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これまでの研究の概略

・ガラス材料の高機能化

10 nm

・新規な材料の創成

電解質膜

量子化学計算

自己組織化

固体NMR 特殊水を用いた除染

・震災復興支援

・機械学習
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TABLE I. Abbe number vD estimated by the MLR and KRR models for selected
oxides. The second and fourth columns are the estimated Abbe number by using
the MLR and KRR models, respectively. The third and fifth columns are the rank in
descending order. The data for all the glasses are tabulated in Table S1.

Additive Ridge Order by GP Order
oxide regression 5% ridge regression regression 5% by GP

Non-doped 28.8 18 28.8 39
Al2O3 31.5 4 29.2 11
B2O3 29.2 13 28.9 13
CaO 28.9 14 30.0 2
Ga2O3 30.1 6 29.7 4
K2O 27.9 25 28.9 15
La2O3 29.3 10 29.4 9
Li2O 29.2 12 29.4 7
Na2O 27.7 28 30.0 3
Nb2O5 27.6 29 26.7 56
Sc2O3 51.5 1 28.0 49
SiO2 29.5 7 28.8 17
SrO 27.6 30 28.9 14
Ta2O5 28.3 23 26.3 57
TiO2 27.7 27 27.0 54
Y2O3 29.5 8 29.1 12
Yb2O3 31.0 5 30.4 1

R2 value of 0.996, the KRR model out-performed ridge regression,
as shown in Fig. 3.

As with the case of the MLR model, we identified the oxides
that tend to increase the Abbe number in the KRR model. The

FIG. 3. Estimated Abbe number νD from the KRR model compared to reported
Abbe numbers for 879 glasses with β of 0.0001 and λ of 0.0004. R2 was 0.998.
The hyperparameters β and λ were selected as those that provide the largest
value of R2 in CV.

predicted values are tabulated in Tables I and S1. The KRR model
predicts the top ten components for increasing the Abbe number
to be Yb2O3, followed by CaO, Na2O, Ga2O3, GeO2, BaO, Li2O,
Gd2O3, La2O3, and ZrO2. In both theMLR and KRRmodels, Yb2O3,
Ga2O3, Gd2O3, and La2O3 are predicted to enhance the Abbe num-
ber. However, the MLRmodel predicts that Sc2O3, As2O3, and SnO2
are more effective for enhancing the Abbe number compared to
KRR. The two sets of predictions, from the respective MLR and
KRR models, should therefore be treated as complementary for the
purpose of designing new glasses.

D. Experimental synthesis of new glasses based
on machine-learning predictions

Using the predictions described above, we synthesized non-
doped and new glasses and measured their optical properties. New
glasses were created by doping CaO, Ga2O3, La2O3, Nb2O5, Sc2O3,
SrO, Ta2O5, or Yb2O3 to the ND glass. The materials vitrified at
a doping level of 5 mol. % for all additives, except for the cases of
Sc2O3 and Yb2O3. Sc2O3 and Yb2O3 were instead doped at a level of
3 mol. % because of less vitrification ability.

The refractive index of the ND glass was 1.998, which was
reported as 1.9995.30 The discrepancy between the reported and
experimental values is small. Figure 4 shows the refractive index
plotted against 1/λ2 for the ND glass. The curve was fit by Eq. (19)
to obtain the constants A, B, and C. The refractive indices nF, nd,
and nc were calculated to estimate the Abbe number. The refractive
index at 587.6 nm and Abbe number for these glasses are tabulated
in Table II. Because the refractive indices were almost identical for
the new glasses, we ignore them in the following discussion. The
experimental Abbe number for the ND glass was 26.2, which was
smaller than the reported value of 28.6. The discrepancy between

FIG. 4. Refractive index plotted as a function of (wavelength)−2 for the non-doped
glass. The dotted line is a quadratic approximation.
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we select S = 5 for our training set of N glasses, where N = 879 was
selected as described in Sec. III A. All codes were written in the R
programming language24 and executed within RStudio.25

B. Kernel ridge regression model (KRR model)
For the case of a nonlinear relationship between x and y, a linear

model as in Eq. (8) is not suitable. To overcome this situation, several
more flexible approaches such as regression trees, spline smoothing,
and kernel ridge regression (KRR) have been proposed.23 Among
them, KRR is particularly versatile as it can be adopted to many
kinds of problems provided a suitable kernel function, and hence,
it is selected in the present study.

Suppose that y is represented by a potentially infinite number
of hidden basis functions,

yi = w0 +w1ψ1(xi)+w2ψ2(xi)+� =�k wkψk(xi) = wTΨ(xi), (11)
where ψk(xi), Ψ(xi), and wT are the kth basis function, a column
vector of the basis functions, and a row vector of weights wi, respec-
tively. In KRR, the basis functions are not calculated directly. Rather,
the covariance kernel K ,21 defined as

K(xi, xj) = Ψ(xi)Ψ(xi)T, (12)

is assumed to be known or can be approximated. Given a covari-
ance kernel, we can make predictions for other glasses outside of our
dataset. In this work, we adopt the kernel function26 as

k(x1, x2) = exp�−β�x1 − x2�2�, (13)

where

�x1 − x2�2 = (x1,SiO2 − x2,SiO2)2 + (x1,B2O3 − x2,B2O3)2 +�
+ (x1,m − x2,m)2, (14)

comparing glasses 1 and 2. Here, β is a constant (called a hyper-
parameter) and |x1 − x2| is the dissimilarity between the two glass
compositions. A small dissimilarity indicates that the two glasses
have similar composition. Equation (13) is a popular choice of ker-
nel for KRR models; however, other types of kernels can be used as
well.

In KRR, the error for glass k can be defined as

Ek = �yk −�N
i=1 αik(xi, xk)�2, (15)

where the values of αi can be obtained by minimizing the right-
hand side of Eq. (15).27 To avoid overfitting, a regularization term
is included as follows:

α = (K + λI)−1y, (16)

where I and λ are an identity matrix and another hyperparameter,
respectively.27 K is the so-called kernel matrix,

K =
��������

k(x1, x1) k(x1, x2) k(x1, xN)
k(x2, x1) k(x2, x2) � k(x2, xN)
⋮ ⋮ ⋮

k(xN , x1) k(xN , x2) k(xN , xN)

��������
. (17)

As in the case of MLR, λI is known as a “ridge.” In the context of
statistical regression, λ represents the noise on the observed value.21
The predicted value y∗ for new x∗ can then be calculated as

y∗ = kTαt, (18)

where k and t denote a vector with the elements k(xi, x∗) and that
with the elements ti.27 The representation of products of basis func-
tions using the kernel function [as in Eq. (12)] is known as a kernel
trick.23

As with the case of the MLR model, CV was used to determine
the performance of the KRR model and for selecting the values of
the hyperparameters β and λ. The hyperparameters β and λ were
then selected as those that provide the largest value of R2. We again
select S = 5 for 879 glasses. The Gaussian kernel was generated using
the R package kernlab.28

C. Databases
Statistical regression requires databases in order to build mod-

els. Decades of studies on the optical properties of glasses have
resulted in considerable optical data scattered throughout the glass
literature. A particularly comprehensive database for glass proper-
ties is called INTERGLAD and is commercially available from New
Glass Forum, Japan.29 This database contains all the data from the
glass literature and patents. As in 2020, it contains ∼350 000 glasses
with their reported properties. The database is updated each year. In
the following, we consider the subset of glasses from INTERGLAD,
which contain SiO2 as one of the components, because practical
glasses in use contain SiO2 in most cases.

D. Experimental
A non-doped (ND) glass was selected as the composition

in mol. % of La2O3:Nb2O5:Ta2O5:GeO2:B2O3:ZrO2:Al2O3:TiO2:
SiO2:Sb2O3 = 21.18:16.94:4.23:3.29:19.36:9.65:5.6:4.83:4.86:0.06. The
refractive index and Abbe number were reported as 1.9995 and 28.6,
respectively.30 This glass is a good starting-point for materials design
because it has both high refractive index and low Abbe number.

Several kinds of oxides, namely, CaO, Ga2O3, La2O3, Nb2O5,
Sc2O3, SrO, Ta2O5, and Yb2O3, were added at the level of 3 mol. %
or 5 mol. % to the ND glass above. All the glass samples were pre-
pared by the melting method, using reagent grade chemicals (FUJI-
FILM Wako Pure Chemical Corporation). Predetermined quanti-
ties of the starting materials were mixed and melted in a Pt cru-
cible for 1 h at a temperature of 1400 ○C. The melt was poured
onto stainless steel at a temperature of 300 ○C. The glass obtained
was annealed below the glass transition temperature for 10 min.
Both sides of the glass were polished before measuring optical
properties.

For the purposes of optical characterization, refractive indices
of the glass plates were measured using a Metricon 2010 prism cou-
pler at wavelengths L of 463 nm, 633 nm, 1313 nm, and 1517 nm.
The refractive index can be approximated using Cauchy’s equation

n = A +
B
L2

+
C
L4

. (19)

First, the refractive index was plotted against 1/(wavelength)2.
Thereafter, a quadratic regression was performed to determine the
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以前の研究（〜2016）
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ミクロ

マクロ

原子集団の中距離構造の理解

イオン伝導性の解明

構造解析と電子状態の理解

!" = $Ψ



機械学習との出会い

https://www.nihonkiin.or.jp/publishing/go_world/
goworld_201605.html

アルファ碁ゼロは，AI同士の対戦で学習し，プロ棋士に勝利
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機械学習との出会い
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The spatial arrangement of molecule adsorbates on a metal surface is very difficult to predict via first-principles calculations and standard
optimizing algorithms. In this Letter, we show that a machine learning technique called Bayesian optimization can optimize the arrangement of two
medium-sized aromatic adsorbates on a copper (111) surface within tens of density functional theory energy evaluations. The methodology
reported here is therefore a step toward first-principles structure predictions for chemically modified surfaces, without the need to first specify the
arrangement of molecule adsorbates from experimental data. © 2017 The Japan Society of Applied Physics

C omputational studies on chemically modified metal
surfaces provide new insights into surface function-
alization and catalysis.1) Density functional theory

(DFT), which is arguably the method of choice for metal
surfaces, has evolved to the point where calculations
involving hundreds of atoms can be performed within a day
on modern hardware. Yet, despite these advances, DFT alone
remains an inefficient way to study chemically modified
surfaces. To predict the optimal arrangement of molecules on
a surface, one energy calculation for each of the many ways in
which the molecules can position themselves may be required.
While a single energy calculation may only require one day of
computation, months of computation may actually be needed
to predict the molecule arrangement at the global energy
minimum. To improve the effectiveness of DFT in this area,
we must develop a novel way of identifying the optimal
arrangement of adsorbed molecules on metal surfaces using as
few energy calculations as possible.

A relatively new and promising approach to global
optimization is Bayesian optimization. This technique
originated in the field of geostatistics (under the name
“Kriging”2)) and was later developed in the fields of machine
learning and artificial intelligence for the optimization of
learning algorithms.3) Bayesian optimization is gaining
attention in solid-state material science and has been used
to predict materials with excellent elastic properties,4) thermal
conductivities,5) melting temperatures,6) and optoelectronic
properties,7) and to optimize grain boundaries at the surfaces
of crystals.8,9) However, while these studies emphasized the
application of Bayesian optimization to the design of crys-
talline materials, the use of Bayesian optimization for struc-
tural optimizations of complex materials such as modified
surfaces remains relatively unexplored.

In this Letter, we show that Bayesian optimization can
identify the energetically optimal arrangement for two
medium-sized molecules adsorbed to a metal surface within
tens of DFT energy evaluations. Our calculations show that,
after calculating the energies of around 25 candidate
molecule arrangements, Bayesian optimization is ∼9 times
more likely to yield the optimal molecule arrangement
compared to uniform random sampling of molecule arrange-
ments. The methodology reported here is a step toward full
first-principles structure optimizations for chemically modi-
fied surfaces containing many adsorbed surface molecules. At
present, full first-principles studies on modified chemical

surfaces are not possible, and experimental input is first
required to specify the arrangement of molecules on the
surface. Bayesian optimization therefore appears to be a
promising way to overcome this limitation.

We consider two Br2BA (= 10,10A-dibromo-9,9A-bianthra-
cene) molecules adsorbed to a defect-free Cu(111) surface
[Fig. 1(a)]. We suppose that both molecules have the same
conformation and that the internal degrees of freedom of the
molecules and surface are frozen. One of the molecules
(molecule 1) has a fixed position and orientation, and the
position and orientation of the other molecule (molecule 2)
can be chosen freely. A suitable conformation for the
molecules was determined via a procedure reported pre-
viously.10) Note that this adsorption conformation undergoes
negligible changes upon relaxation on the surface, even in the
presence of other molecules, which justifies the choice of
static internal degrees of freedom in this study. Previous
studies of the Cu(111)–Br2BA interaction have shown that
only three orientations for molecule 2 need to be considered
[0°, 60°, and 120°, as defined in Fig. 2(a)] and that the
energetically stable positions for molecule 2 are those where
its center of mass lie directly above one of the adsorption sites
shown in Fig. 2(b).10) Br2BA in one of these three orientations
undergoes a strong epitaxial interaction with the Cu(111)
surface, resulting in large adsorption energies of ∼2 eV and
barriers to translation and rotation of ∼0.5 eV. In the
following, molecule 1 is fixed at the adsorption site marked
by the down-pointing arrow in Fig. 2(b) in the 0° orientation.

We consider the adsorption sites and orientations for
molecule 2 shown in Fig. 2(b) and exclude cases where the

(a) (b)

Fig. 1. (a) One arrangement of two Br2BA molecules adsorbed to a
Cu(111) surface. Dark gray, white, green, and red-brown spheres are carbon
atoms, hydrogen atoms, bromine atoms, and copper atoms, respectively. The
arrows marked 0, 60, and 120° identify the atomic planes of the Cu(111)
surface. (b) Chemical structure of Br2BA.
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fied surfaces containing many adsorbed surface molecules. At
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required to specify the arrangement of molecules on the
surface. Bayesian optimization therefore appears to be a
promising way to overcome this limitation.

We consider two Br2BA (= 10,10A-dibromo-9,9A-bianthra-
cene) molecules adsorbed to a defect-free Cu(111) surface
[Fig. 1(a)]. We suppose that both molecules have the same
conformation and that the internal degrees of freedom of the
molecules and surface are frozen. One of the molecules
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Fig. 1. (a) One arrangement of two Br2BA molecules adsorbed to a
Cu(111) surface. Dark gray, white, green, and red-brown spheres are carbon
atoms, hydrogen atoms, bromine atoms, and copper atoms, respectively. The
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機械学習が活躍する背景

• GAFAによる実装

• データ量の増加
– インターネット利用（画像など）の拡大
– 実験データの蓄積

• コンピュータの性能の向上
– ゲーム機が昔のスパコン並みの能力

• 解析アルゴリズムの充実
– 統計計算，行列計算のパッケージ化

7

自動化，自動認識などのニーズに見合うだけの性能を達成可能

機械学習は魔法の技術？



化学分野の現況
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分子の電子状態の理解

ミクロ

マクロ

!" = $Ψ

特徴量の抽出

機械学習による予測

官能基
バンドギャップ etc

エタノール

CH3-CH2-OH

高精度な計算が可能

データベース化



凝縮系

• 凝縮系（固体）
– 周期性を利用した電子状態の予測（データベース化）
– 特徴量の抽出

• 凝縮系（液体を含む）
– 機械学習による原子間ポテンシャルの利用

9

大量のデータを使って，もっと簡単に物性予測できないか



機械学習の基本的な考え方
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機械学習

• 機械（コンピュータ）がデータを用いて自動で学習し，その
データの背後にあるルールを発見すること。
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この点線を予想するのが機械学習（の一つ）



機械学習

y = ax2 + bx + c

学習 : 与えられた入力xと出力yに合うように関数
の形を変えること

データが増えるとa, b, cが変わる
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y = 0x2 + 2.5x – 1.5 y = -6x2 + 25x -18



データ点が増えると・・・
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標準偏差：0.3639 標準偏差：0.1084

データ数の増加 → 予測の精度の向上



予測性能

• パラメータの数に依存
• パラメータが多すぎると，合いすぎる（過学習）

14

-5

0

5

10

15

20

25

30

35

40

45

0 1 2 3 4 5 6 7
0

5

10

15

20

25

30

35

40

45

0 1 2 3 4 5 6 7

2次で近似 6次で近似

どのようなモデルを用いるか
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ChatGPTについて

• 現時点で詳細は非公開

• 「非常に多くの」情報（数十Tb）をインターネットで取得し，自
動的に学習

• 用いられたパラメータは2000億個

• ある語の次に来る確率の高い語をつなげて表示

15

例：「富士山」という単語が出ると，次に「は」，そ
の次に「日本」・・・が来ると予測し，最終的に「富
士山は日本で一番高い山です」という文章を生成する

余談です



ChatGPTについて

• 巨大な空間での「内挿」を行なっている。

• 大きなデータが入手できるので，実用的になった
• データの無いもの，少ないものには非力＝何でもできるわけ
ではない
– 固有名詞に関する情報など

• 「人類」の作ったものを超えることはありえない（個人を超え
ることは起きている） 16

ここの値の予測

＊正解が明確な場合には無から有を作れる。その例が囲碁

余談です



何ができると嬉しいか

• 物性から組成を予測（逆問題）

• 複数物性を同時に予測（組成の提案）

• 工場ラインでの異常検知

• 因果関係の推論

17



物性から組成を予測

逆問題を解きたい
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逆問題とは？

19

ある性質yが材料の合成条件xで決まるとする。

y = f(x)

例：結晶の組成xと物性yなど

順問題とは？
xからyを見つける

逆問題とは？
yを示すxを見つける



逆問題の例

• 融点550 °C (y)を示す結晶の組成(x)を知りたい

• 超伝導のチャンピオンデータ(y)を示す結晶(x)を見つけたい

20

これらはまさに材料開発でやっていること
＆

簡単にできたら研究で苦労しない・・・

逆問題を直接解くのではなく，既存のデータか
ら探すことはできないだろうか

ベイズ最適化
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ガウス過程回帰の概要
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?
データ増

目的：x = 2.5の時のyの値を推定したい

データ点が増えれば増えるほど，予測しやすくなる

ガウス過程回帰では点同士の共分散を定義して予測できる



ガウス過程回帰（GPR)の概要

実測点 真の関数形

無限個の関数φの足し合わせ

・実測点→無限個の関数φの和を推定

特徴
・予測の不確かさも一緒に推定可能
・過学習が起きづらい

22



予測値

不確かさ

ベイズ最適化

&! &" &# &$

&%

'! '" '# '$ '%'∗

&∗

入力から出力を予測する回帰関数の確率モデル

データが十分に存在する場所
→自信のある出力(不確かさが小さい)

データの少ない場所
→自信のない出力(不確かさが大きい)



計算方法（省略）

24

・ガウス過程の予測分布

p &∗ '∗，) ＝(+∗',("&, +∗∗−+∗',("+∗)

!!

!"
!∗

~#
0

0
0

,
&!

&"
&∗ '∗∗

'∗

'∗$

K

x1, xn, x*

ベクトルや微分積分を使います

表計算ソフトでも計算できます

元のデータ同士の
類似度

新しいデータと
元のデータの
類似度

難しそうだけど，これだけで予測できるのは凄い！

新しいデータと
元のデータの
類似度

正規分布



ベイズ最適化

• データによる予測と実験の組み合わせの繰り返し
– 探索回数の減少

• 最大値（最小値）をみつける方法

• 材料開発以外でも，様々な応用が可能

25
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実施例

26(Tokuda and Fujisawa et al., AIP Advances 2020)



ガラスとは

27

江戸切子

シェフィールド大聖堂
（イギリス）

Sunrising / PIXTA

光ファイバ
Make / PIXTA

アンプル
panoramaimages / PIXTA

特徴
・組成が連続的
・多くの元素を取り込む溶媒



ガラスの作製

秤量 溶融

研磨形成 測定

28



ガラスの構造

• 結晶
– 規則正しい
– 固体

• ガラス
– ばらばら
– 固体（液体に似ている）

29



ガラスの物性

ガラスの物性値を予測できれば，
用途に合わせたガラス作製が可能

ガラスに関する物性の例

熱膨張係数
耐熱性

微細加工時に影響

軟化温度
低いと加工が容易

ガラス転移温度
融点の目安

低いと加工が容易

屈折率
反射・屈折に影響

ガラス修理365 内視鏡に使われる光ファイ
バーとガラスの関係 より引用
okwindow.jp/infomation/endoscope_glass/



屈折率や分散は組成に依存

組成とアッベ数の関係の予測モデル

高屈折率・低分散が
望ましい

光学ガラス

ガラスの光学特性

31



INTERGLADについて

• 国内外の論文，特許全てのガラス情報を掲載

• 38万種ガラス，100万個の物性データ

32

ガラス番号 SiO2 B2O3 Al2O3 … MoO2 屈折率アッベ数
1 2.8 3.5 0… 0 1.9967 26.2
2 4.86 19.36 5.6… 0 1.9995 28.6
⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮

878 0.5 4.6 0.2… 0 1.9567 29.9
879 20.1 5.6 2.4… 0 1.9435 27.6



研究の流れ

データの抽出

実験すべき組成の決定

サンプルの作製

ベイズ推定

アッベ数の測定

(Tokuda and Fujisawa et al., AIP Advances 2020)
モデルの作成

ベイズ最適化



実験すべき組成(１回目)

・ベイズ最適化をRで実装
・EIの値を基に次に探索すべき実験条件(Pbを含ま

ない)を決定

成分 物質量比
(mol%)

成分 物質量比
(mol%)

SiO2 17.77 ZnO 4.4
B2O3 21.39 SrO 7.99
CaO 9.08 Bi2O3 4.23
BaO 7.3 TeO2 1.05
Li2O 26.79 La2O3 5

屈折率
 1.7315

アッベ数
 36.7



新たな探索点の決定(２回目)

成分 物質量比
(mol%)

成分 物質量比
(mol%)

SiO2 15.77 ZnO 3.91
B2O3 18.98 SrO 7.87
CaO 13.44 Bi2O3 3.75
BaO 5.39 TeO2 0.93
Li2O 29.96 Na2O 5

屈折率
 1.6824

アッベ数
 38.3



新たな探索点の決定(３回目)

成分 物質量比
(mol%)

成分 物質量
比

(mol%)
La2O3 26.4 Al2O3 0.1
Nb2O5 2.43 SiO2 10.87
Ta2O5 11.07 Sb2O3 0.10
B2O3 25.83 Gd2O3 11.36
ZrO2 6.99 TiO2 4.8

屈折率
 1.95

アッベ数
 30



探索の結果

37

最初のガラス 2番目のガラス 3番目のガラス

機械学習で新しいガラスを見つけることができた

・この方法は一般的な方法なので，様々な対象に使える
・誰でも（“簡単に”とは言わないが）挑戦できる

まとめ



複数物性の同時予測

組成も提案したい

38(Tokuda and Fujisawa et al., AIP Advances 2021)



ものづくりには色々な制約条件がある・・・

予算は？

加工
しやすい？

どんな
ガラス？

何に使う？ 熱膨張係数は？

何度で
軟らかく
なる？

何色
になる？

複数の制約条件を満たすものを作りたい！

複数の物性を同時に予測

屈折率は？



ディープラーニング(DL)

• 脳機能の特性のいくつかをコンピュータ上で表現するために作られた数学モデル

情報（データ）量が膨大なので，「思考」をコンピューターで処理
＝ディープラーニング

ディープラーニングで，2つ以上の物性値を予測することが可能

情報を受け取る 思考する 判断する

思考のプロセス

犬or猫？ 本物or写真or
ぬいぐるみ？

犬の写真だ！

見る・感じる



ディープラーニング

• 脳機能の特性のいくつかをコンピュータ上で表現するために作られた数学モデル

情報を受け取る 思考する 判断する

入力層 中間層 出力層
1

!
!
!
!

!
!
!
!

!
!
!
!

!
!
!
!

!
!
!
!

!
!
!
!

SiO2

Na2O

Al2O3

熱膨張係数(Te)
軟化点(Ts)

ガラス転移温度
(Tg) を予測

ニューロン間で関数を使い，必要な情報・不要な情報かを判断している

(Tokuda and Fujisawa et al., AIP Advances 2021)



ニューロン間の結合の式

!が0以上：必要

!が0以下：不要

（u < 0）

（4 ≧ 0）
6 4 = 78' 0, 4

4

0 -1
0
1
2
3
4
5

-5 -4 -3 -2 -1 0 1 2 3 4 5

• ReLU（ランプ関数）は入力が0以上の場合にはそのま
ま出力され、入力が0以下の場合には0が出力される関
数

計算式がシンプルなので，処理が速く，
精度が向上しやすい

ReLUの特徴

予測可能

高い学習効率



!
!
!
!

Tg

出力層
3

Ts

!
!
!
!

出力層
2

ディープラーニング

• 脳機能の特性のいくつかをコンピュータ上で表現するために作られた数学モデル

入力層 中間層

!
!
!
!

!
!
!
!

!
!
!
!

!
!
!
!

!
!
!
!

Te

出力層
1

!
!
!
!

SiO2

Na2O

Al2O3

ガラスの熱膨張係数(Te)，軟化点(Ts)，ガラス転移温度(Tg)
の2つ以上の物性値を同時に予測する

本研究の手法



解析結果（3物性同時予測）

• 中間層が(100,100,100,100,100,100)かつa 
=0.0001の時に，最適化した(R2=0.83)

Te:熱膨張係数
Ts:軟化点
Tg:ガラス転移温度



モデル性能の評価

物性値 試料1 Bi2O3添加

Te(ppm/K) 4.94 5.62
Ts(℃) 586 578
Tg(℃) 510 473

表1 試料1とBi添加した試料の実測値

実証結果

予測した通りTeの値が同程度でTsとTgの値が小さい

u Bi2O3を 5 %添加して作製した試料を測定したところ，Teは同
程度の値を示し，Tsは10度程下がり，Tgは40度程下がった



データ活用と材料開発

• データ活用は強力な手法

• データ活用して材料開発を加速できる時代
– 大量のデータを入手可能（データの質が重要）
– パソコンの性能向上
– パッケージ化された開発ツール（少々の勉強は必要）

• データ活用が全てではないことに注意
– 共存の時代

46
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まとめ（MLを利用する立場から）
原理原則に基づく理解

− ħ!
2,

-!
-.! +

-!
-0! +

-!
-1! + 2(4) Y(4) = 7Y(4)

ガラスの特性の理解

経験（データ）に基づく理解

特徴量

物
性

値

この関係がわかれば十分
（ということもある）

データ駆動型のアプローチ
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