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High entropy alloys (HEAs) are expected to show excellent
performance in various fields, such as catalysts and high-temper-
ature structural materials, but the huge number of configurations
makes it difficult to find the optimal compositions for HEAs. In
this study, machine learning potentials were developed to accu-
rately predict the total and H/CO adsorption energies of multi-
element slab models and cluster models of various sizes and
shapes, based on density functional theory calculations.
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I. INTRODUCTION

The electrochemical reduction of CO2 (CO2RR) is gaining
increasing attention as a key technology for achieving a
sustainable society. However, its practical implementation
remains challenging due to the high thermodynamic stability
of CO2, which requires substantial energy input for its re-
duction. Additionally, CO2RR involves multiple reaction
pathways, yielding a variety of hydrocarbon compounds,
including formic acid, formaldehyde, methanol, methane,
acetic acid, and ethanol. Suppression of the hydrogen evo-
lution reaction (HER), a major side reaction, is also impor-
tant, because it significantly reduces the Faraday efficiency.
Effectively controlling these reaction pathways requires the
development of highly active and selective CO2RR catalysts.
Copper (Cu) is widely recognized as a promising CO2RR
catalyst [1] due to its balanced adsorption energies for both
hydrogen (H) and carbon monoxide (CO), which are essen-
tial for facilitating hydrocarbon formation. Effective catalysts
must weakly adsorb H atoms to suppress HER while main-

taining appropriately strong CO adsorption to promote the
conversion to highly reduced hydrocarbon products [2].
However, the search for more efficient CO2RR catalysts
remains crucial, as Cu requires high overpotentials to effec-
tively drive CO2RR [3].
High-entropy alloy (HEA) catalysts show great promise in

addressing the challenges of CO2RR. The concept of HEAs
was introduced by Cantor et al. [4] and Yeh et al. [5],
defining them as single-phase solid solutions composed of
five or more elements in relatively equal concentrations (5–
35 at%). Recent studies have highlighted numerous HEAs
with properties superior to conventional alloys [6], increasing
the expectations for their potential to enhance material func-
tionality. On the other hand, identifying HEAs designed for
specific applications remains challenging due to the vast
number of compositions and configurations. To date, only a
small fraction of the potential composition space has been
explored, suggesting that many more highly functionalized
HEAs are yet to be discovered.
Optimizing the shape and size of the catalyst also im-
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proves its activity and selectivity. Nanoparticle catalysts ex-
hibit distinct properties from bulk metals due to their high
surface area-to-volume ratios and pronounced quantum size
effects [7]. Various mono-elemental nanoparticles, including
Ag, Au, Cu, Ni, and Pd, have demonstrated enhanced
CO2RR activity [8]. In terms of size, smaller nanoparticles
often exhibit higher catalytic activity [7], and sub-nanoclus-
ters with fewer than ~30 atoms have shown significantly
better performances [9]. On the other hand, catalytic activity
can diminish below a certain size [10], indicating that a
complex relationship between size and catalytic performance.
Regarding shapes, superior catalytic activity is often attrib-
uted to low-coordinated surface sites, such as edges, which
are abundant in small nanoparticles [11]. The (111) surface
has been reported to increase H adsorption energy [12], and
Au nanoparticles with an octahedral shape, which consists of
(111) facets, have demonstrated high CO2RR activity [7]. By
carefully tuning their size and shape, nanoparticle catalysts
can achieve superior catalytic performance.
Experimentally screening potential catalysts one by one is

both time-consuming and costly. In this regard, computa-
tional simulations can be used to accelerate the search by
both reducing the cost and accelerating the process. First-
principles calculations based on density functional theory
(DFT) are a powerful method for accurately predicting phys-
ical properties, and in recent years, databases of DFT calcu-
lation results have expanded rapidly. However, DFT calcu-
lations are computationally intensive, and despite the large
amount of available data, most results are derived from ideal
crystal structures consisting of a limited number of elements.
In particular, data on HEAs and nanoclusters remains scarce.
Given these limitations, developing methods that achieve
DFT accuracy with lower computational costs is highly
desirable. In this context, machine learning potentials
(MLPs) have emerged as a promising approach, with inter-
atomic potentials based on neural networks gaining increas-
ing attention in recent years [13, 14].
In this study, MLPs are developed to pave the way toward

the design of HEA cluster catalysts for the CO2RR. Since the
activity and selectivity of this reaction are highly correlated
with the adsorption energies of CO molecules and H atoms,
the MLPs were trained to predict these values. By incorpo-
rating training datasets of octahedral cluster models with
various structural features (vertices, edges, faces, etc.), cata-
lytic performance on uneven surfaces is also explored.

II. COMPUTATINAL DETAILS

A. First-principles calculations

DFT calculations of optimized structures, total energies,
and adsorption energies were used as training data for MLPs,
focusing on nine elements (Ag, Au, Co, Cu, Ni, Ir, Pd, Pt,
and Rh) that are promising as catalysts. The datasets used in
this study include not only those calculated in our laboratory
but also those obtained from previous studies [2, 15] and the
novel materials discovery (NOMAD) database [16].

Structure optimization calculations were conducted for
models with different atomic configurations in bulk face-
centered cubic (FCC) crystals (8 atoms per supercell) con-
taining up to 5 of the nine elements, as well as in octahedral
clusters (19 and 44 atoms) containing up to 4 of the nine
elements. Octahedral clusters have various structural fea-
tures, such as vertices, edges, and faces, which were incor-
porated into the training data to investigate the unique cata-
lytic performance of uneven surfaces. Additionally, structure
optimizations were performed for several unary models with
varying shapes and sizes, as detailed later in Section III.C.
For the in-house dataset, the DFT calculations were per-

formed using the vienna ab initio simulation package
(VASP) [17]. The exchange-correlation functional was based
on the generalized gradient approximation (GGA) with Per-
dew-Burke-Ernzerhof (PBE) [18]. The projector-augmented-
wave (PAW) method [19] was used for the interaction be-
tween inner-shell electrons and nuclei. A cut-off energy of
500 eV was used, and k-point samplings of 10 × 10 × 10 and
3 × 3 × 3 were used for the bulk and cluster models, respec-
tively, based on the Monkhorst-Pack scheme [20]. The
atomic configurations were relaxed until the atomic forces
were reduced to below 0.01 eVÅ−1.
DFT calculations for alloy slab models with 1 to 5 ele-

ments, including adsorbed H atoms and CO molecules, were
obtained from the dataset of previous studies [2, 15]. In these
calculations, the exchange-correlation functional was the
Revised PBE [21]. Among them, only the slab models con-
taining some of nine elements were used as training data.
The NOMAD database contains a large number of cluster

model results compared to other open databases. Only mod-
els that satisfy the following conditions were downloaded
using the application programming interface:
1) Results from structure optimization of cluster models

using VASP,
2) Calculated with the GGA-PBE exchange-correlation

functional, and
3) Contain Ag, Au, Cu, Co, Ni, Ir, Pd, Pt, and/or Rh as

metals.
The total energy after structure optimization for each

model was used in this study. The adsorption energies of H
and CO, denoted as �EH and �ECO, were calculated as
follows.

�EH ¼ EH� � E� � 1

2
EH2

;

�ECO ¼ ECO� � E� � ECO;

where EH� and ECO� represent the total energies of the model
after structure optimization with H and CO adsorbates, re-
spectively, E� is the total energy of the model without
adsorbates, and EH2

and ECO are the total energies of H2

and CO molecules in the gas phase. More negative adsorp-
tion energies indicate stronger interactions between the sur-
face and the adsorbate.

B. MLPs

MLPs based on neural networks were created using the
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results of DFT calculations. The training data includes the
element type Z, atomic position ~r, and the total energy E.
In this study, we used Allegro, a recently developed graph

neural network architecture built on the NequIP framework
[22, 23]. Allegro demonstrates excellent accuracy and scal-
ability, overcoming the drawbacks of conventional message
passing neural network, such as high computational cost due
to iterative information propagation. Details on hyperpara-
meter settings in Allegro adopted in the present work are
described in Supplementary Material.

III. RESULTS AND DISCUSSION

A. Prediction of adsorption energy for HEA
slabs

First, using the results of DFT calculations of slab models
[2, 15], we created MLPs to predict adsorption energies on
HEA slabs. For this purpose, the training data included
unary, binary, ternary, and quaternary alloys (17,007 data
for H adsorption and 14,269 data for CO adsorption, with
8–80 atoms per supercell), as well as unary, quaternary, and
quinary alloy slab models (960 data for H adsorption and 455
data for CO adsorption, with 21–22 atoms per supercell). To
assess the prediction accuracy of the trained MLP, slab
models containing five elements (45 data with 21–22 atoms
per supercell) were used as test datasets. As shown in Fig-
ure 1(a, b), the accuracy of the created MLPs was high, with
mean absolute errors (MAE) of 32.9 and 31.9meV for the
adsorption energies of H atoms and CO molecules, respec-
tively.

These MLPs were used to predict the adsorption energies
for additional five-element alloy slab models, including
atomic species from the nine elements mentioned earlier.
The lattice constant of each alloy was determined as a
weighted average of the optimized bulk values of its con-
stituent elements, as shown in Table S1 (Supplementary
Material), based on the alloy composition. The distances of
H and C from the surface were determined by the mode
values obtained from datasets from the previous study [15],
as shown in Figure S1 (Supplementary Material). Adsorption
energies of H and CO were predicted at three sites (FCC,
HCP, and Top), as shown in Figure 1(c), for 100,000 models
with 20 atoms in a 2 × 2 supercell consisting of 5 layers. The
results in Figure 1(d–f ) represent the adsorption energies for
H and CO. The colors indicate the ratio, with Ag-, Au-, Cu-,
Co-, Ir-, Ni-, Pd-, Pt-, and Rh-rich compositions shown in
red, pink, orange, gray, light green, blue, cyan, yellow, and
green, respectively. The trends for the FCC and HCP sites are
similar, while the Top site shows an overall increase in
adsorption energy. Previous studies have reported a positive
linear relationship between the adsorption energies of H and
CO [24, 25]. However, our results indicate that this relation-
ship does not necessarily hold for HEA surfaces. Notably, the
darker regions in Figure 1(d–f ) highlight areas where H
adsorption is weaker and CO adsorption is stronger than that
on a Cu surface, which is a desirable characteristic for
CO2RR catalysts. Many promising candidate materials are
located within this region. We also demonstrated that high-
throughput screening using MLPs enables the efficient iden-
tification of HEA models with the optimal adsorption energy
(�ECO = −0.67 eV) [24] at a low computational cost.

(a) (b) (c)

(d) (e) (f)

Figure 1: Prediction of (a) H atom adsorption energies and (b) CO molecular adsorption energies for the slab models. (c) Illustration of the three
sites considered for the test data. Atoms in the topmost, second and third layers in the slab model are shown in blue, yellow, and light green,
respectively. (d–f ) Distribution of H atom and CO molecule adsorption energies at each site of 100,000 5-element slab models with randomly
configured elements.
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B. Prediction for multi-element models

This section describes the investigation of catalysts using
cluster models. First, DFT calculation results for unary-,
binary-, and ternary-alloy models (3,969 data for cluster
models and 741 data for bulk models) were used as training
data. The trained MLP was then applied to predict the total
energy of quaternary- and quinary-alloy model. As shown in
Figure 2, the MLP accurately predicts the total energy for
both bulk and cluster models (each 200 datasets), even for
multi-element compositions not included in the training data-
set. This demonstrates that the model effectively learns the
relationship between different elements. This result is a sig-
nificant milestone in reducing the computational cost of
training multi-element models for two key reasons. First,
generating DFT datasets for multi-element systems is chal-
lenging due to convergence difficulties. Second, existing
open databases primarily contain crystal structures with only
a limited number of elements.

C. Prediction for models of various shapes
and sizes

As mentioned earlier, optimizing the shape and size of
catalysts can enhance their activity and selectivity. Therefore,
creating MLPs capable of predicting properties for cluster
models with various shapes and sizes is crucial. The Alloy
Catalysis Automated Toolkit [26] was used to generate unary
models with octahedral, cubic, icosahedral, and spherical
shapes (Figure 3) across various numbers of atoms, followed
by structure optimization for each. MLPs were then trained to
predict the energy of these models.
Initially, a pre-trained model specialized in catalyst design

was used for predictions. Column I in Table 1 shows the
prediction results using the GemNet-OC-S2EFS-OC20+
OC22 model [27, 28]. This model was trained by GemNet
on a large dataset from the Open Catalyst Project, which
includes over 1,000,000 structure optimization snapshots.
However, this model appears to be less effective when pre-
dicting the total energy of clusters with various shapes and
sizes, indicating that the models trained on slab structures
may not be the best fit for cluster models.

Column II in Table 1 shows the results of the Allegro
model trained with binary and ternary alloys in octahedral
cluster models consisting of 19 atoms (3,804 data), as well as
with binary and ternary alloy bulk crystals (747 data). Except
for the smallest icosahedral case, the accuracy of Allegro
trained with clusters (II) is much better than that of the
GemNet-OC-S2EFS-OC20+OC22 (I). This indicates that in-
cluding certain cluster data in the training dataset lead to
improved prediction performance for clusters with different
sizes and shapes.
Column III in Table 1 shows the results of the Allegro

model trained using the data from II, along with randomly
shaped unary clusters consisting of 3–55 atoms obtained
from NOMAD (3,228 data). The inclusion of these randomly
shaped clusters significantly improves the accuracy across
various cluster models. As a result, the MLP model in III is
now well-suited for investigating the stability of a broad
range of models.

IV. CONCLUSIONS

In this study, MLPs were developed based on limited DFT
calculation datasets to explore a large configurational space
of multi-element alloy catalysts by predicting the adsorption
energies of H and CO. The analysis of slab models with these
MLPs highlights the potential of HEAs as catalysts, with

(a) (b)

Figure 2: Prediction for (a) quaternary and (b) quinary systems
using the model trained on DFT calculation data for unary to ternary
systems.

Figure 3: Type of shapes used in the test data. As regards size, the
numbers of atoms listed in Table 1 were used to create structures.

Table 1: Predictions for models of various shapes and sizes using
(I) the GemNet-OC-S2EFS-OC20+OC22 pre-trained model, (II) the
Allegro trained with binary and ternary alloys in octahedral clusters
consisting of 19 atoms (3,804 data), as well as with binary and
ternary alloy bulk crystals (747 data), and (III) the Allegro trained
with the datasets of (II) and randomly shaped unary clusters ob-
tained from NOMAD (3,228 data).

Shape
Number
of atoms

MAE (meVatom−1) Number
of test
datasetsI II III

Octahedron
44 396.4 130.5 17.6 9
85 446.6 150.9 15.0 9

Cubic
63 401.4 74.9 32.7 8
171 449.7 88.9 26.9 8

Icosahedron
13 92.5 279.3 56.6 8
55 420.7 97.6 13.1 7
147 469.2 112.2 23.6 8

Sphere
135 456.4 107.2 19.6 8
179 457.8 124.0 17.9 6

Regular Paper

e-J. Surf. Sci. Nanotechnol. 23, 188–192 (2025) | DOI: 10.1380/ejssnt.2025-028 191

https://doi.org/10.1380/ejssnt.2025-028


adsorption energy values of �EH and �ECO that are highly
correlated with CO2RR catalytic activity, laying within the
desirable range. Additionally, our MLPs also provides accu-
rate predictions of total energies for models containing up to
five elements, as well as cluster models with varying sizes
and shapes, despite limited diversity in the training datasets.
Given the current limitations of DFT calculations for HEA

clusters and the scarcity of available data, this study provides
a promising foundation for future advancements in this field.
For example, these MLPs serve as powerful tools for high-
throughput screening of the optimal alloy compositions and
optimizing the size and shape of cluster catalysts.
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The details of hyperparameter settings in Allegro and predicted
additional slab models in Figure 1(d–f ) are available in Supple-
mentary Material at https://doi.org/10.1380/ejssnt.2025-028.
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