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Energy materials featuring the capability to store and release chemical energy reversibly involve generally complex geometrical structures with multi-
ple elements. It has been a great challenge to establish the quantitative relationship between the structure of materials and their dynamic physico-
chemical properties. In recent years, machine learning (ML) technique has demonstrated its great power in accelerating the research on energy mate-
rials. This topical review introduces the key ingredients and typical applications of ML to energy materials. We mainly focus on the ML based atomic 
simulation via ML potentials in different architectures/implementations, including high dimensional neural networks (HDNN), Gaussian approximation 
potential (GAP), moment tensor potentials (MTP) and stochastic surface walking global optimization with global neural network potential (SSW-NN) 
method. Three cases studies, namely, Si, LiC and LiTiO systems, are presented to demonstrate the ability of ML simulation in assessing the thermody-
namics and kinetics of complex material systems. We highlight that the SSW-NN method provides an automated solution for global potential energy 
surface data collection, ML potential construction and ML simulation, which boosts the current ability for large-scale atomic simulation and thus holds 
the great promise for fast property evaluation and material discovery. 
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1. Introduction 

The innovation of energy materials is a key force to shape a 
better, cleaner and more sustainable future. The properties of 
energy materials are influenced by many aspects of material, from 
geometrical to electronic structure. It is thus of fundamental im-
portance to establish the quantitative structure-property rela-
tionship for designing better materials. However, due to the 
structure complexity during the energy storing and releasing, 
contemporary experimental techniques were frustrated to 
achieve both high spatial and high temporal resolution in the op-
erational conditions.

[1-3]
 On the other hand, the computational 

simulation has long been a valuable complement to experiment, 
which is able to follow closely the material transformation with 
fine details. To date, a range of computational techniques are 
available to simulate systems at different scales, from the elec-
tronic level based on quantum mechanics (QM),

[4-6]
 to the atomic 

level via molecular dynamics (MD),
[7-8]

 to the mesoscopic level 
using Metropolis/kinetics Monte Carlo techniques,

[9]
 and to the 

macroscopical level using the phase-field method
[10-11]

 and con-
tinuum macroscopic approaches. Among them, the atomic simu-
lation is of fundamental importance, which is the key linkage to 
correlate the electronic structure of material with their dynamic 
properties. 

The main purpose of atomic simulation is to establish the 
(free) energy landscape of material, based on which the configu-
ration dependent thermodynamics and kinetics properties can be 
derived based on statistics mechanics. Thus, the total energy 
evaluation is the foundation of atomic simulation, dictating largely 
the efficiency and accuracy of energy landscape. To date, QM 
calculation, often via first principles density functional theory 
(DFT), is the first-choice work horse in total energy evaluation. 
While it is certainly more reliable, QM calculation is limited by the 
poor scaling in treating large size systems. As a result, DFT calcula-
tion is most applied to relatively small systems in relatively short 
time simulation, e.g., within a few hundreds of atoms and less 
than a few hundreds of picoseconds. This limitation in system size 

severely hampers the predictive power of QM. For example, to 
design energy materials, the exhaustive phase space search to 
examine diverse structure configurations and phases

[12-14]
 and the 

long-time atomic simulation are often two key ingredients in 
making property prediction, both of which, however, require a 
fast and robust total energy calculation tool. 

It is no wonder that the empirical force field method is widely 
used for large-scale material simulation in the past decades. The 
force field method has a high efficiency in evaluating total energy 
of system for its simple mathematic form of interatomic potentials. 
However, the force field method often lacks transferability and 
high accuracy, especially, for systems with complex chemical 
bondings. For unknown solid materials with multiple elements 
typical in energy materials, the force field method is much less 
popular due to the great difficulty to construct the robust intera-
tomic potential. 

In recent years, machine learning (ML) technique, particularly, 
using the deep-learning methods, demonstrates its great value in 
solving challenging scientific problems,

[3]
 where the traditional 

methods fail to do so. In the field of material science, ML is being 
utilized as an efficient tool to correlate material performances 
with their chemical compositions, reveal the underlying physics of 
material, and accelerate the material discovery. Among the large 
volume of ML applications, ML potential method

[15-16]
 has at-

tracted considerable interests for its great promise in treating 
large-scale systems. Unlike the empirical force field potentials, ML 
potential can in principle achieve a high accuracy even for com-
plex material systems involving chemical reactions as long as the 
training dataset covers the essential structural patterns from the 
target potential energy surface (PES). Therefore, ML potential 
method is becoming a convenient and robust choice for large- 
scale material simulation, where QM simulations are simply too 
expensive and the force field calculations are not available or too 
inaccurate. Nevertheless, the construction of ML potential is 
highly computational demanding, requiring a large and repre-
sentative PES dataset that is computed a priori by QM calculations. 
Since the quality of the PES dataset is critical, determining largely 
the predictivity of ML potential, many PES sampling methods have 
been tested for this purpose, including the simulated annealing

[17]
 

PES sampling method, basin-hopping method,
[18]

 genetic algo-
rithm,

[19]
 metadynamics

[20]
 and stochastic surface walking (SSW) 

methods.
[21-22]

 
This focused review serves to outline the recent progress in 

ML applications for structure and property predictions of energy 
materials. We will introduce the general workflow of ML tech-
nique in predicting material property, and overview the repre-
sentative applications in recent years. We will then move on to 
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outline the representative methodologies on ML potentials, in-
cluding high dimensional neural networks (HDNN), Gaussian ap-
proximation potential (GAP), moment tensor potentials (MTP) and 
stochastic surface walking global optimization with global neural 
network potential (SSW-NN) method

[23-24]
 developed in our group, 

and illustrate their applications on energy materials. Finally, the 
challenges of ML potentials in atomistic simulations are discussed. 

2. ML for Energy Materials  

2.1. Workflow of ML for problem solving 

A successful application of ML for material prediction relies on 
(i) the quality of the dataset and (ii) the ML model where specific 
algorithms are utilized to correlate the dataset with target proper-
ties. The dataset can either from experiment or from QM calcula-
tions, which should contain the basic information on the materials 
and their performances associated with the material properties. 
In general, the workflow of ML applications should contain four 
essential steps (Figure 1a), which are elaborated in the follow-
ing:

[25-27]
 

(i) Data collection and curation. This involves the generation 
and selection of a relevant subset of available data. While suffi-
cient and representative data samples are desirable for building a 
reliable ML model, the amount of the data depends much on the 
source and the ease of data generation in reality. For example, in 
training ML potentials for atomic simulation, the dataset that 
describes the PES can be very large, often more than a few tens of 
thousands of structures that are computed from QM calculations. 

(ii) Featuring engineering. The features of materials are ex-
tracted and quantified by appropriate mathematic representa-
tions that correlate features with known physical and chemical 
quantities of material, including the geometrical and electronic 
information. The number and the quality of the features are cru-
cial to a ML model and often determine the upper limit of its per-
formance. 

(iii) Model testing and optimization. As there are a varieties of 
ML algorithms, this step involves the testing of different algo-
rithms, the selection of the best, the training of the data and 
benchmarking predictions. The testing is via the evaluation of the 
prediction of the validation dataset that is a subset of total data 
and not included in training set. Parameters that cannot be learn-
ed (the so-called hyperparameters) are to be optimized during 

the testing stage. The common validation method includes K-fold 
cross-validation, leave-one-outcross-validation (LOOCV), repeating 
learning test (RLT) cross-validation, and bootstrap cross-valida-
tion.

[28]
 

(iv) Application. The ML model is adopted to predict un-
known/unexplored material systems and the prediction should be 
examined to further validate the model. To improve the prediction 
and promulgate the unknown, the model should be re-trained by 
adding the data that are poorly predicted. 

2.2. ML applications for energy materials 

ML technique as a general-purpose tool can be applied to dif-
ferent aspects of energy material research, from energy storage 
(e.g., fuel cells, supercapacitor, etc.) to energy-related catalysis 
(e.g., noble metal for CO2 reduction), and to energy conversion 
(e.g., thermoelectrics),

[29-32]
 as shown in Figure 1b. It is most pop-

ular that ML models are utilized to provide a rapid prediction on 
material properties, which facilitates to find materials with desir-
able properties.

[3,33]
 Broadly speaking, these applications may be 

divided into two types according to their data source and the 
physical laws involved, namely, the experiment-based and first- 
principles approaches. The former makes prediction via pure 
mathematics based on existing experimental data. The latter 
learns properties from QM calculations and often involves exten-
sive atomic simulation to compute properties. It can thus be re-
garded as a high-speed upgrade to QM calculations, as shown in 
Figure 1b. 

Experiment-based approach. This approach utilizes experi-
mental data to build ML models. The aim of ML is to correlate 
various experimental conditions with the target properties. The 
input of ML model, i.e., data descriptors, are typically the control-
ling parameters from experiment, such as temperature, pressure, 
material elements, compositions, etc., and the output of ML 
model is the predicted property, which can be measured by dif-
ferent characterization techniques, such as conductivity, bandgap, 
peak positions of spectra, power factor, etc. 

The typical ML application for material discovery is to discover 
the optimum ratio of element. Hou et al.

[34]
 employed a Gaussian 

process regression (GPR) model to predict power factor (PF) for 
unknown compositions of AlFeSi system (a potential thermoelec-
tric material). The flowchart for the design of intermetallic 
Al23.5+xFe36.5Si40‒x (off-stoichiometric samples of the Al2Fe3Si3 
compound) with a higher PF is summarized in Figure 2, where the  

 

Figure 1  Workflow of machine learning for structure and property prediction (a) and its application in energy materials via PES exploration by atomic 

simulation (b).  
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Figure 2  Framework for the design of Al23.5+xFe36.5Si40‒x toward an opti-

mized power factor by learning from experimental data. Reprinted with 

permission from Ref [33]. (Copyright 2019 American Chemical Society). 

input features contain the composition x and the experimental 
temperature. The initial dataset consists of PF measurements 
from experiments on several compositions at certain tempera-
tures (T = 300—800 K), based on which the model is trained. Then 
this model is used to predict the PFs of the unexplored composi-
tions, and the ones with the highest PFs in the temperature range 
of 450—650 K are chosen for further synthesis and property 
measurement. Next, with the new feedback the dataset is ex-
panded, and the ML model can be improved by re-training, which 
restarts the iteration. After several iterations, the optimal Al/Si 
ratio for a high PF was found with the optimal ratio of the sample 
x = 0.9 that increases the PF at ~510 K by about 40% with respect 
to that of the initial sample at x = 0.0. Similar ML models were 
developed for RE12Co5Bi (RE=Gd, Er) thermoelectric materials,

[35]
 

superionic conductive materials
[36]

 and ABX3 halide perovskites 
materials,

[37]
 by using various ML techniques, such as random 

forest model,
[38]

 logistic regression model, support vector classifi-
cation. 

Since there are a large volume of published experimental data, 
ML-assisted literature analysis, i.e., the data mining technology, 
has been considered for identifying the useful experimental data 
and eliminating the inconsistency between data. Attempts have 
been made to extract data and insights from literatures using text 
mining. For example, in the thermoelectrics field, the relevant 
literature consists of 3.3 million published papers between 1992 
and 2018 in more than 1000 journals. Tshitoyan et al.

[39]
 have 

shown that, by feeding these abstracts to a “machine”, one can 
obtain embeddings of words that incorporate the chemical rela-
tionships. Without any explicit insertion of chemical knowledge, 
these embeddings capture complex materials science concepts 

such as the underlying structure of the periodic table and struc-
ture-property relationships in materials. The trained embeddings 
can be used as a powerful tool for discovering new candidate.  

Another effective approach to expand the dataset involves the 
unsupervised learning, which does not require labelled data with 
properties and thus alleviates the data scarcity problem. For find-
ing new solid-state Li-ion conductors, a modified XRD (mXRD) 
feature was developed by Zhang et al.

[40]
 to describe the anion 

lattice of Li-containing compounds. They showed that the com-
pounds that have similar conductivity tend to be close in mXRD 
feature space, revealing the unique structure-property relation-
ship between anion lattice and Li

+
 conduction over a large materi-

als space. As a result, 16 new compounds with conductivities 
higher than 10

‒4
 S·cm

‒1
 were predicted. These discovered candi-

dates have highly different structures and chemical compositions 
from known fast Li-ion conductors, demonstrating the capability 
of unsupervised learning for discovering materials over a wide 
materials space. 

First-principles approaches. The alternative way for ML to 
make prediction is to learn from first principles data, i.e., without 
any input from experiment. The straightforward way is simply 
replacing experimental data with first principles data since it is 
often much more convenient to produce some property data by 
calculations (e.g., battery voltages, ionic conductivity, bandgaps, 
etc.). Consistently, the data descriptors of ML model need to be 
changed to the available structural information from calculations. 
Indeed, recent years have seen a large volume of ML-based mate-
rial discovery and property prediction using first principles data. 
For example, to identify the rechargeable Li-ion batteries electro-
lyte material with fast Li

+
 hopping, Jalem et al. have investigated 

66 olivine-type oxides with an ordered structure LiMXO4.
[41]

 As 
shown in Figure 3a, they extracted 42 original variables (OVs) in-
cluding lattice parameters, Born effective charges of cations, Li-M 
distance at edge sharing, and intra/inter-polyhedron parameters 
from DFT-relaxed structures and adopted the partial least-square 
(PLS) model for ML. The fitting of the model (Figure 3b) yields a 
good agreement between DFT calculations and PLS-predicted 
results for the Li-ion hopping energy (< 35 meV). They revealed 
that an increase in the ionic size of M results in a significant dis-
tortion of the M octahedron, which, in turn, leads to a slower 
Li-ion migration caused by the energy-penalizing local lattice dis-
tortion. Similarly, the properties of pervoskites, mainly the stabil-
ity and bandgap, have been investigated using ML methods by 
Sun and Yin, 

[42]
 Im et al.,

[43]
 and Li et al.

[44]
 

 
Figure 3  a) Interpolyhedraon parameters within the unit cell that were 

used in PLS model building, the label corresponding to the angle de-

scriptor and more descriptors could be seen in literature [40]. b) Calculat-

ed hopping energies (EA) via NEB method versus predicted hopping ener-

gies via PLS model for different M-X pairs of olivine compositions. Blue 

data points represent M-X pairs with published experimental data in Inor-

ganic Crystal Structure Database (ICSD).[40] (Copyright 2012 American 

Chemical Society). 

A more general but rather sophisticate way of ML-guided ma-
terial discovery involves the atomic simulation based on ML po-
tentials. These potentials need to be constructed first by learning 
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the PES data and the subsequent large-scale atomic simulation 
using the ML potential will result in the material property and 
thus facilitate the material discovery. To date, the ML potential 
method has demonstrated its power in treating complex PES 
problems for many energy materials,

[26-27]
 e.g., LiMO2,

[45]
 LixSi,

[46]
 

Ca3Al2Si3O12,
[47]

 Li3N,
[48]

 LiCx,
[49]

 etc. The ML potentials can be 
based on neural network (NN) framework

[50]
 and many other 

forms, such as Gaussian approximation potential (GAP),
[49]

 spec-
tral neighbour analysis potential (SNAP) model,

[48]
 support Vector 

Machines (SVMs)
[51]

 and moment tensor potentials (MTP),
[52-53]

 as 
illustrated in Figure 4. Below we will briefly overview several key 
ML potential methods and illustrate their applications in energy 
material systems by providing three case studies. 

 

Figure 4  Historic development of machine learning potentials. 

3. Overview of ML Potentials 

HDNN method. Among ML potentials, the Neural Network 
(NN)

[50]
 based potential is no question the most sophisticate and 

more promising one suitable for treating complex system. While 
this machine-learning technique was inspired by the central nerv-
ous system and has been developed since 1990s, the high-dimen-
sional neural network (HDNN) scheme introduced by Behler and 
Parrinello represents an important step toward the routine use of 
NN-PESs in computational chemistry.

[54-56]
 In the HDNN scheme, 

the total energy of system is assumed to be a sum of individual 
atomic energy contributions as written in Eq. 1. 

𝐸 = ∑ 𝐸𝑖
𝑁
𝑖  (1) 

Each atomic energy can then be fitted as a function of the chemi-
cal environment of each atom that are obtained by NN machine 
learning. The NN parameters can be trained via the standard 
back-propagation technique by learning quantum mechanics PES 
dataset. Behler and Parrinello proposed a special set of atom 
centered symmetry functions (ACSFs)

[57]
 as the input of NN, which 

can describe the environment of atom. These functions are con-
fined in certain cutoff range fc, e.g., in Eq. 2,

[57]
 that are at least 

smooth up to the first derivative. In the cutoff function, Rij is the 
distance between atoms i and j, and if Rij is larger than the cutoff 
radius Rc, the cutoff function and its derivative become zero. 

𝑓c(𝑅𝑖𝑗) = {
0.5 × *cos(

π𝑅𝑖𝑗

𝑅c
) + 1+   𝑓𝑜𝑟 𝑅𝑖𝑗 ≤ 𝑅c

0                                        𝑓𝑜𝑟 𝑅𝑖𝑗 > 𝑅c
  (2) 

The most used two-body G
2
 and three-body G

4
 are shown in 

Eqs.3—4, 

  𝐺𝑖
2 = ∑ 𝑒−ᵑ(𝑟−𝑟s)

2

𝑗≠𝑖 ∙ 𝑓c(𝑅𝑖𝑗)  (3) 

 𝐺𝑖
4 = 21−𝜁 ∑ (1 + 𝜆 cos 𝜃𝑖𝑗𝑘

𝜁) ∙ 𝑒−ᵑ(𝑅𝑖𝑗
2+𝑅𝑖𝑘

2 +𝑅𝑗𝑘
2 ) ∙𝑎𝑙𝑙

𝑗,𝑘≠𝑗

           𝑓c (𝑅𝑖𝑗) ∙ 𝑓c(𝑅𝑖𝑘) ∙ 𝑓c(𝑅𝑗𝑘)  (4) 

where 𝜃ijk is the angle centered at the i atom with neighbors j and  
k. Due to the usage of internal coordinates, pair distance and an-
gles among atoms, these structural descriptors are rotational and 
permutational invariant, and thus can produce a continuous PES 
for deriving the first energy derivatives, i.e., the atomic force. The 
utility of HDNN potentials is demonstrated by a number of appli-
cations to solid state systems,

[58-62]
 surface interactions,

[63-64]
 and 

water clusters.
[65-66]

  
GAP and SNAP method. Gaussian approximation potential 

(GAP) and its successor, the spectral neighbor analysis potential 
(SNAP), are another type of ML potential being widely used. GAP 
framework proposed by Bartók

[67-68]
 in 2010 adopts a Gaussian 

process regression technique to establish the connection between 
structure and energy. In this model, the atomic energies Ei in Eq.1 
are interpolated in the bispectrum descriptor space using Gaussi-
an process regression, as given by 

  𝐸𝑖 = ∑ 𝛼𝑛
𝑁ref
𝑛=1 𝑒

−0.5∙∑ [
(𝑏𝑙−𝑏𝑛,𝑙)

𝜃𝑙
]

2

𝐿
𝑙=1

 = ∑ 𝛼𝑛𝑒
𝐺(𝑏,𝑏𝑛)𝑁ref

𝑛=1  (5) 

where N and l range over the reference configurations and 
bispectrum components, respectively, and the 𝜃l is fitting pa-
rameter (hyperparameter). Thus, the atomic energy is a weighted 
sum over the energies of the atomic environments in the refer-
ence training set. The parameter αn is determined by the inversion 
of the covariance matrix, which is a rather demanding opera-
tion.

[69]
 The GAP potential was successfully used for material sys-

tems, such as GaN,
[67]

 metal systems (e.g., W),
[70]

 silicene
[71]

 and 
molecular systems.

[72]
 

Spectral neighbor analysis potential (SNAP) introduced by 
Thompson et al.

[73]
 in 2015 represents a linear version of GAPs 

and is based on the same bispectrum components. The atomic 
energy of atom i in SNAP is given as a linear combination of the K 
projected bispectrum components by 

𝐸𝑖 =  0
 𝑖 + ∑  𝑘

 𝑖 ∙  𝑘
𝑖 

𝑘=1     (6) 

where the coefficient  𝑘
  is determined via least squares linear 

regression of the reference dataset. αi distinguishes the atom type 
of atom i,  𝑘

𝑖  is the bispectrum component k of atom i, and  0
 𝑖  

is a constant element-specific contribution. The SNAP method was 
utilized to describe the solid phases of tantalum and the liquid 
structures.

[73-74]
 

GCNN. Convolutional neural network was first introduced by 
Duvenaud et al. in 2015, that operates directly on graphs.

[75]
 Be-

cause 3D molecules and materials can be viewed as fully con-
nected graphs with nodes and edges to represent the atoms and 
bonds, respectively, the features of them can be automatically 
learned via a feature hierarchy in CNN by applying multistage 
concatenated convolution operations.

[75-77]
 This automated fea-

ture generation is much simpler than the previous methods that 
rely on manually constructed structure descriptors. GCNN has 
been proved to be successful for a variety of systems, e.g., small 
molecules (benzene, toluene),

[78]
 large proteins (deca alanine 

Ala10),
[79]

 crystalline system (ThCr2Si2-type materials)
[80]

 and 
aqueous alkaline electrolyte (NaOH).

[81]
 SchNet is a leading exam-

ple of GCNN.
[77-78]

 The computational efficiency of GCNN could be 
the major concern due to the high cost in feature generation and 
model training of large dataset. 

MTPs. The moment tensor potential
[52-53]

 was proposed by 
Shapeev in 2016, which adopts a linear regression model with 
polynominal-like functions of atomic coordinates as the basis 
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functions. The descriptors of MTPs can be interpreted as tensors 
of inertia of atomic environments. Because of the efficiency of its 
polynominal basis of interatomic distances and angles, MTP is 
found to be significantly faster than GAP and has already been 
shown to be able to reach equivalent accuracy for modelling 
chemical reactions,

[82]
 single-element systems,

[83-84]
 single-phase 

binary systems,
[85]

 ground states of multicomponent systems
[86]

 or 
binary metallic system.

[87]
 

SSW-NN method. The SSW-NN method is a solution for con-
structing the global neural network potential (G-NN) that aims for 
the global PES exploration.

[23-24]
 In SSW-NN method, the G-NN 

potential follows the architecture of HDNN potential, but the 
structure descriptors are replaced by a set of power-type struc-
ture descriptors

[88]
 (PTSDs), which are generally described in the 

forms of the following equations (Eqs. 7—14), and the training 
dataset of G-NN potential is obtained from the SSW global opti-
mization in a global-to-global scheme. The first “global” indicates 
the dataset from SSW global optimization and the second “global” 
means the ability of NN potential to describe the global PES.  

𝑓c(𝑟𝑖𝑗) = {
0.5 × tanℎ3 *1 −

𝑟𝑖𝑗

𝑟c
+

     0         𝑓𝑜𝑟 𝑟𝑖𝑗 > 𝑟c
, 𝑓𝑜𝑟 𝑟𝑖𝑗 ≤ 𝑟c,  (7) 

𝑅𝑛(𝑟𝑖𝑗) = 𝑟𝑖𝑗
𝑛 ∙ 𝑓c(𝑟𝑖𝑗),  (8) 

𝑆𝑖
1 = ∑ 𝑅𝑛(𝑟𝑖𝑗)𝑗≠𝑖 ,  (9) 

𝑆𝑖
2 = *∑ |∑ 𝑅𝑛(𝑟𝑖𝑗)𝑌𝐿𝑚(𝒓𝑖𝑗)𝑗≠𝑖 |

2𝐿
𝑚=−𝐿 +

1

2
  (10) 

𝑆𝑖
3 = 21−𝜁 ∑ (1 + 𝜆cos𝜃𝑖𝑗𝑘)

𝜁
∙ 𝑅𝑛(𝑟𝑖𝑗) ∙ 𝑅

𝑚(𝑟𝑖𝑘) ∙ 𝑅
𝑝(𝑟𝑗𝑘)𝑗,𝑘≠𝑖 ,   

(11) 

𝑆𝑖
4 = 21−𝜁 ∑ (1 + 𝜆cos𝜃𝑖𝑗𝑘)

𝜁
∙ 𝑅𝑛(𝑟𝑖𝑗) ∙ 𝑅

𝑚(𝑟𝑖𝑘)𝑗,𝑘≠𝑖 ,  (12) 

𝑆𝑖
5 = [∑ |∑ 𝑅𝑛(𝑟𝑖𝑗) ∙ 𝑅

𝑚(𝑟𝑖𝑘) ∙ 𝑅
𝑝(𝑟𝑗𝑘) ∙ (𝑌𝐿𝑚(𝒓𝑖𝑗) +𝑗,𝑘≠𝑖

𝐿
𝑚=−𝐿

𝑌𝐿𝑚(𝒓𝑖k))|
2
]

1

2

 ,  (13) 

𝑆𝑖
6 = 21−𝜁 ∑ (1 + 𝜆cos𝛿𝑖𝑗𝑘𝑙)

𝜁
∙ 𝑅𝑛(𝑟𝑖𝑗)𝑅

𝑚(𝑟𝑖𝑘)𝑅
𝑝(𝑟𝑖𝑙)𝑗,𝑘,𝑙≠𝑖 ,  (14) 

where 𝑟𝑖𝑗  is inter-nuclear distance between atom i and j, θijk is 
the angle centred at i atom with j, k being neighbours (i, j, k are 
atom indices). The key ingredients in PTSD are the cut-off function 
fc that decays to zero beyond the rc (Eq. 7), power-type radial 
function, trigonometric angular functions and spherical harmonic 
function. The replacement of the Gaussian-type structural de-
scriptor which is proposed by Behler and Parrinello by the PTSD 
has several advantages: (i) the computational cost in numerical 
calculations is reduced; (ii) the adjustable parameters are reduced 
to one (n) that simplifies the search for optimal parameters for 
two-body function; (iii) the power function when combining with 
the decaying cut-off function can create radial distributions with 
flexible peak and shape, which fulfils the similar purpose of 
Gaussian function; (iv) the introduction of different powers (n, m, 
p) in three-body function can couple conveniently different radial 
distributions; (v) the introduction of spherical function greatly 
improves the description of the angular environment of atom. 

The SSW method
[21-22]

 is a global optimization algorithm that 
utilizes the second-order information of PES to identify low energy 
reaction channels. It

[21]
 contains a series of structure operation 

steps, including the random bias potential generation, the soften-
ing of bias potential, the repeated addition of bias potentials, the 
local optimization and the Metropolis Monte Carlo structure se-
lection. The whole process of SSW is automated without the need 
to preconfigure the bias potential, and thus convenient to use for 

generating representative global PES dataset in unknown systems. 
In one particular SSW step, labeled as t, a modified PES Vmod, as 
shown in Eq.(15), is utilized for moving from the current minimum, 

𝑹𝒕
𝟎, to a high energy configuration, 𝑹𝒕

𝑯 (the climbing), in which a 
series of bias Gaussian potential Vn (n is the index bias potential, 
n‒1, 2, ···, H) is added one by one consecutively along the direc-
tion 𝑵𝒕

𝒏, 

 𝑉mod = 𝑉real +∑𝑣𝑛

𝑁𝐺

𝑛=1

= 

 𝑉real +∑ 𝑤𝑛 ∗ exp [−((𝑹𝒕 − 𝑹𝒕
𝒏𝑁𝐺

𝑛=1 ) ∙ 𝑵𝒕
𝒏)2/ (2 × 𝑑𝑠2)] (15) 

where 𝑹𝒕 is the coordination vector of the structure and Vreal 
represents the unmodified PES; 𝑹𝒕

𝒏 is the n
th

 local minima along 
the movement trajectory on the modified PES that is created after 
adding n Gaussian functions. The Gaussian function is controlled 
by its height w and its width ds, and is always added along one 
particular walking direction as defined by 𝑵𝒏. Once the 𝑹𝒕

𝑯 is 
reached, all bias potentials are removed and the local optimiza-
tion is performed to quench the structure to a new minimum. 
Since its invention in 2013, the SSW method has been successfully 
used in both aperiodic systems,

[22]
 such as molecules and clusters, 

and periodic crystals.
[89]

  
As shown in Figure 5, the SSW-NN method involves three 

tasks iteratively performed to achieve the self-learning of global 
PES: (i) SSW global PES sampling, initially based on DFT and later 
using G-NN potential, is utilized to collect PES data; (ii) DFT calcu-
lations with a high accuracy setup are then utilized to compute 
the selected data from SSW, which expands the dataset; (iii) the 
G-NN potential is trained based on the dataset. The data from 
SSW trajectories are selected randomly and screened based on 
two criteria, i.e., the new atomic environment as judged by struc-
ture descriptors, and the poor energy and force by comparing DFT 
and NN predictions. In our practice, up to 100 iterations are often 
necessary in constructing the G-NN potential. The final G-NN po-
tential can typically achieve the accuracy of 5—10 meV/atom for 
root mean square errors (RMSE) of energy and 0.1—0.2 eV/ Å for 
RMSE of force. In the past several years, our group have mapped 
out the PESs for a number of systems, e.g., single element crystal 
(boron),

[88] 
molecular crystal (ice),

[90]
 metal oxide (TiO2),

[91]
 ternary 

metal oxides (ZnCr2O4).
[92] 

 

Figure 5  Self-learning procedure of global NN potential. The global da-

taset is first generated using high accuracy DFT calculations, which is then 

trained to obtain the global NN potential (G-NN). Then, an additional 

dataset is generated by SSW sampling based on G-NN potential. This addi-

tional dataset is then fed back into global dataset and a new cycle 

self-learning starts. 

The SSW-NN method is now implemented in LASP program 
(www.lasphub.com), which includes a variety of common atomic 
simulation tools. As a key feature, LASP provides several TS search 
and SSW global optimization methods developed in the group, 
which have been well tested in heterogeneous catalysis and solid 
phase transition.

[92-93]
 Importantly, it is convenient in LASP plat-
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form to exchange data between different modules, particularly, 
QM calculations, the PES exploration and NN training. We have 
generated more than 220 G-NN potentials in the past three years, 
covering most periodic table elements. The LASP code has been 

used worldwide for materials, catalysis and many other fields. 

4. Application of ML Potentials for Energy Materials 

Case1: HDNN method to resolve the phase diagram of silicon 
under high pressures 

Silicon is one of the most studied elements in the world for its 
use in microelectronics, semiconductors, Li-ion battery technolo-
gies and its importance in earth science.

[94]
 Under high pressures, 

the silicon phases can exhibit metallic properties, and even have 
the superconductivity.

[95-96]
 The study of the Si phase diagram 

under high pressures is of great challenge for both experiment 
and theory. 

Behler et al.
[60]

 performed the metadymanics simulations of 
the high-pressure phases of silicon by utilizing the HDNN potential. 
This potential was fitted from DFT calculation results,

[54]
 where 

8200 were used for optimizing the NN potential and the remain-
ing 800 were used as an independent test set to investigate the 
predictive capability of the NN for structures outside the optimi-
zation set. The RMSE of the training set is 4—5 meV/atom, and 
the RMSE of the test set is 5—6 meV. For the NN atomic forces, a 
RMSE relative to DFT is about 0.2 eV/Å. The NN calculation is 
about 5 orders of magnitude faster than the DFT and can also 
provide analytic forces and the stress tensor required in metady-
namics simulations.  

Silicon at different temperatures and pressures was thus in-
vestigated by using the NN-based metadynamics in a 64-atom cell, 
as shown in Figure 6. Under 300 K and 12 GPa, it is found that the 
cubic diamond undergoes a very large volume change (~17%) to 
form the Imma phase, followed by the simple hexagonal (sh) 
phase until the β-tin phase is reached, which is the stable phase at 
this pressure (Figure 6). Next, the transitions between these 
phases at slightly increased pressure of 16 GPa and 300 K have 
been examined in detail. The enthalpy of the Imma phase is found 
to be the lowest, in agreement with DFT. In particularly, it is found 
that the cubic diamond to β-tin transition is strongly first-order 
and nucleated by the formation of defects. Similarly, the transi-
tions under higher pressure (45 GPa, 50 GPa and 90 GPa) were 
also investigated, yielding the formation of the Cmca phase at 800 

K and 45 GPa, the transition to the hcp (hexagonal close packed 
structure) phase at 300 K and 50 GPa, the transition from the hcp 
to the fcc phase at 300 K and 90 GPa. The sequence of these 
phases is consistent with experimental findings

[97-98]
 that β-tin 

phase exists near 12GPa,
[99]

 which transforms to the Imma phase 
at 16 GPa,

[100]
 and the hcp phase has been observed at 42 GPa,

[101]
 

which transforms to the fcc phase at 80 GPa.
[102]

 

 

Figure 6  Enthalpies of the optimized crystal structures obtained in a 

metadynamics simulation at 300 K starting from the cubic diamond struc-

ture at an external pressure of 12 GPa using HDNN potential.[59] (Copyright 

2008 American Physical Society) 

Case 2: GAP method to model Li intercalation in LiCx system 

GAP models have been introduced to study the Li intercalation 
in carbon nanostructures,

[49]
 which is a key process occurred in 

the anode of Li-ion battery.
[103]

 The approach employed for pro-
ducing GAP models was overviewed in Figure 7a, which glues two 
GAP potentials for C–C interaction model and Li–C interaction  

 

Figure 7  a) Overview of the approach employed to generate Li-C GAP potential. Rather than fitting directly to energies (and forces) for LiCx systems, DFT 

calculations were repeated for the same structures without Li and a GAP model is fitted to the energy and force differences. The latter is combined with a 

previous GAP model for C–C interactions. A baseline model for long-range Li–Li interactions is subtracted from the reference dataset prior to fitting and 

added back onto the output. Summing up the terms yields the total GAP energy for the system under study, and similar procedures hold for the forces on 

atoms. b) the diffusion of an Li atom between two potential-minimum sites in graphite across two high-symmetry pathways using DFT and GAP method. c) 

Radial distribution function (RDF) analysis for Li–C contacts in this DFT-MD trajectory and for five separate GAP-MD trajectories computed in the same 

structure.[48] (Copyright 2018 American Institute of Physics) 
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model with the effective long-range Li–Li interaction model. In 
order to improve the transferability, the initial training data were 
produced by randomly placing Li atoms in slightly distorted graph-
ite, graphene and amorphous carbon structures, and the final 
training set contains 561 graphite, 192 graphene, and 1664 
amorphous configurations. Albeit notable remaining numerical 
energy errors, reaching up to 0.4 eV/atom, the present GAP per-
forms very well in identifying the Li diffusion pathways and re-
producing dynamical properties in MD trajectories. 

By computed characteristic energy profiles for the most fun-
damental atomic-scale mechanisms in Li-graphite system, it is 
found that all three high-symmetry adsorption configurations are 
correctly captured by the GAP and the diffusion of an Li atom 
between two potential-minimum sites in graphite is also qualita-
tively correctly described, with the energy barrier of ~0.13 eV and 
0.62 eV for the two low energy pathways (Figure 7b). 

Several parallel MD simulations of Li diffusion in a disordered 
graphite-like structure at 1000 K were further performed and MD 
trajectories were obtained to analyze the radial distribution func-
tion (RDF) of Li environment during the intercalation. As shown in 
Figure 7c, it shows a maximum at around 2.3 Å, consistent with 
the DFT data. The vibration densities of states for the host 
framework and the Li atoms, where the frequency range is com-
monly associated with the diffusion process, show that in the 
higher-frequency range (> 15 THz), there is a particularly agree-
ment between DFT and GAP data. While, there is small deviation 
at lower frequencies, which was considered to be due to the 
short-time of the calculation and especially the size of the systems 
from DFT methods as benchmark. 

Case 3: SSW-NN method to identify LixTiO2 electrode for 
Li-ion battery 

The rechargeable lithium-ion battery has proved itself as a 
ground-breaking technology that powers the mobile transporta-
tion. Since the graphite anode suffers from low energy density 
(the engineering limit for the gravimetric capacity Cg is 372 
mA·h/g at LiC6) and low charging speed (the reversible capacity is 
∼370 mA·h/g at the C/24 rate =15.5 mA/g),

[104]
 significant efforts 

have been made to search for better Li-ion anode materials, such 
as Li-M (M = Si, Ge, Sn, etc.) alloys

[105-106]
 and lithium transition- 

metal oxide (i.e., TiO2).
[107-108]

 A critical quantity for assessing the 
anode material is the extent of volume expansion at the high ca-
pacity, which often occurs due to complex solid reactions and 
destroys the structural integrity of material.  

To search for both high-rate capacity and high stability Li-ion 
battery, we recently proposed a high-throughput material screen-
ing method based on SSW global PES exploration. The PES of lithi-
ated material with the Li/X ratio = 1 for 11 candidates (X = C, Si, 
TiO2 and others) were first explored to screen the possible candi-
dates. It is found that TiO2 and Si are the materials most likely to 
achieve a balanced performance for capacity and stability,

[109]
 

where the delithiated structures for Si are generally less stable 
than those for TiO2, suggesting TiO2 can maintain a better struc-
tural integrity during Li intercalation. 

Next, a Li-Ti-O three elements G-NN potential was constructed 
to describe the global PES of LiTiO system. The SSW-NN was uti-
lized to generate a large LiTiO dataset of 50040 structures. The 
final G-NN potential has five layers NN (324-80-60-60-1), equiva-
lent to 103743 network parameters in total and the RMSE for 
energy and force are 5.6 meV/atom and 0.16 eV/Å, respec-
tively.

[109]
 The SSW-NN simulation identified the most stable lithi-

ated products of TiO2 for Li/TiO2 ratio from 0.5 to 3, including 
Li0.5TiO2, LiTiO2, Li2TiO2, and Li3TiO2 for TiO2. These structures are 
shown in Figure 8a, which illustrates the general structure evolu-
tion trend during the intercalation of Li: the 3-D dense network of 
TiO2, originally in anatase form (TiO2-A), becomes porous, then 
decays to 2-D layer, and finally decomposes to Ti2O3 with O atoms 
releasing to Li. For Li/TiO2 ratio at 0.5 to 1, e.g., Li0.5TiO2 and LiTiO2 

(denoted as TiO2-S), the most stable structures are in the spinel 
form, which has 3-D tunnels to store Li. 

The TiO2-S phase exhibits a facile Li (dis)charging kinetics even 
at the high Li content, as shown in Figure 8b, where the Li diffu-
sion barrier (0.55 eV) in TiO2-S is not much different from that in 
Li0.5TiO2 (0.53 eV). The Li diffusion becomes, however, much more 
difficult in TiO2-A at the high Li content (LiTiO2): the diffusion bar-
rier is much higher compared to that at the low Li content 
(Li0.5TiO2, see Figure 8c). The presence of 3-D tunnels in TiO2-S is 
thus critical for fast charging, which is consistent with the fact that 
nano-porous TiO2 structures improve the (dis)charging perfor-
mance of lithium ion battries.

[110-111]
 

 

Figure 8  Most stable structures of LixTiO2 obtained from SSW-NN global search (a), Li atoms are represented by magenta balls, while the host TiO2 is 

represented by lines. The lowest energy pathway of Li diffusion in (b) TiO2-S and (c) TiO2-A at different Li concentrations. Adapted with permission from 

Ref [101]. (Copyright 2020 American Chemical Society)  
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5. Conclusions and Perspectives 

With the growing impact of ML on material innovation, this 
review serves to highlight the ML applications for the property 
prediction and material discovery in the field of energy materials. 
Among the applications, the atomic simulation based on ML po-
tentials represents one of the most rapid developing field, where 
ML technique cooperates intimately with quantum mechanics and 
statistics mechanics for PES description and exploration. Several 
flavors of ML potential methods, including high dimensional 
neural networks (HDNN), Gaussian approximation potential (GAP), 
moment tensor potentials (MTP) and stochastic surface walking 
global optimization with global neural network potential (SSW-NN) 
are overviewed and discussed. Atomic simulations based on ML 
potentials can now be performed to solve problems in chemistry, 
physics, and materials science that have hitherto been inacces-
sible due to the lack of suitable potential with first principles 
accuracy. In this field, the SSW-NN method developed by us is a 
powerful tool for generating G-NN potential and performing the 
global PES search. Due to the high cost of generating G-NN 
potentials, the worldwide colloration between different groups is 
essential for constructing and benchmarking G-NN potentials with 
well-defined standards. 

In spite of the success, the construction of ML potentials is 
still very demanding for dataset generation and the potentials 
need to be tested very carefully due to the lack of physical bases 
of the numerical functional form. It becomes even more challeng-
ing when the structure and composition complexity increases. 
Consequently, the usage of ML potentails is not as cost effective 
and as simple as other types of potentials, which hinders the wide 
usage of these methods. New algorithms to reduce the computa-
tional cost for both first principles calculations and PES sampling 
are called for in the coming years. On the other hand, it is also 
desirable to benchmark systematically different ML potentials on 
well-defined datasets to identify new research directions, e.g., 
combining the advantages of different methods. New approaches 
are expected to extend the applicability of ML potentails to simu-
late multiple-element systems and to determine the long-time 
dynamic properties. 
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