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ABSTRACT

Materials informatics is a growing field in materials science. Materials scientists have begun to use soft
computing techniques to discover novel materials. In order to apply these techniques, the descriptors
(referred to as features in computer science) of a material must be selected, thereby deciding the resulting
performance. As a way of describing a material, the properties of each element in the material are used
directly as the features of the input variable. Depending on the number of elements in the material, the
dimensionality of the input may differ. Hence, it is not possible to apply the same model to materials
with different numbers of elements for tasks such as regression or discrimination. In the present paper,
we present a novel method of uniforming the dimensionality of the input that allows regression or
discriminative tasks to be performed using soft computing techniques. The main contribution of the
proposed method is to provide a solution for uniforming the dimensionality among input vectors of
different size. The proposed method is a variant of the denoising autoencoder Vincent et al. (2008) [1]
using neural networks and gives a latent representation with uniformed dimensionality of the input. In
the experiments of the present study, we consider compounds with ionic conductivity and hydrogen
storage materials. The results of the experiments indicate that the regression tasks can be performed
using the uniformed latent data learned by the proposed method. Moreover, in the clustering task using
these latent data, we observed distance preservation in data space, which is also the case for the denoising
autoencoder. This result may enable the proposed method to be used in a broad range of applications.

© 2016 Elsevier B.V. All rights reserved.

1. Introduction

The development of materials informatics has resulted in signifi-
cant progress in the modeling and prediction of material properties,
thereby reducing the costs of real-world experiments, and is
becoming a promising research field for soft computing (for exam-
ple, [2-4]). By using soft computing techniques such as neural
networks, evolutionary and genetic algorithms, and fuzzy mod-
eling, materials scientists can more effectively search for novel
materials. These techniques are used alone and in combination with
quantum calculations for materials design. For example, a method
combining density functional theory and an evolutionary algorithm
was used to predict the crystal structure of LiBeH3 (Hu et al. [5]).

By organizing the data into a material database, researchers
can determine the relationships between material properties (for
example, conductivity, the critical temperature of superconductors,
and melting temperature) and the properties (for example, atomic
number, atomic mass, and electron negativity) of the elements
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in the material. The properties of elements or their combinations
are referred to as descriptors (or “features” in computer science).
Once the relevant features are obtained, the predictions of proper-
ties and the modeling of materials becomes easier. The literature
[6] describes five descriptor categories: constitutional, topological,
physicochemical, structural, and quantum-chemical. For instance,
Seko et al. [7] adopted the sum and product of the element proper-
ties, such as atomic number, atomic mass, and number of valence
electrons as features involved in the prediction of the melting tem-
perature of single and binary compounds. These are constitutional
descriptors. In addition, the use of sum and product operations is
based on the domain knowledge of the compounds, and is also
found in [8].

From the viewpoint of domain knowledge, we introduce two
categories of materials feature representation: expert and naive.
Expert representation is preferable for a material property that has
a well-known mechanism or theoretical model. As such, many fea-
tures (descriptors) based on the underlying theory would be expert
representations (for example, Table 1 in [3]). In naive representa-
tion, we generate features based on the properties of elements in a
compound, which are represented by a vector that consists of the
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properties of elements. The advantage of the naive representation
is that it is applicable to material properties with poorly under-
stood mechanisms or theoretical models. In addition, it is simple
and easy to interpret. As such, we herein adopt the naive represen-
tation. While the naive representation has good characteristics, the
length of the vectors (namely, the dimensionality of the data) differs
depending on the number of elements in the compound. Therefore,
we cannot, for example, use the same model for compounds with
different numbers of elements in modeling and prediction tasks.
Thus, we propose a method of uniforming the dimensionality of
input data that allows us to perform tasks using regression and
discrimination methods.

Uniforming dimensionality is related to dimensionality reduc-
tion methods. Recently, a number of non-linear dimensionality
reduction methods have been proposed [9,10]. These methods
address the limitations of linear (traditional) methods, such as
principle component analysis (PCA) and multidimensional scaling.
Kernel PCA [11] and the multi-layer autoencoder [12] are well-
known examples. These linear and non-linear methods cannot,
however, be adopted as methods of uniforming dimensionality
because when these methods are applied to datasets of different
dimensionality, the resultant dimensionality of each dataset, even
though they may be the same, has a different meaning. In addition,
these methods focus primarily on the dimensionality reduction
of data. As far as we know, there has been no previous study on
non-linear uniforming of the dimensionality of data. Therefore,
the present study may be the first attempt to make uniform the
dimensionality of data while simultaneously considering both the
expansion and reduction of the dimensionality of data. Moreover,
if the data size is insufficient for learning, combining this data with
data of a different dimensionality will allow the overall data to be
learned.

In the neural network literature, the training algorithms of Deep
Belief Networks (Hintonetal.[13],Bengio|14])and stacked autoen-
coders (Vincent et al. [15]) have brought about great progress.
An autoencoder consists of an encoding function, which maps the
inputdatainto alatent space, and a decoding function, which recon-
structs the input data from the latent space. In the non-linear case,
neural networks are often used as the encoding and decoding func-
tions. As a regularized autoencoder, Vincent et al. [1,15,16] have
proposed the denoising autoencoder, in which the input data are
corrupted by Gaussian noise, whereas the target data used in learn-
ing are the original (clean) input data. Noisy inputs are used in a
learning neural network to enhance generalization performance
(An [17]).

For uniforming the dimensionality of input data, we propose a
variant of the denoising autoencoder, in which the input data are
corrupted, and an extended part added to make the dimensional-
ity of input uniform is also injected by Gaussian noise. In the latent
space formed by the encoding function, we obtain a uniformed rep-
resentation with inputs of different dimensionality. Thus, we can
apply the regression or discriminative tasks to the uniformed input
data.

In the experiment, we first compare the proposed method with
the multi-layer autoencoder, the denoising autoencoder, and the
kernel PCA for synthetic data. Next, we evaluate the proposed
method using compounds of four to six elements in ion-conducting
bulk materials and hydrogen storage materials composed of two
to five elements. We then show that regression can be performed
using the uniformed input data, as well as the robustness with
respect to data size and number of elements. Moreover, in a clus-
tering task using these data and the k-nearest neighbors (k-nn)
method, we find distance preservation, i.e., consistency of class
assignment, in the data space, which also holds for the case using
the denoising autoencoder. We evaluate the distance preserva-
tion using the difference in class assignments between the latent

data in the latent representation and the original data in the input
space.

The remainder of the present paper is organized as follows. In
Section 2, we present background information and define the prob-
lem formulation. In Section 3, we describe the learning algorithm
of the proposed method in detail. In Section4, we conduct exper-
iments involving a regression task on synthetic data and for the
modeling of ion conductivity and hydrogen storage, and, using the
uniformed input data, compare the distance preservation of the
proposed method and the denoising autoencoder. In Section 5, we
discuss the experimental results, related research, and future stud-
ies. Finally, Section 6 concludes the study.

2. Background and problem formulation

Descriptors (features) in materials sciences are crucial for com-
putational materials design. In the case of the underlying theory
and empirically known mechanism of material properties, the fea-
tures are easily identifiable. However, it is necessary to generate
the features derived from the properties of elements (for example,
electron negativity, atomic number, and atomic mass). With regard
to the representation of features, we refer to the former as an expert
representation and the latter as a naive representation. The advan-
tage of the naive representation is that it is applicable to the case
of material properties with poorly known mechanisms or theoret-
ical models. It is necessary to incorporate the (molecule or crystal)
structural features in the representation if two materials with the
same composition have different properties. In the case of isomers,
the melting temperatures of C4Hg are —125.7 °C for 1-butyne and
—32°C for 2-butyne, respectively.

In the naive representation, for example, as the features of
compound AB, which is composed of elements A and B, the cor-
responding vector v is composed from the three properties of
elements A and B as follows:

T . .
v=(vi1 Vi2 Va1 UV V31 V32) =(vy), i=1,2,3,j=1,2,

where the index i denotes the property of element, and T denotes
transpose.

Index j corresponds to atom A or B. The length of the vector
is the product of the number of elements in the compound and
the properties of the elements. Therefore, the length of the vec-
tor differs depending on the number of elements in the compound.
Thus, for compounds with different numbers of elements, we can-
not use the input variables vector as a feature of the compound to
perform regression or discriminative tasks. Moreover, as shown in
the experiments described below, for the data on compounds hav-
ing various numbers of elements, regression cannot be conducted
because of a lack of data. The overall data need to be used for the
task. As such, when using the overall data including all number of
elements, the input variables as the features of the compounds have
to be composed for the task. Therefore, it is necessary for the length
of the vector to be made uniform. Note that the physical meaning
of the vector changes according to the element (atomic) permu-
tations in the vector. Thus, we sort the elements of the vector by
atomic number. For example, if the atomic number A (j=1) is larger
than that of B (j=2), then the vector v is sorted in ascending order
as follows:

T T
(vi1 v12 V21 V2 V31 V32) — (Vi2 Vi1 Va2 V21 U3 V31) .

The problem addressed herein is to make uniform the length
of the input variables vectors corresponding to compounds, as
described below.
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Definition 1 (Uniforming the dimensionality of data). The problem
is defined as constructing ¥ ) with dimension d from data x() with
dimension d;,

20 ¢ rd . x() ¢ Rd", i=1,...,N,

where N is the number of data.

In order to make uniform the length of vectors, we extend the
length of each vector to the maximum length of the vectors in the
data. Werefer to this vector as the extended vector, which is defined
as follows:

Definition 2 (Extended vector). ¥ € R™ is a column vector.X € R"
is the extended vector corresponding to x(n>m).

R T
x=@x"Te"),

where e ¢ R is a vector.

In other words, the extended vector is the concatenation of x
and e. Then, we obtain the input data as the data of uniformed
dimensionality using the encoding function learned by the denois-
ing autoencoder. During the learning of the denoising autoencoder,
the extended vector is used as the input vector in the denoising
autoencoder, in which elements e; in e are random numbers, as
follows:
e~p(0,02), i=1,...,n-m,
where p(0, oiz) is a probability distribution with mean 0 and vari-
ance oiz. Gaussian or uniform distributions can be used as p. In the
present paper, we consider a Gaussian distribution, which is a nat-
ural choice for practical cases. In the denoising autoencoder, all but
the extended part of the input vector is also corrupted by the Gauss-
ian noise with the same variance of p: ¥; = x; + €, €~N(O, O'iz). In
the experiments described below, for simplicity, all input data are
rescaled, and the same variance o2 is used. Next, let us define the
objective function [16] of learning for a neural network to realize
uniform dimensionality:

N
E=Y 1Y - g2, (1)
i=1

where & denotes (&7 eT)T, g(+) denotes the decoding function, and
f(-)denotes the encoding function. The decoding and encoding func-
tions are realized using a multi-layer neural network, whereas the
decoding function in the denoising autoencoder was realized by a
single-layer network [16].

Note that, unlike the denoising autoencoder [1,15,16], the tar-
get data in the objective function (1) include random noise, which
corresponds to the extended part of the input vector. Due to
the extended vector, even with the identity mapping, the pro-
posed method is expected to provide a useful latent representation
for regression and discriminative tasks because information from
input vectors of different sizes is considered. After the learning of
the functions g and f, the outputs of fyield the uniformed input data,
which are a latent representation. Then, the problem of learning for
the functions g and fis defined as follows:

Definition 3 (Learning for autoencoder [16]).
N .
(6%, ¢*) = argminE = argminZHQ(’) —g(f&D: 9); 0))2,
0.9 0.0 3

where 6 and ¢ are the parameters (weights in the neural network)
of the functions g and f, respectively.

3. Learning algorithm

In order to realize decoding and encoding functions that have
vector-valued outputs, we use a multi-layer neural network with
three hidden layers, which is formulated as follows (for example,
[18], Section 5):

I+1 I+1

— H I ()
op=nh Zwkjl -h Zwﬁ I ,
j=1 i=1

L1+1 Lh+1
(t) _ 0 H. _ _
of _Zw,j-h ij,g-ok , I=1,....Lt=1,...,N,
j=1 k=1

where oj, denotes the kth output of the encoding function f{-), Ogt)
denotes the Ith output of the network for the tth data, I denotes the
number of inputs, Ilm denotes the ith input data for the tth data,
h(-) is the sigmoid function, h(x)=1/(1+exp(—x)). Thus, we have
0= ({wl‘]?}, {W].IZZ}) and ¢ = ({WZ.1 1 {w;l.}). The outputs oy in the sec-
ond layer correspond to the uniformed input data. According to
Definition 3, the objective function (1) is optimized by the stochas-
tic gradient descent [19,15] with the backpropagation algorithm
1

Next, we present the overall algorithm for uniforming the
dimensionality of data (Algorithm 1).In Algorithm 1, & is the param-
eter for deciding the termination of learning and o2 controls the
convergence and stability of the algorithm. The larger the value of
02 becomes, the worse the convergence and stability of the algo-
rithm becomes. Thus, in the experiments, we determine the value
of o2 by trial and error.

Algorithm 1.
ality of data.

Learning algorithm for uniforming the dimension-

Input: max iterations 7', error threshold &, noise variance o2, training data
{x@YN | test data {z/(D}N,.
> the parameters (weights), W = (0, ¢).

1 )

2: for k=1to T do

3: Select  from {xV}Y | in a uniformly random manner.

4: Generate a random vector v ~ N(0,02).

5 > v| = max{|e?|,i=1,--- ,N} — |z|.
6 > if |[v| = 0 then & < @, go to 9.
r

Set v to the extended part of input vector @.

8 > & is the extended input vector of .
9: t«x > ¢ denotes the target (output) vector.
10: Generate a random vector w ~ N (0, 0%).

11: T x+w > The unextended part of & is corrupted by noise w.

12: Update W.

13 Calculate RMSE e for {2/} N .
14: > RMSE denotes the root mean squared error.
15: Check convergence using e and e. > Terminate the learning.
16: end for

17: return W

> Use the backpropagation algorithm.

After the learning of the neural network, we generate data
with uniformed dimensionality through the encoding function f.
After a certain number of iterations, while injecting noise into
the extended part of the data, the outputs of the encoding func-
tion, which are the outputs in the second hidden layer of the
neural network, are averaged. This procedure is described in
Algorithm 2.

1 The computational cost was very large for the five-layer neural network used in
the experiments. Thus, we used the stochastic gradient descent and the momentum
term in the backpropagation algorithm because the convergence instability was
small in the pretraining experiments and the algorithm was simple. We used 0.9 for
the value of the momentum term throughout the experiments.
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Algorithm 2. Generating uniformed data by uniforming the
dimensionality of data.

Input: max iterations S, noise variance o2, data {x(i))f]:, .

1: Initialize the parameters (weights) of the encoding function using ¢
obtained from Algorithm 1.

2: s=0

3: fori=1toSdo

4: Generate a random vector w~A0, 62).

5. R<Xx+w

6: s<s+f(R¢")

7:

end for
8: s<s/S
9: returns

4. Experiments and results

Here, we evaluate the proposed method, which is presented in
Algorithms 1 and 2, using a linear regression task with synthetic
data. First, we compare the proposed method with the conventional
methods of the multi-layer autoencoder, the denoising autoen-
coder, and kernel PCA. As a specific application, we then compare
the proposed method with the denoising autoencoder using data
on the ion conductivity of bulk material. In addition, to evaluate the
robustness of the proposed method, we considered the dataset of
the hydrogen storage materials. In this case, the data size was 586
and the number of constituent elements was varied from two to
five, while for the ion conductivity of bulk material, the size of the
dataset was 76 and the number of constituent elements was varied
from four to six.

1.0

0.6

Estimated output

0.0
L

T T
0.0 0.2 0.4 0.6 0.8 1.0
Actual output

0.6 0.8 1.0
1

Estimated output
0.4

0.2

T T
0.0 0.2 0.4 0.6 0.8 1.0
Actual output

()

4.1. Synthetic data

Data preparation: In order to generate synthetic data, we drew
random samples from a multivariate normal distribution N(0, €2),
which consisted of twenty elements. The diagonal elements in
2 were set to uniform random numbers [0, 1], and the non-
diagonal elements were set to uniform random numbers < [0, 0.1].
We collected three hundred 10-dimensional vectors (the first half
of 20-dimensional vectors) and three hundred 20-dimensional vec-
tors, and prepared five datasets of 10- and 20-dimensional vectors.
In order to generate the output data, we prepared the linear model
as follows. The coefficients of the linear model were set to uniform
random numbers < [0, 1] from the identity distribution. The out-
puts were calculated by multiplying the coefficients by the 10- and
20-dimensional vectors (as the input vector) with injected random
noise N(0, 1).

For the 10- and 20-dimensional vector data, we separated the
data evenly into training data and test data.

Experimental setup: We used a five-layer neural network as a
multi-layer neural network. The number of outputs in the first hid-
den layer is equal to that in the third hidden layer, which is denoted
l;. Since the network realizes an autoencoder, the number of out-
puts in the network is equal to the number of inputs in the network
(i.e., the dimensionality of the input data). The number of outputs
in the second hidden layer corresponds to the uniformed dimen-
sionality of the input data (i.e., the length of the input vector in the
linear model), which is denoted I,. All input data were rescaled to
the range [0, 1]. The number of inputs I of the network was 20, and
l; was set to 40. The parameter values in Algorithm 1 were set as

0.8 1.0

0.6

Estimated output
0.4

0.0
|

T T
0.0 0.2 0.4 0.6 0.8 1.0
Actual output

(b)

0.6 0.8 1.0
!

Estimated output
0.4

0.2

T T
0.0 0.2 0.4 0.6 0.8 1.0
Actual output

(d)

Fig. 1. Results of the linear regression task of trial 5 using (a) the proposed method, (b) the multi-layer autoencoder, (c) the denoising autoencoder, and (d) kernel PCA. The
X-axis denotes the actual output. The Y-axis denotes the estimated output of the linear model.
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Table 1 Table 2
Comparison of generalization results for the test datasets on the linear regression Dataset of ion conductivity.
task.
No. Compound o (S/cm)
Method RMSE Correlation 1 1i0.34La0.51Ti02.94 1.00E—03
Proposed method 0.0872 + 0.0045 0.862 + 0.0142 2 Li0.27La0.59Ti03 6.80E-04
Multi-layer autoencoder 0.168 + 0.0128 0.251 + 0.146 3 Li0.10La0.63Ti03 7.90E-05
Denoising autoencoder 0.162 + 0.0124 0.344 + 0.120 4 (Li0.1La0.5)0.95r0.1TiO3 1.50E-03
Kernel PCA 0.148 + 0.0241 0.476 + 0.173 5 Li0.15La0.515r0.15Ti03 5.30E-05
6 Li0.25La0.415r0.25Ti03 7.60E—05
7 (Li0.1La0.63)(Mg0.5W0.5)03 1.00E—06
8 Li0.38La0.5Na0.13Ti03 2.00E-05
follows: T=5,000,000, € =10, 62=0.01. In the learning with the 9 Li0.5(La0.4Nd0.1)Ti03 1.00E-03
. . . . 10 Li0.245La0.592Ti0.98Mn0.0203 1.00E-03
Flammgdata, we variedl, in {5, 10, 15,20}, and I, was 20 at the min 1 L20.58Li0.36Ti0.95Mg0.0503 210F_04
imum root mean squared error (RMSE) for the test data. After the 12 L20.56Li0.36Ti0.95A10.0503 6.40E—04
learning, we generated the uniformed (latent) data using Algorithm 13 La0.55Li0.36Ti0.95Mn0.0503 1.90E—04
2. Here, S was set to 100, and o2 was set to 0.01, which was the 1‘5‘ f"g'g2?8'32?3'32?3'328? g-gg?g‘s‘
. . . av. 10. 10. u0.! B -
val.ue used in the learning .fo.r the network. Thus, we obtained the 16 120.51Li0.36Ti0.95W0.0503 7 30E_04
uniformed data for the training and test data, where the length of 17 La0.54Li0.36TiO3 8.90E—04
the vector was 20. 18 La0.55Li0.36Ti0.995A10.00503 1.10E-03
Amulti-layer autoencoder and denoising autoencoder were also 19 Li0.067La0.64Ti02.99 7.90E-05
lized usi five-layer neural network. The parameters were 20 pi0.06L20.66Ti0.S3A10.0603 1.70E-06
realized using a hve-lay WOrK. p w 21 Li0.10La0.66Ti0.90AI0.1003 7.30E-06
set to the values used in the proposed method. In kernel PCA, the 22 Li0.15La0.66Ti0.85A10.1503 9.60E—06
Gaussian radial basis function kernel was used. The kernel width 23 Li0.20La0.66Ti0.80A10.2003 4.30E-05
was set to the median distance between data points [20]. 24 Li0.25La0.66Ti0.75A10.2503 7.70E-05
- . . . 25 Li0.30La0.66Ti0.70A10.3003 1.70E—05
The trfnnmg data w1th the 10-dimensional vectors \.N?I'e used for 26 1.20.32Li0.03NbO3 4.06E—06
the learning of the multi-layer autoencoder, the denoising autoen- 27 La0.31Li0.06NbO3 2.33E-05
coder, and kernel PCA. Then, for the each method, the transformed 28 La0.3Li0.09NbO3 3.52E-05
20-dimensional vector data were obtained using both the train- gg tgg'ggﬂg'gzggg g'ggg:gg
ing data and the test data with 10-dimensional vectors. Note that 31 L20.27Li0.18NbO3 3.82E-05
these methods were used as the expansion of the dimensionality 32 La0.59Na0.12Ti03 1.00E-07
of data. 33 La0.53Na0.21Ti03 1.00E—07
Next, we applied the linear regression task in order to evalu- 34 Li0:25La0.25Ta03 1.40E-03
) pplie & ) 35 La0.25Na0.2Li0.05Nb03 2.10E-05
ate the generalization performance of the linear model. In order to 36 La0.2Na0.25Li0.15Nb03 5.30E—06
compare the generalization performance of the proposed method 37 La0.15Na0.3Li0.25Nb03 2.90E-07
with that of conventional methods, the test data (300 data points) 38 La0.25Ag0.2Li0.05Nb0O3 3.90E-05
luated usi i del. In the | i for the li 39 La0.2Ag0.25Li0.15NbO03 2.00E-05
were evaluated using a linear model. In the learning for the linear 20 120.15Ag0.3Li0.25Nb03 5 90E_07
model, we used the uniformed data corresponding to the train- 41 Li0.34Pr0.56TiO3 1.00E—_06
ing data (300 data points). The test data on the evaluation were 42 Sm0.521i0.34Ti03 1.00E-07
the uniformed data corresponding to the test data. For the con- 43 Nd0.55Li0.34Ti03 1.00E-07
ional hods. th inine d he Ii . ) 44 Nd0.25Li0.25Ta03 4.00E—06
ventional methods, the training data on the linear regression task 45 SmO0.25Li0.25Ta03 3.90E_07
consisted of the transformed data corresponding to the training 46 Y0.25Li0.25Ta03 5.00E—09
data with 10-dimensional vectors and the training data with 20- 47 Li0.55r0.56Fe0.25Ta0.7503 1.00E-04
: : ; 48 Li0.55r0.56Cr0.25Ta0.7503 6.00E—05
dimensional vectors. The test data were also prepared in the same 9 11033510 56Cr0.225T40.77503 100E_04
manner. o 50 Li0.335r0.56C00.225Ta0.77503 5.10E-06
Results: For the test data, we evaluated the generalization 51 Li0.335r0.56Ga0.225Ta0.77503 7.70E—06
performance five times in order to remove sampling bias. The 5; Liggg(cca065§5:%O~22)35T§0-(7)725203 077503 1-;815—86
i 5 Li0.33(Ca0.85r0.2)0.56Fe0.225Ta0.775 5.80E—07
g.ene'rallzatlon Perfqrmance measured by RMSE and the. correla- 4 1i0.33(C0.5510.5)0.56Fe0.225T20.77503 410E—05
tion is summarized in Table 5. The RMSE and the correlation were 55 Li0.33(Ca0.25r0.8)0.56Fe0.225Ta0.77503 9.80E_05
averaged over five trials. The table entries show the mean and 56 Li0.33(Ca0.15r0.9)0.56Fe0.225Ta0.77503 1.30E-04
the standard deviation. The proposed method outperformed the g; Eg-3T35N?6566Fe°-225“0-77503 ?-ggg—gi
. . . 1Cal1 A —
convgntlongl methods because the expansion and reduction of 59 LiSITINDOG 1.00E—06
the dimensions of data were performed simultaneously under the 60 LiSITiTa06 5.50E—04
learning process of uniforming the dimensionality. In addition, the 61 LiSr2Ti2Nb0O9 1.00E-06
results of the linear regression task of trial 5 are shown in Fig. 1 62 LiBa2Ti2NbOg 1.00E-07
Tabl 1) 63 LiSr2Ti2Ta09 3.20E-05
(Table 1). 64 LiCa1.65Ti1.3Nb1.709 1.00E-07
65 LiCa1.65Ti1.3Ta1.709 1.00E—07
- 66 LiSr1.65Ti2.15W0.8509 1.00E-06
4.2. lon conductivity data 67 LiSr1.65Ti1.3Nb1.709 2.00E—05
68 LiSr1.65Ti1.3Ta1.709 4.90E-05
In order to confirm the usefulness of the proposed method for a 69 LiSr1.65Zr1.3Ta1.709 1.30E-05
regression task and for comparison with the denoising autoencoder 70 Li0.15r0.8Ti0.7Nb0.303 1.00E-07
dine dist R di ductivity data f 71 Li0.35r0.6Ti0.5Nb0.503 5.40E—06
regarding distance preservation, we used ion conductivity data for 7 Li0.35r0.6Ti0.5Ta0.503 1.70E—04
bulk materials from the literature. The dataset of ion conductivity 73 Li0.35r0.6Ti0.45Fe0.05Ta0.503 6.00E—05
is shown in Table 2. The number of data was 76. The number of 74 Li0.35r0.6Ti0.40Fe0.10Ta0.503 3.60E-05
: le : 75 Li0.35r0.6Ti0.35Fe0.15Ta0.503 2.80E—05
data for each number of elements in the materials is also shown in e 1i0.3570.6Ti0. 20Fe0 30T20.503 1 00E_07

Table 3.
Data representation: For the naive representation, we used the
following properties of the elements in the compounds as features

(No. 1 ~ 34 and No. 41 ~ 76 from Tables 2 and 5 in [21], and No. 35 ~ 40 from Table
1in[22].)
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Table 3 <
Number of data for each number of elements in the dataset of ion conductivity. !
Number of elements Number of data 9? B
4 20 ©
5 48 e T
6 8 3
=
3 =4
5 |
@
Table 4 é o
Evaluation results for validation data of ion conductivity. The root mean squared 2 !
error (RMSE) was averaged over five trials. The minimum RMSE was given by [; =120 w o
and I, =60. T
Combination of values for the parameters RMSE o
=30, =15 0.04791 + 0.003416
L =30, =30 0.04755 + 0.002844 © -
I =30,1, =60 0.04692 + 0.002667 j j J ! J ! J !
I =30, 1 =90 0.04697 + 0.003382 Wt -0 -12 -14 -16 -18 -20
l; =60, =15 0.04782 + 0.003336 Actual output
I =60, 1, =30 0.04551 + 0.002903
I =60, I, =60 0.04499 + 0.003266 Fig. 2. Results of a regression task performed using the uniformed data as the input
I, =60, =90 0.04553 + 0.003039 for ion conductivity. The X-axis denotes the actual output, and the Y-axis denotes
1, =120, =15 0.04804 + 0.003185 the estimated output of the linear model.
1 =120,1; =30 0.04498 + 0.003510
1 =120,1; =60 0.04342 + 0.003403
I, =120, L, = 90 0.04441 + 0.004237 In order to compare the quality of the obtained latent rep-

of the input data for the linear regression task: electron negativity,
atomic number, first ionization potential, atomic mass, group of the
periodic table, period of the periodic table, single covalent radius,
double covalent radius, electron affinity, and composition ratio of
the compound. Ten features were used. Thus, the input data are
represented by the vector , as follows:

i=1,...,10,

T
X=(X1,1,X1,2, -+, X10,1,X10,2, - *) = (Xi.j),

j=1,...,{4,5,6},

where the indices i and j denote the feature number and the ele-
ment number, respectively. In other words, the length of the vector
is varied from 40 to 60. Hence, we cannot apply the linear regres-
sion task for all compounds with different numbers of elements. In
addition, it is necessary to use the overall data on the linear regres-
sion task because the number of data for each element is smaller
than the number of regressor variables, as shown in Table 3.

Experimental setup: We used a five-layer neural network as
a multi-layer neural network. The network architecture was the
same as that used for the synthetic data. The number of inputs I of
the network was 60. In the learning, we varied /4 in {30, 60, 120}
and I, in {15, 30, 60, 90}. For deciding these parameter values, we
used five-fold cross-validation with five trials in order to remove
the random effects of fold assignments because of the small data
size. All input data were rescaled to the range [0, 1]. The parameter
values in Algorithm 1 were set as follows: T=5, 000, 000, €=10"2,
02 =0.01. After the learning, we generated the uniformed data using
Algorithm 2. Here, S was set to 100, and o2 was set to 0.01, which
is the value used in the learning.

Results: Table 4 shows the evaluation results for the validation
data. The first column lists the combination of values for I; and I,.
The second column lists the root mean square error (RMSE) aver-
aged over five trials (with different random seeds) and its standard
deviation. As shown in the table, we adopted [; =120 and I, =60,
which were the combinations of values at the minimum RMSE.

Next, we applied the linear regression task to the ion conductiv-
ity data as the output and the uniformed data as the input variables,
in which the length of the vector was 60. The linear model described
the natural logarithm of the ion conductivity in terms of 60 input
variables. The result of the linear regression task is shown in Fig. 2.
The linear model had an 2 value of 0.918.

resentation by the proposed method with that of the denoising
autoencoder, the distance preservation was evaluated. Using the
k-nn method to evaluate the distance preservation, we quantified
the difference of class assignments between the original data on
the input space and the latent data on the latent representation. In
general, each dataset could be assigned a different name (or num-
ber) as a class derived by the k-nn method. Therefore, we needed
to assign the same class name (or number) for two class assign-
ment data. Thus, we used permutation to reassign the data class.
The evaluation value E of the distance preservation with n classes
was defined as follows:

ID|

1
E(Dx, D) = glasfﬁz;l((a o Dx);, D),
1=

where o denotes the permutation in the permutation group S, of
degree n, n is the number of classes, D; denotes the ith data ele-
ment of D, and I(-) is the indicator function. The operator o means
that the permutation o applies to the data Dy, D and Dy denote the
class assigned datasets of the original dataset and the latent dataset,
respectively, and E denotes the same class assignment ratio (hence-
forth, matching rate) between the original dataset and the latent
dataset.

In the evaluation, we used the data of five elements having the
maximum number of data (see Table 3). The denoising autoencoder
was applied to these data, where the latent data, in which the length
ofthe vector was equal to that of the proposed method, was derived.
Fig. 3 shows the results of the matching rate E, which was averaged
over five trials. The error bars correspond to one standard deviation.

The figure indicates that the proposed method (solid line) and
the denoising autoencoder (dashed line) do not have remarkably
different performances.

4.3. Hydrogen storage data

In this section, we evaluate the robustness of the proposed
method. Thus, we consider a dataset in which both the data size and
the number of elements are larger than those of the ion conductivity
data. The dataset of hydrogen storage materials 2 we prepared had
a size of 586. The number of data for each number of the elements

2 The dataset was obtained from http://hydrogenmaterialssearch.govtools.us.
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Fig.3. Resultsofevaluation of distance preservation for the proposed method (solid)
and the denoising autoencoder (dashed). The matching rate E denotes the same class
assignment ratio between the original dataset and the latent dataset. The X-axis
denotes the number of classes. The error bars show the standard deviation.

Table 5
Number of data for each number of elements in the dataset of hydrogen storage
materials.

Number of elements Number of data

2 245
3 250
4 65
5 26

in the materials is also shown in Table 5. The output in regression
is the hydrogen weight percentage.

Data representation: We also used the naive representation. The
number of the features was ten. Thus, the input data are repre-
sented by the vector ¥, as follows:

T
X=(X1,1,X1,2,---,X10,1, X10,2, - - ) = (Xij),

where the indicesiandjdenote the feature number and the element
number, respectively. The length of the vector was varied from 20
to 50. The number of data for each number of elements is shown in
Table 5.

Experimental setup: We also used a five-layer neural network as
amulti-layer neural network. The number of inputs I of the network
was 50. In the learning, we varied I in {25, 50, 100} and I, in {25,
50, 75, 100}. We used five-fold cross-validation with five trials. All
input data were rescaled to the range [0, 1]. The parameter values in
Algorithm 1 were set as follows: T=5, 000, 000, € =102, 02 =0.01.
In Algorithm 2, S was set to 100, and o2 was set to 0.01.

Table 6
Evaluation results for validation data of hydrogen storage materials. The root mean
squared error (RMSE) was averaged over five trials.

Combination of values for the parameters RMSE

11=25,1,=25 0.06256 + 0.001449
11=25,1=50 0.06130 + 0.001389
l1=251=75 0.06126 4 0.001512
11 =25,1,=100 0.06001 + 0.001599
11=50,1,=25 0.05818 + 0.001721
ly =50, =50 0.05641 4 0.001493
11=50,1,=75 0.05583 + 0.001441
11 =50, 1, =100 0.05590 + 0.002180
11=100, I, =25 0.05436 + 0.002135
1; =100, I, =50 0.05255 + 0.001914
=100, 1,=75 0.05196 + 0.001659
=100, I, =100 0.05195 + 0.001987

i=1,...,10,j=1,--

Actual output

Fig. 4. Results of a regression task performed using the uniformed data as the input
for hydrogen storage materials. The X-axis denotes the actual output, and the Y-axis
denotes the estimated output of the linear model.

Results: Table 6 shows the evaluation results for the validation
data. The first column lists the combination of values for [; and .
The second column lists the root mean square error (RMSE) aver-
aged over five trials and it’s standard deviation. As shown in the
table, we adopted [; =100 and [, =75, which were the combina-
tions of values with the lower RMSE and the smaller network size.
The value of the RMSE was not so large compared to that of the ion
conductivity.

Next, we applied the linear regression task to the hydrogen
weight percentage as the output and the uniformed data as the
input variables, where the length of the vector was 75. The result
of the linear regression task is shown in Fig. 4. The linear model had
an r2 value of 0.838. Thus, a reasonably good result was obtained,
which was also the case for the ion conductivity. The proposed
method worked well for the larger data size and the larger range of

2 tgeé‘l ber of elements, demonstrating its robustness.
sk

d on the experiments on the synthetic data and the mate-
rials data, we conclude that the proposed method is useful for
uniforming the dimensionality of data.

5. Discussion

In this section, we discuss the experimental results, related
research, including, for example, overload learning [23] and the
denoising autoencoder [1,15,16], and areas for future study.

In the case of the synthetic data, the proposed method out-
performed the conventional methods. This implies the feasibility
of performing the expansion and reduction simultaneously. The
advantage of the proposed method can be exploited by using the
information contained in input vectors of different sizes, whereas
conventional methods use only input vectors of the same size.

In both the materials datasets, i.e., the ion conductivity and
hydrogen storage datasets, we confirmed the robustness of the pro-
posed method. Regardless of the data size, the difference in RMSE
between the ion conductivity and hydrogen storage datasets was
small (see Tables 4 and 6). Furthermore, in Tables 4 and 6, a slight
increase in the standard deviation was observed according to the
increase in the network size. However, the learning of the network
was still stable while varying the number of elements in the mate-
rials because there was no extremely high RMSE with respect to
either the mean or the standard deviation. This could be because of
the regularization induced by noise injection. Although the r2 val-
ues of regression were high, there was some spread of points and
outliers in the scatter plots, as shown in Figs. 2 and 4. With regard to
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this matter, we propose a method for improving the performance
of regression.

The key point of the proposed method is that the noise is injected
into the extended part of the vector in the input variables. The
effect of the injected noise appears to be similar to the overload
task in learning for a neural network [23]. The overload task is
used to add an additional unit to the input layer of a neural net-
work. In the learning, the additional unit is set to a random number.
The injected noise corresponds to the additional task in overload
learning. According to [23], the generalization performance was
improved as compared to the overload task in learning. Therefore,
the injected noise could lead to the acquisition of an available latent
representation. The effectiveness of the overload was shown to
work well empirically [23]. The theoretical analysis has, however,
been left as an open problem.

Moreover, during learning, noise is added to a part of the vec-
tor other than the extended part, as in the denoising autoencoder.
This leads to the regularization avoiding over-fitting [24]. In the
experiments, when the number of parameters (weights) was larger
than the number of data, the generalization performance did not
deteriorate remarkably (see Table 4). For the theoretical analysis,
Bishop [25] showed that the regularization term in the error func-
tion when learning with noise belongs to the class of generalized
Tikhonov regularization. Grandvalet et al. [26] demonstrated that
when the injected noise is Gaussian, the noise injection can be a
stochastic alternative to regularization of the error function.

Hence, the proposed method has the advantages of both the
overload learning and the denoising autoencoder. However, the
noise injection generates numerous distinguishable training pat-
terns in the learning. Therefore, the proposed method has a low
convergence speed [27], which is caused by not only the back-
propagation, but also the noise injection. Thus, in the future, we
hope to investigate an efficient learning algorithm for complicated
networks, such as a five-layer neural network.

For high-dimensional data, it is important for data analysis to
reduce the dimensionality for visualization on the 2- or 3-D map.
This is also important for learning in order to reduce computa-
tional complexity. In the experiments, we used the matching rate
of class assignment using the k-nn method to evaluate the dis-
tance preservation. Then, the matching rate was somewhat low
for both the proposed method and the denoising autoencoder. Dis-
tance preservation is also related to the preservation of topological
information of data. Therefore, the matching rate should be even
higher. As pointed out in [28], the main issue for the latent rep-
resentation with dimensionality reduction is to consider how the
low-dimensionality latent representation preserves the distances
between the original data. Accordingly, in order to improve the
distance preservation, it would be necessary to introduce a stress
function that evaluates the quality of the matching between the
distances in the latent representation and the data spaces [28].

One reason why the generalization performance in the linear
regression task was somewhat low is the lack of output directivity
of the latent data. In other words, the latent data are learned regard-
less of the output data in the linear regression task. Bengio et al.
[29] demonstrated that the autoencoder trained to minimize recon-
struction cross-entropy has become a latent representation, which
is useful for the output in discriminative tasks. Snoek et al. [30]
proposed a nonparametrically guided autoencoder using a Gauss-
ian process to guide the latent representation. In these studies,
the objective function includes a guided term with respect to the
output in the data. Therefore, we propose the objective function
considering a linear regression task as follows ( cf. [29,31,32]):

N N
E= S IR0 g @ON2 + >0 - ATRED)
i=1 i=1

where B denotes the regression coefficients that are estimated
simultaneously during learning of the functions g and f, and y'
denotes the ith output data of the data. Here, we refer to the autoen-
coder with this objective function as a linear guided autoencoder,
or LGAE. The latent data in the LGAE provides a suitable represen-
tation with respect to the linear regression task. The latent data
obtained by the proposed method using this objective function
could improve the performance of linear regression tasks.

Finally, the proposed method is application-independent. By
modifying the data representation in the input vector according
to the application, the proposed method can be extended to other
problems.

6. Conclusion

In the present paper, we proposed a uniforming method for the
dimensionality of data using a neural network for materials infor-
matics, in which different numbers of elements in compounds are
often dealt with, in order to predict the properties of materials
or to classify compounds. In addition, we considered the case of
material properties for which the underlying mechanisms or the-
oretical models are poorly understood. Therefore, we introduced
a naive representation for the compound. The length of the vector
in the naive representation was varied depending on the number
of elements. Hence, uniformed dimensionality of the input data
was necessary. Unlike conventional methods, such as the multi-
layer autoencoder, the denoising autoencoder, and kernel PCA, the
proposed method can make uniform the dimensionality of data
while simultaneously considering the expansion and reduction of
the dimensionality.

In the proposed method, uniforming of dimensionality is real-
ized by noise injection into the extended part of the input vector
during learning for the autoencoder, which is a variant of the
denoising autoencoder [1,15,16]. The latent representation in the
neural network becomes a uniformed representation of the input
data.

Experiments on synthetic data, ion conductivity data, and
hydrogen storage materials data revealed that the proposed
method works well for the linear regression task, as compared
to the conventional methods, and exhibits distance preservation
and robustness. The results may enable us to apply the proposed
method to a broad range of applications.

Further study is necessary in order to investigate the statistical
properties of the uniformed representation of data. Furthermore, in
order to improve the performance of the linear regression task, we
proposed the linear guided autoencoder, which has a linear guided
term in the objective function.

In the future, we hope to confirm the effectiveness of the linear
guided autoencoder for use in materials informatics.
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