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Abstract
Understanding the structural evolution of catalysts with temperature is crucial for elucidating the real active sites
under thermal catalytic conditions. Cerium oxides have emerged as versatile catalysts in such environments;
however, the temperature-dependent stability of pristine nanoclusters remains poorly understood, creating a
knowledge gap between their idealized and working structures. Herein, we developed a machine learning workflow
combining high-dimensional neural network potentials and unsupervised machine learning algorithms to uncover
the intrinsic structural evolution of stoichiometric CenO2n (n < 21) clusters. We first identified the most stable
configurations for each cluster size and determined several magic numbers (n = 5, 8, 10, 12, 14, 20) with enhanced
stability at 0 K. Nanosecond-scale neural network potential molecular dynamics simulations were then employed
to explore temperature-dependent behavior, where the most frequently appearing structures extracted via K-
means clustering were adopted as stability indicators. The results reveal that the temperature-sensitive stability
varies with cluster size: magic-number clusters such as Ce14O28 maintain relative robust stability at elevated
temperatures, while non-magic-number clusters such as Ce4O8 undergo pronounced structural fluctuations. This
work not only offers new insights into temperature-induced distortion and reconstruction of oxide clusters, but also
establishes an efficient workflow for high-precision structural prediction especially under high temperatures.
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INTRODUCTION
With unique redox properties, cerium oxides have emerged as versatile catalysts, which are crucial for
numerous reactions, such as CO2 hydrogenation, CO oxidation, the water-gas shift, and methane and
alcohol reforming[1-8]. In contrast to their conventional use as support materials, the inverse configurations -
where cerium oxide is supported on a metal surface - have recently attracted significant attention due to the
strong metal-support interaction (SMSI), which promotes novel catalytic performance via interfacial
electron transfer and dynamic reconstruction[9,10]. The application of cerium oxide nanoparticles is related
to their stability and activity, which depend on their size, shape, and other structural factors [5,6,11,12]. It
remains unclear whether pristine cerium oxide clusters exhibit temperature-sensitive stability.
Consequently, obtaining atomically precise structures of cerium oxide nanoclusters is imperative, as this
constitutes a crucial step toward understanding their thermal stability, identifying active sites, and
ultimately establishing robust structure-activity relationships under realistic operating conditions.

Machine learning techniques have recently become powerful tools in nanocluster science for investigating
structures and properties, achieving notable success in exploring potential energy surfaces [13,14],
characterizing the local atomic environment[15-17], building reactivity descriptors[18-20], and analyzing
microscopy images[21]. Recently, these methods have been extended to study the finite-temperature stability
of various nanoclusters[22,23]. However, structural prediction - the first step in studying metal oxide
nanoclusters - is challenging, as their numerous possible configurations lead to exponentially increasing
computational costs[24-26]. This complexity is further compounded in cerium oxide nanoclusters due to their
intricate electronic configurations, which necessitate high-precision potentials based on first-principles
calculations for efficient structural sampling[27,28]. Consequently, determining atomically precise structures
of pristine cerium oxide nanoclusters and elucidating their relative stabilities at different temperatures
remains challenging.

Motivated by this, a machine learning workflow combining high-dimensional neural network potentials
(HDNNPs) with unsupervised machine learning algorithms was developed to explore the structures of
cerium oxide nanoclusters, systematically predicting the structures and relative stability of stoichiometric
cerium oxide nanoclusters (from Ce3O6 to Ce21O42). The dataset generated through Monte-Carlo sampling
and subsequent density functional theory (DFT) calculations includes atomic coordinates and
corresponding energies. A well-trained neural network potential (NNP) was combined with global
minimization algorithms, basin-hopping and simulated annealing algorithms, to efficiently identify the
most stable structures of cerium oxide nanoclusters by searching within a broad potential energy landscape.
The dynamic stability of the identified low-energy structures was confirmed through nanosecond-scale
NNP molecular dynamics (NNPMD) simulations, while the K-means clustering algorithm was applied to
analyze the NNPMD trajectories and assess their relative stability based on the average energies of
representative structures under different temperatures.

EXPERIMENTAL
Data set based on DFT calculations

All DFT calculations were performed using the Vienna ab initio Simulation Package (VASP)[29], with the
Perdew-Burke-Ernzerhof (PBE) exchange-correlation functional within the generalized gradient
approximation (GGA)[30]. The core-valence interactions were described using the projector augmented
wave (PAW) potentials, treating the O (2s, 2p), Ce (5s, 5p, 4f, 5d, 6s) electrons as valence states. The cutoff
energy of the plane-wave basis was set to 400 eV. The energies were converged to within 10-4 eV. To
improve the description of localized excess charge in the Ce 4f orbitals, the DFT + U method [31] was
employed, where U (the Hubbard parameter) was set to 5.0 eV. The random initial structures were
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optimized using the conjugate gradient algorithm. The atomic coordinates and corresponding energies
formed the dataset for machine learning, which was randomly divided into a 90% training set and a 10%
validation set to train and evaluate the accuracy of the machine learning potential.

Construction of neural network potential

A HDNNP based on the Behler-Parrinello artificial neural network was constructed using the n2p2
code[32-34]. In this framework, the total potential energy was defined as the sum of the individual atomic
potential energies. Each atomic energy was trained by an atomic neural network, where symmetry functions
were employed to mathematically represent the local structural and chemical environment. The symmetry
functions - radial, narrow angular, and wide angular - defined by the positions of neighboring atoms within
a cutoff sphere, were used to represent the local chemical environment of O and Ce atoms in Cartesian
coordinates. The cutoff radius of all symmetry functions was set to 6 Å in these high-dimensional neural
networks.

Each neural network architecture consists of an input layer, two hidden layers with 32 nodes each, and an
output layer. The weight parameters of the neural network were optimized using the Kalman filter[35], which
efficiently minimizes a cost function based on the root-mean-square error (RMSE) in energies and forces.
More details about the machine learning model are provided in Supplementary Equations (1)-(6) and
Supplementary Table 1 in the supporting information.

Generation of random initial structures

The initial structures of cerium oxide nanoclusters were generated through a Monte-Carlo sampling
approach from a non-periodic bulk cerium oxide model, following a methodology similar to our previous
work[27]. The procedure began by randomly selecting a central Ce atom and identifying its neighboring Ce
and O atoms based on interatomic distances. To ensure chemical validity, isolated atoms were replaced
with candidates to facilitate proper chemical bonds. Structural diversity was increased by probabilistically
selecting non-nearest neighbors and adding random displacements to atomic coordinates. The generated
candidate structures were evaluated using symmetry metrics derived from the eigenvalues of their
interatomic distance matrices and the spatial distribution of atoms relative to the centroid. An Message-
Digest Algorithm 5 (MD5) hashing algorithm applied to the atomic coordinates was used to identify and
remove duplicate configurations, ensuring that only unique clusters were stored in the final database.

Global minimization based on the neural network potential

The global minimization for stable cerium oxide nanoclusters was employed by combining the NNP with
the basin-hopping and simulated annealing algorithms, implemented in the Large-scale Atomic/Molecular
Massively Parallel Simulator (LAMMPS)[36]. For each candidate structure, energy minimization was
performed using the conjugate gradient algorithm based on the NNP, with an energy convergence tolerance
of 10-5 eV. To thoroughly explore the vast configuration space, we initiated ten independent parallel search
trajectories, each generating 1,000 structures. By integrating the results of these paths, the lowest-energy
nanocluster after geometry optimization was considered as the most stable candidate. Then, using these
candidates as initial solutions, the simulated annealing algorithm was incorporated to further stabilize the
structures. The annealing process was carried out for 1 nanosecond (ns) with a time step of 1 femtosecond
(fs), lasting 100 picosecond (ps) for both heating and cooling to ensure a gradual thermal treatment.

Molecular dynamics simulation via neural network potential

The NNPMD simulations were also performed using the LAMMPS code[36]. The most stable structures of
cerium oxide nanoclusters in the range of Ce3O6 to Ce21O42, previously verified via DFT calculations, were
adopted as the initial structures for NNPMD simulations. All simulations were performed in the canonical
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(NVT) ensemble with a time step of 1 fs, and the temperatures were set to 1, 300, 500, and 700 K,
respectively. Each NNPMD simulation included a 100 ps pre-equilibration followed by a 1 ns simulation.
Before the NNPMD simulations, all the initial cerium oxide structures were optimized using the conjugate
gradient algorithm, with the energy tolerance set to 10-5 eV.

Analyze the MD simulation using unsupervised machine learning algorithms

Unsupervised machine learning algorithms were employed to analyze the molecular dynamics (MD)
trajectories. First, the Kabsch algorithm was used to align the structure of each frame with the initial
reference structure, eliminating rotational and translational effects. Subsequently, high-dimensional feature
vectors were constructed from the aligned atomic coordinates, and the K-means clustering algorithm was
applied to group these structures. The number of clusters was set in the range of 1 to 5, and the optimal
cluster number was automatically determined using the silhouette coefficient. Additionally, to avoid over-
clustering, geometrically similar clusters were further merged based on a root-mean-square deviation
(RMSD) threshold of 0.01 Å. This specific threshold was selected as it effectively distinguishes meaningful
structural variations from negligible thermal noise, based on the typical fluctuations and numerical
precision of our NNPMD trajectories. A higher threshold would risk merging distinct configurations
(under-clustering), while a lower one might capture insignificant vibrational motions (over-clustering). The
chosen value of 0.01 Å thus balances sensitivity and physical relevance. Finally, representative structures
were selected from each cluster based on the median RMSD, and principal component analysis (PCA) was
performed for dimensionality reduction to visualize the K-means clustering results. Through this workflow,
the structures and relative stability of cerium oxide nanoclusters in the range of Ce3O6 to Ce21O42 at different
temperatures were comprehensively elucidated.

RESULTS AND DISCUSSION
By combining HDNNPs with unsupervised machine learning algorithms, we developed a machine learning
workflow to explore the structures and relative stability of cerium oxide nanoclusters under different
temperatures. As illustrated in Figure 1, this workflow consists of four components: structure generation,
NNP construction, global minimization, and NNPMD analysis.

Firstly, the Monte Carlo sampling was employed to randomly generate initial structures from a large cerium
oxide bulk structure, yielding a large number of random initial structures for cerium oxide nanoclusters of
different sizes. These structures were calculated by DFT, after which their atomic coordinates and energies
were extracted to construct the NNP. This NNP is based on the Behler-Parrinello atom-centered artificial
neural network[33], which decomposes the total energy into the sum of individual atomic energies. Each
atomic energy is trained and predicted by a sub-neural network. In this process, symmetry functions are
utilized to transform Cartesian coordinates, enabling the description of each atom’s local chemical
environment. This transformation eliminates the influence of translation and rotation of the entire
structure on the structure-energy correlation.

Following the training of the NNP, we employed the basin-hopping algorithm across multiple parallel
trajectories to perform global minimization and search for low-energy configurations of cerium oxide
nanoclusters on the broad potential energy surface. The most stable candidates identified from this Basin-
hopping search were subsequently refined using the simulated annealing algorithm to locate the global
minimum with higher confidence. Once the stable structures for various sizes of cerium oxide nanoclusters
were determined, we performed nanosecond-scale MD simulations using the same NNP. Each MD run
totaled 1.1 ns, which included an initial 100 ps for equilibration. The subsequent 1 ns production trajectory
was used for all analyses.
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Figure 1. Machine learning workflow to explore structures of cerium oxide nanocluster. (A) Structure generation: Random initial
structures are generated by Monte-Carlo sampling from a large bulk cerium oxide model (Gray: bulk atoms; Green: selected Ce atoms;
Red: selected O atoms); (B) NNP construction: The high-dimensional neural network potential (HDNNP) maps atomic Cartesian
coordinates (Rn) to symmetry functions (Gn), which are then summed to yield the total energy (E). (n: the number of atoms); (C) Global
minimization: The right panel is a schematic diagram of the two-dimensional potential energy surface (PES), where search paths (yellow
lines) identify the global minimum (yellow asterisk). The color gradient (purple to white) indicates increasing energy. The left panel
displays schematic diagrams of the most stable nanocluster with different sizes. (White: Ce atoms; Pink: O atoms); (D) NNPMD
analysis: The right panel shows the structures of MD trajectories via principal component analysis (PCA) where different colors
represent distinct clusters obtained from K-means clustering. The left panel shows schematic diagrams of representative structures from
different clusters (White: Ce atoms; Pink: O atoms). DFT: Density functional theory; NNP: neural network potential; NNPMD: neural
network potential molecular dynamics.

The NNPMD simulations revealed that the nanocluster structures undergo continuous changes, including
structural distortions, chemical bond breaking and reformation, which become more pronounced at higher
temperatures. To systematically analyze the structural ensembles and assess their relative stability, we
employed the K-means clustering algorithm, a well-validated unsupervised machine learning method, to
group geometrically similar structures from the NNPMD trajectories at different temperatures. The
clustering results were visualized in a low-dimensional space using PCA. For each temperature, the centroid
of the most populated cluster was identified as the most representative structure. The relative stability was
then quantified by calculating the average energy of the structures within each major cluster, enabling a
clear comparison of nanocluster stability across different temperatures.

The HDNNP was trained on a dataset of 7,777 distinct cerium oxide nanocluster configurations, each with
atomic coordinates and corresponding potential energies obtained from DFT calculations. These initial
structures were generated via a Monte Carlo sampling approach using varied random seeds to ensure broad
structural diversity. The performance of the resulting NNP is evaluated in Figure 2A and B, which directly
compare NNP-predicted energies and forces with the corresponding DFT reference values. The predictions
are in excellent agreement with the DFT data, as evidenced by the RMSE of approximately 4.5 meV/atom
for energies and 0.089 eV/Å for forces. This high accuracy demonstrates that the NNP is robust and reliable
for conducting long-time, high-precision MD simulations to investigate the atomic-scale dynamic behavior
of cerium oxide nanoclusters.
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Figure 2. Accuracy and performance of the neural network potential. (A and B) Parity plots comparing the energies and forces predicted
by NNP versus reference DFT calculations; (C) Stability function for nanoclusters ranging from Ce3O6 to Ce21O42, as calculated by both the
NNP and DFT; (D) Structures of the top six relatively stable cerium oxide clusters identified from the stability function. Color map:
White, Ce atoms; Pink, O atoms. NNP: Neural network potential; DFT: density functional theory; RMSE: root-mean-square error.

The lowest-energy structures and their corresponding symmetries were shown in Supplementary Figure 1,
including cerium oxide nanoclusters ranging from Ce3O6 to Ce21O42. The nanoclusters generally exhibit low
symmetry, which may be attributed to their structural complexity at specific sizes, particularly when
containing a certain number of atoms. With the exception of the most stable nanocluster Ce14O28, which
possesses C2v symmetry, all other nanoclusters adopt either Cs or C1 (no symmetry) configurations. Notably,
most stable structures across this size range share a similar pyramid-like motif, as exemplified by Ce12O24,
Ce14O28, and Ce20O40. These structural features may be generalizable to other metal oxide nanoclusters. The
energies of these most stable clusters are summarized in Supplementary Table 2, which lists the NNP-
predicted energies, DFT-calculated energies, and the corresponding absolute errors. The NNP-predicted
energies are in excellent agreement with the DFT references, with a maximum absolute error of only 0.434
eV for the nanocluster Ce13O26, corresponding to an average error of about 11 meV/atom.

The relative stability of the stoichiometric cerium oxide clusters, as evaluated using Supplementary
Equation (7) of the Supporting Information, was presented in Figure 2C. The results predicted by the NNP
are in excellent agreement with those obtained from DFT calculations. Among the series from Ce4O8 to
Ce20O40, the nanoclusters of Ce5O10, Ce8O16, Ce10O20, Ce12O24, Ce14O28, and Ce20O40 were identified as the
relatively stable structures. Their structures and corresponding symmetries were displayed in Figure 2D.
The magic numbers of CenO2n within our computational scope (n ≤ 21) are 5, 8, 10, 12, 14, and 20. The most
stable Ce14O28 nanocluster, which has the lowest stability function, exhibits the highest symmetry of C 2v.
And the nanoclusters of Ce12O24 and Ce20O40, while belonging to the asymmetric C1 point group, share a
similar pyramid-like structural motif with Ce14O28. The remaining three relatively stable Ce5O10, Ce8O16 and
Ce10O20 differ from those of the other three nanoclusters, but they have a relatively high symmetry of C s

symmetry.

Based on the NNP, all the most stable cerium oxide nanoclusters ranging from Ce3O6 to Ce21O42 were used
as initial structures to perform NNPMD simulation of 1 ns with a time step of 1 fs at 1, 300, 500, and 700 K,
respectively [Figure 3 and Supplementary Figures 2-20]. We found that the structural stability of the
nanoclusters indeed depends on temperature, yet the degree of temperature sensitivity varies markedly with
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Figure 3. Molecular dynamics (MD) simulations of the cerium oxide nanocluster Ce4O8 and Ce14O28 at 1 K and 700 K, including energies
during the simulations and snapshots taken every 200 ps. (A and B) MD simulations of Ce4O8; (C and D) MD simulations of Ce14O28.
Color map: White, Ce atoms; Pink, O atoms.

cluster size. For instance, in the case of the non-magic-number Ce4O8 nanocluster [Figure 3A and B,
Supplementary Figure 3], pronounced structural fluctuations were observed at elevated temperatures.
During the NNPMD simulations, the total energy of Ce4O8 fluctuated and remained generally stable in
magnitude at 1 K but increased progressively with temperature. It is likely that due to the small size of the
Ce4O8 cluster, its stability is relatively poor. In the NNPMD simulation set for 1 ns, the structure had
already dissociated after running for 400 ps. Therefore, data statistics and analysis were only conducted up
to the 400 ps. Other relatively small clusters exhibit a similar phenomenon, as shown in Supplementary
Figures 2, 5, 9, and 10. During the nanosecond-scale NNPMD simulations, the dissociation of these small
clusters directly indicates their poor dynamic stability. Additionally, structural snapshots extracted at 200 ps
intervals throughout the simulation reveal that the higher simulation temperatures, the more pronounced
the structural distortions of the Ce4O8 nanocluster.

In contrast, the magic-number nanocluster exhibits smaller energy variation and maintains its
configuration across the same temperature range, with snapshots showing slight structural deviation. As
shown in Figure 3C and D, the Ce14O28 cluster, as the relatively most stable structure, exhibited no
significant changes not only in the NNPMD simulation at 1 K but also in that at 700 K. Only slight
structural distortions occurred, along with a minor shift in the positions of the oxygen atoms in the
topmost layer; the overall structure remained highly stable. Furthermore, other larger magic numbers such
as Ce20O40 exhibit a similar trend, as shown in Supplementary Figure 19. In addition, from the NNPMD
simulation processes of Ce3O6 to Ce21O42 [Supplementary Figures 2-20], it can be observed that larger
cluster structures are less likely to dissociate, undergo smaller structural changes, and demonstrate a
tendency toward relatively higher dynamic stability. These results highlight that temperature sensitivity is
strongly size-dependent, with magic-number clusters displaying enhanced thermal stability and resilience
under high-temperature catalytic conditions.

To further validate the above observations, we employed unsupervised machine learning to systematically
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Figure 4. Visualization of clustered nanocluster Ce4O8 and Ce14O28 at different temperatures via PCA dimensionality reduction, along
with the representative structure of the largest cluster. (A and B) Clustered Ce4O8 at 1 and 700 K; (C and D) Clustered Ce14O28 at 1 and
700 K. Color map: White, Ce atoms; Pink, O atoms; Blue: cluster 0; Green: cluster 1; Purple: cluster 2; Orange: cluster 3. PCA: Principal
component analysis; PC1: principal component 1; PC2: principal component 2; PC3: principal component 3.

resolve these structural changes and probe the underlying stability variations. Before analyzing the
structures, all sampled structures from NNPMD trajectories were aligned to the initial most stable
structures using the Kabsch algorithm to minimize the impact of rotation and translation of the pristine
nanocluster structure. Subsequently, the K-means clustering algorithm was applied to classify the aligned
structures based on their Euclidean distance in Cartesian space. The dataset for clustering included 1,001
structures extracted from each MD trajectory with every 1 ps interval at different temperatures.

Figure 4A-D visualizes the results of the K-means clustering via PCA for Ce4O8 and Ce14O28, and the
representative configurations of the most frequently appearing structures were also displayed. At 1 K, both
clusters exhibit minimal structural changes, as indicated by the presence of only a single K-means cluster.
In contrast, simulations at elevated temperatures yield at least two K-means clusters for each nanocluster,
reflecting increased structural variability. Notably, the structural fluctuations of Ce14O28 remain smaller than
those of Ce4O8, suggesting that the magic-number cluster retains higher thermal resilience. The results of
other K-means clustering analyses were shown in Supplementary Figures 21-39, including the K-means
clustering analyses of NNPMD simulations for Ce3O6 to Ce21O42 at 1, 300, 500, and 700 K, respectively. The
details of the average energies, RMSD, and number of each cluster after clustering were shown in
Supplementary Table 3. All clusters exhibited only one cluster during the simulation at 1 K. As the
temperature increased, the number of clustered groups rose, indicating an increase in the structural
diversity of the clusters. In particular, non-magic number clusters with relatively lower stability evolved into
multiple distinguishable clusters during the NNPMD simulations, and the representative structure of the
largest cluster was not necessarily identical to the most stable configuration at 0 K. The above analysis
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Figure 5. Stability functions and the top 5 relatively stable nanoclusters at different temperatures. In the line chart with data points, blue
solid circles represent relatively stable structures, while blue open circles denote relatively unstable ones. (A), (B), (C), and (D)
correspond to 1, 300, 500, and 700 K, respectively. Color map: White, Ce atoms; Pink, O atoms.

confirms the size-dependent temperature sensitivity of cerium oxide nanoclusters, and shows that clusters
with magic numbers exhibit relatively high stability at elevated temperatures. We then further move to
investigate if the magic number will be maintained with temperatures, to provide better guidance for
experiments to prepare stable cerium oxide nanoclusters.

The K-means algorithm was used to cluster the cerium oxide structures in the NNPMD simulation at
different temperatures. Based on the average energy of the most common structures in NNPMD
simulations, the stability function between these cerium oxide cluster structures was still calculated using
Supplementary Equation (7) in the Supporting Information to represent their relative stability. Figure 5A-D
shows the stability functions of these most stable clusters at different temperatures, as well as the top 6
relatively most stable representative structures. As shown in Figure 2, the relatively stable cerium oxide
nanoclusters were Ce5O10, Ce8O16, Ce10O20, Ce12O24, Ce14O28, and Ce20O40. In the NNPMD simulations at
different temperatures, the stability functions are roughly similar to those at 0 K. Specifically, in the
NNPMD simulations at 1, 300, 500, and 700 K, the Ce14O28 and Ce20O40 nanoclusters remained the two most
stable structures, consistent with the results at 0 K. Particularly, Ce5O10, which exhibits lower stability at 0 K,
demonstrates improved relative stability in the 1 ns MD simulations at various temperatures. In contrast,
the relative stability of Ce12O24 decreases significantly in the simulation at 700 K. Therefore, the stability of
the nanoclusters shows a degree of temperature sensitivity and varies under different thermal conditions,
which may differ from their relative stability at 0 K.

CONCLUSIONS
In summary, we developed a machine learning workflow to investigate the structural evolution of cerium
oxide nanoclusters under different temperatures. The most stable configurations and magic numbers of
Ce3O6 to Ce21O42 were first identified at 0 K. At elevated temperatures, the structural stability becomes both
temperature- and size-dependent: magic-number clusters such as Ce14O28 remain robust, whereas non-
magic-number clusters such as Ce4O8 undergo pronounced structural fluctuations. These findings
underscore the importance of considering thermal effects when evaluating nanocluster stability and provide
critical insight into their behavior under realistic thermal conditions.
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Furthermore, the developed workflow shows promising transferability for broader applications. While
demonstrated for stoichiometric CenO2n clusters, the framework can be extended to non-stoichiometric
systems with oxygen vacancies by expanding the training dataset to include reduced states and adapting the
global minimization to sample defect configurations. For larger clusters or other reducible oxides, the main
challenges involve scaling the sampling strategy and optimizing symmetry functions and DFT parameters
for their specific electronic structures. Overall, the core components including HDNNP construction,
global minimization, and unsupervised analysis of MD trajectories, establish a versatile foundation for
exploring temperature-dependent stability across diverse nanocluster systems.
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