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Pt-modified amorphous alloy (Pt@PdNiCuP) catalyst exhibits excellent electro-catalytic activity and high
experimental durability for hydrogen evolution reaction (HER). However, the physical origin of the cat-
alytically active remains unclear. In this paper, we constructed a distance contribution descriptor (DCD)
for the feature engineering of machine learning (ML) potential, and calculated the Gibbs free energies
(AGy) of 46,000 *H binding sites on the Pt@PdNiCuP surface by ML-accelerated density functional the-
ory (DFT). The relationship between AGy and DCD revealed that in the H-Pt distance region of 2.0-2.5 A
where the parabolic tail and disordered scatters coexist, the H-metal bonding configuration is mainly the
bridge- or hollow- bonding type. The contribution analysis of DCD indicates that the joint effect of Pt,
Pd and Ni atoms determines the catalytical behavior of amorphous alloy, which agrees well with experi-
mental results. By counting atomic percentages in different energy intervals, we obtained the atomic ratio
for the best catalytic performance (Pt:Pd:Ni:Cu:P=0.33:0.17:0.155:0.16:0.185). Projected density of states
(PDOS) show that H 1s orbital, Pt 5d orbital, and Pd 4d orbital form a bonding state at —2 eV. These

results provide new ideas for designing more active amorphous alloy catalysts.
© 2023 Published by Elsevier B.V. on behalf of Chinese Chemical Society and Institute of Materia

Medica, Chinese Academy of Medical Sciences.

Hydrogen is considered as one of the most ideal alternative en-
ergy sources for fossil fuels due to its carbon-free, clean and ef-
ficient, and abundant natural resources [1]. Currently, a promis-
ing and economical strategy is electrochemical water splitting or
hydrogen evolution reaction to produce hydrogen [2-4]. The de-
velopment of efficient and durable electro-catalysts is crucial for
the HER. Pt-based materials have been found to be the most effi-
cient catalysts for HER, but the high cost and scarcity of Pt limit
its commercial application. The synergy between the elements of
amorphous alloys or metallic glasses and a large number of incon-
gruent sites on the surface provide the possibility for the design
of efficient HER catalyst. In recent years, including Pd- [5], Fe- [6],
Al- [7], Ni- [8] and Co-based [9] amorphous alloy catalysts for HER
have been extensively studied. Unfortunately, they still fall short
of the high activity and durability of Pt-based alloys. So far, Pt-
based materials are still the most efficient HER catalysts. To reduce
the use of Pt, one strategy is to intercalate Pt onto the surface of
amorphous alloys. Our previous results show experimentally that
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Pt@PdNiCuP has the best Tafel coefficient among all the catalysts
obtained and unexpected self-stabilized performance in HER pro-
cesses (the number of sites is about 3 times that of Pt/C, and no
degradation occurs for 500 h at an overpotential of 200 mV) [10].
However, limited by experimental conditions and cost, the rela-
tionship between the catalytic activity of Pt@amorphous alloys and
the local atomic environment is still not effectively resolved.
Density functional theory (DFT) has been shown to be a promis-
ing strategy for calculating adsorption energies and catalyst atomic
design [11-14], but its high computational cost and computational
complexity limit its application in exploring catalytic properties.
In recent years, computationally efficient and data-driven machine
learning models (ML) have shown great potential in accelerating
the development of catalytic technologies, which incorporate data
sets containing chemical information as an effective tool for re-
searchers [15-23]. Several research groups have successfully com-
bined density functional theory with machine learning to reveal
some interesting discoveries in amorphous alloy or high-entropy
alloy catalysts. Batchelor et al. used DFT combined with the least-
squares algorithm to predict the adsorption energy of IrPdPtRhRu
and reaction intermediates well [24]. Mao et al. proposed an ef-
fective high-throughput HER catalyst screening strategy through
high-throughput DFT calculation combined with a neural network
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Fig. 1. (a) Ptg4@Pdi4oNijgCuigoP1s0 model after geometric optimization. (b)
Schematic diagram of sampling the H atom adsorption site.

model [25]. Saidi et al. developed a method based on machine
learning and global optimization to optimize the activity of Co-
MoFeNiCu for ammonia decomposition and ammonia synthesis
[26]. These works mainly study the catalytic performance in a rel-
atively limited local atomic environment, and the research on the
ligand diversity and coordination complexity of amorphous mate-
rials is still rarely covered.

In this paper, DFT calculations combined with ML models were
used to predict the AGy of adsorption sites under different ligands
and coordination of amorphous alloys (Pt@PdNiCuP), which pro-
vides conditions for the study of catalytic performance. We sam-
pled 46,000 adsorption sites on the Pt@PdNiCuP surface and con-
struct distance contribution descriptors (DCD) to provide an effi-
cient dataset for machine learning models. Through statistical anal-
ysis, the influence mechanism of each element on catalytic activity
was clarified from the perspective of atomic distance and atomic
percentage, and the atomic ratio with the best catalytic perfor-
mance was predicted. In addition, we also calculated the charge
density difference and projected density of states (PDOS) to inves-
tigate the mechanism by which the local atomic environment af-
fects the catalytic activity. These results provide new ideas for de-
signing more active amorphous alloy catalysts.

The algorithm consists of three parts (Fig. S1 in Supporting in-
formation): (1) The stochastical generation of the local atomic en-
vironment and accurate DFT-level Gibbs free energy calculations
for 920 H adsorption sites on the surface of Pt@PdNiCuP; (2) Using
distance contribution descriptors (DCD) perform feature extraction,
divide the data into the training set and test set, train machine
learning potential and evaluate the performance of machine learn-
ing potential respectively; (3) 46,000 adsorption sites were densely
sampled on the two surfaces of Pt@PdNiCuP, the AGy of the ad-
sorption sites were predicted, and finally, the results were statisti-
cally analyzed.

We adopted the Pd supercell in which both surfaces are the en-
ergetically favored (111) facet [27,28]. We construct a Pd atomic
supercell of 14 x 10 x4 with a total atom of 560 and randomly
changed the atomic composition according to the atomic ratio,
thereby obtaining the substrate Pd49Nij49Cu140P140. Then Pt atoms
were randomly inserted on both sides of the substrate according
to the ratio, and finally, the structure of Ptgs@Pdq49Ni149Cu140P140
was obtained (644 atoms). 20 A vacuum layer was added along
the Z-axis to avoid dipole-dipole interactions. To obtain a sta-
ble atomic structure, we performed DFT structure optimization on
Ptg4@Pd149Nii49Cuq49 P149, and the results are shown in Fig. 1a. All
DFT calculations are performed using the Vienna ab initio simu-
lation package (VASP) (see Supporting information for full details)
[29,30].

It is well known that the AGy of H adsorption is often used
as an indicator of HER activity [31-33]. To maintain high catalytic
activity, H atoms should not bind too strongly or too weakly to
the catalyst surface, so that both adsorption and desorption are
fast. This requirement indicates that the catalyst has high activity
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for the HER when the AGy of adsorbed H atoms is around 0 eV
[34,35]. The formula for calculating the AGy of H adsorption site
is as follows:

AGy = AEy — AEzpg — TASy (1)

where AGy represents the H adsorption energy, AEzpg and ASy
are the zero-point energy (ZPE) and the entropy between the H
adsorption state and the gas phase, respectively. AEy is defined
as:

AEy = Eyime — Emc — (%)E(Hz) (2)

where Ey, i is the total energy of H atoms adsorbed on the sur-
face of the Pt@PdNiCuP, Ey; is the energy of the Pt@PdNiCuP,
and E(H,) is the energy of H,. The energy of H, is —6.97
eV. As the vibrational entropy of H atom can be ignored, that
is, ASy ~ (1/2)AS(H,). Hence, the AGy can be simplified to
AGy=AEy+0.24 eV.

The catalytic performance of amorphous alloys is closely related
to the local atomic environment. To obtain the H atom adsorption
sites under different ligands and coordination environments on the
catalyst surface, we took an average of 460 sampling points on the
upper and lower surfaces of Ptgq@Pd409Nij40Cuq49P149 to obtain a
rich local atomic environment, as shown in Fig. 1b. After determin-
ing the X, Y coordinates of the H atom, set its position as the cen-
ter of the circle and extract the Z coordinate of the highest atom
in a circular area with a radius 2.0 A. Then randomly add 0.8-
1.8 A to the Z coordinate of the highest atom to obtain the height
of the H atom along the Z-direction. When the spatial position of
the H atom is determined, the atomic cluster in the spherical area
with the H atom as the center and the radius of 5.0 A is extracted,
which is the local atomic environment that affects the adsorption
performance of the active site. The original dataset was established
by DFT calculations and the AGy of 920 adsorption sites was ob-
tained.

To construct data for machine learning, we need to convert
the obtained raw data (atomic structure) into features for machine
learning through data descriptors. The AGy of the H atom adsorp-
tion site is closely related to the “ligand effect” and “coordination
effect” of H atom adsorption [36]. To construct a feature that can
approximately reflect the coordination and ligand states of H atom
adsorption sites, we constructed a distance contribution descriptor
(DCD) to describe the coordination of H atoms in the local atomic
environment, which is defined as:

1
DCD=—— m=1, 2, 3,...,n 3
DI 3)
where Dy_x represents the H-metal (Pt, Pd, ...) distance, X = {Pt, Pd,
Ni, Cu, P}.

Next, we combined the contribution of the distance between
the H atom and each atom in the local environment in order ac-
cording to the element type, and finally obtained the characteristic
that can approximately reflect the coordination and ligand state of
the H atom adsorption site: [5n—: gm—: pm—: pm—: pm—» the

H-Pt H-Pd H-Ni H-Cu H-P
feature data extraction process is shown in Fig. 2. The character-
istics are controlled by two factors: the first is the contribution
value of the distance between atoms, and the second is the num-
ber of atoms of each element, which together describe the state of
the coordination and ligand of the H atom in the local atomic en-
vironment. In general, the features we constructed consist of sim-
ple geometric elements, which can effectively transform the atomic
structure of the adsorption site into data for machine learning. The
representative feature data set is shown in Tables S1 (Supporting
information).

To determine the power m of the DCD, we use the performance

of the machine learning model as the evaluation standard to select
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Fig. 3. (a) Mean square error of different features. (b) The variation of the mean
square error versus train set size. (c) The SVR model is trained on a training set of
800 samples and tested on a test set of 100. The solid line is the ideal ratio of DFT
energy to predicted energy of 1:1. (d) The relative error percentage distribution on
800 samples.

the optimal power m of the DCD. The machine learning model is
developed using scikit-learn code [37]. The code for training the
model is based on Python 3.8.5 (see Supporting information for
full details). Based on this, we select m=1, 2, 3, 4, 5 and 6 to train
the support vector regression (SVR) model separately, and use the
five-fold cross-validation method to select the optimal power m.
The result of the machine learning evaluation is shown in Fig. 3a.
It can be seen that when the power m =3, the mean square error
is the smallest, which is 0.0695. Based on this, we choose m=3
as the power of the DCD to provide an efficient data set for the
machine learning model.

After the machine learning data set is ready, we draw the
learning curve of the SVR model, as shown in Fig. 3b. It can be
seen from the figure that as the sample size increases, the mean
square error of the model in the training set decreases progres-
sively, which indicates that the prediction accuracy of the model
in the test set is getting higher and higher. It is worth noting that
when the number of samples is only about 500, the accuracy of
the model is below 0.1, which fully proves the superiority of the
feature.

Then we further use grid search to adjust the hyper-parameters
of the SVR model on the 800 sample training set. The five-fold
cross-validation result of the optimized model on the training set
is shown in Fig. 3c. The root means square error between the cal-

Transform
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Fig. 4. Atomic environment of H-metal distance. (a) The relationship between the
H-Pt distance and the AGy (the solid red line is the result of polynomial fitting);
(b) H-metal distance contribution analysis as the function of AGy; Illustration of (c)
on-site configuration of H-Pt bonding, (d) bridge configuration of Pt-H-Pd bonding,
(e) hollow configuration of H-Pt-Pd-Ni bonding.

culated value of DFT and the predicted value of 800 SVR models
is 0.130 eV. Then, we use the trained model to predict a test set
of 100 samples, and the root means square deviation between the
true value and the predicted value is 0.131 eV. Fig. 3d shows the
relative error percentage distribution of the model on 800 samples.
The error distribution within +£20% accounts for about 87.9%, the
error here can be reduced by expanding the dataset. The above re-
sults reflect the accuracy of the model prediction and at the same
time prove the feasibility of using the DCD-based machine learning
model to evaluate the catalytic performance of the surface active
sites of amorphous alloys.

After training the SVR model, we densely sampled
46,000 adsorption sites on the upper and lower surfaces of
Ptg4@Pd 49Nij49Cui40P140, and used the SVR model to predict
the AGy of H adsorption sites. Inspired by the distance contri-
bution descriptor, we screened 5096 adsorption sites to explore
the relationship between H-metal (Pt, Pd, ...) distance and AGy,
and analyze the H-metal bonding configurations (on-site, bridge,
hollow) as shown in Fig. 4. As can be seen from the scatter plot in
Fig. 4a, in the region of 1.0 < Dy.p; < 2.0 A, the scatter plot takes
on a parabolic shape, indicating that the H atoms in this region are
mainly distributed on-site of Pt (Fig. 4c). The adsorption potential
energy of H atoms is mainly affected by Pt atoms [38-40], so
the energy of the H adsorption site is parabolically shaped. In
the region of 2.0 < Dy.p < 2.5 A, the coexistence of parabolic
tails and disordered scatter can be seen, and the H-metal bonding
configuration is mainly the bridge or hollow bonding among H,
Pt and other metals (Pd shows more favorable in Figs. 4b, d and
e). When Dyp; > 2.5 A, it can be seen that the region exhibits
a disordered scatter distribution, which indicates without the
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Fig. 5. Atomic statistical percentages of H adsorption sites in different AGy inter-
vals.

influence of Pt-H, the H-bonding with other metals has a random
distribution of AGy.

Fig. 4b shows the H-metal distance contribution analysis as the
function of AGy. We add up the distance contribution value (DCD)
of atoms of the same element in the cluster, an index (Dcontribute)
that can measure the size of the distance between H atoms and
each element, which is defined as:

n
Dcontribute :ZDCDh i= 1, 2, 3,....n (4)
i=1

where n represents the number of atoms of the same element in
the adsorbed cluster. Here, the power of DCD is 3. It should be
noted that the larger the D.niibute Value, the closer the distance
between atoms. Then, we count the cases of Degpripute i €ach AGy
interval (—0.25 to 0.45 eV), and the results are shown in Fig. 4b.
When the Pt-H distance decreases, the AGy of the adsorption site
gradually decreases; when the Pd-H, Ni-H distance decreases, the
AGy of the adsorption site gradually increases; for Cu atoms and
P atoms, the D.gneripute Values are at low levels in different en-
ergy intervals, indicating that they have little effect on the AGy
of the adsorption site. In summary, the main factors affecting the
catalytic performance of the adsorbed clusters are Pt, Pd and Ni
atoms, which agrees well with experimental results [10]. Pt atoms
are beneficial to reduce the AGy of H adsorption clusters, while Pd
and Ni atoms are beneficial for increasing the AGy of H adsorption
clusters. They jointly regulate the catalytic activity of adsorption
clusters.

Considering the H-metal bonding configurations (on-site,
bridge, hollow), we screened out 11,752 active sites with AGy
ranging from —0.35 eV to 0.45 eV among 46,000 adsorption sites.
Then its atomic percentage in each energy interval was calcu-
lated, and the results are shown in Fig. 5. As the Pt atomic per-
centage gradually decreases, the AGy of the active site gradu-
ally increases; in the local range of the energy interval —0.05
eV to 0.45 eV, as the Pd, Ni, and P atomic ratio increases, the
AGy of the active site gradually increases; for Cu atoms, there is
no obvious trend in the atomic ratio as the energy interval in-
creases. The above results are consistent with Fig. 4b. To obtain
the atomic ratio of the best catalytic performance, we calculated
the atomic ratio of AGy between —0.05 and 0.05, which resulted
in Pt:Pd:Ni:Cu:P=0.33:0.17:0.155:0.16:0.185.

To gain a deeper understanding of the catalytic mechanism of H
atom adsorption on the surface of Pt atoms and the substrate sur-
face, we selected the adsorption sites with AGy close to 0 in these
two adsorption cases, and plotted the differential charge density
map, as shown in Fig. 6. We mainly focus on the nearest neigh-
bors of H atoms because they interact with H the strongest. Fig.
6a shows the adsorption site on the surface of Pt atoms. It can
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Fig. 6. The isosurface of charge difference before and after H atom adsorption on
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accumulation and charge depletion, respectively. The projected state density of H
atom adsorption sites in the (c) Pt surface and (d) substrate surface. The insets in
(c, d) are the PDOS near the Fermi level.

be seen that the charge density between H atoms and Pt atoms
is high, while the charge density between H atoms and other co-
ordination atoms is low, indicating that there is a strong interac-
tion between H atoms and Pt atoms. Fig. 6b shows the adsorption
site on the surface of the substrate. It can be seen that the charge
density between H atoms and Pt, Pd and Ni atoms is very high,
indicating that there is a strong interaction between them. To fur-
ther confirm the contribution of the local atomic environment, we
calculated the projected density of states of H atoms and their co-
ordinating atoms in the adsorption sites in Figs. 6a and b.

Fig. 6¢c shows the H atom on the surface of the Pt atom. There
are obvious resonance peaks between the s orbital of the H atom
and of the Pt 5d orbital and Pd 4d orbital atoms, thereby forming a
bond state at —2 eV. At the energy of —6 eV, the density of states
of the Pt atom is larger, indicating that the Pt atom has a stronger
binding force to the H atom. Fig. 6d shows the H atom on the sur-
face of the substrate. There are obvious resonance peaks between
the s orbital of the H atom and d orbital of the Pt, Pd(a), Pd(b) and
Ni atoms, thus forming a bond state below —2 eV. Near the energy
of —5 eV and the Fermi level, the density of states of Pt, Pd(a) and
Ni atoms are larger, indicating that Pt, Pd and Ni atoms have the
stronger binding force to H atoms. When H atoms are adsorbed on
the surface of Pt, it is mainly because the Pt atoms improve the
adsorption of H atoms. When H atoms are adsorbed on the sub-
strate surface, Pt, Pd and Ni atoms can improve the adsorption of
H atoms. In conclusion, Pt, Pd and Ni atoms can improve the ad-
sorption of H atoms.

In summary, we used density functional theory (DFT) com-
bined with machine learning to accurately predict the AGy of
46,000 adsorption sites on the surface of an amorphous alloy
(Pt@PdNiCuP), and research the factors affecting the catalytic ac-
tivity. The results show that Pt, Pd, and Ni are the main ele-
ments that affect catalytic activity. Among them, Pt is benefi-
cial to reduce the AGy of the system, while Pd and Ni increase
the AGy of the system. In addition, in the energy interval —0.05
to 0.05 eV, we get the atomic ratio of the best catalytic perfor-
mance (Pt:Pd:Ni:Cu:P=0.33:0.17:0.155:0.16:0.185). Finally, through
the projected density of states analysis, it is further indicated that
the d orbitals of Pt, Pd, and Ni atoms mainly affect the catalytic
performance. Our research strategy provides a new idea for the
study of amorphous alloy catalysts, which can be extended to other
promising catalytic materials.
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