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ABSTRACT
The energetically most favorable chemical ordering of bimetallic nanoparticles can be characterized by combining global optimization algo-
rithms and surrogate energy models. The latter approximate the energy of nanoalloys relying on structural descriptors, training models,
and data. Here, we systematically evaluate the performance of highly data-efficient topological descriptors [Kozlov et al., Chem. Sci. 6, 3868
(2015)] for predicting the energies of metal nanoalloys with different chemical orderings. We also introduce a new descriptor based on atomic
coordination types, which results in a less data-efficient and interpretable approach, but improves the general accuracy and the quantification
of orderings in the inner parts of nanoparticles. The capacity of both the original and new approaches in combination with a basin hopping
algorithm is illustrated by generating convex hulls of PdZn nanoalloys and predicting the resulting active surface site distribution as a function
of particle composition. Finally, we show how these approaches can be combined with machine-learning adsorption models in electrocatalysis
studies for a fast evaluation of the reactivity landscape of targeted nanoalloys.

© 2024 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons Attribution (CC BY) license
(https://creativecommons.org/licenses/by/4.0/). https://doi.org/10.1063/5.0214377

I. INTRODUCTION

Metal nanoparticles (NPs) attract significant attention due to
their tunable properties1,2 and multiple applications in fields such
as optics,3 magnetism,4 and catalysis.5 The properties of these NPs
depend on their size, shape, and composition.1–5 They can thus
also be modified by combining different metals. NPs formed of two
or more metals are referred to as nanoalloys. Their properties are
defined not only by their size, morphology,6 and composition, but
also by their chemical ordering,7 i.e., the particular arrangement of
atoms of the different metal elements within the NP lattice.

The structural complexity of nanoalloys makes it challenging
to construct representative structural models and reliably calculate
the resulting physical and chemical properties. Experimental infor-
mation regarding particle size and shape of the nanoalloy of interest
is often available, but the chemical ordering within such particles is
more elusive. Therefore, for nanoalloys exhibiting a known particle
shape, size, and crystalline structure, the challenge of deriving a rep-
resentative structural model is simplified to finding the most stable

arrangement of atoms of different metals in inequivalent positions
of the crystalline particle.

For an AmBn particle composed of m A and n B atoms, there
are (m + n)!/m!n! isomers differing only in the chemical ordering
(called homotops1). This amounts to ∼1058 possible chemical order-
ings (including symmetry-equivalent ones) for an A100B100 particle,
making a comprehensive exploration of the configurational space of
chemical orderings unfeasible. Fortunately, one is often interested
only in several energetically most stable chemical orderings. Such
structures can be identified by means of Global Optimization (GO)
methods1 that efficiently explore the search space, systematically
identifying the (ideally most) stable structures. Despite the improved
computational efficiency of GO algorithms with respect to com-
prehensive or randomized searches, these algorithms still require
carrying out energy evaluations of hundreds to millions of candi-
date structures, even for systems comprising a quite small number
of atoms. This precludes the use of costly ab initio calculations such
as those based on the Density Functional Theory (DFT) directly
in combination with GO algorithms. Therefore, one must rely on
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lower-accuracy approximations or surrogate energy models (SEMs).
The two main ingredients of a GO approach are thus the search algo-
rithm and the approximation used to calculate the energy of each
evaluated candidate structure.

Different GO algorithms exist to determine the structure
of metal particles, including Monte Carlo (MC) simulations,8–11

Basin Hopping (BH),12 or Genetic Algorithm (GA).13–15 In turn,
several energy models have been developed to approximate the
energy of nanoalloy structures with low computational costs. Many
studies10,16–19 have relied on empirical or semiempirical approxima-
tions, such as the Gupta20 and EMT21/EAM22 interatomic potentials.
More recently, machine-learning (ML) interatomic potentials have
also been developed and applied to nanoalloy characterization.23–26

Such ML potentials are usually parameterized to reproduce first-
principles data and rely on both a learning method (e.g., regressions
or neural networks) and the so-called descriptors.27–33 The latter
are alternative representations of the atomic coordinates suitable for
parameterizing and applying the resulting energy expression, which
is often referred to as the aforementioned SEM.

Other SEMs involve simpler descriptors that account for occur-
rences of certain bonds, atoms with given coordination numbers, or
clusters of atoms. Mpourmpakis and co-authors developed bond-
centric models34–36 using bond dissociation energies and bulk cohe-
sive energies to approximate the NP formation energies, which were
combined with a GA to find the global minimum of targeted alloys.
The coordination-based model proposed by Roling et al.37–39 relied
on a parameterization of the contributions to the nanoalloy for-
mation energies from atoms of the two elements with different
coordination numbers. The more complex (and accurate) Cluster
Expansion (CE)40–46 approaches have been applied to, for example,
O/PtRu,47 AuAg,46 or O/PtCu43 alloy modeling studies.

In this study, we focus on the topological (TOP) method48,49

introduced by one of us and considered a reliable and data-efficient
method to optimize the chemical ordering of bimetallic NPs.50–59

The original TOP formulation used a SEM based on so-called
topological descriptors accounting for occurrences of heterometal-
lic bonds and atoms with different coordination numbers. Here, we
conduct a comprehensive evaluation of the performance of the TOP
descriptors using workflows from ML approaches, focusing on the
learning curves, parameter interpretability, and accuracy for PtAu,
PtCu, and PdZn nanoalloys.60

By addressing the interpretability of the resulting parameters,
data-efficiency, and accuracy of the descriptors, we aim to advance
the understanding and predictive capabilities for these technologi-
cally significant nanoalloys with diverse chemical bonding. In addi-
tion, we introduce a new descriptor for nanoalloys based on atomic
coordination types (ACTs) and evaluate its performance, providing
a robust framework for future nanoalloy research.

The selection of these specific nanoalloys is motivated by their
distinct stable chemical orderings and their technological relevance,
particularly in catalysis. PtAu nanoalloys [Fig. 1(a)], which are sta-
ble in a core(Pt)–shell(Au) chemical ordering, have demonstrated
significant catalytic activity in methanol oxidation, hydrogena-
tion reactions, and the reduction of organic compounds, showing
improved results upon alloying.61–63 PtCu nanoalloys [Fig. 1(b)],
exhibiting a stable mixed chemical ordering, have shown enhanced
catalytic properties in ethanol oxidation, CO oxidation, and oxy-
gen reduction reactions.64–66 PdZn nanoalloys [Fig. 1(c)], belonging

FIG. 1. The most stable calculated chemical ordering of the (a) Pt101Au100
nanoparticle, depicted in gray (Pt) and yellow (Au), (b) Pt101Cu100 nanoparticle,
depicted in gray (Pt) and brown (Cu) and (c) Pd72Zn68 nanoparticle, depicted in
cyan (Pd) and silver (Zn).

to intermetallic systems with very strong Pd–Zn bonds and sta-
ble in a layered chemical ordering (L10), have shown an improved
performance in methanol oxidation reactions compared to pure
Pd catalysts.67 They possess properties similar to Cu nanoparti-
cles, making them attractive alternatives for methanol synthesis
and steam reforming,68 and are used for selective hydrogenation of
organic compounds.69

II. METHODS
A. Computational details of DFT and effective
medium theory calculations

In this work, we calculated the total energy of bimetallic NPs
using either Effective Medium Theory (EMT) potentials21 or DFT
methods. EMT calculations were carried out using the “as soon as
possible” calculator implemented in the Atomic Simulation Environ-
ment (ASE) Python library.70 EMT calculations are less reliable than
DFT calculations, but their much lower computational cost allows us
to generate databases with many structures and energies of bimetal-
lic NPs under study. We use these large databases to evaluate the
accuracy of surrogate energy models based on different descriptors.
We have also created databases with fewer structures of a touch-
stone PdZn system for which nanoparticle energies were calculated
by DFT. All such DFT calculations were performed with the peri-
odic plane wave code VASP.71,72 A Perdew–Burke–Ernzerhof (PBE)
exchange–correlation functional73 was employed, which is consid-
ered one of the most accurate semi-local functionals for properties
of transition metal bulk and surfaces.74–76 The projector augmented
wave (PAW) method was used to describe the interaction between
valence electrons and the fixed core electron densities.77,78 The
valence electrons were expanded with plane wave basis sets with a
kinetic energy cutoff of 415 eV. The Brillouin zone was sampled only
at the Γ-point. One-electron Kohn–Sham levels were smeared by
0.1 eV, and the converged total energies were finally extrapolated to
zero smearing. The electronic structure was self-consistently calcu-
lated until energy differences between consecutive steps were smaller
than 10−6 eV. The NP structures calculated using EMT and DFT
methods were relaxed until all forces acting on each atom became
less than 0.02 eV/Å. The 140-atom PdZn NPs were placed in periodi-
cally repeated cubic cells of 2.3× 2.3× 2.3 nm3, allowing a separation
>0.7 nm between them. At such distances, interaction of metal par-
ticles with their periodic images is negligible for the purpose of this
work.79,80
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B. Surrogate energy models for solving the chemical
ordering problem

Surrogate Energy Models (SEMs) are becoming increasingly
popular as a computationally efficient alternative to expensive
ab initio calculations for determining the energy of molecular or
condensed matter systems.81,82 These models rely on representations
of the system structure derived from atomic coordinates, known as
descriptors, and a function that maps the energy of the system to
these descriptors. To develop a parameterized function for the SEM,
a dataset of structures and their corresponding energies calculated at
the desired level of theory is required. As such, the SEM is defined by
the dataset of structures and energies, the descriptors used to repre-
sent the structures, and the function or model used for mapping the
relationship between the descriptor and the energy.

C. Descriptors for alloy nanoparticles
To be used effectively in SEMs, descriptors should ideally be

unique and invariant to system rotation, translation, and permu-
tation of equivalent atoms. Descriptors should also be computa-
tionally efficiently calculated and easy to store. They replace the
3N-dimensional coordinates of a given N-atomic system with a fea-
ture vector of dimension equal to the number of features or model
parameters used. Descriptors are commonly categorized as either
local or global. Local descriptors are divided into contributions from
each atom in the system, resulting in a high-dimensional descriptor
vector that encodes the surrounding of each atom independently.
This approach allows learning both global properties, such as the
energy of the system as the sum of atomic contributions, and local
properties, such as atomic forces and charges. Meanwhile, global
descriptors encode information for all atoms in the system as a
whole, leading to lower-dimensional descriptor vectors, but lim-
ited to global properties. Global descriptors are particularly useful
for SEMs for the chemical ordering problem in alloys, where the
objective is to accurately approximate the energy of the whole sys-
tem rather than of particular atoms of the system. Examples of
global descriptors include the above-mentioned bond-centric34–36 or
coordination-based models,37–39 cluster expansion approaches,40–46

and also the TOP and ACT descriptors discussed in this work. We
note that, in this work, we focus on nanoalloys exhibiting fcc-type
packing, but the underlying principles of the TOP and ACT energy
models can be extended to other packing motifs such as hcp, bcc, and
even amorphous structures (as long as first neighbors can be reliably
defined).

D. Topological descriptors
The topological (TOP) descriptors49 are used to depict the

chemical ordering of two distinct metal elements in a bimetallic
NP with given atomic lattice positions. The descriptors encom-
pass global characteristics, including the amounts of homo- and
heterometallic bonds and of atoms of each element in positions
with differing coordination.28 The original formulation of the TOP
descriptors represented bimetallic NPs comprising A and B atoms as

NTOP = [NAB, NA,CORNER, NA,EDGE, NA,TERRACE], (1)

where NAB is the number of heterometallic bonds and
NA,CORNER, NA,EDGE, and NA,TERRACE are the numbers of atoms of

FIG. 2. Truncated octahedral fcc-type NP of 201 atoms color-coded according to
their coordination numbers. The related NTOP descriptor for different atomic order-
ings of A and B metals in this particle is obtained by counting the number of AA
and AB bonds and the number of atoms of metal A with coordination numbers 12
(blue), 9 (yellow), 8 (orange), 7 (violet), and 6 (green), i.e., those occupying bulk,
[111] facets, [100] facets, edge, and corner positions, respectively.

one of the two elements (A) that occupy the corresponding posi-
tions in the fcc-type NP with coordination numbers of 6 for corner,
7 for edge, and 8 or 9 for terrace, respectively (Fig. 2). The SEM
used in the TOP approach assumes a linear relationship between the
energy of the system and each of the TOP descriptors. Therefore,
the parameters of the linear function can be obtained through linear
regression (see Sec. II F).

We note that NTOP in Eq. (1) does not include all topo-
logical descriptors—a complete list would also include NBB, NAA,
NA,BULK, NB,CORNER, NB,EDGE, NB,TERRACE, and NB,BULK. The NB,TERRACE

descriptors can be further separated into contributions from
inequivalent particle facets (e.g., Ni,111 and Ni,100 representing terrace
atoms with coordination numbers 8 and 9, respectively). How-
ever, most of the descriptors originally excluded from TOP are
linearly correlated with the included ones and their inclusion would
be superfluous. In turn, the inclusion of the non-linearly corre-
lated descriptors such as NBB or NAA can improve the accuracy as
shown below but often makes the resulting energy expression harder
to interpret. Note that the descriptors used in bond-centric,34–36

or coordination-based37–39 models are subsets of the topological
descriptors.

The main advantages of TOP descriptors are their simplicity,
surface sensitivity (important, e.g., for catalytic applications), and
low dimensionality, requiring only a small number of data points
(i.e., training examples) to obtain well-converged parameters when
training the SEM and generally representing well ordering of the NP
surface. As a result, TOP descriptors can provide accurate enough
energy approximations for optimizing the chemical ordering of var-
ious bimetallic nanoalloys with high data-efficiency (i.e., requiring a
small number of first-principles calculations). For example, the pre-
dicted accuracy of the TOP descriptor for Pt201-xAux and Pt201-xCux
NPs is 0.96 and 2.47, meV/atom, respectively, requiring only 61
and 141 structures to converge the SEM parameters. However, there
are inherent limitations for such a simple approach, in particular,
a notable non-uniqueness of the TOP descriptors. That is, inequiv-
alent chemical orderings can have the same NAB, NA,CORNER, NA,EDGE,
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and NA,TERRACE values that define the so-called topology. This some-
times leads to a quite broad spread of relative energies among homo-
tops with the same topology, which becomes increasingly important
for larger NPs with many bulk-like (inner) atoms. Chemical order-
ing differences in such bulk regions are only accounted for by the
number of homo- and heterometallic bonds, which are not capable
of differentiating complex patterns, e.g., layered bulk structures. In
addition, the TOP and related bond-centric models treat all bonds of
the same type as equivalent, neglecting the ligand-like effects where
the energy of an AB bond is affected by the bonds that the A and B
atoms form to their other nearest-neighboring atoms.

Although the TOP descriptors have been used extensively for
optimizing the chemical ordering of bimetallic nanoalloys, a thor-
ough evaluation of their accuracy and transferability using estab-
lished ML workflows (such as cross-validation and learning curves)
is still lacking and we address it in this work.

E. A new descriptor based on atomic coordination
types (ACTs)

We propose a new approach to represent nanoalloy structures,
which aims to overcome some of the limitations of the TOP descrip-
tors. Our approach is based on a classification of every atom of a
nanoalloy into different atom-types, defined according to the coor-
dination environment of the atom, and called hereafter as Atomic
Coordination Types (ACTs). Each atom-type is characterized by
the element identity and the number of homo- and heterometal-
lic bonds it forms with the nearest-neighbor atoms, as illustrated
in Fig. 3. The ACT descriptor then quantifies the number of occur-
rences of each atom-type in the system. Unlike the TOP descriptors,
this approach accounts for the inequivalence between atoms with the
same coordination numbers but different compositions of neighbor
atoms, leading to a better differentiation of inequivalent chemical
orderings in both surface- and bulk-like (inner) regions of nanoal-
loys. The ACT descriptor also takes into account ligand effects
on bond contributions, partially accounting for the inequivalence
between homometallic bonds or different heterometallic bonds. The
complete ACT feature vector (i.e., the descriptor vector) is thus

FIG. 3. Some atom-types and their s, nAA, nAB labels as defined in the ACT descrip-
tor approach. The atom identity (s) has values between 0 and M–1, where M is
the number of elements in the nanoparticle (2 for bimetallic alloys). The number of
homometallic (nAA) and heterometallic (nAB) bonds the atom forms can take values
from 0 to 12. The ACT descriptor is a vector with dimension equal to the number
of atom types, in which the value of each element is the number of occurrences of
the corresponding atom type.

NACT = [N0,0,0, N0,0,1, N0,1,0, N0,0,2, N0,1,1,
N0,2,0, . . . , Ns,nAA ,nAB , . . . , N1,12,0], (2)

where every atom-type Ns,nAA ,nAB is defined by the element type,
s, of the central atom (having values of 0 for metal A and 1 for
metal B) and the number of homometallic (nAA) and heterometal-
lic (nAB) bonds to atoms within the first coordination shell. Each
atom-type contains the coordination number cn of the central atom,
cn = nAA + nAB. The dimension of the complete NACT descriptor
is 182 for atom types with coordination numbers ranging from 0
(unbound single atoms) to 12 (fully coordinated atoms). However,
the descriptor vector dimension is significantly reduced by consid-
ering only the atom types relevant to the targeted NP structure. For
example, for the truncated octahedral fcc-type NP shown in Fig. 2,
NACT includes only terms corresponding to the cn 6, 7, 8, 9, and
12, resulting in a reduced dimension of 94. For the NPs depicted
in Fig. 1, NACT would be

NACT = [N0,0,6, N0,1,5, . . . , N0,0,6, . . . , N0,7,0, . . . , N0,0,7, . . . ,
×N0,8,0, . . . , N0,0,8, . . . , N0,9,0, . . . , N0,0,9, N0,12,0, . . . . . . ,
×N0,0,12, N1,0,6, N1,1,5, N1,0,6, . . . , N1,7,0, . . . , N1,0,7, . . . ,
× N1,8,0, . . . , N1,0,8, . . . , N1,9,0, . . . , N1,0,9, N1,12,0, . . . , N1,0,12].

(3)

Although being significantly higher dimensional than the TOP
descriptors, NACT is simpler than other popular global descriptors
such as the Coulomb matrix83 or many-body tensor representa-
tions.84 The ACT descriptors are also more unique than the TOP
ones. Namely, a multitude of homotops with different chemical
orderings, but corresponding to the same TOP descriptors, is in gen-
eral split in the ACT method into several groups, each corresponding
to a distinct ACT descriptor. Similar to TOP models, the ACT mod-
els assume a linear dependence between the system’s energy and
each descriptor.

F. Linear regression models
The energy ETOP

i of a NP structure i with the corresponding
TOP feature vector NTOP

i is obtained as

ETOP
i = εTOPNTOP

i , (4)

where εTOP is the fitted parameter vector of the model. The ACT
energy EACT

i is analogously

EACT
i = εACTNACT

i . (5)

These parameter vectors εTOP and εACT are determined through
regression analysis based on a set of training examples, which con-
sist of bimetallic NP structures and their calculated energies (see
Sec. II G). We use linear ridge regression as implemented in the
scikit-learn Python package,85 which introduces a regularization
term in the normal equation for handling collinearities in the ACT
and TOP descriptor spaces.

Note that only 88 of the 94 NACT descriptors in Eq. (3) are lin-
early independent for the 201-atom particle shown in Fig. 2. It is
therefore necessary to add a regularization term to the linear regres-
sion, which allows both dealing with such linear dependencies in the
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descriptor space and carrying out the regression with fewer than 88
data points (i.e., carrying out an underdetermined linear regression).

G. Constructing reference datasets
Training (or parameterizing) a surrogate energy model requires

a reference dataset of NPs with various chemical orderings, con-
taining their descriptors and calculated energies. In this work, we
constructed datasets differing in the level of theory used to calcu-
late the reference energy (DFT or EMT) for varying metals forming
the nanoalloy. Namely, we constructed four reference datasets for
Pt201-xAux and Pt201-xCux NPs—two of them with the fixed sto-
ichiometry (Pt101Au100 and Pt101Cu100) and the other two with
variable stoichiometry 0 ≤ x ≤ 201. Each of these datasets contains
1000 locally relaxed NP structures using the EMT potential. An
additional reference dataset of 600 locally relaxed structures of the
Pd140-xZnx NPs (1 ≤ x ≤ 139) was constructed using DFT.

To ensure structural diversity in our datasets, we first cre-
ated much larger datasets of NP structures (without calculating
their energy) and subsequently selected maximally differing points.
Namely, these larger databases contain 8.5 × 106 and 2.5 × 106

structures for the 201-atom and 140-atom NPs, respectively. These
large datasets were created by selecting snapshots of different runs
of chemical ordering optimizations using a Monte Carlo algorithm
with different combinations of arbitrary parameters. To identify a
subset of maximally different structures for each system, we then
used the Maximum Distance Sampling (MDS) algorithm,85 sequen-
tially identifying each new structure to be added to the subset, which
has the largest Euclidean distance (in the space of ACT descriptors)
to all structures already included in the subset.

H. Global optimization algorithms
In Sec. III, we demonstrate that surrogate energy models can

achieve accuracy levels comparable to those of the theory used to
construct the dataset, while requiring a much smaller computa-
tional cost. This makes these models particularly suited for their
use in global optimization methods that algorithmically evaluate
millions of candidate structures to find the lowest-energy one. In
this study, we employed a recently developed Basin Hopping (BH)
method combined with the optimal exchange algorithm86 to opti-
mize the chemical ordering of bimetallic NPs. This algorithm relies
on approximations to the stability of each atom of the system to carry
out deterministic local relaxations in the space of chemical ordering.
Such local relaxations are thus carried out by selecting permutations
between two atoms of different elements with the largest possible
energy gains. After convergence of the optimal exchange relaxation
to a basin in the space of chemical ordering, a number of pertur-
bative permutations are carried out randomly to escape from the
basin. This optimal exchange BH approach requires energy eval-
uation for an order of magnitude fewer candidate structures than
Markov chain Monte Carlo and genetic algorithms.

The permutation between two atoms leading to maximal
energy gain can be identified by calculating the local energy of every
atom in the NP.86 Within the surrogate energy model using the TOP
or ACT descriptors, the local energy Fs(nAA, nAB) of an atom with
element index s can be approximated by the number of homometal-
lic (nAA) and heterometallic (nAB) bonds it forms with neighboring
atoms. For an exemplary TOP descriptor,

Fs(nAA, nAB) = εcoor
nAA+nAB + nAAεAA + nABεAB, (6)

where εcoor
nAA+nAB , εAA, and εAB are the linear coefficients obtained from

fitting Eq. (4) for Ncoor
nAA+nAB , NAA, and NAB, respectively. For the ACT

descriptor, Fs,nAA ,nAB is instead equal to the coefficient εs,nAA ,nAB for the
corresponding s, nAA, nAB atom type,

Fs(nAA, nAB) = εs,nAA ,nAB. (7)

To determine the most favorable targets for atom permutations,
we calculate the flip energy Eflip

i for every atom of the NP as the dif-
ference in environment energies of the two elements in the same
atomic environment,

Eflip
i (sA, sB) = F1(nAA, nAB) − F0(nAA, nAB). (8)

When using the ACT descriptor, an extra∑N
j Δε j

s,nAA ,nAB term is added
to Eq. (8) accounting for the change in the environment of every
neighbor atom j. Equation (8) therefore represents the surrogate
energy change associated with swapping the identity of the atom in
the NP.

The optimal exchanges of atoms can be used to carry out deter-
ministic relaxations in the chemical ordering space, converging to
a local or global minimum, i.e., an ordering for which any per-
mutation results in an energy increase. These local relaxations are
alternated in a BH algorithm with perturbation phases consisting of
several random permutations, which allow us to escape local min-
ima. Both the number of relaxation–perturbation cycles and the
number of random permutations per perturbation are tunable para-
meters in a BH algorithm. In the current work, we carry out up
to 1000 relaxation–perturbation cycles, where in each perturbation
cycle, seven random permutations are executed.

III. RESULTS AND DISCUSSION
In this work, we have evaluated the performance of surrogate

energy models that quantify the energies of bimetallic NP structures
with different chemical orderings. We first describe the performance
of several TOP SEMs (Sec. III A) and analyze the corresponding εTOP

coefficients, focusing on their interpretability. Section III B deals
with the accuracy, data-efficiency, and transferability of TOP and
ACT SEMs. Section III C illustrates the performance of these energy
models for globally optimizing PtCu, PtAu, and PdZn nanoalloys of
either fixed or variable stoichiometry.

A. Performance of TOP surrogate energy models
We begin by evaluating the performance of SEMs using differ-

ent numbers and types of topological descriptors for quantifying the
energy of bimetallic NPs. In particular, we compare the TOP SEMs:
(a) accounting only for the number of heterometallic bonds NAB; (b)
accounting only for the number of homo- and heterometallic bonds
(NAA and NAB); (c) a coordination-based model accounting only
for the number of occurrences of element A in different positions
(NA,6, NA,7, NA,8, NA,9); (d) the TOP SEM as originally formulated
by Kozlov et al.,49 which accounts for the number of heterometallic
bonds and the number of atoms of one of the two elements in sur-
face positions with different coordination numbers (NAB, NA,6, NA,7,
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NA,8, and NA,9); (e) a model including the largest possible number of
linearly independent descriptors (NAA, NAB, NA,6, NA,7, NA,8, and
NA,9); and (f) a model including all topological descriptors, despite
some being linearly correlated (NAA, NAB, NBB, NA,6, NA,7, NA,8,
NA,9, NA,12, NB,6, NB,7, NB,8, NB,9, and NB,12). We evaluate the per-
formance of these SEMs for describing the energies within one set
of single stoichiometry Pt100Au101 homotops and one set of variable
stoichiometry Pt201-xAux (x = 1–200) homotops.

1. Stoichiometry Pt100Au101
The TOP models mentioned above were trained and evaluated

on a single-stoichiometry dataset of 1000 homotops of Pt100Au101
NPs featuring the fcc crystal structure. The atomic positions in these
homotops were relaxed at the EMT level of theory, so the energies
used for training correspond to those of the local minima of the
potential energy surface. The 1000 structures were retrieved from
our database using the MDS algorithm (see Sec. II G). Since the
TOP-SEMs converge with a small number of training structures, we
used up to 100 homotops for training and the remaining 900 homo-
tops for testing. The resulting learning curves in Fig. 4 show the
evolution of the distribution of Mean Absolute Error (MAE) over
100 cross-validation splits. The solid lines correspond to the median
MAE, and the shaded areas indicate the first and third quartiles of
the error distribution.

The median MAE for the simplest model accounting just for
the number of heterometallic bonds is quite large [8.0 meV/atom,
Fig. 4(a)], but reasonably good for a one-dimensional descriptor.
This indicates that accounting for the degree of metal mixing (more
AB bonds correspond to more mixed structures) is a good first
descriptor of homotop stability. Indeed, data on the miscibility of

metals, closely related to the preference of forming heterometallic
bonds between atoms of these metals, are widely used in the practical
assessment of the ordering patterns of metal alloy particles.1 Adding
NAA to produce a bond-centered model significantly reduces the
MAE values to 1.0 meV/atom [Fig. 4(b)], which is smaller than half
of that obtained for the coordination-based model [2.3 meV/atom,
Fig. 4(c)]. This indicates that the nature of the bonds that each
atom forms carries more information than the coordination num-
ber of the atom. This is unsurprising, given that one can infer the
coordination number of an atom by the number of homometallic
and heterometallic bonds it forms, but not the other way around.
Combining the bond-centered and coordination-centered descrip-
tors (giving rise to, among others, the originally formulated TOP
descriptor vector) yields even lower errors, with MAE values of
0.6 meV/atom [see Figs. 4(d)–4(f)]. We note that the TOP model
as formulated in Ref. 49 is only missing the NAA variable (or NBB,
which is an equivalent addition due to the fixed by the NP morphol-
ogy number of all bonds) to contain a maximal number of linearly
independent TOP descriptors (for a fixed stoichiometry). Adding of
the NAA term, however, only leads to a marginal improvement in the
errors for the Pt100Au101 dataset [Fig. 4(e)]. Adding further descrip-
tors that are linearly dependent expectedly does not change the MAE
values at all [Fig. 4(f)].

The data efficiency, understood as the number of training
points required to reach the convergence of the SEM parameters,
also depends on the set of descriptors chosen. Here, we consider a
model converged when increasing the number of training examples
results in an improvement of less than 0.05 meV in the median MAE.
The coordination-based model converges at ∼60 training examples,
whereas bond-centered and combined models do so with fewer than

FIG. 4. Learning curves (top row) and regression coefficients (bottom row) obtained with models using different sets of topological descriptors to represent a single-
stoichiometry Pt100Au101 NP homotops: (a) a bond-centric model accounting only for the number of heterometallic bonds (NAuPt); (b) a bond-centric model accounting
for the number of both heterometallic (NAuPt) and homometallic (NAuAu) bonds; (c) a model based on coordination numbers (CNs) accounting only for the number of occur-
rences of one of the two elements in positions with different CNs (NAu,6, NAu,7, NAu,8, NAu,9); (d) the TOP model as originally formulated49 accounting for the number of
heterometallic bonds and coordination numbers of surface atoms (NAuPt, NAu,6, NAu,7, NAu,8, NAu,9); (e) a model including the maximum number of possible linearly indepen-
dent descriptors (NAuAu, NAuPt, NAu,6, NAu,7, NAu,8, NAu,9), i.e., adding NAuAu to model (d); and (f) a model including all descriptors, despite some being linearly dependent
(NAuAu, NAuPt, NPtPt, NAu,12, NAu,9, NAu,8, NAu,7, NAu,6, NPt,12, NPt,9, NPt,8, NPt,7, NPt,6). The blue and red lines in the learning curves correspond to the median testing and
training errors, respectively, resulting from 100 cross-validation splits. The shaded areas indicate the error distribution within the first and third quartiles. A version of these
plots in logarithmic scale is shown in Fig. S2.

J. Chem. Phys. 161, 134114 (2024); doi: 10.1063/5.0214377 161, 134114-6

© Author(s) 2024

 15 July 2025 15:00:02

https://pubs.aip.org/aip/jcp


The Journal
of Chemical Physics ARTICLE pubs.aip.org/aip/jcp

25 training examples. This is a particular advantage of TOP-SEMs,
which achieve accuracies of ∼0.5 meV/atom while training with just
24 structures.

We next focus on the values of the coefficients εTOP resulting
from the linear regression. In previous studies,50–59 such coefficient
values have been analyzed to evaluate the preference of a particu-
lar nanoalloy to form homometallic or heterometallic bonds, or to
expose atoms of one element in positions with a given coordination
number. For example, a negative εAB value often correlates with a
preference to form heterometallic bonds compared to homometallic
ones, whereas a negative value of εcoor

A,CN often points to preference of
element A to occupy the CN-coordinated position with respect to
element B doing so, provided that all other descriptors remain the
same. Such an approximate decomposition of the interaction energy
has been satisfactorily carried out with the TOP model for different
nanoalloy systems (as originally formulated with only εAB and εcoor

A,CN
coefficients).50–59

For the Pt101Au100 nanoalloy, the original TOP model [consid-
ering NAuPt, NAu,6, NAu,7, NAu,8, and NAu,9, see Fig. 4(d)] leads to
positive εAuPt and to negative εcoor

Au,6, εcoor
Au,7, εcoor

Au,8, and εcoor
Au,9, with the

coordination terms decreasing in magnitude with increasing CN.87

The positive εAuPt coefficient is consistent with the preference in
such particles to separate the Au and Pt atoms into shell and core
regions, respectively, which exhibit fewer heterometallic bonds than
well-mixed homotops. The preferred Pt-core, Au-shell arrangement
is also consistent with the negative εcoor

Au,6, εcoor
Au,7, εcoor

Au,8, and εcoor
Au,9 coeffi-

cients, which indicate that placing a Pt atom in one of these positions
increases the energy. In addition, the variation of the coordination
coefficients indicates that Au preferably occupies lower-coordinated
sites, in line with observed global minima orderings found for PtAu
nanoalloys.

This seemingly robust interpretability of the regression coeffi-
cients for the Pt101Au100 nanoalloy is less straightforward for more
complex models (as shown below) or for nanoalloys with more
complex bulk orderings. Both the magnitude and sign of the εTOP

terms are in fact dependent on which descriptors are included in
the model. In particular, the order in magnitude of the εcoor

Au,CN coef-
ficients of the coordination-based model is preserved when adding
NAuPt, but the further addition of the NAuAu descriptor to the model
inverts the order from εcoor

Au,6 to εcoor
Au,9, even resulting in a positive

εcoor
Au,6. In turn, the coefficients εAuPt and εAuAu seem to preserve their

sign and relative magnitudes across all models where both NAuPt
and NAuAu are included. Does that mean that the two models (with
and without NAuAu) exhibit a different preference for Au to occupy
6-coordinated positions? Both the similar accuracy and the mini-
mum energy homotops obtained during global optimization using
the two models indicate otherwise. The change in εTOP values there-
fore reflects that increasing the complexity of a model by increasing
the number of interrelated parameters in general makes the model
coefficients harder or sometimes just impossible to interpret. This is
then related to the fact that the number of bonds and coordination
number are not completely independent from one another (albeit
not explicitly linearly correlated). This is more clearly illustrated by
the massive effect on the coefficients of adding linearly correlated
descriptors, even when using regularization [see Fig. 4(f)], despite
not altering the accuracy of the model.

2. Variable stoichiometry Pt201-xAux (x = 1–200)
The same six TOP-SEMs were trained and evaluated on a

multiple-stoichiometry dataset of 1000 homotops of Pt201-xAux NPs,
created using the same strategy as the single-stoichiometry one.
However, to account for changes in composition, the number of Au

FIG. 5. Learning curves (top row) and regression coefficients (bottom row) obtained with models using different sets of topological descriptors to represent variable stoi-
chiometry Pt201-xAux NP homotops (x = 1–200): (a) A bond-centric model accounting for the number of heterometallic bonds and the number of Au atoms (NAuPt, NAu); (b)
a bond-centric model accounting for the number of homo- and heterometallic bonds and the number of Au atoms (NAuAu, NAuPt, NAu); (c) a model based on coordination
numbers (CNs) accounting only for the number of occurrences of one of the two elements in positions with different CNs (NAu,6, NAu,7, NAu,8, NAu,9, NAu,12); (d) the TOP model
as originally formulated49 accounting for the number of heterometallic bonds and the number of occurrences of one of the two elements in surface and bulk positions with
different coordination numbers (NAuPt, NAu,6, NAu,7, NAu,8, NAu,9, NAu,12); (e) a model including all linearly independent descriptors (NAuAu, NAuPt, NAu,6, NAu,7, NAu,8, NAu,9,
NAu,12); and (f) a model including all descriptors, despite some being linearly correlated (NAuAu, NAuPt, NPtPt, NAu,12, NAu,9, NAu,8, NAu,7, NAu,6, NPt,12, NPt,9, NPt,8, NPt,7, NPt,6).
The blue and red lines in the learning curves correspond to the median testing and training errors, respectively, resulting from 100 cross-validation splits. The shaded areas
indicate the error distribution within the first and third quartiles. A version of these plots in logarithmic scale is shown in Fig. S3.
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atoms (NAu) was added as a descriptor to the bond-centric models
[Figs. 5(a) and 5(b)] and the number of 12-coordinated Au atoms
(NAu,12) was added to the coordination-based model [Fig. 5(c)] and
to the original TOP formulation [Fig. 5(d)].

The errors for each of the converged models are larger than for
the single-stoichiometry set, with median MAE values of 10.1, 1.4,
and 5.8 meV/atom for the heterometallic bond-centric (NAuPt, NAu),
bond-centric (NAuAu, NAuPt, NAu), and coordination-based (NAu,6,
NAu,7, NAu,8, NAu,9, NAu,12) models, respectively, and 1.0 meV/atom
for the original TOP model with added NAu,12 (NAuPt, NAu,6,
NAu,7, NAu,8, NAu,9, NAu,12), the model with all linearly independent
descriptors (NAuAu, NAuPt, NAu,6, NAu,7, NAu,8, NAu,9, NAu,12), and the
model with all descriptors (NAuAu, NAuPt, NPtPt, NAu,12, NAu,9, NAu,8,
NAu,7, NAu,6, NPt,12, NPt,9, NPt,8, NPt,7, NPt,6). The errors for the best
models are therefore approximately twice as large when predicting
the relative stability of homotops in the variable-stoichiometry set
than in the single-stoichiometry case.

The regression coefficients are, in turn, also generally inter-
pretable, with positive εAuPt and εcoor

Au,CN values that decrease in
magnitude with increasing CN. In addition, εcoor

Au,12 is positive for
almost all models, reflecting the strong preference of Pt to occupy
12-coordinated positions. We note that for the model including all
descriptors, εcoor

Pt,CN coefficients follow an opposite trend to εcoor
Au,CN

ones, with εcoor
Au,CN ≡ −εcoor

Pt,CN , consistent with the higher energy costs
of placing Pt in less coordinated positions. The interpretation of
εcoor

Au,CN coefficients seems therefore more robust for the variable
stoichiometry set than for the single-stoichiometry one.

B. Accuracy and data-efficiency of TOP-SEM
vs ACT-SEM

After establishing the accuracy of different TOP models and
analyzing the resulting coefficients, we compare the best perform-
ing TOP model against the ACT model described in Sec. II E.
Each model is tested on three different nanoalloy systems exhibiting
different most-stable orderings, i.e., PtAu (core–shell), PtCu (well-
mixed), and PdZn (layered). We evaluate the performance in terms
of the accuracy of the energy predictions (MAE), the data-efficiency
(number of required training examples), and the transferability
(across varying stoichiometries). We also compare the energy of

their predicted global-minimum structure, as well as the number
of global optimization steps required to reach such minimum (the
cumulative success rate of the GO algorithm).

1. Pt101Au100 and Pt101Cu100 nanoparticles
The learning curves obtained when training and testing with

Pt101Au100 and Pt101Cu100 NPs are shown in Figs. 6(a) and 6(c). The
models are evaluated using 100 cross-validation splits, dividing the
dataset into 500 training homotops plus 500 testing homotops. The
MAE of the converged models reveals that (i) errors are larger for
Pt101Cu100 than for Pt101Au100, (ii) ACT models are more accurate
than TOP models, and (iii) TOP models are more data-efficient (i.e.,
they converge with fewer training examples). In particular, the MAE
for Pt101Au100 and Pt101Cu100 is 0.5 and 1.6 meV/atom, respectively,
with the TOP model, and 0.2 and 0.5 meV/atom, respectively, with
the ACT model. The ACT model is therefore approximately three
times more accurate than the TOP model, but this comes at the cost
of requiring significantly more training examples to parameterize.
TOP models for Pt101Au100 and Pt101Cu100 nanoalloys are converged
after 31 and 141 training examples, respectively, while ACT mod-
els required 201 and 301 training examples, respectively. A model is
considered converged when adding a new training example does not
improve the test-set MAE by > 0.01 meV/atom.

The higher accuracy and data requirements of the ACT model
are due to higher dimensions of ACT descriptors compared to TOP
ones. The six coefficients of the εTOP vector can be parameterized
with a small number of training structures, but this limited dimen-
sion does not allow us to further learn from larger training sets.
Instead, reliably parameterizing the 94 coefficients of the εACE vector
by linear regression would require at least 94 training examples with
linearly independent NACT descriptors. We recall that only 88 of the
94 descriptors in NACT are linearly independent for the 201-atom
particle shown in Fig. 2. It is therefore necessary to add a regular-
ization term to the linear regression, which allows dealing with such
linear dependencies in the descriptor space and training with fewer
than 88 training examples (i.e., carrying out underdetermined linear
regression).

The lower accuracy calculated for the PtCu nanoalloy is par-
tially due to a stronger interaction between Pt and Cu than between

FIG. 6. Learning curves obtained from models using the TOP (red lines) and ACT (blue lines) descriptors to approximate the energies of PtAu and PtCu homotops. The
TOP model includes the descriptors NAA, NAB, NA,6, NA,7, NA,8, and NA,9. (a) and (b) Learning curves obtained using a database of 1000 EMT energies of Pt101Au100 and
Pt201-xAux (x = 1–200) truncated octahedral NPs. (c) and (d) Learning curves obtained using a database of 1000 EMT energies of Pt101Cu100 and Pt201-xCux (x = 1–200)
truncated octahedral NPs. Panels (a) and (c), therefore, correspond to particles with 1:1 stoichiometry only, whereas panels (b) and (d) correspond to particles with varying
stoichiometry. Each of the 1000-NP datasets was split into training and testing sets of 500 points each. Continuous and dashed lines correspond to the median testing and
training errors, respectively. The shaded areas indicate the error distribution within the first and third quartiles resulting from 100 cross-validation splits.
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Pt and Au and due to a larger mismatch between the lattice para-
meters of Pt and Cu than of Pt and Au. Such a larger mismatch
leads to more distorted relaxed structures. This affects the accuracy,
because both ACT and TOP models are trained on relaxed struc-
tures, but their descriptors are identical for relaxed and unrelaxed
systems (i.e., they do not capture structural changes induced by local
relaxation). Training on the energies of unrelaxed structures could
therefore improve the accuracy of the models but would miss any
relaxation-induced stabilization of particular orderings.

2. Pt201-xAux and Pt201-xCux nanoparticles (x = 1–200)
The learning curves obtained when training and testing with

datasets of variable stoichiometry [Figs. 6(b) and 6(d)] exhibit larger
errors than their single stoichiometry counterparts. These datasets
were constructed by selecting subsets of 1000 NPs from the large
database by means of the MDS algorithm. Larger MAE values
obtained for these subsets with respect to the single stoichiometry
case were expected due to the increased diversity of the multiple sto-
ichiometry sets. However, the error increase is more significant for
the TOP model, with MAE values going from 0.5 to 0.9 meV/atom
for the Pt201-xAux NPs and from 1.6 to 2.4 meV/atom for the
Pt201-xCux NPs. In turn, for the ACT models, the MAE values go
from 0.2 to 0.4 meV/atom for the Pt201-xAux NPs and from 0.6 to
1.1 meV/atom for the Pt201-xCux NPs. Errors of the ACT and TOP
models are therefore doubled for multiple stoichiometry datasets
compared to single stoichiometry ones. The multiple stoichiometry
models also require more training points (e.g., 421 for Pt201-xAux and
461 for Pt201-xCux) for obtaining converged ACT models (with MAE
variations <0.05 meV upon adding a new training structure), making
them less data-efficient than the single stoichiometry counterparts,
albeit being able to describe much larger spaces of chemical order-
ing. Note that the prediction errors of the ACT model are lower than
those of the TOP models when using 91, 51, 111, and 91 training
structures for the Pt101Au100, Pt101Cu100, Pt201-xAux, and Pt201-xCux

NPs, respectively. Thus, a better data-efficiency of the TOP model is
only an advantage when dealing with quite small datasets.

We next evaluate the model errors as a function of training and
testing stoichiometry. Figure 7 illustrates the evolution, with the size
of the variable stoichiometry training set, of the predicted Pt201-xAux
and Pt201-xCux NP energies as a function of the testing stoichiometry
for TOP and ACT models. As already seen in Fig. 6, ACT mod-
els require more training structures to converge, but achieve lower
errors. In particular, TOP models are only marginally improved
upon training set size increase beyond 50 structures, whereas the
ACT models keep improving until up to 200 and 500 training exam-
ples for the PtAu and PtCu NPs, respectively. In addition, Fig. 7
reveals that errors for the TOP models are quite unevenly dis-
tributed, with particularly large errors for stoichiometries with low
concentrations of one of the two metals. The MAE values decrease
steeply starting from the single-metal stoichiometries, reaching a
minimum for x ≈ 20–25 and for x ≈ 170. The TOP errors for inter-
mediate stoichiometries (i.e., from 1:4 to 4:1) are rather uniform and
lie at ∼1 and 2 meV/atom for Pt201-xAux and Pt201-xCux NP ener-
gies. This indicates that the TOP models are quite accurate and stable
for the 1:3, 1:1, and 3:1 stoichiometries often addressed in previous
studies.50–59 The errors for the ACT models are very differently dis-
tributed across stoichiometries compared to the TOP models, with
larger ACT MAE values at intermediate stoichiometries than at low
concentrations of one of the two metals. The errors are, however,
significantly lower than for the TOP model, even for stoichiometries
in which TOP models perform best.

To further evaluate the transferability of the TOP and ACT
models, we calculated the errors obtained when training and testing
with different single-stoichiometry sets (see Fig. S1). As expected,
the lowest errors are obtained when training and testing sets have
similar or equal stoichiometry. In addition, errors of the TOP
models are, in general, much lower than those of ACT models,
remaining <5 meV/atom for almost all combinations of learning and

FIG. 7. Mean absolute errors (MAEs) of the predicted Pt201-xAux (a) and (b) and Pt201-xCux (c) and (d) NP energies as a function of the testing stoichiometry for TOP (a) and
(c) and ACT (b) and (d) models trained with variable stoichiometry datasets of different sizes (i.e., with 50, 100, 200, 500, and 2000 training examples as coded by colors).
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testing stoichiometry. Errors for the ACT models are particularly
large when training and testing with very different stoichiometries,
which leads to MAE values up to ∼50 meV/atom. These large errors
appear because NPs with very different metal contents often exhibit
different sets of atom-types. This means that structures included in
the test set contain atom-types that the model has not encountered
in the training set. We should highlight that obtaining a given εx,aa,bb
when training with a dataset in which Nx,aa,bb is zero for all train-
ing structures is only possible technically (albeit ill-advised) because
of the regularization applied when carrying out linear regression.
In any case, it is simpler to select a training set that includes non-
zero values for all feature vector elements when using the ACT
descriptors. TOP models are correspondingly more transferable, and
one could train with a dataset made of NPs with 1:1 stoichiome-
try to obtain accurate enough predictions for NPs with 1:3 to 3:1
stoichiometry. We reiterate, however, that training with variable-
stoichiometry datasets yields lower errors for variable stoichiometry
test sets.

C. Performance of global optimization approaches
based on TOP and ACT SEMs
1. Pt101Au100 and Pt101Cu100 nanoparticles

After evaluating the accuracy of the TOP and ACT surrogate
energy models, we focus on their adequacy when used in global opti-
mization algorithms of the chemical ordering of bimetallic NPs. We
evaluated the quality of the minimum-energy structures obtained
with each model and the rate at which the algorithm can success-
fully identify such global minima. Figure 8 illustrates the evolution

of the cumulative success rates with the number of evaluated struc-
tures when using the basin hopping algorithm described in Sec. II H
for globally optimizing the chemical ordering of Pt101Au100 and
Pt101Cu100 NPs, evaluating the energy of each candidate with either
the TOP or ACT model. Cumulative success rates are obtained by
initializing the GO search 100 independent times and tracking what
percentage of such runs have found the global minimum (according
to the SEM used within the algorithm) as a function of the number
of evaluated structures.

The cumulative success rates shown in Figs. 8(a) and 8(b)
indicate that the BH algorithm requires evaluating ∼3 orders of
magnitude more candidate NP structures for PtCu than for PtAu
nanoalloys. The relative performance of GO algorithms combined
with either TOP or ACT energy models is, surprisingly, system
dependent. In particular, the TOP model yields more successful
optimizations of the chemical ordering of PtAu NPs than the ACT
model, whereas optimizations with the ACT model are more suc-
cessful for the PtCu NPs. This is probably related to the fact that the
global minima for PtAu NPs exhibit a core–shell structure with Au
atoms occupying surface positions and that the TOP model is par-
ticularly suited for predicting preferred positions of the two metals
at the surface of the NP. The better performance of the ACT model
for the global optimization of PtCu is, in turn, probably due to the
higher sensitivity of the ACT descriptor to different arrangements in
the inner regions of the NP, which is more relevant for well-mixed
bimetallic alloys like PtCu.

Comparing the EMT energies of the identified minima for
each of the four cases illustrated in Figs. 8(c)–8(e), we find that
the BH algorithm combined with the ACT model finds slightly

FIG. 8. Cumulative success rate as a function of the number of evaluated structures of 100 global optimization runs using a basin hopping approach for (a) Pt101Au100 and
(b) Pt101Cu100. The red and blue lines correspond to cumulative success rates obtained using the TOP and ACT energy models, respectively. Success is here defined as
finding the lowest-energy structure according to each surrogate energy model. In red and blue frames are the lowest-energy orderings for the Pt101Au100 (upper images) and
Pt101Cu100 (lower images) NPs obtained from global optimization using the TOP (c) and (d) and ACT (e) and (f) energy models, respectively. The numbers below the NP
images are the EMT energies relative to the EMT energy of the putative global minimum.

J. Chem. Phys. 161, 134114 (2024); doi: 10.1063/5.0214377 161, 134114-10

© Author(s) 2024

 15 July 2025 15:00:02

https://pubs.aip.org/aip/jcp


The Journal
of Chemical Physics ARTICLE pubs.aip.org/aip/jcp

better-quality (more stable) structures than when combined with
the TOP model. Thus, despite the better data-efficiency and (in
some cases) better success rate of the BH+TOP approach, the
BH+ACT approach finds structures that are closer to the EMT global
minimum (if not exactly it).

2. Pd140-xZnx (x = 1–139) nanoparticles
In Secs. II A and II B, we have evaluated the accuracy of the TOP

and ACT energy models for reproducing reference PtAu and PtCu
nanoalloy energies calculated with EMT. To examine whether the
TOP and ACT approaches can also describe nanoalloys calculated
at different levels of theory, we trained both models on a dataset of
Pd140-xZnx NPs structures with variable stoichiometry calculated by
DFT (see computational details in Sec. II A).

Pd and Zn form nanoalloys, with strong intermetallic bonds
and significant exchange of charge between Pd and Zn.49 This strong
interaction results in stable layered L10 chemical ordering with alter-
nated Pd and Zn layers in the [100], [010], or [001] directions of the
fcc lattice.88 The perfectly layered chemical orderings of PdZn NPs
are stable in part because they enable a significant relaxation, which
distorts the NP shape by contracting in the direction perpendicular
to the layers and expanding in the directions parallel to the layers.
This pronounced stabilization by relaxation upon acquiring layered
orderings makes an accurate representation challenging for the TOP
and ACT models, which rely on the in-lattice approximation and

therefore cannot explicitly account for relaxations undergone by dif-
ferent chemical orderings. The TOP model is also not well suited
for differentiating layered structures. Kozlov et al. partially remedi-
ated this limitation by adding a term in the TOP model representing
how close each layer in a given direction (i.e., the [100]) is to being
homometallic.49 The ad hoc term, however, considers layers only in
one direction and disregards whether layers are formed in any of the
other two orthogonal directions.

To establish the performance of the TOP and ACT models for
these challenging intermetallic alloys, we trained both models with a
dataset of 600 PdxZn140-x (x = 1–139) NP structures and their DFT
energies. This dataset includes layered orderings to partially account
for this particularly stable region of the chemical ordering space. The
dataset was split into 400 training and 200 testing examples in differ-
ent cross-validation splits. Learning curves in Fig. 9(a) show that the
ACT model is more accurate than the TOP model, with converged
MAE values of 7.7 and 18.1 meV/atom, respectively. As was the case
for learning EMT energies of PtAu and PtCu NPs, the TOP model
converges with much fewer reference structures (∼50) than the ACT
model (∼300). However, the ACT model performs better (i.e., with
lower MAE values) than the TOP model already for training sets
larger than 90.

To evaluate the performance of the two SEMs during global
optimization of the chemical ordering, we retrained the ACT and
TOP models with all structures of the database and use the resulting
energy expressions in combination with the BH algorithm. There

FIG. 9. Performance of ACT and TOP models for Pd140-xZnx nanoalloys. (a) Learning curves of the TOP (red) and ACT (blue) energy models obtained for a dataset of 600
Pd140-xZnx structures and their DFT energies. (b) Cumulative success rate of the BH algorithm in finding the lowest-energy chemical ordering of the Pd72Zn68 NP during 100
GO runs with the TOP (red) or ACT (blue) energy models. (c) Lowest-energy ordering for the Pd72Zn68 NP obtained from global optimization with the TOP energy model.
(d) Lowest-energy ordering for the Pd72Zn68 NP obtained from global optimization with the ACT energy model. Relative DFT energies of these lowest-energy orderings are
shown in the bottom of panels (c) and (d).
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is a three orders of magnitude difference in the number of can-
didate structures that the BH algorithm needs to evaluate to find
the minimum-energy structure according to each SEM, with the
BH+TOP requiring fewer candidate evaluations [Fig. 9(b)]. How-
ever, the BH algorithm with the TOP model converges to a structure
that, despite being the global minimum for the Pd72Zn68 stoichiom-
etry according to the TOP model [Fig. 9(c)], notably differs from the
structure with the lowest DFT energy. In contrast, the BH runs with
the ACT model converge to the perfectly layered structure, which
is the minimum-energy ordering for both DFT and the ACT model
[Fig. 9(d)]. Note, however, that the perfectly layered structure has
the same ACT descriptor and therefore the same ACT energy as five
other homotops, showing non-uniqueness of descriptor even in the
more complex ACT SEM. These homotops are very similar to, but
less stable at the DFT level than, the perfectly layered structure and
result from permutations of Pd and Zn atoms in corner positions.
The structure with perfectly layered ordering is 1–4 eV more stable
than the other five structures with the same ACT descriptor. This
is due to a very stabilizing relaxation that perfectly layered parti-
cles undergo, which is hard to capture unless these perfectly layered
structures are included in the training set. In fact, BH runs with
ACT models trained without such layered structures sometimes fail
to converge to the most stable layered ordering. This points to the
need to train the SEMs with NP structures near or at the region of
chemical ordering space of the global minimum. However, since the
global minimum is typically not known a priori, this calls for active
learning approaches, where the model is iteratively retrained with
relevant data points emerging from consecutive global optimization
runs. This corresponds to the originally formulated TOP approach49

and to more recent machine-learning assisted global optimization
algorithms.89,90

3. Convex hull of Pd140-xZnx (x = 1–139) nanoparticles
With a surrogate energy ACT and TOP models able to describe

the energies of all stoichiometries of the Pd140-xZnx NP, we opti-
mized the chemical ordering for every stoichiometry to analyze the
evolution of the structure as a function of Pd loading. Here, we
also carried out two active learning cycles after the initial train-
ing and global optimization. In each cycle, the DFT energy of the
putative global minimum (for both models) was calculated for 15
selected stoichiometries, the models were retrained with these new
data points, and the optimization was restarted using these retrained
models.

Relative stability of different compositions of a bimetallic NP
can be compared by using the calculated mixing energy for the
putative global minimum at every composition91 as

Emix = EPdnZnm −
nEPd140 +mEZn140

(n +m) , (9)

where EPdnZnm is the predicted energy of the nanoparticle global min-
imum found at that stoichiometry, n is the number of Pd atoms, and
m is the number of Zn atoms in the NP. EPd140 and EZn140 are the ref-
erence energies of the homometallic NPs calculated with the same
energy model as the bimetallic NPs. The Emix calculated per atom as
Emix/(n +m) allows us to evaluate the so-called convex hull of the
nanoalloy.

To illustrate the quality of the predicted global minima, we plot
the DFT mixing energies of the putative global minimum homotops

FIG. 10. Convex hull of Pd140-xZnx NPs obtained using the TOP and ACT models to
determine the lowest-energy chemical ordering. The blue and red lines represent
the mixing energy estimated with the TOP and ACT, respectively, of the corre-
sponding global minima at varying NPs stoichiometries. The red and blue circles
are DFT mixing energies for TOP and ACT global minima, respectively. Red error
bars are used instead of red circles to indicate the spread in DFT mixing energy
for stoichiometries for which the TOP feature vector of the TOP global minimum
corresponds to various ACT feature vectors. Multimedia available online.

obtained by the two models for the 15 selected stoichiometries (see
the red and blue points in Fig. 10). In general, the calculated DFT
energies (mixing energies) are closer to the model-predicted ones
for ACT than for TOP, with an average MAE of 11.140 (0.009) and
31.397 (0.027) meV/atom, respectively. Despite the better accuracy
of the ACT SEM, in 4 out of 15 stoichiometries, the global minimum
found by TOP had (by 1.027 for Pd21Zn119, 0.953 for Pd58Zn82, 2.168
for Pd86Zn54, and 0.623 for Pd97Zn43 eV) lower DFT energy than
that found by ACT for the same stoichiometry.

Given the overall better accuracy of the ACT SEM, the lower
energy of TOP-found minima with respect to ACT in these three
cases is unlikely due to an intrinsic better energy description by the
TOP SEM. Instead, for some stoichiometries, the larger errors of the
TOP model and the more significant non-uniqueness of the TOP
descriptors compared to the ACT ones give rise to a larger num-
ber of homotops with different ordering and wider range of DFT
energies, but the same TOP descriptor and TOP energy. We have
evaluated the presence of such inequivalent structures and calculated
the spread in DFT energy (see the red error bars in Fig. 10). In many
cases, the large spread in DFT energies of the TOP minima overlaps
with the DFT energy of the ACT minima, indicating that the lower
energies of the chemical orderings optimized with the TOP model
are often obtained serendipitously.

Incomplete representations in the ACT training set of atom
types found in the global minima could also lead to poor predictions
with the ACT model. However, we have evaluated the abundance of
all possible ACT atom types in the training set and analyzed which
atom types comprise the global minima (see Fig. S4). The Pd140-xZnx
NP training set covers all possible atom types, somewhat underrep-
resenting those with high fractions of heterometallic bonds. This is
due to the fact that atom types with high fractions of heterometal-
lic bonds are mostly present in diluted mixtures of the two metals,
for which a relatively low number of homotops are possible (and
therefore less frequently found in the training set). In addition, the
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FIG. 11. Single frame of the supplementary material movie that shows the evolution of the PdZn chemical ordering along the mixing energy convex hull. Each NP is
represented in its entirety and as separated layers. TOP and ACT mixing energy convex hulls are depicted in red and blue lines in the plot. The points in the graph indicate
the positions of the depicted particles in the convex hull (Multimedia available online).

different minima found are not characterized by the presence of
seldom sampled atom types.

Analyzing the convex hull in more detail reveals that the low-
est Emix structure corresponds to the Pd72Zn68 stoichiometry, which
allows for a perfectly layered chemical ordering, as expected. This
structure and stoichiometry are followed in terms of stability by the
perfectly layered Pd68Zn72, which results from inverting the layers
of the most stable Pd72Zn68 structure. The evolution of the chemi-
cal ordering and Emix as a function of the composition can be more
clearly appreciated in Fig. 11 (Multimedia view). This figure and
video illustrate the global minima produced by TOP and ACT at
each stoichiometry, shown either whole (left panels) or divided into
layers (middle panels). The video shows that initially up to 12 Zn
atoms occupy bulk positions. Here, we observe the first difference
between the TOP and ACT models: the TOP model places Zn in the
bulk and maximizes Pd–Zn bonds, while ACT starts placing Zn on
the surface and forming square motifs next to the corner, as seen in
Pd122Zn18. We conclude that ACT is producing the lowest-energy
chemical ordering in this composition region based on the data in
Fig. 10. The first indications of the trend to layering in the chemical
ordering appear at Pd84Zn56 for both models. However, only ACT
is able to capture the perfectly layered structure of both Pd72Zn68,
which is at the minimum of the convex hull, and Pd68Zn72, corre-
sponding to the structure with inverse layering. The behavior of Pd
at low Pd concentrations is similar to that of Zn at low Zn concen-
trations; the more dilute metal tends to occupy the bulk positions,
but still occupies some surface positions of the NP.

4. Surface sites of Pd140-xZnx (x = 1–139) nanoparticles
and reactivity landscape

Having determined the most stable homotops for every
Pd140-xZnx stoichiometry, we analyzed the nature of the surface sites
exposed to reactants as a function of composition in Pd140-xZnx NPs,
and how it affects the chemical (and therefore catalytic) proper-
ties of these nanoalloys. Figure 12 illustrates the concentration of
the various surface on-top, bridge, and threefold hollow sites as a
function of the number of Pd atoms in the NP. These concentra-
tions evolve as expected, with higher ratios of surface Pd sites as
the concentration of Pd in the particle increases. Since the most
stable chemical orderings correspond to layered or quasi-layered

structures and there is no pronounced preference for one of the
two metals to occupy surface positions, the surface site concen-
trations exhibit a practically symmetrical evolution around the 1:1
stoichiometry. The site concentrations predicted by TOP and ACT
are very similar from ∼Pd1Zn139 to Pd30Zn110 and from ∼Pd125Zn15

FIG. 12. Adsorption site-type concentration analysis of global minimum nanoparti-
cles at varying compositions obtained using ACT (opaque lines) and TOP (shaded
lines) models as a function of Pd atoms in the nanoparticle. (a) Concentration of
on-top (singleton) Pd and Zn sites; (b) concentration of bridge (dimer) Pd2, PdZn,
and Zn2 sites; and (c) concentration of threefold hollow (trimer) Pd3, Pd2Zn, PdZn2,
and Zn3 sites.
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to Pd139Zn1, but differ more from ∼Pd31Zn109 to Pd120Zn20. In gen-
eral, ACT GMs exhibit more Zn and fewer Pd surface sites than TOP
GMs, which is reflected in ACT predicting a higher concentration of
surface on-top Zn and bridge Zn2 and Zn3 surface sites. In addi-
tion, the concentration of heterometallic PdZn, PdZn2, and Pd2Zn
sites increases and decreases more abruptly with the number of Pd
atoms for the TOP GMs, also reaching higher maximum values. As
we show below, the surface composition differences predicted by the
two models result in significantly differing reactivity.

The distribution of surface sites as a function of composition
described above determines the chemical and catalytic properties
of the PdZn NPs. A full characterization of the reactivity land-
scape of such particles is, however, unfeasible directly with DFT
calculations—calculating the adsorption energy of a single adsor-
bate on every possible adsorption site of just 30 structures (minima)
of the convex hull involves ∼16k geometry optimizations. This
large computational effort can be partially circumvented by recently
developed machine-learning models able to predict the adsorption
energies for different adsorbates and/or carry out geometry opti-
mizations with a trained interatomic potential.92–94 Notably, several
such ML-models participate in the Open Catalyst Project,93,94 where
their accuracy is evaluated and compared for a large dataset of
millions of adsorption energies on different metal and oxide sur-
faces. To illustrate how to relate the identified chemical ordering
global minima of the NPs to their electrocatalytic properties, we have
carefully selected the pretrained paiNN ML model able to describe
adsorption on the PdZn particles (see details in the supplementary
material 95). With this ML model, we have calculated the adsorp-
tion energy of an electrocatalytically relevant intermediate for the
hydrogen evolution reaction (HER) on all sites of the minima that

the TOP and ACT models identified for the 15 stoichiometries
selected in Sec. III C. We should note, however, that this analysis
was performed as a proof of concept of the potential of combining
ML potentials and our chemical ordering optimization approaches,
rather than suggesting PdZn nanoalloys as promising catalysts for
the HER. In fact, Zn atoms are likely to dissolve upon operating
conditions of the HER.96

We evaluated the hydrogen evolution reactivity of PdZn NPs
using a reductionist approach that relies on just a single descrip-
tor. This descriptor, proposed by Norskov and co-workers,97 is the
adsorption energy of H, Eads(H), which correlates strongly with
the HER exchange current and results in the well-known volcano-
type dependency. The tip of the volcano, which is associated with
the highest HER activity, is found at Eads(H) = −0.24 eV (calcu-
lated at the DFT level of theory with the PBE exchange–correlation
functional).

The distribution of adsorption energies calculated for the
selected Pd140-xZnx NPs is shown as violin plots in Fig. 13 for differ-
ent site-types [Fig. 13(a)] and NP stoichiometries [Fig. 13(b)]. The
adsorption energy distribution for TOP and ACT GMs is shown on
each side of the violin plots. Three dotted lines inside each distri-
bution indicate the median and 1.5 times the interquartile range,
and the number of entries in each distribution is indicated below
every site-type and stoichiometry label. Note that we only display
∼ 7k (3.3k for ACT and 3.9k for TOP) adsorption energy values
(out of a total of 16.6k evaluated sites) for which the H adsorbate
did not migrate to other sites upon relaxation. The H adsorbate
was considered migrated from the initial adsorption site guess when
the number of neighbors changed upon relaxation. The number of
neighbors was obtained by considering bond length thresholds of

FIG. 13. Violin plot distribution of adsorption energies of H as a function of site type (a) and nanoparticle composition (b) for global minimum structures obtained with ACT
(blue) and TOP (orange). The top and bottom tips of the violin correspond to the maximum and minimum values of the distribution, respectively. The area enclosed between
the dotted lines delimits the values corresponding to 1.5 times the interquartile range, while the middle line indicates the median of the distribution. The number of adsorption
sites in each distribution (those where H did not migrate to other sites upon relaxation) is indicated in parentheses for ACT (low) and TOP (top) and was used to normalize
each distribution. The horizontal dashed line marks the adsorption energy associated with the highest activity.
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2.29 and 2.12 Å for Pd–H and Zn–H bonds, respectively, derived
from the natural covalent radii as implemented in the Atomic
Simulation Environment.

The Eads(H) distributions in Fig. 13(a) are broader for on-top
sites and narrower for threefold sites. This is expected, since the
reactivity of single Zn and Pd atoms is more affected by the environ-
ment than that of sites formed by three atoms. This also indicates
that describing each site only by the nature of the atoms directly
contacting the adsorbate is better suited for threefold sites, but too
simplistic for on-top sites. Further differentiation by considering, for
example, coordination numbers should lead to narrower site-type
Eads distributions. Overall, the Eads(H) distributions for different
site types are very similar for TOP and ACT GMs. In general, sites
with lower Zn content bind H more strongly, with threefold Pd3
sites binding H most strongly. Importantly, Eads(H) distributions
for hollow Pd3 sites are closest to the ideal HER value, implying
that particles with maximized concentrations of such sites are more
active.

Different chemical orderings predicted by the TOP and ACT
models cause pronounced differences in Eads(H) distributions for
many NP stoichiometries [Fig. 13(b)], which illustrates how the
chemical ordering influences the reactivity of a nanoalloy. These
effects are more evident for systems with high Zn and low Pd con-
tent, for which the TOP model overestimates the concentrations of
surface Pd. For NPs with a higher Pd content, ACT models gener-
ally lead to broader Eads(H) distributions. As a result, ACT predicted
minima have distributions with bottom tails that cross the ideal
Eads(H) for the stoichiometries ranging from Pd76Zn64 to Pd134Zn6,
indicating the presence of potentially highly active sites for all these
compositions. The count of highly active sites, characterized by an
adsorption energy of −0.24 ± 0.1 eV, is reported in Table S2. This
is in part due to the emergence of surface Pd3 starting at Pd76Zn64
[see Fig. 12(c)], as well as some Pd2 sites with low Eads(H). The emer-
gence of Pd3 as the most promising sites in Fig. 13(a) suggests that
particles maximizing the concentration of surface Pd sites would
be most active. Although this corresponds to NPs with the high-
est Pd content, the Eads(H) distribution of NPs with stoichiometries
from Pd96Zn44 to Pd133Zn7 is very similar. Therefore, although addi-
tion of Zn to Pd particles does not improve the HER activity, small
amounts of Zn of up to 30% would have little effect on the single-
metal activity, indicating that addition of Zn could be a suitable
strategy to reduce the catalyst cost without compromising activity,
i.e., by increasing the activity per used Pd atom.

IV. CONCLUSIONS
In this work, we have evaluated the accuracy, data-efficiency,

transferability, and performance in global optimization approaches
of various surrogate energy models for bimetallic (fcc) nanoalloys.
We have compared models based on coordination- and/or bond-
centered descriptors, including the widely used topological (TOP)
method50–59 and a newly proposed descriptor based on atomic
coordination types (ACTs). Nanoalloys exhibiting stable segregated
core–shell (PtAu), well-mixed (PtCu), and layered (PdZn) chemical
orderings have been addressed.

Our results show that bond descriptors outperform coordina-
tion descriptors in predicting the energy of bimetallic nanoparticles.
Combining both bonding- and coordination-descriptors, giving rise

to the as-originally formulated TOP approach and extensions of it,
further improves the model performance. We note that such exten-
sions (consisting in adding more bonding or coordination descrip-
tors to the original TOP) just slightly reduce prediction errors but
spoil the interpretability of the regression coefficients. Whereas for
the simpler models, these coefficients agree well with the trends in
chemical ordering exhibited by the different nanoalloys, coefficients
from more complex models lack a straightforward meaning.

Surrogate energy models relying on the ACT descriptors were
found to be more accurate than the original TOP approach and
its extensions, with prediction errors ca. twice smaller. However,
ACT models are less data-efficient than TOP ones and require
significantly more training examples to converge; in addition, the
regression coefficients cannot be reliably interpreted. Nevertheless,
when converged, ACT models partially overcome limitations of the
TOP approach to properly distinguish chemical orderings in the
bulk regions of nanoalloys. These limitations arise from the non-
uniqueness of the TOP descriptor and its focus on surface structural
features (e.g., the number of under-coordinated atoms of a given
element). The ACT descriptor is also non-unique, although less
significantly than for the TOP descriptors.

The TOP models are more transferable across stoichiometries
than the ACT model. A TOP model trained in one stoichiometry
performs better than the ACT model in predicting the stability of
homotops of other stoichiometries. This is due to some atomic coor-
dinated types being present only in some stoichiometries, resulting
in very inaccurate regression coefficients for predictions of the
energy of NPs containing atomic coordination types not appearing
in the training set.

Both TOP and ACT models can be combined with various
global optimization approaches, including a recently developed opti-
mal exchange algorithm that relies on local energy expressions
derivable from both TOP and ACT SEMs. The complexity of the
SEM is, however, not consistently related to improved efficiency in
terms of the number of SEM energy evaluations required to find
the global minimum during a search. In turn, the type of mixing
exhibited by global minimum chemical ordering strongly affects the
number of candidates that need to be evaluated to find it, with well-
mixed nanoalloys representing more challenging search problems
than for nanoalloys with core–shell orderings.

Finally, we have applied both TOP and ACT models to the
description of PdZn nanoalloys, using a database of 600 Pd140-xZnx
structures whose energies were calculated at the DFT level of theory.
The energy prediction errors for this set are also lower for ACT than
for TOP, but significantly larger than for the PtAu and PtCu systems.
This is due to the much stronger interactions between Pd and Zn
than between the metals comprising the other studied nanoalloys.

ACT descriptors therefore overcome some of the limitations of
TOP descriptors in reliably describing chemical ordering of bulk-
like regions of bimetallic nanoparticles. As such, this method will
improve our understanding of well-mixed metal combinations (such
as intermetallics), where the ordering of bulk-like regions is crucial
to the resulting chemical and catalytic properties. For this system, a
surface site analysis has allowed us to describe the relative abundance
of different adsorption sites as a function of nanoalloy composition.
Combining this with an ML-model describing adsorbate–surface
interactions has therefore provided a detailed picture of the distri-
bution of adsorption energies on PdZn nanoparticles as a function
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of the Pd:Zn ratio, which allows identifying promising systems and
site-types for the Hydrogen Evolution Reaction (HER). Our results
show that mixing of Zn and Pd in bimetallic nanoparticles leads to
a distribution of H adsorption energies that, according to reduc-
tionist descriptions of HER activity, should be as active as single
metal Pd particles. These active NPs expose hollow Pd3 sites exhibit-
ing close to optimal Eads(H) values. This therefore represents an
advanced approach for the computational screening of bimetallic
catalysts, further facilitated by the implementation of these meth-
ods in the newly developed and open-source nanoparticle library
(https://github.com/reac-nps/NanoParticleLibrary.git).86

SUPPLEMENTARY MATERIAL

The supplementary material includes additional figures and
descriptions regarding ACT SEM transferability, atom-type makeup
of the training set and selected minima, and calibration of the ML
adsorption model. A video is also available illustrating the evolution
of the chemical ordering of the Pd140-xZnx NP along the convex hull,
of which Fig. 11 is a single frame.
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