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Abstract

The urgency and severity of the climate crisis calls for the immediate development of green technologies, which
can accelerate the transition to a sustainable energy sector. At the scientific level, much of this development is
expected to happen through the use of computer simulations, which through their enormous predictive power
can facilitate the discovery and understanding of materials relevant to the clean energy transition. This thesis
describes the outcome of two research projects focused on the computational modelling of such materials.
The first project investigates the possibility of using machine learning to accelerate molecular dynamics sim-
ulations of the catalytically important water/Pt(111) interface. Here the room temperature structure of the
interface is studied using an ensemble of neural networks with the aim of clarifying its order. The interface
is found to be characterized by a primary adsorption layer of water molecules bonded atop Pt sites, which is
coupled to a secondary, weakly adsorbed layer. The order in the primary adsorption layer is studied with a
lattice-based approach, and an effective repulsion between the constituent water molecules is found leading
to a semi-ordered interfacial structure. It is furthermore shown that these conclusions are outside the scope
of ab initio based simulation methods. The neural network based molecular dynamics framework is then
used to study the room temperature structure and energetics of water-hydroxyl layers on Pt(111). Here the
coverage dependence of the OH adsorption energy is first examined based on a small unit cell, where a near-
linear dependence, strikingly different from the predictions of the 0K bilayer model, is found. The structure
of water-hydroxyl layers in larger unit cells is then investigated, where the presence of hydroxyls is found
to promote water adsorption on the Pt(111) surface at the expense of introducing a depletion region at the
interface. Finally, evidence is provided for the formation of water-hydroxyl clusters at low OH coverages.
The second project is focused on the computational modelling of inorganic Janus nanotubes, which constitute
a novel class of low-dimensional materials with potential applications for clean energy technologies. A density
functional theory-based screening study on the stability of 135 different inorganic Janus nanotubes in their
armchair and zigzag forms is conducted, and a wide range of these are hypothesized to be stable at radii
below 30Å. The wrapping mechanism is investigated and for isovalent anions, this is found to be governed
by the lattice mismatch between the inner and outer atomic layers. Based on the calculated stabilities and
radii, MoSTe Janus armchair and zigzag nanotubes are deemed particularly interesting for further studies,
and a density functional theory-based investigation of their electronic properties is conducted. The effects of
curvature and quantum confinement on their band structures is analyzed, and it is found that the bands are
heavily modified by the curvature while confinement effects are negligible. The size dependence of their band
gaps is also investigated, and it is found to depend sensitively on the radius of the simulated nanotubes due
to the strain sensitivity of the Mo d states in the conduction band.
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Resumé

Alvorligheden af den nuværende klimakrise kræver omgående udvikling af nye teknologier, der kan accelerere
den grønne omstilling. På det forskningsmæssige plan er forventningen, at meget af denne udvikling vil ske ved
hjælp af computersimuleringer, da disse udgør et kraftfuldt værktøj til forståelsen og opdagelsen af materialer,
som kan bruges til grønne teknologier. Denne afhandling beskriver resultatet af to forskningsprojekter, der
demonstrerer dette.
Det første projekt undersøger, hvorledes maskinlæring kan bruges til at accelerere fysiske simuleringer af
grænsefladen mellem vand og platin - et vigtigt system inden for katalyse. Her undersøges strukturen og orde-
nen af vand/platin grænsefladen ved stuetemperatur ved brug af et ensemble af neurale netværks-potentialer,
og det vises, at grænsefladen er karakteriseret ved et primært lag af vandmolekyler bundet til platin-atomerne,
som er koblet til et sekundært, svagere bundet adsorptionslag. Ordenen af det primære lag undersøges dernæst,
hvor det vises, at der er en effektiv repulsion mellem vandmolekylerne, der indgår i dette. Slutteligt vises det,
at konklusionerne ville have været uopnåelige med ab initio baserede simuleringsmetoder. Ved brug af samme
metode undersøges dernæst strukturen og energetikken for OH-molekyler adsorberet på grænsefladen mellem
vand og platin ved stuetemperatur. Her bestemmes først adsorptionsenergien for OH-molekylerne som funk-
tion af dækningsgraden i en lille enhedscelle, hvor denne findes til at være stort set lineær, hvilket afviger
væsentligt fra konventionelle modeller. Strukturen af OH-vandlaget på platin undersøges dernæst i større
enhedsceller, hvor det vises, at tilstedeværelsen af disse øger adsorptionen af vand på platin, idet det samtidig
skaber et tomrum mellem adsorptionslaget og overlaget af vandmolekyler. Endelig undersøges strukturen af
grænsefladen ved lave dækningsgrader af OH-molekyler, hvor det demonstreres, at disse danner øer på platin-
overfladen.
Det andet projekt omhandler simuleringer af inorganiske Janus nanorør, som udgør en relativt ny klasse af
lav-dimensionelle materialer med lovende anvendelser inden for grønne teknologier. Et screeningstudie baseret
på tæthedsfunktionaler udføres med henblik på at bestemme stabiliteten af 135 forskellige inorganiske Janus
nanorør i både armchair og zigzag form og heraf forudsiges en lang række til at være stabile med radier under
30Å. Den fysiske mekanisme bag formationen af nanorørene undersøges også og her konkluderes den bestem-
mende egenskab for nanorør, hvor det indre og ydre lag af atomer har samme valens, til at være forskellen i
gitterkonstanter for de to lag. Baseret på screeningstudiet vælges MoSTe nanorør i armchair og zigzag form
som særligt egnede til videre studier, og et studie af deres elektroniske egenskaber præsenteres dernæst. Her
undersøges deres båndstrukturer med henblik på at forstå effekten af henholdsvis deres indbyggede krumning
samt de kvantemekaniske effekter forårsaget af deres størrelser. Det vises, at krumningen har stor betydning
for deres båndstrukturer, mens sidstnævnte er negligibel. Slutteligt undersøges, hvorledes størrelsen af deres
båndgab afhænger af radius for de simulerede nanorør, og her ses en meget sensitiv afhængighed, som kan
spores til Mo d elektronerne i ledningsbåndet.
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Introduction

Global warming due to the anthropogenic emission of greenhouse gases is arguably the biggest challenge that
faces humanity in the years to come. With the imminent threat of rising global temperatures and sea levels,
there is an urgent need for the development of clean energy technologies, which can accelerate the transition
to a carbon neutral society. Due to the complexity of our energy sector, this is a challenging task, which in the
decades to come will require intense research in a broad range of energy conversion and storage technologies
such as batteries, fuel cells, solar cells and catalysts. At the scientific level, this has resulted in large scale
research efforts focused on the discovery and understanding of materials with superior applications for this
purpose. Indeed, due to the severity and urgency of the climate crisis, it is likely that the experimental
and theoretical understanding of these so-called clean energy materials will be the dominant theme driving
scientific research in the 21st century.
On the theoretical side, much of the coming years progress in clean energy materials research is expected to
happen through the use of computer simulations. In fact, owing to recent decades’ exponential growth of
available computational resources [1], these have already contributed enormously to our understanding of a
wide range of clean energy research areas such as catalysis, photovoltaics and electrochemistry [2–7]. Their
future role in this context will likely be twofold. On one hand, they will be used to broaden our understanding
of the presently available pool of clean energy materials and the complex physical and chemical processes
that determine their technological properties. On the other hand, they will also play an important role in
the discovery of new, superior clean energy materials, which are yet to be synthesized experimentally. In
this thesis we explore this dual role of computer simulations through the description of two separate research
projects, which focus respectively on the understanding and discovery aspects alluded to above.
The first project explores how computer simulations can be used to widen our understanding of important
systems encountered in the field of electro-catalysis. That they have this ability should come as no surprise
given that they have already transformed our understanding of important physical and chemical phenomena in
this field during the past few decades [2–4]. Needless to say, the complexity of modern electro-catalytic devices
means that there is still a wide range of phenomena that remain to be understood. An obvious example in this
context are fuel cells, whose functionality are determined by chemical and physical processes occurring at the
complex interface between a solid catalyst and an aqueous electrolyte, often spanning a range of different time
and length scales. These conditions make it difficult to realistically model even the simplest electrochemical
reactions, as accurate atomistic methods such as density functional theory (DFT) are limited to a few hundred
atoms and short time scales. Here we investigate how this challenge can be tackled through the use of a novel
class of interatomic potentials based on machine learning. As shown in Fig. 1 (a) these machine learned (ML)
potentials have received enormous interest in the past decade, as they promise to bridge the trade-off between
high accuracy/high computational cost of ab initio methods and poor accuracy/low computational cost of
classical force fields. This could have tremendously exciting prospects, since it enables the exploration of a
broad range of complex properties and system types with unprecedented accuracy as illustrated in Fig. 1 (b).
That the aforementioned promise is not completely far-fetched has already been demonstrated in literature on
multiple occasions, where machine learned potentials have been used to e.g. explore the vast chemical space of
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Computational cost
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Figure 1: (a) Illustration of the computational cost and accuracy for three families of po-
tentials. (b) Pyramid of different types of calculations possible with state of the art meth-
ods, where Ψ denotes high level quantum chemistry methods. Figure taken from [23] and
reprinted with permission.

organic molecules [8], describe the properties of amorphous carbon [9] and model the ab initio thermodynamics
of liquid water [10]. However, their superiority is yet to be fully demonstrated for more complex systems, and
for this electro-catalytic interfaces is a natural next step.
The second project of the thesis focuses on how computer simulations can be used in the discovery of new
materials with superior applications for clean energy technologies. The idea of using them in this context is
by no means new, as demonstrated in numerous screening studies of materials for e.g. optimal solar light
capture [5], battery cathodes [7] or as catalysts for important electrochemical reactions [11–13]. Due to
the vastness of chemical space these have, however, barely scratched the surface of the enormous body of
hypothetical materials that can be simulated. In fact, a 2004 Nature Insight [14] estimated the number of
possible, small organic molecules to exceed 1060 - a number so large that it might as well be considered infinite
when compared to the number of such molecules we would ever have time to synthesize. It is therefore not
surprising that high throughput screening of materials for targeted technological applications has been one
of the hottest topics in materials science over the past decade. This excitement has been further catalyzed
by the discovery of exotic low-dimensional materials such as graphene and carbon nanotubes [15, 16], which
offer a high degree of tunability compared to traditional bulk materials and greatly increase the already vast
chemical space of hypothetical materials waiting to be discovered. Indeed, because of the general expectation
that low-dimensional materials will have superior properties in a range of technologies, a large number of
computational databases have already emerged containing thousands of materials [17–19] with potentially
superior qualities as catalysts, battery cathodes or as solar cell components. In this project we propose to
add inorganic nanotubes to this list of candidates. While nanotubes are perhaps mainly associated with the
one-dimensional microtubules of graphitic carbon discovered by Ijima in 1991 [20], they have in fact also been
synthesized in a range of different chemical forms and found to have a wide range of applications in areas
such as catalysis, gas separation and capture and optoelectronics [21, 22]. As many of these are key areas in
the green energy transition, the computational discovery and subsequent characterization of such nanotubes
could prove important within the realm of clean energy materials research.
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Outline of thesis
The overarching topic of this dissertation is the computational modelling and discovery of clean energy materi-
als. Based on the two research projects motivated above, I have deliberately chosen a bisected thesis structure,
where the description of each of these constitute its two main parts:

Part I: Modelling the water/Pt(111) interface with neural network potentials
This part describes the first research project of the PhD, which focuses on how machine learned potentials
may be used to broaden our understanding of complex systems relevant to the field of electro-catalysis.
This is demonstrated in a computational study of the water/Pt(111) interface, where the possibility of
using neural network potentials (NNPs) to accelerate molecular dynamics (MD) simulations is investi-
gated. The research carried out in this context is summarized in two chapters, where the first revolves
around modelling the structure of the water/Pt(111) interface at room temperature. Motivated by the
conclusions from this analysis, the subsequent chapter then investigates the possibility of using NNPs
to also model the presence of hydroxyls at the interface.

Part II: Inorganic Janus nanotubes - stability and electronic properties
This part describes the second research project of the PhD, which focuses on the computational dis-
covery and characterization of inorganic Janus nanotubes - a novel class of low-dimensional materials,
which have been hypothesized to have superior applications in a wide range of areas related to clean
energy materials research. The research carried out in this context is summarized in two chapters, where
the first demonstrates how the combination of workflows and DFT may be used to efficiently predict
the stability and optimal radius of a large number of hypothetical nanotube structures. The second
chapter then provides a more detailed investigation of the electronic properties of MoSTe nanotubes,
which based on the screening study were deemed particularly interesting for further investigation.

Aside from the chapters described above, the thesis also contains an initial chapter dedicated to a condensed
summary of the theory and methods employed as well as a final chapter concluding on the main findings and
providing an outlook of the many interesting questions that should be pursued in future work. Finally, it
should be noted that this thesis is by no means intended as a monograph, as also elucidated by its bisected
structure. Rather, the individual chapters can be read as separate studies based on my published papers and
manuscripts, which have typically been extended to provide more details and subjected to minor modifications
such that they fit into the overall storyline.
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1
Theory and methods

Info: This stand-alone chapter serves as a condensed summary of the main theory and methods employed
throughout the thesis.

i

1.1 Electronic structure theory
In the following, a brief introduction to electronic structure calculations, with emphasis on Kohn-Sham DFT,
is given. This part is largely inspired by the textbooks of Kohanoff, Martin and Engel and Eberhard [24–26],
and the interested reader is referred to these for further details. Spin and relativistic effects have for the sake
of simplicity been omitted, as these are not relevant for the calculations performed in this thesis.

The Schrödinger equation
With the development of the quantum mechanical theory of matter in the early 20th century, a general
framework for determining the properties of a physical system was laid. The cornerstone of this is the time-
dependent Schrödinger equation:

ĤΨ = iℏ∂Ψ
∂t
. (1.1)

Here Ĥ denotes the Hamiltonian of the system, which has the following form:

Ĥ = −
P∑

I=1

ℏ2

2MI
∇2

I −
N∑

i=1

ℏ2

2m∇2
i + e2

2

P∑
I=1

P∑
J ̸=I

ZIZJ

|RI − RJ |

+e2

2

N∑
i=1

N∑
j ̸=i

1
|ri − rj | − e2

P∑
I=1

N∑
i=1

ZI

|RI − ri|
+ Vext(r), (1.2)

5



6 | Chapter 1. Theory and methods

Figure 1.1: Ground state PES of a water dimer calculated by altering two of the five different
Euler angles describing the relative orientations of the two water molecules. Figure taken
from [27] and reprinted with permission.

where R = {RI , I = 1, ..., P} denotes a set of nuclear coordinates, r = {ri, i = 1, ..., N} a set of electronic
coordinates and ZI and MI are the nuclear charges and masses, respectively. The term Vext(r) allows the
electrons to couple to an external field.

The Born-Oppenheimer approximation and potential energy surfaces
In practice (1.1) turns out to be unsolvable for all but a few idealized cases, and one therefore almost always
resorts to a number of different approximations before applying it. In this context, the most widely used
simplification is the Born-Oppenheimer approximation [28], which is motivated by (i) the large difference in
mass between electrons and nuclei (ii) the strong localization of the nuclei compared to the typical interatomic
distance of ∼ 1Å1.
Motivated by (i), the Born-Oppenheimer approximation decouples the electronic and nuclear degrees of free-
dom by assuming that the electrons instantaneously adjust their positions to the movement of the nuclei,
while remaining adiabatically in the same electronic states ψn(r; R). These states satisfy a time-independent,
electronic Schrödinger equation

ĥψn(r; R) = En(R)ψn(r; R),

ĥ = −
N∑

i=1

ℏ2

2m∇2
i + e2

2

N∑
i=1

N∑
j ̸=i

1
|ri − rj | + νext(r; R), (1.3)

where the nuclear degrees of freedom R now enter parametrically as opposed to in (1.1), and we have defined
νext(r; R) = Vext(r) − e2 ∑P

I=1

∑N

i=1
ZI

|RI −ri| to concur with standard practice in literature.
Motivated by (ii), it is furthermore assumed that the nuclei can be treated as classical particles. As shown

1Even for the most unfavourable case of single proton the typical thermal wavelength at room temperature is
λT = ( ℏ2

2MkBT
)1/2 ∼ 0.2Å.
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by [24], this leads to a set of classical equations of motion for the movement of each nucleus

MI
d2RI

dt2
= −∂En(R)

∂RI
− ∂VNN (R)

∂RI
= −∂En(R)

∂RI
= Fn,I , I = 1, ..., P, (1.4)

where En(R) are the electronic energy levels of (1.3) and VNN (R) is the inter-nuclear interaction term in
(1.1).
Consequently, within the Born-Oppenheimer approximation the nuclei move on the so-called potential energy
surfaces (PES), En(R), defined by the solutions of (1.3), and there is an equation of motion for each adiabatic
electronic state governed by the forces, Fn,I . This concept is illustrated in Fig. 1.1, which shows a cut through
the 12-dimensional ground state PES of a water-dimer with the most stable and a metastable geometry
indicated. In general such structures may be found as solutions to the stationary problem ∇E0(R) = 0. This
is termed a geometry optimization or a structural relaxation.

Kohn-Sham density functional theory
While the Born-Oppenheimer approximation reduces the original Schrödinger equation (1.1) to the more
tractable electronic version (1.3), solving the latter still represents a complex many-body problem. The most
widely used method for doing so is Kohn-Sham DFT, which forms the basis for the electronic structure
calculations performed in this thesis.
The theoretical foundation for DFT relies on the Hohenberg-Kohn theorems [29], which state that the total
energy of (1.3) is a unique functional of the electron density, ρ(r) =

�
dr2dr3..drN |ψ(r, r2, r3, ..., rN )|2, and

may be variationally optimized to obtain the ground state total energy. In Kohn-Sham DFT this total energy
functional has the following form

EKS [ρ] = T [ρ] + EH [ρ] +
�
ρ(r)νext(r)dr + EXC [ρ], (1.5)

where EH is the classical Hartree energy and T [ρ] is the non-interacting kinetic energy calculated based on an
auxiliary set of Kohn-Sham orbitals, {ϕi}. These satisfy a set of single-particle Schrödinger equations, which
are designed to reproduce the ground state density of the interacting system [30]:

[
− ℏ2

2m∇2 +
�

ρ(r′)
|r − r′|dr′ + νext(r) + νXC(r)

]
ϕi(r) = εiϕi(r) , νXC(r) = δEXC

δρ
. (1.6)

In practice these must be solved self-consistently for the single-particle density and Kohn-Sham potential
νXC(r).
Finally, EXC [ρ] denotes an unknown term encompassing the effects of exchange and correlation, which must be
approximated by a suitable analytical expression. The latter has resulted in a hierarchy of different functional
approximations, which are often pictured on a biblical Jacob’s ladder as in Fig. 1.2. In this analogy each
rung on the ladder signifies an increase in the level of sophistication of the functional (but typically also in
computational complexity) starting with the local density approximation (LDA) [29], where EXC depends on
the local density as a homogeneous electron gas, over generalized-gradient approximations (GGAs) [31, 32],
which incorporate spatial variations in the density through its gradients ending with functionals based on the
random phase approximation (RPA) [33,34], which resemble traditional many-body theories.
All work presented in this thesis is based on the widely used Perdew-Burke-Ernzerhof (PBE) functional [32],
which belongs to the GGA-functionals pictured on the second rung of the ladder. This functional relies on
the following expression for the exchange correlation energy

EXC =
�
d3r ρ(r)

(
εLDA

x (ρ)FX(s) + εLDA
C (ρ) +H(ρ, t)

)
. (1.7)
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Figure 1.2: Jacob’s ladder of density functional approximations, where each step on the
ladder corresponds to an increase in sophistication but also in computational complexity.
Figure taken from [35] and reprinted with permission.

Here εLDA
x (ρ), εLDA

c (ρ) are the LDA-expressions [29] for the exchange- and correlation energy densities,
respectively, while FX(s) is an enhancement factor due to gradients in the density, which is given by

FX(s) = 1 + κ− κ

1 + µs2/κ
, s = |∇ρ(r)|/(2kF ρ).

Here µ = β(π2/3) = 0.21951, β = 0.066725 and κ = 0.804 and kF is the Fermi wave vector. Finally H(ρ, t)
has the following form

H(ρ, t) = (e2γ/a0) ln
(

1 + βt2

γ

( 1 +At2

1 +At2 +A2t4

))
, t = |∇ρ(r)|/(2ksρ),

with γ = 0.031091, A = β
γ

(
e−εLDA

C (ρ)/(γe2/a0) − 1
)−1

and ks the Thomas-Fermi screening wavenumber.

Dispersion corrections

A known shortcoming of semi-local functionals such as the PBE functional [32] are their inability to cor-
rectly describe long-range van der Waals (dispersion) forces [36], which are important for chemically accurate
description of a wide range of systems [37, 38]. This has led the physics and chemistry community to seek
different methods for including these [39–43]. For the calculations presented in this thesis the widely used
DFT-D3 method [40] has been employed. This method incorporates van der Waals interactions on top of
standard DFT in an additive fashion, where the electronic energy of (1.3) is written as

EDFT-D3 = EKS − Edisp, (1.8)
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where the first term is the standard Kohn-Sham total energy of (1.5) and the second term is a dispersion
correction. The latter is given by a sum of two-body terms2

Edisp =
∑
AB

∑
n=6,8,10,

sn · C
AB
n

rn
AB

· fd,n(rAB),

where the first sum runs over all atom pairs AB in the system, sn denote a set of scaling coefficients and CAB
n

a set of averaged nth order dispersion coefficients. Finally, fd,n is a damping function, which has the form:

fd,n(rAB) = 1
1 + 6(rAB/(sr,nRAB

0 ))−αn
,

where sr,n, RAB
0 , αn are parameters. For the values of these and further details on the method the reader is

referred to [40].

Solving the electronic problem in practice
So far we have provided an ultra-short summary of important aspects of electronic structure theory without
providing any guidelines to how one should go about solving the electronic structure problem in practice.
Doing so represents a complicated numerical task, and the reader is referred to the books of [24–26] for a
detailed summary of the decades of research on this problem. Within the scope of this thesis, it suffices to
mention that all DFT calculations described in the proceeding chapters were performed using the Vienna Ab
Initio Simulation Package (VASP) [44], which solves the Kohn-Sham electronic structure problem within the
projector-augmented wave method [45,46] using plane wave basis sets. The generation of the structures used
as input to the VASP code was done via the Atomistic Simulation Environment (ASE) [47], which is a library
of Python tools for manipulating, visualizing and analyzing atomic structures.

2In the original work of [40] a less important three-body term is also included, but it is unknown to the author whether
this is included in their numerical implementation. The one used in this thesis is based on the implementation in the
VASP code [44], which seems to only include the two-body terms (see https://www.vasp.at/wiki/index.php/DFT-D3).

https://www.vasp.at/wiki/index.php/DFT-D3
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1.2 Molecular dynamics
The following section presents a condensed summary of the main idea behind the MD method. Since this is
based on a classical treatment of the nuclei, the theory presented here is based on the limit ℏ → 0. In general
this is an excellent approximation whenever 1/β = kBT >> ℏω, where ω denotes the frequency of the fastest
vibration in the system. This part is largely based on the textbook of Frenkel and Smit [48], and the interested
reader is referred to this for further details.

The ergodic hypothesis
According to classical statistical mechanics, the thermal average of an observable, A, within the canonical
(NVT) ensemble is given by

⟨A⟩ = 1
Z

�
A(R,P)e−β(

∑N

i=1

P2
i

2Mi
+U(R))

dRdP. (1.9)

Here R = {Ri, i = 1, ..., N},P = {Pi, i = 1, ..., N} denote the positions and momenta for a system of N
particles, while U(R) is its potential energy function and Z denotes its classical partition function.
As the analytical form of (1.9) is unknown except for a few idealized cases, it must in practice be estimated
using a statistical sampling method. Such methods rely on the assumption that (1.9) may be calculated by
averaging the value of A over a sufficiently large number of samples, {Ai} obtained by monitoring its time
evolution

⟨A⟩ = lim
M→∞

1
M

M∑
i=1

Ai. (1.10)

This is often referred to as the ergodic hypothesis.

Molecular dynamics simulations
Molecular dynamics is a widely used simulation method, which can be used to calculate averages of the
form (1.9). In a MD simulation the system is prepared in some initial state, and its time evolution is then
monitored by integrating the classical equations of motion provided by the potential energy function U(R).
In the special case, where U(R) is given by the Born-Oppenheimer PES of (1.4), the term ab initio molecular
dynamics (AIMD) is typically employed.
Irrespective of how U(R) is obtained, the integration of the corresponding equations of motions must be
performed numerically for all but a few idealized cases. In practice this is done by choosing a discrete time
step ∆t, which is then used to incrementally evolve the positions and velocities of the particles for the system
in question. Different numerical schemes for doing so have been proposed in literature such as e.g. the Verlet
method, the Leap Frog Algorithm and the Beeman algorithm [48–50]. Among these the simplest and most
popular is the Verlet method, which is also employed for the calculations performed in this thesis. In this
scheme the position of the ith particle Ri is updated according to:

Ri(t+ ∆t) = 2R(t) − R(t− ∆t) + Fi(t)
Mi

· ∆t2, (1.11)

where Fi denotes the force on particle i. It may be shown that this integration scheme has a range of appealing
properties such as preserving volume in phase space, being time reversible as well as not suffering from long-
term energy drift [48].
As the integration of Newton’s equations of motion is energy-conserving by construction, a plain MD simulation
will generate structures within the microcanonical (NVE) ensemble, which can not be used to calculate a
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canonical ensemble average of the form (1.9). To be able to do this, most MD simulations apply a so-called
thermostat, which mathematically can be seen as a modification of the basic MD scheme with the purpose of
maintaining a constant average temperature. In literature several types of thermostats have been suggested
such as e.g. the Andersen and Langevin thermostats [51, 52] which mimic the effect of a heat bath through
stochastic forces on the particles, or the Nosé-Hoover thermostat, where the coupling to a heat bath is achieved
by the introduction of a set of artificial degrees of freedom [53, 54]. In this thesis both the Nosé-Hoover and
Langevin thermostats are employed.

Performing molecular dynamics simulations in practice
Thus far, we have summarized the main idea behind MD simulations without giving much attention to how one
should perform these in practice. Within the scope of this thesis, it suffices to mention that all MD simulations
were performed using either the VASP code [44] (all AIMD simulations) or the Lammps code [55] (all MD
simulations based on ML potentials). Both of these codes integrate the classical equations of motions using
Verlet time stepping [49] and give access to a range of different thermostats for controlling the temperature
during the simulations. In all cases, the input structures for the simulations were prepared using ASE [47].
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Figure 1.3: General overview of how ML potentials are constructed. Figure taken from [58]
and reprinted with permission.

1.3 Machine learned potentials
This section provides a short summary of the most important theory behind ML potentials. As the motivation
for their use has already been covered in the introductory part, this section is focused on more theoretical
and technical aspects pertaining to these. Special attention is given to NNPs based on the Behler Parinello
formalism [56], as these form the basis for the majority of the results presented in this work. This section is
largely based on the reviews of Behler [57] and Deringer, Caro and Csányi [58].

Machine learned potentials in a nutshell

The fundamental idea behind ML potentials is that the Born-Oppenheimer PES in (1.4) may be constructed
by interpolation through a finite set of data points. As shown in Fig. 1.3 this is typically done in a three-step
procedure, which involves (1) the construction of a reference database of structures with associated quantum
mechanical data (2) the transformation of the structures into a form suitable as input to a regression model
(3) the fitting of a regression model to the transformed database of reference structures. Below we describe
each of these steps in some detail.

1. Construction of the reference database

In this step a suitable set of reference structures (black dots in Fig. 1.3) are selected for which the elec-
tronic structure problem (1.3) is solved. As ML potentials are data-driven it is crucial that the selected
structures densely cover all relevant parts of configuration space, while being few enough that determining
their electronic properties does not become computationally prohibitive. In literature various strategies for
doing so have been proposed ranging from simple manual sampling over iterative schemes [56, 59] to more
advanced global search schemes [60–62].

2. Structure transformation

The second step, typically referred to as "featurization" or "fingerprinting", involves the transformation of
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a b c

Figure 1.4: (a) Illustration of a representation based on the local environment of an atom.
(b) Schematic of a NN. (c) Illustration of a kernel-based regression method, where the global
energy of structure is a linear combination of similarity measures. Figure taken from [58]
and modified with permission.

the spatial coordinates of the reference structures into a representation which makes them suitable as in-
put for a regression model. It has been found in practice that a useful representation should fulfill various
symmetry requirements, namely translation, rotational and permutational invariance. Motivated by the “near-
sightedness” of electronic structure [63], this has almost exclusively been done by employing descriptors, which
describe the local environment of each atom up to a cutoff radius as shown in Fig. 1.4 (a). The literature on
such local representations is vast and the reader is referred to the works of [64–66] for further details.

3. Fitting of a regression model

The final step involves the actual machine learning task, in which the database of symmetry-invariant struc-
tures is fed to a suitable regression model and used to construct a smooth surrogate PES. Historically, the
most widely used regression models for this task have been neural networks (NNs) and kernel-based methods
(Fig. 1.4 (b) and (c)). Each of these frameworks has resulted in a large variety of different ML potentials
among which the Behler-Parinello potentials [56] and Gaussian approximation potentials (GAPs) [56, 67] are
the most famous. In either case, the construction of the surrogate PES is almost always based on a locality
ansatz, where the global energy of (1.3) is assumed to be decomposable into a sum of local atomic energies:

E =
N∑

i=1

εi(Gi). (1.12)

Here we use εi(Gi) to indicate an atomic energy, which depends on its local environment through a vector of
symmetry-invariant coordinates, Gi.

Long-range interactions
While ML potentials based on the local expansion in (1.12) have been used in successfully modelling the
properties of a range of systems [58], they ultimately lack the long-range terms implicitly contained in the
electronic structure problem of (1.3). This is in particular true for the NNPs described in the next paragraph,
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Figure 1.5: Illustration of the scheme proposed by Deringer and Csányi [9] to assess the
locality of a system. Figure taken from [9] and reprinted with permission.

which form the basis for many of the results presented in this thesis. While the effects of neglecting long-range
interactions and possible ways to include them is largely beyond the scope of this thesis (the interested reader
is referred to e.g. [10,23,68,69]), it is useful to have a method for estimating the size of these as this forms an
upper bound for the quality one can expect to obtain when fitting a local ML potential. For this purpose we
mention the locality test proposed by Deringer and Csányi [9], which is a heuristic scheme for estimating the
long-range character of a particular physical system that we will make use of in later parts of this thesis. As
shown in Fig. 1.5, the idea of their procedure involves choosing a central atom and fixing every atom within a
distance of rfix from this. By then perturbing atoms outside this frozen sphere and monitoring the standard
deviation of the force on the central atom for different values of rfix an estimate of the long-range character
of the system is obtained.

Neural network potentials
Fig. 1.6 (a) displays the structure of the NNPs3 first described by Behler and Parinello [56]. These are
based on a series of atomic NNs, which take as input the coordinates of each atom, outputs a set of atomic
energies and finally sums them according to (1.12). Atomic NNs that represent atoms of the same element
type have the same topology and set of weight parameters. The input to these are a set of vectors {Gi}
obtained by transforming the individual atomic coordinates {Ri} to a symmetry-invariant representation.
This transformation is achieved through a set of radial, G2, and angular, G4, symmetry functions, which have
the form4:

G2
i =

atoms within Rc∑
j ̸=i

e−η(rij −Rs)2
· fc(rij). (1.13)

G4
i = 2ζ−1

atoms within Rc∑
j ̸=i,k
k ̸=i,j

(1 + λ · cos(αijk))ζ · e−η(r2
ij +r2

ik
+r2

jk
) · fc(rij)fc(rik)fc(rjk). (1.14)

Here the summation indices j and k run over all atoms inside the cutoff radius, Rc, of atom i, with r, α denoting
interatomic distances and angles, respectively. Furthermore fc(r) denotes a cutoff function, which, along with

3In the original paper by Behler and Parinello [56] these are referred to as high-dimensional neural network potentials.
Throughout this thesis we will simply refer to them as NNPs.

4Alternative forms have also been suggested and the reader is referred to [65] for a complete list.
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a b

Figure 1.6: (a) Schematic view of the NN structure proposed by Behler and Parinello [56].
(b) Plots displaying the radial G2 and angular G4 symmetry functions for various values of
the hyperparameters η, λ and ζ. Figure taken from [71] and modified with permission.

its slope, goes to zero at Rc. Different forms of this cutoff function have been suggested in literature [65, 70].
Finally, the parameters η, λ, ζ, Rs are hyperparameters, which may be used to tune the functional forms of
(1.13), (1.14) as shown in Fig. 1.6 (b). When constructing a NNP, a grid of values for these hyperparameters
is constructed, and the values of G2

i , G
4
i for each grid point is then used to construct the input vector Gi. For

a multielemental system containing atoms of type say A, B, C, this must be done for all element combinations
(e.g. A-A, A-B, A-C, B-B, B-C, C-C for the radial components).
We finally note that while the NN structure in Fig. 1.6 (a) is designed to output the global energy of (1.12),
it may in fact also be used to predict the forces in (1.4). Indeed by application of the chain rule to (1.12) we
find that:

Fi = − ∂E
∂Ri

= −
∑

j

∂εj

∂Ri
= −

∑
j

∂εj

∂Gj
• ∂Gj

∂Ri
, (1.15)

which shows that forces may be obtained as output from the NN structure in Fig. 1.6 provided that spatial
derivatives, ∂Gj

∂Ri
, of the symmetry functions of (1.13), (1.14) have been calculated5, and the gradients ∂εj

∂Gj

can be obtained as output from the NN.

Fitting neural network potentials in practice
So far, we have described the formal theory behind NNPs without giving much attention to the numerical
challenges associated with fitting these. In the language of machine learning, this constitutes a supervised
learning task in which the numerical values of NN weight parameters in Fig. 1.6 (a) are optimized to reproduce
the energies and forces of a set of training structures. Assuming that a suitable training set of N structures
is available, this is typically done via the optimization of a mean squared error loss function of the form

Γ = 1
N

N∑
i=1

[
(Ei

NNP − Ei
Ref)2 + λ

3N i
atoms

N∑
j=1

(Fi,j
NNP − Fi,j

Ref)
2
]
, (1.16)

where the outer sum runs over the available structures, and the inner sum runs over the atoms in each structure
containing a total of N i

atoms atoms. Finally, λ is a parameter balancing the relative weight of the forces and
energies during the optimization.
In practice the optimization of the NN parameters via (1.16) represents a complex numerical optimization
problem, where choices have to be made about e.g. what optimization algorithm to use, how frequently
the weight parameters should be updated (batch learning vs online learning), how energies and forces are

5Analytical expressions for these can be found in e.g. the supplementary information of [70].
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weighted relative to each other etc. The literature on optimal strategies for approaching this multi-component
optimization problem is vast, and the reader is referred to the works of [57, 72] for comprehensive reviews
within the framework of NNPs. Within the scope of this thesis, it suffices to mention that the fitting of NNPs
was performed using the RuNNer code [57, 65], which is a stand-alone Fortran program for the construction
of NNPs. To use the fitted NNPs for performing MD simulations, the n2p2 package [72, 73] was employed,
which provides an interface for using these within the Lammps code [55].



Part I

Modelling the water/Pt(111)
interface with neural network

potentials
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Motivation

As mentioned in the introductory part the development of clean energy technologies is closely tied to the field
of electro-catalysis. The reason for this is that irrespective of how future clean energy forms such as solar, wind
or wave energy are harvested, the conversion of these into valuable chemicals and fuels for the industry and
transport sector will require the development of efficient catalysts to facilitate the relevant chemical reactions.
The most important example of this is perhaps proton-exchange membrane fuel cells, where intense effort
has been put into the search of materials that can efficiently catalyze the oxygen reduction reaction taking
place the complex interface between a metallic electrode and an aqueous electrolyte [2, 74]. In this context,
Pt electrodes have played a crucial role as they were recognized early on to exhibit good electro-catalytic
performance and continue to be widely used in modern fuel cell technologies. This historical importance has
naturally resulted in an immense scientific interest in the study of Pt-containing systems. This is in particular
true for the water/Pt interface, whose central importance to electro-catalysis has made it one of the most
well-studied water/metal interfaces in literature. Nevertheless, many aspects of this interface are still not well
understood, and it therefore provides a natural starting point for any attempt at understanding the complex
physics and chemistry of electro-catalytic interfaces.
This part of the thesis describes the first research project of the PhD, which is focused on MD simulations
of the water/Pt(111) interface with NNPs. This is summarized in two chapters, where the first of these
describes a study of the water/Pt(111) interface aimed at clarifying its structure and ordering. Motivated by
the conclusions of this, the subsequent chapter then presents an analysis of the room-temperature structure
and energetics of mixed water-hydroxyl layers on Pt(111).
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2
Structure of the water/Pt(111) interface

Info: This chapter is a slightly modified version of the paper Is the water/Pt(111) interface ordered at
room temperature? written by me (main author), Tejs Vegge, Jakob Schiøtz and Karsten W. Jacobsen,
which has been submitted to The Journal of Chemical Physics and is under revision. My contribution
to this work was carrying out all the calculations and data analysis as well as writing the initial paper
draft. The current version of the paper is included as paper I at the end of the thesis.

i

2.1 Introduction
Water-metal interfaces are ubiquitous in nature and relevant to a broad range of technological areas such as
corrosion, electro-catalysis, environmental chemistry and lubrication [75, 76]. Over the past decades, this has
led to a huge interest within the scientific community on developing accurate theoretical and computational
models that can help to understand the relevant physical and chemical processes that take place in these
systems.

Within the field of electro-catalysis, water-metal interfaces are particularly important due to the widespread
use of aqueous electrolytes. In this context, the water/Pt interface is often considered a "benchmark" system, as
Pt-based electrodes are used extensively in modern electrochemical devices such as proton-exchange membrane
fuel cells [2,74,77]. Because of this a detailed theoretical understanding of the water/Pt interface has been of
particularly high interest, which has resulted in a plethora of computational studies at different levels of theory
ranging from classical force fields [78–80] to ab initio methods [81–86]. However, there are still questions that
remain to be addressed. In particular, accurately modelling the dynamic nature of the water layer at ambient
conditions presents a major obstacle due to the high computational cost of ab initio based methods [87, 88].
To circumvent this problem, the majority of such studies do not include the liquid water layer explicitly.
Instead it is typically replaced by the wetting layer that water has been hypothesized to adapt on Pt(111) at

21



22 | Chapter 2. Structure of the water/Pt(111) interface

Original bilayer structure Co-planar bilayer structure(a) (b)

Figure 2.1: (a) Original bilayer structure proposed by Doering et al. [89] as well as the co-
planar version suggested by Ogasawara et al. [91]. Water molecules with hydrogen atoms
pointing up or down have been colored blue to distinguish them from the planar ones. Figure
taken from [91] and reprinted with permission. (b) STM measurement of the water/Pt(111)
interface by Nie et al. [93] and the proposed structure based on this. Figure taken from [75]
and reprinted with permission.

ultra-high-vacuum (UHV) conditions [81–84]. As shown in Fig. 2.1 (a), this structure is typically taken to be
an ordered co-planar bilayer structure, where the water molecules form a honeycomb

√
3 ×

√
3 R30◦ pattern

with 2/3ML coverage similar to the traditional bilayer structure proposed by Doering et al. [89]. While this
structure is supported by some experimental and theoretical evidence [90–92], it has been a subject of debate
over the past decades [75]. The present understanding is that the wetting layer on Pt(111) is a more complex
mixture of pentagonal, hexagonal and heptagonal rings of water molecules [93–95] as shown in Fig. 2.1 (b).
Regardless of whether bilayer-like models provide a reasonable description of the water/Pt(111) interface at
UHV, serious doubt may still be raised about whether they provide a realistic framework for modelling it at
the relevant operating conditions of electrochemical devices. Consequently, several attempts have been made
in recent years at explicitly including the liquid water layer through the use of AIMD [85, 87, 88, 96–98]. The
problem with this is, however, that compared to classical force field approaches, AIMD suffers from large
computational requirements, which ultimately limits such studies to small system sizes and short time scales.
This can be problematic since it may lead to insufficient thermal sampling of important quantities of interest
such as e.g. the structure of the interface or adsorption energies [87, 96].
Based on the above, it is clear that methods which can overcome the sampling problems of AIMD while
retaining ab initio accuracy would provide an exciting new platform for modelling the water/Pt interface.
This is the topic of this chapter, where we conduct a room-temperature MD study of the water/Pt(111)
interface based on the NNPs described in Section 1.3. In doing so, we will address questions such as: How
does one meaningfully characterize the structure of the water/Pt(111) interface at room temperature? Does it
resemble an ordered bilayer similar to that of Fig. 2.1 (a)? And if not, does it display signs of local ordering?
We will furthermore discuss the relevant physical time scales of the system and whether the conclusions
obtained here are beyond the scope of conventional AIMD.
The chapter is structured as follows: In Section 2.2 we describe the theory and computational details behind
our methodology such as the structure of the employed NNPs, the construction of the dataset used to train
them as well as the parameters of the MD simulations. In Section 2.3 we then describe the results obtained
based on the questions above.
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2.2 Computational methodology

Neural network potential ensemble

The core of our computational framework is an ensemble of NNPs based on the Behler Parinello formalism [56]
described in Section 1.3. The NNP ensemble consists of three NNPs all fitted using the RuNNer code [57,65],
where we employed the same set of symmetry functions as used in a previous NNP study of water on low-index
Cu surfaces [99]. A table of these as well as a detailed description of the extensive tests performed to ensure
the best possible NNP fits can be found in Appendix A.
To make the construction of the ensemble as unbiased as possible we trained each NNP based on (i) different
random partitionings of our database into a training (test) set comprising 75% (25%) of the available structures,
(ii) different random seeds, (iii) different NNP architectures by varying the number of nodes in each hidden
layer and the activation function between these. The architecture of each NNP as well as the training and test
errors are reported in Table 2.1. The latter are comparable to training and test errors reported for similar
studies using NNPs [10, 99]. The RuNNer input file used to train each NNP as well as the optimized weights
and symmetry function scaling files are publicly available and can be accessed via [100].

Architecture ERMSE [eV/atom] FRMSE [eV/Å]

NNP1 30-30 (s-s-l) 0.0009(0.0009) 0.076(0.076)
NNP2 30-25 (t-s-l) 0.0009(0.0009) 0.070(0.070)
NNP3 30-35 (t-s-l) 0.0011(0.0011) 0.069(0.069)

Table 2.1: Summary of the architecture and training and test errors of the energies and
forces for each NNP in our ensemble. For the architectures (first column), the number of
nodes in each hidden layer is displayed as X-Y-Z etc. (i.e. 30-30 indicates two hidden layers
with 30 nodes in each) and the activation functions used are indicated in parenthesis, where
t, s and l are abbreviations for tanh, sigmoid and linear, respectively. For the training and
test errors (second and third column) the first number is the training error and the second
in parenthesis is the test error.

Database construction

All NNPs were obtained by fitting a dataset of 48 041 structures consisting of a 3 × 4 orthogonal Pt(111)
slab with a water layer of 32 water molecules. The database was constructed in an iterative manner starting
from small AIMD-generated data sets of roughly 1000 structures, which were then gradually expanded by
performing MD simulations up to 10ns with preliminary NNP fits and sampling uncorrelated structures from
these. This process was done to ensure that the final database of structures was sufficiently dense across the
variety of configurations encountered over long time scales.
The structures were set up using ASE [47], and their energies and forces were determined using the PBE
functional [32] combined with the D3 van der Waals correction [40] as implemented in VASP [44]. We
employed a plane wave basis set with an energy cutoff of 350 eV and 2 × 2 × 1 k-points. The database is
publicly available and can be accessed via [100].
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Figure 2.2: (a) Learning curve displaying the error in the energies (blue line) and forces (red
line) on a fixed test set as the training set is systematically expanded. (b) A measure of the
locality of the water/Pt(111) interface based on the procedure of Deringer and Csányi [9].

Model and dataset limitations

As discussed in Section 1.3, NNPs are data-driven and rely on a local atomic energy decomposition, which
inevitably results in discrepancies between a NNP-fitted PES and that of the underlying first-principles refer-
ence. This observation explains our choice of constructing an ensemble of NNPs, which, through the spread
of their predictions, will allow us to assess the uncertainty of our approach.
To analyze the significance of long-range interactions and dataset limitations further, we have calculated the
learning curve for our dataset and estimated the long-range character of our system. The learning curve was
determined by setting aside a fixed test set of 18 041 structures chosen randomly from our database, and then
incrementally expanding the training set using the remainder of the database, while monitoring the error on
the forces and energies. As shown in Fig. 2.2 (a) the error in the forces and energies on the fixed test set drops
rapidly as a function of training set size up to around only ∼ 100 structures after which the improvement
is much more modest. At first sight, this would appear to suggest that the construction of a large database
of structures is redundant, and that we could have done equally well with a much smaller subset of training
structures. We have, however, found it necessary to have a large training set such as the one employed here.
Otherwise the MD simulations would not be stable for extended time scales, probably due to the NNP poten-
tial giving unreasonable results when it occasionally encounters configurations that are not sufficiently close
to numerous points in the training set.
To assess the role of long-range interactions, we have estimated the locality of our system using the procedure
suggested by Deringer and Csányi [9] (see Section 1.3), where the standard deviation of the force, σF, on a
chosen central atom is monitored as a function of the radius, rfix, of a fixed frozen sphere around it. In our
case, we focused on the O, H and Pt atoms shown in Fig. 2.2 (b) and performed calculations in a 2 × 2
× 1 unit cell compared to the computational cell of the training structures (1 × 1 × 1 k-points were used for
consistency) to be able to investigate values of rfix up to 8Å. Evidently, the standard deviation of the force
decays quickly as a function of rfix, but does not go to zero even for values as large as rfix = 8Å, indicating
that our system exhibits some long-range character. By closer inspection it is found that the curves saturate
at values around ∼ 0.03eV/Å, and as this value is comparable in magnitude to the saturation value of the
force error in Fig. 2.2 (a), we conclude that long-range interactions are what limit the quality of our model.
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Molecular dynamics simulations
MD simulations with our NNPs were performed with the Lammps code [55] using the interface provided by
the n2p2 package [72,73]. We performed constant temperature MD at 350K within the NVT ensemble using
a Nosé-Hoover thermostat [53, 54] with a characteristic damping time of 40 time units. We used a slightly
elevated temperature for our simulations, as the PBE functional is known to overestimate the melting point of
water [101]. Integration of the classical equations of motion were performed using Verlet integration [49] with
a time step of 0.5fs, and for all simulations we discarded the initial 100ps to ensure proper equilibration. To
prevent the rare desorption of water molecules from the water layer onto the opposite side of our Pt slab an
elastic wall in the upper part of the vacuum layer was used. Finally, we performed extensive tests to be certain
that our results do not depend sensitively on our choice of MD simulation parameters. In particular, we tested
different choices of the characteristic damping time of our Nosé-Hoover thermostat (40, 100 and 1000 time
units) as well as the same damping times with a Langevin thermostat [52]. In all cases they produced very
similar results for the neighbor averages and characteristic time scales calculated in the next section. The
results of the thermostat tests are reported in Appendix B.

2.3 Results

Validation of the neural network potential ensemble
To validate the quality of our NNP ensemble we analyzed its ability to reproduce the same structural features
of the water/Pt(111) interface as predicted by the AIMD studies of Kristoffersen et al. [87]. The results of this
analysis are shown in Fig. 2.3 (a), where we display selected radial distribution functions (RDFs) obtained
by performing MD simulations with our NNP ensemble for the same system as in [87] consisting of a 8.3Å
× 9.6Å × 36Å unit cell with a 4-layered orthogonal Pt slab and a water layer of 32 molecules. Evidently, there
is good agreement between the RDFs obtained from our NNP ensemble (solid lines) and AIMD (points).

Defining the interfacial layer
Having validated the quality of our NNP ensemble, we now turn to the question of how one should meaningfully
define the interface in our system. As a first step towards this we note that the Pt-O RDF displayed in the
top-right inset of Fig. 2.3 (a) exhibits a well-defined peak at ∼ 2.5Å, which suggests a meaningful definition
of oxygen atoms bound to the Pt(111) surface, OA. As a second step, we display in Fig. 2.3 (b), the planar
averaged density profile of water molecules as a function of distance from the Pt surface. This was obtained
by performing 3ns MD simulations with our NNP ensemble in a 33.2Å × 38.6Å × 50Å unit cell with a water
layer of 1024 molecules as shown in the inset. The density is characterized by a double-peaked structure
2Å-4.5Å away from the Pt slab, followed by a density depletion region after which it decays towards the bulk
density of water in an oscillatory fashion. This double-peaked structure has also been observed in AIMD
simulations [87] and in classical force field studies [79], though in the latter case the relative sizes of the two
peaks are reversed and their total surface coverage is predicted to be close to 1ML. As shown in Fig. 2.3 (b)
the double-peaked density profile close to the Pt slab naturally suggests a definition of the interfacial water
layer as being composed of a primary adsorption layer of the OA atoms defined in the inset of 2.3 (a), which
is coupled to a secondary adsorption layer of water molecules with oxygen atoms, OB , less strongly bound
to the Pt slab. Based on our simulations we have calculated the coverages corresponding to the primary and
secondary adsorption layers to be 0.15ML and 0.58ML, respectively. These values, which compare well with
the AIMD studies of Kristoffersen et al. [87], show that the interfacial structure is markedly different from
a bilayer, which would either give rise to two identical peaks with 1/3ML coverage each (traditional bilayer
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Figure 2.3: (a) Different RDFs of selected atomic-type pairs as predicted by AIMD (points)
and our NNP ensemble (lines). The widths of the curves reflect the spread in the ensemble
predictions. Inset shows a zoom-in highlighting the Pt-O RDF (obtained using the top layer
of the Pt(111) slab only) showing a clear peak due to surface bound oxygen atoms, OA. (b)
Planar averaged density profile of water molecules (normalized by the experimental density
of bulk water at 75◦C) away from the metal slab showing that the interface is characterized
by a double peak, which can be separated into water molecules belonging to oxygen atoms
of types OA (strongly bound), OB (weakly bound).

model by Doering et al. [89]) or a single peak with 2/3ML coverage (co-planar bilayer structure suggested by
Ogasawara et al. [91]). We have verified that this conclusion is not simply an artefact of a too high simulation
temperature by also performing MD simulations at 300K. Here we found essentially the same coverages for
the two peaks in Fig. 2.3 (b).

Order of the interfacial layer

In an attempt to characterize the ordering of the primary adsorption layer in Fig. 2.3 (b), and motivated by
the strong preference of the OA atoms to adsorb atop Pt sites [75], we have investigated the average number of
different types of neighbor pairs between the OA atoms as defined in Fig. 2.4 (a). The results of our calculations
are shown in Table 2.2, where we display the average numbers as predicted by our NNP-based MD simulations
and those obtained when the water molecules are distributed randomly on the Pt sites. Evidently the three
nearest neighbor averages, ⟨1N⟩, ⟨2N⟩, ⟨3N⟩ are suppressed relative to the non-interacting case, while the
neighbor pairs ⟨4N⟩, ⟨5N⟩, ⟨6N⟩ are correspondingly enhanced, indicating an effective repulsion between the
adsorbed water molecules. As shown in Fig. 2.4 (b), this repulsion manifests itself as a semi-ordered interfacial
structure in which the OA atoms (blue) are distributed homogeneously across the interface forming frequent
hydrogen bonds (gold-colored H atoms) with the OB (red) water molecules in the secondary adsorption layer.
By closer inspection it may also be verified that the interface exhibits characteristic hexagonal bonding patterns
similar to those found in conventional bilayers [89, 91] or the experimentally observed low-temperature

√
37

and
√

39 structures [93,94]. Based on this it is natural to ask whether the effective repulsion observed in Table
2.2 can be explained from simple geometrical arguments based on the optimization of the number of hydrogen
bonds in the primary and secondary adsorption layer. To answer this is not a trivial task. As an example, the
number of nearest and next-nearest neighbors in a co-planar bilayer [91] (which represents a highly optimized
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Figure 2.4: (a) Illustration of the different types of neighbor pairs in Table 2.2. (b) Three
snapshots of the interfacial layer chosen randomly from each 1ns MD simulation performed
with the three NNPs in our ensemble. Oxygen atoms belonging to the primary adsorption
layer are colored blue, and hydrogen atoms participating in a hydrogen bond (we employ
the same geometry criterion as used by [99]) are colored gold.

structure in terms of number of hydrogen bonds) are suppressed and enhanced, respectively, which is different
from our results, where all neighbor pairs in the two inner hexagonal rings of Fig. 2.4 (a) are suppressed.
A plausible physical origin of the effective repulsion is therefore that the atoms in the secondary adsorption
layer form energetically favourable shell-like structures around the OA atoms, which extend across the three
nearest neighbor sites of Fig. 2.4 (a).

⟨1N⟩ ⟨2N⟩ ⟨3N⟩ ⟨4N⟩ ⟨5N⟩ ⟨6N⟩ ⟨7N⟩ ⟨8N⟩

NNP1 0.38(0.86) 0.43(0.86) 0.44(0.86) 2.43(1.73) 1.13(0.86) 1.05(0.86) 1.76(1.73) 0.78(0.86)
NNP2 0.33(0.87) 0.59(0.87) 0.48(0.87) 2.18(1.75) 1.31(0.87) 0.95(0.87) 1.87(1.75) 0.86(0.87)
NNP3 0.32(0.87) 0.60(0.87) 0.46(0.87) 2.25(1.75) 1.19(0.87) 1.12(0.87) 1.82(1.75) 0.75(0.87)

Table 2.2: Average number of different types of neighbor pairs calculated from MD simu-
lations with each NNP in our ensemble (first number) and when the water molecules are
distributed randomly on the Pt sites (second number in parenthesis). The values have been
normalized by the number of OA atoms for each structure. The small deviation of the ran-
dom case for each NNP is due to their slightly different predictions of the OA adsorption
layer coverage.

Time scales and the need to go beyond ab initio molecular dynamics
Would the conclusions above have been obtainable with conventional AIMD? Aside from the obvious fact that
our NNPs allow us to perform simulations in large unit cells outside the scope of first principles calculations,
we have also found the water/Pt(111) interface to exhibit fluctuations on prohibitively long time scales, which
must be properly sampled to achieve accurate statistics on the neighbor averages in Table 2.2. As a practical
demonstration of the problems that this causes for AIMD simulations, we have calculated the average number
of nearest (1N) and next-nearest neighbors (2N) for the OA atoms in the simulation cell employed in the
AIMD study of [87]. The results are displayed in Table 2.3, where we have included the three 50ps AIMD runs
conducted by [87] as well as two 20ns runs with each NNP in our ensemble. Evidently the average number of
nearest and next-nearest neighbors differ greatly for each AIMD run, while for each NNP they agree within
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0.03 neighbors per adsorbed water molecule. We also note that while there is some spread in the predictions
across the NNP ensemble, the deviations are small compared to the statistical spread of the AIMD averages,
thus demonstrating the general usefulness of NNP ensembles for problems such as the one considered here.

⟨1N⟩ ⟨2N⟩

AIMD run 1 (50ps) 0.44 1.12
AIMD run 2 (50ps) 0.76 0.51
AIMD run 3 (50ps) 0.28 1.49
NNP1 run 1 (20ns) 0.35 0.86
NNP1 run 2 (20ns) 0.35 0.89
NNP2 run 1 (20ns) 0.33 1.02
NNP2 run 2 (20ns) 0.34 1.02
NNP3 run 1 (20ns) 0.34 0.94
NNP3 run 2 (20ns) 0.34 0.97

Table 2.3: Average number of nearest and second nearest number of neighbors (normalized
per adsorbed water molecule) obtained from three 50ps AIMD runs and two 20ns MD runs
with each NNP in our ensemble.

To estimate the typical time scales in our system, we have analyzed the probability for being in the primary
adsorption layer, PA(t), the secondary adsorption layer, PB(t) and the bulk water layer, PC(t) based on a
three-state model of the form

P ′ = K
=
P , P =

PA(t)
PB(t)
PC(t)

 , K
=

=

−kAB kBA 0
kAB −(kBA + kBC) kCB

0 kBC −kCB

 , (2.1)

where kXY denotes the rate for going from region X to region Y.
The solution to this homogeneous set of differential equations has the form (full derivation can be found in
Appendix C)

P (t) = c1 · a+e
k+t + c2 · a−e

k−t + c3 · a0, (2.2)

where k±,a± denote the non-zero eigenvalues and eigenvectors of K
=

and c1, c2 and c3 are constants. The
non-zero eigenvalues are given by

k± =
−kABCD ±

√
k2

ABCD − 4(kABkCB + kBAkCB + kBCkCB + kABkBC)
2 , kABCD = kAB + kBA + kBC + kCB

(2.3)

In general we have found the transfer of water molecules between the A and B region to be much faster than
transfer to the bulk region such that kAB , kBA >> kBC , kCB . It can be shown (see Appendix C) that in this
case k− ∼ −(kAB + kBA) and k+ ≈ −(kCB + kBC

kAB
kAB+kBA

), which shows that P (t) evolves on a fast time
scale due to transfer of water molecules between the primary and secondary adsorption layer and a slow time
scale due to transfer of water molecules to and from the bulk region.

To utilize the equations above, we have analyzed the residence of oxygen atoms in regions A and B by
employing correlation functions of the form:

ci(t) = ⟨hi(0)hi(t)⟩
⟨hi(0)⟩ . (2.4)
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Figure 2.5: Values of the residence correlation function in (2.4) for the primary (blue) and
secondary (red) adsorption layers calculated from the MD simulations for each NNP in our
ensemble. Fits based on the form (2.2) are indicated by dashed lines.

Here the operator hi(t) is equal to 1 if an O atom resides in a particular region, indicated by i, at time t. The
notation ⟨··⟩ is used to indicate an average over both simulation time and O atoms in the system. We note
that a slightly more strict criterion is often employed in literature [99], where the atom must have resided
in the particular region of interest without interruption until t, but we have found that this significantly
underestimates the relevant time scales for our system, as O atoms often make short lived vibrations away
from their respective regions. By calculating values of (2.4) for region A and B based on the MD simulations
with each of our NNPs and fitting these to the double exponential form in (2.2) we obtain the fits displayed
in Fig. 2.5. While the agreement with our simple three-state model is not perfect, as elucidated by the fact
that the exponential fits for cA(t) and cB(t) do not have identical decay times, all fits agree that the decay of
the correlation functions are dominated by a fast time scale on the order of τ− = 1/k− ∼ 30ps and slow time
scale on the order of τ+ = 1/k+ ∼ 500ps. As the latter is beyond the AIMD simulations times that have been
employed by the authors of [87, 96, 97] it demonstrates why longer time scales are needed to achieve proper
sampling. We also note, that the observation of a long time scale for surface restructuring agrees well with the
previously-mentioned classical force field study by Limmer et al. [79], who estimated the time scale for such
reorganizations at the water/Pt(111) interface to be ∼1ns. In their case, this slow organization was, however,
attributed to the slow reorientation of the water dipoles, which we do not find to be the physical mechanism.

2.4 Conclusions
This chapter has described a room temperature study of the structure of the water/Pt(111) interface using
NNP-based MD simulations. We found the interface to be characterized by a double layer composed of a
primary adsorption layer with ∼ 0.15ML coverage and a secondary, weakly bound layer with a coverage of
∼ 0.58ML. The structure of the primary adsorption layer was analyzed by means of a lattice-based approach,
where an effective repulsion between the adsorbed water molecules was found. This repulsion gives rise to
a semi-ordered interfacial structure, where the water molecules bound atop the Pt atoms are distributed
homogeneously across the interface forming frequent hydrogen bonds with water molecules in the secondary
adsorption layer. Furthermore, we estimated the time scale for transferring water molecules between the
primary and secondary adsorption layer to be ∼ 30ps and the time scale for transfer to and from the bulk
region to be ∼ 500ps, indicating that our conclusions are outside the scope of conventional AIMD.
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3
Room temperature structure and

energetics of water-hydroxyl layers on
Pt(111)

Info: This chapter is a slightly modified version of the paper Room temperature structure and energetics
of water-hydroxyl layers on Pt(111) written by me (main author), Henrik H. Kristoffersen, Tejs Vegge,
Heine A. Hansen, Jakob Schiøtz and Karsten W. Jacobsen, which is to be submitted. My contribution
to this work was carrying out all the calculations and data analysis as well as writing the initial paper
draft. The current manuscript is included as paper II at the end of thesis.

i

3.1 Introduction

As described in Chapter 2, the water/Pt interface has historically played an important role in the field
of electro-catalysis due to the widespread use of Pt-based electrodes in modern electrochemical devices. For
example, Pt electrodes are widely used in proton-exchange membrane fuel cells, where they are used to catalyze
the oxygen evolution/reduction reactions (OER/ORR) and the hydrogen evolution/oxidation (HER/HOR)
reactions [2, 74, 77]. From the electro-catalysis point of view it is therefore not only important to be able to
model the room-temperature structure of the water/Pt interface but it is equally relevant to understand how
catalytically important reactions are affected under these conditions. This is the topic of this chapter, where
we present an extension of the framework in Chapter 2 to model the structure and energetics of hydroxyls at
the interface. In particular, we are interested in the following OH adsorption reaction on a crystalline Pt(111)

31
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Figure 3.1: (a) CV diagram for water on Pt(111) measured in 0.1M HClO4. The butterfly
peak in the middle region is believed to be due to the adsorption of hydroxyls on the Pt(111)
surface. The OH coverage profile obtained by integrating the current is also displayed.
Figure has been generated based on the experimental data from [102]. (b) Bilayer-like
hydroxyl-water layers corresponding to different OH coverages. Oxygen atoms belonging to
hydroxyls are colored blue.

surface:

H2O(l) ↔ OH∗ + 1/2 H2(g). (3.1)

This reaction has received a lot of interest in the electro-catalysis community for several reasons. First of all,
the adsorption of OH molecules is believed to be responsible for the butterfly peak at 0.6V−0.85V observed
during cyclic voltammetry (CV) of water on Pt(111) [102, 103] (see Fig. 3.1 (a)). Secondly, as the ORR on
Pt(111) takes place in the same potential range it has been a subject of debate whether the co-adsorption of
OH on Pt(111) has implications for the measured ORR activity [104–107].
In the context of modelling the adsorption reaction (3.1), the relevant physical relationship to determine is the
coverage dependence of the OH adsorption energy. Early theoretical approaches such as those of [2,82–84,108]
employed bilayer-like models of the interfacial hydroxyl-water layer to determine the free energy of reaction
(3.1), and found it to be essentially constant up to an OH coverage of 1/3ML after which it exhibits a sharp
jump. The physical intuition behind this result may be understood from Fig. 3.1 (b), which shows a bilayer-
like adsorption layer on Pt(111) corresponding to different OH coverages. For low OH coverages the removal
of hydrogen atoms happens from the oxygen atoms with loosely-bound hydrogen atoms pointing downwards.
This is possible up to an OH coverage of 1/3ML (middle structure), where a so-called half-dissociated bilayer
has been formed with each water molecule bonded to three hydroxyls and vice versa. The subsequent removal
of hydrogen atoms from this structure is then far more costly, as it involves the substitution of a strong water-
hydroxyl bond with a weaker hydroxyl-hydroxyl bond [109].
While bilayer-like models such as those of [2, 82–84, 108] are still widely used in the electro-catalysis com-
munity and have been used to e.g. explain the coverage profile of the CV diagram in Fig. 3.1 (a), it has
been a subject of debate whether they provide a realistic description of catalytic reactions under the relevant
operating conditions of electrochemical devices [96, 97]. In fact, a recent study by Kristoffersen et al. [87]
calculated the reaction free energy of (3.1) based on running room-temperature AIMD simulations, and found
the structure and energetics of the hydroxyls formed at the liquid water/Pt(111) interface to be significantly
different from conventional bilayer models. It was, however, also noted that this conclusion was subject to
large statistical uncertainty due to the limited sampling capabilities of AIMD. Here we demonstrate how the
machine learning framework of Chapter 2 allows us to eliminate these sampling limitations and accurately
determine the room temperature adsorption energy of (3.1). Using our framework we furthermore study the
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structure and energetics of water-hydroxyl layers in larger cell sizes, where effects such as island formation
can be investigated.
The chapter is structured as follows: In Section 3.2 we describe the computational details behind our method-
ology focusing on the construction of the NNP ensemble, the construction of the training database and the
details of our MD simulations. Section 3.3 then presents our results focusing first on MD simulations in small
unit cell sizes, where we calculate the coverage dependent adsorption energy (3.1) and compare to the AIMD
study of [87] as well as the low-temperature bilayer model. These results are furthermore used to simulate CV
diagrams for OH adsorption, which are compared to the experimental result in Fig. 3.1 (a). The section is
concluded with results from MD simulations in larger cell sizes, where we focus on various structural properties
of the adsorbed water-hydroxyl layers such as island formation and density variations at the interface as a
function of the hydroxyl coverage.

3.2 Computational methodology

Neural network potential ensemble

Similar to the study of the previous chapter, the core of our computational approach is an ensemble of NNPs
obtained using the Behler Parinello formalism [56] described in Section 1.3.
Our NNP ensemble consists of three NNPs all fitted using the RuNNer code [57, 65], where we employed the
same set of symmetry functions as used in a previous NNP study of water on low-index Cu surfaces [99]. A
table of these as well as a detailed description of the extensive tests performed to ensure the best possible
NNP fits can be found in Appendix A.
To make the construction of the ensemble as unbiased as possible we trained each NNP based on (i) different
random partitionings of our data set into a training (test) set comprising 75% (25%) of the available structures,
(ii) different random seeds, (iii) different NNP architectures by varying the number of nodes in each hidden
layer and the activation function between these. The architecture of each NNP as well as the training and test
errors are reported in Table 3.1. The errors on the forces and energies are a factor of 2 and 1.3 larger than
the training and test errors reported in the Chapter 2 (see Table 2.1), though still comparable in magnitude
to training and test errors reported for similar studies using NNPs [10,99].

Architecture ERMSE [eV/atom] FRMSE [eV/Å]

NNP1 30-30 (s-s-l) 0.0019(0.0019) 0.091(0.091)
NNP2 30-35 (t-s-l) 0.0018(0.0017) 0.089(0.089)
NNP3 40-40 (s-s-l) 0.0020(0.0019) 0.092(0.092)

Table 3.1: Summary of the architecture and training and test errors of the energies and
forces for each NNP in our ensemble. For the architectures (first column), the number of
nodes in each hidden layer is displayed as X-Y-Z etc. (i.e. 30-30 indicates two hidden layers
with 30 nodes in each) and the activation functions used are indicated in parenthesis, where
t, s and l are abbreviations for tanh, sigmoid and linear, respectively. For the training and
test errors (second and third column) the first number is the training error and the second
in parenthesis is the test error.
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Construction of the database
Our NNP ensemble was trained on a database of 72 310 structures consisting of a frozen 3 × 4 orthogonal
Pt(111) slab with a water layer on top and different numbers of OH molecules. All of these were sampled
in an iterative manner starting from small AIMD generated datasets corresponding to different hydroxyl
coverages, which were then gradually expanded by performing NNP-based MD simulations with preliminary
NNP fits and sampling uncorrelated structures from these. For the majority of the structures the hydroxyls
were adsorbed on the Pt(111) surface, though a smaller fraction of structures also contain hydroxyls in the
water layer. Furthermore some of the structures also contain H3O and atomic oxygen O, due to the occurrence
of the following reactions during the sampling stage:

H2O(l) + H2O(l) ↔ H3O(l) + OH(l),

2OH∗ ↔ H2O(l) + O∗. (3.2)

All structures were set up using ASE [47], and their energies and forces were determined using the PBE func-
tional [32] combined with the D3 van der Waals correction [40] as implemented in VASP [44] using a plane
wave basis set with an energy cutoff of 350 eV and 2 × 2 × 1 k-points.

θOH [ML] nH2O nOH Nstructures

0.0 28 0 8552
0.083 27 1 12 153
0.167 26 2 11 509
0.25 25 3 6014
0.333 24 4 9224
0.417 23 5 4824
0.5 22 6 6389
0.583 21 7 7339
0.666 20 8 6215
0.75 19 9 91

Table 3.2: Summary of the total number and composition of the different types of structures
in the training set. Note that this does not account for rare changes in the chemical species
due to the reactions (3.2) or the desorption of hydroxyls into the water layer.

Model and dataset limitations
Similar to the study in Chapter 2, we have analyzed the significance of long-range interactions and dataset
limitations for our system using learning curves and the locality estimate suggested by Deringer and Csányi [9]
(see Section 1.3). The learning curve was determined by setting aside a fixed test set of 42 310 structures
chosen randomly from our training database followed by an incremental expansion of the training set using
the remaining structures, while monitoring the error on the forces and energies. As shown in Fig. 3.2 (a)
the error in the forces and energies on the fixed test set drops rapidly as a function of training set size up
to around only ∼ 100 structures after which the improvement is much more modest. This is similar to the
results for the water/Pt(111) interface from the previous chapter (Fig. 2.2 (a)), though the decay is more
gradual indicating that a larger number of chemically different structures are needed to accurately describe
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Figure 3.2: (a) Learning curve displaying the error in the energies (blue line) and forces
(red line) on a fixed test set as the training set is systematically expanded. (b) A measure
of the locality of the water-OH/Pt(111) interface based on the procedure of Deringer and
Csányi [9]. In the inset hydroxyls are colored blue, and the fixed O and H atom were chosen
to belong to one of these.

the energetics of the interface with hydroxyls present. The saturation values are also larger than those in Fig.
2.2 (a) in agreement with our previous comment on the training and test errors in Tables 2.1 and 3.1. Finally,
we note that while the learning curve in Fig. 3.2 (a) appears to suggest that we could have done equally well
with NNPs trained on much smaller training sets, this is in practice not true as the latter would give rise to
instabilities during the NNP-based MD simulations.
For the locality estimate we focused on the O, H and Pt atoms shown in Fig. 3.2 (b) and performed calculations
in a 2 × 2 × 1 unit cell compared to the computational cell of the training structures (1 × 1 × 1 k-points
were used for consistency) to be able to investigate values of rfix up to 8Å. Compared to the results of the
previous chapter (Fig. 2.2 (b)) the long-range character is more pronounced with the presence of hydroxyls
at the interface, as reflected in the slower decay of the force standard deviation and the fact that the curves
saturate at values as large as ∼ 0.1eV/Å. A plausible explanation for this more long-ranged behaviour could
be that the interaction between co-adsorbed water and OH molecules is known to be of mainly electrostatic
origin [109, 110]. Indeed, Karlberg et al. [109] studied the charge distribution in mixed hydroxyl-water layers
on Pt(111) and found that the hydroxyls tend to accept charge from the metal surface and become negatively
charged while certain water molecules tend to donate charge and become positively charged. We also note
that the observation of a more long-ranged character ties well with our previous observation that the NNP
errors reported in Table 3.1 are generally larger than those reported in Chapter 2 (see Table 2.1).

Molecular dynamics simulations
MD simulations with our NNPs were performed with the Lammps code [55] using the interface provided by
the n2p2 package [72,73]. We performed constant temperature MD at 400K within the NVT ensemble using a
Nosé-Hoover thermostat [53,54] with a characteristic damping time of 100 time units, and the Pt slab was kept
frozen in all simulations. Similar to Chapter 2 our choice of an elevated simulation temperature is motivated
by the fact that the PBE functional tends to overestimate the melting point of water [101]. This point is
further clarified below, where we demonstrate how a too low simulation temperature can lead to periodic
freezings of the water layer, which hinder ergodic sampling. Integration of the classical equations of motion
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Figure 3.3: (a) RDFs of selected atomic-type pairs as predicted by AIMD (points) and our
NNP ensemble (lines). The width of the curves reflects the spread in the predictions of our
NNP ensemble. Inset shows a zoom-in highlighting the Pt-O RDF (obtained using the top
layer of the Pt(111) slab only), which has been decomposed into partial RDFs associated
with O atoms bound to OH (dark blue) and water molecules (dark red), respectively. (b)
OH adsorption energy vs coverage as predicted from AIMD (points with error bars reflecting
statistical uncertainty) our NNP ensemble (blue line with thickness indicating the spread)
and from the 0K bilayer model.

were performed using Verlet integration [49] with a time step of 0.5fs, and for all simulation runs we discarded
the initial 100ps to ensure proper equilibration. All simulations were furthermore carried out with D2O rather
than H2O to allow for a larger time step without affecting equilibrium statistical averages. To prevent the
rare desorption of water molecules from the water layer onto the opposite side of our Pt slab an elastic wall
in the upper part of the vacuum layer was used.

3.3 Results

Structure and energetics of hydroxyls in a small unit cell
To validate the quality of our NNP ensemble and compare its predictions directly to AIMD, we first investigated
the structure and energetics of adsorbed hydroxyls in the small computational cell employed by Kristoffersen
et al. containing 12 available Pt adsorption sites [87]. Concretely, we conducted 5ns MD simulations with each
NNP in our ensemble in cells containing nOH = 1, 2, 3, 4, 5, 6, 7, 8, 9, 10 adsorbed hydroxyls, and focused on the
ability of our NNP ensemble to (i) reproduce selected RDFs (ii) predict the coverage-dependent adsorption
energy of reaction (3.1). The results of our analysis are summarized in Fig. 3.3.
As shown in Fig. 3.3 (a), which displays selected RDFs for the case nOH = 4, there is good agreement between
the predictions of our NNP ensemble (line with thickness indicating spread) and AIMD (points). Furthermore,
as shown in top-right inset it is possible to define an adsorption layer of O atoms bound to Pt surface similar
to what was done in Chapter 2. However, in this case the surface-bound layer is seen to be composed of both
hydroxyls and water molecules, as demonstrated by the decomposition of the Pt-O RDFs into partial versions
associated with hydroxyls (dark blue) and water molecules (dark red). The sharpness and position of the
former reflects the well-known fact that OH molecules bind strongly to atop Pt sites in comparison with water
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molecules [92, 109].
To calculate the coverage-dependent adsorption energy of reaction (3.1) we employed the method used by
Kristoffersen et al. [87], who calculated this directly from the total energies obtained from their AIMD simu-
lations using the following expression:

∆E(nOH) = ⟨E(nH2O−nOH)·H2O+nOH·OH⟩ + nOH

2 · ⟨EH2 ⟩ − ⟨EnH2O·H2O⟩, (3.3)

here ⟨··⟩ indicates a time-average over the different MD simulations, and nH2O, nOH denote the number of
hydroxyls and water molecules present in the simulations, respectively. Finally, EH2 is the total energy of a
gaseous H2 molecule.
Adsorption energy profiles calculated from (3.3) with various approaches are displayed in Fig. 3.3 (b). Here,
the opaque blue line is the one predicted by our NNP-based MD simulations (thickness indicates the spread
in the ensemble predictions), while the kinked red curve is the adsorption energy profile predicted by the
bilayer model (this is based on static calculations for the co-planar bilayer structure1 suggested by Ogasawara
et al. [91]). We have furthermore included the AIMD calculated adsorption energies of Kristoffersen et al. [87]
whose errorbars are an estimate of the sampling uncertainty associated with their ∼ 50ps AIMD simulations
(the corresponding errorbars of the NNP-based MD simulations are negligible as discussed below). Evidently
our NNP-based results, which are within the statistical error of the AIMD results2, suggest a near-linear
adsorption energy profile, where the cost of forming high coverage hydroxyl layers is significantly lowered
compared to the bilayer model. To examine the coverage dependence of the adsorption energy in closer detail
we report in Table 3.3 the adsorption energy per hydroxyl corresponding to the different curves in Fig. 3.3
(b). From these values it may be verified, that while there is some disagreement between the individual NNPs,
they all support the trend that OH coverages in the range 0.33 − 0.50ML are most energetically favourable.

θOH [ML] 0.083 0.167 0.250 0.333 0.417 0.500 0.583 0.667 0.750 0.833

∆ENNP1/nOH [eV] 0.90 0.91 0.90 0.87 0.86 0.87 0.89 0.92 0.93 0.98
∆ENNP2/nOH [eV] 0.94 0.93 0.91 0.88 0.87 0.88 0.90 0.93 0.95 1.01
∆ENNP3/nOH [eV] 0.96 0.95 0.94 0.90 0.90 0.90 0.90 0.93 0.94 0.99
∆EAIMD/nOH [eV] 0.87 0.89 N/A 0.96 0.87 0.91 N/A 0.97 N/A N/A
∆EBilayer/nOH [eV] 0.67 0.75 0.76 0.77 0.91 1.04 1.15 1.27 N/A N/A

Table 3.3: Normalized OH adsorption energies calculated from (3.3) with the bilayer model,
AIMD as well as each NNP in our ensemble.

Comparison with experimental cyclic voltammograms
Using the adsorption energies in Table 3.3, we can simulate the OH coverage profile, θOH(U), and the normal-
ized current response, jOH(U), measured in CV of the water-Pt(111) interface due to the adsorption reaction:

H2O(l) ↔ OH∗ + H+(aq) + e−. (3.4)

Assuming that this reaction is fast compared to the CV scan rate it may be shown that jOH = dθOH
dU

[111]
making the OH coverage as a function of the electrode potential, U , the important physical relationship to
determine. To do this we employ an extended version of the approach devised by Kristoffersen et al. [87],

1This is the most widely employed bilayer type in the theoretical catalysis community [2, 82–84,108].
2Deviations from the AIMD errorbars might also be attributed to our slightly different choice of simulation cell, the

fact that our simulations kept the Pt slab fixed or the slightly different temperature employed for the simulations.
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Figure 3.4: (a) OH coverage profile as a function of electrode potential for each NNP in our
ensemble, the bilayer model as well as the experimental one measured in 0.1M HClO4 [102].
(b) Scan rate normalized current predicted by each NNP in our ensemble and the bilayer
model as well as the experimental one measured in 0.1M HClO4 [102].

where the simulated cells with different OH coverages above are considered as chemically distinct phases.
Based on this θOH(U) is then determined by an average of the form

θOH(U) = 1
Z

∑
i

ni

N
· e−β∆G(U,ni), (3.5)

where N is the number of surface sites in each computational cell, ni the number of adsorbed hydroxyls and
Z = 1 +

∑
i
e−β∆G(U,ni). Finally ∆G(U, ni) is the OH formation free energy of (3.4), which is related to the

adsorption energies of (3.3) by

∆G(U, ni) = ∆E(ni) + (p∆V + ∆TS + ∆ZPE − eU) · ni. (3.6)

Here p∆V , ∆TS and ∆ZPE are standard enthalpy, entropy and zero-point energy differences of reaction (3.1)
which are available in the supplementary information of [87], while the final term includes the effect of the
electrode potential via the computational hydrogen electrode [2].
In [87] the authors calculated θOH(U) directly from (3.5) based on their simulations for different numbers of
adsorbed hydroxyls and subsequently determined the current by numerical differentiation. We have, however,
found this approach to suffer from unwanted finite size effects due to the discrete number of data points
employed in (3.5), and therefore propose an extended version of this where finite size effects are smoothed out
by linear interpolation between the free energies calculated by (3.6).
Fig. 3.4 (a) displays the OH coverage profile measured in the experiment by [102] as well as the corresponding
predictions from each NNP in our ensemble and the bilayer model. While our NNPs predict the correct onset
of the coverage profile, they all saturate at a much higher OH coverage than the experimental value, which
is typically stated to be in the range 0.35ML [102, 104, 112] to 0.42ML [113, 114]. On the other hand, the
experimental saturation value agrees well with the bilayer model, which is a direct consequence of the kink
at 1/3ML OH coverage in Fig. 3.3 (b). Whether this should be interpreted as a shortcoming of our room-
temperature based approach or as a coincidental, but not firmly rooted, agreement between the bilayer model
and experiments is currently unknown to us. Irrespective of this, it should be noted that neither the NNPs
nor the bilayer model predict a CV current profile, which resembles the experimental one. Indeed, as shown in
Fig. 3.4 (b), all models predict bell-shaped current profiles, which have little resemblance to the experimental



3.3. Results | 39

Simulation time [ns]
0.0 2.0 4.0 6.0 8.0 10.0

-677

-678

-679

-680

-681

-682

-683

E To
ta

l [
eV

]

Liquid water layer

Frozen water layer

0.0 1.0 2.0 3.0 4.0 5.0
0.00

0.02

0.04

0.06

0.08

0.10

0.0

0.2

0.4

0.0 0.02 0.04

Simulation time [ns]

σ ‹
E›

  [
eV

]

nOH = 0 
nOH = 2 
nOH = 4 
nOH = 6 

(a) (b)

Figure 3.5: (a) Spread of the average internal energy as a function of simulation time for
different OH coverages. The spread was calculated from 6 independent MD runs for each
coverage conducted with NNP1 from our NNP ensemble. Inset shows the first 50ps, where
the y-axis has been enlarged to accommodate the larger spread. (b) Running average (based
on a 0.1ns window) of the total energy for a 350K MD run performed with NNP1 in our
ensemble, where a crystallization event is clearly visible. Hydroxyls are colored blue in the
inset unit cells.

butterfly feature situated in the range 0.6V−0.85V. Could this disagreement have been anticipated? While
perchlorate anions are usually taken as non-interacting, a careful experimental study by Berna et al. in
2007 [115] postulated that the sharp peak in the experimental CV around 0.8V is a result of interactions
between water molecules and the ClO−

4 ions. If this is indeed the case, it should not come as a surprise that
none of our approaches are able to accurately predict the experimentally measured current in Fig. 3.4 (b),
since our simulations do not include these anions.

Obtaining accurately sampled internal energies
Let us also comment on the relevant time scales of our system, and in particular how our NNP-based MD
simulations allowed us to achieve proper thermal sampling of the internal energies in (3.3). As demonstrated in
Chapter 2 the water/Pt(111) interface exhibits dynamics on time scales, which are beyond the sampling times
available to AIMD. With the presence of adsorbed hydroxyls, this problem will likely be further exacerbated as
these increase the binding energy of water molecules at the interface [109]. To demonstrate the consequences
of this for the accurate determination of the internal energies in (3.3), we have conducted 6 independent 5ns
MD runs with NNP1 from our ensemble and monitored the spread of the average internal energy as a function
of simulation time. The result of this analysis, which was done for different OH coverages, is displayed in
Fig. 3.5 (a), where the inset shows the first 50ps. Evidently simulation times on the order of nanoseconds are
needed to obtain internal energy averages which agree within ∼ 0.02eV, and the 50ps time scale employed in
the AIMD study of Kristoffersen et al. clearly leads to large sampling errors in the average total energies as
also reflected in the size of the errorbars in Fig. 3.3 (b).
Our studies have also revealed the choice of simulation temperature to be an important parameter to consider
if one wants to accurately determine internal energy averages such as those in (3.3). As previously noted the
PBE functional is known to overestimate the melting point of water [101] - an error, which will likely only be
enhanced with the presence of hydroxyls at the interface. Indeed, as shown in Fig. 3.5 (b), which displays a
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Figure 3.6: (a) Planar averaged density of water molecules away from the Pt surface for
different OH coverages. The widths of the curves indicate the spread of the NNP ensemble
predictions. (b) Two snapshots of the interface (top and side views) for OH coverages
of 1/6ML and 2/3ML. OH molecules are colored blue, water molecules in the secondary
adsorption layer are colored light magenta and hydrogen atoms participating in a hydrogen
bond (we employ the same geometry criterion as used by [99]) are colored gold.

running average of the total energy for a 350K MD run with 2/3ML OH coverage, we have found that the use
of a too low simulation temperature can lead to crystallization events, where the water overlayer effectively
freezes for several nanoseconds. This phenomenon, which naturally hinders ergodic sampling on the time
scales available to us, explains our choice of using an elevated simulation temperature of 400K.

Structure of water hydroxyl layers in a larger unit cell
Having studied the structure and energetics of hydroxyls in a small unit cell, we now extend our analysis
to larger systems, where the structure of the adsorbed water-hydroxyl layers is not artificially constrained.
Concretely, we have conducted 1ns simulations for different OH coverages in unit cells of dimensions 33.2Å
× 38.6Å × 50Å with a water layer of ∼ 1000 molecules. As the first step in our analysis, we show in 3.6 (a)
the planar averaged density of water molecules as a function of distance from the Pt slab for OH coverages
of θOH = 0ML, 1/6ML, 1/3ML, 1/2ML and 2/3ML. With no hydroxyls present we obtain the characteristic
double-peaked structure of the water/Pt(111) interface discussed in Chapter 2 (see Fig. 2.3 (b)), where we
identified the majority of the water molecules in the first peak to belong to a primary adsorption layer bound
to the Pt atoms, and the majority of the water molecules in the second peak to belong to a secondary, weakly
bound adsorption layer. From Fig. 3.6 (a) it is clear that the effect of the co-adsorbed hydroxyls is a shift in
the intensity of these two peaks due to the transfer of water molecules from the secondary adsorption layer
to the primary adsorption layer. This is quantified further in Table 3.4, where we display collective values
of the coverage of water molecules in the primary adsorption layer, θOA , and secondary adsorption layer,
θOB , for a wider range of hydroxyl coverages. As shown in Fig. 3.6 (b), which shows typical snapshots of
our MD simulations for a low (1/6ML) and high (2/3ML) OH coverage, this depletion effect has interesting
consequences for the structure of the interface. For low OH coverages (left picture) the interfacial layer is
characterized by clusters of OH-water islands, which are separated by regions populated by water molecules
from the secondary adsorption layer (light magenta). For large OH coverages, the surface is completely covered
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Figure 3.7: (a) Average number of hydroxyls (normalized by the total number in the unit
cell) as a function of the distance from each hydroxyl. (b) Average number of surface-bound
water molecules (normalized by the total number in the unit cell) as a function of the
distance from each hydroxyl. The widths of the curves reflect the spread in the ensemble
predictions.

by water and OH molecules forming a terminated hydrogen bonded network, which is effectively separated
from the water overlayer by a ∼ 2Å vacuum region. To further quantify the postulated island formation effect
at low OH coverages, we display in Fig. 3.7 the average number of hydroxyls (a) and surface-bound water
molecules (b) as a function of distance from each hydroxyl. We have also included a set of step-wise profiles,
which correspond to what one would obtain based on a random distribution of water molecules and hydroxyls
adsorbed atop the Pt sites. At low OH coverage (red lines) there is an enhancement in both the number of
hydroxyls and water molecules, which is a clear indication of clustering.

θOH [ML] θOA
[ML] θOB

[ML] θ [ML]

0.0 0.17 0.62 0.79
0.08 0.21 0.53 0.83
0.17 0.25 0.43 0.85
0.25 0.29 0.34 0.88
0.33 0.33 0.25 0.91
0.42 0.36 0.17 0.95
0.50 0.34 0.12 0.96
0.58 0.33 0.09 1.0
0.67 0.33 0.03 1.03

Table 3.4: Collective values of the hydroxyl coverage, θOH, coverage of water molecules in
the primary adsorption layer, θOA

, coverage of water molecules in the secondary adsorption
layer, θOB

and the total coverage, θ.
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3.4 Conclusions
We have investigated the room temperature structure and energetics of water-hydroxyl layers on Pt(111) by
running nanosecond MD simulations with an ensemble of NNPs. We first investigated the coverage dependent
adsorption energy of OH molecules in a small unit cell, where we found the dependence to be strikingly different
from the predictions of the 0K bilayer model. This was reflected in a lower adsorption energy of hydroxyls
at high coverages, where OH coverages in the range 0.33ML−0.50ML were found to be most energetically
stable. We used these predictions to simulate CV diagrams due to OH adsorption and compared these to the
experiments, which revealed a large discrepancy between the experimentally measured saturation value of the
OH coverage at 0.36ML-0.42ML and the one predicted by our approach. We then investigated the structure of
water-hydroxyl layers in large unit cells, where we showed that the presence of hydroxyls at the interface leads
to increased adsorption of water molecules at the interface. For high OH coverages this increased adsorption
led to a depletion region of ∼ 2Å between the surface-bound water-hydroxyl layer and water overlayer, while
for low OH coverages it led to island formation of water-hydroxyl clusters.



Conclusions

This first part of the thesis has described a NNP-based investigation of the catalytically important wa-
ter/Pt(111) interface. The study was unfolded through two chapters, where the first investigated the room
temperature structure and order of the interface. Its structure was characterized by a primary adsorption
layer consisting of water molecules adsorbed atop the Pt sites, which was bound to a secondary weakly ad-
sorbed layer of water molecules. By studying the order in the primary adsorption layer an effective repulsion
was found resulting in a semi-ordered interfacial structure, where water molecules in the primary adsorption
layer were distributed homogeneously across the interface forming an extended hydrogen-bonded network with
those in the secondary adsorption layer. It was furthermore shown that these conclusions were beyond the
time scales of conventional AIMD. As an extension of this analysis, the second chapter then investigated the
room temperature structure and energetics of water-hydroxyl layers on Pt(111). Here, we first conducted
nanosecond MD simulations in small unit cells with the aim of determining the coverage dependence of the
OH adsorption energy. Our analysis revealed a near-linear adsorption energy profile, which was found to agree
with well with previous AIMD studies while being significantly different from the predictions of the 0K bilayer
model. Using these results we furthermore simulated CV diagrams due to the OH adsorption reaction, where
we found a large discrepancy between the experimentally measured saturation value of the OH coverage and
the predictions of our approach. We then conducted nanosecond MD simulations in larger unit cells, where
we showed that the presence of hydroxyls at the water/Pt(111) interface leads to an increased coverage of
water molecules at the surface, while at the same time promoting the depletion of water molecules between
the surface-bound water-hydroxyl layer and the bulk water layer. Finally, we investigated the structure of the
interface at low OH coverage, where we provided evidence for the formation of water-hydroxyl clusters.
All in all, the study presented in this part can be seen as an important step towards developing realistic models
for the complex catalytic processes that occur in the electrochemical devices that are expected to be integral
components of a future clean energy sector.
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Part II

Inorganic Janus nanotubes -
stability and electronic properties
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Motivation

As described in the introductory part, the successful development of future clean energy technologies is closely
linked to the discovery of materials with superior applications in areas such as batteries, electro-catalysis,
photonics etc. In this context, low-dimensional structures such as two-dimensional sheets, nanotubes and
nanoparticles are often hypothesized to have particularly promising prospects, as they display exotic and
highly tunable properties compared to traditional bulk materials. This has naturally resulted in a large
interest in the computational discovery of these, and during the past decades a number of databases have
emerged containing thousands of hypothetical low-dimensional materials [17–19], which are currently being
investigated experimentally. However, these discoveries, which have mainly revolved around 2D materials,
are likely only the tip of the iceberg, and the search for increasingly exotic types of materials with reduced
dimensionality will arguably be a dominant theme in materials science in many decades to come.
In this second part of the thesis, we describe the outcome of a research project focused on the computational
discovery and electronic characterization of inorganic Janus nanotubes - a novel class of low-dimensional
materials, which have been hypothesized to have promising applications within a broad range of areas related
to the green energy transition [21]. The research carried out in this context is described in two chapters. The
first of these focuses on the computational discovery of inorganic Janus nanotubes aimed at determining their
thermodynamic stability as well as the preferred size that these would attain if synthesized. The second chapter
is then focused on the electronic properties of MoSTe Janus nanotubes, which, based on the conclusions in
the first chapter, were deemed particularly interesting for further investigations.
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4
Stabilities and optimal radii of inorganic

Janus nanotubes

Info: This chapter is a shortened version of the publication [npj Computational Materials 7 (1), 1-8
(2021)], which I co-authored together with Felix T. Bölle (main author), Kristian S. Thygesen, Tejs
Vegge and Ivano E. Castelli. My contribution to this work was assisting in the initial development of the
computational workflow as well the writing process. Compared to the journal version, which is included
at the end of the thesis as paper IV, the chapter here does not include a discussion of the wrapping
mechanism for non-isovalent nanotubes.

i

4.1 Introduction
In the last decades miniaturization of devices has been a main trend driving the electronics industry. In
addition to reducing the usage of raw materials, nanomaterials often show improved properties compared to
their larger counterparts. Among these nanomaterials are two-dimensional sheets, one-dimensional structures
such as nanotubes and nanoribbons, and zero-dimensional nanoparticles.

Since their discovery, nanotubes have shown promise for a wide range of applications including gas separa-
tion and capture, catalysis, solid lubrication and controlled drug delivery [21]. In addition to the well-known
carbon nanotubes [16], numerous inorganic nanotubes have been synthesized [117, 118]. Although the first
successful synthesis of single-wall MoS2 nanotubes has been reported, such structures usually appear together
with numerous multi-wall tubes showing a distribution of radii and wall thicknesses [119]. These multi-wall
structures alleviate the built-in strain energy through van der Waals interactions between the layers leading to
an increase in stability [21]. Overall, this has made it difficult to establish an experimental synthesis pathway
to produce single-wall tubes with a specific radius and controllable physio-chemical properties.
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A possible solution to this is to consider asymmetric sheets, which can naturally wrap and form nanotubes
with a well defined size. Due to the asymmetry, such unsupported sheets are expected to be unstable com-
pared to other curled shapes such as tubes or scrolls. Pauling mentioned already in the 1930s that the driving
force for sheets to curve is related to the lattice mismatch between the inner and outer atomic layers [120].
Single-wall inorganic nanotubes with well-defined diameters hold promise for technological applications, not
only because of their reduced dimensionality, but also for their unique properties, often inherently different
from the ones of the corresponding asymmetric sheets. An example of a small-radius, single-wall nanotube
formed from an asymmetric sheet is imogolite (Al2SiO3(OH)4), which was first discovered in volcanic ash
soil [121] and later synthesized [122, 123]. Other tubular minerals include chrysotile (Mg3Si2O5(OH)4) and
halloysite (Al2Si2O5(OH)4) which, however, occur as multi-wall nanotubes [124,125]. Besides naturally occur-
ring nanotubes, "misfit-layer" compounds, composed of two separate sheets, make use of the lattice mismatch
between the two sheets to induce a natural driving force to form a nanotube [126].

One of the possible classes of asymmetric 2D monolayers are Janus sheets, like MoSSe [127] or BiTeI [128],
which can be wrapped to form 1D nanotubes [129,130]. A recent work [129] has shown that radii well below 35Å
are needed to create single-wall Janus transition metal dichalcogenide (TMD) tubes, which have significantly
different electronic properties from the corresponding asymmetric sheet. Although facile synthesis routes
for the production of single-wall inorganic nanotubes has long been actively researched, not much attention
has been paid to the question of which material combinations could be promising for the synthesis of such
structures. Consequently, a high throughput study on the stability of a wide range of Janus-based nanotubes,
would provide valuable information for guiding future synthesis of small-radius single-wall nanotubes.

In this chapter, we describe a comprehensive, DFT-based screening study of the stability of 135 different
inorganic nanotubes generated from the rolling of asymmetric 2D Janus sheets along both the armchair and
zigzag directions. The calculations focus on the stability and strain energy of the chosen nanotubes. The total
number of DFT relaxations performed amounts to approximately 4500. We show that for pure chalcogen or
halogen tubes (isovalent anions), the wrapping mechanism is mostly governed by the lattice mismatch between
the inner and outer atomic layers. These findings provide a physical foundation for designing Janus nanotubes
with ultra-small radii.

4.2 Computational methodology

Computational workflow
Our database of nanotubes was generated based on the asymmetric 2D Janus sheets present in Computational
2D Materials Database [17]. For the cases where a particular sheet was not present, it was constructed by
averaging the lattice constants of its constituent MX2 and MY2 parent sheets. As shown in Fig. 4.1, these
parent sheets were then used to generate nanotube structures by repeating and wrapping them along both
the armchair and zigzag direction. To obtain nanotubes of different radii several unit cell repetitions were
employed (n = (6, 8, 10, 12, 14) for armchair and n = (10, 13, 16, 19, 22) for zigzag), and the final nanotubes
were then obtained by relaxing these template structures. In this final step, a set of filters was used to decide
whether or not a relaxed structure should be accepted for future investigation. These filters, which discarded
∼ 40% of the initial data generated, included assuring that the nanotube retained its circular shape and
that no unwanted changes into different prototypes occurred during the relaxation. A detailed discussion
of how the data was filtered prior to visualization can be found in the supplementary information of [116].
For consistent and reproducible calculations the procedure outlined above was implemented in a workflow
combining ASE [47] and the workflow scheduling system MyQueue [131]. Inspired by the CUSTODIAN
package [132], an "ASE error handler" was furthermore implemented to handle common DFT errors and limit
the need for user intervention. The workflow is accessible via [133].
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2D-parent MY2 (BiI2) 2D-parent MX2 (BiTe2)
2D-Janus MXY (BiTeI)

Janus nanotube (BiTeI)
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top-view
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wrap wrap

Figure 4.1: The symmetric MY2 and MX2 are the parent sheets for the asymmetric 2D
Janus MXY sheet, which can be wrapped up to form a 1D Janus nanotube. In this case M
= Bi (light purple), X = Te (dark yellow) and Y = I (dark purple). Figure taken from [116]
and reprinted with permission.

Density functional theory calculations

All calculations were carried out with the PBE functional [32] as implemented in VASP [44] using a plane-wave
basis set with an energy cutoff of 550 eV. A k-point density > 4.7 /Å−1 was used to sample the Brillouin zone.
All forces were converged to less than 0.01 eV/Å. The structures were relaxed in a non-magnetic configuration,
i.e. without applying initial magnetic moments on the elements. A minimum vacuum between repeating images
of 16Å was ensured. Dipole corrections were applied along the non-periodic direction for materials with an
out-of-plane dipole moment. To assess the stability versus 3D phases, we used a convex hull analysis, where
the reference structures were the ones defining the convex hull in the Materials Project database [134]. These
structures were then relaxed with the matching input parameters used in this work [132], while the reference
energy of oxygen was obtained by calculating the difference in energy between water and hydrogen in the gas
phase including the zero point energy (ZPE) corrections [135]. For the calculation of the stiffness tensor we
used the workflow described by Haastrup et al. in Ref. [17], which employs a k-point density > 12.0 /Å−1

together with an applied strain of ± 1% to calculate elastic constants.
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Nanotube strain energy
Two main quantities needed to characterize an asymmetric nanotube are the optimal radius, which defines
the most stable nanotube size, and the strain energy, which defines the energy associated with the wrapping
of a 2D sheet into a nanotube (negative strain energies indicate a spontaneous wrapping). The strain energy
is defined as the difference between the energy of the nanotube and the corresponding 2D sheet [136]:

Estrain(R) = Etube

Ntube
− EMXY

NMXY
, (4.1)

where Etube is the energy of a nanotube with Ntube atoms in the unit cell and EMXY is the energy of the
corresponding 2D Janus sheet with NMXY atoms in the unit cell.
It has been shown that for symmetric nanotubes, the strain energy follows a 1/R2 dependence [137,138]. This
relationship does not hold for asymmetric tubes in which the strain energy curve exhibits a minimum [139–142].
In this case, the strain dependence is more accurately described by [139]

Estrain(R) = a

R2 + b

R
. (4.2)

For the results presented below, (4.2) was used as an extrapolation function for determining the optimal
nanotube radius based on the energies determined from the DFT relaxtions. The uncertainties related to this
approach was handled using a Bayesian regression scheme, which is described in detail in the supplementary
information of [116].

4.3 Results

Initial pool of materials
The nanotubes considered here consist of three layers (MXY, as illustrated in Fig. 4.1) composed of different
mid-layer elements (M = {Ti, Zr, Hf, V, Nb, Ta, Cr, Mo, W, Fe, Ge, Sn, As, Sb, Bi}) decorated with inner
X and outer Y chalcogen and halogen atoms (X,Y = {O, S, Se, Te, Cl, Br, I}). Here we denote all group 16
elements including oxygen as chalcogens. For the three pnictogens (As, Sb and Bi) having 3+ as one of their
possible oxidation states, we mixed chalcogens and halogens in the structures. For the remaining 12 elements,
the inner X and outer Y elements are either chalcogens or halogens. The idea of mixing chalcogens and
halogens to form 2D MXY Janus sheets was recently explored in Ref. [143], but has so far not been pursued
in the context of nanotubes. The nanotubes were constructed by rolling up 2D layers in both the T- and
H-phase crystal structures, corresponding to the crystal structures found for the experimentally synthesized
MoSSe [127] and BiTeI [128] 2D sheets.

Stabilities and optimal radii
Fig. 4.2 (a) shows the optimal tube radii for all studied materials and their associated uncertainties (for
around 20 structures the uncertainty on the radius was estimated to be larger than 30Å, which is indicated
by the blue shaded triangles in upper right corners). Evidently there is a rather large subset of the studied
nanotubes which are predicted to have optimal radii below 20Å. These nanotubes could potentially display
exotic electronic properties significantly different from those of their parent 2D sheets [129,144].
Fig. 4.2 (b) shows the minimum strain energies corresponding to the optimal nanotube radii of Fig. 4.2 (a)
as well as their convex hull stabilities defined as their energy with respect to the most stable phase with the
same chemical composition. The latter was determined from a phase stability diagram employing the DFT
total energies of all the chemically known phases and linear combinations of these. Except for Fe, all studied
nanotubes show good stability against the decomposition into competing bulk structures for at least one of
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(a) (b)

Figure 4.2: (a) Overview of the 135 investigated materials and their extrapolated optimal
radii according to equation 4.2. The asterisk indicates that the difference in energy between
the H-/T- phase is less than 10 meV/atom and that the smaller optimal tube radius of
the two was chosen. The lowercase letters a/z indicate which wrapping direction (arm-
chair/zigzag) is preferred. (b) Heat map of convex hull stabilities and tube strain energies
at the optimal tube radius. Blue and bright colors indicate good stability, while a red color
indicates poor stability. Values exceeding the metastability criterion of 0.2 eV/atom are
shown in black. Figure taken from [116] and reprinted with permission.

the calculated combinations (here we define a combination stable when the energy of the candidate compound
is within 0.2 eV/atom above the convex hull to account for a possible metastability [5, 145, 146]). When the
mid-layer element is in its preferred oxidation state, the resulting tube shows higher stability compared to the
case of an unfavored oxidation state as expected. Ge, for instance, generates more stable tubes when combined
with two halogens (Ge2+) than with two chalcogens (which would need a Ge4+, instead). We do not find stable
nanotubes for 23 combinations (hatched boxes in Fig. 4.2 (b)). In 18 of these cases this can be attributed
to the transition metal in its unfavored 2+ oxidation state, when paired with two halogens. The remaining
5 materials contain either Fe, Sn or Ge which in general form less stable nanotubes for most of the studied
combinations (i.e. more than 0.1 eV/atom above the convex hull). Because of their stability in the bulk form,
oxygen containing tubes are in general more prone to decompose compared to the pure chalcogenide ones. For
∼ 90% of the materials, the energy difference between the armchair and zigzag wrapping direction is below
10 meV/atom, which indicates that there is only a weak driving force for wrapping up in a specific direction.
Although the armchair and zigzag wrapping directions only have a minor impact on the stability of the tube,
the wrapping direction likely has a larger impact on the electronic properties due to the difference in bond
distances in these tube configurations.
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Figure 4.3: (a) Optimal radius versus the lattice mismatch of the corresponding parent
sheets (lattice mismatch calculated as aMX2/aMY2). (b) Optimal radius versus the cor-
responding minimum strain energy. (c) Optimal radius versus the ratio of the Mulliken
electronegativities of the outer and inner elements. (d) Ratio in layer thicknesses in the 2D
Janus sheet versus the lattice mismatch. The different colors represent the three classes of
pairing the mid-layer with either two chalcogens (Janus-Cal-Cal, {O, S, Se, Te}, green) ,
two halogens (Janus-Hal-Hal, {Br, I, Cl}, red) or a mix of chalcogens inside and halogens
outside (Janus-Cal-Hal, yellow). Figure taken from [116] and reprinted with permission.

The combination of the three metals As, Sb and Bi mixed together with a chalcogen sitting inside and a
halogen element sitting outside of the structure generates stable and small-radius nanotubes with a rather
small strain energy associated with its optimal radius. For instance, AsSI has a minimum strain energy of
-80 meV/atom which is ∼ 40 meV smaller than that of the experimentally observed imogolite nanotube when
compared to computational reference data found in literature [147].
Fig. 4.3 plots the extrapolated optimal radius Ropt versus (a) the lattice mismatch aMX2 /aMY2 (this is the
important parameter in Pauling’s mechanism), (b) the minimum strain energy Estrain−min and (c) the ratio
of the Mulliken electronegativities of the X/Y elements. Finally, Fig. 4.3 (d) shows the ratio in layer thickness
tM−X/tM−Y versus the lattice mismatch. In the latter case the thickness was measured as the M-X and M-Y
element distance along the vacuum direction in the 2D Janus sheet (inter-layer distance). From 4.3 (b) we
infer that low strain energies are not necessary to obtain small-radius nanotubes. Indeed, nanotubes with
diameters smaller than 15 Å are predicted to be found in a range of strain energy minima from -15 meV/atom
(BiSeBr) to -280 meV/atom (TaOTe, which has the most negative strain energy in our dataset). From 4.3 (a)
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(a) (b)

Figure 4.4: (a) Optimal tube radius using the three models based on the Timoshenko plate
theory [148], considering the Poisson ratios (Poisson) [129] and using lattice mismatches
between Janus MXY and MY2 parent sheets (Inner-bond model). The optimal radius based
on DFT calculations Ropt is also shown which has been obtained extrapolating the function
given in equation 4.2. The asterisk indicates that due to prototype changes when straining
the SbBr2 sheet, it was not possible to get the elastic tensor required for the Timoshenko
and Poisson model. (b) The radius plotted against the lattice mismatch MX2/MXY. Figure
taken from [116] and reprinted with permission.

we see that the optimal radius increases sharply when approaching the limit of no lattice mismatch between
the MX2 and MY2 parent sheets (black vertical line). Additionally, the lattice mismatch is correlated with
the ratio of ionic radii when mixing two chalcogens (Janus-Cal-Cal class following trend OTe > OSe > OS >
STe > SeTe > SSe) or two halogens (Janus-Hal-Hal class following ClI > BrI > ClBr) with each other.

The lattice mismatch between the two parent sheets can give an estimate on the optimal tube radius in
the case of isovalent anions, while it fails for mixing halogens with chalcogens (Janus Cal-Hal class). Here, it
would predict the halogen to sit on the inside of the tube instead of outside, as several of the materials show
a lattice mismatch aMX2 /aMY2 larger than 1 (see Fig. 4.3 (a), yellow dashed line). For instance, the MoOTe
parent sheets (H-phase) have a lattice mismatch of 0.79 (aMoO2 = 2.82Å, aMoT e2 = 3.55Å) leading to the
small radius of 7.2Å. Conversely, the BiTeCl parent sheets (T-phase) have a lattice mismatch of 1.06 since the
parent structure BiCl2 (a = 3.68 Å) has a smaller lattice constant than BiTe2 (a = 3.9 Å). Based on the lattice
mismatch, the tube should wrap in a way that the Chlorine atoms are inside of the tube. The three different
classes appear well-separated when the radius is plotted versus the ratio of the Mulliken electronegativities of
the X and Y element (Fig. 4.3 (c)). Having more electronegative elements sitting on the inside of the tube
does not seem to be a necessary criterion for forming small-radius nanotubes (Janus-Cal-Hal, yellow).

Optimal radius descriptors
As described above, the estimation of the optimal nanotube radii in Fig. 4.2 (b) involves a number of DFT
relaxations for different nanotube sizes, which are approximately three orders of magnitude more computa-
tionally demanding than to relax the corresponding 2D Janus sheets. Identifying descriptors to predict the
optimal radius based exclusively on the parent 2D Janus sheets would therefore provide a valuable pathway
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to faster navigate through the chemical space of possible material combinations.
In literature, two models have been described, which, for a given Janus MXY sheet, employs the lattice
constants of the symmetric MX2 and MY2 sheets as descriptors for predicting the optimal tube radius of
isovalent nanotubes. The first approach is based on the plate theory described by Timoshenko [148, 149],
while the second approach makes use of the Poisson ratios of the parent sheets (Poisson model) [129]. Both
models require calculations of the stiffness tensors of the parent structures. Here we propose a new approach,
referred to as the Inner-bond model, based solely on geometrical parameters that can be readily obtained from
existing 2D databases such as [17]. The Inner-bond model uses the lattice constants of the 2D MXY Janus
and MX2 parent sheets as well as the 2D Janus tM−X layer thickness, and details about it can be found in
the supplementary information of [116].
Fig. 4.4 shows the performance of the three models described above in predicting the optimal radius of dif-
ferent types of nanotubes. Evidently, all three models capture the rolling mechanism for isovalent anions for
the selected set of materials (with deviations up to 30 % compared to the calculated DFT radius), while only
the Inner-bond model predicts the optimal radii of non-isovalent nanotubes to be small. It does, however, fail
to estimate radius for some tubes in which a chalcogen sits inside (SbSCl, SbSBr and SbSI in Fig. 4.4 (a)).
One feature all of the studied materials share is that the lattice mismatch between the parent MX2 and the
Janus MXY sheets is always smaller than 1 (Fig. 4.4 (b)). This is different from the idea of comparing MX2

and MY2 lattice constants, for which, in the case of mixing chalcogen and halogen X/Y elements, the lattice
mismatch exceeds 1 (Fig. 4.3 (a)). Although only giving quantitative predictions, the Inner-bond model shows
that the bond distances of the elements in the inner MX2 sheet together with the MXY lattice constant are
good descriptors for predicting the optimal radius within the studied compound space. In the case of isovalent
anions the lattice mismatch of the parent structures can also be used as a descriptor.

Strain energy descriptors
As displayed in the top left of Fig. 4.5 a 2D Janus sheet is inherently asymmetric due to its different types of
outer layers, which leads to a broken mirror symmetry in the out-of-plane direction. The mirror symmetry can
be restored by rearranging the X/Y elements into alternating X/Y rows (bottom left structure in Fig. 4.5).
The graph in Fig. 4.5 shows the energy difference between the alternating and the Janus sheet (E2D−alt -
E2D−Janus) versus the strain energy minumum (Estrain−min) for different nanotubes. Except for a few outliers
( > 50 meV/atom error in prediction) corresponding to structures with a low convex hull stability, there is
a very clear correlation. Consequently this energy difference could be a suitable descriptor for predicting 2D
sheets, which might be susceptible to spontaneous curling when exfoliated onto a host structure. The energy
gain due to curling would then need to be larger than the adsorption energy of the sheet on the host structure,
which is not the case for the experimentally exfoliated BiTeI sheet [128].

4.4 Conclusions
In this chapter, we have described a computational screening study of the stabilities and optimal radii of
Janus nanotubes. Concretely, the stabilities of 135 different Janus nanotubes were calculated using a structure
prototype approach (T-/H-phase). For isovalent anions, the wrapping mechanism could be explained by the
lattice mismatch between the inner and outer atomic layers. Furthermore, we found that a large minimum
strain energy is not needed to find tubes with an optimal radius smaller than 35Å. Additionally, the minimum
strain energy was reasonably well estimated using the energy difference between a 2D Janus and alternating
sheet as a descriptor.
The findings reported here, shed light on the mechanism behind the curling of 2D Janus sheets and define
a new path for the synthesis of nanotubes with small radii, for which the lattice mismatch and the bonding
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Figure 4.5: Comparison of the nanotube energy at its optimal radius versus the energy
difference between a Janus sheet and a sheet consisting of alternating anion rows (2D-
alternating rows prototype structure or 2D-alt). The mean average error for the different
combinations are 22.9 meV/atom (Janus-Cal-Cal), 14.4 meV/atom (Janus-Cal-Hal) and 3.1
meV/atom (Janus-Hal-Hal). Figure taken from [116] and reprinted with permission.

character of the anions play a fundamental role. It furthermore serves as a natural stepping stone for a more
detailed analysis of e.g. the electronic properties of some of the nanotubes that are predicted to be stable at
small radii and which could thus have different electronic properties compared to their parent 2D sheet. This
is the topic of the next chapter.
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Info: This chapter has been published by me (main author), Felix T. Bölle, Kristian S. Thygesen, Tejs
Vegge and Ivano E. Castelli in [Phys. Rev. Materials 5, 014002 (2021)]. My contribution to this work
was carrying out all the calculations and data analysis as well as writing the initial paper draft. The
journal version of the paper is included as paper III at the end of thesis.

i

5.1 Introduction
During the past decades, the study and characterization of low dimensional materials has been one of the
most active fields in materials science. The immense scientific interest is fuelled by the expectation that
low dimensional materials will have novel applications within a broad range of research areas, from batteries
and electro-catalysis, to electronics and photonics [150–152]. On the experimental side this has resulted in
numerous reports of novel 2D and 1D structures [15, 16, 117, 153–155] and on the computational side several
databases have emerged containing thousands of hypothetical materials with remarkably different properties
compared to their parent 3D structures [17–19].
A particular class of low dimensional materials, which have been studied intensely, are 2D monolayers based
on transition metal dichalcogenides (TMDs). TMD monolayers have the chemical formula MX2, where M
is a transition metal atom and X is a chalcogen atom, and include examples such as MoS2, MoTe2 and
WS2, all of which have been synthesized experimentally [153,156,157]. Furthermore, several TMDs have also
been synthesized in a one-dimensional form as multi-walled nanotubes with diameters of several nanometers
[117,155]. Such tubular structures are expected to have promising applications within a broad range of scientific
areas such as e.g. gas separation and capture, catalysis, solid lubrication and controlled drug delivery [21], but
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so far advancements have been hampered by difficulties in producing single-wall nanotubes with a well-defined
radius.
A less known class of 2D structures are the so-called TMD Janus monolayers with the chemical formula
MXY [143]. Such layers can, at least in principle, be obtained by substitution of the chalcogen atoms on one side
of a regular MX2 monolayer and examples include MoSSe, MoSTe and WSSe among which MoSSe was recently
synthesized [127]. TMD Janus monolayers are particularly interesting because their asymmetry gives rise to
an intrinsic strain, which makes self-rolling into the nanotube structure energetically favourable [129,149]. In
contrast to the multi-walled nanotubes mentioned above, such nanotubes are expected to be stable as single-
walled structures with diameters of only a few nanometers. At such small radii the finite size and curvature
will subject the atoms to significant distortion/strain, and these nanotubes are thus expected to display unique
and tuneable electronic properties compared to their parent monolayers [130,158,159].
In the previous chapter we described a comprehensive study of the thermodynamic stability of a wide range
of inorganic nanotubes obtained from the wrapping of Janus monolayers [116]. As a natural continuation of
this effort, this chapter is devoted to a more detailed study of the electronic properties of nanotubes made
from monolayer MoSTe in the 1H phase, which was recently proposed as a promising candidate material for
piezoelectric applications [160].
A sketch of how the relevant MoSTe nanotubes are constructed is shown in Fig. 5.1 (a): Starting from a 1H-
monolayer of MoSTe described by the hexagonal unit cell vectors a1,a2, a change of basis to the symmetrically
equivalent rectangular basis described by the vectors a

′
1,a

′
2 is first performed. Armchair and zigzag MoSTe

nanotubes of different sizes are then obtained by wrapping up nanoribbons corresponding to different numbers
of unit cell repetitions along either a

′
1 (zigzag) or a

′
2 (armchair). In the screening study of Chapter 4 both

armchair and zigzag type nanotubes were investigated, and both types were found to show promising signs
of thermodynamic stability compared to both its bulk constituents as well as their parent 2D monolayer.
The latter is demonstrated in Fig. 5.1 (c), which displays the nanotube strain energy, defined as the energy
difference with respect to the parent monolayer, as a function of the radius. Evidently both armchair and
zigzag MoSTe nanotubes are stable with respect to their parent 2D layer with a peak in stability at a radius
of only ∼ 18Å. Combining this with the fact that the dynamical stability of both 1H-MoSTe monolayers
and MoSTe nanotubes has been confirmed through phonon calculations [129, 160] makes these structures
particularly well suited for a more detailed investigation focusing on the electronic properties.
The chapter is structured as follows: Starting from the most stable MoSTe zigzag and armchair configurations
shown in Fig. 5.1 (c) we first analyze the band structures and how they differ from their parent monolayer
as well as the symmetric MoS2 and MoTe2 structures. We then proceed to perform a more systematic
investigation of how the band structure, and in particular the band gap, depends on the size of the simulated
nanotubes, and how the behaviour may be qualitatively understood from the orbital projected density of states
(PDOS) around the Fermi level.

5.2 Computational methodology
All calculations were carried out using the PBE functional [32] as implemented in VASP [44]. We employed
a plane wave basis set with an energy cutoff of 550 eV. The construction and relaxation of the nanotubes was
performed using ASE [47], where a k-point density > 4.7 per Å−1 was used to sample the Brillouin zone and
the forces on the atoms were converged to less than 0.02 eV/Å. To obtain well converged band structures
and band gaps we performed self-consistent calculations for the relaxed structures using a Gamma-centered
uniform k-point mesh with a density greater than 15.0 per Å−1. We used a dipole correction for all structures
with an out-of-plane dipole moment such as the nanoribbons described in Section 5.3. For the band structure,
band edge and projected density of states results presented in Fig. 5.2 and 5.3 we used the vacuum level energy
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Figure 5.1: (a) Sketch of how armchair and zigzag nanotubes are constructed by rolling
up a 2D MoSTe monolayer along different directions. The different unit cells involved are
indicated and their relation in reciprocal space is displayed in the bottom right. (b) Band
structure of a 2D MoSTe monolayer with band gap indicated. (c) Calculated strain energies
of armchair and zigzag MoSTe nanotubes for different radii. A minimum strain energy is
attained at rmin which is the most stable nanotube radius. Figure taken from [144] and
reprinted with permission.

defined by the asymptotic value of the Hartree potential as our reference. For a nanotube we obtained this by
averaging the Hartree potential on a radial grid centered on each nanotube. For the asymmetric nanoribbons,
where a dipole correction was applied, we used the asymptotic value of the planar averaged Hartree potential
on the side of the structure, which would make up the outer side of the corresponding nanotube. All the
calculations were performed with the computational workflow described in Chapter 4, which may be accessed
via [133]. The relaxed 2D sheets and nanotube structures are furthermore stored in a database in the DTU
Data repository [161].

5.3 Results

Band structure
Fig. 5.2 displays the band structure for selected armchair (a-c) and zigzag (d-f) MoS2, MoSTe and MoTe2

nanotubes. The nanotubes have been selected to correspond to the most stable radii for the MoSTe armchair
and zigzag configurations as shown in Fig. 5.1 (c). Consequently, the MoSTe armchair nanotube was chosen
to have a radius of ∼ 18.4Å and 120 atoms in the unit cell, while for the zigzag nanotube a radius of ∼
18.1Å and 204 atoms in the unit cell was used. The sizes of the symmetric MoS2 and MoTe2 nanotubes were
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Figure 5.2: Band structures of armchair and zigzag MoS2, MoSTe and MoTe2 nanotubes
(solid black lines) and their corresponding quasi-2D band structures (opaque red lines).
The corresponding band gap transitions are indicated by blue arrows. (a) MoS2 armchair
nanotube with a radius of ∼ 16Å. (b) MoSTe armchair nanotube with a radius of ∼16.5Å.
(c) Armchair MoTe2 nanotube with a radius of ∼18Å. (d) Zigzag MoS2 nanotube with a
radius of ∼ 15Å. (e) Zigzag MoSTe nanotube with a radius of ∼16Å. (f) Zigzag MoTe2

nanotube with a radius of ∼ 15Å. Figure taken from [144] and reprinted with permission.

chosen to be consistent with these numbers, i.e. with 120 and 204 atoms in the unit cell for armchair and
zigzag, respectively. We emphasize that these nanotubes, in contrast to MoSTe, are not formed from a Janus
structure and are therefore likely to be unstable with respect to their planar counterpart.
To understand the general features of the nanotube band structures in Fig. 5.2, we first note that these are
influenced by two separate structural effects: (i) The effect of quantum confinement arising from the finite
extent of a nanotube along its wrapping axis. This is manifested by periodicity of the electronic Bloch states
along its circumference as discussed below. (ii) The effect of curvature/strain arising from the bending of the
parent nanoribbon into the nanotube form.
In order to separate the effects described in (i) and (ii) we have included in Fig. 5.2 a set of band structures,
which neglect the effect of the nanotube curvature. These are obtained from the 2D band structure of the
parent MoSTe monolayer (see Fig. 5.1 (b)) following the procedure described in [162], where the k-points inside
the Brillouin zone allowed by (i) are selected and used to generate the corresponding 1D band structure. As
an example of how this is done, we consider generating the curvatureless band structure equivalent of a
nanotube corresponding to N repetitions along the armchair direction as shown in Fig. 5.1 (a). In this
case, periodicity of the electronic states along the wrapping direction combined with Blochs theorem yields
ψ(R) = ψ(R + N · a

′
2) ⇒ ψ(R) = ψ(R)eiNk·a

′
2 , which leads to the following quantization condition for the

allowed values of k:

k · a
′
2 = 2π · m

N
, m = 0, 1, .., N − 1. (5.1)
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Figure 5.3: (a) Band gap dependence on the radius for MoSTe armchair nanotubes with
the most stable tube radius highlighted. Both indirect and direct band gaps are shown, and
the indirect band gap of 2D MoSTe is indicated as the dashed black line. (b) Position of
the valence and conduction band edges for MoSTe armchair nanotubes as a function of the
radius. An illustration of the two nanotubes used for the corresponding PDOS plots is also
included. (c) PDOS in a region around the Fermi level for an MoSTe armchair nanotube
with radius ∼ 11Å (top) and for an MoSTe armchair nanotube with radius ∼ 22Å (bottom).
(d) Band gap dependence on the radius for MoSTe zigzag nanotubes with the most stable
tube radius highlighted and with the indirect band gap of 2D MoSTe indicated by the
black dashed line. The band gap is direct for all plotted radii. (e) Position of the valence
and conduction band edges for MoSTe zigzag nanotubes as a function of the radius. An
illustration of the two nanotubes used for the corresponding PDOS plots is also included.
(f) PDOS around the Fermi level for an MoSTe zigzag nanotube with radius ∼ 7Å (top)
and for an MoSTe armchair nanotube with radius ∼ 12Å (bottom). Figure taken from [144]
and reprinted with permission.

The result is a discrete set of allowed k-points along the a
′
2 direction, which as shown in Fig. 5.1 (a) is along

the Γ − M′ path in reciprocal space. The band structure is then obtained from the 2D band structure of
MoSTe by plotting its value for each discrete k-value in (5.1) in the direction perpendicular to Γ − M’ as
shown by the blue lines in Fig. 5.1 (a). A similar analysis for the zigzag direction, leads to a discrete set of
k-values along the Γ−K path and, in this case, the band structure is obtained by plotting the values of the 2D
band structure along the path marked by the red lines of Fig. 5.1 (a). As shown in Fig. 5.1 (a) we label the
boundary of the rectangular Brillouin zone as Z in both the armchair and zigzag directions to be consistent
with the labelling of the Z point in the nanotube band structures of Fig. 5.2.
Comparing the band structures of Fig. 5.2, we can make several qualitative observations. First of all, the band
structures of the Janus MoSTe nanotubes appear significantly different from those of the symmetric MoS2 and
MoTe2 nanotubes. Secondly, we observe that while the nanotube and nanoribbon band structures share the
same overall features, the nanotube band gaps are heavily modified by the effects of strain/curvature. Indeed,
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by comparing Fig. 5.2 (b), (e) with the band structure of 2D MoSTe shown in Fig. 5.1 (b), it is evident that
the nanotube band gaps are significantly different from the band gap of 2D MoSTe, while the nanoribbon
band gaps practically coincide with the latter. This shows that quantization has a negligible influence on the
size of the band gap. To understand this we first note that the band gap of 2D MoSTe corresponds to an
indirect Γ − K transition. Since k = 0 is included in the discrete set of k-values in (5.1) for all values of N, the
Γ point will likewise be included when generating the nanoribbon band structure for a nanotube of any size.
Any dependence of the band gap must thus be attributed to whether or not the discrete set of k-points of (5.1)
includes the K-point. For armchair nanotubes, this will always be included since the discretization is along
Γ − M′. Consequently, their band gap can not be influenced by confinement effects. For zigzag nanotubes this
is possible, but for the typical tube sizes simulated, the k-mesh in Eq. (5.1) will be practically dense and any
dependence is extremely minor. We thus conclude that the band gap changes observed in Fig. 5.2 are purely
an effect of the curvature/strain induced by the bending of the atoms in the nanotube form.

Curvature dependence of the band gap
To explore the effect of strain/curvature on the band gap further, we have calculated the band gap for MoSTe
armchair and zigzag nanotubes of different radii as displayed in Fig. 5.3 (a) and (d). From this we can see
that the band gap depends strongly on the radius of the simulated nanotubes and is seen to increase from a
value below the band gap of 2D MoSTe to a value above followed by a slow decay towards this limiting value.
This behaviour, which is in agreement with the results reported in [129], may be qualitatively understood
from Fig. 5.3 (b) and (e), which display the position of the valence and conduction band edge as a function
of the radius of the simulated nanotubes. Evidently, the size dependence of the band gap is mainly attributed
to the position of the conduction band edge, which, compared to the valence band edge, increases sharply as
a function of the radius. Based on this, it is therefore natural to investigate the PDOS around the conduction
band edge to determine what states are mainly responsible for the observed band gap sensitivity. The PDOS
for selected armchair and zigzag nanotubes is shown in Fig. 5.3 (c) and (f) from which we see that the lower
part of the conduction band is mainly composed of states with Mo-d character, and we therefore conjecture
that these states are particularly sensitive to strain/curvature.

5.4 Conclusions
This chapter has described a computational study of the electronic properties of MoSTe Janus nanotubes,
which have been predicted to be stable at ultra-small radii. The core of the study was an investigation of the
band structure of both armchair and zigzag 1H-MoSTe Janus nanotubes with special emphasis on how these
differ from that of their parent monolayer. By comparing the band structures of the most stable MoSTe tube
size, with those of the symmetric MoS2 and MoTe2 nanotubes and nanoribbons, we were able to separate the
effects of quantum confinement and curvature, and we found that confinement effects were negligible while
curvature led to large changes in the band gap. We further analyzed the band gap changes by studying its
dependence of the nanotube radius and found variations in the band gap of up to 0.5eV with values both
above and below that of 2D monolayer MoSTe. By investigating the position of the band edges and PDOS
for different tube sizes, we found that these large variations are mainly attributed to the Mo conduction band
d-states. All in all, the study described in this chapter has demonstrated how 1D Janus TMD tubes can
display remarkably different electronic properties compared to their 2D and 3D counterparts thus showing
that targeted screening of such nanotubes for specific applications like catalysis and thermoelectrics might be
of future interest.



Conclusions

This second part of the thesis has described a computational study of inorganic Janus nanotubes, which
constitute a promising platform for the discovery and synthesis of low-dimensional materials with promising
technological applications. The study was unfolded through two chapters, where the first of these (Chapter 4)
described a high-throughput screening study aimed at classifying the thermodynamic stability and preferred
size for a wide range of hypothetical nanotube structures. Concretely, the stability and optimal radius of 135
different inorganic nanotubes generated from the wrapping of asymmetric 2D Janus sheets was determined,
and a wide range of possible material combinations leading to stable nanotubes with ultra-small radii were
identified. Furthermore, the mechanism driving the formation of these as well as the use of descriptors to
accelerate the discovery of an even larger space of inorganic nanotubes were investigated and discussed. Based
on the results of this first chapter, MoSTe Janus nanotubes were identified as particularly interesting for a
more detailed study. This was the topic of the second chapter (Chapter 5), where the electronic properties
of these were investigated with the aim of clarifying how they differed from that of their corresponding 2D
sheet. Here it was found that the band structures of MoSTe armchair and Janus nanotubes are significantly
different from those of its parent 2D sheet due to the curvature-induced strain that the atoms are subject to
at the most stable radius.
All in all, the research described in the part can be seen as an important milestone towards the experimental
discovery and characterization of inorganic Janus nanotubes with superior technological applications in clean
energy research areas such as catalysis, batteries and photonics.
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Summary and outlook

This thesis has explored the possibility of using computer simulations to discover and broaden our understand-
ing of materials relevant to the clean energy transition. This was demonstrated in two separate parts, where
the first explored the possibility of using NNPs to model the catalytically important water/Pt(111) interface,
while the second focused on the computational discovery and electronic characterization of one-dimensional,
inorganic Janus nanotubes.
In the first part it was demonstrated how NNPs offer a computationally cheap framework for accurately de-
scribing the energetics of the water/Pt(111) interface. This allowed us to conduct MD simulations of the
interface on the nanosecond time scale and thereby obtain accurate sampling of a number of room tempera-
ture physical properties, which would have been outside the scope of ab initio based methods. This was first
demonstrated in a study of the structure and order of the interface, where this was found to be semi-ordered
as a result of an effective repulsion between the water molecules adsorbed on the Pt surface. This analysis was
subsequently extended to also include the presence of hydroxyls at the interface, where their structure and en-
ergetics were found to be significantly different from what one would expect based on traditional UHV-inspired
models. While these findings constitute an important step towards the development of realistic models for the
water/Pt(111) interface, they naturally leave a number of open questions, which would be interesting to pursue
in future works. In this context, a very obvious starting point is to obtain a better physical understanding of
the effective repulsion observed between the water molecules in Chapter 2. Doing so would likely require a
more detailed analysis of the energetics of the complex hydrogen-bonded network formed between the primary
and second adsorption layer at the interface. A second natural thing to investigate is the validity of our room
temperature based approach for modelling the OH adsorption reaction in Chapter 3. Indeed, the discrepancy
between our predictions and the experimentally measured OH coverage profile in room-temperature CV dia-
grams, could be taken as evidence that water-hydroxyl layers on Pt(111) interface are effectively crystalline.
If this is the case, a more advanced free energy approach would likely be required, where the poorly ergodic
water-hydroxyl overlayer can be efficiently sampled [48]. Irrespective of the above, the validity of our findings
should of course also be held against the known shortcomings of DFT for describing water [163]. In fact, it
has long been know in literature that the PBE functional [32] employed in this work tends to overstructure
water - a problem which is not cured by the inclusion of dispersion interactions such as the D3 correction [40].
Furthermore nuclear quantum effects are known to have important impact on the structure of water layers at
water/metal interfaces [164]. Adding to this list of issues, our approach relies on NNPs, which will likely add
an additional level of inaccuracy due to their lack of long range physics. Consequently, a systematic study of
whether our conclusions are consistent across different choices of functionals, the addition of nuclear quantum
effects as well as more advanced machine learning frameworks incorporating long range physics [23] should
be conducted. On a more positive note, if the framework presented here is in fact robust, its possibilities
are practically endless. To name a few low hanging fruits, it could for example be used to study the room
temperature properties of water on other metal surfaces with additional complexities such as e.g. steps and
kinks, or to describe more complex catalytic reactions involving a wider range of different chemical species.
The second part of the thesis explored the stability and electronic properties of inorganic Janus nanotubes.

67



68 | Summary and Outlook

Here we first described an automated, DFT-based screening study of the stability of 135 inorganic nanotubes
obtained from the wrapping of 2D Janus sheets. From this we discovered a wide range of nanotubes, which
were thermodynamically stable at ultra-small radii. The physical mechanism behind the wrapping of the 2D
Janus layers was further investigated, and in the case of isovalent anions it was found to be determined by the
lattice mismatch between the inner and outer atomic layers. Based on the results of the screening study, MoSTe
Janus nanotubes were selected as particularly interesting for further studies, and we described a DFT-based
study of their electronic properties specifically aimed at understanding how these differ from the parent 2D
Janus MoSTe sheets. Here we found their band structures and band gaps to differ significantly from their 2D
counterpart due to the curvature-induced strain, that the atoms in the nanotubes are subject to around their
most stable radius. Further studies of this effect revealed a very sensitive relationship between the band gaps
and radii of the simulated nanotubes, which based on an analysis of the PDOS around the Fermi level could
be attributed to the strain-sensitivity of the Mo d states in the conduction band. While we firmly believe that
these studies constitute an important step towards the theoretical understanding and experimental synthesis
of inorganic Janus nanotubes, they also leave a number of open questions that should be addressed in future
studies. In the context of the screening study a very obvious next step is to conduct a more detailed stability
analysis, where the dynamical stabilities of the simulated nanotubes as well as their thermodynamic stabilities
with respect to other curled structures such as nanoscrolls, multi-walled tubes etc. are investigated. Having
conducted such a study, it would then be natural to attempt the experimental synthesis of carefully selected
nanotubes. For this purpose, nanotubes based on BiTeI and related compositions appear particularly promis-
ing due to their synthesizability in a 3D structure and exfoliability into 2D layers, as well as their predicted
stability in 1D form. Following the interest in Vanadium- and Titanium-based nanotubes for electrochemical
applications, we suggest the metastable combinations of these metals paired with either OTe, OSe, or OS to
be additional interesting candidates. Further obvious candidates are nanotubes based on 2D Janus MoSTe
layers, whose dynamical stability in both the 2D and nanotube form have already been confirmed [129, 160],
and whose electronic properties we explored in Chapter 5. In the context of the electronic study, it is clear
that we have only touched the tip of the iceberg. Indeed, the methodology presented in Chapter 5 could with
relative ease be applied to all the other nanotube structures found to be stable in Chapter 4. Based on this,
it would then be natural to ask whether the trends observed for the electronic properties of MoSTe Janus
nanotubes carry over to nanotubes based on other element combinations. Additionally, it would be interesting
to investigate whether the conclusions reported here hold when employing higher-level electronic structure
methods and when including spin-orbit coupling, which is known to heavily modify the band structure of
transition metal dichalcogenide monolayers [160,165].
Let me finally remark that while this thesis was deliberately bisected into two separate parts, it is in fact
when the insights from both of these are unified that it displays its full potential. Indeed, by combining the
computationally efficient machine learning framework of Part I with the systematic and automated workflows
of Part II, it is entirely possible that the results showcased here constitute an important milestone towards
the discovery, synthesis and characterization of functional clean energy materials.
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Appendix A: Construction of the neural network potentials
In our pursuit of fitting the most accurate NNPs, we have conducted a comprehensive analysis on the influence
of a wide range of parameters on the quality of the obtained fits. To ease the computational requirements,
most of these were performed on smaller 5000 structure-subsets of the datasets described in Chapter 2 and 3,
where 4000 were used for training and 1000 were used for testing. Furthermore, in an attempt to eliminate
noise associated with the stochastic nature of the NN weight optimizations, all results described below were
based on running at least three weight optimizations for each NNP fit starting from different random seeds
and choosing the best of these.

Symmetry function parameters
All NNPs described in this thesis were based on a set of G2 and G4 symmetry functions (see (1.13) and (1.14))
developed by Natarajan et al. [99] with the aim of optimally describing water on low-index Cu surfaces. The
parameters of these are shown in Tables 5.2, 5.3 and 5.4 and are similar to those reported in the supplementary
information of [99] except for the substitution of Cu with Pt. Our motivation for this choice of symmetry
function parameters is that the water/Pt and water/Cu interfaces are similar in terms of typical atomic
distances, and we therefore expect this set of parameters to perform well for the water-OH/Pt(111) interface.

Choice of neural network architecture
We have investigated the influence of the NN architecture on the quality of the obtained fits. A condensed
summary of this analysis is displayed in Table 5.1, where we report the training and test errors for different
choices of the number of hidden layers, number of nodes in these and the activation functions connecting them.
Evidently the training and test errors are very comparable across the different choices of NN architectures.

Architecture ERMSE [eV/atom] FRMSE [eV/Å] ERMSE [eV/atom] FRMSE [eV/Å]

5-5 (s-s-l) 0.00095(0.00096) 0.090(0.089) 0.0023(0.0030) 0.122(0.125)
10-10 (s-s-l) 0.00089(0.00090) 0.083(0.082) 0.0020(0.0025) 0.103(0.105)
10-10 (t-s-l) 0.00086(0.00088) 0.081(0.080) 0.0019(0.0028) 0.104(0.108)
15-10 (t-t-l) 0.00079(0.00082) 0.074(0.074) 0.0017(0.0028) 0.097(0.098)
20-20 (s-s-l) 0.00083(0.00083) 0.076(0.075) 0.0017(0.0023) 0.092(0.094)
25-30 (t-t-l) 0.00076(0.00080) 0.070(0.070) 0.0015(0.0024) 0.088(0.090)
30-30 (s-s-l) 0.00081(0.00082) 0.073(0.073) 0.0017(0.0023) 0.092(0.093)
40-40 (s-s-l) 0.00084(0.00083) 0.074(0.074) 0.0016(0.0024) 0.090(0.092)
40-45 (s-s-l) 0.00083(0.00083) 0.075(0.074) 0.0017(0.0024) 0.090(0.092)

Table 5.1: Summary of energy and force training (first number) and test errors (second
number in parenthesis) for different NNP architectures. The second and third column
indicate the energy and force error on the dataset used in Chapter 2 while the fourth and
fifth column indicate the errors on the dataset from Chapter 3. In the architecture column,
the number of nodes in each hidden layer is displayed as X-Y-Z etc. (i.e. 30-30 indicates
two hidden layers with 30 nodes in each) and the activation functions used are indicated in
parenthesis, where t, s and l are abbreviations for tanh, sigmoid and linear, respectively.



Appendices | 83

0.000

0.002

0.004

0.006

0.008

0.010

0.012

0.00

0.02

0.04

0.06

0.08

0.10

0.12
E R

M
SE

 [e
V/

at
om

]

F R
M

SE
 [e

V/
Å]

0 20 40 60 80 100
λ

Figure 5.4: Training errors on forces and energies for NNP fits obtained with different scaling
values of the hyperparameter λ in (1.16).

Force/energy scaling

As mentioned in 1.3, the fitting of the NNPs involves the optimization of a loss function (1.16), where the
relative influence of the obtained forces and energies are weighted with a hyperparameter λ. To evaluate the
influence of the value of this parameter on the obtained fits, we plot in Fig. 5.4 the training RMSE on the
forces and energies for different values of λ (this was obtained based on the database described in Chapter 2).
Evidently values of λ in the range 5 − 20 lead to the best balancing of the force and energy errors, and based
on this we have chosen a value of λ = 10 for our NNP fits.

Other optimizations considered

Aside from the tests described above, a number of other optimizations within in the RuNNer code [57,65] have
been investigated. These include the use of threshold values on the energy and force errors for determining
whether a data point should be used for the subsequent weight update, batch optimization in which only
a fraction of the forces are used in each weight update, different types of weight initializations as well as
different types of optimization algorithms including a Kalman filter with different parameters, conjugate
gradient optimization and steepest descent. In most cases these were found to produce comparable results for
the quality of the NNP fits. The choice of optimization parameters most frequently employed in this work can
be found in the publicly available RuNNer input files [100].
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Type Element 2 Element 3 η[Bohr−2] Rs[Bohr] λ ζ Rc[Bohr]

G2 H/O/Pt 0.001 0.0 12.0
G2 H/O/Pt 0.010 0.0 12.0
G2 H/O/Pt 0.030 0.0 12.0
G2 H/O/Pt 0.060 0.0 12.0
G2 O/Pt 0.150 0.9 12.0
G2 H 0.150 1.9 12.0
G2 O/Pt 0.300 0.9 12.0
G2 H 0.300 1.9 12.0
G2 O/Pt 0.600 0.9 12.0
G2 H 0.600 1.9 12.0
G2 O/Pt 1.500 0.9 12.0
G2 H 1.500 1.9 12.0
G4 O Pt 0.001 -1.0 1 12.0
G4 H/O/Pt Pt 0.001 1.0 1 12.0
G4 H/O/Pt Pt 0.001 1.0 2 12.0
G4 O O 0.001 -1.0 4 12.0
G4 O O 0.001 1.0 4 12.0
G4 O Pt 0.003 -1.0 1 12.0
G4 H/O/Pt Pt 0.003 1.0 1 12.0
G4 Pt Pt 0.003 1.0 2 12.0
G4 O Pt 0.007 -1.0 1 12.0
G4 H Pt 0.007 1.0 1 12.0
G4 H Pt 0.010 1.0 1 12.0
G4 H O 0.010 -1.0 4 12.0
G4 H O 0.010 1.0 4 12.0
G4 H Pt 0.015 1.0 1 12.0
G4 H/O O 0.030 -1.0 1 12.0
G4 H/O O 0.030 1.0 1 12.0
G4 H O 0.070 -1.0 1 12.0
G4 H O 0.070 1.0 1 12.0
G4 H O 0.200 1.0 1 12.0

Table 5.2: Symmetry function parameters for H atoms.
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Type Element 2 Element 3 η[Bohr−2] Rs[Bohr] λ ζ Rc[Bohr]

G2 H/O/Pt 0.001 0.0 12.0
G2 H/O/Pt 0.010 0.0 12.0
G2 H/O/Pt 0.030 0.0 12.0
G2 H/O/Pt 0.060 0.0 12.0
G2 H/Pt 0.150 0.9 12.0
G2 O 0.150 4.0 12.0
G2 H/Pt 0.300 0.9 12.0
G2 O 0.300 4.0 12.0
G2 H/Pt 0.600 0.9 12.0
G2 O 0.600 4.0 12.0
G2 H 1.500 0.9 12.0
G2 O 1.500 4.0 12.0
G4 O Pt 0.001 -1.0 1 12.0
G4 H/O/Pt Pt 0.001 1.0 1 12.0
G4 H/O/Pt Pt 0.001 1.0 2 12.0
G4 H/O O 0.001 -1.0 4 12.0
G4 H/O/Pt O 0.001 1.0 4 12.0
G4 H/O/Pt Pt 0.003 1.0 1 12.0
G4 Pt Pt 0.003 1.0 2 12.0
G4 H/Pt Pt 0.007 1.0 1 12.0
G4 H Pt 0.010 1.0 1 12.0
G4 H H 0.010 -1.0 4 12.0
G4 H H 0.010 1.0 4 12.0
G4 H Pt 0.015 1.0 1 12.0
G4 H H 0.030 -1.0 1 12.0
G4 H/O O 0.030 -1.0 1 12.0
G4 H H 0.030 1.0 1 12.0
G4 H/O O 0.030 1.0 1 12.0
G4 H H 0.070 -1.0 1 12.0
G4 H H 0.070 1.0 1 12.0

Table 5.3: Symmetry function parameters for O atoms.
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Type Element 2 Element 3 η[Bohr−2] Rs[Bohr] λ ζ Rc[Bohr]

G2 H/O 0.001 0.0 12.0
G2 H/O/Pt 0.010 0.0 12.0
G2 H/O/Pt 0.030 0.0 12.0
G2 H/O/Pt 0.060 0.0 12.0
G2 Pt 0.100 0.0 12.0
G2 H/O 0.150 0.9 12.0
G2 Pt 0.200 0.0 12.0
G2 Pt 0.200 1.0 12.0
G2 H/O 0.300 0.9 12.0
G2 H/O 0.600 0.9 12.0
G2 H 1.500 0.9 12.0
G4 H H 0.001 -1.0 1 12.0
G4 O O 0.001 -1.0 1 12.0
G4 H H/O/Pt 0.001 1.0 1 12.0
G4 O O 0.001 1.0 1 12.0
G4 O/Pt Pt 0.001 1.0 1 12.0
G4 H O/Pt 0.001 1.0 2 12.0
G4 O O/Pt 0.001 1.0 2 12.0
G4 Pt Pt 0.001 1.0 2 12.0
G4 H O/Pt 0.003 -1.0 1 12.0
G4 O/Pt Pt 0.003 -1.0 1 12.0
G4 H H/O/Pt 0.003 1.0 1 12.0
G4 O O/Pt 0.003 1.0 1 12.0
G4 Pt Pt 0.003 1.0 1 12.0
G4 H O 0.003 -1.0 2 12.0
G4 Pt Pt 0.003 -1.0 2 12.0
G4 H H/O 0.003 1.0 2 12.0
G4 Pt Pt 0.003 1.0 2 12.0
G4 H H/O 0.070 1.0 1 12.0
G4 Pt Pt 0.070 1.0 1 12.0
G4 H H 0.010 1.0 1 12.0

Table 5.4: Symmetry function parameters for Pt atoms.



Appendices | 87

Appendix B: Thermostat tests
To ensure that the results of Chapter 2 do not depend on the chosen MD simulation parameters, we have tested
the results for the average neighbor numbers reported in Table 2.2 as well as the calculated residence times for
being in the primary and secondary adsorption layers for different choices of thermostats and characteristic
coupling time. Concretely, we have compared the results for a Nosé Hoover thermostat with characteristic
coupling times of 20fs (original value used), 50fs and 1000fs and a Langevin thermostat with coupling times
of 20fs, 50fs and 1000fs using NNP1 from our ensemble. The results of these tests are reported in Table 5.5.
Though the choice of thermostat parameters does change the values slightly, the overall conclusions are robust.

Thermostat ⟨1N⟩ ⟨2N⟩ ⟨3N⟩ ⟨4N⟩ ⟨5N⟩ ⟨6N⟩ τ+ [ps] τ− [ps]

Nosé-Hoover (20fs) 0.37 0.52 0.50 2.44 1.28 1.00 35.1(35.2) 461.0(381.0)
Nosé-Hoover (50fs) 0.38 0.50 0.53 2.45 1.30 0.96 30.2(23.3) 191.1(259.8)
Nosé-Hoover (500fs) 0.37 0.54 0.52 2.47 1.19 1.03 22.9(29.5) 173.0(335.4)
Langevin (20fs) 0.35 0.63 0.51 2.25 1.35 0.99 55.2(79.2) 289.8(573.0)
Langevin (50fs) 0.37 0.55 0.53 2.32 1.30 1.07 41.0(31.7) 307.8(414.9)
Langevin (500fs) 0.39 0.57 0.49 2.42 1.25 1.02 27.9(40.0) 331.9(413.1)

Table 5.5: Average number of different types of neighbor pairs as well as the characteristic
decay times τ+, τ− (estimated from both cA(t) and cB(t), respectively) calculated from MD
runs with NNP1 with different thermostat settings.
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Appendix C: Probability model for a three-state system
The rate model (2.1) employed in Chapter 2 consists of the following homogeneous system of first order
differential equations:

P ′ = K
=
P , P =

PA(t)
PB(t)
PC(t)

 , K
=

=

−kAB kBA 0
kAB −(kBA + kBC) kCB

0 kBC −kCB

 , (5.2)

where kXY denotes the rate for going from region X to region Y.
The general solution to (5.2) is given by:

P (t) = c1 · a1e
k1t + c2 · a2e

k2t + c3 · a3e
k3t, (5.3)

where k1, k2, k3 and a1,a2,a3 are the eigenvalues and eigenvectors of K
=

, respectively, while c1, c2, c3 are
constants. The eigenvalues can be determined from the characteristic equation:

det(K
=

− λI
=

) = 0

(−kAB − k)(−(kBA + kBC) − k)(−kCB − k) + kCBkABkBA + kCBkBCkAB = 0

− (((((((
kCBkABkBA +((((((

kCBkBCkAB + kkABkCB + kkBAkCB + kkBCkCB + kkABkBA + kkABkBC+

k2kCB + k2kAB + k2kBA + k2kBC + k3) +((((((
kCBkABkBA +((((((

kCBkBCkAB = 0

− k(kABkCB + kBAkCB + kBCkCB + kABkBA + kABkBC + kkCB + kkAB + kkBA + kkBC + k2) = 0

k0 = 0 , k± =
−kABCD ±

√
k2

ABCD − 4(kABkCB + kBAkCB + kBCkCB + kABkBC)
2 ,

kABCD = kAB + kBA + kBC + kCB .

This shows that P (t) has the solution (2.2) postulated in Chapter 2.

In the case kAB , kBA >> kBC , kCB a first order expansion gives the following result for k+

k+ =
−kABCD + (kABCD)

√
1 − 4(kABkCB+kBAkCB+kBC kCB+kABkBC )

k2
ABCD

2

≈
−kABCD + kABCD(1 − 2(kABkCB+kBAkCB+kBC kCB+kABkBC )

k2
ABCD

)

2

= −kABkCB + kBAkCB + kBCkCB + kABkBC

kAB + kBA + kBC + kCB

≈ −(kCB + kBC
kAB

kAB + kBA
)

while for k− we immediately find k− = −2kABCD ≈ −(kAB + kBA).
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The structure of the water/Pt(111) interface has been a subject of debate over the past decades. Here, we report the
results of a room temperature molecular dynamics study based on neural network potentials, which allow us to access
long time scale simulations while retaining ab initio accuracy. We find that the water/Pt(111) interface is characterized
by a double layer composed of a primary, strongly bound adsorption layer with a coverage of ∼ 0.15ML, which is cou-
pled to a secondary, weakly bound adsorption layer with a coverage of∼ 0.58ML. By studying the order of the primary
adsorption layer we find that there is an effective repulsion between the adsorbed water molecules, which gives rise to
a semi-ordered interfacial structure, where the water molecules in the primary adsorption layer are distributed homo-
geneously across the interface forming frequent hydrogen bonds to water molecules in the secondary adsorption layer.
We furthermore show that these conclusions are beyond the time scales accessible to ab initio molecular dynamics.

I. INTRODUCTION

Water-metal interfaces are ubiquitous in nature and relevant
to a broad range of technological areas such as corrosion,
electro-catalysis, environmental chemistry and lubrication2,3.
Over the past decades, this has led to a huge interest within
the scientific community on developing accurate theoretical
and computational models that can help to understand the
relevant physical and chemical processes that take place in
these systems.

Within the field of electro-catalysis, water-metal interfaces
are particularly important due to the widespread use of
aqueous electrolytes. In this context, the water/Pt interface
is often considered a "benchmark" system, as Pt-based
electrodes are used extensively in modern electrochemical
devices such as PEM fuel cells4–6. Because of this a detailed
theoretical understanding of the water/Pt interface has been
of particularly high interest, and this has resulted in a plethora
of computational studies at different levels of theory ranging
from classical force fields7–9 to ab initio methods10–15.
However, there are still questions that remain to be addressed.
In particular, accurately modelling the dynamic nature of
the water layer at ambient conditions presents a major
obstacle due to the high computational cost of ab initio based
methods16,17. To circumvent this problem, the majority of
such studies do not include the liquid water layer explicitly.
Instead it is typically replaced by the wetting layer that
water is believed to adapt on Pt(111) at ultra-high-vacuum
(UHV) conditions. This structure is typically modelled as an
ordered bilayer-like18 structure, where the water molecules
form a honeycomb

√
3 ×
√

3 R30◦ pattern with 2/3 ML
coverage10–12. While this structure is supported by some
experimental and theoretical evidence19–21, it has been a
subject of debate over the past decades2 and the present
understanding is that the wetting layer on Pt(111) is a more
complex mixture of pentagonal, hexagonal and heptagonal
rings of water molecules22–24.
Regardless of whether the bilayer-like wetting layer suggested
by20 provides a reasonable description of the water/Pt(111)

interface at UHV, serious doubt may still be raised about
whether it provides a realistic framework for modelling it at
the relevant operating conditions of electrochemical devices.
Consequently, several attempts have been made in recent
years at explicitly including the liquid water layer through
the use of ab initio molecular dynamics (AIMD)15–17,25–27.
The problem with this is, however, that compared to classical
force field approaches, AIMD suffers from large compu-
tational requirements, which ultimately limits such studies
to small system sizes and short time scales. This can be
problematic since it may lead to insufficient thermal sampling
of important quantities of interest such as e.g. the structure of
the interface26. Consequently, methods that can overcome the
sampling problems of AIMD while retaining ab initio accu-
racy would provide an exciting new platform for modelling
the water/Pt interface.

In the past decade, machine learning has emerged as
a promising framework for circumventing the expensive
numerical calculations associated with electronic structure
methods28–30. It has been used both for accurate structure pre-
diction across chemical space30,31 as well as for the presently
relevant problem of overcoming the sampling limitations of
AIMD32,33. In particular, it was more recently demonstrated
by Natarajan et al.33 how neural network potentials (NNPs)
may be used to describe water on low index Cu surfaces with
ab initio accuracy while retaining the computational cost of
classical force fields. A natural question to ask is therefore
whether a similar framework may be used to tackle some of
the above mentioned challenges in modelling the water/Pt
interface.

In this paper we study the water/Pt(111) interface using
a machine learning based approach, which rigorously in-
cludes the dynamic nature of the liquid water layer, while
bridging the problems of high accuracy versus proper sam-
pling. Our main question is: is the water/Pt(111) interface
ordered at room temperature? We answer this by performing
MD simulations with an ensemble of neural network po-
tentials (NNP ensemble), which describe the water/Pt(111)
interface with ab initio accuracy while being computationally
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FIG. 1. (a) A learning curve displaying the error in the energies (blue line) and forces (red line) on a fixed test set as the training set is
systematically expanded. (b) A measure of the locality of the water/Pt(111) interface based on the procedure of Deringer and Csányi1.

cheap and thus allowing us to access long time scales. We
find that the water/Pt(111) interface is characterized by a
double layer composed of a primary adsorption layer with
a coverage of ∼ 0.15ML coupled to a secondary adsorption
layer with a coverage of ∼ 0.58ML. Using a lattice based
approach we quantify the ordering of the primary adsorption
layer and find that there is an effective repulsion between the
adsorbed water molecules. This gives rise to a semi-ordered
interfacial structure in which the water molecules in the
primary adsorption layer are distributed homogeneously
across the interface forming frequent hydrogen bonds with
the water molecules in the secondary adsorption layer. Finally
we analyze the relevant time scales at the interface and find
the time scale for transferring water molecules to and from
the bulk region to be ∼ 500ps, indicating that our conclusions
are outside the scope of conventional AIMD.

II. METHODS

A. NNP ensemble

Our NNP ensemble is a collection of NNPs obtained us-
ing the formalism proposed by Behler and Parinello29. In this
framework the potential energy surface (PES) of the system is
written as a sum of atomic energies

E =
N

∑
i=1

Ei(Gi), (1)

where Gi denotes a vector of 2- and 3-body symmetry func-
tions, which describe the local environment of each atom up
to a cutoff radius, Rc

34.
The NNP ensemble consists of three NNPs all fitted using the
RuNNer code35,36, where we employed the same set of sym-
metry functions as used in a previous NNP study of water on

low-index Cu surfaces33. To make the construction of the en-
semble as unbiased as possible we trained each NNP based on
(i) different random partitionings of our data set into a training
(test) set comprising 75% (25%) of the available structures,
(ii) different random seeds, (iii) different NNP architectures
by varying the number of nodes in each hidden layer and the
activation function between these. The architecture of each
NNP as well as the training and test errors are reported in
Table I. The latter are comparable to training and test errors
reported for similar studies using NNPs33,37.

Architecture ERMSE [eV/atom] FRMSE [eV/Å]

NNP1 30-30 (s-s-l) 0.0009(0.0009) 0.076(0.076)
NNP2 30-25 (t-s-l) 0.0009(0.0009) 0.070(0.070)
NNP3 30-35 (t-s-l) 0.0011(0.0011) 0.069(0.069)

TABLE I. Summary of the architecture and training and test errors
of the energies and forces for each NNP in our ensemble. For the
architectures (first column), the number of nodes in each hidden layer
is displayed as X-Y-Z etc. (i.e. 30-30 indicates two hidden layers
with 30 nodes in each) and the activation functions used are indicated
in parenthesis, where t, s and l are abbreviations for tanh, sigmoid
and linear, respectively. For the training and test errors (second and
third column) the first number is the training error and the second in
parenthesis is the test error.

B. Training database

All NNP fits were trained on a database of 48 041 struc-
tures consisting of a 3×4 orthogonal Pt(111) slab with a water
layer of 32 water molecules. The database was constructed in
an iterative manner starting from small AIMD-generated data
sets of roughly 1000 structures, which were then gradually
expanded by performing MD simulations up to 10ns with pre-
liminary NNP fits and sampling uncorrelated structures from
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FIG. 2. (a) Different radial distribution functions of selected atomic-type pairs as predicted by AIMD (points) and our NNP (lines). The
width of the curves reflects the spread in the predictions of our NNP ensemble. Inset shows a zoom-in highlighting the Pt-O radial distribution
function (obtained using the top layer of the Pt(111) slab only) showing a clear peak due to surface bound oxygen atoms, OA. (b) Planar
averaged density profile of water molecules (normalized by the experimental density of bulk water at 75◦C) away from the metal slab showing
that the interface is characterized by a double peak, which can be separated into water molecules belonging to oxygen atoms of types OA
(strongly bound), OB (weakly bound).

these simulations. This process was done to ensure that the
final database of structures was sufficiently dense across the
variety of configurations encountered over long time scales.
The structures were set up using the Atomistic Simulation En-
vironment (ASE)38, and their energies and forces were deter-
mined using the PBE functional39 combined with the D3 van
der Waals correction40 as implemented in the Vienna ab initio
Simulation Package (VASP)41. We employed a plane wave
basis set with an energy cutoff of 350 eV and 2× 2× 1 k-
points.

C. Model and data set limitations

Neural network potentials based on the Behler-Parinello
formalism have been applied successfully in modelling the
properties of a range of systems42–44. Despite this, they are
ultimately data-driven and rely on a local expansion of the
PES, which inevitably leads to small discrepancies between
any NNP-fitted PES and that of the underlying first-principles
reference. This observation explains our choice of construct-
ing an ensemble of NNPs, and throughout the remainder of
this paper we will use the width of the ensemble predictions
as a measure of the uncertainty in our approach.
To assess the significance of long range interactions and data
set limitations further, we have calculated the learning curve
for our data set and estimated the long range character of our
system. The learning curve was determined by setting aside
a fixed test set of roughly 18 041 structures chosen randomly
from our dataset. The training set was then incrementally ex-
panded using using the remaining structures in the database,
while monitoring the error on the forces and energies. As
shown in Fig. 1 (a) the error in the forces and energies on the

fixed test set drops rapidly as a function of training set size
up to around only ∼ 100 structures after which the improve-
ment is much more modest. At first sight, this would appear to
suggest that the construction of a large database of structures
is redundant, and that we could have done equally well with
a much smaller subset of training structures. We have, how-
ever, found it necessary to have a large training set such as
the one employed here. Otherwise the MD simulations would
not be stable for extended time scales, probably due to the
NNP potential giving unreasonable results when it occasion-
ally encounters configurations that are not sufficiently close to
numerous points in the training set.
To assess the role of long range interactions, we have esti-
mated the locality of our system using the procedure sug-
gested by Deringer and Csányi1. In this procedure, a cen-
tral atom is chosen and every atom within a distance of rfix
are then fixed while atoms outside are distorted randomly. By
then monitoring the standard deviation of the force on the cen-
tral atom, an estimate of the locality of the system is obtained.
In our case, we focused on the O, H and Pt atoms shown in
Fig. 1 (b) and performed calculations in a 2 × 2 × 1 unit cell
compared to the computational cell of16 (1 × 1 × 1 k-points
were used for consistency) to be able to investigate values of
rfix up to 8Å. Evidently, the standard deviation of the force de-
cays quickly as a function of rfix, but does not go to zero even
for values as large as rfix = 8Å, indicating that our system ex-
hibits some long range character. By closer inspection it is
found that the curves saturate at values around ∼ 0.03eV/Å,
and as this value is comparable in magnitude to the saturation
value of the force error in Fig. 1 (a), we conclude that long
range interactions are what limit the quality of our model.
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FIG. 3. (a) Illustration of the different types of neighbor pairs in Table II (b) Three snapshots of the interfacial layer chosen randomly from
each 1ns MD simulation performed with the three NNPs in our ensemble. Water molecules belonging to the primary adsorption layer are
colored blue, and hydrogen atoms participating in a hydrogen bond (we employ the same geometry criterion as used by Ref. 33) are colored
gold.

D. MD simulations

MD simulations with our NNPs were performed with
the Lammps code45 using the interface provided by the
n2p2 package46,47. We performed constant temperature MD
at 350K within the NVT ensemble using a Nosé-Hoover
thermostat48,49 with a characteristic damping time of 40 time
units. We used a slightly elevated temperature for our sim-
ulations, as the PBE functional is known to overestimate the
melting point of water50. Integration of the classical equations
of motion were performed using Verlet integration51 with a
time step of 0.5fs, and for all simulations we discarded the
initial 100ps to ensure proper equilibration. To prevent the
rare desorption of water molecules from the water layer onto
the opposite side of our Pt slab an elastic wall in the upper
part of the vacuum layer was used. Furthermore, we per-
formed extensive tests to be certain that our results do not de-
pend sensitively on our choice of MD simulation parameters.
In particular, we tested different choices of the characteristic
damping time of our Nosé-Hoover thermostat (40, 100 and
1000 time units) as well as the same damping times with a
Langevin thermostat52. In all cases they produced very sim-
ilar results for the neighbor averages and characteristic time
scales calculated in the next section.

III. RESULTS AND DISCUSSION

To validate the quality of our NNP ensemble we analyzed
its ability to reproduce the same structural features of the
water/Pt(111) interface as predicted by the AIMD studies of
Kristoffersen et al.16. The results of this analysis are shown in
Fig. 2 (a), where we display selected radial distribution func-
tions obtained by performing MD simulations with our NNP
ensemble for the same system considered by16 consisting of
a 8.3Å × 9.6Å × 36Å unit cell with a 4-layered orthogonal
Pt slab and a water layer of 32 molecules. Evidently, there
is good agreement between the radial distribution functions
obtained from our NNP ensemble (solid lines) and AIMD
(points). Furthermore, as shown in the top right inset, the Pt-O

RDF exhibits a well-defined peak at ∼ 2.5Å, which suggests
a meaningful definition of oxygen atoms bound to the Pt(111)
surface, OA.
Having validated the quality of our NNP ensemble, we now
turn to our main question of characterizing the order at the
interface. As the first step towards this, we display in Fig. 2
(b), the planar averaged density profile of water molecules as
a function of distance from the Pt surface. This was obtained
by performing 3ns MD simulations with our NNP ensemble
in a 33.2Å × 38.6Å × 50Å unit cell with a water layer of
1024 molecules as shown in the inset. The density is char-
acterized by a double-peaked structure 2− 4.5Å away from
the Pt slab followed by a density depletion region after which
it decays towards the bulk density of water in an oscillatory
fashion. This double-peaked structure has also been observed
in AIMD simulations16 and in classical force field studies9,
though in the latter case the relative sizes of the two peaks
is reversed and their total surface coverage is predicted to be
close to 1ML, which is different from what we find (see be-
low). As shown in Fig. 2 (b) the double-peaked density profile
close to the Pt slab naturally suggests a definition of the inter-
facial water layer as being composed of a primary adsorption
layer of the OA atoms defined in the inset of 2 (a), which is
coupled to a secondary adsorption layer of water molecules
with oxygen atoms, OB, less strongly bound to the Pt slab.
Based on our simulations we have calculated the coverages
corresponding to the primary and secondary adsorption lay-
ers to be 0.15ML and 0.58ML, respectively. These values,
which compare well with the AIMD studies of Kristoffersen et
al.16, show that the interfacial structure is different from a bi-
layer, which would either give rise to two identical peaks with
1/3ML coverage each (traditional bilayer model by Doering
et al.53) or a single peak with 2/3ML coverage (co-planar bi-
layer structure suggested by Ogasawara et al.20). We have
verified that this conclusion is not simply an artefact of a too
high simulation temperature by also performing MD simula-
tions at 300K. Here we found essentially the same coverages
for the two peaks in Fig. 2 (b).
In an attempt to characterize the ordering of the primary ad-
sorption layer in Fig. 2 (b), and motivated by the strong pref-
erence of the OA atoms to adsorb atop Pt sites2, we have in-
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〈1N〉 〈2N〉 〈3N〉 〈4N〉 〈5N〉 〈6N〉 〈7N〉 〈8N〉
NNP1 0.38(0.86) 0.43(0.86) 0.44(0.86) 2.43(1.73) 1.13(0.86) 1.05(0.86) 1.76(1.73) 0.78(0.86)
NNP2 0.33(0.87) 0.59(0.87) 0.48(0.87) 2.18(1.75) 1.31(0.87) 0.95(0.87) 1.87(1.75) 0.86(0.87)
NNP3 0.32(0.87) 0.60(0.87) 0.46(0.87) 2.25(1.75) 1.19(0.87) 1.12(0.87) 1.82(1.75) 0.75(0.87)

TABLE II. Average number of different types of neighbor pairs calculated from MD simulations with each NNP in our ensemble (first number)
and when the water molecules are distributed randomly on the Pt sites (second number in parenthesis). The values have been normalized by
the number of OA atoms for each structure. The small deviation of the random case for each NNP is due to their slightly different predictions
of the OA adsorption layer coverage.

vestigated the average number of different types of neighbor
pairs between the OA atoms as defined in Fig. 3 (a). The
results of our calculations are shown in Table II, where we
display the average numbers as predicted by our NNP-based
MD simulations and those obtained when the water molecules
are distributed randomly on the Pt sites. Evidently the three
nearest neighbor averages, 〈1N〉, 〈2N〉, 〈3N〉 are suppressed
relative to the non-interacting case, while the neighbor pairs
〈4N〉, 〈5N〉, 〈6N〉 are correspondingly enhanced, indicating an
effective repulsion between the adsorbed water molecules. As
shown in Fig. 3 (b), this repulsion manifests itself as a semi-
ordered interfacial structure in which the OA atoms (blue) are
distributed homogeneously across the interface forming fre-
quent hydrogen bonds (gold-colored H atoms) with the OB
atoms (red) in the secondary adsorption layer. By closer in-
spection it may also be verified that the interface exhibits char-
acteristic hexagonal bonding patterns similar to those found
in conventional bilayers20,53 or the experimentally observed
low-temperature

√
37 and

√
39 structures22–24. Based on this

it is natural to ask whether the effective repulsion observed in
Table II can be explained from simple geometrical arguments
based on the optimization of the number of hydrogen bonds
in the primary and secondary adsorption layer. This is not a
trivial task. As an example, the number of nearest and next-
nearest neighbors in a co-planar bilayer20 (which represents
a highly optimized structure in terms of number of hydrogen
bonds) are suppressed and enhanced, respectively, which is
different from our results, where all neighbor pairs in the two
inner hexagonal rings of Fig. 3 (a) are suppressed. A plausi-
ble physical origin of the effective repulsion is therefore that
the atoms in the secondary adsorption layer form energetically
favourable shell-like structures around the OA atoms, which
extend across the three nearest neighbor sites of Fig. 3 (a).
Would the conclusions above have been obtainable with con-
ventional AIMD? Aside from the obvious fact that our NNPs
allow us to perform simulations in large unit cells outside the
scope of first principles calculations, we have also found the
water/Pt(111) interface to exhibit fluctuations on prohibitively
long time scales, which must be properly sampled to achieve
accurate statistics on the neighbor averages in Table II. As a
practical demonstration of the problems that this causes for
AIMD simulations, we have calculated the average number of
nearest (1N) and next-nearest neighbors (2N) for the OA atoms
in the simulation cell employed in the AIMD study of16. The
results are displayed in Table III, where we have included the
three 50ps AIMD runs conducted by16 as well as two 20ns
runs with each NNP in our ensemble. Evidently the average

number of nearest and next-nearest neighbors differ greatly
for each AIMD run, while for each NNP they agree within
0.03 neighbors per adsorbed water molecule. We also note
that while there is some spread in the predictions across the
NNP ensemble, the deviations are small compared to the sta-
tistical spread of the AIMD averages, thus demonstrating the
general usefulness of NNP ensembles for problems such as
the one considered here.

〈1N〉 〈2N〉
AIMD run 1 (50ps) 0.44 1.12
AIMD run 2 (50ps) 0.76 0.51
AIMD run 3 (50ps) 0.28 1.49
NNP1 run 1 (20ns) 0.35 0.86
NNP1 run 2 (20ns) 0.35 0.89
NNP2 run 1 (20ns) 0.33 1.02
NNP2 run 2 (20ns) 0.34 1.02
NNP3 run 1 (20ns) 0.34 0.94
NNP3 run 2 (20ns) 0.34 0.97

TABLE III. Average number of nearest and second nearest number of
neighbors (normalized per adsorbed water molecule) obtained from
three 50ps AIMD runs and two 20ns MD runs with each NNP in our
ensemble.

To estimate the typical time scales in our system, we have
analyzed the probability for being in the primary adsorption
layer, PA(t), the secondary adsorption layer, PB(t) and the bulk
water layer, PC(t) based on a three-state model of the form

P ′ = K
=
P , P =




PA(t)
PB(t)
PC(t)


 ,

K
=
=



−kAB kBA 0
kAB −(kBA + kBC) kCB
0 kBC −kCB


 , (2)

where kXY is the rate for going from region X to region Y.
The solution to this homogeneous set of differential equations
has the form

P (t) = c1 ·a+ek+t + c2 ·a−ek−t + c3 ·a0, (3)

where k±,a± denote the non-zero eigenvalues and eigenvec-
tors of K

=
and c1, c2 and c3 are constants. The non-zero eigen-



6

0.0

0.2

0.4

0.6

0.8

1.0

c(
t) 

 

t [ps]
0 200 400 600 800 1000

cA

cB

Fits

NNP1

0.0

0.2

0.4

0.6

0.8

1.0

t [ps]
0 200 400 600 800 1000

0.0

0.2

0.4

0.6

0.8

1.0

t [ps]
0 200 400 600 800 1000

k+ = 0.0026ps-1, k- = 0.0284ps-1 

k+ = 0.0022ps-1, k- = 0.0285ps-1 

cA

cB

Fits

NNP2 cA

cB

Fits

NNP3

k+ = 0.0021ps-1, k- = 0.0234ps-1 

k+ = 0.0021ps-1, k- = 0.0293ps-1 

k+ = 0.0023ps-1, k- = 0.0327ps-1 

k+ = 0.0021ps-1, k- = 0.0211ps-1

FIG. 4. Values of the residence correlation function in (4) for the primary (blue) and secondary (red) adsorption layers calculated from the MD
simulations for each NNP in our ensemble. Fits based on the form (3) are indicated by dashed lines.

values are given by

k± =
−k1±

√
k2

1−4k2

2
,

k1 = kAB + kBA + kBC + kCB

k2 = kABkCB + kBAkCB + kBCkCB + kABkBC

In general we have found the transfer of water molecules be-
tween the A and B region to be much faster than transfer
to the bulk region such that kAB,kBA >> kBC,kCB. In this
case one finds to first order k− ∼ −(kAB + kBA) and k+ ≈
−(kCB+kBC

kAB
kAB+kBA

), which shows that P (t) evolves on a fast
time scale due to transfer of water molecules between the pri-
mary and secondary adsorption layer and a slow time scale
due to transfer of water molecules to and from the bulk re-
gion.

To utilize the equations above, we have analyzed the resi-
dence of oxygen atoms in regions A and B by employing cor-
relation functions of the form:

ci(t) =
〈hi(0)hi(t)〉
〈hi(0)〉

. (4)

Here the operator hi(t) is equal to 1 if an O atom resides in a
particular region, indicated by i, at time t. The notation 〈··〉 is
used to indicate an average over both simulation time and O
atoms in the system. We note that a slightly more strict cri-
terion is often employed in literature33, where the atom must
have resided in the particular region of interest without in-
terruption until t, but we have found that this significantly
underestimates the relevant time scales for our system, as O
atoms often make short lived vibrations away from their re-
spective regions. By calculating values of (4) for region A
and B based on the MD simulations with each of our NNPs
and fitting these to the double exponential form in (3) we ob-
tain the fits displayed in Fig. 4. While the agreement with
our simple three-state model is not perfect, as elucidated by
the fact that the exponential fits for cA(t) and cB(t) do not
have identical decay times, all fits agree that the decay of the
correlation functions are dominated by a fast time scale on the
order of τ− = 1/k− ∼ 30ps and slow time scale on the order of

τ+ = 1/k+ ∼ 500ps. As the latter is beyond the AIMD simu-
lations times that have been employed by the authors of16,25,26

it demonstrates why longer time scales are needed to achieve
proper sampling. We also note, that the observation of a long
time scale for surface restructuring agrees well with the classi-
cal force field study by Limmer et al.9, who estimated the time
scale for such reorganizations at the water/Pt(111) interface to
be ∼1ns. In their case, this slow organization was, however,
attributed to the slow reorientation of the water dipoles, which
we do not find to be the physical mechanism.

CONCLUSION AND OUTLOOK

We have investigated the structure of the water/Pt(111)
interface at room temperature using neural network based
molecular dynamics simulations, and found the interface to
be characterized by a double layer composed of a primary
adsorption layer with ∼ 0.15 ML coverage and a secondary,
weakly bound layer with a coverage of ∼ 0.58ML. The struc-
ture of the primary adsorption layer was analyzed by means
of a lattice-based approach, where an effective repulsion be-
tween the adsorbed water molecules was found. This repul-
sion gives rise to a semi-ordered interfacial structure, where
the water molecules bound strongly to the interface are dis-
tributed homogeneously across the interface forming frequent
hydrogen bonds with water molecules in the secondary ad-
sorption layer. Furthermore, we estimated the time scale for
transferring water molecules between the primary and sec-
ondary adsorption layer to be ∼ 30ps and the time scale for
transfer to and from the bulk region to be ∼ 500ps, indicat-
ing that our conclusions are outside the scope of conventional
AIMD.
Altogether, we believe that this work constitutes an important
step towards developing realistic models of solid-liquid inter-
faces, which are key to a broad range of technological areas.
In particular, our framework paves the road towards develop-
ing realistic models for catalytic reactions at the water/Pt(111)
interface such as e.g. the OH formation and hydrogen evolu-
tion reactions16, and we intend to pursue this in future works.
Finally, it should be noted that our simulations did not include
nuclear quantum effects, which have been shown to have im-
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portant impact on the structure of water layers at water/metal
interfaces54, and investigating the effects of these is therefore
also an obvious future extension of this work.
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Water-hydroxyl layers on Pt(111) have been intensely investigated due to their importance to
electro-catalysis. Here we present a room temperature molecular dynamics study of their structure
and energetics using an ensemble of neural network potentials. We first study hydroxyl formation in
small unit cells, where we show that the coverage dependence of the adsorption energy is strikingly
different from the predictions of conventional bilayer-like model. We then study the structure of
water-hydroxyl layers in larger cell sizes, where we show that the co-adsorbed hydroxyls lead to
an increased adsorption of water molecules at the interface. For high OH coverages this increased
adsorption leads to a depletion region of ∼ 2Å between the surface-bound water-hydroxyl layer and
water overlayer, while for low OH coverages it leads to island formation of water-hydroxyl clusters.

I. INTRODUCTION

Water-metal interfaces are paramount to the field
of electro-catalysis, as they constitute an indispensable
component of modern electrochemical devices. Indeed,
the energy conversion in e.g. PEM fuel cells relies on the
oxygen reduction (ORR) and hydrogen oxidation (HOR)
reactions, which take place at the interface between a
metallic electrode and a water layer [1]. Consequently
much of recent developments in electro-catalysis have fo-
cused on understanding the catalytic properties of water-
metal interfaces and how they depend on e.g. the choice
of electrode material [2–4].

In the context of ORR and HOR, platinum is widely
used as a catalyst as it is known to exhibit good electro-
catalytic performance [1, 5, 6]. Because of this the water-
Pt interface is often considered a ”benchmark” system for
theoretical and computational models, and it has been
studied in great detail at different levels of theory rang-
ing from classical force fields [7, 8] to the ab initio level
[9–12]. While significant insight has been gained there
are still open questions, which remain to be adressed. In
particular modelling the effects of the liquid water layer
at ambient conditions has proved a major challenge, as
finite temperature simulations based on ab initio molec-
ular dynamics (AIMD) are limited to prohibitively small
system sizes and short time scales. This can be prob-
lematic when modelling room temperature properties of
the interface such as, e.g., the dynamic structure of the
interfacial water layer [13–15].
In a recent publication [paper I], we have discussed the
above issue in detail and presented a possible solution
based on fitting an ensemble of neural network potentials
(NNPs). Using this approach, we demonstrated that it
was possible to bridge the problems of obtaining high ac-
curacy versus proper thermal sampling for the problem
of determining the room temperature structure of the
water-Pt(111) interface.
In this paper, we extend the methodology of [paper I] to

model the energetics of hydroxyl formation. Concretely,
our main focus is the following OH adsorption reaction
on a crystalline Pt(111) surface:

H2O(l) ↔ OH∗ + 1/2 H2(g). (1)

This reaction has received a lot of interest in the electro-
catalysis community for several reasons. First of all, the
adsorption of OH molecules is believed to be responsible
for the butterfly peak at 0.6V−0.85V observed during
cyclic voltammetry of water on Pt(111) [16, 17]. Sec-
ondly, as the ORR on Pt(111) takes place in the same
potential range, it has been a subject of debate whether
the co-adsorption of OH on Pt(111) has implications for
the measured ORR activity [18–21].
In the context of modelling the reaction (1), the relevant
physical relationship to determine is the coverage depen-
dence of the OH adsorption energy. Early approaches
such as those of [2, 9, 11, 12, 22] determined this based
on static, bilayer-like models of the interfacial hydroxyl-
water layer, inspired by the structure that this has been
hypothesized to adapt under ultra-high vacuum condi-
tions (UHV) [23]. The conclusion from these studies was
that the adsorption energy associated with reaction (1)
is essentially constant up to an OH coverage of 1/3ML
corresponding to a half-dissocated bilayer after which it
exhibits a sharp jump due to the high energy cost asso-
ciated with the creation of defects in such a structure.
It has however been a subject of debate whether such
UHV-inspired models provide a realistic description of
reaction (1) under the relevant operating conditions of
electrochemical devices [13, 14], and in a more recent
study by Kristoffersen et al. [24] the adsorption energy
associated with reaction (1) was calculated based on run-
ning room-temperature AIMD simulations with the liq-
uid water layer explicitly included. The conclusion from
this study was that the structure and energetics of the
hydroxyls formed at the liquid water–Pt(111) interface
were significantly different from the predictions of con-
ventional bilayer-like models. It was, however, also noted
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that this conclusion was subject to statistical uncertainty
due to the limited sampling capabilities of AIMD. Here
we demonstrate how the machine learning framework of
[paper I] allows us to eliminate these sampling limitations
and accurately determine the room temperature adsorp-
tion energy of (1). Using our framework we furthermore
study the structure and energetics of water-hydroxyl lay-
ers in larger cell sizes, where effects such as island forma-
tion can be investigated.
The paper is structured as follows. In Section II we de-
scribe the computational details behind our methodology
focusing on the construction of the NNP ensemble, the
construction of the training database and the details of
our MD simulations. Section III then presents our re-
sults focusing first on MD simulations in small unit cells,
where we calculate the coverage dependent adsorption
energy (1) and compare to the AIMD study of [24] as
well as the low-temperature bilayer model. Building on
this analysis, we then conduct MD simulations in larger
cell sizes, where we focus on various structural proper-
ties of the adsorbed water-hydroxyl layers such as island
formation and density variations at the interface as a
function of the hydroxyl coverage.

II. METHODS

A. NNP ensemble

Our NNP ensemble is a collection of NNPs obtained us-
ing the formalism proposed by Behler and Parinello [25].
In this framework the potential energy surface (PES) of
the system is written as a sum of atomic energies

E =
N∑

i=1

Ei(Gi). (2)

where Gi denotes a vector of 2- and 3-body symmetry
functions, which describe the local environment of each
atom up to a cutoff radius, Rc [26].
The NNP ensemble consists of three NNPs all fitted using
the RuNNer code [27], where we employed the same set
of symmetry functions as used in a previous NNP study
of water on low-index Cu surfaces [28]. The architecture
of each NNP as well as the training and test errors are
reported in Table I. The errors on the forces and energies
are roughly a a factor of 2 and 1.3 larger than the training
and test errors reported in our previous study of the wa-
ter/Pt(111) interface [paper I], though still comparable
in magnitude to other training and test errors reported
for similar studies using NNPs [28]. The larger training
and test errors can be understood as a result of a more
long ranged character due to the presence of adsorbed
hydroxyls. This is discussed in detail in Section A of the
SI, where we have analyzed the data set and model lim-
itations of our approach using learning curves as well as
the locality test suggested by Deringer and Csányi [29].

Architecture ERMSE [eV/atom] FRMSE [eV/Å]
NNP1 30-30 (s-s-l) 0.0019(0.0019) 0.091(0.091)
NNP2 30-35 (t-s-l) 0.0018(0.0017) 0.089(0.089)
NNP3 40-40 (s-s-l) 0.0020(0.0019) 0.092(0.092)

TABLE I. Summary of the architecture and training and test
errors of the energies and forces for each NNP in our ensem-
ble. For the architectures (first column), the number of nodes
in each hidden layer is displayed as X-Y-Z etc. (i.e. 30-30
indicates two hidden layers with 30 nodes in each) and the
activation functions used are indicated in parenthesis, where
t, s and l are abbreviations for tanh, sigmoid and linear, re-
spectively. For the training and test errors (second and third
column) the first number is the training error and the second
in parenthesis is the test error.

B. Training database

Our NNP ensemble was trained on a dataset of 72 310
structures consisting of a frozen 3×4 orthogonal Pt(111)
slab with a water layer of nH2O = 28, 27, .., 20 water
molecules combined with nOH = 1, 2, ..., 8 OH molecules,
respectively. All of these were obtained in an iterative
manner starting from small data sets of 2000 structures
obtained from AIMD, which were then systematically
expanded by performing MD simulations with pre-
liminary NNP fits. This process was done to ensure
that our training set densely covers the wide variety of
structures encounterd over long time scale MD simula-
tions. The structures were set up using the Atomistic
Simulation Environment (ASE) [30], and their energies
and forces were determined using the PBE functional
[31] combined with the D3 van der Waals correction
[32] as implemented in the Vienna ab initio Simulation
Package (VASP) [33]. We employed a plane wave basis
set with an energy cutoff of 350 eV and 2×2×1 k-points.

C. MD simulations

MD simulations with our NNPs were performed with
the Lammps code [34] using the interface provided by
the n2p2 package [35, 36]. We performed constant tem-
perature MD at 400K within the NVT ensemble using
a Nosé-Hoover thermostat [37, 38] with a characteristic
damping time of 100 time units, and the Pt slab was kept
frozen in all simulations. We use an elevated tempera-
ture for our simulations, as the PBE functional is known
to overestimate the melting point of water [39]. This
point is further clarified in Section B of the SI, where we
demonstrate how a too low simulation temperature can
lead to periodic freezing of the water layer, which hinders
ergodic sampling. Integration of the classical equations
of motion were performed using Verlet integration [40]
with a time step of 0.5fs, , and for all simulation runs we
discarded the initial 100ps to ensure proper equilibration.
To prevent the rare desorption of water molecules from
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FIG. 1. (a) Different radial distribution functions of selected atomic-type pairs as predicted by AIMD (points) and our NNP
(lines). The width of the curves reflects the spread in the predictions of our NNP ensemble. Inset shows a zoom-in highlighting
the Pt-O radial distribution function (obtained using the top layer of the Pt(111) slab only), which has been decomposed into
partial RDFs associated with O atoms bound to OH (dark blue RDF) and water molecules (dark red RDF), respectively. (b)
OH adsorption energy vs coverage as predicted from AIMD (points with error bars reflecting statistical uncertainty) our NNP
ensemble (blue line with thickness indicating the spread) and from the 0K bilayer model.

θOH [ML] 0.083 0.167 0.250 0.333 0.417 0.500 0.583 0.667 0.750 0.833
∆ENNP1/nOH [eV] 0.90 0.91 0.90 0.87 0.86 0.87 0.89 0.92 0.93 0.98
∆ENNP2/nOH [eV] 0.94 0.93 0.91 0.88 0.87 0.88 0.90 0.93 0.95 1.01
∆ENNP3/nOH [eV] 0.96 0.95 0.94 0.90 0.90 0.90 0.90 0.93 0.94 0.99
∆EAIMD/nOH [eV] 0.87 0.89 N/A 0.96 0.87 0.91 N/A 0.97 N/A N/A
∆EBilayer/nOH [eV] 0.67 0.75 0.76 0.77 0.91 1.04 1.15 1.27 N/A N/A

TABLE II. Normalized OH adsorption energies calculated from (3) with the bilayer model, AIMD as well as each NNP in our
ensemble.

the water layer onto the opposite side of our Pt slab an
elastic wall in the upper part of the vacuum layer was
used.

III. RESULTS AND DISCUSSION

A. Analysis in a small unit cell

To validate the quality of our NNP ensemble and show
how it allows us to overcome the sampling problems of
AIMD, we first investigated the structure and energetics
of adsorbed hydroxyls in the small computational cell em-
ployed by Kristoffersen et al. containing 12 available Pt
adsorption sites [24]. Concretely, we conducted 5ns MD
simulations with each NNP in our ensemble in cells con-
taining nOH = 1, 2, 3, 4, 5, 6, 7, 8, 9, 10 adsorbed hydrox-
yls, and focused on the ability of our NNP ensemble to
(i) reproduce selected radial distribution functions (ii)
predict the coverage-dependent adsorption energy of re-
action (1). The results of our analysis are summarized in
Fig. 1.
As shown in Fig. 1 (a), which displays selected radial dis-

tribution functions for the case nOH = 4, there is good
agreement between the predictions of our NNP ensem-
ble (line with thickness indicating spread) and AIMD
(points). Furthermore, as shown in top-right inset it is
possible to define an adsorption layer of O atoms bound
to Pt surface similar to what was done in [paper I]. How-
ever in this case, the surface-bound layer is seen to be
composed of both hydroxyls and water molecules, as
demonstrated by the decomposition of the Pt-O RDF
into partials RDFs associated with hydroxyls (dark blue)
and water molecules (dark red). The sharpness and po-
sition of the former reflects the well-known fact that OH
molecules bind strongly to atop Pt sites in comparison
with water molecules [41, 42].
To calculate the coverage-dependent adsorption energy
of reaction (1) we employed the method used by Kristof-
fersen et al. [24], who calculated this directly from the
total energies obtained from their AIMD simulations us-
ing the following expression:

∆E(nOH) = (3)

〈E(nH2O−nOH)·H2O+nOH·OH〉+
nOH

2
· 〈EH2

〉 − 〈EnH2O·H2O〉,
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spread of the NNP ensemble predictions. (b) Two snapshots of the interface (top and side views) for OH coverages of 1/6ML
and 2/3ML. OH molecules are colored blue, water molecules in the secondary adsorption layer are colored light magenta and
hydrogen atoms participating in a hydrogen bond (we employ the same geometry criterion as used by [28]) are colored gold.

here 〈··〉 indicates a time-average over the different MD
simulations, and nH2O, nOH denote the number of hy-
droxyls and water molecules present in the simulations,
respectively. Finally, EH2

is the total energy of a gaseous
H2 molecule.
Adsorption energy profiles calculated from (3) with var-
ious approaches are displayed in Fig. 1 (b). Here, the
opaque blue line is the one predicted by our NNP-based
MD simulations (thickness indicates the spread in the
ensemble predictions), while the kinked red curve is the
adsorption energy profile predicted by the bilayer model
(this is based on static calculations for the co-planar bi-
layer structure suggested by Ogasawara et al. [23]). We
have furthermore included the AIMD calculated adsorp-
tion energies of Kristoffersen et al. [24] whose errorbars
are an estimate of the sampling uncertainty associated
with their ∼ 50ps AIMD simulations. A detailed discus-
sion of the sampling uncertainty associated with the MD-
calculated internal averages in (3) is provided in Section
B of the SI, where we demonstrate how our NNP-based
MD simulations allow us to obtain internal energy aver-
ages, which agree within ∼ 0.02eV for MD simulations
started from different points in phase space.
Evidently, our NNP-based results, which are within the
statistical error of the AIMD results, suggest a near-
linear adsorption energy profile, where the cost of form-
ing high coverage hydroxyl layers is significantly lowered
compared to the bilayer model. To examine the cover-
age dependence of the adsorption energy in closer de-
tail we report in Table II the adsorption energy per hy-
droxyl corresponding to the different curves in Fig. 1 (b).
From these values it may be verified, that while there is
some disagreement between the individual NNPs, they
all support the trend that OH coverages in the range

0.33 − 0.50ML are most energetically favourable. The
findings here have important implications for the the-
oretical simulation of cyclic voltammograms, which we
discuss in Section C of the SI.

B. Analysis in a large unit cell

Having studied the structure and energetics of hy-
droxyls in a small unit cell, we now extend our anal-
ysis to larger systems, where the structure of the ad-
sorbed water-hydroxyl layers are not artificially con-
strained. Concretely, we have conducted 1ns simula-
tions for different OH coverages in unit cells of dimen-
sions 33.2Å × 38.6Å × 50Å, where the water layer con-
tains ∼ 1000 water molecules. As the first step in this
analysis we have investigated the density profile at the
interface as a function of the hydroxyl coverage. The
result of this is displayed in 2 (a), where we plot the
planar averaged density of water molecules as a func-
tion of distance from the Pt slab for OH coverages of
θOH = 0ML, 1/6ML, 1/3ML, 1/2ML and 2/3ML. In the
case of no hydroxyl coverage, we obtain the characteris-
tic double-peaked structure of the water/Pt(111) inter-
face discussed in [paper I], where we identified the ma-
jority of the water molecules in the first peak to belong
to a primary adsorption layer bound to the Pt atoms,
and the majority of the water molecules in the second
peak to belong to a secondary, weakly bound adsorption
layer. From the figure it is clear that the effect of the co-
adsorbed hydroxyls is a shift in the intensity of these two
peaks due to the transfer of water molecules from the sec-
ondary adsorption layer to the primary adsorption layer.
This is quantified further in Table III, where we display
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FIG. 3. (a) Average number of hydroxyls (normalized by the total number in the unit cell) as a function of the distance from
each hydroxyl. (b) Average number of surface-bound water molecules (normalized by the total number in the unit cell) as a
function of the distance from each hydroxyl. The widths of the curves reflect the spread in the ensemble predictions.

θOH [ML] θOA [ML] θOB [ML] θ [ML]
0.0 0.17 0.62 0.79
0.08 0.21 0.53 0.83
0.17 0.25 0.43 0.85
0.25 0.29 0.34 0.88
0.33 0.33 0.25 0.91
0.42 0.36 0.17 0.95
0.50 0.34 0.12 0.96
0.58 0.33 0.09 1.0
0.67 0.33 0.03 1.03

TABLE III. Collective values of the hydroxyl coverage, θOH, coverage of water molecules in the primary adsorption layer, θOA ,
coverage of water molecules in the secondary adsorption layer, θOB and the total coverage, θ.

collective values of the coverage of water molecules in
the primary adsorption layer, θOA

, and secondary ad-
sorption layer, θOB

, for a wider range of hydroxyl cov-
erages. As shown in Fig. 2 (b), which shows typical
snapshots of our MD simulations for a low (1/6ML) and
high (2/3ML) OH coverage, this depletion effect has in-
teresting consequences for the structure of the interface.
For low OH coverages (left picture) the interfacial layer
is characterized by clusters of OH-water islands, which
are separated by regions populated by water molecules
from the secondary adsorption layer (light magenta). For
large OH coverages, the surface is completely covered by
water and OH molecules forming a terminated hydro-
gen bonded network, which is effectively separated from
the water overlayer by a ∼ 2Å vacuum region. To fur-
ther quantify the postulated island formation effect at
low OH coverages, we display in Fig. 3 the average num-
ber of hydroxyls (a) and surface-bound water molecules
(b) as a function of distance from each hydroxyl. We
have also included a set of step-wise profiles, which cor-
respond to what one would obtain based on a random
distribution of water molecules and hydroxyls adsorbed
atop the Pt sites. At low OH coverage (red lines) there

is an enhancement in both the number of hydroxyls and
water molecules, which is a clear indication of clustering.

IV. CONCLUSIONS

We have investigated the room temperature struc-
ture and energetics of water-hydroxyl layers on Pt(111)
by running nanosecond molecular dynamics simulations
with an ensemble of neural network potentials. We first
investigated the coverage dependent adsorption energy of
OH molecules in a small unit cell, where we found the de-
pendence to be strikingly different from the predictions
of the 0K bilayer model. This was reflected in a lower
adsorption energy of hydroxyls at high coverages, where
OH coverages in the range 0.33ML−0.50ML were found
to be most energetically stable. We then investigated
the structure of water-hydroxyl layers in large unit cells,
where we showed that the presence of hydroxyls at the in-
terface leads to increased adsorption of water molecules.
For high OH coverages this increased adsorption led to
a depletion region of ∼ 2Å between the surface-bound
water-hydroxyl layer and water overlayer, while for low
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OH coverages it led to island formation of water-hydroxyl
clusters.
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FIG. 1. (a) Learning curve displaying the error in the energies (blue line) and forces (red line) on a fixed test set as the training
set is systematically expanded. (b) A measure of the locality of the water-OH/Pt(111) interface based on the procedure of
Deringer and Csányi [1]. In the inset hydroxyls are colored blue, and the fixed O and H atom were chosen to belong to one of
these.

A. Model and data set limitations

Similar to the our previous study of the water/Pt(111) interface [paper I], we have analyzed the significance of
long-range interactions and dataset limitations for our system using learning curves and the locality estimate sug-
gested by Deringer and Csányi [1].
The learning curve was determined by setting aside a fixed test set of 42 310 structures chosen randomly from our
training database, and then systematically expanding the training set using the remaining structures, while monitor-
ing the error on the forces and energies. As shown in Fig. 1 (a) the error in the forces and energies on the fixed test
set drops rapidly as a function of training set size up to around only ∼ 100 structures after which the improvement is
much more modest. This is similar to what was observed for the water/Pt(111) interface [paper I], though the decay
is more gradual indicating that a larger number of chemically different structures are needed to accurately describe
the energetics of the interface with hydroxyls present. The saturation values are also larger than those of reported
in [paper I]. Finally, we note that while the learning curve in Fig. 1 (a) appears to suggest, that we could have done
equally well with NNPs trained on much smaller training sets, this is in practice not true as the latter would give rise
to instabilities during the NNP-based MD simulations.
In the locality test proposed by Deringer and Csányi [1], a central atom is chosen and every atom within a distance
of rfix are then fixed while atoms outside are distorted randomly. By then monitoring the standard deviation of the
force on the central atom, an estimate of the locality of the system is obtained. In our case we focused on the O, H
and Pt atoms shown in Fig. 1 (b) and performed calculations in a 2 × 2 × 1 unit cell compared to the computational
cell of the training structures (1 × 1 × 1 k-points were used for consistency) to be able to investigate values of rfix

up to 8Å. Compared to the results of [paper I] the long-range character is more pronounced with the presence of
hydroxyls at the interface, as reflected in the slower decay of the force standard deviation and the fact that the curves
saturate at values as large as ∼ 0.1eV/Å. A plausible explanation for this more long-ranged behaviour could be that
the interaction between co-adsorbed water and OH molecules is known to be of mainly electrostatic origin [2]. We
also note that the observation of a more long-ranged character, ties well with our previous comment of the higher
training and test errors of our NNPs compared to those reported in [paper I].
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FIG. 2. (a) Spread of the average internal energy as a function of simulation time for different OH coverages. The spread was
calculated from 6 independent MD runs for each coverage conducted with NNP1 from our NNP ensemble. Inset shows the first
50ps, where the y-axis has been enlarged to accommodate the larger spread. (b) Running average (based on a 0.1ns window)
of the total energy for a 350K MD run performed with NNP1 in our ensemble, where a crystallization event is clearly visible.
Hydroxyls are colored blue in the inset unit cells.

B. Obtaining accurately sampled internal energies

To demonstrate how our NNPs allow us to accurately sample the internal energy averages of the main paper,
we display in Fig. 2 (a) the spread of the average internal energy as a function of simulation time for different OH
coverages, nOH = 0, 2, 4, 6, obtained using NNP1 in our ensemble. These were based on six independent MD runs
for each coverage initialized from random starting points in phase space, and we have furthermore included the first
50ps as an inset, where the y-axis has been enlarged to accommodate the larger spread. Evidently the spreads of
the different averages converge extremely slowly, and we have found that a simulation time on the order of ∼ 1ns is
needed to obtain average total energies, which agree within ∼ 0.02eV. From the inset we see that a simulation time of
50ps, which was employed in the AIMD study of [3], leads to a statistical uncertainty on the MD-calculated averages
as large as ∼ 0.4eV, which also explains the size of the errorbars in the AIMD-calculated adsorption energies in the
main paper.
Our studies have also revealed the choice of simulation temperature to be an important parameter to consider if one
wants to accurately determine internal energy averages with our method. As previously noted the PBE functional
is known to overestimate the melting point of water [4], and this will likely be further exacerbated with hydroxyls
present as these increase the binding energy of water molecules at the interface [2]. Indeed, as shown in Fig. 2
(b), which displays a running average of the total energy for a 350K MD run with 2/3ML OH coverage, we have
found that the use of a too low simulation temperature can lead to crystallization events, where the water overlayer
effectively freezes for several nanoseconds. This phenomenon, which naturally hinders ergodic sampling on the time
scales available to us, explains our choice of using an elevated simulation temperature of 400K.
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FIG. 3. (a) OH coverage profile as a function of electrode potential for each NNP in our ensemble, the bilayer model as well as
the experimental one measured in 0.1M HClO4 [5]. (b) Scan rate normalized current predicted by each NNP in our ensemble
and the bilayer model as well as the experimental one measured in 0.1M HClO4 [5].

C. Implications for cyclic voltammetry simulations

Using the calculated OH adsorption energies, we can simulate the OH coverage profile, θOH(U), and the normalized
current response, jOH(U), measured in cyclic voltammetry of the water-Pt(111) interface due to the adsorption
reaction:

H2O(l) ↔ OH∗ + H+(aq) + e−. (1)

Assuming that this reaction is fast compared to the CV scan rate it may be shown that jOH = dθOH

dU [6] making the
OH coverage as a function of the electrode potential, U , the important physical relationship to determine. To do this
we employ an extended version of the approach devised by Kristoffersen et al. [3], where the simulated cells with
different OH coverages above are considered as chemically distinct phases. Based on this θOH(U) is then determined
by a Boltzmann-weighted average of the form

θOH(U) =
1

Z

∑

i

ni
N
· e−β∆G(U,ni), (2)

where N is the number of surface sites in each computational cell, ni the number of adsorbed hydroxyls and Z =
1 +

∑
i e

−β∆G(U,ni). Finally ∆G(U, ni) is the OH formation free energy of (1), which is related to our calculated OH
adsorption energies by

∆G(U, ni) = ∆E(ni) + (p∆V + ∆TS + ∆ZPE− eU) · ni. (3)

Here p∆V , ∆TS and ∆ZPE are standard enthalpy, entropy and zero-point energy differences of reaction (1) in the
main paper, which are available in the SI of [3]. Finally, the last term includes the effect of the electrode potential
via the computational hydrogen electrode [7].
In [3] the authors calculated θOH(U) directly from (2) based on their simulations for different numbers of adsorbed
hydroxyls and subsequently determined the normalized CV current by numerical differentiation. We have, however,
found this approach to suffer from unwanted finite size effects due to the discrete number of data points employed in
(2), and therefore propose an extended version of the approach above where finite size effects are smoothed out by
linear interpolation between the free energies calculated by (3).
Fig. 3 (a) displays the OH coverage profile measured in the experiment by [5] as well as the corresponding predictions
from each NNP in our ensemble and the bilayer model. While our NNPs predict the correct onset of the coverage
profile, they all predict a much higher OH coverage than the experimental saturation value, which is typically stated
to be in the range 0.35ML[5, 8, 9] to 0.42ML[10, 11]. One the other hand, these experimental values agree well
with the bilayer model, which is a direct consequence of its kink at 1/3ML OH coverage. Whether this should be
interpreted as a shortcoming of our room-temperature based approach or as a coincidental, but not firmly rooted,
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agreement between the bilayer model and experiments is currently unknown to us. Irrespective of this, it should be
noted that neither the NNPs nor the bilayer model predict a CV current profile, which resembles the experimental
one. Indeed, as shown in Fig. 3 (b), all models predict bell-shaped current profiles, which have little resemblance to
the experimental butterfly feature situated in the range 0.6V−0.85V. Could this disagreement have been anticipated?
While perchlorate anions are usually taken as non-interacting, a careful experimental study by Berna et al. in 2007
[12] postulated that the sharp peak in the experimental CV diagram around 0.8V is a result of interactions between
water molecules and the ClO−

4 ions. As our simulations do not include these anions it should not come as a surprise
that none of our approaches are able to accurately predict the experimental CV current in Fig. 3 (b).
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Nanotubes generated by rolling up transition metal dichalcogenide Janus monolayers are a new class of
low-dimensional materials, which are expected to display unique electronic properties compared to their parent
two- and three-dimensional structures. Here, we investigate the band structure of 1H -MoSTe Janus armchair
and zigzag nanotubes, which were recently hypothesized to be stable as single-walled structures with radii of
only a few nanometers. We first investigate the most stable nanotube sizes and assess the influence of quantum
confinement and curvature on the band structures, showing that these are heavily modified by curvature while
confinement effects are negligible. The curvature dependence is then further studied by analyzing the band gap
dependence on the nanotube radius, where band gap changes as large as 0.5 eV are observed. By investigating
the band edge positions and orbital projected density of states for different tube sizes, we find that this high
sensitivity is mainly attributed to the Mo d states in the conduction band.

DOI: 10.1103/PhysRevMaterials.5.014002

I. INTRODUCTION

During the past decades, the study and characterization of
low-dimensional materials has been one of the most active
fields in materials science. The immense scientific interest
is fueled by the expectation that low-dimensional materials
will have novel applications within a broad range of research
areas, from batteries and electrocatalysis, to electronics and
photonics [1–3]. On the experimental side this has resulted in
numerous reports of novel two- and one-dimensional (2D and
1D) structures [4–9], and on the computational side several
databases have emerged containing thousands of hypothetical
materials with remarkably different properties compared to
their parent 3D structures [10–12].

A particular class of low-dimensional materials, which
have been studied intensely, are 2D monolayers based on
transition metal dichalcogenides (TMDs). TMD monolayers
have the chemical formula MX2, where M is a transition metal
atom and X is a chalcogen atom, and include examples such
as MoS2, MoTe2, and WS2, all of which have been synthe-
sized experimentally [6,13,14]. Furthermore, several TMDs
have also been synthesized in a one-dimensional form as
multiwalled nanotubes with diameters of several nanometers
[8,9]. Such tubular structures are expected to have promising
applications within a broad range of scientific areas such as,
e.g., gas separation and capture, catalysis, solid lubrication,
and controlled drug delivery [15], but so far advancements
have been hampered by difficulties in producing single-wall
nanotubes with a well-defined radius.

A less known class of 2D structures are the so-called
TMD Janus monolayers with the chemical formula MXY

*Corresponding author: ivca@dtu.dk

[16]. Such layers can, at least in principle, be obtained by
substitution of the chalcogen atoms on one side of a regu-
lar MX 2 monolayer, and examples include MoSSe, MoSTe,
and WSSe, among which MoSSe was recently synthesized
[17]. TMD Janus monolayers are particularly interesting
because their asymmetry gives rise to an intrinsic strain,
which makes self-rolling into the nanotube structure ener-
getically favorable [18,19]. In contrast to the multiwalled
nanotubes mentioned above, such nanotubes are expected
to be stable as single-walled structures with diameters of
only a few nanometers. At such small radii the finite size
and curvature will subject the atoms to significant distor-
tion, and these nanotubes are thus expected to display unique
and tunable electronic properties compared to their parent
monolayers [20–22].

We have recently conducted a comprehensive study on the
thermodynamic stability of a wide range of inorganic nan-
otubes obtained from the wrapping of Janus monolayers [23].
As part of this effort, the present paper is devoted to a more
detailed study on the electronic properties of nanotubes made
from monolayer MoSTe in the 1H phase, which was recently
proposed as a promising candidate material for piezoelectric
applications [24].

A sketch of how the relevant MoSTe nanotubes are con-
structed is shown in Fig. 1(a): Starting from a 1H monolayer
of MoSTe described by the hexagonal unit cell vectors a1, a2,
a change of basis to the symmetrically equivalent rectangular
basis described by the vectors a′

1, a′
2 is first performed. Arm-

chair and zigzag MoSTe nanotubes of different sizes are then
obtained by wrapping up nanoribbons corresponding to dif-
ferent numbers of unit cell repetitions along either a′

1 (zigzag)
or a′

2 (armchair). In the screening study of Ref. [23], both
armchair and zigzag type nanotubes were investigated (chiral
nanotubes were not considered), and both types were found to

2475-9953/2021/5(1)/014002(6) 014002-1 ©2021 American Physical Society
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FIG. 1. (a) Sketch of how armchair and zigzag nanotubes are constructed by rolling up a 2D MoSTe monolayer along different directions.
The different unit cells involved are indicated and their relation in reciprocal space is displayed in the top right. (b) Band structure of a 2D
MoSTe monolayer with the band gap indicated. (c) Calculated strain energies of armchair and zigzag MoSTe nanotubes for different radii. A
minimum strain energy is attained at rmin which is the most stable nanotube radius.

show promising signs of thermodynamic stability compared to
both their bulk constituents as well as their parent 2D mono-
layer. The latter is demonstrated in Fig. 1(c), which displays
the nanotube strain energy, defined as the energy difference
with respect to the parent monolayer, as a function of the
radius. Evidently both armchair and zigzag MoSTe nanotubes
are stable with respect to their parent 2D layer with a peak in
stability at a radius of only ∼18 Å. Combining this with the
fact that the dynamical stability of both 1H-MoSTe monolay-
ers and MoSTe nanotubes has been confirmed through phonon
calculations [19,24], makes these structures particularly well
suited for a more detailed investigation focusing on the elec-
tronic properties.

The paper is structured as follows: Starting from the most
stable MoSTe zigzag and armchair configurations shown in
Fig. 1(c), we first analyze the band structures and how they
differ from their parent monolayer as well as the symmetric
MoS2 and MoTe2 structures. We then proceed to perform a
more systematic investigation of how the band structure, and
in particular the band gap, depends on the size of the simulated
nanotubes, and how the behavior may be qualitatively un-
derstood from the orbital projected density of states (PDOS)
around the Fermi level. Our study demonstrates how 1D
Janus TMD tubes can display remarkably different electronic
properties compared to their 2D and 3D counterparts, thus
showing that targeted screening of such nanotubes for specific
applications such as catalysis and thermoelectrics might be of
future interest.

II. COMPUTATIONAL METHODOLOGY

All calculations are carried out using the Perdew-Burke-
Ernzerhof (PBE) functional [25] as implemented in the
Vienna ab initio simulation package [26]. We employ a
plane-wave basis set with an energy cutoff of 550 eV. The
construction and relaxation of the nanotubes is performed
using the atomistic simulation environment (ASE) [27] and
follows the procedure outlined in Ref. [23], where a k-point
density >4.7 per Å−1 is used to sample the Brillouin zone
and the forces on the atoms are converged to less than 0.02
eV/Å. To obtain well-converged band structures and band
gaps we perform self-consistent calculations for the relaxed
structures using a gamma-centered uniform k mesh with a
density greater than 15.0 per Å−1. We use a dipole correction
for all structures with an out-of-plane dipole moment such as
the nanoribbons described in Sec. III. For the band structure,
band edge, and projected density of states results presented in
Figs. 2 and 3 we have used the vacuum level energy defined
by the asymptotic value of the Hartree potential as our refer-
ence. For a nanotube we obtain this by averaging the Hartree
potential on a radial grid centered on each nanotube. For the
asymmetric nanoribbons, where a dipole correction is applied,
we use the asymptotic value of the planar averaged Hartree
potential on the side of the structure, which would make up
the outer side of the corresponding nanotube. All the calcula-
tions were performed with a computational workflow, which
is described in detail in Ref. [23], and may be accessed via
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FIG. 2. Band structures of armchair and zigzag MoS2, MoSTe and MoTe2 nanotubes (solid black lines) along with the corresponding
curvatureless band structures (opaque red lines). The band gap transitions are indicated by blue arrows. (a) MoS2 armchair nanotube with a
radius of ∼16 Å. (b) MoSTe armchair nanotube with a radius of ∼16.5 Å. (c) Armchair MoTe2 nanotube with a radius of ∼18 Å. (d) Zigzag
MoS2 nanotube with a radius of ∼15 Å. (e) Zigzag MoSTe nanotube with a radius of ∼16 Å. (f) Zigzag MoTe2 nanotube with a radius
of ∼15 Å.

Ref. [28]. The relaxed 2D sheets and nanotube structures are
furthermore stored in a database in the DTU Data Repository
[29].

III. RESULTS AND DISCUSSION

Figure 2 displays the band structure for selected armchair
[Figs. 2(a)–2(c)] and zigzag [Figs. 2(d)–2(f)] MoS2, MoSTe,
and MoTe2 nanotubes. The nanotubes have been selected to
correspond to the most stable radii for the MoSTe armchair
and zigzag configurations as shown in Fig. 1(c). Conse-
quently, the MoSTe armchair nanotube was chosen to have a
radius of ∼18.4 Å and 120 atoms in the unit cell, while for the
zigzag nanotube a radius of ∼18.1 Å and 204 atoms in the unit
cell was used. The sizes of the symmetric MoS2 and MoTe2

nanotubes were chosen to be consistent with these numbers,
i.e., with 120 and 204 atoms in the unit cell for the armchair
and zigzag, respectively. We emphasize that these nanotubes,
in contrast to MoSTe, are not formed from a Janus structure
and are therefore likely to be unstable with respect to their
planar counterpart.

To understand the general features of the nanotube band
structures in Fig. 2, we first note that these are influenced
by two separate structural effects: (i) The effect of quantum
confinement arising from the finite extent of a nanotube along
its wrapping axis. This is manifested by periodicity of the
electronic Bloch states along its circumference as discussed
below. (ii) The effect of curvature arising from the bending of
the parent nanoribbon into the nanotube form.

In order to separate the effects described in (i) and (ii) we
have included in Fig. 2 a set of band structures, which neglect

the effect of the nanotube curvature. These are obtained from
the 2D band structure of the parent MoSTe monolayer [see
Fig. 2(b)] following the procedure described in Ref. [30],
where the k points inside the Brillouin zone allowed by (i)
are selected and used to generate the corresponding 1D band
structure. As an example of how this is done, we consider
generating the curvatureless band structure equivalent of a
nanotube corresponding to N repetitions along the armchair
direction as shown in Fig. 1(a). In this case, periodicity of the
electronic states along the wrapping direction combined with
Bloch’s theorem yields ψ (R) = ψ (R + N · a′

2) ⇒ ψ (R) =
ψ (R)eiNk·a′

2 , which leads to the following quantization con-
dition for the allowed values of k:

k · a′
2 = 2π

m

N
, m = 0, 1, . . . , N − 1. (1)

The result is a discrete set of allowed k points along the a′
2

direction, which, as shown in Fig. 1(a), is along the �-M ′
path in reciprocal space. The band structure is then obtained
from the 2D band structure of MoSTe by plotting its value for
each discrete k value in Eq. (1) in the direction perpendicular
to �-M ′ as shown by the blue lines in Fig. 1(a). A similar
analysis for the zigzag direction leads to a discrete set of k
values along the �-K path and in this case the band structure is
obtained by plotting the values of the 2D band structure along
the path marked by the red lines of Fig. 1(a). As shown in
Fig. 1(a), we label the boundary of the rectangular Brillouin
zone as Z in both the armchair and zigzag directions to be
consistent with the labeling of the Z point in the nanotube
band structures of Fig. 2.
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FIG. 3. (a) Band gap dependence on the radius for MoSTe armchair nanotubes with the most stable tube radius highlighted. Both indirect
and direct band gaps are shown, and the indirect band gap of 2D MoSTe is indicated as the dashed black line. (b) Position of the valence
and conduction band edges for MoSTe armchair nanotubes as a function of the radius. An illustration of the two nanotubes used for the
corresponding PDOS plots is also included. (c) PDOS in a region around the Fermi level for an MoSTe armchair nanotube with radius ∼11 Å
(top) and for an MoSTe armchair nanotube with radius ∼22 Å (bottom). (d) Band gap dependence on the radius for MoSTe zigzag nanotubes
with the most stable tube radius highlighted and with the indirect band gap of 2D MoSTe indicated by the black dashed line. The band gap
is direct for all plotted radii. (e) Position of the valence and conduction band edges for MoSTe zigzag nanotubes as a function of the radius.
An illustration of the two nanotubes used for the corresponding PDOS plots is also included. (f) PDOS around the Fermi level for an MoSTe
zigzag nanotube with radius ∼7 Å (top) and for an MoSTe armchair nanotube with radius ∼12 Å (bottom).

Comparing the band structures of Fig. 2, we can make sev-
eral qualitative observations. First of all, the band structures
of the Janus MoSTe nanotubes appear significantly different
from those of the symmetric MoS2 and MoTe2 nanotubes.
Second, we observe that while the nanotube and nanoribbon
band structures share the same overall features, the nanotube
band gaps are heavily modified by curvature. Indeed, by com-
paring Figs. 2(b) and 2(e) with the band structure of 2D
MoSTe shown in Fig. 1(b), we can see that the nanotube
band gaps are significantly different from the band gap of 2D
MoSTe, while the nanoribbon band gaps practically coincide
with the latter. This shows that quantization has a very minor
influence on the size of the band gap. To understand this we
first note that the band gap of 2D MoSTe corresponds to an
indirect �-K transition. Since k = 0 is included in the discrete
set of k values in Eq. (1) for all values of N , the � point
will likewise be included when generating the nanoribbon
band structure for a nanotube of any size. Any dependence
of the band gap must thus be attributed to whether or not
the discrete set of k points of Eq. (1) includes the K point.
For armchair nanotubes, this will always be included since
the discretization is along �-M ′. Consequently, their band
gap cannot be influenced by confinement effects. For zigzag
nanotubes this is a possibility, but for the typical tube sizes
simulated, the k mesh in Eq. (1) will be practically dense and
any dependence is extremely minor. We thus conclude that the
band gap changes observed in Fig. 2 are purely an effect of the

curvature induced by the bending of the atoms in the nanotube
form.

To explore further the effect of curvature on the band gap,
we have calculated the band gap for MoSTe armchair and
zigzag nanotubes of different radii as displayed in Figs. 3(a)
and 3(d). From this we can see that the band gap depends
strongly on the radius of the simulated nanotubes and is seen
to increase from a value below the band gap of 2D MoSTe
to a value above, followed by a slow decay towards this
limiting value. This behavior, which is in agreement with the
results reported in Ref. [19], may be qualitatively understood
from Figs. 3(b) and 3(e), which display the position of the
valence and conduction band edge as a function of the radius
of the simulated nanotubes. Evidently, the size dependence
of the band gap is mainly attributed to the position of the
conduction band edge, which, compared to the valence band
edge, increases sharply as a function of the radius. Based on
this, it is therefore natural to investigate the PDOS around the
conduction band edge to determine what states are mainly re-
sponsible for the observed band gap sensitivity. The PDOS for
selected armchair and zigzag nanotubes is shown in Figs. 3(c)
and 3(f), and from these plots we see that the lower part
of the conduction band is mainly composed of states with
Mo d character. We therefore conjecture that these states are
particularly sensitive to the nanotube curvature, and a natural
starting point for future work would therefore be to try and
understand the origin of this sensitivity and whether or not
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similar trends will be observed for Janus nanotubes based on
other elements.

Another natural question to ask is whether the conclusions
reported here hold when employing higher-level electronic
structure methods and/or when including spin-orbit coupling.
The latter is in fact known to heavily modify the electronic
structure of many TMD monolayers [24,31] and is therefore
particularly relevant. While not reported here, we have in fact
performed band structure calculations for selected nanotube
sizes with spin-orbit coupling included and found that while
it does indeed lead to a modest change in the band gap of
∼50 meV, this acts mostly as a constant shift across different
nanotube radii. The conclusions reported in Fig. 3 are thus
unchanged by the inclusion of spin-orbit coupling.

IV. CONCLUSION

We have investigated the band structure of armchair and
zigzag 1H-MoSTe Janus nanotubes with special emphasis
on understanding how these differ from that of their parent
monolayer. By comparing the band structures of the most
stable MoSTe tube size with those of the symmetric MoS2

and MoTe2 nabotubes and nanoribbons, we were able to
separate the effects of quantum confinement and curvature,
and we found that confinement effects were modest while

curvature led to large changes in the band gap. We further
analyzed the band gap changes by studying its dependence of
the nanotube radius and found variations in the band gap of
up to 0.5 eV with values both above and below that of 2D
monolayer MoSTe. By investigating the position of the band
edges and PDOS for different tube sizes, we found that these
large variations are mainly attributed to the Mo conduction
band d states.

Our study demonstrates that Janus TMD nanotubes can
display remarkably different and tunable electronic properties
compared to their parent 2D monolayers, which make them
an interesting platform for computational materials screening
targeting specific applications within materials science.
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Structural and chemical mechanisms governing stability of
inorganic Janus nanotubes
Felix T. Bölle 1, August E. G. Mikkelsen1, Kristian S. Thygesen 2, Tejs Vegge 1 and Ivano E. Castelli 1✉

One-dimensional inorganic nanotubes hold promise for technological applications due to their distinct physical/chemical
properties, but so far advancements have been hampered by difficulties in producing single-wall nanotubes with a well-defined
radius. In this work we investigate, based on Density Functional Theory (DFT), the formation mechanism of 135 different inorganic
nanotubes formed by the intrinsic self-rolling driving force found in asymmetric 2D Janus sheets. We show that for isovalent Janus
sheets, the lattice mismatch between inner and outer atomic layers is the driving force behind the nanotube formation, while in the
non-isovalent case it is governed by the difference in chemical bond strength of the inner and outer layer leading to steric effects.
From our pool of candidate structures we have identified more than 100 tubes with a preferred radius below 35 Å, which we
hypothesize can display distinctive properties compared to their parent 2D monolayers. Simple descriptors have been identified to
accelerate the discovery of small-radius tubes and a Bayesian regression approach has been implemented to assess the uncertainty
in our predictions on the radius.

npj Computational Materials            (2021) 7:41 ; https://doi.org/10.1038/s41524-021-00505-9

INTRODUCTION
In the last decades miniaturization of devices has been a main
trend driving the electronics industry. In addition to reducing the
usage of raw materials, nanomaterials often show improved
properties compared to their larger counterparts. Among these
nanomaterials are two-dimensional (2D) sheets, one-dimensional
(1D) structures such as nanotubes and nanoribbons, and zero-
dimensional (0D) nanoparticles.
Since their discovery, nanotubes have shown promise for a wide

range of applications including gas separation and capture,
catalysis, solid lubrication and controlled drug delivery1. In
addition to the well-known carbon nanotubes2 numerous
inorganic nanotubes have been synthesized3,4. Although the first
successful synthesis of single-wall MoS2 nanotubes has been
reported5, such structures usually appear together with numerous
multi-wall tubes showing a distribution of radii and wall
thicknesses5. These multi-wall structures alleviate the built-in
strain energy through van der Waals interactions in between the
layers leading to an increase in stability1. Overall, this has made it
difficult to establish an experimental synthesis pathway to
produce single-wall tubes with a specific radius and controllable
physio-chemical properties.
A possible solution to this problem is the approach of

considering asymmetric sheets, which can naturally wrap and
form nanotubes with a well-defined size. Due to the asymmetry,
the unsupported sheet is expected to be unstable compared to
other curled shapes, such as tubes or scrolls. Pauling, already in
the 1930s, mentioned that the driving force of sheets to curve is
related to the lattice-mismatch between the two inner and outer
atomic layers6. Single-wall inorganic nanotubes with well-defined
diameters hold promise for technological applications, not only
because of their reduced dimensionality, but also for their
distinctive properties, often inherently different from the ones of
the corresponding asymmetric sheets. An example of a small-
radius, single-wall nanotube formed from an asymmetric sheet is

imogolite (Al2SiO3(OH)4), which was first discovered in volcanic
ash soil7 and later synthesized8,9. Other tubular minerals include
chrysotile (Mg3Si2O5(OH)4) and halloysite (Al2Si2O5(OH)4) that
however occur as multi-wall tubes10,11. Besides naturally occurring
nanotubes, misfit layered compounds, composed of two separate
sheets, make use of the lattice mismatch between the two sheets
to induce a natural driving force to form a tube12.
One of the possible classes of materials forming asymmetric 2D

monolayers are Janus sheets, like MoSSe13 or BiTeI14, which can be
wrapped to form 1D tubes15,16. A recent work15 has shown that
radii well below 35 Å are needed to create single-wall Janus
transition metal dichalcogenide (TMD) tubes, which have sig-
nificantly different (electronic) properties from the corresponding
asymmetric sheet. Although facile synthesis routes for the
production of single-wall inorganic nanotubes has long been
actively researched, not much attention has been paid to the
question of which materials would be able to make such a
structure avoiding the creation of multi-wall tubes. Consequently,
a high throughput study on the stability of a wide range of Janus-
based nanotubes, would provide valuable information for guiding
future synthesis of small-radius single-wall nanotubes.
In this work, we present a comprehensive screening study in the

framework of Density Functional Theory (DFT) on the stability of
135 different inorganic nanotubes generated from the rolling of
asymmetric 2D Janus sheets along both the armchair and zigzag
directions. The calculations focus on the stability and strain energy
of the chosen nanotubes. The total number of DFT relaxations
performed in this work amounts to ~4500. We show that for pure
chalcogen or halogen tubes (isovalent anions), the wrapping
mechanism is mostly governed by the lattice-mismatch between
the two inner and outer atomic layers, while for mixing anions
(non-isovalent anions) this is dominated by the difference in
valency between the X/Y elements. These findings provide a
physical foundation for designing Janus nanotubes with optimal
(small) radii.
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RESULTS
Initial pool of materials
The nanotubes considered in this study consist of three layers
(MXY, as illustrated in Fig. 1) composed of different mid-layer
elements (M= {Ti, Zr, Hf, V, Nb, Ta, Cr, Mo, W, Fe, Ge, Sn, As, Sb, Bi})
decorated with inner X and outer Y chalcogen and halogen atoms
(X,Y= {O, S, Se, Te, Cl, Br, I}). Here we denote all group 16 elements
including oxygen as chalcogens. For the three pnictogens (As, Sb,
and Bi) having 3+ as one of their possible oxidation states, we mix
chalcogens and halogens in the structures. For the remaining 12
elements, the inner X and outer Y elements are either chalcogens
or halogens. The idea of mixing chalcogens and halogens to form
2D MXY Janus sheets was recently explored in ref. 17, but has so far
not been pursued in the context of nanotubes. We construct the
tubes by rolling up 2D layers in both the T- and H-phase crystal
structures, corresponding to the crystal structures found for the
experimentally synthesized MoSSe13 and BiTeI14 2D sheets, along
both the armchair and zigzag directions.

Nanotube strain energy
Two main quantities that are needed to characterize an
asymmetric nanotube are the optimal radius, which defines
the most stable nanotube size, and the strain energy, which
defines the energy associated with the wrapping of a 2D sheet
into a nanotube (negative strain energies indicate a sponta-
neous wrapping).
The strain energy is defined as the difference between the

energy of the nanotube and the corresponding 2D sheet18. In
formula:

EstrainðRÞ ¼ Etube
Ntube

� EMXY

NMXY
; (1)

where Etube is the energy of a nanotube with Ntube atoms and EMXY

is the energy of the corresponding 2D Janus sheet with NMXY

atoms in the unit cell. In the infinite limit R→∞, the strain energy
is zero, since the energy per atom of a tube is equal to the energy
per atom of an infinite 2D Janus sheet.
It has been shown that for symmetric tubes (carbon, for

example) the nanotube strain energy follows a 1/R2 depen-
dence19,20. This relationship does not hold for asymmetric tubes in
which the strain energy curve exhibits a minimum21–24. Instead, it

can be more accurately described using the equation21:

EstrainðRÞ ¼ a

R2
þ b
R
: (2)

Extrapolating the function using the obtained DFT data and
evaluating the function at the minimum strain energy Estrain-min

leads to the optimal tube radius Ropt (see also Fig. 2). We note that,
although Eq. (2) fits well in the region around the optimal tube
radius, large strain energies can lead to a deviation25. We take this
into consideration during the screening using Bayesian statistics
(details in the Supplementary Note 3) which helps to identify cases
where the function chosen does not capture the observed data
points well across all tube radii.
As an example, Fig. 2 shows the strain energy as a function of

the tube radius for three different materials, comparing a
symmetric MoS2 tube with the two studied asymmetric tubes
NbSSe and BiSI. The symmetric MoS2 tube shows a 1/R2

dependence of the strain energy over the tube radius indicating
the single-wall nanotube is less stable than the infinite sheet. This
is not the case for the asymmetric NbSSe and BiSI tubes, where
the strain curve exhibits a minimum. The strain energy curve for
BiSI shows a strain energy minimum of −31 meV/atom at the
optimal radius of ~10 Å while the strain energy curve for NbSSe is
instead very shallow (minimum at −1.1 meV/atom at 85 Å) due to

Fig. 1 Basic principle of the computational workflow. The symmetric MY2 and MX2 are the parent sheets for the asymmetric 2D Janus MXY
sheet, which can be wrapped up to form a 1D Janus nanotube. In this case M= Bi (light purple), X= Te (dark yellow), and Y= I (dark purple).

Fig. 2 Strain energy as a function of the nanotube radius. Strain
energy as a function of the radius for the symmetric MoS2 nanotube
and the two asymmetric NbSSe and BiSI nanotubes. The label in
brackets indicates the prototype (H-/T-phase) and the wrapping
direction (a/z indicating armchair/zigzag).
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the minor lattice-mismatch of 0.96 between the two parent sheets
NbS2 and NbSe2. Such a shallow strain energy curve makes it
difficult to establish an optimal radius.

Stability and optimal radius
Figure 3 shows the optimal tube radii for all studied materials and
its associated uncertainty. For around 20 structures the uncer-
tainty on the radius is estimated to be larger than 30 Å (blue
shaded triangles in upper right corner in Fig. 3). We employ
Bayesian regression (details in the Supplementary Note 3) to
automatically asses the uncertainty associated with fitting the
obtained DFT data to Eq. (2). This makes it possible to spot data
points during the screening study that might require a more
detailed investigation, while the data points that fit the underlying
fitting function show reduced uncertainties. We have identified
three situations where the uncertainties are large: (1) The model is
not able to fully capture the variation of strain energies across
different tube radii. Only few structures, such as SbTeBr, do not fit
the proposed model (similar to imogolite, Supplementary Fig. 2),
leading to large uncertainties in the prediction. (2) The strain
energy curves are rather flat due to a less pronounced energy
minimum making it difficult to estimate a precise optimal tube
radius. This is, for example, the case for NbSSe, TiSSe or VSSe. (3)
Only three data points are available, as it happens for BiSI, BiSBr
and BiSCl. Nevertheless, in these cases three data points are
sufficient to identify the mid-point as the minimum and adding
additional data points is not necessary. However, the limited
amount of data points lead to an extended uncertainty interval
using Bayesian regression. In general the values for the optimal

tube radii are similar to what has been found in literature for a
much smaller set of TMD Janus nanotubes16.
Figure 4 shows the minimum strain energies corresponding to a

tube at the optimal tube radius as shown in Fig. 3. The stability of
a phase can be estimated through constructing a phase stability
diagram, from which we can extract the so-called convex hull. The
convex hull defines the stability frontier of a given combination
at 0 K, i.e., which phase(s) are the most stable at a given
stoichiometry. It is constructed by using the DFT total energies of
all the known phases of a given chemical space and identifying all
the thermodynamically stable phases and all two-phase equilibria
between them. In this work these phases are extracted from the
Materials Project database26. The convex hull is then obtained by
connecting the stable phases with tie-lines. If the novel candidate
material has an energy below the hull, it is considered stable and
the convex hull is updated to include this new point. On the other
hand, if its energy is above the hull, the material is unstable or
metastable27. A more detailed explanation of the construct of the
convex hull used here can be found in the literature28. To compare
the energy of the tube to its most stable 3D bulk structures, we
calculate the convex hull energy of the tube ECH at its optimal
radius (ECH�min).
The calculated values for the convex hull energy of the infinite

2D Janus monolayers are in good agreement with published
literature17. Except for Fe, all studied nanotubes show good stability
against the decomposition into competing bulk structures (taken
from the Materials Project database26) for at least one of the
calculated combinations (here we define a combination stable
when the energy of the candidate compound is within 0.2 eV/atom
above the convex hull to account for a possible metastability27,29,30).
Given the mid-layer element is in its preferred oxidation state, the
resulting tube shows higher stability compared to the case of an

Fig. 3 Overview of the 135 investigated materials and their
extrapolated optimal radius. Overview of the 135 investigated
materials and their extrapolated optimal radius according to Eq. (2).
It is ensured that at least three data points after filtering according
to the criteria described in the Supplementary Note 1 exist
(otherwise marked with a hatched box). The asterisk indicates that
the difference in energy between the H-/T- phase is <10 meV/atom
and that the smaller optimal tube radius is chosen given the
extrapolated optimal radius from both prototypes. The lowercase
letters a/z indicate which wrapping direction (armchair/zigzag) is
preferred.

Fig. 4 Convex hull and tube strain energies at the optimal tube
radius. The heatmap shows convex hull and tube strain energies at
the optimal tube radius. Blue and bright colors indicate good
stability, while a red color indicates poor stability. Values exceeding
the metastability criterion of 0.2 eV/atom are shown in black.
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unfavored oxidation state as expected. Ge, for example, generates
more stable tubes when combined with two halogens (Ge2+) than
with two chalcogens (which would need a Ge4+, instead). We do
not find stable nanotubes for 23 combinations (hatched boxes in
Fig. 4). 18 of these materials can be attributed to the transition
metal in its unfavored 2+ oxidation state, when paired with two
halogens. The remaining 5 materials contain either Fe, Sn or Ge
which form in general less stable nanotubes for most of the studied
combinations (i.e., more than 0.1 eV/atom above the convex hull).
Because of their stability in the 3D form, oxygen-containing tubes
are in general more prone to decompose compared to the pure
chalcogenide ones.
For almost 90% of the materials, the energy difference between

the armchair and zigzag wrapping direction is below 10 meV/atom,
which indicates that there is only a weak driving force causing
wrapping up around a specific direction. Although the armchair
and zigzag wrapping directions only have a minor impact on the
stability of the tube, it can be expected that the wrapping direction
has a larger impact on the electronic properties due to the
difference in bond distances in these tube configurations. We have
recently demonstrated this for MoSTe, but a more comprehensive
study focusing specifically on the electronic properties would be
needed to establish general design rules31.
The combination of the three metals As, Sb, and Bi mixed

together with a chalcogen sitting inside and a halogen element
sitting outside of the structure generates stable and small-radius
nanotubes with a rather small strain energy associated with its

optimal radius. For instance, AsSI has a minimum strain energy of
−80 meV/atom which is ~40 meV smaller than that of the
experimentally observed imogolite nanotube when compared to
computational reference data found in literature32. The MXY
nanotubes share with imogolite, which is known to exist as a
single-wall nanotube, the shape of the strain energy curve (see
BiSI in Supplementary Fig. 2).
Figure 5 reports the correlation between various quantities,

namely the extrapolated optimal radius Ropt versus the lattice-
mismatch aMX2 /aMY2 (a), which is the important parameter in
Pauling’s mechanism, the minimum strain energy Estrain-min (b) and
the ratio of the Mulliken electronegativities of the X/Y elements (c).
Figure 5d shows the ratio in layer thickness tM-X/tM-Y versus the
lattice-mismatch aMX2 /aMY2 , where the thickness is measured as
the M–X and M–Y element distance along the vacuum direction in
the 2D Janus sheet (inter-layer distance). A similar plot showing
the optimal radius versus the convex hull energies can be found in
Supplementary Fig. 3. Figure 5b indicates that very low strain
energies are not necessary to obtain small-radius nanotubes.
Nanotubes with a diameter smaller than 15 Å are predicted to be
found in a range of strain energy minima from −15 meV/atom
(BiSeBr) to −280 meV/atom (TaOTe, which has the most negative
strain energy in our dataset). The optimal radius increases sharply
when approaching the limit of no lattice-mismatch between the
MX2 and MY2 parent sheets (i.e., lattice-mismatch aMX2 /aMY2 = 1,
see Fig. 5a—blue dashed curve). In addition, the lattice-mismatch
is correlated with the ratio of ionic radii when mixing two

Fig. 5 Property correlations derived from nanotubes and sheets. Ropt versus the lattice mismatch of the corresponding parent sheets
(lattice mismatch calculated as aMX2 /aMY2 with a being the lattice constant) (a), the minimum strain energy at the optimal radius (b) and the
Mulliken ratio of the corresponding Mulliken electronegativities of outer and inner elements (Mulliken ratio X/Y) (c) are shown. d The ratio in
layer thicknesses in the 2D Janus sheet versus the lattice-mismatch. The different colors represent the three classes of pairing the mid-layer
with either two chalcogens (Janus-Cal-Cal, {O, S, Se, Te}, green), two halogens (Janus-Hal-Hal, {Br, I, Cl}, red) or a mix of chalcogens inside and
halogens outside (Janus-Cal-Hal, yellow).
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chalcogens (Janus-Cal-Cal class following trend OTe > OSe > OS >
STe > SeTe > SSe) or two halogens (Janus-Hal-Hal class following
ClI > BrI > ClBr) with each other.
The lattice-mismatch between the two parent sheets can give

an estimate on the optimal tube radius in the case of isovalent
anions, while it fails for mixing halogens with chalcogens (Janus
Cal-Hal class). Here, it would predict the halogen to sit inside of
the tube, instead of on the outside, as several of the materials
show a lattice mismatch aMX2 /aMY2 larger than 1 (Fig. 5a, yellow
dashed line). For instance, the MoOTe parent sheets (H-phase)
have a lattice mismatch of 0.79 (aMoO2 = 2.82 Å, aMoTe2 = 3.55 Å)
leading to the small radius of 7.2 Å. Conversely, the BiTeCl
parent sheets (T-phase) have a lattice mismatch of 1.06 since the
parent structure BiCl2 (a = 3.68 Å) has a smaller lattice constant
than BiTe2 (a = 3.9 Å). Based on the lattice mismatch, the tube
should wrap in a way that the Chlorine atoms are inside of the
tube. The three different classes appear well-separated when
the radius is plotted versus the ratio of the Mulliken electro-
negativities of the X and Y element (Fig. 5c). Having more
electronegative elements sitting on the inside of the tube does
not seem to be a necessary criterion for forming small-radius
nanotubes (Janus-Cal-Hal, yellow).
A possible explanation on the reason why the chalcogen is

sitting inside of the non-isovalent tube can be made by
investigating the bond lengths in the non-isovalent structures
closer. Shevelkov et al33. studied the experimental 3D-bulk crystal
structure of layered BiTeI and find the Bi–X bond distance in these
structures to be significantly longer (ionic) than the ones found in
bismuth trihalides. In addition, the geometry of the (BiTe) layer is
shown to be comparable to the one found in Bi-bulk metal and
the bond-distance of Bi-Te in the BiTeI layer is similar to the one
found in bismuth tellurides33.
To illustrate this, we take the BiSI structure in Fig. 6 and assume

the Bi–I (dM-Y), Bi–Bi (dM-M), and Bi–S (dM-X) bond distances to not
vary significantly when the 2D Janus sheet is being wrapped up
into a tube. By looking at the sheet from the side, the layer
thicknesses of both inner and outer layer are tM-X and tM-Y,
respectively (Fig. 6 mid column). Larger bond distances now also
lead to thicker layers. This means that the M–Y layer is
considerably thicker, owed to the ionic like bond between the
M-layer element and the halogen. Larger thicknesses of the M–Y
layer impose a constraint resulting in M–X bonds taking less space
inside the tube and therefore leading to less steric effects as
opposed to having M–Y bonds on the inside of the tube (Fig. 5d).
In addition, we observe for the non-isovalent structures a
shortening in M–X bond lengths upon wrapping the infinite 2D

Janus sheet into a nanotube leading to the effective thickness of
the MX layer in a tube being even thinner than in the sheet.
In order to further clarify this point we compare the stable BiSI

tube and the energetically unstable inverse wrapped counterpart
BiIS in Fig. 6 on the right. In the inverse wrapped case steric
effects in between I–I elements even lead to a bond expansion of
the Bi–Bi bond, dM-M, from 4.2 Å to 4.6 Å. Given both tube
configurations differ by 0.14 eV/atom in energy in favor of
the tube in which the chalcogen element sits inside, the
importance of the (BiTe) layer for the stability is underlined.
Plotting the stability difference in between the stable (chalcogen
inside) and the inverse wrapped tube (chalcogen outisde) for
nine selected non-isovalent tubes we find the points to follow a
positive linear correlation with the ratio in thickness r = tM-X/tM-Y

(Supplementary Fig. 4). We conclude that the steric effects
caused by a difference in layer thickness significantly influences
the stability of the tubes. Steric effects can also explain the
reduced minimum strain energy for BiXI < BiXBr < BiXCl struc-
tures, as well as the reduced optimal radius for BiSY < BiSeY <
BiTeY structures. In these cases, the element forming stronger
bonds determines the wrapping direction.

Optimal radius descriptors
As we have reported above, to estimate the optimal radius, we
need to calculate the tubes at different sizes. These calculations
are approximately three orders of magnitude more computation-
ally demanding than to simulate the corresponding infinite Janus
sheets. Identifying descriptors to predict the optimal radius based
exclusively on the 2D Janus sheet is a valuable pathway to faster
navigate through the studied phase space and discover small-
radius nanotubes.
All studied tubes are more stable if the chalcogen element is

placed inside. In fact, for some of the studied non-isovalent
nanotubes the optimal tube radius is independent of the halogen
sitting on the outside of the tube (e.g., SbSCl, SbSBr, and SbSI).
Thus, only considering MX2 and MY2 parent structures provides
an inaccurate picture when studying non-isovalent nanotubes. In
addition, the parent structures of non-isovalent tubes will each
have a M-element oxidation state different from the 2D Janus
sheet (e.g., BiI2, BiS2, and BiSI). Two models from literature use the
parent structure lattice constants as descriptors for predicting
the optimal tube radius of isovalent nanotubes. The first approach
is based on the plate theory as described by Timoshenko34,35,
while the second approach makes use of the Poisson ratios of the
parent sheets (Poisson model)15. Both models require the
calculation of the stiffness tensors of the parent structures. Our
approach, which we refer to as Inner-bond model, is instead

Fig. 6 Investigating inverse nanotube wrapping. Side (or cross-section) view for the energetically favored armchair BiSI nanotube, the
infinite 2D Janus layer and the unstable inverse wrapped BiIS nanotube. Measures are given in Å.
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based on solely geometrical parameters, which can be readily
obtained from existing 2D databases (e.g.36). By circumventing
the time-consuming calculation of the stiffness tensor, we are
able to calculate these descriptors at least one order of
magnitude faster. The Inner-bond model uses the lattice
constants of the 2D MXY Janus and MX2 parent sheets as well
as the 2D Janus tM-X layer thickness, as discussed above. It is
initially assumed that the optimal tube radius is determined by
the lattice mismatch between the MXY Janus sheet and the
corresponding MX2 parent sheet. The derivation of the Inner-
bond model and the used formulas for the two reference models
are provided in Supplementary Note 2.
All three models capture the rolling mechanism for isovalent

anions for a selected set of materials (with discrepancies up to
30% compared to the calculated DFT radius—Fig. 7a), while only
the Inner-bond model predicts the optimal radii of non-isovalent
nanotubes to be small. Nevertheless, it fails to capture that the
optimal DFT radius for some tubes, in which a chalcogen sits
inside the tube, is almost independent of the chosen halogen
element sitting outside of the tube (see orange bars for SbSCl,
SbSBr and SbSI in Fig. 7a). Here, the layer thickness tM-X is so thin,
that the steric effects of the halogen atoms at small radii do not
decisively impact the stability of the tube. In this picture, the
wrapping mechanism is solely governed by the steric effects of
the chalcogen elements. Controversely, the 2D Janus sheet lattice
constants increases for SbSCl < SbSBr < SbSI due to the size
difference of the halogen atoms, leading to a mismatch in
predicted values for the Inner-bond model.

One feature all the studied materials share is that the lattice
mismatch between the parent MX2 and the Janus MXY sheets is
always smaller than 1 (Fig. 7b). This is different from the idea of
comparing MX2 and MY2 lattice constants, for which, in the case
of mixing chalcogen and halogen X/Y elements, the lattice
mismatch exceeds 1 (Fig. 5a). Although only giving quantitative
predictions, the Inner-bond model shows that the bond distances
of the elements in the inner MX2 sheet together with the MXY
lattice constant are good descriptors for predicting the optimal
radius within the studied compound space. In the case of
isovalent anions the lattice-mismatch of the parent structures can
also be used as a descriptor.

Strain energy descriptors
The Janus sheets show an asymmetry between the two sides of
the layer. We can make a sheet where the mirror symmetry along
the mid-layer (M-layer) is restored through rearranging the X/Y
elements into alternating X/Y rows (as shown in Fig. 8). The graph
in Fig. 8 shows the energy difference between the alternating and
the Janus sheet (E2D-alt− E2D-Janus) as a descriptor for the strain
energy minumum (Estrain-min). Few outliers ( >50 meV/atom error in
prediction) correspond to structures with a low convex hull
stability, i.e., ECH > 0.2 eV/atom.
For instance, this descriptor, which does not require the

calculation of the tubes, could be used to indicate if a sheet
exfoliated onto a host structure might undergo spontaneous
curling. The strain energy would need to be larger than the
adsorption energy of the sheet on the host structure, which is for

Fig. 7 Optimal radius descriptors. a Optimal tube radius using the three models based on the Timoshenko plate theory34, considering the
Poisson ratios (Poisson)15 and using lattice mismatches between Janus MXY and MY2 parent sheets (Inner-bond model). The optimal radius
based on DFT calculations Ropt is also shown which has been obtained extrapolating the function given in Eq. (2). The asterisk indicates that
due to prototype changes when straining the SbBr2 sheet, it was not possible to get the elastic tensor required for the Timoshenko and
Poisson model. b The radius plotted against the lattice mismatch MX2/MXY.

Fig. 8 Strain energy descriptors. Comparing the energy of the tube at its optimal radius versus the energy of a sheet consisting of alternating
anion rows (2D-alternating rows prototype structure or 2D-alt). The mean average error for the different combinations are 22.9 meV/atom
(Janus-Cal-Cal), 14.4 meV/atom (Janus-Cal-Hal) and 3.1 meV/atom (Janus-Hal-Hal).
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example not the case for the experimentally exfoliated BiTeI
sheet14. Whether a large strain energy is needed to form single-wall
nanotubes (in favor of multi-wall nanotubes or other forms of rolled
structures) requires a deeper experimental investigation, or, at least,
to consider growing and other experimental conditions which
might impact the formation mechanism37.
Different synthesis procedures can be imagined leading to the

synthesis of the Janus nanotubes suggested here. Besides the
exfoliation of a monolayer onto a host structure and its subsequent
spontaneous wrapping, which might need lithography techniques
to cut the monolayer into the required dimensions, the intercala-
tion of ions into Janus multilayered materials, combined with ball-
milling38, can be a viable experimental synthesis path allowing to
produce larger quantities. A common issue with these methods
would be preventing unwanted reactions occurring at unsaturated
bonds. A possible alternative synthesis pathway could be to use
Atomic Layer Deposition combined with lithography to cut the 2D
layer into a desired shape before it spontaneously wraps.
Regardless the synthesis procedure, the intrinsic driving force of
the 2D Janus sheets to form 1D tubes (or alternatively other curled
shapes) should be large enough to be observed.
A promising starting material to experimentally verify our

predictions is the layered BiTeI 3D bulk crystal structure for which
experimental synthesis routes have been established33. Other
interesting candidates include tubes based on Vanadium or
Titanium, which, by displaying a variety of oxidation states, are
suitable for electrochemical applications39,40. Curled multiwall VOx

structures with much larger inner radii than the tubes predicted
here have already been reported40. Other non-isovalent anion
based tubes, such as BiSI, might be feasible. However, the weaker
ionic halogen bonds might drive reconstructions, in contrast to
less reactive covalent bonds.

DISCUSSION
In this work, we investigated the formation mechanism of
nanotubes by studying their stability and optimal nanotube radius.
135 different Janus nanotubes have been calculated using a
structure prototype approach (T-/H-phase). Each three-layered
material consisted of one of 15 different cation mid-layer elements
in combination with inner and outer atomic layers being occupied
by either chalcogens, halogens or their mixture as anions. For
isovalent anions, the wrapping mechanism could be explained by
the lattice-mismatch between the two inner and outer atomic
layers, while for non-isovalent anions steric effects caused through
short pnictogen-chalcogen inside and longer pnictogen-halogen
bonds outside of the material drive the stability. These effects are
beneficial to the formation of some of the smallest identified
nanotubes showing optimal radii below 10 Å. We noted that in
general a large minimum strain energy is not needed to find tubes
with an optimal radius smaller than 35 Å. In addition, the minimum
strain energy was reasonably well estimated using the energy
difference between a 2D Janus and alternating sheet as a
descriptor. We employed Bayesian statistics to assess the quality
of our fitting in order to identify uncertainties in our predictions of
the optimal radius due, for example, to a misfit between the
obtained data and the underlying strain energy curve function.
Nanotubes based on BiTeI and related compositions appear

to be a particular interesting starting point for experimental
verification due to their synthesizability in a 3D structure and
exfoliability into 2D layers, as well as their predicted stability in 1D
form. Following the interest in Vanadium- and Titanium-based
nanotubes for electrochemical applications, we suggest that the
metastable combinations of these metals paired with either OTe,
OSe, or OS can be additional interesting candidates.
The findings reported here, shed light on the mechanism

behind the curling of 2D Janus sheets and define a possible path
for the synthesis of nanotubes with small radii, for which the

lattice mismatch and the bonding character of the anions play a
fundamental role.

METHODS
Computational workflow
The first step to create our library of nanotubes is to relax the 2D Janus
sheets, taken from the Computational 2D Materials Database (c2db)36. If a
2D Janus sheet is not present in the database, the 2D Janus sheet is
created by averaging the lattice constants from its constituent MX2 and
MY2 parent sheets. Subsequently, tubes are generated by repeating and
wrapping the 2D sheets both along the armchair and zigzag wrapping
directions, thereby obtaining tubes with various radii (similar to what is
shown in Fig. 1). In details, the initial number of unit cell repetitions is n=
(6, 8, 10, 12, 14) for the armchair and n= (10, 13, 16, 19, 22) for the zigzag
wrapping direction, which correspond to tubes with a radius smaller than
20 Å. We apply a set of filters to decide whether or not the relaxed
structure is accepted for further investigation. These filters include assuring
that a tube retained its circular shape and that no unwanted changes into
different prototypes occurred during the relaxation. The filters discard
~40% of the data generated. A detailed discussion on how the data is
filtered prior to visualization can be found in Supplementary Note 1. For
consistent and reproducible calculations, we implement a workflow
combining the Atomic Simulation Environment (ASE)28 and the workflow
scheduling system MyQueue41. Inspired by the CUSTODIAN package26, we
establish an “ASE error handler” to handle common DFT errors thus
limiting the need for user intervention. A similar approach has been
recently implemented to autonomously discover battery electrodes42.

DFT calculations
All calculations are carried out with the Vienna ab initio Simulation
Package (VASP) using a plane-wave basis set with an energy cutoff of
550 eV43–45. In order to approximate the exchange-correlation effects the
Perdew–Burke–Ernzerhof (PBE) form generalized gradient approximation
(GGA) is used46. A k-point density >4.7 /Å−1 is used to sample the Brillouin
zone. All forces are converged to <0.01 eV/Å. The structures are relaxed in
a non-magnetic configuration, i.e., without applying initial magnetic
moments on the elements. A minimum vacuum in between repeating
images of 16 Å is ensured. Dipole corrections are applied along the non-
periodic direction for materials with an out-of-plane dipole moment. To
assess the stability versus 3D phases, we use a convex hull analysis, where
the reference structures are the ones defining the convex hull in the
Materials Project database47. These structures are then relaxed with the
matching input parameters used in this work26, while the reference energy
of oxygen is obtained by calculating the difference in energy between
water and hydrogen in the gas phase, including the zero-point energy
(ZPE) corrections48. For the calculation of the stiffness tensor we use the
workflow described by Haastrup et al.36. Here, the k-point density applied
for calculating elastic constants is >12.0 /Å−1 together with an applied
strain of ±1%.
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Supplementary Notes

Supplementary Note 1 - Filtering the database

We simulate smaller tube radii if the first data points indicate the tube minimum lies below

the simulated data. In contrast to that, due to computational reasons, we do not simulate

larger nanotubes in case the predicted minimum tube radius is larger than the largest sim-

ulated tube. Only a few tubes were selected to study larger tube radii. Subsequent filtering

of the database includes:

• Did a change of prototype occur? For several tubes we observe a change in between

the different prototypes (H-/T- phase) during relaxation in favor of its energetically

favored prototype. All janus sheets, even in the minimum tube energy configuration,

underlie a certain strain energy. This strain energy can cause changes of prototypes

as kinetic barriers associated with it can be overcome. We use similarity measures

between the corresponding infinite janus sheet and the nanotube in order to ensure the

prototype is consistent.

• Did the tube elongate or contract along the tube axis? Some of the nanotubes reach

lower energy minima through elongating its lattice constant along the tube axis. As

they can not be compared to the corresponding janus sheet, these tubes are disregarded.

• Is the tube still circular? It is ensured that the tube does not segregate during re-

laxation by checking that all atoms still form a circular tube shape. Additionally we

exclude tubes that form fragments. For instance, we observe that some tubes change

its prototype to the 1T’ distorted type, which is not part of the study.

• Calculation finished without errors? This also includes marking calculations that did

not finish within a reasonable amount of time as ”timed out”.

Supplementary Note 2 - Formulas used to predict the optimal radius

Timoschenko plate theory model
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The formula used to predict nanotubes was taken from Ref.1

1

R
=

6(EMY2εmtMY2)

EMX2t
2

γ (1)

γ =
(1 + β)3

1 + 4αβ + 6αβ2 + 4αβ3 + α2 + β4
(2)

α =
EMY2

EMoX2

(3)

β =
tM−Y
tM−X

(4)

t = tM−Y + tM−X (5)

εm =
aMX2 − aMY2

aMY2

(6)

where E is the bulk modulus, t is the sheet thickness and a is the lattice constant.

Poisson model

For a 2D material disregarding shear stresses, the stress tensor can be written as



σxx

σyy


 =



c11 c12

c21 c22






εxx

εyy




Assuming for a nanotube that a stress is applied along the x-direction, the forces along

the y-direction are 0 and therefore

σyy = 0 = c12εxx + c22εyy (7)

εyy
εxx

= −c12
c22

(8)

For a 2D material poissons ratio can then be described as

ν = − εyy
εxx

=
c12
c22

(9)
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which is readily availabe from the c2db database. We use the c2db workflow to get results

for sheets that do not exist in the database, ensuring consistency in between the calculated

mechanical properties.

The final formula is taken from Ref.2

R0 =
a′XhY + a′Y hX

2(a′Y − a′X)
(10)

where

a′i = −νiaH + ai(1 + νi) = ai + νi(ai − aH) (11)

Inner-bond model

Supplementary Figure 1: Isosceles triangle showing the bond distances used for the Inner-
bond model.

Given the hexagonal unit cell, the lattice constant of the MX2 sheet corresponds to the

X-X bond distance (Figure 1). It follows from the equality of the isosceles triangle in Figure

4



1:

2 arcsin

(
aMX2

2(R− tM−X)

)
= θ = 2 arcsin

(aMXY

2R

)
, (12)

and we obtain the optimal tube radius, R, as

R =
tM−X

1− aMX2

aMXY

(13)

where aMXY is the lattice constant of the 2D Janus nanosheet (or M-M bond distance),

tM−X is the thickness of the MX layer and aMX2 is the lattice constant of the 2D parent

MX2 sheet (or X-X bond distance).

Supplementary Note 3 - Bayesian regression

For sampling of the uncertainty of the predicted radius RDFT we use the underlying function

Estr(R) =
a

R2
+
b

R
(14)

Strain energies are now sampled from

y ∼ N (βTX, σ2I) (15)

The observations consist of at least 3 data points, corresponding to a specific tube radius

and its associated strain energy. The coefficients are sampled, using least-square prior infor-

mation, from

a ∼ N (aLS, σ
2) b ∼ N (bLS, σ

2) σ ∼ N (0, 1). (16)

Using the obtained coefficient distributions, the minimum radius is sampled from the sampled

(a,b) coefficient pairs by using that the minimum radius is

RDFT =
−2a

b
. (17)
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We take the 95% confidence interval to estimate the uncertainty. The NUTS sampler is used

to draw samples with 2000 burnin steps and 2000 posterior samples while running a total of

4 chains. All calculations have been carried out using the PyMC3 v3.8 python package.3

Supplementary Figures

Supplementary Figure 2: The three experimentally observed nanotubes and a theoretically
predicted BiSI nanotube. The 2D Janus sheets 1T-lizardite (ICSD 202358 - Mg3Si2O5(OH)4)
kaolinite (ICSD 63192 - Al2Si2O5(OH)4) are taken as starting structures for the chrysotile
and the halloysite nanotube, respectively. The imogolite ((HO)3Al2O3SiOH) structure is
the Z8-Si’ImoHB’ nanotube taken from Ref.4 a/z indicates an armchair/zigzag wrapping
direction.

.
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Supplementary Figure 3: Optimal tube radius versus the convex hull energy.
.
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Supplementary Figure 4: Energy difference of a stable tube compared to its inverse wrapped
counterpart versus the thickness ratio of outer and inner atomic layer in the Janus sheet.

.

7



Supplementary References

1. Xiong, Q.-l.; Zhou, J.; Zhang, J.; Kitamura, T.; Li, Z.-h. Spontaneous curling of free-

standing Janus monolayer transition-metal dichalcogenides. Physical Chemistry Chemical

Physics 2018, 20, 20988–20995.

2. Zhao, W.; Li, Y.; Duan, W.; Ding, F. Ultra-stable small diameter hybrid transition metal

dichalcogenide nanotubes X–M–Y (X, Y= S, Se, Te; M= Mo, W, Nb, Ta): a computa-

tional study. Nanoscale 2015, 7, 13586–13590.

3. Salvatier, J.; Wiecki, T. V.; Fonnesbeck, C. Probabilistic programming in Python using

PyMC3. PeerJ Computer Science 2016, 2, e55.

4. Lee, S. U.; Choi, Y. C.; Youm, S. G.; Sohn, D. Origin of the strain energy minimum in

imogolite nanotubes. The Journal of Physical Chemistry C 2011, 115, 5226–5231.

8




	Introduction
	Theory and methods
	Electronic structure theory
	Molecular dynamics
	Machine learned potentials

	I Modelling the water/Pt(111) interface with neural network potentials
	Motivation
	Structure of the water/Pt(111) interface
	Introduction
	Computational methodology
	Results
	Conclusions

	Room temperature structure and energetics of water-hydroxyl layers on Pt(111)
	Introduction
	Computational methodology
	Results
	Conclusions

	Conclusions

	II Inorganic Janus nanotubes - stability and electronic properties
	Motivation
	Stabilities and optimal radii of inorganic Janus nanotubes
	Introduction
	Computational methodology
	Results
	Conclusions

	Electronic properties of MoSTe Janus nanotubes
	Introduction
	Computational methodology
	Results
	Conclusions

	Conclusions
	Summary and Outlook
	Bibliography
	Appendices
	Appendix A: Construction and fitting of the neural network potentials
	Appendix B: Thermostat tests
	Appendix C: Probability model for a three-state system

	Included publications


