Thisarticleislicensed under a Creative Commons Attribution 3.0 Unported Licence.

Open Access Article. Published on 06 2022. Downloaded on 21.04.2026 11:35:52.

(cc)

Digital
Discovery

#® ROYAL SOCIETY
PPN OF CHEMISTRY

View Article Online

View Journal | View Issue,

i ") Check for updates ‘

Cite this: Digital Discovery, 2022, 1, 463

Received 25th February 2022
Accepted 3rd June 2022

DOI: 10.1039/d2dd00016d

Long-range dispersion-inclusive machine learning
potentials for structure search and optimization of
hybrid organic—inorganic interfacesy

Julia Westermayr, ©2 Shayantan Chaudhuri, ©2° Andreas Jeindl, @ ¢
Oliver T. Hofmann @ ¢ and Reinhard J. Maurer & *@

The computational prediction of the structure and stability of hybrid organic—inorganic interfaces provides
important insights into the measurable properties of electronic thin film devices, coatings, and catalyst
surfaces and plays an important role in their rational design. However, the rich diversity of molecular
configurations and the important role of long-range interactions in such systems make it difficult to use
learning (ML) potentials
computationally expensive electronic structure calculations. We present an ML approach that enables

machine to facilitate structure exploration that otherwise requires
fast, yet accurate, structure optimizations by combining two different types of deep neural networks
trained on high-level electronic structure data. The first model is a short-ranged interatomic ML
potential trained on local energies and forces, while the second is an ML model of effective atomic
volumes derived from atoms-in-molecules partitioning. The latter can be used to connect short-range
potentials to well-established density-dependent long-range dispersion correction methods. For two
systems, specifically gold nanoclusters on diamond (110) surfaces and organic m-conjugated molecules
on silver (111) surfaces, we train models on sparse structure relaxation data from density functional

theory and show the ability of the models to deliver highly efficient structure optimizations and semi-

rsc.li/digitaldiscovery

1. Introduction

Surface nanostructures play a fundamental role in medicine,"*
solar cell and fuel cell technologies,>* and photo- or electro-
catalysis.>® Several strategies exist to form nanostructures, such
as DNA-directed assembly,” electrodeposition,® or self-assembly
at hybrid organic-inorganic interfaces.® The molecular compo-
sition and molecule-surface interaction strength crucially
determine the surface structures that are formed®** and the
nucleation and initial growth of nanoclusters (NCs) are crucial
steps in controlling a nanostructures’ final morphology,***
which itself is important for tuning catalytic selectivity and
activity.”® A better understanding of surface nanostructures can
thus advance a wide variety of research fields.****

Electronic structure theory plays a vital role in the charac-
terization and exploration of organic-inorganic interfaces and
materials, but is limited by intrinsic errors such as the lack of
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quantitative energy predictions of adsorption structures.

long-range dispersion interactions in common density func-
tionals'®*® and the high computational effort associated with
the intrinsic length scale of surface structures. The former issue
has been addressed in recent years with the emergence of effi-
cient and accurate long-range dispersion correction methods
such as the Grimme*® and Tkatchenko-Scheffler (TS) families of
methods.” In case of metal-organic interfaces, the surface-
screened van-der-Waals (vdW*"™)?* and many-body dispersion
(MBD)**** methods, in combination with generalized gradient
approximations (GGAs) or range-separated hybrid functionals,
have been shown to provide highly accurate predictions of
adsorption structures and stabilities.'®*"'#?32® Reliable identi-
fication and optimization of structures at metal-organic inter-
faces is a particular challenge due to the structural complexity
and the large number of degrees of freedom (molecular orien-
tation, adsorption site, coverage),'* which creates a particular
need for structural exploration methods that are efficient.
Examples of simulation methods that can alleviate computa-
tional effort compared to DFT include semi-empirical electronic
structure methods, such as density functional tight-binding
(DFTB),* which usually provides a good compromise between
accuracy and computational efficiency. Recently, DFTB has
been coupled with the vdW and MBD methods**° to incorpo-
rate long-range dispersion, but unfortunately few reliable DFTB
parametrizations for metal-organic interfaces exist to date.*
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Machine learning-based interatomic potentials (MLIPs) offer
high computational efficiency whilst retaining the accuracy of
the underlying training data based on electronic structure
theory. Atomistic MLIP methods include Gaussian approxima-
tion potentials**** or neural network (NN) potentials (e.g
SchNet,***” PhysNet* or Behler-Parinello type NNs****), which
describe atoms in their chemical and structural environment
within a cutoff region. MLIPs have the potential to advance
structure searches,*** geometry optimizations,*>*® and molec-
ular dynamics (MD) simulations*>*~* of highly complex and
large-scale systems comprising many thousands of atoms.*
However, most established MLIP approaches learn short-range
interactions between atoms by introducing a radial cutoff
within which the atomic interactions are captured. This can
lead to challenges when attempting to capture long-range
electrostatic or dispersion interactions.*®

Recent attempts of accounting for long-range interactions in
MLIPs have explicitly treated them as separate additive contri-
butions to the potential,***~** such as the third and higher
generation NN potentials of Behler and co-workers,***® where
a charge-equilibration scheme was introduced. Earlier work by
Behler and co-workers®"** has also shown that the simulation of
liquid water can be facilitated with neural networks trained on
energies and atomic charges, where the latter was used to
correct for electrostatic interactions. This scheme was later
complemented with long-range dispersion interactions based
on the Grimme D3 correction method.’> Atomic charges were
further used in TensorMol-0.1 (ref. 53) to augment the total
energy with Coulomb and vdW corrections. A similar approach
was applied by Unke and Meuwly®® in PhysNet, where the total
energy was corrected with additive terms that include electro-
static corrections obtained from partial atomic charges and
a D3 dispersion correction term. Recently, this description was
extended in SpookyNet, where the total energy is corrected with
empirical terms for the nuclear repulsion based on an analytical
short-range term, a term for electrostatics and a term for
dispersion interactions.* The aforementioned approaches have
been demonstrated to accurately describe MD or spectroscopic
signatures,® small clusters on surfaces,>® water dimers® and
clusters,* crystals,®” and phase diagrams.*®

An accurate DFT-based description of hybrid organic-inor-
ganic interfaces is challenging. The Tkatchenko-Scheffler
family of methods have proven to provide robust and reliable
descriptions of structure and stability. It was recently shown
that these electron-density-dependent methods can also be
combined with semi-empirical methods such as DFTB* and
force fields,* which suggests that a similar approach could be
viable for structure prediction at hybrid organic-inorganic
interfaces.

In this work, we present a deep learning approach that
combines an NN-based MLIP with an established long-range
dispersion method from the TS family of methods to effi-
ciently predict structures and stabilities at metal-organic
interfaces for the purpose of high-throughput structural (pre)
screening and global energy landscape exploration. As shown in
Fig. 1, the short-range description is provided by a local MLIP,
whereas the long-range interaction is provided by one of the TS
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Fig. 1 Overview of the method developed in this work. Different
machine learning interatomic potentials (MLIPs) that allow for the
computation of Hirshfeld volume ratios can be combined with
different flavors of van der Waals (vdW) corrections, e.g. screened vdW
pairwise interactions'® and many-body dispersion (MBD).?* The so-
obtained MLIPs are interfaced with the Atomic Simulation Environ-
ment (ASE)®® and can be used for global structure searches, optimi-
zations, energy predictions or other types of simulations implemented
within ASE.

methods such as vdW**™. We couple the two approaches by
constructing an ML representation of Hirshfeld atoms-in-
molecules volumes.”* The atomic volumes are used to
rescale atomic polarizabilities that enter the long-range
description based on the local chemical environment of the
atoms provided by the DFT description of short-range interac-
tions. The method is applicable for the incorporation of addi-
tive a posteriori dispersion correction schemes, such as
vdW(TS), vdW*"™, and MBD methods that are implemented in
the Libmbd package® or the Grimme dispersion methods D3
and D4.%*%* However, the method in its current form cannot be
used for self-consistent vdW corrections such as the vdW-DF
family of methods.®® If training on data obtained from vdW-
DF methods is sought for, adaptions are needed to accurately
model long-range effects, e.g., as it is done in PhysNet*® or
SpookyNet.>*

We deliver an open-access implementation of our approach
by coupling the Atomic Simulation Environment (ASE)* with
the Libmbd package® and the DFT-D3 code.®® The trained
interatomic potentials are independent of the long-range vdwW
correction. Therefore a trained ML model can be combined with
different vdW corrections after model training. To further
increase the robustness of our approach, we implement query-
by-committee,*»*”** which establishes the model variance in
energy and force predictions. This allows us to define a dynamic
stopping criterion for when the prediction of the MLIP becomes
unreliable and structure optimizations have to be continued

© 2022 The Author(s). Published by the Royal Society of Chemistry
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with electronic structure theory. This is particularly useful in
the context of efficient pre-relaxation of structures to reduce the
computational cost associated with structure search. We show
the utility of our approach on two systems, namely a global
structure search for gold (Au) NCs adsorbed onto a diamond
(110) surface and the structural relaxation of large conjugated
organic molecules, namely 9,10-anthraquinone (A20), 1,4-ben-
zoquinone (B20), and 6,13-pentacenequinone (P20), summa-
rized as X20, adsorbed onto a silver (Ag) (111) surface that self-
assemble into a variety of surface phases.”’ The model for X20
on Ag(111) is trained on sparse data extracted from open data
repositories, which shows the utility of the model to facilitate
structure pre-relaxations. We further demonstrate that the ML
models trained on these data are transferable to different
aromatic organic molecules on the same surface that were not
contained in the training data set.

2. Methods

2.1 ML potentials coupled to long-range dispersion
corrections

The vdW(TS)," vdW**™* and MBD?*' methods are commonly
used as a posteriori corrections to DFT, although they also exist
as self-consistent variants.® Throughout this section, we refer to
vdW(TS) and vdW*™ as vdW as they only differ in their
parametrization. In the case of the vdW scheme, the dispersion
energy contribution is a pairwise potential:*°
AB
Eaw(R) = - (rea, A B) ™) o
AB AB

where R,p is the distance between two atoms, A and B, and fis
a damping function that limits the correction to distances
beyond a predefined cutoff r.,. The model depends on tabu-
lated free-atom reference parameters such as atomic polariz-
abilities that are used to calculate C2® coefficients and scaled
vdW radii that define r., in the damping function. The
Ce® coefficients explicitly depend on all coordinates of the
system R to account for the chemical environment of the atoms.
This is achieved by re-scaling the atomic polarizabilities and
vdW radii based on the Hirshfeld atoms-in-molecules parti-
tioning scheme.* The ratio between effective volume of an atom
in a molecule and a free atom is used as re-scaling factor:*-*

VA efe
Hy = ——. 2
A VA,free ( )

The many body dispersion (MBD) scheme is an extension of
the vdW method that accounts for long-range correlation
interactions beyond the pairwise limit. This is achieved by the
construction of a Hamiltonian of dipole-coupled quantum
harmonic oscillators located at the positions of the atoms and
parametrized to reflect the effective atomic polarizability of the
atom in the molecule.

In this work, we couple both the vdW and MBD long-range
dispersion schemes to an MLIP by creating an ML model of
the Hirshfeld-based scaling ratios (H,) for all atoms A in the
system. We note that the range-separation parameter in MBD

© 2022 The Author(s). Published by the Royal Society of Chemistry
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and damping coefficient used in vdW are the only parameters
specific to the employed exchange-correlation functional
approximation to which the dispersion correction is coupled. As
we train MLIPs to reproduce training data created with
a specific exchange-correlation functional, we can retain the
same parameters as used for the respective functional for vdW
corrections to the generated MLIP.

Throughout this work, we employ the ASE code which offers
calculator interfaces to various electronic structure packages.®
The ML models in this work are based on the continuous-filter
convolutional NN SchNet,**” which is a message-passing NN
that learns the representation of the atomic environments in
addition to its relation to the targeted output. ASE also provides
an interface to the deep learning toolbox SchNetPack to employ
NN-based MLIPs within ASE.*” We have implemented an ASE
calculator interface for the Libmbd code® and further imple-
mented an ASE calculator instance that combines a short-range
calculator (e.g. electronic structure package or MLIP based on
SchNetPack) with a Libmbd calculator instance. This interface
calculator passes Hirshfeld scaling ratios predicted by an ML
model into the Libmbd calculator to perform vdW- or MBD-
corrected SchNet calculations (denoted ‘ML+vdW’ and
‘ML+MBD’, respectively). All developed code is freely available
on GitHub.”®

2.2 Training data

2.2.1 Gold nanoclusters on diamond (Au@C). DFT calcu-
lations were performed using the all-electron numeric atomic
orbital code FHI-aims™ and the Perdew-Burke-Ernzerhof
(PBE)™ exchange-correlation functional. The numeric atomic
orbitals were represented using a ‘light’ basis set and dispersion
effects were accounted for via the MBD scheme.” The total
energy, sum of eigenvalues, charge density, and energy deriva-
tives convergence criteria were setto 1 x 10 %eV,1 x 10> eV, 1
x 107° e/ay, and 1 x 10~* eV A™?, respectively. For structure
relaxations, the maximum residual force component per atom
was set to 1 x 10 2 eV A™". Initial structures were constructed
using ASE® with Au NCs of various sizes adsorbed onto the
center of a diamond (110) surface, with all carbon (C) atoms
being fully frozen during optimizations. To lower computa-
tional costs and memory requirements, we created an aperiodic
cluster cut-out of a diamond surface that correspondstoa 7 x 7
supercell repeat of a 7-layered diamond (110) slab. An example
of an Au NC with n = 50 (n denotes the number of Au atoms) on
a diamond (110) surface can be seen in Fig. 2d.

As starting point for the training data set for A u@C models,
we used 62 geometry optimizations of Au NCs on diamond (5, 4,
8, 8, 9, 10, and 18 geometry relaxations were conducted on Au
clusters of size n = 15, 20, 30, 35, 40, 45 and 50 atoms,
respectively, on the aforementioned diamond (110) surface
model). The training data points were collated using every
relaxation step of the optimization runs, which therefore
included both optimized and not fully-optimized structures.
These computations led to an initial training data set
comprising 5368 data points, which we used to train four MLIPs
(trained on energy and forces). All MLIPs were trained using the

Digital Discovery, 2022, 1, 463-475 | 465
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Fig. 2 Prediction errors for gold nanoclusters (NCs) on diamond (110) surfaces (Au@C) on top and for X20 systems on Ag(111) (X20@Ag) in the
bottom. (a and e) Mean absolute errors (MAEs) for energies, (b and f) for forces (middle), and (c and g) Hirshfeld volume ratios, Hp, for Au@C and
X20@Ag, respectively. Bar plots for energies and forces are shown and summarized from four trained machine learning (ML) models. For forces,
the error with respect to each force component is shown, i.e., one data point thus contains as many components as thrice the number of atoms
(around 2100 values for Au@C and about 200-300 for X20@Ag systems) for the three orthogonal directions, which are [110], [001] and [110] for
Au@C, and [111], [121] and [101] for X20@Ag. For Hirshfeld volume ratios, one ML model is used, and the error is split into contributions from the
separate atom types. (d) Example of an Au NC with 50 atoms on a diamond (110) surface and (h) X20O systems in the gas phase that are described

in this study on Ag(111).

same data set, which was split randomly into training, valida-
tion, and test sets. All ML models trained on the initial training
data set are denoted as “MLiy;..”. MLIPs were used to predict
‘local’ energies and forces as well as Hirshfeld volume ratios to
correct for long-range interactions at the MBD level. For ener-
gies and forces, we trained a set of models to use the query-by-
committee approach discussed in subsection 2.4, which makes
energy predictions more robust by a factor of /g, where g is the
number of trained ML models. The training process of energies
and forces is explained in detail in section S1.1 in the ESI.{ The
models slightly differed in the weights of energies and forces
used in the combined loss function (see eqn (3) and discussion
in the next subsection). The model architecture and hyper-
parameter optimizations for the Hirshfeld model can be found
in the ESI in section S1.2.7

To extend the training data set, adaptive sampling® was
carried out, which was originally developed for molecular
dynamics simulations. Importantly, the predictions of the set of
ML models are compared at every time step. Whenever the
variance of the models exceeded a predefined threshold (with
the threshold often being set slightly higher than the root-
mean-squared error of the models on a test set™), the data
point was deemed untrustworthy and recomputed with the
reference method. This data point was then added to the
training set and the models were retrained. In this work, we
applied this concept to a global structure search using the
basin-hopping algorithm’7” as implemented in ASE®* rather
than MD simulations. After each geometry optimization during
the basin-hopping run, the variance of the model predictions
was computed and geometries with the largest model variances
for further DFT optimizations. These

were selected

466 | Digital Discovery, 2022, 1, 463-475

optimizations were then added to the training set. Stopping
criteria for ML optimizations are discussed in section 2.4.

In total, three adaptive sampling runs were carried out. The
first adaptive sampling run was carried out with the initial ML
models, “ML;,;..”. After data points were sampled and the data
set was extended, ML models were retrained. MLIPs after the
first adaptive sampling run (denoted as MLyqapc.1) Were trained
on 7700 data points for training and 800 data points for vali-
dation. Before adaptive sampling, ML models deviated by
several 10s of eV for cluster sizes that were not included in the
training set, leading to unphysical structure relaxations. After
adding additional data points, the average model variance
decreased to around 0.1 eV with maximum errors in the range of
1 eV, when the training regime was left. To further increase the
accuracy of the ML models a second adaptive sampling run
ML, apt.2 Was executed with ML,gape.1- A total of 9757 data points
were collected after the second adaptive sampling run. MLagapt.»
models were trained on 8500 data points for training and 800
data points for validation. After the final adaptive sampling run
(MLggapt.3), there were a total of 15 293 data points. 12 500 data
points were used for training and 1500 for validation. More
details on the adaptive sampling runs can be found in section
S1.1.%

2.2.2 Organic molecules on silver (X20@Ag). The training
data points for X20@Ag are taken from the NOMAD reposi-
tory’*”® and are based on ref. 9. X20 summarizes different
functional organic monomers, which are described as mono-
layers on Ag(111) surfaces (abbreviated as X20@Ag). As
mentioned above, the three different molecules tested were:
9,10-anthraquinone (A20), 1,4-benzoquinone (B20), and 6,13-
pentacenequinone (P20) as shown in Fig. 2h. The data set

© 2022 The Author(s). Published by the Royal Society of Chemistry
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consists of 8202 data points, where each data point comprises
a geometry and the corresponding energies, forces, and Hirsh-
feld volume ratios. In more detail, the data sets contain 353 data
points of the clean substrate in total (about 4% of the data),
1397 data points of P20 molecules, 2249 data points of A20
molecules, and 4156 data points of B20 molecules. The mole-
cules were either in the gas phase, arranged as two-dimensional
free-standing overlayers in various unit cells and arrangements
(5724 data points; about 70% of the data), or adsorbed onto an
8-layered Ag(111) surface slab (2125 data points; about 26% of
the data). Some supercells contained several different mole-
cules adsorbed onto the surface. The reference data points
possessed different unit cell sizes and the reference method for
the data was vdW*""-corrected DFT (DFT+vdW*"™) with the PBE
exchange-correlation functional, and a dipole correction also
being employed.” A ‘tight’ basis set was used for the top three
substrate layers while a ‘very light’ basis set was used for the five
lower lying layers.” The data points were taken from 208
geometry relaxations and 6773 single-point calculations. The
training data set was generated with FHI-aims in ref. 9, with the
total energy, forces, and charge density convergence criteria
being set to 1 x 107> eV, 1 x 107% eV, 1 x 1072 e/
a3, respectively.

For Au@C, four ML models were trained on energies and
forces (see section S1.11 for details) and one model on Hirshfeld
volume ratios, which was used in all geometry optimizations. As
mentioned earlier, adaptive sampling was not carried out for
this data set as we wanted to base our models purely on sparse
existing data derived from a small set of geometry optimizations
to showcase the usability of our model to speed up structure
relaxations.

In addition, both DFT and ML structure relaxations of 16
B20@Ag systems far away from the surface were conducted and
served as a test set. These structures are especially challenging
to relax as common optimization algorithms often fail for
systems that are far away from the optimized structure, even
with DFT and long-range interactions. One problem is that vdWw
forces decrease quickly with the distance of an adsorbate to the
surface, and quasi-Newton optimizers with simple Hessian
guesses can converge to a geometry that has hardly changed
compared to the initial structure. This problem can be over-
come by using an improved Hessian approximation for the
initialization of the optimization. In this work, we used the
Lindh Hessian”™*® to initialize structure relaxations for
DFT+vdWs"f and ML+vdW*" calculations. The same optimi-
zation criteria were used as in the reference calculations, but we
used the ASE calculator with our vdW implementation rather
than FHI-aims for consistency.

2.3 Machine Learning Interaction Potentials (MLIPs)

We generate vdW-free SchNet***” MLIPs and a SchNet-based
model for the Hirshfeld volume ratios. The local vdW-free
potential energy surfaces were obtained by subtracting the
vdW corrections from the total energies and forces obtained
with FHI-aims. The MLIPs are trained with vdW-free energies
(E) and forces (F). The forces are treated as derivatives of the

© 2022 The Author(s). Published by the Royal Society of Chemistry
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MLIP, Elaea, With respect to the atomic positions (R) and are
trained in addition to the energies using a combined loss
function (L,):

2

QC ML |2 o 9ENG
L, = tHElocal - Elocal” + (1 - t) Flocal - OR ’

N
where Eje = ; Ejcaa
The energies are obtained as the sum of atomic contributions
with N being the total number of atoms in a system. The trade-
off, ¢, is used to ensure a good balance between energies and
forces during training.

In contrast, the Hirshfeld volume ratios were fitted per atom
using another SchNet model that was adapted for this purpose.
The corresponding loss function, L

N
2
Ly = I1HRC = HYM (4)
A

contains all Hirshfeld volume ratios, allowing for all values to be
modeled in one atomistic ML model. The details on the model
training and the used parameters for model training can be
found in the ESI in section S1.2.F

As mentioned in the previous subsection 2.2.2 the X20@Ag
data was generated using two basis sets for Ag atoms depending
on their position. Different basis sets will result in different
energies and forces. Therefore, the data set was pre-processed
prior to training by representing all the Ag atoms that were
described using a ‘very light’ basis set with a different atom
label. This process allowed the MLIPs to be trained on data with
mixed basis sets.

2.4 Structure relaxations with MLIPs

For all structure relaxations, local MLIPs and ML Hirshfeld
volume ratios were used for additional vdW corrections, and the
screened atomic polarizabilities suggested for Ag by Ruiz et al.*®
were used to account for the correct dielectric screening of the
metal surface. Structure relaxations were carried out using the
Broyden-Fletcher-Goldfarb-Shanno (BFGS) algorithm, as
implemented in ASE,* which utilizes a maximum atomic force
criterion, fimax, to decide when the optimization should be
stopped. We adopted the decision as to when the optimization
should be stopped by further making use of the query-by-
committee concept and taking the variance of the ML model
predictions for energies into account.

The query-by-committee approach®”**® takes the mean of
the predictions of ¢ ML models for a given property, P:

1 .
PML — p ZPMLq . In all subsequent calculations, we followed
=1

the mean of the potential energy surface and corresponding
forces. While the accuracy and robustness of the predictions
can be improved by a factor of ,/g,** no improvement for the
predictive accuracy of other properties such as dipole moments,
could be achieved. We also found that the prediction of
Hirshfeld volume ratios was not improved by the query-by-

Digital Discovery, 2022, 1, 463-475 | 467
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committee approach, so only one ML model was used for
learning Hirshfeld volume ratios in the following. The reason
for this can be manifold and is likely due to the fact that the
accuracy of the Hirshfeld volume ratio models is already very
high as compared to the energy models, which is why query-by-
committee is unlikely to strongly improve the prediction accu-
racy of Hirshfeld volume ratios.

A further consequence of having more than one ML model
for energies is that this approach allows us to assess the reli-
ability of the ML predictions by computing the model variances,

1ITq > (P = P (5)

i=1

EML —

var

The assessment of the reliability of predictions is especially
important when ML models serve as pre-optimizers and cannot
reliably reach a low f;,.x value.

To find optimal stopping criteria of the optimization with
ML models, we explored a random grid of 1000 different stop-
ping criterion combinations for structure relaxations of the
Au@C test set using ML, and the X20@Ag test set (see
Fig. S2a and b,} respectively). The ability to perform 1000
geometry optimizations as a test further showcases the
computational efficiency of the approach. Test runs showed
that introducing an additional initial fi,a.nic. value as
a threshold, after which the ML model variance for energies,
Evy (eqn (5)) is monitored, is beneficial with respect to the
agreement of the final ML-optimized structure and DFT-
optimized structure. The fiaxinic. value was found to be rela-
tively robust and set to 0.15 eV A~* for the test studies shown in
this work, but it can be set to a different value by the user to take
into account the requirements of other ML models. We tested
different thresholds between 0.1-0.2 eV A™* for initial models
and found that the structures obtained were very similar and
differed by less than 0.05 A root-mean-squared deviation.

As soon as the fianic. Value was reached during an optimi-
zation, the number of consecutive steps that showed rising
energy variances was monitored. The number of consecutive
steps that showed rising energy variance was varied in a grid
search and we found three consecutive steps of increasing energy
variance to be a good criterion to stop the optimization algorithm
with final structures closest to the DFT reference minimum
(Fig. S1t) for a range of different fiaxnie. values. The energy
variance between different ML models will always fluctuate
around a small number, even in the case of reliable geometry
relaxations. Hence, the energy variance can become larger in
consecutive steps without necessarily indicating that the struc-
ture relaxation becomes unreliable. Three consecutive steps in
which the energy variance was rising was found to be small
enough to still ensure that the structure is not already too far
away from the last reliable structure. The results obtained when
using slightly different parameters (Fig. S1}) for structure opti-
mizations of nanoclusters on surfaces and molecules on surfaces
show that parameters are robust and relatively generally appli-
cable to ML models trained on other types of systems. To further
ensure that the optimization did not run out of the training
regime, we terminated the algorithm after fi,axinic. Was reached
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and after that, whenever the model energy variance reached
a high value that we set to 1 eV or when the f;,,, jumped to a value
that was larger than 2 eV A~*. Both events were observed when
model predictions ran into regions not supported by training
data. These additional parameters are only relevant for models
that are trained on a small training set and ensure that the
optimization is stopped before the training regime is left. At that
point, the remaining optimizations can be carried out with the
reference method. For MLagapt.3 models, an fiax value of 0.05 eV
A~ was able to be reached, hence the additional stopping criteria
were not required using these refined models.

3. Results

3.1 Model performance

Fig. 2 shows model prediction errors for the vdW-free MLIPs for
energies and forces and the Hirshfeld ratio ML models in
panels a, b, and c, respectively, for Au@C and panels e, f, and g,
respectively, for X20@Ag models. The mean absolute errors
(MAEs) and root-mean-squared errors (RMSEs) on the data
points of the hold-out test set shown in Fig. 2 for energies,
forces, and Hirshfeld volume ratios can be found in Table S17 in
the ESI.

The MAE of the four models ranges from 0.017 to 0.021 eV
for energies and 0.021-0.025 eV A~ for forces for X20@Ag. ML
models trained on Au@C have MAEs of 0.013 to 0.18 eV for
energies and 0.014 to 0.26 eV A™* for forces. As can be seen,
there are some outliers in the data set of Au@C with errors on
these data points shown in the insets of top panels a and b.
These data points are geometries with unfavorable structures
and energies far out of the region in which most data points lie.
These data points were included to ensure that the model was
able to rank structures correctly and predict energetically
unfavorable structures with high energies. For training on these
data points, the L, loss was adapted to a smooth version of the
L, loss, which is explained and defined in section S1.2.7

Besides data points representing unfavorable Au@C NCs
with large vdW-free energies and vdW-free forces that were
explicitly introduced into the training set, the ML models
predict vdW-free energies, vdW-free forces, and Hirshfeld
volume ratios accurately. The MAE for the Hirshfeld volume
ratios, a quantity that ranges between about 0.6 and 1.05, is
3.9 x 107" and 1.1 x 10~* for X20@Ag and Au@C, respectively.

In the following, we will assess the performance of the
proposed method by performing structure relaxations of
geometries of two additional hold-out test sets for X20@Ag and
Au@C. These hold-out test sets comprise full structure opti-
mizations and none of the geometry optimization steps during
the relaxations were included for training.

3.2 Global structure search: gold nanoclusters on diamond
(Au@C)

As NCs can exhibit many metastable geometries, we first assess
the performance of our model with respect to interatomic
distances and then evaluate the applicability of our approach to
energetically differentiate between different cluster geometries.

© 2022 The Author(s). Published by the Royal Society of Chemistry
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For the first task, we use a test set of Au@C models that contains
DFT+MBD optimizations of Au NCs on diamond (110) with
cluster sizes of n = 6, 15, 20, 25, 28, 30, 35, 40, 44, 45, 60, and 66.
On average, 95 optimization steps were required with
DFT+MBD for one geometry optimization. All initial starting
structures for geometry optimizations of NCs were created with
ASE, where the NCs were placed onto the center of a diamond
(110) surface. The same starting geometries as used in DFT
structure optimizations were taken for structure relaxations
with the final model obtained after the third adaptive sampling
run, denoted ML,gape3tMBD. The minima found with
ML,gapt.stMBD were assessed according to the radial atom
distributions of the Au NCs in Fig. 3a. Radial atom distributions
obtained from structures using the MLggapt.37MBD scheme are
similar to those from DFT+MBD. For the Au-Au radial atomic
distribution in panel a, distances at values smaller than around
2.6 A are removed by geometry optimization and the main
distance distribution at around 2.8 A aligns well with
DFT+MBD. Slight deviations can be found at 2.5 A for Au-C in
panel b, which can also be seen in the radial atom distributions
for the starting structures used for geometry optimizations
(denoted as “init.”). The peaks of the initial distribution are
shifted towards the DFT+MBD peaks upon optimization.
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Fig. 3 (a) Kernel density estimate for the radial atom distribution of

Au-Au and (b) Au—C bonds of Au@C systems for the optimized
structures with DFT that comprise the training set and were computed
with DFT+MBD (solid lines, denoted DFT+MBD). The starting struc-
tures for geometry optimizations are denoted using “init.” and shown
using dashed lines and the ML+MBD-optimized (ML,gapt3+MBD)
structures are shown in dotted lines. (c) Computational costs in kilo
central processing unit hours (kCPUh) of a single Au@C structure
relaxation performed with DFT+MBD (blue), and prerelaxations with
ML+MBD models followed by further optimization with DFT+MBD
(denoted ML+MBD//DFT+MBD). (d) Computational cost including
model training cost as a function of the number of performed
geometry relaxations. Computational costs were assessed by defining
an average time per geometry optimization that was based on the
initial training data.
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The benefit of using ML+MBD instead of DFT+MBD lies in
the reduction of computational effort associated with structure
relaxations. Fig. 3c and d show the computational costs of
structure relaxations with ML+MBD, DFT+MBD and a ML+MBD
pre-optimization followed by a DFT+MBD optimization (deno-
ted ‘ML+MBD//DFT+MBD’). Panel ¢ shows the cost of a single
structure relaxation in kilo-central processing unit hours
(kCPUh), recorded on dual AMD EPYC™ Zen2 7742 64-core
processors at 2.25 GHz. As can be seen, the computational cost
of ML+MBD optimization (black) is about 0.01% of the cost of
DFT+MBD. However, it can be argued that the structure relax-
ations solely conducted with ML+MBD might not be accurate
enough for a specific purpose and are not sufficiently close to
DFT+MBD. To this aim, we performed DFT+MBD optimizations
using the optimized structures obtained from the ML,
(yellow), MLadapt.1 (Pink), MLagape.» (red), and MLagapes (dark
red) models and summed up the computational expenses from
respective ML+MBD and additional DFT+MBD calculations. In
this approach, ML+MBD acts as a pre-optimization method. As
expected, the computational cost increases when combining
ML+MBD with DFT+MBD. However, the better the optimized
structure resulting from the ML model, the fewer DFT+MBD
optimization steps are required. This is why the combination of
refined adaptive models with DFT incurs less computational
cost for the same task than the initial model in combination
with DFT.

Fig. 3d plots the computational cost of performing one to
10 000 structure optimizations of the different models
including the cost of generating the training data set for the ML
model construction. The costs are extrapolated and are shown
relative to DFT+MBD (100%, dark blue). As can be seen from the
dotted black lines, using the final ML model, MLygapt.3tMBD
can greatly reduce the computational costs whilst still achieving
good accuracy (see panels a and b). Note that ML+MBD values
include the cost of training data generation and model training.
In case of large-scale screening studies, where many geometry
optimizations are required, it is clearly beneficial to use refined
and accurate ML+MBD models. In cases where high accuracy is
required, a subsequent re-optimization with DFT+MBD to reach
an frax of < 0.01 eV A~" may be necessary. In this scenario, we
find that the ML+MBD//DFT+MBD optimization sequence is
only computationally beneficial to standalone DFT+MBD opti-
mization if the number of required structural relaxations is
between 100 and 500. In Fig. 3d, MLinje. — MLgagape.; refers to
models trained on more and more data