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Abstract

In ΛCDM cosmology, galaxies form and evolve in their host dark matter (DM) halos. Halo mass is crucial for
understanding the halo–galaxy connection. The abundance-matching (AM) technique has been widely used to
derive the halo masses of galaxy groups. However, the quenching of the central galaxy can decouple the
coevolution of its stellar mass and DM halo mass. Different halo assembly histories can also result in significantly
different final stellar masses of the central galaxies. These processes can introduce substantial uncertainties into the
halo masses derived from the AM method, particularly leading to a systematic bias between groups with star-
forming centrals (blue groups) and passive centrals (red groups). To improve this, we have developed a new
machine learning (ML) algorithm that accounts for these effects and is trained on simulations. Our results show
that the ML method eliminates the systematic bias in the derived halo masses for blue and red groups and is, on
average, ~one-third more accurate than the AM method. With careful calibrations of observable quantities from
simulations and observations from the Sloan Digital Sky Survey (SDSS), we apply our ML model to the SDSS
groups to derive their halo masses down to 1011.5Me or even lower. The derived SDSS group halo mass function
agrees well with the theoretical predictions, and the derived stellar-to-halo mass relations for both the red and blue
groups match well with those obtained from direct weak-lensing measurements. These new halo mass estimates
enable more accurate investigation of the galaxy–halo connection and the role of halos in galaxy evolution.

Unified Astronomy Thesaurus concepts: Galaxies (573); Galaxy evolution (594); Galaxy formation (595); Galaxy
dark matter halos (1880)

1. Introduction

Our understanding of galaxy formation and evolution is
fundamentally based on the premise that all galaxies form and
evolve within dark matter (DM) halos (S. D. M. White &
M. J. Rees 1978; G. R. Blumenthal et al. 1984). The evolution
of galaxies is significantly influenced by the hierarchical
assembly of their host DM halos. Therefore, studying the
relationships between various properties of galaxies and their
host DM halos helps in understanding the evolution and
formation of galaxies, constraining the cosmology parameters,
and investigating the distribution and nature of DM (see

R. H. Wechsler & J. L. Tinker 2018 for a comprehensive
review of this topic).
Mass is an important property of DM halos. There are

primarily two categories of methods used to derive halo mass.
The first category includes techniques designed for measuring
the halo mass of individual galaxies or galaxy groups.15

Examples of these are through measuring the rotation curves
in disk galaxies (e.g., Y. Sofue & V. Rubin 2001), observing
the X-ray gas in giant elliptical galaxies (e.g., P. E. J. Nulsen
et al. 2010), analyzing the kinematics of globular clusters and
planetary nebulae (e.g., A. J. Romanowsky et al. 2003, 2009),
estimating the globular-cluster-system mass (e.g., L. R. Spitler
& D. A. Forbes 2009), counting the number of globular cluster
systems (e.g., A. Burkert & D. A. Forbes 2020), fitting strong
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15 All galaxies residing in the same DM halo constitute a galaxy group, even if
it comprises only one galaxy.
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gravitational lensing (e.g., I. Ferreras et al. 2005), and
analyzing the kinematics of all galaxy members in DM halos
(e.g., E. Tempel et al. 2014). However, these methods have
their limitations, such as the need for high spatial resolution to
resolve individual globular clusters and the applicability of
strong gravitational lensing only to massive galaxies and
massive galaxy clusters. Consequently, only a limited number
of individual galaxies or galaxy groups can be accurately
measured for their host DM halo mass. The second category
comprises statistical techniques, such as weak gravitational
lensing (e.g., H. Hoekstra et al. 2005; R. Mandelbaum et al.
2006; W. Luo et al. 2018) and the abundance-matching (AM)
method (e.g., A. Tasitsiomi et al. 2004; X. Yang et al. 2007).
Weak gravitational lensing statistically combines the lensing
signals from numerous halos to deduce the characteristic halo
mass for galaxy groups with specific properties. The AM
method assumes that the most massive or luminous galaxy
group occupies the most massive DM halo, followed by the
second most massive or luminous galaxy group living in the
second most massive halo, and so forth. Consequently, using a
given halo mass function (HMF), halo masses can be assigned
to galaxy groups based on their stellar mass or luminosity rank.
A fundamental drawback of these approaches is their inability
to ascertain precise halo masses for individual galaxy groups.
The weak-gravitational-lensing method can only yield the
average halo mass of a large sample of galaxies, and Y.-T. Lin
et al. (2016) suggest that the scatter of the halo mass estimated
by the AM method in X. Yang et al. (2007) may correlate with
specific galaxy properties, such as the specific star formation
rate (sSFR) and star formation history (SFH).

Moreover, various studies confirm the biases observed in the
AM method. Notably, investigations using the kinematics of
satellite galaxies (S. More et al. 2011), weak gravitational
lensing (M. Bilicki et al. 2021; Z. Zhang et al. 2022, 2024), the
kinematics of globular cluster systems and H I rotation curves
(L. Posti & S. M. Fall 2021), semi-analytical simulations
(Z.-Y. Man et al. 2019), and hydrodynamical simulations
(B. Clauwens et al. 2016) all report that the red or passive
galaxies reside in DM halos more massive than those hosting
blue or star-forming galaxies with the same stellar mass.

This observed trend aligns with a scenario discussed in Y
Peng et al. (2010) and Z.-Y. Man et al. (2019), where the
quenching of central galaxies results in different stellar-to-halo
mass relations (SHMRs) between blue and red groups. In this
scenario, blue groups experience growth in the stellar mass of
their central galaxies primarily through star formation and
mergers. Concurrently, their host DM halos also increase in
mass through accretion and mergers, leading to a strong
positive correlation between the stellar mass of their central
galaxies and the mass of their host DM halos. Conversely, the
stellar mass of central galaxies for red groups typically remains
stable, growing only through occasional mergers, while their
DM halos continue to grow. Consequently, at an equivalent
stellar mass of central galaxies, the DM halos of red groups are
generally more massive than those of blue groups.

A. Renzini (2009) points out that two star-forming galaxies,
which have the same stellar mass and slightly different sSFR at
z= 2, can exhibit a large difference in their stellar mass by z= 0.
If their DM halos assemble in a similar manner, their halo mass
would be comparable at z= 0. This challenges the AM method.

The assembly history of DM halos also affects the SHMR. For
instance, J. Matthee et al. (2017) show that in the EAGLE

simulation, halos that formed later are more massive than those
formed earlier at the same stellar mass, thereby introducing a bias in
halo mass estimations via the AM method. This can also be found
in L-GALAXIES (C. Lyu et al. 2023). Additionally, Lyu et al.
(2024) indicate that properties linked to the SFH of galaxies can
predict the formation times of their DM halos. Thus, employing
these SFH-related properties to estimate the masses of their host
DM halos could lead to more accurate and unbiased measurements.
The primary objective of this paper is to develop a methodology

that can be broadly applied across diverse galaxy populations to
estimate their host DM halo mass with enhanced precision.
Z.-Y. Man et al. (2019) applied a machine learning (ML)
algorithm, the Random Forest regressor, to galaxy groups in a
mock catalog based on the semi-analytical model L-GALAXIES
to explore the nonlinear multicorrelations between halo mass and
some easily acquired SFH-related galaxy properties and to verify
the previously mentioned scenario. Their findings robustly support
this scenario and indicate that the halo mass can be more
accurately inferred from these properties. Further, in this paper, we
aim to minimize the discrepancies between the mock catalog and
observational data and subsequently to train ML models on the
mock catalog and apply these models to observational data to
estimate halo mass. Fundamentally, the ML method aims to
rectify the bias observed in the AM method by incorporating
properties related to the SFH and/or merger history of galaxy
groups. In this paper, the Planck cosmology (Planck Collaboration
et al. 2014) is adopted, with the following cosmological
parameters: σ8 = 0.829, H0 = 67.3 km s−1Mpc−1, ΩΛ =
0.685, Ωm = 0.315, Ωb = 0.04857, and n= 0.96.
The structure of this paper is as follows. In Section 2, we

introduce the L-GALAXIES semi-analytical model and
describe the mock catalog derived from it, which provides
the training, validation, and test sets. This section also details
the group properties utilized in this study and discusses a group
catalog based on Sloan Digital Sky Survey (SDSS) DR7 used
for predictions. In Section 3, we explain our methods for
calibrating the mock catalog with observational data, training
the ML models on the mock catalog, and subsequently
applying these models to estimating the DM halo mass from
observational data. In Section 4, we evaluate the performance
of the ML method within the test set. In Section 5, we present
the statistics of the halo masses derived from observational data
using our ML method and compare these results with existing
literature. We discuss the use of L-GALAXIES in Section 6.
Finally, we summarize our findings in Section 7.

2. Data

2.1. L-GALAXIES

We use data from the publicly released Munich semi-
analytical model L-GALAXIES16 (B. M. B. Henriques et al.
2015). This model is based on the Millennium (V. Springel
et al. 2005) and Millennium-II (M. Boylan-Kolchin et al. 2009)
simulations. L-GALAXIES is rescaled to the Planck cosmol-
ogy (Planck Collaboration et al. 2014).
Compared to hydrodynamic simulation, the semi-analytical

model offers a computationally efficient approach to studying
galaxy formation and evolution. It analytically describes the
physical processes involved by utilizing DM halo merger trees.
As a result, semi-analytical models typically cover a much

16 http://gavo.mpa-garching.mpg.de/MyMillennium
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larger volume—(500Mpc h–1)3 for L-GALAXIES—than
hydrodynamic simulations. Therefore, we employ the mock
catalog derived from the semi-analytical model to train our ML
models, benefiting from its larger sample size, superior
statistical robustness, and reduced cosmic variance.

L-GALAXIES has made several improvements relative to
previous Munich galaxy formation models (e.g., Q. Guo et al.
2011, 2013). These improvements include delaying the return
of material ejected by galactic winds, weakening the ram
pressure stripping in low-mass halos, and lowering the gas
surface density threshold for star formation. The model
employs the Markov Chain Monte Carlo method to adjust
the parameter space to match observations. Furthermore,
L-GALAXIES yields one of the stellar mass functions that
most closely matches observations. Additionally, it achieves
reasonable matches across detailed distributions of color, sSFR,
and luminosity-weighted stellar age for stars within the mass
range of / ( )M M8 log 12*  .

Given the aforementioned advantages, we employ the mock
catalog generated by L-GALAXIES as the training, validation,
and test sets for this study. Specifically, we select all galaxies
with a stellar mass greater than 109.0Me from snapshots within
the redshift range of 0.01 < z < 0.2 in the mock catalog based
on the Millennium simulation.

2.2. Galaxy Group Properties

In this section, we detail the parameters selected for this
study and explain the rationale behind these choices. As
discussed in Section 1, the SHMR is related to the SFH, merger
history, and halo assembly history. Thus, the parameters
chosen are closely associated with the SFH, merger history,
and/or halo assembly history. To ensure the applicability of
our method to observational data, it is necessary that the
parameters are available in both the L-GALAXIES model and
observational data sets. Consequently, we have identified 25
parameters that satisfy these criteria, listed as follows:

1. The stellar mass of the central galaxy, Mcen. The central
galaxy is the most massive galaxy in its host DM halo.

2. The total stellar mass of the galaxies more massive than
the mass completeness threshold in the same group, Mtot.
The relationship between the total stellar mass and DM
halo mass is tighter than that between the stellar mass of
the central galaxy and DM halo mass (as demonstrated in
Figure 1 of Z.-Y. Man et al. 2019). This is because Mtot

contains more detailed information about the overall SFH
and merging history of the group.

3. The total number of galaxies more massive than the mass
completeness threshold in the same group: richness
(C. Knobel et al. 2009). Richness is directly linked to
the merger history and serves as a reliable indicator of
halo mass (E. S. Rykoff et al. 2012).

4. The SFR of the central galaxy. As previously discussed,
the SHMR for blue and red groups varies significantly.

5. The r-band weighted stellar age of the central galaxy. We
consider age as the weighted average of the time of star
formation, i.e.,

/( )( ) ( ) ( )~ t t t R t dt Lage SFR , 1
t

r
0

0
0

ò -

where t0 is the age of the Universe, R(t) relates to the
fraction of the stars formed at time t that survive to the
present and their r-band luminosity-to-mass ratio, and Lr
is the r-band luminosity. This parameter is tightly
connected to the SFH.

6. The color matrix of the central galaxies: color. This matrix
includes all 10 colors given by the SDSS u-, g-, r-, i-, z-band
absolute magnitudes. As discussed in Section 1, the SHMRs
for central galaxies with various colors are different.

7. The total color matrix: colortot. These quantities are
defined as the difference in the total absolute magnitudes
of group members more massive than the mass
completeness threshold across the u, g, r, i, z bands.
Analogous to the relationship between Mcen and Mtot,
colortot contains more information than color.

The mass completeness threshold mentioned above varies
with redshift. At each specific redshift, only galaxies exceeding
this threshold are selected, forming a volume-limited sample.
The threshold is set higher at higher redshifts, to accommodate
observational constraints. The mass completeness threshold is
detailed in Table 1 and indicated by the horizontal lines in
Figure 1.
The virial mass of a DM halo is defined as the total mass

enclosed within a sphere where the average density is 200
times the critical density of the Universe.
We do not utilize the total SFR and total r-band weighted

age due to the differing measurement error distributions
between star-forming and passive galaxies. These differences
complicate the estimation of errors when combining the data.

Table 1
Parameters Used for Data Pre-processing

Sample Number Redshift Bin Snapshot Redshift Median Error of Mu, Mg, Mr, Mi, Mz log(Stellar-mass Threshold)
(mag) (Me)

(1) (2) (3) (4) (5)

0 [0.01, 0.04) 0.025612 0.075, 0.013, 0.012, 0.015, 0.030 9.5
1 [0.04, 0.07) 0.053316 0.095, 0.013, 0.011, 0.013, 0.030 10.2
2 [0.07, 0.1) 0.082661 0.127, 0.015, 0.012, 0.014, 0.034 10.5
3 [0.1, 0.13) 0.11378 0.162, 0.017, 0.013, 0.015, 0.037 10.7
4 [0.13, 0.165) 0.147548 0.200, 0.020, 0.014, 0.015, 0.040 11
5 [0.165, 0.2] 0.183387 0.270, 0.025, 0.017, 0.017, 0.045 11.2

Note. We split the group sample into six subsamples, assigning each a sample number from 0 to 5. Column (1): sample number. Column (2): corresponding redshift
range in SDSS observation. Column (3): corresponding snapshot redshift in the mock catalog. Column (4): median measurement errors of the absolute magnitudes
within each redshift range (also the standard deviation, σ0, of the Gaussian noise added to the mock catalog). Column (5): the mass completeness threshold used to
calculate Mtot, richness, and colortot, which also defines whether galaxies belong to complete or incomplete samples.
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The accuracy of measurement error distributions is crucial
when applying the ML method to observational data, as
discussed in Section 4.1. Additionally, considering that using
color as a feature for the ML model results in better
performance than using magnitude, and that the information
conveyed by absolute magnitudes can be effectively replaced
by stellar mass and color, we exclude the SDSS u-, g-, r-, i-, z-
band absolute magnitudes and total absolute magnitudes of
group members more massive than the threshold from our
analysis.

2.3. Galaxy Group Catalog

To apply the ML method to observational data, we require a
group catalog to identify which galaxies belong to the same
galaxy group, i.e., are embedded within the same DM halo. We
utilize the most widely used group catalog in the local
Universe, the updated group catalog17 of X. Yang et al.
(2007), which is constructed from NYU-VAGC DR718

(M. R. Blanton et al. 2005) using a refined adaptive halo-
based group finder (X. Yang et al. 2005). Extensive testing of
mock catalogs has demonstrated that this group finder outper-
forms traditional friends-of-friends algorithms. This catalog
includes over 400,000 galaxy groups. We use the group catalog
based on model magnitudes and SDSS redshift.

We extract stellar masses, SFRs, and their errors from the
publicly available MPA-JHU DR7 of SDSS spectral measure-
ments.19 The errors are defined as (P84 − P16)/2 for their
respective probability distribution functions (PDFs). Here, P16
and P84 represent the 16th and 84th percentiles of the PDFs,
respectively. We use the median of these errors as the typical
error. The typical error for stellar masses is 0.1 dex. For SFRs,

the typical error is 0.3 dex for star-forming galaxies and 0.7 dex
for passive galaxies. Stellar masses are determined by fitting
photometry using the Bayesian methodology described by
G. Kauffmann et al. (2003). In-fiber SFRs, derived from Hα
emission (J. Brinchmann et al. 2004), are aperture-corrected
using photometry (S. Salim et al. 2007) to estimate total SFRs.
It is important to note the initial mass function (IMF) used in
MPA-JHU DR7 is the Kroupa IMF (P. Kroupa 2001), which
differs from the Chabrier IMF (G. Chabrier 2003) used in
L-GALAXIES. Following the precedent set by F. Mannucci
et al. (2010), we amplify the stellar mass in L-GALAXIES by a
factor of 1.06 to align with the observational data.
We derive the r-band weighted ages and their errors using

the methodology outlined by A. Gallazzi et al. (2005), which
involves fitting five spectral absorption features simultaneously
to estimate ages. The typical error of the ages is 1.1 Gyr for
star-forming galaxies and 1.9 Gyr for passive galaxies.
We obtain the u, g, r, i, z absolute magnitudes of galaxies

and their errors from the NYU-VAGC DR7 k-corrections
table.20 These magnitudes are then rescaled to the cosmology
parameters used in this study. The typical errors of the absolute
magnitudes across different redshift ranges are detailed in
Table 1.
Finally, we only select galaxies more massive than 109.5Me.

This is different from our previous selection of galaxies more
massive than 109.0Me in the mock catalog, because we will add
noise to the mock catalog and then select galaxies with masses
greater than 109.5Me, as shown in Section 3.1.2.

3. Method

In this section, we describe the calibration process for both
the SDSS data and the mock catalog, aiming to harmonize their
distributions. We also detail the ML process used in our
analysis.

3.1. Data Calibration

If the distribution of group properties in the mock catalog is
different from that in the SDSS data, applying a model trained
on the mock catalog to the SDSS data will introduce unknown
biases. Therefore, this calibration is crucial for accurately
applying the model trained on the mock catalog to estimate DM
halo masses in the SDSS data. To align the SDSS data and the
mock catalog, we deal with the sample selection effect, add
noise to the mock catalog, and normalize the galaxy properties
of red and blue galaxy groups separately.

3.1.1. Sample Selection Effect

Since the target SDSS spectroscopic sample—upon which
the SDSS groups (X. Yang et al. 2007) are based—is flux-
limited, it exhibits a strong selection bias in stellar mass across
the sample redshift range, as shown in Figure 1. As a
consequence, for groups with similar true halo mass, the group
richness and total stellar mass (or total luminosity) of the
observed group members decrease with increasing redshift.
Additionally, the observation uncertainty of the parameters
utilized varies with redshift. To minimize any potential biases
introduced by this sample selection effect across the entire
redshift range explored here (0.01 < z < 0.2), we need to
process the mock catalog to mimic the selection effect in SDSS

Figure 1. This figure shows the distribution of galaxies based on stellar mass
and their host group redshift in SDSS data. The blue dots represent individual
galaxies, while the black contours indicate the number density contours that
encompass 35%, 60%, and 95% of the galaxies. Five vertical lines divide the
galaxies into six redshift ranges, corresponding to the six snapshots in the mock
catalog, as detailed in Table 1. Additionally, five horizontal lines divide the
galaxies in the five redshift ranges above z = 0.04 into two subsets, as specified
in Table 1. For each redshift bin above z = 0.04, galaxies above the horizontal
line form the complete sample, whereas those below the horizontal line
constitute the incomplete sample. Galaxies with group redshifts below 0.04
belong to the complete sample.

17 https://gax.sjtu.edu.cn/data/Group.html
18 http://sdss.physics.nyu.edu/vagc/
19 https://wwwmpa.mpa-garching.mpg.de/SDSS/DR7/ 20 http://sdss.physics.nyu.edu/vagc/kcorrect.html
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observations. The mock catalog provides six snapshots, so we
correspondingly split the SDSS data into six redshift ranges,
based on the luminosity-weighted group center redshifts.
Within each redshift range, we set a mass completeness
threshold, defined as the stellar mass below which the stellar
mass function starts to drop. This threshold helps identify
galaxies unaffected by sample selection effects, as shown in
Figure 1 and Table 1. This approach allows us to assemble a
sizable sample free from the selection effect. In the mock
catalog, we apply the same mass completeness threshold to
segregate galaxies into complete and incomplete samples.
However, it is important to note that before this division, we
have introduced noise into the mock catalog; see Section 3.1.2.

The sample selection effect creates a disparity between the
SDSS data and the mock catalog. In the mock catalog, we are
capable of detecting all existing galaxies, but in the SDSS data,
some less luminous (and therefore less massive) galaxies might
not be detected. For the complete sample, we assume that all
included galaxies are luminous enough to be detected, meaning
it does not suffer from the sample selection effect, as shown in
the Mcen distribution in Figures 2 and 3. However, the
incomplete sample in the SDSS data suggests that there are
additional galaxies that are not detected. This results in a
notable difference between the incomplete sample in the SDSS
data and its counterpart in the mock catalog. To mimic the
sample selection effect, we adjust the incomplete sample in the
mock catalog to match the Mcen distribution observed in the
SDSS data, as shown in Figure 4.

To avoid the sample selection effect, for both the SDSS data
and the mock catalog, when the central galaxy of a group
surpasses the mass completeness threshold, we only take the
members exceeding the threshold, i.e., all of these galaxies
belong to the complete sample, to calculate the properties of the
group. Conversely, for a group where its central galaxy falls
below the mass threshold, i.e., it belongs to the incomplete
sample, we only use the central galaxy to calculate the
properties of the group. Therefore, there are just 13 effective
properties for these groups, i.e., Mcen, SFR, age, and color.

Through the above approach, we can minimize various
potential biases related to redshift, thereby ensuring, in
principle, that the predicted halo masses do not contain
significant redshift-dependent systematic bias.

3.1.2. Adding Noise and Avoiding Overfitting

An important difference between the mock catalog and the
SDSS data is the presence of measurement errors in the latter.
To make the mock catalog more realistic, we introduce
Gaussian noise. Since richness is calculated only for the
complete sample, we assume no measurement error and
therefore do not add noise.21 For color and colortot, noise is
added to the absolute magnitudes before calculating them. The
Gaussian noise introduced to each property has a mean of
μn = 0 and a standard deviation of σn = σ0 = (P84 − P16)/2,
as detailed in Section 2.3 and Table 1.

As star-forming and passive galaxies have different
measurement errors, we define a boundary in the mock catalog

to distinguish them, using Equation (2):

( ) ( ) ( )*Mlog SFR 0.7 log 7.7, 2= -

where SFR is measured in Me yr−1 and stellar mass (M*) in
Me. Additionally, to evaluate our results across varying noise
levels, we also add Gaussian noise with σn = 0, σn = 0.5σ0,
and σn = 2σ0 to the mock catalog. After introducing these
noises, to maintain consistency with the observational data, we
exclude galaxies in the mock catalog with stellar masses below
109.5Me.
Another discrepancy lies in the SFRs of fully quenched

galaxies with very low or zero SFR. In the SDSS data, these
SFRs cannot be measured satisfactorily and most of them are
just upper limits, whereas the SFRs of these galaxies in the
mock catalog are accurately determined. This results in the SFR
distribution in the mock catalog being different from that in the
SDSS data. Therefore, we cannot directly use the original SFRs
of these galaxies in the mock catalog. Instead, we reassign the
SFRs of the galaxies in the mock catalog that fall below
Equation (3), using Equation (4) to mimic the observed SFR
distribution:

( ) ( ) ( ) ( )*i M ilog SFR 0.7 0.02 log 8.4 0.02 , 3= + - -

( )
( ) ( ) ( ) ( )*

4
i M ilog SFR 0.7 0.02 log 8.65 0.02 0, 0.27= + - - +

Here, i represents the sample number, SFR is measured in
Me yr−1, and M* in Me. ( ) 0, 0.27 indicates a Gaussian noise
with a mean of zero and a standard deviation of 0.27. These
adjustments ensure that the SFR distribution of passive central
galaxies in the mock catalog closely mirrors that of the SDSS
data, as shown in Figure 3 and the bottom panel of Figure 4.
Another advantage of introducing noise into the mock

catalog is that it can mitigate the risk of overfitting in the ML
model; see Section 4.1 and Figure 5.

3.1.3. Data Reprocessing and Normalization

Given the different SHMRs between red and blue groups, as
discussed in Section 1, we categorize the groups into red and
blue. Groups with passive central galaxies are classified as red
groups, while those with star-forming central galaxies are
classified as blue groups. This classification not only aligns
with the inherent characteristics of the galaxies, but also
facilitates the normalization process, ensuring that the distribu-
tion of galaxy properties within each group category tends
toward a single-peak distribution. Due to the bimodal
distributions in the SFR–stellar-mass plane, which vary across
different redshifts, we employ slightly different boundaries for
each redshift range to effectively separate these distributions.
The boundaries for the SDSS data and the mock catalog across
all redshift ranges are defined by Equation (5) and Equation (6),
respectively.

( ) ( ) ( ) ( )i M ilog SFR 0.6 0.02 log 6.9 0.12 , 5cen= + - -

( ) ( ) ( ) ( )i M ilog SFR 0.7 0.02 log 7.9 0.03 . 6cen= + - +

Here, SFR is measured in Me yr−1, Mcen in Me, and
i = 0, 1, 2, 3, 4, 5 represents the sample number corresponding
to the different redshift ranges detailed in Table 1. By utilizing
these boundaries, we ensure that, within each redshift bin and
corresponding snapshot, the distributions of SFR for both star-

21 The group finder itself can introduce some errors when determining group
members. However, since the errors introduced by the group finder are
relatively complex and the group catalog used is quite accurate (X. Yang et al.
2007), we do not account for these errors in this paper.
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forming and passive central galaxies in the mock catalog
closely resemble those in the SDSS data.

For any simulation, the distribution of absolute values of
physical quantities cannot fully match the observed data; in
some cases, they can show significant discrepancies. To
minimize the impact from these differences, for both the SDSS
data and the mock catalog, we implement normalization in each
subsample, similar to what is done in Z.-Y. Man et al. (2019):

( )P
P

. 7n
P

P

m
s

=
-

Here, P represents SFR, age, color, and colortot. The mean (μP)
and standard deviation (σP) of each property's distribution are
used to scale P. To mitigate the impact of outliers on the
normalization process, we exclude values more than 6σP away
from μP. Subsequently, we recalculate μP and σP using this
refined data set and apply these parameters to Equation (7).

As an example, we present the distribution of each calibrated
property for groups within the redshift range 0.04 < z < 0.07 in
Figures 2, 3, and 4. These figures respectively correspond to
the blue groups in the complete sample, the red groups in the
complete sample, and both the blue and red groups in the
incomplete sample. For the mock catalog, we have introduced
Gaussian noise with σn = σ0. These figures demonstrate that
across each property, the distributions closely align between the
mock catalog and the SDSS data, particularly for the blue
groups.

In summary, we have organized the groups into six redshift
bins, classified them into complete or incomplete samples,
applied four kinds of noise to the mock catalog, and
categorized them into red or blue groups. This process results
in 88 subsamples from the mock catalog and 22 subsamples
from the observational data.

3.2. ML

We utilize XGBoost (T. Chen & C. Guestrin 2016) as the
ML model. It is an efficient, powerful, and easy-to-use
implementation of the gradient-boosted tree algorithm. For
each subsample, we construct an ML model to predict the DM
halo mass. The features of the ML model depend on whether it
is trained on a subsample from the complete or incomplete
sample. For the complete sample, 25 properties are utilized to
characterize the groups, while the incomplete sample groups
are described using 13 properties, as shown in Section 2.2.

Each subsample within the mock catalog is divided into
three parts, according to an 8:1:1 ratio, to form the training set,
validation set, and test set, respectively. To identify the ML
model that yields the best predictions, we employ the Python
package hyperopt22 to search the hyperparameter space
constructed by max_depth, n_estimators, learnin-
g_rate, subsample, and min_child_weight. Surpris-
ingly, we discover that the hyperparameters have minimal
impact on the predictive outcomes. Consequently, for effi-
ciency, we train our models with n_estimators set to 100
and other hyperparameters at their default settings. This
approach not only saves time but, as evidenced by our tests,
also delivers models that perform nearly optimally.

For the SDSS data, we apply the trained models to estimate
the halo masses of galaxy groups. However, approximately

11% of the central galaxies in the SDSS data lack age
measurements. To avoid the impact of the missing data, we
train additional models using the existing training set but
exclude age as a feature. The performance of these new models
—which do not include age—is similar to the original models
that incorporate age as a feature. The results are detailed in
Table A1 for the complete sample and Table A2 for the
incomplete sample.

4. Performance of ML Method in Test Set

4.1. Which Noise Level Assigned to Halo Mass Performs
the Best?

In this study, we train various ML models using training sets
with different levels of Gaussian noise for halo mass prediction.
To elucidate which model performs optimally, we train several
models using training sets that incorporate varying levels of
noise, then utilize these models to make predictions on test sets
with different noise levels. By assessing the accuracy of these
models on identical test sets, we determine which model is the
most effective. Figure 5 illustrates the results. This figure
shows that for a test set with a certain level of noise, the
accuracy of the ML model is highest only when the noise level
in the training set matches that in the test set, as marked by the
stars.
Thus, for practical applications to the SDSS data, we

recommend using a model trained with a noise level matching
the observational noise level, ideally σn/σ0 = 1. However,
since Gaussian noise is simply added to the training set, there is
a risk that the measurement error could be underestimated or
overestimated for certain galaxy populations. Consequently, for
samples where the average measurement error differs from σ0,
models trained with σn/σ0 = 0.5 or 2 might yield more
accurate halo mass estimates.
The behavior described above, where the accuracy of the ML

model is highest only when the noise level in the training set
matches that in the test set, is analogous to the phenomena of
overfitting and underfitting in ML. An optimal ML model
benefits from a training set with minimal noise, as excessive
noise can obscure valuable information inherent in the data.
When a model trained on a less noisy data set is applied to a
noisier test set, it may overinterpret the data or utilize irrelevant
information, resulting in poor performance akin to overfitting.
Conversely, a model trained on a noisier data set may lack
sufficient information when applied to a cleaner test set, leading
to inadequate predictions reminiscent of underfitting. The most
effective model typically comes from matching the noise levels
of the training and test sets, ensuring that the model captures
the right amount of information. By carefully adjusting the
noise in the training set to reflect that of the test set, we can
prevent overfitting and enhance the model's accuracy and
robustness.

4.2. Estimation Error in the Test Set

In this section, we evaluate the estimation error of the best-
performing ML models on the test set, where the training and
test sets have equivalent noise levels. We assess the accuracy of
the ML method by calculating the mean and standard deviation
of the residuals of halo mass estimations for the complete and
incomplete samples, as presented in Table A1 and Table A2,
respectively. The error of the AM method on the complete
sample is also shown in Table A1 as a comparison. Table A122 https://github.com/hyperopt/hyperopt
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Figure 2. Distributions of the calibrated properties for blue groups in the complete sample within the redshift range 0.04 < z < 0.07. The red shaded areas represent
the distributions of group properties in the SDSS data, while the blue shaded areas depict those in the mock catalog. Gaussian noise with a standard deviation of σ0 has
been added to the mock catalog. The richness is displayed on logarithmic scale. Mcen and Mtot are measured in Me. The units of the properties, which have been
normalized, are arbitrary.
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Figure 3. Distributions of the calibrated properties for red groups in the complete sample within the redshift range 0.04 < z < 0.07. Similar to Figure 2, but focusing
on the red groups in the complete sample.
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demonstrates that the mean of the residuals for the ML method
across all subsamples is very close to zero, unlike the AM
method. The AM method tends to overestimate the halo mass
of blue groups and underestimate that of red groups, indicating
a bias. In contrast, the ML method offers an unbiased
estimation of halo mass across various galaxy populations
with different star-forming states, making a significant

improvement over the AM method. Furthermore, the standard
deviation of residuals for the ML method is ~one-third smaller
than that derived from the AM method, underscoring the
enhanced precision of the ML approach.
To further clarify the results obtained from the ML method,

we show Figure 6. This figure illustrates the complete sample
with sample number= 1 in the mock catalog, to which we have

Figure 4. Distributions of the calibrated properties for blue and red groups in the incomplete sample within the redshift range 0.04 < z < 0.07. Similar to Figure 2, but
focusing on the blue (upper panel) and red (lower panel) groups in the incomplete sample.
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added Gaussian noise with σn = σ0. The top two panels
demonstrate that the AM method tends to underestimate the
halo masses of red groups and overestimate them for blue
groups, particularly overestimating the halo masses of blue
groups with Mhalo  1011.7Meh

−1 and underestimating those of
red groups with Mhalo  1012.5Meh

−1. This effect will lead to a
significant bias in their relative halo masses around

/ ( ) ~M Mlog 12 12.5halo - , where there are comparable num-
bers of red and blue groups. Conversely, the bottom two panels
show that the ML method provides an unbiased estimation of
halo masses for both blue and red groups across all mass bins,
as evidenced by the green curves in these subpanels being very
close to zero. Furthermore, the lower standard deviation of the
residuals from the ML method compared to the AM method is
evident, as the red curves in the subpanels of the top two panels
are consistently higher than those in the bottom panels,
highlighting the superior precision of the ML method.

Additionally, we present the results of the ML-predicted halo
mass versus true halo mass for the incomplete subsample with
sample number 1 in Figure 7. In this instance, we omit the
comparison with the AM method, as it generally performs
poorly in predicting low-mass halos. This limitation is noted in

practices such as that of X. Yang et al. (2007), where the AM
method is only used to estimate the masses of halos greater
than 1011.6Me h−1. In contrast, the ML method demonstrates
reliable accuracy for halos less massive than 1011.3Me h−1 or
even lower and provides unbiased estimates of halo mass
across all mass ranges. Thus, it proves effective in low-mass
regions traditionally challenging for the AM method, offering
precise halo mass estimations.
To further investigate the variation in prediction errors with

halo mass, the trends observed in the smaller subpanels of
Figures 6 and 7 reveal distinct behaviors for blue and red
groups. For blue groups, the prediction error decreases with
lower halo mass, indicating more accurate estimates for smaller
halos. This trend can be attributed to the simpler halo assembly
histories and SFHs at the low-mass end, which facilitate more
precise predictions based on group member properties. Similar
discussions are also found in C. Lyu et al. (2024).
In contrast, this trend is not observed for red groups; in fact,

the prediction errors tend to be smaller at the high-mass end
(Mhalo > 1013.5Me h−1). This may be due to the fact that
although low-mass halos generally have simpler assembly
histories, quenching processes can decouple the growth of the

Figure 5. This figure illustrates the accuracy of ML models trained on training sets with varying levels of noise when applied to test sets with different noise levels.
The x-axis represents the noise level in the training set, while the y-axis shows the standard deviation of the prediction residuals of halo masses. The different curves
represent test sets with noise levels of σn/σ0 = 0 (red), 0.5 (green), 1 (blue), and 2 (purple). The stars highlight the points where the noise level in the training set
matches that in the test set. Top left panel: results for blue groups in the complete sample (sample number 1). Top right panel: results for red groups in the complete
sample. Bottom left panel: results for blue groups in the incomplete sample. Bottom right panel: results for red groups in the incomplete sample. All panels
consistently show that the highest accuracy is achieved when the noise level in the training set matches that of the test set, as indicated by the stars.
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halo from that of the galaxy, complicating the mapping from
group properties to halo mass. Stellar age serves as an indicator
of quenching time, but its observational uncertainty is consider-
able, especially for quenched galaxies, making it challenging to
accurately constrain the SHMR for red groups based on stellar
age. While higher-mass halos do indeed have more complex
assembly histories, the richness parameter becomes a significant
factor at this scale. In most low-mass groups, richness is
typically 1 and provides little information. However, for massive

halos, richness carries substantial information regarding the
merger history, thereby enhancing the precision of halo mass
estimates (e.g., E. S. Rykoff et al. 2012).

5. Results

5.1. HMF in Observations

The HMF shows the distribution of halo masses and
provides an indirect statistical check on the accuracy of halo

Figure 6. Top left panel: comparison of AM-predicted halo mass vs. true halo mass for blue groups in the complete sample (sample number 1) from the mock catalog,
which includes Gaussian noise with σn/σ0 = 1. The blue dots represent individual DM halos, while the curve with error bars illustrates the mean predicted halo mass
within each true-halo-mass bin; the error bars depict the standard deviation. The black contours indicate the number density, and the black line represents the equality
between the true and predicted halo mass. In the smaller subpanel, the red and green lines show the mean (μ) and standard deviation (σ) of the residuals for each
predicted halo mass bin, respectively. Top right panel: the same as the top left, but for red groups. Bottom left panel: the same as the top left, but using the ML-
predicted halo mass for blue groups. Bottom right panel: the same as the bottom left, but for red groups. All masses are measured in units of Meh

−1 and presented on a
logarithmic scale.
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mass estimates. If the estimated halo masses do not reproduce
the actual HMF, this suggests inaccuracies in the estimation
process. The left panel of Figure 8 displays the HMFs from the
SDSS data and the mock catalog. This panel shows the HMFs
from SDSS data in the redshift bin 0.04 < z < 0.07, derived
from ML models trained on training sets with Gaussian noise
levels of σn/σ0 = 0, 0.5, 1, and 2, respectively. It also displays
the HMF of galaxy groups with Mcen > 109.5Me at z ~ 0.05
from the mock catalog. This panel shows that the ML-derived
HMFs closely match the HMF in the mock catalog. The
observed differences between the ML-derived HMFs, which
exceed the statistical errors, can be attributed to variations in
the training sets. HMFs are obtained from a model trained on a
data set with a different level of added noise. As discussed in
Section 4.1, the model that shows the best agreement with
observational data is the one trained with noise levels matching
the observational uncertainties. Consequently, it is expected
that models trained with different noise levels would produce
HMFs that deviate from this optimal model, thereby reflecting
systematic uncertainties in the predictions.

Additionally, we show the HMFs in different redshift bins in
Figure A1. The consistency of the HMFs at the high-mass end
indicates that our halo mass estimates do not exhibit significant
redshift-dependent systematic bias. The differences observed at
the low-mass end allow us to determine the completeness limit
of the estimated halo masses. For example, in the redshift bin
[0.04, 0.07], the halo mass estimates are complete for masses
above 1011.5Me. For further details, please refer to Appendix B.

Notably, the AM method can reproduce the real HMF
because it directly uses the actual HMF as input, allowing it to
replicate the distribution exactly, by definition. In contrast, the
ML method estimates halo masses individually, without any
prior HMF knowledge, then aggregates these estimates to
derive the observed HMF. This process underscores the
accuracy of the ML method, as the derived HMF closely
mirrors the actual distribution without relying on predefined
inputs.

It might be argued that the HMF is inherently represented
within the training set. To clarify, within the redshift range
0.01 < z < 0.04, we construct an arbitrarily modified training
set by resampling the original training set. We then use this
modified training set to train an ML model, which is
subsequently applied to predict halo masses in the SDSS data,
thereby obtaining the HMF. We show the result in the right
panel of Figure 8. There is a significant difference between the
HMF of the original training set and that of the arbitrarily
modified training set. However, the HMFs in the SDSS data,
whether based on the original or modified training set, are very
similar. Therefore, the HMF obtained by the ML method does
not merely replicate the training set's HMF but rather reflects a
genuinely independent outcome, further validating the ML
method's efficacy in accurately estimating halo masses across
varied mass ranges.

5.2. Comparison with Weak-lensing Measurements

The SHMR serves as an additional statistical examination of
the halo mass estimation. While the HMF outlines the overall
distribution, the SHMR establishes a scaling relationship
between the Mcen of groups and their corresponding host halo
mass. In Section 5.1, the ML-derived HMFs align closely with
those in the mock catalog and literature. Therefore, a correct
SHMR, in conjunction with the HMF, will underpin the
reliability of the ML-derived halo masses. In this section, we
compare the SHMRs derived from halo masses estimated by
the ML method, the AM method, and weak-lensing measure-
ments. As mentioned in Section 1, at a given stellar mass, the
red groups locate in more massive DM halos than the blue
groups. The top two panels of Figure 9 presents the SHMRs of
the blue and red groups separately.
In the top left panel of Figure 9, we present the SHMRs of

blue and red groups as determined by our ML method and the
weak-lensing measurements reported by R. Mandelbaum et al.
(2016) and M. Bilicki et al. (2021), respectively. The SHMRs

Figure 7. Similar to the top two panels in Figure 6 but focusing on the ML-predicted halo mass for blue groups (left panel) and red groups (right panel) within the
incomplete sample from the mock catalog.
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derived from the ML method are based on groups within the
redshift range 0.04 < z < 0.07, with the halo masses obtained
from the ML model trained on a training set with Gaussian
noise characterized by σn/σ0 = 1. It is important to note that
our study distinguishes between blue and red groups based on
their central galaxy's SFR, whereas the weak-lensing studies
classify them by color. The analysis reveals that the ML-
derived SHMRs closely match the weak-lensing results,
demonstrating that at a fixed stellar mass, the red groups
reside in more massive halos than the blue groups. Specifically,
for red groups, the ML-derived SHMR aligns remarkably well
with the result from M. Bilicki et al. (2021). Although the
SHMR from R. Mandelbaum et al. (2016) shows slightly
higher halo mass at the same stellar mass, it still falls within the
16th-to-84th-percentile range of the ML-derived SHMR. This
offset may result from differences in sample selection.
R. Mandelbaum et al. (2016) derived their SHMRs using the
locally brightest galaxies, defined as the r-band brightest
galaxies within 1 projected Mpc and 1000 km s−1. Similarly,
for blue groups, the ML-derived SHMR also agrees with those
derived from weak-lensing measurements.

To more clearly illustrate the differences in SHMR between
the blue and red groups, we show the difference in halo mass
for a given central stellar mass in the bottom left panel of
Figure 9. The bottom right panel presents the difference in
central stellar mass for a given halo mass. In the bottom left
panel, as the central stellar mass increases, the difference in
halo mass gradually increases, ranging from −0.1 dex at

/ ( )M Mlog 9.5cen = to −0.5 dex at / ( )M Mlog 11.5cen = . In
the bottom right panel, the maximum difference in central
stellar mass is 0.4 dex, occurring at / ( ) ~M Mlog 12.0halo ,
where the number of blue and red groups is similar, and which
also corresponds to the location of the golden mass.

In the top right panel of Figure 9, we also show the SHMRs
derived by the AM method based on total stellar-mass ranking
and total r-band luminosity ranking, respectively. This panel
shows that the SHMRs from the AM method based on total

stellar-mass ranking are quite similar for both the blue and red
groups, especially at Mcen ~ 1010.5Me. However, the SHMRs
derived from the AM method based on r-band luminosity
demonstrate a trend contrary to those obtained from the ML
method or weak-lensing measurements, suggesting that at
Mcen ~ 1010.5Me, blue groups reside in more massive halos
than red groups. Notably, in X. Yang et al. (2007), halos less
massive than 1011.6Meh

−1 are excluded, so the SHMRs are
unreliable for Mcen  1010.0Me. The discrepancies between the
AM-derived SHMRs and those measured by weak lensing
indicate that the AM method tends to overestimate halo masses
for blue groups and underestimate those for red groups at
Mcen ~ 1010.5Me and Mhalo ~ 1012Me. These biases are
consistent with Figure 6.
Combining the results from the HMF and SHMR, we can

conclude that our ML method provides accurate halo mass
estimations. Furthermore, this suggests that the foundation of
our prediction—i.e., the X. Yang et al. (2007) SDSS group
catalog—is reliable and the sample incompleteness has been
properly corrected. If this were not the case, the HMF would
deviate from the theoretical expectations.

5.3. Comparison with Halo Mass Derived by AM

In this section, we compare the halo masses derived from our
ML method with those from the X. Yang et al. (2007) catalog,
which uses the AM method based on the total stellar-mass and
total r-band luminosity ranking.
As shown in Figure 10, the halo masses derived from the ML

method are generally consistent with those from X. Yang et al.
(2007). However, two distinct sequences corresponding to the
red and blue groups are evident. This is because the AM
method tends to overestimate the halo masses of blue groups
and underestimate those of red groups. The deviation observed
at the high-mass end is primarily due to the different HMFs
used in the AM method by X. Yang et al. (2007) and in
our work.

Figure 8. Left panel: HMFs derived from SDSS data using ML models trained on training sets with varying levels of Gaussian noise. The red, green, blue, and black
curves represent the HMFs for groups with 0.04 < z < 0.07 and Mcen > 109.5Me in the SDSS data, as predicted by ML models trained on training sets with Gaussian
noise levels of σn/σ0 = 0, 0.5, 1, and 2, respectively. The error bars represent the statistical uncertainty in the number of halos within each halo mass bin. All HMFs
have been corrected using Vmax correction. The broad black curve shows the HMF for groups at z ~ 0.05 and Mcen > 109.5Me from the mock catalog. Right panel: the
HMFs for groups with 0.01 < z < 0.04 and Mcen > 109.5Me in the SDSS data and the training sets. The black curve represents the HMF in the original training set,
while the yellow curve shows the HMF in an arbitrarily modified training set. The red curve indicates the HMF obtained by predicting halo masses in the SDSS data
using an ML model trained on the original training set, and the blue curve shows the HMF obtained by predicting halo masses in the SDSS data using an ML model
trained on the modified training set.
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6. Discussion

In this study, we use the L-GALAXIES semi-analytic model
as the training and testing data set for our ML model to predict
halo masses. While employing multiple simulations for cross-
validation is typically preferred for assessing the robustness of
ML models, there are several reasons for our decision to focus
on L-GALAXIES.

One key motivation for using L-GALAXIES is its ability to
reproduce the SHMRs of red and blue galaxy groups in
agreement with weak-lensing observations. For instance,
K. Wang & Y. Peng (2024) compared the SHMRs derived
from various simulations, including IllustrisTNG, Illustris,
EAGLE, and L-GALAXIES, with those obtained from weak
lensing. As shown in Figure 1 of K. Wang & Y. Peng (2024),
L-GALAXIES provides SHMRs that most closely match the
results from weak lensing, indicating that it is a suitable

simulation for training ML models aimed at predicting halo
masses. Given that our results may depend on the choice of
simulation, we plan to incorporate additional simulations for
further testing in future work.
The fact that halo masses derived from our ML model

trained on L-GALAXIES not only produce SHMRs that
closely align with weak-lensing observations, but also yield an
HMF consistent with theoretical predictions suggests that,
statistically, the halo masses estimated by the ML model
trained on L-GALAXIES are relatively accurate.

7. Summary

In the ΛCDM cosmology, galaxies form and evolve in their
host DM halos. Understanding the relationship between galaxies
and their halos depends on accurate halo mass estimations.
While the AM method has been widely used for estimating halo

Figure 9. Top left panel: the solid curves, dots, and stars in blue/red illustrate the SHMRs of blue/red groups as derived from the ML method and the weak-lensing
measurements from R. Mandelbaum et al. (2016) and M. Bilicki et al. (2021), respectively. The shaded regions and error bars indicate the 16th-to-84th-percentile
ranges. Top right panel: the solid, dashed, and dotted curves in blue/red depict the SHMRs of blue/red groups obtained from the ML method and the AM method,
according to the total stellar-mass ranking and total r-band luminosity ranking from X. Yang et al. (2007), respectively. The solid curves in this panel are identical to
those in the left panel. Bottom left panel: the difference in halo mass between the blue and red groups, as derived by the ML method (black), the AM method based on
mass ranking (magenta), and the AM method based on luminosity ranking (green), is shown as a function of the central stellar mass. Bottom right panel: the difference
in central stellar mass between the blue and red groups is shown as a function of the halo mass, as derived by the ML method (black), the AM method based on mass
ranking (magenta), and the AM method based on luminosity ranking (green). The shaded region indicates where / ( )M Mlog 11.8halo < , corresponding to the halo
mass range where our sample becomes incomplete, as shown in the left panel of Figure 8. The SHMRs derived from both the ML method and the AM method are
based on groups within the redshift range 0.04 < z < 0.07. For the ML method, halo masses are obtained from a model trained on a data set with Gaussian noise
characterized by σn/σ0 = 1.
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mass, it has been noted for its tendency to underestimate the halo
masses of red groups and overestimate those of blue groups. As
a consequence, the AM-method-derived halo masses cannot
reproduce the weak-lensing measurements for the red and blue
groups. This paper introduces a technique for precisely
estimating halo mass based on the observable properties of
galaxy groups using the ML method.

The setup and techniques of the ML method are summarized
as follows:

1. Data. A mock catalog from L-GALAXIES is selected for
the training, validation, and test sets, along with the
X. Yang et al. (2007) SDSS group catalog for halo mass
estimation. Key group and galaxy properties available in
both the SDSS data and the mock catalog are chosen as
the features for the ML model. See Section 2.

2. Sample selection effect. Since the target SDSS spectro-
scopic sample is flux-limited with a strong selection in
stellar mass within the sample redshift range, we process
the mock catalog to mimic the selection effect in
observations. We implement redshift-dependent stellar-
mass thresholds to divide both the mock catalog and the
SDSS data into complete and incomplete subsamples (see
Figure 1). For the complete subsample, we use the
properties of galaxies more massive than the threshold to
calculate the group properties. For the incomplete
subsample, the mock catalog is resampled to align the
Mcen distribution with the SDSS data, and we use the
properties of the central galaxies instead of the properties
of the groups. See Section 3.1.1.

3. Adding noise and avoiding overfitting. To better mimic
SDSS observations and address the overfitting problem,
we estimate the observation uncertainties for each
observed quantity in the SDSS data and add the same
level of noise to the corresponding quantities in the mock
catalog. For those quiescent galaxies in the mock catalog
with SFRs around or below the observation limit, we
assign them new stochastic SFRs around the observation
limit. See Sections 3.1.2 and 4.1 and Figure 5.

4. Data reprocessing and normalization. Because the red
group and blue group have different SHMRs, and in order
to facilitate the normalization process, we have divided the

groups into red groups and blue groups. To ensure
consistency between the mock catalog and SDSS data,
each quantity is normalized to follow a similar PDF, as the
distributions of values often do not match well between the
two data sets. This normalization is performed for all
observable quantities and separately for red and blue
groups. As a result, the similarity in the distribution of
group properties between the mock catalog and the SDSS
data ensures that the application of the trained model to the
SDSS data does not introduce significant biases. See
Section 3.1.3 and Figures 2, 3, and 4.

5. ML. An XGBoost model has been trained using the
calibrated mock catalog and subsequently used to estimate
halo masses in the SDSS data. Since star formation
quenching of the central galaxy can decouple the
coevolution of its stellar mass and halo mass, introducing
substantial uncertainties into the halo mass estimation, the
training has been conducted separately for blue and red
groups to improve the accuracy. Due to different sample
selections, the training was also conducted separately for
each of the complete and incomplete subsamples at
different redshifts. See Section 3.2.

We have tested the ML method both on the mock catalog
and SDSS data. The main results are as follows:

1. Tests on the mock data indicate that the noise level
assumed in the training set significantly impacts the
accuracy of the halo mass estimation. When the noise
added to the training set matches the noise in the test set,
the ML model produces the most precise halo mass
estimates (see Figure 5). Therefore, as mentioned above,
the best ML model is trained with a training set that has
the same noise level as the measurement uncertainty in
the SDSS data, ensuring the most accurate halo mass
estimation for SDSS groups.

2. Tests on the mock data indicate that the AM method
tends to overestimate the halo masses of blue groups and
underestimate those of red groups, leading to a significant
systematic bias in their relative halo masses. This effect is
expected to be most pronounced at a halo mass around

/ ( ) ~M Mlog 12 12.5halo - , where there are comparable

Figure 10. Comparison between the halo masses from our ML method and those from X. Yang et al. (2007). The red and blue points indicate the red and blue groups,
respectively. The black line indicates where the two estimates are equal. The left panel shows the comparison based on total stellar-mass ranking, while the right panel
is based on the total r-band luminosity ranking.
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numbers of red and blue groups. By contrast, our ML
method largely eliminates the systematic bias in the
derived halo masses for blue and red groups and is, on
average, ~one-third more accurate than the AM method.
See Figures 6 and 7 and Tables A1 and A2.

3. With proper treatment of the compete and incomplete
samples, and separated training processes, our ML
method can estimate halo mass relatively accurately in
the low-halo-mass region, down to / ( ) ~M Mlog 11.5halo
or even lower. See Figure 7 and Table A2.

4. The ML method derived HMF in SDSS closely matches
those in the mock catalog and theoretical prediction in the
literature (see Figure 8). Unlike that the HMF derived
form the AM method, which agrees well with the
theoretical one by construction, our ML method estimates
the halo mass for each individual SDSS group indepen-
dently without using theoretical HMF as an input or prior.

5. The ML-method-derived SHMRs for both the red and
blue groups match well with those obtained from direct
weak-lensing measurements. Both measurements consis-
tently show that at a given stellar mass of the central
galaxies, the halo masses of red groups are systematically
more massive than those of blue groups. Conversely, the
AM-method-derived halo masses cannot reproduce the
weak-lensing measurements and show little difference in
the SHMR between the red and blue groups. See
Figure.9.

6. Using the halo masses for the SDSS groups derived from
our ML method, the derived distribution function (i.e.,
HMF) agrees well with theoretical predictions, and the
scaling relations (i.e., SHMRs) for red and blue groups
match excellently with the direct weak-lensing measure-
ments, strongly supporting that: (1) the X. Yang et al.
(2007) SDSS groups are accurate; (2) the sample
incompleteness has been properly corrected; and (3) our
ML method provides accurate halo mass estimations for
individual SDSS groups.

These more accurate halo mass estimates enable a more
accurate investigation of the galaxy–halo connection and other
important halo-related science, such as galactic conformity and
the role of halos in galaxy formation and evolution. This
method can be applied to forthcoming large surveys to higher
redshifts, such as MOONS (M. Cirasuolo et al. 2014) and
CSST (H. Zhan 2011).
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Appendix A
Estimation Error in Test Set

We present in Table A1 the prediction errors of the ML
method and the AM method on the complete sample of the test
set across different redshift bins. Table A2 shows the prediction
errors of the ML method on the incomplete sample of the test
set across different redshift bins.

Table A1
Estimation Errors of Complete Sample of Test Set

i σn/σ0 b
AMm b

AMs r
AMm r

AMs a
bm a

bs a
rm a

rs na
bm na

bs na
rm na

rs
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14)

0 0 0.045 0.155 −0.127 0.245 0.000 0.082 0.000 0.153 0.000 0.087 −0.001 0.166
0.5 0.045 0.160 −0.128 0.250 0.000 0.098 0.001 0.195 0.000 0.099 0.000 0.217
1 0.044 0.171 −0.129 0.260 0.000 0.116 0.002 0.217 0.000 0.117 −0.002 0.225
2 0.041 0.206 −0.104 0.297 0.000 0.152 0.001 0.236 −0.001 0.152 −0.002 0.240

1 0 0.107 0.201 −0.137 0.270 0.000 0.108 0.001 0.158 0.000 0.114 0.000 0.175
0.5 0.106 0.209 −0.139 0.272 0.000 0.124 0.000 0.199 0.000 0.127 −0.001 0.230
1 0.103 0.222 −0.139 0.286 0.000 0.146 0.001 0.226 0.000 0.150 −0.002 0.239
2 0.093 0.267 −0.115 0.334 −0.001 0.188 −0.001 0.257 0.000 0.190 0.000 0.261

2 0 0.160 0.243 −0.130 0.304 0.000 0.133 0.000 0.177 0.001 0.135 −0.001 0.195
0.5 0.160 0.252 −0.132 0.309 0.000 0.151 −0.001 0.219 0.001 0.154 0.000 0.248
1 0.152 0.268 −0.129 0.322 0.000 0.172 0.002 0.245 0.000 0.181 0.001 0.260
2 0.132 0.319 −0.103 0.377 0.005 0.224 −0.002 0.278 0.002 0.226 0.001 0.285

3 0 0.211 0.289 −0.124 0.337 −0.003 0.151 −0.002 0.200 0.000 0.157 −0.001 0.220
0.5 0.209 0.289 −0.123 0.342 0.003 0.173 −0.003 0.239 0.002 0.177 −0.001 0.268
1 0.198 0.310 −0.113 0.357 0.002 0.202 0.001 0.267 0.001 0.212 0.001 0.281
2 0.153 0.359 −0.079 0.419 −0.005 0.260 −0.003 0.303 0.003 0.259 −0.002 0.308

4 0 0.294 0.373 −0.123 0.427 −0.004 0.211 0.005 0.247 0.005 0.212 −0.006 0.272
0.5 0.304 0.370 −0.121 0.442 0.003 0.222 −0.007 0.301 0.006 0.237 0.002 0.320
1 0.252 0.417 −0.088 0.467 −0.013 0.280 −0.001 0.327 0.002 0.267 −0.007 0.350

16

The Astrophysical Journal, 979:42 (19pp), 2025 January 20 Zhao et al.



Appendix B
HMFs in Different Redshift Bins

In Figure B1, we present the HMFs for the six redshift bins.
It can be seen that at the high-mass end, the HMFs across
different redshift bins are remarkably consistent. This con-
sistency indicates that our estimated halo masses do not exhibit
significant redshift-dependent systematic biases.

Figure B1 shows the HMFs in different redshift bins. For the
two redshift intervals [0.01, 0.04] and [0.04, 0.07], the HMFs are
almost identical. This indicates that after applying the Vmax

correction, the group catalogs in these two bins can be
considered complete. The decline at the low-mass end of the

HMF is due to our selection criterion: we only include groups
whose central galaxy stellar masses are greater than 109.5Me.
From the SHMRs shown in Figure 9 of our paper, we find that
when the central galaxy mass is 109.5Me, the corresponding halo
mass is approximately 1011.5Me. Therefore, selecting groups
with central galaxy stellar masses above 109.5Me does not affect
the HMF for halos with masses greater than 1011.5Me.
Consequently, in these two redshift bins, we can consider the
HMF to be complete and reliable for Mhalo > 1011.5Me.
For higher-redshift bins, since the group catalog is flux-

limited, the HMF starts to be affected by the incompleteness of
the group catalog. In these cases, the completeness limit of the

Table A2
Estimation Errors of Incomplete Sample

i σn/σ0 a
bm a

bs a
rm a

rs na
bm na

bs na
rm na

rs
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

1 0 0.000 0.080 −0.002 0.189 0.000 0.084 0.000 0.198
0.5 0.000 0.094 0.002 0.226 0.001 0.096 0.003 0.257
1 0.000 0.113 −0.004 0.254 0.000 0.114 −0.002 0.267
2 −0.001 0.150 −0.002 0.261 0.000 0.151 0.003 0.261

2 0 0.000 0.100 0.000 0.188 0.000 0.102 −0.003 0.202
0.5 0.000 0.113 0.002 0.227 0.000 0.116 0.001 0.250
1 0.000 0.132 0.000 0.254 0.000 0.135 0.004 0.262
2 −0.001 0.175 −0.001 0.272 0.001 0.176 0.004 0.281

3 0 0.000 0.117 0.001 0.214 −0.001 0.123 0.001 0.222
0.5 0.002 0.138 0.005 0.247 0.000 0.139 0.004 0.276
1 0.001 0.160 0.002 0.270 −0.001 0.162 −0.002 0.282
2 0.003 0.207 −0.007 0.301 −0.003 0.212 −0.006 0.311

4 0 −0.002 0.169 0.009 0.252 0.002 0.164 0.006 0.279
0.5 0.000 0.189 0.008 0.300 0.004 0.187 −0.002 0.322
1 0.000 0.214 −0.005 0.320 0.004 0.213 0.002 0.335
2 0.003 0.266 0.007 0.357 0.000 0.270 0.008 0.367

5 0 0.007 0.183 −0.010 0.308 −0.007 0.202 −0.008 0.331
0.5 −0.002 0.233 −0.009 0.347 0.009 0.229 0.003 0.375
1 −0.004 0.269 −0.001 0.376 −0.012 0.271 −0.015 0.395
2 0.013 0.309 0.006 0.407 −0.008 0.336 −0.020 0.440

Notes. Column (1): sample number—see Table 1. Column (2): amount of noise added to the training and test sets, with the measurement errors in observations as the
units. Column (3): mean of the residuals in the ML method with age as a feature for blue groups. Column (4): standard deviation of the residuals in the ML method
with age as a feature for blue groups. Column (5): mean of the residuals in the ML method with age as a feature for red groups. Column (6): standard deviation of the
residuals in the ML method with age as a feature for red groups. Column (7): mean of the residuals in the ML method without age as a feature for blue groups. Column
(8): standard deviation of the residuals in the ML method without age as a feature for blue groups. Column (9): mean of the residuals in the ML method without age as
a feature for red groups. Column (10): standard deviation of the residuals in the ML method without age as a feature for red groups.

Table A1
(Continued)

i σn/σ0 b
AMm b

AMs r
AMm r

AMs a
bm a

bs a
rm a

rs na
bm na

bs na
rm na

rs
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14)

2 0.195 0.443 −0.060 0.510 0.007 0.323 0.003 0.370 0.010 0.328 0.002 0.377
5 0 0.355 0.419 −0.084 0.483 −0.009 0.264 0.005 0.282 −0.018 0.283 0.000 0.312

0.5 0.333 0.443 −0.064 0.490 −0.004 0.289 0.006 0.329 −0.013 0.295 0.000 0.349
1 0.344 0.442 −0.060 0.537 0.023 0.321 −0.004 0.363 0.026 0.339 −0.013 0.391
2 0.218 0.552 −0.040 0.576 0.004 0.424 −0.001 0.426 0.010 0.425 −0.009 0.450

Notes. Column (1): sample number—see Table 1. Column (2): amount of noise added to the training and test sets, with the measurement errors in observations as the
units. Column (3): mean of the residuals in the AM method for blue groups. Column (4): standard deviation of the residuals in the AM method for blue groups.
Column (5): mean of the residuals in the AM method for red groups. Column (6): standard deviation of the residuals in the AM method for red groups. Column (7):
mean of the residuals in the ML method with age as a feature for blue groups. Column (8): standard deviation of the residuals in the ML method with age as a feature
for blue groups. Column (9): mean of the residuals in the ML method with age as a feature for red groups. Column (10): standard deviation of the residuals in the ML
method with age as a feature for red groups. Column (11): mean of the residuals in the ML method without age as a feature for blue groups. Column (12): standard
deviation of the residuals in the ML method without age as a feature for blue groups. Column (13): mean of the residuals in the ML method without age as a feature for
red groups. Column (14): standard deviation of the residuals in the ML method without age as a feature for red groups.
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HMF corresponds to the halo mass where the HMF begins to
deviate from those of the lower-redshift bins.
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