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Abstract

Over the past decade, gravitational-wave astronomy has evolved from a largely theo-
retical field into a mature observational science. This transition was marked by the first
direct detection of gravitational waves from a binary black-hole merger in 2015. Since then,
continued observations have revealed a steadily growing population of compact-object mer-
gers. Looking ahead, the scientific potential of gravitational-wave astronomy is expected to
expand substantially with the advent of future observatories, which will extend observations
to new frequency bands and enable the detection of previously inaccessible astrophysical
sources. In this context, the future LISA mission will play a central role by surveying the
millihertz regime, where mergers of massive black-hole binaries represent some of the most
promising and information-rich sources. In this Thesis, we present advances in the statistical
data-analysis framework for massive black-hole binaries, ranging from population-based
studies to the characterization of individual sources, while also addressing key challenges
relevant for the scientific exploitation of the mission. In particular, we focus on: (i) investi-
gating the generation of hardening processes within a model-selection framework aimed
at distinguishing between different astrophysical formation channels; (ii) the impact of
instrumental glitches on parameter inference; and (iii) the characterization of single-source
parameters using simulation-based inference. Together, these results yield a significant
contribution to an accurate and robust inference of massive black-hole binaries in the LISA

observational regime.



Riassunto

Con la prima rivelazione diretta delle onde gravitazionali, avvenuta nel 2015 e associata
alla fusione di una binaria di buchi neri, ['astronomia gravitazionale si é affermata come
scienza osservativa. Le rivelazioni successive hanno progressivamente arricchito il catalogo
di eventi, aprendo una nuova finestra sull’astrofisica degli oggetti compatti. L avvento di
osservatori di nuova generazione estendera le osservazioni a bande di frequenza finora
inesplorate, aprendo ['accesso a nuove classi di sorgenti astrofisiche. In questo scenario, la
futura missione spaziale LISA avra un ruolo centrale nello studio della banda millihertz, in
cui le fusioni di binarie di buchi neri massicci costituiscono una delle sorgenti di maggiore
interesse per lastrofisica. Questa Tesi si inserisce in tale contesto contribuendo allo sviluppo
di metodologie avanzate di analisi dei dati per lo studio di queste sorgenti, affrontando temi
legati sia all’inferenza a livello di popolazione sia alla caratterizzazione dettagliata di singoli
eventi. Il lavoro si concentra: (i) sull’inferenza dei canali di formazione attraverso modelli
astrofisici di hardening; (ii) sull’analisi dell’impatto di transienti strumentali sull’inferenza
dei parametri fisici; (iii) e sulla caratterizzazione delle sorgenti usando techniche di machine
learning. Nel loro insieme, questi risultati contribuiscono a rafforzare le basi metodologiche
necessarie per un’interpretazione accurata e affidabile delle osservazioni di binarie di buchi

neri massicci nel regime osservativo di LISA.
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Notation

Constants and units

Throughout the Thesis we adopt the CGS units system.

The speed of light and the Newton constant are normally wri en explicitly and set,
respectively, tac =3+ 10°°%cm $' andG=6:67+10° g* cn?® s2. Occasionally there
are Sections where we use urgt= 1, but in this case the use of this unit is always stated
within the section.

The solar mass is set thl, = 2 « 10°3g and the typical astrophysical distances are set in

units of parsec (1 pc = 3:09 « ¥rm).
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1 Introduction

1.1 Executive summary

This Chapter provides the background framework for my research. In Sec. 1.2, we review
the theoretical foundations of gravitational waves (following closely Ref. [114]) and
summarize the key observational milestones that marked the beginning of gravitational-
wave GW) astronomy (Sec. 1.3). In Sec. 1.4.2, we introduce the future Laser Interferome-
ter Space Antennal(SA and discuss the properties of massive black-hdij binaries

(Sec. 1.4.1), which constitute the main focus of this Thesis. Sec. 1.5 presents the Bayesian
data-analysis methods currently employed W astronomy, while Sec. 1.5.3 discusses
future challenges foLISA In Sec. 1.6 we outline the main computational approaches
for Bayesian inference, with a focus on stochastic sampling methods (Sec. 1.6.1) and
simulation-based inference techniques (Sec. 1.6.2). Finally, Sec. 1.7 summarizes the work
presented in the remaining Chapters of this Thesis.

1.2 Theoretical foundations of gravitational waves

Within the framework of the theory of General RelativityGR), formulated by Albert
Einstein in 1915 [73,74,157], the gravitational interaction is described by a set of field
equations that relate the geometry of spacetime, encoded in the metyic, to the
distribution of ma er and energy, described by the stress-energy tensor:T

1 8 G

R *-g R=—-T : 1.1

50 R="3 (1)

Here, R and R are the Ricci tensor and the Ricci scalar, respectively.
In the weak-field regime, the spacetime metrgz can be expressed as a small

perturbation h  of the flat Minkowski metric  as

g = +h (1.2)

with dh 0 ~ 1 By expanding the Einstein's equations (Eq. 1.1) to linear order in the
metric perturbationsh and adopting the Lorentz gauge, one obtains

_, 186G

" ¢t

T, (1.3)



where = ) ) isthe d'Alembert operator in flat spacetime, arld rh * % h
denotes the trace-reversed metric perturbation, with=  h . Invacuum{T =0),

Eqg. 1.3 admits propagating wave solutions for the metric perturbations. These solutions
are known as gravitational waves.

In the linearised regime, gravitational waves propagate at the speed of light and can
be interpreted as ripples in the fabric of spacetime, corresponding to small perturbations
of an otherwise flat Minkowski geometry. Eq. 1.3 further shows that gravitational waves
are sourced by time-varying distributions of ma er and energy through the stress-energy
tensorT . However, the factoG_c* i 8 » 10 ®° s?g™ cm™ sets the scale of the emi ed
wave, indicating that GW e ects are intrinsically weak.

Adopting the transverse-traceless gauge in the radiation zo@#&Ys are characterized
by only two independent quadrupolar polarization states, denotedtyand h., both
transverse to the direction of propagation. To illustrate their physical e ect, let us
consider aring of freely falling test massegNIs) lying in thexy plane and a gravitational
wave propagating along the direction. If the wave is linearly polarized with its principal
axes aligned with the coordinate axes, the corresponding polarization state is referred to
as the plus polarization.

Figure 1.1: Monochromatic gravitational wave of frequendy=2 T (top) propagating along
the z direction. The characteristic quadrupolar pa ern of the gravitational radiation is shown in
both the polarizations h and h, (bo om). Figure adapted from Ref. [165].

If instead the wave is linearly polarized along directions rotated 4§ with respect
to the x axis in thexy plane, the corresponding polarization state is referred to as the
cross polarization. As illustrated in Fig. 1.1, a gravitational wave with plus polarization
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h, alternately stretches and squeezes proper distances alongtaedy axes: during
one half-cycle, distances along theaxis increase while those along theaxis decrease,
and the opposite occurs during the subsequent half-cycle. For the cross polarization
the same deformation pa ern is present but rotated 45 in the xy plane. Gravitational
waves therefore induce oscillatory deformations of objects, quantified by a dimensionless
measure known as the strain. For the plus polarization, the strain can be expressed as

(1.4)

where L denotes the proper length.

1.3 From ground to space: gravitational-wave observatories

The direct detection of gravitational waves represents a remarkable experimental chal-
lenge, owing to the extremely small amplitudes of the signals produced by astrophysical
sources. For instance, stellar-mass compact binaries observed by ground-based interfer-
ometers emit gravitational waves in the kilohertz frequency range, with characteristic
strain amplitudes of orded 0%!. Reaching the sensitivity required to observe such signals
demanded decades of advances in interferometry, precision measurement techniques,
and noise mitigation strategies.

As a result, nearly a century of theoretical, experimental, and technological devel-
opments was required before the first direct detection of gravitational waves could
be achieved. In 2015, gravitational waves were finally observed for the first time
from the merger of a binaryBH system [6], marking the beginning oGW astron-
omy [2 5,7]. The field rapidly expanded with the detection, in 2017, of a binary neutron-
star merger observed jointly through gravitational waves [1] and electromagnetic radia-
tion [53, 65,130, 152,167, 169], inaugurating the era of multimessenger astronomy [8].
In the subsequent years, observations performed by the global network of ground-
based interferometers comprising the two Advanced LIGO detectors in the United
States [104, 122], Advanced Virgo in Italy [15, 16], and KAGRA in Japan [24] have led to
the detection of approximately 30GW events to date, enabling population studies of
compact binaries and providing the first observational insights into the mass, spin, and
mass-ratio distribution of stellar-mass black holes [9,12,13,162]. Among these detections,
particularly remarkable events include exceptionally massive mergers consistent with the
existence of intermediate-mass black holes (e.g. GW190521 [10]) and highly asymmetric
systems involving objects in the putative lower mass gap (e.g. GW190814 [11]).

More recently, in 2023, pulsar timing array experiments reported compelling evidence
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for a stochasticGW background in the nanohertz frequency band [17,21,142,175]. These
observations provide a novel probe of the assembly and cosmic evolution of supermassive
BH binaries with typical masses aof® 10 M. While ground-based interferometers

Figure 1.2: GW spectrum and the corresponding observational landscape. T\ observato-

ries, including ground-based interferometers, space-based detectors, pulsar timing arrays, and
cosmological probes. MiddI&W frequency bands accessed by each class of observatory. Bo om:
GW sources populating each frequency band, ranging from stellar-mass compact binaries to
massive and supermassive BH binaries. Figure adapted from the European Space Agency.

and pulsar timing arrays currently operate at the high- and low-frequency ends of the
gravitational-wave spectrum, respectively (Fig. 1.2), the intermediate millihertz band
remains largely unexplored. This frequency range will be accessed by the futisa
mission [49].

1.4 The Laser Interferometer Space Antenna

LISAis a space-base@W mission formally adopted by the European Space Agency in
2024 and currently planned for launch in the mid-2030s. Sec 1.4.1 outlines the scientific
case forLISA with particular emphasis on massiveHs binaries, while Sec. 1.4.2 provides
an overview of the mission concept and the principal components of th8Ainstrument.

1.4.1 Massive black-hole binaries in the LISA landscape

The millihertz band of theGW spectrum is expected to host a rich variety of astrophysical
sources [49]. An overview of these sources is shown in Fig. 1.3, where they are represented
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in the GW frequency amplitude plane in terms of their characteristic strain. This
population includes massivBH binaries (multi-coloured tracks in Fig. 1.3), stellar-origin
black holes (blue and purple tracks), extreme mass-ratio inspirals (orange tracks), and
compact binary stars within our Galaxy (light-blue points). The unresolved component
of Galactic compact binaries gives rise to a stochastic foreground that dominates the
low-frequency band (solid teal line in Fig. 1.3).

Among these sources, massiB& binaries constitute one of the primary scientific
targets of theLISAmission. They will be observed at cosmological distances, with total
masses spanningl04 10’ Mz and typical signal-to-noise ratiosNRs) ranging from
approximately ten to several thousand. From a spectral perspective, these systems are
transient sources whose signals sweep across the millihertz band. Depending on the
system parameters, the inspiral phase can last from hours to several months, ultimately
culminating in a merger within the LISA band.

Figure 1.3: lllustration of the variety ofLISAsources in theGW frequency amplitude plane.
The figure shows merging massi®&H binaries and an extreme mass-ratio inspiral at moderate
redshi ; stellar-mass black holes, including potential multiband sources, at low redshi ; and
Galactic binaries, including verification binaries, within the Milky Way. Solid teal, solid blue, and
dashed black curves indicate the sensitivity limits due to instrumental noise alone, the unresolved
GW foreground, and their combined contribution, respectively. The grey shaded region denotes
an extrapolation of theLISAinstrumental noise belowd:1 mHz All quantities are gxpressed

as characteristic strain;the noise curves correspond to the noise amplityde = f S,.f/,
where $.f/ is the power spectral density (PSD). Figure adapted from Ref. [49].

From an astrophysical point of view, massiBH binaries are a natural outcome
of hierarchical galaxy formation [171]. Following a galaxy merger [32], the massive
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BHs initially sink toward the center of the merger remnant through dynamical friction
against the surrounding ma er distribution, eventually forming a gravitationally bound
binary. At later stages, the astrophysical environment surrounding the binary plays a
crucial role in shaping its orbital evolution and promoting the final coalescence [19]. In
particular, mergers can only be explained if dissipation mechanisms of astrophysical
nature are at play in the early inspiral, before binaries enter th&i-driven regime.
Broadly speaking, hardening mechanisms can be divided into gas hardening and stellar
hardening [68]. The former, which dominates in gas-rich environments, is driven by
the interaction of the massivé8H binary with a gaseous circumbinary disk [56, 113].
Conversely, the la er takes place primarily in gas-poor environments, where the binary
orbital separation shrinks due to three-body interactions with individual stars [141].

Galaxy formation and evolution are governed by coupled, highly non-linear phenom-
ena [48], including gravitational dynamics, gas hydrodynamics, and radiative cooling
and feedback, which cannot be treated self-consistently within a purely analytical frame-
work. This complexity is further amplified by the enormous dynamical range involved,
spanning from galactic scales of kiloparsecs down to milliparsec separations, where
GW emission becomes dominant. Modeling these processes therefore remains an active
area of research, as di erent physical assumptions can lead to significantly di erent
predictions for both the properties and merger rates of massive black holes [100, 149]. In
this context, numerical simulations and semi-analytical models represent essential tools
for investigating the formation, evolution, and final coalescence of mas&t€binaries.

By reverse engeneering the probleiriSAobservations of coalescing massiBéls
can provide a powerful probe of these processes. The physical information encoded in
the observedsW signals can in fact be used to constrain the evolutionary pathways
that lead to the formation and merger of massive black hole binaries. This constitutes
the central scientific motivation of Chapter 2.

1.4.2 Mission concept and instrument design

LISAconsists of three identical spacecra arranged in a triangular configuration, follow-
ing a heliocentric, Earth-trailing orbit at a distance of approximateb@-65 Mkmfrom
Earth and with a mean inter-spacecra separation @5 Mkm The resulting constella-
tion is inclined by60’ with respect to the ecliptic plane and undergoes a cartwheeling
motion, completing one rotation per orbit around the Sun. Each spacecra operates in
drag-free mode, with the orbital configuration passively maintaining an approximately
equilateral triangular formation with minimal need for orbital corrections [174]. As
illustrated in Fig. 1.4, this configuration remains quasi-stable over the nominal mission



Figure 1.4: Schematic representation of thelSAorbit. Top: the2:5 Mkmtriangular constellation
trails the Earth by about20Y and is inclined by’ with respect to the ecliptic plane. Bo om:
illustration of the cartwheeling motion of theLISAconstellation around the Sun. The blue line
represents the ecliptic plane, while the gray solid line shows the trajectory of one of the three
spacecra . Figure adapted from Ref. [18].

lifetime.

Each spacecra hosts two free-falling TMs, realized as 46 mm platinum gold cubes
with a mass of2 kg. Thesel'Ms define the endpoints of the interferometric arms and
enable the measurement of variations in the inter-spacecra optical pathlengths. Direct
reflection of laser light between spacecra is not feasible due to the large arm lengths
Instead, the spacecra are connected by a continuous interferometric scheme, providing
two laser links per arm and thus two independent phase measurements at each space-
cra . The e ective LISAobservables are constructed in post-processing through linear
combinations of appropriately time-delayed single-link measurements. This technique,
known as time-delay interferometryTDI) [166], suppresses the otherwise dominant
laser phase noise and yields interferometric observables sensitive to gravitational waves.
Over time, TDI has been extended to increasingly sophisticated formulations, including
implementations that account for realisti€ISAorbits with unequal and time-varying
arm lengths. For the purposes of this Thesis, and in the analyses presented in the follow-
ing Chapters, we restrict our a ention to the original TDI combinations, derived under
the assumption of equal and constant arm lengths.

For a laser power o2 W, beam divergence over baselines of ord€f km results in onlyi 100 pW of
received power [18].



Figure 1.5 illustrates the overall geometric configuration of thESAdetector. The

Figure 1.5: Schematic of single laser links conventions. The constellation is made of three
satellites (white circles), each connected to the other two by four laser links. A phase measurement
is denoted byyjjk ory;j'kx according to the following convention: the signal is emi ed by theth
spacecra and received by th&-th spacecra , propagating along arn; or Lj-. The indiceg

andj denote cyclic and anticyclic permutations ot ; 2; 3/ respectively. This figure establishes
the notation and geometric conventions used in the following Chapters.

spacecra, labelledl, 2, and 3, are ordered counter-clockwise, and their separations are
denoted byL;, with j E Z3 indicating the spacecra opposite to the corresponding arm.
Six independent phase measurements, one for each laser link, entef@igombination

and are denoted by, wherei; k E Z; label the emi ing and receiving spacecra ,
respectively. Laser beams propagating clockwise are associated with even permutations
of .ijjk/ , while counter-clockwise propagation corresponds to odd permutations; in the
la er case, the phase measurement is denotedyay to emphasize the opposite direction
along the arm.

As an explicit exampley,3; denotes the phase measurement of a laser beam emi ed
by spacecra 2 and received by spacecra 1, propagating along drgn Similarly,y:3»
represents the phase measurement of the beam travelling in the opposite direction along
armLg, i.e. from spacecra 1 to spacecra 2. We also introduce a convenient notation
for time-delayed measurements,

DIf t/] rf.t*L; (1.5)



where D denotes the time-delay operator and units with ¢ = 1 are assumed.
We now illustrate the construction of the original DI Michelson-like combination
centered on spacecra 1, commonly referred to as thg.Mhannel:

Mx = Y231+ Dy 132*Y 351 * DY 123 (1.6)

The sumy,s3; + Dy 13, defines a two-way interferometric variable associated with the
arm pairLz * L 3, while yss1 + Dy 1,3defines the corresponding variable associated with
L, *L 5. TheMyx combination synthetically interferes these two paths at spacecra 1,
thereby cancelling laser phase noise to first order. The remainiigj channelsMy and

Mz are obtained by cyclic permutations of the indices and are centred on spacecra 2
and 3, respectively:

My = Y312+ DY 213*Y 132 * DY 231 (1.7)

and
Mz = Y123+ DY351*Y 213* Dy 314 (1.8)

While the TDI observables are designed to optimally capture tB&V signal, non-
stationary transient noise sources can also couple to the detector and contaminate the
measurements. Such disturbances are commonly referred to as glitches. During the
LISA Pathfinder (PH mission [22], launched by the European Space Agency in 2015 to
validate key technologies for space-basédlV detection, glitches were observed at a rate
of approximately one per day. Given the increased complexity of both the spacecra and
payload design irLISAcompared toLPF, similar transient disturbances are expected
to occur. This, in turn, motivates dedicated studies aimed at assessing their impact
on the scientific performance of theISAmission, which constitutes the main focus of
Chapter 3.

1.5 Gravitational-wave data analysis

Careful data analysis is crucial to fully exploit the scientific content W observations.

In Secs. 1.5.1 and 1.5.2, we review the basic conce@¥\bflata analysis as implemented

in current pipelines, while Sec. 1.5.3 introduces the data-analysis framework specific to
LISA.
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1.5.1 Signal extraction

Under the assumption of well-calibrated instruments and stationary noise, the output of
a GW detector can be modeled as

d.t/ =h.t; /+n.t/, (1.9)

whereh.t; / denotes theGW signal, which depends on the source parametersaand
n.t/ represents the instrumental noise, characterized by its PSP 6

Despite extensive noise-mitigation e ort$3W signals are typically buried in detector
noise and cannot be identified by direct inspection of the data. Their detection therefore
relies on dedicated statistical methods. In current searches, signal extraction is commonly
performed using matched filtering, which consists of correlating the data with a bank of
template waveforms spanning the expected parameter space.

For each template, a matched-filter signal-to-noise ratleR time series is com-
puted. The detection statistic is defined as the maximum SNR over the template bank,

(L LAUYhE /e
"Bht /Y ht /&

(1.10)

which is compared to a predefined threshold. Events exceeding this threshold are
identified as candidatéGW signals and subsequently subjected to further validation and
parameter-estimation analyses.

The inner product Y i8 defined as the noise-weighted cross-correlation between
two time series a.t/ and b.t/,

o £flH.f

s o (1.11)

éaYhé=4Re

0

where A.f/and if.f/ denote the Fourier transforms ai.t/ andb.t/, respectively, and
S,.f/ is the one-sided noise PSD.

1.5.2 Bayesian statistical inference

Candidate signals identified in the search stage are subsequently characterized through
dedicated parameter-estimation pipelines. GW astronomy, this task is commonly
performed within a Bayesian framework, which provides a principled statistical approach
to infer the physical properties of astrophysical sources from detector data.

Given the observed datd, Bayesian inference aims to compute the posterior proba-
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bility distribution of the source parameters

p. od/ = M (1.12)
Z

where the likelihoodL.dd / describes the data-generating procegs,/ denotes the

prior probability distribution encoding information available before analyzing the data,

and Z is the Bayesian evidence, which ensures proper normalization of the posterior.
The likelihood function encodes the statistical properties of the detector noise. As-

suming Gaussian and stationary noise, the probability density associated with a specific

noise realization p.t/ can be wri en as

1, 2318
p.ng/ = N exp 4* 54%8 §

df _; 1.13
S.f/ 5 ( )
whereN is a normalization constant that depends on the noiB&D Using the noise-
weighted inner product defined in Eqg. 1.11, this expression can be equivalently wri en
as L
= * = v .
p.ng/ =N exp , 2.noY 6/5- (1.14)

If a GW signal described by a template.t; / is present in the data, the detector
output can be wri en as
dt/=ht; /+ngt/; (1.15)

where ; denotes the (unknown) true source parameters. The likelihood function for the
observed datal.t/ is then obtained by substitutingip =d *h./ into Eqg. 1.14, yielding

L.dY/=Nexp4*%d*h./ H*h./ (1.16)

5"
In other words, the probabilityp.dd / of measuring the datal.t/ given a signah.t; /

is equal to the probabilityp.d” Y 0bf observing the residual’ = d *h.t; / under the
hypothesis that no signal is present.

In the specific case dfISA as discussed in Sec. 1.4.2, the detector output consists
of a vector of data streams either in the time or frequency domain corresponding to
the threeTDI channels. Bayesian inference is therefore performed through a coherent
analysis of the full set of.ISA TDlobservables. In practice, this analysis is typically carried
out using the three noise-orthogondlDI channels.A; E; T/[166]. These channels are
obtained by diagonalizing the noise correlation matrix of ti®l combinations and form a
basis in which the instrumental noise is approximately uncorrelated. This representation
is computationally advantageous, as it allows the likelihood to be evaluated by summing
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the contributions from the individual channels while neglecting cross-correlation terms.
In this basis, the log-likelihood of théISAdatad given the source parameterscan be
wri en as

. 1 . .
|OngY/:*§ E dk*hk-/8jk*hk-/
KEMAET

T const; (1.17)

where the subscriptk = A;E; T.

As already introduced in Eq. 1.12, the quantifydenotes the Bayesian evidence, a nor-
malization constant that is independent of and ensures that the posterior distribution
is properly normalized. It is defined as

Z= o, Ldd/ ./d: (1.18)

While the evidence plays no role in parameter estimation, it becomes a central quantity in
Bayesian model comparison. Model selection addresses the question of which competing
model is statistically preferred by the data, and by how much. The relative support for
one model M over another M is quantified by the odds ratio,

P.M,3d/_
P.M,dd/

M4/
BR2 1/ (1.19)

which is given by the Bayes factdBF, multiplied by the ratio of the model priors. The

Bayes factor is defined as
Z My .

Zy,
where Zy, and Zy,, denote the evidences associated with the two competing models.

BF, = (1.20)

1.5.3 Future challenges: the LISA case

As outlined in Sec. 1.4.1L|SAwill observe a wide range of astrophysical sources (Fig. 1.3).
A large fraction of these signals will be simultaneously present in the data, giving rise
to a signal-dominated regime over the wholdSAlifetime. This observational context
poses challenges that are not addressed by data-analysis pipelines developed for current
ground-based detectors, and calls for a framework capable of jointly inferring the tens
of thousands of resolvable sources overlapping in the data stream, together with the
instrumental noise.

The development of such pipelines represents a major and ongoing e ort within the
LISAcommunity. Early studies addressing the LISA global-fit problem explored trans-
dimensional Bayesian inference techniques, including reversible-jump MCMC [84],
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designed to simultaneously infer the number of signals and their parameters [51, 55,
108, 109]. Building on these developments, more recent e orts have focused on scalable
and modular analysis pipelines tailored to the complexity of the LISA data stream. In
these frameworks, the inference is organized through a so-called global-fit wheel,
in which dedicated modules operate in parallel and iteratively exchange information
within a cyclic scheme, each targeting a specific source class or instrumental component.
Several prototype implementations of this strategy have already been described in the
literature and made publicly available [63, 98,110, 159]. While these pipelines di er in
their computational strategies, workflow architectures, and resource requirements, they
share a common conceptual structure, as shown in Fig. 1.6.

Figure 1.6: Schematic overview of a global-fit wheel fdrlISAdata analysis. Dedicated modules
targeting di erent GW sources are coupled through an iterative clockwise inference cycle. Both
resolved and unresolved components are inferred jointly within a unified global inference scheme,
while instrumental noise and calibration information are updated throughout the process. Figure
adapted from [98].

In practice, the global-fit procedure is implemented as an iterative process. Before
identifying individual astrophysical signals, an initial estimate of the instrumental noise
and unresolved foreground is obtained to initialize the global analysis. As new data are
transmi ed to the ground, the analysis proceeds by identifying and modeling resolvable
GW sources that can be reliably detected given the current characterization of the noise
and foreground, while accounting for possible instrumental non-stationarities. Once
incorporated into the global model, these sources are removed from the data, yielding
residuals that are subsequently analyzed to identify additional classes of signals, while
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the noise and foreground models are updated. This procedure is repeated sequentially
across di erent source populations, with parameter estimates progressively refined as
information from other data components is incorporated. At a higher level, the whole
process is formulated as an iterative looping structure, in which successive global-fit
cycles lead to an increasingly accurate characterization of both the astrophysical signals
and the instrumental noise.

In the global-fit context, Chapter 3 presents an approach aimed at the simultaneous
characterization ofGW signals and noise transients, and assesses its impact on inference
in the LISA observational regime.

1.6 Computational approaches for Bayesian inference

The connection between theoretical models and empirical observations can be ap-
proached in two complementary ways: forward modeling, which predicts data from a
given model, and inverse modeling, which infers model parameters from observations.
While the forward problem is typically well defined, the inverse problem is inherently
more challenging.

In the following, we outline the main computational strategies commonly adopted
to tackle this problem, namely standard stochastic sampling methods (Sec. 1.6.1) and
simulation-based inference techniques (Sec. 1.6.2).

1.6.1 Stochastic sampling

To illustrate the point highlighted above, let us consider the computation of the posterior
distribution for the i 15 parameters describing a quasi-circular, precessing massive
BH binary signal. A naive exploration of the parameter space could be a empted by
constructing a grid according to the prior distribution, with, for instance, ten bins along
each parameter dimension, and evaluating the likelihood at every grid point. Even
at this extremely coarse resolution, such an approach would require *° likelihood
evaluations. Since waveform generation typically takes of the order of milliseconds per
template, the total computational cost of an analysis with only ten points per parameter
would amount to10°« 10" s {10%yr, rendering this strategy entirely impractical. The
situation worsens rapidly as the dimensionality of the parameter space increases or a
finer resolution is required.

An e ective strategy to mitigate the curse of dimensionality relies on stochastic
sampling algorithms, which extract samples from the posterior distribution through
a stochastic exploration of parameter space guided by the likelihood. Common sam-

15



pling approaches can be broadly divided into two main classes: Markov Chain Monte
Carlo MCMC) and nested samplinglCMC methods sample the posterior distribution

by constructing a Markov chain whose stationary distribution coincides with the tar-
get posterior [87,123]. Despite their robustness and broad applicability, conventional
MCMC algorithms can struggle to e iciently explore complex posterior landscapes, par-
ticularly in the presence of strong parameter correlations or multiple separated modes.
In addition, they do not directly provide estimates of the Bayesian evidence, which
must be computed through additional techniques. To address these limitations, several
extensions and complementary strategies have been developed to improve sampling
e iciency. Among the most widely used approaches, Hamiltonian Monte Carlo exploits
gradient information of the target distribution to guide the exploration of parameter
space, allowing the sampler to propose distant moves with high acceptance probability
and significantly improving performance in high-dimensional se ings [128]. Sequential
Monte Carlo methods, instead, evolve a population of particles through a sequence of
intermediate distributions, progressively approximating the target posterior and provid-
ing a flexible framework capable of capturing complex or multi-modal structures [70].
Parallel tempering o0 er another strategy to address multi-modality by running multi-
ple chains at di erent temperatures and periodically exchanging their states, thereby
facilitating transitions between separated modes [81,161,170].

A further challenge arises when the dimensionality of the parameter space is itself
unknown. This situation naturally occurs in signal-dominated analyses such asLit®A
global-fit problem (Sec. 1.5.3), where the number of signals present in the data must be
inferred simultaneously with their parameters. In this se ing, trans-dimensiondiCMC
methods provide a natural extension of standaMCMC techniques. In particular,
reversible-jumpVICMC [84] enables the sampler to move between models with di erent
dimensionalities, allowing simultaneous parameter estimation and model selection over
the number of signals.

While the methods discussed above extend thECMC framework to tackle increas-
ingly complex inference problems, a conceptually di erent approach is provided by
nested sampling. Unlike standartllCMC methods, nested sampling algorithms are
specifically designed to compute the Bayesian evidence as their primary objective [151],
with posterior samples obtained as a by-product of the evidence estimation. Given their
central role in the following chapters, the basic principles underlying nested sampling
algorithms are briefly summarized below.

Computing the Bayesian evidence (Eg. 1.18) generally involves evaluating an integral
over a high-dimensional parameter space, which is a computationally demanding task.
The key advantage of nested sampling is that it recasts this multidimensional integral
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into a one-dimensional integral that is significantly easier to evaluate. The algorithm
begins by drawing a set ol live points from the prior distributionp. / , initially
spanning the full parameter space. At each iteratiorthe live point with the lowest
likelihood valueL ; is removed from the ensemble and recorded as a dead point. This
point is then replaced by a new live point sampled from the prior under the constraint
L./>L . Thefraction of prior mass enclosed within an iso-likelihood contaur/ = L
defines the prior volume,

XLU= o,  ./d; (1.21)
L./>L

which decreases monotonically as the likelihood threshold is increased. As the nested

Figure 1.7: The nested sampling volume transformation. Le : two-dimensional multimodal
posterior distribution with five iso-likelihood contours. Each contour encloses some fraction of
the prior volumeX, indicated by color. Right: the likelihood as a function of the volumeX
enclosed by contour. The evidence is the area under the curve. Plots adapted from Ref. [86].

sampling run progresses, the prior volume is progressively compressed and the ensemble
of live points migrates toward regions of higher likelihood, eventually concentrating
around the dominant posterior mode(s). The algorithm thus generates an ordered
sequence of dead points, each associated with a parameter get likelihood value

Li, and an estimate of the corresponding prior volum&. Using the prior-volume
parametrization introduced above, the Bayesian evidence can be rewri en as a one-
dimensional integral over the unit interval,

1
Z= g, LX/dX; (1.22)
0

whereL.X/ denotes the likelihood expressed as a function of the enclosed prior volXme
By construction,L.X/ is a positive and monotonically decreasing function, as illustrated
in Fig. 1.7.

In practice, the evidence is estimated numerically using the ordered sequenbif
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dead points produced by the nested sampling algorithm. Approximating the integral by
numerical quadrature yields

Naea

Z6 E

i=1
where ; denotes the quadrature weight associated with theh dead point. Using a
rectangular or trapezoidal integration scheme, the quadrature weights can be wri en
as i = L;.Xpg *Xi/lor ;= %.LM +Li/. X * X/, respectively. The step in prior
volume, X« * X, is determined by the number of live pointN;., with the typical
scalingXi1 * X i X i»1 _Njve [151]. Posterior samples can be obtained as a by-product of
the nested sampling run by assigning each dead point an importance weight proportional
to its contribution to the evidence. The normalized posterior weight of thth sample is
then given by

is (1.23)

pi = (1.24)

z:
1.6.2 Simulation-based inference

Compared to stochastic sampling techniques, simulation-based infere&&d) (@dopts a
fundamentally di erent strategy for performing Bayesian inference. Rather than relying
on explicit evaluations of the likelihood functior§BlImethods require only the ability

to generate joint samplesd; /i p.d; / = p.dd /p./ by drawing parameters from
the prior and evaluating a forward simulator that emulates the data-generating process.
This approach makeSBIparticularly well suited to regimes where traditional likelihood-
based methods become impractical or infeasible, including computationally prohibitive
inference problems and cases involving analytically or computationally intractable like-
lihoods. Recent advances in deep learning and generative modeling have 1&Btle
increasingly practical [54], allowing complex posterior distributions to be learned ef-
ficiently from simulations. This flexibility, however, comes at the cost of substantial
training and validation e orts, as well as the need for careful control of simulation fidelity
and prior coverageSBImethods can be broadly classified according to the Bayesian
quantity they aim to approximate, namely neural posterior estimatioNPE [133],
neural likelihood estimation [134], and neural ratio estimation [89]:

O Neural posterior estimation
The posterior distribution is learned directly from simulated data using neural
density estimation techniques.

O Neural likelihood estimation
The likelihood function associated with the data-generating process is approxi-
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mated using neural density estimators.

O Neural ratio estimation
Likelihood ratios, such as the likelihood-to-evidence or posterior-to-prior ratio, are
learned using classification-based models.

NPEconstitutes the primary focus of Chapter 4, therefore we briefly outline its method-
ological framework below.

The core idea oNPEis to train a conditional density estimatoq . dd/, parameterized
by a neural network with weights , to approximate the Bayesian posterior distribution
of the parameters given the observed data d,

q .od/ up. odr/: (1.25)

The training objective is therefore to minimize a suitable measure of discrepancy between
the learned distributionq . dd/ and the true posteriop. dd/, averaged over the joint
distribution of simulated data and parameters. A widely used measure of dissimilar-
ity between two probability distributionsp.x/ and q.x/ is the Kullback-Leibler KL)
divergence [102], defined as

p.x/

Dk.p.x/fiq.x/l = o dxp.x/ IogO Wl : (1.26)

TheKL divergence is asymmetri®y, .p fi g/and Dg_.q i p/are commonly referred to

Figure 1.8: lllustration of forward (le panel) and reverse (right paneKL divergence for a
bimodal target distributionp.x/ (blue) approximated by a unimodal Gaussian distributignx/
(red).

as the forward and reverskKL divergences, respectively, and their minimization leads
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to di erent behaviors. To illustrate this di erence, consider a target distribution with
two distinct modes, approximated by a unimodal Gaussian distributigrx/ (Fig. 1.8).
Minimizing the forward KL divergence penalizes regions whayex/ has high probability
density butq.x/ assigns li le or no mass. As a result, the optimization encourages/ to
cover the full support op.x/, even at the expense of assigning probability mass to regions
wherep.x/ u 0. This behavior is commonly referred to as mode covering. In contrast,
minimizing the reverseKL divergence penalizes assigning high probability density to
regions where the target distribution has low probability, while being comparatively
insensitive to regions wherg.x/ u 0 but p.x/ > 0. This leads to a mode-seeking behavior,
in which the approximation concentrates on fiing a single mode @f.x/ with high
accuracy, potentially ignoring other modes entirely. The choice between forward and
reverseKL divergence therefore depends on the desired properties of the approximation.
In the context of posterior inference, where capturing all plausible regions of parameter
space is essential, a mode-covering behavior is generally preferred; this is the choice
adopted throughout Chapter 4.

Assuming the forward KL divergence, Eq. 1.26 can be wri en as

p. 8d/

~ . od/
DKL.an/: %o d P. od/ |Ogoml = El'p.éd/ 4|ng

g.od/5 (1.27)

Since the expectation value is taken with respect to the true posterior distribution, this
quantity cannot be evaluated directly in practice. However, 8Blone has access to
samples drawn from the joint generative distributignd; /= p.dd/p./; whichenables
an alternative formulation. By taking the expectation of the forwatdL divergence over
simulated data realizations d i p.d/, the expected forward KL divergence becomes

~ . od/
Edipas DkLpNQ/ =E gipa;/ 4logﬁ5 (1.28)
=*E g fp.d; / logq . od/ + Eq: fp.d; / logp. od/: (1.29)

The second term does not depend on the network parameterand therefore does
not contribute to the optimization. The first term corresponds to the expected log-
probability assigned by the approximate posteriqr. dd/ to .d; / pairs drawn from the
true generative model, and quantifies how well the learned distribution captures the
true posterior structure. As a result, training aNPEmodel amounts to minimizing the
following loss function,

L nPE [ =*E d;ip.d; / |Og qg. ad/; (130)
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which corresponds to maximizing the conditional log-likelihood of the parameters under
the learned posterior model, averaged over simulated data.

The density estimatoq . dd/ plays a central role ilNPE as it defines the approximate
posterior distribution used for inference. In this context, normalizing flows have emerged
as a standard choice iNPEowing to their high expressive power and tractable density
evaluation. They construct flexible probability densities by mapping a simple base
distribution, typically a standard normal, to a more complex target distribution through
a sequence of invertible and di erentiable transformations.

Given a base variable, i p.z o/ and a sequence o invertible transformations
fx, with k = 1;8;K, we define intermediate variables recursively as= fy.zx /.
Samples from the approximate posterior are then obtained by applying the chain of
transformations

=Zk :nyS)’/fl.Zo/: (131)

The corresponding model density is obtained by applying the change-of-variables formula
to the inverse flow,

K
logq . 8d/ = logp.zo/* E logQletd,.zy1/8 (1.32)

k=1

where J, .z, / denotes the Jacobian matrix of the transformation évaluated at z+ .
When parameterized by neural networks, normalizing flows provide flexible and

tractable conditional density estimators that can be e iciently trained by minimizing
the NPEloss in Eq. 1.30, making them a natural choice for complex high-dimensional
posterior inference.
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1.7 Research summary

The work presented in this Thesis is devoted to the study of mas®ve&systems as
anticipated GW sources for the future space-based missibiSA Overall, the Thesis
investigates this topic at di erent levels, from the statistical analysis of astrophysical
populations to the characterization of individual sources, as well as addressing some of
the key data-analysis challenges relevant for the scientific exploitation of the mission.
The main contributions presented in this Thesis can be summarised as follows.

Oin Chapter 2, we examine how di erent hardening processes imprint distinctive
signatures on the population of massi&H binaries, and we assess their statistical
distinguishability using simulated observations from LISA.

The main body of this Chapter is based on Ref. [154]. | led this study in collabora-
tion with Riccardo Buscicchio, David Izquierdo-Villalba, Davide Gerosa, Antoine
Klein, and Geraint Pra en. The astrophysical catalogs employed in the analysis
were provided by David Izquierdo-Villalba. | constructed the mddiSAcatalogs
and led the parameter-estimation campaign on the TheCatalog sample used for
the statistical inference, with contributions from Riccardo Buscicchio. Antoine
Klein and Geraint Pra en made major contributions to the modules of the Bal-
rog code used in this campaign. The numerical implementation of the statistical
analysis was developed by myself under the guidance of Riccardo Buscicchio and
Davide Gerosa. Data supporting this paper, including all mock LISA catalogs and
posterior samples, are publicly released at Ref. [153].

Oin Chapter 3, we present, for the first time in the literature, a systematic study of
the impact of glitches on the inference of individual massive BH binary signals.

The main body of this Chapter is based on Ref. [155]. | led this study in collabora-
tion with Riccardo Buscicchio, Daniele Vetrugno, Antoine Klein, Davide Gerosa,
Stefano Vitale, Rita Dolesi, William Joseph Weber, and Monica Colpi. Daniele
Vetrugno, Stefano Vitale, Rita Dolesi, and William Joseph Weber highlighted the
advantages of performing the analysis using acceleration-basBdlobservables.
The analytical derivation of the_LISAresponse to acceleration and displacement
artifacts was carried out by myself under the guidance of Riccardo Buscicchio. At
the implementation level, this work builds on the Balrog framework, within which

| contributed to the development the glitch-analysis module under the guidance
of Riccardo Buscicchio and with valuable inputs from Antoine Klein.. | performed
all the parameter-estimation runs presented in this work.
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Oin Chapter 4, we propose a simulation-based inference framework for Bayesian
parameter estimation of individual massivBH binary signals. This Chapter
constitutes the main body of a publication currently in preparation. | led this study
in collaboration with Jonathan Gair, Davide Gerosa, Stephen Green, Riccardo
Buscicchio, Nihar Gupte, Rodrigo Tenorio, Samuel Clyne, Michael Puerrer, and
Natalia Korsakova. This work builds on the Dingo so ware, whose extension to
the LISAfrequency band was developed by myself as a substantial component of
my PhD research. Jonathan Gair, Davide Gerosa, and Stephen Green provided
guidance and valuable suggestions throughout the project. Th8Aversion of
the Dingo code is under active development, and progress can be tracked at a
dedicated branch of the main Dingo repositorgithub.com/AliSword/dingo-lisal
carried out the neural-network training, as well as all validation and benchmarking
analyses. Riccardo Buscicchio contributed to the development of the statistical
framework used to benchmark the algorithm against standard inference methods
and provided valuable input throughout the project, while Nihar Gupte provided
technical input on the code development. Rodrigo Tenorio provided valuable help
during the final stages of the project.

Beyond my core research activities, my PhD also included supervision, dissemination,
research visits, tutoring, coursework, and outreach. In particular, | supervised a Bachelor's
student in the context of the work presented in Chapter 3. Within this project, we
estimated the probability of temporal overlap between massB# binary signals and
glitches. The analysis considered three astrophysical population scenarios spanning
di erent expected detection rates over the nominal four-year LISA mission.

Throughout my doctoral studies, | presented my work at international conferences
within the LISAcommunity, as well as at broader meetings of tl&W community.

As part of my research activities, | completed a six-month research visit at the Max
Planck Institute for Gravitational Physics in Potsdam, where | initiated the research
presented in Chapter 4 and gave departmental seminars in the "LISA meeting series
on the work described in Chapter 3 and Chapter 4. | was also invited to present the
results of Chapter 3 in a departmental seminar at the Institute for Gravitational Wave
Astronomy in Birmingham, with which | collaborated during my PhD. In parallel with
my research activities, | was actively involved throughout my PhD in outreach initiatives
related to astrophysics, GW astronomy, and cosmic-ray science.
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2 Stars or gas? Constraining the hardening
processes of massive black-hole binaries with
LISA

Overview

MassiveBH binaries will be the loudest sources detectablel$} These systems are
predicted to form during the hierarchical assembly of cosmic structures and coalesce by
interacting with the surrounding environment. The hardening phase of their orbit is driven

by either stars or gas and encodes distinctive features into the binary black holes that can
potentially be reconstructed with gravitational-wave observations. We present a Bayesian
framework to assess the likelihood of massive mergers being hardened by either gaseous or
stellar interactions. We use state-of-the-art astrophysical models tracking the cosmological
evolution of massivBH binaries and construct a large number of simulated catalogs of
sources detectable by LISA. From these, we select a representative catalog and run both
parameter estimation assuming a realikti8Aresponse as well as model comparison
capturing selection e ects. Our results suggest that, at least within the context of the
adopted models, fututdSAobservations can confidently constrain whether stars or gas

are responsible for the binary hardening. We stress that accurate astrophysical modeling of
the BH spins and the inclusion of subdominant emission modes in the adopted signal might
be crucial to avoid systematic biases.



2.1 Executive summary

This Chapter is organized as follows. In Sec. 2.2, we illustrate the adopted astrophysical
models. In Sec. 2.3, we present the construction of the LISA catalogs. In Sec. 2.4, we
describe the parameter-estimation and model-selection strategies adopted to perform
the analysis. Finally, Sec. 2.5, presents and discusses the results. Throughout this work,
we use units where = 1. The material presented in this Chapter is based on Ref [154].

2.2 Astrophysical models

2.2.1 Galaxy evolution model

We use the L-Galaxies semi-analytical model as presented in Refs. [88,93,156]. In partic-
ular, the model is built on top of merger trees from the Millenium-II [41] cosmological
simulation, which follows the evolution 02166 dark ma er particles with a mass of
6:885 * 16M4_h within a comoving box of sidd.00 Mpc_hlater rescaled [20] to match
the Planck cosmology [138] (hette= 102 H, Mpc s/km andH is the Hubble constant).
L-Galaxies associates a fraction of baryonic ma er to each newly resolved DM halo
in the form of a di use, spherical, and quasi-static hot gas atmosphere. As the gas cools
down, it se les into a disk [160]; this facilitates episodes of star formation, which in turn
results in the assembly of a stellar disk component. Galaxies are also allowed to assemble
an overdensity of stars in their central regions (i.e. their bulges). This is triggered by
either internal processes, namely non-axisymmetric instabilities that redistribute the
stellar ma er, or galaxy mergers.

2.2.2 Black-hole growth

For each newly resolved DM halo, L-Galaxies assess whether physical conditions are
favorable for the formation of a massive BH seed. The model incorporates for di erent
processes, including direct collapse of pristine gas clouds, runaway stellar mergers, and
Poplll star formation [156]. As a result, the initial BH mass function arises as a combina-
tion of di erent formation channels, with masses ranging fro.02 to {10 ° M [156].

The initial dimensionless spin parameter is set uniformly in [0; 0:998] [163].

The evolution of masses and spins is influenced by the accretion of surrounding gas
into the BHs as well as BH-binary coalescences. In particular, gas accretion is triggered
by both galaxy mergers and disk instabilities [28, 34, 76], and predominantly drives the
mass growth [71]. The cold gas available for accretion se les around the BH in a reservoir
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of massM,es, proportional to the cold gas mass of the galaxy [94]. The gas reservoir is
then progressively consumed through a sequence of transient accretion disks [92,93].
As for the BH spin, its value is set by the frequency of accretion events consumed in
prograde or retrograde orbits, which in L-Galaxies is linked to the coherence of the
bulge kinematics [67,150]. The contribution of binary coealescences to the BH mass and
spin evolution is important at low redshi s ¢ < 2), where galaxies have mostly depleted
their gas reservoirs through star formation and feedback processes.

Figure 2.1: Density distribution of the total masdv and redshi z of massive BH binary mergers.

Our fiducial population is shown in gray, where the contour encloses 99% of the estimated source
density. The red (blue) distribution corresponds to the sub-population of mergers hardened by gas
(stars); contours contain 50%, 90%, and 99% of the estimated source density. Thin contours refer
to additional realizations to capture the statistical fluctuations in the underlying astrophysical
model. Circles denote the 44 sources from TheCatalog used in our analysis, with colors indicating
their respective fasvalues. Note the two pairs of overlapping sources, c.f. Fig. 2.4.

The post-merger BH masses and spins are computed using fits to numerical-relativity
simulations [30,164]. During the BH evolution, L-Galaxies tracks the evolution of the spin
magnitude but not the spin direction, which is however important for LISA observations.
In this work, we construct this property for each binary component using the gas
fraction of the environment o5 = Myes_.Mies+ M/, whereM is the total mass of the BH
binary. Iffg,s> 0:5 coalescence occurs in a gas-rich environment and the two spins are
assumed to align to the binary orbital angular momentum via the Bardeen-Pe erson
e ect [31, 69, 80]. If insteady,s < 0:5 the environment is gas-poor and the BH spins
are assumed to be isotropically distributed [39, 71]. This prescription assumes a sharp
transition between gas- and stellar-driven evolution s = 0:5 e ectively treating
the two regimes as mutually exclusive. In realistic galactic environments, however, both
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processes may act simultaneously, and a more refined model would account for their
combined contribution [40].

2.2.3 Binary hardening

The dynamical pathway of massive BH binaries can be divided into three phases: pairing,
hardening, and GW inspiral [32]. Following a galaxy merger, the pairing phase reduces
the BH-BH separation fronikpc to ipc through dynamicalfriction. Thisisimplemented

in L-Galaxies as in Ref. [35]. As the binary forms, di erent physical processes contribute
to the shrinking of the binary semi-major axis depending on the gas fractigg, For
fgas> 0:5 gas hardening dominates and the decay of the binary orbit is set by accretion
torques from the circumbinary disk. In gas-poor environments witfs < 0:5 instead,

the binary evolution is driven by capture and ejection of stars. Gravitational-radiation
reaction becomes dominant at roughly milliparsec scales and drives the system to the
merger. For details on the L-Galaxies implementation see Ref. [93].

Figure 2.2: Distribution of the gas fractiorf 455 0f the environment across the fiducial population.
Sources in blue (red) witlgas < 0:5(f gas> 0:9 are classified as mergers occurring in a gas-poor
(gas-rich) environment. The two sub-population distributions are jointly normalized to the full
population.

2.2.4 Fiducial population

The model described in the previous subsections provides the astrophysical population of
BH mergers we refer to as fiducial , which is depicted in grey in Fig. 2.1 and presented
in Ref. [94]. This population comprises two distinct sub-populations with peaks at
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fgasi O (stellar hardening) andg.si 1 (gas hardening) parameter (Fig. 2.2). The la er
dominates the overall merger rate by a factor 06 . Figure 2.1 shows the respective
mass and redshi distributions for each sub-populations. Systems evolving in gaseous
environments merge on average at higher redshizs ¢ 8 and have lower masses
Mi104*10° M, compared to binaries hardened by stellar interactions which instead
are more prominent az ¢ 3and haveM i10 °*10° M. Nonetheless, the two populations
overlap significantly in theM * z parameter space, making their distinguishability with
LISA non trivial.

2.3 Mock LISA catalogs

We build mock LISA observation catalogs on top of the L-Galaxies simulations. The
la er provides the number density of massive BH binary merged8N _dz d\, per unit
redshi z and comoving volume V. We proceed as follows:

(i) We compute the total merger rate of massive BH mergers predicted by the fiducial

model [29], g g
N N

— = ¢ —w.z/dz; 2.1

where 2
_ d|_ dz .

w.z/ =4 AT+25 oV (2.2)
Here,d_ is the luminosity distance and,s denotes the time measured at the
detector.

(i) We draw the number of sourcebl sy, from a Poisson distribution with mean
= T dN _dt s, WhereT is the duration of the observing period. Massive BH
binary signals in LISA typically last from hours to months and gradually accumulate
signal-to-noise ratio (SNR) during their inspiral. We conservatively $et 5yr,
which also accounts for sources merging a er the nominal mission duratibsa =
4yr [49].

(iif) We extractNasyro SOUrces from the astrophysical population, assigning each source
a relative weightw; = w.z;/. Each source is characterized by the binary component
massesmn;.,, mass ratioq = m,_my, redshi z, and the aligned dimensionless spins

12= "12 L, where’;.,are the dimensionless BH spins andis the unit vector
along the direction of the orbital angular momentum.

(iv) From this population, we further select sources satisfyifg, > 10“ Hz and
g > 0:01 We define the cuto frequency ad. = 5fisco Wherefscois the
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detector-frame GW frequency at the innermost stable circular orbit. This ensures
that the dominant harmonic lies within the LISA sensitivity band and that the
adopted waveform model is reliable.

(v) We model the GW signal using the IMRPhenomXHM waveform approximant [78],

(vi)

(vii)

which describes the full coalescence of quasi-circular, non-precessing BH binaries.
The harmonic modek,, are calibrated to numerical relativity and include; dmad/ =
N2;21;.2;11;.3;31;.3; 2/; .4;4/". The implementation of the LISA response for this
waveform in the Balrog code is described in Ref. [140].

For each source, we sample the extrinsic parameters assuming uniform distribu-
tions: the time to merget,, E [0; 5yr] initial phase ¢ E [0; 2 ], polarization angle

E[* _2; 2] ,ecliptic sine latitudesin E [*1; 1], ecliptic longitude E [0;2],
and cosine of the inclination cos E [*1; 1].

The SNR of each source, given its parameterds evaluated using the three
noise-orthogonal TDI channelsdwith k = A E; T,

SNR= E  h/ §w.! (2.3)

k=AE;T

We assume the constant and equal-arm-length approximation [166]. The noise-
weighted inner product is defined as

df; (2.4)

f < <

e e B fIE<f/+ A<f/ £/
éadhé= 24, S/

fmin "

where A.f/ denotes the Fourier transform of the time series a.t/ andf3is the

noise power spectral density of thie-th TDI channel. We adopt the semi-analytical
noise model of Ref. [25], which accounts for stationary instrumental noise and
astrophysical confusion noise from unresolved Galactic binaries. We use a low-
frequency cuto fi, = 0:1 mHz[49] and integrate up tof ,,.x = 1 Hz, well above

the maximum frequency of all simulated GW signals. Sources are considered
detectable if they exceed the threshold SNR = 10 [49].

We iterate the above procedure 1000 times, resulting in a distribution of LISA catalogs.
The corresponding distributions for the number of merger events is shown in Fig. 2.3.
Specifically, steps (f)(iii) generate the light-gray histogram in the le panel, depicting

the distribution of astrophysical mergers predicted by the fiducial model. The dark-gray
histogram is obtained by applying steps (ivjvii) to the astrophysical catalogs and shows
the distribution of massive BH merger events detectable by LISA assuming the dominant
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Figure 2.3: Distribution of massive BH binary mergers across the generated catalogs. The le
(gray), middle (blue), and right (red) panel shows the full population of BHs, the sub-population
of stellar-hardened sources, and the sub-population of gas-hardened sources, respectively. Light
histograms show the astrophysical distributions [steps*({jii)) in Sec. 2.3] while dark histograms
show the distributions of merger events detectable by LISA during an observation fime5yr

[steps (iv)-(vii) in Sec. 2.3]. The dashed distributions are a variation of the la er where we include
higher-order harmonics and remove the condition dg,; [Step (iv)]. The vertical do ed line
denotes the selected catalog used to perform the statistical analysis of Sec. 2.4.

| =2, 3mad = @mission mode. The blue (red) histograms in the middle (right) panel show
the subpopulations of mergers that evolved via stellar (gas)-hardening. Overall, the LISA
catalogs have about one order of magnitude fewer events compared to the astrophysical
catalogs, which is due to the detection criteria described above. The observable catalogs
predominantly feature massive BH binary mergers occurring in gas-rich environments
(46 on average) compared to systems evolving in gas-poor environments (1 on average).
The averaged count of detectable sources mildly increases to 50 when we relax the
assumption on the mass ratio, allowingto be as small as 0.001. These sources, and
those at even lower mass ratio, border the extreme mass-ratio inspiral regime and will
need to be treated di erently; we leave this to future work.

The dashed distributions in all the three panels of Fig. 2.3 show the detectable events
modeled using the additional modes, md/ = ~.2;1/; .3; 3/; .3; 2/.4; 4 the waveform
approximant and removing the condition ofy [step (iv)]. We find higher-order modes
marginally increase the number of detectable sources (see Ref. [158]). This is more
significant for massive binaries withM A 1M, where the (2,2) mode frequency falls
out of band. As shown in Fig. 2.3, this preferentially impacts binaries hardened via
stellar processes: including higher-order modes in LISA analyses might have important
repercussions on the astrophysical interpretation of the data.

In the following, we study in detail one specific realization of our simulated LISA
catalogs, which we refer to as TheCatalog. This specific catalog is close to the medians
of the distributions in Fig. 2.3 and can thus be taken as representative. The 45 detectable
sources of TheCatalog are shown as colored circles in the right panel of Fig. 2.4 together
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with the astrophysical population from which they are extracted. The le panel puts
these sources into context by showing the common waterfall plot, i.e. the averaged
SNR in the mass-redshi space [49]. LISA is expected to detect massive BH binary
systems in the mass range of; i 10#* 107" M and outtoz i 7, covering an SNR
range fromi 10 to i 3000. The 13 sources marked with white triangles in Fig. 2.4 are
undetectable by LISA. Of these, 9 sources with> 10* M, merge a er the LISA mission
nominal duration, thereby limiting their SNR growth, cf. step (ii) in Sec. 2.3. Conversely,
the 4 sources withM < 10* M, merge within the mission lifetimeT sa but remain

with SNR < 1onetheless. These undetectable sources are excluded from the analysis
presented in Sec. 2.4.

Figure 2.4: Le panel. Contour lines of constant SNR from massive BH binarigs< 0:5

1.2 = 0:2) detectable by LISA, adapted from Ref. [49]. The SNR shown on the color scale has
been averaged over sky location, polarization and inclination assuming the dominant quadrupole
emission mode. Right panel. The gray contour encompasses 99% of the estimated astrophysical BH
population simulated with L-Galaxies. Circles indicate the 45 detectable sources of TheCatalog,
colored according to their SNR [see step (vii) in Sec. 2.3]. Of note, two pairs of sources overlap in
this plot: one, located ar i 4:5 with M i 6 10 3Mg, have the same weighte; [i.e. identical
source parameters, see step (iii) in Sec. 2.3]; the other pair, located & with M i 4+ 10 *“Mg,
are characterized by very similar parameter values. White triangles indicate sources with SNRs
below the detection threshold. Note that undetectable sources with high mas$és (10*Mz)
are a ected by the cut-o on the time to merger [step (ii) in Sec. 2.3]. The dashed contour lines
of constant SNR are the same of the le panel.

2.4 Statistical inference

We compare a single GW event against distributions of simulated sources using the
Bayesian formalism spelled out in Ref. [124]; see also Refs. [116, 168]. Specifically, we
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quantify the relative degree of consistency between individual detections from The-
Catalog and the two sub-population models of binary hardening: gas (G) and stellar
(S).

Given the posterior distributiorp. 8d; U/ from each individual GW event obtained
with some uninformative priorg. U/, we compute the Bayes factor between models G
and S as follows:

p. 0G/
By Mo POV
Bos= g = o et (2.5)
Y g p.od; U=
p. ouU/

The astrophysical probability densitigs. G/ and p. S/ act as new informative priors
on the targeted parameters which we reconstruct from the simulated sources using
Gaussian kernel density estimates (KDEs) [148].

Parameter estimation is performed through Balrog on=" ; °, where =
"My, 5 1, 2;d represent the quantities used to perform the astrophysical model
selection [Eq. (2.6)] and ="t,,; o; ;sin ; ;cos ~ are the additional extrinsic param-
eters characterizing the modeled signals. In particular, we use the redshi ed chirp mass
M . and the dimensionless mass di erence= .m ;*m,/_.mj;+ m,/ as they are the
two mass parameters that enter the Post-Newtonian (PN) evolution at the leading- and
next-to-leading order, respectively. We run full Bayesian inference on simulated data
using the nested sampling algorithm [151] as implemented in Nessai [172]. All the
injections are in zero noise and we choose uniform prigrsdU/ on each parameter
over either its entire definition domain or a range that is su iciently large to enclose
the entire posterior. In particular, we classify sources into three SNR intervals: low
(10 * 100, moderate 100 * 1000, and high & 100Q. For each of these, we estimate
prior limits by calibrating against a ducial source selected at the lower boundary of that
range. Therefore, the terns.  dU/p. oU/p. 0G/p. 0S[see step (vi) of Sec. 2.3]
are constant, we can factor them out the integrals of Eg. (2.5) and evaluate the KDEs
exclusively on . This approach signi cantly improves the computational e ciency.
Equation (2.5) thus simpli es to

9%, P. 9d;U/p. 8G/d
Be s= ; (2.6)
9%, P- 0d;U/p. 3S/d

Note that our detection statistic is approximated as GW detectability depends on the data
realization (for detailed discussions on this point see e.g. Refs. [75, 125]). We veri ed
that all of our posterior samples hav@NR > 10andqg > 0:01 which ensure consistency
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with the adopted detection criterion. Furthermore, it is important to note that posterior
samples constrained to a parameter spacehat is not supported by the gas [stellar]
probability density, i.e.p. 8G/ = Q[p. 8S/ = { result in a formally null [in nite]
value for the Bayes factor in Eg. (2.6). As a concrete example, see the discussion on the
spin distributions in Sec.2.5.

Crucially, one needs to account for selection e ects. The detectability-conditioned
Bayes factor is given by [124]

_ P.detdS

G S— m G.S (2.7)

where P .detdSand P .detdGére the fraction of sources from the sub-populations S and
G, respectively, that can be detected a priori given adopted detection sta@ibsti® > 10
and q > 0:01. Our numerical implementation follows that described in Ref. [124].

2.5 Results & Discussion

2.5.1 Inference

We apply the formalism from Sec. 2.4 to the 45 mergers in TheCatalog, which LISA is
expected to detect. Our parameter-estimation pipeline successfully recovers 44 sources,
with posterior distributions on source parameterswell con ned within physically
unbounded priors. However, for one source wWiBNR i 13 the stochastic algorithm
fails to converge because the data provide limited information on the source parameters,
leaving the posterior distribution close to the prior and therefore challenging to sample
e ciently. Therefore, we choose to exclude this source from the population analysis.
Additionally, sources with SNRs in the randi * 100 frequently exhibit non-linear
correlations and multimodalities on ; however both are su ciently decoupled from the
reconstructed 's, which are the target parameters of our astrophysical model selection.
In the following, we quote parameter estimates at 90% con dence interval.

Among the target parameter$/ . is the most precisely measured. Speci cally, we
constrain it with a relative precisionM . M . ofi 10" *10™ for sources with moderate
and high SNRs. For low SNRs, the relative precisioni® *“ *10™. The spin components

1and , are measured with a relative precision 6f006~ * 1~at high and moderate

SNRs, and 1~ to 65~ at low SNRs.

Six systems in the [oWSNR range exhibit mild biases on due to the broad posteriors
( _ i6~*160~ at 90% credible level) and projection e ects associated to non-linear
parameter correlations. Of these, three systems have posterior distributions that include
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the injected values only in thei®9:9~con dence inteval. For the other three sources, the
true injected value lies within th@®8:5~credible interval. Finally, we emphasize that LISA
will be able to measure the source luminosity distance with a relative precisibn d.

of i 0:3~* 2~ for high SNRsj 1~ * 45~ for moderate SNRs, andl0~ * 115~ for

low SNRs. Uncertainties related to sky localization and host galaxy identi cation, which
are crucial for multimessenger detections of gas-rich mergers [117], will be addressed in
future work.

Figure 2.5: Logarithmic Bayes factor between the gas- and stellar- hardening hypotheses as
a function of the sourceSNR Circles represent the 44 sources from TheCatalog used in the
population analysis, with colors indicating their respectiVgssvalues. Horizontal dashed lines
denote the threshold values of the Bayes factor according to the Je rey scale. Black error bars
refer to the statistical (but not systematic) fluctuations associated to the underlying astrophysical
model.

2.5.2 Model selection

We use the posteriors described above to evaluate the detection-conditioned Bayes factors
D¢ sof Eq. (2.7). Results are presented in Fig. 2.5, where sources are ordered by their
SNRand colored according to their true astrophysical sub-population. For all the sources
we nd decisive evidence [95] in favor of the gas (stellar) sub-population model, with
log,,Dg s> 2 .log,(Dg s < *2/ . Additionally, no signi cant correlation is observed
betweenD¢_sand the SNRof each source. This is largely due to the highly precise
measurement of the target parameters, as described above. Even the wider posterior
distributions are well localized within the sub-population parameter space, so increasing
the SNRdoes not lead to improved discrimination between the two astrophysical models.
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We observe that most of the Bayes factors fall within the rant@ ¢ dlogDs £ ¢

25 with three exceptions that exhibit lower values. Among theese, two sources with
SNR i 2000and7 ¢, dlogiDs & ¢ 1Gvolved trough a gas-hardening phadg.(i 0:72).
Conversely, the lowest Bayes fact@l¢goD s ¢ = 5:68is associated with the only source

in TheCatalog that hardened through stellar interactions (s i 0:14).

We further test the analysis pipeline by generating ten additional realizations of our
astropyhysical model to evaluate the impact of simulation uncertainties on the results.
The error bars in Fig. 2.5 indicate the resulting variability associated with each log-Bayes
factor. Even when accounting for these statistical uctuations, model G is con dently
favored for all the G sources, thus validating the previous results. For the one S source,
model S remains favored, though to a lesser extent. Crucially, these error bars capture
the statistical uctuations in the underlying astrophysical model and not the systematic
e ects due to the many assumptions entering the model itself.

2.5.3 Source parameters

Based on these results, we now investigate how the astrophysical properties of massive
BH binaries might in uence the distinguishability between models G and S. In Fig. 2.1,
we show the 44 analyzed systems from TheCatalog together with the astrophysical
sub-population distributions marginalized on the total mass and redshift. Notably, we
observe that the gas-hardened sources are predominantly supported by the gas-hardening
sub-population, with most falling within (outside) thB0~contour level of the gas (stellar)
distribution. Conversely, the stellar-hardened source, hereafter referred ®,dalls
outside the90~ contour level of the stellar-hardening sub-population but is located close
to the peak (i.e. within thes0~ contour level) of the gas-hardening sub-population. This
suggest that additional parameters may be impactingag; D¢ _svalue, favoring the
stellar-hardening model.

To investigate further, we analyze the one-dimensional distribution of the aligned
component spins; and ,, see Fig. 2.6. For the sourgeconsidered so far, the primary
component spin ; = 0:4905¢ lies below the92' and 1:3" percentiles of the stellar-
and gas-hardening distributions, respectively, thus placing it con dently in the former.
Additionally, the secondary component spin = 0:39:3is well below the9d" percentile
of the stellar-hardening distribution and lies within only th@:3¢ percentile of the gas-
hardening distribution. We nd that the recovered parameter does not provide
signi cant support for model S, with the full posterior information falling below the
14" percentile of the stellar-hardening distribution but within th&d" percentile of the
gas-hardening sub-population.

36



Figure 2.6: Marginal distribution of the aligned spin component of the primary BH, (le
panel) and the secondary BH, (right panel) for mergers in gaseous (red) and stellar (blue)
environments. Thick histograms indicate our fiducial model; thin histograms indicate additional
realizations. Blue dots denote the median value of sousgérom TheCatalog as well as the two
additional sources, 3 c.f. Sec. 2.5. The error bars indicate @@~ confidence intervals. The two
sub-population distributions are jointly normalized to the full population.

2.5.4 Importance of the BH spins

From the discussion above, we conclude that, at least for the astrophysical models con-
sidered here, the component spins are the crucial parameters for inferring the hardening
processes of massive BH binaries. We stress that the employed models describe a sim-
pli ed scenario. Massive BH binaries evolving in gas-rich environments experience
accretion torques that might align their component spins with the orbital angular mo-
mentum of the binary. The models used here assume that the spin alignment process
occurs rapidly, typically within the time-scale of the merger, thus leading to high and
positive spin con guration at merger [39] (1. i 0:98 on average, as indicated by the
red distributions in Fig. 2.6). In contrast, binaries that evolve in gas-poor environments
do not experience signi cant gas accretion and likely enter the GW dominated phase
with roughly isotropic spin orientations, as re ected by the blue distributions in Fig. 2.6.
Nevertheless, as pointed out in the literature, the overall picture is more complex due
to the internal properties of the disk. Indeed, the e ectiveness of disk alignment may
be in uenced by the gas temperature [69], accretion rate [79], as well as the disk viscos-
ity [111] and its initial angle of misalignment, which can lead to critical disk-breaking
con gurations [131]. Accurate astrophysical models accounting for these properties are
crucial for addressing such scenarios in future study.

Finally, we extend the analysis from TheCatalog by including two additional sources,
S, and s;, selected from the LISA stellar-hardening distribution shown in Fig. 2.3. In
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order to provide a representative sample of LISA observations, we speci cally select
sources with SNR in the rang&00 * 1000 which is most densely populated interval

for detectable massive BH binaries in LISA (see Fig. 2.4). This region is populated by
sources withM i 104* 10°M,, at redshiftz i 2 * 4 . Additionally, we select the two
sources such that their primary spin components fall in the tails of the stellar-hardening
sub-population from Fig. 2.6. This allow us to further investigate the role of spins in the
model comparison.

First, as shown in Fig. 2.6, the primary component spin= *0:8:2 for sources; is
entirely constrained within a region wherg. 180G/ = Qthus making the KDE evaluation
unnecessary, as pointed out in Sec. 2.4. Therefore, we can de nitely favor model S over
model G (0g:0D¢ s~ *2 ) without even considering the in uence of the other binary
properties. For sourcss, the analysis indicates a preference for the stellar-hardening
scenario withlogi)D s= *4:65. This case is particularly challenging because the gas-
hardening model has also strongly support over the source posterior. Speci callyas
amassM i 7 « 10 “M_ and is located at a redshift i 1:6, positioning it at the peak of
the M * z distribution for the gas-hardening sub-population (see Fig. 2.1). Additionally, it
has a measured primary spin component qgf= 0:980%. This value is notably high and
exceeds th@9:%" percentile of the stellar-hardening distribution and th& percentile of
the gas-hardening distribution. As illustrated in Fig. 2s%js situated in a high-density
region for gas-hardened sources but in a relative sparse region for stellar-hardened
sources. Furthermore, the recovered value offalls below the9™ (38") percentile for
the stellar (gas) sub-population, providing no further support for model S with respect
model G. On the other hand, the secondary component spin strongly favors model S. In
fact, the recovered value, = 0:790falls below the95" (1:2'%) percentile for the stellar-
(gas-) hardening sub-population.

This further emphasizes that, at least in the astrophysical setup considered here,
component spins play a crucial role in constraining the hardening mechanisms responsible
for the nal coalescence of massive BH binaries, even in ambiguous but rare cases
(less thanl~ of the stellar-hardening population sources detectable by LISA). However,
simulation-induced uctuations reduce the log-Bayes factor of sousgéo as low as 0.35,
indicating only a weak preference for model S. Incorporating spin precession into the
population analysis may be crucial to enhance model discrimination and gain further
insights into the galactic environments where massive BH binary mergers occur. This is
left to future work.
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3 Glitch systematics on the observation of
massive black-hole binaries with LISA

Overview

Detecting and coherently characterizing thousan@\$ignals is a core data-analysis
challenge foLISA Transient artifacts, or glitches, with disparate morphologies are expected

to be present in the data, potentially a ecting the scienti ¢ return of the mission. We present
the rst joint reconstruction of short-lived astrophysical signals and noise artifacts. Our
analysis is inspired by glitches observed by Bfemission, including both acceleration

and fast displacement transients. We perform full Bayesian inferencé l&ngDIdata

and gravitational waveforms describing mergers of massive black holes. We focus on a
representative binary with a detector-frame total mass-df0’M, at redshifts, yielding a

signal lasting 30 h in the LISAsensitivity band. We explore two glitch models of di erent
exibility, namely a xed parametric family and a shapelet decomposition. In the most
challenging scenario, we report a complete loss of the gravitational-wave signal if the glitch
is ignored; more modest glitches induce biases on the black-hole parameters. On the other
hand, a joint inference approach fully sanitizes the reconstruction of both the astrophysical
and the glitch signal. We also inject a variety of glitch morphologies in isolation, without a
superimposed gravitational signal, and show we can identify the correct transient model.
Our analysis is an important stepping stone toward a realistic treatmet8Aélata in the

context of the highly sought-after global t.



3.1 Executive summary

This Chapter is organized as follows. In Sec. 3.2, we introduce the phenomenology of the
expected instrumental artifacts. In Sec. 3.3, we present our glitch models and provide a
brief summary of the ducialGW-source and glitch parameters. In Sec. 3.4, we derive
an alternative set off DI variables suitable for the simultaneous treatment of glitches
andGW signals. In Sec. 3.5, we provide de nitions of relevant statistical quantities and
details on our parameter-estimation runs. Finally, in Sec. 3.6, we present our inference
results. Throughout this paper, we use units whare= 1. The material presented in this
Chapter is based on Ref [155].

3.2 LPF glitches in LISA data

3.2.1 Phenomenology of LPF glitches

Glitches are observed as additional signals in the data stream. They can be thus modeled
and subtracted from the data as such. The strategy here is to (i) get a consistent estimate
of the power spectral density (PSD) of the underlying quasi-stationary noise over the
entire data stream and thus (ii) improve the astrophysical signal inference by making it
robust against glitch-induced biases. The latter constitutes a key element of the LISA data
processing pipeline in view of the targeted global t [51,110]. The properties of glitches,
namely amplitude, duration, and time morphology, depend both on the measurement
system and the originating physical process.

LPF observed two main kinds of glitches: a rst class treated as an e ective dis-
placement-measurement artifact in the optical metrology chain and another class due to
spurious forces acting on th&€Ms. Displacement glitches have been rarely observed in
nominal conditions, have a typical duration comparable with the LISA sampling cadence,
and carry negligible impulse per unit of mass as compared to the typical forces acting on
the TMs [23]. As a consequence, fast, low-impulse glitches could be expected to a ect
the geodesic motion of the LISA constellation only mildly. On the contrary, force events
result in impulse-carrying glitches lasting from tens of seconds to several hours, have
a signi cant impact on the noise performance, and can potentially contaminate GW
detection and parameter estimation.

During its ordinary runs, LPF observed 102 impulse-carrying glitches and 81 of these
were visible in the data stream as a sharp, positive o set of the residual force-per-unit-
mass (henceforth loosely referred to as acceleration ) [23]. These acceleration glitches
correspond to the two TMs moving toward each other along the sensitive axis of the pair,
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I.e. the direction joining their respective centers of mass. The rate of these events has been
estimated to be about 1 per day and compatible with a Poisson distribution [23]. Several
possible physical origins for glitches have been vetoed by extensive cross-checking and
correlation analysis on LPF data, with the most plausible explanation pointing to either
gas outbursts or virtual leaks in the vacuum chamber and the material surrounding the
TMs. Dedicated experimental studies are underway to corroborate this hypothesis [23].

3.2.2 Guiding principles for LISA di erential acceleration measurements

We now list a few guiding principles behind our modeling choices:

OLong-Iived glitches related to force phenomena such as those observed by LPF are
the most relevant for LISA; For these, we adopt a phenomenological parameter-
ization suitable to describe their temporal evolution in terms of di erentiaM
accelerations;

OConstructing the corresponding signal model for fractional phase observables in
the frequency domain is more complex, although doable;

OLong-Iived transients present in a displacement (optical phase) or velocity (optical
frequency) observable disappear in an acceleration observable, with the signal
disturbance limited to the duration of the external force transient. Likewise, glitch
parameters related to the initial conditions position and velocity are eliminated
with an acceleration observable;

Oln a realistic operational setup, systematic errors arising from force disturbances
(e.g. stiness coupling) could be subtracted directly in acceleration. Thus, our
tting model does not require any additional integration or whitening lter;

ONhen the e ective glitch signal has spectral content mainly near the low-frequency
end of the LISA sensitivity range, di erentiation is numerically safer than integra-
tion. In this regime, data correction from systematics in the displacement variables
is still viable;

Orthe corresponding TDI variables written in acceleration allow for a straightforward
inclusion of LPF glitches in a Bayesian inference framework;

Ocw signal models can be easily rewritten as e ective accelerations by di erentiat-
ing those already available in phase or fractional frequency.
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Figure 3.1: Schematic of single laser links and glitch reference system conventions. The le
panel reproduces the single-link geometry introduced in Fig. 1.5, while the right panel adds the
local reference system used to model acceleration glitches acting orilifs (right inset, yellow
and gray boxes). Unit vectorg parametrize the glitcth component along the incoming (outgoing)
link Lj- (L;) associated with theTM M;-. On satellitel, generic acceleration glitches acting on
TM My and M3 are described by the components- and as, respectively. The former [la er]
aects link yz51.t/ [y 231.1/] at reception and link y1o3t * L/ [y 13,.t * L/] at emission.

These broad considerations are mostly inspired by the observational equivalence be-
tween GWs and tidal forces accelerating TMs relative to their local inertial frames [50]. We
thus opt to implement our joint inference for glitches and GWs with suitable acceleration
TDI variables.

3.3 Transients modeling

The fundamental observable in LISA is the phase evolutionof a one-way propagating
laser along each of the six links connecting the satellites. This can be equivalently written
as an optical pathlength

|—=|—; (3.1)
s

where !, is the central frequency of the laser signal, which is assumed to be constant.
We now focus on three di erent mechanisms perturbing the phase readout.
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3.3.1 Acceleration transients

The two TMs housed in each of the LISA satellites are expected to independently ex-
change momentum with their surrounding environment (see Fig. 3.1 for a schematic

representation). We model the resulting transient acceleration prai Jof thei-th TM as

in Ref. [26]. We use a two-damped exponential model inspired by glitches observed in
LPF, namely

A * * X
2

9.LA 1 2 /= e 1*e

. Rl: (3.2)
1 2

which we refer to as Model Al. EquatiofB.2)integrates to the net transferred momentum

per unit mass:
+@

%9® g.tA; 1 o [dt=A: (3.3)

The parameters ;; , describe the typical timescales of the two exponentials while
is the glitch onset time entering the Heaviside step function The corresponding
Fourier-domain representation is

e*i !

E . . " =%
g..,A, 1, 2’/ A . 1|*|/ 2!*i/

(3.4)

Accommodating glitches of unknown shape requires a more exible model. We
construct this using a superposition of S Gabor-Morlet shapelets

S

gt/=E tA; ; in/; (3.5)
i
where
t*
LA nT=C ng =y (3.6)
_ 2t *t ny .1/ 2t .
v A
Ch=.*1/" 1ﬁ; (3.8)

andL;/ .t/ isthen* th generalized Laguerre polynomial [14]. We refer to these expressions
as Model A2. Comparing to Ref. [26], we use a di erent normalizatignfor the individual
shapelets such that

+@

Sho_ LA n/dt=A; AnEN: (3.9)
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In the frequency domain Eq. (3.6) reads

w n i
fLA; ; ;n/=*1 "e" AW: (3.10)

Shapelets in this parametric family are quasi-orthogonal, i.e.

+@ ) AA .
% LA OSEA S midis (3.11)
*@
+Q
%o, fLA nif SLA S o
AA .8 8 L
=522 " N+ 3" 8 (3.12)

From Eqgs(3.4)and (3.10)it is immediate to show that Model Al tends to Model A2
with n = 1 in the limitwhere {E .

3.3.2 Displacement transients

The interferometer readout system is also expected to generate transient phase uc-
tuations. From Eq(3.1) we model these as e ective displacement transients with the
same agnostic shapelet parameterization used in(B&) We use a superposition &

shapelets
S

Lt/= E .t;D; i iin/; (3.13)
i

where
+@ S

%ho_ dt L.t/ = E Di (3.14)

|
is the net integrated displacement experienced by Tié before returning asymptotically
to its free-fall condition. We refer to this parametric family of glitches as Model D. The
frequency domain representation follows from Eq. (3.10) and reads
nt+i/ ™

fr.D;; ;n/=x*1 "e’ DW: (3.15)

3.3.3 GW transients

Among the large variety of typical sources populating the LISA sensitivity band, the
most massive binary systems detectable produce hours to years-long transient signals.
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To leading-order, the binary time to mergey, from a reference frequencis is [36, 137]

*

i fref I\/Iz
04 10 0:1mHZ 010M,1

*

wio
wlun

tm i days; (3.16)
where rm ;m,_.my; + my/? is the symmetric mass ratio andll, = .1 + z/.m, + m,/ is
the solar-system barycenter frame total mass for a source of component magsasim
m,. By contrast, glitches observed by LPF have typical durations of seconds to hours and
are positively correlated with the transferred momentum per unit mass ranging from
102 to 1C pm_s[23]. Their broadband, short-lived morphology makes them the most
likely to impact parameter estimation for GW transient sources of comparable duration.
We select three ducial noise transients and superimpose them on a short-lived
(tm = 30 hours) high-massNl, = 6 « 10’ M, = 3_16) MBHB at redshifz = 5. We
assume zero sensitivity belo@.1 mHz[140]. We consider a short-duration Model D
glitch ( =5s), a moderate-duration Model A2 (= 40s), and a long-duration Model
Al glitchwith ;+ ,=3300s.

Figure 3.2: Match between the GW and glitch signals as a function of onset time. The blue,
green, and red solid curve corresponds to the Model A1 (A2, D) glitch shown in Fig. 3.3. The GW
signal is fixed to that of our fiducial MBHB. Dashed vertical lines with matching color denote
the onset time that maximizes the match. The black do ed line denotes the GW source nominal
merger time. The inset shows a 40-minute interval zoom-in around the merger and glitch onset
times.

All three glitches have peak amplitudes close to the merger time of the GW source,

as shown in Fig. 3.3. For a conservative approach, we ne-tune the glitch onset times
to maximally impact the reconstruction of GW source parameters. This is done by
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maximizing the match between the glitch and GW waveforms as shown in Fig. 3.2 (see
Sec. 3.5 for more detalils).

We model the GW signal with the IMRPhenomXHM [78, 139] waveform approximant
which captures the full coalescence of a quasi-circular, non-precessing black-hole binary.
The implementation of the LISA response to this GW signal in the Balrog code has been
presented in Ref. [140].

Figure 3.3: Fiducial waveforms for our
parameter-estimation runs. Black solid
curves show the MBHB signal we con-
sider M, = 6+ 10"Mg andz = 5),
which is identical across the three pan-
els. Colored curves in the top, middle,
and bo om panels describe the Model
Al, Model A2, Model D glitch ampli-
tudes, respectively. Signals shown in
the three panels correspond to injec-
tions in runs 9, 10, and 11 and exem-
plify glitches lasting hours, minutes,
and seconds, respectively (cf. Table 3.1).
The parameters of the injected signals
are shown in Tables 3.3, 3.4, and 3.5.

We choose to parametrize the GW signal injected as folloms;,,and ;.,denote
the binary component redshifted masses and aligned dimensionless spin, respectively;
tm; o, denote the time to merger introduced in E(B.16)initial phase and polarization,
respectively;sin ; denote the (sine-)ecliptic latitude and longitudé; and denote
the source luminosity distance and inclination. Tables 3.3, 3.4 and 3.5 list the parameter
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values of our ducial GW source which has a®8NRof 187 and is common across all of
our runs.

3.4 Acceleration TDIs

We use Eq9(3.4) (3.10) and(3.15)0 model the TDI variables [166g.f; / entering the
likelihood, cf. Sec. 3.5. As described in Sec. 1.4.2, the analysis is performed within the
constant equal-armlength approximation.

In this framework, incorporating Model A1 and Model A2 signals into EqL.6) (1.7)
and(1.8)requires integrating the single-link di erential accelerations twice. However,
any non-zero total transferred momentum necessitate arti cial regularization or ad-hoc
approximations to construct a Fourier-domain representation of the signal. We solve this
problem by introducing a set of acceleration TDI&x.y .z which are trivially related to
Egs. (1.6), (1.7), and (1.8) by double di erentiation. In the frequency domain one has

F [Gx] = .2 f/ F [My] (3.17)
Gx = 0231+ Dg132* 9351 * D 123 (3.18)

where F denotes the Fourier transform operator and

d
ik -t/ = ac Yik -t/ (3.19)

Similar de nitions hold for G,; G; upon cyclic permutation of indices.

The key advantage of introducing a new set of TDIs lies in its instrumental robustness.
Equation(3.17plso allows us to conveniently recycles signal models available in fractional
displacement by including both Model D glitches and GW signals. Furthermore (8d.9)
does not require a transfer function to model acceleration glitches.

Following the conventions shown in Fig. 3.1, the single-link perturbatmp.t/ is
obtained from the instantaneous acceleratighg/ andgy.t * L/ which are experienced
by senderi and receiveik along the linkj, and projected along the unit-vectogs.t * L/
anda;-.t/, respectively. We associate a unit vecggrto eachTM M; pointing in the
direction opposite td,;. For simplicity, we denote the associated vector components
. Given the choice of the local reference system, a positive vajudrresponds to a
negative displacement. ;. The three TDI observables in terms of the individug\l
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accelerations are

Gy =.1+D?%.ay*as+2D.a,*as/; (3.20)
Gy = .1+D2/.a.3'*a1/+2D.a3*al"/; (321)
G;=.1+D?%.ar*a./+2D.a,*ayl: (3.22)

It is importante to note how the acceleration TDI variab®& (Gy, G;) is insensitive
to glitches acting on links; andL, (L, andL,, Lz andL;). This would no longer be
true if a single glitch a ects more than one TM (or more optical phase measurements);
further modeling on this point will be presented elsewhere. Following the standard
procedure [166], we combine,G Gy; and G into three noise-orthogonal variables

*
G = G—Zu% (3.23)
*2 +
Ge= X E-;BY Gz, (3.24)
Gy + Gy +G
Gr = X—ﬁ%: (3.25)

Equations(3.23)(3.24) and(3.25)de ne the data pieces entering our inference pipeline.
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Injection Recovery

ID log,,Z Figure Table
Glitch GW Glitch GW

1 7 3 (acc. TDI) 7 3(acc. TDI)  *35:27 7 7

2 7 3 (disp. TDI) 7 3 (disp. TDI)  *35:19 7 7

3 Al 7 Al 7 *14:0 7 7

4 A2 7 A2 7 *9:1 7 7

5 D 7 D 7 *8:8 7 7

6 Al 3 3 *14537:8 Fig.3.4 Tab.3.3

7 A2 3 7 3 *296:5 Fig.3.5 Tab.3.4

8 D 3 7 3 *48:8 Fig. 3.6 Tab.3.5

9 Al 3 Al 3 *46:8 Fig. 3.4 Tab. 3.3

10 A2 3 A2 3 *43:9 Fig. 3.5 Tab. 3.4

11 D 3 D 3 *40:8 Fig. 3.6 Tab. 3.5

12 7 3 Al 3 *75:0 7 7

13 7 3 A2 3 *44:1 7 7

14 7 3 D 3 *52:2 7 7

Table 3.1: Summary of our runs containing single glitches and the fiducial GW signal. Rows highlighted in teal denote runs where the recovery
signal model matches that of the injection. We first perform disjoint parameter estimation on our fiducial GW source and three glitch models

(IDs 1 5). We then generate signals from the superposition of a GW signal with single glitches and study them both ignoring (IDs 6 8) and

including (IDs 9 11) the glitch in the data model. Finally, we generate GW signals and perform parameter estimation on them including glitches
in the data model (IDs 12 14).
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Injecti R .
ID njection ecovery log,pZ Figure Table
Glitchl Glitch2 Glitch3 Glitch4 Glitchl Glitch2  Glitch3 ~ Glitch4

15 D(1,1) D(1,2) 7 7 D(1,1) D(1,2) 7 7 *16:1 7 Tab. 3.7
16 7 7 7 7 D(1,1) D(1,3) 7 7 *18:0 7 7
17 7 7 7 D(1,2) D(1,3) 7 7 *20:1 7 7
18 7 7 7 7 D(1,1) 7 7 7 *22:9 7 7
19 7 7 7 7 D(1,2) 7 7 7 *23:9 7 7
20 7 7 7 7 D(1,3) 7 7 7 *34:4 7 7
21 7 7 7 7 D(1,1) D(1,2) D(1,3) 7 *17:0 7 7
22 D(1,1) 7 7 7 D(1,1) 7 7 7 *15:2 7 Tab. 3.7
23 7 7 7 7 D(2,1) 7 7 7 *3650:2 7 7
24 7 7 7 7 D(3,1) 7 7 7 *3650:18 7 7
25 7 7 7 7 D(1,1) 7 7 7 *224:1 7 7
26 7 7 7 7 D(2,1) 7 7 7 *3628:6 7 7
27 7 7 7 7 D(3,1) 7 7 7 *3640:8 7 7
28 D(1,2 D(,3) D@31 D@B2 D@12 D(A,3) DB1) DB,2) *34:8  Fig.3.9 Tab.3.7
29 A2(1,1) 7 A2(2,2) 7 A2(1,1) 7 A2(2,2) 7 *15:9  Fig.3.8 Tab. 3.6
30 A1s(1) 7 7 7 Als(1) 7 7 7 *13:6  Fig. 3.7 Tab. 3.6
31 Alm(1) 7 7 7 Alm(1) 7 7 7 *18:0  Fig.3.7 Tab.3.6
32 All1) 7 7 7 A1l(1) 7 7 7 *16:6  Fig.3.7 Tab.3.6

Table 3.2: Summary of a large set of injected glitches and associated recoveries. Injected glitches are labeled by X(i,n) nyghd,describing

the glitch model, the injection point, and the shapelet order (when applicable), respectively. We explore the number of components and shapelet
order (IDs 16-20), the number of glitches (ID 21), and the potential misidentification of the injection point (IDs 22-27). Additionally, we simulate
data from glitches of increasing complexity (IDs 28, 29) and consider three representative glitches inspired by LPF data (IDs 30-32). These are a
short duration and small amplitude glitch (Als), a medium duration and amplitude glitch (A1m), and a long duration and large amplitude glitch
(All). Runs with same injected signals are grouped by horizontal lines.



3.5 Inference

The initial search of a GW in noisy data is achieved through matched- Itering tech-
niques [129] which provide initial guesses on the signal parameters. If glitches are
present, their preliminary detection and subtraction might not be su cient to provide
data that are su ciently cleaned to accurately infer the parameters of the astrophysical
source [26]. Previous studies presented a matching-pursuit algorithm for an automated
and systematic glitch detection [115] showing that, while the search grid on the damping
parameter is too coarse to accurately obtain the best- t glitch, it provides a reliable initial
guess. For practical purposes, here we assume that such guess has been identi ed from
the data and can be used to inform our subsequent analyses.

We perform a joint parameter estimation, tting simultaneously for GW signals and
noise artifacts. We construct posteriors on parameters

p.3d/ x L.d3/ ./ (3.26)

through stochastic sampling of the likelihodddd / under a prior ./ . We employ a
coherent analysis on the three noise-orthogonal TDI chanrteks ~di; k = Ma; Mg; My”
when considering displacement variables athid= *d,; k = Ga; Gg; G~ when considering
acceleration variables. We use a Gaussian likelihood [58]

dk*Sk. /Bdk *S,. Il K

InL.dd/=* E - > + const.; (3.27)
k

where £ is thek-th TDI output frequency series associated to the injected siggdi; /.

The output & represent either acceleration or fractional displacements depending on the
chosen TDI variable set, thus containing acceleration glitches, displacement glitches, GW
transients, or a combination of these (cf. Sec. 3.3). The noise-weighted inner product is
de ned as

f
oo me AF1 6.5/
aY b =4 % ]

where { denotes the real part, A.f/is the Fourier transform of the time series a.t/, and
S.f/ is the one-sided noise spectral density of tkeh TDI channel. We use the match
between two signals

df; (3.28)

.aVYhb/
aYal2b Y b2

to optimize the onset time of the injected glitches as discussed in Sec. 3.3.3. Model

M.a;b/ = (3.29)
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selection is performed using log-Bayes factors

log,,B! =l0g,,Z; *log 1, Z;; (3.30)
where i and j are labels identifying the competing models, and
Zd/= g dLdY /./ (3.31)

Is the evidence of each parameter estimation.

We consider a LISA mission lifetime df sa = 4 years, roughly equivalent to a
calendar observation time of 4.5 years with an e ective duty cycle of 82%. Our frequency
resolution is thereforef U 1_T ga = 1:7 + 10® Hz. We seff i, = 0:1 mHzandf a =
4 mHz which is well above the ducial GW and the maximum frequencies of all glitch
signals. We use a semi-analytical noise spectral density m&dél [107] describing
the superposition of LISA stationary instrumental noise and astrophysical confusion
noise from unresolved Galactic binaries [25]. In order to reduce the computational
cost, we evaluate inner products from E.28)using a Clenshaw-Curtis integration
algorithm [47], see e.g Ref. [43] for a summary of its application to LISA data.

Parameter estimation is performed with the Balrog code, which is designed to work
with di erent stochastic samplers. In particular, in this paper we use the nested sampling
algorithm [151] as implemented in Nessai [172]. We choose uniform priors on each
parameter over either its entire de nition domain or a range that is su ciently large to
enclose the entire posterior.

3.6 Results

We perform two sets of parameter-estimation runs:

() Joint inference runs on both GW signal and glitches (Sec. 3.6.1), listed with IDs 1 to
14 in Table 3.1;

(i) Inference runs where we inject and recover glitches without GW signal (Sec. 3.6.2),
listed with IDs 15 to 32 in Table 3.2.
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Model A1

MBHB
ID | My, [10'Mz] | My, [10'M] tm [h] 1 2 d. [Gpc] [rad] [rad] [rad] [rad] [rad] | A[pm_s] 1[s] 2[s] [h]
4:5 15 30:0 0:4 0:3 47:6 0:6 0:30 2:0 1:0 17 3:0 1500:0 | 1800:0 30:21
9 4:592 1593 30:00949 0:49% 0:30% 4418 0:8%8 0:3%9 2:00% | 161 1elF | 302 16377% | 1647754 | 30:2189%
6 4:258091 0:61098%7  29:44709%7 *0:3080:99 | *0:5L:0:9%5 | 10:0100552 | 0:04995 | 0:15Q0555 | 1:7920%° | 1:6%7  1:61% 7 7 7 7
4:5 ‘ 15 ‘ 30:0 ‘ 0:4 0:3 47:6 0:6 0:30 2:0 1:0 17 7 7 7 7
1 4:592 1593 30:019%% 0:491 0:30¢ 4415 0:892 | 0:3%F 2:092 | 1615 1613 7 7 7 7

Table 3.3: Parameter estimation results for a GW signal contaminated by a Model A1 glitch.
The injected parameters are listed in the white rows. Medians and 90% credible intervals for
the recovered posteriors are listed in the two rows highlighted in teal. While accounting for the
presence of a glitch (ID 9) allows for joint unbiased reconstruction of all parameters, ignoring its
potential occurrence (ID 6) yields large systematic biases. Ignoring the presence of a glitch is
disfavored withlog,,B§ = *14491 Joint posterior distributions for both these runs are shown in

Fig. 3.4. For comparison, the bo om row shows our reference run where we only inject the GW
source (ID 1). The subset of parameters common across runs 1 and 9 does not show appreciable

di erences.

MBHB Model A2
ID | My, [10'Mg] | My, [10'Mg] | tm [N] 1 2 d. [Gpc] | [rad] | [rad] [rad] [rad] [rad] | A[pm_s] | [s] [h]
4:5 1.5 30:0 0:4 0:3 47:6 0:6 0:30 2:0 1:0 1:7 0:0948 | 40:0| 29:48
10 4:592 1593 30:01939 | 0:49%  0:3%5 | 44 | 0:89% 0:30F | 2:092 | 16 165 0:09%57| 4122 | 29:4809
7 4:493 1:492 20:83096 | 0:2604F 0:950% | 3@l | 0:8%% 0:3%F | 1:950% | 1.5k 1653 7 7 7
45 15 300 | 04 | 03 | 476 | 064 | 030 | 20 | 10 | 17 7 7 7
1 4:592 1593 30:01989 | 0:49F  0:3%% | 441 | 0:80% 0:30F | 2:092 | 1615 L1617 7 7 7

Table 3.4: Parameter estimation results for a GW signal contaminated by a Model A2 glitch.
Results are organized as in Table 3.3. This glitch, if present in data and ignored upon inference,
introduces milder biases when compared to run with ID 6: this is due to its shorter duration
resulting in a smaller match with the GW waveform. Joint posterior distributions for both runs

are shown in Fig. 3.5.

MBHB Model D
ID | M [10'Ma] | Mp[10'Mg] |t [D] 1 2 | d.[Gpc]| [rad] | [rad] [rad] [rad] [rad] | D[pms]| [s] [h]
4:5 1:5 30:0 0:4 0:3 47:6 0:6 0:3 2:0 1:0 1:7 200:0 5:0 29:507
11 4:592 1:593 30:01999 | 0:491% | 0:328 | 447 | 0:803 | 0:3% | L9 | Lafy | 1617 | 2168% 1677 | 29:502%8
8 4:502 1:593 30:0199%9 | 0:49% | 0:32%8 | 447> | 0:803 | 0:39P | 1:999% | 1:51Y | 1:613 7 7 7
4:5 15 30:0 0:4 0:3 476 0:6 0:3 2:0 1:0 1:7 7 7 7
2 4:897 1595 | 30:019%5 | 0:497 | 0:305 | 441 | 0:803 | 0:307 | 1:999% | 1:815 | 1617 7 7 7

Table 3.5: Parameter estimation results for a GW signal contaminated by a Model D glitch.

Results are organized as in Table 3.3. This glitch, if present in data and ignored upon inference,
introduces negligible biases when compared to runs with IDs 6 and 7. This is due to its very short
duration, which superimposes with the GW signal only for a few seconds yielding a low match.
Joint posterior distributions for both runs are shown in Fig. 3.6.
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3.6.1 Joint inference with glitches and GWs

If a preliminary search fails to identify and remove a glitch from the data, it is important
to assess its impact on the parameters of the overlapping GW source. We thus tackle the
following cases for each of the three signals illustrated in Fig. 3.3:

OParameter estimation in the absence of glitch in the data ( reference runs, with
IDs 1 and 2);

OParameter estimation ignoring a glitch when present in the data ( glitch-ignorant
runs, with IDs 6-8);

OpParameter estimation including in the signal model a glitch that is present in the
data ( glitch-complete runs, with IDs 9-11).

Bayesian evidence for each run is listed Tab. 3.1. We refoy,BS, log,,B?, and
log,,B%; much greater than 2, indicating a decisive" evidence [95] in favor of a glitch
being present in the data.

Summaries are provided in Tables 3.3, 3.4, and 3.5. We nd no appreciable di erences
in the posterior distribution of the GW-source parameters when comparing reference runs
and glitch-complete runs, which is encouraging for LISA science. Individual parameters
are well reconstructed, which is expected given the brightness of the source (ShGR).

In particular, the MBHB component masses, the primary aligned spin component, and
time to merger are measured with an accuracyf;_ m u 8*40~, ,00:2andt ,u

600 s(where we quote the 90% credible interval of the marginal posterior distributions).
Figures 3.4, 3.5, and 3.6 show the posterior distribution for the ducial MBHB of each
glitch-complete run. Similarly, we do not report any appreciable di erence with either
fractional displacement or acceleration TDIs to model the same GW signal (see runs 1
and 2).
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Figure 3.4: Posterior distribution in blue (red) corresponding to run ID 9 (6) where a Model Al glitch is (not) included in
the recovery process. Contours indicate the 50% and 90% credible regions; solid black lines indicate the injected ve
as listed in Table 3.3. When the glitch is included in the inference, each model injected parameter is recovered witl
the 90% one-dimensional credible region. We do not report notable correlations between glitch and GW parameters
the glitch is excluded, all MBHB parameters except the initial phasgand the polarization angle are systematically
biased. In particular, the posterior on the luminosity distance dhils heavily against the prior lower bound.
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Figure 3.5: Posterior distribution in blue (red) corresponding to run ID 10 (7) where a Model A2 glitch is (not) includec
in the recovery process. Contours indicate the 50% and 90% credible regions; solid black lines indicate the inje
values as listed in Table 3.4. When the glitch is ignored, the MBHB parameters are somewhat biased, in particular
black-hole masses and spins. When the glitch is included in the recovery process, all model parameters are recov
within their 90% one-dimensional credible regions. We do not report notable correlations between glitch and G

parameters.
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Figure 3.6: Posterior distribution in blue (red) corresponding to run ID 11 (8) where a Model D glitch is (not) included
in the recovery process. Contours indicate the 50% and 90% credible regions; solid black lines indicate the inje
values as listed in Table 3.5. When the glitch is ignored, the MBHB parameters are only very mildly biased. In bc
cases, all model parameters are recovered within their 90% one-dimensional credible regions.

On the contrary, glitch-ignorant runs point to a di erent conclusion. The resulting
posterior depends on the chosen duration and amplitude of each transient (see runs 6, 7,
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and 8). We nd along-duration, small-amplitude Model A1l glitch massively contaminates
the reconstruction of the GW parameters, to a point that the signal cannot be recovered
at all. This is shown in Fig. 3.4, where the glitch-ignorant distribution (red) shows
evident issues in the underlying stochastic-sampling procedure. This has to be contrasted
with the regularity of the glitch-complete posterior distribution (blue), where instead the
parameters of both GW signal and noise transient are successfully recovered. In particular,
when the glitch is ignored we nd that the posterior on the luminosity distance rails
heavily against the lower bound of its prior, thus making the GW source reconstruction
highly biased, even in a parameter space that largely encloses the posterior of the glitch-
complete run.

As shown in Fig. 3.5, a Model A2 glitch with moderate duration and amplitude induces
milder biases. Although the posterior supportis far from the prior boundaries, the injected
values lie outside the 99% credible interval for both mass and spin parameters. For the
merger time, the true value lies on th@7~ con dence interval of the corresponding
marginalized posterior distribution. The injected values of polarization, initial phase,
inclination, and source position are within their one-dimensional 90% con dence interval.

Equivalent runs for a Model D glitch are shown in Fig. 3.6. This is a noise transient
that overlaps with the GW signal only for a small fraction of a cycle. As expected, we
nd such a glitch does not signi cantly impact the measurement of the GW parameters.

Finally, we note that glitch-complete runs do not exhibit signi cant cross-correlations
between the glitch and GW parameters, thus e ectively decoupling the inference on the
two signals.
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Model A1 Model A2
ID| Alpm_s] | 1[s] 2[s] (h] Aolpm_s] | ols] ofhl  Aslpm_s]| 1Is] 1[h]
7 7 7 7 1:48 3600:0 11:94 3:72 3600:0| 36:94
29 7 7 7 7 1:6%5 | 3738070 | 11:08998  4:2Z3 | 384877 | 36:930%¢
0:3 21:0 20:0 12:0 7 7 7 7 7 7
30| 0:3000:9% | 205 20 | 12:005:5% 7 7 7 7 7 7
2:0 900:0 400:0 12:0 7 7 7 7 7 7
31| 2:000% | 439455 | 848]5 | 12:0060:992 7 7 7 7 7 7
100:0 7500:0 | 7400:0 12:0 7 7 7 7 7 7
32| 1027 | 74532 | 74532911 12:0000:902 7 7 7 7 7 7

Table 3.6: Parameter-estimation results on Model Al (ID 30-32) and Model A2 (ID 29) glitches.
In particular, the former corresponds to glitches inspired by LPF observations, with varying
duration and amplitudes. White rows show the injected values and teal rows show the recovered
median and 90% confidence interval. The posterior distribution for these runs is provided in
Fig. 3.7 and 3.8.

Glitch 1 Glitch 2
Component 1 Component 2 Component 1 Component 2

ID | Do[pm s]| ols] o[h] Di[pm s]| 1[s] 1[h] D2[pm s]  2]s] 2[h] Ds[pm s]  sls] a[h]

2480:0 20:0 12:0 7 7 7 7 7 7 7 7 7
22| 24818 | 20:0%9 | 12:0001:9993 7 7 7 7 7 7 7 7 7

542:0 40:0 12:0 1420:0 80:0 12:0 7 7 7 7 7 7
15| 6728% | 695 | 11:997%° 133659 | 77 12:01%9% 7 7 7 7 7 7

5000:0 | 100:0 11:111 1000:0 10:0 11:111 5000:0 40:0 13:89 20000:0  120:0 13:89
28| 502146l | 1012 | 11:111099%  98@#8 | 10:222 11:1110993| 4975820  40:338 | 13:880001 | 198223342 120:28¢ | 13:890%2

Table 3.7: Parameter estimation results assuming Model D glitches of increasing complexity.
White rows show the injected values and teal rows show the recovered median and 90% confidence
interval. In particular, we consider a single-component glitch (ID 22), a glitch with two components
(ID 15), and two glitches separated by 200 seconds with two components each (ID 28). The
posterior distribution for the la er, most complex case is shown in Fig 3.9.

3.6.2 Inference with glitches alone, without GWs

We consider all three glitch models presented in Sec. 3.3 and inject them separately in the
LISA data stream. Results are shown in Figs. 3.7, 3.8, and 3.9 as well as Tables 3.6 and 3.7.
We perform model selection with di erent (i) number and order of shapelet compo-
nents, (ii) number of glitches, and (iii) injection point. In particular, in Tab. 3.2 we report
strong evidence in favor of the correct noise-transient model for the selection of the
number and order of shapelets; these are discrete parameters we can con dently identify
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usinglog,, B’ with j = 16; § ; 20. We obtain a substantial" evidendeg,,B%: = 0:9for
selecting the correct number of glitches. Injection points are selected with a decisive
evidence given by B, with n = 23; §; 27.

Figure 3.7: Top Le : Posterior distribution for short Model Al glitch (ID 30). Darker (lighter)
shaded areas indicate 90% (50%) credible regions and solid black lines denote the injected values.
The correlation between the fall timeq and the rise time , reflects their intrinsic degeneracy (see
Egs.(3.2)and (3.4). Injected values and some posterior summary statistics are listed in Table 3.6.
Top Right: Posterior distribution for medium Model Al glitch (ID 31). The larger separation
between the injected value of; * , = 500spartially breaks it into a strong multimodality.
Injected values and some posterior summary statistics are listed in Table 3.6. Bo om: Posterior
distribution for a long Model Al glitch (ID 32). Injected values and some posterior summary
statistics are listed in Table 3.6.

All runs point to the same, encouraging result: glitch parameters are con dently
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reconstructed. In particular, we recover amplitudes across all modelsAj.8¢.1, Do:1:2:3
with accuracies ofL.~ * 30~ at 90% credible level. Glitch-onset times are recovered with
fractional accuracy;, 0:1~ The parameters;'s in Model D glitches are recovered
with an accuracy of 20%. On the other hand, Model Al glitches exhibit correlation and
multimodalities for the joint posterior on ; and ,. This is expected given the waveform
degeneracy upon exchange of these two parameters, cf. Egs. (3.2) and Eq. (3.4).
Finally, the joint inference strategy adopted here has also been explored using trans-
dimensional stochastic samplers. In particular, Ref. [127] performs joint inferen€Vaf
signals and glitches within a reversible-jum@dCMC framework that allows the number
of glitches to vary, demonstrating the feasibility of this strategy within the broader LISA
global- t problem. An alternative strategy is to employ heavy-tailed likelihood functions,
which provide robustness against non-Gaussian noise by mitigating the impact of large
residuals that may otherwise bias the signal reconstruction [146, 147]. Rather than ex-
plicitly modeling glitches, heavy-tailed likelihoods account for data outliers within the
statistical noise model and can be viewed as complementary to global- t approaches.

Figure 3.8: Posterior distributions for two Model A2 glitches (run ID 29). Injected values and
some posterior summary statistics are listed in Table 3.6. Darker (lighter) shaded areas indicate
90% (50%) credible regions and solid black lines indicate the injected values. The lower-le panels
show the joint distribution between parameters describing the two glitches, which do not present
significant correlations.
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Figure 3.9: Posterior distributions for two Model D glitches (run ID 28). Injected values and selected posterior summar
statistics are listed in Table 3.7. Each glitch is composed of two components, with injected vajues; and 2= 3

for the first and second glitch, respectively. Darker (lighter) shaded areas indicate 90% (50%) credible regions, and
black lines denote the injected values. Glitch parameters are successfully recovered, and cross-glitch correlations
negligible.

63






4 Accurate and e icient simulation-based
inference for massive black-hole binaries with
LISA

Overview

We develop an accurate simulation-based inference framework for highAm&d )
black-hole binaries observable by LISA. The method is implemented within the Dingo
gravitational-wave parameter-estimation code, extending its application from ground-based
detectors to the LISA band. We train a normalizing- ow model using aligned-spin higher-
mode waveform models and a low-frequency approximation of the detector response. After
sampling, we importance-sample to the true posterior. We validate performance on simulated
signals spanning the signal-to-noise regimes relevant for LISA observations and benchmark
our new Dingo implementation against standard methods. We report robust agreement in
the inferred posterior distributions up to signal-to-noise ratids06f. At higher signal-
to-noise ratios df1000, we observe a reduction in sampling e ciency, while still yielding
unbiased and tightly localized posteriors that can be used as a starting point for follow-up
with traditional methods. The trained ow can generate 20 thousand posterior samples
in less than a minute, establishing Dingo as a promising neural inference framework for
rapid full-parameter estimation of massive black-hole binaries in the LISA band. The
likelihood-free nature of this approach allows for straightforward generalizations, including

a time-dependent detector response, hon-stationary noise artifacts such as gaps and glitches,
and low-latency parameter estimations.



4.1 Executive summary

This Chapter is organized as follows. In Sec. 4.2, we present the LISA targeted sources,
describe the adopted detector response, and detail the neural posterior estimation method-
ology used in this analysis. In Sec. 4.3, we present and discuss our results, and brie y
compare them with previous work. Finally, in Sec. 4.4, we examine the implications of
our ndings and outline the main challenges and limitations of the proposed approach.

The LISA version of the Dingo code is under active development. Progress can be
tracked at a dedicated branch of the main Dingo repository: github.com/AliSword/dingo-
gw/dingo/tree/dingo-lisa.

4.2 Methods

Among SBI-based approaches, the Dingo software has been extensively validated in GW
astronomy. Most notably, Ref. [60] demonstrated fast and accurate parameter inference
for compact binary signals observed by ground-based detectors. Subsequent works have
extended the framework to neutron-star binaries [59], explored its performance for third-
generation detectors [145], and more recently generalized it through transformer-based
architectures [101]. In this work, we adapt Dingo to perform neural posterior estimation
on quasi-circular, non-precessing massive BH binaries observed by LISA.

In particular, our analysis targets the most massive BH binary systems observable
by LISA, with redshifted total masséd A 10M, and signal-to-noise-ratios (SNRS)
ranging fromi 10 to i 1000. Owing to the mission low-frequency cut-o afi, =
0:1 mHZ49], these binaries sweep through the LISA band over relatively short timescales,

iO.hours * days/ . As a consequence, LISA is expected to observe only the late inspiral,
merger, and ringdown, spanning the nal few to few tens of GW cyclégwi f ow. The
resulting signals exhibit a morphology similar to that of the transient events detected
by the current ground-based observatories LIGO and Virgo. As such, the analysis of
massive BH binaries observed by LISA can be naturally framed within the existing Dingo
framework. In the following, we describe the LISA response model implemented within
Dingo (Sec. 4.2.1) and outline the corresponding training setup (Sec. 4.2.2).

4.2.1 LISA response

The observables of space-based GW interferometers are obtained through time-delay
interferometry (TDI), which is a post-processing technique that reduce the overwhelming
laser frequency noise in the phase measurements [166]. In this work, we model the LISA
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response within the low-frequency approximation [57], which provides a simpli ed yet
well-motivated description for the high-mass binary signals produced by the sources con-
sidered here. Accordingly, LISA is modeled as a rigid triangular constellation with equal
arm lengths, neglecting both the time and frequency dependence of the response [52].
Under these assumptions, the constellation is e ectively treated as xed along its orbit
and the TDI variables are approximated by two noise orthogonal data channels (com-
monly denoted A and E), whose GW response is equivalent to that of two co-located,
motionless Michelson interferometers rotated with respect to each other by an angle
of _4.

We assume the noise in the two channels to be identical, stationary, and Gaussian,
with statistical properties fully described by a power spectral density (PSLY . We
adopt the SciRDv1 noise model [107] simulated udisgtools  [96], while neglecting
the confusion noise arising from the superposition of unresolved Galactic binaries (see
e.g. Ref. [44] and references therein). The inclusion of this additional noise component,
characterized by non-Gaussian and non-stationary features, is a natural direction for
future SBI studies. The instrument response is implemented within the Dingo framework
in close correspondence with the formalism of Ref. [57].

4.2.2 Dingo setup

We perform Bayesian neural posterior estimation in the frequency domain between
fmin = 0:1mHzand f. = 4 mHz with a resolution of f = 10 ™ Hz. As shown

in Ref. [120], the frequency dependence of the response vanishes in theflimit

fL i 0:19Hz, wheref_ = c_.2 L/ is the detector transfer frequency andthe LISA

arm length. Although departures from the low-frequency approximation become no-
ticeable around® mHz most of the signal content for the systems considered here lies
at lower frequencies, so that the approximation remains accurate over the frequency
range analyzed. We perform inference over the full 11-dimensional parameter space of
quasi-circular spin-aligned compact binaries

=™ ¢ 0; 120d; v s s ste o
whereM . is the redshifted chirp massj is the mass ratio, ;., are the dimensionless spin
components aligned with the orbital angular momentund, is the luminosity distance,

sn is the inclination angle between the total angular momentum and the line of sight,
Is the ecliptic colatitude, sis the ecliptic longitude, is the polarization anglet is the
coalescence time, and. is the coalescence phase. All extrinsic parameters are de ned in
the frame of the Solar System barycenter.
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For density estimation, we employ a conditional normalizing ow based on a rational-
guadratic spline coupling transforms [72], adopting the same network architecture as in
Ref. [60]. In addition to the ow network, Dingo incorporates an embedding network
that compresses the input strain data into a 128-dimensional feature vector for each
detector channel. Together, these two networks comprise approximately 361 millions
learnable parameters.

We train the neural network on simulated data generated with the IMRPhenomXHM
waveform approximant [78], including all available emission modes and additive sta-
tionary Gaussian noise realizations sampled from the xed PSD. The training dataset
includes10’ waveforms covering the intrinsic-parameter space, while the extrinsic pa-
rameters are generated on-the-y. Parametersare drawn as follows: chirp mass
M. E [8+1CF; 2 « 10] M4 and mass ratiaq E [0:2; 1jare derived from components
masses sampled uniformly in the range; m, E [7 ¢ 1¢; 3 « 10] M, subject to the
constraintm; > m,. This choice ensures that the signal remains within the validity
range of the low-frequency response model discussed above. Following Ref. [85], we
adopt a uniform prior in luminosity distanceg, E [15; 50] Gpowhich improves training
performance, while ensuring coverage of the target SNR range across the mass inter-
val considered. Dimensionless spin magnitudes are drawn from a uniform distribution

Figure 4.1: Evolution of the training (green) and validation (teal) losses as a function of epoch.
The drops at epochg 160, 220, 255, 275, and 360 are due to learning rate reductions triggered by
the ReduceLROnNPIlateau scheduler [135].

ay.» E [0; 0:99]while spin orientations are assumed to be isotropic and marginalized over
the planar components. The resulting prior on the aligned dimensionless spinpeaks
at zero, as shown in Fig. 4.6. Standard uninformative priors are adopted for all remaining
angular parameters. All training signals are evaluated at a xed reference tiyge= 1 yr,
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so that the neural network does not need to learn the modulation induced by LISA's
heliocentric motion. As discussed in Ref. [103], correcting for detector motion would be
straightforward. Finally, we adopt a uniform prior on the coalescence tigithin 30
minutes around the reference tintgs, implicitly assuming that a su ciently accurate
trigger time is supplied by a preceding low-latency search pipeline. The short runtime
of our method (see Sec. 4.3.2 for details) allows continuous processing of consecutive
data segments as an alternative to a trigger-based approach, provided the model remains
uninformative in the absence of a signal.

The network is trained for 400 epochs with a batch size of 4096. We use the Adam
optimizer [99] with an initial learning rate of2 « 10, which is reduced by a factor of
0.4 when the validation loss stagnates for 15 epochs. As shown in Fig. 4.1, the training
and validation losses closely track each other throughout optimization, indicating stable
convergence and no evidence of over tting. Training was performed on a single 40 GB
NVIDIA A100 GPU and required approximately 10 days.

4.3 Results

We validate our inference code both internally, using a large number of injections drawn
from the prior distribution (Sec. 4.3.1), and externally, by comparison with a standard
stochastic sampler (Sec. 4.3.2) and previous works (Sec. 4.3.3).

4.3.1 Model validation

Once trained, we employ the ow-based model for posterior inference, enabling rapid
sampling for data consistent with the training priors and the assumed PSD of the noise.
Residual discrepancies in the learned posterior approximation arising from limited
training or nite network expressivity are mitigated via importance sampling (IS) [61]
using the ow posterior as a proposal distribution. We quantify the quality of the
reweighted samples through the sampling e ciency

3 N 2

= M e 5100 4.1
_m U, ]l ()

| |
which depends on the distribution of the importance weights associated with théN
samples ; drawn from the ow. The importance weights are de ned as

CLdd .l

Wi q. i/ ’ (42)
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whereL.dd / denotes the likelihood of the dat@, ./ the prior distribution, andg. / the
proposal distribution de ned by the ow. The corresponding e ective sample size is then
given byNe = *N . We assess the statistical calibration of the model using an ensemble

Figure 4.2: Probability-probability ¢ p) plot for 1000 simulated injections obtained with Dingo-

IS. Colored curves show results for each of the 11 marginal distributions. The dashed line indicates
a uniform distribution, and grey shaded regions denote the expecfef?2 ; 3 confidence
intervals. KS test p-values are provided in the legend.

of 1000 simulated signals drawn from the prior and injected into stationary Gaussian
noise. The results are summarized in thep plot shown in Fig. 4.2, which illustrates

the percentiles of the cumulative distribution function (CDF) of the marginal posterior
at which the injected parameter values are recovered. For all parameters, the percentile
distributions are consistent with uniform distributions, indicating well-calibrated results.
This is further supported by a Kolmogorov-Smirnov (KS) test, which does not reject
the null hypothesis of uniformity at the 95% signi cance level and yields a combined
p value of 0.27 using Fisher's method [77]. Across the analyzed events, we obtain a
median sampling e ciency of i 22~ , consistent with previous application of Dingo-IS

to LIGO-Virgo-KAGRA observations [61].

4.3.2 Benchmarking

We benchmark Dingo against posterior samples obtained with the nested sampling
algorithm [151] as implemented in Nessai [173]. To ensure a consistent comparison,
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Table 4.1: Injected parameter values for the three representative sources at low, moderate, and
high SNR used in this work.

Low SNR| Moderate SNR High SNR
Parameter
SNR =87 SNR =500 SNR = 1000
M [10'Mg] 1:61 1:30 0:90
q 0:82 0:54 0:47
1 *0:47 *0:09 0:34
2 *0:11 0:66 0:28
d. [Gpc] 44:14 21:91 16:96
jn[rad] 177 2:33 0:73
s[rad] 0:14 1:62 2:94
s[rad] 3:09 4:72 3:09
te[S] 820:0 395:0 *568:0
[rad] 1:13 0:98 2:51
c[rad] 3:36 2:18 2:74

both methods employ the same waveform model, prior distributions, analysis settings,
and noise PSD described in Sec. 4.2. We consider three representative signal injections
spanning the targeted SNR range, corresponding to low, moderate, and high SNRs of
approximately 87, 500, and 1000, respectively. The injected parameters are reported in
Table 4.1.

For each injection, we draw » 10* samples from the ow posterior. Initial sampling
requires less than two seconds on a single 40 GB NVIDIA A100 GPU, while IS adds an
additional ten to fteen seconds on 20 CPU cores, resulting in a full-parameter inference
time well below one minute per event. By comparison, the corresponding Nessai runs
were performed using 4000 live points and without acceleration or optimization tech-
niques. The runtime ranged from roughly ten days for the low-SNR case to about forty
days for the high-SNR scenario. These values likely represent a pessimistic estimate,
as GPU-accelerated analyses combined with heterodyned likelihood techniques (see e.g.
Ref. [97]) have been shown to reduce the computational cost of stochastic sampling
methods to tens of minutes. Nevertheless, the inference approach presented in this work
remains signi cantly less computationally demanding.
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Figure 4.3: Posterior distributions for our representative source with low SNRY ) obtained with di erent sampling
methods. The lower le triangle compares results from Dingo (dark-blue filled contours) and Dingo-IS (dashed blac
contours), while the upper right triangle compares Nessai (light-blue filled contours) and Dingo-I1S. Contours indicat
the 50% and 90% credible regions. The true injected values are indicated by do ed lines.
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In Fig. 4.3, we show the posterior distributions for the low-SNR injection, comparing
samples obtained from the raw Dingo output, after IS correction (Dingo-IS), and from
the reference Nessai analysis. Dingo and Nessai posteriors are in very close agreement,
with the corresponding Dingo-IS results fully overlapping both. This indicates that IS
introduces only negligible corrections in this regime, a conclusion further supported
by the recovered sample e ciency,= 50~, which corresponds to an e ective sample
size ofNegs = 10%. Beyond the overall agreement, Dingo successfully captures the non-
trivial structure of the posterior, including correlations between luminosity distange d
inclination ;y, and sky location (s; s). In particular, the characteristic multimodal sky
structure induced by the low-frequency response of LISA [120] is consistently recovered.

Figures 4.4 and 4.5 show the posterior distributions for the moderate- and high-
SNR sources, respectively. At moderate SNR, the raw Dingo posteriors display small
but noticeable deviations from the Nessai reference. These residual discrepancies are
e ectively compensated by IS, bringing the resulting Dingo-IS posteriors into close
agreement with Nessai. In this case, we report a sample e ciency ef 12~ and an
e ective sample size of by = 2:4 « 1.

For the high-SNR injection, the Dingo posteriors exhibit broader support than the
Nessai reference, resulting in limited overlap between the two distributions. In this
case, the learned proposal distribution assigns non-negligible probability mass to regions
of low true posterior density, leading to highly variable importance weights (Eq. 4.2)
and a sampling e ciency of = 0:05~. The resulting posterior estimate obtained with
Dingo-IS remains dominated by statistical uctuations, as illustrated by the one- and two-
dimensional marginal distributions in Fig. 4.5, due to the extremely small e ective sample
size (et = 10 ~ N ). Increasing the number of ow samples might improve the stability
and smoothness of the reweighted posterior. Despite this, it is worth noting that the raw
Dingo posterior correctly localizes the source within a restricted region of the parameter
space, reducing the original prior volume by approximately a factod6f at the 90%
credible level. The corresponding one- and two-dimensional marginal distributions also
provide good coverage of the target distribution, o ering a reliable starting point for
subsequent re nement with conventional stochastic sampling methods. The sky location
and polarization parameters remain weakly constrained owing to intrinsic degeneracies
in the adopted LISA response. As in the low- and moderate-SNR injections, the posteriors
are highly multimodal and extend over most of the prior range. Nonetheless, the model
captures the characteristic sky pattern expected in the low-frequency regime.
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