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ABSTRACT

Clustering algorithms can help reconstruct the assembly history of the Milky Way by identifying groups of stars sharing
similar properties in a kinematical or chemical abundance space. Despite being promising tools, their efficiency has not
yet been fully tested in a realistic cosmological framework. We investigate the effectiveness of the HDBSCAN clustering
algorithm in the recovery of the progenitors of Milky Way-type galaxies, using several systems from the Auriga suite of
simulations. We develop a methodology aimed at improving the efficiency of the algorithm and avoiding fragmentation:
first, we use a 12-dimensional feature space including a range of chemodynamical properties and stellar ages; furthermore,
we optimize the algorithm using information from the internal structure of the clusters of accreted stars. We show that
our approach yields good results in terms of both purity and completeness of clusters for galaxies with different types of
accretion histories. We also evaluate the decrease in efficiency due to contamination by in situ stars. While for accreted-only
haloes the algorithm matches well the recovered clusters with the individual progenitors and is able to recover accretion
events up to a redshift of accretion z,.. ~ 3, for accreted + in situ haloes it can only identify the more recent accretion events
(Zace < 1). However, the purity of the identified clusters remains remarkably high even in this case. Our results suggest that
HDBSCAN can efficiently identify accreted debris in Milky Way-type galaxies in realistic conditions, however, it requires

careful optimization to provide valid results.
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1 INTRODUCTION

In a Lambda cold dark matter (ACDM) cosmological model,
galaxies similar to the Milky Way grow hierarchically, by accre-
tion and disruption of a multitude of satellite dwarf galaxies (L.
Searle & R. Zinn 1978; S. D. M. White & M. J. Rees 1978). The
remnants of the disruption events are expected to reside in the
stellar halo, in the form of tidal streams of various degrees of
phase-mixing (A. Helmi 2020). The identification of past merger
events can be done, in principle, by using information retained in
their kinematics using the assumption that certain kinematical
properties are conserved, i.e. energy, angular momenta, actions
(A. Helmi et al. 1999; A. Helmi & P. T. de Zeeuw 2000; A. Knebe
et al. 2005; A. S. Font et al. 2006; H. L. Morrison et al. 2009; F.
A. Gémez et al. 2010). Moreover, stars from a specific progeni-
tor are also expected to retain a memory of their common star
formation history and, implicitly, chemical evolution (K. Free-
man & J. Bland-Hawthorn 2002; see also the reviews of J. Bland-
Hawthorn & O. Gerhard 2016 and A. J. Deason & V. Belokurov
2024).

* E-mail: A.Sante@2022.ljmu.ac.uk
© The Author(s) 2026.

The increased availability of high-quality astrometric data from
Gaia (Gaia Collaboration 2016, 2023) and complementary chem-
ical abundances from spectroscopic surveys such as APOGEE (S.
R. Majewski et al. 2017), Gaia-European Southern Observatory
(ESO) (G. Gilmore et al. 2012; S. Randich, G. Gilmore & Gaia-ESO
Consortium 2013), LAMOST (G. Zhao et al. 2012), H3 (C. Conroy
et al. 2019), or GALAH (S. Buder et al. 2021, 2025) has allowed
the discovery of several sub-structures in the Galaxy. The debris
identified so far appear as distinct features in the chemodynami-
cal space (e.g. R. Klement et al. 2009; V. Belokurov et al. 2018; A.
Helmi et al. 2018; H. H. Koppelman et al. 2019; J. M. D. Kruijssen
et al. 2019; A. P. Ji et al. 2020; R. P. Naidu et al. 2020; D. Horta
et al. 2023; K. Malhan & H.-W. Rix 2024).

However, the identification of debris remains challenging in
the presence of the background population and uncertainties
introduced by instrumental effects (A. G. A. Brown, H. M.
Velazquez & L. A. Aguilar 2005), and given that overdensities
originating from multiple progenitors overlap in kinematical
space and share similar chemical abundances (I. Jean-Baptiste
et al. 2017; M. D. A. Orkney et al. 2023; A. Carrillo et al. 2024;
N. Kizhuprakkat et al. 2024; A. Mori et al. 2024).

Machine learning methods, and clustering algorithms in par-
ticular, are well-suited for identifying halo sub-structures, given
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the natural tendency of stars from disrupted progenitors to cluster
in kinematical space or display similar chemical abundances, in
correspondence to the properties of progenitor galaxies they orig-
inate from. Indeed, clustering methods have shown their useful-
ness by detecting several new stellar sub-structures in the Milky
Way and confirming some of the existing ones (e.g. P. Re Fiorentin
etal. 2015; H. H. Koppelman et al. 2019; G. C. Myeong et al. 2019;
N. W. Borsato, S. L. Martell & J. D. Simpson 2020; L. Necib et al.
2020; Z. Yuan et al. 2020; T. Ruiz-Lara et al. 2022; E. Dodd et al.
2023; B. Kim et al. 2025).

However, clustering methods also have some limitations when
applied to Galactic archaeology. One example is the family of par-
titioning algorithms, such as k-means (J. MacQueen 1967), which
aim to divide the data into distinct groups by minimizing the
intra-cluster variance. Their requirement to predefine the num-
ber of clusters makes them less ideal for identifying debris from
Milky Way progenitors, where this number is not known a priori.
These methods are more useful when the clusters correspond to
known structures, such as multiple stellar populations of globu-
lar clusters (D. Fraix-Burnet & E. Davoust 2015), or the distinct
Galactic components (J. T. Mackereth et al. 2019). Moreover, the
k-means algorithm is biased towards identifying spherically clus-
tered groups of stars, which makes it unsuited for picking out
tidal debris that typically displays an asymmetric distribution. For
example, instead of ‘clumps’ in the energy-angular momentum
space, as expected from conservation of these two quantities for
any progenitor, the overdensities in this space could be severely
distorted as debris orbits in an evolving gravitational potential or
interacts with other substructures in the host galaxy (e.g. A. S.
Font et al. 2006; F. A. Gomez et al. 2010, 2013).

Hierarchical clustering methods (see review of F. Murtagh & P.
Contreras 2012), in particular the so-called single-linkage meth-
ods, build a nested tree of clusters by progressively merging the
two closest clusters in the parameter space (or feature space,
in machine learning terminology) until every point belongs to
the same cluster. Despite mimicking the hierarchical nature of
galaxy formation, these methods incorporate every data point in
a hierarchy which makes them sensitive to noise. Isolated points
in the feature space can act as a bridge between clusters or distort
the internal structure of clusters. Moreover, extracting a final,
‘flat’ partition from the hierarchy is often not straightforward, as
meaningful clusters, representing coherent debris from distinct
accretion events, can appear at various levels within the hierar-
chy, reflecting differences in their spatial extent and detectability.
For example, a tightly clustered debris from a recently accreted
progenitor might remain distinct at a higher level in the hier-
archy, whereas a more dispersed debris from an early accretion
might merge with the background noise at a lower level. Us-
ing the single linkage-based clustering methodology developed
by S. S. Lovdal et al. (2022) on the Auriga simulations, G. F.
Thomas et al. (2025) found that only recently accreted (< 6—7
Gyr ago) progenitors are efficiently identified. They also found
that the method is prone to generate artificial detections, with
a significant fraction of clusters being composed mainly of in
situ stars.

Density-based clustering methods (e.g. DBSCAN, HDBSCAN;
M. Ester et al. 1996; M. Ankerst et al. 1999; R. J. G. B. Campello,
D. Moulavi & J. Sander 2013) explicitly account for the presence
of noise points by defining clusters as dense regions of points
separated by sparser regions of noise. These methods are well
suited for the distribution of debris from individual progenitor
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galaxies, which correspond to overdensities in the feature space
against a background of unrelated in situ stars. Furthermore,
density-based methods make no assumptions about the shape of
a cluster, allowing for the identification of elongated filamentary
structures characteristic of tidal streams. HDBSCAN (Hierarchical
Density-Based Spatial Clustering of Applications with Noise; R.
J. G. B. Campello et al. 2013) offers significant advantages over
its predecessor, DBSCAN (M. Ester et al. 1996). Although DBSCAN
relies on a single distance scale to define dense regions, HDBSCAN
identifies clusters at various scales simultaneously, providing a
hierarchical representation of structures in the feature space.
This is important as different progenitor systems can have specific
internal velocity dispersions or metallicity distributions, which
result in structures of different overdensities in the feature space.
Moreover, HDBSCAN automates the extraction of a flat partition
by selecting the most persistent and significant clusters in the
hierarchy based on a cluster stability metric.

However, as with other clustering algorithms, the configura-
tion of the clusters retrieved by HDBSCAN varies considerably
with the choice of its internal parameters. An improper param-
eter selection can lead to either the fragmentation of larger, co-
herent structures or the erroneous aggregation of unrelated stars
into spurious clumps (B. Kim et al. 2025).

In this study, we evaluate the effectiveness of HDBSCAN on
simulated stellar haloes, where the ‘ground truth’ is known (i.e.
tidal debris is already identified and mapped to its corresponding
progenitor galaxies, and contamination from in situ stars is also
known). We use a sample of three Milky Way-mass galaxies from
Auriga suite (R. J. J. Grand et al. 2017, 2024), which has been
shown to form realistic disc-dominated galaxies similar to the
Milky Way (R. J. J. Grand et al. 2017; M. D. A. Orkney et al. 2022).
The three galaxies are chosen so that they have significantly dif-
ferent assembly histories, in order to evaluate the variations in
the performance of HDBSCAN with different chemodynamical
distributions of tidal debris. We also incorporate a wider range of
chemodynamical properties (features) in the analysis than previ-
ously used in similar clustering algorithms.

To avoid cluster fragmentation, we implement a systematic
optimization of the HDBSCAN parameters tested against various
internal and external metrics. The internal metrics account for
how the data are partitioned by the algorithm, while the exter-
nal metrics take into account the similarity between the clusters
and the actual progenitor groups. Detailed explanations of the
HDBSCAN algorithm, the optimization of its parameters, and the
metrics used to evaluate its effectiveness are provided in Section 3.

Furthermore, the stellar halo of the Milky Way is known to
have two distinct components, accreted and formed in situ (D.
Carollo et al. 2007; T. C. Beers et al. 2012; V. Belokurov & A.
Kravtsov 2022). Cosmological simulations naturally produce dual
haloes (A. Zolotov et al. 2009; A. S. Font et al. 2011; I. G. McCarthy
et al. 2012; P. B. Tissera et al. 2013; A. P. Cooper et al. 2015).
Because the two halo populations can have overlapping chemo-
dynamical properties (M. Haywood et al. 2018; P. Di Matteo et al.
2019; A. Mori et al. 2024), the performance of the clustering al-
gorithm generally decreases in the presence of in situ stars or can
lead to the identification of spurious sub-structures. To rigorously
validate the efficacy of our optimized HDBSCAN methodology,
we first apply it to accreted-only components. This allows us to
quantify the intrinsic ability of the algorithm in recovering ac-
creted structures of varying morphologies and densities without
the contamination from the in situ population, hence establishing
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a baseline for interpreting the results. With this baseline estab-
lished, we then apply the algorithm to the fully mixed stellar
halo.

The paper is structured as follows. Section 2 describes the Au-
riga suite of simulations and the selection of our sample of
galaxies, including a brief overview of their distinct assembly his-
tories. Section 4 presents the results of the optimized HDBSCAN,
separately for the accreted-only (Section 4.1) and accreted + in
situ stellar haloes (Section 4.2). The implications of our findings
for reconstructing the accretion history of the Milky Way and the
potential future directions of research are discussed in Section 5.

2 THE Auriga SIMULATIONS

The Auriga suite comprises 39 magnetohydrodynamical
(MHD) simulations of Milky Way-mass (0.5 < M,g0/(102 M) <
2) haloes run with the AREPO (V. Springel 2010) moving-mesh
code at two resolution levels. In the following, we provide a brief
description of the Auriga suite and refer the reader to R. J. J.
Grand et al. (2017) and R. J. J. Grand et al. (2024) for more details.

The Milky Way-mass haloes were randomly selected from the
most isolated quartile of their respective mass ranges at z = 0
in the parent L100N1504 EAGLE dark-matter only simulation (J.
Schaye et al. 2015). Zoomed-in simulations were then performed,
following the particles within a distance of 4 Ry ! from the cen-
tre of the haloes to z = 127 and sampling lower mass particles
in the enclosed area with higher mass particles added at larger
distances. A A cold dark matter cosmology with parameters taken
from Planck Collaboration XVI(2014) was adopted. Baryons were
introduced by splitting the particles into dark matter particle-gas
cell pairs according to the cosmological baryon mass fraction.
The evolution of the MHD equations in a cosmological context
was followed by AREPO through a discretization of the simula-
tion domain carried out with the Voronoi tessellation of mesh-
generating points that move with the velocity of the fluid flow.
Each cell was assigned a given mass so that high-density regions
are resolved with a larger number of cells.

The Auriga galaxy formation model incorporates a wide
range of subgrid physics, including primordial and metal line
cooling with self-shielding corrections against a spatially uni-
form, redshift-dependent ultraviolet (UV) background field (C.-
A. Faucher-Giguére et al. 2009) that completes reionization at
zZ~ 6 (M. Vogelsberger et al. 2013). The interstellar medium
(ISM) is treated using the two-phase model of V. Springel & L.
Hernquist (2003), with stochastic star formation occurring in gas
denser than n = 0.13cm™~3 assuming a G. Chabrier (2003) initial
mass function. The model also accounts for stellar evolution,
tracking the associated mass-loss and chemical enrichment of
the surrounding gas from asymptotic giant branch stars (A. I.
Karakas 2010), Type Ia supernovae (F.-K. Thielemann et al. 2003;
C. Travaglio et al. 2004) and Type II supernovae (L. Portinari,
C. Chiosi & A. Bressan 1998). Feedback is implemented through
stellar wind particles released from Type II supernovae, as well as
with radiative and thermal energy outbursts from active galactic
nuclei with both radio and quasar modes. The model also ac-
counts for the seeding and growth of supermassive black holes

L Galactocentric distance which defines a spherical region where the aver-
age matter density is 200 times the critical matter density of the universe.
1t is often used as a proxy for the virial radius of a halo.
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(V. Springel 2005) and includes a uniform, comoving primordial
magnetic field of 107 G (R. Pakmor & V. Springel 2013).

To trace the formation history of galaxies, simulation outputs
(‘snapshots’) were post-processed to identify structures and link
them through time. First, Friends-of-Friends (FOF) groups were
identified based on the dark matter particle spatial distribution.
Within these FOF groups, the SUBFIND algorithm (V. Springel
et al. 2001) was run on all particle types to identify gravitationally
self-bound substructures, or sub-haloes. These sub-haloes were
then linked across snapshots to construct merger trees. In this
process, a sub-halo in a given snapshot was identified as the main
progenitor of a sub-halo in a subsequent snapshot if it contributes
the highest number of particles, weighted by their binding en-
ergy.

Star particles were tagged as either accreted or formed in situ,
by tracing them back to their point of origin: accreted if they
formed within a satellite dwarf galaxy (either before or after ac-
cretion on to the host) and are gravitationally bound to the main
halo at z = 0, and in situ if they formed in the main galaxy (A.
Monachesi et al. 2019). We use this information here, together
with additional data on the accreted star particles available in the
Auriga public database?, namely the merger tree index of the
sub-halo where each accreted star particle formed, Root Index,
and the index of the sub-halo to which the star particles were
bound at the time when the sub-halo reached its maximum stellar
mass, PeakMassIndex (see R.J.J. Grand et al. 2024).

In our analysis, a progenitor of a Milky Way-mass galaxy is
defined as a group of accreted stars® that share the same Peak-
MassIndex;henceforth, we will refer to these progenitors based
on their respective numerical index, i.e. ‘prog. PeakMassIn-
dex’. We motivate this definition by the fact that sub-haloes tend
to reach their maximum stellar mass just before accretion on to
their host, that is, when they first cross the R,qy of their host.
At around this time, which we denote iy, most infalling satel-
lites experience tidal and ram-pressure stripping, which results
in a sharp decrease in their star formation (e.g. D. Kawata & J.
S. Mulchaey 2008; C. M. Simpson et al. 2018; A. S. Font et al.
2022). We therefore evaluate the performance of the HDBSCAN
algorithm by comparing the clusters of accreted stars identified
by the algorithm with the PeakMassIndex-defined progenitor
groups.

The Milky Way-mass galaxies in Auriga match the galaxy
scaling relations, e.g. the stellar mass—halo mass and stellar mass—
metallicity relations (R. J. J. Grand et al. 2017). They also have
stellar haloes with similar stellar masses, surface brightnesses,
and metallicity profiles of observed Milky Way analogues (A.
Monachesi et al. 2019). Morphologically, they are also similar to
the Milky Way at present time (i.e. they have rotationally sup-
ported discs). In particular, for our study, the suite of simulations
includes a variety of assembly histories, which allows us to test
the effectiveness of the HDBSCAN algorithm on different chrono-
chemodynamical distributions of stellar haloes.

2This information is provided for each simulation as part of the ‘Accreted
particle lists’ catalogue downloadable at https://wwwmpa.mpa-garching.
mpg.de/auriga/data_new.html.

3We note that the term ‘stars’ in the context of simulations refers to star
particles, which are essentially single stellar populations.
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2.1 The simulations sample

The three galaxies considered here, Au 7, Au 25, and Au 27, are
selected from the original sample of 30 Milky Way-mass systems
in the ‘level 4’ suite of simulations. The particle mass resolution
is ~ 4 x 10° M, for dark matter and, typically, ~ 5 x 10* M, for
baryons.

The three host galaxies display significantly different present-
day distributions of accreted stars, in either kinematics, chemical
abundances or ages. Au 7 has a predominantly early formation
epoch, and consequently the accreted debris is mostly phase-
mixed at z = 0; in contrast, Au 25 has a late formation, and its
debris is mostly in the form of cold stellar streams; Au27 has an
assembly history more similar to the Milky Way, including an
early major merger similar to the Gaia Enceladus-Sausage (GES)
(A. Fattahi et al. 2019). Au 27 also has a large stellar disc and a bar
atz =0.

In addition to the information from the merger trees, we also
use the morphological classification of tidal debris in this Au-
riga suite performed by A. H. Riley et al. (2025) and N. Shipp
etal. (2025). This classification groups accretion events into three
categories, ‘intact’, ‘phase-mixed’, and ‘stellar streams’, based on
their configuration at z = 0. An accretion event is classified as
intact if the majority (> 97 per cent) of accreted stars are still
bound to the system at present. The debris from disrupted satel-
lites is considered either phase-mixed or as (cold) stellar stream
based on a mass-dependent cut in the velocity dispersion, with
the phase-mixed structures exhibiting a higher velocity disper-
sion than the streams.

For each galaxy, we consider only the accreted stars that con-
tribute to the main halo, defined as those accretion events that
contribute at least 0.1 per cent to the total number of accreted par-
ticles at z = 0. This corresponds to a cut-off in the number of par-
ticles per progenitor ranging between 100 and 1000, depending on
the system. We also exclude particles that are bound to surviving
satellites and those from merger events labelled as ‘intact’, under
the assumption that the identification of these systems would not
require the application of clustering techniques.

The assembly histories of the selected galaxies are briefly sum-
marized below, with an overview of the number and properties
of their most significant progenitors given in Table 1. The merger
trees for the galaxies in the sample are shown in the first row of
Fig. 7.

2.1.1 Au7

The majority (> 90 percent) of the accreted stellar content
in Au7 is in the form of phase-mixed structures. These struc-
tures originate mostly from three progenitors (prog. 3210, prog.
4401, and prog. 2197) of similar stellar mass (~ 10'° M),
which contribute 20 per cent, 34 per cent, and 36 per cent, respec-
tively, to the accreted halo mass. These events succeeded each
other almost regularly every ~ 3 Gyr starting from z ~ 1.

2.1.2 Au25

Most of the accreted star particles bound to the main haloatz = 0
in Au25 originate from a satellite of stellar mass ~ 10'° M, prog.
736, accreted onto the main halo < 2 Gyr ago. However, these
comprise only a small fraction (~ 5 per cent) of the stellar con-
tent of the satellite, which is still present as a self-bound system
at z = 0. The other massive accretion event experienced by the
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Au25 was a satellite of stellar mass ~ 10%5 M), prog. 41397,
accreted at z,.. > 2. The stars disrupted from this progenitor form
a phase-mixed structure at present, comprising ~ 34 per cent of
the accreted stars of its host.

2.1.3 Au27

The accreted halo in Au27 is dominated by stars originating from
a massive satellite (stellar mass of ~ 10° Mg), prog. 7219, ac-
creted on a radial orbit at z,.. ~ 1.5, similar to a GES event (V.
Belokurov et al. 2018; A. Helmi et al. 2018). This contributed
~ 40 per cent of the accreted star particles bound to the main
halo at z = 0. Two other significant, slightly less massive satellites
were accreted just before, contributing 19 per cent and, respec-
tively, 14 percent to the mass of the accreted halo. Although
most of the accreted debris are completely mixed in with in
situ stars, 13 percent of the accreted stars still present stellar
stream-like configurations; such an example is the remnant of
the massive satellite, prog. 205, accreted ~ 7 Gyr ago. Au27
also presents a companion of similar mass as the Large Magel-
lanic Cloud at z = 0, which, however, is not considered in the
analysis.

3 THE HDBSCANMETHODOLOGY

HDBSCAN (R. J. G. B. Campello et al. 2013) is a non-parametric
clustering algorithm that identifies clusters of varying shapes and
densities, while also identifying data points that do not belong
to any cluster, termed noise. It extends the DBSCAN algorithm
by producing a hierarchical clustering structure from which a
simplified set of flat clusters can be extracted. The methodol-
ogy begins by transforming the feature space to reflect the lo-
cal density of data points through the concept of core distance.
For each data point x, its core distance, core(x), is the distance
to its kth nearest neighbour, providing an estimate of the local
density.

A new distance metric, the mutual reachability distance, is then
defined between two points, a and b, as

dimreach—k(a, b) = max(core(a), corei(b), d(a, b)),

where d(a, b) is the original distance. This metric effectively
smooths out the density of the data space by ensuring that points
in dense regions remain close while pushing points in sparse
regions further apart.

The data set is then treated as a fully connected graph, where
the edge weights are the mutual reachability distances. From this
graph, a minimum spanning tree (MST) is constructed. This is
a sub-graph connecting all points with the minimum possible
total edge weight and no cycles. The MST captures the underlying
structure of the data.

Afterward, a cluster hierarchy is created by sorting the MST
edges by weight in increasing order and iteratively merging the
components connected by each edge. This process results in a
tree of nested clusters. This full hierarchy is then simplified by
a condensation process governed by the min cluster size
parameter (see Section 3.1). Traversing the hierarchy from the
root, if a split results in a new cluster with fewer points than
min cluster_ size, that component is deemed to be made
of points that have ‘fallen out of a cluster’ and is not considered
for further partitioning. The final step is to extract a stable, flat
set of clusters from this condensed hierarchy. A stability score is
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Figure 1. Optimal HDBSCAN parameter configurations found by the Optuna search. Panels (a) and (b) show the results of optimizations using the V-
measure and DBCV metrics, respectively. In both panels, each symbol represents a different galaxy. The top sub-panels show the configurations coloured
by the fraction of particles classified as noise, while the bottom sub-panels show the same configurations coloured by the number of clusters in the

resulting partition.

calculated for each cluster based on its persistence or ‘lifespan’
within the hierarchy. The clusters with the highest stability are
selected as the final output, and any point not belonging to a
selected cluster is classified as noise.

3.1 Optimizing the HDBSCAN parameters with OPTUNA

For the analysis, we use the algorithm implementation provided
by the HDBSCAN PYTHON package (L. McInnes, J. Healy & S.
Astels 2017). The functioning of a HDBSCAN clustering model is
governed primarily by the following parameters:

(i) min_samples, which sets the minimum number of sam-
ples required in a neighbourhood for a point to be considered a
core point. This parameter influences the core distance calcula-
tion and dictates how conservatively the density is estimated. A
higher value results in larger core distances, increasing the like-
lihood that points in low-density regions are classified as noise.

(ii) min_cluster_size, which defines the minimum num-
ber of points a cluster must have to be considered a genuine
cluster during the hierarchy condensation step.

(iii) cluster selection_epsilon, which specifies a dis-
tance threshold for cluster extraction. When traversing the con-
densed hierarchy, if a split from a parent to its children occurs
over a distance greater than cluster selection_epsilon,
the parent cluster is selected instead of its children. This allows
for the extraction of clusters at a specific density level.

The choice of these parameters can affect the way the data are
grouped into clusters, which consequently impacts the efficiency
of HDBSCAN in retrieving the progenitors of a galaxy. To ensure
an objective and reproducible analysis, we have automated the
parameter selection process. This process involves the definition
of a search space for the relevant parameters, running HDBSCAN
models for different configurations sampled from this space, and
evaluating the resulting clusters with a given metric. We im-
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Figure 2. Density distribution of accreted star particles in the E — L; plane. The top row shows the ground-truth distribution, where particles are
coloured by their progenitor group (PeakMassIndex). The middle and bottom rows show the HDBSCAN clustering results when optimized with the
V-measure and DBCV metrics, respectively. In these lower panels, identified clusters are coloured according to their majority progenitor group, with
noise particles shown in grey. The overplotted scatter points highlight the highest-density region of each cluster. The fraction of noise points is also
included in each panel. At the bottom of each column, a legend shows the colours associated with the merger events reported in Table 1.

plemented this optimization using the Optuna hyperparameter
search framework (T. Akiba et al. 2019). Optuna efficiently sam-
ples the parameter space by constructing a probabilistic model
from past trials to predict which configurations are most likely to
maximize the evaluation metric.

Specifically, the parameter ranges explored in the search are:

(i) min_samplese [5, 50]
(i) min_cluster sizee [50, 500], and
(ili) cluster selection_epsilone [0.0,1.0].

Two distinct evaluation metrics were considered to guide the
optimization:

(i) the V-measure (A. Rosenberg & J. Hirschberg 2007), an
external entropy-based metric that compares the particle IDs in
the HDBSCAN clusters to the ones in the progenitor groups de-
fined by PeakMassIndex. It is defined by a combination of two
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criteria: homogeneity, which is satisfied if each cluster contains
only particles of a single progenitor, and completeness, which is
satisfied if all members of a given progenitor are assigned to the
same cluster. The V-measure score ranges from 0 to 1, with higher
scores indicating better clustering results. A score of 1 represents
a perfectly homogeneous and complete clustering, meaning each
cluster contains only particles from a single progenitor, and all
particles of a given progenitor are grouped together in one cluster.
A score of 0 indicates a completely random or poor clustering,
where there is no relationship between the clusters and the true
progenitor groups.

(ii) the Density-Based Clustering Validation index (DBCV; D.
Moulavi et al. 2014), an internal metric that does not require
information on the true progenitor groups. DBCV is specifically
designed for density-based methods and evaluates the intrinsic
quality of a clustering by assessing the density within clusters rel-
ative to the density between clusters. It rewards partitions where
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Figure 3. Precision scores for the clusters identified in accreted-only
haloes by the HDBSCAN models optimized with the V-measure and DBCV
index metrics. For each cluster, the precision is calculated with respect to
the (dominant) progenitor with the highest number of cluster members,
and plotted against the lookback infall time (top) and stellar mass at infall
of the progenitor (bottom). The clusters are represented as triangles if the
dominant progenitor is a stellar stream at z = 0 and by circles if a phase-
mixed structure. The size of the symbols is proportional to the number of
members in the cluster, and the colour scheme follows the one in Fig. 2
and indicates the dominant progenitor of each cluster.

clusters are internally dense (low sparseness) and well separated
from other clusters by low-density regions.

By optimizing the HDBSCAN parameters using the V-measure,
we establish a performance benchmark that represents the best
possible clustering outcome with respect to the known progenitor
labels. The DBCV metric is then used to investigate whether a
comparable performance can be achieved in the more realistic
scenario where the true origin of the accreted debris is unknown.

3.2 Evaluation metrics

While the V-measure provides a global assessment of the purity
and completeness of clustering, we also investigate the purity and
completeness for the individual clusters. To this end, we calculate
the precision and recall for each identified cluster with respect to
its dominant progenitor group (i.e. the progenitor with the most
members in that cluster). Here, precision is defined as the fraction
of the members of a cluster that belong to the dominant progen-
itor, while recall is the fraction of all stars from that dominant
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Figure 4. Recall scores for the clusters identified in accreted-only haloes
by the HDBSCAN models optimized with the V-measure and DBCV index
metrics. The symbols, colours, and sizes are the same as described in Fig.
3, but now for the recall scores.

progenitor that are contained within the cluster. Assuming C1
is the set of particles of a cluster and Pr is the set of particles
from the dominant progenitor of that cluster, i.e. sharing the same
PeakMassIndex, the precision and recall scores for the cluster
are calculated as:

|PrnCl| |PrnCl|
1| |Pr|

where ‘| |’ indicates the cardinality, i.e. the number of elements
of the sets.

In order to quantify the spread of the stellar debris of a pro-
genitor in a multidimensional parameter space (see Section 3.3),
we calculate its covariance matrix (C) (from now on we will refer
to the covariance matrix as the ‘spread’). This parameter captures
the information on both the dispersion along the single properties
of the stellar debris and their inter-dimensional correlations. The
trace of the covariance matrix is essentially the total variance(o?)
and measures the spread of values for the particles in the distri-
bution, i.e.

o} =tr(C) = =D o2

n=1"n>

Precision = P = and Recall=R =

’

where o2 is the variance of the star particles along the dimension
n.

Under the assumption that the distribution of the particles
from a progenitor is a multivariate Gaussian in the parameter
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Figure 5. Total variance values for the progenitor galaxies appearing as
dominant progenitors in the HDBSCAN clusters.

space, which is enforced by the transformation of variables in
the pre-processing stage (see Section 3.3), the degree of similarity
between the debris from two different progenitors (4 and B) can
be estimated using the Mahalanobis distance, i.e.

Dy = v/(1ta — uB)T(Ca + C) " (1a — ip),

where 4 and g represent the mean vectors of the stellar proper-
ties for the particles from progenitors A and B. The Mahalanobis
distance measures the difference between the mean stellar prop-
erties of the debris from the two progenitors in terms of their
combined variance. We also use this metric to quantify the mixing
of the debris of a progenitor with the in situ population.

3.3 The 12-dimensional parameter (feature) space

We apply the HDBSCAN algorithm on a multidimensional pa-
rameter space comprised of ages, chemical abundance ratios,
and kinematics of halo stars. The kinematics are computed in
a Cartesian coordinate system centred on the centre-of-mass of
the host galaxy, and the z-axis aligned with the total angular
momentum vector of the disc component. Two of the kinematical
parameters are the integrals of motion (IoM): the energy E and
L,, the component of the angular momentum along the z-axis,
which is perpendicular to the plane of the stellar disc. We also
include the perpendicular component of the angular momentum,

which is the component in the x — y plane, L, = /L2 + L}. This
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Figure 6. Mahalanobis distance between the 12D debris distributions
of the progenitor with the largest number of particles classified as noise
and the other progenitors of the galaxies. The symbol and colours of the
progenitors are the same one used in Fig. 3.

is often used, even though it is known to not be fully conserved (A.
Helmi et al. 1999). To these, we add the Cartesian positions and
velocities* (x, , z, Vx, Vy, V). For chemical abundances, we use
the a-to-iron and iron-to-hydrogen chemical abundance ratios
([«/Fe], [Fe/H]), while for ages we use the lookback time since
formation of star particles (zfrm). In summary, we choose a 12-
dimensional (12D) parameter space comprised of:

{E, sz Li,x,y 2 vy, Vy, Vg, [Fe/H], [a/Fe], Tiorm}

Each of these stellar properties provides complementary infor-
mation in the identification of progenitors. The IoMs are con-
served quantities over time, which makes them ideal for identi-
fying early mergers that appear as phase-mixed sub-structures at
Z = 0 (A. Helmi & S. D. M. White 1999). The phase-space coordi-
nates are most effective for recently accreted debris or progenitors

“We experimented with the removal of positions and velocities from the
clustering features, but we found a decrease in the performance of the
model compared with including them. We therefore decided to incorpo-
rate positions and velocities among the features as they may add infor-
mation (for example, the location of particles in the host galaxy, which
otherwise might be hard to disentangle from the angular momentum
features).
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for the accreted-only haloes. Top panel shows the full merger trees. Each colour represents a different progenitor galaxy. The thickness of each line is
proportional to the number of accreted star particles from that progenitor. Dashed lines indicate progenitors that contribute < 1 per cent to the overall

accreted population of the galaxy atz = 0.

that are actively being disrupted, where the positions and veloci-
ties can be highly correlated (K. V. Johnston et al. 2008). Chemical
abundance ratios are excellent tracers of the common chemical
evolution of stars within satellite galaxies prior to accretion on to
their host (K. Freeman & J. Bland-Hawthorn 2002), while stellar
ages allow the reconstruction of the star formation history from a
single progenitor (J. Montalban et al. 2021; C. Gallart et al. 2024).

Because the Auriga galaxies include a mix of stellar popula-
tions, from phase-mixed stars in the inner galaxy to dynamically
cold stellar streams in the outer halo, the feature distributions
are often skewed and heavy-tailed along the single dimensions
in the 12D clustering space. To mitigate this, we preprocess the
data to produce more Gaussian-like distributions. Specifically,
we apply a cubic-root transformation to L,, a logarithmic trans-
formation to L, , and an inverse hyperbolic sine transformation
to the Cartesian coordinates (x, y, z). Finally, to account for the
different scales and units of the various features, the data set
of each galaxy is standardized by subtracting the median from
each feature and dividing by its interquartile range, making it less
sensitive to outliers than the standard scaling.

After preprocessing the data, we determine the optimal con-
figuration of the HDBSCAN model parameters for each galaxy by
exploring 640 different configurations of model parameters, as
described in Section 3.1.

4 RESULTS OF CLUSTERING

In this section, we present the results of clustering for both the
accreted-only and accreted + in situ stellar haloes. These are pre-

sented separately, in Sections 4.1 and 4.2, respectively. The results
on accreted-only haloes allow us to evaluate to what degree the
assembly history of a galaxy can be reconstructed by HDBSCAN
in the ‘best-case scenario’, without contamination from in situ
stars. For the accreted + in situ case, we aim to exclude the stellar
disc which otherwise would dominate over other overdensities in
feature space. For this, we employ a velocity cut that separates
halo stars from a rotationally supported disc (e.g. H. H. Kop-
pelman et al. 2019); specifically, we define halo stars those with
|V —V,| > 200km s™!, where V, = (0, 200, 0)km s in a galac-
tocentric cylindrical coordinate system (¥, ¥y, V,). We note that
even with this selection, the resulting data sets have considerably
high in situ fractions, of 0.49, 0.77, and 0.72 for Au7, Au25, and
Au27, respectively.

The structure of the two subsections is very similar; they both
include a discussion of the purity and completeness of the re-
trieved clusters and a comparison between the merger trees in-
ferred from the clustering analysis with the full merger trees
constructed from the original simulations.

4.1 Clustering in accreted-only stellar haloes

From the optimization procedure described in Section 3.1, we
find that there are several ‘optimal’ HDBSCAN parameter con-
figurations that return similar partitioning of the data. This can
be seen by the consistent number of clusters and the fraction
of noise points in Fig. 1, which shows the HDBSCAN parame-
ter values for the runs performed with both the V-measure (1a)
and DBCV (1b) metrics. Configurations corresponding to a given
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Table 1. Merger events contributing at least 1 per cent of the accreted
stars bound to the main halo at z = 0 for the galaxies in the sample.
From the leftmost to the rightmost, the columns describe: (i) the index
of the progenitor in the merger tree of the galaxy; (ii) the lookback infall
time, i.e. the first time the progenitor crossed Rygo of its host; (iii) the
stellar mass of the progenitor at the time of infall; (iv) the fraction of star
particles bound to the main halo at z = 0 which were accreted from the
progenitor; and (v) the present-day configuration of the progenitor debris
as classified by A. H. Riley et al. (2025).

PeakMassIndex Ty (Gyr) log(M./Mg) facc Morphology
Au7
prog. 2197 2.8 9.8 0.36  phase-mixed
prog. 2185 4.6 8.7 0.02 stream
prog. 4401 5.9 9.7 0.34 phase-mixed
prog. 3210 8.4 9.6 0.20  phase-mixed
prog. 3059 8.4 8.5 0.02 stream
prog. 157 10.2 8.9 0.04 phase-mixed
Au25
prog. 736 1.7 10.2 0.44 stream
prog. 4643 6.2 8.1 0.08 stream
prog. 692 9.3 7.6 0.03 stream
prog. 19027 10.7 8.1 0.07 phase-mixed
prog. 41397 11.3 8.7 0.34  phase-mixed
Au27
prog. 205 6.8 9.0 0.13  phase-mixed
prog. 6355 6.8 8.0 0.01 stream
prog. 4434 6.8 8.0 0.01 Stream
prog. 9073 7.3 8.8 0.05 phase-mixed
prog. 7219 9.6 9.6 0.40  phase-mixed
prog. 173 10.4 9.1 0.14 phase-mixed
prog. 168 10.7 9.2 0.20 phase-mixed
prog. 21670 11.0 8.6 0.03  phase-mixed

host galaxy are shown with the same symbol. The number of
clusters and the fraction of noise points associated with each
clustering model are indicated on the greyscale bars. This fig-
ure also shows that a degeneracy in the clustering evaluation
metrics arises once the optimal values for themin samplesand
min_cluster_size parameters are identified. These two pa-
rameters establish an optimal condensed hierarchy, after which
the final flat partition becomes less sensitive to the precise value
of cluster selection_epsilon, as the clusters can persist
over a wide range of distance scales in the hierarchy. Based on
these findings, we proceed to randomly select one configuration
from this optimal set of parameter values to define the HDBSCAN
model used for clustering.

The results of the clustering analysis are visualized in Fig. 2,
which shows the density distribution of the accreted star parti-
cles in the E — L, plane for the three galaxies (one per column).
The top row serves as the ground truth, with particles coloured
according to their original progenitor group (i.e. their Peak-
MassIndex). The middle and bottom rows show the results of
the HDBSCAN clustering when optimized using the V-measure
and DBCV metrics, respectively. To facilitate the comparison,
each identified cluster is assigned the colour of the ground truth
progenitor group that constitutes the majority of its members;
particles classified as noise are shown in grey. For a better visual-
ization of the distribution of clusters, the highest-density region
of each cluster is marked with scatter circles. This helps locate the
smaller clusters that may be obscured by the background noise in
this plane.
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From the top row, it is clear that only a small number of
progenitors contribute the majority of accreted stars in each
galaxy. As a consequence, most of the clusters identified by the
HDBSCAN models are dominated by particles from these major
merger events, some progenitors being resolved into multiple
distinct clusters. Although a significant fraction of accreted stars
are classified as noise, samples from the major merging events
are consistently recovered. For instance, in Au7, which has the
highest fraction of noise points, the identified clusters contain
samples from 6 of the 10 progenitors, which, however, together
contributed ~ 95 per cent of the total accreted particles.

The cluster distributions obtained with the V-measure and
DBCV optimizations (middle and bottom rows of Fig. 2) are
remarkably similar. This suggests that a partition of the data
maximizing the intrinsic density and separation of the clusters
is also strongly linked to one with a high level of purity and com-
pleteness. Quantitatively, the V-measure scores for the clusters
obtained by optimizing with the V-measure are 0.17, 0.49, and
0.26 for Au7, Au25, and Au27, respectively. The partitions found
by optimizing the DBCV index achieve comparable V-measure
scores of 0.17, 0.37, and 0.24 for the same galaxies. This compares
to V-measure scores of 0.01, 0.03, and 0.14 for the three galaxies
when the clustering is performed with a non-optimized model
(i.e. run with the default parameter values). This result is signif-
icant, as it suggests that even without ground-truth information,
an unsupervised metric like the DBCV index can effectively guide
the HDBSCAN algorithm towards a physically meaningful parti-
tion of the data that reflects the underlying progenitor structure.
However, we note that the model optimized with the DBCV in-
dex sometimes tends to fragment progenitor groups into a larger
number of clusters than the one optimized with the V-measure
(see the green clusters for Au25 and the pink clusters for Au27 in
Fig. 2).

4.1.1 Purity and completeness of clusters

The precision and recall for the clusters identified in the sample
galaxies are reported in Figs 3 and 4, respectively. In each figure,
the top panel refers to the clusters from the V-measure optimized
model, while the bottom panel refers to the ones from the DBCV-
optimized. The metrics are plotted against the lookback infall
time, Tinrn (top) and the stellar mass at infall (bottom) of the
dominant progenitor. Each cluster is represented by a symbol
that indicates whether its dominant progenitor is a stellar stream
(triangles) or a phase-mixed sub-structure (circles) at z = 0. The
sizes of symbols scale with the number of stars in each cluster,
the largest symbols representing clusters with more than 1000
members.

Generally, HDBSCAN identifies clusters with a high-precision,
which means that clusters are mostly composed of stars that be-
long to a single dominant progenitor. The lowest precision scores
for the V-measure model are associated with specific physical
scenarios. For Au7, the cluster linked to prog. 3210 (precision
P = 0.58) corresponds to the oldest major merger. In Au25, the
cluster for prog. 692 (P = 0.62) is a small stream dynamically
similar to debris from a recent major merger, prog. 736. For
Au27, low-precision scores are found for clusters associated with
prog. 9073 (P = 0.53), prog 248 (P = 0.65), and prog. 7219
(P = 0.55). The former two progenitors are fragmented into three
and two clusters, respectively; the low-precision clusters are also
those that overlap with other debris in the phase space. The clus-
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ter associated with prog. 7219 is significantly contaminated by
debris from the other two main merger events (prog. 168 and
prog. 173), which slightly preceded the dominant progenitor and
have not been recovered by the clustering model. The DBCV-
optimized model identifies the same low-precision progenitors,
with the addition of clusters for prog. 4643 in Au25, which also
dynamically overlaps with debris from prog. 736.

On average, clusters associated with stellar streams show
higher precision (P = 0.91 for V-measure and 0.90 for DBCV)
than those associated with phase-mixed structures (P = 0.84 for
V-measure and 0.88 for DBCV). These dynamically cold filamen-
tary structures are less likely to overlap with debris from other
progenitors than the phase-mixed structures, the latter often be-
ing contaminated by earlier mergers that remain undetected. This
effect may also explain the higher precision found for clusters
from the late mergers (that is, lookback time of infall < 5 Gyr)
compared to earlier ones; this effect is particularly evident for
Au27 (see the rightmost sub-panel in top panel of Fig. 3). In terms
of progenitor masses, clusters from the most massive mergers
tend to have lower purity scores, which is likely due to the wider
range in stellar properties (features) of their debris.

In contrast to the high-precision scores, the recall scores are
significantly lower for both models. The average recall (R) values
for clusters of stellar streams are 0.40 (for V-measure) and 0.24
(for DBCV), while for clusters of phase-mixed structures are 0.16
(for V-measure) and 0.13 (for DBCV), respectively. This is pri-
marily due to two factors: a large number of particles are being
classified as noise, and the fragmentation of single progenitors
into multiple clusters. The latter effect explains the lower recall
of the DBCV-optimized model, which tends to produce more
clusters per progenitor. For example, for prog. 2197 in Au7, 85
percent of its particles are classified as noise in both models,
while 10 per cent are split into six separate clusters.

The fragmentation of the debris of a progenitor into multi-
ple clusters is expected for the most massive progenitors. Those
are typically accreted late and experience a prolonged chemi-
cal evolution; therefore, they tend to consist of multiple stel-
lar populations and their debris spans a wide range in chrono-
chemodynamical properties. To investigate this hypothesis, we
calculated the total variance of the debris of each progenitor in
the 12D parameter space (Fig. 5). Progenitors that are split into
several clusters generally show higher variance than the rest.
However, a large variance does not always lead to fragmentation.
In cases where the debris are too widely dispersed, the algorithm
either assigns many of those stars to other clusters or classifies
them as noise. Stars are most often classified as noise when debris
from different progenitors overlap in the parameter space. This
effectisillustrated in Fig. 6, where the progenitors with the largest
number of stars flagged as noise are also those with the smallest
Mabhalanobis distance from the progenitor that dominates the
noise population.

4.1.2 The assembly histories inferred from clustering

We further investigate the assembly histories of the three galaxies,
as represented by their merger trees constructed from the clusters
recovered by the optimized algorithm. The full merger trees for
the sample galaxies, computed directly from the simulations with
the methods described in Section 2, are shown in the top panel
of Fig. 7. Each branch in the tree represents a progenitor galaxy
that joins the main branch (shown in black) when the progenitor
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falls into the host. The thickness of each branch is proportional to
the number of accreted particles that the progenitor satellite con-
tributes to the hostat z = 0. The dashed lines indicate progenitors
that contribute less than 1 per cent of the total number of accreted
particles atz = 0. The middle and bottom panels show the merger
trees as inferred from the clustering results obtained with the
V-measure-optimized and DBCV-optimized HDBSCAN models,
respectively. Here, a branch is included only if its corresponding
progenitor is dominant in at least one identified cluster.

As expected, both models are more successful in recovering
more massive mergers (those contributing >1 per cent of all ac-
creted particles, shown as solid lines and reported in Table 1).
The major merger events that are missed are predominantly those
that occur at high redshift (z,.c 2 2), with the exception of prog.
6355 (light green) in Au27. This progenitor merged with the
main galaxy around the same time as prog. 205, a satellite about
10 times as massive; thus, its stellar debris was likely masked in
the feature space by the dominant signature of the larger satellite,
preventing its identification by the clustering algorithm.

4.2 Clustering in accreted + in situ stellar haloes

Fig. 8 shows the distribution of the HDBSCAN clusters in the
E — L, plane obtained from the data set contaminated with in situ
stars, which is a similar analysis done in Fig. 2 for the accreted-
only case. In this figure, however, the noise points are not shown
to avoid confusion with the in situ stars which are shown in grey.
However, we include the fraction of points classified as noise by
both V-measure and DBCV models. The figure also adopts the
same colour scheme as used previously in Fig. 2.

Several observations can be made from the results of Fig. 8.
First, the fraction of points classified as noise decreases sub-
stantially in comparison with the accreted-only case, as now the
dense in situ population forms its own clusters. At the same time,
the number of recovered accreted progenitors also decreases,
as the particles belonging to these missing progenitors end up
in the in situ clusters. Despite this contamination, the majority
of identified clusters are still dominated by stars from a single
accreted progenitor, and, as in the accreted-only analysis, the
partitions from the V-measure and DBCV optimizations are gen-
erally very similar. A notable exception is Au7, where the V-
measure-optimized model yields a significantly different parti-
tion (20 clusters, fhoise = 0.60) compared to the DBCV-optimized
model (5 clusters, fhoise = 0.06). The key difference in the optimal
parameters for Au7 lies in the min_samples value: 10 for the
V-measure-optimized model and 5 for the DBCV-optimized one.
By increasing min_samples, the density estimate of the algo-
rithm becomes more conservative, requiring more neighbours
for a point to be considered part of a dense core. The differ-
ent clustering configurations resulting from the two values of
min_samples can be explained in terms of the overlap in the
clustering space between the oldest debris mergers and the in situ
population.

Fig. 9 shows the Mahalanobis distance between the 12D distri-
butions of the debris from the progenitors and the in situ popu-
lation. This shows that the oldest major mergers (e.g. prog. 3210
in Au7, prog. 41397 in Au25, and prog. 7219 in Au27) have the
largest overlap with the in situ population in the clustering space.
Therefore, the particles from these mergers tend to be associated
with the same cluster of the in situ population. A stricter density
requirement (i.e. a higher value of min_samples) causes a frag-
mentation of the sparser regions of the in situ cluster. Because
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Figure 8. Density distributions in the E — L, plane for the accreted stars (similar to Fig. 2), but now including the in situ stars which are shown in
grey. The clustering results from the optimized models are shown in the middle panel for the V-measure and the bottom panel for DBCV. The noise
distributions are not shown, however we report the fraction of points classified as noise in each panel.

a larger number of progenitors in Au7 are mixed with the in
situ ones than in the other galaxies, the fragmentation of the
in situ clusters leads to the formation of groups dominated by
accreted particles, hence increasing the overall V-measure score
of the clustering configuration despite of a decrease in the cluster
density.

4.2.1 Purity and completeness of clusters

The purity and completeness of the clusters identified in the in
situ contaminated data sets are described through the precision
and recall scores in Figs 10 and 11. Similarly to Figs 3 and 4,
the clusters are represented by triangles if the debris from the
corresponding dominant progenitor is in a form of stellar stream
atz = 0, or bycircles if it is in a phase-mixed structure. The colour
of the cluster symbol is the same as used for the dominant pro-
genitor in Fig. 8, while the size indicates the number of members
in the cluster. We also show the clusters dominated by in situ
particles as black crosses. In Figs 10 and 11, the precision and
recall scores are plotted against the lookback infall time of their
dominant progenitors; for in situ clusters, this is taken as the 90th
percentile of the age distribution of the particles in the cluster. If
an in situ cluster were mistakenly to be considered as a sample of
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accreted stars, this statistic could be used as a proxy to the infall
time of the relative progenitor galaxy.

As shown in Fig. 10, the contamination from in situ particles
only slightly degrades the precision of the identified accreted
clusters, with most still being composed of well over 50 per cent
of stars from their dominant progenitor. The average precision
for clusters associated with stellar streams and phase-mixed sub-
structures is 0.91 and 0.81, respectively, for the V-measure opti-
mized model, and 0.87 and 0.83 for the DBCV one. Conversely,
the recall scores decreased on average: 0.23 (V-measure) and
0.27 (DBCV) for streams, 0.03 (V-measure) and 0.04 (DBCV) for
phase-mixed structures. This is due to increased fragmentation,
as shown in Fig. 11. A notable exception is Au25, whose larger
progenitors, which appear as stellar streams, are recovered with
similar or even higher recall scores than in the accreted-only
analysis. This counterintuitive result likely arises from a contrast
effect: the introduction of the dense, clustered in situ population
makes the relatively less dense but coherent stellar streams stand
out more clearly, allowing the algorithm to capture a larger frac-
tion of their members. The in situ dominated clusters are also
particularly pure and have high recall scores. This is probably due
to both the efficiency of the algorithm of isolating the dense in
situ component into one or a few coherent groups, and the signif-
icantly larger number of in situ particles compared to the accreted
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Figure 11. Recall scores for the clusters identified in accreted + in situ
haloes by the HDBSCAN models optimized with the V-measure and DBCV
index metrics. Symbols, sizes, and colours are the same as in Fig. 10.

ones in these regions of the clustering space. The ‘inferred’ look-
back infall time for the in situ clusters, i.e. the 90th percentiles of
the cluster age distributions, appears to vary significantly, which
indicates that particles that formed in different star formation
episodes also have different chrono-chemodynamical properties.
In all galaxies, the only clusters with an associated lookback infall
time >10 Gyr are in situ dominated.

4.2.2 The assembly histories inferred from clustering

A comparison of the results with and without in situ contamina-
tion reveals that the primary impact of the in situ particles is not
a degradation in the purity of recovered clusters, but rather the
complete non-detection of certain progenitor groups. To better
understand which mergers are more likely to be affected, we anal-
yse the merger tree plots in Fig. 12. Similarly to Fig. 7, the actual
merger history of the galaxies is shown in the top panel, while
the middle and bottom panels only display those merger events
which have been identified as the dominant progenitors of the
HDBSCAN clusters. Again, the continuous lines indicate merger
events that contribute at least 1 per cent of the total accreted stars
in the galaxy (after the velocity selection cut) at z = 0, and the
thickness of the line is proportional to the actual number.

This figure shows that none of the major progenitors accreted
before z,.c ~ 1 (i.e. ~ 8 Gyr ago) are retrieved as clusters by
the optimized HDBSCAN model. This suggests that the clustering
model may identify only the cold stellar streams, as also seen in
Figs 3 and 4. Therefore, in the presence of in situ stars, the model
can retrieve only the most recent fraction of the overall merger
history of the galaxy. This result is in clear contrast to the results
obtained in Section 4.1 for accreted-only haloes, where the model
could retrieve some of the most ancient merger events. Hence,
reducing the contamination of in situ stars in the sample of halo
stars is crucial for an effective recovery of old (zac > 1) merger
events when using HDBSCAN.

4.3 The impact of stellar ages

As already mentioned, in our analysis clusters are obtained from
the full chrono-chemodynamical properties of the accreted par-
ticles. However, replicating this parameter space for stars in the

MNRAS 547, 1-17 (2026)

920z Iudy gz uo 1senb Aq 88Z6158/€05BEIS v/, ¥G/aI01E/SEIUW WO dNO"0IWePED.)/:SdY WOl papeojumoq



14 A. Santeet al.

Au7

Au25 Au27

XIS

S SRR SR S SRR

TT T[T T T T T o

PeakMassIndex

RN EENS S A S|
HH|IHI|{J_1_1_A_'_I_1_A_L'_A_LI_A_+

Grrboaatreodarrekboa et

TTT T[T T T T[T [ TI T [ TTTT]
RN NN NN |
TTT T[T I T[T T[T T[rrrT]

Redshift of Accretion

HDBSCAN
(V-measure)

RN RN N |
TTTT [T T T T [T [TI T [ TTTT]
ol b b b |

TTTT [T T T T[T T[T IT [ TTTT]
RN EEEEE N N |
TTT T[T T T[T T[T ITT[TITT]

HDBSCAN
(DBCV)

RN EEEEE R N |
TTT T[T T T[T T[T ITTTTITT]
Il s e ol o
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as described in Fig. 7 for the accreted-only case. The style and thickness of the lines reflects the new fraction of accreted stars from each progenitor after

the velocity selection cut is applied.

Milky Way might be challenging. Although kinematics measure-
ments are accurately provided for tens of millions of stars by Gaia
and self-consistent chemical abundances are becoming available
for a growing number of stars through the combination of data
from different spectroscopic surveys (G. F. Thomas et al. 2024; D.
Horta et al. 2025), stellar ages remain accessible only for a fraction
of them. Therefore, a more realistic application of our methodol-
ogy would involve only the dynamical and chemical properties
of the stars in the Milky Way. In order to assess the quality of
the merger tree reconstruction under these conditions, we repeat
the analysis discussed in Sections 4.1 and 4.2 excluding the ages
of the star particles (trm) from the vector of stellar properties
describing the clustering space. For the sake of conciseness, we
consider only Au27, which is the galaxy with the assembly history
most similar to the Milky Way in our sample, for this part of the
analysis.

Similarly to Figs 2 and 8, the distribution in the E — L, plane
of the star particles in Au27 coloured based on their HDBSCAN
group are reported in Fig. 13 for both the clustering considering
only accreted stars (left plots) and including in situ contamina-
tion (right plots). In both cases, the HDBSCAN parameters have
been fine-tuned to adapt to the new clustering space without the
age information. The top plots show the results of the clustering
model optimised using the V-measure metric, while the bottom
ones refer to the optimisation obtained with the DBCV metric.
By comparing Fig. 13 with Figs 2 and 8, it can be noticed that
excluding the stellar ages results in a larger number of clusters.
The clustering model optimized with V-measure returns 30 and
38 clusters in this scenario for the accreted and accreted + in situ
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data sets, while only 11 and 15 clusters, respectively, are identi-
fied by the same model when the age information is provided.
Similarly, the DBCV-optimized model returns a larger number of
clusters for both the accreted-only (17 versus 16) and accreted
+ in situ (46 versus 20) cases. This effect can be explained as
fragmentation of the progenitors identified in the analysis with
stellar ages into a larger number of clusters and a consequent
decrease in the average completeness of the retrieved groups
in both the accreted-only (0.15 versus 0.29, V-measure and 0.24
versus 0.19, DBCV) and accreted + in situ (0.08 versus 0.16, V-
measure and 0.09 versus 0.15, DBCV) data sets. The average pu-
rity of the groups is similar whether the clustering is performed
with (0.78, V-measure, and 0.86, DBCV, for the accreted-only stars
and 0.88, V-measure, and 0.87, DBCV, for the accreted + in situ
stars) or without the age (0.90, V-measure, and 0.84, DBCYV, for
the accreted-only stars and 0.87, V-measure, and 0.87, DBCV, for
the accreted + in situ stars) of the star particles. Therefore, the
identification of pure samples of stars accreted from a single pro-
genitors is still possible without the knowledge of their formation
time. However, the inclusion of such information is important for
grouping the accreted stars in a number of sub-structures more
representative to the number of actual progenitor galaxies. There-
fore, if stellar ages cannot be determined, the development of a
methodology for further grouping the star samples identified by
HDBSCAN is crucial for a correct inference of the Galaxy assembly
history.

5 DISCUSSION

Our analysis shows that an optimized HDBSCAN model can pro-
duce pure clusters of accreted stars even in environments strongly
contaminated by the in situ population (see Fig. 10). This is in
contrast with the results of G. F. Thomas et al. (2025) who use
the single-linkage clustering methodology developed by S. S. Lov-
dal et al. (2022) and find that it predominantly returns clusters
composed in majority by in situ stars or by a combination of
debris from different progenitors (see section 4.1 in G. F. Thomas
et al. 2025). We believe that the optimization of the clustering
algorithm is the crucial factor in correctly identifying the clus-
ters made of accreted stars. Also, while the S. S. Lovdal et al.
(2022) clustering algorithm uses only properties related to IoM,
our study uses an extended, 12D parameter (feature) space that
combines chemistry, kinematics, and ages. There are, of course,
other factors that may explain the discrepancies between the re-
sults of the two methods. The S. S. Lovdal et al. 2022 methodology
imposes the creation of ‘background haloes’ in order to determine
the significance score of the clusters, which may introduce ar-
tificial density variations in the clustering space. There are also
differences between the two Auriga data sets in terms of their
numerical resolution, as G. F. Thomas et al. (2025) use the ‘level 3’
suite, which are higher in resolution than the ‘level 4’ suite used
in our analysis. As the stellar masses of galaxies, both in situ and
accreted, increase at higher resolution (see e.g. R. J. J. Grand et al.
2021 and A. H. Riley et al. 2025), it is possible that the contam-
ination by in situ stars in the sample also increases. Moreover,
although both studies use samples of star particles with similar
halo-type kinematics, G. F. Thomas et al. (2025) focus on solar
neighbourhood regions, whereas we study the entire haloes.
Our optimized HDBSCAN model can retrieve mergers up to
Zace ~ 3 (see Fig. 7). However, when applied to a data set con-
taminated by in situ stars, only galaxies accreted after z,.. >~ 1
are retrieved as dominant progenitors of the clusters. From an
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observational point of view, this suggests that accretion events
>10 Gyr old may not be found by clustering methods, or that any
clusters from this type of events are likely dominated by in situ
material. This suggests that observational samples representing
early accretions in the Galaxy, such as GES (V. Belokurov et al.
2018; A. Helmi et al. 2018), Kraken (J. M. D. Kruijssen et al.
2019), or Shiva & Shakti (K. Malhan & H.-W. Rix 2024) could be
significantly contaminated by in situ stars.

These findings are similar to the results of G. F. Thomas et al.
(2025), who show that their methodology is effective for mergers
that occurred in the last 6—7 Gyr. However, because the purity of
the HDBSCAN clusters does not change significantly between the
accreted-only and accreted + in situ data sets, we argue that the
presence of the in situ population in the clustering data set mainly
impacts the number and type of detectable mergers. We note
that the problem could be attenuated when using observations,
as the Auriga simulated haloes may have a higher fraction of
in situ stars than measured in the Milky Way (A. Monachesi et al.
2019). Therefore, we expect that a higher fraction of the assembly
history of the Milky Way could be retrieved with our methodol-
ogy than implied by the results from clustering on accreted +
in situ stars in Section 4.2. Moreover, there are other machine
learning methods that can very efficiently separate in situ stars
from accreted stars (B. Ostdiek et al. 2020; A. Sante et al. 2024),
before applying any clustering methods. Using these methods in
combination, one would expect a higher rate of success in finding
sub-structures, even in the case of heavy contamination by in situ
stars.

In Sections 4.1-4.2, the clusters were obtained from the full
(12D) chrono-chemodynamical properties of the accreted parti-
cles. However, replicating this 12D parameter space for stars in
the Milky Way may be challenging. Although the kinematical
measurements are accurately provided for tens of millions of stars
by Gaia and self-consistent chemical abundances are becoming
available for a growing number of stars through the combina-
tion of data from different spectroscopic surveys (G. F. Thomas
et al. 2024; D. Horta et al. 2025), stellar ages remain accessible
only for a fraction of them. In Section 4.3, we examined a more
realistic scenario where the ages were not available in the set of
features. We found that, on average, the purity of the clusters was
not affected, but it was a slight decrease in their completeness.
Overall, the cluster became ever more fragmented.

Furthermore, the methodology presented in this paper does
not account for any uncertainty or incompleteness in the stel-
lar properties. Hence, more studies are needed to understand
the implications of this missing information on the capability of
HDBSCAN to recover past mergers.

6 CONCLUSIONS

We have developed and validated a new methodology for op-
timizing the parameters of the HDBSCAN clustering algorithm
for identifying tidal debris in Milky Way-mass galaxies. Our ap-
proach is designed to maximize the recovery of coherent struc-
tures in chrono-chemodynamical space, and we demonstrate that
this optimization simultaneously enhances both the purity and
completeness of the resulting stellar groups (see Figs 2 and 8),
ensuring they correspond to the debris of single progenitors.

To test the power of this method, we applied it to three
simulated Milky Way-mass galaxies from the Auriga suite,
which feature diverse assembly histories. We first established
a baseline performance in an idealized scenario, using only
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accreted star particles. In these ideal conditions, we found
that

(i) The vast majority of clusters identified by HDBSCAN are
dominated by stars originating from a single accreted progenitor,
confirming the ability of the algorithm to trace individual merger
events.

(ii) Cluster members represent only a small fraction of the
total number of the accreted particles associated to a progeni-
tor, as particles are lost as noise points or, for massive systems,
split into different clusters due to the wide range in the chrono-
chemodynamical properties of their debris.

(iii) The major mergers of a galaxy can be retrieved as clusters
up to a redshift of accretion of z,,. ~ 3 unless a more recent
massive merger has occurred (see Fig. 7).

When we advance to a more realistic scenario that includes
contamination of the in situ population, the performance of the
algorithm remains high. The purity and completeness of the re-
covered clusters decrease only marginally (see Figs 10 and 11).
The primary challenge introduced by the in situ stars is a reduc-
tion in the lookback time for merger detection. The HDBSCAN
algorithm confidently identifies only the most recent major ac-
cretion events (Z,.c < 1), as older, more phase-mixed structures
become difficult to distinguish in the chrono-chemodynamical
plane (see Fig. 12).

In conclusion, our work demonstrates that density-based clus-
tering can successfully identify the main merger events of a
Milky Way-like galaxy, provided that comprehensive informa-
tion on its stellar content is available and the algorithm param-
eters are optimized. The application of this methodology to the
Milky Way itself looks encouraging; however, significant chal-
lenges remain. Future work must rigorously quantify the per-
formance of the algorithm with incomplete data sets, which re-
flect the current observational reality, where, for instance, ra-
dial velocities or detailed chemical abundances are not avail-
able for every star. Furthermore, developing more sophisticated
techniques to distinguish the in situ and accreted populations a
priori remains critical to uncover the earliest epoch of Galaxy
formation.
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