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ble structures of cerium oxide
nanoclusters using high-dimensional neural
network potential†

Huabing Cai,ab Qinghua Ren *a and Yi Gao *bcd

Cerium clusters have been extensively applied in industry owing to their extraordinary properties for

oxygen storage and redox catalytic activities. However, their atomically precise structures have not

been studied because of the lack of a reliable method to efficiently sample their complex structures.

Herein, we combined a neural network algorithm with density functional theory calculations to

establish a high-dimensional potential to search for the global minimums of cerium oxide clusters.

Using Ce14O28 as well as its reduced state Ce14O27 and oxidized state Ce14O29 with ultra-small

dimensions of ∼1.0 nm as examples, we found that these three clusters adopt pyramid-like structures

with the lowest energies, which was obtained by exploring 100 000 configurations in large feasible

spaces. Further the neural network potential-enhanced molecular dynamics calculations indicated that

these cluster structures are stable at high temperature. The electronic structure analysis suggested that

these clusters are highly active and easily lose oxygen. This work demonstrated that neural network

potentials can be useful for exploring the stable structures of metal oxide nanoclusters in practical

applications.
Introduction

With unique redox properties, which are crucial for many
applications, CeO2-based materials have been widely used in
fuel cells, water splitting, water–gas shi reactions, and
others.1–9 The unique redox properties of cerium oxides are
mainly related to oxygen vacancies and Ce3+ ions.10–12 In the past
decade, nanoscale cerium oxides have received more attention
than bulk materials because of their higher reactivity.13,14 The
high reactivity of ultra-small cerium oxides even at ambient
temperatures gives them many potential applications, espe-
cially in biomedical elds, such as antibacterial agents, cancer
therapies, and antioxidative neurorestoration.15–18 The applica-
tion of cerium oxide nanoparticles is related to their activity and
stability, which depends on their size, shape, composition (such
as Ce3+/Ce4+ ratios), and other structural factors.19,20 Obtaining
atomically precise structures of cerium oxide nanoclusters can
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help understand how structural factors affect their properties;
however, identifying the structures of pristine CeO2 clusters is
still challenging in experimental work.

Meanwhile, theoretical work has made great progress in
exploring the stable structures of nanoclusters by combining
the global-optimization method and rst-principles
calculations.21–24 However, predicting the stable structures of
metal oxides is more complicated as their possible congura-
tions are numerous and the computational costs increase
exponentially. Although there are some empirical potentials
developed to aid approximates, such as the Lennard-Jones
potential for TiO2 nanoparticles,25 the modied embedded-
atom method for ternary Cu–Ta–O oxides,26 and the Morse
function for IrO2 nanoclusters,27 the complexity of the elec-
tronic congurations of CeO2 clusters requires a high-precision
potential using rst-principles calculations for efficient struc-
tural sampling, which to date is still lacking.

In this work, a machine learning model was developed to
construct the high-dimensional neural network potential to
search for the most stable cerium oxide nanoclusters in large
feasible spaces. The data set for the machine learning model
included the coordinates and energies corresponding to
geometry optimization of each random initial structure using
density functional theory calculations. Using a well-trained
neural network, the most stable structure was obtained by the
basin-hopping global optimization of randomly generated
isomers. Active learning was used in this workow, iterating
many times until the predicted energies tted well with DFT
Nanoscale Adv., 2024, 6, 2623–2628 | 2623
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calculations, not only the numerical values but also the order of
the isomers. Using Ce14O28 as well as its reduced state Ce14O27

and oxidized state Ce14O29 as examples, we found three clusters
adopt pyramid-like structures as the global minima.

Methods
Generation of random initial structures

All the cerium oxide structures were randomly extracted from
a large cerium oxide bulk structure. As shown in Fig. 1, taking
the sampling gray region required to generate nanocluster
Ce14O28 as an example, a cerium atom was rst selected as the
center of the sampling region, and the 8 oxygen atoms closest to
it were preferentially selected (the atomic distances to the
central atom were 2.37 Å), and then 20 oxygen atoms were
randomly selected from the second nearest neighboring 24 O
atoms with atomic distances of 4.53 Å. The remaining 13 Ce
atoms were randomly selected from a total of 18 cerium atoms
of the nearest neighbor with atomic distances of 3.86 Å and the
second nearest neighbor with atomic distances of 5.46 Å. For
securing the randomness of the constructed structures, all the
atoms were given random displacements of no more than 0.2 Å
compared to the initial positions.

Data set based on DFT calculations

The data set of the machine learning model was based on
density functional theory (DFT) calculations, performed using
the Vienna ab initio Simulation Package (VASP).28 All the DFT
calculations employed the general gradient approximation
(GGA) Perdew–Burke–Ernzerhof (PBE) functional.29 The cutoff
energy of the plane-wave basis was set to 400 eV. The energies
were converged to 10−4 eV. The conjugate gradient algorithm
was employed for geometry optimization. The DFT + U
method30 was used in these calculations with an effective U of
5.0 eV. Considering the rationality of the initial structures, the
atomic spacings were calculated to determine whether there
were outlier atoms. If outlier atoms existed, the random struc-
ture was re-generated. These structures were optimized by DFT
calculations, and the coordinates and energies were used as the
data set for machine learning. The total data set was randomly
split into 90% for training, while the remaining 10% was used
as the test data set to validate the accuracy of the machine
learning potential.
Fig. 1 Schematic diagram of the sampling method. The larger atoms
represent cerium atoms and the smaller atoms represent oxygen
atoms, while the gray sphere shows the sampling area.
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Construction of the machine learning model

The machine learning model of a class of high-dimensional
neural network, based on the Behler–Parrinello articial
neural network, was constructed using the n2p2 code.31–33 Using
this code, the total potential energy of the cerium oxide was
dened as the sum of atomic potential energies. The atomic
energies were trained by an atomic neural network using the
symmetry function to represent the structural and chemical
environment information of each atom. The symmetry func-
tions, including radial symmetry function, narrow angular
symmetry function, and wide angular symmetry function, were
chosen to represent the local chemical environment of cerium
atoms and oxygen atoms from the Cartesian coordinates. The
cutoff radius of all the symmetry functions was 6 Å. Each neural
network consisted of an input layer, two hidden layers with 18
nodes each, and an output layer. The weight parameters of the
neural network were optimized by Kalman lter,34 which is an
efficient approach to minimize the cost function dened by the
root-mean-square error (RMSE) of energies and forces. In this
machine learning model, active learning was used to iterate
several times until the RMSE between the energies predicted by
the neural network and the energies calculated by DFT
converged to a value less than 10 meV per atom. More details
about the machine learning method can be found in the ESI.†
Global minimization based on the neural network potential

The neural network potential (NNP) combined with basin-
hopping method was employed to explore the stable struc-
tures of the cerium oxide nanoclusters, using the large-scale
atomic/molecular massively parallel simulator (LAMMPS).35

For sampling larger conguration spaces, we adopted another
sampling strategy for global minimization, in which all the
atoms in the sampling region were selected with the same
probability, and the central atom of the sampling region was
iteratively updated. All the random structures were generated by
this method with different random seeds for each structure. The
energy of each structure was minimized using the conjugate
gradient algorithm based on the neural network potential
function, setting 10−5 eV as the energy tolerance. A total of 10
paths were run in parallel to search for the most stable structure
of cerium oxide nanoclusters in a huge conguration space,
with 10 000 structures per path. Combining the results of these
10 paths, the lowest energy nanocluster aer geometry optimi-
zation was considered as the most stable structure.
Results and discussion

The machine learning model started with generating a total of
∼300 non-repeating initial structures of the three types of
cerium oxides (Ce14O27, Ce14O28, Ce14O29) with the size of
∼1 nm, which were randomly sampled by the number of cerium
and oxygen atoms in a large cerium oxide crystal structure. Aer
optimizing the random initial structures by DFT calculations,
the structures and energies were used as the data set for the
machine learning model. In this work, active learning was used
and the three neural networks were iterated several times until
© 2024 The Author(s). Published by the Royal Society of Chemistry



Fig. 2 Comparison of the energies calculated using DFT and pre-
dicted using neural network potential (NNP): (a) training; (b) testing (1:
neural network of Ce14O27, 2: neural network of Ce14O28, and 3: neural
network of Ce14O29).

Fig. 4 Most stable isomer and two other less stable ones, including
the corresponding structure, symmetry, and energy relative to the
most stable structure: (a) Ce14O27; (b) Ce14O28; (c) Ce14O29 (red:
oxygen atoms and green: cerium atoms). Circled in blue are locations
where the most stable structures differ from the most stable structure
of the nanocluster Ce14O27.
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the predicted results were in good agreement with the values
and ordering of the energies calculated by the DFT, increasing
the data points to 8142, 7796, and 10 385. Finally, the root-
mean-square error (RMSE) of acceptable neural networks was
about 6 meV per atom (Fig. 2).

The predictions for the top 20 low-energy structures of the
NNP were in good agreement with DFT calculations, as shown in
Fig. 3. The mean absolute energy errors of these top 20 lowest
energy nanoclusters Ce14Ox (x = 27, 28, and 29) were 0.36, 0.15,
and 0.41 eV, and the mean errors to each atom were 8.8, 3.6, and
9.5 meV per atom, all of which were less than 10 meV per atom.
For each type of cerium oxide nanocluster, the top two mini-
mums predicted by theNNPwere fully consistent with the top two
minimums calculated by DFT. Although there were some uc-
tuations in the energy differences between NNP and DFT, espe-
cially for the nanocluster Ce14O29, the trend of energy ordering
predicted by the NNP was similar to that calculated by DFT.

The top 3 minima obtained from the energy veried by DFT
calculations of the nanoclusters Ce14Ox (x = 27, 28, and 29) are
shown in Fig. 4, and the others are shown in Fig. S1–S3.† All the
most stable structures had higher symmetry and lower energies
by at least 0.6 eV than the others. These structures were all
pyramid-like, where the cerium atoms were in the same
conguration and oxygen atoms were nearly the same
Fig. 3 Comparison of the NNP and DFT energies of the top 20 low-
energy structures of the Ce14Ox (x = 27, 28, and 29) structures (NNP:
energies by neural network potential prediction, DFT: energies by DFT
calculation).

© 2024 The Author(s). Published by the Royal Society of Chemistry
conguration. The 14 cerium atoms consisted of three Ce layers
in a 2 × 1 : 3 × 2 : 2 × 3 pattern. The oxygen atoms consisted of
four O layers in slightly different pattern. As shown in Fig. 4, the
oxygen atoms circled in blue are the additional oxygen atoms of
Ce14O28 and Ce14O29 compared to Ce14O27. The most stable
structure of the nanocluster Ce14O28 was based on the structure
of Ce14O27, adding a new oxygen atom next to the oxygen atom
in the top layer and maintaining the same C2v symmetry as the
nanocluster Ce14O27. As the most stable structure of the nano-
cluster Ce14O29, a new oxygen atom was added to the right
corner of the third layer of oxygen atoms on the structure of
Ce14O28, but the symmetry was reduced to C1.

The lowest oxygen vacancy formation energies of CeO2(111)
and bulk CeO2 calculated by DFT were 1.63 and 3.30 eV. In
comparison, the energies for the nanoclusters Ce14O29 and
Ce14O28 to lose one oxygen atom were 0.03 and 0.15 eV,
respectively, which are signicantly lower than those of
CeO2(111) and bulk CeO2, indicating cerium oxide nanoclusters
are more likely to store and lose oxygen atoms for redox
reactions.

Based on neural network potential, molecular dynamics
(MD) simulations of the three most stable structures of the
nanoclusters Ce14Ox (x = 27, 28, and 29) were performed for up
to 1 nanosecond (ns) at 700 K to verify the dynamic stability. The
simulations were performed in the NVT ensemble with time
steps of 1 femtosecond (fs). The energies of Ce14Ox (x = 27, 28,
and 29) uctuated around −311.2, −316.0, and −320.9 eV,
respectively. As shown in Fig. 5, the snapshots taken every 200
picosecond (ps) show that the structure of Ce14O28 was more
stable over the simulation period of 1 ns, with almost no
signicant changes. Similar structural stabilities could also be
found in Ce14O27 and Ce14O29 (Fig. S5 and S6†). Compared to
Nanoscale Adv., 2024, 6, 2623–2628 | 2625



Fig. 5 Snapshots of the most stable nanocluster Ce14O28 extracted every 200 ps from 700 K MD trajectories.
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the nanocluster Ce14O27, the nanoclusters Ce14O28 and Ce14O29

were more active, especially Ce14O29. These structural changes
occur at the locations of the additional oxygen atoms compared
to the nanocluster Ce14O27, where the cerium–oxygen bonds
briey break and then return to the previous structure, indi-
cating that these locations may be the active sites of the
structures.

Compared to the bulk structure of CeO2, which is composed
of 8-coordinate Ce4+ and 4-coordinate O2− ions, the Ce atoms in
the three most stable nanoclusters Ce14Ox (x = 27, 28, and 29)
are 5-coordinate (green) or 6-coordinate (cyan), as shown in
Fig. 6(a). Ce14O27 has four 6-coordinate cerium atoms, while
Ce14O28 and Ce14O29 have six and eight 6-coordinate cerium
atoms, respectively. The oxygen atoms are 2, 3, and 4 coordi-
nated. The inner oxygen atoms of the cerium oxide cluster are 4-
coordinate and the outer oxygen atoms are 3- or 2-coordinate.
The three most stable nanoclusters Ce14Ox (x = 27, 28, and 29)
all have ve 4-coordinate oxygen atoms. For each of most stable
nanoclusters, all the 4-coordinate oxygen atoms are in the same
position, where one is in the middle of the second layer of
Fig. 6 (a) Structures of cerium oxides (red: oxygen atoms, green: 5-
coordinate cerium atoms, and cyan: 6-coordinate cerium atoms). (b)
Statistics of the bond lengths in the most stable structures of Ce14Ox (x
= 27, 28, and 29).
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oxygen atoms, and the other four atoms are symmetrically
located inside the third layer in a 2 × 2 pattern.

As shown in Fig. 6(a), the locations of Ce3+ in the three lowest
energy structures were characterized according to the spin
density. There are two Ce3+ in the most stable structures of each
nanocluster Ce14Ox (x = 27, 28, and 29). The two Ce3+ in the
nanoclusters Ce14O28 and Ce14O29 are located at the same
location, symmetrically within the rst layer of cerium atoms.
Two Ce3+ of the nanocluster Ce14O27 are located on the right
side of the rst layer of cerium atoms and on the le of the
second layer. Since the volume of Ce3+ is larger than that of
Ce4+, the asymmetrical location of the two Ce3+ distorts the
structure and affects the symmetry of the nanocluster Ce14O27.
The symmetry of the nanocluster Ce14O27 was reduced from C2v

to Cs. Interestingly, both the most stable structures of Ce14O28

and Ce14O29 have two Ce3+ polarons, which are different from
the bulk and surface of CeO2. This could be attributed to their
distinct structures, in which each additional oxygen atom of the
Ce14O28 and Ce14O29 forms a 1.5 Å O–O bond with the adjacent
oxygen atom. Thus, the O–O species contribute two electrons to
the Ce14O28 and Ce14O29 as the O of Ce14O27. This means that all
these three clusters have electrons they can easily lose, indi-
cating their high catalytic activity.

The Ce–O bond length in the crystal structure of cerium oxide
is 2.34 Å. The average bond lengths in the global minima of the
nanoclusters Ce14Ox (x = 27, 28, and 29) are 2.28, 2.28, and 2.29
Å, respectively, which are shorter than the Ce–O bond in the
crystal structure. As shown in Fig. 6(b) for the statistics of the
bond lengths at 0.1 Å intervals, the Ce–O bond lengths of the
three most stable cerium oxide nanoclusters are 2.3 ± 0.3 Å, and
about 60% of the bond lengths are in the range of 2.3 ± 0.1 Å,
with more than half less than 2.3 Å. Starting from the nano-
cluster Ce14O27 with 74 Ce–O bonds, two Ce–O bonds are added
for each additional oxygen atom. The longest Ce–O bond lengths
of these three most stable structures are 2.52, 2.46, and 2.47 Å.
The longest bond length of the nanocluster Ce14O27 is signi-
cantly longer than the other two stable structures, and is 0.04 Å
longer than the second longest bond of its own. Meanwhile, the
differences between the longest bond length and the second
bond length of Ce14O28 or Ce14O29 does not exceed 0.01 Å. In
Ce14O27, the longest bond length is between the Ce3+ in the
second layer of cerium atom and the lemost oxygen atom in the
second layer of oxygen atoms. This Ce3+ in Ce14O27 has longer
© 2024 The Author(s). Published by the Royal Society of Chemistry



Fig. 7 Density of states (DOS) of the most stable structures of Ce14Ox

(x= 27, 28, and 29): (a) TDOS of Ce14Ox (x= 27, 28, and 29); (b) DOS of
Ce14O27; (c) DOS of Ce14O28; (d) DOS of Ce14O29.
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bond lengths with the surrounding oxygen atoms compared to
the Ce4+ atom at the same location in the nanocluster Ce14O28 or
Ce14O29. It thus seems that Ce3+ is larger and requires more
space, so it pulls away the surrounding oxygen atoms. The le-
most oxygen atom in the second layer is more likely to be pulled
away, so the bond length between this oxygen and Ce3+ in the
second layer of cerium atoms is signicantly longer.

The density of states (DOS) of the most stable structures of
the nanoclusters Ce14Ox (x= 27, 28, and 29) are shown in Fig. 7.
The Fermi levels of these three structures are close to the
valence band maximum (VBM) and the corresponding DOSs are
zero. The band gaps are about 1.38, 1.48, and 1.30 eV for
Ce14O27, Ce14O28, and Ce14O29, respectively. In the conduction
band, the DOS value of the nanoclusters Ce14O27 is slightly
lower than that of the nanoclusters Ce14O28 and Ce14O29, while
the DOS values of the nanoclusters Ce14O28 and Ce14O29 are
almost equal. All the VBM are mainly contributed by the p
orbital of O, while the conduction band minimum (CBM) are
contributed mainly by the f orbital of Ce.
Conclusions

In conclusion, a machine learning model was developed to
predict the most stable structures of cerium oxide nanoclusters.
Using the well-trained high-dimensional neural network
potential combined with the basin-hopping method, the global
minimum structures of Ce14O28 as well as its reduced state
Ce14O27 and oxidized state Ce14O29 were explored. The Ce14Ox (x
= 27, 28, and 29) clusters adopted similar pyramid-like struc-
tures. The NNP-MD simulation suggested these cluster struc-
tures are stable at high temperature. The electronic structures
analysis indicated these clusters are highly active and can easily
lose oxygen, which leads to their resultant antioxidant activity.
Moreover, due to the stability of these ultra-small nanoclusters,
they will be excellent antioxidant agents in biomedical elds for
the treatment of oxygen-related diseases. This work provides
a viable strategy to search for the stable structures of cerium
© 2024 The Author(s). Published by the Royal Society of Chemistry
oxides nanoclusters. In addition, using the global optimization
combined with the neural network potential, this method has
both the advantages of high efficiency and high accuracy
compared to rst-principles calculations and the empirical
potentials, which indicates its potential for exploring more
complex systems in the future.
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