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Abstract

In today’s scientific landscape, no molecule is more synonymous with risk and catastrophe
than carbon dioxide (COs). Over the past several decades, billions of tons of CO, have
been pumped into the atmosphere, giving rise to drastic increases in global temperatures
alongside a myriad of other detrimental effects. Understanding the way in which CO,
interacts with its environment is crucial for being able to mitigate rising CO, levels and
some of its more harmful effects. Many of these environments are aqueous in nature;
accordingly, it is vital that we can describe the way in which CO, and H,O interact under
various conditions. This PhD constitutes new insights into the way these two molecules
interact with one another. Utilising machine-learned interatomic potentials (MLIPs), we
provide a new understanding of how CO, behaves at the air-water, liquid-water, and solid-
water interfaces. First, we demonstrate the existence of a new type of reaction mechanism
affecting gaseous CO, molecules adsorbed at the air-water interface. This surface-mediated
mechanism involves the partial dissolution of the reaction site at the topmost water layer,
imparting bulk-like thermodynamic properties on an inherently interfacial process. Second,
we show the efficacy of MLIPs for estimating interfacial tensions and identify the build-up
of a liquid-like CO5 monolayer at the water interface. Finally, we show that CO, uptake
in solvent-saturated nanoporous carbon environments occurs due to favourable solute-wall
interactions which out-compete those between the solvent and the pore wall. This thesis
represents a step forward in understanding the behaviour of CO, at aqueous interfaces,
leading to the uncovering of new fundamental physicochemical insights as well as providing

clarity on experimental measurements and observations.
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Chapter 1

Introduction

In the beginning the Universe was
created. This has made a lot of people
very angry and been widely regarded
as a bad move.

Douglas Adams

The Restaurant at the

End of the Universe

Over recent decades, atmospheric CO, levels have increased by over 100 ppm as a result

of carbon-intensive anthropogenic activity [1]. The effects of this increase have been

pronounced: rising global temperatures, irregular weather patterns, the destruction of

wildlife, and the poisoning of our oceans [2-5], to name a few. The harmful nature of

COy arises from its role as a greenhouse gas [6]; CO4 absorbs and re-emits long-wave IR

radiation, thus heating Earth’s lower atmosphere. With global CO, levels poised to rise

even further, the need for new green policies, technologies, and mitigation strategies has
become ever more pressing [7].

The substantial increases in atmospheric CO, demand a detailed understanding of
the way this molecule interacts with its surroundings. Specifically, it is crucial that we
understand the way in which CO, interacts with water - the molecule of life and the
most abundant substance on Earth’s surface. CO,-H,;0 systems are central to several

technological applications and natural phenomena. Ocean acidification, for example,



results from the hydration reaction between CO, and water to form carbonic acid [8,
9], which can then deprotonate to form bicarbonate and hydronium ions. In carbon
sequestration schemes, CO, is captured at source and injected underground where it is
trapped in porous rock material through either physical or chemical means (e.g., capillary
trapping or mineralisation) [10, 11]. Additionally, CO, can be electrochemically captured
using various electrode-electrolyte setups [12, 13]. These various settings are intrinsically
interfacial in nature and characterised by sharp changes in structuring, solvation, and
reactivity over several angstroms.

We can gain much insight on COy-H50 systems through the use of computational
atomistic modelling. Methods such as molecular dynamics (MD) and Monte Carlo (MC)
have provided an invaluable lens into the sub-microscopic world, allowing us to extract
insights at the level of atoms and molecules and then apply them for macroscopic-level
understanding [14, 15]. Undoubtedly, the field of atomistic simulations has developed
significantly since their first implementation in the mid-20th century [16-18]. Over the
last several decades, classical force field (FF) MD has led the way in understanding
extended molecular systems and processes, e.g., condensed-phase systems [19], protein
folding dynamics [20], and other biological functionalities [21]. The development of density
functional theory (DFT) in 1964 and its extension to ab initio MD simulations in 1985 [22]
have proved pivotal in providing quantum-level descriptions of complex chemical systems,
such as those involving proton transfer mechanisms [23] or under extreme temperature
and pressure conditions [24]. Indeed, much of our current insight on CO,-H,0O systems
has come from these two flavours of atomistic modelling. For example, from classical FF
simulations, we know that the bulk solvation of CO, is generally a weak phenomenon,
suggesting CO, to be a large and mostly hydrophobic species [25]. Testament to the
immiscibility of these two molecules are the large interfacial tensions (IFTs) reported
for biphasic CO»-H,0 systems from large-scale MD simulations [26]. From an ab initio
perspective, previous studies have worked to identify elementary CO,-water reactions

in solution [27] as well as characterise hydration structures and small cluster binding



effects [28, 29], among other pursuits. We delve more deeply into these studies later on in
Chapters 3-6.

Despite these various insights, there is still a lot that we don’t know about CO,-H,0
systems. This is particularly true for CO, molecules residing at aqueous interfaces, for
example, at the air-water interface or at the pressurised CO,-H50 liquid-liquid boundary.
These interfacial regimes - central to a number of natural phenomena and technological
applications - are fascinating yet difficult to probe [30, 31], both experimentally and
computationally. Despite recent developments in the form of sum frequency generation
and second harmonic generation [32], spectroscopic measurements are often hampered by
low effective surface populations and contamination from organic impurities [33]. On the
theory side, the modelling of aqueous interfaces is impeded by large, correlated fluctuations
in the molecular positions. These fluctuations impede the exploration of phase space and
the realisation of ergodicity (that is, the equivalence of time and ensemble averages (see
Chapter 2)), requiring prohibitively long simulations over extended molecular systems to
obtain converged thermodynamic estimates. The choice of underlying force-generation
method introduces further caveats; classical FFs enable fully atomistic simulations over
both large length and timescales but cannot capture bond making and breaking, whereas
ab initio methods allow for a fully reactive treatment but are limited in terms of the
accessible system sizes and complexities. Insights from these approaches may therefore be

limited in their robustness and generalisability [34].

We are therefore left with several open questions concerning the nature of interfacial
CO4-H50 systems. Ab initio studies are relatively limited in the context of interfacial CO,,
meaning that a first-principles description of these species is primitive. We duly identify

four outstanding questions from literature:

(i) What happens to CO, at aqueous interfaces?

(ii) How does the physicochemical nature of CO, change with the type of interface, for
example, in terms of the adsorption propensity, molecular orientation, and inherent

molecule reactivity?



(iii) In turn, how does CO, influence the physicochemical properties of the interfacial

media, for example, the structuring and bonding of nearby solvent media?

(iv) And how does the behaviour of CO, at interfaces compare with CO, in bulk? How

do the relative stabilities of these species compare?

Acknowledging the gaps in our understanding of aqueous interfaces, we note that the field
of atomistic simulations, like many other scientific fields, is currently undergoing drastic
methodological change. Advances in artificial intelligence - specifically, in machine learning
(ML) - have significantly improved the way we perform atomistic simulations. The advent
of machine-learned interatomic potentials (MLIPs), which constitute a flexible, many-body
mapping between a local chemical environment and an underlying first-principles-level
potential energy surface (PES), now allows us to treat complex systems with an accuracy
approaching that of quantum methods but with a computational efficiency approaching
that of classical FF models [35]. Indeed, over the past two decades, this field has exploded
with a diverse array of architectures and approaches, from high-dimensional neural networks
and kernel methods to message-passing and graph networks [36-38].

Already, a number of MLIP studies looking at aqueous interfaces have been published
[36]. Several studies have identified novel reaction phenomena occurring at water surfaces.
For example, work by Galib et al. showed how atmospheric N,O5 undergoes surface-
mediated decomposition in aerosols as a result of competitive hydrolytic and evaporative
processes [39]. More recent work by de la Puente et al. demonstrated that the acidity
of certain acid species can change depending on where they sit relative to the water
surface [40]. A number of MLIP studies have also looked at characterising the structural
properties of water, both under ambient conditions [41, 42] and under extreme pressures
and spatial confinement [43-45]. This has included attempts to generate a first-principles
phase diagram of confined monolayer water [43] as well as determine ionic behaviour in
confined electrolytic media [44, 45]. Work by Fong et al. reported reduced contact-ion-pair
formation for NaCl electrolytes placed under graphene confinement [44], whilst work by

Advincula et al. determined that hydronium ions tend to accumulate at graphene-water



interfaces [45]. Most recently, we have seen attempts to incorporate electrochemical
potentials into the description of electrode-electrolyte systems [46].

Building on the latest success and developments in this field, this PhD attempts to
extend the described methods towards understanding complex CO4,-H50 interfaces. We
combine MLIP-accelerated simulations with enhanced sampling methods to interrogate
three COqp-water interfaces of practical importance: the air-water interface, the liquid
COq-water interface, and the solid (carbon)-water interface.

The air-water interface forms under ambient conditions and hosts a small excess of
atmospheric molecules adsorbing at the water surface. Under these conditions, CO, exists
as a gaseous compound interacting through weak dispersion and quadrupolar interactions,
and so relative CO, surface concentrations are low. Nevertheless, the air-water interface
forms a key part of CO, exchange and acidification processes near the ocean surface
[9]. Currently unclear is how surface-adsorbed CO, reacts with interfacial water and
whether we observe any novel reaction phenomena for this process (as seen in Refs. [39,
40]). Further, it is unclear how the relative adsorption propensities of the reaction species
(i.e., COy, HCO3 and HyCOj) influence the overall chemical and exchange processes - the
adsorption of ions at the air-water interface remains a large and unresolved topic [47].

At elevated pressures, CO, can condense to a liquid (or become supercritical), thus
leading to the formation of a biphasic liquid CO,-H50O interface. This interface underpins a
number of carbon storage techniques, including injection into saline aquifers and deep-sea
storage through CO, lake formation [48, 49]. Central to the efficacy and duration of this
storage are the interactions between the bulk CO, and bulk water phases. Whilst previous
MLIP work has investigated the properties of interfacial water [41] and interfacial CO, [50]
in isolation, no study has looked at these phases in contact with one another. Accordingly,
it is uncertain how CO4-H50 interactions manifest under high-pressure conditions, and
questions remain concerning collective phase behaviour and CO, build-up at the phase
boundary.

And finally for the solid-water interface, owing to the rarity and practical difficulty of

forming solid CO,, we instead direct our attention to interfaces between graphene-like,



porous carbon and (COy-containing) aqueous solutions. These interfaces, on account of
their inherently large surface areas, find application across a range of fields and technologies,
such as catalysis, energy generation and storage, and climate science [12, 51-53]. Recent
experimental work has also highlighted the potential of nanoporous carbons for electro-
chemical CO, capture [12]. Whilst several MLIP studies have characterised the behaviour
of electrolytes under confined conditions [44, 45, 54], a first-principles description of in-pore
CO, is currently missing. Therefore it is currently unclear how nanoporous environments
facilitate CO, uptake and capture under solvent-saturated conditions. Further, it is unclear
how defects and structural heterogeneities modulate molecule uptake and reaction. This
is particularly true for atom vacancies and point defects, meaning that a microscopic

description of realistic nanoporous carbon has remained elusive.

In this PhD, we uncover new chemical insights into these three distinct interfaces. Method-
ologically, we combine state-of-the-art MLIPs with established enhanced sampling tech-
niques such as metadynamics, umbrella sampling, and replica exchange to obtain thermo-
dynamic and free energy properties at DFT and beyond-DFT levels. In Chapter 3, we
describe our investigation into the nature of CO, reactivity at the air-water interface. We
uncover a new style of reaction mechanism - a so-called ‘in-and-out’ mechanism - that
exploits the dynamic nature of the reaction site to impart bulk-like properties and energies
on interfacial processes. In this way, reactions at the air-water interface can proceed in
a similar manner to their bulk counterparts. In Chapter 4, we describe an approach for
modelling liquid-liquid interfaces and obtaining accurate IF'T predictions. With increasing
pressure, initial reductions in the IFT coincide with the build-up of an adsorbed, saturated
CO, film forming at a low pressure (20 bar) and with properties similar to those of the bulk
liquid. In Chapter 5, we describe a collaborative project in which a heightened solubility
of COy in solvent-saturated nanoporous carbon environments is reported. This solubility
is facilitated by COqy-graphene interactions, which outcompete similar interactions between

H,0O and the pore wall. And finally, in Chapter 6, we then move beyond the standard



of nanoporous carbon modelling to explore spin-polarised vacancy defects in extended
graphene systems.

We start with an introduction to the theoretical and computational frameworks em-
ployed in this thesis. Then, for each subsequent chapter, we provide some context to the
work, followed by the methods, the results, and a brief summary and outlook for that

section. Links to the relevant simulation data are provided at the start of each chapter.



Chapter 2

Theoretical and computational

framework

You don’t know much and that’s a
fact.

Lewis Carroll
Alice’s Adventures in Wonderland

This thesis has utilised a range of methods and techniques for modelling atomistic CO,-H,O
systems. This includes (but is not limited to) molecular dynamics simulations, density
functional theory, ab initio MD, machine-learned interatomic potentials, and enhanced
sampling methods. The more salient features of these methodologies are described below,

with full details provided in the supplied references.

2.1 Statistical mechanics

Statistical mechanics provides the means of relating microscopic behaviour to macroscopic
observables. It forms the basis upon which molecular simulations are performed, showing
how conventional experimental observations are born out of an averaging of properties
at the molecular level. Statistical mechanics can be derived through both quantum and

classical routes, though the former is more straightforward. There exist a number of



2.1 Statistical mechanics 9

excellent texts that meticulously explore these derivations [55-57]. For the purposes of this
chapter, we shall leave much of the derivations to them, detailing only the most important

concepts from this framework.

A quantum formalism

The theory of statistical mechanics can be built upon two main assumptions: first, that
we can express a particular system as occupying a finite number of quantised states;
second, that all states of a fixed composition (volume V' and number of particles N) and
fixed energy E are visited with equal probability - this is known as the equal a priori
postulate. In statistical mechanics, we are often interested in the way in which energy can
be distributed among a number of subsystems. For example, for the case where we have
two subsystems, the total energy E can be found by E = E; + E5. The total number of
states corresponding to energy FE is given by €2 = ; x €y, where () gives the degeneracy
(i.e., the number of states) corresponding to the labelled energy. To find the most likely
distribution of energy across the two subsystems, we can look for the instance where Q(E)

is maximised,

<8IHQ(E1’E_EI)) = 0. (2.1)
OE, N,V.E
Using the fact that dE; = —dFEs, we can set

0F NV, OF5 No.Va ’

for the two systems at thermal equilibrium. Under these conditions, we know that the
temperature T will be equivalent for systems 1 and 2. Using this knowledge, we can define

an inverse temperature,

1 [(0lmQE,V,N)
5(E7‘/7N) - k’BT - ( 8E )N’V7 (23)

where T' is the temperature, and kg is the Boltzmann constant. For two weakly coupled

subsystems, we say that thermal equilibrium is established when f; = 5 and In ) is at a



2.1 Statistical mechanics 10

maximum. We know from basic thermodynamics that the entropy of the system will also
be at a maximum at thermal equilibrium. Accordingly, we can equate the two quantities

and write down Boltzmann’s formulation of the system entropy as

S(N,V, E) = kgln Q(N, V, E) (2.4)

This formula,! famously engraved on Boltzmann’s tomb, is a cornerstone of modern
statistical mechanics and provides some clarity on the second law of thermodynamics - an
isolated system is most likely to be found in a state that possesses the largest number of

microstates.

Now suppose we have a system where a particular subsystem A is coupled to a large

thermal bath B. The probability of finding the subsystem A in state 7 is given by

Qp(E — E;)
P, = 2.5
2 O(E — Ej) -
By expanding In Qp(FE — E;) ~ InQp(F) — fE;, we can arrive at
— L/ kgT
exp(—Ei/knT) (2.6)

CT Y exp(—E; [ksT)’

which is the well-known Boltzmann distribution of states for a system at temperature
T. Under the canonical ensemble (fixed N, V,T), we can use eqn. 2.6 to determine the
probability of finding the system in a particular state. We can also use it to calculate the

averaged energy of the system according to

op

1Using the thermodynamic definition of temperature, 1/7 = (ﬁ
entropy formula to derive the inverse temperature § given in Eq. 2.3.

)VN7 one may use Boltzmann’s
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where ) = > exp(—£E;/kgT) is known as the partition function of the system and
represents a weighted sum of the allowed microstates. Through comparison with the
Helmholtz energy analogue of the Gibbs-Helmholtz relation, we extract the following

important equation for determining the Helmholtz energy, A, of a system,
A=—kgTInQ (2.8)

This ‘bridge relation’ constitutes an important relationship in statistical mechanics; it
allows us to obtain macroscopic information (i.e., the Helmholtz energy) from an aggregated
knowledge of the microstates of a system. Whilst () is generally intractable for realistic
systems (a product of the vast number of states and the difficulty associated with obtaining
all relevant state energies, E;), Eq. 2.8 is significant in providing a direct connection between

the microscopic and macroscopic worlds.

Classical formalism

As stated at the start of this chapter, it is also possible to formulate statistical mechanics
in a classical sense, substituting discrete levels for continua and summations for integrals.
Whilst we will not delve too much into its derivation, we do quote the classical canonical
partition function here for a system of N particles of mass m;, momenta p;, and position
i

_ 1 N 3..N p? N
chassical — W /dp dr €xp <_B [; Tm + U(T ) ) (29>

where V' = (1,79, ...,7x) and pY = (p1, pa, ..., pn). Eq. 2.9 amounts to integrating the

kinetic and potential components of the Hamiltonian - given by the argument of the

p;
2mi

exponential, H = 3, - + U(r") - over the phase space (R, P) of a system. The h?" term
accounts for the dimensionality of the system, where d is the number of spatial dimensions,
N is the number of atoms, and h is Planck’s constant. The N! term corrects for the

indistinguishability of identical particles and prevents overcounting states.? Practically, Eq.

2.9 is easier to compute than its quantum counterpart, which requires a knowledge of all

2In the case of distinguishable particle, N! — [] o No!, where o runs over the distinct species.
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eigenstates of a particular system - this is an impossibly large task! Therefore, we generally

use Qenassical for obtaining the ensemble-averaged properties from MD simulations.

Ensembles

In this chapter, we started our discussion with the assumption that we were dealing with
a system of fixed energy F, volume V| and composition N. In practice, we can choose
to fix different sets of macroscopic control variables. The collection of microstates or
‘realisations’ that adhere to these specified macroscopic control parameters are referred to
as an ensemble. In the case of fixed NV E, this is known as the microcanonical ensemble.
For ensembles employing fixed N, V', and temperature 7', we refer to them as the canonical
ensemble; we have already covered this ensemble in Eq. 2.5-2.7 (with the partition function
() corresponding to the canonical partition function). The isothermal-isobaric ensemble
has fixed N, T, and pressure P, whilst the grand canonical ensemble fixes V', T', and the
chemical potential u. Our choice of ensemble ultimately determines which ‘lens’ we wish
to view our microscopic system with (though it can be shown that these ensembles are

equivalent in the thermodynamic limit, N — oo [57]).

Molecular dynamics

Using statistical mechanics, we can obtain macroscopic properties from a knowledge of
microscopic, many-particle systems. We obtain such estimates either by averaging over a
series of time-evolved phase space ({R,P}) coordinates or by averaging over all initial phase
space coordinates (this equivalence is known as the ergodic hypothesis). Our choice of
averaging ultimately determines which molecular modelling scheme we use: time averaging
through molecular dynamics or ensemble averaging through Monte Carlo methods.

In molecular dynamics, we can explore the phase space of a system by explicitly solving

Newton’s equations of motion. Starting from the second law, we know that

F=m— =—-VU(R), (2.10)
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where R are the atomic coordinates, m is the mass, U the potential energy, and F is the
resulting force vector. Following the determination of F, specialised integrators can be

used to understand how molecules at time ¢ will behave at future time t + dt,
1
R(t + 0t) = R(t) + otv(t) + §§t2a(t), (2.11)

v{t + 6t) = v(t) + ;& (a(t) + a(t + 61)] (2.12)

where v and a are the velocity and acceleration vectors, respectively. The equations
presented above belong to the velocity Verlet algorithm [58], which is both symplectic
(that is, it conserves phase-space volume and helps improve the long-term stability of the
integration algorithm) and time-reversible. Other integrators, such as the classic Verlet or
Gear algorithms, could also be used [59, 60]; however, the forms presented in (2.11) and
(2.12) are some of the simplest and most numerically stable, making the velocity Verlet
algorithm one of the more popular methods for conventional MD. More information on
numerical integrators can be found in Ref. [57].

An important decision for performing MD simulations comes with the choice of which
ensemble to use. The equations presented in Eqgs. 2.10-2.12 above, provided no external
perturbation and a reasonable choice of dt, roughly adhere to the conservation of energy
and thus sample the microcanonical ensemble. However, for the purposes of many of
our simulations, we would like to sample other ensembles, such as the canonical or
the isothermal-isobaric ensembles. Constant temperature simulations can be performed
through the introduction of ‘thermostats’, which serve to alter either the local or global
velocity distributions to ensure a correct sampling of the NVT' ensemble. Examples of
these thermostats include the stochastic Andersen thermostat [61], the canonical sampling
through velocity rescaling (CSVR) [62], and the global Nosé-Hoover (NH) thermostat
[63]. Citing the mild influence of the NH approach on particle dynamics (such that they
approach Newtonian dynamics in the limit of large system sizes), this thermostat was
selected for most of this thesis’ work. For constant pressure simulations, ‘barostats’ may

be employed to couple systems to a fictitious pressure bath. In the case of the Andersen
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barostat, a ‘piston-like” degree of freedom (DOF) is added to equations of motion, enabling
the isotropic scaling of cell dimensions so as to sample a desired pressure P [61]. An
extension to this barostat is seen in the Parrinello-Rahman barostat, which supports
an anisotropic scaling of the cell dimensions through additional DOFs [64]. Related
extended-system formulations, such as the Martyna—Tuckerman—Tobias—Klein, introduce
new equations of motions to ensure a correct isothermal-isobaric sampling [65, 66].
Beyond thermostats and barostats, another crucial aspect of MD simulations lies in how
one obtains F for equation (2.10). Traditional FF methods use empirical potentials based
on simple mathematical forms to determine a system’s potential energy surface, U(R).
These include potentials such as the renowned Lennard-Jones potential for describing
van der Waals interactions [67], the extended single point charge (SPC/E) potential for
modelling rigid water molecules [68], the all-atom AMBER FF for modelling proteins [69],
and the coarse-grained MARTINI FF for modelling large biomolecular systems [21]. Whilst
computationally efficient, these potentials are formulated with pre-specified connectivities
such that bond-making and -breaking events cannot be described.? For this, one must
turn to ab initio MD, which combines finite-temperature trajectories with ab initio-level
forces computed ‘on-the-fly’ from electronic structure theory. By explicitly considering the
underlying electronic structure, we can describe many-body forces, electronic polarisation,
and bond-making and -breaking events at the level of first-principles calculations [71].
In this way, quantum-mechanical forces can be used to propagate a system of classical
particles. Providing that nuclear quantum effects (NQEs) are sufficiently negligible, this
approach to molecular dynamics is usually well-grounded [72] (citing the Born-Oppenheimer
approximation), though we can extend our description to include NQEs if needed (e.g.,
low temperatures and light nuclei) [73, 74]. In the next section, we cover the topic of ab
initio MD more closely, showing how exactly electronic structure theory can be integrated

with finite temperature dynamics.

3Notable exceptions such as ReaxFF do exist [70].
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2.2 Ab initio molecular dynamics

Ab initio molecular dynamics represents the coming together of two separate communities:
the electronic structure community and the statistical mechanics community. Since the
first AIMD simulation of crystalline silicon in 1985 [22], this field has provided a number
of insights into the thermodynamic and dynamical properties of complex systems, from
understanding the nature of silicates and glasses to modelling proton transfer and complex
surface reactions [75-78]. To begin this section, we look back at the fundamental problem
of electronic structure theory and try to understand what happens at the sub-nanometre

level.

The physics of small things

When approaching this theory, one usually starts with the full time-independent Schrodinger
equation,

A

HU(r,R) = E¥(r, R), (2.13)

where E is the energy, H is the Hamiltonian operator, and ¥ is the wavefunction of the
system, dependent upon both the electronic (r) and nuclear (R) coordinates. For a system

of N electrons and M nuclei, H is defined according to

L DI IR/ D D) D
20" 2 M; Rif

)
ig>ili LJ>I Riy

(2.14)

where I and J run over the nuclei, and 7 and j run over the electrons. V# and V? are the
corresponding nuclear and electronic gradient operators, whilst M; and Z; represent the

nuclear mass and charge, respectively. We define r;;, R;;, and R;; as,

ri]':|ri_rj|> RIJ:’RI_le, Ri]:|ri—R[‘.
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where r; gives the position of electron ¢ and Ry the position of nucleus /. In Eq. 2.14 (and
throughout this chapter), we make use of atomic units: h = e = m, = 4meg = 1, where e
is the elementary charge, m, is the electron mass, and 4me; is permittivity.

In its full many-body form, the Schrodinger equation is analytically insoluble (except in
a few particular cases). Therefore, certain approximations are required. Owing to a large
disparity in the masses, the nuclear and electronic motions can be decoupled such that
the electrons can be considered as moving in a field of fixed nuclear charge. Under this
clamped-nuclei (Born-Oppenheimer) approximation, the total wavefunction is factorised
into electronic and nuclear parts, ¥po = Vo(r; R)¥,(R), in which the former displays
only a parametric dependence on R and is obtained as an eigenfunction of the electronic
Schrodinger equation,

AoV (r;R) = E(R)¥.(r; R), (2.15)

where H, is the electronic Hamiltonian operator. Traditionally, Eq. (2.15) can be solved by
decomposing ¥, into products of one-electron orbitals, v;, where each orbital is composed

of a linear combination of functions defined by the basis set

b =" ds(r)c?, (2.16)
where ¢, are the chosen basis and ¢{?) denote the coefficients.

Hartree-Fock and post-HF methods

Following this formalism, one can derive many of the seminal theories underpinning
quantum chemistry. Hartree-Fock theory, one of the earliest attempts at approximating the
wavefunction of a many-body system [79, 80|, formulates ¥ as a single Slater determinant
[31],

1
U= 3 X2 -ens , 2.17
m ’Xl X2 XN’ ( )

where N gives the total number of electrons, and y,, represent the one-electron spinorbitals.

Whilst able to account for Pauli repulsion (analogous to switching two rows under the
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matrix representation), this formalism is limited by its inability to describe the dynamic
correlations between electrons. For such electron correlation, we need to extend our scheme
to more complicated schemes. For example, in full configuration interaction (FCI), we
incorporate multiple Slater determinants corresponding to excited (virtual) states of our
particular system. By including these determinants, we can arrive at a result that is exact
within the space spanned by the basis set, albeit at exorbitant computational cost. Other,
more computationally accessible approximations include Méller-Plesset perturbation theory
(MP) [82] and coupled-cluster (CC) methods [83]. We highlight the role of CCSD(T)
[84] - which incorporates single, double, and perturbative triple excitations - as the ‘gold
standard’ for performing computational quantum chemistry. Alongside obtaining new
chemical insights [85-87], CCSD(T) is often used as a benchmark for conducting highly
accurate quantum mechanical calculations [88, 89].

Whilst impressive in their accuracy, these correlated wavefunction methods still pose
daunting calculation times for all but the simplest molecular systems, with MP4 and
CCSD(T) scaling as O(N7) for electron count N. Local coupled cluster methods (e.g.,
Domain-based Local Pair Natural Orbital (DLPNO)-CCSD(T) [90]), can reduce calcu-
lation times by 1-2 orders of magnitude, but these are still prohibitive costs. Treating
extended molecular simulations over multiple time-steps, therefore, requires an alternative

formulation of quantum chemistry.

Density functional theory

An alternative approach to quantum chemistry is realised in density functional theory
(DFT). Owing to its favourable compromise between accuracy and computational efficiency,
this theory provides the means of making accurate, quantum-level predictions for a fraction
of the cost of correlated wavefunction methods. The theory itself was first presented by
Hohenberg and Kohn in 1964 [91] and involves reformulating the Hamiltonian in terms of
an electron density, p, such that the energy of the system is a functional of that density,

E[p(r)]. For N electrons of position ry and spin sy, the electron density p is formally
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given as

o(r) = N/.../|\I/(r1,r2,...,rN)|2d31,dr2,...,drN. (2.18)

According to the first two theorems of Hohenberg and Kohn, this density is uniquely defined
by an external potential, V., and the true ground-state density can be determined when
p is variationally minimised. Using these principles, Kohn and Sham would go on to recast
the system into a form that was solvable [92]. Specifically, they demonstrated that the
electron density of an interacting system of electrons, pgy, was identical to that of a fictitious
non-interacting system, ps. Using Kohn-Sham orbitals, ¢;, the authors re-expressed the

electron density as pg = 9% |¢:(r)|? and demonstrated that the ground-state energy

could be re-written as

Exs = Elp] = Ty[p] + Vexe[p] + T[p] + Exe[p] (2.19)
where Ti[p] gives the non-interacting kinetic energy,
1 N
Tilp) = =5 22 (il V700) (2.20)
Vext[p] is the interaction of the density with the external potential, Vst

Veslp] = [ Vewplr)dr, (2.21)

and J and Fy. are the Coulombic repulsion and exchange-correlation energy, respectively.
Of all the terms in equation (2.19), F,. proves to be both the most important and the
most controversial. F,. arises as an artefact of our non-interacting framework and the

classical treatment of electron-electron interactions. It is defined according to

Exelp] = Tp] = Ts[p] + Veelp] = Jlp], (2.22)
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where T is the kinetic energy of the interacting system, and V. is the actual electron
interaction potential. In principle, DF'T is rigorously exact; in practice, the form of E,. is

unknown, and so the energy of the system cannot be precisely defined.

Jacob’s ladder

Developing new approximations to the form of E,. constitutes an active area of research
in computational chemistry, and there exist numerous possible functional forms. These
forms are arranged as ‘rungs’ on a metaphorical ladder, with higher rungs equating to
more extended/sophisticated formalisms. Often, this also entails higher accuracy, but it
should be noted that this is not guaranteed, and performance will often depend upon the
system being treated [93].

At the base of Jacob’s ladder is the local density approximation (LDA) [92]. LDA
represents the simplest approximation to E,., which is derived assuming a constant electron
density and is a functional purely of the electron density p; this is shown in Eq. (2.23)
where €,. is the exchange-correlation energy per particle. Obviously, the electron density
is not uniform for real systems. Therefore, we can introduce a dependence on the density
gradient Vp(r) to give the generalised gradient approximations (GGAs), such as the PW91
and PBE functionals [94, 95|, with the general form shown in Eq. (2.24). Meta-GGAs,
such as SCAN and r2SCAN [96, 97], can be constructed through the inclusion of the
kinetic energy density, 7(r) = 2 YN, |V¢;(r)[%. Taking this form and developing it further
by including some fraction of the exact exchange energy, (1 — a)E?, gives what are known
as the hybrid functionals, shown in Eq. (2.25), which include well-known functionals such
as PBEO [98], B3LYP [99], and HSE [100]. By including exact exchange, we can help
mitigate some of the effects arising from the self-interaction error (SIE) (a result of the
mean-field approximation, in which an electron ‘interacts with itself’). High rungs of the
ladder include double hybrids, which incorporate an MP2-like perturbative term (e.g.,
B2PLYP [101], wB97M(2) [102]) as well as the random phase approximation (RPA), which
obtains non-local electron correlations through integration of the electron response [103,

104].
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EIPA = / p(r)exclp(r))dr (2:23)
BS — [ plr)ecelp(r), Vp(o)]dr (2.24)
Ehybrld EGGA + (1 . OZ)EE + ECGGA (225)

Dispersion forces

Owing to a good compromise between accuracy and efficiency, GGA functionals are often
selected for performing AIMD simulations. However, they are not without drawbacks. As
mentioned above, GGA functionals exhibit SIEs and thus often display an overdelocalisation
of the electron density. Further, GGAs are effectively ‘short-sighted’ in nature; their
dependence solely on the electron density and its gradient make them a semi-local theory.
This proves problematic for systems displaying prominent long-range effects, e.g., noble
gas dimers, inhomogeneous fluids, and molecular crystals [105-107].

To rectify this, we can introduce new formalisms to explicitly account for non local
interactions. In one approach, we can explicitly include non-local corrections into the elec-
tronic structure calculations themselves, reformulating the exchange correlation functional
to give:

Ey = EJS* + EIP* + B, (2.26)

where the non-local function takes the general form

fo. / / (') drdr’ (2.27)

Here, ¢(r,1’) represents an integration kernel that ensures the correct asymptotic 1/R°
dependence. Through the addition of this non-local correlation term, we can explicitly
incorporate dispersion interactions determined from the electron density into our descrip-
tion. Examples of these functionals include vdW-DF [108], vdW-DF2 [109], rev-vdW-DF2
[110], and optB88-vdW [111].
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An alternative route towards incorporating long-range effects involves augmenting the

overall energy with a correction term,

E = Eppr + Faisp (2.28)

Here, Egisp represents a summation of pair-wise atomistic terms,

_ g o) C§'? )
EdiSP - Z 56 RS fdamp<RAB) + S8 R8 fdamp(RAB) + .. (229)
A<B AB AB

where Rap gives the distance between species A and B, C2B gives the appropriate dispersion
coefficients acting between them (i.e., strength of the interaction), and fgamp is a function
to prevent divergence at short range. The exact nature of these functions vary depending
on the scheme used. In Grimme’s D1 and D2 methods [112, 113], C4B is predetermined
from ionisation potentials and static polarisabilities [114]. In the D3 method [115], the
value of CAB and also C{B changes according to the AB pairing and the hybridisation
state of the species. In this way, we can incorporate geometric information into the
determination of the dispersion correction. And finally, in the D4 method [116], both
geometric and classically calculated charges inform the value of the dispersion correction.
Beyond Grimme’s correction, other schemes such as the Tkatchenko and Scheffler [117] as
well as the exchange-hole dipole moment schemes [118] exist.

The work reported in this thesis has primarily made use of GGA functionals combined
with Grimme’s D3 corrections. This combination enables a good compromise between

accuracy and efficiency, whilst still enabling treatment of long-range dispersion effects.

Practical DFT Calculations

The vast majority of calculations reported in this thesis were performed using the open-
source CP2K software [119, 120]. This code is based on the Gaussian and Plane Waves
(GPW) method [121], which reduces the computational overhead from calculating the

Hartree component of the energy and from wavefunction orthogonalisation [119]. Under
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this method, the electron density is described using two representations. In the first, the

electron density is represented using localised Gaussian atomic orbitals,

n(r) =) P"u(r)ou(r) (2.30)

nZ

where P gives the density matrix and ¢,(r) represents a contracted expansion of
Gaussians. In the second, we utilise an auxiliary basis of plane waves to represent the

density on a regular grid,

n(r) =

XG: Q) exp(iG - 7), (2.31)

el

where (2 gives the cell dimensions and G gives the reciprocal lattice vectors. By transforming
the basis to a plane-wave representation, we facilitate the Fast Fourier Transforms required
to solve the Poisson equation and obtain the Hartree energy term. Computational efficiency
is aided by the use of pseudopotentials, V'Y which reproduce the effective influence of the
core electron density interacting with the atomic nucleus. As such, we replace an all-electron
problem with an effective valence-only problem. This is a reasonable approximation for
core electrons, given that the most interesting chemistry is a result of the valence (Kohn-
Sham) electrons. The GPW method, therefore, represents a computationally efficient route
towards electronic structure predictions, thus enabling CP2K to treat extended, liquid-like
and interfacial systems at minimal cost [119]. This efficiency underscores our choice in
this methodology, though other codes such as VASP [122-125] (plane-wave orbitals with
projector augmented-wave datasets) and FHI-aims (an all-electron, full-potential code)
[126, 127] are available.

Having shown how to perform first-principles electronic structure calculations, we now

demonstrate how to incorporate these into finite temperature dynamics.
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Quantum forces, classical dynamics

In conventional AIMD, at each time ¢ of a simulation, we use DFT to determine the ground-
state potential energy surface of a system - these are known as ‘on-the-fly’ calculations.
There exist three variations by which this is implemented in practical simulations: Ehrenfest
molecular dynamics, Born-Oppenheimer molecular dynamics (BOMD) and Car-Parrinello
molecular dynamics (CPMD) [128]. In Ehrenfest dynamics, the classical equations of
motion are solved simultaneously with the time-dependent electronic Schrodinger equation,
meaning that the electrons are treated strictly within a quantum framework (this is
known as intrinsic dynamics). In BOMD, we make an approximation in restricting the
wavefunction of the system to just the ground-state adiabatic form, ¥y, and solving the
time-independent electronic Schrodinger equation for each 0t at fixed nuclear coordinates.
From these calculations, the Born-Oppenheimer potential energy surface is obtained, and
the resulting BOMD equations of motion are written as

M[R[(t) = —Vlmin{ <\I/0|f{e|\1/0>} (2 32>

= —V[mill {EKS} .

where Fkg is the Kohn-Sham energy calculated in Eq. (2.19). In 1985, further approxima-
tions to this framework were made by R. Car and M. Parrinello by extending the classical
Lagrangian of the system [22]. So as to avoid the costly iterations involved in solving for
the BOMD energy, a fictitious time-dependence was introduced for the electronic orbitals,
;(t), such that they could be propagated using specialised orbital dynamics from minima
to minima along the simulation trajectory [129]. The corresponding equations of motion

are

MR, (t) = —5R51(t) { (ol H.| W)} + 51:5 77 {constraints) s
= —V;Fks
[ (r, ) = _W*C(S) { (\Ifo|FIe|\Ifo>} + Wsm{constraints}
o (2.34)

dFks

= 5@/} ( +ZA1J¢J
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where p is a fictitious mass that dictates the orbital dynamics and A is a Lagrange multiplier
matrix that ensures orthonormality in the orbitals. For the last several decades, on account
of its reduced computational costs, CPMD has been the choice method for performing
AIMD [130]; however, citing algorithmic improvements and hardware development, BOMD
now forms the basis of most MD software packages.

Equations (2.32 — 2.34) describe the salient features of AIMD that drive our reactive,
quantum-level molecular simulations. CPMD and BOMD are powerful tools that, over the
last four decades, have enabled a plethora of interesting and seminal studies. These include:
obtaining a quantum-level description of liquid water [131]; studying phase transitions in
substances such as HBr-I [132] and H,S [133]; performing ‘wet chemistry’ in silico, looking
at the formation of sulfuric acid [134] to studying the decomposition of HCI in water [135];
simulating reactions and conditions pre-dating life on Earth as a virtual replica of the
Urey-Miller experiment [136]; and many other studies, for which the reader is directed
to Ref. [128]. In this respect, AIMD has been invaluable for studying the reactive and
dynamical properties of small /medium-sized systems; however, large molecular systems
and long simulation times prove intractable to ab initio treatment owing to the costly
nature of iteratively solving for E at each time step. As computing power increases and
we move to larger and more intricate systems of molecules, the computational demands of
AIMD present a barrier to future work in this area. We require an alternative framework
for these new systems and studies. A solution could possibly be found in the form of

machine learning.

2.3 Machine-learned interatomic potentials

Over the last couple of years, machine learning has transformed scientific investigation,
with data-driven research now forming the ‘fourth paradigm’ of science alongside empirical,
theoretical, and computational approaches [137]. In the field of molecular simulations,
machine-learned interatomic potentials (MLIPs) have greatly expanded the capabilities

of MD simulations, enabling quantum-level simulations for a fraction of the traditional
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computational cost. With the recent explosion of machine learning, there now exists a
myriad of different MLIPs, each with its own advantages and unique features. These
include neural-network models such as Behler—Parrinello high-dimensional neural network
potentials [138] and DeePMD-type models [139]; kernel-based regression models such as
Gaussian approximation potentials (GAP) [140]; and equivariant graph neural networks
such as MACE [141], NequlP [142], and Allegro [143]. The reader is directed to the
following reviews for explicit detail on these variants [36-38, 144, 145].

All MLIP methods operate on the principle that we can take the atomic coordinates of
a system and map them onto an underlying potential energy surface. In formulating these
architectures, it is crucial that they adhere to the symmetries of the underlying potential

energy surface. In general, all observables must obey the following constraint [38]:

¢{Qai} = Q<Z5{Uz‘}> (2-35>

where o; give the atomic configuration, () is some symmetry operation, and ¢{...} gives
the output of the MLIP (e.g., energy, forces, dipole moment) [38]. Equation 2.35 expresses
the equivariance condition of MLIPs with respect to (): transforming the input and
then applying the MLIP should be equivalent to transforming just the MLIP output. In
the case of scalar quantities such as the total energy, Eq. 2.35 trivially reduces to the
invariant form. For example, if () represents a rotation, then the total energy should be
unaffected by the operation. This contrasts with vectors or higher-order tensorial properties,
which should transform in an equivariant manner. Working within a three-dimensional
Euclidean environment, we are principally concerned with translations, rotations, reflections
(including inversion), and the permutation of identical atoms.

The work presented in this thesis makes use of two specific MLIP architectures: ‘high-
dimensional’ or ‘Behler-Parrinello” neural-network potentials (HDNNPs/BPNNPs), one of
the first general-purpose models used across a range of different atomistic systems [138];
and MACE potentials, which following their inception in 2022, have quickly become the

preferred method for condensed-phase modelling simulations [141]. In the following section,
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we describe these two architectures and consider future directions in this ever-changing

field.

High-dimensional neural network potentials

First proposed by Behler and Parrinello in 2007 [138], HD-NNPs exploit the locality of
interatomic interactions and use a series of feed-forward neural networks to express the
potential energy of a system as a sum of local contributions. A typical feed-forward
architecture is shown in Fig. 2.1a. At the input level of each network, atomic coordinates
are taken and encoded in a specific mathematical format (G) that is readable by the
algorithm and that displays a threefold invariance with respect to translation, rotation,
and the permutation of identical atoms. These transformed coordinates are connected
to the output energy of the system through use of ‘nodes’, y, where each node in layer
i is connected to all nodes in the previous layer (i — 1) via a series of weights a*~1* and
through use of activation functions f* (e.g., the hyperbolic tangent) that ‘activate’ the

t — 1 nodes. The value y; of node j is then calculated via

nj—1

i = A0+ X ) (2:36)

where b is a bias term, and k£ runs over the ¢ — 1 nodes of the preceding layer. The
model parameters (i.e., the weights and biasing terms for each layer) are learned from the
reference data, usually by employing standard gradient-based optimisers to minimise a
loss function of the form,
N

X = ]i,zzl(yi —9:)%, (2.37)
where y; is the ab initio reference energy and ¢; is the predicted model energy. For
HD-NNPs, extended Kalman-filter—type optimisers are often employed to obtain the model
weights [146]. Upon completion of the training, these parameters are fixed, and the
potential can be used to generate the necessary PESs for driving NNP-MD simulations.

A crucial component of HD-NNPs lies in their scalability, which arises from use of

multiple NNs, with each NN corresponding to a different local atomic environment. The
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Fig. 2.1 Overview of machine-learning methods employed in this work. (a) Summary of the
high-dimensional neural network potential (HD-NNP) architecture. Atomic coordinates
are passed into a shallow, feed-forward neural network and mapped to a potential energy,
E. The coordinates are encoded using atom-centered symmetry functions, Gy, which
are expressed using both a radial (left) and angular (right) basis. (b) Summary of the
MACE message-passing architecture. Atoms (nodes) are embedded in a 3D graph, with
edges (black lines) representing the connectivities between these atoms. A complete,
high-body-order polynomial basis is constructed by summing the different body order
terms (from the first-layer atoms) within a specific radius. Message passing allows us to
propagate this information to encompass second layer atoms, thereby also extending the
effective receptive field.
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total potential energy can be calculated as a sum of the local contributions,

k
Nclcm Natom

Egot= Y. > EF (2.38)

k=1 =1

where k runs over the element type and i over the atoms. The local contribution, EF,
can be deduced through summation of interatomic interactions within a specified cutoff
(usually on the order of 6-10 A); in the absence of significant electrostatic or non-local
contributions, this is a reasonable approximation for obtaining accurate PESs. Where each
atom is assigned its own (element-specific) neural network, increasing the number of atoms
in a simulation requires that we just increase the number of networks and account for the
additional EF values in the summation of (2.38). Therefore, neural networks trained on
data of a particular system size can scale to simulate systems of varying composition and
size.

Another important aspect of these HD-NNPs lies in their choice of chemical descriptor.
HD-NNPs usually employ a systematic set of radial and angular functions known as atom-
centred symmetry functions (ACSFs) [147]. For a central atom i, the radial contributions
for each element-element pairing are usually calculated as a sum of Gaussians surrounding
the centre,

Natom € Re
Grd = N emlRuRu)’ £(R ) (2.39)
J#i
where R;; gives the internuclear separation between central atom i and neighbour j,
fe(R;;) is an arbitrary cutoff function dictating the length at which truncation occurs,
and R, and v, are the Gaussian parameters, each combination of which constitutes a
different radial symmetry function, pu. For f.(R;;), the cutoff distance R. is chosen to be
large enough to capture the semi-local environment of each atom but small enough to
mitigate excessive computational costs; in practice, this often means setting R, ~ 6 A.

For a chosen R., we then tailor Rs and v values to ensure sufficient radial coverage of the

local environment (see radial ACSF plot shown in Figure 2.1a). An additional angular
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contribution can also be calculated according to

GE = 217 3 (14 Aycostyge) e MR £(Ry) f(Ra) fo(Ry)  (2:40)

ijik
where 0, is the angle between atom 7 and neighbours j and k, R gives the internuclear
separations, f.(R) the cutoff functions, and v,, \,, and 7, control the shape of the
symmetry function, each unique combination of which is denoted by p. Similar to Gf‘j,
the various angular functions are chosen to ensure our descriptor space sufficiently covers
the spherical near-atom region (see angular ACSF plot shown in Figure 2.1a). Equations

ang

2.39 and 2.40 are the most common forms of Gf;? and G; 7,

and their combination yields
a representation capable of distinguishing between differing local atomic environments. A
drawback to ACSFs, however, lies in their poor scaling with the number of elements of a
system. In Eq. 2.39, G;”if is defined for each element pairing, whilst in Eq. 2.40, G7° is
defined for each element triplet. Accordingly, the computational cost scales as O(S?) and
O(S?) with number of elements S for the radial and angular functions, respectively. In

practice, HD-NNPs can run relatively efficiently for systems where S < 5.

MACE potentials

For over a decade, HDNNPs (alongside GAP potentials [140]) proved to be the method of
choice for performing MLIP-MD [36, 37]. Despite their efficacy, certain limitations in their
architectures precluded the treatment of some of the more complex systems and processes.
As discussed above, this was particularly true for systems containing several different
species, with computational costs rising exorbitantly beyond 5 or so chemical elements.
MACE potentials, an extension of the atomic cluster expansion formalism introduced in
2019 [148], represent the next step in the development and application of MLIPs. Since
their introduction in 2022 [141, 149], MACE potentials (alongside similar codes such as
NequlP [142] and GRACE [150]) have quickly replaced HDNNPs and GAP potentials
as the paradigmatic atomistic machine learning potential. Like with HDNNPs, MACE

potentials provide a nonlinear mapping between the atomic coordinates of a system and
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the potential energy of the system. Under the MACE formalism, the system is embedded
in a 3D graph/tensorial network, where the nodes are analogous to atoms, and the edges
represent connectivities between these atoms. Each node or atom i possesses a ‘hidden
state’, hl(s), which contains the embedded features of that atom (for hEO), this is just
an embedding of the chemical elements). These features are updated through ‘message
passing’ iterations (s), in which information from neighbouring nodes is passed to that
atom and vice versa. After a certain number of message passes, S, the updated node
features are mapped onto atomic site energies, E;, which are then summed to give the
total system energy. These various features are explained in more detail below.

One of the key components of the MACE architecture is the complete high-body-order
polynomial basis (based on the ACE formalism developed by R. Drautz [148]) used to
represent semi-local chemical environments. Under this graph representation, atoms
are represented by nodes in three-dimensional space. The features of node/atom i are

(5

i,klm

represented by h and indexed according to the channel index k, the angular momentum
[, and the magnetic index m. For the zeroth layer (initialisation), the chemical elements

of a system are embedded according to,
- > W0 241
1,k00 kzVzz; ( : )

where z; is the atomic number at node i, k gives the channel index, and W}, are the learnable
parameters represented by a matrix of size Nchannels X Melements-— 10 an approximation, we
can consider ¢,,, to be a one-hot vector encoding the chemical identity, e.g., H = [1,0,0,...],
He=[0,1,0,...]. The indices ‘00’ for hz(-%o correspond to [ = m = 0 for model initialisation,
showing that we are dealing with invariant features for the zeroth layer.

At the start of each layer s, we perform an initial mixing of the channels for each
combination of [ and m,

K
hz(,slglm = Z Wkézh(s) (2-42>
k

i,klm’

4For this section, all learnable parameters are represented by W, with each instance of W representing
a different learnable parameter block.
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where k is a dummy variable used for summing over K channels. Following this, we combine
the features of each of the neighbouring nodes with displacement vectors connecting them
to the central atom 4. The displacement vectors are obtained by first computing the Bessel
functions, j, for each node pairing according to,

. 9 sin mr%
Jo (rig) =4/ t()fcut(rij) (2.43)

Ti_j

where r;; is the interatomic distance, re, if a specified cutoff distance, and feu(745) is a
smooth cutoff function that goes to zero at r;; = rc. We construct these Bessel functions
for wavenumbers n up to some small maximum, following which they are passed into a
multi-layer perceptron (MLP, not to be confused with MLIPs) to obtain learned radial

coefficients,

Rk?hhlzl:s (Tij) = MLP({](?(TZJ)}H) (244>

There are many outputs for Eq. 2.44, each indexed by ny,ly,ls,l3. Here, [; labels the
different types of angular momenta,® while 7; accounts for the multiplicity of different
couplings. The large number of outputs function as separate degrees of freedom.

Using the radial coefficients defined in Eq. 2.44 and the node features defined in Eq.
2.42, we can form a one-particle basis through combination with spherical harmonics, Y,

and Clebsch—Gordan coefficients C,

. m s -
2 = > o R 1 (rig) Y (73) B (2.45)

ij,kn1lams nilimilama 7,klama
l1lomime

This basis is labelled as being ‘one-particle’ as it depends only on a single neighbour,
j, what that neighbour is, and where it lies relative to the central atom i. The set of
spherical harmonics encodes angular information into the basis, whilst the Clebsch—Gordan
coefficients ensure that the one-particle basis maintains rotational invariance/equivariance.
#®) constitutes the atom-neighbour building blocks from which the many-body ACE basis

functions are constructed. We can sum ¢ over all atoms in the neighbourhood to yield

5], — from spherical harmonics, Iy — from node features, I3 — resulting edge feature.
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the atomic basis,

Al Klzms = Z kkﬂlls Z ¢U Enilsms’ (2'46>
km
where AZ hizms 18 permutationally invariant over the neighbourhood atoms. Similar to

the ACE formalism [148], a product basis AZ(S)’V can be constructed by taking the tensor
product of the atomic basis with itself v times,

AW — T AY) (2.47)

i,klm 1, kleme
e=1

Here, £ runs over the I3 and mg variables seen in Eq. 2.46, while v controls the maximum

body order. The product basis Al represents the key innovation of the ACE descriptor,

i klm
allowing us to construct high-body-order features without explicitly summing over atom
tuples [151]. A fully contracted and rotationally invariant/equivariant basis is constructed

using the generalised Clebsch—Gordan coefficient,
B ioar = . O Al (2.48)
lm

where 7, enumerates the different ways of arriving at a particular symmetry, and L and M
denote the total angular momentum after Clebsch—Gordan coupling. The angular momenta
features are truncated at a maximum order Ly,.,® which determines the trade-off between
accuracy and cost for running a MACE model. Finally, we can construct a message m; as

a linear combination of different many-body features of the neighbours,

kLM - Z Z 21771/ ;977),;I<:LM (249>

6 Limax = 0: invariant features only; Lyax = 1: include equivariant features (vectors); Liax = 2: include
rank-2 tensors.
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These messages are added to the nodes features of the previous layer to obtain the updated

features according to,
s+1 (s) s) (s) s)
hi kLM Z Wi im & ik LM Z Wk:zzL ki kLM (2.50)

Taken together, these node features constitute the updated hidden state hES) of node i. In
practice, we usually employ two rounds of message passing, S = 2. The energy can be

read out from the rotationally invariant parts of the node features,
E; = R9(h{) (2.51)

where R® is a simple linear mapping for s < S and a shallow neural network for s = S.
In the usual manner, the atom-wise forces can then be obtained through differentiation of
the potential energy

F=-V> E,. (2.52)

MACE potentials break from more traditional MLIP variants in combining a systematic
and complete local representation with equivariant message passing. Further, embedding
the chemical elements into the local descriptors (i.e., hgo)) mitigates scaling with respect
to the element count, thereby enabling multi-element simulations more naturally than
earlier descriptor-based methods. Testing of the MACE architecture has yielded impressive
results in terms of the accuracy, efficiency, and generalisability [149]. Testament to the
efficacy of these potentials is the number of research groups (including our own) who have
now taken up MACE potentials as the preferred means of performing MLIP-MD. Many
of the non-learnable parameters detailed in the above equations can be set by the user;
for example, one can set the radial cutoff ., (often 5 or 6 A), the number of embedding
channels k (usually 64-128), the highest permitted order L., (usually set to 1), and the
total number of layers S. In addition, one can control and optimise the model training

procedure. Gradient-descent-based optimisers, such as AMSGrad [152], can be used to
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alter the model weights WW so as to minimise the overall loss function,

A By - B\ A& N3 om, .\
where, for configuration b of batch B, Ej, and Fiw give the reference ab initio energies
and forces, whilst £}, and 0FE,/0r;, o give the predicted energies and forces from MACE.
The parameters A\g and Ar are often set by the user and are used to control the relative
weight of energy to force loss. It has been shown that keeping Ag < Ar for most of the
training (roughly 60 %) before switching to a larger A\g (with reduced learning rate) helps

to minimise loss for both the energies and forces [149].

Current developments in MLIPs

Since the first use of MLIPs in 1995 [153], to the creation of HDNNPs in 2007 [138] and
GAP potentials in 2010 [140], to the recent introduction of MACE potentials in 2022 [141],
the field of machine learning aided atomistic simulations is undergoing constant change
and development. Beyond further improvements to the base MLIP architecture, there
currently exist two main branches of development for this technology: the incorporation
of long-range effects into the model description; and the generalisation of potentials to
treat vast swathes of chemical space - these are so-called ‘foundation models’

In the first of these endeavours, we note that many of the base MLIP descriptors are
incapable of describing long-range effects. The use of some form of cutoff function, f,,
limits our description to no more than ~ 10 A surrounding the central atom, meaning
that electrostatics and non-local influences are missed from the configuration embedding.
This can prove important for the treatment of charges as well as modelling inhomogeneous
molecular environments [42, 154, 155]. A number of schemes have been developed to try
to rectify this. Many of these are analogous to the dispersion correction schemes discussed
earlier for DFT,

E = Esg + FLr (2.54)
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In third generation models, the short- and long-range contributions to the potential energy
are calculated separately using distinct neural network models: Fggr is obtained from
standard, short-range MLIPs, whilst the LR component is obtained from a model trained
to reproduce atomic charges from the local environment. Ewald summation can then be
used to obtain Frg. Third generation models have been shown to work well for a number
of systems [156, 157]; however, the short-sighted nature of both the SR and LR models
precludes treatment of non-local effects (e.g., distant charge transfer processes beyond
two local radii 2R, ~ 10-12 A). Fourth generation models can further improve the model
description through some charge equilibration scheme [158]. In this manner, both Esg
and Epr now contain non-local charge information. Both third and fourth generation
models have seen application in HD-NNP architecture, and efforts are currently underway
to extend these schemes to MACE and other MPNN potentials.

Concerning the second avenue of MLIP development, we note that recent improvements
in MLIP architectures have uncovered the possibility for creating generalisable ‘foundation
models’. These MLIPs - applicable across vast swathes of chemical compound space - open
the door to ‘out-of-the-box’ quantum-level simulations, therefore replacing the need for
either cumbersome ab initio simulations or inaccurate FF descriptions. Previous attempts
at generating such potentials had been confined to specific regions of chemical space, e.g.,
the GAP20 potential generated for carbon-like structures [159]. However, nowadays, there
exists a whole multitude of foundation models for materials modelling, e.g., MACE-MP-0
[160], MACEOFF [161], GNoME [162], and MatterSim [163]. Whilst there is still some way
to go concerning the underlying model architectures and the composition and completeness
of their training datasets,” these foundation models have shown excellent performance and
generalisability beyond their training data, and it is the hope of this field that we can

approach GGA-level accuracy within the next several years.

"Overall model performance and capabilities will depend on the size, quality, and composition of
the training dataset. Does the dataset contain non-equilibrium structures, a prerequisite for probing
chemical reactions? Does the dataset contain spin-polarised data, necessary for modelling radical species?
The MACE-MPO model, as an example, is trained on the MPtrj dataset, which consists of both out-of-
equilibrium and spin-polarised structures.
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2.4 Free energy calculations

Undoubtedly, the recent development of MLIP methods has greatly expanded both the
length and temporal scales accessible to quantum-level atomistic simulations. Despite
this, however, many processes, events, and measurements remain beyond the scope of
conventional MD simulations. These ‘rare events’, which often require surmounting energy
barriers many times greater than kg7, would require many millions or even billions of
simulation time steps to observe under normal MD conditions. There exist a number
of techniques - known as enhanced sampling methods - that can allow us to accelerate
the sampling of less accessible regions of the potential energy surface. In this section, we

describe the various enhanced sampling schemes employed in this work.

Metadynamics

As a chemist by training, I find the most fascinating parts of my work to be the study of
chemical reactions. In this field, we often characterise such processes through the idea
of (Gibbs/Helmholtz) free energy: reactants and products are located at minima in the
free energy surface (FES), whilst separating these basins are barriers capped by transition
state structures (saddle points in the FES). Depending on the size of the energy barriers,
often we may only sample one small region of the FES without ever exploring some of
the more varied and exotic regimes. To help with escaping free energy minima, we can
augment the underlying potential energy surface to penalise the free energy basins and
promote sampling of the more energetically unfavourable regions. In metadynamics, we
do this by implementing a history-dependent potential term, Vj;.s, that ‘fills’ free energy

holes in a subspace of the total system configuration space,
H =T+ U+ Vijas (2.55)

This subspace is defined by a low-dimensional set of collective variables (CVs), which
capture the system’s slow modes and closely approximate the reaction coordinate for

the process of interest [164]. By filling minima in this CV space, we force the system to
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Fig. 2.2 Overview of the enhanced sampling methods employed in this work. (a) Using
metadynamics to sample reactive processes. Plot shows an underlying potential energy
surface (black) containing a reactant (A) and a product (B) basin plotted as a function of
some reaction coordinate . When performing metadynamics, Gaussians are periodically
deposited in a history-dependent manner (i.e., at points in x space already visited by
the system), gradually augmenting the potential energy surface (coloured surfaces) and
promoting the transition to state B. In the limit of large timescales, the free energy surface
can be recovered by inverting the bias potential formed by summing Gaussians. (b) Using
umbrella integration to sample reactive processes. In this scheme, harmonic restraints
are deposited along the coordinate connecting states A and B. At each point, we perform
distinct MD simulations to gauge the variation in x. Using integration, we can then extract
the underlying free energy of the system.

explore high-energy regions of the FES, thus accelerating our sampling of the approximate
reaction coordinate.

Suppose we have a system with coordinates ¢ and underlying potential energy surface
U(q). We can define a subset of ¢, such that a certain process may only be described by a
small number of parameters, £(q) = (&1(q),£2(q), ..., €ar(¢)).® In an unbiased simulation,

one can extract the free energy as a function of £(g) through the following relation:
A(€) = —k:BTtILm In N(&, 1) (2.56)

where T is the temperature, and N (£, t) = [o 5(5 —&(q(t ))) dt’ is a histogram of £ obtained

over simulation time ¢. To accelerate this process, we bias the dynamics of the system

8For the following section, we use & to represent the set of possible collective variables, acknowledging
the fact that £ can refer to either a single variable or a multidimensional CV space. The number and
complexity of these CVs ultimately depends on the process we are studying and the questions we want to
answer. For most purposes, M is limited to either one or two CVs such that we can visualise the free
energy surfaces as either 2D or 3D plots.
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by incorporating a history-dependent potential constructed from the regular depositing
of Gaussian kernels in CV space. The idea here is that we promote sampling of the
higher-energy regions of the free energy surface by gradually penalising the lower-energy

basins. The form of Vi, is given by:

Vous(€,1) = 3 W (k) exp (_ 5 & — £i<Q(k'7'))]2> -

2
kr<t i=1 20;

where 7 is the rate of deposition of the Gaussians, k£ the number of Gaussians, o gives
the width, and W defines the height of the Gaussians. The appropriate values for each
parameter can be determined by running unbiased MD simulations and analysing CV
fluctuations and relaxation times. In the original implementation of metadynamics, the
Gaussian height W is fixed at W, [165]. This often led to fluctuating estimates of the free
energy, thus hampering efforts to determine the convergence (or not) of a simulation run.
To help with this, a ‘well-tempered’ version was introduced in which W was altered during

the course of a run [166],

W (k) = Wy exp (‘Vbias<li(3qA<’fo)), kT)) (2.58)

where W is the initial Gaussian height, and AT is the ‘bias temperature’ of the simulation.
We can relate this temperature to the input parameter v through AT = (v — 1)7". Known
as the ‘bias factor’, v represents the ratio between the CV temperature (7' + AT) and the
system temperature (7") and ultimately controls the rate of exploration of the potential
energy surface; larger v leads to faster barrier crossings and a more aggressive sampling
of the free energy surface; smaller v promotes more stable dynamics and is less sensitive
to sub-optimal CVs. Using either AT or 7, we can obtain the free energy at ¢ using the

following relation

AT

Viias(§,t — 00) = —m

A)+C=—(1—-7y)A)+C (2.59)
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In this way, in the limit of long timescales, metadynamics can be used to obtain the
converged free energy as a function of the underlying collective variable(s), A(§) [167].
In Chapter 3, we utilise this method for understanding the hydration reaction of CO,
with water under various conditions. Naturally, this method assumes a reasonable choice
of £ such that states of interest are clearly separable within the £ subspace. Further, the
mathematical form of ¢ should be continuous, such that we can obtain biasing forces

according to
a‘/bias o aV?aias ag
94ja og ana.

(2.60)

where ¢, gives the o € {x,y, 2} component of atom j. A commonly used collective
variable is the coordination number (s4p), which calculates the number of contacts that
exist between two atoms groups, A and B. Coordination numbers are commonly defined

as:

SAB = Z Z Cij: (2'61>

i€AjeB

where we can define Cj; to be,

1— Tij — do "
To

1— Tij—d() e
To

Here, r;; is the distance between atoms ¢ and j (where ¢ € A and j € B), ry is a

representative reference distance, and dy, n, and m are parameters that control the offset
and stiffness of s4p. In practice, we can determine the most appropriate parameters for
sap by simulating the stable (and metastable) states of a system under bias-free conditions.
Parameters can be chosen to give physically meaningful coordination values (e.g., integer
values for stable equilibrium states) and to ensure the reactants and products are clearly
separable in sp. From these bias-free simulations, one may also determine the relevant
metadynamics parameters to be used during enhanced sampling. Providing a suitable
choice of these various parameters, well-tempered metadynamics offers a straightforward

means of calculating equilibrium free energy differences, AA. This has been employed
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towards the study of nucleation events [168, 169], phase transitions [170], and reactions
under both gaseous and solvated conditions [171, 172]; the reader is directed to Ref. [173]
for a review of these methods. Metadynamics can also be extended towards studying
the kinetics of a physicochemical process [174, 175]. These schemes operate on the
principle that, providing the rate of Gaussian deposition is slower than the time spent in
a transition region, we can preserve the unbiased sequence of state-to-state transitions,
thereby accessing unbiased rate information. This has been utilised towards modelling the

rates and pathways of protein-ligand binding and unbinding [176].

Umbrella Sampling

Whilst practical and easy to use, metadynamics can sometimes suffer from inefficient
FES exploration, visiting regions of CV space that ultimately hold little relevance to our
simulations and to the questions we would like to answer. A more targeted enhanced
sampling approach can be used instead: umbrella sampling [177]. Umbrella sampling is a
stratified sampling approach whereby a system is simulated using biased ‘windows’ along
a chosen collective variable £. In each window, a harmonic restraint is used to confine
sampling to a particular region of CV space. From these simulations, we can obtain
biased samples and their corresponding distributions, PP(£), from which the free energy is
calculated as a post-processing step.

To derive the salient umbrella equations, we first start with the bridge relation shown
in Eq. 2.8. From this, one can show that the free energy difference between states A and

B can be obtained via,

éB éB
B =[G = [ (Eag (2.63)

A IIN

where £ gives the reaction coordinate, and F is a constraining force. In this way, we
calculate the change in free energy AAA_,g by integrating over the canonical average of
F.. In thermodynamic integration, F, arises from fixed constraints imposed on the value

of £ [178]. In umbrella sampling, we instead restrain & at each window 4 using a quadratic
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potential term,

1
w;(§) = 5“(5 - fz‘)Q (2.64)
The unbiased free energy, A}, is then obtained by considering the distribution of £ according
to,
1
AT = =5 P2 — i) + (2.65)

where PP(&) gives the probability of &, and F; appears as an unknown constant.

Eq. 2.65 shows how US can be used to calculate the free energy A} of a window from
knowledge of the biased probability distribution and the harmonic biasing potential. In
practice, however, A! is defined only up to an additive constant F;, which motivates
working instead with estimators that avoid explicit dependence on this unknown offset.
For example, in umbrella integration, rather than evaluating A} directly, one can instead
estimate the mean force acting within each umbrella window, dA"/9¢. Using the Gaussian

approximation for PP(€), we can rewrite Eq. 2.65 to give

047 0AY  Owy; B 10 PP(&)  dwi(€) N 5_?;
o~ ee  oe B ae  de T Blob)? — K- &) (2.66)

where ff and (0P)? give the mean and variance of each umbrella window, respectively.
The final potential of mean force acting over £ can then be found by finding the weighted

averages over a selected number of bins spanning the reaction coordinate,

9A(E)

U3

windows OAY
=Y il m)( ) (2.67)
’ ¢ &bin

A
Ebin

where a;(&pin) gives the normalised weight of a particular €. From Eq. 2.67, it is then
trivial to work out A(£) through numerical integration.

Umbrella integration represents a cross between two forms of enhanced sampling:
umbrella sampling to generate biased samples; and a thermodynamic-integration-style
post-processing step to obtain free energies [177, 178]. Compared to umbrella sampling,

umbrella integration benefits in being independent of the number of grid points (no
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histogramming step required) as well as from the outputting of an error estimate on the
calculated free energies [179]. In literature, umbrella sampling has been utilised towards
studying ion conduction pathways in potassium ion channels [180] as well as proton
accumulation at graphene interfaces [45], among other processes. In this thesis, we use
umbrella integration to study the deprotonation of carbonic acid in Chapter 3 and CO,
diffusion in Chapter 5.

As an alternative to umbrella integration, the unbiased free energy profile can also
be reconstructed using reweighting-based estimators. These include methods such as
the Weighted Histogram Analysis Method (WHAM) and Multistate Bennett Acceptance
Ratio (MBAR) approach [181, 182]. In WHAM, data from multiple umbrella windows
are combined to construct an unbiased probability distribution along ¢ [181]. WHAM
estimates this P"(£) by combining the histograms from all umbrella windows with weights
that depend on unknown free-energy offsets, which are solved self-consistently [183]. The

self-consistent estimator for the unbiased probability is determined as such

o > hil€)
PY(€) K, exp(B[F; — w;(€)])’

(2.68)

where h;(§) is the count in bin § from window 4, n; is the total number of samples in
window j, w;(&) is the umbrella bias for window j, and F} is the corresponding free-energy

offset given by
Fy = =5 P exp(—Fuy (©), (2.69)
3

Solving these equations in a self-consistent manner, we can obtain the unbiased probability
distribution and determine the free energy according to A(§) = —kgT In P*(§) + C.

Similar to WHAM, MBAR uses statistical reweighting to provide an estimate of the
free energy [182]. However, unlike WHAM, MBAR does not rely on binned histograms,
but instead evaluates a reduced potential u; for each thermodynamic state ¢. Here, u; is
given by

ui(q) = BilUi(q) + piV (q) + nd N(q)] (2.70)
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where ¢ denotes the configuration of the system within a certain configuration space,
V(q) give the volume of the space, and N (q) the number of molecules within each of
M components of the system. For the thermodynamic state i, U;(q) gives the potential
energy function, p; the external pressure, and u,; the vector of chemical potentials of
the M components. In the context of (NVT) umbrella sampling, each thermodynamic
state corresponds to umbrella window 4, and wu;(q) reduces to the biased potential energy
multiplied by the inverse temperature, u;(q) = B[Us(q) + w;(£(q))], where Uy gives the
unbiased potential. Using u;(q), an estimate of the dimensionless free energy f; for window

1 can be obtained via

. — _1In - exp|—u;(qn)]
b=t 7; Z]K:l n; explfj — uj(qn)]’ (2.71)

where ¢ and j run over the umbrella windows, n runs over the different configurations, and
the dimensionless quantity f; can be related to the free energy via f; = 5;A; [184]. Solving
for Eq. 2.71 self consistently, we can obtain the free energy different between states ¢ and
Jby Afiy = f; — fi = B(4; — Ay).

Whilst not explicitly used in this thesis, WHAM and MBAR constitute two impor-
tant post-processing tools for obtaining free energies from biased umbrella sampling
runs. WHAM holds historical significance in providing a widely adopted systematic,
self-consistent reconstruction procedure for PMFs. Nowadays, WHAM remains one of the
standard post-processing strategies for umbrella sampling. MBAR holds significance in
generalising Bennett’s acceptance-ratio approach [185] to multiple thermodynamic states,
enabling a binless multistate estimator that can be used across various enhanced sampling

and free-energy workflows [186].



Chapter 3

Gas-Liquid Interface: Uncovering
novel, surface-mediated reaction

dynamics

Look beneath the surface; let not the
several quality of a thing nor its worth
escape thee.

Marcus Aurelius

Meditations

In this first results chapter, we present work pertaining to the air-water interface. Under
ambient conditions and concentrations, atomistic COo-H,O systems consist of just a single
CO, molecule in contact with liquid water. On paper, this might appear to be the simplest
of the three aqueous interfaces, as we are only really dealing with a single condensed
phase. However, as we shall see, the air-water interface presents a fascinating regime rich
in chemistry and displaying several intriguing thermodynamic properties. The contents of
this chapter are based on published work: ‘CO, hydration at the air-water interface: A
surface-mediated “in-and-out” mechanism’ [187]. Files and data relating to this work can

be found at https://github.com/water-ice-group/interfacial_reactivity.
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3.1 Context

Over the past several decades, heightened CO, emissions have led to a substantial acidifi-
cation of Earth’s oceans. Since preindustrial times, oceans have seen a 30% increase in
acidity [188], which has resulted in a myriad of adverse effects. These include the loss of
marine biodiversity, the disruption of carbonate chemistry, and the unsettling of ecosystem
stability, to name a few [1, 8, 189, 190].

Important to understanding the acidification process is a knowledge of the underlying
chemistry. Ocean acidification is caused by the reaction between CO, and water to form

carbonic acid (H,COj3) or bicarbonate (HCOj3 ). This occurs via the following equilibria,

CO, + 2H,0 = H,CO5 + H,0 = HCO;3 + H30™, (3.1)

where bicarbonate and carbonic acid inter-convert via proton exchange with the surrounding
solvent. Alongside ocean acidification, this process underpins a number of key processes
including carbon sequestration, mineralisation, and the bicarbonate buffer system [191—
193]. Realizing the implications of this process requires a detailed understanding of the
CO4 4 H50 reaction at macroscopic and microscopic scales. Concerning the macroscopic
properties, experimental work employing spectrophotometric stopped-flow measurements
have revealed that, under ambient conditions and neutral pH, the CO, + H50 reaction is a
thermodynamically unfavourable process in bulk solution [194]. The products of reaction,
bicarbonate and carbonic acid, are destabilised by more than 6 kcal/mol relative to CO,,
and there exists a large free energy barrier separating the reactant and product states.
Among the products, bicarbonate and carbonic acid interconvert via proton exchange with
the surrounding water, with an associated pK, of around 3.5 determined from infrared
and fluorescence spectroscopy [195, 196].

In terms of the microscopic properties, much of our insight on the CO, + H50 reaction
has come from computational work employing first-principles atomistic simulations [27, 171,
197-204]. Under partially solvated conditions, (e.g., in the gas-phase or in water clusters)

the reaction proceeds in a concerted manner, with simultaneous C-O bond formation and
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proton transfer events. In the limit of a single reacting water molecule (i.e., nH,O = 1),
this proton is donated by the attacking water (see Fig. 3.1a), and the overall process is
characterized by a large free energy barrier, AF* ~ 50 kcal/mol at 300 K. Increasing the
number of explicit waters present can help reduce this barrier, enabling a proton-relay
mechanism characterized by a cyclic transition-state structure. High-level correlated wave
function studies have found that increasing nH,O = 1 to nH,O = 2 effectively halves
the activation energy for reaction, whilst the presence of nH,O = 3 reduces the barrier
to AF* ~ 22 kecal/mol [198]. Under these conditions, only carbonic acid forms as a
viable product. However, by further increasing the number of explicit waters and moving
towards fully solvated conditions, we also see the formation of bicarbonate ions, either
through deprotonation of HyCOj3 or as an intermediate in the step-wise conversion of CO,
to HyCOj3 (see Fig. 3.1a) [27]. Ab initio molecular dynamics (AIMD) studies have been
invaluable for investigating these reactive pathways. Studies have shown how the degree
of hydrophobicity /hydrophilicity impacts the surrounding solvation environment [199],
how the choice of solvent alters the reaction energetics [202], and how pH can impact the
outcome of reaction [203, 204].

Despite the valuable insights acquired from these studies, they focus on either gaseous
or bulk-solution modelling. Crucially, a detailed understanding of the CO5 + H50 reaction
at the air-water interface is lacking. This omission is significant; Earth’s oceans span a vast
surface area on the order of 350 million km?, upon which are adsorbed large quantities of
atmospheric CO, (see Chapter 4). The contribution that this surface-adsorbed and near-
surface CO4 makes to the overall acidification process is currently unclear. Further, previous
studies have identified that aqueous interfaces can display certain interesting properties
and phenomena, including accelerated rates of reaction, altered product selectivities, and
modified reaction mechanisms [205-209]. Whether any of these effects are present for
interfacial CO, hydration also remains an open question.

To date, experimental and computational work have faced a number of challenges
in modelling interfacial reactions and processes. Experimental work is hampered by

the large volumetric ratio of bulk to interfacial environments, which makes the latter



3.1 Context 47

difficult to probe spectroscopically. Some work has been undertaken to identify CO, and
bicarbonate propensities for adsorption at the interface [210, 211], though such work is
limited in the context of the hydration reaction and the various species involved. From a
computational perspective, aqueous interfaces require both large length- and timescales
to obtain converged results free from finite-size effects; this precludes the use of ab initio
methods, which are the go-to for performing reactivity analysis. As a result, there are
major gaps in our understanding of this reaction at the air-water interface.

A potential solution to this problem arises in the form of MLIPs. As discussed in
Chapters 1 and 2, these models offer an ab initio-level of accuracy for a fraction of the
computational cost [35-38, 212]. They have already been applied towards studying a
variety of important reactions and processes at interfaces [39, 40, 213, 214]. Building
on recent developments in the field of MLIPs, we aim to address the question of how
exactly CO, reacts at the air-water interface. Specifically, how does this reaction proceed?
Where at the interface does the reaction occur? And how does this process differ from the
equivalent reactions in bulk and in the gas phase?

In this chapter, we develop and validate MACE models at various level of theory, for
the study of the CO, + H50 reaction at the air-water interface. These models were trained
on an extensive and representative collection of chemical structures, with subsequent
validation of the models confirming the quality of their predictions. Importantly, this
includes predictions at the beyond-DFT random phase approximation (RPA) level and
benchmarks at the coupled-cluster level. Using MACE, we performed well-tempered
metadynamics [166] targeting the reaction in the gas phase, in bulk solution, and at
the air-water interface - specifically, within 10 A of the air-water interface (see Fig.
3.1b). Our analysis uncovers an unconventional ‘in-and-out’ mechanism underpinning
reaction at the air-water interface: CO, diffuses into the surface aqueous layer, reacts
to form carbonic acid, and is subsequently expelled from solution. Characterization of
this regime reveals that important solvation properties - specifically, the solute-solvent
coordination number and hydrogen bond count - are bulk-like and uniform to within 1 A

of the instantaneous interface. The similarity between bulk and interfacial environments
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Fig. 3.1 Modelling the CO5 + H,O reaction through enhanced sampling molecular
simulations. (a) Mechanisms detailing the reaction of COy + Hy0 to form carbonic acid
(HoCO3) through both concerted and stepwise routes. The concerted route is shown for a
single reacting water molecule, though additional H,O molecules may participate to form
a proton transfer chain. (b) System setups used to probe the COy + Hy0 reaction under
gaseous, bulk, and interfacial environments.

engenders near-identical chemical reactions in terms of the free energies, AF, and free
energy barriers, AF*. Our work highlights the correlation between the extent of reaction
and the location of reacting substituents at the air-water interface. Further, it establishes
the uniformity of solvation conditions for the near-interface aqueous regime. Together,
these observations suggest that interfacial reactions can occur in very similar manner to

their bulk counterparts, despite lower effective solvent densities. In the context of ocean
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acidification, our results place a heightened importance on the role of surface-adsorbed

CO, reactions and their contributions to the overall acidification process.

3.2 Methods

Our approach to this chapter’s work can be separated into two main parts: first, the
training and validation of a MACE model suitable for modelling the CO, + H,0O reaction
under differing solvation conditions; and second, the use of this model in performing
well-tempered metadynamics simulations to extract free energies as well as structural and

mechanistic data. Details on these procedures are provided below.

Training

Our training procedure follows well-established protocols developed for training MACE
models [149]. These procedures have been tested against a range of published datasets and
system types, including aqueous systems, medicinal compounds, organic chemicals, and
functional materials. A diverse selection of structures was collated for training our model.
Initially, structures were generated using ab initio molecular dynamics (AIMD). Subsequent
iterations of our dataset were augmented with structures from MLIP-MD, which allowed
for larger and more complex structure generation as well as structures from enhanced
sampling and constrained MD runs. A variety of system types and compositions were
incorporated into this training data, e.g., gaseous systems, periodic bulk and interfacial
systems, pure water, pure CO,, and systems of CO, in water. In total, this initial dataset
comprised some 150,000 data points, including out-of-equilibrium and near-transition-state
structures drawn from enhanced sampling simulations. Following the procedure outlined
in Reference [215] (see Chapter 4), this dataset was optimized and its size reduced to
~ 8000 representative structures. These structures are shown in Fig. A.2 as a projected
two-dimensional subspace using the UMAP transformation (see Appendix A for more

information) [216, 217].
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Energies and atomistic forces were calculated for each structure at the DFT level
of theory (spin unpolarised) using the QUICKSTEP method implemented in CP2K [119,
120]. For our main model, we employed the revPBE functional augmented by Grimme’s
D3 corrections (zero damping) [95, 115, 218]. revPBE-D3 benefits from a well-known
error compensation: the neglect of nuclear quantum effects leads to overbinding, whilst
revPBE-D3 is known to exhibit an underbinding effect. As a result, the use of revPBE-D3
for first-principles or machine-learned MD with classical nuclei often results in predictions
consistent with those of experiment. This is true both for bulk and interfacial water, where
revPBE-D3 has been shown to reproduce the structural, dynamical, and spectroscopic
properties of liquid water [219-222]. Further, previous metadynamics work has shown that
revPBE-D3 can reproduce certain free energies and reaction barriers pertaining to both the
CO4 + H50 hydration and the bicarbonate/carbonic acid equilibrium to within 1 kcal /mol
of experimental measurement [202, 223]. Goedecker—Teter—Hutter (GTH) pseudopotentials
were used for the treatment of the core electrons, whilst the TZV2P-GTH basis sets were
used for treating the valence electron density. An auxiliary plane wave cutoff of 650 Ry was
used. We benchmarked the predictions of this setup against those of DLPNO-CCSD(T)-
F12 for simple nudged-elastic band calculations on the gas-phase reaction (see Fig. A.1 of
Appendix A). We find that DFT and coupled-cluster calculations are consistent to within
several kcal/mol for transition-state and product energies. Coupled-cluster calculations
were performed using ORCA [224, 225]. Further details can be found in Appendix A.

With this optimised dataset, we trained a 2-layer MACE model (i.e., two rounds of
message passing) with 128 equivariant messages and a maximal message equivariance of L
= 1. A cutoff of 5 A was employed, which translates to an effective receptive field of 10
A after message passing (reg = 2 X 1. = 10 A). Whilst long-range effects, important for
modelling liquid-vapour interfaces [42], are not explicitly included in our setup, we find that
the large receptive field employed by our model is sufficient for recovering the interfacial
properties of interest. Upon completion of the training, the model was validated against
DFT energy and force predictions (RMSEs: 1.5 meV /atom and 28.8 meV /A, respectively)

as well as solvent and solute-solvent structural predictions. A bulk water density of 0.991
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Fig. 3.2 Validating interfacial reactivity. (a) Comparison of our model’s force predictions
against those of revPBE-D3 for the five identified interfacial states. For each state, 10
representative structures are extracted from our dataset for analysis. Forces are calculated
within differing radial cutoffs of the reactive carbon species and compared on an absolute
scale (middle panel) and relative scale (AF, bottom panel). (b) A comparison of potential
energies predicted by our MACE model and from CCSD(T). For each interfacial state,
clusters containing the closest 9/10 waters to the central carbon molecule are extracted.
DLPNO-CCSD(T) calculations are run using ORCA [224, 225] and using the def2/TZVPP
basis set. The standard errors in the mean of the energies across each state are plotted as
error bars on the figure.
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+ 0.002 g/ml was attained by this model, consistent to within 3% of previous revPBE-D3
estimates obtained using CP2K [226] (see Table A.1) and also with the experimental
value of 0.997 g/ml. An interfacial tension (IFT) of 83 £ 1 mN/m was obtained for the
air-water interface, also in good agreement with previous computational estimates and
only 10 % greater than the experimental value [34]. Whilst classical force fields can achieve
IFT predictions closer to experiment, it should be noted that these models are usually
molecule-specific and generally unable to treat reactive events. Our MACE (revPBE-D3)
model gives reasonably accurate interfacial predictions whilst simultaneously enabling
treatment of bond-making and bond-breaking events.

To further validate the efficacy of our model for treating the air-water interface, we
tested the interfacial predictions of our model using targeted force error calculations and
through the comparison of state energy predictions with coupled-cluster theory. The
results of this comparison are shown in Fig. 3.2. In panel a, we plot the force predictions of
our model against those of DFT for the various species encountered during the interfacial
CO, hydration process. The errors in the prediction of F' are consistently small across
the various states and lower than the overall model error (28.8 meV/A). Then, in panel
b, we plot the energy predictions of our model against those of DLPNO-CCSD(T) for
small cluster configurations extracted from the interfacial states. We find that, for these
various states, our predicted energies agree with DLPNO-CCSD(T) values to within the
combined uncertainties of both methods. Combining these two results, we can therefore
have confidence in our MACE model for simulating the reactive and structural properties
of the air-water interface. Further details, including information on the training and

validation of additional BLYP-D3 and RPA models, can be found in Appendix A.

System Setup

Our work employed three system setups differing in size and composition. These are
shown in Fig. 3.1b. The gaseous setup consisted of a single CO, molecule and a single H,O
molecule in a box of length 12.42 A. The bulk system consisted of a single CO, molecule

and 127 H,0 molecules in a 15.72 A box, chosen to reproduce a bulk density of ~ 1.00
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g/ml. And finally, the interfacial system consisted of a single COy molecule and 180 water
molecules in a box of size 15 A x 15 A x 100 A. Starting configurations for the interfacial
setup were initialized such that the interface resided parallel to the xy plane. The resulting
water slab has a length approaching 25 A, which allows us to probe the interfacial region

within 10 A of each interface, recovering bulk-like water in the middle of the slab.

Metadynamics

Obtaining meaningful results from enhanced sampling simulations requires careful selection
of the underlying collective variables (CVs). These can be selected by hand or, alternatively,
generated through machine learning algorithms [164, 227, 228]. In this chapter, we made
use of a C-O coordination number to track the principle attack of water on CO, alongside
a protonation state CV to differentiate between bicarbonate and carbonic acid products.

In the case of the C-O coordination number, we made use of the same functional form

1_ (TC)
To
Sco = Z — W
ic0 1 — (TQ)

To

across all three systems,

(3.2)

where r¢; gives the distance between the central carbon and oxygen ¢, whilst ro, n, m
are parameters that control the shape of the function. For the gas-phase reaction, we
used 79 = 2.0 A, n = 6, and m = 12. For the bulk and interfacial reactions, we imposed
a stricter cutoff (n = 12, m = 24) to better differentiate between bound and unbound
(solvent) oxygens. Under this representation, we find that sco = 2.0 in the reactant state
(2 oxygens bound to carbon, CO,) and 3.0 in the product state (3 oxygens bound to
carbon, HCO3; /HyCO3).

For the secondary collective variable, we made use of two distinct definitions for probing
the product state identity. In the case of the gas-phase reaction, where the number of

intact water molecules in the system can only ever be 1 or 0 (corresponding to the reactant
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and product states, respectively), we can define the following collective variable,
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where 7y; gives the pairwise oxygen-hydrogen distances, ro = 1.5 A, and C2y = 1.5. This
CV works by calculating the oxygen-hydrogen coordination number for each oxygen atom
(Eq. 3.3) and determining how many of these are greater than 1.5 (Eq. 3.4). Very simply,
s(omn), counts the number of intact water molecules in the system, allowing us to distinguish
between the reactant state (som), ~ 1, COy + H,0) and the product state (som), ~ 0,
H,CO;). For visual consistency with the other free energy profiles, we plot 1 — s(om), for
the free energy profile.

Concerning the bulk and interfacial secondary collective variable, the situation is
complicated by having numerous water molecules that can undergo reaction with COs,.
Determining the protonation state of the product therefore requires being able to distinguish
between bound and unbound oxygens when counting the OH coordination numbers. We

do this by introducing a radially dependent CV,

S0y = 2 00 s (3.5)
ieO

where C’fi"l gives the coordination between the ith oxygen and the jth hydrogen,
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and o; is a switching function that acts to filter out coordination numbers calculated
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Here, 7;; gives the distance between oxygen ¢ and hydrogen j, r¢; gives the distance

beyond a particular radius r¢,

(3.7)

gy =

between oxygen ¢ and the central carbon atom, and ry and r¢ are variables used to control
the cutoffs of the defined functional forms (ry = 1.25, r¢ = 1.5). In its presented form,
5(OH)., amounts to calculating all OH coordinations and only summing those that reside
with ~ 1.5 A of the central carbon atom of our reactive species.! Under this representation,
5(0H)., = 0 in the reactant state and either 1.0 (HCOj3 ) or 2.0 (HyCO3) in the product state.
Taken together, our collective variables (sco, S(0H),» s(OH)aq) allow us to fully distinguish
between reactant and product states in order to obtain a fully resolved free energy profile.

Well-tempered metadynamics was performed by coupling LAMMPS with the multiple-
walker setup available in PLUMED [229-233]. In this setup, we initialise n replicas of a system
with distinct starting configurations. We then perform n different metadynamics runs,
with each simulation periodically depositing and reading from a central ‘hills’ file. In this
way, we can use multiple system replicas to traverse and update the same energy surface,
thereby expediting the convergence of our free energy profiles. We used three walkers to
probe the gaseous reaction, whilst five walkers were used to look at the bulk and interfacial
reactions. Starting configurations were extracted from restrained MD simulations where
we gradually switched sco from 2 (CO,) to 3 (H,CO3). These configurations were chosen
to represent the various species observed in the COy + Hy0 reaction and to maximize the
initial free energy surface coverage and exploration. Simulations were performed under
the NVT ensemble at 300 K, using the Nosé-Hoover thermostat with a time constant of
100 fs, chosen to minimise disturbance to the particle trajectories. A timestep of 1 fs was

selected, and hydrogen atoms were switched for deuterium in order to improve numerical

!The form of 5(0H)., Presented in equation 3.5 represents a summation of o-weighted coordinations
of each oxygen atom. Including a o term in the denominator, we may also derive a o-weighted mean
coordination number according to S(OH)aq = Zieo o;Cfﬁl/Zieo ;.
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stability.? Product free energies were monitored to gauge the profile convergence with
time. For each system type, we achieve more than 10 barrier crossings and a cumulative
simulation time of 50 ns across all walkers. Explicit details on the metadynamics setup, the
free-energy convergence, and a discussion of near-transition-state predictions are presented
in Appendix A.

It is important to note that, for the interfacial metadynamics runs, no restraints were
applied to the position of the reacting species. This means that the reactive species
were free to diffuse throughout the interfacial system and adopt their preferred solvation
environment. This differs from previous studies, which have used harmonic potentials to
constrain the z coordinate of the reacting species to a particular height relative to the
interface. Our rationale for omitting such restraints lies in wanting to fully explore the

positional dependence of molecules as a function of the extent of reaction.

3.3 Results

The interfacial reaction of CO, is bulk-like

To investigate the CO, + H50 reaction, we generated a series of free energy profiles
mapping the conversion of CO, to bicarbonate and carbonic acid. Profiles were generated
for the gaseous, bulk, and interfacial reactions using the system setups shown in Fig.
3.1b. Using our MACE(revPBE-D3) model, we performed well-tempered metadynamics
simulations for a cumulative time of 50 ns. The extent of reaction was monitored with the
tuple, (sco, somn))-

The free energy profiles obtained for the gaseous and bulk reactions are shown in
Fig. 3.3. These reactions have been studied previously using correlated wavefunction and
DFT modelling and thus serve as a good measure of the quality of our generated MACE
potential [27, 198, 202]. Looking at the profiles, we note several important differences

between the gaseous and bulk reactions. For the gas-phase profile, there are only two

2Whilst known to affect dynamical observables, changing the atomic mass will have limited effect
on the calculated thermodynamic observables. For both hydrogen and deuterium, we sample the same
underlying equilibrium free energy surface.
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Fig. 3.3 Free energy profiles obtained from metadynamics simulations for the gaseous
and bulk reactions. Free energies are plotted as a function of both the C-O coordination
number (sco) as well as tailored protonation state collective variables for the gaseous
(s(om),) and aqueous (s(om),,) Phases. Representative snapshots of the various species
encountered during simulations are shown alongside the profiles.

local minima: a reactant basin at (2.0, 0.2) denoting CO, and a product basin at (2.8,
0.8) denoting carbonic acid. Separating these minima is a large reaction barrier on the
order of 50 kcal/mol. In contrast, the bulk reaction profile shows three distinct basins: a
basin at (2.0, 0.0) denoting CO,, a basin at (3.0, 1.0) corresponding to bicarbonate, and a
basin at (3.0, 2.0) corresponding to carbonic acid. Separating the COy and HCOj3 basins
is a reaction barrier on the order of AF*# ~ 20 kcal/mol, whilst a smaller barrier of AF*
< 1 keal/mol connects HyCO3 to HCOj3 (see Fig. A.11 for more information). From these
observations, we can make two key inferences: the bulk reaction occurs with enhanced
kinetic favourability compared to the gas-phase and bicarbonate can only form under

solvated conditions.



3.3 Results 58

These results are consistent with previous studies of the CO5 + H50 reaction. Our
gas-phase predictions show excellent agreement with those of coupled cluster calculations
[198], where we find that we can reproduce AF and AF* to within a couple of kcal/mol.
We have also benchmarked our DFT setup with respect to gas-phase coupled cluster
calculations at the DLPNO-CCSD(T)-F12 level (see Fig. A.1 of Appendix A). The
bulk-solution predictions of our model also show close agreement with those of previous
DFT-based studies employing the BLYP and revPBE-D3 functionals [27, 202]. Looking at
the H,CO3/HCOj free energies, we derive a pK, of 3.9 using AF = —RT'In(K,). This
result compares favourably with experimental pK, values of 3.45 and 3.49 obtained from
spectroscopic measurement [195, 196]. The similarity between these various results attests
to the quality of our generated potential for investigating the CO, + H,0O reaction under
differing solvation conditions.

In Fig. 3.4a, we show the free energy profile obtained using the interfacial setup. Similar
to the bulk reaction, we observe three different basins corresponding to CO,, bicarbonate,
and carbonic acid. We also observe free energies and reaction barriers that are remarkably
similar to those of the bulk reaction, to within 1-2 kcal/mol. These similarities can be
seen more clearly in Fig. 3.4b, where we plot the minimum free energy profiles (MFEPs)
extracted from each profile. Looking at these MFEPs, we see almost identical modes of
reaction for the bulk and interfacial regimes in terms of the free energies, reaction barriers,
and the overall reaction pathways.?> This may come somewhat as a surprise given the stark
structural and compositional differences between the homogeneous bulk and the spatially
anisotropic interface [41, 234]. Indeed, previous studies for other reactions have reported
notable differences in the behaviour of processes occurring at an interface versus in bulk.
Work by de la Puente et al. has shown how certain acids can become more or less acidic
depending on their location at the air-water interface [40]. Buttersack et al. demonstrated
that sulphur species can undergo stabilisation at the air-water interface, leading to unique

dissociation behaviour relative to the bulk [235]. For the CO, hydration studied here, this

3Whilst not presented here, error bars on the MFEP points can be obtained through block averaging
or through reweighting schemes (see Appendix A for discussion).
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Fig. 3.4 Reaction free energies are almost identical for bulk and interfacial reactions. (a)
Free energy profile obtained from metadynamics simulations for the interfacial reaction.
Free energies are plotted as a function of both the C-O coordination number (sco) as
well as an aqueous-phase protonation state collective variable (son),,). Representative
snapshots of the various species encountered during the simulation are shown alongside
the profile. (b) Minimum free energy profiles (MFEPs) obtained for the CO, + H,O
hydration reaction under gaseous, bulk, and interfacial regimes. MFEPs are plotted as
free energies as a function of the extent of reaction, where 0 corresponds to the reactants
(i.e., COy) and 1.0 corresponds to the products (i.e., carbonic acid). The additional figure
situated above the main plot highlights the ‘acidic’ region of the graph, relating to the
free energies of conversion between bicarbonate and carbonic acid.

is clearly not the case, with Fig. 3.4b suggesting an almost identical stabilisation of each of
the species under both types of environment. Likely this results from both the difference
in reaction type being treated as well as our simulation setup, in which we allow species

to react freely with no restraints imposed on the position relative to the interface.

CQO, reacts via surface-mediated ‘in-and-out’ Mechanism

Figure 3.4 demonstrates a likeness in the free energies of the bulk and interfacial CO4 + H,O
reactions. Understanding this similarity requires a more detailed investigation of the
mechanisms underpinning reaction at the air-water interface. In Fig. 3.5, we explore

this mechanism in a statistical manner. Figure 3.5a shows a 2D histogram capturing the
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joint frequency distribution of the C-O coordination number, sco, and the depth of the
reacting species relative to the instantaneous air-water interface [236], diy, across our
multi-nanosecond simulation data. Frequency is encoded in the colour bar, whilst the
averaged interfacial distance (diy) at each sco is shown by the dashed line.

Looking at Fig. 3.5a, we observe a clear correlation between the carbon-oxygen coordi-
nation number sco and the distance to the instantaneous interface di. As sco increases
from left to right - representative of converting from the reactants (CO, 4+ 2 HyO) to the
products (H,CO3 + HyO/HCO3 + H30™) - (diy) gradually decreases, switching from a
positive value (air-side) to a negative value (water-side) at sco ~ 2.5. A minimum in (dj)
is observed at sco = 2.9, which roughly coincides with the transition state of reaction.
Beyond sco = 2.9, (diy) starts to increase again and approach positive values.

Physically, these observations suggest an unconventional ‘in-and-out” mechanism: CO,
initially starts on top of the air-water interface; CO, then dives into the aqueous phase and
reacts to form carbonic acid; finally, carbonic acid is expelled from solution. A thorough
investigation of the metadynamics trajectories supports this proposed mechanism. In
Fig. 3.5b, we plot a representative reactive event - extracted from our metadynamics
simulations - in terms of the sco and di,; against simulation time. We observe that, prior
to reaction, CO, resides on top of the air-water interface, with dy,; > 0. Upon reaction -
corresponding to an increase in sgo from 2 to 3 - the molecule dives into the first layer
with dip falling to a minimum value of —2 A. Following the formation of carbonic acid
and the completion of the reaction, these products return towards the surface. At the end
of this simulation segment, din; ~ —0.1 A which corresponds to HyCOj; residing near the
top of the first molecular layer of water.

Looking at Fig. 3.5, we gain a number of valuable insights. First, CO, prefers to sit on
top of the water-air interface, in accordance with previous studies [223]. Upon reaction,
the surface-adsorbed CO, will partially dissolve in the molecular surface layer of water. In
doing this, CO, moves from a solvent-deficient region to a solvent-rich one, thus stabilising
the emerging charge found in the transition-state species. From this, we can infer that

the CO4 + H50 reaction is disfavoured on top of the air-water interface and that CO,
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Fig. 3.5 CO, reacts with water via a surface-mediated ‘in-and-out’ mechanism. (a) A 2D
histogram showing the joint frequency distribution of the C-O coordination number (sco)
and the distance from the instantaneous interface (diy), calculated using the Willard-
Chandler formalism [236]. The averaged dj,; value, obtained for each sco within the limits
—1.5 < djy < +1.5, is shown by the dashed curve. The frequency colourbar is capped
at 50 to prevent over-saturation of the figure due to reactant and product states. (b)
A representative reactive event, extracted from our metadynamics simulations, in which
CO, reacts within the first molecular layer of the aqueous phase during reaction. This
event is followed in terms of both sco and di,;, which are plotted as a function of the
metadynamics walker time. Reaction occurs at around 0.9 ns. The density profile of water,
plotted as d;,; against density p, is shown for reference on the right-hand side of the figure.
Representative snapshots showing some of the species encountered during simulation are
shown along the top of the figure.

must be immersed within the first contact layer to facilitate reaction. This corresponds
toa ~ 1 A displacement of CO, into the aqueous phase. Whilst this may appear to be
a relatively small displacement, clearly this is enough to switch the reaction mode from
gaseous to bulk-like, thereby halving the barrier to reaction. That we can so profoundly
change the nature of reaction over just a single angstrom highlights the importance of
solvation conditions and their influence on interfacial chemistry:.

Overall, these insights suggest a correlation in the extent of reaction and the location
of the reactive species at the interface. In the case of our proposed ‘in-and-out’ mechanism,
in going from reactants to products, we observe d;,; to initially decrease approaching the
transition state, following which d;,; starts to rise again. Accordingly, we can say that the
depth of the species at the air-water interface can be determined by the extent of reaction,

and vice versa.
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Solvation conditions are uniform approaching the air-water inter-

face

In Fig. 3.5, we uncover a reaction mechanism that involves a positional change of the
reacting species relative to the air-water interface. We might expect such behaviour
to be born of the varying adsorption affinities that the species in Eq. 3.1 show for the
air-water interface. To further explore this idea, we plot a series of time-averaged profiles
- extracted from our metadynamics simulations - for CO,, bicarbonate, carbonic acid,
and transition-state-like species (which we denote generically by TS¥). For each species,
we analyse the density profiles, solute-solvent coordination numbers, and hydrogen-bond
counts per molecule as a function of the distance from the instantaneous interface, djy.
Looking first at the density profiles shown in Fig. 3.6a, we see that different species
adsorb at different distances relative to the air-water interface. CO, resides mostly on top
of the air-water interface (positive dj,), with a peak in the distribution occurring at djy
= 1.6 A. Carbonic acid also resides mostly on top of the interface, albeit with a smaller
dine equal to 0.1 A at the distribution peak. Looking at the underlying water profile, this
suggests that carbonic acid is partially hydrated by the first water layer when located
at its equilibrium position. In contrast to both CO, and carbonic acid, bicarbonate is
able to freely move throughout the aqueous near-interface regime, with the equilibrium
position residing at the second water layer, d ~ —4.5 A. Finally, we observe that TS?
structures can be located throughout the 10 A regime. However, these species are found
mostly in the topmost water layer, with d ~ —1 A. This serves as the most likely site of
reaction for our interfacial setup. Overall, our density profiles compare favourably with
those obtained from unbiased MD simulations, which are shown in Fig. A.13 of Appendix
A. The close agreement in adsorption locations and propensities show that we can recover
the equilibrium spatial distributions of our reactive species from enhanced sampling MD.
Moreover, this consistency demonstrates that each reactive state has undergone thorough
sampling during our enhanced sampling runs, further supporting the convergence and

quality of the interfacial results presented here.
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Fig. 3.6 Different carbon species reside at different distances from the instantaneous
air-water interface. (a) Normalised densities of CO,, carbonic acid, bicarbonate, and
transition-state-like structures plotted as a function of the distance from the instantaneous
interface, di,. The background density profile for water is shown for reference in red. (b)
The averaged solute-solvent coordination, (gs.), plotted for each species as a function of djy;.
(so1 18 found by summing over all carbon-water coordinations, n = (1—(r/r¢)?)/(1—(r/rc)?),
where 7 gives the individual carbon-water distances, rc = 3.5 A, p = 12 and ¢ = 24.
Accordingly, gso = Xn(r). (c) The averaged hydrogen-bond count, (nyg), for each species
plotted as a function of d;,;. Hydrogen bond criteria: a donor-acceptor distance of less
than 3.5 A, and an O-H-O angle of greater than 150°.



3.3 Results 64

The density profiles shown in Fig. 3.6a indicate the preferential locations of each of
the species in Eq. 3.1 relative to the air-water interface. There are a number of factors
controlling the exact shapes of these distributions, and there is extensive discussion in
literature as to why ions and molecules will adsorb to different extents depending on their
chemical nature [47, 237, 238]. A high-level analysis of the profiles in Fig. 3.6a reveals
that neutral species (CO, and carbonic acid) reside on top of the interface (positive diy)
whilst charged and partially charged species (bicarbonate, and the zwitterionic TS¥) are
located within the aqueous regime (negative d;,;). Theoretical analysis has shown that the
surface adsorption of neutral molecules is principally driven by enthalpic considerations
[239]; the placement of hydrophobic CO, on top of the air-water interface preserves the
hydrogen bonding network of the near-interface regime, thereby maximizing solvent-solvent
interactions. Comparing the positions of CO, and carbonic acid, we observe that the latter
molecule is more submerged within the topmost layer of water, a phenomenon attributed
to the polarity of carbonic acid as well as its ability to partake in hydrogen bonding
(see Fig. 3.6¢). Concerning the ‘in-water’ behaviour of bicarbonate (and TS*), the ionic
nature of these species entails a large hydration enthalpy resulting from the stabilisation
of a permanent negative charge. The ability of bicarbonate to diffuse throughout the
near-interface regime puts it in league with other relatively large, polarisable anions such as
I" and Br, which have also been shown to display a propensity for the air-water interface
[47, 240]. This contrasts with the behaviour of harder or more highly charged anions,
which are usually repelled from the interface [47]. Our results suggest a clear tendency for
bicarbonate to adsorb at the air-water interface [241]. This finding deviates from previous
modelling using classical force-field MD [211], likely due to our use of a more accurate
underlying theory - one that better captures the solute-solvent interactions occurring in
this complex regime. Additional surface stabilisation of the interfacial reaction is due to the
surface affinity of the hydronium ion H3O™, which is central to the bicarbonate-carbonic
acid equilibrium. Fig. A.14 of Appendix A plots the density profile of H;O" against

distance from the instantaneous interface. Using AF = —RT In(p/po), we derive a free
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energy of adsorption of — 1.3 kcal/mol of H;O" at the air-water interface, which matches
exactly the AF value determined from experiment [242].

Combining insights from Fig. 3.5 and Fig. 3.6, we deduce that reaction at the air-water
interface predominantly occurs within the surface layer of water. At a high level, we can
rationalize this propensity by considering the charge of our reacting species. However, the
question remains why reactions are concentrated in this specific region at the interface.
To address this, in Fig. 3.6b and Fig. 3.6¢, averages of the solute-solvent coordination
number, (gs1), and the solute hydrogen-bond count, (nyg), are plotted as a function
of the distance from the interface. Looking at these properties, we observe that both
are relatively uniform throughout the interfacial regime. For (gso), values are relatively
constant up to djy = —2 A, whilst for (npg), values only start to reduce beyond —1 A.
Looking at di,y ~ —1 to —0.5 A, which we have determined to be the most favourable
location for reaction to occur, both (gs) and (nyg) are comparable to their values in bulk
(i.e., towards —8 A) to within a couple of percent. This observation suggests that, despite
lower effective solvent concentrations for this region, the surface layer of water provides
bulk-like solvation conditions for reactive species. Therefore, reactions in this region
can proceed with bulk-like free energies and reaction barriers in a way that minimizes
disruption caused by hydrophobic CO, to the hydrogen-bonded solvent structure deeper

in the aqueous phase.

‘In-and-out’ mechanism is consistent across differing levels of theory

In the preceding section, we suggested the existence of a new type of surface-mediated
reaction, one characterised by a dynamic reaction site and with thermodynamic properties
similar to those of the bulk reaction. Whilst compelling, it would be short-sighted of
us to propose such a mechanism based on the results of just a single GGA functional.
Therefore, work was undertaken to develop two additional MACE models, one trained at
the BLYP-D3 level of theory and one at the RPA level, to validate the proposed mechanism.

Further details on the training and testing of these models are provided in Appendix A.
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Fig. 3.7 Adsorption propensities of CO, and carbonic acid at the air-water interface.
Profiles are shown for our main revPBE-D3 model as well as the BLYP-D3 and RPA
models. In each panel, time-averaged densities are plotted as a function of distance from
the instantaneous interface, with the carbon density given by the left axis and the water

density given by the right axis.
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Fig. 3.8 The in-and-out mechanism observed using restrained MD. For each model
(revPBE-D3, BLYP-D3, and RPA), three restrained MD runs are performed in which the
C-O coordination number, sco, is gradually switched from 2.0 (CO,) to 3.0 (carbonic acid).
The resulting change in the distance of the reacting molecule to the instantaneous interface,
dint, 1s plotted against simulation time (coloured, solid lines - one for each trajectory). The
shaded portion of the figure represents the period over which sco (dashed line) is switched
from 2.0 to 3.0.
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First, we obtained a series of density profiles for each model using free MD simulations.
In each case, we extracted the water density, the CO, density, and the carbonic acid density.
These profiles are shown in Fig. 3.7, where the carbon density (primary axis) and water
density (secondary axis) are plotted as a function of the distance from the instantaneous
interface. Looking at these profiles, we see very similar adsorption propensities for each
model: CO, adsorbs on top of the interface at around 1 A, whilst carbonic acid adsorbs
at/just below the interface around the zero. Where CO, and carbonic acid represent
the start- and endpoints of our interfacial reactions, these profiles are consistent with an
in-an-out-style reaction mechanism, one in which the reactive species ultimately returns
to the interface following reaction.

Having confirmed the interfacial adsorption propensities for CO, and carbonic acid,
we could now more directly evaluate the reaction mechanism through restrained MD
simulations at the air-water interface. In these simulations, we gradually switched the
C-O coordination sgo from 2.0 (CO,) to 3.0 (carbonic acid, CA) over a 40 ps period,
after which the restraint was fully switched off. For each model, three trajectories were
initialized from different starting configurations and velocities (9 simulations in total), and
the distance of the reacting species from the instantaneous interface, di,;, was monitored.
The results of these simulations are shown in Fig. 3.8. In each panel, we plot di,; and sco
(primary and secondary axes, respectively) as a function of simulation time. Across the 9
different trajectories, we observe similar trends in dj,;: as sco is switched from 2.0 to 3.0,
diny decreases from an originally positive value to a negative value; following the removal
of the restraint, d;,; starts to increase again and tends towards the instantaneous interface.
Whilst this behaviour is overall representative of an in-and-out mechanism, we caveat
this by highlighting the statistical fluctuations in d;,; with choice of system initialisation.
Ideally, we would run many more replicas of this system for each level of theory, thereby
allowing us to obtain an averaged (d;,) as a function of simulation time. However, that we
can reproduce this in-and-out behaviour from a handful of simple restrained MD runs is
reassuring and provides further, supplementary evidence for the existence of the in-and-out

mechanism presented in Fig 3.5.
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3.4 Summary and Outlook

In this chapter, we have shown that the CO, + H,O hydration reaction proceeds via
an ‘In -and-Out’ mechanism at the air-water interface. This mechanism is characterized
by a change in the position of the reacting species at the interface, a phenomenon that
reflects evolving solute-solvent interactions in converting from reactants to products.
Similarities between the bulk and interfacial solvation environments promote similar modes
of reactivity and near-identical free energy profiles for the bulk and interfacial processes.
These similarities suggest that the CO4 4+ H50 reaction is equally as feasible at the interface
as in bulk, therefore warranting greater attention for this region when considering the
reactivity of complex, multi-component systems.

Importantly, the mechanistic insights reported here are consistent across the three
models employed, from revPBE-D3 to RPA-based machine-learned potentials. By incorpo-
rating beyond-DFT RPA reference level, our MLIPs capture high-level electronic-structure
accuracy while enabling statistically converged, multi-nanosecond sampling that would
be out of scope for direct ab-initio molecular dynamics. These extended simulations
are essential for resolving the ‘in-and-out’ mechanism of CO, hydration at the air-water
interface. Despite their good description of interfacial properties, standard empirical force
fields, being non-reactive, cannot be employed for such insight, underscoring the need for
reactive MLIPs. The combination of high-accuracy reference data and enhanced sampling
therefore establishes a new benchmark for exploring reactive events at interfaces and is
readily transferable to other chemically complex systems.

In the context of ocean acidification, our results have revealed a viable path for carbonic
acid formation at the air-water interface: surface-adsorbed CO, diffuses into the aqueous
surface layer, reacts to form carbonic acid, and is then ejected out of solution. Given the
notable concentrations of CO, adsorbed at the ocean’s surface (see Chapter 4), our results
suggest that H,CO3 and HCO; formation will occur within a couple of A of the ocean’s
surface. The experimental determination of HyCO3/HCOj3 concentrations using sum-

frequency generation techniques would be ideal to test this hypothesis. Computationally,



3.4 Summary and Outlook 70

future work will explore the influence of ionic species, e.g., Nat and C1, on the course
of CO, hydration as well as potential clustering mechanisms for multiple carbon species
[211]. A recent geoscience study has shown that subtle temperature fluctuations at the
ocean surface promote enhanced CO, absorption, leading to a 7% increase in absorption
rates compared to previous estimates [243]. Understanding this enhanced absorption, as
well as the impacts on the ensuing acidification, will be important in helping to provide a
more realistic picture of ocean acidification.

Beyond CO, + H,0 systems, our work has important implications for more general
chemistry at aqueous interfaces. Harnessing the accuracy and computational efficiency
of MACE potentials, we have demonstrated that, for reactions involving some change in
charge or polarity, there exists a correlation between the extent of reaction and molecular
positioning at the aqueous interface. In simple terms, the depth of a reactive species
relative to the air-water interface is determined by how far along the reactive process
it is. The reactants, products, and transition state are all dynamic entities that adapt
their positions in response to evolving solute-solvent interactions. Where previous studies
considered only selected distances above or below an interface, our work considers the
whole interfacial regime in evaluating reactivity. We hypothesize that, for most ‘emerging-
charge’ reactions at the air-water interface, reaction occurs within the first molecular
layer of water. This region offers a balance between charge stabilisation and minimizing
disruption to the hydrogen-bonded solvent structure. We expect that these insights may
have broader implications for other types of chemical reactions at interfaces, for example,
in phase-transfer catalysis, where the location of the reactive site is central to chemical
transformation [244].

In conclusion, the work presented in this chapter addresses the nature of CO5 + H50O
hydration at the air-water interface and represents a step forward in the way we approach
interfacial reactivity. We have shown that solvation conditions are bulk-like for the near-
interface regime and that reactive processes are accompanied by positional change at the
air-water interface. Given the ubiquity of interfaces in nature, we anticipate that such

insights will be of direct importance to the study of other processes in nature, for example,
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‘on-water’ organic reactions, nanodroplet reactions, and phase-transfer catalysis. Our
work makes the case for the inclusion of translational considerations in the treatment
and representation of chemical reactions, which we expect to lead to a re-evaluation of

important chemical processes and surface phenomena.



Chapter 4

Liquid-Liquid Interface: Modelling
interfacial tensions and molecular
build-up in pressurised CO,-H50

systems

A line is a dot that went for a walk.

Paul Klee

In the previous chapter, we uncovered new and interesting reaction phenomena occurring
at aqueous interfaces under ambient conditions. Over the next few pages, we turn to
more extreme, highly pressurised conditions relevant to geological environments and
carbon storage applications. Under these conditions, CO, can exist in either gaseous
or liquid form, thus opening the potential for interesting phase behaviour at the divide
between CO, and water. The contents of this chapter are based on published work: ‘The
wetting of HyO by CO,’ [223]. Files and data relating to this work can be found at

https://github.com/water-ice-group/co2-on-h2o.
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4.1 Context

The boundary between two immiscible fluids represents a unique and fascinating regime.
The properties of this biphasic interface, noticeably different from those of bulk fluid, arise
from its inhomogeneous composition and the anisotropic distribution of its constituent
particles [245]. The resulting asymmetry in forces acting between these particles promotes
a series of interesting phenomena, including molecular orientational alignment, density
gradients and structuring, phase transfer effects, and variations in reactivity and dielectric
properties [238, 245-247].

Arguably the most important biphasic interface is that of carbon dioxide and water,
CO4-H50. This interface exhibits a diverse range of properties, which stem from the distinct
phases that CO, can form with subtle changes to temperature and pressure. For ambient
temperatures, CO,-H,0 exists as a gas-liquid interface for pressures p less than the critical
pressure (Po = 73.8 bar, Tc = 304.1 K) [248]. At higher pressures, COy-H,0 forms a
liquid-liquid (or supercritical-liquid) system, suggesting that temperature or pressure can
be used as a lever to modulate biphasic properties (see Fig. 4.1). Biphasic CO5-H,0 finds
use in a variety of real-world applications and phenomena, from compressible solvent design
[249] to ocean acidification monitoring [250] to enhanced oil and gas recovery schemes
[251]. They are also common to various carbon capture and storage (CCS) techniques,
where anthropogenic CO, is captured at source and injected under pressure (usually in
excess of 80 bar) into predominately aqueous subsurface storage sites, e.g., saline aquifers
or disused coal seams [191]. In these storage sites, retention of the anthropogenic carbon
is mediated by the interactions between injected CO, and in situ H,O, meaning that both
storage capacity and the duration are functions of the interfacial behaviour. Whether
CO, is trapped as a liquid or in its supercritical state depends on the pressure and the
temperature, which are determined by the depth of the storage site; in general, storing
CO, more than 800 m below Earth’s surface results in supercritical phase formation [252].

Realising these applications for biphasic CO5-H5O requires a detailed knowledge of its

biphasic interface. This includes understanding both its microscopic properties (in terms
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Fig. 4.1 Phase diagram of CO, for 7" = 190 — 330 K and pressures P = 1 — 2900 bar.
Curves show the approximate boundaries between phases, with the triple and critical points
highlighted on the figure. For T'= T, = 217 K and P = P, = 5.18 bar [248], the solid,
liquid, and gaseous phases coexist in equilibrium with one another. For 7' > T = 304.1 K
and P > Pc = 73.8 bar [248], the boundary between liquid and gaseous phases disappears,
and CO, becomes supercritical. The red vertical line denotes the temperature at which
the simulations detailed in this chapter were performed.

of the structuring of molecules, their orientations, the nature of their bonding, etc.) as
well as its macroscopic properties, such as phase densities and interfacial tensions (IFTs),
~. The IFT, in particular, is critical to understanding biphasic interfaces. This property
encapsulates much of the macroscopic nature of the interfacial region and is used to gauge
their relative miscibilities. In terms of CCS and COo-H,0, « is directly proportional to
the sealing capillary pressure, which quantifies the volume of CO, that can be stored and
thus is a good estimate of the efficacy of a chosen storage site [253, 254].

An extensive picture of both micro- and macroscopic properties of biphasic CO45-H,0
has been built up over the last decades. In experimental literature, researchers have focused
mostly on the measurement of « under differing temperatures and pressures [255-265]. In
general, v is observed to decrease with either increasing pressure or increasing temperature,
though the exact nature of this reduction is dependent upon which CO, phase is present
(see later, Fig. 4.4). Measurements from experiment, however, are subject to significant

variation depending on experimental setup (e.g., thermocouple placement, equilibration
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times, density treatment) [253]. Therefore, experimental work is often supplemented by
theoretical and computational estimates for . Statistical perturbation models, such as
statistical associating fluid theory (SAFT), do a good job in reproducing experimental
values but can sometimes lack sufficient microscopic insight on the origins of these results
[266—268]. In contrast, force-field (FF)-MD simulations provide both estimates for v and
full atomistic detail on the behaviour of biphasic CO»-H,0O. Although the exact description
of the CO4-H50 interface is sensitive to the choice of the empirical parameters, FFs have
provided several important trends and insights. These include: COy-H50 interfaces are
molecularly sharp; molecules form a layered structure within several angstrom of the
interface; water’s dipole orients parallel to the interface; and there exists a strong, lateral
network of hydrogen bonds within the first contact layer of water [26, 253, 269-272].

Despite the valuable insight uncovered from these studies, a number of open questions
remain surrounding biphasic COo-H,0. For example, how exactly does v behave in the
vicinity of COy’s critical point (Pg, T¢)? How do high pressures impact the value of 47
And what is the nature of interfacial CO, and H,O molecules and how exactly do they
interact with one another?

Building on previous work in the field, this chapter aims to provide a new perspective
for characterizing the biphasic COy-H5O interface. This work focuses on generating
MLIPs, which we use to perform MD simulations with an ab initio level of accuracy.
Unlike previously applied methods, our work breaks away from the empirical fitting
to experimental or literature values and instead provides estimates from the ground
up. As discussed in Chapter 2, MLIPs already have a proven history of success in
simulating complex systems [35, 43, 50, 214, 273-275], and their use in simulating biphasic
CO,-H,0O would help address many of the open questions on this system. To date,
however, an ab initio or MLIP description of biphasic fluid interfaces has remained elusive.
Biphasic systems by definition require larger simulation boxes than bulk for direct ab initio
simulations and for generating training data for MLIPs. At the same time, converging the
properties of the bulk and interfacial regions requires long simulation time, beyond the

reach of standard molecular dynamics.
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In this chapter’s work, we bring together ab initio accuracy and thorough sampling
to accurately simulate large and complex mixtures. We utilize a number of distinct
methodological features - specifically, MLIPs for fast and accurate ab initio total energy
predictions, an active learning strategy to build compact and representative training sets,
and replica exchange simulations for enhanced sampling of the interface. Our approach
allows accurate and converged analysis of both macro- and microscopic properties of the
biphasic CO5-H50 interface. Building on the extensive literature in this regime, we obtain
room-temperature estimates of the interfacial tension as a function of pressure. These are
found to be in good agreement with the available literature and help discern experimental
reference data across the gas-liquid phase transition for CO,. Improved predictions with
respect to previous classical MD results, particularly for low pressure regions, are attributed
to the greater accuracy of the underlying theory. Having obtained a correct description
of the interfacial tension, we study the structural properties of the CO,-H,O interface to
obtain key microscopic insights. Notable observations include the build-up of a liquid-like
CO, layer for low pressures and a reduced structuring in the aqueous phase with increasing
pressure. We anticipate the future application of our potential to studying other important
state points for CO,-H,0 as well as characterizing the dynamical system properties, e.g.,
in the form of diffusion coefficients and interfacial residence times. We believe that our

approach will serve as a robust blueprint for investigating other complex biphasic interfaces.

4.2 Methods

Our approach to modelling the biphasic CO»-H50O interface comprises three established
components: high-dimensional neural network potentials [138, 215, 276] (HD-NNPs) to
act as our atomistic force generators; Query by Committee (QbC), an active learning
technique for generating optimised structural datasets using a minimal number of training
points [215]; and replica exchange molecular dynamics (REMD) to expedite the statistical
convergence of interfacial properties over multiple thermodynamic state points. Combining

these features allows us to apply accurate potential energy surfaces for simulating large,
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Fig. 4.2 Modelling biphasic fluid interfaces. (a) 2D projection of the structural data used
to train our neural network potential. (b) Query-by-committee workflow for the creation
of a compact, structurally diverse dataset for each constituent trajectory. (c) Application
of the model using replica exchange molecular dynamics towards the determination of
macroscopic and microscopic properties. System replicas are set up and run in parallel
across 15 different pressures. Periodic configuration swaps between these replicas enable
a faster exploration of configuration space and a more rapid convergence of equilibrium
observables.

complex molecular systems over extended time periods. An overview of our approach is

provided in Fig. 4.2.

Training

Our work follows the committee NNP development procedure outlined in Ref. [215]. We
employ Behler-Parrinello HD-NNPs trained on DFT-level ab initio total energies and
forces calculated with CP2K [120, 138]. Local atomic environments were described using
atom-centred symmetry functions [215]. We employed the BLYP functional [277, 278]
augmented by Grimme’s D3 corrections [115]. This setup has been shown to closely
reproduce the condensed-phase and structural properties of both pure CO, and pure H,O
[50, 279, 280]. Additionally, BLYP-D3 replicates the critical and vapor-liquid coexistence

properties for CO,, making it an appropriate selection for treating the various CO, phases



4.2 Methods 78

exhibited within our chosen pressure range [50, 280]. Goedecker-Teter-Hutter (GTH)
pseudopotentials were used for treatment of the core electrons, TZV2P-GTH basis sets for
the valence electron density, and a planewave cutoff of 1050 Ry was used.

Training of our NNPs was implemented using a QbC active learning strategy over
multiple improvement cycles. In this approach, a candidate dataset is iteratively refined
through the generation and repeated retraining of a ‘committee’ of NNP models. These
models are initialised using different random seeds and trained on different initial subsets
of the total candidate dataset. In our work, we trained 8 different models, or ‘committee
members’, each seeded with 20 randomised structures extracted from the training dataset.
Following this initial training round, the committee members then make predictions on the
energies of a presented subset of structural configurations. Configurations presenting the
largest error or disagreement between committee members are added to the training sets
of each model. Each member is then retrained using the updated dataset - this constitutes
one complete training cycle. Training is repeated over several improvement cycles until
the overall model errors (evaluated through predictions on a validation dataset) converge.
An overview of this active learning strategy is provided in Fig. 4.2b.

In our case, the candidate dataset was provided in the form of chemical structures
labelled with revPBE-D3 energies and atomistic forces. Structures were generated using a
mixture of flexible force field potentials (SPC/Fw [281] + Zhu [282], Lorentz-Berthelot
combining rules) as well as preliminary NNPs across three active learning cycles. This
gave a total of more than 100,000 structures. QbC - as implemented in the AML package
[215] - was then used to trim and optimize this dataset, resulting in a refined dataset
of some 4000 structures. Using this dataset, a final model was trained using the openly
available N2P2 package [283].

This final, refined dataset is shown in Fig. 4.2a. A breadth of structures is included
here - including gas-liquid, liquid-liquid, crystalline, and pure-phase structures - in order
to maximize exploration of the relevant configuration space. A committee of NNPs was
trained using N2P2 (8 in total) [283], and the committee member displaying the lowest

errors was selected as the final model. This final NNP was validated against the predictions
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of ab initio MD in the form of energies and forces (test RMSEs: 3.31 meV /atom and
88.26 meV/A, of similar performance to that reported in Ref. [284] for pure water) as well
as structural predictions of pure-phase properties, which are detailed in Figs. B.1-B.3 of
Appendix B. Long range tail corrections for the chosen NNP cutoff are expected to be on
the order of 0.5-1 mN/m based on explicit classical model analysis [285], which is smaller
than our usual statistical error obtained from block averaging. Due to these reasons, we

have not applied any explicit tail correction to our data.

Simulation setup

System sizes and compositions were chosen to mitigate periodic error and finite-size effects,
which have been shown in FF-MD to impact IFTs and other interfacial properties [286,
287]. Results from our system-size analysis in which we varied lateral (zy) dimensions
and molecular compositions are shown in Fig. 4.3. This analysis was performed using
a combination of water and CO, FFs (SPC/E + EPM2 [68, 288]) under the NP,AT
ensemble, with a fixed number of particles N, fixed lateral (zy) area A =1, x [, fixed
temperature (300 K), and P, set to the target pressure (i.e., variable [,). Our choice of
box size and composition reflects the smallest system for which v converges to within 0.5
mN /m of the largest box limit. The final selected system consisted of 600 water molecules
and 200 CO, molecules. Lateral dimensions zy were fixed at 20 A, and periodic boundary
conditions were applied along all three axes. Atomic configurations were initialized such

that the CO»-H,0 interface resided parallel to the xy plane.

Replica exchange simulations

To expedite the exploration of configuration space and the convergence of equilibrium
properties, we performed REMD across 15 different systems replicas. Each replica i was
simulated at a distinct pressure P;, where P; € [1,500] bar. Every 1000 steps, configuration
swaps between replicas ¢ and j were proposed, each swap with an associated probability
given by

Pace(i ¢ j) = min[L, exp(—FA)] (4.1)
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Fig. 4.3 The effect of system size on the convergence of interfacial tension. Plot shows
the interfacial tension of biphasic COy-H,O against system size for 300 K and 30 MPa.
Simulations were performed using SPC/E + EPM2 for 120 ns. The setup selected for our
production runs is highlighted by the red circle (M). Representative snapshots of each of
these systems are shown along the top of the figure.

where £ is the inverse temperature and A = (P, — P;)(V; —V;), where P and V' give the
replica pressure and volume, respectively [289]. In its presented form, Eq. 4.1 amounts
to swapping the configurations between system replicas that are close in pressure and

volume. A simplified schematic explaining REMD is shown in Fig. 4.2c. NNP-REMD was

performed using the open-source i-pi package [290] with LAMMPS as the force generator
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Fig. 4.4 Measuring the interfacial tension () of COy-H,0. Interfacial tension results for
our neural network potential (blue, filled) measured at 300 K for pressures 1-500 bar. Error
bars represent the 1o uncertainty, estimated by integrating the autocorrelation function
to a lag of 100 sampling intervals. Selected previous experimental results are shown as
hollow markers. Computational results from Shiga et al. (FF molecular dynamics) [26]

are encompassed within the shaded region and correspond to various combinations of
H,O (TIP4P /2005, SPC/E) and CO, (EPM2, PPL, TraPPE) FFs. The dashed red lines
represent the maximum and minimum values of v predicted by Shiga et al. at each pressure.

[229, 291] and substituting hydrogen for deuterium atoms. For each state point below 40
bar, simulations were run for 3 ns of simulation time, while above 40 bar simulations were
run for 10 ns of simulation time corresponding to 3 x 10% and 107 steps, respectively. These
were performed under the N P, AT ensemble. Collectively, these simulations compile 150 ns
of ab initio-quality data, forming a robust basis for our analysis. From our NNP-REMD
data, we extracted macroscopic measurements (i.e., [F'Ts) as well as microscopic properties
in the form of density profiles, molecular orientations, and radial distribution functions
(RDFs). We have checked the sensitivity of our results on the choice of DFT functional
by also training an NNP model to revPBE-D3. Resulting [FTs prove to be very similar

overall, and these are shown in Fig. B.6 of Appendix B.
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4.3 Results

IFT profile replicates experimental values

The interfacial tension is a key property for determining the miscibility of two phases. A
number of previous experimental and computational studies have sought to characterize
the IFT of CO45-H,O as a function of pressure. In Fig. 4.4, we plot the results of these
studies at roughly room temperature alongside our own estimates obtained using the

developed NNP. We compute « using the statistical mechanical route of Kirkwood and

Buff (KB) [292],

T

(P =P1) (42)
where L, gives the z length of the simulation box, and P and P, represent the normal
and lateral pressure tensor components, respectively.

Inspection of Fig. 4.4 yields several observations. For low pressures (p < 60bar), our
simulations predict a steep descent in « with increasing pressure. This phenomenon is
associated with the gradual accumulation of CO, at the water surface, a process which
reduces the spatial anisotropy at the phase boundary and thus also the magnitude of ~y (see
later, Fig. 4.5). For intermediate pressures (60 < p < 100bar), our NNP results indicate
an abrupt change in the behaviour of v as we cross the critical pressure boundary (73.8
bar), going from gas-liquid to liquid-liquid. And finally for high pressures (p > 100 bar),
our model yields a slight reduction in v with increasing pressure. The comparatively small
gradient in ~ for this regime is attributed to a saturation in the concentration of CO,
close to the interface, such that changes to the pressure lead to minimal change in the
near-surface environment. A minimum of 24 + 2 mN/m is recorded at 500 bar.

Across Fig. 4.4, we observe close agreement between experimental and MLIP results,
within the range of pressures for which experimental data is available. This is true for both
low pressures (p < 60bar), where ynnp replicates the steep descent in gas-liquid IFTs,
and high pressure (p > 100 bar), where yxnp follows the gradual decline in liquid-liquid

IFTs as reported by Hebach et al. [256] and Bachu et al. [259] A notable aspect of our
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work is the extension of IFT predictions beyond the currently available experimental
pressure range for ~ 300 K. Moreover, ynnp values recorded for intermediate pressures (60
< p < 100 bar) provide additional clarity on the nature of -y in the vicinity of COy’s phase
transition pressure pr (73.8 bar). This region has previously been a point of contention,
with experimental results differing by up to 20 mN/m for pressures close to pr, as seen
by the selection of results displayed in Fig. 4.4. Our results clearly support the presence
of a break in the slope between gas-liquid and liquid-liquid regimes, as reported by a
number of authors [256, 259, 260]. There is no evidence of the ‘dip’ or ‘cusp’ in y near pr
as predicted by some experiments [255, 257]. Such observations are now thought to be
artifacts of the experimental setup, e.g., differences in the thermocouple placement or due
to the inherent uncertainty in near-phase-transition properties [253, 256].

Our results also qualitatively corroborate the results of previous FF simulations. These
are encompassed within the shaded portion of Fig. 4.4, the limits of which represent the
extent of v predictions for varying combinations of FF models (e.g., SPC/E + EPM2,
SPC/E + PPL, TIP4P /2005 + PPL, etc.) [26]. Whilst the exact value of 7 is sensitive
to the choice of models and parametrization, the overall range of FF predictions is in
qualitative agreement with our NNP predictions, with a notable exception of the low
pressure regime [26]. For these pressures, classical FFs systematically underpredict ~y
by 15-30 mN/m. We attribute the improved performance of our NNPs to the more
accurate level of underlying theory compared to FFs, and the fact that our NNP is trained
explicitly to replicate the ab initio-level interactions between CO5 and H,O. In comparison,
bicomponent FFs are constructed using geometric/mathematical mixing rules, the choice of
which is often ad hoc and can lead to substantial variation in the resulting thermodynamic
properties [293-295]. This is exemplified by the large spread in 7 values shown for FF-MD

in Fig. 4.4.
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Fig. 4.5 Profiling the change in CO,-Hy0 from 1 to 500 bar. (a) Representative snapshots
of the CO, phase and instantaneous interface (yellow mesh) for 1, 20, and 200 bar. H,O
has been omitted for visual clarity. (b) Density profiles are shown at different pressures for
water (red) and CO, (blue) with distance from the instantaneous interface that separates
them.

CQO, forms a saturated monolayer at low pressure

To better understand the interfacial tension shown in Fig. 4.4, we plot a series of microscopic
profiles detailing the variation in density p with distance d from the instantaneous interface.
This interface is calculated at each timestep using the Willard-Chandler formalism [236],
a coarse-grained approach that uses atom-centred Gaussians to identify instantaneous
phase boundaries in a system (see Fig. B.7 for schematic). Under this formalism, the
distance d is defined for each frame as the shortest distance between a molecule and the
instantaneous surface. Resulting profiles are plotted in Fig. 4.5 for both H,O (red) and

CO, (blue). An inspection of Fig. 4.5 reveals a stark contrast in the phase behaviour of
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water and CO,. Focusing first on the water phase, we observe a layered structuring in
p across all pressures, in close agreement with the behaviour of the air-water interface
[275] (see Fig. 3.6 of Chapter 3). The shape of these profiles is relatively unvarying with
changes to the pressure, though we do note an enhanced structuring of molecules for p <
20 bar approaching atmospheric pressure. In contrast to this behaviour, the CO, profile
exhibits large changes in both magnitude and shape with changes to the pressure. For
p < 10bar, density profiles register a sharp peak at roughly 1 A with a density that tails
off exponentially with distance from the interface. Physically, this represents a film of
monolayer CO, adsorbed at the water surface and a gaseous CO, phase extending beyond
to large distances. For 20 < p < 60bar, a second peak is observed at 4 A, suggesting
the formation of a bilayer of CO, at the interface. Beyond 60 bar, the exponential decay
in density is replaced by liquid-like layering that tends towards bulk density for large
distances. For the sampled pressure range, the fraction of CO, located within the aqueous
component increases with increasing pressure. This is a product of both greater CO,
accumulation at the aqueous surface as well as a reduction in the interfacial sharpness
at higher pressure. Calculated CO, solubilities are shown in Fig. B.5 of Appendix B and
found to replicate the general trend in experimental results.

Relating these microscopic observations with the IFT profile of Fig. 4.4, it is clear that
the variation in 7 is a product of the physical changes in CO, with changing pressure.
Unlike water, CO, is a nonpolar molecule that exhibits relatively weak intermolecular
interactions. Its critical pressure Pg resides within our range of sampling, so we end up
simulating two distinct phases of CO, as well as a phase transition region. In comparison,
at 300 K, water is firmly within the liquid phase, and its high natural surface tension - a
product of its extensive hydrogen bonding network - ensures preservation of its structural
integrity and prevents extensive mixing with the CO, phase. The most significant change
in the structuring of water occurs for low pressure (p < 20 bar). It is interesting to note
that this change coincides with the emergence of the monolayer in CO,. The combination

of these observations possibly suggests that structuring of the aqueous phase is mediated
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by the extent of monolayer coverage of the adsorbed phase and that subsequent adsorbed
layers have minimal impact.

Our ab initio-level profiles share many similarities with previous force field modelling
[269, 270]. This includes the formation of monolayer and bilayer CO, and the recovery
of liquid-like properties at high pressure. Interestingly, however, the pressure at which
our model predicts the emergence of a CO, monolayer (and therefore also the starting
of a second CO, layer) is much lower compared to conventional FF predictions (e.g.,
those of SPC/E + EPM2). In our results, a fully saturated monolayer forms at 20 bar;
in FFMD studies, this occurs at higher pressures (around 60 bar for SPC/E+EPM2),
thereby suggesting a lower wettability for CO, [270]. These observations corroborate
the ab initio work of Morishita et al.,[296] who have suggested that differences in the
interfacial behaviour predicted by ab initio-level modelling and FF-MD stem from the
weaker attractive COo-H,O forces given by the latter. Similarly, we conclude that differences
in the density profiles arise from the improved COy-H5O descriptions provided by NNPs,
which are trained to account for both polarization and charge transfer effects. On the
other hand, the classical FFs used so far to study this interface are limited by the nature
of their mixing rules and their rigid-body formulation, which we would not expect to fully

represent the interfacial regime.

Monolayer shows liquid-like properties

Results from the microscopic profiling of biphasic COy-HyO show the formation of a
saturated CO, monolayer at low pressure. To better understand this phenomenon, we
investigate the structural properties of COy within 2.5 A of the instantaneous interface,
i.e., within the first contact layer. Fig. 4.6 plots both the 2D lateral distribution function
(LDF) and angular distribution of these molecules. The LDF, g(r) is calculated such that

it accounts for the quasi-2D nature of this monolayer

dn,  dn,
dA-p  2mrdr - p

g(r) =
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where dn, is the number of CO, molecules within an annulus of thickness dr, and p gives
the local density. Our use of dA in the denominator (as opposed to the dV term used for
RDFs) accounts for the mostly planar distribution of CO, molecules within 2.5 A of the
instantaneous interface (see Fig. B.8 for schematic). Inspection of Fig. 4.6a shows how the
structuring of this layer quickly converges towards a bulk-like character. By 20 bar, we see
a distribution that emulates that of bulk CO, and suggests a liquid-like nature for the
first contact layer. This is true for pressures 20-500 bar.

In Fig. 4.6b, we show the distribution of angles between the instantaneous interface
and the CO, orientation. Across all pressures, our results suggest a clear preference for
COs, to lie flat at the water surface. This corroborates previous computational work, which
suggest that interactions between water and CO, are maximized when the latter molecule
lies parallel at the surface [269]. We note that the distribution is more pronounced at 90
degrees for p < 20 bar, where the adsorbed COs is more exposed and has fewer molecules
to interact with. The addition of more adsorbed molecules at the aqueous surface reduces
the strength of water-CQO, interactions, allowing for greater freedom in the latter molecule’s

orientational alignment with increasing pressure.

4.4 Summary and Outlook

Biphasic interfaces represent complex and dynamic regimes. In this chapter, we have
highlighted an approach for analysing these regions in a way that combines ab initio
accuracy with converged statistics and computational tractability. Our methodology
allowed for nanosecond treatment of large COo-H,O systems, which has yielded a converged
IFT profile at an ab initio level of accuracy. Our results show good agreement with
experimental literature for low- and high-pressure regimes, and microscopic insight into
this behaviour has been provided. The reproduction of results in the vicinity of a phase
transition (gas to liquid) is notable given the difficulty associated with treating this highly
dynamic regime. We observe the formation of a saturated COy monolayer at low pressure

(20 bar) with structural properties akin to those of bulk CO,. The emergence of this
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Fig. 4.6 Characterising CO, build-up. (a) Lateral distribution functions for CO, located
within first layer. These are plotted for pressures up to 200 bar. (b) Angular distributions
of CO4 located within first layer. Angles () are calculated between C-O vector, vco, and
the surface-molecule vector, vg,f. The latter is defined as being the vector connecting
the carbon of a CO, molecule and the point on the instantaneous surface closest to that
molecule. @ is plotted for simulation pressures up to 200 bar. An isotropic distribution of
angles (not shown) would be given by %Sin 0 accounting for the azimuthal angle.
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monolayer coincides with reduced structuring for near-interface water molecules, suggesting
that interactions between the first contact layers of water and CO, are critical for aqueous
phase structuring. We envisage that such insights will be important for realising COq-
H,0O’s many applications as well as shedding light on other significant biphasic systems,
for example, in biological membranes [297] and for liquid-liquid interfaces facilitating
nanoparticle assembly [298, 299].

In terms of carbon capture and sequestration, our NNP provides a robust tool for
extending IFT measurements and providing benchmark figures for higher pressure regimes.
In this way, coupled with additional geological measurements, one might use our model
to provide estimates for a particular storage site of known temperature and pressure,
thereby also providing an estimate of that site’s suitability. Whilst we anticipate good
generalisability for our NNP across different pressures and temperatures, we must caveat
this by acknowledging the mostly gas-liquid and liquid-liquid composition of our current
training dataset. Extending our work to high-temperature systems - where CO, is firmly
in the supercritical regime - may require additional retraining or fine-tuning to ensure
accurate model predictions. Compared with statistical perturbation models, our work
has the advantage of providing additional microscopic insight to supplement predictions
of v. Future work could look to exploit this microscopic insight towards estimating
other important storage parameters, for example, the contact angle between CO, and
water. It would also be interesting to investigate ideas related to thermodiffusion in
underground storage sites. Previous classical work has suggested that CO, aggregates
in areas of low temperature,[300, 301] i.e., at the top of storage sites, as a result of the
Soret effect. Investigating how these predictions change with NNP treatment would allow
further comparison between classical and ab initio-level predictions as well as shed more
light on this important phenomenon. A further degree of realism can also be added by
incorporating Na* and CI” ions into our training data and simulations. In doing this, we
would better replicate the saline conditions of underground storage reservoirs and thus

enable more accurate predictions of a site’s storage capacity.
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Our work also unearths several differences between classical and ab initio-level mod-
elling of the CO,-H50 interface. Comparing with previous classical results, we suggest
that previous calculations of low-pressure CO, coverage in aqueous systems may be under-
estimated. This could have profound implications for our understanding of gaseous CO,
exchange at the air-water interface. In Chapter 3, we showed how carbonic acid can form
at the ocean surface with thermodynamics akin to those of the bulk hydration reaction.
Combined with the elevated CO, surface coverages quantified in this chapter, we suggest a
non-negligible surface contribution to the acidifying CO, hydration reaction, which further
exacerbates current ocean pH levels and future trends. Extending our MACE model
detailed in Chapter 3 to incorporate multiple CO5 molecules, a natural next step would
be to probe how pressure and local CO, concentration modulate the interfacial reaction
and the effect this has on the resulting pH. Investigating the potential for cooperative
CO, reactions would also shed further light on the impact of multi-CO, adsorption at the
ocean surface.

In conclusion, we provide new insight on the nature of biphasic interfaces and demon-
strate the significance of interactions occurring between molecules adsorbed in the first
contact layer. We anticipate application of the combined set of techniques used here to
other important biphasic systems. The immediate findings of this chapter concerning
preferred CO, layering at H,O are expected to be of direct relevance in geoscience, climate

research, and material science.



Chapter 5

Solid-Liquid (I) Interface:
Understanding the behaviour of CO,

in nanoporous carbon

I placed a jar in Tennessee... It took
dominion everywhere.

Wallace Stevens

Anecdote of the Jar

Having understood COy-H,0 interfaces under ambient and pressurised conditions,
we finally turn to the last phase of matter. For investigating solid-water interfaces, we
focus on the graphene-water-CO, interface, which finds application across a range of CO4
capture and energy applications. In this first Solid-Liquid Chapter, we detail results
obtained from a collaborative theory-experiment project designed to understand and
quantify the uptake of CO, in solvent-saturated nanoporous carbon environments. In
the following Chapter (6), we then detail subsequent and ongoing work that looks to
improve and extend our description of nanoporous environments. The contents of this
chapter are based on published work: ‘Unexpected oversolubility of CO, measured at
electrode-electrolyte interfaces’ [302]. Files and data relating to this work can be found at

https://github.com/water-ice-group/oversolubility.
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5.1 Context

The confinement of a material to nanometre scales forms the basis of numerous technological
applications, from blue energy harvesting to water desalination to energy storage [53,
303-305]. In recent years, much effort has been directed towards developing new carbon
capture technologies using carbon-based nanoporous devices. This includes direct and
point source CO, capture schemes [306, 307] as well as methods to convert CO, to more
useful products (e.g., CO) through electrochemical reduction [308, 309].

Central to the efficacy of these schemes is the solubility of CO, inside porous carbon.
Simple chemical intuition would suggest we can model solubility using Henry’s law in the
limit of low pressure. However, over the last decade, a number of experimental studies have
emerged reporting CO, solubilities that far exceed the levels expected for such nanometre-
confined systems [310]. Indeed, in some instances, solubilities that are 1-2 orders of
magnitude greater than bulk have been recorded [311]. This solubility enhancement (SE),

termed ‘oversolubility’, can be simply defined as

SE = b

= 5.1
bbulk ( )

where b is the recorded molality of a dissolved gas, while by, gives the molality of that
species in bulk solution. With increases in SE, we expect greater CO, uptake and greater
catalytic turnover numbers for carbon utilisation schemes [312, 313].

At the experimental level, we can measure SEs using quantitative spectroscopy. In
this pursuit, NMR has proven to be a robust method for studying molecules and ions at
electrode-electrolyte interfaces and inside porous carbon electrodes [53]. At the microscopic
level, MD simulations can shine light on oversolubility effects and the behaviour of molecules
residing in porous carbon materials. This has included modelling the uptake of gaseous
CO,, CHy, and H, molecules [314-317] and studying their reactive in-pore properties
[318]. From these various studies, we can categorise proposed oversolubility mechanisms
into three distinct classes [319, 320]: ‘adsorption’ mechanisms, in which gas molecules

preferentially adsorb at the pore-water interface, outcompeting adsorption from the solvent;
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‘absorption’ mechanisms, in which gas molecules are included in high density layers between
the in-pore solvent layers; and ‘interface’ mechanisms, where gas molecules adsorb on top
of solvent layers located within partially solvated pore environments. Whilst previous work
has offered some answers to the validity of each mechanism [320], there exist a number of
inconsistencies between these studies, the methods employed, and the systems studied.
Further, the relative contributions of key microscopic drivers (e.g., diffusion, solute-solvent
interactions, solute-wall interactions) to the overall uptake process are currently unclear.
Accordingly, there is a lack of consensus on which mechanism underpins CO, uptake in
nanoporous materials.

In this chapter, by exploiting the benefits of MLIPs, we seek to provide clarity on the
question of microscopic oversolubility for CO,. Supporting the spectroscopic findings of
experimentalists, we run a series of molecular dynamics simulations to explain the uptake
of CO, molecules under nanoporous conditions. This includes free MD simulations to
quantify microscopic in-pore structuring as well as enhanced sampling runs to obtain
free energies of adsorption at the carbon-water interface. From our simulations, we find
that CO, preferentially locates at the pore wall across a range of pore sizes and that
CO, adsorption occurs mainly parallel to the pore wall. Calculation of interaction and
adsorption energies reveal CO,-graphene interactions are stronger than those of H,O-
graphene; free energy profiles confirm the preference of CO, for graphene adsorption versus
dissolution in bulk. Together, these insights suggest an ‘adsorption’-style mechanism
underpinning CO, oversolubility in nanoporous carbon materials. Both the experimental
and computational findings of this work highlight the importance of microscopic structuring

and pore design for facilitating CO, uptake in electrochemical applications.

5.2 Methods
Training

Computational simulations were enabled through the use of MACE potentials [141]. These

were trained on a representative selection of structures labelled with energies and forces
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calculated at the DFT level. Structures were generated using a variety of methods,
including ab initio MD, MACE-MD, enhanced sampling simulations, and constrained MD
runs. The resulting dataset, optimised using the procedure outlined in Schran et al. [215],
totalled some 9000 structures. A variety of systems were included: pure water, CO, in
water, nanoconfined systems, and reactive CO, trajectories. Structures were labelled with
DFT energies and forces calculated using the QUICKSTEP method of CP2K [119, 120].
The revPBE functional augmented by Grimme’s D3 corrections [95, 115, 218] was chosen
on account of its ability to reproduce the structural properties of bulk and interfacial
water [219-222]. Goedecker—Teter-Hutter (GTH) pseudopotentials were selected for the
treatment of core electrons, whilst the TZV2P-GTH (O and H) and DZVP-MOLOPT-
SR-GTH (C) basis sets were chosen for valence electron density. We selected an auxiliary
plane-wave cutoff of 1200 Ry.

Using this optimised dataset, a two-layer MACE model with 128 equivariant messages
was generated. We selected a maximal message equivariance of L = 1 and a radial cutoff of
R. =5 A, equating to an effective receptive field of 10 A after message passing. Validation
of the model was performed to assess the accuracy of its force, energy, and structural
predictions (Fig. C.1 and Fig. C.2). We report RMSEs of 1.2 meV /atom for the energies
and 41.8 meV/A for the forces. Radial distribution functions (RDFs) were generated for
pure water and CO,-water systems and compared with ab initio-MD and experimental
RDFs. The results of this analysis, shown in Fig. C.2, demonstrate the accuracy of our

model for reproducing the properties of bulk aqueous systems.

Production

Density profiles for H,O, CO,, and HCO3 were generated using unconstrained molecular
dynamics simulations. We approximated the pore environment by using a nanoconfined
aqueous system, with the flexible graphene sheets separated by 7 A, 12 A, and 15 A.
Details of the system setups are given in Table C.1 of Appendix C.

Molecular dynamics simulations were run using LAMMPS [229, 230]. Simulations were

performed using the NVT ensemble at 300 K. The Nosé-Hoover thermostat was selected
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Fig. 5.1 Quantitative NMR results demonstrating oversolubility of CO, in porous carbons.
Results were obtained by Zeke Coady as part of our collaborative experiment-theory paper
[302]. (a) Typical NMR spectrum demonstrating the shift in signals expected for in-pore
and ex-pore carbon. Spectra are shown for the raw and fitted (black and grey, respectively)
signals as well as the deconvoluted peaks (green and red). (b) SE values reported for
various carbon/solvent samples. Values are calculated relative to literature CO, solubility
measurements. Reproduced from Ref. [302] with permission.

with a time constant of 100 fs. Deuterium masses were used for the hydrogen atoms along
with a timestep of 1 fs.! Gaseous interaction energies were obtained from single-point
VASP calculations of isolated graphene walls and gaseous CO,/H,0 molecules. [122-125].
Aqueous adsorption energies were obtained using umbrella integration [321], where the
free energy was calculated as a function of the distance of COy/H50 to the graphene wall.
For explicit details on these various measurements and calculations (densities, orientations,

interaction and adsorption energies), we direct the reader to Appendix C.

!Switching H for D alters the dynamical timescales of our simulations but leaves the equilibrium
properties relatively unperturbed (these depend on the underlying potential energy surface, rather than
the atomic masses). Accordingly, this decision is justified for the study of equilibrium structural properties
such as densities, orientations, adsorption free energies, etc.
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5.3 Results

Spectroscopic results

To measure oversolubility effects in microporous carbons, a quantitative *C NMR setup
was employed, the exact details of which can be found in Ref. [302]. Representative NMR
results obtained in this project are shown in Fig. 5.1. In panel a, we show typical **C
NMR spectra that highlight the shift in NMR signal that occurs for in-pore and ex-pore
species. This shift arises from ring currents generated from the delocalised 7 electrons of
aromatic carbon rings [322, 323|, which act to shield in-pore species. In panel b, we report
SE measurements obtained for a variety of nanoporous carbon-electrolyte systems. These
include activated carbons of varying pore sizes (ACC-10 and ACC-20, the latter having
the larger pores) as well as annealed carbon (AEL-1200) systems. From this work, we can
report the following insights:

1. Oversolubility is observed across all types of microporous carbon systems.

2. Oversolubility is enhanced for smaller pore sizes. This can be seen in the larger SE

values reported for ACC-10 over ACC-20 for CO.,.

3. The largest solubilities are obtained for simple carbons with minimal surface func-
tionality. This can be seen in the results for the annealed AEL-1200 electrode, which
reports the largest overall SE value.

Together, these insights suggest that CO, uptake in nanoporous carbons can be maximised
by synthesising smaller, more graphenic domains with minimal defect contamination. The
near thirty-fold enhancement in CO4 solubility is unprecedented for these pore sizes and

warrants further investigation at the microscopic scale [310, 320].

CO, adsorbs at the graphene-water interface

To better understand the mechanism underpinning CO, uptake, we carried out a series of
atomistic simulations aimed at modelling idealized pore environments. These simulations

were performed to provide an indirect assessment of oversolubility and to help interpret
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some of the spectroscopic measurements discussed above. The objectives of this modelling
were threefold: to understand the underlying mechanism for CO, oversolubility; to provide
a quantitative rationale for observing this mechanism; and to elucidate the microscopic
details driving the process.

To gauge the underlying mechanism for solute uptake in microporous carbon, we
performed unbiased MD simulations modelling the behaviour of CO, and HCO5 in water-
saturated pore environments. In each setup, we placed either a single CO, molecule or single
HCO; ion into an aqueous slab sandwiched between two graphene sheets. These sheets
were initially positioned 7 A, 12 A, and 15 A apart, corresponding to the system-relaxed
separations that support layered water structures. Further, these separations enabled us to
sample the relevant range of pore sizes seen in the ACC-10, ACC-20, and AEL-1200 carbons.
The number of solvating waters for each system was chosen to give an in-pore CO4:H50 or
HCO;3 :H5,0 mole fraction approaching that used for in-pore experimental measurements
(< 1.5%) (see Table C.2 for experiment-simulation compositions). Simulations were
performed over several nanoseconds, allowing for fully converged statistics of the in-pore
properties.

The resulting density profiles, shown separately for H,O, CO,, and HCO4, are given
in Fig. 5.2. These profiles reveal the important role of the pore-water interface. In all
systems, the pore geometry results in the formation of layered water structures (pink)
[318]. Analysis of the CO, and HCO; profiles reveals that both species preferentially
locate within the H,O layers, albeit with distinct positional preferences. Across each
pore width, CO, (black) exhibits a strong affinity for the water layer in contact with
the pore wall. In contrast, HCO5; (purple) appears less constrained and is less likely
to locate at the pore-water contact layer. This is particularly noticeable for larger pore
widths. Although reactivity in these systems was possible, no exchange between CO, and

HCO3; was observed over the studied timescales.



5.3 Results 98

I
N
o
= (@)
@ (o]
[0 N
[m)
I
(@)
(@)
W

2 0 2 -4 2 0 2 4 6 -4 2 0 2 4 6
z coordinate (A)

Fig. 5.2 Atomistic modelling suggests CO, uptake is driven by the adsorption mechanism.
Density profiles are plotted for water (pink), CO, (black), and HCO3 (purple), as a
function of the distance from the system centre of mass. Representative snapshots of the
systems are shown above the density profiles.

Energy estimates show CO, adsorption to be stronger than H,O adsorption

The profiles shown in Fig. 5.2 support an adsorption-like mechanism of oversolubility
for CO,. Uptake appears to be driven by a preferential adsorption of CO, at the pore
walls, evidenced by the pronounced peaks in CO, density adjacent to the graphene
distributions. To understand and quantify this behaviour, we measured the adsorption
energies of CO, and H,O under gaseous and pore-saturated conditions. In one approach,
we computed single-molecule interaction energies of gaseous CO, and HyO molecules
interacting with isolated pore walls (Fig. 5.3a). In a complementary approach, enhanced
sampling simulations of pore-saturated systems (30 A width) were performed to obtain
free energies as a function of the distance from the pore wall (Fig. 5.3b.) Together, these
two analyses allowed us to gauge the relative affinities of CO, and H,O for the pore wall
both on a per-molecule basis and also accounting for solvation effects from water.

Both sets of results confirm the preferential adsorption of CO, over H,O at the pore
wall. In the gas phase, CO, adsorption is more favourable by 0.34 kcal/mol, whilst under

pore-saturated conditions, CO,’s free energy of adsorption is 0.22 kcal /mol lower (more
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Fig. 5.3 Quantification of adsorption energies under gaseous and solvated conditions.
a) Adsorption energies for isolated gaseous CO, and HyO molecules interacting with a
graphene-like pore wall. Energies were computed by Flavanio della Pia using VASP
[122-125]. b) Free energy profiles of CO, and H,O shown as a function of the distance
from the pore wall under pore-saturated conditions (30 A confinement).

stable) than that of HyO. Likely, these enhanced stabilities arise from favourable dispersion
interactions occurring between hydrophobic CO, and the basal graphene planes [272].
In addition, sequestering CO, at the pore-water interface minimizes disruption to the
overall hydrogen bonding network, with water molecules located at the pore wall forming
fewer hydrogen bonds on average compared to bulk water (see Fig. C.4). The free energy
plot obtained for CO, is consistent with the density profiles shown in Fig. 5.2, with a
free energy minimum located adjacent to carbon and an unstable regime (41 kcal/mol)
located 5-8 A from the pore wall. We note that, for this large pore environment (30 A, Fig.
5.3b), we recover bulk-like water towards the centre of the idealized pore slit (i.e., towards
15 A). In this way, the analysis of Fig. 5.3b further evidences the preference of CO, to
locate in pore environments versus in bulk solution. The favourability of the CO,-pore
wall interaction relative to the HyO-pore wall interaction predicts that the adsorption
mechanism of oversolubility will dominate [310, 320]. The unstable regime located 5-8 A

from the pore wall additionally indicates that the absorption mechanism is unfavourable.
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Fig. 5.4 Understanding how CO, adsorbs at the graphene-water interface a) Orientational
distributions of the CO45 bond vector and H,O dipole vectors obtained for molecules at the
pore-water contact layer. An isotropic distribution of angles would be given by %sin 0,,
accounting for the azimuthal angle. b) Visualization of the contact layer of the pore-water
interface.

CO, adsorbs parallel to the pore wall

Having confirmed the preferential adsorption of CO, at the pore wall over H,O, we then
investigated the manner in which CO, is adsorbed. In Fig. 5.4a, orientational distributions
for CO45 and H5O molecules residing at the contact layer of the pore-wall interface are
shown. Orientations are measured by the angle between the z vector normal to the pore
wall and either the C-O bond vector of CO, or the dipole vector of HyO. Snapshots of the
contact layer parallel and perpendicular to the z vector are shown in Fig. 5.4b.

Looking at Fig. 5.4a, we observe a peak in the distribution for CO, at 90°, suggesting
that CO4 adsorbs mainly parallel to the pore wall. In contrast, H,O adsorbs across a
broad distribution of orientations with a loose preference for two specific geometries: with
dipoles pointing slightly towards the bulk (60°, most favoured); and with dipoles pointing
slightly towards the pore walls (105°, less favoured). These observations are consistent
with previous modelling of graphene-water interfaces [324]. The parallel adsorption of
CO, likely enables more favourable interactions with the pore walls and facilitates the
diffusion of CO, into narrow pore environments. Similar mechanisms have been observed
to enhance CO, capture in dry activated carbon pores [325] and to enhance selectivity for
CO, over HyO in metal-organic framework pores [326]. In contrast, water’s rough bimodal

adsorption could present an obstacle to narrow-pore diffusion, precluding the uptake of
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H,0O into more confined environments. This may help explain the stronger oversolubility
effect observed for ACC-10 compared to ACC-20, given the smaller average pore size of
the former.

Overall, the atomistic modelling of idealized slit pores suggests the following: the uptake
of CO, in water-saturated microporous carbon is driven by the adsorption mechanism;
this mechanism arises due to a preferential adsorption of CO, over HyO at the pore-
water interface; and CO, will adsorb parallel to the pore walls, potentially facilitating
further uptake enhancements under narrow pore environments. Whilst the pore-slit model
employed here may be relatively simple compared to the actual activated carbon pore
environment [327], the higher SE observed in AEL-1200 compared to ACC-10 and ACC-20

supports the significance of simple, graphene-like domains for modelling this uptake effect.

5.4 Summary

In this chapter, we have taken steps to improve our understanding of how small molecules
behave in nanoporous environments. Experimental results showed an oversolubility
effect for CO, molecules confined to various nanoporous carbon electrodes. Atomistic
modelling suggested this uptake to be a product of an adsorption-style mechanism in
which COy-carbon interactions out-competed water-carbon interactions. The adsorption
of CO, parallel to the surface likely facilitates uptake in smaller, more constrained pore
environments, in line with experimental results. Together, these results suggest that the
uptake of molecules in small materials can be controlled through the deliberate design of
porous carbon electrodes, including tuning the pore size, functional group content, and

graphene domain size.

Our results inform on the design of electrodes for implementing electrolytic carbon capture.
For the uptake of small, nonpolar molecules, our combined experimental and computational
insights suggest that we can maximise solubility by:

(i) Reducing the average pore size, and
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(ii) Increasing the extent of graphitic domains.

The former maximises the number of contacts between CO, and the pore wall, while the
latter strengthens the dispersion and quadrupole-7 interactions between these species.
These design principles are likely to be transferable to other small molecules, e.g., Ny, CHy
and O,, where dispersion and size effects dominate [310, 320]. In practice, we can realise
small-pore, highly graphitised carbons either using carbide-derived carbons (with a tight
control over the precursor carbide structure) [328] and/or zeolite-templated carbons [329],
followed by high-temperature annealing to remove functionalisation whilst preserving the
microporous structure.

Whilst we have presented a consistent mechanism for CO4 oversolubility in nanoporous
carbon, the role of the electrolyte (e.g., deionised water vs. Nay,SO,) and pore size/topology
warrants further study. We know from Fig. 5.1 that switching from Na,SO, to pure
water leaves CO, SE values unchanged but cuts the HCOj3 solubility almost in half.
Microscopically, it is currently unclear why this takes place. Extending our work to
incorporate Na™/ SO, ions could help elucidate the mechanism driving ion uptake in
electrolytic media [330] (e.g., ion-pair formation, pH effects).

Concerning the role of pore size and topology, future work could look to employ
different types of nanoporous carbon model. In this chapter, we have utilised simple pore-
slit models for simulating nanoporous carbon. These highly idealised geometric models
constitute an efficient means of approximating porous carbon environments, enabling
us to characterise solute-pore interactions in a clean and controlled manner [331-334].
However, such simple geometric models clearly have limitations. Pore-slit models represent
a quasi-2D approximation to 3D networks and thus miss many distinctive geometric and
topological effects, e.g., connectivity and percolation, tortuosity, curvature and roughness,
and site heterogeneity. Whilst the idealised pore-slit model is appropriate for modelling
CO, oversolubility effects (which are maximised in graphitic domains), it is clear that our
current description of pore environments is not complete. Going forward, it might be
prudent to look at more sophisticated pore-structure approximations. This could include

simulating constructed atomistic models with prescribed motifs (e.g., including curvature
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or controlled defect/functional-group placement) or even reconstructed synthesis-informed
models generated directly from atomistic simulations mimicking experimental synthesis
[327, 335]. Using these structural models, we could obtain additional metrics regarding CO,
uptake in nanoporous carbon, for example, preferential adsorption locations within the 3D
network, the influence of curvature and tortuosity on CO, uptake, and how heterogeneity
can modify the physical and chemical properties of the porous material. Following on from
this last point, in the following chapter (6), we utilise constructed geometric models to

isolate and quantify the influence of specific defect motifs on solvated nanoporous systems.



Chapter 6

Solid-Liquid (II) Interface: Point

defects in nanoporous carbons

There is no excellent beauty that hath
not some strangeness in the
proportion.

Francis Bacon

Essays - ‘Of Beauty’

In the first Solid-Liquid chapter, we detailed results on the physical adsorption of CO,
molecules confined to carbon nanopores. In an attempt to improve our description of
nanoporous environments, we now extend this model to look at defective graphene systems.
We specifically focus on point defects (i.e., single vacancies, double vacancies, Stone-Wales
defects) and their behaviour under solvent-saturated conditions. The results detailed in

this chapter constitute ongoing work.

6.1 Context

The combination of spectroscopic measurement and computational modelling has proved
invaluable for elucidating the nature of nanoporous carbons and in-pore molecular behaviour

[336]. To date, most computational studies have utilised simple graphenic pore-slit
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environments. In reality, nanoporous carbons are not uniform stacks of idealised graphene
sheets. They are heterogeneous, highly disordered three-dimensional networks blending
together a range of topologies and chemical functionalities. Spectroscopy has identified
the existence of various structural motifs and inhomogeneities, from impurity atoms and
functional groups to corrugated domains and edge-site terminations [337-342]. Together,
these make for a complex functional material, the properties of which are determined by
the local structuring and chemical composition.

The deliberate introduction of defects provides a means of modulating the electronic,
magnetic, and mechanical properties of graphenic and graphitic materials. Pristine
graphene is a zero-band-gap material [343], displays high thermal conductivity and tensile
stress [344, 345], and exhibits a low basal-plane chemical reactivity [346, 347]. Defects -
such as vacancies, edges, lattice corrugations and topological distortions - alter this baseline.
For example, edge defects (which arise naturally from the termination of graphene sheets
and nanoribbons) can induce band gaps and semiconducting behaviour in graphene sheets
[348]. Similarly, introducing corrugation or curvature (as observed in carbon nanotubes)
can help stimulate reactivity through mechanical strain effects [349, 350]. Heteroatom
doping provides levers to tailor the charge distribution and catalytic properties [351].

Of the various types of graphene defects, atom vacancies are among the most common.
These vacancies can arise during the synthesis process, or they can be artificially engineered
through ionic or electron irradiation [352-354]. The single vacancy (SV) - created by the
removal of just a single carbon - was first observed in graphene in 2004 [355]. Other point
defects, including the theoretically predicted Stone-Wales defect [356], were later observed
using transmission electron microscopy [357]. Nowadays, spectroscopic studies are able to
regularly observe and characterise such defects [339, 358, 359].

At the atomistic scale, much of our insight into point defects comes from DFT cal-
culations performed under gaseous conditions [360]. Once placed in a graphene sheet,
these motifs have the potential to alter both the structural and electronic properties of the
local environment. The SV, for example, is characterised by an enhancement in the local

electron density. This enhancement arises from the creation of unbonded o and 7 electrons
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Fig. 6.1 Overview of point defects in graphene sheets. (a) Diagrams showing the single
vacancy (SV), double vacancy (DV), and Stone-Wales defects formed following the irradia-
tion of a graphene sheet. In the case of the SV and DV defects, we show structures both
with and without Jahn-Teller distortion. (b) Schematic showing the predicted electron
distribution of the two unbonded electrons found in SV systems.

upon the removal of an atom from the graphene plane. The o electron becomes localised
at one of the carbon sp? sites whilst the 7 electron is delocalised over the p orbitals
of the A sub-lattice (see Fig. 6.1b). The extent of this delocalisation and the resulting
magnetisation of the system are still a point of contention, but studies agree this lies in
the range of 1 — 2 up [361-364]. Overall, the SV serves as both a hydrophilic and highly
reactive centre in an otherwise hydrophobic graphene plane. Indeed, this centre has been
observed to quite readily strip protons from nearby molecules, with NEB studies showing

that water can decompose to form a range of chemisorbed defect structures [365-367]. In
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contrast, the DVs and SWs defects are chemically inert, though they can impose interesting
local geometric constraints as well as participate in electron-mediated diffusion processes
(368, 369].

The SV, DV, and SWs defects have received significant attention from gas-phase
studies. However, a description of these point defects under solvated conditions is currently
missing. FF modelling is precluded on the grounds that SVs are highly reactive species
that trigger bond making and breaking events. Ab initio studies are frustrated by the
difficulty associated with converging spin-polarised calculations, thus limiting studies
to the picosecond range. To our knowledge, no previous study has attempted to fully
characterise the physicochemical nature of solvent-saturated point defect systems. Seeking
to address this, we identify two open questions surrounding point defect systems: how do
point defects influence the structuring of surrounding aqueous media; and how are the
relative defect stabilities affected by explicit solvation. In answering these questions, our
work seeks to provide a more realistic description of nanoporous environments as well as
inform on design choices in the synthesis of functionalised carbon materials.

In this section, we present preliminary results from our work looking at solvated point
defects. Using a diverse training dataset labelled with spin-polarised DFT data, we train
a MACE model to treat SV, DV, SWs defects under both gaseous and solvated conditions.
Free MD simulations confirm the SV site to be both reactive and hydrophilic, leading to
prominent H,O adsorption (and even reaction) at 300 K. The DV and SWs defects, in
contrast, exhibit no prominent adsorption. NEB calculations confirm the suitability of our
model for treating reactive SV systems, with preliminary free energy results suggesting
spontaneous H,O dissociation under solvated conditions. Together, these results confirm
the rich chemistry enabled by defect manufacturing in basal graphene planes. Future work
in this project will look to obtain a more direct comparison between the relative defect
stabilities of chemisorbed SV sites as well as electron distributions under bulk and gaseous

conditions.



6.2 Methods 108

6.2 Methods

In this work, we train a two-layer MACE potential using structures labelled with DFT-
level energies and forces. Structures were generated using a variety of methods, including
through use of foundation MACE models (MP0)[160], through AIMD, and from preliminary
NEB and umbrella integration runs. In total, some 6500 structures were generated,
with configurations including defects under solvated, partially solvated, and gaseous
conditions. For each configuration, single-point DFT calculations were performed using
the QUICKSTEP functionality of CP2K [119, 120]. Calculations were performed using
unrestricted Kohn-Sham theory, with an initial multiplicity of M = 3 set for spin-polarised
structures and M = 1 for the spin-zero structures. For the SV calculations, an initial
magnetisation of 0.6 up was applied to the three radical carbon atoms surrounding the defect
site. We chose the revPBE functional augmented by Grimme’s D3 corrections [95, 115, 218]
owing to good bulk and interfacial predictions for water [219-222]. Goedecker—Teter—Hutter
(GTH) pseudopotentials were selected for the treatment of core electrons, whilst the TZV2P-
GTH (O and H) and DZVP-MOLOPT-SR-GTH (C) basis sets were chosen for valence
electron density. An auxiliary plane-wave cutoff of 1200 Ry was employed.

A two-layer MACE model was generated with 128 channels and a maximal message
equivariance of L = 1. A radial cutoff of 5 A was selected, which equates to an effective
receptive field of 10 A after message passing. The final model exhibited training RMSEs
of 0.6 meV/atom and 31.6 meV/ A for the energies and forces, respectively. These compare
with MAEs of 18 meV /atom and 39 meV/A for the MACE-MPO energies and forces,
respectively [160].

Molecular dynamics simulations were run using LAMMPS [229, 230]. Simulations were
performed using the NPT ensemble (Nosé-Hoover-style, anisotropic dimension control)
at 300 K and 1 bar. Deuterium masses were used for the hydrogen atoms along with
a timestep of 1 fs. For generating the potential energy profiles, NEB calculations were
performed using ASE [370] with 20 system replicas. The reactant (image 0) and product

(image 19) states were first geometry-optimised and the interconnecting states generated
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Fig. 6.2 SV acts as prominent adsorption site for water molecules. (Left) Snapshot of
system used to probe contact layer. Setup includes ~ 190 water molecules in contact with
a sheet of ~ 50 carbon atoms. (Right) 2D frequency histograms of water residing at the
contact layer of the defect system (within 4 A of sheet). Profiles are shown for oxygen
(Ox) and hydrogen (Hy) atoms.

via IDPP interpolation [371]. The resulting images were optimised using the BFGS
optimiser. The revPBE-D3 potential energy curves were generated from single-point DFT

calculations on the MACE-generated images.

6.3 Results

SVs as hydrophilic centres

To gauge the influence of defect sites on the surrounding solvent, we performed free MD
simulations modelling the interaction of a defective graphene sheet with water. Simulations
were run over 0.5 ns using the NPT ensemble. A typical system setup is shown on the

left-hand side of Fig. 6.2. From these simulations, we obtained 2D frequency histograms of
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the contact layer positions of HyO at the graphene-water interface. These were obtained
for the SV, DV, and SWs defect, and the results are shown on the right-hand side of Fig.
6.2. Here, we show both the distribution of the oxygen atoms and hydrogen atoms. Higher
density regions are represented by the brighter areas of the distributions.

Looking at Fig. 6.2, we can see that SV sites promote the strong adsorption of water
molecules. Regions of high density are observed for both the oxygen and hydrogen
distributions at the geometric centre of the SV. In the case of hydrogen, the directionality
observed in the atom distribution (pointing towards the three radical carbons) suggests
some form of hydrogen bond formation between the adsorbed waters and the radical
carbons. In contrast, minimal adsorption effects are observed for the DV and SWs sites,
which display a relatively uniform oxygen and hydrogen distribution across the two sites. In
the case of the oxygen distributions, both the DV and SWs defects see slight enhancements
at the vacancy centre and at the graphenic ring centres, similar to what is observed for
pristine graphene sheets.

Intuitively, these observations make sense: the unquenched, localised electron in the
SV acts to form strong intermolecular bonds with the polarised water molecules.! In this
way, SVs act as hydrophilic centres in an otherwise hydrophobic basal graphene plane.
Conversely, for the DV (which undergoes spin quenching with JT distortion) and SWs
sites, there exist no unpaired electrons, and thus these systems act much the same as
planar graphene surfaces. In line with previous DFT calculations, we can say that DV
and SWs are chemically inert species (though they do engender out-of-plane distortions of
the graphene sheet).

In Fig. 6.2, we show that SV sites promote the strong adsorption of water molecules
at the graphene-water contact layer. To further explore these interactions, in Fig. 6.3,
we analyse SV-water binding and the potential for hydrogen bond formation between

water molecules and radical carbon atoms. At each frame ¢, we compute the minimum

In some runs, we observe reaction between water and the SV. Only the results from the unreacted
runs are shown here.
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Fig. 6.3 Water adsorbs at the SV through hydrogen bonding. (Left) Snapshot of a water
molecule adsorbing at the SV defect. (Right) Frequency histograms of the closest distance
of approach for oxygen (blue) and hydrogen (red). Curves are obtained for both the SV
(solid) and for pristine graphene (dashed), with arrows showing the shift in distribution
upon the introduction of the defect.

water-graphene distance as

nin (1) = _min_ - ||r;(t) —r;(8)]], (6.1)

1€C, jEOw

where r;(t) and r;(¢) give the positions of carbon ¢ and oxygen j at time ¢. In effect,
Eq. 6.1 determines the distance between the free-standing graphene sheet and the water
molecule situated closest to it. The distribution p(d) was then obtained by histogramming
{din (t) }152mes . We plot p(d) for both the single vacancy sheet (dark, solid) and for the
pristine graphene sheet (dashed, lighter).

Looking at Fig. 6.3, we see that the SV sites adsorb water molecules more closely
than pristine graphene sheets. Both for oxygen and hydrogen, the peak in the minimum
distances shifts to smaller values when a vacancy is present. This is a particularly noticeable
effect for hydrogen (dark blue, solid), which shifts 0.3 A closer to defective sheet than
for the pristine case. The peaks in the SV distances - 2.1 A for hydrogen and 2.8 A
- satisfy the typical conditions required for hydrogen bond formation. Accordingly, we
can suggest that the origin of the SV’s hydrophilic nature arises from the potential for
hydrogen bonding between the unpaired electron of the defect site and the surface-adsorbed

water. This insight is consistent with results from Chapter 5, where experimental and
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computational results suggest the importance of defect-free, graphene-like domains for
facilitating CO, uptake. That the introduction of defects reduces the oversolubility of
hydrophobic CO, molecules likely stems from the preferential attraction these sites display
for water molecules and other polar/ionic species.

It should be noted that, in some instances, this surface-adsorption becomes so strong
that we observe reaction between the SV and water in which the latter is stripped of one

of its protons. We further explore this idea of SV reactivity in the following section.

MLIPs for modelling reactive SV sites

Ultimately, we would like to understand how the stability and relative reactivity of vacancy
sites change upon immersion in solvent. As a result of its unpaired electrons, SV defects are
usually highly reactive and will readily undergo reaction with nearby molecules; previous
DFT studies have investigated the reaction with O, [372], CO, [373], NH3 [374], and
butane [375], among other molecules [376]. In the case of water, the SV defect reacts to
form various chemisorbed SV-H,0 species (see Fig. 6.4a) [365-367]. In Fig. 6.4a, we show
some of these chemisorbed species. Upon approaching the defect, water is stripped of one
of its hydrogen atoms by the bare defect, leading to the formation of a C-H bond and a
hydroxy C-OH group. In this spin-polarised hydroxy species, we observe proton transfer
between the OH group and the spin-polarised carbon atom, leading to the formation of a
ketone-like species. The ketone group can then undergo conversion to form the (slightly)
more stable pyran-like structure, either through stepwise chemical reactions or through a
concerted process.

To gauge the efficacy of our MLIPs for treating these various processes and species, we
first conducted a series of NEB calculations targeted at various chemisorbed states of the
gaseous single-vacancy defect. The results of these NEB calculations are shown in Fig.
6.4b-d for each of the conversion steps detailed for H,O chemisorption. These are compared
with potential energies calculated using the reference DFT method (revPBE-D3) as well
as previous DFT estimates from literature. Plots of the net Mulliken spin population M

and the sum of the absolute Mulliken spins M2 are include above each set of profiles.
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Fig. 6.4 MACE model reproduces gas-phase reaction energies with water. (a) Schematic
showing the stepwise conversion of the bare SV to form a pyran-like defect. Only atoms
outlining the defect are shown. (b) Nudged-elastic band (NEB) profile showing the
conversion of the bare SV to form the hydroxy defect. Profiles are shown for the MACE
model as well as the reference DFT method, revPBE-D3. Predictions are compared
with those of previous studies [366, 367]. Above the profiles, we plot the Mulliken net
spin populations (M) and the sum of absolute Mulliken spins (M) obtained from our
revPBE-D3 calculations for each frame. Similar profiles are shown for (c) the conversion
of the hydroxy defect to the ketone defect and (d) for the conversion between the ketone
and pyran defects. (e) Overall state energy profile connecting the bare defect to the pyran
defect. Energies are compared to those obtained in previous DFT studies [365-367]. (f)
Representative snapshot of the gaseous structures used to obtain the NEB profiles.
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An overall state energy profile connecting the bare SV defect to the pyran-like structure is
shown in panel e.

Looking at Fig. 6.4, we see a relatively good agreement between the predictions of our
MACE model and those of revPBE-D3 and previous literature estimates [365-367]. At each
stage of the reaction, the change in potential energy between the initial and final states is
consistent to within a couple of kcal/mol of revPBE-D3 values. Moreover, the qualitative
ordering in the stability of these defects appears accordant with predictions from previous
studies (panel e). However, there are some inconsistencies in the barrier predictions of these
various methods. Specifically, we note that our MACE model systematically underpredicts
barriers in the conversion between these species. This is particularly evident in panel d
where there is an almost 20 kcal /mol difference between the MACE and revPBE-D3 barrier
for the ketone-to-pyran conversion. Additionally, in panel ¢, we note that our current
system setup predicts an almost barrierless process for the hydroxy-to-ketone reaction,
contrasting with previous DFT predictions. Likely, discrepancies between our results and
those of previous work stem from the difficulty of accurately describing near-transition-state
regions at the DFT level. As can be seen in the Mulliken spin profiles, these regions exhibit
complex spin behaviour, with both non-magnetic (M, = M?> = 0) and antiferromagnetic
(M, = 0, M2® > 0) configurations being observed across a single reactive process. Likely,
the energetic proximity of distinct spin surfaces makes DFT barriers highly sensitive to
small changes in the atomistic positions and details of SCF convergence. At the same time,
it is probable that our current MACE model undersamples the out-of-equilibrium portion
of the potential energy surface corresponding to near-transition-state structures. Therefore,
additional training data targeting this regime (e.g., from umbrella sampling runs where
we can restrict sampling to specific parts of the reaction coordinate) will be included in
future models. At any rate, that the conversion between the hydroxy defect and the ketone
defect is barrierless does not seem surprising. Under the starting configuration, we have
an electropositive hydrogen atom geometrically constrained to the vicinity of an unpaired
electron; it would not be unreasonable to suggest rapid attack of the carbon radical on

the hydrogen atom here.
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6.4 Summary

In an effort to extend and improve our description of nanoporous environments, this
chapter has reported an initial characterisation of graphene point defects under fully
solvated conditions. We find that the SVs act as a hydrophilic centre in an otherwise
hydrophobic graphene plane, leading to prominent aqueous adsorption and, in some cases,
even reactivity. The hydrophilicity of these sites arises from hydrogen-bond interactions
between the spin-polarised defect site and the adsorbed water molecules. Furthermore,
we demonstrate that these adsorbed waters can undergo decomposition to form various
chemisorbed states. The predicted energies and relative stabilities are consistent with
previous modelling using DFT methods. Our work highlights the potential of the defect
engineering of SV sites as reactive centres for effecting controlled chemical transformation.

Together with the results presented in Chapter 5, these insights highlight the intricate
properties of nanoporous carbon systems. These materials exhibit a wide spectrum
of properties according to their structuring and composition; our work shows how we
can tailor these towards specific applications. For example, we can facilitate small-
molecule adsorption by engineering carbons with small pore domains and a high level of
graphitisation. Conversely, if we want to promote ion or polar molecule uptake, we can
synthesise carbons with high levels of structural or compositional heterogeneity in the
form of defects, heteroatom doping, and lattice corrugation effects. Recent studies on
supercapacitor energy-storage devices have explored this principle [53]. The authors showed
that the overall capacitance of such devices is directly linked to the level of disorder in the
carbon electrodes, which acts to promote localisation of the charge in the lattice plane.
Extending our work to treat electrolytic solutions (e.g., NEt,BF,/ACN (1 M)) would
provide valuable insights on ion behaviour and charge-storage mechanisms in disordered
carbon. Likely, in contrast to what was observed with HCO5; under pristine graphene
conditions (see Fig. 5.2), the defect sites will promote the adsorption and accumulation of

ions at the carbon surface, thereby explaining the observed capacitance trends.
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Beyond molecule uptake and adsorption, nanoporous carbon material could also
function as ‘nanoreactors’ through the engineered placement of SV defects. We have
demonstrated the inherent reactivity of these sites under gaseous and solvated conditions.
By tailoring the location and concentration of these defects, it may be possible to create
designer lattice frameworks capable of effecting targeted chemical synthesis with control
over rates, pathways, and product conversions. Whilst the experimental realisation of such
a framework remains challenging, defect engineering remains an active field of study [377],
and the insights obtained from our MD simulations could help inform on future syntheses
and applications.

Having understood the influence of point defects on the structuring of the surrounding
media as well as their intrinsic reactivity, future work will look to fully address the influence
of solvation on defect-mediated chemical reactions. Making use of umbrella integration,
we intend to probe the various stages of reaction in converting from the bare defect to the
pyran-type reconstructed state. Results will be analysed and compared for both gaseous
and solvated conditions. We anticipate that explicit solvation will help facilitate certain
reactive processes (e.g., the initial attack of water on the SV site) while also changing the
relative energies of the chemisorbed states (e.g., stabilising the chemisorbed hydroxy state
through hydrogen bonding with the surrounding aqueous media).

Once the base reactivity of SVs is determined, we then aim to understand the adsorption
and reaction of CO, molecules at defective graphene. Previous work has shown that
individual CO, molecules can react and decompose at SV sites to form pristine graphene
plus O, [373, 378]. In this way, the SV + CO, reaction could provide a new mechanism
for repairing holes in defective graphene sheets. Using MD simulations, it would be
interesting to evaluate the feasibility of this scheme as a means of producing highly
graphitic nanoporous carbon, e.g., by passing supercritical CO, through the porous

structure.



Chapter 7

Conclusions

The universe is made of stories, not of
atoms.

Muriel Rukeyser
The Speed of Darkness
In a world beset by rising temperatures and an ever-changing climate, the solution
to our problems lies at surfaces and interfaces. These regions provide the means to
capture, store, convert, and utilise anthropogenic CO, [379, 380], enabling the production
of useful synthetic and industrial compounds whilst simultaneously mitigating some of the
harsher effects of climate change. As we have shown, aqueous interfaces incorporating COq
molecules display a plethora of interesting physicochemical properties and phenomena.
Understanding these properties at the microscopic scale can help inform decisions made at
the macroscopic scale, thereby influencing the design and implementation of future CCS
strategies, e.g., selecting appropriate underground reservoirs for liquefied CO4 injection
or designing new nanoporous electrodes to help maximise CO, uptake in electrochemical
systems.
This thesis represents the culmination of four years” worth of work aimed at improving
our understanding of CO, molecules at aqueous interfaces. In Chapter 1, we identified
four outstanding questions on the nature of CO,-H,O interfaces. From our work, we

found that, for ambient conditions at the air-water interface, CO, reacts with water via
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a novel ‘in-and-out’ mechanism. This process is characterised by a dynamic reaction
site, one that adapts its position according to evolving solute-solvent interactions and
which engenders bulk-like properties for an inherently interfacial process. For higher
pressure simulations and multiple CO,’s, we found that we could extend interfacial tension
measurements using a combination of MLIPs and replica exchange MD. We determined
that, with increasing pressure, CO, accumulates in a layered fashion at the water surface,
forming a CO, monolayer at p < 20 bar with properties akin to those of liquid CO,. And
finally, for solid carbon-water systems, we provided an atomistic rationale for the observed
oversolubility of CO45 molecules in nanoporous carbon under ambient conditions. Within
these environments, CO, preferentially locates at the pore wall, a phenomenon associated
with favourable COy-wall interactions that out-compete those between the solvent and
the wall. Citing certain limitations of the pore-slit model, we then provided details of
current work looking to improve and extend our current description of nanoporous carbon
environments. From our preliminary work, we recognised single vacancies as hydrophilic
centres in an otherwise hydrophobic basal plane, and highlighted the potential of SVs as
reaction sites in otherwise inert graphene planes.

Alongside addressing these open questions, we highlight three key takeaways regarding
CO, at aqueous interfaces: (i) CO, preferentially does not mix with H,O at ambient tem-
perature; (ii) the properties of COo-H,0 interfaces are determined by the local conditions
and surrounding environment; (iii) and MLIP methodology has reached the necessary
maturity to enable the routine modelling of complex, interfacial regimes.

The first of these insights might appear somewhat obvious. Water is a polar molecule
that exhibits a strong molecular dipole (1.85 D [381] in gas phase, ~ 2.9 D in bulk water
[382]) and undergoes extensive hydrogen bonding with neighbouring molecules. In contrast,
CO, is non-polar and mainly interacts with other species via quadrupole, dispersion or
induced-dipole interactions [29, 383]. In our work, we have seen many manifestations of
this lack of mixing between these molecules. At the air-water interface, we identify CO,’s
preferential location as being out of solution, on top of the interface. Whilst dispersion and

induced-dipole forces facilitate CO, adsorption at this interface, these interactions are not
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sufficiently strong to break the lateral network of hydrogen bonds between interfacial waters
[384]. Then, at the liquid-liquid interface, we see how, even under immense pressures, the
CO, and water fractions retain their cohesive integrity. Only partial dissolution of CO,
in H,O is observed, whilst H,O appears completely insoluble in the CO,. And finally, at
the graphene-water interface, we observe that CO, is confined to the edge of the pore-slit
environments, preferring to adsorb at the graphene walls than undergo dissolution in the
more bulk-like components of the solvent. Likely, the phenomena detailed here are relevant
to other molecule-water systems (e.g., Hy, CHy), and our insights are applicable to the
design of novel molecular separation schemes [385, 386].

In terms of the second insight from this work, recognising the relative insolubility of
CO, in water, we see that the most interesting properties and phenomena of these systems
are found at interfaces [30]. These spatially anisotropic regimes are unique in providing
distinct solvation or phase environments over distances of just a couple of A. Citing the
limitations of FFs and AIMD (see Chapter 2), these regions have until now received
comparatively little attention compared to bulk solution. Targeting these interfacial
regimes, in Chapter 3, we uncover a new surface-mediated reaction mechanism between
CO, and water. This previously undetermined mechanism highlights the dynamic nature of
reaction sites at aqueous interfaces, something that we believe to be a general phenomenon
for other interfacial reactions and processes. This has likely implications for fields such as
organic chemistry (e.g., for ‘on-water reactions’ which undergo acceleration at aqueous
interfaces [387]) and nanochemistry (e.g., nanodroplets as a form of reactor for chemical
synthesis [388]). At the liquid-liquid interface, we observe novel CO, accumulation at the
water interface with increasing pressure, a phenomenon likely associated with cross-phase
and dipole-induced CO,-H,0 interactions (something that FF modelling usually misses).
And at the graphene-water interface, we find that molecular adsorption and reaction
propensities can be modulated by controlling the pore topology and functionalisation.
Through the deliberate engineering of graphitic and defect-rich regimes, we can likely
tailor similar adsorption/reaction processes for other molecules, e.g., for chemical synthesis

or industrial manufacturing.
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And finally, making note of the various insights obtained in this work, we remark that
all of this was made possible by the advent and subsequent maturity of MLIP techniques.
The complexity and size of these interfaces - from the air-water to the liquid-water to the
solid-water - would have previously precluded any sort of ab initio-level modelling. Indeed,
even the simplest unconstrained MD simulation would be impeded by large computational
costs and issues with SCF convergence. However, by combining the power of established
sampling techniques (e.g., umbrella integration, metadynamics, replica exchange) with
the efficiency and accuracy of now-mature MLIP approaches, we have been able to
acquire various properties and insights at a first-principles level. This includes equilibrium
properties (e.g., densities, orientations), mechanical observables (e.g., interfacial tensions),
and free energies (e.g., of reaction and diffusion). In Chapter 3, we even obtained beyond-
DFT accuracy by training an MLIP on RPA reference data. Extending MLIPs towards
post-DFT (CC) accuracy now constitutes an active and promising field of research in the
atomistic modelling community [389, 390].

Concerning the next steps for this work, there is a lot to be done to extend and
improve the projects detailed in this thesis. An overarching improvement would be to
include ionic species in our modelling, thereby improving the realism of our models and
aligning our work more with experimental conditions. In the case of the air-water and
liquid-water projects, this would involve incorporating sodium and chloride ions to our
training data. Likely, this will alter some of the thermodynamic properties, e.g., stabilising
reaction intermediates as well as disrupting aqueous surface cohesion through sub-layer
ion adsorption [204, 391, 392]. There is also the potential for Na™ and CI to catalyse the
CO, hydration reaction, thereby exacerbating current acidification predictions. Future
work could potentially investigate preventative measures against carbonic acid formation,
e.g., using natural or biologically derived surfactants to suppress CO, exchange at the
ocean surface [393, 394]. In the case of the solid-liquid interface, modelling the influence
of the electrolyte (Na™, SO/, HCOj3) on CO, uptake and in-pore behaviour would also
be a worthwhile pursuit [306, 330]. In the more immediate future, however, work will be

undertaken to fully characterise the nature of defects under solvent-saturated conditions,
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discerning exactly how solvation changes the structural and reactive properties of these
defect sites.

Looking at the field of molecular simulations as a whole, there is a lot to be excited
for going forward. The continual development of MLIP architecture and methods is ever
opening new avenues for scientific exploration [38]. Foundation models are becoming
increasingly more accurate and generalisable [395] and will help facilitate many of the
new projects undertaken as part of this work and beyond. With all these new various
methods and models, I think it is important that we are able to step back and assess the
current methodological landscape. In a field that seems to change by the week (indeed,
the MLIP frameworks I used at the start of this PhD are not the same as the ones [ am
finishing with), it is important that we are able to stop and utilise the available techniques
towards obtaining insights into new and interesting systems. Method development, for all
its usefulness, is nothing without application. In my PhD, I have used this conviction to
help uncover new fundamental insights into the nature of atoms and molecules.

In summary, in this thesis we have uncovered a new reaction mechanism relevant to air-
water interfaces, reported novel CO5 accumulation at pressurised liquid-liquid interfaces,
and showed that CO, uptake in nanoporous environments is mediated by pore wall
adsorption. Methodologically, we have shown that MLIPs coupled with established free
energy methods deliver first-principles accuracy for complex interfacial systems. Whilst
certain aspects of this can be improved in future work (e.g., beyond-GGA baselines,
extended training domains, improved sampling techniques), the framework utilised is
readily extendable to electrolytic environments and defect-rich carbon environments. The
work presented in this thesis connects atomistic insights on the nature of CO, and water

with practical strategies for carbon capture and utilisation technologies.
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Appendix A

Supplementary Materials for Chapter
3

Here, we provide supplementary material relating to the contents of Chapter 3. Specifically,
we give details of our model development, model validation, metadynamics simulations,
additional structural analysis, and convergence monitoring. A repository containing the
simulation data and files can be located at:

https://github.com/water-ice-group/interfacial_reactivity.

A.1 Model Development

Reference method validation

The following section contains details on our main (revPBE-D3) model and the validation
tests used to assess its quality. In Fig. A.1, we compare the predictions of our chosen
functional, revPBE-D3 - used to generate the training forces and energies - with those of
DLPNO-CCSD(T)-F12 (def2-QZVPPD basis set). We obtained an optimized gas-phase
reaction path using NEB simulations at the revPBE-D3 level of theory. Predicted energies
were compared with DLPNO-CCSD(T)-F12 energies obtained using ORCA for the same
structures [224, 225]. Overall, we find satisfactory agreement between the two methods for

AF and AF* to within 1.5 keal /mol.
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Model training and validation

In total, some 8000 structures - labelled with revPBE-D3 forces and energies - were
used in the training of our MACE model. To aid with visualisation, these structures
are transformed using the Uniform Manifold Approximation and Projection (UMAP)
technique [216, 217] into the 2D projection shown in Fig. A.2. UMAP works by using
local manifold approximations to construct topological representations of high-dimensional
data. The layout is optimised by minimising the cross-entropy terms between these
representations, leading to a clear separation of points in low-dimensional space [216].
Looking at the configurations in Fig. A.2, we see a range of different types of structures,
including pure CO,, pure H,O, and combined CO,/H,0 systems. The ability of our model
to reproduce the underlying revPBE-D3 forces and energies for these structures is shown
in Fig. A.3. Here, we plot MACE predictions on the forces against those of DFT for a
random subset of test-set structures. Additionally, we compare MACE and DFT structural
predictions for pure water, CO, in water, and carbonic acid in bulk water in Figs. A.4,
A5, and A.6, respectively. For both force/energy and structural predictions, we find
a satisfactory agreement between the predictions of our model and those of reference
revPBE-D3 calculations.

To test the interfacial predictions of our model, we extracted a compact subset of
50 structures corresponding to the five different molecular states found at the air-water
interface: CO, on top of the interface (COy(1)); CO, within the air-water interface
(CO5({)); the transition state (TS*); bicarbonate (BiC); and carbonic acid (CA). For each
state, the force predictions of our MACE model were compared with those of revPBE-D3
for increasingly large radial cutoffs about the central, reactive carbon molecule. Results
of this analysis are displayed in Chapter 3 in Fig. 3.2a, where we can see consistently
low errors across all five interfacial states. The more prominent force deviations seen for
TS* and BiC likely stem from having fewer of these types of structures in our dataset;

nonetheless, the overall errors are low relative to the total dataset error (28.8 meV/A),
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suggesting a good ability of our model to reproduce the reaction of CO, at the air-water
interface.

To further assess the ability of our revPBE-D3 model to accurately describe interfacial
chemistry, we decided to compare its energy predictions with those of coupled-cluster
theory. Taking the 50-structure interfacial subset discussed above, we extracted carved-out
clusters of the reactive carbon species and the closest 9 or 10 water molecules, keeping
each cluster at 33 atoms in total. Single-point potential energies were calculated at the
DLPNO-CCSD(T) (def2-TZVPPD basis set) level of theory using ORCA and then compared
to our MACE predictions. The results of this analysis are shown in Fig. 3.2b, which
plots the potential energy against the state identity. We see a close agreement between
CCSD(T) and MACE energies, which agree to within the uncertainty of their error bars.
Assuming that the most prominent contributions to the potential energy of interfacial
states arise from local contributions, these results suggest we can be confident in our
model’s reactivity predictions for interfacial structures and processes.

To confirm the ambient nature of our model’s 300 K simulations, we performed solid-
liquid coexistence simulations. In this analysis, we ran NPT simulations using equilibrated
ice-water biphasic systems. In Fig. A.7, we show how the fraction of ice structures gradually
reduces with time before disappearing completely at around 550 ps. These observations
confirm that our MACE model correctly predicts water to be the most stable phase under

ambient conditions.

BLYP-D3 and RPA Models

The bulk and interfacial properties of condensed-phase systems are dependent upon the
choice of underlying theory. Whilst our decision to train a MACE model on revPBE-D3
is grounded on its well-documented performance for aqueous systems [219-222], it is
important that we can show that the main conclusions of this paper - the idea that certain
interfacial reactions can proceed via an “in-and-out” mechanism - are robust with respect

to differences in the underlying theory. Accordingly, we generated new MACE models
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at two differing levels of theory to test the proposed mechanism. First, we developed a
new DFT model at the BLYP-D3 level. This was done by recalculating all force and
energy labels of our 8000-structure dataset (with otherwise identical DFT parameters) and
then training a new model from scratch (energy RMSE: 1.3 meV /atom; force RMSE: 67.8
meV/A). In addition, we used transfer learning to obtain a MACE model at the RPA level.
We implemented this training using a 700-structure subset of the main structural dataset
consisting of 500 bulk structures (that is, CO,, bicarbonate, carbonic acid, and transition-
state-like species in bulk water) and 200 gaseous structures (energy RMSE: 1.2 meV /atom;
force RMSE: 18.8 meV /A). The structural predictions of these models - specifically, the
bulk density p and the interfacial tension « - are shown in Table A.1. Density estimates
were obtained through N PT' simulations at 300 K and 1 bar pressure; v estimates were
obtained using NVT simulations of 180-water molecule systems (15 x 15 x 100 A). For
v, we used the Kirkwood-Buff approach for calculating interfacial tensions [292]. Good
agreement is found between the predictions of our models and those of prior ab initio
studies, with densities replicated to within 1 % and ~ predictions consistent to within
their error bars. The simulations used to support the findings of this work are shown in

Fig. 3.7 and Fig. 3.8.

A.2 Metadynamics

Performing metadynamics simulations requires an appropriate selection of collective
variables (CVs). For the CO, + H,0 reaction, we use two main CVs: a coordination CV to
probe the number of oxygens attached to carbon, allowing us to distinguish between CO,
and the product species; and a protonation-state CV to count the number of hydrogen
attached to carbon-bound oxygens. The nature of these CVs varies with system type and

are defined in the main text.
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Free energy convergence

For each metadynamics simulation, we obtain more than 50 ns worth of structural and
thermodynamic data and observe 10 or more crossings in each instance. To check the
free energy convergence, we plot AF' values for the product(s) of reaction as a function
of individual walker time. These are shown in Figs. A.8-A.10 for the gaseous, bulk, and
interfacial reactions.

Whilst not undertaken here, further confidence in our metadynamics work could be
obtained through the learning of committor functions for each reaction type. These
functions quantify the probability that a system starting at some configuration reaches
the product state B before returning to the reactant state A. For the true transition state
&S, q(€) values will be centred around 0.5. Determining whether the transitions states
from Figs. 3.3-3.4 align with 53 would enable an assessment of the quality of our CVs -
and therefore the final FEP - for predicting near-transition-state behaviour. Calculating
error bars for our profiles, either through block averaging or through other free energy

estimators, would further aid in this assessment.

A.3 Additional Analysis

Bicarbonate conversion

In Fig. 3.4, our minimum energy profiles for the bulk and interfacial reactions show a
shallow minimum for the bicarbonate species. To confirm this part of the profile as an
actual minimum, we perform additional analysis on the conversion between bicarbonate
and carbonic acid. Umbrella sampling simulations were conducted to obtain the free energy

profiles corresponding to the loss (gain) of a proton from carbonic acid (bicarbonate),

HCO; + H30+ — HQCOg + HQO, (Al)
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under both bulk and interfacial conditions. Profiles are shown in Fig. A.11 as a function of
a simplified aqueous protonation state s(om),, in which we specifically assign carbon-bound
(Oc) and -unbound (Ow) waters. Under both bulk and interfacial conditions, there is a

clear minimum in the free energy profiles around sony,, = 1, corresponding to bicarbonate.

aq

Differences between these profiles and those presented in Fig. 3.4 of the main text can be

ascribed to differences in the methodology as well as the collective variable used.

Structural analysis

In Fig. 3.6, we present a series of profiles relating to the density, solvent interactions, and
degree of hydrogen bonding for each of the main species involved in the CO, hydration
reaction. To extract the relevant data for analysis, we specify specific cutoffs in CV space
for each species around its equilibrium structure. These regions are shown Fig. A.12.
Structures encountered during the metadynamics runs with scoy and son) within these
thresholds are extracted for profiling.

To understand how the density profiles of Fig. 3.6 compare with those from free MD
simulations, we plot the latter for each species in Fig. A.13. These simulations were
performed using the same system setups as used in the metadynamics runs. Simulations
were performed under the NVT' ensemble, with a total run time of 2.5 ns for each system.
It is interesting to note the resemblance these profiles show with those extracted from the
metadynamics runs. This is indicative of a convergence in the metadynamics runs and
suggests that we are able to recover equilibrium positions from our enhanced sampling
runs through the isolation of the equilibrium structures.

In addition to the species discussed above, in Fig. A.14 we also show the density
profile obtained for the hydronium ion (H;0™) obtained from free MD. The setup for this
simulation is similar to that discussed above; the only difference comes with the exchange
of the main carbon molecule for an additional H". Similar to previous simulations, we
find that the H3O™ ion adsorbs at the air-water interface. Using AF = —RTIn(p/po), we

find that this profile relates to an adsorption energy of —1.3 kcal/mol. This is in exact
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agreement with previous measurements obtained from experimental SFG [242], attesting

to the quality of this potential for treating ions at aqueous interfaces.
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Fig. A.1 Potential energy curve obtained from nudged elastic band simulations of the
gaseous CO,y + H50 reaction. System setups consist of a single CO, and a single H,O

molecule. Results are plotted for both revPBE-D3 and DLPNO-CCSD(T)-F12 (def2-
QZVPPD basis set) levels of theory.
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Fig. A.2 2D UMAP projection of the structural dataset used to train our MACE model,
shown alongside snapshots of representative structures. A total of some 8000 structures were
used for training. Structures were extracted from free MD simulations, from simulations
employing some restraint on a distance or coordination CV, and from metadynamics runs.
The most appropriate structures for training were identified using a ‘Query-by-Committee’
procedure, as described in Ref. [215].
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Fig. A.3 Comparing MACE and DFT force predictions. (a) Plot of the forces predicted
by MACE against those of DFT. Forces are calculated for a random selection of 500 test
structures. Total energy and force RMSEs are shown at the top of this figure. (b) Plot of

the difference in MACE and DFT forces against the reference DFT forces.
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Fig. A.4 Radial distribution (g(r)) for Ow-Ow pairs obtained from ab initio MD and
MACE-MD and plotted against distance r. AIMD simulations were run for 22 ps. MACE
simulations were performed for 1 ns. System and simulation details are shown above.
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Fig. A.5 Radial distribution (g(r)) for C-Ow pairs (CO,-water) obtained from ab initio
MD and MACE-MD and plotted against distance r. AIMD simulations were run for 45
ps. MACE simulations were performed for 1 ns. System and simulation details are shown
above.
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Fig. A.6 Radial distribution (g(r)) for C-Ow pairs (carbonic acid - water) obtained from
ab initio MD and MACE-MD and plotted against distance r. AIMD simulations were run
for 20 ps. MACE simulations were performed for 1 ns. System and simulation details are

shown above.
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Fig. A.7 Solid-liquid coexistence analysis at 300 K and 1 bar. (Left) The biphasic setup
used for this analysis. Ice and liquid water phases were constructed in a 1:1 ratio (192
molecule each). NPT simulations were performed over 1 ns, during which the locally
averaged Steinhardt g, order parameter (L=6, w;) was monitored as a function of time.
G values greater than 0.42 were ascribed to ice-like geometries; values less than 0.42 were
ascribed to water-like geometries. (Middle) Plot of the fraction of ice-like environments
at each stage of the simulation. The disappearance of the ice phase occurs at around 550
ps, coinciding with a sharp drop in Gg. (Right) Snapshot of the final system configuration
following the disappearance of the ice phase.
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Fig. A.8 AF of carbonic acid (relative to CO,) in the gas phase plotted as a function
of the (individual) walker time. Cumulative walker time amounts to over 60 ns for the
gas-phase reaction.
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Fig. A9 AF of carbonic acid and bicarbonate (relative to CO,) in bulk plotted as a
function of the (individual) walker time. The free energy difference between bicarbonate
and carbonic acid are plotted below. Cumulative walker time amounts to over 50 ns for
the bulk reaction.
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Fig. A.10 AF of carbonic acid and bicarbonate (relative to CO,) at the interface plotted
as a function of the (individual) walker time. Free energy differences between bicarbonate
and carbonic acid are plotted below. Cumulative walker time amounts to over 50 ns for

the interfacial reaction.
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Fig. A.11 Free energy profiles tracking the deprotonation of carbonic acid (right-hand
side) to form bicarbonate (left-hand side) in bulk and at the air-water interface. Free
energies were obtained from umbrella sampling simulations and are plotted as a function
of the protonation state of the carbon species. Errors obtained from this integration are
plotted as shaded regions. Umbrella sampling simulations were run for 100 ps per umbrella
under the NV'T ensemble using the same bulk and interfacial system setups employed for
metadynamics simulations.
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Fig. A.12 The interfacial free energy profile of reaction, labelled with the state boundaries
used to isolate CO,, bicarbonate, carbonic acid, and TS* structures for analysis.
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Fig. A.13 Density profiles obtained for CO,, bicarbonate, and carbonic acid from free MD
simulations. Simulations were performed under the NVT ensemble for a duration of 2.5
ns and using the same system setups as with our metadynamics interfacial run. Densities
are plotted as a function of the distance from the instantaneous interface (water density

given by y axis, carbon densities on arbitrary scale).
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Fig. A.14 Density profile obtained for the hydronium ion from free MD simulations.
Simulations were run under the NV'T ensemble for 2.5 ns using the same interfacial setup
as with the metadynamics runs. Densities are plotted as a function of the distance from
the instantaneous interface (water density given by y axis, hydronium density on arbitrary

scale). Using AF = —RTIn(p/poy), we determine a free energy of stabilization of — 1.3
kcal/mol for hydronium at the interface.
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Table A.1 Key properties and predictions for the revPBE-D3, BLYP-D3, and RPA MACE
models. For each model, the training errors - taken as the RMSE between the MACE-
predicted forces and those from the reference method - are reported alongside the predicted

density (p) and IFT () values.

Reference Train Er.

Theory  (mev/A) P &M )
revPBE-D3 28.8 0.991 + 0.002 84 +1
Ref.[34, 226)] 096+ 0.03 83+ 28

BLYP-D3 67.8 1110 0.002 106 + 4
Ref.[34, 396] 1.07 + 0.02 92 + 25

RPA 18.8 1.019 £ 0.002 81 £+ 3

Ref.[307] 0.99 + 0.02 /

Experiment / 0.997 72.8




Appendix B

Supplementary Materials for Chapter
4

Here, we provide supplementary material relating to the contents of Chapter 4. This
consists of model validation plots, supplementary analysis (densities and solubilities),
a comparison of IFT potential across different models, and schematics showing how to
calculate the Willard-Chandler interface and the lateral distribution function. A repository
containing the simulation data and files can be found at:

https://github.com/water-ice-group/co2-on-h2o.
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B.1 Model validation
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Fig. B.1 Comparing NNP and reference DFT force predictions. (a) Correlation plot
showing NNP forces against DFT (BLYP-D3) forces for a test set of 400 structures. Forces
were randomly sampled from this test set. The total test energy and forces RMSEs are
displayed at the top of this plot. (b) Plot of the difference in predictions between NNP
and DFT forces against the reference DFT forces.
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Fig. B.2 Radial distribution functions, g(r), obtained for pure water at 300 K. Results
are shown for both ab initio and NNP MD. Simulations were performed under the NV'T
ensemble, with fixed numbers of particles N (64 waters), fixed volume V (I, =1, =1, =

12.42 A), and fixed temperature T' (300 K). In total, 21 ps worth of ab initio data and 1
ns worth of NNP data were obtained for RDF calculations.
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Fig. B.3 Radial distribution functions, g(r), for pure CO4 at 300 K. Results are shown for
both ab initio and NNP MD. Simulations were performed under the NV'T ensemble, with
fixed numbers of particles N (128 COss), fixed volume V (I, = I, = [, = 22.680 A), and

fixed temperature 7' (300 K). In total, 6 ps worth of ab initio data and 1 ns worth of NNP
data were obtained for RDF calculations.
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Fig. B.4 Densities predicted by NNP-MD for pure CO, across 10-500 bar at room
temperature. Results are shown for NNP-MD alongside reference literature values obtained
from an equation of state for CO, [248]. Simulations were performed under the NPT
ensemble, with fixed numbers of particles N (128 COys), fixed pressure P, and fixed
temperature 7' (300 K). System size was allowed to vary isotropically with pressure (initial
size, [, =1, = |, = 22.680 A) In total, 20 ns worth of NNP data was obtained for density
calculations.
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Fig. B.5 Solubility profiles of CO, in water. NNP-MD values are shown alongside
reference literature values obtained from a thermodynamic CO, solubility model [398].
NNP solubilities are determined from the density plots of Fig. 3 in the main text. We
consider only densities below —5 A to obtain average bulk densities, which are subsequently
converted to solubility values.
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B.2 IFT Comparisons
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Fig. B.6 Comparing interfacial tension profiles for NNP and classical results. Interfacial
tension profiles are shown for SPC/E + EPM2 (black), BLYP-D3 (blue) and revPBE-D3
(maroon, reduced dataset). Classical runs were performed for 25 ns using the same system
setup as with NNP-MD but without requiring replica exchange.
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B.3 Analysis Tools
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Fig. B.7 Schematic showing the identification of an instantaneous liquid interface using
the Willard-Chandler approach [236]. At each molecular (water) site, we deposit Gaussians
of fixed shape and height. We then construct a 3D grid in space and sum all Gaussians to
construct a coarse-grained density field. The instantaneous interface is determined to be
the point in space where the density field falls to half the critical density of water, i.e.,
0.016 A=1. In this work, we use Gaussian parameters tailored to the distribution of water
molecules; these can be adapted to cater to various other types of molecular systems.

Fig. B.8 Schematic showing the lateral distribution function (LDF). The LDF is calculated
according to g(r) = d‘ﬁfﬁp = 2;7{3;-;;7 where dn, is the number of CO, molecules within an
anulus of thickness dr, and p gives the local density. In practice, the LDF serves as the
2D analogue of the radial distribution function. Here, we switch the volume element,
dV = 4mr?, for the area element, dA = 277, to account for the fact that CO5 molecules
are mostly distributed in the plane of the monolayer at low pressure. Accordingly, we

neglect non-planar contributions to the normalisation of our molecular distribution.
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Supplementary Materials for Chapter
5

Here, we provide supplementary material relating to the contents of Chapter 5. Specifically,
we give details of our model validation, free MD simulations, the calculation of interaction
and adsorption energies, and additional structural analysis. A repository containing the
simulation data and files can be located at:

https://github.com/water-ice-group/oversolubility.

Free MD simulations

In Fig. 5.2, we plot the densities of CO,, H,O, and HCO3 as a function of the distance of
the species from the system centre. Convergence of the density profiles was monitored
using block averaging, and each trajectory accumulated over several ns of simulation time.
An additional profile obtained for 20 A pore separation (see Table C.1, System 4) is shown
in Fig. C.3.

In Fig. 5.4a of the main text, we detail orientational analyses of the molecules residing
at the pore-water contact layer. For these analyses, we utilized structures extracted from
the 12 A pore trajectory (used in Fig. 5.2). Orientations were measured by the angle

between the z axis and either the H,O dipole vector or CO,’s bond vector. Only the
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orientations of species adjacent to one pore wall were considered. Snapshots of this contact

layer (omitting species beyond the first layer) are also shown in Fig. 5.4b.

Gaseous interaction energies

We report the interaction energies for gaseous CO, and H,O interacting with an isolated
graphene sheet (5 x 5 supercell, 20 A vacuum) in Fig. 5.3a. Estimates of the interaction
energy, Fi,, were obtained from single-point DFT calculations of CO,/H,0 located at
different distances from the graphene plane. To calculate Ej,, we used the following
formula,

Ei = E[Molec. + wall] — E[Molec. — wall], (C.1)

where E[Molec. + wall] gives the energy of the configuration in which CO5/H,0 is adsorbed
at the pore wall, and F[Molec. — wall] is the energy of the configuration where CO,/H,0 is
located 10 A away (rigid translation). revPBE-D3 calculations were performed with VASP
[122-125] using the projector-augmented plane wave method and hard pseudo-potentials
[399, 400] (energy cutoff of 1000 eV). A 1x1x1 k-point grid was used to sample the

Brillouin zone, providing converged energies to within 1 meV of a 4x4x1 grid.

Aqueous free energies of adsorption

In Fig. 5.3b, we report the free energies of both CO, and H,0 as a function of the distance
from the pore wall under pore-saturated conditions. To generate these profiles, we utilized
a 30 A pore environment (System 5), the details of which can be found in Table C.1. The
H50 free energy curve was generated from a Boltzmann inversion of the underlying water
density profile,

AF = —RT In(p/po), (C.2)

where T is the temperature, R is the gas constant, p is the density, and py is the bulk
density (CO, was removed from these runs to prevent artifacts in the profile). For CO,,
given the difficulty associated with obtaining converged statistics for a single molecule,

free energies were obtained using the umbrella integration method [321]. The ~ 15 A
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range of pore-CO, distances was divided into 50 separate windows. For each window, a
harmonic restraint with force constant k& = 10 kcal mol~! A~2 was applied. Each window
was simulated for 400 ps. Errors of integrations are shown alongside free energies in the
main plot. The HyO and CO, free energies are aligned such that the energy zero is set at

15 A (i.e., bulk) for both molecules.

Pore Width ~ Cell Dimensions (A)  n(CO,/HCO;)  n(H,0)

System 1 7.0 12.35%x12.834x31.0 1 14
System 2 12.0 17.29x17.112x35.0 1 81
System 3 15.0 17.29x17.112x40.0 1 115
System 4 20.0 17.29%17.112x35.0 1 157
System 5 30.0 12.35%x12.834x55.0 1 140

Table C.1 System setups for the idealized pore environments used in this work. Systems
highlighted in bold were used for obtaining the density profiles shown in Fig. 5.2. An
additional free MD simulation was performed using System 4, the results of which can be
found in Fig. C.3. System 5 was used for obtaining the aqueous free energy profiles shown
in Fig. 5.3b of the main text.

System Type  In-pore mole fraction of COg:water (%)
ACC-10/H,0 1:1  Exp 1.5
ACC-20/H,0 2:3 Exp 0.4
System 1 (7 A) Comp 6.6
System 2 (12 A)  Comp 1.2
System 3 (15 A)  Comp 0.9

Table C.2 Experimental and computational mole fractions of COy in H,O. These are
presented for the experimental ACC-10/ACC-20 + deionized water setups as well as for
the atomistic systems presented in Fig. 5.2. Mole fractions were computed by Zeke Coady.



174

10.0
75} E RMSE: 1.2 meV/atom
' F RMSE: 41.8 meV/A /
__ 5.0f
<
> 25F
()
— 0.0
N]
< -25}
< .
n
—5.0F /
-7.5}
—10.0 : : :
°§ 0.25[ ot Mygpe
° [ 4
L 0.00f e .“m,ﬁ Ses
é —-0.25 i ’ \\o’s'xgn a1
-10 -5 0 5 10

Forr (eV/A)

Fig. C.1 A comparison of MACE and DFT forces calculated for a subset of structures
extracted from the main training dataset. (Top) Forces calculated using our MACE
potential plotted against those of revPBE-D3. (Bottom) The difference in MACE and
revPBE-D3 forces (AF) plotted against revPBE-D3 forces. Overall model RMSEs for the
energies and forces are shown at the top of the plot.
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Fig. C.2 Radial distribution function (RDF) predictions of our MACE model compared
with those of DFT (revPBE-D3). (Top) Ow-Ow RDFs obtained from MACE, revPBE-D3,
and experiment. MACE RDFs were obtained using a 64-molecule water system with equal
side lengths of 12.42 A. MACE simulations were performed over 1 ns and the results
compared to those of ab initio-MD obtained using identical system setups. Experimental
results were taken from x-ray diffraction data [389, 401]. (Bottom) C-Ow RDFs compared
for MACE and revPBE-D3. RDFs were obtained using a 63-molecule water system with a
single CO, molecule and equal side lengths of 12.57 A. MACE simulations were performed
over 1 ns and the results compared to those of ab initio-MD obtained using identical
system setups.



176

O%H

00

OOJH

€

-8 6 4 -2 0 2 4 6 8
z coordinate (A)

Fig. C.3 20 A pore density profiles obtained for water (pink), CO, (black), and HCO5 (pur-
ple), plotted as a function of the distance from the system center of mass. Profiles are
shown alongside a snapshot of the overall system.
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Fig. C.4 The nature of hydrogen bonding under pore-saturated conditions. The average
hydrogen bond count, (ngg), is plotted as a function of the distance from the center of mass
of the system (12 A confinement). Hydrogen bonds are identified using a donor-acceptor
distance of 3.5 A and an O-H-O angle of 140°. The total hydrogen bond count (black)
is decomposed into both donor (blue) and acceptor (red) contributions. The underlying
water density (maroon) is plotted using the secondary axis.
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