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ABSTRACT

Surface phase diagrams are useful in material design for understanding catalytic reactions and deposition processes and are usually obtained
by numerical calculations. However, a large number of calculations are required, and a strategy to reduce the computation time is necessary.
In this study, we proposed a black-box optimization strategy to investigate the surface phase diagram with the smallest possible number of
calculations. Our method was tested to examine the phase diagram in which two types of adsorbates, i.e., oxygen and carbon monoxide,
were adsorbed onto a palladium surface. In comparison with a random calculation without using machine learning, we confirmed that the
proposed method obtained a surface phase diagram with a small number of calculations. In conclusion, our strategy is a general-purpose
method that can contribute to the rapid study of various types of surface phase diagrams.

© 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/10.1063/5.0229856

I. INTRODUCTION

A surface phase diagram describes the state of adsorption
between a gas or liquid molecules on a solid surface,” ie.,
depending on the thermodynamic parameters such as temperature,
pressure, and chemical potential, the stable adsorption structures
are summarized. Surface phase diagrams are widely used in material
design to understand catalytic reactions and deposition processes.””’
However, the microscopic atomistic structures on surfaces with
adsorbates are difficult to detect experimentally using current
measurement technologies and, therefore, the construction of
surface phase diagrams relies on atomistic simulations. Even
with simulations, constructing a surface phase diagram is a
time-consuming task that requires many calculations while
changing the thermodynamic parameters.

The general procedure for constructing a surface phase diagram
based on the chemical potentials of each adsorbate using atomistic
simulations is described as follows.”” First, we search for stable
adsorption structures based on density functional theory (DFT)
calculations when the surface coverage of adsorbates is varied and
calculate the adsorption energy for each stable structure. Second, we

identify the stable adsorption structure with the lowest adsorption
energy depending on the chemical potential and obtain a surface
phase diagram. The first step of the procedure requires a large num-
ber of calculations because there are a large number of combinations
according to the different numbers of adsorbates to be adsorbed on
the surface. In addition, if the number of molecules is fixed, a stable
adsorption structure is difficult to find, and long-term simulations
based on DFT calculations are needed.

Here, we propose a black-box optimization (BBO) method
to reduce the number of calculations required to construct
surface phase diagrams. BBO is frequently used in materials science
to optimize materials with desired physical properties through a
small number of experiments or calculations.!’ Various methods
have been developed to meet research needs; some methods have
also been proposed for constructing phase diagrams.'''® However,
these methods cannot be directly applied to surface phase diagrams,
and the development of an appropriate method is required. The
BBO method for surface diagrams has been considered an efficient
construction method for Pourbaix diagrams with one-dimensional
parameters, i.e., applied potential.'” Still, the extension to surface
diagrams with multiple parameters beyond the two-dimensional
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space has not been considered. In this study, we developed a BBO
method that could treat multiple parameters such as the chemical
potentials of adsorbates. The flow chart of the proposed BBO
method is illustrated in Fig. 1. The parameter targeted for optimiza-
tion is the number of adsorbates on the surface, which is defined
as {Ni}i=1....x» where K types of adsorbates are adsorbed. The
acquisition function is defined by the change of surface free energy
with respect to adsorption, which is expressed as A({N }x=1,... x)-
The stable adsorption structure with a small A({Nj }x=1,.. x) value
appears in a large area of the surface phase diagram. In the
BBO method, iterative calculations are performed to acquire better
conditions for the numbers of molecules with small A({Ny }x=1....x)-
The Gaussian process regression (GPR) model is trained from the
initial data under some conditions with stable adsorption energies.
Based on the predicted results of the GPR model, one condition for
the numbers of adsorbates is selected. Under the selected condition,
a stable adsorption structure is determined using atomistic simu-
lations. Because the number of training data points increased by
one, the next condition is selected using the retrained GPR model.
Therefore, in every iteration, an atomistic simulation is required
to determine a stable adsorption structure when the number of
molecules is fixed. The motivation for the proposed BBO is to reduce
the number of investigated conditions to obtain details of the surface
phase diagram.

Il. METHOD

We describe the details of the proposed BBO method. First,
as initial data, we search for adsorption structures that are stable
for some conditions of {Ny }«-1.... k- In this study, the constrained

minima hopping method'® implemented in the atomistic simulation
environment (ASE) package'” is used. Normally, DFT calculations
are used to evaluate the adsorption energy. However, to reduce the
computation time, the adsorption energies were evaluated using
the neural network potentials by Matlantis.”"””' The details of the
calculation method are described in Supplemental Note A. The
adsorption energy of the explored stable adsorption structure
obtained by combining the minima hopping method and Matlantis
is expressed as Eaps(N1,Na,...,Nk), which is a function of the
numbers of adsorbates. Instead of the constrained minima hopping
method, other optimization techniques such as the annealing
approach?” and BBO methods””** can be used to search for stable
adsorption structures.””*° Using the obtained E,ps (N1, Na, . .., Nk),
the free energy changes due to adsorption depending on the chem-
ical potentials of each type of molecule {Apy}x-1,.. x are defined
approximately as follows:

1

AG(N1, Na, ... Nildgt, Moy, i) ~ 0 s

K
X (Eabs(NI:NZ)nuNK)_ZNkA[’lk)) (1)
k=1

where A(N1,N3,...,Nk) is the surface area where the adsorbates
are adsorbed.

Next, we construct a machine learning model to predict the
adsorption energy from arbitrary {Ny }s-1.... . If there are M con-
ditions for the number of adsorbed adsorbates where the adsorption
energy has already been calculated, these data are used as training
data for the GPR model, which is trained using Scikit-learn.”” The

AIP Advances 14, 125008 (2024); doi: 10.1063/5.0229856
© Author(s) 2024

14, 125008-2

2¥'61:00 20 Joqusdeqg S0


https://pubs.aip.org/aip/adv

AIP Advances ARTICLE

GPR model can compute not only the mean y(N1, N>, ..., Nk) but
also the variance 6(N1,N,...,Nx) of prediction. Considering the
variance, which is the uncertainty of the prediction, we define the
predicted adsorption energy as

Ejs(Ni,Na, ..., Nk) = u(N1, N, ...

.»Nx) = fo(N1, Ny, . .., Nk).

2

If the adsorption energy is low, the corresponding adsorption struc-
ture has a greater impact on the surface phase diagram. Therefore,
we define Ejj (N1, N>, ...,Nk) as the lower bound, including the
prediction uncertainty, based on the concept of the lower confidence
bound (LCB) strategy.”® Here, f8 is a hyperparameter, and the uncer-
tainty of prediction becomes important in Ej; (N1, Na, . . ., Nk ) with
a larger . Therefore, the predicted free energy changes due to
adsorption depending on {Nj }x-1,... x can be approximated as

1

AG*(Ny, Ny, .. - -
(N2, Nz A(Ny,Na, ..., Nk)

- Nk|Apt, Apa, . . ., Auk) ~

K
x (E:bs(Nl»NLn-,NK) - NkAyk). 3)

k=1

The predicted surface phase diagram is obtained using the predic-
tion model. In the predicted case, the conditions for the numbers
of adsorbed molecules with small free energies over a wide region
are dominant. Based on this fact, we define an acquisition function
to select the condition such that the corresponding stable structure
appears in the surface phase diagram over a wide region.

To define the acquisition function, we consider a discretized
surface phase diagram, i.e., the chemical potentials are discretized.
When the sum of the free energies at all discretized points is small,
the corresponding condition is expected to appear over a large area
of the surface phase diagram. Therefore, the acquisition function
based on the predicted free-energy changes is defined as

1

AN keteck) =25 D0 0D, A(Ny, Ny, ..., Nk)

Auy Ay Aux

K
x (E:bs(Nl,Nz, ..sNk) =) NkAyk), (4)

k=1

where the sums are performed on the discretized chemical poten-
tial values. For all candidate conditions with different numbers
of adsorbates to be adsorbed, A({N}i=1,...x) is evaluated, and
one condition with minimum value is selected. For the selected
condition, the adsorption energy is calculated using the con-
strained minima hopping method and Matlantis. Then, the amount
of data is increased to prepare M + 1 training data. The GPR
model is retrained, and the next condition is selected for iterative
calculations.

Ill. RESULTS

To clarify the performance of the proposed BBO method in
constructing a surface phase diagram, we addressed the problem in
which two types of adsorbates, i.e., oxygen (O) and carbon monoxide
(CO), are adsorbed on a palladium (Pd) surface. The surface
phase diagram of the system was studied in detail using DFT

pubs.aip.org/aip/adv

calculations.® The number of molecules to be adsorbed is deter-
mined using the two-dimensional parameters {No,Nco}. Here,
we consider the adsorption on the 2 x 2 and 4 x 4 surface struc-
tures of Pd. On the 2 x 2 surface, when four oxygen atoms are
adsorbed, the top layer of the Pd slab is completely oxidized. Then,
when No >4, No — 4 oxygen atoms are absorbed on the top layer
PdO surface. In preliminary calculations, we confirmed that the
adsorption structures become unstable when more than five
molecules are adsorbed on the surface. Therefore, except for
oxidized oxygen, the maximum number of molecules adsorbed is
four. This treatment is the same as that used in a previous study.’®
In this case, there are 29 conditions for {No,Nco} (see Table S1).
On the other hand, in the case of the 4 x 4 surface, for No > 16,
the oxidized surface is considered, and a maximum of 16 molecules
can be adsorbed except for oxidized oxygen. In addition, we con-
sider the case in which the number of adsorbed molecules is even.
Based on that, there are 89 possible conditions for {No,Nco}
(see Table S2).

Under all these conditions, stable adsorption structures were
searched using the constrained minima hopping method and Mat-
lantis, and the adsorption energies E.s(No,Nco) were calculated
in advance. This enabled us to determine the optimal solution for
the surface phase diagram. The adsorption energies are shown in
Figs. 2(a) and 2(b). The stable structures are summarized in Tables
S1 and S2. For the 2 x 2 surface, a stable adsorption structure could
not be found for only one condition, i.e., {No,Nco } = {4,4}. Mean-
while, in the case of the 4 x 4 surface, no stable structure was found
under 39 conditions. In general, adsorption energy tends to decrease
as the number of adsorbed atoms increases. Therefore, No and Nco
can be better descriptors for predicting E,ps(No,Nco). To confirm
this, we checked the prediction accuracy using the GPR model. The
distributions of the test data using leave-one-out cross-validation are
shown in Figs. 2(c) and 2(d). For the dataset, only the conditions
where stable structures could be found were used. The R? value is
high, and we confirmed that the adsorption energy can be predicted
by the number of adsorbed adsorbates. The obtained result was
consistent with an existing study that the adsorption energy strongly
depends on the coverage of the adsorbed molecules.”

After completing the adsorption energy calculations for all
structures, we plot a surface phase diagram. For -2.5 eV < Aug,
<0eVand -2.5eV < Ay, <0 eV, the surface phase diagrams are
shown in Fig. 3. Note that these diagrams are not results of our
proposed BBO method but results of adsorption energy calculations
for all stable structures. Following the reported Pd-O-CO surface
phase diagram,”’ the bulk PdO phase is also considered, as shown in
Fig. 3. In comparison to the 2 x 2 surface, many more types of struc-
tures appeared in the 4 x 4 surface, and a substantial surface phase
diagram is obtained by increasing the size of the surface. In addition,
Apo and Apc are discretized in increments of 0.05, and the sum
of the adsorption free energies for the structures appearing at each
point is defined as Sopt (shown in Fig. 3). Notably, the obtained phase
diagram is slightly different from that of a previous study using DFT
calculations,® which is attributed to the different conditions required
for the number of molecules to be adsorbed and the different meth-
ods used for calculating the adsorption energy. The purpose of our
study is not to plot an exact surface phase diagram but to verify
the performance of BBO. The aim of the following demonstration
is to obtain these phase diagrams shown in Fig. 3 with a smaller
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number of calculations to explore the stable structures as much as
possible.

Based on these results, the proposed BBO method is used to
verify the performance. There are conditions for the number of
adsorbates in which no stable structure could be found; however,
these conditions are also included in the search space for verification.
This is because the stability of the structure is known only after the
simulation. If an unstable case is selected in the iterative calculation,

(@) 2x2 surface
Sopt = 158.72

ApcoleV]

—-2.01

-2.5 T T
-2.5 -2.0 -1.5 -1.0 -0.5 0.0

ApoleV]

the adsorption energy is regarded as 1, which is sufficiently high.
Five different pairs of {No,Nco} are randomly selected as the
initial data for the iterative calculations in BBO. For each BBO
cycle, a surface phase diagram is obtained using only the conditions
investigated at that time. When the number of investigated condi-
tions is M, the sum of the adsorption free energies for the structures
appearing at each point is defined as S(M) on the discretized
adsorption phase diagram in increments of 0.05. This value is larger

(b) 4x4 surface
Sopt = 149.97

0.0
-05
> -1.0
Q.
8
315 {0.8}
<4 0,6} . .
_20 Vs Ty
{0,0}
25

225 -20 -15 -10 =05 0.0

ApoleV]

FIG. 3. Surface phase diagram depending on the chemical potentials Ay, and Au, for (a) 2 x 2 and (b) 4 x 4 surfaces. The {No, Nco } and Sy, values are also presented.
These surface diagrams are plotted by all adsorption energies for all stable structures. The stable structures are summarized in Tables S1 and S2.
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FIG. 4. Loss function LOSS(M) vs the number of investigated conditions M by the proposed BBO method for (a) 2 x 2 and (b) 4 x 4 surfaces. In each cycle of BBO, the
number of investigated conditions is increased by one. The average of the results for ten independent runs with different initial data and the standard deviation are shown

as lines and shaded areas, respectively.

than Sopt because the number of investigated conditions is small.
Therefore, we define the loss function for the accuracy of the phase
diagram as follows:

LOSS(M) = S(M) — Sopt. (5)

The iteration dependence of LOSS(M) is shown in Fig. 4. Ten inde-
pendent trials with different initial data are performed to calculate
the statistical error for random initial selections, and the mean and
variance of LOSS(M) are evaluated. In addition, the value of f8 in
Eq. (2) is changed, and the optimization performance is compared
with random selection, where the number of adsorbates is randomly
selected in each cycle. The results show that the proposed BBO
method provides a better LOSS(M) than random selection, and a
detailed surface adsorption phase diagram can be obtained even if
the number of investigated conditions is small. For the complex 4 x 4
surface, f =10 is optimal, thus indicating that the search for the
adsorption phase diagram can be accelerated by taking into account
the variance of the prediction, like active learning. If our proposed
method is adapted to any other surface phase diagram, the better
B needs to be adjusted for each diagram calculation. On the other
hand, our result shows that one strategy is to choose p such that the
second term in Eq. (2) has sufficient influence. It is also possible to
perform the search by changing the B in each step. The method for
determining the proper p in any system is a topic we will study in the
future.

IV. CONCLUSION

In conclusion, we proposed a BBO technique to investi-
gate surface phase diagrams with the smallest possible number of
calculations. With our technique, the surface phase diagrams of
a palladium surface where oxygen and carbon monoxide were
adsorbed were investigated. Two different surface sizes were
considered, and a more complex result was obtained using a
larger system. Therefore, adsorption on a larger surface should be
considered in the calculations to approach the experimental

systems. Overall, we believe that BBO can be used to treat wider
surfaces by reducing the number of stable structure calculations. In
this study, a neural network potential was used to rapidly calculate
the adsorption energy. Furthermore, the constrained minima hop-
ping method, which is a conventional method, was adopted to
search for stable structures. Machine learning-assisted optimization
methods will also be used for stable structure searches. By accel-
erating the entire method with machine learning, a surface phase
diagram that can explain the details of the experiment will be rapidly
provided.

SUPPLEMENTARY MATERIAL

Supplementary material Note A: Calculation methods of
adsorption energy. Table S1: Stable structures of 2 x 2 surfaces with
adsorbate and adsorption energy E,ps. Table S2: Stable structures of
4 x 4 surfaces with adsorbate and adsorption energy E,ps.
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