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Abstract

The Dark Energy Spectroscopic Instrument (DESI) survey presents a unique opportu-

nity to investigate the nature of dark energy and the evolution of the universe, offering an

abundance of data that can enhance our comprehension of both the galaxy-halo connection

and cosmological parameters. This thesis delves into a comprehensive exploration of the

galaxy-halo connection within the context of the DESI survey, emphasizing its pivotal role

in interpreting large galaxy surveys and extracting cosmological insights.

We underscore the importance of the Halo Occupation Distribution (HOD) model, a sta-

tistical tool designed to populate galaxies from dark matter halos. A profound understanding

of this model is essential for accurately interpreting the galaxy clustering data from DESI

and for inferring the underlying cosmological model.

In this thesis, we emphasize the significance of higher-order statistics, such as the pro-

jected three-point correlation function, for constraining the galaxy-halo connection. While

two-point statistics have been extensively utilized, we demonstrate that the additional infor-

mation provided by higher-order statistics enables us to glean more information on 1-halo

scales and constrain the HOD parameters with greater precision. We adopt and generalize

a swift HOD fitting pipeline to significantly reduce the required computation time for the

three-point analysis.

We present the HOD analysis of Luminous Red Galaxy (LRG) and Quasi-Stellar Object

(QSO) samples derived from the One-Percent survey conducted by DESI. We scrutinize the

HOD parameters as well as physical parameters such as the satellite fraction and mean halo

mass of LRGs within a redshift range of 0.4 < z < 1.1, and QSOs within a redshift range

of 0.8 < z < 2.1. Notably, for LRGs, we detect clear trends of redshift evolution for these

physical parameters.



We demonstrate how a well-constrained galaxy-halo connection model can be employed

to extract cosmological information from DESI data, particularly on small scales. Finally,

we present a systematic study of the Jackknife resampling technique, which is widely used

in HOD fitting, in the estimation of the covariance matrix.
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Chapter 1

Introduction

1.1 Modeling the galaxy-halo connection

The ΛCDM model of modern cosmology is the most widely accepted framework that de-

scribes the evolution of the Universe. Planck Collaboration et al. 2 find that under the

ΛCDM framework, around 95% of the universe is made of dark matter and dark energy.

The distribution of dark matter, therefore, serves as an important source of cosmological

information, revealing key properties of the Universe. However, the dark matter can not be

directly observed. Galaxies, on the other hand, are the most accessible tracer on cosmologi-

cal scales that galaxy surveys can observe. The galaxy-halo connection links the observable

properties of galaxies with the underlying dark matter halos in which they reside, provides

critical insights into the processes governing galaxy formation and evolution, and thus plays

a vital role in understanding the large-scale structure of the universe.

The Dark Energy Spectroscopic Instrument3 (DESI) currently stands as the most ex-

tensive ongoing spectroscopic galaxy survey, aiming to unveil the nature of dark energy and

achieve percent-level precision in measuring crucial cosmological parameters. Over the next

five years, DESI is expected to gather around 40 million galaxy and quasar spectra while

spanning over 14,000 square degrees of the sky. This impressive feat represents a 20-fold in-

crease in data collection compared to its predecessors, the Baryon Oscillation Spectroscopic
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Figure 1.1: Figure from Wechsler and Tinker 1 describe different approaches to model the
galaxy-halo connection. The top left panel shows a snapshot of a cosmological simulation,
and the top right panel shows galaxy distribution populated using an abundance matching
approach. Different models are listed on the bottom from left to right ranging from more
physical to more empirical.

Survey (BOSS) and the extended BOSS (eBOSS), both of which were part of the Sloan

Digital Sky Survey (SDSS)4.

To fully capitalize on the galaxy property measurements obtained from galaxy surveys,

it is crucial to develop a robust model that can accurately describe the relationship between

galaxies and their underlying dark matter. This will enable us to effectively account for un-

certainties in the galaxy-halo connection, ensuring more reliable cosmological interpretations

of the data. On the other hand, obtaining constraints on the galaxy-halo connection model

can also contribute to a deeper understanding of the physics involved in galaxy formation

and the evolution of matter distribution.
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A variety of methodologies have been developed to investigate this connection, each with

its own strengths and limitations. Fig. 1.1 shows a schematic summary of these approaches to

the galaxy–halo connection, popular models of the galaxy-halo connection were well-reviewed

by Wechsler and Tinker 1 , so we will briefly summarize some of them here and refer readers

to Wechsler and Tinker 1 for more details.

1. Hydrodynamical simulations are the most detailed and computationally intensive method

for modeling the galaxy-halo connection, providing a comprehensive and detailed view

of the complex processes involved in galaxy formation and evolution. These simulations

incorporate both dark matter and baryonic physics, solving the equations of gravity

and hydrodynamics in a cosmological context. They track the evolution of density

fluctuations in the universe, leading to the formation of a cosmic web of dark matter

halos. Simultaneously, they simulate the gas dynamics within these halos, including

cooling, heating, star formation, and feedback processes, which give rise to the di-

verse population of galaxies we observe. By directly modeling these physical processes,

hydrodynamical simulations offer a first-principles approach to the galaxy-halo connec-

tion. They provide insights into how the properties of galaxies are shaped by their host

halos and the surrounding cosmic environment, and they enable predictions for a wide

range of galaxy observables. Hydrodynamical simulations were used to study and help

building the model of the halo occupations5–11, understand the semi-analytic models12,

and test the assumptions of the subhalo abundance matching approach10;13;14.

2. Semi-analytic models (SAMs)15–20 offer a more computationally efficient approach to

explore the galaxy-halo connection. SAMs incorporate a set of simplified, yet phys-

ically motivated, equations to track the evolution of galaxies within the hierarchical

structure of the universe. They combine the detailed merger histories of dark mat-

ter halos, derived from N-body simulations or extended Press-Schechter formalism21,

with a series of analytic prescriptions for baryonic physics, including gas cooling, star

formation, feedback mechanisms, and galaxy mergers. This approach allows SAMs to

generate large synthetic galaxy catalogs, linking galaxy properties to their host halo
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characteristics. By adjusting the parameters of the analytic prescriptions, SAMs can

be tuned to reproduce a wide range of observed galaxy statistics, providing valuable

insights into the processes that govern galaxy formation and evolution.

3. The Subhalo Abundance Matching (SHAM)22–25 model suggests that every observ-

able galaxy is hosted by a dark matter subhalo, and the properties of these galaxies

are intrinsically linked to their host subhalo’s characteristics. Typically, the most lu-

minous or massive galaxies are associated with the most massive halos or subhalos,

or those with the highest maximum circular velocity. This method involves ranking

both galaxies and halos/subhalos according to a selected property, such as luminosity,

stellar mass, or maximum circular velocity, and subsequently matching them. Central

galaxies are generally associated with primary halos, while satellite galaxies are linked

to subhalos. The model parameters are then fine-tuned until the simulated galaxy

distribution aligns with observed galaxy statistics.

4. Halo occupation models26–35 describe the statistical relationship between the number of

galaxies residing within a dark matter halo and the properties of the halo itself. These

models are typically based on the halo occupation distribution (HOD), which quantifies

the probability that a halo of a given mass contains a specific number of galaxies. By

fitting the parameters of the HOD to match observed galaxy statistics, such as the

galaxy two-point correlation function, the HOD models provide a powerful tool for

connecting the distribution of galaxies to the underlying dark matter distribution.

Most of the research presented in this thesis will delve into the galaxy-halo connections

utilizing the Halo Occupation Distribution (HOD). We provide a detailed discussion of the

HOD in the subsequent section.

1.2 Halo occupation distribution

The halo occupation distribution was developed in response to the growing availability of

high-quality observational data from large galaxy surveys. This approach offers a proba-
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bilistic description of the number of galaxies residing within a dark matter halo based on

the halo’s properties. At present, the HOD is among the most popular methods for placing

galaxies in dark matter halos, utilizing data from dark matter simulations.

1.2.1 Baseline HOD

In baseline HOD models, the probability of a halo hosting a specific number of galaxies

depends solely on its mass. This probability distribution is denoted as P (Ng|Mh), where

Ng represents the number of galaxies within a given halo and Mh signifies the mass of the

halo. Typically, the distribution is calculated separately for central galaxies residing in the

halos and satellite galaxies orbiting within them. Central galaxies are assumed to reside in

all halos above a certain mass threshold, while satellite galaxies begin to populate larger

halos following a Poisson distribution. Among several analytic forms proposed for ⟨N |M⟩,

the most canonical one is a 5-parameter model originally proposed by Zheng et al. 34 :

⟨Ncen⟩(M) =
1

2

(
1 + erf

[
log(M) − log(Mcut)

σ

])
. (1.1)

⟨Nsat⟩(M) =

(
M −M0

M1

)α

. (1.2)

In both formulas, M represents the mass of the host halo. Mcut is the characteristic min-

imum mass required to host a galaxy, while sigma describes the steepness of the probability

increase with halo mass around Mcut. M0 is a mass threshold for satellite galaxies, and α

controls the steepness of the increase in satellite probability with host halo mass. Lastly,

M1 establishes the typical mass scale necessary for a halo to host one satellite. This model

has proven effective in accurately describing the Luminous Red Galaxies (LRGs) in both the

BOSS and eBOSS surveys36–40. For other cosmic markers, such as Bright Galaxy Samples

(BGS), Emission Line Galaxies (ELG)41, and Quasi-Stellar Objects (QSO)42;43, a similarly

formed baseline HOD has also been successfully employed to represent their clustering mea-

surements.
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1.2.2 Decorations to the baseline HOD

Assembly bias

Assembly bias refers to the phenomenon where the clustering of dark matter halos depends

not only on halo mass but also on other properties related to their formation histories,

such as their concentration or age. There is substantial evidence for assembly bias, various

studies have been conducted by Hadzhiyska et al. 9,10 ; Croton et al. 44 ; Gao et al. 45 ; Pujol

et al. 46 ; Artale et al. 47 ; Zehavi et al. 48 . This effect introduces additional complexity to

the galaxy-halo connection and can serve as a “decoration” to the baseline halo occupation

distribution (HOD) model, which typically only considers halo mass.

In a decorated HOD model incorporating assembly bias, the properties of galaxies are

tied not just to the mass of their host halo, but also to these additional halo properties.

For instance, at fixed halo mass, older or more concentrated halos might be more likely to

host a galaxy or to host a galaxy of a particular type. These additional dependencies can

modify the statistical distribution of galaxies within halos, and hence the predicted galaxy

clustering, compared to the baseline HOD model.

Decorated HOD models provide a more nuanced view of the galaxy-halo connection

and offer the potential to extract more information from galaxy surveys. By fitting these

models to the data, we can learn about the impact of assembly bias on galaxy formation

and evolution, and test our theoretical understanding of these processes. However, they also

pose additional challenges, as they require a more detailed understanding of halo formation

histories and their relationship to galaxy properties.

Conformity bias

Conformity bias, or galactic conformity, is another interesting aspect to consider when aug-

menting the baseline Halo Occupation Distribution (HOD) model. Galactic conformity refers

to the observed phenomenon where the properties of neighboring galaxies are more similar

than would be expected by chance, implying a correlation in galaxy properties at fixed halo

mass. This effect can be seen both within a single dark matter halo (one-halo conformity)
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and between galaxies in separate halos (two-halo conformity). Incorporating conformity into

HOD models, involves modifying the baseline model to capture these correlations, introduc-

ing dependencies on additional parameters such as local galaxy density or the properties of

neighboring galaxies. For instance, studies based on SAM49–52 and hydrodynamical simula-

tions11;53 suggest an increasing satellite occupation at high halo mass for ELGs, this effect

could be taken into account by including central-satellite conformity that satellite occupa-

tion may be conditioned by the presence of central galaxies54. ? find a satellite occupation

of the DESI one-percent ELGs in good agreement when introducing the central-satellite

conformity.

Velocity bias

Enhancing the baseline HOD model also requires considering galaxy velocity bias. This

term refers to the phenomenon where the velocities of galaxies within a halo do not exactly

mirror the velocities of the dark matter particles. This discrepancy can arise due to vari-

ous factors, including dynamical friction, tidal stripping, and satellite-satellite interactions,

leading to systematic differences between the velocity distributions of galaxies and dark

matter. Velocity bias has been tested both in hydrodynamical simulations and observational

surveys41;55–57.

By parameterizing velocity bias, we can apply modifications to the 3D velocity of galaxies.

However, it’s worth noting that only the line-of-sight component is of significance when

modeling redshift space clustering. We will briefly introduce how we parameterize velocity

bias in Chap. 3 but refer the reader to Yuan et al. 58 for more details.
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1.3 Constraining the HOD model

1.3.1 Observational statistics

Two point correlation functions

The two-point correlation function (2PCF), often denoted as ξ(r), is a fundamental statistic

in the field of cosmology and galaxy clustering studies. It quantifies the excess probability of

finding a pair of galaxies separated by a distance r, compared to what would be expected for

a random, unclustered distribution. In essence, the 2PCF provides a measure of the strength

of galaxy clustering as a function of scale.

The computation of the 2PCF involves pair counting. For a given separation distance r,

the number of galaxy pairs in the observed data (Data-Data pairs, DD) and in a random dis-

tribution (Random-Random pairs, RR) are counted. The 2PCF is then typically calculated

as the ratio of these pair counts, minus one:

ξ(r) = DD/RR− 1 (1.3)

Several estimators have been proposed to compute the 2PCF, aimed at minimizing biases

and maximizing the signal-to-noise ratio. The most commonly used estimators include the

Peebles and Hauser 59 (PH), Davis and Peebles 60 (DP), Hamilton 61 (HAM), and Landy and

Szalay 62 (LS) estimators.

The Landy and Szalay estimator, often used in practice, is given by:

ξ(r) = (DD − 2DR + RR)/RR, (1.4)

where DR is the number of cross pairs between the data and the random catalog. This

estimator has been shown to have the smallest variance and is unbiased for a sufficiently

large random catalog.

Through the 2PCF, astronomers can probe the spatial distribution of galaxies and extract

valuable information about the underlying cosmology and galaxy formation processes, such
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as those encoded in HOD models. These functions have been instrumental in constraining

the parameters of HOD models and understanding the galaxy-halo connection.

The 2PCF ξ(r) can be decomposed into ξ(rp, π), a function of the projected separation, rp,

and the separation along the line-of-sight, π. The projected 2PCF, often denoted as w
(2)
p (rp),

measures the excess probability of finding galaxy pairs as a function of rp by integrating

ξ(rp, π) over π, thereby integrating out the line-of-sight velocity differences.

w(2)
p (rp) =

π⋆∫
−π⋆

dπξ(2)(rp, π) (1.5)

The value of π⋆ is usually chosen to be of the order of a few tens of megaparsecs to smooth

over peculiar velocity effects. Projected 2PCF w
(2)
p (rp) is particularly useful as it is less

affected by redshift-space distortions and provides a clear measure of the spatial clustering

of galaxies. ξ(rp, π) can also be used directly to constraint HOD parameters, as it contains

the full information content of the 2PCF, including velocity distribution and the small-scale

finger-of-god effect. Yuan et al. 63 showed that the ξ(rp, π) have extra constraining power of

HOD on small scales and can be used to constraint velocity bias.

The multipole expansion of the 2PCF, ξℓ(s), on the other hand, is a powerful tool for

probing redshift-space distortions, which arise due to peculiar velocities of galaxies. The

2PCF ξ(r) can be decomposed into multipoles as a function of the separation s and the

cosine of the angle µ between the separation vector and the line-of-sight direction.

ξ(s, µ) =
∑
ℓ

ξℓ(s)Pℓ(µ), (1.6)

where Pℓ(µ) are the Legendre polynomials. Each of these moments, ξℓ(s), can be computed

by performing an angular integration:

ξℓ(s) =
2ℓ + 1

2

∫ 1

−1

ξ(s, µ)Pℓ(µ)dµ. (1.7)

These multipoles capture different aspects of the galaxy distribution, with ℓ = 0, 2, 4

corresponding to the monopole, quadrupole, and hexadecapole terms, respectively.
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The monopole (ℓ = 0) measures the isotropic (angle-averaged) clustering, and it’s typ-

ically affected by both real-space clustering and redshift-space distortions due to coherent

infall into overdense regions. The quadrupole (ℓ = 2) and hexadecapole (ℓ = 4) are sensitive

to the anisotropic clustering in redshift space. The quadrupole moment, in particular, pro-

vides information about the“flattening” of the correlation function along the line of sight due

to peculiar velocities, known as the Kaiser effect. On large scales, the quadrupole and hex-

adecapole moments can be used to probe cosmological parameters, such as the growth rate

of structure. For HOD fitting, quadrupole and hexadecapole are key sources of constraining

power for velocity bias parameters.

Three point correlation functions

The three-point correlation function (3PCF), denoted as ξ(3)(r12, r23, r31), is another essen-

tial statistic in the field of cosmology and galaxy clustering studies. While the two-point

correlation function (2PCF) provides information about the pairwise clustering of galaxies,

the 3PCF extends this analysis to triplets of galaxies. It quantifies the excess probability of

finding a triplet of galaxies with specified separations r12, r23, and r31, compared to what

would be expected for a random, unclustered distribution.

The 3PCF provides additional information beyond the 2PCF, including insights into the

shape of galaxy clustering (since a triplet of galaxies defines a triangle) and non-Gaussian

features of the galaxy distribution. It is sensitive to the biasing relationship between galaxies

and the underlying dark matter distribution, and can thus provide additional constraints on

the processes of galaxy formation and evolution58;64–70.

The computation of the 3PCF, like the 2PCF, involves counting sets of points, but in

this case triplets rather than pairs. The challenge lies in efficiently counting these triplets in

configuration space and minimizing the computational expense.

For a given set of separations (r12, r23, r31), the number of galaxy triplets in the observed

data (Data-Data-Data triplets, DDD) and in a random distribution (Random-Random-

Random triplets, RRR) are counted. The 3PCF is then typically calculated as the ratio of
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these triplet counts, minus one:

ξ(3)(r12, r23, r31) = DDD/RRR− 1 (1.8)

Several estimators have been proposed to compute the 3PCF, including the Szapudi and

Szalay and Peebles and Groth estimators. These estimators incorporate cross-correlations

between the data and random catalogs, similar to the Landy and Szalay estimator for the

2PCF.

Similar to the 2PCF, the 3PCF ξ(3)(r12, r23, r31) can be decomposed into

ξ(3)(rp12, rp23, rp31, π1, π2), a function of three perpendicular separations and two relative

distances along the line of sight. The projected 3PCF can then be computed by

w(3)
p (rp12, rp23, rp31) =

π⋆∫
−π⋆

dπ1dπ2ξ
(3)(rp12, rp23, rp31, π1, π2) (1.9)

Chap. 2 of this thesis shows in detail how projected 3PCF can be efficiently taken into

account for HOD analysis and be a powerful probe of constraining the HOD parameters.

Other statistics

While two-point correlation functions (2PCF) have traditionally been a workhorse in con-

straining the parameters of Halo Occupation Distribution (HOD) models, there are other

statistical tools that can provide complementary insights into the galaxy-halo connection.

These include Counts in Cylinders, Satellite Kinematics, and Galaxy Void Statistics.

Counts in Cylinders (CIC) is a technique that counts the number of galaxies within a

cylinder of a given radius and height around a particular galaxy. The distribution of these

counts can provide constraints on the number and spatial distribution of satellite galaxies

within their host halos, contributing to the parameterization of the HOD model. CIC is

popular in constraining galaxy halo connection, recent works include Reid and Spergel 71 ;

Berrier et al. 72 ; Oguri and Lin 73 ; Gruen et al. 74 ; Wang et al. 75

Satellite Kinematics provides another avenue for constraining HOD parameters, specifi-
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cally those related to the velocity distribution of satellite galaxies. By measuring the velocity

dispersion of satellite galaxies around their host, we can gain insights into the mass of the

host halo. This information complements the spatial distribution information obtained from

the 2PCF or Counts in Cylinders, providing a more complete picture of the galaxy-halo

connection76;77.

Galaxy Void Statistics refers to the study of large underdense regions in the distribution of

galaxies. The size distribution and abundance of these voids are sensitive to both the matter

density and the galaxy bias, making them useful for constraining cosmological parameters

as well as the parameters of the HOD model. The population of galaxies within voids and

on their edges can also provide additional constraints on how galaxies populate halos78–81.

1.3.2 Fast HOD analysis pipeline

In the standard procedure for fitting the HOD model, galaxy mock populations are gener-

ated for each set of HOD parameters that have been sampled. The clustering statistic of

interest is subsequently measured and compared to measurements obtained from the data

in order to estimate the likelihood. This procedure is repeated multiple times for various

HOD parameters until the posterior likelihood has been thoroughly explored. An alternative

approach, known as the tabulation method, was first proposed by Neistein et al. 82 and later

expanded upon by Zheng and Guo 83 . This method reverses the order of applying the HOD

model and measuring the clustering. Specifically, the clustering of halos is precomputed

prior to the Markov Chain Monte Carlo (MCMC) stage, and the HOD population scheme

is subsequently applied by combining weights with the halo clustering. This approach sig-

nificantly improves the efficiency of the HOD fitting process, as the most computationally

intensive step is moved outside of the MCMC loop. We summarise the tabulation method

for the AbacusSummit simulation below but refer the reader to Zhang et al. 84 . for more

details.

We take projected 2PCF wp here as an example and assume our HOD model only depend

on the mass of the host halo. To match the behavior of the particle-based HOD, where we
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populate the satellite with particles, we first divide the halo catalog and particle catalog

attached to the halos into Nb bins. Then the galaxy correlation function wp,gg is given by a

weighted sum over different mass bin cross-correlations.

wp,gg(rp) =

Nb∑
i,j

wcent(Mi)wcent(Mj)wp,hh(rp,Mi,Mj)

+ 2

Nb∑
i,j

wcent(Mi)wsat(Mj)wp,hp(rp,Mi,Mj)

+

Nb∑
i,j

wsat(Mi)wsat(Mj)wp,pp(rp,Mi,Mj),

(1.10)

where wp,hh(rp,Mi,Mj) is the two-point cross-correlation function of halos in the ith and

jth mass bins (similarly for the halo-particle and particle-particle correlation functions) and

naively we could take the weight as

wcent(Mi) = n̄cent(Mi), (1.11)

wsat(Mi) = n̄sat(Mi)
N i

h

N i
p

. (1.12)

where N i
h and N i

p are numbers of halos and particles in ith mass bin.

Equation 1.10 gives an average value of clustering expected for a given HOD model

instead of a specific realization that includes stochastic noise and further reduces the bias

of HOD fitting. We also test and confirm that the mean prediction is consistent with the

output of the standard HOD fitting pipeline.

While the tabulation method can accelerate the fitting of HOD, it also limits the flex-

ibility of extending the HOD model. The baseline HOD model relies solely on halo mass,

making it easy to prepare tabulated halo and particle pair counts across mass bins. However,

when dealing with more complex HOD models that involve velocity bias and assembly bias

extensions, additional dimensions of dependency can significantly increase the complexity of

preparing tabulated halo and particle pair counts.
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1.4 Generating mock catalogs

The HOD model is a powerful tool for generating mock catalogs of galaxies, which are

essential for interpreting galaxy surveys. Given a dark matter halo catalog from an N-body

simulation, the HOD model can populate these halos with galaxies, producing a mock galaxy

catalog. These catalogs can reproduce the observed clustering properties of galaxies and

provide robust covariance matrices, which are critical for cosmological parameter estimation.

1.5 Outline of the dissertation

This thesis begins by harnessing the power of high-order statistics, such as the projected

3PCF, to delve deeper into the complex relationship between galaxies and their dark matter

halos in Chap. 2. This exploration illuminates the performance of projected 3PCF in con-

straining the HOD for key tracers in the DESI survey, including Luminous Red Galaxies,

Emission Line Galaxies, and Quasi-Stellar Objects. For mock LRG samples, the constraints

on some parameters have improved by as much as 70%. Additionally, the development of a

fast HOD fitting pipeline, incorporating a tabulation method up to the three-point level, is

introduced, paving the way for more efficient analysis.

The exploration continues with an in-depth examination of data from the DESI One-

Percent Survey as described in Chap. 3. The focus here is on the HOD parameters for LRGs

from the redshift range 0.4 < z < 1.1 and QSOs from the redshift range 0.8 < z < 2.1, where

we find that the baseline HOD model effectively captures small-scale clustering, and we detect

clear trends in the redshift evolution of the HOD parameters and physical parameters for

the LRG sample.

Chap. 4 then shifts to the implementation of the HOD framework, demonstrating its

utility in extracting cosmological information from small-scale observations. A comprehen-

sive exploration of the degeneracy between HOD parameters and cosmological parameters

on small-scale two-point correlation function multipoles is presented.

Following the implementation of the HOD framework, Chap. 5 tests the performance
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of the jackknife resampling method in estimating covariance matrices for different two-

point statistics, including two-point correlation functions, power spectrum, the difference

and cross-covariance of them from a pair of simulations. This exploration provides valu-

able insights into the robustness of the jackknife variance, contingent upon various factors

such as the number of jackknife regions and the choice between two-dimensional and three-

dimensional regions.

Chap. 6 concludes with a summary of the key insights gained from this intricate explo-

ration of the galaxy-halo connection and cosmology using DESI data. These findings not

only contribute to the current understanding of these areas but also provide direction for

future work in this field.
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Chapter 2

Constraining galaxy-halo connection

with high-order statistics

This chapter originally appeared in the literature as

Hanyu Zhang, Lado Samushia, et al. Constraining galaxy–halo connection with

high-order statistics.

Chapter Abstract

We investigate using three-point statistics in constraining the galaxy-halo connection.

We show that for some galaxy samples, the constraints on the halo occupation distri-

bution parameters are dominated by the three-point function signal (over its two-point

counterpart). We demonstrate this on mock catalogs corresponding to the Luminous

Red Galaxies (LRGs), Emission-Line Galaxies (ELG), and quasars (QSOs) targeted

by the Dark Energy Spectroscopic Instrument (DESI) Survey. The projected three-

point function for triangle sides less up to 20h−1 Mpc measured from a cubic Gpc of

data can constrain the characteristic minimum mass of the LRGs with a precision of

0.46 %. For comparison, similar constraints from the projected two-point function are

1.55 %. The improvements for the ELGs and QSOs targets are more modest. In the

case of the QSOs it is caused by the high shot-noise of the sample, and in the case

of the ELGs, this is caused by the range of halo masses of the host halos. The most
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time-consuming part of our pipeline is the measurement of the three-point functions.

We adopt a tabulation method, proposed in earlier works for the two-point function,

to reduce significantly the required compute time for the three-point analysis.

2.1 Introduction

Simulations of structure formation have become invaluable in analyzing cosmological data85;86.

They are used for studying nonlinear gravitational evolution, validating and calibrating the-

oretical models of structure formation, and estimating covariance matrices of clustering mea-

surements. Cold dark matter simulations are the easiest to produce. They provide us with

an accurate picture for the clustering of dark matter halos87;88. The positions of galaxies

cannot be obtained from the cold dark matter simulations. They depend on baryonic physics

that is not captured by the cold dark matter simulations89;90. In addition, resolving galaxies

in large volumes requires a much higher mass resolution that cannot be realized with current

computers. Galaxy surveys, on the other hand, measure positions of galaxies rather than

their host dark matter halos. It is essential to have an accurate method of placing galaxies

in these dark matter simulations for the robust analysis of such data.

The Halo Occupation Distribution (HOD) approach is currently one of the most widely

used methods to achieve this goal26–28;30–35. In the HOD framework galaxies are placed in

halos based on some probabilistic prescription that depends on the properties of the host

halo and its neighborhood. In the basic HOD models, the probability of a halo to host a

certain number of galaxies only depends on its mass. In more complicated models it can

also depend on the local density of halos around the host and some features of the history

of the halo formation. Models of various complexity have been offered for where exactly to

place the galaxies inside the halo and how to assign velocities to those galaxies.

An alternative approach to connect galaxies and halos is the sub-halo abundance match-

ing (SHAM) method22;24;25;91–93. By assuming a monotonic relation between certain halo

properties and certain galaxy properties, a galaxy catalog can be generated by matching

the observed list of galaxies sorted by galaxy property with a list of halos (and sub-halos)
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sorted by halo property from simulations. The method based on a Conditional Luminosity

Function which models galaxies as a function of both their luminosity and host halo mass is

another alternative94–97.

The HOD models have adjustable parameters that are tuned to obtain galaxies as similar

as possible to the observed sample. Traditionally, they are constrained by their 2-Point

Correlation Function (2PCF), which is the likelihood of finding a pair of galaxies with a

certain separation. The 2PCF for separations up to 20 h−1Mpc is usually used for this

purpose36–42.

The 2PCF alone does not always have enough constraining power. Many different com-

binations of HOD parameters may result in a 2PCF that is consistent with the data within

the measurement errors. One way of improving the constraints is to also fit the observed

3-Point Correlation Function (3PCF), which is a probability of finding a triplet of galax-

ies with certain side lengths and orientation concerning the line-of-sight with respect to an

observer98;99.

The usage of the 3PCF to constrain galaxy-halo connection has a long history64–67. In

more recent works, Kulkarni et al. 68 studied the shape dependence of reduced 3PCF and

find that signal from reduced 3PCF could help break the degeneracy between HOD param-

eters. Maŕın 69 measured the redshift-space 3PCF of LRGs from SDSS on large scales up to

90h−1Mpc and use the 3PCF to constraint bias parameters, which in turn help estimate the

LRG HOD parameters. Guo et al. 70 explored the constraining power of redshift space 3PCF

on HOD parameters including the galaxy velocity bias. Yuan et al. 58 tested the potential

extra constraining power of HOD parameters from squeezed 3PCF100.

The top diagram on Fig. 2.1 schematically shows the steps required to constrain the

HOD parameters with a 2PCF or a 3PCF. For a set of HOD parameters we populate mocks

with galaxies according to that model, we then measure the clustering statistics of interest,

it is compared with a similar measurement from the data, and the posterior likelihood

is assessed. This process is repeated many times for various HOD parameter sets until

the posterior likelihood is well explored. The most time-consuming part of this algorithm

is computing the 2PCF and the 3PCF. Computing the three-point correlation function is
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Figure 2.1: The flow chart on top shows the conventional sequence of steps leading to the
HOD constraints. The bottom panel shows the same flow chart for the tabulation approach.

especially time-consuming. The number of all possible triplets scales as N3
gal, where Ngal is

the number of galaxies in the sample. For a big sample, this requires looking at many millions

of triangular configurations. This computation needs to be performed at each point in the

MCMC chain. Recent works have proposed algorithms that make it possible to compute

certain combinations of 3PCF with N2
gal complexity101–103, but even with these algorithmic

improvements, this step remains the most computationally expensive piece in the pipeline.

The bottom diagram on Fig. 2.1 shows similar schematics for the tabulation approach

that has been first proposed in Neistein et al. 82 and extended by Zheng and Guo 83 . In this

approach, the 2PCF of some subsets of halos are precomputed separately before the MCMC

stage. These measurements are then combined with certain weights to statistically emulate

various HOD population schemes. We describe the tabulation method in detail in Sec. 2.3.

This approach saves a lot of computation time since the most time-consuming part of the

algorithm is performed only once before launching the MCMC chain.

The tabulation method was initially developed for the 2PCF-based fits but it is trivially

generalizable to the 3PCF. Many 3PCF-based results that we present in this paper would
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have required prohibitive computation times with the traditional approach.

We test our method on the galaxies designed to emulate the Luminous Red Galaxies

(LRGs), the Emission line galaxies (ELGs), and the Quasars (QSOs) targeted by the Dark

Energy Spectroscopic Survey104. We show the 3PCF constraints on the HOD parameters

dominate the 2PCF results for the DESI-like LRGs. 3PCF has up to 70 % improvement

for a certain parameter. For the ELG and the QSO galaxies, the improvements offered by

adding the 3PCF are more modest because of the lower typical host halo mass and lower

density of those tracers.

2.2 HOD analysis pipeline

2.2.1 HOD model

We use a HOD prescription in which the expectation value of galaxies hosted by a dark

matter halo only depends on the virial mass of the halo. The expectation value is different

for central galaxies that occupy the center of the halo, and satellites that are in virial motion

around the center.

For the LRGs we use

⟨N c
lrg⟩(M) =

Ac

2

(
1 + erf

[
log(M) − log(Mcut)

σ

])
. (2.1)

⟨N s
lrg⟩(M) = As

(
M −M0

M1

)α

H(M −M0). (2.2)

The central probability increases with mass until it saturates to some high mass value. The

satellite probability is zero below some threshold mass but increases as a power law above

that mass.

In both formulas, M is the mass of the host halo. Ac, referred to as a duty cycle

in the literature, is a maximum probability for high mass halos to host an LRG. Mcut is

the characteristic minimum mass to host an LRG. σ describes how steeply the probability

increases with halo mass around Mcut. M0 is a mass threshold for the satellite galaxies. α
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controls the steepness of the increase in the satellite probability with the host halo mass.

M1 is the extra mass above the threshold that the halo must have for the expected number

of satellites to be equal to one. As sets an overall amplitude of the probability. In principle,

this parameter is fully degenerate with M1. We use As for convenience when creating mock

catalogs because it can be changed independently of other parameters to adjust the overall

number density of the galaxies without affecting their distribution across masses. H is a

Heaviside step function.

This model has been demonstrated to describe well the LRGs in BOSS and eBOSS

surveys e.g.36–40.

For the ELGs e.g.41 the central probability is a Gaussian function that decays at both

high and low mass ends. The satellite probability is similar to the LRGs.

⟨N c
elg⟩(M) =

Ac√
2πσ

exp

(
− [log(M) − log(Mcut)]

2

2σ2

)
(2.3)

⟨N s
elg⟩(M) = As

(
M −M0

M1

)α

H(M −M0). (2.4)

Mcut, in this case, describes the most probable halo mass to host a central ELG and σ is the

variance in the width of this pdf as a function of mass.

For the QSOs, we use a similar formula for the central probability but a slightly modified

formula for a satellite probability.

⟨N c
qso⟩(M) =

Ac

2

(
1 + erf

[
log(M) − log(Mcut)

σ

])
, (2.5)

⟨N s
qso⟩(M) = As

(
M

M1

)α

exp

(
−M0

M

)
. (2.6)

The difference from the LRG is that the QSO hosting probability decays exponentially at

lower masses instead of having a sharp cutoff. M0, in this case, controls the decay rate as

we go to the lower masses, while M1 set the normalization e.g.42;43.

There is substantial evidence that the probability of a halo hosting a certain galaxy

may depend on other parameters in addition to the virial mass, a phenomenon called an
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assembly bias9;10;44–48. In this work we ignore the assembly bias. This does not affect our

main conclusions, since the main objective of our work is to study a potential improvement

in the HOD parameter constraints and we don’t expect our conclusions to be sensitive to

the exact nature of the HOD model.

2.2.2 Mock galaxy catalog

We use the AbacusSummit cosmological N-body simulation to create mock galaxy cata-

logs105–110. AbacusSummit were designed to meet the cosmological simulation requirements

of DESI. Specifically, we use the AbacusSummit highbase c000 ph100 box of AbacusSum-

mit with Planck 2018 cosmology, box size of 1000 h−1Mpc per side, and 34563 dark matter

particles with the mass of 2.1× 109 h−1M⊙ per particle. We use cleaned CompaSO111 halo

catalog at the z = 0.8, z = 1.1, and z = 1.4 snapshots to create the LRG, ELG, and QSO

samples respectively. These are the redshifts at which the number densities of the tracers

are expected to peak.AbacusSummit suite provides multiple nested definitions of halos

out of which we use the level two (L2) halos see,111 for the details of the halo definition

We use center of mass position and velocity of the largest L2 subhalo fields, x L2com and

v L2com, and generate our mocks in redshift space. AbacusSummit simulations come with

a subsample (3 %) of particles that make each halo, which will then be used for satellite

population. Based on the HOD parameters we chose, galaxies with host halo mass lower

than 1011h−1M⊙ barely exist. We then set a cut-off mass and remove all halo with mass

smaller than 1011h−1M⊙ when populating HOD mock catalogs for all tracers (see App.2.A).

Tab. 2.1 shows the fiducial parameter values that we use to create LRG, ELG, and QSO

catalogs. They were obtained by fitting to the early version of the DESI Survey Validation

data. These values may change as more DESI data is accumulated. For the purposes of our

project, however, the exact fiducial values do not matter. The top panel on Fig. 2.2 shows

the expected number of galaxies per halo and as a function of the halo mass, the bottom

panel shows the probability distribution of host halo mass for a galaxy normalized as the

probability per log(M), based on fiducial parameter values in Tab. 2.1. The host halo mass

22



Parameters LRG ELG QSO

log(Mcut) 12.70 11.70 12.50

σ 0.17 0.08 0.30

log(M1) 13.80 12.00 15.00

log(M0) 12.13 11.60 12.00

α 1.28 0.33 1.20

Ac 0.70 0.025 0.05

As 0.70 0.03 1.00

n 5.14 6.35 0.415

z 0.8 1.1 1.4

Table 2.1: Fiducial values of HOD parameters for each tracer and the resulting comoving
number density in units of 10−4(h−1Mpc)−3.

of ELG is smaller and more concentrated than that of LRG and QSO.

For each dark matter halo, we make a random decision about whether to put a central

galaxy in it and how many satellites (if any) we put in the halo. We compute a probability

of a central galaxy and make a random draw from Bernoulli distribution B(1, ⟨N c⟩) and

if it results in 1 we put a galaxy in the center of the halo. As for satellites, we chose the

particle-based population approach e.g.58, we compute the average number of satellites then

make a random draw from Bernoulli distribution B(1, ⟨N s⟩/Np) and if it results in 1 we put

a galaxy in the particle position, where Np is the number of particles attached to the halo.

The total number of galaxy distribution is then Poissonian, p(N |M) = Pois(⟨N |M⟩).

We assign the velocity of the halo to the central galaxy and the velocity of the particle to

the satellite galaxy. Recent works55;56 have shown that there is evidence for the velocity bias,

the velocity of galaxies being systematically different from the velocity of the dark matter

field at the same position. We ignore velocity bias in this work. This should not affect our

results for the reasons outlined in the previous paragraph.

The procedure for creating mock catalogs is intrinsically stochastic. Depending on the

outcomes of random draws we can get many different equivalent realizations of the galaxy

population following the same HOD model on average.
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Figure 2.2: The top panel shows the expected number of galaxies hosted by a halo as a
function of halo mass for the fiducial HOD parameters. The blue, orange, and green colors
are for the LRG, ELG, and QSO respectively. The solid, dash and dash-dotted lines represent
the expected number of all (cen+sat), central, and satellite galaxies. The bottom panel shows
the probability distribution of host halo mass for a galaxy of each tracer. The solid line shows
the host halo mass distribution for all, normalized as the probability per log(M), dash and
dash-dotted line shows central and satellite host halo mass distribution respectively.
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2.2.3 Projected correlation functions

2PCF, ξ(2)(r), describes a probability of finding two galaxies in infinitesimal volumes dV1 and

dV2 that are separated by distance r. This probability is proportional to dV1dV2[1 + ξ(2)(r)]

and is conventionally normalized so that for particles distributed in space with uniform

probability (all spatial points are equally likely to host a particle) ξ(2)(r) = 0. The 3PCF,

ξ(3)(r12, r23, r31), is similarly defined as an excess probability (over spatially uniform distribu-

tion) of finding a triplet of galaxies to be separated by r12, r23, and r31
112. 2PCF of observed

galaxies depends only on the along and across the line-of-sight separations (with respect to

the observer) of galaxies instead of the full separation vector, ξ(2)(r) = ξ(2)(rp, π) where rp

is a distance perpendicular to the line-of-sight and π is a distance along the line-of-sight.

The 3PCF similarly depends on three perpendicular separations and two relative distances

along the line of sight, ξ(3)(r12, r23, r31) = ξ(3)(rp12, rp23, rp31, π12, π23). The variations in the

line-of-sight separation in these correlation functions depend on the velocities of the galaxies

in addition to their positions. To make HOD modeling easier projected correlation functions

are often used60;113. They are defined by

w(2)
p (rp) =

π⋆∫
−π⋆

dπξ(2)(rp, π) (2.7)

w(3)
p (rp12, rp23, rp31) =

π⋆∫
−π⋆

dπ1dπ2ξ
(3)(rp12, rp23, rp31, π1, π2) (2.8)

The value of π⋆ is usually chosen to be of the order of a few tens of megaparsecs. This

is done to smooth over peculiar velocity effects that affect the functional dependence of the

correlation functions in the parallel to the line-of-sight direction. We derive our main results

using the value of π⋆ = 100h−1 Mpc for the projected 2PCF. This value is large enough for

the residual peculiar velocity effects to be negligible. Although, these projected correlation

functions will depend on the velocities of the galaxies unless π⋆ → ∞ see e.g.114;115. Lower

values of π⋆ maybe optimal because they do not depend on large scale correlations that are

noisier, but using a lower integration limit would require careful modelling of the peculiar
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Figure 2.3: Projected separation as a function of the triangular index.
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Figure 2.4: Correlation matrices including the projected 2PCF and projected 3PCF (simpli-
fied version) for LRGs (left), ELGs(mid), and QSOs(right) used in this analysis derived by
Jackknife re-sampling. We include all bins between rp = 0.1 − 20h−1Mpc for the projected
2PCF, all triangles of LRGs, triangle index from 15 to 99 of ELGs, and triangle index from
28 to 99 of QSOs for the projected 3PCF. The color indicates the level of correlation, where
red represents 100% correlation and dark blue means a low level of anti-correlation.

velocity effects and the difference turns out not to be big enough to affect any of our main

conclusions (see App. 2.B).

2.2.4 Measuring projected correlation functions

The 2PCF and 3PCF are usually measured by counting the number of galaxy pairs and

triplets for the data and for uniform distribution in the same volume. They can be estimated
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from these pair and triplet counts by

ξ(2)(rp, π) =
DD(rp, π)

RR(rp, π)
− 1, (2.9)

ξ(3)(rp12, rp23, rp31, π1, π2) =
DDD(rp12, rp23, rp31, π1, π2)

RRR(rp12, rp23, rp31, π1, π2)
− 1, (2.10)

where DD is the number of pairs of galaxies separated by certain radial and transverse dis-

tances, DDD is the number of triplets of galaxies having a specific triangular configuration,

RR and RRR are the equivalent number of pairs and triplets from a uniform random dis-

tribution. Additive factors of -1 normalize the correlations to be zero when DD ∼ RR and

DDD ∼ RRR.

We compute the 2-point projected correlation functions by estimating the 2PCF first

and then integrating the estimated correlation functions over π. For the 3-point projected

correlation function, we use a slightly modified algorithm. Instead of eq.(2.8), we compute

a simplified version (SV),

w
(3)
p(SV) =

∑
π1,π2

DDD(rp12, rp23, rp31, π1, π2)∑
π1,π2

RRR(rp12, rp23, rp31, π1, π2)
− 1

=
DDD(rp12, rp23, rp31)

RRR(rp12, rp23, rp31)
− 1. (2.11)

This is not the same projected correlation function as the one defined in eq. (2.8). Eq.(2.8)

compute the integral over π1, π2, which still need triangle counting in a 5 dimension space.

Eq. (2.11), on the other hand, compute a ratio of sums over π1, π2, which reduced trian-

gle counting to a 3 dimension space only relay on rp12, rp23, rp31. What we estimate with

eq. (2.11) is still a three-point function that depends on the distribution of triangular config-

urations and it is projected in a sense that it is insensitive to the radial separation between

the three galaxies (and therefore also insensitive to the velocities of the galaxies). The second

function is significantly easier and faster to compute. We choose the ẑ-direction of the Aba-

cusSummit boxes to be the line-of-sight of the observer. This makes the projected distance
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along z the π and the projected distance in the x-y plane the rp. This lets us completely

ignore the ẑ-direction and significantly accelerate the triplet counting part of the algorithm.

We use a modified version of GANPCF package 1, which is a GPU accelerated tool for

N-point correlation function measurements, to compute the DDD counts defined this way.

We measure the DD counts of the projected 2PCF using CorrFunc package116;117

setting π⋆ = 100h−1Mpc. A smaller value of π⋆ would result in a less noisy measurement,

but since our main objective is to compare the relative constraining power of the 2 and 3

point clustering, we need to compute both in similar settings.

Our volume is a simple periodic cube and the RR and RRR counts for the uniform

distribution can be computed analytically (see App. 2.C for analytical RRR computation).

The correlation functions change more rapidly at small separations. We require narrower

bins at smaller separations in order not to lose too much information to the binning effects.

To achieve this we measure w
(2)
p (rp) in 12 bins equally spaced in log10 rp between 0.1 h−1Mpc

and 20 h−1Mpc.

We use the same binning for the three sides of the w
(3)
p(SV)(rp12, rp23, rp31). We arrange

triplets of separations by starting with all possible unique triplets that satisfy rp12 ≤ rp23 ≤

rp31. We start with the triplet that has all three sides belonging to the shortest separation

bin. We then arrange all other triplets so that each following triplet is in increasing order

of rp12. Triplets that have equal rp12 we internally arrange by increasing rp23. Finally, the

triplets that have both rp12 and rp23 equal we arrange by increasing rp31. We remove triplets

for which the midpoints of the bins do not satisfy the triangular condition rp31 ≤ rp12 + rp23.

Once the triplets are arranged and sorted in this way, we assign to each one of them an

integer “triangular index”. For our choice of binning, we end up with 99 unique triangular

configurations. Fig. 2.3 shows the values of rp12, rp23, rp31 as a function of the triangular

index.

1https://github.com/dpearson1983/ganpcf
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2.2.5 Covariance matrix of projected correlation functions

We use the jackknife re-sampling method to estimate the variance of clustering. We divide

the simulation volume into Nsub sub-volumes. We compute the projected 2PCF and 3PCF

by omitting each one of the subvolumes. This results in Nsub measurements corresponding

to (Nsub − 1)/Nsub fraction of the origin volume. Covariance matrix from jackknife method

is then estimated by:

C jk
i,j =

(Nsub − 1)

Nsub

Nsub∑
k=1

(Xk
i − X̄i)(X

k
j − X̄j) (2.12)

where Xk
i is the clustering measurements (either 2PCF or 3PCF) in ith bin from the kth

jackknife realization. Overline denotes an average measurement over all realizations.

X̄i =
1

Nsub

Nsub∑
k=1

Xk
i . (2.13)

This version of the jackknife realization is referred to as “delete-one” version in the literature.

We set Nsub = 400 to make sure we have enough sub-volumes to estimate the error of

3PCF. We slice the box Z (LOS) axis into rectangles with equal area squared base on XY

plane. Fig. 2.4 shows the correlation matrices for LRGs, ELGs and QSOs measured from

the jackknife method using HOD mock catalog we populated as described in Sec. 2.2.2.

Each panel shows a matrix with horizontal and vertical division dash lines. The first column

displays the correlation between rp bins in the projected 2PCF with itself (bottom), and with

the triangles in the projected 3PCF(top). The second column is the correlation between the

2PCF and 3PCF (bottom) and 3PCF with itself. For the correlation matrix of LRGs, there

is a strong auto-correlation for the projected 2PCF at scale rp > 1.4h−1Mpc (after 6th

bin) and for the projected 3PCF with at least two triangle side lengths rp > 1.4h−1Mpc.

There is a cross-correlation between 2PCF at relatively large scale and 3PCF with at least

two triangle side lengths at corresponding scale, while other cross-correlation is quite weak.

The correlation matrices of ELGs and QSOs show similar pattern as LRGs, with a weaker
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Figure 2.5: Panels on top are the projected 2PCF from HOD mock catalog and tabulation
method with fiducial HOD parameters for different tracers. The blue, orange and green
colors are for LRGs, ELGs, and QSOs respectively. Filled markers are measurements from
the fiducial HOD mock catalog, errors are calculated using the jackknife method. Solid lines
represent measurements from the tabulation method. Dot-dash lines on the bottom sub-
panel are absolute value of percentage difference the light shaded area represents jackknife
error.

correlation.

These covariances correspond to the constraining power of a one cubic Gigaparsec box.

The actual DESI samples will cover a much larger volume. For small separations the covari-

ances on both the 2PCF and the 3PCF will scale as an inverse of a volume.

Solid circles in Fig. 2.5 show the projected 2PCF measurements from the mock catalog for

different tracer and the jackknife errorbars. The first bin of the ELG and the first three bins

of the QSO projected correlation function has been omitted. For ELGs, it is a conservative

choice to omit the smallest scale bin (see App.2.A). For QSOs, the number density of QSOs

is too small to have a sufficient number of pairs on those small scales. Fig. 2.6 shows a similar

plot for the projected 3PCF where all triangles that include the bins omitted for the 2PCF

have been removed. This results in 99, 85, 60 triangular configurations for LRGs, ELGs, and

QSOs respectively. We keep the original triangular indexes that have been assigned before

the removal of the low separation triangles. As a result, the ELG triangular index starts

with 15, and the QSO triangular index starts with 40.
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Figure 2.6: A similar plot for 3PCF. Panels on top are the simplified projected 3PCF from
HOD mock catalog and tabulation method with fiducial HOD parameters for different trac-
ers. The blue, orange, and green colors are for LRGs, ELGs, and QSOs respectively. Filled
markers are measurements from the fiducial HOD mock catalog, errors are calculated us-
ing the jackknife method. Solid lines represent measurements from the tabulation method.
Dot-dash lines on the bottom sub-panel are absolute value of percentage difference the light
shaded area represent jackknife error.

2.2.6 Constraining HOD parameters

Not all three galaxy samples we consider can be constrained equally well with data from

a one cubic Gigaparsec box. We find that for the LRGs it is possible to constrain all five

parameters: log(Mcut), σ, log(M1), log(M0) and α (Ac and As are used for the tuning of

the number density of the LRG sample and do not affect the 2 and 3 PCF). For ELGs,

constraining all five parameters turns out to be more difficult. We only let the log(Mcut), α

and As be free parameters and fix the remaining two to their fiducial values. As is degenerate

in its effects with log(M1). We choose to vary As in our computations for convenience. For

QSOs, we need to further reduce the number of free parameters because the QSO sample

has a much lower number density. We set log(Mcut) and log(M1) as free parameters and

fix the remaining three to their fiducial values. We apply flat priors for all free parameters.

The intervals are listed in Tab. 2.2. The fiducial values for the fixed parameters are listed in

Tab. 2.1.

We perform Markov Chain Monte Carlo (MCMC) to obtain the posterior probability

distribution of parameter space. The likelihood function L ∝ exp−χ2/2, where χ2 is given
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by

χ2 = ∆Xi(S
′)−1
ij ∆Xj, (2.14)

where ∆Xi is the difference of binned 2PCF and 3PCF between theory and observation,

in our case corresponding to tabulated estimation and HOD mock measurements. (S ′)−1

is the inverse of the re-scaled covariance matrix, here we follow Percival et al. 118 to take

into account the error propagation from the error in the covariance matrix into the fitting

parameters.

S ′ =
(ns − 1)[1 + B(nd − np)]

ns − nd + np − 1
S (2.15)

B =
(ns − nd − 2)

(ns − nd − 1)(ns − nd − 4)
, (2.16)

where ns is the number of jackknife realizations, nd is the number of data points we are

fitting to and np is the number of free parameters in the model. S is the original covariance

matrix.

We use a modified version of CosmoMC119 as MCMC engine ,which use the Metropolis-

Hastings algorithm, to sample the parameter space and search for the minimum χ2. We

run 16 chains parallel with MPI and we ignore the first 30% of each chain as burn-in. We

apply the Gelman and Rubin R statistic120;121 as convergence criteria, all of our chains have

R − 1 < 0.01, which represents a good convergence. Since the tabulation method provide

us a fast estimation of projected 2PCF and 3PCF (see Sec.2.3), the MCMC stage takes less

than half an hour to converge for a joint run using both 2PCF and 3PCF.
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Figure 2.7: Mass binning effects for ELGs when shift satellite parameter log(M0) slightly to
11.7 from fiducial, all other parameters remain at fiducial value. Top panel: Gray vertical
lines show the edges (dashed) and the middle points (dashed-dotted) of the mass bins. The
lines show the expected number of centrals (dashed) and satellites (dashed-dotted). The
bars show the available number of halos (peach) and particles (lavender) in the simulation.
Triangles show the weight of satellites computed with the raw probabilities (open) and refined
probabilities (filled). The open and filled circles show the same information for the centrals.
Bottom left panel: A zoom-in version of the 4th mass bin, where raw weights do not work.
Thin dotted vertical lines show the edges of sub mass bin. The peach bars show the number
of halos in each sub-mass bin. The open circles and triangles show values of raw weights
for each sub mass bin. The orange horizontal dash line shows raw central weight for 4th
mass bin and the orange solid line shows refined central weight for 4th mass bin. The solid
purple line shows refined satellite weight for 4th mass bin and there is no dash purple line
for raw satellite weight because the value is zero. Bottom right panel: Blue squares show
the measured projected 2PCF of the galaxies from the ELG HOD mock catalog using HOD
parameters plotted. Lines show the projected 2PCF computed with the tabulated method
using the raw (dashed) and refined (solid) weights.
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Parameters LRG ELG QSO

log(Mcut) [12.0, 13.5] [11.0, 13.5] [11.5, 13.5]

σ [0.0001, 1.0] - -

log(M1) [12.5, 14.5] - [13.0, 17.0]

log(M0) [11.0, 15] - -

α [0.0, 2.0] [0.0, 2.0] -

Ac - - -

As - [0.0, 0.2] -

Table 2.2: The flat prior interval on HOD parameter for different tracer, fitting to LRG, ELG,
and QSO HOD mock catalog have 5, 3, and 2 free parameters respectively. Parameters with
a dash are fixed to their fiducial values.

2.3 Tabulation method of computing galaxy N-point

Correlation Functions

2.3.1 Tabulated 2PCF

The two steps leading to the pair counts of the mock catalog — populating N -body mocks

with galaxies and counting pairs of galaxies — can be formally summarized with the equation

DD(rp) =
∑
ij

Θ
rp
ijDiDj, (2.17)

where each index in the double summation goes over all halo centers and halo particles,

Θ
rp
ij =


1, if distance between (i,j) pair falls within the specified rp bin

0, otherwise

(2.18)

and D is a stochastic variable

Di =


1, if the ith halo/particle got populated by a galaxy

0, otherwise

(2.19)
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We rewrite eq. (2.17) as

DD =

Nh∑
ij

Θhh
ij D

h
i D

h
j + 2

Nh,Np∑
i,j

Θhp
ij D

h
i D

p
j +

Np∑
ij

Θpp
ij D

p
iD

p
j , (2.20)

explicitly separating halos and particles, where superscripts h and p refer to the halos and

particles respectively, Nh and Np are the numbers of halos and particles, and we dropped the

rp label for brevity. In the traditional approach (top panel of Fig. 2.1) the random numbers

D have to be drawn for and the double sum over all occupied halos and particles computed

for every HOD model under consideration.

The tabulation approach reduces the complexity of this computation by employing the

following trick. The expectation value of the pair count is

⟨DD⟩ =

Nh∑
ij

Θhh
ij λ

c
iλ

c
j + 2

Nh,Np∑
i,j

Θhp
ij λ

c
iλ

s
j +

Np∑
ij

Θpp
ij λ

s
iλ

s
j , (2.21)

where λc and λs are the expected values of that particular halo or a particle to host a central

or satellite galaxy in a given HOD model. Since these numbers only depend on the mass of

the host halo, we can simplify the computation by binning the halos and particles into bins

of mass in log space narrow enough so that the expected values do not significantly change

within it. The pair count can then be rewritten as

⟨DD⟩ =

Nk
h ,N

ℓ
h∑

i,j

Nb∑
kℓ

Θhh
ij,kℓλ̄

c
kλ̄

c
ℓ + 2

Nk
h ,N

ℓ
p∑

i,j

Nb∑
kℓ

Θhp
ij,kℓλ̄

c
kλ̄

s
ℓ +

Nk
p ,N

ℓ
p∑

i,j

Nb∑
kℓ

Θpp
ij,kℓλ̄

s
kλ̄

s
ℓ, (2.22)

where the indices k and ℓ now go over Nb number of mass bins, Nk
h is the number of halos in

the kth mass bin (similarly for particles) and λ̄c and λ̄s are effective average expected values

in each mass bin,
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λ̄c
k = ⟨N c⟩(Mk) (2.23)

λ̄s
k = ⟨N s⟩(Mk)

Nk
h

Nk
p

. (2.24)

Mk is the representative mass in kth mass bin logMk ± (∆ logM)/2, where ∆ logM is the

width of log space mass bin. ⟨N c⟩(Mk) and ⟨N s⟩(Mk) are expectation number of central

and satellite galaxies hosted by halo in kth mass bin. λ̄s
k could be understood this way,

⟨N s⟩(Mk)Nk
h is the expected total amount of satellite galaxies in kth mass bin, divided by

the Nk
p would give us the average expected values for each particle to host a satellite galaxy.

Switching the order of summation we get

⟨DD⟩ =

Nb∑
kℓ

λ̄c
kλ̄

c
ℓDDhh

kℓ + 2

Nb∑
kℓ

λ̄c
kλ̄

s
ℓDDhp

kℓ +

Nb∑
kℓ

λ̄s
kλ̄

s
ℓDDpp

kℓ , (2.25)

where

DDhh
kℓ =

Nk
p ,N

ℓ
p∑

i,j

Θhh
ij,kℓ (2.26)

is the number of halo pairs with a separation that falls in the specified bin, where one member

of the pair is in mass bin k while another is in mass bin ℓ (similarly for the particle-halo and

particle-particle pairs).

Eq. (2.25) is equivalent to eq. (2.21) but has two advantages. First, it gives an average

value of the number count expected for a given HOD model instead of a specific realization

that includes stochastic noise. Secondly, it has the potential to save a significant amount of

computational time. The most time-consuming part of the computation - the double sum

over halos and particles - can be performed only once. Changing the HOD model amounts

to simply summing up precomputed pair counts with different weights, a procedure that is

orders of magnitude faster.

This method was used by83 to estimate 2PCF from N-body simulations efficiently. The

approach we introduced above is more like section 2.2 in Zheng and Guo 83, Case with
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Subhaloes, instead of subhaloes, we populate satellite with particles here. This method

could be applied to different kinds of galaxy clustering, e.g. real space 2PCF, projected

2PCF, and 2PCF multipole. The correlation function is given by a similar weighted sum

over different mass bin cross-correlations and we take the projected correlation function as

an example to show in detail.

Halos and particles live in the same periodic box so the RR counts are identical for them.

This means that the projected 2PCF is also a weighted average of the cross-2PCF of different

mass halos (and particles)

w(2)
p,gg(rp) =

Nb∑
k,ℓ

wc(Mk)wc(Mℓ)w
(2)
p,hh(rp,Mk,Mℓ)

+ 2

Nb∑
k,ℓ

wc(Mk)ws(Mℓ)w
(2)
p,hp(rp,Mk,Mℓ)

+

Nb∑
k,ℓ

ws(Mk)ws(Mℓ)w
(2)
p,pp(rp,Mk,Mℓ),

(2.27)

where w
(2)
p,hh(rp,Mi,Mj) is the two-point cross correlation function of halos in the ith and

jth mass bins (similarly for the halo-particle and particle-particle correlation functions) and

naively we could take the weight as

wc
raw(Mk) = λ̄c

k = ⟨N c⟩(Mk), (2.28)

ws
raw(Mk) = λ̄s

k = ⟨N s⟩(Mk)
Nk

h

Nk
p

. (2.29)

We define Eqn. (2.28) & (2.29) as raw weights, raw weights are a good approximation in

most cases but have some exceptions, we will further explain this in Sec. 2.3.3.

Solid lines on the top panels of Fig. 2.5 show the galaxy projected 2PCF computed

using the tabulation method. The bottom panels show the fractional deviation between the

projected 2PCF computed with the tabulated method and a specific realization. The offset

is in all cases within the expected standard deviation. The deviations are caused by the

stochasticity in the realization, the tabulated method being almost noise-free. There is a
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very small stochastic noise in the tabulated 2PCF related to the finite number of halos and

particles in the box, but it is negligible compared to the noise in a single realization.

2.3.2 Tabulated 3PCF

We further generalize the derivation of the previous section to the 3PCF. Similar arguments

lead to the expression

w(3)
p,ggg(△) =

∑
i,j,k

wc(Mi)w
c(Mj)w

c(Mk)w
(3)
p,hhh(△,Mi,Mj,Mk)

+ 3
∑
i,j,k

wc(Mi)w
s(Mj)w

s(Mk)w
(3)
p,hpp(△,Mi,Mj,Mk)

+ 3
∑
i,j,k

ws(Mi)w
c(Mj)w

c(Mk)w
(3)
p,phh(△,Mi,Mj,Mk)

+
∑
i,j,k

ws(Mi)w
s(Mj)w

s(Mk)w(3)
p,ppp(△,Mi,Mj,Mk).

(2.30)

Here rp12, rp23, rp31 are abbreviated as △. Solid lines on top panels of Fig. 2.6 show the

galaxy projected 3PCF computed using the tabulation method. Similarly to the 2PCF the

measurement from a single realization is noisier but consistent within expected errors for all

tracers.

2.3.3 Mass binning effects

We bin the mass of the host halo in 20 bins between around 11 < logM⋆ < 14.8 (see App.2.A

for details about downsampling). The bins are narrow enough so that the hosting proba-

bilities do not change significantly within the bins and assigning to each halo and particle

a probability at the middle of the bin (we referred to this practice as a raw probability)

is in most cases a good approximation. However, there are some exceptions if we shift

satellite parameter log(M0) of ELG just a little bit to 11.7, where hosting probability drops

very steeply below log(Mhalo) ∼ 11.7, the middle of bin failed to catch satellite information.

Fig. 2.7 demonstrates the nature of this problem.
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The black dash and dot-dash line on the top panel of Fig. 2.7 show the expected number

of the central and satellite ELGs in our fiducial HOD model. Bold gray vertical dash line

and gray vertical dot-dash lines show the edges and the middle of the mass bin. The peach

and lavender histogram shows the number of halos and particles in each mass bin. Empty

triangles pointing to the right show the raw weights based on the value in the middle of the

mass bin and the filled triangle pointing to the left shows the refined weights. For most of

the mass range, the two are very consistent. The last nonzero bin on the left (4th bin) is the

exception. The mean number drops so steeply with the mass that it reaches an extremely low

number for the middle mass of that bin. If we applied weight based on that value very few

of the halos in that mass bin would acquire a satellite. This would incorrectly down-weight

the halos close to the right edge of the mass bin that has a substantial probability of hosting

a satellite.

Increasing the number of mass bins is however impractical as it would significantly in-

crease the number of separate cross-correlation functions that we need to keep track of.

However, this problem would go away if we used finer binning for the mass of the host halo.

We modify our probabilities as

wc
ref(Mk) =

Nsub∑
k′

Nk,k′

h

Nk
h

wc
raw(Mk,k′) =

Nsub∑
k′

Nk,k′

h

Nk
h

⟨N c⟩(Mk,k′) (2.31)

ws
ref(Mk) =

Nsub∑
k′

Nk,k′

h

Nk
h

ws
raw(Mk,k′) =

Nsub∑
k′

Nk,k′

h

Nk
p

⟨N s⟩(Mk,k′) (2.32)

As shown in lower left panel on Fig. 2.7, we further subdivided the mass bin into Nsub = 20

sub-bins, and take a weighted average of raw weights for each sub mass bin wraw(Mk,k′) based

on the number of halos Nk,k′

h in this sub mass bin. The dashed line on this panel shows the raw

weight of this mass bin before correction, the solid line shows the refined weight. For central

weight, the difference is subtle. For satellite weight, refined weight accurately accounts for

the contribution of satellites from this mass bin while raw weight failed to capture a number

accurately.
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The lower right panel of Fig. 2.7 compares the tabulated projected 2PCF computed with

the raw weights and the refined weights. The raw weights clearly fail to describe the 2PCF

on the scales of rp < 0.1 where the systematic offsets are more than 50% of the signal.

This problem will appear whenever there are variations in the expected number of galaxies

(either satellites or centrals) across the width of the bin. When assigning all galaxies in the

bin the weight at the middle of the bin we are making an approximation

Mmax∫
Mmin

dM w(M)
dN

dM
≈ w(M)N tot, (2.33)

where M is the middle of the bin, ∆M is the width of the bin, the integration is between

M − ∆M/2 and M + ∆M/2, and the N tot is the total number of galaxies in that bin. To

see when this approximation may fail we can expand the weight function on the left side of

the equation in Taylor series around the middle point as

w(M) = w(M) +
dw

dM

∣∣∣
M=M

(M −M) +
1

2

d2w

dM2

∣∣∣
M=M

(M −M)2 + O[(M −M)3]. (2.34)

The integral over the first term results in w(M)N tot, which matches exactly with our ap-

proximation. The second term integrates to zero (as an odd function over symmetric limits).

The third term integrates to w′′(M)(∆M)3N tot/24, here the double prime denotes the sec-

ond derivative with respect to halo mass, ∆M is the width of the bin.2 This is the leading

error term and it needs to be small for the approximation to be valid. The condition is

w′′(M)

w(M)
≪ 24

(∆M)3
(2.35)

If this condition between the second derivative of the weights and the width of the mass

bin starts breaking down the weight refining procedure described in this section may be

in order. This condition is obviously broken for our HOD models since they contain a

2We are assuming that the fundamental quantities such as the number of halos and the bias of halos do
not change significantly within the bin. If this is not the case, the binning is obviously too broad and needs
to be refined.
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Tracer LRG ELG QSO

Data w
(2)
p w

(3)
p(SV) w

(2)
p +

w
(3)
p(SV)

w
(2)
p w

(3)
p(SV) w

(2)
p +

w
(3)
p(SV)

w
(2)
p w

(3)
p(SV) w

(2)
p +

w
(3)
p(SV)

logMcut 12.88±
0.199

12.73±
0.058

12.73±
0.059

11.83±
0.059

11.74±
0.125

11.83±
0.054

12.47±
0.060

12.43±
0.130

12.48±
0.058

σ 0.315±
0.200

0.151±
0.103

0.162±
0.105

- - - - - -

logM1 13.93±
0.141

13.83±
0.053

13.82±
0.047

- - - 15.49±
0.766

15.53±
0.851

15.53±
0.755

logM0 11.73±
0.431

11.76±
0.407

11.78±
0.400

- - - - - -

α 1.279±
0.055

1.300±
0.040

1.301±
0.038

0.188±
0.097

0.268±
0.161

0.178±
0.095

- - -

Ac - - - - - - - - -
As - - - 0.015±

0.007
0.023±
0.016

0.015±
0.006

- - -

χ2/d.o.f
2.5/

(12− 5)
36.5/

(99− 5)
34.9/

(111− 5)
0.9/

(11− 3)
57.5/

(85− 3)
56.7/

(96− 3)
4.3/

(9− 2)
39.4/

(60− 2)
42.6/

(69− 2)

Table 2.3: The results for the fits to HOD mock catalog of each tracer with three different
data sets: 2PCF only (w

(2)
p ), 3PCF only (w

(3)
p(SV)) and joint (w

(2)
p + w

(3)
p(SV)). We show the

mean ± 1σ error for floating HOD parameters and χ2/d.o.f for each fit. The fiducial (true)
value for each parameter is listed in Tab. 2.1

discontinuous function in the satellite probability in eqs. (2.2) and (2.4).

2.4 Results

We create DESI like LRG, ELG, and QSO samples as described in Sec. 2.2.2. We then use

the MCMC method to fit the HOD parameters for the model described in Sec. 2.2.6 with

the covariance matrix obtained as described in Sec. 2.2.4. The covariance matrix represents

the variance in the measurements expected from a cosmic volume of 1 cubic gigaparsec. The

actual DESI measurements will be obtained from larger volumes, but since the errors on

both the 2PCF and the 3PCF scale are similar to the volume the relative strength of the

constraints coming from the two will not change.

Fig. 2.8 shows 1 σ uncertainty band of LRG sample HOD function from 2PCF only fitting

and 2PCF+3PCF joint fitting. The light blue band shows 68% CL uncertainty from 2PCF

only and the dark blue band shows the band from 2PCF+3PCF joint fitting. The orange

line represents the fiducial HOD setting as the truth behind the mock we fit to. It is clear to
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Figure 2.8: 1-σ band of LRG sample HOD. The light blue is the 68% CL uncertainty from
projected 2PCF only, the dark blue band is the 68% CL uncertainty from the joint fitting of
projected 2PCF and simplified version projected 3PCF. The orange line is the fiducial HOD
of the LRG sample.

see joint fitting has a much narrow band compared to the one using 2PCF only, especially

for the range log(Mhalo > 12.7), indicating a much better constraint on satellite parameters

from joint fitting. Fiducial HOD lies in the 1σ band showing a good recovery for both cases.

Fig. 2.9 shows 1 and 2 σ confidence level contours on the HOD parameters for the LRG

sample. These constraints are dominated by the w
(3)
p(SV). The improvement is especially

large for the parameters logMcut, σ, and logM1. The 3PCF constraints on those parameters

improve by 70, 49, and 62 percent respectively compared to the 2PCF results. Combined

fitting does not significantly differ from the 3PCF only results. Tab. 2.3 summarizes the

marginalized statistic for each fit. From the 1D distribution of each parameter on Fig. 2.9,

all cases successfully recover the fiducial HOD parameters.

Fig. 2.12 and 2.13 show 1 and 2 σ confidence level contours for the ELG at redshift 1.1 and

0.8 and QSO samples at redshift 1.4 respectively. We only free HOD parameters as shown in

the contours for these tracers. For the ELG and QSO, the constraints are dominated by the

projected 2PCF. Improvements offered by the addition of the projected 3PCF are negligible.

There could be several reasons why the LRGs benefit greatly from the addition of the

3PCF information while ELGs and QSOs do not. One potential explanation is that the ELGs

and QSOs are at higher redshifts where matter underwent less nonlinear evolution and the
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Figure 2.9: Marginalized probability distribution of HOD parameters for DESI like LRG
sample at z = 0.8. The results from the projected 2PCF and 3PCF are shown in grey and
red respectively. Blue shows the joint constraints of the two. The contours represent 68
and 95 percent confidence levels. 1D marginalized distribution for each parameter is shown
on top of each column. The dashed line and light yellow cross markers show fiducial HOD
parameter values.
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Figure 2.11: Similar plot as Fig. 2.10 for ELG sample at fiducial redshift z = 1.1
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Figure 2.12: Marginalized probability distribution of selected HOD parameters for DESI
like ELG sample at z = 1.1, 0.8. The results from the projected 2PCF and 3PCF are
shown in grey and red respectively. Blue shows the joint constraints between the two. The
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three-point signal is not as pronounced. Another potential explanation is that galaxies of

different host halo masses are not equally sensitive to the three-point information see e.g.68.

To study the sensitivity of 2PCF and 3PCF to HOD parameters at different fiducial

values we make a plot of the partial derivative of w
(2)
p and w

(3)
p(SV) with respect to log(Mcut)

normalized to the variance in the measurement at the fiducial value. Fig. 2.10 shows partial

derivatives of the 2PCF and the 3PCF with respect to log(Mcut) with other parameters fixed

to their fiducial value. To make the plot more readable we separate it into two parts. The

top panel covers the range 12 < log(Mcut) < 13.5 while the bottom panel covers 13.5 <

log(Mcut) < 14. High values of this derivative mean that the measurement at that specific

bin is highly sensitive to small changes in Mcut

The derivative of w
(2)
p reaches highest value at log(Mcut) = 13.28 then drops back, while

derivative of w
(3)
p(SV) keeps increasing up until 13.5 and only then drops down. The 3PCF

displays a larger cumulative sensitivity in the range log(Mcut) > 13.16, below that range the

3PCF is not as sensitive to small changes in Mcut compare to w
(2)
p .

Another thing apparent from the figure is that the small scale triangles are more sensitive

to log(Mcut) compared to their large-scale counterparts (as evident by the local peaks in

the right panel). Triangles with all side lengths within the first 6 bins (side lengths rp <

1.41h−1Mpc, corresponding to triangle indices 1-8, 15-21, 28-33, 40-43, 51-53, 61), peak

at log(Mcut) = 13.5, while other triangles behave just like w
(2)
p , drop back at log(Mcut) =

13.28. The different behavior of small scale triangles and small scale pairs leads to a higher

sensitivity to HOD parameter changes for small scale w
(3)
pSV. The normalized derivative of

w
(3)
p(SV) hit around 3000 while w

(2)
p remains at 1500.

Fig. 2.11 shows the similar plots for ELG sample at z = 1.1. The sensitivity in both the

2PCF and the 3PCF increases in the range of 11.3 < log(Mcut) < 11.98 and then drops in

the range of 11.98 < log(Mcut) < 13.5. At this redshift, the top sensitivity is achieved at

the values of around log(Mcut) = 11.98. The sensitivity of w
(2)
p at the top is higher than

the sensitivity of the w
(3)
p(SV). For ELGs, means a lower sensitivity for 3PCF. The cumulative

sensitivity at the peak is also larger for the 2PCF compared to the 3PCF. Small scale triplets

do not show the same behavior as the LRG sample, remaining at low sensitivity compare to
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small scale pairs.

These two plots show that both the redshift and the typical halo mass are responsible

for the difference between the LRG and the ELG cases. The DESI LRGs happen to be in

the halo mass range where the 3PCF is more sensitive to the HOD parameters, while ELGs

are in halos with the opposite property. This is the main reason why the improvement in

our ELG constraints is modest while the improvement in the LRG constraints is significant.

Plots similar to the ones presented in Figs. 2.10 and 2.11 can be used to determine

whether the 3PCF is expected to affect the overall HOD constraints in a meaningful way.

For example, one could populate the simulation with the best fit HOD parameters resulting

from the 2PCF fits and do the same thing with slightly offset values of HOD parameters.

Derivatives of 3PCF with respect to HOD parameters can be estimated by computing the

3PCF for these mocks (using finite differences). The covariance matrix (standard error) can

be computed using the jackknife method. Unlike MCMC chains, which typically require

order of 10,000 computations, this can be done with just a handful 3PCF computations (a

few for the numerical derivatives and an order of 100 3PCF computations for the jackknife

covariance) and can be done without preparing the tabulated triplet counts. A comparison of

these integrated sensitivities of the 3PCF and the 2PCF can then be used to decide whether

the additional investment of computational resources for the computation of the tabulated

triplet counts is warranted.

To test the pure redshift dependence of the constraining power of the 3PCF we populate

our ELG mock catalog at redshift 0.8 with the same HOD parameters (tuned to the same

number density, i.e. the ratio of Ac and As remain unchanged). The results are presented in

the bottom panel of Fig. 2.12. We do not find a significant change in the overall picture. The

constraints are still dominated by the 2PCF signal. We do notice however that the addition

of the 3PCF makes the likelihood contours more Gaussian and moves the most likely values

closer to the true values somewhat debiasing the results.

48



2.5 Conclusion

We studied the performance of projected 3PCFs in constraining HOD parameters for different

mock galaxy samples, which were based on AbacusSummit simulation, targeted by DESI.

We generalized the tabulation method to 3PCF computations to make a fast evaluation of

the posterior likelihood possible.

We find that the constraints on the basic HOD parameters of the mock LRG sample with

input HOD parameter as shown in Tab. 2.1 at redshift z ∼ 0.8 can be significantly improved

by the addition of the 3PCF. The constraints on some parameters have improved by as much

as 70 %. For the characteristic minimum mass of the central LRGs we get the constraints

log(Mcut) = 12.88 ± 0.199 with the 2PCF and log(Mcut) = 12.73 ± 0.058 with the 3PCF.

For the threshold mass of the satellite LRGs we get the constraints log(M1) = 13.93± 0.141

with the 2PCF and log(M1) = 13.83 ± 0.053 with the 3PCF. All at 1σ confidence level.

We also find that the additional constraining power offered by the 3PCF depends on the

redshift of the galaxy sample as well as the typical halo mass that its galaxies occupy. The

relative strength of the 3PCF increases at lower redshifts. 3PCF is also a more sensitive

measurement for the samples that incorporate more massive halos. The ELG samples of

DESI are at higher redshifts and occupy less massive halos. This results in the 3PCF not

being as efficient in constraining their host halo mass ranges. For the mock ELG sample

with input HOD parameter as shown in Tab. 2.1 at redshift z ∼ 1.1 the constraints of the

characteristic minimum mass of the central are log(Mcut) = 11.83 ± 0.059 with the 2PCF

and log(Mcut) = 11.74 ± 0.125 with the 3PCF. For the mock QSOs with lower number

density compare to the other tracers and even higher redshift z ∼ 1.4, we get log(Mcut) =

12.47±0.060 with the 2PCF and log(Mcut) = 12.43±0.130 with the 3PCF, 2PCF remaining

dominates.
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Appendix

2.A Downsampling

The number of halos in simulations increases rapidly towards the lower mass range. However,

the contribution of low mass halos to the 2PCF and 3PCF is negligible for the hod parameter

range we are interested in (see Fig. 2.2).

When populating mocks, we set a hard cut-off mass for halo samples at the lower mass

end. We remove all halos with a mass less than 1011h−1M⊙.

For the tabulation method, to speed up pair and triangle counting when preparing tables,

we downsample the lower mass halos using the filter,

frachalos(Mhalo) =
1

1 + 10 exp (−25 log(Mhalo) − 11.2))
(2.36)

from the AbacusHOD package63. Fig. 2.A.1 shows the halo sample fraction as a function of

halo mass following Eqn. 2.36. This filter will further remove excess halos that have trivial

contribution to the clustering in low mass bins.

For the particles in table preparation process, we randomly select 0.15% of particles

making each halo for the pair and triangle counting. This small percentage is still larger

than the mean satellite number for each halo.

We explicitly checked that the clustering from the tabulation method, which applied the

filter, could perfectly match the clustering from mocks, which applied only a hard cut-off,

around the fiducial HOD parameter area we are interested in (see Fig. 2.5 and 2.6).

ELGs have a lower typical host halo mass compared to other samples and they could in

principle be affected by the filter. We omit the first separation bin for the ELGs to protect

against this eventuality for some extreme HOD parameter values.
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Figure 2.A.1: Fraction of halos we take from all halo as a function of halo mass.

2.B Choice of maximum radial separation

The choice of π⋆ value affects the resulting constraints on HOD parameters. To minimize

RSD effect and make the comparison more direct to simplified projected 3PCF, which ignored

line-of-sight separation, we extend this value to 100h−1 Mpc in the main analysis. To check

that this does not significantly alter results we also ran MCMC chains where this value

was set to a more conventional π⋆ = 40h−1 Mpc for the projected 2PCF. These results are

presented in Fig. 2.B.1. The figure is identical to Fig. 2.9 except we added green contours

that correspond to the projected 2PCF results with π⋆ = 40h−1 Mpc. This choice of π⋆ is

indeed more optimal but the likelihood surfaces do not change enough to alter any of our

main conclusions. The projected 3PCF(SV) still dominates the joint constraints. Applying

full definition projected 3PCF would likely also increase its constraining power.

2.C Analytical Random Triplet Counts

The RRR
(
rmin
12 , rmax

12 , rmin
23 , rmax

23 , rmin
31 , rmax

31

)
represent the average number of triplets of a

random (spatially uncorrelated) distribution of galaxies, where the perpendicular to the

line-of-sight distance between the triplet points satisfies conditions rmin
12 < rp12 < rmax

12 ,

rmin
23 < rp23 < rmax

23 , and rmin
31 < rp31 < rmax

31 . They are usually computed by explicitly count-
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Figure 2.B.1: A similar plot as 2.9 with additional green contours shows results from the
projected 2PCF but with a value of π⋆ = 40h−1 Mpc.
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Figure 2.C.1: Geometry of random triplets problem. A fixed pair r12 with certain binning
setting can only have triplets shown in the shaded area.

Figure 2.C.2: Intersection of two circles with radius R, r and distance of centers d. Inter-
section area A has been shaded.
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ing triplets of a random distribution of points, but for a box with periodic boundaries these

triplet-counts are easy to compute analytically. We follow the approach similar to Pearson

and Samushia 122 when computing these triplet counts.

We start by computing a simpler quantity, RRR⋆
(
r12, r

min
23 , rmax

23 , rmin
31 , rmax

31

)
, the average

number of third neighbours for a fixed pair separated by an exact perpendicular distance of

r12. Fig. 2.C.1 shows the geometry of the problem. For a fixed pair of points, RRR⋆ is an

average number of points falling within the shaded areas.

RRR⋆
(
r12, r

min
23 , rmax

23 , rmin
31 , rmax

31

)
= σS⋆(r12, r

min
23 , rmax

23 , rmin
31 , rmax

31 ), (2.37)

where σ = N/L2, is the projected density of the points (N being the number of points, and

L the side of the cube).

The relationship of this simplified quantity with the full triplet count is,

RRR
(
rmin
12 , rmax

12 , rmin
23 , rmax

23 , rmin
31 , rmax

31

)
= (2.38)

rmax
12∫

rmin
12

RRR⋆
(
r12, r

min
23 , rmax

23 , rmin
31 , rmax

31

)
N(ρ2πr12dr12),

where N is the total number of possible first particles in the triplet and (ρ2πr12dr12) is the

average number of second particles in the triplet as we integrate over the r12 bin.

We compute S⋆ using the expression for the area of the intersection of two circles

A(d,R, r) = r2 arccos

(
d2 + r2 −R2

2dr

)
+ R2 arccos

(
d2 − r2 + R2

2dR

)
− 1

2

√
(−d + r + R)(d + r −R)(d− r + R)(d + r + R).

(2.39)

Here, d is the distance between the two circles, R and r are the two radii, and A is the

shaded area on Fig. 2.C.2. From Fig. 2.C.1 and 2.C.2 it is clear that

S⋆ = A(r12, r
max
23 , rmax

31 ) − A(r12, r
max
23 , rmin

31 ) − A(r12, r
min
23 , rmax

31 ) + A(r12, r
min
23 , rmin

31 ). (2.40)
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In our code we keep track of identical triplets by imposing the condition rp12 < rp23 < rp31.

This ensures that we don’t count the same physical triplet corresponding to the same particles

several times by relabeling the particles 1, 2, and 3. This does not happen (because of the

way our code is written) for the triplets for which either three sides or at least two sides of

the triangle fall into the same bin, so those triplets are counted more than ones. To correct

for this, we apply a permutation factor Nperm to our RRR counts. The permutation factor

is

Nperm(r1, r2, r3) =



6 for r1 ̸= r2 ̸= r3,

3 for r1 = r2 ̸= r3 or

r1 = r3 ̸= r2 or

r2 = r3 ̸= r1,

1 for r1 = r2 = r3.

(2.41)
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Chapter 3

Exploring Halo Occupation

Distribution of Luminous Red

Galaxies and Quasi-Stellar Objects in

DESI One-Percent Survey

This chapter originally appeared in the literature as

Sihan Yuan, Hanyu Zhang et al. The DESI One-Percent Survey: Exploring

the Halo Occupation Distribution of Luminous Red Galaxies and Quasi-Stellar

Objects with AbacusSummit.

Chapter Abstract

We present the first Halo Occupation Distribution (HOD) analysis of the DESI One-

Percent survey Luminous Red Galaxy (LRG) and Quasi Stellar Object (QSO) samples.

We measure the redshift-space galaxy 2-point correlation functions from 0.15h−1Mpc

up to 32h−1Mpc in a set of fiducial redshift bins and use them to constrain the HOD

of each sample and test possible HOD extensions. In terms of modeling, we use Aba-

cusSummit cubic boxes at Planck 2018 cosmology and generate galaxy mocks with
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the AbacusHOD package. For LRGs, we infer a satellite fraction of 11 ± 1% and

a mean halo mass of log10Mh = 13.40+0.02
−0.02 in redshift range 0.4 < z < 0.6, and

a satellite fraction of 14 ± 1% and a mean halo mass of log10Mh = 13.24+0.02
−0.02 in

0.6 < z < 0.8. For QSOs, we infer a satellite fraction of 3+8
−2% and a mean halo mass

of log10Mh = 12.65+0.09
−0.04 in redshift range 0.8 < z < 2.1. We achieve good fits with a

standard HOD model with velocity bias, and we find no evidence for galaxy assembly

bias or satellite profile modulation at the current level of statistical uncertainty. Using

these fits, we generate a large suite of galaxy mocks that closely match the observed

clustering across all scales. We also present results on the redshift-evolution of the

DESI LRG sample from z = 0.4 up to z = 1.1. Specifically the mean halo mass de-

creases with redshift whereas the satellite fraction increases with redshift. This paper

is the first of a series of detailed galaxy–halo connection studies on the DESI One

Percent Survey galaxy samples.

3.1 Introduction

Galaxies are biased tracers of the underlying matter density field of the Universe, and their

distribution is an important source of cosmological and astrophysical information. However,

while the distribution of dark matter is readily modeled by gravitational collapse, the dis-

tribution of galaxies is significantly more complex due to nonlinear evolution and baryonic

processes. Thus, to extract cosmology and galaxy physics from the observed galaxy distribu-

tion, it is critical to model the connection between galaxies and their underlying dark matter

density field.

A key piece of simplification in galaxy–dark matter connection modeling comes in what

is known as the halo model, where simulations have shown that galaxies form and evolve in

dense dark matter clumps known as halos32;123. Within the halo model, we can empirically

model the connection between galaxies and halos through a set of probabilistic models known

as the Halo Occupation Distribution model HOD; e.g.5;7;28;30;31;33;34. The HOD formalism

has been highly successful in characterizing magnitude-limited samples of bright galaxies in
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past galaxy redshift surveys e.g.38;41;56;63;124–127. HOD studies are important not only because

they reveal aspects of galaxy evolution physics and test assumptions of galaxy–dark matter

connection e.g.38;128–131, but also because they produce mocks that accurately reproduce the

observed clustering and thus enable robustness tests of cosmology pipelines e.g.39;43;132. Most

recently, simulation-based forward modeling approaches have also utilized the flexibility of

HODs to constrain cosmology from highly nonlinear scales that are otherwise inaccessible

with standard analytical approaches e.g.133–137.

The Dark Energy Spectroscopic Instrument (DESI) is a stage-IV spectroscopic galaxy

survey with the primary goal of determining the nature of dark energy through the most

precise measurement of the expansion history of the universe ever obtained104;138. The

baseline survey will obtain spectroscopic measurements of 40 million galaxies and quasars

in a 14,000 deg2 footprint in five years. This represents an order-of-magnitude improvement

both in the volume surveyed and the number of galaxies measured over previous surveys.

The DESI large-scale structure samples are divided into 4 target classes: the bright galaxy

sample (BGS), the luminous red galaxies (LRG), the emission line galaxies (ELG), and the

quasi-stellar objects (QSO). The auto- and cross-correlations of and between the four tracers

probe the large-scale structure in increasing high redshift domains and combine to produce

the most precise large-scale structure measurement from redshift z = 0.1 all the way to

z = 2.1. Additionally, quasars that have redshifts greater than 2.1 are used as sight-lines

for Lyman-α forest absorption, and the combination of Lyα-Lyα, Lyα-QSO, and QSO-QSO

correlations probe large-scale structure to z < 3.5.

The Early Data Release (EDR) of the DESI survey consists of data in the so-called One

Percent Survey, collected during the Survey Validation campaign139 before the start of the

main survey operations. The One-Percent survey covered 20 fields totaling 140 deg2 with

final target selection algorithms similar to those of the main survey140–147. The One-Percent

survey reaches higher completeness than the main survey and produces the first clustering

measurements from DESI. Specifically, more than 95% targets received fibers in the ELG

sample, while more than 99% of targets in each of the BGS, LRG, and QSO samples received

fibers.
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In this paper, we present a comprehensive HOD analysis of the DESI One Percent Sur-

vey LRG and QSO samples. This paper is amongst a series of papers analyzing galaxy–halo

connection models with DESI One-Percent Survey data. This paper addresses the more

well-understood samples of LRG and QSO, while the more novel ELG sample is analyzed in

a dedicated paper, Rocher et al. 148 . In parallel, there are also several Subhalo-abundance

matching (SHAM) analyses. Specifically, Prada et al. 149 provides an overview of the Uchuu-

based SHAM analyses150. Yu et al. 151 presents SHAM analyses based on the UNIT simula-

tion152. Beyond the single-tracer analyses, Gao et al. 153 and Yuan et al. in prep analyze the

cross-correlation functions between the ELG and LRG tracers with multi-tracer SHAM and

HOD models, respectively. These papers together present a significant variety of method-

ologies and mock products appropriate for a large scope of applications.

This paper is structured as the following. In section 3.2, we introduce the observed sam-

ples and present their clustering measurements. In section 3.3 and 3.4, we introduce the

simulation suite and the HOD models. In section 3.6, we present LRG fits on both the pro-

jected clustering measurements and the full-shape redshift-space clustering measurements,

and present the corresponding model constraints. We present the QSO fits in section 3.7.

In section 3.8, we present a series of mock products as a result of this analysis. Finally, we

conclude in section 3.9.

Throughout this paper, we adopt the Planck 2018 ΛCDM cosmology, specifically the

mean estimates of the Planck TT,TE,EE+lowE+lensing likelihood chains: Ωch
2 = 0.1200,

Ωbh
2 = 0.02237, σ8 = 0.811355, ns = 0.9649, h = 0.6736, w0 = −1, and wa = 02.

3.2 Data

In this section, we describe the LRG and QSO samples and present their respective clustering

measurements.

DESI observed its One Percent Survey as the third and final phase of its Survey Validation

program in April and May of 2021. Observation fields were chosen to be in twenty non-

overlapping ‘rosettes’, where a high completeness was obtained by observing in each rosette
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at least 12 times. See139 and154 for more details.

Prior to beginning SV, the DESI instrument3 had proven its ability to simultaneously

measure spectra at 5000 specific sky locations, with fibers placed accurately using robotic

positioners populating the DESI focal plane155. During SV, the DESI data and operations

teams156 proved their ability to efficiently process the spectra through the DESI spectroscopic

pipeline157. Thus, DESI was able to start from an initial target list158 and quickly obtain a

highly complete One Percent Survey.

The redshift measurements we use are available in the DESI EDR154 1. These were input

to the large-scale structure (LSS) catalogs, also described in the EDR154. Briefly, these LSS

catalogs apply quality cuts to the data samples and provide matched random catalogs that

trace the angular footprint and dN/dz of the data, at a total density of 4.5×104 deg−2.159

describes how we simulated 128 alternative realizations of the DESI One Percent Survey

fiber assignment in order to encode via bits the realizations where each target was assigned

and thus any joint probabilities of observation for a given set of targets. We use this in-

formation to determine the pairwise-inverse-probability160 weights to use in our clustering

measurements. We further apply angular up-weighting (PIP+ANG)161.162 showed that this

weighting scheme provides an unbiased clustering down to 0.1h−1Mpc.

The One Percent Survey LSS catalogs also include the so-called ‘FKP’163 weights in order

to properly weight each volume element with respect to how each sample’s number density

changes with redshift,

wFKP = 1/(1 + n(z) · P0) (3.1)

where n(z) is the weighted number per volume, and P0 is a fiducial power-spectrum am-

plitude. We use P0 = 104(h−1Mpc)3 for LRG and P0 = 6 × 103(h−1Mpc)3 for QSO. For a

detailed description of the weights and systematics treatment, we refer the readers to154.

1https://data.desi.lbl.gov/public/edr/spectro/redux/fuji
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3.2.1 DESI One Percent Survey LRG and QSO samples

LRGs are an important type of galaxy for large-scale structure studies, and are specifically

selected for observations due to two main advantages: 1) they are bright galaxies with the

prominent 4000Å break in their spectra, thus allowing for relatively easy target selection and

redshift measurements; and 2) they are highly biased tracers of the large-scale structure, thus

yielding a higher S/N per-object for the BAO measurement compared to typical galaxies.

The LRG SV target selection is defined in Zhou et al. 140 . The sample has a target density

of 605 deg−2 in 0.4 < z < 0.8, significantly higher than previous LRG surveys BOSS and

eBOSS164;165, while the sample also extends to z ∼ 1. Within EDR, the LRG main sample

consists of 89,059 galaxies, 43,269 in the northern footprint and 45,790 in the southern

footprint.

Quasi-stellar objects (a.k.a. Quasars, or QSOs) are the tracers of choice to study large-

scale structures at high redshift due to the fact that they are some of the most luminous

extragalactic sources. DESI aims to obtain spectra of nearly three million quasars, reaching

limiting magnitudes r ∼ 23 and an average density of ∼310 targets per deg2. Within EDR,

the QSO selection yields 24,182 quasars within the redshift range 0.8 < z < 2.1, and an

additional 11,603 Ly-α quasars at higher redshift. For this study, we focus on the quasars

at z < 2.1 which will be used for quasar clustering analysis.

Figure 3.2.1 shows the DESI One Percent Survey LRG and QSO mean density as a

function of redshift n(z). The vertical dashed lines correspond to fiducial bin edges defined

for DESI cosmology studies. For the LRG sample, the number density remains fairly constant

from z = 0.4 to z = 0.8 at approximately 5 × 10−4h3Mpc−3. At z > 0.8, the LRG density

drops off quickly, suggesting increasing incompleteness and strong redshift evolution. For

the fiducial HOD analysis presented in section 3.6, we examine the sample in two redshift

bins: 0.4 < z < 0.6 and 0.6 < z < 0.8. Section 3.6.3 presents a preliminary analysis of the

redshift evolution of the LRGs at z > 0.8.

The QSO sample delivers roughly constant number density from z = 0.8 to z = 2.1, at

2 × 10−5h3Mpc−3. In this analysis, we treat this entire redshift range as one single bin to
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Figure 3.2.1: The DESI One Percent Survey LRG and QSO mean number density as a
function of redshift. The dashed vertical lines show the fiducial LRG redshift bin edges of
z = 0.6, z = 0.8, and the maximum redshift we consider for the QSO sample z = 2.1.

achieve a reasonably large sample size for clustering measurements. We nevertheless expect

at least some degree of redshift evolution, but we defer the analysis of QSO redshift evolution

to a future paper when a larger sample becomes available.

3.2.2 Clustering measurements

For this analysis, we consider the 2-point correlation function (2PCF) as our summary

statistic of the galaxy clustering. We start by introducing the redshift-space 2PCF ξ(rp, rπ),

which can be computed using the Landy and Szalay 62 estimator:

ξ(rp, rπ) =
DD − 2DR + RR

RR
, (3.2)

where DD, DR, and RR are the normalized numbers of data-data, data-random, and

random-random pair counts in each bin of (rp, rπ). rp and rπ are transverse and line-of-sight

(LoS) separations in comoving units. The redshift-space ξ(rp, rπ) in principle represents

the full information content of the 2PCF. The dependence on transverse separation rp de-

scribes the transition from 1-halo clustering to 2-halo clustering, whereas the dependence on

LoS separation rπ details the velocity distributions and the small-scale finger-of-god effect.63

showed that the ξ(rp, rπ) on small scales yield strong constraints on the HOD. In this paper,

we consider ξ(rp, rπ) as our primary summary data vector for constraining the LRG and

QSO HOD.
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However, ξ(rp, rπ) is often compressed to the projected galaxy 2PCF wp, which is the

line-of-sight integral of ξ(rp, rπ),

wp(rp) = 2

∫ rπ,max

0

ξ(rp, rπ)drπ, (3.3)

By definition, wp is strictly less informative than ξ(rp, rπ) as it loses out on the velocity

information that is encoded in the LoS clustering. However, wp also offer several key ad-

vantages: it is easy to visualize as a 1D function; it is easy to obtain covariance matrix for;

analyzing wp avoids the complexities of modeling galaxy velocities. For these reasons, we

present wp-only results alongside the ξ(rp, rπ) results in the following analysis.

Figure 3.2.2 shows the projected auto-correlation function of the DESI One Percent

Survey LRG and QSO samples, using the fiducial redshift bins we defined above. Throughout

the rest of this analysis, we adopt 14 equally spaced logarithmic bins along the projected

separation rp from 0.15h−1Mpc to 32h−1Mpc. The projected scale range is designed to

capture both the 1-halo regime and the 1 to 2 halo transition regime while limiting our

exposure to large-scale modes due to the small footprint in the One-Percent Survey. Along

the Line-of-sight (LoS) direction, we adopt a linear binning scheme from 0 to 32h−1Mpc

with bin size ∆rπ = 4h−1Mpc to capture the structure of the finger-of-god effect without

blowing up the size of the data vector. For wp, we set rπ,max = 32h−1Mpc. The redshift

multipole measurements are visualized in later figures (Figure 3.6.4 and 3.7.2). The errorbars

displayed alongside the data measurements are calculated with 128 jackknife regions of the

One Percent Survey footprint. All clustering measurements on DESI One Percent Survey

data are done using the pycorr package 2 166.

3.3 Simulations

To model the underlying dark matter density field, we use the AbacusSummit simula-

tion suite, which is a set of large, high-accuracy cosmological N-body simulations using the

2https://github.com/cosmodesi/pycorr
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Figure 3.2.2: The DESI One Percent Survey LRG and QSO projected auto-correlation func-
tions. Here we are only showing LRG clustering in two fiducial redshift bins: 0.4 < z < 0.6
and 0.6 < z < 0.8. For QSOs, we consider one large redshift bin 0.8 < z < 2.1 to achieve a
reasonable sample size.

Abacus N-body code105;107;167. This suite is designed to meet the cosmological simulation

requirements of DESI. AbacusSummit consists of over 150 simulations, containing approxi-

mately 60 trillion particles at 97 different cosmologies. A base simulation box contains 69123

particles within a (2h−1Gpc)3 volume, which yields a particle mass of 2.1 × 109h−1M⊙. 3

The simulation output is organized into discrete redshift snapshots. Specifically, we use

the z = 0.5 and z = 0.8 snapshots for LRGs at z < 0.8, and the z = 0.8 and z = 1.1

snapshots for LRGs at z > 0.8. For the QSO analysis, due to the very limited sample size,

we choose not to divide the sample into multiple redshift bins. Instead, we use the z = 1.4

snapshot for the single redshift bin 0.8 < z < 2.1. A more nuanced analysis of the QSO

sample is planned when more data become available. All fits are done at Planck cosmology

with the AbacusSummit_base_c000_ph000 box.

The dark matter halos are identified with the CompaSO halo finder, which is a highly

efficient on-the-fly group finder specifically designed for the AbacusSummit simulations111.

CompaSO builds on the existing spherical overdensity (SO) algorithm by taking into con-

sideration the tidal radius around a smaller halo before competitively assigning halo mem-

3For more details, see https://abacussummit.readthedocs.io/en/latest/abacussummit.html
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bership to the particles in an effort to more effectively deblend halos. Among other features,

the CompaSO finder also allows for the formation of new halos on the outskirts of growing

halos, which alleviates a known issue of configuration-space halo finders of failing to identify

halos close to the centers of larger halos. We also run a post-processing “cleaning” procedure

that leverages the halo merger trees to “re-merge” a subset of halos. This is done both to

remove over-deblended halos in the spherical overdensity finder, and to intentionally merge

physically associated halos that have merged and then physically separated106.

In addition to periodic boxes, the simulation suite also provides a set of simulation

lightcones at fiducial cosmology168. The basic algorithm associates the halos from a set of

coarsely-spaced snapshots with their positions at the time of light-cone crossing by match-

ing halo particles to on-the-fly lightcone particles. The resulting halo catalogs are reliable

at Mhalo > 2.1 × 1011h−1M⊙, more than sufficient for LRGs and QSOs. As part of the

data products, we take the best-fit HODs across different redshift snapshots and construct

redshift-dependent LRG mocks on the 25 base lightcones. Each lightcone covers an octant of

the sky (∼ 5156 deg2) up to z ∼ 0.8. We clarify that in this analysis, we only use the cubic

boxes to conduct our analysis, the lightcones are only used to produce redshift-dependent

mocks as part of the data products.

3.4 Halo Occupation Distribution (HOD)

To propagate the simulated matter density field to galaxy distributions, we adopt the Halo

Occupation Distribution model (HOD), which probabilistically populate dark matter halos

with galaxies according to a set of halo properties. Statistically, the HOD can be summarized

as a probabilistic distribution P (ng|Xh), where ng is the number of galaxies of the given

halo, and Xh is some set of halo properties.

In the vanilla HOD model, halo mass is assumed to be the only relevant halo property

Xh = Mh
33;34. This vanilla HOD separates the galaxies into central and satellite galaxies and

assumes the central galaxy occupation follows a Bernoulli distribution whereas the satellites

follow a Poisson distribution. Beyond the vanilla model, galaxy occupation can also depend
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on secondary halo properties beyond halo mass, a phenomenon commonly referred to as

galaxy assembly bias or galaxy secondary bias See1 for a review. While galaxy assembly

bias is well physically motivated, many studies have looked for it both in simulations and

data e.g.9;44;130;169–176 with mixed results.

For this analysis, we use the AbacusHOD code to find best-fit HODs and sample HOD

posteriors. AbacusHOD is a highly efficient HOD implementation that enables a large set

of HOD extensions63. The code is publicly available as a part of the abacusutils package at

http://https://github.com/abacusorg/abacusutils. An example usage can be found

at https://abacusutils.readthedocs.io/en/latest/hod.html.

3.4.1 Baseline model

For LRG sample, the HOD is well approximated by a vanilla model given by (originally

shown in Zheng et al. 34 and referred to as Z07 or vanilla later in the text):

n̄LRG
cent (M) =

fic
2

erfc

[
log10(Mcut/M)√

2σ

]
, (3.4)

n̄LRG
sat (M) =

[
M − κMcut

M1

]α
n̄LRG
cent (M), (3.5)

where the five vanilla parameters characterizing the model are Mcut,M1, σ, α, κ. Mcut sets the

minimum halo mass to host a central galaxy. M1 roughly sets the typical halo mass that hosts

one satellite galaxy. σ controls the steepness of the transition from 0 to 1 in the number

of central galaxies. α is the power law index on the number of satellite galaxies. κMcut

gives the minimum halo mass to host a satellite galaxy. We have added a modulation term

n̄LRG
cent (M) to the satellite occupation function to mostly remove satellites from halos without

centrals4. We have also included an incompleteness parameter fic, which is a downsampling

factor controlling the overall number density of the mock galaxies. This parameter is relevant

when trying to match the observed mean density of the galaxies in addition to clustering

measurements. By definition, 0 < fic ≤ 1.

4There is evidence that such central-less satellites may exist in a realistic stellar-mass selected catalog177.
We include this term for consistency with previous works, but it should have minimal impact on clustering.
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For QSOs, we adopt essentially the same HOD model except we remove the central

modulation term in the satellite occupation as there is no evidence that the existence of

satellite QSOs is strongly associated with central QSOs. Thus, for satellite QSOs, we have

n̄QSO
sat (M) =

[
M − κMcut

M1

]α
. (3.6)

In addition to determining the number of galaxies per halo, the standard HOD model

also dictates the position and velocity of the galaxies. In the vanilla model, the position and

velocity of the central galaxy are set to be the same as those of the halo center, specifically

the L2 subhalo center-of-mass for the CompaSO halos (see Hadzhiyska et al. 111). For the

satellite galaxies, they are randomly assigned to halo particles with uniform weights, each

satellite inheriting the position and velocity of its host particle.

Because we are modeling the full-shape ξ(rp, rπ), we also include an additional level

of flexibility in the velocity model known as velocity bias in the baseline model. Velocity

bias essentially parametrizes any biases in the velocities of the central and satellite galaxies

relative to their respective host halos and particles. This is shown to be a necessary ingredient

in modeling BOSS LRG redshift-space clustering on small scales e.g.55;63. Velocity bias

has also been identified in hydrodynamical simulations and measured to be consistent with

observational constraints e.g.57;176.

We parameterize velocity bias through two additional parameters:

• αvel,c is the central velocity bias parameter, which modulates the peculiar velocity of

the central galaxy relative to the halo center along the LoS. Specifically in this model,

the central galaxy velocity along the LoS is thus given by

vcent,z = vL2,z + αvel,cδv(σLoS), (3.7)

where vL2,z denotes the LoS component of the central subhalo velocity, δv(σLoS) denotes

the Gaussian scatter, and αvel,c is the central velocity bias parameter. By definition,

αvel,c = 0 corresponds to no central velocity bias. We also define αvel,c as non-negative,
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as negative and positive αc are fully degenerate observationally.

• αvel,s is the satellite velocity bias parameter, which modulates how the satellite galaxy’s

peculiar velocity deviates from that of the local dark matter particle. Specifically, the

satellite velocity is given by

vsat,z = vL2,z + αvel,s(vp,z − vL2,z), (3.8)

where vp,z denotes the line-of-sight component of particle velocity, and αvel,s is the

satellite velocity bias parameter. αvel,s = 1 indicates no satellite velocity bias, i.e.

satellites perfectly track the velocity of their underlying particles.

To summarize, the baseline HOD model for both LRGs and QSOs is fully specified

with the following 8 parameters: (1) 5 vanilla HOD parameters Mcut, M1, σ, α, κ; (2) an

incompleteness parameter fic; (3) velocity bias parameters αvel,c and αvel,s.

3.4.2 Model extensions

AbacusHOD also enables additional physically motivated HOD extensions. In the following

analysis, we will test whether the data favor the inclusion of such extensions. We summarize

the relevant extensions for LRGs here and refer the readers to63 for more details:

• Acent or Asat are the concentration-based secondary bias parameters for centrals and

satellites, respectively. Also known as galaxy assembly bias parameters. Acent = 0 and

Asat = 0 indicate no concentration-based secondary bias in the central and satellite

occupation, respectively. A positive A indicates a preference for lower-concentration

halos, and vice versa.

• Bcent or Bsat are the environment-based secondary bias parameters for centrals and

satellites, respectively. The environment is defined as the mass density within a renv =

5h−1Mpc tophat of the halo center, excluding the halo itself. Bcent = 0 and Bsat = 0
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indicate no environment-based secondary bias. A positive B indicates a preference for

halos in less dense environments, and vice versa.

• s is the satellite profile bias parameter, which modulates how the radial distribution of

satellite galaxies within haloes deviates from the radial profile of the halo (potentially

due to baryonic effects). s = 0 indicates no radial bias, i.e. satellites are uniformly

assigned to halo particles. s > 0 indicates a more extended (less concentrated) profile

of satellites relative to the halo, and vice versa.

For this paper, we will add each of these extensions on to the 8-parameter baseline HOD

model and conduct fits on the data. We compare the fits to study whether any of these

extensions are favored. However, we only test these extensions on the LRG sample. While

similar extensions might also apply for QSOs, we lack sufficient sample size to meaningfully

constrain such effects.

3.4.3 Redshift-space distortion

Having generated the mock galaxy catalogs with each HOD prescription, we need to compute

the 2PCF to compare to the data. However, because the data is in redshift space, meaning

the observed LoS positions of galaxies are shifted by their peculiar velocity divided by the

Hubble constant, we need to incorporate this effect in our model too. Thus, we impose

redshift-space distortion (RSD) on the z-axis positions of the mock galaxies by the amount

Zredshift = Zreal +
vpec,Z(1 + z)

H(z)
, (3.9)

where Zreal and Zredshift are the real and redshift-space z-axis positions of the galaxies. vpec,Z

is the galaxy peculiar velocity projected along the z-axis. H(z) is the Hubble parameter at

redshift z. The 1 + z scaling converts the coordinates into comoving units.

Finally, we compute the model predicted ξ(rp, rπ)directly from mocks, assuming z-axis

as the LoS direction. We use the grid-based 2PCF calculator Corrfunc116 for efficiency.
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3.5 Likelihood model and covariance matrix

To perform the subsequent optimizations and sampling of the HOD parameters, we need to

construct a likelihood function. In this analysis, we assume a simple Gaussian likelihood and

utilize the χ2 statistic:

χ2
ξ = (ξmodel − ξdata)

TC−1(ξmodel − ξdata), (3.10)

where the ξmodel is the model predicted ξ(rp, π) and ξdata is the DESI measurement. C is the

covariance matrix.

We also include in the likelihood model an additional term related to the mean number

density of the sample,

χ2
ng

=


(

nmock−ndata

σn

)2
(nmock < ndata)

0 (nmock ≥ ndata).

(3.11)

σn is the uncertainty of the galaxy number density. The χ2
ng

is a half normal around the

observed number density ndata. When the mock number density is less than the data number

density (nmock < ndata), we set the completeness to fic = 1 and give a Gaussian-type penalty

on the difference between nmock and ndata. When the mock number density is higher than

data number density (nmock ≥ ndata), then we set fic = ndata/nmock such that the mock

galaxies catalog is uniformly downsampled to match the data number density. In this case,

we impose no penalty. This definition of χ2
ng

allows for incompleteness in the observed galaxy

sample while penalizing HOD models that produce insufficient galaxy number density. For

the rest of this paper, we assume σn = 0.1ndata.

Finally, the full χ2 is given by

χ2 = χ2
ξ + χ2

ng
. (3.12)

To obtain the covariance matrix, one could divide the observed sample into jackknife

regions and compute the clustering in each assuming they are independent realizations.
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Figure 3.5.1: The projected auto-correlation function wp of the 1800 boxes after tuning
vanilla HOD parameters to match the clustering of One Percent Survey LRGs in 0.4 < z <
0.6. See section 3.5 for details.

However, given the finite size of the One Percent Survey footprint and the relatively large

number of bins in the ξ(rp, rπ)statistic, the resulting jackknife covariances are noisy and close

to singular. Instead, we opt to use the 1800 500h−1Mpc boxes with varying phases in the

AbacusSummit suite to generate mock-based covariance matrices. Specifically, each small

box shares the same particle resolution as the base boxes and is 500h−1Mpc per side, which

is sufficient for the scales we analyze.

First, we generate mocks on the 1800 boxes that produce the same clustering as that

measured in the data. Specifically, we take a baseline HOD model and fit the observed

ξ(rp, rπ)with just the jackknife errors measured on the data, assuming all off-diagonal terms

in the covariance matrices are zero. We achieve good fits for both tracers and in all redshift

bins. We do not present the values of this fit to avoid confusion with the final “full covariance”

fit presented in Table 3.6.3, but the parameter values are consistent with the “full covariance”

fits. We then take the best-fit HOD and populate the 1800 covariance boxes, from which

compute the covariance matrices. Finally, we renormalize the covariance matrix by keeping

the mock-based correlation matrix and using the data-based jackknife diagonal errors to

convert the correlation matrix to the final covariance matrix.

Figure 3.5.1 serves as a visualization of the 1800 realizations after tuning to match the
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Figure 3.5.2: The correlation matrix of One Percent Survey LRG ξ(rp, rπ)in 0.4 < z < 0.6,
generated from the 1800 boxes after tuning to match the observed clustering. The 2D bins
of ξ(rp, rπ)are collapsed in this representation as a column-wise stack (the bin number is
strictly increasing in rp and periodic in rπ)

observed ξ(rp, rπ), where we overlay the projected auto-correlation functions of the 1800

boxes on the observation. We see that the mock realizations do well in producing the

observed clustering, and the spread in the mock clustering is consistent in trend with the

data jackknife error bars.

Figure 3.5.2 shows the resulting correlation matrix computed from the 1800 mocks for the

LRG ξ(rp, rπ)in 0.4 < z < 0.6. The 2D bins of ξ(rp, rπ)are collapsed in this representation

as a column-wise stack (the bin number is strictly increasing in rp and periodic in rπ). We

see that the off-diagonal terms are determined with high signal-to-noise, a result of the

large number of realizations and the large volume available with the 1800 boxes. The large-

scale bins are correlated as they become sample variance dominated by large-scale structure,

whereas the small-scale bins are largely independent, as they are dominated by the shot

noise of galaxy occupation.

We similarly generate mock covariance matrices for the LRG sample in 0.6 < z < 0.8 and

the QSO sample. We omit those plots for brevity. The covariance matrix for the LRG sample

in 0.6 < z < 0.8 shares essentially the same structure as the lower redshift LRG sample,

with shot noise dominating the smallest scales and sample variance becoming significant at

larger scales. For QSOs, all scales are dominated by shot noise and the covariance matrix is
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essentially diagonal. Throughout the rest of this paper, we use this set of mock covariance

matrices for model comparison and posterior sampling.

Having defined the likelihood function, we use optimization routines and posterior sam-

plers to evaluate the best-fits and posterior constraints, respectively. Finally, we note that a

correction term is applied to correct for the finite number of independent realizations used

to calculate the covariance matrix178. Due to a large number of mock realizations (∼1800),

the correction factor is small but not negligible (∼ 6%).

3.6 LRG HOD Results

In this section, we present the results of the One Percent Survey LRG and QSO HOD

analysis by deriving the HOD best-fits, testing possible model extensions, and presenting

the posterior constraints.

3.6.1 LRG at z < 0.8

We first examine the LRG main sample at z < 0.8, where the number density remains

relatively constant. This is also the LRG sample that will be used for DESI Y1 fiducial

cosmology analyses. We analyze this sample in two separate redshift bins: 0.4 < z < 0.6

and 0.6 < z < 0.8, using the z = 0.5 and z = 0.8 snapshots, respectively. We target the

ξ(rp, rπ) + n(z) data vector in each bin and incorporate the full covariance matrix built on

mocks. Figure 3.6.1 shows the LRG ξ(rp, rπ)data vector in 0.4 < z < 0.6. We omit the

other redshift bin for brevity. We only utilize the transverse scales 0.15–32h−1Mpc and LoS

separation from 0 to 32h−1Mpc.

We first test for potential extensions to the 8-parameter baseline HOD model (5-parameter

vanilla HOD plus velocity bias plus incompleteness). Specifically, we run optimizations with

extended models that include either galaxy assembly bias or satellite radial profile param-

eters in addition to the baseline parameters. We use a global optimization routine called

the Covariance matrix adaptation evolution strategy (CMA-ES) with 400 random walkers.
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Figure 3.6.1: The One Percent Survey LRG ξ(rp, rπ)in 0.4 < z < 0.6. rp and rπ denote
the transverse and LoS separation of the galaxies in comoving units. For this analysis we
only utilize the transverse scales 0.15–32h−1Mpc. The white section corresponds to negative
values, which do not show up on the log scale.

We compute the model Akaike Information Criterion (AIC) scores from the best-fit χ2 and

summarize the results in Table 3.6.1. The AIC scores essentially calculate the best-fit χ2

but compensate for the number of parameters. Models with lower AIC scores are preferred

by the data, and a ∆AIC roughly corresponds to 1σ significance.

Our tests show no evidence for either flavors of galaxy assembly bias or a satellite radial

profile parameter. We conclude that the current data vectors favor the baseline model, and

we will conduct the rest of this analysis with just the baseline HOD model. However,63 found

significant evidence for galaxy assembly bias in a similar HOD analysis of BOSS CMASS

LRGs. This discrepancy is explained by the significantly larger sample size in CMASS

(∼ 600, 000). The factor 10 decrease in sample size translates to a factor 3 increase in the

statistical error, which in turn downgrades an assembly bias signal as detected in63 to less

than 1σ significance.

Next, we obtain the parameter posteriors for the baseline model in each redshift bin. To

sample the HOD posterior, we use the efficient dynesty nested sampler179;180. Again, we use

ξ(rp, rπ)as our primary data vector in each redshift bin and include the full covariance matrix

in the likelihood evaluation. We incorporate broad multivariate Gaussian priors as quoted in
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LRG 0.4 < z < 0.6 0.6 < z < 0.8
Model χ2/d.o.f. AIC χ2/d.o.f. AIC
Baseline 1.03 130 0.99 125
Baseline+A 1.05 133 0.98 125
Baseline+B 1.05 133 0.99 126
Baseline+s 1.06 131 1.01 126

Table 3.6.1: Comparing LRG HOD model extensions in both redshift bins. The baseline
model refers to the standard vanilla 5-parameter model plus velocity bias and incompleteness.
A refers to galaxy assembly bias parameterized in terms of halo concentration. B refers to
galaxy assembly bias parameterized in terms of the local environment. s refers to 1-halo
satellite profile modulations. The AIC scores suggest that none of the extended models are
preferred over the baseline model.

Params
LRG QSO

prior bounds prior bounds
logMcut N (13.0, 1.0) [12,13.8] N (12.7, 1) [11.2, 14.0]
logM1 N (14.0, 1.0) [12.5,15.5] N (15.0, 1) [12.0, 16.0]
σ N (0.5, 0.5) [0.0,3.0] N (0.5, 0.5) [0.0, 3.0]
α N (1.0, 0.5) [0.0,2.0] N (1.0, 0.5) [0.3, 2.0]
κ N (0.5, 0.5) [0.0,10.0] N (0.5, 0.5) [0.3, 3.0]
αc N (0.4, 0.4) [0.0, 1.0] N (1.5, 1.0) [0.0, 2.0]
αs N (0.8, 0.4) [0.0, 2.0] N (0.2, 1.0) [0.0, 2.0]

Table 3.6.2: Priors used for LRG and QSO HOD fits. We use broad Gaussian priors on all
parameters. We also quote the bounds we impose in addition to the Gaussian priors. Units
of mass are in h−1M⊙.

76



Tracer LRG 0.4 < z < 0.6 LRG 0.6 < z < 0.8 QSO 0.8 < z < 2.1

Model Z07 + fic
Z07 + fic
+αc + αs

Z07 + fic
Z07 + fic
+αc + αs

Z07 + fic
Z07 + fic
+αc + αs

Data wp + nz ξ(rp, rπ)+nz wp + nz ξ(rp, rπ)+nz wp + nz ξ(rp, rπ)+nz

logMcut 12.89+0.11
−0.09 12.79+0.15

−0.07 12.78+0.10
−0.08 12.64+0.17

−0.05 12.67+0.71
−0.36 12.2+0.6

−0.1

logM1 14.08+0.10
−0.10 13.88+0.11

−0.11 13.94+0.14
−0.11 13.71+0.07

−0.07 15.00+0.62
−0.64 14.7+0.6

−0.6

σ 0.27+0.17
−0.17 0.21+0.11

−0.10 0.23+0.14
−0.15 0.09+0.09

−0.05 0.58+0.37
−0.35 0.12+0.28

−0.06

α 1.20+0.15
−0.19 1.07+0.13

−0.16 1.07+0.16
−0.21 1.18+0.08

−0.13 1.09+0.43
−0.37 0.8+0.4

−0.2

κ 0.65+0.45
−0.39 1.4+0.6

−0.5 0.55+0.42
−0.34 0.6+0.4

−0.2 0.74+0.41
−0.29 0.6+0.8

−0.2

αc - 0.33+0.05
−0.07 - 0.19+0.06

−0.09 - 1.54+0.17
−0.08

αs - 0.80+0.07
−0.07 - 0.95+0.07

−0.06 - 0.6+0.6
−0.3

fic 0.92+0.08
−0.17 0.70+0.15

−0.09 0.89+0.11
−0.14 0.62+0.07

−0.06 0.041+0.066
−0.016 0.019+0.029

−0.004

fsat 0.089+0.013
−0.010 0.106+0.011

−0.012 0.104+0.013
−0.010 0.136+0.011

−0.010 0.05+0.26
−0.05 0.03+0.08

−0.02

logMh 13.42+0.02
−0.02 13.40+0.02

−0.02 13.26+0.02
−0.02 13.24+0.02

−0.02 12.74+0.05
−0.05 12.65+0.09

−0.04

blin 1.94+0.04
−0.04 1.93+0.06

−0.04 2.11+0.03
−0.04 2.08+0.03

−0.03 2.56+0.22
−0.10 2.63+0.37

−0.26

χ2/d.o.f 4.5/(14-5) 108/(112-7) 19.6/(14-5) 104/(112-7) 16.0/(14-5) 101/(112-7)

Table 3.6.3: LRG and QSO marginalized posteriors, with different models and different
measurements. The error bars are 1σ uncertainties. We also quote the marginalized satellite
fraction fsat and the sample completeness fic. Units of mass are given in h−1M⊙.
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Table 3.6.2. We specifically test that our choice of Gaussian priors will not significantly bias

our main results. (see App. 3.A for detail) We also impose bounds to limit the range explored

by the sampler (also documented in Table 3.6.2). The resulting marginalized posteriors are

presented in Figure 3.6.2 and summarised in Table 3.6.3. We visualize the corresponding

HOD posteriors in Figure 3.6.3, where the shaded bands denote the 1 and 2σ constraints

(68% and 95% intervals).

Figure 3.6.2 shows several interesting degeneracies. Perhaps the most prominent de-

generacy is between parameter logMcut and σ. Both parameters control the occupation

distribution of the centrals, which for LRGs translates to controlling the clustering ampli-

tude of the 2-halo term on large scales. logMcut controls the mass scale whereas σ controls

the slope of the Ncent turn-on. Thus, it makes sense that the two are somewhat degenerate

as either a slower turn-on (larger σ) or a lower mass scale would decrease the mean bias of

the sample.

Similarly, we see a degeneracy between the completeness parameter fic and the central

occupation parameters logMcut and σ. This is due to the constraints on the average den-

sity of the galaxy sample. Lower typical halo masses for the galaxies would mean lower

completeness. There is also an interesting degeneracy between logMcut and logM1, which

has been previously discussed in Avila et al. 41 . This is interesting because logM1 controls

the halo mass of the satellite galaxies. Thus, a degeneracy between these two parameters

suggests a strong constraint on the satellite fraction, and by extension a strong constraint

on the relative amplitude of the 1-halo clustering and 2-halo clustering.

The inferred satellite fraction is 11 ± 1% for LRGs in 0.4 < z < 0.6 and 14 ± 1% in

0.6 < z < 0.8, consistent with 11% inferred for the CMASS sample in 0.45 < z < 0.663

and 13 ± 3% inferred with eBOSS LRGs between 0.6 < z < 0.937. The mean halo mass

of the LRGs is strongly constrained. We find log10Mh = 13.40+0.02
−0.02 for 0.4 < z < 0.6 and

log10Mh = 13.24+0.02
−0.02 for 0.6 < z < 0.8. In comparison,129 found log10Mh = 13.60 for the

CMASS sample, and37 found log10Mh = 13.4 for the higher redshift eBOSS sample. Both

values are higher than the average halo mass inferred for DESI One Percent Survey LRGs.

This is expected as the DESI sample is fainter and higher number density, thus occupying
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Figure 3.6.2: The DESI One Percent Survey LRG HOD posterior. The red and blue contours
correspond to the marginalized posteriors for LRGs in the 0.4 < z < 0.6 and 0.6 < z < 0.8
bins, respectively. We are showing only the 1 and 2 σ contours for clarity.
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less massive halos. Our results also compare well with earlier results from CMASS DR10,

which reported a 9-10% satellite fraction for a red luminosity-limited sample with half the

DESI density126. The difference in average halo mass between the two redshift bins can

simply be attributed to halo growth at fixed density.

The linear bias factor is also calculated in our study by comparing the real-space clustering

amplitudes of galaxies with predictions made by the linear theory, specifically

blin = (ξgals/ξlin)1/2, (3.13)

where ξgal denotes the real-space two-point correlation functions of galaxies, while ξlin denotes

the theoretical linear matter correlation function at the mean redshift in the respective

redshift bin. This correlation function is measured with CLASS181. For each sample of

the MCMC chain, blin is calculated for a uniform subsample of the full posterior, which

we summarise with mean and standard deviation. The LRG linear bias is 1.93+0.06
−0.04 in the

redshift range of 0.4 < z < 0.6 and 2.08 ± 0.03 for LRGs in 0.6 < z < 0.8. We present a

more detailed description of redshift evolution in section 3.6.3.

The velocity bias constraints are also mostly consistent with BOSS and eBOSS studies.

For the 0.4 < z < 0.6 bin, we find significant central velocity bias at 33+5
−7%, indicating that

the peculiar velocity of the central galaxies relative to the central subhalos is approximately

30% of the halo velocity dispersion. This is qualitatively consistent with previous studies

that also found significant central velocity bias, but somewhat larger in amplitude than the

CMASS constraints at 22 ± 2%55;176. We also find negative satellite velocity bias 80 ± 7%,

indicating that the velocity dispersion of satellite galaxies within halos is 20% less than

that of the halo particles at the same radii. This is consistent with55, who found 86% in

CMASS, whereas176 found less significant velocity bias at 98%. In the higher redshift bin

0.6 < z < 0.8, we find a central velocity bias of 19+6
−9% and a satellite velocity bias 95+7

−6%. We

do not have eBOSS constraints to compare against, but we can check with simulated DESI

samples presented in176, where we applied DESI photometric selection to IllustrisTNG

galaxies182–184. There, we found that the mock DESI LRG sample at z = 0.8 has a velocity
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bias of αc = 0.14 and αs = 0.92, consistent with our constraints here.

We also run the equivalent analyses on the projected 2PCF wp, where we follow the same

procedure as for ξ(rp, rπ), but we exclude the two velocity bias parameters from the HOD

model. We also employ a tabulation scheme to accelerate the HOD forward model calculation

for these wp fits (please find details in Chap. 1.3.2 and Chap. 2), note that we only employ the

tabulation method to quickly evaluate the HOD posterior when using the Z07+fic model to

fit the wp +nz data vector, for all other cases, we use the standard AbacusHOD approach.

We include the wp marginalized constraints in Table 3.6.3. However, for brevity, we skip

their visualization. Comparing the marginalized posteriors in Table 3.6.3, the wp results are

consistent with the ξ(rp, rπ) results. In terms of inferred quantities, the two data vectors

also yield mostly consistent results. The only minor discrepancy between the two fits is that

the wp fits favor larger Mcut and M1 parameters, and as a result a larger fic. However, this is

compensated by differences in the σ constraints, resulting in essentially identical mean halo

mass constraints. In other words, both data vectors place strong constraints on the mean

halo mass of the galaxies, but neither breaks the Mcut vs. σ degeneracy and favors slightly

different loci along this degeneracy.

Comparing the posterior means in the two redshift bins, we see several interesting trends.

The average halo mass of the LRG sample increases over time. It is expected given that

halos accrete mass over time, and a fixed density sample at lower redshift would occupy

the more massive halos. The satellite fraction also decreases over time. This trend is not

as significant but might be interpreted as a result of galaxy mergers. We discuss redshift

evolution in more detail in section 3.6.3, and also in a dedicated paper185.

Figure 3.6.4 showcases the predicted distribution of the 2PCF from the ξ(rp, rπ)posteriors.

For this visualization, we choose the wp + ξ0 + ξ2 projections of the redshift-space 2PCF

because it is difficult to visualize comparisons of the 2D ξ(rp, rπ)function. wp is the projected

2PCF, whereas ξ0,2 are the monopole and quadruple moments of the redshift-space 2PCF.

The blue curves represent the One Percent Survey measurements, with jackknife error bars.

The orange-shaded regions denote the 1 and 2σ posterior constraints. The solid orange line

showcases the posterior mean. Again, we see that the best-fit models are consistent with
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Figure 3.6.3: The LRG HOD best-fit the posterior. The shaded regions correspond to 1
and 2σ posteriors (68% and 95% intervals centered around the median prediction). The
horizontal dotted line denotes Ngal = 1.

the observed clustering well in both redshift bins. However, in the wp comparisons, the

model predicts a larger amplitude than the data at the 1-halo and 2-halo transition regime

(rp ∼ 1h−1Mpc) in both redshift bins. This is not a significant discrepancy with the current

sample size but potentially points to limitations of halo boundary definitions and possibly

environment-dependent galaxy occupation.

3.6.2 LRG at z > 0.8

As shown in Figure 3.2.1, the number density of the LRG main sample experiences a sig-

nificant decline beyond a redshift of 0.8, indicating a marked change in the astrophysical

properties of this population. To further investigate the HOD and shed light on the evo-

lution of the LRG sample in this redshift range, we subdivide the high-redshift LRGs into

two redshift intervals, 0.8 < z < 0.95 and 0.95 < z < 1.1. We use the z = 0.8 and z = 1.1

snapshots and employ the Z07+fic model to fit wp + nz data vector using the tabulation

method for this aspect of the analysis.

Figure 3.6.5 shows the 1 and 2 σ confidence level contours for the HOD parameters.

Due to the higher number density, the fit from the lower redshift interval displays a much

tighter constraint as compared to the higher redshift interval, as anticipated. We find similar
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Figure 3.6.4: The LRG wp and multipoles posterior predicatives compared to the data. The
blue lines correspond to the One Percent Survey measurement with jackknife error bars. The
solid orange line denotes the posterior mean. The orange-shaded regions correspond to the
1 and 2σ full posterior using the full mock covariance matrix.
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Params
LRG 0.8 < z < 1.1

0.8 < z < 0.95 0.95 < z < 1.1

logMcut 12.89+0.12
−0.13 12.68+0.38

−0.26

logM1 13.96+0.15
−0.14 13.60+0.47

−0.29

σ 0.37+0.13
−0.18 0.53+0.25

−0.29

α 0.91+0.18
−0.22 0.72+0.31

−0.34

κ 0.74+0.46
−0.42 0.51+0.43

−0.33

fic 0.92+0.08
−0.18 0.19+0.14

−0.07

fsat 0.110+0.016
−0.012 0.151+0.048

−0.041

log10Mh 13.29+0.02
−0.02 13.00+0.03

−0.03

blin 2.31+0.04
−0.04 2.13+0.05

−0.05

nz 4.56 1.84

Table 3.6.4: The results for the fits to high-z LRG sample with two redshift bin: 0.8 < z <
0.95 and 0.95 < z < 1.1. We show the mean±1σ error for HOD and derived parameters.
We also list the average comoving number density in units of 10−4(h−1Mpc)−3. Masses are
in units of h−1M⊙.
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degeneracies between logMcut and σ, logMcut and logM1 as LRGs at z < 0.8. The 1D

distribution depicts a change in the mean value of each parameter in the Z07 model as

the redshift increases. This trend is consistent with the comparison of the 0.4 < z < 0.6

and 0.6 < z < 0.8 bins in Figure 3.6.2. The most notable difference is observed in the

incompleteness parameter fic. As fic can effectively control the number density of the mock

galaxies, it decreases significantly as the number density of the sample decreases, indicating

an increase in incompleteness.

The results of our analysis provide a compelling reason for conducting a detailed study

of the HOD of high-redshift LRGs. As shown in Figure 3.6.6, the 1 and 2 σ uncertainty

bands of the HOD function for the high-redshift LRG sample have a minimal overlap for

the range 12.8 < logMhalo < 14.2, indicating a significant difference in the HOD between

the two redshift intervals. Furthermore, Table 3.6.4 summarizes the marginalized statistics

for the high-redshift LRG main sample, which show differences in the mean completeness

fic (from 92% to 19%), the satellite fraction fsat (from 11.0% to 15.1%), mean halo mass

log10Mh (from 13.29 to 13.00), and linear bias blin (from 2.31 to 2.13). These results indicate

that the HOD of the high-redshift LRG main sample evolves with redshift, which we will

discuss in detail in the following section.
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for each redshift bin. Markers and error bars show the mean of the fits and 1-σ error. The
numerical results of this plot are also listed in Table 3.6.3 and 3.6.4.

3.6.3 Redshift evolution of DESI LRG HOD

The evolution of HOD and derived parameters of LRGs across all redshift bins are shown

in Fig. 3.6.7. We only use data vector wp + n(z) in this part of the analysis for consistency.

The central galaxy host halo mass threshold (Mcut) does not exhibit any significant trend

with redshift within the uncertainties. The scatter in the halo mass threshold (σ) tends to

increase with increasing redshift, indicating a smoother transition in the central HOD on

high redshift. In terms of satellite parameters, both M1 and α show a declining trend with

redshift, while κ shows little variation with redshift and is weakly constrained by the data.

The satellite fraction (fsat) shows a mild trend of increasing with redshift at z < 0.95,

rising from fsat ≃ 9% at z ≃ 0.5 to fsat ≃ 11% at z ≃ 0.9. This increase in satellite fraction

can be interpreted as a result of the merging of galaxies over time. At z > 0.95, the satellite

fraction increases substantially to 15%, but the significance is low.

The mean halo mass does not exhibit a clear trend except at z > 0.95, where the mean

halo mass drops off substantially. A similar behavior is seen for the galaxy bias, which

increases with redshift at z < 0.95 (consistent with studies of DESI-like photometric LRGs

in40) but drops off at z > 0.95. Furthermore, the highest redshift bin also exhibits a drastic

drop in completeness. These comparisons serve as strong evidence that the LRG sample at

z > 0.95 is physically different from the LRGs at z < 0.95.
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141 showed that the DESI LRG selection should yield a highly stellar mass complete

sample at log10M∗ > 11.5 between redshift 0.4 < z < 0.9. At z > 0.9 the completeness at

the high mass end starts to deviate from 1 and drops further at z > 1. This point is confirmed

by explicitly computing the stellar mass functions of DESI SV3 LRGs via SED fitting in Gao

et al. in prep, where a substantial incompleteness at log10M∗ > 11.5 is observed at z > 1.

This incompleteness at the high mass end can partially explain the drop in the inferred bias

and halo mass in the highest redshift bin.

Another potential contributing effect is that the DESI LRG selection employs a sliding

color-magnitude cut in r − W1 vs W1 that turns over at W1 =∼ −19 to include more

galaxies at the high redshift end (see Figure 3 of40). However, this turnover also includes

red galaxies with very faint W1 magnitudes into the LRG sample, thus possibly decreasing

the mean halo mass and mean galaxy bias.

Separately,186 inferred star formation histories from DESI SV1 LRG SEDs and found

evidence that recently quenched (post-starburst) galaxies constitute a growing fraction of the

massive galaxy population with increasing redshift. The study showed that these galaxies

are significantly brighter than the parent LRG sample at fixed stellar mass. Thus, at fixed

brightness, these galaxies likely have lower halo masses and lower biases compared to the

parent LRG sample. If these galaxies are indeed a significant fraction of high redshift LRGs,

then they would contribute to the drop in the mean halo mass and bias. This could also

explain the relatively high satellite fraction as recently accreted satellites are also likely to

have been recently quenched.

An important caveat to consider in the interpretation of the mean halo masses relates to

the use of fixed redshift snapshots in this analysis. To obtain an unbiased HOD parameter

estimation, the mean redshift of the redshift bin must remain close to the snapshot redshift.

However, the choice of snapshots is limited to several primary redshifts provided by the

AbacusSummit simulation. For instance, we use the snapshot at z = 0.8 for both 0.6 <

z < 0.8 and 0.8 < z < 0.95 redshift bins, resulting in mean sample redshifts that are lower

and higher than the snapshot redshift, respectively.

As a result, the mean halo mass has been overestimated for 0.8 < z < 0.95 and under-
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estimated for 0.6 < z < 0.8. This effect is particularly pronounced for the 0.95 < z < 1.1

redshift bin, as the drop in number density results in a more significant bias of the mean

sample redshift from the snapshot redshift of z = 1.1. Mitigating this effect could, to some

extent, resolve the non-monotonic shape in the mean halo mass evolution. Nevertheless, we

maintain that this effect does not fully explains the drop in halo mass in the highest redshift

bin because the drop in linear bias is agnostic to simulation snapshots as the underlying clus-

tering amplitude is computed at the mean redshift of the sample instead of the simulation

snapshot.

This systematic highlights the need for future redshift evolution studies to use more

accurate redshifts. The shift in the mean value of HOD and derived parameters also provide

a strong scientific incentive to conduct a detailed study of LRGs using the halo light-cone

catalogs in combination with a redshift-evolved HOD model.

3.7 QSO HOD results

We analyze the QSO sample following the same procedure. First, we construct the mock-

based covariance matrix by fitting a baseline HOD on the QSO ξ(rp, rπ)measurement. How-

ever, we find that directly fitting ξ(rp, rπ)returns poor fits because the QSO ξ(rp, rπ)measurement

below rp ∼ 1h−1Mpc have particularly low signal-to-noise, and the corresponding jackknife

errors do not behave properly.

Instead, we fit just the projected wp with the 5-parameter+incompleteness model, where

we do achieve a good fit. Then we independently tune the two velocity bias parameters

to match the ξ(rp, rπ)signal at rp > 1h−1Mpc. We again obtain a good fit. With that,

we populate the 1800 small boxes and generate a mock-based covariance matrix for QSO

ξ(rp, rπ).

Again, we sample the baseline HOD parameter to obtain marginalized posteriors for the

QSO HOD. The results are visualized in Figure 3.7.1 and summarized towards the bottom

of Table 3.6.3. Figure 3.7.3 shows the corresponding HOD posterior. In general, the QSO

HOD parameters are much less constrained than the LRG parameters due to the limited
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sample size. For the same reason, we also do not test additional model extensions as we

already achieve an excellent best-fit χ2 with the baseline model. We will conduct such tests

when a significantly larger sample of QSOs becomes available. We also showcase the wp-only

constraints in Table 3.6.3, and we find them to be consistent with the ξ(rp, rπ)constraints.

The HOD constraints compare well with those inferred for eBOSS QSOs as presented

in Table 1 of Alam et al. 38 . Specifically, they found logMcut = 12.2 and logM1 = 14.1,

consistent with our findings. Perhaps the most unexpected parameter constraint is the

central velocity bias, where we find αc = 1.54+0.17
−0.08, meaning that the central galaxies exhibit

large peculiar velocities relative to the halo center. There are several potential explanations

for this. While one possibility is that it points towards energetic processes within the AGN,

we speculate that this may also be due to the rather large redshift uncertainties with the

QSO sample187. Specifically, QSO primary spectral lines such as Mg ii line to C iv suffer

from large systematic velocity shifts caused by astrophysical effects e.g.,188–190. Another

potential explanation is that QSOs preferentially occupy recently merged halos, resulting in

large velocity dispersion relative to the halo center of mass. In the following paragraph, we

also show that uncertainties in satellite fraction can also be degenerate with velocity bias.

Thus, the large velocity bias in the QSO sample could be due to redshift uncertainties, AGN

physics and mergers, and/or uncertainties in satellite fraction.

In terms of derived quantities, we infer a mean halo mass of log10Mh = 12.65+0.09
−0.04 for the

DESI QSO sample, consistent with the log10Mh = 12.7 found for the eBOSS QSO sample in

both191 and38. We report a linear bias of blin = 2.63+0.37
−0.26 at z ≃ 1.5 for the DESI QSO sample,

which is slightly higher than the first-year eBOSS quasar sample with blin = 2.45 ± 0.05 at

z = 1.55, as found by Laurent et al. 192 . However, considering the error bar, the results

are consistent. We infer a satellite fraction of 3+8
−2% for the QSO sample, consistent with

fsat = 5% found in191 using a subhalo abundance matching model but significantly lower

than the 30% inferred with a multi-tracer HOD fit in38. The large satellite fraction inferred

in38 is directly a result of a small inferred α = 0.4, which results in a large number of satellites

in low-mass halos. However, we speculate that this result might in fact be degenerate with

our finding as most of these satellites in low-mass halos do not have companion centrals
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due to the low completeness. These “rogue” satellites are ill-defined in the vanilla HOD

context, and can simply be re-classified as centrals. This could also be connected to the

large central velocity bias we found, which could disappear if we re-classify some centrals as

satellites, which would naturally have larger velocity dispersion. Our results compare well

with earlier SDSS Quasar HOD fits.193 obtained a satellite fraction of 7-10% and found the

inferred satellite fraction to be dependent on the assumed HOD model.42 obtained a lower

satellite fraction of ∼ 0.1% for z ∼ 1.4 quasars.

These types of questions also show that the QSO–halo connection physics is poorly un-

derstood. In fact, we use the standard 5-parameter model in this analysis simply because we

have no evidence that a different model is favored. We reserve a more comprehensive analysis

of QSO HOD for a future paper when a much larger sample of QSOs becomes available.

3.8 Mock products

We apply the best-fit HODs obtained for the LRG and QSO samples to all 25 base boxes

available in AbacusSummit at Planck cosmology to create high-fidelity mocks. For each

tracer at each redshift snapshot, the total sample volume is 200h−3Gpc3 comoving. The

volume provided by AbacusSummit is an order of magnitude larger than other simulations
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of the comparable resolution, reaching 5-10 times the volume expected to be observed by

DESI. Given the volume and resolution, these mocks are critical for testing and calibrating

DESI cosmology pipelines at the necessary precision.

In addition to using just the best-fit HODs, we also create additional mocks where we

perturb the HOD parameters around the best-fit to generate mocks that share the same

cosmology but differ in bias prescriptions. The perturbations are sampled from the 3σ

region of the parameter space around the best-fit values. We repeat this procedure for both

the baseline HOD model and an extended HOD model that also includes environment-based

assembly bias B and satellite radial profile parameter s, resulting in a set of mocks that

encompass a diverse range of possible HODs.

These variety mocks enable key robustness tests of large-scale cosmology inference pipelines

against galaxy–halo connection systematics. Specifically, large-scale cosmology pipelines that

utilize the BAO/RSD features or full-shape information often assume a much simpler bias

model. As a result, complexities in the galaxy–halo connection modeling could become de-

generate with cosmology and thus result in systematic bias in the inferred cosmology. Thus,

it is essential to test cosmology inference pipelines against a range of mocks with varying bias

models and demonstrate that cosmology inference remains unbiased. We defer a detailed

discussion of these tests to a dedicated paper194.
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In addition to constructing cubic mocks, we utilize our best fits to construct redshift-

dependent mocks on the AbacusSummit lightcones168. The benefit of having mocks on

the lightcone is that they provide an accurate synthetic map of the sky, which is crucial

for testing out systematic and observational effects such as fiber collisions. Lightcones also

enable explicit modeling of redshift evolution, such as in the forward modeling pipelines being

developed for novel summary statistics e.g.,147;195. Our procedure for generating lightcone

mocks is as follows:

1. Adopting the AbacusHOD algorithm, we first subsample the halo lightcone catalogs

assuming the same envelope as the cubic boxes and pre-compute various assembly bias

parameters and decorations to the HOD model.

2. We read in the best-fit parameters as we found in section 3.6. We linearly interpolate

the HOD parameters as a function of redshift, pivoting on the two best-fits in the two

redshift bins.

3. Finally, we generate the galaxy mocks for all tracers/the LRGs at all available redshifts

of the 25 fiducial cosmologies, i.e. AbacusSummit c000 ph000-024. We note that due

to the geometry, each of our mocks provides an octant of the sky until z ≈ 0.8,

decreasing gradually as we go to higher redshifts.

All said mocks will be made publicly available at a future date as a part of DESI EDR.

3.9 Conclusions

In this paper, we present a comprehensive analysis of the halo occupation distribution of the

DESI One Percent Survey LRG and QSO samples using the AbacusSummit cubic boxes.

For LRGs, we study the sample in two fiducial redshift bins 0.4 < z < 0.6, 0.6 < z < 0.8,

and also in a third high redshift bin 0.8 < z < 1.1. In the fiducial bins, we compare

the baseline HOD model with extended models with galaxy assembly bias and satellite

profile bias. We find no evidence for model extensions at current precisions and the baseline
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model is favored by the data. For both redshift bins, we constrain the baseline parameter

posteriors with the ξ(rp, rπ)data vector and mock-based covariance matrix. The resulting

model posteriors produce the correct redshift-space clustering. We find strong constraints on

inferred properties such as the average halo mass and the satellite fraction, which are broadly

consistent with results from eBOSS and BOSS. We also find consistency between ξ(rp, rπ)fit

and wp-only fit. The marginalized posterior constraints are summarized in Table 3.6.3. To

highlight a few key constraints: the LRG sample in 0.4 < z < 0.6 yields a satellite fraction

of 11±1% and a mean halo mass of log10Mh = 13.40+0.02
−0.02, whereas the 0.6 < z < 0.8 sample

results in a satellite fraction of 14 ± 1% and a mean halo mass of log10Mh = 13.24+0.02
−0.02 in

0.6 < z < 0.8.

Combining the fiducial analysis at z < 0.8 and high redshift analysis at z > 0.8, we find

clear trends of evolution, especially in physical parameters like satellite fraction and mean

halo mass. Specifically the mean halo mass decreases with redshift whereas the satellite

fraction increases with redshift. This motivates future redshift evolution studies that should

shed light on the physics of the evolution of massive galaxies. The marginalized posterior

constraints are summarized in Table 3.6.4.

The QSO sample is limited by sample size, and we are not able to conduct meaningful

comparisons between different HOD models. Regardless, we derive good fits on the data

and present posterior constraints. The marginalized posterior constraints are summarized

in Table 3.6.3. We infer a satellite fraction of 3+8
−2% and a mean halo mass of log10Mh =

12.65+0.09
−0.04 in redshift range 0.8 < z < 2.1. The inferred mean halo mass is consistent with

previous results, but there is some discrepancy in the satellite fraction. We speculate that

such discrepancy is model dependent and we intend to revisit of this issue when a significantly

larger sample of QSOs becomes available.

Finally, we leverage our HOD fits to generate a large suite of DESI-like mocks. We

highlight mocks with varied HODs that test the robustness of large-scale cosmology pipelines,

and lightcone-based mocks that are important for building realism and testing observational

systematics.
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Appendix

3.A Choice of prior

The selection of priors for the HOD parameters can potentially impact the inferred con-

straints. In order to eliminate extreme values of the HOD parameters and gain a more

comprehensive understanding of the Galaxy-Halo connection model, Gaussian priors shown

in Tab. 3.6.2 were applied to the HOD parameters in the primary analysis. In order to

assess the potential impact of these priors on the results, additional MCMC analyses were

conducted using only flat priors.

In this test, we employ the Z07+fic model to fit wp +nz of LRG at redshift 0.6 < z < 0.8.

Figure 3.A.1 illustrates the 1 and 2 σ confidence level contours for the HOD parameters when

different priors are applied. It is clear that the fit with a Gaussian prior displays a tighter

contour, particularly for the satellite parameters log10M1, α, and κ. The Gaussian prior

helps to eliminate isolated regions in the contour, where the data have limited power to

constrain the parameters. The 1D distribution of each parameter in Figure 3.A.1 indicates

that the Gaussian prior has a smaller impact on the central parameters as compared to the

satellite parameters and hardly any impact on incompleteness.

Figure 3.A.2 shows the 2 σ uncertainty band of HOD posterior and best fit for both

cases. The two bands overlap heavily with each other. The Gaussian prior fit has a slightly

narrower band for log10Mcut > 14.2, where the satellite parameters have a larger impact on

the HOD. Additionally, the Gaussian prior presents a smoother best fit than the flat prior,

which exhibits a distinct step on the lower mass end. As a result, our choice of Gaussian

prior help removes nonphysical HOD without altering any of our main conclusions.

Finally, we expect the difference from choices of priors to be further reduced as we achieve

tighter constraints with more precise measurements using larger samples in the future.
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Chapter 4

Extracting cosmological information

from the small-scale clustering

4.1 Introduction

Extracting cosmological information from clustering is a crucial task in modern cosmology.

One of the primary cosmological probes being used to provide constraining power is the

redshift-space distortions (RSD). RSD arises because the observed position of a galaxy in

redshift space is distorted along the line of sight due to its peculiar velocity, which itself is

a direct consequence of the gravitational growth of structures in the universe. The major

information derived from the analysis of redshift-space clustering is the cosmological param-

eter pairing fσ8. Here, f represents the growth rate of cosmic structures as determined

from linear perturbation theory, while σ8 is a measure of the amplitude of the matter power

spectrum on a scale of 8 h−1Mpc. Together, this combination, fσ8, allows us to probe the

rate at which structures in the universe grow and the overall scale of these structures.

Perturbation theory has been a valuable tool for modeling redshift space clustering196–206.

It provided a theoretical framework for understanding the distribution of galaxies on large

scales, where the dynamics are predominantly linear. However, as we delve into smaller

scales, the dynamics of the universe become increasingly non-linear, and the simplicity of
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perturbation theory falls short. On these scales, effects such as non-linear gravitational

clustering and non-linear bias, as well as the Finger of God effect, where the virial motions of

galaxies within clusters elongate the structures along the line of sight in redshift space become

significant207;208. These complexities introduce higher-order terms that the perturbative

approach struggles to accurately account for. These non-linear factors can convolute the

cosmological signals we are interested in, making it difficult to accurately model and interpret

the observed clustering.

Yet, as demonstrated by studies conducted by Reid et al. 209 and Zhai et al. 210 , the abil-

ity to constrain parameters through redshift-space distortions (RSD) analysis significantly

enhances when we incorporate information from the non-linear regime. This highlights the

potential value and importance of tapping into the rich details embedded in these non-linear

scales. Therefore, it becomes necessary to directly model the relationship between galax-

ies and the dark matter halos that host them. HOD framework, which successfully models

galaxy-halo connection, is an essential tool for interpreting small-scale clustering measure-

ments, as it encompasses the complex, non-linear processes of galaxy formation and evolution

within dark matter halos.

Leveraging high-resolution dark matter simulation and the HOD framework, numerous

studies have aimed to develop simulation-based forward modeling tools to facilitate precise

Redshift-Space Distortion (RSD) analysis on scales as small as sub 1h−1Mpc.

For instance, Lange et al. 133 conducted an analysis on anisotropic redshift-space cluster-

ing in the scale range from 0.4 to 63 h−1Mpc based on the Cosmological Evidence Modeling

(CEM) framework211. In another study, Kobayashi et al. 134 combined an emulator of halo

clustering with the HOD model and performed a full-shape analysis of redshift-space power

spectra of the BOSS DR12 galaxy catalog, resulting in a 5% determination of σ8. Yuan

et al. 136 applied a hybrid MCMC + emulator approach to the BOSS CMASS data, inferring

σ8 constraints from the small scale. Zhai et al. 137 used an emulator based on the Aemulus

Project212 to obtain cosmological constraints using correlation function multipoles at scales

of 0.1 to 60 h−1Mpc.

With their unprecedented volume and wealth of data, large-scale surveys such as DESI,
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Figure 4.2.1: Ratio of small scale correlation function monopole (left) to the reference value
(computed in fiducial cosmology and HOD), and difference of correlation function quadrupole
(right). Blue and red bend corresponding to 1-σ HOD variance on fiducial cosmology based
on 2PCF only and both 2PCF and 3PCF.

PSF213, and Euclid214 offer unparalleled opportunities to leverage these small-scale signals

for cosmological insights.

4.2 Testing degeneracy between cosmological and HOD

parameters

Extracting cosmological information from small-scale clustering is one of the research avenues

I would like to explore in the next few years. I plan to build a tool for predicting the small-

scale clustering based on the AbacusSummit simulations and reduce the uncertainty in the

HOD parameters by combining higher-order statistics and multi-tracer techniques215;216.

DESI has four distinct target classes that partially overlap in redshift, creating an excellent

opportunity for multi-tracer analysis. Furthermore, the number densities of low redshift

tracers are high, making higher-order measurements more effective.

Fig. 4.2.1 presents some preliminary tests based on the mock LRG results discussed in

Chap. 2. The blue band indicates a 1-σ variance in the small-scale 2PCF multipole of mock

LRGs due to changes in HOD under the fiducial cosmology. The introduction of higher-

order information, represented by the red band, reduces HOD variance. Mocks were also
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populated using fiducial HOD parameters, as shown in Tab. 2.1, for cosmology with differing

σ8 values. The lines correspond to these different σ8 values.

For the monopole, it’s evident that σ8 is completely degenerate with HOD parameters

on a scale larger than 10h−1Mpc. However, on a scale smaller than 10h−1Mpc, σ8 demon-

strates different patterns within the HOD band. Regarding the quadrupole, 2% σ8 differences

overlap with the 2PCF-only HOD band, making it difficult to break the HOD degeneracy.

However, a combination of projected 2PCF and 3PCF could narrow the HOD band and

show no overlap with 2% difference lines on a scale of 2 < s < 10h−1Mpc.

This plot suggests that, with the extra constraining power provided by the projected

3PCF on HOD parameters, σ8 could be better constrained using the 2PCF multipole. I

plan to perform this analysis on DESI Year 1 data, once the effects of fiber assignment are

thoroughly understood.
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Chapter 5

Jackknife co-variance matrix for

various two-point statistics

This chapter originally appeared in the literature as

Hanyu Zhang et al. DESI Mock Challenge: Jackknife co-variance matrix for

various two-point statistics.

Chapter Abstract

The covariance of large-scale structure clustering measurements is typically computed

by taking a sample variance of a large number of simulations. An alternative internal

resampling method, the Jackknife technique, has the potential to reduce computa-

tional resources and does not require an assumption of the fiducial cosmology. We

investigate the usage of the Jackknife method in two-point statistics measurements

of the correlation function and the power spectrum multipoles in the context of the

Dark Energy Survey Instrument experiment. We made methodological improvements

for the application of the Jackknife method to power spectrum multipoles that reduce

potential biases resulting from the window function. We check the robustness of Jack-

knife variance with respect to a number of choices that are difficult to make based on

first principles, such as the number of Jackknife regions and the choice between two-

dimensional and three-dimensional regions. We also study the robustness of different
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clustering measurements. Our findings show that the Jackknife method successfully

recovers the variance of the monopole for the correlation function but overestimates the

variance on large scales for the quadrupole and hexadecapole by up to 20%. The Jack-

knife variance for the power spectrum needs to be re-scaled by a simulation-independent

factor to agree with the reference value. We also compare covariance matrices obtained

with the Jackknife method and simulations by investigating the ability of cosmological

parameter constraints.

5.1 Introduction

Large spectroscopic galaxy surveys are essential for understanding the expansion history

and structure growth of the universe. The Dark Energy Spectroscopic Instrument104;217

(DESI) is a prime example of such a survey. Over the next five years, it will collect approx-

imately 35 million galaxy and quasar spectra, covering more than 14,000 deg2 of the sky,

and achieve percent-level measurements of key cosmological parameters. Two-point statis-

tics from DESI will provide exquisite cosmological information, specifically the two-point

correlation function (CF) and its Fourier space counterpart, the power spectrum (P (k)).

These measurements are crucial for studying cosmology and understanding the large-scale

structure of the universe.

The two-point correlation function (CF) is typically measured by binning the galaxy pairs

as the function of separations, while the power spectrum (P (k)) is binned by wavenumber.

However, these measurements are inherently stochastic due to the finite volume and sparse

sampling of galaxies in the survey. In addition, the measurements are correlated due to

gravitational evolution and the effects of the survey window function. To accurately con-

duct cosmological analyses based on these measurements, it is essential to have a robust

and trustworthy estimation of the covariance matrices. These matrices capture the correla-

tions between different measurements and are crucial for properly interpreting the data and

extracting cosmological information.

The covariances of the CF and P (k) are usually estimated using simulations. The stan-
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dard approach involves generating a large number of simulations that are well-matched with

the data and using them to compute the CF and P (k). The sample variance of these mea-

surements is then used as an estimator of the data covariance, indicating how much the

measurements could vary across different random realizations of the data. However, this

method has several potential drawbacks. The sample variance of an ensemble of measure-

ments is itself a stochastic variable that can be a noisy realization of the true covariance.

To make this noise negligible, a large number of high-fidelity simulations are required, which

can be computationally expensive. Moreover, these simulations need to be run in a fixed

cosmological model that is usually chosen to ensure the resulting simulations are similar to

the data. However, this choice can be difficult to make in a consistent manner and may

introduce bias into the analysis218;219.

Recent advances in approximate mock generation methods, such as the log-normal method220,

pinpointing orbit-crossing collapsed hierarchical objects221;222, Patchy223;224, PThalos225–227,

COLA228, QPM229,EZmocks230, and FastPM231, have significantly reduced the computa-

tional cost associated with simulations. However, even with these techniques, generating an

appropriate number of simulations for a large survey like DESI can be challenging.

To address this challenge many alternative methods of estimating covariance have been

proposed in the literature. They include analytic estimates232;233, shrinkage estimation234,

the covariance tapering method235, and fitting functions236 In this paper we study the Jack-

knife resampling method for estimating covariance matrices.

The Jackknife method is a well-known resampling technique used for estimating biases

and covariances in various fields of physics and applied statistics. In cosmology, it has

been widely used to estimate CF covariances, especially for small-scale. Studies by Loh 237

have demonstrated that resampling techniques can work effectively for estimating n-point

statistics measurements of point distributions. More specifically, Norberg et al. 114 have

shown that the Jackknife method can be used to estimate CF errors, although it tends to

overestimate them on smaller scales. Other studies, such as the work by Friedrich et al. 238 in

the context of weak lensing shear measurements and Favole et al. 239 for the SDSS-III BOSS

CMASS galaxy sample, have also investigated the effectiveness of resampling methods for

106



estimating CF covariances. Recently, Mohammad and Percival 166 have made suggestions for

improving the standard Jackknife estimators for CF measurements.

When using the Jackknife method to estimate covariance, several methodological deci-

sions must be made, and these are not always easy to justify from the first principles. For

example, in the case of CF measurements, the size and geometry of the region excluded

from each iteration can be selected in various seemingly equivalent ways. Natural choices

include a small sub-cube in the 3-dimensional distribution of galaxies or a 2-dimensional

square column along one of the directions. However, for P (k) measurements, removing part

of the volume induces window effects that can introduce bias in the estimates. In this paper,

we investigate how the performance of the Jackknife resampling method varies with these

choices and propose a method for minimizing the effect of the induced window for P (k)

Jackknife covariance.

Rephrasing above paragraph: One of the fundamental requirement for validating approx-

imate models is to have access to ideal measurement with all the non-linearity included. The

only possible way to include non-linearity is using simulation which has finite volume and

hence have associated cosmic variance. This often sets the limit about how precisely we can

test our models. For many of the systematic studies we might be interested in the shift of

parameter values as oppose to absolute value due to some change in the simulated universe.

One example where such technique is used is to test the accuracy of N-body codes where

we initiate each code with exactly the same initial condition but run them through different

N-body code240. In such a scenario the error on any measurements are large but the error

in the difference is much smaller as most of the comic variance cancels out. Estimating

errors in such scenario through several realizations will be very expensive and no analytical

prescription have been shown to work. The methods developed in this paper gives an easy

way to obtain accurate covariance matrices which was applied in the Grove et al. 240 and will

continue to be very useful for ongoing and future analysis preparations.

This paper is structured as follows. In Sec. 5.2, we introduce how the sample covariance

matrix is estimated from a set of simulations and describe the Jackknife resampling technique.

In Sec. 5.3, we introduce the simulation suite, clustering measurements, and the combination
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of configurations we studied. In Sec. 5.4, we present the performance of the Jackknife method

on both CF and P (k) compared to the reference method and study the impact of parameter

constraint. Finally, we summarize our findings and conclusions in Sec. 5.5.

5.2 Estimating Co-variances

5.2.1 Reference

Let’s say we have Nmocks number of mocks from which we make several measurements Xi and

Yi. X and Y can be a CF, a P (k), or a difference of CF or P (k) from a pair of simulations

in which case the subscript i runs over different bins. Once we measure Xi and Yi from all

the mocks the sample variance can be computed as,

Cref
ij =

1

Nmocks − 1

Nmocks∑
k=1

(Xk
i − X̄i)(Y

k
j − Ȳj), (5.1)

where,

X̄i =
1

Nmocks

Nmocks∑
k=1

Xk
i , Ȳi =

1

Nmocks

Nmocks∑
k=1

Y k
i (5.2)

and the superscript runs over simulations.

This estimate of the covariance matrix is unbiased (as long as the fiducial cosmology of

the mocks is reasonably close to the real cosmology of the data) but is noisy. The sample

covariance matrix follows a Wishart distribution241, and the variance in each element of the

estimated covariance matrix is

σ2(Cij) =
1

Nmocks − 1
(C2

ij + CiiCjj) (5.3)

which goes to zero as Nmocks increases, as expected. The label ref highlights the fact

that our Jackknife estimated co-variances will be compared to the results derived with this

formula, which effectively serves as a reference point.
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5.2.2 Jackknife

In our paper, we utilize the ”delete-1” version of the Jackknife method. Specifically, we

split the sample into Nsub sub-samples and for each Jackknife realization, we omit one of the

sub-samples so that it represents a fraction of (Nsub − 1)/Nsub of the original volume. We

denote each Jackknife realization with a superscript, such that the i-th measurement from

the k-th Jackknife realization is denoted as Xk
i . The Jackknife estimator of the covariance

is then calculated as follows:

C jk
ij =

(Nsub − 1)

Nsub

Nsub∑
k=1

(Xk
i − X̄i)(Y

k
j − Ȳj), (5.4)

where

X i =
1

Nsub

Nsub∑
k=1

Xk
i , Ȳi =

1

Nsub

Nsub∑
k=1

Y k
i (5.5)

One potential shortcoming of the Jackknife method above is that, due to the finite size of

the data, the resulting estimates can be noisy. To address this issue and remove the fluctu-

ation realization vice,242;243 proposed a hybrid approach in which the Jackknife resampling

is applied to an ensemble of independent simulation realizations. Specifically, if we have Njk

mocks, the covariance is estimated from each one of them using eqn. 5.4 and then averaged

as follows

C̄ jk
ij =

1

Njk

Njk∑
m=1

Cm
ij . (5.6)

In contrast to the standard Jackknife method, the hybrid approach requires a small

number of simulations. However, the total number of realizations needed is smaller than

that required for the sample covariance method to obtain reliable estimates.
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clustering bias Nsub

X = Y = ξℓ(s) HOD galaxies 125(3D)
X = Y = δξℓ(s)

Halos, log(Mcut) = 11.0 64(3D)X = ξSℓ (s), Y = ξFℓ (s)

X = Y = Pℓ(k) Halos, log(Mcut) = 11.5 400(2D)
X = Y = δPℓ(k)

Halos, log(Mcut) = 12.0 100(2D)X = P S
ℓ (k), Y = PF

ℓ (k)

Table 5.3.1: All combinations of Jackknife co-variance studied in this work. The left column
shows different clustering measurements apply to eqn. 5.1 and 5.4. The superscripts S and F
correspond to SLICS and FastPM respectively. The column in the middle shows the catalogs
used, we study HOD galaxies and halos with 3 different cut-off masses. The right column
shows 4 different Jackknife sub-volume configurations.

5.3 Method

5.3.1 Simulations

We use the Scinet Light Cone Simulations (SLICS) at redshift z = 1.041 to create halo and

galaxy catalogs. SLICS have a volume of side length Lbox = 505 h−1Mpc, and 15363 dark

matter particles with the mass of 2.88×109 h−1M⊙ per particle. The SLICS provide enough

independent N-body simulations to make a solid external co-variance matrix estimation as

a reference compared to the Jackknife method.

To estimate the covariance of difference in a pair of simulations and covariance of a pair

of simulations, we use 139 FastPM realizations matching the initial condition of the SLICS.

Two simulation share the same volume, resolution, cosmological parameters, and redshift,

the only difference is the N-body simulation code.

5.3.2 Clustering statistics

For CF, we measure the redshift-space two-dimensional correlation function ξ(s, µ), using

the Landy and Szalay 62 estimator:

ξ(s, µ) =
DD(s, µ) − 2DR(s, µ) + RR(s, µ)

RR(s, µ)
(5.7)
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Where DD is the number of pairs of data points with certain redshift-space separation s,

and cosine of the angle of the pair to the line-of-sight µ. DR is the cross-pair counts between

the data and uniform random distribution, and RR is the number of pairs from a uniform

random distribution.

We then integrate over µ to obtain the multipoles of the CF,

ξℓ(s) =
2ℓ + 1

2

∫ 1

−1

ξ(s, µ)Lℓ(µ)dµ (5.8)

where Ll(µ) is the Legendre polynomial of order l. We measure correlation function

monopole ξ0(s), quadrupole ξ2(s) and hexadecapole ξ4(s) in 20 bins equally spaced in s

between 0.1 h−1Mpc and 50 h−1Mpc using CorrFunc package116;117 setting number of mu

bins as 100.

Similarly, for P (k), we measure power spectrum multipoles using the FFT-based method.

Pℓ(k) =
2ℓ + 1

2

∫ 1

−1

P (k, µ)Lℓ(µ)dµ (5.9)

We refer the reader to Bianchi et al. 244 for a detailed description of this method. We

measure power spectrum monopole P0(k), quadrupole P2(k) and hexadecapole P4(k) in 30

bins equally spaced in k between 0 Mpc−1h and 0.3 Mpc−1h using NBODYKIT package245.

We employ a Triangular Shaped Cloud (TSC) method to assign galaxies to the 3D Cartesian

grid. We set the number of cells per side on the mesh to 256, this grid configuration implies

a Nyquist frequency of kNy > 1 Mpc−1h.

5.3.3 Comparing covariances

We compare the covariances computed using the sample variance (reference method) as

described in Section 5.2.1 to co-variances computed using the hybrid Jackknife method as

described in Section 5.2.2.

We used a total of 139 independent simulations for the reference method and randomly

selected 20 of them for use in the hybrid Jackknife method. These simulations were placed
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in a cube with periodic boundary conditions. To create Jackknife sub-samples, we removed

some portion of this volume using two different methods. In the first method (hereafter

referred to as 3D), we divided the cube into a certain number of sub-cubes, using values of

64 and 125 for different settings. The Jackknife sub-samples were then created by removing

one of the sub-cubes from the total volume. In the second method (hereafter referred to

as 2D), we chose two dimensions of the cube and divided it into a certain number of sub-

squares, using values of 100 and 400 in different settings. To create Jackknife sub-samples,

we removed all the data that were projected into one of the sub-squares, effectively removing

a cubic prism based on that sub-square.

Table 5.3.1 shows all combinations of Jackknife co-variances that we study in our work.

The first column lists the clustering measurements. By setting different X and Y in equations

5.1 and 5.4, we look at the covariance of the CF (ξ(r)) and the P (k), where we set X = Y =

ξSℓ (s) or X = Y = P S
ℓ (k), the covariance of difference of CF and Pk from two simulations,

where we set X = Y = ξSℓ (s) − ξFℓ (s) or X = Y = P S
ℓ (k) − PF

ℓ (k), and the covariance

of a pair of simulation, where we set X = ξSℓ (s), Y = ξFℓ (s) or X = P S
ℓ (k), Y = PF

ℓ (k).

The superscripts S and F represent SLICS and FastPM simulation respectively. The second

column lists different choices for the data point. We look at three different lower cut-off

masses corresponding to log(Mcut) of 11, 11.5, and 12. We also look at a case where halos

are not selected by their mass but instead are populated by galaxies according to the halo

occupation distribution (HOD) prescription described in Chuang et al. 194 . The third column

lists choices for the Jackknife regions introduced above.

5.4 Results

5.4.1 Correlation Function

Auto correlation function

We start with the covariance for the auto-correlation function using equations. 5.1 and 5.4

with X = Y = ξℓ(s).
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Figure 5.4.1: The ratios of the errors from the Jackknife and the reference method for the
auto CF monopole, quadrupole, and hexadecapole. We use the SLICS halo catalog with
a cut-off mass logM(cut) = 11.5. Jackknife estimates slice the data into Nsub = 125 sub-
samples. The light gray lines show the ratios from the Jackknife using only one simulation
realization and the black line shows the averaged error ratio from the hybrid Jackknife.
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Figure 5.4.2: This plot shows the influence of the cut-off mass of simulation (galaxy bias)
on the accuracy of Jackknife estimation. The ratios of error from Jackknife and reference
estimation for the auto CF multipole from different SLICS catalogs are shown. We show
results before (solid lines) and after Mohammad-Percival correction (dot-dash lines). The
Jackknife estimates slice the data into Nsub = 125 sub-samples.
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Figure 5.4.3: This plot shows the influence of subsample numbers on the accuracy of Jack-
knife estimation. The ratios of the errors from the Jackknife and the reference estimation for
the errors of auto CF (first row), difference in CFs (second row), and covariance of CFs of a
simulation pair (third row) are shown. We use the SLICS halo catalog with log(Mcut) = 11.5.
Jackknife estimates are average (hybrid) from 20 boxes to remove the fluctuation realization
vice.
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Figure 5.4.4: Comparison of correlation matrices and precision matrices obtained from the
reference method (upper left triangle) and the hybrid Jackknife method(lower right triangle).
The left panel shows the correlation matrices for the auto CF from the SLICS halo catalog
with log(Mcut) = 11.5, the panel on the right show the precision matrices The reference
matrices are obtained from 139 independent simulation boxes, while the Jackknife matrices
are obtained using the hybrid Jackknife method averaged over 20 realizations with Nsub =
125.

The results from SLICS halo catalogs with log(Mcut) = 11.5 and Nsub = 125 are displayed

on Fig. 5.4.1. For the hybrid Jackknife error, we randomly select 20 realizations, while the

reference covariance is computed from all 139 SLICS realizations. The ratio of errors between

the hybrid Jackknife and reference methods is shown in the black line. Light gray lines show

the ratios obtained using only one realization to perform the Jackknife estimation. We find

fluctuations of up to 40% among realizations, but the hybrid Jackknife estimates of the

errors agree reasonably well with the reference errors. For the monopole, the deviation is

less than 10% for all scales, and the Jackknife slightly overestimates the error for scales above

30h−1Mpc. For quadrupole, the Jackknife estimates significantly overestimate the error for

scales below 8h−1Mpc and start to deviate from the reference measurements at 20h−1Mpc,

overestimating by 30% at 50h−1Mpc. The hexadecapole shows good agreement until around

34h−1Mpc, after which the Jackknife overestimates the errors.

We find the Jackknife method begins to overestimate the errors at around 30h−1Mpc,

particularly for the quadrupole, which is consistent with the results reported by Mohammad

and Percival 166 . We then further test the Jackknife with the correction weights applied to
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Figure 5.4.5: Constraints on bℓ using different covariance matrices. The mean ±1σ errors are
shown. The filled black square markers correspond to the constraint using reference covari-
ance matrices. The circle markers correspond to the constraint using Jackknife covariance
matrices, with filled circles representing the hybrid Jackknife covariance averaged from 20
realizations, and open circles representing Jackknife from a specific realization. The different
colors correspond to different choices of Nsub. The x-axes represent the catalog used.
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Figure 5.4.6: This plot shows the influence of the cut-off mass of the halo catalog on the
accuracy of Jackknife estimation. The ratios of error from the Jackknife and the reference
estimation for the difference of CFs (first row) and covariance of CFs for the simulation pair
(second row) are shown. The Jackknife estimates slice the data into Nsub = 125 sub-samples
and are average (hybrid) from 20 boxes to remove the fluctuation realization vice.

cross-pairs, as proposed by Mohammad and Percival 166 . Fig. 5.4.2 shows relative differences

between the Jackknife and reference estimates of auto CF errors before (solid lines) and

after correction (dash-dot lines). The corrected Jackknife method suppresses the ratio for

scales above 10h−1Mpc. While the post-correction Jackknife underestimates the error by

around 10% for the monopole, the correction weights for cross-pair help reconcile the offset

on the quadrupole and hexadecapole for scales above 20h−1Mpc. Overall, the Jackknife with

correction weights leads to a better recovery of the true covariance.

Rephrasing this paragraph: In the structure formation scenario the correlation structure

and noise for the halos with different masses and galaxies could be substantially different.

Therefore, we compare the error estimates from Jacknife with mock based error for differ-

ent halos mass cutt-off and HOD based galaxy catalogues. The results for these cases are

shown in Fig. 5.4.2. We also apply the correction suggested in Mohammad and Percival 166

which is shown with dashed line. We find that overall behavious is similar to previous fig-

ure and hence independent of halo mass or HOD galaxies. For monopole and hexadecapole

pre-correction jackknife error estimates is consistent with mock based error estimates inde-
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pendent of halo mass cutt-off or HOD galaxies. But for the quadrupole we find that raw

jackknife overestimates the error above 20h−1Mpc but correction helps.

The first row of Fig. 5.4.3 shows the dependence of the Jackknife method on the choice

of the Jackknife region for a fixed halo mass cut off log(Mcut) = 11.5. For monopole,

Nsub = 400(2D) case appears to be the most biased, underestimating the errors by around

20% for all scales. The Nsub = 64(3D) and Nsub = 125(3D) choices lead to very similar

errors across all scales and are generally preferable to 2D region choices. However, for the

quadrupole and the hexadecapole, the Nsub = 400 choice appears to be the best. The ratios

for scales above 20h−1Mpc do not increase as much as in other cases, and the deviation is

smaller than 10% for almost all scales.

Fig. 5.4.4 displays the correlation and precision matrices (inverse of the covariance ma-

trix) for the auto-correlation function of the SLICS halo catalog with log(Mcut) = 11.5 from

the reference method and the Jackknife method with Nsub = 125. The correlation patterns

between the two methods are similar. We observe more obvious differences from precision

matrices, reference precision matrices are noisier compared to the one from the Jackknife

method. Based on the number of realizations we used for the reference method (139 realiza-

tions), this is expected.

To investigate the difference between the two methods in terms of parameter constraints,

we perform the same Markov Chain Monte Carlo (MCMC) analyses as the leading paper194

using the reference and Jackknife covariance matrices under different configurations. We use

the average of 139 SLICS clustering measurements as our observed data, and the theoretical

model is constructed as follows

Xthe
ℓ = (bℓ + 1)Xobs

ℓ (5.10)

Where X could be ξ or P (k), ℓ = 0, 2, 4 corresponding to the monopole, quadrupole, and

hexadecapole respectively. By construction, the expectation value of b0, b2 and b4 are 0. The

fitting results are presented in Fig. 5.4.5. The x-axis displays the different catalogs we used

for fitting, while the y-axis shows the parameters for monopole, quadrupole, and hexade-
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capole, respectively. The black square markers represent constraints using sample covariance

matrices as reference. The colored circle markers represent constraints using Jackknife co-

variance matrices for comparison, with filled circles indicating fitting using Hybrid Jackknife

averaged from 20 realizations, and open circles indicating Jackknife from a single realization.

The different colors correspond to different choices of Nsub.

Although the mean values of b0, b2, and b4 are consistent with zero, as expected, the

magnitudes of their errors differ significantly. Hybrid Jackknife covariance matrices always

have larger error bars compared to the reference method, and the errors of parameters are

overestimated by 20% to 77% depending on the choices of Nsub and catalogs. Take the

monopole as an example, according to the top left panel of Fig. 5.4.3, the diagonal errors

from the hybrid Jackknife and reference method are similar for Nsub = 64 and Nsub = 125.

For Nsub = 100, the error is underestimated on small scales by approximately 10%, whereas

for Nsub = 400, the error is underestimated on all scales by around 20%. The deviations from

the reference also affect the constraint on b0, as shown in the first row of Fig. 5.4.5, the hybrid

Jackknife method with 2D region choice has smaller error bars compared to 3D, and hybrid

Jackknife with Nsub = 400 have the tightest constraints. However, for all types of catalogs,

the hybrid Jackknife with Nsub=400 has larger error bars compared to the reference method.

This is because the hybrid Jackknife covariance matrices have less noisy off-diagonal terms

compared to the reference method, as visually evident in the left panel of Fig. 5.4.4. The

constraint on b2 and b4 show a similar trend.

The constraints obtained from Jackknife covariance matrices of single realizations are

tighter compared to the averaged hybrid Jackknife covariance matrices. The difference in

parameter errors between the hybrid and single realization Jackknife methods is highly cor-

related with Nsub. For example, the single realization Jackknife with Nsub = 64 could un-

derestimate parameter errors by up to 80% compared to the hybrid Jackknife method, while

the difference for Nsub = 400 is smaller than 10% for most cases. The covariance matrix

computed from the Jackknife of a single realization with a small number of sub-volumes is

similar to the sample covariance matrix computed from a small number of simulation real-

izations. Although the diagonal errors are accurate, the off-diagonal terms could be noisy

119



and could impact the parameter constraints. Therefore, we recommend using the hybrid

Jackknife method, at least for small Nsub configurations, to obtain more reliable parameter

constraints.

As expected, the errors of the parameters increase with the cut-off masses of the halo due

to the decrease in number density. Furthermore, the errors of b2 and b4 from the HOD galaxy

catalogs are smaller than those from the halo catalogs. This is also expected based on our

fitting range (s < 50 Mpc−1h). HOD prescription generates satellite galaxies, which provide

additional information on small scale and bring extra signal-to-noise to the redshift-space

quadrupole and hexadecapole clustering.

Pair Simulations: difference and cross covariance of CF

We will next show the results for variance estimation of the difference of the CFs between

SLICS and FastPM simulations and the covariance of CFs of SLICS and FastPM. We use

the same formulas from eqs. 5.1 and 5.4 but now with X = Y = δξℓ = ξSℓ (s) − ξFℓ (s) for

the difference in CFs and X = ξSℓ (s), Y = ξFℓ (s) for pair covariance, where superscripts S

and F denote SLICS and FastPM simulations respectively. These results are presented on

Fig. 5.4.3 and 5.4.6.

Regarding the difference of correlation functions of two simulations, the first row of

Fig. 5.4.6 shows that the errors from the Jackknife method overall have good agreement

with the reference method, with most deviations being within 20%. However, in detail,

the Jackknife method underestimates the errors of the difference for the monopole and

quadrupole on small scales for halo catalogs with lower cut-off mass and overestimates errors

on scales above 30h−1Mpc for all halo catalogs. As for the hexadecapole, the halo catalog

with log(Mcut) = 12 shows the best agreement, while the errors of halo catalogs with lower

cut-off mass are underestimated. Moreover, the results do not seem to depend much on the

choice of the Jackknife sub-volume number, as shown in the second row of Fig. 5.4.3.

For the covariance of CFs of a simulation pair, the performance is almost the same as for

auto CFs. The third row of Fig. 5.4.3 compares the Jackknife method with different Nsub
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Figure 5.4.7: A similar plot as Fig. 5.4.3 shows the influence of subsample numbers on the
accuracy of Jackknife estimation for auto power spectrum.
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Figure 5.4.8: A similar plot as Fig .5.4.1 shows ratios of errors from the scaled Jackknife and
the reference estimations for power spectrum.

configurations, and the results look just like the auto CF case (first row). As shown in the

second row of Fig. 5.4.6, the Jackknife estimations are consistent with the reference method

(< 20% deviation for most scales) and do not show a dependence on the cut-off mass of halo

catalogs.

In general, the Jackknife method provides a fast and accurate way of estimating the

variance of the difference of CF of a simulation pair and covariance of CF of a simulation

pair, which are hard to measure from the reference method but essential for fast simulation

calibration.

5.4.2 Power Spectrum

Auto power spectrum

We first study the covariance for auto power spectrum using Eqn. 5.1 and 5.4 with X = Y =

Pℓ(k). When applying the Jackknife method for the power spectrum, we remove the sub-
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Figure 5.4.9: A similar plot as Fig .5.4.6 shows the influence of the catalogs on the accuracy
of the Jackknife estimation for power spectrum case with an extra row on top for auto power
spectrum.
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Figure 5.4.11: A similar plot as Fig. 5.4.5 for auto power spectrum

volume in configuration space and perform the Fourier transformation afterward. The way

we slice the volume plays an important role since the window effect can significantly influence

the jackknife estimation of error, especially for large scales. We first test the influence of

Nsub for SLICS halo catalog with log(Mcut) = 11.5. Fig. 5.4.7 shows the ratio of error from

the Jackknife to the reference method for different numbers of sub-volumes. As expected,

a larger Nsub leads to smaller deviations on large scale with k < 0.1, and the behaviors are

similar for bins with k > 0.15. However, the Jackknife method overestimates the errors for

all scales compared to the reference method. In order to match the error numerically, we

take the configuration with less window function effect (Nsub = 400) and apply a scaling

factor f as described below,

f =
1

3Nbin

∑
l=0,2,4

Nbin∑
i=1

σref
Pl

σjk
Pl

, (5.11)

We calculate the scaling factor f for both SLICS and FastPM catalogs and find f ≈ 0.67

for both cases. We consider f as a simulation-independent scaling factor that can be applied

to the Jackknife covariance to numerically make it comparable to the reference method, at
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least for the diagonal terms. The scaled jackknife covariance is then C jk,scaled
ij = f 2C jk

ij . Note

that the scaling factor f depends on the Nsub and the range of k that we chose, and f = 0.67

is specific to the case Nsub = 400 and 0.01 < k < 0.3 Mpc−1h.

Figure. 5.4.8 shows the comparison of the reference and jackknife method after applying

the scaling factor. We find a clear trend that scaled Jackknife tends to overestimate errors

on large scale and underestimate errors on small scale. However, most of the deviations are

within 20%. Box to box fluctuation is around 40% on large scale (k¡0.05), and less than 10%

on a smaller scale (k¿0.2). The shape of ratios looks similar for monopole, quadrupole, and

hexadecapole.

We further compare the influence of catalog, the first row of Fig. 5.4.9 shows scaled

jackknife errors have a better agreement for HOD galaxy catalog and halo catalog with

larger cut-off mass, we find scaling factor f = 0.67 is independent of catalogs and works well

for all cases.

Fig. 5.4.10 shows the correlation matrix and precision matrix comparison using the halo

catalog with log(Mcut) = 11.5. The matrices from the reference method are noisier and

have different sub-diagonal patterns (P0, P2 and P0, P4 correlation) compared to matrices

from the Jackknife method. We apply the same analysis as in Sec. 5.4.1 to the covariance

matrices for the P (k), by fitting to the average of 139 SLICS power spectrum multipole

using a simplified theoretical model suggested by Eqn. 5.10. The marginalized posterior of

the fittings are shown in Fig. 5.4.11, with the same arrangement as Fig. 5.4.5, but displaying

only the results from the reference covariance matrices and the Jackknife covariance matrices

with Nsub = 400.

Although we observe different patterns in the correlation and precision matrices, the

parameter constraints from the reference method and the hybrid Jackknife method appear

to be consistent with each other. The mean values of b0, b2 and b4 are around zero as expected,

and the magnitudes of errors are also similar. The hybrid Jackknife covariance matrices have

slightly larger parameter errors, up to 10% depending on the catalog we fit to. This could be

explained by the fact that the hybrid Jackknife method shows less noisy off-diagonal terms

(see Fig. 5.4.10). Also, the parameter errors from the Jackknife covariance matrices of a
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single realization have less than a 10% difference compared to the hybrid Jackknife method,

given that we are using a relatively large Nsub = 400.

Difference in P (k) and covariance of P (k) of simulation pair

One of our motivations for estimating the covariance of the power spectrum using the Jack-

knife method is to estimate the errors of the difference in a pair of simulations (X = Y =

δPℓ(k) = P S
ℓ (k) − PF

ℓ (k)) and covariance of a pair of simulations (X = P S
ℓ (k), Y = PF

ℓ (k)).

For the difference of P (k), the scaling factor works even better compare to auto P (k), as

shown in the second row of Fig. 5.4.9. The scale (k) dependence is not as clear as the auto

P (k) cases, and most of the deviations are within 20 %. The Jackknife estimation performs

equally well for all halo catalogs, and it does not depend on the cut-off mass. Regarding the

covariance of a simulation pair, the shapes of the ratios look identical to auto P (k) as shown

in the third row of Fig. 5.4.9. The Jackknife method overestimates the errors on large scales

and underestimates the errors on small scales, and it works better on halo catalogs with a

larger cut-off mass.

5.5 Conclusions

We systematically study the performance of the Jackknife re-sampling technique in estimat-

ing the covariance of auto, the difference in pair of simulations, and the covariance of a

pair of simulations for redshift-space CF and P (k) multipoles in the context of DESI. We

use 139 SLICS and FastPM simulations with the same initial conditions to prepare halo

catalogs with different cut-off masses and HOD galaxy catalogs to estimate reference and

jackknife covariance. We test the performance of the Jackknife method for four different

catalogs: the halo catalog with cut-off mass Mcut = 1011.0, 1011.5, 1012.0h−1M⊙ and galaxy

catalog generated using HOD prescription. Additionally, we test the influence of different

jackknife sub-volumes by slicing volume to Nsub = 64, 125 (3D) or Nsub = 100, 400 (2D)

sub-samples.

We find the following result for correlation functions:
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(a) The Jackknife method gives consistent error estimates as a mock-based method within

20%.

(b) The number of jackknife region do not affect strongly the error estimate unless we

start making very small jackknife region such as for Nsub = 400, which corresponds to

≈ 25h−1Mpc on two sides.

(c) Error on the difference of correlation function for pair simulations is estimated within

20% which is a fairly good estimate and extremely efficient. This will be the most

valuable use case for jackknife covariance estimates.

(d) The cross-covariance between a pair of simulations is also estimated very well except

when very small jackknife regions are used (e.g. Nsub = 400).

(e) We also tested a recently proposed correction scheme on jackknife and found consistent

results as166.

We study the error estimates on the power spectrum extensively using the jackknife

method for the first time. We find the following result for the case of the power spectrum:

(a) We find that the jackknife error for the power spectrum requires a constant correction

factor when compared to the mock-based error. This correction factor is independent

of details of halos or galaxies. But depending on the window function and hence the

geometry of the jackknife region.

(b) The Jackknife error’s scale dependence is slightly different compared to mock based er-

ror estimate. This leads to overestimation of error on large scales and underestimation

at small scales.

(c) Error on the difference of power spectrum for pair simulations is estimated within 20%

which is a fairly good estimate and extremely efficient.

(d) The cross-covariance between a pair of simulations is consistent with the mock-based

estimate with a similar deviation as described for the auto-power spectrum.
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We also investigate the performance of the Jackknife covariance in terms of cosmological

constraints. For auto CF, the hybrid Jackknife covariance matrices show larger parameter

errors compared to the reference covariance matrices. However, the estimations of parame-

ter errors from the hybrid Jackknife could be more accurate since the reference covariance

matrices use only 139 realizations and have noisy off-diagonal terms. We also show that the

Jackknife covariance matrices from single realizations could significantly bias the parameter

error estimation. For auto P (k), the parameter errors from the hybrid Jackknife method

show good agreement with the reference method.

This paper is part of a series produced by the DESI Covariance Matrix Mock Challenge

team, which focuses on the verification of Jackknife covariance performance. Chuang et

al. 194 provides an extensive overview of the DESI mock challenge project, validating the

data analysis pipeline by testing covariance using various methods. Other accompanying

papers, including Variu et al. 246 ; Balaguera-Antoĺınez et al. 247 ; EZ et al. 248 ; Chen et al. 249

delve into the specifics of covariance matrices derived from the FastPM, BAM, EZ mock,

and analytical prediction, respectively.
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Chapter 6

Conclusion

Throughout this thesis, we have embarked on a journey to navigate the complex landscape of

the galaxy-halo connection and cosmology, utilizing the wealth of data provided by the Dark

Energy Spectroscopic Instrument (DESI) survey. The findings underscore the intertwined

nature of these fields and their relevance to our understanding of the universe.

We have demonstrated the power of higher-order statistics in unraveling the complex

relationship between galaxies and their dark matter halos. By employing two-point and

three-point projected correlation functions, we have examined their capability to constrain

HOD parameters for key DESI tracers using mock catalogs. This study has highlighted the

additional constraining power of the three-point correlation function, owing to its sensitivity

to non-linear scale clustering. Moreover, the implementation of a fast HOD fitting pipeline

represents a significant advancement in the efficiency of such analyses.

Data from the DESI One-Percent Survey was meticulously analyzed, demonstrating

that the baseline HOD model effectively captures small-scale clustering. This analysis also

brought to light clear redshift evolution trends in the HOD and physical parameters for the

LRG sample, paving the way for further investigation of LRGs using halo light-cone catalogs

in tandem with a redshift-evolved HOD model.

We present HOD’s utility in extracting cosmological information from small-scale obser-

vations. The exploration of the degeneracy between HOD and cosmological parameters on
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small-scale two-point correlation function multipoles provided vital insights into the source

of small-scale constraining power.

An in-depth exploration of the jackknife resampling method evaluated its performance in

estimating covariance matrices for various clustering measurements. The study highlighted

the method’s robustness, which depends on several factors such as the number of jackknife

regions and the dimensionality of these regions.

In conclusion, this thesis has illuminated the critical role of understanding the galaxy-halo

connection in interpreting cosmological data from large galaxy surveys like DESI. This work

lays a solid foundation for future explorations in this field and invites further investigations

to refine these models and methods.
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A. Ducout, X. Dupac, S. Dusini, G. Efstathiou, F. Elsner, T. A. Enßlin, H. K. Eriksen,

Y. Fantaye, M. Farhang, J. Fergusson, R. Fernandez-Cobos, F. Finelli, F. Forastieri,

M. Frailis, A. A. Fraisse, E. Franceschi, A. Frolov, S. Galeotta, S. Galli, K. Ganga, R. T.

Génova-Santos, M. Gerbino, T. Ghosh, J. González-Nuevo, K. M. Górski, S. Gratton,
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Gregory Tarlé, Suk Sien Tie, Curtis Weaverdyck, Kai Zhang, Marco Azzaro, Stephen

Bailey, Santiago Becerril, Tami Blackwell, Mohamed Bouri, David Brooks, Elizabeth
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Gontcho, Alma X. Gonzalez-Morales, ChangHoon Hahn, Hiram K. Herrera-Alcantar,

Klaus Honscheid, Mustapha Ishak, Tanveer Karim, David Kirkby, Theodore Kisner,

Sergey E. Koposov, Anthony Kremin, Ting-Wen Lan, Martin Landriau, Dustin Lang,

Michael E. Levi, Christophe Magneville, Lucas Napolitano, Paul Martini, Aaron Meis-

ner, Jeffrey A. Newman, Nathalie Palanque-Delabrouille, Will Percival, Claire Pop-

pett, Francisco Prada, Anand Raichoor, Ashley J. Ross, Edward F. Schlafly, David

Schlegel, Michael Schubnell, Ting Tan, Gregory Tarle, Michael J. Wilson, Christophe
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184

https://doi.org/10.1093/biomet/20A.1-2.32
https://doi.org/10.1093/biomet/20A.1-2.32


Slepian. nbodykit: An Open-source, Massively Parallel Toolkit for Large-scale Struc-

ture. AJ, 156(4):160, October 2018. doi: 10.3847/1538-3881/aadae0.

[246] Variu et al. DESI Mock Challenge: Constructing DESI galaxy catalogues based on

FastPM simulations. XXX, in prep.
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