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Abstract

The observation of the merger of compact binaries can help constrain the uncertain
parameters that describe the underlying processes in the evolution of stars and binary
systems. Since the detection of gravitational waves by the advanced Laser Interferome-
ter Gravitational-wave Observatory (aLIGO) in 2015, the catalogue of compact binary
mergers has grown to ninety events, and is expected to grow to hundreds of events during
the fourth observing run of the LIGO, Virgo, and KAGRA (LVK) collaboration, which
began on on May 24, 2023. We can use the growing catalogue of compact binary merger
detections to probe cosmic history by discovering constraints on the parameters that

describe processes that help form the Universe.

Population synthesis is a powerful technique used in astrophysics to model the proper-
ties, evolution, and interaction of populations of astronomical objects such as isolated
stars, binary stars, multiple star systems (typically triples, but higher-order systems are

possible), star clusters, galaxies, and supernovae.

In this thesis, we enhance and extend the Compact Object Mergers: Population As-
trophysics and Statistics (COMPAS) stellar and binary population synthesis computer
model, then we demonstrate that properties of synthesised populations of merging com-
pact binaries — namely, detection rates, chirp masses, and redshifts — can be used to
measure cosmological parameters describing the redshift-dependent star formation rate

and metallicity distribution.

We release the COMPAS toolset publicly as open-source software, and we present, as a
proof-of-concept, a method that uses artificial neural networks to emulate a binary pop-
ulation synthesis computer model, and construct a fast, flexible, parallelisable surrogate
model that can be used for inference. By using the surrogate model to rapidly synthesise
populations of merging compact binaries, we can compare properties of the synthesised
populations to the catalogue of gravitational-wave events in order to constrain the un-

derlying process of star formation and evolution of stars and binary systems.
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Chapter 1

Introduction

Rapidly growing catalogues of compact binary mergers from advanced gravitational-wave
detectors allow us to explore the astrophysics of massive stellar binaries. Merger obser-
vations can constrain the uncertain parameters that describe the underlying processes in
the evolution of stars and binary systems in population models. In this thesis, we demon-
strate that properties of populations of merging compact binaries — namely, detection
rates, chirp masses, and redshifts — can be used to measure cosmological parameters
describing the redshift-dependent star formation rate and metallicity distribution. We
present, as a proof-of-concept, a method that uses artificial neural networks (ANNs) to
emulate a binary population synthesis computer model, and construct a fast, flexible,

parallelisable surrogate model that is used for inference.

We use the COMPAS population synthesis computer model for this work [1]. A key part
of the work done for this thesis was to enhance and extend COMPAS with the aim of
releasing it publicly as an open-source population synthesis toolset (described in Chap-
ter 2), and further work to extend the COMPAS model to include a new evolutionary
track (chemically homogeneous evolution (CHE), described in Chapter 3).

In the remainder of this chapter we present an overview of some of the concepts and
tools underpinning the work done for this thesis. An outline of the thesis is given in

Section 1.3.

1.1 Astronomical compact objects

Astronomical compact objects are formed from the remnants of massive stars that have

undergone a supernova explosion, leaving behind a collapsed core. These compact objects



are characterised by their extremely high density and small size. They include white

dwarfs, neutron stars, and black holes.

White dwarfs are the least massive of the compact objects. They are formed from the
cores of low-mass stars that have exhausted their nuclear fuel and shed their outer layers,
leaving behind a hot, dense, core. White dwarfs typically have masses similar to that of
the sun, but a radius that is only about the size of the Earth. They gradually cool over

billions of years, eventually becoming dark and cold.

Neutron stars, formed when the core of a massive star collapses inwards, compressing
protons and electrons together to form neutrons, are the most common type of compact
object. This collapse to a neutron star results in an incredibly dense object, with a mass
that is typically ~ 1.4 times that of the sun but a radius of only around 10km. Neutron
stars have extremely strong magnetic fields, and initially spin rapidly, emitting intense
beams of radiation that can be observed as pulsars. As a neutron star loses rotational

energy it radiates less energy, and eventually is no longer considered a pulsar.

Black holes are formed when the core of a massive star collapses to a singularity - the
singularity is no longer part of regular spacetime, and its properties can’t be described
with current physical theories. The extreme mass of the collapsed star causes such
extreme curvature of spacetime that the singularity is surrounded by an event horizon
from which nothing can escape. Black holes can have masses ranging from a few times
that of the sun to billions of solar masses, and are believed to be present at the centre
of most galaxies. Black holes can’t be seen directly (optically), but can be observed
indirectly through their effects on surrounding matter. When matter falls into a black
hole, it is accelerated to very high speeds, producing intense radiation in the form of
X-rays and gamma rays, and these emissions can be detected by telescopes and used to

study the properties of black holes.

Astronomical compact objects play a crucial role in our understanding of the Universe.
They are natural laboratories for testing the laws of physics under extreme conditions,
such as strong gravity, high magnetic fields, and intense radiation. They also provide
clues about the evolution of stars and galaxies, the formation of elements, and the origin
of cosmic rays. Studying compact objects requires a range of observational techniques,
including X-ray, gamma-ray, optical, radio, and gravitational-wave astronomy, as well as

theoretical modelling and simulations.



1.1.1 Compact binaries

Astronomical compact binaries refer to pairs of stars that orbit around their common
centre of mass, where at least one of the stars is a compact object such as a white dwarf,
a neutron star, or a black hole. These systems can provide valuable insights into the
nature of compact objects, the processes of stellar evolution, and the physics of extreme

environments.

Compact binaries can be observed through a variety of observational techniques, such as
detecting their X-ray and gamma-ray emissions, measuring their gravitational wave sig-
nals, and studying their optical and radio emissions. Different types of compact binaries
exhibit distinct observational properties. For example, X-ray binaries are characterised
by the presence of an accretion disk around the compact object, which emits X-rays as

the infalling material heats up and releases energy.

Binary pulsars, which consist of a pulsar and a companion star (often a white dwarf
or neutron star) in a close orbit, are an important, and much-studied, type of compact
binary. Binary pulsars emit regular pulses of radio waves as the pulsar rotates, allowing
astronomers to accurately measure the properties of the system, such as the masses of
the two stars, and the eccentricity of their orbit. Binary pulsars are also important for
testing theories of gravity, as they provide a strong testbed for the predictions of general

relativity.

The study of compact binaries helps further our understanding of a wide range of as-
trophysical phenomena, from the formation and evolution of stars to the behaviour of
matter under extreme conditions. Ongoing and future observations of these systems will

continue to provide new insights into the nature of the Universe and its constituents.

The formation of compact binaries typically occurs through two main channels (see, e.g.,

2, 3], for reviews):

e isolated binary evolution, in which two stars may interact through tides and mass
transfer, but are dynamically decoupled from other stars (e.g., [4-6]). This often
results in common envelope evolution, where a more massive star expands and

transfers material to its companion, causing the two stars to spiral closer together.

e dynamical interactions in dense stellar environments, such as globular clusters,

where three or more stars interact gravitationally to form a compact binary (e.g.,

[7-13)).



1.1.1.1 Isolated binary evolution

We know from gravitational wave observations that compact binaries exist with orbital
separations of just a few tens of solar radii. To be the source of gravitational waves
detected at advanced Laser Interferometer Gravitational-wave Observatory (al.IGO),
compact objects orbiting each other must spiral in as they lose energy through the
emission of gravitational waves. Orbital energy loss through gravitational wave emission
is not efficient at wide separations, and the timescale for gravitational wave emission to
drive a binary to merger scales as the fourth power of the orbital separation [14]. In
order for two (say) 30 Mg black holes to merge within the age of the Universe, their
initial separation must be below < 50 Rs. This challenges our understanding of binary

star evolution.

During main-sequence evolution, typical slowly rotating massive stars can reach a radial
extent of several thousand solar radii - much greater than the orbital separation required
for a binary black hole (BBH) to merge within the age of the Universe. Close binary
stars (those that should be able to merge within the age of the Universe by spiralling-
in due to orbital energy loss through gravitational wave emission) that contain one or
more stars that expand to even hundreds of solar radii should merge before they become
compact binaries. One possible solution is CHE, which we address in Chapter 3, but
we also know that a close binary star undergoes several physical processes during its life
[15], possibly including mass transfer, Roche lobe overflow, common envelope evolution,
tides, and supernovae with accompanying natal kicks [16], any of which can completely

change the final fate of the system.

1.1.1.2 Binary evolution through dynamical interactions

In dense stellar environments, such as globular clusters, the orbits of stars, and multiple
star systems, are very often perturbed by dynamical encounters with other stars or mul-
tiple star systems. These interactions affect the formation and the evolution of compact

binaries such as BBHs in multiple ways [17].

If a binary star interacts with a third star in a three-body interaction - a common
interaction in a dense cluster - the binary star will exchange some fraction of its internal
energy with the third star. If the orbital separation of the binary is small, such an
encounter will increase the kinetic energy of the ejected star at the expense of the orbital
energy of the binary, and reduce the orbital separation even further, which, in the case
of a BBH might drive the separation of the BBH into the regime where orbital decay by

gravitational waves becomes efficient, and so hasten the merger [3].



Due to the short dynamical friction timescale, mergers of massive stars are common in
dense young star clusters [18]. Such mergers can lead to the formation of black holes
with mass in the pair-instability mass gap [19], which can then acquire a companion by

dynamical exchanges, leading to the formation of BBHs in the pair-instability mass gap.

1.1.1.3 Merging compact binaries

When two compact objects, such as neutron stars or black holes, orbit each other, the
emission of gravitational waves due to their acceleration causes them to lose energy and
spiral inward. As they get closer and the curvature of spacetime becomes tighter, they
orbit faster and emit more gravitational waves - this continues until they eventually
merge. During the final stages of the merger, the objects are moving at a significant
fraction of the speed of light, and the gravitational wave amplitude reaches its peak.
As the objects merge, they release a burst of energy in the form of gravitational waves,
creating ripples in the curvature of spacetime that can be detected by gravitational wave

observatories on Earth.

The predictions of Michell [20] and Laplace [21, 22| notwithstanding, the first hints that
black holes (as we now understand them) may exist emanate from the work of Karl
Schwarzschild in 1916 [23, 24|. Schwarzschild’s solution to the Einstein field equations
[25] includes a parameter - the Schwarzschild radius - that defines the event horizon
of a massive, non-rotating, spherical object with no charge (what we now know as the
Schwarzschild black hole). The Schwarzschild radius is a characteristic radius associated
with any object that has mass, but for objects much less massive than black holes it is

negligible. The event horizon of a black hole is loosely considered to be its "surface".

In the hundred years since Schwarzschild’s work, black holes proved to be elusive -
while there were hints and circumstantial evidence, there was no unequivocal evidence
confirming the existence of black holes. Then, on February 11*" 2016, the detection
of a gravitational wave signature of two merging stellar-mass black holes of around 30
solar masses each, occurring about 1.3 billion light-years away, was announced by the
LIGO Scientific Collaboration and Virgo Collaboration [26]. The detection, known as
GW150914, was made on September 14" 2015, just over a hundred years after Einstein’s
field equations were first published, and just short of the 100-year anniversary of the

publication of Schwarzschild’s work.



1.1.1.4 Gravitational wave detections

Since that first detection, the field of gravitational-wave astronomy has grown rapidly.
The LVK collaboration has undertaken three observing runs since 2015 (runs O1, O2,
and O3, with O3 being in two parts: O3a and O3b). Observing run Ol ran from
September 12, 2015 to January 19, 2016; O2 from November 30, 2016 to August 25,
2017; O3a from April 1, 2019 to October 1, 2019; and O3b from November 1, 2019 to
March 27, 2020. Observing run O4 is currently underway, having begun on May 24,
2023.

To date the LVK collaboration has, through the release of Gravitational-wave Transient
Catalogs (GWTCs), reported ninety events with an astrophysical probability > 0.5,
with eighty-five merging BBHs, two double neutron stars (DNSs), and three black hole-
neutron stars (BHNSs) detected [27-30]. Planned upgrades in the near future to aLIGO,
including LIGO A+ [31] and LIGO Voyager [32], are expected to enable the detection
of many more events, while third generation gravitational wave (GW) detectors such as
the Einstein Telescope |33, 34] and the Cosmic Explorer [35, 36| are expected to detect

several tens of thousands of BBH and DNS mergers per year.

In 2017 August, both alLIGO and Virgo detected the DNS merger GW170817 [37], coin-
cident with the detection of the gamma ray burst (GRB) 170817A [38], and that, with
subsequent detections of the resulting kilonova and afterglow [39, 40|, was the first known
event to enable GW multimessenger astronomy. GW170817, and the later BBH merger
detected during LVK observing run O3, GW190521, which was identified as potentially
having an electromagnetic (EM) counterpart, are the only GW events thought to have

EM counterparts [41].

We have learned much from the detection of gravitational waves, and will continue to
learn much more as we observe more. One of the most significant things to emerge from
the detection of gravitational waves is the proven existence of black holes. While we
have postulated for a very long time that black holes must exist, and we knew there was
something very massive at the centre of many galaxies (ours amongst them), until the
first gravitational wave detection in 2015 we had never directly observed a black hole.
Now we have - GW150914, and the many detections since, proved that black holes really
do exist. Moreover, we also now know for sure that black holes can, and do, orbit one

another, and merge into single, larger, black holes.

Another very significant thing we learned from a gravitational-wave detection is what
short-duration GRBs are. The DNS merger GW170817 proved that when neutron stars
merge, a beam of gamma radiation is ejected - as was detected by the Fermi space

telescope mere seconds after the gravitational wave from the merger was detected by



alLIGO. Such gamma ray bursts had been seen in the past, and it was postulated that
they were the result of merging neutron stars, but until aLIGO detected GW170817, and
the Fermi space telescope detected GRB 170817A, we had no direct proof.

1.2 Population synthesis

Population synthesis is a powerful technique used in astrophysics to model the proper-
ties, evolution, and interaction of populations of astronomical objects such as isolated
stars, binary stars, multiple star systems (typically triples, but higher-order systems are
possible), star clusters, galaxies, and supernovae. The technique involves combining the
laws of physics and astrophysics with statistical methods to simulate the evolution and
interaction of a population of objects over time. By generating synthetic populations,
astronomers can explore the properties of these objects, such as their size (radius and
mass), luminosity, colour, age, and chemical composition, etc., and compare them to

observations, including gravitational wave observations from the LVK collaboration [31].

Population synthesis models are used to answer a wide range of questions in astrophysics,
including how stars and galaxies form, how they evolve over time, and how they interact
with their environment. The models take into account the physical processes that drive
the evolution of astronomical objects, such as nuclear fusion, mass loss through winds,
and interactions between objects in binary and higher-order systems, such as the effect
of tides, mass transfer, common envelope evolution, mergers, etc. Population synthesis
models can also be used to predict the properties of astronomical objects that have not
yet been observed, allowing astronomers to design observational campaigns to test their
predictions. Population synthesis has become an essential tool for modern astrophysics

and has led to many important discoveries in the field.

By simulating the formation and evolution of a large population of stars, astronomers can
study how the properties of those stars change over time. Moreover, population synthesis
models can be used to study the properties of stars at different stages of their evolution,
such as main-sequence stars, red giants, white dwarfs, including their (possible) explosive

deaths as supernovae, and the remnants they leave (white dwarfs, neutron stars, black
holes).

In recent years, the development of advanced computer simulations and observational
data have made population synthesis models even more powerful. With these tools,
astronomers can refine their models to make more accurate predictions and test them

against increasingly detailed observations. Population synthesis models continue to be a



critical tool for understanding the properties and evolution of astronomical objects and

for advancing our knowledge of the Universe.

1.2.1 Compact Object Mergers: Population Astrophysics and Statis-
tics (COMPAS)

COMPAS is an open-source integrated suite of software tools combining a robust, rapid,
and flexible population synthesis application for both single star evolution and binary star
evolution, with tools for deployment on a range of platforms, including high-performance
computing platforms, and a set of Python file management, population analysis, and

plotting scripts.

The heart of the COMPAS suite is the single star evolution (SSE) and binary star evolu-
tion (BSE) simulation code, developed in the C++ programming language [42]. C++ is
a cross-platform, object-oriented programming language that gives a clear structure to
programs and allows code to be more easily understood and maintained - it is one of the
world’s most popular programming languages, and has an established history of being
used to create high-performance applications. The COMPAS C++ code is modular,

object-oriented code, designed to be easily understood and extended.

COMPAS version 1 was developed from 2015 to 2019 [43-49|, and follows the Hurley
SSE and BSE algorithms [16, 50|, and the StarTrack code [51, 52|. The use of polynomial
fitting formulae for stellar attributes, as a function of only the initial mass, metallicity,
and age of a star, allows population synthesis applications based on the Hurley SSE
and BSE algorithms to evolve systems rapidly, and with as much detail as possible
without using the detailed evolutionary algorithms used in applications such as Modules
for Experiments in Stellar Astrophysics (MESA) [53-55].

Other population synthesis tools exist, each with their own raison d’étre. These include
applications such as binary ¢ [56-58|, Scenario Machine [59, 60|, SeBa [61, 62], COSMIC
[63], Mobse [64], and BPASS [65]. COMPAS was designed to be fast, allowing users to
rapidly simulate large populations of either single stars or binary stars, and flexible,
providing users with the means to easily configure the many tunable attributes of the
stars and binaries simulated. For a comparison of the data products for some of the
population synthesis tools listed here, interested readers should monitor the currently-
underway Synthetic UCB (Ultra-compact binaries) Catalogs Project being conducted by
the LISA Science Group [66].

The Hurley SSE and BSE algorithms used polynomial fits to stellar tracks from Pols et al.

[67]. Recently a number of new population synthesis applications have been developed



that integrate stellar evolution by interpolation over a grid of stellar evolution tracks
rather than using polynomial fits to a single set of tracks. These include ComBinE [68],
METISSE [69, 70|, SEVN |71], and POSYDON [72]. The benefit of this approach is that
polynomial fits to new and updated stellar tracks are not required, however the quality of
interpolation depends heavily on the density and completeness of the input tracks. The
performance and memory requirements of the approach are proportional to the number
of tracks used for interpolation - as the number of tracks increases, memory consumption

rises and execution times increase.

1.3 Thesis outline

The remaining sections of the thesis are organised as follows:

e Chapter 2 presents a description of the development and public release of COMPAS

version 2.
e Chapter 3 describes the extension of COMPAS version 2 to include the CHE track.
e Chapter 4 describes the construction and validation of the surrogate model.

e Chapter 5 concludes with a summary of the work presented in the thesis, and some

remarks on possible future work.



Chapter 2

Compact Object Mergers:

Population Astrophysics and
Statistics (COMPAS)

As noted earlier, COMPAS version 1 was developed from 2015 to 2019 [43-49|, and was
an effective tool for simulating populations of binary stars, but while an object-oriented
architecture was conceived of and the code was written in C++, over time through
the iterative nature of research, with several contributors to the C++ code, the code
base drifted somewhat from the object-oriented programming paradigm, and became
difficult to understand (at least for users new to the code), and not easily extensible and

maintainable.

We undertook the task of refactoring the existing COMPAS C++ code (COMPAS ver-
sion 1) into a well-structured, object-oriented, and modular application that would be
more easily extended and maintained, with a view to making it more accessible to a
broader user-base by releasing it publicly as open-source code. COMPAS version 2 is

the result.

Source code refactoring is the process of restructuring existing source code without chang-
ing its external behaviour. The motivation to refactor existing code is to improve the
design, structure, and/or implementation of the software, while preserving its functional-
ity. Typically, refactoring applies a series of small changes to the source code that either
preserve the behaviour of the software, or at least do not modify its conformance to
functional requirements. In this case, however, the entire code-base was redesigned and
rewritten, while preserving the astrophysical algorithms that underpin the simulation of

single star and binary evolution.
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The architecture of the application now conforms to the object-oriented programming
paradigm, making it much easier to extend and maintain. A new, comprehensive logging
subsystem was added, as was flexible and extensible functionality for users to specify a
grid of systems to evolve (specifying initial attributes of each system, rather than just
a population of randomly sampled systems). Code versioning, change logs, and docu-
mentation in the form of an online user and developer guide were added. COMPAS was
made available as open-source software in March 2020 [73], and has since developed an
active, rapidly growing, user and developer base, and through them COMPAS continues

to improve and expand.

The following two papers, Riley et al. |1, 74|, describe the COMPAS version 2 code
and the physics implemented therein. COMPAS version 2 is the product of the entire
COMPAS collaboration over many years.

More information about COMPAS is available on the COMPAS web page!.
The COMPAS code is available in the COMPAS public repository? on github [75].

COMPAS documentation is available online?.

"https://compas.science/index.html
Zhttps://github.com/TeamCOMPAS/COMPAS
Shttps://compas.readthedocs.io/en/latest/
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Abstract

Compact Object Mergers: Population Astrophysics and Statistics (COMPAS; https://compas.science) is a public
rapid binary population synthesis code. COMPAS generates populations of isolated stellar binaries under a set of
parameterized assumptions in order to allow comparisons against observational data sets, such as those coming
from gravitational-wave observations of merging compact remnants. It includes a number of tools for population
processing in addition to the core binary evolution components. COMPAS is publicly available via the GitHub
repository https://github.com/TeamCOMPAS /COMPAS/, and is designed to allow for flexible modifications as
evolutionary models improve. This paper describes the methodology and implementation of COMPAS. It is a
living document that will be updated as new features are added to COMPAS; the current document describes
COMPAS v02.21.00.

Unified Astronomy Thesaurus concepts: Stellar populations (1622); Binary stars (154); Neutron stars (1108); Black

https://doi.org/10.3847/1538-4365 /ac416¢

CrossMark

holes (162)

Software reviewed by the Journal of Open Source Software J&SS

1. Introduction

The majority of massive stars are born in a stellar binary- or
multiple-star system with other stellar companions (e.g., Chini
et al. 2012; Sana et al. 2012, 2014; Kobulnicky et al. 2014;
Almeida et al. 2017; Moe & Di Stefano 2017). The subsequent
evolution of massive stellar binaries plays a critical role in
many fields of astronomy. Massive binaries are thought to play
key roles in the reionization of the universe (e.g., Conroy &
Kratter 2012; Ma et al. 2016b; Eldridge et al. 2017; Rosdahl
et al. 2018; Gotberg et al. 2019, 2020), nucleosynthesis (e.g.,
Dray & Tout 2003; Izzard et al. 2006; Woosley & Heger 2007;
Langer 2012), and the diversity of observed supernovae (e.g.,
Podsiadlowski et al. 1992; Eldridge et al. 2013, 2018, 2019a;

5 The public COMPAS code is a product of work by the entire COMPAS
collaboration over many years; we therefore kindly request that, in recognition
of this team effort, the paper is cited as “Team COMPAS: J. Riley et al.”

Original content from this work may be used under the terms

BY of the Creative Commons Attribution 4.0 licence. Any further
distribution of this work must maintain attribution to the author(s) and the title
of the work, journal citation and DOL

Tauris et al. 2015; Moriya et al. 2017; Yoon et al. 2017, 2019;
Zapartas et al. 2019, 2021). Some massive binaries will evolve
into systems containing one or two compact objects, which can
be observed as X-ray binaries (e.g., Remillard & McClin-
tock 2006), double neutron stars (e.g., Tauris et al. 2017), short
gamma-ray bursts (e.g., Woosley & Bloom 2006; Berger 2014),
and gravitational-wave transients (e.g., Mandel & Farmer 2018;
Abbott et al. 2019; Mandel & Broekgaarden 2021).

Many physical processes in the evolution of a binary system
are uncertain. The uncertainties in stellar wind mass loss, mass
transfer, common envelope physics, supernova remnant
masses, and natal kicks, among others, can be constrained by
comparing the observed populations listed above against
theoretical predictions under a range of assumptions. The
essence of binary population synthesis (BPS) simulations is to
enable modeling of large populations by combining prescrip-
tions for single-star evolution (SSE) and binary star evolution
(BSE), modeling the evolution of stars from zero-age main
sequence (ZAMS) until their final states.

In this paper we present the publicly available BPS suite
Compact Object Mergers: Population Astrophysics and Statis-
tics (COMPAS). The core of COMPAS is a BPS code that models
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the evolution of a population of binary stars using a set of
simplified prescriptions or recipes for stellar and binary evolution.
By doing so, COMPAS can compute the full evolution of a typical
binary system in around 10 ms on a modern laptop, and compute
the evolution of a million binaries in a few CPU hours. The
general approach is similar to other BPS codes including the
Scenario Machine (Lipunov et al. 1996a, 1996b, 2009), IBiS
(Tutukov & Yungelson 1996), SeBa (Portegies Zwart &
Verbunt 1996; Portegies Zwart & Yungelson 1998; Nelemans
et al. 2001; Toonen et al. 2012), BSE (Hurley et al. 2002),
StarTrack (Belczynski et al. 2002, 2008, 2020b), binary_c (Izzard
et al. 2004, 2006, 2009), MOBSE (Giacobbo & Mapelli 2018;
Giacobbo et al. 2018), and COSMIC (Breivik et al. 2020).

In addition to the core BPS code, COMPAS also provides
several other publicly available tools, including rapid single
stellar evolution, postprocessing tools to study the evolution of
populations over cosmic time (Neijssel et al. 2019), post-
processing scripts to model the detectability of double compact
objects, or DCOs [comprising double neutron stars (DNS),
binary black holes (BBH), and black hole—neutron star (BH-
NS) mergers] by ground-based gravitational-wave observa-
tories (e.g., Barrett et al. 2018), a statistical sampling frame-
work to optimize the computational cost of BPS (Broekgaarden
et al. 2019), and models for specific evolutionary phases such
as X-ray binaries and pulsars (e.g., Chattopadhyay et al. 2020;
Vinciguerra et al. 2020).

COMPAS was developed with a primary focus on the study of
compact object mergers that serve as sources of gravitational
waves. It has been used extensively to investigate the properties
of compact binaries containing neutron stars and black holes.
Stevenson et al. (2017) studied the formation history of the first
three BBHs detected via gravitational waves. Barrett et al.
(2018) explored how future gravitational-wave observations
will allow us to determine the physics of massive binary
evolution. Stevenson et al. (2019) included the impact of
(pulsational) pair-instability supernovae. Neijssel et al. (2019)
investigated the consequences of uncertain metallicity-specific
star formation history on the rate and properties of DCO
mergers. Lau et al. (2020) predicted the number of DNSs
detectable with LISA and the inference these observations will
enable. Bavera et al. (2020) used COMPAS to predict the spin
distribution of merging BBHs. van Son et al. (2020)
investigated the robustness of the predicted pair-instability
mass gap to uncertainties in the accretion efficiency for black
holes. Riley et al. (2021) studied chemically homogeneous
evolution as a pathway to BBH formation. Mandel et al. (2021)
considered the consequences of an alternative, stochastic recipe
for compact remnant masses. Vigna-Gémez et al. (2021)
explored sequential BBH mergers during triple evolution.
Broekgaarden et al. (2021a) and Broekgaarden & Berger
(2021) focused on the formation of black hole-neutron star
binaries. van Son et al. (2021) investigated the relative
contributions of dynamically stable and unstable mass transfer
to BBH mergers over cosmic history. Broekgaarden et al.
(2021b) investigated the relative impact from uncertain
metallicity-specific star formation history to that from uncertain
stellar evolution on the rate and properties of DCO mergers.

A number of other consequences of massive binary evolution
have been explored with COMPAS. Vigna-Goémez et al. (2018)
used observations of Galactic DNSs to constrain evolutionary
physics. Chattopadhyay et al. (2020) used the same population to
constrain birth distributions of pulsar spin periods and magnetic
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field strengths, as well as magnetic field decay scales. Schrgder
et al. (2020) investigated optical counterparts to common
envelope (CE) events which fail to eject the envelope and result
in a merger. Howitt et al. (2020) explored luminous red novae: red
optical transients associated with CE events. Vigna-Gémez et al.
(2020) cataloged the CE events en route to DNS formation.
Mandel & Miiller (2020) took advantage of COMPAS SSE
modules in formulating a stochastic compact remnant mass
prescription and momentum-conserving natal kick prescription.
Vinciguerra et al. (2020) studied the population of Be X-ray
binaries to establish constraints for mass accretion efficiency.
Chattopadhyay et al. (2021) explored the prospects for observing
neutron star—black hole binaries in future radio pulsar surveys.
Miller-Jones et al. (2021) and Neijssel et al. (2021) constrained the
massive stellar wind mass loss with observations of the black hole
(BH) high-mass X-ray binary Cygnus X-1. Willcox et al. (2021)
compared COMPAS models to observed pulsar velocities in order
to study neutron star natal kicks.

COMPAS has also played an important role in developing
more efficient sampling, inference, and model emulation
techniques. Barrett et al. (2017) attempted to generate
computationally efficient surrogate models of binary popula-
tion synthesis through Gaussian process emulation. Taylor &
Gerosa (2018) used COMPAS public data as an example in their
hierarchical inference study. Broekgaarden et al. (2019) applied
importance sampling to enable computationally efficient DCO
simulations. Lin et al. (2021) developed new tools for
classification and emulation based on (local) Gaussian process
models and the COMPAS suite.

In this paper we introduce the COMPAS code and discuss its
methodology and implementation. The paper is organized as
follows. Section 2 presents the main features of COMPAS. Section 3
discusses the implementation of single stellar evolution in COMPAS.
Section 4 discusses binary stellar evolution prescriptions. In
Section 5 we describe how COMPAS can be used to model
populations of binaries. Section 6 describes the postprocessing tools
available within COMPAS. Section 7 illustrates a few applications of
COMPAS. We conclude in Section 8.

2. COMPAS
2.1. Overview

coMPAS'” is an open-source integrated suite of software
tools combining a robust, rapid, and flexible population
synthesis application for both single-star evolution and binary
star evolution, with tools for deployment on a range of
platforms, including high-performance computing platforms,
and a set of Python postprocessing analysis and plotting scripts.

The heart of the COMPAS suite is the SSE and BSE simulation
code, developed in the C++ programming language. C++ is a
cross platform, object-oriented programming (OOP) language that
gives a clear structure to programs and allows code to be easily
understood and maintained—it is one of the world’s most popular
programming languages, and has an established history of being
used to create high-performance applications. The COMPAS C+-+
code is a modular, object-oriented code, designed to be easily
understood and extended.

Results produced with COMPAS are publicly available.'®

17 compas.science. Code available at https://github.com/TeamCOMPAS /
COMPAS.

¥ hitps: //zenodo.org/communities /compas/
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Figure 1. SSE class and container diagram (arrows indicate inheritance).

2.2. Mode: Single Star versus Binary Star

COMPAS operates in either one of two selectable modes: SSE
or BSE. As the names suggest, in SSE mode COMPAS evolves
single stars, and in BSE mode COMPAS evolves binary stars.

The SSE algorithm covers all evolution phases from the
ZAMS up to and including the remnant stages. The allowed
range of ZAMS masses, M € [0.1, 150] M, extends the range
of Hurley et al. (2000) models by extrapolation; the allowed
range of metallicities Z € [1074, 0.03] follows these models
(see Section 3 for a full description).

In BSE mode, the SSE code provides the stellar attributes
(e.g., luminosity, radius, temperature, etc.) for each of the
component stars as they evolve. COMPAS evolves binary stars
until a DCO is formed, the component stars merge, or,
optionally, the binary is disrupted.

In either mode (SSE or BSE), users can specify a maximum
evolution time and/or maximum number of evolutionary steps,
after which evolution is halted.

2.3. Architecture

The SSE and BSE simulation code at the heart of COMPAS is
written in C++ using OOP concepts. The architecture is based
on stellar type, with each stellar type being described by a
separate C+-+ class. Figure 1 shows the SSE class and

container diagram, where the arrows indicate inheritance (the
OOP mechanism used to base one class upon another: the
inheriting class inherits the implementation of the inherited
class). The COMPAS C++ code is implemented using multiple
inheritance, and all stellar classes also inherit directly from the
BaseStar class (arrows not shown in Figure 1 for clarity). Each
of the stellar classes encapsulates data structures and algorithms
specific to the evolutionary phase corresponding to the class."”

The Star class shown in Figure 1 is a container class for the
stellar classes. An instance of the Star class is a single star
being evolved by COMPAS, and contains an object that is
created as a BaseStar object, and evolves, over time, through
various SSE classes shown in Figure 1.

Figure 2 shows the BSE class and container diagram. The
main class for binary star evolution is the BinaryStar class. The
BinaryStar class is a wrapper, containing a BaseBinaryStar
class object, and abstracts away the details of the binary star
and the evolution. The BaseBinaryStar class is a container class
for the objects that represent the component stars of a binary
system. An instance of the BaseBinaryStar class is a binary
system being evolved by COMPAS, and contains a Binar-
yConstituentStar class object for each of the component stars

19 The class names shown in Figure 1 do not match the class names used in the
COMPAS C++ code, which are abbreviated into single words or acronyms.
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Figure 2. BSE class and container diagram.

(i.e., the primary and secondary stars), as well as data structures
and algorithms specific to the evolution of a binary system. The
BinaryConstituentStar class inherits from the SSE Star class,
so objects instantiated from the BinaryConstituentStar class
inherit the characteristics of the SSE Star class, particularly the
stellar evolution model. The BinaryConstituentStar class
defines additional data structures and algorithms (to the data
structures and algorithms provided by the SSE classes) required
to support the evolution of a binary system component star.

2.4. Evolutionary Models
2.4.1. SSE Model

The SSE model implemented in COMPAS (see Section 3 for
more details) follows Hurley et al. (2000), using their analytical
fits to the models of Pols et al. (1998). After the creation of the star
according to the initial conditions (specified or sampled), the
evolution of a single star proceeds by integrating the attributes of
the star over its lifetime, and stops when the star evolves to a
remnant, or the maximum time, or maximum number of time
steps is reached.

Figure 3 shows a high-level overview of the code flow for SSE.

2.4.2. BSE Model

The binary evolution model implemented in COMPAS is broadly
similar to the BSE population synthesis application (Hurley et al.
2002), and other population synthesis applications derived from it,
such as binary_c (Izzard et al. 2004, 2006, 2009; De Minkde Mink
et al. 2013) and StarTrack (Belczynski et al. 2002, 2008).

After the creation of the binary system according to the
initial conditions (specified or sampled), the evolution of a
binary system proceeds by integrating the attributes of the
system over its lifetime and stops if the component stars merge,
when the system forms a DCO, is disrupted, or the maximum
time or maximum number of time steps is reached.

Figure 4 shows a high-level overview of the code flow
for BSE.

2.5. Time Stepping

The initial estimate of the time step used in SSE follows
Hurley et al. (2000), where the time step varies depending upon
the evolutionary phase of the star (see Section 3 for a full list of
the stellar types). COMPAS then checks whether the time step
produces excessive change, defined as either

1. mass loss greater than 1%, or
2. radial change greater than 10%

over the time step, and limits the time step accordingly.
For nuclear timescale evolution, we limit the time step to a
minimum of 100 yr, and we impose an overall minimum time

Calculate time step

Save state

l<—| Reduce time step |
Age star | time step:
Revert to saved state

Update stellar attributes
Resolve any envelope loss
Resolve any SN event

Too much
change (Mass
or Radius)?

NO
Switch stellar type if
necessary

Time step
already at
minimum?

Time or NO Is the star a

steps
remnant?
m

Figure 3. High-level SSE evolution.

step of 100 s, including for dynamical timescale evolution (see
Section 3.3).

For the BSE time step, COMPAS uses the minimum of the
binary constituent stars’ SSE time steps: this allows the
constituent stars to evolve using time steps that do not produce
excessive change. Changes in binary properties are not
separately considered when calculating the time step since
large changes in binary properties would be accompanied by
similarly large changes in constituent star properties.

COMPAS provides a mechanism for the user to scale the
calculated time step by a positive scaling factor. Scaling is
performed prior to limiting of the time step.
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Figure 4. High-level BSE evolution.
2.6. Input and Configuration

COMPAS provides wide-ranging functionality and affords
users much flexibility in determining how the synthesis and
evolution of stars (single or binary) is conducted. Users
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configure COMPAS’S functionality and provide initial condi-
tions via the use of program options and input grid files. The
full list and description of program options and grid files can be
found in the COMPAS online documentation.””

2.7. Default Model

Investigating massive star and binary evolution requires
modeling many complicated astrophysical processes. In BPS
codes, this is often done through the use of simple analytic
prescriptions, which are calibrated either to theoretical predictions
or to results from observations (see Sections 3 and 4 for more
details in the context of SSE and BSE). In this paper, we refer to
our default set of modeling assumptions, including which
prescriptions are used, as our Default (or “default”) model. This
model is summarized in Table 1. This model has been calibrated to
match a range of observations (see Section 1 for a brief overview).
There are, however, large uncertainties in the prescriptions used.
COMPAS is flexible, and in many cases, we provide additional
options to allow users to easily vary their choices from our defaults.

2.7.1. Program Options

COMPAS provides a rich set of configuration parameters via
program options, allowing users to vary many parameters that
define the initial attributes and/or affect the evolution of single
and binary stars being evolved. Furthermore, COMPAS allows
some parameters to be specified as ranges or sets of values via
the program options, allowing users to specify a grid of
parameter values on the command line. Combining command
line program options, particularly ranges and sets, with a grid
file allows users great flexibility in specifying more complex
combinations of parameter values.

2.7.2. Grid Files

A grid file allows users to specify, in plain text, initial values
and physics assumptions for multiple systems for both SSE and
BSE. Each line of a grid file is used by COMPAS to set the initial
values of an individual single star (SSE) or an individual binary
system (BSE), and the physics assumptions to be used to evolve
the star or system.

2.8. Output

COMPAS provides real-time status information during the
evolution of systems. Detailed and summary information about
the star or system being evolved is written to log files as the
evolution proceeds.

A number of COMPAS log files may be produced depending
upon the simulation type (SSE or BSE) and user specifications.
These log files record, for each star or system being evolved:

1. summary information at the completion of evolution,

2. detailed information at each time step,

3. detailed information at the time of each stellar type
switch,

4. summary information for all supernovae (SNe) events,

5. summary information for all CE events during BSE,

6. detailed information for all Roche-lobe overflow (RLOF)
events during BSE,

7. summary information for all DCOs formed during
BSE, and

20 hitps: //compas.science /docs/
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Table 1

Initial Values and Default Settings for Binary Population Synthesis Simulation with COMPAS

Description and Name

Value/Range

Note/Setting

Initial conditions

Initial mass M, ;

Initial mass ratio ¢; = M»;/M, ;
Initial semimajor axis a;

Initial metallicity Z;

[5, 150] M,
[0.01, 1]
[0.01, 1000] au
[0.0001, 0.03]

Kroupa (2001) IMF ocM; *™F with aqpyg = 2.3 for stars in this mass range
We assume a flat mass ratio distribution p(q;) oc 1 with M,; > 0.1 M,
Distributed flat-in-log p(a;) o 1/q;

Distributed flat-in-log p(Z) o 1/Z;

Initial orbital eccentricity e; 0 All binaries are assumed to be circular at birth
Fiducial parameter settings
Chemically homogeneous evolution Enabled Following Riley et al. (2021), “pessimistic” version checking for threshold throughout evol-

Stellar winds for hydrogen-rich stars

Stellar winds for hydrogen-poor helium
stars

Mass-transfer stability criteria

Mass-transfer accretion rate

Nonconservative mass loss

Case BB mass-transfer stability

Circularization at the onset of RLOF

CE prescription

CE efficiency a-parameter

CE A-parameter

Hertzsprung gap (HG) donor in CE

SN natal-kick magnitude for white
dwarfs

SN natal-kick magnitude vy for NS

SN natal-kick magnitude for BH

SN natal-kick polar angle 6y

SN natal-kick azimuthal angle ¢

SN mean anomaly of the orbit

Core-collapse SN remnant mass
prescription

USSN remnant mass prescription

ECSN remnant mass prescription

Core-collapse SN velocity disper-
sion oD

USSN and ECSN velocity disper-
sion oD

PISN/PPISN remnant mass prescription

Belczynski et al.
(2010)
Belczynski et al.
(2010)
(-prescription
Thermal timescale
Eddington-limited
Isotropic re-emission

Always stable
On

a— A

1.0

>\Nanjing
Pessimistic

0

[0, co ) km s~
[0, co ) kms™!
[0, 7]

[0, 2]

[0, 27]
Delayed

Delayed

me= 126 M,
265 kms ™'
30 kms™!

Marchant et al.

ution (Section 3.4).
Based on Vink et al. (2000, 2001), including LBV wind mass loss with fj gy = 1.5.

Based on Hamann & Koesterke (1998) and Vink & de Koter (2005).

Based on Vigna-Gémez et al. (2018) and references therein

Limited by thermal timescale for stars Vigna-Gémez et al. (2018), Vinciguerra et al. (2020)
Accretion rate is Eddington-limited for compact objects

Massevitch & Yungelson (1975), Bhattacharya & van den Heuvel (1991)

Soberman et al. (1997), Tauris & van den Heuvel (2006)

Based on Tauris et al. (2015, 2017), Vigna-Gomez et al. (2018) (Section 4.2)

Instantly circularized to periapsis (Section 4.2)

Based on Webbink (1984), de Kool (1990)

(Section 4.2.4)

Based on Xu & Li (2010a, 2010b) and Dominik et al. (2012)

Defined in Dominik et al. (2012): HG donors do not survive a CE phase

We assume WDs do not receive natal kicks (Section 3.7.1)
Drawn from Maxwellian distribution with standard deviation o2
Reduced relative to NS kicks by the fallback fraction (Fryer et al. 2012), see Section 3.9
p(0x) = sin(0y) /2

Uniform p(¢) = 1/(27)

Uniformly distributed

From Fryer et al. (2012), which has no lower BH mass gap

From Fryer et al. (2012)

Based on Equation (8) in Timmes et al. (1996)

1D rms value based on Hobbs et al. (2005)

ID rms value based on e.g., Pfahl et al. (2002a), Podsiadlowski et al. (2004)

As implemented in Stevenson et al. (2019)

(2019)
Maximum NS mass maxns=2.5 M, Mass division between NS and BH (Section 3.7.2)
Tides and rotation No tides and/or rotation except chemically homogeneous evolution
Simulation settings
Binary fraction Jon=1 Corrected factor to be consistent with, e.g., Sana (2017)
Solar metallicity Z, Z., = 0.0142 Based on Asplund et al. (2009)

Note. COMPAS users who wish to provide a similar table accompanying their publication can find a template at https://github.com/FloorBroekgaarden/

templateForTableBPSsettings.

8. detailed pulsar evolution information.

COMPAS log files are created and written as hierarchical data
format, version 5 (HDF5) ﬁles,21 comma separated values
(CSV) files, tab separated values (TSV) files, or plain text files,

as specified by the user.

21 https: //www.hdfgroup.org/

The COMPAS software suite includes a Python postproces-
sing script to combine all COMPAS output HDF5, CSV, or TSV
files into a single HDF5 file, which is especially useful if a
single large experiment is spread over several virtual machines.

3. Single Stellar Evolution

As stars evolve, they experience nuclear fusion while balancing
gravity with pressure and radiating away excess energy.



THE ASTROPHYSICAL JOURNAL SUPPLEMENT SERIES, 258:34 (30pp), 2022 February

Consequently, their composition, radius, temperature, and lumin-
osity all change, they may lose mass in stellar winds, and
sufficiently massive stars may explode in SNe at the end of their
lives.

COMPAS currently relies on rapid algorithms that provide
estimates for how various fundamental stellar properties, such
as their radii and luminosities, change as a star evolves through
different evolutionary phases. The algorithms that capture how
stars evolve—the SSE library—are at the core of the COMPAS
code. These routines govern the evolution of single stars, as the
name suggests, but they are also used to capture how a star
evolves under the external influence of a binary companion.

In this section we begin by giving an overview of the
evolutionary algorithms implemented in COMPAS that govern
the evolution of the main properties of stars (Section 3.1). We
then discuss some of the key evolutionary stages that stars
evolve through (Section 3.2), and highlight several important
evolutionary timescales in stellar evolution (Section 3.3). We
proceed to describe the effects of rapid rotation that are
included in COMPAS (Section 3.4), and describe the
prescriptions available in COMPAS for incorporating mass
loss in stellar winds (Section 3.5). We end this section by
discussing the properties of stellar remnants: white dwarfs
(WDs), neutron stars (NSs), and BHs.

3.1. Evolutionary Algorithms

COMPAS computes the properties of a star (such as
luminosity, radius, or core mass) as functions of a star’s mass,
metallicity, and age using analytic formulae, fit to detailed stellar
models. The ZAMS radius Rzams and luminosity Lzavs are
calculated as functions of mass and metallicity using the analytic
formulae from Tout et al. (1996). During the evolution we use the
formulae from Hurley et al. (2000), developed to match the
detailed stellar models of Pols et al. (1998; see also Eggleton et al.
1989 and Tout et al. 1997 for the basis of this approach).

The Pols et al. (1998) stellar models are for nonrotating stars
and span ZAMS masses between 0.1-50 M. The original
models do not include any mass loss. We incorporate mass loss
following Hurley et al. (2000) as described in Section 3.5.
Since the Hurley et al. (2000) formulae are polynomials in
Mzanms, they can easily be extrapolated to higher masses by
evaluating them outside of this range. We find that the fits
extrapolate smoothly to at least 150 M.. We note that this
approach is not ideal, but significantly improving upon this is
far from trivial. The evolution of high-mass stars is still very
uncertain (Maeder & Meynet 2000; Langer 2012; Agrawal
et al. 2020; Bowman 2020; Belczynski et al. 2021). This is
particularly true for the later, faster evolutionary phases, where
observations are scarce, and for internal properties such as core
masses, which we cannot probe directly. Although grids of
detailed models exist, they vary widely in their predictions.
Given the limitations in the accuracy of massive star models
and the absence of robust rapid prescriptions that clearly
provide a significant improvement, we opt for simply
extrapolating the fits in the present version of COMPAS.

The models are applicable for metallicities between
Z=10"* and Z=0.03. We do not extrapolate in metallicity,
as we find that some of the fitting formulae are not well
behaved outside of this range. We discuss the implications for
population studies in Section 6.4.

Riley et al.

3.2. Evolutionary Stages

To introduce some of the evolutionary stages captured by the
SSE formulae, we briefly summarize the main evolutionary
stages of single stars. Our extremely brief sketch of stellar
evolution generally follows the characteristic behavior of
massive stars, and should not be taken as fully general.

We follow the lives of stars from the ZAMS (we do not include
pre-main-sequence evolution in COMPAS). Stars spend most of
their lives on the main sequence, fusing hydrogen in their cores.
Following Hurley et al. (2000), we distinguish between low-mass
(Mzams < 0.7 M) main-sequence stars (stellar type 0) which are
expected to be fully convective, and more massive main-sequence
stars (Mzams > 0.7 M, stellar type 1). During main-sequence
evolution, most stars increase their luminosity and decrease their
effective temperature T, Following the main sequence,
sufficiently massive stars experience a rapid thermal timescale
(see Section 3.3) phase of expansion, evolving to lower effective
temperatures at near constant luminosity. This phase of evolution
is sometimes known as the Hertzsprung gap (HG), as the short
timescale leads to a paucity of stars observed in this phase. Stars
then begin a longer-lived phase of core helium burning (CHeB),
evolving onto and up the giant branch. We note that at low
metallicity, massive stars may not reach the giant branch before
beginning CHeB. Helium-shell-burning stars evolve along the
asymptotic giant branch (AGB). We choose to use the name early
asymptotic giant branch (EAGB) for H-rich massive stars with a
C/O core, in addition to its usual meaning. Stars that lose their
outer hydrogen envelopes, either through stellar winds or binary
mass transfer, become helium main-sequence (HeMS) stars,
which then evolve analogously to hydrogen-rich stars through to
the helium giant branch (HeGB). Finally, most stars end their lives
as a stellar remnant, either a WD, NS, or BH depending on their
initial mass, while some stars leave behind no remnant.

We show the evolution of single stars of particular masses in
the mass range 0.5-150 M, at solar (Z=0.0142, Asplund et al.
2009) and low (Z=0.001) metallicity in the Hertzsprung—
Russell diagram according to COMPAS in Figure 5, with the
different evolutionary phases identified for each track.

A complete list of stellar phases is given in Table 2,
following Hurley et al. (2000). See Figure 1 for a schematic of
the corresponding classes in the COMPAS code.

Figure 6 shows the maximum radial extent of a star during
each evolutionary phase for a star with ZAMS mass between
0.5-150 M., at solar (Z=0.0142) and low (Z=0.001)
metallicity. Phases during which a star expands are the phases
when binary interactions are most likely to occur. We discuss
binary interactions further in Section 4.

3.3. Evolutionary Timescales

Three key timescales in single and binary stellar evolution—
dynamical, thermal, and nuclear—often create a very con-
venient timescale hierarchy. The separation of timescales
allows many approximations to be made.

The shortest timescale is almost always the dynamical (or
freefall) timescale, defined as

3 3/2 ~1/2
Tdyn = /R— ~ 1600 s R ﬂ s (1)
GM R; M,

where R is the radius of a star and M is its mass. The dynamical
timescale is used as the minimum timescale in COMPAS (with a
minimum cutoff of 100 s).




THE ASTROPHYSICAL JOURNAL SUPPLEMENT SERIES, 258:34 (30pp), 2022 February

"1 z=0.0142
150.0My . LBV. Regime
115.0M
61 90.0Mo X
(TSN 0] D ————
é%.OMo P a—
33.0Mo
> 26.0M,
21.0Mo B
16.5M¢ o%
4] 13.0M,
10.3M,
- 8.2M,
0]
< 3l 6.5Mo T
= 5.2M
= o — .
~
(@) 4.0M o \ 'f
2 5 3.2M, ~
Ry 2.5M, ~
HG 2.0Mo
] 1.6M S \Z
CHeB . 0~ %
FAGB 13M,
0] Hems 1.0M,
HeHG . i
HeGB 3 ’49~8Mo g
-1 HeWD ) -Q//p 0.7Mo
COWD ¥%
“ 0.5Mq
55 5.0 45 20 3
l0g10(Tef/K)

Riley et al.
7- —
Z=0.001 LBV Regime
150.0M -
145.0M »
6 ~90.0M o Q
33.0M, ;—/
51 26.0M
21.0M, ..
16.5M¢ ] %
N 13.0Mo .
10.3M,
. 8.2M 4
©
S 6.5Mo
:l 5.2Mg
S 4.0M, %
8‘ 3.2M ‘
— 2 ' ©
2.5Mq
\ 20Mo
HG e,
| 1.6Mo .
CHeB 1.3Mo %
EAGB
1.0M,
01 HeMS
HeHG ,0-8Mo .
HeGB %0.7Mo  *
_,| HewD & "
COWD % % 0.5Mo
O/‘ﬁ
55 5.0 45 40 35
l0g10(Tef/K)

Figure 5. Evolutionary tracks in the Hertzsprung—Russell diagrams for single stars with ZAMS masses between 0.5-150 M., at solar (Z = 0.0142) and low
(Z = 0.001) metallicity using COMPAS default settings, limited to a maximum evolution time of 14 Gyr. The shaded region (bounded by the Humphreys—Davidson
limit and a minimum luminosity) illustrates the regime in which luminous blue-variable (LBV) mass loss dominates. Diagonal contours show lines of constant radii.

The Kelvin—Helmholtz (or thermal) timescale is the time
required for a star’s internal energy E;, to be radiated at its
current luminosity L, and is given by 7gy=Ein/L. We
estimate this as

—1 —1
M§ env
e~ 3.0 x 107y M) L )[R} (L)

where L is the luminosity of the star and M.,y is either the
total mass of the star M for stellar types without a clearly
defined envelope, or the mass of the envelope M,,, for stars
with a clearly defined envelope (see Hurley et al. 2002, for
more details). This is used, e.g., when calculating thermal
timescale mass transfer (see Section 4.2.3).

The nuclear timescale is relevant when nuclear fusion is
setting the timescale at which the star evolves. This applies,
e.g., to main-sequence stars that burn hydrogen in their centers,
and stars that are undergoing central helium burning. The
nuclear timescale is approximately

Mc? M\ L\
Thue ~ ¢fr‘1uc T ~ 1010 yr(—)(L_) ) (3)
N

)

where c is the speed of light, ¢ is the efficiency which the rest
mass of the relevant reacting nuclei is converted into energy

(for hydrogen, ¢ =0.007), and f;. is the fraction of the stellar
mass that can serve as nuclear fuel. We do not use this
timescale in any calculations; it is provided here, and optionally
in COMPAS outputs, for reference only. Instead, we use the
fitting formulae for stellar lifetimes in Hurley et al. (2000). The
main-sequence lifetimes given by these fits are shown in
Figure 7. At masses of 250 M. the Hurley et al. (2000)
formulae, which extrapolate the Pols et al. (1998) model grid in
this mass range, overestimate the stellar lifetimes by approxi-
mately 30% compared to the detailed stellar models considered
in Agrawal et al. (2020).

3.4. Rotation

Most stars rotate sufficiently slowly (e.g., Dufton et al. 2013;
Ramirez-Agudelo et al. 2013) for the impact of rotation to be
modest. Rotation is expected to enhance mass-loss rates (e.g.,
Chiosi & Maeder 1986; Friend & Abbott 1986; see also
Section 3.5), slightly increase main-sequence luminosities and
lifetimes (e.g., Talon et al. 1997; Maeder & Meynet 2000), and
lead to increased core masses (e.g., Maeder 1987; Langer 1992;
Heger et al. 2000).

However, very rapid rotation, especially coupled with significant
tidal effects in very close binaries, can have a dramatic impact on
the evolution of a star. Sufficiently rapid rotation can lead to
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enhanced mixing within a star, which may lead to chemically
homogeneous evolution (Maeder 1987), where a star can burn
almost all of its hydrogen into helium.

The stellar tracks used in COMPAS are based on nonrotating
stellar models (Pols et al. 1998). We do not account for the
effects of mild rotation, but we do implement chemically
homogeneous evolution (CHE) following the recipes of Riley
et al. (2021). COMPAS implements a metallicity-dependent
rotational frequency threshold to determine whether a star is
evolving chemically homogeneously. If a star is rotating faster
than the threshold given by Riley et al. (2021) at ZAMS, we
consider it to be evolving chemically homogeneously. We
neglect the very limited radial evolution of a CHE star and fix
its main-sequence radius equal to the ZAMS radius of a
nonrotating star of the same mass and metallicity. The main-
sequence evolution of a CHE star thus follows the Hurley et al.
(2000) model of main-sequence stars, albeit with a fixed radius.
COMPAS can be configured by the user to check, or not, the
rotational frequency of the star against the CHE threshold at
every time step on the main sequence. In the default model, the
rotational frequency check is enabled, and if the rotational
frequency drops below the threshold value for CHE (e.g., due
to the orbit of the binary widening as a consequence of mass
loss through winds), the star is thereafter evolved as a regular
main-sequence star (i.e., it immediately jumps to the track of a
regular main-sequence star of the same mass). If the rotational
frequency check is disabled by the user, the star evolves
chemically homogeneously through its main-sequence lifetime
once it satisfies the CHE threshold at ZAMS. Finally, we
assume that if a star evolves chemically homogeneously
through the main sequence, it contracts directly into a naked
helium star at the end of the main sequence, retaining its full
mass at that point. Evolution then follows the Hurley et al.
(2000) models of helium stars.

3.5. Wind Mass Loss (Single Star)

Stars lose mass through stellar winds. This impacts their
evolution, and affects what remnants they form. Stars lose mass
throughout their lives through several mechanisms. Hot stars
lose mass through steady-state line-driven winds (Castor et al.
1975; Vink et al. 2001), while the mechanism through which
cool stars like red supergiants (RSGs) lose mass is less well
understood theoretically, leading to most mass-loss prescrip-
tions for these stars being empirically derived (e.g., de Jager
et al. 1988; Beasor & Davies 2018). In addition, stars close to
the Humphreys—Davidson limit (Humphreys & Davidson 1994)
are known to experience eruptive mass loss. For a review of
mass loss from massive stars, see Smith (2014). Low-mass
stars generally experience weaker stellar winds than their high-
mass counterparts. However, they can experience strong wind
mass loss during the later stages of their evolution on the AGB
(see, e.g., Hofner & Olofsson 2018, for a recent review).

Wind mass-loss rates are highly uncertain, and can have a
substantial impact on the evolution of a star (e.g., Renzo et al.
2017; Belczynski et al. 2020a). There is recent observational
evidence that mass-loss rates may be overestimated for certain
evolutionary phases (e.g., Smith 2014; Beasor & Davies 2018;
Sander et al. 2020; Miller-Jones et al. 2021; Neijssel et al.
2021).

COMPAS currently includes two simple analytic prescriptions
for wind mass loss based on a combination of theoretical
simulations and observational measurements: the original wind
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Table 2
Stellar Phases and Abbreviations Used in COMPAS
Stellar Phase Abbreviation Number
Main sequence, M < 0.7 M, MS 0
Main sequence, M > 0.7 M, MS 1
Hertzsprung gap HG 2
First giant branch FGB 3
Core helium burning CHeB 4
Early asymptotic giant branch® EAGB 5
Thermally pulsing TPAGB 6
asymptotic giant branch

Helium main sequence HeMS 7
Helium Hertzsprung gap HeHG 8
Helium giant branch HeGB 9
Helium white dwarf HeWD 10
Carbon-oxygen white dwarf COWD 11
Oxygen—neon white dwarf ONeWD 12
Neutron star NS 13
Black hole BH 14
Massless remnant MR 15
Chemically homogeneously evolving CHE 16
NONE® 19

Notes. Types 0—15 are from Hurley et al. (2000), while CHE stars (type 16) are
an addition in COMPAS (Riley et al. 2021).

# We apply the term EAGB to all H-rich stars with an inert C/O core that are
primarily powered by He shell fusion, regardless of mass or location in the
Hertzsprung—Russell diagram.

® Stellar type 19 (NONE) can sometimes appear as a temporary placeholder in
COMPAS outputs before the stellar type is set.

prescription from Hurley et al. (2000) and an updated
prescription from Belczynski et al. (2010), which is our default.

3.5.1. Hurley Model

Hurley et al. (2000) define the total mass-loss rate as the
dominant mass-loss rate during each stellar phase of the star
(see Table 2), with a possible addition of LBV-like mass loss if
the star is an luminous blue variables (LBV). This can be
summarized as

My, MS
max {Mny, Mkr, Mwr} + Mgy, if HG-CHeB
My = { max {My;, Mg, Mwr, Myw},  AGB “4)
max { My, Mg, Mwr (1t = 0)}, HeMS-HeGB
0, otherwise,

where My, Mg, Mwr, Myw, My gy are defined as follows.
For stars across the whole Hertzsprung—Russell (HR)
diagram, Hurley et al. (2000) apply

My; = 9.6 X 10‘15max(0, min(l,

7 172 R 0.81
(o) (&
0.02 R,

1.24 0.16
« (L) (ﬂ) M.y,
Lo Me
&)

which is the mass-loss rate from Nieuwenhuijzen & de Jager
(1990), modified by the metallicity scaling Z'/? (Kudritzki et al.

(L/ L) — 4000 ))
500
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Figure 6. Maximum radial extent of stars with ZAMS masses between 0.5-150 M., during different phases of stellar evolution, from the main sequence to the helium
giant branch, using default settings. Solid lines show the maximum extent of stars during a given evolutionary phase, whose colors have the same meaning as in
Figure 5. We additionally show Rzams in gray to indicate how much the star expands during the main sequence. Note that the FGB curve is invisible when it overlaps
with the CHeB curve. Shading indicates regions in which different types of mass transfer can occur due to the expansion of the donor; on the main sequence (yellow),
after hydrogen exhaustion (orange) and after helium exhaustion (blue). The dashed lines indicate important transition masses in the Hurley et al. (2000) fitting
formulae, where Myt is the minimum mass of a star that will complete its main sequence in a Hubble time, My is the maximum initial mass for which helium ignites
degenerately in a helium flash, Mgy is the mass above which a star collapses into an NS or BH, possibly with a supernova explosion, Mggg is the maximum initial
mass for which helium ignites on the first giant branch and My is the minimum mass at which a star will self-strip to become a Wolf-Rayet star.
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Figure 7. Main-sequence lifetimes of stars between 0.5-150 M, using Hurley
et al. (2000) fitting formulae across the range of metallicities at which these
formulae can be used.

100

1989). This is only non-zero for luminous massive stars with
L > 4000 L.
For stars on the giant branch and beyond, this model adopts
the results of Kudritzki & Reimers (1978)
R
Ro

o)

M —1
Ma) > ©

Mgr =1 x 4 x 10713 M, yrl(

10

where 7 is a phenomenological scaling parameter of order unity.
By default, we adopt = 0.5 following Hurley et al. (2000).

For stars on the asymptotic giant branch they use the results
of Vassiliadis & Wood (1993)

Myw = min ( 10~ 114+0.0125(P—Py)

1.36 x 109%) Mg yr—, @)

(O]

where P, the Mira pulsation period, is given by

Py/days = min [ 1.995 x 103,

—-09 1.94
8.51 103(£) (i) L ®

and P, /days = 100 x max(M/ M, — 2.5, 0).
Wolf-Rayet like wind mass loss is included for small
hydrogen-envelope mass, < 1.0, stars according to

C))

L 15
Mwr = 1013(L—) (I — ) M yr .
®

where the parameter p describes the ratio of the envelope mass
to the total mass, so that 4 = 1 on the main sequence, 0 < <1
for stars with a developed core, and ;=0 for stripped stars
with no hydrogen envelope. The full expressions for p are
given in Equation (97) in Hurley et al. (2000).

We designate post-main-sequence stars with L > 6 x 10° L.,
and HD = 10°(R/ R.)(L/ L,)*> > 1.0 as LBV, following
Humphreys & Davidson (1994). For these LBV stars Hurley
et al. (2000) add an LBV-like mass loss, intended to account
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for eruptive mass loss in an averaged sense

L/ Ly
6 x 10°
3.5.2. Belczynski Model

Mgy = 0.1(HD — 1.0)3( - 1.0) My yrL.  (10)

Belczynski et al. (2010) use a model for stellar winds based
on results from Monte Carlo radiative transfer simulations of
Vink et al. (2000, 2001). For stars that are not LBVs or helium
stars, they define the mass-loss rate as

My, T/K < 12500
Mg = { Myinper. 12500 < T/K < 25000 (11)
Myink Ay, 25000 < T/K,

where My is the Hurley mass-loss rate defined in Section 3.5.1
and the Vink mass-loss rates are defined as

Mvyin
log | —2okBBI Y — 6,688 + 2.21010g(L/10° L)
M, yr~!

— 1.3391og(M /30 M) — 1.6011log(V /2.0)+

0.85l0g(Z/ Z>) + 1.071log(T/20000 K), (12)

below the bistability jump, where the ratio of the wind speed at
infinity to the star’s escape velocity is V= v, /vese = 1.3, and

as

1 Myink.aBr)

og| ——|=
Mg yr!

— 1.3131log(M/30 M) — 1.2261og(V /2.0)
+ 0.8510g(Z/ Z.) + 0.9331og(T/40000 K)
— 10.92[log(T /40000 K)P? ,

—6.697 + 2.1941og(L/105 L)

13)

above the bistability jump, where the ratio of the wind speed at
infinity to the stars escape velocity is V= v.,/Vese = 2.6. The
mass-loss rate in Equations (12) and (13) above scales with
metallicity as M oc Z%%, in agreement with observationally
determined scaling of the mass-loss rates of O and B stars with
metallicity in the Milky Way and the Magellanic Clouds
(Mokiem et al. 2007).

For helium stars, Belczynski et al. (2010) assume a mass-loss
rate

1.5 m
. L Z
Mg ye = fwr X 1013(—) (—) Mg yr—, (14)
L Zo

)

from Hamann & Koesterke (1998), with m = 0.86, as given by
Vink & de Koter (2005). We have introduced the phenomen-
ological scaling parameter fiyg to allow the strength of WR
winds to be varied (Barrett et al. 2018). Our default choice is
Jwr=1.

LBV stars have high mass-loss rates due to both line-driven
winds and eruptive mass loss. The uncertainty in LBV mass-
loss rates is parameterized with a scaling parameter fi gy with a
default value of 1.5 (Belczynski et al. 2010):

Mpipv = figy X 1074 M, yr=\. (15)
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Figure 8. Top: the relation between the initial (ZAMS) mass of single stars at
solar metallicity (Z = 0.0142) and either the WD remnant mass or the CO core
mass at the moment of compact object formation for NSs and BHs, assuming
the COMPAS default model, where colors denote the remnant type. Middle: the
same relation at Z = 0.01 (solid), Z = 0.001 (dashed) and Z = 0.0001 (dotted)
to show the metallicity dependence. The inset panel shows the same quantities
as the main panel, but with linear axes, focusing on BH masses. Bottom: the
initial-compact object mass relation at Z., plotted for different remnant mass
models (see Section 3.8.2): the delayed (dotted line) and rapid (dashed line)
prescriptions from Fryer et al. (2012), and the stochastic model from Mandel &
Miiller (2020) (points converging to a solid line).

3.6. Treatment of the Impact of Mass Loss and Gain

The stellar tracks computed by Pols et al. (1998) assumed no
mass loss. When a star loses mass during a core-burning phase
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(either through stellar winds, as described in Section 3.5, or
through mass transfer), its luminosity will decrease. This will
extend the remaining lifetime. Meanwhile, mass gain through
mass transfer (COMPAS does not account for accretion of winds
from the companion) can rejuvenate the star. After mass gain
such a star will appear younger than a single star of the same
mass and age (a blue straggler).

For a star losing or gaining mass through either mass transfer
or winds (mass loss only) on the main sequence, we follow
Hurley et al. (2000; see also Tout et al. 1997) in modifying the
lifetime according to

t/::j‘-ﬁﬁﬁt (16)
rej ’
Ims
where ¢ and fys are the effective age and main-sequence
lifetime prior to a small change in mass, and ¢’ and #g are the
age and main-sequence lifetime of the star after a small amount
of mass loss/gain. Mass changes for helium main-sequence
stars are treated by analogy with the above equation, with the
main-sequence lifetimes #ys and tI</IS replaced with tyepms and

thems. Tespectively (Hurley et al. 2000).

The prefactor f; is unity for all mass-losing stars (and for
low-mass M < 0.7 M, main-sequence stars, stellar type 0),
while it is taken to be the ratio of the mass before/after mass
gain for main-sequence stars initially more massive than 0.7
M., (Belczynski et al. 2008) and helium main-sequence stars.
The ages of Hertzsprung gap stars are updated following mass
changes as described in Hurley et al. (2000). For giants with
clearly decoupled cores and envelopes, we assume that changes
to the envelope (such as mass loss/gain) do not affect the
remaining lifetime. See Schneider et al. (2015) and references
therein for more details and possible improvements.

3.7. Stellar Remnants

Standard stellar evolution theory predicts that low and
intermediate mass stars (with initial masses < 8 M) typically
end their lives as WDs (Section 3.7.1), while more massive
stars end their lives by collapsing into NSs and BHs
(Section 3.7.2). We show the relation between initial masses,
core masses and remnant masses of stars evolved under default
COMPAS assumptions in Figure 8.

3.7.1. White Dwarfs

We distinguish between three different types of WDs based
on their mass and composition, following Hurley et al. (2000).
Stars that lose their envelopes prior to helium ignition leave
behind helium white dwarfs (HeWDs), while those that lose
their envelopes after core-He exhaustion leave behind either
carbon—oxygen white dwarfs (COWDs) or oxygen—neon white
dwarfs (ONeWDs) depending on their core masses upon
reaching the base of the asymptotic giant branch. Larger core
masses are associated with higher temperatures that allow
carbon to fuse, forming oxygen—neon or oxygen—neon—
magnesium cores. We assume that helium core masses below
1.6 M., at the base of the asymptotic giant branch lead to
COWD formation, while core masses above that lead to
ONeWD formation. For our default model, we find that single
stars with initial masses < 0.8 M, form HeWDs (though the
evolutionary timescale for these stars to evolve is longer than a
Hubble time), while heavier stars with initial masses up
to~ 7 M, form COWDs. Only stars in a narrow mass range
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of ~7-8 M, form ONeWDs (see upper panel of Figure 8). The
boundary between stars that form WDs and those that form
NSs/BHs is uncertain (see, for example, Doherty et al. 2017,
for further discussion). WDs have masses <1.4 M, (the
Chandrasekhar mass) in our model. We determine the radius of
WDs following Tout et al. (1997) and Hurley et al. (2000).
WDs cool as they age (Mestel 1952). We model the luminosity
of WDs using the Mestel cooling track given in Equation (90)
in Hurley et al. (2000). By default we assume that WDs do not
receive any kick during formation (but see El-Badry &
Rix 2018 for a discussion of evidence for small ~1kms '
recoil velocities associated with WD formation).

3.7.2. Neutron Stars and Black Holes

Stars with initial masses more than ~8 M, collapse into an
NS or a BH at the end of their lives. This collapse may be
accompanied by a supernova explosion. Asymmetry in the
supernova may give the remnant a substantial momentum
boost, commonly known as a natal kick (see Section 3.9). The
mass of the supernova remnant (and by extension its stellar
type), as well as the natal kick all depend on which kind of
supernova it undergoes. In COMPAS we distinguish between
several different types of supernovae, which are discussed in
Section 3.8.

COMPAS distinguishes NSs from BHs by the remnant mass;
the default value of the maximum NS mass is 2.5 M.,
following Fryer et al. (2012).

Figure 8 shows the core mass and remnant mass as a
function of initial mass for single stars in the mass range
0.1-150 M., in the COMPAS default model. The top panel of
Figure 8 shows the mass ranges in which each type of stellar
remnant is formed at solar metallicity. The middle panel of
Figure 8 shows how the initial mass-core mass relation varies
with metallicity, while the bottom panel shows how the relation
depends on which remnant mass prescription is used for solar
metallicity. This figure can be compared to results from
Belczynski et al. (2010) and Banerjee et al. (2020).

By default, in COMPAS we follow Hurley et al. (2000) in
assuming all NSs have a radius of 10 km. We also include the
possibility of defining the NS radius as a function of its mass
Rns(Mys), as expected from the equation of state. Currently,
the NS equation of state from Akmal et al. (1998) is
implemented in COMPAS, which gives NS radii of 11-12km
for NSs in the astrophysically relevant mass range 1-2.4 M.,
The maximum NS mass predicted by this equation of state is
24 M.

The NS moment of inertia is assumed to follow the
“universal” (equation of state insensitive) relation given by
Lattimer & Schutz (2005). The luminosity of NSs is estimated
following Hurley et al. (2000).

For output purposes only, the “radius” of a BH is given by
its Schwarzschild radius

2GM 6 M
RBH CZ 4.24 x 10 RK.J, i;

©

a7

and we follow Hurley et al. (2000) in arbitrarily setting the BH
luminosity to 107'° L.

Pulsar evolution is implemented in COMPAS as described in
Chattopadhyay et al. (2020, 2021). We assign a spin period and
an initial magnetic field to each newly born NS. We provide
several options for the initial distribution of pulsar spin periods
and magnetic fields, see Chattopadhyay et al. (2020) for details.
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The evolution of the pulsar spin period and spindown rate are
followed as a function of time, assuming the canonical
magnetic dipole model for a pulsar. In this model, pulsars
spindown over time due to magnetic braking, but may be spun
up again (or recycled) through mass accretion. Our approach
closely follows the methodology of Ostowski et al. (2011), Kiel
et al. (2008), and Faucher-Giguere & Kaspi (2006; see also Ye
et al. 2019). Other pulsar properties, such as the pulsar
luminosity or beaming fraction, are not directly computed by
COMPAS, but can easily be modeled in postprocessing (see
Chattopadhyay et al. 2020, 2021, for details). Pulsar evolution
is optional in COMPAS and is disabled in the default model.

BHs are assumed to be nonspinning. However, the spins of
BHs have been modeled by postprocessing COMPAS data in a
number of papers (Bavera et al. 2020; Chattopadhyay et al.
2021).

3.8. Supernova Types

In COMPAS we distinguish between several different types of
supernovae. In the following, we describe the types of
supernovae we model and the conditions under which each
type of supernova is assumed to occur. COMPAS records
whether the supernova progenitor star has a hydrogen-rich
envelope, allowing for a crude estimation of whether it would
appear observationally as a type I or II supernova.

3.8.1. Electron-capture Supernovae

In COMPAS we assume that a star undergoes an electron-capture
supernova (ECSN; Miyaji et al. 1980; Nomoto 1984, 1987;
Ivanova et al. 2008) if it has a helium core mass in the range
1.6-2.25 M_, (Hurley et al. 2002) at the base of the asymptotic
giant branch, and the carbon—oxygen core mass reaches a threshold
of 1.38 M. In our default model, this corresponds to a ZAMS
mass range of 7.5-8.1 M., for single stars at Z.,.

The mass range of stars that undergo ECSNe is somewhat
uncertain and model dependent. For example, Podsiadlowski
et al. (2004) argued that a more realistic range of helium core
masses leading to ECSNe is 1.4-2.5 M. Andrews et al.
(2015) and Vinciguerra et al. (2020) use different core mass
ranges for ECSNe (2-2.5 M, and 1.83-2.25 M., respectively,
where the latter is based on Fryer et al. (2012), which could
better reproduce observations of NSs). Willcox et al. (2021)
argued that the (ZAMS) mass range of (effectively) single stars
undergoing ECSNe cannot be wider than0.2 M, to avoid
overproducing low velocity pulsars, but ECSNe could be more
common in binaries.

If a star undergoes an electron-capture supernova, we set its
remnant to be an NS with a mass of 1.26 M., as an
approximation to the solution of Equation (8) in Timmes et al.
(1996), assuming a baryonic mass of 1.38 M.

Massive oxygen—neon WDs (ONeWDs) close to the Chan-
drasekhar mass can accrete enough mass to undergo an accretion-
induced collapse (AIC) to an NS (Nomoto & Kondo 1991).
While AIC is nominally possible in COMPAS when the mass of a
ONeWD reaches 1.38 M., when the ECSN prescription is
followed for the remnant mass and natal kick, this is based on a
very simplistic implementation of accretion onto WDs.

3.8.2. Core-collapse Supernovae

Stars with helium core masses greater than 2.25 M, at the
base of the asymptotic giant branch undergo core-collapse
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supernovae (CCSNe) in COMPAS, if/when their carbon—
oxygen core mass reaches the threshold given by Hurley
et al. (2000), where we replace their Chandrasekhar mass
threshold with 1.38 M.,

There is still a great deal of uncertainty regarding the
mechanism of CCSNe, including which stars explode, how
they explode, and what the properties of their remnants are (see
Miiller 2020 and Burrows & Vartanyan 2021 for recent
reviews). Some recent supernova simulations predict that
whether a supernova is successful and leads to an explosion,
or fails and leads to an implosion, is a nonmonotonic function
of a star’s initial mass (Ugliano et al. 2012; Sukhbold &
Woosley 2014; Nakamura et al. 2015; Ertl et al. 2016;
Sukhbold & Adams 2020). COMPAS uses simple parameter-
ized models (described below) to relate the properties of
supernova remnants to their progenitor stars. We attempt to
parameterize some of this uncertainty by including several
different models.

By default, COMPAS uses the delayed supernova remnant
mass prescription from Fryer et al. (2012) to map the carbon—
oxygen core masses of stars to compact object remnant masses
during core-collapse supernova events. An alternative rapid
prescription assumes supernova explosions occur within 250
ms (compared to longer timescales assumed for the delayed
model) and reproduces, by construction, a mass gap between
NSs and BHs. Mandel & Miiller (2020) proposed a model for
compact object masses and kicks which is stochastic, with both
NS and BH formation possible in certain regions of parameter
space; this model was implemented in COMPAS in Mandel
et al. (2021). Schneider et al. (2021) predict that the history of
mass transfer impacts the remnant mass, and we include their
remnant mass prescription. We also include the slightly older
remnant mass prescriptions from Hurley et al. (2000) and
Belczynski et al. (2008), which define the remnant mass as a
piecewise function or linear function, respectively, of the
progenitor carbon—-oxygen core mass; these models are
provided for historical consistency reasons, but are somewhat
outdated.

We convert the baryonic mass of the remnant to a
gravitational mass using Equation (13) of Fryer et al. (2012)
for NSs. For BHs, the gravitational mass is assumed to be 0.1
M., less than the baryonic mass to account for mass lost in
neutrinos in the default prescription (Stevenson et al. 2019).
This amount can be adjusted, or, alternatively, a fixed fraction
of the mass can be lost in neutrinos during BH formation as in
Equation (14) of Fryer et al. (2012).

We show the difference in the initial-final remnant mass
relation between the two models from Fryer et al. (2012) and
the stochastic model from Mandel & Miiller (2020) in the
bottom panel of Figure 8.

3.8.3. Ultra-stripped Supernovae

Mass transfer from a helium star that re-expands after core
helium burning (so-called “case BB mass transfer”’; Delgado &
Thomas 1981; Tauris et al. 2015) in short-period binaries leads
to severe stripping of the donor, leaving behind a helium
envelope with mass < 0.1 M. If the remaining stellar core is
sufficiently massive to undergo core collapse, then we say that
it undergoes an ultra-stripped supernova (USSN; Tauris et al.
2013, 2015). Due to the lack of envelope, USSNe remnants are
NSs with characteristically lower mass, and may receive
smaller natal kicks than typical NSs (Suwa et al. 2015; Moriya
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et al. 2017; Miiller et al. 2018). We discuss kicks further in
Section 3.9. By default in COMPAS we assume that case BB
mass transfer is always stable (see Vigna-Gémez et al. 2018)
and removes the entire helium envelope but none of the
underlying carbon—oxygen core.

3.8.4. Pair-instability Supernovae

Stars with helium cores in the mass range ~50-150 M, are
believed to become unstable as a result of electron—positron
pair production (Fowler & Hoyle 1964; Barkat et al. 1967;
Woosley 2017; Farmer et al. 2019). This causes the radiation
pressure support in the core to drop, causing the core to
contract. As it contracts, the temperature increases, triggering
explosive oxygen burning. This may reverse the contraction
and completely unbind the star in a pair-instability supernovae
(PISNe) explosion, leaving no remnant behind (Fowler &
Hoyle 1964; Barkat et al. 1967; Fraley 1968; Kozyreva et al.
2014a, 2014b, 2017; Takahashi 2018; Leung et al. 2019;
Woosley 2019). BH formation is expected again above a
helium core mass of ~150 M. (Woosley et al. 2002;
Woosley 2019). In addition, it is theoretically well established
that stars with helium core masses in the range ~30-60 M,
lead to pulsational PISNes (e.g., Yoshida et al. 2016; Spera &
Mapelli 2017; Woosley 2017; Takahashi 2018; Farmer et al.
2019; Marchant et al. 2019; Renzo et al. 2020), where material
from the star is ejected in several supernova-like pulses, while
the star returns to equilibrium between each pulse, and
eventually undergoes an iron core collapse to form a BH.
Together, these effects lead to a dearth of BHs in the mass
range ~45-130 M, and a possible excess in the ~35-45 M
mass range with the current COMPAS default prescription.

The implementation of PISNes in COMPAS is discussed in
detail in Stevenson et al. (2019). In brief, by default stars with
helium core masses in the range between 35 and 60 M, lose
mass through pulsational PISNes prior to collapse, while those
with helium core masses between 60 and 135 M, explode in
PISNes and leave no remnants behind. We use fits based on
results from Marchant et al. (2019) in the COMPAS default
model for the relation between the helium core mass and the
final presupernova mass in the pulsational PISNe regime. In
addition, COMPAS also provides the simple model from
Belczynski et al. (2016a) to allow for comparison with
StarTrack models, along with additional models based on
detailed results from Woosley (2017) and Farmer et al. (2019).

3.9. Supernova Natal Kicks

Galactic pulsars are observed to have large proper motions,
from which a distribution of their velocities is inferred (e.g.,
Gunn & Ostriker 1970; Lyne & Lorimer 1994; Hansen &
Phinney 1997; Arzoumanian et al. 2002; Hobbs et al. 2005;
Beniamini & Piran 2016; Verbunt et al. 2017). The high
velocities are attributed to significant asymmetries in the
supernova explosions which “kick” the pulsars, though the
exact mechanism is uncertain and may be attributed to either
hydrodynamic effects (e.g., Janka & Miiller 1994; Burrows &
Hayes 1996; Wongwathanarat et al. 2013) or neutrino emission
(Woosley 1987; Bisnovatyi-Kogan 1993; Socrates et al. 2005;
Nagakura et al. 2019). See Lai et al. (2001) for a broad
overview of natal kicks.
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By default, for NSs we draw the the natal-kick magnitudes
from a Maxwell-Boltzmann distribution

2 vkzick szick
p(iicklokick) = | — ——exp| ——5— |,
T Okick 206k

with root-mean-square 1D velocity oye (i.€., root-mean-square
speed of V3 0xiek). For CCSNe, we assume that oyiex =
ocesy = 265 km s~ (Hobbs et al. 2005). ECSNe and USSNe
are expected to have smaller kicks than standard iron core-
collapse supernovae (e.g., Suwa et al. 2015; Gessner &
Janka 2018; Miiller et al. 2019). By default, we assume
OBCcsN = Oussy = 30 km s7! (Vigna-Gémez et al. 2018).
These lower natal kicks for ECSN and USSN follow Pfahl et al.
(2002a) and Podsiadlowski et al. (2004), which are motivated
by the subset of DNSs and NS-binary systems with low
velocities and small eccentricities (Brisken et al. 2002; Schwab
et al. 2010; Beniamini & Piran 2016; Tauris et al. 2017), as
well as NS retention fractions in globular clusters (e.g., Pfahl
et al. 2002b).

Several authors have proposed that NS kicks should be
proportional to the amount of ejecta, and inversely proportional
to the remnant mass (Bray & Eldridge 2016, 2018; Giacobbo &
Mapelli 2020; Mandel & Miiller 2020). A scaling with ejecta
mass would naturally account for reduced kicks in USSNe with
low ejecta mass. In COMPAS we have implemented the fits of
this form from Bray & Eldridge (2018) and Mandel & Miiller
(2020), where the latter model self-consistently predicts both
the remnant mass and natal kick.

COMPAS also includes a model for remnant masses and
kicks based on the 1D parameterized supernova simulations of
Miiller et al. (2016; see Vigna-Gémez et al. 2018, for details).

We further provide the option to use a uniform distribution
of kick velocities up to some maximum vy , as well as kicks
fixed at a specific value.

Whether BHs also receive natal kicks, and what their
magnitudes are is an open astrophysical question. There is
some evidence, both theoretical and observational, that BHs
receive smaller kicks than NSs (see, e.g., Janka 2013;
Mandel 2016; Repetto et al. 2017; Atri et al. 2019).

COMPAS currently includes four different models for BH
natal kicks: “full,” “reduced,” our default model ““fallback,” and
“zero.” In the “full” model, we assume that BHs receive the full
kick drawn from Equation (18), where by default we assume
Okick = 0ccsy  for BHs. In both the “reduced” and the
“fallback” models, we calculate the intensity of the kick
velocity imparted to newly born BHs from the kick that a NS
would have received according to Equation (18) with
Okick = 0cesn- In the “reduced” model, we assume that NSs
and BHs receive the same momentum during the explosion,
such that the kick velocity of a BH should be rescaled
according to

(18)

19)

NS
VNS
BH

VBH =

where Mys is taken to be 1.4 M,,. In the “fallback” model, we
scale the BH kick by the fraction of mass falling back onto the
proto-NS fi, (Fryer et al. 2012)

veH = Vns(1 — fip)- (20)
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Note that unlike Fryer et al. (2012), we apply Equation (20)
even if the amount of mass falling back is less than M =
0.2 M. In COMPAS, by default we apply Equation (20) to all
compact objects when using this prescription. In the “zero”
kicks model, BHs receive no kick during their collapse.

By default, we assume the supernova kick angle is drawn
isotropically from the unit sphere in the rest frame of the
supernova progenitor. However, there is some tentative
observational evidence for spin-kick alignment in pulsars
(e.g., Lai et al. 2001; Johnston et al. 2005; Noutsos et al. 2012;
Yao et al. 2021), which may indicate that kicks are
preferentially aligned to the spin axis of the progenitor. We
provide various alternative models for preferential kick
directionality, including along the progenitor spin axis (or in
a finite cone around it), or within the progenitor spin plane (or
in a wedge around it). We describe the impact of the supernova
on the orbit of a binary in Section 4.3.

4. Binary Stellar Evolution

Interacting binaries are the core case of study for COMPAS.
Mass transfer is arguably the most important process in
interacting binaries, modifying the component stars and the
orbital properties (Podsiadlowski et al. 1992; Podsiadlowski
2010). Binary evolution can lead to stellar mergers, disruption,
or DCO formation.

A binary in COMPAS is parameterized by the orbital
properties: the component masses of the primary M; and
secondary M,, the semimajor axis a, and eccentricity e. The
orbital angular momentum of a binary with nonrotating stars is

o = i GMia(1 — &), 2D
where M =M+ M, and p=MM,/M,, is the reduced
mass. The effects of binary interactions on the stellar
components, such as mass transfer and rejuvenation, are
considered within our SSE framework (Section 3). We
currently only account for stellar rotation in the context of
CHE systems (Section 3.4). In the absence of rotation and tides,
the binary can be treated as a two-body problem in the point
mass approximation.

In this Section we present the details of our treatment of
BSE. In Section 4.1 we discuss stellar winds in the context of
binaries. In Section 4.2 we present our implementation of mass
transfer. In Section 4.3 we describe the effect of supernovae on the
orbit of the binary. In Section 4.4 we describe our implementation
of gravitational radiation. Finally, in Section 4.5 we briefly discuss
the main caveats in our implementation of binary evolution.

4.1. Wind Mass Loss (Binary System)

In Section 3.5 we presented the prescriptions and para-
meterization of stellar wind mass-loss rates in COMPAS. Here
we present the effect of wind mass loss on the orbit of the
binary system.

We consider the case of gradual mass loss (M /M > P,) in
which material rapidly leaves the system with the specific angular
momentum of the mass-losing star (wind velocities are fast
compared to the orbital velocity). We assume that the fast winds
are emitted spherically symmetrically from the star’s surface
(Huang 1956). This is known as the Jeans mode or fast winds
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mode (Huang 1963). In the case, the orbit widens according to

a_ Mo 22)
a Mot

which can be simplified as aM,; = constant, while eccentricity
is unchanged (Dosopoulou & Kalogera 2016). Winds can thus
be considered as an extreme case of nonconservative mass
transfer (Section 4.2).

Currently we do not consider wind accretion (e.g., Bondi &
Hoyle 1944), wind RLOF (Mohamed & Podsiadlowski 2007;
Hirai & Mandel 2021), or wind interaction with the companion
(Brookshaw & Tavani 1993; Schrgder et al. 2021).

4.2. Mass Transfer

The physics and timescales involved in mass exchange are
broad, complex, and their parameterizations can be convoluted.
In COMPAS, we use a simplified approach to this complicated
problem. Our approach is similar to that of Belczynski et al.
(2002, 2008), Hurley et al. (2002), and Postnov & Yungelson
(2014), among others. We distinguish between a donor
(subscript d) and an accretor (subscript a). The donor is the
star that transfers (and loses) mass, while the accretor gains
mass. The accretor can be a star or a compact object, and can
fully retain the transferred mass (conservative mass transfer) or
only a fraction of it (nonconservative mass transfer). If the mass
transfer is nonconservative, i.e., some mass is lost from the
binary, there is a change in the total angular momentum of the
binary. We follow the orbital evolution of the binary through a
mass transfer episode by taking the time derivative of
Equation (21) and rearranging it as

Md+Ma
My + M,

2eé
1 — e

d:zﬁ_zﬁ_zﬁ

— M (23)

a Jorb My
The default COMPAS assumption is that the binary is
instantly circularized to periapsis, r, = a(l — e), at the onset
of RLOF. COMPAS options allow circularization with
angular momentum conservation (at a separation of the
semilatus rectum, a(1 — ez)) or mass transfer with unchanged
eccentricity.

We parameterize the fraction of mass lost by the donor
which is accreted by the accretor with a factor g

M, = — My, 24

with 0 < B< 1. We parameterize the change in angular
momentum by assuming the nonaccreted matter leaves the
system with ~ times the specific orbital angular momentum,
i.e., Jo/M = Vo, /M. Following these assumptions we can
rewrite Equation (23) as™?

a Md Md 1 Md
£ Ml _pgHd _q _ Bl [ S
Md[ T, 6)(7+ 2)Md+Ma]’
(25)

which is the equation we use to solve for the orbital evolution
during a mass transfer episode. Note that fully nonconservative
mass transfer (3=0), where mass is lost with the specific

22 See the educational lecture notes on binary evolution by Onno Pols: http://
www.astro.ru.nl/~onnop/education/binaries_utrecht_notes /.
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angular momentum of the donor star (y=M,/My), is
equivalent to fast wind mass loss from Section 4.1.

Before solving for the orbital evolution during a mass
transfer phase, we first need to determine if mass transfer will
occur (Section 4.2.1) and, if so, whether the mass transfer
episode will be dynamically stable (Sections 4.2.2 and 4.2.3). If
the mass transfer episode is dynamically unstable, it will lead to
a common envelope phase (Section 4.2.4).

4.2.1. Roche-lobe Overflow

A mass transfer phase can be initiated either by the radial
expansion of a star as a consequence of stellar evolution or by a
decrease in the binary separation. The star overflows its Roche
lobe and the surface material is transferred from the donor to
the companion through the first Lagrangian point. The first
Lagrangian point is the juncture between the two Roche lobes,
which are the regions that contain the gravitationally bound
material around each star. In COMPAS we follow Eggleton
(1983) and approximate the radius of the donor’s Roche lobe
normalized by the separation as

q2/3
rrL = Rgi/a = 0.49 RL , (26)
KL TRE 0.602 + In(1 + ¢.%)

with grr. = My/M,. Equation (26) assumes point-like masses in
a circular orbit. The Roche lobe is generally shaped like a
teardrop, but here the Roche lobe radius is defined as the radius
of a sphere which has the same volume as the Roche lobe. The
condition for RLOF, and therefore for initiating mass transfer,
is when the radius of the star is larger than the Roche radius at
periapsis, i.e., when R > Rgy (1 — e).

4.2.2. Stability Criteria

When the condition for RLOF is satisfied, we need to
determine if the mass transfer episode will be dynamically
stable or lead to a common envelope event. In COMPAS, the
stability of the mass transfer phase is determined based on
approximations to the mass—radius relationships ( =d InR/d InM
(see, e.g., Soberman et al. 1997). Namely, the response of the
radius of the donor star to mass loss ¢, =d InRy/dInM is
compared to the response of the Roche-lobe radius
Crr. =d InRgp /dInM to mass transfer (Paczynski & Sienkie-
wicz 1972; Hjellming & Webbink 1987; Soberman et al. 1997).
If (4« > (re, then the mass transfer episode is assumed to be
stable, otherwise, mass transfer is assumed to lead to a common
envelope phase.

We approximate the value of (, based on stellar types
(Section 3.2). We assume (,, = 2 for main-sequence and HeMS
stars and (, =6.5 for HG stars, as implemented in Vigna-
Goémez et al. (2018), based on typical values from Ge et al.
(2015). These (4 values translate into critical mass ratios for
stable mass transfer of My/M, < 1.72 (My/M, < 2.25) for fully
conservative (fully nonconservative) mass transfer from main-
sequence donors and My/M, < 3.83 (My/M, < 4.58) for HG
donors. For stellar types HG, FGB, CHeB, EAGB, and TPAGB
(where we use these stellar types, defined in Section 3.2, as
loose proxies for having a convective envelope, but see, e.g.,
Klencki et al. 2021) we follow Soberman et al. (1997) in the
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form
_2( mspu 1(1— mspu
=772\
3\ 1 — mspu 3\1 + 2mgspy
MspH
— 0.03mspy + 0.2 %A
[1 + 1 - mSPH)_6]

where mspy = Mcore /M and M. is the core mass as defined
by Hurley et al. (2000). In COMPAS, we consider stripped
post-helium-burning stars as a special case and assume by
default that any mass transfer episode from HeHG and HeGB
stellar types is always stable. This is in agreement with the
expected outcome of mass transfer episodes from stripped stars
onto NSs or BHs as suggested by Tauris et al. (2013, 2015).
We currently do not model mass transfer from white dwarf
donors (HeWD, COWD, and ONeWD).

The Roche-lobe mass-radius exponent (g; depends on the
accreted mass fraction (8 and the specific angular momentum
that nonaccreted mass removes from the system (see
Section 4.2.3 to see how we determine these). We follow
Soberman et al. (1997) and Woods et al. (2012) in rewriting

_dlnRg;,  Olna
dinM 0ln My

Olnrgy Olngg,
dlngg, OlnMy~

CRL (28)

where the terms are taken from Equation (25) and the partial
derivative of Equation (26).

4.2.3. Stable Mass Transfer

The amount of mass transferred during a dynamically stable
mass transfer episode is calculated depending on the stellar
type of the donor (Section 3.2). Broadly, we distinguish
between stars that have a clear core/envelope separation (HG,
FGB, CHeB, EAGB, TPAGB, HeHG, and HeGB) and those
which do not (MS and HeMS). We do not consider other donor
types.

For donor stars with a clear core/envelope separation we
transfer their entire envelope. For donor stars without a clear
core/envelope separation, we calculate and remove the
minimal mass necessary in order to have the donor fit within
its Roche lobe. Numerically, we accomplish this by using a
root-finder with specified tolerances. We compute the accreted
mass fraction 3 once, at the start of the mass transfer phase, as
follows.

We compute the donor and accretor mass transfer rates. For
the donor, we assume a thermal timescale mass transfer rate

My = My /Txn g (29)

For the accreting object, the maximum accretion rate is limited
depending on its stellar type

. (30)

. Mg, if stellar accretor,
M, =
Meqq

if compact object accretor.
In Equation (30), the thermal mass accretion rate is given by
Mgy = C - My /Tku a5 (€29)

where the factor C = 10 (default value) is assumed to take into
account the expansion of the star due to mass transfer,
following Paczyniski & Sienkiewicz (1972), Neo et al. (1977),
Hurley et al. (2002) and Schneider et al. (2015). Meanwhile,
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the Eddington-limited accretion rate is given by

Ry Mg

Mega = 1.5 x 1078 ,
edd 10km yr

(32)

where for a black hole the radius R, is given by the
Schwarzschild radius as in Equation (17). The Eddington
accretion rate assumptions in COMPAS are flexible and can be
change to a user-specified function (see van Son et al. 2020 for
more details).

By comparing the donor and accretor mass transfer rates, we
can determine how conservative the mass transfer episode is.
Only for main-sequence (MS and HeMS) and Hertzsprung gap
(HG and HeHG) stars, mass accretion leads to stellar
rejuvenation (Section 3.6) as the accretor star transitions to a
more massive and less evolved stellar track (Tout et al. 1997,
Hurley et al. 2002; Belczynski et al. 2008). For fully
conservative mass transfer, i.e., §=1, there is no angular
momentum drained from the binary and Equation (25)
simplifies to MjM?2a = constant. For nonconservative mass
transfer, i.e., 0 < 1, the nonaccreted mass is lost, by default,
through isotropic re-emission from the vicinity of the accreting
star (e.g., Massevitch & Yungelson 1975; Bhattacharya & van
den Heuvel 1991; Soberman et al. 1997). Isotropic re-emission
corresponds to v = My/M,.

We briefly point out some alternatives from the default mass
transfer model which the user can choose in COMPAS. The user
can specify a fixed value for 3, which enforces that a fraction 8
of the mass transferred by the donor is accreted, except for
Eddington-limited accretion. The value of 7 can also be
changed. We have mentioned the Jeans (y= M,/M,) mass-loss
mode in the context of winds, but we also include the user-
defined possibility of choosing these mass-loss modes in
semiconservative and fully nonconservative mass transfer
episodes. COMPAS also includes a mode of nonconservative
mass transfer that represents mass loss via a circumbinary ring
as an option (see, e.g., Soberman et al. 1997). In this case, the
nonaccreted mass carries a specific angular momentum

v = Jaring/aM/u = \/EM/}L for a ring at radius dyin, = 2a.

4.2.4. Common Envelope Phase (Dynamically Unstable Mass
Transfer)

In COMPAS, dynamically unstable mass transfer occurs if
(s < (rp or if both stars simultaneously experience RLOF (see
Section 4.2.6 for an exception for CHE binaries). Dynamically
unstable mass transfer leads to a CE phase. In this phase, the
binary is engulfed in a shared envelope and experiences gas
drag, which causes a dynamical timescale inspiral (Pac-
zynski 1976; Podsiadlowski 2001; Ivanova et al. 2013). CE
events are thought to be especially relevant for the formation of
DCOs in tight orbits (van den Heuvel 1976; Ivanova et al.
2013).

In COMPAS we follow the energy formalism in the form of
the «cg-A prescription to estimate the post-CE orbital
separation (Webbink 1984; de Kool 1990). In the acg-A
prescription the initial (pre-CE) binding energy of the donor is
equated to the orbital energy reservoir

Ebinda = acg X AEyy, (33)

where AE,y is the difference between the binary orbital
energies before and after the CE phase and acg is a user-
specified efficiency factor which parameterizes the fraction of
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the orbital energy that is used to unbind the CE. The default
value is acg = 1.0.

The value of the binding energy of the envelope depends on
the location of the envelope’s inner boundary and the sources
of energy considered. We follow de Kool (1990) and express it
in terms of a structure parameter \:

GMM, env

By default, COMPAS calculates A using the “Nanjing lambda”
prescription described by Xu & Li (2010a, 2010b), who
provide fitting formulae for A. Our implementation is identical
to that of StarTrack (Dominik et al. 2012), including the several
improvements they have made to the A fits. This A was
computed in two different ways; one using only the gravita-
tional binding energy ();) and one that also includes the
contribution of the full internal energy23 (A\p). COMPAS allows
the user to specify a linear combination of the two parameters,
A= amAp + (1 — ). The default is o =1, i.e., including
the full internal energy.

Alternative COMPAS options to estimate A include prescrip-
tions for calculating the envelope binding energy from
Loveridge et al. (2011), fitting formulae to results from
Kruckow et al. (2016) as implemented in Vigna-Gémez et al.
(2018), and the option of using a fixed constant value.

We generalize Equations (33) and (34) to include the
potential case of a double-core CE (Brown 1995) in the form

_ GMlMl,env _ GMZMZ,enV
ARy AR,
GM1M2 _ GMl,coreMZ,core)

= QCE
( 2apre—CE

where ape—cg and apoq—cg are the separation before and after
the CE phase, respectively; if one of the M., =0, then
Equation (35) simplifies to the classic single-core energy
formalism. Given the simplicity of our parameterization and the
short (dynamical) timescales involved in a CE episode, we
assume the phase is instantaneous. Equation (35) is used to
predict the post-CE orbital separation given the pre-CE binary
parameters and the post-CE component masses. The criterion
for successful envelope ejection is @posi—ce > Ry + Ro.

After a successful envelope ejection we always assume a
circular orbit (see, e.g., Ivanova et al. 2013, for discussion of
this). Besides a successful envelope ejection, which leads to a
close binary, the CE phase can lead to immediate RLOF or a
stellar merger (Section 4.2.5). Immediate RLOF implies that
the stripped star or its companion is filling the respective post-
CE Roche lobe. By default we allow these systems to engage in
a mass transfer episode again, but we flag them so they can be
considered as mergers in postprocessing.

A key uncertainty in CE evolution is the fate of Hertzsprung
Gap donors (Belczynski et al. 2007). Such stars are not
expected to have developed a steep density gradient between
core and envelope (Taam & Sandquist 2000; Ivanova &
Taam 2004) making it challenging to successfully eject the
envelope. It is not clear whether Hertzsprung Gap donor stars
can survive CE evolution, or whether instead, this would lead

Eping = — (34)

(35)
2ap05t7CE

23 Note that this includes the thermal energy, radiation energy, ionization
energy, and the dissociation energy of molecular hydrogen.
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to a merger. In order to account for this uncertainty, we adopt
two extreme models following Dominik et al. (2012). In the
“optimistic” model, CE events involving a Hertzsprung Gap
donor are treated in the same way as a more evolved star,
determining the fate of the binary according to the energy
budget (Equation (35)). In the “pessimistic” model, it is
assumed that all CE events involving a Hertzsprung Gap donor
result in a stellar merger. COMPAS keeps track of systems that
experience an “optimistic” CE event, allowing the user to
remove them in postprocessing. For the results presented in this
paper we use the pessimistic model as the default assumption.

CE events initiated by RLOF from main-sequence donors
always lead to a stellar merger. CE events with main-sequence
accretors are treated as all other CE events by default, but may
optionally always lead to stellar mergers.

There is no mass accretion onto the companion during a CE
phase in the default COMPAS model. However, different optional
CE accretion rate prescriptions exist for the case of NS accretors,
including a user-defined fixed value, or following prescriptions
from Oslowski et al. (2011) and MacLeod & Ramirez-Ruiz
(2015), as described by Chattopadhyay et al. (2020). Mass
accretion during a CE phase involving a BH companion has been
investigated with COMPAS by van Son et al. (2020), who
considered both accretion of a user-defined fixed fraction of the
envelope and the Hoyle-Lyttleton (Hoyle & Lyttleton 1939)
accretion rate within a CE following prescriptions from MacLeod
& Ramirez-Ruiz (2015) based on Chevalier (1993).

4.2.5. Stellar Mergers

In COMPAS, two stars are assumed to merge when
a < (Ry+ R,). This can occur following runaway stable mass
transfer, if the envelope fails to be ejected during a CE phase,
or if the direction of the supernova kick drastically shrinks the
orbit. Currently, stellar mergers are flagged and the calculation
is stopped, without subsequent evolution of the merger product.

4.2.6. Massive Overcontact Binaries

COMPAS includes prescriptions for CHE stars (Section 3.4),
particularly in the context of CHE binaries (Riley et al. 2021).
CHE binaries may arise from massive overcontact binaries, in
which stars overflow their Roche lobes and share mass during the
main sequence (see, e.g., Marchant et al. 2016). We therefore
make an exception for them and relax our criteria for RLOF and
mergers (see Riley et al. 2021). We consider that CHE stars in
massive overcontact binaries can be filling their Roche lobe
throughout the main sequence as long as they do not overflow the
second (outer) Lagrangian point (Marchant et al. 2016; Riley et al.
2021). In our model, CHE binaries filling the second (outer)
Lagrangian point lead to an imminent stellar merger.

4.3. Supernovae (Binary)

In COMPAS, supernovae lead to NS or BH formation>* (the
nomenclature is not necessarily associated with their observa-
tional signature). Supernovae occur on timescales much shorter
than the timescales we resolve in COMPAS; we therefore
assume that they are instantaneous events and that they could
occur with uniform probability over all orbital phases.

Supernovae affect the orbit of a binary via instantaneous
mass loss and natal kicks (Blaauw 1961; Hills 1983; Brandt &

24 With the exception of PISNes as discussed in Section 3.8.4.
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Podsiadlowski 1995; Kalogera 1996; Tauris & Takens 1998;
Hurley et al. 2002). We follow Appendix B of Pfahl et al.
(2002b) to solve for the response of the orbital elements to a
supernova. This prescription accounts for the natal kick, mass
ejection, interaction with the companion during the supernova,
and modification of the center-of-mass velocity. If the
postsupernova eccentricity of the binary exceeds one, we label
the binary as gravitationally unbound and cease further
calculations (with an option to continue stellar evolution of
the noncompact-object companion, if any).

4.4. Gravitational Radiation

Gravitational radiation releases energy and angular momen-
tum from a binary, reducing both the orbital separation and the
eccentricity. In COMPAS we only consider gravitational waves
(GWs) after DCO formation and follow Peters (1964) to
calculate the time to coalescence as

15 aécocs

— 2 “pcot 36
304 G3*M; My My, (36)

TGW k(epco),

where apco and epco are the separation and eccentricity of the
binary after the second supernova and x(epco) is a function of

the eccentricity given by
304 0°

22 /1 ] 121 ?2 28
9/19 2 2299
Deo ( 304 )

(1 — 23

1 —ep
k(epco) = [%(1 +
e

DCO
X f
0

where the integral is calculated as a Riemann sum over 10,000
linearly spaced eccentricity bins. For almost circular (e < 0.01)
or very eccentric (e >0.99) binaries, we use the approxima-
tions as presented following Equation (5.14) in Peters (1964). If
Tgw 1S less than a Hubble time, computed with H
=67.8kms™! Mpcf1 (Planck Collaboration et al. 2016), we
classify the DCO as a merger candidate (but see Section 6.4 to
see how we account for cosmological evolution).

de, 37

4.5. Caveats to Binary Evolution in COMPAS

We currently do not include tidal evolution in COMPAS,
although tides are believed to play a non-negligible role in
massive binary evolution.

We also do not include magnetic braking evolution in
COMPAS. Most massive stars are non-magnetic (Donati &
Landstreet 2009). Moreover, unlike for low-mass stars, the
magnetic braking assumption of negligible mass loss does not
hold for radiatively driven stellar winds. We do not expect
magnetic braking to play a significant role in the formation of
NS and BH binaries.

COMPAS has not been adequately tested in the context of
systems hosting white dwarfs.

5. Evolving a Population

Typically users wish to study particular outcomes of stellar
or binary system evolution: BBHs that merge within the age of
the universe, DNSs, X-ray binaries, etc. The initial attributes of
these systems are usually not known a priori, so a population of
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systems is evolved with the expectation that some of the
systems will evolve into systems of interest.

Each single star or binary system in a COMPAS simulation is
described at ZAMS by the initial values of the salient attributes:
mass and metallicity for single stars; component star masses,
separation, eccentricity, and metallicity for binary systems.
Users can specify values to be used for each of the initial
attributes, or allow values to be drawn from specified
distributions.

5.1. Sampling

The population of objects (stars or binary systems)
synthesized by COMPAS is intended to be a representative
sample from the full population of stars or binary systems in
the universe. Sampling allows us to infer information about the
full population based on results from the sampled subset—the
sampled collection is used as a proxy for the actual population.

COMPAS provides functionality that allows users to sample
the initial attributes of systems outside the COMPAS application
and provide those initial attribute values to COMPAS via input
grid files (Section 2.7.2). This makes it possible to interface
with importance sampling via STROOPWAFEL (Broekgaarden
et al. 2019), and in principle, allows for interfaces with other
sampling tools such as Dartboard (Andrews et al. 2018) or
emulation packages (e.g., Barrett et al. 2017).

COMPAS also includes a basic set of initial condition
distributions within the main code. This enables Monte Carlo
sampling in which users specify, for each star or binary system
to be evolved, fixed values for initial attributes that should not
be sampled, and COMPAS will sample the remainder using the
distributions described below. Each star or binary system is
then evolved to its final state, and the results recorded in output
files (see Section 2.8).

Here we briefly describe the basic initial parameter
distributions available in the core COMPAS code. For
simplicity, we assume that the overall distribution of initial
parameters is an outer product over independent parameter
distributions, despite evidence to the contrary (Abt et al. 1990;
Duchéne & Kraus 2013; Moe & Di Stefano 2017; Klencki et al.
2018).

5.2. Single Star/Primary Mass

The initial mass of a single star, or the primary star (the more
massive star at ZAMS) in a binary system, M, ;, is, unless
specified by the user, determined by the initial mass function
(IMF) being used. By default, COMPAS uses the Kroupa (2001)
IMF, the distribution function of which is given by

p(M ;) o< M (38)

above 0.5M;, and M,; € [5.0, 150.0] M. Other IMF
functions (e.g., Salpeter 1955) are available as configurable
options. For simplicity, we assume that the IMF is the same for
all metallicities.

5.3. Mass Ratio and Secondary Mass

The mass of the secondary star (Iess massive at ZAMS), M5 ;,
in a binary system being evolved by COMPAS is, unless
specified by the user, determined by the mass ratio

g = My /M,
where ¢; € [0.01, 1.0].

(39
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In the default COMPAS model, the mass ratio is drawn from a
flat distribution (Sana et al. 2012; Kobulnicky et al. 2014).
Other distributions for mass ratio provided in COMPAS as
options are the distributions described by Duquennoy & Mayor
(1991a) and Sana et al. (2012) (Table S3). A minimum value
for M, ; can be specified by the user.

5.4. Metallicity

The metallicity, Z;, of a single star, or both component stars
of a binary system, is, unless otherwise specified by the user,
given by Z; = Z, = 0.0142 (Asplund et al. 2009).

Users can specify that metallicity be sampled for each single
or binary star (for binary stars, both component stars use the
same, sampled, value for metallicity), using a log-uniform
distribution:

1
7)) o —, 40
p()o<Z (40)

i

where Z; € [0.0001, 0.03].

5.5. Semimajor Axis

The initial semimajor axis of a binary star, a;, is, unless
specified by the user, sampled independently of the masses
using a log-uniform distribution:

play o+ (1)

ai

where a; € [0.01, 1000] au (Opik 1924; Abt 1983).

Other distributions for semimajor axis provided in COMPAS
as options are those described by Duquennoy & Mayor (1991b)
and Sana et al. (2012). A custom method allows the user to
specify parameters of the distribution.

5.6. Orbital Period

The orbital period can be specified for binary stars instead of
the semimajor axis. The user can either specify a value for the
orbital period, P;, or that the value be sampled. If the value is
sampled, a log-uniform distribution is used:

1
P) x —, 42
PR) o - 42)

l

where P; € [1.1, 1000] days.

5.7. Orbital Eccentricity

Unless otherwise specified by the user, the COMPAS default
model assumes all binary stars are circular at birth (i.e., initial
eccentricity e¢; =0). Other distributions for eccentricity pro-
vided in COMPAS as options are:

1. a flat distribution, p(e;)) =1,
2. a thermal eccentricity distribution p(e;) = 2e; (Heggie
1975),
3. the M35 distribution described by Geller et al. (2013),
4. the distribution described by Duquennoy & Mayor
(1991a), and
5. the distribution described by Sana et al. (2012, Table S3).
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Figure 9. Schematic display of the different times in the formation and evolution of a binary system that impact the time f,, at which a DCO (here a BHNS) system
will merge in the history of the universe. The relevant timescales are: the moment the binary is formed at ZAMS from a gas cloud, f¢,,, the moment of DCO
formation, fpco, the time at which the merger takes place, 7, the time it takes the binary to evolve from ZAMS to the DCO system, Z.yolve = 'pco — fform» the inspiral
time, fingpiral = Im — fpco and the time between binary formation at ZAMS and merger, fgetay = fm — fform- All mergers that occur within the horizon distance of GW
detectors are potentially detectable today. Arrows indicate that those times that vary per binary system. Figure from Broekgaarden et al. (2021a) available at https://
github.com/FloorBroekgaarden /BlackHole-NeutronStar /tree /main /plottingCode /Fig_1/variations.

5.8. Supernova Kicks

Stars that experience a supernova event may experience a
momentum boost as a result of the explosion (see Section 3.7).
Unless otherwise specified by the user, the attributes of these
so-called natal kicks (i.e., magnitude and direction) are drawn
from default distributions, depending upon the supernova type
and expected remnant. The COMPAS model for natal kicks is
described in detail in Section 3.9.

5.9. Stellar Rotation

Unless otherwise specified by the user, the COMPAS default
model assumes that all stars are nonrotating at birth (i.e., the
initial rotational velocity v,,,=0 km s~ ). Other rotation
distributions provided in COMPAS as options are:

1. the initial, individual rotational velocities for the two stars
can be provided separately,

2. the rotational velocity distribution from Hurley et al.
(2000),

3. a rotational velocity distribution for O and B stars based
on results from the VLT-FLAMES survey (Ramirez-
Agudelo et al. 2013).

We describe the limited aspects of rotation currently
modeled by COMPAS in Section 3.4. For stars in binaries, if
CHE is enabled (default), COMPAS overwrites the drawn or
zero rotational velocities of the binary components with the
orbital velocity of the binary (i.e., tidal locking is assumed).

6. Postprocessing

Using binary population synthesis simulations to make
predictions and calculations for astrophysical populations
requires converting the data from the simulation into mean-
ingful astrophysical quantities. The foremost example, for
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compact objects, is calculating DCO formation and merger
rates as a function of redshift and/or component masses. The
strengths of the COMPAS suite include its publicly available
postprocessing scripts where these calculations are performed.
This section describes the methodology behind the main
postprocessing scripts that are publicly available in COMPAS.*

6.1. Recording Properties

As described in Section 2.8, during the simulation, COMPAS
calculates and records properties of the stars and/or binary
systems such as the ages, masses, stellar radii, effective
temperatures, velocities, eccentricities, and separations. The user
can specify which properties are recorded and when during the
simulation they are reported. Examples include the option to save
the properties at every time step (detailed output, an example is
given in Section 7.1) or only printing the properties of the binary
at important evolutionary stages of the binary such as CE
episodes and SNes. A detailed description of how the output can
be specified is given in the code documentation.*

6.2. Selecting Binary Systems of Interest

During a simulation, COMPAS returns the recorded properties
of all of the simulated binary systems. Further subselection of
binaries of specific interest, such as BBHs that merge in a
Hubble time or systems that experienced a CE event, is done by
means of postprocessing. The “optimistic” and ‘“pessimistic”
CE selection (as mentioned in Section 4.2.4) is also performed
in postprocessing. The subselection of systems of interest is
typically done in COMPAS by “slicing” or “masking” the data,
which is described in the publicly available jupyter notebooks.

% hitps://github.com/TeamCOMPAS /COMPAS
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6.3. Converting to Yields per Star-forming Mass

A COMPAS simulation is typically performed by modeling
only a fraction of the underlying stellar population by, for
example, not simulating single stars and/or not drawing the
simulated binaries from their full initial birth distributions (e.g.,
by only simulating stars with masses > 5M.). To obtain
meaningful estimates for formation rates of the binaries of
interest, the population synthesis simulation is typically re-
normalized to a formation yield per unit star-forming mass. In
this section we will often write this DCO formation yield as a
function of: birth metallicity Zi,z(’ delay time f4cjay (i.€., the time
between the formation and the merger of a binary, see Figure 9),
and compact object masses M;, M,. Doing so, the DCO
formation yield for a binary with metallicity Z;, delay time f4ejqy
and final compact object masses M| and M, can be written as

d4N form
dMspR dtgelay dMy dM,

(Z;, tgeray» My, Mp),

where Niom, is the number of systems of interest that form and
Mgrr is a unit of star-forming mass. To get the total yield
dNrorm / dMsgr this is marginalized over fgeray, My and M. This
yield is typically computed with a Monte Carlo approach
through COMPAS simulations. The subsequent conversion to
merger and detection rates is then done in postprocessing, as
described below.

6.4. Calculating Astrophysical Rates over the Cosmic History
of Our Universe: The Case of Double Compact Object Mergers

These COMPAS suite scripts to calculate cosmological
formation and merger rates of astrophysical events, often
referred to as “cosmological integration,” are based on the work
presented in Neijssel et al. (2019). We describe the method
behind these postprocessing scripts for the example of
calculating DCO merger rates over redshift below, similarly
to Neijssel et al. (2019) and Broekgaarden et al. (2021a), but
the idea can be easily generalized to other phenomena.

6.4.1. Double Compact Object Merger Rates for Ground-based GW
Detectors

The DCO merger rate measured by a comoving observer in
the source frame of the merger at a given merger time 7,
(measured since the Big Bang) is given by

d4Nmerger
dty, dV. dM, dM,
tm
= f dz; L dldelay SFRD(Z;, z (ttorm = tm — ldelay))

% d4NI'orm
AMspR dtgelay dMy dM,

Rm(lm’ M], M2) = ([ms Ml’ MZ)

(Zi, tdetay, M1, M>), (43)

where we convolve the yield with the the metallicity-specific
star formation rate density SFRD(Z;, z(tjorm)), Which is a
function of birth metallicty Z; and redshift z.*” In Equation (43)
V. is the comoving volume and the relevant star formation rate
is computed at a redshift corresponding to the formation time

26 Before we used Z instead of Z; for metallicity. In the remaining section we
use Z; to be consistent with the notation for other birth parameters.

27 We use SFRD for the star formation rate density, and SFRD (Z, z) for the
metallicity-specific star formation rate density.
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tform = Im — tdelay- Delay times and metallicities are integrated
over. We describe the merger rate in Equation (43) as an
explicit function of M; and M, because the probability of a
DCO merger detection depends on their values (see below), but
the total merger rate is often computed by marginalizing over
the DCO component masses.

We obtain the SFRD (Z;, z) by multiplying the total star
formation rate density (SFRD) with a metallicity probability
density function

d*M.
SFRD(Zi, Zjorm) = Wé;‘}i(zm)
dzMSFR dpP
= X — s 44
dts dVC (Zform) 7 (Zform) ( )

SFRD  ——————GSMF+MZR

where we used the short hand notation Zgym = Z(fform)- In the
available COMPAS postprocessing scripts, the metallicity
distribution function, dP/dZ;, is typically described as a
convolution between a galaxy mass function, the number
density of galaxies per logarithmic mass bin (GSMF) and the
mass—metallicity relation (MZR). This is discussed in more
detail in the following sections and schematically shown in
Figure 10.

In practice, the integral in Equation (43) is approximated by
a Monte Carlo estimate, integrating over simulated metalli-
cities. The metallicities in the integral limit in Equation (43)
that fall outside of the simulated metallicity range can be either
included in the edge bins (see, e.g., Broekgaarden et al. (2021a)
for more details) or conservatively ignored (effectively
curtailing dP/dZ; to zero outside the range of simulated
metallicities).

The DCO merger rate in Equation (43) is then converted to a
local detection rate Rge by integrating over the comoving
volume and taking into account the probability Ry of detecting
a gravitational-wave source (Section 6.6) using

d3Ndel
Raet(taer, My, My) = — L0t
det(taet, My, M>) o dMy Ay
dv. dty,
- f dz Rontm) Pt (M1, Mo, 2(tm)), (45)
dz dtdet

where 74 1S the time in the detector (i.e., the observer) frame,
Pyt (My, M5, 7) is the probability of detecting a gravitational-
wave signal from a binary with component masses M, M,
. . dty, 1 dV; .

merging at redshift z, and = and — are given by,

diget (1+2) dz
e.g., Hogg (1999). In practice, this integral over redshift can be
computed as a Riemann sum over discrete redshift bins; see,
e.g., previous work by Dominik et al. (2013, 2015), Belczynski
et al. (2016b), Mandel & de Mink (2016), Eldridge et al.
(2019b), Baibhav et al. (2019), Bavera et al. (2020),
Chruslinska et al. (2019). The total detection rate per unit time
can be obtained by further integrating over DCO masses.

6.5. Metallicity-specific Star Formation Rate Density
Prescriptions

In COMPAS, the current publicly available postprocessing
scripts use convolutions between analytical prescriptions for
the SFRD, GSMF, and MZR (Equation (44)). The analytical
equations are based on observations and simulations and can be
flexibly adapted to the user’s preferences. We present below
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Figure 10. Schematic depiction of how models for the metallicity-specific star formation rate density, SFRD (Z;, z), can be created in COMPAS by multiplying a star
formation rate density with a metallicity probability distribution function, dP/dZ;. The metallicity distribution function is typically constructed in the available
COMPAS postprocessing scripts by convolving a galaxy stellar mass function with a mass—metallicity relationship. An exception is the “preferred” model from Neijssel
et al. (2019), which uses a phenomenological model directly for the metallicity distribution function. The arrows in each subfigure indicate in which direction the
distribution moves as redshift increases. Original figure from Broekgaarden et al. (2021a) available at https://github.com/FloorBroekgaarden/BlackHole-

NeutronStar /tree /main/plottingCode /Fig_2.

the prescriptions existing in COMPAS postprocessing based on
the work from Neijssel et al. (2019). An overview of the default
available options for those prescriptions is given in Table 3.

6.5.1. Star Formation Rate Density Prescriptions

The COMPAS cosmic integration postprocessing scripts have
different options for the SFRD. Several examples are given in
the second column of Table 3 and shown in Figure 11. One of
the SFRD prescriptions is based on the “preferred” model from
Neijssel et al. (2019), which is calibrated to match the GW
detections from the first two observing runs of LIGO and
Virgo. Two other options are the Madau & Dickinson (2014)
and Madau & Fragos (2017) SFRDs. All three SFRDs are
given by the functional form

( + 2
T+ [+ 2)/bs)

d’Msrr
dt,dV,

@)=>b M, yr~'Mpc=3. (46)

where z is the redshift. The parameters by, b,, b3, and b4 in the
equation for the SFRD are defined by: b; =0.01, b, =2.77,
b3 =2.9 and by =4.7 for the preferred model in Neijssel et al.

(2019); by =0.015, by =2.7, b3=2.9 and by=5.6 for the
Madau & Dickinson (2014) prescription (see their Equation
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(15)) and b; =0.01, b, =2.6, b3=3.2 and by =06.2 for the
Madau & Fragos (2017) prescription (see their Equation (1)).
Another available SFRD is the one from Strolger et al. (2004,
see their Equation (1)), which uses an extinction-corrected
model for SFRD described as a function of the universe’s age:

d*Msrr
T <, tOHI]
drdv, (trorm)
c Tform ttorm — to M@
=c [tfo‘m exp(*?) + cqexp (C4 o )} T MpS
47
with ¢, =0.182, ¢, =126, ¢3=1.865, ¢,=0.071, and

to = 13.47 Gyr.

6.5.2. Metallicity Distribution Function over Redshift (GSMF + MZR)

The chemical evolution of star formation in our universe is
described in the COMPAS postprocessing scripts by the
metallicity probability density, dP/dZ;, which is a function of
redshift. The cosmic integration postprocessing scripts offer
several options for the metallicity density function, several
examples are shown in Figure 12.
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Table 3
Examples of the By-default Available Options to Construct a Metallicity-specific Star Formation Density Model SFRD(Z;, z) in the Publicly Available Cosmic
Integration Postprocessing Scripts of COMPAS

xyz index SFRD [x] GSMF [y] MZR [z]
0 (default) “Preferred” phenomenological model from Neijssel et al. (2019)
1 Madau & Dickinson (2014) Panter et al. (2004) Langer & Norman (2006)
Strolger et al. (2004) Furlong et al. (2015) single Schechter Langer & Norman (2006) + offset
3 Madau & Fragos (2017) Furlong et al. (2015) double Schechter Ma et al. (2016a)

Note. A SFRD (Z;, z) model can be obtained by combining a star formation rate (SFR) with a galaxy stellar mass function (GSMF) and mass—metallicity relation
(MZR). See Sections 6.4 for more details. The labels 0, 1, 2, 3 are solely used in the figures to refer to these models. The code is flexible to easily adopt a user-
specified prescription for the SFRD, GSMF, or MZR.

The preferred model from Neijssel et al. (2019) (yz =00 in (y=3 in Table 3) is instead based on a double Schechter

Table 3) uses a phenomenological model, which defines the function given by
metallicity density function as a symmetric log-normal
distribution: By (2) dMs, = eXp(A;AEI* )
dP @ = 1 exp( (n(Z) — 1y(2))? ) (48) f’l(z) o
)= N E M. Y V€ M. \ G
dZ; ZionN2m 201 x [¢1(z)(M (*Z)) + ¢2(z)(M (’;)) ]dM*, (51)
where o, is the standard deviation in In(Z)-space and /i(z) is ¢ ¢
the redshift-dependent mean in In(Z)-space. Neijssel et al. which is fitted in a similar way based on tabulated data.
(2019) use a redshift independent o; =0.39 and mean
py = (In(Z)) defined by 6.5.4. Mass—Metallicity Relation Prescriptions
(Z(2)) = exp(u; + ot / 2) = Zy10°%, 49) The default MZR in the COMPAS postprocessing scripts are

analytical formulas for the mapping between galaxy stellar

where Z, is the mean metallicity at redshift 0. In the preferred mass and the metallicity of star formation. Outside of the

phenomenological model, Z, = 0.035 and ¢, = —0.23. phenomenological model by Neijssel et al. (2019), there are

This parameterization of the mean (Equation (49)) follows three different MZR available by default in COMPAS.
the work by Langer & Norman (2006). Observational evidence The MZR 1 and 2 in Table 3 are based on Langer & Norman
suggests the metallicity distributions are likely not symmetric (2006), who derive a MZR based on Savaglio et al. (2005)
in log-metallicity (e.g., Langer & Norman 2006; Chruslinska observations of 56 galaxies in the Gemini Deep Deep and
et al. 2019; Boco et al. 2021). The other prescriptions for the Canada—France Redshift Survey. They obtain a bisector fit,
metallicity distribution function, which are available in the which is then simplified by Langer & Norman (2006) resulting
COMPAS postprocessing, are therefore asymmetric convolu- in the MZR
tions of a GSMF and an MZR.

M (zY
6.5.3. Galaxy Stellar-mass Function Prescriptions E = Z ’ (52)

The available GSMFs in the COMPAS postprocessing scripts ) 10
are all based on observations of luminosity distributions of with My =7.64 x 107" M, from Panter et al. (2004), and a
galaxies, which are converted to galaxy mass distributions mean metallicity that scales with redshift as Equation (49) with
based on a luminosity—mass relation. The options are listed in the COMPAS default values of Zy =0.035, o = 0.3. Combining
the third column of Table 3 and in Figure 13. More details are these two relations results in the MZR by Langer & Norman
provided in Appendix A3 of Neijssel et al. (2019). (2006) given in Table 3 with the label z = 1. However, since

The GSMFS. 1 agd 2 use a functional form of a single this MZR has an offset from the Savaglio et al. (2005) bisector
Schechter function given by fit, Neijssel et al. (2019) also added a second default MZR

M, \ 1@ M, prescription based on Langer & Norman (2006) with a fixed
D, (2) dMy = ¢1(Z)( Y (z)) eXp( % (Z))dM*’ (50) offset in metallicity to match the results by Savaglio et al.

) ) (2005).
where M, is the galaxy stellar mass, ¢; is the overall The MZR from Ma et al. (2016a) is based on theoretical
normalization, 1 is the parameter for the slope of the GSMF models of cosmological simulations combined with population
for M, < M. and M. is the cutoff where the GSMF moves from synthesis simulations. Their MZR is given by

a power-law into an exponential drop off (see Figure 13). 10g10(Zeas /Z)
Panter et al. (2004, Equation (1)) use a z—indegendent single 1037588/ =0
Schechter function with ¢; =7.8 x 107~ Mpc™ -, ¥, =+ 1.16 My

and M, =7.64 x IOIOM(f. The GSMF optign “Furlong et al. =035 [logm(ﬁd) - 10] +0.93exp(=0432) = 1.05,
(2015) single” (y =2 in Table 3), uses a linear fit by Neijssel

et al. (2019) to the tabulated redshift-dependent values for ¢,

11, and M.. The GSMF option “Furlong et al. (2015) double” with Zg,, the metallicity of the star-forming gas (here Z;).

(53)

23
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Figure 11. The star formation rate density as a function of redshift for the four
default available options in the cosmic integration postprocessing scripts of
COMPAS.
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Figure 12. Three examples of metallicity probability distribution functions
(dP/dZ;) available in the postprocessing scripts of COMPAS. For each of the
prescriptions the metallicity distribution is shown for four different redshifts.
Gray areas show Z; values that fall outside of the metallicity range of SSE
tracks from Hurley et al. (2000).

The three MZR options available by default in COMPAS are
given in Figure 14.

6.6. Gravitational-wave Selection Effects

Whether a DCO merger is detectable by a GW interferom-
eter depends on its distance (i.e., redshift), orientation,
inclination, and source component masses M, and M,. The
detectability by a network is approximated by checking
whether the source signal-to-noise ratio (S/N) in a single
detector surpasses a predefined threshold. COMPAS contains
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—— 1: Panter et al. (2004) Single
2: Furlong et al. (2015) Single
3: Furlong et al. (2015) Double
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Figure 13. The galaxy stellar mass functions (GSMFs) for the three default
available options in the cosmic integration postprocessing scripts of COMPAS
(see also Table 3). The GSMFs are shown at seven different redshift values,
except for the Panter et al. GSMF, which is not redshift-dependent.
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Figure 14. The mass—metallicity relations for the three default available
options in the cosmic integration postprocessing scripts of COMPAS. The MZRs
are shown at different redshift values.

publicly available postprocessing scripts that calculate the
detection probability of a gravitational-wave source, based on
the method described in Barrett et al. (2018). Source
component spins and any residual in-band eccentricity are
not currently included in these detection probability estimates.

Typically a user sets in the COMPAS postprocessing scripts a
S/N threshold of S/N=28 for a single ground-based GW
detector (Finn & Chernoff 1993), such that sources with a
higher S/N are detectable, but this can be changed to the user-
specified value. The S/Ns of the DCO mergers are calculated
by computing the source waveforms using a user-chosen
waveform model included in the LAL software suite (LIGO
Scientific Collaboration 2018), such as IMRPHENOMPV2
(Hannam et al. 2014; Husa et al. 2016; Khan et al. 2016) and
SEOBNRV3 (Pan et al. 2014; Babak et al. 2017). We
marginalize over the sky localization and source orientation
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Figure 15. Plots produced using detailed COMPAS output of the evolution of a with initial masses Mzams.1 = 35.4 Mo, Mzams2 = 29.3 M., on a circular orbit with
semimajor axis @ = 1.02AU at metallicity Z = 0.001. These initial parameters produce a GW151226-like BBH with component masses 15.9 and 8.2 M, and a
coalescence time of 280 Myr (GW 151226 had measured component masses of 14.2783 and 7.5723 M, Abbott et al. 2016b). Panels (a)—(d) plot respectively the time
evolution of the mass parameters (masses of both stars and their He and CO cores, and the total mass of the binary), the radius parameters (stellar radii and Roche radii
for both stars, and the semimajor axis), eccentricity, and stellar types (as described in Table 2). Red, blue, and black lines denote the primary star, secondary star, and

the binary, respectively.)

of the binary using the antenna pattern function from Finn &
Chernoff (1993). The detector sensitivity can be chosen by the
user. Available options include the sensitivity of a LIGO
instrument at design sensitivity and O1, 02, and O3
configurations (Aasi et al. 2015; Abbott et al. 2016a), as well
as the third-generation Einstein Telescope detector (Hild et al.
2011).

7. Usage Examples

In this section, we show a few practical examples of
COMPAS usage. Although COMPAS has mainly been applied to
large population studies (see examples in Section 1), it is often
useful to visualize the full evolutionary path of a given isolated
binary, especially when trying to reproduce a specific system.
We show an example in Section 7.1, with the caveat that the
approximate treatment of rapid population synthesis cannot
match the precision of detailed stellar codes for individual
systems. In Section 7.2 we show a more typical application of
COMPAS postprocessing tools to predict a distribution over a
population, in this case, the chirp mass distribution of
detectable BBH mergers.

7.1. Detailed Evolution of a Binary

We provide an example plot of the COMPAS detailed output
in Figure 15, which records the detailed evolution of the
progenitor to a GW151226-like BBH (Abbott et al. 2016b;
Stevenson et al. 2017). The code to reproduce this binary and
the detailed output of any binary is available at https://github.
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com/TeamCOMPAS /COMPAS. We now describe the evol-
ution of this example binary system. Descriptions of the stellar
types referenced below can be found in Table 2.

1. Figure 15(b) shows that the primary star (red line)
exceeds its Roche lobe at 5.8 Myr and initiates mass
transfer as it expands rapidly once it evolves off the main
sequence. This dynamically stable mass transfer episode
is nonconservative, as reflected by the concurrent dip in
total mass (black curve in Figure 15(a)). This causes the
semimajor axis to nearly triple, despite the larger initial
mass of the donor (see Equation (25)). Figure 15(a)
shows that the primary loses 23 M, (corresponding to its
hydrogen envelope), of which 21 M is accreted by the
secondary. The primary emerges as a stripped Helium
star (HeMS), as shown in Figure 15(d), with total mass
equal to its He-core mass (Figure 15(a)).

. After another 0.6 Myr, the primary collapses into a BH in a
core-collapse supernovae (CCSNe), ejecting 3 M., in the
process (Figure 15(a)). Its natal kick induces an orbital
eccentricity of 0.62 (Figure 15(c)), but due to a fortuitous
combination of kick magnitude and direction, the orbital
semimajor axis shrinks by ~ 1/3 (Figure 15(b)).

3. The secondary evolves off the main sequence at 7.8 Myr
(Figure 15(d)). It too expands and exceeds its Roche lobe
shortly thereafter, triggering dynamically unstable mass
transfer back onto the primary (now a BH, Figure 15(b)).
The binary enters a CE, characterized by orbital tightening
by several orders of magnitude (Figure 15(b)) on the
dynamical timescale of the donor. In the default COMPAS
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Figure 16. Distribution of the detection rate of BBH mergers over chirp mass,
assuming LIGO O3 sensitivity, an S/N threshold of 8, and the default
metallicity-specific star formation history model from Neijssel et al. (2019).
The gray bars show a binned histogram. The thick gray smooth solid line is a
kernel density estimate of the distribution, and the shaded region shows the one
and two o sampling uncertainties estimated through bootstrapping.

model, CE phases are assumed to completely circularise the
binary, removing the eccentricity imparted by the first SNe
(Figure 15(c)).

4. The secondary is stripped by the CE episode and
continues its evolution as a stripped helium star (HeMS)
(Figure 15(d)), collapsing into a BH at 8.3 Myr. The
complete fallback in the second supernova results in no
natal kick and a consequently small post-SNe eccentricity
(Figure 15(c)).

7.2. Chirp Mass Distribution of LIGO BBHs

We show an example application of COMPAS population
postprocessing tools to predict the chirp mass distribution of
BBHs detected by gravitational-wave detectors.

We evolve ten million binaries with COMPAS assuming the
default model. Metallicities are sampled log-uniformly in the
range log(Z) € [0.0001, 0.03]. A Monte Carlo integral over a
smooth distribution of metallicities (see Section 6.4) avoids the
metallicity binning artefacts encountered when using a discrete
metallicity grid, as discussed, e.g., by Dominik et al. (2015).
We compute the merger rate distribution under the assumption
of a phenomenological, metallicity-specific star formation
history (see Section 6.5) detailed in Neijssel et al. 2019. We
apply gravitational-wave selection effects (see Section 6.6) for
a LIGO detector network operating at O3 sensitivity and a S/N
detection threshold of 8. Figure 16 shows the chirp mass
distribution of detectable BBHs.

The script used to make this plot, which makes use of
COMPAS’s postprocessing classes, can be found at https://
github.com/TeamCOMPAS /COMPAS.
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8. Conclusions

We described COMPAS, a public rapid binary population
synthesis code. COMPAS v 02.21.00 evolves ~100 binaries per
second on a modern laptop computer. Given its parallel
structure (jobs can be readily split across multiple cores with no
need for communication until results are re-combined), a
population of a billion binaries can be evolved in 24 hours on a
modest 128 core cluster. COMPAS is designed to make it easy to
specify desired parameterized prescriptions or introduce new
models for various stages of stellar and binary evolution.
Together with its postprocessing toolbox, COMPAS is thus well
suited for inference studies on observed stellar binary
populations (e.g., Barrett et al. 2018).

The following are some of the planned enhancements to
COMPAS that we hope to include in future versions:

1. COMPAS currently relies on Hurley et al. (2000) models
for single stellar evolution. In order to evaluate the impact
of uncertainties in these models, we plan to incorporate
single stellar evolution tracks interpolated from other
stellar evolution codes with METISSE (Method of
Interpolation for Single Star Evolution, Agrawal et al.
2020).

2. Extend COMPAS to more accurately treat low-mass stars.
While the code can evolve binaries with low-mass
components, a number of features, ranging from white
dwarf novae to magnetic braking, are either not included
or insufficiently tested.

3. Include a proper treatment of stellar mergers, allowing the
future evolution of merger products to be tracked.

4. Update and re-activate the treatment of tidal interactions,
including tidal synchronization and circularization, to
include the latest models (e.g., Vick & Lai 2020).

COMPAS is a public code, and we encourage the community
to use it and, should they wish, to become involved in its
development. In particular, any defects or enhancement requests
can be brought to our attention via the github issue tracker”® or
by e-mail, compas-user@googlegroups.com. COMPAS will be
published in the Journal of Open Source Software
(Team Compas et al. 2021).

The authors thank Ben Bradnick, Isobel Romero-Shaw, and
Rajath Sathyaprakash for past contributions to the code, and
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Most massive stars—those with initial masses greater than 8 Mg—are born with another
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In particular, rapid binary population synthesis is needed in order to efficiently explore a broad
parameter space of uncertain assumptions about the physics of stellar and binary evolution,
including supernova remnant masses and natal kicks, mass transfer efficiency and stability,
and the outcome of common-envelope events.

A range of binary population synthesis codes have been developed over the last three decades.
These include the Scenario Machine (Lipunov et al., 1996), IBiS (Tutukov & Yungelson, 1996),
SeBa (Portegies Zwart & Verbunt, 1996), BSE (Hurley et al., 2002), StarTrack (Belczynski
et al., 2008), binary_c (lzzard et al., 2004), MOBSE (Giacobbo et al., 2018) and COSMIC
(Breivik et al., 2020). These codes range from private to semi-public to fully public, and differ
in the range of available tools, computational complexity, and speed of execution.

COMPAS is a rapid binary population synthesis suite. It parametrizes complex astrophysical
processes with prescriptions calibrated to detailed models. COMPAS is designed to allow for
flexible modifications as evolutionary models improve. All code is fully public and, including
pre-processing and post-processing tools. COMPAS is computationally efficient, with a focus
on the statistical analysis of large populations, particularly but not exclusively in the context
of gravitational-wave astronomy.

Details

The core engine of COMPAS—responsible for calculating the evolution of single (Hurley et
al., 2000) and binary (Hurley et al., 2002) stars—is written in object oriented C++ for speed
and flexibility. COMPAS is able to simulate the evolution of a typical binary over 10 Gyr in
approximately 10 milliseconds.

A detailed description of the implementation of the COMPAS suite can be found in Team
COMPAS: Riley et al. (2021).

In addition to the core stellar and binary evolution engine, we provide Python scripts for both
pre- and post-processing COMPAS outputs. Post-processing can account for integrating pop-
ulations formed throughout cosmic history (Neijssel et al., 2019) and methods to account for
gravitational-wave selection effects (Barrett et al., 2018). A set of examples is also provided.

COMPAS is embarrassingly parallel and can be trivially run on high performance computers
and distributed on cloud computing.

COMPAS was initially designed to focus on studies of merging binaries containing neutron
stars and black holes that are being observed through gravitational waves (Stevenson et al.,
2017; Vigna-Gémez et al., 2018). In recent years, the scope of systems investigated with
COMPAS has expanded to incorporate, e.g., Be X-ray binaries (Vinciguerra et al., 2020) and
luminous red novae (Howitt et al., 2020) (see Team COMPAS: Riley et al. (2021) or the
COMPAS collaboration website for a summary of COMPAS publications to date.)

COMPAS development happens on Github. We maintain a Zenodo community where data
from many publications using COMPAS is publicly available.
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Chapter 3

Chemically Homogeneous Evolution:
A rapid population synthesis
approach

Rotationally-induced chemical mixing in massive stars can prevent the establishment
of a strong chemical gradient, and so significantly affect the star’s evolution [76, 77].
In such cases, as long as the star continues to rotate at a sufficiently high rate, it will
remain quasi-chemically homogeneous |78, 79]. Contrary to the core-envelope structure
exhibited by more slowly rotating stars, and the characteristic expansion of the envelope
as the core contracts, the radius of chemically homogeneous (CH) stars will shrink or

remain constant as they become hotter, brighter, and bluer [80].

de Mink et al. [81] argued that the conditions for chemical homogeneity can be achieved
in very close massive binary systems, and proposed CHE as a viable formation channel
for binary black holes that can coalesce within the age of the Universe and that would
otherwise merge before, or soon after, the completion of hydrogen burning due to the
expansion of the stars. VFTS 352 [82] and HD 5980 [83] are examples of observed binary
systems thought to have undergone CHE [84].

Marchant et al. [85] conducted detailed simulations of the CHE formation channel using
the MESA code [53-55|, which were further developed and investigated by du Buisson
et al. [86]. Mandel and de Mink [80] conducted simulations in which they explore a
broad parameter space using a set of simplifying assumptions that allow rapid population

synthesis.

COMPAS (Chapter 2) implemented a number of models for stellar and binary evolution,
but lacked a model for CHE. We implemented a model for CHE in COMPAS, and

46
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extended the work of Marchant et al. [85] and [80]. The following paper, Riley et al. [87],
describes the COMPAS implementation of CHE.

The CHE model implemented in COMPAS is a fairly nalve treatment, and some sim-
plifying assumptions were made (detailed in the following paper). This work, and the
work described in Chapter 2, enables work to be done to improve the COMPAS CHE
model. Stevenson and Houlden [88] have recently extended the CHE implementation
in COMPAS to include better treatments of the lifetime and luminosity of CHE stars
relative to non-rotating main-sequence stars, the effects of both metallicity and rotation

on mass loss, and some work to determine the final spins of black holes formed through

CHE.
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ABSTRACT

We explore chemically homogeneous evolution (CHE) as a formation channel for massive merging binary black holes (BBHs). We
develop methods to include CHE in a rapid binary population synthesis code, Compact Object Mergers: Population Astrophysics
and Statistics (COMPAS), which combines realistic models of binary evolution with cosmological models of the star formation
history of the Universe. For the first time, we simultaneously explore conventional isolated binary star evolution under the
same set of assumptions. This approach allows us to constrain population properties and make simultaneous predictions about
the gravitational-wave detection rates of BBH mergers for the CHE and conventional formation channels. The overall mass
distribution of detectable BBHs is consistent with existing gravitational-wave observations. We find that the CHE channel may
yield up to ~70 per cent of all gravitational-wave detections of BBH mergers coming from isolated binary evolution.

Key words: gravitational waves — stars: evolution — stars: massive —black hole mergers —binaries: close.

1 INTRODUCTION

On 2015 September 14, the first direct observation of gravita-
tional waves was made by the Advanced Laser Interferometer
Gravitational-wave Observatory (aLIGO; Abbott et al. 2016). The
detected signal, now known as GW150914, was also the first obser-
vation of two black holes merging, thus confirming the existence of
binary stellar-mass black hole systems and providing evidence that
they can merge within the current age of the Universe. Based on 10
binary black hole (BBH) detections during the first two observing
runs of aLIGO and advanced Virgo, Abbott et al. (2019b) estimate
a local BBH merger rate of 25-109 Gpc™ yr~! at a 90 per cent
confidence.

How the BBH sources of these gravitational-wave signals form
remains an open question. To be the source of gravitational waves
detected at aLIGO, which is sensitive to signals with frequencies of
tens to hundreds of Hz, compact objects orbiting each other must
spiral in as they lose energy through the emission of gravitational
waves. Orbital energy loss through gravitational-wave emission is
not efficient at wide separations, and the time-scale for gravitational-
wave emission to drive a binary to merger scales as the fourth
power of the orbital separation (Peters 1964). In order for two
30Mg black holes to merge within ~14 Gyr, the current age of
the Universe, their initial separation must be below <50Rg, and
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therein lies a problem, as this is smaller than the radial extent reached
by typical slowly rotating massive stars during their evolution. The
different astrophysical channels proposed for forming merging BBHs
generally fall into the following two categories (see e.g. Mandel &
Farmer 2018; Mapelli 2018, for reviews):

(i) isolated binary evolution, in which two stars may interact
through tides and mass transfer, but are dynamically decoupled from
other stars (e.g. Tutukov & Yungelson 1973, 1993; van den Heuvel
1976).

(i1) dynamical formation, where dynamical interactions in a dense
environment and/or a hierarchical triple system play a key role in
forming and hardening a compact BBH (Sigurdsson & Hernquist
1993; Miller & Lauburg 2009; Ziosi et al. 2014; Rodriguez et al.
2015; Antonini et al. 2016; Bartos et al. 2017; Stone, Metzger &
Haiman 2017).

A variant of the isolated binary evolution channel relies on
rotationally induced chemical mixing in massive stars to prevent the
establishment of a strong chemical gradient (Maeder 1987; Heger,
Langer & Woosley 2000; Maeder & Meynet 2000). As long as the
star continues to rotate at a sufficiently high rate, it will remain
quasi-chemically homogeneous (CH; Maeder 1987; Langer 1992).
Contrary to the core-envelope structure exhibited by conventional,
more slowly rotating stars, and the characteristic expansion of the
envelope as the core contracts, the radius of quasi-CH stars will
shrink or remain constant as they become hotter and brighter (Yoon,
Langer & Norman 2006; Mandel & de Mink 2016).
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As we discuss below, previous work on the chemically homo-
geneous evolution (CHE) channel for BBH formation (de Mink &
Mandel 2016; Mandel & de Mink 2016; Marchant et al. 2016; du
Buisson et al. 2020) explored this channel independently of the usual
isolated binary evolution channel. In this paper, we present our rapid
population synthesis model for the CHE of binary systems, allowing
for a direct comparison of the rates and properties of CHE and non-
CHE BBHs under the same set of assumptions. Our CHE model is
implemented in the rapid binary population synthesis code Compact
Object Mergers: Population Astrophysics and Statistics (COMPAS;
Stevenson et al. 2017; Vigna-Gomez et al. 2018), with thresholds
on CHE evolution computed using rotating stellar models in the
Modules for Experiments in Astrophysics (MESA) code (Paxton et al.
2011, 2013, 2015).

The remainder of this paper is organized as follows. Section 2 is
a brief outline of CHE and previous work on the formation of BBHs
through this channel. Section 3 presents a description of our CHE
model and the implementation of the model in COMPAS. We present
our results in Section 4. We provide some concluding remarks in
Section 5.

2 CHEMICALLY HOMOGENEOUS EVOLUTION

Stars evolving on the main sequence (MS) typically develop increas-
ingly helium-rich cores and hydrogen-rich envelopes as radial mixing
is inefficient. However, von Zeipel (1924) showed that rotating stars
cannot simultaneously be in hydrostatic and thermal equilibrium
if the rotational velocity is a function of only radius, which has
been argued to result in meridional currents in the radiative layers
of a rotating star (Eddington 1929; Sweet 1950). In massive rapidly
rotating stars in low-metallicity environments, these currents can mix
material from the convective core throughout the radiative envelope,
leading to CHE for rapidly rotating stars (Maeder 1987).

Due to strong chemical mixing, CH stars do not maintain a
hydrogen-rich envelope — thus avoiding the dramatic expansion
exhibited during the post-MS phase by non-CH stars. The radius
of a CH star remains stable, or shrinks slowly, as the star becomes
increasingly helium rich over the course of the MS, with the star
contracting to a massive naked helium star post-MS. CH components
of a very close binary system can thus avoid overfilling their Roche
lobes, mass transfer, and probable merger.

de Mink et al. (2009) modelled the evolution of rotating massive
stars using the hydrodynamic stellar evolution code described by
Yoon et al. (2006) and Petrovic et al. (2005), which includes the
effects of rotation on the stellar structure and the transport of angu-
lar momentum via rotationally induced hydrodynamic instabilities
(Heger et al. 2000). The binary models developed by de Mink et al.
(2009) and Song et al. (2016) show that constituent stars in very tight
binary systems can achieve rotational frequencies sufficient to induce
CHE. de Mink et al. (2009) proposed CHE as a viable formation
channel for high-mass black hole X-ray binaries. VFTS 352 (Almeida
etal. 2015) and HD 5980 (Koenigsberger et al. 2014) are examples of
observed binary systems thought to have undergone CHE (de Mink
& Mandel 2016).

Mandel & de Mink (2016) and Marchant et al. (2016) introduced
and investigated CHE as a channel for forming merging BBHs.
They concluded that for sufficiently high masses and sufficiently
low metallicities, a narrow range of initial orbital periods (short
enough to allow rapid rotation necessary for CHE, but not so short
that the binary would immediately merge) could allow this channel
to produce merging BBHs.

MNRAS 505, 663-676 (2021)

Mandel & de Mink (2016) and de Mink & Mandel (2016) used
approximate thresholds for CHE based on the models of Yoon et al.
(2006) to investigate the rates and properties of BBHs formed through
the CHE channel. They estimated a merger rate of ~10 Gpc™3
yr~! in the local Universe for this channel, subject to a number
of evolutionary uncertainties, which they explored in a population-
synthesis-style study.

Marchant et al. (2016) used the MESA code to conduct detailed
simulations of the CHE channel, which were followed until the
BBH stage. The simulations were conducted for close binaries with
component masses above ~20 Mg, and included the overcontact
phase in a majority of CHE BBH progenitors. Marchant et al. (2016)
suggested that as long as material does not overflow the L2 point in
overcontact binaries, co-rotation can be maintained, and a spiral-in
due to viscous drag can be avoided. In this scenario, close binary
systems typically enter the overcontact phase in the early stages of
core hydrogen burning, and then equilibrate their masses through
mass transfer between the constituent stars. du Buisson et al. (2020)
extended the results of the MESA simulations performed by Marchant
et al. (2016) and combined them with the cosmological simulations
of the chemical and star formation history of the universe by Taylor
& Kobayashi (2015). Their population synthesis study investigated
the population properties, cosmological rates, and aLIGO detection
rates of BBHs, including the dependence on the early-Universe
star formation rate (SFR), which they find to be mild for moderate
variations in the high-redshift SFR.

3 METHODS

In this section, we describe the implementation of CHE within
the COMPAS rapid binary population synthesis code. Using COMPAS
allows us to rapidly evolve a large synthetic population of binaries,
which includes binaries whose component stars evolve convention-
ally [i.e. along a redwards track on the Hertzsprung—Russell diagram
(HRD)], and others whose components evolve via CHE (i.e. along a
bluewards track on the HRD), thus providing data for both pathways
that can be compared directly. Below, we summarize the key physics
implemented in COMPAS, starting with our approximate model of
quasi-CHE based on MESA experiments, as well as the choices made
for the metallicity-specific star formation history.

3.1 Physics implemented in COMPAS

The basics of stellar and binary evolution and BBH population
modelling in COMPAS are described by Stevenson etal. (2017), Vigna-
Goémez et al. (2018), and Neijssel et al. (2019). Here, we provide
a brief summary and describe differences from previous COMPAS
studies.

3.1.1 CHE in compas

We used a set of MESA models of single stars with a fixed rotational
frequency and no mass-loss to determine the minimal angular
frequency w necessary for CHE as a function of mass and metallicity.
Our fits to these angular frequency thresholds are provided in
Appendix A. COMPAS uses these fits to determine whether a star
is evolving chemically homogeneously.

Stellar evolution in COMPAS follows the analytical fits of Hurley,
Pols & Tout (2000) to the stellar models from Pols et al. (1998).
In order to address CHE, we introduce a new CH stellar type to
the Hurley et al. (2000) collection of stellar types. In our simplified
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model, we neglect the very limited radial evolution of a CH star and
set its radius equal to the zero-age MS (ZAMS) radius of a non-
rotating star of the same mass and metallicity (see Appendix A).
We compute the mass-loss rate for CH stars in the same way as for
regular MS stars, but with this fixed rather than evolving radius. As
a consequence, the total mass lost over the MS by CH stars in our
COMPAS models is generally within <10 per cent of that lost by non-
CH stars of the same ZAMS mass and metallicity, except for the most
massive stars in our simulations, with initial masses above 100 Mg,
where the absence of radial expansion leads to significantly reduced
MS mass-loss estimates for CH stars. Finally, we assume that if a
star evolves chemically homogeneously through the MS, it contracts
directly into a naked helium star at the end of the MS, retaining its
full mass at that point. Future evolution follows the Hurley et al.
(2000) models of helium stars.

Tides are very efficient at ensuring circularization and synchro-
nization in very close binaries through tidal locking (e.g. Hut 1981).
We therefore assume that all potential candidates for CHE are tidally
synchronized at birth, so that their rotational angular frequency
equals the orbital angular frequency. We check this angular frequency
at birth to determine whether a star belongs to the CH type and
continue to check it at every time-step on the MS. If the angular
frequency ever drops below the threshold value for CHE, e.g. because
of binary widening as a consequence of mass-loss through winds,
the star is henceforth evolved as a regular MS star (in our simplified
treatment, it immediately jumps to the track of a regular MS star of
the same mass). We assume that once a chemical gradient is formed,
it is very challenging to overcome and ensure efficient mixing, so
in our model, a star that is not evolving chemically homogeneously
cannot become a CH star (cf. BPASS models, which allow quasi-CHE
through accretion-induced spin-up; Eldridge et al. 2017). Although
we assume perfect tidal synchronization for CH stars, we disregard
the angular momentum stored in the stellar rotation when considering
binary evolution with mass-loss.

3.1.2 Initial conditions

Each binary system in a COMPAS simulation is described at birth
(i.e. at ZAMS) by its initial conditions: constituent star masses,
separation, eccentricity, and metallicity. Initial conditions for our
experiments were chosen using statistical distribution functions
from the literature that were themselves based on observations. We
describe the most important of these, and some important parameters
that affect the evolution of the constituent stars as well as the binary
system, in the following paragraphs.

The mass of the primary star in the binary system (the more
massive star at ZAMS) m ; is described by the Kroupa (2001) initial
mass function (IMF), the distribution function of which is given by

plmy ) ocmiy, (1

where o = 2.3 for the simulated range of primary masses m;; €
[5, 150] M. We assume that the IMF is the same for all metallicities.

The mass of the secondary star (less massive at ZAMS) m,; is
determined by drawing a mass ratio between the constituent stars
gi = my;i/m; that follows a flat distribution, p(g;) = 1 (Sana
et al. 2012; Kobulnicky et al. 2014). Since we are interested in BBH
formation, we explore only m,; > 3.0 Mg here. However, for both
the primary and secondary masses, we consider the full mass range
to normalize the simulation results to a given star-forming mass or
SFER (e.g. Neijssel et al. 2019).

The initial separation is drawn from a flat-in-log distribution
independently of the masses (see Moe & Di Stefano 2017, for coupled
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initial conditions):

pla;) « i, 2
ai
where a; € [0.01, 1000]au (Opik 1924; Abt 1983).

We assume that all binaries are circular at birth (i.e. ¢; = 0); see
Vigna-Goémez et al. (2020) for further discussion. Close binaries are
tidally circularized at birth, so this has no impact on potential CHE
systems.

We simulate 30 different metallicities spaced uniformly in the
logarithm across the range —4 < log,, Z < —1.825.

3.1.3 Wind-driven mass-loss

We use the mass-loss rates as prescribed by Hurley et al. (2000)
and Hurley, Tout & Pols (2002) and references therein for cooler
stars with temperatures of 12 500 K and below. For stars hotter than
12 500K, we use the wind mass-loss rates from Vink, de Koter &
Lamers (2001), as implemented in Belczynski et al. (2010).

The luminous blue variable (LBV) stars (Maeder 1989; Pasquali
et al. 1997), located close to the Humphreys—Davidson limit in the
HRD (Humphreys & Davidson 1979), are treated differently. For
these stars, we use the LBV wind mass-loss rate prescribed by
Belczynski et al. (2010):

dm

o fipyx 107" Mg yr', )

where figpy = 1.5.

For massive, hot and bright naked helium stars, we use a
metallicity-dependent Wolf-Rayet (WR) wind mass-loss rate (Vink
& de Koter 2005). We parametrize the rate of mass-loss by following
Belczynski et al. (2010):

m
%4 = fwrx107PL" (Zi@) Mo yr ', 4)
where L is the luminosity and m = 0.86 (Vink & de Koter 2005); we
take Zg = 0.014 (Asplund et al. 2009) and fwgr = 1.0 in our default
model.

In our model, all stars that remain CH on the MS convert their
entire mass into helium at the end of their MS lifetime, so all such
stars evolve into naked helium stars. Lower mass-loss rates would
promote the formation of black holes as the end-products of the
evolution of these massive stars, so we consider four different values
of fwr in order to study the impact of WR mass-loss on CHE: fwgr €
{0.0,0.2,0.6,1.0}.

All mass lost in winds is assumed to promptly depart the binary
without further interaction with the companion in so-called ‘Jeans
mode’ mass-loss, carrying away the specific angular momentum of
the donor.

Our mass-loss rate models do not include the impact of stellar
rotation, which is likely to drive additional mass-loss. In particular,
the WR star formed when the CH star contracts and spins up at the end
of its MS is likely to be critically rotating, and the same process may
repeat during core contraction after core helium depletion. The star’s
angular momentum can be reduced to subcritical levels with a small
amount of mass-loss, and therefore does not significantly impact
the overall mass budget; however, this does affect the remnant spin
(Marchant & Moriya 2020).
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3.1.4 Mass transfer and overcontact systems

We use the prescriptions described in Vigna-Gémez et al. (2018)
and Neijssel et al. (2019) to determine the dynamical stability of
mass transfer through Roche lobe overflow (RLOF), the fraction
of mass accreted on to the companion and the specific angular
momentum carried away by non-conservative dynamically stable
mass transfer, and the outcome of common-envelope evolution. For
non-CHE binaries that go through a common-envelope phase, we
assume that Hertzsprung-gap donors do not survive (the ‘pessimistic’
prescription of Belczynski et al. 2007; Neijssel et al. 2019) and we
assume that immediate post-common-envelope RLOF indicates a
merger.

We deviate from previous COMPAS models in the treatment of
binaries that experience RLOF at ZAMS. Unlike previous work,
we now allow such binaries to equilibrate their masses. The new
separation of the equal-mass binary with a conserved total mass is
determined by angular momentum conservation. Binary components
are allowed to overfill their Roche lobes, creating overcontact
systems. However, if the components extend past the L2 Lagrange
points after equilibration, we assume that the binary loses co-
rotation and promptly merges (Marchant et al. 2016). For equal-mass
circular binaries, the volume-equivalent radius for half of the volume
within the L2 equipotential surface equals half the orbital separation.
Therefore, our criterion for avoiding a prompt merger is equivalent
to demanding that the sum of the unperturbed stellar radii is smaller
than the orbital separation a.

3.1.5 Pair-instability supernovae (SNe)

Stellar evolution models predict that single stars with helium cores
in the range of ~60-130 Mg can become unstable due to electron—
positron pair production, leading to pair-instability SNe (PISNe) that
disrupt the star, leaving no remnant behind (e.g. Fowler & Hoyle
1964; Barkat, Rakavy & Sack 1967, Fraley 1968; Woosley, Heger &
Weaver 2002; Farmer et al. 2019; Woosley 2019). Stars with helium
cores more massive than 130 Mg also experience a rapid collapse
driven by pair production, but in these stars photodisintegration
prevents a subsequent explosion; such stars may again produce
merging BBHs (e.g. Marchant et al. 2016; du Buisson et al. 2020),
but they are not explored in our models, which have maximum initial
stellar masses of 150 M. Meanwhile, stars with somewhat lower
helium core masses, between ~35 and ~60 Mg, are predicted to
eject significant fractions of their total mass over several episodes
(e.g. Yoshida et al. 2016; Woosley 2017; Marchant et al. 2019; Renzo
et al. 2020). Such pulsational pair-instability SNe (PPISNe) leave
behind a black hole remnant, albeit with a reduced mass. PISNe and
PPISNe are expected to produce a PISNe mass gap in the distribution
of remnant masses from single stellar evolution — a dearth of black
holes with masses between ~45 and ~130 Mg,

Some superluminous SNe have been identified as PISN candidates
(Gal-Yam 2012, and references therein), while iPTF2014hls has been
identified as a PPISN candidate (Arcavi et al. 2017). Furthermore, the
distribution of masses of gravitational-wave observations appeared
consistent with a cut-off due to (P)PISNe (Abbott et al. 2019a),
though GW190521 is a BBH merger with at least one component in
the predicted PISN mass gap (Abbott et al. 2020).

Here, we follow the Stevenson et al. (2019) fit to the Marchant et al.
(2019) models for predicting the range of PISN masses and the PPISN
remnant masses from the masses of the progenitor helium cores. We
apply the entire PPISN mass-loss in one time-step. Moreover, in our
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Figure 1. The total SFR as a function of redshift (red) and subdivided into
different ranges of metallicity, following the preferred model of Neijssel et al.
(2019). The dark blue and green curves are most relevant for BBH formation.

treatment both SNe happen in one time-step for equal-mass stars.
This overestimates the post-SN period and eccentricity of binaries
whose components lose significant mass in a PPISN.

We use the ‘Delayed’ prescription of Fryer et al. (2012) for
compact object remnant masses and modulate the natal kicks by
fallback for regular core-collapse SNe, with reduced kicks for
electron-capture and ultra-stripped SNe as in Vigna-Gémez et al.
(2018).

3.2 Star Formation Rate

The local merger rate of BBHs depends on their formation rate at
higher redshifts due to the possibly significant time delays between
formation and merger, and is therefore sensitive to the SFR as a
function of redshift. Furthermore, the yield of BBHs per unit star-
forming mass, the BBH mass distribution, and the distribution of
delay times between formation and merger are all sensitive functions
of the metallicity of progenitor stars, both for CHE (e.g. Marchant
et al. 2016) and non-CHE (Chruslinska, Nelemans & Belczynski
2019; Neijssel et al. 2019) systems. We must therefore specify a
metallicity-specific SFR (MSSFR) in order to estimate the merger
rate and properties of BBHs. We use the preferred model of Neijssel
etal. (2019) for the MSSFR. Fig. 1 shows the contribution of different
ranges of star formation metallicities to the total SFR. This model
has higher star formation metallicities in the local Universe than the
Taylor & Kobayashi (2015) model used by du Buisson et al. (2020)
(cf. their fig. 2).

4 RESULTS AND DISCUSSION

We evolved a total of 12 million binaries as described in Section 3.
These were equally divided into 30 metallicity bins and 4 choices of
the WR mass-loss rate multipliers fig, for a total of 100 000 binaries
for each of 120 combinations of Z and fywr . Binaries are evolved until
a double compact object is formed, or until an event happens that
makes this outcome impossible (e.g. the stars merge or the binary
becomes unbound), or the system reaches 14 Gyr in age.

Our simulations are based on a Monte Carlo sampling of binaries.
We estimate the sampling uncertainty on all derived quantities via
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Table 1. Population statistics.
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Population

fwr=0 fwr =02 fwr =0.6 fwr =10 Total
Number of binaries evolved 3000 000 3000 000 3000 000 3000 000 12 000 000
L2 overflow at ZAMS 243717 243 638 243 419 243 930 974 704
Surviving binaries 2756 283 2756 362 2756 581 2756 070 11025296

Surviving population
At least one star experiencing RLOF at ZAMS 75 530 75410 75328 75707 301975
Both stars in binary CH at ZAMS 4193 4281 4201 4216 16 891
Primary only CH at ZAMS 2607 2615 2593 2604 10419
Secondary only CH at ZAMS 0 0 0 0 0
Post-ZAMS Merger 618 001 616 749 618 425 620 250 2473 425
BBHs formed 68 231 67 200 66 016 60 294 261 741
BBHs merging in 14 Gyr 11004 11048 10 926 10 647 43 625
Both stars CH at ZAMS
At least one star experiencing RLOF at ZAMS 3661 3761 3715 3715 14 852
Both stars remained CH on MS 3444 3461 3379 3360 13 644
Primary only remained CH on MS 43 89 116 160 408
Secondary only remained CH on MS 0 0 0 0 0
Neither star remained CH on MS 706 731 706 696 2839
BBHs formed 2152 2370 2527 2621 9670
BBHs merging in 14 Gyr 2057 2322 2377 2306 9062
Primary only CH at ZAMS

At least one star experiencing RLOF at ZAMS 0 0 0 0 0
Primary remained CH on MS 1405 1353 1341 1337 5436
BBHs formed 0 2 3 7 12
BBHs merging in 14 Gyr 0 0 0 0 0

bootstrapping: We uniformly resample, with replacement, a new pop-
ulation of 12 million binaries from the original, evolved, population
of 12 million. Error bars on plots, where shown, correspond to the
5th and 95th percentiles from bootstrapping.

4.1 Population statistics

The population statistics are shown in Table 1. From a population of
11 025 296 binaries that survived beyond ZAMS (i.e. did not merge
at ZAMS), 16 891 were composed of two CH stars at ZAMS, with a
further 10 419 composed of one CH star and one MS star at ZAMS.
Furthermore, in all of the binaries with only one CH star at ZAMS
it was, as we would expect, the primary, more massive, star that was
CH. A total of 261 741 BBHs were formed in the simulation, but
only 43 625 of these were close enough to merge within 14 Gyr, the
current age of the Universe. Among the 13 644 simulated binaries that
evolved chemically homogeneously throughout the MS, 9670 went
on to form BBHs, the vast majority of which, 9062, merged within
14 Gyr (the few non-merging ones are those that lost significant mass
in PPISNe).

4.2 Evolved system properties

Fig. 2 presents a visual summary of the evolutionary outcomes for
each of the 12 million binary systems synthesized, with each point on
the plot representing a single binary system, and the colour indicating
the initial parameters and the outcome of the evolution (per the
legend). We are particularly interested in systems for which both stars
evolve chemically homogeneously and eventually collapse to form a
BBH, so we have agglomerated some of the less interesting progeni-
tor types and outcomes into groups so that the plot is not overly busy.

Because Fig. 2 is a summary over the entire grid of metallicities and
WR mass-loss rate multipliers synthesized, it allows us to see on a
broad scale the evolutionary outcomes for both CHE systems and
non-CHE systems. The COMPAS models for the formation of non-
CHE BBHs have been discussed by Neijssel et al. (2019), so we will
focus our discussions hereafter on the CHE channel.

Fig. 3 shows the parameter space in which CHE is expected
to occur in synchronously rotating binaries according to our CHE
threshold. The darkest grey area in the lower part of the diagram
indicates the region in which L2 overflow occurs and the stellar
components merge; the lighter grey area in the upper part indicates
the region in which the stellar components do not rotate rapidly
enough to induce CHE. The central, lighter, area of the diagram
indicates the region in which we expect CHE to occur, with the
darker, lower, part of the central area indicating the important region
of binaries whose components overflow their Roche lobes but avoid
L2 overflow, occupied by the overcontact systems described by
Marchant et al. (2016). This overcontact region is responsible for
much of the BBH formation through CHE (cf. Fig. 2).

As expected (given our PPISN and PISN mass limits, see sec-
tion 3.1.5), we see BBHs from PPISNe begin to appear at a total
ZAMS mass of =70 Mg, while PISN events appear at a total ZAMS
mass of 2120 Mg. A few unbound CHE systems correspond to
simultaneous PISNe that instantaneously removed more than half the
mass of the binary in our treatment (see Section 3.1.5). In practice,
such systems will undergo a series of pulsations leading to non-
simultaneous mass-loss and may survive, but at separations too large
to merge within the current age of the Universe. The horizontal band
of PISNe just above the CH binaries in Fig. 2 are hybrid systems
comprised of a CH star and an MS star, whereas the vertical band of
PISNe at the upper right of the plot are systems comprised of two
MS stars.
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Figure 2. Initial parameters and final outcomes for each of the binary systems synthesized, showing the initial orbital period Tzams (in days) versus the
initial total mass (in Mg). The population represents a grid of 30 metallicities evenly spaced over the range —4 < log;((Z) < —1.825, and 4 WR mass-loss
multipliers, fwr € {0.0, 0.2, 0.6, 1.0 }. Regions shaded in black represent all systems that experienced L2 overflow at ZAMS; pale green represents systems
that did not form BBHs. Systems for which both stars were CH at ZAMS and remained so throughout their MS lifetime are represented by regions shaded cyan
if they formed BBHs via regular core-collapse SNe, blue if they formed BBHs after undergoing PPISNe, and magenta if they exploded as PISNe. Systems in
which at least one of the stars did not evolve chemically homogeneously for its entire MS lifetime are represented by areas shaded light green if they formed
BBHs via core-collapse SNe, dark green if they formed BBHs following PPISNe, and maroon if either star exploded as a PISN.

4.3 Population synthesis

The initial system total masses and orbital periods of CHE systems
that go on to form BBHs merging within 14 Gyr are shown in Fig. 4.
We show binaries evolved with the WR mass-loss multiplier fiyg = 1.
Each point on the plot represents a simulated binary shaded according
to its metallicity. Higher metallicity binaries are shifted towards the
top of the plot. This is consistent with Fig. 3, which shows that higher
metallicity stars have greater stellar radii and hence greater minimal
separation, as well as lower CHE threshold rotational frequency.
Binaries with reduced WR winds have similar initial distributions,
but show a clear-cut maximum total mass of ~120 Mg, which
matches the mass threshold of 60 M, for individual He star masses
beyond which PISNe occur and leave no remnants. At higher fyr,
high-metallicity systems can lose a significant fraction of their mass,
so binaries with initial total masses above 120 M, can avoid PISNe.
To illustrate this, we plot the mass lost by a CH star with a ZAMS
mass of 40.5 Mg over the naked helium phase in Fig. 5, for a range
of WR mass-loss multipliers and metallicities. At fyr = 1 and Z =
Zg, this star loses nearly half of its mass in WR winds. Meanwhile,
at low metallicities, which are typical for high formation redshifts,
the total mass lost in WR winds is very low, except at artificially
enhanced fwr values of 5 and 10, which disagree with observational
constraints and are not considered in this study. Consequently, we do
not expect to see a significant impact of fiyg on low-metallicity BBH
formation, which matches our findings as discussed below.

MNRAS 505, 663-676 (2021)

Table 1 shows that, across all simulated metallicities and WR
mass-loss multipliers, ~80 per cent of binaries composed of two
CH stars at ZAMS retain two CH stars at the end of the MS. For
binaries composed of one CH star and one MS star at ZAMS, the
CH star will remain CH by the end of the MS in only ~50 per cent
of simulations. Since we assume tidal locking in the CHE model
implemented in COMPAS, as a binary widens due to mass-loss and the
orbital frequency of the binary slows, the rotational frequency of the
constituent CH stars slows commensurably. Binaries in which only
the primary is CH at ZAMS avoided RLOF and are typically wider,
so further widening through winds is more likely to spin-down the
primary sufficiently to evolve off the CHE track.

Fig. 6 shows the distribution of the BBHs total masses and orbital
periods just after BBH formation for systems evolving through the
CHE channel. As in Fig. 4, we select only BBHs that will merge in
14 Gyr and shade binaries by metallicity. On this plot, we select fivr
= 0.2. This allows us to show not only the sharp disappearance of
BBHs with total masses above ~80 M, due to PPISN mass-loss and
complete disruption in PISNe, but also their reappearance at masses
above ~250 M, on the other side of the ‘PISN mass gap’. There are
only very few such high-mass binaries in our simulations because,
with our ZAMS mass upper limit of 150 Mg, they require very low
mass-loss. Consequently, there are no such binaries in our fyg = 1.0
simulations because their progenitors lose too much mass to remain
above the PISN threshold.
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Figure 3. Parameter space for equal-mass binary systems with the indicated companion mass at which CHE is expected to occur at ZAMS. Solid lines show
the thresholds for CHE implemented in COMPAS (see Appendix A), dotted lines are RLOF thresholds, and dashed lines are L2 overflow thresholds. Colours
differentiate metallicities. Shading corresponds to Z = 0.001: The dark colour at the bottom indicates L2 overflow at ZAMS, grey at the top indicates periods
too low for CHE at ZAMS, and the region below the solid line and above the dashed lined indicates the possible range for CHE, with the parameter space for

overcontact binaries that undergo RLOF at ZAMS shaded more darkly.
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Figure 4. Initial total masses and orbital periods for CHE systems that go
on to form BBHs that will merge within 14 Gyr. Each point represents one
simulated binary, evolved with WR mass-loss multiplier fiyrg = 1, shaded
according to its metallicity.

The shortest post-BBH formation periods, and thus the shortest
delay times, are seen for the lowest metallicity systems. This is due
to the combined effects of their lower period at ZAMS as seen in
Fig. 4 and the reduced orbital widening due to reduced mass-loss
at low metallicities. However, some low-metallicity binaries lose
sufficient mass in PPISNe to create wider, more eccentric binaries
found towards the top of Fig. 6.
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Figure 5. Total mass lost by a WR star with a ZAMS mass of 40.5 Mg as a
function of metallicity. Line colour indicates the WR mass-loss rate multiplier
(solid lines). Also shown are the mass (on the same scale as the mass-loss
curves) and luminosity at the start of the WR phase as a function of metallicity
(dashed lines).

4.4 Binary Black Holes

4.4.1 Formation rates

Fig. 7 shows the merging BBHSs yield: the formation rate per unit
star-forming mass as a function of metallicity for systems that will
merge within 14 Gyr. The solid lines are the rates for the entire
population — both CHE and non-CHE binaries — while the dashed
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Figure 6. Total masses and orbital periods immediately after BBH formation
for CHE systems that will merge within 14 Gyr. Each point represents a
simulated binary, evolved with WR mass-loss multiplier fiyg = 0.2, shaded
according to its metallicity. The empty area between ~80 and ~250 M, is
a consequence of systems that lost mass as PPISNe or left no remnants after
exploding as PISNe.
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Figure 7. Yield of BBHs that will merge within 14 Gyr per unit star-forming
mass as a function of metallicity. The solid lines are the rates for the entire
population — both CHE and non-CHE binaries — while the dashed lines
are the rates for only the CHE binaries. Colours indicate WR mass-loss rate
multipliers. Error bars indicate 90 per cent confidence intervals from sampling
uncertainty.

lines are the rates for only CHE binaries. WR mass-loss multipliers
are differentiated by the colour of the lines.

The overall yield of merging BBHs is quantitatively similar to the
simulations of Neijssel et al. (2019), who predicted a yield of ~6, 4,
and 1 merging BBHs per 103 Mg, of star formation at Z = 0.01, 0.1,
and 0.3 Zg, respectively. The small differences are due partly to the
inclusion of the CHE channel as well as PISNe and PPISNe in this
work, which were not included in Neijssel et al. (2019).
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Figure 8. BBH formation rate per Gpc® of comoving volume per year as
a function of redshift for BBHs that will merge within 14 Gyr. Error bars
indicate sampling uncertainty.

Meanwhile, the low-metallicity CHE channel yield of slightly less
than 1 merging BBHs per 103 M, of star formation is similar to both
the Mandel & de Mink (2016) back-of-the-envelope estimate and the
Marchant et al. (2016) detailed models that indicate ~0.7 merging
BBHs below the PISN mass gap per 1000 core-collapse SNe or per
10° My, of star formation at Z = 0.02Z.

The paucity of CHE BBHs at high metallicity, Z = 0.3 Z, is due
primarily to a combination of the upward shifting of the allowed
initial periods at higher metallicities (see Figs 3 and 4) and greater
orbital widening by stronger high-metallicity winds. The increase in
orbital period at BBH formation increases the delay times, preventing
the BBHs from merging within 14 Gyr. The widening by mass-
loss is ameliorated by reduced WR mass-loss rates. However, the
WR mass-loss multipliers have negligible effect at low metallicities
because the total mass-loss rate is too low even for fyr = 1 (see
Fig. 5 and associated discussion). Neijssel et al. (2019) discuss the
impact of metallicity on the non-CHE BBH yield, highlighting the
contributions of wind-driven widening and stellar evolutionary stage
at mass transfer.

Fig. 8 shows the BBH formation rate per unit comoving volume
per unit source time as a function of redshift. The formation rate for
CHE BBHs peaks at z ~ 4.25 for fiyg = 1.0, and at z & 3.5 for other
WR mass-loss multipliers for the chosen MSSFR history. The BBH
formation rate for both CHE and non-CHE channels peaks at higher
redshifts than the assumed SFR because both have higher yields
per unit star formation at lower metallicities, which are prevalent at
higher redshifts.

4.4.2 Merger delay times

Fig. 9 indicates the distribution of delay times between star formation
and BBH mergers. This figure combines all metallicities with equal
weights, without considering their contribution to the observable
systems, so should be viewed as an indicative sketch.

Non-CHE binaries in Fig. 9 have a very broad distribution
of delay times. Some are very short, less than 10 Myr, due
to significant hardening during mass transfer episodes, includ-
ing through dynamically unstable mass transfer and common-
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Figure 9. Distribution of delay times between formation and merger for
BBHs. All metallicities from the simulation are combined with equal weights
and arbitrary counts per uniform bins in log delay time are shown. Error bars
indicate sampling uncertainty.

envelope ejection, as well as fortuitously directed SN natal kicks.
Meanwhile, there is an almost flat tail of long delay times
on this logarithmic plot, corresponding t0 a p(Tdelay) ~ 1/Telay
distribution.

On the other hand, binaries formed through CHE are seen to have
a more strongly clustered delay time distribution, with typical delay
times of between 100 Myr and 1 Gyr. There are no ultra-short delay
times because, with the exception of RLOF at ZAMS, such binaries
do not undergo mass transfer that could harden the binary. Moreover,
the high masses of CHE stars imply that they do not experience
asymmetric SNe and associated natal kicks in the COMPAS model.

The smallest time delay between formation and merger for CHE
systems in our simulations ranges from ~0.025 Gyr for fyyg = 0.0 to
~0.033 Gyr for fwyr = 1.0. The combination of lower metallicities
and reduced mass-loss rates yields the shortest delay times, allowing
binaries to start evolution from closer separations while avoiding
L2 overflow and to avoid subsequent widening through mass-loss.
This is consistent with the minimal delay times found in other
studies. Mandel & de Mink (2016), who consider only Z = 0.004 Z,
estimate minimum delay times of ~3.5 Gyr. Marchant et al. (2016)
find minimal delay times of ~0.4 Gyr and point out the metallicity
dependence. du Buisson et al. (2020) consider the lowest metallicities
among these studies, Z = 107>, and find the shortest delay times,
~0.02 Gyr.

Some CHE binaries will be significantly widened by mass-loss,
potentially losing up to a factor of ~2 in mass during the WR
phase (see Fig. 5) and thereby increasing their separation by the
same factor. The gravitational-wave-driven coalescence time scales
as a*M~3 (Peters 1964), so a factor of 2 each in mass decrease and
semimajor axis increase would yield a factor of 27 ~ 100 increase
in the delay time. This explains the long delay time tail of the CHE
BBH distribution, as well as the decrease in the prominence of this
tail as the WR wind mass-loss multiplier is reduced. Even when fywg
= 0, some CHE BBHs will have long delay times due to the mass
lost in PPISNe.
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Figure 10. BBH merger rate per Gpc? of comoving volume per year of source
time as a function of redshift. Error bars indicate sampling uncertainty.
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Figure 11. The merger rate of BBHs detectable by aLIGO at final design
sensitivity, as a function of merger redshift. Error bars indicate sampling
uncertainty.

4.4.3 Merger rates

Fig. 10 shows the BBH merger rate per Gpc® of comoving volume
per year of source time as a function of redshift. The merger rate
for CHE BBHs peaks at z ~ 4 for fyr = 1.0, and at z & 3 for
other WR mass-loss multipliers. Both CHE and total BBH merger
rates peak at higher redshifts than the SFR, which peaks at z &~ 2
(see Fig. 1), because both CHE and non-CHE channels have higher
yields at lower metallicity (see Fig. 7). The relatively small difference
between the peak formation and merger rates is explained by the short
delay times for the CHE systems (see Figs 8 and 9). The delay times
are particularly short for fiyx = 0 CHE BBHs, which explains their
suppressed merger rate in the local Universe.

The merger rates of BBHs that could be observed by aLIGO
operating at final design sensitivity merger rates are shown in Fig. 11.
Binaries formed through CHE have higher average masses than
non-CHE binaries, which increases the range within which they
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Figure 12. Cumulative BBH detections as a function of merger redshift,
per year of observing at alLIGO O1 sensitivity. Error bars indicate sampling
uncertainty.
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Figure 13. Cumulative BBH detections as a function of merger redshift,
per year of observing at aLIGO final design sensitivity. Error bars indicate
sampling uncertainty.

are detectable by aLIGO. Therefore, CHE BBHs make up a higher
fraction of all detections at greater redshifts.

4.4.4 alIGO detection rates

Figs 12 and 13 show the predicted cumulative detection rates per
year of observing time as a function of redshift for aLIGO O1 and
final design sensitivities, respectively.

Fig. 12 shows that the total expected detection rate at O1 sensitivity
is 38-55 detections per year, depending on the assumed value of
the WR mass-loss rate multiplier. This would correspond to 17—
25 detections over the 166 d of coincident data over the first two
advanced detector observing runs, namely O1 and O2. In fact, only
10 BBHs were observed during this time (Abbott et al. 2019b).

The increased detection rate relative to the preferred MSSFR
model of Neijssel et al. (2019), who predicted 22 detections per
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year, in agreement with the Ol and O2 observations, is due to
the contribution of CHE BBHs. CHE BBHs may constitute up to
~70 per cent of all BBH detections at both the O1 sensitivity and the
final design sensitivity of aLIGO.

The star formation history model of Neijssel et al. (2019) was
tuned to the gravitational-wave observations, and explaining the
relatively high masses of observed BBHs required significant high-
redshift, low-metallicity star formation. The inclusion of CHE BBHs
naturally yields a population of high-mass sources, allowing for the
high-mass SFR to be reduced in line with the Madau & Dickinson
(2014) and Madau & Fragos (2017) models. This would naturally
bring rate predictions in line with the O1 and O2 observations and
correspondingly reduce predicted detection rates for future detectors.

Using the preferred cosmic metallicity star formation model of
Neijssel et al. (2019), as we do here, and assuming fwg = 1, we
predict a total BBH detection rate of ~660 per year at aLIGO design
sensitivity (versus ~37 at Ol sensitivity), with 2470 (*27) of these
coming from the CHE channel. The CHE BBH detection rates are a
factor of ~2 larger than those estimated by du Buisson et al. (2020),
who found that ~250 (*13) CHE BBHs per year may be detected
at aLIGO design (O1) sensitivity. The differences in the assumed
MSSFRs in these studies are responsible for much of this difference.

We note that in both Figs 12 and 13 the order of the lines with
respect to the number of detections does not match the order of the
WR mass-loss multipliers. This is due to the interplay between the
formation rate of BBHs and their delay times as a function of fyg,
which are described in Figs 8 and 9 and associated discussion. For
example, in the absence of WR winds (fyg = 0), reduced delay
times due to a lack of binary widening relative to simulations with
higher WR mass-loss rates mean that very few CHE BBHs, which
predominantly form at lower metallicities and thus higher redshifts,
merge in the local Universe, where they would be detectable.

4.4.5 Mass distribution of detectable BBH mergers

The cumulative distribution functions for the modelled chirp mass
distribution of detectable BBH mergers are shown in Fig. 14. The
dark blue lines indicate the chirp mass distribution of all BBHs
while the light blue lines indicate the chirp mass distribution of CHE
BBHs. In both cases, results for the WR mass-loss multiplier fivg
= 1.0 are reported, and the O1 aLIGO sensitivity, which is similar
to that of the second observing run, is used. We show cumulative
distribution functions for sets of 10 randomly selected samples from
the COMPAS models — the number of BBHs detected during O1 and
02 —in order to indicate the variation due to sampling fluctuations.
To avoid granularity due to the discreteness of the metallicity grid in
COMPAS models (see Dominik et al. 2015; Neijssel et al. 2019, for a
discussion), we used continuous sampling in metallicity to construct
the model predictions for this plot.

As mentioned previously, CHE BBHs are more massive than typi-
cal non-CHE BBHs. The initial masses of CHE BBHs must be high to
allow for CHE (see Fig. 3). Moreover, CHE in our model allows stars
to convert all of their mass to helium, whereas non-CH massive stars
typically have 250 per cent of their mass in hydrogen-rich envelopes,
which they lose prior to collapse into black holes in the course of
binary evolution. This is highlighted in Fig. 15, which indicates the
fraction of all BBHs detectable at aLIGO O1 sensitivity that formed
through the CHE channel, as a function of chirp mass. The CHE
channel dominates the production of BBHs at high chirp masses,
particularly for reduced WR mass-loss models, when it yields in-
creasingly large chirp masses (=30 M, in the absence of WR winds).
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Figure 15. The fraction of BBHs formed through the CHE channel among
all BBHs detectable at alLIGO Ol sensitivity, plotted as a function of chirp
mass.

Fig. 14 allows for a direct comparison between the modelled chirp
mass distribution and the aLIGO observations from the first two
observing runs. The individual posterior samples from the 10 aLIGO
BBH detections during those observing runs are plotted at the bottom
of the plot. Randomly sampled cumulative distribution functions
of the chirp mass of observed events are constructed by taking
10 random samples, one from each of the 10 aLIGO observation
posteriors and displayed as light lavender curves. The overlap of the
lavender and dark blue lines in Fig. 14 shows that the COMPAS model
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of BBH formation, which includes the contribution of CHE, yields a
chirp mass distribution of detectable BBH mergers that is consistent
with detections during the first two aLIGO observing runs.

5 CONCLUDING REMARKS

We described the model of CHE that we implemented in the
rapid population synthesis code COMPAS. We used MESA models to
determine the critical rotation thresholds for CHE, and provided
fits that can be used in other rapid binary population synthesis
applications. We synthesized 12 million binary systems over a
range of metallicities (30 metallicities evenly spaced across the
range —4 <log,, Z < —1.825) and WR wind mass-loss multipli-
ers (fwr € {0.0,0.2,0.6,1.0}). We confirmed that our simplified
models match detailed binary evolution simulations (Marchant et al.
2016; du Buisson et al. 2020) well.

We investigated the contribution of CHE and non-CHE channels
to BBH formation under a single set of assumptions. We found that
the CHE channel may contribute more than half, and perhaps as
much as three quarters, of all alLIGO BBH detections arising from
isolated binary evolution. CHE BBHs may represent >80 per cent
of detectable sources with the highest chirp masses of 230Mg. A
comparison between our model population and the population of
detected binaries from the first two advanced detector observing
runs indicates that the current model overpredicts the total number
of sources by a factor of ~2, but matches the observed chirp mass
distribution.

We made a number of simplifying assumptions in this study that
can be investigated and improved on in the future. We generally erred
on the side of being conservative about CHE predictions:

(1) We used Hurley et al. (2000) non-rotating MS models to set
the radii and mass-loss rates of CH MS stars. The imperfect radius
model for rapidly rotating CH stars in turn leads to differences in the
orbital separation boundary for avoiding merger through L2 overflow
between the COMPAS and MESA models (see Appendix A).

(ii)) We used simplified tidal interaction assumptions under which
CH stars are immediately tidally synchronized, yet do not store
angular momentum. Accounting for the angular momentum stored
in stars — and the additional angular momentum carried away by
winds from a rotating star — impacts the response of the binary’s
orbit to mass-loss, and reduces the amount of orbital widening by
wind mass-loss in close binaries.

(iii) Contrary to our simplified assumptions, winds may interact
with binary companions. This is particularly true in close binaries,
when the wind speeds are comparable to the orbital speeds, and wind
interactions may produce additional drag and reduce the amount of
orbital widening (e.g. Brookshaw & Tavani 1993; MacLeod & Loeb
2020).

(iv) We ignored the possibility of initially non-CH stars switching
to CHE in response to mass accretion.

(v) We assumed that all mass-loss in PPISNe happens instan-
taneously, rather than over several pulsations (although the first
pulsation is likely to be dominant, so this approximation may not
be especially problematic).

Our predicted BBH merger rate at redshift zero of 50 Gpc ™3 yr~!
(including 20 Gpc—3 yr~! from the CHE channel) for the default WR
mass-loss rate fyyr = 1.0 overestimates the number of BBH detections
during the first two observing runs of gravitational-wave detectors.
This is at least partly due to our using an MSSFR prescription from
Neijssel et al. (2019) that was designed to reproduce gravitational-
wave observations without accounting for CHE. A resolution may
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involve reducing the high-redshift SFR back to levels more closely
matching the models of Madau & Dickinson (2014) and Madau &
Fragos (2017).

Two other observational constraints on CHE BBH formation
come from the spins of observed BBH mergers and from potential
electromagnetic observations of their progenitors. At first glance, the
effective spins of BBHs observed to date (Abbott et al. 2019b) do
not match the large reservoirs of angular momentum in CH stars.
However, WR winds can carry away much of angular momentum.
Marchant et al. (2016) argued that typical dimensionless effective
spins of CHE sources should be ~0.4, much lower than the su-
percritical spins expected at WR star formation. The fraction of
stellar angular momentum lost in winds during the WR phase can be
estimated as

AL 2<RWR )ZAM

T 3 M

RwR.g ' ®)
where the ratio of the radius of the WR star to its gyration radius
is Rwr/Rwr,g ~ 10. Thus, WR winds could lose the overwhelming
bulk of the angular momentum that CHE stars have, as long as AM/M
> 0.01, which is true even at Z = 0.01 Z if WR mass-loss is not
suppressed (see Fig. 5). Unlike binaries that are hardened during
the common-envelope phase to the point where tides can efficiently
spin-up the WR companion (Kushnir et al. 2016; Bavera et al. 2020;
Belczynski et al. 2020), binaries evolving through the CHE channel
will tidally decouple during the WR phase. For example, a typical
binary from our simulations with component ZAMS masses of 60 M
at metallicity Z = 0.000 89 and an initial orbital period of just over
1 d will evolve through the CHE channel and form a merging BBH
with individual black hole masses of 38 M. By the end of the WR
phase, following mass-loss with fywr = 1.0, the components will have
masses of 52 My, and an orbital separation of 25 Rg. The WR radius
at this time is <2 Ry (e.g. Yoon, Dierks & Langer 2012), so the
tidal synchronization time-scale will be several hundred Myr. This is
much longer than the duration of the WR phase, so once spun down
by winds, these stars cannot be spun up again by tides.

CHE BBH progenitors could yield interesting observational can-
didates. Systems such as WR20a (Rauw et al. 2004) and BAT99-32
(Shenar et al. 2019) may belong in this category. The metallicity of
the Galaxy is too high to allow for merging CHE BBHs according to
our models, but we expect them to be formed at a rate of ~3 x 107°
per year in the Magellanic clouds. Given the typical MS and WR
phase lifetimes of 3 x 10° and 3 x 103 yr, respectively, we may
hope to detect ~10 MS CH binaries and ~1 binary composed of
two naked helium stars formed through CHE and en route to BBH
formation in the Magellanic clouds today.

The joint model for the classical and CHE isolated binary evolution
channels developed here will enable simultaneous inference on
binary evolution model parameters and the metallicity-specific star
formation history once the full trove of observations from the
third gravitational-wave observing run is available. Ultimately, the
relatively short delay times of CHE BBHs make them ideal probes
of high-redshift star formation history, while their high masses make
them perfect targets for third-generation gravitational-wave detectors
with good low-frequency sensitivity, such as the Einstein Telescope
(Punturo et al. 2010) or the Cosmic Explorer (Abbott et al. 2017).
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APPENDIX A: CHE THRESHOLDS

We evolved single stars over a range of masses, metallicities, and
rotational frequencies with version 10108 of the MESA code in
order to find the boundary between CHE and regular non-CH stellar
evolution.! Simulations were performed until the end of the MS
without mass-loss, while enforcing solid body rotation at a constant
angular frequency.

Opacities are computed using tables from the OPAL project
(Iglesias & Rogers 1996) with solar-scaled metal mass fractions
as given by Grevesse & Sauval (1998). The equation of state is
a combination of the OPAL (Rogers & Nayfonov 2002), HELM
(Timmes & Swesty 2000), PC (Potekhin & Chabrier 2010), and
SCVH (Saumon, Chabrier & van Horn 1995) equations of state.
Nuclear reaction rates are taken from Caughlan & Fowler (1988) and
Angulo et al. (1999) with preference for the latter when available.

Our choices for overshooting and rotational mixing processes
follow those of Brott et al. (2011). Namely, overshooting from
convective hydrogen-burning cores is modelled as step overshooting,
increasing the size of the convective core by 0.335Hp, where Hp is
the pressure scale height at the edge of the convective boundary. As
we consider solid body rotation, the only significant mixing process
included in our simulations is the effect of Eddington—Sweet circula-
tions as described by Kippenhahn (1974), with an efficiency factor of
1/30 (Chaboyer & Zahn 1992; Heger, Langer & Woosley 2000). We
also include the inhibiting effect of composition gradients in rota-
tional mixing as described by Heger et al. (2000), given by the dimen-
sionless parameter f,, = 0.1 (Yoon, Langer & Norman 2006). The star
was considered to evolve chemically homogeneously if the difference
between the helium fraction across the star did not exceed 0.2.

Fig. Al shows the maximum rotational frequency at which the
star remains non-CH (upward triangles), and the minimum rotational
frequency at which the star becomes CH (downward triangles), for a
grid of masses ranging from 10 to 150 Mg and three metallicities, Z
=0.01,0.001, and 0.0001.

The following fits for the threshold angular frequency for CHE are
implemented in COMPAS and shown in Fig. Al:

M., Zo.004

— Al
00910 (G2 ) +1 (Al

WM,z =

where
S ai% rads™', M <100 Mg,

WM. Zoo0s = 5 1007 . (A2)
D0 Giypa rad s™', M > 100Mg

and

'The complete set of MESA input files necessary to reproduce these
simulations will be made available after acceptance of the manuscript.
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Figure A1. Rotational frequency threshold for CHE as a function of mass and metallicity. Downward and upward triangles represent the slowest rotating CHE
model and fastest rotating non-CHE model at the given mass and metallicity, respectively. The curves indicate the fits of equations (A1) and (A2).

ap = 5.7914 x 10~*
a; =—1.9196 x 107°
ay = —4.0602 x 1077
ay = 1.0150ex 1078
as = —9.1792 x 10711
as = 2.9051 x 10713,

We expect these fits to be valid over the range where they are
constructed (10Mg < M < 150 Mg, 10~* < Z < 0.01) but caution
should be exercised if the fits are extrapolated significantly beyond
these boundaries.

Fig. A2 shows the range of binaries in mass—orbital period space
that leads to CHE at Z = 0.001. Red points indicate the population
of binaries that remain CH through the MS according to the model
described here and implemented in COMPAS. For comparison, the
background colours show the outcomes from detailed MESA binary
models of du Buisson et al. (2020), with cyan, purple, and blue
denoting binaries that undergo CHE on the MS without merging. In
general, there is good agreement between the two sets of models,
particularly at higher orbital periods. For the tightest orbits, du
Buisson et al. (2020) models predict mergers through L2 overflow
when our COMPAS fits suggest that the overcontact binary may still
survive with CHE stars. This is likely due to the combination of
rotational deformation and tidal deformation, as well as some mild
expansion early during CHE evolution, that are not accounted for in
the COMPAS models.
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Figure A2. Comparison between the COMPAS mass and orbital period range
leading to CHE, implemented as described in this appendix (red dots), and
the detailed MESA binary models of du Buisson et al. (2020) (background
colour shading of cyan, blue, and purple indicates binaries that survive CHE
on the MS) at Z = 0.001.
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Chapter 4

Surrogate forward models for
population inference on compact

binary mergers

As previously noted, observations of mergers of compact binaries can help us constrain
the uncertain parameters that describe the underlying processes in the evolution of stars
and binary systems. A naive, brute-force, method to determine constraints on these pa-
rameters is to use a population synthesis computer model to generate a synthetic state
space by integrating over all possible values of initial conditions and evolutionary param-
eters, then search that synthetic state space for states that correspond to observed data
- but even an indicative selection of that parameter space is very large, and generating
such a large state space with current modelling tools (e.g. COMPAS) is computationally

intractable.

The goal of this proof-of-concept study was to produce a surrogate model - an interpolant
- that worked, not necessarily the most efficient or accurate interpolant. "Good enough"
accuracy was all that we required - our goal was to prove that a surrogate model could be
constructed that is able to interpolate over the range of values for which it was trained,
and that is reasonably accurate and a good deal faster than the population synthesis
model it was built to emulate. Optimisation, with respect to both accuracy and speed,

would come later.

For this study we focussed on just four of the metallicity specific star formation rate
(MSSFR) parameters used in the post-processing of COMPAS simulations ((a, A, asp, dsF)
- see Neijssel et al. [48] for details).
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We developed a surrogate model that is able to quickly (~ 200 faster than COMPAS),
and with fairly good accuracy, simulate a state space large enough to allow us to infer
constraints for some of the parameters of interest. We constructed the surrogate model
using ANNs to predict binned merger detection rates for double compact objects (DCOs)

over a range of chirp mass and redshift values.

We trained the interpolant by using COMPAS to generate a smaller number of states,
using a targetted selection of initial conditions and evolutionary parameters, and then
used that simulated state space as training data to teach the constituent ANNs how to
map initial conditions and evolutionary parameters to the final state, thus avoiding the

computational time of calculating the intermediate steps.

Using our trained surrogate model we generated a very large simulated state space and

searched that state space for states that matched observed gravitational-wave data.

The following paper, Riley and Mandel [89], describes the development of our surrogate

model.

Next steps for this work include optimising the performance of the surrogate model, with
respect to both accuracy and speed, and expanding the surrogate model to other astro-
physical parameters that govern stellar and binary evolution in the population synthesis

code itself (e.g. COMPAS), rather than just the post-processing code.
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ABSTRACT

Rapidly growing catalogs of compact binary mergers from advanced gravitational-wave detectors
allow us to explore the astrophysics of massive stellar binaries. Merger observations can constrain
the uncertain parameters that describe the underlying processes in the evolution of stars and binary
systems in population models. In this paper, we demonstrate that binary black hole populations —
namely, detection rates, chirp masses, and redshifts — can be used to measure cosmological parameters
describing the redshift-dependent star formation rate and metallicity distribution. We present a method
that uses artificial neural networks to emulate binary population synthesis computer models, and
construct a fast, flexible, parallelisable surrogate model that we use for inference.

Keywords: surrogate model — inference — binaries — stars: evolution — gravitational waves — machine

learning — artificial neural networks

1. INTRODUCTION

Rapid binary population synthesis software packages
(e.g., BSE (Hurley et al. 2002), StarTrack (Belczynski
et al. 2008), binary_c (Izzard et al. 2018), SEVN (Iorio
et al. 2022), COMPAS (Team COMPAS: Riley, J. et al.
2022a), cosmic (Breivik et al. 2020)) have a number of
free parameters that allow modellers to:

e set the initial conditions of the simulation (e.g.
initial stellar mass, metallicity, separation (for bi-
nary stars), etc.), and

e determine the nature of some of the (simu-
lated) physical processes that a star, single or bi-
nary, undergoes during its evolution through time
(e.g. wind mass loss rate, supernova remnant
masses and kicks, mass transfer and common en-
velope efficiency for binary stars).

Many of these free parameters and the physical states
and processes they represent are so far not well con-
strained by observation.

Our ultimate goal is to develop a method to deter-
mine constraints for (some of) the physical states and
processes modelled by various modelling and simulation

Corresponding author: Jeff Riley
jeff.riley@monash.edu

software packages, thus not only learning more about
the physical nature of these states and processes, but
also improving our ability to model them. A naive,
brute-force, method to determine such constraints is
to generate a synthetic state space by integrating over
all possible values of initial conditions and evolutionary
parameters, then search that synthetic state space for
states that correspond to observed data. However, even
an indicative selection of that parameter space is very
large (e.g., Broekgaarden et al. (2022) considered 560
distinct model variations), and generating such a large
state space with current modelling tools is computation-
ally intractable.

As a first step towards achieving our goal, we develop a
tool that can quickly simulate a state space large enough
to allow us to infer astrophysical constraints. We can do
that by generating a smaller number of states using a
targeted selection of initial conditions and evolutionary
parameters, and using that simulated state space as a
set of training examples to teach an interpolant how to
map initial conditions and evolutionary parameters to
the final state, thus avoiding the computational time
of calculating the intermediate steps. Once we have a
working tool we can then generate a very large simulated
state space and search that state space for states that
match observed data. Here, as proof of the concept, we
describe the construction of the tool for a reduced space
of parameters: four parameters governing the cosmic
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metallicity-specific star formation rate (MSSFR) in the
model of Neijssel et al. (2019).

The remainder of this paper is organised as follows.
Section 2 presents a description of the tool we construct
for this proof-of-concept study, and the method used
to train the tool. We present and discuss our results
in Section 3. We provide some concluding remarks in
Section 4.

2. METHOD
2.1. Qwverview

The COMPAS population synthesis software suite
(Stevenson et al. 2017; Vigna-Gdémez et al. 2018; Team
COMPAS: Riley, J. et al. 2022a) allows users to gen-
erate synthetic populations of binary systems. The
COMPAS suite includes post-processing tools that al-
low users to, amongst other things, calculate merger
rates, detection rates of mergers, etc., for double com-
pact objects (DCOs) that will merge within the age of
the universe (Neijssel et al. 2019; Barrett et al. 2018;
Team COMPAS: Riley, J. et al. 2022b).

For this proof-of-concept study we develop a surro-
gate model for COMPAS that provides fast predictions
of detection rates of merging DCOs as a function of chirp
mass and merger redshift. Surrogate models have been
used to emulate various aspects of the simulated evolu-
tion of binary systems and to infer constraints on simu-
lation parameters, including the evolution of individual
binary systems (e.g. Lin et al. (2021), using a Gaus-
sian Process emulator (Rasmussen & Williams 2005)
and classifier) and populations of binaries (e.g. Barrett
et al. (2016), Taylor & Gerosa (2018), Wong & Gerosa
(2019), Cheung et al. (2022) using Gaussian Process em-
ulators or normalising flows, and Wong et al. (2021) us-
ing deep-learning enhanced hierarchical Bayesian anal-
ysis).

We chose detection rates because these are calculated
by the COMPAS post-processing tools after the evo-
lution of the population of binary systems by convolv-
ing binary evolution outcomes with the MSSFR. This
makes generating example (training) data for our sur-
rogate model by varying MSSFR, parameters much less
onerous than it would be if we needed to evolve new
populations of binaries whenever our astrophysical pa-
rameters are varied.

We construct an interpolant that, given a set of input
values, predicts a detection rate matrix for the merger
of DCOs. Input to the interpolant is a set of values
for four MSSFR parameters chosen for this study (see
Section 2.2). The interpolant outputs detection rates
binned into a matrix of 113 chirp mass bins by 15 red-
shift bins (see Section 2.3). The detection rates gener-

ated by the interpolant are combined rate predictions
for all DCOs: binary black holes, binary neutron stars,
and mixed neutron star — black hole binaries. The in-
terpolant we construct is comprised of a matrix of sim-
ple feed-forward artificial neural networks (ANNs), with
each ANN trained to predict the detection rate for a sin-
gle cell of the resultant detection rate matrix.

We first simulate the evolution of 512 million binary
systems using COMPAS, resulting in a population of
approximately 1.3 million DCOs that merge within the
age of the Universe, ~ 13.8 Gyr.

The COMPAS modelling tool has many configurable
options that allow the user to change initial conditions
and evolutionary parameters. The simulation for this
study was performed using the COMPAS fiducial val-
ues for all configurable options (see Appendix B, Ta-
ble 4; described in detail in Team COMPAS: Riley, J.
et al. (2022a)), and for our purposes we consider the
population of binary systems simulated by COMPAS
to be indicative of the population of binary systems in
the Universe.

The COMPAS suite includes tools to take a popu-
lation of binary systems produced by COMPAS, inte-
grate over the known initial condition distribution and
the cosmological star formation history, and produce a
population of merging DCOs with individual masses and
merger redshifts, to which observational selection effects
can be applied, converting the population into a predic-
tion for the observable merger rate over the population
of DCOs.

We construct a grid of six different values for each
of the four MSSFR parameters under study (see Sec-
tion 2.2), and for each entry in the grid we us the COM-
PAS tools described above to calculate a detection rate
matrix for the population of merging DCOs, resulting
in 1,296 detection rate matrices, which we use to create
the training data for the ANNs that comprise our inter-
polant. The calculated detection rate matrices contain,
for each bin in the chirp mass — redshift space, the ex-
pected detection rate (detections per year) for an inter-
ferometer network with an indicative sensitivity of the
LIGO O3 run (Abbott et al. 2020).

For each cell in the detection rate matrix we construct
and train an ANN that predicts the detection rate for
that cell, given values for the four MSSFR parameters
— this matrix of ANNs comprises our interpolant!. We
chose a matrix of simple ANNs rather than a single,
large ANN for several reasons:

1

Some cells in the detection matrix may not require the use of an

ANN - see Section 2.4.



(i) Training a large ANN to learn > 1500 relation-
ships is difficult and time-consuming, whereas
training a small ANN to learn a single relation-
ship is easier and faster.

(ii) A large ANN is likely to be less accurate because
the network will try to get most relationships close,
whereas the single, small ANN just needs to get
one relationship right.

(iii) Over-fitting in a large ANN learning multiple rela-
tionships is more likely than a single, small ANN
learning a single relationship. It is likely that some
of the > 1500 different relationships to be learned
will be easier to learn than others. Training a large
ANN to learn multiple relationships could result
in the relationships that are easier to learn being
over-fitted because the ANN needs to be trained
for longer to learn the more difficult relationships.

(iv) ANNs for different cells can have different archi-
tectures - some relationships might require more,
or fewer, nodes and/or layers.

(v) While other global surrogate models could pro-
vide computational cost savings by utilising the
regularity (smoothness) of the output over the in-
put parameter space, assumptions of regularity are
risky when some astrophysical parameters could
lead to bifurcations in the outputs.

(vi) We can replace the ANN for some cells with a
different model without affecting all cells — some
relationships may not need to be modelled by an
ANN: a simple function fit (possibly even a con-
stant value) might be sufficient.

(vii) We can retrain the ANNs for individual cells as
necessary, without the need to retrain all cells.

(viii) We can improve performance by running individ-
ual ANNs in parallel on different CPUs.

2.2. MSSFR parameters

The parameters we chose to vary for this study are
four free parameters for the calculation of the MSSFR
in the phenomenological model of Neijssel et al. (2019).
In this model, the MSSFR is split into two parts, the star
formation rate (SFR) and the metallicity distribution:

d®Msrr d*Msrr dpP
dav,az P = dan, DX az® W
where the SFR is given by:

d*Mgpr
dtsdV,

(14 2)
14 (422

Cc

Moy Mpe, (2)
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and we use a log-normal distribution in metallicity at
each redshift (cf. the skewed log-normal model proposed
by van Son et al. (2022)):

_ (n(2)-In((Z)+02/2)2

dP 1
_ = 202 5 3
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with a redshift-independent standard deviation o in
In(Z) space around a redshift-dependent mean p of
In(Z) given by:

(Z) = e(u+§)7 (4)

with mean metallicity parametrised as in Langer & Nor-
man (2006):

(Z(2)) = 2010 ()

We vary SFR parameters a and d, and the metallicity
distribution parameters a and o, in this study, while
fixing b = 2.77, ¢ = 2.9, and Zy = 0.035. Neijssel et al.
(2019) demonstrated that a range of star-formation his-
tory models can be mimicked by varying only this sub-
set of MSSFR parameters. We therefore choose to vary
the same parameters for consistency with their analy-
sis. Moreover, reducing the number of parameters allows
us to limit computational complexity for this proof-of-
principle study.

2.3. Binned rates

As noted in Section 2.1, the detection rates generated
by our interpolant are binned into a matrix of 113 chirp
mass bins by 15 redshift bins.

The redshift bins are constructed as fixed-width bins,
with the lower edge of the first bin at redshift 0.0 and
each bin having a width of 0.1 — the upper edge of the
final (15'1) bin is at redshift 1.5.

The chirp mass bins are constructed as variable-width
bins, with the lower edge of the first bin at L; = 0.0 Mg
and the upper edge at Ly = 0.5Mg. The remaining
chirp mass bin edges fall at

41
39

Thus, the width of the 2™ to 112" bins is equal to 5%
of the median chirp mass for the bin. The final (113'")
bin extends to infinity.

Livi=—L;, 2<i<112. (6)

2.4. The Interpolant

As noted in Section 2.1, the interpolant we construct
is comprised of a matrix of ANNs. For this study, all
ANNSs in the matrix have identical architecture, though



M——>
1 <
ceos |
000 ©
o 000
o0 00
° .\
Matrix of ANNs Detection Rate Matrix

Figure 1. The Interpolant

that is not a requirement of the method: each ANN is
independent of the others, and the architecture of in-
dividual ANNs could be varied. Nominally, there will
be a corresponding ANN for each cell in the detection
rate matrix, but there may be some cells for which an
ANN is not required. For example, if a given cell in the
detection rate matrix is known to be a constant value
(e.g. 0), training an ANN is both not useful and not
necessary - we can instead replace the ANN for that cell
with (e.g.) a simple equation and skip training an ANN.
A schematic diagram of the interpolant is shown in Fig-
ure 1. In Figure 1, ANNs are trained to predict values
only for the unshaded cells in the detection rate matrix:
values for the shaded cells will be predicted using some
other model, as discussed above.

2.4.1. The Artificial Neural Networks

Each ANN is a fully-connected feed-forward network
of artificial neurons (nodes), with an input layer, three
hidden layers, and an output layer. The input layer
consists of four input nodes (one for each MSSFR pa-
rameter), the output layer consisting of a single node
(to indicate the predicted detection rate for the corre-
sponding matrix element), and each of the three hidden
layers contains 64 nodes. The hidden and output layers
have an associated bias node that provides each node
in the respective layer with a bias weight. A schematic
diagram of a representative ANN is shown in Figure 2.

While there are some generally accepted rules of
thumb, the selection of ANN architecture is very often
arbitrary. In this case the architecture was chosen to
produce relatively robust results quickly — no attempt
was made to optimise the architecture for the best per-
formance, either with respect to accuracy or speed. The
input layer and output layer are fixed (the four MSSFR
parameters are the inputs, and since the ANN is a re-
gressor, not a classifier, we have a single, continuous,
output node), and the choice of three hidden layers, each
with 64 nodes, was a brute-force rather than finessed

approach. Per the Universal Approximation Theorem?,
a shallow neural network (with a single, wide, hidden
layer) can approximate any function — after a little ex-
perimentation with different architectures the architec-
ture described above was found to produce good enough
results reasonably quickly. While there is no universally
accepted rule as to how many layers constitute a deep
ANN (how many grains make a heap??), the architecture
implemented here probably qualifies as a deep network
(because the networks have more than two hidden lay-
ers) - but it is essentially a simple feed-forward ANN
(albeit, given the number of nodes on each layer, a large
simple feed-forward ANN).
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Figure 2. ANN architecture

2

2.4.2. Training

Training an ANN requires many examples of the re-

lationship(s) to be learned (e.g. example outputs for
given inputs) - anywhere from hundreds to millions de-
pending upon the complexity of the relationship(s) to
be learned. By designing the interpolant as a matrix of
independent, small ANNs, we have minimised the num-
ber, and complexity, of the relationships to be learned
by a single ANN, and as a result the size of the training
data set required is significantly reduced.

The data used to train the ANNs was constructed by

using the COMPAS post-processing tools to calculate
detection rate matrices for 1,296 combinations of the
MSSFR parameters under study - 6 different values for
each of the 4 parameters, collectively labeled A, as shown
in Table 1. The trained interpolant is expected to be
able to interpolate between the bounds of each of the
constituent parameters of .

We chose the ranges of values based on the preferred

values from Neijssel et al. (2019), which are the default

2 https://en.wikipedia.org/wiki/Universal_approximation_theorem

3 https://en.wikipedia.org/wiki/Sorites_paradox



Table 1. )\ training values

Az Values

@ [-0.500, -0.400, -0.300, -0.200, -0.100, -0.001]
o [ 0.100, 0.200, 0.300, 0.400, 0.500, 0.600]
asr [ 0.005, 0.007, 0.009, 0.011, 0.013, 0.015]
dsr [ 4.200, 4.400, 4.600, 4.800, 5.000, 5.200]

COMPAS values for each of the parameters - the ranges
are a spread around the preferred values.

The question of how many training examples are
needed to train an ANN effectively has no simple answer.
We need a sample of data that is representative of the
problem we are trying to solve (in our case, constructing
an interpolant for DCO merger detection rates) and, in
general, the examples in the sample should be indepen-
dent and identically distributed. We are training ANNs
which we hope will learn to correctly map input data to
output data, and moreover will learn to interpolate and
map input data that they have not seen during training
- that is, we hope our ANNs will learn the relationships
between the input data and output data. We need suf-
ficient training data to reasonably capture the relation-
ships that (we expect) exist both between input features,
and between input features and output features.

The dataset described above contains a single exam-
ple of the 1,296 mappings (relationships) that we will
present to the ANNs. We know that a single example
is almost certainly not sufficient to correctly train the
ANNs - with too few training examples we risk over-
fitting the ANNSs, and possibly compromising their abil-
ity to generalise beyond the training dataset (but also
see Appendix A). In fact, we know that the training data
are not perfectly accurate because the COMPAS binary
population represents a Monte Carlo sampler over initial
conditions. Therefore, training data suffer from statisti-
cal sampling uncertainty. To account for this, we create
two new training datasets which we will use to train
and test the networks. The results will give us an indi-
cation of the number of training examples required. For
each new training dataset, we use bootstrap sampling of
COMPAS outputs to create a number of new detection
rate matrices.

The first sampled dataset contains 10 different boot-
strapped examples for each of the 1,296 mappings, re-
sulting in a training dateset with 12,960 matrices, and
the second contains 100 different bootstrapped examples
for each of the 1,296 mappings, resulting in a training
dataset of 129,600 matrices.

As discussed previously, we don’t need to train ANNs
for cells in the detection rate matrix that we know to
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contain constant rates. For each training dataset we
inspect all training examples and determine which cells
in the matrix are constant across all examples - ANNs
are not required for those cells. We found that for the
1,695 cells in the detection rate matrix we only needed
to train 292 ANNs for the smaller training dataset, and
293 ANNSs for the larger training dataset - for all other
cells the detection rate across all training examples was
below our threshold for zero (0.001 detections per year).

Training of the interpolant was conducted using the
Keras APT (Chollet et al. 2015) for Python (Van Rossum
& Drake 2009). Keras is a high-level neural networks
API that uses the Tensorflow machine learning platform
(Abadi et al. 2015).

We used a fairly naive training methodology. Just as
no attempt was made to optimise the architecture for
the best performance, no real attempt was made to op-
timise the training for the best accuracy of the networks
- 7good enough” accuracy was all we were looking for in
this proof-of-concept study. We divided our collection of
models with different choices of parameters A and cor-
responding bootstrapped examples into a training set
(80% of all choices of A), and a validation set (the re-
maining 20% choices of \). Networks were trained using
the set of training examples, and tested against the vali-
dation set - examples that the network undergoing train-
ing had not seen during training. k-fold cross-validation
was not performed - some non-exhaustive tests were per-
formed using k-fold cross-validation with no significant
improvement in accuracy, so in the interest of reduced
training time we chose not to implement k-fold cross-
validation.

Each network was initialised with random connection
weights and biases, and trained for a maximum of 4,500
epochs (an epoch is the presentation of the entire train-
ing set to the network), after which the network was
tested on the validation set. Early stopping was enabled
- if no improvement in accuracy (on the training data)
was evident after a specified number of epochs (since the
last improvement), training was halted.

The network attributes (weights and biases) were ad-
justed during training using the Keras Adam optimiser
(a stochastic gradient descent optimisation algorithm),
with a custom metric for measuring network perfor-
mance (*).

The metric used for measuring the performance of the
network was half the Poisson uncertainty of the detec-
tion count associated with the bin being predicted as-
suming 1 year of observations: where the expected (tar-

4 https:/ /keras.io/api/optimizers/adam/
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get) detection count for a given bin is ¢, a prediction,
p, is considered correct if (¢t — %) <p<(t+ g) We
used sufficiently large COMPAS binary populations for
this study to ensure that the bootsrapping uncertainty is
typically small relative to v/¢: fewer than 0.01% of train-
ing and validation samples fall outside a range of width
V/t. The majority of these outliers were found in specific
bins in chirp mass — redshift space with low DCO counts
(see Section 3.1.2) and correspondingly high bootstrap-
ping uncertainty. The accuracy requirement could have
been loosened for such bins, but given the low outlier
count, we were comfortable with using this definition of
performance.

If the network did not achieve 100% accuracy on the
validation set, it was trained again with a different set of
(random) initial weights and biases. If the network did
not achieve 100% accuracy on the validation set after 10
tries at training, the network that achieved the highest
accuracy during training was accepted.

2.4.3. Performance

There are three aspects of surrogate model perfor-
mance that interest us: speed, accuracy, and the ability
to generalise (specifically, in our case, interpolate). If
we are to use the interpolant to create large synthetic
state spaces that we can explore, we need it to be very
fast, at least by comparison with existing methods (e.g.
the COMPAS tools described in Section 2.1), to be ac-
curate, and to generalise from the training examples.

The accuracy of the interpolant, with respect to gen-
erating a correct detection rate matrix for a given set
of MSSFR parameters, is measured during training (see
Section 2.4.2). Since the validation data are technically
used as part of training — in determining whether train-
ing can be stopped or can continue to another iteration
— we conducted several ad-hoc spot checks of the inter-
polant against results generated using COMPAS, and
in all cases the interpolant matched (within acceptable
error bounds) the COMPAS results, thus confirming
the ability to generalise/interpolate.

Measuring the speed of the interpolant is straight-
forward. For this study, since the interpolant consists
only of ANNs, the speed of the interpolant is dependent
mainly upon the execution (forward propagation) speed
of its constituent ANNs, and how many ANNs comprise
the interpolant - with a small amount of input/output
(IO) overhead to read the input data (i.e., the values of
A), present it to the network, and write the output data.

All speed-related performance tests were conducted on
a Hewlett Packard ProLiant ML350p Gen8 with two In-
tel E5-2650v2 processors running at 2.6GHz, providing

32 threads (with hyper-threading) and 96GB of RAM -
performance figures quoted are for that system.

The total elapsed time to create both training datasets
was ~142 hours.

Since in this study the ANNs that comprise our inter-
polant have identical architectures, if we ignore the 10
overhead, the speed of the interpolant is directly propor-
tional to the execution speed of a single ANN. Training
of the ANNs that comprise the interpolant is indepen-
dent, so can be done in parallel. We measured the av-
erage execution speed of a single ANN over 1,000,000
executions to be 2.19 x 107° seconds per execution. If
we consider the interpolant to be the serial execution of
its (for this study) 293 constituent ANNs (292 for the
smaller dataset), the execution speed of the interpolant
(ignoring 10 overhead) is 2.19x 1075 %293 = 6.42x 1073
seconds. However, since the execution of the constituent
ANNSs is independent, the architecture of the interpolant
lends itself to parallel execution (it is, in fact, embar-
rassingly parallel), so the speed of execution of the in-
terpolant could be reduced significantly by spreading
the execution of the constituent ANNs across multiple
CPUs/cores.

The total elapsed time to train all ANNs was ~1.5
hours for the smaller training dataset, and ~12 hours
for the larger training dataset.

As noted earlier, our interpolant is only useful if it is
significantly faster than existing methods. We measured
the average execution speed of the COMPAS toolset to
create a merger detection rate matrix from a population
of DCOs over 50 executions to be 111.97 seconds. The
COMPAS post-processing toolset (to create the detec-
tion rate matrix) is not parallelisable.

Our interpolant, if run in serial fashion, is ~17,500
times faster than the COMPAS toolset, and, naively,
could be up to ~5 million times faster if run in a fully
parallel fashion (though there would be some overhead
in running in parallel). We should note that the COM-
PAS post-processing tools are written in Python (but
it is unlikely that any optimisation would result in im-
provements of more than tens of percent).

2.5. Searching the state space

With the interpolant constructed, we shift our focus
to showing that the interpolant enables us to infer con-
straints on our chosen MSSFR parameters. To do this
we search the state space over the range of values of the
parameters we used to train our interpolant — the inter-
polant is not guaranteed to be valid outside those ranges
— and seek out models that match the observed data.

First, to validate the method and test the interpolant,
we create a mock data set that, for this test, we consider



to be representative of the Universe. We use COMPAS
as our forward model to create a population of DCOs
representative of the Universe, and, as noted earlier, we
use the COMPAS fiducial values for all configurable
options.

We use the COMPAS post-processing tools to create
mock “true” data, D, as follows. We specify a detector
noise spectrum (equivalent to an approximate LIGO O3
sensitivity) and choose “true” values of the MSSFR, pa-
rameters . We use the COMPAS tools to generate a
DCO merger detection rate matrix that represents the
universe defined by the COMPAS fiducial model. We
multiply the detection rate matrix by a fixed run du-
ration to produce a matrix of expected detections, and
then independently sample mock observations from each
chirp mass — redshift in this matrix following Poisson
statistics.

We then use our surrogate model to generate a de-
tection rate matrix at various points in the state space
(characterised by varying A), multiply this by the same
run duration, and calculate the likelihood of observing
D given X at those points as described below. This pro-
duces a “likelihood landscape” that we can search. Find-
ing the maximum likelihood on the landscape tells us the
value of A\ (the interpolant considers is) most likely to
produce our “true” data. The likelihood surface (or, in
Bayesian language, the posterior on the parameters A
under the assumption of flat priors over the range con-
sidered) contains information about uncertainty in the
MSSFR parameter inference and any correlations be-
tween these parameters.

Results of the validation of the method are presented
in Section 3.2.1.

2.5.1. Likelihood calculation

We define the likelihood £ that we will see the data
D for a particular set of parameters A as

Nobs
=log £ (Nows|A) + Y logp(DilA),  (7)

i=1

log £ (D|)N)

where Nyps is the number of observations in the data
D= {Dl, D27 "'DNobs}'
The first term of Equation 7 is a Poisson likelihood on
there being Ny, detections,
10g£ obsl)\ Nobs 10g< ()‘>) - /1'()‘)7 <8)
where p(A) is the expected number of observations and
we omit terms that depend on the data only and there-

fore disappear on normalisation, such as log(Ngps!) and
permutation coefficients.
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The second term of Equation 7 is comprised of a prod-
uct of the probabilities of individual detections,

p(D;i|\) = p(z = z;, M = M| ), 9)

where p(z = z;, M = M;|)\) is the entry in the proba-
bility distribution matrix p(z, M|A) in the z and M bin
of the observed i*" event. The probability distribution
matrix p(z, M|A) is constructed by dividing the entries
in the matrix of expected detections for a given A, gener-
ated by multiplying the surrogate model detection rate
matrix by the run duration, by the sum of the entries in
the matrix, pu.

2.6. Using gravitational wave observations

The catalogue of LIGO, Virgo, and KAGRA (LVK)
gravitational wave observations (LIGO Scientific and
Virgo Collaborations (2022), LIGO Scientific, Virgo and
KAGRA Collaborations (2021)) provides us with a num-
ber of merger detections from a population of DCOs.
For each LVK event we know, among other things, the
chirp mass of the merging binary and the merger red-
shift, up to a measurement uncertainty. We only in-
clude confident detections with a minimum astrophys-
ical probability pusiro > 0.95; although less confident
events could be included (e.g. Farr et al. 2015), they
will typically contribute little information due to greater
measurement uncertainties, so we omit them for this
proof-of-concept study.

Once we validate our method, we can use our sur-
rogate model and the LVK data to infer real physical
constraints on the parameters under study, with the im-
portant caveat that we have fixed the astrophysical pa-
rameters, and any errors in those could bias the inferred
MSSFR model values.

2.6.1. LVK likelihood calculation
In practice, for LVK events, we may not know the val-
ues z;, M; and hence the probability p(z = z, M =
M;|\) for the observed i*" event in Equation 9 per-
fectly, but may only have K samples from a posterior

p(zi, Mc;|D;). For LVK data, we substitute the follow-
ing for Equation 9:

b Me = ME,|\)
k Mk ) ’

p(Ds|\) = 12

k=1

(10)

where the subscript k refers to the k** posterior sample
among K available samples for event 7 and 7(z, M,) is
the prior used by LVK data analysts in the original in-
ference on the observed events (see, e.g. Mandel et al.
2019).



3. RESULTS AND DISCUSSION
3.1. Interpolant training results

The detection rate matrix generated by our inter-
polant consists of 1695 cells: 113 chirp mass bins x 15
redshift bins. Of the 1695 cells in the matrix, only 17%
(292 for the smaller training dataset, and 293 for the
larger training dataset) require an ANN to predict the
rate for that cell: all other cells have zero rates for all
training examples. The time to train the interpolant,
and the accuracy achieved during training, are shown
below.

3.1.1. Training times

Details of the training times for the ANNSs trained are
presented in Table 2. As noted in Section 2.4.3, the total
elapsed time to train all ANNs was ~1.5 hours for the
smaller training dataset, and ~12 hours for the larger
training dataset.

Table 2. ANN training statistics

#examples
Training Statistic 10 100
Lowest train time (min) 0.26 1.37
Highest train time (min) 42.98 301.37
Average train time (min) 9.85 74.1
Average tries to train 5.76 7.18
Fewest tries to train 1 1
Most tries to train 10 10
Number of networks trained 292 293

3.1.2. Interpolant accuracy

As discussed in Section 2.4.2, each of the constituent
ANNSs of the interpolant was trained until an accuracy
threshold was reached - with accuracy being measured
as the percentage of the validation data set the ANN
was able to correctly predict (the meaning of “correct”
is explained in Section 2.4.2).

Details of the interpolant accuracy achieved during
training are presented in Table 3.

The accuracy figures in Table 3 show that for both
training datasets, the average accuracy achieved by the
ANNSs trained was better than 99.4%, with more than
90% of the ANNs achieving an accuracy of 99% or bet-
ter.

Figure 3 shows in detail the accuracy achieved for each
of the ANNs - the grid shown corresponds to the detec-
tion matrix, with each cell representing the ANN corre-
sponding to a {z, M} bin.

Table 3. ANN training accuracy

#examples
10 | 100
% correct
Highest 100.0 100.0
Lowest 54.16 83.0
Average 99.44 99.58
Stddev 3.23 1.84
Counts
% correct = 100 139 97
99 < % correct < 100 124 172
95 < % correct < 99 26 20
90 < % correct < 95 0 0
85 < % correct < 90 0
80 < % correct < 85 1 3
% correct < 80 2 0
Number of networks evaluated 292 293
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Figure 3. Interpolant training accuracy: 10 training ex-
amples (upper panel); 100 training examples (middle panel);
100 training examples with correctness threshold of |t —p| <
max(v/%/2,0.5) (bottom panel). White cells represent ANNs
that did not require training (zero rates); the meaning of
other colours is shown on the colour bar.

From the top two panels of Figure 3 we can see that
most of the ANNs (for both training datasets) were



trained to a high degree of accuracy, with only a few
ANNSs not achieving 95% accuracy or better. We can
inspect the data and the training records for those few
ANNs, and because the architecture of the interpolant
allows us to easily replace individual constituent ANNs
(or whatever model we have used for a particular cell),
we can retrain them to achieve a better accuracy, change
the ANN architecture, etc. For example, we find that
increasing the number of hidden layers from 3 to 5 al-
lows us to achieve 100% accuracy across all cells. How-
ever, there is a risk of attempting to memorise rather
than learn the model with over-trained ANNs (see Ap-
pendix A).

The shape and location of the green areas in Figure 3
is interesting. Recall that the white cells in Figure 3 are
{z, M} bins for which the detection rate was below the
threshold for zero (0.001 detections per year). The corol-
lary is that the green areas are {z, M} bins that contain
DCOs that are detectable at LIGO O3 sensitivity. The
triangle on the left is delineated by lower horizon dis-
tances for smaller masses along the diagonal line at the
top, and by the lower edge of the pair-instability mass
gap on the right (Heger & Woosley (2002), Marchant &
Moriya (2020)).

Many of the bins along the top edge of the triangle
(where the detection probability decreases toward zero
at the horizon distance) and the bottom edge (only a
small comoving volume is contained between redshifts of
z=0and z = 0.1) have low detection rates. These bins
also contain the apparently poorly performing ANNs in
the top two panels. However, this is largely an artefact
of our choice of a relative tolerance threshold for correct-
ness, which becomes increasingly stringent as the detec-
tion rate decreases. We can instead consider a combi-
nation of relative and absolute tolerances, which better
accounts for the fact that a detection in a bin is unlikely
if the predicted detection rate is low, making excessive
precision in the surrogate model unnecessary. If we re-
place the threshold for correctness of surrogate model
prediction p given expected target count detection count
t with |t —p| < max(v//2,0.5) (cf. the default threshold
of [t — p| < V/t/2 from Section 2.4.2), we find that all
ANNSs achieve an accuracy above 95% (see bottom panel
of Figure 3).

We see a green cactus-shaped area to the right of the
triangle (that is, to the right of the lower edge of the
pair-instability mass gap). To understand this we need
to understand the distribution of DCOs over the chirp
mass range - this is shown in Figure 4. Figure 4 shows
that almost all of the ~ 1.3 million merging DCOs in the
training data are located in the bins where M < 40M
(the green triangle in Figure 3), with a few bins in the ~

o]

log10(1 + #DCOs)
- N w >

=}
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Figure 4. DCO counts for chirp mass M bins.

50—80Mg range (the green cactus-shaped area) with 10
or fewer DCOs per bin, and then two bins at ~ 120Mg
with a total of &~ 190 DCOs (not seen in Figure 3 -
the detection rates for these bins were below the zero
threshold).

Further inspection of the data reveals that of the
~ 1.3 million merging DCOs, only 50 are located in the
~ 50 — 80M chirp mass range, and a further 193 are
in the two chirp mass bins at ~ 120M,, and all of these
binaries were BBHs comprised of two massive stars that
began their evolution on the main sequence as chemi-
cally homogeneous stars (Riley et al. 2021). Of the 50
binaries in the ~ 50 — 80M, chirp mass range, 23 had
both stars evolve as chemically homogeneous stars for
the entirety of their lifetime on the main sequence, while
for the remaining 27 the secondary star did not evolve
as a chemically homogeneous star for its main sequence
lifetime. Of the 193 binaries in the ~ 120M, chirp mass
range, all but one had both stars evolve as chemically
homogeneous stars for the entirety of their lifetime on
the main sequence - the secondary star of the remaining
binary did not evolve as a chemically homogeneous star
for its main sequence lifetime.

With only 243 of the ~ 1.3 million DCOs produced
from a population of 512 million binaries above the lower
edge of the pair-instability mass gap, it is clear that
these DCOs are very rare (Marchant et al. (2016), Riley
et al. (2021)). The cactus shape in Figure 3 is thus deter-
mined by the delay times of chemically homogeneously
evolving DCOs and convolution with the MSSFR, with
the detailed features likely an artefact of limited sam-
pling.

3.2. Inference with surrogate model

3.2.1. Method validation: inference on perfect
measurements

In Section 2.5 we outlined how we validate our
method. Here we present the results of that validation.

Using COMPAS post-processing tools and the syn-
thesised population of 512 million binaries, we created
a detection rate matrix, binned as described in Sec-
tion 2.3, for a known value of \: A «,0,asr,dsr) =
(—0.325,0.213,0.012,4.253). Using that detection rate
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matrix and assuming an observing time of either 0.1
year or 1 year, we created mock data sets D with per-
fect parameter measurement accuracy for each of the
“detected” sources (58 in the 0.1 year data set, 578 in
the 1 year data set).

We carried out a Markov Chain Monte Carlo (MCMC)
search (e.g. Andrieu et al. (2003)), using the emcee
Python package (Foreman-Mackey et al. 2013), over the
A ={a,0,asF,dsr} parameter space, assuming flat pri-
ors on A. This search calculates the likelihood £ (D|);)
at each \; visited by the MCMC algorithm using the sur-
rogate model (see Section 2.5.1 for the likelihood calcula-
tion). To confirm that our inference step was performing
adequately, we also performed a fine-grained grid search
consisting of 51 equidistant values for each of «, o, and
asr, and 101 equidistant values for dgp - for a total
of 51 x 51 x 51 x 101 ~ 13.4 million points evaluated,
followed by a naive hill-climbing search (e.g. Russell &
Norvig (1995)), using the results of the grid search as
a starting point. We confirmed that the searches found
the same maximum likelihoods (within expected sam-
pling variations).

The MCMC search posteriors are shown in Figure 5.
The true value is found within 68% credible intervals
for most MSSFR parameters under study, and within
95% credible intervals for all parameters. As expected,
the larger data set produces more precise inference on
MSSFR parameters, with the ratio of posterior width for
« approaching a factor of v/10 narrower on the data set
with 10 times more data (right panel), though the im-
provement is much smaller for poorly measured param-
eters such as dgp whose posteriors are prior-dominated.

We considered surrogate models trained on data sets
with 10 bootstrapped samples per A value and 100
bootstrapped samples and found that they are not sig-
nificantly different, which is consistent with the accu-
racy of the surrogate model shown in Figure 3. We
show results for surrogate models trained with 100 boot-
strapped samples per A from here on.

3.2.2. Method validation: inference on uncertain
measurements

We used the same detection rate matrix as in the pre-
vious subsection, corresponding to A(«, 0,asF,dsr) =
(—0.325,0.213,0.012,4.253), to validate inference on
mock observations with measurement uncertainties. Us-
ing that detection rate matrix, assuming an observing
time of one year, we created a dataset of mock LVK data
containing 578 events. We then randomly sampled 58
events from that dataset, creating a new dataset with
an observing time of 0.1 year.

We then replaced each of the chosen events with sam-
ples from an associated mock posterior. To create these

samples, we used a mock model of the LVK prior. We
built the source-frame chirp mass prior by assuming
that the component masses m; > msg are uniformly
drawn from the range [1,1000] M, with additional cuts
mg € [0.05my, my] and M = m{5m96(my +my)~ 02 €
[1,200]Mg. For the mock redshift prior, we used 7(z)
2% on z € [0.01,1.5]. We then weighed mock chirp mass
and redshift samples taken from

M NMT(1+0.03%2(T0+7~)); (11)
2z~ 2T (14 0.31—,02(7"0 +7))

by these priors. In Eq. 11, which follows Powell et al.
(2019), the superscript 7 denotes the true value, p is
the signal-to-noise ratio sampled from p(p) oc p~% with
a minimum of p > 12, ry is a normal random variable
which stochastically shifts the peak of the posterior away
from the truth, and r is a vector of normal random vari-
ables which provides the spread of the posterior. Thus,
the small and large data sets are composed of 58 and
578 events, each represented by a set of mock posterior
samples that contain mock measurement uncertainties
on the observed parameters M and z.

Using each of those datasets as “true” data, we used
our surrogate model to infer posteriors on A assuming
flat priors. The MCMC search statistics are shown in
Figure 6.

Figure 6 shows that, as expected, inference provides
consistent credible intervals, with most “true” values
falling within the 1-o credible interval, and the remain-
der within the 2-0 credible interval. As before, the larger
data set produces more precise inference on MSSFR pa-
rameters. Comparing Figure 6 with Figure 5, we see
that mock measurement uncertainties have limited im-
pact on MSSFR inference for the smaller data set, where
inference is predominantly limited by the total number
of events. For the larger data set, incorporating mea-
surement, uncertainty does lead to a moderate deterio-
ration in the accuracy of inference.

3.2.3. Inference from real LVK observations

Since the goal of this work is to (eventually) develop
a method to allow us to infer constraints for (some of)
the astrophysical states and processes, as an illustration
of the ability of this methodology to assist in inferring
constraints on cosmological and astrophysical parame-
ters from real data, we performed an MCMC search
(as described in Section 3.2.1) on actual LVK observa-
tions from observing runs 3a and 3b (run duration 275.3
days), where pgstro > 0.95 (52 events).



11

a = -0.331:3-058 a=-0.32939%
7
|
\
|

i
I
1
1
1
I
i
I

T
I
I
I
I
|
1

1
h
I
I
I

Q

=

\\ o= 03175010

z
o °]

'
1
1
I
I
I
I
I
I

0.163*00%

- 0001
a5 = 0.0103.3%

ase = 0.009%

asr

ds = 4.726*33%0

dse = 47075033 S

' '
' '
' '
' '
I I
I I
I I
I I

dsr

Figure 5. Corner plots showing MSSFR parameter inference on mock observations without measurement uncertainties. The
marginalised 1-d histograms for each MSSFR parameter appear in the panels along the diagonal, and the marginalised 2-d
projections of the posterior probability distributions in the off-diagonal panels. The left panel is for the smaller dataset (58
events); the right panel for the larger dataset (578 events). The blue solid line indicates the best-fit value, the green dashed line
shows the median, and the pale-blue and pale-red dashed lines show the 68% and 95% credible intervals, respectively. Labels
on the diagonals show the mean and 68% credible interval.
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Figure 7. Corner plot for MSSFR parameter inference on LVK data with pastro > 0.95 using the original priors (left panel)
and using the extended prior on asr (right panel).
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Figure 8. Cumulative Density Functions for chirp mass (left panel) and redshift (right panel). In each panel the 100 orange
curves are randomly sampled cumulative density functions from the posterior samples (with LVK priors) for each of the DCO
mergers detected during the third observing run (pastro > 0.95), and indicates the spread due to measurement uncertainty. The
100 blue curves are cumulative density functions constructed by sampling 52 events from the predicted distribution of detectable
DCO mergers from the best-fit A and indicate the sample variance.



Here, we present the results of this analysis. However,
a few disclaimers are warranted. We only varied param-
eters in a MSSFR model, while fixing the assumptions
and parameters describing stellar and binary evolution
(mass transfer, winds, supernovae, etc.) to fiducial, but
likely incorrect, values. We also used a simple approx-
imation for the selection function imposed by LVK ob-
servations, picking a sample noise spectrum rather than
a variable one and using a single-detector signal-to-noise
ratio threshold of 8, independent of the source param-
eters, as a proxy for detectability by the network. A
more realistic selection function would be based on an
actual injection campaign into the detector noise as ac-
cumulated over the third LVK observing run.

The posteriors on the MSSFR parameters on the LVK
03 data are shown in the left panel of Figure 7. The
highest-likelihood point found by the MCMC chain is
at AM«, 0,asr,dsr) = (—0.085,0.598,0.005, 5.042). It is
clear that the posteriors rail against the prior boundary
on agp.

We therefore repeated the analysis by extending the
uniform prior on agr to incorporate the range [0,0.015].
Fortunately, agpr is a scaling factor only, so this did
not require re-training the neural network. We used
the surrogate model prediction at the mid-point of the
asr range over which it was trained to predict the de-
tection rate matrix at values of agp outside this range.
Specifically, we assumed that the surrogate model for
the detection rate matrix at agr < 0.005 was equal
to (agr/0.01) times the prediction of the surrogate
model at {agr = 0.01,\}, where N = M\ agp re-
fer to all other parameters. We show the posteriors
on MSSFR parameters with this extended prior in the
right panel of Figure 7. The highest-likelihood point
found by the MCMC chain with extended priors is at
Ma,0,asp,dsr) = (—0.115,0.599,0.003,5.158). These
posteriors rail against the prior on o, suggesting that
an even broader distribution of metallicities is preferred
under this MSSFR model. On the other hand, the pre-
ferred value of the normalisation of the star-formation
rate agp is a factor of ~ 5 lower than the estimate of
Madau & Dickinson (2014).

In Figure 8 we show the cumulative density functions
(CDFs) for chirp mass (left panel) and redshift (right
panel), for both LVK observations and for our best-fit
A (from the analysis with the extended prior on asr).
This provides a visual posterior predictive check. In this
case, our preferred MSSFR model fails this check. The
paucity of higher-redshift observations in the model pre-
diction likely indicates an overly conservative detectabil-
ity estimate, probably through the use of a pessimistic
threshold on detectable signal-to-noise ratio and/or a
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pessimistic noise power spectral density estimate. While
this problem is relatively easy to fix, the failure to re-
produce the observed features of the chirp mass distribu-
tion, such as the sharp, narrow peak near M ~ 10 M),
speaks to a flawed underlying binary evolution model.
As noted above, we did not consider variations in the
stellar and binary evolution assumptions and model pa-
rameters, as this was only intended as a proof-of-concept
exercise.

Moreover, some of the events, particularly the most
massive ones, have been conjectured to arise from chan-
nels other than isolation binary evolution, which we did
not consider here (see, e.g., Mandel & Farmer 2022 for
a review). Other channels may be particularly relevant
for higher-mass binaries, including hierarchical dynam-
ical mergers (e.g., Gerosa & Fishbach 2021) or mergers
in AGN disks in which black holes could grow by accre-
tion (e.g., Tagawa et al. 2021). We therefore consider
an alternative data set in which we remove the five LVK
binaries whose median source-frame chirp mass exceed
40M and reweigh the posteriors for remaining bina-
ries by imposing a strict chirp mass prior upper limit of
40M. We also remove any binaries with chirp mass ex-
ceeding 40M, from the forward models. The resulting
posteriors on MSSFR parameters (using the extended
prior on agr) and the cumulative posterior predictive
check on the chirp mass distribution are shown in Fig-
ure 9. The posteriors on MSSFR parameters shift within
one standard deviation relative to Figure 7, allowing for
a more consistent chirp mass posterior predictive check
than in Figure 8, although our model still fails to repro-
duce the narrow peak near M ~ 10 M. However, this
analysis is based on a single model of binary evolution
and only considers the impact of MSSFR parameters;
complete inference must simultaneously incorporate the
parameters governing stellar and binary evolution along
with MSSFR models.

3.2.4. Inference performance

All MCMC searches performed for this study used
an ensemble of 10 walkers (single-threaded), and were
allowed to run for 100,000 steps per walker, resulting
in 1,000,000 steps per search. Each step involves the
creation of a new detection rate matrix (for the values
of X\ visited at that step). We used the ANNs trained
on the 100-sample dataset, so our surrogate model was
comprised of 293 ANNSs, with an execution time of
~6.42 x 1073 seconds (Section 2.4.3).

The elapsed time for each MCMC search using our
surrogate model is ~6.42 x 103 x 1,000, 000 = ~6, 420
seconds (~1.8 hours), ignoring MCMC algorithm over-
heads, which are small compared to the execution time
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Figure 9. Inference on LVK data after removing the 5 most massive binaries from the data set (see section 3.2.3). Left panel:
Corner plot for MSSFR, parameter inference on LVK data, as in Figure 7; right panel: posterior predictive check on the chirp
mass distribution for the associated best-fit parameters, as in Figure 8.

of the ANNs. The time to create all training data sets
was 142 hours, and the time to train the ANNs was 12
hours, for a total time 156 hours.

The COMPAS post-processing tools execution time
to create a single detection rate matrix is ~112 seconds
(Section 2.4.3). The elapsed time for equivalent MCMC
searches using the COMPAS post-processing tools to
create the detection rate matrices is ~112 x 1,000, 000 =
~112,000,000 seconds (~3.5 years), ignoring MCMC
algorithm overheads, which are small compared to the
execution time of the COMPAS post-processing tools.
Thus, the use of surrogate models reduced the total in-
ference cost by a factor of 200 after accounting for the
time needed to create training data and train these mod-
els.

4. CONCLUDING REMARKS

We conducted a proof-of-concept study that showed
that it is possible to construct an interpolant that can
calculate DCO merger detection rates for a set of as-
trophysical parameters, with fairly good accuracy, and
in milliseconds (several orders of magnitude faster than
methods currently available). This allows us to cre-
ate a large synthetic state-space in a very reasonable
timeframe, which can then be used to conduct inference
about the parameters.

The method we developed is fast, flexible, highly par-
allelisable, and robust - the constituent ANNs can be re-
trained, or replaced, individually and as necessary. We

achieved a total analysis cost reduction by a factor of
200 after accounting for surrogate model training.

We found that our first attempt at analysis on LVK
data pushed our inference to rail against the prior
boundaries. In this case this was likely due to poor
choices in the fiducial model describing astrophysical
evolution, exacerbated by an overly simplistic observa-
tional selection function. We were able to partially rem-
edy this issue because one of the parameters required
only a simple rescaling. However, to avoid similar prob-
lems in future analyses, it would be wise to use active
learning and grow the training data set in regions of pa-
rameter space which provide models with the best match
to the data.

For this study we focussed on just the four MSSFR
parameters used in the post-processing of COMPAS
simulations, but we are not limited to those parame-
ters, or to the post-processing code. The next step is
to expand this work to other astrophysical parameters
that govern stellar and binary evolution in the popula-
tion synthesis code itself (e.g. COMPAS), rather than
just the post-processing code, thereby reducing the need
for time-consuming simulations.
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APPENDIX

A. ANN TRAINING AND PERFORMANCE

We did not use extremely large datasets to train the ANNs that comprise the interpolant in this work. Even so,
we achieved very good results with the ANNs we trained - most achieved 100% accuracy when tested on the training
and validation data. These results might lead us to wonder whether the ANNs have been over-fitted during training
(though we did test that they are capable of generalising).

How many training examples are required to properly train an ANN? The answer depends on the complexity of the
problem, and the ANN being used to solve it. It is effectively unknowable a priori, and must be discovered through
empirical investigation. In other words, we can tell whether the training data were sufficient by testing that the ANN
gets the right answer for the examples it was trained on, and whether it predict correct answers for inputs it was not
trained / validated on. But were the data necessary?

The conventional wisdom is that at least thousands of training examples are required, certainly no fewer than
hundreds. Tens, or hundreds, of thousands for an ”average” modelling problem; millions, or tens of millions, for a
”hard” problem. This basically translates to ” Get as much data as possible and use it” - not an unreasonable strategy
in a situation where a better answer is not immediately apparent.

We know that when a sufficiently large ANN tries to learn from a small dataset it will tend to memorise the entire
dataset - an example of over-fitting. But does this compromise the ability of the network to generalise beyond the the
training dataset? In the past we might have thought so, but recent work suggests that this is not necessarily the case
(Zhang et al. (2017), Zhang et al. (2021)).

Mukherjee & Huberman (2022) claim that the properties of a particular mathematical operation, expand-and-sparsify
(Dasgupta & Tosh 2020), explain the ability of an over-parameterised ANN (i.e. the number of parameters in the
model exceeds the size of the training dataset) to both memorise the entire training dataset and generalise beyond the
training dataset (by learning the underlying structure to the training data).

As noted above, we achieved very good results with the ANNs we trained, yet in most cases the number of epochs
over which the networks were trained, and so the time to train, was not particularly onerous. This, especially when
coupled with the performance achieved by the ANNs when trained on a relatively small dataset, raises the question of
why it wasn’t more difficult and time-consuming to find a solution to such a difficult problem. The answer is two-fold.

First, the phenomenon of untrained networks with randomly-initialised weights performing surprisingly well has
been reported in the past (e.g. Zhang et al. (2022), Frankle et al. (2020)). This is often explained by referring to
the Lottery Ticket Hypothesis (Frankle & Carbin 2019), which posits that ANNs are really running large lotteries
where sub-networks whose weights have been serendipitously randomly-initialised to values that produce good results
are scattered throughout the network. Thus, in a sufficiently large, untrained, and randomly-initialised ANN, a sub-
network with random weights that performs as well as a trained network can be found, and the remainder of the
network is ignored.

Next, as noted in Section 2.4.2, we trained the ANNs using the Keras Adam optimiser, which uses an enhanced
stochastic gradient descent algorithm. We know that the standard stochastic gradient descent algorithm is usually
sufficient to train an ANN - it is not often that other methods of optimisation for the network parameters are required.
Chizat et al. (2019) note that often during training, the parameters of an ANN change very little from their initialised
values. Mukherjee and Huberman claim that since very often the randomly-initialised weights are ”good enough”
(as described above), they require hardly any fine-tuning for better performance, so an optimiser such as stochastic
gradient descent needs to do very little work to train a network to achieve reasonably good performance. Indeed,
Mukherjee & Huberman (2022) contend that the training of an ANN is the third most important component of a
successful ANN solution, behind architecture selection and parameter initialisation.



B. COMPAS CONFIGURATION FIDUCIAL VALUES

Table 4. Initial values and default settings for the COMPAS fiducial model.
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Description and name

Value/range

Note / setting

Initial conditions

Initial primary mass mi ;
Initial mass ratio i = ma,i/m1;
Initial semi-major axis a;
Initial metallicity Z;

Initial orbital eccentricity e;

[5,150] Mo
[0,1]

[0.01, 1000] AU
[0.0001,0.03]

0

Kroupa (2001) IMF o mq ;= with cumr = 2.3 for stars above 5 Mg
We assume a flat mass ratio distribution p(g;) o< 1 with mz; > 0.1 Mg

Distributed flat-in-log p(ai) o< 1/a;
Distributed uniform-in-log

All binaries are assumed to be circular at birth

Fiducial parameter settings:

Stellar winds for hydrogen rich stars
Stellar winds for hydrogen-poor helium stars
Max transfer stability criteria

Mass transfer accretion rate
Non-conservative mass loss

Case BB mass transfer stability

CE prescription

CE efficiency a-parameter

CE \-parameter

Hertzsprung gap (HG) donor in CE

SN natal kick magnitude vy

SN natal kick polar angle 6

SN natal kick azimuthal angle ¢

SN mean anomaly of the orbit
Core-collapse SN remnant mass prescription
USSN remnant mass prescription

ECSN remnant mass presciption
Core-collapse SN velocity dispersion olb.
USSN and ECSN velocity dispersion olb.
PISN / PPISN remnant mass prescription
Maximum NS mass

Tides and rotation

Binary fraction

Solar metallicity Ze

Belezynski et al. (2010)
Belezynski et al. (2010)

(-prescription

thermal timescale
Eddington-limited

isotropic re-emission

always stable
a—A

1.0

ANanjing
pessimistic
[0,00) kms™
(0, 7]

[0,27]

[0,27]
delayed

1

delayed

me = 1.26 Mg
265kms ™t

30kms™!

Marchant et al. (2019)
maxns = 2.5 Mg

Sfoin = 0.7
Zo = 0.0142

Based on Vink et al. (2000, 2001), including LBV wind mass loss with fupy = 1.5
Based on Hamann & Koesterke (1998) and Vink & de Koter 2005

Based on Vigna-Gdmez et al. (2018) and references therein

Limited by thermal timescale for stars Hurley et al. (2002); Vinciguerra et al. (2020)
Accretion rate is Eddington-limit for compact objects

Massevitch & Yungelson (1975); Bhattacharya & van den Heuvel (1991); Soberman et al. (1997)

Tauris & van den Heuvel (2006)

Based on Tauris et al. (2015, 2017); Vigna-Gémez et al. (2018)

Based on Webbink (1984); de Kool (1990)

Based on Xu & Li (2010a,b) and Dominik et al. (2012)
Defined in Dominik et al. (2012): HG donors don’t survive a CE phase
Drawn from Maxwellian distribution with standard deviation oD,

p(6k) = sin(6x)/2
Uniform p(¢) = 1/(2)
Uniformly distributed

From Fryer et al. (2012), which has no lower BH mass gap

From Fryer et al. (2012)
Based on Equation 8 in Timmes et al. (1996)
1D rms value based on Hobbs et al. (2005)

1D rms value based on e.g., Pfahl et al. (2002); Podsiadlowski et al. (2004)

As implemented in Stevenson et al. (2019)
Following Fryer et al. (2012)

‘We do not include tides and/or rotation in this study

based on Asplund et al. (2009)

Simulation settings

Binary population synthesis code

COMPAS

Stevenson et al. (2017); Barrett et al. (2018); Vigna-Gémez et al. (2018); Neijssel et al. (2019)
Broekgaarden et al. (2019); Team COMPAS: Riley, J. et al. (2022a).




Chapter 5

Summary and discussion

The major outcomes of the work conducted for this thesis are:

e Major rewrite and public release of the COMPAS population synthesis toolset.

We took COMPAS version 1, a stellar and binary population syntheses computer
model, and by refactoring the source code into a well-structured, object-oriented,
and modular application, we made it more robust and efficient, as well as more
easily extensible and maintainable. We made it more accessible to a broader user
and developer base by releasing COMPAS version 2 as publicly available open-

source code.

e Study of the chemically homogeneous evolution (CHE) evolutionary track.

We extended COMPAS version 2 to include the CHE track to provide an alternative
method to synthesise populations of DCOs that could merge within the age of
the Universe - significant because BBHs formed through CHE may have unique
properties that provide a signature of the formation pathway that could be evident
in the gravitational waves emitted as they merge. We found that the CHE channel
may contribute more than half, and perhaps as much as three quarters, of all

alLIGO BBH detections arising from isolated binary evolution.

e Proof-of-concept development of a fast surrogate model for COMPAS.

We used COMPAS version 2 to generate data that we then used to train a sur-
rogate model for COMPAS itself that we constructed using artificial neural net-
works (ANNs). The surrogate model allows us to rapidly explore the parameter
space of processes underlying the evolution of stars and binary systems, and infer

constraints on those parameters.
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In Chapter 2 we described the work done to improve and extend the COMPAS stellar
and binary population synthesis suite of tools. The architecture of the C++ core of the
toolset was improved, and the code base rewritten, to reflect the modern object-oriented
programming paradigm. COMPAS code is designed to make it easy to specify desired
parameterised prescriptions, and introduce new models for various stages of stellar and

binary evolution. COMPAS version 2 is much easier to extend and maintain.

We improved the robustness of the code, and the output it produces. We improved
efficiency to the extent that COMPAS version 2 is at least an order of magnitude faster
than COMPAS version 1: COMPAS version 2 is capable of evolving ~ 100 binaries per
second on a modern laptop computer. Given its parallel structure (jobs can be readily
split across multiple cores with no need for communication until results are combined),
a population of a billion binaries can be evolved in ~ 24 hours on a modest 128-core

cluster.

The user interface was rewritten: a new, comprehensive logging subsystem was added
to the C++ code, as was flexible and extensible functionality for users to specify a grid
of systems to evolve (specifying initial attributes of each system, rather than just a

population of randomly sampled systems).

Source and quality control were improved: code versioning, change logs, and documen-

tation in the form of an online user and developer guide were added.

In [1] we noted that COMPAS has been used extensively to investigate the properties of
compact binaries (we refer the reader to Riley et al. [1]| for details of a selection of those

publications).

Since its release as open-source software in March 2020 [73], COMPAS has continued to
develop an active, rapidly growing, user and developer base, and through them COMPAS
continues to improve and expand. A representative selection of work published after the
public release of COMPAS, and so not detailed in [1], for which COMPAS was used as
a tool to develop the research follows. The list presented here, and the list presented in
Riley et al. [1], is a good indication of the increasing impact that COMPAS is having in
the field.

van Son et al. [90] used COMPAS to investigate the redshift evolution of the BBH merger
rate. Mandel and Farmer [2| studied formation channels of merging stellar-mass black-
hole binaries. Broekgaarden et al. [91] studied the impact of massive binary star and
cosmic evolution on gravitational wave observations. van Son et al. [92] explored the
stable mass transfer channel for the formation of GW sources. Stevenson et al. [93]

used COMPAS to model wide binary pulsars from electron-capture supernovae. Wagg
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et al. [94] present new simulations of the populations of binary black holes, black hole-
neutron stars, and double neutron stars that will be detectable by the planned space-
based gravitational-wave detector, Laser Interferometer Space Antenna (LISA) [95, 96].
Broekgaarden et al. [97] study signatures of mass ratio reversal in gravitational waves
from merging binary black holes. D’Orazio et al. [98] used synthetic populations created
by COMPAS in a multi-messenger analysis of BHNS formation scenarios and mergers,
and the physics of BHNS magnetospheric interactions. Pejcha et al. [99] use COMPAS
in a study of the attributes of the double-eclipsing binary CzeV343. Raveh et al. [100]
used synthetic populations of BBHs created by COMPAS to study the effect of flyby
perturbations on the production of GW sources. Yarza et al. [101] used data created
by COMPAS in a study to develop a revised energy formalism for common envelope
evolution (CEE). van Son et al. [102] used observations and predictions from COMPAS
to study, and propose a simple analytical function for, the metallicity-dependent cos-
mic star formation history. Moreno Méndez et al. [103] used COMPAS to evolve the
inner massive binary in hierarchical triples to study the effects of hypercritical accre-
tion during common envelopes in triples, highlighting the possibility of BBHs forming
in the pair-instability supernova (PISN) mass gap. Gupta et al. [104] explore the BHNS
detection and measurement capabilities of proposed new GW detectors, as well as sen-
sitivity improvements to current detectors, and use COMPAS to create their fiducial
model for BHNS systems that form through the isolated binary formation channel. Rauf
et al. [105] explore the connection between the GW merger rates of stellar-mass BBHs
and galaxy properties by generating populations of stars using COMPAS and evolving
them in galaxies using the semi-analytic galaxy formation model Shark [106]. Grichener
[107] presents a population synthesis study of mergers of neutron stars and black holes
with cores of giant stars during CEE. Vigna-Gémez and Ramirez-Ruiz [108] explore the
landscape of compact objects in the context of microlensing targets using binary popu-
lation synthesis models created by COMPAS. Agudo et al. [109] present the results from
multi-wavelength observations of a transient discovered during a follow-up campaign of
a GW event reported as a possible binary neutron star merger, and use ultra-stripped
supernovae (USSNe) rates calculated by COMPAS as a comparison against observations.
de Sa et al. [110] use populations created by COMPAS to study the effects of their im-
plementation of a metallicity- and redshift-dependent initial mass function (IMF) on
population properties, particularly merger rates. Mosbech et al. [111] use properties of a
synthetic population created by COMPAS to investigate the merger rate of stellar-mass

BBHs throughout cosmic time as a new observational probe of dark matter microphysics.

In Chapter 3 we described the model of chemically homogeneous evolution (CHE) that
we implemented in COMPAS. We used MESA models to determine the critical rotation
thresholds for CHE, and provided fits that can be used in other rapid binary population
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synthesis applications. We confirmed, through the analysis of a synthesised population
of 12 million binary systems over a range of metallicities and Wolf-Rayet (WR) wind
mass-loss rates that our simplified models match detailed binary evolution simulations
well [85, 86].

We investigated the contribution of CHE and non-CHE channels to BBH formation
under a single set of assumptions. As noted above, we found that the CHE channel may
contribute more than half, and perhaps as much as three quarters, of all aLIGO BBH
detections arising from isolated binary evolution. CHE BBHs may represent = 80% of
detectable sources with the highest chirp masses of 2 30 M. A comparison between our
model population and the population of detected binaries from the first two advanced
detector observing runs indicates that the current model over-predicts the total number

of sources by a factor of ~ 2, but matches the observed chirp mass distribution.

As noted in Chapter 3, work is already underway to improve and extend the implemen-
tation of CHE in COMPAS |[88], which may alleviate some of the issues we see with
the current implementation over-producing BBHs. Stevenson and Houlden [88] in turn

suggest further extensions to the model.

In Chapter 4 we described a proof-of-concept study that showed that it is possible to
construct a surrogate model that can predict DCO merger detection rates for a set of
astrophysical parameters, with fairly good accuracy, and in milliseconds (several orders
of magnitude faster than methods currently available). This allows us to create a large
synthetic state-space in a very reasonable timeframe, which can then be used to conduct

inference about the parameters.

The surrogate model we constructed consists of a number of ANNs, and is able to inter-
polate across the entire range of parameter values for which it was trained. The method
we developed is fast, flexible, highly parallelisable, and robust - the constituent ANNs
can be retrained, or replaced, individually and as necessary. We achieved a total analysis
cost reduction by a factor of ~ 200 after accounting for the surrogate model training

time.

For this study we focussed on just the four MSSFR, parameters used in the post-processing
of COMPAS simulations ((«, A\, asr,dsr) - see Neijssel et al. [48] for details). We found
that our first attempt at analysis on LVK data pushed our inference on two of the
parameters (a and agp) to rail against the prior boundaries. This was probably due to
poor choices in the fiducial model describing astrophysical evolution, exacerbated by an
overly simplistic observational selection function, and in the case of agp, also likely as
a result of the over-production of BBHs by our CHE implementation in COMPAS. We

were able to partially remedy this issue because agp required only a simple rescaling.
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However, to avoid similar problems in future analyses, it would be wise to use active
learning and grow the training data set in regions of parameter space which provide

models with the best match to the data.

We are not limited to the four MSSFR parameters we chose to focus on for this study, or
indeed to the COMPAS post-processing code. The next step is to expand this work to
other astrophysical parameters that govern stellar and binary evolution in the population
synthesis code itself (e.g. COMPAS), rather than just the post-processing code, thereby

reducing the need for time-consuming simulations.
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