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A B S T R A C T

The discovery of novel materials with desired properties is essential to the advancements of energy-related
technologies. Despite the rapid development of computational infrastructures and theoretical approaches, prog-
ress so far has been limited by the empirical and serial nature of experimental work. Fortunately, the situation is
changing thanks to the maturation of theoretical tools such as density functional theory, high-throughput
screening, crystal structure prediction, and emerging approaches based on machine learning. Together these
recent innovations in computational chemistry, data informatics, and machine learning have acted as catalysts for
revolutionizing material design and hopefully will lead to faster kinetics in the development of energy-related
industries. In this report, recent advances in material discovery methods are reviewed for energy devices.
Three paradigms based on empiricism-driven experiments, database-driven high-throughput screening, and data
informatics-driven machine learning are discussed critically. Key methodological advancements involved are
reviewed including high-throughput screening, crystal structure prediction, and generative models for target
material design. Their applications in energy-related devices such as batteries, catalysts, and photovoltaics are
selectively showcased.
1. Introduction

Energy is undoubtedly one of the grand challenges to mankind. A
survey on the energy section by the International Energy Agency (IEA)
forecasts a ~15% increase in global energy demand by 2030.1,2

Achieving so in a sustainable way is a difficult task but is crucial to the
future prosperity and economic development of a modern world. It re-
quires dedicated effort to shift to renewable energy sources and a
near-term surge of investment in clean energy technologies.

From a technological perspective, the physiochemical properties of
the key materials shape the bottleneck of the advancements in energy-
related fields as illustrated in Fig. 1. For example, in the field of photo-
voltaics, the band structure and the defect tolerance of the absorber
material critically define the upper bound of the final efficiency of the
cell. When it comes to batteries, the redox potential and the specific
capacity of medium ions such as Liþ of electrodes determine the upper
bound of the energy density and the competitiveness of such with
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internal combustion engines. In the field of emerging technologies, the
situation is more pressing. For example, solid-state batteries are prom-
ising alternatives to current lithium-ion batteries (LIBs) for electro-
chemical energy storage in terms of safety, energy density, and
manufacturing costs.3,4 However, it is still not to a competitive com-
mercial stand with LIB due to the bottleneck of the electrolyte material.5

Currently, the ionic mobility in these solid replacements is still too low
and the stability at the interfaces also poses significant challenges.6

Similarly, fuel cells are promising alternatives to internal combustion
engines and hold the promise of providing zero carbon emission. How-
ever, the slow catalytic kinetics, the hindered mass transport, and limited
durability of the electrolyte practically block its use.7 All of these devices
concerning energy conversion and storage are to some extent bot-
tlenecked by one or several of the key materials. Discovery of novel
materials with desired properties is thus essential to the performance
enhancement of existing technologies and the enabling of emerging ones.

Conventionally, the discovery of novel materials is solely based on
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Fig. 1. Schematics showing advancement of energy research driven by materials discovery.
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experimental trial-and-error. While such empiricism-driven processes
have led to important discoveries, they are also characterized by slow
kinetics. The situation has fundamentally changed from the late 60s
thanks to the development of density functional theory (DFT) which laid
the foundation of calculating electronic properties of practical materials
from first principles.8–10 In recent decades, the fast development of
computational infrastructure further facilitates advancements in this
field.11 A number of codes have been made available to the community
and the supercomputers can provide computing power on the scale of
hundreds of petaFLOPS.12–14 Computational chemists and theoretical
physicists can now routinely compute the properties of a material con-
taining up to hundreds of atoms in its unit cell with quantum
mechanical-level of details. Achieving such fast computation of material
properties has driven the material design based on high-throughput
screening.15 By assembling the structures from known databases and
calculating the properties entry by entry using DFT, desired materials can
be found.16 However, such a process is fundamentally constrained
because the possible outcomes are bounded by the initial decision con-
cerning its chemical and structural space. A typical example is the hybrid
organic-inorganic halide perovskites for photovoltaics.17,18 Before its
discovery by experimentalists, it is completely off the search range by
computational chemists. Therefore, it is crucial to extend the chemical
and structural spaces for new material discovery. Crystal structure pre-
diction methods stand out in this context.19,20 By arranging the atoms in
different manners, one can explore the potential energy surface (PES) of a
specific composition. By locating the local energy minima, one can in
principle find the most stable structure and the meta-stable ones. These
methods can significantly extend the database approach for materials
screening. Nevertheless, the encounter of materials with desired property
using such a screening approach is still dependent on a matter of luck. In
this context, the recent invasion of data informatics andmachine learning
is starting to revolutionize the field of materials discovery by providing
novel tools to inversely design materials with specific properties. New
algorisms are emerging rapidly and the data-informatics infrastructures
catering to these new methods are being developed. Hugh amount of
data, or big data, including atomic structures, formation energies, and
electronic band structures is generated on a day-to-day basis. The vali-
dation and correct usage of these data are being intensively studied.21,22

In view of the rapid development of the field of materials discovery of
energy materials, we assemble this review. In this contribution, we
2

review the recent methodological advancements of materials discovery.
The above development of research approaches which constitutes the
three critical paradigms of materials discovery will be discussed in Sec-
tion 2. The high-throughput screening approach, the relevant database
development, and the addition of crystal structure prediction methods to
extend such an approach will be reviewed in Section 3. In Section 4,
materials design approaches based on machine learning and data infor-
matics will be discussed. Non-comprehensive examples of the successful
application of the abovemethods will be provided in Section 5 in the area
of batteries, catalysts, and photovoltaics. Finally, critical remarks will be
given to the outstanding issues in the field and an outlook to future de-
velopments will be provided.

2. Paradigms of materials discovery

Materials discovery can be dated back to the early days. Apart from
noble metals such as gold, other metals with stronger reactivity usually
need to be reduced from their compounds, especially when large quan-
tities are needed. One example is copper. It can be extracted from its
sulfide ores at high temperatures under a reducing atmosphere. Despite
its crude nature, one can still find common characteristics of this with
today's materials discovery. By experimental trial-and-error and post-
mortem characterization, new materials are identified. For example, in
terms of inorganic materials, the most typical method of synthesis is still
high-temperature sintering. To look for potential new materials, pre-
cursors are put into a crucible and are subject to sintering at elevated
temperatures. Such a process represents the first paradigm of materials
discovery, i.e., empiricism-driven experiments. It has laid the foundation
for the development of chemistry and materials science, see Fig. 2. One
should note that despite the emergence of more advanced methods to be
discussed shortly, this conventional approach is of great technological
importance and should not be overlooked. In fact, before the populari-
zation of modern computers, almost all critical materials are discovered
in this manner, with input from chemistry and metallurgy. For example,
in a LIB, the cathode materials were discovered through ad hoc
design.23,24 By studying the intercalation reaction between guest ions
with solid hosts in TiS2, Whittingham used such a layered material as a
cathode, and demonstrated the first rechargeable lithium battery.25

Further development was achieved by Goodenough et al. Based on the
knowledge that the S2� 3p band lies at higher energy as compared with
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that of O2� 2p, they used S to replace O to enable the use of the Co3þ/4þ

redox couple.23 Such substitution leads to significantly higher energy
density and to the discovery of one of the most successful cathode ma-
terials for LIBs to date, i.e., LiCoO2.26 However, the drawback of exper-
imental trial-and-error is also trivial to see. The efficiency of such an
empiricism-driven approach is low and is becoming less and less favor-
able due to the emergence of the ever-complicating materials re-
quirements. In this field of energy storage and conversion, almost each
component of a device is bottlenecked by a functional material with
highly specified materials property. Therefore, a shift towards a new
materials discovery paradigm is necessary.

The second paradigm is the high-throughput screening of candidate
materials. Although such screening can be done both computationally
and experimentally, to limit the current report within its scope, we will
focus on the advancements on the computational part despite the rapid
development of high-throughput synthesis. Work in this area can be
found in a number of recent works.27–30 Computational screening of
candidate materials is achieved by computing properties of the material
from their structures. By screening a large pool of candidate materials,
one can find targets to synthesize and characterize.31–37 Such a method
heavily relies on the theoretical advancements of quantum mechanical
approaches and the development of computational infrastructures. In
1964 and 1965, Hohenberg, Kohn, and Sham published the two seminal
papers on electronic structure theory. By reformulating the ground-state
solution of the Schr€odinger equation as a problem of minimizing energy
as a functional of the charge density, the computational costs are
significantly reduced compared to traditional methods such as quantum
Monte Carlo and post-Hartree-Fock theory.9,10 Despite that the exact
energy functional has yet to be determined, DFT is able to tackle the
property prediction task for practical materials from the fundamental
laws of quantum mechanics. Later development of plane-wave electronic
structure codes such as CASTEP,13 VASP,14 Quantum Espresso,38 and
local basis codes such as Gaussian39 and ORCA40 further facilitates the
widespread usage of DFT beyond quantum chemists. To date, with
minimal training, a non-specialist in electronic structure theory can carry
out simple DFT tasks such as formation energy calculation, geometry
optimizations, and band structure computations. More importantly, over
the past decades, computational power has been increasing exponen-
tially, thanks to the fast development of computational infrastructures.
This allowed the entry-by-entry computation of existing databases such
as the Inorganic Crystal Structure Database (ICSD).41 Assembling these
data entries into computational databases required careful handling of
the caveats of current formalisms of DFT. In this context, a number of
corrections have been proposed which laid the foundation of a various
data informatics projects.42,43 A number of different databases with
Fig. 2. Schematics of the three par
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different standards have been developed which will be discussed in the
next subsection. Using these databases, fast screening can be carried out
for materials with desired properties. For example, the electronic band
structure is contained in almost all of these databases, which could serve
the purpose of screening photovoltaic materials. For properties that are
not included, it is almost trivial to write scripts to do high-throughput
screen once the computation of such property can be streamlined.
While such screening can ideally facilitate the materials design process,
the materials discovery process along this pipeline is fundamentally
constrained by its search space. One way to enlarge the search space is to
do element exchange. While this has led to a significant increase in the
number of material entries in these databases and many successful cases,
the structural space is still limited. In this context, crystal structure pre-
diction methods provide a good complementary despite that it consti-
tutes an independent research area on its own. By exploring the potential
energy surfaces (PESs) of specific number and types of atoms, the local
energy minima are located and the corresponding structures may serve as
candidate if their properties fulfill the requirements and their energy is
low enough. The computational screening approach constitutes the sec-
ond paradigm of materials discovery and will be discussed in detail in
Section 3.

The third paradigm of materials discovery is based on data infor-
matics and machine learning. From the discussions above, the success of
high-throughput screening is inherently determined by the choice of
search space. Even if the structural space is exhausted using crystal
structure prediction methods (which is usually not the case), it is possible
that the specific material with desired properties simply does not exist
within the predetermined composition range. In other words, the success
of the screening approach is still somewhat dependent on a matter of
luck. One may or may not find new materials that are synthesizable and
the materials found might not cater to the initially targeted application.
In this context, methods to find the bounds of properties within a specific
composition range and to carry out target-specific material design are
critically needed.44–46 Such a target has been partially met by ad hoc
design using knowledge from chemistry and physics while the other half
might be solved by the development of machine learning and data
informatics. By learning from the large quantities of data generated from
high-throughput computations, it is possible to teach computers chem-
istry and even train them to be better chemists than us, which is a lesson
we learned from AlphaGo.47 This field only started in the recent decades
and is advancing most rapidly within the past decade. However, many
exciting achievements have been made including the development of
predictive models of structures, feature engineering techniques,48,49

machine-learning force-fields,50 and the recent generative models for
target-specific materials design.50,51 This approach is a natural
adigms of materials discovery.
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descendent of the high-throughput materials screening and data science.
Despite that this field is still in its infancy, it holds the promise of
significantly speeding up materials discovery and increase the chance of
finding novel materials with desired properties. The details will be dis-
cussed in Section 4 with details.

3. Big data and high-throughput screening

3.1. The high-throughput screening approach

High-throughput screening represents the second generation mate-
rials discovery approach. By computing the properties of a large number
of structures, those that meet the requirements and have low energies are
chosen to be synthesized. As shown in Fig. 3, a typical process of
computational high-throughput screening constitutes four steps, i.e.,
identification of target properties, defining screening spaces, property
prediction, and selection of candidate materials. Among these steps,
identifying target properties is one of the most critical and difficult steps.
Usually, materials scientists can easily name the desired macroscopic
properties of functional materials in an energy conversion/storage de-
vice. For example, for electrocatalysts, the material needs to give low
overpotential at relatively small current densities.52,53 This is sometimes
also reflected by its Tafel slope and the turnover frequency. These
quantities measure the catalytic activity of the material. While re-
quirements on these quantities can be determined by back-tracing the
final device-level performance, how they relate microscopic quantities,
especially those computable from DFT is non-trivial. For some applica-
tions such as photovoltaics, the light absorption properties, and charge
carrier transport can be calculated from the band structure, with a basic
understanding of solid-state physics. However, for other applications
such as the previously mentioned electrocatalyst, one may need to go
through rigorous derivation to obtain a relatively simple quantity to
characterize the property, which is also called a descriptor.52 One
example is the hydrogen adsorption free energy (ΔGH) for the hydrogen
evolution reaction.54–57 It requires the computation of the adsorption
energy of H on the catalyst surface.37 Unfortunately, such a descriptor is
non-trivial to calculate as it requires the consideration of different sur-
faces of the catalyst and the H coverage. A further simplification can be
done by correlating such energy with the electronic band structure of the
catalyst, e.g., the d band center of metals.58,59 For other applications,
such descriptor may beyond the limit of DFT calculations and therefore
requires other theoretical tools. For example, the mechanical strength of
polycrystalline alloys and intermetallic materials is dependent on the
distribution of grains within the material.60,61 To capture such a distri-
bution, a model easily reaches tens of thousands of atoms. While it can be
Fig. 3. Illustration of essential steps of high-thr
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computed using the most up-to-date DFT framework, the computational
cost is extremely high and such calculations cannot be carried out in a
high-throughput manner. Therefore, one of the major requirements for a
potential high-throughput screening discovery of novel material is that a
clear relationship can be built between the macroscopic measurables and
the microscopic computables. Also, calculating such microscopic quan-
tities should not be too computational demanding. In fact, there is a
tradeoff between the computational cost and the quality of the screening
process. For instance, in searching for good hydrogen evolution catalysts,
in principle, one should consider different coverage of H on the surface.
However, this requires the enumeration of the possible arrangement of
adsorbents attached to potential active sites, which is computationally
extremely demanding. Therefore, one may simplify such computation to
the dilute limit, i.e., hydrogen atoms are adsorbed on the surface that is
large enough to ignore adsorbents-adsorbent interactions.61

After identification of the target properties and correlation it to a set
of microscopic computables, the next step is to choose the composition
and the structural space to carry out the screening. Currently, the
screening space is usually constrained to a specific set of structures, e.g.,
perovskites.62–64 By changing substituting the elements in the structure,
one can obtain a large number of independent candidates to compute.
Such a method has a relatively high rate of success because the structure
template chosen usually has a relatively high chance of being genetically
favorable. However, it also suffers from the drawback of constrained
structural space. For example, a binary compound with a one-to-one
elemental ratio may form a number of different structures like
NaCl-type rocksalt, α-HgS-type trigonal cinnabars, and β-HgS-type met-
acinnabars. Simple elemental substitution on predefined structural tem-
plates may lead to a loss of potentially stable structures. A way to get
around with this is to carry out crystal structure predictions. Using al-
gorithms such as random sampling and particle swarm optimization, the
potential energy surfaces (PES) of a given composition are explored and
the low energy structures can be obtained.65,66 The details of crystal
structure prediction by this significant method will be discussed in Sec-
tion 3.3. By incorporating such methods, one can partially resolve the
constraint on the structural space. However, making predictions on stable
structures is usually computationally expensive. Also, the composition
space is still constrained, and a wise choice of such needs yet other
theoretical considerations. Finally, in occasional cases, large databases
may be used for initial screening purposes. These databases usually
contain structure entries exceeding 106 and can provide wide coverage of
the structural and the compositional space.67 Searching for materials in
such a huge space without care will lead to a low encounter rate and is
usually not carried out. It is worthwhile to note that these databases may
not only serve as the pool for actual screening but also as the base for
oughput screening for materials discovery.
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determining the thermodynamic stability of a material. Considering its
importance, these databases will be introduced separately in Section 3.2.

After choosing the screening space, the actual property prediction is
carried out. Since the descriptor is already determined, one only needs to
streamline the workflow of such computations using DFT or other
theoretical tools. For DFT calculations, structural relaxation is likely to be
necessary. A number of bulk properties only require solving the ground-
state electronic structure of the relaxed candidate material. These prop-
erties include but are not limited to the band gaps and the formation
energies. Other properties such as elastic modulus and spectroscopic
features usually need the consideration of lattice vibrations, i.e., pho-
nons.68 Beyond these properties featuring bulk characteristics, many
others require the computation of modified structures. For example, the
adsorption energy of a specific molecule to the surface of a material and
the work function is critically dependent on the creation of a proper
surface model. It is worthwhile to notice that some caveats of the current
DFT formalism may affect the accuracy of the predictions and should be
addressed properly.69–73 For example, the electronic band structure of
strongly correlated systems such as transition metal oxides cannot be
precisely captured using functionals under the semi-local general
gradient approximations.70 Hubbard U corrections and hybrid func-
tionals are usually used to mitigate this issue.73

The final step is to conduct the screening. A set of selection criteria
needs to be determined for the screening process. Usually, the first step is
to eliminate those structures that are not likely to be synthesized. This is
usually done by calculating the energy above hull of the specific material
within its compositional range and requires the calculation of the ener-
getics of relevant phases within such range, leading to high computa-
tional cost. Fortunately, a number of databases are available where the
common stable phases have been pre-calculated.16 As long as the
computational setting is in line with those used for preparing the data-
base, the energy above hull of the candidate structure can be calculated
using these existing energy values. For solid materials, the energy above
hull is a good estimate of the phase stability. A value of zero means the
material shapes the hull and will be unlikely to decompose into other
phases.69 Sometimes relatively small values, e.g., 10meV atom�1 are also
acceptable as the entropy term arising from temperature may stabilize
the material. These less stable phases are sometimes also called
meta-stable. It is worthwhile to note that this term holds a different
meaning in the field of chemical physics. Rigorously, a meta-stable ma-
terial refers to whose free energy above hull is zero and therefore is
stabilized only due to kinetic reasons. Following the determination of
phase stability, the set of selection criteria can be applied to sieve po-
tential candidates from the computed material entries.

After obtaining a number of potential candidate materials, the
composition, the structural, and the predicted property information are
transferred to a synthesis chemist. A series of materials characterizations
such as X-ray diffraction will be carried out to confirm the structural
correctness. The performance of the material will be assessed by incor-
porating it into energy devices. If the performance is not ideal, the four
steps need to be reviewed critically to verify the validity of each
assumption. Another round of screening may be necessary, closing the
design loop.

3.2. Computational databases

The development of modern computational databases laid the foun-
dation for fast materials screening. A number of general-purpose data-
bases to date have been developed including the Materials Project,
Materials Cloud,74 Open Quantum Materials Database,75 NOMAD,75

AFLOW,76 JARVIS,77 NRELMatDB.78 These databases are mostly built
upon existing experimental structural data such as ICSD. Therefore, they
store a large number of structural data and the corresponding properties
calculated using electronic structure theory such as DFT. Due to the wide
coverage of stable phases in these databases, it is possible to compute the
phase stability of newmaterials without recalculating the relevant phases
5

within the composition range. This requires corrections to the DFT en-
tries based on the widely used Perdew-Burke-Ernzerhof (PBE) functional
under the GGA approximation.79 For example, the O2 molecule is known
to overbind using GGA-PBE.80 To correctly reflect the formation energies
of oxide materials, the energy of the O2 molecule is shifted by comparing
the formation enthalpy from experiments and the computations.81

Correlated systems such as transition metal oxides are another family of
materials that is difficult to be precisely described using GGA-PBE.
Hubbard U corrections have been added to the d channels of transition
metals to overcome this issue. Further hybridizing schemes enabling the
mix of materials entries with pure transition metals and transition metal
oxides have also been developed.81 With these developments, the energy
above hull of a newly predicted material can be trivially obtained using
basic DFT calculations and a few lines of scripts.

Apart from these general-purpose databases, many dedicated coun-
terparts have also been created. For example, for two-dimensional ma-
terials, hypothetical structures have been generated via computational
exfoliation, elemental substitution, and machine learning methods. Da-
tabases such as 2DMatPedia have been constructed based on these data
entries and could serve as the foundation for the screening of photovol-
taic materials, electronic materials, and beyond.82–84 For other dedicated
applications such as topological materials,85,86 organic crystals,87 and
even simple inorganic perovskites,88 high-throughput screening has been
carried out and databases have been generated.

While these databases have enabled both theorists and experimen-
talists quick searches of candidate materials and the corresponding ma-
terial properties, they have inherent drawbacks. First, the number of data
entries for a material with a dedicated application is still limited, despite
a large number of structures of the entire database. Second, the compo-
sition coverage is still not ideal. Especially for multi-element composi-
tion, the data entries are still scarce. This leads to an overestimation of
phase stability of newly computed materials. It is especially true when it
comes to compositions that are less explored and are less technologically
relevant. To circumvent such issues, new structure entries should be
generated via crystal structure prediction methods, which will be dis-
cussed in the next subsection. Third, the distribution of data entries is
significantly biased. With the rise of machine learning and other mate-
rials informatics methods, the data from these databases have served as
the training set for the models. The behavior of such models is signifi-
cantly influenced by their training set. However, the distribution of data
entries usually cannot make a uniform coverage of the entire spectrum of
materials space. For example, the number of structures with fewer ele-
ments is significantly higher than that with a larger number of elements,
which is not the case in nature. Additionally, compositions with potential
technological relevance are covered better than those less investigated.
In this context, it is necessary to develop novel methods to redistribute
the effort of adding new entries into these databases with modern
methods from data informatics.

3.3. Crystal structure prediction

Crystal structure prediction methods have been developed to find
stable and meta-stable structures that are potentially synthesizable.20,89

While they represent an independent area of active research, these
methods have been widely applied in many technological-relevant fields
such as high-pressure physics, superconductivity, semiconductors, and
electrochemical energy storage.90–92 Formally, the task of crystal pre-
diction can be defined as the determination of low-lying energy minima
on the Born-Oppenheimer energy surfaces, as illustrated in Fig. 4(a). The
inputs of a crystal structure prediction computation could be the numbers
and types of atoms in the system. By manipulating the arrangements of
these atoms, the configurational space of this set of atoms is explored.
Usually, a large number of basins exist and the probability of finding a
low-energy structure is dependent on the size of the hyper-volume of a
specific basin.93–95 Unfortunately, the exact shape of the potential energy
surface is unknown and requires calculation in a point-by-point manner.



Fig. 4. (a) Energy landscape of crystalline Au8Pd4. Reproduced with permission from Ref. 89. (b) Illustration of the distribution of local energy minima in a typical
PES and the random sampling approach. Reproduced with permission from Ref. 92.
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The energy and its gradient can be evaluated using either electronic
structure methods such as DFT or using empirical models such as force-
fields. Currently, DFT is the most widely used energy engine for such a
task. It gives a good balance of accuracy and computational speed for
systems that are not too large (up to a hundred atoms). For large systems,
empirical forcefields need to be fitted but are usually less accurate.
Modern approaches using machine learning offer a way to achieve
DFT-level accuracy and low computational cost that is on the level of
empirical forcefields.96,97 The output of a crystal structure prediction is a
set of crystal structures. As mentioned previously, these structures could
serve as the base for an independent screening process for task-specific
materials using Pareto optimization.98 They can also be added to exist-
ing databases for later use which will partially resolve the constraints on
the configurational space when carrying out high-throughput screening
using the database and the elemental substitution approaches.

Random sampling is the baseline method among a large number of
crystal structure prediction methods. It samples the local energy minima
in the configurational hyperspace by randomly distributing the atoms
followed by local minimization along the path of steepest descent on the
potential energy surface.65 Unfortunately, the number of local energy
minima increases exponentially with the number of atoms in the sys-
tem.99 Therefore, it will be nearly impossible to sample the entire
configurational space for the global minima. In fact, a no-free lunch
theorem has been proved by Wolpert and Macready.100 It is highly
possible that we will not be able to find an algorithm that works well in
all circumstances for global optimization. Fortunately, the potential en-
ergy surface of physical systems has several unique features that can be
used for reducing the computational demand. As shown in Fig. 4(b), the
portion of the potential energy surface we are interested in is in fact a
very small subset of the entire space.101 First, atoms are never too close to
each other in physical systems. When they are too close, strong repulsive
forces exert on each of the atoms. Therefore, there are no local energy
minima within such a portion of the potential energy surface. Second,
those energy minima with low energy values usually correspond to
highly symmetrical structures.102 Third, certain local arrangement of
chemical species leads to low energies due to unique chemical in-
teractions. For example, in systems containing P and O, the structure
containing phosphate groups is highly likely to have low energies.92

Utilizing these features, one can constrain the search space and reduce
the cost of random sampling. Such spirit has been reflected by the ab
initio random structure searching method. By biasing the search using
chemically-informed pairwise minimum separation between different
6

chemical species and a number of other constraints, this method is one of
the most efficient despite its simplicity. Such a method also gives good
control of the distribution of configurational space being accessed and
can be used for gather unbiased data for construction of database, for
training machine learning models, and for carrying out materials infor-
matics analysis.

Beyond random sampling, many global optimization techniques have
been applied to crystal structure prediction. In fact, global optimization
itself is a very active and large field in applied mathematics.103 Some of
the most important and widely-used methods include simulated
annealing,104,105 basin hopping,106 metadynamics,107 minima hop-
ping,108 and evolution algorithms. The last consist of two of the most
successful methods that have been applied in the field crystal structure
prediction,66,109–116 i.e., the Oganov-Glass evolution algorithm109 and
the Wang's version of particle swarm optimization.66 Accordingly, a
number of codes have been developed along with the development and
application of these global optimization methods to predict new struc-
tures. Some of the mostly used and publicly available codes include
AIRSS (ab initio random structure searching), CALYPSO (crystal struc-
ture analysis by particle swarm optimization), CrySPY, DMACRYS (en-
ergy minimization package to simulate rigid molecules with multipoles),
GASP, Gator (first-principles genetic algorithm for molecular crystal
structure prediction), GRACE (generation ranking and characterization
engineer), MAISE (module for ab initio structure evolution), Molpak
(molecular packing), UPack (Utrecht Crystal Packer), USPEX (Universal
Structure Predictor: Evolutionary Xtallography or uspekh in Russian),
and Xtalopt (evolutionary crystal structure prediction).20

While crystal structure prediction has provided a method to predict
newmaterials that have never been discovered or synthesized before and
have been successfully applied in a number of fields, some outstanding
issues need to be addressed in this area. First, the prediction of materials
with large unit cells and many atoms within the unit cell has always been
a tough task. In this context, better algorithms need to be developed
despite that it might be difficult to create a universal one. Also, the
computation for energies and forces needs to be accelerated since this is
the most time-consuming step of any crystal structure prediction method
at the moment. Second, the accuracy of current DFT methods in
describing the potential energy surfaces needs to be increased. Currently,
the widely used PBE functional has a number of caveats in correctly
reflecting the features of systems like molecular crystals with weak
interaction and strongly correlated systems such as transition metal
oxide.69–73 Third, the crystal structure prediction method is inherently
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incapable to determine the composition for the search. In fact, the current
crystal structure prediction is still materials discovery method instead of
target-specific materials design. The search space is constrained by the
initial choice of composition. Higher-level methods using machine
learning and data informatics need to be developed to help determine the
composition and promote the success rate of materials design using
crystal structure prediction.

4. Machine learning approaches

4.1. Basic principles

Machine learning and related data informatics approaches represent
the third generation materials design approaches. In principle, they can
resolve the outstanding issues of the high-throughput screening approach
and achieve the target-specific material design.117–119 Machine learning
itself is an independent research area branching off artificial intelligence.
Its major task is to develop algorithms and models that can learn patterns
and perform tasks like human beings. It is especially useful to deal with
tasks featuring combinatorial or exponential complexity, which cannot
easily be streamlined using conventional methods. In the context of
materials discovery, the ability of machine learning to generalize from
known data to explore the unknown is well suited for identifying new
materials using existing databases. Such a task is difficult to carry out
using the first and second generation approaches, i.e., experimental
trial-and-error and high-throughput screening, which are bottlenecked
by their efficiency. In fact, to date, there are ~106 crystal structures being
reported which constitutes only a very limited portion of the possible
materials universe.67,120–123 Using machine learning approaches, it is
possible to make predictions on new materials and their properties. In
return, these data could be refined using high-level tools such as exper-
iments or DFT calculations and fed back to the machine learning model
for better accuracy. In general, machine learning models for materials
discovery can be classified into two categories, depending on how they
are used to generate potential candidate materials. The first type of
method refers to those that can accelerate conventional screening
approach by bypassing the time-consuming DFT computations. The
second type is generative models. Instead of feeding the model with
structures to get predicted properties, properties are used as input and
new structures with desired properties are generated. The details on this
will be discussed in the coming part on the construction of a machine
learning model in Sections 4.2 and 4.3.

Building a machine learning model for materials discovery usually
constitutes five essential steps, i.e., target determination, data collection,
featurization, and model selection, and training.118 Target determination
is the first step and arguably themost critical step because it determines if
the model will be generalizable and if it will have an enormously large
error. Target determination is to identify the goals and the prediction
target of the machine learning model. A prediction target can be a single
property or a set of features of a material. For example, in the context of
solid electrolytes for a solid-state battery, the most critical task is to find
solid materials with high ionic conductivity.124,125 In addition, the ma-
terials need to have a wide electrochemical window and should be syn-
thesizable, i.e., the energy above hull needs to be zero or close to zero.126

It is worthwhile to note that, the task of a machine learning model can
often be classification or regression.127,128 A regression process builds the
mapping between the input structure and the target properties such as
band gap, heat capacity, formation energy, and Young's modulus. Clas-
sification can be viewed as a highly specialized regression process.
Instead of building a mapping between the structure and the continuous
numerical properties, it cauterized the structure into different categories.
Being metallic vs. non-metallic, being superconductive vs.
non-superconductive, and being thermodynamically stable vs. unstable
are typical examples.127,128

The second step is data collection. A machine learning model gener-
alizes the knowledge learned from existing data to make predictions. The
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quality and quantity of data significantly affect the outcome of the model.
The quality of the training data is essential to the accuracy of the model.
The “garbage in, garbage out” situation should be avoided. Usually, there
are several levels of accuracy of data. The experimentally measured
structures and properties are usually the most reliable despite there
might be some experimental error. However, caution needs to be taken
for properties that are less easy to measure such as catalytic activities. In
electrocatalysis, the difference in the overpotential can be as high as
several orders of magnitude for the same composition depending on the
measurement setup and the reliability of the report.129–138 Beyond that,
computational data such as the formation energies of materials using DFT
calculations is also relatively reliable. Especially those from large
computational databases which have been systematically constructed to
avoid potential error from different input sets. The accuracy also depends
on the level of theory used in the computation. For example, the band
gaps calculated using the PBE functional have systemic error and its ac-
curacy is inferior to those obtained using hybrid functionals.139 The
experimentally measured band gap is further considered to be more ac-
curate and the gold standard.140 The quantity of the data is also of great
importance. The current machine learning models are generally more
suited for interpolation instead of extrapolation. Therefore, a large
number of data entries are of great significance to avoiding under-
sampling of the materials space of interest. The databases mentioned in
Section 3.2 may serve as a good starting point for data collection. In fact,
many codes are available to retrieve, convert, and manipulate the ma-
terial entries in these databases. Examples include pymatgen,141

AiiDa,142 atomate,143 and ASE.144 The number of data entries required to
train a model depends on the type and complexity of the model and there
is no universal value for this. However, a rule of thumbmight be 50. For a
machine learning model, there should be no fewer data entries at least.
Whether the data is enough can be verified by testing the model by
making predictions on known data outside the training set. Beyond the
quantity of the data, the distribution is also important. In the hyperspace
of input vectors of the model, the distribution of the data should not
clump together but should be ideally distributed uniformly within the
range of interest. For example, if one wants to learn the band gap of a
binary compound with the composition of ABx, the data being fed into
the model should be ideally cover all possible x values instead of all
concentrated on several specific values. To resolve the distribution issue
of the data, one can use newly developed tools from the field of material
informatics such as SOAP (smooth overlap of atomic positions),145 ASAP
(automatic selection and prediction tools),146 and SHEAP (stochastic
hyperspace embedding and projection).92 As illustrated in Fig. 5, these
methods can be used to quantify the distances between different struc-
tures and to do the following analysis on the distribution. For example,
the SOAP descriptor uses a series of spherical harmonics as the basis set.
By placing Gaussian density distributions at each atom, the local coor-
dination of the atom is expanded in the spherical power spectrum, cor-
responding to the neighbor density. Due to its unique formulation, it
forms compact support which is essential for the calculation of local
energies. Using such a descriptor, not only the structural similarity be-
tween two structures can be evaluated, but also machine learning
forcefields can be built.

The third step is featurization. It refers to the process of converting
the training data into readable numerical forms by machines. These
values are also called descriptors, features, or fingerprints. Featurization
is a critical data pre-processing process. They can significantly influence
the accuracy of a model. In fact, it determines its upper bound. Structures
are the most important data to featurize as a major bulk of the machine
learning models to date use the structural information as an input and
make predictions based on it. A feature for such a purpose is also known
as a representation. A good representation has three key criteria, i.e.,
uniqueness, universality, and efficiency.147,148 First, the representation
needs to be invariant to the symmetries of the system. For example, after
translation, rotation, and atomic permutation, the numbers or vectors to
represent a molecule should not change.145,149 In this context, the



Fig. 5. Kernel PCA (KPCA) maps of the QM9 database using a global SOAP kernel. The frames are color-coded according to structural descriptors (b, c, d, g) and
quantum mechanical properties (a, e, f). Reproduced with permission from Ref. 146.
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Cartesian coordinate is not a good representation. A one-to-one corre-
spondence is highly desired despite the difficulty in obtaining so. This is
especially important for generative models as the output of the model
should be able to be converted to a unique structure. Beyond these re-
quirements on uniqueness, the representation should also be ideally
capable of representing different systems, e.g., molecules and crystals. A
vector containing three atomic numbers (Z) of elements is suitable to
represent an ABX3 perovskite but incapable of representing other struc-
tures. Efficiency is also critical to make the machine learning process as
fast as possible. A number of representation have been developed for
molecular and extended systems, including Coulomb matrix,150

SMILES,151,152 bag of bonds,153 radial distribution functions,149

BAML,154 molecular graphs,155 extended-connectivity fingerprints,156

translation vectors, fractional coordinates of the atoms, Voronoi tessel-
lations,157 property-labeled materials fragments,158 and SOAP.145 They
are capable of different tasks and the detailed descriptions should be
found in the original publication. Besides the structure, materials prop-
erties also can/need to be featurized, e.g., band gaps, electronic density
of states, highest occupied orbitals, and lowest unoccupied orbitals.
Sometimes these features need to be selected and preprocessed, tech-
niques such as least absolute shrinkage and selection operator (LASSO)
regularization,159–161 principal component analysis (PCA), and
t-distributed stochastic neighbor embedding (t-SNE) can be used.162

Detailed review on such aspects can be found in the work by Chen
et al.118

The fourth step is model selection. Manymachine learning models are
available and this area itself is developing rapidly. The choice of model
should be determined based on the target of the task as mentioned pre-
viously. In general, there are three types of machine learning models, i.e.,
supervised learning, unsupervised learning, and reinforcement learning.
Supervised learning is used to build the mapping between the input
features and the output labels or values. In materials discovery, the inputs
8

are usually the structures while the output is usually properties such as
formation energies and band gaps. Using suchmodels, one can bypass the
time-consuming DFT or experiment steps to directly predict the proper-
ties of new materials.163,164 Unsupervised learning is used to find pat-
terns from the data. As disclosed in its name, there are not input labels for
these data. For example, clustering is a typical task used to classify data
into different categories without knowing an explicit numerical
threshold.165 Generative models such as generative adversarial nets can
find patterns in existing data and “fake” new data that is structurally
similar to those existing ones, as illustrated in Fig. 6166–168 In the area of
materials discovery, these algorithms are extremely important and are
under intensive development and will be introduced in Section 4.3.
Reinforcement learning mimics how human learns from interactions
with the environment and is used to improve the ability performing
specific tasks via giving rewards or punishments after decision is made.
Such methods are also under intensive development in the area of ma-
terials optimization and discovery.169 For example, the composition
optimization task can be accelerated using such methods.170

Finally, the model is being trained. The process of training is highly
dependent on the model. Usually, a loss function needs to be defined.
This is especially true for regression models. Such loss function is defined
to reflect the difference between the predicted properties and the labels.
Mean absolute error on a number of weighted properties is used in this
context. It is worthwhile to note that the loss function needs to be
differentiable. During the training process, overfitting is an often
encountered problem. It is a modeling error that occurs when the fitted
function is aligned too closely to the training data so that the predictivity
of the model is lost or the model cannot be generalized. This usually
happens when the model complexity is too high and the quantity of
training data is relatively small. To avoid so, methods such as early stop,
dropout, regularization, and removal of anomalies and redundant fea-
tures. Fortunately, many codes are available to set up, train, and validate



Fig. 6. Schematic of the different approaches toward molecular design. Reproduced with permission from Ref. 176.
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a machine learning model. General-purpose packages include scikit-
learn,171 tensorflow,172 and Pytorch.173 For materials modeling and
discovery, specialized tools such as AutoMatminer174 and PROPhet175

have been developed.
4.2. Accelerating high-throughput computations

Despite the advancements in computational power, the prediction of
materials properties using DFT calculations and other means has become
the absolute bottleneck for high-throughput screening. Many machine
learning algorithms/models have been developed to learn the mapping
between the input features such as the structure and the properties. Using
these methods, the materials discovery process can be significantly
accelerated. Here we provide a non-comprehensive list of machine
learning models for screening acceleration.

Linear and generalized linear models are a family of machine learning
models that are developed based on linear models. Due to their
simplicity, they sometimes are not regarded as machine learning models.
In a linear model, the property (or label) is linearly related to each
element of the feature. Thesemodels have a mathematical form as follow:

y¼Xβ (1)

where X is a matrix describing the features, y is a vector of the target
property, and β is the coefficient vector. Examples of such models are the
correlation between the electronic d band center or p band center with
the catalytic performance of electrocatalyst.56,177 Sometimes, the fea-
tures or target properties are bounded, and generalized linear models
have to be incorporated. In these models, linking functions need to be
added to covert the bounded target.

While the linear models are elegant and can usually be interpreted
physically, most properties of a material do not linearly dependent on the
features. In this context, a number of models that are able to capture non-
linearity have been developed, and the most well-known ones are kernel-
based models, tree-based methods, and deep learning.

In the kernel-based models, a similarity measure, i.e., the kernel, is
9

introduced to allow us to construct algorithms in dot product space. For
example, for a non-linear model expanded using a polynomial basis, the
mathematical form takes:

y¼φðxÞTβ (2)

where φðxÞ ¼ ½1; x; x2;…; xm�1�T and m is the dimension of the feature.
The coefficient vector can thus be determined by a set of combination
coefficients λ:

β¼
Xn

i¼1

λiφðxðiÞÞ (3)

y* ¼φðx*ÞTβ ¼
Xn

i¼1

λi〈φðx*Þ;φðxðiÞÞ〉 (4)

where n is the size of the data, λi is the combination coefficients, and 〈; 〉 is
the inner product. The inner product computes the similarity between the
two inputs and can be generalized to other kernels, with the most well-
known being the Gaussian kernel. Gaussian process regression, kernel
ridge regression, and support vector machine are typical examples of
kernel-based methods.

Three-based models are usually used to refer to those based on de-
cision trees which classify the label by answering a series of yes and no
questions on the input features. Random forest is a model based on de-
cision trees. By using an ensemble of decision trees and taking the
average, it resolves the overfitting issue and is robust in predicating
properties from features.

Deep learning is a subset of the broader family of machine learning
methods. These methods are based on artificial neural networks which
loosely mimics its biological counterpart. In these models, a collection of
connected units (neurons or nodes) are constructed. These nodes receive
a set of weighted inputs and evaluate whether they will give output to
other nodes. A non-linear activation function determines whether the
signal is sent out and its value. During the training of an artificial neuron
network, the weights are adjusted so that the predicted valuematches the



Fig. 7. Schematic representation of several architectures found in generative models. Reproduced with permission from Ref. 176.
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actual label. The “deep” feature of deep learning comes from the multi-
layered characteristic of neurons. A unique feature of deep learning
differed from conventional methods is that it allows the learning of
representation of the features and allows less or no feature engineering.
Many deep learning models have been proposed and the number is
growing rapidly. A detailed discussion needs dedicated review and can
be found elsewhere.178,179

It is worthwhile to note that a critical prediction problem in materials
discovery is synthesizability. The energy of a predicted structure is highly
relevant to whether the material can be synthesized or not. In this
context, finding the mapping between the structure and the energy using
machining is highly beneficial because it reduces the time of using DFT to
evaluate such a property. In fact, learning the relation between the
atomic arrangements and the energy, i.e., fitting the PES, is an inde-
pendent field. Conventionally, empirical forcefields have been built but
suffer from a number of inherent drawbacks. Considering the highly non-
linear nature of PES concerning the atomic coordinate, the non-linear
methods above have been utilized. A number of machine learning po-
tentials have been developed to date and are used in the field of pre-
dicting phase transition,180–182 phase diagrams,182 or even crystal
structure prediction.182 Excellent reviews have been assembled in this
area.96

All the models above are used to bypass the time-consuming DFT
computations by fitting the mapping between the input features and the
output labels for property prediction. Therefore, material discovery via
this route is also known as the direct method. Unfortunately, the success
of such is dependent on the predefined search space. To resolve this issue,
a new type of model has been developed to generate structures from
required properties. These generative models are also known as inverse
materials design.
4.3. Generative models

Asmentionedpreviously, there are twomappingdirections formaterials
discovery, i.e., the forward mapping and the inverse mapping. In the prior,
the features such as structures are fed into themodel and the properties are
predicted. On the contrary, inverse mapping directly gives structures or
compositionswhich are essential for synthesis from the requiredproperties.
Therefore, the latter is more suited to materials design.
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To date, the most widely used three types of generativemodels are the
recurrent neural networks (RNN),183,184 the variational autoencoder
(VAE),185 and the generative adversarial nets (GAN), see Fig. 7186 RNN is
a method to generate sequences and has been used as a starting point for
generating new materials in the molecular realm. This is because organic
molecules can easily be represented in the form of SMILES strings. A
number of techniques such as long short-term memory cells, attention
mechanism, and memory effects can be incorporated into the model to
consider the time-dependency on the patterns.184,187,188 The RNN pro-
vides a good starting point to generate new molecules. However, in real
materials design tasks, the process needs to be biased. For example, one
may need molecules with low energies so that they can be synthesized. A
proper set of HOMO and LUMO values is critical for its functionality in
real devices. In this context, VAE and GAN can be used. To discuss the
features of a VAE, the autoencoder needs to be introduced first. An AE
consists of an encoding and a decoding network. The encoding network
maps the structure of a molecule to low dimensional space, i.e., the latent
space. The decoding network inversely maps the vector in the latent
space to its original representation, e.g., a SMILES string. Such structure
of an AE gives it the capability of capturing some of the features of the
data. By further sampling new vectors from the latent space, one can
generate new structures. In a VAE, the encoding network is constrained
so that the latent vectors are generated to follow a Gaussian distribution.
A molecule is thus represented no long by a fix point but a probability
distribution in the latent space, giving it better generalizability. An
interesting method to incorporate supervision is to train the VAE to
reproduce the structure and the properties at the same time. This is
achievable because the latent space itself is continuous and differen-
tiable. Therefore, molecules with similar properties will be close to each
other in the latent space and biased generation of new materials can be
achieved.189

GAN provides another method to generate new materials.51 GAN is
initially proposed by Goodfellow and co-workers and is used to generate
fake (but indistinguishable) images from known ones.186 A GAN consists
of two subnetworks, similar to that of a VAE. A generative network
(generator) generates candidates while the discriminative network
(discriminator) evaluates them. In a training process, the generator tries
to generate synthetic data by mapping points from the latent space. On
the other hand, the discriminator will try to evaluate whether the data is
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fake or real. The model is trained in an alternative manner and the goal of
training the two networks is different. For a generator, the goal is to
synthesize new data that are part of the true data distribution, or in other
words, to increase the error rate of a discriminator. For the discriminator,
the goal is to distinguish the synthetic data from the real data with better
accuracy. In the realm of materials discovery, a GAN is able to generate
new materials that are realistic (have the physical feature of a real ma-
terial). More importantly, by adding features to the structures, the latent
space could be sampled in a biased way to generate materials with spe-
cific properties, similar to that of a VAE. However, it is worthwhile to
note that the training of a GAN is non-trivial. Convergence is difficult to
achieve even for image generation where the features have been
well-engineered. Currently, improving the convergence of training a
GAN is an important topic in the field of machine learning.190

The abovementioned models have been developed to fit the genera-
tion of the molecule because the representation of a molecule is relatively
simple using SMILES. For extended systems such as crystals or solids, this
task is non-trivial. The representation needs to have several properties as
mentioned in Section 4.1. To date, the one-to-one correspondence and
the symmetry invariance haven't been achieved at the same time with
high efficiency to the best of our knowledge. A way around is to use
image-based method. Noh and co-workers transformed three-
dimensional crystals by sampling the real space with Gaussians.191 The
atoms in the cells are replaced by Gaussian functions with different in-
tensities. By doing so, the representation becomes invertible and
image-based learning methods could be used. In their work, they used a
VAE to achieve the generation of new structures. It is worthwhile to note
that, data augmentation is still necessary to help the machine to under-
stand the symmetry invariant property.192,193

5. Applications

The above-mentioned computational methods have been applied to a
wide range of energy-related fields and achieved a partial success. In this
section, we will compile the examples of applying screening-based and
machine learning-based methods for materials discovery in the area of
energy research, with an emphasis on the latter. It is worthwhile to note
that the current compilation is not aimed to be comprehensive but to
showcase how these methods can be used.

5.1. Batteries

A battery is an electrochemical storage device that stores energy in
terms of redox pairs and releases it through electrochemical reactions.
Specifically, rechargeable alkali-ion batteries use alkali ions as a media,
and the shuttling of these ions between the cathode and the anode leads
to redox reactions. The reaction is reversible so that the battery can be
charged and discharged multiple times.

A number of material properties are crucial to the performance of a
battery. One of the most critical is the diffusion properties. The diffusion
of alkali ions in the bulk of electrodes and in the electrolyte determines
the rate capability of a battery. Such a property has been extensively
studied using machine learning approaches because standard DFT-based
approaches are too expensive for screening purposes. Jalem and co-
workers carried out a high-throughput screening computation of the Li
diffusion barrier in the LiMXO4 polyanion cathodes and their LiMTO4F
relatives.194,195 Using these data, they extracted 42 descriptors that are
potentially relevant to the diffusion barrier. A least-squares model was
built to map the correlation between the descriptor and the barriers.
Interestingly, by comparing the coefficient, it is found that the quadratic
elongation and the bond angle variance of the M octahedron as well as
the angle of the Li–O–M edge-sharing affect the diffusion barrier most
significantly. These results were further supported by the neural network
model trained on similar systems. Recently, they took a step further and
developed a Bayesian-driven approach to screen 318 tavorite struc-
tures.196 Using a Gaussian process model, they used only 5 structures as a
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starting point and inferred which composition should be computed next.
In this manner, they were able to minimize the cost during the explora-
tion of the compositional space for property calculations. Similar to the
initial model built by Jalem et al. Sendek et al. developed a logistic
regression model to predict whether material is superionic or not base on
existing ionic conductivity data.197 They also used a large set of potential
features including the bond iconicity, the anion coordination number,
and the Li–Li distances. Despite the small number of data points used for
training, the results have been cross-verified. Using the model, they
screened 12,831 materials and found 21 potential superionic conductors.
Fujimura and co-workers used a support vector machine to fit the
non-linear mapping between the structural features and the ionic con-
ductivity of ionic conductors.198 Specifically, they performed molecular
dynamics simulations using DFT-based force engines on LISICON-type
structures to construct the training set instead of using experimental
data. It is important to note that the above models only use a small
number of data points to train the model. Therefore, generalizability is a
potential issue, especially for artificial neural network models.
Low-grade data from the empirical method have been generated to
saturate the training set. For example, the bond valence approach has
been used to generate Li migration barriers in 400 compounds. These
data were used to train regression models.199 While the methodological
development is plausible, the practical usage of such a model is ques-
tionable because the bond valence model itself is fast enough for
screening purposes.

In terms of electrode materials, apart from the diffusion properties,
the redox potential and the specific capacity are also critical parameters
to look at. They determine the upper bound of the energy density of a
battery. In this context, high-throughput screening via both the database
approach and the crystal structure prediction approaches has been car-
ried out. Chen and co-workers performed high-throughput screening
using structure templates from a family of carbonophosphate.200 By
substituting elements and carry out energy and property calculations,
they found a novel carbonophosphate compound. Through experimental
synthesis and electrochemical tests, these materials are confirmed.
Despite the relatively low energy density, this study shows the capability
of computational discovery in the area of batteries. Despite the success,
the screening approach based on the existing database and element
substitution is inherently bottlenecked by its predefined structural space.
Crystal structure prediction methods are useful in this context. Lu et al.
recently showed that via a random sampling approach using AIRSS, a
number of important cathode materials can be re-identified.92 Beyond
the application aspect, they also showed how to bias the search to
enhance the search efficiency. It is found that the distance between
atoms, the symmetry of the generated random structures, and the in-
formation on structural units need to be incorporated to boost the speed
of search. They also made predictions using the AIRSS-based cathode
searching framework, as shown in Fig. 8. In particular, they found a
number of polymorphs of the LiTM(C2O4)2 oxalates which have the po-
tential to serve as high-rate, energy-dense, and cheap cathode materials.
Their study remarks a significant step forward to saturating the structural
space for materials discovery in the field of energy research, which is
important for the later development of training sets for machine learning.

5.2. Catalysts

Catalysts, especially electrocatalysts are crucial to the development of
a number of energy-related technologies including fuel cells, electro-
lyzers for hydrogen generation, and fuel converter for CO2 reduction.
These catalysts can modify the kinetics of the electrochemical reaction
and facilitate not only the efficiency of these devices but also increase the
selectivity when multiple reactions are involved.

The electronic structure of a bulk catalyst is known to be correlated to
its catalytic performance. The most widely used electronic descriptor in
this sense is the center of the d electronic band. For transition metals,
such a value is correlated to the bonding between the surface and the



Fig. 8. Computational discovery of novel oxalate-based cathode materials for LIBs. (a) SHEAP map of AIRSS search results for Li2Fe(C2O4)2. (b) Ternary slice of the
Li–Fe–C–O phase diagram containing the decomposition products of Li2Fe(C2O4)2. (c) Structural density of states of the AIRSS search results for Li2TM(C2O4)2 where
TM ¼ Fe, Co, Ni, V, and Mn. (d)–(i) Structures of the low energy polymorphs of Li2Fe(C2O4)2. Reproduced with permission from Ref. 92.

Z. Lu Materials Reports: Energy 1 (2021) 100047
adsorbents. Unfortunately, the computation of the d band usually in-
volves time-consuming DFT modeling. Direct mapping between the
structures with the d band center to bypass such rate-limiting step is
therefore favorable.201,202 Takigawa and co-workers used a regression
model to capture the non-linear relation using the elemental types as the
feature.203 They were able to achieve a relatively small root mean
squared error of 0.5 eV in the predicted d-center values. Similarly, Niu
et al. fitted a non-linear relation between the adsorption energy of *OH
on defective g-C3N4 with the structure. The adsorption energy was cho-
sen as a descriptor as the catalytic activity. Their model is highly efficient
and achieves a better description of the structural-property relation
compared with the linear model.204

Apart from the bulk properties, the catalytic process actually happens
at the surface of the catalyst. Therefore, for a physical model, the
adsorption energy of adsorbents needs to be calculated. Unfortunately,
the potential surface termination and the active sites lead to a large
number of combinations. Modeling such becomes a time-consuming step
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using DFT. In this context, a direct mapping between the electronic
structure and the adsorption energy is possible using a machine learning
model, with a typical example shown in Fig. 9. Using artificial neuron
networks, Ma and co-workers fitted the correlation between the atom-
projected electronic structure calculated using DFT and the adsorption
energy of CO molecule on metal alloys.205 They were able to achieve a
better predictivity comparedwith the d-band center model. Similarly, the
adsorption energy of other molecular species such as OH on a number of
surfaces has been modeled.206–208 Beyond these, a further step to give a
more detailed description of the catalyst system but with the manageable
computational cost is to develop machine learning-based forcefields.
Neural network potentials have been developed in this context. These
potentials mimic the PES of the system using artificial neural networks
which can capture highly non-linear and high-dimensional functions.
Surfaces of Pd, Ga–Ni alloys, Au, Au–Fe alloys have been modeled for CO
reduction and a number of other applications.209–211



Fig. 9. (a) Parity plot of H binding free energy by regularized random forests and DFT. (b) Top 10 feature importance of descriptors obtained from RRF models. (c)
The geometry of Ni3-hollow site and the descriptor visualization. (d) The correlation between average Ni–Ni bond distance and the H binding free energy induced by
chemical and mechanical pressure. Reproduced with permission from Ref. 201.
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5.3. Photovoltaics

Solar cells are photoelectrical devices that harvest the energy of
photons and convert it to electricity. Solar energy is a clean energy source
and therefore is critical to the reduction of CO2 emission. In a solar cell,
the most critical component is arguably the semiconducting light
absorber layer. In fact, the three generations of photovoltaics are defined
according to the absorber material. Si-based cells are the first generation.
These cells are now cheap to produce but the efficiency is limited. The
second generation is based on CuInGaS2 (CIGS) and related compounds.
These cells can be made through fully integrated thin-film methods and
therefore can be flexible and used in multiple scenarios.212 Also, the ef-
ficiency of such cells can be made higher when coupled with other types
of solar cells as the band structure of CIGS can be tuned by modifying its
composition.213 The deficiency of such technology is the cost - not only
the Indium sources are limited but also the thin-film sputtering process is
time-consuming and equipment-relying. The third-generation solar cells
are based on perovskite materials. In particular, solar cells in
single-junction architectures based on organic-inorganic perovskites
have risen quickly from 3.8% in 2009 to 25.5% in 2021.17,214 These cells
are extremely promising if the stability issue can be resolved.

For single-junction cells, the Shockley-Queisser limit state with the
maximum efficiency of 33% can be reached when the band gap of the
absorber layer is 1.34 eV.215,216 Since the band gap is a direct output of
plane-wave DFT, one can in principle use high-throughput screening to
search for potential materials. Despite the relatively fast speed of calcu-
lation of band gaps using semi-local functionals such as PBE, people have
tried to further accelerate such a process by mapping these quantities
Fig. 10. Comparison of the machine learning predictions with DFT calculations. (a) A
perovskites. (b) Optimized structures of typical perovskites. Reproduced with permi
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using machine learning models. Structures with predefined templates
such as the Ruddlesden–Popper perovskites and hybrid perovskites have
been modeled using models including neural networks and gradient
boosting regression.217,218 For example, Lu and co-workers developed a
data driven-method to discover stable Pb-free hybrid perovskites by
training a gradient boosting regression model on 212 reported band gap
values (see Fig. 10).218 They used the model to predict the band gap of
5158 new perovskites. By further screening their stability, 6 stable
promising absorbers are selected as candidates. Similar approaches have
been taken to explore other chemical/structural systems.219,220 In these
models, due to the predefined structure templates, the input features can
be simplified into simple vectors. However, this also means the model
can only be applied in a limited space. In this context, general de-
scriptions such as SOAP and graph-based descriptors have been devel-
oped.145,221 Using these descriptors, large databases such as theMaterials
Projects have been used as training sets and the models obtained are
applicable to wide structural and composition space.

A major problem of these studies is the low quality of the band gaps in
the training set. It is well-known that the PBE-based gaps are systemat-
ically smaller than the actual value. Hybrid functionals and GW calcu-
lation can improve the accuracy of the band gap prediction.222–224

However, these methods are significantly more expensive and almost
impossible to be used for large-scale screening with the computational
power to date. Nevertheless, the application of such on small subsets of
materials is possible. For example, Agiorgousis and co-workers computed
220 double perovskites using hybrids and trained the results using
random forests and support vector machines.225 Recently, several groups
have developed multi-fidelity models to resolve the conflict between the
comparison between the predicted and the DFT-calculated results of 6 selected
ssion from Ref. 218.



Fig. 11. Illustration of the multi-fidelity graph network model. (a) Representation of material in a graph network model with the fidelity of each data is encoded as an
integer. (b) Construction of a materials graph network model. Reproduced with permission from Ref. 140.
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quality of the data and the computational speed.140,226 Chen et al.
developed a multi-fidelity graph network model as a universal tool to
make accurate predictions of materials properties with relatively small
data size, see Fig. 11140 Especially, they used the low-quality but
large-quantity PBE band gaps to enhance the resolution of the latent
structural features and increased the accuracy of prediction on experi-
mental band gap errors. A decrease in the mean absolute error of up to
45% is achieved.

6. Conclusions and perspectives

Computational discovery of novel materials has now become an
indispensable part of the research in the area of energy devices. Many
examples of success have proved that these techniques are invaluable
tools for accelerating the kinetics of future design of energy devices.
Despite the success, efforts still need to be made. Especially, we are now
in the process of a paradigm shift from the 2nd-gen high-throughput
screening to the more robust 3rd-gen machine learning-based methods.
This shift needs us to better integrate the new developments in the
artificial intelligence field into the materials science and compositional
chemistry community. Several basic issues pressingly need to be
14
resolved. A universal, computationally efficient, one-to-one correspond-
ing and symmetry invariant representation needs to be invented to
enable computers to understand our materials world. Databases with
better record quality, larger quantity, wider coverage, and evener dis-
tribution across the entire material space need to be constructed for
better training sets. New algorithms for the inverse material design dis-
played better robustness and better trainability need to be developed.

Now, we already stepped our first step into the new era of materials
discovery and we are witnessing an avalanche of development of new
ideas and novel methods. Hopefully, with a hand-in-hand collaboration
between the computer scientists, the computational chemists, the phys-
icists, the materials scientists, and the energy researchers, we will be able
to give a firm answer to the outstanding question: computational mate-
rials discovery - it has become a reality.227
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