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• We propose deep learning-based me-
thods for reliable phase prediction of
high-entropy alloys with three aspects.

• Promising set of hyper-parameters for
the regularized deep neural network
are searched via Bayesian optimization
process.

• Generative design of neural network is
established to produce realistic data
from pre-existing high-entropy alloy
samples.

• Additional samples by generative learn-
ing framework can improve phase pre-
diction performance of existing high-
entropy alloys.

• Significant design parameters for phase
prediction of HEAs are revealed based
on the interpretation of our proposed
model.
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Identifying phase information of high-entropy alloys (HEAs) can be helpful as it provides useful information such
as anticipated mechanical properties. Recently, machine learning methods are attracting interest to predict
phases of HEAs, which could reduce the effort for designing new HEAs. As research direction is in its infancy,
there is still plenty of room to develop machine learning models to improve the prediction accuracy and further
guide the design of HEAs. In this work, we employ deep learning-based methods regarding optimization, gener-
ation, and explanation, for enhancing the performance and identifying key design parameters for phase predic-
tion of HEAs.We first establish regularized deep neural networks for predicting HEA phases and optimize hyper-
parameters concerning model architecture, training, and regularization. To overcome data shortage of HEAs, we
then focus on developing conditional generative adversarial network for generating additional HEA samples. We
observe the augmentation from our generative model significantly improves model performance, achieving pre-
diction accuracy of 93.17%. Lastly, we concentrate on understanding contributions of design parameters to iden-
tifying solid solution (SS) phase as an example. Our work delivers guidance not only for developing a reliable
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deep learning-based phase prediction model, but for explaining significant design parameters to assist design of
novel HEAs.

© 2020 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

High-entropy alloys (HEAs) refer to multi-element alloys stabilized
in a single phase by high configurational entropy of random mixing of
elements [1–3]. While traditional alloys typically consist of single or a
couple of elements, HEAs are designed to contain multiple constituent
elements with equal or similar atomic concentrations. HEAs have re-
ceived considerable attention for their superior mechanical properties
such as hardness, ductility, and corrosion resistivity over those of con-
ventional alloys [4–9]. Very recently, the concept of HEAs has extended
into functional materials, such as catalytic materials for hydrogen pro-
duction, thermoelectric materials, and coating materials [10–12]. The
large composition space of HEAs offers a wide range of tunability in
terms of physical, chemical, and mechanical properties, making this
class of material promising for a variety of application domains. On
the other hand, the large composition space also puts a great challenge
for designing novel HEAs with tailored properties or functionalities. Be-
cause of a large number of possible compositions, the typical trial-and-
error approach generally takes considerable time and cost with a low
success rate.

When designing a new HEA with desired properties, predicting its
phase information is crucial as it is closely linked to particular material
properties. The phase of HEAs can be classified into four categories,
i.e., solid solution (SS), intermetallic compound (IM), mixed SS and IM
(SS+ IM), and amorphous (AM) phases. It is known that a SS is desired
to obtain high hardness, while an AM phase is needed for better elastic-
ity or corrosion resistivity [3,13,14]. Besides, the IM has been suggested
as the preferable phase in terms of the functional materials [15]. There-
fore, developing a reliable approach to estimate the phase of HEAs with
random compositions is of great importance as the first step towards
designing novel HEAs.

The parametric or computational approach has conventionally been
used for designing HEAs. In the parametric approach, empirical rules
have been established by analyzing the mutual relation between theo-
retical models and design parameters known so far, e.g., atomic size dif-
ference δ, mixing entropyΔSmix, mixing enthalpyΔHmix, valence electron
concentration (VEC), and electronegativity differenceΔχ [16,17]. On the
other hand, the computational approaches, e.g., Calculation of Phase Di-
agrams (CALPHAD), molecular dynamics simulation, and first-principles
density functional theory calculations, have been utilized to estimate
under what conditions a specific phase is formed and to predict struc-
tural and electronic properties of HEAs based on previous experimental
data [3]. Those conventional approaches, however, have limitations
due to excessive computational costs and high uncertainties [18].

Over recent years, machine learning (ML) has been applied in the
field of HEAs as a data-driven approach. The machine learning, which
is generally denoted as deep learning (DL) in this paper, possesses fea-
ture learning ability from data representation via the complex architec-
ture of neural networks to achieve a global approximation of the
nonlinearity. With the development of deep learning algorithms and
data accumulation of HEAs, several pieces of research have shown
promising results for estimating phases of HEAs. For example, Wen
et al. [19] presented an ML-based design strategy to search for new
HEAs with high hardness in the Al-Co-Cr-Cu-Fe-Ni system by mapping
features of known HEAs and their target properties. Work by Huang
et al. [20] suggested several types of ML models for predicting three
phases of HEAs, i.e., SS, IM, and SS + IM with five design parameters,
i.e., δ, ΔSmix, ΔHmix, VEC, and Δχ. By comparing the performance of
thosemodels for estimating all the three phases, the authors introduced
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a three-layered artificial neural network (ANN) as the most proper
model with the best accuracy of 74.3%. While Zhou et al. [21] employed
an analogous ANN, the authors considered additional design parame-
ters, e.g., standard deviations of ΔH and VEC among the components,
and showed that the existing empirical rules for phase estimation
could be appraised by their sensitive analysis of the ANN model.

Although the above studies have shown promising results regarding
the DL-guided phase prediction of HEAs, the following challenges re-
main to fully utilize the approach for practical use, which motivated
this study.

• First of all, the optimization of a neural network, which has been
suggested as the futurework by Huang et al. [20], should be carried
out to enhance the predictive performance. Further, various regu-
larization methods should be reflected in the optimization process
to determine themost appropriatemodelwithout overfitting prob-
lems, which are not available in the current literature.

• Secondly, the data shortage problem should be taken into account
when using the DL framework, as the number of available HEA
samples is limited. While DL can be utilized as a powerful feature
descriptor in nonlinear phenomena, its useful application depends
heavily on the number of samples [22]. Besides, the problem not
only affects the model performance, but also entails poor general-
izability considering that there would be a lot more HEAs that
have not been discovered yet.

• Lastly, the results obtained by DL algorithms should be explainable
to understand the influence of each design parameter in phase es-
timation. Which parameters largely contribute to the decision of
the given DL model is usually considered as a black box. Through
a careful interpretation of the neural network, it is possible to ex-
plain the effect of each parameter on phase estimation, which
could help to design new HEAs.

In order to address the challenges above, this paper suggests a DL ap-
proach concerning optimization, generation, and explanation, aiming at
enhancing the performance of phase prediction and its explainability.
Using gathered data from the previous studies, we first take into ac-
count the hyper-parameter optimization of a regularized deep neural
network (DNN) to find a promising set of architectural structure and di-
verse hyper-parameters, e.g., the number of hidden nodes, learning rate,
batch size, and dropout rate, while effectively reflecting prior knowl-
edge during the process via the Bayesian optimization (BO) method.
In addition, we utilize a conditional generative adversarial network
(conditional GAN) to find a model distribution that emulates the distri-
bution of known HEAs, and then to augment realistic samples based on
feature representation. We analyze the characteristics of the generated
samples and their impact on the performance of the optimized model,
showing that the proposed approach yields a significantly improved re-
sult for the phase prediction of HEAs. Finally, we evaluate the effect of
each design parameter using the propagation-based relevance score of
the optimized neural network, in order to elucidate which parameters
are influential to the phase prediction of HEAs.

2. Materials and methods

In this section, the dataset we employed for the phase prediction of
HEAs is briefly described, followed by overall explanations on DL-based
methods, as well as the workflow of the proposed approach.

http://creativecommons.org/licenses/by-nc-nd/4.0/


Fig. 1. Feature visualization of the dataset using t-SNE: 13-dimensional features of the
entire 989 samples are compressed into a two-dimensional space.
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2.1. Data description

We adopt three different datasets from several previous works
[15,20,21,23] for developing our DL-based phase prediction model.
After removing redundant samples, we finalize our dataset with a
total of 989 samples classified into four phases, i.e., 250 SS, 267 SS+ IM,
307 IM, and 165 AM phases. Besides the design parameters hitherto
proposed based on the empirical rules, i.e., δ, ΔSmix, ΔHmix, VEC, and
Δχ [16,24,25], we capitalize on the additional thermodynamic parame-
ters suggested by Zhou et al. [21], e.g., standard deviation of Tm, ΔHmix,
VEC, Δχ, and K, where Tm is the average melting temperature and K is
the mean bulk modulus. The authors have shown that employing
those standard deviations enhances the phase prediction performance
by expanding the parameter space [21]. The entire design parameters
(denoted as Features) are described in Table 1.Moreover, min-max nor-
malization (ranges from −1 to 1) is conducted to each feature for
reflecting every importance on the model equivalently.

To explore the feature distribution of the dataset,we visualize the fea-
ture representation of the whole samples in two dimensions using the
t-stochastic neighbor embedding (t-SNE) method (see Fig. 1). Herein, a
total of 13 design parameters in Table 1 imply 13 dimensions of the fea-
ture space, where each sample with those high-dimensional characteris-
tics will be fed into the DNN. Roughly speaking, the t-SNE is operated by
embedding high-dimensional data into the low-dimensional spacewhile
maintaining the original distributions of the high-dimensional data,
i.e., distance similarities among data points [26]. It is worth mentioning
that insight into the relative distances among the embedded points can
be obtained through the visualization, without giving a physicalmeaning
to each axis. As visualized in Fig. 1, it is shown that the embedded distri-
butions of SS and SS + IM phases are significantly entangled, demon-
strating that they have similar feature representations in the original
feature space, where it makes it difficult to distinguish between them
for the phase prediction. Also, the samples of IM phases are more widely
distributed across space, while several points are located near the points
of the AM phase as well as the ones of SS and SS + IM phases. Accord-
ingly, our goal is to succeed in nonlinear mapping that differentiates
those feature distributions of all the phases via the DL approach.

2.2. Deep neural network and Bayesian optimization

In this work, we mainly construct a DNN, also called a multilayer
neural network, to develop a DL model that can classify given data
Table 1
Description of the design parameters used in this study.

Features Equations

Mean atomic radius a = ∑ici ⋅ ri
Atomic size difference

δ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑i ci⋅ 1− ri

∑i ci ⋅ri

� �2� �s

Average melting temperature Tm = ∑i ci ⋅ Tmi

Standard deviation of melting temperature
σ T ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑ici⋅ 1− Tmi

Tm

� �2r
Mixing enthalpy ΔHmix = 4∑i≠jci ⋅ cj ⋅ Hij

Standard deviation of mixing enthalpy σΔH ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑i≠jci⋅cj⋅ Hij−ΔHmix

� �2q
Mixing entropy ΔSmix = − R∑ici ⋅ log ci
Electronegativity χ = ∑ici ⋅ χi

Standard deviation of electronegativity
Δχ ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑i ci χi−χð Þ2
� �r

Valence electron concentration VEC = ∑ici ⋅ VECi
Standard deviation of VEC

σVEC ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑i ci⋅ VECi−VECð Þ2
� �r

Mean bulk modulus K = ∑ici ⋅ Ki

Standard deviation of bulk modulus σK ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑ici⋅ Ki−Kð Þ2

q
ci is the stoichiometric ratio of i-th component of alloy,Hij is binarymixing enthalpy in liq-
uid phase, and R is ideal gas constant, respectively.
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into the four phases of HEAs simultaneously. While our network is de-
signed and trained in a regularized manner for model generalization,
we also focus on optimizing its hyper-parameters, e.g., the number of
neurons and learning rate, to find the promising DNN architecture as
well as learning and regularization settings.

The DNN architecture can be described with consecutive hidden
layers, as illustrated in Fig. 2 (a). Whilst located between input (fea-
tures) and output layer (target phases), these fully-connected layers
drive to extract higher-level representations of the features through
the trainingprocess. Namely, using a series of linear operations between
input in the previous layer and trainable parameters, i.e., weightsW and
biases b, the network is trained to produce more useful information for
identifying nonlinear phenomena. The operation process can be defined
as:

x lð Þ
j ¼ f ∑

i
w lð Þ

i,j x
l−1ð Þ
i þ b lð Þ

j

 !
ð1Þ

where xj(l) is the output of jth neuron in the lth layer, xi(l−1) is the input of
ith neuron in the former layer. wi, j

(l) and bj
(l) denote the weight and bias

values assigned for the jth node in the lth layer. f represents the nonlinear
activation function at each layer, where a rectified linear unit (ReLU)
f(⋅) = max (0, ⋅) is utilized [27]. In addition, we use a cross-entropy
(CE) loss function, which compares the target and predicted phases in
the output layer, while the weights and biases are updated based on
backpropagation and gradient descent algorithm in away that the value
of the loss function is minimized.

Particularly, we employ several regularization methods for our DNN
model. The regularization is a strategy that fine-tunes the balanced
complexity of the neural network between trained and untrained
cases. Since the generalization of the model is necessary for better per-
formance, we emphasize on considering the regularization methods to
obtain the prediction model that can be expanded to the unseen obser-
vations. Firstly, we consider L2 regularization in terms of the loss func-
tion, which is designed to impose a penalty on the weights. Since the
overfit of the neural network frequently occurs when the weights in-
crease, penalizing the weights as follows could help to suppress the
overfitting issue.



Fig. 2. Schematic diagram of the deep neural network: (a) an architecture of DNNmodel comprised of input, hidden, and output layers (b) dropout regularizationmethod that controls the
connection of the neurons in the hidden layers.

Table 2
Hyper-parameters regarding the model structure, training settings, and regularization
techniques and their searching spaces for the BO approach. Note that quantized uniform
distribution is used to sample the hyper-parameters, except that log-uniform distribution
is applied to sample learning rate and weight decay.

Optimization type Hyper-parameters Searching space

Model structure The number of hidden layers nl [1, 6]
The number of hidden neurons nh

(l) [128, 512]⁎

Training settings Learning rate η [1e-5, 1e-1]
Batch size N [2, 30]

Regularization Weight decay coefficient α [1e-6, 1e-3]
Dropout rate p [0.1, 0.7]

⁎ The interval at the first hidden layer.
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Lpenalized ¼ LCE þ α
2
∑
L

l¼1
‖W lð Þ‖2 ð2Þ

where ‖W(l)‖ is the Frobenius norm of the weight matrix W in the lth

layer.Weight decay coefficientα controls the intensity of the regulariza-
tion, wherein the more substantial the value is, the more penalties are
imposed. Secondly, the dropout technique is utilized by controlling
the connection mechanism of the hidden layers within the network
[28] (See Fig. 2 (b)). During the training session, it works by turning
off random neurons based on the predetermined probability p. The
model capacity can be limited as the part of neurons used as feature de-
scriptors are omitted. It is also known to bring about the unbiased fitting
of the network, engaging irregular combinations of the selectedneurons
at each iteration. Likewise, we incorporate these regularizationmethods
into our DNN model for improving the generalization capability that is
directly related to the model performance.

Based on the methods above, tuning the hyper-parameters that af-
fect the model structure, training process, and regularization is crucial
to building high-performingDNN. It is worthmentioning that searching
the hyper-parameters should be mutually considered as the hyper-
parameters have complex interactions among each other for the
model performance. For instance, an ensemble of L2 regularization
and dropout should be controlled appropriately to achieve a well-
generalized network [29], while both methods regularize the model in
different ways. Also, the number of hidden layers and hidden neurons
not merely determines the model capacity but is linked to the regulari-
zation techniques concerning underfitting and overfitting problems
[30]. While the gradient descent update with L2 regularization,

W W−η ∂L
∂W þ αW
� �

, correlates the two factors, i.e., learning rate η

and weight decay coefficient α, it is also known that the learning rate
andbatch size are related to the generalization ability inmini-batch gra-
dient descent algorithm [31]. Therefore, we propose to consider several
hyper-parameters for the phase prediction model of HEAs, as shown in
Table 2.Weuse quantized uniformdistribution as the searching space of
each hyper-parameter, except the learning rate and weight decay coef-
ficient (log-uniform). Note that the upper/lower bounds of the hidden
layer are halved in our experiment if the hidden layer index increases,
4

e.g., [64, 256] for the second hidden layer. Besides, it is worth mention-
ing that we empirically notice the batch size larger than 30 can deterio-
rate the learning stability and overall performance of the DNNmodel in
this task.

The Bayesian optimization (BO) approach is utilized to explore
hyper-parameters of theDNN. The BO is one of the hyper-parameter op-
timization methods as a way of automated machine learning, which
aims at designing ML models with ML methods [32]. The existing sys-
tematic approaches regarding the hyper-parameter optimization are
grid search and random search, where the former is to set a uniform in-
terval within the searching space while the latter randomly extracts the
candidates from the space (see Fig. 3 (a)). However, the main draw-
backs of such methods are that the computational cost grows exponen-
tially as the number of the hyper-parameters increases and that the
searching process relies on the randomness [33]. For this reason, we
take advantage of the BO as a principled approach that can reflect
prior knowledge during the process.

As illustrated in Fig. 3 (b), the BO process is performed based on the
surrogate model of the observed samples and evaluations (λ1, f(λ1)),…,
(λt, f(λt)) as well as the acquisition function to find a new set of hyper-
parameter λt+1 that is likely to be useful for the next exploration.
More specifically, the BO problem can be expressed as:

λ∗ ¼ argmax
λ∈Λ

f λð Þ ð3Þ



Fig. 3. Schematic descriptions of hyper-parameter optimizationmethodswith two hyper-parameters: (a) comparison between grid search and random search, (b) Bayesian optimization
process using surrogate modeling and acquisition function.
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where Λ is an entire searching space of the hyper-parameters, while λ is
sampled from the bounded regionsΛ. f(λ) is the evaluation result corre-
sponding to the observed set of the hyper-parameter λ, where the aver-
aged testing accuracy of 4-fold cross-validation is used for our
experiment. To measure the generalization ability of each explored
model for the result f(λ), we employ an early-stopping strategy that
ceases the learning promptly when the validation loss starts to increase.
Then, the surrogate model probabilistically estimates the unknown ob-
jective function f based on the input and output gathered so far, where
we develop our surrogatemodel using tree Parzen estimator (TPE) [34].
Subsequently, the acquisition function plays a role in recommending
the next set of hyper-parameter λt+1 that is worthy of exploring or
could be useful to find the optimal value, based on the exploration
and exploitation strategies from the surrogate model. We use the ex-
pected improvement (EI) as the acquisition function [35]. In the end,
through the iterative BO process, we finally adopt the set of hyper-
parameter λ ∗ that yields the highest testing accuracy for the phase pre-
diction of the HEAs.
2.3. Conditional generative adversarial network

Using generative adversarial network (GAN), generativemodeling of
the neural network is established to solve the data shortage problem
of HEAs. Unlike the deterministic approach of deep learning, e.g.,
5

classification, the GAN [36] is designed and trained to find a distribution
that approximates the distribution of real data for a generation. The tech-
nique has recently been introduced to thematerials science field and uti-
lized for materials design and discovery [37–41]. The GAN mainly has a
distinction in that it has two different sub-networks, i.e., discriminator
D andgeneratorG, and those two opposing networks are trained andop-
timized in an adversarial learning framework as follows.

min
G

max
D

V D,Gð Þ ¼ Ex ~pdata xð Þ logD xð Þ½ � þ Ez ~pz zð Þ log 1−D G zð Þð Þð Þ½ � ð4Þ

Discriminator D is the network that can distinguish input data as
genuine or fake, where it gives a high probability to actual data. On
the other hand, generatorG is constructed to create the same dimension
of data as real input by decoding a random latent variable z. It is trained
to minimize the likelihood of the discriminator to classify correctly,
where it aims at forming model distribution pmodel(x) that is analogous
to the data distribution pdata(x). Through the min-max optimization of
the sub-networks, the discriminator becomes better at differentiating
real from generated data, whereas the generator learns to produce real-
istic data to deceive the discriminator. As a result, additional samples
considering the distribution of the data are generated from the approx-
imated model distribution pmodel(x).

Based on the GAN framework, we utilize the conditional GAN to
combine the phase information of HEAs into the model (see Fig. 4).



Fig. 4. An architecture of conditional GAN comprised of generator and discriminator sub-networks. Phase information on class labels of SS, SS + IM, IM, and AM phases are incorporated
into the generative network to obtain the desired modes from the trained model distribution.
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The conditional GAN is the modified version of the GAN, where it takes
advantage of additional information, e.g., class label, for controlling the
modes of the generated data [42]. The objective function of the condi-
tional GAN can be defined as:

min
G

max
D

V D,Gð Þ ¼ Ex ~pdata xð Þ logD xjyð Þ½ � þ Ez ~pz zð Þ log 1−D G zjyð Þð Þð Þ½ � ð5Þ

where inputs of G include conditioning phase labels y and latent vari-
ables z randomly extracted fromnormal distributionN(0,1),while the in-
puts of D are either actual HEA data xwith y or generated HEA data from
G, i.e.,G(z|y). The output of the conditional GAN is a binary vector that de-
scribes two different types of data, i.e.,D(x|y) andD(G(z|y)) as real (1) or
fake (0). As for the generator network, the combined representation
G(z|y) encourages the model to generate samples from the latent space
in consideration of the conditioning information y. In our task, since all
the phases contain different proportions of data aswell as varying feature
distributions, we therefore suggest that the phase information, i.e., class
labels of SS, SS + IM, IM, and AM, should be conditioned for avoiding
the mode-collapse problem and acquiring the feasible results.

The proposed architecture of the conditional GAN is summarized in
Table 3. As previously mentioned, the input layer of the two sub-
networks reflects the phase of the HEAs as the conditioning variable.
This is followed by four dense hidden layers in both generator and dis-
criminator networks, where higher capacity with more hidden neurons
Table 3
The proposed conditional GAN structure in our experiment. The phase type of HEAs is conditio
with four hidden layers with different capacity of the neural network.

Generator network Discriminator network

Layer Type Dimension

Input Latent + Phase 40 + 4
Hidden 1 Dense layer 64

Batch normalization 64
ReLU activation –
Dropout –

Hidden 2 Dense layer 207
Batch normalization 207
ReLU activation –
Dropout –

Hidden 3 Dense layer 128
Batch normalization 128
ReLU activation –
Dropout –

Hidden 4 Dense layer 36
Batch normalization 36
ReLU activation –
Dropout –

Output Dense layer 13
Tanh activation –
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than the discriminator is assigned to the generator network. It should be
noted that thegenerator network is constructedwith anappropriate over-
all capacity,where a proper amount of dimension is imposed on the latent
space for successful generation of the realistic HEA data in this work. Also,
we utilize batch normalization [43,44], activation function, and dropout,
which are appended between every hidden layer. ReLU and LeakyReLU
[45] are employed as the main activation functions of the generator and
the discriminator, respectively. Besides, we make use of the dropout
method to improve the stability of the training and to generate unbiased
samples, where 0.4 for each dropout rate was adopted. Particularly note-
worthy is that label smoothing [46] is carried out in the training process
to prevent the discriminator from being overconfident on the correct an-
swer. We replace the label of the real sample with 0.9 as a way of label
smoothing. Lastly, we jointly train generator and discriminator networks
in an adversarial manner by updating each sub-network's trainable pa-
rameters alternately, that is, updating the generator network first and
then updating the discriminator network, for each iteration. During the
training process, we use AdamOptimizer [47] with 0.0002 and 0.0001
learning rates of generator and discriminator, respectively.
3. Results and discussion

In this section, experimental results and discussion for the phase
prediction of HEAs are given from perspectives of optimization,
ned in both generator and discriminator networks, while each sub-network is established

Layer Type Dimension

Input Feature + Phase 13 + 4
Hidden 1 Dense layer 64

Batch normalization 64
LeakyReLU activation –
Dropout –

Hidden 2 Dense layer 100
Batch normalization 100
LeakyReLU activation –
Dropout –

Hidden 3 Dense layer 50
Batch normalization 50
LeakyReLU activation –
Dropout –

Hidden 4 Dense layer 14
Batch normalization 14
LeakyReLU activation –
Dropout –

Output Dense layer 1
Sigmoid activation –
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generation, and explanation. We first present the optimization of DL-
basedphase predictionmodel,whichhas been emphasized asnecessary
in the previous study [20]. By exploring the hyper-parameters for regu-
larization methods as well as the model structure and learning setting
via the BO process, we search the regularized DNN model to improve
the generalization of the model. Secondly, we employ the conditional
GAN to generate realistic HEA data and to augment the number of entire
HEA dataset. Themain goal of the conditional GAN is to address the data
shortage problemof HEAs, by producing additional HEAdata that can be
used to improve the performance of the DNN-based phase prediction
model. Lastly, we explain the impact of each design parameter for the
phase prediction of HEAs by applying the propagation-based relevance
method to our optimized and enhanced DNNmodel.

3.1. Experimental setup

We structure our experiments with two strategies for DL-based
phase prediction and generation, as schematically shown in Fig. 5. The
experiments are mainly classified into two approaches, i.e., optimiza-
tion of DNN model for phase prediction of HEAs and development of
conditional GAN model for data generation, where they are indepen-
dently establishedwith different networks. As regards the phase predic-
tion model, the DNN model is trained and validated using stratified 4-
fold cross-validation. While we randomly sample five initial hyper-
parameter sets for the surrogate modeling from our defined searching
spaces in Table 2,we conduct a total of 100 iterations of theBayesian op-
timization process for obtaining the meaningful hyper-parameters
concerning network architecture, training, and regularization settings
Fig. 5. A schematic flow of the experiments for DL-based phase prediction and data generation
DNN-based phase prediction model as well as the conditional GAN approach for generating an
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from their searching spaces (see Table 2). After the optimization pro-
cess, the set of hyper-parameters that yields the highest performance
is adopted as our proposed DNNmodel.

On the other hand, the conditional GAN is established via a random
search for the data generation model. We consider the entire 989 sam-
ples and their conditioning phases y for the training process of the condi-
tional GAN model, followed by the model evaluation. It should be noted
that the searching dimensions of the conditional GANmodel are consid-
ered as follows: [4, 64] for the latent dimension and [8, 256] for each hid-
den layer's dimension in generator and discriminator network,
respectively. In terms of the evaluation procedure, we assume that the
conditional GAN is reasonably optimized when the generated 200 HEA
data for each phase, i.e., SS, SS + IM, IM, and AM, are fed into the pro-
posed phase prediction DNNmodel and then show similar testing accu-
racy to thatmodel that is trainedwith only actual HEA data.We allow 3%
of testing accuracy as an error. In this way, we found the proposed gen-
eration model, previously introduced in Table 3. Lastly, we not only ana-
lyze the data generated from the conditional GAN model but also
incorporate those produced samples into the DNN model to improve
the performance and generalization for the phase prediction of HEAs.

Note that we use NVIDIA GeForce RTX 2080 Ti for training both DNN
and conditional GAN models, and herein PyTorch library is utilized.

3.2. Optimization of DNN-based phase prediction model

Based on the searching spaces of the hyper-parameters as defined in
Table 2, the BO process is carried out to find the most appropriate DNN
model for predicting all the four phases of HEAs. In order to verify the
model of HEAs: two approaches include the Bayesian optimization process for optimizing
d augmenting realistic HEA data.



Fig. 6. Progress plots showing the performance trend over 100 iterations during the BO process: (a) average accuracy versus iteration plot. Dashed vertical lines are arbitrarily plotted to
visualize the improvement of the average accuracy over BO process, while the green horizontal line represents a mean value of the average accuracy in a certain divided stage. (b)moving
average accuracy versus segment index plot, where the average of the accuracy within the last ten points of iterations is considered. (For interpretation of the references to colour in this
figure legend, the reader is referred to the web version of this article.)

Table 4
The proposed hyper-parameter set λ ∗ for model structure, training settings, and regular-
ization, where it is explored by the BO process.

Proposed hyper-parameter set λ ∗

Model structure The number of hidden layers nl 5

The number of hidden neurons nh
(1) 150

nh
(2) 128

nh
(3) 80

nh
(4) 30

nh
(5) 16

Training settings Learning rate η 0.00014
Batch size N 15

Regularization Weight decay coefficient α 0.00058
Dropout rate p 0.3
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BO method for searching the hyper-parameters, Fig. 6 (a) presents the
averaged 4-fold cross-validation accuracy of the hyper-parameter sets
as the optimization progresses. Since the BO method benefits from the
useful reflection of the prior knowledge as previously mentioned, it is
observed that the performance of the hyper-parameter settings being
explored gradually increases over the iteration. As shown in Fig. 6 (a),
we arbitrarily plot vertical dashed lines to divide the sections for visual-
izing and understanding the improvement of the BO process, while the
green horizontal line stands for the mean value of evaluations in each
divided section (denoted as Stage). It is observed that the second inter-
val of the iteration (Stage II) with a mean accuracy of 74.58%, shows a
6.33% increase from the first one with 68.25%. Besides, it is shown that
the average accuracy of Stage III reaches 80.08%, showing considerable
improvement (11.83%) over the primary stage. Furthermore, it is also
found that the results in Stage I and II are relatively variant, whereas
less variant performances are obtained in Stage III. This indicates that
the BO process we used focuses more on the suitable hyper-parameter
8

sets by successfully utilizing the prior knowledge from the surrogate
model and acquisition function. We adopt as our proposed set λ ∗ the
hyper-parameter set that achieves the highest testing accuracy of
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84.75% among the iterations. Besides, amoving average plot of the accu-
racy (Fig. 6 (b)) effectively illustrates the progressive performance im-
provement of the BO process.

Table 4 describes the proposed hyper-parameter set λ ∗ of model
structure, training settings, and regularization that shows the most
promising result for the phase prediction of the HEAs from the BO pro-
cess. We find that our proposed DNN is structured with a total of five
hidden layers, where the number of hidden neurons nh(l) reduces pro-
gressively as the network gets deeper. As for the learning rate η and
batch size N, which are both related to the training settings, we obtain
0.000503 and 15, respectively. Also, the ensembled regularization set-
tings with 0.000867 weight decay coefficient α and 0.3 dropout rate p
are investigated via the optimization process.

Subsequently, we compare the proposed DNNmodel's performance
with that of several comparative models that utilize simpler machine
learning-based classification algorithms, as described in Table 5. As for
the comparativemodels, we consider three different kinds of classifiers,
i.e., support vector machine (SVM), decision tree, and XGBoost. Each
comparative machine learning-based model is trained and evaluated
using Sklearn library, where the BO process with 100 iterations is also
adopted to tune the hyper-parameters respectively. Details on these
baseline models' searching spaces and the explored hyper-parameter
sets are presented in Supplementary Table 1. As shown in Table 5, it is
observed that the machine learning-based simpler classifiers yield low
prediction accuracy, showing at most 72.06% of average test accuracy.
On the other hand, we observe that our proposed DNN model that
takes advantage of the deep learning-basedmethod and the BO process
to find the most promising hyper-parameter set outperforms the com-
parative machine learning models. This confirms the proposed
method's suitability for enhancing the phase prediction accuracy of
HEAs compared to the machine learning-based existing approaches.

In addition, it should be noted that our proposed DNN achieves the
generalization of the model using regularization methods while main-
taining its large complexity with five hidden layers. In order to deter-
mine the influence of the regularization methods, we compare the
proposed model in Table 4 (denoted as Regularized) and a model with
the same structure and training settings butwithout employing the reg-
ularization methods (denoted as Baseline). Fig. 7 visualizes the loss and
accuracy curves of the validation set in both models during the training
process. The proposedmodel using the regularization techniques shows
a steady decline in the validation loss, while it attains approximately
85% validation accuracy. On the other hand, it is shown that the baseline
model where the regularization techniques are omitted induces the
overfitting problem as the validation loss rapidly increases. Although
the validation accuracy of the baseline model increases as well as the
proposed model, it is worth mentioning that not only the maximum
performance reaches less than that of the proposedmodel, but the con-
fidence in the decision-making of the baseline model decreases given
the rising behavior of the validation loss. Therefore, we suggest that
the performance and generalization ability for estimating the phase of
HEAs could be enhanced by incorporating the regularization methods
into the prediction model.

To further analyze the phase prediction of HEAs with the DNN, we
examine the feature representation of the samples at each layer in our
Table 5
Performance comparison among several simpler classification algorithms using machine
learning methods, i.e., SVM, decision tree, and XGBoost, and the proposed DNN model
with hyper-parameter set λ ∗.

Prediction model Method Average test accuracy

SVM Machine learning-based 64.49%
Decision tree Machine learning-based 71.78%
XGBoost Machine learning-based 72.06%
Proposed DNN with λ ∗ Deep learning-based 84.75%
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proposed DNNmodel. Fig. 8 sequentially represents the embedded fea-
ture distributions of the entire samples that are extracted from the input
layer and five hidden layers using the t-SNEmethod. As shown in Fig. 8,
the distributions of the HEA phase are entangled in the input layer
(same as Fig. 1). While the features of four phases are hardly distin-
guished in the first hidden layer, interestingly, the distributions of IM
and AM phases firstly begin to be divisible by our DNN model from
the second hidden layer. Afterward, our model produces more con-
densed feature representations of IM and AM phases from the hidden
layer 3 to 5. From the previous semi-empirical rules [48,49], it is
known that IM and AM phases are distinguished from SS and SS + IM
phases in terms of atomic size difference. Besides, AM phase has more
distinctive features compared to SS and IM, such as lower mixing en-
tropy and enthalpy [3]. These physically distinctive features of IM and
AM make them separable from the cluster of four phases in the early
hidden layers. As for the SS and SS+ IMphases, even though the feature
distributions of SS and SS+ IM are still entangled in the hidden layer 3,
the distributions of them becomemore distinguishable from the hidden
layer 4 to the last hidden layer. It is also known that the SS and SS+ IM
phases contain physically similar characteristics, e.g., thermodynamic
features, considering that the SS + IM phase is a mixture of SS and IM
phases at the same time [50], hence make their embedded representa-
tions to be more entangled. Although we observe slightly overlapping
representations of SS, SS + IM, and IM in the hidden layer 5, the feature
representations of four phases are feasibly divided in the last hidden
layer. We conclude that the feature distributions of all the phases be-
come separable as they pass through the hidden layers of our trained
DNN model, allowing better estimation of phase.

3.3. Generation and augmentation via generative model

We now focus on generating additional samples to augment the
number of data for the phase prediction of HEAs. Based on the proposed
generativemodel in Table 3, the generator network is trained to yield an
approximated model distribution by considering a 13-dimensional dis-
tribution of the existing data and conditioning the phase information.
Fig. 9 graphically displays the distributed characteristics of the 13 fea-
tures for the actual and the generated data. By comprehensively
representing the values of all design parameters on the polar axes, we
visualize the tendency of thewhole parameters in four different phases.
The normalized 989 samples, i.e., 250 SS, 267 SS + IM, 307 IM, and
165 AM, are presented in Fig. 9 (a), while Fig. 9 (b) shows 200 generated
data for each phase. From Fig. 9 (a), the actual samples for the SS and
SS + IM phases have similar spread patterns considering the entire de-
sign parameter, while the IM phase shows largely different patterns, as
previously confirmed via the embedded distributions among the phases
in Section 2. As shown in Fig. 9 (b), the patterns of the samples produced
by our trained conditional GAN model realistically emulate ones of the
existing data in Fig. 9 (a). It is worth noting that those generated data
are a completely different set of data from the existing data, produced
given the overall distribution of 13 design parameters rather than ran-
domly extracted from pre-defined regions. Moreover, we find that the
samples corresponding to a specific phase can be created by guiding
the phase information, i.e., class labels of the four HEA phases, in our
generative model.

Data augmentation using the generative neural network can provide
the phase prediction model with additional information. For example,
Fig. 10 (a) shows a scatter plot between the atomic size difference δ
and the average mixing enthalpy ΔHmix for the existing SS and SS + IM
cases.While the dashed lines indicate the parametric approach for classi-
fying SS and SS + IM phases, i.e., 6.7% δ and − 11.66 kJ/mol ΔHmix

[20,51–53], it is evident that the δ-ΔHmix data of the two phases consider-
ably overlap, particularly in the shaded region 3 % < δ<7.5% and−15kJ/
mol <ΔHmix< 0kJ/mol from our dataset. In keepingwith Fig. 1 and Fig. 9
(a), this high similarity between SS and SS + IM phases prevents the
model from accurately predicting the phases. As represented in Fig. 10



Fig. 7. Validation loss and accuracy comparison between the proposedmodel (Regularized) and the baselinemodel (Baseline) to determine the impact of the regularizationmethods: The
proposed model refers to the DNN model applying the proposed hyper-parameter set λ ∗ in Table 4, while the baseline model is the same model as the proposed model but without
employing two regularization methods, i.e., L2 regularization and dropout.

Fig. 8. Feature visualization of the proposed DNN model using t-SNE method: embedded feature distributions in the input layer and five successive hidden layers. The feature
representations of four HEA phases become more disentangled as the input pass through the deeper hidden layers of our trained DNN model.
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Fig. 9. Polar charts visualizing the distributed characteristics of the features in four phases: (a) plotting the actual values of 250 SS, 267 SS + IM, 307 IM, and 165 AM, respectively
(b) plotting the generated values of 200 samples for each phase. It is shown that the HEA samples for the desired phases are successfully generated by combining the conditioning
variables of each phase. Note that the generated samples are extracted from the trained model distribution that approximates the data distribution, while they are completely different
data from the existing ones.
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(a), we find that this ambiguous feature representation between the two
phases leads to several misclassification cases by our DNN model, such
as Al0.08CoCrFeMnNi, CrMnFe1.5Ni0.5Al1.2, Al0.5CoCrCuFeNiTi0.4, and
CuCoNiCrAl1.8Fe. On the other hand, Fig. 10 (b) shows δ versus ΔHmix

plot of the existing SS data and 200 SS samples generated by the condi-
tional GAN model. It can be seen that the generated SS distribution gen-
erally approximates the actual data distribution in terms of δ and ΔHmix

parameters. Besides, it is observed that quite a fewgenerated data belong
to the shaded region that contains those misclassified cases, indicating
that these additional data can be utilized to enrich the information for
phase estimation. Thus, we anticipate that the proposed generation and
augmentation approach can enhance theprediction capability of the neu-
ral network.

In order to evaluate the influence of data augmentation on phase
prediction performance, quantitative results of serveral DNN models
depending on the amount of the augmented samples are described in
Table 6. We compare the DNN model that utilizes additional samples
augmented by the conditional GAN (denoted as a DNN-Augment)
with themodel optimized via the Bayesian optimization in the previous
section (denoted as a DNN-BO). Each augmented model is constructed
and trained by gradually increasing the number of augmented data
per phase, while the generated samples are attached only to the training
datasets in 4-fold cross-validation procedures. As shown in Table 6, the
DNN-Augment models with additional samples in general outperform
the DNN-BOmodelmerely using the existing data in terms of the predic-
tive accuracy. While the predictive results of the DNN-BO model,
i.e., 84.75%, slightly rises by 1.66% when 25 samples per phase are aug-
mented, we find that the performance has a substantial increase by
5.54% from 50 augmented samples for each phase. It is observed that
themore the neural network leverages the generated data, themore per-
formance is improved, where the proposedmodel using 150 augmented
samples per phase (DNN-Augment150) shows the highest accuracy by
11
93.17% in our expeirments. Intriguingly, we also find that the perfor-
mance with 200 more data somewhat diminishes than the results of
DNN-Augment100 and DNN-Augment150. Considering that the existing
training dataset used for each fold is comprised of around 750 samples,
this implies that augmentation overtaking the number of the existing
dataset can induce the neural network to be fitted excessively for the
generated samples. Also, the results signify the importance of the num-
ber of augmented samples for model's performance improvement.

In addition, Fig. 11 describes confusion matrices of DNN-BO and
DNN-Augment150 for delving into how these models differ in estimat-
ing per-phase prediction result. As shown in Fig. 11 (a), we observe that
the DNN-BO model generally shows mediocre per-phase accuracy ex-
cept AMphase, e.g., 77% and 81% accuracy for estimating SS and SS+ IM
phases, respectively. On the other hand, we observe that the DNN-
Augment150 using conditional GAN-based data augmentation not
only increases the total accuracy but also improves phase-specific per-
formance, particularly for distinguishing SS, SS + IM, and IM phases.
For instance, while the DNN-BO is more confused in classifying SS and
SS+ IM, showing around 16% actual SS samples and 15% actual SS+ IM
samples are wrongly estimated to SS+ IM and SS, respectively, we find
that the DNN-Augment150 achieves more precise per-phase estima-
tion, showing no more than 8% error in distinguishing SS and SS + IM.

Finally, we validate our enhanced phase predictionmodel, i.e., DNN-
Augment150,with additional HEA samples. Table 7 summarizes the val-
idation results with several new HEAs, showing their actual phases, our
model's predicted results, as well as softmax output for each phase. It is
worthmentioning that we consider five additional HEAs that have been
recently reported by several pieces of studies [54–57], where they are
not considered in our dataset. As shown in Table 7, it is observed that
our prediction model succeeds in estimating the whole five validation
HEAs. While the softmax output can be interpreted as the prediction
model's probability for estimating each phase, in particular, we find



Fig. 10. Scatter plots of atomic size difference δ versus average mixing enthalpy ΔHmix: (a) a plot for actual samples corresponding to SS and SS + IM phases, (b) a plot for actual SS and
generated SS data. Dashed vertical and horizontal lines represent the parametric criteria for classifying SS and SS+ IM phases, 6.7% δ and− 11.66 kJ/mol ΔHmix, respectively. The shaded
box indicates the region (3% < δ < 7.5% and -15 kJ/mol < ΔHmix < 0 kJ/mol) where the samples of SS and SS + IM phases significantly overlap from our dataset.
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that our prediction model correctly gives the prediction results with
high confidence. For instance, our model has a 90.4% possibility for
predicting Fe4.5Co3CrVMn0.5 with SS phase, where there is only 9.5%
for misjudging Fe4.5Co3CrVMn0.5 as SS + IM and even less probability
for estimating it as IM or AM phases. To sum up, a promising result for
enhancing the predictive performance in the HEA system is obtained
by our proposed approach with the generative framework and its data
augmentation, showing the possibility of utilizing our proposed ap-
proach to assess future potential HEAs with high accuracy.
Table 6
Performance comparison among the DNN-based phase prediction models depending on
the amount of the augmented samples by conditional GANmodel.We examine the impact
of the amount of augmented samples on predictive performance, while the samples gen-
erated by our conditional GAN model are only included in the training dataset.

Prediction model Augmented samples per phase Average test accuracy

DNN-BO – 84.75%
DNN-Augment25 25 86.41%
DNN-Augment50 50 90.29%
DNN-Augment100 100 91.78%
DNN-Augment150 150 93.17%
DNN-Augment200 200 91.34%

Average test accuracy in bold represents the highest test accuracy among several predic-
tion models considered in this table.
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3.4. Significance of design parameters

We also attempt to assess the significance of each design parameter
in our DL-based phase prediction. In order to examine how each param-
eter contributes to the estimation of the DNN model, we employ the
layer-wise relevance propagation (LRP) method [58], which capitalizes
on redistributing the output scores in order to find an appropriate ex-
planation of the given prediction results. Fig. 12 describes the procedure
of the relevance propagation in the DNN model. Unlike the forward
propagation method, the LRP works by propagating the prediction re-
sults in the rear-most layer to the front-most one. This LRP technique
considers that each hidden neuron has a certain confidence in a partic-
ular prediction. This confidence, so-called the relevance score, is repeat-
edly calculated based on the trained weights that connect neurons to
others and the activated values of the previous layer:

R l−1ð Þ
i ¼∑

j

a l−1ð Þ
i w lð Þ

ij

∑ia
l−1ð Þ
i w lð Þ

ij

R lð Þ
j ð6Þ

Ri
(l−1) represents the relevance score of ith neuron in the former

layer, determined by the activation values ai(l−1) in the previous layer,
connections between the layerswij

(l), and the weighted sum of the rele-
vance scores in the rear layer. As the output scores spread to the input



Fig. 11. Confusion matrices showing the phase-specific prediction results of two models: (a) a confusion matrix of DNN-BO (b) a confusion matrix of DNN-Augment150. Each confusion
matrix is comprehensively calculated considering a total of 4-fold cross-validation results.

Table 7
DNN-Augment150 model's predicted results and their softmax output regarding several new validation HEA samples that have been recently discovered.

Validation HEAs Actual phase Predicted phase Softmax output

SS SS + IM IM AM

Fe4.5Co3CrVMn0.5 [54] SS SS 9.04e-1 9.50e-2 1.04e-5 4.14e-5
CoCu2Mn3Ni4 [55] SS SS 9.99e-1 5.70e-4 8.43e-5 2.21e-4
Al0.75Cu3.0833Fe3.0833Mn3.0833 [56] SS SS 8.76e-1 1.23e-1 2.03e-4 5.04e-5
Cu3.33Fe3.33Mn3.33 [56] SS SS 9.99e-1 5.15e-5 8.98e-6 2.95e-6
Co1.75Cr1.25Fe5.5NiMo0.3C0.2 [57] SS + IM SS + IM 2.45e-2 9.74e-1 6.87e-4 5.19e-5

Softmax output in bold represent the highest softmax probabilities that the DNN-Augment150 yield among four phases, where the model's prediction results are determined.
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layer through this successive redistribution process, the impact of each
input feature (Rinput) can be identified. By interpreting the impact of
each input feature obtained by the trained weights from an already de-
veloped network, we analyze the importance of each design parameter
in predicting the phase of HEAs.

The relevance scores for the entire actual samples (989 samples
from our dataset) are obtained via our enhanced model in the previous
section, i.e., DNN-Augment150, where we focus on analyzing the
Fig. 12. Schematic diagram of the relevance propagation process for examining the significance
weights inside the DNN model, the relevance score can be calculated by propagating the predi
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feature significance for classifying the SS phase as an example. Note
that the feature signifcance results for SS + IM, IM, and AM phases are
presented in Supplementary Fig. 1–3. Fig. 13 represents the relevance
scores of 13 design parameters for the SS phase, averaged over the
whole 989 HEA samples. The value of relevance score means which de-
sign parameters are significantly used for the phase prediction, rather
than meaning the actual magnitude of each parameter. We observe
that the most important parameters for predicting the SS phase are
of the design parameters (Rinput) for the DL-based phase prediction. Based on the trained
ctive output score to the input layer.
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acquired in the order of ΔHmix, δ, and ΔSmix, which indicates that those
parameters should be prioritized when designing the SS phase of
HEAs. More specifically, the most significant parameters for the SS
phase that are calculated our enhancedDNNmodel and the LRPmethod
indicates that those parameters should be preferentially considered to
discover HEAs of the SS phase, owing to the fact that more relevance
score of a particular phase represents more attention of the DNN
model to estimate a sample in a particular phase.

It is found that the significant design parameters deduced by the
LRP method generally coincide with those dictated by the existing
parametric rules for the formation of the SS phase. For instance,
ΔHmix, which is the variable considering binary interactions in a liquid
phase, was statistically inferred as the influential feature for making
the SS phase [16,49]. In line with the Hume-Rothery rule, it is also
known that δ plays a vital role in forming the SS phase [16,59,60]. Be-
sides, Yeh et al. [61] proposed that ΔSmix is the driving force behind
the formation of a random SS.

In order to understand the behavior of δ,ΔHmix, andΔSmix, we further
study how the level of importance for those parameters evolves as
training of the prediction model progresses. While Fig. 14
(a) represents the learning curve of our proposed model showing
the accuracy during the training process, we visualize in Fig. 14
(b) how the relevance scores of those parameters change simulta-
neously. Interestingly, it can be seen that the relative significance
among δ, ΔHmix, and ΔSmix changes as learning continues and the pre-
dictive accuracy of the model increases. At the early stage of training
where the model shows less than 90% accuracy, δ seems to have the
largest impact subsequently followed by ΔSmix and ΔHmix. The rele-
vance score of ΔHmix passes over that of ΔSmix as our DNN achieves
approximately 93~95% accuracy. Overall, while the relevance score
of ΔSmix and δ appear to decline gradually, that of ΔHmix continuously
increases and becomes the most significant parameter when the
learning is completed. This observation from Fig. 14 (a) and
(b) possibly suggests that the relative significance among the design
parameters continuously evolves in such a way that the prediction
accuracy of the DNN model improves.
Fig. 13. Bar chart showing the relevance scores of 13 design parameters in predicting the
SS phase of HEAs. By interpreting a black-box DNNmodel with LRPmethod, it is observed
that ΔHmix, δ, and ΔSmix are the significant design parameters for estimating the SS phase.

Fig. 14. Behaviors over training epochs of the model performance and the significance of
design parameters for predicting SS phase: (a) learning curve showing the training
accuracy as learning progresses (b) changes in the relative significance of δ, ΔHmix, ΔSmix

in prediction of the SS phase.
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4. Conclusions

In this study, we proposed a systematic deep learning approach for
predicting the four phases of HEAs with high accuracy. We developed
our deep learningmethodology from perspectives of optimization, gen-
eration, and explanation. The main contributions of this work are sum-
marized as follows.

• Firstly, we found that improved results for phase prediction can be
obtainedbyhyper-parameter optimization. Through theBayesianop-
timization process for overall settings related to model architecture,
training, and regularization, we attained the regularized DNNmodel
with five hidden layers, which achieves 84.75% testing accuracy. Be-
sides, we demonstrated the distinguishing tendency among the four
phases via visualization of high-dimensional features, and observed
that the feature distributions of all the phases are distinctively sepa-
rated in the latter part of the hidden layers of our trained DNNmodel.

• Secondly, we utilized a generative design of the neural network for
producing realistic samples that approximate data distribution of
the existing HEA samples. In particular, we verified that it is possible
to generate the data for a specific phase by conditioning the phase in-
formation to the generative adversarial framework. By examining the
influence of augmentation on themodel performance,we established
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a phase prediction model with unprecedented 93.17% testing accu-
racy for simultaneously estimating the four phases of HEAs.

• Lastly, based on the interpretation of our phase predictionmodel, the
significant design parameters for predicting the SS phase were ex-
plained. Byunderstanding thedecisionprocess of thedeepneural net-
work,we found that the parameters in the order ofΔHmix, δ, andΔSmix

have a high significance in classifying the SS phase, consistent with
the existing parametric rules.

Regarding future research directions, we mainly aim at discovering
novel desired HEAs via deep learning-based phase prediction model as
established in this study, as well as actual verification with several ex-
periments. Moreover, designing additional features for phase prediction
of HEAs is valuable to be further investigated to maximize the DNN
model's phase prediction performance.
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