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ABSTRACT

We introduce a novel halo/galaxy matching technique between two cosmological simulations with different
resolutions, which utilizes the positions and masses of halos along their subhalo merger tree. With this tool,
we conduct a study of resolution biases through the galaxy-by-galaxy inspection of a pair of simulations that
have the same simulation configuration but different mass resolutions, utilizing a suite of ILLUSTRISTNG
simulations to assess the impact on galaxy properties. We find that, with the subgrid physics model calibrated for
TNG100-1, subhalos in TNG100-1 (high resolution) have < 0.5 dex higher stellar masses than their counterparts
in the TNG100-2 (low-resolution). It is also discovered that the subhalos with Mg, ~ 1085 Mg in TNG100-1
have ~ 0.5 dex higher gas mass than those in TNG100-2. The mass profiles of the subhalos reveal that the dark
matter masses of subhalos in TNG100-2 converge well with those from TNG100-1, except within 4 kpc of the
resolution limit. The differences in stellar mass and hot gas mass are most pronounced in the central region.
We exploit machine learning to build a correction mapping for the physical quantities of subhalos from low- to
high-resolution simulations (TNG300-1 and TNG100-1), which enables us to find an efficient way to compile a
high-resolution galaxy catalog even from a low-resolution simulation. Our tools can easily be applied to other
large cosmological simulations, testing and mitigating the resolution biases of their numerical codes and subgrid

physics models.

Keywords: galaxies:formation — galaxies:evolution — galaxies:haloes — galaxies: statistics — cosmology:
theory — cosmology:dark matter — cosmology:large-scale structure of Universe — methods: nu-

merical — methods: analytical

1. INTRODUCTION

Emerging as powerful tools in modern astrophysics, cos-
mological simulations enable scientists to study the forma-
tion of dark matter (DM) halos, galaxies, and large-scale
structures. DM-only (DMO) simulations, paired with semi-
analytic models, have achieved significant success in advanc-
ing galaxy formation theory (e.g., Lacey & Cole 1993). Fur-
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thermore, the increase in computational power has also paved
the way for the reproduction of baryonic components — such
as the interstellar medium, stars, and black holes (for a recent
review, see Crain & van de Voort 2023). However, even as
the resolution of these simulations improves, it remains com-
putationally challenging to fully resolve the intricate physics
of many processes of interest.

Given the complexities of baryon physics and the differ-
ences in resolution scales, a purely ab initio approach is im-
practical. This is where subgrid models become indispens-
able in cosmological simulations, serving as a mechanism
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to implement crucial baryonic physics — star formation and
feedback, interstellar medium, massive black hole (MBH)
accretion and feedback, and so on — when the computa-
tional resolution is limited. The same model, however, can
behave differently based on the numerical scheme and reso-
lution employed in the simulation (Schaye et al. 2015). To
enhance the reliability of simulations, it is crucial to quantify
the impacts of resolution on the subgrid recipes.

Schaye et al. (2015) introduced the terms ‘weak conver-
gence’ and ‘strong convergence’ in the context of numer-
ical simulations’ predictive power with respect to observ-
ables. ‘Strong convergence’ is achieved when the subgrid
model yields consistent results across different resolutions.
However, most observables exhibit only ‘weak convergence’,
meaning that the results require re-calibration of the subgrid
parameters with changes in resolution to some extent. For
example, the EAGLE simulation (Schaye et al. 2015; Crain
et al. 2015) exhibits a good weak convergence in the galaxy
stellar mass function. This means that the convergence of
the galaxy stellar mass function is achieved by adjusting
the feedback parameters for a different resolution accord-
ingly. However, a strong convergence test — conducted with-
out calibrating subgrid parameters — shows that the galaxy
stellar mass function at M, ~ 10° Mg in a simulation with
8 times better mass resolution is 0.4 dex higher. Schaye
et al. (2015) also tested the convergence of the recalibrated
model — feedback parameters were adjusted to achieve the
galaxy stellar mass function — in the other properties. They
found a good weak convergence in terms of galaxy sizes,
black hole mass, and star formation rate for a given galaxy
stellar mass in the EAGLE simulation. However, for the
mass—metallicity relation, the strong convergence test yields
significantly better results than the weak convergence test
with the recalibrated model. This result suggests that, while
weak convergence can be achieved for some properties by
adjusting subgrid parameters with resolution, other proper-
ties may not converge using these parameters.

Resolution convergence have been studied in large-scale
cosmological simulation, using matter power spectrum (van
Daalen & Schaye 2015; Schneider et al. 2016; Snaith et al.
2018), gas fraction (Crain et al. 2007; Davé et al. 2013; Qin
et al. 2017; Ludlow et al. 2020), internal structures of dark
matter halos and stellar kinematics (Ludlow et al. 2019, 2020,
2023), major mergers (Sparre & Springel 2016), and com-
pact galaxies (Chabanier et al. 2020). In the ILLUSTRISTNG
(TNG hereafter) simulations, Pillepich et al. (2018a) investi-
gated the effects of varying numerical resolution while main-
taining a fixed subgrid physics model. They observed that
as the resolution increases, galaxies tend to have higher stel-
lar masses. They also found that, for a given stellar mass,
the increased resolution results in higher black hole mass
and metallicity. In their highest resolution run, TNG50, a

convergence test was conducted on morphological properties
such as galaxy sizes, disk heights, and kinematics (Pillepich
etal. 2019). Comparisons of various other properties, such as
stellar morphologies and star-forming activities (Zanisi et al.
2021) and the radial distribution of satellite galaxies (Riggs
et al. 2022) with simulations of different resolutions within
the TNG suite have also been performed.

However, most of these resolution studies have been
done through several key scaling-relation comparisons, not
galaxy-by-galaxy comparisons. This is primarily due to the
difficulty of matching halos and galaxies in simulations with
different resolutions. It is therefore notable that in com-
parison studies between hydrodynamic simulations and their
DMO counterparts — where the number of dark matter parti-
cles is identical in both simulations — researchers have been
able to directly investigate the role of baryonic physics by
matching galaxies across the two types of simulations (e.g.,
Sawala et al. 2013; Schaller et al. 2015). Lovell et al. (2022)
adopted a similar matching technique, and applied a machine
learning (ML) method to correct the differences induced by
baryonic physics. These comparison studies were possible
because DMO simulations, in most cases, start from the same
initial conditions and with the same DM particle IDs as used
in the hydro simulations. If the DM particles in both the hy-
drodynamic and DMO simulations share the same particle
numbering scheme, matching pairs of halos can be readily
identified by locating the halo containing particles with same
particle IDs (e.g., as demonstrated by Schaller et al. 2015).
This indicates that they originated from the same patch re-
gion in the initial conditions.

Applying this matching technique directly to pair ha-
los/galaxies in high- and low-resolution simulations is chal-
lenging because the numbers of DM/gas particles are dif-
ferent in the two simulations. In such cases, one possi-
ble solution is to trace each particle back to its initial con-
ditions and identify the nearest counterpart particle in the
other simulation (e.g., Ludlow et al. 2023). Instead, we
develop a physically-motivated matching algorithm that uti-
lizes the positions and masses of halos along the merger tree
in the matching process. Using this algorithm, we for the
first time perform a galaxy-by-galaxy resolution study with
our matching halo/galaxy catalogs, and investigate how the
galaxy properties differ with varying resolutions in the TNG
simulation suite. Moreover, inspired by ML techniques used
to paint baryonic properties onto DM halos in DMO sim-
ulations (e.g., Jo & Kim 2019; Lovell et al. 2022; Jespersen
et al. 2022), we seek to adjust the physical properties of halos
found in low-resolution simulations. As a first test, we imple-
ment an ML model for TNG300-1 subhalos which “corrects”
their properties to match those in a higher resolution simula-
tion, TNG100-1.
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Name Lpox [cMpc]  Npm mpym [Me] Mmgas [Mo] DM star [KPC] €gas, min [ckpe]  Feen [pe]
TNG50-1 51.7 21603 4.5%10° 8.5x 10% 0.29 0.074 5.8
TNG50-2 51.7 10803 3.6 x 100 6.8 x 10° 0.58 0.148 12.9
TNG100-1 106.5 18203 7.5 % 10° 1.4 % 10° 0.74 0.185 15.8
TNG100-2 106.5 9103 6.0 x 107 1.1x 107 1.48 0.369 31.2
TNG300-1 302.6 25007 6.0 x 107 1.1x 107 1.48 0.369 31.2

Table 1. The key parameters for the TNG simulation suite used in our study. From left to right: the box length (in a comoving unit), number
of DM particles, DM particle mass, target baryon mass, Plummer equivalent gravitational softening length of the DM and stellar particles,
minimum value of the adaptive gravitational softening length for gas (in a comoving unit), and median gas cell radius. Note that the gas cell
mass has continuous values centered around the target baryon mass, mgas, within a factor of two (Pillepich et al. 2018a). See Pillepich et al.
(2019), Nelson et al. (2019a), or the TNG Collaboration website for a detailed list of the parameters.

The remainder of this paper is organized as follows. In
Section 2, we describe the simulation suite used, the subhalo
matching technique, and a brief illustration of the ML model
employed. In Section 3 we demonstrate that, while DM halo
properties exhibit strong resolution convergence, the bary-
onic properties change with resolution (Section 3.1). We fur-
ther investigate the differences in the radial mass profiles of
the subhalos (Section 3.2). We then apply an ML method to
“correct” the resolution biases in stellar mass, gas mass, and
metallicity (Section 3.3). Lastly, in Section 4, we discuss
the validity of our matching catalogs and analyze which halo
features are more influential in our ML model.

2. METHODOLOGY
2.1. ILLUSTRISTNG Simulation Suite

ILLUSTRISTNG (TNG in short) is a series of large cos-
mological simulations using the moving-mesh code AREPO
(Springel 2010). TNG implemented various sophisticated
subgrid physics model including magnetohydrodynamics
(Pakmor et al. 2011; Pakmor & Springel 2013), black hole
accretion and feedback (Weinberger et al. 2017), galac-
tic winds and stellar evolution (Vogelsberger et al. 2013;
Pillepich et al. 2018a), and metal advection (Naiman et al.
2018; Pillepich et al. 2018a). In this paper, we primarily em-
ploy four simulations in their suite: TNG100-1, TNG100-
2, TNG50-1, and TNG50-2. TNG100-1 served as the fidu-
cial simulation for which the subgrid physics model param-
eters have been calibrated, with a box size of (106.5 chc)3
(Nelson et al. 2019b)." The physics model and parameters
used in TNG100-1 were implemented in all TNG simula-
tions. TNGS50-1 was the highest resolution run in the TNG
suite, with a smaller box size of (51.7 cMpc)?. TNG100-2
(TNG50-2) was a lower-resolution counterpart of TNG100-
1 (TNG50-1). With the same initial condition, each parti-

! For the calibration, the cosmic star formation rate density as a function of
time, the galaxy stellar mass function at z = 0, and the stellar-to-halo-mass

relation at z = 0 are used (Pillepich et al. 2018a).

cle mass in TNG100-2 (TNG50-2) is 8 times higher than the
flagship run, TNG100-1 (TNG50-1). The mass and spatial
resolutions of these simulations are listed in Table 1, includ-
ing TNG300-1 which is used for the analysis in Section 3.3.
To construct the matching algorithm in Section 2.2, we em-
ploy TNG100-1-Dark and TNG50-1-Dark, the DMO coun-
terpart simulation of TNG100-1 and TNG50-1, respectively.
The pair of simulations have an identical number of DM
particles, but lack the baryon components. Therefore, the
DM particle mass in TNG100-1-Dark and TNG50-1-Dark
is Qmatter/Qpm times higher than that in the hydrodynamic
simulations.

TNG implemented different softening lengths by mass res-
olution, following £pw,stars = Lbox /N /40 for DM and stel-
lar particles, where Lyox is the simulation box length and Npm
is the total number of DM particles (Pillepich et al. 2018a).
The adaptive softening length of gas followed a5 = 2.5 7cert,
where r. is the effective radius of a gas cell (Pillepich et al.
2018a). The black hole kernel-weighted neighbor number

was also scaled with the resolution as 7, o< mb_aiégn (Wein-
berger et al. 2017). In addition, due to numerical reasons, the
physics model for TNG50 was slightly modified — specifi-
cally, the dependence of the star formation timescale on gas
density (see Section 2.2 in Nelson et al. 2019a). Except for
these listed above, all the physics models are identical across
all TNG simulations, regardless of the resolution. Most no-
tably, all TNG simulations adopt the same star formation
density threshold, nyg ~ 0.1cm—3, above which stochastic
star formation occurs (Pillepich et al. 2018a).

DM halo catalogs distributed by the TNG Collaboration
were compiled using halos identified by the Friends-of-
Friends algorithm (FoF; Davis et al. 1985). The subhalos,
which are self-bounded substructures like the central and
satellite galaxies within the halos, were further identified us-
ing the SUBFIND algorithm (Springel et al. 2001; Dolag et al.
2009). In this work, the gas mass and stellar mass of the sub-
halos represent the total mass of components bound to the
subhalos, determined by the SUBFIND algorithm. From the
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Figure 1. Schematic diagram of the subhalo matching method between TNG100-1 (high-resolution) and TNG100-2 (low-resolution) using
machine learning (ML). We start from subhalos in TNG100-1 and their DMO counterparts in TNG100-1-Dark, where the subhalo matching
catalog already exists (first panel from top left). We extract positions and masses of each subhalo along the main branch of their merger tree,
and evaluate the similarity scores for all possible pairs between subhalos in TNG100-1 and TNG100-1-Dark (second and third panel). The
matching function is governed by several parameters as described in Eqs.(1) and (2). After we tune the parameters that optimally predict the
existing catalog (fourth panel), the matching function with the optimal set of parameters is used to construct a matching catalog between the
subhalos in TNG100-1 and TNG100-2 (fifth panel). See Section 2.2 and Appendix A for a detailed description of the pipeline.

snapshot 0 (z=20.05) to snapshot 99 (z = 0), subhalos across
cosmic times were linked together in a merger tree using two
different algorithms: LHALOTREE (Springel et al. 2005) and
SUBLINK (Rodriguez-Gomez et al. 2015). For a detailed
comparison of the similarities and differences between the
two algorithms, refer to Nelson et al. (2015). Unless speci-
fied, we use the SUBLINK merger trees for our analyses.
Since the DM particle IDs in the hydrodynamic simu-
lations and their DMO counterparts are numbered in ex-
actly the same way, the TNG Collaboration provides subhalo
matching catalogs between the hydrodynamic and DMO runs
(Nelson et al. 2015). For each subhalo in the hydrodynamic
simulation, the subhalo with the largest number of the shared
DM particles in their LHALOTREE merger trees in the DMO
run was chosen to be the best-matched candidate. After re-
peating the process, but this time finding a best-matched can-
didate in a hydrodynamic run for a subhalo in the DMO run,

only the matching pairs that were bijectively matched (i.e.,
both directions yield identical matching results) were saved.

2.2. Matching Subhalos Between Simulations

To construct and test the matching algorithm, we start
with TNG100-1 and its counterpart DMO run, TNG100-1-
Dark, where matching catalogs between the two simulations
are provided by the TNG Collaboration (Section 2.1). Dur-
ing this training phase, our aim is to determine the optimal
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Figure 2. (left) The accuracy of the matching method compared to the existing subhalo matching catalog. Matching accuracies for subhalo
matching between TNG100-1 and TNG100-Dark are represented by blue circles, and those between TNG50-1 and TNGS50-Dark by orange
triangles. Central subhalos (the primary subhalo in its FoF group) and satellite subhalos are differentiated by solid and dashed lines, respectively.
The matching accuracies of central subhalos in both simulation pairs remain ~ 0.995 across all subhalo mass ranges, while the matching
accuracies for satellite subhalos are relatively lower. Note that at the high mass end, with Mpy; > 10'4 M, only central subhalos in TNG100-1
exist in the test set. (middle and right) The fraction of subhalos in the high-resolution simulation for which their counterparts in the low-
resolution simulation are identified by our subhalo matching method (and vice versa). The gray vertical lines indicate 3 x 10° My and 3 x
103 My, in the middle (for TNG100) and right panel (for TNG50), respectively. For over 98% of subhalos with mass Mpa, > 10'°M in
TNG100-1 (TNG100-2), their matching pairs are identified in TNG100-2 (TNG100-1). See Section 2.2 for more details.
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We first evaluate the “similarity” between a subhalo in

TNG100-1 (denoted as “hydro”) and a subhalo in TNG100- Here, ¥, Wiass» Wi, and b are parameters that we have trained

1-Dark (denoted as “DMO”). This evaluation begins with ac-
quiring the positions and masses of all the halos at z =0 along
the main branches of their merger trees, X?ydm,X]I)MO, ml;ydm,
and mPMO, where [ indicates a snapshot number (ranging
from Nggare to 99, with Ny indicating the snapshot of the last
leaf on main branch). Our goal is then to determine whether
the two subhalos have similar positions and DM masses at
all times along the main branches of their respective merger
trees. Specifically, we employ the following scoring scheme

to evaluate the similarity S between the two halos:

99
S=—"Y wif()+b, (1)

I=Nstart

where

2 The basic assumption here is that the optimal ML model for matching sub-
halos between high- and low-resolution simulations is very close to that
between hydrodynamic and DMO simulation. However, the optimal set
of parameters could be somewhat different between the two pairs of sim-
ulations. Therefore, in order to acquire a solid performance, we impose a
very strict criteria as we build our training set, selecting only the subhalo
pairs that are bijectively matched between two simulations (Section 2.1),
and those with prediction probabilities higher than 0.7 (Appendix A).

using TNG100-1 and TNG100-1-Dark pairs, choosing pa-
rameters that optimally predict the “true” pair in the existing
catalog provided by the TNG Collaboration.> We calculate
the distance, [x/¥"® —xPMO| and mass ratio, |m* " /mPMO|,
in each snapshot 7, for all progenitors along the main branch
of the merger tree. If a subhalo in the DMO simulation
has no progenitors in a certain snapshot (e.g., when the sub-
halo formed at a later epoch), we impose a penalty value of
F(I) = p to that pair. The value of p is also determined dur-
ing the training phase. The score S close to zero means that
the two subhalos in two simulations formed at similar epoch,
and have almost identical growth histories in terms of their
DM masses and positions.

In the left panel of Figure 2, we present the accuracy of
matched pairs, defined as the fraction of predictions that are
identical to those from the existing catalog, tested between
the hydro and DMO simulations. For verification purposes,
we allocate 60% of the simulation volume to the training set
and 20% each to the validation and test sets. The results from
the test set indicate that, for the pairs predicted by our match-
ing algorithm, 99.6% of the central subhalos are matched

3 The parameter b, known as the bias term, does not have a direct physi-
cal meaning. Instead, it is utilized when computing the probability with a
softmax function, that a given subhalo is a true counterpart.
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identically with the catalog provided by the TNG Collab-
oration. However, the satellite subhalos exhibit relatively
lower accuracy, with 87.5% of subhalo pairs in TNG100 and
84.3% in TNGS50 being correctly matched. It is noteworthy
that most of the incorrect matches are attributed to subhalos
lacking counterparts in the existing matching catalogs. Our
model shows a limitation in eliminating those subhalos from
the catalogs, occasionally pairing with subhalos considered
to have a similar growth history. A similar, possibly lower
level of accuracy is expected when the model is applied to
actual datasets, comparing the high- and low-resolution sim-
ulations. In Section 4.1, we further discuss that most of those
pairs we match originate from a similar dark matter patch
in the initial condition. However, for some pairs, the extent
of the similarity — measured by the fraction of shared DM
particles — is insufficient compared to those in the existing
catalog by the TNG Collaboration.

During the application phase, we utilize the trained
machine to match subhalo pairs between high-resolution
(TNG100-1) and low-resolution (TNG100-2) simulations.
By pairing the two subhalos with the highest similarity, we
construct the matching catalog between the simulations with
two different resolutions. We apply the same matching pro-
cess for TNG50-1 and TNGS50-2. The fraction of subhalos
that have a counterpart in the other simulation is shown in
Figure 2. We are able to identify matching subhalos for
over 98% of those with Mpy > 101°M,, in TNG100-1 or
TNG100-2 (or Mpy > 107 My, in TNG50-1 or TNG50-2). In
contrast, the fraction drops dramatically for subhalos close to
the halo mass threshold of 2 x 10° M, or 33 DM particles for
TNG100 (or, 2 x 108 M, or 55 DM particles for TNG50).
This drop occurs mainly due to the cases where one of the
subhalo pairs falls below the mass threshold. Therefore,
for most of the subsequent analyses we employ the matched
pairs in which DM masses in both of the simulations exceed
3 x 10° M, or 50 DM particles for TNG100 (or, 3 x 103 M,
or 82 DM particles for TNG50; the gray vertical lines in Fig-
ure 2). We refer the interested readers to Appendix A for the
detailed explanation of the matching process.

2.3. Machine Learning Model To Correct Low-resolution
Subhalos

Because the properties derived from lower-resolution
galaxies are biased, we compensate for the resolution differ-
ence with a model trained on the high-resolution simulations.
We employ LIGHTGBM (Ke et al. 2017), a modified version
of the gradient tree boosting algorithm, and construct three
ML models — each predicting stellar mass, gas metallicity,
and gas mass. In the algorithm, rather than training a sin-
gle decision tree, an ensemble of decision trees is iteratively
trained. Each subsequent tree emphasizes correcting the mis-
takes of its predecessor by assigning greater weight to exam-

ples that the previous tree found challenging to predict. How-
ever, unlike traditional gradient boosting algorithms which
build trees level (depth)-wise, LIGHTGBM employs a leaf-
wise growth strategy, splitting the leaf with the maximum
loss reduction. For an in-depth discussion of LIGHTGBM
and the tree boosting algorithms, see Ke et al. (2017).

For our input data, we utilize 23 features for each snapshot,
encompassing both the subhalo properties and their host halo
properties. The features used are detailed in Table 2. It is
worth to note that, inspired by the previous studies that ei-
ther preprocessed the temporal history of a target halo into
tabular data (Jo & Kim 2019), or those that used the merger
trees themselves as inputs (McGibbon & Khochfar 2022; Jes-
persen et al. 2022), we extract all 23 features for all the main
progenitors of the target subhalo. That is, we use a total of
2300 features (23 features x 100 snapshots) as inputs for a
single subhalo. For the machine training we use the match-
ing subhalo catalogs from TNG100-1 and TNG100-2 (Sec-
tion 2.2). We divide the subhalo pairs into 80% for a training
set and 20% for a test set. A 3-fold cross-validation method
is used for the hyperparameter tuning during the training.

As we will discuss in Section 3.1, a significant number of
subhalo properties at the lower-mass end of the subhalo sam-
ple have null values, due to the resolution limit of the simula-
tion. To properly handle our data with frequent zero-valued
properties (so-called “zero-inflated” data), we adopt a two-
step approach. We develop a binary classification model that
predicts whether a property (e.g., the gas mass of the subhalo)
is zero or not. For this model, we use the AUC-ROC score
(Area Under the Curve — Receiver Operating Characteristic)
as a metric. Then, for the subset that the initial model identi-
fies as possessing a physical component, we apply a regres-
sion model to predict the actual value of the property, using
the mean squared error (MSE) as a performance metric.

3. RESULTS

3.1. Galaxy-by-galaxy Resolution Study On Key Halo
Properties

In this section, we analyze the differences in subhalo prop-
erties between the high-resolution simulation (TNG100-1)
and its low-resolution counterpart (TNG100-2; see Section
2.2). In Figure 3, we show how three key halo properties that
are primarily influenced by DM and gravity — DM mass,
velocity dispersion, and peculiar velocity — differ between
TNG100-1 and TNG100-2. These properties show very sim-
ilar values even when the resolution changes, although the
subhalos’ velocity dispersions in TNG100-1 are ~ 4% higher
than in TNG100-2, especially at the high-mass end. This
agreement suggests that these subhalo properties exhibit ro-
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Feature name

Description

SubhaloMassTypel(@(®)
SubhaloMassType4 (@
SubhaloMassType0@
SubhaloBHMass(®
SubhaloVmax(@(®)
SubhaloVelDisp(® ()
SubhaloSpin(“)
VelSpinAngle
SubhaloVel(®(®)
SubhaloStarMetalli city(“)
SubhaloGasMetallicity(“)
SubhaloGasMetallicityMaxRad(a>
SubhaloHalfmassRadTypel (@)(®)
SubhaloHalfmassRadTypeéL(“)
SubhaloHal:EmassRadTypeO(“)
SubhaloSFR(@)
GroupMassTypel (@(®)(c)
GroupMassType4(a><C)
GroupMassTypeO(“><C)
GrouijTopHatZOO(”>(b)(")
GroquasMetallicity<“>(")
HostDistance®(©)

MainProgenitorMassFract ion(®(©)

Total DM mass of the subhalo

Total stellar mass of the subhalo

Total gas mass of the subhalo

Total black hole mass of the subhalo

Maximum value of the spherically-averaged rotation velocity

One-dimensional velocity dispersion of all the member particles/cells
Magnitude of the subhalo total spin

Cosine similarity between peculiar velocity and spin

Magnitude of the subhalo peculiar velocity

Mass-weighted average metallicity of the star particles

Mass-weighted average metallicity of the gas cells within twice the stellar half mass radius
Mass-weighted average metallicity of the gas cells within the maximum circular velocity radius
Radius containing half of the DM mass of the subhalo

Radius containing half of the stellar mass of the subhalo

Radius containing half of the gas mass of the subhalo

Sum of the star formation rates (SFRs) of all the gas cells in the subhalo

DM mass of the host halo containing the target subhalo

Stellar mass of the host halo containing the target subhalo

Gas mass of the host halo containing the target subhalo

Virial radius of the host halo containing the target subhalo

Mass-weighted average metallicity of the host halo containing the target subhalo
Distance between the subhalo and center of the host halo

Mass fraction of the main progenitor among all progenitors

Table 2. The list of features used in our ML model to correct the resolution biases of low-resolution subhalos to match their high-resolution
counterparts. We use these features along 100 snapshots of the main branch of each subhalo’s merger tree. The features marked with a
superscript “(a)” follow the same definition described in the TNG webpage, https://www.tng-project.org/data/docs/specifications/. For the
ablation study in Section 4.2, we classify some feature into the following types: the features marked with “(b)” can also be obtained in the
DMO simulations, and the features marked with “(c)” contain local environmental information.

bust convergence to changes in DM mass resolution.* We
conduct the same analysis for the TNG50-1 and TNG50-2
subhalo pairs, as shown in Figure 4. We find similar agree-
ments with the varying resolution.

Although we observe a robust “resolution-wide” conver-
gence for those three subhalo properties, there are noticeable
systematic discrepancies in baryonic characteristics between
different resolutions. In Figure 5, we compare four baryonic
properties: stellar mass, gas metallicity, gas mass, and black
hole mass. First, in panel (a), we observe that subhalos in
TNG100-1 have < 0.5 dex higher stellar mass than those in
TNG100-2 across the entire stellar mass range. The differ-
ence in stellar masses are attributed to the (subgrid) baryon
physics models in TNG, which exhibits a higher star forma-
tion rate and stellar mass in a simulation with higher reso-
lution (Pillepich et al. 2018a,b). Our results align with the

4 We suspect that the baryonic influence is the cause of the slight disagree-
ment in velocity dispersions, as they are computed using all matter compo-

nents within each subhalo.

earlier studies in which the stellar-to-halo mass ratio was
found to be a factor of two higher in TNG100-1 compared
to TNG100-2 for halos with Mpy ~ 3 x 10! M., (Pillepich
et al. 2018a). Note that some subhalos which lack a stellar
component in either of two simulations are excluded. In the
upper marginal panel, the black solid line represents the frac-
tion of subhalos of a given stellar mass in TNG100-1 that
also have stellar particles in their TNG100-2 counterparts.
One can see, for example, that less than half of the subha-
los with My ~ 107 M, in TNG100-1 have their counterpart
subhalos in TNG100-2 that contain non-zero stellar particles.
Conversely, the black dashed line in the right marginal plot
indicates the fraction of subhalos in TNG100-2 that also have
stellar particles in TNG100-1. Since it is easier for the subha-
los at better spatial resolutions to host a gas cell that exceeds
the star formation density threshold, many subhalo pairs have
stellar particles only in TNG100-1.

The difference in star formation rates results in higher gas
metallicities in the high-resolution versions of the two sim-
ulations, as depicted in panel (b) of Figure 5. Significant
scatters exist between the subhalo pairs, suggesting that the
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Figure 3. Subhalo properties at z = 0 that are primarily influenced by DM and gravity, depicted as a two-dimensional histogram. The
x-axis represents the values of subhalos in TNG100-1 (high-resolution run), while the y-axis represents the corresponding values of their
matched subhalos in TNG100-2 (low-resolution run). From left to right, the dark matter mass, velocity dispersion, and peculiar velocity of the
subhalos are presented. The color bar denotes the number of subhalos in each bin. The red dot-dashed line in each panel indicates a perfect
correspondence between two simulations. All three properties exhibit good convergence between the simulations of two different resolutions,
although the subhalos in the high-resolution run (TNG100-1) have a greater velocity dispersion at the high-mass end. See Section 3.1 for more

details.
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Figure 4. Same as Figure 3, but for TNG50-1 (high-resolution run) and TNG50-2 (low-resolution run). Again, the three properties show good

convergence with the varying resolutions.

metallicity variations are influenced not only by the resolu-
tion differences, but also by factors beyond the resolution bi-
ases, such as the baryon cycle in the galaxies (Oppenheimer
& Davé 2008). Here, the gas metallicity is calculated in a
region within twice the stellar half-mass radius. It is note-
worthy that for most of the subhalos in TNG100-1 with gas
metallicities of log[Zg,s/Ze) < —1.5, their counterpart sub-
halos in TNG100-2 have predominantly null values in gas
metallicity, due to resolution limit. In these halos, either the
gas components are absent, or the stellar components that de-
fine the stellar half-mass radius are absent. We note that sim-
ilar trends are found in panels (a) and (b) of Figure 6 when
comparing TNG50-1 and TNG50-2.

Next, in panel (c) of Figure 5 we compare the gas masses of
matching subhalos. While gas mass shows a relatively good
agreement between the two simulations for subhalos with
high gas mass (Mg,s > 10'° M), the gas mass in TNG100-2
tends to be higher than that in TNG100-1 for subhalos with
Mgas ~ 1083 Mg, seen as a “kink” in that mass range. For
these halos the gravitational potential well is relatively shal-
low (Mpm ~ 1010 M;). Therefore, stellar feedback and other
baryonic physics can expel gas from the gravitational po-
tential well of the halo (Schaller et al. 2015). The higher
star formation rate and the associated increase in stellar feed-
back in the high-resolution simulation (TNG100-1) results in
a lower gas mass than that in the low-resolution simulation
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Figure 5. Baryonic properties of the matching subhalos at z = 0 in TNG100-1 (high-resolution run) and TNG100-2 (low-resolution run),
illustrated as a two-dimensional histogram: (a) the stellar mass, (b) the gas metallicity, (c) the gas mass, and (d) the black hole mass of the
subhalos. The red dot-dashed line in each panel indicates a perfect convergence with respect to numerical resolution. Due to the higher
star formation rates in TNG100-1 with higher resolution, both the stellar mass and the gas metallicity in TNG100-1 are higher than those
in TNG100-2. Note that some subhalos are not included in these histograms since they lack either a stellar, gas, or black hole component
in one of the two simulations. The black solid/dashed lines in the marginal plots at the top and right of each panel indicate the fraction of
subhalos for which a given component is present in the counterpart simulation. The blue dot-dashed line in the top marginal plot of the panel
(c) depicts the fraction of subhalos that have any stellar particle in TNG100-1. Similarly, the orange dotted line shows the fraction of subhalos
that have a positive stellar mass in their TNG100-2 counterparts for a given Mg,s in TNG100-1. Here one can observe that, in the subhalos
of Mgys ~ 1039 M, star formation occurs only in TNG100-1 but not in TNG100-2. This entails a lack of stellar feedback in TNG100-2 that
would have otherwise expelled the gas. Consequently, the gas mass in TNG100-2 is higher than TNG100-1 at Mgas ~ 1039 M. See Section
3.1 for more in-depth discussion.

(TNG100-2). To verify this scenario, with a blue dot-dashed TNG100-2 that would have otherwise expelled the gas. Con-
line, we show the fraction of subhalos which have non-zero sequently, the gas mass of a subhalo in TNG100-2 tends to
stellar masses in TNG100-1. And with an orange dotted be higher than that in TNG100-1 at Mg, ~ 103> M.,. How-
line we plot the fraction of subhalos which have non-zero ever, we note that this “kink” is less pronounced in panel (c)
stellar masses in their TNG100-2 counterparts for a given of Figure 6 where we compare TNGS50-1 and TNG50-2. It is
Mg, in TNG100-1. Here one observes that in most subha- primarily due to the better numerical resolution of the lower-
los of Mgys ~ 103> M., stars form only in TNG100-1, but resolution simulation. The two simulations show relatively

not in TNG100-2. This entails a lack of stellar feedback in good convergence for Mg, 2 107> M.
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Figure 6. Same plot as Figure 5, but for TNG50-1 (high-resolution run) and TNGS50-2 (low-resolution run). While we observe similar trends
with the change in resolution as those presented in Figure 5, the differences in gas masses are less pronounced. See Section 3.1 for more details.

At the low-mass end of Mg, < 108 Mg, however, stars do
not form in most subhalos in either TNG100-1 or TNG100-
2. Having an insufficient number of gas parcels (< 10 parcels
in TNG100-2), the gas mass of a subhalo in TNG100-2 tends
to be lower than that in TNG100-1 at Mg,s < 103 M., or the
subhalo may even lack a gas component entirely.’

Lastly, there is a resolution-wide agreement in the mass of
MBH of a subhalo as can be seen in panel (d) of Figures 5
and 6. It shows similar black hole masses in both the high-
and low-resolution subhalos, except when near the resolution
limit of the low-resolution simulation, Mgy ~ 107 M, (for
TNG100-2) and ~ 10®>M, (for TNG50-2). For subhalos

5 While some studies with other numerical codes suggest that the baryon
fraction of galactic halos decreases more significantly at the epoch of reion-
ization as the mass resolution worsens (e.g., Qin et al. 2017), reionization
in the TNG model has marginal effects on the baryon masses of subhalos,

regardless of resolutions (Garaldi et al. 2022; Borrow et al. 2023a).

harboring an MBH, most of their counterparts in the low-
resolution simulation also have an MBH, unlike the trend
observed in gas and stellar components. This can be seen
in the marginal plot at the top of panel (d), which shows the
fraction of MBH-harboring subhalos in TNG100-1 (TNG50-
1) for which an MBH is also present in its matching halo
in TNG100-2 (TNG50-2). This behavior can be attributed
to the TNG physics model that implements an MBH seed
for all halo above a certain mass threshold (Weinberger et al.
2017). Since the seeding mechanism depends solely on the
DM properties — which show a great convergence as illus-
trated in Figures 3 and 4 — the black hole mass in the TNG
simulations exhibit robust numerical convergence with reso-
lution. We caution the readers about the difference between
TNG100 (Figures 5) and TNGS50 (Figures 6) observed at the
low-mass end. While subhalos in TNG100-1 tend to harbor
less massive MBHs than those in TNG100-2 do, subhalos in
TNGS50-1 tend to have more massive MBHs than those in
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TNGS50-2 do. This is because TNG100-1 and TNG100-2 use
different MBH seed masses (Myeeq), Whereas TNG50-1 and
TNGS50-2 adopt the same seed mass, Mgeeq = 8 x 107 A~ M,
(Weinberger et al. 2017).

3.2. Galaxy-by-galaxy Resolution Study On Radial Profiles
of Halos

After compiling the subhalo-matching catalog between
two simulations of different resolutions, we are able to con-
duct a galaxy-by-galaxy comparison study on the subhalos’
radial profiles. In Figure 7, we examine the differences
in the spatial distribution of particles within subhalos by
plotting the radial profiles of enclosed masses in TNG100-
1 and TNG100-2 (top row).® We also plot the mass ra-
tios in each radius bin (bottom row; dividing TNG100-2 by
TNG100-1). We group the subhalos into three mass bins
in units of Mpy /Mg as [101%3,10133], [10'19,10'%3], and
(10103 10'1]. Each is denoted in the figure as ~ 10'3,
~ 102, and ~ 10" M., respectively. We also limit our anal-
ysis to central galaxies, which is the primary subhalo in its
FoF group. Subhalos that possess no stellar particles, con-
stituting 10% of the lowest mass bin, are excluded from this
analysis. For reference, in each panel, we display vertical
dotted lines representing three times the gravitational soften-
ing lengths of TNG100-2, divided by the mean virial radius
of the halos in each mass bin, 3 x 86?,8 «ar/ (R200) (Pillepich
et al. 2019).”

In the first column of the figure, the DM mass shows strong
convergence between the two simulations, except near the
resolution limit (r/Ra09 < 0.01, 0.02, 0.05 for each mass bin,
or r < 4 kpc), where the density in the low-resolution sim-
ulation is approximately 60% of that in the high-resolution
simulation. This result is in line with previous studies, such
as Jing & Suto (2000). The baryon components such as stars
and gas display more significant differences than what is seen
in the DM profiles. In the second column, the deficit in stellar
mass in the low-resolution simulation is more pronounced in
the inner region, within a few times of the gravitational soft-
ening length, compared to that in DM mass. Moreover, the
median ratio in the outer region situated ~ 0.6, showing clear
deficit of stellar particles in the low-resolution galaxies with
Mpm ~ 1013 and ~ 10'2. This trend can be observed more
clearly in the lowest mass bin, Mpy € [1010'5, 10“'5}M@,
where the median value of the stellar profile ratios is lower
than 0.4 at all radii.

We label gas parcels with T < 10*°K as cold gas and the
remainder as hot gas, following Rohr et al. (2023). For galax-

ies with Mpy € [10'>°,10"5] M, the median ratio of the
cold gas masses between the two simulations is below unity
at all radii, despite a large variance (see the third column of
Figure 7). The deficit of gas is more pronounced near the
central galaxies (r/Rao0 < 0.2) whereas the circumgalactic
medium (r/Rpp 2 0.2) shows better convergence. In con-
trast, galaxies with Mpy ~ 10'>M,, and ~ 10" M, exhibit
better agreement with the resolution change; their median
cold gas mass ratio is close to unity. We observe the opposite
result for the hot gas distribution (fourth column). The galax-
ies in the highest mass bin (Mpy ~ 10') show good agree-
ment with the resolution change, but those in lower mass
bins tend to have decreased hot gas density near the central
galaxies (r/Rago < 0.1 for the galaxies with Mpy ~ 1012 M,
and /Ry < 0.3 for galaxies with Mpy; ~ 101 My,) in the
low-resolution simulation.® In the highest mass bin, AGN
feedback from supermassive black holes plays important role
in suppressing the cold gas mass (Davé et al. 2020). We
speculate that gas content in the low-resolution is more eas-
ily heated by AGN feedback, as reported by Bourne et al.
(2015). In the lower mass bins, where stellar feedback dom-
inates over AGN feedback, the reduced stellar masses in the
low-resolution galaxies could lead to the decrease in hot gas
content in the inner region.

3.3. Mitigating the Resolution Biases: Correcting
Low-resolution Subhalos With Machine Learning

ML techniques have been used to paint baryonic properties
onto DM halos in DMO simulations after it learned the rela-
tionship between the DM properties and baryonic properties
of galactic halos (e.g., Jo & Kim 2019; Lovell et al. 2022;
Jespersen et al. 2022). Inspired by these pioneering studies,
we aim to “correct” the baryonic properties of halos found
in low-resolution simulations, by constructing a regression
model that learns the relationship between the halo proper-
ties in a low-resolution simulation and in a high-resolution
simulation (see Section 2.3). In this section, we illustrate the
performance of the ML model we have built. Then, as a first
test, we apply the ML model to the subhalos in TNG300-1,
which “corrects” their baryonic properties to match those in
a higher resolution benchmark, TNG100-1.

In the left panel of Figure 8, we present the machine’s
predictions of subhalo stellar masses. The machine pre-
dicts a subhalo stellar mass in a high-resolution simulation
TNG100-1, solely based on its matching pair’s stellar mass
in a low-resolution simulation TNG100-2. Our ML model is
shown to predict a subhalo’s stellar mass in TNG100-1 with
great accuracy, using only the information from TNG100-

6 We adopt the positions of the particles with minimum gravitational poten-
tial energy as the centers of the galaxies.

7 The softening length of collisionless particles in TNG100-1 is a half of that
in TNG100-2, being 0.74 kpc and 1.48 kpc, respectively (see Table 1).

8 The steep decline in the median hot gas ratio at r/Rygo ~ 0.01 for galax-
ies with Mpy ~ 10'3 Mg, is induced by an insufficient number of hot gas
parcels.
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Figure 7. Top row: Median enclosed-mass profile of “central” galaxies in various sample mass ranges at z = 0. Solid lines denote subhalos in
TNG100-1 (high-resolution run), while dashed lines represent those in TNG100-2 (low-resolution run). From left to right, the median enclosed
mass profiles for the DM, stellar, cold gas, and hot gas components are depicted, respectively. The bottom row presents the median values
of the mass ratios in each radius bin (dividing TNG100-2 by its TNG100-1 counterpart). The shaded regions indicate 16™ — 84" percentile
ranges. Vertical dotted lines in each panel show the three times the gravitational softening length of TNG100-2 with respect to mean virial
radius of each mass bin, denoting the resolution limit of the lower-resolution simulation in each mass bin. In general, massive subhalos show
better agreement with resolution changes, but there is a noticeable deficit of cold gas in the low-resolution galaxies with Mpy ~ 10'3 M. For
a detailed discussion on this plot, see Section 3.2.

Target Method RMSE MAPE  Bias  Pearson p
Before correction (Figure 5) 0.659  0.069 0.4959 0.921
Stellar mass After correction by gaussian process regression | 0.417  0.040  0.0000 0.928
After correction by ML (Figure 8) 0.204 0.019 0.0063 0.983
Before correction (Figure 5) 0.506  0.190  0.3720 0.729
Gas metallicity ~ After correction by gaussian process regression | 0.260  0.086  0.0002 0.751
After correction by ML (Figure 8) 0.175  0.059 0.0073 0.897
Before correction (Figure 5) 0477 0.043 0.1877 0.902
Gas mass After correction by gaussian process regression | 0.364  0.031  -0.0000 0.920
After correction by ML (Figure 8) 0269  0.022 -0.0025 0.957

Table 3. Comparison of performance metrics for three subhalo properties: stellar mass, gas metallicity, and gas mass. Here we compare the root
mean squared errors (RMSE), the mean absolute percentage errors (MAPE), bias, and Pearson correlation coefficient (p) when comparing the
matching subhalos’ properties between TNG100-1 and TNG100-2. The first method “before correction” means the pure, inherent resolution
effect seen in Figure 5, between two simulations of different resolutions. The second method is the error after we have applied a gaussian
process regression model to compensate for the resolution biases. Errors in stellar mass and gas metallicity are significantly reduced when the
gaussian process regression model is applied. The ML model further reduces the error across all three properties, as illustrated in Figure 8. See
Section 3.3 for more details.
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Figure 9. Correction of subhalo properties at z =0 in TNG300-1 (low-resolution run) using an ML model trained on TNG100-1 (high-resolution
run) — TNG100-2 (low-resolution run) subhalo pairs. The left panel displays the stellar mass — halo mass (SMHM) relation for subhalos in
TNG100-1 and TNG300-1, and for the TNG300-1 subhalos after ML-based corrections. The right panel shows the stellar mass — gas metallicity
relation (MZR) for the same subhalos. Shaded areas indicate the 16" — 84t percentile ranges. While a systematic discrepancy exists between
TNG300-1 (blue triangles) and TNG100-1 (orange squares), the corrected TNG300-1 subhalos (green circles) align very closely with the
TNG100-1 subhalos, both in the SMHM relation and in the MZR. Interestingly, the ML model reproduces the scatter of the SMHM relation
seen in the TNG100-1 subhalos (i.e., the green-shaded region nearly overlaps the orange-shaded region). See Section 3.3 for more details.
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2. This is remarkable especially when compared to Figure
5 (or red contours in Figure 8), which clearly demonstrates
the systematic discrepancy between high- and low-resolution
simulations. Notice that the white contours in Figure 5 are
copied to Figure 8 as red contours in order to guide the eyes
and compare the two figures. Similar to Figure 5, in the up-
per marginal plot, the black solid line represents the fraction
of subhalos of a given stellar mass in TNG100-1 that also
have stellar particles in their “corrected” TNG100-2 coun-
terpart halos. For example, nearly all the subhalos with
My ~ 107 Mg in TNG100-1 have their “corrected” coun-
terpart subhalos in TNG100-2 containing some stellar par-
ticles. This finding is in stark contrast to Figure 5, where
only less than half of these TNG100-1 halos had counterpart
TNG100-2 subhalos with any stars. While a low-resolution
simulation like TNG100-2 tends to lack stellar particles to-
wards the lower end of the stellar mass range, our prediction
model is shown to be able to “correct” the stellar masses of
these subhalos across nearly the entire range of stellar masses
above ~ 10’ M.

To quantitatively evaluate the performance of our model,
in Table 3 we present the root mean squared error (RMSE),
mean absolute percentage error (MAPE), bias, and Pearson
correlation coefficient (p), when comparing the matching
subhalos’ properties between TNG100-1 and TNG100-2.°
The first column “before correction” means the pure, inher-
ent error due to the resolution biases between TNG100-1 and
TNG100-2, as can be clearly seen in Figure 5. The second
column is the error after we have applied a gaussian process
regression model to compensate for these resolution biases. '’
One can see that the errors in stellar mass are greatly reduced
even with this simple fix. Then, the third column shows that
our ML model further reduces the RMSE and MAPE in stel-
lar mass by ~ 50%), as is seen in Figure 8.

For the gas metallicity in the middle panel of Figure 8,
we again see that our ML model successfully “corrects” the
properties of low-resolution subhalos to match those of the
high-resolution counterparts. However, the scatter is larger
compared to that in the stellar mass panel, with a MAPE
value about three times as high as that for stellar mass (0.059
vs. 0.019). The predictions also exhibit a steep lower bound
at 10g[Zeas/Zo) ~ —1.5, indicating that the model complex-

9 Errors are calculated for all the subhalos for which both the stellar mass
predicted from TNG100-2 and the actual stellar mass in the two simu-
lations are nonzero. For these calculations we use logarithmic values,
v = log [Msar/Me]. The same approach is adopted for the gas metallic-
ity (middle panel of Figure 8) and gas mass (right panel). Although we
represent gas metallicity using the unit log [Zg,s /Z5 ], we compute the met-
rics using log [Zyys] to prevent MAPE from diverging when log [Zg,s /Zo)] is
close to zero.

10 This simply shifts the stellar mass values by using only the stellar mass

from the low-resolution simulation as its input. After the correction, biases
become close to zero (see Table 3).

ity is significantly lower compared to those of other models.
In addition, about 30% of the subhalos with log [Zs.s/Z5] <
—1.5in TNG100-1 have their “corrected” counterpart subha-
los in TNG100-2 with a wrongly-predicted, null metallicity
value (see the upper marginal plot). The metallicity predic-
tion is particularly challenging because there is a large scatter
in the training set (see panel (b) in Figure 5), and because
most TNG100-1 subhalos with log[Zg,s/Z5] < —1.5 have
their counterpart TNG100-2 subhalos with null gas metal-
licity due to its resolution limit (see the upper marginal plot
of panel (b) in Figure 5). Yet, the machine still performs sig-
nificantly better than a gaussian process regression, reducing
the RMSE and MAPE by ~ 33% (see Table 3).

Our ML model for gas mass also performs well, as shown
in the right panel of Figure 8. Most notably, the “kink™ seen
in panel (c) of Figure 5 has largely disappeared. The per-
formance slightly deteriorates compared to the stellar mass
model, exhibiting a larger RMSE and MAPE in Table 3. In
the right marginal plot, the fraction, which denotes the ac-
curacy of the model, deviates from unity for subhalos with
Mgas S 103 M. Nevertheless, when compared to the gaus-
sian process regression approach, the ML model reduces the
MAPE by ~ 30% (see Table 3).

We conclude that ML techniques can help predict the prop-
erties of a subhalo in a high-resolution simulation based
solely on its properties in a low-resolution simulation. The
prediction is particularly good for the stellar mass and gas
mass of subhalos, thereby mitigating resolution biases. In
Appendix B, we present results for both central and satellite
subhalos, which show no notable difference in performance,
except in the prediction of gas mass.

Now we apply this ML model to the subhalos in a large
cosmological simulation volume (TNG300-1) and “correct”
their properties to match those in a higher resolution bench-
mark, TNG100-1. TNG300-1 has an identical resolution as
TNG100-2, but with a larger (302.6 cMpc)? box size. There-
fore, we can apply our trained ML model to the subhalos
in TNG300-1, adjusting their subhalo properties to those in
TNG100-1. In Figure 9, we show two important relationships
— the stellar mass —halo mass (SMHM) relation and the stel-
lar mass — gas metallicity relation (MZR) — from the two
flagship TNG simulations with different box sizes.!' First, it
can be observed that a systematic discrepancy exists between
TNG300-1 (blue triangles) and TNG100-1 (orange squares)
due to the fact that the resolution of TNG300-1 is 8 times
worse in mass compared to that of TNG100-1. The deficit in
stellar mass in a low-resolution simulation is exactly what is
shown in panel (a) of Figures 5 and 6. Since both the stel-

I The total DM mass found in the SUBFIND algorithm (see Section 2.1),

SubhaloMassTypel, is used as a proxy for the subhalo (galaxy) mass.
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lar mass and the gas metallicity of a subhalo tend to increase
with resolution (i.e., panels (a) and (b) of Figures 5 and 6),
a higher resolution simulation TNG100-1 yields a slightly
higher MZR than TNG300-1 does.

Second, the green circles in Figure 9 display the results
from our ML model where properties of the subhalos in
TNG300-1 are “corrected” as if they are from a higher reso-
lution simulation. The SMHM relation of these “corrected”
subhalos (green circles) in the left panel becomes nearly
identical to that in TNG100-1 (orange squares), except on
the high-mass end (Mpy > 10'%M..), where the amount of
the training set is limited due to a smaller (106.5 cMpc)?
box size. The “corrected” MZR also closely matches that
of TNG100-1, except on the high- and low-mass ends. Inter-
estingly, the ML model is shown to be able to reproduce the
same scatter in the SMHM relation, with a similar 1-sigma
shade (68% confidence interval) as the TNG100-1’s relation
(i.e., the green-shaded region overlaps the orange-shaded re-
gion). Achieving this has been often considered unlikely
when only the features from a DMO simulation were used
as inputs to an ML model (Agarwal et al. 2018). However,
because we directly provide information on baryonic prop-
erties, the model does not heavily rely on their halo mass at
z = 0 alone, but also uses various other inputs to replicate
the galaxy-to-galaxy scatter seen in a hydrodynamic simula-
tion. And yet, we fail to reproduce the same amount of scatter
when predicting the MZR. This finding is in agreement with
the ML model’s relatively weak performance in predicting
metallicity, as demonstrated in Figure 8.

4. DISCUSSION
4.1. Further Verification of the Matching Algorithm

We have demonstrated that the subhalo in our matching
catalog have nearly identical peculiar velocities, as well as
similar DM masses and velocity dispersions in the high-
resolution simulation, TNG100-1 and TNG50-1, and its low-
resolution counterpart, TNG100-2 and TNGS50-2 (see Sec-
tions 2.2 and 3.1). In this section, we further test our match-
ing algorithm by tracking the DM particles of the matching
subhalo pairs. Although we only identify the matching pairs
based only on the positions of subhalos along their evolution
histories (see Sections 2.2), it is expected that DM particles in
these subhalo pairs indeed come from the same Lagrangian
patch in the initial conditions. We trace each DM particle
of the subhalo in TNG100-1 back to the initial condition
at z = 127, and locate the corresponding particles by find-
ing the nearest particles in position in the initial condition of
TNG100-2. Finally, we check whether these corresponding
particles indeed belong to the matched TNG100-2 subhalo in
our matching catalog.

In the left panels of Figure 10, we present the fraction of
DM particles in a TNG100-1 subhalo that have correspond-

ing particles inside its matching subhalo in TNG100-2. For
the practical purpose, we limit our investigation to a sub-
set of 50,000 subhalos. The fractions are plotted against the
smaller of the two DM masses of each matched subhalo pair.
For each matched pair of subhalos, we take the DM mass
that is smaller and use that value for the plot. On average, a
TNG100-1 subhalo shares 70% of its DM particles with its
counterpart halo in TNG100-2. Based on the fractions of the
pairs from the catalog provided by the TNG Collaboration,
we consider pairs with a fraction below 0.4 to be insufficient
for matching (see Figure 14).

The fractions of satellite subhalos are lower than those of
central subhalos (orange and blue density histograms in the
marginal plots of Figure 10). This finding aligns with the lim-
ited accuracy of our matching method for satellites during the
verification step (see Figure 2). Furthermore, 0.89% of cen-
trals and 8.86% of satellites (2.38% in total) have a fraction
below 0.4, which is considered insufficient for a match in
the matching method based on particle IDs. Therefore, it is
apparent limitation of our study that including those subha-
los in the analysis. Nevertheless, only 0.024% of the subset
have a fraction of 0.0, indicating that the two matched pairs
originated from completely unrelated patches in the initial
conditions.

The subhalo pairs with an insufficient number of shared
DM particles complicate the ‘galaxy-by-galaxy’ comparison
approach. The dark matter halos of these pairs are too dis-
similar to effectively study the impact of resolution changes
on baryon physics. Furthermore, the chaotic behavior inher-
ent in cosmological simulations introduces intrinsic scatter
between the simulations; galaxies and circumgalactic me-
dia can diverge from each other by a tiny shift in the early
universe, even for the pairs with sufficient shared DM par-
ticles (Genel et al. 2019; Keller et al. 2019; Borrow et al.
2023b). These studies show that minute perturbations in the
early universe can lead to galaxy-level differences in cosmo-
logical simulations, especially in the presence of feedback.
Late major mergers amplify this stochasticity (Keller et al.
2019), making satellites in dense environments particularly
challenging to compare. Similarly, Grand et al. (2021) show
that the trajectories of matched satellites at two different res-
olutions can diverge after passing the second pericentric pas-
sage. Consequently, satellite subhalos in different simula-
tions could be highly dissimilar. Therefore, comparing sub-
halos across simulations necessitates examining a substantial
number of pairs to draw meaningful conclusions. A conclu-
sion drawn from a single galaxy pair is susceptible to being
severely impacted by these chaotic effects.

We have demonstrated that most of the subhalo pairs orig-
inating from almost the identical regions in the initial condi-
tions can be identified by only using the mass and positions of
main progenitors. In Appendix C, we compare the fractions
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Figure 10. The fraction of DM particles in a TNG100-1 sub-
halo that have corresponding particles in its matching subhalo in
TNG100-2. A fraction of 1.0 suggests that all DM particles in a
TNG100-1 subhalo at z = 0 are present in its counterpart TNG100-
2 subhalo. We plot only the subhalos that exceed the mass threshold
for the matching process, 3 x 10° M, (see Section 2.2). Due to com-
putational constraints, only 50,000 subhalos are represented in this
plot. The marginal plots on the right and at the top display density
histograms, showing that most matched pairs share approximately
70% of DM particles. Orange and blue histograms represent cen-
tral and satellite subhalos, respectively, with the satellites exhibiting
lower fractions. See Section 4.1 for more details.

with those obtained from the subhalo pairs identified between
DMO and hydrodynamic simulations. These fractions are
higher than those in comparisons between TNG100-1 and
TNG100-2, which suggests that the resolution difference has
a greater impact on the similarity between the subhalo pairs
than the presence of baryons.

4.2. Feature Importances and the Ablation Study

We have shown that an ML technique LIGHTGBM, a mod-
ified version of the gradient tree boosting algorithm, can be
used to mitigate the resolution biases by correcting the sub-
halo properties in a low-resolution simulation to match those
in a high-resolution simulation (see Sections 2.3 and 3.3).
An inherent advantage of using decision tree-based regres-
sion models such as LIGHTGBM is the ability to identify the
key attributes that significantly influence the prediction of the
output, among numerous input features. In contrast to a deep
learning model, where it is often a challenge to understand
the specific procedures that led to a particular decision, the
ability to explain the results is an advantage of a LIGHTGBM
model. This allows us to study which features are important
to determine target properties. We study two types of feature

importance of our ML model in Figure 11, gain (top row)
and split (bottom row). Gain represents the improvement
in accuracy (or the reduction in loss) brought about by a fea-
ture. On the other hand, split indicates how many times
the feature is used for decision-making within the gradient
boosting decision tree. Since we feed a total of 2300 features
(23 features x 100 snapshots) as inputs to the ML model, the
feature importances can be computed for each of 23 features
at each of 100 epochs. Hence, Figure 11 shows the computed
importances of the four features with the highest gain values
in each prediction model at 100 epochs.

In the left column of Figure 11, one can see that in order
to predict the stellar mass of a subhalo in TNG100-1, the ML
model relies — obviously — on the stellar mass of its coun-
terpart subhalo in TNG100-2 at z = 0 (SubhaloMassType4
in Table 2; green triangles). From z ~ 0.5 to z = 0, the ma-
chine gives increasing weight to the stellar mass, considering
it as a crucial component for predictions. However, other
features also contribute to the stellar mass prediction. For
example, the gain values of the subhalo’s maximum circu-
lar velocity (SubhaloVmax in Table 2; pink triangles) or the
host halo’s virial radius (Group_R_TopHat200; gray crosses)
are close to or above ~ 107 at z ~ 1. Even more interest-
ingly, the split value of the host halo’s gas mass at z ~ 3
(GroupMassTypeO; purple squares) is equal to or greater
than that of the subhalo’s stellar mass at z = 0. Our ML
model seems to reflect the baryonic physics at cosmic noon,
when the cosmic star formation rate reached its peak due to
mergers and other galaxy-galaxy interactions.

Given that gas metallicities are closely tied to stellar
masses, the feature importances for the gas metallicity pre-
diction model show similar results, as seen in the middle col-
umn of Figure 11. The model again emphasizes the subhalo’s
dynamical mass (SubhaloVmax; pink triangles) and the host
halo’s virial radius (Group_R_TopHat200; gray crosses) at
high z. Since there exists a large scatter when comparing the
gas metallicities between the low- and high-resolution simu-
lations (see panel (b) of Figures 5 and 6), the model does not
rely as much on the the subhalo’s metallicity in TNG100-2
to predict that in TNG100-1.

In contrast to the two previous models, for the gas mass
prediction, the ML model prefers to use features closer
to z = 0. It bases its predictions on the subhalo’s gas
mass (SubhaloMassTypeO; orange triangles) and DM mass
(SubhaloMassTypel; blue circles), and its host halo’s gas
mass (GroupMassTypeO; purple squares). This suggests that
the gas mass of the subhalo is more closely related to its state
at z = 0 rather than to properties of its progenitor in the past.
These trends are reasonable in that the stellar mass and the
gas metallicity are integrated properties over several billion
years in the past, while the gas mass can be considered as an
instantaneous property.
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Figure 11. Feature importances of our ML model that predicts a subhalo’s stellar mass, gas metallicity, and gas mass in the high-resolution
simulation TNG100-1 (from left to right), based on its matching pair’s properties in the low-resolution simulation TNG100-2 (Sections 2.3,
3.3, and Figure 8). The number shows the degree to which the model depends on each input feature. The thin, semi-transparent lines show the
raw data, while the thick lines represent the smoothed data. We present two types of feature importances: gain (top row) and split (bottom
row). Since we provide a total of 2300 features (23 features x 100 snapshots) as inputs for a single subhalo, the feature importances can be
computed for each of 23 features at each of 100 epochs. The computed numbers are presented for the four features with the highest gain values
in each prediction model at 100 epochs. Notably, when predicting the stellar mass and gas metallicity of subhalos, the model heavily relies on

the information from z 2 1. See Section 4.2 for more details.

Readers should note that features with higher importances
do not necessarily mean that these features are essential for
the prediction. For example, the models highly rely on the
subhalo maximum circular velocity and host halo virial ra-
dius when predicting a subhalo’s stellar mass and gas metal-
licity. Although the models prefer to use these features as
proxies for the dynamical mass of the subhalo and host halo,
the models could achieve comparable performance with-
out these parameters by utilizing other features with similar
physical meanings (e.g., subhalo DM mass). Interestingly,
McGibbon & Khochfar (2022) show similar trends when pre-
dicting the stellar masses and stellar metallicities of galaxies
out of DM halos. In their model, the feature importances of
velocity dispersion and maximum circular velocity are more
than five times higher than that of DM mass, with a similar
peak observed at z ~ 1. The pronounced preference for the
virial radius of the host halo and the maximum circular ve-
locity dispersion of subhalos, in comparison to other features
related to dynamical mass, requires further investigation to
elucidate the (possible) physical basis of this phenomenon.

To further verify the higher feature importances of high-
z progenitors, we conduct an ablation study, as presented
in Figure 12. We study the importance of input features
from early epochs when predicting the stellar mass in a high-
resolution simulation, by removing the high-z features in the
input of our ML models. For example, one can observe that
training the model with only a single snapshot (i.e., only
23 features at z = 0, instead of the full 2300 features at
20.5 <z £ 0) leads to performance degradation — ~ 15%
worse for stellar mass and ~ 5% worse for gas mass and gas
metallicity, as measured by the MAPE metric. The result
with the RMSE metric is almost identical with this figure. As
we include more features from earlier epochs, the machine
prediction becomes more accurate. The model reaches its
best performance when it considers more than 80 snapshots
out of the total 100 (i.e., all the snapshots below z = 4.18).
We conclude that the input features from the early epochs
are important in our ML predictions, especially for the stel-
lar mass prediction. This is reasonable because the subhalo’s
maximum circular velocity (SubhaloVmax) or the host halo’s
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Figure 12. The relative performance of the ML model that predicts
the subhalo properties in a high-resolution simulation, as a function
of the number of input snapshots fed to the model. Training the
model with only a single snapshot (i.e., only 23 features at z = 0,
instead of the full 2300 features) leads to 15% worse prediction for
stellar mass, as measured by the MAPE metric. The model main-
tains its best performance as long as it considers more than 80 snap-
shots (i.e., all the snapshots below z =4.18). As the number of input
snapshots decreases, the prediction accuracy degrades significantly,
especially for stellar mass. See Section 4.2 for more details.

virial radius (Group_R_TopHat200) in the early epoch plays
a crucial role in this prediction, as illustrated in the left col-
umn of Figure 11.

We carry out two more ablation studies: (i) we train the
ML model by excluding the local environmental information
like the host halo’s mass (i.e., excluding the features marked
with “(c)” in Table 2), and, (ii) we train the ML model with
only the features that can be obtained in DMO simulations
(i.e., using only the features marked with “(b)” in Table 2).
The gas mass prediction is the most sensitive in both ablation
studies; that is, ~ 2.5% and ~ 13% performance degradation
for test (i) and (ii), respectively. The inclusion of the bary-
onic properties is particularly essential for accurately pre-
dicting the gas mass of a subhalo in a high-resolution sim-
ulation. However, for the stellar mass prediction, the ML
model maintains its performance even without the environ-
mental features or the baryonic features — only ~ 1% and
~ 2.5% performance degradation for test (i) and (ii), respec-
tively. We speculate that this is because the ML model can in-
directly infer the subhalo’s interactions with its surrounding
environment by tracking the variations in subhalo features
over time. For the stellar mass prediction, it seems more im-
portant to provide the information from the early epochs (as
seen in Figure 12) than to provide the environmental features
or the baryonic features.

5. SUMMARY AND CONCLUSION

To compare the subhalos between a high-resolution and
low-resolution simulations, we have developed a unique sub-
halo matching algorithm which uses the main branches of the
subhalo merger tree, instead of accessing the entire simula-
tion snapshot data. Subhalos have been matched by pairing
those with similar mass and position histories in the two sim-
ulations with differing resolutions (Section 2.2). However,
this approach shows a limitation in accuracy when pairing
satellite subhalos. We have studied the resolution biases us-
ing two large cosmological simulations that offer resolution-
dependent results, TNG100-1/-2 and TNG50-1/-2. In our
galaxy-by-galaxy resolution study with our matching subhalo
catalogs, the following resolution biases have been found in
subhalo properties:

e The DM mass, velocity dispersion, and peculiar ve-
locity of subhalos, which is largely determined by the
gravitational interaction of DM, show strong resolu-
tion convergence in both TNG100 and TNGS50 (Sec-
tion 3.1; Figures 3 and 4).

* The stellar masses of subhalos in a high-resolution
simulation (TNG100-1/TNG50-1) are < 0.5 dex
higher than in their low-resolution counterparts
(TNG100-2/TNG50-2), consistent with previous stud-
ies on TNG simulations. Since the subhalos’ gas
metallicities are directly related to their stellar masses,
subhalos in a high-resolution simulation have higher
metallicities than their low-resolution counterparts
(Section 3.1; panels (a) and (b) in Figures 5 and 6).

» The gas masses of subhalos with Mg, ~ 1033 My ina
low-resolution simulation are higher than in their high-
resolution counterparts, due to the lack of stars and
stellar feedback in a low-resolution run, which would
have otherwise expelled the gas out of the relatively
shallow gravitational potential. The MBH masses of
subhalos show relatively good resolution convergence,
as they are directly linked to the halo masses (Section
3.1; panels (c) and (d) in Figures 5 and 6).

We have then investigated the resolution biases in the radial
profiles of enclosed masses for central galaxies. Our findings
in this galaxy-by-galaxy resolution study on radial profiles
are as follows:

* The DM mass profiles show good resolution conver-
gence, except in the region near the resolution limit
(r < 4 kpc). The deficit in the stellar mass profiles in
a low-resolution simulation (TNG100-2) compared to
their counterparts in a high-resolution run (TNG100-
1) is more pronounced, especially in the inner regions
(Section 3.2; left two columns in Figure 7).
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* The cold gas mass profiles show relatively good resolu-
tion convergence for galaxies with Mpy < 10!25 M,
albeit with large galaxy-to-galaxy variance. However,
for these galaxies, a deficit in hot gas mass is ob-
served in the low-resolution simulation. In galaxies
with Mpym ~ 1013, where AGN heating is significant,
a deficit in cold gas mass is observed in the low-
resolution simulation, while the hot gas mass shows
good resolution convergence. The gas metallicity pro-
files also exhibit solid resolution convergence, ex-
cept for the less massive central galaxies with Mpy €
[10'° 10" M, (Section 3.2; right two columns in Fig-
ure 7).

Finally, using the matching catalog, we have developed an
ML technique to construct a regression model that “corrects”
subhalo properties in a low-resolution simulation, in order to
mimic its counterpart’s properties in a high-resolution sim-
ulation (Section 2.3). This technique allows us to “correct”
discrepancies arising from the differences in resolution, par-
ticularly for the stellar mass and gas mass of subhalos, al-
though its performance is lower in correcting gas metallic-
ity. The ML model has been applied to the subhalos in
TNG300-1 which has the same resolution as TNG100-2, our
low-resolution run in the training set. Our tests demonstrates
that the galaxy scaling relations, such as the SMHM relation
or the MZR from the low-resolution TNG300-1, can be “cor-
rected” to mitigate resolution biases. Our ML models can be
used for a variety of scientific purposes. Large cosmological
simulations like TNG300-1 are designed to sacrifice resolu-
tion in favor of a larger box size. However, we can still obtain
a larger sample of galaxies with improved accuracies and re-
duced resolution biases, with the help of our ML model.

An important aspect of our study is the versatility of the
pipeline we have constructed. Both the subhalo matching al-
gorithm and the correction model can be easily applied to any
other large cosmological simulation. This makes it a valuable
tool for testing and mitigating the resolution biases of differ-

ent numerical codes and physics models. The scripts used
to perform the analysis and generate this manuscript, along
with the matching catalogs and the corrected physical quan-
tities of TNG300 subhalos, are available on GitHub'? and
archived in Zenodo (Jung et al. 2024).
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APPENDIX

A. DETAILED ILLUSTRATION OF THE MATCHING PROCESS

A.l. Training Step

During the training process, our objective is to determine the parameters (7Y, Wmass,» Wi, b, and p) in the similarity function
(Egs.(1) and (2)) from the TNG100-1 and TNG100-1-Dark simulations, where the subhalo matching catalogs between the two
simulations are provided by the TNG Collaboration (Section 2.1). All subhalos in TNG100-1 and TNG100-1-Dark with Mpy >
2 x 10°M, are used. We split these subhalos into two groups. The first group, the training set, consists of subhalos whose

12 https://github.com/JungMinyong/SubhaloMatching
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Figure 13. Parameters in the similarity function, Eqs.(1) and (2). The left panel represents the weights of each snapshot, w;. A higher value of
wr indicates that the main progenitors in snapshot / are more significant in the prediction. The right panel represents the parameters related to
the mass differences, ¥ and wpass. Higher values of ¥ and w,ss suggest that mass differences between the two subhalos outweigh differences
in their positions. We divide subhalos into five different mass bins and choose different parameters for each bin: (a) indicates the smallest mass
bin (2 % 10° < Mpm /Mg < 5% 10%), and (e) indicates the most massive one (2 x 101! < Mpy /Mg). In the lower mass bins, the model prefers
to give more weight to the progenitors at higher redshifts and prioritize position differences over mass differences. The higher mass bins show
the opposite trend, giving more weight to the progenitors at low redshifts and emphasizing mass differences. See Section A.1 for more details.

z-components of their positions are less than 0.8Ly0x. The remaining subhalos constitute the test set. The optimal parameters in
Eq.(1) differ depending on the subhalo mass. Therefore, we use five distinct mass bins in units of Mpy /M., given by [2 x 10,
5% 10%), [5 x 102, 1019), [10'°, 3 x 1019), [3 x 10'°, 10'), [10!!, o0). Each bin undergoes separate parameter training.

For all subhalos in TNG100-1, we identify their counterparts in TNG100-1-Dark. This identification starts with subhalos in
TNG100-1-Dark that have Mpy > 2 x 10° Mg, and are located within a 5 Mpc/h sphere centered on the TNG100-1 subhalo’s
position. We then compute similarity scores, S, using Eq.(1) for these identified subhalos.'? Lastly, we apply the softmax function
(0i(x) = e/} ;") to determine the probabilities that the subhalos are the true counterparts. This probability subsequently helps
us to derive the loss of the model with given parameters.

Training the model with the cross-entropy loss function (—Y;y;log 0;(S); where y; is the true label), we observed that wy,
the weight of a given snapshot I, fluctuates significantly between snapshots. We suspect these fluctuations stem from specific
preferences for certain subhalos, rather than any inherent physical significance. Consequently, we have adopted several strategies
to reduce model complexity and prevent overfitting, while still maintaining similar accuracy in model performance. First, we
utilize the same weight wgn,p s for every four snapshots, training only 25 sets of weights and expanding these into 100 (for
a total of the 100 snapshots). Second, we incorporate a regularization term into the cross-entropy loss function to penalize
fluctuations between consecutive weights. This discourages the model from overly depending on selective information from
specific time periods, while maintaining similar performance during the training phase. Without these two strategies, the training
could potentially be skewed by a small number of subhalos that display specific tendencies due to their unique characteristics.
The loss function is presented as follows:

log ——
Wi+1

£ ==Y yilogoi(S)+0.01} (A1)
i 1

wi
I

We train this model until the cross-entropy loss (without the regularization term in Eq.(A1)) starts to rise in the test set.

It is important to note that even if a subhalo follows the same growth history in the simulations of two different resolutions,
the main progenitors in the higher resolution simulation could be identified at an earlier snapshot. This occurs because the halo
finder can identify smaller subhalos in a simulation with higher resolution. Consequently, a “true” pair could be incorrectly
penalized because the corresponding progenitors in TNG100-2 have yet to be identified. Differences in the number of subhalos
between TNG100-1 and TNG100-2 arise for those with My, ~ 10° M. In order to minimize the impact of resolution differences
between TNG100-1 and TNG100-2, we constrain our analysis to subhalos with masses greater than 2 x 10 M, (or 33 particles

13 In this calculation, we remove the baryon contribution to the DM masses
of subhalos in the DMO simulations
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for TNG100-2). Additionally, we restrict their merger trees to only include the main progenitors with Mpy > 1.5 x 10° M, (or
25 particles for TNG100-2). These two restrictions are applied during both the training phase and the application phase.

In the left panel of Figure 13, we display the weights of each snapshot across five mass bins, ranging from the lowest to the
highest. Low-mass subhalos, which typically exhibit a relatively peaceful merger history and frequently coexist with many other
subhalos of similar sizes and positions, tend to give more weight to information from the early epoch. In contrast, massive
subhalos are more inclined to prioritize the position and mass information from the low redshifts over that from earlier times.
The highest mass bin displays significant fluctuation due to a lack of subhalos. In the right panel of Figure 13, we show the
two parameters: Y and wp,gs, across the five mass bins. The model prefers lower ¥ and wp,ss values for the smaller mass bins,
emphasizing position differences over mass differences. As the DM masses in low-mass subhalos could vary to some extent due
to the baryonic physics, the model downplays the mass differences. Consequently, the differences in parameters across the mass
bins can be interpreted as the differences in growth histories of high-mass and low-mass galaxies.

We conduct the same training for the TNG50-1 and TNGS50-1-Dark pair, and then apply it to the TNG50-1 and TNG50-2 pair.
In this setup, we use subhalos with M > 2 x 108 M, (or 55 particles for TNG50-2), and only include the main progenitors with
M > 1.5x 103 M, (or 41 particles for TNG50-2). For the TNG50 suite, we use the following five mass bins in units of Mpy /Mg
to be [2 x 108,5 x 10%), [5 x 108,10%), [10°,10'%), [10'0,10'"), [10!!, o).

A.2. Application Step

The similarity function (Eq.(1)) with the trained parameters is utilized to pair subhalos in TNG100-1 and TNG100-2. We apply
the same method as described in Section A.1 to match the subhalos in the two simulations. However, they are considered to be
matched only if they are bijectively matched (i.e., both directions yield identical matching results). A step-by-step description of
the application phase follows.

1. For a target subhalo in TNG100-1, we identify all subhalos in TNG100-2 that have Mpy > 2 X 10° M, and are situated
within a 5 Mpc/h sphere centered on the position of the subhalo in TNG100-1.

2. We compute the similarity scores for the subhalos in TNG100-2. The probability associated with those subhalos is com-
puted using the softmax function, o;(S) for the ith subhalo. We then identify the subhalo with the highest score and save
the corresponding probability.

3. Steps 1-2 are repeated for all subhalos in TNG100-1. With this step, we construct a one-directional matching catalog (from
TNG100-1 to TNG100-2).

4. We repeat steps 1-3, but this time, starting from target subhalos in TNG100-2 and matching the corresponding subhalos in
TNG100-1.

5. We merge the two matching catalogs, retaining matches where both catalogs give identical results. We further narrow down
the selections based on the following criteria: (i) The probability of the prediction is higher than 0.33 in both directions.
(ii) The DM masses of the matched subhalo in both simulations exceed 3 x 10° Mg (or 3 x 108 Mg, for TNG50).

While this method ensures matched subhalos will have notably similar growth histories, it does not guarantee that the two halos
indeed originated from the same DM region in the initial conditions. We provide further verification in Section 4.1, demonstrating
that nearly all subhalo pairs matched with this method indeed originate from similar dark matter regions in the initial conditions.

B. MACHINE LEARNING CORRECTION OF CENTRAL AND SATELLITE SUBHALOS

In Section 3.3, we present the correction of subhalo properties in the low-resolution simulation. Readers may expect that the
satellite subhalos, which are less similar in terms of shared DM particles in each pair, show worse performance than the central
subhalos. The performance metrics for central and satellite subhalos are listed in Table 4. However, there is no systematic
difference in the four metrics for stellar mass and gas metallicity. For the regression model predicting gas mass, the model
performance is noticeably higher for the central subhalos, with all four metrics showing better performance. We conclude that
the ML model can correct the satellite subhalos with consistent performance comparable to the central subhalos.

C. SUBHALO MATCHING BETWEEN HYDRO AND DMO SIMULATIONS

We observe in Section 4.1 that the matching pairs we construct share a considerable amount of DM particles, even though
we match subhalos by pairing those with similar growth histories. We now compare these results with those obtained from the
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Target Method RMSE MAPE Bias Pearson p

Before correction (Figure 5) 0.654  0.069 0.4757 0.919

Stellar mass . . .
(centrals) After correction by gaussian process regression | 0.426  0.042 —0.0166 0.927
After correction by ML (Figure 8) 0.203  0.020  0.0046 0.984
Before correction (Figure 5) 0.670  0.070 0.5329 0.925

Stellar mass . . .
(satellites) After correction by gaussian process regression | 0.399  0.037  0.0305 0.928
After correction by ML (Figure 8) 0.204  0.019 0.0093 0.981
.. Before correction (Figure 5) 0.521  0.195 0.3843 0.705

Gas metallicity . . .
(centrals) After correction by gaussian process regression | 0.269  0.087  -0.0051 0.732
After correction by ML (Figure 8) 0.178  0.059  0.0089 0.893
.. Before correction (Figure 5) 0.448 0.174 0.3294 0.787

Gas metallicity ) ) )
(satellites) After correction by gaussian process regression | 0.228  0.081 0.0186 0.794
After correction by ML (Figure 8) 0.163  0.058 0.0015 0.900
G Before correction (Figure 5) 0.473  0.043 0.2022 0.909

as mass
(centrals) After correction by gaussian process regression | 0.352  0.031 0.0019 0.927
After correction by ML (Figure 8) 0.260  0.021 0.0024 0.961
G Before correction (Figure 5) 0.516  0.044 0.0523 0.793
as mass

(satellites) After correction by gaussian process regression | 0.465  0.040  -0.0178 0.827
After correction by ML (Figure 8) 0.344  0.028  -0.0491 0.909

Table 4. Comparison of performance metrics for three subhalo properties: stellar mass, gas metallicity, and gas mass. These results are identical
to Table 3, but we separate the central and satellite subhalos. See Section B for more details.

subhalo pairs identified between DMO and hydrodynamic simulations, using the same subhalos randomly selected in Section 4.1.
In Figure 14, we examine the DM fractions of subhalos in TNG100-1-Dark that have corresponding particles in their matching
subhalos in TNG100-1, using the matching catalog provided by the TNG Collaboration. As this matching catalog directly utilizes
the DM particle IDs, the fractions are mostly above 0.4. Moreover, these fractions are generally higher than those in comparisons
between TNG100-1 and TNG100-2, even in pairs with fractions higher than 0.5.'* Both central and satellite subhalos exhibit a
similar drop in fractions between the high- and low-resolution simulations. The difference between the two distributions stems
from intrinsic differences in the simulations, not from the matching method used. This suggests that the resolution difference has
a greater impact on the similarity between the subhalo pairs than the presence of baryons.
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