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材料開発の自動化から自律的な材料研究開発へ
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Autonomous Prototyping 
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target materials

Materials Dock
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characterization

Materials AI
Transforming data into 

knowledge
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持続可能社会の実現に必要な革新的物質・材料の探索・開発
→ インフォマティクス・AI ・ロボティクスを活用した物質・材料開発

必要とする特性から逆問題として材料や製造プロセスをデザイン

現在のパラダイム

ターゲット

マテリアル研究開発の未来像
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ミクロ

原子レベル

作る

計る・解る

マクロ：素材

社会(産業界)で必要とされる AI 利用（物質設計＋組織・プロセス設計）

ミクロ：原子レベル

メゾスコピック：微細組織

n 結晶構造

n 磁気構造
n 局所構造

n 欠陥

n ドーパント位置

n 結晶粒

n 粒界相
n 界面構造

n 不均一構造

n 複合材料

ターゲット

作る

計る

解る

異なるモダリティ・異なるスケールで得られたデータを
統合的・多面的に理解するための機器・解析法・数理技術

コア技術

→ マテリアルドック

マテリアルドックのコモディティ化により計測が生み出す価値を飛躍的に向上



マテリアルドック構築
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計測 機械学習

最適な実験計画を自動で策定
する方法論
n 意思決定と関連している
n 最適な計測時間、計測ポイント
n 次に計測すべき探索点をデータか
ら決める

n どこで終了すれば良いか

計測データ解析の自動化
n 熟練者の経験と勘に頼っていた解
析の自動化

n 次元削減：計測データ (高次元) 
→ 物理量 (低次元) 

n パラメータ最適化
n 知識発見
n 意思決定の支援

マテリアルドックの要素技術

ロボティクス

計測インフォマティクス

計測自動化
自動試料作製・調製

自律制御

最適実験計画・自動データ解析

マテリアルドック



Data
データ

Information
情報

Knowledge
知識

Wisdom
知恵 科学法則、新しい概念

形式知
暗黙知 (経験則、熟練者の勘・コツ）

データベース
マテリアルズインフォマティクス

実験、シミュレーション
メタデータ（熟練者の勘・コツのデータ化）

ハイスループット計測
構造と物性のデータ取得
ロボット、能動学習
大規模文献情報

データ解析
構造と物性の相関関係
機械学習、多目的最適化
自然言語処理

知識獲得
構造と物性の因果関係
因果推論
階層構造、不確実性評価

科学法則の発見
構造と物性の関係式
シンボリック回帰
研究者の関与

Value
計測から生み出される価値

Measurement
計測

回折・散乱・分光、NMR、EM、
放射光、中性子

計測から生み出される価値
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マルチスケール・マルチモーダル構造解析
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マテリアルドック：最適な実験計画
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T. Ueno et al. npj Computational Materials, 4, 4 (2019)

実験計画の自動決定と計測効率化
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Adaptive design of an X-ray magnetic circular dichroism
spectroscopy experiment with Gaussian process modelling
Tetsuro Ueno 1,2,3, Hideitsu Hino4, Ai Hashimoto2, Yasuo Takeichi2, Masahiro Sawada5 and Kanta Ono2,3,6

Spectroscopy is a widely used experimental technique, and enhancing its efficiency can have a strong impact on materials research.
We propose an adaptive design for spectroscopy experiments that uses a machine learning technique to improve efficiency. We
examined X-ray magnetic circular dichroism (XMCD) spectroscopy for the applicability of a machine learning technique to
spectroscopy. An XMCD spectrum was predicted by Gaussian process modelling with learning of an experimental spectrum using a
limited number of observed data points. Adaptive sampling of data points with maximum variance of the predicted spectrum
successfully reduced the total data points for the evaluation of magnetic moments while providing the required accuracy. The
present method reduces the time and cost for XMCD spectroscopy and has potential applicability to various spectroscopies.

npj Computational Materials �(2018)�4:4� ; doi:10.1038/s41524-017-0057-4

INTRODUCTION
Spectroscopy (X-ray, optical, infra-red, electron, etc.) is a popular
and important experimental technique for materials analyses and
investigations on the fundamental properties of materials.1–6

Large amounts of samples and experimental data need to be
measured and treated for materials research and development.
Therefore, there is a strong demand for high-throughput
measurement to reduce the time and cost of spectroscopy
experiments. In a conventional spectroscopy experiment, a large
amount of data points is usually measured with sufficient
measurement time to obtain a spectrum with an adequate
signal-to-noise ratio. Often, the quality of a spectrum is
determined according to the experimenter’s experience.
Although there are single-shot spectroscopy experiments like

wavelength-dispersive X-ray spectroscopy,7 many kinds of spec-
troscopy need point-by-point measurement with scanning energy
or wavelength. One can not obtain whole spectrum until the end
of the experiment in such sequential point-by-point measurement
and one can obtain parameters by analysis as a post-process after
the measurement. Modern experiments like scanning X-ray micro-
spectroscopy takes relatively long measurement time per energy
because it takes scanning image at each energy point.8 Therefore,
an efficient measurement by reducing energy data points based
on the intelligent design of experiments is needed. At present,
regression models are used to realise precise predictions thanks to
advances in machine learning techniques, and such techniques
can be applied to the intelligent design of spectroscopy
experiments.9,10

Machine learning techniques have recently been introduced to
materials science.11 Materials informatics12 is regarded as the
fourth paradigm in the field of materials science following the

previous paradigms of experiment, theory, and computation.13 In
materials informatics, statistics and/or machine learning techni-
ques are necessary to derive or predict target data from big data
in an efficient manner. Bayesian optimisation has been applied to
the high-throughput prediction of new materials.14,15 However,
this kind of sampling optimisation strategy has never been
applied to spectroscopic measurement. Bayesian optimisation can
be applied when an optimisation objective can be defined as a
functional to be modelled. Because our aim in this study was to
optimise the measurement strategy for approximating the
spectrum, instead of a Bayesian optimisation in which the
Gaussian process16 is used as a fundamental modelling tool, we
utilised the Gaussian process and its predictive variance to design
efficient measurement strategies. Gaussian process regression is
also known as kriging and is used in geostatistics to predict a
geographic surface from an interpolation of discrete observation
data.17

Generally, a spectrum is represented as a nonlinear function of
energy or wavelength. The Gaussian process is a generalised linear
model that can approximate such nonlinear spectral shapes by
linear regression in feature space. The Gaussian process predicts a
spectrum by tuning hyper-parameters through the learning of
previous data of the spectrum. Moreover, not only the expectation
value of the prediction but also the variance can be evaluated.
Thus, the certainty of the prediction can be evaluated, and the
efficiency of the adaptive sampling of new data points can be
optimised.
In order to assess its applicability to spectroscopy, we applied

Gaussian process modelling to X-ray magnetic circular dichroism
(XMCD) spectroscopy. XMCD spectroscopy is an experimental
technique for quantitatively evaluating the orbital and spin
magnetic moments of a material.18–20 These magnetic moments
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X線スペクトル測定

問題点

どのような条件で
測定すれば良い？

測定にどのくらい
時間を掛ければ良い？

現状：経験や勘で決定
➡ 非効率の発生、自動化の障害

合理的・自動的な実験デザインで
測定の効率化をはかる
→ 計測インフォマティクス

従来法：細かく測定 計測インフォ：
測定 + 予測

物質の情報を
得ることができる
・電子状態
・磁性
etc.

測定の様子
従来型の実験デザイン法による
X線スペクトル測定

能動学習によるX線スペクトル測定
順番に測定

機械学習(スペクトルの予測)に
基づいて測定点を決定

X線スペクトル測定の流れ
従来型の実験デザイン

能動学習

X線エネルギー

ス
ペ
ク
ト
ル
強
度

X線エネルギー

ス
ペ
ク
ト
ル
強
度

T. Ueno et al., npj Comput. Mater. 4, 4 (2018)
以前の論文で提案

これまでの経験をもとに、
このくらいのエネルギー
範囲を、このくらいの間
隔で測定しよう

非効率・無駄が発生
n 細かくとりすぎた…
n 多くとりすぎた…
n 時間をかけすぎた…

機械学習（能動学習）
により自動化

合理的・最適な測定 → 効率化



マテリアルドック：実験をいつ止めるか
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Threshold λ
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計測点数
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閾値λ

停止タイミング
汎用的な停止基準 = “期待汎化誤差”に基づく停止基準

期待汎化誤差

誤差比

計測ごとに
“誤差比”を評価

閾値を下回ったら
停止

どのようなスペクトル(スペクトルでなくても)にでも適用可能



マテリアルドック：計測データ解析の自動化
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Y. Ozaki, et al. npj Computational Materials, 6, 75 (2020)

ブラックボックス最適化を用いた結晶構造解析の自動化

ARTICLE OPEN

Automated crystal structure analysis based on blackbox
optimisation
Yoshihiko Ozaki 1,2, Yuta Suzuki 3,4, Takafumi Hawai3, Kotaro Saito3,5,6, Masaki Onishi1 and Kanta Ono 3,4✉

In the present study, we show that time-consuming manual tuning of parameters in the Rietveld method, one of the most
frequently used crystal structure analysis methods in materials science, can be automated by considering the entire trial-and-error
process as a blackbox optimisation problem. The automation is successfully achieved using Bayesian optimisation, which
outperforms both a human expert and an expert-system type automation despite the absence of expertise. This approach stabilises
the analysis quality by eliminating human-origin variance and bias, and can be applied to various analysis methods in other areas
which also suffer from similar tiresome and unsystematic manual tuning of extrinsic parameters and human-origin variance
and bias.

npj Computational Materials �����������(2020)�6:75� ; https://doi.org/10.1038/s41524-020-0330-9

INTRODUCTION
The physical properties of materials are governed by their crystal
structure; thus, crystal structure analysis is an indispensable
element in materials science research1,2. Compared to the drastic
improvement in material fabrication and measurement through-
put, the throughput of crystal structure analysis has not been
improved because the analysis heavily relies on manual time-
consuming trial-and-error methods3–8. Rietveld refinement or the
Rietveld method9,10, one of the most widely used crystal structure
analysis methods for powder diffraction data, such as X-ray
diffraction (XRD) and neutron diffraction, faces this problem
as well.
Rietveld refinement involves complex curve fitting using an

experimental result and a simulation based on a physical model.
The physical model comprises intrinsic parameters for governing
crystal structure such as lattice constants and atomic positions and
extrinsic parameters such as background signals and peak shape
defined by instrumental resolution. The method is designed to
minimise the difference between the observed and simulated
results by updating the parameters in a given physical model until
the difference reaches a threshold. All parameters need initial
values, including categorical ones such as background and peak
shape functions. For each numerical parameter, a binary
parameter (fix or refine) to control the scope of the refinement
needs to be set. The number of intrinsic parameters depends on
the complexity of the crystal structure and ranges from 10 to 100,
while that of extrinsic parameters is typically less than 20.
It is commonly known that refining all parameters at once often

leads to physically unreasonable results. The basic strategy to
avoid such an issue is to gradually increase the number of
parameters to be refined; that is, beginning with a few to finally
incorporate all in order to keep them physically acceptable.
Consequently, one needs to update the scope of the refinement at
each step of the refinement process and, eventually, to determine
the sequence of scopes. To guide researchers among a massive
number of possible combinations and sequences of different
refinement scopes with several tens of refinable parameters,

empirical guidelines which significantly limit the size of "scope
space” are often employed. However, even with the limited scope
space, one has to search the right path to a reasonable solution in
the search space by trial and error; furthermore, it is not
guaranteed whether the guidelines will lead researchers to the
optimal crystal structure in the whole scope space. Considering
the wide use of Rietveld refinement in various materials science
communities, this situation, that only proficient experts can exploit
Rietveld refinement properly, should be improved.
Such complexity in parameter tuning would have consequences

on analysis quality in terms of both variance and bias. For
example, the consistency in experts’ results shown by round robin
tests in refs. 11–13 would have declined due to a wider distribution
of individual skills to deal with the complexity if more researchers
had participated in the tests. On the contrary, the consistency
itself indicates the success of the refinement guidelines shared by
experts. While such guidelines contribute to the consistency as
expected, they can also cause a systematic bias in refinement
results. In this study, based on blackbox optimisation (BBO)14, we
offer a general automation framework for Rietveld refinement to
alleviate these problems and allow practitioners to spend more
time examining candidate structures proposed by the framework,
and not searching for them in a vast parameter space.
BBO refers to a problem setup, in which the objective function

and/or constraint function are given by blackboxes, i.e., the
analytic forms of the function are unknown. BBO has recently
emerged as a popular concept in the machine learning commu-
nity because it performs an important task of tuning hyperpara-
meters in machine learning models automatically, which is termed
as hyperparameter optimisation (HPO)15. HPO plays a vital role in
machine learning; (1) it reduces the human effort necessary for
applying machine learning, (2) it improves the performance of
machine learning algorithms, and (3) it facilitates fair comparisons
among the results of machine learning studies by providing the
same level of tuning15. HPO is formalised as the maximisation of
machine learning model performance in the hyperparameter
configuration space. For this case, the relationship between a
hyperparameter configuration and the machine learning model

1Artificial Intelligence Research Center (AIRC), National Institute of Advanced Industrial Science and Technology (AIST), Tokyo, Japan. 2GREE, Inc., Tokyo, Japan. 3Institute of
Materials Structure Science (IMSS), High Energy Accelerator Research Organization (KEK), Ibaraki, Japan. 4SOKENDAI (The Graduate University for Advanced Studies), Ibaraki,
Japan. 5Paul Scherrer Institute, Villigen, Switzerland. 6Present address: Medley, Inc, Tokyo, Japan. ✉email: kanta.ono@kek.jp

www.nature.com/npjcompumats
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AI 技術（AutoML：ハイパーパラメータ最適化、モデル自動選択）

結晶構造解析の自動化
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結晶構造解析の問題点
n 非常に多くのパラメータ。局所解に収束。
n 専門家（熟練者）が試行錯誤してパラメータを設定（数時間～数日）

解析ソフトウェア

入力：
n 計測データ
n パラメータ（初期構造,
装置関数, BG, 熱因子
…）

結晶構造

R 因子

収束させるには熟練と
試行錯誤が必要

結晶構造解析のワークフロー

結晶構造解析を完全自動化：数時間～数日 → 数分 10倍以上
Y. Ozaki, K. Ono et al., npj Comp. Mat. 6, 75 (2020)



n 専門家を凌駕
n X線回折だけでなく、電子線回折、中性子回折にも適用可能
n 課題：問題を解かせるとドンドン賢くなる：メタ学習 (learning to learn)

専門家：数時間

ここまで
数分

Y. Ozaki, K. Ono et al., npj Comp. Mat. 6, 75 (2020)

Le Bail 先生 最小の Rwp ~ 8.6%

われわれの方法
ベストだと数回のトライ
（10秒）で超えている

中央値でも数10回
（数分）

専門家

結晶構造解析の自動化：専門家を凌駕
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マテリアルドック：解析自動化は熟練者を超える
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人間では発見できなかった結晶構造候補を見つけた

Crystal structure

Rwp

結晶構造を多次元尺度構成法により二次元にマップ

Y. Ozaki, K. Ono et al., npj Comp. Mat. 6, 75 (2020)

どれが正しい結晶構造なのだろうか？

Different bond angles of Mn-O

Dy0.5Sr0.5MnO3

熟練
者が
発見
でき
なか
った

結晶
構造



マテリアルドック：意思決定の支援
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ハイブリッドデータ解析
計測＋機械学習と理論計算の両面からの最適化

計測データ解析では熟練者による意思決定が行われている
マルチモーダル（計測データ解析と理論計算）の統合が重要

第一原理計算

結晶構造

生
成
エ
ネ
ル
ギ
ー

Matsumoto, Hawai, and K. Ono
Phys. Rev. Applied 13, 064028 (2020)

結晶構造解析

結晶構造

R 
因
子



異なる計測 (マルチモーダル) データの融合と
マルチスケール定量情報・知識獲得

個別のモダリティ(計測・解析手法)について数理
科学を活用して自動化・高速化・最適化

CaaS : Characterization as a Service

14

CaaS



マテリアルドック：自律的な評価のためのエコシステム
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Set samples
Run XRD

Results
(Quantitative, Structure)

CaaS - XRD

Optimal Design of Experiments Module

Automated Analysis (BBO-Rietveld)

Crystal Structure Database (ICSD, COD)

Automatic XRD Control Module

DFT Structure Optimizer Module

Control XRD
patterns

CaaS - NMR
開発予定



まとめ：マテリアルドック
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計測 機械学習

ロボティクス

計測インフォマティクス

計測自動化
自動試料作製・調製

自律制御

最適実験計画・自動データ解析

ono@ap.eng.osaka-u.ac.jp


