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ABSTRACT

Context. The identification of substructures within halos in cosmological hydrodynamical simulations is a fundamental step to identify
the simulated counterparts of real objects, namely galaxies. For this reason, substructure finders play a crucial role in extracting relevant
information from the simulation outputs. In general, they are based on physically motivated definitions of substructures, performing
multiple steps of particle-by-particle operations, and for this reason they are computationally expensive.
Aims. The purpose of this work is to develop a fast algorithm to identify substructures, especially galaxies, in simulations. The final
aim, besides a faster production of subhalo catalogs, is to provide an algorithm fast enough to be applied with a fine time cadence
during the evolution of the simulations. Having access to galaxy catalogs while the simulation is evolving is indeed necessary for
sub-resolution models based on the global properties of galaxies.
Methods. In this context, machine learning methods offer a wide range of automated tools for fast analysis of large data sets. So,
we chose to apply the architecture of a well-known fully convolutional network, U-Net, for the identification of substructures within
the mass density field of the simulation. We have developed SubDLe (Substructure identification with Deep Learning), an algorithm
that combines a 3D generalization of U-Net and a Friends-of-Friends algorithm, and trained it to reproduce the identification of
substructures performed by the SubFind algorithm in a set of zoom-in cosmological hydrodynamical simulations of galaxy clusters.
For the feasibility study presented in this work, we have trained and tested SubDLe on galaxy clusters at z = 0, using a NVIDIA P100
GPU. We focused our tests on the version of the algorithm working on the identification of purely stellar substructures, stellar SubDLe.
Results. Our stellar SubDLe proved very efficient in identifying most of the galaxies, 82% on average, in a set of 12 clusters at z = 0.
In order to prove the robustness of the method, we also performed some tests at z = 1 and increased the resolution of the input density
grids. The average time taken by our SubDLe to analyze one cluster is about 70 s, around a factor 30 less than the typical time taken by
SubFind in a single computing node.
Conclusions. Our stellar SubDLe is capable of identifying the majority of galaxies in the challenging high-density environment of
galaxy clusters in short computing times. This result has interesting implications in view of the possibility of integrating fast subhalo
finders within simulation codes, which can take advantage of accelerators available in state-of-the-art computing nodes.
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1. Introduction

Cosmological hydrodynamical simulations are a fundamental
tool to study the formation of cosmic structures. They solve
the physics of gravity through N-body schemes, while the more
complex baryonic component is evolved through Eulerian or
Lagrangian codes to describe hydrodynamics and sub-resolution
models for additional processes happening on scales smaller than
the typical resolutions, such as star formation and stellar feed-
back (e.g., Springel & Hernquist 2003; Murante et al. 2010),
chemical enrichment (e.g., Tornatore et al. 2007; Saitoh 2016),
radiative cooling (e.g., Wiersma et al. 2009), as well as the
growth of supermassive black holes and the associated feedback
(e.g., Springel et al. 2005; Steinborn et al. 2015) etc.

The fast progress in computer science has led to the devel-
opment of a large number of reliable efficient codes for cos-
mological simulations. In order to fully exploit the predictive
power of simulations, advanced analysis tools are required,
especially structure finders. In the already complex context of
structure finding, a further complication has been added since
substructures in the dark matter distribution have been found
to survive within larger halos in simulations, which is at odds
with what early simulations predicted due to numerical artifacts.
This prompts the definition of two main classes of algorithms
for structure finding: halo finders, strictly speaking, are those that
search for virialized structures around local maxima of the matter
density field (the “knots” of the cosmic web); and subhalo finders
are faced with the more challenging task of identifying structures
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orbiting within a larger parent halo. In addition to these, there are
also algorithms designed to identify filaments.

Subhalo finding has evolved and become a discipline itself
during the past decades, given its crucial role of mapping
the simulated phase space distribution of matter to observable
objects, such as galaxies. This is a necessary step to study galaxy
properties in simulations and compare them with observations.

Though a proper classification of the algorithms for halo and
subhalo finding cannot be easily defined, as reviewed in Knebe
et al. (2013b), they can be broadly divided into two categories
stemming from the first two well-known algorithms developed
for this purpose:

– Direct collectors of groups of close particles, such as the
Friends-of-Friends (FoF) method (Davis et al. 1985). Here
the particles are grouped such that the interparticle distance
is always below a parameter, the linking length, usually given
in units of mean interparticle distance. This is used as the
first step of the strategy employed by the algorithm SubFind
(Springel et al. 2001; Dolag et al. 2009) to identify sub-
structures; the FoF run finds the dark matter parent halos
and within them the actual search for substructures is per-
formed. The linking length is usually assumed to be about
0.2 (the exact value being dependent on cosmology), since
this was proved to identify halos with a density threshold
similar to what is predicted for virialized systems by the
spherical collapse model. The classical FoF algorithm, when
applied to subhalo identification, has the disadvantage of
linking close structures together through thin filaments of
particles. Nevertheless, extensions of the original FoF have
been developed to account for this, for example ROCKSTAR
(Behroozi et al. 2013), which does a first separation of large
groups in the classical FoF approach, then refines it by hier-
archically searching for subgroups in 6D phase space, while
also tracking the temporal coordinate.

– Density peak locators complemented with a neighbor search,
such as the Spherical Overdensity (SO) method (see Lacey
& Cole 1994). In this approach, the first step is the identi-
fication of “locations” of candidate halos, through a search
of peaks in the density field or local minima in the poten-
tial field, among many possibilities. Then, the structures are
grown around these locations by grouping neighboring par-
ticles, up to a given boundary, whose definition may vary a
lot in different algorithms. The second step of the subhalo
finding performed by SubFind follows this approach, by
looking for overdensities at the saddle points of the density
field. Another example is SKID, described in detail in Stadel
(2001), where particles are repeatedly “slid” across the local
gradient of the density field until they are collected around
local maxima. Then in both cases, the catalog of subhalo
candidates has to undergo an unbinding procedure, where
particles that are not dynamically bound to their candidate
subhalo are pruned from the catalog.

A detailed comparison of different halo and subhalo finders can
be found in Knebe et al. (2011, 2013a) and Onions et al. (2012)
for dark matter only simulations and in Knebe et al. (2013b) for
full-physics simulations, where the authors have investigated the
source of scatter in halo properties among different codes. Halo
and subhalo finders are now routinely built into the simulation
codes, allowing for identification of subhalos on-the-fly, during
the evolution of the simulation. This allows to save subhalo cat-
alogs rather than the complete raw output of simulations and
also access information on galaxy properties on-the-fly. Unfor-
tunately, the overhead in computational cost when using such
subhalo finders is usually non negligible, reaching up to the

point where their cost over a significant number of snapshots
becomes comparable to the simulation itself. This is due to the
large number of particle-by-particle operations involved in the
different steps of structure finding, like the search for saddle
points in SubFind or for the local maxima in SKID, which might
also require several iterations. Furthermore, as the resolution of
simulations increases, so do the number of particles and the
computational cost of structure finders. Many algorithms have
been updated or designed to work in parallel, like VELOCIrap-
tor (Elahi et al. 2011), which searches for substructures as peaks
above the velocity distribution of the background, or SubFind
itself. However, the cost of running these algorithms while the
simulation evolves is still a large limitation. On the other hand,
performing frequent on-the-fly identifications of subhalos would
be desirable for different applications. For example, one such
applications could be to implement models for sub-resolution
physics which rely on global properties of each single galaxy
or dark matter subhalo.

In this paper, we propose SubDLe (Substructure identi-
fication with Deep Learning), an algorithm for substructure
identification which is based on an application of methods of
deep learning (e.g., Chapter 3 of Aggarwal 2018), a subclass of
machine learning (see Baron 2019, for an overview of machine
learning techniques applied to astronomy). Based on the extreme
efficiency of deep learning methods in terms of computational
resources, with this approach, we aim at drastically reducing
the computational cost of identifying substructures in large
cosmological simulations.

The application of the so-called supervised techniques
requires access to a “training set”, consisting of input-output
pairs, which define the problem to solve and the ideal solution.
Then, through the optimization of an objective function, a set
of parameters, which define how the algorithm solves a specific
task, are iteratively adjusted in order to reproduce the solutions.
This is the “training” stage which is the most computationally
expensive step in the definition of the machine learning model,
but only needs to be performed once if the data domain does not
change significantly. A proper training requires the final model
to be able to work outside the training set, which means that
it needs to be able to solve problems belonging to the same
class of the training examples, but characterized by different
data sets.

Artificial neural networks (e.g., Chapter 1 of Aggarwal 2018)
are a class of algorithms capable of approximating strongly non-
linear functions, with a flexible structure which makes them suit-
able for various tasks. Convolutional neural networks (CNNs,
e.g., Chapter 8 of Aggarwal 2018) are a network architecture tai-
lored for visual tasks. For example, Teodoro et al. (2023) applied
a CNN to clean galaxy catalogs of contaminants by identifying
star formation regions or shreds of galaxies in large photometric
surveys containing millions of sources. Indeed, object detection
with CNNs has been widely implemented in different fields and
can be a suitable option to perform frequent on-the-fly identifica-
tion of galaxies, given the computational advantages of a trained
network.

In this work we present an application of a specific CNN,
U-Net (Ronneberger et al. 2015), to 3D density maps of galaxy
clusters obtained from a set of cosmological hydrodynamical
simulations carried out with the Gadget-3 code, an updated
version of the cosmological hydrodynamical code Gadget-2
(Springel 2005). In our analysis we performed the training
on subhalo catalogs provided by the built-in subhalo finder
SubFind. Our purpose is to present our algorithm SubDLe, an
application of U-Net, as a subhalo finder, though it could be
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successfully trained to work in different instances of structure
finders.

The structure of the paper is as follows. In Sect. 2, we
describe the DIANOGA set of simulations we used as training and
test sets, the basics of CNNs and of U-Net, with details about the
adopted training strategy for SubDLe. In Sect. 3, we report first
the results of the trained model, for substructures that include
dark matter, gas and stellar particles at z = 0. We then focused
on the case in which substructures are identified at redshift z = 0
only from the distribution of star particles. Some tests were per-
formed at z = 1 and incrementing the resolution with respect
to the fiducial one of the density grids. Conclusions and future
perspectives of this work are summarized in Sect. 4.

2. Methods

2.1. Simulations

The analysis presented in this paper is based on a set of 13
simulated galaxy clusters extracted from the DIANOGA set of
cosmological hydrodynamical simulations (e.g., Bonafede et al.
2011; Rasia et al. 2015). Initial conditions for this set of sim-
ulations consist of 29 Lagrangian regions centered on massive
halos originally identified in a 10243 dark matter (DM) particles
box of 1 h−1 Gpc comoving side. These initial conditions have
been generated with the zoomed-in initial conditions technique
(Tormen et al. 1997). The adopted cosmology is a flat ΛCDM
with: h = 0.72, Ωm = 0.24, Ωb = 0.04, ns = 0.96 and σ8 =
0.8. These regions were re-simulated with a developer version
of the TreePM-SPH code Gadget-3 (evolution of Gadget-2,
Springel 2005). The mass resolution for DM and gas parti-
cles is mDM = 8.47 × 108h−1M⊙ and mgas = 1.53 × 108h−1M⊙,
respectively, while the Plummer-equivalent softening lengths are
ϵ = 5.6 h−1 kpc for DM and gas, and ϵ∗ = 3 h−1 kpc for stars.
The simulations analyzed here include the description of the
following processes: metal-dependent radiative cooling, star for-
mation, chemical enrichment from stellar evolution and feedback
from supernovae and Active Galactic Nuclei (AGN). We refer to
Ragone-Figueroa et al. (2013) for a detailed description of this
set of simulations.

In the simulated regions, galaxies have been identified with
the SubFind algorithm (Springel et al. 2001; Dolag et al. 2009).
As already mentioned in Sect. 1, this subhalo finder starts to look
for substructures with a FoF search, that identifies DM halos.
Within them, substructures are then identified by looking for
regions enclosed by density contours crossing a saddle point of
the density field. After that, particles belonging to each of the
subhalo candidates undergo an unbinding procedure to exclude
those particles that are not gravitationally bound to the assigned
subhalo. In Sect. 3 we refer to the clusters we have analyzed as
CL-i, where i runs from 1 to 13. The main properties of these
clusters are reported in Table 1.

2.2. Convolutional neural networks

Convolutional neural networks (CNNs) are a class of machine
learning algorithms with a multilayer architecture (Aggarwal
2018, Chapter 8), where the (local) input is mapped into the
(local) output through a series of linear or nonlinear operations,
in each computational layer. CNNs are designed to work with
grid-like inputs, like images, text, time series or data sequences,
which exhibit strong variations. Image data are translation invari-
ant as far as object identification is concerned, since any object
in a given image has the same interpretation independently of

Table 1. Main properties of the clusters analyzed in this study.

ID Mvir Rvir Ngal Phase
(1015 M⊙) (Mpc)

CL-1 0.74 2.4 192 train and val
CL-2 0.73 2.4 231 test
CL-3 2.3 3.4 571 test
CL-4 0.92 2.5 236 test
CL-5 0.24 1.6 75 test
CL-6 2.1 3.3 510 test
CL-7 0.18 1.5 40 test
CL-8 1.7 3.1 505 test
CL-9 1.9 3.2 604 test
CL-10 2.4 3.5 602 test
CL-11 2.3 3.5 535 test
CL-12 2.2 3.4 543 test
CL-13 2.3 3.2 542 test

Notes. For each cluster, listed above are the virial mass, the virial
radius, the number of resolved galaxies (with at least 100 star particles),
and the phase of the analysis in which it was used (i.e., training, referred
to as “train”, validation, referred to as “val”, or test).

its position within the image itself. This makes images the ideal
input for CNNs, since they are inherently translation invari-
ant. This can be explained as the basic steps performed by a
CNN operate on local regions of the input grid and depend
only on relative spatial coordinates. This is what we need for
substructure identification, since we want to be able to identify
galaxies anywhere in the simulated region. CNNs are defined
as artificial neural networks that use a convolution operation
(see Appendix A) in at least one layer. A network with only
layers involving convolution operations is called a fully convolu-
tional network (FCN, Shelhamer et al. 2017), which is the case
of U-Net, chosen for this work.

In this section, we describe U-Net, which we have applied
in a generalized 3D version to approach the problem of identi-
fication of substructures in cosmological simulations, in order
to provide the basic knowledge of how our subhalo finder
works and where its advantages and limitations come from (see
Sect. 3).

2.3. U-Net, data set, and training

U-Net is a FCN developed to perform segmentation in biomed-
ical images. Segmentation is a task involving classification of
each pixel of an image in order to identify objects with their own
contours and not only a box around the target, as in classical
object detection tasks. Figure 11 of Ronneberger et al. (2015)
shows the architecture of the network which includes the basic
ingredients of a CNN, described in Appendix A. We refer to
Ronneberger et al. (2015) for a detailed description of the phi-
losophy of its architecture and the training strategy. For our
analysis, we modified the original architecture of U-Net in order
to work on the identification of subhalos in 3D, in cosmological
hydrodynamical simulations. In our application, the pixel values
represent the mass densities. We built a 3D version of U-Net
using the pyTorch2 library.

1 https://lmb.informatik.uni-freiburg.de/people/
ronneber/u-net/
2 https://pytorch.org/
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Fig. 1. Example of the assignment scheme of labels adopted in the
training set of the 3D U-Net within SubDLe. Here red particles trace
the substructures to be identified, and blue particles are part of a back-
ground. In the upper panel, at most one particle is present in each grid
pixel, thus the substructures (associated with the label “1” in the right-
hand grid, whereas the background is labeled as “0”) are simply those
containing one red particle. In the lower panel, more than one particle
is allowed in each grid pixel, so the assignment of labels is performed
with a majority vote.

The training of the 3D U-Net that performs most of the cal-
culations in SubDLe requires a set of reliable data to “teach” the
network how to identify substructures. This was done by using
the subhalo catalogs produced by SubFind in the simulations
described in Sect. 2.1. For our aims, using the direct SubFind
output, which associates each particle with a substructure (or to
none, if the particle is not dynamically bound to any subhalo)
was not feasible. The reason is that a CNN works with grid-
like inputs with a fixed dimension; the particles of a halo instead
define a sparse data structure. We thus mapped our SubFind out-
put to grids having fixed dimensions. A grid is defined as a box
having an origin in a given point of space (Xg, Yg, Zg), a size Lg,
and Ng points per dimension. If a particle has coordinates in the
ranges [Xg, Xg+Lg], [Yg, Yg+Lg], [Zg, Zg+Lg], it belongs to the
grid and will fall in a grid pixel. Let us consider the simple situ-
ation in which each grid pixel contains at most one particle, as in
the upper panel of Fig. 1. The red particles as those associated,
according to previous knowledge (i.e., SubFind’s identification),
with the objects we want to identify, whereas the blue particles
are just part of a “background”. Then, we can assign the label “1”
to the substructures and “0” to the background. Thus, in Fig. 1,
grid pixels which contain red particles are assigned the label “1”
in the right grid of the top panel, containing labels for all grid
pixels, while all the others are assigned the label “0”. Typically,
more particles fall in the same pixel; then, the pixel is assigned
to a substructure or to the background using a majority vote, as
in the lower panel of Fig. 1. In the unlikely case of parity, we

are still assigning the pixel to a substructure. We refer to the grid
carrying labels as “s grid”.

For the problem of identification of substructures in simu-
lations, a twin grid simply containing the stellar mass density
in the grid region was also computed, and we call it “d grid”,
which we have built with a Nearest Grid Point (NGP) assignment
scheme, for simplicity. This is a case of “binary segmentation”,
in which a grid pixel is classified as a member of one class
(label “1”, denoting substructures in our case) or not (label “0”),
resulting in s grids containing only 1s and 0s, as in the simplified
examples shown in Fig. 1.

The training of U-Net, where the parameters of the filters
(see Appendix A) are iteratively adjusted so as to maximize
the similarity of the predictions of the model to the solutions
extracted from SubFind’s catalogs, was performed with one
NVidia P100 GPU with 16 GB memory, provided by the online
data science platform Kaggle3. The training, as always for neu-
ral networks (Aggarwal 2018, Sect. 1.2.1) was done through the
minimization of a “loss function”, which defines the error of the
model’s prediction at each iteration. In simple cases of regression
the chosen loss function is often a simple Mean Squared Error.
The minimization is performed with respect to the free param-
eters of the filters, with backpropagation (see Aggarwal 2018,
Sect. 1.3). Since it is conceptually wrong to evaluate the best set
of parameters on the same data set on which the optimization of
the loss function is performed, a set of data is reserved for valida-
tion, over which the loss function is evaluated and the best model
is selected from the set of parameters that give the minimum loss
function on the validation set. Our chosen loss function is the
Binary Cross Entropy, a version of the Cross Entropy loss func-
tion, adopted in Ronneberger et al. (2015), for cases of binary
segmentation, such as ours.

Due to memory constraints at the training stage, we needed
to cover each of our simulated clusters with many sub-grids. In
fact, a single grid covering the whole cluster would require too
much RAM for achieving the minimal spatial resolution required
to resolve the smallest substructures with a few pixels. Clearly,
the dimension of each grid, with which a cluster region is sam-
pled, also determines the largest scale on which the identification
can benefit from the network’s architecture, since identifying
structures larger than Lg is problematic. In this case, indeed,
the large structures were split into more than one grid, thereby
forcing our SubDLe to try to identify “shreds” of a substructure.
However, we emphasize that this represents only a technical lim-
itation, strictly determined by the accessible hardware, and not
an intrinsic limitation of the method.

We adopted a number of grid meshes per side Ng=64, fol-
lowing the convention for images of having a power of 2 as the
number of pixels per side and the physical dimension of pix-
els was chosen to be about 10 kpc in order for a full d grid
to be larger than average galaxies. Unless otherwise stated, in
Sect. 3, we always assumed a resolution of about 10 kpc, with
small variations (ranging from 9 to 12 kpc), which made little
to no difference in the final subhalo catalog. U-Net was trained
using both s and d grids, by learning how to assign d grid pixels
to substructures as defined by the s grid.

The U-Net part of SubDLe is designed to output a 643 grid
with pixel values defining the probability p of each pixel to
belong to a substructure (the class labeled as “1”). A threshold is
then chosen in order to decide which pixels are assigned to sub-
structures. The most common choice is a threshold of pth = 0.5,

3 https://www.kaggle.com/
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Fig. 2. Projected map of the active pixels associated with the substructures identified by the first step of the identification performed by SubDLe
(through a 3D U-Net) in a run on a whole cluster, CL-5 at z = 0. The blobs of active pixels (non-white, see the colormap on the right) need to be
grouped together to identify subhalos, since at this stage all subhalos are associated with the same class label.

so we adopted it without tuning for this parameter. Then all pix-
els with a probability p > 0.5 are assigned the label “1”, whereas
the remaining ones are labeled as background (label “0”). This
outputs an s grid containing recovered substructures (at this
stage, these are actually a list of pixels assigned the label “1”).

Once pixels with a high probability to belong to a substruc-
ture are selected, as a final step we need to regroup pixels of all
s grids which can be attributed to the same subhalo (since all the
subhalos are assigned the same label in the s grids). Fig. 2 shows
an example of output of SubDLe at this stage of the identification
process. The map shows the 2D projection of density of active
pixels (i.e., pixels with label “1”), reconstructed from the s grids
covering the whole cluster CL-5 at z = 0 (see Sect. 2.1).
SubDLe performs the grouping of active pixels in the s grid

relying on a proximity criterion through a Friends-of-Friends
algorithm implemented with pyfof4. The linking length was fixed
to
√

3 times the pixel size, in order to group contiguous pixels
along all directions. After this stage we have a substructure cata-
log defined on our grid. At last, original particles are assigned to
recovered substructures by inverting the NGP grid assignment.

3. Results
3.1. SubDLe

In this section, we present the results from the application of
SubDLe to the total mass density 3D maps of galaxy clusters,
including the contribution of DM, gas and stellar particles, and
compare the output subhalo catalog with the one based on the
application of SubFind.

The training of U-Net within SubDLe was performed on
approximately 1000 d grids (700 dedicated to the training itself
and 300 to the validation) extracted from the cluster CL-1 at

4 https://pypi.org/project/pyfof/

z = 0, with a total virial mass Mvir ≈ 7.4 × 1014 M⊙. Each 643

d grid extracted from it was visually inspected in order to pro-
vide highly representative training data. Even though we expect
an improvement in the performance when using a larger train-
ing data set, we do not deem it necessary for the purposes of the
exploratory study presented in this work. Nevertheless, we per-
formed some preliminary tests based on a larger training data set,
as discussed in Sect. 3.5.

The trained SubDLe was tested on the galaxy cluster CL-2
at z = 0, with approximately the same virial mass as CL-1 (see
Table 1). Here the d grids were extracted so that they overlap
with their neighboring grids by half their sides in all three direc-
tions in order to properly sample border regions, for a total of
6851 grids covering a box of about (10 × 5 × 5) Mpc3. Each d
grid covers a cubic region of about 640 proper kpc per side.
Here the mass density sampled by the d grids includes all the
particles contained in SubFind’s catalogs, that are DM, stars
and gas particles. A visual inspection of the results can be done
by comparing the two panels of Fig. 3. The left panel shows
the projected distribution of particles belonging to different sub-
structures identified by SubFind in the cluster CL-2, whereas
the right panel shows the substructures identified by SubDLe in
the same cluster. Qualitatively, SubDLe appears to be able to
locate most of the major substructures, while missing some of
the smaller ones. The latter are inevitably described by a weaker
signal in the d grids. On the other hand, the spatial extension
of SubDLe’s substructures is generally smaller than the size of
corresponding SubFind substructures. This is due to the fact
that SubDLe identifies high density contrast regions more eas-
ily. The centers of subhalos have the maximum density contrast,
and the network tends to miss external low-density cells, even
if dynamically they are bound to the same subhalo. Neverthe-
less, the hardest task in substructure identification is the location
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Fig. 3. Projected map of particles belonging to subhalos of the cluster CL-2 at z = 0. The left and right panels show the subhalos identified by
SubFind and SubDLe, respectively.

of density peaks, which SubDLe performs pretty well, as we
will discuss more quantitatively later in this section, whereas
the detailed matter distribution of each subhalo can be recov-
ered later with a fast neighbor search algorithm, as mentioned
in Sect. 1 for the SO method. Another detail that emerges from
the comparison of the distribution of SubDLe and SubFind sub-
structures in Fig. 3 is the presence of a very large subhalo among
SubDLe substructures at (x, y) ≈ (3 Mpc, 3 Mpc), while the cor-
responding region in the left panel of Fig. 3 is devoid of large
structures. This corresponds to the largest central subhalo of the
cluster, hosting the Brightest Cluster Galaxy (BCG). This does
not appear in SubFind’s substructures because this algorithm
mixes the largest subhalo of a FoF group with the “fuzz” of par-
ticles which are not linked to any specific subhalo in the first step
of the identification process (see Springel et al. 2001). SubDLe
can thus also be applied to overcome this limitation of SubFind,
though further specific tests are required to assess this applica-
tion. A machine learning algorithm developed to disentangle the
BCG from the IntraCluster Light in the distribution of star parti-
cles in simulations of galaxy clusters, based on their dynamical
properties, has already been developed and tested in Marini et al.
(2022). In the following we focus on SubDLe’s ability to repro-
duce the average subhalo population in cluster-sized halos. We
did not perform tests in different environments, but we can only
expect better results in less dense environments where galax-
ies are more isolated and thus more easily separated from the
background by a visual tool like SubDLe.

In order to quantitatively compare the catalogs produced
by SubFind and SubDLe, we matched each subhalo found by
SubDLe to the closest one identified by SubFind. Here only
SubFind subhalos resolved with at least 100 particles were
included. SubDLe substructures were processed in decreasing
order of total mass, so as to avoid matching a SubFind subhalo
to a close small clump of particles found by SubDLe before the
actual corresponding SubDLe subhalo was processed. The prox-
imity was estimated through the distance between the SubFind
center of a subhalo, identified as the position of the most bound
particle in each substructure, and the SubDLe center, which we
defined as the center of mass of the subhalo, for simplicity. The

search for matching substructures was performed within a radius
of 50 kpc, then the matched SubDLe substructures which do not
share any particle with their closest match were excluded from
the catalog, since they are unlikely to be matching any SubFind
subhalo. Since SubDLe tends to miss the external lower-density
region of subhalos, while detecting the central density peaks, as
shown in Fig. 3, the criterion of requiring at least one common
particle is enough to guarantee a significant overlap and thus a
correct match between SubFind’s and SubDLe’s subhalos. We
are interested in SubDLe’s performance mainly as a peak loca-
tor, so we did not assume a more strict criterion. The distribution
of distances between the center of a SubDLe substructure and the
center of the corresponding SubFind one is shown in Fig. 4, in
blue. We found that 91% of pairs of substructures have distances
below the gravitational softening of the DM particles, roughly
representing the spatial resolution of the simulation. There is a
tail of pairs which expands up to few tens of kiloparsecs, which
might be due to a displacement between the center of mass and
the center of the gravitational well or to an artificial merging of
close substructures, as we will see below. Overall, 80% of all the
resolved substructures (i.e., with more than 100 total particles)
identified by SubFind have been identified by SubDLe as well.

Figure 5 shows the comparison between matched pairs
of SubDLe and SubFind substructures in three representative
cases:

– the left column shows an ideal case, with a close to perfect
match between the identifications performed by SubFind
and SubDLe (98% of the mass of the original subhalo
is recovered by SubDLe). Bottom and top panels show
SubFind and SubDLe subhalos, respectively. The size of
the subhalo, which is few tens of kiloparsecs, is well repro-
duced, while single particles have been added or missed by
SubDLe, due to the lack of direct dynamical information
on them in the input d grids. We note that this subhalo is
well reproduced despite being resolved with few pixels per
dimension.

– The central column shows the already mentioned trend of
SubDLe cropping the most extended subhalos, while leav-
ing only the higher density core. Note that this substructure

A33, page 6 of 17



Esposito, M., et al.: A&A, 689, A33 (2024)

Fig. 4. Distribution of pairs of SubFind and SubDLe subhalos as a
function of the distances between their centers, in proper kiloparsecs,
for the identification performed by the all-particle SubDLe (in blue) and
stellar SubDLe (in orange). The vertical dashed lines mark the gravita-
tional softening used in the gravitational force calculations for the DM
particles (thus the majority of the particles, in blue) and for star parti-
cles (in orange).

extends for a few hundreds of kiloparsecs, thus it was prob-
ably split in multiple grids, reducing its detectability as a
whole structure. In principle, we consider this limitation
as not representing a major obstacle in the application of
SubDLe, since the most challenging task of locating the
peak of the density field has been accomplished also in this
instance.

– The right column shows a case in which two visibly (and
dynamically, as SubFind identified them as two different
subhalos) distinct substructures were merged together by
SubDLe because of their proximity. Their centers are indeed
few resolution elements away and SubDLe was not able to
disentangle them on the basis of their mass distribution
alone. The artificial merging of close substructures is one
of the culprits of missing subhalos in SubDLe’s catalogs. We
discuss in Sect. 3.4 how the increase of resolution can indeed
boost the percentage of matched subhalos, by separating
close, but distinct substructures.

3.2. Stellar SubDLe

Since SubDLe works inherently better in identifying highly con-
trasted clustered structures, we repeated the identification of
substructures using stellar density maps instead of total density
maps; we retrained SubDLe to do so and refer to this version as
stellar SubDLe. Stellar substructures (i.e., galaxies) are indeed
more clustered in comparison to DM and gas structures due to
their formation through dissipative collapse of gas clouds. The
training data set consisted of 700 grids of stellar mass densi-
ties extracted from cluster CL-1, while 300 grids were used for
validation. Figure 6 shows the same comparison of Fig. 3, this
time with galaxies identified by SubFind (left panel) and by
the stellar SubDLe (right panel) in the cluster CL-2 at z = 0.
The discrepancy in substructure sizes is still visually noticeable,
but less severe than in the former case, where all particles were
considered. The matching between SubFind and stellar SubDLe
substructures was performed as described in Sect. 3.1 and the
distribution of distances is shown in Fig. 4, in orange, and com-
pared to the distribution for the SubDLe run on all particles,

in blue. The dashed lines define the softening lengths for star
(orange) and DM (blue) particles. As expected, the centering is
slightly more accurate in terms of absolute distances, but over-
all the percentage of galaxies for which the distances between
matched pairs is below the gravitational softening for star parti-
cles is still 91%, as for the run on all particles, with respect to the
DM softening.

In total, the percentage of SubFind galaxies resolved with at
least 100 star particles (corresponding to a total stellar mass of
about 4×109 M⊙), identified by stellar SubDLe, is 93%, thus sen-
sibly larger than in the previous case. Besides identifying a larger
fraction of substructures, the stellar SubDLe performs better in
reconstructing the stellar mass distribution in comparison to the
version based on all the particle species, as shown in Fig. 6. In
order to quantify this, we computed the ratio between the mass
in star particles which both SubFind and SubDLe assigned to
a matched pair of galaxies, MSF/SD, and the “true” mass. We
assumed the true mass to be the one given by SubFind cata-
logs (MSF) for the purpose of this comparison. With the ratio
MSF/SD/MSF we quantify how complete the identification of a
subhalo is in comparison with SubFind, in terms of its mass
distribution, but not how pure it is. The mass of SubDLe’s sub-
halo is generally smaller than the true mass, because, as already
mentioned, the model tends to identify only the cores of subha-
los. Nevertheless, in cases similar to the one shown in the right
column of Fig. 5 which might still occasionally occur in the
identification of stellar substructures, the mass of the SubDLe
“galaxy” is the sum of the two cores merged together. This is
caused by the resolution of the grids and does not represent a
conceptual flaw of our method. On the other hand, we are inter-
ested in quantifying the difference of subhalo masses caused
by the intrinsic nature of SubDLe, which does not “see” low-
density regions in the d grids. For this reason, we remove the
“over-merging” effect in the analysis of the reconstructed mass
distribution, by considering only the mass of common particles
in SubFind and SubDLe pairs (MSF/SD), rather than the total mass
of each (possibly composite) substructure found by SubDLe. In
other words, we are not interested in the “purity” of the mass
distribution of SubDLe galaxies in this step of the analysis.

The distribution of MSF/SD/MSF is shown in Fig. 7, for
matches of SubFind and SubDLe substructures in CL-2 when
SubDLe is applied to all particles (orange) and on star parti-
cles only (blue), in both cases considering matching SubFind
substructures with at least 100 particles. The stellar SubDLe per-
forms markedly better at identifying full substructures, with a
higher MSF/SD/MSF. Average values for MSF/SD/MSF are, indeed,
0.60 and 0.89, for the all-particles and stellar runs of SubDLe,
respectively. Having established the better performance of our
stellar SubDLe, we keep on focusing only on star particles in
this section, though the general conclusions can be considered
valid in both cases. We defer to future works for an equally
detailed analysis of the all-particles version of SubDLe, possi-
bly trained in a framework with more computational resources
available than the ones we had for this work.

In order to further test the performance of our stellar SubDLe,
we applied it to the identification of galaxies in 11 other sim-
ulated galaxy clusters at z = 0 (identified as CL-[3-13] in
Table 1), spanning the virial mass range [1014, 1015] M⊙. Based
on the previous analysis, SubDLe has most difficulty in recover-
ing large (in comparison with the d grid size) substructures and
in separating close (in comparison with the d grid resolution)
ones. While the former does not compromise SubDLe’s perfor-
mance as a peak locator, the latter does. We expect galaxies in
clusters to be closer on average than their counterparts in the
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Fig. 5. Projected spatial distribution of all particles (DM, gas, and stars) belonging to a subhalo identified by SubDLe (top row) and the matching
subhalo identified by SubFind (bottom row) for three typical cases: in the left column, a subhalo with an extension of few tens of kiloparsecs,
perfectly identified by SubDLe; in the central column a larger subhalo, spanning a distance of about 1 Mpc, where only the central nucleus is
identified by SubDLe; and in the right column, a system of two close substructures that are combined into one subhalo in SubDLe’s catalog due to
their short distance in comparison with the density grid resolution.

Fig. 6. Projected distribution of star particles belonging to different galaxies identified by SubFind (left panel) and by stellar SubDLe (right panel)
in the cluster CL-2 at z = 0.

field or in small groups, as per definition of cluster of galaxies.
Thus the cluster environment that we probed in this work is the
most challenging scenario for SubDLe.

The cluster analyzed so far, CL-2, is one of the smallest of the
sample; to analyze our most massive clusters, we had to deal with
a significant memory occupation of the d grids. For this reason,
when necessary, we modified our sampling strategy of the clus-
ter region, with overlapping d grids to avoid missing information

at the borders, opting instead for a sort of sparse sampling. To
this purpose, we built coarse d grids, each encompassing the
whole cluster, and thus spanning regions of few megaparsecs
per side (the exact size depending on the cluster), with a reso-
lution of 640 kpc. We then defined a threshold Mth for the mass
assigned to each of those coarse pixels through the NGP scheme,
below which the pixel was excluded from this analysis. In pixels
assigned with a mass MNGP > Mth, a 643 d sub-grid was built
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Fig. 7. Distribution of pairs of SubFind and SubDLe subhalos as a
function of the ratio between the mass of common particles (MSF/SD)
and the mass given by SubFind (MSF), as a tracer of the completeness
of the mass reconstruction performed by SubDLe, for the run carried on
the mass distribution of all particles (DM, gas, and stars), in orange, and
for the run of stellar SubDLe, in blue, for the cluster CL-2 at z = 0.

Fig. 8. Distribution of the ratio MSF/SD/MSF in all galaxies identified
by our stellar SubDLe and matched to a SubFind substructure for all
the 12 clusters analyzed at z = 0. The mean value is traced by the black
dashed line, while the orange dashed line represents the mean value
for the all-particle run of SubDLe on cluster CL-2 (associated with the
orange histogram shown in Fig. 7).

with 10 kpc resolution. In this analysis, the extension of the clus-
ters and the memory resources allowed us to set Mth = 0, thus
only empty regions were excluded. On the other hand, this simple
scheme did not allow us to analyze a given (higher-resolution) d
grid of the cluster more than once, as in the previous case with
overlapping d grids.

Figure 8 shows the results for all clusters analyzed at z = 0
(CL-[2-13]) in terms of MSF/SD/MSF; the distribution is con-
sistent with that shown for the single cluster CL-2 in Fig. 7,

Table 2. Results of identification of galaxies in 11 simulated galaxy
clusters analyzed with stellar SubDLe.

ID Completeness Purity SubDLe time
(s)

CL-3 0.80 0.89 53
CL-4 0.78 0.86 21
CL-5 0.88 0.82 53
CL-6 0.84 0.88 41
CL-7 0.75 0.65 74
CL-8 0.81 0.86 105
CL-9 0.78 0.91 49
CL-10 0.84 0.92 146
CL-11 0.82 0.86 36
CL-12 0.83 0.90 152
CL-13 0.79 0.82 59

Notes. The first column reports the cluster ID, the second and third
ones show the completeness and purity of our stellar SubDLe catalogs,
in comparison with SubFind, and the fourth one reports the wall clock
time (in seconds) taken by SubDLe for the processing of the d grids.

with the same mean value of 0.89 (black dashed line, the chosen
y-scale here is logarithmic, due to the much higher number of
galaxies when considering 12 clusters), significantly larger than
the mean value for the all-particles SubDLe run (orange dashed
line), 0.60. Table 2 reports the percentages of galaxies identi-
fied by SubFind, which were detected by our stellar SubDLe
(completeness) in the 11 clusters CL-[3-13], along with the
percentage of the stellar SubDLe identified galaxies which have
a SubFind counterparts (purity), following our matching crite-
rion, and the wall-clock time requested by SubDLe runs. The
latter includes the propagation of d grids through the network
to recover the s grids, but does not take into account the time
required for building the d grids, which might be already avail-
able during the evolution of a simulation (e.g., if gravity is
solved through a Particle-Mesh approach or if a Eulerian hydro-
dynamical scheme is adopted) for stars, nor the final FoF run
on pixels, which should be negligible anyway due to the rela-
tively small number of active pixels in each s grid. The average
completeness of our stellar SubDLe, weighted by the number of
resolved galaxies in each cluster (reported in the fourth column
of Table 1), is 0.82 in the set of 12 clusters at z = 0 (includ-
ing CL-2), while the weighted average purity is 0.88 (including
again CL-2, whose identification reported a purity of 0.82). The
purity is sufficiently high, even higher than the completeness,
meaning that the bulk of SubDLe galaxies have been identified
by SubFind. SubFind does not necessarily represent the ideal
identifier, though we had to assume its catalogs as ground truth
in the framework of a “supervised” learning. Nevertheless, we
briefly investigated the nature of the “spurious” identification
(in comparison with SubFind resolved substructures) of SubDLe
galaxies. We relaxed the resolution limit for SubFind galaxies to
a minimum of 20 star particles and repeated the stellar SubDLe
and SubFind matching process, gaining an increase in weighted
average purity from 0.88 to 0.96, confirming that almost all of
the SubDLe galaxies correspond to gravitationally bound struc-
tures found by SubFind. At the same time, the completeness
has decreased from 0.82 to 0.65, as expected since our stellar
SubDLemight very well be able to identify substructures of very
few stars where there is close to zero background, while this will
be harder to do in the denser central regions of the clusters. We
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focus on how the position in the cluster affects the completeness
in Sect. 3.3.

The wall-clock time taken by SubDLe to perform galaxy
identification in these clusters, shown in the fourth column of
Table 2 is quite interesting to assess whether SubDLe is suitable
for frequent on-the-fly identifications of galaxies in cosmological
simulations. With the above mentioned caveats about possible
overheads, all the analyses required less than 3 min per clus-
ter, which represents a remarkable improvement with respect to
SubFind. For reference, running SubFind on one of such clus-
ters required about half an hour when occupying one node of the
Marconi-100 machine at the CINECA Supercomputing Center5.

3.3. Testing performance against galaxy properties and
environment

For a better understanding of the capability of our stellar
SubDLe, we investigated what drives the cluster-by-cluster vari-
ations of the completeness of SubDLe galaxy catalogs, looking
for trends with cluster properties. In this analysis, we included
also cluster CL-2, which yielded the highest (93%) percentage
of identified resolved galaxies. This higher value might be due to
the fact that CL-2 has very similar properties to CL-1, which was
used for the training of SubDLe, pointing to a slight over-fitting
of the model. To investigate this, we looked into possible corre-
lations between the completeness of the stellar SubDLe catalogs
and the properties of clusters in Fig. 9. This shows the complete-
ness of the identification in the 12 clusters at z = 0 as a function
of the total virial mass (upper panel), the mean inter-galaxy
distance for SubFind galaxies within the virial radius (middle
panel) and the median galaxy stellar mass (lower panel). The cir-
cles in the plot represent clusters that required a treatment with a
second hierarchy of sparsely distributed sub-grids (with Mth = 0,
as described above) and the diamonds represent the three smaller
clusters that did not require such treatment to fit into the memory
constraints. The clusters are color-coded according to the total
number of SubFind galaxies. We note that clusters with a lower
statistics of galaxies (the three diamonds, CL-[2,5,7], and the
darker green circle, CL-4) appear to be more randomly scattered
(thus disproving the possibility of over-fitting), with an average
increasing completeness with larger cluster mass, while the clus-
ters with a larger number of galaxies follow a tighter locus with
a stronger dependence upon the total virial mass of the clusters,
suggesting that the identification is less complete in less massive
clusters. This might be due to a larger fraction of well resolved
galaxies in the most massive systems. These clusters, though,
span a small range of virial masses (see Table 1), so it is difficult
to draw firm conclusions on the environment dependence of the
model performance from this set of simulated clusters. There is
also an apparent correlation with the mean inter-galaxy distance,
with two of the diamonds (CL-2 and CL-5) acting as outliers;
nevertheless, we do not trust the statistical significance of these
two clusters to define a distinct locus of higher completeness
for clusters identified with a different spatial sampling, in con-
sideration also of the low completeness of CL-7 (0.75), which
was analyzed in the same way. The general trend of increas-
ing completeness with increasing inter-galaxy separation can be
understood as the larger the separation, the lower the probabil-
ity is for SubDLe to merge two substructures, thus reducing the
completeness. On the other hand, the weak apparent anticorre-
lation with the median galaxy stellar mass shown in the bottom

5 https://wiki.u-gov.it/confluence/pages/viewpage.
action?pageId=336727645

Fig. 9. Scaling of the percentage of resolved SubFind galaxies in the
12 clusters analyzed at z = 0 (CL-[2-13]), identified by our stellar
SubDLe, with cluster properties: total virial mass (upper panel), mean
inter-galaxy separation within one virial radius (middle panel), and
median galaxy stellar mass (lower panel), color-coded with the total
number of SubFind galaxies (the ones we consider resolved enough,
with at least 100 star particles). The circles represent clusters that
required a treatment with sparsely distributed sub-grids (with Mth = 0)
and the diamonds represent the three smaller clusters that did not
require it.

panel (here CL-4 is not visible because hidden behind one of
the yellow circles) is less intuitive. We interpret this as an indi-
rect effect of the correlation shown in the middle panel, since a
larger fraction of slightly more massive galaxies might produce a
larger fraction of close galaxies on their way to an actual merger,
thus with a small separation.
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Fig. 10. Dependence of the stellar SubDLe completeness (defined as the fraction of SubFind galaxies identified by our stellar SubDLe) on SubFind
stellar masses (left panels) and on 3D distance from the cluster center (in units of virial radii, right panels), for all the clusters analyzed at z = 0
(see Table 2). In the upper panels we show, with solid lines, the results for all the analyzed clusters, while dashed and dotted lines represent clusters
analyzed with a single grid and a double grid, respectively. In the lower left panel different colors of the dashed curves correspond to different
radial bins, as indicated in the legend. In the lower right panel different colors correspond instead to different intervals of the stellar mass of the
galaxies, as indicated in the legend.

One further step can be done to isolate the factors affect-
ing the model performance, by studying the completeness as a
function of SubFind stellar masses and distance from the center
of the cluster (defined as the position of the most bound par-
ticle in the halo). This is shown in Fig. 10; the top left panel
shows the percentage of SubFind galaxies identified by our stel-
lar SubDLe as a function of SubFind stellar mass, for all the
clusters analyzed at z = 0 (CL-[2-13]), in solid line, for the ones
analyzed with a double grid (with Mth = 0, CL-3-4,6,8-13),
in dashed line, and the ones analyzed with a single grid, in dot-
ted line. As already discussed, the latter have low statistics, with
a total of 346 galaxies (see Table 1). The completeness, for all
clusters, increases with stellar mass, with an apparent difference
below ≈6 × 109 M⊙ for galaxies belonging to clusters processed
with a single grid. Owing to the relatively poor statistics in this

sample and the proximity to the resolution limit, we do not deem
this discrepancy significant. The increasing completeness with
stellar mass is in line with the expectation that the most massive
galaxies are better resolved against the background. The top right
panel shows the completeness as a function of the cluster-centric
radius, expressed in units of the virial radius, with the same dis-
tinction between different lines adopted in the top left panel. As
expected, we see an improvement in performance the farther
the galaxies are from the over-crowded central regions of the
clusters, up to ≈0.2–0.3 Rvir, followed by a saturation at ∼80%
completeness in the external regions. The dependence of com-
pleteness on the distance from the center is much stronger than
what is observed with the stellar mass (see the different scales
in the y-axis of the top left and top right panels), at least in the
innermost regions, and is ubiquitous among galaxies processed
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Fig. 11. Comparison of the distributions of stellar masses for our simu-
lated set of galaxy clusters at z = 0, as predicted by the subhalo catalogs
produced by SubFind (red diamonds) and by our stellar SubDLe (blue
diamonds). The diamonds define the median counts in each stellar mass
bin among the 12 different clusters, while the error bars mark the 25th
and 75th percentiles.

in different ways. In any case, a larger sample of simulations uni-
formly sampling the halo mass range from groups to rich clusters
would be required to draw a picture of how the external environ-
ment of galaxies affects the stellar SubDLe’s performance. As
a further step, we tried to disentangle the dependence on the
stellar mass and on the distance from the center of the cluster,
by separating galaxies in radial and stellar mass bins (bottom
panels of Fig. 10). The bottom left panel shows the complete-
ness of identification of galaxies in 5 radial bins, as a function
of stellar mass. The bottom right panel shows the completeness
in 4 stellar mass bins, as a function of distance from the cluster
center. Here, in order to provide a sufficient number of galax-
ies in each bin, we included all the clusters analyzed at z = 0.
The separation in radial bins shows that the stellar-mass depen-
dence is the strongest in the most central region (below 0.25 Rvir),
where the overdense environment affects more significantly the
identification of the smaller galaxies. This is confirmed by the
bottom right panel, where we see an approximate hierarchy in
the curves describing the completeness as a function of cluster-
centric radius for different mass bins. In the central region of
the clusters (below ≈0.25 Rvir), the completeness increases with
the distance from the cluster center and the curves representing
less massive galaxies are lower (besides). In conclusion, the main
limitation of our stellar SubDLe is in the identification of small
galaxies within the crowded core regions of galaxy clusters. This
is expected in our algorithm and can be attenuated by increasing
the resolution of the grids.

Finally, we compare the distribution of stellar masses pro-
duced by SubFind and by the stellar SubDLe in clusters at
z = 0 in Fig. 11. The diamonds mark the median counts among
different clusters and the error bars define the 25th and 75th per-
centiles, blue for SubDLe and red for SubFind. In the low-mass
end where the resolution limit of the simulation dominates the
shape of the distribution, the SubDLe stellar mass distribution is
slightly lower due to missing identifications and SubDLe galax-
ies being smaller than SubFind’s. In the well resolved high-mass
end, though, there is agreement in shape and normalization
among the two distributions.

3.4. Testing the robustness of the stellar SubDLe

We now focus on testing the robustness of the stellar SubDLe
on the galaxy cluster CL-13 at z = 1, with the training hav-
ing been carried out at z = 0. At z = 1 this cluster has a virial
mass Mvir ≈ 7×1014M⊙. In principle a higher degree of merging
and more dynamically disturbed clusters are expected at z = 1,
which could impact the performance of SubDLe in identifying
galaxies. This complements the previous tests in assessing the
capability of the model to extrapolate outside the training frame-
work, which is always a primary concern in developing machine
learning models. Here, with the uniform sampling of the clus-
ter volume, we extracted 1287 643 d grids with a resolution of
10 physical kpc. The percentage of resolved galaxies identified is
77%, consistent with the 79% of completeness obtained at z = 0
for the same cluster and with the average performance achieved
by stellar SubDLewith a 10 kpc resolution at z = 0. This confirms
the robustness of the method also when different evolutionary
stages of galaxy clusters are considered.

As a last test, we assessed the performance of the stellar
SubDLe on higher resolution d grids. We performed this exper-
iment on the cluster CL-13 at z = 1. Our stellar SubDLe was
trained on galaxies of different sizes, so we expect it to be able
to identify galaxies even when using a higher-resolution d grid,
with respect to which their sizes will be larger. In general, we
expect our method to be able to identify galaxies that were
already identified at lower resolution. To increase resolution, we
chose a grid size of 2 kpc and, due to memory occupation, per-
formed a sparse sampling of the cluster volume as described
before, still keeping Mthr = 0. By doing this, we expect to: (i)
increase the sensitivity of the network to small substructures;
(ii) separate composite systems made up of close galaxies arti-
ficially merged by SubDLe due to the poor relative resolution
of d grids in the denser regions. In general, we expect that
the higher resolution d grids will increase the percentage of
SubFind resolved galaxies found by our stellar SubDLe. On the
other hand, by increasing the resolution, the average mass per
grid pixel decreases, resulting in a more noisy discontinuous
NGP density assignment on the grid. This in turn might impact
the model’s performance since CNNs are efficient on input data
with strong spatial dependencies. Moreover, by reducing the
pixel size, while keeping fixed the number of pixels in each grid,
the whole d grid encompasses a smaller volume (128 kpc per
side), which we expect to have a negative impact on the recov-
ered spatial extension of the substructures. The results of this test
are shown in Fig. 12. In the left panel we show the distribution
of MSF/SD/MSF for SubFind and stellar SubDLe matches, for the
run at lower (10 kpc, orange histogram) and higher (2 kpc, blue
histogram) resolution. The average values vary from 0.9 at 10
kpc resolution (consistent with the mean value at z = 0), to 0.7
at 2 kpc resolution. As expected, the completeness of the galaxy
mass distribution recovered by the 2 kpc resolution run of the
stellar SubDLe is slightly lower than for the 10 kpc resolution.
The most interesting aspect is though the increased percentage
of identified peaks in the stellar mass density distribution when
running our stellar SubDLe at higher resolution, which proves
that the model can reach peak performance by simply increasing
the resolution. In fact, the percentage of SubFind resolved galax-
ies identified by the stellar SubDLe on cluster CL-13 at z = 1
increased from 77 to 87% when increasing the grid resolution.
This is shown in the right panel where we plot the completeness
as a function of stellar mass (blue and orange for 2 and 10 kpc
resolution, respectively). This figure highlights that the higher
resolution adopted in the d grids boosts the performance of
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Fig. 12. Comparison of the performance of SubDLe on the same cluster, with different d grid resolutions. Left panel: distributions of values of
MSF/SD/MSF for SubDLe galaxies matched to SubFind galaxies. Results are shown for the cluster CL-13 at z = 1, for SubDLe runs with the standard
resolution of 10 kpc (orange) and with the higher resolution of 2 kpc (blue). Right panel: stellar SubDLe completeness as a function of stellar mass
in cluster CL-13 at z = 1, for 2 kpc (blue) and 10 kpc (orange) resolution.

SubDLe mainly by recovering a larger fraction of small galaxies,
the ones that SubDLe fails to disentangle from the background
and other close substructures in the central region of clusters
at lower resolution. This further demonstrates the capability of
our model in the identification of substructures in the simulated
distribution of stars.

3.5. Testing with a larger training set

As already emphasized, we expect an improved performance
from SubDLe once it is trained on a much larger data set, and
using more performant computing nodes. In order to explicitly
show that we did not saturate the model’s performance, we car-
ried out a training on a data set which is twice as large as the
original one, taken from clusters CL-3 and CL-8, which is still
feasible in our computing framework. Then, we tested on the
remaining clusters at z = 0 and compared the results with the
previously trained model, for those clusters which are not part of
the training data set in neither models.

The results of this test are summarized in Fig. 13, where
completeness and purity reached by the newly trained model
are shown for each test cluster, against the corresponding quan-
tities obtained from the version of the model trained on a
single cluster. We note that there is a systematic improvement
in completeness (blue diamonds), with the overall completeness
(weighted with the number of resolved galaxies in each cluster)
increasing from 0.82 to 0.86. On the other hand, the purity is
systematically lower, meaning that the new version of SubDLe
identifies more galaxies which are missed by SubFind. This
improvement is quite promising in the perspective of a future
use of a more extended training data set, spanning possibly dif-
ferent redshifts, implementation of the galaxy formation model
and numerical resolutions, which we aim at carrying out in future
developments of this work.

4. Conclusions

In this work, we have presented the first application of deep
learning techniques to perform identification of substructures

Fig. 13. Completeness (blue diamonds) and purity (red diamonds) of
SubDLe identifications, referred to SubFind catalogs, for galaxies in
z = 0 clusters. The y-axis refers to metrics calculated on the catalog
given by the model trained on two clusters (CL-3 and CL-8), while the
x-axis refers to results of the original stellar SubDLe discussed in the
previous sections. The dashed line represents the case in which metrics
are the same in the catalogs produced by the two models.

in cosmological hydrodynamical simulations, with the goal of
providing a much faster alternative to procedural algorithms
typically used for this purpose (see Sect. 1 for a brief review
of some popular subhalo identifiers). Substructure identifica-
tion represents a fundamental step to extract useful information
from the raw output of cosmological hydrodynamical simu-
lations and is typically performed by algorithms that, with
different approaches, search for groups of gravitationally bound
particles at the peaks of the density field sampled by the simu-
lations, within a larger structure. This is computationally costly
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and results in long times-to-solution that are unfit for frequent
identifications of galaxies during the evolution of simulations.
The on-the-fly identifications of substructures with a fine time
cadence, on the other hand, could have interesting applications
in the implementation of sub-resolution models of, for exam-
ple, star formation and feedback, when they are parametrized on
global properties of galaxies, such as their stellar masses. For
example, having access to the information on stellar masses of
galaxies frequently during the evolution of the simulation would
allow to associate a black hole mass with each galaxy according
to the Magorrian relation (Magorrian et al. 1998).

Deep learning (and machine learning in general) consists in
statistical methods to approximate solutions to many classes of
problems and offers the advantage of much shorter computa-
tional times. We borrowed the architecture of an efficient fully
convolutional network, U-Net (Ronneberger et al. 2015), devel-
oped for pixel-by-pixel identification of objects in 2D images,
and extended it to the task of identifying 3D substructures in
simulations. In this work we presented SubDLe, a substructure
finder which incorporates this 3D generalization of U-Net. We
analyzed the DIANOGA simulations (see Sect. 2), a set of zoom-
in cosmological hydrodynamical re-simulations (Tormen et al.
1997) of galaxy clusters, which include a sub-resolution model
of star formation from a multi-phase interstellar medium, as well
as stellar and AGN feedback. As the ground truth on which to
train SubDLe, we used the subhalo catalogs extracted from these
simulations by the subhalo finder SubFind (Springel et al. 2001;
Dolag et al. 2009). We applied our SubDLe to 3D Nearest Grid
Point mass density grids extracted from the set of simulations,
splitting the whole cluster regions in 640 kpc per side sub-grids
with 10 kpc resolution (d grids). Twin grids (s grids) reporting a
label “1” at grid meshes containing a majority of substructure-
bound particles (and “0” elsewhere) were also produced for the
training, based on SubFind’s catalogs.

We trained our SubDLe on a NVidia Tesla P100 GPU on
the Kaggle platform on a large number of representative d
grids. The test on a different cluster, after matching SubDLe
and SubFind subhalos, resulted in a completeness of the out-
put subhalo catalogs of 0.80 with respect to SubFind. We then
focused on the identification of galaxies, defined as concen-
tration of star particles. As such, galaxies provide much more
contrasted substructures against the background field, thus facil-
itating their identification performed by SubDLe. We called this
newly trained version of the neural network “stellar SubDLe”,
to distinguish it from the previous version based on the den-
sity traced by all particles. The same test cluster analyzed with
the standard SubDLe yielded a completeness of 0.93 with stellar
SubDLe. Furthermore, averaging over a sample of 12 simulated
clusters at z = 0 we reached 0.82 in completeness and an even
higher purity of 0.88 (though most of the spurious identifications
actually correspond to under-resolved SubFind galaxies which
were dropped from the input catalog to make it cleaner). The
average SubDLe time for processing one cluster is 72 s, much
faster than the typical execution time of SubFind, thus matching
the requirement for short computational times. In the estimate
of the execution time we did not consider the time necessary to
build mass density grids and the FoF run on grid meshes (see
Sect. 2). We consider the FoF runs to add a negligible overhead,
while mass grids are typically already built during a simulation
for either gravity or hydrodynamics.

We tested the robustness of our stellar SubDLe by repeating
the identification on one of the clusters analyzed at z = 0, at a
different evolutionary stage, at z = 1, obtaining a completeness
comparable to the result at z = 0. Furthermore, we tested the

effect of increasing the resolution of the d grids by reducing the
grid pixel size from 10 kpc to 2 kpc. This led to an increase of
the percentage of SubFind galaxies that are identified by our
method from 77 to 87%. This is due to the reduction of close
substructures that were artificially merged together while adopt-
ing 10 kpc resolution grids. On the other side, the d grids are 5
times smaller, which slightly impact the size of SubDLe galaxies
in comparison with the lower resolution runs.

We found that our stellar SubDLe performs better than the
all-particles version, not only in overall completeness, but also in
reproducing the total mass of substructures. The most challeng-
ing aspect for our stellar SubDLe is the identification of galaxies
in the innermost part of the clusters. We found that the fraction
of SubDLe identified galaxies is decreasing towards the center of
each cluster, within about 0.25 virial radii, especially for lower-
mass galaxies (below few times 1010 M⊙). The smaller galaxies
are indeed easier to miss in the high-density cores of clusters,
due to smaller separations and higher level of background den-
sity. As a consequence, we expect our stellar SubDLe to perform
even better in different environments (small groups and average
fields).

In future developments of this study, we plan to perform a full
assessment of how our stellar SubDLe performs in different envi-
ronments, with different resolution and even different sub-grid
physics, which might affect the distribution of star particles. As
far as the improvement of the algorithm is concerned, we aim to
further refine it by taking advantage of high-performance com-
puting nodes, where multiple GPUs can access a larger shared
memory. This would largely relax the constraints we had to
respect in this exploratory study, in terms of size and resolu-
tion of the grids where the density field is reconstructed. This
will allow us to test how increasing the physical extension of
d grids, while keeping the resolution fixed, can influence the
mass distribution of the largest substructures which are cropped
by our stellar SubDLe. We will be able to train on much larger
data sets, which is expected to improve the performance of the
model, as shown in the tests described in Sect. 3.5. We also
plan on testing different mass assignment schemes, in order to
enhance the contrast between substructures and background field
in the d grids, which we also expect to improve the mass distri-
bution found by SubDLe for each galaxy. As a further step, given
the demonstrated improvement of completeness with increasing
resolution of the d grids, we plan to develop a multi-resolution
adaptive implementation of SubDLe, to zoom on higher-density
regions in the simulation box and increase the resolution of the
d grids, while keeping the average regions at a reasonable reso-
lution. This would require to access adaptively refined meshes to
sample the mass density field in the simulation, which in many
cases are already constructed by the gravity or by the hydro-
dynamic solvers of the simulation code. We will also test the
use of multiple channels in the input grids, including dynamical
information to help the separation of the artificially merged close
substructures.

In conclusion, we have developed SubDLe, a fast deep learn-
ing model capable of identifying a large fraction of galaxies in
simulations of galaxy clusters, while we expect its performance
to be even better within environments that are less crowded than
galaxy clusters. The final step, besides its possible refinements
mentioned above, will be to integrate it into a cosmological code
and test it for highly frequent, on-the-fly galaxy identifications.

Acknowledgements. We thank Massimo Brescia and Ilaria Marini for useful dis-
cussions about machine learning, and an anonymous referee for constructive
comments that helped improving the presentation of the results. We also thank

A33, page 14 of 17



Esposito, M., et al.: A&A, 689, A33 (2024)

the Kaggle platform for the access to their computing resources and the plat-
form at http://www.figma.com for several graphic resources reproduced in
this work. This paper is supported by: the Italian Research Center on High
Performance Computing, Big Data and Quantum Computing (ICSC), project
funded by European Union – NextGenerationEU – and National Recovery and
Resilience Plan (NRRP) – Mission 4 Component 2, within the activities of
Spoke 3, Astrophysics and Cosmos Observations; by the PRIN 2022 PNRR
project (202259YAF) “Space-based cosmology with Euclid: the role of High-
Performance Computing”. We acknowledge partial financial support from the
INFN Indark Grant and the INAF project “CONNECTIONS” (COllaboratioN
oN codE development for future Cosmological simulaTIONS).

References
Aggarwal, C. 2018, Neural Networks and Deep Learning: A Textbook (Springer

International Publishing)
Baron, D. 2019, Machine Learning in Astronomy: A Practical Overview
Behroozi, P. S., Wechsler, R. H., & Wu, H.-Y. 2013, ApJ, 762, 109
Bonafede, A., Dolag, K., Stasyszyn, F., Murante, G., & Borgani, S. 2011,

MNRAS, 418, 2234
Davis, M., Efstathiou, G., Frenk, C. S., & White, S. D. M. 1985, ApJ, 292, 371
Dolag, K., Borgani, S., Murante, G., & Springel, V. 2009, MNRAS, 399, 497
Elahi, P. J., Thacker, R. J., & Widrow, L. M. 2011, MNRAS, 418, 320
Knebe, A., Knollmann, S. R., Muldrew, S. I., et al. 2011, MNRAS, 415, 2293
Knebe, A., Libeskind, N. I., Pearce, F., et al. 2013a, MNRAS, 428, 2039
Knebe, A., Pearce, F. R., Lux, H., et al. 2013b, MNRAS, 435, 1618

Lacey, C., & Cole, S. 1994, MNRAS, 271, 676
Magorrian, J., Tremaine, S., Richstone, D., et al. 1998, AJ, 115, 2285
Marini, I., Borgani, S., Saro, A., et al. 2022, MNRAS, 514, 3082
Murante, G., Monaco, P., Giovalli, M., Borgani, S., & Diaferio, A. 2010,

MNRAS, 405, 1491
Onions, J., Knebe, A., Pearce, F. R., et al. 2012, MNRAS, 423, 1200
Ragone-Figueroa, C., Granato, G. L., Murante, G., Borgani, S., & Cui, W. 2013,

MNRAS, 436, 1750
Rasia, E., Borgani, S., Murante, G., et al. 2015, ApJ, 813, L17
Ronneberger, O., Fischer, P., & Brox, T. 2015, in LNCS, 9351, Medical Image

Computing and Computer-Assisted Intervention (MICCAI) (Springer), 234
Saitoh, T. R. 2016, CELib: Software library for simulations of chemical evolu-

tion, Astrophysics Source Code Library, [record ascl:1612.016]
Shelhamer, E., Long, J., & Darrell, T. 2017, IEEE Trans. Pattern Anal. Mach.

Intell., 39, 640
Springel, V. 2005, MNRAS, 364, 1105
Springel, V., & Hernquist, L. 2003, MNRAS, 339, 289
Springel, V., White, S. D. M., Tormen, G., & Kauffmann, G. 2001, MNRAS,

328, 726
Springel, V., Di Matteo, T., & Hernquist, L. 2005, MNRAS, 361, 776
Stadel, J. G. 2001, PhD thesis, University of Washington, Seattle, USA
Steinborn, L. K., Dolag, K., Hirschmann, M., Prieto, M. A., & Remus, R.-S.

2015, MNRAS, 448, 1504
Teodoro, E. M. D., Peek, J. E. G., & Wu, J. F. 2023, AJ, 165, 123
Tormen, G., Bouchet, F., & White, S. 1997, MNRAS, 286, 865
Tornatore, L., Borgani, S., Dolag, K., & Matteucci, F. 2007, MNRAS, 382, 1050
Wiersma, R. P. C., Schaye, J., & Smith, B. D. 2009, MNRAS, 393, 99

A33, page 15 of 17

http://www.figma.com
http://linker.aanda.org/10.1051/0004-6361/202449961/1
http://linker.aanda.org/10.1051/0004-6361/202449961/2
http://linker.aanda.org/10.1051/0004-6361/202449961/3
http://linker.aanda.org/10.1051/0004-6361/202449961/4
http://linker.aanda.org/10.1051/0004-6361/202449961/5
http://linker.aanda.org/10.1051/0004-6361/202449961/6
http://linker.aanda.org/10.1051/0004-6361/202449961/7
http://linker.aanda.org/10.1051/0004-6361/202449961/8
http://linker.aanda.org/10.1051/0004-6361/202449961/9
http://linker.aanda.org/10.1051/0004-6361/202449961/10
http://linker.aanda.org/10.1051/0004-6361/202449961/11
http://linker.aanda.org/10.1051/0004-6361/202449961/12
http://linker.aanda.org/10.1051/0004-6361/202449961/13
http://linker.aanda.org/10.1051/0004-6361/202449961/14
http://linker.aanda.org/10.1051/0004-6361/202449961/15
http://linker.aanda.org/10.1051/0004-6361/202449961/16
http://linker.aanda.org/10.1051/0004-6361/202449961/17
http://linker.aanda.org/10.1051/0004-6361/202449961/18
http://www.ascl.net/1612.016
http://linker.aanda.org/10.1051/0004-6361/202449961/20
http://linker.aanda.org/10.1051/0004-6361/202449961/20
http://linker.aanda.org/10.1051/0004-6361/202449961/21
http://linker.aanda.org/10.1051/0004-6361/202449961/22
http://linker.aanda.org/10.1051/0004-6361/202449961/23
http://linker.aanda.org/10.1051/0004-6361/202449961/23
http://linker.aanda.org/10.1051/0004-6361/202449961/24
http://linker.aanda.org/10.1051/0004-6361/202449961/26
http://linker.aanda.org/10.1051/0004-6361/202449961/27
http://linker.aanda.org/10.1051/0004-6361/202449961/28
http://linker.aanda.org/10.1051/0004-6361/202449961/29
http://linker.aanda.org/10.1051/0004-6361/202449961/30


Esposito, M., et al.: A&A, 689, A33 (2024)

Appendix A: Basic structure of a CNN

In the typical application of CNNs for the analysis of images,
each layer is characterized by a 3D input grid with a height, a
width and a depth; in the input grid, height and width represent
the spatial dimensions, whereas depth is the number of color
channels. In the following, we refer to the input data of CNNs
as images, using the common definition of pixel as an element
of the 2D grid (height × width), described by depth values (the
brightness in three color channels in the typical case of RGB
images). The generalization from two to three spatial dimen-
sions is straightforward, so we describe the 2D case to keep the
notation simple.

A.1. Convolution

A convolution involves an operation between a grid and a filter,
a small grid whose values are parameters to be optimized dur-
ing the training stage. Let us consider the q-th layer of a CNN
with dimensions Lq × Bq × dq (meaning that the input grid has
such dimensions in this layer) and a Fq ×Fq × dq filter, where the
depth dq is always the same as in the input grid. Usually Fq ≪ Lq
and Fq ≪ Bq, with typical values for Fq being 3 or 5.
The convolution operation is performed by shifting the filter
across each possible location in the grid, performing a dot-
product of its elements with those of the overlapping portion of
the grid. To illustrate this, let us consider the example shown in
Fig. A.1: here L = B = 5, F = 3 and d = 1, for simplicity; the fil-
ter is multiplied element-by-element with the first 3 × 3 portion
of the grid (starting from top left) and the products are summed,
giving the first entry of the output map 1× 1+ 1× 1+ 1× 1+ 1×
1 = 4, where multiplications with zeros are omitted, then the fil-
ter is shifted by one position in horizontal and the same process
is repeated to obtain the second entry of the output map, until all
the possible shifts of the filter on the image are performed. The
number of possible positions to place the filter is defined by the
number of the possible alignments along the height (L − F + 1)
times the number of alignments along the width (B − F + 1),
3× 3 in the example. This kind of operation guarantees that each
of the output values (features) of this operation are not connected
indiscriminately to all the elements of the input data, but only to
a local region, in order to recognize shapes and patterns. This is
suited to map a local overdensity in the mass density map of a
simulation to a substructure, in our application of CNNs for sub-
halo finding. Fig. A.2 represents a more complex configuration,
with L = 64, B = 32, d = 3 and F = 5. The convolution works as
in the example with d = 1, the only difference being that the dot
product at each position of the grid is performed across the third
dimension as well, thus outputting a (64 − 5 + 1) × (32 − 5 + 1)
grid. Then, the depth of the output grid is built by stacking the
output of convolutions with different filters (2 in the example).
Here we are not considering strides larger than 1, that is the pos-
sibility of shifting the filter by more than one positions at each
step. For a complete treatment we refer to Chapter 8 of Aggarwal
(2018).
In general, for the q-th layer of a CNN having as input a grid

with dimensions Lq × Bq × dq, the depth dq is given by the num-
ber of filters applied in the (q − 1) − th layer. The number and
dimensions of filters define the number of parameter, also known
as the capacity of the model. The underlying idea is that each fil-
ter is capable of capturing a particular spatial pattern, so a large
number of them is required to capture all the patterns in the input
image.
If one describes the parameters of the p-th filter in the q-th layer

Fig. A.1: Schematic representation of a convolution between a 5×5 grid
and a 3 × 3 filter, with depth 1. The filter is slid across the grid and the
dot-product is performed at each alignment (represented by the yellow
subset of the grid in the figure), until all the grid is covered and the 3× 3
output grid is completed.

Fig. A.2: Convolution between a 64×32×3 input grid with two 5×5×3
filters gives a 60 × 28 × 2 grid. Note that the depth of the filter and that
of the grid must be the same, while the depth of the output grid is given
by the number of filters.

with the tensor w(p,q)
i jk , with i, j, k referring to the positions along

the height, width and depth of the filter respectively, and the k-th
feature map (i.e., the output of a convolution operation) in the
q-th layer as h(q)

i jk, then the p-th feature map of the next layer is
obtained as:

h(q+1)
i jp =

Fq∑
r=1

Fq∑
s=1

Fq∑
k=1

w
(p,q)
rsk h(q)

i+r−1, j+s−1,k + b(p,q)

∀i ∈ [1, Lq − Fq + 1], ∀ j ∈ [1, Bq − Fq + 1], ∀p ∈ [1, dq+1];
(A.1)

where b(p,q) is the bias for the p-th filter of the q-th layer, an extra
parameter which is summed to the element-by-element product
during to the convolution, thus only producing a uniform offset
in the feature map, and dq+1 is equal to the number of filters in
the q-th layer.

Typically, in multilayer architectures, the filters in early lay-
ers detect more primitive shapes, whereas the filters in later
layers detect more complex patterns, given by the composition of
the more primitive shapes. This can be expressed more formally
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by saying that a convolution in the q-th layer increases the recep-
tive field of a feature, which captures information on larger scales
if compared to the features of the earlier layers. For the example
shown in Fig. A.1, once a 3× 3 filter is applied, each feature con-
tains information coming from 3 × 3 pixels of the previous layer
and if one applies again the filter, being the layer of the same
size as the filter, one gets only one feature which now contains
information coming from a larger scale, corresponding to all the
5 × 5 pixels of two layers before. In addition to convolution lay-
ers, which are layers connected to the next ones by a convolution
operation, there are other two kinds of layers typically present in
the architecture of a CNN, which are called pooling and ReLU
(Rectified Linear Unit) layers.

A.2. Rectified Linear Unit and pooling

The Rectified Linear Unit (ReLU) is a function defined as:

fReLU(x) = max{x, 0}. (A.2)

This is very commonly used in artificial neural network, espe-
cially CNNs. It is applied to (intermediate) outputs in order to
introduce nonlinearity in the model one wants to approximate
through the network, since the operation of convolution maps a
region of the input into a feature map through a linear operation.
In a CNN, it is applied to each of the L × B × d values of a given
layer, thus it does not change the layer size and it usually follows
a convolution operation.

Pooling is an operation that acts on small regions of each
layer and produces layers of the same depth, giving back for each
region the maximum value; this is known as max pooling, which
is more common than other methods, like average pooling. Pool-
ing, like ReLU, introduces nonlinearity in the model and also
increases the size of the receptive field of a pixel.
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