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This study is the first application of Bayesian optimization to the synthesis process of superconducting materials.
As a model case, the phase purity of BaFey(As,P), polycrystalline bulks, which affects their superconducting
properties, was improved by optimizing only the heat-treatment temperature using Bayesian optimization. We
determined the optimal temperature among 800 candidates in 13 experiments, and a phase purity of 91.3 % was
achieved. Moreover, the phosphorus doping level of the best sample approached the optimal doping level owing

to a reduction in the impurity phase. Visualization of the Bayesian optimization process showed that a well-
balanced global search and local optimization allowed us to obtain a rough correlation between the super-
conducting properties and experimental conditions and finely optimal experimental conditions over a wide
range. These results demonstrate that Bayesian optimization is promising for optimizing the synthesis process of

superconducting materials.

1. Introduction

Several properties of superconducting materials, such as critical
current density and critical field, depend on their composition and
synthesis process. In particular, in the case of polycrystalline super-
conducting materials including iron-based superconductors, MgB,, and
metallic superconductors, processing conditions (e.g., the heat-
treatment temperature, time, and ramp rate) as well as the chemical
composition of the starting powder affect the microstructure. Therefore,
optimization of the synthesis process is essential to achieving improved
superconducting properties.

Conventionally, synthesis process optimization in materials science
has been conducted based on the experience, knowledge, and intuition
of a human expert or using non-adaptive methods such as a factorial
design or a response surface approach. Process informatics (PI), which
uses data science techniques/methods to optimize experimental pro-
cesses, has recently been performed [1-8]. Bayesian optimization [9]
has attracted significant attention as a powerful tool for PI because it can
find global optima using only a mini-database generated from a few
experiments. Lambard et al. [1] improved the coercivity of Nd-Fe-B
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permanent magnets using a Bayesian optimization-assisted PI frame-
work. Osada et al. [2] optimized the epitaxial growth process of Si thin
films through a few experiments using Bayesian optimization. Chang
et al. [3] used Bayesian optimization to maximize the growth rate of
carbon nanotubes. Wang et al. [4] reviewed examples of the applications
of Bayesian optimization to the processing of chemical products and
functional materials. In addition, because Bayesian optimization can
eliminate human intervention, it is capable of providing an autonomous
experimental framework in which the synthesis processes are automat-
ically optimized using robots. Xie et al. [5] developed a robotic platform
using Bayesian optimization to accelerate the synthesis process of
metal-organic frameworks with high crystallinity. Deneault et al. [6]
developed an autonomous system using Bayesian optimization that
optimized multiple parameters used in 3D printing to satisfy the target
features. Gongora et al. [7] reported that a combination of Bayesian
optimization and automated experiments maximized the toughness of
materials fabricated by additive manufacturing. Bayesian optimization
has also been used to assist human experts in determining experimental
conditions [8]. Furthermore, several user-friendly applications have
been developed for Bayesian optimization [10,11], facilitating its use for
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Fig. 1. Flowchart of process optimization for improving the phase purity of P-
doped Bal22.
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Fig. 2. Relationship between heating temperature and (a) phase purity, (b)
lattice constant a, and (c) lattice constant c. Single crystal data from Ref. [47]
are shown for comparison.

the PI of various materials.

However, the optimization of the synthesis process for super-
conducting materials still strongly depends on the experiences of an
expert owing to the lack of established mechanistic theories that link the
process conditions to superconducting properties. Recently, Matera
et al. [12] reported the maximization of the upper critical field of
C-doped MgB, using the response surface method; however, no PI using
Bayesian optimization was conducted for the synthesis process of
superconducting materials. Therefore, this study is the first application
of Bayesian optimization to the synthesis process of superconducting
materials and focuses on the synthesis process of BaFesAss (Bal22) [13,
14] polycrystalline bulk, which is one of the parent phases of iron-based
superconductors (IBSC), as a model case.

IBSCs [15] are expected to have strong magnetic applications owing
to their high critical temperature (T.) and upper critical field (H.y) [16]
next to cuprate superconductors. Bal22 exhibits superconductivity by
hole doping via potassium substitution at the barium site, electron
doping via cobalt substitution at the iron site, and chemical pressure by
phosphorus substitution at the arsenic site [17-19]. Bal22 shows a small
electromagnetic anisotropy [20-25], an irreversible magnetic field close
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Fig. 3. Powder X-ray diffraction patterns of the samples with different heating
temperatures.

to Heo [25], and a large critical grain boundary angle of 5-9°, approxi-
mately twice that of yttrium barium copper oxide [26,27]. These
properties are relevant for the application of Bal22 materials in poly-
crystalline form.

An important aspect of the superconducting properties of Bal22 is
the type of doping [28]. While focusing on T, studies found that 40 %
K-doped Bal22 exhibits T. = 38 K, 8 % Co-doped Bal22 exhibits T, = 23
K, and 32 % P-doped Ba122 exhibits T, = 30 K [17,19,29]. Among these
doped Bal22 materials, P-doped Bal22 has the advantage of a high
critical current density in thin films owing to the introduction of artifi-
cial vortex pinning centers [30-36]. Moreover, because of the unique-
ness of superconductivity, manifested by isovalent doping, its physical
properties have been extensively studied to elucidate its origin [37-39].
However, compared to other doped systems, establishing a material
synthesis process for obtaining high-phase-purity samples is a challenge
in P-doped systems. Phosphorus tends to form a stable compound with
iron (FeyP), making it difficult to obtain single-phase P-doped Bal22 and
also making it difficult to control the doping state of the
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Fig. 4. Backscattered electron microscopy and elemental mapping images of Ba, As, Fe, and P for the polished cross-sectional surface of the sample heated at 863 °C.
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Fig. 5. Temperature dependence of resistivity for the BaFe,(As,P), bulk sample
sintered at 863 °C.

superconducting phase because of the incorporation of phosphorus
within the secondary phase [40,41]. According to Contarino et al. [40],
the formation of impurity phases is caused by ion diffusion due to
heat-treatment at high temperatures. Additionally, they state that sup-
pressing the phosphorus-containing impurity phase is key to improving
the superconducting properties of P-doped Bal22. Therefore, high
superconducting properties are expected to be achieved by optimizing
the heat-treatment conditions and maximizing the phase purity.

In this study, using Bayesian optimization, the phase purity of P-
doped Bal22 polycrystalline bulks was improved by optimizing the
heat-treatment process. Although the heat-treatment process of P-doped
Bal22 has several design parameters such as temperature, time, and
heating rate, this study optimized only the temperature, which is
assumed to have a significant influence on the growth of impurity
phases, to simplify the discussion on the first application of Bayesian
optimization to the synthesis process of superconducting materials.
Bayesian optimization was performed using the graphical user interface-
based application, BOXVIA [12]. BOXVIA enables the use of Bayesian
optimization and the visualization of optimization results without any
source code preparation or computing environment construction.
Furthermore, through visualization of the optimization process for the
phase purity maximization of P-doped Bal22 polycrystalline bulks, we
discuss the advantages of applying Bayesian optimization to the syn-
thesis process of superconducting materials.

2. Materials and methods
2.1. Sample preparation and evaluation methods

Polycrystalline bulk BaFey(As,P), samples were prepared by sinter-
ing the mechanically alloyed precursor powders. In an Ar-atmosphere
glove box, an elemental metal mixture of Ba, Fe, As, and P with a
molar ratio of Ba:Fe:As:P = 1:2:1.34:0.66 (i.e., a nominal composition of
BaFey(Asg.67P0.33)2) was ball-milled with high energy using a planetary
ball-mill apparatus [42,43]. The precursor powder was formed into a
disk-shaped pellet with a diameter and thickness of 7 mm and 1 mm,
respectively. The pellet was vacuum-sealed in a quartz tube. Each
sample was heated for 2 h to the designated heating temperature sug-
gested by BOXVIA and then held for 48 h before furnace cooling. The
constituent phases of the samples were evaluated by powder X-ray
diffraction (XRD; D2 PHASER, Bruker) using Cu-K, radiation with a 1 of
1.5418 A. The lattice constants and phase purity were quantitatively
evaluated using Rietveld analysis (DIFFRAC.TOPAS). The chemical
composition was evaluated by energy-dispersive X-ray spectroscopy
(EDX) on the polished cross-sections of the samples.

2.2. Bayesian optimization

The experimental result y; (i denotes the number of experiments) is
defined as y; = f(x;), where x; is an arbitrary experimental condition, and
f1is a black-box function. In this study, y; is the phase purity, and x; is the
temperature of the heat-treatment. Bayesian optimization considers f an
objective function and maximizes/minimizes y; using Gaussian process
regression (GPR) [44]. GPR models a black-box function as a function
represented by mean and covariance functions.

Here, we consider the case in which a dataset comprising x; and y;
obtained from n experiments is available. The experimental conditions
and results in the dataset are expressed using vectors xi., = (x1, X2,...,
xp) and y1., = (¥1, ¥2,- .-, Yn), respectively. Through GPR, the probability
density function (PDF) of y;.,, which is called the prior distribution, is
expressed as follows:

Vi NN(07K)? (l)

where N(0, K) represents the multivariate Gaussian distribution of the

mean vector 0 and covariance matrix K, which is defined as

k(xy,%x1) k(x1,x,)
K= : : 2)
k(x,, 1) k(x,, %)

where k(x;, xj) is the kernel function representing the correlation
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Fig. 6. Mean functions, standard deviations, and acquisition functions calculated by Gaussian process regression. The blue points represent the phase purity acquired
up to the respective number of experiments. The black lines represent mean functions, and the light blue areas represent their standard deviations. The red lines show

the acquisition functions normalized from 0 to 1.

between any two experimental conditions x; and x;. This study used the
following Matérn 5/2 kernel function, commonly used for Bayesian
V5| x|

optimization [3,44,45].
5|x; —x; z

(1451
p
where ||e|| denotes Euclidean distance, and a and B are hyper-
parameters dynamically determined during the optimization process
[44].
When an arbitrary x+ is newly obtained, y;., and y+ can be joined by
the properties of Gaussian processes [40] as

{yyﬂ - N(O’ {lg k(xfx*) } ) @

where k is a vector defined as

k(xi,x;) = @

= [k(x.,x,) k(x.,x,) - k(x*,x,,)]T, 5)

According to Egs. (4) and (5), the conditional PDF of y+ under the
given data of x+, x1.;, and y1., (known as the posterior distribution) is
calculated as follows:

p(y*‘x*:xl:myl:n) :N(ﬂn(x*)>6;21(x*))7 (6)

where upn(x+) and aﬁ(x*) denote the posterior mean and the variance,
respectively. The mean is calculated as

Ho(x.) =K'K 'y, %)

and the variance is calculated as

o2 (x.) = k(x.,x.)

n

—K'K 'k (8)

In simple terms, un(x+) and 62(x+) (or on(x*)) are the mean and
variance (or standard deviation) of a Gaussian distribution representing
the predicted result of an experiment conducted under condition x.

Bayesian optimization uses an acquisition function to determine the
next experimental condition x(n + 1). Although several types of acqui-
sition functions have been proposed [44], this study uses the expected
improvement (EI) acquisition function because the EI function is widely
used in various applications [2,7,8,45]. The EI acquisition function for
maximizing y; is expressed as [44,46]:

aEI( *) _ { (()ﬂ"(((;n)(;{(im(;;) - 5)(15(2) + Un( *)¢(Z) (‘7'1 (x*) > 0) , 9
Halx) —f(™) = ¢
Z= 0u(x.) (©n(x) > 0), (10)

0 (ou(x.)=0)

where ¢(e) and ®(e) represent the PDF and the cumulative distribution
functions, respectively. x™* is the experimental condition that provides
the maximum y; in the dataset obtained in n experiments. The EI
acquisition function considers both the probability that f(x+) improves
from f(x™*) and the amount of improvement. The next experimental
condition of x,;; is defined as x=, which maximizes agj(x+). In typical
human-based optimization, to improve y;, the next experiment is con-
ducted under conditions close to x™®* (local optimization) or conditions
with fewer data (global search). In Bayesian optimization, local opti-
mization and global searches are well balanced by the acquisition
function using y,(x+) and op(x+). Local optimization is encouraged when
un(x+) is large, whereas global search is encouraged when o,(x+) is large.
In addition, the EI acquisition function can control the tradeoff between
local optimization and global search by tuning a hyperparameter. & (>
0).

In this study, calculations for the Bayesian optimization described
above to maximize the phase purity of P-doped Bal22 were performed
using BOXVIA [10]. & was set to 0.01, which is the default value for
BOXVIA. The range of possible temperatures for the heat treatment was
set at 200-1000 °C, which is sufficiently wide to avoid human bias. The
increment in the temperature condition was set to 1°C (i.e., 800
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candidates were available). When the same conditions were suggested
by the Bayesian optimization as those for which the data had already
been obtained, the existing data were used again because the repro-
ducibility of the experimental results was assumed to be high.

2.3. Flowchart

Fig. 1 shows the procedure for obtaining high-phase-purity P-doped
Bal22 polycrystalline bulk materials using Bayesian optimization. Pre-
liminary experiments were conducted to prepare a dataset with x;., and
¥1:n to calculate the initial prior distribution. We set x., of the prior data
to x1.2 = (200, 1000). The prior dataset was used for Bayesian optimi-
zation to obtain the first temperature condition for heat-treatment. The
phase purity of the heat-treated samples was measured using Rietveld
analysis. The temperature conditions and measured phase purity were
then added to the dataset. The phase purity was maximized by iterating
the cycle of Bayesian optimization, conducting heat-treatment at the
suggested temperature, and analyzing the samples.

3. Results and discussions
3.1. Evaluations of the samples

Fig. 2 shows the heating temperature dependence of the (a) phase
purity, (b) a-axis length, and (c) c-axis length of the samples after 12
iterations. The mean function and standard deviation shown in Fig. 2(a)
are obtained by GPR. The phase purities of the samples heated at 200 °C
and 1000 °C, which were prepared as prior data, were 65.4 % and 87.7
%, respectively. The iteration cycle using Bayesian optimization
revealed that the phase purity increased with the heat-treatment tem-
perature below ~900 °C. High phase purity can be obtained at
750-870 °C. A maximum phase purity of 91.3 % was obtained at 863 °C
after 10 iterations. Low phase purity was observed above ~900 °C,
suggesting that the formation of impurity phases such as FeoP was
enhanced at high temperatures. Both the a- and c-axis lengths tended to
become shorter and closer to the lattice constants of single crystals for
samples with high phase purity. The a- and c-axis lengths of P-doped
Bal22 decrease with increasing P doping [47]. Fig. 3 shows the powder
XRD patterns of the samples. The Bal22 phase was the main phase in all
the samples. In contrast, the FeyP phase was found to be an impurity
phase, particularly in samples with lesser phase impurities. These results
suggest that a decrease in the impurity FeoP phase improves the phase
purity of Bal22 and the P doping level in the Bal22 phase.

Fig. 4 shows the electron reflection images obtained by scanning
electron microscopy and the elemental mapping images of the corre-
sponding regions by EDX analysis for the sample with the highest phase
purity (heat treatment temperature: 863 °C). In the Fe and P elemental
mapping, no distribution of Ba and As was observed in the region of
approximately 1-5 um, where Fe and P are typically enriched, corre-
sponding to the Fe,P phase.

To demonstrate the superconducting property in BaFey(As,P); bulks
with improved phase purity, resistivity measurement of dense bulk
sample synthesized at 863 °C under 50 MPa was performed by dipping
in liquid helium. Fig. 5 shows the temperature dependence of resistivity
for the BaFey(As,P), bulk sample sintered at 863 °C. The bulk sample
exhibited superconducting transition at high temperature of 30.6 K,
which is among the highest in polycrystalline samples and comparable
to T, (31 K) of optimally doped single crystals (x = 0.33 in BaFey(As;.
«Px)2) [47]. This result indicates that, owing to the high purity of the
bulk sample, phosphorous was successfully doped in the lattice and its
doping level is close to the nominal composition. The zero resistance
temperature (27.5 K) is as high as those of thin films (21.2-26.5 K) with
phosphorous doping level x = 0.28-0.45 [30,34], however lower than
that of the single crystal (~30 K [47]). Residual-resistance ratio (RRR)
of the bulk sample is 4.25, which is lower than the in-plane RRR of the
single crystal (~5.4 [47]). Since the bulk sample is randomly oriented
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polycrystal, electromagnetic anisotropy and grain-boundaries are
considered to affect the broadened resistive transition and lower RRR
compared to those of single crystals.

3.2. Discussions of the optimization process using Bayesian optimization

Fig. 6 shows the variations in the mean function, standard deviation,
and acquisition function calculated during the optimization process of
the phase purity of the P-doped Bal22 polycrystalline bulks for the
number of experiments. The acquisition function was normalized from
0 to 1. The experimental results were frequently within the standard
deviation calculated in a previous experiment. For example, Fig. 6 shows
the results of the 7th experiment as a hollow circle on a graph drawn
after the 6th experiment. This result indicates that the temperature
dependence of phase purity can be roughly predicted by referring to the
mean function and its standard deviation without conducting several
experiments covering the possible temperature range. Furthermore, the
mean function and its standard deviation calculated after the 11th
experiment suggest a significant increase in phase purity cannot be ex-
pected in further experiments. Therefore, further improvement of the
phase purity of P-doped Bal22 requires simultaneous optimization of
other experimental conditions, such as the parameters for mechanical
alloying, the treatment time, and the heating rate.

As described in Section 3.1, a maximum phase purity of 91.3 % was
obtained at 863 °C. Bayesian optimization enabled the identification of
the temperature conditions in 1-°C increments from a wide search range
of 800 °C in a total of 13 experiments (2 preliminary and 11 iterative).
This efficient and fine optimization of the phase purity was achieved by
balancing the local optimization and global search by the acquisition
function, as shown in Fig. 6. The 7th and 10th experimental conditions
were suggested by global search and local optimization, respectively.
The properties of superconducting materials could be significantly
affected by slight differences in their synthesis processes. Nakane et al.
[48] reported that the J, of a superconducting tape could be more than
doubled with only a change of 5 °C in the heat-treatment temperature.
Ishida et al. [28] demonstrated that a slight change in the doping level of
Bal22 leads to improved superconducting properties. However, in-
vestigations under a wide range of experimental conditions are also
important to determine the optimum conditions for improving super-
conducting properties due to the possibility of multiple peaks in the
properties, as reported by limura et al. [49]. Therefore, Bayesian opti-
mization, which can obtain finely optimal conditions through local
optimization and global search with a small number of experiments, is
useful for optimizing superconducting materials.

Generally, the advantage of Bayesian optimization is that the number
of experiments can be significantly reduced compared with conven-
tional methods. For example, Refs. [31,32] reported that Bayesian
optimization reduced the number of experiments by factors of approx-
imately 100 and 60, respectively. In the typical conventional strategy for
the synthesis process optimization of superconducting materials, to
avoid an increase in the number of experiments, optimal conditions are
searched within a narrow range where the best result is expected based
on human experience and/or preliminary experiments. In the case of
improving the phase purity of P-doped Bal22, the search range of
heat-treatment temperature was narrowly set at 600-1000 °C, for
example, based on the knowledge that the phase purity is not expected
to improve at low temperatures. When only the heat treatment tem-
perature is designed, the optimal conditions are potentially found by the
conventional strategy, which narrows the search range based on expe-
rience with a similar number of experiments as those of the Bayesian
optimization. However, when the number of design parameters for
improving phase purity increases, the narrow search ranges (i.e., human
bias) prevent researchers from discovering unexpected optimal condi-
tions. In addition, some design parameters, such as the heating rate,
make it difficult to narrow the search ranges based on human experience
because their effects on the superconducting properties are unclear,
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which may lead to a range that does not contain the optimal values. This
problem also arises in the fabrication of other forms of superconducting
materials (e.g., the gas flow rate in the fabrication of thin films) and in
new process applications. Bayesian optimization can provide optimal
conditions with a small number of experiments and without narrow
constraints, even when the number of design parameters increases.
Therefore, from the above discussion, Bayesian optimization is prom-
ising as a powerful tool for maximizing the phase purity of P-doped
Bal22 and for the process optimization of any superconducting
material.

4. Conclusions

This study improves the phase purity of the P-doped Bal22 poly-
crystalline bulk as a model case for the application of Bayesian optimi-
zation to the synthesis process of superconducting materials. The phase
purity improved to 91.3 %, and the optimal temperature was identified
to be 863 °C by only 13 experiments. The XRD and EDX measurements
demonstrated that the impurity phase was dominated by Fe,P. Through
the reduction of the impurity phase, including phosphorus, samples with
a high phase purity resulted in a doping level closer to the nominal
composition of the Bal22 phase. Bayesian optimization provided a
global variation in the phase purity depending on the heat-treatment
temperature and a fine local optimum temperature in 1-°C increments
with fewer experiments. The results demonstrate the effectiveness of
Bayesian optimization for the synthesis process of superconducting
materials, which requires the global search and local optimization of the
experimental conditions. Therefore, Bayesian optimization is expected
to contribute to efficiently enhancing the superconducting properties
when applied to synthesis processes with several design parameters in
future work.
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