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Introduction

Electrochemical technologies are the basis of a growing range of applications, in-
cluding electrochemical manufacturing, heterogeneous catalysis, and, especially in
the last few years, sustainable energy conversion and storage. For example, electro-
chemical processes can be employed to convert abundant resources such as water,
carbon dioxide, and nitrogen into valuable products and fuels using renewable elec-
tricity, providing an attractive alternative to thermocatalytic and fossil-fuel-based
routes. For these reasons, electrochemical technologies are central to the transition
to a low-carbon, sustainable energy economy. Despite their broad appeal, many
electrochemical technologies remain expensive and difficult to scale, mainly because
the technology is still immature. Key issues are the low energy efficiency and poor
control of the core electrochemical reactions. Achieving precise control of nanoscale
processes at the electrode/electrolyte interface (e.g., metal/aqueous solution systems)
raises a deeper and largely unresolved issue: a comprehensive understanding of the
physics governing electrochemical interfaces. How does an external electric potential
modify the electronic structure of the electrode surface and the configurations of
adsorbed species? What is the response of the interfacial electrolyte to an applied
bias? How are its structural, dynamical, and dielectric properties affected by surface
charge accumulation? What role do the hydrogen bond network and, more gener-
ally, solvation shells play in determining the stability of the different species in the
system? Addressing these fundamental questions is essential for understanding the
interfacial phenomena in electrochemical systems and constitutes a major advance
in surface physics.
In this respect, atomistic modelling approaches are the most common way to directly
access a nanoscale picture of the electrochemical interfaces. Ab initio simulations
at the atomic level allow for accurately capturing the charge transfer processes
occurring at the electrode/electrolyte interfaces. Specifically, molecular dynamics
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(MD) at the ab initio level is commonly regarded as one of the most common and
comprehensive approaches to access a picture of the complex processes occurring
in a dynamical environment such as solid electrode/liquid electrolyte interfaces,
accounting for finite-temperature effects and characterising these phenomena from
the statistical point of view. Nonetheless, the predictive capabilities of these simula-
tions are limited by their high computational cost and by the difficulty of accurately
capturing at once all the key elements that are at the basis of the physics of the
electrochemical interfaces. Main challenges for MD in electrochemical systems
regard, for example, a faithful description of the behaviour of the electrolyte via
an explicit picture with a large number of solvent molecules and the simulation of
the charge transfer processes in an electronically grand canonical ensemble where
the electronic charge fluctuates to maintain the applied potential constant. These
challenges are typically addressed by adopting a compromise between physical
accuracy and computational tractability, which generally implies discarding more
advanced, accurate and computationally demanding simulation protocols, such as
the use of fully explicit representations of the solvent instead of implicit solvent
solutions and robust constant potential schemes that do not require the presence of
artificial interfaces with implicit solvent or vacuum regions.
In this thesis we address these challenges by developing machine learning interatomic
potentials (MLIPs) to accelerate MD simulations of electrochemical interfaces, fo-
cusing on metal/water systems. By retaining the accuracy of the data computed via
Density Functional Theory (DFT) over which the ML model is trained, but without
the need to solve the original quantum problem, MLIPs drastically speed up MD
simulations to a cost comparable with classical interatomic potentials.
Even if MLIPs are extremely promising, the requirement of a large amount of train-
ing data computed at the ab initio level can result in a high computational cost,
particularly in electrochemical simulations. At present, studies employing MLIPs
in electrochemical contexts remain constrained in their dataset generation by the
DFT-level trade-offs between accuracy and computational feasibility, frequently
omitting the explicit treatment of the applied potential and of any other element that
require additional simulation efforts at the DFT level.
Here we follow a different paradigm: MLIPs are developed not only to overcome
the spatial and time limits of ab initio MD but also to unlock more advanced but
computationally expensive simulation setups. These include rigorous DFT calcu-
lations in an electronically grand canonical ensemble and a full explicit solvent
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representation of the electrolyte at the meta-GGA exchange-correlation level. To
address the problem of generating a dataset with this high level of accuracy, we
propose TRECI (TRansfer learning for ElectroChemical Interfaces), a general and
data-efficient workflow for developing and testing MLIPs for electrochemical inter-
faces. By leveraging different ML techniques, we are able to train stable and accurate
MLIPs for metal/water interfaces with a few hundred configurations computed at the
DFT level. This relatively low amount of required ab initio data allows for generating
a small but high-level dataset.
We show the potentiality of the TRECI scheme by developing MLIPs for a represen-
tative electrochemical interface, a copper/water system, at several reducing potentials.
From the comparison of low-index Cu surfaces in contact with water, we are able
to revisit these systems with a level of accuracy and resolution not achievable with
standard ab initio approaches and evidencing new structuring effects in the water net-
work. The TRECI workflow, expanded with MD simulations and enhanced sampling
techniques, also enables the development of MLIPs describing some selected key
steps for reactions commonly occurring on Cu-based electrocatalysts, including hy-
drogen evolution and CO2 electroreduction. This allows us to correlate the activation
barriers of the reactions with the effects of the applied potential, surface charge and
the structuring phenomena of the interfacial H2O solvent. In this way, we do not only
lay the foundations for future, more detailed works on the reactivity of Cu-based
electrocatalysts, but we also present a complete example of how MLIPs, coupled
with effective strategies such as TRECI, can markedly expand the comprehensions
of electrochemical processes.

The results presented in this thesis were obtained within the framework of a
collaboration between the Material and Processes for Micro and Nano Technologies
at Politecnico di Torino and the Atomistic Simulations group, led by Prof. Michele
Parrinello at the Italian Institute of Technology (IIT). The progress of the PhD project
benefited from an active and continuous exchange of ideas between the two research
teams, facilitated by the guest studentship of the PhD candidate in the Atomistic
Simulations group under the supervision of Prof. Michele Parrinello and Dr. Luigi
Bonati. They supervised the research activities primarily concerning the machine
learning methodologies and enhanced sampling modelling aspects of the project.
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The discussion of the thesis is organised as follows. Chapter 1 introduces the rel-
evance of electrochemical interfaces, with a focus on metal/water systems for green
energy transition technologies. This chapter also presents the main simulation chal-
lenges at the atomistic level for a full comprehension of electrochemical processes
occurring in these systems. In the following, Chapter 2 introduces the fundamental
concepts underlying the atomistic simulation techniques used in this work, highlight-
ing the strengths and limitations of ab initio and force field approaches. Beyond this
dualism, Chapter 3 presents the rapidly emerging field of MLIP models. Chapter 4
presents TRECI, our strategy that enables fast and data-efficient development of ML
models tailored for electrochemical interfaces. The following chapters describe the
application of TRECI to gain nanoscale insights into the behaviour of interfacial
water near Cu (111) and (100) electrodes under applied potential (Chapter 5) and
to elucidate some key reaction steps on this electrocatalyst (Chapter 6). In the last
chapter, we summarise the key findings presented throughout the thesis and outline
their possible implications for future works.



Chapter 1

Electrochemical interfaces:
motivations and investigation
approaches

This first chapter introduces the central topic of this thesis: electrochemical interfaces.
An electrochemical interface is the boundary between an electron conductor, the
electrode (typically a solid metallic material), and an ionic conductor, the electrolyte
(such as an aqueous solution). These interfaces host complex mass and charge
exchange/transport processes occurring across multiple length and time scales which
are governed by redox reactions that mediate electron transfer between the electrode
and the electrolyte. These reactions form the basis of electrochemical cells, devices
that convert chemical energy into electrical energy (or vice versa) through sponta-
neous or externally driven reactions. In this chapter, we discuss the relevance of
electrochemical interfaces in contemporary technological and environmental sce-
narios, with a focus on sustainable technologies (Section 1.1). We then examine
electrolysers as representative systems in which electrochemical reactions, such as
hydrogen evolution and CO2 reduction, occur, enabling the renewable production
of a broad range of value-added chemicals using electricity as an energy source
(Section 1.2). Considering the challenges associated with the poor energy efficiency
and product selectivity of the current devices, the discussion will then move toward
strategies for studying electrochemical interfaces to deepen the understanding and
improve control over interfacial phenomena (Section 1.3). The chapter will focus on
atomistic simulation approaches for studying electrochemical interfaces, since these
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methods are the modelling framework employed in this thesis. The goal is to intro-
duce the key concepts and present the state-of-the-art atomistic methodologies used
in this field, highlighting common practices and current limitations. This background
motivates the innovative machine learning-based strategy developed in this work, as
well as the need for a data-efficient approach to constructing these models in order
to describe electrochemical interfaces under conditions closer to experimental in situ
characterisations.

1.1 The role of electrochemical interfaces in sustain-
able technologies

Electrochemical interfaces govern reactivity, charge transport, and stability across
a broad range of natural and technological systems [1–3]. They play a central role
in processes such as corrosion, lubrication, environmental chemistry, electrochem-
istry, and heterogeneous catalysis. Among electrochemical interfaces, metal/water
interfaces are by far the most ubiquitous and technologically relevant [1]. They
are central to industrial corrosion and corrosion-protection strategies, electrochem-
ical manufacturing processes, and modern energy-conversion and energy-storage
technologies such as fuel cells, electrolysers, and electrochemical reactors.

The societal and economic impact of processes occurring at metal/water inter-
faces is particularly evident in the context of corrosion. Corrosion is fundamentally
an electrochemical phenomenon driven by the dissolution of metals at their interface
with aqueous environments [4]. It has been estimated that the global cost of corro-
sion amounts to approximately 2.5 trillion US dollars per year, and up to 15–35%
of these costs could be avoided through the implementation of optimal corrosion
prevention [5]. In this sense, a detailed understanding of the interfacial mechanisms
that initiate and sustain corrosion can directly enable the development of more
effective corrosion-resistant materials, resulting in remarkable economic benefits.
Beyond traditional surface science and corrosion engineering, the importance of
electrochemical interfaces has become even more pronounced in the 2020s due to
their central role in addressing global challenges related to climate change and sus-
tainable energy production (Figure 1.1) [7, 8]. Electrified metal/electrolyte interfaces
host the electrochemical reactions that drive a wide range of low-carbon energy
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Fig. 1.1 Schematic of a renewable energy landscape related to electrocatalysis. Reproduced
from [6]

technologies, including fuel cells, water electrolysers, and electrochemical reactors
for green fuel and chemical synthesis. These technologies enable the reversible
conversion between electrical energy and chemical energy associated with bond
formation and breaking during electrochemical reactions [9, 10]. When powered
by renewable energy sources, electrochemical processes provide a sustainable route
for the synthesis of fuels and chemicals, reducing dependence on thermocatalysis.
The latter strategy typically involves a high energy demand, as it operates at elevated
temperatures and pressures that are generally attained through the combustion of
conventional fossil fuels, resulting in a high carbon footprint. Moreover, the resulting
green fuels produced via electrocatalysis represent efficient energy vectors, enabling
the storage and transport of renewable energy for use when and where direct genera-
tion is unavailable. Through the reactions occurring at electrochemical interfaces,
electrolysers and fuel cells emerge as key components of a sustainable and circular
energy system and central pillars of current energy-transition strategies. In all these
systems, the structure and dynamics of the electrified metal/liquid interface control
key processes, including electron transfer, ion adsorption, surface reconstruction,
and solvent reorganisation. Consequently, the identification, characterisation, and
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control of electrochemical interfaces in these devices constitute key enabling ele-
ments for the development and large-scale deployment of electrochemical energy
technologies. In this context a molecular-level understanding of these interfaces
becomes a prerequisite for the rational design of materials and operating conditions
to improve performance and long-term stability.

1.2 Metal/water interfaces in electrochemical cells

Electrochemical interfaces, and metal/water interfaces in particular, are at the heart
of electrochemical cells, including fuel cells, electrolysers, and, more generally,
electrocatalytic reactors [3]. Despite their different configurations, these devices
share a common architecture composed of the electrodes, the electrolyte and the
separator (Figure 1.2) [8, 9, 11, 12]. Clearly identifying these components makes it
possible to determine where metal/water interfaces appear within an electrochemical
cell and which minimal elements must be considered to understand the interfacial
processes. Because the present work focuses on a nanoscale understanding of
electrochemical interfaces, we do not discuss the optimised designs and the details of
the full electrochemical device. These aspects are extensively reported elsewhere [11–
13]. Instead, we provide a brief description of the cell architecture to emphasise
that the metal/water interface represents only a subregion of a much more complex
system.

The electrodes, namely the cathode and the anode, are the conductive compo-
nents across which an electric potential difference is generated or applied, depending
on the operating mode of the device. They can be made of various materials, but
they typically have excellent electrical conductivity and are often metallic or metal-
supported. In many implementations, the electrodes consist of high-surface-area
support materials on which metallic nanoparticles are dispersed. These nanoparticles
contain the actual active sites in direct contact with the electrolyte, where electro-
chemical reactions take place. Such reactions involve electron exchange between
species in the electrolyte and the metallic electrodes, resulting in redox processes.
By convention, the electrode where reduction occurs is the cathode, and the electrode
where oxidation occurs is the anode. The electrodes are electrically connected via an
external circuit that allows for the electron flow of the redox, coupling the reduction
and the oxidation reactions occurring at the opposite electrodes. The support materi-
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als themselves do not participate in the redox reactions, but they provide chemical
and mechanical stability while ensuring electron transport between the metallic
active sites and the external circuit. Their high surface area maximises the exposure
of metal particles to the electrolyte. Typical support materials include carbon-based
structures (e.g., carbon black, graphene, and mesoporous carbons) for their high
surface area or metal oxides (e.g., Ti2O, Ce2O, Zr2O), which offer enhanced stability.

Fig. 1.2 Simplified scheme of a CO2 electrolyser with the typical components of any electro-
chemical cell. The inset highlights the metal/water interface, the central region that will be
studied in this thesis.

The electrolyte, located between the electrodes, provides the ionic conduction
pathway that closes the circuit inside the device. While electron transport dominates
within the electrodes, charge transport in the electrolyte occurs via ions. Electrolytes
often consist of aqueous solutions where acids, bases, or salts dissociate into mobile
anions and cations. Under an applied electric field, these ions migrate toward the
oppositely charged electrodes, enabling ionic conduction. Common charge carriers
in water-based electrolytes include H+, OH-, K+, Na+, Cl-, and SO3

- ions. Depending
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on the device, additional molecular species may be present near the electrode surfaces
and participate directly in redox reactions: water (in fuel cells or electrolysers), CO2,
N2, or their corresponding derived products (in CO2 or N2 reduction reactors).

Electrochemical devices also include a separator or membrane that physically
divides the electrolyte into two sub-cells associated with the anode and cathode. This
barrier prevents the direct mixing of reaction products from the two electrodes while
still allowing ionic transport. In addition to the discussed components, there are
also other elements that are necessary for the device to work. A current collector
is required to conduct electrons between the electrode active sites and the external
circuit. Flow fields distribute reactants to the electrodes and remove reaction products
to optimise mass transport within the cell.

Although a full electrochemical device requires the optimisation of all its compo-
nents, its core part is the interfacial region between the electrode and the electrolyte,
where the fundamental reaction steps occur. For this reason, the present study con-
centrates exclusively on this specific region. The full device spans length scales far
beyond those accessible with the simulation methods employed in this thesis and is
outside the scope of this work. Focusing on the electrode/electrolyte interface, we
model the electrode solely as a metal surface, since the metallic component is the part
directly exposed to the electrolyte and responsible for the electrochemical activity.
The support material is therefore omitted from our nanoscale picture. Concerning
the electrolyte, although many types exist (organic liquids, ionic liquids, solid or
polymer materials), aqueous electrolytes are widely used due to their high ionic
conductivity, low cost, and non-hazardous, environmentally friendly properties [12].
Accordingly, in this thesis we treat the electrode/electrolyte interface specifically as
a metal/water interface.

1.2.1 Working principles and applications of electrolysers

A typical class of electrochemical cells in which the electrode/electrolyte interfaces
are metal/water interfaces is represented by electrolysers. Even in systems where
the electrolyte is not strictly aqueous, humidity plays a crucial role in the device
operation, meaning that metal/water interfaces remain central to their working [9, 12].
Electrolysers are electrochemical devices in which non-spontaneous reactions are
driven by an external electrical energy source. They thus provide a technological
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Fig. 1.3 Comparison of (a) a hydrogen fuel cell performing the exergonic conversion of
hydrogen and oxygen to water and (b) a water electrolysis device for endergonic hydrogen
production. Reproduced from [17].

route for activating chemical transformations using electrical, rather than thermal,
energy [14, 15]. Electrolysers enable the synthesis of a variety of chemical products
and are considered a promising and more environmentally sustainable alternative to
conventional thermocatalytic processes. Electrolysers differ from other electrochem-
ical devices, such as batteries and fuel cells, primarily in the role of the electrical
energy source and in the direction of the redox reactions. Figure 1.3 illustrates the
working principles of a hydrogen fuel cell and a water electrolyser [16, 17]. In a
hydrogen fuel cell, molecular hydrogen is supplied at the anode, where it undergoes
oxidation. The resulting H+ ions migrate through the electrolyte to the cathode,
where molecular oxygen is reduced to form water. The overall redox reaction pro-
duces a flow of electrons from the anode to the cathode through the external circuit,
generating useful electrical power. In contrast, a water electrolyser operates in a
reverse working condition. An external power source forces electrons to flow from
the anode to the cathode. At the anode, water is oxidised to form O2 and protons,
while at the cathode, these protons are reduced to produce H2. In this configuration,
the anode is held at a positive potential, and the cathode at a negative potential.

A water electrolyser represents just one example of an electrochemical cell
designed to drive non-spontaneous redox reactions and synthesise new chemical
species. While water electrolysers are used to produce molecular hydrogen from
water via the hydrogen evolution reaction (HER) [18], other electrochemical systems
target different transformations. For instance, some cells can convert CO2 to a
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variety of more reduced carbon-based products with higher value through the CO2

reduction reaction (CO2RR) [10, 19], or reduce N2 to NH3 via the N2 reduction
reaction (N2RR) [20]. Among these processes, HER and CO2RR are currently
the two most studied and will be discussed in the following sections. Although
N2RR has attracted increasing attention as a more sustainable route to ammonia
production [20], it remains the least developed of the three technologies and will not
be examined further in this thesis.

1.2.2 The hydrogen evolution reaction

The hydrogen evolution reaction (HER) is one of the most representative and exten-
sively studied electrochemical reactions [18, 21]. In this process, protons or water
molecules are reduced at the cathode of an electrochemical cell to produce molecular
hydrogen. The reaction is activated by applying an external potential and proceeds at
the surface of the negatively biased cathode, which also acts as the catalyst. Typical
cathode materials used to promote HER include precious metals such as platinum,
as well as cheaper alternatives such as nickel and nickel-based catalysts [22]. Pro-
ducing pure and green hydrogen using electrolysers powered by renewable energy,
without direct CO2 emissions, plays a central role in contemporary energy transition
scenarios [9]. Hydrogen may be used directly as a fuel or, more commonly, as a
clean energy carrier to store surplus energy from intermittent renewable sources
such as wind and solar. When renewable energy is abundant, it can be used to feed
electrolysers that produce molecular hydrogen, which is subsequently stored. During
periods of energy deficit, the stored hydrogen is oxidised in a fuel cell, recovering
the energy previously stored.

Given its importance, the HER mechanism has been the focus of extensive
research. HER typically proceeds through two sequential proton–electron transfer
steps1 (Figure 1.4) [21, 23]:

• H2O + e– + ∗ −−→ H* + OH– (Volmer step)

• H2O + e– + H* −−→ H2 + OH– (Heyrovsky step)

where ∗ identifies the binding site on the metal surface. Alternatively, the second
step might occur via the following:

1formulation in neutral or alkaline medium
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Fig. 1.4 Schematic diagram of HER mechanisms in alkaline media. Reproduced from [24].

• 2H* −−→ H2 (Tafel step)

In the latter case, H2 originates from two neighbouring adsorbed hydrogens rather
than from a new water dissociation event. The preferred reaction pathway (Heyrovsky
vs Tafel) and the rate-limiting step depend strongly on factors such as the catalyst
material, the crystalline orientation of the metal surface and the pH [23]. For instance,
on platinum, the rate-limiting step is the Heyrovsky one on Pt(100) and the Tafel one
on Pt(110) [18].

Understanding the HER mechanism is essential not only for optimising hydrogen
electrolysers but also for a broad range of electrocatalytic reactions carried out in
aqueous media [19, 20]. Whenever an applied potential is used to drive a redox
reaction in water, the presence of water molecules near the electrode inevitably
leads to water splitting and H2 formation, making HER an unavoidable competing
reaction. Consequently, the design of electrocatalysts for selective production of a
target chemical species must always incorporate strategies to suppress HER in order
to maximise catalytic efficiency and selectivity.
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1.2.3 The CO2 reduction reaction

The electrochemical CO2 reduction reaction (CO2RR) is an electrochemical process
that has attracted considerable attention in the context of energy transition and
circular economy [10]. It enables the conversion of CO2 into a wide range of
value-added chemicals and fuels, including CO, methane, formic acid, ethylene, and
ethanol, using electrical energy that can be supplied by renewable sources. As a result,
CO2RR simultaneously addresses two major challenges: it promotes the capture
and conversion of CO2, mitigating its release into the atmosphere, and it provides a
pathway for the production of carbon-neutral fuels and industrial chemicals without
relying on conventional fossil-based processes. In this context, methane, methanol,
and ethanol can be used as renewable fuels, while CO, formic acid, and ethylene
represent key products for green chemical manufacturing [25].

Unlike water electrolysis for the HER, CO2RR technology is still under devel-
opment and faces two major challenges: energy efficiency and product selectiv-
ity [10, 19, 25]. The high thermodynamic stability of the CO2 molecule requires
significant energy input to activate and break its double bonds, requiring high elec-
trical bias values. In addition, CO2RR can yield a broad spectrum of products.
Rather than forming a single compound, the reaction typically produces a mixture of
gaseous and liquid carbon-based products, as well as molecular hydrogen arising
from the competing HER. This lack of selectivity increases the complexity and cost
of subsequent product separation and purification.

The complexity of CO2RR is intrinsic in the multitude of possible reaction
pathways that can occur following CO2 activation. The reaction can begin with the
reduction of CO2 to adsorbed CO (Figure 1.5) [25]2:

• CO2 + H2O + e– + ∗ −−→ *COOH + OH– ,

• *COOH + e– −−→ *CO + OH– .

Beyond this more widely recognised mechanism, other research indicates that a
hydrogen species already adsorbed on the catalyst surface may carry out the first
hydrogenation step instead of a proton coming from solution [26]:

• CO2 + e– + ∗ −−→ *CO2
– ,

2formulation in neutral or alkaline medium
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• *CO2
– + H+ −−→ *COOH.

Nevertheless, it is still unclear if an adsorbed CO2
– intermediate is truly present.

Once CO adsorbed on the catalyst surface is formed, the reaction can proceed through
multiple pathways leading to single-carbon compounds (C1 products), two-carbon
compounds (C2), or even higher-carbon (C2+) species.

Fig. 1.5 Main reaction pathways for CO2RR towards different products. Reproduced
from [25].

In addition to the reaction mechanisms throughout the *CO intermediate, CO2

can also be reduced to formic acid via the following reaction steps:

• CO2 + e– + ∗ −−→ *CO2
– ,

• *CO2
– + H+ −−→ *OCHO,

• *OCHO + H+ + e– −−→ HCOOH.

A schematic overview of these reaction pathways is shown in Figure 1.5. Despite the
complexity of the reaction network, it is commonly recognised that the formation
of C2 products usually proceeds through the dimerisation of two adsorbed CO
molecules, which establishes the crucial C–C bond:

• 2 *CO−−→ *OCCO.
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For this reason, CO dimerisation is commonly studied in the optimisation of C2

selective electrocatalysts and is often identified as the rate-limiting step of the overall
reaction [19, 25].

Electrocatalyst materials play a key role in directing the CO2RR toward specific
products [27]. For instance, Ni, Fe, and Pt are generally ineffective for CO2RR,
as they predominantly catalyse HER. In contrast, Au, Ag, Pd, and Zn primarily
yield CO, while post-transition metals such as Pb, Hg, In, Sn, and Bi favour the
production of formic acid [28]. Among pure metals, copper is unique in its ability to
produce significant amounts of C2 and C2+ compounds, making it the most promising
material for CO2RR in complex carbon-based compounds [19, 28]. However, the
multitude of reaction pathways following CO dimerisation presents many challenges
in controlling product selectivity on Cu electrodes. Consequently, copper-based
CO2RR technologies remain limited by high energy requirements, catalyst stability
issues, and poor selectivity. For these reasons, Cu-based electrocatalysts are the
subject of extensive research aimed at overcoming these limitations. In this thesis,
copper is, therefore, considered a representative metal electrode due to its central
role in CO2RR and the fundamental challenges associated with understanding and
controlling its complex reaction mechanisms.

1.3 Study of the electrochemical interfaces

The discussed importance and ubiquity of electrochemical interfaces, and, in particu-
lar, of metal/water interfaces, has resulted in decades of scientific interest in these
systems. These include efforts both in experimental characterisation and theoretical
modelling, aiming at understanding the microscopic processes occurring at these
surfaces [19, 29–34]. Nonetheless, the studies of electrified metal/water interfaces
remain a major challenge in surface science, mainly due to the difficulty of directly
probing the interfacial processes within a water-based electrolyte characterised by a
various range of dynamical phenomena.

1.3.1 Canonical models

The conventional textbook description of the interface between a solid electrode and
a liquid electrolyte is based on the works of Gouy, Chapman, Stern, and subsequent
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Fig. 1.6 Schematic description of the EDL structure. The picture represents the inner
Helmholtz plane (IHP), the outer Helmholtz plane (OHP), the thickness of the Stern layer,
the thickness of the diffuse layer and the potential profile ϕ as a function of the distance
from the surface. The purple, green and yellow spheres represent the cations, the anions and
neutral species, respectively. The hydration water around the ions as well as at the surface is
explicitly represented. Reproduced from [2].

developments [35, 36]. These models established the key concept of the electric
double layer (EDL), a complex interfacial region governed by the interactions among
electrons, solvent molecules, and solute species (e.g., ions) over multiple spatial and
temporal scales. The EDL forms in response to the charging of an electrode surface in
contact with an electrolyte. Upon surface charging, ions and solvent molecules in the
vicinity of the electrode rearrange their spatial distribution to restore electroneutrality.
This reorganisation gives rise to a spatially varying electrostatic potential drop across
the interface, which governs the energetics of species at the electrode/electrolyte
boundary. The resulting potential profile reflects a complex balance between several
competing effects, including the ordering imposed by the electric field, the entropic
tendency associated with thermal motion, the screening action of polar solvent
molecules, and long-range electrostatic interactions among charged species. Within
this model, the EDL is commonly described as composed of two main regions
(Figure 1.6) [36]: a compact layer, known as the Stern layer, located adjacent to
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the electrode surface, and a diffuse layer that extends into the bulk electrolyte.
The Stern layer is subdivided into the inner Helmholtz plane (IHP) and the outer
Helmholtz plane (OHP). The IHP contains specifically adsorbed ions and partially
desolvated molecules in direct contact with the electrode, which interact chemically
with the surface. In contrast, the OHP is located slightly farther from the electrode
and consists of fully solvated ions that are electrostatically attracted to the surface
charge but remain separated from it by their solvation shells, preventing specific
adsorption. Beyond the Stern layer lies the diffuse layer, where ions redistribute in
response to the surface potential, and the electrostatic potential gradually relaxes
toward its bulk value. Overall, the total charge stored within the EDL (Stern and
diffuse layers) exactly compensates for the excess charge on the electrode surface,
maintaining global charge neutrality. As a consequence, the structure and spatial
extent of the EDL depend on numerous factors, including the surface charge density
of the electrode, the size, the valence and the concentrations of the ions, and the
dielectric and screening properties of the solvent. Depending on these quantities, the
diffuse layer extends from approximately 1 nm far from the surface up to several
hundred nanometres into the electrolyte, constituting the largest contribution to the
EDL, since the Stern layer typically has a thickness below 1 nm [37].

This picture of the EDL is at the heart of the Gouy–Chapman-Stern model and
subsequent developments [35, 36]. Despite the increasing complexity and com-
pleteness of these models, they share the same mean-field approach, where both
the electrode and electrolyte are described as continuous media in which particles
respond only to an average field generated by all other components. The strength
of these models lies in their capacity to connect a macroscopic observable like the
electrode potential to the electrode charge and the intricate interfacial structure of
the EDL, which spans tens to hundreds of nanometres. Hence, it provides a concep-
tual framework for understanding the capacitive behaviour of electrode/electrolyte
interfaces. Nevertheless, because these models rely on mean-field approximations,
they inherently lack an explicit atomistic-level description of the interfaces, which
is particularly important in the thin Stern layer. Key questions, such as how ions
interact with each other and with the electrode surface while retaining their solvation
shells, how water molecules reorganise and reorient to screen the surface charge, how
reactants adsorb and react at the interface, and what local chemical environment gov-
erns interfacial reactions, cannot be fully answered within a mean-field model. These
atomistic details are essential for an understanding of electrochemical processes in
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electrolysers. Local electric fields, interfacial hydration, and hydrogen-bond net-
works influence proton availability, surface coverage, and the stabilisation of reaction
intermediates, modulating reaction rates and product selectivity. For these reasons,
extensive experimental investigations and atomistic modelling approaches have been
developed over the years to achieve a more detailed description of electrochemical
interfaces.

1.3.2 Experimental characterisation

From a characterisation perspective, accessing electrified interfaces buried within
a liquid solvent requires advanced in situ and operando experimental techniques.
Achieving nanoscale insight into these systems remains highly challenging, as the
interfacial region comprises only a minute fraction of the total number of atoms
relative to the bulk. Moreover, resolving its morphological and structural features
demands extreme sensitivity and experimental control [38]. For these reasons, a
wide range of complementary experimental techniques have been developed to
characterise electrified metal/liquid interfaces.

Broadly, experimental studies of electrochemical interfaces can be classified into
two main categories: investigations of interfacial water under ultra-high vacuum
(UHV) conditions and in situ studies of electrode/electrolyte interfaces under elec-
trochemical control [39]. In the first category, highly idealised systems consisting
of atomically clean and well-defined metal substrates are examined under UHV
conditions. These studies, employing techniques such as scanning tunnelling mi-
croscopy (STM), atomic force microscopy (AFM), and low-energy electron diffrac-
tion (LEED), aim to identify water adsorption sites, bonding motifs, and ordered
overlayers on metal surfaces. Typically, only thin water films or small water clusters
can be stabilised and characterised using these approaches [2, 38]. Despite their
high spatial resolution, UHV-based studies suffer from intrinsic limitations when
applied to water. Stabilising adsorbed water typically requires cryogenic tempera-
tures (≤ 200 K), which suppress thermal fluctuations, freeze dynamical disorder,
and eliminate entropic effects that are central to liquid-phase behaviour. Moreover,
most UHV measurements are restricted to the first adsorbed water layer, rendering
multilayer adsorption and the evolution of interfacial structures with increasing water
coverage difficult to access [2]. As a result, the relevance of UHV studies to realistic
electrochemical environments is inherently limited.
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Experiments conducted at ambient temperature and pressure, under conditions
more representative of operating electrochemical systems, are particularly informa-
tive. Interface-sensitive spectroscopic techniques, such as surface-enhanced infrared
absorption spectroscopy (SEIRAS), surface-enhanced Raman spectroscopy (SERS),
and vibrational sum-frequency generation (VSFG), enable direct probing of the struc-
ture, orientation, and hydrogen-bonding network of interfacial water as a function
of electrode potential [1, 2, 39]. These methods provide experimentally accessi-
ble observables, including vibrational frequency shifts, intensity variations, and
polarisation-dependent signals, from which information about the local interfacial
environment can be inferred. In addition, electrochemical atomic force microscopy,
surface-sensitive X-ray reflectivity and electron holography allow for atomic-scale
mapping of surface morphology, reconstruction processes, and solvent layering under
electrochemical control [40–44].

Despite this wide range of experimental tools, achieving a quantitative, nanoscale
description of electrified metal/water interfaces remains an open challenge. Key
difficulties associated with experimentally probing these systems include [39]:

• the limited selectivity of measurements in isolating signals originating from
interfacial water from the overwhelming contribution of bulk water,

• the extreme low-scale sensitivity required to detect weak interfacial interac-
tions, as hydrogen bonding and electrostatic interactions are often orders of
magnitude weaker than chemical bonds,

• the potentially invasive or destructive nature of the experimental probes, which
can locally perturb or disrupt the delicate interfacial structure.

As a result, obtaining quantitative and reproducible measurements under well-
controlled conditions, particularly under applied potentials, remains difficult, com-
plicating the unambiguous interpretation of interfacial processes. In this context,
theoretical modelling is an essential complementary tool. By explicitly controlling
system composition, geometry, and external conditions, theoretical approaches al-
low individual effects to be isolated and systematically analysed. Consequently,
modelling can provide critical guidance for the interpretation of experimental obser-
vations. In particular, atomistic simulations offer sub-nanometre spatial resolution
and access to dynamical and structural details of electrochemical interfaces that are
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currently beyond experimental detection, enabling a deeper understanding of the
microscopic mechanisms governing interfacial phenomena.

1.3.3 Atomistic modelling

As anticipated in Section 1.3.1, atomistic modelling, explicitly accounting for indi-
vidual atom–atom interactions, can enrich the description of the EDL with respect
to the Gouy–Chapman–Stern picture. By providing a discrete representation of the
system, these approaches start from the position and chemical nature of the atoms
and, given a physical model for the interatomic interactions, they are able to capture
nanoscale phenomena with a much higher level of detail [17, 45, 46]. Owing to their
atomic-scale resolution, atomistic methods are inherently limited in the maximum
length scales they can access, typically ranging from a few Å up to several tens or,
in some cases, hundreds of nanometres. As a consequence, only the near-surface
region of the electrode is usually included in the model and represented as a slab
consisting of a limited number of atomic layers [45, 47]. Furthermore, the full
electrochemical cell with two electrodes is often not explicitly simulated; instead,
studies commonly focus only on a half-cell. When both electrodes are included, the
electrolyte thickness separating them is generally much smaller than that found in
experimental systems [48]. In all cases, the modelling effort is focused on the region
of the EDL closest to the electrode surface, i.e., the Stern layer and the innermost
portion of the diffuse layer, while the full diffuse layer extending over hundreds of
nanometres is typically not represented [49].

Depending on the accessible length scales, as well as the desired level of ac-
curacy, atomistic approaches can be broadly divided into two main categories: ab
initio methods and force field–based methods [50–53]. Ab initio approaches de-
scribe interatomic interactions by explicitly solving the electronic structure problem,
accounting directly for the behaviour of electrons. As a result, these methods are
well suited to describe interfacial processes involving electron transfer, bond for-
mation and breaking, and chemical reactions, which are at the core of electrolyser
working [54]. In contrast, force field methods rely on analytical, parametrised ex-
pressions to represent interatomic interactions. In these models, electronic effects
are incorporated implicitly through the functional form of the force field and its fitted
parameters, making the accuracy of the results strongly dependent on the quality
and transferability of the chosen parametrisation. The fundamental difference in
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how interatomic interactions are evaluated (solving a quantum mechanics problem
versus computing a predefined force field) leads to different computational costs.
Consequently, force field methods can access significantly larger system sizes than
ab initio approaches, albeit at the expense of a reduced ability to describe electronic
effects explicitly. A more detailed discussion of the differences between these two
classes of atomistic modelling techniques, as well as their respective advantages,
limitations, and relevance in the context of this thesis, is provided in Chapter 2. This
dualism of the atomistic approach represents the starting point for a new class of
simulations accelerated by machine learning techniques that represent the core of
this thesis.

Regardless of the atomistic approach employed, modelling electrochemical inter-
faces remains intrinsically complex due to the heterogeneous nature of these systems,
which comprise metal surfaces, solvents, and solutes, including both neutral and
charged species that interact with one another [3]. From a statistical-mechanical
perspective, describing a liquid in contact with a solid requires an explicit treatment
of thermal fluctuations and an appropriate ensemble description [46, 53]. The highly
dynamic nature of solvents such as water, where molecules continuously reorganise,
solutes diffuse, and interfacial species respond to an externally applied potential,
cannot be adequately captured by approaches restricted to absolute minimum-energy
configurations. To capture these essential features of electrochemical interfaces under
operando conditions, dynamical atomistic approaches such as molecular dynamics
(MD) simulations are required [55]. MD provides a natural framework for sampling
the configurational space of the solvent and interfacial species, explicitly accounting
for thermal fluctuations, hydrogen-bond rearrangements, and transient interactions
between solvent molecules, ions, and surface adsorbates. This time-dependent treat-
ment is particularly important for understanding solvation structures and dynamic
interfacial phenomena that directly influence electrochemical reactivity. Further
details on MD simulations and their role in modelling electrochemical interfaces are
provided in Chapter 2.

Approaches for the representation of the solvent

In addition to capturing the dynamic behaviour of the system, an accurate description
of the solvent is essential for understanding interfacial processes [46]. Solvent/solute
interactions play a central role in electrochemical systems: for instance, charged
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Fig. 1.7 Scheme for the different solvation approaches: from left to right, implicit, hybrid
explicit-implicit and explicit solvent. Courtesy of Duy Le.

or polar reaction intermediates can be stabilised through hydrogen bonding with
water. Studies of electrochemical interfaces that neglect the solvent, i.e., those
performed in a vacuum, miss this fundamental aspect and often fail to reproduce
realistic behaviours [56].

A common strategy to account for solvation effects is the use of implicit solvent
models. Instead of explicitly representing individual solvent molecules, the elec-
trolyte is coarse-grained into a continuous polarisable medium (Figure 1.7) [17, 45,
54, 57]. The widespread use of such approaches arises from their computational effi-
ciency: they enable the simulation of electrochemical environments without the cost
associated with treating large numbers of solvent molecules explicitly [46]. By re-
placing the discrete solvent with a dielectric continuum, they provide a simplified yet
physically based description. Their efficiency and flexibility make them especially at-
tractive for modelling extended systems such as charged metal interfaces. Moreover,
many implicit schemes can also account for dissolved ions by modelling their charge
and spatial distribution through the Poisson–Boltzmann equation [46, 54]. Despite
their advantages, implicit models are intrinsically limited in their ability to capture
short-range, directional interactions between solvent molecules and adsorbates. In
particular, they cannot explicitly describe hydrogen bonding among water, interme-
diates, and the electrode surface, which systematically leads to an underestimation
of the stabilisation of many adsorbed species [58, 59].

Explicit solvation strategies overcome these limitations by directly representing
solvent molecules, capturing both the global dielectric response and the specific local
interactions occurring at the interface [3, 46]. A practical compromise between accu-
racy and computational cost is offered by hybrid explicit–implicit schemes [57, 60].
In these approaches, a few layers of explicit water molecules, typically corresponding



24 Electrochemical interfaces: motivations and investigation approaches

to the first solvation shells, are placed near the electrode surface to reproduce local
structural and hydrogen-bonding effects, while an implicit solvent description is
used to model the bulk electrolyte above this region (Figure 1.7). However, hybrid
methods are associated with well-known limitations: many continuum solvation
models allow the implicit medium to penetrate regions in the explicit solvent that
would be inaccessible to real water molecules, resulting in unphysical additional
solvation of the explicit solvent [61, 62]. The presence of the artificial boundary be-
tween explicit and implicit domains may further perturb the properties of the explicit
solvent, preventing it from recovering bulk-like behaviour far from the electrode
surface [63, 64].

For these reasons, fully explicit solvent models, without vacuum gaps or implicit
regions, remain the only rigorous way to capture simultaneously the dielectric re-
sponse and the specific local interactions of the solvent without introducing artificial
effects [3, 46]. This approach is also naturally suited for molecular dynamics sim-
ulations to optimise the solvent density, as the absence of vacuum or continuum
regions prevents solvent molecules from drifting away from the explicit domain.
Nevertheless, such simulations are often avoided due to their high computational
cost, arising from the large number of atoms required to represent the solvating
environment. The search for strategies enabling the use of explicit solvents while
mitigating their computational cost, without introducing additional approximations,
will be one of the central motivations driving the developments presented in this
thesis.

Approaches for the representation of the applied potential

If a suitable description of the solvent is essential, an even more crucial component of
atomistic models of electrochemical interfaces is the treatment of the external applied
potential. Models that neglect the applied bias often yield unreliable predictions,
since they omit the primary driving force that activates interfacial processes [17, 45,
46]. A key effect of the applied potential is the modification of the electrode surface
charge. To reproduce the resulting variations in the electrostatic potential and local
electric field near the interface, atomistic simulations typically alter the surface charge
by adding or removing electrons [54, 57]. Two general strategies are commonly
used to control the surface charge and thus model the applied potential [46, 47, 57]:
constant charge schemes, which fix the total number of electrons, and constant
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potential methods, in which the electron number is allowed to fluctuate to maintain a
target electrode potential. The electrode potential U is typically defined with respect
to a reference electrode, such as the Standard Hydrogen Electrode (SHE), according
to [45, 46, 54]:

U = (−µ̃e +ΦSHE)/e (1.1)

where µ̃e is the electrochemical potential of the electrons, often associated with the
system work function [62, 65, 66], ΦSHE is the potential of the SHE with respect to
a vacuum, and e is the elementary electron charge.

In constant charge schemes, the electrification of the electrode is achieved by
introducing ionisable species, such as alkali metals (K, Na, and Cs), halogens (F
and Cl), or H3O• radicals, into the simulation cell (Figure 1.8a) [46, 60, 67]. These
species readily donate or accept an electron with the surface, becoming charged
and forming part of the EDL, while the electrode acquires a net surface charge.
Adjusting the number of added species modulates the electrode charge. Despite their
simplicity, such canonical-ensemble approaches have important limitations: because
the number of electrons is fixed, the electrode potential cannot be held constant.
Any electron transfer between the electrode and the electrolyte changes the work
function, and therefore the electrode potential, during the simulation. This artificial
potential drift leads to unphysical variations in reaction energetics and activation
barriers, effects particularly severe in small simulation cells [46, 65]. To mitigate the
size-dependent effects of constant charge methods, extrapolation schemes exist, but
they are generally cumbersome and might become computationally demanding.

Constant potential methods overcome this limitation by treating the electron
number as a fluctuating variable and fixing instead the electrochemical potential
of electrons. This corresponds to modelling the system in the electronic grand
canonical ensemble, where the electrode potential is externally controlled [46, 57].
These approaches repeatedly adjust the electron number and evaluate the resulting
electrode potential (often via the work function), forming a feedback loop that
enforces the target potential [60, 68, 69]. Because electrons are added or removed
during this process, a charge-neutralisation mechanism is required. Under periodic
boundary conditions, the presence of a net charge would lead to an infinite lattice of
charged cells and a divergent Coulomb energy [46]

Many implementations achieve neutrality by coupling the constant potential
scheme with an implicit solvent model (Figure 1.8b). Here, the electrolyte is rep-
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Fig. 1.8 Scheme for the different electrification approaches: (a) constant charge scheme with
ions, (b) constant potential scheme with distributed countercharge in the implicit solvent
region and (c) constant potential scheme with uniformly distributed countercharge. Adapted
from [57].

resented as a polarisable dielectric continuum hosting a counterion distribution
that responds to the local electrostatic environment, thereby screening the excess
electrode charge [62, 69, 70]. As a result, the total electrostatic potential remains
well-defined, and spurious interactions between periodic images are avoided. This
feature enables simulations of polarised electrodes, where the metal slab carries a
net charge, as well as systems containing explicitly charged species. In this case
the electrolyte represented by the implicit model plays a dual role: it captures the
physical screening behaviour of the electrochemical environment and ensures consis-
tency in simulations of charged interfaces. However, these implementations inherit
all limitations of implicit solvent models discussed earlier [64].

A more minimalistic strategy for maintaining charge neutrality is the use of a
homogeneous background charge when electrons are added or removed from the
electrode (Figure 1.8c) [66, 71]. Although such a background charge is unphysical,
the presence of an explicit solvent has been shown to yield realistic potential profiles
within the inner double layer, comparable to those obtained with explicit counteri-
ons [66]. This compensation scheme is employed in the double reference method,
which provides a robust determination of the electrode potential [66]. In this method,
a well-defined connection between surface charge and work function enables one
to adjust the number of electrons to match a target applied potential within a grand
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canonical framework. This approach allows for a fine control over the surface charge,
similar to implicit solvent-based schemes, but without requiring a vacuum or implicit
region to define the work function. Additional details are discussed in Appendix A.
The main drawback of the double reference method is the need to evaluate auxiliary
systems to obtain reference energy levels to rigorously define the work function. This
comes at an increased computational cost. Consequently, despite its robustness and
the absence of complex counterion placement, this method is seldom used, particu-
larly in molecular dynamics simulations. The possibility of employing the double
reference method in constant potential simulations for studying the dynamical effects
of electrified interfaces will be one of the core motivations driving the developments
presented in this thesis.

In summary, electrochemical cells, such as electrolysers designed to generate
added-value chemical products (e.g., H2 and carbon-based molecules) from abun-
dant compounds like water and CO2 via the HER and CO2RR, are the technological
applications that motivate the focus of this thesis on electrochemical interfaces. The
challenges of controlling energy efficiency and product selectivity in these systems
demand a nanoscale understanding of the processes occurring at the electrode/elec-
trolyte interface. In this thesis, we aim to provide an atomistic description of these
complex environments, concentrating on the interplay between applied potential and
interfacial reactivity. As a representative electrocatalyst for CO2RR, we focus on
copper electrodes in contact with a water-based electrolyte. The solvent and electric
potential effects will be captured through a fully explicit solvation strategy and the
constant potential double reference method, respectively. These features will be
embedded in a dynamic picture provided by molecular dynamics simulations. The
computational cost and complexity of simulating electrochemical interfaces will
be faced by accelerating the molecular dynamics simulations via machine learning
interatomic potentials. Machine learning potentials are a rapidly emerging field,
combining the accuracy of ab initio simulations with the computational efficiency of
force fields required for large-scale molecular dynamics simulations. The following
chapters will present in detail the methodology associated with the machine learning
potentials alongside our methodological improvement for the study of electrochemi-
cal interfaces and the efficacy of this strategy to study real-case scenarios.



Chapter 2

Methods: atomistic simulations

As discussed in the previous chapter, the thesis investigates the nanoscale processes
occurring at electrochemical interfaces, deepening the knowledge on the effects
of an externally applied potential and surface reactivity. To unravel these com-
plex processes, atomistic simulations based on ab initio methods have emerged
as indispensable tools, offering insights that complement and guide experimental
observations. Ab initio methods derive their accuracy and predictive power from
the fundamental principles of quantum mechanics, making them particularly suited
for systems where electronic effects are critical. Among the various strategies for
solving the many-body Schrödinger equation, Density Functional Theory (DFT)
stands out as one of the most widely adopted frameworks. This thesis is entirely
developed within the DFT paradigm, and all machine learning (ML) models pre-
sented herein are trained on DFT-generated data. Consequently, DFT serves as the
reference (“ground truth”) for the ML predictions, and any inherent limitations or
approximations in DFT will inevitably propagate into the ML results. Consequently,
this chapter first revisits the essential principles of DFT (Section 2.1). However,
static electronic structure calculations alone cannot fully capture the dynamic and
complex nature of real surfaces. For this reason, Molecular Dynamics (MD) is
introduced as an atomistic technique for exploring time-dependent phenomena at
surfaces (Section 2.2). Bare MD is unable to cover the time-scale at which surface
reaction processes occur, but enhanced sampling techniques are required to analyse
the surface reactivity. This chapter concludes with an overview of these methods,
focusing on the specific strategies adopted in this work (Section 2.3).
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2.1 Density functional theory

2.1.1 The many-body problem and the Born-Oppenheimer ap-
proximation

Matter is characterised by the co-presence and reciprocal interaction among electrons
and ions. The many-body problem of this system is described by the following
Hamiltonian (in atomic units) 2.1:

Ĥ =− 1
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(2.1)

where:

• MI and ZI are the mass and the atomic number of the I-th ion,

• ri and RI are the positions of the i-th electron and of the I-th ion, respectively.

The first and second terms in 2.1 are the sums of the kinetic energy contributions
of each electron and each ion, respectively. The third contribution describes the
interaction between electron pairs, the fourth considers the attraction between elec-
trons and ions, while the last is associated with the repulsion of the ion couples. The
complexity of this formulation is associated with the coupling of the electronic and
ionic systems. For that reason, a series of approximations is required to deal with this
many-body problem. The main approximation is the adiabatic or Born-Oppenheimer
approximation [72]. The rationale behind this assumption is associated with the large
difference between the velocity of electrons and ions, making the ions essentially
stationary for the electrons, whereas ions only see a time-averaged potential (Vi)
associated with the electronic system. According to this assumption, the Hamiltonian
in 2.1 can be rewritten as:

Ĥ = Ĥions({RI})+ Ĥe({ri} ,{RI0})+ Ĥe−ion({ri} ,{δRI}). (2.2)

The first term in 2.2 is the Hamiltonian associated only with the ionic system, and
it explicitly depends only on the ion coordinates. The second term in 2.2 is the
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electronic Hamiltonian:

Ĥe({ri} ,{RI0}) =−
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|r j− ri|

−∑
i,I

ZI

|ri−RI0|
. (2.3)

Notice that the electron-ion interaction in 2.3 considers only the condition in which
ions are at their equilibrium position RI0, hence the ion coordinates become a
parameter in the electronic Hamiltonian. The variations of the ion positions δRI

and the associated variations in the electron-ion interaction are encoded in the third
term in 2.2, which is commonly described as the interaction between electrons and
phonons.
The main advantage of the adiabatic approximation is the partition of the original
problem into sub-parts that can be studied separately. In view of the electronic
structure study, the electronic Hamiltonian in equation 2.3 becomes the central point
of the following discussion. Despite the huge problem simplification due to the
adiabatic approximation, the eigenproblem associated with equation 2.3 is still a
many-body problem. Different approaches have been proposed to solve it; the DFT
solution is described in the next section.

2.1.2 Basics of DFT

Density Functional Theory (DFT) is a method developed to describe correlated
many-body systems. The original formulation is associated with the works of
Hohenberg-Kohn [73] and Kohn-Sham [74]. The peculiarity of the DFT approach is
the central role of the electron density n(r). Indeed, if other methods identify the
electronic wavefunction as the basic unknown in which the physical information
is encoded, DFT replaces it with the electron density. In other words, all system
properties are formulated as functionals of the ground state density.

Hohenberg-Kohn theorems

The Hohenberg-Kohn (H-K) theorems hold for a generic system of N interacting
electrons in the presence of a time-independent local external potential Vext(r).
According to the first H-K theorem, for any system of interacting particles in an
external potential, Vext(r) is determined uniquely, except for a constant, by the ground
state particle density n0(r). This theorem has relevant consequences; indeed, once
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the ground state electron density n0(r) is known, a unique Vext(r) is determined up to
an additive constant. Hence, the Hamiltonian is uniquely assembled given n0(r), and
if the associated eigenproblem is solved, all wavefunctions and energy eigenvalues
(both ground and excited states) can be evaluated. Therefore, all system properties
are completely determined given only the ground state density. According to the H-K
scheme, the ground state expectation value of any observable is a unique functional
of n0. For example, the total energy E[n] is expressed as:

E[n] =
∫

n(r)Vext (r) dr+FHK[n]. (2.4)

FHK is universal since it is independent of the specific Vext(r), but includes only
energy terms (electron kinetic energy and electron repulsion energy) that strictly
depend on the electronic system alone.
The second H-K theorem states that the minimisation of the total energy functional
E[n] with respect to n allows for the identification of the ground state. The ground
state energy E0 is the minimum of E[n] and the ground state density n0 is the density
associated with the minimum of E[n]. Hence, the minimisation of the total energy in
equation 2.4 with respect to n(r), imposing the constraint of the constant number
N of electrons, is the path to follow to determine the exact ground state energy and
density.

The Kohn-Sham ansatz

The H-K theorems can be considered an effective reformulation of the original
many-body problem through functionals of the electron density. However, they do
not solve the complexity of the many-body system since they do not specify any way
to identify the functional required in equation 2.4. For that reason, the effectiveness
of the H-K approach is associated with the Kohn-Sham (K-S) ansatz [74]. The basic
idea of the K-S scheme is the association between the original, complex many-body
system and a non-interacting electron system. The Hamiltonian of this auxiliary
problem must be formulated so that the exact ground state density of the original
many-body system can be represented by the ground state density of the associated
system of non-interacting particles. Once the association between the original and
the auxiliary problem is established, the application of the H-K approach is by far
more convenient in the non-interacting electron system.
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In the K-S formulation, the total energy functional E[n(r)] in equation 2.4 can be
rewritten as:

E[n(r)] =
∫

n(r)Vext (r)dr+Ts[n(r)]+
1
2

∫
dr

∫
dr′

n(r)n(r′)
|r− r′|

+Exc[n(r)],

(2.5)
where Ts[n(r)] is the kinetic energy functional of the non-interacting system, the
third term is the electron density-density Coulomb interaction, and Exc[n(r)] is the
exchange-correlation contribution.
The minimisation of equation 2.5 with respect to the density will provide the ground-
state density of the non-interacting system. Equivalently, it is possible to prove
(cf. ref. [50]) that the minimisation can be performed with respect to the elec-
tronic wavefunction ψi of the auxiliary K-S system, resulting in the solution of
a Schrödinger-like single particle equation for the electronic wavefunction of the
non-interacting system:

ĥKSψi =

[
−1

2
∇

2 +VKS (r)
]

ψi = εiψi, (2.6)

where the Kohn-Sham potential VKS (r) includes the Coulomb potential (Hartree
term), the external potential, and the exchange-correlation potential. Notice that
equation 2.6 appears as the eigenvalue equation of a non-interacting electron system.
This means that interacting electrons can be described as independent electrons in
the presence of an effective potential VKS. This is the key point of the K-S approach.
Once the wavefunctions ψi of the non-interacting system are evaluated by equa-
tion 2.6, the associated electron density is finally computed as:

n(r) =
N

∑
i
|ψi(r)|2. (2.7)

Formally, once equation 2.6 is solved, the problem of the interacting electrons is
sorted out since the ground state density of the auxiliary system can be directly
associated with the original one, and then all other observables can be derived from
n0(r). Practically, the many-body complexity is simply hidden inside an effective
expression of VKS and, more specifically, of Exc[n]. Indeed, the exact correspondence
between the original and auxiliary problems holds only if the correct expression for
the exchange-correlation term is employed. Unfortunately, excluding the simple
case of the uniform electron gas, exact forms for Exc[n] are unknown. So, even
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if DFT is an exact theory, the result accuracy strongly depends on the employed
exchange-correlation functional. For that reason, a complex hierarchy of functionals
has been developed in the last decades, as discussed in the section below.

Exchange-correlation functionals

The association between the many-body system and the auxiliary independent-
particle one is guaranteed only if the exact form of the exchange-correlation func-
tional is known. Since the H-K and K-S equations do not provide any expression for
Exc[n], only approximated functionals can be employed.
The simplest functional form is provided by the Local Density Approximation
(LDA) [75, 76]. It was originally developed for a homogeneous electron gas where
n(r) is constant everywhere. The total exchange-correlation functional results in the
sum of contributions of N equivalent electrons:

Ehom
xc [n] = Nεxc(n). (2.8)

This idea can be extended to systems in which the density is not constant but depends
on position. So, the exchange-correlation energy per particle εxc(n) expression,
previously used for the homogeneous case, now depends on the local density. Exc

becomes a spatial average of εhom
xc (n(r)) weighted by the local density:

ELDA
xc =

∫
n(r)εhom

xc (n(r))dr. (2.9)

The basic idea justifying the LDA approach is the quite short range of the effects of
exchange and correlation. Nonetheless, this assumption does not hold in all systems:
LDA is effective in systems resembling homogeneous electron gases (e.g., nearly free
electron metals), and it works poorly in cases of inhomogeneous electron distribution.
For that reason, the LDA idea is generalised to more complex expressions for Exc as
the Generalised Gradient Approximation (GGA) [77]. The non-locality is introduced
in equation 2.9, considering that εxc depends not only on the local value of n(r), but
also on its gradient:

EGGA
xc =

∫
n(r)εxc (n(r),∇n(r))dr. (2.10)
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Different strategies have been proposed to formulate εxc (n(r),∇n(r)), often modify-
ing the original expression εhom

xc of the homogeneous electron gas. The simplest and
most used expression for EGGA

xc is the PBE (Perdew, Burke and Ernzerhof) form [78].
Despite the success and the popularity of GGA functionals, there are still several
systems, including water, that are not accurately described by these functionals [79].
For that reason, a new class of functionals beyond GGA has been developed: the
Meta-GGAs [50]. In addition to the density and its gradients, the Meta-GGAs are
also functionals of the kinetic energy density t(r) = n(r)τ(r), where τ is the kinetic
energy density per particle, such that:

EMeta−GGA
xc =

∫
n(r)εxc (n(r),∇n(r),τ(r))dr. (2.11)

There are different ways to formulate the kinetic energy density; among these, a
possible definition is:

t(r) =
1
2

N

∑
i=1
|∇ψi(r)|2 , (2.12)

where the summation runs over the occupied states. Notice that the kinetic energy
density is an implicit non-local functional of the density.
The most common Meta-GGA functional, which will also be employed in this work,
is the "Strongly Constrained and Appropriately Normed" (SCAN) functional [80].
This functional is constructed in terms of the dimensionless variable:

α(r) = τx(r)/τ
unif (n(r))> 0, (2.13)

where τx is the exchange kinetic energy density, and τunif is the kinetic energy
density of the electron gas system with density n(r). The specific form of the ex-
change energy as a function of n, ∇n and α was determined to satisfy all 17 known
constraints of the true exchange-correlational functional accessible to a Meta-GGA
(the "Strongly Constrained" in the acronym stands for this achievement). At the
same time, the authors added in the SCAN formulation some appropriate norms
from systems in which semilocal functionals are expected to be accurate (the "Appro-
priately Normed" in the acronym stands for this formulation) [80]. Even if bonded
systems are not used to impose the norms, the SCAN formulation distinguishes
among different types of interactions, including covalent single (for which α = 0),
metallic (α ≈ 1) and weak bonds (α ≫ 1). Indeed, it has been shown that SCAN is
superior to LDA and common GGAs to describe different types of bonded materials,
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including covalent, metallic, ionic, hydrogen, and van der Waals bonds [81]. Thanks
to this capability, SCAN is able to carefully describe the structure of liquid water,
with minimal over-structuring, since it is able to properly reproduce the relative
strength of O-H covalent and hydrogen bonds [79]. At the same time, SCAN is
also able to reproduce both the energies and the geometries of metallic systems [81].
Due to these capabilities, SCAN will be used in the following chapters to describe
metal/water interfaces.
Considering the numerical instability and criticality in the convergence of the original
SCAN version, a regularized formulation r2SCAN has been developed to improve
the numerical performance, at the expense of breaking some constraints of the exact
exchange-correlational functional [82]. Nonetheless, a subsequent reformulation
of the regularised version, r4SCAN, recovering all the constraints of the original
SCAN form [83], has been proved not to outperform r2SCAN, making the latter the
handiest version within the SCAN family.

2.1.3 The Hellmann-Feynman theorem

The Hellmann-Feynman, or force theorem identifies an effective way to evaluate the
force acting on nuclei in a system composed of interacting nuclei and electrons. The
force acting on a nucleus I is associated with the gradient of the total energy with
respect to the nucleus coordinates RI as:

FI =−∇RI E. (2.14)

The total energy can be calculated through the evaluation of the expectation value of
the system Hamiltonian Ĥ:

E =
⟨ψ(R)|Ĥ(R)|ψ(R)⟩
⟨ψ(R)|ψ(R)⟩

. (2.15)

Combining equations 2.14 and 2.15, it is possible to evaluate the force acting on the
nucleus I. Nevertheless, the calculation of the gradient of the expectation value is not
trivial since both the Hamiltonian Ĥ(R) and the system wavefunction ψ(R) depend
on the nucleus coordinates. The Hellmann-Feynman theorem [84, 85] proves that
the gradient of the energy expectation value is equivalent to the gradient acting only
on the Hamiltonian, if ψ(R) is an eigenstate of Ĥ. Hence, the force acting on the
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nucleus I is simply:

FI =−
⟨ψ|∇RI Ĥ(R)|ψ⟩

⟨ψ|ψ⟩
. (2.16)

In other words, forces can be evaluated by knowing only the explicit dependence of
each Hamiltonian term with respect to the nucleus coordinates.
This theorem has a central role since it offers an effective way to evaluate the forces
acting on the atoms, relying on quantum mechanical principles. The knowledge of
the forces is crucial for MD simulations to propagate the dynamics of the system
over time. All the ML interatomic potentials will be trained on the forces evaluated
through the Hellmann-Feynman theorem.

2.2 Molecular Dynamics

Molecular Dynamics (MD) is a computational technique that simulates the time-
dependent behaviour of a system of atoms by numerically integrating their equations
of motion. Unlike static approaches, which focus on finding minimum-energy con-
figurations and neglect thermal fluctuations, MD inherently accounts for temperature
effects on both atomic positions and dynamics. This makes MD particularly powerful
for exploring properties that depend on atomic motion, such as diffusion, vibrational
spectra, and phase transitions. By providing access to trajectories over time, MD
enables the calculation of a wide range of observables that can be directly compared
with experimental measurements [86].
The basics of MD are connected to the fundamental classical laws of dynamics [50].
Given a set of atoms (usually treated as classical particles) with positions RI, masses
MI and interaction potential energy E[RI] (or, equivalently, the reciprocal interacting
forces FI), the equations of motion according to Newton’s law are:

MIR̈I =−
∂E
∂RI

= FI [{RI}] . (2.17)



2.2 Molecular Dynamics 37

This set of equations in the atomic positions is not solved analytically but numerically
via a time discretisation strategy, commonly using the velocity-Verlet algorithm [87]:

RI(t +∆t) = RI(t)+vI(t)∆t +
FI(t)
2MI

∆t2,

vI(t +∆t/2) = vI(t)+
∆t
2

FI(t)
MI

,

FI(t +∆t) = FI (RI(t +∆t)) ,

vI(t +∆t) = vI(t +∆t/2)+
∆t
2

FI(t +∆t)
MI

,

(2.18)

where vI is the velocity of I-atom, and ∆t is the time step defined in the discretisation
approach. In this way, given the positions RI(t) and the velocities vI(t) of atoms at
time t, it is possible to obtain their positions RI(t +∆t) and velocities vI(t +∆t) at
the new time step t +∆t, knowing the forces acting on the atoms (cf. Section 2.2.1).
Recursively applying equations 2.18, the atom motion is propagated for a defined
time window (usually ranging in the scale of ps - ns).
Along the MD trajectory, a generic physical quantity Ak can be evaluated at every
time step k (or a multiple of it) such that the time-averaged quantity Ā can be
approximated as a discrete summation:

Ā≈ 1
nk

nk

∑
k=1

Ak, (2.19)

where nk is the number of samples collected along the trajectory. Under the assump-
tion of ergodicity, the average behaviour of the system over time (i.e., what can
be obtained from an MD trajectory via equation 2.19) is equivalent to the average
behaviour of many equivalent systems at a single point in time. Consequently, the en-
semble average ⟨A⟩ of the physical quantity of a system with probability distribution
ρ(p,q) (where p and q represent positions and momenta) can be computed as:

⟨A⟩=
∫

dpdqρ(p,q)A(p,q) = lim
τ→∞

1
τ

∫
τ

0
dtA({RI(t)} ,{vI(t)}) = Ā. (2.20)

In this way an experimental observable quantity Aexp can be reasonably evaluated as
a discrete time average Ā employing the statistics collected along an MD trajectory.
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Thermostats

Equations 2.18 enforce energy conservation, so statistics are gathered in a micro-
canonical (NVE) ensemble, rather than in a canonical (NVT) ensemble where the
temperature is constant, as is typically the case under experimental conditions. In
MD, the temperature is monitored by calculating the average kinetic energy (i.e., the
velocities of the particles) [51]. According to the Maxwell-Boltzmann distribution,
the average kinetic energy for each degree of freedom in a system with N particles is
associated with the system temperature T via:

1
2

M(v2) =
1

6N

3N

∑
i=1

MIv2
I ≡

kBT
2

with kB the Boltzmann constant. (2.21)

Temperature control is achieved by using a thermostat which adjusts the particle
velocities, thereby ensuring the sampling of the canonical ensemble. Numerous
thermostat schemes have been proposed, each relying on a distinct mechanism for
regulating the velocities [86]. Here we briefly present the two methods most widely
accepted for canonical ensemble sampling: the Nosé-Hoover thermostat and the
"stochastic velocity rescaling" approach (also known as Bussi-Donadio-Parrinello).
The Nosé-Hoover thermostat modifies the equations of motion, adding an extra
"friction" force to increase or decrease the velocities to target a specific tempera-
ture [88]. An additional equation of motion is introduced to control the relaxation of
the dynamics of the "friction" term and control the fluctuations of the instantaneous
temperature with respect to the target temperature. In this way the temperature is
not continuously fixed at a constant value (isokinetic ensemble), but its average
value is kept constant as required in the canonical ensemble. However, it has been
proved that the ergodicity of the system can be broken in the original formulation
of the Nosé-Hoover thermostat [88]. This can occur in complex and heterogeneous
systems, and this thermostat can generate unphysical temperature gradients within
the simulation domain [89]. For this reason, the more elaborate Nosé-Hoover Chain
formulation [90] is frequently necessary, although it entails greater computational
expense and increased effort in identifying suitable parameters entering in the analyt-
ical formula defining the thermostat.
In addition to Nosé-Hoover, another simple but at the same time accurate thermostat
is the "stochastic velocity rescaling" one [91]. Also in this case an extra force is
added to the equations of motion to rescale the velocities, but with a stochastic
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approach (in contrast to the deterministic one of the Nosé-Hoover). The velocities
are rescaled to match a kinetic energy value extracted from a canonical equilibrium
distribution, allowing the temperature to oscillate around a target value. The rescaling
procedure is distributed among a number of time steps to allow a smooth evolution
according to a set of equations for a stochastic dynamics [91]. It has been shown that,
across a broad range of parameter choices, both the structural and most dynamical
properties remain essentially unchanged by the specific thermostat settings, thereby
enabling efficient sampling of the NVT ensemble with minimal artificial influence
from the thermostat [91]. For that reason, this thermostat will preferred in this thesis.

2.2.1 Classification of the molecular dynamics approaches

As visible in equations 2.18, a central element to propagate the motion is the knowl-
edge of the force acting on the particles. Because the force must be calculated at
every time step, it is clear that force evaluation accounts for most of the computa-
tional expense in MD. At the same time, the reliability of the observables that can
be derived from an MD trajectory is strongly linked to how accurately these forces
are computed. Consequently, force calculation in MD usually reflects a compromise
between accuracy and computational cost and the different MD approaches are
classified based on the strategies followed to evaluate the forces.

Ab initio molecular dynamics

The most accurate, but computationally expensive, way to compute the forces relies
on an ab initio approach. This strategy is the so-called ab initio molecular dynamics
(AIMD). In this technique the forces are obtained at each time step by solving a
quantum mechanical problem for electrons: DFT is usually employed as the ab
initio approach, and forces are evaluated through the Hellmann-Feynman theorem
(cf. Section 2.1.3).
Even if forces are derived in a fully quantum mechanical approach, then the atoms
are treated as classical particles, and they are moved following the laws of classi-
cal dynamics (Eqs. 2.18). This approach is valid thanks to the Born-Oppenheimer
approximation, and this MD method is also called Born-Oppenheimer molecu-
lar dynamics (BOMD). Nonetheless, there are some systems with light species
(e.g., protons) in which the Born-Oppenheimer approximation fails, and a fully
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quantum approach is also required for these atomic species. In these cases, more
advanced MD techniques are required, such as the path-integral molecular dynamics
(PIMD) [92, 93].
AIMD is the most accurate and appropriate approach to describe systems charac-
terised by chemical reactions, catalytic processes, and chemisorption events, i.e., all
the processes in which the transfer or sharing of electrons are the essential elements
to understand the physics of the problem [94]. This is because AIMD naturally
includes the electronic degree of freedom. However, the solution of a quantum prob-
lem at each time step to compute the forces is computationally expensive. Hence,
the potentiality of AIMD is hindered, limiting its applicability to small systems (up
to a few hundred atoms) and short timescales (up to a few tens of picoseconds). This
implies that results of AIMD can be affected by finite-size effects and poor statistical
sampling.

Classical molecular dynamics

Classical MD is essentially the mirror image of AIMD: while it might not be as
accurate, its computational efficiency is significantly higher. This is because the
forces in classical MD are calculated by evaluating empirical force-fields (FFs), i.e.,
they map the potential energy surface (PES) as a function of the atomic coordinates.
Since no quantum problem is solved on-the-fly at each time step, but forces are
"simply" derived by evaluating a function, the force calculation is extremely effi-
cient, allowing classical MD to explore quite large systems (several thousands of
atoms) and long time scales (tens or hundreds of nanoseconds). The efficiency of
empirical FFs is also associated with their "relatively" simple functional form: basic
FFs reproduce pair interactions (e.g., the Lennard-Jones potential). More complete
FFs include three-body or multi-body interactions and can reproduce long-range
electrostatic attraction/repulsion [95]. These expressions contain a limited number
of parameters that are fitted to reproduce some specific observables derived from
empirical measurements or high-level ab initio calculations. The accuracy of the
classical FFs is strongly connected to the functional form of the interatomic po-
tential and its parametrisation. The FF design naturally restricts their flexibility
and transferability because they typically have hand-crafted functional forms fitted
to replicate specific properties. This frequently leads to inadequate accuracy for
systems where the interaction is difficult to determine with an analytical expression
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and/or to parametrise. Moreover, since classical FFs do not explicitly include the
electronic degrees of freedom, classical MD is usually not accurate enough for
systems in which the electronic contributions are predominant (e.g., for chemical
reactions). It is possible to develop classical FFs specifically tailored for chemical
reactions (the so-called Reactive Force Fields - ReaxFFs) [96], but their development
is challenging, and, in general, they are characterised by poor transferability, making
them not sufficiently accurate for systems far from the conditions in which they were
parametrised. In this sense, AIMD remains the most reliable approach for reactive
systems.

Machine-learning-based molecular dynamics

The best of classical and ab initio MD worlds can be bridged together in a new class
of interatomic potentials: the machine-learning interatomic potentials (MLIPs) [52,
97]. MLIPs, also known as machine-learning force-fields (ML-FFs), are nominally
classical-like FFs in the sense that forces are derived by evaluating a function that
connects the atomic coordinates to the PES, without the need to directly solve
a quantum problem. However, differently from the hand-crafted expressions of
classical FFs, the MLIPs fit the PES through complex ML models, offering much
greater flexibility through the large numbers of trainable parameters and without the
need to define an a priori functional form for the FFs. Moreover, an MLIP is directly
fitted on the forces entering into the equations of motion and not on some indirect
physical quantities that derive from the forces. More precisely, an ML-FF is trained
on a dataset of atomistic configurations, described at the ab initio level (i.e., DFT or at
a higher level of theory), from which it learns to predict total energies, atomic forces,
and, when required, other quantities such as virials, atomic charges [98], Wannier
centroids [99], or atomic electronegativities [100]. In this way, ML potentials are
able to fit the PES to predict the energy/forces of a new configuration of MD with
an accuracy comparable to an ab initio approach but without the need to solve a
quantum problem. For this reason, ML-FFs promise to combine the accuracy of ab
initio methods with an efficiency and scalability comparable to the classical ones1.
Chapter 3 is fully devoted to a detailed analysis of ML models used to fit ab initio
data and strategies to train and validate the MLIPs.

1MLIPs implement more intricate functional forms compared to empirical ones, making them
somewhat more computationally intensive, although they remain considerably more efficient than
AIMD.
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2.3 Enhanced sampling techniques for reactive events

Among interfacial phenomena occurring at the electrode/solvent interfaces, chemical
reactions are one of the most investigated processes. A reaction and its kinetics are
typically characterised via its activation barrier. According to the Transition State
Theory, the rate constant k of a reaction can be computed as [101]:

k =
kBT

h
e−

∆G‡
kBT . (2.22)

∆G‡ is the Gibbs free energy of activation, T is the temperature, and is h the Planck
constant. Therefore, the assessment of ∆G‡ provides insights into an experimentally
measurable quantity such as the rate constant and offers a means to compare the
velocity of various reaction steps. In this thesis, the analysis will be restricted to
the evaluation of ∆G‡ values for the reactions under consideration, which will be
employed as the principal metric for relative comparison. To achieve this objective,
MD trajectories need to sample the basins of both reactants and products, as well
as all possible pathways that connect them. This approach offers insights into the
ensemble of high-energy configurations, the transition states (TSs), that separate
the various basins. Unlike static methods such as the nudged elastic band or dimer
method [46], which investigate the PES, MD directly gives access to the Free Energy
Surface (FES). While the PES focuses solely on potential energy from interatomic
interactions, the FES accounts for both potential and entropic contributions, offering
a more thorough thermodynamic representation of the system [102].
Evaluating activation barriers using MD is a challenging task. Indeed, reactions occur
on a timescale which is well beyond the capabilities of standard MD simulations.
For example, electrocatalytic reactions can occur over timescales ranging from
microseconds to milliseconds [103]. Consequently, initiating an MD simulation
from a metastable state A will keep the system confined to that state for the entire
duration of the simulation, because it does not have the possibility to cross the
free energy barriers required to transition to another metastable state B. For that
reason, MD is combined with enhanced sampling techniques designed to boost the
occurrence of these rare transitions.
Here we will focus on a particular class of enhanced sampling methods that make
use of collective variables (CVs) and introduce an external bias along these CVs,
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thereby amplifying their fluctuations and reducing the free-energy barriers that hinder
adequate sampling [104, 105].

2.3.1 CV-based formulation of the sampling problem

The problems of rare event sampling can be cast in terms of probability. In a
canonical ensemble the probability associated with a potential energy U(R), where
R is the vector of the Cartesian coordinates of N atoms in the system, is evaluated
through Boltzmann distribution:

p(R) =
e−βU(R)

Z
with the normalization factor Z =

∫
dRe−βU(R), (2.23)

where β = 1/kBT .
Since R ∈ R3N , it is convenient to formulate the problem in a smaller subspace of
degrees of freedom, referred to as ’collective variables’. A CV is a coarse-grained
coordinate, usually selected to be capable of distinguishing between relevant states.
A set of CVs, denoted as s(R), is formulated as a collection of functions based on
the atomic coordinates {R}. In this way, the probability of observing the system in a
state characterised by a specific s(R) value is:

p(s) =
∫

dRδ (s− s(R))p(R). (2.24)

The FES F(s) as a function of the CVs is defined statistically, under the assumption
of ergodicity, as:

F(s) =− 1
β

log[p(s)]≈− 1
β

lim
t→∞

log[N(s, t)], (2.25)

where p(s) is the equilibrium distribution of the CVs, and N(s, t) is the normalised
histogram obtained from sampling the MD trajectory. Once the FES is available, the
energy difference between two metastable states and, more generally, the minimum
free energy path connecting these states can be identified, making it possible to
extract all the barriers that separate the states.
Accurate estimations of the FES via equation 2.25, require uniform samplings of
N(s, t) over the relevant CV space within a finite simulation time, but this is hindered
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by the presence of free energy barriers. For these reasons, we need to resort to
enhanced sampling techniques to alter the sampling probability.

2.3.2 Altering the sampling probability distribution

Fig. 2.1 Scheme of the relation between free energy (A, C) and probability distribution (B,
D) along a collective variable. For an unbiased system with free energy F(s) (top row), the
probability distribution is strongly peaked on the metastable states, highlighted by the green
and yellow shaded boxes, and almost negligible in correspondence to the free energy barriers
associated with the TS (‡). If a proper bias potential V (s) is applied to the system (bottom
row), the relative free energy barriers are lowered, and, as a consequence, the probability
distribution is broadened, also covering the TS region. Reproduced from [106].

We focus on the family of enhanced sampling methods that use a bias potential V (s)
based on CVs. This potential, which is intended to improve sampling in under-visited
phase space regions, depends on the CVs to discriminate among the different regions
of the FES. In this manner, the system is sampled during a biased MD trajectory in
accordance with the distribution in equation 2.26 rather than equation 2.23:

pV (R) =
e−β (U(R)+V (s(R))

ZV
with ZV =

∫
dRe−β (U(R)+V (s(R))). (2.26)

The bias is designed such that pV is a smoother distribution in comparison to the
original distribution, facilitating the evaluation of the normalised histogram NV (s, t)
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during the biased trajectory. Nonetheless, the resulting biased MD does not give
access to the original unbiased FES F(s), but to a biased one defined as:

FV (s) = F(s)+V (s). (2.27)

2.3.3 Recovery of the properties of the unbiased distribution

A crucial element is the possibility of computing the properties of the original
unbiased distribution from the sampled statistics of the biased MD trajectory. Given a
generic observable O(R), the average ensemble observable in the original distribution
is:

⟨O(R)⟩=
∫

dRO(R) p(R). (2.28)

The same quantity can be formulated by introducing the biased probability distribu-
tion:

⟨O(R)⟩=
∫

dR
(

O(R)
p(R)

pV (R)

)
pV (R) =

⟨O(R)eβV (s(R))⟩V
⟨eβV (s(R))⟩V

, (2.29)

where ⟨·⟩V =
∫

dR · pV (R) is the ensemble average in the biased distribution.
Supposing ergodicity holds, the ensemble average can be connected with the discrete
time average, such that equation 2.29 becomes:

⟨O(R)⟩ ≈∑
k

O(Rk)
eβV (s(Rk))

∑k eβV (s(Rk))
= ∑

k
O(Rk)w(Rk), (2.30)

in which the sampled observables O(Rk) extracted from a biased MD trajectory are
multiplied by normalised weights w(Rk) to be associated with the corresponding
samples of the unbiased distribution. This procedure is named "reweighting", and
it is valid only if the bias V (s(Rk) is static (or, practically, it can be approximated
as static), i.e., it is known and time-independent. Employing equation 2.30, it is
also possible to evaluate the unbiased probability distribution of equation 2.24 via
reweighting:

p(s)≈
nk

∑
k

δ (s− s(Rk))w(Rk). (2.31)
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Similarly, it is also possible to have access to the unbiased FES from the biased
trajectory. Combining equations 2.25 for the biased case and 2.27, one obtains:

F(s) = FV (s)−V (s) =− 1
β

log[NV (s)]−V (s), (2.32)

where NV (s) is the histogram collected during the biased MD trajectory in which the
barriers have been lowered [105].

2.3.4 Well-tempered metadynamics

Various enhanced sampling methods are based on these general principles, differing
in how the bias potential is constructed. The target distribution ptg, i.e., the distribu-
tion that one would like to sample during the biased trajectory, is usually selected
as a smoother version of the original distribution to make the rare events easier
to observe. At the same time, it should preserve a good overlap with the original
distribution to avoid the sampling of highly unfeasible CV spaces [104].
For example, in the well-tempered metadynamics (WT-MetaD) [107], the target
distribution is:

ptg(s) =
[p(s)]1/γ∫
ds[p(s)]1/γ

, (2.33)

while the associated bias potential V (s) is:

V (s) =−
(

1− 1
γ

)
F(s). (2.34)

γ is a positive parameter greater than 1 that is used to smooth the original distribution
p, increasing the fluctuations of the CVs and lowering the barriers [105]. Indeed, the
limit γ → 1 represents the unbiased ensemble, while for γ → ∞, V (s)→−F(s) and
ptg tends to a uniform distribution where all the barriers have been smoothed out.
However, the latter case is not optimal since it leads to an uncontrolled exploration
of the full FES, also in highly unphysical regions. For that reason it is important to
tune γ to preserve a good overlap with the original distribution.
As visible in equation 2.34, the definition of the bias requires the knowledge of the
FES but F(s) is not known in advance. For that reason, the bias is constructed in an
adaptive manner through an iterative scheme. In WT-MetaD, one iteratively builds
a bias potential that asymptotically satisfies equation 2.34 [107]. This is possible
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through a recursive addition at every τG time interval of repulsive biasing kernels
G(s− s′), centred in the current s′ value of the CVs:

G(s− s′) =We−
1
2 ∑i, j(si−s′i)Σ

−1
i j (sj−s′j), (2.35)

where Σi j is a diagonal matrix where the diagonal element σi is the width of the
Gaussian for the i-th CV. In this way, at time t, after adding n Gaussian kernels, the
total bias is:

V (s, t) =
n

∑
k=1

G(s− sk)e
[
− 1

γ−1 βVk−1(sk)
]
, (2.36)

where each Gaussian kernel is modulated by the exponential term e
[
− 1

γ−1 βVk−1(sk)
]
,

which scales as 1
n . In this way the variations of the bias along the trajectory become

progressively smaller, reaching a quasi-static condition.
Even though WT-Metad has significantly improved upon earlier metadynamics
formulations, it still exhibits hysteresis behaviour between the various basins and
slow FES convergence, particularly for sub-optimal CVs and poorly chosen algo-
rithmic parameters. To overcome these limitations, more advanced approaches for
metadynamics can be employed.

2.3.5 On-the-fly Probability Enhanced Sampling

On-the-fly Probability Enhanced Sampling (OPES) represents a new approach to
the metadynamics framework, emphasising the reconstruction of the probability
distribution rather than the bias [108]. In OPES, the bias is defined as:

V (s) =− 1
β

log
ptg(s)
p(s)

, (2.37)

where in the original formulation (OPES-Metad) ptg(s) is the well-tempered distri-
bution of equation 2.33 (ptg(s) ∝ p(s)

1
γ ).

Since p(s) is unknown, V (s) is optimised in a self-consistent way during the trajec-
tory (i.e., on-the-fly), following these iterative steps [106]:

• update the estimation of pn(s) at step n via reweighting, i.e.

pn(s) =
∑

n
k wkG(s− sk)

∑
n
k wk

with wk = eβVk−1(sk); (2.38)
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• update the estimation of the bias Vn(s) at step n with the new estimation of
pn(s), combining equation 2.33 and 2.37 to obtain:

Vn(s) =
(

1− 1
γ

)
1
β

log
(

pn(s)
Zn

+ ε

)
, (2.39)

with ε≪ 1 a regularization term and Zn a normalization factor only associated
with the CV space explored up to step n (i.e., not the full CV space);

• sampling in the biased trajectory with the updated bias Vn(s) until a new
estimation of pn.

The regularisation term ε in equation 2.39 has the important role of avoiding the
exploration of unphysical regions, setting a soft threshold for the maximum bias.
Indeed, ε is linked to the height ∆E of the target free energy barrier one wants to
overcome via:

ε = e−β∆E/(1−1/γ). (2.40)

Among the several advantages of OPES with respect to WT-MetaD, we stress the
iterative scheme of OPES allows for quickly reaching a regime in which the bias
is quasi-static, i.e., more easily reaching the convergence of the properties. At
the same time, OPES is more efficient in the reweighting step since the Gaussian
kernels in equation 2.38 are not stored on a grid, but it uses a compression algorithm
where closed kernels are merged together, preventing the number of kernels from
growing linearly along the simulation time [106]. For these reasons, the OPES-Metad
algorithm will be preferred to the WT-MetaD as enhanced sampling technique in
this thesis.
In addition to the discussed OPES-Metad scheme previously discussed, the other
variants of OPES will also be employed in specific conditions.

OPES-Explore

If OPES-Metad is meant for precise evaluation of free energy difference, OPES-
Explore is designed for faster exploration of new basins, easily escaping from the
original bias also in case of sub-optimal CVs [106]. For OPES-Explore, the bias
Vn is not iteratively updated using the estimation of the unbiased distribution pn at
step n, but it directly uses the estimation of the actual distribution ptg

n sampled in the
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biased trajectory. Hence, Vn is:

Vn(s) = (γ−1)
1
β

ln
(

ptg
n (s)
Zn

+ ε

)
, (2.41)

where the target distribution is always the well-tempered one, and its estimation at
step n is:

ptg
n (s) =

∑
n
k G(s− sk)

n
. (2.42)

The possibility of a fast exploration of the FES via OPES-Explore makes this
technique suitable for a preliminary exploration of the FES during the rounds of
active learning in the construction of ML potentials (cf. Chapter 3 for more details
about the active learning procedure).

OPES-Flooding

Different from other OPES schemes, OPES-Flooding is meant to partially fill only
one of the metastable basins and allow the system to spontaneously complete the
overcoming of the barrier, escaping from the basin without adding bias in the region
of the TSs. In this way the TSs are not influenced by the bias. This scheme is
effective only if the biased CVs are able to distinguish the starting basin from the
TSs. Even if this scheme was originally developed for kinetic calculations, it is also
applied to generate reactive trajectories to specifically target the sampling of the
region close to the TSs. For example, this scheme will be employed during the active
learning step for the generation of ML potentials, stopping the MD simulations as
soon as the system overcomes the TS regions to finalise the trajectory to sample only
the TS regions, without exploring and sampling other basins.

2.3.6 Considerations on the collective variables

No matter which CV-based advanced sampling algorithm is utilised, selecting appro-
priate collective variables is fundamental to the success of the method. Exploration
efficiency and FES convergence are influenced by the quality of the biased CVs. An
optimal CV should distinctly separate metastable basins and include all the slow
modes, i.e., the degrees of freedom that evolve on long timescales and are therefore
the most difficult to sample [105, 109]. If an important slow mode is omitted or a
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poorly discriminating CV is chosen, convergence on the FES becomes inefficient.
Being a coarse-grained coordinate, an optimal CV should also perform an effective
dimensionality reduction. Indeed, even if biasing multiple CVs can help capture all
the relevant modes, most CV-based enhanced sampling methods are computationally
effective only with few CVs (usually no more than three or four) [106].
Finally, when a CV is used for biasing, it has to be continuous and differentiable
across the configurational space. This requirement is associated with the evaluation
of the forces fbias(R) during the biased simulation since:

fbias(R) =−∇R(Uunbias(R)+V (s(R))) = funbias(R)−∇sV (s)∇Rs(R). (2.43)

In addition, the CVs should respect the relevant symmetries of the analysed system
to correctly represent the physical properties such that the bias potential does not
introduce artefacts. Considering the several requirements associated with CVs,
choosing optimal CVs is thus a delicate task that requires both physical intuition
and system-specific expertise [105]. We will discuss the selection of the CVs in our
specific cases in Chapter 6.

In summary, this chapter has introduced the basic principles of DFT, the ab
initio atomistic approach that will be used to describe the phenomena occurring at
electrochemical interfaces. The ability of DFT to reliably capture the electronic
effects at play in these systems is crucial, as this level of theory will serve as the
reference ground truth for the ML models developed in the following chapters.
Particular emphasis was placed on the choice of exchange–correlation functional:
rather than adopting the widely used PBE approximation, we employ the more
advanced meta-GGA SCAN functional, selected for its superior accuracy in repro-
ducing the properties of aqueous systems without evident over-structuring. Beyond
static electronic-structure calculations with DFT, we also introduced the core ideas of
molecular dynamics (including, the Verlet integration scheme and NVT thermostats
such as the stochastic velocity-rescaling thermostat) and its principal variants, provid-
ing the conceptual basis for modern ML potential frameworks that aim to bridge the
gap between ab initio and classical molecular dynamics. This topic will be covered
in detail in Chapter 3. Finally, we outlined how molecular dynamics, combined
with enhanced sampling methods such as OPES and its variants, can be applied
to investigate reactive processes and to determine the corresponding free-energy
activation barriers. These approaches will be utilised in Chapter 6.



Chapter 3

Methods: Machine learning
interatomic potentials

The development of machine learning interatomic potentials (MLIPs), also known as
machine learning force fields (ML-FFs) for electrochemical interfaces, is the central
element of this thesis. This chapter is fully devoted to the methodology associated
with MLIPs and the approach to generate them. ML methods learn functional
relationships between inputs (chemical descriptors) and outputs (properties) by
identifying patterns in ab initio data. This makes them particularly effective for
constructing versatile and accurate force fields that map atomic configurations to the
corresponding region of the PES, enabling predictions of energies and forces.
Modern MLIP formulations trace back to the seminal work of Behler and Parrinello
(2007) [110], which introduced the key ingredients of MLIP models. Since then, the
field has evolved rapidly, integrating advanced descriptors and more complex ML
architectures to enhance accuracy and transferability. In this chapter, Section 3.1
discusses the main components of MLIPs, while Section 3.2 outlines the standard
methodology adopted to generate them.

3.1 Characteristics of a ML potential

A common characteristic of the ML potentials, derived from the Behler-Parrinello
work [110], is the decomposition of the complex chemical system into local atomic
environments, allowing training of the models in systems with a small number of
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atoms (i.e., ab initio-affordable) and then transferring them to larger structures in
the production use. Given an atomic configuration, the ML model is commonly
applied to each atom whose properties (e.g., forces and local energy contributions)
are computed considering the interaction of the atom with its neighbours within a
local environment defined by a finite cut-off radius (typically around 6 Å). Global
properties are then computed as the sum of contributions from local environments.
For example, the total energy of the system is computed as follows:

E =
N

∑
i=1

Ei, (3.1)

where Ei is the local energy contribution associated with atom i.
Another key characteristic of MLIPs derived from the Behler-Parrinello work is
the presence of three elements, each of which has important effects on the final
performance of the MLIP: the dataset used to train the model, the descriptors used to
map the raw data in a more effective representation in view of the ML fitting and the
ML architectures for the regression of some physical properties, such as energy and
forces. (Figure 3.1).

3.1.1 Central role of the dataset

The dataset, i.e., the data on which the ML model is trained and validated, has a
central role, and it is composed of several atomic configurations labelled (i.e., with
assigned energies, forces and other relevant properties) at the ab initio level (DFT in
this thesis). Indeed, in this work we mainly refer to supervised ML algorithms that
require the data to be characterised by input features (e.g., a representation of the
local atomic environment that will be used as input for the model predictions) and
labels, i.e., target properties that the ML model will learn to predict (e.g., energy and
forces).
The generation of the dataset is the most computationally expensive step but also the
most important one [52]. The accuracy of the ML model is limited by the underlying
accuracy of the data. For this reason, extreme care should be devoted to the labelling
of the data to grant accuracy and, above all, consistency of the data within the whole
dataset. In addition to accuracy and consistency, the dataset has to be complete in the
sense that all the relevant regions of the target PES should be adequately sampled
and represented in the data since ML models are able to interpolate new points within
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Fig. 3.1 General overview of the MLIP methodology, with the three main "ingredients"
highlighted: 1) the dataset containing representative structures labelled with ground truth
energies and forces, 2) the representation (descriptors) encoding the atomic environment, and
3) the ML architecture for the regression task. The second row sketches criteria and choices
associated with each ingredient that affect the quality of the ML potential. Reproduced
from [111].

the dataset domain, but they can present risks in extrapolating outside it. Ensuring a
complete sampling of the PES is a challenging task, above all when the extension of
the target PES is unknown and/or some regions are accessible only via high-energy
configurations (transition states).
For this reason, nowadays, active learning strategies (cf. Section 3.2.2) are com-
monly employed to assemble an exhaustive dataset. Within these approaches, the
dataset creation is performed iteratively alongside the exploration of the PES and
the refinement of the ML models. Moreover, these strategies can be coupled with
enhanced sampling techniques (cf. Section 2.3) to adequately include also rare events
in the dataset.
Practically, the dataset is not only used for the training of the model (training set),
but a portion is employed for its validation and test [52, 111]. If the data of the
training set are used to optimise the learnable parameters of a model, the validation
set is used to compare the accuracy of models with different architectures and/or
hyperparameters (i.e., the parameters that define the learning behaviour of the ML
models and are not learnable but set before the training) to identify the best one.
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Finally, the test set is used to check the accuracy of the best model, evaluating its
generalisation capability on unforeseen configurations.

3.1.2 Data representation via descriptors

ML regression models that predict energies and forces cannot be used directly with
raw input in the form of atomic cartesian coordinates. Atomic configurations are
mapped to the input features of the regression model via descriptors G(R), i.e., many-
body functions of the atomic coordinates R that are used to characterise the local
environment around each atom. Effective descriptors enforce physical constraints
in the representation, such as spatial translation, rotational and atom permutation
invariance [112]. These constraints do not limit the generality of the model, but they
are properties that characterise any target PES. These invariances are used to reduce
the set of all the possible functions that the ML model could learn, decreasing the
degrees of freedom for the learning. Hence, the descriptors allow for presenting the
data to the ML model in a better functional form that makes the regression step easier,
increasing the accuracy of the predictions. Imposing physical constraints on the
descriptors also increases the data efficiency of the ML model since different atomic
configurations, but equivalent under the discussed invariances, are automatically
presented to the regression model as identical, without the need for the ML model to
learn their equivalence from the data.
Due to the important role of the descriptors, several formulations were proposed:
the accuracy and the data efficiency of the different MLIP codes are strongly cor-
related with the implemented descriptors [112]. Here we focus on a specific class
of descriptors that will be used in this thesis and are based on the atomic cluster
expansion (ACE) formalism [113]. Differently from other descriptor families that
rely on a predefined functional form, ACE provides a general approach to represent
the atomic environments via many-body interactions through an expansion in terms
of local basis functions. In this way the PES is expressed as a sum of contributions
from atomic clusters of increasing order (e.g., single atoms, pairs, triplets, etc.).
Given a system of N particles with positions R = [rj1,rj2, ...,rjN], the standard ap-
proach to compute the energy of a system via cluster expansion consists of sums of
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the contributions of single atoms f (1), pairs f (2), triplets f (3) and high-order clusters:

E(R) = ∑
j1

f (1)(r j1)+ ∑
j1< j2

f (2)(r j1,r j2)+ · · ·+ ∑
j1<···< jn+1

f (n+1)(r j1, . . . ,r jn+1).

(3.2)
However, the cost of this summation quickly increases, adding high-order cluster
contributions with correlation order n (∝ Nn

c for the leading term n+1, with Nc the
number of neighbour atoms), and it is a formulation that cannot be easily adapted to
build descriptors that satisfy the required symmetry operations.
For this reason, the problem can be formulated following the so-called "density
trick" [114]. It is possible to introduce a set of one-particle basis functions in R3,
where the k-element φk(ri j) of the basis set is used to describe the interaction of
atom i with its neighbour atom j. For example, φk(ri j) can be defined as a product
of a radial basis Rnl and a real spherical harmonic Y m

l [115]:

φk(r) = Rnl(r)Y m
l (r̂), (3.3)

where n, l,m are the indexes commonly employed in the formalism of radial and
spherical harmonics, while the k index is used to identify the elements of the one-
particle basis function-set and depends on the triplet (n, l,m). From this, it is possible
to introduce an atomic basis Ak as a sum of the contributions of one-particle basis
functions of all the neighbour atoms j around i [113]:

Ak =
Nc

∑
j

φk(ri j), (3.4)

where the summation over j runs only on the Nc neighbour atoms around atom i.
This basis set is invariant to permutation of atoms (i↔ j), but it represents only a
2-body contribution (pairs of atoms i- j). For this reason, it can be generalised to a
many-body permutation-invariant basis Ak1...kn (the A−basis):

Ak1...kn =
n

∏
t=1

Akt where n denotes the correlation order. (3.5)

For example, it is possible to obtain a 3-body basis function for n = 2 (Figure 3.2):

Ak1k2 = Ak1Ak2. (3.6)
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Fig. 3.2 Scheme for the construction of the A-basis function for the case of the 3-body term
(right side) from the product of n = 2 atomic basis Ak (left side), considering 3 neighbouring
atoms. Adapted from [114].

Constructing a many-body term in this way (firstly, the sum of 2-body terms φk

to obtain Ak and then the product to obtain a many-body term Ak1...kn) is more
convenient than summing over all possible many-body terms of the same order, as
performed in equation 3.2 [114]. Indeed, the evaluation cost of the basis functions
scales linearly with the number of neighbours (∝ Nc) rather than exponentially (∝ Nn

c

with n+1 the maximum body term) by doing the neighbour summation first (eq. 3.4)
and then taking the products to obtain higher-order basis functions (eq. 3.5).
Following this strategy, the energy associated with the local environment of atom i
can be expressed as:

Ei = ∑
k

ck

n

∏
t=1

Nc

∑
j

φkt (ri j) = ∑
k

ck

n

∏
t=1

Akt = ∑
k

ckAk1...kn, (3.7)

where k is the same index defined in eq. 3.3 and it also identifies the elements of
the A−basis set. Explicitly expanding equation 3.7, it is possible to prove that the
terms correspond to a sum of (n+ 1)-body terms as in the traditional body order
expansion of equation 3.2 [114]. The analogy between the two formulations for
the atomic cluster expansion is reported in Figure 3.3. This approach to building
many-body term descriptors can be further generalised, averaging the A-basis over
the three-dimensional rotation group O(3), to obtain a B-basis that includes the
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Fig. 3.3 Analogy between two formulations of the atomic cluster expansion: (a) ACE as
a sum of pair, three-body, four-body, etc. (Equation 3.2), (b) ACE as a polynomial of the
atomic basis functions (Equation 3.7). Adapted from [113].

rotational symmetry invariance [115]. At the end, similarly to Equation 3.7, the
energy can be expressed as a combination of the contributions of the B-basis.
The strength of this approach is the possibility of building descriptors able to ac-
count for complex many-body interactions while being computationally efficient.
Moreover, it represents a systematic scheme that allows for increasing the accu-
racy, including high-order terms in the expansion. Consequently, a large number
of MLIPs employ the ACE basis descriptor [113, 116]. Building on this success,
the ACE framework has been incorporated into more sophisticated neural network
architectures to construct learnable descriptor representations, thereby yielding more
expressive and flexible feature mappings [115].

3.1.3 Architectures of the ML models

The architecture of an ML model, i.e., its structural design, is a key factor that
differentiates various ML potentials. In most cases, the architecture defines the
regression component of the MLIP, which learns to approximate the PES by pre-
dicting energies and forces from input features, namely descriptors extracted from
atomic configurations. While traditional models rely on predefined descriptors, deep
learning approaches go further by learning both the regression function and the
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optimal representations of the descriptors directly from data. The complexity of the
architecture and the number of trainable parameters influence the accuracy, training
speed, and inference performance of different MLIP models. In this work, we do not
aim to provide an exhaustive review of all ML architectures used in MLIPs; instead,
we focus on outlining the main characteristics of the specific models employed in
this thesis.

Neural networks

Common architectures employed to develop MLIPs are based on artificial neural
networks (ANNs or, more simply, NNs) [52]. The basic building block of an NN is a
dense (or “fully-connected”) layer of neurons implementing a linear transformation
of an input vector x ∈ Rnin to an output vector y ∈ Rnout via:

y = Wx+b, (3.8)

where the weight matrix W ∈Rnout×nin and the bias vector b ∈Rnout are composed of
learnable parameters (see Figure 3.4a). The output of each neuron is then processed
with a non-linear activation function σ (e.g., the hyperbolic tangent or rectified linear
units - RELU):

h = σ(y) = σ(Wx+b). (3.9)

These "fully-connected" layers can be stacked in series such that the output vector h
of a layer becomes the input vector of the subsequent neuron layer (see Figure 3.4b).
By stacking more layers and using nonlinear activation functions, it is possible to
approximate any mapping between the input and the output of the NN model. In
practice, it is common to stack multiple layers rather than a few layers with lots of
neurons; these "deep" NN architectures are characterised by a superior accuracy in
approximating any arbitrary relationship in the data, and they are more parameter-
efficient.
In the case of ML models employed to fit the PES, the input of the first layer of
the NN is a representation of the chemical structures (contained in the dataset or
a new configuration to infer) cast through descriptors (input features), while the
output of the last layer is the prediction of some target properties (e.g., energy and/or
forces). The learning process of the NN (i.e., finding the optimal values of the model
parameters of W and b for each neurons) is based on the minimisation of the error
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Fig. 3.4 Main characteristics of a "fully-connected" NN: (a) scheme of a single neuron of
an NN processing the weighted summation (Σ) of the input via an activation function σ , (b)
scheme of a deep NN with L hidden layers (in grey). Reproduced from [52].

between the prediction outputs and the true values of the properties, as computed
at the ab initio level. For this scope, a loss function L is defined to measure the
difference between the predicted and the ground-truth values. A typical multitask
loss function for MLIPs to learn both energies and forces is the Mean Squared Error
(MSE):

L =
wE

M

M

∑
i=1

(
Epred

i −E true
i

)2
+

wF

3MN

M

∑
i=1

N

∑
j=1

∥∥∥Fpred
i j −Ftrue

i j

∥∥∥2
, (3.10)

where:

• Epred
i and Fpred

i j are the predicted total energy and force on atom j in sample i,

• E true
i and Ftrue

i j are the corresponding total energy and forces computed at the
ab initio level (the labels of the data),

• M and N are the number of training samples and the number of atoms in each
configuration, respectively,

• wE and wF are non-learnable parameters and are the weights of the energy and
force terms. They are used to drive the learning process to prioritise the match
of energy or forces. During the training, a commonly employed strategy tends
to optimise first the prediction of the forces while improving the learning of
the energy in a later stage of the training. For example, at the beginning of
the training, one can set wF > wE (e.g., wF = 100 and wE = 1, prioritising
the forces) to switch in a second stage with wF < wE (e.g., wF = 100 and
wE = 1000) to improve the learning of the energy.
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Given the complexity of the NN, it is impossible to minimise the loss function in a
closed form, but the weights and the biases of the model are progressively updated
to minimise L through optimisation algorithms based on gradient descent. The
dependence of L with respect to the different learning parameters is calculated via
derivative, and the trainable parameters are updated via a back-propagation algorithm.
For example, the following update rule is applied for the weights of the neurons:

wl
j,k← wl

j,k−η
∂L

∂wl
j,k

(3.11)

where wl
j,k is a trainable weight from the k-th neuron in the l−1-th layer to the j-th

neuron in the l-th layer, and and η is the learning rate used to control the step size
during the optimisation process. A similar relation is also applied for the elements
of the bias vector b of each layer.

Message-passing neural networks

Message-passing neural networks (MPNNs) are a typical example of deep learning
in which both the descriptor and the regression part of the MLIP are implemented
with a ML model. MPNNs expand the expressiveness of traditional neural networks.
Differently from the latters, whose inputs are fixed-size vectors, MPNNs are a class of
graph neural network (GNN). Here the atomic configurations are mapped in a graph
where atoms and their reciprocal interactions (within a cut-off radius) are represented
as nodes and connections (edges), respectively [117]. The representation of the
atoms (i.e., the descriptors of the local environments associated with each atom)
evolves within the MPNN architecture by being processed by different interaction
layers in sequence (see Figure 3.5a) [118]. The state of the node i at the interaction
layer t is represented by:

σ
(t)
i =

(
ri,zi,h

(t)
i
)
, (3.12)

where ri and zi are the position and the chemical species of atom i, while h(t)
i

are its learnable features. This state is updated in the subsequent layer collecting
information (i.e., the message) from its neighbour nodes. Specifically, a message
m(t)

i is constructed summing contributions from the neighbour atoms j:

m(t)
i = ∑

j∈Neighbour(i)
Mt

(
σ
(t)
i ,σ

(t)
j
)
, (3.13)
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Fig. 3.5 Characteristics of an MPNN: (a) evolution of the graph network along three interac-
tion layers. The edges of the graph are depicted in red, while the message propagation to the
neighbour nodes is depicted with black dashed arrows. Thanks to the message propagation,
the information of node A can reach node C in the interaction layer t = 3, even if A and C
are not neighbours. Adapted from [120]. (b) Expansion of the receptive field of the central
atom in red after three successive interaction layers. Reproduced from [121].

where Mt is a learnable message function. Then, in the next layer t +1, the learnable
features of the node i become:

h(t+1)
i =Ut

(
σ
(t)
i ,m(t)

i
)
, (3.14)

where Ut is a learnable update function. Since the node representation h(t+1)
i depends

on both its previous state h(t)i and the states of its neighbours h(t)j , each layer enables
an atom to exchange information with its immediate neighbours. By stacking
multiple layers, this local exchange accumulates, allowing information to reach atoms
that are farther away. Consequently, non-local information can be captured through
a sequence of layers, increasing the receptive field of the model (see Figure 3.5b).
Given T interaction layers, in which the neighbour atoms are defined within a
region with a cut-off radius rc, the receptive field of the model is expanded up to
T × rc [119].
After T layers, a target property (e.g., the local energy of atom i) is predicted, using
a learnable readout function Rt and summing the contributions of each layer t:

Ei =
T

∑
t=1

Rt
(
σ
(t)
i
)
. (3.15)

While the interaction layers composed of message propagation and update steps
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are meant to implement the descriptors of the model, the last block associated with
the readout function is the regression part of the MPNN. The message function
M, the update function U and the readout function R can be implemented through
any ML model, including "fully connected" NNs. In the following we present
MACE [115, 118], a specific implementation of an MPNN employed in this thesis.

The MACE descriptors are based on the ACE formalism (cf. Section 3.1.2), but
here ACE is integrated into a message-passing scheme, expanding the expressivity
of its original formulation. At each interaction layer t the node features are described
with respect to the basis functions of the ACE formalism: the one-particle basis
functions φ

(t)
k (ri j) at the interaction layer t, not only include radial and angular

contributions (eq. 3.3), but also the learnable features h(t)i . In this way, the final ACE
many-body permutationally and rotationally invariant B-basis is defined for each in-
teraction layer, and its representation is improved at each interaction passage through
the update of φ

(t)
k via the learnable feature h(t). Thanks to the efficiency of ACE in

expressing complex many-body terms, MACE constructs computationally effective
high-order messages. Moreover, MACE parametrises the message in terms of invari-
ant or equivariant ACE models. Finally, the update, message, and readout functions
are implemented not with complex NNs but as linear combinations, except for the
readout in the final interaction layer, which uses a "fully connected" NN architecture.
All these characteristics make MACE more computationally and data efficient than
other MPNN models while being accurate and having appreciable in-domain but
also out-of-domain predictions. More details on the MACE implementation and
performance can be found in the original article [118].

Kernel-based methods

Kernel-based regression methods represent another popular category used to develop
ML potentials. The basic idea behind kernel methods is approximating the relation
between the input data of the model x ∈ Rin and the output y ∈ R in the form [52]:

y = f (x)≈
M

∑
n=1

αn K(xn,x), (3.16)

where {xn} is a set of M training data, x is new input data for which we want to
predict the associated property y, {αn} is a set of trainable parameters, and K is a
symmetric and semi-positive defined kernel function. The kernel function performs



3.1 Characteristics of a ML potential 63

a similarity measurement between training data xn and a new point x. However, this
measurement of similarity is not performed in the Rin-space of the data, but they are
mapped in a high-dimensional Hilbert space H via the following transformation:

φ : Rin→H . (3.17)

The kernel function measures the similarity of the data in this latent space via an
inner product:

K(x,x′) = φ(x)T
φ(x′). (3.18)

Following the so-called kernel trick strategy, it is possible to define some kernel
functions with known properties without explicitly knowing the mapping function
φ to the high-dimensional space. A common choice for the kernel function is the
Gaussian kernel:

K(x,x′) = exp
(
−∥x−x′∥2

2σ2

)
. (3.19)

Once the kernel function is selected, several methods (such as Gaussian processes,
kernel ridge regression, etc.) can be employed to determine the optimal trainable
parameters αn in equation 3.16. These parameters are chosen to minimise a loss
function, which is typically defined in terms of the discrepancy between the predicted
and the true outputs [52].

An example of a kernel-based approach is the Gaussian process (GP) regression
method. This strategy determines the optimal αn parameters, supposing that the
reference data {(yn,xn)}M

n=1 are drawn from a multivariate Gaussian distribution. For
simplicity, the mathematical analysis below assumes that this distribution has a mean
of zero, since any other mean can be obtained by adding an appropriate constant
term. Under this assumption it is possible to rigorously prove (cf. Ref [122]) that
the posterior probability of observing the value y∗ for the new input data x∗, given
the data {(yn,xn)}M

n=1 in the training set (i.e., p(y∗|x∗,y,x))) follows a Gaussian
distribution with the following mean value and variance:

ȳ∗ = K∗K−1y, (3.20)

var(y∗) = K(x∗,x∗)−K∗K−1K⊤∗ , (3.21)
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where K∗ = [K(x∗,x1)...(x∗,xM)] and K is the M×M kernel matrix with entries
Ki j = K(xi,x j). At this point, the mean value ȳ∗ is supposed to be the most likely
approximation for y∗. Equating equations 3.16 and 3.20, it is possible to find a closed-
form solution to determine the learnable parameter αi for the linear combination of
the kernels [122]:

α = K−1y. (3.22)

The peculiarity of GPs is the possibility to predict not only the target output proper-
ties of new data (equation 3.20), but also the variance associated with this prediction
(equation 3.21). The variance can be considered as a measure of the uncertainty
of the new data, i.e., how different they are with respect to the training ones. The
importance of this characteristic of the GPs will be discussed in Section 3.2.
An example of ML potential code that employs a GP is FLARE (Fast Learning of
Atomistic Rare Events) [116, 123]. The local environments in FLARE are charac-
terised by a set of invariant descriptors obtained as the product of equivariant ones
based on the ACE formalism. These descriptors are then the input features x of the
GP model. More details on the FLARE implementation are available in the original
articles [116, 123].
The main drawback of the kernel-based approaches is associated with the computa-
tional cost of training and new data inference when the dataset is large [124]. The
problem is intrinsic in equation 3.16, since the prediction of a label y requires the
coupling inside the kernel expression of the new data x with the data {xn} in the
training dataset. Formally, given a dataset of M training points, the training cost
usually scales as O(M3), while predicting new data costs O(Md), with d the number
of input features. For these reasons, kernel-based methods are not effective in the
presence of large datasets.

A large-scale alternative to exact kernel methods is represented by the random
feature (RF) strategy [124]. The rationale of the RF method is to perform a Monte
Carlo approximation of the kernel function by randomly sampled feature maps.
Given a vector h(Ri) ∈ Rd of features for the i-th atom, rather than directly defining
a functional form for the kernel function (i.e., the conventional approach of ker-
nel methods), an "inverse" strategy of the kernel trick is followed. The kernel is
expressed as a scalar product in a finite-dimensional feature space as expressed in
equation 3.18. Since φ is not known in most cases, it is possible to prove that the
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kernel can be approximated as:

K(h,h′)≈ φ̃(h)T
φ̃(h′), (3.23)

where φ̃(h(R)) : Rd → RD is a random Fourier features map and D is the number of
RFs controlling the quality of the kernel approximation. The use of a random Fourier
features map in Equation 3.23 holds since any positively defined and shift-invariant
kernel can be computed as a Fourier transform of a probability distribution [125].
Hence, the idea of the RF approximation is the construction of the kernel starting
from its Fourier transform. For example, since the Fourier transform of a Gaussian is
another Gaussian, the Gaussian kernel (eq. 3.19) can be approximated by sampling
from a normal distribution and using the following randomised feature maps:

φ̃(h) =
√

2cos
(

W ·h
σ

+b
)
, (3.24)

where each row of W ∈ RD×d is extracted from a standard multivariate normal
distribution, and the offset vector b ∈ RD has components sampled uniformly from
[0,2π) [126]. It is important to note that the entries of W and b are not trainable
parameters; instead, they are drawn once from a standard multivariate normal distri-
bution and a uniform distribution, respectively, and subsequently kept fixed during
learning. In this sense, the number of RFs D represents the number of samples
extracted from the probability distribution and defines the model complexity.
An example of ML potential code that employs RFs is Franken [126]. In this scheme,
the descriptors h(R) are extracted from the node features of a pre-trained GNN (see
section 3.2.3), while the regression is implemented via a pooled scalar product. For
example, the energy associated with the local environment of an atom is computed
as:

Eloc = ∑
n

αnK(hn(R),h(R))≈∑
n

αnφ̃(hn)
T

φ̃(h) = wT
φ̃(h), (3.25)

where w is a learnable vector of coefficients. The total energy is then obtained
by summing together the atomic contributions, while the forces are calculated
as the gradient of the total energy. From Equation 3.25 the advantages of the
RF formulation are evident: rather than pass through the direct kernel evaluation
coupling the configurations of the training set (red part) with a new configuration
(blue term), the information of the data in the training set is lumped together with the
fitting parameters αn in a new trainable vector of parameters w. Once w is fitted, it is
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possible to evaluate new data without comparing it each time with all the data in the
training set, resulting in an inference cost independent from the size of the dataset
but only dependent on the number of RFs. This allows us to overcome the limits of
standard kernel approaches in the case of large datasets. Moreover, it is possible to
prove that the minimisation of a loss function to determine the trainable parameters
is a convex problem with such an expression for energy and forces [126]. In this
way it is possible to have a closed-form expression that globally minimises the loss
function without performing the gradient descent algorithm, as performed for NNs,
speeding up the training of the ML potential. Hence, the Franken architecture allows
for fast training and inference typical of kernel methods but, notably, irrespective of
the dataset size.

3.2 Approaches for the development of ML potentials

3.2.1 Quantification of the uncertainty

An important characteristic of an efficient scheme to develop MLIPs is the quan-
tification of the uncertainty in the predictions on new data. A low error on the ML
predictions with respect to the DFT labels for the configurations in the dataset is
indeed necessary but not sufficient to grant a comparable accuracy on new configu-
rations encountered along an MD trajectory. Consequently, having an uncertainty
proxy to estimate the error with respect to the ab initio ground truth, without the
necessity to compute the DFT labels, is crucial. In this way it is possible to identify
new configurations that are not well described by the ML model and eventually
improve the MLIP by adding these new data to the dataset after labelling them at the
DFT level (see section 3.2.2).
Depending on the selected ML architecture, there are different strategies to quantify
the uncertainty. NN and GNN models natively provide only a prediction of the target
properties, without providing any additional information on the confidence level in
the prediction. For this reason, a common approach involves the development of an
ensemble of NN models (a committee) trained on different partitions or permutations
of the dataset such that the predictions of the models are independent [127]. The
variability in the prediction of the models on the same configuration is considered as
an uncertainty proxy that highlights that this geometry is not well represented in the
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dataset, and each model extrapolates in a different way. Commonly the variability in
the predictions is quantified by computing the standard deviation on the predicted
forces among a committee composed of at least four NN models. For each force
component α , the uncertainty σi,α of an atom i is computed as follows:

σi,α =

√√√√ 1
NNN

NNN

∑
k=1

(
f (k)i,α − f̄i,α

)2
, (3.26)

where f (k)i,α is the prediction of the force component α of the k-th model in the
committee, f̄i,α is the corresponding average value among the predictions of the
ensemble, and NNN is the number of models in the committee. The uncertainty proxy
used to identify the whole configuration is then the maximum of σi,α among the
force components and the atoms present in the configuration.
Differently from NNs, statistical methods such as Gaussian process regression
approaches do not only provide a prediction (the mean value, eq. 3.20), but also the
associated variance (eq. 3.21): the latter is considered as a measure of the confidence
level of the prediction. If uncertainty estimates are available for each individual
atomic environment, they can provide insight into the most critical interaction types
to be learned by the MLIP. The whole configuration is then eventually selected for
labelling, relying on the maximum uncertainty among its different local environments.
It is important to notice that, differently from the committee approach where the
uncertainty is based on the predictions of the models (see eq. 3.26), the uncertainty
for the GPs relies on a measure of similarity between a new point and the geometries
in the dataset (see eq. 3.21) and it does not directly involve the predictions. This is
an important consideration in view of the following discussion on the data-efficient
active learning strategy.

3.2.2 Active learning

As anticipated in section 3.1.1, a reliable ML model should be trained on a dataset
that exhaustively covers all the relevant regions of the PES to avoid risky out-
of-domain extrapolations. However, sampling all the relevant configurations in a
"one-shot" approach is challenging because it is not possible to determine which
configurations are pertinent beforehand. For this reason, modern strategies are
based on active learning paradigms based on iterative refinements of the ML model
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Fig. 3.6 Scheme for the state-of-the-art active learning paradigm for the development of
reliable MLIP models.

through subsequent expansions of the dataset once new relevant configurations are
encountered [52]. Starting from an initial dataset, a preliminary ML model is trained
and is used to generate new structures via MD. A subset of the MD configurations is
selected following different criteria (see following sections) and labelled with single-
point DFT calculations to expand the dataset. As reproduced in Figure 3.6, this
scheme (training, sampling new configurations, selection of the geometries to label,
and single-point calculations) is repeated until the convergence of the ML model
performance is reached. The advantage of the active learning scheme is the capability
of expanding the dataset following the evolution of the MD trajectories towards
pertinent and thermodynamically accessible regions of the PES. This minimises the
risk of including high-energy geometries or those that are not relevant. In the case
of MLIPs for reactive events, the active learning schemes can employ enhanced
sampling techniques (Section 2.3) to drive the refinement of the ML model towards
other basins of the PESs, including configurations for the transition states.
In the following we discuss in more detail each step of the active learning to present

a commonly employed scheme to generate MLIPs, focusing on the case of NN (and
GNN) architectures. Later in Chapter 4 we present how we have improved this
scheme for the study of electrochemical interfaces at applied external potentials.
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Preliminary dataset

The active learning cycle starts from a preliminary dataset that is used to train the
first model. It is not necessary for this dataset to be fully complete and exhaustive;
however, it is useful to roughly map out the main regions of the PES so that the first
ML model can already provide reasonable predictions. Employing ab initio MD is
the most intuitive approach to collect these preliminary configurations. Nevertheless,
solely relying on AIMD is computationally expensive and inefficient. Geometries
along the MD trajectory are highly correlated, requiring the discarding of many
intermediate snapshots to obtain uncorrelated configurations. Selecting configura-
tions along the MD trajectory every few picoseconds implies that at least 60÷70
% of generated configurations via AIMD are not included in the dataset. Hence,
different approaches can be employed to speed up the creation of the first dataset.
For example, configurations can still be sparsely sampled along an MD trajectory but
using a cheaper solution for propagating the dynamics with respect to DFT. These
solutions include AIMD, but with softer convergence criteria, cheaper yet accu-
rate Hamiltonian (e.g., semi-empirical methods) and, more recently, ML potentials
trained on large material databases able to reasonably reproduce the properties of the
different chemical species among variegated systems (i.e., universal models [128]).
This allows for the collection of a large set of uncorrelated configurations at a much
lower computational cost with respect to AIMD. When configurations are extracted
from MD trajectories obtained through semi-empirical methods or universal MLIPs
(i.e., approaches not as accurate as AIMD), and the sampled PES cannot be easily
and directly mapped to the corresponding ab initio PES, it is advantageous to sample
a broader region of the PES, e.g., performing MD at higher temperatures or using
enhanced sampling techniques. This enhances the robustness of the model and
increases the likelihood that the relevant parts of the PES are covered. A fraction
of these configurations (e.g., evenly spaced along the trajectory) not generated via
accurate AIMD then have to be labelled at the target ab initio level to ensure the
required accuracy in the dataset.

Active learning cycle

After collecting this first dataset, the active learning cycle starts. In each iteration,
an ensemble of models (usually four) is trained on different partitions of the dataset
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Fig. 3.7 Typical distribution of the uncertainty of NN force predictions using a committee
of models. A common choice of the different regions used to select the configuration is
reported.

to generate a committee of NNs, as discussed in Section 3.2.1. The trained models
are then used to sample new configurations along MD trajectories. At this point
a crucial aspect is the selection of a few but relevant geometries among the large
amount of data generated by MD. The idea is to select only the configurations that
are not well described by the ML model yet, i.e., for the regions of the PES where
there is room for prediction improvement. A common approach for selecting these
configurations is based on query-by-committee. Each configuration is characterised
by an estimation of the uncertainty σ via the maximum standard deviation of force
predictions (see Section 3.2.1). Analysing the distribution of σ (see an example in
Figure 3.7), it is possible to identify an optimal range for σ in which the configu-
rations will be selected. Typically a lower bound (σl) and an upper bound (σu) for
the uncertainty are defined. The first is usually set slightly above the maximum of
the distribution, and all the configurations with a lower uncertainty are considered
sufficiently well described by the model, and there is no need to include them in the
dataset. Whereas the upper bound is defined to reject the configurations in the tail of
the distribution for which the uncertainty is large and they are probably not physical.
All the configurations with σ between the two bounds are considered not sufficiently
well described but still physically plausible, so they are candidates to be selected and
labelled at the DFT level.
Nonetheless, the number of configurations in this selection region can still be large,

and it may not be feasible to compute all these geometries at the DFT level. For
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this reason, further selection criteria are required, above all when modelling reaction
paths. In the latter case, there is an imbalance among the number of configurations
belonging to the different basins, and usually only a few configurations are associated
with transition states. Hence, selection criteria able to discriminate the configurations
along the reaction path should be employed. In this framework, we will follow the
DEAL protocol to maximise the effectiveness of the selection.

DEAL protocol: Recently, the “Data Efficient Active Learning” (DEAL) scheme
was proposed to provide a systematic protocol to ensure a uniform coverage of the
relevant configurational space while dramatically reducing the number of selected
configurations to be labelled at the DFT level [129]. After the query-by-committe se-
lection, DEAL evaluates the similarity among the local environments of the sampled
configurations to identify a reduced subset of geometries, minimising the redundancy
of the data. This filtering step is based on the Bayesian predictive variance of a
sparse Gaussian process model (see eq. 3.21), using the FLARE code [116, 123].
The GP model is trained on-the-fly on the sequence of pre-filtered configurations
and uses the analytical variance of the predictions to quantify the diversity of the
local atomic environments, selecting only those configurations that are different from
those already selected. As observed in section 3.2.1, the estimation of uncertainty of
a GP is based on a similarity between local environments, not on the predictions of
the model. Hence, in DEAL the GP is trained on the energy and forces, not computed
at the DFT level but with the ML model used to generate the configurations (e.g., an
NN model). These energies and forces used to train the GP might not be accurate
with respect to the DFT ground truth, but the GP model is trained not to perform
MD runs but only as a tool to measure the similarity of the configurations and
reduce redundancy. In these terms, the uncertainty of the GP based on environment
similarity and not on energy/force prediction is an essential element.
The effectiveness of the DEAL selection scheme has been extensively proved [129],

showing a reduction of the number of required DFT evaluations by more than a factor
of 20, without compromising the accuracy of the resulting MLIP. A specific example
of the effectiveness of DEAL in structure selection in a metal/water interface, a
system that will be central to the discussion in the following chapters, is reported
in Figure 3.8. The peculiarity of recognising and distinguishing the various local
environments in the innermost part of interfacial water will be a key point in the
strategy proposed in Chapter 4. Indeed, relying solely on the query-by-committee
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Fig. 3.8 Effectiveness of DEAL in identifying the most relevant and non-redundant local
environments for a representative Cu (111)/water interface under different applied potentials
(V vs SHE). Scatter plots show the variation of water dipole orientation (see the inset for
the geometrical definition of the β angle) as a function of the distance from the metal
surface (located at zsur f ). Blue points correspond to orientations from an unfiltered series of
MD snapshots, while orange points represent molecules with local environments selected
by DEAL. Although the bulk water region is oversampled, DEAL prioritises the most
representative and diverse environments near the surface, distinguishing between majority
and minority dipole orientations of interfacial water and ensuring a complete, non-redundant
selection of local environments.

selection would create an imbalance between the portion of the PES that is most
frequently sampled, whose configurations are likely just above the σl threshold,
and the more sparsely sampled regions, which are probably under-represented and
less accurately described in the dataset. This is more detrimental in the case of the
reaction paths, where the basins are more sampled than the transition states, but the
latter are usually the configurations with higher uncertainty. DEAL overcomes this
problem by reducing the redundancy in the sampling of the basins and valorising
the few points associated with transition states. Indeed, even if DEAL selection
does not explicitly consider the collective variables of the reaction path, it is able to
distinguish the different states and provides a uniform sampling along all the reaction
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paths. Being able to identify the transition states at higher uncertainty, DEAL focuses
on the minimisation of the error for these geometries, achieving a uniform accuracy
between reagent/product and reactive configurations.
After the filtering via GP, the standard active learning cycle carries on with the ab
initio labelling for the selected configurations. This iterative procedure (training,
sampling, data-efficient selection and DFT labelling) is repeated until a reliable
potential is obtained.

3.2.3 Transfer learning

Until now, we have assumed that developing an MLIP requires assembling a dataset
and training a new model from scratch. However, building an ML potential for a
specific system is often a complex and computationally demanding task, especially
when the underlying DFT reference data is expensive to generate. At the same
time, the growing popularity of ML potentials and the availability of large material
databases (e.g., Materials Project) for training general-purpose models have enabled
new paradigms, such as transfer learning. Instead of starting from scratch, transfer
learning adapts an existing ML model as the foundation for a new one [130–132]. By
leveraging knowledge already captured by a pre-trained model, the learning process
becomes faster and requires significantly less data. The new dataset is used primarily
to tailor the inherited knowledge to specific materials, phases, or thermodynamic
conditions that share similarities with the original training domain. This approach is
particularly valuable in scenarios of data scarcity, where generating and labelling
configurations at the ab initio level is costly.
Under the domain of transfer learning, various strategies exist for building MLIPs,
including the fine-tuning of general-purpose models [115], the transferring from mod-
els trained on classical data [133] or large open-access ab initio databases [134, 135],
and the adapting across chemical elements [136] or different DFT functional ap-
proximations [137, 138]. For example, the recently proposed Franken scheme [126]
performs transfer learning from GNN models trained on large datasets, i.e., uni-
versal MLIPs. Its core idea is to extract descriptors (also called ’backbone’) by
concatenating node features up to a chosen interaction layer from a pre-trained GNN.
These descriptors serve as input to a kernel-based regression block (using the RF
approximation; see Section 3.1.3). This design combines the expressivity of deep
neural network descriptors with the data efficiency of kernel regression. Importantly,
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the backbone is inherited without retraining, and only the kernel regression block
is optimised, drastically reducing the amount of data required. The success of this
approach depends on the quality of the GNN used as the backbone. In the original
work [126], Franken employs MPNN models from the MACE-MP0 family, which
are general-purpose potentials trained on the MPTraj database [139]. This dataset
includes numerous static calculations and structural optimisation trajectories from
the Materials Project, primarily small periodic unit cells of inorganic crystals with
some molecular components, computed at the DFT level using the PBE functional.
MACE-MP0 models already exhibit strong generalisation, enabling stable MD simu-
lations for diverse systems and reproducing chemically sensible structures, reactions,
and transformations. Transfer learning allows Franken to inherit these capabili-
ties while adapting to specific systems using a much smaller dataset. For instance,
with only a few tens of configurations, Franken achieves stable and accurate MD
simulations of bulk water and metal/water interfaces, outperforming the original
MACE-MP0 model. This exceptional data efficiency makes Franken a cornerstone
of the workflow proposed in Chapter 4.

In summary, in this chapter we presented the main concepts and practices that
will be employed to generate machine learning interatomic potentials in the fol-
lowing chapters. We will develop ML potentials using MACE, a message-passing
neural network whose descriptors are based on the atomic cluster expansion (ACE)
formalism. We will not only train ML models from scratch, but we will also follow
transfer learning strategies as proposed in the Franken method. This approach merges
together the expressiveness of pre-trained descriptors built upon the message-passing
architecture of MACE with the data efficiency of kernel regression methods. The
limitations of kernel approaches in the case of large datasets are overcome in Franken
through the random feature approximation approach. Given the previously outlined
relevance of data within the ML framework and the challenges posed by the con-
struction of comprehensive datasets, we will place particular emphasis on active
learning strategies. Specifically, we will adopt the DEAL protocol, which integrates
a query-by-committee pre-filtering stage with a non-redundant configuration selec-
tion driven by the Bayesian variance of a Gaussian process, as implemented in the
FLARE code. All the elements discussed in this chapter will be leveraged in TRECI,
our proposed workflow to generate ML potentials for electrochemical interfaces, as
presented in Chapter 4.



Chapter 4

TRECI: transfer learning for
electrochemical interfaces

The development of ML potentials, here referred to as ML force fields (ML-FFs) to
avoid confusion with the electrode potential, forms the core of this thesis. While
ML-FFs are an established tool in thermocatalysis [140–142], their application to
electrochemical systems [143] is still in its infancy and has only recently gained
significant attention.
Early ML-FFs for electrochemistry largely ignored the effect of applied bias, fo-
cusing instead on the potential of zero charge (PZC), i.e., the electrode potential in
the absence of excess surface charge [144–146]. Such models fail to capture the
key driving force behind electrochemical processes, making them unrepresentative
of experimental conditions. To address this, later approaches introduced constant-
charge schemes [147], followed by constant-potential ML models employing hybrid
explicit–implicit solvent representations [148–150]. These efforts primarily focused
on adapting ML architectures to incorporate explicit bias-related inputs (e.g., work
function, interfacial electric field, or excess electrons). However, these studies rely
on DFT setups, fixed ion numbers, implicit or hybrid explicit-implicit solvation,
and low-level functionals such as PBE or rPBE+D3, similar to those used in AIMD.
Since these setups are computationally affordable, they are the predominant choice
for AIMD, even if it is known that they might introduce inaccuracies and artifacts
(cf. Section 1.3.3). Consequently, ML-FFs trained on such ground truth inherit these
limitations already present in AIMD studies.
In this thesis, we adopt a fundamentally different paradigm. To bridge the gap
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between experimental observations and atomistic simulations and to fully exploit
ML-FFs beyond AIMD constraints, we employ more advanced and accurate (though
computationally expensive) ab initio setups: fully explicit solvent models, meta-
GGA functionals, and rigorous constant-potential schemes. Here, ML-FFs serve not
only to extend spatial and temporal scales with respect to AIMD but also to enable
high-fidelity descriptions of electrochemical interfaces not affordable with previous
methods. This challenge, using costly yet more accurate ground truth, motivates
the development of a novel, data-efficient strategy rather than relying on existing
ML schemes. The outcome is TRECI (TRansfer Learning for ElectroChemical
Interfaces), a framework that combines transfer learning and active learning to con-
struct ML-FFs for electrified metal/water interfaces with unprecedented accuracy
and efficiency.
In this chapter, we discuss the main elements of the TRECI strategy (Section 4.1).
Then, in Section 4.2 we show how to apply this scheme to develop ML-FFs at differ-
ent applied potentials for a copper/water interface, a representative electrode system
used in many electrocatalytic applications [19, 151]. The physical insights enabled
by TRECI-based molecular dynamics will be discussed in Chapter 5. The results
presented here are detailed in our submitted publication “Electrochemical Interfaces
at Constant Potential: Data-Efficient Transfer Learning for Machine-Learning-Based
Molecular Dynamics” [34], while the developed code supporting the results of this
chapter is freely available at https://github.com/michelegiovannibianchi/TRECI.

4.1 Data-efficient workflow for electrochemical inter-
faces

The workflow of TRECI to provide a high-fidelity description of electrified interfaces
in a data-efficient manner relies on three core pillars: 1) a high-quality quantum
mechanical description of the interface, 2) an innovative transfer learning framework
for building ML-FFs and 3) an effective active learning strategy (Fig. 4.1).

https://github.com/michelegiovannibianchi/TRECI
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Fig. 4.1 General scheme of TRECI for electronically grand-canonical machine learning force
fields: the pillars of the methods are a high-quality dataset at multiple applied bias values, a
data-efficient ML architecture via transfer learning and an effective active learning approach.
Reproduced from [34].

4.1.1 High-quality description at multiple applied bias values

A high-quality dataset and rigorous labelling are essential elements to provide an
accurate description of electrified interfaces via ML-FFs. Any artifact in the solvent
representation or ambiguities in the definition of the electrode potential can introduce
inconsistencies in the labels, which become particularly detrimental when working
with the small datasets employed in this work.
TRECI achieves a high-quality modelling of the interfaces via a) a comprehensive
description of the solvent dynamics, b) an accurate treatment of the liquid water
network, and c) a robust electrification scheme (cf. left side of Fig. 4.1).
The comprehensive description of the solvent is achieved by following a fully explicit
solvent approach for capturing in the dataset both the overall dielectric response
of the solvent and the localised interactions between molecules and the surface
(cf. Section 1.3.3). Our approach carefully avoids schemes in which an artificial
region of vacuum or an implicit solvent is on top of the explicit solvent, as, even if
commonly employed in other ML-FF works, they could introduce artifacts at this
interface between two domains.
A high-quality description of the liquid water network implies the choice of advanced
DFT functionals, due to the well-known shortcomings of the common PBE-GGA
approximation in water-based systems [79, 152]. GGA functionals usually tend to
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overstructure the network of liquid water since they do not properly describe hy-
drogen bonding and dispersion forces, resulting in a too rigid structure. Simulating
water at room temperature at the PBE level reproduces a behaviour more similar
to an ice-like phase rather than a liquid and highly dynamic system. A common
"workaround" is to increase the simulation temperature above ambient conditions
(e.g., 400 K), but this solution is not viable in electrocatalysis, since any process will
be activated by a combination of the increased temperature and the electric field, not
reproducing the experimental conditions. For this reason, we consider the SCAN
functional as the DFT reference due to its capability of correctly reproducing the
liquid water behaviours (cf. Section 2.1.2).
The inclusion of the effects of the applied bias in the framework of ML-FFs
represents the most crucial element. This is realised within an electronically
grand-canonical ensemble using the “double reference method” [66]. By em-
ploying this scheme, TRECI constructs multiple datasets corresponding to dis-
tinct PESs, each associated with a well-defined and macroscopically accessible
quantity, the bias value. The “double reference method” determines the elec-
trode potential by using a series of potential references computed in auxiliary
systems. This approach eliminates artifacts from solvent/vacuum interfaces and
avoids inconsistencies between the energies computed in the systems with and
without extra electrons (see Appendix A and the developed Python code at https:
//github.com/michelegiovannibianchi/DoubleReferenceMethod-FCP-calculator for
more details on this method and how it is practically integrated into the TRECI
workflow). As a result, it provides a consistent connection between surface charge
and electrode potential, removes ambiguities in data labelling, and guarantees that
each PES is uniquely identified. Such a rigorous electrification scheme represents
the main step ahead with respect to other ML works.
To the best of our knowledge, a single framework integrating all these three modelling
choices has not been realised in prior studies, largely due to the high computational
cost associated with each component: SCAN is approximately 2.5 times more ex-
pensive than PBE, and a simulation with the “double reference method” is up to 10
times more costly than a calculation without external bias due to the need to evaluate
the auxiliary systems for each configuration. When used together, these methods
become prohibitively expensive, calling for highly data-efficient approaches.

https://github.com/michelegiovannibianchi/DoubleReferenceMethod-FCP-calculator
https://github.com/michelegiovannibianchi/DoubleReferenceMethod-FCP-calculator
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4.1.2 ML force-fields via transfer learning

Given the high cost of generating such data across multiple potentials, training
independent ML-FFs for each applied bias value would be highly inefficient. TRECI
instead adopts a transfer learning paradigm (cf. Section 3.2.3) that reuses informa-
tion from models trained in the absence of an electric field to efficiently learn the
corresponding PESs at constant applied bias.
Specifically, we draw on the recently introduced Franken framework [126]. As
outlined in Chapter 3, the strength of Franken lies in combining the data efficiency
of kernel regression methods with the expressivity of pre-trained descriptors from
MPNN models. Within TRECI, we extend this idea into a multi-head architecture,
where a shared set of GNN-based descriptors is reused to simultaneously learn
several PESs corresponding to different applied biases. Each head is trained to
address a specific bias value (Fig. 4.2). Because only a small regression block is
bias-specific, the overall data requirement is drastically reduced. We are able to train
seven RF-based readouts for potentials ranging from −0.50 V to −2.00 V vs SHE
(with a spacing of 0.25 V). This approach is, however, inherently scalable, enabling
the simultaneous generation of a greater number of regression blocks that encompass
an even broader spectrum of applied biases. In this way, although each readout can
handle only a single potential case, the overall model spans a broad range of possible
values and can be readily adjusted to a new electrical bias value with only a small
amount of additional data.
Furthermore, TRECI generalises the Franken concept beyond fine-tuning of general-
purpose ML-FFs: it also leverages domain-specific models trained for the same
system at the PZC, in the absence of an applied field. While this approach requires
training an additional model from scratch, the computational cost of labelling con-
figurations at the PZC is significantly lower (approximately 10 to 20 times less
than performing full constant potential calculations across seven target bias values).
Thus, the gain in accuracy achieved with fewer grand-canonical DFT evaluations
when employing a domain-specific backbone (cf. Section 4.2.3) provides sufficient
justification for the additional effort involved in developing the PZC model. In the
following we refer to models constructed using general-purpose descriptors from the
MACE-MP0 family and domain-specific ones as Franken-MP0 and Franken-PZC,
respectively. A recap table of the different backbones employed in this thesis is also
reported in Appendix B. As detailed in Section 4.2.3, this innovative combination of
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Fig. 4.2 TRECI strategy for the training of the constant potential ML-FFs via transfer learning:
the node features of a pre-trained general-purpose or domain-specific GNNs are used as
descriptors for a multi-head Franken model. Each readout block implements a large-scale
kernel regression model targeting an applied bias value. Kernel functions are approximated
by means of Random Fourier Features (RF). Reproduced from [34].

general-purpose and domain-specific models provides a route from stable exploratory
simulations to accurate production runs.

4.1.3 Data-efficient active learning

The efficiency of TRECI ultimately hinges on identifying the few thermodynamically
relevant configurations at each target bias. Simply re-labelling equilibrium structures
obtained in the absence of an electric field is insufficient, as the applied potential can
stabilise entirely different interfacial arrangements. To address this, TRECI adopts
an iterative data acquisition strategy based on active learning (cf. Section 3.2.2). The
dataset is progressively expanded by exploring the PESs with preliminary ML-FFs
and selecting a limited number of new configurations for grand-canonical DFT
labelling.
Specifically, for the selection, we exploit the capabilities of the DEAL protocol [129].
Differently from the DEAL approach described in Section 3.2.2, a two-step DEAL
selection is performed (Figure 4.3). First, configurations are filtered independently
for each applied bias; then, the selected configurations are merged across all bias
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Fig. 4.3 Scheme of the two-step DEAL selection employed in the TRECI workflow during
the active learning strategy for constant potential ML-FFs. The dataset of the previous rounds
is composed of all the geometries for all the potential values collected in the previous loops
of active learning.

values and screened again alongside the existing dataset. This second DEAL selection
reduces redundancy among configurations sampled at the different biases and with
respect to the existing dataset. This approach yields a compact and non-redundant
dataset, minimising the number of expensive DFT calculations at constant potential,
while ensuring efficient coverage of the relevant configurational spaces.

4.1.4 Complete strategy

Here we summarise the steps of TRECI to construct ML-FFs at constant potential.
The workflow begins with the construction of an ML-FF trained for the PZC case
using the MACE architecture (cf. Section 4.2.1). The PZC model is developed to
have domain-specific descriptors useful for the transfer learning. In addition, this
gives a starting dataset for the ML-FFs with applied bias and serves as a baseline for
the results in the absence of an electric field.
An iterative strategy composed of four steps is then applied (Figure 4.4). The cycle
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Fig. 4.4 Scheme of the TRECI workflow for constant potential ML-FFs. The development
of a model for the PZC case can be considered as a preliminary step. The double arrows
connecting the blocks identify the steps for which models with different backbones (general-
purpose Franken-MP0 vs domain-specific Franken-PZC) are considered at the same time,
before the selection of the optimal one at each round. Backbone selection is based upon the
criteria of prediction accuracy vs MD stability. A model is considered reliable if accuracy in
the prediction as well as physical observables reaches convergence.

starts with a dataset at multiple applied potentials computed via grand-canonical
DFT calculations. Using this data, ML-FFs are optimised for the corresponding
constant bias values using Franken transfer learning, employing both general-purpose
(from the MACE-MP family) and domain-specific descriptors (from the model
trained at the PZC). The models are then benchmarked by employing them in
explorative MD runs to sample the target PESs. Models with different backbones
are compared considering stability (i.e., the capability of generating stable MD
trajectories) and accuracy of the predictions. If domain-specific descriptors fail to
yield stable MD trajectories, the workflow proceeds using the general-purpose ones.
Instead, once enough data are available and Franken-PZC models become robust,
they are preferred due to their superior accuracy. Then, new atomic configurations
from MD trajectories are selected through a data-efficient active learning protocol.
The selected configurations are labelled with grand-canonical DFT calculations, and
the dataset is expanded with new data. The cycle continues until both the accuracy
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of energy and force predictions, as well as relevant physical observables, reach
convergence. Only at this point, the ML-FFs are considered sufficiently reliable for
use in production-level MD simulations.

4.2 Validation of the workflow

We validate the workflow of TRECI by developing ML-FFs for a copper-water
interface at different negative potential values. Notice that this system represents
a real-case scenario, as it is a typical cathodic system used in electrochemical
applications such as the CO2 electroreduction reaction. We will show that following
the presented strategy, after a few active learning iterations and the collection of
one thousand structures at constant potentials, TRECI achieves stable, accurate
and converged results. Stability is evaluated by inspecting the MD trajectory for
a duration of at least 1 ns and confirming that no unphysical phenomena occur.
Accuracy is quantified using force predictions evaluated on an independent dataset,
while convergence is assessed by analysing the behaviour of a representative physical
observable, such as the density of interfacial water, and verifying that it has reached
a stable, reproducible profile. As illustrated in Figure 4.5 and further discussed
in Chapter 5, the presence of an interface and a surface charge alters the water
density, leading to a modulation of the spatial profile characterised by pronounced
peaks. At least two main regions can be distinguished: region I, where molecules are
chemisorbed and the O atoms share electrons with the surface, and region II, where
water is physisorbed and the partially positive H atoms are orientated toward the
metal. A more extensive analysis of the properties of these regions is presented in
Chapter 5. At this stage, it is crucial to recognise that the strength of these two types
of interactions varies with the surface charge, with Cu· · ·H electrostatic attraction
increasing and Cu· · ·O repulsion becoming stronger as the negative surface charge
grows. Consequently, the peak height of the O density in these regions is a highly
sensitive physical observable for characterising the metal–water interaction that the
ML-FFs have to learn.
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Fig. 4.5 Oxygen density profile of interfacial water with the main regions in the solvent
highlighted. The insets show the typical orientation of water molecules in these peaks.

4.2.1 Preliminary step: model for the PZC

The development of an ML-FF for the PZC can be considered as a preliminary step
for the models at constant potential. For the PZC, we follow the state-of-the-art
active learning strategy discussed in Section 3.2.2 to generate an ML-FF model from
scratch. The preliminary dataset on which the active learning cycle for the PZC starts
is assembled following different strategies (use of an accurate pre-existing dataset
at SCAN level for pure bulk water, AIMD at low PBE accuracy level and universal
ML-FFs for Cu/water systems). In all these cases, AIMD at the SCAN level is never
performed due to its computational cost and inefficiency in sampling uncorrelated
structure (cf. discussion in Section 3.2.2).
Starting from this initial pool of configurations, the training dataset is iteratively
refined through the DEAL scheme to ensure a broad and uniform coverage of the
relevant configuration space while dramatically reducing the number of costly ab
initio calculations. To access a broader portion of the configurational space, we
additionally carry out a series of MetaDynamics simulations (see OPES-Explore in
Section 2.3.5), in which the biased CVs correspond to the number of water molecules
present in each region of the interfacial solvent. This approach allows us to probe a
range of densities in the different interfacial regions and thus reliably identify the
optimal density associated with the most thermodynamically stable state.
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The ML-FF for the PZC is developed via the MPNN MACE architecture (cf. Sec-
tion 3.1.3). During the construction of the ML-FF, an architecture with equivariant
messages is employed to better optimise the stability of the model in case of a limited-
size database. Once the dataset is complete, the final ML-FF is trained with invariant
messages, resulting in a reasonable balance between accuracy and computational
efficiency. At the end, a stable and accurate model for the Cu (111)/water interface
at the PZC is achieved with only about 5300 configurations, including bulk water
systems, bare Cu surfaces and Cu/H2O structures.

4.2.2 Starting point for the constant potential models

Developing the model with an applied bias becomes more challenging, primarily
because of the increased computational cost of labelling and, even more critically,
the difficulty of constructing an initial dataset for constant-potential conditions. The
approaches previously used to sample the initial dataset at the PZC are no longer
applicable in this context. To the best of our knowledge, there are currently no
large datasets labelled at constant potential (particularly using the double reference
method), nor are there any universal ML-FFs designed to operate under these condi-
tions. In addition, AIMD simulations, even at the relatively inexpensive PBE level,
are entirely impractical within the double reference framework.
For this reason, we start the model at constant potential by sampling approximately
250 non-redundant configurations from the PZC dataset using the GP method im-
plemented in DEAL. These configurations are then relabelled at constant potential,
forming the preliminary dataset for the active learning cycle. In this context, active
learning becomes even more critical than in the PZC case. The reason is that the
configurational space covered by the PZC dataset does not fully represent systems
under applied potential. Rather than spending substantial computational resources
to label a large number of PZC geometries at constant potential, it is more efficient
to first develop stable, though not necessarily highly accurate, constant-potential
ML-FFs. These initial models enable early exploration and sampling of the PES
regions relevant to the applied potential conditions. However, training stable models
with only a few hundred data points remains a significant challenge.
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Fig. 4.6 Evolution of the learning process for TRECI models at representative target biases
during the active learning. (a) Stability range of the different descriptors (Franken-MP0
vs Franken-PZC): coloured bars show the iterations at which the ML-FFs are stable; dark
colours identify the descriptors employed for the sampling at the different iterations. (b) Force
RMSE for Franken-MP0 and Franken-PZC. Solid lines identify the descriptors employed for
the sampling. The accuracy is not reported when the models are not stable. (c) Peak value of
the oxygen density in the different interfacial regions. Reproduced from [34].

4.2.3 From stability to accuracy

Starting from a few hundred configurations selected from the PZC dataset and
directly targeting stable MD trajectories requires a careful choice of the ML archi-
tecture. This small initial dataset proves insufficient for training not only a standard
MACE model (cf. Section 4.2.5), but also domain-specific Franken-PZC ML-FFs:
trajectories generated with these models lack stability. In contrast, the Franken-MP0
consistently yields stable results across all applied potentials and throughout all
active learning cycles (Figure 4.6a). For this reason, we start expanding the dataset
in an active learning framework using configurations from MD trajectories generated
with Franken-MP0 models. As the dataset is enlarged, Franken-PZC ML-FFs begin
to produce stable results: at low applied bias (V = −0.50 V), stability is achieved
after a single active learning cycle, while more negative potentials require additional
iterations (Figure 4.6a). In particular among domain-specific models, we initially
use equivariant backbones (Franken-PZC-L1), e.g., from a MACE model with equiv-
ariant messages (L = 1), trained exclusively on geometries at PZC. Equivariant
descriptors are more expressive, and Franken models based on them deliver stable
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results with smaller datasets compared to their invariant counterparts. However,
equivariant architectures are computationally more demanding, increasing inference
costs. For this reason, we then explored invariant descriptors trained on larger and
more variegated datasets to expand the extrapolation capability of the model, making
it more robust. One such case is a backbone from a MACE ML-FF with invariant
messages (L = 0), trained on a combined dataset comprising PZC geometries and
configurations compatible with applied potentials (Franken-PZC+Charged-L0). For
the training of this backbone, geometries compatible with applied potentials were
relabelled without extra charge to maintain consistency with the PZC dataset. This
relabelling incurs no additional cost, as this DFT calculation is already required for
the auxiliary systems in the “double reference method”. In this way, at each cycle
of active learning, the new geometries, labelled both at the PZC and at constant
potential, are used to improve the descriptor (dataset with PZC labels) as well as
the regression part (dataset with constant potential labels) of the model. Indeed, the
active learning process enables not only the progressive optimisation of the readout
blocks but also the retraining of descriptors using the expanded dataset, which in-
cludes the newly acquired geometries associated with the applied potential from the
previous iterations. We additionally direct the reader to Table B.1 in Appendix B,
which provides a recap of the characteristics of the different domain-specific back-
bones that can be employed during the active learning cycles.
Once the Franken-PZC models have been proven to deliver stable MD trajecto-
ries, switching from general-purpose to domain-specific descriptors significantly
improves performance, reducing prediction error by approximately 30% (lower
RMSE) and ensuring consistent accuracy across all bias values (see Figure 4.6b and
Table 4.1). Remarkably, the accuracy achieved using PZC descriptors is comparable
to that of the PZC MACE model, yet TRECI attains these results with only 25%
of the data used in the PZC dataset. Additional analyses validating the accuracy of
TRECI constant-potential models and comparing them to the PZC MACE model are
provided in Appendix B.

4.2.4 From accuracy to convergence

When using Franken-PZC models, the force accuracy rapidly converges to a plateau
(Figure 4.6b). Despite this convergence, we perform a more rigorous check by
analysing the evolution of key physical observables. As a representative quantity,
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Table 4.1 Root-Mean-Squared-Error (RMSE) in meV/Å for the prediction of forces using
TRECI models at different bias values, with descriptors from either MACE-MP0 (Franken-
MP0) or our domain-specific PZC model (Franken-PZC). For reference, the corresponding
RMSE for the PZC model trained from scratch with 5323 configurations is 17.4 meV/Å.

Case [V vs SHE] −0.50 −0.75 −1.00 −1.25 −1.50 −1.75 −2.00
# configurations 1202 1227 1173 1265 1305 1264 1260

Franken-MP0 31.8 30.9 32.2 31.7 29.8 29.9 30.5
Franken-PZC 24.5 23.7 24.3 23.0 21.3 22.1 22.3

we monitor the peak heights in the oxygen density profile at the interface, which
are highly sensitive to structural changes induced by the applied bias. The analysis
of these quantities during the active learning provides insights into the learning
process (Figure 4.6c). As the models are progressively refined, the peak height
of region I (chemisorbed molecules) decreases while the second one (physisorbed
water) increases until both converge to stable values. This modulation of the peak
density is a well-known effect of the applied potential, and these variations during
the active learning cycles are an expected behaviour for a transfer learning process
from an electric-field-agnostic model to ML-FFs in the presence of applied bias.
By tracking these physical observables, we notice that even after the convergence
of the force RMSE, approximately three additional active learning iterations are
required for the peak densities to reach a plateau. At this point, we further validate
the convergence of the solvent density profiles, comparing TRECI models built upon
different descriptors (Figure 4.7). Even if the starting models for the transfer learning
are different, the ML-FFs predict reciprocally consistent observables, confirming the
effectiveness of the TRECI strategy to generate accurate and reliable models with
small datasets. Interestingly, after completing the active learning, we observed on the
final dataset that even domain-specific MACE descriptors (Franken-PZC-L0) with
invariant messages, but trained only on a smaller dataset with respect to Franken-
PZC+Charged-L0 (i.e., only the PZC geometries), can guarantee stable results. This
demonstrates that stable performance can also be achieved with a thousand of data
points without resorting to expensive equivariant models or continuously retraining
the descriptors.
Concluding, based on the results of TRECI to develop the ML-FFs for the Cu/water
interface, we recommend using general-purpose (Franken-MP0) first and equiv-
ariant domain-specific descriptors (Franken-PZC-L1), as soon as stable, during
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Fig. 4.7 Comparison of the oxygen density profiles of interfacial solvent at different applied
potential values, as predicted by Franken models with different descriptors (cf. Appendix B
for the characteristics of these descriptors). The same PZC profile computed with a standard
MACE model is reported in each panel for reference. Reproduced from [34].

the active learning process when an early stability of the MD trajectory matters.
Then we suggest transitioning to the invariant domain-specific backbones (Franken-
PZC+Charged-L0 or even Franken-PZC-L0) at the last iterations of active learning
and, above all, in the production runs due to their lower computational cost during
inference. A recap of the suggested sequence of backbones to use during the active
learning is also summarised in Table B.1 in Appendix B.

4.2.5 Comparison of different training approaches for the con-
stant potential models

The success of TRECI is based on the Franken transfer learning strategy integrated in
a multi-head architecture to enable multiple potential value predictions using a unique
set of descriptors. We further benchmark this training strategy, comparing it with
another approach based on transfer learning as well as multi-head architecture. This
alternative method consists of the multi-head training implemented in the MACE
suite. We use the multi-head MACE to train from scratch and simultaneously the
PZC model and the 7 constant potential cases. Hence, 8 datasets are used to train
the message-passing neural network implementing unique descriptors for all the
models. If all the datasets are used to train the same descriptors, then each set is
used to separately train a specific readout multi-layer perceptron (MLP, i.e., a head)
for a total of 8 heads. Similarly to Franken, the strategy of the multi-head MACE
focuses on maximising the use of the PZC dataset to construct descriptors, which are
then utilised for the constant potential models, achieving a transfer learning effect
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from the PZC to the applied potential cases. Nevertheless, the multi-head-MACE
descriptors are also trained using each of the constant potential sets. The contribution
of the constant potential data in the construction of the descriptors is associated
with the relative dimensions of the applied bias datasets with respect to the PZC
one. This contribution varies from iteration to iteration as new configurations with
applied fields are collected. Another relevant difference of the multi-head-MACE

Potential Iteration 1 Iteration 2 Iteration 3 ... Iteration 7

-0.50 V ✓ ✓ ✓ ✓ ✓
-0.75 V ✓ ✓ ✓ ✓ ✓
-1.00 V ✓ ✓ ✓ ✓ ✓
-1.25 V ✓ × ✓ ✓ ✓
-1.50 V × × ✓ ✓ ✓
-1.75 V × × ✓ ✓ ✓
-2.00 V × × ✓ ✓ ✓

Fig. 4.8 Analysis of the performance of the multi-head-MACE training. (Top) Comparison of
the force RMSE in the training and validation set for the final multi-head MACE model vs the
corresponding Franken model. The “multi-head simple readout” is a model with the width of
the layers of the radial MLP in the readout part reduced from 64 to 32. (Bottom) Analysis of
the stability of the results for multi-head-MACE models during the different active learning
iterations. Symbols ✓ and × stand for stable and non-stable results, respectively. For cases
identified with symbol ✓, the stability is achieved only with the “multi-head simple readout”
model.
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training that makes this approach less attractive than Franken is the training cost: the
first takes about 96 GPU-hours for the full model since it also trains from scratch
the PZC case, and globally it uses a large dataset (about 12600 configurations,
including the PZC and the 7 constant potential sets). We stress this time refers to
the training of a single architecture, implying that additional training is required
to optimise all the hyperparameters of the GNN. On the contrary, seven constant-
potential Franken models totally require about 24 GPU-hours with hyperparameter
tuning corresponding to testing 16 different architectures. The benchmark of stability
(Table 4.8) and accuracy (Figure 4.8) of the results for the multi-head MACE vs
Franken also highlights the pros/cons of each approach. Regarding stability, as
shown in Table 4.8, the multi-head-MACE approach is unable to grant stable results
in the initial cycles of active learning, in particular, for the high negative potentials.
A model with simpler readouts (i.e., fewer neurons in the MLP) can only partially
mitigate the lack of sufficient data at the beginning of the active learning. Observe
that, due to the limitations of the multi-head MACE method in achieving stable
results at more negative potentials, it is especially difficult to provide new relevant
configurations for these potential values, thus addressing the data scarcity and
stability issues. On the contrary, Franken, as used in TRECI, is more versatile,
enabling stable simulations from the first cycles of active learning by using general-
purpose descriptors. Regarding accuracy, Figure 4.8 shows the RMSE on the training
and validation set of the final Franken and multi-head MACE models. Even if the
latter is characterised by a slightly smaller error (≈ 5÷6 meV), the Franken model
presents less overfitting (difference between training and validation error). A model
with a smaller number of neurons in the readouts is also considered without evident
improvements. This proves that the kernel-based method of Franken is more data-
efficient than the MLP of the multi-head MACE, which requires additional data to
be more reliable.
From this comparison it is evident that Franken architecture is more suitable than the
multi-head MACE one to generate the constant potential models with limited data
due to the lower computational cost for the training, a minor tendency to overfitting
and, above all, a superior stability in the results during the different iterations of
active learning.
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4.3 Conclusion

In this chapter, we presented TRECI, a general, data-efficient workflow for develop-
ing ML-FFs to investigate electrochemical interfaces under external electrical bias.
This enables a high-fidelity description of these systems by combining a fully explicit
solvent model, a DFT-accurate representation of the liquid water network via the
SCAN functional, and a constant potential framework that avoids explicit-implicit
solvent compromises.
To address the computational cost of this rigorous setup, TRECI leverages a data-
efficient transfer learning algorithm for the ML-FF training and an effective active
learning protocol. To ensure model stability in the early stages of the ML-FF devel-
opment, we perform transfer learning from general-purpose potentials. In subsequent
iterations, we refine the ML-FFs by transferring information from domain-specific
models to achieve a superior accuracy. This dual strategy enables the construction of
robust and precise ML-FFs across a wide range of potential values. Our workflow
achieves stable MD trajectories with only a few hundred configurations, reaches the
same accuracy as models trained from scratch, and converges physical observables
with a final dataset of just one thousand configurations.
The validity of TRECI models will be shown in the next chapters, in which, by
applying this workflow, we will develop ML-FFs for studying various phenomena at
the electrified Cu/water interfaces. In Chapter 5 we will use the developed ML-FFs to
analyse the effect of the applied potential on the structural and dynamical properties
of water in contact with Cu (111) and Cu (100) surfaces. While in Chapter 6 we
will show the effectiveness of TRECI in developing ML models targeting relevant
reaction steps of common electrochemical reactions. In both cases, the accuracy and
scalability of the developed ML-FFs will be used to reveal detailed properties of
electrified metal/water interfaces, achieving a level of resolution rarely accessible
with conventional approaches.

Aside from the specific applications in the following chapters, the relevance
of TRECI has a broader impact. The applicability of the TRECI workflow is not
constrained by our specific ab initio setup used for data labelling. Its modular
design allows for easy customisation (in the choice of DFT functional, electrification
scheme, or pre-trained model for transfer learning), making it adaptable to the
requirements of diverse electrochemical interfaces. At the same time, the TRECI
scheme is also able to face more complex scenarios, including surface defects, ions
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and adsorbates to simulate specific operando conditions. While these more complex
conditions introduce new challenges, such as accounting for long-range electrostatic
interactions from charged species, the core strengths of TRECI remain unaffected.
Its data-efficient and robust protocol provides a solid foundation for developing more
advanced ML-FFs in which the TRECI models are a modular element within a more
complex architecture. For these reasons, we believe that the TRECI strategy paves
the way for high-quality, atomistic simulations of electrified interfaces.



Chapter 5

Properties of electrified copper/water
interfaces via ML-accelerated MD

The capabilities of TRECI in developing ML-FFs for electrochemical interfaces,
discussed in Chapter 4, are now employed to generate ML models tailored to describe
via molecular dynamics simulations the interfacial properties of copper electrodes in
contact with an aqueous solvent. As discussed in Section 1.2.3, copper electrocat-
alysts are commonly employed for CO2RR applications to produce C2+ products;
for this reason, in this chapter we will analyse the characteristics of water solvent
in contact with Cu (111), the most stable surface termination, as well as Cu (100),
which is the most promising one for the synthesis of C2+ species [19]. Since the
CO2 reduction requires the application of negative potentials at the cathode, we will
focus on the effects of negative values of applied bias, considering the copper surface
as the negatively charged electrode. Despite the standard electroreduction potential
for water reduction in H2 being -0.83 V vs SHE [153] and the possible formation
of hydrogen adsorbates at negative potentials [154], the following analysis does not
include the role of surface adsorbates and the effects of electrochemical reactions.
Chapter 6 will include these elements in the discussion. Moreover, at this stage we
consider only the effects of the electric field, while neglecting the presence of ions
in the electrolyte. Hence, we are modelling the limit of a very diluted electrolyte.
In this sense, the anisotropic nature of the solid electrode / liquid solvent interface
as well as the additional surface charge due to the external potential are already
responsible for relevant modifications of the structural and dynamical properties
of the interfacial solvent, providing an interesting picture also without ions. The
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analysis of these variations of the properties of interfacial solvent has a pivotal role in
understanding not only the dielectric response of the electrolyte but also the surface
reactivity of the electrode. To assess the perturbations caused by the electrode, we
will examine how the structural and dynamical properties of the solvent vary with the
distance from the metal surface. These variations are compared to the characteristics
of a bulk water system (i.e., an isotropic system with only water molecules). We
first perform a detailed analysis of the potential of zero charge (PZC) (Section 5.2).
Following this, we study the effects of the application of different electric potentials
(Section 5.3). We explore values of reducing potentials from -0.5 V up to -2.0 V vs
SHE, the typical range employed in electroreduction studies [19].
The reliability of the results presented in this chapter is corroborated by additional
analyses reported in Appendix C, which demonstrate the capability of the selected
SCAN exchange–correlation functional and the employed ML architecture to ac-
curately describe all relevant interaction types present in the considered interfacial
system. The results of this chapter are partially presented in a submitted publication,
“Electrochemical Interfaces at Constant Potential: Data-Efficient Transfer Learn-
ing for Machine-Learning-Based Molecular Dynamics” [34], and will be partially
included in a future article in drafting.

5.1 Computational details

Before entering into the detailed analysis of the results of the molecular dynamics
simulations at the PZC and at constant applied potential, we report some key com-
putational details for performed atomistic simulations and the developed ML-FF
models.

5.1.1 MD simulations

All the results reported in this chapter are obtained from the analysis of MD trajecto-
ries generated with our ML-FFs developed following the TRECI workflow discussed
in Chapter 4. Structural properties are obtained in an NVT ensemble, while the
dynamical properties are computed in the microcanonical ensemble to remove any
spurious contribution of the thermostat. In all the cases, an integration step of 0.5
fs and the deuterium mass for hydrogen atoms are employed to properly describe
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DFT dataset Production MD

Slab lateral side [Å] ≈ 10 ≈ 20
Water region thickness (per side) [Å] ≈ 10 ≈ 15

Number of Cu atoms [-] 96 384
Number of H2O molecules [-] 50 ÷ 60 320 ÷ 380

Fig. 5.1 System size comparison between the configurations of the dataset computed at the
DFT level and the geometries of the production MD trajectories generated via ML-FFs. Main
dimensions are quoted in the picture and reported in the table.

the dynamics of light atoms. MD runs are performed in a slab system composed
of 6 layers of metal atoms, with the two innermost ones fixed into a symmetric
double-interface slab. Periodic boundary conditions are imposed in all directions,
and no regions of vacuum are present (cf. Figure 5.1). The lateral side of the slab is
about 20 Å, corresponding to a (8×8) surface supercell. The metal slab is vertically
separated by its periodic images by a region of 30 Å (15 Å per each side of the slab),
filled with water molecules. It has already been proved that these system dimensions
are sufficient to not cause finite-size effects [144], and they are markedly larger than
the typical system size employed in our ML dataset and affordable at the DFT level
(cf. Table 5.1). At the same time, the statistics for each observable discussed in this
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chapter are gathered over a time window longer than 5 ns, which is significantly
larger than the typical sampling timescale of AIMD.

5.1.2 Generation of the ML models

The ML-FF models are developed following the TRECI strategy reported in Chap-
ter 4. The dataset for the ML models is collected at the SCAN exchange-correlation
approximation level, considering a fully explicit solvent approach and applying the
double reference method to reproduce the effects of the applied potentials. The ML
model for the PZC case is developed from scratch using the MACE MPNN archi-
tecture: during the active learning, a model with equivariant features is considered
for its superior expressivity, while for the final MD production runs are performed
with an invariant model, resulting in a reasonable balance between accuracy and
computational efficiency. The ML-FFs models at constant applied potential are
trained following the Franken transfer learning strategy: during the active learning,
general-purpose or domain-specific invariant backbones are employed, following
the stability-accuracy criterion presented in Chapter 4. The final ML model has the
domain-specific descriptors extracted from the MACE PZC model with invariant fea-
tures (Franken-PZC-L0) and 16384 RFs. For both the PZC and the constant-potential
cases, ML models with 2 interaction layers with a cut-off radius equal to 6 Å each
are employed. A larger cut-off radius and/or a higher number of interaction layers
are also tested, but the description of the Cu/water interface results is minimally
influenced (cf. Appendix C.1). This appendix also presents an analysis of the impact
of interactions extending beyond the receptive field of our ML-FFs (i.e., long-range
interactions) since a growing number of ML-FF studies report the use of specific
long-range schemes in electrochemical systems [147, 155]. In Appendix C.1 we
identify the main source of long-range interactions in electrochemical interfaces:
the ionic species. This appendix shows that systems without ions, such as the cases
considered in this chapter, are characterised by an effective screening action of
water molecules, minimising the effects of contributions outside the receptive field
of the ML-FFs. This justifies why the results of this chapter are obtained without
incorporating any explicit long-range interaction scheme into the ML model.
Originally a model for the Cu (111) surface was developed both at the PZC and at
constant applied potential. Then the ML models were generalised, adding to the
dataset configurations for the Cu (100) case. With respect to the results reported in



98 Properties of electrified copper/water interfaces via ML-accelerated MD

Chapter 4 that refer only to the model for the Cu (111) surface, Table 5.1 reports the
dataset size and the accuracy of the final models that are able to generalise among
the two low-index surfaces.

Table 5.1 Root-Mean-Squared-Error (RMSE) in meV/Å for the prediction of forces using
TRECI models for the Cu (111) and Cu (100) surfaces at different bias values [V vs SHE].

Case PZC −0.50 −0.75 −1.00 −1.25 −1.50 −1.75 −2.00

Data points 5912 1788 1983 2008 2120 2209 2143 1942
RMSE 15.7 23.2 22.6 22.9 22.6 22.2 23.0 23.25

5.2 Copper/water properties at PZC

In this section we report a detailed comparison of several structural as well as
dynamical properties of Cu (111) and Cu (100) in contact with water at the PZC.
The goal is the identification of the characteristics that distinguish the two surfaces.

5.2.1 Water density profile

The first information that is possible to examine is the density profile of the water
solvent as a function of the distance from the surface (Figure 5.2). The contributions
of oxygen and hydrogen atoms are reported separately. Looking at the O profile, it is
possible to appreciate that there are at least three visible regions in the solvent, close
to the interface. These regions are sequentially labelled as I, II and III, moving from
the surface towards the water bulk. There are still some minimal fluctuations in the
O density after 8 Å far from the surface, but they are completely smoothed out at
12 Å. Here, the solvent density is constant and equal to 1.02 g/cm3 (decomposed
in oxygen and hydrogen contributions equal to 0.91 and 0.11 g/cm3, respectively).
This value is similar to the densities (1.03 ÷ 1.05 g/cm3) computed at the SCAN
exchange-correlation level for a pure water bulk [79, 156].
Focusing on the solvent regions close to the interface, it is possible to appreciate

a higher degree of structuring in the solvent. This is evident as three peaks in the
oxygen profile, where the density can even double its value with respect to the
water bulk case. The specific values of this increase in the different regions for both
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Fig. 5.2 Comparison of the water density profile at the PZC as a function of the distance
from the Cu surface (placed at zsurf), decomposed into oxygen and hydrogen contributions.
Solid and dashed lines refer to the Cu (111) and Cu (100) surfaces, respectively. The inset
shows a magnification of the H density profile. Roman numerals are used to identify the
three main interfacial regions.

surfaces are reported in Table 5.2. For both surfaces, the regions I and, above all, II
are characterised by the highest increase in density. Nonetheless, these variations
are still appreciable at 6 Å far from the surface, making it possible to distinguish a
third interfacial region before reaching a bulk-like regime. We stress that standard
AIMD studies do not report any comments on this third region, mainly due to the
computational cost of considering water layers thicker than 6 ÷ 8 Å. Nonetheless, it
is important to recognise the presence of this transition region between the interfacial
innermost water layers and more bulk-like regions far from the metal electrode. If the

Region Surface zpeak [Å] zrange [Å] Normalized O peak density [-]

I (111) 2.32 1.71 ÷ 2.71 1.38
(100) 2.25 1.58 ÷ 2.62 1.78

II (111) 3.26 2.71 ÷ 4.71 2.22
(100) 3.16 2.62 ÷ 4.64 2.15

III (111) 6.03 4.71 ÷ 7.79 1.30
(100) 5.98 4.64 ÷ 7.55 1.24

Table 5.2 Comparison of the structural properties of the different interfacial regions of water
at PZC. Both the peak positions zpeak and the spatial ranges zrange of the regions are referred
to the surface position zsurf. The O densities of the peaks are normalised with respect to the
corresponding values of a reference bulk system.
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O density in regions II and III is only slightly higher for the (111) surface with respect
to the (100), the latter is characterised by a more noticeable peak I: the ratio between
peak I and peak II heights turns from 0.62 in the (111) to 0.83 on the (100) surface.
This is an expected feature for a surface with a lower coordination number, such as
the (100), with respect to the more closely packed (111), making the surface/H2O
interaction more pronounced. The effects of a more open surface structure are also
visible in the peak positions for the O as well as the H contributions: the first peak,
and consequently the other ones, are slightly shifted towards the surface for the (100).
In the subsequent sections we will more deeply investigate the interactions of H2O
molecules with surface atoms.
However, before proceeding to further analysis, it is essential to evaluate the re-
liability of the DFT ground truth obtained with the SCAN exchange–correlation
functional in capturing this modulation of the water density induced by the inter-
action with the surface. Owing to the high computational cost associated with the
SCAN functional, there are, to the best of our knowledge, no previous AIMD in-
vestigations of metal/explicit-water interfaces that compare the picture predicted by
SCAN with that obtained from more extensively benchmarked functionals, such as
rPBE-D3. Within this context, our study also provides an opportunity to compare
different exchange–correlation functionals for metal/water interfaces in a consistent
manner, decoupled from their different computational costs. As discussed in more
detail in Appendix C.2, it seems that the rPBE-D3 functional tends to overestimate
the metal/water interaction with respect to SCAN as a consequence of a stronger
Cu · · · H interaction due to the D3 dispersion contributions. To eventually rule out
any pitfalls of the SCAN functional in describing the van der Waals contributions in
the metal/water interactions, we develop an ML model trained at the SCAN level
with the addition of the non-local correlation functional rVV10. As shown in Ap-
pendix C.2, it turns out that the non-local rVV10 contributions have minimal effects
on the interfacial structure of water, and the intermediate-range interactions, already
captured by SCAN, are sufficient to reasonably describe the Cu/H2O interface.

5.2.2 Water molecule orientation

After identifying the different interfacial regions in the solvent, here we better analyse
the properties of water molecules, characterising their molecular orientation with
respect to the surface plane (Figure 5.3). Specifically, the water dipole orientation
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Fig. 5.3 Orientation of water molecules at the PZC for Cu (111) (top row) and Cu (100)
(bottom row): colour maps for the distributions of the β dipole (a-c) and γ O-H-bond (b-d)
angles; the insets show the geometrical definitions of the angles. The vertical dashed lines
identify the limits of the different regions. (e) Configuration of molecules in region I, region
II and between region II and III ("region II-b”).

is studied considering the β angle. This is defined as the angle between the dipole
vector of the molecule and the vector perpendicular to the surface (see inset of
Figure 5.3a). While the O-H-bond direction is identified through the γ angle between
the vector of the O-H covalent bond and the vector perpendicular to the surface
(see inset of Figure 5.3b). In general, the angle distributions for the (111) and the
(100) surfaces appear very similar with the same key features, proving that the
different surface terminations can alter the number of H2O molecules present in
each region, but they do not evidently alter their orientation. Considering region I,
the β distribution is peaked around 40°÷60°: the resulting molecular orientation
has oxygen atoms exposed towards the surface and hydrogen atoms pointing away
towards other water molecules (see also the orientation visible in the MD frame
reported in Figure 5.3e). This adsorption configuration is commonly associated
with a chemical interaction between H2O and Cu, in which O shares its lone-pair
electrons with the metal (cf. also Section 5.3.5 for further analysis on the strength
of this bond vs other interactions present in the system). Although each molecule
allows for two possible γ angles to be defined, the γ distribution in region I remains
unimodal. This means that both H atoms behave in a similar manner, and they are
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both at the same height with respect to the surface. These H atoms are associated
with the unique H density peak in the separation area between regions I and II (see
inset in Figure 5.2). The picture of H2O orientation is completely different in region
II. Here, the β distribution reaches its maximum value in the range 120°÷140°,
meaning that the water dipole is mainly pointing towards the surface. The analysis
of the γ distribution provides additional details. This distribution has the first lobe
at about 140°÷170°, where the O-H-bond points towards the surface and H atoms
weakly interact with the Cu atom through van der Waals forces. At the same time,
there is another lobe in the γ distribution at about 80°÷110°. This is associated
with the second O-H-bond that is almost parallel to the surface, and its H atom is
interacting with other water molecules within region II. Despite "the water dipole
pointing towards the surface" being the predominant picture in region II, a detailed
analysis reveals a second weaker signal in the β and γ distribution. Looking at Figure
5.3a-c, it is possible to appreciate that there are few molecules with a β angle at
about 40°÷70°. This occurs for a sub-region within region II, shifted towards region
III (here named region II-b). This contribution is associated with water molecules
with dipoles pointing away from the surface, towards region III (see MD frame in
Figure 5.3e). This is also visible in the γ distribution with a contribution at around
90°÷110° (O-H-bond parallel to the surface and H interacting with other molecules
of region II) and at around 10°÷30° (O-H-bond pointing towards region III and
H interacting with molecules of region III). Notice that this detail is usually not
accessible in standard AIMD due to the high signal-to-noise ratio of the statistics but
provides interesting information: molecules passing from region II to III (and vice
versa) have to flip the dipole from a β angle of 120° ÷ 140° to 40° ÷ 70°. Finally, in
region III, the β and γ distributions are more blurred with respect to previous regions,
but they resemble the orientations of region II. We will show that this picture will be
altered by the applied potential.

5.2.3 Hydrogen bond analysis

Information about how water molecules reciprocally interact can also be extracted
from the analysis of the average number of hydrogen bonds per molecule (Fig-
ure 5.4). Following ref. [157], we define the presence of a hydrogen bond relying on
geometrical criteria: the O donor-O acceptor distance should be smaller than 3.5 Å,
the O donor-H atom distance should be smaller than 1.24 Å and the angle between
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Fig. 5.4 Average number of H-bonds per molecule at the PZC, distinguishing the cases
when the O atoms are donors or acceptors (see lateral insets for a graphical representation of
donor and acceptor molecules). The distance of the molecules from the surface is evaluated
considering the O atom position. The vertical dashed lines identify the limits of the different
regions.

the O-O axis and the O-H-bond axis should be smaller than 30°. This definition
of H-bond results in an average value of total H-bonds per molecule in water bulk
equal to ≈ 3.54. In general, the number of H-bonds per molecule is not influenced
by the surface termination since the profiles are quite similar between the (111) and
(100) cases. For the latter, the profiles are simply slightly shifted towards the surface
in agreement with the shift in the density profile observed in Figure 5.2. For both
surfaces, in region I, the number of acceptor oxygens (i.e., O atoms that employ their
lone-pair electrons to establish H-bonds with other water molecules) is markedly
smaller than 1. On the other hand, the number of donor oxygens (i.e., oxygens that
have covalent bonds with H atoms, and the latter are involved in hydrogen bonds with
other molecules) is close to two. This is in agreement with the picture previously
described: in region I the lone-pair electrons are mainly involved in the interaction
with Cu atoms and are not involved in H-bonds (i.e., low acceptor oxygen number),
while both H atoms per molecule are interacting with O atoms of region II (i.e., high
donor oxygen number). Notice that the number of donor oxygen atoms in region I is
higher than the corresponding value in the water bulk far from the interface. This
stands for a higher degree of order in the water structure induced by the surface.
On the contrary, the number of donor O atoms drops to a value close to 1, and the
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Fig. 5.5 Vibrational Density of States (VDOS) for hydrogen atoms in region I, region II of
the Cu/water interface at PZC and in the water bulk. The spectra are obtained assuming the
deuterium mass for the H species.

acceptor one increases in region II. This confirms that, for each molecule, one H
atom is involved in H-bonds with other molecules within region II, while the other H
is interacting with the metal atoms and not with the O atoms of region I.

5.2.4 Water vibrational density of states

A dynamical property that can provide further insights into the structure and strength
of the hydrogen bond network is the vibrational density of states (VDOS). Here it
is computed as the real part of the Fourier transform of the velocity autocorrelation
function [158]. Specifically, the VDOS of the hydrogen atoms is considered since it
allows to identify all the relevant vibrational modes of the water molecules [159].
Considering that the previous analysis shows that the most evident variations are
associated with regions I and II, we evaluate the VDOS only for the water molecules
belonging to these regions. The velocity autocorrelation function is evaluated by
recording the velocity every 5 fs for a time window of 6 ps. The VDOS plots for
hydrogen atoms in region I and region II are reported in Figure 5.5. For comparison,
the VDOS for hydrogens in a water bulk is also reproduced. In all the cases, the
spectra are dominated by four visible peaks. The peak at about 40÷50 cm-1 is
not uniquely identified/classified [160, 161], but this low-frequency range of the
spectrum is commonly associated with collective intermolecular H-bond modes;
for example, Jin et al. report that it is associated with the hydrogen-bond bending,
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perpendicular to the hydrogen bond [160]. The broad band between 150 and 700
cm-1 is attributed to the libration motion, while the sharp peak at about 1220 cm-1

refers to the H-O-H bending mode [156, 159]. Finally, the broad peak between
2300 and 2800 cm-1 can be decomposed into two contributions associated with O-H
symmetric (lower k) and asymmetric (higher k) stretching modes [159, 162].
The presence of the Cu surface alters the strength of the covalent as well as hydrogen
bonds of interfacial water, and these variations have an impact on the VDOS peak
positions. We notice that the differences in the spectra for the two surface termina-
tions are minimal, consistent with the analysis of the H-bond network previously
reported. The peak at low frequencies (≈ 40÷50 cm-1) associated with the collective
H-bond modes slightly tends to blueshift in region I. These shifts are commonly
observed in bulk water at decreasing temperatures and are correlated with a higher
tetrahedral order of the structure [160, 161]. This element suggests that the interfa-
cial water molecules in region I are characterised by a more "rigid" H-bond network
with respect to molecules far from the interface. It is important to note that this
constitutes an observation enabled by ML-FFs, extending beyond the conventional
results typically reported in AIMD investigations, which generally do not examine
the behaviour of this low-frequency peak. This primarily arises from the difficulty in
resolving its intrinsically weak spectral intensity and from its proximity to the much
more prominent librational band
The libration band in region II slightly tends to red-shift with respect to the water
bulk profile, while it more evidently shifts at higher energy for region I. Notice
that the libration motion is a measure of the stiffness of the rotational tendency of
water molecules: a higher libration frequency is proof of a more restricted rotational
motion [163]. Hence, the rotation of water molecules in region I is more hindered
due to the Cu · · · O interaction and a higher number of H atoms involved in H-bonds
(see Figure 5.4). On the contrary, a smaller number of total H-bonds in region II
can explain the red-shift of the libration band in region II [159]. The red-shift of the
H-O-H bending peak in both region I and region II is another feature of interfacial
water [159, 164]. For water in region II, a lower total number of H-bonds (cf. Fig-
ure 5.4) results in a less constrained scissoring motion for water molecules, softening
the H-O-H bending motion and red-shifting this peak [159]. The peak for region I
also exhibits a red shift; in this situation, the shift is attributed not to a change in the
number of H-bonds but instead to a perturbation of the electronic density caused by
the stronger Cu · · · O interaction compared with the usual intermolecular interactions
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between water molecules in the bulk phase [159, 165]. The different nature of the
red-shift of the H-O-H bending band in peak I and peak II is also suggested by
the average values of the intramolecular H-O-H angles of water molecules in the
different regions. For chemisorbed molecules, this angle is higher than the typical
value of water in a bulk region (105.87° in region I vs 105.28° far from the interface),
suggesting a minor repulsion between bond and lone-pair electrons due to a major
sharing of the latter with the surface. On the contrary, the average H-O-H angle in
region II is smaller than the bulk case (105.09° in peak II). Even if these variations
are small, they are consistently observed for both surfaces, identifying a common
physical reason rather than statistical noise.
Regarding the shift of the O-H stretching peaks, this effect is commonly regarded
as a proxy for the O-H covalent bond strength [162]. The stretching band in region
II, but above all, in region I, red-shifts with respect to the water bulk case. This
is commonly interpreted as a signature of a weakening of the covalent bonds as a
consequence of stronger H-bonds [159, 162]. This is supported by the average O-H
bond lengths that are progressively larger moving closer to the surface (0.978, 0.979
and 0.984 Å in the bulk, in region II and in region I, respectively), suggesting a
weaker covalent bond. The correlation between the increase of the strength of the
H-bonds and a weakening of the covalent bonds is also supported by the analysis of
the electronic density in the bond critical points, as shown in Section 5.3.5.
We emphasise that analysing the VDOS offers information that complements other
analyses of the H-bond network and interaction strength. However, peak shifts in the
VDOS can be quite subtle; in this regard, the enlarged statistical sampling afforded
by ML-FFs is crucial for achieving a clearer and more reliable interpretation.

5.2.5 Ordering of the interfacial water structure

The occurrence of peaked regions in the solvent density with preferential orientations,
together with a larger number of stronger hydrogen bonds and lengthened O–H cova-
lent bonds, are all indicative of a structured system exhibiting ice-like characteristics.
For this reason, we evaluate the ordering of the water structure, considering the
in-plane O-O radial distribution function (RDF) within each region (Figure 5.6a-b).
The RDF quantifies the spatial probability density of finding neighbouring atoms at a
given distance from a reference atom. Pronounced peaks in the RDF indicate an en-
hanced likelihood of consistently locating neighbouring atoms at specific interatomic
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distances, serving as a signature of increased structural ordering within the system.
In the present analysis, the RDF is computed by considering exclusively in-plane
interatomic distances. In addition to the O-O RDFs, the corresponding in-plane
Cu-Cu distribution for the outermost layer of metal surface atoms is reported for
references. Notice that the Cu-Cu distribution is reported as scaled down by a factor
of 3, meaning that the liquid structure of water is always markedly less ordered than
a solid phase. For both surfaces there is a clear correlation between the peak position

Fig. 5.6 In-plane ordering of water at the PZC for Cu (111) and Cu (100): (a-b) In-plane
radial distribution function (RDF) for the O-O couple for the different interfacial regions.
The corresponding Cu-Cu distribution for surface atoms is scaled down by a factor of 3.
(c-d) Time-averaged in-plane spatial distribution for oxygen in region I. These maps provide
information on the preferential sites of water and do not show the instantaneous adsorption
pattern.

of the O-O RDF in region I and the Cu-Cu one, revealing an influence of the ordering
of the surface on the spatial distribution of O atoms. This regular peak sequence in
O-RDF is preserved also at long distances. Since at low coverage the preferential
adsorption site is in the top one (cf. Appendix C.2), this correlation between O and
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Cu periodicity suggests that water molecules are preferentially chemisorbed on the
top Cu site also in our dynamic picture with explicit solvent. We will prove more
rigorously this thesis in the following. Despite the regular profile, the O-O RDF in
region I is relevantly smoother than the Cu one, proving that the water structure, even
if more ordered than bulk water, is different from a highly ordered ice-like phase.
Furthermore, the widely accepted theory of the "ice-like bilayer structure" [38] for
interfacial water is not supported by the RDF analysis in region II. The main peak of
the RDF in region II still inherits a correlation with the first RDF peak of region I, but
it is significantly smoother. This indicates that the second layer of water molecules is
less ordered than the first one, and they cannot be depicted as two layers with similar
properties within an ice-like bilayer. Additionally, the RDF profile in region II is
extremely smooth and almost coincides with the RDF of region III. Observe that,
aside from the first peak, there is no correlation between the profile in regions II and
III and the underlying periodicity of the surface: the bump in the RDF in regions II
and III at approximately 4 Å and the subsequent one at 6.5 Å are the same for both
surfaces, independent of the peak location in the Cu RDF.

The same periodicity of the peaks in the O RDF in region I and in the Cu RDF
suggests a preferential adsorption site for the chemisorbed molecules of region I. For
this reason, we also analyse the in-plane spatial distribution of O atoms of region
I over the surface sites (Figures 5.6c-d). Notice that these maps report the time-
averaged in-plane spatial distributions, providing information on the preferential
sites of water with respect to the underlying pattern of Cu surface atoms, and do not
show the instantaneous adsorption pattern. In region I, it is evident that O atoms tend
to interact mainly on the top site of Cu, following a hexagonal pattern for the (111)
and a square one for the (100). This is in agreement with experimental results that
identify the top atom as the preferential interaction site for water molecules on metal
FCC surfaces [166]. Considering the top Cu atom as the unique adsorption site, it is
possible to evaluate the number of water molecules that are chemisorbed at the same
time on the surface. We define the coverage θ of the adsorbed molecules in region I
as θ = nI

H2O / nCutop , where nI
H2O is the average number of water molecules in region

I and nCutop is the number of Cu top sites. The resulting coverage of water molecules
is 12.11 % and 16.13 % for the (111) and (100) surfaces, respectively. This means
that Cu top atoms are often not covered by a water molecule (differently from the
picture of an "ice-like bilayer structure"), but during the MD trajectory, each top
atom can become a site in which a molecule is adsorbed.



5.2 Copper/water properties at PZC 109

5.2.6 Evaluation of the PZC value

Considering that the value PZC of the potential of zero charge is a unique character-
istic that identifies an electrochemical interface and it is the result of different factors,
including the nature of the surface and the interaction between the surface and the
solvent molecules, we conclude this first section evaluating the value of the PZC.
Since the PZC value in simulations at constant charge is strongly influenced by
the specific atomistic configuration [3], here we employ the final ML-FF at the
PZC to generate a set of uncorrelated structures for both the surfaces in order to
have a representative ensemble over the whole interface behaviour. These sampled
configurations are then evaluated at the DFT level via the Double Reference Method
to determine the value of the electrode potential in the absence of extra charge (i.e.,
the PZC). Following this approach, we estimate the average PZC value to be about
-0.1 ÷ -0.2 V and -0.5 ÷ -0.6 V vs SHE, for the (111) and (100) surfaces, respec-
tively. Notice that this is an average value since a constant potential is not forced,
but the potential freely fluctuates to allow a zero surface charge. Although the PZC
value varies across the different configurations, our average estimations are in very
good agreement with experimental observations. Several studies, based on distinct
experimental approaches, consistently indicate that the PZC is more positive for the
(111) surface than for the (100) surface, and they report a difference of approximately
0.34 V between the two values [167, 168], in line with our predictions. Notably
relevant is also the comparison with the results presented in Ref. [33]. In that work,
the authors determine the potential of zero free charge (pzfc). This quantity generally
differs from the potential of zero charge, also referred to as the potential of zero total
charge (pztc), because the former accounts only for the surface charge, i.e., the actual
electronic charge on the electrode, whereas the latter also includes the contribution
from adsorbed species. In our situation, where no surface adsorbates are present, the
total and free charges are identical; thus, the pzfc value can also be used to evaluate
the PZC. By extrapolating the data reported in Ref. [33] from alkaline conditions to
pH 7, we obtain a PZC value for Cu (111) of approximately -0.202 V vs SHE, which
again agrees with our findings.
Aside from the experimental comparison, from an atomistic point of view, the more
negative value of PZC for the (100) surface can be rationalised in terms of the
influence of the dipole of water in proximity to the surface. Ref. [169] identifies the
primary role of water molecules of region I in lowering the work function of the
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interface, making the value of PZC more negative. Considering the higher density in
region I for the (100) surface, the higher number of chemisorbed molecules has a
larger role in lowering the PZC in the (100) vs the (111) system. To verify the effects
of the different water structures on the electrode potential, namely, the work function,
we evaluate the average surface charge density on the two surfaces at the PZC. For
this reason, the charge on the electrode is computed at the ab initio level following a
specific charge partition scheme. Notice that the accumulation of surface charge on
the metal electrode is also due to the effect of the water molecule dipoles. For this
reason we need to partition the charge density and assign the charge to the different
atoms following a scheme that is able to properly reproduce the effects of water
dipoles and be consistent with the electrostatic potential. Among the different charge
partition schemes, we assign the charge to the different atoms following the DDEC6
(density-derived electrostatic and chemical) scheme proposed in Ref. [170, 171].
Integrating the charge on the Cu atoms of the two topmost surface atomic layers of
the slab and averaging over the different configurations generated by the ML-FFs,
we get the average surface charge densities reported in Table 5.3. We observe that the
(100) surface can host a more negative surface charge compared to the (111) surface.
An increased accumulation of electrons at the surface raises the Fermi level, thereby
decreasing the work function and shifting the PZC toward more negative values. This
behaviour confirms that the different screening characteristics of the interfacial water
structure modulate the surface charge, lowering the PZC of the (100) facet relative
to the (111) one. We also attempted to quantify the surface charge density using the
commonly employed Bader charge partitioning schemes [172, 173]. However, these
approaches proved inadequate for reproducing the expected correlation between
surface charge and PZC, as they incorrectly predict a more positive surface charge
for the (100) surface.

Even if the surface charge is evaluated at the ab initio level and the ML-FFs are
employed exclusively to generate uncorrelated structures, a potential future extension

Surface (111) (100)

DDEC6 partition -2.21 -3.19
Bader partition +1.04 +2.14

Table 5.3 Comparison of the average surface charge density [µC/cm2] for the Cu (111) and
Cu (100) surfaces at the PZC obtained with different charge partition schemes.
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of TRECI could involve the development of an ML model capable of predicting
atomic charges based on an ab initio reference dataset. Within this framework, the
scalability and data efficiency of TRECI would also be advantageous for enabling the
construction of a charge dataset computed with the more computationally demanding
DDEC6 partitioning scheme, rather than relying on the cheaper Bader approach.

5.3 Copper/water properties at constant potential

The structural and dynamical properties of interfacial water for Cu (111) and Cu
(100), which are studied at PZC in Section 5.2, are now analysed when the system
is subjected to a more negative (reducing) potential U than the potential of zero
charge. Even though the two surfaces exhibit different PZC values, with the (100)
surface being more negative, we use the same range of applied potentials for both
cases, bearing in mind that the PZC of the (100) surface lies closer to the investigated
applied bias window [-0.5 ÷ -2.0 V vs SHE].

5.3.1 Water density profile

Firstly, the density profiles of interfacial water (Figure 5.7a-b), and their decom-
position in oxygen (Figure 5.7c-d) and hydrogen (Figure 5.7e-f) contributions are
analysed at various values of external electric potential. The same profiles computed
at PZC are also reported for reference. The notation for labelling the interfacial
regions (i.e., I, II, and III) used earlier is also applied in this section.

The first evidence that it is possible to notice are the variations of the profile
for the low potential cases with respect to the PZC: while the PZC line is well
distinguishable from the U = -0.5 V case for the Cu (111) surface, the two profiles
almost overlap for the (100) case. These results further confirm the correctness of
our estimation of the PZC: it is more negative for the (100) surface with respect to
the (111) one, and it is very close to -0.5 V vs SHE. The other evident signature of
the applied potential is the variation in the magnitude of the water peak density in
regions I and II (Figure 5.7). The density of peak I drastically decreases at increasing
negative potentials, and it almost disappears below a threshold potential, Uth: for
the (111), Uth is between -1.0 and -1.25 V vs SHE, while it is in the range -1.25
÷ -1.5 V vs SHE for the (100) case. Notice that common AIMD studies often
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Fig. 5.7 Interfacial water density profile for Cu (111) (left) and (100) (right) surfaces at
different values of potential as a function of the distance from the Cu surface (placed at zsurf):
total density (a-b), oxygen (c-d) and hydrogen contributions (e-f); (g) summary of the O
peak density in the interfacial regions vs the potential. Arrows emphasise trends moving
towards more negative potentials
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struggle with a precise identification of this threshold potential, mainly due to the
complexity of considering, at the same time, more values of applied potential to get
a fine discretisation of the potential window. On the contrary, the flexibility of the
TRECI scheme to develop models in parallel for different applied bias cases allows
tracking more closely the condition for which the first peak is suppressed. A more
detailed analysis, focusing only on the oxygen role (Figures 5.7c-d and g), reveals
that the O contribution in region I is completely suppressed for U < Uth: there are no
more H2O molecules in region I, and the residual contribution to the total density
in region I is associated with hydrogens of region II molecules. This observation
allows for a better interpretation of the different values of Uth in the two surfaces.
Being the (100) system a less-densely packed surface with more water molecules
interacting with the surface at the PZC, a larger external perturbation (i.e., a more
negative potential value) is required to completely suppress the chemical interaction
between the molecules of region I and the surface.
The application of the bias also causes the density in peak II to increase up to a
value 4.5 times larger than the bulk water one in the considered range of potentials
(Figure 5.2g). The increase of the magnitude of the second peak is similar for
both surfaces, with the density for the (111) case always slightly larger than the
corresponding (100) condition.
This phenomenon of modulations in the peak intensity under the application of
an external potential was already predicted by atomistic simulations [67, 174] and
also observed experimentally [40, 42, 44] for other metallic surfaces, and it can be
rationalised considering the variations in the surface charge. At increasing negative
potentials, the electrode surface gets more and more negatively charged. This
alters the balance between the chemical (region I) and the electrostatic (region II)
interactions among the Cu surface atoms and the H2O molecules. The repulsion
between the negative surface and the partially negative O atoms in region I becomes
predominant over the dative Cu · · · O interaction, suppressing peak I. Whereas the
negative surface charge enhances the electrostatic interaction with the H atoms of
region II, resulting in a boost of peak II. The novelty of this study with respect to
the reported results via AIMD approaches or experimental findings is the possibility
of tracking, in an almost continuous way, this evolution of the density profile over
a wide potential window and with a high signal-to-noise ratio not achievable with
previous approaches.
The achievable level of detail allows one to capture a more complex scenario with
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two newly identified elements for both surfaces: an evident transition in region I-II
at Uth and a more complex behaviour of region III. As soon as peak I disappears,
at U < Uth, there is an abrupt increase in the O density in region II, sharpening the
peak. At the same time, this transition has also consequences in region III. Here,
the O density is almost unperturbed at low voltages (Figure 5.7g), but peak III tends
to increase at higher negative values. The bias influences not only the height of
the peak but also its position: peak III tends to shift closer to the surface at more
negative U (∆zpeak ≈ 0.2÷0.3 Å at U = −2.00 V for both surfaces). To the best
of our knowledge, the effects of the applied potential in region III have never been
discussed before. Indeed, this region and the complete transition to the water bulk
are commonly not accessible via AIMD due to the computational cost of considering
water layers thicker than 6 ÷ 8 Å.

5.3.2 Water molecule orientation

To better catch the variations in the water structure discussed in the previous section,
it is possible to analyse the dipole β and O-H-bond γ angle distributions (Figure 5.8)
at varying potentials. The geometrical definitions for the β and γ angles are the same
as reported in Figure 5.3. For the sake of simplicity, the angle distributions are only
reported for U = -0.75, -1.25 and -1.75 V vs SHE (Figure 5.8) and only for the (111)
surface. The behaviour for the (100) case is similar, aside from a shift of about 0.25
V in the trend due to a more negative Uth for this surface.

At low potentials (U > Uth), the dipole and the O-H-bond angle distributions in
region I are similar to the PZC case (H2O dipole pointing away from the surface and
both H atoms almost at the same height, see Figure 5.8d). However, this contribution
is progressively suppressed as the peak I is vanishing at more negative potentials.
Whereas the contributions of molecules with β > 90° (dipole pointing towards the
surface) in region II become more and more evident at negative potentials. Similarly
to the PZC, there are still few molecules with dipoles pointing away from the surface
in region II at low potentials (see configuration in Figure 5.8d, region II-bis), but
these contributions disappear at more negative potentials. Indeed, for U < Uth,
the β distribution is centred at 120°÷140°, while the γ distribution is peaked at
80°÷110° (O-H-bond parallel to the surface and its H atom interacting with other
water molecules within region II) and at 140°÷170° (O-H-bond almost perpendicular
to the surface). This orientation is weakly dependent on the applied potential value:
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Fig. 5.8 Colour maps for the distributions of the β dipole and γ O-H-bond angle at -0.75 (a),
-1.25 (b) and -1.75 (c) V vs SHE for the Cu (111) surface. The vertical dashed lines identify
the limits of the different regions. Frames of the MD trajectory in which specific molecules
are emphasised to show the water orientation: (d) configuration of molecules in region I,
region II and between region II and III (“region II-b") at low potentials; (e) configuration
in region II, in region III close to region II (“region III”) and in the middle of region III
(“Region III-b”) at high negative potentials. O and H atoms of emphasised molecules are
depicted in red and white, respectively.

the peak of the β distribution only slightly shifts at higher angles at more negative
potentials due to a stronger electrostatic interaction between hydrogens and the
surface atoms. These variations are associated with a mechanism of dipole flipping,
and they are compatible with the picture of the modifications in the O but also in the
H density profile (Figures 5.7e-f). When there is the first O peak, H atoms of peak I
and peak II are spatially overlapped in the separation area between regions I and II.
These atoms contribute to the main peak in the H density at about 2.7 Å far from the
surface. This peak progressively disappears at increasing negative potentials, and
when the signal of chemisorbed molecules fades and the physisorbed molecule one
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intensifies, the dual behaviour of H atoms of region II becomes evident. A distinct
peak emerges at around 2.4 Å, indicating H within an O-H bond perpendicular to the
surface, along with a broader peak at 3.2 to 3.5 Å representing H in an O-H bond
parallel to the surface (see Figure 5.8e-region II to better visualise this orientation).
Interestingly, we notice for the first time that the effects of high, negative potentials
also have impacts on the orientation of water in region III. If there is no clearly
predominant dipole direction at low potentials, it becomes more evident that there
are at least two water orientations in region III at U < Uth. The dipole angle is about
160°÷ 180°, while a single spot for γ is about 110°÷ 130° in region III in proximity
to the edge with region II. These contributions are associated with water molecules
with the dipole perpendicular and pointing towards the surface. Both hydrogen
atoms are almost at the same height (single spot for γ) and are interacting with O of
region II. This orientation can be visualised in the MD frame of Figure 5.8e, where
this orientation is identified as “region III”. These effects are also visible in the H
profile with a peak at about 4.75 Å far from the surface. On the contrary, the β

and γ distributions in the middle of region III are more similar to the region II ones.
An O-H bond is perpendicular to the surface (γ at 140° ÷ 170°) and the other one
is almost parallel to it (γ at 70° ÷ 100°), as emphasised in Figure 5.8e, with the
label “region III-b”. The resulting dipole is not exactly perpendicular to the surface
(differently from region III close to region II) but β is peaked at 110° ÷ 150°.
We emphasise once more that these findings in region III cannot be obtained through
conventional AIMD; however, they could play a crucial role in surface reactivity.
At considerably negative potentials, molecules that interact on the surface (region
II) are not directly in contact with an area resembling bulk water; rather, they can
migrate in a zone that retains partial structural organisation (region III).

5.3.3 Hydrogen bond analysis

Similarly to the PZC case, the analysis of the H-bond number per molecule can
provide additional insights on the structure of interfacial water and on the rigidity of
the H-bond network at applied potential. Relying on the same geometrical definition
of H-bond of Figure 5.4, Figures 5.9a,c,e show the average number of hydrogen
bonds as a function of the distance from the surface and at different applied poten-
tials. The picture at low potentials (U > Uth) is similar to the PZC condition since
there is always the co-presence of chemisorbed and physisorbed molecules at the
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Fig. 5.9 Spatial profile of the average number of H-bonds per molecule for the (111) surface
(left column) and the number of H-bonds averaged on block regions for the (111) and (100)
surfaces (right column) at different applied potentials: (a-b) number of donor O atoms, (c-d)
acceptor O atoms, and (e-f) total number of H-bonds. The distance of the molecules from
the surface plane (zsurf) is evaluated considering the O atom position.

interface. Region I (O pointing towards the surface) is characterised by almost the
maximum number of donor O atoms and no acceptor oxygens. On the contrary, the
number of donor oxygens drops to 1, and the acceptor one increases in region II. At
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more negative potentials (U < Uth) the trends in region II become even clearer. The
average number of donor oxygens is progressively smaller than 1 (i.e., molecules in
region II employ the H atoms to interact more with the surface rather than with other
molecules). Whereas the acceptor number progressively increases up to reaching
values larger than the water bulk condition (i.e., water molecules in region II receive
many H-bond interactions from molecules of region III). Interestingly, the H-bond
analysis also shows the effect of high negative potentials in the H-bond network in
region III. Different from the low potential cases where region III has a network
similar to the water bulk, both donor and acceptor numbers are higher than the bulk
ones at U < Uth, proving a more structured condition also in region III.
To more clearly elucidate the differences in the H-bond networks at the two surfaces,
we additionally report the number of H-bonds per water molecule, averaged sepa-
rately over regions I, II, and III (Figures 5.9b,d,f). The overall trends are comparable
for the (111) and (100) surfaces. In region I, the density of donor molecules is
slightly higher than in bulk water, whereas the number of acceptor molecules re-
mains low at small applied potentials. In region II, by contrast, the number of donor
molecules generally decreases, while the number of acceptors increases at negative
potentials. Nonetheless, owing to a more negative Uth, the (100) surface consistently
exhibits a larger number of donors and a slightly smaller number of acceptors than
the (111) surface at the same negative potential. Overall, within the potential window
from -1.0 to -1.5 V vs SHE, i.e., between the two distinct Uth values of the two
surfaces, the (100) interface has a higher total number of H-bonds. This finding
is particularly significant in view of the key role played by the interfacial H-bond
network in modulating surface reactivity, especially considering that the differences
between the two systems emerge within a potential range commonly employed in
electrocatalysis.

5.3.4 Water vibrational density of states

The analysis of the VDOS spectra of H atoms in water, alongside the previous
section on the H-bond number, allows for a clearer identification of the features
of the H-bond network at applied potential. For example, the relative strength of
the H-bonds vs the O-H covalent bonds in water is correlated to O-H stretching
vibration modes [159]. As emphasised with the black arrow in Figure 5.10b, the O-H
stretching band in region II visibly red-shifts at negative potentials. This shift is the
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typical signature of the weakening of the O-H covalent bond due to stronger H-bonds,
and it is consistent with the bond critical point analysis (Section 5.3.5). In addition to
the red-shift of this peak in region II, we also observe a flattening and broadening of
the O-H stretching band. This is in agreement with experimental results: in strongly
hydrogen-bonded networks, the conventional distinction between symmetric and
asymmetric stretching modes is no longer applicable, and the stretching spectrum is
more appropriately described in terms of two individual O–H oscillators [165, 175].
This might explain why the O-H stretching band at U = -2.00 V does not have a
peaked profile but rather a quite flat apex resulting from the convolution of two O-H
oscillator peaks with similar intensity.
If the stretching band reflects the strength of H-bonds through the relative motion
of oxygen and hydrogen atoms along the covalent bond axis, the libration modes
capture the restricted rotational motion of water molecules caused by H-bonding
interactions [163]. As emphasised by the red arrows in Figure 5.10a-b, the libration
band in regions I and II is altered by the applied bias. The shift at lower energies in
region I is proof that molecules can more easily rotate in region I due to the weaker
Cu-O interaction. Whereas, in region II, the high-energy shoulder of the libration
band is more suppressed at increasing negative potentials. This red-shift can be
interpreted as the signature of a less restricted rotational motion at increasing negative
potentials due to a smaller number of H-bonds in region II (H atoms pointing towards
the surface are not involved in H-bonds with other molecules). The red-shifts of the
H-O-H peaks at negative potentials can also be rationalised in terms of a lower total
number of H-bonds, as visible in Figure 5.9f.

These discussed trends are valid for both the (111) and (100) surfaces. A more
detailed comparison (Figure 5.10c) can further highlight the difference of the H-bond
network between the two cases. At U = -1.25 V, i.e., at a potential lying between
the two distinct Uth values, the surface exhibits the greatest diversity in its behaviour.
In region II, the libration band of the (111) is more red-shifted with respect to the
(100) case, consistent with the lower number of H-bonds for the (111) observed
in Figure 5.9f. At the same time, the O-H stretching band at -1.25 V as well as
at -2.00 V is slightly more red-shifted for the (111) surface, suggesting a more
evident weakening of the O-H covalent bond in favour of the H-bond strength for
the closest-packed surface. Therefore, it can be concluded that the H-bond network
exhibits distinct responses to the applied potential on the two surfaces, with the most
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Fig. 5.10 VDOS spectra for hydrogen atoms in region I (a) and region II (b) of Cu (111)/H2O
interface at different applied potentials. (c) Comparison of the VDOS spectra for Cu (111)
and Cu (100) in region II at selected potentials. The spectra are obtained assuming the
deuterium mass for the H species.

pronounced differences occurring in the potential range from -1.00 V to -1.50 V, as
previously discussed in Section 5.3.3.
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5.3.5 Analysis of the bond strength via critical point analysis

The low computational cost of ML-potential-accelerated MD enables the gener-
ation of many uncorrelated structures that can be used to characterise, from the
statistical point of view, not only the structural and dynamical properties previously
discussed but also more subtle characteristics of the system, such as the strength of
the metal/water and H-bond interactions. We perform this bond strength analysis
in the framework of the “Quantum Theory of Atoms in Molecules” by Bader [172],
considering the electron density of the bond critical points (BCPs). This quantity
has been proved to be a good proxy for the strength of the bonds, above all for
the hydrogen bond interactions [176, 177]. In this context, we selected a set of
configurations generated by the ML potentials at PZC and at -2.00 V, where we
performed a DFT-based analysis of the charge density to determine the BCPs using
the Critic2 program [178]. The results of the BCP analysis on the Cu (111) are
reported in Figure 5.11 at the PZC (a) and at U = -2.0 V (b). The line of points with
a density of about 0.3 ÷ 0.4 a.u. is associated with the BCPs of the O-H covalent
bonds. The underlying points with a density smaller than 0.1 a.u. are related to the
intermolecular H-bonds and metal/water interactions. Focusing on the interactions
in the interfacial region at PZC (Figure 5.11a), the BCPs with a density smaller than
0.1 a.u. and at a distance from the surface smaller than 2 Å are associated with
interactions between the H2O molecules and the metal surface, including both the
Cu· · ·O and the Cu· · ·H interactions. The BCPs closer to the surface are associated
with the Cu· · ·O bonds, while the others are for the Cu· · ·H cases. These two types
of interactions can be distinguished by the magnitude of the density in the BCPs:
the electron densities in the BCPs associated with the O atoms interacting with
the surface (peak I) are approximately 0.5÷1 orders of magnitude bigger than the
BCP density of the H atoms pointing towards the surface (region II). This proves
the different strengths of the metal/water interaction of regions I and II, justifying
the previous classification (chemisorbed molecules in region I vs physisorbed ones
in region II). Nevertheless, the electron density at the Cu· · ·O bond critical point
remains lower than that at the O–H bond critical point and only marginally higher
than that associated with the H-bonds. This means that the Cu· · ·O interaction in
region I has a strength that is intermediate between the intramolecular O-H covalent
bond and the intermolecular H-bond.
Our BCP analysis also reveals how the Cu/H2O interaction changes due to the ap-
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Case Region I Region II Region III

PZC 0.3496 0.3511 0.3529
U = -2.00 V 0.3519 0.3541

Fig. 5.11 Analysis of the electron density in the BCPs as a function of the distance from
the Cu surface (placed at zsurf) at PZC (a) and at U = -2.00 V vs SHE (b). Spatial profile of
the average density in the BCPs, considering only the intermolecular and the metal/water
interactions at the PZC (c) and at U = -2.00 V vs SHE (d). The vertical dashed lines identify
the limits of the different regions. Table: average density in the BCPs associated with the
O-H covalent bonds in the different regions.

plied potential. At U = -2.00 V (Figure 5.11b), the density of the BCPs associated
with the Cu/H2O interaction markedly drops. A lower BCP density (i.e., a weaker
Cu/H2O interaction) at the interface is compatible with an exclusively electrostatic
interaction between Cu and H, proving a more hydrophobic behaviour of the surface
at negative potentials. Finally, the BCP analysis also provides interesting insight
not only on the Cu/H2O interaction, but also on the intramolecular and H-bonds
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within the water region, evidencing the effects of the surface and of the applied
potential. Indeed, the presence of the surface also alters the strength of the O-H
covalent bonds (cf. Table 5.11): the average density in the BCPs of the covalent
bonds tends to decrease close to the interface. This occurs at PZC and more evidently
at U = -2.00 V. This implies that the O-H covalent bond is weakened at the interface,
above all when a high negative potential is applied. These results are consistent with
the analysis of the shifts in the VDOS peaks (red-shift of the stretching modes), as
reported previously. At the same time, as also discussed in the VDOS sections, the
weakening of the O-H covalent bonds is coupled with an increasing H-bond strength.
The profile of the average BCP density (Figures 5.11c-d) also shows this: the density
of the H-bond BCPs increases between regions I and II at the PZC and between
regions II and III at U = -2.00 V, i.e., for the H-bonds between molecules directly
interacting with the surface and the other ones that are a bit further away.
It is relevant to stress that all the conclusions about the BCP analysis are derived
considering the wide statistics enabled by the uncorrelated configurations generated
via ML-FFs. The reduced range of variations between the density of the interfacial
regions and the bulk part, together with the large statistical variation due to thermal
fluctuations, can easily hinder trends in a standard AIMD approach. To the best
of our knowledge, our results are one of the first analyses of the BCPs in the MD
framework for complex heterogeneous systems such as electrochemical interfaces.

5.3.6 Ordering of the interfacial water structure

Finally, similarly to Section 5.2.5, we evaluate the impact of the different surfaces and
of the applied potential on the ordering of interfacial water, considering the in-plane
radial distribution function of the oxygen atoms in the different regions (Figure 5.12).
Region I remains the only region that exhibits pronounced, well-defined peaks in the
RDF profiles, even at larger distances, with a clear correspondence to the sequence of
peaks observed in the RDF of the surface atoms. It is worth noting that, for region I,
the positions of the various RDF peaks, irrespective of the applied potential, change
with the nature of the surface and follow the periodicity of the underlying surface
lattice. This behaviour provides clear evidence that the structural ordering in region
I is governed by the surface atomic pattern, since, in both cases, the chemisorbed
molecules predominantly occupy the top sites of the lattice. Consequently, it is
possible to quantify the coverage of water molecules associated with the top sites,
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Fig. 5.12 In-plane radial distribution function (RDF) for oxygen species at applied potential
for Cu (111) (left) and Cu (100) (right): (a-b) region I, (c-d) region II, (e-f) region III. The
corresponding Cu-Cu distribution for surface atoms is scaled down by a factor of 3. (g)
Coverage of H2O molecules on the top Cu sites in region I.
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as shown in Figure 5.12g. Interestingly, we observe that while surface coverage
decreases (i.e., at negative potentials), the intensity of the first peak of the RDF
in region I does not follow a monotonic trend. Indeed, it reaches a maximum at
-0.50 ÷ -0.75 V and -1.00 V vs SHE for the (111) and (100) surfaces, respectively,
before decreasing, getting closer to the corresponding Uth. For both surfaces, this
occurs at a low coverage, around 9 ÷ 6 %. Notice it is challenging to detect this
clustering behaviour of water molecules at low coverage in systems of the size
typically accessible to AIMD because such coverages usually involve fewer than
1–2 chemisorbed molecules. On the contrary, on the system size achievable with
ML-FFs (see more details in Section 5.1), these low coverages still correspond to
4-6 adsorbed molecules. The ordering tendency of water molecules in region I
progressively disappears in region II and, above all, in region III. In these cases, the
profiles of the RDF between the two surfaces are very similar and smooth and do
not correlate with the periodicity of the RDF peaks of the surface. In this sense the
structure of water is no longer influenced by the surface pattern. Aside from the
modulation of the intensity of the peak in the RDF, the main effect of the applied
potential on these profiles is the position of the peaks in region II. At U < Uth, the
first peak of the RDF tends to slightly shift at higher distances, while the second
one moves from about 4.5 Å to 6 Å. The increase in the in-plane O–O separation is
consistent with the narrowing of the peak of the H2O density in region II at negative
potentials (Figure 5.7). As the vertical distribution of water molecules becomes more
localised, reflected by the reduced width of the peak of the density in region II, the
O atoms preferentially remain within a more well-defined plane. This enhanced
confinement in the direction normal to the surface leads to a corresponding increase
in their lateral spacing, which manifests as a larger in-plane separation between
neighbouring water molecules.

5.4 Conclusion

In this chapter, we have fully leveraged the capabilities of the TRECI workflow to
develop ML-FFs for electrochemical interfaces, performing ML-accelerated molecu-
lar dynamics simulations to characterise the properties of copper/water interfaces
under electrochemical conditions. Our analysis focused on two application-relevant
surfaces, the close-packed (111) and the less densely packed (100) surfaces, and
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compared their interfacial behaviour at the potential of zero charge (PZC) and under
applied negative potentials spanning -0.5 to -2.0 V vs SHE. We emphasise that the
results reported in this chapter are obtained using ML-FFs that do not incorporate any
explicit treatment of long-range interactions. This is not an oversight but a deliberate
choice: we have verified that the systems considered here, which do not contain ions,
are characterised by negligible interactions beyond the receptive field of our models.
A combined interpretation of the structural and dynamical features of the interfaces
reveals that the primary distinction between the two surfaces at the PZC originates
from the balance between chemisorbed molecules in the innermost solvation layer
(region I) and physisorbed molecules in region II. The (100) surface hosts a signif-
icantly larger number of chemisorbed water molecules in region I compared with
(111), which results in a lower PZC and strongly influences the response of the
system under constant potential conditions. For both surfaces, increasing negative
bias enhances the interaction between the surface and water molecules of region II,
while progressively suppressing the population of chemisorbed molecules in region
I. This suppression occurs below a threshold potential Uth, which differs for the
two facets: for (111), Uth lies between -1.0 and -1.25 V vs SHE, whereas for (100)
it is shifted to more negative values, approximately -1.25 to -1.5 V vs SHE. This
difference reflects the stronger chemical interaction of water with the less densely
packed (100) surface. As a consequence, there exists a potential range (≈ -1.0 to
-1.5 V vs SHE) where the two surfaces exhibit distinct interfacial behaviours, includ-
ing differences in preferential water dipole orientation, H-bond network structure,
and interaction strength, features that may ultimately contribute to their different
electrochemical reactivities. The reactivity of the surfaces for selected reaction steps
will be discussed in the next chapter.
Beyond the specific insights into Cu/H2O systems here analysed, this work high-
lights the significant advantages of ML-FF-accelerated simulations for studying
electrochemical systems. The extended spatial and temporal scales accessible with
ML-FFs enable revisiting extensively studied metal/water interfaces with unprece-
dented resolution, uncovering new phenomena, such as the emergence of structured
water in region III at negative potentials, which deviates from bulk-like behaviour,
and allowing property analyses (e.g., VDOS and bond-strength characterisation) with
a statistical accuracy that remains beyond the reach of standard AIMD. Moreover,
the scalability of the TRECI workflow makes it possible to generate ML-FFs across
a finely spaced set of potentials, facilitating the identification of potential-dependent
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transitions in interfacial structure and dynamics. In short, this chapter highlights
the power of ML-FFs generated through the TRECI scheme, enabling high-level
accuracy MD simulations able to provide a renewed and more comprehensive under-
standing of electrochemical interfaces.



Chapter 6

Electrochemical reaction steps
elucidated via ML-accelerated MD

The importance of characterising the nanoscale processes occurring at electrified
metal/water interfaces ultimately hinges on understanding the reactivity of these
systems for common redox reactions. This chapter is developed upon the results
reported in Chapter 5, where we studied the effects of applied reducing potentials on
the properties of low-index copper surfaces in contact with a water solvent. Here
we expand the picture, discussing the effects of the applied potential for selected
electrochemical reactions. As discussed in Chapter 1, copper-based electrocatalysts
are particularly appealing for their unique possibility of reducing CO2 not only
to simple C1 added-value products but, above all, to more complex C2 and C2+

species. While elucidating the whole reaction path for the CO2RR in multi-carbon
products is well beyond the aims of this chapter, here we focus on a reaction step
that is commonly regarded as the main limiting process for the production of C2

and C2+ species [19]: the CO dimerisation, i.e., the coupling of two *CO to form
a C-C bond that is at the basis of any multi-carbon compounds (cf. Section 1.2.3).
The analysis of the activation barriers for this step at different applied potentials is
performed, comparing the Cu (111) and Cu (100) surfaces to understand the different
reactivity of these interfaces (Section 6.2). In addition, we also consider the main side
reaction that commonly limits the energy efficiency of the CO2RR, i.e., the hydrogen
evolution reaction. As discussed in Section 1.2.2, the HER reaction proceeds through
a first proton transfer from the water solvent to the surface (Volmer step), followed by
the coupling of this *H adsorbate with another proton from the solution (Heyrovsky
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path) or one present on the surface as adsorbate (Tafel step). The elucidation of
the full HER reaction mechanism is dedicated to future works, and here we focus
on the main limiting step for HER. Its nature among the Volmer, Heyrovsky and
Tafel processes depends on the catalyst material and the pH conditions in which
the reaction occurs [18]. Commonly, the Volmer step is considered the limiting
process for HER on Cu materials due to the weak binding energy of hydrogen on this
electrocatalyst, making a proton transfer from the aqueous electrolyte to the surface
less favourable [18, 179]. This is particularly true in neutral or alkaline conditions
where the proton donor is a water molecule rather than a hydronium ion. For this
reason, we will discuss the activation barriers for the Volmer step for the HER in
Section 6.3. We consider this process in neutral/alkaline conditions since many
studies on the CO2RR avoid the use of acidic medium to minimise the competitive
HER reaction.
The primary objective of this chapter is twofold: first, to demonstrate how the TRECI
scheme presented in the previous chapters can be employed to construct ML-FFs
capable of accurately describing reactive processes; and second, to show the enabling
capability of high-accuracy, ML-accelerated MD simulations for the investigation of
electrochemical reactions. The findings reported in this chapter represent preliminary
results, and further investigation is ongoing to refine the ML framework and the
model while deepening the analysis of the reaction mechanisms.

6.1 Computational details

Before entering into the detailed analysis of the results of the reactions, we report
some key computational details for the developed ML-FF models and the performed
MD simulations coupled with enhanced sampling techniques for rare events (cf. also
Section 2.3).

6.1.1 Generation of the ML models

The ML-FFs models are developed following the TRECI strategy discussed in
Chapter 4, with computational details similar to the information reported in Chapter 5.
The main difference with respect to the previous approach employed to generate the
ML-FFs without reactive events is the use of different backbones for the Franken
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transfer learning strategy. As discussed in detail in Appendix B.3, the study of
the reaction presents new challenges for transfer learning. The general-purpose
descriptors based on MACE-MP0 (Franken-MP0), employed in the previous chapter,
result in being more inaccurate when dealing with molecular processes, such as the
reactions. At the same time, the biased MD simulations at constant applied potential
more frequently push the ML-FFs to sample regions of the PES not explored by
the PZC models, challenging the extrapolation capability of the domain-specific
PZC descriptors and increasing the amount of data required to ensure the stability of
Franken-PZC models. For this reason, to better bridge the performance gap between
Franken-MP0 and Franken-PZC, we employ in this chapter new general-purpose
descriptors built upon the Multi-Head model family (MACE-MH) that are more
accurate than MACE-MP0 for the reactions while preserving the same stability. More
considerations on models based upon the MACE-MH-0 (Franken-MH0), alongside
a comparative table with the ML-FFs presented in other chapters, are reported in
Appendix B.3. The results at constant applied bias reported in this chapter are
obtained via Franken-MH0, with 8192 RFs, while the corresponding PZC model is
trained from scratch with a MACE invariant architecture.

6.1.2 MD simulations with enhanced sampling techniques

The ML-FF models are employed in MD simulations with setups similar to the setting
discussed in Chapter 5. Specifically, the study of the reactions via MD requires
the use of enhanced sampling techniques to increase the probability of sampling
configurations belonging to different reagent and product basins as well as the TSs.
Here we follow the OPES strategy, as implemented in the Plumed package [180],
and presented in Section 2.3.5. During the active learning phase, the OPES-Explore
variant is employed (cf. Section 2.3.5) to quickly escape from the basins and more
easily collect configurations of the different basins, sampling the PES in a more
effective way to generate an exhaustive dataset. Multiple short MD runs with OPES-
Flooding (cf. Section 2.3.5) are also performed during the active learning phase to
selectively sample only configurations associated with TSs, following the example
of ref. [129]. Whereas final results are obtained with the OPES-METAD flavour to
address a more accurate estimation of the height of the activation barriers. Simple
but well-established geometrical CVs based on the relative distance of atoms will be
employed, as discussed in more detail in the following sections.
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The results reported here are obtained on a symmetrical double-sided slab (cf. the
geometry in Figure 5.1) with a lateral side of about 10 Å and a water region of about
10 Å per side for a total number of 50 ÷ 60 water molecules in a 20-Å-thick region.
A single couple of adsorbed hydrogen - hydroxide ion in solution or a single couple
of *CO are considered in each system, biasing the reactions on a single side of the
slab. To better preserve the symmetry between the two surface sides, we add an
*H or a *CO adsorbate on the opposite side of the slab. Further simulations will be
performed in larger systems, similarly to the size employed in Chapter 5 to eventually
rule out any finite-size-cell effects in the discussed results.

6.2 CO2RR: the CO dimerisation step

As anticipated in the introduction of this chapter, here we only focus on the rate-
limiting step for the conversion of the CO2 in C2 or C2+ products: the CO – CO
dimerisation step. We implicitly suppose the availability of *CO adsorbates on the
Cu surface; the full reaction path that results in the CO2 adsorption and dissociation
until the *CO formation will be addressed in future work.

6.2.1 CO diffusion

Before discussing the dimerisation process, we characterise the behaviour of *CO
adsorbates on Cu (111) and Cu (100) in order to identify the preferential adsorption
sites and their diffusion properties. For this reason, we performed MD simulations
coupled with OPES-enhanced sampling techniques to bias the diffusion of a single
*CO over the whole surface. The in-plane x-y coordinates of *CO are selected as
biasing CVs. The resulting free energy surfaces of a single *CO diffusing on the
two Cu surfaces at the PZC are reported in Figure 6.1. It is evident that, irrespective
of the specific surface termination, the most probable adsorption site is the hollow
one. This is in contrast with static DFT studies performed in a vacuum environment
that identify surface-termination-dependency for the preferential adsorption site on
these surfaces [181, 182]. This discrepancy highlights the importance of sampling
the finite-temperature free-energy landscape in the presence of the solvent: dynamic
fluctuations and adsorbate-solvent interactions can reshape the relative stability
of adsorption sites compared to zero-temperature, vacuum calculations. While
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Fig. 6.1 FES of a single CO adsorbed on Cu (111) (left column) and Cu (100) (right
column) surfaces at the PZC. In-plane x− y positions are reported scaled with respect to the
a−b lattice vectors. Black spots represent the average positions of the Cu surface atoms.
Diffusion barriers between main sites are reported along 1-D y-cut (c-d) and x-cut (e-f)
plots and averaging over equivalent cuts. The ’H’, ’B’ and ’T’ acronyms stand for ’hollow’,
’bridge’ and ’top’ sites, respectively. The energy reference is set in the minimum energy
basin.

these findings cannot be generalised to other terminations or electrocatalysts, they
emphasise the need to benchmark against solvent effects and interfacial dynamics
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to capture the realistic behaviour *CO. Regarding the other lattice sites, the CO
adsorptions on the top and the bridge ones in the (111) surface correspond to unstable
states since they are an absolute maximum and a saddle point in the FES, respectively.
The picture is different in the (100) case: even if the bridge and top sites are
not absolute energy minima, the flatness or small concavity of the FES at these
points suggests the possibility of observing the adsorption of CO also on these
sites. Aside from these stability considerations, it is also interesting to observe the
diffusion barriers for the *CO. For the (111) surface (Figures 6.1c-e), the diffusion
process between adjacent hollow sites through bridges is almost barrierless at room
temperature (diffusion barrier < 0.1 eV), while the transition from a hollow to a top
site requires 0.25 eV. Diffusion processes are even more barrier-less on the (100)
surface since the energy differences among all surface sites are always smaller than
0.1 eV. In light of these results, it is possible to draw a picture in which the *CO
are mainly in the hollow sites on the Cu (111) surface, with frequent transitions
between adjacent sites mainly through bridges. Whereas, in the (100) case, *CO
can diffuse across nearly all surface sites, with a non-negligible probability of
temporary adsorption at top or bridge sites. For both surfaces, these low diffusion
barriers facilitate the migration of *CO adsorbates that are independently generated
at different locations on the electrode, increasing the likelihood that two *CO species
encounter one another and thus promoting the conditions required for CO – CO
dimerisation.

6.2.2 CO dimerisation: activation barriers and insights

After discussing the characteristics of *CO adsorbates, we exploit the ML-FFs
developed via TRECI to describe the CO – CO dimerisation step on the Cu (111)
as well as on the Cu (100) surface. In this case the process is simulated via two
*CO placed on the same side of the Cu slab and biasing the dimerisation process via
OPES-enhanced sampling. The C-C distance of the two adsorbates is employed as
geometrical CV for the bias potential. To restrict the configurational space sampled
during the biased simulation, an upper bound of 4 Å is imposed on this CV to
prevent the two *CO species from excessively separating from one another. This
distance is larger than the separation between two adjacent hollow sites on both
surfaces, allowing a full reconstruction of the incoming motion of the adsorbates.
The resulting activation barriers for the process on the two surfaces at different
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applied potentials, alongside some representative snapshots of the dimer formation
along the reaction path, are reported in Figure 6.2. The main difference in the
dimerisation process between the surfaces, regardless of the applied potential value,
is the range of the activation barrier for the formation of the dimer. In the analysed
cases, these are always larger than 0.9 eV for the (111) surface, while they are lower
than 0.8 eV for the (100) case. A preferential dimerisation on the Cu (100) surface
relative to the Cu (111) case has been consistently reported in both experimental
and computational studies [19, 183, 184]. Our analysis further clarifies this result,
providing a clear picture of the condition in which the *OCCO TSs are formed. As
visible in Figure 6.2e, the geometrical centre of the C-C dimer in the TSs can be
in a hollow as well as in a bridge site on the Cu (111). This is also visible in the
snapshot in Figure 6.2c, where it is evident that a hollow site cannot host both *CO
species, and one is partially in a hollow site, while the other is on a bridge. The
result of this triangular geometry of the hollow site is a distorted and highly unstable
configuration in which two *CO are not face-to-face, preventing effective dimer
formation. In general, the product of the dimerisation on the Cu (111) is also a
high-energy configuration with respect to two independent *CO adsorbates, since the
dimer is always partially hosted between hollow and bridge sites. On the contrary,
the squared lattice geometry of the (100) case favours the formation of the *OCCO
TSs. As visible in Figure 6.2f, the centre of the C-C couple during the TSs is always
within a unique hollow site. The two *CO species passing from the bridge sites reach
the same hollow site, where they face one another at the same height, resulting in
an optimal C-C coupling condition. The final dimer is also fully hosted in a unique
hollow site, stabilising the product species and increasing the lifetime of this state.
Indeed, the reverse barriers of the dimerisation (i.e., the barriers that prevent the
dimer from breaking and generating two independent *CO) are relevantly higher for
the (100) surface, while they are almost absent for the (111) case, above all at low
potentials. High reverse barriers are important since they increase the lifetime of the
dimer, allowing it to undergo further reaction steps to produce C2 and C2+ species.
In this framework the low or absent reverse barriers for the Cu (111) further explain
the scarcity of C2 products that can be obtained on this surface.
Even if the activation barriers for the Cu (100) are lower than the corresponding one
on the Cu (111), we observe that they are systematically higher than the common
values reported in ab initio studies based on static DFT calculations [185, 186]. A
systematic investigation comprising a detailed comparison of the influence of the
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Fig. 6.2 CO – CO dimerisation step on Cu (111) (left column) and Cu (100) (right column)
surfaces. (a-b) Activation barriers at different applied potentials vs the C-C distance CV. (c-d)
Representative MD snapshots along the reaction path, depicting (from left to right) product,
transition, and reactant states. Water molecules are omitted for visual clarity. (e-f) Mapping
of the geometrical centre of the dimer on the surface lattice. Contributions of configurations
with a C-C distance value in an interval (identified by the red ticks on the colour bars) around
the TSs are only reported. The coordinates are scaled by the in-plane a−b lattice vectors.
Black spots are the averaged positions of the Cu surface atoms. (g-h) Sum of the Bader
charge of both adsorbates vs the C-C distance. Red vertical lines represent the location of
the TSs. The results of panels c-h are reported only for the PZC as representative of all the
other cases.
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various exchange–correlation functionals, solvent models, electrification schemes,
and static vs dynamic methodologies employed across the different studies would be
required to clearly identify the origin of the discrepancies between our results and
those reported in the literature. Such an analysis, however, lies beyond the scope
of the present thesis. At this level we also point out that static DFT approaches
commonly evaluate the dimerisation barrier with respect to an initial state where the
two *CO adsorbates are face-to-face on bridge sites. Even if we observe the *CO
species reaching the hollow site for the dimer formation passing through the bridges
(Figure 6.2d), we allow the *CO adsorbates to more freely move on the surface,
identifying two *CO in adjacent hollow sites (or even at higher distances) as species
of the reagent basin. This difference in the identification of the reagent states is a
further element to be considered to explain the different heights of the barriers.
Focusing on the dependence of the activation barriers with respect to the applied
potential, they are extremely high at low potentials (U ≥−1.25 V vs SHE) for the
(111) surface. Only at highly negative potentials (U < −1.5 V), the barriers start
to visibly decrease and the dimer is stabilised. Nonetheless, the activation energy
for the process on the Cu (111) remains high (≈ 0.9÷1.0 eV). As discussed in the
following Section 6.3.2, the Volmer barriers for the HER are largely decreased in
the same potential window, enhancing the competitive HER reaction with respect
to the CO dimerisation. The role of the applied potential is more convoluted for
the (100) surface. The primary effect of applying negative biases is the stabilisation
of the products, as evidenced by the reduction in the energy of the dimer basin,
which becomes thermodynamically comparable to the energy of two independent
*CO species. On the contrary, the applied potential does not relevantly reduce the
activation barriers; they only tend to slightly decrease at negative bias without any
abrupt variations. To better identify why the dimer basin is largely stabilised by
the applied potential, while the TSs, and consequently the height of the barriers,
are minimally influenced by the extra surface charge, we perform a Bader analysis
evaluating the sum of the atomic charges of both *CO species along the reaction path
(Figures 6.2g-h). For both surfaces, the atomic charges of the adsorbates in proximity
of the TSs (indicated by red vertical lines) are comparable to those of two isolated
*CO species. In contrast, the *OCCO adsorbate begins to accumulate additional
negative charge in the product basins, as the C–C distance decreases below that at
the TSs, until acquiring nearly one extra electron. This can explain the different
responses of products and TSs to the applied potential: the accumulation of negative
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surface charge induced by the potentials stabilises the dimer products since their
formation requires the transfer of one electron from the surface to the adsorbates.
On the contrary, the TSs do not acquire extra electrons, resulting in being minimally
influenced by the different charge available on the surface.
To further understand the process of dimerisation, we performed a more detailed
analysis of the properties of the adsorbates along the reaction path at the different
applied potentials (Figure 6.3). As the two *CO get closer, the C-O bond is no
longer perpendicular to the surface, but it starts to be laterally tilted, as reported
in Figure 6.3a-b. When the C-C distance decreases below about 2.5 Å, the C-
O bond angle, measured with respect to the vector perpendicular to the surface,
tends to rapidly increase to enhance the C-C interaction while maximising the O-
O separation. This trend is valid for both surfaces and for all applied potentials;
nonetheless, the tilting is more marked for the (111) surface as a consequence of
the distorted configuration where the C atoms of the dimer are between the hollow
and bridge sites. The trends associated with the C-O bond lengths are even more
interesting: the formation of the C-C bond results in a weakening of the C-O bond.
This is clearly visible in Figure 6.3c-d where the C-O bond is progressively more
elongated as the C-C distance decreases. This elongation is larger in the (100) case,
consistently with a stronger and more stable dimer on this surface. Notably, the
applied potential has an important effect on the C-O bond length. Negative applied
potentials weaken the C-O bond, resulting in a larger C-O distance and favouring the
C-C dimerisation. The correlation between the lowering of the activation barriers
and the elongation of the *CO adsorbates with the applied bias is markedly evident
on the (111) surface, where the decrease of the barriers between -1.25 V and -1.50
V vs SHE is coupled with a rigid shift over the C-O length along all reaction paths.
Notice that independent *CO adsorbates, before dimerisation, already present a
larger C-O bond length at highly negative potentials, confirming that the applied
potential already partially destabilises the *CO, resulting in more reactive adsorbates
for the C-C dimerisation. The weakening of the C-O bond is also the result of the
surrounding water molecule influence. We observe this effect by evaluating the
average number of H-bonds that each O atom of the *CO establishes with the solvent
molecules (Figures 6.3e-f). The same geometrical definition of H-bonds discussed
in ref. [157] and already employed in Chapter 5 is considered here. This analysis
clearly proves the importance of the H-bond network in stabilising the dimer: as the
C-C distance decreases, the number of H-bonds for each *CO increases, passing
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Fig. 6.3 Analysis of the *CO adsorbate properties on Cu (111) (left column) and Cu (100)
(right column) surfaces during the CO dimerisation at different applied potentials. (a-b)
average tilting of the *CO species measured as the angle between the C-O bond vector and
the vector perpendicular to the surface, (c-d) mean C-O bond length and (e-f) mean number
of H-bonds per *CO. Results are determined by averaging between the two *CO species.

from less than 1 for the independent adsorbates to more than 2 for the final dimer
product. Consistently with the variations of the C-O length, the highly negative
applied potentials also increase the number of H-bonds of the dimer as well as the
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single *CO species. The dipole flip of the H2O molecules with a dipole pointing
towards the surface, induced by the negative bias, facilitates the interaction of the
H atoms with the O of the *CO. Overall, a slightly higher number of H-bonds is
observed for the Cu (100) case, indicating that, on this surface, the adsorbates have
a slightly larger effective dipole moment, which enhances the hydrogen-bonding
network between the adsorbates and the surrounding water molecules. We stress that
these effects are visible only by explicitly including in the simulation the role of the
water molecules as well as of the applied potential, calling for approaches such as
TRECI able to include multiple physical elements in a unified atomistic picture.
Combining the different insights discussed in this section, we can summarise the
effects of the applied potential on this process in the following picture. The applied
bias, through the accumulation of negative surface charge, has a direct impact on
stabilising the final dimer product since it exists as a negatively charged species, but
it does not have a direct influence on the TSs since their charge is the same of two
independent *CO. Nonetheless, both the dimer and the TSs indirectly depend on
the applied potential through the action of the surrounding water molecules. The
water dipole flip induced by the applied potential increases the number of H-bonds
that can be established between the *CO and water molecules, weakening the C-O
bond and favouring the C-C formation. This partial stabilisation of the TSs resulting
from the dipole reorientation is more evident on the Cu (111) surface, where the
TSs are highly energetic and a more pronounced decrease of the activation barrier is
observed between −1.25 V and −1.50 V vs SHE.

6.3 HER: the Volmer step

For a more complete view of Cu electrochemical interfaces, we include in the picture
the presence of H adsorbates and the effects of water dissociation, focusing on the
Volmer step of HER.

6.3.1 H adatom diffusion

Prior to studying the Volmer step of the HER, we discuss the characteristics of *H
adsorbates, i.e., product species of the Volmer process. In this sense, we study the
behaviour of a single *H adatom on the Cu surface in order to identify the prefer-
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Fig. 6.4 FES of a single H adsorbed on a Cu (111) surface at the PZC. In-plane x− y
coordinates are reported scaled with respect to the a−b lattice vectors. Black spots represent
the average positions of the Cu surface atoms. Diffusion barriers between main sites are
reported along 1-D x-cut (b) and y-cut (c) plots and averaging over equivalent cuts. The ’H’,
’B’ and ’T’ acronyms stand for ’hollow’, ’bridge’ and ’top’ sites, respectively.

ential adsorption sites and the diffusion barriers among different surface sites. The
investigation of the adsorption of individual hydrogen adsorbates (i.e., under low
hydrogen coverage conditions) is consistent with the well-established evidence of
the weak binding of hydrogen on Cu surfaces, which makes the occurrence of high
hydrogen coverages highly unlikely [18, 179]. Consistent with the methodology
employed in the previous chapters, explicit solvent molecules are present above
the surface in order to accurately capture the varying interaction strengths of *H
adatoms at hollow sites relative to those at more exposed positions (e.g., top sites).
Enhanced-sampling MD simulations are performed to evaluate the diffusion barriers,
placing a single *H adsorbate and biasing its x-y in-plane coordinates to explore all
the sites of the surfaces. Figure 6.4a reports the free energy surface of the *H adatom
over the (111) surface at the PZC. It is evident that the most favourable sites for
hydrogen adsorption are the hollow ones, with no evident difference between fcc and
hcp hollow sites. This is in line with results reported for other FCC metals [67, 146]
at low H coverage, and it is confirmed by experimental evidence [187, 188]. More
interesting are the evident energy differences (≈ 0.57 eV, see Figure 6.4b-c) between
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the hollow and top sites, with the latter resulting unstable. We stress that previous
static DFT studies that do not account for the solvent role predict a smaller energy
difference between the two sites [189], proving the importance of properly account-
ing for the active water role as well as its dynamic effects to identify the correct
relative stability of the different adsorption sites.
While the hollow sites are by far the most stable ones, the energy difference between
the hollow and bridge is minimal (< 0.15 eV, see Figure 6.4b), resulting in diffusion
barriers between adjacent hollow sites through bridge ones being easily overcome
at room temperature. From this analysis, a scenario emerges in which *H adatoms
exhibit high mobility on the Cu (111) surface, diffusing readily between adjacent
hollow sites through bridge sites while only rarely occupying the top ones. The insta-
bility of *H on top sites at low coverage is an important element with consequences
for the Volmer step, as discussed in the following section.

6.3.2 Volmer step: activation barriers and insights

In the previous section we supposed a *H adatom was already present on the surface
without discussing the origin of this adsorbate. Here we address this point, focusing
on the reaction of proton transfer from a water molecule to the Cu surface:

H2O + e– + ∗ −−→ H* + OH–
(aq) (Volmer step)

The geometrical CV defined to enhance the sampling of the proton transfer process
is given by the relative difference between (i) the distance dOH between the trans-
ferring hydrogen atom and the oxygen atom of the donor water molecule and (ii)
the vertical distance dzH-surface between the hydrogen atom and the surface plane,
i.e., dOH − dzH-surface. A graphical representation of the distances involved in the
definition of this CV is reported in the lateral inset of Figure 6.5.
As visible in Figure 6.5, the free energy difference between the reagent and product

basins is evident at low potentials (U ≥−1.0 V vs SHE), with the adsorbed hydro-
gen atom less thermodynamically favourable. Nevertheless, the picture changes
at increasing negative surface charge: for U ≤ −1.5 V vs SHE, the product basin
progressively deepens, and at highly negative potentials, the *H adsorbates are in
the lowest energy state, and with high backward barriers, that makes the back recom-
bination to the water molecule unfeasible.
In addition to these thermodynamic considerations, the dependence of the activation
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Fig. 6.5 Free energy profile for the Volmer step of HER at different values of applied potential.
The left basin is associated with the reagents (undissociated water molecules on a clean
surface), while the right one is related to the products (*H adsorbate and a hydroxide ion in
solution). The lateral inset shows a sketch of the distances involved in the definition of the
biased geometrical CV.

barrier on the applied potential is more interesting. For U >−1.25 V, i.e., for poten-
tials more positive than the Uth value for the (111) surface, the barrier for the proton
transfer from the solvent to the surface is high (>1 eV) and, above all, independent
from the applied potential. In this condition the Volmer step and, consequently,
the full HER reaction are highly unfeasible, confirming that the Cu electrocatalyst,
above all in a neutral/alkaline environment (i.e., H2O as the proton donor), is not
an effective material for HER with respect to other noble metals such as Pt. This
picture starts to change when the peak of the region I of the solvent is suppressed
(U ≈Uth = -1.25 V vs SHE, cf. Section 5.3): here the barriers start to decrease as
the potential gets more and more negative. Nonetheless, more negative potentials
(-1.75 ÷ -2.0 V) are required to achieve lower barriers (0.6 ÷ 0.7 eV). Only in
these conditions it is reasonable to assume that the proton transfer from the solvent
toward the surface can be observed in typical operating conditions. This result is
in agreement with experimental evidence that identifies highly negative potentials
required to observe HER on Cu catalyst in alkaline conditions [22, 190]. Notice that
the activation barriers for the Volmer step are lower than the CO dimerisation ones
in this range of highly negative potentials (cf. Section 6.3.2), making more probable
the production of molecular hydrogen rather than C2 species on Cu (111).
Aside from this specific result for Cu (111) electrodes, it is interesting to investi-
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Fig. 6.6 Correlation between the β dipole angle distribution for the involved H2O, the
distance dzO-surface of the biased O atom and the biased CV (dOH −dzH-surface) at PZC (a),
U = -1.25 V (c) and -2.00 V (e). The inset shows the geometrical definition of the dipole
angle β . Scatter plots of the in-plane distribution of the transferred proton vs the biased CV
at PZC (b), U = -1.25 V (d) and -2.00 V (f). Contributions of configurations with a biased
CV value in an interval of ± 0.25 Å around the TSs are only reported. H coordinates are
scaled by the in-plane a−b lattice vectors. Black spots are the averaged positions of the Cu
(111) surface atoms. Correlation between the mean O-H distance (g), the mean H-surface
distance (h) and the biased CV for the different values of potential. The locations of the TSs
are identified with a marker.
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gate the correlation between the decrease of the Volmer activation barriers and the
characteristic of interfacial water discussed in Chapter 5, such as the suppression of
the first peak of the density. Figures 6.6a,c,e reproduce the H2O dipole distribution
and the distance of the biased O atoms along the reaction path at selected values of
applied potential. It is evident that the proton transfer occurs only when the H2O
molecule has a dipole vector pointing towards the surface (i.e., H atoms exposed
towards the surface, β angle > 90°), regardless of the value of applied potentials.
Hence, at PZC and low potentials (Figure 6.6a), the proton transfer requires having a
water molecule with a dipole pointing towards the surface and at 2 ÷ 2.25 Å from
the surface. This implies a molecule in region I with hydrogen exposed towards the
surface, but this orientation is highly unlikely in region I, as discussed in Chapter 5.
On the contrary, for U <Uth (Figures 6.6c,e), when the contribution of region I is
suppressed, there are only H2O molecules with already the optimal dipole orientation
for supporting the proton transfer favouring the Volmer reaction. This explains the
correlation between the decrease of the activation barrier and the suppression of
region I.
To better understand the conditions that favour this reaction, we analyse the reaction
sites over which the proton transfer occurs (Figures 6.6b,d,f). Notice these maps do
not represent an instantaneous picture of the spatial position of the proton involved in
the reaction but the cumulative contributions of all the proton transfers that occurred
during the MD trajectory. To focus on the reaction events, we report in these plots
only the contributions in a CV interval around the TSs. Consequently, the positions of
the H atoms in the TSs do not necessarily represent the stable sites for the *H adatom
in the product basin. At PZC and at low potentials (Figure 6.6b), the O-H bond cleav-
age occurs in correspondence of the hollow or bridge sites, and the transferred proton
directly occupies these sites. On the contrary, at more negative potentials, when the
Volmer reaction is more favoured, the transferred proton has to pass through the top
sites prior to reaching the hollow/bridge one. This is clearly visible in Figure 6.6f,
where for the CV values slightly larger than the TSs (reddish range of the colour
palette), the proton position corresponds to the top site. This insight is aligned with
the results reported for other more HER-active electrocatalysts [67, 146], which
highlight the importance of having H on top sites to be involved in the HER. We
also observe the importance of the proton on the top site during the Volmer step, but
this state is unstable with respect to the hollow ones on Cu (111), cf. Section 6.3.1,
making this electrocatalyst less effective for HER with respect to other noble metals.
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In addition to the modulation of the barriers, the applied potential also shifts the
positions of the TSs along the reaction coordinate, resulting in smaller values of
dOH−dzH-surface. We investigate this shift correlating the biased CV with the average
O-H bond length and the average H-surface distance for the TSs (Figures 6.6g and
h, respectively). The mean O-H bond distance for the TSs is progressively longer
at negative potentials, in line with the observations reported in Chapter 5 that show
a more elongated O-H bond already without reactions due to the weakening of the
covalent bonds due to the surface and, above all, the negative applied potential. At
the same time the distance between the H and the surface for the TSs is also larger at
negative potentials due to a more negative surface charge, enhancing the electrostatic
attraction of H atoms at larger distances. However, comparing Figures 6.6g and
h, it is visible that the increase of dzH−sur f ace is larger at negative potentials with
respect to dOH at the TSs. This results in a shift of the TSs to smaller values of
dOH − dzH-surface. We emphasise that all insights derived from Figure 6.6 rely on
the enlarged statistical ensemble afforded by the ML-FF-based simulations. In con-
trast, conventional AIMD, even when combined with enhanced sampling techniques,
would be unable to sample a sufficiently large set of configurations to robustly
characterize the TSs.,

6.4 Conclusion

In this section we applied the TRECI scheme to develop ML-FFs able to include in
the atomistic picture of electrochemical interfaces the description of some common
reaction steps occurring on Cu surfaces in contact with water at reducing negative
potentials. Representative reaction steps that are commonly regarded as limiting
processes for the reactivity of Cu surfaces are selected as a benchmark to show
the effectiveness of TRECI in describing reactions in the advanced atomistic setup
presented in the previous chapters. Specifically, we study the CO dimerisation step
along the CO2RR to convert CO2 to C2 or C2+ products and the Volmer step in
alkaline conditions for the HER.
From the ML perspective, the description of reactions represents an additional chal-
lenge since the TRECI scheme is coupled with enhanced sampling techniques such
as OPES to properly sample TSs, different basins and get an exhaustive dataset
along the whole reaction path. A more stringent balance between stability and
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accuracy motivates a reconsideration of the dualism between robust, general-purpose
descriptors and highly accurate, domain-specific backbones in the context of trans-
fer learning. In this case, we investigate universal backbones that are also trained
on reaction datasets, enabling an enhancement in the accuracy of general-purpose
Franken ML-FFs with respect to models based on MACE-MP0, without incurring in
any loss in stability.
With these improvements, we show the effectiveness of the TRECI scheme in deliv-
ering a detailed picture of the selected reaction steps in advanced simulation setups,
getting beyond hybrid explicit-implicit solvent schemes and static DFT calculations
that represent the state-of-the-art approach to evaluate the activation barriers for
electrochemical reactions. Our results indicate that only highly negative potentials
lead to a substantial reduction of the activation barriers for the Volmer step and
the CO dimerisation on Cu (111), while the activation of the CO dimerisation is
weakly dependent on the applied bias on the (100) surface, raising possible issues
on the selectivity of pure copper electrocatalysts. Nonetheless, the detailed analysis
enabled by TRECI provides mechanistic insights into the reactivity and may inform
the rational design and screening of more promising catalytic materials. For the CO
dimerisation, we highlight the effects of the different dimerisation sites in determin-
ing the reactivity of the surfaces. We also emphasise the dual role of the applied
potential. On the one hand, the increase in negative surface charge induced by the
applied bias directly stabilises the dimer products as negatively charged species.
On the other hand, only via the enhancement of the H-bond network between the
adsorbates and the water molecules, arising from the reorientation (dipole flipping)
of H2O at negative potentials, the applied bias partially stabilises the transition states,
thereby weakly lowering the activation barriers. For the Volmer step of HER, we
correlate the decrease of the activation barrier with the suppression of the first peak
of the solvent density due to the negative potentials, and we highlight the role of the
top Cu site in mediating an effective proton transfer. Comparing the effects of the
applied potential on the activation of the discussed reaction steps, we recognise that
the activation of the Volmer step of HER is directly influenced by the increase of
the applied bias with respect to CO dimerisation, where the action of the applied
potential is more convoluted. This indicates that the straightforward strategy of
applying increasingly negative potentials to promote the reactions is ineffective for
enhancing CO dimerisation, and it might favour other competitive processes such as
HER on Cu (111). These considerations highlight the necessity of accounting for all
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competing reaction pathways when assessing the performance of an electrocatalyst,
because different processes can exhibit distinct dependencies on the applied potential.
Consequently, this diversity in potential response further complicates the identifica-
tion of an optimal potential window for selectively promoting a given reaction.
In this framework, the versatility of TRECI in facing different reactions represents
a solid starting point not only for a more advanced comprehension of the limiting
reaction steps on Cu-based electrocatalysis but also for a wider inclusion of other
reaction steps for CO2RR, alongside a systematic study of competing processes.
More generally, this example of reaction study enabled by TRECI models can inspire
other works to employ a similar scheme to consider other reaction paths as well
as other electrocatalyst materials, resulting in a promising route to advance the
comprehension of electrochemical reactions from the atomistic point of view.



Conclusion

In this doctoral thesis, we studied electrochemical interfaces, specifically metal/wa-
ter systems, under the application of an external electric potential using advanced
atomistic simulations. We addressed the complexity of these systems by employing
machine learning interatomic potentials to accelerate molecular dynamics, achieving
scalability comparable to classical force fields together with ab initio accuracy. The
thesis is motivated by three main current challenges in simulating electrochemical
interfaces: 1) exhaustively capturing the dynamical effects and reproducing the full
behaviour of water electrolytes via explicit solvent models; 2) accurately describing,
at the ab initio level, the balance between covalent, hydrogen bonds and dispersion
forces that govern the liquid water network; and 3) implementing a rigorous electrifi-
cation scheme to simulate interfacial processes at constant potential while the surface
charge is fluctuating. Machine learning interatomic potentials trained on DFT data
can enable such simulations more efficiently than AIMD, but the generation of an ab
initio-quality training dataset remains the main bottleneck, being computationally
demanding, especially when moving beyond common approximations.
In this thesis we presented TRECI (TRansfer learning for ElectroChemical Inter-
faces), a general, data-efficient workflow to develop ML-FFs for electrochemical
interfaces at constant applied potential. The workflow is optimised to minimise
the number of DFT-labelled data points needed for training. TRECI achieves data
efficiency through 1) an ML architecture based on transfer learning and 2) an effec-
tive active learning strategy that guides dataset generation based on current model
performance. Instead of training a constant-potential model from scratch, we fol-
lowed a transfer learning approach, building the descriptors of the new ML-FF on the
node features of a pre-existing ML-FF. Data requirements are reduced because the
descriptors are not retrained but fully inherited; only the regression block requires
new DFT data at constant potential. Following this strategy, we delivered stable
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and accurate ML-FFs for representative metal/water interfaces using only about
one thousand DFT configurations for each electrode potential value, roughly a 75%
reduction in data compared to training from scratch.
This data efficiency allows the use of more advanced, accurate, but computationally
demanding DFT simulations to face the discussed modelling challenges. We em-
ployed a fully explicit water solvent and the meta-GGA SCAN exchange–correlation
functional to correctly describe the liquid water network. We also modelled the
applied potential with the complex, computationally expensive Double Reference
Method, avoiding common electrification schemes based on implicit solvent approx-
imations.
While the exchange-correlation functional and electrification schemes employed
in this work represent a significant improvement over many commonly adopted
approaches for electrochemical interfaces, the resulting ML models inevitably inherit
the limitations of the underlying DFT reference. The demanding computational
cost of the selected DFT set-ups often makes a systematic assessment of its validity
limits computationally expensive via standard ab initio approaches. Going beyond
static tests commonly employed to assess the validity of the DFT functional and
electrification scheme, TRECI makes accessible a large number of structural and dy-
namical properties, also opening future perspectives for benchmarking the predictive
power of these DFT setups under more realistic conditions and against experimental
observables. In this regard, our data-efficient ML-FF strategy not only extends the
spatial and temporal scales accessible to AIMD but also unlocks these demanding
setups for production runs. These results can provide valuable feedback into the
validity of the DFT description and inform the development of next-generation ab
initio methodologies for electrochemical interfaces.
In the second part of the thesis, we validated the effectiveness of TRECI by develop-
ing ML-FFs for specific case studies: low-index copper surfaces in contact with a
water solvent. The main effects of the applied potential were discussed in terms of
the modulations of the structure of interfacial water. We clearly identified a threshold
potential value over which the interfacial region of chemisorbed water molecules
is completely suppressed and the surface has a major hydrophobic behaviour. This
threshold potential is surface-specific, resulting from a balance between chemisorp-
tion and physisorption. While this picture is obtained in the absence of explicit ions
in the solution, the results obtained in this limit of highly dilute electrolyte are still
relevant by representing a necessary step to determine the baseline of the intrinsic
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properties of the metal/water interface over which the roles of ionic species will be
contextualised.
Based on these results of the equilibrium properties of the electrified interfaces,
we developed ML-FFs via TRECI to address specific limiting reaction steps for
the hydrogen evolution and the electrochemical conversion of CO2 in multi-carbon
products. Performing molecular dynamics simulations coupled with enhanced sam-
pling techniques, we identified the differences between Cu (100) and Cu (111) in
terms of reactivity for the CO – CO dimerisation reaction, with the latter surface
largely unfavourable for this reaction. Aside from the performance of the electro-
catalyst, we highlighted the role of the surface charge and the direct *CO · · · H2O
interaction in determining the reactivity of the surface towards the CO dimerisation.
While the surface charge does not strongly influence the transition states, the water
dipole flip mechanism, induced by the applied potential, changes the number of
H2O molecules interacting with *CO. This indirect action of the applied potential
results in a weakening of the C-O bonds in favour of the C-C dimerisation, par-
tially reducing the activation barriers for the dimerisation at negative potentials. On
the contrary, the hydrogen evolution reaction, i.e., the main competitive process
of the CO2 electroreduction, shows a more marked dependence on the applied po-
tential. By studying the Volmer step of HER, we identified that, once the electric
bias suppresses the region of chemisorbed H2O molecules and the water dipole flip
process is completed, the proton transfer between water and the surface is boosted,
lowering the activation barriers. In this way, we clearly proved the applicability of
TRECI for ML-FFs able to uncover not only the structural and dynamic properties of
electrochemical interfaces under applied potential but also provide insights into the
reaction mechanisms, correlating at the atomic scale diverse characteristics of the
systems. We stress once again the importance of active-learning protocols to obtain
these results when reactive processes are investigated using ML models trained on
a limited number of reference configurations. The risk of extrapolation in reactive
systems and under large applied potentials remains an important challenge, since
these conditions drive the system towards regions of configuration space that can
be insufficiently represented in the dataset. In this context, protocols such as DEAL
are essential tools to effectively sample and select data points along the complex
reaction paths typical of electrochemical processes.
While the effectiveness of TRECI was demonstrated for a specific system considered
in this work, one of its main strengths lies in its modular design. The workflow
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can be customised both at the level of the underlying DFT reference and of the
ML framework, making it adaptable to the requirements of diverse electrochemical
systems. We have already shown that, as the complexity of the interfaces increases,
it is possible to improve the performance of the transfer learning by employing
more advanced general-purpose models, improving in accuracy while not losing
in stability. Within this framework, subsequent developments of TRECI will focus
on refining computationally inexpensive, universal ML-FFs to establish a general-
purpose backbone that is systematically adapted to specific systems. This backbone
will then serve as a unique starting point for transfer learning, merging the stability
of general-purpose descriptors with the accuracy of domain-specific models. Such
developments will simplify active-learning workflows, reduce the need to construct
PZC-specific models from scratch, and facilitate the extension of TRECI to increas-
ingly realistic electrochemical systems.
At the same time the modularity of the TRECI scheme will also allow including new
ML blocks to face challenges emerging with raising the complexity of the physics of
the systems. Future enhancements for TRECI might include ML models to predict
atomic charges along the MD trajectory, providing an explicit charge-aware picture
to more effectively rationalise the interfacial processes.
Another important improvement to expand the capability of TRECI will be the
augmentation of the receptive field of the ML-FFs to treat long-range interactions.
The presented picture of electrified metal/water interfaces derived exclusively with
short-range models is not significantly affected by the absence of explicit long-
range schemes since we have shown that unscreened electrostatic contributions are
negligible in the system covered in this thesis. However, long-range interaction
effects will arise due to the presence of ionic species in the electrolyte. For these
applications, TRECI is not limited in the applicability of long-range approaches,
but our framework can actually serve as a fertile ground for the quickly emerging
long-range schemes to be used in complex electrochemical interfaces. For example,
TRECI can include the recently proposed ’Latent Ewald Summation’ scheme (npj
Comput Mater 11, 80, 2025), which also offers physical insights on the charge. In
all the cases, the effectiveness of TRECI is unaffected by these enhancements since
its data-efficient protocol always offers a strong basis for further advancements.
In this respect, TRECI is a wide platform ready to start studying not only selected
reaction steps but also complex reaction paths, such as the long sequence of reactions
of CO2RR. Moreover, going beyond the simple copper catalyst studied in this thesis,
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TRECI models will be useful to better understand the reactivity and selectivity of
more advanced electrocatalysts, becoming a useful tool for rationalising and guiding
the synthesis of more effective materials for electrocatalysis.
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Appendix A

Double Reference Method

A central element of this thesis, differing from other ML-FF works in electrochem-
istry, is the electrification scheme used to reproduce the effects of a constant applied
bias in the dataset. Here we follow the “double reference method” (DRM) [66]. In
any constant potential scheme, the charge on the electrode is allowed to vary such
that the whole system is at equilibrium with a target applied potential [46]. Two
main ingredients are required to achieve a constant potential calculation: 1) a scheme
allowing to finely and continuously tune the surface charge of the electrode and 2)
a reliable procedure to establish a connection between the surface charge and the
applied potential. The DRM implements these ingredients through 1) a homogeneous
background method (HBM) and 2) a chain of potential references involving auxiliary
systems to rigorously define the electrode potential.
A varying surface charge (i.e., an electronically grand canonical ensemble) can be
easily achieved in any electronic structure code by adding/removing a fractional
number of electrons to the metal and the corresponding electronic charge to the
system [17]. Since DFT codes commonly rely on periodic boundary conditions,
there is a need for an approach to avoid divergences in the electrostatic energy and
guarantee the charge neutrality when extra charge is added/removed to the electrode.
The DRM follows the most straightforward approach of adding a homogeneous
background countercharge (a.k.a. jellium) compensating for the extra charge of the
electrode. Additional considerations on the HBM are reported in Section A.1.
In addition to the control on the surface charge, a constant potential scheme requires
the definition of the potential associated with the electrode. The electrode potential
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USHE (referred to the Standard Hydrogen Electrode SHE) is computed as:

USHE = (Φ−ΦSHE)/e, (A.1)

where Φ is the work function of the system and it depends on the surface charge of
the electrode, while ΦSHE is the potential of SHE with respect to a vacuum (com-
monly assumed equal to 4.44 V) [17, 191]. The DRM defines the work function
and establishes its connection with the extra surface charge via a robust series of
potential references involving two auxiliary systems such that this definition is not
influenced by the counter-charge and any fictitious solvent-vacuum interface. Specif-
ically, the first auxiliary system has no extra charge (i.e., no applied potential) and a
vacuum region to define the vacuum level; the second is with no extra charge and no
vacuum and represents a reference for the same system but with extra charge (i.e.,
with applied potential). In this manner, any inconsistency in the energy reference
between neutral and charged systems, as well as the spurious contributions to the
work function arising from the fictitious solvent–vacuum interfaces, is rigorously
accounted for. More details on the series of potential references are reported in
Section A.2.
The effectiveness of the DRM in conjunction with the HBM in the description of
electrified metal/water interfaces and electrochemical reactions has been extensively
proved in several articles [66, 192, 193], justifying its use to reproduce the effects of
the applied potential in our dataset for the ML. Moreover, the DRM can be readily
implemented in most DFT codes, as these typically allow specifying a fractional
charge for the system and automatically compensate it with a homogeneous counter-
charge. The potential references required by DRM can also be easily extracted from
standard DFT output files. Unlike other constant-potential approaches (e.g., implicit-
solvent-based schemes), DRM does not require any specific external plug-ins that
might clash with the parallelisation capabilities of the DFT codes on modern HPC
architectures. However, managing the chain of potential references and continuously
updating the electrode charge in a constant-potential scheme can become tedious
and time-consuming, especially in high-throughput workflows such as ML dataset
generation. To address this, we developed a Python calculator that automates the
entire DRM process within an electronically grand-canonical ensemble. Our imple-
mentation builds on the fully converged constant-potential (FCP) ASE calculator
proposed in Ref. [68], extending it to define the electrode potential according to
DRM. The calculator is integrated into a workflow that automatically evaluates
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DRM auxiliary systems and performs constant-potential calculations at fixed geome-
tries for multiple target potentials. The DRM calculator is freely available at https:
//github.com/michelegiovannibianchi/DoubleReferenceMethod-FCP-calculator. An
excerpt of the core code lines is provided in Section A.3.

A.1 Considerations on the homogeneous background
method

The homogeneous background method (HBM) [66, 71] is employed in the DRM
to compensate for the extra electron charge added/removed to the system. Despite
the non-physical spreading of the "jellium" charge over the whole system, the
HBM can be interpreted as 1) a model for the ionic counter-charge in the region
of the electrolyte and 2) an entirely delocalised dopant model in the electrode
region [71]. Regarding assertion 1), it has been shown that the jellium, in the
presence of the screening action of explicit water molecules, is able to reproduce
the effects of the electrode polarisation and mimic the presence of ions at the outer
Helmholtz plane [66]. Regarding assertion 2), it has been proved that this diluted
dopant has negligible effects on the capacitance of a metal electrode. Indeed, a
uniform countercharge and a countercharge distributed according to the solution
of the linearised Poisson-Boltzmann equation (as implemented in the Polarizable
Continuum Model PCM of VASPsol), show equivalent results [71].
In the framework of the HBM, the total grand canonical free energy Ω is evaluated
as [66]:

Ω = ESCF +∆qµe +
∫

∆q

0
⟨Vtot⟩dQ, (A.2)

where ESCF is the self-consistent energy, as computed in the DFT code, ∆q is the
extra charge added/removed to the system, µe is the electrochemical potential of the
electron system and is commonly evaluated as the negative of the work function [194].
⟨Vtot⟩ is the volume-averaged electrostatic potential within the simulation cell. As
observed in ref. [71], ⟨Vtot⟩ is automatically set to zero in VASP, independently of
the amount of extra charge. Hence, the corrections to the grand canonical energy due
to the homogeneous countercharge (i.e., the third term in equation A.2) are easily
included.

https://github.com/michelegiovannibianchi/DoubleReferenceMethod-FCP-calculator
https://github.com/michelegiovannibianchi/DoubleReferenceMethod-FCP-calculator
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A.2 Considerations on the chain of potential refer-
ences in the DRM

The electrode potential is often assumed to be proportional to the work function (see
Equation A.1), defined as the energy difference between the vacuum level and the
Fermi level. However, evaluating the work function becomes problematic when an
external potential is applied. First, defining the vacuum level requires a vacuum re-
gion far from the electrode surface, introducing an artificial solvent/vacuum interface.
Second, adding extra charge and its compensating background countercharge shifts
the energy scale of the system, making the Fermi level incomparable to other energy
references from a neutral system. The double reference method resolves these issues
by introducing two auxiliary systems (Figure A.1):

• a neutral system (q = 0) with a vacuum region,

• a neutral system (q = 0) without vacuum.

These references allow a consistent definition of the work function for the charged
system (q ̸= 0, applied potential) without vacuum. In the first auxiliary system,
the vacuum level φ ′(v) is referenced to the potential inside the metal slab φ ′(m),
assumed unaffected by the solvent–vacuum interface. For that reason, this φ ′(m) can
be aligned with the corresponding potential φ ′0(m) in the middle of the slab in the
second system (no vacuum). Within the second system, φ ′0(m) is then referenced to
the potential φ ′0(w) in the middle of the solvent region. Consequently, the potential
in the water region, far from the surface, with respect to the vacuum level is:

φ0(w) = φ
′
0(w)−φ

′
0(m)+φ

′(m)−φ
′(v). (A.3)

Assuming the potential in the solvent far from the interface is unaffected by extra
charge, the solvent potentials in the neutral and charged systems (φ0(w) and φ ′q(w))
are aligned. Finally, the Fermi level φ ′q( f ) of the charged system is referenced to
φ ′q(w) and corrected using φ0(w):

φq( f ) = φ
′
q( f )−φ

′
q(w)+φ0(w). (A.4)

This chain of references enables a rigorous evaluation of the Fermi level φq( f ) for a
charged, vacuum-free system relative to the vacuum level of a neutral system. The



176 Double Reference Method

Fig. A.1 Scheme reproducing the systems and the sequence of energy references used to
define the work function according to the DRM. From left to right, the system with a vacuum
region and no extra charge, without a vacuum and no extra charge, without a vacuum and
with extra charge. Systems with symmetric metal/water interfaces are required in the DRM
to avoid vacuum regions in the final system.

resulting value is then used in Equation A.1 as the inverse of the work function Φ,
properly defining the electrode potential of the system.

A.3 Code for the fully converged constant potential
calculator via DRM

We report the main extracts of the developed Python code for the fully converged
constant potential (FCP) that relies on the DRM definition for the electrode potential.
The variable names reflect the convention used in the equations above. The full
code and more info can be found at https://github.com/michelegiovannibianchi/
DoubleReferenceMethod-FCP-calculator.
The calculator is initialized and called via:

## Start calculation of the "Double Reference Method" workflow ##

# Arguments for the Double Reference Workflow

https://github.com/michelegiovannibianchi/DoubleReferenceMethod-FCP-calculator
https://github.com/michelegiovannibianchi/DoubleReferenceMethod-FCP-calculator
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# - snap: ase atoms, atomic geometry

# - external_bias_vector: list, values of applied potential for which

the DRM will be applied

# - calc_neutral_no_vacuum: ase calculator, calculator for system

without a vacuum region and no extra charge

# - calc_neutral_vacuum_no_dipole: ase calculator, calculator for

system with a vacuum region, but not dipole corrections (

raccomended to get convergence when dipole corrections will be

switched on)

# - calc_neutral_vacuum_dipole: ase calculator, calculator for system

with a vacuum region, and with dipole corrections

# - calc_charge: ase calculator, calculator for system without a

vacuum region and extra charge

# - guess_extra_electrons: int, initial guess of extra electrons to

add to the system for the first entry value of the

external_bias_vector

# - C_guess: float, initial guess for the capacitance of the interface.

# - restart: bool, if True the calculation will start from the

calculation of the system with a vacuum region, and with dipole

corrections

# - V_SHE: float, value of the standard hydrogen electrode potential

snap=read(’POSCAR’,format=’vasp’)

# Prepare arguments for your workflow

workflow_args = dict( external_bias_vector=[-0.5, -0.75, -1.0],

calc_neutral_no_vacuum=calc_neutral_no_vacuum,

calc_neutral_vacuum_no_dipole=

calc_neutral_vacuum_no_dipole,

calc_neutral_vacuum_dipole=

calc_neutral_vacuum_dipole,

calc_charge=calc_charge,

guess_extra_electrons=1,

C_guess=0.008856,

restart=False )



178 Double Reference Method

# Attach evaluator

snap.evaluator = DoubleReferenceEvaluator(DoubleReferenceWorkflow, **

workflow_args)

# Trigger calculation

result = snap.evaluator.evaluate(snap)

In the last lines above, a wrapper for the DoubleReferenceWorkflow function is
called. The core lines of this function are:

def DoubleReferenceWorkflow(snap,external_bias_vector,

calc_neutral_no_vacuum,calc_neutral_vacuum_no_dipole,

calc_neutral_vacuum_dipole,calc_charge,guess_extra_electrons,

C_guess,restart,V_SHE=None):

### Start calculation of the "Double Reference Method" workflow ####

...

element=snap.get_chemical_symbols()

n_O=element.count(’O’)

case_dir=os.getcwd()

#### 1) System no extra charge + no vacuum

snap_neutral=snap

#Call VASP calculator

snap_neutral.calc=calc_neutral_no_vacuum

if restart==False:

print(’Neutral: Etot=’,snap_neutral.get_total_energy())

#Average potential with MacroDensity

input_file = ’neutral/LOCPOT’

output_file = ’neutral/Neutral_no_vac_planar.dat’

pot=average_potential(input_file,output_file)

# Potential in the middle of the slab

phi_prime_0_m=min(pot)

# Potential in the middle of the water region

phi_prime_0_w=(pot[0]+pot[-1])/2
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#Read Fermi level and electron number from OUTCAR

path_OUTCAR=’neutral/OUTCAR’

phi_prime_0_f,nelect0=read_fermi_nelect(path_OUTCAR)

#### 2) System with no extra charge + vacuum

snap_vacuum=add_vacuum(snap,n_O)

####### 2.1) No extra charge + vacuum + no dipole corrections

# Call VASP calculator

snap_vacuum.calc=calc_neutral_vacuum_no_dipole

if restart==False:

print(’Neutral vacuum no dipole: Etot=’,snap_vacuum.

get_total_energy())

####### 2.1) No extra charge + vacuum + dipole corrections

# Call VASP calculator

snap_vacuum.calc=calc_neutral_vacuum_dipole

print(’Neutral vacuum dipole: Etot=’,snap_vacuum.get_total_energy

())

#Average potential with MacroDensity

input_file = ’neutral_vacuum/LOCPOT’

output_file = ’neutral_vacuum/Neutral_vac_dipole_planar.dat’

pot=average_potential(input_file,output_file)

# Potential in the middle of the slab

phi_prime_m_r=min(pot)# the minimum of the potential is in the

fixed layers of the slab

#Read vacuum level from OUTCAR

path_OUTCAR=’neutral_vacuum/OUTCAR’

phi_prime_v_r=read_vaccum_level(path_OUTCAR)

####### Compute PZC value via double reference method

#potential in the neutral cell in the middle of water, without a

vacuum, referred to the system with a vacuum (Equation A.3)
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phi_0_w=phi_prime_0_w-phi_prime_0_m+phi_prime_m_r-phi_prime_v_r

#Fermi level in the neutral cell without a vacuum, referred to the

vacuum level (Equation A.4)

phi_0_f=phi_prime_0_f-phi_prime_0_w+phi_0_w

#PZC value referred to the SHE (Equation A.1)

U_0_SHE=-V_SHE-phi_0_f

#### 3) System with extra charge + no vacuum

#initialize vectors

nelect_vector=[]

U_vector=[]

#Store the point corresponding to no extra charge

nelect_vector.append(nelect0)

U_vector.append(U_0_SHE)

snap_charge=read(’POSCAR’,format=’vasp’)

for V,index_V in zip(external_bias_vector,range(0,len(

external_bias_vector))):

V_label=convert_V_to_label(V)

if index_V==0: #For the first point start from the PZC

informations

# FCP calculator

cal_FCP=FCP2rm(innercalc=calc_charge,fcptxt=f’log-fcp_U_{

V_label}.txt’,U=V,NELECT =nelect0+guess_extra_electrons,

NELECT0=nelect0,work_ref=V_SHE,C=C_guess, phi_0_w=

phi_0_w,max_FCP_iter=20)

snap_charge.calc=cal_FCP

print(snap_charge.get_total_energy())

else: #For the other points start from the info of the previous

points
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#read the last point to calculate a new guess of the

capacitance and the number of electrons

nelect_last, U_last, C_cal =read_log_fcp(f’log-fcp_U_{

convert_V_to_label(external_bias_vector[index_V-1])}.txt

’)

nelect_vector.append(nelect_last)

U_vector.append(U_last)

#Linear fit to estimate the number of electrons to add

coef=np.polyfit(np.array(U_vector),np.array(nelect_vector),

1)

#start the FCP calculation

cal_FCP=FCP2rm(innercalc=calc_charge,fcptxt=f’log-fcp_U_{

V_label}.txt’,U=V,NELECT =np.polyval(coef,V), C=C_cal,

NELECT0=nelect0,work_ref=V_SHE,phi_0_w=phi_0_w,

max_FCP_iter=20)

snap_charge.calc=cal_FCP

print(snap_charge.get_total_energy())

print("Calculation terminated")

return

The DoubleReferenceWorkflow function calls the FCP calculator FCP2rm, adapted
from ref. [68], whose core lines defining the electrode potential following the DRM
are:

class FCP2rm(FileIOCalculator):

"""

Fully constant potential calculator for electrochemistry

implementing the "Double Reference Method" by Taylor et al.,

Phys. Rev. B 73, 165402 (DOI: https://doi.org/10.1103/PhysRevB

.73.165402)

This FCP calculator is adapted from https://github.com/

hellozhaoming/FCP-vasp-ase

"""
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...

def calculate(...):

...

self.fermi=atomstmp.calc.get_fermi_level()

# Equation A.1 + A.4

Ucal=-(self.fermi + self.fermishift)-self.workSHE

# Equation A.2

grand_energy_free=energy_free+(self.wf+self.fermishift)*(self.

Nelect-self.Nelect0)

...

def read_fermishift_2rm(self,outpath, lines=None,phi_0_w=None)

:

"""Method that evaluete Fermi shift within the "Double

Reference Method" """

## Average over potential. Use MacroDensity code

input_file = outpath+’LOCPOT’

output_file = outpath+’Charge_planar.dat’

pot=average_potential(input_file,output_file)

phi_prime_q_w=(pot[0]+pot[-1])/2# average potentential in

the middle of the water region

# Equation A.4

E_fs = -phi_prime_q_w+phi_0_w #Fermi shift =-potential in

vacuum

return E_fs

...



Appendix B

Franken descriptors: characteristics,
accuracy and usage

In this appendix, we report additional considerations on the importance of identifying
the most suitable descriptors (i.e., Franken backbones) for an effective transfer
learning approach in TRECI workflow and the resulting accuracy achievable with
the different backbones. We first recap the characteristics of the different Franken
models and of their associated backbones, reporting a table that can help readers to
understand the use of these ML-FFs within the TRECI framework. We then report
the results associated with the ML-FFs developed in Chapter 5 to describe the Cu
interfaces without reaction (Section B.2), followed by the discussion of models of
Chapter 6 where the reactivity is included in the picture (Section B.3).

B.1 Comparison of the different Franken models

Table B.1 provides a comparative overview of the Franken models employed in this
thesis, together with their principal characteristics. Since model performance in
terms of computational cost, stability, and accuracy depends on a broad range of
factors, such as dataset size, number of random features, and is system-dependent,
we report only a qualitative ranking (High–Middle–Low). This classification is not
intended to be interpreted in absolute terms, but rather as a guideline to support the
selection of the most appropriate model for each specific circumstance. Domain-
specific backbone models in Chapter 5 are trained on a dataset describing the various
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Cu/water interfaces without reactive configurations, whereas the PZC dataset for
models in Chapter 6 is further augmented with configurations relevant to the reaction
processes.

B.2 Models for the interface without reactive events

B.2.1 Comparative test on the descriptors and the number of
random features

Figure B.1 shows a comparison of the accuracy of the Franken models based on
MACE-MP0 (i.e., Franken-MP0) and on the domain-specific PZC descriptors (i.e.,
Franken-PZC) developed to study the Cu (111) surface without reactive events. Accu-

Fig. B.1 Comparison of the RMSE error on force prediction at U = -0.50 V and -2.00 vs
SHE, using different descriptors (Franken-MP0 vs Franken-PZC) for different training set
sizes and numbers of random features.

racy is evaluated on the force RMSE on a validation set of about 150 configurations.
This analysis is performed by varying the size of the training set (from 16 up to
1024 configurations) and the number of the random features used to approximate the
kernel function. We evaluate the cases where U is -0.50 and -2.00 V vs SHE, as these
represent the nearest and most distant conditions for the descriptors trained on the
PZC geometries. It is evident that the domain-specific PZC descriptors are superior
to the general-purpose MACE-MP0 ones at -0.50 V as well as at -2.00 V, regardless
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of the training set size and the number of random features. This test further proves
the importance of the domain-specific descriptors in the TRECI strategy.

B.2.2 Comparative test of PZC and constant potential models

This section reports a comparison of the accuracy of the PZC model trained from
scratch with respect to the transfer learning model for the constant potential cases for
the Cu surfaces without reactive events. The results for the PZC are obtained with a
MACE model with invariant features and 256 channels, while the applied bias cases
are obtained via Franken transfer learning using the Franken-PZC-L0 backbone
(invariant features and 256 channels) and 8192 random features. Figure B.2 reports
the distributions of the error in the forces over the test sets for the different cases
(PZC and constant potentials). The error is reported together with the modulus of
the forces. The contributions for the different species are reported separately in the
different panels. It is evident that the accuracy is similar for all the constant potential
cases, and it is comparable with the accuracy of the PZC MACE model trained from
scratch but with a larger amount of data, proving the effectiveness of the Franken
transfer learning strategy as implemented in the TRECI workflow.
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Fig. B.2 Scatter plots for the error in the predictions of the forces vs the force modulus at (a)
PZC, (b) -0.50, (c) -0.75, (d) -1.00, (e) -1.25, (f) -1.50, (g) -1.75 and (h) -2.00 V vs SHE.
The contributions of the different chemical species are reported separately.
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B.3 Models for the reactivity of the interfaces

In this section we discuss the importance of considering additional backbones to
achieve a more effective, accurate and data-efficient transfer learnings for models
targeting reactions. While the general-purpose backbone based on MACE-MP0
(Franken-MP0) still grants sufficient stability to the MD trajectories also in the
presence of reactive events, these descriptors are not the most suitable to describe
molecular processes. Indeed, MACE-MP0 is trained on a large Materials Project
database mainly composed of small periodic unit cells describing inorganic crystals
with few molecular components. Consequently, processes involving proton transfer
(e.g., the Volmer step in the HER) or the formation of carbon chains (e.g., the CO
dimerisation in the CO2RR) might be far from the domain on which MACE-MP0
models are trained, resulting in less effective transfer learning for the reactions
considered here. On the contrary, the domain-specific descriptors based on the PZC
dataset (Franken-PZC), expanded with the reactive configurations collected at the
PZC for our MACE model trained from scratch, still stand as the most accurate back-
bones. Nonetheless, the stability issues for the domain-specific route are more severe
when Franken models are employed to drive MD simulations coupled with enhanced
sampling techniques required for the study of the reactions. The application of the
bias potential associated with the enhanced sampling techniques might push the
ML models in different basins of the PES and/or through different transition states
(TSs) with respect to the PZC case, challenging the generalisation capability of the
domain-specific descriptors.
To better fill the gap between the stable Franken-MP0 and the accurate Franken-PZC,
we evaluate other universal MACE-based models better suited for molecular systems
to use as general-purpose backbones. Specifically, we draw attention to the MACE
Multi-Head universal model family (MACE-MH), whose different heads (i.e., read-
out blocks) have been trained on diverse databases, each one tailored to address
some specific classes of materials, such as inorganic crystals, organic molecules,
metal surface slabs with adsorbate complexes and organic reaction intermediates
and TSs [195]. The resulting descriptors of MACE-MH, embedding information
from these diverse datasets, have superior cross-domain capability spanning inor-
ganic crystals, molecular systems, surface chemistry, and reactive organic chemistry.
Consequently, Franken models based on MACE-MH (Franken-MH) have a more ef-
fective general-purpose backbone to target the reaction steps selected in this chapter.
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Fig. B.3 RMSE on the force prediction over the validation set vs the applied potential for
Franken ML-FFs using different backbones for the model for (a) the Volmer step of HER,
(b) the CO dimerisation step for the CO2RR.

Figure B.3 compares the RMSE of the force prediction of the constant-potential
ML models using the MACE-MH-0 descriptors (Franken-MH0) with respect to
the Franken-MP0 and Franken-PZC for the selected reaction steps (Volmer for the
HER in (a) and CO dimerisation in the CO2RR in (b)). Franken-MH0 effectively
bridges the accuracy gap between Franken-MP0 and Franken-PZC, yielding errors
that are close to those of Franken-PZC. At the same time, it retains the robust MD
stability characteristic of general-purpose models, producing trajectories comparable
in stability to Franken-MP0 and markedly more stable than Franken-PZC. Nonethe-
less, this solution comes at the expense of a higher computational cost in training
and inference due to the more complex architecture employed in MACE-MH-0
(roughly Franken-MH0 is 40÷50% slower in training and inference with respect
to Franken-PZC). For these reasons, ongoing tests are finalised to optimise the use
of these general-purpose and accurate backbone models during the active learning
phase and/or in the final MD production.



Appendix C

Assessments of the modelling
framework

In this ancillary section, we present a series of tests assessing both the reliability of
the underlying DFT reference data and the performance of the ML models in captur-
ing the key interactions that govern the physics of electrified metal/water interfaces.
In particular, we examine the role of specific long-range force contributions that may
significantly affect the solvent response to an applied potential (Section C.1), and we
assess whether explicit van der Waals corrections to the SCAN exchange–correlation
functional are required to accurately reproduce the balance between chemisorption
and physisorption processes at the interface (Section C.2). Providing a solid justifica-
tion for the assumptions made in Chapter 5, i.e., the exclusion of explicit long-range
terms in the construction of the ML-FFs and the adoption of SCAN-based DFT
results as ground truth, is a crucial step toward validating the reliability of the picture
of the electrified metal/water interfaces reported in this thesis.

C.1 Locality of the ML models and long-range inter-
actions

Electrochemical systems are a typical case in which electrostatic long-range inter-
actions might have a significant role [46, 147, 155]. Since all the MPNN schemes
employed in this thesis have two interaction layers, with a 6 Å cut-off radius each,
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the nominal receptive field of the developed models extends up to 12 Å. However,
considering the possible presence of non-local contributions outside this receptive
field, we test models with cut-off radii up to 9 Å, as well as a model with a cut-off
of 5 Å but with three interaction layers. We benchmark these models on accuracy
and prediction of physical observables. Specifically, we perform these tests on the
ML-FF for the PZC and for U = - 2.00 V. As shown in Figure C.1a, there is a minimal

Fig. C.1 Comparison of the effects of different cut-off radii r and/or numbers n of interaction
blocks on the accuracy of the models (a) and on the oxygen density profile for the Cu (111)
surface at the PZC (b) and at U = - 2.00 V (c).

improvement in the RMSE on the force prediction as the receptive field is expanded
for the PZC as well as for U = - 2.00 V. We also evaluate these effects on physical
observables, such as the oxygen density profile (Figure C.1b-c). It is evident that the
solvent density profile is independent of the receptive field of the ML model since
the small variations between the models are within the statistical uncertainty, and a
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constant density is recovered within 12 Å in all cases. This proves that the recovery
of the water bulk properties far from the surface, also in the presence of additional
surface charge, is associated with the screening of the water molecules rather than
the local nature of the ML-FFs.

We further quantify the non-local contributions outside the receptive field of our
models following the procedure proposed by Bartók and Csányi [196, 197]. Given a
configuration and selecting an atom, we define a sphere centred on this atom with
radius r f ix. Then we create multiple copies (i.e., > 20) of this system, keeping the
atoms within the sphere frozen while introducing random displacements for all other
atoms outside of the sphere. Specifically, the modulus of the displacement is sampled
from a normal distribution with a standard deviation equal to 0.1 Å. For all these
copies, we compute the forces acting on the central atoms at the DFT level. The
locality of the interactions of the central atom is then characterised by plotting the
standard deviation of these forces as a function of r f ix (see Figure C.2). Any ML
model with a receptive field smaller than r f ix is not aware of the distortions and
is not able to reproduce the contributions of atoms outside the sphere, i.e., these
interactions result in long-range terms for the ML-FF. As visible in Figure C.2a, the

Fig. C.2 Standard deviation (a) and relative standard deviation (b) of forces computed at
increasing r f ix. Results are reported for the different chemical species, averaging among the
force components and among atoms at different distances from the surface. Solid lines refer
to a system at -2.0 V and without ions, while dashed curves refer to a system with a Cl- ion.

standard deviation of the forces decreases at increasing r f ix, but even when there are
applied high negative potentials (solid lines), the variations rapidly decrease at small
values between 8 and 12 Å. The comparison between these standard deviations with
respect to the corresponding mean value of the forces further proves that the relative
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contribution of the atoms outside the sphere is limited for r f ix >8 Å (Figure C.2b).
Notice that the range above which the relative contribution becomes negligible is
comparable with the receptive field of our ML models. For comparison, we also
consider a Cu/H2O system in which a Cl atom is added in the solvent region of the
simulation cell. The Cl species accepts one electron from the metal slab, getting
ionised as Cl– . This case is interesting since ions in solution are the typical example
in which electrostatic long-range interactions are relevant [155]. In this case, the
standard deviation is markedly higher than before, above all for the Cl species.
Differently from the case without ions, here both the O and Cl contributions do not
markedly decrease at higher r f ix, but they tend to reach a plateau value that can
be still high, showing that the simple increase of r f ix is insufficient to decrease the
variability in the forces. This can be considered the typical signature of long-range
interactions. On the contrary, in our system, with extra surface charge due to the
applied potential but without ions, the non-local contributions above 8 ÷ 10 Å are
small, and hence, the employed MPNN architecture with r = 6 Å and n = 2 is
sufficient to capture all the relevant interactions. For this reason, all the analyses
of the properties of the Cu/H2O interfaces reported in Chapter 5 are obtained with
ML-FFs without any specific long-range scheme.

C.2 Effects of the DFT functional on the density pro-
file

The modulation of the solvent density discussed in Chapter 5 is the main char-
acteristic that distinguishes any solid/liquid interface and is the result of a subtle
balance between two types of interactions: the interfacial molecules interacting with
surface atoms and the interfacial molecules interacting with other water molecules
far from the electrode. Hence, it is expected that different DFT exchange-correlation
functional approximations describe in different ways the balance between these
interactions, resulting in variations in the solvent density [198]. Considering that
AIMD simulations of metal/water interfaces at the SCAN level are extremely compu-
tationally demanding, the developed ML-FF also facilitates a benchmark of SCAN
with respect to more commonly adopted functionals in the field of electrochemical
interfaces. For example, it is possible to compare the results here reported with the
findings reported in Ref. [144]. In that work, the authors developed an ML potential
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XC func. PBE rPBE rPBE r2SCAN r2SCAN r2SCAN
D3 D3 rvv10

Eads [meV] -200 -40 -400 -310 -450 -470
dO−Cu [Å] 2.32 2.62 2.40 2.26 2.23 2.21

Fig. C.3 Comparison of geometries, adsorption energies Eads and distances dO−Cu between O
and the nearest Cu atom for the adsorption of a single water molecule on Cu (111), computed
with different exchange-correlation (XC) functionals. Dark orange, red and white balls are
Cu, O and H atoms, respectively. The dashed black line is useful to guide the eye.

for Cu/water interfaces, using the rPBE-D3 approximation as the DFT reference
for the dataset. The most relevant difference between SCAN ML-FF and rPBE-D3
ML-FF is associated with region II. Indeed, the latter forecasts a significantly higher
O density (up to 4 times with respect to the water bulk density) and a narrower
peak with respect to the findings reported in our work. Moreover, the H peaks are
more shifted towards the surface in the picture predicted by the rPBE-D3 ML-FF.
These elements suggest a stronger metal/water interaction predicted by the rPBE-D3
ML-FF
To better identify the difference in the metal/water interaction predicted by the two
functionals, we perform a comparative analysis of the adsorption of a single water
molecule on the bare Cu (111) surface among different exchange-correlation func-
tionals. We consider also the inclusion of semi-empirical dispersion corrections and
van der Waals functionals. Specifically, we focus on three common GGAs (PBE [78],
rPBE [199], rPBE with the semi-empirical Grimme-D3 corrections [200]) and three
meta-GGAs (r2SCAN, r2SCAN-D3 and the van der Waals functional r2SCAN-
rVV10 [201]). Figure C.3 shows a comparative sketch for the adsorption geometries
of a single water molecule, as predicted by the different functionals. Table C.3
reports the corresponding Cu-O distances and the adsorption energies. The water
adsorption on the Cu top site is considered for all the cases, since this site is well
established to be the most stable [202]. Common GGA functionals, such as PBE and
rPBE, without any non-local contributions, predict low adsorption energies [203].
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Fig. C.4 Comparison of the water density profiles computed with r2SCAN-rVV10 vs r2SCAN
functional: (a) oxygen and (b) hydrogen contributions.

On the contrary, the addition of dispersion contributions to GGA functionals (e.g.,
rPBE-D3) is important to increase the adsorption energies of water. The SCAN
functional family is already able to include some middle-range interactions without
any additional van der Waals contributions [81]. For this reason, the adsorption
energy of r2SCAN is already similar to the GGA result with dispersion contributions.
The addition of D3 corrections or the rVV10 contribution to SCAN further enhances
the water-metal interaction. However, the inclusion of van der Waals terms in SCAN
does not significantly alter the adsorption geometry, as visible in Figure C.3. On
the contrary, the D3 corrections modify the orientation of the adsorbed molecule
with respect to the bare rPBE. Indeed, H atoms tend to be more exposed towards
the metal surface for rPBE-D3. This proves that the enhancement of the adsorption
due to D3 corrections for rPBE is associated with a stronger interaction between H
and Cu atoms. Notice that this enhancement is only visible for rPBE-D3 and not for
SCAN-D3 or for a van der Waals functional such as SCAN-rVV10. Hence, these
different behaviours due to the D3 corrections can justify the previously identified
differences in the solvent profile predicted by the two ML-FFs.
Considering the effects of adding van der Waals terms to common GGA functionals,

we further investigate these contributions in the Cu/water interaction by developing
an ML model trained at the SCAN plus non-local correlation functional rVV10 level.
In view of the higher computational cost of rVV10, we do not develop a new ML-FF
from scratch, but we follow a "delta-learning" approach [204]. Starting from the
dataset computed at the SCAN level, we use the Deal scheme (cf. Section 3.2.2)
to select about 410 configurations whose energies and forces are re-labelled at the
r2SCAN-rVV10 level. This small dataset is used to train a second ML-FF able to
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predict the energy and force differences between r2SCAN-rVV10 and r2SCAN DFT
references. Then, MD simulations are performed summing the output of two ML-FFs
(the first for the r2SCAN baseline and the second for the difference between these
two DFT functionals). The solvent density profiles predicted by the r2SCAN-rVV10
ML model for the Cu (111) are reported in Figure C.4. The effects of van der Waals
contributions due to rVV10 are mainly visible in the closest peaks to the surface.
Here a higher density is associated with a more ordered structure of water. These
results are consistent with the increase of adsorption energy of r2SCAN-rVV10 vs
r2SCAN. Nevertheless, the variations in the peak densities are minimal and do not
alter the description of the Cu/water interaction. For this reason, we conclude that
SCAN alone is already able to reasonably capture the interactions between Cu and
water, and the van der Waals interactions due to rVV10 are not necessary. Hence,
all the results of this thesis are discussed considering the "plain" SCAN as the DFT
reference.


	Contents
	Introduction
	1 Electrochemical interfaces: motivations and investigation approaches
	1.1 The role of electrochemical interfaces in sustainable technologies
	1.2 Metal/water interfaces in electrochemical cells
	1.2.1 Working principles and applications of electrolysers
	1.2.2 The hydrogen evolution reaction
	1.2.3 The CO2 reduction reaction

	1.3 Study of the electrochemical interfaces
	1.3.1 Canonical models
	1.3.2 Experimental characterisation
	1.3.3 Atomistic modelling


	2 Methods: atomistic simulations
	2.1 Density functional theory
	2.1.1 The many-body problem and the Born-Oppenheimer approximation
	2.1.2 Basics of DFT
	2.1.3 The Hellmann-Feynman theorem

	2.2 Molecular Dynamics
	2.2.1 Classification of the molecular dynamics approaches

	2.3 Enhanced sampling techniques for reactive events
	2.3.1 CV-based formulation of the sampling problem
	2.3.2 Altering the sampling probability distribution
	2.3.3 Recovery of the properties of the unbiased distribution
	2.3.4 Well-tempered metadynamics
	2.3.5 On-the-fly Probability Enhanced Sampling
	2.3.6 Considerations on the collective variables


	3 Methods: Machine learning interatomic potentials
	3.1 Characteristics of a ML potential
	3.1.1 Central role of the dataset
	3.1.2 Data representation via descriptors
	3.1.3 Architectures of the ML models

	3.2 Approaches for the development of ML potentials
	3.2.1 Quantification of the uncertainty
	3.2.2 Active learning
	3.2.3 Transfer learning


	4 TRECI: transfer learning for electrochemical interfaces
	4.1 Data-efficient workflow for electrochemical interfaces
	4.1.1 High-quality description at multiple applied bias values
	4.1.2 ML force-fields via transfer learning
	4.1.3 Data-efficient active learning
	4.1.4 Complete strategy

	4.2 Validation of the workflow
	4.2.1 Preliminary step: model for the PZC
	4.2.2 Starting point for the constant potential models
	4.2.3 From stability to accuracy
	4.2.4 From accuracy to convergence
	4.2.5 Comparison of different training approaches for the constant potential models

	4.3 Conclusion

	5 Properties of electrified copper/water interfaces via ML-accelerated MD
	5.1 Computational details
	5.1.1 MD simulations
	5.1.2 Generation of the ML models

	5.2 Copper/water properties at PZC
	5.2.1 Water density profile
	5.2.2 Water molecule orientation
	5.2.3 Hydrogen bond analysis
	5.2.4 Water vibrational density of states
	5.2.5 Ordering of the interfacial water structure
	5.2.6 Evaluation of the PZC value

	5.3 Copper/water properties at constant potential
	5.3.1 Water density profile
	5.3.2 Water molecule orientation
	5.3.3 Hydrogen bond analysis
	5.3.4 Water vibrational density of states
	5.3.5 Analysis of the bond strength via critical point analysis
	5.3.6 Ordering of the interfacial water structure

	5.4 Conclusion

	6 Electrochemical reaction steps elucidated via ML-accelerated MD
	6.1 Computational details
	6.1.1 Generation of the ML models
	6.1.2 MD simulations with enhanced sampling techniques

	6.2 CO2RR: the CO dimerisation step
	6.2.1 CO diffusion
	6.2.2 CO dimerisation: activation barriers and insights

	6.3 HER: the Volmer step
	6.3.1 H adatom diffusion
	6.3.2 Volmer step: activation barriers and insights

	6.4 Conclusion

	Conclusion
	References
	Appendix A Double Reference Method
	A.1 Considerations on the homogeneous background method
	A.2 Considerations on the chain of potential references in the DRM
	A.3 Code for the fully converged constant potential calculator via DRM

	Appendix B Franken descriptors: characteristics, accuracy and usage
	B.1 Comparison of the different Franken models
	B.2 Models for the interface without reactive events
	B.2.1 Comparative test on the descriptors and the number of random features
	B.2.2 Comparative test of PZC and constant potential models

	B.3 Models for the reactivity of the interfaces

	Appendix C Assessments of the modelling framework
	C.1 Locality of the ML models and long-range interactions
	C.2 Effects of the DFT functional on the density profile


