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ABSTRACT
This study presents an efficient magnetic material exploring method with large magnetocrys
talline anisotropy (MCA) and thermodynamic stability by combining multi-objective Bayesian 
optimization (MBO) with first-principles calculations. Focusing on six-layer tetragonal ordered 
alloys of rare-earth-free elements (Fe, Co, Ni, Cu), our approach optimizes material properties 
and process conditions within high-dimensional spaces. Explanatory variables derived from 
elemental and structural information were employed to enhance Bayesian optimization. 
Utilizing Gaussian process regression and dimensionality-reduced descriptors, we achieved 
efficient and robust exploration for precomputed dataset. As a result, MBO efficiently sug
gested the following three materials – Fe/Fe/Fe/Ni/Fe/Ni, Fe/Co/Fe/Co/Fe/Ni, and Fe/Co/Co/Fe/ 
Ni/Ni – that exhibit thermodynamic stability while demonstrating an MCA value up to four 
times larger than that of L10-FeNi. The developed methodology accelerates material discovery 
and reduces resource demands, offering a scalable materials solution for optimizing function
ality and process conditions across diverse material systems.

IMPACT STATEMENT
This study accelerates advanced magnetic materials discovery by integrating multi-objective 
Bayesian optimization and first-principles calculations, uncovering rare-earth-free alloys with 
exceptional magnetocrystalline anisotropy and thermodynamic stability, enabling scalable 
materials development.
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1. Introduction

Advanced magnetic materials with large magnetocrys
talline anisotropy (MCA) are critically important for 
the realization of next-generation devices. In 

spintronics applications, MCA dictates increasing 
device medium density, data retention capabilities, 
and even the power consumption and speed of writing 
processes [1,2]. Large MCA arises from a complex 
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interplay related to crystallographic symmetry in mul
tilayer, types of constituting elements, the number of 
layers, stacking sequences, and distortions [3–7]. 
Thereby, precise design of these multilayer structure 
is essential to improve MCA. In film deposition pro
cesses, the thermodynamic stability of candidate mate
rials based on their formation energies should be 
analyzed comprehensively. This necessitates the 
simultaneous optimization of the functional property 
of MCA and the processing conditions of the 
multilayers.

However, establishing a correlation between MCA 
and formation energy is challenging, and their rela
tionship remains unclear. In addition, the vast number 
of possible multilayer configurations leads to 
a combinatorial explosion, rendering experimental 
structural evaluations and MCA measurements 
impractical. Against this backdrop, exploring materi
als in a high-dimensional space that encompasses cri
tical functions like MCA and processing conditions 
like formation energy has been exceedingly difficult 
through both theoretical calculations and experimen
tal approaches.

Recently, materials informatics (MI), which inte
grates materials science with data science, has gar
nered significant attention. MI is a data-driven 
approach that employs artificial intelligence and 
machine learning to analyze materials data, aiding 
in the discovery of unknown materials and informed 
decision-making in experimental development. It 
holds great promise for the creation of innovative 
materials and the acceleration of materials develop
ment and is considered highly effective for optimiz
ing the complex material parameters mentioned 
above.

In this study, we focus on Bayesian optimization, 
a prominent method in data science, to simulta
neously optimize the functions and processes of 
magnetic materials. Bayesian optimization is 
a leading example of black-box function optimiza
tion techniques using Gaussian process, offering sig
nificant advantages in optimizing material functions 
and discovering promising materials from an exten
sive search space [8]. It constructs a statistical model 
for functions where the relationship between inputs 
and outputs is unknown, proposes the next candi
date based on this model, and updates the model 
sequentially with new data. By repeating this pro
cess, it becomes possible to obtain optimal solutions 
with a minimal number of trials, even for functions 
with high evaluation costs. Bayesian optimization 
has been widely applied in the development of var
ious materials – including magnetic materials, ther
moelectric materials, catalytic materials, and 
semiconductor materials – and has led to the dis
covery of new materials unattainable by conven
tional manual exploration methods [9–17].

Moreover, multi-objective Bayesian optimization 
enables the simultaneous optimization of multiple 
objective variables and is particularly effective when 
these variables are in a trade-off relationship [18,19]. 
This method also employs Gaussian process regres
sion to efficiently explore the solution space, identify
ing Pareto-optimal solutions that are not dominated 
by any other solutions and forming a Pareto front 
from these solutions. By introducing diversity metrics, 
multi-objective Bayesian optimization performs com
prehensive optimization while efficiently exploring 
and expanding the Pareto front. This approach offers 
advantages such as efficient exploration, consideration 
of uncertainties and visualization of trade-offs. 
Therefore, multi-objective Bayesian optimization is 
an effective strategy for complex optimization pro
blems and is expected to enable efficient material dis
covery in high-dimensional spaces that include critical 
magnetic properties like magnetocrystalline aniso
tropy (MCA) and process parameters like formation 
energy. Including systems with positive Formation 
Energy enables a more comprehensive exploration of 
material properties and potential experimental stabili
zation strategies. Utilizing this method allows us to 
select the promising materials with thermodynamic 
stability and MCA properties before experiment, 
thereby accelerating the overall development process 
while reducing human and time resources.

Specifically, we have developed a method that com
bines first-principles calculations with Bayesian opti
mization to efficiently explore promising advanced 
magnetic materials from a vast material space. By 
leveraging multi-objective Bayesian optimization, we 
simultaneously optimized for large MCA and stable 
multilayer structures. In our development process, we 
performed optimization on various types of initial 
training data to achieve robust exploration, determin
ing the optimal acquisition functions and designing 
descriptors accordingly.

2. Methods

Figure 1 shows the workflow of this study. This study 
is based on L10-FeNi and L10-FeCo, which are rare- 
earth-free alloys with large MCA, and targets a six- 
layer periodic tetragonal ordered alloy composed of 
four rare-earth-free elements (Fe, Co, Ni, and Cu). We 
used the Vienna Ab initio Simulation Package (VASP) 
as the ab initio package, which allows the use of plane- 
wave basis and pseudopotential methods [20–22]. We 
also used SHRY [23], pymatgen [24] to generate the 
input files for VASP. The calculations used the gen
eralized gradient approximation (GGA) proposed by 
Perdew, Burke, and Ernzerhof (PBE) for the exchange- 
correlation functional [25]. The nucleus and core elec
trons are described by Projector Augmented Wave 
(PAW) potentials [26], and the wavefunction of the 
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valence electron is expanded in a plane-wave basis 
with a cutoff energy of 369.3 eV. The number of 
k-points was set to 12 × 12 × 6 for structural relaxation 
and 24 × 24 × 9 for MCA calculation. The Monkhorst- 
Pack method was used for k-point sampling [27], and 
the tetrahedral method of Blöchl correction was used 
for k-space integration, which allows accurate integra
tion of k-points in the Brillouin Zone [28]. In the 
structural relaxation, the tetragonal crystal structure 
was used as the unit cell, and the atomic positions, the 
in-plane lattice parameter a and out-of-plane lattice 
parameter c were optimized so that the total energy 
was less than 10−6 eV. MCA calculations were per
formed using force theorem [29,30], and the conver
gence condition was set to a total energy of less than 
10−6 eV. MCA energy EMCA was defined as the differ
ence between the energy eigenvalues in the [100] and 
[001] directions, and EMCA per unit cell volume as Ku, 
so that EMCA, Ku >0 at perpendicular magnetic aniso
tropy. Formation energy Eform was calculated by sub
tracting the total energy of the stable crystal structure 
of each element from the total energy of the ordered 
alloy. The calculations were performed in parallel 
(AMD Ryzen™ Threadripper™ 1950X 16-Core 
Processor, Number of cores: 16, Memory size: 64 
GB) using 13 processes, and the total calculation 
time for all 430 candidate materials was approximately 
3 months.

We here focus on two types of techniques: simple 
Bayesian optimization for Ku and multi-objective 
Bayesian optimization for the formation energy 
Eform and Ku. We employed PHYSBO [31,32] as 

a Python library to implement Bayesian optimiza
tion. The number of initial training data was set to 4 
according to the elemental species in use. The acqui
sition functions were Thompson Sampling (TS), 
Expected Improvement (EI), and Probability of 
Improvement (PI) for Bayesian optimization [33– 
35], and Thompson Sampling (TS), Expected Hyper- 
Volume Improvement (EHVI), and Hypervolume- 
based Probability of Improvement (HVPI) were 
used for multi-objective Bayesian optimization 
[33,36]. Hyperparameters for Bayesian optimization 
was relearned every iteration to adapt dynamically to 
data distribution changes, ensuring model robust
ness and accuracy. We defined simple discrete- 
valued features as explanatory variables used in 
Bayesian optimization, first for the four elements 
(Fe, Co, Ni, and Cu) entering each layer by label 
encoding: Fe = {1}, Co = {2}, Ni = {3}, and Cu = {4}. 
Then, the stacking structure was represented by 
a 6-dimensional array since the periodicity of the 
layers is 6 layers. In previous studies [13], Bayesian 
optimization was performed using only elements 
labeled as explanatory variables, but this approach 
may incorrectly learn information about elements 
that should be treated as nominal measures as ordi
nal measures. We believe that more efficient 
Bayesian optimization can be achieved by defining 
element-related information as explanatory variables, 
rather than defining explanatory variables only for 
label encoding, even in light of future expansion of 
the materials search space by increasing the number 
of elements used.

Figure 1. Workflow for autonomous search for large-magnetic anisotropy materials combining Bayesian optimization and first- 
principles calculations. Bayesian optimization is performed on four types of initial training data to determine promising candidate 
materials. The proposed candidate materials are calculated using first-principles calculations and added to the training data, and 
the process is repeated until the optimal solution is obtained.
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We generated 290 compositional descriptors based 
solely on periodic table information such as atomic 
number and atomic weight of inorganic materials 
using XenonPy [37]. We selected 53 descriptors from 
the generated compositional descriptors and com
bined them with a 6-dimensional array showing the 
stacking structure to define a 59-dimensional descrip
tor. The 53 descriptors were selected from among the 
basic physical property values that can be calculated 
using only atomic number and composition, with the 
exception of descriptors with constant values. We also 
used an autoencoder to reduce the dimensionality of 
descriptors since the explanatory variables in Bayesian 
optimization function properly in 20 dimensions or 
less [18,38]. Information from the 59-dimensional 
descriptors was compressed in the middle layer of 
a neural network with the same input and output 
layers, creating a new 20-dimensional descriptor. 
Keras/TensorFlow [39] was used as the Python library, 
the activation function was set to the tanh function, 
the iteration time to 300, and the hidden layer size to 
20. Normalization was applied to all descriptors such 
that the minimum is 0 and the maximum is 1, pre
venting dimensionality reduction inaccuracy due to 
scale differences. More details of difference of objec
tive variables scaling are given in supplementary mate
rials (S1). Mean Squared Error (MSE) was 0.00876208 
and Root Mean Squared Error (RMSE) was 0.0936059. 
Figure S2 illustrates the MSE convergence over 300 
epochs, confirming the effective training of the auto
encoder. The maximum error observed was 0.27028, 
which demonstrates the reliability of the dimension
ality reduction process. More details of MSE conver
gence are given in supplementary materials (S2).

3. Results and discussion

In Bayesian optimization, Initial training data is given 
either by artificial sampling or random sampling. 
Thus, we investigated the search performance of 
Bayesian optimization on 100 sets of randomly 
sampled initial training data in order to develop 
a robust search method that is independent of the 
type of initial training data. Figure 2 presents single- 
objective optimization results with three types of 
descriptors on 100 randomly selected sets of initial 
training data. To determine the optimal acquisition 
function and descriptors, acquisition functions were 
TS, EI, and PI. Descriptors were descriptors labeled Fe  
= {1}, Co = {2}, Ni = {3}, and Cu = {4} for each element 
(6 dimensions), descriptors with composition descrip
tors added to the labeled elements (59 dimensions), 
and descriptors created by autoencoder from the 
labeled elements and composition descriptors (20 
dimensions). Figure 2 (a)–(c) shows the history of 
maximum Ku by the number of iterations. It is clear 
that regardless of the type of initial training data, it is 

possible to find material with maximum Ku in less 
than 30% of the total number of iterations for all 
descriptors and acquisition functions. Figure 2 (d)– 
(f) shows the number of appearances of materials with 
the top two Ku values for each number of trials. 
Figure 2 (d) and (f) show that the materials with the 
top two Ku are found by about 50 iterations when only 
elements labeled with the descriptors and when both 
labeled elements and compositional descriptors are 
dimensionally reduced using an autoencoder. 
Figure 2 (e) shows that the material with the largest 
Ku is found by around 100 iterations, and the material 
with the second largest Ku is found after that.

Table 1 shows the average number of iterations in 
which the top two materials with the largest Ku are 
found for 100 sets of initial training data. It can be seen 
that Bayesian optimization clearly finds materials with 
large Ku in a smaller number of iterations compared to 
the random sampling results. The most efficient 
descriptors for material search were for the labeled 
elements only. However, this result may be the reflec
tion of mislearning due to the labeling of Cu = {4}, 
since many of the candidate materials in this study 
that showed large Ku contained a lot of Cu. On the 
other hand, when the labeled elements and composi
tion descriptors are dimension-reduced by the auto
encoder, the search performance is equivalent to that 
of the labeled elements alone. This descriptor avoids 
mislearning labels as an ordinal scale rather than 
a nominal scale. The composition descriptor can be 
calculated only with information from the periodic 
table. Therefore, even if the material search space is 
expanded in the future, efficient material search in 
Bayesian optimization can be realized by using the 
descriptor generated by dimensionality reduction of 
the labeled elements and the composition descriptor 
with the autoencoder. In this study, we developed 
a new 20-dimensional descriptor by autoencoding 
the 6-dimensional array representing the stacking 
structure and the 53-dimensional compositional 
descriptor calculated from the composition, and used 
it as an explanatory variable for Bayesian optimiza
tion. Also, it was found that the Bayesian optimization 
using EI as the acquisition function found the material 
with the largest Ku in about 10% of the total number of 
iterations. This means that large magnetic anisotropy 
materials can be found in about 10 days of the total 
calculation time, which is about 3 months for all can
didate materials. Therefore, even with limited compu
tational resources at the laboratory level, this research 
model can be expected to speed up the material search 
by up to 9 times.

Figure 3 shows the relationship between Ku and 
various material properties for all candidate materials 
obtained through autonomous search by 
a combination of first-principles calculations and 
Bayesian optimization. First, as shown in Figure 3 (a) 

Sci. Technol. Adv. Mater. Meth. 5 (2025) 4                                                                                                                                      K. NAKAMURA et al.



and (b), Ku varies greatly depending on the crystal 
structure; in Figure 3 (a), as in the previous study 
[13], materials with Ku = >1.00 MJ/m3 exhibit the fcc 
structure. On the other hand, most of the materials 
showing the bcc structure are below Ku = 1.00 MJ/m3. 
By excluding bcc materials from the candidate materi
als in advance, the search efficiency of Bayesian opti
mization can be improved, and this result will serve as 
a guideline for future extended material search space. 
Figure 3 (b) shows that Ku varies with unit cell volume, 
and the variation is discontinuous. There are many 

materials with the same composition but different 
elemental stacking order because only four elements 
make up the materials in this study. Since these mate
rials have similar unit cell volumes, it is considered 
that Ku varies discontinuously with unit cell volume, 
as shown in Figure 3 (b).

Figure 3 (c) and (d) show that Ku is independent of 
the formation energy and magnetic moment. 
Formation energies that are negative indicate that the 
material is thermodynamically stable. This is a very 
important material property in view of the 

(a) Labeled elements (6 dimensions)

(b) Labeled elements + Composition descriptor (59 dimensions)

(c) Labeled elements + Composition descriptor + Autoencoder (20 dimensions)

TS

TS

TS

EI

EI

EI

PI

PI

PI

(d) Labeled elements (6 dimensions)

TS EI PI

Figure 2. (a–c) Bayesian optimization results for 100 sets of initial training data. (d–f) Number of appearances of the top two 
materials with Ku. Descriptors are set to (a, d) labeled elements, (b, e) labeled elements and composition descriptor, (c, f) labeled 
elements, composition descriptor and autoencoder. Acquisition functions were set to TS, EI and PI. The gray band represents the 
initial training data.
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experimental fabrication of materials explored by 
Bayesian optimization. However, as shown in 
Figure 3 (c), there is no strong correlation between 
Ku and formation energy, making it very difficult to 
search for materials with small formation energy but 
large Ku. Therefore, we believe that the search for large 
magnetic anisotropy materials that can be experimen
tally fabricated can be achieved by applying multi- 
objective Bayesian optimization, which can optimize 
multiple objective variables, rather than Bayesian opti
mization, which optimizes a single objective variable.

Figure 3 (e) shows Ku and the orbital magnetic 
moment anisotropy Δmorb, where Δmorb is the differ
ence between the orbital magnetic moment morb 
oriented in the [001] and [100] directions. Ku and 
Δmorb have a strong linear correlation, and Pearson’s 
product-moment correlation coefficient r was 

calculated to be r = 0.769. The strong linear correlation 
between Ku and Δmorb can be attributed to the fact 
that most of the candidate materials follow Bruno’s 
model [40–42]. There is no definitive formula that 
connects material composition and magnetic aniso
tropy because Ku is determined through a complex 
relationship among constituent elements, crystal 
structure, electronic state, and other factors. 
However, as shown in Figure 3 (e), we can see 
a strong correlation between Ku and Δmorb, suggesting 
that it is possible to find a descriptor that can represent 
Ku by combining other material properties based on 
Δmorb.

Figure 4 focuses on multi-objective optimization 
outcomes. Figure 4 shows the history of dominant 
regions estimated from the Pareto front when multi- 
objective Bayesian optimization was performed on 100 

(e) Labeled elements + Composition descriptor (59 dimensions)

(f) Labeled elements + Composition descriptor + Autoencoder (20 dimensions)

TS

TS

EI

EI

PI

PI

Figure 2. (Continued).

Table 1. Dependence on descriptors of the average number of iterations that the top two 
Ku materials are found. Random sampling results are shown for reference.

Method Acquisition function Average number of iterations

Random sampling – 206.2 ± 21.4

TS 46.8 ± 21.5
Bayesian optimization 
+ Labeled elements

EI 41.2 ± 13.5

PI 44.0 ± 13.1
TS 123.4 ± 21.2

Bayesian optimization
+ Labeled elements 
+ Composition descriptor

EI 133.0 ± 24.9

PI 129.4 ± 25.5
Bayesian optimization TS 51.1 ± 18.6
+ Labeled elements EI 43.9 ± 14.4
+ Composition descriptor 
+ Autoencoder

PI 49.7 ± 15.8
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randomly selected sets of initial training data. The 
number of iterations for multi-objective Bayesian 
optimization was 100, about 25% of iterations of all 
materials. The dominated region for the entire dataset 
is 1.474, serving as a baseline for evaluating optimiza
tion results. The objective variables were the forma
tion energy Eform and the magnetocrystalline 
anisotropy energy Ku, and the acquisition functions 
were TS, EHVI, and HVPI. Descriptors were newly 
generated by autoencoding the labeled elemental and 
compositional descriptors to reduce their dimension
ality to 20 dimensions. Table 2 shows the average 
volume of the dominant regions finally obtained by 
multi-objective Bayesian optimization. It can be seen 
that the acquisition function as HVPI produced 
a smaller dominant region than the random sampling. 
This is considered to be because the search area was 
biased toward searching for material that does not 
contribute to expanding the dominant region. 
HVPI’s prioritization of high-uncertainty regions 
limit Pareto front expansion, resulting in smaller 
dominated regions. More details of search result of 
HVPI are given in supplementary materials (S3).

On the other hand, when the acquisition func
tions were TS and EHVI, it is clear that the model 
succeeded in generating larger dominant regions 
than random sampling. The multi-objective 
Bayesian optimization with TS, EHVI was able to 
search for a variety of Pareto optimal solutions that 
contribute to the expansion of the dominant region 
regardless of the type of initial training data, which 

may indicate the robustness of the search model 
developed in this study.

Figure 5 shows the results of the search for large 
magnetic anisotropy materials by multi-objective 
Bayesian optimization. The number of iterations of 
the multi-objective Bayesian optimization is 100, 
which is about 25% of iterations of all materials, 
and the acquisition function is EHVI. As shown in 
Figure 5, the promising materials in this study are 
thermodynamically stable and exhibit large MCA. 
The known material, L10-FeNi, exhibits the smallest 
formation energy within the search space of this 
study, indicating that it is a very thermodynamically 
stable material. However, focusing on MCA, it can 
be seen that a number of new materials with MCA 
several times larger than that of L10-FeNi were 
efficiently discovered even with about 25% of itera
tions of all materials. These materials represent 
computational candidates suggested through 
Bayesian optimization applied to a precomputed 
dataset. The three new materials illustrated in 
Figure 5, Fe/Fe/Ni/Fe/Ni, Fe/Co/Fe/Co/Fe/Ni, and 
Fe/Co/Co/Fe/Ni/Ni, have slightly larger formation 
energies compared to L10-FeNi, but their values 
are zero or negative. So, we have discovered new 
materials that exhibit up to four times larger Ku 
than L10-FeNi with achieving thermodynamic stabi
lity. Especially, Fe/Co/Fe/Co/Fe/Ni is a bct structure 
with an axial ratio of c/a = 3.32, which is a structure 
in which Ni is substituted for a part of B2-FeCo. It 
is known that the axial ratio of the most stable 

Figure 3. First principles calculation results for all 430 candidate materials. The relationship between the magnetocrystalline 
anisotropy energy Ku and various material properties are shown. (a) axial ratio c/a vs Ku, (b) unit cell volume V vs Ku, (c) formation 
energy Eform vs Ku, (d) magnetic moment m vs Ku, (e) orbital magnetic moment anisotropy Δmorb vs Ku.
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structure in B2-FeCo is c/a = 1.0, so that uniaxial 
magnetocrystalline anisotropy does not occur, but 
by distorting the crystal structure to a bct structure 
with c/a = 1.25, a giant magnetocrystalline aniso
tropy (Ku = 6.0 MJ/m3) can be obtained [43–46]. 
Thus, improvement of Ku has been studied by epi
taxial growth on a buffer layer with a bct structure 
and addition of a third element such as C or N to 
give crystal distortion to B2-FeCo [47,48]. 
Meanwhile, Fe/Co/Fe/Co/Fe/Ni has a bct structure 
as the most stable structure, so it is expected that 
Fe/Co/Fe/Co/Fe/Ni, which spontaneously shows 
large Ku, can be fabricated by selecting a buffer 
layer with an appropriate bct structure without the 

addition of a third element. In addition, it is 
expected to exhibit larger Ku as in B2-FeCo by 
controlling the in-plane lattice constant of the buf
fer layer and providing crystal distortion. It is very 
difficult to explore materials manually while taking 
into account all aspects of crystal structure, thermo
dynamic stability, and material properties, but by 
using the method in this study, we were able to 
explore novel materials without human 
preconceptions.

The results of this study demonstrate efficient mate
rial search by utilizing multi-objective Bayesian optimi
zation to add formation energy related to process 
conditions to MCA. This is expected to enable efficient 

(a) Random sampling (b) TS

IPVH)d(IVHE)c(

Figure 4. History of dominant regions during multi-objective Bayesian optimization on 100 sets of initial training data. (a) Random 
sampling, acquisition functions were set to (b) TS, (c) EHVI, and (d) HVPI. The number of iterations was 100, about 25% of the total 
number of iterations. The gray band represents the initial training data. The dominated region for the entire dataset is 1.474, 
serving as a baseline for evaluating optimization results.

Table 2. Dependence of the average dominated region on the acquisition function in 
multi-objective Bayesian optimization with 100 sets of initial training data.

Method Acquisition function Average dominated region

Random sampling - 1.293 ± 0.067
Multi-objective 
Bayesian optimization

TS 1.383 ± 0.086
EHVI 1.421 ± 0.082
HVPI 1.145 ± 0.070

The acquisition functions were TS, EHVI, and HVPI. The dominated region for the entire dataset is 
1.474, serving as a baseline for evaluating optimization results.
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virtual screening of novel materials that are realistically 
fabricable as well as highly functional, leading to faster 
material development. In the future, the three new 
materials proposed in this study will be fabricated by 
the monoatomic alternating stacking method, and their 
magnetic functions will be analyzed in detail using 
synchrotron radiation. Moreover, we will expand the 
material search space by increasing the number of ele
mental species to search for materials that are thermo
dynamically stable and exhibit larger MCA, and we will 
also search for new materials by optimizing various 
functions and process conditions other than MCA.

4. Conclusions

In this study, we attempted to develop an efficient 
material exploration method in a high-dimensional 
space that incorporates both MCA and process- 
related conditions such as formation energy, by 
combining multi-objective Bayesian optimization 
with first-principles calculations. To construct 
a robust exploration model, we investigated explora
tion efficiency by varying acquisition functions and 
explanatory variables against 100 sets of initial train
ing data. Using descriptors representing the stacking 
structure and composition, along with newly gener
ated descriptors via dimensionality reduction and 
employing EI acquisition function, we found that 
the material with the largest MCA could be discov
ered in approximately 10% of the total iterations. 
Furthermore, in multi-objective Bayesian optimiza
tion, where the acquisition function and designed 
explanatory variables were varied, we discovered 

that using EHVI as the acquisition function allowed 
the exploration of diverse Pareto optimal solutions, 
which contributed to the expansion of the domi
nated region in approximately 25% of the total itera
tions, independent of the initial training data. 
Through multi-objective Bayesian optimization, we 
discovered three new materials – Fe/Fe/Fe/Ni/Fe/Ni, 
Fe/Co/Fe/Co/Fe/Ni, and Fe/Co/Co/Fe/Ni/Ni – that 
exhibit MCA values up to 4 times higher than L10- 
FeNi with maintaining thermodynamic stability. 
These results are expected to accelerate materials 
development suitable optimization of both function
ality and process, open a possibility for practical 
materials. Going forward, experimental fabrication 
of the proposed materials and detailed analysis 
using synchrotron radiation are expected. The 
synergy between theoretical materials exploration 
and experimental synthesis is poised to drive signifi
cant advancements in the development of cutting- 
edge new materials.
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Figure 5. Results of multi-objective Bayesian optimization with 
EHVI as the acquisition function. The orange region represents 
the dominated region by the pareto solution. Three new 
promising materials, Fe/Fe/Fe/Ni/Fe/Ni, Fe/Co/Fe/Co/Fe/Co/ 
Fe/Ni, and Fe/Co/Co/Fe/Ni/Fe/Ni/Ni, were found to be thermo
dynamically stable beyond the Ku of the previously known 
material, L10-FeNi.
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