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A B S T R A C T   

Yttria stabilized zirconia (YSZ) is an important engineering ceramic oxide used for various applications, 
including solid electrolytes in solid oxide fuel cells due to its high ionic conductivity. Accurate and computa
tionally inexpensive interatomic potentials for cubic ZrO2 and YSZ are required to accommodate the large 
number of defect configurations originating from high concentrations of Y and oxygen vacancies and to statis
tically understand their properties in realistic time. In this study, a genetic algorithm has been used to optimize 
empirical interatomic potential parameters for cubic ZrO2 and 10Y2O3 mol% YSZ using energies, forces acting on 
atoms, and stresses generated by ab initio calculations as training data. The optimized potentials reproduce the 
structural, mechanical, and thermal properties as well as the ionic conduction properties more accurately than 
previously reported empirical interatomic potentials. The developed potentials will be useful for a statistical 
characterization of YSZ properties, combined with more accurate ab initio calculations.   

1. Introduction 

Zirconia, represented by the chemical formula of ZrO2, is one of the 
most studied ceramic oxides because of its broad range of technological 
applications [1–6]. ZrO2 forms a monoclinic crystal structure at room 
temperature and undergoes phase transitions to tetragonal and cubic 
phases at high temperatures [7,8]. The cubic fluorite structure (Fig. 1a) 
can be stabilized by doping cations of larger size than zirconium ions 
[8–10]. An important dopant is yttria Y2O3, where high concentrations 
of Y3+ not only stabilize the cubic structure but also create a large 
number of oxide-ion vacancies, allowing oxide-ion conduction in ZrO2 
system. Y2O3-doped ZrO2, so-called yttria-stabilized zirconia (YSZ) 
(Fig. 1b), is one of the most important oxide-ion conductors and is 
widely used as solid electrolytes in solid oxide fuel cells (SOFCs) and 
oxygen sensors [1,2,11–15]. 

Because of the importance of YSZ for technological applications and 
as a model material, theoretical calculations on its defect configurations 
and properties have been extensively performed over the past four de
cades [13,16–25]. The calculations for YSZ are computationally 
expensive because (1) YSZ involves high concentrations of point defects 
with a large number of possible defect configurations, requiring large 
supercells containing many ions; (2) analyses of ion dynamics, such as 

oxide-ion diffusion, requires long-time molecular dynamics (MD) sim
ulations. Thus, several empirical interatomic potentials (EIPs), including 
the Coulomb-Buckingham potentials, have been constructed [13,17,26], 
which are much less computationally expensive than ab initio calcula
tions. The use of these potentials has revealed the nature of YSZ, such as 
the mechanisms of ionic conduction [13,16,20,27,28] and grain 
boundary segregation of Y and Vo [21–23]. 

Although ab initio calculations have been confirmed to be consistent 
with experiments in many fields, the accuracy of EIPs is controversial. In 
recent years, machine learning potentials (MLPs) have been developed 
for ZrO2 and YSZ, which reproduce the structure, energy, and force of 
ZrO2-Y2O3 system with high accuracy approaching that of ab initio cal
culations [29–34]. The computational cost of MLPs is several orders of 
magnitude lower than that of ab initio calculations, allowing more ac
curate simulations with moderate scales. However, they are still several 
orders of magnitude more expensive than EIPs [35,36] and are often too 
time-consuming for large-scale calculations. A combined use of ab initio 
calculations, MLPs, and EIPs, depending on the required accuracy and 
computational cost, is necessary to elucidate the nature of YSZ. In this 
regard, it is important to improve the accuracy of EIPs, especially for the 
comprehensive analyses of defect configurations and ion dynamics. 

EIPs constructed over a few decades were based on parameter fitting 
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to reproduce the structure and specific material properties of ZrO2 and 
YSZ. Recently, alternative methods have been proposed that utilize 
machine learning techniques to efficiently create more accurate EIPs 
[37–39]. For example, Rohskopf et al. demonstrated that phonons and 
thermal conductivity of silicon and germanium can be accurately 
reproduced by EIPs optimized using a genetic algorithm and ab initio 
datasets [37]. Applying such a machine learning approach to cubic ZrO2 
and YSZ may produce more accurate EIPs. 

Here, we report a genetic algorithm optimized potential (GAOP) for 
cubic ZrO2 and 10 mol% Y2O3 YSZ (10YSZ), trained on a large dataset 
generated by ab initio calculations. By efficiently exploring a vast num
ber of potential parameter combinations via a genetic algorithm, the 
developed GAOP exhibits energies, forces, and stresses closer to ab initio 
calculations than previously reported EIPs. To evaluate the performance 
of the GAOP, structural, mechanical, thermal, and ionic conduction 
properties are calculated and compared with experiments and ab initio 
calculations. With its low computational cost and improved accuracy, 
the GAOP is useful for large-scale calculations that are practically 
difficult to perform using MLP-based and ab initio calculations (e.g., 
oxide-ion conduction in large cells), and for pre-screening stable defect 
configurations in YSZ (e.g., Monte Carlo search for Y segregation at grain 
boundaries) prior to more accurate MLP-based and ab initio calculations. 

2. Methods 

2.1. Datasets 

The energies, forces acting on atoms, and stresses in cubic ZrO2 and 
10YSZ were obtained from ab initio calculations as training and test 
datasets for EIPs, as also used in ref. [40]. We created a 2 × 2 × 2 
supercell of the conventional unit cell of cubic ZrO2, which contains 96 
atoms. 10YSZ models were constructed by randomly replacing 6 Zr 
atoms with Y atoms and introducing 3 oxygen vacancies VO in the cubic 
ZrO2 supercell (Fig. 1b). Twenty and two 10YSZ models with different Y 
and VO configurations were constructed for the training and test data
sets, respectively. The lattice parameters and atomic positions of the 
cubic ZrO2 and 10YSZ models were optimized until the atomic residual 
forces were less than 1.0 × 10− 2 eVÅ− 1. The lattice parameter a of these 
supercells is approximately 10 Å. 

Following Seko et al. [41], we introduced structural deformations, i. 
e., random lattice distortion and atomic displacements, into each cubic 
ZrO2 and 10 YSZ model: 

A′ = A+ εAR, (1)  

f′ = f + εf A′− 1η, (2)  

where A and A’ are the lattice vectors of the supercell, and f and f’ are 
the fractional coordinates of the atoms in the supercell. R and η are a (3 
× 3) matrix and a three-dimensional vector, respectively, containing 
random numbers between − 1 and 1 to introduce random lattice 
distortion and atomic displacements. εA and εf are parameters to control 
the magnitude of the lattice distortion and atomic displacements. For 

Fig. 1. (a) Crystal structure of cubic fluorite ZrO2. (b) 10YSZ model with the 
lowest energy among the training and test datasets. (c) An example of deformed 
ZrO2 models. (d) An example of deformed 10YSZ models. 

Table 1 
Parameter ranges of the Coulomb-Buckingham potential considered in the genetic algorithm and their optimal values for cubic ZrO2 and 10YSZ. The values of potential 
parameters reported by Grimes et al. [26] and Kilo et al. [13] are also shown. See also Fig. S2 for the plots of energy vs. interatomic distance.   

Parameter Range GAOP Grimes Kilo 

Charge q (e) 0.00–1.00  0.55  1.0 1.0 
Zr-O A (eV) 100.00–50000.00  6434.96  1502.11 1024.6  

ρ (Å) 0.0100–1.0000  0.2304  0.3477 0.376  
C (eVÅ6) 1.000–500.000  8.674  5.1 0.0 

O-O A (eV) 100.00–50000.00  11994.52  9547.96 22764  
ρ (Å) 0.0100–1.0000  0.2219  0.2192 0.149  
C (eVÅ6) 1.000–500.000  2.949  32.0 27.89 

Y-O A (eV) 100.00–50000.00  12575.00  1766.40 1325.6  
ρ (Å) 0.0100–1.0000  0.2324  0.33849 0.3461  
C (eVÅ6) 1.000–500.000  68.491  19.43 0.0  

Fig. 2. Examples of Z convergence with generations in the first and second 
genetic algorithm optimization. 
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Fig. 3. Comparison of energies, forces, and stresses calculated using the EIPs and DFT. (a) The developed GAOP. (b) The potential reported by Grimes et al. [26] (c) 
The potential reported by Kilo et al. [13] The values calculated from the models used for the GAOP training and testing are plotted with gray and colored points, 
respectively. The diagonal line indicates that the values calculated by EIP and DFT are equal. The root mean squared errors (RMSEs) are also indicated in the panels. 

Fig. 4. Phonon band structures and partial density of states of Zr and O obtained by (a) DFT calculations, (b) the GAOP, and (c) the potential reported by Grimes 
et al. [26]. 
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cubic ZrO2, 100 deformations were generated for training and 10 for 
testing. For 10YSZ, 10 deformations were generated for each model. The 
values of εA and εf for the Nth distortion and displacements were set to 
εA = 0.50 N/Ntotal Å and εf = 0.25 N/Ntotal Å to include various de
formations. The examples of the deformed models are shown in Fig. 1c 
and d. The energies, forces, and stresses calculated from these deformed 
models were used as the training and test datasets. 

Structure optimization of the supercells and evaluations of the en
ergies, forces, and stresses of the deformed models were performed using 
density functional theory (DFT) calculations with the plane-wave basis 
projector augmented wave (PAW) method [42] implemented in the 
Vienna Ab initio Simulation Package (VASP) [43,44]. The generalized 
gradient approximation (GGA) in the form of PBEsol [45] was 
employed. The plane-wave energy cutoff was set to 500 eV. The Bril
louin zone was sampled with a Monkhorst-Pack k-point grid of 2 × 2 × 2 
[46]. The valence configurations of the PAW potentials used in this 
study were follows: [4s2 4p6 5s2 4d2] for Zr, [4s2 4p6 5s2 4d1] for Y, and 
[2s2 2p4] for O. The rest electrons were treated as fixed core electrons. 
The total energy convergence was set to 1.0 × 10− 6 eV/cell. See Fig. S1 
for the convergence of DFT results and the effect of Hubbard U 

correction. 

2.2. Potential optimization by genetic algorithm 

We optimized Buckingham interatomic potential parameters of Zr-O, 
O-O, and Y-O for short-range interactions and effective atomic charges 
of Zr, O, and Y for long-range Coulombic interactions, using a genetic 
algorithm with the datasets generated by ab initio calculations. The 
Coulomb-Buckingham potential is widely used to describe the nature of 
Coulombic systems and is defined as follows [47]: 

Φij(rij) = Aexp
(
−

rij

ρ

)
−

C
rij

6 +
qiqj

4πε0rij
, (3)  

where Φij and rij are the potential energy and distance of atoms i and j, A, 
ρ, and C are the parameters of the Buckingham potential, and qi and qj 
are the charges of atoms i and j, and ε0 is the vacuum permittivity. The 
cutoff distance was set to 12.0 Å in this study. The parameter ranges 
considered in the genetic algorithm optimizations are listed in Table 1. 

First, the potential parameters of Zr-O and O-O as well as the effec
tive atomic charges of Zr, Y, and O were fitted by a genetic algorithm, 
followed by fitting the parameters of Y-O. To maintain the charge 
neutrality of the system, the effective charges of Zr, O, and Y should be 
defined as 4q, − 2q, and 3q to reflect their formal charges, with q being 
the only parameter used to determine the effective charges. The first 
training dataset for Zr and O contains one optimized and 100 deformed 
cubic ZrO2 models. The total number of energies, forces, and stresses for 
training were 101, 29088, and 606, respectively, against seven variable 
parameters to be fitted. On the other hand, the second training dataset 
for the Y-O interaction contains one optimized 10YSZ model with the 
lowest energy (Fig. 1b) and 200 deformed 10YSZ models. The total 
number of energies, forces, and stresses for training were 201, 56079, 
and 1206, respectively, against three variable parameters to be fitted. 

As a genetic algorithm approach, the code POPs [37], developed by 
Rohskopf et al. for the optimization of interatomic potentials, was used. 
The procedure of the genetic algorithm is as follows [37]: (1) create a 
population of Np individuals with random genotypes (describing po
tential parameters in this case); (2) evaluate the fitness of the individuals 
by the objective function Z; (3) include the superior individuals with low 
Z in the next generation (elite); (4) combine the genotypes of two in
dividuals (parents) to create a new genotype in the next generation 
(offspring); (5) change the genotype of the offspring randomly (muta
tion); (6) repeat the steps of (2)-(5) Ng times. Np and Ng were set to 1000 
and 300, respectively. The elite and mutation percentages were set at 5 
% and 40 %, respectively. The high percentage of mutation is to prevent 
the potential parameters from falling into local minima. The fitting by 
the genetic algorithm was performed 100 times for the first fitting and 
30 times for the second fitting with different initial populations with 
random genotypes. 

The objective function Z is defined in the literature [37] as follows: 

Z = weZe +wf Zf +wsZs, (4)  

where Ze, Zf and Zs are the errors of energy, force, and stress, and we, wf 
and ws are the weights of Ze, Zf and Zs. The errors of energy, force, and 
stress are defined as follows: 

Ze =

∑M
j

(
EDFT

j − EEIP
j

)2

M
∑M

j

(
EDFT

j

)2 (5)  

Zf =

∑M
j
∑Nj

i ‖FDFT
ij − FEIP

ij ‖
2

∑M
j Nj

∑M
j ‖FDFT

ij ‖
2 , (6)  

Fig. 5. Volume of ZrO2 and YSZ models normalized to the size of the unit cell 
as a function of temperature. The GAOP was used for the calculation. 

Fig. 6. Association energies of Y′
Zr-V

••
O and Y′

Zr-Y
′
Zr pairs as a function of their 

distance. The GAOP was used for the calculation. 
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Zs =

∑M
j
∑6

k

(
SDFT

jk − SEIP
jk

)2

6M
∑M

j
∑6

k

(
SDFT

jk

)2 , (7)  

where M is the number of configurations for fitting, Nj is the number of 
atoms contained in the jth configuration. EDFT

j and EEIP
j are the DFT and 

EIP energies. Note that these energies are referenced to the energies of 
the fully relaxed configuration (cubic ZrO2 model and 10YSZ model with 
the lowest energy). FDFT

ij and FEIP
ij are the DFT and EIP force vectors of 

the ith atom in the jth configuration, and SDFT
jk and SEIP

jk are the DFT and 
EIP stress tensor components of the jth configuration. The values of we, 
wf, and ws were set to 50,000, 30,000, and 20,000, respectively. Note 
that we also tested the optimization with another set of weight param
eters (we = 30,000, wf = 50,000, and ws = 20,000) and found that the 
accuracy of the obtained potentials did not change significantly. The 
energies, forces, and stresses of EIPs were calculated using the Large- 
scale Atomic/Molecular Massively Parallel Simulator (LAMMPS) [48]. 

2.3. Material properties 

Elastic constants of cubic ZrO2 were calculated using the General 
Utility Lattice Program (GULP) [49] for the EIPs. For ab initio calcula
tions, we calculated the elastic constants using in-house python scripts 
utilizing the elastic module implemented in pymatgen code [50], with 
norm strains from − 2.0 to 2.0 % in 0.2 % increments and shear strains 
from − 12 % to 12 % in 1 % increments. 

Phonon band structures of cubic ZrO2 were calculated using the 
finite displacement method implemented in Phonopy [51,52]. An 
atomic displacement distance of 0.01 Å was employed to derive the 
second-order force constants. 2 × 2 × 2 supercells with the cell size 
larger than 10 Å were used in these calculations to avoid the self- 
interactions between displaced atoms. 

MD calculations were performed using the LAMMPS code. To esti
mate the melting point and coefficient of thermal expansion (CTE) of 
cubic ZrO2 and 10YSZ, we created 6 × 6 × 6 supercells of ZrO2 and 
10YSZ with the cell length of approximately 30 Å. To reach thermal 
equilibrium and promote oxide-ion diffusion, an MD simulation using 

Fig. 7. (a,b) Diffusion coefficients of oxide ions as a function of (a) Y2O3 concentration and (b) temperature. (c) Conductivities as a function of Y2O3 concentration. 
(d) Activation energies as a function of Y2O3 concentration. The GAOP was used for the calculation. The results using the potentials reported by Grimes et al. [26] and 
by Kilo et al. [13] were also shown in d. Note that in the experiment, the cubic phase is fully stabilized at Y2O3 concentrations above 8 mol%. In the calculation, the 
cubic phase is stable even at the Y2O3 concentrations lower than 8 mol% (gray region in a, c, and d), and the diffusion coefficient and conductivity are overestimated 
in the region. 
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the supercell was performed for 1 ns with a timestep of 1 fs, using 
temperature scaling at 2000 K, followed by a 2-ns MD simulation to 
decrease the temperature from 2000 K to 1 K. Then, the calculation for 
the melting points and CTEs were carried out for 50 ns (50,000,000 
steps), slowly increasing the temperature from 1 to 5000 K. 

Diffusion coefficients D of oxide ions were also calculated using the 
LAMMPS code. To obtain statistically accurate diffusion coefficients, we 
created five 5 × 5 × 5 supercells with random distributions of Y and VO 
at 10 different Y2O3 concentrations ranging from 0.02 to 0.20 mol%. For 
each model, the diffusion coefficients were calculated at 13 different 
temperatures ranging from 800 to 2000 K. We also calculated the 
diffusion coefficients of 8YSZ, 10YSZ and 14.3YSZ models with the 
stable defect configurations at 0 K reported by Guan et al [30]. For these 

models, five calculations with different initial atomic velocities were 
performed on the supercells expanded to contain approximately 2000 
atoms. Total number of calculations was 845. The calculation started 
with a MD simulation with NPT ensemble for 0.1 ns to determine the 
equilibrium cell length at the target temperature. With the cell length 
fixed (NVT ensemble), a MD simulation was performed for 0.4 ns to 
ensure thermal equilibrium states. Then, mean squared displacement 
(MSD) of oxide ions, 〈Δr(t)2

〉, was calculated for 1 ns. The self-diffusion 
coefficients of oxide ions were estimated according to the following 
equation: 

D = lim
t→∞

〈Δr(t)2
〉

6t
, (8)  

where t is the simulation time. Finally, the average diffusion coefficient 
of the five models were obtained for each Y2O3 concentration and each 
MD temperature. The activation energies of oxide-ion diffusion were 
calculated from Arrhenius plots in the temperature range from 1100 to 
1700 K. 

The association energies between Y′
Zr-V••

O and Y′
Zr-Y′

Zr pairs were 
calculated using the GULP code. A 5x5x5 supercell of cubic ZrO2 was 
prepared. For all possible non-equivalent configurations of two defects 
in the supercell, the energies were obtained by optimizing the atomic 
positions with the cell volume fixed (association models). The energy 
difference between the target model and the model with the farthest 
defect distance (about 20 Å) is defined as the association energy. 

3. Results and discussion 

3.1. Developed potential 

Fig. 2 shows three and one examples of Z value convergence with 
respect to generations for the first and second genetic algorithm fitting, 
respectively. The Z values converged rapidly against generations, 
especially in the second fitting, due to the small number of fitting pa
rameters. Although the mutation rate was set as high as 40 %, the final Z 
values shows a wide range from 1.12 to 5.60 in the first fitting, 
depending on the initial population with random potential parameters. 
This means that the potential parameters readily fall into local minima. 
The optimal potential parameters determined by the genetic algorithm 
are listed in Table 1. 

To evaluate the performance of the developed GAOP, root mean 
squared errors (RMSEs) of energy, force, and stress were calculated for 
the training and test datasets, as shown in Fig. 3a. The points are aligned 
on the diagonal line without any deviated points, indicating the good 
reproducibility of DFT energy, force, and stress by the GAOP. The RMSEs 
for the training and test datasets are as low as 9.2 and 10.6 meV/atom 
for energy, 544 and 543 meV/Å for force, and 0.147 and 0.149 GPa for 
stress, respectively. Similar errors for the training and test datasets 
indicate that the Buckingham potential parameters were properly opti
mized without overfitting due to its simple and physics-based equations 
and the large number of training data. 

For comparison, the errors of the Buckingham potentials reported by 
Grimes et al. [26] and Kilo et al. [13] were also calculated and shown in 
Fig. 3b and 3c. The energies, forces, and stresses of these potentials are 
linearly correlated with the ab initio results, reproducing the qualitative 
trends. However, these potentials overestimate the magnitudes of en
ergy, force, and stress, and the points in Fig. 3b and 3c are distributed 
over a wide range than the GAOP. Consequently, the RMSEs are 
significantly higher than the GAOP as seen in Fig. 3 (The errors of GAOP 
are less than 8 % for energy, 27 % for force, 35 % for stress, compared to 
the potentials by Grimes and Kilo). We note that it is not possible to 
judge the superiority or inferiority of these potentials from this result 
because of the different fitting targets used in their creation. Yet, it can 
be said that the GAOP perform better than the previously reported EIPs 
in terms of the reproducibility of ab initio calculations. 

Fig. 8. (a) Comparison of diffusion coefficients obtained with random and 
stable defect configurations. (b) Diffusion coefficients obtained with stable 
defect configurations at 0 K as a function of temperature. The stable configu
rations used were those reported by Guan et al. [30] The GAOP was used for the 
calculation. 
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3.2. Structure and mechanical properties 

From here, we discuss various properties estimated using the GAOP 
in comparison with the experimental and computational results reported 
previously. The calculated lattice constant a of c-ZrO2 was 5.067 Å for 
the ab initio calculation and 5.075 Å for the GAOP, with a small error of 
0.16 %. The error in the average supercell length of 10YSZ models is also 
small at − 0.28 %, with a being 10.275 Å for the ab initio calculation and 
10.246 Å for the GAOP. Although Y2O3 was not included in the training 
dataset, the lattice constant of Y2O3 was calculated to be 10.543 Å by the 
GAOP, in good agreement with the value of 10.540 Å calculated by the 
ab initio calculation. These results means that the GAOP is capable of 
reproducing the cell size of ZrO2-Y2O3 system sufficiently. The elastic 
constants C11, C12, and C44 for cubic ZrO2 were calculated to be 556.8, 
103.9, and 64.7 GPa by the ab initio calculation, and 399.9, 70.8, and 
69.7 GPa by the GAOP, respectively. Although C11 and C12 is under
estimated in the GAOP, the trend in elastic constants is qualitatively 
reproduced. These calculated values are also similar to the experimen
tally determined elastic constants for YSZ with 11.1 mol% Y2O3 at 293 K 
[53], namely 403.5 GPa for C11, 102.4 GPa for C12, and 59.9 GPa for C44. 
Note that C11, C12, and C44 are overestimated with other Buckingham 
potentials, with the values of 709.2, 134.1, and 129.4 GPa for the Grimes 
potential and 596.2, 118.6, and 104.0 GPa for the Kilo potential. 

3.3. Thermal properties 

Fig. 4 shows the phonon band structures determined by ab initio 
calculations, the GAOP, and the potential reported by Grimes et al. The 
frequency range of phonons are overestimated by the Grimes potential, 
whereas in the GAOP they are in good agreement with the ab initio re
sults. This is due to the improved reproducibility of interatomic forces, 
as can be seen in Fig. 3. The ab initio calculations show phonons with 
imaginary frequencies, which represent the phase transition from cubic 
to more energetically stable tetragonal phase in pure ZrO2 [54,55]. The 
GAOP shows phonon dispersions without any imaginary modes, which 
is caused by our fitting procedure considering only cubic ZrO2 and 
10YSZ. While the absence of imaginary modes is a disadvantage of the 
GAOP in terms of reproducibility of ZrO2 polymorphs, it can be regarded 
as a technical merit when the effect of phase transitions needs to be 
excluded to simplify the analysis, e.g., behavior of Y segregation nearby 
cubic ZrO2 grain boundaries at 0 K. 

The melting points and coefficients of thermal expansion (CTEs) of 
cubic ZrO2 and 10YSZ were determined using the GAOP and MD sim
ulations. The volumes of the cells as a function of temperature are shown 
in Fig. 5. The calculated melting points are about 3060 K for cubic ZrO2 
and 3020 K for 10YSZ, which are consistent with the measured melting 
point of about 2970 and 3040 K for pure ZrO2 and 10YSZ, respectively 
[7]. The linear CTEs calculated from the temperature between 300 and 
600 K are 15.4 × 10− 6 K− 1 for ZrO2 and 8.6 × 10− 6 K− 1 for 10 YSZ. The 
calculated CTE for 10YSZ agrees with the measured value of 8.9 × 10− 6 

K− 1 [56]. This agreement results from the improved reproducibility of 
stresses, as shown in Fig. 3. 

3.4. Oxide-ion conduction 

Before investigating oxide-ion conduction in the YSZ models, the 
association energies of Y′

Zr-V••
O and Y′

Zr-Y′
Zr pairs were calculated by 

varying their distances as shown in Fig. 6. The pair of Y′
Zr and V••

O exhibit 
negative activation energies, indicating that these defects are attractive 
to each other. The association is strongest at the second nearest neighbor 
position. On the other hand, the Y′

Zr-Y′
Zr pair exhibits positive associa

tion energies, indicating that the defects are repulsive to each other. 
These results are in agreement with the association energies calculated 
by ab initio calculations [19]. 

Fig. 7a and b show the calculated diffusion coefficients D of oxide 

ions in YSZ as a function of Y2O3 concentration and temperature, 
respectively. The defects Y and VO were randomly introduced in the YSZ 
models. At Y2O3 concentrations where cubic structure is experimentally 
stable (≥8 mol%), 8YSZ exhibit highest diffusion coefficients over a 
wide temperature (from 800 to 1500 K), consistent with experimental 
and computational results [12,14,18]. The order of the diffusion coef
ficient of 8YSZ and 10YSZ ranges from 10− 11 to 10− 10 m2s− 1 above 
1000 K, also agreeing with many experiments and computations 
[11,13,14,16,18,20,57,58]. It is reported that oxide-ion diffusion is 
significantly decreased at low Y2O3 concentration around 4 mol% and 
high temperature at 1273 K [59], because of the formation of lower- 
symmetry tetragonal structure. This trend was not observed in Fig. 7a, 
due to the hypothetical cubic phase stability of the GAOP. 

Fig. 7c shows the conductivities σ estimated from the diffusion co
efficients and the following Nernst-Einstein relation: 

σ =
q2DN
VNA

(
F2

RT

)

, (9)  

where q is the charge of the mobile ion (oxide ion), N is the number of 
oxide ions in the cell, V is the volume of the cell, NA is the Avogadro 
constant, F is the Faraday constant, R is the gas constant, and T is the 
temperature. The calculated σ for 8YSZ are 0.19, 0.33, and 0.64 Sm− 1 at 
1100, 1300 and 1600 K, respectively. On the other hand, one of the 
experiments showed that σ for 8YSZ are 0.06, 0.19, 0.52 Scm− 1 at 1073, 
1273, and 1573 K [12]. The calculated value at 1600 K is close to the 
experimental value, but the temperature dependence is less significant 
in the GAOP calculations. This is caused by the underestimation of 
activation energy of oxide-ion diffusion, as shown in Fig. 7d. Although 
the increasing trend of activation energy as a function of Y2O3 concen
tration is consistent with experiments, the magnitude is lower than that 
of experiments ranging from 0.6 to 1.4 eV [12,14,15]. Possible reasons 
for this are the assumption of random Y and VO configurations in our 
calculations, and the correlated motion of oxygen due to high defect 
concentrations. Quantitative comparisons of diffusion coefficients and 
conductivities between calculations and experiments require the deter
mination of defect configurations using Monte Carlo simulations and the 
calculation of the Haven ratio (See Discussion S1 and Fig. S3 for the 
Haven ratio of 8YSZ). Under the same computational conditions but 
using the Grimes potential, the calculated σ for 8YSZ are 0.02, 0.07, and 
0.16 Sm− 1 at 1100, 1300 and 1600 K, respectively, lower than the 
measured values of ref. [12] (Fig. S4). The activation energies are about 
0.2 eV higher than those of the GAOP (Fig. 7d). Using the Kilo potential, 
the calculated σ for 8YSZ are 0.16, 0.26, and 0.45 Sm− 1 at 1100, 1300 
and 1600 K, respectively (Fig. S5). The activation energies are similar or 
about 0.1 eV less than those of the GAOP (Fig. 7d). These two potentials 
showed the maximum conductivity in 8YSZ from 800 to 2000 K. 

Kondoh et al. demonstrated that thermal aging on YSZ samples, 
which should affect the distribution of Y and VO, significantly changes 
oxide-ion conductivity [12]. Furthermore, Guan et al. obtained stable 
configurations of Y and VO at 0 K in YSZ using MLPs [30], and claimed 
that the consideration of these stable configurations can explain the 
dependence of conductivity on Y2O3 concentration and temperature 
observed in experiments [31]. To examine whether the GAOP can 
reproduce the effect of defect configurations on oxide-ion conduction, 
the diffusion coefficients in the stable configurations reported by Guan 
were also calculated, as shown in Fig. 8. With the stable defect config
urations, diffusion coefficients drop at high Y2O3 concentration of 14.3 
mol% at lower temperatures as seen in Fig. 8. This is consistent with the 
low conductivity of YSZ with high Y2O3 concentration in experiments 
[14]. In addition, the conductivity shows different trends at low and 
high temperature ranges in 8YSZ, which also agreeing with the MLP 
calculations. These results are presumably because oxide-ion vacancies 
are strongly trapped by Y at low temperatures in the stable defect con
figurations (as mentioned in former part of this section), but thermal 
energy at higher temperatures causes the vacancies to be released from 
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the trap and conductivity increases. The activation energy of high 
temperature region is 0.46 eV for GAOP, which is not significantly 
different from 0.63 eV obtained using an MLP. These consistencies 
demonstrate that the GAOP reproduces the ionic conduction at least 
qualitatively, including the interactions between defect complexes. 
Since the stable configurations of Guan et al. were created using models 
with relatively small number of atoms (46–79 atoms), the relationship 
between defect configurations and oxide-ion conductivity may be more 
statistically determined if stable configurations in larger cells are ob
tained using the GAOP and Monte Carlo methods, for example. 

4. Conclusions 

We optimized the EIPs for cubic ZrO2 and 10YSZ using the genetic 
algorithm and ab initio calculations. The developed GAOP reproduced 
the energy, force acting on atoms, and stress of the ab initio calculations 
more accurately than previously reported EIPs. As a result, the struc
tural, mechanical, thermal, and ionic conduction properties calculated 
by the GAOP showed at least qualitative agreements with the ab initio 
results and/or experiments, and in many cases the values were close. 
Using the GAOP, large-scale MD calculations for a wide variety of defect 
configurations as well as identification of Y segregated grain boundary 
structures can be performed with higher accuracy than previous EIPs. 
The combination with MLP-based and ab initio calculations will enable 
more statistical and accurate characterization of YSZ. 
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