
UC Riverside
UC Riverside Electronic Theses and Dissertations

Title
Cosmic Noon at 3D

Permalink
https://escholarship.org/uc/item/53h0c434

Author
Qezlou, Mahdi

Publication Date
2024

Copyright Information
This work is made available under the terms of a Creative Commons Attribution License, 
available at https://creativecommons.org/licenses/by/4.0/
 
Peer reviewed|Thesis/dissertation

eScholarship.org Powered by the California Digital Library
University of California

https://escholarship.org/uc/item/53h0c434
https://creativecommons.org/licenses/by/4.0/
https://escholarship.org
http://www.cdlib.org/


UNIVERSITY OF CALIFORNIA
RIVERSIDE

Cosmic Noon in 3D

A Dissertation submitted in partial satisfaction
of the requirements for the degree of

Doctor of Philosophy

in

Physics

by

Mahdi Qezlou

March 2024

Dissertation Committee:

Dr. Simeon Bird, Chairperson
Dr. Bahram Mobasher
Dr. Anson D’Aloisio



Copyright by
Mahdi Qezlou

2024



The Dissertation of Mahdi Qezlou is approved:

Committee Chairperson

University of California, Riverside



Acknowledgments

I would like to express my deepest gratitude to the amazing people whom without I would

have not been able to get to this milestome of my life. I list them in chrocological order of

their help and support.

First and foremost, I am deeply indebted to my parents for instilling in me the

values of hard work and friendships. My sister deserves special recognition for igniting my

passion for science from an early age. I am grateful to my high school teachers, Mohsen

Iraji and Kazem Kookaram, for introducing me to the captivating realms of Physics and

Astronomy.During my undergraduate studies, I was fortunate to have had the mentorship

of Dr. Shant Baghram and Dr. Hessamaddin Arfaei, whose dedication to teaching the

fundamentals of Physics left a lasting impression on me. I am particularly grateful to my

advisor, Dr. Simeon Bird, whose mentorship transcended academic boundaries, offering

both guidance and friendship. His unwavering support has been invaluable throughout my

journey. My advisors at Carnegie Observatories, Dr. Andrew Newman and Dr. Gwen

Rudie, have patiently mentored me on the art of observational Astrophysics and have been

a great support during my PhD program. Lastly, I extend my heartfelt appreciation to

all my friends from college and graduate school. Their camaraderie has been a source of

immense joy and fulfillment, contributing significantly to my personal growth during this

period.

iv



To my parents, teachers, mentors and friends for all the support.

v



ABSTRACT OF THE DISSERTATION

Cosmic Noon in 3D

by

Mahdi Qezlou

Doctor of Philosophy, Graduate Program in Physics
University of California, Riverside, March 2024

Dr. Simeon Bird, Chairperson

The Ly-α forest has emerged as a potent observational tool for probing the gas dynamics

within the Intergalactic Medium (IGM) during cosmic noon. Surveys such as BOSS and

DESI, which analyze the forest within the spectra of background quasars, have recently pro-

vided unique insights into cosmology and relevant astrophysical processes, including HeII

reionization. Conversely, Lyman-alpha tomography surveys enhance the density of back-

ground sources by observing the more abundant Lyman Break Galaxies (LBGs), furnishing

a 3D map of neutral hydrogen at redshifts around z 2-3 with exceptional spatial resolu-

tion of approximately 2 cMpc/h. Furthermore, Line Intensity Mapping (LIM) represents a

novel technique aimed at detecting the collective emission from all galaxies across the sky.

In my dissertation talk, I will delve into the indispensable role of state-of-the-art cosmo-

logical hydrodynamic simulations in modeling these observations, constraining cosmology

and elucidating the intricate connection between galaxies and their gaseous environment on

IGM scales.
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Chapter 1

Introduction

1.1 Cosmic Time

During the early epochs of the evolution of the universe, the gravitational pull

from the matter in the universe overcomes the expansion of the universe, and the matter

collapses into the first structures. Later on, the first stars and galaxies are formed, the

distribution and composition of which tell us more about the universe and its evolution to

date. During the first gravitational collapse of the matter, another counteracting force, the

radiation pressure, created an acoustic wave in the baryon-photon fluid. This sound wave

propagated through the universe until the universe had expanded enough to cool down,

and the gravitational force overcomes the radiation pressure. This sound wave, known as

Baryonic Acoustic Oscillation (BAO), left an imprint on the distribution of the matter in

the universe [147, ]. The size of this imprint is a standard ruler and can be used to measure

the expansion history of the universe across cosmic time. Beyond the BAO signature, the

clustering of the matter in the universe from the early epochs to the present time can
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be used to measure the growth of the structures in the universe and hence the nature of

the dark energy and the dark matter. This clustering has been observed in the spatial

correlation function (or power spectrum in Fourier space) of the signal from the first light

observed in the universe after the atoms recombined and it became transparent to photons,

i.e., Cosmic Microwave Background (CMB) [153, ]. The clustering of the matter in the

universe has also been observed in the spatial correlation function of the galaxies and the

Ly-α forest. The latter is a forest of the absorption lines of the neutral hydrogen in the

spectra of the background quasars (QSOs). Both galaxies and the gas in the Intergalactic

Medium (IGM) are tracers of the underlying matter distribution; therefore, expected to

have similar sensitivity to the cosmological parameters [36, ].

Moreover, studying the evolution of galaxies and their connection to the surround-

ing gaseous ecosystem is an exciting area of research that can provide us with a better

understanding of the universe, its content, and the important physical processes. Measur-

ing the clustering of matter or understanding the important processes in galaxy evolution

requires observing a large sample of galaxies across a wide area of the sky. In Section 1.2,

I introduce the observational probes overcoming these challenges by surveying the galaxies

and gas around them at cosmic noon, z ∼ 2. In Section 1.3, I discuss how this period of

cosmic history can help us to resolve the tensions in the cosmological parameters measured

from the CMB and the low-redshift universe. In Section 1.4, I discuss how the cosmic

noon observations inform us about the important astrophysical processes such as the HeII

reionization and the galaxy-IGM connection.
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Figure 1.1: Credit: Edward Wright. Comparing the spectra of two QSOs, one in the nearby
universe and the other at z ∼ 3.6. The larger abundance of the HI at higher redshifts results
in a denser Ly-α forest.

1.2 Probes at Cosmic Noon (z ∼ 2)

1.2.1 Ly-α forest

The resonant absorption of light from background galaxies by the neutral hydrogen

(HI) in the intergalactic medium (IGM) creates a forest of absorption lines in the spectrum.

The most prominent of these HI absorption lines are the Ly-α forest [72, ]. Figure 1.1

compares the spectrum of two QSOs, one in the nearby universe and the other at z ∼ 3.6.

The larger abundance of HI at higher redshifts results in a denser Ly-α forest. The Ly-

α forest serves as a biased tracer of the matter distribution in the universe. This tracer has

been identified as a powerful probe of the matter power spectrum at cosmic noon [36, ].

It has been shown that the Ly-α forest power spectrum has strong constraining power on

cosmological parameters such as the matter density Ωm and the primordial power spectrum,

Ap(σ8), np [120, ]. Moreover, the importance of the ionizing background and the thermal

history of the IGM in shaping the Ly-α forest has been demonstrated [200, ]. The completed
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SDSS QSO survey has already shown promising results in constraining such parameters [58,

]. The ongoing DESI survey is expected to increase the number of observed QSOs and the

spectral resolution, which will provide more robust statistics on the Ly-α forest power

spectrum [28, ].

Precise modeling of the Ly-α forest requires high-resolution hydrodynamical sim-

ulations to resolve the Jeans length of the IGM gas and incorporate important physical

processes such as gas cooling and heating, and the ionization by local sources which cause

major phase changes in the IGM, i.e., hydrogen and helium reionization. The current con-

straints show that hydrogen reionization has happened at redshifts z > 5 [209, ]; however,

residual large-scale temperature fluctuations affect the Ly-α forest observed at lower red-

shifts too [129, ]. The HeII reionization happening at lower redshifts also has a significant

impact on the Ly-α forest observations at cosmic noon [207, ]. Incorporating all the im-

portant cosmological and astrophysical model parameters requires a suite of hydrodynamic

simulations sampling the parameter space along with reliable interpolation schemes to avoid

the need for full coverage of the parameter space [17, 59, ].

The QSO spectra observed with SDSS have been very important in constraining

cosmological parameters [58, ]. However, QSOs are rare bright sources, and QSO surveys like

SDSS [3, ] and DESI [28, ] sample the IGM with coarse spatial resolution along the transverse

direction. The current generation of telescopes is capable of observing the Ly-α forest within

the spectra of fainter star-forming galaxies, i.e., Lyman Break Galaxies(LBGs), and it has

been shown that the signal-to-noise of these spectra is sufficient to make a 3D map of the
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Ly-α forest [106, ] at cosmic noon with megaparsec resolution. Such tomographic maps of

the IGM are unique tools to provide high-resolution maps of the cosmic web and to study the

relation between galaxies and their gaseous ecosystem at extended scales. The pioneering

of such Ly-α tomography surveys is the CLAMATO project, mapping the intergalactic

medium at 2.05 < z < 2.55 across ∼ 0.2,deg2 [77, ]. The LATIS survey is another example

of the Ly-α tomography surveys, which provides a 3D map of the IGM in a volume 13 times

larger (2.2 < z < 2.8 and 1.7,deg2). The upcoming tomography survey with PFS instrument

is planned to increase the observed volume by another order of magnitude [71, ]. A larger

volume provides robust statistics on the overdense and underdense regions within the cosmic

web. Of particular interest are the large matter overdensities, which are the progenitors

of the galaxy clusters and groups at the present time. The high spatial resolution of the

Ly-α tomography surveys is essential for reliable identification of these galaxy protoclusters.

However, accurate theoretical modeling using hydrodynamical simulations is required for

proper characterization of the protoclusters, i.e., their spatial extent and mass. In section

1.4, I will discuss the applications of these tomography maps in understanding the galaxy

evolution at cosmic noon.

1.2.2 Line Intensity Mapping

The emerging technique of Line Intensity Mapping (LIM) is another promising

probe to map the large-scale structure of the universe and to study the gaseous interstellar

medium (ISM) and intergalactic medium (IGM) across cosmic time [201, 99, 10, ]. LIM

relies on measuring the integrated emission from the atomic and molecular lines of the gas
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Figure 1.2: Credit: [10], Qualitatively comparing the available observation surveys across
cosmic time. Line Intensity Mapping (LIM) surveys explore large volumes at redshifts
inaccessible by the majority of galaxy surveys and early universe probes, e.g., the Cosmic
Microwave Background (CMB).

without individually resolving the sources. This approach enables LIM to probe the large

volumes accessible at higher redshifts as opposed to traditional galaxy surveys at lower

redshifts, as shown in Figure 1.2. Starting from the 21-cm emission of neutral hydrogen,

LIM has been extended to other lines such as CO, [CII], and Ly-α lines, particularly at

cosmic noon. The ongoing pathfinder program with COMAP [33, ] measures the CO(1-0)

rotational line at z = 2.4 − 3.4 and other transitions at higher redshifts across 12.3, deg2.

The EXCLAIM project [193, ] will observe the [CII] emission lines at similar redshifts at

cosmic noon over 305, deg2. The observing footprint of EXCLAIM is designed to overlap

with the rich extragalactic data archives of SDSS, BOSS [104, ], and HSC photometric

surveys [4, ]. Many other examples of LIM surveys observing across cosmic time are listed

in this recent review [10, ].

The interpretation of the signals observed in LIM surveys is challenging due to the

low sensitivity of the detectors and the difficulty in disentangling the signal from interlopers.

These interlopers consist of foreground contamination by extragalactic sources or emission
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from the Milky Way. To overcome this issue, one solution suggested for many LIM surveys

is to cross-correlate the LIM signal with other tracers of the large-scale structure at the same

redshifts. The utility of this approach has been shown in the context of cross-correlation

with galaxy redshift surveys or other line emission surveys, e.g., 21-cm × galaxies [63, ],

Ly-α emission × galaxies [168, ], [CII] × QSOs [160, ]. However, it has been shown that the

cross-correlation with galaxy surveys is limited by the redshift uncertainties and the mass

completeness of the galaxy surveys [32, ]. In Chapter 3, I will introduce a novel approach to

cross-correlate the LIM signal with the Ly-α forest observed in Ly-α tomography surveys.

We show that the Ly-α forest surveys, even the sparse ones which rely on observing only

QSOs, significantly boost the signal-to-noise of the LIM surveys such as COMAP and

EXCLAIM. Moreover, foreground contaminations have the least impact on the LIM ×

Ly-α forest compared to LIM × photometric galaxy surveys.
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1.3 Cosmology at Cosmic Noon

The majority of the probes constraining cosmological parameters are carried out

either at the early epochs of the universe, i.e., CMB, or at the present time, i.e., galaxy

surveys. The tension between the cosmological parameters measured from the CMB and the

low-redshift universe has been a long-standing problem in cosmology. The Hubble tension

at 5.0σ, i.e., the discrepancy between the Hubble constant measured from the CMB and

the local universe, has been a major problem in the standard cosmological model [95, ].

Moreover, there is another inconsistency between the early and late universe measurements

known as the ”S8 tension,” although with smaller significance. The strength of matter

clustering at z = 0, i.e., S8 = σ8
√

Ωm/0.3, can be inferred from the CMB observations,

assuming the standard ΛCDM model to forward model the structure growth to the present

time. On the other hand, the matter clustering at z = 0 can be directly measured from

the galaxy surveys and the weak lensing measurements. Measuring the amplitude of the

galaxy-galaxy weak lensing leads to a 10− 15% smaller value of S8 compared to the CMB

measurements. This 2−4σ tension is slightly less significant for the redshift-space clustering

measurements [1, ] and Figure 1.3.

Observations at an intermediate redshift range, the cosmic noon, play a crucial

role in resolving these tensions. Currently, one of the cosmological constraints at these

redshifts are from the Ly-α forest. The the 3D correlation function of the Ly-α forest and

the cross-correlation with QSOs place precise constraints on the BAO features [43, 18, ].

The BAO constrains the expansion rate of the universe at present, H0. The H0 infered

from CMB measurments is in a 5σ tension with the direct measurements obtained through
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Figure 1.3: Credit: [1]. Listing the S8 values inferred from the early universe experiments
and the late-time estimates from weak lensing (WL), galaxy clustering (GC and RSD),
cluster counts (CC).
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strong gravitational lensing and the distance ladders at low redshifts, z < 1 [1, ]. However,

the constraints from the BAO measurements of the Ly-α forest at z ∼ 2 and galaxies at

z < 1, are closer to the Planck CMB measurements hinting to potential deviations from the

ΛCDM model assuemd in all these measurements [38, ]

The 1D Ly-α power spectrum of the BOSS QSOs at the same redshift place tight

constraints on the amplitude, Ap, and the slope, np, of the primordial power spectrum.

The clustering amplitude measured by the forest stays consistent with the lower redshift

measurements, confirming the S8 tension with the inferred values from CMB [58, 145, ].

The comparison between the slope of the primordial power inferred from the Ly-α forest,

sensitive to small-scale signals, and the CMB measurements which probe the power on

larger scales will shed light on the scale-dependency of the matter power spectrum. A

similar comparison on the amplitude of the power, Ap, can place constraints on the sum

of the neutrino masses [146, ]. In Chapter 4, I will discuss the promise of the 3D Ly-

α forest power spectrum on nonlinear scales in improving the cosmological constraints. Our

theoretical predictions indicate that the 3D Ly-α power will be a powerful probe of such

parameters. Line Intensity Mapping (LIM) is another promising cosmological probe at

cosmic noon. The large volume explored by the LIM surveys is ideal for constraining dark

matter models [34, ] and the infliationary models [132, ].
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1.4 Galaxy Evolution at Cosmic Noon

1.4.1 HeII reionization

The thermal state of the IGM at 2 . z . 5 is shaped by the reionization of the

second electron of helium, HeII [174, ]. The HeII reionization was likely caused by the UV

photons emitted from QSOs forming large-scale fluctuations in the temperature of the IGM

[198, ]. This change in the thermal state of the gas impacts the Ly-α forest statistics at

cosmic noon, altering the 1D Ly-α power spectrum by a few percent and a larger predicted

change on the 3D Ly-α forest power spectrum [122, ]. Therefore, robust modeling of the

patchy HeII reionization reduces any potential biases in the cosmological constraints from

the Ly-α forest and provides a unique tool to characterize the ionizing sources.

The PRIYA simulation suite [13, ] incorporates a flexible HeII reionization model

developed by [196]. Using this suite to model the 1D Ly-α power spectrum observed with

the BOSS QSO survey [25, ] and the thermal history of the IGM from high-resolution QSO

spectra [65, ], [58] constrains the timing and the strength of the HeII reionization. Inspired

by the success of this work, in Chapter 4, I will introduce an accurate emulator for the

3D Ly-α forest power spectrum and study its sensitivity to the HeII reionization model

parameters.

1.4.2 Galaxy-IGM Relation with Ly-α Tomography

The link between galaxies and their gaseous ecosystem at extended distances,

the intergalactic medium (IGM), can be precisely determined through the emerging Ly-
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Figure 1.4: A subset of the Ly-α tomography maps observed in the LATIS survey [137, ].
The color map represents the strength of the absorption, with red regions indicating the
highest absorption. The dimensions of this map are 93 × 51 × 483 h−1cMpc with the line
of sight directions pointing to the right.

Figure 1.5: Galaxy Evolution with Ly-α Tomography: Anomalies in the Galaxy-Ly-
α Relation as Tracers of Large-Scale Structures. Panel a: Missing Galaxies in Opaque
IGM Gas. The displayed data points on the left side of the dashed curve show that most
significant protoclusters detected with Ly-α absorption do not correspond to overdensities of
observed galaxies, contrary to predictions based on halo overdensities in the mock-observed
maps, the green contours (Figure from [139]). Panel b: Transparent IGM around Galaxy
Overdensities. The star in the lower panel illustrates an overdensity of galaxies not visible
in the upper panel’s IGM absorption map (Figure from [47])
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α tomography surveys. These surveys create a 3D map of the IGM gas with Mpc resolution

by measuring the HI absorption (the Ly-α forest) in the spectra of densely packed back-

ground galaxies (Figure 1.4). In these tomography surveys, the Ly-α absorption in the

intergalactic medium typically reflects the spatial distribution of galaxies on similar scales.

Nevertheless, observational evidence suggests that this correlation occasionally deviates; in-

stances of galaxy overdensities not evident in the Ly-α tomography signal [47, ], or extensive

absorbed regions with fewer observed galaxies than expected from the simulations [139, ]

have been found, refer to Figure 1.5. These anomalies in the galaxy-Ly-α forest correlation

provide a unique opportunity to investigate galaxy evolution processes.

In Chapter 2, I discuss the accurate mock observations of the Ly-α tomography

surveys through careful postprocessing of the cosmological simulations (TNG [135, ] and

ASTRID [16, ]) while precisely incorporating the modeled observational uncertainties.

Leveraging these precise mock observations, we have developed innovative tools for the

identification of galaxy protoclusters during cosmic noon (z ∼ 2.5) within Ly-α tomography

maps [162, ]. These evolving structures transition into massive galaxy clusters by z = 0, and

our model accurately predicts their virialized mass. The comparison between the modeled

galaxy protoclusters in our mocks and the observed population in the Ly-α tomography

IMACS Survey (LATIS) has yielded a remarkable discovery [139, ]. Notably, the largest

galaxy protoclusters found in absorption, expected to correspond to large matter overdensi-

ties, host only a few observed galaxies, refer to the left panel of Figure 1.5. This observation

implies that they have remained unnoticed as galaxy overdensities in traditional galaxy sur-

veys. This discovery serves as a catalyst for further investigations into the intricate relation-
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Figure 1.6: The Galaxy-halo connection inferred from LATIS Ly-α tomography. Figure
from [136]. Left Panel: The cross-correlation between the Ly-α absorption and the distri-
bution of Lyman Break Galaxies (LBGs) along (π) and transverse to the line of sight, rp,
binned into 4 stellar mass bins. The comparison between the observed (the colormaps and
the dashed contours) and the simulated cross-correlation (the solid contours) confirms the
reliability of our model in predicting the cross-correlation. Right Panel: The stellar-halo
mass relation inferred from the cross-correlation compared to the theoretical models and
the only other existing constraints at similar redshifts [51, ].

ship between galaxy evolution and their surrounding environment. Our recently published

paper [136, ] centers on modeling the cross-correlation between Ly-α absorption and galaxy

overdensities using the mock observations derived from the ASTRID simulation [161, ]. This

correlation, observed on intergalactic medium (IGM) scales, exhibits high sensitivity to the

large-scale structure and primarily depends on the mass of the dark matter halo [131, ]. As

a result, it presents an innovative avenue for constraining the stellar-halo mass relationship

for galaxies spanning the stellar mass range of 109 to 1011M�/h (or Mh ∼ 1011−1013M�/h),

refer to Figure 1.6.
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1.5 Organisational Notes

This Thesis is structured as follows: In the following chapters, I listed the projects

I led during my PhD program. The first two chapters of this thesis are published in peer-

reviewed journals during the course of my PhD program. The last chapteris a draft in

preparation to be submitted to the journals in the upcoming months.

Chapter 2: Characterizing Protoclusters and Protogroups at z ∼ 2.5 Using Ly-α Tomography

This work was published in The Astrophysical Journal, [162, ]. In this chapter, I dis-

cuss a novel method we developed to identify and characterize large matter overden-

sities at Cosmic Noon, which collapse into galaxy clusters and groups at the present

time. This technique is vital for studying the connection between galaxy evolution

and their environments.

Chapter 3: Line Intensity Map and Ly-α Tomography

This work was published as Boosting Line Intensity Map Signal-to-Noise with the

Ly-α Forest Cross-Correlation in MNRAS, [161, ]. In this chapter, for the first time,

we explore the synergies between Ly-α tomography surveys and the upcoming Line

Intensity Map (LIM) observations. We show that the cross-correlation between the

Ly-α forest and the LIM can boost the signal-to-noise (S/N) of the Line Intensity by a

factor of 10. This enhancement will facilitate the cosmological/Astrophysical studies

with the LIM observations.
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Chapter 4: Cosmology/Astrophysics with 3D Ly-α Forest Power Spectrum

This work is a draft planned to be expanded and published in a peer-reviewed journal.

The authors will be M. Qezlou, S. Bird, M. Ho, and M. Fernandez, 2024, and is carried

out in collaboration with the named co-authors.In this chapter, I will introduce an

emulator for the 3D Ly-α forest power spectrum based on large hydrodynamical sim-

ulations. This work builds upon our previous paper in PRIYA collaboration [13, ]. The

robustness of this emulator is tested, and the cosmological/Astrophysical information

encoded in the 3D Ly-α forest power spectrum is explored.
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Chapter 2

Characterizing protoclusters and

protogroups at z ∼ 2.5 using

Ly-α Tomography

Abstract

Ly-α tomography surveys have begun to produce three-dimensional (3D) maps of

the intergalactic medium (IGM) opacity at z ∼ 2.5 with Mpc resolution. These surveys pro-

vide an exciting new way to discover and characterize high-redshift overdensities, including

the progenitors of today’s massive groups and clusters of galaxies, known as protogroups and

protoclusters. We use the IllustrisTNG-300 hydrodynamical simulation to build mock maps

that realistically mimic those observed in the Ly-α Tomographic IMACS Survey (LATIS).

We introduce a novel method for delineating the boundaries of structures detected in 3D
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Ly-α flux maps by applying the watershed algorithm. We provide estimators for the dark

matter masses of these structures (at z ∼ 2.5), their descendant halo masses at z = 0,

and the corresponding uncertainties. We also investigate the completeness of this method

for the detection of protogroups and protoclusters. Compared to earlier work, we apply

and characterize our method over a wider mass range that extends to massive protogroups.

We also assess the widely used fluctuating Gunn-Peterson approximation (FGPA) applied

to dark-matter-only simulations; we conclude while it is adequate for estimating the Ly-

α absorption signal from moderate-to-massive protoclusters (& 1014.2 h−1M�), it artificially

merges a minority of lower-mass structures with more massive neighbors. Our methods will

be applied to current and future Ly-α tomography surveys to create catalogs of overdensi-

ties and study environment-dependent galaxy evolution in the Cosmic Noon era.

2.1 Introduction

The ancestors of massive galaxy groups and clusters are already evident as unviri-

alized large-scale structures at “cosmic noon,” redshifts z ∼ 2 − 3. These “protoclusters”

and “protogroups” are moderate matter overdensities of δm = ρ/ρ̄ − 1 ≈ 2 − 4 that span

∼ 5−10h−1cMpc [30, ] and form the nodes of the cosmic web. Locating and characterizing

these overdensities is essential to understanding the onset of the relation between galaxy

properties and large-scale environments. In the local universe, observations have established

a correlation between galaxy properties, such as star formation and galaxy morphologies,

and the local density [49, 159, 88, 148, ]. Some recent studies suggest that these trends

may persist to higher redshifts, z ≈ 2.5 or even z ≈ 3.5 [26, 112, ]. However, the current
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sample of known protoclusters is small and may suffer from important biases; resolving

them requires new methods (for a review see [143, ]).

Unlike clusters at z < 1.5, protoclusters at z ∼ 2.5 are unvirialized structures

and have not yet developed sufficiently hot gas to be observed via the Sunyaev-Zel’dovich

effect or X-ray observations. Thus the traditional approach for detecting protoclusters and

groups at z > 2 is instead to search for overdensities of galaxies. However, using galaxies

to locate protoclusters has some disadvantages. Most methods use a single type of galaxies

to trace overdensities: sometimes typical star-forming galaxies, but often rare subtypes

such as radio galaxies or extremely infrared-luminous systems [127, 154, 142, ]. While such

methods successfully identify overdensities, studying how galaxy evolution is affected by

density is complicated when the galaxies used to locate overdense structures are required to

have particular properties. Moreover, with current facilities, dense spectroscopic sampling

of cosmological volumes is very challenging, while photometric surveys suffer from imprecise

redshift estimates.

An exciting and complementary method for locating protoclusters and protogroups

is Ly-α absorption, which is particularly advantageous as it does not depend on galaxies

to trace the underlying density field. Rather, it relies on neutral hydrogen gas, which

traces the underlying density on large scales with high fidelity [165, 121, ]. Ly-α absorption

has conventionally been observed in the spectra of bright background quasars and has

enabled the detection of the H I reservoirs associated with several large-scale structures

[?, ]e.g.,][]MAMMOTH-I, MAMMOTH-II. However, protoclusters have a complex three-
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dimensional (3D) structure that cannot be fully characterized using 1D information from

the spectra of one (or a few) bright quasars. Earlier theoretical works developed methods

to optimally reconstruct the 3D structure of the intergalactic medium (IGM) from a set of

spectra of closely spaced background sources [149, ], a technique known as Ly-α (or IGM)

tomography. By testing against numerical simulations, they proved these methods recover

the cosmic web structure with a high fidelity [23, 111, ]. On the observational side, [107,

] showed that faint star-forming galaxies (Lyman-break galaxies, or LBGs) are suitable

background sources due to their much higher abundance compared to QSOs. The current

generation of telescopes is already sensitive enough to observe the Ly-α forest absorption

within a large sample of these faint LBGs, sufficient to map the IGM in 3D with a resolution

of few h−1cMpc.

To date, there are only two tomography surveys dedicated to mapping the IGM

with Mpc resolution at z ∼ 2.5. The COSMOS Ly-α Mapping and Tomography (CLAM-

ATO) project [109, 76, ], the pioneering survey of this type, created the first Mpc-resolution

large-scale structure map in the redshift range z = 2.05− 2.55 comprising a survey volume

of 4.1 × 105h−3 Mpc3. This map led to the successful detection of a protocluster with an

estimated mass of 9 × 1013 h−1M� at z ∼ 2.45 within the COSMOS field [108, ] along

with a characterization of voids at the same redshift [100, ]. These studies demonstrated

the capacity of 3D Ly-α tomography as a systematic way to detect and study large-scale

structures. A larger experiment, the Ly-α Tomography IMACS Survey (LATIS), is under-

way at the Magellan Baade telescope [138, ]. LATIS achieves a similar, but slightly lower,

sightline density to CLAMATO over a volume ≈ 10× larger, sufficient to map a statisti-
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cally representative sample of large-scale overdensities. [138, ] detected 36 significant over-

or under-dense regions within the redshift range of z = 2.2-2.8 using the first one-third of

observations.

In this work, we are interested in developing methods to characterize the large

set of structures that will be catalogued in the LATIS survey; however, our methods apply

to other similar surveys. Using mock observations generated from cosmological hydrody-

namical simulations, we improve on existing methods to detect and estimate the masses of

structures detected in Ly-α flux maps. Previous works have mainly focused on characteriz-

ing the most prominent structures, i.e., protoclusters [188, 108, ]. However, many significant

overdensities will collapse into slightly less massive halos by z = 0, i.e., protogroups. We

define protoclusters and protogroups to be the progenitors of z = 0 halos with masses

Mvir/(h
−1M�) > 1014 and 1014 > Mvir/(h

−1M�) > 1013.5, respectively. To maximize

the utility of current surveys’ tomographic maps, we extend earlier methods to enable the

detection and characterization of the progenitors over a wider range of mass. We also intro-

duce a new method to partition large structures composed of multiple substructures. This

delineation is of great value for galaxy-environment relation studies.

To achieve a volume representative of the ongoing and near-future surveys, sim-

ulations of size over a few 100h−1cMpc are required. Previous works mainly employed

dark-matter-only simulations to model the signal in the tomography maps and to tune

models for detecting protoclusters [188, 108, ] or voids [187, 100, 138, ]. In this approach,

the fluctuating Gunn-Peterson approximation (FGPA) is applied to the dark matter den-

sity to estimate the neutral hydrogen absorption. Occasionally, to assess the importance of
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hydrodynamical processes, smaller hydrodynamical simulations with or without feedback

processes have been used (the Illustris simulation with a box size of 75h−1cMpc in [79, ],

and the Nyx simulation with a box size of 100h−1cMpc in [78, ], [100, ], and [114, ]).

Simulations predict that some protoclusters host halos as massive as∼ 1013.5 h−1M�;

therefore, it is expected that energetic galactic feedback processes, particularly those asso-

ciated with active galactic nuclei (AGN), will to some extent heat, ionize, and displace the

gas within protoclusters. In this work, we take a step forward by using the state-of-the-art

large hydrodynamical simulation TNG300-1, which incorporates detailed sub-grid models

for feedback processes [150, ]. We then compare our results with the FGPA prescription by

applying it to the dark-matter-only counterpart of TNG300-1, which is identical except for

its lack of treatment of hydrodynamical processes.

The organization of this paper is as follows. We describe the simulations and

mock observations in section 2.2. In section 2.3, we introduce our method for detecting

protoclusters/groups within the mock-observed tomography maps. We discuss the masses

of these structures in section 2.4, including estimates of the structures’ masses at z = 2.5

and the anticipated collapsed masses at z = 0. We conclude in section 2.5 by summarizing

and discussing the applications of our findings.
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2.2 Simulations and Mock Observations

2.2.1 Simulations

We use the state-of-the-art hydrodynamical simulation TNG300-1 [185, 118, 133,

134, 151, ], run with the AREPO code. The hydro solver is based on the moving mesh

approach [182, ], which evolves the gas particles on a moving mesh constructed from a

Voronoi tessellation. The simulation box size is 205h−1 cMpc, and it contains 25003 dark

matter particles and a similar number of gas cells, resulting in a dark matter particle mass

of 5.9×107 h−1M� and an average mass of 1.1×107 h−1M� for the gas cells. The gravity is

modeled using the TreePM algorithm with the gravitational force resolution set to 1 h−1ckpc.

Supernovae and black hole (BH) feedback are constrained to reproduce observable

properties of today’s galaxy population such as star-formation histories, the stellar mass

function, the stellar and gas versus halo mass relations, and the BH mass versus stellar

mass relation. Due to the large spatial scales of interest in our work (larger than ≈ 1

physical Mpc, or pMpc), the most relevant type of feedback is the energetic feedback from

BH accretion. BH feedback is implemented as thermal energy injection in the high-accretion

mode and kinetic winds in the low-accretion mode [204, ]. The simulations do not solve

the radiative transfer equations; therefore, the local photo-ionization in the proximity zone

of AGN is not modelled. However, local heating due to radiative BH feedback is enforced

by modifying the cooling rates (section 2.6.4 in [202, ]). To constrain the importance of

hydrodynamical processes and galaxy feedback, we also apply the FGPA to a dark-matter-

only companion run of TNG300-1, which has the same initial conditions and number of dark

matter particles.
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2.2.2 Simulated IGM absorption

We create mock-observed spectra by modelling the absorption from gas particles

in the full-hydro TNG300-1 simulation. The spectra are generated using the fake spectra1

package [14, 11, ]. In this work, we added MPI support, allowing the analysis to scale to

many nodes, and make it possible to post-process large cosmological simulations. Briefly,

fake spectra calculates the absorption spectra for any ion in the simulation, including the

neutral hydrogen used in this work, along thousands of sightlines in the simulation box. Each

particle is approximated as an individual absorber giving rise to absorption characterized

by a Voigt profile. The internal physical quantities of these cells are smoothed by the kernel

appropriate for the simulation. The supported interpolation kernels are SPH, top-hat, and

partial Voronoi reconstruction. For the Arepo simulations, we used a top-hat kernel with

the same volume as the Voronoi cell for each particle. This approximation has been tested

to reproduce the spectra created by a full Voronoi mesh reconstruction for redshifts z < 5

[208, ]. The neutral hydrogen fraction is obtained by assuming ionization equilibrium in

the presence of a uniform ultraviolet background (UVB). We solve the collisional/photo-

ionization and recombination rate network equations provided in [86, ]. The self-shielding

of dense neutral hydrogen is taken into account by equation A.8 in [163, ], which is a fitting

formula to a radiative transfer model. The assumed uniform photoionization rate dictates

the mean absorbed flux in the simulated spectra. We rescale the optical depth in the spectra

to enforce the empirical mean flux evolution, corrected for metal absorption [55]:

F̄ = exp
(
−1.330× 10−3 × (1 + z)4.094

)
(2.1)

1GitHub: fake spectra
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The simulated spectra extend along the third dimension of the snapshot with a

pixel width of ≈ 6.4 km s−1 to capture the effect of saturation. Once the high-resolution

spectrum is extracted, the absorption is averaged over every 20 adjacent pixels to mimic

the detector’s pixel size in the LATIS (≈ 129 km s−1). Further, we mimic the spectral

broadening in LATIS data by smoothing each spectrum with a Gaussian kernel of σ =

2.06 Å in the observed frame.

To constrain the importance of simulated baryonic processes, we also apply the

FGPA to a DM-only companion simulation with identical initial conditions to TNG300-1.

This DM-only companion evolves cold dark matter (CDM) particles and baryons as a single

collisionless fluid; therefore, it does not capture galaxy feedback effects. In this approach, by

applying cloud-in-cell (CIC) interpolation, the dark matter density and line-of-sight peculiar

velocity fields are deposited onto a uniform grid of length 3
√
NDM, where NDM = 25003 is

the number of dark matter particles in the simulation. We use the efficient nbodykit2 code

[74, ] for this step. To mimic the baryonic pressure smoothing and estimate the baryonic

density with this approach, it is often advised to smooth the DM density and velocity fields

[180, ]. However, we verified that for simulating the neutral hydrogen absorption on scales

of 1 pMpc, this initial smoothing is unimportant, confirming the assumption in previous

works [138, 188, ]. The neutral hydrogen density is related to this approximate baryonic

density by assuming ionization equilibrium with a uniform UVB. The recombination and

photo-heating rates are functions of temperature, which in turn is a function of density. We

connect density to temperature using the slope of the power-law measured by [172, ]. After

including the Hubble flow and peculiar velocity of the cells, we obtain the optical depth

2GitHub: Nvodykit
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of the neutral hydrogen along the line-of-sight by convolving the density with a thermal

Doppler broadening profile. Finally, we scale this optical depth to match the observed

mean flux by [55, ]. The Python implementation is accessible through our repository3.

Moreover, in Appendix 2.6 we show both simulated full-hydro TNG300-1 and the

FGPA method recover the 1D flux power spectra with a ∼ 10% accuracy when compared

to SDSS DR14 results[24, ] .

2.2.3 Realistic mock spectra

From these noiseless spectra, we produce a set of realistic mock spectra that match

the areal density of sightlines in LATIS and their observational noise, which are the key

parameters determining the quality of the derived tomographic maps [188, 138, ]. As a

representative value, we consider the average sightline density in the COSMOS field (now

fully observed) in the redshift range z = 2.4 − 2.6 (the middle of the survey), which is

n = 0.16 h2 cMpc−2. This corresponds to a mean sightline separation of 〈d⊥〉 = n−1/2 ≈

2.70 h−1cMpc and a total of 6739 mock spectra within the TNG300-1 simulation box. The

variations due to redshift dependencies of these parameters within the observed range of

LATIS is discussed in Appendix 2.8.

We randomly select these sightlines and assign each a continuum-to-noise ratio

(CNR) drawn from the distribution in LATIS [138, ]. The CNR distribution is different

for Lyman-break galaxies (LBGs) and QSOs, which constitute 98% and 2% of sightlines,

respectively. In the mock observations, we randomly divide the sightlines into these two

3[10.5281/zenodo.6130050]
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Table 2.1: The continuum-to-noise ratio (CNR) distribution of LBGs and QSOs, param-
eterized as log-normal distributions. The mean and standard deviation of ln(CNR) are
listed.

Source Mean σ

LBGs 0.84 + 0.99(z− 2.5)− 1.82(z− 2.5)2 0.43
QSOs 2.3 1.2

populations. The CNR is modelled as a log-normal distribution with a constant mean

and variance for QSO background sources, while for LBGs, the variation of the mean with

redshift is modeled with a second-degree polynomial. These equations are summarized in

Table 2.1. The error propagated by continuum fitting is also implemented as prescribed by

[100, ]:

Fobs =
Fsim

1 + δcont
, (2.2)

where δcont, which is constant along each sightline, is a realization of a normal distribution

N (0, σcont) with σcont = 0.24× CNR0.86 [138, ]. Finally, we follow the prescription of [138,

] and remove lines with an equivalent width EW > 5 Å, which is intended to suppress

damped absorption lines. We emphasize that rather than masking such lines explicitly

based on the total neutral hydrogen column density along the sightline, we closely mimic

the LATIS procedure by applying it to the mock spectra.

2.2.4 Generating 3D flux maps

To generate the 3D Ly-α mock absorption map, we first create a random set of

mock-observed spectra at z = 2.45, close to the mid-redshift of the LATIS survey. In

Appendix 2.8, we discuss our results for slightly different redshifts within the observed
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Figure 2.1: Visualizations of two different slices (top and bottom rows) of the IllustrisTNG-
300 hydro simulation at z = 2.45. All maps are smoothed by a gaussian with kernel size
σsm = 4 h−1 cMpc. Left column: The smoothed DM density, ρDM/ρDM. Middle column:
The smoothed noiseless Ly-α flux contrast δF /σmap. Right column: The mock-observed flux
contrast, constructed by Wiener interpolation of spectra that mimic LATIS observations.
The mock δF maps trace the underlying DM distribution very well on large scales.
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range in LATIS. However, the remainder of the paper is based on the snapshot at z = 2.45

(hereafter abbreviated z = 2.5). The quantity of interest is the flux contrast δF , defined as:

δF =
F

F̄
− 1, (2.3)

where F̄ is the mean flux. The flux contrasts in the mock spectra are interpolated to make

a 3D map of δF using a Wiener filter. The Wiener filter is an optimal linear estimator of the

3D δF map from a set of observed noisy spectra and specified noise and signal covariance

matrices. It requires the noise to be additive, hence the data vector is d = s+n, where s and

n are the vectors of signal and noise, respectively. By minimizing the mean squared error

between the linear estimate, ŝ = Ld, and the true signal, one obtains L = Cmp(Cpp+N)−1.

Cmp and Cpp are the assumed signal covariance matrices, where the m and p indices indicate

voxels in the 3D map and pixels along along the sightlines, respectively. N is the noise

covariance, which is assumed to be diagonal. Following the ad hoc assumption in [23, ]

(also [188, ]), we set Cpp = Cmp = C(~r1, ~r2) as a Gaussian:

C(~r1, ~r2) = σ2F exp

[
−

∆r2||
2σ2||
− ∆r2⊥

2σ2⊥

]
, (2.4)

where ∆r|| and ∆r⊥ are the components of ~r1−~r2 parallel and perpendicular, respectively,

to the line of sight. The amplitude is set to σ2F = 0.05, and the correlation lengths are fixed

at σ⊥ = 2.5 h−1cMpc and σ2|| = σ2⊥ − σ2inst, where σinst = 1.4h−1cMpc is the instrumental

resolution of LATIS at z = 2.5. The diagonal entries of the noise covariance matrix, N,

are sourced by contributions from both random noise and continuum fitting error, σδ =
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(σ2rand + σ2cont)
1/2, including a floor of σδ > 0.2 on the total noise. All these parameters

match those applied to the LATIS observations by [138, ]. We use dachshund4, an efficient

Wiener filtering implementation by [188, ].

Figure 2.1 visually compares the quality of the flux map recovered from the realistic

mock observations to that of a noiseless mock map and the underlying dark matter density

field. The noiseless mock map (middle column) is produced by generating spectra on a

regular grid with a fine spacing of 1 h−1cMpc and adding no noise; the noiseless map

is not Wiener filtered. All maps are smoothed with a Gaussian kernel with length of

σ = 4 h−1 cMpc, the typical scales of protoclusters at z = 2.5 [30, 188, ]. We follow the

convention in previous works of normalizing δF by its standard deviation σmap over the

map volume; note that σmap is not the measurement error. The visual similarity among

these maps and the voxel-by-voxel comparison in the bottom panel of Figure 2.2 confirm

the quality of the flux map recovered on Mpc scales.

The optimal reconstruction of the 3D absorption field from a discrete set of noisy

spectra is an active field of research. [149, ] compares a constrained Gaussian random field

linear approach (or Wiener filter) with a general non-linear explicit Bayesian deconvolution

method. They show that for low-resolution spectra with negligible measurement errors, and

under the ad hoc assumption of Gaussian distributed flux, Wiener filtering produces the

maximum a posteriori map of the Bayesian method. Using new optimization tools, [114, ]

loosens the constraint that the flux correlation be Gaussian and minimizes a loss function

for a more general signal. In parallel, some other interesting methods under development

aim at simultaneous reconstruction of matter density and velocity fields via reconstructing

4GitHub: caseywstark/dachshund
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the likeliest initial conditions [158, 78, 79, ]. However, in this work, we adopt the Wiener

filter approach for reconstructing the Ly-α flux field, since it is used by current generation

surveys, including LATIS. We defer evaluating other methods to future work.

Flux pdf

In order to verify that the δF fluctuations in the mock-observed maps are consis-

tent with those seen in LATIS, we compared the probability distribution functions (pdfs).

For this purpose we use the LATIS map in the COSMOS field, updated from the version

presented in [138, ] to include the fully observed volume. To account for cosmic variance,

the mock map is cut into a few sub-boxes, each with roughly the same volume as LATIS.

Figure 2.3 shows the flux pdf in LATIS (z = 2.2-2.8, dashed black) and mock-observed

maps (z = 2.45, orange stripes enclosing 68% and 95% of the sub-boxes) for three different

smoothing scales. The agreement is excellent. We verified that this agreement holds when

the LATIS pdf is computed in several narrower redshift bins (z = 2.3-2.5, 2.4-2.5, 2.5-2.8)

and compared to the nearest TNG snapshot. Figure 2.3 demonstrates the overall agreement

between the mock-observed signal predicted by ΛCDM and observed in LATIS.

Correlation with the dark matter density

Quantifying the correlation between the mock-observed signal δF and the under-

lying density field on a voxel-by-voxel basis is an essential first step toward estimating the

masses of structures [108, ]. Since the flux map, which will be used to define the boundaries

of structures, is reconstructed in velocity space, we computed the density of dark matter
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Figure 2.2: Upper panel: The median correlation between the smoothed (σsm = 4 h−1

cMpc) DM density and the mock-observed flux contrast δsmF,mock on a voxel-by-voxel basis
in 20 mock maps at z = 2.5. The solid line is the median second-degree polynomial esti-
mator (eq. 2.5), which we use to estimate the DM mass within structures detected in the
tomographic maps. Lower panel: A voxel-by-voxel comparison between the noiseless and
mock-observed flux contrasts, smoothed as in the upper panel. In both panels, median 2D
histograms with logarithmic color scales are displayed.
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Figure 2.3: The normalized distribution of the flux contrast, smoothed on three different
scales, in LATIS and the mock maps. We normalize δF by its standard deviation σLATIS

in the LATIS map. The black dashed lines show the pdfs of the observed map, and the
orange stripes show those of mock-observed maps at z = 2.45. The width of the stripes
represents the cosmic variance within 68% and 95% confidence levels. The solid blue curves
show the pdfs of pure noise maps generated by Wiener filtering a set of pure noise spectra
(see section 2.3.1). These plots confirm the accuracy of the mock maps in reproducing the
basic statistics of the LATIS maps.
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particles in velocity space. Specifically, the particles were displaced by their line-of-sight

peculiar velocities and then interpolated with a CIC kernel onto a regular mesh grid with

a resolution of 1 h−1cMpc. The top panel in Figure 2.2 illustrates the correlation between

these two fields, δsmF and ρsmDM, both smoothed by a σsm = 4h−1cMpc Gaussian at z = 2.5.

The solid curve is the median second-degree polynomial fit among 20 mock-observed maps.

This estimator, along with its uncertainties, is

(
ρDM

〈ρDM〉

)sm

(z = 2.5) = 16.78(±0.53) δsmF
2

− 5.62(±0.07) δsmF

+ 0.96(±0.01). (2.5)
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In Appendix 2.8 we show that although this relation evolves slightly within the redshift

range of LATIS, its evolution is negligible for the purposes of this paper.

2.3 Characterizing structures in Lyman-α tomographic maps

Ly-α tomography provides continuous maps of the high-redshift H I absorption

field and, via the correlation shown in the top panel of Figure 2.2, of the matter density

field. However, it is often useful to identify and characterize discrete structures in these

maps. Dark matter halos at z ≈ 2.5 do not provide a functional route to define these

structures, since due to hierarchical structure formation, the resolution of the maps is much

coarser than the size of even the most massive halos yet formed. Instead, most previous

works have focused on the volumes that will collapse into massive halos at z = 0, which

are generally called protoclusters when the descendant mass Mz=0 > 1014 h−1M�. This

perspective has the merit of supplying a rigorous way to define high-redshift “structures,”

but the connection between these structures and the observed z = 2.5 Ly-α field is complex

due to the structures’ varied assembly histories. In other words, variations in the kinematics

and density structure of subcomponents within detected overdensities affect their evolution

such that not all absorption-detected structures will form a galaxy cluster by z = 0, and

not all galaxy clusters will have a progenitor detectable in absorption at z = 2.5. Further-

more, estimating density and environment at high redshifts, not only the structures’ future

evolution, is important for understanding the impact of environment on galaxy evolution.

In this section, we describe a method for identifying structures directly in Ly-

α tomographic maps. The method extends previous techniques [108, ] in two ways. First,
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Figure 2.4: Illustration of the watersheds identified in a portion of the mock-observed map
and their connection to the progenitors of massive halos at z = 0. The x, y and z coordinates
are those of the simulation box. Crosses mark the absorption peaks in the mock-observed
map and diamonds represent the centers of mass of the progenitors of massive halos at
z = 0. For better visibility, these markers are copied along ∆z = ±4h−1cMpc of the actual
location. The size and color of diamonds indicate the z = 0 halo mass. Silver contours
illustrate the watersheds constructed using our method (section 2.3.2), which better isolates
progenitors in highly-blended regions by using the gradient information in the flux map.
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we include a larger selection of structures that extends to lower masses. Second, we introduce

a method to delineate boundaries between overlapping structures. These improvements will

aid future galaxy evolution studies by providing both larger numbers of structures and a

simple way to associate galaxies with them. In Section 4, we will consider the masses of

these structures and their descendants.

2.3.1 Defining detected structures as flux islands

Our basic unit for a structure in a smoothed tomographic map is a contiguous

region in which the flux is below a threshold δF /σmap < ν, which we call an “island”. By
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default, we consider maps smoothed with a gaussian σsm = 4h−1cMpc since the map S/N

degrades significantly when less smoothing is applied (see Figure 22 in [138, ]). [188, ]

showed that this smoothing scale is nearly optimal for the detection of protoclusters. In

Appendix 2.9, we show that some lower-mass structures leave significant signatures only in

less-smoothed maps, but due to larger uncertainties in characterizing those structures, we

will focus only on the σsm = 4h−1cMpc smoothed maps for the rest of this paper.

To determine the optimal value of ν, we need to balance completeness, which favors

a high ν (less negative and less absorption) to include more structures, with purity, which

favors a low ν (more significant and more absorption) to suppress the influence of noise. To

estimate the level of noise in the maps, we generated a pure noise map by mock observing a

structureless field (i.e., adding noise to δF = 0 to create the spectra, then Wiener filtering as

described in section 2.2.4). Figure 2.3 shows the flux pdf of the voxels in the mock-observed

and the pure noise maps. The ratio of the two distributions at ν ≈ −2 is ≈ 0.01, indicating

that this threshold selects voxels where absorption (δF < 0) is present at > 99% confidence.

Furthermore, we will show in the next section that, after appropriate subdivision, these

islands are directly connected to the descendant massive halos at z = 0 only for a small

range of ν, and any deviation from this leads to either the emergence of unrealistically large

structures or missing some significant structures in the map.
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Figure 2.5: The distribution of the watersheds’ tomographic masses Mtomo,raw, for several
choices of the contour level ν, is compared to the halo mass function at z = 0. For this
comparison we define watersheds using all the absorption peaks and hence set κ = ν. The
tomographic masses are well matched to the masses of protoclusters when ν = −2, which
motivates our choice of this parameter.
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2.3.2 Deblending substructures in flux islands with the watershed algo-

rithm

Some flux islands extend over very large volumes, which may contain substruc-

tures (i.e., multiple flux minima) that will often collapse into several distinct halos. In

these situations, it is useful to consider the island as being composed of multiple structures.

Here we present a method to partition flux islands into smaller blocks, which we call “wa-

tersheds”, each of which is associated with a distinct flux minimum. We will then analyze

the connection between these watersheds and the progenitors of massive halos at z = 0.

Figure 2.4 shows a slice through our mock map at the location of a large contiguous

region with δF /σmap ≤ −2 that contains several local minima. Diamonds show the centers

of massive protogroups and protoclusters. These are computed by tracing back the DM

particles located within R200 of a massive halo (Mvir > 1013.5 h−1M�) at z = 0; the center

is then identified as the center of mass of these particles. As expected, the progenitors of

massive halos cluster strongly; this flux island contains the progenitors of several massive

halos. The flux minima do not always have a one-to-one correspondence with massive

halo progenitors, both because of observational noise and the fact that the progenitors are

blended at the map resolution. Thus, we do not expect that it will be possible to cleanly

deblend all massive halo progenitors in our maps. Nonetheless, Figure 2.4 makes it clear

that dividing islands into watersheds associated with local flux minima could provide a

simple and effective way to deblend many of the massive protogroups and protoclusters.

To divide the flux islands into smaller blocks, we use the watershed algorithm

[199, ], hence naming the blocks “watersheds”. This algorithm has been used previously
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in other cosmological applications [?, ]e.g., for detecting voids,][]WVF-voide-detector. The

watershed algorithm floods basins from a set of markers until basins associated with different

markers meet on the watershed line. We flood flux islands and take a subset of the local

flux minima as the markers. The subset is defined by a threshold on the flux contrast

δF /σmap ≤ κ. Both κ and ν are selectable parameters in our method.

In Section 2.3.1, we motivated ν ≈ −2 based on the noise level in the mock-

observed maps. An additional desirable property of the watersheds is that they approxi-

mately enclose the Lagrangian extent of the progenitors of z = 0 massive halos. To inves-

tigate this, we varied ν and subdivided islands into watersheds, considering all the local

minima within each island, i.e., setting κ = ν. We then integrated the estimated dark

matter density ρDM, as estimated from the flux contrast δF via equation 2.5, over each

watershed’s volume W to form a raw tomographic mass:

Mtomo,raw =

∫
W

(
ρDM

〈ρDM〉

)sm

(δF )× 〈ρDM〉(z) dV. (2.6)

We refer to this as a “raw” tomographic mass to distinguish it from the calibrated mass

Mtomo that we will define in Section 2.4. Figure 2.5 compares the distribution of Mtomo,raw

to the halo mass function at z = 0. For ν > −2, the watersheds become very large and

contain much more mass than equally numerous halos at z = 0. On the other hand, setting

ν < −2 produces islands that do not contain all of the mass that will collapse. In addition

to underestimating the volumes of protogroups and protoclusters, choosing ν < −2 will

also exclude some structures that produce significant absorption in the maps. Therefore,

we define flux islands as regions with δF /σmap ≤ ν = −2.
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In order for the volume and mass of an island to be well defined, the absorption

must reach a minimum depth below the contour level ν used to define the island. Otherwise,

the volume can diverge to 0, and the uncertainties in the mass estimates become too large

to be useful. We impose this margin by requiring flux islands to have a local minimum with

δF /σmap ≤ κ. When an island has multiple such minima, we use only the minima with

δF /σmap ≤ κ as “markers” in the watershed algorithm. Thus, each watershed is associated

with exactly one such local minimum.

In order to set the value of κ, we minimize the error in the tomographic masses

of the watersheds. We compute Mtomo,raw over the watersheds obtained using ν = −2

and several values for κ. The error is then defined as the difference between counterpart

watersheds in the mock-observed and the noiseless flux maps. The counterpart of a mock-

observed watershed is the one in the noiseless map with the largest overlap.5 Finally, for

a given value of κ, we calculate the rms of these errors over all watersheds. Figure shows

the rms as a function of κ. Choosing κ < ν = −2 reduces the rms mass error considerably.

But as κ is progressively lowered, the improvement in the mass error diminishes, and more

structures are excluded from the analysis. Balancing these considerations, we select κ =

−2.35. Coincidentally, this value matches the threshold used by [138, ] to select voxels with

a 95% probability of lying in the bottom 10% of the δF distribution.

A visual example of the watersheds produced by this method is shown in Figure 2.4.

The centers of mass of the progenitors of massive z = 0 halos are indicated with diamonds,

5The amplitude of the fluctuations in the mock-observed and noiseless flux maps are slightly different. In
the mock-observed map, it is regulated by the signal covariance function supplied to the Wiener filter, σF
in eq. 2.4; therefore, it is necessary to first scale the noiseless map to match the rms of the mock-observed
one.
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Figure 2.6: The rms error in the tomographic massesMtomo,raw of watersheds as a function of
the parameter κ. The error is defined based on the difference between masses of watersheds
in the mock observed map and their counterparts (based on maximal overlap) in the noiseless
map. The solid line and shaded regions are the mean and 1σ scatter among different
realizations of the mock observed map. Based on this analysis we select κ = −2.35.
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Figure 2.7: Comparing the utility of watersheds and simple flux contours (i.e., islands) in
detecting the progenitors of massive z = 0 halos. Histograms show the mean distributions of
the progenitor counts within islands or watersheds in 20 mock-observed flux maps. The 1-σ
scatter around mean counts are also overlaid. Many islands, contours of δF /σmap ≤ ν = −2
(blue solid curve) host no progenitors exceeding Mz=0 > 1013.5 h−1M�. Requiring these
islands to contain at least one absorption peak with (δF /σmap ≤ κ = −2.35) removes many
of these vacant islands (orange dotted-dashed curve), but still leaves islands that contain as
many as 40 progenitors. The watershed algorithm partitions those islands, significantly in-
creasing the number of structures containing two or fewer progenitors (green dashed curve).
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with size and color depending on the descendant halo mass. This visually confirms the

capability of the method to deblend massive halo progenitors located within the same

island. Figure 2.7 quantifies this by comparing the number of progenitors within each

island or watershed. The distribution for islands, contours of δF /σmap ≤ ν = −2, shows

that many of them host no massive halo progenitor, at least in the mass range we consider

here, Mz=0 > 1013.5 h−1M�. Many of these islands are removed after requiring the islands

to have at least one minimum with δF /σmap ≤ κ = −2.35. However, there are some very

large islands hosting up to 40 progenitors (the last bin of the histogram). By using the

information on the gradient of the flux field, our method breaks these giant islands into

watersheds that isolate progenitors individually, or at least in much smaller groups. This

comparison shows that watersheds are clearly superior at isolating the progenitors of massive

z = 0 halos compared to simple contours in the flux map. Nevertheless, some progenitors

are extremely blended and cannot be distinguished even with our deblending method.

2.4 Results

In this section, we define and calibrate the tomographic masses Mtomo of water-

sheds, which can be estimated from a tomographic map. We then compare these tomo-

graphic masses to the underlying dark matter mass of the watershed at z = 2.5, and to

the masses of halos at z = 0 that the watersheds will form. Our aim is to develop and

characterize estimators for these masses that can be applied to tomographic surveys, in-

cluding LATIS. Before discussing these estimators, we first review our notation for the

various masses that will be discussed. Mtomo denotes a mass calculated from a flux map.
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Figure 2.8: Left Panel : The tomographic masses (Equation 2.7) of watersheds in a mock-
observed map are compared to the dark matter mass (i.e., the integrated unsmoothed dark
matter density) within the same contours. The points are scattered around the one-to-one
relation with a standard deviation of 0.12 dex. This scatter is sourced by scatter in the
δsmF -ρsmDM relation. Right panel: The tomographic mass is compared to the dark matter
mass within companion structures in the noiseless flux map. The dotted line is the mean
power-law fit M est

DM obtained from 16 mock-observed maps (Equation 2.8). The increased
scatter and bias arise from noise in the boundaries of the watersheds. Points representing
individual watersheds in one of the mock maps are overlaid on the mean Gaussian kernel
density estimation (KDE) among 20 mock maps.
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This could be a mock-observed map or a noiseless one, but for the rest of the paper, unless

otherwise specified, we will consider Mtomo measured in mock-observed maps. When we

consider the dark matter mass of a watershed at z = 2.5, we find that it is important to

distinguish the mass within the watershed boundary derived from the mock-observed map,

which we denote MDM,mock, from the mass within the boundary derived from a noiseless

flux map, which we denote MDM,noiseless. Mdesc will refer to the virial mass at z = 0 of

the halo identified as the main descendant of a watershed. Finally, we use “est” to distin-

guish estimators, which are functions of Mtomo. Thus M est
DM and M est

desc are estimators of

MDM,noiseless and Mdesc, respectively.

2.4.1 Calibrating tomographic masses at z = 2.5

As introduced in Section 2.3.2, Mtomo,raw is defined by estimating the dark matter

density at each voxel, using the median δsmF -ρsmDM relation (eqn. 2.5), and integrating over

the watershed volume. As discussed by [108, ], using a smoothed density field pushes some

particles out of the watershed volume, which leads to a systematic underestimation of the

DM mass within watersheds. We correct for this by applying an offset to our tomographic

mass estimates, which are defined as

Mtomo = 100.14 ×Mtomo,raw. (2.7)

The motivation for the calibration factor 100.14 is as follows. In the left panel of Figure 2.8,

we compare Mtomo to the dark matter mass MDM,mock (i.e., the integral of the unsmoothed
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DM density) within the same watershed contours.6 The slope of the linear fit is very close

to one, and with our choice of calibration factor in Equation 2.7, there is no offset. The

very small scatter of 0.12 dex originates from the scatter in the δsmF -ρsmDM relation. This

comparison shows that Mtomo provides a remarkably precise estimate of the dark matter

mass within a specified volume.

Due to noise in the mock observations, which originates from the finite signal-to-

noise and sightline density, the boundaries assigned to watersheds are distorted relative to

those in the noiseless map. The right panel of Figure 2.8 compares the tomographic masses

Mtomo of watersheds in the mock-observed map to the dark matter mass of companion

watersheds in the noiseless map, MDM,noiseless. Again, the companion watershed is defined

as the one that maximally overlaps a mock-observed one. Around 18% of watersheds in

the mock-observed map overlap with no structure in the noiseless map, hence they are not

shown on this figure. This comparison incorporates the additional uncertainty arising from

the noisy boundaries of watersheds in the mock-observed map, which greatly inflates the

scatter and produces a mass-dependent offset in the Mtomo-MDM,noiseless relation. In order

to define an estimate for the expectation value of MDM,noiseless given an observed Mtomo, we

fit a power law using ordinary least squares regression in logarithmic space. We generate

20 mock-observed maps with different sightlines and noise realizations. We use 16 of these

maps as the training set to estimate the mean and uncertainties in the fit parameters; the

6We do not include the baryonic mass in MDM, but users who wish to estimate a total mass could simply
scale by Ωm/ΩDM, which is sufficiently accurate given the large scales we are considering.
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Figure 2.9: A comparison of the Ly-α flux fields simulated using the FGPA and the TNG300-
1 simulation. The FGPA is applied to a dark-matter-only simulation, while TNG300-1
includes hydrodynamics and state-of-the-art feedback models. The noiseless flux contrast
and DM overdensity maps have a voxel resolution of 1h−1cMpc and are smoothed with a
gaussian kernel of size σsm = 4h−1cMpc. The contours are the 0.02, 0.68 and 0.98 levels
for the 2D PDF. The strikingly similar δsmF -ρsmDM relation confirms the insensitivity of the
Ly-α tomography signal, on Mpc scales, to the feedback and detailed hydro prescription.
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Figure 2.10: The accuracy of the FGPA, applied to a dark-matter-only simulation, for
simulating the Ly-α flux field is assessed by evaluating the masses of watersheds. The same
watershed finder is applied to noiseless maps derived from the full hydro simulation and from
the dark-matter-only simulation using the FGPA. Both panels compare the tomographic
masses of watersheds detected in one map to their counterpart watersheds (defined by
maximal overlap) in the other. Left panel: Comparison of the masses of watersheds
detected in the full-hydro map. There is a noticeable set of outliers discussed in the text.
Right panel: Comparison of the masses of the watersheds detected in the FGPA map.
We find that ∼ 18% of lower-mass watersheds are prone to artificial blending with more
massive structures in the FGPA-based map.
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mean relation, shown as the dotted line in the right panel of Figure 2.8, is

M est
DM = 1014.60±0.05 ×

(
Mtomo

1014

)0.39±0.07
h−1M�. (2.8)

We use the remaining 4 mock-observed maps to measure the scatter of the dark mat-

ter mass MDM,noiseless around the estimator M est
DM. The rms deviations within mass bins

of Mtomo/ h
−1M� = [1013, 1014], [1014, 1014.5], [1014.5, 1015.5] are 0.36, 0.33, and 0.29 dex.

Therefore, the uncertainty in the mass estimate for watersheds is mostly driven by the

noisy boundary of the watersheds rather than scatter in the δsmF -ρsmDM relation.

Collisionless versus Hydrodynamical Simulations

Collisionless simulations are often used to estimate the flux field, because only

they have enough volume to enable many independent realizations of current-generation

tomographic surveys. However, these simulations exclude physics that may be important

for accurately estimating the Ly-α flux field on Mpc scales. To assess the accuracy of

this method, we compare the noiseless δF maps obtained from FGPA and the full-hydro

simulation. The contours in Figure 2.9 show the global distribution of the smoothed (σsm =

4h−1cMpc) transmitted flux contrast vs the DM density, a diagnostic plot suggested in

[96, 97, ] to measure the effect of feedback on Ly-α tomographic maps. Contrary to [97, ],

Figure 2.9 shows a very small difference between these two methods on scales relevant to our

analyses. In Appendix 2.7, we show how differences between our FGPA and Hydro maps

are affected by the smoothing scale. We demonstrate that differences are slightly larger

with a 3 Mpc/h smoothing scale, but still negligible compared to the current observational
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uncertainties in the δsmF -ρsmDM relation.

Moreover, Figure 2.10 compares the tomographic masses of the watersheds de-

tected in the FGPA and full-hydro noiseless maps. Counterpart watersheds are those with

maximal overlap. The median difference inMtomo within bins of log(Mtomo/ h−1M�) = [13.5, 14, 14.5, 15.5]

is consistent with zero, confirming that the FGPA-based estimates are unbiased with re-

spect to the full-hydro calculation. The scatter between the Mtomo estimates is generally

small: σ = 0.19, 0.18, 0.14 dex in the same mass bins, where σ is the standard deviation

obtained with an iterative sigma-clipped method. However, there is a noticeable set of

outliers. These appear mainly in the left panel of Figure 2.10, which compares mass esti-

mates for the watersheds detected in the full-hydro map, and are less numerous in the right

panel, which shows the watersheds detected in the FGPA map. This comparison indicates

that the main origin of the outliers are low-mass watersheds in the full-hydro map that are

not present as separate structures in the FGPA map, because they are blended with larger

watersheds (Left panel). We find that 32 watersheds (18% of the total) in the full-hydro

map are over-blended in the FGPA map (i.e., they share a counterpart), while a smaller

number (16, or 9%) are over-fragmented.

Comparing this scatter to the uncertainty in the tomographic mass estimation

discussed earlier (Figure 2.8) and considering the fraction of failures, we find that the

FGPA approach is adequate for simulating the signal from more massive structures, around

Mtomo > 1014.2M�, but it becomes concerning in some lower-mass structures; in particular,

those located near massive structures are prone to over-blending.
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Figure 2.11: The tomographic masses Mtomo of watersheds are compared to the masses
Mdesc of their descendant halos at z = 0. Main panel: Watersheds are colored based on
the significance of their peak absorption. The colormap illustrates the Gaussian KDE of the
data points and the solid line shows the best-fit power-law estimator M est

desc (Equation 2.9).
Lower panel: The rms error in the estimator M est

desc, evaluated in several bins of Mtomo,
when Mtomo is measured in the mock-observed (solid line) or noiseless (dashed line) map.
The comparison of these two curves show the scatter in this relation is mostly intrinsic
(section 2.4.2). Top and right panels: The marginal distributions of Mtomo and Mdesc. In
the right panel, the dashed histogram shows the distribution of Mdesc when the watersheds
are translated to random locations in the map.

13.0 13.5 14.0 14.5 15.0 15.5

log
(
Mtomo(h 1M )

)
0.300.350.400.450.500.550.60

er
ro

r 
on

 M
de

sc
(d

ex
)

Noiseless
Mock

11.0

11.5

12.0

12.5

13.0

13.5

14.0

14.5

15.0

15.5

lo
g( M

de
sc

(h
1 M

))

1:1
power-law estimator

2.5 < F/ map < 2.35
3.0 < F/ map < 2.5
3.5 < F/ map < 3.0
F/ map < 3.5

10
30
50
70
90

co
un

t

10 30 50 70
count

Detected 
 Watersheds
random 
 watersheds0.0

0.2

0.4

0.6

0.8

G
au

ss
ia

n 
K

D
E

50



2.4.2 The connection to massive halos at z = 0

To enable statistical studies of galaxy evolution over cosmic time, it is useful to

relate the structures detected in tomography surveys to virialized massive halos in the

late-time universe. Because the connection between the two is not one-to-one, tracing the

descendants of high-z structures is not equivalent to tracing the progenitors of z = 0 halos,

and the appropriate direction depends on the question. Here we consider both approaches

in turn.

Descendants

In this approach, we associate every watershed in a mock-observed tomographic

map with a halo at z = 0. We aim to find the halo at z = 0 where the majority of the mass

within the watershed structure will end up. To do so, we first link all halos (friends-of-fiends

groups) at z = 2.5 to a halo at z = 0. Specifically, halo B at z = 0 is the descendant of

halo A at z = 2.5 if the descendant of the most massive subhalo within halo A lies within

the halo B. This approach allows us to use the SubLink trees provided with IllustrisTNG

to connect subhalos across different redshifts. Then, to find the halo at z = 0 in which

the majority of the collapsed mass within each tomographically mapped structure will end

up, all halos within that structure vote for their descendant halo at z = 0, weighted by

their halo mass. The mass of the descendant halo with the highest vote is chosen as the

descendant of that watershed.

The main panel in Figure 2.11 compares the masses of these descendant halos,

Mdesc, to the mock-observed tomographic masses, Mtomo, of all individual watersheds de-
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tected in the mock-observed map. The power-law fit in that plot provides an estimate of the

descendant mass of a watershed that can be applied to real observations. Again, we use 16

mock-observed maps to estimate the mean relation and the uncertainties in the parameters:

M est
desc = 1013.72±0.09

(
Mtomo

1014h−1M�

)0.72±0.06
h−1M� . (2.9)

The scatter around the mean relation is measured using the remaining four mock observa-

tions and is shown on the lower panel of Figure 2.11. The scatter ranges from 0.35 at the

highest masses to 0.55 dex at the lowest. By applying the same method to the noiseless

map, we characterize the intrinsic scatter in this relation. The lower panel of Figure 2.11

shows that this intrinsic error is around 0.30 dex, confirming the scatter is mostly intrinsic

and likely originates from the variations in assembly history along with the fairly coarse

resolution of the maps, which potentially blends tomographic structures with distinct de-

scendants. [108, ] also considered the descendant halos of structures in tomographic maps,

and we compare our results in Section 2.5. Despite the increasing errors in estimating

the descendant masses of the lower-Mtomo structures, we emphasize that these watersheds

are still preferentially associated with massive z = 0 halos. To demonstrate this, we ran-

domly displace the watershed contours within the mock-observed map and determine a new

descendant halo mass for each. The distribution of Mdesc in these randomly located water-

sheds is shifted to lower masses, as shown in the right panel of Figure 2.11. For a graphical

summary of the procedures and definitions refer to Figure 2.12.
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Figure 2.12: A step-by-step guide to our method for detecting structures in a Ly-
α tomographic map, estimating the dark matter mass within them at z = 2.5, and es-
timating their descendant halo masses at z = 0.
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Figure 2.13: Left panel: The halo mass function at z = 0 (dotted dashed curve) is
compared to the mass distribution of the halos whose progenitors are detected in the mock-
observed (solid curve) and noiseless maps (dashed curve). For the mock-observed maps, the
median distribution among 20 mock maps and the 1-σ scatter are shown. Right panel:
The completeness, defined as the fraction of massive z = 0 halos whose progenitors are
detected in the mock-observed (solid curve) or noiseless (dashed curve) maps. Our method
detects progenitors of halos over about one decade of mass, from massive protogroups to
protoclusters. The completeness reported by [188, ] (dotted curve) is slightly lower due to
their choice of a different detection threshold.
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Progenitors

We now turn to computing the completeness of our method for detecting the

progenitors of massive z = 0 halos. The method used in Section 2.4.2 is not suitable for

this purpose since some watersheds host multiple progenitors of z = 0 clusters. For an

accurate census of these progenitors, we follow a particle-based approach. We trace back

to z = 2.5 all the dark matter particles within a distance R200 (where the mean density

is 200 × ρcrit) of the centers of halos (friends-of-friends groups) at z = 0.7 This method

is computationally prohibitive to employ for the many lower-mass halos; therefore, we

only consider the progenitors of halos with masses Mz=0 > 1013.5 h−1M�, which includes

both protoclusters and protogroups. In TNG300-1, there are 1092 halos above this mass

threshold. Any progenitor whose center of mass lies within any watershed is considered as

“detected.” The completeness is then quantified by comparing the total halo mass function

at z = 0 to the subset with detected progenitors (Figure 2.13).

The completeness for the smallest structures, protogroups with 1013.5 < Mz=0/ h
−1M� <

1014.0, is ≈ 20%. However, the completeness increases rapidly with halo mass: more than

40% of protoclusters, Mz=0 > 1014.0 h−1M�, are detected, and the completeness for mas-

sive protoclusters, Mz=0 > 1014.5 h−1M�, is as large as 80%. Figure 2.13 also shows the

completeness in our analysis is higher than reported by [188, ]. This is because we in-

clude structures with smaller flux contrast than their threshold of δF /σmap < −3.5, which

increases completeness but also includes more progenitors of lower-mass halos (Figure 2.11).

7We neglect gas particles since it is complicated to trace their history using a moving mesh code such as
Arepo.
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Comparing the completeness in the mock and noiseless maps in Figure 2.13 sug-

gests that observational noise (both from noise in the spectra and finite sightline sampling)

cannot entirely account for the incompleteness. To understand the intrinsic difference be-

tween the progenitors that are detected and those that are not, we examine their densities

in Figure 2.14. Colors encode the population of the detected and undetected protoclusters

in the noiseless map, and density is defined as the spherically averaged dark matter density

within 4 h−1cMpc of the center of mass. This comparison shows that the tomographic

selection is approximately unbiased for protoclusters with masses Mz=0 > 1014.2 h−1M�,

while for lower-mass halos, it is biased towards the increasingly small subset of progenitors

that were most dense at z = 2.5.

2.5 Summary and Discussion

Tomographically mapping the 3D structure of the Ly-α forest with a set of closely

spaced sightlines toward background QSOs and LBGs provides a unique opportunity to

detect and characterize the extended, massive structures at z ∼ 2.5 that form today’s

clusters and groups. Numerical simulations predict these progenitors to be extended over

5− 10h−1cMpc scales with overdensities of δm = ρ/〈ρ〉 − 1 ≈ 2− 4 [30, ]. In this work, we

build upon the previous intuitive methods developed by [188, ] and [108, ] to detect massive

structures in Ly-α tomographic maps and determine their mass and physical extent. This

effort is complicated by significant observational noise in the maps, and by the frequent

blending of the progenitors of today’s clusters and groups at the resolution of these maps.

Compared to earlier methods, we aim to include lower-mass structures while mitigating the
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Figure 2.14: Comparison of the densities of the progenitors of massive z = 0 halos (Mz=0 >
1013.5 h−1M�) that are detected (solid curves) or undetected (dashed curves) in the noiseless
z = 2.5 flux map. The x axis shows the ratio of the average dark matter density, measured
within a sphere of radius 4 h−1cMpc around the center of mass of each progenitor, to the
global mean dark matter density at z = 2.5. The detected progenitors of massive halos
are an approximately unbiased subset, but for lower-mass halos, the detection is biased
towards the progenitors embedded in denser environments at z = 2.5. For each population,
the contours show the 68 and 5 % levels of the 2D gaussian kernel density estimate.
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associated increase of noise and blending. Below, we briefly summarize our method and its

two tunable parameters, which we optimized for a LATIS-like survey at z = 2.5 by testing

against a large hydrodynamical simulation. A graphical summary is presented in Figure

2.12.

Detecting structures:

1. Draw contours of δF /σmap ≤ ν = −2 to define “islands” within the δF map,

which is smoothed by a Gaussian kernel with σsm = 4h−1cMpc (Section 2.3.1).

2. Within each island, identify all local flux minima with δF /σmap ≤ κ = −2.35.

If no such minima exists, remove that island. If multiple such minima are present, use the

watershed algorithm to partition the island into watersheds associated with each minimum

(Section 2.3.2 and Figure 2.4).

Estimating structures’ masses at z = 2.5:

1. Use the second-degree polynomial fit in equation 2.5 to relate the measured δF

to the dark matter density within each voxel of a watershed.(Section 2.2.4 and Figure 2.2)

2. Integrate these DM densities over the watershed’s volume and apply the offset

factor in equation 2.7 to estimate a tomographic mass Mtomo (Section 2.4.1 and Figure 2.8).
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3. Use equation 2.8 to estimate the DM mass of the watershed from Mtomo. This

estimator corrects for the bias from the noisy boundary. Uncertainties are provided in Sec-

tion 2.4.1. (Figure 2.8)

Estimating structures’ descendant masses at z = 0:

1. Use the measured Mtomo and the power law in equation 2.9 to estimate Mdesc,

the mass of the descendant halo at z = 0. Uncertainties are shown in Figure 2.11.

This method can be applied to LATIS-like tomographic maps to produce catalogs

of structures (watersheds) that range from protogroups (Mz=0 = 1013.5 − 1014 h−1M�)

to protoclusters (Mz=0 > 1014 h−1M�). We estimate the method’s completeness is 80%

for the most massive protoclusters (Figure 2.13). Less massive structures leave smaller

signals within the absorption map; however, our method still achieves a 20% completeness

for protogroups and is biased toward those embedded within denser regions on scales of

4h−1cMpc (Figure 2.14).

We find the scatter in the δsmF -ρsmDM relation results in a remarkably small scatter

of 0.12 dex (left panel of Figure 2.8) in the estimated mass of structures at z ∼ 2.5, if

the mass is measured within a fixed aperture, such as an observed flux contour. This

result is similar to that shown in Figure 9 of [108, ]. There are also Bayesian methods

designed to infer the underlying DM density and velocity by comparing the approximate

N-body simulations with tomography observations[78, 79, 76, ]. They showed by adding
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information from the coeval galaxy distribution to the Ly-α tomography, their method

reduces the scatter in protocluster mass estimation by a factor of two if one defines the

mass as an integrated spherical overdensity within a radius around the Eulerian position of

the corresponding cluster at z = 0 (i.e comparing the left panel in Figure 2.8 and Figure

10 in [79, ]). However, we find that the dominant uncertainty in the mass estimate is

due to the uncertainty in measuring the structures’ volumes. When comparing each mock-

observed structure to the overlapping structure in the noiseless map, the uncertainty in the

mass estimate increases(right panel of Figure 2.8), particularly for lower-mass structures,

and Mtomo becomes a biased estimator. We provide an unbiased estimator M est
DM and find

that its uncertainty ranges from 0.29 to 0.36 dex for the highest to lowest mass bins.

This precision is competitive with the estimates from dynamical methods applied

to galaxy spectroscopic surveys. For instance, [37, ] estimate a median error of 0.35 dex

for masses of components of the Hyperion proto-supercluster, which have a median mass

of 1013.8 h−1M�. Similarly, [41, ] spectroscopically confirm a protocluster in the COSMOS

field at z ∼ 2.2 and estimate the dynamical mass to be 1− 2× 1014 h−1M�. On the other

hand, dynamical mass estimates are strictly applicable only to virialized systems, which

is not the case for protoclusters or protogroups. Ly-α tomographic mass estimates do not

rely on this assumption. The other method commonly used to estimate the masses of

structures at high redshifts is the galaxy overdensity [?, ]e.g.,][]Steidel:1998. More recently,

[7, ] developed a Bayesian method to reconstruct the underlying DM density field for a

combination of multiple independent spectroscopic galaxy surveys in the COSMOS field.

However, all methods based on galaxy surveys require assuming that all the observed galaxy
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subpopulations trace the density field according to a simple model (i.e. same bias factor).

Another key benefit of Ly-α tomographic masses is their independence from the galaxy

content of a structure, which is valuable for galaxy-environment studies.

We also estimated the mass at z = 0 of the descendants of structures detected in

tomographic maps (section 2.4.2). These estimates are significantly more uncertain, about

0.4 dex (Figure 2.11). We have verified the scatter is only slightly reduced in the noiseless

map, which suggests the uncertainty is driven mostly by the scatter in assembly history, as

concluded by [188, ]. [108, ] also considered the descendant halos of structures detected in

tomographic maps. We find two significant differences with their results. The slope of the

Mtomo −Mdesc relation (Equation 2.9) is closer to unity in our analysis (0.72 versus 0.27),

and our estimate of the scatter is larger (0.3-0.45 dex versus ∼ 0.2 dex). There are several

explanations for these differences. First, when defining this relation, [108, ] considered only

the structures in the mock-observed map that are actually progenitors of cluster-scale halos.

We find that censoring the 25% of structures with lower-mass descendants suppresses the

slope and the scatter. Second, [108, ] chose a different threshold (δF /σmap < −3) to define

the integration contours, which encloses a different fraction of the collapsed halo mass.

Third, we impose a margin between the integration contour and the minimum δF within a

watershed (i.e., κ < ν), which effectively places a lower bound on Mtomo by eliminating very

small contours. We tested the sensitivity of structure detection and mass estimates in mock

tomographic maps to the detailed modelling of the gas and galaxy evolution (Section 2.4.1).

We conclude that the fluctuating Gunn-Peterson approximation (FGPA) applied to dark-

matter-only simulations imputes sizeable errors in characterizing lower-mass structures,
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Mtomo < 1014.2 h−1M�. Compared to full-hydro simulations, FGPA confuses lower-mass

neighboring structures by either merging them with more massive neighbors or fracturing

them into few smaller watersheds. However, contrary to [97, ], we find the global distribution

of δsmF -ρsmDM relation (Figure 2.9) at the relevant scales (4h−1cMpc) and redshifts (z ∼ 2.5)

is insensitive to the galactic feedback and detailed hydro prescription in TNG simulations.

The IllustrisTNG simulations also do not include all the physics that may be relevant.

Although the galaxy formation model approximately accounts for the local heating due to

black hole accretion (section 2.6.4 in [202, ]), to fully account for the proximity effect, the

local ionization should be modelled. This requires radiative transfer simulations, which are

computationally demanding. However, [128, ] placed an approximate bound on this effect

by sampling the AGN luminosity function and assigning AGN to massive halos in a one-

to-one rank order fashion (implying a duty cycle of one). They conclude local ionization

usually has a small effect on the Ly-α absorption observed in tomographic maps, even within

massive protoclusters.

Moreover, X-ray observations of galaxy clusters provide evidence for some feed-

back activities [52, 119, ]. It is speculated a form of “preheating” started early on in the

progenitors of these clusters [54, ]. [96, ] studied this effect in simulated tomography maps

by implementing simple feedback models, i.e. injecting energy or entropy to all particles

within protoclusters, using the broad constraints on the feedback strength from [27, ] and

[81, ]. They predict significant ionization within protoclusters in cases with strong feed-

back. However, we do not find increased transparency in the overdense regions due to

feedback when comparing the FGPA and full-hydro noiseless maps (Figure 2.9). The feed-
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back prescriptions in the TNG300-1 simulation are state of the art (section 2.2.1 and [204,

]). Additionally, our mock-observed tomography maps match the observed flux distribution

in LATIS very well (Fig 2.3), while much stronger feedback could disturb the agreement for

δF < 0.

The methods developed in this work for detection and characterization of the

structures in a LATIS-like tomography survey, as well as the realistic mock maps built

here, will be used in future works. The catalogs of structures and their masses derived with

these methods will be essential ingredients in studying the environmental dependencies of

galaxy properties, e.g. star formation and metallicity, within statistically representative

samples of overdensities at “cosmic noon.” The two parameters in our method can be

tuned for any other Ly-α tomography survey with a different spectroscopic noise properties

or sightline density.

2.6 1D Flux Power spectrum

Figure 2.15 compares the noiseless 1D flux (i.e. δF ) power spectrum simulated

with the full-hydro TNG300-1 and the FGPA models to the observational constraints from

SDSS DR14 [24, ]. We estimate the power spectra by applying the Fast Fourier Transform

(FFT) on ∼ 8000 simulated spectra and correct for the finite pixel resolution effect. The

convergence test is passed with half as many spectra. The oscillations in the observed power

spectrum arising from Ly-α -SiIII correlations are not modelled in the simulated spectra.

After correcting for that, we expect the simulated power spectra in both methods to be

consistent with observations with 10% accuracy.
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Figure 2.15: The noiseless 1D flux power spectra simulated with both the full-hydro and
FGPA methods are compared to the observations in SDSS DR 14 [24, ]. In the right panel,
the ratio of the simulated power spectra to observations shows a ∼ 10% agreement for both
methods.

2.7 Sensitivity of FGPA Accuracy to Smoothing Scale

In this section we further examine the differences between the approximate FGPA

approach and the full hydro simulations in detail. For a lateral comparison with the recent

findings in [97, ], we extract the 3D noiseless mock absorbed flux map from the TNG100-1

simulation at z = 2.0 using both hydro and FGPA prescriptions. The voxel resolution of

each map is set to Vvoxel = 125h−1ckpc. On the left panel in Figure 2.16, the maps are

smoothed with a kernel size of σsm = 3h−1cMpc, similar to [97, ]. Contrary to [97, ], our

comparison reveals more similarity between the two methods (compare the solid and dashed

contours). The dotted contour however illustrates one could eliminate this small difference

by adjusting the initial smoothing scale on the DM density and velocity in the FGPA

method, set to mimic baryonic pressure smoothing, to the value suggested by previous
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Figure 2.16: Similar to Figure 2.9, we compare the approximate FGPA method applied to
DM-only simulations with spectra from a full hydro simulation. The noiseless mock maps
are generated from TNG100-1 simulations at z = 2.0 and are smoothed with different kernel
sizes of σsm = 3, 4 h−1cMpc on the left and right panels respectively. The FGPA map is
increasingly similar to hydro as the smoothing scale is increased. The dotted line represents
the FGPA map generated after an initial smoothing of the DM density and velocity to
mimic baryonic pressure smoothing.

works [180, ], i.e. λsm ∼ 250h−1ckpc. On the right panel, we instead smooth the mock

maps with our fiducial kernel, i.e. σsm = 4h−1cMpc. Comparison between the two panels

shows that a slightly larger smoothing scale erases the small scale disparity between the two

methods. This is in agreement with our conclusion in section 2.4.1 that using the FGPA

method to generate maps smoothed with σsm = 4h−1cMpc affects only a subdominant

fraction of detected progenitors (∼ 18%).
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Table 2.2: The redshift evolution in δsmF -ρsmDM relation
(
ρDM

〈ρDM〉

)sm
= a2 δ

sm
F

2 + a1 δ
sm
F + a0.

z a2 a1 a0
z=2.3 14.6 ± 0.6 -4.97 ± 0.06 0.97 ± 0.01
z=2.5 16.8 ± 0.6 -5.62 ± 0.07 0.96 ± 0.01
z=2.6 15.23 ± 0.7 -5.44 ± 0.06 0.98 ± 0.01

2.8 Redshift sensitivity

In a Ly-α tomographic survey that maps a significant redshift interval (for LATIS,

z = 2.2-2.8), there will be both cosmological evolution (e.g., in the mean density and mean

flux) as well a redshift dependence in the observational parameters (e.g., the sightline density

and the noise in the observed spectra). Throughout this work, we fixed these parameters

to those at the simulation snapshot z = 2.45, near the redshift midpoint of LATIS. To test

the accuracy of our mass estimators at different redshifts within the LATIS map, we built

20 mock-observed maps at the z = 2.3 and z = 2.6 simulation snapshots using the LATIS

sightline density and noise (Table 2.1) at the corresponding redshifts. This translates to 9017

and 4409 spectra for redshifts z = 2.3 and z = 2.6, respectively, compared to 6739 at z = 2.5.

The estimator of the δsmF -ρsmDM relation in eq. 2.5 changes slightly within this redshift range,

as shown in Table 2.2. However, these slight changes result in a negligible offset, ∼ 0.02

dex, in the tomographic mass measurements Mtomo. After fixing the δsmF -ρsmDM estimator to

z = 2.5 and adopting the same watershed parameters for defining structures, i.e., ν = −2

and κ = −2.35, we find that the best-fit parameters in the M est
DM-Mtomo and M est

desc-Mtomo

estimators are consistent within this redshift range, as shown in Tables 2.3 and 2.4.
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Figure 2.17: Same as Figure 2.11, but for the mock map smoothed with a smaller
σsm = 2 h−1cMpc Gaussian. Red stars indicate the new watersheds detected only in
this less smoothed map. The other watersheds are colored based on their peak absorption
significance.
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Table 2.3: The redshift evolution in M est
DM = a×

(
Mtomo
1014

)b
in units of h−1M�.

z a b

z=2.3 1014.59±0.06 0.43± 0.09
z=2.5 1014.54±0.04 0.39± 0.07
z=2.6 1014.63±0.04 0.35± 0.05

Table 2.4: The redshift evolution in M est
desc = a×

(
Mtomo
1014

)b
in units of h−1M�.

z a b

z=2.3 1013.69±0.06 0.76± 0.09
z=2.5 1013.71±0.06 0.72± 0.09
z=2.6 1013.70±0.05 0.77± 0.09
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Figure 2.18: Comparing the uncertainty in descendant mass estimation between the mock-
observed maps smoothed with σ = 2 h−1cMpc and σ = 4 h−1cMpc kernels. The x axis
shows the descendant mass M est

desc estimated via the power-law estimator for each smoothing
scale (Figures 2.11 and 2.17). At all masses, the precision of the prediction of the descendant
mass is worse when using the less smoothed map.
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2.9 Other smoothing scales

[188, ] showed that smoothing the flux absorption map with a σsm = 4h−1cMpc

Gaussian kernel behaves as a matching filter for detecting protoclusters, and our anal-

ysis throughout the paper is based on maps smoothed in this way. Since one goal of

this paper is to expand the detections to smaller structures like protogroups, i.e., with

Mz=0 < 1014 h−1M�, we test here whether smaller kernels are a better choice for detecting

protogroups. Specifically, we investigate the watersheds that are only found in less smoothed

maps and do not overlap with any watershed in maps smoothed with the standard kernel

of σsm = 4h−1cMpc.

We follow the same steps discussed in sections 2.3.1 and 2.3.2 on the maps smoothed

with a smaller σsm = 2 h−1cMpc kernel, and find that the optimal parameters are ν = −2.30

and κ = −2.75. Proceeding with the steps in section 2.4.2, except using the new param-

eters, we derive the Mdesc −Mtomo relation for the detected watersheds, which is shown

in Figure 2.17. The orange stars indicate the watersheds that do not overlap with any

of the watersheds within the map smoothed with σsm = 4h−1cMpc; these constitute 16%

of the structures. The rest are colored based on their absorption peak significance. On

one hand, the marginal histograms over Mdesc (right panel) shows a fraction of the new

structures found in the σsm = 2 h−1 cMpc map are indeed significant overdensities, some

associated with massive protoclusters. On the other hand, in comparison to the results

for σsm = 4 h−1cMpc map, the scatter in the estimated descendant mass is much larger.

Figure 2.18 shows the rms error, similar to bottom panel of Figure 2.11, but plotted versus

M est
desc since the Mtomo measured in maps smoothed differently are not directly comparable.
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Due to the larger noise in less smoothed maps, the uncertainty in Mdesc is larger at every

mass scale. We conclude that maps with lower smoothing may be used to identify some

lower-mass structures, but at the cost of larger noise contamination.
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Chapter 3

Boosting Line Intensity Map

Signal-to-Noise with the

Ly-α Forest Cross-Correlation

Abstract

We forecast the prospects for cross-correlating future line intensity mapping (LIM)

surveys with the current and future Ly-α forest measurements. Using large cosmological

hydrodynamic simulations, we model the emission from the CO rotational transition in

the COMAP LIM experiment at the 5-year benchmark and the Ly-α forest absorption

signal for eBOSS, DESI, and PFS. We show that CO × Ly-α forest significantly enhances

the detection signal-to-noise ratio of CO, with up to 300% improvement when correlated

with the PFS Ly-α forest survey and a 50-75% enhancement with the available eBOSS
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or the upcoming DESI observations. This is competitive with even CO × spectroscopic

galaxy surveys. Furthermore, our study suggests that the clustering of CO emission is

tightly constrained by CO × Ly-α forest due to the increased sensitivity and the simplicity

of Ly-α absorption modeling. Foreground contamination or systematics are expected not

to be shared between LIM and Ly-α forest observations, providing an unbiased inference.

Ly-α forest will aid in detecting the first LIM signals. We also estimate that [CII] × Ly-

α forest measurements from EXCLAIM and DESI/eBOSS should have a larger S/N ratio

than planned [CII] × quasar observations by about an order of magnitude.

3.1 Introduction

Line intensity mapping (LIM) experiments have emerged as a powerful technique

to study the interstellar medium (ISM) and the diffuse gas within the circumgalactic or

intergalactic medium (CGM/IGM) by observing the aggregate atomic/molecular line emis-

sion [201, 99, 10, ]. This observing strategy complements resolved observations with current

or future flagship observatories such as JWST [66, ], Roman [181, ], HabEx, LUVOIR [195,

], and Origins telescopes [126, ]. LIM data is sensitive to the total line emission, including

faint galaxies below the magnitude limits of even flagship observatories [98, ]. LIM experi-

ments can constrain the distribution of cold gas across cosmic time, which serves as the fuel

for star formation in galaxies [91, 90, 190, 191, 31, ]. LIM observations may also shed light

on the role of early galaxy formation in reionizing the neutral gas [116, 115, 68, 84, 192, ].

Additionally, LIM experiments measure the total integrated emission even from the faintest

sources, making it easier to probe the large volumes accessible at higher redshifts compared
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to spectroscopic galaxy surveys at lower redshifts. This feature positions LIM to address

questions in cosmology, such as constraining dark matter models [34, ] and inflationary

models of the early universe [132, ].

Table 3.1: Summary of the key parameters in COMAP-Y5, Ly-α forest and galaxy surveys
used in this work :

LIM Survey area [deg2] zrange timeline Ref

COMAP-Y5 12 2.4-3.4 From 2022-2027 [33]
Ly-α Forest Survey d⊥ area [deg2] zrange timeline Ref

Ly-α , eBOSS 13 220 2.2-3.0 completed [167]
Ly-α , DESI 10 14,000 2.2-3.0 started [28]

Ly-α , PFS-bright 3.7 12.3 2.2-2.6 From 2024 to 2029 [71]
Ly-α , PFS-Faint 2.5 12.3 2.2-2.6 From 2024 to 2029 [71]

Spectroscopic Galaxy Survey Targets (sampling rate) σz
(1+z) area [deg2] zrange timeline Ref

PFS 10870 (34 %) 7× 10−4 12.3 2.2-3.5 From 2024-2029 [71, 194]

Photometric Galaxy Survey Selection σz
(1+z) area [deg2] zrange(for this work) timeline Ref

HSC- U+grizy+ YJHK (10-bands) i ¡ 25 or Mh > 1011.51 h−1M� 2× 10−2 5.5 2.0-3.0 completed [45]
HSC- U+grizy+ YJHK (10-bands) i ¡ 26 or Mh > 1011.21 h−1M� 3× 10−2 5.5 2.0-3.0 completed [45]

HSC- U+grizy (6-bands) i ¡ 25 or Mh > 1011.31 h−1M� 4× 10−2 18.6 2.0-3.0 completed [45]
HSC- U+grizy (6-bands) i ¡ 26 or Mh > 1011.01 h−1M� 6× 10−2 18.6 2.0-3.0 completed [45]

LIM has recently expanded from a focus on the 21cm emission of atomic hydrogen

to measurements of other atomic or molecular line emissions, particularly at cosmic noon

z ∼ 2− 3. For example, the CO Mapping Array Project (COMAP) [33, ] started a 5-year

Pathfinder program to observe the CO(1-0) rotational transition at z= 2.4-3.4 and CO(2-

1) at z = 6 − 8 over 12.3 deg2. In the next phase, COMAP-EOR will obtain a higher

sensitivity to the same emission lines while expanding the detection to CO(1-0) emission

at z = 4.8 − 8.6 [19, ]. The Experiment for Cryogenic Large-Aperture Intensity Mapping

(EXCLAIM), on the other hand, will observe the [CII] line emission at z = 2.5 − 3.5 and

CO rotational lines at z < 1 over 305 deg2 of the sky, rich with large extra-galactic data

archives such as SDSS Baryon Oscillation Spectroscopic Survey (BOSS) [3, ] and Hyper
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Supreme Cam (HSC) photometric galaxy survey [4, ].

However, it is challenging to detect the LIM signal owing to detector noise, and

foreground contamination from our own galaxy, as well as extragalactic sources, including

interloper emission lines in some cases. Interloper lines are emissions at different rest-frame

frequencies but redshifted to the observed channel, which can lead to misinterpretations

of the signal. One potential solution to overcome this issue is to cross-correlate the LIM

signal with other known tracers of large-scale structure, which can improve the sensitivity

of the measurement. For example, [64] show that the sensitivity of a 21-cm probe of the

neutral hydrogen at the epoch of reionization improves by a factor of several when cross-

correlated with a galaxy redshift survey. Similar cross-correlations have also been used

to constrain the 21cm × galaxy [206, ] and Ly-α emission × absorption [168, ] at lower

redshifts. [160] predict the signal in the EXCLAIM experiment can be detected through

the cross-correlation between [CII] emission, at z = 2.5−3.5, and the quasars in stripe 82 of

eBOSS. The first constraints on the small-scale power of emission from the CO molecule’s

rotational transitions at z ∼ 3 have been obtained by cross-correlating with galaxies [92,

89, 93, ]. Nevertheless, [32] demonstrate that the constraining power of the CO × galaxy

is limited by the mass completeness and redshift uncertainty of the galaxy sample.

The frequent resonant scattering of the light by the neutral hydrogen within the

intergalactic medium (IGM) leads to distinctive absorption features in the spectra of back-

ground galaxies. This large absorption field, commonly called the Ly-α forest, traces the

large-scale distribution of the underlying matter with ∼Mpc resolution. A dense collection

of these spectra can make a tomographic map of the large-scale structure [106, 77, ], which
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provides a unique opportunity to study the relationship between the galaxy properties and

their environment [139, 162, 130, 48, ]. The largest such tomographic survey with a high

density of sightlines covers around ∼ 1.7 deg2 of the sky at z = [2.2 − 2.8] through spec-

troscopy of the Lyman Break Galaxies (LBG) and QSOs, [137, ]. However, the upcoming

prime focus spectrograph (PFS) will map ∼ 10 deg2 within the same cosmic time win-

dow, similar to the observed volume of the planned LIM pathfinders like COMAP [31, ].

Quasar-based Ly-α forest surveys such as eBOSS [167, ] and DESI [28, ] map larger volumes

(∼ 220 and 14k deg2 respectively) which facilitate overlap with upcoming LIM experiments;

however, the sparsity of the sources results in lower transverse resolution.

In this study, we investigate the prospects of detecting molecular line emission

through cross-correlation with the Ly-α forest, using particularly the COMAP-Y5 experi-

ment [31, ]. In Section 3.2, we introduce the hydrodynamic simulation we use. Section 3.3

describes how we generate synthetic observations from the simulated data. Section 3.4 de-

tails the summary statistics we use and how we model the noise. Our measurement forecasts

for these statistics are provided in Section 3.5. We discuss the implications of our findings

and the robustness of the results in Section 3.6. Finally, the main findings are summarized

in Section 3.7.

3.2 Simulation

We create mock observations using the cosmological simulation ASTRID [16, 140,

]. ASTRID is run using MP-Gadget, a smoothed particle hydrodynamics (SPH) code and a

modified version of Gadget-3 used for the BlueTides simulation. The simulation initially
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contains 2 × 55003 dark matter and gas particles within a periodic box of 250h−1cMpc.

The gravity solver is based on a Tree-PM algorithm, which divides the force computation

between a long-range particle mesh (PM) and a short-range hierarchical tree. The multi-

phase prescription of star formation from [184] is adopted along with radiative and metal

cooling of the gas particles [87, 203, ]. A small correction to the star formation is applied to

account for molecular hydrogen formation [101, ]. Self-shielding of the dense gas is modeled

using the fitting function of [164]. Newly formed star particles source hydrodynamically

decoupled galactic winds, which recouple using a density change or time threshold. The

simulation places the Super-Massive Black Hole (SMBH) seeds in halos with a Friend-of-

Friend halo mass larger than 5 × 109 h−1M� and a stellar mass larger than 2 × 106 by

converting the densest gas particle in the halo. The SMBH seed mass is drawn from a

power-law distribution between 3× 104 to 3× 105 h−1M�. SMBHs are kept near their host

galaxy center with an effective dynamical friction force following [29]. ASTRID implements

black hole accretion following a Bondi-Hoyle-Lyttleton-like prescription [46, ] and thermal

black hole feedback (AGN) with an efficiency of 5% [29, ]. We refer to [140] for more details

of the SMBH model used in ASTRID.

In ASTRID, the patchy reionization of hydrogen and helium occurring at z > 6 and

z > 2.8, respectively, have significant implications for the intergalactic medium. Hydrogen

reionization is modeled using a pre-computed reionization redshift map based on the large-

scale smoothed overdensity, as described in [8]. On the other hand, helium reionization

is implemented by randomly placing large bubbles at the probable location of quasars in

massive halos, as outlined in [196]. The subhalos of dark matter used in this study are
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obtained using the SUBFIND algorithm [186, ] in post-processing, and their corresponding

subhalo masses are denoted as Mh.

3.3 Mock observations

This section provides a brief overview of the methods used to generate mock obser-

vations and how these simulations can represent both current and upcoming observational

surveys. Refer to Table 3.1 for the details of the surveys considered in this work.

3.3.1 Mock Ly-α Tomography

We produce artificial Ly-α absorption sightlines using the fast fake spectra1

python package [15, 12, 162, ]. Each gas particle is treated as a separate absorber, and the

absorption from all gas particles along the line of sight is summed to calculate the absorption

spectra. Absorption from a single gas particle is computed by convolving a Voigt profile

with the particle’s density kernel. The internal physical quantities in each SPH particle

are smoothed using a quintic spline kernel2. At z ∼ 2.5, the neutral hydrogen fraction is

computed by solving a rate network assuming ionization equilibrium between the uniform

ionizing UV background and the recombination rates from [87]. The observed mean flux

imposed by the uniform UV background [56, ] is enforced in the simulated spectra by scaling

the overall optical depth, similar to [166, 36, 162, ]. The simulated forest recovers the 1D

flux power spectrum measured by the Sloan Digital Sky Survey (SDSS) DR14 [25, ] at the

1GitHub: fake spectra
2A top-hat for TNG300 simulations, see Appendix 3.8.
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10% level. The final Ly-α absorption map generated for the power spectrum calculations is

on a uniform grid with side-length of 250h−1ckpc.

In recent years, significant progress has been made in mapping the intergalactic

medium (IGM) using Ly-α absorption tomography. We consider two classes of Ly-α survey

with mean background source separations of d⊥ = 10-13 or 2.5-3.7h−1cMpc. The eBOSS

survey, covering 220 deg2 of the sky at z = 2.2− 3.0, achieved a mean sightline separation

of d⊥ ∼ 13h−1cMpc using QSO spectra from the SDSS DR16 Stripe 82 region [167, ].

Additionally, the DESI survey has started a five-year program to observe QSOs at z > 2.1

over 14 k deg2 of the sky, achieving a mean separation of d⊥ ∼ 10h−1cMpc [28, ]. For higher

spatial resolution, spectroscopy of fainter sources like Lyman Break Galaxies (LBGs) over a

smaller footprint has been pursued by COSMOS Lyman-Alpha Mapping And Tomography

Observations (CLAMATO), which maps 0.2deg2 of sky within z = 2.05 − 2.55, achieving

a mean transverse resolution of d⊥ ∼ 2.5h−1cMpc [77, 110, ]. The largest high-resolution

tomography is performed with Lyman Alpha Tomography IMACS Survey (LATIS), which

maintains similar mean transverse resolution across 13 times larger volume at z = 2.2− 2.8

[137, 162, 139, ]. A tomography survey with the multiplex spectroscopy on the Prime

Focus Spectrograph (PFS) instrument is planned to obtain similar mapping quality, i.e.

d⊥ = 2.5 − 3.7 cMpch, over ∼ 12.3 deg2 [71, ]. This survey is large enough to potentially

fully overlap with a pathfinder line intensity survey and is set to begin in 2024. However, the

spatial resolution of the cross-correlated signal with CO emission in such dense tomographies

will also be limited by the beam size and channel width of the COMAP-Y5 pathfinder, i.e.

(d||, d⊥) ∼ (2.64, 4.66)h−1cMpc [31, ]. For our mock observations, we adopt a realistic
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spectral signal-to-noise ratio of 2 per Å for all sources, consistent with typical Ly-α forest

data from surveys such as eBOSS [104, ], CLAMATO [110, ], and LATIS [137, ]. As noted

by [125], longer exposure for individual spectra does not significantly improve the survey’s

sensitivity to the auto-correlation of the forest data. In Table 3.1, we summarize the details

of the surveys considered in this work.

3.3.2 Mock galaxy surveys

To generate a mock galaxy survey for our analysis, we adopt a method similar

to previous studies on CO × galaxy surveys [32, 113, ] and 21 cm signal × galaxies [64,

]. We construct a galaxy density map at z ∼ 2.5 by displacing subhalos based on their

peculiar velocities along the line-of-sight and then mapping them onto a uniform fine grid

with a side-length of 250h−1ckpc using the cloud-in-cell kernel. The power spectrum of this

density map in redshift space is the signal in our analysis.

In Section 3.4, we incorporate the effects of observed galaxy redshift uncertainties

by accounting for them in the noise power spectrum, following the methodology developed

in [64, ] and [32, ]. We consider two classes of galaxy redshift surveys: photometric and

spectroscopic. An example of a wide and deep photometry survey at z = 2 − 3 is the deep

layer of Hyper Suprime-Cam Subaru Strategic Program (HSC-SSP; [4]), which imaged 36

deg2 in 5 broad-band filters of grizy. The typical redshift uncertainties at the relevant red-

shifts, ignoring the outliers, are estimated to be σz
(1+z) = 0.09 by [141]. Further imaging of

18.6 deg2 of these galaxies with additional filters in the u-band by the CLAUDES project

[173, ] reduces the redshift uncertainties to σz
(1+z) ' 0.05. Moreover, observations in auxil-

iary near-infrared bands (YJHK) can reduce the uncertainties to σz
(1+z) = 0.03 for a smaller
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subset of 5.5 deg2 of these galaxies [45, ]. The photoz quality of the SourceExtractor

catalog provided in [45] degrades for fainter galaxies; therefore, we consider two subsets

with magnitude cuts of i < 25 or i < 26 (similar to those in [141]) for each of the 6-band

(ugrizy) or 12-band (ugrizy+YJHK) observed catalogs. We match the source density of

these catalog subsets with the abundance of the subhalos in ASTRID more massive than a

halo mass (Mh) threshold, resulting in slightly different mass completeness for each sub-

set, as summarized in Table 3.1. An accurate abundance matching technique, however,

requires a better understanding of the selection function of the observed galaxy samples.

We also consider an upcoming medium resolution spectroscopic galaxy survey over 12.3deg2

at z = 2.2−3.5 within the PFS galaxy evolution project [71, ]. The redshift uncertainties of

such a galaxy survey at z ∼ 2.5 are expected to be about σz
(1+z) = 7×10−4, which is required

for cosmological studies [194, ]. [71] estimates ∼ 10870 available targets in the 1.3 deg2 field

of view when observing in the faint mode, of which ∼ 34% will be targeted. We build mock

spectroscopic galaxy surveys by random sampling from halos with Mh > 1011.9 h−1M�,

following the same subhalo abundance matching technique.

3.3.3 Mock CO LIM

We model the CO emission from galaxies using a power-law scaling relation be-

tween line luminosity and average star formation in halos. To this end, we adopt the prior

provided by the COMAP-Early-Science project [31, ], which links the scaling relation be-

tween CO(1-0) luminosity (LCO) and star formation rate (SFR) to Mh through a double
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power-law parameterization modified from [144]. This uses an analytic fit between the

average SFR and halo mass proposed by the UniverseMachine framework [9, ]:

L′CO
K kms−1pc2

=
C

(Mh/M)A + (Mh/M)B
(3.1)

LCO
L�

∼ LogNorm(µ = 4.9× 10−5L′CO, σ = σ) ,

where LogNorm indicates a log-normal distribution and A,B,C,M, σ are the model pa-

rameters, which are broadly constrained by the observations from COLDz [170] and COPSS

[92]. We adopt the fiducial model parameters from Table 5 in [31] and discuss the sensitiv-

ity of our results to variations in these parameters in section 3.6. Although the ASTRID

simulation accurately reproduces the observed SFR [16, ], we do not attempt to build a new

CO emission model based on these predictions, aiming to be consistent with the COMAP

analysis. We postpone this exploration to future work.

We construct the CO temperature map by integrating the emission from all sub-

halos (MSUBFIND > 107 h−1M�) within voxels of side-length 250h−1ckpc using a cloud-in-cell

interpolation. The CO luminosity to temperature conversion (LCO-TCO) is done using the

standard conversions in units of µK, as described in Appendix B.1 in [32]:

TCO = 3.1× 104µK(1 + z)2(
νrest
GHz

)−3 (3.2)

× (
H(z)

kms−1Mpc−1
)(
LCO,vox
L�

)(
Vvox
Mpc3

)−1 (3.3)

Where LCO,vox is the total CO luminosity in each voxel with a volume of Vvox.

COMAP pathfinder experiment [33, ] observes the CO(1-0) rotational transition (rest frame
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frequency νrest = 115.27 GHZ) at redshifts between 2.4 and 3.4 in three fields of 4deg2 each.

At the five-year mark of the pathfinder experiment, the system temperature fluctuation

amplitude is expected to be ∼ 17.8 µK per map voxel, with a voxel size of (d||, d⊥) =

(2.64, 4.66) h−1cMpc at redshift of z ' 2.5 [31, ]. We account for the instrumental noise

and finite angular/spectral resolution in our model of the CO noise power spectrum (3.4).

In our analysis, we assume COMAP-Y5-like volume fully overlaps with the other auxiliary

surveys, either galaxy or Ly-α forest data.

3.4 Statistics

The primary summary statistic considered in this work is the spherically averaged

power spectrum. To estimate the signal power spectrum, we perform a Fast Fourier Trans-

form (FFT) of the noiseless signal on a uniform fine grid with a side length of 250h−1ckpc.

However, due to asymmetric uncertainties along and transverse to the sightline, we first

calculate the power spectrum in k − µ space using the following equation:

σPA(k, µ) =
PA,s(k, µ) + PA,n(k, µ)/W 2

A(k, µ)√
Nm(k, µ)

, (3.4)

where µ is the cosine of the angle between the line of sight and k the wavevector

~k. Here, PA,s and PA,n are the signal and noise power spectra for any mock observation A,

respectively. Nm(k, µ) is the mode count in each bin, and W 2
A(k, µ) is the signal attenuation

term due to the finite angular and spectral resolution of the survey. The first and second

terms in Eq. 3.4 account for sample variance in the limited observed volume and the noise

contribution in each survey, respectively.
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Figure 3.1: Left Panel: The plot shows the absolute value of the cross-correlation co-
efficients between auto CO power and CO × Ly-α or CO × galaxies power spectra. All
signal maps are on a high-resolution grid of (250h−1ckpc)3. Middle Panel: The S/N fore-
cast of the realistic mock observations within the COMAP-Y5 pathfinder’s volume. The
eBOSS observations are complete, while DESI data will be obtained in a 5-year program.
The high-resolution PFS IGM map is planned to start observations in 2023. The spec-
troscopic galaxy survey is also planned with the PFS-GE program and the photometric
galaxy surveys, HSC+CLAUDES and HSC+CLAUDES+NIR, are either completed or will
be completed as part of PFS-GE. Refer to Table 3.1 for a summary of the survey parame-
ters. Right panel illustrates the forecast total S/N for power over all k-bin, derived from
Eq. 3.14. These values are shown on each bar for convenience.

For CO LIM, we adopt the noise model and survey parameters from the COMAP

pathfinder survey [32, 31, ]. Specifically, the noise power spectrum is given by:

PCO,noise(k, µ) = σ2nVvox,COMAP (3.5)

W 2
CO(k, µ) = e−k

2σ2
⊥e
−µ2k2(σ2

||−σ2
⊥) .

where σn is the noise temperature in each voxel of volume Vvox,COMAP and (σ||, σ⊥) are the

voxel size parallel and transverse to the sightline (section 3.3.3).
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For Ly-α tomography, we estimate the uncertainties in the 3D power spectrum

following [125]. They optimize the signal-to-noise ratio (S/N) in the power spectrum for

a set of weights that quantify the contribution of each spectrum to the total signal. The

noise power spectrum is then given by:

PLyα,n(k, µ) = Plos(k||)/n̄2D,eff , (3.6)

where n̄2D,eff is a noise-weighted projected density of the background source galaxies, given

by

n̄2D,eff =
1

A
N∑
i=1

νi , (3.7)

νi =
Plos(k||)

Plos(k||) + PN,i(k||)
. (3.8)

A is the survey area and PN,i is the 1D noise power spectrum of the i’th source. In this work,

we assume PN,i(k||) to be white noise with a signal-to-noise per angstrom of (S/N) = 2,

typical of these surveys. Specifically, we have:

PN,i(k||) = (< F > /(S/N))2∆X . (3.9)

< F > is the mean absorption flux in the forest and ∆X = λLyaαH(z)h/c is the conversion

factor from Å to h−1cMpc. Since this estimate is not convolved with any instrumental beam,

we do not apply deconvolution to the noise power in equation 3.4, i.e. WLya(k, µ) = 1. We

note that the proposed noise power spectrum in Eq. 3.6 accounts only for the Poisson noise
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of the background sources. The clustering of the background sources becomes important

only for tomography surveys with a higher sightline density than we consider here, d⊥ �

2.5h−1cMpc [125, ]. This is further discussed in section 3.6.

In galaxy surveys, the noise power spectrum depends on the number density of

the galaxies, n3D, amplified by the redshift uncertainty:

PGal,noise = 1/n3D , (3.10)

W 2
gal(k, µ) = e

−µ2k2σ2
|| ,

where σ|| is the spatial resolution that is related to the redshift uncertainty, ∆z = σz
(1+z) ,

through:

σ|| =
c σz
H(z)

=
c(1 + z)

H(z)
∆z . (3.11)

The uncertainties in the cross-power spectra between the CO signal and other tracers, such

as Ly-α or galaxies, are estimated as:

σ2PCO×A(k, µ) =
σPCO(k, µ)× σPA(k, µ)

2
+
P 2
CO×A(k, µ)

2Nm(k, µ)
. (3.12)

A represents either a Ly-α or a galaxy survey. The uncertainties in the k-bins of the

spherically averaged power spectra are then computed by summing the noise power over
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µ-bins in inverse quadrature as shown in [64]:

σ−2PA(k) =
∑
µ

σ−2PA(k, µ) . (3.13)

The signal-to-noise ratio at each k-bin and the total signal-to-noise ratio are defined

as:

S

N
=

[∑
k

(
S

N
(k)

)2
]1/2

=

[∑
k

(
Pnoiseless(k)

σP (k)

)2
]1/2

. (3.14)

The intrinsic correlation of the CO signal with other tracers, i.e. Ly-α forest or

galaxies, is summarised by the cross-correlation coefficient between the noiseless fine-gridded

signals:

r(k) =
PCo×A(k)√
PCO(k)PA(k)

. (3.15)

3.5 Results

This section presents our findings on the cross-correlation signal between various

current or planned Ly-α forest surveys and the COMAP-Y5 intensity map. We adopt the

mean of the gaussianized prior provided in Table 5 of [31] as our fiducial set of CO emission

model parameters. Based on the presented forecasts in this section, the cross-correlation of

Ly-α tomography with line intensity mapping is expected to provide a competitive alterna-
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Figure 3.2: (Left) Forecasts for the inferred parameters in COMAP-Y5 × galaxy and
(Right) COMAP-Y5 × Ly-α tomography. See Sections 3.5 and 3.6.
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Figure 3.3: Comparison of the posterior prediction (dashed curves) and the signal power
spectra (solid curves)with 1 − σ uncertainties indicated by shaded regions. The left panel
displays results for CO × galaxies with three separate curves for the power spectra signals
due to varying mass completeness assumptions, which correspond to different magnitude
cuts. The smallest scales, i.e. k > 0.5h−1cMpc, are excluded from the inference due to
the linear model inadequacies in describing the signal on the smallest scales. The right
panel exhibits a significant deviation between the posterior prediction and signal for PLyα
at k < 0.1h−1cMpc attributed to bubbles of enhanced HII fraction formed during the HeII
reionization. Further discussion is provided in Appendix 3.8.
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tive to the cross-correlation with future galaxy redshift surveys for increasing the sensitivity

to the CO signal. We assume all auxiliary surveys will fully overlap with the COMAP-Y5

volume. For a more detailed discussion and interpretation of the results, please refer to

Section 3.6.

3.5.1 Signal to noise

Figure 3.1 illustrates the simulated signals of COMAP-Y5 cross-correlated against

Ly-α forest or conventional photometric and spectroscopic galaxy surveys. In the left panel,

two such noiseless signals are compared, that is, a Ly-α tomography map with a spatial

resolution of (250h−1ckpc)3 and a few galaxy surveys with perfect redshift estimation and

different mass completeness. Galaxies are better indicators of CO emission on smaller

scales compared to Ly-α absorption. This could be because the CO lines originate from the

interstellar medium (ISM) within galaxies, whereas Ly-α absorption traces larger scales in

the intergalactic medium (IGM). On large scales with k < 0.1hMpc−1, the forest becomes

less correlated with the underlying matter density due to HeII reionization modeled in

ASTRID [16, ]. HeII reionization causes extra absorption on scales larger than 30h−1cMpc

around the densest regions [124, 123, 156, 157, 69, ]. For a detailed discussion on the HeII

reionization effect, refer to Appendix 3.8.

Once realistic completeness and noise models are accounted for, Ly-α tomography

surveys become competitive. The middle panel in Figure 3.1 compares the forecast S/N for

various surveys with an observed volume similar to COMAP-Y5 Pathfinder. The simulated

volume is scaled to match the COMAP-Y5 pathfinder by modifying the term
√
Nmodes ∝

√
V in Eq. 3.4. This scaling is justified since ASTRID’s volume has sufficient modes for power
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spectrum calculations on the scales to which COMAP-Y5 Pathfinder is most sensitive, i.e.,

k = [0.05 − 0.6] hMpc−1 [80, ]. The observed signal beyond this range is significantly

contaminated and down-weighted during the pre-processing of the COMAP observations

[62, ].

In Figure 3.1, the total forecasted signal-to-noise ratio (S/N) is shown in the right

panel, estimated using eq. 3.14. The sensitivity to the cross-correlated CO emission with

a dense Ly-α tomography, where d⊥ = 2.5 − 3.7h−1cMpc, is comparable to the cross-

correlated field with a medium-resolution spectroscopic galaxy survey. Furthermore, coarse

tomography surveys with d⊥ = 10− 13h−1cMpc show better sensitivity enhancement than

most typical photometric galaxy surveys. The next section discusses the implications of a

higher S/N for characterizing the clustering of cosmological line emission.

3.5.2 Forecast parameter inference

To forecast the inference on the clustering power of the CO emission, we model

the simulated signal as biased tracers of the linear matter fluctuations in physical space:

P̂CO = (〈TCO〉bCO)2 Pm(k) + Pshot,CO (3.16)

P̂Gal = b2Gal Pm(k) + Pshot,gal (3.17)

P̂Lya = b2Lya Pm(k) (3.18)

P̂CO×Gal = bGal〈TCO〉bCO Pm(k) (3.19)

+ Pshot,CO×Gal

P̂CO×Lya = bLya〈TCO〉bCO Pm(k) (3.20)
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These equations do not account for redshift-space distortions, even though it is

present in the simulated signal. The CO × Galaxy survey model requires five parameters,

namely 〈TCO〉bCO, Pshot,CO, bgal, Pshot,Gal, Pshot,CO×Gal, while the CO × Ly-α tomography

model requires three parameters, namely 〈TCO〉bCO, Pshot,CO, bLya. Shot noise terms are

necessary for modelling the auto galaxy, CO, or their cross-power spectra due to the discrete

nature of sources. The Pshot,CO×Gal term contains exclusive information on the CO emission

strength of the sample galaxies in the cross-correlated survey compared to other shot noise

terms [10, ]. In contrast, due to the continuum nature of the HI gas density within the

IGM, no such terms are necessary for modeling the forest power. A Gaussian likelihood is

assumed for joint analysis in each scenario:

L ∼ 1

Nk

∑
i

∑
k

G
(
Pi(k)− P̂i(k), σPi(k)

)
, (3.21)

where Pi(k) and σPi(k) are the simulated noiseless power spectrum and the estimated

observational uncertainties, respectively (refer to Section 3.4). Here, i iterates over all

available auto and cross-correlated signals in each scenario. We draw MCMC samples3

from the posterior distribution obtained from the likelihood above, assuming flat priors.

The posterior constraints on all inferred parameters are shown in Figure 3.2. In

Figure 3.3, the maximum a posteriori predictions for all modeled auto and cross-power

spectra are compared to the simulated signal. Due to the different mass completeness

thresholds for the spectroscopic and photometric surveys, three sets of simulated galaxy

3using PyStan python package [169, 22, ]
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power spectra are shown on the left panel of Figure 3.3. Tighter constraints on the model

parameters from the Ly-α forest are observed, resulting in smaller uncertainties in the

posterior power prediction compared to the galaxy surveys.

For galaxy surveys, we exclude non-linear scales (i.e. k > 0.5h−1cMpc), from

the inference as they are not modeled well by the linear theory in Eq. 3.17. Removing

the smallest scales is necessary to avoid a systematic offset in the parameter inference;

nevertheless, the width of the posterior remains unchanged after this cut since the S/N is

already small on small scales (refer to Figure 3.1). The k-range of [1/250 − 0.5]hMpc−1

adopted in our CO × galaxy analysis roughly matches the range constrained by the COMAP

Early science results [31, ]. For the inference from the CO × Ly-α signal, however, we use

the full k-range of [1/250− 1.0]hMpc−1.

Moreover, we find that there is an excess of Ly-α absorption signal on the largest

scales, k < 0.1hMpc−1. We attribute this to the HeII reionization modeled in ASTRID,

which enhances absorption on scales L > 30h−1cMpc. This leads to a larger correlation in

the signal at k < 0.1hMpc−1[124, 123, 156, 157, 69, ]. The linear matter power model in

eq. 3.17 does not capture these effects in the Ly-α signal on large scales. Incorporating the

model uncertainties into σPLyα is not straightforward, so we do not attempt to do so in this

work. Consequently, this model insufficiency results in discrepant inferred values for the

Ly-α bias parameter, bLyα, across surveys with varying background source densities. We

recommend using accurate simulation-based modeling, such as emulators, over biased linear

perturbation for inferring from future observations. Emulator-based models [59, ] offer a

more reliable and precise approach to handling the complexities of large-scale structures.
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Figure 3.4: The forecast signal-to-noise ratio (S/N), taking into account contamination
from continuum foreground emission along the line of sight. Two different values of the
minimum parallel wave number, k||,min, are considered (0.01, 0.03) hMpc−1, above which
the CO power is assumed to be contaminated by interlopers. The exact k-cut is observa-
tionally unconstrained. In broad-band photometric galaxy surveys, only the parallel modes
k||,min < 0.02hMpc−1 are typically measured,and these modes are the most contaminated
by continuum foreground emission. The right panel shows the total S/N, with different
color intensities indicating different values of k||,min.

We further discuss the details of the Ly-α power spectrum in Appendix 3.8.

3.6 Discussion

Figure 3.1 presents the predicted signal-to-noise ratios for CO × Ly-α and CO × galaxies.

The surveys with high spatial resolution, such as the Ly-α tomography surveys with dense

background sources and medium-resolution spectroscopic galaxy redshift surveys planned

with the upcoming Prime Focus multiplex Spectroscopy survey (PFS), are expected to en-

hance the detection sensitivity of COMAP-Y5 by approximately 200-300%. Spectroscopic
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galaxy surveys are slightly more effective in enhancing the detection S/N on smaller scales,

probably because galaxies are inherently better tracers of the line emission from the ISM.

This is further supported by the cross-correlation coefficient presented in the left panel of

Figure 3.1. We defer a thorough examination of this behavior to future work.

The tomography surveys with a lower background source density, such as the

present-day eBOSS observations or the forthcoming DESI survey, improve the sensitivity

by 50− 75%. On the other hand, a galaxy photometric catalog, such as CLAUDS observed

in u+grizy bands [173, ], only marginally improves the detection sensitivity by ∼ 15%.

To match the S/N of COMAP-Y5 × galaxies to the CO × Ly-α forest in eBOSS or DESI,

additional near-IR photometry in YJHK bands is required. Currently, u+grizy+YJHK photo-

metric observations are limited to smaller areas (see Table 3.1). Moreover, the CO emission
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formalism. Joint analyses, including both Auto and cross-power spectra, provide tighter
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The medians and standard deviations of these distributions are tabulated in Table 3.2.
Also, refer to Figure 3.2 for the posteriors on the complete set of parameters.
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signal is susceptible to large-scale contamination caused by foreground continuum emission

from Milky Way, which weakens the cross-correlated S/N. This contamination increases the

CO noise power, σPCO,noise(k), on large parallel modes. The exact relevant scale where this

contamination becomes prominent is not understood yet. The CO × photometric galaxy

survey is, however, affected the most by foreground contamination as the signal originates

mostly from the largest line-of-sight modes (k||,min < 0.02hMpc−1) due to the large galaxy

redshift uncertainties. Fig 3.4 shows the impact of this contamination on the forecast S/N,

where the contamination is modeled by expanding the CO noise power, PCO,noise, on scales

larger than k||,min = 0.01 or 0.03hMpc−1 by a large factor of 109. These scale cuts are

conservative compared to those proposed by [80], which constrains the CO auto power on

scales k = 0.051− 0.062h−1cMpc.

We quantify the trade-off between finite sightline density and cosmic variance for

the Ly-α forest observations by comparing the noise power spectrum and the signal for

Ly-α tomography in Figure 3.5, i.e. PLya(k) vs PLya,n(k). Our results show that for eBOSS

and DESI, the primary factor affecting the cross-power spectrum signal-to-noise ratio (S/N)

at k > 0.15h−1cMpc is the finite background source density. In contrast, for PFS forest

observations, cosmic variance has the greatest impact at k < 0.4 or 0.5h−1cMpc.

As detailed in Section 3.3.3, we adopt our fiducial CO emission model as the mean

of the gaussianized covariance provided by COMAP-Early-Science [31, ]. However, this

line emission model is still poorly constrained. To assess the sensitivity of our findings, we

varied the model parameters within the 1σ range reported in Table 5 of [31]. Interestingly,

we observed that the rank ordering of the cross-power S/N forecast remained consistent with
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that of our fiducial emission model. Nevertheless, we noted that when the line emission is

particularly strong, as seen with larger C,A or smaller B,M , the auto CO signal itself has

a higher S/N, diminishing the utility of cross-correlation with coarse Ly-α tomographies or

photometric galaxy surveys.

The EXCLAIM experiment [193, ] will observe the [CII] emission at cosmic noon

and is designed to overlap with BOSS stripe 82, in order to benefit from [CII] × BOSS

QSO sample [160, ]. However, on the scales where noise dominates over cosmic variance

(refer to Figure 3.5), we can compare the detection signal-to-noise ratio of [CII] × QSO and

[CII] × Ly-α forest data, that is eBOSS observations [167, ], as:

(S/N)CII×Lyα
(S/N)CII×QSO

∼ bLyα
bQSO

(
PQSO,noise
PLyα,noise

)1/2

. (3.22)

Assuming a quasar bias factor and number density of bq = 3.64 and nQSO = 10−6(h−1cMpc)3

[60, 53, ], Ly-α bias factor of bLyα = −0.20 [177, ], we find the signal-to-noise ratio of

[CII] × Ly-α forest wins over cross-correlation against quasars by a factor of 10 or larger.

[35] measure the Ly-α emission × Ly-α forest cross-correlation and the Ly-α emission × quasar

cross-correlation function. The latter quantity is well detected, while the authors place

an upper bound on the former cross-correlation. The upper bound limits the total Ly-

α luminosity density from surrounding star-forming galaxies. On the other hand, [35]

suggest that the detection of diffuse Ly-α emission around quasars (mostly from relatively

close to the quasars at 1− 15h−1cMpc ) may largely result from reprocessed emission from

the quasars themselves, rather than sourced by surrounding star-forming galaxies. On the
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other hand, [117], a more recent reanalysis using SDSS DR16, proposes the bulk of this dif-

fuse Ly-α emission originates from the star-forming center of galaxies or the diffuse gaseous

halos around them and not from the QSOs. Similarly, our work argues that the CO × Ly-

α forest could provide insights into the origin of the CO emission, which has not yet been

tightly constrained.

Clustering of the background sources in the Ly-α forest observations, such as

quasars for eBOSS/DESI or LBGs for PFS surveys, increases the noise power spectrum,PLyα,noise,

by a factor of 1 +Cq(~k⊥)n2D, where Cq(~k⊥) and n2D are the angular power spectrum and

projected density of the sightlines contributing to the signal at a given redshift [125, ]. To

investigate this issue, we measured the sightline clustering in the largest observed dense

Ly-α tomography map, LATIS [137, ], which has a mean sightline separation comparable

to PFS-faint. Our analysis reveals that the noise power spectrum in LATIS is only slightly

elevated by a few percent at k = 0.03− 0.1hMpc−1, the scales relevant to our study. This

increase is expected to be even smaller for Ly-α surveys with lower sightline densities, such

as eBOSS and DESI. As a result, the source clustering is not expected to affect our forecast

for the signal-to-noise ratio of the cross-correlated signal with CO emission.

The results from Section 3.5.2 are summarized in Figure 3.6 and Table 3.2. The left

panel demonstrates that a PFS-like Ly-α tomography survey, with a transverse separation

of d⊥ = 2.5-3.7h−1cMpc, is more effective at constraining the line emission power spectrum

model than a spectroscopic galaxy survey planned with the same instrument, with σz
(1+z) =

7× 10−4. The right panel shows that coarser Ly-α tomography surveys, such as DESI with

a larger mean sightline separation of d⊥ = 10h−1cMpc, provide better constraints than
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HSC-like photometric galaxy surveys observed in 10 bands (u+grizy+YJHK) with a redshift

precision of σz
(1+z) = 0.02. These constraints are even comparable to those obtained from

spectroscopic surveys. This is because the Ly-α power spectrum has a larger signal-to-noise

ratio and lower dimensionality of parameter space compared to galaxy surveys, where there

are additional Pshot,gal and Pshot,× parameters absent in the CO × Ly-α model, as shown

in equation 3.17. Figure 3.6 illustrates that photometric galaxy surveys offer only marginal

improvements to the constraints from COMAP alone, which was expected based on the low

forecast signal-to-noise ratio shown in Figure 3.1.

The density of background sources in Ly-α forest maps and the accuracy of redshift

estimations for galaxy surveys both decrease with increasing redshift. The eBOSS Ly-

α forest survey has a mean transverse sightline separation of 8 − 16h−1cMpc within the

redshift range of z = 2.2 − 3.0 [167, ]. The Ly-α tomography IMACS Survey (LATIS),

which is similar to future PFS tomography surveys, has a mean sightline separation of

2.3 − 3.0h−1cMpc within the redshift range of z = 2.2 − 2.8[137, ] . This study covers a

range of sightline separations that falls broadly within this range. To compare with actual

observed data, it is necessary to simulate the exact survey characteristics in the mock data,

such as the mean source density in Ly-α forest observations or the redshift estimation

errors for galaxy surveys. In this work, we acknowledge that the auxiliary surveys (refer to

Table 3.1) considered are assumed to fully overlap with the COMAP-Y5 volume, although

this may not be the case for all observations. Nonetheless, we believe that incorporating

this factor is straightforward, and we hope that our forecast will inspire future decisions

regarding observations.

98



3.7 Summary

The LIM technique is a recent development for measuring the collective emission

of specific atomic or molecular lines from galaxies of varying masses. However, detecting

these faint signals still poses a challenge due to the necessary sensitivity. To improve the

detection signal-to-noise ratio, cross-correlation with other large-scale structure tracers has

been found to be effective, such as combining LIM with galaxy redshift surveys or other LIM

experiments. In this study, we explore a promising new survey method with exceptional

spatial resolution, Ly-α tomography. Ly-α tomography uses a dense sample of background

galaxies (or quasars) to create a 3D map of neutral hydrogen in the intergalactic medium

[125, 106, ].

In particular, using large cosmological hydrodynamic simulations, we model the

anticipated signal for the COMAP LIM experiment at the 5-year benchmark (Section 3.3.3).

Our findings are expected to apply to other molecular LIM experiments with similar in-

strumental noise; however, one should adopt the appropriate model for the emission line

observed in each particular LIM survey. We also made mock observations of the Ly-

α absorption signal for fully observed tomography surveys, such as eBOSS [167, ], and

those expected to be completed in the coming years, such as DESI [28, ] or PFS [71, ] (Sec-

tion 3.3.1). The key variable for Ly-α tomography surveys is the mean separation between

the observed background sources. The map area covered by these surveys is comparable

to or exceeds the coverage for COMAP-Y5. In this work, we assume these auxiliary maps

fully overlap with the observed volume of COMAP-Y5. For a comprehensive list of survey

parameters, including the volume coverage, please consult Table 3.1.
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The findings of this study highlight the potential benefits of utilizing the Ly-

α forest to aid in the initial detection of signals in line intensity experiments. The en-

hancement of the signal-to-noise for the cross-correlated CO emission with any auxiliary

survey depends on the spatial resolution and the noise in the auxiliary data [32, ]. The

cross-correlation between COMAP-Y5 and the PFS Ly-α tomography survey will enhance

the detection signal-to-noise by ∼ 200 to 300%, comparable to medium-resolution spectro-

scopic galaxy surveys planned with the same instrument (Fig 3.1). The cross-correlation

signal with sparser Ly-α tomography surveys, such as eBOSS and DESI, still enhances the

detection S/N by 50 to 75%. Our results can be readily applied to actual existing data

thanks to the observed quasar spectra in eBOSS Stripe 82, which covers an extensive area

of 220 deg2. Additionally, we demonstrate that the clustering of CO emission sources can

be tightly constrained by the Ly-α tomography surveys. This is possible as a result of the

elevated signal-to-noise ratio in the cross-correlation, as well as the uncomplicated nature

of Ly-α absorption power spectrum modeling compared to the galaxy redshift surveys in

CO × galaxies. However, a joint constraint on the emission clustering from CO × Ly-α and

CO × galaxies is expected to provide further consistency tests on the inferred parameters.

Our findings are presented in section 3.5 and 3.6, depicted in Figure 3.6, and summarized

in Table 3.2.

It should be noted that any foreground contamination, or other systematics, that

are unique to CO and Ly-α forest surveys, will not lead to biases in the inferences from the

cross-spectrum signal. For example, residual foreground contamination might strongly bias

a CO auto-power spectrum but will not lead to a spurious correlation with the Ly-α forest.
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Table 3.2: Comparison of forecast inference results for CO emission clustering across differ-
ent surveys. The complete posterior distributions are shown in Figures 3.2 and 3.6. Physical
units are in µK and µK2(cMpc/h)3 for 〈TCO〉bCO and Pshot,CO respectively.

Survey 〈TCO〉bCO Pshot,CO

COMAP-Y5 1.68 ± 0.17 647 ± 136

COMAP-Y5 × Gals HSC-6bands, i ¡ 26 1.67 ± 0.13 663 ± 135

COMAP-Y5 × Gals HSC-10bands, i ¡ 25 1.68 ± 0.10 657 ± 128

COMAP-Y5 × Gals PFS 1.68 ± 0.08 654 ± 119

COMAP-Y5 × Lyα, eBOSS 1.66 ± 0.09 657 ± 114

COMAP-Y5 × Lyα, DESI 1.65 ± 0.08 662 ± 112

COMAP-Y5 × Lyα, PFS bright 1.61 ± 0.05 684 ± 108

COMAP-Y5 × Lyα, PFS faint 1.60 ± 0.04 691 ± 107

Section 3.6 presents a simple order-of-magnitude calculation, which suggests that

the cross-correlation with Lyman-alpha forest fluctuations would also be beneficial for the

EXCLAIM survey [193, ]. EXCLAIM will observe [CII] (1900 GHz restframe) emissions

at cosmic noon and has significant overlap with BOSS quasars [160, ].

In Section 3.6 and Appendix 3.8, we emphasize that precise modeling of the galaxy

line emission and the Ly-α absorption signals is necessary for an accurate inference from

actual data. Consequently, we defer a thorough emulator-based inference using cosmological

simulations similar to that in previous studies [59, 17, 75, ] to future work.

3.8 Robustness of the results to Simulation Choice

To verify the robustness of our results to the cosmological simulation used, we con-

duct the forecast analysis using a second cosmological hydrodynamic simulation, TNG300-1

[135, ]. ASTRID has 1.8 times larger volume and increased particle mass resolution, as well

as models for patchy hydrogen and helium reionization. Inference on the mock signal gen-
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erated from the TNG300 simulation is presented in Figure 3.7. The posteriors on 〈TCO〉bCO

and Pshot,CO and the rank order of the signal-to-noise ratio predictions for CO × Ly-α and

CO × galaxies have remained unchanged. Unlike the results shown in Figure 3.2, the in-

ferred bLyα from multiple surveys mocked using TNG300 are now in agreement. This agree-

ment can be attributed to the following.

The difference between TNG300 and ASTRID is because TNG300 does not incor-

porate a model for HeII reionization, which boosts power on scales comparable to the size of

the reionized bubble (30h−1cMpc). In ASTRID, guided by the radiative transfer simulations

of [125], HeII reionization is modelled by the creation of 30h−1cMpc ionized bubbles around

potentially quasar-hosting halos [196, ]. Comparing the 3D auto power-spectrum of the Ly-

α absorption signal in ASTRID with TNG300-1 in Figure 3.8 shows ASTRID predicts roughly

an order of magnitude larger power at scales k < 0.1hMpc−1. This large-scale power

enhancement is expected in any patchy reionization model, as discussed in [156, 157, 69].

However, patchy reionization is not included in either the linear bias model outlined

in Eq. 3.17, nor TNG300, which thus agree with each other, although neither would agree

with the true expected signal.

Damped Ly-α absorbers (DLAs) and Lyman Limit Systems (LLS) produce sub-

stantial absorption in the spectrum. The effect of the damping wings in these absorbers

resembles the observed overshooting of power on large scales [171, ]. The contribution of

DLAs/LLS to the power spectrum can be reduced by masking these absorbers, as is also

done in observational surveys [137, ]. Figure 3.8 shows that there is still a power spectrum

excess on large scales, even after masking all the absorbers with equivalent width larger
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Figure 3.7: Validation with an alternate cosmological simulation: (Left) The maxi-
mum a posteriori power spectra. (Right) The inferred parameters for COMAP-Y × Ly-
α tomography mock observations from the TNG300 hydrodynamical simulation. Compared
to Fig 3.2, consistency in the inferred bLyα values is seen among surveys. The absence of
HeII reionization in the TNG300 simulation allows a biased linear power spectrum to fit
the largest scales well.

than EW > 5Å. This indicates that DLAs/LLS alone cannot fully account for the excessive

power at large scales.
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Chapter 4

An emulator for the 3D Ly-α forest

power spectrum

Abstract

We present a multi-fidelity emulator for the non-linear 3D Ly-α forest power spec-

trum using the PRIYA simulation suite. This Gaussian Process (GP) emulator is trained on

48 low-fidelity and 3 high-fidelity simulations which vary 9 cosmological and astrophysical

parameters. Our emulator achieves a 5% accuracy on scales 0.16 < k < 12hMpc−1 and

redshifts 2.2 ≤ z ≤ 3.6. We find that the 3D Ly-α power spectrum is significantly sensitive

to the mean optical depth, τ̄(z), and the primordial power spectrum parameters, Ap and

np, in a non-degenerate manner. The HeII reionization parameters have a moderate impact

on the 3D power, less than 8%, and are degenerate. Variations in the hydrogen reionization

midpoint redshift, zHi, have a small effect on the power, 5 − 6% only at higher redshifts
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z = 4. Other cosmological parameters, the Hubble parameter, h, and the physical matter

density, Ωmh
2, show much smaller impact, less than 5% on the power. The AGN feedback

strength has the smallest impact on the 3D power spectrum. In a future work, using our

emulator, we will infer these parameters from the publicly available BOSS Quasar survey.

Our emulator code 1 and the training data2 are publicly available.

4.1 Introduction

The absorption of the bright quasar light by the neutral hydrogen in the Inter-

galactic Medium (Ly-α forest, [72, ]) is a tracer of the distribution of the underlying Dark

Matter distribution, hence a powerful cosmological probe [36, 120, 200, ]. The 3-dimensional

correlation between the Ly-α absorption in the spectra of many QSOs has been used to mea-

sure the Baryon Acoustic Oscillations (BAO) peak to constrain the expansion history of the

Universe and cosmological matter density, Ωm [178, 179, 50, ]. On smaller scales, averaging

the Ly-α forest absorption power spectrum along many quasar spectra has been used to

place powerful constraints on the primordial power spectrum by itself [58, 175, ] or in com-

bination with other probes including the Cosmic Microwave Background (CMB) [176, 145,

]. The incorporation of both the large and small scale information from the Ly-α forest can

improve the cosmological constraints due to access to larger data and the sensitivity to a

larger set of parameters, i.e., the primordial power from smaller scales and Ωm and H0 from

the BAO peak. This has been tested in [39] which improved the constraints on the matter

1GitHub: https://github.com/sbird/lya_emulator_full
2GitHub: https://github.com/qezlou/3d_lya_power
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density Ωm by a factor of two through incorporating the information from slightly wider

scales (25 < r < 180h−1cMpc) as opposed to the BAO peak alone.

The three-dimensional correlation function has primarily been used to estimate the

correlations between observed QSO sightlines on large scales. Recent works have explored

different methods for estimating the 3D power spectrum [61, 85, ] from a discrete set of

QSO sightlines with each spanning a different redshift range. For a consistent analysis of

both the small and large scales, we consider the 3D power spectrum in this work which

already contains the information from the 1D power spectrum along the line of sight.

Most previous large-scale forest correlation studies relied on perturbative models

of the cosmological structure formation to model the Ly-α forest power spectrum. However,

these models are not relieable on small scales. Using a suite of hydrodynamical simulations

which varies a few cosmological parameters, [6] concluded that the non-linearities in mod-

eling the 3D power spectrum of Ly-α forest are essential. They provided a parameterized

fitting function between the linear power and the one estimated from the hydrodynamical

simulations. Comparing these fits with other simulations, [67] finds the fits to be accurate

at the 5% level. Testing these fits across a wider range of variations in cosmological and

thermal history parameters than performed in [6] is required. In this work, for the first

time, we build a simulations-based emulator for the non-linear 3D Ly-α power spectrum.

The Gaussian Process (GP) emulator is trained on the PRIYA simulation suite [13, ] which

varies 4 cosmological parameters, 3 HeII reionization parameters, 1 hydrogen reionization,

and 1 AGN heating strength feedback paramter. In light of recent success in constraining

these parameters with the 1D Ly-α power spectrum [58, ], we aim to provide a robust,
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percent-level accurate emulator for the 3D power spectrum applicable to BOSS [3, 50, ] and

DESI data [28, 70, ]

The structure of this paper is as follows. In Section 4.2.1, we describe the PRIYA

suite of simulations. Our methods for computing the 3D power spectrum from these simula-

tion snapshots are described in Section 4.2.2. In section 4.2.3, we introduce our multi-fidelity

emulator for the 3D power spectrum. We present our results in Section 4.3, including the

accuracy of our emulator (Section 4.3.1) and the effect each cosmological and astrophysical

parameter has on the 3d power spectrum (Section 4.3.2). We conclude in Section 4.4 and

discuss the prospects for constraining the cosmological and astrophysical parameters with

the existing and upcoming observed data.

4.2 Methods

4.2.1 Simulations

The work in this paper is based on the PRIYA simulation suite [13, ]. The suite

consists of 48 low-fidelity (LF) and 3 high-fidelity (HF) simulations. The LF simulations are

run with 15363 particles in a 120h−1cMpc box size, and the HF simulations are run with

30723 particles with a similar box size. Using a Latin hypercube sampling, the simulations

vary 9 cosmological and astrophysical parameters. The cosmological parameters include

the amplitude and slope of the primordial power spectrum, Ap and np, the physical matter

density, Ωmh
2, the Hubble parameter, h, the HI and HeII reionization parameters,and the

strength of the heating from the AGN feedback, εAGN . The HeII reionization parameters

include the redshift at which the HeII reionization starts and ends, zHei and zHef , and
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the strength of the heating from the sources, αq. Moreover, midpoint redshift of the HI

reionization, zHI , is also varied. The range of parameter variations is listed in Table 4.1.

The LF simulations are expected to capture the parameter sensitivities, and the resolution

effects are corrected with the HF simulations.

The most relevant astrophysical processes at z = 2 − 4 are the temperature fluc-

tuations from the ongoing HeII reionization. This is included through the patchy HeII

reionization model implemented by [196] in the MP-Gadget3 simulation code. Briefly, as-

suming the radiation from the QSOs is driving the HeII reionization, reionized bubbles are

placed around randomly selected massive halos. The QSO’s radiation spectral index, αq,

sets the amount of heating in the bubbles. The bubbles are of fixed size of 20h−1cMpc,

and their counts at each redshift are determined such that the ionization fraction matches

a linearly interpolated value between zHei and zHef .

The patchy HI reionization follows a semi-analytic model based on radiative trans-

fer simulations [8, ]. The outputof this model is a precomputed map of the reionization red-

shift at each voxel of size 1h−1cMpc in the simulation box. The gas in ach voxel, only after

the corresponding reionization redshift is exposed to the Ultra-violet background radiation.

To account for the effect from the reionization fronts, the temperature of the gas is boosted

to 15, 000K [40, ]. As previously pointed out by [13], the inferred zHI from the Ly-α forest

at lower redshifts, z < 6, using this model, will be conditional on this temperature boost.

For a detailed description of the PRIYA simulation suite, refer to [13].

3https://github.com/MP-Gadget/MP-Gadget
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Table 4.1: The prior range of the cosmological and astrophysical parameters varied in the
PRIYA simulation suite [13, ]

Parameter Prior range Description

np [0.8, 0.995] Scalar spectral index
Ap [2.0, 3.0]× 10−9 Primordial power amplitude at k = 0.98h/Mpc
h [0.66, 0.75] Hubble parameter
Ωmh

2 [0.141, 0.146] Physical matter density at z = 0
zHeI [3.5, 4.1] HeII reionization start redshift
zHeII [2.6, 3.2] HeII reionization end redshift
αq [0.5, 1.5] Spectral index of QSOs driving the HeII reionization
zHI [6.5, 8.0] HI reionization midpoint redshift
εAGN [0.03, 0.07] Thermal efficiently of black hole feedback
τ0 [0.75, 1.25] Mean optical depth at z = 3
dτ0 [−0.25, 0.25] Mean optical depth redshift evolution

4.2.2 Computing the 3D Ly-α Forest Power Spectrum

In this work, we utilize the spectra generated from the PRIYA simulation suite in

[13]. For a detailed description of the spectra generation process, we direct the reader to

that paper. In summary, the Ly-α forest absorption signal from the simulations is generated

using the publicly available fake spectra4 code. This code generates synthetic Ly-α forest

spectra by computing the optical depth along sightlines through the simulation box. The

contribution from all particles near the sightlines is accounted for through convolution with

the Voigt profile estimated from the temperature, density, and velocity of each particle.

Spectra are generated with sightlines across all three axes of the simulated box. The optical

depth is scaled to match the mean flux constraints from [94]. Our model allows for variations

4https://github.com/sbird/fake_spectra
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in these constraints by introducing two parameters, τ0 and dτ0, which scale the mean optical

depth at z = 3 and its redshift evolution, respectively:

τKim(z) = 0.0023× (1 + z)3.65 (4.1)

τeff (z) = τo ×
(

1 + z

4

)dτ0
τKim(z) (4.2)

The priors on these parameters are listed in Table 4.1. In practice, variations in

dτ0 can be incorporated into the scaling of the mean optical depth at z = 3, τ0; therefore,

we only vary τ0 within a slightly changed range of 0.70− 1.28.

The generated spectra are on regular grids with a resolution of 0.25h−1cMpc in

the transverse and ∼ 10, km/s along the line of sight. For the 3D power spectrum, we need

the Ly-α absorption map to have a similar sampling rate along and transverse to the line of

sight; therefore, we use Cloud-in-Cell (CIC) interpolation to downsample the spectra along

the line-of-sight to 0.25h−1cMpc to match the transverse resolution. This absorption map

on a regular grid is then fed to Nbodykit [74] software to compute the 3D power spectrum.

The power is first computed with Fast Fourier Transform (FFT) in 3D dimensions and then

binned in 2D (k, µ). We choose 10 uniformly sampled µ bins and adjust the k bins to make

sure no bin is left with empty modes; hence, the k-bin size is dk = 3 × 2π/Lbox, which is

three times the fundamental mode of the box. The 3D power spectrum is then computed

by averaging the power in each (k, µ) bin across all the sightlines. The entire pipeline for

computing the 3D power spectrum is implemented in the fake spectra5 package.

5https://github.com/sbird/fake_spectra
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4.2.3 Emulator

The structure of our multi-fidelity emulator for the 3D power spectrum is close to

the emulator for the 1D power developed in [13] and [58]. We incorporated the 3D power

spectrum emulator in the same package on GitHub6. All the (k, µ) bins are concatenated

into a single vector, and each element of this vector is treated as a separate output. The

input to the emulator is the 10 cosmological and astrophysical parameters varied in the

PRIYA suite: 4 cosmological parameters, 3 HeII reionization parameters, 1 hydrogen reion-

ization parameter, 1 for mean optical depth scaling factor, and 1 for the strength of AGN

feedback.

One emulator for all (k, µ) bins accurately captures the correlation between the

bins (Section 4.3.1), and training a separate emulator for each bin did not improve the

accuracy of the emulator any further. Here, we briefly review the structure of the emulator

and refer the reader to [13, 59, 75, ] for a detailed description of the multi-fidelity emulator.

The emulator is trained on the low-fidelity simulations to capture the parameter

sensitivities and then corrected with the high-fidelity simulations to capture the resolution

effects. The low-fidelity emulator is a Gaussian Process (GP) drawing a vector from a

multivariate normal distribution with a mean and covariance matrix:

P 3D
LF (k, µ) ∼ GP (µθ, k(θ,θ′)) (4.3)

6GitHub: https://github.com/sbird/lya_emulator_full/tree/master
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Rescaling the 3D power to the median of the training sample helps set the prior

on the mean of the GP, µ(θ), to zero. The covariance is a combination of RBF and linear

kernels:

kRBF (θ,θ′;σ0, l) + kLIN (θ,θ′;σ) = σ20 exp

(
d∑
i=1

−(θi − θ′i)
2l2i

)
+

d∑
i=1

σ2i θiθ
′
i (4.4)

Where σ0, σi, and li are hyperparameters to learn from the training samples. The length-

scale li captures the sensitivity of the RBF kernel to the parameter θi, and we allow the

emulator to find an independent value for each dimension. The multi-fidelity emulator is a

linear combination of the low-fidelity emulator and another GP that incorporates parameter-

dependent corrections to the low-fidelity emulator:

P 3D
HF (k, µ, z;θ) = ρ(z).P 3D

LF (k, µ, z;θ) + δ(k, µ, z;θ) (4.5)

The GP δ(θ) has a similar combination of RBF and linear kernels. The RBF, however,

shares a single length scale, l, for all parameters. The scaling factor ρz and the shared

length scale l are learned from the training samples. We train one separate emulator for

each redshift bin from z = 2.2 to z = 4.0.

4.3 Results

The results of our multi-fidelity emulator for the 3D Ly-α power spectrum are

presented in this section. In Section 4.3.1, we discuss the convergence of our simulations for

the 3D Ly-α power spectrum. In particular, we compare the accuracy of our emulator (the
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Figure 4.1: The cosmic variance effect on the 3D Ly-α forest power spectrum P (k, µ).
The colormap shows the fractional difference between two low-fidelity simulations run with
the same exact parameters but different random seeds, i.e., initial conditions. The 95th
percentile of the fractional difference is printed in the top right corner of each panel. The
largest scales k < 0.5hMpc−1 are affected due to the different spatial distribution of the
HeIII bubbles with each random seed.
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leave-one-out errors) with the convergence level of the low-fidelity simulations and show

our multi-fidelity emulator properly corrects for the majority of the differences between the

low and high-fidelity simulations. In Section 4.3.2, we discuss the sensitivity of the 3D

Ly-α power spectrum to the cosmological and astrophysical parameters and compare those

to the accuracy of our emulator.

4.3.1 Convergence Test and the Accuracy of our Emulator

Figure 4.1 shows that the cosmic variance affects the 3D Ly-α power spectrum in

the low-fidelity simulations by less than 5% across all (k, µ) bins. The panels compare the

power in two LF simulations with the same cosmological/astrophysical parameters but run

with different random seeds. Cosmic variance only affects the largest scales, k < 0.5/hMpc,

and remains at the same level across redshift bins, 2.2 < z < 4.0. The larger impact

on the largest scales originates from different positioning of the HeIII bubbles in the two

simulations. This effect was observed in the 1D Ly-α power spectrum to a lesser degree [13,

]. This suggests better accuracy than 5% on the 3D power spectrum requires simulations

with a larger volume to obtain a sufficient number of modes on large scales.

The comparison between the low-fidelity and high-fidelity simulations in Figure 4.2

shows that the particle resolution plays a more crucial role in the accuracy of the modeled

3D power spectrum. The LF power deviates from the HF simulations by ∼ 10 − 20%,

depending on the parameters, at z < 3.6 and increases to 27 − 34% at higher redshifts,

z ∼ 3.6− 4.0. The power on the largest scales at high redshifts is the most affected by the

resolution convergence, the scales and redshifts at which HeIII bubbles have a significant
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Figure 4.2: The convergence of the low-fidelity simulations for the 3D Ly-α power spectrum.
Each row shows the difference between the high-fidelity and low-fidelity simulations at
different redshifts. For simplicity, we only show the results for selected redshift snapshots.
The low-fidelity simulations deviate the most on the largest scales at higher redshifts, where
HeII reionization is happening. In Fig 4.3, we show that our multi-fidelity emulator properly
learns to correct between LF and HF simulations.
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impact on the signal (Appendix A in [161, ] and [156, 69, ]). This is a larger discrepancy

between the low and high-fidelity simulations compared to the 1D Ly-α power spectrum

studied in [13]. In Section 4.3.2, we will see that the 3D power is more sensitive to the

modeling of the HeIII bubbles compared to the 1D power spectrum, where the latter is

an averaged statistic across many sightlines. This may suggest that the proper modeling

of the impact HeII reionization has on the 3D power requires high enough resolution to

capture the small scale. We speculate the cooling of the gas in HeIII regions might require

a higher resolution than the LF simulations. However, further investigation in a future work

is required to confirm this hypothesis.

Nonetheless, our multi-fidelity emulator is capable of properly correcting for this

resolution effect. In Figure 4.3, we show the leave-one-out errors of our multi-fidelity em-

ulator. Each row compares the prediction of our MF-emulator trained on all but one

high-fidelity simulations to the unseen high-fidelity simulation. The emulator is accurate to

1−6% on all scales and redshifts z < 3.8 and slightly increases to 1−9% at higher redshifts

where the largest scales are harder to correct for due to the larger deviation between the

low and high-fidelity simulations (compare to Figure 4.2). The three available HF simula-

tions each have different cosmological/astrophysical parameters; therefore, the wide range

of the leave-one-out errors suggests the resolution correction by the multi-fidelity emulator

is parameter dependent. This accuracy can be improved by incorporating a few more HF

simulations spanning different ranges of parameters.

In the next section, we examine the sensitivity of the 3D power spectrum to the

cosmological/astrophysical parameters. Comparing those to the accuracy of our emulator
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Figure 4.3: The accuracy of our multi-fidelity emulator for the 3D Ly-α power spectrum.
Each row shows the leave-one-out errors obtained by comparing the multi-fidelity emulator’s
prediction and the unseen high-fidelity simulation. The box in the top right corner of each
panel shows the 95th percentile of the fractional error. For redshifts z < 3.8, the emulator is
accurate to approximately 1−6% on all scales. At higher redshifts, the emulator’s accuracy
slightly drops due to the larger difference between the low and high-fidelity simulations
(compare to Fig 4.2).
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at each redshift will inform us if such sensitivities are reliably modeled and of the prospects

for constraining these parameters with the upcoming observational surveys.

4.3.2 Effect of Parameters on 3D Ly-α Power Sepctrum

By training our multi-fidelity emulator on all the available low and high-fidelity

simulations, we can now model the sensitivity of the 3D Ly-α power spectrum to the

cosmological and astrophysical parameters. Each panel in Figures 4.4, 4.5, 4.6, and 4.7

illustrates the change in the power spectrum, P (k, µ), when we vary one parameter at

a time. The colormap shows the fractional difference between the power estimated at a

specific parameter value labeled in the top left corner to the fiducial values at the midpoint

of the prior range. The 95th percentile of this fractional change across all (k, µ) bins is

printed in the top right corner of each panel. The general trends are consistent with the 1D

Ly-α power spectrum studied in [13]; however, the fractional changes introduced by these

parameter variations are larger for the 3D power spectrum.

The impact of the mean Ly-α optical depth scaling is illustrated in the top panels

of Figure 4.4. The fiducial value of τ0 = 1 is varied to 0.8 and 1.2. A larger optical

depth scaling increases the power amplitude on all scales by approximately 38− 66%. This

effect is more pronounced at higher redshifts where there is a larger abundance of neutral

hydrogen. The mean optical depth exhibits the most significant effect on the power spectrum

compared to the other parameters and dictates the amplitude of the power with minimal

scale-dependency. Varying the slope of the primordial power spectrum, np = 0.82 or 0.98

compared to the fiducial value of 0.898, results in a power change of about 10% (second row
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Figure 4.4: T The effect of cosmological parameters on the 3D Ly-α power spectrum is
depicted. The colormap on each panel displays the fractional difference between the power
estimated at a specific parameter value and the fiducial value (the midpoint of the prior
range). The 95th percentile of this fractional change is printed on the top right corner of
each panel. Two redshift samples are selected for each parameter. The mean optical depth
scaling, τ0, and the primordial power parameters have the largest impact on P (k, µ).
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in Figure 4.4). This change is scale-dependent, where a smaller np increases the Ly-α power

on larger scales and decreases it on smaller scales. Increasing the amplitude of the primordial

power spectrum (the bottom panels of Figure 4.4) alters the power by approximately ∼ 20%,

especially on the largest scales. As noted by [13], the scale-dependent effects of Ap and np

on the power spectrum (both 1D and 3D) ensure they are non-degenerate with the mean

optical depth, τ0, which in turn determines the general scaling of the power spectrum. The

effects from τ0, Ap, and np are all larger than the ∼ 5% accuracy of our emulator at similar

redshifts, hence reliably modeled.

The variations of the Hubble parameter, h = 0.66 and 0.74 from the fiducial

value of 0.7, and the physical matter density (the growth factor), Ωmh
2 = 0.141 and 0.145,

compared to the fiducial value of 0.143, have a smaller impact on the power, as shown in

Figure 4.5. The 5% and smaller changes are comparable to the accuracy of our emulator.

[13] attributed the small sensitivity of the 1D power spectrum to changes in the h parameter

to the unit conversion between comoving and observed coordinates, km/s. However, this

cannot be the reason in our case since the computed 3D power spectrum in this work is in

comoving coordinates, the native binning of the simulations. We speculate that the small

sensitivity to h at higher redshifts could be attributed to the dependency of gas cooling

rates on this parameter, which modulates the gas temperature; however, we postpone a

detailed diognoisis to a future work.

The moderate effect of the HeII reionization parameters, less than 8%, is shown

in Figure 4.6. Similar to the 1D power spectrum [13, ], these effects are more subtle than

those of τ0, np, and Ap. These effects are largest at redshifts where HeII reionization
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is occurring, zHei < z < zHef . Variations in αq and zHef primarily affect the largest

scales, as previously observed for the 1D power spectrum [13, ]. This scale-dependency

originates from the temperature fluctuations across the box caused by the patchy HeII

reionization [161, 157, 69, ]. All these HeII reionization parameters impact the 3D power

similarly, hence they are degenerate. One can break the degeneracies by incorporating extra

information from the thermal history of the IGM, i.e., the mean temperature obtained from

high-resolution spectra. This task is beyond the scope of modeling the 3D Ly-α power

spectrum measurements but will be useful while performing inference on the observed data.

Similar scale-dependency is evident for the hydrogen reionization parameter, zHi.

The top panel of Figure 4.7 shows that at higher redshifts, around z ∼ 4, closer to the hy-

drogen reionization midpoint, zHi, the residual temperature fluctuations increase the power

by about 6%, especially on the largest scales. This behavior was previously observed in the

1D power spectrum [13, ] and radiative transfer simulations [129, ]. However, observation-

ally estimating power at these redshifts suffers from large statistical uncertainties due to

the scarcity of observed QSOs at high redshifts. A detailed analysis of these observational

factors is postponed to future work. Moreover, as discussed in Section 4.3.1 (Figure 4.2),

our emulator’s accuracy slightly drops at higher redshifts, z = 3.8 − 4.0, hence this effect

may not be reliably modeled.

Finally, varying the AGN feedback strength (bottom panel of Figure 4.7) has the

smallest impact on the 3D power spectrum, lower than the 5% accuracy of our emulator.

For further discussion on its impact on the high column density absorbers, refer to [13].
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Figure 4.5: Smaller sensitivity of the 3D Ly-α power spectrum to other cosmological pa-
rameters, the Hubble parameter h, and physical matter density Ωmh

2. The ∼ 5% and
smaller sensitivity to these parameters is comparable to or smaller than the accuracy of our
emulator.

However, a stronger AGN feedback model such as SIMBA may have a more pronounced

impact on the 3D power spectrum [42, ].

4.4 Conclusions

In this work, for the first time, we constructed a multi-fidelity emulator for the 3D

Ly-α forest power spectrum. This Gaussian Process (GP) emulator was trained using the
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Figure 4.6: The moderate effect, < 8%, of the HeII reionization parameters on the 3D
Ly-α power spectrum. The redshift at which HeII reionization ends, zHef , and the strength
of the heating from the sources, αq, impact the largest scales the most.
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Figure 4.7: Small sensitivity of the 3D Ly-α forest power spectrum to the hydrogen reioniza-
tion midpoint redshift, zHi, and the strength of AGN feedback, εAGN . At higher redshifts,
z ∼ 4, the residual temperature fluctuations from the hydrogen reionization increase the
power by about 6%, especially on the largest scales. The AGN feedback has a marginal
impact on the power.
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PRIYA simulation suite [13], which comprises 48 low-fidelity and 3 high-fidelity simulations.

These cosmological hydrodynamical simulations cover a 9-dimensional parameter space,

incorporating 4 cosmological and 5 astrophysical parameters.

In Section 4.3.1 (Figure 4.1), we demonstrated the convergence of the 3D power

spectrum, P (k, µ), obtained from simulations with a 120h−1cMpc box size to approximately

5% on the largest scales. This level of accuracy is adequate for measurements from the BOSS

survey [50] and upcoming DESI data [70]. While running simulations with larger box sizes

could help reduce the cosmic variance effect, the incorporation of another tier of simulations

with different box sizes is deferred to future work. Additionally, we estimated the resolution

convergence of the 3D Ly-α power estimated from low-fidelity (LF) simulations with 15363

particles by comparing to the power from the high-fidelity (HF) simulations with 30723

particles. The resolution convergence ranges from 10− 20% at lower redshifts (z < 3.6) to

27 − 34% at higher redshifts (Figure 4.2). However, our multi-fidelity emulator effectively

corrects for this resolution effect. The leave-one-out error of our emulator for the three

available HF simulations achieves an accuracy ranging from 1− 6% at lower redshifts (z <

3.8) to slightly larger, 1−9%, at higher redshifts (z = 3.8−4.0) (Figure 4.3). These errors are

only marginally larger than the 5% cosmic variance effect. The broad range of leave-one-out

errors indicates that the map between the LF and HF simulations is parameter-dependent

(cosmological and astrophysical), which could be improved by incorporating a few more HF

simulations into the PRIYA suite in the future.

In Section 4.3.2, we investigated the effects of different parameters on the 3D Ly-

α power spectrum. Our findings align with the 1D Ly-α power spectrum explored in [13],
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albeit with generally larger impacts for the 3D power spectrum. We found that the mean

optical depth scaling, τ0, determines the general scaling of the power spectrum. A 20%

increase in the mean optical depth results in a 38% change in power at z = 2.2 and a 66%

change at z = 3.6. The amplitude and slope of the primordial power spectrum, Ap and

np, exhibit scale-dependent impacts on the 3D Ly-α power spectrum (Figure 4.4). Vari-

ations in these parameters from the midpoint of the prior range impact the 3D power by

10− 20%. Similar to the 1D power spectrum [13, ], this scale dependency ensures they are

non-degenerate with the mean optical depth, τ0. The HeII reionization parameters have a

moderate impact on the 3D power, less than 8% (Figure 4.6), and are degenerate with each

other. However, this degeneracy can be resolved by incorporating information from the ther-

mal history of the IGM, such as the mean IGM temperature obtained from high-resolution

spectra [65, ], as previously done for the 1D power spectrum [58, ]. Our emulator exhibits

small sensitivity in the 3D Ly-α power to the hydrogen reionization midpoint redshift, zHi,

especially at higher redshifts (Figure 4.7). This is attributed to the residual temperature

fluctuations from patchy hydrogen reionization [129, ]. The other cosmological parameters,

the Hubble parameter, h, and the physical matter density, Ωmh
2, marginally affect the 3D

power spectrum, with variations less than 5%. The strength of the heating form the AGN

feedback has the smallest impact on the 3D power spectrum, less than 2%.

Our current emulator is sufficiently accurate to model the non-linear 3D Ly-

α power spectrum observed in the BOSS and DESI datasets. We intend to conduct cosmo-

logical and astrophysical parameter inference using publicly available 3D power spectrum
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measurements from BOSS [50] and forthcoming DESI data [70, ]. Our complete emulator,

along with the training data and code, is openly accessible on GitHub.
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Matthew M. Pieri, Corentin Ravoux, Graziano Rossi, Donald P. Schneider, Hee-Jong
Seo, Anže Slosar, Julianna Stermer, M. Vivek, Christophe Yèche, and Samantha
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M. Landriau, L. Le Guillou, M. E. Levi, A. de la Macorra, M. Manera, P. Mar-
tini, A. Meisner, R. Miquel, P. Montero-Camacho, A. Muñoz-Gutiérrez, L. Napoli-
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Renzini, Gianni Zamorani, Olivier Ilbert, Christian Knobel, Angela Iovino, Christian
Maier, Olga Cucciati, Lidia Tasca, C. Marcella Carollo, John Silverman, Pawel Kam-
pczyk, Loic de Ravel, David Sanders, Nicholas Scoville, Thierry Contini, Vincenzo
Mainieri, Marco Scodeggio, Jean-Paul Kneib, Olivier Le Fèvre, Sandro Bardelli, An-
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Górski, S. Gratton, A. Gruppuso, J. E. Gudmundsson, J. Hamann, W. Handley,
F. K. Hansen, D. Herranz, S. R. Hildebrandt, E. Hivon, Z. Huang, A. H. Jaffe,
W. C. Jones, A. Karakci, E. Keihänen, R. Keskitalo, K. Kiiveri, J. Kim, T. S. Kisner,
L. Knox, N. Krachmalnicoff, M. Kunz, H. Kurki-Suonio, G. Lagache, J. M. Lamarre,
A. Lasenby, M. Lattanzi, C. R. Lawrence, M. Le Jeune, P. Lemos, J. Lesgourgues,
F. Levrier, A. Lewis, M. Liguori, P. B. Lilje, M. Lilley, V. Lindholm, M. López-
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