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Abstract
This dissertation presents a comprehensive study of the large-scale structure of the

Universe through two interrelated avenues: the modeling of Baryon Acoustic Oscillations

(BAOs) in higher-order statistics, and the prediction of galaxy formation histories using

machine learning with semi-stochastic corrections along with the validation of such models

using dark matter-only simulations. The overarching goal is to improve the extraction of

cosmological information and the realism of galaxy property predictions by leveraging both

simulation-driven statistics and data-driven inference.

The first part (Chapters 1 and 2) focuses on modeling the BAO feature in the bispectrum—

the Fourier-space analogue of the three-point correlation function. Unlike the power spec-

trum, the bispectrum captures non-Gaussianity and mode coupling from nonlinear gravita-

tional evolution and galaxy bias. We develop a “wiggle-only” framework that isolates the

oscillatory BAO component from the broadband bispectrum shape. Using GLAM N-body

simulations (with and without BAO), we analyze signal evolution across redshifts and tri-

angle configurations. Our aligned-template method enables percent-level recovery of the

BAO dilation parameter α, accounting for template systematics. Robustness and precision

are demonstrated using 1000 h−3Gpc3 of realizations, showing the bispectrum’s potential to

complement two-point statistics in surveys DESI and Euclid.

The second part of the thesis (Chapters 3, 4 and 5) addresses the limitations of ma-

chine learning in modeling the baryonic assembly history of galaxies within dark matter

halos. Traditional models tend to smooth over short-timescale variability in star formation

and chemical enrichment histories, due to their architectural bias toward minimizing global

loss functions. We propose a novel correction scheme that decomposes galaxy histories in

Fourier space, identifies missing high-frequency power, and re-injects statistically consistent

fluctuations into the predicted histories. This framework is applied to galaxies from the



IllustrisTNG simulation. The modified histories restore variability, improving accuracy on

observables such as the stellar-halo mass and mass-metallicity relation, spectral energy dis-

tributions (SEDs), and photometric color distributions. The corrections particularly enhance

the bimodality of galaxy colors, the scatter in metallicity at fixed mass, and the recovery

of quenched populations in satellite systems. This framework is further extended to dark

matter-only simulations to evaluate the generalizability of neural network-based predictions

in the absence of baryonic training data. We assess the role of mass accretion history, halo

concentration, and cosmic environment in enabling accurate galaxy property inference, and

demonstrate how semi-stochastic corrections improve the fidelity of the generated histories.

These components address distinct but complementary aspects of large-scale structure

modeling. The bispectrum-based analysis enhances the precision and robustness of cosmo-

logical distance measurements by leveraging higher-order statistics, unlocking additional in-

formation from the nonlinear regime of structure formation. In contrast, the semi-stochastic

modeling of galaxy formation histories improves the realism of mock galaxy catalogs, correct-

ing biases in data-driven predictions and enriching their utility in forward-modeling frame-

works. Additionally, the thesis includes several complementary studies (Chapter 6): an

angular multipole analysis of the bispectrum for probing anisotropic clustering, the mitiga-

tion of imaging systematics in galaxy survey data, and spectroscopic classification of AGN

and QSO targets within DESI. Together, these efforts support the broader goal of connecting

theory, simulation, and observation — advancing both the accuracy of cosmological inference

and the fidelity of galaxy population modeling for current and future surveys.

Note on Chapter-End Quotations: In keeping with my roots in Odisha, India, each chapter

concludes with a short quotation in Odia, my native language. These reflective excerpts

are drawn from Odia literature, classical philosophy, and folk tradition, and are intended to

symbolically parallel the cosmological and astrophysical ideas explored in this work. Each

quote is followed by an English translation to maintain accessibility while honoring the

worldview that shaped my earliest engagement with science.
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Chapter 1

Introduction

1.1 Standard Rulers in Cosmology

Understanding the large-scale geometry and expansion history of the Universe requires pre-

cise distance measurements across cosmic time. Two essential tools in this effort are standard

candles and standard rulers, which provide complementary approaches to inferring cosmo-

logical distances. Standard candles rely on known intrinsic luminosity, while standard rulers

depend on known physical size. Together, they allow us to map the expansion history of the

Universe and constrain the nature of dark energy.

1.1.1 Distance Measures in Cosmology

In an expanding universe, redshift serves as a proxy for lookback time. However, converting

redshift into a physical distance requires knowledge of the expansion rate and the underlying

cosmological model. Observables such as flux, angular size, and redshift must be interpreted

using either calibrated luminosities (standard candles) or calibrated physical scales (stan-

dard rulers). These methods serve as indirect distance estimators crucial for building the

cosmological distance-redshift relation.

1



Figure 1.1: Schematic illustration of BAO shells in the large-scale galaxy distribution. Each
galaxy tends to have neighbors located at a preferred comoving separation of about 150 Mpc,
corresponding to the sound horizon at the drag epoch. Source : BAO Cosmology at UCLA

1.1.2 Standard Candles: Supernovae Type Ia

A standard candle is an astrophysical object whose intrinsic luminosity is either known or

can be calibrated. By comparing the intrinsic and observed brightness, one can infer its

distance via the inverse-square law. The most widely used standard candles in cosmology

are Type Ia supernovae due to their relatively uniform peak luminosity. These events are

believed to arise from thermonuclear explosions of white dwarfs in binary systems. After

correcting for empirical correlations with light curve shape and color, SNe Ia can provide

precise measurements of luminosity distance. Observations of Type Ia supernovae at different

redshifts led to the groundbreaking discovery of the accelerated expansion of the universe, a

result now interpreted as evidence for dark energy.

SNe Ia are typically used to probe distances in the redshift range 0 < z ≲ 2. They offer

high precision at low redshift but are sensitive to astrophysical systematics such as dust

extinction, host galaxy effects, and possible evolution of progenitor populations.
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1.1.3 Standard Rulers: Baryon Acoustic Oscillations

A standard ruler is a feature of known physical size whose apparent angular or redshift extent

can be used to infer cosmological distances. While the most precisely measured standard

ruler comes from the acoustic scale imprinted in the Cosmic Microwave Background, Baryon

Acoustic Oscillations (BAOs) provide an independent and robust standard ruler at late times,

observable in the clustering of galaxies. The BAO scale originates from sound waves that

propagated through the photon–baryon plasma in the early universe. These oscillations froze

at the time of recombination, leaving an overdensity “shell” at a characteristic comoving scale

of ∼ 150 Mpc. This scale is preserved in the large-scale clustering of galaxies and can be used

to infer cosmic distances.

This scale manifests as a slight excess probability of finding pairs of galaxies separated

by that characteristic distance, leaving a detectable imprint in observational statistics.

Unlike supernovae, which require calibration of luminosity, the BAO scale can be com-

puted from first principles using linear perturbation theory and precise measurements of the

early Universe (e.g., cosmic microwave background observations). This makes it a robust and

absolute standard ruler.

BAO measurements have been used in galaxy surveys such as SDSS, BOSS, eBOSS, and

DESI, and have also been detected in the Lyman-α forest at higher redshifts (z > 2.3).

1.1.4 Comparison and Complementarity

While both standard rulers and candles serve the same end, measuring cosmological dis-

tances, they do so via fundamentally different means and are subject to different systemat-

ics. Type Ia supernovae provide high-resolution distance measurements at low redshift and

are especially useful for constraining the Hubble constant and late-time cosmic acceleration.

However, they require careful calibration and modeling of astrophysical systematics.

BAOs, on the other hand, provide absolute distance measures based on early-universe

physics, and are less affected by nonlinear astrophysical processes at late times. Their

strength lies in their theoretical robustness and ability to probe a wide range of redshifts
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with minimal modeling uncertainties.

The two techniques are highly complementary. Supernovae dominate low-redshift cos-

mology, anchoring the Hubble diagram, while BAOs excel at mapping distances over a

wide redshift range and constraining the expansion rate of the universe with sub-percent

precision. Together, these techniques form the backbone of modern observational cosmol-

ogy. Their complementarity allows for cross-validation and joint analyses that significantly

tighten constraints on the expansion history and properties of dark energy.

1.2 Cosmological Structure Formation and BAOs

The cosmic structures observed today such as galaxies, clusters, and the vast filamentary

network of the cosmic web, have evolved from small initial fluctuations in the early universe.

These fluctuations, seeded during inflation, grew over time under the influence of gravity.

Embedded within this process is a key feature imprinted by the interaction between baryons

and photons in the early universe: the Baryon Acoustic Oscillation (BAO) scale. This section

provides an overview of the physics behind structure formation and the origin of the BAO

signal.

1.2.1 Gravitational Instability and Linear Perturbations

The initial density field of the universe was nearly homogeneous, with fluctuations at the level

of one part in 105, as revealed by observations of the Cosmic Microwave Background (CMB).

These fluctuations are well described by a Gaussian random field in the linear regime. As

the universe expanded and cooled, regions with slightly higher density grew via gravitational

instability, attracting more matter and forming the seeds of future structures.

In the linear regime, the evolution of these perturbations can be described analytically.

The Fourier modes of the density contrast δ(⃗k) grow proportionally to the scale factor during

matter domination. The growth rate and shape of the evolving density field are influenced

by the cosmological parameters and the relative contributions of matter, radiation, and dark
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energy.

A key ingredient in this process is the transfer function, which describes how initial

perturbations at different scales evolve differently due to the interplay of radiation pressure,

baryon inertia, and dark matter. At small scales, the growth of perturbations is suppressed

by radiation pressure in the early universe, while larger scales are largely unaffected. This

differential evolution shapes the matter power spectrum and contributes to the emergence

of features like the BAO.

1.2.2 Formation of the BAO Scale

Before recombination, baryons and photons were tightly coupled due to Thomson scattering.

In this photon-baryon fluid, overdense regions created pressure gradients, which in turn

generated spherical sound waves that propagated outward from the initial perturbation.

These acoustic oscillations traveled at the sound speed in the fluid, which is itself a function

of the baryon and photon densities.

As the universe cooled and expanded, it reached the epoch of recombination, around z ∼

1100, when electrons and protons combined to form neutral hydrogen. At this point, photons

decoupled from baryons and began to free-stream, forming the CMB, while the baryons

effectively “froze” in place. The radius these sound waves had traveled before decoupling

sets the characteristic scale of the BAO, known as the sound horizon at the drag epoch,

∼ 150 Mpc in comoving coordinates.

This scale becomes imprinted in the matter distribution as a slight preference for pairs of

galaxies to be separated by this distance. It appears as a peak in the two-point correlation

function and as oscillations in the power spectrum. Because the physical processes determin-

ing this scale are well understood and rooted in early-universe physics, the BAO provides a

robust standard ruler for measuring cosmological distances.
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1.2.3 Observational Tracers of Large-Scale Structure

To observe the BAO feature, we rely on large-scale maps of the matter distribution. How-

ever, we cannot directly observe dark matter, which makes up the majority of the mass in

the universe. Instead, we use galaxies and other luminous tracers as biased proxies for the

underlying matter field.

Galaxies form within dark matter halos, and their spatial distribution reflects, though

not perfectly, the distribution of the halos themselves. The degree to which galaxies trace

the matter field is quantified by the galaxy bias, which can be scale-dependent and evolve

with redshift and galaxy type.

In addition to galaxies, other tracers like the Lyman-α forest and quasars are used to

probe the matter field, especially at higher redshifts (z > 2). The Lyman-α forest consists of

absorption features in the spectra of distant quasars, caused by intervening neutral hydrogen

in the intergalactic medium. These features trace the large-scale density field and allow for

BAO measurements at epochs inaccessible to traditional galaxy surveys.

Together, these tracers enable the detection of the BAO scale across a wide range of

redshifts, providing critical constraints on the expansion history of the universe and the

nature of dark energy.

1.3 Observational Statistics in Large-Scale Structure

The universe on large scales is statistically homogeneous and isotropic, and the distribution

of matter is best described as a random field. Since we cannot predict the precise location

of each galaxy, the large-scale distribution of matter in the universe is described statisti-

cally, rather than deterministically, due to the stochastic nature of initial conditions and

the nonlinear evolution of density fluctuations. Observational statistics provide a formalism

for quantifying this structure using measurable quantities such as galaxy positions and red-

shifts. This section introduces the core statistical tools used in cosmology: the two-point and

three-point correlation functions and their Fourier-space analogues, the power spectrum and

6



bispectrum.

1.3.1 The Need for Statistical Measures

Galaxy surveys measure the spatial positions of millions of galaxies. These positions are

affected by initial conditions, gravitational evolution, and biasing mechanisms. Rather than

modeling each object individually, cosmologists employ statistical measures that describe the

ensemble properties of the matter field. The underlying assumption is that the universe is a

realization of a statistically defined field governed by a small number of physical parameters.

Statistical homogeneity and isotropy imply that all information about the matter distri-

bution is encoded in correlation functions of increasing order. These functions measure the

likelihood of finding galaxies at particular separations or configurations, and they are the

primary observables for extracting cosmological information from large-scale structure.

1.3.2 Two-Point Correlation Function and Power Spectrum

The two-point correlation function (2PCF), ξ(r), measures the excess probability of finding

a pair of galaxies separated by a distance r, relative to a random (unclustered) distribution.

It is formally defined as:

dP = n̄2[1 + ξ(r)]dV1dV2, (1.1)

where n̄ is the mean number density of galaxies and dV1, dV2 are volume elements. A positive

ξ(r) indicates clustering at scale r, while ξ(r) = 0 corresponds to a random distribution.

In a statistically isotropic universe, the correlation function depends only on the sepa-

ration r = |⃗r|, so we write ξ(r). This function encodes the strength of clustering at various

scales. On large scales (r ≳ 10 Mpc), it probes the linear regime of structure formation, where

theoretical models are most reliable. The BAO feature appears as a broad peak in ξ(r) at

around 150 Mpc, corresponding to the sound horizon.

In practice, the 2PCF is estimated from galaxy catalogs using pair counts. Several esti-
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mators have been proposed to compute the 2PCF, aimed at minimizing biases and maximiz-

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

Hauser 8 , Davis and Peebles 9 , Hamilton 10 , and Landy and Szalay 11 estimators. A widely

used estimator that minimizes variance and edge effects is the Landy-Szalay estimator.

ξ(r) =
DD(r) − 2DR(r) + RR(r)

RR(r)
, (1.2)

where:

• DD(r): number of galaxy–galaxy (data–data) pairs at separation r.

• RR(r): number of random–random pairs.

• DR(r): number of data–random pairs.

The estimator requires a synthetic random catalog that matches the survey geometry and

selection function.

Multipole Expansion and Redshift-Space Distortions

In redshift space, peculiar velocities distort the observed positions of galaxies along the

line of sight, introducing anisotropies in the clustering signal. To capture this, the 2PCF is

decomposed using a multipole expansion:

ξ(s, µ) =
∑
ℓ

ξℓ(s)Pℓ(µ), (1.3)

where:

• s: redshift-space separation

• µ: cosine of the angle between the separation vector and the line of sight

• Pℓ(µ): Legendre polynomial of order ℓ

The multipole moments ξℓ(s) are computed via:
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ξℓ(s) =
2ℓ + 1

2

∫ 1

−1
ξ(s, µ)Pℓ(µ) dµ. (1.4)

The monopole (ℓ = 0) captures angle-averaged clustering, while the quadrupole (ℓ = 2)

and hexadecapole (ℓ = 4) quantify redshift-space distortions such as the Kaiser effect12 and

small-scale velocity dispersions13.

Projected Correlation Function

The redshift-space 2PCF can also be expressed in terms of separations perpendicular (rp)

and parallel (π) to the line of sight, i.e., ξ(rp, π). The projected correlation function wp(rp) is

then defined by integrating ξ(rp, π) along π:

wp(rp) = 2
∫ πmax

0
ξ(rp, π) dπ. (1.5)

This projection smooths over redshift-space distortions and yields a measurement of the

real-space clustering signal9.

Power Spectrum

The power spectrum P(⃗k) is the Fourier transform of the two-point correlation function:

P(⃗k) =
∫
ξ(⃗r)ei⃗k·⃗rd3r. (1.6)

Likewise, the inverse relation is:

ξ(⃗r) =
1

(2π)3

∫
P(⃗k)e−i⃗k·⃗rd3k. (1.7)

For isotropic fields, both ξ(r) and P(k) depend only on the magnitude of their arguments.

The power spectrum describes how variance in the density field is distributed across different

spatial scales. Peaks and wiggles in P(k) correspond to preferred scales in the matter distri-

bution, most notably, the BAO feature, which appears as a series of damped oscillations in
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P(k).

The power spectrum is particularly advantageous because it connects naturally to theo-

retical models, such as those derived from linear perturbation theory and numerical simula-

tions.

1.3.3 Three-Point Correlation Function and the Bispectrum

The three-point correlation function (3PCF), ζ(r12, r23, r31), generalizes the 2PCF to triplets

of galaxies. It quantifies the excess probability over random of finding three galaxies forming

a triangle with sides r12, r23, and r31:

ζ =
DDD
RRR

− 1, (1.8)

where DDD and RRR refer to triplet counts in the data and random catalogs, respectively.

The 3PCF contains additional information about the shape of galaxy clustering and is sen-

sitive to gravitational nonlinearities, bias, and primordial non-Gaussianity.

The Fourier counterpart of the 3PCF is the bispectrum B(⃗k1, k⃗2), which is defined through

the expectation value of the Fourier modes of the density field:

⟨δ(⃗k1)δ(⃗k2)δ(⃗k3)⟩ = (2π)3δD(⃗k1 + k⃗2 + k⃗3)B(⃗k1, k⃗2), (1.9)

where δD is the Dirac delta function enforcing momentum conservation (⃗k1 + k⃗2 + k⃗3 = 0).

The three wavevectors k⃗1, k⃗2, k⃗3 form a closed triangle in Fourier space, and the bispectrum

depends on both the scale and the shape of this triangle.

The bispectrum is sensitive to the shape of structures and the non-Gaussian features

of the density field. It provides information not present in the power spectrum, such as

nonlinear gravitational evolution, scale-dependent bias, and primordial non-Gaussianity14;15.

While more complex to measure and model, it offers a rich avenue for improving cosmological

constraints. More information on bispectrum is in Section 1.5.
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1.3.4 Alternative and Complementary Statistics

While the two-point and three-point correlation functions are the standard tools for char-

acterizing large-scale structure, several alternative statistics have been developed to probe

specific aspects of galaxy formation and the galaxy–halo connection. These observables offer

complementary constraints to traditional correlation functions and are often employed in

Halo Occupation Distribution (HOD) modeling and galaxy–halo relation studies.

1.3.5 Physical Interpretation and Complementarity

Each statistical measure probes different aspects of structure formation. The power spec-

trum captures the variance of fluctuations, while the bispectrum and higher-order statistics

measure phase correlations, essential for understanding the detailed shape and evolution of

structures. The 2PCF and power spectrum are sensitive to the amplitude and scale of fluctu-

ations, while higher-order statistics such as the bispectrum and 3PCF reveal mode coupling

and non-Gaussian structure.

Importantly, these statistics are complementary. For example, combining the power spec-

trum and bispectrum can break degeneracies between parameters like bias, growth rate, and

the amplitude of fluctuations. They also respond differently to systematic effects, making

cross-validation possible.

1.3.6 Challenges in Measuring Clustering Statistics

Despite their power, these statistics come with practical challenges. Survey geometry, selec-

tion effects, and redshift-space distortions complicate the interpretation of measurements.

Shot noise from discrete tracers adds additional variance, particularly on small scales.

In Fourier space, the finite volume of the survey limits the smallest measurable wavenum-

ber, while binning in k-space and triangle configuration space for the bispectrum adds com-

plexity to analysis pipelines. Estimating accurate covariance matrices for these statistics is

also non-trivial and often relies on mock catalogs or analytical approximations.
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Nevertheless, two- and three-point statistics remain foundational tools for extracting

cosmological information from the large-scale structure of the universe.

1.3.7 Alternative Cosmological Clustering Statistics

Beyond the traditional correlation functions and bispectrum, several alternative statistical

approaches have been developed to probe cosmological information encoded in the large-scale

structure. These statistics are particularly useful for testing models of gravity, dark energy,

and non-Gaussian initial conditions, and are complementary to standard analyses.

Void Statistics

Cosmic voids are underdense regions in the matter distribution and offer a unique window

into cosmological structure formation. Because voids are less affected by nonlinear clustering

and galaxy bias, they serve as clean probes of cosmological parameters such as the matter

density Ωm, dark energy equation of state, and modified gravity parameters.

Void statistics include the void size function, radial density profiles, and clustering of void

centers. These observables have been used to place competitive constraints on dark energy

and deviations from General Relativity16;17.

Marked Correlation Functions

Marked statistics apply weights (“marks”) to galaxies based on local density, luminosity,

or other physical properties, and modify traditional correlation functions accordingly. The

marked two-point function enhances sensitivity to environmental dependencies in clustering

and is especially powerful for constraining galaxy bias and the growth rate of structure18;19.

Counts-in-Cells and Density PDFs

Instead of focusing on pairwise correlations, counts-in-cells measure the probability distribu-

tion of galaxy counts within spherical or cubic volumes of fixed size. This approach captures

the full distribution of density fluctuations, going beyond the mean and variance to probe
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non-Gaussian features of the field. It is sensitive to the amplitude of matter fluctuations,

halo bias, and primordial non-Gaussianity20.

Topological Measures

Topological statistics such as Minkowski Functionals and Betti numbers quantify the shape,

connectivity, and void-filling structure of the cosmic web. These methods are sensitive to the

geometry of the density field and are robust to systematic effects like shot noise or selection

function variations. They have been used to probe non-Gaussianity, dark energy, and cosmic

isotropy21–23.

1.4 BAO Features in Two-Point Statistics

The Baryon Acoustic Oscillation (BAO) scale is one of the most prominent features in the

large-scale distribution of matter, and its signature is most clearly observed in two-point

statistics. This section reviews how the BAO manifests in both configuration and Fourier

space, the methodology for isolating the signal, and the reconstruction techniques used to

sharpen it. These two-point statistics form the basis for most current cosmological constraints

using BAO.

1.4.1 BAO in the Power Spectrum and Correlation Function

The BAO feature arises from the sound horizon imprinted in the matter distribution, as

discussed in Section 1.2.2. In configuration space, this appears as a small but broad peak in

the two-point correlation function ξ(r) at a separation of ∼ 150 Mpc, corresponding to the

comoving scale of the sound horizonas in Figure 1.2.

In Fourier space, the same physical process leads to a series of oscillations superimposed

on the matter power spectrum P(k) as in Figure 1.2. These oscillations are often referred to

as “wiggles” and are damped at small scales due to nonlinear effects. The power spectrum

is typically decomposed into a “smooth” broadband component and a “wiggly” oscillatory
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Figure 1.2: Measurements of two-point clustering statistics (ξ(s) in the left panel and P(k) in
the right panel) from the CMASS sample from BOSS Data Release 11. In order to highlight
the signals in each case, it is common to multiply the correlation function by s2 and divide
the power spectrum by a smooth power spectrum without oscillations (Psm(k)). Top row
shows the measurements before reconstruction while the bottom row shows the results after
the reconstruction. It is noticeable that the reconstruction sharpens the BAO signal. Source:
Anderson et al. 1
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component:

P(k) = Psmooth(k) × Pwiggle(k). (1.10)

This decomposition is not unique, but common methods use spline fits or theoretical

models from Boltzmann solvers like CAMB24 or CLASS25 to define the smooth part. The

oscillatory part Pwiggle(k) contains the key cosmological information related to distances.

The exact shape and phase of the wiggles are sensitive to the sound horizon at the

drag epoch, and hence to cosmological parameters like the matter density (Ωm), the Hubble

parameter (h), and the baryon fraction (Ωb/Ωm). BAO analyses thus focus on measuring

these oscillations precisely to constrain the expansion history.

1.4.2 Extracting the BAO Signal

To isolate the BAO feature, most analyses compare the observed power spectrum or correla-

tion function to a theoretical template that models the BAO oscillations. The observed signal

is rescaled relative to the template using a dilation parameter α, which encodes deviations

in the measured BAO scale from that predicted by a fiducial cosmology.

Pobs(k) ≈ Pmodel(αk), (1.11)

In the isotropic approximation, where angular and radial distances are assumed to scale

uniformly, the BAO scale is constrained through a spherically averaged combination of

angular diameter distance DA(z) and Hubble parameter H(z). This is encapsulated in the

volume-averaged distance DV(z), defined as:

DV(z) =
[
(1 + z)2 D2

A(z)
cz

H(z)

]1/3

. (1.12)

The isotropic dilation parameter is then:
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Figure 1.3: Explanatory diagram showing how real-space structures (top row) look in
redshift-space (bottom row).

α =
DV(z) rd,fid

Dfid
V (z) rd

, (1.13)

where rd is the comoving sound horizon at the drag epoch, and the superscript “fid” denotes

the value assumed in the fiducial cosmology. A value of α , 1 indicates that the observed

acoustic scale differs from the fiducial expectation, providing a constraint on cosmological

parameters that affect distances and expansion history26.

In practice, redshift-space distortions and line-of-sight effects break isotropy2;12;27;28 (Fig-

ure. 1.3, 1.4). To account for this, modern analyses model the anisotropic BAO signal using

separate dilation parameters in the transverse and radial directions:

α⊥ =
DA(z) rd,fid

Dfid
A (z) rd

, α∥ =
Hfid(z) rd,fid

H(z) rd
. (1.14)

From these, one can define the average isotropic dilation and the anisotropy parameter:

α = α2/3
⊥ α

1/3
∥ , ϵ =

(
α∥

α⊥

)1/3

− 1. (1.15)

These parameters are constrained by jointly fitting the monopole and quadrupole mo-

ments of the two-point correlation function or power spectrum. This allows cosmological
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Figure 1.4: An illustration of the ”Fingers of God” (FoG) effect — the elongation of virialized
structures along the line of sight, adapted from Tegmark et al. 2 . The figure displays galaxies
from a slice of the SDSS dataset, projected through the declination axis in two-dimensional
comoving space. The top row shows all 67,626 galaxies in the slice, while the bottom row
highlights those identified as exhibiting the FoG effect. The right column presents the same
galaxies after modeling and removing the FoG distortions. The observer is located at the
origin (x,y)=(0,0), and the radial smearing caused by line-of-sight velocities is clearly visible
in the lower left panel as elongated structures pointing toward the observer.
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constraints on the angular diameter distance and Hubble expansion rate at a given redshift.

To account for nonlinear effects, the BAO template is also damped by a Gaussian smooth-

ing factor:

D(k) = exp(−k2Σ2), (1.16)

where Σ is a nuisance parameter that quantifies the scale of nonlinear BAO suppression.

This damping is crucial for accurately modeling the reduced amplitude of BAO oscillations

on small scales (Figure 1.2).

These methods are now standard in BAO analyses across modern galaxy surveys such

as the Baryon Oscillation Spectroscopic Survey (BOSS), the extended BOSS (eBOSS)29;30,

both of which were part of the Sloan Digital Sky Survey (SDSS)31, and the Dark Energy

Spectroscopic Instrument DESI32.

Fitting procedures are often performed using both the monopole and quadrupole mo-

ments of the correlation function or power spectrum, allowing for anisotropic dilation pa-

rameters that separately probe transverse and radial distances.

1.4.3 BAO Reconstruction Techniques

Over time, nonlinear gravitational evolution distorts and damps the BAO feature, reducing

its contrast in observed statistics as in the top row of Figure 1.2. To mitigate this effect,

a technique known as reconstruction was developed by Eisenstein et al. 33 . The method

attempts to reverse the bulk flows that blur the BAO signal by estimating the displacement

field from the observed galaxy distribution and moving galaxies back toward their initial

positions.

Reconstruction has become standard in BAO analyses, as it restores the sharpness of the

peak in ξ(r) and enhances the amplitude of oscillations in P(k), significantly improving the

precision of distance measurements. The effect of reconstruction is particularly pronounced

at low redshift, where nonlinearities are stronger.

While powerful, reconstruction assumes that the displacement field can be reliably esti-
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mated from the observed galaxy field. This assumption is valid in the linear or quasi-linear

regime but may break down on small scales or in highly nonlinear environments. Further-

more, reconstruction partially removes information from higher-order statistics and transfers

it to the two-point function, which has implications for analyses using the bispectrum, as

discussed in later sections.

Reconstruction methods continue to evolve, with ongoing work aiming to improve the

modeling of bias, redshift-space distortions, and shot noise during the reconstruction pro-

cess34–36.

1.5 The Bispectrum

While the power spectrum captures the variance in the density field and is sufficient to

describe Gaussian initial conditions, gravitational evolution introduces non-Gaussian features

that cannot be fully captured by two-point statistics alone. The bispectrum, the Fourier-

space analogue of the three-point correlation function, is the lowest-order statistic sensitive

to phase correlations and mode coupling. It provides access to new cosmological information,

including details about structure formation, bias, and even early-universe physics.

1.5.1 Definition and Physical Significance

The bispectrum B(⃗k1, k⃗2) is defined as the expectation value of the product of three Fourier

modes of the overdensity field δ(⃗k) as in Equation 1.9.

The bispectrum is nonzero only if the underlying field is non-Gaussian. Even if the initial

conditions are Gaussian, non-linear gravitational evolution and galaxy bias generate non-

zero bispectrum signals at late times. Importantly, the bispectrum is sensitive to the relative

phases of Fourier modes, capturing how large- and small-scale modes interact, information

inaccessible to the power spectrum alone.

Because of its shape dependence, the bispectrum can distinguish between different phys-

ical effects, such as local vs. equilateral primordial non-Gaussianity37;38 or scale-dependent
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galaxy bias39;40. It also enhances constraints on parameters like the growth rate of structure

and σ8, particularly when combined with the power spectrum.

1.5.2 Measurement Challenges

Despite its rich information content, the bispectrum is significantly more difficult to measure

and model than the power spectrum. One key complication is the high dimensionality of tri-

angle configurations, while the power spectrum depends only on the scalar k, the bispectrum

depends on the shape and size of triangle triplets.

To reduce computational complexity, bispectrum measurements are often binned using

triangle types (e.g., equilateral, isosceles, squeezed) or compressed into summary statistics

such as multipoles. Fast algorithms for bispectrum estimation from galaxy surveys have been

developed, including methods based on FFTs and grid-based binning41;42.

Survey geometry and selection functions introduce mode coupling and leakage between

configurations, which must be accounted for when comparing to theory. Redshift-space dis-

tortions further complicate interpretation by introducing angular dependencies that break

isotropy.

Finally, accurate estimation of the covariance matrix for the bispectrum is a major chal-

lenge. Unlike the power spectrum, which is nearly Gaussian on large scales, the bispectrum is

inherently non-Gaussian and requires a large number of mock catalogs or analytical models

for its full covariance.

1.5.3 Status of Bispectrum Modeling

Theoretical modeling of the bispectrum has traditionally relied on leading-order perturba-

tion theory, often referred to as the “tree-level” approximation. This provides an analytic

expression for the bispectrum in the mildly nonlinear regime, assuming a bias expansion for

galaxies:

Bg(⃗k1, k⃗2, k⃗3) = b3
1Bm(⃗k1, k⃗2, k⃗3) + bias and RSD terms, (1.17)
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where Bm is the matter bispectrum, and b1 is the linear bias parameter. This expression

can be extended using perturbation theory kernels F2 and G2, which encode second-order

gravitational effects and velocity couplings43;44.

However, tree-level predictions are only accurate on very large scales (k ≲ 0.1 h/Mpc),

and fail to capture the full bispectrum shape at quasi-linear and nonlinear scales. To address

this, more sophisticated approaches have been developed:

• Effective Field Theory (EFT) models include counterterms that absorb small-scale

physics, improving predictions up to k ∼ 0.3 h/Mpc45;46.

• Simulation-based emulators interpolate between high-fidelity N-body simulation

results over a grid of cosmological parameters47.

• Halo model extensions incorporate halo biasing and profile contributions to describe

small-scale bispectrum contributions.

• Measurement frameworks, such as the Triumvirate package48, provide efficient

and scalable tools for computing bispectrum multipoles and three-point correlation

functions using FFT-based estimators. These tools are essential for validating models

against simulations and mocks in modern large-volume surveys.

These models are continually being refined, but achieving percent-level accuracy across all

triangle shapes and scales remains challenging, especially for cosmological inference where

model error must be controlled. As a result, most bispectrum analyses currently use conser-

vative scale cuts and calibrate their models against large ensembles of mock catalogs.

1.6 BAO Features in the Bispectrum

The bispectrum, as a higher-order statistic, contains additional information about the distri-

bution of matter beyond what is captured in the power spectrum. In particular, the Baryon

Acoustic Oscillation (BAO) feature also manifests in the bispectrum, where it provides com-

plementary constraints on cosmic distances and the growth of structure. This section outlines
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the motivation for BAO detection in the bispectrum, summarizes previous work in this area,

and highlights the differences between full-shape and wiggle-only modeling approaches.

1.6.1 Motivation for BAO Detection in the Bispectrum

The BAO signal in the bispectrum arises due to interference between different modes in

the density field, many of which are affected by the same underlying acoustic oscillations.

Because the bispectrum is sensitive to phase correlations between modes, it enhances the

detectability of subtle features like the BAO, especially in triangle configurations where the

acoustic signal is constructively amplified15;41;42.

In comparison to the power spectrum, the bispectrum provides sensitivity to different

combinations of the cosmological distance scale. It can probe anisotropic effects in both

transverse and radial directions, improving constraints on the Hubble parameter H(z) and

angular diameter distance DA(z). Additionally, the bispectrum helps break degeneracies be-

tween bias, growth rate, and amplitude parameters like σ8 when analyzed jointly with the

power spectrum39;49.

Importantly, the bispectrum retains valuable cosmological information even when recon-

struction has been applied to the density field. Since reconstruction suppresses nonlinearities

and sharpens the BAO peak in the power spectrum, it may also redistribute information into

higher-order correlations. Some of this displaced information can be recovered by jointly an-

alyzing the post-reconstruction bispectrum and power spectrum50.

1.6.2 Previous Work

Initial studies of the BAO feature in the bispectrum used perturbation theory to model its

shape and position. For example, Sefusatti et al. 41 computed the tree-level matter bispectrum

and showed that BAO appears as a series of small-amplitude oscillations, most prominent

in certain squeezed and equilateral triangle configurations.

Subsequent work extended this framework to biased tracers and redshift space, incorpo-

rating galaxy bias and velocity distortions. The BOSS and eBOSS surveys have published
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bispectrum measurements alongside power spectrum results, using multipole decomposition

to isolate angular dependence. For instance, Gil-Marín et al. 39 performed a joint analy-

sis of the bispectrum monopole and power spectrum multipoles to constrain cosmological

parameters from BOSS DR12.

More recently, models based on Effective Field Theory (EFT) have enabled fits to the

bispectrum on quasi-linear scales up to k ∼ 0.25 h/Mpc. These efforts show that the bis-

pectrum improves constraints on fσ8, α⊥, and α∥, though the modeling remains sensitive to

systematics such as bias parametrization and scale cuts45;46;49.

While these full-shape fits incorporate the entire bispectrum signal, they are computation-

ally expensive and prone to model misspecification. The BAO oscillations are a subdominant

contribution to the full bispectrum amplitude, making it challenging to isolate them without

bias from the broadband shape.

1.6.3 Wiggle-Only vs. Full-Shape Approaches

One strategy to mitigate modeling uncertainties is to focus exclusively on the oscillatory

component of the bispectrum, the so-called “wiggle-only” approach. This method isolates

the BAO signature by constructing a bispectrum model where the smooth broadband shape

has been factored out or subtracted. This can be done, for example, by taking the ratio of

bispectra from simulations with and without the BAO feature in the initial power spectrum.

Wiggle-only models offer several advantages:

• They reduce dependence on nonlinear bias models and EFT counterterms.

• They are less sensitive to scale-dependent systematics and broadband modeling errors.

• They allow for more aggressive inclusion of higher k-modes, extending the usable range

of the bispectrum for BAO extraction.

However, the trade-off is that they discard non-oscillatory information that could help con-

strain other cosmological parameters. Nevertheless, for the specific task of measuring the
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BAO scale, especially in the context of combining multiple observables, wiggle-only model-

ing provides a robust and efficient approach.

This methodology forms the core of the work presented in Chapter 2, where we construct

a simple flexible template for the BAO signal in the bispectrum and validate its accuracy

using simulations with and without acoustic oscillations.

1.7 Simulation-Based Approaches for BAO Studies

Analytical models of large-scale structure are inherently limited by nonlinear effects, redshift-

space distortions, galaxy bias, and other complexities. To accurately model and validate

BAO signals, particularly in the bispectrum, cosmologists rely on large ensembles of numer-

ical simulations. These simulations provide a way to generate realistic matter and galaxy

distributions, test theoretical templates, and estimate covariance matrices for statistical in-

ference.

1.7.1 Role of N-body Simulations

N-body simulations numerically evolve a set of particles under gravity, capturing the non-

linear clustering of dark matter from initial conditions to late times. These simulations serve

as the primary testbed for understanding the evolution of the BAO feature across different

statistical measures. Simulations can be used to:

• Validate analytical or perturbation theory models for power spectrum and bispectrum.

• Quantify the impact of nonlinear effects, redshift-space distortions, and scale-dependent

bias.

• Estimate covariance matrices by generating large ensembles of mock realizations.

In particular, simulations allow precise measurement of the “true” BAO scale by comparing

outputs with and without acoustic features in the initial power spectrum. This technique is

central to wiggle-only modeling and other BAO isolation strategies.
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1.7.2 GLAM and PMILL Simulations

Two key simulation suites relevant for BAO studies are the GLAM (Gadget-based La-

grangian Approximation Method) and PMILL (P-Millennium) simulations.

GLAM simulations provide high-volume, fast approximate realizations of large-scale

structure, with sufficient resolution to capture BAO features in the power spectrum and

bispectrum. Because GLAM is computationally efficient, it can generate hundreds of mock

catalogs for covariance estimation and template testing51.

PMILL simulations, on the other hand, are full N-body simulations with higher mass

and spatial resolution. They accurately model small-scale clustering and provide a reference

benchmark for nonlinear effects. PMILL is especially useful for cross-validating approximate

methods like GLAM or for calibrating bias parameters in halo models52.

In many applications, the initial power spectrum is modified to create two versions of

the simulation: one with BAO “wiggles” (Pwiggle(k)) and one where the oscillations have

been smoothed out (Pno-wiggle(k)). The resulting fields can be directly compared to isolate

the acoustic contribution in any statistic.

1.7.3 Validating Theoretical Models Against Simulations

The BAO templates used in data analysis are typically validated by fitting to measurements

from simulations. This ensures that the theoretical model accurately recovers the BAO scale

under realistic conditions, including nonlinear evolution and shot noise.

A common validation approach involves:

• Measuring the power spectrum or bispectrum from simulations with and without BAO

• Fitting a template to recover the scale dilation parameter α

• Comparing recovered α to the known input scale

Agreement at the sub-percent level is generally required for the template to be considered

robust. Discrepancies can highlight issues such as inadequate damping models, template

mismatch, or breakdown of the perturbative regime.
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The accuracy of validation depends critically on simulation volume. For instance, a single

simulation may suffer from sample variance, while a large ensemble, such as N = 100–1000

realizations, can average over cosmic variance and produce stable estimates of the mean and

uncertainty.

Modern analyses increasingly rely on simulation-based emulators and hybrid models that

interpolate between exact N-body results and theoretical expectations. These tools are es-

sential for achieving the precision required by next-generation surveys like DESI, Euclid, and

Roman.

1.8 Summary and Motivation for This Work

This chapter reviews the theoretical foundations, statistical tools, and modeling techniques

relevant to the study of Baryon Acoustic Oscillations (BAOs) in large-scale structure. The

discussion begins with an overview of standard candles and rulers as cosmological distance

probes, highlighting the robustness and broad applicability of the BAO scale. The statistical

measures used to extract this signal are then outlined, ranging from two-point functions such

as the power spectrum to higher-order statistics like the bispectrum.

The bispectrum, in particular, offers access to additional cosmological information due

to its sensitivity to phase correlations and nonlinear evolution. However, modeling the full

bispectrum remains challenging, especially on quasi-linear and nonlinear scales. While re-

cent work has incorporated the bispectrum into joint analyses using Effective Field Theory

and halo models, these methods are computationally demanding and subject to modeling

uncertainties.

To address this, simulation-based approaches have emerged as a promising avenue. In

particular, the use of simulations with and without acoustic oscillations in the initial condi-

tions allows for clean separation of the BAO feature from the broadband bispectrum shape.

This forms the basis of wiggle-only modeling strategies, which aim to isolate and characterize

the acoustic signal directly, bypassing the need for full-shape modeling and extensive bias

parametrizations.
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The work presented in the following chapter builds on these developments by introducing

a simple and flexible template for the BAO feature in the bispectrum, derived from large-

volume GLAM simulations with and without BAO. This template is tested across a wide

variety of triangle configurations and redshifts, demonstrating that the BAO scale can be

recovered with sub-percent accuracy, even in the presence of model mismatch. The method-

ology focuses exclusively on the oscillatory component, offering a robust path forward for

future analyses of the bispectrum in large galaxy surveys.

Chapter 2 provides a detailed presentation of this approach, including the simulation

setup, the bispectrum measurement pipeline, and validation results across different scales,

redshifts, and configurations.

“ସୃūି ଆରŗ େହଉଛି ଏକ Ļନି ରୂ ପେର — ଯାହା ନୀତି ଓ ନିୟମକୁ ଉେନ୍ମ ାଚନ କେର।”

— Inspired by the Brihadaranyaka Upanishad

*“Creation begins as a sound — revealing law and order.”*

27



Chapter 2

Modeling the BAO feature in

Bispectrum.

This chapter originally appeared in the literature as :

Jayashree Behera, Mehdi Rezaie, Lado Samushia and Julia Ereza, Modeling the BAO feature

in Bispectrum, arXiv:2312.0594253.

Abstract

We investigate how well a simple leading order perturbation theory model of the bis-

pectrum can fit the BAO feature in the measured bispectrum monopole of galaxies. Pre-

vious works showed that perturbative models of the galaxy bispectrum start failing at the

wavenumbers of k ∼ 0.1h Mpc−1. We show that when the BAO feature in the bispectrum is

separated it can be successfully modeled up to much higher wavenumbers. We validate our

modeling on GLAM simulations that were run with and without the BAO feature in the initial

conditions. We also quantify the amount of systematic error due to BAO template being

offset from the true cosmology. We find that the systematic errors do not exceed 0.3 per cent

for reasonable deviations of up to 3 per cent from the true value of the sound horizon.
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2.1 Introduction

The Baryon Acoustic Oscillation (BAO) signal is a statistical feature imprinted into the

spatial distribution of galaxies. Small overdensities in the initial distribution of dark matter

serve as seeds for acoustic wave propagation in the early baryon-photon fluid. The propaga-

tion of these waves freezes at later times and results in a slightly overdense spherical shell

of a radius of about rd ∼ 100h−1 Mpc around each primordial overdensity. From the obser-

vational point of view, this means that every galaxy created around the initial overdensity

has a slightly higher chance of having a neighboring galaxy on this spherical shell. Later

this feature manifests itself as a local maximum (peak) at rd in the two-point correlation

function of galaxies and as a decaying oscillatory feature of frequency 2π/rd in the power

spectrum. The BAO scale has been measured from the two-point correlation function with a

sub-percent precision. Theoretical modeling and interpretation of the measured BAO scale

in the two-point correlation function are relatively straightforward. The measurements in

conjunction with the theory can be used to determine the distance-redshift relationship and

therefore to constrain cosmological models. The same feature must also be present in other

measures of galaxy clustering but it may not be as easy to model. The main goal of our paper

is to explore the possibility of modeling the BAO feature in the Fourier space measurements

of the galaxy three-point correlation function.

Many methods for measuring the BAO peak position (or frequency) have been proposed

in recent years. They all follow the same schematic idea proposed in33.

• Theoretically computed two-point correlation function (or the power spectrum) is split

into “smooth” and “wiggly” components, ξ = ξsξw or P = PsPw. This can be done in

many different ways but the final result is not sensitive to details of the decomposition.

With proper decomposition, Pw ends up being a decaying oscillation around unity54–56.

• The wiggly component is separated from the measurements in a similar way.

• The leading order effect of non-linear evolution on the wiggly part of the power spec-

trum is scale-dependent damping of the oscillations, Pw → (Pw − 1)D(k) + 1. The
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simplest model D(k) = exp(−Σ2k2), where Σ is a nuisance parameter, works reasonably

well7;57–65.

• The damped model is supplemented by nuisance parameters to account for small inac-

curacies in separating the smooth part. These nuisance parameters are usually polyno-

mials in k and they are smooth in the sense that they have little effect on the frequency

of the oscillatory signal35;66–68.

• The model is then dilated Pw → APw(αk) to align its oscillations with the ones in the

measurements.

In the simplest version of this analysis (when the fit is performed on the angularly aver-

aged power spectrum), the dilation parameter α depends on the distance redshift relation-

ship,

α ≡ αV =
Dv(z)rtmp

d

Dfid
v (z)rd

, (2.1)

where Dv is the distance to the galaxies,

Dv(z) =
[
czDA(z)2

H(z)

] 1
3

, (2.2)

DA is the angular diameter distance, and H is the Hubble parameter. The superscript fid

denotes values in “fiducial” cosmology assumed when converting redshifts of galaxies to

distances and the superscript tmp is used to denote the BAO scale in the BAO template which

may be (but does not have to be) identical to the fiducial cosmology. Quantities without

superscripts are the real values corresponding to the data. The fiducial values assumed in

the theoretical model and the BAO peak position in the template are known exactly. Thus,

measuring α allows us to infer the ratio of the distance at a given redshift to the BAO

scale, a quantity that is extremely sensitive to the properties of dark energy. The exact

procedure used in high-precision data analysis is more involved and requires great care in

every small detail. The fit is performed to both the angular monopole and the quadrupole of
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the correlation function, which enables us to also measure the anisotropic dilation parameter

ϵ = Hfidrtmp
d /(Hrd)67;69–75, but the general idea remains the same. These scalings have been

shown to be robust for a wide variety of cosmological models76–79.

This procedure for extracting the BAO signal from the power spectrum has been success-

fully used on many galaxy samples68;80–83. The resulting distance measurements are leading

sources of dark energy parameter constraints84–96.

The physics governing the production of Baryon Acoustic Oscillations (BAOs) in the

matter power spectrum is well understood97–102. In the very early universe, the distribution

of matter was nearly uniform. Tiny overdensities began to grow under the influence of

gravity, initiating the formation of dark matter halos and, eventually, galaxies. As baryonic

matter was pulled into these overdensities, its temperature increased, generating outward

radiation pressure that resisted further compression. This competition between gravity and

pressure set up oscillations — effectively spherical sound waves — that propagated through

the photon–baryon fluid.

Around 380,000 years after the Big Bang, the universe cooled enough for electrons and

protons to combine into neutral atoms. This recombination era allowed photons to decouple

from baryons, leading to a dramatic drop in pressure support. As a result, gravitational col-

lapse became more efficient, accelerating the growth of large-scale structure. The remnants

of these early sound waves — the imprints of baryon–photon interactions — are preserved

today as BAOs: subtle modulations in the spatial distribution of baryonic matter.

The characteristic scale of these oscillations, determined by the physics of the early

universe and its constituents (baryonic matter, dark matter, and dark energy), provides

a powerful standard ruler. This imprint appears as a peak in the two-point correlation

function at a comoving separation of rd ∼ 100 Mpc. Because these oscillatory features

exist on large, nearly linear scales, they are also expected to be observable in the galaxy

distribution33;103–106.

The same BAO feature is also present in other clustering measures e.g. the three-point

correlation function, or its Fourier image, the bispectrum. In general, the bispectrum is

more difficult to model compared to the power spectrum. Recent studies showed that the
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perturbation theory based models fail to accurately predict bispectrum measurements at

surprisingly large scales40;46;107–112. Several recent works managed to measure the distance

scale from the BAO feature in the bispectrum despite these difficulties42;49. A number of

recent works42;113;114 measured the BAO peak also in the galaxy three-point statistics. More

works have studied different aspects of modeling the full bispectrum7;39;49;50;115–121 and by

comparing theoretical models of increasing difficulty with simulations122–124.

When it comes to the BAO peak position, studies tend to focus on two-point statis-

tics1;26;35;125–127. This is justified by the fact that the reconstruction of the galaxy field33;128

moves some of the information from the three-point statistics – e.g. the three-point correla-

tion function or the bispectrum – into the two-point statistics. However, measuring the BAO

peak position from the bispectrum directly – or the combination of the non-reconstructed

power spectrum and bispectrum – is still useful as the effect of the reconstruction on the

information content of the higher-order statistics is, at the moment, not completely clear129.

In this work, we explore the possibility of isolating the BAO feature in the galaxy bispec-

trum and modeling it with a simple model supplemented by enough nuisance parameters to

account for inaccuracies in modeling its overall shape. The BAO feature in the Fourier space

extends to high wavenumbers, but the quantity of interest is not the exact profile of the

feature as a function of a wavenumber but its frequency, which is set by large-scale physics.

The hope is that, if the BAO feature in the bispectrum is isolated, it will be possible to

model it effectively even if the modeling of the full bispectrum is difficult. Our results are

encouraging and suggest that surprisingly simple models of the BAO feature in the bispec-

trum are able to reproduce the BAO frequency with minimal bias. This is not surprising as

the BAO signal is imprinted by linear physics in the early Universe. While the exact amount

of power at high wavenumbers is difficult to theoretically compute, the quantity of interest

in the BAO analysis is the beat frequency of the feature, and this quantity turns out to be

more robust.

We use a simple, linear-theory-based model to describe the BAO feature in the bispec-

trum, in which the effect of nonlinear evolution is modeled by a wavenumber-dependent

Gaussian damping term. (see section 2.3). We use GLAM simulations (see section 2.2) to val-
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Figure 2.1: Initial power spectrum of GLAM withBAO and noBAO simulations and it’s BAO
signature.

idate this model. These simulations were run in pairs with and without the BAO feature in

the initial conditions but otherwise identical. These simulations provide us with the “empir-

ical” data for the smooth and wiggly bispectra. When fitting our model to simulations, we

find that the extracted BAO scale is unbiased even when the fiducial template for the BAO

is constructed in a slightly offset cosmological model (see section 2.4). The recovered values

of α are within 0.3 per cent of the true values even when the BAO feature in the fitting

template deviates from the true value by as much as 3 per cent.
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2.2 BAO Signal in Simulations

2.2.1 GLAM simulations

We use GLAM-PMILL simulations130 to test methods for BAO feature separation and theoret-

ical modeling. The GLAM-PMILL catalogs used in this work are publicly available in the

Skies & Universes websitei.

The GLAM simulations51 are N-body cosmological simulations that, in the case of the

PMILL series, follow the evolution of 2, 0003 dark matter particles. Each particle has a

mass of 1.065 × 1010 h−1M⊙ in a comoving periodic box of size L = 1 h−1Gpc, with Ns = 136

time-steps and a mesh of Ng = 4, 000 cells per side. This results in a spatial resolution of

0.250 h−1Mpc.

The simulations were produced in a flat ΛCDM cosmology, adopting the cosmological

parameters assumed in the Planck Millennium simulation (PMILL; Baugh et al. 52). PMILL

uses the best-fitting parameters from the first Planck 2013 data release131. Each instance

of the simulation was run with two initial conditions, starting at zini = 100: one with the

BAO signal imprinted in the initial conditions, and one without. The pairs of simulations

are otherwise identical, i.e. they had matching random phases in the initial conditions. The

GLAM-PMILL simulations used in this work consist of 1,000 realizations with and another

1,000 without BAO. Figure 2.1 shows the power spectrum used for the initial conditions of

the GLAM simulations. The initial power for the pair of simulations was identical, except the

“withBAO” instances had periodic BAO wiggles in them, and the “noBAO” instances didn’t

have the feature.

The GLAM simulations are only capable of correctly resolving distinct halos (not subhalos),

with virial masses greater than ∼ 1012 h−1M⊙ for the case of the GLAM-PMILL suite. The

resulting dark matter halos were populated by galaxies using GALFORM semi-analytical

model of galaxy formation130, but in this work we only use the halo catalogs, both for BAO

and noBAO realizations.
ihttps://www.skiesanduniverses.org/Products/MockCatalogues/GLAMDESILRG/
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Figure 2.2: BAO signature in the power spectrum of GLAM simulations at different redshifts.

We will treat the measurements from these simulations as the ground truth for the rest

of our work. The theoretical models will be evaluated based on how well they recover the

measurements of GLAM simulations.

2.2.2 BAO in the power spectrum

We measure the power spectrum from both the withBAO and noBAO simulations, Pw and

Ps respectively (see Appendix 2.A for the details). The power spectrum measurements are

averaged in bins of width ∆k = 0.01h Mpc−1 starting from kmin = 0.005h Mpc−1 up to kmax =

0.3h Mpc−1, resulting in 30 bins. This wavenumber range contains most of the linear and

semi-linear modes of galaxy overdensity. There is very little BAO signal above our maximum

wavenumber.

Figure 2.2 shows the ratio of Pw to Ps measured from GLAM at different redshifts. This is

by definition the BAO signal in the power spectrum. The BAO signal looks exactly as ex-

pected. The amplitude of wiggles decays with decrease in redshift. The decay is wavenumber-

dependent. BAO in high wavenumber modes decays faster with redshift as expected.
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Figure 2.3: BAO signature in the bispectrum of GLAM simulations at different redshifts.
Labels All (top panel), Equ (middle panel), and Iso (lower panel) refer to averages over all,
equilateral, and isosceles configurations respectively.
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2.2.3 BAO in the bispectrum

We define the BAO feature in the bispectrum similarly to that of the power spectrum.

We measure the angularly averaged bispectrum - B(k1, k2, k3) - from withBAO and noBAO

GLAM simulations, Bw and Bs respectively (see Appendix 2.A for the details). We bin each

wavevector in 30 bins similar to how we did it for the power spectrum. This results in a

total of 2600 bins for the (k1, k2, k3) triplet. To map the 3D configuration space of triangles

into a 1D index for analysis, we employ a “triangle index” that orders the triangles so that

k1 ≤ k2 ≤ k3. This ensures each unique triplet is only counted once without duplication since

the bispectrum is invariant to any permutation of the indices.

Figure 2.3 shows the ratio of Bw to Bs at different redshifts. For better visualization, the

measurements are averaged over k2 and k3 for different triangular configurations. We look at

three different averages. In Ball(k) the value of k1 is kept within a certain bin while all other

values of k2 and k3 are averaged over. In Biso(k) we average over bispectra that have the value

of k1 within a certain bin and k2 = k3. In Bequ(k) we average over all bispectra that have all

three wavenumbers within a certain bin.

Ball(k) =
∑
k2,k3

B(k, k2, k3)
Nk

, (2.3)

Biso(k) =
∑
k2,k3

B(k, k2, k3)k,k2=k3

Nk,k2=k3

, (2.4)

Bequ(k) =
∑
k2,k3

B(k, k2, k3)k=k2=k3

Nk=k2=k3

, (2.5)

where, Nk, Nk,k2=k3 and Nk=k2=k3 are the number of triangles that fall into the relevant con-

figurations. We only do this to make the comprehansion of the plots easier. All our analysis

are performed on the original (pre-averaged) 2600 bispectrum measurements.

Even though this averaging is not optimal for the retention of the BAO feature, it is

still clearly visible in all configurations. The equilateral configuration has the most noise

since each point in the k axis corresponds only to a single equilateral triangle. In the bispec-
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trum, the BAO feature looks qualitatively similar. It is a decaying oscillation which is more

pronounced at higher redshifts.

2.3 BAO modeling

2.3.1 Power spectrum

To model the BAO in the power spectrum we start with the linear model Plin(k) that we

compute using computer code CAMB24 in a fiducial cosmological model. We split this power

spectrum into BAO and smooth parts, PBAO
lin and Ps

lin respectively, using cosmoprimo package.

cosmoprimo has many options for performing this split. We use the option based on the work

in132 and133, but we verified that this choice does not affect our results. We reduce the BAO

feature by damping it with a Gaussian term D(k,Σ) = exp(−Σ2k2/2) so that our final power

spectrum template is

Pw(k;α,Σ) = Ps
lin(k)[(PBAO

lin (αk) − 1)D(k,Σ) + 1] (2.6)

The dilation parameter α is only applied to the BAO wiggles. The superscript w denotes

the fact that the template has BAO wiggles in it. We use just the smooth part of the linear

power spectrum as the no-wiggle template.

Pnw(k) = Ps
lin(k) (2.7)

Formally, this is a limit Σ→ 0 of the wiggled template.
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2.3.2 Bispectrum

Our bispectrum BAO model is inspired by the leading order perturbation theory with linear

local bias given by43.

B(k1, k2, k3) = 2Z1(µ1)Z1(µ2)Z2P(αk1)P(αk2)+ (2.8)

cyclic terms + [P(k1) + P(k2) + P(k3)]S 1 + S 0,

where,

Z1(µ) = (b1 + fµ2
1), (2.9)

Z2 =

[
b2

2
+ b1F2(k1, k2) + fµ2

3G2(k1, k2) (2.10)

− fµ3k3

2

(
µ1

k1
(b1 + fµ2

2) +
µ2

k2
(b1 + fµ2

1)
)]
,

µi = ki · ẑ/ki with k1 + k2 + k3 = 0 to account for the triangular condition.

F2(k1, k2) =
5
7
+

k1 · k2

2k1k2

(k1

k2
+

k2

k1

)
+

2
7

( k1 · k2

k1k2

)2

, (2.11)

and

G2(k1, k2) =
3
7
+

k1 · k2

2k1k2

(k1

k2
+

k2

k1

)
+

4
7

( k1 · k2

k1k2

)2

, (2.12)

The cyclic terms can be derived by replacing indices 1 and 2 in the first term with 2 and 3,

and 1 and 3 respectively. f , b1, b2, S 0 and S 1 are free parameters of the fit.

Gagrani and Samushia 134 showed that most of the information is in the azimuthal av-

erages of the first three even multipoles with m = 0 in the multipole expansion containing
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most of the information relevant to the derivation of cosmological constraints. In this work,

we only consider the angularly averaged bispectrum (or the monopole) defined as

B0(k1, k2, k3) =

+1∫
−1

d(cos θ1)

2π∫
0

dϕB(k1, k2, k3, θ1, ϕ). (2.13)

We integrate the five-dimensional bispectrum numerically to obtain the three-dimensional

bispectrum monopole.

The model depends on wavevector lengths k1, k2 and k3, a dilation parameter α and

nuisance parameters b1, b2, and f . In perturbation theory, the last three parameters have

a physical meaning (e.g. f is interpreted as a growth rate of structure). We treat these

parameters as true nuisance parameters. Their only purpose is to give us a reasonable range

of bispectrum shapes to separate the BAO feature. We do not assign to them any physical

meaning.

We compute B by using Pw and Bs by using the no-wiggled template Ps. The ratio B/Bs

then gives a model for the BAO signature in the bispectrum.

In the end, the model depends on parameters α, b1, b2, f , S 0, S 1, and Σ.

This single universal scaling model is not accurate at the sub-percent precision135 but we

ignore the higher order effects in this work since they do not really affect any of our main

conclusions.

2.4 BAO fitting

We fit the model described in section 2.3 to the GLAM measurements described in section 2.2

by running a Monte Carlo Markov Chain (MCMC) using the emcee Python package136. The

MCMC was run with 70 walkers for 2000 steps, discarding the first 800 steps as burn-in to

ensure convergence. The chain is run over α and 6 nuisance parameters ( f , b1, b2, S 0, S 1, Σ).

The first three parameters in that list control the relative amplitude at different wavenumber

triplets, the next two provide wavenumber-dependent and wavenumber-independent additive
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terms to remove the effect of shot noise, and the last parameter controls how pronounced

the BAO feature is. The parameter priors are wide enough to encompass all areas of high

likelihood. We find the best-fit values by minimizing

χ2 =
∑

i j

XiWi jX j, (2.14)

where X is a vector of measurements (either Pw/Ps at different wavenumber or Bw/Bs at

different wavenumber triplets) and Wi j are weights that upweight or downweight a relative

contribution from different wavenumbers to the overall fit. The most optimal weights are the

ones given by the inverse covariance of our measurements. Unfortunately, we don’t have a

reliable way of estimating the inverse covariance. We use the inverse of a sample variance

over 1,000 GLAM mocks as our weights. We can not use the posterior of our likelihood to

approximate the true constraining power of the BAO signal in the bispectrum since the

sample covariance computed from a small number of mocks is a very noisy estimator of a

true covariance and the Hartlap correction factor137, commonly used to unbias the inverse

of the covariance matrix, was not applied in this case due to the insufficient number of

realizations. The minimum of the Eq. 2.14 is still an unbiased estimator and we can use it

to estimate the systematic offsets in our fits. Our measurements are computed from a very

large cumulative volume of 1,000h−1 Gpc and we expect the uncertainty in the systematic

offset to be negligible.

α is the only parameter of interest to us, the other six are nuisance parameters that we

marginalize over. We have another hidden degree of freedom in this fit, which is the fiducial

cosmology that we choose to produce the original Plin template. We are hoping that no matter

which template we start with, it can be made to fit the measurements by an appropriate

rescaling of the oscillation frequency with α and damping the amplitude of oscillations at

high wavenumbers with Σ. The dilation parameter is expected to be

α =
rtmp

d

rd
. (2.15)
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We do not have scaling with DV like in Eq. (2.1). This is because we are measuring our bis-

pectra in cubic boxes with known physical size and we are not affected by Alcock-Patczynski

scaling. We will show the results of fitting to the redshift z = 0.5, but we also verified that

the same conclusions hold for redshifts z = 0 and z = 1.198.

2.4.1 Aligned Template

We first check what happens when the template is computed in the actual cosmology of

GLAM simulations. In this case, the BAOs in the template and the measurements are aligned

and the expected value of α is one. The results from running our MCMC chains for the

aligned template for the redshift of z = 0.5 are shown in Figure 2.4. The results for other

redshifts look qualitatively similar. The likelihood contours are reasonably close to Gaussian.

While some of the nuisance parameters are correlated with each other, the αV parameter is

uncorrelated with any of the nuisance parameters, suggesting that its maximum likelihood

values are weakly affected by possible posterior volume effects. The f parameter is allowed

to take on negative values, under the standard interpretation of its meaning this would be

unphysical. We, however, do not interpret f as a growth rate of structure but rather use it

as a pure nuisance parameter that is used to help us span the range of possible shapes for

the smooth part of the bispectrum, so this is not a problem for our analysis. We checked

that restricting f to have only positive values does not affect constraints on α, which is not

surprising since f and α are very weakly correlated. Our recovered value of α is consistent

with unity to 0.03 percent precision. It’s worth noting that since we do not have reliable

estimates of the covariance matrix, the widths of our MCMC chains can not be interpreted

as errors in the measurement. We do not have at present a good way of estimating the

variance in our measurements but we expect it to be subdominant to the systematic error

from the fit since we are fitting the mean measurement of 1,000 one cubic Gigaparsec mocks.

Figure 2.5 shows the bispectrum BAOs from GLAM measurements at redshifts 0.0, 0.5,

and 1.198, and their corresponding best-fit models evaluated at the best values derived

from MCMC chains. The models match the measurements well and by visual inspection
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Figure 2.4: Equipotential contours of the MCMC posterior from fitting the BAO in GLAM
bispectrum at z = 0.5. The grey dashed line shows the expected value of α = 1.
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Figure 2.5: BAO signature in the bispectrum as a function of triangle index (see definition
in Sec 2.2.3) at different redshifts. Measured bispectrum BAOs from the GLAM simulations
(the blue line) is compared to our best-fit model (the orange line).
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Figure 2.6: Fractional deviation between the measured bispectrum BAOs from the GLAM
simulations and our best-fit model as a function of triangle index (see definition in Sec 2.2.3)
at different redshifts.
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Figure 2.7: Full bispectrum as a function of triangle index (see definition in Sec 2.2.3) at
redshift 0.5. Measured bispectrum from the GLAM simulations (the blue line) is compared to
our best-fit model (the orange line).

successfully recover all features in the measurements. Figure 2.6 shows the same information

but now as a ratio of the predicted and measured bispectra. At z = 0.0 there are some

bispectrum triplets that have a large fractional deviation between the measurement and the

theory. This is likely the failure of the simple model adopted in our work which does capture

the overall frequency of the BAO oscillations well but fails to predict the amplitude of the

BAO for some triplets.

Figure 2.7 shows a similar best fit to the entire bispectrum (not the BAO only like in the

previous case). As expected the simple model can not fit the full shape of the bispectrum well,

there are obvious and irreconcilable offsets between the measured and theoretical bispectra

at a wide range of wavenumbers and triangular configurations.

To aid visual inspection we also plot the measured and best-fit model bispectra for

averaged, isosceles, and equilateral triangles as defined by Eqs. (2.3)-(2.5). Figure 2.8 shows

this comparison for the bispectrum measured at z = 0.5. The top panel shows the GLAM BAOs

along with the model computed for the original templates derived from CAMB. The middle

row shows the effect of the damping parameter Σ on the model for the best-fit Σ from the
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Figure 2.8: Measured BAO in the bispectrum compared to the model. The columns show
bispectrum averaged over all (left), equilateral (middle), and isosceles (right) configurations.
The blue lines denote the measurements and are identical along the columns. The solid orange
lines in the top row denote the model computed based on a CAMB linear power spectrum. The
dashed orange lines in the middle row denote the model with the BAO damping applied,
which reduces the amplitude of the BAO wiggles. The dot-dashed yellow line and the dotted
green line in the bottom row denote the model stretched by the best fit and true α values
respectively.
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Figure 2.9: Percentage systematic error in the recovered value of α as a function of the
expected alpha.
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MCMC chains. The bottom row shows the result of stretching it by the best-fit value of α.

Since our best-fit is very close to one, the best-fit BAO template is difficult to distinguish

from the “true” BAO template (evaluated at αV = 1), which we also plot on the same figures

for comparison. Visual inspection confirms that the best-fit template is indeed a good fit for

the harmonic feature imprinted in the measurements. The template seems to be offset for

the equilateral triangles. This can be explained by high noise in this specific measurement.

The averaged and isosceles measurements are averages over many triangular configurations,

while the equilateral measurement is averaged over very few triangular configurations.

2.4.2 Systematic effects due to offset template

We now check whether the model performs equally well when the template is computed

in a different cosmology from the GLAM so that the position of the BAO peak is offset. To

perform this test we generate templates in 100 different cosmologies around GLAM cosmology

in a range 0.277 ≤ Ωm ≤ 0.327. We then perform the fitting as before. Figure 2.9 shows

the results of this exercise. Each point on the top panel corresponds to a template used in

the fits. The horizontal axis shows the expected value of α and the vertical axis shows the

percentage offset of the best fit from that expectation. In the ideal case, we want the points

to be as close as possible to zero. The bottom panel shows the same data from a different

point of view. The points are again individual templates, the horizontal axis is the value

of rd in the template and α is the amount of dilation needed to bring the template to be

identical to the true BAO signal. Blue dots show our expectations and the orange dots show

the actual results. We expected the systematic offset between the two to increase as the

offset between the template and the simulations increases, which seems to be the case. The

systematic offsets are mostly within 0.3 per cent as long as the frequency of the BAO in the

template does not differ by more than 3 per cent from the frequency in the data.
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2.5 Conclusions

We explored the possibility of modeling the BAO feature in the galaxy bispectrum. Even

though some of this information is recovered during the reconstruction of the cosmologi-

cal fields, the measurements of the BAO in the galaxy bispectrum have the potential to

strengthen our constraints on key cosmological parameters. In the measured bispectrum the

BAO signal is visible at wavenumber as high as k ∼ 0.3h−1 Mpc at redshifts of z = 0.5 and

above. At lower redshifts, the BAO signature at higher wavenumber is damped by nonlinear

evolution. We showed that even though simple perturbation-based models of bispectrum fail

to model it accurately at higher wavenumbers, they work reasonably well when the smooth

component is subtracted and only the BAO feature is modeled. We validated this on a suit

of GLAM simulations that have been run with and without the BAO feature in the initial con-

ditions. The ratio of the bispectra measured from those simulations is by definition the BAO

feature in the bispectrum. Our six-parameter model was able to recover the unbiased value

of α parameter when fit to the bispectrum monopole measured from a cumulative volume of

1, 000 h−3Gpc3. In real analysis, we don’t know a priori what cosmological model to use when

producing BAO templates. It is therefore important that the procedure results in unbiased

results for a range of reasonable templates. We checked the robustness of the model by fitting

the same measurements with the templates computed in offset cosmologies. By performing

similar validation tests we demonstrated that the bias in the recovered values of α is at most

0.3 per cent for deviations up to 3 per cent from the true value of the sound horizon. This is

good enough when fitting to currently existing data but may need improvement when future

more precise data arrives (e.g. from the DESI and Euclid experiments). Possible avenues for

decreasing the bias are computing the BAO template with more sophisticated modeling of

nonlinear physics or using simulations for calibrating the templates.
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*“Within subtle waves lies the story of creation — each oscillation a cause.”*
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Appendix

2.A Measuring Power Spectrum and Bispectrum

We divide every simulation cube into a 10243 grid. We assign halos to grid points based on

the triangular shaped cloud scheme described in138 to compute the number of particles in

each grid cell - ni jk. We then compute the overdensity field

δi jk =
ni jk − n

n
, (2.16)

where n is the average number density

n =
1

10243

∑
i jk

ni jk. (2.17)

We then perform a 3D discrete Fourier transform of the overdensity field

δ̃i jk = F ℓmn
i jk [δℓmn]. (2.18)

The δ̃i jk numbers can be arranged in a 3D cube so that each measurement corresponds to a

certain wavevector k = (ki, k j, kk)139–141. The average power spectrum within a bin (kmin, kmax)

is computed as the average value of all δ̃i jkδ̃
⋆
i jk such that the length |k| =

√
k2

i + k2
2 + k2

3

falls within the bin. The average bispectrum within a bin (ki,min, ki,max), where i = (1, 2, 3) is

similarly computed as the average of all δ̃i1 j1k1 δ̃i2 j2k2 δ̃i3 j3k3 such that wavevectors associated to

the three δ̃ fall within the corresponding bins and their sum is zero.
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Chapter 3

Galaxy-Halo Connection

3.1 Cosmological Context and Structure Formation

Modern cosmology is built on the framework of the Λ Cold Dark Matter (ΛCDM) model,

which describes a universe that is spatially flat, currently composed predominantly of dark

energy (∼ 70%) and cold dark matter (∼ 25%), with only a small fraction contributed by

baryonic matter and radiation94. Under this model, the universe began in a nearly uniform

state after the Big Bang, with tiny fluctuations in the primordial density field seeded by

quantum processes during inflation.

These fluctuations, observable today as anisotropies in the Cosmic Microwave Back-

ground (CMB), serve as the initial conditions for the formation of large-scale structure as in

Fig. 3.1.1. Over cosmic time, gravity amplifies overdense regions, causing matter to collapse

into a hierarchy of structures, from dark matter haloes to galaxies, groups, clusters, and

ultimately the filamentary cosmic web. Understanding galaxy formation requires modeling

how baryons evolve within this dark matter-dominated framework.

A crucial outcome of this gravitational evolution is the assembly of dark matter haloes,

which act as the scaffolding for galaxy formation. Gas accretes into haloes, cools, and con-

denses into stars, leading to the emergence of the diverse population of galaxies observed

today. This hierarchical process, where smaller systems merge to form larger structures,
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Figure 3.1.1: Temperature fluctuations in the Cosmic Microwave Background, as measured
successively by the COBE3, WMAP4, and Planck5 satellites, illustrate the increasing pre-
cision of cosmological measurements over time. Although the CMB appears nearly homo-
geneous and isotropic, tiny anisotropies at the level of one part in 105 encode the seeds of
the large-scale structure observed in the Universe today. These fluctuations are remnants of
quantum perturbations amplified during inflation and later evolved via gravitational insta-
bility. The figure illustrates this progression in observational capability. Image courtesy of
NASA.
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underpins our understanding of galaxy evolution104;142.

Structure Growth and Cosmic Expansion

The growth of cosmic structure is modulated by the expansion history of the universe, en-

coded in the Hubble parameter H(z). During the matter-dominated era, structure formation

proceeds efficiently, but the onset of dark energy domination at z ≲ 1 slows down grav-

itational collapse. This leaves an imprint on the abundance and properties of haloes and

galaxies at different epochs.

Quantifying this growth requires both theoretical modeling and observational probes,

including weak lensing, galaxy clustering, and the cosmic microwave background. Large-scale

simulations such as IllustrisTNG143–147, Uchuu148, EAGLE149;150, and Millennium104

have played a vital role in connecting theory to observation, enabling the prediction of galaxy

properties from initial conditions in a cosmologically consistent manner.

Galaxy Formation in a Cosmological Framework

Within this evolving cosmological background, galaxy formation is governed by a complex

interplay of processes:

• Gas accretion and cooling: baryons fall into haloes and radiatively cool.

• Star formation and feedback: stars form in dense regions; supernovae and AGN

inject energy back into the interstellar and circumgalactic media.

• Chemical enrichment: stellar evolution produces metals that are recycled into the

gas phase, enriching future generations of stars.

• Mergers and interactions: hierarchical assembly leads to dynamical interactions

that reshape galaxy morphology and trigger starbursts or quenching.

These processes are inherently nonlinear and span a vast range of spatial and temporal scales.

While semi-analytic models (SAMs) and hydrodynamical simulations have advanced our
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understanding significantly, they remain computationally expensive and model-dependent,

motivating the development of alternative techniques, including those based on machine

learning.

This cosmological perspective sets the stage for the remainder of this chapter. In the fol-

lowing sections, we review how galaxies are modeled from the properties of their host haloes,

how galaxy formation histories are predicted using neural networks, and why a stochastic

treatment of unresolved variability is required to improve their realism.

3.2 The Galaxy–Halo Connection and Modeling Ap-

proaches

In the framework of hierarchical structure formation, dark matter haloes form through the

gravitational collapse of overdense regions in the early universe. These haloes serve as the

sites where baryonic matter accumulates, cools, and forms galaxies. Understanding the con-

nection between galaxies and their host haloes is central to both astrophysical modeling and

cosmological inference.

Observationally, galaxies trace the underlying matter field in a biased and stochastic

manner. This bias arises because galaxy properties depend not only on the mass of the host

halo but also on its assembly history, environment, and baryonic processes such as feedback.

The theoretical challenge is to develop models that can predict galaxy populations, including

stellar mass, star formation rate (SFR), metallicity, morphology, and color, based on halo

properties.

Modeling the Galaxy–Halo Relationship

Several classes of models have been developed to capture the galaxy–halo connection:

• Halo Occupation Distribution (HOD) models151–158 specify the probability dis-

tribution of galaxy number and type as a function of halo mass. These are typically

calibrated against clustering measurements.
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• Subhalo Abundance Matching (SHAM)159–162 assumes a monotonic mapping

between galaxy stellar mass (or luminosity) and a halo property such as maximum

circular velocity or mass. SHAM models are simple and flexible but often lack predictive

power for galaxy histories.

• Semi-analytic models (SAMs)163–168 solve differential equations describing bary-

onic processes on top of dark matter merger trees. These include gas cooling, star

formation, feedback, and chemical enrichment, and can predict galaxy evolution over

time.

• Hydrodynamical simulations solve for both dark matter and baryonic physics

in a cosmological volume. Simulations such as IllustrisTNG169, EAGLE149, and

SIMBA170 provide detailed, self-consistent predictions of galaxy properties and mor-

phologies. Hydrodynamical simulations were used to study and help building the model

of the halo occupations171–177, understand the semi-analytic models178, and test the

assumptions of the subhalo abundance matching approach176;179;180.

Each of these approaches involves trade-offs between physical realism, computational cost,

and interpretability. While hydrodynamical simulations offer the most detailed predictions,

they are expensive to run and often limited in volume or resolution. SAMs offer greater speed

and tunability but rely on simplifying assumptions. HOD and SHAM methods are efficient

but lack explicit time evolution.

The Emergence of Machine Learning Models

In recent years, machine learning (ML) methods have emerged as a promising alternative for

modeling galaxy formation. These models aim to learn a mapping from dark matter halo

properties—such as mass accretion history, environment, and merger history—to galaxy

observables. When trained on high-fidelity simulations, ML models can generate large mock

galaxy catalogs at minimal computational cost181;182.
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Figure 3.2.1: Illustration of various modeling approaches across physical scale and computa-
tional cost. Hydrodynamical simulations are physically rich but computationally expensive.
SAMs, HOD, SHAM, and machine learning-based models provide efficient alternatives at
varying levels of complexity and predictive power.

A key advantage of ML is its flexibility: it can capture non-linear, high-dimensional

relationships that are difficult to encode in analytical prescriptions. However, this comes

at the cost of interpretability and generalizability. Moreover, most ML models trained on

simulations struggle to reproduce the full diversity and stochasticity of galaxy formation

histories, especially at short timescales.

Recent efforts have also explored ML-driven emulators for constraining halo occupation

parameters using clustering statistics182–185. These approaches demonstrate that ML can

significantly accelerate inference pipelines, although care must be taken to avoid bias intro-

duced by model training and parameter space limitations185.
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In this context, hybrid models that combine the predictive power of ML with physically

or statistically motivated corrections are gaining attention. The following sections examine

in more detail the structure of galaxy formation histories, their variability across scales, and

why modeling this variability is essential for accurate mock catalogs and scientific inference.

3.3 Galaxy Formation Histories and Their Variability

The evolution of a galaxy is encoded in its formation history, a time-resolved record of its

star formation rate (SFR), chemical enrichment, and stellar mass assembly. Among these,

the star formation history (SFH) and metallicity history (ZH) are particularly important,

as they determine the galaxy’s spectral energy distribution (SED), color, and emission line

properties. Recovering accurate galaxy histories is therefore critical for understanding both

galaxy formation physics and for producing realistic mock observables.

Star Formation and Metallicity Histories

In a cosmological setting, star formation is driven by the accretion of gas into dark matter

haloes and is regulated by internal and external feedback processes. The SFH of a galaxy

captures the rate at which gas is converted into stars as a function of cosmic time or redshift:

SFH(t) =
dM⋆(t)

dt
, (3.1)

where M⋆(t) is the stellar mass of the galaxy at time t. Similarly, the metallicity history

traces the evolving abundance of heavy elements in the stellar population or the interstellar

medium (ISM), often expressed as:

ZH(t) = Z⋆(t), or Zgas(t), (3.2)

depending on whether stellar or gas-phase metallicity is being tracked. These histories are

not smooth but exhibit significant structure due to stochastic processes such as mergers,
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starbursts, gas accretion episodes, and feedback-driven quenching.

Significance for Observables

The integrated properties of a galaxy, including color, luminosity, and spectral shape, are

direct consequences of its formation history. For example, even small bursts of recent star

formation can significantly alter a galaxy’s UV-optical color, while metallicity variations

affect line strengths and continuum shape. In this sense, accurate SFHs and ZHs are necessary

not only for theoretical modeling but also for generating forward-modeled observables such

as photometry, spectra, and emission lines186;187.

Moreover, short-timescale variations in SFH can lead to significant scatter in observable

quantities. These variations are especially important in dwarf galaxies and starburst systems,

and are increasingly relevant for interpreting JWST, LSST, and DESI observations. Models

that average over such fluctuations risk underestimating the diversity and stochasticity of

galaxy populations.

Sources of Variability

Variability in SFHs and ZHs arises from both physical and numerical factors:

• Physical sources: stochastic gas accretion, feedback loops (e.g. supernova- or AGN-

driven), galaxy interactions, mergers, and environmental effects.

• Numerical artifacts: limited resolution in time or mass, smoothing from time-

averaging in simulations or models, or limitations in ML architecture.

For instance, in hydrodynamical simulations like IllustrisTNG, individual galaxies exhibit

rich and noisy SFHs (and ZHs) with variability on 100 Myr timescales and below (Figures

3.4.1, 4.4.1, 4.B.1). These fluctuations are not random noise but contain real information

about the internal dynamics of galaxies and their cosmological environment.
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Implications for Modeling

Most current modeling approaches, including classical semi-analytic models and neural net-

works, tend to produce smoothed or averaged histories, especially when trained to minimize

global loss functions. While this may capture large-scale trends, it suppresses physically

important small-scale variability.

As we demonstrate in the next section, this lack of high-frequency structure can be

diagnosed and quantified using the power spectrum of the SFH or ZH time series. This

motivates the development of hybrid models that combine deterministic accuracy on large

scales with stochastic corrections on small scales.

3.4 Machine Learning for Galaxy Evolution Modeling

The increasing complexity of simulations and the sheer volume of data from cosmological

surveys have made machine learning (ML) a natural tool for modeling galaxy formation. By

learning non-linear mappings from halo properties to galaxy observables, ML offers a fast,

scalable, and flexible alternative to semi-analytic or physically motivated models.

Motivation and Use Cases

ML has been applied in various astrophysical contexts, from classifying galaxy morphologies

to emulating cosmological simulations. In the context of galaxy formation, ML models aim

to predict stellar mass, SFR, metallicity, and even full SFHs and ZHs from halo merger trees

or time-series data.

Such models are typically trained on outputs from hydrodynamical simulations like Il-

lustrisTNG, where the ground truth includes both halo and galaxy properties. Once

trained, the ML model can be applied to halo catalogs from dark matter-only simula-

tions, enabling the generation of mock galaxy populations across vast volumes at negligible

cost6;181;182.
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Model Architectures

Various ML architectures have been explored for this task:

• Fully connected networks (dense MLPs): map time-aggregated halo features to

integrated galaxy properties.

• Recurrent neural networks (RNNs): process halo histories as sequences, capturing

temporal evolution of accretion and environment6.

• Convolutional and graph networks: learn hierarchical or topological features,

especially in spatial clustering tasks.

Among these, RNN-based models have shown success in predicting SFH/ZH time series

by ingesting temporally resolved halo properties (e.g. mass, environment, merger events).

However, while these models accurately reproduce large-scale trends, they consistently under-

predict short-timescale variability, a key limitation for generating realistic observables.

Fourier Analysis of Predicted Histories

This discrepancy becomes more apparent in Fourier space. When comparing the power spec-

trum of predicted vs. true SFHs, ML models reproduce low-k modes (long timescale trends)

but systematically underestimate power at high k, corresponding to short timescale fluctu-

ations. This indicates a loss of phase and amplitude information on small temporal scales

(Figures 4.2.2, 4.2.3, 4.4.2).

This smoothing effect is due in part to the training objective: loss functions like mean

squared error naturally prioritize large-scale features that dominate the variance. It is also

a result of the architectural bias toward smooth functions in most neural networks. As a

consequence, predicted SFHs and ZHs often appear as denoised versions of the true histories,

accurate in integrated quantities but lacking in temporal fidelity.
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Figure 3.4.1: An example formation history for a satellite galaxy of intermediate mass in
IllustrisTNG simulation. The true star formation history (blue) and the corresponding
prediction (cyan) are shown alongside the true stellar metallicity history (purple) and the
predicted metallicity history (magenta). Numerical estimates of the subhalo and predicted
stellar mass and metallicity are shown above the graph. The neural network model modestly
captures the overall shape of SFH and ZH, but underestimates high-frequency fluctuations
present in the true (simulated) histories. Source : Chittenden and Tojeiro 6 .
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Toward Hybrid Stochastic Models

To address this, we require modeling strategies that preserve the strength of ML on large-

scale predictions while restoring the short-timescale structure lost in training. This leads

naturally to hybrid models that augment neural network predictions with statistically prin-

cipled stochastic corrections, a concept developed in the following chapter.

3.5 Motivation for Semi-Stochastic Corrections

The limitations of deterministic machine learning models in recovering short-timescale vari-

ability in galaxy formation histories motivate the need for hybrid approaches. These limita-

tions are not merely cosmetic; they directly affect the realism of synthetic galaxy populations

and the observables derived from them, including spectral energy distributions (SEDs), color

distributions, and star formation rates.

As discussed in the previous section, most neural networks trained to predict star for-

mation and metallicity histories learn smoothed representations that match low-frequency

trends but systematically suppress high-frequency variability. This results in time series that

are accurate in an average sense but do not reflect the full stochastic richness observed in

high-resolution simulations like IllustrisTNG.

Correcting for Lost Variability

A promising approach is to treat this discrepancy as a scale-dependent modeling failure: ML

models succeed on long timescales but underperform on short ones. This perspective allows

for a natural correction mechanism, retain the deterministic neural network prediction as

the large-scale backbone, and inject small-scale fluctuations in a way that reproduces the

true statistical properties of the underlying simulation.

This motivates a semi-stochastic correction strategy. The key idea is to compute the

power spectrum of each predicted SFH/ZH and compare it to that of real simulated histo-

ries. Where power is lacking, typically at high frequencies, statistically consistent perturba-
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tions are introduced to restore the correct amplitude of fluctuations. Phase information is

randomized under the assumption that short-timescale features are not strongly correlated

across halos of similar mass or formation history.

Design Goals and Justification

This correction method is built around the following goals:

• Accuracy: preserve the fidelity of neural network predictions on resolved scales.

• Realism: match the statistical structure (power spectrum) of the simulated data.

• Generality: apply across diverse halo masses, environments, and cosmic times.

• Efficiency: computationally inexpensive and easily integrated into existing pipelines.

From a cosmological perspective, capturing short-timescale fluctuations is essential for gen-

erating realistic mock catalogs. These catalogs are used in forward modeling pipelines for

interpreting galaxy colors, star formation rates, and emission lines, all of which are sensitive

to SFH variability.

Overview of the Next Chapters

The next two chapters explore the use of machine learning for modeling galaxy formation

histories and the development of correction strategies to improve their physical realism.

Chapter 4 introduces a semi-stochastic correction framework designed to recover short-

timescale variability that is typically lost in standard neural network predictions. This

method is applied to galaxies from the IllustrisTNG simulation and shown to enhance the

fidelity of predicted star formation and chemical enrichment histories. The corrections lead

to improved agreement with simulation-based observables such as the stellar-to-halo mass

relation, spectral energy distributions, and photometric color distributions, particularly in

recovering bimodality and scatter across galaxy populations.
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Chapter 5 extends this approach to predictions made from pure dark matter simulations,

including TNG-Dark and Uchuu, where baryonic information is absent from the training

data. The predictive performance is evaluated across different halo properties, such as mass

accretion history, half-mass radius, and cosmic environment. The semi-stochastic corrections

improve the match to hydrodynamical results in terms of star formation rates, metallicities,

and observable properties like spectra and colors, thereby demonstrating the framework’s

utility in generating realistic galaxy catalogs from dark matter-only simulations.

“ଅଦୃଶ୍ୟ ଆକୃତିେର ନିହିତ ଥାଏ ଦୃଶ୍ୟ ଶୃĐଳା — େଯଉଁଠି ଗୁରୁ İ ଓ େଦୖବତା ବିକାଶ ପାଏ।”

— Inspired by Upanishadic cosmology

*“The invisible form holds the visible sequence — where gravity and divinity unfold.”*
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Chapter 4

Optimised neural network predictions

of galaxy formation histories using

semi-stochastic corrections

This chapter originally appeared in the literature as :

Jayashree Behera, Rita Tojeiro and Harry Chittenden, Optimised neural network predictions

of galaxy formation histories using semi-stochastic corrections, arXiv:2409.16548188.

Abstract

We present a novel methodology to improve predictions of galaxy formation histories by in-

corporating semi-stochastic corrections to account for short-timescale variability. Our paper

addresses limitations in existing models that capture broad trends in galaxy evolution, but

fail to reproduce the bursty nature of star formation and chemical enrichment, resulting in

inaccurate predictions of key observables such as stellar masses, optical spectra, and colour

distributions. We introduce a simple technique to add a stochastic components by utilizing

the power spectra of galaxy formation histories. We justify our stochastic approach by study-

ing the correlation between the phases of the halo mass assembly and star-formation histories
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in the IllustrisTNG simulation, and we find that they are correlated only on timescales longer

than 6 Gyr, with a strong dependence on galaxy type. We demonstrate our approach by ap-

plying our methodology to the predictions on a neural network trained on hydrodynamical

simulations, which failed to recover the high-frequency components of star-formation and

chemical enrichment histories. Our methodology successfully recovers realistic variability in

galaxy properties at short timescales. It significantly improves the accuracy of predicted stel-

lar masses, metallicities, spectra, and colour distributions and provides a practical framework

for generating large, realistic mock galaxy catalogs, while also enhancing our understanding

of the complex interplay between galaxy evolution and dark matter halo assembly.

4.1 Introduction

According to the current model of galaxy evolution and structure formation, galaxies are

formed by the contraction of baryonic gas that is gravitationally bound to a dark matter

halo. The evolution of a galaxy is therefore expected to be at least partly determined by the

properties and evolution of its halo and surrounding environment. Although this relationship

has not yet been fully understood, studies in simulations and observations point to strong

links between the two. For example, in cosmological hydrodynamical simulations, the halo

formation history has been shown to impact on a galaxy’s present-day stellar mass (e.g.

Alarcon et al. 189 ; Cui et al. 190), star-formation rate or colour (e.g. Montero-Dorta et al. 191),

circumgalactic medium192, and morphology (e.g. Davies et al. 192), at fixed stellar or halo

mass or using controlled experiments. Although there is broad agreement that halo growth

and galaxy growth are linked, we still lack clarity in the details with different simulations

and observations arguing for different — sometimes directly opposing — effects of how halo

assembly histories impact galaxy properties. The difficulty comes from the complexity of

this galaxy-halo connection and its dependence on physical processes that span decades in

physical and time scales, as well as the interaction between baryons and dark matter. In

observations, we remain limited by the fact that halo properties — and halo assembly in

particular — remain notoriously hard to measure.
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Recent machine learning techniques have shown promise in emulating complex astrophys-

ical processes that connect the properties of dark matter halos to those of the galaxies they

host. These efforts have two broad goals: one is to enable the creation of much larger mocks

with realistic galaxy populations than what is possible with hydrodynamical simulations, in

a fast and efficient way; and another is to study the impact of different halo properties on

the build-up of the galaxy-halo connection. And, indeed, such efforts have been shown to

offer a way to efficiently populate large N-body simulations with mock galaxy catalogs while

encapsulating key relationships between halos and galaxies182;193–195.

In a recent study,6 (CT23 henceforth) developed neural networks to predict the star

formation and chemical enrichment histories of central and satellite galaxies based solely on

the properties of their dark matter halos and environments. The networks were trained on

hydrodynamical simulations from the IllustrisTNG project143–146;196 and successfully recov-

ered key observational benchmarks like the stellar mass-halo mass relation, mass-metallicity

relation, and colour bimodality. The model utilizes a semi-recurrent neural network (rNN)

algorithm to predict the time-resolved star formation history (SFH) and metallicity (or chem-

ical enrichmeny) history (ZH) of central and satellite galaxies from the historical evolution

of their dark matter halos and local dark matter environment. From these properties, one

can then self-consistently predict observables such as optical spectra and broadband colours.

The model is fairly practical and can be used in high fidelity N-body simulations, statis-

tically reproducing key relationships of the galaxy-halo connection, and producing realistic

mock surveys of unprecedented size and complexity197. While the CT23 networks broadly

matched time-averaged trends, the predicted histories lacked variability on short timescales

compared to the original hydrodynamic histories. By correlating the lack of power on short

timescales of the formation histories with residuals in predicted vs. true galaxy properties,

CT23 concluded that the lack of variablity on short timescales led to a systematic underes-

timation of stellar masses, luminosities, and emission line strengths for some galaxies. They

also noted a systematic underestimation of the scatter in fundamental relations such as

the mass-metallicity relation. The discrepancy was more significant for star-forming central

galaxies than for quenched satellites.
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Modelling and measuring short-timescale variability in star-formation histories and its

connection to fundamental relations is an active area of research. Studies on cosmological hy-

drodynamical simulations have linked long timescales (≳ 1 Gyr) with halo-related processes

(e.g. accretion) and shorter timescales with variability associated with feedback processes

(e.g. Sparre et al. 198 ; Iyer et al. 199). The lack of a direct physical link between halo and

star-formation histories on short timescales then becomes a natural and tempting expla-

nation for the shortcomings of the networks in CT23. Purely stochastic methods to model

the star-formation histories of galaxies have been successful at describing the scatter of the

star-forming main sequence200 and identifying different physical contributions to variabil-

ity on different timescales by looking at different simulations of galaxy evolution (e.g. Iyer

et al. 199). Within these frameworks, for example, it is possible to explicitly model variability

arising from different physical processes, such as gas inflow rates and the formation and de-

struction of giant molecular clouds, as well as their impact on observables, laying the ground

for observational constraints on these models (e.g. Tacchella et al. 201 ; Iyer et al. 202).

In this follow-up paper to CT23, we implement a stochastic correction method to account

for unmodelled short-timescale variability in the predicted star formation and metallicity

histories. We have two main goals. One is to directly improve the predictions of the CT23

networks. Along with predicting the histories directly, we also train auxiliary neural networks

to directly predict their power spectra as a function of halo properties. The power spectrum

captures the degree of variability on different timescales, which can be attributed to physical

drivers like stellar feedback, fluctuations in gas accretion, and mergers. This method utilizes

randomized realizations of the histories by inverse Fourier transforming the predicted power

spectra with quasi-random phases. This stochastic approach self-consistently introduces vari-

ability on short timescales while preserving the large-scale trends predicted by the original

networks. In this paper we limit our corrections to timescales longer than 860 Myr, as that

was the limiting frequency of the star-formation and chemical enrichment histories used by

the neural network. Future work will study the connection between halos and baryons using

a larger range of frequencies. Our other goal is to understand the connection between halo

assembly, star-formation and chemical enrichment histories by looking at the correlations in
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phases of these two components. Effectively, we ask the question: on what timescales can the

phases of star-formation and chemical enrichment histories be treated as purely stochastic,

given the mass assembly history of a host halo?

The added variability introduced by our quasi-stochastic corrections produces stellar

masses, spectra and metallicities that show substantially better agreement with the refer-

ence hydrodynamic simulation, confirming that the missing short-timescale variability was

a primary cause of the original discrepancies.

Our paper is organised as follows. In Section 4.2 we summarise the CT23 model and

data, as well as the Fourier transforms data used here. In Section 4.3 we explore the phase

correlations between star-formation, metallicity and halo mass assembly histories with the

goal of informing the limits of our stochastic corrections, and we present our formalism

and the details of their implementation. In Section 4.4 we present our results and finally in

Section 4.5 we discuss our results and conclude.

4.2 Model and Data

We use the same SFHs, ZHs and mass assembly histories (MAHs) of the dark matter halos

as in CT23, computed from the Illustris TNG simulation. SFHs and ZHs are defined from

the mass-weighted age and mass-weighted metallicity distributions of star particles bound

to each subhalo at z = 0, respectively. These properties are then binned on to a time grid

that corresponds to every third snapshot of the TNG simulations, spanning a redshift range

of 0 ≤ z ≤ 20. The final grid therefore has 33 bins, each corresponding to a lookback time

interval of around 200 to 400 Myr. For full details on the neural network model, targets,

features, and predictions, see CT23. Briefly, a combination of temporal features (such as the

halo mass accretion rate history) and non-temporal features (such as the z = 0 halo mass

or infall velocity for satellites) are fed to a semi-recurrent neural network to predict time-

dependent star-formation and chemical enrichment histories of galaxies in the same time

grid. To increase the sampling of high-mass objects, CT23 combined data from TNG100 and

TNG300 after correcting SFHs and ZHs for mass resolution effects.
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Figure 4.2.1: This figure demonstrates the decomposition of the star-formation history of two
galaxies onto the frequency components of the DFT. In each panel, the thick blue line shows
the original star formation history. The other lines show the reconstructed star-formation
history using the frequencies up to (and including) the frequency listed on the label — we
only use four frequencies here for clarity. The first component of the DFT is simply the mean
the star-formation history over cosmic time, represented by the orange solid line. The left
panel shows a typically quiescent high-mass galaxy (M∗ = 1011.2M⊙) whereas the right panel
shows a typically star-forming low-mass galaxy (M∗ = 109.7M⊙).

For the neural-network modeling, the TNG data is split into training and test datasets.

The training set consists of 75 percent of the combined TNG100 and resolution-corrected

TNG300 data. Separate training sets exist for central and satellite galaxy neural networks. 20

percent of the training data is held out for validation during training iterations. The rest of

the 25 percent of the TNG galaxy data is reserved strictly for testing and is not used to update

model parameters during training. Once trained, the neural networks are used to predict

SFHs and ZHs from the halo properties of the test set. The predicted galaxy properties

are compared with the true ones to evaluate to quantify model performance and check for

overfitting. CT23 demonstrates that, on the whole, the recurrent neural network successfully

recovers key properties of the galaxy population, namely the mean stellar to halo mass

relation (SHMR, CT23-Fig 11) and the dependence of its scatter on halo assembly (CT23-

Fig 15), stellar mass-magnitude relations (CT23-Fig 20), the relationship between galaxy

SFH and halo mass (CT23-Fig 12) and its dependence of the stellar mass-weighted age with

stellar mass (CT23-Fig 14). Not withstanding these key successes, the neural network fails

to recover the scatter in the mass-metallity relation (CT23-Fig 16), the scatter in galaxies’
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Figure 4.2.2: The mean amplitude of the DFT, A( f ), for the star-formation histories (top)
and metallicity histories (bottom) of different samples of central galaxies. From left to right
the different panels represent galaxies of low, intermediate, and high stellar mass, respec-
tively. The different coloured lines show the mean of the true (red), predicted (blue), and
modified+ (green) values. The cyan line shows the mean of the FFT amplitudes that were
directly predicted by the rNN. The difference between the red and blue lines indicates the
initial problem that this work aims to solve — the lack of power at small scales in the
star-formation and metallicity histories predicted by the rNN (see Section 4.2). The simi-
larity between the cyan and the red line motivates the approach proposed here — to use
the predicted DFT amplitudes as an estimate of the true amplitudes (see Section 4.3). The
difference between the green and red lines indicates that the methodology presented here is
successful at recovering the power on all timescales (see Section 4.4). In all cases, the shaded
areas show the standard deviation around the mean.
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spectral energy distributions (SEDs, CT23-Fig17), or Hα luminosity. The network also clearly

fails to predict SFH and ZH features on short time-scales (CT23-Fig 13).

To analyse and mitigate this shortcoming of the rNN, we begin by comparing the ampli-

tude of the Fourier transform (FT) of the true and predicted SF and ZHs. To do that, we

compute the FT of each galaxy’s SFH and ZH (and, later, MAH) using a NumPyi imple-

mentation of the discrete Fourier transform (DFTii), allowing us to compare predicted and

true histories as a function of time-scale. We will represent the FTs of time-domain function

h(t) as complex functions H( f ) = A( f )e−iθ( f ), where f denotes frequency, and A( f ) and θ( f )

are the amplitude and phase as functions of frequency, respectively. For each of our func-

tions sampled in 33 bins in time (SFH, ZH, MAH), we obtain a DFT with 17 amplitudes

and phases. The zeroth array element corresponds to the average function value, with phase

θ = 0 by default. Each of the other 16 elements i contains the DFT at a frequency that is 1/ith

of the period of the function, which is assumed to be age of the Universe at z = 0 in the TNG

cosmology. In other words, the frequency corresponding the i = 1 frequency corresponds to

a mode with a period P = 13.80 Gyr, i = 2 to a mode with a period of P = 6.90 Gyr and so

forth. The highest sampled frequency is 1.16 Gyr−1 equivalent to a timescale of 0.86 Gyr.

For illustration purposes, we show in Fig. 4.2.1 the reconstruction of the true star-

formation history of two galaxies in our training sample as a function of the maximum fre-

quency (or, inversely, minimum timescale) used. Fig. 4.2.2 shows the average amplitude A( f )

of the SFHs and ZHs in three stellar mass bins that we will call ”low mass” (log M∗/M⊙ < 10),

”intermediate mass” (10 ≤ log M∗/M⊙ < 11), and ”high mass” (log M∗/M⊙ ≥ 11). The mag-

nitude of A( f ) depends on the stellar mass of the galaxy, so amplitudes are normalised to

unity for each galaxy prior to averaging, which allows us to compare the shape of A( f ) for

the true (red) and predicted (blue) SFH and ZHs. In the case of the SFHs (top) we can see

the clear deficit in power of the SFHs predicted by the CT23 rNN (blue line) on timescales

shorter than approximately 5 Gyr, particularly at high stellar mass. In the case of the ZHs

(bottom) this deficit is not seen in the lowest stellar mass bin.
ihttps://numpy.org

iihttps://numpy.org/doc/stable/reference/routines.fft.html
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We can also analyse how the phases of the SFH and ZHs predicted by the rNN compare

to the true ones. Fig. 4.2.3 shows the predicted vs true phases the SFHs of central galaxies in

the test sample, at three different frequencies and in three mass bins (the resulting figure for

satellites is similar and not shown). Although the SFHs predicted by the rNN have phases

that are well predicted on the lowest frequency, the correlation quickly deteriorates with

increasing frequency, and phases for frequencies higher than 1/2.76 Gyr−1 are uncorrelated

across true and predicted SFHs. We also note that the distribution of θ( f ) is not uniform

in [0, 2π], even for high frequencies — in other words, the range of allowed values of θ is

determined by galaxy evolution processes, and carries physical meaning. This can also be

seen through the dependence on stellar mass, in that the phases of the more massive galaxies

are both shifted with respect to those of lower mass galaxies (reflecting the earlier epoch of

star formation) and are slightly better predicted by the rNN, particularly towards lower

frequencies. We will investigate some of the reasons for this in Section 4.3.2. For now, we

point out that the peak of the SFH or ZH of a galaxy is largely determined by the phase of

the longest timescale mode (see e.g. Fig. 4.2.1) and that these are well recovered by the rNN

at all stellar masses. However, the limitations towards higher frequencies are evident. In this

paper we propose a solution to this problem by modifying the SFHs and ZHs predicted by

the rNN such that they have the similar FTs to the true SFHs, and we will refer to those

as ”modified/modified+”, depending on the details of the modification. We will refer to

quantities directly obtained from the TNG training samples as ”true” and to the quantities

predicted by the rNN as ”predicted” (matching those in CT23).

This line of investigation is possible because the rNN is able to predict directly the shape

of A( f ) very well (i.e., A( f ) is explicitly made a target of the NN), although with a lower

scatter than those corresponding to the true SFHs — see cyan line in Fig. 4.2.2. In the next

section we introduce a formalism to correct the SFHs and ZHs in the case that the true

amplitude of the FT is known (i.e., assumed to be correctly predicted by the rNN) and, in

Section 4.3.2, we consider how to treat the phases in detail.
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Figure 4.2.3: The phases of the predicted star-formation histories vs the phases of the true
star-formation histories of central galaxies shown at three timescales: 13.8 Gyr (left), 6.90
Gyr (middle), and 2.76 Gyr (right).Each panel shows a kernel-density estimation visualisation
of the phases for galaxies in the three mass bins, with contours representing levels of equal
probability density, in 10 equal bins
. The black dashed line is the one-to-one line. As we move to shorter timescales and to lower
stellar masses, the correlations between true and predicted phases breaks down.

4.3 Semi-Stochastic corrections

4.3.1 Formalism

We aim to modify the predicted star formation and chemical enrichment (metallicity) his-

tories from our neural networks to better match the intrinsic variability of the original ones

in the hydrodynamic simulations. We assume an additive relationship between the true and

predicted histories and their respective FTs:

htrue(t) = hpred(t) + hstoc(t) (4.1)

Htrue( f ) = Hpred( f ) + Hstoc( f ) (4.2)

where htrue(t) and hpred(t) are the true and predicted histories in real time, and hstoc(t) is the

correction term we seek to compute.We denote the FT of the signal in the time domain h j(t)

as H j( f ) = F [h j(t)], where F is the FT operator and F −1 its inverse. Each component in
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frequency space can be expressed in complex form as:

H j( f ) = A je−iθ j = A j cos θ j − − − iA j sin θ j, j ∈ {true, pred, stoc}. (4.3)

Substituting into equation 4.2 and equating the real and imaginary parts, we obtain:

Atrue cos θtrue = Apred cos θpred + Astoc cos θstoc,

Atrue sin θtrue = Apred sin θpred + Astoc sin θstoc.

(4.4)

Solving these equations for Astoc and θstoc gives:

Astoc =
[
(Atrue cos θtrue − Apred cos θpred)2

+(Atrue sin θtrue − Apred sin θpred)2
]1/2
,

θstoc = tan−1
(

Atrue sin θtrue − Apred sin θpred

Atrue cos θtrue − Apred cos θpred

)
.

(4.5)

The amplitude, Astoc represents the misfit between true and predicted transforms while

the phase θstoc is randomized. This defines the complete complex correction term Hstoc( f ),

that introduces missing stochasticity while preserving the predicted large-scale trends. We

then obtain the correction in real space by taking the inverse FT:

hstoc(t) = F −1[Hstoc( f )
]
. (4.6)

Finally, the corrected star formation or enrichment history is computed by adding this

term to the predicted one, as in equation 4.1.

To determine the true amplitudes Atrue and true phases θtrue we make the key assumption

that the neural network accurately predicts the FT amplitudes (see cyan and red lines in

Fig. 4.2.2), which govern the distribution of variability timescales. Under this assumption, we

substitute the FT amplitudes directly predicted by the neural network as the true amplitudes.

Consequently, the only remaining parameter to be determined is θtrue.
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4.3.2 Phase correlations and stochasticity

A purely stochastic correction would assume random θtrue for each frequency of the star-

formation and chemical enrichment histories. However, given the relationship between halo

mass assembly and star formation, for example, we expect that the phases of these two

functions are correlated to some extent, even considering a time-delay (which would translate

onto a shift in phase between the two). In this section, we investigate the correlations between

phases of the MAH, SFH and ZH of different populations of galaxies in the training sample

with the goal of understanding the appropriate limits of our stochastic corrections. We define

three populations of galaxies according to their position in the star-formation main sequence,

as shown in Fig. 4.3.1. The star formation rate (SFR) is computed by averaging the stellar

mass in the last 1 Gyr. We split the galaxy population into star-forming and quiescent, and

further split off the high-mass end of the star-forming main sequence — these galaxies sit

below the main sequence, and we will refer to them as ”quiescing”, as they are potentially

quenching now. We also define a distinct set of three populations according only to their

stellar mass, the boundaries of which are also shown in Fig. 4.3.1 and are the same boundaries

used in Fig. 4.2.3.

To investigate to what extent the phases of the different histories are correlated, we

compute the Spearman Rank correlation coefficient, rs, between MAH and SFH, SFH and

ZH, and MAH and ZH, as a function of frequency, for each galaxy sample and separately

for centrals and satellites (Fig. 4.3.2). In almost all cases, we see that the phases of the

MAH and SFHs are correlated only on timescales longer than at least 6 Gyr. This likely

contributes to the fact that the rNN only captures the nature of SFHs on long timescales

— the rNN learns the connection between halo and stellar assembly, but Fig. 4.3.2 shows

that these are uncorrelated on timescales shorter than 6 Gyr. More interestingly, Fig. 4.3.2

also reveals a dependency of the galaxy-halo connection on the type of galaxy. Specifically,

galaxies in the lower-mass end of star-forming main sequence have the strongest correlation

between the phases of their halo and stellar assemblies. These galaxies, sitting in the linear

part of the star-forming main sequence, are often described as gas-regulated systems203;204,
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Figure 4.3.1: The star-formation rate vs stellar mass of centrals (left) and satellite (right)
galaxies in the training sample. Quiescent galaxies have zero SFR in the most recent bin,
spanning 475 Myrs, but they are plotted here with a dummy value for presentation values.
The colours demonstrate how galaxies are classified in this diagram: quiescent, star forming,
or high-mass star-forming. Also represented are the three stellar mass bins used, defined as
low mass (log M∗/M⊙ < 10), intermediate mass (10 ≤ log M∗/M⊙ < 11), and high mass (log
M∗/M⊙ ≥ 11).

whereby galaxies are forming stars from infalling cold gas at a fixed efficiency. The expected

coincidence of infalling cold gas and dark matter onto the halo then gives a plausible expla-

nation as to why the phases of these galaxies’ MAH and SFHs show the strongest correlation.

At the high mass end of the star-forming sequence, however, the correlation between halo

mass assembly and star formation decreases. rs is very small at all timescales for central SF

massive galaxies, and effectively zero is we select galaxies based on a SFR averaged over the

last 475 Myr, instead of 1 Gyr. In these galaxies, star formation timescales have decoupled

from those of mass assembly even on very long timescales. In the case of satellites, we cor-

relate the phases of the star-formation histories with the subhalo assembly histories. The

main difference is in the quenched galaxies, although we note a more complex relationship

between halo and star-formation phases. Obviously our galaxy samples, defined according

to either stellar mass or position in the star-forming main sequence, are not independent.

The purpose of this paper is not to carefully disentangle the main drivers of the correlation

between MAH, SFH and ZH phases, but rather to understand to what extent and in what

conditions they correlate so that we may inform how we determine θtrue. Also clear from

Fig. 4.3.2 is that the phases of star formation and chemical enrichment are substantially
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Figure 4.3.2: The Spearman rank correlation coefficient, rs, between the phases of the halo
mass assembly histories and the star formation histories (left) and between the phases of the
star formation and chemical enrichment histories (right) as a function of frequency. In the
case of satellites (bottom), we considered the subhalo mass assembly histories. Solid lines
show rs of different types of galaxies, as shown in Fig. 4.3.1. Dashed lines show rs of galaxies
of different stellar mass. Statistically significant correlations are identified by a solid symbol.
In general we find that halo and stellar growth are most correlated on long timescales (≳ 6
Gyr) and for low-to-intermediate stellar mass galaxies in the star-forming main sequence. We
also find that star-formation and chemical enrichment are correlated to shorter timescales,
with less dependence on galaxy type or stellas mass.
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more strongly correlated, for all galaxy types and in particular satellite galaxies.

4.3.3 Implementation

Given the results from the previous section, we decide firstly not to modify the phases of

the two longest frequency components as they are well predicted by the networkiii. We also

preserve the amplitudes of the longest component, but only for galaxies with log M∗/M⊙ < 9.5,

where predictions remain accurate (see Fig. 4.2.2). Secondly we decide to treat the θtrue for

the SFH as effectively stochastic (i.e., with no imposed correlation with the phases of the

halo’s accretion history) for all other frequencies.

That leaves two important matters to consider: 1) the fact that SFH and ZH phases

are effectively not random in the training sample (i.e., they do not uniformly populate the

[0, 2π] interval); 2) the fact that the phases of SFH and ZHs are strongly correlated.

We address the first by randomly sampling phases from the training sample from galaxies

matched in stellar mass, therefore insuring that — although stochastic — the phases are

drawn from the same range spanned by the data iv. To achieve this, the predicted sample

is first divided into 15 bins based on the percentile distribution of its stellar masses. The

training sample is then binned according to the same stellar mass bins, and for each bin, a

single galaxy is randomly selected from the corresponding training sample bin. This approach

ensures that the selected training data spans the same range of stellar masses as the predicted

sample while maintaining the stochastic nature of the phase selection. We address the second

by drawing phases for SFH and ZH from the same galaxy, thereby maintaining any existing

correlations between the two quantities in the training data. The subset of training sample

picked this way is termed as hsubtrain(t) with the corresponding FT as Hsubtrain( f ), FT phases

as θsubtrain and FT amplitudes as Asubtrain.
iiiFig. 4.2.3 shows that at a timescale of 6.90 Gyr, this statement is no longer true for our lowest mass

bin. However, drawing stochastic phases for these galaxies at this frequency makes no significant difference
to our results, and we therefore adopt the scheme here for simplicity.

ivWe tried other matching schemes between test and training data, such as a 2D match on halo and stellar
mass, or a halo mass alone scheme, but none provided significant improvement on a match on stellar mass
alone.
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Therefore, in summary, we employ the equations in Section 4.3.1 with the following

substitutions for θtrue and Atrue:

θtrue( f ) =


θpred( f ) if f = 0 or 0.03735525

θsubtrain( f ) otherwise
(4.7)

Atrue( f ) =


Apred( f ) if f = 0 and log M∗/M⊙< 9.5

predA( f ) otherwise
(4.8)

where f is the frequency,Apred( f ) refers to the amplitudes obtained by applying DFT to

the predicted time-domain histories, hpred(t). In contrast, predA( f ) denotes the amplitudes

directly predicted by the rNN in Fourier space.

This method brings substantial improvement to the SFHs and ZHs predicted by the rNN.

However, although the mean of predA( f ) matches the mean of Atrue( f ), the scatter in predA( f )

is substantially smaller. It is also the case that, in individual galaxies, predA( f ) can have

occasional large residuals that, when paired with stochastic values for θsubtrain( f ), can lead

to fluctuations in the SFHs and ZHs that are unphysical. For example, sharp transitions

and flat plateaus in the SFHs and ZHs (such as quenching) rely on phase coherence, which

our method does not maintain. We deal with these two issues — both stemming from the

fact that predA( f ) is not a perfect match to Atrue( f ) and the lack of phase coherence in our

stochastic corrections — in two ways: a set of filters to avoid extreme deviations of the

SFHs and ZHs from their predicted values (including negative values), and a normalisation

to restore the expected standard deviation of the SFHs and ZHs. We detail these next.

Filters

We apply four post-processing filters to the modified SFH and ZHs. In summary, these are:
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1. All negative values resulting from the stochastic modifications are replaced with the

rNN-predicted values.

2. At very early times (t < 2.8 Gyr), modifications are restricted to a factor of two of the

original predictions.

3. Galaxies identified as quenched remain unmodified after quenching.

4. Modifications to central galaxies at recent times (t > 10.8 Gyr) are not allowed to fall

below 35 per-cent of the rNN predictions.

The justification for (i) is clear as negative values are unphysical.

The reason for (ii) comes from the fact that the rNN does well at early times. The impact

on colours and SEDs from this filter is very small.

We justify (iii) because of the need to maintain the quenching of galaxies, which is well

predicted by the rNN but clearly endangered by stochastic corrections which can create spu-

rious SF events. We identify potentially quenched galaxies from their specific star formation

rate (sSFR) values averaged over the last 1.008 Gyr (by requiring it to be less than 0.2 yr−1

). We confirm a galaxy as quenched through either the shape of their SFH (by requiring the

logarithm of SFR at recent times to be at least two order of magnitudes below the loga-

rithm of its peak value, SFRpeak) or through a fixed threshold value in sSFR which we set to

0.006 yr−1. We then identify continuous “quenched time bins” by starting at the most recent

time bin and moving towards earlier times. Once a bin has either a sSFR>0.006 yr−1 or a

SFR>SFRpeak/100, then we stop. Time bins identified as “quenched” are reverted back to the

values of SFH and ZH predicted by the rNN. Our method to identify quenched galaxies and

quenched plateaus in their SFHs was developed through trial and error by visually inspecting

predicted and true SFHs of dozens of galaxies. We note that the task of identifying quenched

galaxies and quenched plateaus in the training data is substantially easier as the simulation

completely shuts down star-formation so one needs only to look for contiguous zero-valued

bins. However, the rNN has difficulty in predicting zeros and has much shallower quenching,

meaning that a straight cut in SFR or sSFR fails to identify the features we are looking for.
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We therefore adopt this more relaxed, empirically motivated threshold that better captures

recently quenched systems in predicted histories. We found the above to be reasonably ro-

bust to small changes in the values we quote here. This filter has the strongest impact in

population colours and SEDs.

Finally, the justification for (iv) comes from the observation that the stochastic correc-

tions can cause a subtle but systematic decrease of the SFHs at recent times. This is due to

the rNN having particular difficulty at predicting the long frequency components of predA in

(mostly) star-forming, low-mass galaxies. Therefore this filter offers a mild improvement for

low-mass centrals.

Normalisation

The normalization procedure adjusts the corrected SFHs based on their stellar masses to

match the standard deviation observed in the training set within specific timescale bins.

First, we partition the sample into 16 bins based on the logarithm of stellar mass of

the predicted sample. The boundaries for these bins were determined using a linear spacing

between the minimum and maximum logarithmic stellar mass values in the corrected dataset.

For each bin, and at each time step, the corrected SFHs were normalized. This involved

adjusting the corrected SFHs to have the same standard deviation as the training SFHs

within the same bin. Specifically, for each mass bin b and each time step t, the normalization

was computed as follows:

hnorm-mod,b,t(t) =
(
hmod,b,t(t) − − − µmod,b,t

) σsubtrain,b,t

σmod,b,t
+ µmod,b,t (4.9)

where µmod,b,t and σmod,b,t denote the mean and standard deviation of the modified set at

time t in the stellar mass bin b. Similarly, σsubtrain,b,t denotes the standard deviation of the

subset of training sample (refer to Section 4.3.3 for more details) at time t in the stellar mass

bin b.

Any resulting negative values in the normalized SFHs/ZHs were replaced with the un-

normalized modified values to ensure non-negative star formation rates. After normalization,
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Figure 4.4.1: Star formation histories (SFHs) of 15 random central galaxies, grouped by stel-
lar mass as a function of timescale. The top panel shows low-mass galaxies (log M∗/M⊙ < 10),
the middle panel shows intermediate-mass galaxies (10 ≤ log M∗/M⊙ < 11), and the bottom
panel shows high-mass galaxies (log M∗/M⊙ ≥ 11). Blue lines represent the smooth rNN-
predicted SFHs, red lines show the true SFHs, thick lightgreen lines show the stochastically
modified SFHs and the sharp green lines show the results after normalization is applied
to them. Corrections effectively restore short-timescale variability, though the specific fea-
tures remain stochastic. The normalization step has a small effect on individual galaxies but
ensures accurate scatter at the population level.

the FT was applied to each galaxy’s SFH/ZH to derive the amplitude of the SFH/ZH in the

frequency domain.

The impact of this normalisation procedure is small in individual galaxies, but is impor-

tant in restoring the scatter of the training FT amplitudes (see next section), which, as we

have seen, is underpredicted by the rNN.

4.4 Results

In this section we show the impact of the full set of corrections (i.e., including all filters

presented in Section 4.3.3 and the normalisation step detailed in Section 4.3.3) on individual

SFHs, mean optical spectra, optical colours distributions, and the mass-metallicity relation.
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In figures we refer to results with all filters applied but no normalisation as ”modified” and to

results with all filters and normalisation as ”modified+”. In Appendix 4.A we show a subset

of plots that demonstrates the specific impact of the filters and normalisation.

By construction, the mean FT amplitude and standard deviation of the corrected SFHs

must match that of the true data — we show this as the green line in Fig. 4.2.2. The

stochastic corrections applied to individual SFHs can be seen in Fig. 4.4.1 for 15 random

central galaxies. The results for satellites are visually identical and not shown, and we show

the same plots for ZHs in Appendix 4.B. The blue lines show the relatively smooth SFHs

predicted by the rNN and the red lines show the true SFHs. The difference between the red

and blue lines demonstrates well the lack of power on small scales — even though the broad

shape of the SFH is well predicted by the rNN, short timescale features are entirely absent.

The SFHs after the stochastic corrections are applied (green lines) are effective at adding

these features back — the specific locations of short timescale features are, of course, not

reproduced with our corrections as the phases are largely stochastic. However, statistically,

the impact at population level is evident as we will see later. Fig. 4.4.1 also shows the impact

of the normalisation step, detailed in Section 4.3.3. On individual galaxies the effect is minor

compared to that introduced by the corrections, but it guarantees that population-level

quantities have the correct standard deviations.

The optical spectra and mean colour distributions are shown in Figs. 4.4.2 and 4.4.3,

respectively. Optical spectra and colours are computed according to the same methodology

of CT23 — in summary we use the Flexible Stellar Population Synthesis package186;205;206

to produce absorption and emission spectra according to the SFHs and ZHs in each case.

For each galaxy, the optical spectra is then integrated over g−, r−, i− and z−band filter

response curves to produce rest-frame magnitude and colours. Emission lines are not shown

in Fig. 4.4.2 for clarity, but are included in the computation of the colours shown in Fig. 4.4.3.

Fig. 4.4.2 shows that mean and standard deviation of the optical spectra are improved after

the stochastic corrections are applied (green line and shaded regions), at all mass ranges and

for central and satellite galaxies. Changes in the shape of the spectra are hard to appreciate

in this figure, but their impact can be seen in the colour distributions of Fig. 4.4.3. Here the
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Figure 4.4.2: The median and 15th–85th percentile range for stacked central (top) and
satellite (bottom) spectra in bins of stellar mass. Red, blue, and green represent spectra
derived from the TNG, rNN-predicted, and modified star formation histories and metallici-
ties. Emission lines are omitted for clarity. The corrections improve the overall match to the
true spectra across all mass ranges, but the changes in spectral shape are subtle and better
reflected in the corresponding color distributions (see Fig. 4.4.3).

Figure 4.4.3: Photometric color distributions across five bands, showing differences between
two consecutive bands. The bimodal distributions derived from TNG data are in red, rNN
predictions in blue and modified spectral energy distributions in green. The corrections help
recover the true color distribution for central galaxies, especially for the blue star-forming
galaxies. However, in the case of satellite galaxies, the modifications slightly blur the galaxy
bimodality especially in the g-r color.
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Figure 4.4.4: The stellar-halo mass relation evaluated using the true, predicted, and stochas-
tically modified star formation rates for central galaxies (left) and satellite galaxies (right).
Stellar mass is shown as a function of FoF halo mass for centrals and subhalo mass for satel-
lites. Data points from the original TNG data are shown in red, the uncorrected predictions
in blue, and the post-normalization modifications in green. Overlaid symbols represent the
binned mean stellar mass in each halo mass bin, with error bars indicating the 15th to 85th
percentile range. The stochastic modifications bring improvement to the mean and scatter
of the SHMR on all mass ranges for centrals and for satellites — see Tables 4.4.1 and 4.4.2.

impact of the corrections is shown to be different for different colours and also for centrals

and satellites. In the case of central galaxies, the stochastic corrections help recover the true

colour distribution towards the red end, but fail to move the red sequence in u− g to its true

position. This seems to be associated with fast-quenching galaxies, whose SFHs are hard to

predict by the rNN and hard to fix with stochastic corrections — a sharp transition to a

flat (quenched) plateau requires coherent combination of phases, which our method cannot

accommodate. In every other case for central galaxies, the stochastic corrections bring the

colour distributions in good agreement with those of the true sample. For satellite galaxies,

the situation is not as clear. Improvement is more marginal and, in g − r, the modifications

blur the galaxy bimodality in satellites. The reason seems to be related specifically with low

mass satellites and the difficulty in predicting reliable FT amplitudes in that regime197.

Fig. 4.4.4 shows the stellar-to-halo relation (SHMR) for centrals and satellites. Tables

4.4.1 and 4.4.2 show the mean stellar mass and scatter, in bins of halo mass, for the true,

predicted and modified+ datasets. Although the original predictions were already very good
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Table 4.4.1: The mean (top three rows) and scatter (bottom three rows) of stellar mass in halo
mass bins for true, predicted, and modified+ data for centrals galaxies. The modifications
bring a small improvement to the mean and scatter (which were already well predicted by
the rNN) in all halo mass bins.

Halo Mass True Pred Mod+
log(⟨M∗/M⊙⟩)

log(Mh/M⊙) < 12 10.15 10.08 10.13
12 < log(Mh/M⊙) < 13 11.17 11.09 11.16
log(Mh/M⊙) > 13 11.90 11.84 11.90

σlog(M∗/M⊙)

log(Mh/M⊙) < 12 0.45 0.43 0.45
12 < log(Mh/M⊙) < 13 0.30 0.28 0.29
log(Mh/M⊙) > 13 0.30 0.30 0.29

Table 4.4.2: Same as Table 4.4.1 but for satellite galaxies. The original predictions for
satellites are marginally poorer than those for centrals, leading to larger improvements from
the modifications.

SubHalo Mass True Pred Mod+
log(⟨M∗/M⊙⟩)

log(mh/M⊙) < 11 10.16 10.07 10.17
11 < log(mh/M⊙) < 12 10.61 10.53 10.58
log(mh/M⊙) > 12 11.41 11.32 11.39

σlog(M∗/M⊙)

log(mh/M⊙) < 11 0.42 0.38 0.41
11 < log(mh/M⊙) < 12 0.52 0.50 0.53
log(mh/M⊙) > 12 0.32 0.29 0.30
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Figure 4.4.5: The mass-metallicity relation evaluated using the true, predicted, and stochas-
tically modified chemical enrichment histories, for central galaxies (left) and satellite galaxies
(right) and shown as a function of stellar mass. Data points from the original TNG data are
shown in red, predictions in blue, and the stochastically modified results in green. The over-
laid markers represent the binned mean stellar metallicity, and error bars denote the 15th
to 85th percentile range within each stellar mass bin. While the predicted MZR captures
the overall trend, it underestimates the scatter, particularly at intermediate and high stellar
masses. The stochastic modifications improve the scatter for both centrals and satellites,
though the full extent of variability still remains slightly underrepresented in satellites at
lower masses — see Tables 4.4.3 and 4.4.4.

Table 4.4.3: The mean (top three rows) and scatter (bottom three rows) of the stellar
metallicity of central galaxies, in bins of stellar mass, for the true, predicted and modified+
datasets. The predictions significantly underestimate the scatter of the MZR at intermediate
and high stellar masses (by around 35% to 60% respectively), but the stochastic modifications
are able to restore the scatter at these masses.

Stellar Mass True Pred Mod+
⟨Z/Z⊙⟩

log(M∗/M⊙) < 10 0.81 0.82 0.78
10 < log(M∗/M⊙) < 11 1.38 1.41 1.42
log(M∗/M⊙) > 11 1.55 1.46 1.52

σZ/Z⊙

log(M∗/M⊙) < 10 0.21 0.20 0.23
10 < log(M∗/M⊙) < 11 0.22 0.14 0.23
log(M∗/M⊙) > 11 0.17 0.07 0.18
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Table 4.4.4: As Table 4.4.3 but for satellite galaxies. The predictions underestimate the
mean and scatter at all masses (between around 20% to 75%, depending on the mass). The
modifications bring substantial improvements in all cases except to the scatter of low mass
satellites. Unlike the case with centrals, the stochastic corrections are not able to completely
restore the mean and scatter of the true MZR.

Stellar Mass True Pred Mod+
⟨Z/Z⊙⟩

9.5 < log(M∗/M⊙) < 10 0.47 0.33 0.35
10 < log(M∗/M⊙) < 11 2.05 1.61 2.01
log(M∗/M⊙) > 11 3.40 2.09 2.81

σZ/Z⊙

9.5 < log(M∗/M⊙) < 10 0.69 0.37 0.34
10 < log(M∗/M⊙) < 11 1.99 1.18 1.66
log(M∗/M⊙) > 11 2.74 0.62 1.46

(within 0.1 dex), the stochastic corrections bring further (although modest) improvement to

the mean and scatter of this fundamental relation. Finally, we consider the impact of the

stochastic corrections on the mass-metallicity relation (MZR), which is shown in Fig. 4.4.5.

One of the biggest limitations of the SFHs and ZHs recovered by the rNN was the difficulty in

predicting the mean and scatter in the MZR. The MZR is plotted as a mass-weighted stellar

metallicity as a function of stellar mass (in turn computed by integrating the SFH for each

galaxy), so it depends on the accuracy of both the SFH and the ZHs. Tables 4.4.3 and 4.4.4

show the mean metallicity and its scatter in bins of stellar mass. The stochastic corrections

bring substantial improvement to the mean and to the scatter of the MZR in centrals and

satellites. The scatter in the MZR, in particular, was underpredicted by around 40% at

intermediate masses (more at higher masses) in centrals and in satellites. Our stochastic

corrections alleviated this issue (almost entirely in the case of centrals), demonstrating the

importance of short-time scale events in order to get the scatter of this fundamental relation

correctly. In the case of satellites, the modifications were not able to completely restore the

true mean and scatter.
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4.5 Summary and Conclusions

In this paper, we introduce an investigation of the galaxy-halo connection as a function of

frequency with the intention of producing stochastic contributions to SFHs and ZHs. Our

work is done in the context of the rNN predictions of CT23 that, although being successful at

predicting the broad shape of SFHs and ZHs, were unable to predict short-term variability.

We argued here that the cause must be, at least partly, that the phases of the mass as-

sembly and star-formation/chemical enrichment histories are themselves decoupled on short

timescales. We capitalized on the success of the rNN to directly predict the FT amplitudes

of the SFHs/ZHs in order to introduce a formalism to compute semi-stochastic corrections.

Our main results can be summarised as follows:

• In TNG-100, the phases of the halo mass assembly and star-formation histories are

correlated only on timescales greater than around 6 Gyr (Fig. 4.3.2, left). This is in

agreement with a body of literature that associates short timescale contributions to

star-formations histories with feedback processes or giant molecular cloud timescales,

and intermediate to long timescales with gas accretion and depletion times (e.g. Sparre

et al. 198 ; Iyer et al. 199 ; Caplar and Tacchella 200). Here we attempt a more direct

link between halo and star-formation histories by correlating the phases of these two

components.

• The correlation between the halo mass assembly and star-formation history phases

depend on stellar mass, galaxy type, and on whether a galaxy is a central or satellite,

being almost non-existent for massive quenching galaxies (Fig. 4.3.2, left). The reason

for the decoupling between halo and stellar growth on these galaxies, even on long

timescales, is not clear. On long timescales, star-forming galaxies can be approximated

as gas regulated systems, forming stars at fixed efficiency. A coherent accretion of

dark matter and cold gas should then result in a correlation of the phases of halo

and stellar growth. A decoupling might signify a break in star-formation efficiency or

complex dependencies (for example, as a function of environment) that conspire to
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give uncorrelated phases on the whole. Studying this decoupling at higher temporal

resolution, as a function of environment, and on different simulations will be subject

of future work.

• The phases of the star-formation and chemical-enrichment histories are correlated over

a wide range of the timescales probed, with a notable dependence on stellar mass,

particularly at shorter timescales (Fig. 4.3.2, right). In low-mass galaxies, chemical

enrichment and star-formation are coupled on all timescales, with the correlation de-

creasing with stellar mass.

• The stochastic corrections are successful at introducing power on short timescales and

producing more realistic star-formation and chemical enrichment histories (Fig. 4.4.1

and 4.B.1).

• The stochastic corrections improve optical spectra and colour distributions, especially

for central galaxies (Figs. 4.4.2 and 4.4.3). The stochastic corrections are unable to

shift the red sequence in u − g for central galaxies, which remains too blue. This is

associated with fast-quenching galaxies which the rNN is unable to reproduce and the

stochastic corrections (by construction) are unable to address.

• The improvement in the MZR afforded by the stochastic corrections (Fig. 4.4.5 and

Tables 4.4.3 and 4.4.4) points to the importance of short timescale contributions to the

scatter in this fundamental relation. Unlike the gas-phase metallicity, a mass-weighted

stellar metallicity is sensitive to the full star-formation history of a galaxy, potentially

making the stellar MZR a useful probe of the limits of the galaxy-halo connection.

In the case of satellites, the semi-stochastic corrections were not able to fully restore

the true mean and scatter, which may be related to difficulties in predicting the FT

amplitudes of the ZHs for satellites.

The stochastic modeling technique presented here provides a flexible way to incorporate

unresolved variability into models of galaxy formation that do not physically model those

scales. We demonstrate our method on the predictions of a machine-learning model, but the
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technique is broadly applicable to empirical and semi-analytic models (SAM) as well. The

time-resolution of a SAM is tied to the time-steps used to compute the baryonic properties

of galaxies. This resolution is dependent on the dark matter simulation, but if we take the

Millennium simulation as an example104, the time resolution is given by 58 snapshots × 20

time steps in each, at an average time step of 107 years207. Most SAMs will compute SEDs

on the fly and store only the “current” SED at a specific snapshot. Without full SFHs/ZHs,

it would be difficult to implement our method. L-Galaxies208 is an exception in that it saves

SFH and ZH of every galaxy, and produces SEDs in post-processing. The time resolution at

which SFHs and ZHs are saved is chosen in a way that balances computational restrictions

and the accuracy of galaxy magnitudes207, using a scheme that maintains high resolution

at young ages but degrades it at older stellar ages. At z = 0, this results in 19 bins with a

width between 1.5 × 107 years at young ages (which matches the time step resolution) and

2.1×109 years at old ages (which is a degradation of the time step resolution). The approach

proposed in our paper could be used to add stochasticity on time-scales shorter than the

timestep width, or introduce additional stochasticity on longer timescales. Our approach

requires an estimate of the true amplitude of the power spectra of the SFHs/ZHs over the

timescales of interest. These could be estimated directly from cosmological hydrodynamical

simulations, making our method a potentially efficient way to combine information from

expensive hydrodynamical simulations with fast SAM models.

The properties of individual galaxies are, in general, not significantly improved. That is

expected given the semi-stochastic nature of our corrections. The key point from this study

is that, on timescales shorter than around 6 Gyr, stellar and chemical enrichment histories

have decoupled from halo growth. Therefore from a galaxy-halo connection perspective, it

becomes irrelevant when short-timescale events happen. Provided that we have an estimate

for the frequency of decoupling, we can always stochastically correct SFHs and ZHs, within

the constrains shown in this paper (namely the correlation between SFH and ZH phases,

and the physical range of phase values, which depends on frequency).

Understanding in detail how the phases of MAHs decorrelate from the phases of SFHs/ZHs

can help GHC models produce more realistic predictions, which our method demonstrates
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(though there will be other ways to implement this). We see this as a first step only —

Fig. 4.3.2 clearly shows that this decoupling happens differently for different types of galax-

ies. We do not know why this is yet, and we have not taken that into account in our

corrections, which we leave for future work.

Finally, our formalism for the stochastic correction can be cast as a simple empirical semi-

stochastic model that parametrizes the galaxy-halo connection as a correlated time-series

between halo assembly, star formation and chemical enrichment histories. Our results suggest

that fundamental relations, such as the MZR, might have the sensitivity to observationally

constrain the timescale at which the phases of halo assembly and star formation decouple,

for example, and how that might change with galaxy type. Such a measurement would be

an entirely new way to test hydrodynamical models of galaxy formation. We leave that

investigation for future work.
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Appendix

4.A Analysis of semi-stochastic corrections

In this appendix, we analyze supplementary figures to illustrate the impact of applying our

formalism (Section 4.3.1 and 4.3.2) under different cases of implementation (Section 4.3.3

and 4.3.3) and emphasize the importance of each filter and normalization in improving the

model’s ability to capture variability and scatter. We present four sets of results to justify

the need for each:

• Case I: Method + (i)

• Case II: Method + (i) + (ii) + (iii) + (iv)

• Case III: Method + (i) + (ii) + (iv) + Norm

• Case IV: Method + (i) + (ii) + (iii) + Norm

We focus only on central galaxies (except for Case II that presents both centrals and satel-

lites) where the effects of each filter and normalization are more pronounced. Only figures

that clearly highlight differences and justify the corrections are included.

4.A.1 Case I

In this case, we apply stochastic corrections with only Filter(i), which replaces any negative

values generated during the stochastic modifications on the original rNN-predicted values.

This serves as a basic setup to investigate the effects of corrections without more refined

filtering or normalization steps.

Fig. 4.A.1 presents the star formation histories (SFHs) for 15 random central galaxies,

categorized by stellar mass similar to Fig 4.4.1. But in this case the modified SFHs start
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Figure 4.A.1: Same as Fig. 4.4.1, but when the correction method excludes all filters(except
filter(i)) and normalization. The top panel shows low-mass galaxies (log M∗/M⊙ < 10), the
middle panel shows intermediate-mass galaxies (10 ≤ log M∗/M⊙ < 11), and the bottom panel
shows high-mass galaxies (log M∗/M⊙ ≥ 11). The modified SFHs start from unphysically high
values, particularly at early times, due to how the Fourier transform and its inverse operate
without constraints. This highlights the necessity of filter (ii) to prevent such unrealistic
initial conditions.

Figure 4.A.2: SEDs for central galaxies when the correction method excludes all fil-
ters(except filte(i)) and normalization. The true spectra are shown in red, the rNN-predicted
spectra in blue, and the stochastically modified spectra in green. For low-mass galaxies
(log M∗/M⊙ < 10), there is negligible improvement as the corrections cannot significantly
alter the underestimated rNN predictions. In high-mass galaxies (log M∗/M⊙ ≥ 11), the
modifications introduce excessive variability, leading to unrealistically high spectra due to
unaddressed quenching effects. Intermediate-mass galaxies show balanced spectra on aver-
age, but this balance results from offsetting over- and undercorrections, masking individual
inaccuracies.

98



Figure 4.A.3: The stellar-halo mass relation (SHMR) for central (left) and satellite (right)
galaxies similar to Fig. 4.4.4 but here the correction method excludes normalization. The
corrections show significant improvement in the SHMR where the modifications better cap-
ture the scatter and alignment with true values, although slight discrepancies remain for
especially for high-mass (log M∗/M⊙ ≥ 11) satellite galaxies, where variability is still not
fully recovered compared to Fig. 4.4.4.

from unphysically high values due to the limitations of the FT and inverse FT methods,

which fail to address the early-time star formation features effectively. This highlights the

necessity of Filter (ii), which is designed to mitigate this issue.

Fig. 4.A.2 shows the spectra distributions for central galaxies. For low-mass galaxies,

the corrections show negligible improvement while in high-mass quenched galaxies, they

introduce excessive variability leading to excessive overestimation. For intermediate-mass

galaxies, the corrections seem to match the true distribution at first glance, but this is

misleading. The apparent improvement in the average spectra results from balancing over-

and under-corrections across different galaxies. While the mean spectra looks reasonable,

the variability introduced is inconsistent, leaving individual galaxies either over- or under-

corrected. Thus, without proper filtering, the overall improvement remains superficial and

doesn’t reflect true accuracy.
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Figure 4.A.4: The mass-metallicity relation (MZR) for central (left) and satellite (right)
galaxies, similar to Fig. 4.4.5, but with the correction method excluding normalization.
Although these corrections show significant improvement in the stellar mass (Fig. 4.A.3), the
improvement is not equally reflected in the metallicity. There is a notable lack of recovery
in both the mean and scatter in all mass ranges, compared to the normalized results in Fig.
4.4.5

Figure 4.A.5: Spectral energy distributions (SEDs) for central (top) and satellite (bottom)
galaxies, similar to Fig. 4.4.2, but with the correction method excluding normalization.
Although the corrections significantly improve the match to the true spectra, particularly
in low-intermediate mass central galaxies and intermediate mass satellite galaxies, some
discrepancies still remain in the amplitude and shape, especially for high-mass galaxies
(log M∗/M⊙ ≥ 11). This highlights the need for normalization to properly recover both the
mean and scatter in the spectra.
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Figure 4.A.6: Spectral energy distributions (SEDs) for central galaxies when filter (iii) is
excluded. The absence of this filter has minimal impact on low-mass galaxies due to the lack of
quenched populations. However, for higher-mass galaxies, the correction method introduces
artificial starburst events in quenched regions, leading to significantly overestimated spectra.
This demonstrates the importance of filter (iii) for accurately modeling star formation in
quenched galaxies.

4.A.2 Case II

Fig. 4.A.3 shows significant improvement in the SHMR, especially in the low and intermediate

mass ranges, as the model better aligns with true values by introducing necessary variability

in the SFH. However, the MZR (Fig. 4.A.4) remains less effective, particularly in the scatter.

Similar trends are seen in the SEDs (Fig. 4.A.5) where corrections improve the match to

the true spectra in both mean and scatter, though some discrepancies in amplitude and

shape remain. These gains are achieved through normalization (Section 4.3.3) that aligns

the variability and scatter with true data, without altering overall trends.

4.A.3 Case III

Fig. 4.A.6 shows the effect of stochastic corrections on the spectra for central galaxies when

filter (iii) is excluded. Comparison to Fig. 4.4.2 shows that this filter has negligible impact

in low-mass galaxies, due to the lack of quenched galaxies. However, for higher masses,

the correction formalism introduces artificial starburst events in quenched regions, leading

to significantly overestimated spectra. This is further reflected in Fig. 4.A.7, where this

implementation improve the color distribution of blue, star-forming galaxies but worsen the

red, quenched galaxies.
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Figure 4.A.7: Color distributions for central galaxies where filter (iii) is excluded. While
corrections improve the distribution for blue, star-forming galaxies, they worsen the red,
quenched galaxy distribution. Without the restoration of quenched scales, artificial starburst
events are introduced, resulting in incorrect colors for quenched galaxies and an increased
scatter in the red color bands.
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Figure 4.A.8: Spectral energy distributions (SEDs) for central galaxies where filter (iv)
is excluded, results in a noticeable deterioration in the spectra for low-mass, star-forming
galaxies, which show reduced accuracy compared to the results in Fig. 4.4.2 with the full set
of filters.

4.A.4 Case IV

Fig. 4.A.8 presents the spectra for central galaxies where filter (iv) is excluded. Compared

to Fig. 4.4.2, which includes this filter, the spectra for low-mass, star-forming galaxies are

less accurate, showing a small but noticeable deterioration. This shortfall is also reflected in

the color distribution (Fig. 4.A.9 compared to Fig. 4.4.3), where excluding filter(iv) leads to

a slight lack of correction for blue galaxies.

4.B Corrections in Metallicities

The stochastic corrections applied to individual metallicity histories (ZHs) are presented in

Figure B1, which shows the ZHs for 15 random central galaxies. These corrections, similar

to those applied to star formation histories (SFHs) in Fig. 4.4.1, introduce short-timescale

variability effectively, demonstrating the robustness of the method. By adding stochasticity,

we are able to recover small-scale fluctuations in the ZHs that were not captured by the rNN

predictions.

“େଯଉଁଠି ଅନିୟମ ଅଛି, େସଠି ରହିଛି ପ୍ର ାଣ ଓ ନୂତନତାର ସୂତ୍ର ।”

— From modern Odia poetic thought

*“Where irregularity exists, there lies the seed of life and novelty.”*
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Figure 4.A.9: Color distributions for central galaxies where filter (iv) is excluded. While the
overall color recovery is effective, it improves further when this filter is included, as seen
in Fig. 4.4.3 because the exclusion of this filter leads to slight discrepancies, particularly in
blue, star-forming galaxies, where the scatter is not fully captured.
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Figure 4.B.1: Similar to Fig. 4.4.1, but for the metallicity histories (ZHs) of 15 random
central galaxies. The top panel shows low-mass galaxies (log M∗/M⊙ < 10), the middle panel
shows intermediate-mass galaxies (10 ≤ log M∗/M⊙ < 11), and the bottom panel shows high-
mass galaxies (log M∗/M⊙ ≥ 11). Blue lines represent the smooth rNN-predicted ZHs, red
lines show the true ZHs, light green lines show stochastically modified ZHs, and dark green
lines show the results after normalization. Corrections effectively restore short-timescale
variability in the ZHs as well.
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Chapter 5

Evaluating the galaxy formation

histories predicted by a neural

network in pure dark matter

simulations

This chapter originally appeared in the literature as :

Harry Chittenden, Jayashree Behera and Rita Tojeiro, Evaluating the galaxy formation his-

tories predicted by a neural network in pure dark matter simulations, arXiv:2409.16079197.

Abstract

We investigate a series of galaxy properties computed using the merger trees and envi-

ronmental histories from dark matter only cosmological simulations, using the predictive

semi-recurrent neural network outlined in Chittenden and Tojeiro 209 , and using stochas-

tic improvements presented in our companion paper: Behera, Tojeiro, and Chittenden 188 .

We apply these methods to the dark matter only runs of the IllustrisTNG simulations to

understand the effects of baryon removal, and to the gigaparsec-volume pure dark matter
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simulation Uchuu, to understand the effects of the lower resolution or alternative metrics

for halo properties. We find that the machine learning model recovers accurate summary

statistics derived from the predicted star formation and stellar metallicity histories, and

correspondent spectroscopy and photometry. However, the inaccuracies of the model’s ap-

plication to dark simulations are substantial for low mass and slowly growing haloes. For

these objects, the halo mass accretion rate is exaggerated due to the lack of stellar feedback,

yet the formation of the halo can be severely limited by the absence of low mass progenitors

in a low resolution simulation. Furthermore, differences in the structure and environment

of higher mass haloes results in an overabundance of red, quenched galaxies. These results

signify progress towards a machine learning model which builds high fidelity mocks based

on a physical interpretation of the galaxy-halo connection, yet they illustrate the need to

account for differences in halo properties and the resolution of the simulation.

5.1 Introduction

Cosmic hydrodynamical simulations are a valuable tool for modelling the causal relationship

between galaxies and haloes across cosmic time; known as the galaxy-halo connection (GHC).

Modelling galaxy evolution in its full complexity, however, is a difficult task. Numerous

physical processes such as the accretion and cooling of gas are necessary to fuel star formation

and synthesise heavy elements210;211, which in turn are influenced by the growth of the dark

matter halo and its interactions with the surrounding cosmological structures212. Capturing

the complete GHC requires details of large scale structure evolution on megaparsec scales to

compute massive galaxies and clusters, and the physics internal to the galaxy to compute

summary statistics such as mass-metallicity relations.

In Chittenden and Tojeiro 209 , hereafter CT23, we designed a semi-recurrent neural net-

work capable of reproducing the GHC in the Illustris: The Next Generation (TNG) simu-

lations213–218, in which we predict the star formation history (SFH) and metallicity history

(ZH) of central and satellite galaxies, from which we recover physical relations such as the

stellar-halo mass relation (SHMR) and mass-metallicity relation (MZR), reproduce obser-
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vational statistics such as colour bimodality, and show the growth and internal properties

of the halo to influence the predicted SFH and stellar mass, while environmental properties

influence the ZH and stellar metallicity.

Machine learning models which can emulate galaxy properties from their dark matter

component alone can be used to make predictions in cosmic N-body simulations, where the

absence of galaxies allows for such simulations to computed with much greater size and

resolution than their hydrodynamical counterparts. Many studies would benefit from a sim-

ulation containing galaxy evolution on these scales219–221, however the limited computational

resources required for such simulations make computing such a hydrodynamical suite highly

impractical.

In this paper, we explicitly evaluate the performance of the trained galaxy evolution

model on N-body simulations. Predictions are expected to be somewhat different in dark

simulations due to the lack of baryonic effects on the halo mass function222–225, and due to

differences in mass and spacial resolution, and alternative definitions or calculations of key

halo and environmental properties. We compare predictions in the hydrodynamical TNG

simulations, discussed at length in CT23, with the equivalent dark simulations in the TNG

suite (hereafter TNG-Dark), and the Uchuu dark matter simulation226.

Uchuu is a high fidelity N-body simulation which assumes the same Planck Collabora-

tion 227 cosmological parameters as all TNG simulations, therefore there are little to no effects

to consider regarding mean matter density or Hubble expansion. By comparing predictions

in TNG-Hydro with TNG-Dark, we isolate the effect that baryons have on the predicting

power of the neural network. By comparing TNG-Dark with Uchuu, we show the effect of

Uchuu’s lower resolution and alternative definitions of halo properties. The predictions made

in Uchuu are therefore the simplest results to be expected for a high fidelity galaxy catalogue

produced using our model.

Further to this endeavour, we apply a stochastic modification to the N-body simula-

tion predictions, whose methods and improvements to our TNG-Hydro-based galaxy-halo

statistics are outlined in Behera, Tojeiro, and Chittenden 188 , hereafter BTC24. It is shown

in CT23 that the machine learning model alone is inadequate for predicting star formation
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events on short timescales, in spite of the success of predicting the general evolution of galax-

ies across all times. These “stochasti” features are well recovered by this correction, and the

results of BTC24 illustrate that certain missing properties of our fiducial galaxy-halo statis-

tics can be attributed to the physics of variable star formation. We apply this modification

to the TNG-Dark and Uchuu data to assess the plausibility of reproducing this variability

in N-body mocks.

In this paper, we investigate the quality of predictions between our original results and

the predictions in TNG-Dark and Uchuu, explain systematic differences between the results

in each of these simulation suites and discuss the suitability of our model for reproducing

galaxies in a pure dark matter simulation. In Section 5.2 we discuss the definitions of the

dark matter data in each of the simulations, and our methods of acquiring the necessary

input data. We compare properties of the input data in Section 5.3, baryonic predictions in

Section 5.4 and observational results in Section 5.5, eludicating their disparities each time,

and exhibiting the improvements made by the stochastic amendment introduced in BTC24.

We evaluate the successes and failures of the model, the stochastic correction, and their

proficiency for modelling the GHC on gigaparsec scales in Section 5.6, and summarise our

findings in Section 5.7.

5.2 Data Acquisition

In this section, we describe how the data from the pure dark matter simulations are processed

for use in our neural network, and discuss the effects of fundamental differences between these

simulations on the quality of our data.

Full details regarding data processing are given in CT23, however the data processing

procedure can be summarised as follows:

• Calculate mass accretion histories by finite differencing the (sub)halo mass along the

main progenitor branch (MPB).

• Interpolate the MPB over the time domain of every third snapshot in TNG, down to
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and including z = 0.

• For each of these snapshots, calculate overdensities and skewsi using the Grid Search

In Python (GriSPy) package228.

• Compute the proxy for circular velocity history: the square root of the ratio of

(sub)halo mass (M⊙) to half-mass radius (Mpc).

• For satellites, compute infall parameters, e.g. scaled infall time, infall velocity, based

on and including the scaled accretion time from Shi et al. 229 ; from the MPBs of the

satellite and its host halo. If the simulation contains baryonic data, discard any samples

where the stellar mass of the host halo is greater than 10% of the halo mass.

• For centrals, acquire the z = 0 cosmic web properties calculated using the Discrete Per-

sistent Structure Extractor (DisPerSE) code230. The TNG-Hydro results are publicly

availableii.

• Calculate the specific mass accretion gradients shown in Montero-Dorta et al. 231 . Fit

a Gaussian function to the distribution of gradient values, and discard any samples

whose gradient is over 5σ from the mean of the best fit Gaussian.

• Apply a Gaussian quantile transformation (GQT) to the input data where necessary,

using time-independent transformations for most temporal variables. Apply this trans-

formed data to the network.

This gives a list of quantities used in the neural network model, summarised in Table 5.2.1.

As in CT23, we use the integrated stellar masses and mass-weighted metalllicities derived

from predicted SFHs and ZHs to produce summary statistics such as the SHMR and MZR,

and use the Flexible Stellar Population Synthesis (FSPS) code232;233 to calculate SEDs and

other observables from these network output quantities.
iA measure of the mass-weighted radial distribution of subhaloes exterior to the target subhalo, tracing

subhalo interaction history, as discussed in CT23.
iihttps://github.com/Chris-Duckworth/disperse_TNG/
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Network Data
Quantity Notation Units Network

Te
m

po
ra

lF
ea

tu
re

s

Halo Mass Accretion Rate Ṁh M⊙/Gyr Both
Subhalo Mass Accretion Rate ṁh M⊙/Gyr Satellite

1Mpc Overdensity δ1 Both
3Mpc Overdensity δ3 Central
5Mpc Overdensity δ5 Central

Circular Velocity (proxy) ṽvir
√

(M⊙/Mpc) Both
Dark Matter Half-Mass Radius R 1

2
Mpc Both

1Mpc Radial Skew µ3 Satellite
3Mpc Radial Skew µ3 Central

Distance To Closest Subhalo dµ3 Mpc Both

N
on

-T
em

po
ra

lF
ea

tu
re

s

Specific Halo Mass Accretion Gradient β (c)
βhalo (s) log Gyr−2 Both

Specific Subhalo Mass Accretion Gradient βsub log Gyr−2 Satellite
Scaled Infall Time ainfall Satellite

Scaled Formation Time amax Satellite
Infall Mass Ratio µ Satellite

Infall Velocity vrel km/s Satellite
z = 0 Cosmic Web Distances dCW kpc Central

Starting Time tstart Gyr Both
z = 0 Halo Mass Mh M⊙ Both

Maximum Absolute Halo Accretion Rate | Ṁh | M⊙/Gyr Both
z = 0 Subhalo Mass mh M⊙ Satellite

Maximum Absolute Subhalo Accretion Rate | ṁh | M⊙/Gyr Satellite

Ta
rg

et
s

Star Formation History S M⊙/Gyr Both
Metallicity History Z Z⊙ Both

z = 0 Stellar Metallicity Z Z⊙ Both
z = 0 Stellar Mass Ms M⊙ Both

Mass Weighted Age MWA Gyr Both
Table 5.2.1: Simplification of Table 1 in CT23, summarizing the quantities used in both
neural networks, according to their input and output layers and their arrangement in the
network. Additional columns show the variables’ units, and the central and/or satellite net-
works which use them.
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5.2.1 TNG-Dark

Table 5.2.2 shows the key differences between the simulations used in this work. The TNG-

Dark simulations are of similar resolution to their hydrodynamical counterparts, and there-

fore resolution effects will be small if at all applicable. The time domains of their snapshots

are also equivalent. The crucial difference between the two results is therefore due to the

absence of baryonic effects on the haloes in the TNG-Dark simulations.

In order to interpret the differences between the dark and hydrodynamical TNG simu-

lations, we select samples in the dark simulation by cross-matching SubLink trees with our

original, hydrodynamical dataset234;235, and samples with no cross-matched result in TNG-

Dark are discarded. In Figure 5.2.1 we show that for central haloes this has little effect on

the z = 0 halo mass distribution of our data, yet for satellite objects the number of samples

begins to decline sharply below ∼ 4 × 1010M⊙.

Generally, objects in one simulation are not accurately matched to the other for two

reasons. Firstly, objects in proximity to much larger haloes may pass within the virial radius

of the larger halo in one of the two simulations, allowing for central haloes to be matched

to satellites, and vice versa. Similarly, and particularly so for low mass objects, the SubFind

algorithm may combine two distinct subhaloes into a single object, such that one low mass

subhalo will cease to exist in the lower resolution simulation (TNG-Dark). These effects

eliminate ∼ 39% of our satellite subhaloes compared with ∼ 1% of our central haloes.

Most TNG-Dark variables were computed in the same manner as the data from hydro-

dynamical simulations. The exception is the z = 0 DisPerSE cosmic web distances, which,

due to the geometric correspondence of the hydrodynamical and dark simulations, are iden-

tical to their cross-matched counterparts. We therefore assign the cosmic web properties of

TNG-Hydro samples to their cross-matched equivalents in TNG-Dark, in lieu of publicly

accessible data for the latter.
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5.2.2 Uchuu

Merger Forests

Uchuu merger trees are grouped into 2,000 “Forest”: ensembles of merger trees which contain

all haloes which have interacted with any given member of the forest, and occupy a volume

of space separate from all other forests. Each forest can therefore be treated independently

of another, as the Consistent-Trees code236 used to define merger trees in Uchuu is run

independently in groups which occupy a fixed volume, which are then concatenated if they

interact or pass within 25 Mpc/h of each other226.

In this work we use forest 1411, the largest Uchuu forest, and acquire similar samples

to the TNG dataset by drawing from the TNG-Dark halo mass distribution and sampling

the Uchuu forest at z = 0 accordingly, which is shown by Figure 5.2.1. This results in

approximately 30,000 central and satellite haloes each.

As the chosen Uchuu forest has a geometric mean side length of approximately 234 Mpc,

it is of similar volume to the TNG simulations, and thus for high mass objects, sampling

the (sub)halo mass distributions effectively approximates the (sub)halo mass functions of

Uchuu. At lower masses, sampling Uchuu according to the TNG-Dark distribution ensures

that the properties in different mass ranges can be compared without sample size bias. While

this selection consistutes our test data for the neural network, environmental quantities are

computed using the complete Uchuu forest, and are considered unbiased due to the TNG

and Uchuu simulations having the same cosmic matter density parameters.

We use the YTree Python package to extract the main progenitor branches from the

Uchuu forest. The quantities we obtain directly from the forest include halo mass, half mass

radius, positions and peculiar velocities. Cosmic web distances are obtained by applying

DisPerSE to the forest, which being a self-consistent subset of Uchuu means that the algo-

rithm does not need to be applied to the full Uchuu simulation. All other quantities, such

as overdensities, are calculated using the same methods as in CT23.
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Alternative Definitions

Unlike TNG, SubLink merger trees do not exist in Uchuu, and haloes and their substructures

are defined using the Rockstar code237. There exists a flag in each Uchuu merger tree which

indicates the ID of the halo which hosts the target halo. A “first order” satellite halo is one

whose host is a central “zeroth order” halo, a “second order” halo is hosted by a first order

halo, and so on. We therefore treat first order haloes as satellite haloes, and zeroth order

haloes as central haloes.

In TNG, halo and subhalo masses are taken as the sum of all masses of dark matter

particles bound to the group by the SubLink algorithm. This field does not exist in the Uchuu

merger trees, however a number of definitions of mass exist. We find that the closest match

to this field which exists in both suites is M200c: the total mass enclosed within an overdense

region equal to 200 times the critical mass density of the universe. These mass accretion

histories show similar behaviour in TNG-Dark and Uchuu, and produce a similar overall

mass distribution, and consequently the predictions of the nerual network are similar when

trained using M200c and with the SubLink mass. This is our choice of field representing halo

masses in Uchuu. Halo mass dependent calculations such as overdensities are also calculated

using this quantity.

Resolution Differences

Table 5.2.2 shows that the mass resolution of Uchuu is an approximate order of magnitude

weaker than the TNG300 simulations. This results in very poor resolution of low mass haloes

in Uchuu, and the absence of low mass first order satellite haloes, following quality cuts such

as the omission of samples whose specific mass accretion gradients differ from the mean by

more than 5σ, serves to limit the number of satellites below a subhalo mass of ∼ 2× 1011M⊙,

which we show in Figure 5.2.1. We are left with a modest sample of low mass satellite haloes

but a clearly different distribution of subhalo masses below ∼ 2 × 1011M⊙.

Another important detail is the difference in time resolution of the Uchuu snapshots

compared with TNG. Uchuu has half as many snapshots as TNG, as shown in Table 5.2.2,
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Figure 5.2.1: Distributions of central halo and satellite subhalo masses in the complete
Uchuu forest (purple) and our cross-matched TNG-Dark sample (green). Sampling the former
distribution according to the latter, we obtain the distribution of Uchuu haloes used in this
work (orange). The distribution of central haloes is similar to the TNG-Dark data, however
the lack of well-resolved satellite subhaloes at low mass serves to bias the sample distribution
of satellite subhaloes in our Uchuu dataset.
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Simulation Properties

Suite Simulation Lbox (Mpc) mDM (M⊙) Nsnap

TNG - TNG100-1 110.7174 7.5 × 106 100

Hydro TNG300-1 302.6277 5.9 × 107 100

TNG - TNG100-1-Dark 110.7174 8.9 × 106 100

Dark TNG300-1-Dark 302.6277 7.0 × 107 100

Uchuu Uchuu 2952.4653 4.8 × 108 50

Table 5.2.2: Properties of the simulations used in this work, relating to their volume and
resolution. Lbox indicates the side length of the comoving cubic volume of the simulation,
mDM represents the mass of a single dark matter particle, i.e. the smallest possible mass in
the simulation, and Nsnap represents the total number of time snapshots in the simulation.
Simulations are grouped in this table according to the suite of simulations (e.g. TNG-Dark)
from which they originate. For all of these simulations, mass resolution is decreased as the
volume of the simulation and number of particles are increased.

however the temporal separation of snapshots is smaller than TNG for 2 ≲ z ≲ 4 and larger

otherwise. All temporal properties, regardless of their simulation, are linearly interpolated

over the same 33 snapshots in TNG, yet the sparse nature of these snapshots means that

information on short timescales may be lost.

5.3 Halo Properties

For each simulation used in this study, we apply the same algorithm to acquire the input data,

however there exist key differences between the definitions of these properties, depending on

the model in question; and differences in their statistics due to the removal of baryons or

the resolution of the data. In this section, we discuss the similarities and differences between

key input properties of the neural network in each simulation, and how this may influence

the predictions of the neural networks.

We compare properties for central and satellite haloes in bins of different mass and ac-

cretion history to investigate these differences in separate evolutionary regimes. For centrals,

we characterise halos of different accretion histories according to the specific mass accretion
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gradient, denoted β, which Montero-Dorta et al. 231 show to be clearly correlated with gas

fraction, quenching timescale and assembly bias in TNG300. We use this quantity for quality

cuts in both central and satellite datasets, however it is not so useful for modelling satellite

subhalo histories due to the distinct nature of the modes of accretion in their central and

satellite phases. For satellites, we use the scaled accretion time amax, which, like β, is derived

explicitly from the subhalo mass accretion history, and is shown by Shi et al. 229 to have

similar connections with satellite galaxy properties.

In the following figures which compare haloes of different histories, subplots are arranged

such that each column is a quintile of (sub)halo mass, with higher mass bins towards the

right; while each row is a quartile of accretion gradient, with the steepest accretion histories

on the top row. For satellites, higher amax values are placed on the top row, such that in

both cases, haloes with the earliest half-mass formation times are placed on the top row.

These percentiles are taken from the TNG-Hydro data. This convention is adopted for all

figures of this format, such that in each case the earliest-forming, gas-poor halos or subhalos

appear on the top row. For simplicity, we show only odd-numbered mass quintiles, and only

the first and fourth quartiles of mass accretion gradient.

5.3.1 Mass Accretion History

Figures 5.3.1 and 5.3.2 show the median and 15th − 85th percentile ranges of mass accretion

histories in bins of final (sub)halo mass and mass accretion gradient. In most bins, these

mass accretion histories are very similar. The differences between simulations arise in low

mass and shallow gradient cases, where the amplitude of Uchuu mass accretion histories are

reduced, and in the low mass regime is increased for TNG-Dark haloes at early times.

The enhancement of mass for early, low mass haloes is likely due to the abscence of

baryonic driven outflows, which will have a substantial effect on haloes of a high gas fraction.

The weaker accretion rates in the Uchuu simulation, however, are a result of the lower mass

resolution of the simulation. In shallow gradient bins, there is a clear flat profile to Uchuu

accretion histories, being somewhat reminiscent of TNG samples which were discarded by
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Figure 5.3.1: Mass accretion histories of central haloes in bins of halo mass, increasing along
the horizontal axis, and specific mass accretion gradient, decreasing in steepness down the
vertical axis. Solid lines show the median mass accretion history per bin, while shaded regions
show the 15th and 85th percentiles. Mass accretion histories are shown for the training (red)
and testing (blue) datasets of the TNG-Hydro simulations, alongside TNG-Dark (green) and
Uchuu (purple).
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Figure 5.3.2: Mass accretion histories of satellite subhaloes, binned in the same manner as in
Figure 5.3.1, using satellite subhalo mass in place of central halo mass, and scaled accretion
time in place of specific mass accretion gradient. One key difference in the properties of
these accretion histories is their approach towards zero or negative accretion, which rarely
happens for central haloes. Subplots show the different times at which subhalo growth stops
in different growth regimes.
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Figure 5.3.3: Growth of the half-mass radius of central haloes over time, shown in the same
tabular format as Figure 5.3.1, with the same bins of halo mass and accretion gradient.

our quality cuts.

With Uchuu being of lower mass resolution than any of the TNG simulations, the res-

olution of low mass haloes will be poor. In the lowest mass quintile, galaxy evolution may

be poorly predicted from the start of the galaxy’s evolution due to the sensitivity of the

star formation algorithm in TNG to the number of dark matter particles238. Haloes with

shallower accretion gradients generally form at later times231, as is the case for our Uchuu

data, and therefore those in any given mass bin will be of lower mass at any nonzero redshift.

They are therefore subject to a similar resolution effect. For satellites with shallow accretion,

there is a noticeable decline in the median accretion rate compared with TNG, probably due

to the absence of low mass objects being accreted onto the halo.

5.3.2 Half-Mass Radius

The quantity which differs most starkly in the Uchuu data, however, is the halo half-mass

radius, shown for central and satellite haloes in Figures 5.3.3 and 5.3.4 respectively. There is

a clear deviation in the size evolution of haloes in Uchuu compared with TNG in low mass

and shallow gradient bins. However, they are also subtly but noticeably larger in most other
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Figure 5.3.4: Growth of the half-mass radius of satellite subhaloes over time, shown in the
same tabular format as Figure 5.3.2, with the same bins of halo mass and scaled accretion
time.

bins and at most times.

In TNG-Dark, the half-mass radii of central haloes are subtly smaller in high mass bins

than in the other simulations. This may be explained by the results of Haggar et al. 224

and Riggs et al. 225 , who show that the number density of haloes which are gravitationally

bound to a galaxy group or cluster is underpredicted in dark simulations with respect to

their hydrodynamical counterparts, within two virial radii of the cluster or galaxy group.

This is caused not only by the high density of baryons in the large object’s centre but the

effect this has on its own density profile.

Chua et al. 239,240 show that the radial profiles and asymmetries of haloes in TNG, and

in the original Illustris simulation, are affected significantly by baryons. According to our

data, however, this does not affect the size history in TNG-Dark when compared with the

full physics simulation. In CT23 we thoroughly compared quantities in hydrodynamical and

dark TNG simulations at all times to ensure that they could be used in a dark matter

simulation. In Uchuu, however, the half-mass radius is defined in terms of virial mass, unlike

the SubFind result in TNG.

The SubFind algorithm used in TNG defines the boundaries of a subhalo according to
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a contour of constant density meeting a saddle point in the local density field241, and the

half-mass radius is defined as the radius which encloses half of the mass enclosed by this

boundary. In Uchuu, a spherical region whose radius encloses the virial mass is assumed226,

and therefore the calculation of half-mass radius is dependent on the halo density profile. The

Rockstar halo finder237 used in Uchuu calculates this profile from the cumulative binding

energies of halo particles, and therefore is sensitive to the NFW profile242 concentration

parameter.

Zhao et al. 243 show that, in N-body simulations, the increase of the NFW concentration

parameter over time is scaled by the time of formation of 4% of the final halo mass; while

Prada et al. 244 show that halo concentration is additionally sensitive to fluctuations in the

linear density field on the scale of the halo’s mass. These are both quantities which will

depend on the resolution of the simulation, however this effect on the growth of halo con-

centration is most likely reflected in the more extended mass distributions at late times, as

well as the smaller radii of low mass haloes at early times. Ishiyama et al. 226 also show that

in the smaller, higher resolution Shin-Uchuu simulation, while the halo mass functions do

not differ significantly between the two Uchuu models, the mass-concentration relation does

grow differently between the two simulations, illustrating that this difference in structure

is in fact a resolution effect. Morphological halo quantities such as virial velocity and axis

ratios are additionally dependent on the gravitational softening scale, which, being larger in

Uchuu than in TNG, would result in a flatter Mh − vmax relation at low mass, and thus a

similarly distorted mass-concentration relation245.

For both central and satellite haloes, it is the youngest, smallest haloes which are most

affected by the difference in halo concentration owing to Uchuu’s lower resolution. In each

case these haloes are growing from low mass progenitors and thus more likely to suffer from

delayed growth in the Uchuu data. Furthermore, Hoffmann et al. 246 argue that the subhalo

finder algorithm makes little difference to the inferred halo shape, provided that the subhalo

is comprised of adequately many particles, which low mass, low resolution haloes do not

possess. We therefore stress that the delayed growth of the half-mass radius is a resolution

effect and not dependent on the algorithm which defines the halo. Yet on the other hand,
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Onions et al. 247 argue that Rockstar is superior to most algorithms in identifying halo

substructures in dense halo centres, which can affect the half-mass radius value. The fact

that some graphics in Figures 5.3.3 and 5.3.4 show a larger range of radii in Uchuu for all

times, suggests that this is also a relevant factor.

5.3.3 Circular Velocity

The proxy for the virial circular velocity used in our model depends on the above two quan-

tities. It was defined specifically due to extreme differences between the maximum orbital

velocities in TNG-Hydro and TNG-Dark, particularly at early times.

Due to the discrepancies we have shown for these quantities in the Uchuu data, the

median values for this proxy are slightly too small, but the shape of this median curve remains

congruous to its TNG counterparts. In low mass bins, however, this proxy is overestimated

in TNG-Dark; most likely as a result of excess mass accretion. This also happens to high

mass centrals, however to a smaller extent and owing instead to smaller half-mass radii.

5.3.4 Cosmic Environment

In CT23 we characterised the environmental histories of central and satellite haloes using

subhalo overdensities at each TNG snapshot, and devised a radial skewness quantity which

characterised the interaction histories of these haloes. While the mass and structure quan-

tities discussed thus far were deemed important to predicting the star formation histories

of the haloes’ galaxies, these environmental properties were shown to predict their chemical

enrichment.

As previously discussed, the definitions of halo substructure differ in the Uchuu cata-

logue, using Rockstar haloes in the place of subhaloes, and thus the overdensity and skew

calculations are based on halo tracers. Overdensities in Uchuu are larger than those in TNG-

Dark, which can be seen in Figure 5.3.5. In a lower resolution simulation, the calculation of

environmental quantities is more sensitive to edge effects of the calculation volume, and the

radially symmetric definition of a halo in Uchuu can affect the centre of mass of a given ob-
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Figure 5.3.5: PDFs of the dark matter overdensities enclosed in a 5Mpc spherical region
surrounding zero-redshift haloes in the four simulation datasets. These histograms show
similar distributions of overdensity for a given mass and accretion history, except for typically
larger densities in the Uchuu simulation.

ject, which may both be contributing factors to the differences in overdensity. Skews, on the

contrary, are not noticeably affected by the resolution difference. As this is a mass-weighted

quantity and thus independent of any scaling, it is likely that the difference in overdensities

is a result of the mass content of the relevant density tracers.

5.4 Galaxy Predictions

Having outlined the causes of differences between haloes and environments in each simulation,

we explain in this section how the implementation of these distinct variables into the neural

network changes important results. We discuss the effects that the simulation differences have

on the direct predictions and derived halo-galaxy relations, providing a physical explanation

into differences in the results.
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Figure 5.4.1: Star formation histories of central galaxies in bins of halo mass and specific
mass accretion gradient. In low mass bins, there is an overprediction of star formation rates in
TNG-Dark, and an under-prediction in Uchuu. In higher mass bins, this difference becomes
smaller. The stochastic modification has shown here to reshape the shape and variance of
N-body predictions to more closely resemble the orginal TNG data, improving upon the
predictions in the hydrodynamical simulation as well. However, the modification cannot
amend the poorly predicted star formation histories in low mass objects, as the predicted
Fourier Transforms used by the modification are similarly affected by mass resolution.
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5.4.1 Star Formation History

Figures 5.4.1 and 5.4.2 show the median and 15th − 85th percentile ranges of predicted star

formation histories in bins of final (sub)halo mass and mass accretion gradient, including the

modified star formation histories in the N-body simulations. Each of these figures show that

galaxies in high mass and fast accretion bins are typically well matched, but in low mass

bins the differences are stark. Star formation rates in TNG-Dark are over-predicted, while

in Uchuu they are underpredicted.

From Figure 5.4.2 it may appear that the majority of Uchuu galaxies are severely un-

derpredicted in their stellar mass. This is misleading due to the absence of low mass haloes,

discussed in Section 5.2.2. The two lowest mass quintiles of TNG haloes contain ∼ 12% of

satellite galaxies in Uchuu. However, these star formation histories are nonetheless severely

underpredicted. Their halo histories have already shown that these objects accumulate their

mass later and more slowly than their TNG counterparts. This can be seen clearly for satel-

lites in Figures 5.3.2 and 5.3.4.

In Table 5.4.1 we show Spearman correlation coefficients between halo and galaxy prop-

erties in a narrow, low mass bin for central and satellite objects in Uchuu. Within individual

bins at low mass, the final stellar mass is correlated strongly with the proxy for circular

velocity, which in the Uchuu data is subtly smaller than its TNG equivalents. Weaker corre-

lations exist with stellar mass and half-mass radius and overdensity, which are also somewhat

different in Uchuu.

However, particularly for low mass satellites in Figure 5.4.2, underpredicted star forma-

tion histories are clearly correlated with similarly undermined mass accretion histories in

Figure 5.3.2, which will have had a causal effect on their galaxy growth. Mass accretion at

early times is particularly important for the acquisition of star-forming gas, which would

explain the lack of subsequent star formation in these predictions. In the TNG simulations,

low-mass haloes are particularly gas-rich248 and so the star formation at early times is likely

to be sensitive to the lack of accumulation of low mass progenitors.

Comparing the network’s performance on TNG-Dark with TNG-Hydro predictions, we
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Figure 5.4.2: Star formation histories of satellite galaxies, binned in the same manner as in
Figure 5.4.1. This figure shows apparently poor predictions of star formation histories of low
mass galaxies in Uchuu, however many of these bins are underpopulated by the Uchuu data
and contain low quality haloes.
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Input Variable
Stellar Mass Metallicity

Central Satellite Central Satellite

Circular Velocity 0.783 0.637 0.693 0.361
Half-Mass Radius -0.566 -0.573 -0.602 -0.314

Overdensity 0.176 0.298 0.174 0.142

Table 5.4.1: Spearman correlation coefficients of multiple halo properties with stellar mass
and metallicity, in narrow, low halo mass bins. All quantities shown here are considered
at z = 0 in the Uchuu simulation. We evaluate these within halo mass ranges of 11.77 <
log10 Mz=0

h < 11.97 for centrals, and 10.9 < log10 mz=0
h < 11.1 for satellites.

see that these star formation histories are enhanced rather than suppressed, which correlates

with similarly excessive mass accretion rates. Sorini et al. 249 show that gas accretion and

stellar feedback processes have their greatest influence on the size and shape of haloes and

large scale structure at higher redshifts, and that stellar feedback is the principal cause of

suppression of the star formation of low mass objects. The lack of stellar feedback in dark

simulations will have limited the effects which result in halo mass loss, which are particularly

prominent effects for low mass objects. The excess mass accretion in TNG-Dark will have

resulted in excess star formation being predicted.

The stochastic modification to our star formation and metallicity histories, explained in

detail in BTC24, introduces fluctuations to individual galaxies by drawing random phases

from high frequency modes, which are scaled in amplitude according to a predicted Fourier

Transform of the sample’s SFH and ZH. By training the neural network introduced in CT23

to predict the Fourier amplitude of each SFH and ZH, while changing none of the input

variables or aspects of the network’s design, we predict Fourier amplitudes which resemble

those of the original TNG data; unlike the fiducial predictions of the original network, which

lose much of this information at high frequencies. A comparison of the Fourier Transforms

derived from central star formation histories in an intermediate mass bin is shown in Figure

5.4.3.

With the stochastic modification, the additional fluctuations in the star formation his-

tories have recovered enough information that the median and variance of the predictions
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in both N-body simulations are improved, with the dataset more akin to the target TNG

data. However, the correction is less effective for low mass centrals and satellites, and does

not resolve the severe offsets seen in Uchuu galaxies.

As star formation histories are poorly predicted for under-resolved Uchuu galaxies, so

are their Fourier Transforms, making mass resolution crucial to the stochastic modification

as much as the machine learning model itself. We illustrate this in Figure 5.4.3, comparing

the predicted Fourier amplitudes of each simulation with the desired result from the raw

TNG data. For this bin in β and Mh, we can see that the Uchuu Fourier amplitudes are

reduced across all frequencies. With the stochastic method sampling high frequency modes

with suppressed amplitudes, the same variable star formation history will be lacking in

under-resolved Uchuu data, regardless of the efficacy of the stochastic method.

In BTC24, several post-processing filters were applied to mitigate unphysical results

in the modified data. For Uchuu and TNG-Dark, an additional threshold is necessary due

to unphysical distortions arising from less accurate predictions of the Fourier Transform

amplitudes. To address this, we impose a threshold that limits the relative difference between

the corrections and the predictions to less than a factor of 1.5, which is typical of the modified

TNG-Hydro data. Any larger deviations are replaced by the fiducial predictions to avoid

further distortions.

For the TNG-Dark data in this mass/gradient range, the Fourier Transforms resemble the

TNG-Hydro predictions, suggesting that the same stochastic data as in BTC24 may appear

in TNG-Dark, yet as discussed below, the modifications in TNG-Dark are also subject to

certain resolution effects.

Numerically integrating the SFHs of each simulation result in self-consistent and accurate

SHMRs, shown in Figure 5.4.4. Between predictions in the TNG-Hydro and TNG-Dark

simulations, there is little noticeable difference between the relations, other than slightly

reduced scatter in the dark predictions. For Uchuu, the difference in stellar and halo mass

distributions is apparent, and this is most profoundly so at low masses. From intermediate

to high masses, there is a slight underprediction of mass and scatter, but the Uchuu SHMR

remains very well matched to the predictions in TNG-Hydro and TNG-Dark.
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Figure 5.4.3: A figure comparing the median and interquartile ranges of predicted Fourier
Transforms of star formation histories, for central galaxies where 11.97 < log10Mz=0

h < 12.35
and −1.45 < β < −0.7, corresponding to the centre-bottom panel in Figure 5.4.1. The top
panel of this figure shows the Fourier Transforms themselves, while the bottom panel shows
the difference in the Fourier amplitude with respect to the median target amplitude. Where
applicable, dashed and solid lines indicate the Fourier Transforms of the star formation
histories predicted by the neural network, and the predicted Fourier Transforms when the
network is trained to predict these, respectively. This illustrates that for all datasets, the
median Fourier Transforms are all of similar shape to the target TNG-Hydro data (red) when
predicted by the neural network. The TNG-Dark result (green) is similar enough to the TNG-
Hydro predictions (blue) that the modified data in TNG-Dark will be just as accurate as
in our companion paper. On the contrary, the Uchuu data (purple) has clearly suppressed
amplitudes at all frequencies, and does not align with the target distribution. This suggests
that star formation modes which influence our results will be absent from some of our Uchuu
predictions, regardless of the power of the stochastic amendment.
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Figure 5.4.4: The graph displays the numerical SHMR of central galaxies (left) and satellite
galaxies (right) based on their star formation rates. Each galaxy is represented by a data
point, while the error bars indicate the median and 15th and 85th percentiles of stellar mass
within a specific halo mass range. The comparable shapes of these relationships suggest an
accurate prediction of the star formation histories.
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In both the central and satellite SHMRs, particularly at intermediate masses, the stochas-

tic modification makes subtle improvements to the average height of the relation, as well as

marginally increasing the scatter. The fluctuations added by the modification add a com-

ponent of stellar mass which may be attributed to events such as galactic winds or minor

mergers; while the cycling of gas through the CGM acts on sub-Gyr timescales for high-mass

galaxies in dense environments250, stellar feedback is more likely to disrupt the shallow po-

tentials of low mass galaxies and contribute to greater mass loss on short timescales251;252.

Despite the variety of processes acting on different timescales in different mass regimes, the

fluctuations implemented by the modification are rarer for the most massive galaxies, and

smaller relative to the total mass, making little change to the modified stellar mass.

At low masses, we see that the distribution of stellar masses in Uchuu is significantly

biased towards low masses, owing to the compromised star formation rates. Low mass satellite

haloes have already been discarded by our cuts, resulting in a clearly distinct halo mass

distribution, yet there are still a large number of objects below ∼ 2 × 1011M⊙ with severely

miscalculated stellar mass. Satellite objects within this mass range clearly cannot be trusted.

Low mass satellites are additionally made impractical due to a limitation of the resolution

correction presented in CT23. The correction consists of a z = 0 halo mass dependent ratio

between star formation and metallicity histories in TNG100-1 and the lower resolution run

TNG100-2, with a mass resolution consistent with TNG300-1; to adjust TNG300-1 galax-

ies to match TNG100-1 data prior to their simultaneous use as training data. For satellite

galaxies, however, the correction ceases to be accurate when satellite galaxies of distinct evo-

lutionary geometries (e.g. early-forming, quenched and late-forming, star-forming galaxies),

are combined as one correction for all low mass satellites; as well as when the TNG100-2

galaxies on which the correction is based are affected by low sample size and resolution.

The correction was based on a method used by Pillepich et al. 238 , who find that the

radius enclosing star particles influenced their corrected data. As Nelson et al. 214 find higher

gas densities in TNG300-1 than in TNG100-2, it is possible that differences in the density

of gas surrounding satellites results in differences in ram pressure stripping and thus stellar

mass profiles. These are two effects which reduce the validity of the correction for satellites,
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particularly at low mass. It is such a substantial difference for low mass satellites that these

samples are ignored when applying the stochastic correction.

In high mass bins, the majority of stellar mass is formed earlier than in TNG-Hydro, for

both dark simulation suites. This is illustrated by Figure 5.4.5, which shows mass weighted

ages of galaxies in bins of stellar mass, and shows that high mass galaxies are biased towards

older ages. In part, this can be seen by a sharp increase in both halo and stellar mass at earlier

times, but in Figures 5.4.1 and 5.4.2 the following decline in star formation rate happens

sooner. The stochastic modification corrects for excess early star formation, indicating that

the missing stellar feedback effect is encoded in the SFH power spectra; yet the modification

does not influence the quenching tail, which is a smoother feature and so potentially unseen

by the modification due to frequency-dependent phase selection, while unphysical noise in

the quenching tail is eliminated by our post-processing filters (see Section 4.3.3 of BTC24

or Chapter 4). In Uchuu, the mass-weighted ages of intermediate mass galaxies are shifted

by a lesser degree than in TNG-Dark, potentially due to differences in the accuracy of

Fourier amplitudes. For TNG-Dark, star formation histories are initially aligned with TNG-

Hydro, but these star formation rates decline and line up with the lower SFH in Uchuu. The

quenching of these galaxies is therefore more efficient than their hydrodynamical equivalents.

Davies et al. 248 show that the expulsion of the circumgalactic medium in TNG and the

Eagle simulations253 is correlated strongly with the central black hole mass of the galaxy,

which influence the subsequent specific star formation rate, and act on timescales of multiple

gigayears254–256. Bluck et al. 257 show that central velocity dispersion, effectively measuring

the AGN mass, is a critical parameter for galaxy quenching in MANGA observations, which

correlates with the circular velocity and half-mass radius of the halo. In TNG, these internal

feedback quenching mechanisms dominating central galaxy quenching, alongside environ-

mental effects dominating satellite quenching, are shown to qualitatively agree with other

hydrodynamical and semi-analytic models, and with low-redshift SDSS data258;259.

We have shown in Figure 5.3.3 that the half-mass radius of high mass haloes is underes-

timated in TNG-Dark, leading to overestimated halo concentration. This velocity dispersion

measures the dynamics of the halo centre on sub-kiloparsec scales, and therefore the halo con-
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Figure 5.4.5: The figure depicts the mass-weighted ages of central and satellite galaxies,
showing TNG-Dark results in the top panel and Uchuu results in the bottom panel. The
ages are plotted against the predicted stellar mass, with the median and interquartile range
of ages shown in various mass bins. The plot reveals a precise recovery of the age-mass trend
in the dark simulations. There is a bias towards higher ages in the dark simulations which
grows with mass, partially corrected by the stochastic modification.
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Figure 5.4.6: Stellar metallicity histories of central galaxies in bins of halo mass and specific
mass accretion gradient.

centration relates to the density of this region, which in galaxies of this mass are most likely

to be dominated by an AGN. Overestimating the concentration can cause overprediction of

AGN feedback, thereby quenching the galaxies sooner.

5.4.2 Metallicity History

Figures 5.4.6 and 5.4.7 show the median and 15th−85th percentile ranges of predicted metal-

licity histories. These show a clear failure of the model to predict the metallicity histories of
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low mass objects in Uchuu, as well as underpredicted results in most satellite galaxies. There

is nonetheless a good agreement between Uchuu and TNG with most intermediate to high

mass central haloes.

The stochastic amendment introduces a significant improvement to the median and vari-

ance of metallicity histories. Like the star formation histories, it is likely that the network-

predicted Fourier Transforms contain information on the frequency of chemical enrichment

events on short timescales, such as merger-driven star formation. The simultaneous recov-

ery of the variability in star formation and metallicity histories results in a more realistic

metallicity distribution with respect to the fiducial network predictions, as shown in BTC24.

We see similar characteristics when comparing metallicity histories seen in TNG-Hydro,

TNG-Dark and Uchuu to what we showed for star formation histories in Section 5.4.1. The

suppression of metal synthesis in low mass galaxies can be reconciled with the lack of early

accretion, particularly as the gas and metal content of these objects’ progenitors play an

important role in early metal synthesis. The enhanced metal synthesis in low mass TNG-

Dark galaxies may also be explained by the abscence of stellar feedback, where stars retain

more of their mass and thus produce metals more efficiently.

In narrow mass bins, we find similar but weaker correlations between stellar metallicity

and structural and density quantities. The results from CT23, however, suggest that envi-

ronmental history influences chemical enrichment over time. We show in Figure 5.3.5 that

calculated overdensities are marginally larger in Uchuu, which can influence metallicities by

predicting an overabundance of mergers and flybys which redistribute the metals into high

mass galaxies, as well as contribute to quenching. The anisotropic nature of these interac-

tions are traced by radial skews, which we show in CT23 to have a profound effect on the

metallicity history. Though these skews are not well correlated with other halo properties,

being difficult to compare between simulations, the low number density of haloes around

low mass objects can fail to produce the extreme skews experienced during close interactions

which contribute significantly to chemical enrichment.

Evaluating the mass-metallicity relations from these star formation and metallicity histo-

ries in Figure 5.4.8, we see that the underpredicted metallicity histories distort both relations
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Figure 5.4.7: Metallicity histories of satellite galaxies, binned in the same manner as in
Figure 5.4.6.
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Figure 5.4.8: Numerical MZR of central galaxies (left) and satellite galaxies (right), with
numerically evaluated total stellar mass and mass-weighted metallicity.
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at the low mass end. Nevertheless, the shape and scatter of the relations in the dark simula-

tion are very similar to the network’s original TNG-Hydro predictions; particularly following

stochastic modification. For central galaxies, however, there are a handful of overpredicted

metallicities in the dark simulations at high mass. A Spearman coefficient of 0.683 between

age and metallicity for Uchuu galaxies above a stellar mass of 1011.5M⊙ shows that these

are the same galaxies whose mass-weighted ages are overpredicted. Therefore, there is a

greater contribution of metallicity histories at early times to these results, and negligible

contribution from when the galaxies begin to lose their star formation. This effect is sub-

sequently mitigated by the stochastic amendment, reducing the coefficient to 0.135; similar

to the TNG-Hydro target value of 0.217. As previously established, the modification shifts

the early star formation towards the TNG target; but additionally adds fluctuations which

enhance the chemical evolution across all times. This improvement, not only to the stellar

formation time, but to the characteristic time of metal synthesis, is of great value for refining

the predicted spectroscopy which would be used in N-body mocks. We discuss these results

in the following section.

5.5 Mock Observables

This section concerns how the previously described similarities and discrepancies between

halo and galaxy properties affects the derived observational results, and thus is an assessment

of the quality of hypothetical mock survey statistics.

5.5.1 Galaxy Spectra

We show in Figures 5.5.1 and 5.5.2 the spectral energy distributions of the four simulation

datasets in bins of stellar mass, for central and satellite galaxies. In CT23 we relate the

smaller variance of the predicted SEDs to the lack of variability in star formation histo-

ries, and unconstrained implicit features such as merger-driven starbursts and quenching

timescales, which are more common to central galaxies.
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Figure 5.5.1: For central galaxies, this figure shows the evaluated SEDs in TNG-Dark (upper
panels) and Uchuu (lower panels) in contrast with the TNG-Hydro data. For each dark
simulation, the spectral luminosities are on average under-predicted slightly, but this is
improved by the stochastic modification, which also serves to restore some of the variance in
these spectra. Emission lines are not shown in these spectra, for the sake of clearly showing
the mean continuum from each simulation.

The mean amplitudes of TNG-Dark spectra are subtly smaller for low and intermediate

mass central galaxies, and larger for satellites. The satellite discrepancy can be attributed

to higher peaks in star formation histories at such masses. While this affects both networks,

the effect is particularly prominent for satellites, which in addition to the abscence of stellar

feedback driven mass loss249, may be likened to the lack of environmental harrassment serving

to strip the satellite halo following infall260, as discussed in Section 5.4.1. For central galaxies,

the cause of this offset is not clear, but given differences in star formation histories and

mass-weighted ages, the offset may owe to the underpredicted star formation histories seen

in Uchuu predictions.

The stochastic modification systematically increases these galaxy luminosities as it does

with stellar masses, therefore it improves the spectral amplitudes for central galaxies, and not

satellites, which additionally exhibit greater variance than the target data when compared

with central galaxies. While central galaxies tend to quench as a result of mergers and AGN

growth, satellite quenching can be driven by the environment imposed by its host galaxy,

and can act on short and on long timescales, depending on infall trajectory, satellite-host

mass ratio and redshift261;262; potentially explaining this inconsistency between the spectral

modifications of central and satellite galaxies as a matter of the physical processes which act
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Figure 5.5.2: For satellite galaxies, this figure shows the evaluated SEDs in TNG-Dark
(upper panels) and Uchuu (lower panels) in contrast with the TNG-Hydro data. The two
dark simulations are well-matched to the predictions in the hydrodynamic TNG simulation,
showing similar means and variances in the spectra. This causes the average luminosity to be
brighter than needed following modification, but like the central galaxies, the modification
recovers the variance originally seen in spectral luminosities. As with Figure 5.5.1, emission
lines are omitted from the figure for clarity.

in the effective frequency range of the stochastic modification.

In Uchuu, the spectra are generally lower in amplitude than TNG-Dark spectra, resulting

from weaker star formation histories. One exception is low mass central galaxies, which may

be a result of poorly predicted metallicity. In high mass bins, however, the variance in

Uchuu spectra is larger than that of any TNG data, corresponding to larger variance in

mass accretion histories. The large spread of Uchuu overdensities in high mass bins will

additionally have misled the network, either by enhancing star formation by associating

densities with merger rates, or conversely, suppressing it by association with quenching. In

fact, the Spearman coefficient between zero-redshift overdensity and each band magnitude

is on average -0.43 for galaxies above 1011.5M⊙, compared with -0.09 overall. The stochastic

amendment may reshape these large Uchuu galaxy spectra to more closely resemble that

of TNG galaxies, but of course cannot reduce the variance as needed, only reducing this

average Spearman coefficient to -0.38.
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5.5.2 Galaxy Photometry

In Figure 5.5.3, we show the colour-mass diagrams evaluated from the four simulation

datasets, showing for both central and satellite galaxies, the dependence of colours cal-

culated using neighbouring SDSS wavebands on their stellar mass. As in CT23, these results

show the bimodal colour distributions of the galaxy populations, and the tendency for high

mass galaxies to be redder in colour, to be a feature of all predictions of the neural net-

work. This work showed that the unconstrained emission at UV frequencies has resulted

in underpredicted colours for u and g bands, which shows in the dark simulations as well.

While the stochastic modification recovers the widths of the bimodal colour peaks, owing to

improved variance in star formation and spectral amplitude, it fails to correct the offset peak

in u− g colour, suggesting the need to accurately predict recent star formation to accurately

constrain key spectral features such as the 4000 break.

In the predictions of the dark simulations, there are some notable differences with re-

spect to the predictions of the hydrodynamical simulation. The ages of high mass galaxies

are biased towards high values in both dark simulations, as shown in Figure 5.4.5; and

correspondingly, a higher fraction of galaxies reside in the “red” peak in these datasets, par-

ticularly for u−g and g− r colours. This overabundance of red galaxies is potentially a result

of a greater rate of galaxy quenching, which was discussed in Section 5.4.1 in relation to the

differing morphology of haloes in dark simulations; or the denser environments in dark sim-

ulations which serve to quench interacting or infalling galaxies. The stochastic modification

partially corrects this by reshaping the star formation histories, making some red galaxies

bluer by eliminating excess early star formation, but does not recover quenching tails which

would also shift these colours.

Another aspect of the dark predictions is the greater abundance of galaxies in the “green

valley”: the transition phase between star-forming and quiescent galaxies. This feature ap-

plies to both dark simulations, but is particularly prominent in Uchuu. Unlike the colour

offset arising from the galaxy age bias, galaxies in this mass range typically have a broader

range of calculated magnitudes, which, like the high variance in spectra, may be attributed
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Figure 5.5.3: Colour-Mass diagrams from each of the four simulation datasets, shown for
central galaxies (left panels) and satellite galaxies (right panels), and for four colours taken
as the difference between successive SDSS band magnitudes. Contour lines show the 10th

percentiles (light-coloured lines) and the 90th percentiles (dark-coloured lines) of the 2D
histograms of the data. The predicted photometric colour bimodality and its association with
mass are shown by all datasets, however the dark simulations show an excess of samples in
between the peaks of the colour distributions. The stochastic modification redistributes the
colour distributions, recovering the full range of colours seen in the original data, but does
not rectify the offset peaks of the distribution, particularly for high frquency bands.
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to variations in the halo mass accretion history and internal dynamics. Furthermore, an ef-

fect of the stochastic modification is the enhancement of the green valley population; as the

modification is sensitive to a frequency range which captures a specific set of star formation

features, the correction it implements may only constitute a partial shift in the photometric

colour.

We have shown in CT23 that the variability in star formation history, particularly at

late times, is an important factor in modelling photometry. Even in cases where the Fourier

Transforms of Uchuu galaxies are well predicted, the star formation histories in Uchuu may

have lost additional high frequency information from being based on temporal predictors

which were interpolated over a sparser time domain in Uchuu, which could not be rectified

by a TNG-based stochastic modification. Uchuu galaxies in this mass range are also slightly

redder on average than TNG-Dark, which corresponds to declining star formation histories

in this mass range. In fact, this effect is seen at the approximate mass at which biased

galaxy ages begin to appear, suggesting that over-quenching is indeed a prevalent issue.

This emphasises the importance of constraining late star formation to accurately predict

observable data.

This modification is additionally only able to correct for differences in network predictions

which translate to intermediate frequency modes in the star formation history, including

supernova feedback but not necessarily slow quenching. Concerning high mass galaxies, Iyer

et al. 254 show that kinetic AGN feedback introduces a variable star formation component,

which in TNG contributes significant energy injection only above a threshold black hole mass

of ∼ 108M⊙; unlike the thermal feedback mode, whose energy yield is tightly correlated with

this AGN mass255. These distinct modes of AGN feedback may explain why the stochastic

modification can only partially amend the geometry of quenched star formation histories; the

kinetic feedback resides in the frequency domain of the modification, while the long-timescale

thermal feedback is closely related to AGN mass. While AGN mass is not predicted directly

by this model, it is closely related to star formation history, and so the effects of thermal AGN

feedback will be influenced by the established shortcomings of the fiducial neural network

predictions, in both the hydrodynamic and the dark simulations.
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5.6 Discussion

The machine learning model used to predict the star formation and stellar metallicity his-

tories of TNG galaxies has performed modestly at reproducing the same results in pure

dark matter simulations, having obtained similar quantitative relations between galaxies

and haloes, and relating physical galaxy properties to observational quantities as in the hy-

drodynamical TNG simulation. Despite this, a number of discrepancies exist between the

different predictions, resulting from differences in the growth and interactions of haloes in

N-body simulations compared with the full physics, differences in the calculation of halo

properties in the simulation data, and the degree of improvements made by stochastic mod-

ification. In this discussion, we identify the important differences between these simulations

and how the model may be modified in future to suit high volume N-body simulations while

maintaining an accurate characterisation of the galaxy-halo connection.

5.6.1 Resolution Effects

We have shown that the lower resolution of the Uchuu simulation compared with the TNG

simulations has worsened the quality of predictions of low mass and slowly accreting galaxies,

with considerable errors in the masses and metallicities of low mass galaxies; particularly

satellite galaxies, whose sampling was already compromised by our quality cuts. One such

effect is that the truncated power spectrum suppresses the coalescence of simulation particles

into low mass haloes, such that low mass haloes take longer to germinate and grow. Low

mass samples in Uchuu are evidently unreliable for causal galaxy-halo modelling. The SFH

and ZH Fourier Transforms predicted by this model are poorly predicted for these haloes as

well, indicating that resolution differences additionally effect our stochastic methodology.

The limits of computational resources required to generate a high-volume, high-resolution

simulation has been a long-standing issue in this field. Li et al. 263 demonstrate a machine

learning model which can enhance the matter power spectrum in N-body simulations and

generate accurate snapshot data from low-resolution simulation images, which accurately

replicate halo substructures and correlation functions below the limit of said low-resolution
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simulations264. This may be a practical technique to enhance the Uchuu data in this work,

provided that the complete merger trees can be constructed from the model’s outputs. Given

the importance of the properties of progenitor subhaloes, such as the mass and metallicity

of incoming gas and stars, it may be necessary to develop a similar enhancement model

of the merger trees themselves; however, as the matter power spectra, distributions and

velocity fields can be accurately enhanced this way, these properties may be inferred from

the predicted environments.

Our results show that haloes in Uchuu of similar mass to the lowest mass haloes in TNG

are substantially affected by the difference in resolution, and thus, it may be worthwhile in a

future study to apply the neural network to Shin-Uchuu: a smaller but higher resolution run

of the Uchuu model, to restore low mass galaxies; or to enhance the Uchuu snapshots and

merger trees based on the superior Shin-Uchuu resolution and the methods of Li et al. 263 .

As the growth of large scale structure will influence the distribution of galaxies and the

properties of their environments, the latter may be a more suitable method for creating

self-consistent mock catalogues on both gigaparsec and sub-kiloparsec scales.

5.6.2 Alternative Models

Uchuu-UniverseMachine

Aung et al. 265 use the UniverseMachine (UM) model266 to compute galaxy formation histo-

ries in the Uchuu simulation, which is used to recover statistics such as stellar mass functions

and number density profiles which show reasonable agreement with observational stellar mass

and luminosity functions267. UM is an empirical model, relying on MCMC optimisation of

star formation rates using prior relations of star formation rates and quenched fractions to

the halo rotation curve. The model was able to qualitatively reproduce the environmen-

tal dependence of star formation without explicit implementation of the environment, yet

this implies that the star formation in dense environments is only supported by halo mass

accretion. UM does not model metallicity histories, which we have shown in CT23 to be

more dependent on environmental quantities, and thus our model may be more suitable for

145



modelling the dependence of chemical enrichment in high fidelity mocks. On the contrary,

as quenched fractions are a direct parameter of the UM model, the colour bimodality in

these mocks is likely to be more accurate, and so UM may be more suitable for observational

statistics.

A predictive, self-consistent model such as ours may prove complementary to empirical

models such as UM when it comes to producing high-fidelity mocks, as it can be used to

causally model the growth of galaxies over time based upon the halo and environmental

quantities driving the physics of the galaxy-halo connection, and may be modified to predict

galaxy properties, for instance, spiral-bar structures. Yet, our machine learning model and

stochastic modification have shown to be sensitive to effects which come from translation to

a pure dark matter simulation, such as the biased growth of internal dynamics of the halo,

resolution effects such as the delayed collapse and virialisation of haloes, and potentially,

nuances in the calculation of key variables such as halo mass and radius due to the use of

different halo finder algorithms; which may, for instance, identify different structures in the

halo centre, or different boundaries enclosing the total halo mass247. Thus, it may prove that

an N-body simulation with resolution enhancements and consistent halo definitions with the

training data will be necessary for accurate self-consistent mocks.

Gaussian Process Stochasticity

Our stochastic modification to the star formation and metallicity histories has proven valu-

able in recovering the short-timescale features which were absent from the fiducial neural

network model, corresponding to relevant phenomena such as starbursts and baryon cycling.

It is nonetheless difficult to disentangle the physical drivers of these stochastic features, which

have different degrees of influence depending on a galaxy’s mass, age and environment. To

analyse the relative contribution of these dynamical processes to observable features such as

the H-α flux and Dn4000 index, one might incorporate a Gaussian process formulism as seen

in Iyer et al. 268 , where the stochastic modes of star formation are parameterised by three

analytic power spectra with controlled effective timescales.
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Our stochastic phase selection method presented in BTC24 considers the cross-correlation

of modes of halo and galaxy growth, and so the evolution of the host halo may provide some

insight into constraining these timescales for individual galaxies, if these two stochastic

analyses can be reconciled. This may require more historical information than what was

presented in our companion paper, considering that the gas inflow and cycling studied by

Iyer et al. 268 are potentially sensitive to environments; but if the stochastic parameters

can be infefrred solely from properties of the halo and environment, they can contribute to

self-consistent predictions in N-body simulations.

5.6.3 Alternative Variables

The variables used in the design of our neural network were meant to characterise the growth,

structure and environment of haloes in a manner which was as immune to the effects of

baryons and different resolutions and halo finders as possible. However, the results have

shown that these differences have nonetheless produced small to substantial differences in

the statistics of galaxies predicted using pure dark matter simulations with respect to the

hydrodynamical TNG model. Thus, the inclusion of as-yet unused variables in a future

rendition of the neural network model may constitute more suitable measures of the galaxy-

halo connection for use in a pure dark matter model.

As mentioned in Section 5.6.2, the use of a consistent halo finder in the hydrodynamical

and N-body simulations under consideration may be necessary to avoid biasing predictions

due to the different identification of halo mass and substructure. Onions et al. 247 state that

while many halo finder algorithms are alike in their capability of identifying halo structures,

Rockstar is the only algorithm in this study which accurately resolves substructures in highly

dense regions such as the halo centre, which can influence the structural variables R 1
2

and ṽvir;

shown in CT23 to influence the SHMRs of both central and satellite galaxies. The planned

TNG halo catalogue based on the Rockstar halo finder may be used to train an “Uchuu-

friendly” neural network model in future research, effectively eliminating this potentially

appreciable biasing factor.
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Another quantity which differs between the simulations in this study is overdensity, which

in Uchuu is computed using halo coordinates and masses in lieu of similar subhalo information

as in TNG. Overdensities may be smoothed according to a Gaussian kernel to produce a

continuous, position-dependent density field as in Chen et al. 269 , which may be tuned for

each simulation according to their resolution or their density tracers. This method was used

similarly to create a position-dependent tidal field tensor, which the authors show to correlate

strongly with halo assembly bias.

For satellite galaxies, the environment they experience in the vicinity of their host halo

dominates their behaviour in the satellite phase, and therefore the properties of the host are

additionally important. In CT23 we mention how the explicit inclusion of further satellite

host properties may have been beneficial to the model; examples include formation time270,

distance from the halo centre260;271 and angular momentum272. The location of the satellite

with respect to the host, or of a central halo with respect to a local cluster, would constitute

a tracer of the local environment, and thus could be a valuable measure of effects such as

gas stripping and tidal disruption.

As the skew parameter, being mass-independent and calculated using halo positions, does

not differ substantially between any of the simulations used in this work, a purely position or

velocity dependent environmental metric may be a feasible solution to the bias introduced

by basing environments on overdensities. However, as the skew is a measure of halo-halo

interactions over time, something not characterised by smooth fields, it remains a valuable

parameter of this model. Yet as mentioned in Section 5.4.2, an effectively random error may

be introduced due to the lack of low-mass objects in a low resolution simulation, which would

be particularly detrimental to the major interactions inferred from high or low skews.

As for the stochastic modification, while we use stellar mass to bin samples and re-

cover separate phase distributions, we have tested the modification with an additional halo

mass binning, though this introduced errors in cases of low sample size, such as with the

most massive haloes. It should be stressed here that the stochastic modification does not

perfectly reconstruct important summary statistics such as the MZR, and sampling phases

with respect to environment may improve this result, provided that these are well sampled.
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Otherwise, combining results from simulations on different scales, such as TNG50273;274 for

small scales and MillenniumTNG275–277 for large scales, may provide enough data to justify

multidimensional phase selection.

5.7 Conclusions

In this work, we have compared the quality of predictions of galaxy star formation and

metallicity histories in pure dark matter simulations, based on the semi-recurrent neural

network described in Chittenden and Tojeiro 209 , and the stochastic star formation modelling

of Behera, Tojeiro, and Chittenden 188 . We have compared our original predictions with cross-

matched haloes from the dark equivalents of the TNG simulations on which the model was

trained, evaluating the effects on predictions due to the abscence of baryonic processes; and

we have applied the model to similar haloes from the Uchuu N-body simulation, to evaluate

the effects of alternative halo definitions, and the lower mass resolution of the simulation.

Our findings can be summarised as follows:

• Important input properties such as the mass accretion history of a halo are similar

between the simulations under consideration, for haloes of most masses and mass ac-

cretion gradients, as defined in Montero-Dorta et al. 231 and Shi et al. 229 . Nevertheless,

we show in Section 5.3.1 that the mass accretion histories of TNG-Dark haloes are

exaggerated, potentially as a result of the lack of stellar feedback shaping the haloes.

This has noticable, similar influence on the star formation histories of low mass galax-

ies, as shown in Section 5.4.1. As this difference in mass accretion histories arises at

early times, the consequential effect on the star formation histories applies for most of

the time domain of the simulation, due to the recurrent design of the neural network.

• The network quantities relating to internal structure and dynamics: the half-mass

radius and virial velocity of the halo, are similarly affected by the lack of baryons, but

are more profoundly affected by the lower resolution of the Uchuu simulation, which

becomes apparent in Section 5.3.2. This causes the germination and initial growth of
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haloes to be delayed and for the mass accretion and concentration of Uchuu haloes to

appear smaller than their TNG equivalents. For low mass and slowly growing haloes,

these effects are dramatic, due to the sensitivity of these results to the simulation

resolution.

• We show largely similar neural network predictions to the original, hydrodynamical

predictions in Section 5.4, which recover similar shape and scatter to the hydrodynam-

ical SHMR and MZR. Despite this success, the severely underpredicted growth of low

mass haloes in Uchuu leads to poor predictions of the star formation and metallicity

histories of low mass galaxies. Conversely, TNG-Dark results are overpredicted due

to excess mass accretion at early times, which leads to an effective overabundance of

star-forming gas. In each case, the lowest mass galaxies in any dark matter simulation

are the least accurate predictions.

• With the added stochastic modification, we make significant improvements to key

statistics of the dark simulations, recovering the scatter of the mass-metallicity re-

lation and correcting the spectral luminosity and photometric colour distributions of

predicted galaxies. While this amendment is shown to fruitfully reproduce the miss-

ing features in the hydrodynamic TNG simulations in our companion paper, it also

rectifies systematic distortions in the geometry of the star formation and metallicity

histories in these pure dark matter simulations, providing more accurate predictions

for future N-body mocks. However, it does not amend the issues which largely ap-

ply to low mass, under-resolved objects, where the predicted Fourier Transforms are

under-predicted, thereby failing to provide adequate information to compute realistic

baryonic data. The modified data is therefore just as sensitive to resolution effects as

the fiducial predictions.

• In both dark simulations, the number of quenched galaxies predicted by the neural

network is larger than the hydrodynamical result. In TNG-Dark, this is a result of

the difference in structural parameters, which may be attributed to AGN feedback. In
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Uchuu, this is an effect of higher overdensities, which owe to the use of halo tracers

rather than subhaloes. This excess quenching corresponds to a greater abundance of

photometrically red galaxies, which we show in Section 5.5. In Uchuu, the abundance

of red galaxies is further attributed to underpredicted Fourier amplitudes, and pos-

sibly interpolation over a coarser time domain, resulting in greater information loss

regarding time variations in their star formation history. The stochastic modification

serves to redistribute the photometric colours by reshaping the star formation histo-

ries, but does not amend differences in the shapes of quenching tails, leading to some

“partly corrected” photometry, and an overabundance of green valley galaxies. The

spectroscopic and photometric statistics of the dark matter simulations nonetheless

show similar characteristics to the original TNG results, yet this could be improved by

explicit constraints on star formation at the lowest redshifts.

This paper has shown that the neural network model we have developed is a highly

practical tool for emulating galaxies into N-body simulations using the learned physics of

the galaxy-halo connection. However, the shortcomings of the study illustrate the necessity

for an N-body simulation of similar mass resolution and halo properties to compute accurate

mock surveys on all mass scales. This may be achieved in future work by redesigning the

predictive model to measure halo structure and cosmic environment using identical halo

finders, metrics which are independent of the simulation, or by enhancement of existing

low-resolution haloes and merger trees using machine learning or similar methods.

By obtaining results in the Uchuu simulation with similar characteristics to the TNG

simulation suite on which the model was trained, we have shown that it is possible to produce

a physical, self-consistent model of the galaxy-halo connection on present-day, gigaparsec-

scale N-body simulations. This may be a pathway to a future of AI-based simulations which

entail a physical explanation of galaxy evolution on cosmological and substructure levels

simultaneously, and corresponding observational data to complement the most ambitious

galaxy surveys to date, for a fraction of the computational cost of a hydrodynamical or

semi-analytic model of the same level of detail.
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— Inspired by Vidyapati’s dualism

*“Through darkness is light constructed — this is nature’s sacred duality.”*
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Chapter 6

Complementary Research: Extensions

and Independent Projects

This chapter presents research efforts that complement the core themes developed in this

dissertation, while also reflecting independent contributions within the Dark Energy Spec-

troscopic Instrument (DESI) collaboration. The work described here extends beyond the

modeling of large-scale structure presented in earlier chapters, and includes both theoretical

developments and observational analyses. Specifically, the chapter covers: (i) an extension

of bispectrum BAO modeling to capture anisotropic information via angular multipoles, (ii)

the mitigation of imaging systematics in large-scale structure clustering catalogs, and (iii)

the spectroscopic classification of AGNs using emission-line diagnostics across multiple DESI

target classes.

These projects represent a broadening of scope from simulation-driven modeling to data-

oriented contributions, and demonstrate continued engagement with cosmological and as-

trophysical challenges in current and future spectroscopic surveys.
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6.1 Anisotropic Clustering in the Bispectrum via An-

gular Multipoles

Chapters 1 and 2 established a framework for detecting the Baryon Acoustic Oscillation

(BAO) signal in the bispectrum monopole. While the monopole captures angle-averaged

clustering, it discards directional information induced by redshift-space distortions (RSDs),

thereby limiting its sensitivity to anisotropic cosmic expansion. The ongoing work described

here extends the formalism to include anisotropic components of the bispectrum by in-

corporating its angular multipole structure, enabling joint constraints on transverse and

line-of-sight distances.

6.1.1 Scientific Motivation

Redshift-space distortions imprint anisotropies in the observed galaxy distribution due to

coherent peculiar velocities and the Alcock–Paczyński effect. These anisotropies manifest in

the angular dependence of the bispectrum, which is sensitive to the geometry and dynamics

of structure growth. Traditional bispectrum analyses focus on the monopole (ℓ = 0), which

integrates over angular orientations and thus loses this directional information.

To recover it, the bispectrum is decomposed using a spherical harmonic or Legendre mul-

tipole expansion. This approach, based on the formalism introduced by Sugiyama et al. 7,119 ,

projects the bispectrum onto angular basis functions labeled by ℓ, capturing the anisotropic

signal induced by both cosmology and RSDs. Each multipole moment is differently sensitive

to distortions in radial (α∥) and transverse (α⊥) directions.

This decomposition allows the measurement of the anisotropic BAO scale by separat-

ing contributions from different triangle orientations. As shown in Figure 6.1.1, different

combinations of (α∥, α⊥) leave distinct signatures in the bispectrum multipoles, and their

combination breaks degeneracies present in angle-averaged statistics.
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Figure 6.1.1: BAOs from Diagonal Bispectrum for different pairs of α∥ & α⊥, computed
theoretically using Sugiyama et al. 7 . The plot shows how combining monopole(left) and
quadrupole/s (right) can break the degeneracy of α and ϵ.

6.1.2 Methodology and Implementation

The analysis uses diagonal and near-diagonal triangle configurations measured from dark

matter halo catalogs in the ABACUS simulation suite, as well as GLAM mocks for volume

and noise control. Bispectrum multipoles are extracted using the Triumvirate48;119 analysis

package, and modeled using perturbation theory templates that incorporate RSDs and BAO

oscillations.

By comparing theoretical predictions for the monopole and quadrupole across a grid

of (α∥, α⊥) values, sensitivity to anisotropic scaling can be mapped. Preliminary results

demonstrate that:

• The monopole alone provides constraints on an average BAO scale, but remains de-

generate in α∥ vs α⊥.

• The quadrupole introduces shape-dependence that varies distinctly with α∥ and α⊥,

enabling their separate recovery.

• Combining multipoles can improve statistical precision and breaks degeneracies, espe-

cially at lower redshifts where nonlinear RSD effects are stronger.
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6.1.3 Challenges in Bispectrum-Based Anisotropic Analysis

While promising, angular bispectrum analyses face several technical and conceptual chal-

lenges:

• Angular basis complexity: Spherical harmonic decomposition introduces mode-

mixing and requires careful treatment of angular resolution and sampling completeness.

• Computational cost: Measuring and modeling bispectrum multipoles across all tri-

angle shapes and orientations is resource-intensive.

• Nonlinearities and modeling systematics: The impact of nonlinear growth, fingers-

of-God effects, and bias complicates the interpretation of higher multipoles beyond

ℓ = 0.

• Survey realism: The bispectrum is sensitive to window functions, masking, and fiber

collisions. Incorporating these into anisotropic measurements is non-trivial and is the

subject of ongoing methodological development.

Initial measurements of the monopole and quadrupole from simulation boxes show that

multipole combinations can recover input dilation parameters with high accuracy. The next

phase involves adapting the analysis to DESI data, starting with Year-1 ELG and LRG

samples. This will require accounting for observational systematics, integrating the survey

window function, and validating the theoretical templates against realistic mocks. The

ultimate goal is to deliver joint BAO constraints from the two- and three-point statistics,

with the bispectrum multipoles contributing unique leverage on anisotropic scaling.
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6.2 Mitigation of Imaging Systematics in DESI Clus-

tering Analysis

6.2.1 Background and Motivation

Large-scale structure surveys rely on photometric data to pre-select galaxy targets for spec-

troscopy. However, these imaging datasets are often affected by observational systematics

such as seeing, stellar contamination, Galactic extinction, sky brightness, and depth varia-

tions. These systematic effects can correlate with observed galaxy densities and mimic or

obscure cosmological clustering signals.

In cosmological analyses, particularly in angular or three-dimensional correlation func-

tions, this leads to:

• Biases in the inferred clustering amplitude.

• Spurious large-scale modes introduced by survey systematics.

• Underestimated uncertainties in covariance matrices.

To mitigate these biases, regression-based methods are employed to model and remove

correlations between target density and imaging systematics. DESI’s Year-1 analysis relied

on linear methods such as IMLIN, mode subtraction and machine learning (e.g., SYSNET,

REGRESSIS), but newer approaches involve including additional maps and dimensionality

reduction techniques to improve robustness and interpretability.

6.2.2 Methodology and Implementation

This work aims to construct and evaluate systematic templates for DESI Year-3 (Y3) anal-

ysis. The main components of this project are:

• Compiling over the imaging maps including:

– Stellar density maps from GAIA DR2.
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Figure 6.2.1: Preliminary plots from regression using 4 transformed and reduced maps (using
PCA) on Y1 ELG z = 0.8-1.1. Bottom panel shows the density profile of each map and top
panel shows Chi-sq before correction in blue and after in orange.

– Emission line flux maps from DESI MWS.

– Atmospheric seeing and sky brightness metrics.

• Angular cross-correlation analyses between these maps and galaxy tracer densities to

quantify the impact of systematic contamination of each map on clustering.

• Applying principal component analysis (PCA) for dimensionality reduction and or-

thogonal template generation.

• Testing corrections using three regression frameworks: IMLIN, REGRESSIS, and SYSNET.

• Applying corrections to realistic Y3 mock catalogs for BGS, LRGs, ELGs, and QSOs.

As part of the correction workflow, the impact of each systematic on galaxy density is

quantified, and regression models are trained to remove their influence. Chi-squared values

before and after correction serve as validation metrics (Figure 6.2.1).

Preliminary analysis on Y1 data shows that using a subset of PCA-compressed maps

achieves comparable or better performance than using the full template set, with lower

risk of overfitting. These methods will be deployed in DESI’s Y3 clustering pipeline and

cosmological analyses.
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6.3 Spectroscopic Classification of AGN and QSO Trac-

ers in DESI

6.3.1 Background and Scientific Context

Active galactic nuclei (AGN) are powered by accretion onto supermassive black holes and

represent a key phase of galaxy evolution. Spectroscopic classification of AGNs in surveys

like DESI enables studies of:

• The co-evolution of galaxies and their central black holes.

• Feedback mechanisms that regulate or quench star formation.

• The role of large-scale environment in triggering AGN activity.

Due to their diversity in physical properties and observability, AGNs are identified using

multiple diagnostic techniques. Emission-line ratios remain a cornerstone of optical AGN

classification and are used to distinguish between Star-forming galaxies, Composite or tran-

sition objects, and AGN-dominated sources such as Seyferts and LINERs.

Common diagnostic diagrams include:

• BPT diagram: Uses [OIII]/Hβ vs [NII]/Hα or [SII]/Hα.

• WHAN diagram: Plots Hα equivalent width vs [NII]/Hα to include weak-lined

AGN.

• MEx (Mass–Excitation): Combines stellar mass and [OIII]/Hβ to classify AGNs

at higher redshift where Hα is inaccessible.

• KEx (Kinematics–Excitation): Uses velocity dispersion and line ratios to extend

classification beyond classical boundaries.

With its wide redshift coverage and diverse spectroscopic target classes (BGS, LRG,

ELG, QSO), DESI provides an unprecedented dataset for systematic AGN classification and

demographic analysis.
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6.3.2 Contributions to the DESI AGN Classification Effort

This work contributes to the construction of a diagnostic-based classification framework for

AGNs and QSOs within the DESI Data Release 1 (DR1). Specific efforts have focused on:

• Constructing and applying BPT, WHAN, MEx, and KEx diagrams across multiple

DESI tracers to distinguish AGN activity from star formation.

• Performing a tracer-by-tracer analysis of redshift distributions and emission-line com-

pleteness relevant to AGN identification.

• Interpreting how selection biases affect AGN demographics across the main DESI tar-

get classes, including emission-line galaxies (ELGs), luminous red galaxies (LRGs),

and broad-line quasars.

• Investigating the consistency and complementarity of multiple classification schemes

in overlapping redshift ranges.

• Identifying potential target selection effects and evaluating the need for revised or new

demarcation lines in diagnostic diagrams across DESI’s spectral and redshift coverage.

Preliminary WHAN diagrams constructed from a subset of DESI DR1 data (Figure

6.3.1) demonstrate clear classification separability across target classes. Each tracer exhibits

characteristic distributions in the WHAN plane: ELGs primarily occupy the star-forming

region; LRGs are concentrated in the passive and retired zones; and BGS galaxies span the

full range of activity types, including strong and weak AGN.

Notably, two unexpected patterns emerge. First, QSOs appear underrepresented in the

AGN-classified regions of WHAN space, with a significant fraction instead falling into the

star-forming or intermediate zones. This trend likely arises from the dominance of broad-

line emission in many quasars, which can obscure or dilute narrow-line features such as

Hα and [NII], making standard WHAN diagnostics less effective. Additionally, some high-

redshift QSOs may lack coverage or sufficient signal-to-noise in these lines. Second, the

MWS sample—nominally targeting Milky Way stars—shows a non-negligible population
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Figure 6.3.1: WHAN diagrams (Equivalent width of the Hα vs log([NII]/Hα)) of different
DESI targets showing their classification based on the star forming and AGN activities and
the degree of target selection bias.

of sources classified as AGNs in the WHAN framework. These likely represent compact

extragalactic contaminants or low-redshift emission-line galaxies misidentified as stars during

target selection, particularly near star-galaxy separation boundaries.

These results highlight both the power and limitations of emission-line diagnostics when

applied across heterogeneous tracer samples. They also motivate the need for tracer-aware

adjustments to classification thresholds and reinforce the value of multi-dimensional diagnos-

tics in refining target selection and understanding classification systematics in spectroscopic

surveys like DESI.

While detailed results and catalogs are forthcoming, this analysis is expected to enable

a range of studies connecting AGN properties to their host galaxies, redshift evolution, and

large-scale structure. This effort also connects with topics explored in earlier chapters of

this thesis, particularly in understanding quenched galaxy populations and emission line

characteristics within synthetic galaxy models.

6.4 Summary

The projects presented in this chapter highlight complementary extensions to the core themes

of this thesis. The analysis of anisotropic clustering through the bispectrum’s angular mul-

tipoles builds directly on the theoretical framework developed in earlier chapters, advanc-

ing the use of three-point statistics for precision cosmology. By leveraging redshift-space

anisotropies, this work aims to improve constraints on cosmic expansion through a richer
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statistical description of large-scale structure.

The studies of imaging systematics and AGN classification represent independent yet

scientifically aligned contributions to the DESI collaboration. The imaging analysis addresses

a critical source of uncertainty in galaxy clustering measurements, contributing to more

robust cosmological inferences. Meanwhile, the AGN and QSO diagnostic work establishes

a physically motivated classification framework that enhances the interpretability of DESI

spectroscopic data across a wide redshift range.

Together, these efforts illustrate a research trajectory that integrates theoretical model-

ing, observational analysis, and survey calibration. They reflect a commitment to developing

data-driven methodologies that will support not only DESI but also future missions such

as Euclid, LSST, and the Roman Space Telescope, where systematics control, multi-tracer

cosmology, and physical source classification will be essential.

“ବିଭିň ପଥ ଏକ ଲକ୍ଷ୍ୟର ଦିଗେର — ତଥାପି ପ୍ର ତିଟିର ଅନୁଭବ ଅଲଗା।”

— Inspired by the Panchasakha school of Odisha

*“Different paths point to one goal — but each experience is distinct.”*
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Chapter 7

Conclusion

This dissertation explored three complementary approaches to understanding and modeling

the large-scale structure of the Universe: the precise extraction of the Baryon Acoustic Os-

cillation (BAO) signal from the bispectrum; the development of improved machine learning

frameworks to predict galaxy formation histories from dark matter simulations; and a set of

independent, supporting studies addressing observational systematics and tracer classifica-

tion in ongoing surveys.

In the first part of this work, we investigated the BAO feature in the three-point correla-

tion function, or bispectrum, using a “wiggle-only” modeling framework designed to isolate

the oscillatory signal from the broadband shape. Through extensive analyses on large suites

of GLAM simulations, we developed an aligned-template fitting method that robustly re-

covered the BAO dilation parameter with percent-level precision. This study demonstrated

the potential of the bispectrum as a powerful, complementary probe to traditional two-

point statistics, particularly for future large-volume galaxy surveys aiming for sub-percent

cosmological distance measurements.

The second part of the dissertation addressed a different but equally crucial challenge:

improving the fidelity of galaxy formation history predictions in machine learning and semi-

analytical models trained on dark matter simulations. Recognizing the architectural biases

of standard regressions, we proposed a semi-stochastic correction framework that restores
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missing short-timescale variability in star formation and metallicity histories. By decompos-

ing predicted histories in Fourier space and reinjecting statistically consistent fluctuations,

the corrected models achieved better agreement with observables such as the stellar-halo

mass relation, mass-metallicity relation, and color distributions. We further extended this

framework to dark-matter-only simulations like TNG-Dark and Uchuu, demonstrating its

generalizability and highlighting the role of halo assembly history and environment in accu-

rate galaxy property inference.

In addition to these two major threads, the final chapter presented several complementary

studies motivated by ongoing survey efforts. These include an angular multipole expansion

of the bispectrum to probe anisotropic clustering, techniques to mitigate imaging systematics

in DESI clustering measurements, and a spectroscopic classification framework for AGN and

QSO tracers. While independent in implementation, these projects collectively reinforce the

broader methodology of integrating theory, simulation, and data-driven analysis for robust

cosmological inference.

Together, these studies highlight the importance of multiscale, simulation-informed mod-

eling in large-scale structure research. The bispectrum analysis enhances the precision of

cosmological measurements, the semi-stochastic framework improves the realism and utility

of mock galaxy catalogs, and the complementary projects address practical challenges in

interpreting and modeling real survey data. By connecting physical modeling, numerical

simulation, and data science, this work contributes to advancing both the theoretical and

observational frontiers of cosmology and galaxy evolution — supporting the goals of current

and next-generation surveys.

“ଯାତ୍ର ା େଶଷ ନୁେହଁ, ବ୍ର žାģ ଏବଂ ଚିĩ ମଧ୍ୟେର ଏକ ନିରľର ସଂବାଦ।”

— Contemporary Odia philosophical perspective

*“The journey is not over — it is a dialogue between the cosmos and the mind.”*
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