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Traditional simulation methods have made prominent progress in aiding experiments for understanding
thermal transport properties of materials, and in predicting thermal conductivity of novel materials.
However, huge challenges are also encountered when exploring complex material systems, such as
formidable computational costs. As a rising computational method, machine learning has a lot to
offer in this regard, not only in speeding up the searching and optimization process, but also in
providing novel perspectives. In this work, we review the state-of-the-art studies on material’s thermal
properties based on machine learning technique. First, the basic principles of machine learning method

are introduced.

We then review applications of machine learning technique in the prediction and

optimization of material’s thermal properties, including thermal conductivity and interfacial thermal
resistance. Finally, an outlook is provided for the future studies.
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1 Introduction

A comprehensive and solid understanding of materials’
thermal transport properties and mechanisms [1-5] is es-

*Those two authors contributed equally to the work. Spe-
cial Topic: Thermodynamics and Thermal Metamaterials
(Editor: Ji-Ping Huang). This article can also be found
at http://journal.hep.com.cn/fop/EN/10.1007/s11467-
020-1041-x.

sential for a wide range of applications, from high-power
density electronic devices [6, 7] to thermoelectrics [8—
11], interfacial thermal management [12-15], energy stor-
age [16, 17], thermal metamaterials [18], aerospace [19],
and phonon engineering [20-28]. For example, materials
with low thermal conductivity can be used for thermal
barrier coatings [29, 30] and thermoelectric power gener-
ators [2, 31], while materials with high thermal conductiv-
ity can be used for heat dissipation [32, 33]. Therefore,
accurate characterization of material’s thermal conductiv-
ity is crucial.

Several advanced experimental techniques [34-40] have
been developed to measure the intrinsic thermal conduc-
tivity of materials, yet challenges remain in experiments to
provide improved control and characterization of complex
structures, especially for low dimensional materials. On
the other hand, theoretical and simulation tools [41-43],
including first-principles calculations, Boltzmann trans-
port equations (BTE), molecular dynamics (MD) sim-
ulations, lattice dynamics (LD) simulation, and non-
equilibrium Green’s function (NEGF) theory, can provide
reliable predictions of thermal conductivity and physical
insights to understand the underlying thermal transport
mechanisms in materials.

The development of new materials synthesis technology
and the fast-growing demand for the rapid and accurate
prediction of physical properties require novel computa-
tional approaches. The machine learning (ML) method
provides a promising solution to address such need. For
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example, using a ML model based on support vector re-
gression (SVR), Liu et al. [44] studied the thermodynamic
properties of pure fluids and their mixtures, and found
accurate prediction of the thermodynamics properties of
fluids without prior knowledge of the underlying physical
mechanisms. Wu et al. [45] used different ML models to
predict the interface thermal resistance and found that
the Bi/Si material system has high interfacial thermal re-
sistance of 51.8+4.5 x 1072 m2-K-W~!, which is in good
agreement with the experimental measurement results.
Zendehboudi et al. [46] demonstrated that a reliable ML
model trained from 993 experimental data could exactly
predict the effective thermal conductivity of 26 different
classes of nanofluids. In general, the above-mentioned ML
methods can predict the macroscopic thermal properties
of materials based on data analysis, without the knowl-
edge of underlying thermal transport mechanisms.

Moreover, previous studies have shown that ML poten-
tial combined with traditional transport calculation meth-
ods is an emerging avenue for predicting thermal con-
ductivity of materials and even for probing underlying
thermal transport mechanisms. For instance, by using
spectral neighbor analysis potential, Gu et al. [47] studied
the lattice dynamics and thermal transport of single-layer
MoS3(1—2) Sea, alloys, and further revealed the influence
of mass disorder and force-field disorder on its thermal
conductivity.

A recent burst of publications in applying ML methods
to study thermal properties of materials suggest that as-
sociated techniques have become a powerful tool for pre-
dicting various physical properties [48-53]. Indeed, ML
technique has been widely applied in many fields, such as
structure prediction [52], materials design [49, 54], semi-
conductor manufacturing [55], and drug development [56].

In this review, we highlight the state-of-the-art ad-
vances of ML methods in prediction and optimization of
the thermal transport properties. The rest of this article
is organized as follows: In Section 2, we will introduce
the basic principles of ML methods for thermal transport.
In Sections 3, we will review the recent advances on the
prediction of the intrinsic thermal conductivity of materi-
als by using ML models and ML potentials. In Section 4,
we will review the applications of ML models in predict-
ing interfacial thermal resistance. The applications of ML
methods in optimizing thermal related properties of ma-
terials will be discussed in Section 5. Finally, we present
the conclusion and a brief outlook for future study in Sec-
tion 6.

2 Machine learning method for thermal
transport

Theoretical calculations and simulations are important
tools to study the material’s lattice thermal conductiv-
ity (xp), and serious computational challenges exist due
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to the enhancement of the complexity of materials and
the demand for high-accuracy prediction. Approaches to
improve the accuracy and reduce the computational cost
are always a concern, and ML technique provides a novel
avenue to address such need. In this section, we briefly
introduce the framework of the MLL methods used for the
prediction of thermal conductivity.

2.1 The development of machine learning methods

In 1959, Samuel first defined Machine Learning as a “Field
of study that gives computers the ability to learn with-
out being explicitly programmed”. Actually, the origin
of ML can be traced back to the study of artificial neu-
ral networks (ANNs). In 1943, Mcculloch and Pitts [57]
first proposed the hierarchical structure model of neural
network and established the computational model theory
of neural network. In 1957, Rosenblat [58] proposed the
concept of perceptron, defined the mathematical models
of self-organizing and self-learning neural networks with
algorithms for the first time, and designed the original
neural network algorithms. For a thorough introduction
to the development of ML, interested readers can refer
to Refs. [59-62]. So far, many ML algorithms have been
developed that allow robots and computers to learn au-
tonomously.

ML techniques can be roughly divided into three main
categories: supervised learning, unsupervised learning and
reinforcement learning [51, 63, 64]. In the supervised
learning approach, the training data come from a labeled
set of input (z;)-output (f(z;)) pairs, ¢ from 1 to N, and
N is the number of training samples. In supervised ver-
sion, the goal of ML model is to produce a prediction
y in response to a query x. However, for unsupervised
learning approach, the training set is only composed of
the unlabeled input (x;) data, that is, there is no labeled
sample available in the training set. This is sometimes
called knowledge discovery [64]. The reinforcement learn-
ing trains an algorithm by interacting with its environ-
ment in order to maximize an objective of cumulative re-
wards, which can be used in inverse design of materials
but is much less used to predict the thermal properties of
materials. Most of the ML techniques used for the pre-
diction of thermal conductivity utilize the supervised ML
strategies.

2.2 Machine learning models

In this section, we will introduce the detailed process of
using ML models to directly predict the thermal conduc-
tivity of complex or new materials based on experimen-
tal or theoretical calculation data. The main workflow of
building excellent ML models comprises the following four
steps: i) collection of training data, ii) feature generation,
iii) training or learning process, iv) model optimization
and validation. The scheme adopted to build ML models

Yulou Ouyang, et al., Front. Phys. 16(4), 43200 (2021)
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Fig. 1 Schematic workflow for the construction of machine learning models for the prediction of thermal conductivity.

Reproduced with permission from Ref. [65].

of thermal conductivity is illustrated in Fig. 1. Next, we
will introduce each step in detail to clearly illustrate the
whole process.

First, one should select relevant and useful data as the
input for training ML models. In the process of col-
lecting training data, the main principle is to make the
training data represent the complete diversity of reality
as much as possible. Benefiting from the development
of information storage technology, many research groups
have built databases to collect information related to ma-
terial properties, including both experimental and theo-
retical calculation data. Here, we briefly summarize some
commonly used databases, such as the Cambridge Struc-
tural Database [66], Protein Data Bank [67], Crystallo-
graphic Open Database [68], Inorganic Crystal Structure
Database (ICSD). [69], Atomwork [70], Materials Project
Database [71] and aflowlib [72].

After selecting the training data, it is necessary to set
up a feature (descriptor) dataset that not only represents
the materials in training data, but also has the ability to
describe the new materials. The quality of descriptor se-
lection greatly affects the accuracy of the ML models. The
descriptor usually includes atomic structures information,
such as lattice constant, symmetry, and other physical
and chemical properties. In previous studies, the most
studied descriptor in these fields is related to the crystal
structure fingerprints [73, 74], which can distinguish the
local atomic environments in crystal materials. Besides,
the elemental properties of materials are also important
descriptors, such as the position of elements in the peri-
odic table of elements, atomic mass, and atom number.
Moreover, Wu et al. [45] found that heat capacity, den-
sity, melting point, unit cell volume, elastic modulus, bulk
modulus and thermal expansion coeflicient are also good
descriptors for the prediction of the related thermal prop-
erties. In most situations, computational algorithms are
often used to determine suitable descriptors [65, 75, 76],
especially for structural features.

After selecting the dataset and descriptors, one needs to
train the ML model through ML algorithm to obtain the
relation between descriptors (input data) and the ther-
mal conductivity (output data) in dataset. The whole
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dataset should be divided into 3 sub-groups for training,
validation and testing purposes, respectively. The train-
ing data, including input and output data, are used in the
learning process which is realized mainly by the ML algo-
rithms to obtain the ML models parameters. The popular
algorithms used for the prediction of physical properties
of materials include Support Vector Machines (SVM) [77],
ANNSs [78], Decision Trees [79], Naive Bayes [80], Bayesian
optimization [81], etc. More up-to-date and practical al-
gorithms suitable for materials informatics can be found in
Refs. [48, 51, 82-86]. Afterwards the ML models param-
eters are obtained by using training dataset and the val-
idation data is used to optimize the hyper-parameters in
ML models for the best performance. When the obtained
ML model cannot successfully predict the thermal con-
ductivity in the testing dataset, the previous steps should
be repeated by improving the number of training dataset
and feature selection, or even changing the ML algorithm
altogether until the ML model succeeds.

2.3 Machine learning potentials

Although the ML models mentioned above can pre-
dict thermal conductivity value of materials without the
knowledge of associated transport physics, they fail to
provide the insight for the underlying thermal transport
mechanisms, particularly for nanomaterials where inter-
face and surface effects are important. Recently, many
research groups have developed the ML potentials, which
can provide more detailed physical insights of phonon
transport in realistic materials, in addition to the pre-
diction of thermal conductivity.

The overall workflow for predicting thermal conduc-
tivity with ML potentials can be briefly summarized in
Fig. 2. First, one needs to build the ML potentials. In
the construction of ML potentials, the system total energy
and atomic force calculated by density-functional theory
(DFT) calculation are selected as the training data. Be-
sides, the atomic positions need to be transformed into
a suitable set of descriptors by using ML algorithms as
the input. It is extremely important that the descrip-
tors should be useful for similar atomic structures. The

Yulou Ouyang, et al., Front. Phys. 16(4), 43200 (2021)
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Fig. 2 Scheme for the generation of machine-learning potentials and its application in thermal transport calculations.

ML potentials can be obtained by using ML algorithms to
map the input (descriptor) to output (total energy, atomic
forces) dataset.

Then, the atomic force and system total energy can be
computed directly from the obtained ML potentials. Fi-
nally, these data are used as input information for the
thermal transport calculations, such as the phonon Boltz-
mann transport equations and molecular dynamics simu-
lations, which can also provide physical understanding of
the phonon transport mechanisms involved in the system.

It is worth noting that the computational cost of devel-
oping ML potentials is an important factor that should be
considered, when using ML potentials combined with tra-
ditional calculation methods to predict the thermal prop-
erties of materials. These costs mainly come from the
generation of training datasets that usually obtained by
DFT calculations, and the process of tuning the hyper-
parameters of algorithms.

For instance, Minamitani et al. [87] found that the gen-
eration of the dataset required 24 cores of the CPUs and
140.4 h for Si and 126.8 h for GaN, during the develop-
ment of the high-dimensional neural network potential
(HDNNP) for Si and GaN bulk crystals. Hyper-parameter
tuning took 24 cores of the CPUs and ~40 h for Si and
~50 h for GaN. Their results show that HDNNP is not an
efficient method for the prediction of thermal conductiv-
ity for perfect bulk crystals. However, it is a time-saving
method for the systems with defects.
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Therefore, when choosing an appropriate ML potential
for each application, balancing the computational cost of
data generation, the convenience of model training and
the time of model evaluation is still an important consid-
eration.

Generally speaking, in ML potentials, the algorithms
for generating descriptors and training models can be dif-
ferent and be combined arbitrarily among each other. In
short, ML potentials can establish the relationship be-
tween atomic structures and the potential energy surface
(PES) which provides the potential energy of a system
as a function of the atomic positions. Here, we review
some ML potentials widely used in the study of thermal
transport.

ANNs are traditional ML algorithms [88].  Behler
and Parrinello [89] developed Neural-network potentials
(NNPs) and applied it to MD simulation. Figure 3 shows
the framework of Neural-networks used in NNPs to fit the
PES. In the input layer, the two input nodes (G} and G?)
represent the generalized coordinates that determine the
energy of configuration 7. The output layer energy F; is
given by the expression [89]:

u=1

3 2
Bi=f1 W5 +> Wit <W5j+ZWJjG?> , (1)
J=1

where Wk

i
layer k with node ¢ in layer k—1, and Wé“j is a bias weight

is the weight parameter connecting node j in
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used as an adjustable offset for the activation functions
fi

Thompson et al. [90] presented the Spectral Neighbor
Analysis Potential (SNAP) for solids and liquids. In the
SNAP, the energy of the system is given as the sum of a
reference energy E,.; and a local energy Ejocq; [90]:

Eior = Eref + Eiocat = Eref + Zn:l E’ru (2)

where F,, is the local energy of atom n. The reference en-
ergy includes long-range electrostatic interactions, which
can be obtained by the well-established methods, such
as Ewald summation [91] and Particle-Particle Particle—
Mesh method [92]. The atomic energy of atom n is then
given as a linear combination of the M projected bi-
spectrum components by [90]

M
En = ﬂoa"—i_ Z 5man an7 (3)

m=1

where «,, is the chemical identity of atom n and S, is
the coefficients. B, is the bispectrum component m of
atom n, and Bp,,, is a constant element-specific contribu-
tion.

The Gaussian Approximation Potential (GAP) was in-
troduced by Csényi et al. [93, 94]. In GAP, the local
energy F, for atom n is given by a linear combination of
the kernel functions:

En=> aK(qn,q), (4)
l

where the summation over [ includes all the atomic neigh-
borhood environments in the training datasets. The «;
is a weighting factor obtained during the fitting process,
and K (g, q;) is the kernel function that can quantify the
similarity between any two atomic neighborhood environ-
ments.

3 Prediction of thermal conductivity

Recent advances in ML have shown that thermal conduc-
tivity can be well predicted by using ML methods with
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Table 1 Four materials with low thermal conductivity
screened by machine learning. Reproduced from Ref. [96].

1CSD Space Kire :‘iial
Formula
number group  (W-m~1.K~1) (W.m—1.K-1)
BiTesT1 617200 166 0.76 0.2
BroCsoFo 84022 139 0.49 0.55
AusCsSes 82542 164 0.59 0.32
ClaCsl 23982 166 0.58 0.22

the accuracy comparable to experimental measurements
or DFT calculations. Recently, Zhang et al. [54] reviewed
the research progress in the screening of thermal conduc-
tivity with ML and high-throughput methods. Besides,
Wan et al. [95] introduced recent progress in predicting
thermal transport properties of materials by using mate-
rials informatics. Up to now, there have been increasing
studies to investigate thermal conductivity based on ML
methods. In this section, we summarize the latest works
for the prediction of material’s intrinsic thermal conduc-
tivity by using ML methods.

3.1 Prediction by machine learning models

The ML methods are widely employed for the prediction
of thermal conductivity in various systems. One of the
primary uses of ML models in thermal properties research
is to discover the materials with low thermal conductivity
for the application of thermoelectrics and thermal insula-
tion. Moreover, the ML methods can be used to predict
the thermal conductivity of complex systems, such as nu-
clear fuels, nanofluids, composite materials, alloys, inor-
ganic materials and porous media, which usually require
a lot of experimental or computational costs.

As mentioned in Section 2, the success of ML models
in predicting thermal conductivity requires the selection
of an appropriate algorithm as well as descriptors. Very
recently, based on the materials in ICSD, Wang et al.
[96] trained four different ML models (SVR, kernel ridge
regression, eXtreme Gradient Boosting (XGBoost), fully
connected neural networks) to predict the thermal conduc-
tivity of crystal materials for the search of materials with
low thermal conductivity. They found that the XGBoost
model has the best performance among the four models
with lowest mean absolute error, 0.975 and 0.902 for train
set and test set, respectively. Using the XGBoost model,
Wang et al. [96] found that some compounds (BiTeTl,
BryCsaFg, AugCsSeq, ClyCsl) from 54 790 compounds
show low thermal conductivity less than 0.8 W-m~1.K~!
which was also validated by the first-principles method, as
shown in Table 1. These results show that the ML method
is useful in the rapid search for materials with low thermal
conductivity in a large number of materials.

In the study of thermal conductivity of aluminum al-
loys, by using maximal information coefficient (MIC) and

Yulou Ouyang, et al., Front. Phys. 16(4), 43200 (2021)
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conventional Pearson’s correlation coefficient (PCC) data
analysis techniques, Wang et al. [76] analyzed the rela-
tionship between precipitate features and effective thermal
conductivity (kegs) of aluminum alloys. They found that
the precipitate morphology parameters, such as surface
area, average diameter, and volume fraction of precipi-
tates, can serve as excellent descriptors to evaluate the
Kefy of the aluminum alloy. Moreover, their result shows
that the precipitate features can be used to quickly and
precisely predict the rqr¢ of alloys through ML models,
without the need for separate theoretical simulation or ex-
perimental measurement. Therefore, identifying the key
features that affect the physical properties of interest is
very important when training ML models.

Features used in ML models should be a common prop-
erty of each material that is easy to obtain. Chen et al. [65]
found that bulk modulus (B), mean average bond length,
mean atomic mass, and \/B/p (p: density) are key fea-
tures controlling the x, in inorganic materials, showing
a strong correlation with logk,. Based on these features,
they trained the ML models with the &, of 100 inorganic
materials as input. Their results show that the accuracy
of the developed ML model is comparable to that of past
semi-empirical models in the prediction of lattice thermal
conductivity. Moreover, Juneja et al. [97] adopted max-
imum phonon frequency, integrated Griieisen parameter
up to 3 THz, average atomic mass, and volume of the
unit cell as the descriptors to develop a ML model for lat-
tice thermal conductivity. Their prediction results of log-
scaled K, show excellent accuracy with a very small root
mean square error of ~0.21, which is one order of mag-
nitude improvement in accuracy compared to the widely
used Slack model.

In addition to the prediction of the thermal conductiv-
ity according to the microstructure and physical charac-
teristics of materials, ML models also have the capability
to establish the relationship between experimental oper-
ating conditions and desired thermal conductivity, which
can improve the probability of success for the experimen-
tal test to achieve the target properties. For instance,
a ML model developed by Kautz et al. [98] was used to
predict the thermal conductivity of irradiated nuclear fuel
at various irradiation test parameters, including major al-
loying element concentration, depletion, fission density,
fission power, surface heat flux, neutron flux, and tem-
perature. Therefore, in this way, one can further estab-
lish the structure-property-processing performance rela-
tionships in the system of interest.

More interestingly, Fujii et al. [99] have quantified the
relationship between thermal conductivity of MgO grain
boundary structure and local atomic distortions by using
ML model with a multi-dimensional dataset. The ML
model developed by Fujii et al. [99] reveals that small
structural distortions to the lattice are sufficient to re-
duce thermal conductivity by grain boundary. Their re-
sults demonstrate that ML method is a good choice to
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determine quantitatively the correlation between the mi-
crostructure and material’s property at the atomic level.

However, a large number of quantified thermal conduc-
tivity values are often required as the training data to
train a ML model for the prediction of thermal conduc-
tivity, which needs huge experimental or computational
resources and thus is a serious challenge. Interestingly,
Ju et al. [100] developed a feature-based transfer learn-
ing method to search high thermal conductivity materials
from 60 000 crystal compounds, in which only a small
amount of thermal conductivity training data is required.
They first chose the scattering phase space (P3) as a key
feature for characterizing thermal conductivity and es-
tablished a pre-trained ML model connecting the crys-
tal structures and P3. Using the subnetwork of the pre-
trained ML model, they then trained a transferred ML
model that can obtain the relation between crystal struc-
tures and the thermal conductivity based on 45 thermal
conductivity data.

Moreover, high-throughput screening based on ML is an
effective way to overcome such problem and accelerate the
prediction of thermal conductivity. For example, using a
set of descriptors and random-forest regression, Carrete
et al. [79] built an effective classification model to pre-
screen the material with low thermal conductivity from
79 000 half-Heusler compounds. Then, they performed full
DFT calculations over the reduced candidate compounds
and found that ordered half-Heusler compounds with a
low thermal conductivity <3 W-m™!-K~! very likely exist.
Base on the thermal conductivity of 101 compounds, by
using Bayesian optimization, Seko et al.  [101] virtual
screened 54779 compounds and found 221 materials with
very low thermal conductivity. In addition, through an
iterative ML scheme using principal component analysis
and regression, Roekeghem et al. [102] extrapolated inter-
atomic force constants (IFCs) at finite temperatures from
a few IFCs values to predict the thermal conductivity at
finite temperatures. These works demonstrate the great
potential of ML method in accelerating the prediction of
thermal conductivity.

3.2 Prediction by machine learning potentials

Different from the prediction of the thermal conductivity
value by using ML models, ML potentials combined with
the BTE or MD simulations can provide detailed phonon
information to better understand the thermal transport
mechanisms. In sharp contrast to the empirical poten-
tial, ML potentials do not make any prior assumptions
on the form of the interatomic potentials, and have no
adjustable empirical parameter either. Once ML poten-
tial has been fitted, it can accurately predict energies and
atomic forces for large systems according to the atomic po-
sitions. Therefore, using ML potentials can significantly
reduce the expense of quantum—mechanical calculations in
generating interatomic force constants for large and com-

Yulou Ouyang, et al., Front. Phys. 16(4), 43200 (2021)
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Fig. 4 (a) Griineisen parameter of crystalline silicon at different temperature from empirical potentials, ML potentials
and DFT. (b) Three-phonon scattering rates of crystalline silicon as a function of frequency at 300 K. (¢) Phonon-vacancy
scattering rates at 300 K assuming a volumetric vacancy concentration of 0.01%. (d) Thermal conductivity of crystalline silicon
as a function of temperature. Reproduced with permission from Ref. [104].

plex structures.

Recently, ML potentials have received increasing atten-
tion. By using MD simulations with the GAP potentials,
Zhang et al. [103] calculated the thermal conductivity of
silicone, and found good agreement with results from DFT
calculations. Moreover, they found that the effect of high-
order anharmonic scatterings on the thermal conductivity
of silicene is negligible. By learning the forces generated
by DFT calculations, Minamitani et al. [87] developed the
HDNNP for Si and GaN bulk crystals. They found that
HDNNP has the ability to predict the lattice thermal con-
ductivity of semiconducting materials with the same ac-
curacy as DFT calculations.

In addition to the crystalline materials, ML potentials
can also be employed to predict the thermal conductivity
of disordered crystalline phases and amorphous materials,
which is in general a formidable task for DFT calculations
due to the disordered structures. By using MD simulation
with GAP potentials, Babaei et al. [104] found GAP po-
tential can predict various thermal transport properties of
both perfect crystalline Si and crystalline Si with vacancies
in excellent agreement with the results from DFT calcu-
lations, including the Griineisen parameter, three-phonon
scattering rate, phonon-vacancy scattering rate and ther-
mal conductivity, as shown in Fig. 4. More significantly,
for the calculation of atomic forces, the computational cost
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of the GAP is five orders of magnitude lower than that of
the DFT calculations [104]. Moreover, Qian et al. [105]
developed the GAP for predicting thermal conductivity
of both crystalline and amorphous silicon, as shown in
Figs. 5(a, b). The thermal conductivity of amorphous sil-
icon obtained from equilibrium molecular dynamics with
GAP is ~1.4 W-m~1.K~! at room temperature [Fig.5(b)],
within the range of measurement values [106, 107] around
1-2Wm 1K™

In general, it is difficult to calculate the thermal con-
ductivity of complex or disordered structure by using DFT
calculations, due to the large number of atoms in primitive
cell and the expensive quantum-mechanical calculation of
high-order interatomic force constants. In addition, due
to the low accuracy of empirical potentials, the MD simu-
lation with empirical potentials cannot accurately repro-
duce phonon scattering and ensure long-time simulation
of complex structures. These obstacles seriously limit the
application of both DFT calculation and MD simulation
in studying thermal transport in complex materials.

Combining MP potentials with the BTE or MD simu-
lations for the prediction of thermal conductivity can well
solve the above-mentioned difficulties. For instance, Koro-
taev et al. [108] developed a ML potential named moment
tensor potential (MTP) for CoSbs skutterudite. Based
on MTP, they used MD simulation and BTE method to

Yulou Ouyang, et al., Front. Phys. 16(4), 43200 (2021)
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Fig. 5 Thermal conductivity of (a) crystalline silicon (b) amorphous silicon derived from the GAP compared with DFT

calculations and experimental measurements.

Reproduced with permission from Ref. [108].

calculate the thermal conductivity of CoSbs, as shown in
Fig. 5(c). Their results demonstrate that the thermal con-
ductivity of skutterudite predicted with ML potentials has
the accuracy comparable to that of DFT calculations. In
other words, ML potentials are among the best options to
study the intrinsic thermal transport properties of mate-
rials with high accuracy.

4 Prediction of interfacial thermal resistance

Interface thermal transport between two different materi-
als is a key issue in nanoelectronic devices. Due to various
factors affecting the interfacial thermal resistance (ITR),
it is important to accurately predict ITR for the design of
the thermal management in nanoelectronic devices. With
the development of materials informatics [109], the ML
based prediction of the interfacial thermal properties can

2 b
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Fig. 6 (a) The mismatch between target result from the literature data and the prediction by the ML model.

(c) The results of thermal conductivity of CoSbs, open symbols represent the
calculations data, filled symbols represent the experimental data.

(a, b) Reproduced with permission from Ref. [105],

()

help to greatly accelerate the process of designing high-
performance thermal interface materials. To identify in-
terfaces with ultralow and ultrahigh ITR, Zhan et al. [110]
used ML approach to scan over 368 interfaces formed by
45 different materials. Four kinds of ML algorithms were
used in their study, including generalized linear regres-
sion (GLR), least absolute shrinkage and selection oper-
ator regularization (LASSOR), Gaussian process regres-
sion (GPR), and SVR. They found that among four al-
gorithms, the GPR and the SVR have better accuracy.
Moreover, the choice of descriptors also affects the predic-
tion accuracy. In their study, the film thickness is found
to be an important descriptor in the prediction of ITR
by comparing the prediction results among different de-
scriptor sets. Moreover, their results demonstrate that
the ML results can match the experimental values better
than that of the traditional acoustic mismatch model and
the diffuse mismatch model.

10 )
9
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8
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o
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(b) A

comparison of the thermal conductivity between Bi/Si nanocomposites and other inorganic material systems. Reproduced with

permission from Ref. [111].
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Besides, the properties predicted by various ML meth-
ods can be verified experimentally. By introducing ML
methods, the Bi/Si nanocomposites with ultralow ther-
mal conductivity have been discovered and experimen-
tally verified by Wu et al. [111]. They used ML model
based on the algorithms of regression tree ensembles of
Least-squares boosting (simplified as LSBoost) to screen
out potential candidates from hundreds of interface ma-
terial systems. The mismatch between the literature data
and the prediction is shown in Fig. 6(a), demonstrating
that the mismatch is small and ML method is suitable for
the prediction of ITR. Their results showed that the Bi/Si
interface selected from 2025 kinds of interfaces systems
exhibits a high ITR and can be used to design nanostruc-
tures with low thermal conductivity. In order to verify the
accuracy of ML methods in predicting the ITR of Bi/Si
interface, Wu et al. [111] prepared the Bi/Si nanocompos-
ites and measured their thermal conductivity. As shown in
Fig. 6(b), Bi/Si has the lowest thermal conductivity com-
pared with other materials systems. These results show
that ML models have great potential in predicting the ITR
and can promote the discovery of potential systems with
low thermal conductivity.

Selecting suitable descriptor is crucial for improving the
accuracy of ML prediction. For instance, Wu et al. [45]
chose the property descriptors, compound descriptors, and
process descriptors for the prediction of ITR, which could
represent the physical, chemical, and material properties
of ITR, respectively. As listed in Table 2, for various
ML models considered in their study (LSBoost, SVM, and
GPR), the predictive performance with all three descrip-
tors sets is better than that with only the thickness and
property descriptors. However, the physical origin for the
relationship between these physical quantities and ITR
was not discussed, which deserves further investigation to
explore the underlying physics.

After achieving high-accuracy prediction, Wu et al. [45]

(@)

LSBoost ‘

Fig. 7 (a) Each circle represents the top-100 high-ITR material systems predicted by

®

Table 2 The predictive performance evaluation of the cor-
relation coefficient (R), the square of the correlation coefficient
(R?) and the root-mean-squared error (RMSE) by various al-
gorithms. Reproduced from Ref. [45].

Algorithms R R? RMSE
All descriptors

LSBoost 0.958 0.919 8.944

SVM 0.938 0.879 10.897

GPR 0.957 0.916 9.073
Property descriptors & thickness

LSBoost 0.952 0.907 9.575

SVM 0.815 0.664 18.171

GPR 0.934 0.871 11.271

screened out the top-100 high-ITR material systems over
80 282 material systems (excluding metal/metal interface)
by using LSBoost, GPR, and SVM models, respectively.
They found that 25 of the top-100 material systems were
repeatedly predicted by at least two ML models, as shown
in Fig. 7(a). The ITR values of the above 25 material
systems predicted by the three algorithms are shown in
Fig. 7(b). The predicted ITR value of Bi/Si interface by
ML models is in good agreement with the experimental
measurements.

In addition to the choice of proper descriptors, another
key issue for the ML based predictions is the completeness
of the dataset. In this regard, Wu et al. [112] proposed a
dataset which can be used to predict ITR of metal/non-
metal interfaces by using ML technique. As shown in
Fig. 8, they divided the whole dataset into two parts: one
part is the data about the material properties of interface
thermal resistance in the literature and the other part was
the physical, chemical, and process descriptors of 298 dif-
ferent materials. They made this database available to the
public, and elaborated the data collection methods and
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LSBoost, SVM, GPR respectively.

The blue and yellow regions represent repeated predictions by two and three models, respectively. (b) The ITR predicted by
the three models of SVM (square), GPR (circle), and LSBoost (triangle). The orange points represent the material systems
repeated predicted by the three algorithms. The red points show the predicted values of Bi/Si system. The black point means
that the experimental value of Bi/Si system in Ref. [111]. Reproduced with permission from Ref. [45].
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Fig. 8 The contents contained in the dataset. The ITR dataset includes literature data. The descriptor dataset is comprised
of the data about the physical and chemical properties of different materials. Reproduced with permission from Ref. [112].

sources of various descriptors’ data. The availability of
this data set can provide a complete set of descriptors for
future work, thus accelerating the development of thermal
management materials.

In addition to the collection from literature studies,
the training data of ML models can also be obtained by
high-throughput computations. Yang et al. [113] collected
thousands of training data points by classical molecular
dynamics simulations. Taking the system temperature,
coupling strength between two layers, and in-plane tensile
strains as the input, they predicted ITR between graphene
and hexagonal boron nitride by training several ML mod-
els. They found that the predictions by ANN model were
the best. Therefore, ML technique can help to break
through the limitation of traditional methods which can
only study the properties of materials in a few dimensions,
and allows for the exploration of more exotic properties in
complex material systems.

5 Optimization of thermal related properties
of materials

In addition to the prediction of physical properties, the
optimization of the physical properties of materials is also
very important for the design of materials with targeted

43200-10

properties. The ML approach is an effective tool to de-
sign functional materials in a large structure space. For
instance, Ju et al. [114] introduced in detail how to use ML
combined with materials informatics and thermal trans-
port calculations to design materials with target proper-
ties for various applications, such as thermoelectrics and
thermal radiation. Here we review the recent advances on
the optimization of thermal related properties based on
ML.

To get the maximum or minimum interfacial thermal
conductance sandwiched between Si-Si segments and Si-
Ge segments, Ju et al. [81] developed a method combin-
ing atomistic Green’s function and Bayesian optimization.
The sandwiched interface region can be constructed in
the arbitrary concentration of Si or Ge in the diamond
lattice structure. This method can greatly save compu-
tational resources to identify the optimal structure, com-
pared to traditional simulation method. As a result, by
optimizing the structure, the influence of interference was
maximized so as to minimize the thermal conductance of
the interface. By introducing the optimal hole distribu-
tion into the porous graphene, the thermal conductivity of
porous graphene can be tuned to a maximum or minimum
value. Furthermore, Wan et al. [115] used a reverse de-
sign method based on convolutional neural network model
to determine the optimal porous graphene structure with
the lowest thermal conductivity. The searching algorithm

Yulou Ouyang, et al., Front. Phys. 16(4), 43200 (2021)
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used in their work is shown in Fig. 9. The training set
expands as the number of iterations increases. When the
targeted criterion is matched, the search process is com-
pleted and the optimized porous graphene structure can
be obtained. The advantage of ML over traditional meth-
ods is that it can traverse the whole design space in a very
efficient way to obtain the optimal material structure.
The aperiodic superlattice structure has a lower thermal
conductivity compared to the superlattice counterpart,
because aperiodic superlattice structure can induce the
localization of coherent phonons [27, 116, 117]. But the
lowest thermal conductivity remains elusive because of the
large design space. Chakraborty et al. [118] used ML to
accelerate the design process of the multi-layer structure
with ultra-low thermal conductivity by reasonably defin-
ing the disorder of aperiodic superlattice structure. They
used the thickness based index of randomization and pe-
riod based index of randomization as two key parameters
to quantify the degree of disorder in aperiodic superlattice
structure. By introducing these randomness parameters
into a neural network based ML model, they identified the
optimized multilayer structures with the lowest thermal
conductivity and strong phonon Anderson localization.
Similarly, in order to search for the minimum value of
thermal conductivity in Si/Ge random multilayer struc-
ture, Chowdhury et al. [119] compared the genetic algo-
rithm based approach with an intuition-guided manual
search. They found that the traditional intuition-guided
manual search could only identify the local minimum ther-
mal conductivity, but the genetic algorithm could effi-
ciently find the global minimum thermal conductivity.

43200-11

They have shown that the global minimum thermal con-
ductivity appears in Si/Ge aperiodic superlattice struc-
tures with an average superlattice period which is smaller
than the period length at which the minimum thermal
conductivity occurs in the superlattice structure. Their
work demonstrates that by studying the thermal prop-
erties of random multilayer structures through ML tech-
nique, the barrier of large design space can be resolved,
and the optimal structure can be identified efficiently.

Using Bayesian optimization technique, Yamawaki
et al. [120] optimized the thermoelectric properties of
graphene nanoribbons (GNRs). They found that the ther-
moelectric figure of merit for optimized GNRs structure
can reach 11 times that of the pristine GNRs. In addition
to the optimization of the lattice structure, the variation of
chemical composition is another way to tune the thermo-
electric properties of materials. Hou et al. [121] employed
the GPR model to enhance the thermoelectric power fac-
tor by tuning the composition of Al and Si in the AlsFesSis
compound. The optimal composition of Al and Si for high
power factor over the intermediate temperature range was
found efficiently. The power factor for the optimal com-
position at ~510 K was about 670 uyW-m~!-K—2. Their
results demonstrate that ML method can provide effec-
tive guidance for optimizing thermoelectric properties of
materials.

Very recently, the work of Sakurai et al. [122] demon-
strated that Bayesian optimization is an effective way to
design thermal radiation materials. Guo et al. [123] used
the Bayesian optimization to optimize the radiative cool-
ing properties of thermal photonic structures. With the

Yulou Ouyang, et al., Front. Phys. 16(4), 43200 (2021)
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help of machine learning, they found that only less than
1% of the total candidates needed to be accurately eval-
uated in order to find the structure with optimal ther-
mal radiative property. Besides, many other properties
of materials can also be optimized by using ML meth-
ods, such as decomposition energies [124], Li-ion conduc-
tivity [125], afterglow lifetime in phosphorescent mate-
rial [126], phase design for high entropy alloys [127], stress-
strain curves [128] and hardness [129]. Therefore, ML
has great potential in the studies related to the structure
search and material property optimization.

6 Conclusion

As the complexity of computing tasks increases, ma-
chine learning, which is an accurate and cost-effective ap-
proach, is becoming increasingly popular. Machine learn-
ing method plays an important role in guiding chemical
synthesis, assisting multi-dimensional material character-
ization, and acquiring new material design methods. In
this work, we review the basic principles of machine learn-
ing methods, and the recent advances in applying machine
learning approach to the prediction and optimization of
thermal transport properties, such as thermal conductiv-
ity and interfacial thermal resistance. These advances in
this field demonstrate that machine learning has become
an important tool for the study of thermal transport in
complex materials, and can provide valuable insights to
the material informatics.

Despite the inspiring successes, there still lacks a com-
prehensive database for the thermo-physical properties of
materials. Meanwhile, there is a gap in most studies
between theoretical calculations and experimental mea-
surements for mutual verifications. In addition, in most
ML algorithms, there will be a problem of underfitting,
if the size of material descriptor dataset is small. More-
over, when dealing with problems with multiple degrees
of freedom, it is necessary to develop novel and effective
descriptors. The selection criteria of suitable descriptors
are also important aspects of machine learning approach.
As a reasonable set of descriptors is the key to the ac-
curate predictions, a more rigorous method for descriptor
analysis is needed. These challenges need to be addressed
in the future development of machine learning, which will
be the driving force behind machine learning’s work on
thermal transport for decades to come.
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