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Bayesian optimization (BO) is machine-
learning based black-box optimization tech-
nique and has recently garnered significant at-
tention in physics, chemistry, and materials
science[l]. For example, for materials develop-
ments, the trial-and-error process to find bet-
ter material is regarded as optimizing a black-
box function where input is the composition,
structure, and process and output will be ma-
terials property. In this algorithm, first, a
Gaussian process regression that predicts the
expected property and variance is constructed
from the already observed input-output pairs.
Next, through the trained Gaussian process,
the probable input data that will yield the de-
sired output value are also selected based on
the acquisition function using expected prop-
erty and variance. Then, the true output value
for the selected candidate is obtained by exper-
iments or simulations as black-box functions.
BO repeats these processes to find better in-
puts. Although BO is powerful tool for black-
box optimization, BO is generally computa-
tionally expensive in two parts: training Gaus-
sian process regression and optimizing acquisi-
tion function.

COMBO (COMmon Bayesian Optimiza-
tion) has been developed mainly for re-
searchers in the materials science field[2]. In
the Gaussian process, two hyperparameters,
i.e., parameters whose values were given prior
to learning, existed: the Gaussian kernel width
and noise variance. Using the COMBO pack-

age, these hyperparameters were automatically
determined by maximizing the Type-II likeli-
hood. In addition, to avoid computationally
expensive for training Gaussian process regres-
sion, COMBO achieves high scalability using
Thompson sampling, random feature map, and
one-rank Cholesky update,

To accelerate COMBO package further,
PHYSBO (optimization tools for PHYSics
based on Bayesian Optimization) package is
developed as Python 3 code[3]. In PHYSBO,
the massive parallelization using ISSP super-
computer can be performed for optimizing ac-
quisition function, and then both computa-
tionally expensive parts in BO can be resolved.
In addition, new function to perform multiob-
jective optimization is implemented.

In physics field, so far, BO has been ap-
plied to some problems such as autonomous
X-ray scattering experiments [4], inverse scat-
tering [5], crystal structure prediction [6], and
effective model estimation[7]. Thus, PHYSBO
package can accelerate these problems, and
will solve more complex physical problems us-
ing supercomputer.

This package is developed with Tsuyoshi
Ueno, Kei Terayama, Koji Tsuda, Yuichi
Motoyama, Kazuyoshi Yoshimi, and Naoki
Kawashima. We would like to thank the sup-
port from “Project for advancement of soft-
ware usability in materials science” by The
Institute for Solid State Physics, The Univer-
sity of Tokyo, for development of PHYSBO.
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