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ABSTRACT

The lattice thermal conductivity stands as a pivotal thermos-physical parameter of high-entropy alloys; nonetheless, achieving
precise predictions of the lattice thermal conductivity for high-entropy alloys poses a formidable challenge due to their complex com-

position and structure. In this study, machine learning models were built to predict the lattice thermal conductivity of AICoCrNiFe 1
high-entropy alloy based on molecular dynamic simulations. Our model shows high accuracy with R?, mean absolute percentage Q
error, and root mean square error of the test set is 0.91, 0.031, and 1.128 W m™" k™', respectively. In addition, a high-entropy alloy &
with low a lattice thermal conductivity of 2.06 Wm™' k™! (AlgCr3yCo,9NisoFe,s) and with a high lattice thermal conductivity of ©
529 Wm™ k™! (Alp sCras 5C0,5Niys sFeyq s) was successfully predicted, which shows good agreement with the results from molecular §
dynamics simulations. The mechanisms of the thermal conductivity divergence are further explained through their phonon density §
of states and elastic modulus. The established model provides a powerful tool for developing high-entropy alloys with the desired §
properties.
© 2024 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons Attribution (CC BY) license
(https://creativecommons.org/licenses/by/4.0/). https://doi.org/10.1063/5.0201042
I. INTRODUCTION simulations are constrained by the requirement for empirical
In contrast to conventional metal alloys, which typically potenti? ls.to depict t he intf: ractions between atoms. ™" Similarly,
depend on just one major element, high-entropy alloys (HEAs) ﬁrst—prlnc1ple§ combined with phon.on Boltzmanr.1 transport equa-
consist of a homogeneous blend of at least five or more elements." tion calcul'atl.ons demand substantial comp utatlonal. resources. -
Its distinctive crystal structure and chemical composition confer ~ Lherefore, it is necessary to find an effective al}f} rapid method to
upon it numerous excellent properties,” including exceptional predict the lattice therma¥ conduct1V}t.y of HEAs. ‘.Ma}chlne learning
mechanical characteristics' and high-temperature stability.” Lattice ~ (ML) can extract underlying regularities from the intricate structures
thermal conductivity is a significant thermo-physical parameter of of HEAs, comprised of multiple elements,» facilitating rapid and
HEAs materials, directly impacting the thermal conduction effi-  Pprecise prediction of thermal conductivity. " Wu et al."* employed
ciency and thermal management performance of the materials.” ML models to predict the thermal conductivity of polymers and
Accurately predicting the lattice thermal conductivity of HEAs is ~ achieved the successful synthesis of novel polymers exhibiting high
challenging due to the presence of a variety of major elements in  thermal conductivity, ”'* while also offering novel concepts and
HEAs and the significantly higher number of possible compositions ~ methodologies for enhancing material properties.'” ™'
compared to conventional alloys.” Although capable of measuring However, achieving the ML prediction of thermal conductivity
the thermal conductivity of HEAs, conventional experimental for HEAs is not always straightforward.””~** The intricacies of the
methods are laborious, time-consuming, and expensive.”’ Moreover, highly complex chemical composition and crystal structure of HEAs
equilibrium and non-equilibrium molecular dynamics (NEMD) result in a high data dimensionality and a dearth of data samples,
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posing challenges for the training and generalization of ML
models.”” ™" Sun et al.”® calculated the lattice thermal conductivity of
Al0.3CoCrFeNi by the NEMD method, and the calculated values
were similar to the experimentally measured values. It is demon-
strated that the NEMD method can accurately calculate the lattice
thermal conductivity of HEAs. The advantage of integrating molecu-
lar dynamics (MD) with ML for predicting the lattice thermal con-
ductivity of HEAs resides in the NEMD method’s capacity to furnish
a substantial amount of precise lattice thermal conductivity data,
which the ML model can leverage for training and prediction,
thereby achieving an efficient and accurate prediction of the
lattice thermal conductivity of HEAs.”””" This synergistic
approach can mitigate the limitations of the NEMD method,
which is confined to a restricted number of components, and
expand its prediction capacity to a range of alloys containing
more components.”'> Moreover, the ML model can offer a more
profound comprehension of the intricate correlations of the
thermal conductivity of HEAs, thereby presenting additional
opportunities for material design and optimization.”

In this study, we present an ML method capable of predicting
the lattice thermal conductivity of AlICoCrNiFe at the MD level of
accuracy. Calculation of the Pearson coefficient between the input
and output values of the ML model revealed that the variation in
aluminum content has the most significant effect on the lattice
thermal conductivity. The variation of the lattice thermal conduc-
tivity was further analyzed by calculating its phonon state density
and elastic modulus. Our method will expedite the determination
of lattice thermal conductivities of AICoCrNiFe of varying compo-
sitions, thereby advancing the development of HEAs with excellent
properties.

Il. METHODS
A. Modeling of HEAs

We directly modeled and ran the subsequent calculation in
the Large-scale Atomic/Molecular Massively Parallel Simulator
Package.” The lattice constant of AlCoCrNiFe was 3.55A."
Initially, 10,000 FCC Fe atoms were created, and they were subse-
quently replaced with Ni, Cr, Co, and Al in a random manner
based on a constant ratio. The crystal orientations are [100], [010],
and [001]. Models with a length of 355 A, and a width and height

Heat source

Heat flux
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of 17.75x17.75 A?, were utilized. To achieve accurate simulation
results in MD, the utilization of a suitable potential function is par-
amount. The Embedded Atom Method potential, as provided by
Farks and Caro,” was chosen to accurately characterize the interac-
tions among Al-Co-Cr-Fe-Ni atoms in the system. Subsequently,
the steepest descent method was employed to minimize the energy
of models of varying sizes. Finally, the whole system was relaxed
under the canonical ensemble to obtain a more stable configuration.

B. Calculation of lattice thermal conductivity

In this study, the lattice thermal conductivity of HEAs at 300 K
was calculated using the NEMD method. In the NEMD approach,
aperiodic boundaries are implemented along the X direction and
periodic boundaries along the Y and Z directions. The temperature
of the hot and cold baths along the X direction was regulated using
the Langevin thermostat, as shown in Fig. 1. The NEMD method
causes the material to produce a stable temperature gradient by
setting a heat and cold source in a specific direction. In accordance
with Fourier’s law, kp_yp is determined by the following equation:

Jx

CdT/dx W

k p—MD =
where J, is the heat flux generated by the hot and cold baths in the X
direction and dT/dx is the temperature gradient generated.

C. Dataset establishment

A large, accurate, and evenly distributed data set is crucial for
ML models because it can improve model accuracy and enhance its
ability to generalize. The lattice thermal conductivity of 120 differ-
ent compositions of HEAs was calculated using MD simulation.

Due to the influence of the solid solubility of Al in HEAs, the Al ¢

content cannot be increased indefinitely. Currently, the Al content
of HEAs reported in the literature is less than 10at%.’® In our
dataset, the atomic percentage of Fe, Ni, Cr, and Co ranges from 20
at% to 25 at%, and the atomic percentage of Al ranges from 5 at%
to 10 at%. Sun et al.”® used MD simulation to establish an ideal dis-
ordered Aly;CoCrNiFe model and calculated by the NEMD
method that the lattice thermal conductivity of Al,;CoCrNiFe is
35Wm™'k™" at 300K. The lattice thermal conductivity of

Heat sink

FIG. 1. The schematic of the NEMD method for calculating thermal conductivity.
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Al0.3CoCrNiFe recorded in our dataset is 3.2 W m™" k™', which is
similar to the result reported in the literature. Our dataset records
the atomic percentages of HEAs’ composition, the model’s size,
and the lattice thermal conductivity calculated using MD. Due to
the non-periodic boundary in the X direction of the model, the
length in the X direction changes after the energy minimization
and relaxation reach stability. Consequently, the length of the
model is recorded in the dataset.

lll. RESULTS AND DISCUSSION
A. Feature analysis

The five components of AlCoCrNiFe and the length of the
model after relaxation were used as input values to predict the lattice
thermal conductivity of HEAs when building an ML model in this
study. The relationship between the input values and the lattice
thermal conductivity of HEAs was analyzed by calculating the
Pearson coefficients between six input values and the output value.
Figure 2(a) demonstrates that the influence of Al on the lattice
thermal conductivity of HEAs is more pronounced than that of
other metal compositions. The negative correlation between the
lattice thermal conductivity of Al and HEAs is evident from the
negative Pearson coefficient. The lattice thermal conductivity of
six groups of HEAs with varying compositions was calculated.
Figure 2(b) reveals that the thermal conductivity of HEAs exhibits
a decreasing trend with increasing Al content.

To gain a more profound understanding of our machine

ARTICLE pubs.aip.org/aip/jap

using the Sobol sensitivity indices.”” These indices quantify the
influence of each input feature on the prediction of lattice thermal
conductivity in HEAs. The calculated Sobol indices for the six
input features—Al, Co, Cr, Ni, and Fe components, and the length
of the model after relaxation—are presented in Fig. 3. The Sobol
sensitivity indices reveal the relative importance of each input vari-
able, providing a comprehensive understanding of their individual
contributions to the lattice thermal conductivity predictions.
Higher indices indicate a greater impact on the model’s output.
The calculated Sobol indices reveal varying degrees of impact, with
input Cr exhibiting modest yet notable importance (Sobol’s
index = 0.523), closely followed by Fe (0.518), Co (0.514), and Ni
(0.502). The remaining inputs, Al (0.621) and L (0.667), show
slightly higher sensitivities, suggesting a relatively more pronounced
role in shaping the predicted outcomes.

B. Model construction and evaluation

Choosing Support Vector Regression (SVR) in our study is
grounded in its ability to handle non-linear relationships effec-
tively.”® Considering the intricate compositions and non-linear
interactions present in HEAs, SVR proves advantageous in captur-
ing the nuanced dependencies within our dataset. Its flexibility in
discerning complex patterns aligns well with the challenges posed
by HEA research, making it a suitable choice for predicting lattice
thermal conductivity. In this study, we developed an SVR model
capable of accurately predicting the lattice thermal conductivity of
HEAs using the dataset of lattice thermal conductivity of HEAs

learning model’s behavior, we conducted a sensitivity analysis simulated by MD. We perform data normalization in the dataset to §
g
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FIG. 2. (a) Pearson correlation coefficient between inputs and outputs. (b) The lattice thermal conductivity of AICoCrNiFe (at. % Al=5, 6, 7, 8, 9, 10). L denotes the length

of the model after relaxed.
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FIG. 3. Analysis of the Sobol sensitivity indices: Quantifying the impact of
individual input variables on k, prediction. L denotes the length of the model
after relaxed.

transform the data into the range of (-1, 1), mitigating the impact
of data range differences on the model training and enhancing the
accuracy of the model’s generalization ability. The dataset consists
of 120 data, which are randomly divided into a training set with
115 data and a test set with 15 data. We optimized the parameters
of the SVR model using a grid search optimization methodology in
order to minimize the error between the predicted and calculated
values on the test set. The trained SVR model is subsequently used
to predict the test set data in order to evaluate the model’s predic-
tive ability and generalization capability.

The comparison results of the predicted and actual values for
the training and test sets are depicted in Fig. 4. The data points for
both the training set and testing set are distributed near the line
y =X, without any outliers, indicating excellent predictive capability
of the SVR model. By computing the coefficient of determination
(R?), mean absolute percentage error (MAPE), and root mean
square error (RMSE) for both the training and testing sets, which
can be calculated using Eqs. (2)-(4), we can effectively evaluate the
predictive performance of the Support Vector Regression (SVR)
model. These performance metrics play crucial roles in assessing the
accuracy and reliability of machine learning models. Specifically,
RMSE measures the absolute magnitude of deviation from the pre-
dicted value, while MAPE measures the relative magnitude of devia-
tion. R* is commonly used to assess the goodness of fit of a
regression model. Liu et al.”” used a divide-and-conquer self-adaptive
learning method for predicting creep rupture life in Ni-based single
crystal superalloy materials. The R* value of 0.91 indicates high accu-
racy in predicting creep rupture life, showcasing the effectiveness of
their approach. Wang et al."’ focused on predicting thermal conduc-
tivity of crystal materials using machine learning models. The R
value reported in this study was 0.90, indicating a strong predictive
capability for thermal conductivity based on crystal structural and
compositional information. In contrast, our model outperforms

ARTICLE pubs.aip.org/aip/jap
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FIG. 4. Comparison between the kp_y predicted by the SVR model and the
ke_wp calculated by the MD. The units of RMSE are Wm~"k~".

existing models with an impressive R* of 0.92 for the training set
and 0.91 for the test set. This represents a slight yet significant
improvement, highlighting the efficacy of our approach. The small
and close predictive errors of the SVR model for both the training
set and testing set demonstrate the excellent generalization and
fitting ability of the model,

Rt = /S0 (6K ) @

) O
n k’P_ MD

, 3

RP=1- LMD oML (4)

where i specifies the material sample and 7 is the total number of
samples in the dataset.

C. Prediction and validation of lattice thermal
conductivity

The lattice thermal conductivity of HEAs has a complex rela-
tionship with its composition.”" Although experimental measure-
ment methods can obtain accurate lattice thermal conductivity,
they involve complex processes and make it challenging to obtain
the best HEAs. The NEMD simulation, based on interatomic inter-
action forces, can accurately predict the lattice thermal conductivity
of HEAs."” However, the NEMD simulation requires considerable

12:0€'0} 202 4890100 82
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FIG. 5. (a) Comparison between the new alloys selected by the SVR model and other alloys of the dataset. (b) Comparison between the kp_y predicted by the SVR
model and the kp_yp calculated by NEMD for new alloys.

computational resources and time. In contrast, ML models can (AlpsCr,s5C025Nizs sFeyps) with the highest lattice thermal 8
accurately predict the lattice thermal conductivity of HEAs in a conductivity were selected based on the SVR model within a g
short amount of time."” Therefore, sample 1 (AlgCrsCo1oNisgFeys) reasonable range (0at.% < Al<20at. %, 18at. % <Cr<27 at. %, §
with the lowest lattice thermal conductivity and sample 2 18at. % <Co<27at. %, 18at. % <Ni<27at. %, 18at. % <Fe<27at. %), §
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FIG. 6. (a) The temperature gradient in NEMD. (b) Exchanged energy of the heat source and heat sink over time.
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TABLE I. Elemental content of sample 1 and sample 2.

ARTICLE pubs.aip.org/aip/jap

Fe (at. %) Ni (at. %) Cr (at. %) Co (at. %) Al (at. %)% kp—vp Wm™' k™) kp_yr (Wm™ k™)
Sample 1 215 18 19.5 26 15 2.08 2.06
Sample 2 20.5 245 27 27 1 5.34 5.29

as shown in Fig. 5(a). Additionally, the lattice thermal conductivities
of sample 1 and sample 2 were calculated using MD simulation to
validate the accuracy of SVR model predictions. In the MD simula-
tion, the Langevin controllers were used to control the temperatures
at the left and right ends of the box at 270 and 330 K, respectively.
Figure 6(a) shows the temperature gradient obtained from the lattice
thermal conductivity calculations of HEA samplel and sample2
using the NEMD method at 300 K. During the NEMD simulation,
heat is continuously input at the left end and absorbed at the right
end, resulting in the heat flux curve shown in Fig. 6(b). The linear
fitting of the heat flux curve indicates that the heat flux density at
both the hot and cold sources of sample 1 is 0.174 eV/ps, and the
heat flux density at both the hot and cold sources of sample 2 is
0.069 eV/ps.

As shown in Fig. 5(b), HEA sample 1 with low lattice thermal
conductivity is screened based on the SVR model. Its lattice
thermal conductivity is 2.06 Wm™" k™', close to the NEMD simu-
lation value of 2.08 W m™'k™'. Meanwhile, HEA sample 2 with
high lattice thermal conductivity is screened based on the SVR
model, and its lattice thermal conductivity is 529 Wm™' k™', close
to the NEMD simulation value of 5.34 Wm™" k™. Table I lists the
compositions of sample 1 and sample 2. The predicted values of

(a)

Sample 1
Sample 2

0.12}

0.10
0.08 -
0.06

PDOS

0.04

0.02 -

£ 200
3

0.00 . :
0 5 10 15
Frequency (THz)

the lattice thermal conductivity for HEA sample 1 and sample 2 by
the SVR model are very close to the simulation values. This dem-
onstrates that the trained compositional-property prediction model
has good extrapolation capability to accurately predict the lattice
thermal conductivity of HEAs outside the range of the dataset. Our
model’s ability to predict lattice thermal conductivity for untested
compositions provides valuable insights for experimental design.
Researchers can strategically use these predictions to guide their
experimental efforts, focusing on alloy compositions that show the
most promising thermal characteristics. This not only accelerates
the experimental process but also contributes to resource efficiency
in materials research.

D. Phonon transport mechanisms in AlCoCrNiFe

Analyzing the phonon density of states (PDOS) in HEAs pro-
vides crucial information about their thermal conductivity proper-
ties. By examining the shape and peak positions of the PDOS,
specific phonon modes contributing to thermal conductivity can be
determined.”” Calculating the PDOS reveals the phonon transport
mechanisms in HEAs, as shown in Fig. 7(a). The PDOS can be

computed through the Fourier transform of the velocity
(b)
350 3041 B sample 11

B sample 2

300
250

150
100
50
0

20 Young's modulus Bulk modulus Shear modulus

FIG. 7. (a) Comparison chat of PDOS of sample 1 (red line) and sample 2 (blue line). (b) Comparison chart of elastic modulus, bulk modulus, and shear modulus of

sample 1 and sample 2.
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autocorrelation function, which is expressed as
F((D) — L J+m Meiwtdt (5)
V271 ) o (v(0) - 1(0)) ’
where v is the atomic velocity and the angle brackets represent the
ensemble average. The higher F(w) at a given frequency means that
more phonons are involved in heat transport, leading to a higher
thermal conductivity. As shown in Fig. 7(a), the PDOS of
AlCoCrNiFe can be divided into two parts. The low-frequency
range is within the 0-10 Hz range, and the high-frequency range is
within the 10-20 Hz range. Sample 1 has lower Cr and Ni contents
than sample 2, but the Al content is higher than sample 2. In
AlCoCrNiFe, because the mass of the Al atom is lighter than that
of the other four elements and its phonon energy level is lower, the
contribution of the Al element to the PDOS is most significant in
the low-frequency range.”” Furthermore, in the low-frequency
range, the PDOS of Al is lower than that of the other four elements.
Therefore, in the low-frequency range, the PDOS of sample 2 is
higher than that of sample 1. In the high-frequency range, the
PDOS of the Cr element is the highest, while the PDOS of the Al
element is the lowest.”* Therefore, in the high-frequency range, the
PDOS of sample 1 is higher. In AlICoCrNiFe, the mass of Al atoms
is lighter than other elements. With increased Al content, the
uneven distribution of atomic mass becomes more significant,
enhancing phonon scattering and reducing the lattice thermal con-
ductivity. The Al content in sample 1 is 15 at. %, much higher than
that of sample 2; thus, the mass mismatch in sample 2 leads to
increased phonon scattering and decreasing lattice thermal conduc-
tivity. It is consistent with the calculated result that the lattice
thermal conductivity of sample 1 is lower than that of sample 2.
The elastic modulus, shear modulus, and bulk modulus of
HEAs are well associated with lattice thermal conductivity."
Diversity and randomness of elements in AICoCrNiFe lead to a
more complex lattice structure, which affects phonon transport and
vibrational modes. As shown in Fig. 7(b), MD simulation was used
to calculate the elastic modulus, bulk modulus, and shear modulus
of the HEA sample 1 and sample 2. The results show that the high-
entropy alloy sample 2 has a high elastic modulus, bulk modulus,
and shear modulus. A higher elastic modulus means that the lattice
vibrations of sample 2 are more coordinated and the atomic struc-
ture is more tightly ordered. This promotes phonon conduction
and enhances lattice thermal conductivity.

IV. CONCLUSIONS

In summary, ML and MD simulations were combined to
predict the lattice thermal conductivity of AlCoCrNiFe. Our SVR
model shows high accuracy with the R? of the test set is 0.91 and the
R? of the train set is 0.92. By calculating the Pearson coefficients
between composition and lattice thermal conductivity, it is found
that the change in the Al content has the most significant impact on
the lattice thermal conductivity compared to Fe, Ni, Cr, and Co.
However, HEAs with a low lattice thermal conductivity of
206 Wm™ 'k~ (AlgCrsCo;oNiyFe,3) and with a high lattice
thermal conductivity of 529 W m™" k™' (Aly 5Crag 5C025Nips sFes 5)
were successfully predicted, which show a good agreement with the

ARTICLE pubs.aip.org/aip/jap

results from MD simulations. Calculating the density of phonon
states of sample 1 and sample 2 shows that the PDOS of
AlCoCrNiFe can be divided into two parts. In the low-frequency
range, the PDOS of sample 2 is higher than that of sample 1, but in
the high-frequency range, the PDOS of sample 1 is higher. The
higher elastic modulus of sample 2 means that the lattice vibrations
are more coordinated and the atomic structure is more tightly
ordered. This promotes phonon conduction and enhances lattice
thermal conductivity.
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