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ABSTRACT

Aims. Recent and upcoming wide-field photometric surveys will observe hundreds of thousands of globular clusters (GCs) in the next
decade. This poses an emerging challenge: to derive reliable estimates of their properties using methods that scale to large volumes of
data. We present a scalable framework that combines forward modelling with deep learning, allowing accurate and detailed analysis
of GCs.

Methods. We develop CREMANT, a forward-modeling code that creates realistic mock images of GCs from state-of-the-art simulations
by embedding them in real backgrounds. Using HST observations of M31 (PHAT and PHAST surveys) as a test case, we train a
neural network, 7-DOC, to decontaminate GC images from field stars, reconstruct 2D mass maps, and infer global properties (age,
distance, ellipticity, and position angle) from multi-band photometric images and pixel colour-magnitude diagrams.

Results. We find that the training data covers a majority of the parameter space of M31’s GCs. On synthetic data, 7-DOC achieves
mass uncertainties below a factor of two (comparable to typical discrepancies among Galactic GCs) and robustness to low signal-to-
noise, maintaining mass accuracy within a factor of two and age accuracy within 2.5 Gyr for GCs up to five magnitudes fainter than
the background. Applied to GCs in the PHAT and PHAST footprints, the model agrees well with the literature showing agreement
within a factor of four for total masses, and furthermore scales to large volumes of data: ~ 10 objects per second (full M31 sample in
~ 30 s). We release a publicly available catalogue of 7-DOC’s estimates for 349 GCs in M31, as well as both CREMANT and 7-DOC.
Conclusions. Out-of-distribution detection based on a principal component analysis highlight massive and metal rich clusters as the
current biggest limitation in our training data, but also find that metallicity-related information is already encoded in the latent space
of the network, despite not being a part of the outputs. We highlight limitations of the current architecture and discuss improvements
necessary for extending the model to become more dynamic and survey-agnostic. Our results establish our framework as a scalable

and physically motivated approach to inferring reliable GC properties from large multi-band photometric datasets.
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1. Introduction

Globular clusters (GCs) are dense, gravitationally bound stellar
systems composed of up to a few million stars. They are among
the oldest known stellar populations in the Universe, with Galac-
tic GCs showing ages of up to 13 Gyr (Leaman et al. 2013; Val-
cin et al. 2025; Valcin et al. 2026). Thanks to recent gravitation-
ally lensed observations with the James Webb Space Telescope
(JWST), the progenitors of present-day GCs have been identi-
fied at redshifts corresponding to only about 500 Myr after the
Big Bang (Adamo et al. 2024; Mowla et al. 2024; Vanzella et al.
2023). While their exact origin still remains an open questions,
their formation is linked to key phases of structure formation in
the early Universe (e.g. high pressure star formation and galactic
merger events Kruijssen 2015; Lahén et al. 2020, 2025; Taylor
et al. 2025).

Over their roughly 13 Gyr of evolution, GCs are shaped by
internal dynamical processes, such as two-body relaxation and
stellar evolution, as well as by external effects, such as the cou-
pling to the tidal field of their host galaxy. Related to the possi-
ble formation channel of GCs during a galaxy’s assembly phase,
some GCs are also thought to have been accreted during galaxy
merger events (Forbes 2020; Forbes & Bridges 2010; Forbes
et al. 2018; Massari et al. 2019; Myeong et al. 2019; Pfeffer
et al. 2021; Renaud et al. 2017; Chen & Gnedin 2024), or even
be the remnant nuclei of dwarf galaxies (Alfaro-Cuello et al.

2019; Ibata et al. 1995; Pagnini et al. 2025, 2026). The inter-
play between these mechanisms and the resulting complex evo-
lution over a Hubble-time, make GCs useful testbeds for many
different astrophysical topics: stellar evolution models, dynami-
cal theories of collisional systems, and the long-term effects of
galactic environments on stellar populations.

The development of high-precision N-body (Aarseth 2003)
and Monte Carlo codes (such as the MOCCA and CMC codes
Hypki & Giersz 2013; Giersz et al. 2013; Rodriguez et al.
2016), and particularly GPU-accelerated implementations such
as Nbody6++GPU (Wang et al. 2015), has made it possible to sim-
ulate clusters containing up to and above a million stars, reach-
ing parity with the mass regime of typical Galactic GCs (e.g.
Bianchini et al. 2026; Arca sedda et al. 2024; Wang et al. 2016).
These modern simulations also include ingredients such as time-
dependent tidal fields (Renaud et al. 2011; Webb et al. 2024) and
stellar evolution (Bissekenov et al. 2025; Kamlah et al. 2022; Wu
et al. 2026), offering increasingly realistic representations of GC
dynamics, stellar remnants, and internal rotation. Despite these
advances, such direct simulations remain extremely demanding
in terms of computational time and energy consumption, limiting
their use for large-scale parameter studies or statistical compar-
isons (Bianchini et al. 2026).

In parallel, the growth of deep-field, as well as wide-field sur-
veys, are pushing us into a new era for GC observations. Space-
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and ground-based facilities such as HST, JWST (Gardner et al.
2023), Euclid (Euclid Collaboration et al. 2022), and the Vera C.
Rubin Observatory (LSST Ivezié et al. 2019) are rapidly increas-
ing both the number of known clusters and the redshift range
over which they can be studied. Recent projections estimate that
Euclid alone could detect several hundred thousand GCs across
the local Universe (Euclid Collaboration et al. 2025). Upcoming
missions, including the Roman space telescope (Mosby et al.
2020), are expected to continue this trend by delivering deep,
high-resolution multi-band imaging over large areas of the sky.
These developments underline an emerging challenge: the need
for scalable, automated tools capable of analysing vast samples
of clusters efficiently.

Determining fundamental GC properties such as total mass
and age remains non-trivial, in particular due to their complex
dynamical evolution (Baumgardt & Makino 2003; Bianchini
et al. 2016; Gieles et al. 2011; Jindal et al. 2019; Kuzma et al.
2016; Malhan et al. 2018; Spitzer 1987; Trenti & van der Marel
2013; Vesperini & Heggie 1997; Watkins et al. 2015; Webb &
Vesperini 2016) and because of degeneracies in simple stellar
population modelling, notably the degeneracies between age,
metallicity, and extinction (Usher et al. 2019, 2024; Worthey
1994, 1999) and systematic differences between SSP models
(Conroy et al. 2009; Conroy & Gunn 2010; Fan & de Grijs 2012;
Maraston 2005).

Typical approaches involve assuming a fixed mass-to-light
(M/L) ratio, which is not strictly valid for GCs (as demonstrated
in e.g. Baumgardt 2017; Bianchini et al. 2017); deriving dynam-
ical masses from kinematic data (Bellini et al. 2017), which be-
comes increasingly difficult at extragalactic distances; or con-
structing large grids of N-body simulations (Baumgardt 2017),
a procedure that is both computationally expensive and envi-
ronmentally costly (Bianchini et al. 2026). Monte-Carlo based
methods, such as MOCCA (Hypki & Giersz 2013; Giersz et al.
2013), however, are computationally cheaper and useful for large
grid explorations, but relies on more stringent assumptions (such
as spherical symmetry). Age and metallicity estimates are usu-
ally obtained through isochrone fitting of color—magnitude dia-
grams (CMDs; Dotter et al. 2010; Leaman et al. 2013; Rosenberg
et al. 1999; Valcin et al. 2025; Valcin et al. 2026; Zoccali et al.
2003), a method that is relatively robust considering the overall
difficulty in determining ages, but that is not easily scalable to
the volume of data expected from next-generation surveys.

In this context, machine learning, and in particular deep
learning (DL), offers promising alternatives (Bialopetravicius
& Narbutis 2020a,b; Guiglion et al. 2024; Hiegel et al. 2023).
DL approaches have already shown great potential in automat-
ing the classification of extragalactic star clusters (Zhang et al.
2025), estimating their ages (Boin et al. 2026; Viafia et al. 2026)
and dynamical properties (Askar et al. 2019; Bialopetravicius
et al. 2019; Pasquato & Chung 2016; Pasquato et al. 2024),
and more recently, estimating global parameters of GCs directly
from imaging data (Chardin & Bianchini 2021). The latter in-
troduced the proof-of-concept algorithm 7-DOC (Predicting Im-
ages for the Dynamics Of globular Clusters), trained on mock
photometric observations generated from forward-modeled N-
body simulations (Bianchini et al. 2017; Miholics et al. 2016).
The study demonstrated that deep networks can infer underlying
physical quantities of GCs, such as their internal mass distribu-
tion, age, and distance, directly from photometric images. This
approach offers not only an efficient and scalable method, but is
also one of the first tools capable of mapping a two-dimensional
mass distribution without assuming a mass-to-light (M/L) ratio.
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The initial proof-of-concept algorithm relied on idealised
mock images constructed from low-mass GC simulations, lack-
ing realistic observational uncertainties. Neither instrumental
noise nor galactic field-star contaminants were modeled, and
consequently the network cannot reliably be employed on ob-
servational images unless the GC has been isolated beforehand.
Moreover, the limited parameter coverage restricted applicabil-
ity to just five Galactic GCs. Such limitations reflect a synthetic
gap; a mismatch between idealised training data and complex
real-world observations that typically degrades performance.
Nevertheless, these results demonstrated the strong potential of
DL approaches for large-scale analyses of GCs.

In this study, we address the limitations of the previous
proof-of-concept version of 7-DOC. In particular, we extend the
underlying data with more massive GC simulations from both
the ROLLIN’ suite (Bianchini et al. 2026; Marklund et al. in
prep.) and the MOCCA simulations (Askar et al. 2025; Zhao
et al. 2026).In addition, we combine our synthetic mock im-
ages with real observations of field stars, simultaneously mod-
elling instrumental and physical uncertainties from observations.
These steps ensure we narrow the synthetic gap. The underlying
data and the construction of realistic mock images are described
in more detail in Section 2.

The previous version of 7-DOC was split into two parts:
one autoencoder, which mapped the single input image into a
two-dimensional mass distribution, and one classical convolu-
tional neural network (CNN) which predicted the cluster’s age
and distance, from the same input image as the autoencoder. We
have combined the two networks into one multi-task network,
which now utilises multi-band photometric images, and in ad-
dition predicts a decontaminated version of the observed cluster
(i.e. removal of field stars), as well as the cluster’s ellipticity and
corresponding position angle. A full description of the new ar-
chitecture can be found in Section 3, and the code is available
online'.

As a concrete test case for developing an efficient algorithm
intended for large-scale surveys, we apply 7-DOC to GCs in the
Andromeda galaxy (M31) using archival Hubble Space Tele-
scope (HST) data. In this work, the network is therefore re-
stricted to GCs that are at least partially resolved. This consti-
tutes an initial step toward a more general tool that is scalable to
the growing volume of observational data and applicable to de-
tailed analyses of extragalactic GC systems. Future extensions
will focus on quasi-resolved and unresolved GCs, which are ex-
pected to constitute the majority of clusters in current and up-
coming large-scale surveys (see e.g. Euclid Collaboration et al.
2025).

The remainder of the paper is structured as follows. In Sec-
tion 4, we assess the performance of 7-DOC using realistic mock
observations, exploring its robustness and reliability and deriv-
ing conservative confidence limits expected to apply to compa-
rable real observations. In Section 5, we apply our algorithm to
M31 GCs, present the main results, and compare 7-DOC'’s es-
timates with the literature. We conclude with a brief discussion
of future steps in Section 6 and a summary of our findings in
Section 7.

2. Real and synthetic data

m-DOC represents a significant step towards automating the de-
tailed analysis of GCs directly from multi-band photometric ob-
servations. Because we employ a supervised deep neural net-

! github link here
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Fig. 1. Comparison of the mass—age relation for our mock images and
the M31 globular clusters from (Usher et al. 2024) located within the
PHAT and PHAST footprints. The mock images are colour-coded by
their total luminosity in the F814W passband, while the observed GCs
are shown as black points. Our mock sample broadly covers the pa-
rameter space of the M31 GC system, and, given the age uncertainties
of the observed clusters, the most important aspect is a representative
sampling of the mass distribution. Nonetheless, some gaps remain, par-
ticularly at the highest masses.

work, it is essential that the training data are both physically
relevant and representative of real observations. In this section,
we first describe the real observational data we consider (Sec-
tion 2.1), and then explain how these observations guide the
construction of realistic synthetic mock images (Sections 2.2—
2.3), thereby reducing the synthetic gap. Finally, we summarise
the datasets used throughout the remainder of this paper (Sec-
tion 2.4).

2.1. Real GC data

In this work we consider GCs in M31, using archived HST data
from the Panchromatic Hubble Andromeda Treasury (PHAT)
survey2 (Dalcanton et al. 2012; Williams et al. 2014, 2023),
as well as the recent extension to the southern parts of M31
(PHAST, Chen et al. 2025). The PHAT and PHAST surveys
each cover about a third of M31’s star forming disk, divided
into 23 and 13 bricks, respectively. The former is observed in
six passbands: F110W, F160W, F275W, F336W, F475W and F814W,
whereas the PHAST survey only has the latter two available for
mosaic images. We consider all bricks, but due to low signal-to-
noise (S/N, Williams et al. 2023) we choose to only work with
the F336W (where applicable), F475W and F814W passbands. We
use drizzled images (multiple exposures), and align them north
to east, conserving the flux and assuming a common scale of
0.04 arcsec/pixel using the reproject package®. We select GCs
from the Peacock et al. (2010a,b) catalogue that lie within the
boundaries of the PHAT and PHAST footprints, amounting to
a total of 349 GCs. Every image of a GC we consider has a
12”7 x 12” field of view (FoV), which is large enough to include
typical GCs in M31 to a few times the half-light radii (typical
half-light radii of M31 GCs are ~ 1 — 2" Barmby & Huchra

2 http://dx.doi.org/10.17909/T91S30
3 https://reproject.readthedocs.io/

2001; Huxor et al. 2014), and found at a distance of ~ 785 kpc
(McConnachie et al. 2005).

In addition, we sample every brick and keep a total of 12264
images from the PHAT survey that are free of GCs and other star
clusters, with the intention of using these as backgrounds* to our
synthetic dataset (see Section 2.3 for details).

2.2. Mock data

Given the details of the real observational images, it is important
that our synthetic data, which will be used to train 7-DOC, reflect
the same underlying features and parameter space present in the
observations. In other words, we must ensure that the synthetic
data share both the underlying physical properties and the obser-
vational characteristics. We address the first concern by consid-
ering two different suites from state-of-the-art simulations:

1. The first and main one, refers to the ROLLIN’ suite (Bian-
chini et al. 2026; Marklund et al. in prep.), and consists of
initially rotating, axisymmetric direct N-body simulations
with an initial amount of 250k-1.5M stars, including pre-
scriptions for stellar evolution and an external tidal field.
These initially rotating models lead to a wide range of GC-
morphologies due to internal rotation and interactions with
the external tidal field (Marklund et al. in prep.), but remain
limited in total mass and density due to the significant com-
putational cost of direct N-body integrations. As such, they
particularly resemble low-density GCs in M31 and the Milky
Way. In total we use ten such simulations with an initial
amount of 250k stars, three with 500k stars, and one with
1.5M stars.

2. The second group refers to MOCCA simulations, and in-
clude models of 47 Tuc, w Centauri, and five additional
high-density models which are described in more detail in
(Askar et al. 2025; Zhao et al. 2026, also private commu-
nication Askar 2026). MOCCA simulations relaxes the com-
putational constraints in the direct N-body method by assum-
ing spherical symmetry. As such, while they do not account
for a morphological variety, they allow us to run simulations
with considerably more stars, higher total masses, as well as
higher densities. In total we use one such model with an ini-
tial amount of 1M stars, two with 1.5M stars, five with 2M
stars, one with 2.4M stars, and one with 12M stars (roughly
resembling w Centauri). These models correspond to high-
density (except for w Cen) and massive M31 and Galactic
GCs.

These two groups of simulations therefore complement each
other and ensure that the parameter space of our full dataset
broadly matches that of real GCs in M31. Figure 1 shows the
masses and ages of the mock images in our dataset (coloured
points), together with the corresponding mass and age estimates
for GCs in M31 from Usher et al. (2024). Although a few gaps
remain, the dataset overall covers most of the relevant parameter
space.

The underlying data to be used for each mock image corre-
sponds to a snapshot from one of these simulations at different
time steps. For the ROLLIN’ simulations, the frequency of the
snapshots vary between 1 —15 Myr depending on the simulation,
whereas for the MOCCA simulations it is either 50 or 100 Myr,
depending on the simulation and the age of the GC. As such, dif-
ferent simulations will be more or less prominent in the overall

4 Note that we call these images backgrounds, but in principle they
could actually be foreground images.
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dataset, and in particular, there will be a strong bias towards the
ROLLIN’ simulations. This is also partly by construction as we
are interested in exploring the morphology of GCs.

However, to mitigate biases within the dataset, we restrict
the number of unique snapshots of simulations with 250k stars
to min(N, 2000), while for the more massive ROLLIN’ simula-
tions (500k-1.5M stars initially) the total number of snapshots
are set to min(N, 3000) where N is the total amount of available
snapshots from a simulation. On the contrary, we consider all
available snapshots from the MOCCA simulations. In total we
are left with ~ 40k unique snapshots from a total of 24 simula-
tions.

As for the second concern, and in order to generate mock
images from these simulated models of GCs that properly treat
typical observational characteristics of HST M31 data, we have
developed a forward modelling algorithm Cremant (Creating
REalistic Mock imAges for Numerical simulaTions)’. The al-
gorithm makes use of

(i) the flexible stellar population synthesis (FSPS) code (Con-
roy et al. 2009; Conroy & Gunn 2010) to compute individual
stars’ magnitudes in the passbands we consider for our mock
images. The stellar parameters from the simulations that are
passed to FSPS are mass, radius, luminosity, and metallicity,
where the effective temperature and surface gravity are cal-
culated in FSPS. These stellar properties (excluding metal-
licity which is passed as an input to the simulations) are, in
turn, provided by the stellar and binary evolution from the
SSE and BSE prescriptions of Hurley et al. (2000, 2002) in-
corporated within the star cluster evolution codes (we refer to
Kamlah et al. 2022, for the stellar evolution implementation
in our N-body simulations). We use PADOVA isochrones
(Bressan et al. 2012) and the BASEL spectral library (Leje-
une et al. 1997, 1998; Westera et al. 2002).

two angles and a distance, as free parameters, that define
geometrical projections. The field of view of our images
(12” x 127) and the pixelscale (0.04”) are also free parame-
ters® in the algorithm, and together define a two-dimensional
pixel-grid onto which the particles from a simulation can be
projected. To generate a projection, we first define a versor,
which represents a rotation axis with respect to the coordi-
nate axis of the simulation, and a rotation angle ¢ € [0, 7).
These two together determine the inclination of the cluster
with respect to the observer’s line of sight. The projected
cluster can subsequently be rotated in the image plane by
an additional angle 6 € [0, 27), applied around the axis per-
pendicular to the projection plane. These two rotations fully
specify the apparent orientation of the simulated cluster. The
cluster is then placed at a chosen distance which, together
with the apparent orientation, determines the relative posi-
tions for each star within the pixel-grid.

point-spread functions (PSFs), derived from non-saturated
bright stars in the outer regions of M31 (PHAT brick 22 with
each passband aligned north-east) using DrizzlePac’. We
include four distinct PSFs per passband, including STScI’s

(ii)

(iii)

5 github link

® The pixel scale is set by the choice of telescope (HST), and the field
of view is chosen to minimise image size while including as much of
the GC as possible. In particular, we used the more massive, low-density
and extended ROLLIN’ models at the distance of M31 to set a reason-
able FoV, and then cross-checked against observed M31 GCs, bearing
in mind that their full spatial extent is not known exactly.

7 https://github.com/spacetelescope/hst_notebooks/
tree/main/notebooks/DrizzlePac
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empirical model®, all accessible via Cremant. Multiple PSFs
are included to prevent the network from memorising an im-
perfect PSF model with respect to the backgrounds’ PSFs.
We oversample each mock image and PSF with a factor of
four before convolving the images to produce the final mock
image.

2.3. Modelling noise

Our mock cluster images are idealised source-only realisations,
effectively corresponding to a noise-free limit in which the GC
flux is known without photon-counting noise and no background
is present. To generate realistic observations, and to thereby re-
duce the synthetic gap, we combine our mock images with back-
grounds from real observations following the steps outlined in
Bialopetravicius et al. (2019). We first transform the mock im-
ages into units of counts per second, matching the background
images, and then:

1. compute the median pixel value of the background and add
it to each pixel of a mock cluster image;

2. draw a Poisson realisation for each pixel, in total counts, with
the mean set to the corresponding pixel value;

3. subtract the median offset and add the real background im-
age;

4. convert the pixel values to magnitudes (ST system).

This approach ensures that we model both the instrumen-
tal and background noise associated with an observation. Be-
cause the mock images represent noise-free source models, we
temporarily shift them by the median background level of a
real field before applying Poisson sampling to the total count
rate. The temporary offset places the source model on a realistic
count scale before Poisson sampling. We then remove the offset
and add the full real background image, so that the final mock
preserves both the observed background structure and realistic
counting statistics.

We do not apply any magnitude cuts, since the background
already sets the effective detection floor. During training (see
Section 3.4), 10% of the mock images are also generated
background-free to improve generalisation to real HST data with
negligible contamination’. Since Cremant currently does not
implement extinction, each background is corrected for Milky
Way extinction using dustmaps'® (Green 2018; Schlegel et al.
1998). This procedure is carried out on the fly during training,
effectively extending our total dataset by four orders of magni-
tude, since each mock image can be paired with any of the 12264
backgrounds. A qualitative comparison between examples of our
mock images and real GCs in M31 is shown in Fig. A.1.

2.4. Building the datasets

For each snapshot of a simulation, we create a total of 6 mock
images, with three different projection angles, and each angle
at two different distances. In total, we create approximately
210k mock images of GCs from the ROLLIN’ simulations, and
roughly 10k images from the MOCCA simulations.

8 https://www.stsci.edu/hst/instrumentation/wfc3/
data-analysis/psf

° In such cases, we omit step 3 above, and stars fainter than the typical
HST background therefore remain visible.
10 https://dustmaps.readthedocs.io/en/latest/index.html
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The distributions of parameters for the dataset are chosen
such that they cover the expected ranges of parameters for GCs
in M31, where possible. Holland (1998) put most of the GCs at
similar distances to M31 itself, and from the Galactic population
of GCs we know they may extend as far as > 100 kpc from the
Galactic Center (see e.g. Harris 2010). As such we choose dis-
tances to be sampled from a uniform distribution centred at the
distance of M31, 785 + 100 kpc (here using the distance estimate
to M31 from McConnachie et al. 2005).

Some quantities are set directly by the simulations, such as
the age (sampled uniformly in linear scale''), total luminosity,
and total mass (see Bianchini et al. 2026; Marklund et al. in
prep.). The projected images, the two-dimensional mass distri-
bution, ellipticity, and the corresponding position angle (P.A.)
for the minor axis!2, are also set by the simulations, but further
depend on the two geometrical angles defined in Cremant (Sec-
tion 2.2), as well as the distance. These angles and the versor are
all sampled uniformly.

We compute a GC’s apparent ellipticity e = 1 —b/a using the
second-moment tensor method on the stellar distribution within
the FoV, where a and b are the major and minor axes, respec-

! The distribution is only approximately uniform, as the largest N-body
simulation was evolved only up to 12 Gyr, three MOCCA simulations
were evolved up to 15 Gyr, the w Cen equivalent model is additionally
under-sampled at all evolutionary stages due to the computational cost
of its magnitude calculations, and early snapshots are entirely absent,
while all the remaining simulations were run up to 14 Gyr.

12 In projection, the minor-axis position angle is equivalent to the
major-axis angle shifted by 90°. We adopt the minor axis here as a mat-
ter of convention and for consistency with prior studies (e.g. Fréour
et al. 2026; Marklund et al. in prep.).

tively. This robust approach reliably traces the cluster’s intrinsic
morphology (Fréour et al. 2026; Marklund et al. in prep.), facil-
itating clearer interpretation of our results. The position angle is
measured east of north over [0°, 180°).

We consider a total of three passbands, but also include
versions with two passbands to incorporate the PHAST sur-
vey. From the difference between the three (two) passbands, it
is also possible to construct three (one) colour maps. Further-
more, with both colour and magnitude maps, we construct pixel
colour-magnitude diagrams (CMDs) that are 64 x 64 pixels'?
In cases where three (two) passbands are used, we get three
(one) possible pixel CMDs: F475W vs F336W-F475W, F814W vs
F336W-F814W, and F814W vs FA75W-F814W.

We split the entire datasets into three parts: training, valida-
tion, and testing. The three sets are constructed in such a way
that no mock image exists in more than one of the sets. This
also applies to the real backgrounds, which in turn are distributed
among the three sets in proportion to that set’s number of mock
images (if X% of the mock images are in a given set, X% of the
backgrounds are in that same set as well).

In order to get a diverse training dataset, it is customary to
perform on-the-fly data augmentation. We combine the mock
images and the real backgrounds on the go when loading each
batch, and the two images are also rotated 0°, 45°, 90°, or 135°,
irrespective of each other. This approach is powerful because we
can obtain a completely new set of images for every epoch. It
does however mean we rotate PSFs inconsistently!

13 We note that using pixel CMDs with an increased resolution (128 x
128, 256 x 256) were not found to improve performance.
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Fig. 3. Training curves for the four 7-DOC variants considered in this study. Blue (red) lines correspond to the training (validation) MSE per output
across epochs. The three-passband networks converge faster and achieve lower overall MSE than their two-passband counterparts. The addition
of colour maps and an adapted architecture with two encoders and shared skip connections mainly improves the accuracy of the predicted mass
maps. We interpret this as a result of the larger (but not deeper) network capacity. The vertical black dotted line marks the maximum 50 epochs

used for network performance comparisons.

3. Network

In this section we go over the new architecture of 7-DOC as well
as the corresponding inputs and outputs. 7-DOC is a convolu-
tional autoencoder based on the U-net architecture (Ronneberger
et al. 2015), but it has been modified to handle hybdrid-inputs
and to produce multi-modal outputs. In particular, it is now ca-
pable of handling multi-band photometric images, and combines
the main images with different types of input data such as colour
maps and pixel CMDs, which we describe in more detail in Sec-
tion 3.1. We note that the inclusion of pixel CMDs was found to
significantly improve age and distance estimates in early testing
of the new network architecture, in particular due to a more ex-
plicit encoding of the shape of the associated isochrones. There
are also three completely new outputs: a decontamination of field
stars from the input multi-band photometric image, and the GCs’
ellipticity and corresponding position angle for the minor axis.
We describe all outputs in more detail in Section 3.2.

The additional inputs and outputs have also resulted in a
re-work of 7-DOC’s overall structure, and for this study we
present a total of four different versions. We consider one ver-
sion (n—DOC?) that includes all of the aforementioned inputs
(magnitude maps, colour maps, and CMDs), and one that does
not include the colour maps (7-DOC3). Furthermore, because
the PHAST survey is available only in two passbands, each of
these 7-DOC versions exist for both three and two passbands
(ﬂ—DOC? and 7-DOC,, respectively). Each of the four versions
are tasked to predict the same outputs, and are also available
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online'*. We describe the corresponding architecture(s) in more
detail in Section 3.3.

3.1. Input data

The main inputs to the network consist of the multi-band photo-
metric images alongside CMDs, but moreover also allow for the
inclusion of colour maps. The inputs for the different versions of
m-DOC that we consider are as follows:

1. m1-DOC;3; uses three magnitude maps and three CMDs.

2. m-DOC, uses two magnitude maps and one CMD.

3. 7r—DOC§ uses three magnitude maps, three colour maps, and
three CMDs.

7r—DOC§ uses two magnitude maps, one colour map, and one
CMD.

4.

In contrast to the proof-of-concept version of 7-DOC, the input
images are not smoothed. See Section 2 for more details on the
construction of the input data.

We standardise all our inputs, albeit slightly differently. The
magnitude maps are standardised together to have a combined
mean of zero, but we do not enforce a standard deviation of
unity. This is to ensure that the magnitudes and colours remain
consistent with respect to each other (e.g. even when standard-
ised, the difference in magnitude corresponds to the colour). In
practice, this should have little to no impact on the stability and
performance of the training, because the standard deviation for
the magnitude maps is already close to unity. Consequently, we

14 github link here
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do not standardise the colour at all. The number counts for the
pixels of the CMDs are, however, standardised to have a mean
of zero and a standard deviation of one. The standardisation con-
stants (mean and std) are calculated by iterating over the training
data for one epoch (where each mock image is combined with a
background, see Section 2.3).

3.2. Output data

m-DOC is tasked to decontaminate the input images in all pass-
bands from the Galactic background, map the corresponding
two-dimensional mass distribution within the FoV (same pixel-
scale as the input images), and predict the cluster’s age, dis-
tance, ellipticity, and position angle for the minor axis (P.A.).
Instead of predicting the position angle directly, the network
predicts cos(2P.A.), sin(2P.A.); the resulting position angle is
then calculated using the two-argument arctangent (atan2) as
%atan2(sin(2P.A.),cos(2P.A.)). This approach removes large
errors at the periodic boundary where 0° and 180° are degen-
erate.

We also apply a Gaussian smoothing kernel to the mass maps
(o0 = 4). This is to avoid the network having to deal with pre-
dicting highly pixelated images, especially in the outskirts of the
clusters where the stellar counts are sparse. Note that we have
tested applying such a smoothing also on the input and output
magnitude maps, but that this did not improve performance. The
input images and the decontaminated output images therefore
remain consistent with HST’s pixelscale.

All of these outputs are also standardised during
training except for the position angle because we use
sin(2P.A.), cos(2P.A.). The clean magnitude images are
standardised to be consistent with the input magnitude images
(see Section 3.1), and the remaining outputs are standardised to
have a mean of zero and a standard deviation of one.

3.3. Network architecture

The inclusion of additional input data, such as the CMDs and
colour images, enables more complex operations within the net-
work, encouraging it to extract both complementary and dis-
tinct features from multiple representations of the same under-
lying system. The new architecture reflects this, and we show a
schematic overview in Fig. 2, which, in particular, corresponds
to JT—DOC3C. The convolutional and de-convolutional blocks, and
their different layers are listed in Table D.1 & Table D.2, respec-
tively. There are six different components, which can be split
intoltshree encoding parts (E1-E3) and three decoding parts (D1-
D3)">:

El is an encoder applied on input magnitude maps (first row)
that consists of five convolutional blocks (see Table D.1).

is an encoder applied on input colour maps (second row) that
is otherwise identical to E1.

is a feature extractor (not an encoder in the usual sense) ap-
plied on CMDs (third row). The convolutional blocks are
slightly different from those employed in E1 and E2 (see Ta-
ble D.3).

is a decoder (first row) consisting of five de-convolutional
blocks (see Table D.2) and decontaminates the input magni-
tude maps, but uses skip connections from both encoders in
El and E2

E2

E3

Dl

15 The latter of these parts illustrate a feature extractor and a regression
head rather than an encoder and decoder, but for simplicity we denote
them as E3 and D3.

D2 is a decoder (second row) similar to D1 which also uses skip
connections from both encoders in E1 and E2, but is tasked
to predict the corresponding two-dimensional mass map.

is the regression head of the CNN-like architecture in the
third row and predicts the remaining scalar output (age, dis-
tance, ellipticity, and position angle) from the concatenated
and flattened latent spaces of the three encoders E1-E3.

D3

The corresponding architecture for 7-DOCs3 is a bit simpler
due to the removal of the colour maps as inputs. Consequently,
the second row in Fig. 2 disappears and we only have one autoen-
coder (first row). The decoder part (D1), therefore, only uses skip
connections from the input magnitude maps (E1), and is tasked
to simultaneously predict the mass map along with the decon-
taminated GC'S. Similarly, the regression head in row three (D3)
only uses the concatenated features from the latent space of El
and E3. For both architectures, there are versions for both two
and three passbands, and we have set the dropout rate of each
version to 0.1.

3.4. Training

For all versions of 7-DOC, the training is governed by the same
loss function, which we take to be the sum of each output’s
mean-square-error (MSE). Note that we also experimented with
incorporating a perceptual loss function for predicting the mass
and luminosity, as per Chardin & Bianchini (2021), but we did
not observe it to yield any improvement. As a result, we consider
the total loss function as

1
L= willyi - 3P (1)
i=1

where I denotes the number of outputs, each y; denotes one
output: the decontaminated magnitude maps which is considered
as a singular output regardless of the number of passbands, mass
map, age, distance, ellipticity, and position angle. Consequently,
i is its estimate by the network. w; denotes a scaling factor that
is set to ensure each output MSE is in the same range'’. We
indicate the total MSE, and the output-specific MSEs, for the
versions of 7-DOC in Table 1. We find, in particular, that the
inclusion of F336W significantly improves the performance for
all outputs, but especially for the age and distance. The inclusion
of colour maps for the input also improves performance.

The different 7-DOC networks have been trained on
NVIDIA H200 GPUs and Tesla V100-PCIE GPUs. We use the
ADANM optimizer (Kingma & Ba 2014), and a learning rate of
n = 107*, which we found to converge sufficiently fast while
also keeping the training stable. Furthermore, we implemented
a learning-rate scheduler (halving after 2 epochs without valida-
tion improvement) and early stopping (after 5 epochs). Training
ran to 50 epochs (no early stopping triggered), yielding near-
converged models with stable validation performance (> 1000
GPU hours).

Fig. 3 shows the training and validation performance per
epoch for each network. Overall, training is stable, with com-

16 We also tested an architecture with two decoders dedicated to decon-
tamination and mapping the mass-distribution, respectively, even when
colour images were not included. This did not yield significant improve-
ments.

17 The weights are set to unity for all outputs except for the magnitude
and cos(2P.A.), sin(2P.A.), which are set to 0.2, 0.5, and 0.5, respec-
tively.
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Table 1. MSE of the validation set for the different outputs, for the best performing epoch (based on total validation loss), for the different versions
of 7-DOC. For the two networks we continue training with, perhaps indicate the best performance in paranthesis next to the current values for the

best epoch?

MSE 7-DOC; 7-DOC, 7r-DOC§ ﬂ-Dch
Magnitude map 3.90 4.59 3.51 (3.45) 4.29 ()
Mass map 0.02 0.03 0.02 (0.02) 0.03 0
Age 0.03 0.07 0.03 (0.02) 0.07 O
Distance 0.11 0.29 0.10 (0.10) 0.28 O
Ellipticity 0.07 0.15 0.07 (0.07) 0.13 0
Position angle 0.12 0.16 0.11 (0.11) 0.17 O
Total 1.13 1.59 1.03 (1.01) 1.53 ()
Epoch 49/50 50/50  49/50 (62/65) 48/50 ()

Notes. The MSE for the P.A. is taken to be the average between sin(2P.A.) and cos(2P.A.).

parable performance on the training and validation sets. The net-
works converge rapidly on the decontamination of the input im-
ages. Scalar outputs generally improve more slowly but steadily;
further training focused on these outputs could therefore yield
small additional improvements, however, we assess convergence
primarily from the total loss.

Table 1 shows that ﬂ-DOC3C consistently outperforms other
architectures across all output parameters. Likewise, when re-
stricted to two passbands, ﬂ—DOC§ (with colour maps) signifi-
cantly outperforms its counterpart (7-DOC;). Hereafter, we fo-
cus exclusively on these two architectures and specify which one
is used in each analysis. To ensure stable and reliable perfor-
mance, we continued the training for the two models until con-
vergence (epochs 62 and XX, respectively; see Fig. 3). The cor-
responding performance metrics of the converged models are re-
ported in Table 1 and correspond to the versions used throughout
the remainder of this paper. Tables and figures will be updated
once they are more converged!

4. 7-DOC’s performance on mock images

For the assessment of the network’s performance on mock ob-
servations, we begin by visually inspecting some of the predic-
tions. Throughout this section, all predictions are obtained with
ﬂ—DOC3C unless explicitly mentioned otherwise. Fig. 4 shows a
mosaic of four selected mock images from the test set, using
each of the three passbands to construct a pseudo-RGB image.
These mock images were chosen to be representative of different
cases we expect to find: (a) an older, faint, and low-density clus-
ter with low background contamination (high S/N and ROLLIN’
model), (b) an old but fairly dense (bright and massive) clus-
ter in a high background contamination (low S/N and MOCCA
model), (c) a younger fainter cluster in a higher background con-
tamination (medium S/N and ROLLIN’ model), and (d) an old
dense cluster in a low background contamination (high S/N and
MOCCA model). The second and third row show the decontam-
ination part of the network, and also includes the scalar regres-
sion output for the distance and age, as well as the total lumi-
nosity and half-light radius, which are derived directly from the
decontaminated map.

The successful decontamination of the faint cluster in the
brighter background (c), demonstrates that 7-DOC can distin-
guish between stars that belong to the GC and those belonging
to the background. Not all stars (or pixels) are successfully re-
covered where, in particular, stars far away from the centre of the
GC are missing. This should not, however, affect global quanti-
ties significantly. On the other hand, many of the brighter stars

Article number, page 8 of 25

(for example bright orange-red stars) that are recovered in all
examples except for (b), mostly retain their colours as well. As
such, demonstrating that the network efficiently decontaminates
the images, and that this applies reasonably well across the dif-
ferent passbands.

The remaining two rows show the true and predicted 2D
mass distributions, and the corresponding total mass and half-
mass radius (derived directly from the mass maps). The total
mass is constrained rather well for these four examples, with the
worst case (b) amounting to an underestimation by a factor of
~ 2.5. In this example, the decontamination does not fully cap-
ture the outer parts of the cluster, likely due to its low S/N, and
the corresponding mass-distribution is also not fully captured.
This is also the case for the central parts (within the half-mass
radius), where there is an underestimation of both the brightness
and the total mass. To a lesser extent, this is true for the other
three examples (a,c,d) as well, which in turn leads to an overes-
timation of the half-mass radius.

The ellipticity for the two denser and more massive (brighter)
clusters in columns (b) and (d), are zero because MOCCA sim-
ulations assume sphericity. In both cases the ellipticity is recov-
ered fairly accurately (small overestimation for b), while the po-
sition angle is not; this is not an issue since the position angle is
not defined for e = 0. In contrast, both the ellipticity and posi-
tion angle of the two ROLLIN’ models are recovered, although
the ellipticity is underestimated in both cases and more strongly
for the lower S/N example (c).

The four mock images presented here, while only a small
subset of our full test set, show how 1-DOC performs under real-
istic observational conditions. Overall, the network successfully
decontaminates fainter clusters even in bright, crowded fields,
correctly distinguishing member stars from background contam-
ination and preserving colors across passbands for brighter stars.
However, limitations become apparent in low S/N regimes: case
(b), which suffers from high contamination shows the largest dis-
crepancies, with the largest underestimation of total mass and a
significantly overestimated distance (30 kpc vs. the true value).
In the other three cases, distances are recovered within ~ 10 kpc
and age predictions are similarly accurate within < 0.6 Gyr, indi-
cating that 7-DOC reliably infers global cluster properties when
S/N is sufficient.

4.1. Performance on test set

Qualitatively, the performance in Fig. 4 is representative of the
full test sample. Fig. 5 shows the prediction distributions for all
m-DOC outputs on the test set, alongside the corresponding train-
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True Clugtes

Predicted mass map

Fig. 4. Mosaic example of four different mock images (top row), the true decontaminated cluster (second row), the predicted decontaminated
cluster (third row), the true mass distribution (fourth row), and the predicted mass distribution (bottom row). The decontaminated panels also
indicate the true and predicted values for total luminosity and half-light radius within the FoV, distance, and age. Similarly, the mass distribution
panels indicate the total mass and half-mass radius within the FoV, the ellipticity, and the position angle. The golden ellipse in each panels indicate
the ellipticity and has its semi-major axis placed at the half-light or half-mass radius, whereas the green line indicates the position angle of the
minor axis. The true and predicted decontaminated cluster images has a different contrast to the input observations to highlight the differences in
decontamination across the full extent of the cluster. Change Cluster to GC, Mass to mass, and PA needs to be defined north to east 0-180 (to be
consistent with later)
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Fig. 5. Distribution of the predictions for the main outputs of 7-DOC (black lines), including the corresponding distributions for the test data (red

lines; ground truths to predictions) and the training data (blue lines).

ing and test parameter distributions. The training data cover the
test set parameter space well, and the predictions closely match
the test distributions across the full range, indicating the broad
applicability of 7-DOC.

The three first panels (a-c) show the performance for the de-
contamination part of the network in all three photometric pass-
bands, respectively. The integrated magnitudes for the faintest
clusters are overestimated (their brightness is underestimated,
see tail of the distributions at large magnitudes). This is ex-
pected, since fainter clusters are more difficult to distinguish
from the background. At the other end of the distribution, there
is a tendency to underestimate the magnitudes (thus overestimat-
ing the brightness). Since there are not many very bright clusters
(mag < 12) within the training data, this may reflect the network
not having had enough training material to properly process data
in this regime.

In the case of the mass distribution in panel (d), we can no-
tice two distinct peaks for the test set. The network appears to
interpolate between these two peaks, thereby producing a more
unimodal distribution, while also underestimating both the most
massive clusters as well as the least massive clusters. This likely
reflects on the accuracy of the predicted brightness for the clus-
ters: clusters that are not properly recovered in the decontamina-
tion, are also underestimated in total mass. For the massive end
of the distribution, this may also reflect a bias towards predict-
ing lower masses, which likely is caused by a shortage of more
massive simulations in the training data.

The training and test set distributions for age in panel (e) and
distance in panel (f) are both uniform. The predictions are gener-
ally uniform as well, except near the boundaries of the parameter
ranges. This behaviour is relatively common in neural networks
(Kang et al. 2024), which typically perform less reliably close to
the edges of the training domain. Because the network implicitly
learns the limits of the parameter space, it avoids extrapolating
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beyond them and instead biases predictions toward interior val-
ues. Note that real GCs are unlikely to populate these boundary
regions (see e.g. Harris 2010), so our subsequent analysis is un-
likely to be affected by such biases.

The predictions of ellipticity in panel (g) and position an-
gle in panel (h) almost match the ground truths across the en-
tire range. Small values of ellipticity (< 0.1) are overestimated,
likely indicating a bias where the MOCCA models generally
are not predicted to be zero (see Fig. 4). Additionally, for very
small values of ellipticity, the position angle is either not defined
(e = 0) or ill-defined as there is no clear major or minor axis;
large errors for predictions of the position angle are therefore to
be expected, but should not be considered an issue in this con-
text.

We include a comparison between the performance of n-
DOC3C and n-DOCZC on the test set in Appendix C. Will add

dedicated figures of ﬂ-DOCg performance also

4.2. Biases within the network
4.2.1. Dependence on the brightness of clusters

The previous section explored how the network retains the over-
all distributions of the test set. Here, we explicitly aim to relate
the cases where the predictions are most uncertain. Fig. 6 shows
a direct comparison of the differences between the predictions
and the ground truth of the test data, as well as the correlations
between the errors. To facilitate the discussion below we keep
the ground truth magnitude for the F336W passband in column
(a) rather than the corresponding error.

Column (a) shows that the errors increase for most quanti-
ties the fainter the clusters are. As previously mentioned, this
likely reflects an increased difficulty in distinguishing the GC
from the background. Indeed, the majority of the GCs in our data



Arn Marklund et al.: Predicting Images for the Dynamics Of globular Clusters: 7-DOC

F336W mag = 18.3570%
(a)

AF475W mag = 0.25"014

= $F 1|®
E of 1
N
E [N — .-
g °
= &f ]
g4 &
N TR [ R .
4 AF814W mag = 0.34 018
w \OF 1 1@
S L 1 LF : 1
E P . M
I é 4
AN Ll
E oF 1F :
g4 & H
N it ; s .
’ Alog M/M , = —0.0473%
oF 0 T e tans B asasaans ansnsnnn:
o O : (d)
< Na3 1f ]
= L. hpade A B e S 7\ SR
¥ ~F 1F L ]
q > ;
g 1L - b s
/Q‘o AAge =0.0170%
©
S 1t :
& 2 :
2 Q . '\\=j IR € ¢ D) ] o Lol
Ad =048+
] 1 : 11 : ERICHE
g
Z &F 1f ; 1Ff p
4 7N
A o @ ........ ] }:_1
§ @ v
/bQ -n L L L : -n L | L n- -n 1 | 1 1 40,02
Ae=—0.0050%
Q) T T RRRSRass s A RS R RRARY
Q‘b [€3) H
2 S 1F
3 © /Q
E“ & \\:)J' ..........
o a H
< :
IUUTTIR FUUTTUOUIE B SUUUUTIUNN OO AP.A.=—0.02*888
i~ T T T T T T T
2 ¥ - S
- L 1t
g b
'.; \ .......... . L@}
je
g 1t - s
4 UUTITE: TUUOUIE B UOVOUNE.  UUUI N TUNUNL:: . (OUTUUUNE N STOL - LOT K S
PPN FE PO RPE PO PE Y e
F336W mag AF475W mag AF814W mag Alogig M/M AAge [Gyr] ADis [kpc] AEllipticity APosition angle [deg]

Fig. 6. Corner plot showing the distributions and correlated distribution of the errors of the main predicted outputs of 7-DOC. The contours are set
to o, 20, and the dotted lines indicate the 0-axes (e.g. no discrepancy), where applicable.

set are relatively faint (see also Fig. 5), having an average inte-
grated magnitude of 18.52, 17.46, 17.70 for F336W, F475W, and
F814W, respectively. In comparison, the average integrated mag-
nitudes of the added backgrounds for the three passbands are
16.51, 15.20, 15.28, respectively. In addition, most of our mock
images correspond to N-body simulations, which are equivalent
to low-density Galactic GCs (Bianchini et al. 2026). Their lower
surface brightness, and consequently lower S/N, likely makes re-
covering their intrinsic properties more challenging.

For brighter clusters (~ 12—17 mag), the errors remain small,
especially for mass, age, ellipticity, and position angle, while the

distance errors are roughly independent of brightness. In con-
trast, the decontamination in F475W and F814W shows a nearly
constant brightness underestimation which, on average is 0.25
mag and 0.35 mag in F475W and F814W, respectively. These
discrepancies become more severe for both really faint and re-
ally bright clusters, but is nonetheless present across the entire
range. We see a similar shift of 0.20 mag also for the F336W
passband as indicated in Fig. 7. The overall uncertainty thereby
increases with redder passbands: F336W is best constrained and
F814W worst. Because the brightness in each passband is under-
estimated by different amounts, it also means that the colours of
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Fig. 7. Integrated F336W magnitude and the corresponding errors for
the decontaminated predictions of the test set. The contours indicate the
o, 20 regions. Similar to F475W and F814W, the predictions systemati-
cally underestimate the clusters’ brightness.

the decontaminated GC are inconsistent, with 7-DOC predicting
bluer colours on average.

Values to be updated once converged model is included: The
diagonal of Fig. 6 further shows that there are small biases in
overestimating ages (~ 0.11 Gyr) and underestimating distances
(~ —4.96 kpc). In both cases, however, this shift is a lot smaller
than the overall spread in predictions (indicated in the figure),
and should therefore not result in significant systematic errors
relative to the intrinsic uncertainties.

These intrinsic errors are also comparable to limitations
in the field, and we regard the 20 limits as a conservative
confidence range for m-DOC’s predictions. For the F336W,
F475W, and F814W passbands, the decontamination errors are

on average tgi(s)?’ fg:gg, and fg:?% mag, respectively. The mass
(+0.12

015 logip M/MO dex?) and age 9 Gyr) are particularly
well constrained compared to typical uncertainties for M31 GCs
(Chen et al. 2016; Fan et al. 2010; Usher et al. 2024), and the
mass confidence matches that of fully resolved Galactic GCs
(see e.g. Bellini et al. 2017; Zocchi et al. 2017). A handful of
outliers lie beyond the 20~ boundary, particularly for the brightest
clusters where masses are underestimated by factors exceeding
four; these rare cases correspond to early snapshots (< 200 Myr)
from the underrepresented high-mass regime (3 10%, Mo) of the
MOCCA simulations. Although we do not expect such large er-
rors for typical M31 clusters, exceedingly bright systems be-
yond the training distribution remain susceptible to similar fail-

ur;s(.)oDistance (*33:3 kpe), ellipticity (*0.0%), and particularly P.A.
Clii

I10.9-) show larger uncertainties. The confidence range for the
ellipticity and P.A. are primarily exacerbated by faint, low-S/N
clusters which is evident from the elongated contours in column
(a) of Fig. 6. Furthermore, excluding clusters with a predicted
ellipticity below 0.05 (where the P.A. is rather ill-defined)

4.2.2. Robustness to noise

We have shown above that most of our clusters are faint, whereas
most of the backgrounds are, on average, a few magnitudes
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brighter. The accuracy of the predictions should therefore de-
pend on the relative brightness of the GC and the background. In
Fig. 8, we show the two-dimensional distributions of the errors
for each quantity as a function of the magnitude difference be-
tween the GC and the corresponding background in the F814W
passband. Negative values indicate that the GC is brighter, while
positive values indicate that the background is brighter. Quali-
tatively, we find that the errors depend on the relative GC-to-
background brightness in much the same way as they do on GC
brightness alone (see Fig. 6): fainter clusters generally lead to
larger discrepancies, and the spread in the predictions increases
substantially when the background is much brighter than the
cluster. Nevertheless, the distributions remain broadly symmet-
ric around zero, indicating that the predictions are unbiased.

This is not equally true for all quantities, however. For
the ellipticity, we find a slight tendency to underestimate it in
background-dominated images. In such cases, the stellar distri-
bution becomes more diffuse and the cluster therefore appears
more circular. This effect is at most 0.02, which is small com-
pared with the overall spread.

The decontamination shows a systematic shift away from
zero in all passbands, with the bias increasing for redder bands
and in all cases corresponds to an underestimation of the clus-
ter brightness. The decontaminated clusters and their integrated
magnitudes should therefore be regarded as upper limits, imply-
ing that in most cases the clusters are in fact brighter than pre-
dicted by n-DOC. The shifts in the F336W, F475W, and F814W
passbands are at most < 0.3, < 0.5, and < 0.6 magnitudes, re-
spectively.

Values to be updated: We further examine the visual appear-
ance of the decontaminated images in this regime. The low-S/N
mock images in Fig. 4, although less accurate than the corre-
sponding high-S/N examples, already showed that the network
is reasonably robust to noise. To explore this further, we inves-
tigate how the predictions change when the same mock image
of a relatively faint cluster (F814W ~ 17.2) is combined with
backgrounds of different total integrated magnitudes in Fig. 9.
Overall, the predictions remain fairly robust to the varying noise
levels. The total mass varies within a factor of 1.5, the position
angle within 5°, the ellipticity within 0.03, the distance within
42 kpc, the age within 2.2 Gyr, and the integrated magnitude
within 0.4 mag in F814W. These variations lie within the confi-
dence range previously defined for each quantity in Sect. 4.2.1,
and also show that more reliable estimates can be expected for
GCs in less crowded and less bright regions.. Although this is
beyond the purposes of this study, these results also suggest 71-
DOC could be adapted to simultaneously detect GCs (Barbisan
et al. 2022; Dold & Fahrion 2022; Singlow et al. 2022) in addi-
tion to inferring their properties.

Moreover, while most predictions remain relatively accurate
and scatter around the ground truth, the magnitudes are in all
cases overestimated, as expected from the discussion above (see
Fig. 8).

4.3. Reliability of predictions

Deep neural networks provide powerful nonlinear mappings be-
tween observational data and physical parameters. Estimating
a network’s uncertainty for individual predictions in a reliable
manner, however, remains challenging. To quantify a predictive
uncertainty in our model, we adopt Monte Carlo (MC) dropout,
a computationally efficient approximation to Bayesian inference
(see Gal & Ghahramani 2015a,b; Gal et al. 2017). During train-
ing, dropout layers randomly deactivate subsets of neurons to
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Fig. 8. Errors for each predicted quantity and how they depend on the relative brightness between a cluster and its associated background. 7-DOC
performs worse for background dominated images for each predicted quantity, indicating that low S/N, in particular, is a limitation.

prevent overfitting. In MC dropout, this stochastic behavior is
retained during inference by performing multiple forward passes
with dropout enabled. Each forward pass samples a different re-
alisation of the network weights, effectively drawing from an ap-
proximate posterior distribution over models. For a given input,
we obtain an ensemble of predictions that provide a measure of
the model’s so-called epistemic uncertainty. These values should
not be regarded as physical uncertainties, but rather as the intrin-
sic confidence level of 7-DOC. More details on our implementa-
tion can be found in Appendix B.

Because 7-DOC is trained exclusively on synthetic data gen-
erated under controlled physical assumptions, when applied to
real astronomical observations, there is no guarantee that all in-
puts lie within the same statistical distribution as the training
set. Predictions made on inputs that differ significantly from
the training distribution may therefore be unreliable, even if the
model reports low internal uncertainty. To address this limita-
tion, we implement an explicit out-of-distribution (OOD) detec-
tion framework.

OOD detection is based on the premise that inputs similar to
the training data occupy a well-defined region of the network’s
internal feature space. We extract intermediate feature represen-
tations from the latent space [Not completely accurate, should
maybe indicate the exact layer with a symbol in the figure] (see
Fig. 2), keeping the features agnostic to specific output heads.
These feature vectors are projected onto a lower-dimensional
subspace using incremental principal component analysis (PCA)
to improve numerical stability and reduce redundancy. Assum-
ing that the feature distribution of the training data can be ap-
proximated by a multivariate Gaussian in this low-dimensional
space, we characterise it by its mean vector and covariance ma-
trix. Given a new input, we compute the Mahalanobis distance
between its feature representation and the training distribution.
This distance provides a scalar measure of how atypical the in-
put is relative to the data seen during training. A threshold on the
Mahalanobis distance is calibrated using the validation set, cor-
responding to a chosen (and assumed) false-positive rate set to
the 90th perecentile. Inputs exceeding this threshold are flagged

as OOD. An OOD flag does not imply that a prediction is incor-
rect, but rather that it is not supported by the training distribution
and should be treated with caution. In particular, OOD detection
complements MC dropout uncertainty: while MC dropout quan-
tifies uncertainty within the learned model, OOD detection iden-
tifies cases where the model itself may not be directly applicable.

For the application of 7-DOC on real observations, we pro-
vide both an epistemic uncertainty and an OOD flag for quality
assessment.

5. Application to M31 GCs

We have so far demonstrated 7-DOC’s potential on synthetic
data only; although the specific clusters in the testset are unique
to that set, they correspond to simulations and therefore also
share features that could deviate from real observations. The
training data encompasses the majority of M31’s GCs, as shown
in Fig. 1, implying that 7-DOC is broadly applicable in this con-
text. We only have a few mock images for the most massive sim-
ulation, which ideally could help the network deal with the most
massive of GCs. However, predictions at the upper end of the
mass distribution are less accurate for synthetic data, and likely
also exacerbated by a significant gap to the next most massive
simulation. Consequently, we do not expect reliable mass recov-
ery for > 10° M.

5.1. Demonstrating 7-DOC’s performance on real
observations

Following the outline of Section 4, we begin by demonstrating -
DOC'’s performance on four example GCs. These clusters: Bol
188, Bol 224, Bol 232, and Bol 386, are located within the
PHAT footprint and as such we employ 7r-DOC3C. Fig. 10 shows
the input observations and all corresponding estimates for these
GCs.

Qualitatively, the decontamination of these GCs (middle
row) resembles that obtained for the mock images in Figs. 4
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17.5 mag

9.2x10* L
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e=0.17
851.4 kpc
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Background: 13.4 mag
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Fig. 9. One mock GC combined with different backgrounds (left col-
umn), and 7-DOC’s predictions (right column). Each mock image’s as-
sociated predictions are indicated to the right of the decontaminated im-
age where we denote the P.A. as ¢. The ground truth, in the same order
as the predictions from top to bottom, are: 1.4 x 10° Mo, 1.3 x 10° Lo,
¢ =97.9°, e =0.20, 842.8 kpc, 8.0 Gyr, and the total integrated magni-
tude in the F814W passband is 17.2 mag. The predictions remain within
the corresponding confidence limits, and the decontamination is fairly
robust to decreasing S/N.
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and 9. In each case, a limited colour spread is present, with or-
ange-red stars surrounding the bulk of the cluster, while most
such stars exhibit minimal variation with respect to each other.
This behaviour suggests that the decontamination is not uni-
formly accurate across all passbands, consistent with the be-
haviour observed in panel b of Fig. 4. Nevertheless, the over-
all similarity indicates that 7-DOC generalises effectively from
mock to real observations. Together with the estimated distances,
the decontamination is also associated with the total luminosity
and the half-light radius of each GC within the FoV. Except for
Bol 188, the GCs are estimated to be 20 — 70kpc away from
the central distance to M31 (McConnachie et al. 2005), and are
also rather luminous (L/Ls = 10%). These GCs, in particular, are
very bright in their central regions, and while the decontaminated
maps show this, the saturated part (really bright white region)
do not extend as far out as it does in the input images. This is
reminiscent of the decontamination of the two MOCCA models
in Fig. 4, which indeed show an underestimation of both their
central and total brightness. This bias, which was also seen in
Figs. 6-9, suggests that their inferred brightness likely are lower
estimates.

Age estimates are notoriously difficult to constrain, as for ex-
ample seen from the corresponding errorbars in Fig. 1 (see also
Usher et al. 2024). The epistemic uncertainties indicated in Fig.
10 should not be considered physical uncertainties, but rather the
intrinsic confidence level of 7-DOC'’s estimates (see Appendix
B). For these four GCs (a)—(d), however, we do find a fairly good
agreement with the literature: Usher et al. (2024) find the corre-
sponding ages to be 9.473% Gyr, 11.8%):2 Gyr, 10.1*};) Gyr, and
8.3%3% Gyr, respectively.

Similar to the brightness, both the total and central masses
for the two MOCCA models were underestimated in Fig. 4.
Since at least two of the M31 GCs in Fig. 10 appear both massive
and centrally dense, characteristics primarily represented by our
MOCCA simulations, their estimated mass maps (bottom row)
likely reflect a lower limit as well. Indeed, compared to litera-
ture values from Usher et al. (2024), 7-DOC’s estimates for the
four GCs in panels (a)-(d) are a factor of 2.0, 3.3, 2.5, and 2.4,
lower, respectively. These underestimates likely also reflect that
m-DOC’s estimates are confined to the FoV; we are not necessar-
ily reporting the GCs’ total mass.

The clusters also exhibit morphological diversity: Bol 386
is nearly spherical which primarily is evident from the large
epistemic uncertainty for the position angle, while the others
have ellipticities > 0.05 (Bol 232 being the most obvious with
e = 0.14). Bol 232 furthermore shows a clear direction for its
flattening which also is captured by 7-DOC’s position angle es-
timate, and in good agreement with Staneva et al. (1996, with
e ~ 0.1 and a PA. of 120°).

We provide an online repository'® containing the input mag-
nitude maps as well as estimates of the decontaminated GC
maps, mass maps, integrated magnitudes in each passband
(within the FoV), total luminosities (within the FoV), half-light
radii (within the FoV), total mass (within the FoV), half-mass
radii (within the FoV), ages, distances, ellipticities, and po-
sition angles, for all 349 GCs within the footprints of the
PHAT and PHAST surveys. The repository also provides OOD
flags and epistemic uncertainties for the full sample. In some
cases—particularly for OOD clusters in very low signal-to-noise
regions—we obtain unphysical estimates (e.g., negative elliptic-
ities), which are excluded from the tables and marked as N/A.

18 List it here, or in the beginning of the paper?
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A subset of the full sample using both versions of 7-DOC is re-
ported in Table D.4.

5.2. Inference of GC properties within the PHAT and PHAST
footprints

The decontamination of the GCs shown in Fig. 10 exhibits qual-
itatively similar performance to that of the four mock images
in Fig. 4. This suggests that the network generalises reasonably
well from the synthetic to the real-data domain. We therefore
proceed to infer the properties of the GCs within the PHAT and
PHAST footprints. We use 7-DOCY for the full PHAT sample,
whereas the PHAST survey, which is available only in the F475W
and F814W passbands, is analysed with 7r-DOC§. A comparison
between the two networks for GCs within the PHAT footprint is
presented in Appendix C. The inference speed is ~ 10 GCs s7!,
so the full M31 sample required only about half a minute'®.
Figure 11 shows the GCs from the Peacock et al. (2010a)
catalogue within the PHAT and PHAST footprints, colour-coded
by the mass (a), age (b), ellipticity (c), and distance (d), as es-
timated by 7-DOC. We find more massive and older clusters to
lie closer to the central parts of M31 which could be interpreted
as a consequence of orbital decay driven by dynamical friction,
but it may also reflect the intrinsic uncertainties of 7-DOC and
the aforementioned biases. Indeed, OOD GCs (points with white
edges), which constitute approximately 30% of the sample, are
located preferentially near the centre of M31, where contamina-
tion is the highest and S/N the lowest. Given the sensitivity of
m-DOC to low-S/N images in the synthetic test set, and the OOD
classification, we do not expect these estimates to be reliable.
Most of the GCs have very low ellipticities, with only a few
exceeding 0.1; these are predominantly located well outside the
central regions of M31, possibly reflecting a bias of underesti-
mating ellipticity measurements at low S/N (see Section 4.2). We
find that the average distance to the GCs in M31 is 818 + 42 kpc.
Moreover, the distance estimates place the GCs in the north-east
region further away than those in the central and south-west re-
gions, with differences of order < 100 kpc, which is signifi-
cantly larger than the physical extent of M31’s disk (Chemin
et al. 2009; Li et al. 2021; van der Marel et al. 2012, 2019).
The typical uncertainty in distance (derived confidence limits;
Section 4.2) is smaller than this shift, but remain comparable
in magnitude. These results therefore do not reflect the geome-
try of M31, and are likely driven by intrinsic biases in 7-DOC
related to extinction and age—metallicity gradients across M31
(Lee et al. 2025). The trend is further accentuated by combining
estimates from 7r-DOC§j (PHAT) and ﬂ-Dch (PHAST), the lat-
ter being less accurate in distance inference (see, e.g., Table 1).
A direct comparison of their estimates for the PHAT GCs is pre-
sented in Appendix C, which confirms overall agreement while
showing that 7r—DOC(2: systematically estimates larger distances

when n—DOC§ yields smaller ones.

5.2.1. OOD GCs

In order to identify features present in the sample of real GCs
but underrepresented in the synthetic training set, we compare
the GCs classified as OOD with those that are not. The OOD
framework is designed to flag data points that lie outside the re-
gion of parameter space well supported by the training sample.
In our case, this affects approximately 30% of the GCs within the

19 With MC dropout enabled, the corresponding speed is ~ 0.7 s per
GC for 7-DOCY and ~ 0.5 s per GC for 7-DOCS.

PHAT and PHAST footprints. The OOD flag is raised predom-
inantly for low-S/N clusters near the centre of M31, which may
reflect the absence of internal extinction in our mock images.
Spatially varying extinction within M31 could induce colour dif-
ferences between clusters and backgrounds that are not consis-
tently represented during training, thereby shifting sources in
feature space and triggering OOD classifications. This interpre-
tation is plausible, particularly because the training sample does
include backgrounds from the central regions of M31. However,
when we compare the extinction estimates Ay from Usher et al.
(2024) for OOD and non-OOD clusters (Fig. XXX), we find no
significant difference between the two distributions. We there-
fore conclude that extinction can account for only a small frac-
tion of the OOD sample.

A more important factor, as it turns out, is the metallicity
distribution. Our training set is limited to clusters with metallic-
ities [Fe/H] < —1.3 (Askar et al. 2025; Bianchini et al. 2026;
Zhao et al. 2026), which does not fully represent the metallicity
range of M31 GCs (see Chen et al. 2016; Fan et al. 2010; Usher
et al. 2024). Since age and metallicity are degenerate and both
primarily affect the colours of GCs, it is plausible that metallicity
information is encoded in the latent space used by the OOD clas-
sifier. Figure 12 shows a comparison of the metallicities (using
estimates from Usher et al. 2024) of OOD and in-distribution
clusters, revealing a shift between the two populations. In par-
ticular, the OOD clusters are shifted toward significantly higher
metallicities, with most of them having [Fe/H] > —1.

The fact that the OOD sample is preferentially associated
with high metallicity is particularly informative, as it suggests
that the latent-space is sensitive to physical properties that are
not explicitly part of the network outputs. In practice, this means
that the OOD flag is not merely a technical warning about poor
reconstruction, but also a diagnostic of which regions of param-
eter space that are missing from the training set. This is useful
for both interpreting failures on real clusters and guiding future
extensions of the training data toward more metal-rich systems
and, more generally, toward a more complete representation of
GC populations.

5.2.2. Comparisons with other studies

Having identified the GCs for which 7-DOC is expected to be
most reliable, we compare the network’s estimates for the in-
distribution sample with independent estimates from the litera-
ture. This allows us to assess the performance of the model in
a more controlled way, separating genuine discrepancies from
cases that are likely driven by out-of-distribution behaviour. In
the following, we therefore focus on the non-OOD clusters and
examine how 7-DOC’s mass and age estimates compare with es-
timates from Chen et al. (2016); Fan et al. (2010); Usher et al.
(2024), and how its ellipticity and position angle estimates com-
pare to estimates from (Staneva et al. 1996).

As seen from Fig. 13, 7-DOC’s mass estimates generally
agree with the literature values, which themselves are mutually
consistent (see also Usher et al. 2024). However, we observe
a systematic trend: 7-DOC infers higher masses for clusters
with lower literature masses and systematically lower masses
for those above = 10°° My, at least with respect to Chen et al.
(2016); Usher et al. (2024). This behaviour mirrors the test set
performance in Section 4, where high-mass clusters, in particu-
lar, were underestimated (see Fig. 5).

Usher et al. (2024) combined ground-based photometry from
the Sloan Digital Sky Survey (SDSS; York et al. 2000) and the
Pan-Andromeda Archaeological Survey (PAndAS; Huxor et al.
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Fig. 10. Mosaic of four selected M31 GCs in the PHAT survey from left to right: Bol 188, Bol 224, Bol 232, and Bol 386. The first row shows
the input observations as RGB images, the second row shows the corresponding decontaminated GC maps, and the third row shows the estimated
mass maps. The total estimated luminosities and half-light radii in the middle row corresponds to the F814W passband and are obtained from the
corresponding decontaminated image. The same applies to the estimated mass maps and half-mass radii. The golden ellipse indicates the estimated
ellipticity and its major-axis extends to the half-light or half-mass radius, while the green line cutting through the ellipse indicates the position
angle of the minor axis. The estimated values for the ellipticity and the position angle are indicated in the bottom row, while the estimates for age
and distance are indicated in the middle row. The epistemic uncertainty for each scalar quantity is also indicated. Need to compute the epistemic
uncertainty for the half-light and half-mass radii...
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Fig. 11. GCs within the footprints of the PHAT (circles) and PHAST (triangles) surveys, colour-coded by 7-DOC estimates of total mass (a), age
(b), ellipticity (c), and distance (d). OOD clusters are outlined in white. There is a tentative concentration of higher masses toward the centre, but
OOD flags necessitate cautious interpretation. The oldest GCs according to 7-DOC lie in the north-east region of M31, which also corresponds
to larger inferred distances; this trend lacks a clear physical explanation and likely reflects biases in 7-DOC and observational systematics such
as extinction and age—metallicity gradients. Most GCs appear nearly circular, with the highest ellipticities typically found at larger galactocentric
distances, likely reflecting S/N.
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2014) with spectroscopy targeting the CaT region from Cald-
well et al. (2009). Because our images cover relatively small
FoVs and may not encompass the full spatial extent of the GCs,
their wider-field photometry includes more extended cluster
light, likely yielding higher mass estimates. Using Markov Chain
Monte Carlo (MCMC), they simultaneously fitted ages, metallic-
ities, present-day stellar masses, and reddening with FSPS mod-
els based on MIST isochrones. Explicit reddening modeling sys-
tematically increases the inferred total brightness and thus the as-
sociated mass estimates compared to our values, since we only
account for Milky Way reddening. At the same time, their photo-
metric masses trace the current surviving stellar populations and
do not include dynamical mass loss (e.g., evaporation, stripping),
which 1-DOC does; photometric and dynamical mass estimates
are known to show discrepancies (Sollima et al. 2017).

Chen et al. (2016) also combined ground-based photometry
from Peacock et al. (2010a) with spectroscopy using the Large
Sky Area Multi-Object Fibre Spectroscopic Telescope (LAM-
OST Liu et al. 2015; Yuan et al. 2015). Ages and metallici-
ties were derived via pixel-by-pixel fitting of integrated spec-
tra to single stellar population (SSP) models, with masses in-
ferred from multi-band photometric spectral energy distributions
(SEDs) scaled to those parameters. Similarly, Fan et al. (2010)
also derived age and mass estimates by comparing their observed
SEDs with SSP models. Their estimates thus yield photometric
masses and are subject to the same biases as Usher et al. (2024).
These comparisons therefore validate 7-DOC’s mass estimates,
as dynamical-photometric tensions are expected and because our
values otherwise agree.

In contrast, the age estimates show poor overall agreement
with large discrepancies across the entire range. Given that our
training set is limited to metallicities [Fe/H] < -1.3, while
M31 GCs span a much wider range, accurate age recovery is
not expected except for clusters near this metallicity. This is par-
tially also the case, where we see a better agreement with low-
metallicity clusters and, in particular, with Usher et al. (2024).
The age-metallicity degeneracy would furthermore likely lead
to overestimated ages for metal-rich systems, but even studies
that agree on metallicity, such as Chen et al. (2016) and Usher
et al. (2024), exhibit comparable scatter to that seen with n-
DOC, demonstrating that all literature estimates show discrepan-
cies (see Usher et al. 2024). The presence of ages near 0 Gyr or
20 Gyr in Fan et al. (2010) and Chen et al. (2016) further under-
scores the intrinsic challenges of GC age determination. These
comparisons therefore demonstrate that age estimation remains
notoriously difficult across methods, rather than indicating spe-
cific shortcomings of 7-DOC. Importantly, the metallicity sig-
nal we identified in 7-DOC’s latent space (Section 5.2.1) sug-
gests that metallicity information is already encoded in the net-
work’s features. This opens the possibility of extending future
versions of 7-DOC to jointly predict age and metallicity as ex-
plicit outputs, thereby providing a new approach to breaking the
age-metallicity degeneracy.

Figure 14 compares our ellipticity and position angle esti-
mates with those reported by Staneva et al. (1996). We find no
clear agreement for either of the quantities. The overall distribu-
tion for ellipticity is similar, however, but 7-DOC systematically
infers lower values. Discrepancies are to be expected given the
differences in methodology: Staneva et al. (1996) derived ellip-
ticities from iso-density contours, whereas 7-DOC was trained
on the intrinsic stellar distributions within the field of view, quan-
tified using the second-moment tensor method. These two ap-
proaches are known to produce systematically different results
even for identical stellar distributions (Fréour et al. 2026; Mark-
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Fig. 12. Distribution of the M31 GCs metallicities based on the OOD
classification. In-distribution GCs are typically more metal poor and
thus closer to the metallicity for the training data, while OOD clusters
typically are more metal-rich, highlighting a limitation of the current
dataset.

lund et al. in prep.). Furthermore, Fréour et al. (2026) demon-
strated that ellipticity measurements for more spherical distribu-
tions (e < 0.1) are known to produce large systematical overes-
timations and that these need to be bias corrected, which is not
the case for (Staneva et al. 1996).

A second important factor is spatial resolution and cover-
age. Ground-based observations inevitably have lower resolution
and typically a wider FoV than HST imaging. Outer cluster re-
gions, which dominate ground-based measurements, are gener-
ally more elliptical than inner regions (Fréour et al. 2026; Mark-
lund et al. in prep.). For spatially resolved clusters in the Milky
Way, Fréour et al. (2026) found that there typically is not a sig-
nificant difference between the measured flattening within 37509,
and 19rs0g,. On the contrary, the intrinsic flattening within and
outside rsg4 may show significant differences (Marklund et al.
in prep.); while our mock images extend beyond the half-mass
radius of the clusters, they remain confined to radii of approx-
imately 20 — 30pc (set by the chosen FoV of our images and
subject to the distance). This difference in spatial resolution and
radial coverage may naturally contribute to the observed offsets.

Although direct one-to-one agreement in ellipticity across
different studies should not be expected (Fréour et al. 2026), one
might at least anticipate reasonable agreement in position an-
gles for clusters that both Staneva et al. (1996) and 7-DOC iden-
tify as elliptical. As shown by the scatter in the bottom panel
of Fig. 14, this is only partially the case. The differences likely
reflect the difficulty of robustly measuring both ellipticity and
position angle for clusters that are only mildly flattened, and that
lie in crowded or low-S/N regions. In such regimes, choices of
isophote level, background subtraction, and fitting method can
all shift the inferred orientation, even when the underlying struc-
ture is similar. In particularly clear examples, such as Bol 232
(see Sect. 5.1), both morphology and orientation agree qualita-
tively with (Staneva et al. 1996), indicating that the method is
reliable when data are favourable.

These comparisons therefore provide only a limited way
to assess model performance, and the significant scatter be-
tween independent studies (including our own) suggests that
simple visual or method-to-method agreement should not be
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Fig. 13. Comparison of the 7-DOC mass and age estimates with those of Chen et al. (2016); Fan et al. (2010); Usher et al. (2024) for 109, 150,
and 113, GCs, respectively. The solid black line indicates a 1:1 relation, and the dotted lines mark 10° My, above which reliable coverage is not
expected (see Fig. 1). Points are colour-coded by the metallicity estimates from the respective studies. We find overall agreement in total mass to
within a factor of four, while acceptable age agreement is obtained only for low-metallicity GCs with Usher et al. (2024).

over-interpreted. More telling constraints on 7-DOC therefore
come from the controlled synthetic tests presented in Sect. 4,
where both ellipticity and position angles are recovered accu-
rately over a broad range of configurations.

6. Discussion

In this section, we explore a few preliminary avenues for im-
proving m-DOC and assessing the robustness of our results. In
particular, we test whether restricting the training set to higher-
S/N clusters or rebalancing the training towards specific parts of
the parameter space can yield measurable gains.

6.1. Limiting the dataset to brighter clusters

The majority of the simulations from the ROLLIN’ suite are both
low-mass and low density. At later times, after significant mass
loss due to both stellar evolution and dynamical processes, the
clusters become very faint (F814W mag > 18) and diffuse, mak-
ing it increasingly more difficult to distinguish them from the
background. Even though 7-DOC show an impressive robust-
ness to noise as, for example, demonstrated in Fig. 9, the es-
timates become increasingly less accurate and more biased to-
wards underestimating brightness (see also Fig. 8).

We therefore trained a smaller version of 7-DOC on a sub-
set (~ 50%) of the total training data where, in particular, we
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removed the low-mass and low-density ROLLIN’ simulations
(250k stars). Thus reducing the number of low-S/N images while
simultaneously increasing the prominence of the more massive
clusters (i.e. MOCCA models). We applied the same filtering
to the test set, creating a higher-S/N subset that, in principle,
should yield improved performance. However, no significant im-
provements were observed for the estimated quantities®®, nor
did the known biases (brightness underestimation, high-mass
deficits) diminish. This confirms that removing challenging low-
S/N cases from training does not enhance performance on the
remaining higher-S/N cases, indicating that the network’s lim-
itations reflect the intrinsic difficulty of the task rather than
training-set composition.

6.2. Task-specific improvements

The most massive clusters (2 10°® M) represent only a small
proportion of the training data, amounting to ~ 5% of the en-
tire training set. Additionally, because of mass loss (in particular
related to stellar evolution, see Bianchini et al. 2026), the most
massive clusters are exclusively populated by the MOCCA sim-

20 The corresponding mean errors as those shown in Fig. 6 are:
AF336W mag ~ 0.18 + 0.15, AF475W mag ~ 0.24 + 0.20,
AF814W mag ~ 0.43 + 0.24, AlogM/M, ~ 0.01 £ 0.12, AAge ~
-0.21 £ 1.1 Gyr, ADis ~ 15 + 37 kpc, Ae ~ —0.01 + 0.02, and
AP.A. ~ -0.21° + 9°, respectively.
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Fig. 14. Comparison between 71-DOC’s ellipticity and position angles
estimates for 105 GCs to those in Staneva et al. (1996). 7-DOC'’s el-
lipticity estimates are systematically lower than those of (Staneva et al.
1996), and the position angles show a poor overall agreement. This can
partially be explained by the degeneracy at 0°, 180° and overall small
values for ellipticity.

ulations for > 1 Gyr. Given the limited number of mock images
for these models, and in order for the network to see a more
balanced representation of the total parameter space, we con-
ducted some preliminary tests by training alternative versions of
7-DOC that were forced to see batches where at least 3%, 20%
of the images were associated to MOCCA models. While this
improved the massive end of the distribution, it significantly
worsened other estimates, particularly for ellipticity and the po-
sition angle. This suggests that 7-DOC can be fine-tuned towards
specific tasks, such as improving reliability at the high-mass end,
and that future versions can exploit this. For the purposes of this
paper, however, we prioritise a more general model with good
performance across all outputs.

7. Conclusions

Upcoming and ongoing large-scale photometric surveys are
rapidly increasing both the volume and diversity of observations
of GCs, spanning the local Universe and extending to higher red-
shifts. Fully exploiting the scientific potential of these datasets
requires robust and scalable methods, which can greatly benefit

from linking observational data to the underlying physical pro-
cesses typically captured by numerical simulations. Establishing
this connection between simulations and observations is there-
fore becoming increasingly important.

In this work, we introduced two complementary approaches
aimed at addressing this challenge. First, we developed the
forward-modelling framework Cremant, which transforms nu-
merical simulation snapshots into realistic mock observations.
Second, we presented the neural network 7-DOC, designed to
infer intrinsic dynamical and morphological properties of GCs
directly from multi-band photometric images. In particular, -
DOC performs field-star decontamination, reconstructs the un-
derlying 2D mass distribution, and infers the age, distance, el-
lipticity, and position angle of the GC. We found, in particular,
that the inclusion of pixel-CMDs significantly improves infer-
ence accuracy for ages and distances, likely due to a more ex-
plicit encoding of the shape of the associated isochrones. In addi-
tion, we found that the inclusion of multiple passbands (a change
from the original proof-of-concept algorithm) improves both ac-
curacy across all outputs and the time to reach convergence (see
Section 3).

In the synthetic tests (Section 4), representing a best-case
scenario in which the data closely match the training set, -DOC
achieves strong performance. Conservative confidence limits,
derived from the 20 scatter of the residual distributions, indi-
cate that cluster ages are recovered within ~2.5 Gyr even at low
S/N, with substantially improved precision at high S/N, while
masses are typically constrained within a factor of two across
the full S/N range, broadly consistent with estimates for fully
resolved Galactic GCs. A slight systematic underestimation of
mass is nevertheless present, particularly for massive clusters
(2 10° My), likely owing to their limited representation in the
training set. Ellipticity and position angle estimates are well
constrained for genuinely elliptical clusters, while lower ellip-
ticities (< 0.1) show a considerable spread. Distance estimates
remain broadly reliable, albeit with larger formal uncertainties.
The decontamination performs more reliably at high S/N, but to-
tal integrated magnitudes are systematically underestimated by
~0.56—-0.81 mag from blue to red passbands, producing a non-
negligible colour bias of up to ~0.3 mag, particularly at low S/N.
This performance at low signal-to-noise ratios, suggests that fu-
ture developments of 7-DOC could extend the framework toward
simultaneous GC detection and parameter inference.

Applied to the PHAT and PHAST GC samples in M31, our
pipeline produces mass estimates broadly consistent with liter-
ature values. Age estimates exhibit the expected scatter arising
from the age—metallicity degeneracy and from the metal-poor
nature of the training set ([Fe/H] < —1.3), while showing im-
proved agreement for low-metallicity systems, within typical lit-
erature uncertainties. Although the overall ellipticity distribution
of M31 GCs is consistent with that reported by Staneva et al.
(1996), with most clusters being only mildly elliptical (< 0.1),
this agreement does not extend to individual clusters. These dif-
ferences most likely arise from a systematic overestimation of el-
lipticities by Staneva et al. (1996), since methods applied to only
mildly elliptical clusters are known to be biased in this regime, as
demonstrated by Fréour et al. (2026), as well as from differences
in the observational data.

We also defined an explicit out-of-distribution classifier
which identified metal-rich GCs as one of the main current lim-
itations of the model. At the same time, the latent-space rep-
resentations already encode information related to metallicity,
suggesting that future extensions could jointly constrain age and
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metallicity while enabling a deeper exploration of the underlying
physical correlation encoded in the feature space by the network.

The diversity of observed GC properties further highlights
the need for more extensive simulation datasets, particularly at
high masses, high densities, and high metallicities, which re-
main underrepresented in the current training sample. Prelimi-
nary tests also indicate that 7-DOC can be optimised for spe-
cific inference tasks, for example by improving robustness at the
high-mass end, and similar gains may be achievable for other
parameters such as ellipticity as well. Such targeted approaches
may help reduce the need for extremely large simulation grids
and extensive training datasets. Recent studies, such as Thu-
ruthipilly et al. (2026), have also shown the benefits of employ-
ing domain-adaptation techniques to re-train neural networks on
different photometric studies, which further suggests that vast
training datasets tailored to specific surveys may not be neces-
sary. Future extensions of 7-DOC should attempt utilising such
techniques.

More generally, this work illustrates how forward modelling
combined with deep learning provides a scalable framework for
interpreting the next generation of large photometric surveys.
The inference speed of 7-DOC for the current set of input image
properties exceeds ~ 10 inferences per second, such that pro-
cessing all GCs within the footprints of the PHAT and PHAST
surveys requires less than half a minute. The current version of
m-DOC is limited to M31 and HST data (partly resolved GCs
observed in F336W-F475W-F814W or F475W-F814W) unless spe-
cial care is taken for fine-tuning or re-training. Upcoming exten-
sions should therefore focus on a more dynamic approach that
is robust across different surveys and telescopes, is invariant to
combinations of passbands (e.g. by randomly disabling certain
bands during training), and can handle a range of image sizes (a
necessity for more distant GCs). Nevertheless, we expect that re-
training such a variant of 7-DOC for other observational setups
will yield comparable performance for forthcoming wide-field
photometric surveys.
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Appendix A: Realism of mock images

Fig. A.1 shows a qualitative comparison between five mock im-
ages (top row) and five GCs from the PHAT survey (middle row).
The bottom row shows the corresponding pixel-CMDs.

Appendix B: Epistemic Uncertainty

For each input image, we perform 20 stochastic forward passes
(using a dropout rate of 0.1) and compute the mean and standard
deviation of the resulting predictions. We adopt the mean pre-
diction as the final model output, while the standard deviation
is used to quantify the model’s confidence. This procedure nat-
urally yields pixel-wise uncertainty maps for spatially resolved
outputs (e.g. mass and magnitude maps), as well as uncertainties
for our scalar regression targets: age, distance, ellipticity, and po-
sition angle. Because we predict the cos(2P.A.) and sin(2P.A.)
components rather than the position angle directly, and to ac-
count for the circular nature of angular quantities, the epistemic
uncertainty is estimated using the circular standard deviation.
Specifically, we convert each sampled angle to its unit-vector
representation (cos P.A., sinP.A.), compute the mean resultant
vector over stochastic forward passes, and derive the circular

standard deviation as ociyre = V—2In R, where R is the magnitude
of the mean resultant vector. The mean position angle is obtained
from the averaged P.A. = % arctan 2(sin(2P.A.), cos(2P.A))).

The resulting epistemic uncertainties are shown in Fig. B.1
against the absolute error of the predictions for the test set. We
see that the epistemic uncertainties, for all predicted quantities,
significantly underestimates the true error. Consequently, it does
not tell us much about the physical uncertainty in the prediction
of a cluster, but rather indicates the confidence level of 7-DOC’s
prediction.

Appendix C: 7-DOC in two versus three passbands

We use two versions of 7-DOC for the survey analyses: ﬂ-DOC3C

for PHAT and 7-DOCS for PHAST, the latter being limited to
two passbands. To assess the effect of the missing F336W pass-
band, we directly compare the two networks and their predic-
tions for the mock images in our test set. Figure C.1 shows that
the networks generally agree within the typical confidence limits
(Section 4.2). However, ﬂ—DOCg systematically predicts higher

masses above 10° M, higher ages below 8 Gyr, and larger dis-
tances.

A similar comparison for the PHAT GCs reveals the same
overall trends. In general, the two networks agree reasonably
well for most quantities, although with non-negligible scatter.
The mean absolute discrepancies are approximately 0.36 dex for
the luminosity in both passbands (F475W and F814Ww), 0.35 dex
for mass, 1.75 Gyr for age, 25.1 kpc for distance, 0.03 for ellip-
ticity, and 50° for position angle.

Agreement is particularly good for age across the full range
of values. For luminosity, however, n—DOC§ tends to predict
brighter values for the faintest objects, suggesting that the third
passband is especially informative for low-luminosity GCs; note
that this regime is not covered by the test set. At the bright end,
the opposite trend is seen, with ﬂ-DOC§ predicting luminosi-
ties higher by a factor of ~ 2. A similar trend is seen in mass,
although ﬂ-DOCg also shows a systematic shift toward higher
masses. As a result, its estimates are in closer agreement with
those of (Chen et al. 2016; Usher et al. 2024). Distances also
agree well overall, although ﬂ-DOCBC more often predicts shorter
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Table D.1. Convolutional block used in E1 and E2.

Layer Activation Input Output
COHVZD(NF y (3 ’ 3)) ReLu X0 X1
BatchNorm - X1 X
SpatialDropout2D - X2 X3
COHVZD(NF ’ (3 ’ 3)) ReLu X3 X4
BatchNorm - X4 X5
SpatialDropout2D - X5 X6
Concatenate - X3,X6 X7
MaxPooling2D(2,2) - X7 Xg
Block output - - X3, X8
Notes. Ny indicates number of filters (see Fig. 2).
Table D.2. De-convolutional block used in D1 and D2.
Layer Activation Input Output
Conv2D(Ng, (3,3)) ReLu Xg Y1
BatchNorm - yi V2
SpatialDropout2D - b V3
UpSampling2D(2,2) - 3 V4
Concatenate - Vas X3,%5 s
Conv2D(Ng, (3,3)) ReLu Vs Ve
BatchNorm - Y6 V7
SpatialDropout2D - V7 Y8
Concatenate - Y8, X8, XS Yo

Notes. € indicates outputs from the colour-branch of the network (E2).

Table D.3. The two convolutional blocks of the feature extractor (E3).

Layer Activation Input Output
Conv2D (16, (5,5)) ReLu CMD X1
BatchNorm - X1 Xo
MaxPooling2D(2,2) - X X3
SpatialDropout2D - X3 X4
Conv2D(32, (3,3)) ReLu X4 X5
BatchNorm - X5 Xg
MaxPooling2D(2,2) - X6 X7
SpatialDropout2D - X7 Xg
Block output - - X3

distances, possibly because the additional pixel CMDs improve
the distance inference. Ellipticity is concentrated near e ~ 0.1,
indicating that it is only weakly constrained; this is consistent
with the synthetic tests, where nearly spherical clusters tend to be
overestimated and objects with e < 0.1 show substantial scatter.
Position angle shows the largest discrepancies, likely because
most clusters in the sample are only mildly elliptical. By con-
trast, the synthetic tests in Section 4 showed that more elliptical
clusters (e 2 0.1-0.15) are well constrained, implying that such
objects would likely have produced a clearer signal in the real-
sample predictions.

Appendix D: Tables

Man that table be ugly... need to include which version of n-
DOC the prediction is associated to also. Perhaps to make space,
for this table we remove the OOD column and just show in-
distribution examples? Maybe I can remove the Ra and Dec here,
keep only magnitudes (luminosities are a bit redundant, or alter-
natively vice versa)
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Mock images
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Fig. A.1. Qualitative comparison of mock images (top row), real images (middle row), and the corresponding pixel-CMDs (bottom row) for M31
GCs. The clusters resemble each other in appearance: similar sizes, shapes, and brightness. Although there are differences, especially noticeable in
the pixel-CMDs, each respective image’s background brightness, distance, age, metallicity, likely contribute to the shifts in magnitude and colour.
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Fig. B.1. Epistemic uncertainty compared to actual errors for each predicted quantity. In all cases, the epistemic uncertainty significantly underes-
timates the error.
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Fig. C.1. Comparisons of estimates between n—DOC? (x-axis) and ﬂ—DOCf (y-axis) for the total luminosities (within FoV) in F475W and F814W
passbands, total mass (within FoV), age, distance, ellipticity, and position angle. The networks typically agree (black line shows 1:1 correspon-
dence), however, they show some intrinsic scatter with respect to each other for the test set (red points). This scatter is also seen for the estimates
of M31’s GC properties which otherwise follow the distributions of the test set.

Article number, page 24 of 25



Arn Marklund et al.: Predicting Images for the Dynamics Of globular Clusters: 7-DOC

I LLOF6E£T9  TO0FS00 SI'EIFOS0L8 LOTFS8TI 000FCI'y T00FLI6L T00FT88L T00F6L6I +CTI¥ 6801 0T 66J1L
0 TLOFCLIVL TOOFOT0  LLOTFSLYI8 O0SOFLLEL 000F Ly T100FI1€6l T100F 9881 000F €L'61 T8Iy O€TI 69 1€ W 86331
I YCTFIE06  T00F600 LI'OFSSSLS  LYOFEHEl 000F66'€ 8I0OFOI6I +0O0F#S61 100FL80T 9 Iv  S601 L1€ 9E6IN]
I 9’0 F 69°0rL  T00F900 OF0T FLEYSS 890FHLIT 000F8EH T100F 961 100F9T6I 000F9T0C 0€Ty LTI €1T €09 L00TOTH]
I ITOFSHLL  TO0OFOI0 98TIFIN6S8 8EOF68CI 000F98°€E LTOF8YSI LTOFECST $TOFHE9L To'Iy  +T11 191 €29 L00TOT]
I €60F66S6  800F ¥I'0- SSOTFOLSSL OI'PFSEIT 000FS8S TO0FCLYL T0O0FETHL T00F80ST 6T T 1L0I €19
I mﬁ FIF60I TOOFITO 090CFLYTHS 0SOFH8El 000 F LEE TOOFCHIT TOOFSTIC TOOFOELTC Ty OLOI 6c1d
I I'OFI06IT TO0OF800 169TFEEL8L OI'TFESS  000F90S T00FLLLL TOOFICLL T00FTT8L ITIF 8901 9z1d
I S.o FRET6  6I'0FTE0- 9TESFSHSIS E€FLFHCLL 000FLT9 TO0OFIOVL 000FE€SEl 000 F €¥vl  9TIH  L9OI veid
I LEOFEELS  TOOFSO0 €TOIFOV86L LOTFOLS 000F9€S 000F99L 000F86SI 000F+891 6T 1+ S901 611d
I 6S0F0£98 CTO0OFEO0 O[9I FEI9LL LTTIFOTS 000F6I'S TOOFERIL T00FLF9L T00FIFLL €CIF  +901 srid
I 0£0FS0Cr TO0OFE00 96 ITFEOLLL 90T FER0I 000F80S <TOOFLELL T100FE0LI T100F0081 0€Iy 901 g
I SI'OFCTHOI 100F SO0  E€6LFE6SHL  v60FTLL  000F 0SS TOOFLSOL TOOF609I €00F869I €€I¥y €901 Lord
I [E€0F 878  TOOF SO0 SIPIFSE08L €80F9I'8  000F60S T100F09LI T00FSI'LI T00F €081 61y 7901 o1
I ECTFCIBIT TOOFEO0 EILFO60LIL 660F€86 000F#S'S TOOFHE9L T00F009T T00F9691 0€Iy <TI0l cord
0 800FE€FY9  TOOFHI'0 169FCCE88  190F 6501 000F SOF TOOFLS6L TOOFECH6l T100F0F0C 961F €F 11 0¥ vd
0 6€TF€88L T00FCO0 6201 F€LTS8 T0TF68TT 000F €IS T00FTSLL TOOFEILL TO0FOIST  L8TI¥ +H1I 76STSTH+6977SH00r dV
I 160 F 1066 900 F91°0- 6£LZF808EL SOEFE6OT 000FL6S 000F8I'FT 000F69°€T 000FLSHT  LTIY 9901 S HOV
I ITTF968S TO0OFLOO €6SIF68T108 €OTFHOIT 000F¢8F T00F8E8I [00FT08L 100F 6681 €Ty +901 ¥ HOV
I LTOF VLT  TOOFHO0 ILOTFELTC8 TTTFLTL 000FSSH T00FIT6I T00FI88T T00F 6961 STI¥ +LOI ST HOV
I ITOF 160  TO0F900 HEEIFHT88L HOTF66'6  000F9TS 000F I#'91 000FS6'ST 000 F ¥891 6T 1y #9701 1 HOV
I EFOFOTIFI  €00F SO0 099CFTI'SP8  LSTF880I I100FTCH T00FOF6l T00F+061 T100F€00C 1Ty 9L0I TI HOV
I 0I'0FS0Tr T00F900 +PL6FOL198 80FSHEL 000FLLE TOOFTR6I T100FOF6I T100F0€0C 9Ty SI'TT  19TECTH+68THH00l SSVINT
I TLTFOPI6  T00FS00 SESTF99008 SSOFG66IT 000F9S+H TIOFBS8T TOOFEEL8T TOOFSI'61 8LIv €OTI  €TOLPIF+06L0VH00f SSVINT
0 EI'0FG9TC  100F600 TS6F6SH98  LLOFO6EYI 000 FL6E T00FIL6L T00FI¥6l [00F8E0C IS TF TS8OI  6TEOEIP+I6SIEFOOr SSYINT
3op ody IKD) Xop Sewr Sew Sew 3op 3op
doo  'vd Aondyg ~ eoueysiq o3y CW/W 30l MpI8d MSLPA MIEEd 2 ey oweN

-angoreles 191snyod 1e[nqo[n “p°(I AL

Article number, page 25 of 25



	Introduction
	Real and synthetic data
	Real GC data
	Mock data
	Modelling noise
	Building the datasets

	Network
	Input data
	Output data
	Network architecture
	Training

	-DOC's performance on mock images
	Performance on test set
	Biases within the network
	Dependence on the brightness of clusters
	Robustness to noise

	Reliability of predictions

	Application to M31 GCs
	Demonstrating -DOC's performance on real observations
	Inference of GC properties within the PHAT and PHAST footprints
	OOD GCs
	Comparisons with other studies


	Discussion
	Limiting the dataset to brighter clusters
	Task-specific improvements

	Conclusions
	Realism of mock images
	Epistemic Uncertainty
	-DOC in two versus three passbands
	Tables

