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Very Important Paper

Modelling Bulk Electrolytes and Electrolyte Interfaces with
Atomistic Machine Learning
Yunqi Shao,[a] Lisanne Knijff,[a] Florian M. Dietrich,[a] Kersti Hermansson,[a] and Chao Zhang*[a]

Batteries and supercapacitors are electrochemical energy stor-
age systems which involve multiple time-scales and length-
scales. In terms of the electrolyte which serves as the ionic
conductor, a molecular-level understanding of the correspond-
ing transport phenomena, electrochemical (thermal) stability
and interfacial properties is crucial for optimizing the device
performance and achieving safety requirements. To this end,
atomistic machine learning is a promising technology for

bridging microscopic models and macroscopic phenomena.
Here, we provide a timely snapshot of recent advances in this
area. This includes technical considerations that are particularly
relevant for modelling electrolytes as well as specific examples
of both bulk electrolytes and associated interfaces. A perspec-
tive on methodological challenges and new applications is also
discussed.

1. Introduction

Electrolytes occupy a central place in chemical science ever since
Faraday invented the term in 1834 for describing “a body
decomposable by the passage of the electric current”[1] and the
rise of “the ionists” represented by Ostwald, van ’t Hoff, and
Arrhenius in the late 19th century.[2] Technology-wise, the electro-
lyte is an indispensable component in batteries (Li-ion,[3] Li-air,[4]

Na-ion,[5] solid-state,[6,7] aqueous[8]) and supercapacitors.[9,10]

According to Goodenough, “an electrolyte is an ionic
conductor and an electronic insulator”.[11] In general, electrolytes
can be divided into aqueous and nonaqueous electrolytes. Since
the energy density and the power density of an electrochemical
cell scale linearly and quadratically, respectively, with its operating
voltage,[12] aqueous electrolytes, with the hydrolysis potential of
water being 1.23 V, are not a popular choice for neither battery or
supercapacitor applications. Nevertheless, it is worth to note that
the first rechargeable battery with a nominal cell voltage of 2.1 V,
i.e. the lead-acid battery, was based on an aqueous electrolyte,
thanks to the slow kinetics of side reactions. Because of the
voltage limit in aqueous electrolytes, liquid organic electrolytes
which possess a similar fast ionic conductivity have been widely
used in Li-ion batteries instead.[3,4] On the other hand, liquid
organic electrolytes, which usually contain flammable groups such
as carbonates and ethers, are facing more serious safety issues in
post-Li-ion batteries, which have much higher energy densities.[13]

In this regard, inorganic crystalline electrolytes,[6,7] polymer

electrolytes[14,15] and room-temperature ionic liquids[16,17] are
promising alternatives.

Being ionic conductors, good ionic conductivity is a key
requirement for electrolytes in order to reduce the concen-
tration polarization and to enhance the diffusion rate. Different
types of electrolytes achieve this through various types of ion
transport mechanisms.[18] In aqueous electrolytes, the ion
travels largely with its solvation shell and diffuses slower than
the solvent molecules, which leads to the so-called vehicular
mechanism; in polymer electrolytes, the ion hops among the
solvent molecules and diffuses faster than the solvent, which is
termed the structural mechanism. While the ion conduction in
liquid organic electrolytes can vary between the vehicular
mechanism and the structural mechanism due to the nature of
the solvent, that in inorganic crystalline electrolytes occurs
essentially by way of the structural mechanism via vacancies
and interstitial sites. In addition, the concentration of electro-
lytes is another determining factor for the ionic conductivity.
Increasing the electrolyte concentration does not only affect
the ion transport because of the ion-ion correlation and the
ion-pairing,[19,20] but it can also lead to a remarkable electro-
chemical stability, e.g. “water in salt” electrolytes which can
stand up to 3 V operating voltage for Li-ion battery
applications.[8,18]

Apart from desired bulk properties of the electrolyte such
as a good ionic conductivity and a high electrochemical
(thermal) stability, electrolyte interfaces are of paramount
importance in electrochemical energy storage systems. There
are two types of electrolyte interfaces: electrode-electrolyte
interfaces and electrolyte-electrolyte interfaces. A famous
example in the former case is the solid-electrolyte interphase
(SEI) that grows at the carbon anode/liquid organic electrolyte
interface due to the accompanying redox reactions.[21] What is
astonishing is that in contrast to ethylene carbonate, propylene
carbonate, which has a single methyl group difference, cannot
form a stable SEI and leads to the exfoliation of the graphitic
anode because of co-intercalation.[22] This highlights the
necessity to understand the interfacial chemistry at the
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electrode-electrolyte interface.[23] The same applies to electro-
lyte-electrolyte interfaces, which seem less mentioned. Besides
the obvious case in composite electrolytes,[24] where the
interfacial resistance can be a critical issue,[7] one needs to
realize that the SEI itself is an electrolyte as well and electro-
lyte-electrolyte interfaces are ubiquitous. In addition, it is worth
mentioning that electrodes are usually in the form of porous
structures. This means that the electrolyte is actually in (nano)
confinement and possesses unique physico-chemical proper-
ties, which has been the key to the success of high-voltage
supercapitors.[9,10]

The vast amount of insight about electrolytes and electro-
lyte interfaces in electrochemical energy storage systems, that
has been collected so far and mentioned above briefly, would
not have been possible without spectroscopic measurements
and structural characterizations.[25] Compared to the top-down
approach commonly used in experiments, atomistic modelling
is usually built in a bottom-up fashion and provides comple-
mentary information. Based on the principles of quantum
mechanics and statistical mechanics, density functional theory
(DFT) calculations[26] and DFT based molecular dynamics
(DFTMD) simulations[27] are eminently suitable techniques for
modelling electrolytes and electrolyte interfaces where the
distinction between reactive solutes and solvent has all but
disappeared. Despite recent advances in the applications of
DFT and DFTMD in this area,[28–37] many electrochemical proper-
ties of bulk electrolytes and electrolyte interfaces, and the
corresponding processes, e.g. fully converged ionic conductiv-
ities and ion migrations across the grain boundary, cannot

possibly be described with a few hundred atoms and tens of
picoseconds which are typical for DFTMD.[38,39] Therefore, data-
driven approaches such as atomistic machine learning may be
a game changer because of the automated feature engineer-
ing, and the universal approximation ability.

In this review, we will focus on recent developments and
applications of atomistic machine learning in modelling electro-
lytes and associated interfaces. The goal is to provide a timely
snapshot of this emerging area and to identify gaps and new
directions. Standing as computational (electro)chemists, we
limit the scope of this review to the intersection between
atomistic modelling and machine learning, where exciting
progresses such as automated experiments with machine
learning will not be included here.[40] In addition, our viewpoint
is from electrolytes, where long-range interactions, external
fields, fluctuations and dynamics are important. Therefore,
atomistic machine learning of electrode materials will not be
discussed and excellent reviews covering this topic can be
found elsewhere.[41–44] In the following, we will first introduce
the framework of atomistic machine learning and discuss
technical aspects which are particularly relevant to modelling
electrolytes. Then, selected examples on different types of
electrolytes and electrolyte interfaces modelled with atomistic
machine learning will be presented, where challenges and new
opportunities will be discussed.
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2. Atomistic machine learning

2.1. Atomistic machine learning in a nutshell

According to Arthur Samuel who coined the term, machine
learning is defined as a field where “Programming computers
to learn from experience should eventually eliminate the need
for much of this detailed programming effort”.[45] In general,
machine learning techniques become useful when i) We have
data; ii) There is a pattern in the data; iii) The pattern is difficult
to describe mathematically.[46] When we have data in both the
input space X and the output space Y, then the data are called
labelled data and machine learning applied to this data is
supervised learning. Otherwise, in unsupervised learning, we
deal with data in the input space X only. While unsupervised
learning is quite powerful in data clustering and dimensionality
reduction, it is supervised learning which beats humans in
image recognition.[47] In supervised learning, neural networks
(NN) with regularization and kernel methods such as Gaussian
process regression (GPR) and kernel ridge regression (KRR) are
popular choices.[48] In spite of their different technical flavors
and computational efficiencies, the goal to maximize the
posterior probability p h xð ÞjD ¼ f xi; yið ÞgN

i¼1

� �
for a chosen

model h given data D is the same.[49]

The key aspect of current atomistic machine learning[50–53] is
to establish a computationally efficient mapping
h : xi; Zi; S;Q;D � � �f g ! y via machine learning techniques such
as NN, GPR and KRR,[48] where y is the desired property, xi is the
position of atom i, Zi is the atomic number of atom i, S is the
multiplicity of the system, Q is the net charge of the system
and D is the external electric field. One popular task in
atomisitic machine learning is to approximate the potential
energy surface (PES), i. e. machine learning potential, when y is
the potential energy. A machine learning potential has the
ability to provide quantum mechanical accuracy without
explicitly including electrons,[54] thanks to the flexibility of the
multi-layer high-dimensional atomic neural network developed
by Behler and Parrinello.[55] Beyond machine learning potentials,
atomistic machine learning has also been successful in
predicting physico-chemical properties of molecules and
materials in both compositional and conformational
spaces.[56–58]

To successfully carry out atomistic machine learning, one
would need representations of the data, i. e. so-called descrip-
tors, and representative data, i. e. a subset of the data with the
most information and a low redundancy. We will survey these
aspects in the following sections, including considerations
which are particularly important for modelling bulk electrolytes
and electrolyte interfaces, e.g. long-range interactions and
external fields.

2.2. Descriptors in atomistic machine learning

What makes atomistic machine learning unique is that the
input data contains at least element types and structures of
molecules or materials. This further requires descriptors in

atomistic machine learning to satisfy two conditions: symmetry
and uniqueness. A good descriptor should be invariant under
symmetry operations such as translation and rotation of the
entire structure, and the permutation of same-type atoms. This
prevents nonphysical behavior of the resulting PES and reduces
the dimension of the descriptor space. A unique descriptor
means that there is a one-to-one mapping from each structure
to each representation given by the descriptors. This guaran-
tees that the learning algorithm always reaches a higher
accuracy with more data.[59,60] Generally speaking, there are
three types of descriptors in the current landscape of atomistic
machine learning: global descriptors, local descriptors and
graph based descriptors, which are summarized in Figure 1 and
discussed as follows.

While the internal coordinates such as bond length are
natural descriptors which satisfy the translational and rotational
symmetry, additional procedures are needed in order to
preserve the permutational invariance which was recognized in
the early works[61,62] and led to the development of permutation
invariant polynomials (PIPs) for an entire molecular cluster.[63]

However, the major limitation of global descriptors G fxig
N
i¼1

� �

for a N-atom system is that they are hard to apply to
condensed phase systems with periodic boundary conditions.
Global descriptors either do not transfer to systems of different
sizes (e.g. the Coulomb matrix:[64] a N� N matrix with scaled
and inverse atomic distances) or degrade in terms of perform-
ance with an increasing number of atoms (e.g. the Bag of
Bonds:[65] an element-pair histogram of the Coulomb matrix).

The issue with global descriptors was overcome by
exploring the locality of chemical interactions.[66] Behler and
Parrinello (BP) proposed the decomposition of total energy into
atomic contributions and the usage of atom-centered
descriptors.[55] In the same spirit, a spectrum of local descriptors
L xi; fxjgj2Oi

� �
, which contains a center atom i and surrounding

atom j in its neighborhood Oi, was constructed by histograming
many-body correlation functions, e.g. the BP symmetry
functions (SFs), the many-body tensor representation (MBTR)
and the Faber-Christensen-Huang-Lilienfeld (FCHL)
descriptor,[55,67,68] employing a local version of the symmetry
invariant polynomials, e.g. atomic PIPs and the moment tensor
potential (MTP),[69,70] referring to the atomic local frame (ALF)
with the center atom as the origin[71,72] and using symmetrized
coefficients from the spherical harmonics expansions of the
atomic density, e.g. the Smooth Overlap of Atomic Positions
(SOAP) descriptor.[54,73,74] Interestingly, it has been shown
recently that different ways of creating unique and symmetric
descriptions are largely equivalent.[75,76]

Local descriptors enjoy convenience and efficiency, since
their dimensions are pre-chosen and independent of the size of
the physical system. However, many physical phenomena
relevant to electrolytes and electrolyte interfaces, such as ion-
ion correlations,[77] charge defects at the interface[78] and charge
transfer in organic electrodes,[79] are long-range in nature. In
DFT, the energy functional E 1 xð Þ½ � reaches its minimum value
when the electron density 1 is the exact ground state
density.[80] When distributing the electron density as point
charges qi, the corresponding total energy Etot has to satisfy the
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same variational principle (Eq. 1) and this ensures the proper
inclusion of induction and charge transfer effects. On the other
hand, the Hartree potential VH xð Þ in DFT includes the 1=r decay
over all the space and it transforms to the familiar summation
when using the point charge representation (Eq. 2). This long-
range feature in the Hartree potential also makes the
computation rather expensive in condensed phase systems
with periodic boundary conditions.

dE 1 rð Þ½ �

d1 rð Þ
¼ m)

@Etotðfqig
N
i ; fxig

N
i Þ

@qi
¼ 0 (1)

VH rð Þ ¼
Z

1 r0ð Þ
r � r0j j

dr0 )
XN

i

qi

x � xij j
(2)

The simplest way of adding long-range interactions is to
use a non-self-consistent Coulomb term as the baseline model
and to generate the short-range atomic energy description on
top of that, as first applied to different crystal structures of ZnO
with BP neural networks.[81] While this ad hoc approach is
possible, self-consistent schemes would be preferred. The first
scheme appeared by introducing environmental-dependent
atomic electronegativities χi and element-specific hardness
Jii.

[82] Note that point charges qi in this scheme were solved
variationally following Eq. 1, and are therefore self-consistent.
Recently, a different scheme was devised to achieve self-
consistent point charges by including new types of reference
data in the training, which contains the derivative of the total
energy with respect to the charge @Etot=@qi from constrained
DFT.[83] Alternatively, when considering 1 in Eq. 2 as super-
imposed atomic densities instead of the electron density, the
1=r decay can be incorporated smoothly into the descriptor,[84]

where the explicit inclusion of charges was bypassed.

Crafting global and local descriptors requires insight and
domain knowledge in physics and chemistry, which is in
contrast with end-to-end deep learning.[85] In deep learning, the
representation of the input is learned from data rather than
handcrafted. In particular, graph convolution neural networks
(GCNNs), which consider the atoms as nodes and the pairwise
interactions as weighted edges in the graph and explore the
idea of local receptive field, are an emerging approach in
atomistic machine learning of both molecules and
materials.[86–88] In GCNN, one can view the graph convolution
operation as an iterative generator of local descriptors by
aggregating neighboring atomic information. This is carried out
through two consecutive steps: a pairwise interaction operation
(PI) and an interaction pooling operation (IP). First, the edge

feature vector~I t
ij ¼ PI ~P t

i ;
~P t

j ; rij

� �
is updated by the PI function

using the node feature vectors ~P t
i and ~P

t
j of two atoms and

their distance rij, where t is an iterator which goes up to the
number of graph convolution blocks NGC. Then, the IP function
creates an update of the node feature vector through

~P tþ1
i ¼ IP

P

j

~Itij

 !

, where the summation ensures the permuta-

tion invariance. The actual form of the IP and PI functions varies
from one GCNN to another: for instance, the edge feature
vector ~Iij depends on both node feature vectors ~Pi and ~Pj in
PiNet,[88] so that each component of the edge feature vector~Iij
has its own radial dependence. This differs from the commonly
used single radial-dependent filter function (i. e. the attention
mask) as in SchNet.[86]

Apart from the automated descriptor engineering, there are
several advantages of GCNN over global and local descriptors.
Because the generation of node feature vectors includes the

Figure 1. Representative descriptors used in atomistic machine learning. a) Illustrations of different descriptors categorized by their characteristic features.
Adapted from Ref. [90] under the terms of CC-BY licence (Copyright 2020 Himanen et al.) for the many-body tensor representation (MBTR), Ref. [69] under the
terms of CC-BY licence (Copyright 2020 van der Oord et al.) for the permutation invariant polynomials (PIP), Ref. [65] with permission (Copyright 2015
American Chemical Society) for the Bag of Bonds (BoB), Ref. [91] under the terms of CC-BY licence (Copyright 2013 Montavon et al.) for the Coulomb matrix
(CM), Ref. [71] with permission (Copyright 2008 American Chemical Society) for the Atomic Local Frame (ALF), Ref. [92] with permission (Copyright 2019
American Chemical Society) for the Symmetry Function (SF), Ref. [75] with permission (Copyright 2019 AIP Publishing) for the Smooth Overlap of Atomic
Positions (SOAP) descriptor, Ref. [68] with permission (Copyright 2018 AIP Publishing) for the Faber-Christensen-Huang-Lilienfeld (FCHL) descriptor, Ref. [93]
with permission (All rights reserved by Klaus-Robert Müller) for SchNet and Ref. [88] under the terms of CC-BY licence (Copyright 2020 Shao et al.) for PiNet. b)
Learning curve of selected descriptors for the QM9 dataset. Plotted with data from Ref. [94] for SF and MBTR, Ref. [53] for CM, BoB, SOAP, FCHL and SchNet.
Data for PiNet was generated using the same method as detailed in Ref. [88] with a varying training set size.
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element specificity by construction, GCNN has exactly the same
subnet for each element and the number of parameters in the
network is constant with respect to the increase of elements. In
addition, the interaction range in GCNNs is NGC � Rc, with Rc as
the cutoff radius. In this way, long-range interactions can be
effectively included. Moreover, compared to many-body or
density based descriptors, the computational complexity of
GCNN scales linearly with the number of neighboring atoms.
This comes from the fact that ~Iij is already a many-body
function through the iteration of GC blocks. Therefore, only
pairwise filters are normally needed. Nevertheless, it needs to
be pointed out that the uniqueness problem of graph
convolution’s expressive power is still under active
investigation,[89] although its representation is likely to be over-
complete as evinced by a linear behavior of the corresponding
learning curve even with hundreds of thousands of data
(Figure 1).

2.3. Coupling to external fields in atomistic machine learning

When it comes to the modelling of electrolyte interfaces, the
inclusion of the electric double layer (EDL) is inevitable. The
meeting of two phases gives rise to charge separation at the
boundary, which leads to the formation of EDL. Recently, it has
been shown that finite field MD simulations can be quite useful
for modelling EDLs at electrolyte interfaces with both metal
oxides and metals.[95–99] In contrast to the standard Hamiltonian,
the finite field Hamiltonian contains terms which couple
polarization P to the Maxwell field.[100] Thus, this calls for new
schemes to include the description of polarization P and its
finite field coupling for both molecules and materials in
atomistic machine learning (Figure 2).

Polarization P, the key quantity in finite field MD, is
calculated differently for different types of systems. For isolated
molecules or clusters, it is more convenient to express polar-
ization P in terms of its counterpart dipole moment M. In this

case, the dipole moment M, which contains both an ionic
contribution Mion and an electronic contribution Me can be
computed from either electron density 1 rð Þ or atom-centered
point charge qi (Eq. 3). For condensed phase systems with
periodic boundary conditions, P is formally defined through the
Berry phase formula instead (Eq. 4),[101] where Ψ is the many-

body wave function, e
i 2p=Lð Þ

P

i

r̂
i is the multiplicative operator

and L is the cell length of a cubic lattice (for the sake of
simplicity) with the volume Ω. Equivalently, polarization in
condensed phase systems can also be expressed using the
maximally localized Wannier centers �rj which reflect the
average position of occupied state j.[102] As a consequence,
different representations of polarization mean different regres-
sion tasks in terms of atomic charges qi, Wannier centers �rj and
electron density 1 rð Þ in atomistic machine learning, as
summarized below.

M ¼ Mion þMe ¼
XN

i

Zixi þ

Z

r1 rð Þdr ¼ ) M ¼
XN

i

qixi (3)

P ¼
Mion

W
�

eg

2pL2 ¼
Mion

W
�

e
2pL2 Im ln Y e

i 2p=Lð Þ
P

i

r̂
i

�
�
�
�

�
�
�
�Y

� �

) P ¼
1
W

Mion �
Xocc

j

2e�rj

 ! (4)

The best way to assign these atomic charges qi is some-
thing chemists have struggled with for decades because there
is no unique way to define the atomic charge. This is
manifested by the co-existence of three main categories of
charge analysis methods in computational chemistry:[103] wave
function-based methods, methods based on the partitioning of
the electron density, and methods which derive charges from
the electrostatic potential (ESP). Depending on the type of
reference charges used, atomistic machine learning has been
applied to predict different types of atomic charges using local
descriptors.[81,104,105] In this context, the Wannier centers �rj may
be seen as off-centered point charges in which their values are
prescribed and their positions are to be determined. A local
reference frame can be used to ensure the predicted Wannier
centers rotate together with molecular entities in condensed
phase systems and fluctuate near the most electronegative
atoms during the time evolution of the system.[106]

Unlike atomic charge or the Wannier centers, electron
density 1 rð Þ is defined on a large number of grid points,
making training and prediction a data-intensive task. This issue
was first addressed by projecting the charge density to the
Fourier basis, and describing the atomic configuration with a
smooth nuclear potential.[107] However, this global descriptor
approach limits its transferability to larger systems as men-
tioned in Section 2.2. Treating electron density as the super-

position of atomic contributions 1 rð Þ ¼
PN

i
1i rð Þ transforms the

problem into the description of local chemical environments.
Similar to the case of predicting atomic multipoles, the
anisotropic electron density benefits from local descriptors that

Figure 2. Combining finite field Hamiltonians with atomistic machine
learning. n ¼ rN;pN

� �
are the classical degrees of freedom of the N atom

system. E is the homogeneous Maxwell field and D is the displacement field.
P is the polarization and Ω is the cell volume. Reproduced from Ref. [99]
under the terms of CC-BY licence (Copyright 2020 Zhang et al.).

Batteries & Supercaps
Minireviews
doi.org/10.1002/batt.202000262

589Batteries & Supercaps 2021, 4, 585–595 www.batteries-supercaps.org © 2020 The Authors. Batteries & Supercaps published by Wiley-VCH GmbH

Wiley VCH Montag, 29.03.2021

2104 / 190085 [S. 589/595] 1

http://orcid.org/0000-0002-7167-0840


1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

54

55

56

57

are co-variant to coordinate transformations such as the one
used in the Symmetry Adapted (SA)-GPR method.[108] An
alternative to this is to treat grid points as imaginary atoms,
and to use local descriptors based on that.[109,110] Note that the
latter approach circumvents the difficulty of regression on
tensorial properties, however, it also requires a higher
computational overhead because of the large amount of grid
points.

2.4. Dataset generation and active learning

The purpose of sampling in atomistic machine learning is to
generate a representative and labelled dataset. The prevailing
set of techniques to fulfil this purpose is called active learning,
in which the key ingredient is sending queries (i. e. a selection
of unlabelled data) to the labelling source during the
learning.[111] Depending on whether the query is synthesized by
the learner de novo or not, there are two main scenarios in
active learning: “Query Synthesis“ and “Pool-based Sampling”.
However, “Query Synthesis“ seems more appropriate in atom-
istic machine learning, in particular for developing machine
learning potentials (Figure 3). It shares a similar spirit with the
“learn on the fly” (LOTF) scheme used for accelerating MD
simulations,[112,113] in which new quantum-mechanical calcula-
tions (i. e. labelling) used to fit a classical potential were
performed only once in a while and MD trajectories were
produced with the classical potential instead.

One way of performing active learning is directly using the
descriptor. A widely adapted strategy is to propose queries
based on the distance between data points in the descriptor
space. The simplest way is to detect extrapolations according
to the feature boundary of the training set.[114] Otherwise, the
method of novelty detection based on the current density of
points in the configurational space can be used, where new
data that appear in the low density region are preferably

included.[115] When it comes to kernel methods such as GPR and
KRR, it is advantageous to find the optimal subset since the
computational complexity with respect to the training data size
n scales as O n3ð Þ. This includes maximizing the volume (the
determinant) of the feature space following the D-optimality
criterion,[116] finding the best columns of the data matrix with
the leverage-score CUR algorithm[117] and farthest point sam-
pling (FPS) which sequentially labels new data with the longest
distance from the existing ones.[118] In addition, dimensionality
reduction methods such as PCA can be used to cluster
reference data and to perform grid based sampling with
principal components.[119]

Another way of proposing queries is to use the model’s
uncertainty of the prediction. This is explicitly done as part of
Bayesian models such as GPR[120–122] or by estimating the
uncertainty with an ensemble of models, i. e. the query by
committee (QbC) method.[123–125] Not surprisingly, the uncer-
tainty estimation method affects the convergence of the
learning algorithm. It has been shown that using the variance
from GPR in active learning may lead to 1 order of magnitude
larger prediction errors compared to that based on QbC.[120]

Presumably, an overconfident estimation of the potential
energy combined with a Boltzmann sampler, e.g. MD simu-
lation, would potentially cause certain structures to be
neglected, which cannot be signaled by evaluating the
generated dataset. However, even QbC may still underestimate
the uncertainty, in which case the descriptor based uncertainty
measurement might be more reliable.[126]

3. Selected examples

3.1. Liquid electrolytes

The applications of atomistic machine learning to liquid
electrolytes in the literature are mainly centered around
predicting the electrochemical stability window and the ionic
conductivity.

High-throughput computational screening of potential
electrolyte materials has been routinely carried out for organic
solvents and ionic liquids. For example, the ionization potential
(IP) and the electron affinity (EA) were estimated as indicators
of the electrochemical stability window of redox active
species.[127–129] Obviously, the ranking accuracy depends on the
iterative inclusion of structure relaxation, solvent effects and
higher-level electronic structure calculations. To this end,
machine learning potentials can accelerate screening tasks
when the required high-level calculations become computa-
tionally prohibitive. For example, Wang et al.[130] combined
active learning with GCNN to explore the configurational space
for ether-lithium complexes. They showed that the configura-
tional space visualized by a 2D projection of the SOAP
descriptor was well covered after adding 22763 geometries
from 40 distinct oligoethers to the training set.

At the same time, the transport properties of electrolytes
such as ionic conductivity, transference number and viscosity
requires simulating bulk liquid electrolytes at a time-scale

Figure 3. Illustration of a typical workflow in the active learning of the
potential energy surface. Labelled data stands for atomic structures with
energy and force information obtained from reference quantum-mechanical
calculations. Unlabelled data means new atomic configurations generated
by an exploration method (e.g. MD or MC simulation). Proposed query is an
unlabelled data point which is selected based on certain metrics (e.g.
descriptor distance, descriptor density and model uncertainty) and passed to
reference quantum-mechanical calculations. See Text in Section 2.4 for
details.
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beyond what DFTMD can typically offer. Although those tasks
can be performed with classical force fields, reactive species,
polarization and charge transfer effects are often neglected. In
this regard, machine learning potentials can serve as a more
efficient alternative. Hellström and Behler[131] parameterized a
reactive BPNN potential for an aqueous NaOH solution using
16113 reference structures from DFT calculations at different
concentrations up to the solubility limit, which gave a root
mean square error (RMSE) of energy and force as 1 meV/atom
and 180 meV/Å respectively. This potential subsequently
enabled the prediction of full ionic conductivities at different
concentrations and temperatures in alkaline electrolyte solu-
tions, which were in reasonable agreement with
experiments.[132] Along the same line, Tovey et al. had used
SOAP descriptors with GPR to generate a Gaussian approxima-
tion potential for molten NaCl with a RMSE of energy as
1.5 meV/atom.[133] They showed that the computed self-diffu-
sion coefficients of Na+ and Cl– ions from MD simulations using
this potential agree well with experimental results.

3.2. Solid electrolytes

There are a number of examples in the literature where
atomistic machine learning was applied to study solid state
electrolytes (SSEs), going from computing diffusion coefficients
with machine learning potentials to mapping the composition-
conductivity relationship.

Approximating the PES of ion-conducting crystalline materi-
als with machine learning potentials is quite promising in the
area of quantitative conductivity predictions for SSEs. A
summary of these works is given in Table 1. Compared to
experiments, the predicted diffusion activation energy has an
error between 20 meV to 130 meV.[134–140]

As mentioned before, the training set constitutes the
largest part of the computational cost and determines the
applicability of the trained machine learning potentials. The
simplest approach is to generate a large set of data that covers
the widest possible variety of structures. Li et al.[134] emphasize
the importance of tailoring the dataset to the area of

application. In the case of studying diffusion, that means
including structures from the region around the diffusion
activation barrier. They did that by including transient
structures obtained from nudged elastic band (NEB) sampling,
which turned out to reduce the error of model predicted barrier
energies from 73 meV to 48 meV. Alternately, attempts have
been made to design automated active learning frameworks
(See Section 2.4) in studying superionic conductors. The work-
flow of Wang et al.[136] is based on LOTF-MD where MTP was
trained on an initial training set generated from high-temper-
ature DFTMD. Whenever in production a new structure was
encountered via the extrapolation grade criterion, then that
structure was labelled and the model was retrained. By doing
this, they achieve an impressive computational speedup of 107

with LOTF-MD, compared to DFTMD. Similarly, Marcelongo
et al.[137] combined LOTF with DeepMD,[72] where evenly spaced
trajectory frames sampled with an initially trained machine
learning potential were labelled and added to the training set,
then the network was retrained and the process was repeated
periodically. In their scheme, the convergence of the workflow
was controlled via monitoring the evolution of the target
property, i. e. the cation diffusion coefficient. Huang et al.[138]

used uncertainty based active learning to conduct exploration,
labelling and training steps, where the maximum uncertainty of
forces within a predefined window was used as the criteria to
select queries for labelling. Guan et al.[140] explored a global
optimization technique, i. e. Stochastic Surface Walking (SSW),
in the data generation for training a neutral network potential
to investigate the oxygen anion diffusion.

While these are certainly impressive feats, there is still a
long way to go towards screening the entire chemical space for
superionics, even with efficient bond-valence calculations to
estimate the ion migration barrier.[141] One of the bottlenecks is
to get sufficient amount of high-quality labelled data. In this
regard, transfer learning (TL), in which the knowledge learned
from the source task is used in the learning of the target
task,[142] could be quite useful here. Cubuk et al.[143] first trained
a linear support vector machine model with 40 experimental
data and physically inspired descriptors such as the equilibrium
Li-anion distance, then made predictions on 12176 lithium

Table 1. Summary of works on SSEs using machine learning potentials. The abbreviations used in this table are: neural network (NN), symmetry functions
(SFs), moment tensor potential (MTP), linear regression (LR). See Section 2.2 and Section 2.4 for details of technical terms.

Ref. System Descriptor Method Training set RMSE

[134] Amorphous Li3PO4 SFs NN 38592 structures from DFTMD up to
4000 K and NEB for diffusion paths

E: 6 meV/atom

[135] Amorphous Ta2O5 SFs NN 2000 structures from simulated annealing
starting at 6000 K from DFTMD

E: 5 meV/atom

[136] Eight crystalline Li
oxides and sulfides

MTP LR LOTF with 7500 structures from
15 ps DFTMD at 1000 K

E: 6 meV/atom
F: 84 meV/Å

[137] LGPS, LLZO, NASICON DeepMD NN LOTF with initial structures between 60 to 240
from DFTMD at 300 K, 600 K and 900 K

Not reported

[138] Three LGPS-type
superionic conductors

DeepMD NN Active learning with 590 randomly perturbed
structures from DFT

E: 2 meV/atom
F: 80 meV/Å

[139] Tellurium compounds
PbTe and CdTe

SFs NN 4898 (PbTe) and 2866 (CdTe) defect-free and
interstitial cation containing crystalline
structures from DFT

E: 0.5 meV/atom
F: 70 meV/Å

[140] Yttria-stabilized zirconia
Y2xZr1-2xO2-x

SFs NN 28803 DFT calculations including Zr, ZrOx,
Y2O3, and Y/Zr mixed oxides

E: 7.7 meV/atom
F: 165 meV/Å
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containing structures from the Materials Project (materialspro-
ject.org), and finally trained a model using this transferred
knowledge and chemical compositions as the only inputs to
screen 20 billion ternary and quaternary lithium-containing
compounds. Similarly, Hatakeyama-Sato et al.[144] used GCNN to
create a 32-dimensional feature vector by training on de novo
generated polymer/monomer structures and their 2000 molec-
ular properties such as the molecular polarizability, then
transferred this learned feature vector together with the other
system information such as the one-hot coding of inorganic
additives to GPR in order to map the relationship between the
composite polymer and the experimentally measured conduc-
tivity for 3000 data points. By screening different chemicals,
they were able to identify dimethyl-substituted polyphenylene
sulfide (PMPS) as a promising glass polymer electrolyte
material.

In contrast to crystalline inorganic electrolytes, the dynam-
ics in polymer electrolytes account for the long-distance ion
transport.[19] Xie et al.[145] applied GCNN to coarse-grain the
dynamics and to learn a linear Koopman model from MD data
of a solid polymer electrolyte system – poly(ethylene oxide)
(PEO) and lithium bis-trifluoromethane sulfonimide (LiTFSI). By
training a four-state (i. e. local solvation environments) Koop-
man model with 5 independent 80 ns MD trajectories, they
were able to predict the full ionic conductivity and to single
out the contribution of each state.

3.3. Electrolyte interfaces

Compared to bulk electrolytes, the complexity of electrolyte
interfaces is enormous. On the one hand, this imposes a
great challenge for modelling electrolyte interfaces with
atomistic modelling; on the other hand, it offers a fantastic
opportunity for atomistic machine learning. Indeed, a
number of examples have already emerged, focusing on the
interfacial stability and dynamics (Figure 4).

Ahmad et al. used a GCNN to train and predict the
mechanical properties of inorganic solid electrolytes, which
is an important factor for stabilizing the interface and
suppressing dendrite growth in lithium metal batteries.[146]

2041 crystal structures from the Materials Project database
containing elastic properties were used to train the GCNN
model, which achieved an RMSE of 0.1268 and 0.1013 log
(GPa) for the shear and bulk moduli respectively. Then, using
mechanical properties predicted from the GCNN model as
inputs and computing the stability parameter c kð Þ which
indicates whether the electrodeposition is stable or not, they
were able to screen 12950 Li-containing compounds and to
confirm that none of the materials in the database can be
stabilized without the help of surface tension at k ¼ 108 m� 1.
Instead, by taking into account the anisotropy of the elastic
tensor of solid electrolytes and the orientation of the lithium
metal, they found 20 mechanically stable interfaces in the
electrolyte screening.

In addition to the mechanical stability, the thermody-
namic stability is another factor which plays an important
role in the screening of solid electrolytes for lithium metal

Figure 4. Applications of atomistic machine learning for modelling bulk electrolytes and electrolyte interfaces. Top left: the modelling of diffusion pathways of
Li atoms in the amorphous Li12P4O16 model, reproduced from Ref. [134] under the terms of CC-BY licence (Copyright 2017 Ando, Minamitani and Watanabe).
Top right: the direct property predictions from neural nets. Bottom left: the modelling of proton-transfer mechanisms at the Water-ZnO interface, reproduced
from Ref. [148] with permission (Copyright 2017 American Chemical Society). Bottom right: the prediction of contributions from local environments to the
lithium ion conduction in polymer electrolytes, reproduced from Ref. [145] under the terms of CC-BY licence (Copyright 2019 Xie et al.).
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anodes. Liu et al. established an automated workflow using
DFT calculations to determine all possible reactions when
Li7La3Zr2O12 (LLZOM, M=dopant) comes into contact with
differing amounts of Lithium and trained a KRR model with
100 data to map 15 structural features (such as the
coordination number) to the reaction energy for Li j LLZOM
interfaces.[147] With an RMSE of 0.04 eV for the reaction
energy, their KRR model predicted 18 unexplored LLZOM
systems, which were then validated by DFT calculations.

In these two examples just mentioned, the interface was
not modelled explicitly but rather introduced as either
orientational or as compositional information. The represen-
tation of the interface under experimental conditions calls
for the explicit modelling of solid-electrolyte interfaces with
atomistic machine learning. In this regard, Natarajan and
Behler attempted to develop a machine learning potential
for modelling solid-liquid interfaces between water and
copper surfaces.[149] In that study, the BPNN was used with
SFs as descriptors and DFT reference data which contained
9258 structures of bulk copper, bulk liquid water, ice as well
as cuprous oxide and several different ordered and disor-
dered copper/water interfaces. The reference calculations
were composed of periodic DFT calculations and DFTMD
simulations at 300 to 800 K. Subsequently, this dataset was
further refined by including missing structures extracted
from machine learning potential based MD simulations.
Additional data were also added following the QbC strategy
in active learning, as discussed in Section 2.4. This self-
consistent training led to a model accuracy with an energy
RMSE of 1 meV per atom, and an RMSE for the forces of
125 meV/Å. Note that even earlier Artrith and Kolpak
reported a study on bimetallic Au/Cu nanoparticles in
aqueous solution with a BPNN-type machine learning
potential, where training on energy alone allowed MC
simulations of the Au/Cu (211) jwater interface.[150] Compared
to the clean metal electrode surface, the oxide surface is
known to undergo hydroxylation in the presence of
adsorbed water molecules. The work from the Quaranta et al.
on the ZnO(10�10) jwater interface showed that surface
reactions such as proton transfer can also be well captured
by a machine learning potential.[148] A similar work for the
anatase TiO2 (101) jwater interface was done recently by
Calegari Andrade et al. with DeepMD.[151]

4. Summary and outlook

In this review, we introduced and summarized the main
ingredients of atomistic machine learning for modelling bulk
electrolytes and electrolyte interfaces. By discussing recent
examples according to their similarities and differences, we
aimed to provide a timely snapshot of this emerging area
and its connection to the past. The status quo focuses on
approximating the PES and predicting physico-chemical
properties (e. g. electrochemical stability, ionic conductivity,
elastic tensor) of inorganic solid electrolytes with supervised
learning (See Section 3). Obviously, there are many gaps to

be filled on the method development side and lots of new
applications to be explored.

Given that the problem of symmetry and uniqueness in
descriptor engineering has now been satisfactorily under-
stood in most cases (Section 2.2), further improvement could
focus on the interpretability. For instance, the GCNN
approach rationalized the model performance by visualizing
the connectivity of edge features.[88] It can be expected that
similar approaches would eventually help to improve both
the physical understanding and the practical performance of
atomistic machine learning.

Compared to inorganic solid electrolytes, studies on
generating machine learning potentials for liquid electrolytes
and electrolyte interfaces are just a handful. This is not really
a surprise, since the conformational space of liquid electro-
lytes and the complexity of electrolyte interfaces are much
larger. With the development of open-source codes and new
initiatives such as the BIG-MAP (Battery Interface Genome)
project,[152] significant progresses on developing machine
learning potentials for modelling liquid electrolytes and
electrolyte interfaces can be anticipated. However, as already
stated in Section 2.2. and 2.3., new generations of machine
learning potentials which are able to include self-consistent
long-range interactions as well as surface charges at
electrified interfaces would be needed to fulfill this purpose
on a full-scale. Furthermore, applications to supercapacitors
in addition to battery systems are yet to be seen.

The current paradigm of atomistic machine learning of
electrolytes focuses on supervised learning. However, un-
supervised learning can offer quite a different and comple-
mentary perspective in this area. Apart from clustering
structures to identify fingerprints of superionics in inorganic
solid electrolytes[153] and to distinguish different solvating
states in ion conduction from MD trajectories,[154] the low-
dimensional representation of coarse-grained dynamics can
be found using the variational approach of Markov
processes.[155] In addition, high-throughput computational
screening of electrolytes will benefit from the development
of generative machine learning models,[156] which could
propose a broad range of likely candidates beyond human
intuition.

Despite the fact that this review and the selected
examples lie at the intersection between atomistic modelling
and machine learning, it is clear that theoretical works need
the company of experimental works in order to crack real-
world problems in electrochemical energy storage systems.
In fact, machine learning may become another common
tongue (in addition to basic theories such as laws of
thermodynamics) which both theoreticians and experimen-
talist speak, because it provides a unified approach for
distilling computed and experimental data.
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