by discarding objects located too far
from galaxy’s PM clumps or CMD sequences to be true members. For example, this
applies to stars far from the horizontal branch region of the CMD, where stars have
almost identical magnitudes, or from the red giant branch, as the two branches are
easily recognizable as evolutionary stages of the galaxy’s CMD. Similarly, some FPs
in the PM space are far from the galaxy’s PM clump and can be confidently removed
as contaminants.

A positive result is that the FN distribution, across all mock catalogs, is largely con-
centrated in the galaxy’s central region. This means that very few (or any) tidal-tail
stars receive low posterior probabilities, in contrast to previous methods. The con-
taminant distribution is also relatively uniform, without density gradients or local
underestimations near the galaxy’s position.

The smaller number of TP, FP, FN, TN that we get reflects our choice of probabil-
ity threshold: as with the other methods, the 0.02 — 0.95 cut removes a significant
fraction of stars from the final classification (see Fig.57). However, this choice has
little impact on the primary goal, detecting tidal tails. The adopted threshold also
explains the gap observed in the CMD at magnitudes 20.0 < Go < 20.5, just above
the faint strip. This region coincides with the highest density of contaminants (see
Fig. 58 and following), making it particularly difficult for genuine members to reach
high membership probabilities. By relaxing the membership threshold from 0.95 to
lower values, stars in this gap begin to be classified as members, but at the cost of
introducing a larger number of FPs. We therefore conclude that a threshold of 0.95
provides a good compromise, being sufficient to identify tidal tails while still yielding
a reliable reconstruction of the galaxy’s CMD morphology.

We took SextansInSextans as example in this discussion because its tidal tails are
the most visible, by construction of the mock. However, in SextansInDraco the tails
remain easily visible despite a higher FP count, and in DracoInDraco they are thin
and harder to detect but still recoverable after a manual contaminants cleaning on
PM and CMD plots.
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One concern that emerged from the analysis of the four mock galaxies is the presence
of a consistent feature in the CMD of the TP: a strip of faint stars around G ~ 21
mag that are systematically identified as members. This may be a consequence of
the mock construction, in which mock galaxy stars extend to fainter magnitudes than
the contaminants, making this CMD region stand out and therefore easier for the NF
model to classify.

A possible concern could be that tidal-tail members are primarily drawn from this
faint strip. To test this, we selected only stars located in the tidal tails (i.e., beyond
1° from the galaxy center) and examined their distribution in PM and CMD space.
The resulting plots in Fig. 29 show that tidal-tail stars populate nearly all evolutionary
phases of the CMD and are not confined to faint magnitudes.

Conversely in Fig. 30, when restricting the sample to stars with G > 20.5, correspond-
ing to the faint TP strip, we find that these stars are mainly concentrated in the
central regions of the galaxy and do not correspond to the tails. This behavior indi-
cates that their correct identification arises from the NF latent space, where this faint
strip is clearly separated from the Gaussian distribution of contaminants and more
likely associated with the complex distribution of true members.

Summarizing the results obtained from the analysis of the performance of the three

methods and their ability to identify true members and, in particular, their spatial
distribution, we can draw some final considerations.
Starting with the dimensionality reduction approach, as implemented here with UMAP,
we found that it is not a robust method: it does not always succeed in clearly sepa-
rating members from contaminants in the two-dimensional latent space. This limits
its applicability, as the algorithm would need to be adapted each time to the spe-
cific dataset under study, making it an impractical tool for general use. However, in
cases where UMAP does converge to a meaningful separation, it provides a reason-
able estimate of the total number of stars belonging to the galaxy, recovering more
than 95% of true members. The drawback is that this success comes at the expense
of missing member stars in the outer regions, which are systematically not identified
and, equally importantly, to run this algorithm it is essential to remove a significant
number of known contaminants.

A similar conclusion can be drawn for the machine learning implementation of
B22. The results are broadly comparable to UMAP in terms of overall performance,
but the method is significantly more robust and consistent. In particular, by explicitly
incorporating the distribution of contaminants, it systematically improves the identi-
fication of true members. Nevertheless, this refinement also leads to a deterioration
in the recovery of members in the outermost regions. These stars are often assigned
low membership probabilities: lower than those given by B22, which are still not high
enough to exceed the membership threshold, thereby B22+4ML does not altering the
final balance when the method is applied to real catalog data.

The NF method appears to be the most promising among those tested, as it was
the only approach capable of consistently identifying tidal tails in all mock samples
where such structures were present. Despite relying on a reduced set of features,
namely PM and CMD, the model successfully produced a bimodal posterior member-
ship probability distribution, with contaminants concentrated at low probabilities and
true members at high probabilities. This outcome is visibly comparable to the results
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obtained through the more complex analysis of B22+ML (see Fig.35 and Fig. 57
for comparison). Crucially, unlike the previous methods, the stars belonging to the
tidal tails are now associated with the high-probability peak of the members, whereas
before they were associated with the low-probability peak of the contaminants.

The main limitation of the NF approach is its reduced ability to recover the largest
possible number of member stars. However, the majority of these missed members
lie in the inner regions of the dwarf galaxy, which is less critical when the primary
objective is the detection of tidal features. A further drawback is that some contami-
nants dispersed across the sky are misclassified as members, since spatial information
relative to the galactic center is not explicitly considered in the model. This issue can
nonetheless be mitigated by applying post-selection criteria in PM and CMD space,
effectively removing such spurious classifications. The final limitation, similar to that
of UMAP, is that in order to run this algorithm, it is essential to remove a significant
number of known contaminants, so that the complex distribution of members can be
visible compared to that of contaminants.

When opting for the NF approach, a natural question arises: how can its per-
formance and final results be further improved? A straightforward step would be to
incorporate additional observational features beyond Gaia’s PM and CMD, such as
magnitudes and colors in other photometric bands, or even radial velocity informa-
tion. Spatial information, we remember, should not be included, both because of
the intrinsic structure of the algorithm, where training and testing data must remain
comparable, despite the strong positional variations between the two, and because in-
cluding position would introduce a bias against detecting members at large distances.
The inclusion of extra features could also benefit UMAP, since increasing the amount
of discriminating information would likely improve its ability to separate members
from contaminants. This remains, however, only a hypothesis, as such extensions
were not investigated in this work.

Another avenue for improvement concerns the NF model itself. The implementation
adopted here is based on a basic Real NVP architecture, which could be refined to
achieve more accurate normalizing transformations and reduce the loss function more
effectively. Enhancing the architecture in this way would likely improve the reliability
of the probability estimates.

Finally, the Gaussian Mixture Model component could also be optimized: as shown
in figures such as Fig. 15, the fitted GMM does not perfectly capture the true distri-
bution of the extracted members, resulting in a probability density function that only
approximates the underlying structure. A better fit would translate into higher prob-
abilities during Gibbs sampling, thereby increasing the number of identified members
in a more realistic manner.

A major strength of the NF approach is its ability to operate directly on raw data,
or on corrected values such as the color (BP — RP)y and magnitude Gg, without
requiring additional statistical preprocessing steps like the construction of look-up
maps, as in B22+ML. This flexibility makes it possible to extend the method to data
from multiple catalogs, rather than being restricted solely to Gaia. Looking further
ahead, the release of Gaia DR4, expected in December 2026'°, will provide even
more precise astrometric and photometric information, offering an ideal opportunity
to reassess and refine the methodology presented in this thesis.

As mentioned above, an important limitation of the NF method is that its appli-
cation requires a reasonable balance between the number of sources belonging to the

O0https://www.cosmos.esa.int /web/gaia/data-release-4
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dwarf galaxy and the number of contaminants. While this condition can be enforced in
mock catalogs by directly removing contaminants, in real datasets alternative strate-
gies must be adopted to reliably identify and exclude contaminating stars from the
sample. A promising approach would be to combine the B22+ML method with NF,
where B22+ML is first applied to identify contaminants, for example by selecting
sources with membership probability < 0.001. Indeed, tests have shown that choosing
such a threshold ensures that no member star is mistakenly classified as a contaminant
in the mock samples. This result can be understood by noting that B224ML, even
though includes the spatial component, assigns a non-zero membership probability
even to stars at large distances from the galactic center if they belong to the PM
cluster or the CMD sequence of the dwarf galaxy. As a concrete example, in the case
of SextanInSextans, applying this threshold allows for the identification of 91.34%
of true contaminants, after which one can decide whether to remove the entire set or
only a fraction of the selected stars.

In conclusion, this thesis has provided valuable insights into the applicability and
limitations of the three methods investigated, each of which offers different advantages
depending on the final objective of the analysis. Among them, Normalizing Flow has
emerged as a particularly promising tool for detecting structures in the outer regions
of dwarf galaxies. Its ability to identify tidal features and extended components, de-
spite relying only on PM and CMD information, highlights its potential for uncovering
signatures of past dynamical interactions. With further refinement and optimization
of the model, it will be especially compelling to reapply this analysis to real systems
such as Sculptor, Sextans, and Draco with the Gaia eDR3 data, and to extend the
methodology to a larger sample of Local Group dwarfs. This would enable a more
systematic investigation of their morphology and provide new insights into their for-
mation pathways and evolutionary histories.
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A Appendix

A.1 B21 Confusion plots
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Figure 31: Sculptor In Sextans confusion plots: the figure shows the confusion results for choice of threshold 0.02-0.95
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Confusion plots SextansinSextans: thresholds 0.02 - 0.95; members=948 non members=52987
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Figure 32: Sextans In Sextans confusion plots: the figure shows the confusion results for choice of threshold 0.02-0.95
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Confusion plots SextansinDraco: thresholds 0.02 - 0.95; members=10%5 non members=43965
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Figure 33: Sextans In Draco confusion plots: the figure shows the confusion results for choice of threshold 0.02-0.95
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A.2 B21 + ML results

A.2.1 First Level
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Figure 35: B21 4+ ML posterior probability histograms: Each plot shows the posterior probabilities obtained at
the First Level in Sec.4.1.1. Member stars are indicated by the thin red line, while contaminants are shown as a grey
histogram.
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Confusion plots SculptorinSextans: thresholds 0.02 - 0.95; members=6354 non members=52988
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Figure 36: Sculptor In Sextans confusion plots: the figure shows the confusion results for choice of threshold 0.02-0.95
corresponding to Fig. 35a
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Confusion plots SextansinSextans: thresholds 0.02 - 0.95; members=948 non members=52987
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Figure 37: Sextans In Sextans confusion plots ML: the figure shows the confusion results for choice of threshold
0.02-0.95 corresponding to Fig. 35b
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Confusion plots SextansinDraco: thresholds 0.02 - 0.95; members=10%5 non members=43965
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Figure 38: Sextans In Draco confusion plots ML: the figure shows the confusion results for choice of threshold
0.02-0.95 corresponding to Fig. 35¢
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Confusion plots DracolnDraco: thresholds 0.02 - 0.95; membelrs:10193 non members=43965
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Figure 39: Draco In Draco confusion plots ML: the figure shows the confusion results for choice of threshold 0.02-0.95
corresponding to Fig. 35d
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A.2.2 Second Level
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Figure 40: B21 4+ ML posterior probability histograms: Each plot shows the posterior probabilities obtained at
the Second Level in Sec.4.1.2. Member stars are indicated by the thin red line, while contaminants are shown as a grey
histogram.
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Confusion plots SculptorinSextans: thresholds 0.02 - 0.95; members=6354 non members=52988
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Figure 41: Sculptor In Sextans confusion plots: the figure shows the confusion results for choice of threshold 0.02-0.95
corresponding to Fig. 40a
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Confusion plots SextansinSextans: thresholds 0.02 - 0.95; members=948 non members=52987
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Figure 42: Sextans In Sextans confusion plots ML: the figure shows the confusion results for choice of threshold
0.02-0.95 corresponding to Fig. 40b
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Confusion plots SextansinDraco: thresholds 0.02 - 0.95; members=10%5 non members=43965
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Confusion plots DracolnDraco: thresholds 0.02 - 0.95; membelrs:10193 non members=43965
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Figure 44: Draco In Draco confusion plots ML: the figure shows the confusion results for choice of threshold 0.02-0.95
corresponding to Fig. 40d
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A.2.3 Third Level

Sculptor in Sextans

B21 B21 + ML (Level 3)
=27 non-members =1 non-members
1 members ] members

Number of stars
Number of stars

00 01 02 03 04 05 06 07 08 09 10 00 01 02 03 04 05 06 07 08 09 10
Membership probability Membership probability

Sextans in Sextans

B21 B21 + ML (Level 3)
71 non-members =1 non-members
] members [ members

Number of stars
Number of stars

00 01 02 03 04 05 06 07 08 09 10 00 01 02 03 04 05 06 07 08 09 10
Membership probability Membership probability

Sextans in Draco

B21 B21+ ML (Level 3)
[0 non-members 770 non-members
] members 1 members
10" 10*

%

3
Number of stars

Number of stars

00 01 02 03 04 05 06 07 08 08 10 00 01 02 03 04 05 06 07 08 08 10
Membership probability Membership probability

Draco in Draco

B21 B21 + ML (Level 3)
[0 non-members 72 non-members
1 members 1 members
10! : 10"
2 10° 2 10°
% @
k] 5
k> 2
£ 10’ £ 10
3 S
Z =
10 10!
o o
. thhllhn L .
00 01 02 03 04 05 06 07 08 08 10 00 01 02 03 04 05 06 07 08 09 10
Membership probability Membership probability

(d)

Figure 45: B21 4+ ML posterior probability histograms: Each plot shows the posterior probabilities obtained at
the Second Level in Sec.4.1.3. Member stars are indicated by the thin red line, while contaminants are shown as a grey
histogram.
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Confusion plots SculptorinSextans: thresholds 0.02 - 0.95; members=6354 non members=52988
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Figure 46: Sculptor In Sextans confusion plots: the figure shows the confusion results for choice of threshold 0.02-0.95
corresponding to Fig. 45a
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Confusion plots SextansinSextans: thresholds 0.02 - 0.95; members=948 non members=52987
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Figure 47: Sextans In Sextans confusion plots ML: the figure shows the confusion results for choice of threshold
0.02-0.95 corresponding to Fig. 45b
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Confusion plots SextansinDraco: thresholds 0.02 - 0.95; members=10%5 non members=43965
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Figure 48: Sextans In Draco confusion plots ML: the figure shows the confusion results for choice of threshold
0.02-0.95 corresponding to Fig. 45¢
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Confusion plots DracolnDraco: thresholds 0.02 - 0.95; membelrs:10193 non members=43965
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Figure 49: Draco In Draco confusion plots ML: the figure shows the confusion results for choice of threshold 0.02-0.95
corresponding to Fig. 45d
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A.3 Dimensional Reduction results
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Figure 50: NF posterior probability histograms: Each plot shows the posterior probabilities obtained after the 500
iteration, where the probability value correspond to count of how many times a stars has been labeled as member divided
by the total number of iteration. Member stars are indicated by the thin red line, while contaminants are shown as a
grey histogram. This visualization highlights how the probability distributions differ between members and contaminants.
Results are shown for SculptorInSextans (Fig.50a), SextansInSextans (Fig. 50b), SextansInDraco (Fig. 50c), and DracoInDraco

(Fig. 50d)
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A.3.1 Single UMAP application

Confusion plots SculptorinSextans: single UMAP application; members=6354 non members=7988
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Figure 51: Sculptor In Sextans confusion plots: the figure shows the confusion results for single application of UMAP
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Confusion plots SextansinSextans: single UMAP application; members=950 non members=7987
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Figure 52: Sextans In Sextans confusion plots: the figure shows the confusion results for single application of UMAP
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Confusion plots SextansinDraco: single UMAP application; members=1025 non members=6965
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Figure 53: Sextans In Draco confusion plots: the figure shows the confusion results for single application of UMAP
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Confusion plots DracolnDraco: single UMAP application; members=1010 non members=6965
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Figure 54: Draco In Draco
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confusion plots: the figure shows the confusion results for single application of UMAP
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A.3.2 Iterations

Confusion plots SculptorinSextans: thresholds 0.02 - 0.95; members=6354 non members=7988
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Figure 55: Sculptor In Sextans confusion plots: the figure shows the confusion results after the 500 applications of
UMAP
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Confusion plots DracolnDraco: thresholds 0.02 - 0.95; members=1010 non members=6965
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Figure 56: Draco In Draco confusion plots: the figure shows the confusion results after the 500 applications of UMAP
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A.4 Normalizing Flows results
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Figure 57: NF posterior probability histograms: Each plot shows the posterior probabilities obtained at the final

Gibbs iteration, where convergence was reached. Member stars are indicated by the thin red line, while contaminants are
shown as a grey histogram. This visualization highlights how the probability distributions differ between members and
contaminants. Results are shown for SculptorInSextans (Fig.57a), SextansInSextans (Fig.57b), SextansInDraco (Fig.57c),

and DracoInDraco (Fig.57d)
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Confusion plots SculptorinSextans: thresholds 0.02 - 0.95; members=6354 non members=14988
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Figure 58: Sculptor In Sextans confusion plots: the figure shows the confusion results for choice of threshold 0.02-0.95
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Confusion plots SextansinSextans: thresholds 0.02 - 0.95; members=948 non members=2987
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Figure 59: Sextans In Sextans confusion plots: the figure shows the confusion results for choice of threshold 0.02-0.95
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Confusion plots SextansinDraco: thresholds 0.02 - 0.95; members=1025 non members=2965
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Figure 60: Sextans In Draco confusion plots: the figure shows the confusion results for choice of threshold 0.02-0.95
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Confusion plots DracolnDraco: thresholds 0.02 - 0.95; members=1010 non members=2965
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Figure 61: Draco In Draco confusion plots: the figure shows the confusion results for choice of threshold 0.02-0.95
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