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Abstract

The rechargeable alkali-ion battery has emerged as a transformative technology,

revolutionizing portable energy storage in a wide range of applications, from small

electronic devices to large electric vehicles. In this review, we combine modern theo-

retical and computational methods with an examination of electrochemical properties

for lithium and post lithium-ion batteries. From fundamental thermodynamics and

kinetics to computational techniques for materials design, we examine frameworks for

deriving relationships for key battery properties such as voltage and capacity. We also

explore the complexities of ion migration processes, including hopping mechanisms

between lattice sites, and extend our focus to the broader field of electrochemical prop-

erties, including conductivity, redox potentials and interfacial properties. Finally, we

outline perspectives on the outstanding challenges and promising opportunities in the

theory and computation of rechargeable battery materials, paving the way for future

advances in energy storage technology.
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1 Introduction

The global trend to reduce carbon emissions has spurred significant interest in battery ma-

terials research, particularly as a key technology for electrifying transport and storing solar

and wind energy. At the same time, lithium-ion batteries have become widely used and are

driving the development of portable electronics.1,2 However, expanding the use of electro-

chemical energy storage for larger scale applications such as electric vehicles and grid storage

depends on meeting stringent performance, safety, energy density and cost requirements that

current technology may not fully meet.3,4

Research efforts have focused on two main avenues:5 refining existing lithium-ion technol-

ogy (advanced Li-ion) and exploring radical changes to its core components (post-Li-ion).6

The latter includes research into alternative mobile ions (e.g. Na-ions7–9 or Mg-ions10–15),

the use of metallic anodes and the implementation of solid electrolytes to develop solid-state

batteries.16,17 These post-Li-ion strategies are not mutually exclusive and can be combined to

tailor battery characteristics for specific applications. For example, combining a solid-state

battery with a metal anode shows promise for improving safety, cycle life, energy and power

densities.16,18

Inorganic solid-state materials, which enable fast ion conduction, are key to the design of

post-Li-ion batteries.19 The aim of this review is to explore the current understanding of the

material properties of inorganic solid electrode and electrolytes relevant to their integration

into rechargeable batteries. In particular, we focus on recent advances to highlight current

trends, directions and challenges in the field.

2 History of the battery

Over the past two centuries, scientific efforts have been devoted to understanding and manip-

ulating chemical processes to improve energy storage capabilities, a milestone characterized

by the pioneering work of Alessandro Volta on the battery in 1799.20 In the first century
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following Volta’s breakthrough, the focus was primarily on exploring the redox chemistry of

transition metals in aqueous electrolytic environments, exemplified by the use of lead-acid

batteries or Ni-metal hybrid configurations in various transportation systems. This era was

characterized by constraints imposed by the stability window of water, which limited op-

erating voltages to within 1.23 V. However, the advent of lithium-ion battery technology

heralded a transformative change, facilitated by the adoption of non-aqueous electrolytes.21

Freed from the limitations of the water stability window, lithium-ion batteries have enabled

significant improvements in both power and energy density within our energy storage infras-

tructure as shown in Figure 1.
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Figure 1: Milestones in the evolution of battery technology.

Figure 1 shows other key milestones in the evolution of batteries. Many of the battery

technologies highlighted here have had a long life in the marketplace and have endured over

the years or are still in use today. These include the lead-acid starter battery, the primary

zinc-carbon battery (e.g. cylindrical batteries used in flashlights), the alkaline manganese

round cell (used in cameras and remote controls) and the nickel-metal hydride battery (used

in razors and telephones).

Lithium-based technology, on the other hand, is a relatively recent development. Mass

production of primary lithium batteries began in the mid-1960s. Throughout the 1970s,
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luminaries in the field, including Michel Armand, Robert Huggins and Stanley Whitting-

ham, worked on intercalation electrodes using lithium ions. Whittingham22 has proposed

to combine lithium with titanium sulphide (TiS2) for the intercalation electrode epitomized

pioneering research, where intercalation refers to the incorporation of ions or small molecules

into layer or channel configurations.

In 1990, efforts to introduce rechargeable lithium metal batteries were hampered by safety

concerns.23 A year later, however, Sony introduced the lithium-ion cell using the intercalation

principle. The nomenclature “lithium-ion” was deliberately chosen to emphasize the absence

of metallic lithium in the anode. This breakthrough technology was based on John Good-

enough24,25 cathode patent and Sony expertise in carbon electrodes. The lithium-ion cell

used lithium cobalt oxide (LiCoO2)
26 for the cathode and amorphous carbon for the anode,

primarily targeting consumer electronics applications such as video cameras. Structurally,

the cell adopted a cylindrical design encased in robust materials.

2.1 Rechargeable Battery Operation

The presence of complex oxide phases27 with high ionic conductivity, coupled with the ability

to change the oxidation state of a d-metal ion, has facilitated the creation of materials

suitable for use as cathodes in rechargeable batteries. Examples include LiCoO2,
26 which

has a layered structure of interconnected CoO6 octahedra separated by Li+ ions (Figure 2),

and various lithium-manganese spinels such as LiMn2O4.
28 In these compounds, the battery

is charged by extracting mobile Li+ ions from the complex metal oxide as follows:

LiCoO2 → CoO2 + Li+ + e− (1)

The battery is discharged by an inverse electrochemical process. Lithium cobalt oxide,

commonly used in commercial lithium-ion batteries, has several essential characteristics for

such applications. The specific energy of LiCoO2 (140 Wh kg−1)29 is optimized by incor-
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How “rocking chair” battery works – the atomic scale

Typical value for Li-ion batteries: VOC ≥ 4 VFigure 2: Schematic representation of a Li-ion rocking chair battery cell. The main com-
ponents are a graphite anode, a metal oxide cathode and a Li-ion conducting electrolyte.
During the discharge process, Li ions are de-intercalated at the anode and intercalated at
the cathode, while the electrolyte is responsible for moving the ions between the electrodes.

porating light elements such as Li and Co. The 3d metals are typically favored in these

applications due to their low density and variable oxidation states. The small ionic radius

of lithium ions and the layered structure of LiCoO2 facilitate high mobility and reversible

electrochemical charging and discharging, allowing lithium ions to be extracted without sig-

nificant structural disruption. The high lithium content of LiCoO2 enables high capacity,

with around 500 discharge/charge cycles achievable. In addition, the battery delivers current

at a constant and high potential difference (between 3.5 and 4 V), due in part to the high

oxidation states of cobalt (Co3+ and Co4+).

Due to the chemical instability with a tendency to lose oxygen and toxicity associated with

cobalt,29,30 research is ongoing to discover oxide materials superior to LiCoO2. These new

materials must exhibit comparable levels of reversibility to lithium cobaltate. Considerable

effort is being devoted to exploring doped variants of LiCoO2 and LiMn2O4 spinels.28,31

There is also considerable interest in LiFePO4
32,33 due to its favorable cathodic properties

and the use of inexpensive and non-toxic iron.

In a rechargeable lithium-ion battery, the counter electrode to the cathode can simply be
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lithium metal, which facilitates the overall cell reaction by undergoing the Li(s) → Li+ + e−

process. Lithium ions then move to the cathode via an electrolyte, typically an anhydrous

lithium salt24 such as LiPF4 or LiC(SO2CF3)3 dissolved in a polymer such as poly (propene

carbonate). However, the use of lithium metal poses several challenges due to its reactivity

and the volume fluctuations that occur within the cell.23 Consequently, an alternative anode

material often used in rechargeable batteries is graphitic carbon (see Figure 2), which is ca-

pable of electrochemically intercalating significant amounts of lithium to form LiC6. During

discharge, lithium transfers between the carbon layers at the anode and intercalates into the

metal oxide at the cathode (and vice versa during charging):

LiyC6 + Li1−xCoO2 ⇄ C6 + Li1−x+yCoO2 (2)

This chemical reaction is expressed in terms of the neutral form of the charge carrier,

such as Li. In the absence of an open external circuit, there is no driving force for this

reaction. The maximum voltage of a battery, V , is determined by its open circuit voltage,

VOC, according to the following equation:

VOC = −∆G

zF
(3)

where ∆G is the free energy change of the combined anode/cathode reaction, F represents

the Faraday constant and z corresponds to the charge transferred during the chemical re-

action. In order to ascertain the open circuit voltage (VOC), it is necessary to consider the

specific chemical reactions that occur at the anode and cathode. Alternatively, the open cir-

cuit voltage can be determined by the difference in lithium chemical potentials,1,34 between

cathode (µcathode
Li ) and anode (µanode

Li ) as follows:

VOC = −µ
cathode
Li − µanode

Li

zF
. (4)

9



The operational voltage of a battery cell is typically lower than the open circuit voltage,

VOC, due to internal resistance and other losses. During charging, this process is reversed by

applying an external voltage, which must exceed to compensate for losses. In rechargeable

batteries, the chemical reactions occurring during both charging and discharging must be

reversible. While battery operation may appear straightforward, numerous challenges are

associated with it. In addition to ion shuffling during charge and discharge, the insertion and

de-insertion of ions into electrodes often result in volume changes. This poses a significant

issue for silicon-based anodes, which exhibit high specific capacity but undergo considerable

volume changes, up to a factor of three during cycling, resulting in mechanical stress.35

2.2 Cathode Chemistry

The enhancement of cell voltage and the development of cathodes necessitate the stabilization

of higher oxidation states within a lower energy band in the cathode and the stabilization of

lower oxidation states within a higher energy band in the anode. The primary challenge is

to access the lower energy band of a metal ion with higher oxidation states within a material

in order to increase the cell voltage.

From 1950 to 1980, the characteristics of transition metal oxides27 that the S-3p band

sits at a higher energy level than the O-2p band enabled researchers to devise oxide cathodes

(see Figure 3). Consequently, the ability to access lower energy bands containing higher

oxidation states, such as Co3+/Co4+, and thus attain elevated cell voltages, is constrained

by the summit of the S-3p band. Attempts to reduce the redox energy of the cathode by

exploiting higher oxidation states within a sulfide would result in the oxidation of S2− ions to

molecular disulfide ions (S2−
2 ).36 Conversely, within an oxide, the redox energy of the cathode

can be substantially curtailed by accessing lower energy bands, such as Co3+/Co4+, thereby

enabling the elevation of the cell voltage. The voltage is approximately 4 V, as the O-2p

band is at a lower energy level than the S-3p band.

The basic concept outlined here led to the identification of three distinct categories of
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a sulfide cathode. In contrast, the top of the O2−:2p band lying at a lower energy enables
access to lower-lying energy bands with higher oxidation states and increases the cell voltage
substantially to ≈ 4 V.

oxide cathodes in the 1980s. This effort who focused on layered oxide, spinel oxide, and

polyanion cathodes36 (see Figure 4). In particular, these classes remain the primary practical

options for lithium-ion batteries, with the layered and polyanionic variants also serving as

fundamental elements for sodium-ion battery cathodes.37

It should be noted that the suitability of cathode materials for different applications

is dependent upon their unique properties. Nevertheless, the selection of a specific cathode

material is not solely determined by electrochemical metrics (see Table 1). In addition, other

factors such as cost, durability and safety characteristics (illustrated in Figure 5) also play

an important role in the decision-making process.

Layered oxides offer a distinct advantage in applications where high energy density is

a priority. Their high operating voltages and consequent energy densities are due to the

redox properties of nickel, cobalt and manganese ions. However, these metals are notably

scarce in the lithosphere, leading to their high market prices, in contrast to the widespread

abundance and low cost of iron. As a result, lithium iron phosphate (LFP) emerges as

the most economical choice for producing of cathode material, although its advantage is
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Figure 4: The discovery of three distinct categories of oxide cathodes. Firstly, layered
LiCoO2, featuring octahedral-site lithium ions, exhibited a notable enhancement in cell volt-
age compared to TiS2, rising from below 2.5 V to approximately 4 V. Secondly, spinel
LiMn2O4, housing tetrahedral-site lithium ions, demonstrated an increase in cell voltage
from 3 V, characteristic of octahedral-site lithium ions with the Mn3+/Mn4+ couple, to
around 4 V, accompanied by a reduction in costs. Lastly, polyanion oxide LixFe2(SO4)3
presented an alternative approach to augment cell voltage via an inductive effect, elevating
it from below 2.5 V in a basic oxide like Fe2O3 to 3.6 V, while concurrently decreasing costs
and enhancing thermal stability and safety.

diminished due to its lower energy density compared to nickel cobalt manganese (NCM) and

lithium nickel cobalt aluminium oxide (NCA).

Despite their advantageous properties, oxides raise safety concerns as they can induce

oxygen evolution,29 potentially leading to cell ignition or even explosion. LFP, however, does

not present this risk due to its inherent properties and does not exhibit thermal effects up

to 300°C, unlike other oxide-based cathode materials which exhibit significant exothermic

effects.39 In addition, LFP and lithium iron manganese phosphate (LFMP) are environmen-

tally friendly and non-toxic, unlike heavy metal oxide compounds.

It should be noted that LFP is the sole cathode material that permits rapid charging and

discharging, despite only allowing lithium diffusion in one direction. In contrast, other mate-

rials offer two-dimensional or even three-dimensional lithium diffusion pathways. Although

it has not yet achieved the high energy and power densities characteristic of oxide cathode

12



Table 1: Comparison of Capacity, Working Voltage, and Energy Density of Cathode Mate-
rials. Data are taken from Ref.38

Material Capacity Working voltage Energy density
(Ah kg−1) (V) (Wh kg−1)

NCA (LiCo0.85Al0.15)2 200 3.7 740
LCO (LiCoO2) 160 3.9 624
NCM (LiNi0.33Mn0.33Co0.33O2) 160 3.7 592
LMO (LiMn2O4) 100 4.1 410
LFP (LiFePO4) 160 3.4 544
LFMP (LiFe0.15Mn0.85PO4) 150 4.0/3.4 590

Figure 5: Key performance parameters of four current battery chemistries (LFP, LMO, NCA,
and NMC). The inside and outside represent a low and high value, respectively. Reprinted
from Ref.,38 with permission from Springer Nature.

materials, incorporating manganese into LFP (LFMP)40,41 can increase these values by up

to 20%. The development of phosphate-based cathode materials, while promising, is still in

its infancy. By substituting iron for manganese, cobalt or nickel, higher operating voltages

and energy densities can be achieved, making phosphate-based compounds very promising

for future high-voltage applications.
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2.3 Anode Chemistry

Metallic lithium foil as the anode or negative electrode has a remarkably high specific ca-

pacity of 3860 mAh/g42 and exhibits a highly negative potential, resulting in a significantly

higher cell voltage. However, the effectiveness of cycling is reduced because lithium is contin-

uously dissolved during discharging and redeposited during charging. As a result, an excess

of lithium is required, often two to three times the normal amount. In addition, lithium

deposition can take the form of foam or dendrites,23,43 the latter potentially penetrating

the separator. These dendrites pose a risk of localized short circuits leading to complete

self-discharge of the cell or, in extreme cases, triggering an internal thermal chain reaction

leading to fire or explosion.

In order to create cells that are both safe and efficient in cycling, lithium metal is re-

placed with a material known as lithium intercalation. Typically, this intercalation process

is reversible, as in carbon, and does not involve any loss, thus preventing lithium plating.

Graphite anodes44 are standard in the lithium-ion cells commonly used in consumer electron-

ics (such as smartphones). However, there is growing interest in using amorphous carbons,

such as hard and soft carbons,45,46 in newer applications that offer higher power and energy

density, as well as improved safety features. These carbons often exhibit superior current

capabilities and are more stable when combined with innovative electrolytes and cathode

materials.

Lithium titanate and titanium oxide47 are emerging as potential alternatives for anode

active materials, offering improved cycling stability and meeting stringent safety and per-

formance requirements. However, their specific capacity is significantly low and they have

a high potential versus lithium. Figure 6 illustrates the specific capacity and potential of

the main anode materials. Despite significant research and development efforts, metal-based

systems have not yet reached mass production, indicating the need for further research.

Although the addition of carbon, such as C/Si or C/Sn composites,48 shows promise for

improvement, cycling stability remains a concern.
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5.1 Anode active materials – introduction

Secondary lithium cells initially had a metallic lithium foil as an anode (negative 
electrode) [1]. Pure lithium has a very high specific capacity (3,860 mAh/g) and a 
very negative potential, resulting in very high cell voltage. However, cycling effi-
ciency decreases as lithium dissolves repeatedly while the cell is discharging and 
lithium is deposited as it is charging. This means that two or three times the normal 
amount of lithium must be used. In addition, lithium can be deposited as foam and 
as dendrites. The latter might grow through the separator [2, 3]. These dendrites can 
cause local short circuits, which might result in the cell completely self-discharging 
or, in the worst case, lead to an internal thermal chain reaction, fire, or explosion.

Today, only small cells (especially button cells) are mass-produced. They meet 
low requirements in regard to cycling stability and fast chargeability with lithium 
metal anodes. Recently, however, trials with high-capacity cells have been resumed. 
Special separators (cf. Bolloré [4]) are used in these trials. The most important issues 
for these LMP (lithium metal polymer) cells are still safety and cycling stability.

To produce safe cells with a good cycling efficiency, lithium metal is replaced by 
a so-called lithium intercalation material [5–8]. Generally, the intercalation process, 
e.g., in carbon, is a reversible and loss-free process, and lithium plating does not 
occur [9, 10]. The lithium-ion cell of the typical 3C market (portable consumer 
applications) is equipped with anodes made of graphite. There is an increasing 
focus on amorphous carbons (hard carbons and soft carbons) in the new applica-
tions with higher power and energy density as well as improved safety. In part, they 
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Figure 6: Specific capacity and potential vs. Li/Li+ of the anode materials. Reprinted from
Ref.,38 with permission from Springer Nature.

2.4 Electrolyte Components

The ideal electrolyte must meet several criteria, including high conductivity over a wide

temperature range (–40°C to +80°C), stability over many cycles, and compatibility with

electrodes and other materials.49 Safety, environmental impact and cost effectiveness are also

important considerations.50 Meeting these requirements presents a number of challenges that

require innovative solutions. It is important to note that a single perfect electrolyte has not

yet been developed.

The electrolyte for lithium-ion batteries consists of three classes of materials: conducting

salt, organic aprotic solvents (or, in some cases, polymers) and additives. The interaction

between these elements largely determines the physical, chemical and electrochemical prop-

erties of the electrolyte and plays a crucial role in achieving the stated objectives.

A suitable lithium salt should exhibit maximum solubility and complete dissociation in

aprotic solvents, in order to ensure efficient lithium-ion mobility. Moreover, the lithium

salt must demonstrate high electrochemical stability against oxidation, in addition to robust

chemical stability towards the solvent and compatibility with all components of the cell, in
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particular the current collector and separator. From a chemical perspective, these require-

ments favor complex anions where the negative charge is widely distributed, resulting in a

reduced charge density. The reduced density of the anion reduces the attraction between the

anion and the lithium cation, thereby promoting free cation movement and ensuring high

mobility. The presence of electron-withdrawing groups, such as fluorine, highly fluorinated

organic radicals, carboxyl or sulphonyl groups, serves to minimize the interactions between

the anion and the lithium cation.

Lithium hexafluorophosphate (LiPF6) holds a unique position among potential com-

pounds, particularly in the field of lithium-ion batteries. With a conductivity of 8 to 12

mS/cm at room temperature and a concentration of 1 mol/l, LiPF6, when mixed with

organic carbonates which are blends of ethylene carbonate (EC) and dimethyl carbonate

(DMC), propylene carbonate (PC), diethyl carbonate (DEC), and/or ethyl methyl carbon-

ate (EMC), facilitates the production of highly conductive electrolytes.49,51 These electrolytes

exhibit electrochemical stability up to almost 5 V compared to the standard lithium elec-

trode.52 In particular, LiPF6 stands out among conductive salts for its ability to effectively

prevent corrosion of aluminium current collectors within the positive electrode, particularly

at potentials above 3 V against the standard lithium.

A high-voltage electrolyte is of significant importance for the development of lithium-ion

batteries.53,54 Organic fluoro-compounds have emerged as promising electrolyte solvents for

high voltage scenarios due to the heightened oxidation potentials conferred by fluorinated

molecules, which result from the electron-withdrawing effect of fluorine atoms.53 Zhang et

al.55 investigated the stability of different fluorinated electrolytes under high voltage condi-

tions, demonstrating that E5 electrolytes (1.2 M LiPF6 in F-AEC/F-EMC/F-EPE, 2/6/2

ratio) exhibited superior electrochemical stability compared to EC/EMC-based electrolytes.

Moreover, the substitution of EMC with F-EMC and EC with F-AEC led to a notable en-

hancement in the voltage limits of the electrolyte. Table 2 presents a comprehensive overview

of the physicochemical properties of these common solvents.
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Table 2: Physico-chemical characteristics of selected battery solvents. The values are taken
from Ref.38

Characteristics Carbonate Ester Ether
EC PC DMC DEC EMC EA MP DME THF

Melting point (°C) 36 -48 2-4 -43 -55 -83 -84 -58 -108
Boiling point (°C) 247-249 242 90 125-129 108 77 102 84 65-66
Viscosity (25°C) (cP) 1.9 (40°C) 2.53 0.59 0.75 0.65 0.45 0.60 0.46 0.46
Permittivity (25°C) 90 (40°C) 65 3.1 2.8 3.0 6.0 5.6 7.2 7.4
Flash point (°C) 160 135 15 33 23 -4 11 0 -17

In recent years, there has been a surge in the introduction of new formulations to replace

lithium hexafluorophosphate due to its susceptibility to hydrolysis. Among these, com-

pounds based on sulfonylimides such as lithium bis(trifluoromethylsulfonyl)imide (LiTFSI)

and lithium bis(fluorosulfonyl)imide (LiFSI) have emerged as promising alternatives. These

novel conductive salts offer conductivity levels comparable to LiPF6, thus meeting the de-

mands of high load current requirements. LiFSI has a remarkable conductivity of 12 mS/cm56

(0.85 M, 25 °C, EC/DMC), exceeding that of LiPF6 and making it particularly suitable for

high current applications. While LiTFSI has a slightly lower conductivity than LiPF6, its

dissociation in commonly used carbonates plays a crucial role. High dissociation levels ensure

sufficient conductivity and battery performance even at low temperatures.

The solvent should effectively dissolve lithium salts at high concentrations, which requires

a high dielectric constant to ensure ion solvation. At the same time, it should have a

low viscosity to facilitate unhindered ion transport, which is particularly important at low

temperatures and in high-voltage scenarios where rapid migration of lithium ions is essential.

The solvent must remain inert to all other components within the battery system under

various operating conditions, particularly the charged electrode materials and the current

collector, due to the increasing charging potentials of lithium-ion batteries. A wide liquid

range is desirable, so the solvent should have a low melting point and a high boiling point.

Safety, toxicity, flash point and economic factors are also important considerations.

In lithium-ion batteries, the negative electrode typically uses highly reducing materials
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such as lithiated carbon or graphite, while the positive electrode uses highly oxidizing mate-

rials such as lithium metal oxides or metal phosphates. Therefore, solvents with active acidic

protons, which could lead to hydrogen evolution, are unsuitable. Water is also excluded for

the same reason.

Among the organic solvents suitable for Li-ion batteries, ethers and esters, including or-

ganic carbonates, are recognized. While alternatives such as nitrile, functionalized silanes,

sulfones and sulfites are being discussed in academic contexts, ethers have lost favour due

to limited electrochemical stability with the introduction of 4 V transition metal oxides as

positive electrode materials. Esters, particularly organic diesters of carboxylic acids (carbon-

ates), are now commonly used. Mixtures of cyclic carbonates (e.g. ethylene carbonate [EC]

and to some extent propylene carbonate [PC]) are preferred because of their high dipole mo-

ment and moderate viscosity. Open-chain carbonates (dimethyl carbonate [DMC], diethyl

carbonate [DEC] and ethyl methyl carbonate [EMC]) with moderate dipole moments and

low viscosity are also used.

In some cases, open-chain esters such as ethyl acetate (EA) or methyl butyrate (MB) are

added as co-solvents to further enhance the performance of the electrolyte, particularly at

low temperatures.

In addition to facilitating the movement of lithium ions, electrolytes must perform addi-

tional functions to enhance both safety and performance. The evolving demands of emerging

applications such as electric vehicles and stationary energy storage require higher standards.

Essential to meeting these standards are additives that play a key role in optimizing the Solid

Electrolyte Interface (SEI), the interface between the negative electrode and the electrolyte,

which has a profound effect on the longevity and efficiency of lithium-ion cells.

A prominent example of such additives is vinylene carbonate,57 which is widely used in

commercial lithium-ion cells because it significantly improves cycling stability. Its effective-

ness is particularly evident during initial charge and discharge cycles, where it forms a thin

polymer-like film on the electrode surface just above the intercalation of lithium ions into
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the carbon, typically at potentials of around 1.0 – 1.1 V vs. Li/Li+.58 Several alternatives to

vinylene carbonate exist, including functionalized organic carbonates such as fluoroethylene

carbonate (FEC) and vinyl ethylene carbonate (VEC), and SEI-forming conductive salts

such as lithium bis(oxalato)borate (LiBOB). However, these developments are still at an

early stage.

The use of LiBOB as an additive is an example of deliberate modification of the SEI

structure.59 Different solvents lead to different SEI structures due to different reactivities on

the electrode surface. In ethylene carbonate (EC)-based electrolytes, the SEI consists mainly

of EC degradation products due to their higher reactivity and denser structure. Even with

the incorporation of LiBOB, the interface remains predominantly EC. In contrast, EC-free

solutions result in SEI layers containing both components, with film formation controllable

by the forming protocol.38

Figure 7: Selection of additives that form SEI films.

3 Post-Li-ion batteries

Post-Li-ion batteries offer several distinct advantages over traditional lithium-ion counter-

parts, making them compelling candidates for next-generation energy storage solutions.

The primary advantage of post-Li-ion batteries lies in utilization of a wider range of mo-

bile cations, including the substitution of Li for other alkali metals, Na and K, as well as
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multivalent-ion batteries (MVIBs) based on Mg, Ca, Al, or Zn60 (Figure 8). The enhanced

compatibility with diverse materials offers the potential for the utilization of abundant and

cost-effective elements in battery manufacturing, thereby reducing the reliance on scarce

lithium resources and potentially reducing the overall cost of batteries61 as illustrated in

Figure 8. In addition, alternative cationic chemistries can exhibit unique electrochemical

properties, offering opportunities to enhance battery performance and tailor properties to

specific applications.

Figure 8: Summary of energy storage parameters for different battery chemistries. (A) Spe-
cific and volumetric capacities of lithium, sodium, magnesium and aluminium metal anodes.
(B) Outlines theoretical specific energies and energy densities of metal sulphur batteries.
The energy values tabulated are derived from the conversion of elemental sulphur, S8, to dis-
charge products: Li2S, Na2S, MgS and Al2S3 respectively. (C) Elemental abundances in the
Earth’s crust and reduction potentials of metal anodes compared to the standard hydrogen
electrode (SHE). Reprinted from Ref.,62 published under a CC BY-NC license.

Furthermore, post-Li-ion battery chemistries have the potential to achieve higher en-

ergy densities compared to conventional lithium-ion systems63,64 as shown in Figure 8. By

exploring alternative electrode materials with higher specific capacities and utilizing novel

electrolyte formulations, post-Li-ion batteries can store more energy per unit volume or
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weight.65 This increased energy density enables the development of battery systems with

longer driving ranges for electric vehicles and higher energy storage capacities for stationary

applications, ultimately contributing to greater efficiency and sustainability in energy usage.

Post-lithium-ion batteries could also improve stability and longevity over multiple charge-

discharge cycles by addressing degradation mechanisms such as lithium dendrite formation.66

One promising avenue is the stabilization of next-generation electrodes, particularly metallic

anodes such as sodium (Na) and magnesium (Mg), which are known for their high capacities

and operating voltages. In addition, high-voltage cathodes can increase the energy output

per ion transfer,16 but can trigger oxidation of traditional liquid electrolytes. Although the

integration of metallic anodes and high-voltage cathodes with solid electrolytes has shown

promise in solid-state microbatteries,67 their adaptation to large-scale systems requires fur-

ther verification.

By adopting alternative chemistries, such as solid-state electrolytes and non-flammable

electrode materials, post-Li-ion batteries can mitigate the safety concerns and offer increased

resistance to thermal abuse.68 Inorganic solid electrolytes could enable battery operation

over a wide temperature range (e.g. –50 to 200°C or higher) where conventional liquid elec-

trolytes would freeze, boil or decompose. The inherently slower reactivity of solids compared

to liquids also suggests longer device lifetimes for solid-state batteries. Solid-state microbat-

teries67 have demonstrated this by operating for over 10,000 cycles, but the scalability of

this property remains unproven.

It is important to note that the gas generation previously attributed solely to liquid

electrolyte-based cells is also observable in solid-state batteries.69 It is therefore anticipated

that this phenomenon of gas evolution will occur across a wide range of relevant cathode

materials in post-Li-ion cells, which may lead to safety and ageing concerns. It is of significant

importance to conduct a thorough investigation into the phenomenon of polarization at the

solid electrolyte/electrode interfaces.
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3.1 Challenges facing post-Li-ion batteries

Given the promising advantages of post-Li-ion batteries, significant efforts have been directed

towards their further development. In this context, four main challenges related to electrodes

and electrolytes have been identified for post-Li-ion battery devices.

While the transition from traditional Li-ion to post-Li-ion chemistries promises improved

energy density and safety, it also introduces complexities in ion transport. The main chal-

lenges for Mg-ion batteries and Al-ion batteries lie in identifying electrolytes with improved

electrochemical oxidation stability and in creating cathode materials with high charge-storage

capacity under high potentials.70 Multiple factors contribute to this challenge, including lim-

ited compatibility with electrodes in terms of both chemical and electrochemical properties,

which is evident in the form of a narrow electrochemical stability window. Additionally,

the absence of reversible metal plating and stripping, instability concerning current collec-

tors, sluggish ion mobility (e.g., Mg ions), resulting in low Coulombic efficiency (CE) further

complicate the development of versatile electrolytes. While solid electrolytes offer improved

stability and safety over liquid counterparts, they often have limited ionic conductivity, which

impedes ion mobility.

The second issue is related to the strong interaction between charge carriers and solvent

molecules, which results in desolvation at the electrolyte-cathode interface. This ultimately

impedes the insertion of ions into the cathode.71,72 The composition and structure of inter-

faces between electrolytes and electrode materials often differ significantly from those of the

bulk materials. The formation of degradation products that interfere with ionic conductivity

or electron transport has hampered the performance of post-Li-ion devices. A variety of ex-

perimental and computational methods are required to study the formation and behavior of

such interfaces. A deeper understanding of the nature of interfaces will facilitate the rational

selection of materials for the next generation of post-Li-ion cells.

The utilization of metal anodes in liquid-based cells presents a significant challenge due

to the uneven deposition of sodium or magnesium in filamentous formations, commonly
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referred to as dendrites.73,74 It was previously assumed that solid electrolytes would prevent

dendrite-induced failures due to their mechanical stiffness. However, recent findings have

demonstrated that metallic lithium can indeed infiltrate solid materials, as evidenced by

reference.75 A significant disadvantage of solid-state systems is their dependence on contact

between solid particles for ionic diffusion. These point contacts are particularly susceptible to

stresses that arise in the electrode materials during electrochemical cycling, which can lead to

cracking,76 interface delamination and other problems.77 It is therefore of great importance

to develop effective strategies to address the issue of physical contact in order to facilitate

the development of post-Li-ion batteries.

Another challenge lies in the fact that battery designs in academia tend to prioritize proof-

of-concept testing, with the result that considerations such as cost and the mass/volume of

inactive components within the battery are often overlooked.70 However, these factors are

critical for commercial viability. The lack of technological maturity in these alternative

battery systems makes it challenging to predict which type will emerge as a commercial

product. Furthermore, none of the current post-Li-ion battery technologies can rival Li-ion

batteries in terms of energy density, a distinction that is unlikely to change in the future.

The resolution of these challenges depends on a comprehensive understanding of the fun-

damental properties of solid electrode and electrolyte materials. In this review, we examine

the current state of knowledge on inorganic materials, focusing on multiscale ion transport,

electrochemical stability, mechanics and their dependence on available processing methods.

4 Multivalent batteries

Although the concept of a rechargeable magnesium battery was first proposed in 1990,78 the

first functional demonstration of a prototype magnesium full cell battery was achieved in 2000

by Aurbach et al. ,11 utilized a magnesium metal anode, an electrolyte comprising magne-

sium organo-halo-aluminate salts dissolved in tetrahydrofuran (THF), and a Chevrel cathode
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composed of MgxMo6S8 (where 0 < xMg ≤ 2). These advancements in electrolyte and cath-

ode design have enabled the researchers to attain favorable kinetics and cycle longevity, with

the battery operating at approximately 1.1 V compared to magnesium metal and surpassing

2000 cycles. The battery exhibited an approximate specific capacity of 70 mAh/g (with

a theoretical capacity of 128.8 mAh/g),11 corresponding to an energy content of around

77 Wh/kg and 400 Wh/l, based on Chevrel’s density of approximately 5.2 g/cm3.79 This

pivotal achievement served to reinforce the credibility of magnesium battery technology and

established a clear benchmark for the assessment of future cathode materials for magnesium

batteries. Figure 9 presents a visual illustration of several promising candidate cathodes.

Figure 9: The parameters for assessing the potential of cathode materials, encompassing
intercalation voltage (V), practical gravimetric (Wh/kg) and volumetric (Wh/l) energy den-
sities, barrier for bulk Mg mobility (eV), cycling behavior (number of cycles), and abundance
of the transition metal utilized in the cathode, measured in parts per million (ppm) by mass
in the Earth’s crust. These parameters are synthesized across various frameworks within the
chemical spaces of chalcogenides (e.g., Chevrel and Ti2S4), oxides (e.g., MoO3, V2O5, and
MnO2), and polyanions (e.g., FeSiO4). Reprinted from Ref. ,80 copyright (2017) American
Chemical Society.
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4.1 Chalcogenides

Chalcogenides have emerged as promising candidates for magnesium (Mg) cathodes, ex-

hibiting superior electrochemical performance. A pivotal advancement by Aurbach and

colleagues11 demonstrated the reversible intercalation of magnesium in Chevrel-Mo6S8 and

other cluster compounds, achieving cycle lives comparable to those of present-day lithium-ion

compounds, albeit at lower energy densities. Consequently, a number of chalcogenide hosts,

including sulfides (e.g., TiS2,
81,82 MoS2

83) and selenides (e.g., TiSe2,
84 WSe2

85), have been

investigated, with the results being somewhat inconclusive. Despite the anticipated sluggish

migration of Mg in layered TiS2,
86 recent demonstrations of high-capacity reversible Mg in-

tercalation in spinel Ti2S4
81 at moderate rates indicate its potential. It is noteworthy that

Ti2S4 cycled at approximately 1.2 V exhibits a capacity of approximately 190 mAh/g, which

represents a significant enhancement in energy density compared to the Chevrel phase. The

performance of sulfide spinels aligns with recent ab initio calculations,87 which underscore

the significance of sulfur cathode chemistries in facilitating highly reversible Mg intercalation.

Although MoS2
83,88 garners attention due to its two-dimensional nature, its low capacity and

higher cost present challenges in surpassing other sulfide cathodes such as Mo6S8 and Ti2S4.

Alternatives such as TiSe2
84 and WSe2

85 present the potential for enhanced Mg mobility

at comparable voltages and gravimetric capacities. Nevertheless, the reliability of Mg in-

tercalation experiments in selenides necessitates the rigorous characterization of discharged

products, which emphasizes the need for the establishment of baseline experimental data in

these systems.

4.2 Oxides

Transition metal oxide hosts have attracted attention as potential cathode materials for mul-

tivalent batteries due to their high theoretical voltages and capacities.89,90 Nevertheless, the

widespread adoption of these materials is hindered by a number of challenges. The major-

ity of oxide hosts are constrained by a number of limitations, including poor ion mobility
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within their bulk structure,89,91 the potential occurrence of oxide conversion reactions in the

cathode,92 contributions of pseudocapacitance from nanosized frameworks,93 and electrolyte

incompatibility with high-voltage cathodes.94 These factors collectively make it challenging

to observe and validate reversible multivalent intercalation at reasonable rates.

Nevertheless, certain types of oxide hosts, particularly layered-oxide hosts such as MoO3,
95

Mo2.48VO9.93,
96 V2O5,

97 and δ-MnO2,
98 have attracted considerable experimental and theo-

retical attention as cathodes for multivalent batteries. The reversible intercalation at compa-

rable voltages has been demonstrated in these hosts with varying degrees of success. While

oxide spinel hosts often exhibit high barriers for multivalent migration,89 recent theoretical

estimations suggesting high ionic mobility in high-pressure postspinel phases99 offer promise

for the development of a new class of cathode materials. Furthermore, in layered oxides the

modification of the nanoconfining interlayer distance by synthetic pillaring approaches has

been proposed as a promising strategy.100,101

A strategy of water (or solvent) cointercalation102,103 has been proposed as a means of

enhancing ion mobility in oxide hosts, with the potential to enable higher voltages and better

mobilities. Although water cointercalated hosts, such as xerogel-V2O5
104 and certain MnO2

polymorphs,98 have demonstrated promising electrochemical performance, further investiga-

tion is necessary to elucidate potential side reactions, such as proton cycling, which could

contribute to enhanced performance. Nevertheless, the presence of water in the electrolyte

may present challenges for the practical implementation of multivalent batteries utilizing

a magnesium metal anode. It may be necessary to explore the use of alternative solvents

that can reversibly cointercalate and are compatible with the magnesium anode, should it

be demonstrated that solvent cointercalation is an effective mechanism for enhancing multi-

valent mobility in oxide hosts.

The fundamental question of whether solvent cointercalation improves mobility in the

bulk and the exact mechanism behind such improvement remains unanswered. If solvent

cointercalation does enhance ion mobility in the bulk, preintercalating the solvent in lay-
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ered cathode materials may be a viable strategy. Despite these challenges, oxides remain an

exciting class of potential multivalent cathode materials due to their high potential energy

density. The battery community has learned from nearly two decades of research on mul-

tivalent electrochemistry that divalent ions exhibit a diverse range of behaviors, including

different diffusivities and distinct electrochemical properties. While multivalent ion mobility

is typically lower than that of monovalent intercalants such as Li+,89 careful matching of

structure and intercalant holds promise for achieving reasonable mobility for ions such as

Mg2+, Ca2+, or Zn2+, as demonstrated by high-rate reversible Zn2+ insertion in V2O5.
101,105

4.3 Polyanions

The performance of cathodes based on polyanions exhibits a diverse range of characteristics,

comparable to those observed in oxides. For example, the potential of magnesium (Mg)

intercalation within iron silicate (FeSiO4)
106 has been demonstrated to be promising, yet

the occurrence of potential side reactions in other polyanion frameworks, such as manganese

(Mn)107 and cobalt (Co)108 silicates, has clouded the assessment of whether reversible inter-

calation processes can indeed occur. Moreover, while NASICON frameworks exhibit notable

mobility with lithium (Li) and sodium (Na) ions, they appear less favorable for magnesium

(Mg) intercalation due to high theoretical migration barriers and observed sluggish Mg move-

ment in experiments.109–111 While theoretical investigations on specific fluoro-polyanions112

demonstrate potential, corresponding experimental studies113 on structures like FePO4F en-

counter challenges such as poor Coulombic efficiencies and low capacities.

Although borates114 exhibit intriguing diffusion mechanisms with potential cross-framework

applications, their attained capacities remain suboptimal even at elevated temperatures.

Prussian blue analogues115–119 are distinguished by their capacity to intercalate a range of

multivalent species, including relatively unexplored ions such as strontium (Sr) and barium

(Ba), yet their energy densities are limited.120 Although their immediate utility in batteries

is limited, the stability and reversibility of Prussian blue structures render them valuable for
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research purposes as counter and reference electrodes.

Certain polyanion materials, notably silicates such as FeSiO4 and fluoro-polyanions such

as FeSO4F, appear to have potential for use in multivalent battery applications, subject to

comprehensive experimental and theoretical validation of Mg intercalation and any associ-

ated constraints. While multivalent batteries offer considerable potential beyond conven-

tional lithium-ion counterparts, practical challenges hinder their technological advancement.

A significant knowledge gap exists regarding the intricate reactions among electrolytes, elec-

trodes, and current collectors. These reactions often lead to uncharacterized corrosion phe-

nomena that obscure the behavior of multivalent ions during intercalation. In contrast to

more established lithium and sodium chemistries, the characterization of multivalent cath-

odes presents a significant challenge, particularly in distinguishing reversible intercalation

from other electrochemical processes.

4.4 Remarks

In order to validate multivalent insertion at different charge states, it is essential to employ

rigorous characterization techniques such as X-ray diffraction (XRD), X-ray absorption near-

edge structure (XANES), and transmission electron microscopy (TEM). Theoretical data can

be employed to complement experimental findings and identify any discrepancies. Ab initio

theory has been demonstrated to be effective in predicting electrochemical voltages within a

narrow window.

The observed variability in electrochemical data across multivalent cathode studies high-

lights the influence of electrolyte composition. This necessitates the use of specialized se-

tups for testing high-voltage cathodes due to the narrow stability window of most multi-

valent electrolytes. It is imperative that standardized protocols, analogous to those em-

ployed in the lithium and sodium battery communities, be established to ensure consistent

evaluation of multivalent cathode materials and electrolyte stability. Furthermore, the im-

pact of electrolyte quantity on cell performance must be given greater consideration, as
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laboratory-scale experiments frequently employ excess electrolyte, in contrast to commercial

cells, which are designed to achieve optimal energy density, safety, and cost-effectiveness. It

is of paramount importance to validate multivalent electrolyte/cathode combinations under

limited electrolyte conditions in order to facilitate their practical deployment.

4.5 Anode and Electrolytes

The use of metallic anodes in multivalent chemistry represents a promising avenue for en-

hancing volumetric energy density. This is particularly the case when materials such as

magnesium (Mg) are utilized, which offer a theoretical volumetric energy density of approxi-

mately 3833 mAh/cm3, in comparison to around 2046 mAh/cm3 for lithium (Li) metal. The

feasibility of this approach is supported by initial indications that the metallic form of com-

mon multivalent intercalation ions, such as magnesium (Mg) and calcium (Ca), exhibit more

uniform deposition compared to metallic lithium (Li) during electrochemical cycling.121,122

Conversely, the surface area of lithium metal anodes increases significantly upon cycling,

resulting in heightened surface reactions with the electrolyte. The instability of the surface

layer, particularly under elevated temperatures, accelerates the onset of thermal runaway,

which may culminate in fire incidents.123

Despite their frequent use in laboratory-made Li-cell prototypes, the practical utilization

of Li metal anodes in commercial batteries has been impeded by concerns over cycle life

and safety. Consequently, existing Li-ion batteries employ graphite anodes with a lower

volumetric energy density, approximately 800 mAh/cm3. A number of attempts have been

made to develop and commercialize full electrochemical cells with lithium metal anodes and

liquid electrolytes, but these have often ended in failure.124

While multivalent cells hold promise for achieving high-energy densities utilizing metal-

lic anodes, the quest for electrolytes capable of facilitating reversible multivalent metal

plating/stripping at the anode and supporting reversible intercalation against high-voltage

cathodes poses a substantial scientific challenge. The advancement of versatile multivalent
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electrolytes is hindered by various factors, including limited chemical and electrochemical

compatibility with electrodes. This manifests as a narrow electrochemical stability window,

absence of reversible multivalent metal stripping and plating, susceptibility to instability

against current collectors, low mobility of multivalent ions (e.g., Mg) resulting in the for-

mation of ionic couples (with low multivalent transference number),125 and low Coulombic

Efficiency (CE) as highlighted in Figure 10.

Figure 10: Radar plots illustrating the key metrics that can be used to assess the suitability
of Mg electrolytes for full-cell Mg-ion batteries. The plots include: (a) All phenyl complex
(APC), (b) HMDS, (c) Mg organoborate, (d) MACC, (e) Boron-cluster, and (f) Mg(TFSI)2.
Reprinted from Ref. ,126 copyright (2016) American Chemical Society.

The distinctive electrochemical properties of magnesium present considerable challenges

in the design of electrolytes, particularly in achieving compatibility with high-voltage cathode

materials while ensuring reversible magnesium deposition at the metal anode. Conventional

magnesium electrolytes, analogous to those employed in lithium-ion batteries (e.g., LiPF6

in PC/DMC solutions), frequently undergo irreversible decomposition at the magnesium

metal, resulting in the formation of insulating layers that impede magnesium-ion conduc-

tion.127,128 However, recent research by Keyzer et al.129 has demonstrated the reversible
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stripping and deposition of magnesium at the metal anode using a solution composed of

Mg(PF6)2·(CH3CN)6 in CH3CN and CH3CN/tetrahydrofuran (THF) mixtures. The elec-

trolytes in question exhibit high conductivities of up to 28 mS cm−1 and anodic stabilities

of approximately 4 V vs. magnesium on aluminium electrodes.

The ethereal solutions, which contain organic magnesium aluminium chloride salts, are

also known as organo-magnesium-chloride complexes.130 These comprise the dichloro com-

plex (DCC)130 and the all phenyl complex (APC).130,131 These complexes, initially investi-

gated by Doe132 and collaborators, exhibit notable electrochemical properties. They sub-

sequently extended this research to the magnesium aluminium chloride complex (MACC),

derived from AlCl3 and MgCl2 in ethereal solvents. MACC exhibits comparable anodic

stability to DCC and APC, in addition to efficient reversible magnesium deposition and

stripping. Concurrently, Kim et al.133 at Toyota R&D introduced a non-nucleophilic elec-

trolyte, HMDSMgCl and AlCl3, specifically designed for high-energy density Mg-S batteries.

Nevertheless, despite their utility in advanced Mg-battery prototypes, DCC, APC, and

MACC electrolytes are susceptible to corrosion, including stainless steels and common cur-

rent collectors. This limitation prompted the investigation of alternative electrolyte chemistries.

For example, Shao et al.134 demonstrated reversible magnesium deposition using a diglyme

solution of LiBH4 and Mg(BH4)2, although with lower anodic stability. Meanwhile, re-

searchers135–137 at Toyota R&D discovered halogen-free electrolytes, such as Mg boron clus-

ters and carboranes, which exhibited reduced corrosiveness and the highest reported anodic

stability windows.

Furthermore, the growing interest in multivalent chemistries has prompted investigations

into electrolytes capable of reversible Ca-stripping and deposition.122 Despite significant

advancements in Mg electrolyte development over the past two decades, the range of elec-

trolytes compatible with high-voltage Mg-cathodes remains limited (Figure 10). Typically,

researchers resort to conventional Mg salts dissolved in various solvents, necessitating com-

plex electrode setups for experiments on high-voltage cathodes. Furthermore, recent study125
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has highlighted the influence of electrode nature on reported anodic stability, emphasizing

the need for meticulous experimental design and reporting standards. Additionally, the lit-

erature on passivation mechanisms of multivalent cathodes remains sparse,138 underscoring

the necessity for systematic studies elucidating cathode-electrolyte interfacial processes.

5 Important Practical Parameters

In order to gain an understanding of the diverse applications of electrochemical energy stor-

age systems, it is necessary to consider their distinctive characteristics. Specific energy and

specific power, denoting energy and power per unit weight, respectively, are of great impor-

tance in applications such as vehicle propulsion. Conversely, energy density, which represents

the stored energy per unit volume, is of critical importance for portable electronic devices

such as smartphones and laptops. Despite the theoretical values being determinable through

the material properties within the electrodes, the maximum theoretical values are rarely

achieved in practical applications. A significant contributing factor to this discrepancy is

the presence of passive components within practical battery systems that do not actively

participate in the fundamental chemical processes underlying energy storage. These passive

elements include the electrolyte, a separator that provides physical isolation of the electrodes,

current connectors that facilitate the flow of current to and from the interior of the cell, and

the container itself. Furthermore, the efficient utilization of active components in the chem-

ical reactions is often suboptimal. It is possible to electronically isolate or shield electrode

reactant materials from the electrolyte, thus preventing their participation in electrochemical

reactions and rendering them inactive.

Table 3 presents approximate practical energy density and specific energy values for vari-

ous rechargeable battery systems. It is important to note that these values are not definitive,

as they are subject to several operational variables and may vary between manufacturers’

designs. Nevertheless, the data presented does illustrate the considerable range of these
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parameters that are commercially available using different technologies.

Table 3: Practical energy characteristics of common rechargeable battery systems. The
values are taken from Ref.139

Characteristic Pb/PbO2 Cd/Ni Hydride/Ni Li-ion

Specific energy (Wh/kg) 40 60 80 135
Energy density (Wh/liter) 90 130 215 320

A further crucial aspect of the practical application of batteries is their capacity to

deliver power, which is typically referred to as specific power. This indicates the power

output per unit weight. This metric is significantly influenced by the intricacies of the cell

design and the characteristics of its reactive components, resulting in considerable variation

between different battery types. Battery characteristics are frequently presented in the form

of Ragone plots, in which specific power is plotted against specific energy. This visual

representation technique was devised by D.V. Ragone, who chaired a government committee

responsible for a comprehensive report on the comparative properties of various battery

systems. Figure 11 illustrates a plot of this nature, displaying approximate data for a range

of electrical energy-storage technologies.

5.1 The Operating Voltage

In addition to energy capacity, a critical aspect of a battery system is its operating voltage

during discharge, when it is providing electrical energy and power, and during the recharging

process.

The open circuit or equilibrium cell voltage is primarily influenced by the thermodynamics

of the chemical reaction occurring within the electrodes. This reaction drives the transport

of ions through the electrolyte and the flow of electrons in the external circuit. In practice,

however, the operating voltage deviates from the theoretical values due to various kinetic

factors. The utility of high-voltage energy is typically superior to that of low-voltage energy

due to its superior quality. This relationship is evident in basic resistance scenarios, where
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Figure 11: A Ragone diagram illustrating the range of specific energy and volumetric energy
densities achievable for various electrical energy-storage technologies. It is important to
recognize that the specific energy and power of the assembled battery pack is likely to be
lower than that of the individual cells. Reprinted from Ref.,140 with permission of the Royal
Society of Chemistry.

the electrical power (P ) is determined by the practical voltage (V ) and resistance (R). This

emphasises the importance of voltage in determining energy effectiveness, as:

P = V 2/R. (5)

The efficacy of an electrochemical cell in providing energy to illuminate a light source or

to operate an electric motor is significantly influenced by voltage. Based on their output

voltages, electrochemical cells can be broadly classified according to their energy quality, as

outlined in Table 4.

Table 4: Electrochemical cell energy quality rankings. The values are taken from Ref.139

Quality Voltage Range (V)

High 3.5–5.5
Medium 1.5–3.5
Low 0.0–1.5
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It should be noted that in electrochemical energy storage systems, the voltage charac-

teristics must be aligned with the specific requirements of the application, with a focus on

achieving the optimal balance between energy efficiency. While achieving the highest cell

voltage may appear to be a beneficial strategy, this is not always the case, particularly in

battery-powered semiconductor circuits where excessive voltage can lead to heat generation,

which is a critical factor in the design of compact devices such as laptops.

Theoretically, cathodes with an average voltage of 2–4 V exhibit a high maximum theo-

retical specific energy (MTSE), which is defined as the energy per unit weight. This is given

by the following equation:

MTSE = (xV/Wt)F (6)

where Wt is the sum of the molecular weights of the reactants engaged in the intercalating

reaction with a charge carrier concentration x, and V stands for the average voltage of this

reaction. F is the Faraday constant.

5.2 The Charge Capacity

The total energy stored in an electrochemical system is the result of integrating the voltage

over the charge capacity, which is the amount of charge available in the system. In other

words,

Energy =

∫
V dq. (7)

where, the output voltage (V ) varies according to both the state of charge and the kinetic

parameters of the battery, while q refers to the amount of electronic charge available to

the external circuit. Understanding the maximum capacity, i.e. the theoretical amount of

charge a battery can hold, is crucial. Similar to voltage, maximum charge capacity is a

thermodynamic property, albeit of a different nature. Unlike voltage, which is independent
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of the amount of material and considered an intensive property, charge capacity is extensive

and dependent on the amount of material present in the electrode. Capacity is typically

expressed in Coulombs per mole of material, per gram of electrode weight or per millimeter

of electrode volume. The state of charge represents the current proportion of available

capacity compared to the maximum.

5.3 Cycling Behavior

Batteries are expected to maintain their primary characteristics over numerous discharge and

charge cycles. This is a significant practical hurdle and is a focus of battery development and

improvement efforts. Figure 12 illustrates the decline in initial capacity over cycling, taking

into account three different levels of Coulombic efficiency - the proportion of previous charge

capacity available for subsequent discharge. This efficiency depends on several factors, in

particular the current and depth of discharge per cycle.
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Figure 12: Influence of Coulombic efficiency upon available capacity during cycling.

Even small inefficiencies per cycle can have significant effects. For example, a loss of just

half a percent per cycle will reduce the available capacity to just 78% of its original value

after 50 cycles. By the 100th cycle, only 61% of the capacity remains at this rate, with an
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even worse outcome if the Coulombic efficiency is lower.

Applications requiring a high number of operating cycles require cells to be designed

and manufactured with a minimum loss of capacity per cycle. This requirement means

compromising on other attributes. Supercapacitors, which are expected to have a large

number of cycles, typically have much lower specific energy values than electrochemical cells

used in applications where the amount of energy stored is the priority.

5.4 Self-Discharge

Another critical aspect in practical cells is self-discharge, where the available capacity de-

creases over time even in the absence of current flow through the external circuit. It is

important to understand that the capacity of a cell is intrinsically linked to the electrodes

and is determined by the ongoing chemical reactions between the neutral species within

them. Any mechanism causing self-discharge must involve the transport of neutral species

or the simultaneous movement of neutral combinations of charged species within the cell.

When the latter occurs, it is electrochemical self-discharge because it involves the transport

of charged species.

Various methods facilitate the movement of individual neutral species across a cell, such

as transport through a nearby vapor phase, cracks in solid electrolytes, or as dissolved gases

in a liquid electrolyte. These processes, without the transport of charged species, lead to

chemical self-discharge. In addition, impurities can react with components in the electrodes

or electrolyte, further reducing the available capacity over time.

5.5 Voltage curves

Voltage curves provide valuable insight into the electronic and structural changes that an

electrode undergoes during cycling. For lithium-ion batteries with a metallic lithium ref-

erence anode, the voltage curve (V ) is linearly related to the lithium chemical potential of

the cathode (µcathode
Li ). This lithium chemical potential is in turn derived from the Gibbs
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free energy of the cathode, in particular for intercalation compounds, it reflects the slope

(with an adjustment for a reference state) of the free energy with respect to the lithium

concentration141 (see Figure 13). The shape of the voltage profile thus provides insight into

the insertion mechanism. For example, insertion of lithium into a solid solution produces

a smooth, gradual voltage curve (Figure 13-left), whereas a two-phase reaction produces

a plateau in the voltage profile due to the constant chemical potential across the common

tangent bounding the two-phase region α and β (Figure 13-middle). Achieving the true equi-

librium voltage, known as the open circuit voltage, requires very slow charge and discharge

processes, measurable by galvanostatic or potentiostatic intermittent titration techniques

(GITT or PITT). Normal charge and discharge cycles at typical rates deviate slightly from

the true equilibrium curve due to sluggish kinetic processes such as diffusion, phase tran-

sitions and ohmic losses, resulting in polarization relative to the true equilibrium voltage

curve. In addition, electrodes can undergo phase transformations, namely α, β, and γ, re-

sulting in a discharge voltage profile with an inward step. This phenomenon is illustrated in

Figure 13-right, where the discharge voltage curve (blue) contains two different plateaus.

Several discharge curves under low current or near equilibrium conditions are depicted

in Figure 14. These curves illustrate the relationship between cell voltage and the state

of charge parameter. The presentation of near equilibrium properties of these diverse cells

aims to highlight significant behavioral differences, as evidenced by the shapes of their curves.

Some discharge curves remain essentially flat (LiFePO4), while others exhibit multiple flat

regions (LiMn2O4), and some display a slanted and stretched S-shape (TiS2), occasionally

with a noticeable slope. These variations can be simplified into three fundamental types of

discharge curve shapes, as illustrated in Figure 13.

In order to comprehend the potential for the electrode undergone phase transformations

with an inward step it is essential to consider the phase diagram as illustrated in Figure 15a,

where it is assumed that there are two stable binary phases, LiM and MX. In the absence

of X, the composition proceeds along the Li-M edge of the ternary diagram, effectively
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Figure 13: Representation of different types of discharge curves and their correlation with
phase transformations. The Gibbs free energy (top) has been plotted for three different
cathode materials and their corresponding voltage profiles (bottom) as a function of charge
carrier concentration for the prototypical case of solid solution (left), phase separation (mid-
dle) into two α and β phases, and phase transformation (right) into three α, β, and γ
phases.The relationship between the voltage curves and the slope of the Gibbs free energy
of the electrode material is linear.

representing the binary Li-M system. Within this range, from pure M to LiM, there is a

uniform potential plateau. The potential for pure lithium within this compositional range,

denoted by triangle A in the ternary diagram, is given by

VA = −∆Gf (LiM)

F
. (8)

What happens when lithium reacts with a substance that initially contains some X? The

overall composition follows a trajectory starting at the X-M boundary of the triangle and

moving towards the lithium apex of the ternary diagram. The introduction of X into M does

not change the plateau potential for compositions within triangle A. Consequently, there

is a plateau at this potential, but its length varies depending on the initial composition.
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Figure 14: Example of battery discharge curves. The discharge profiles of TiS2, LiMn2O4,
LiCoO2, LiFePO4, LiNi0.5Mn1.5O4 and LiNixMnyCozO2. The specific energy of each cathode
is given in brackets, derived from the operating voltage of a Li-metal IC half-cell and the
discharge capacity of each cathode.Voltage readings were taken in half cells relative to lithium
metal. Reprinted from Ref.,142 with permission from Springer Nature.

There is also an additional plateau at higher lithium concentrations as the total composition

enters and passes through triangle B. The potential of compositions within this triangle is

determined by

VB = −(∆Gf (MX) − ∆Gf (LiM))/F. (9)

Similarly to the binary Li-M system, when the total composition is in triangle C, the

potential is that of pure lithium. These phenomena are illustrated in Figures 15a.

Figures 15b shows the variation of the electrode potential as a function of the total

composition for three different initial electrode compositions as shown in Figures 15a. In all

scenarios, the ratio of lithium stored per mole of M remains constant, but the mass of the

electrode varies as a function of the relative weights of M and X. In addition, the average

electrode potential tends towards that of pure lithium, which can be either beneficial or

detrimental depending on whether the material serves as a negative or positive electrode in

a lithium-based cell.

In practice, a binary system containing several intermediate phases may not be fully

useful over its lithium composition range due to potential variations. In addition, poor
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a b

Figure 15: Schematic ternary phase diagram for the Li–M–X system. (a) Diagram illustrating
the ternary phase relationships within the Li-M-X system, showing intermediate phases
between the binary systems of Li-M and M-X. It delineates the composite composition paths
for three different initial compositions by dashed lines. (b) Graph showing the fluctuation
of the electrode potential upon the incremental addition of lithium for three different initial
compositions: XaM (top), XbM (middle) and XcM (bottom).

diffusion kinetics within one of the intermediate phases or the final phase can be problematic.

Ternary systems offer numerous configurations, including those that accommodate ternary

phases within the interior of the diagram. However, when screening potential systems for

investigation, it is logical to start with systems with known binary and ternary phases.

6 Principles of Voltage in Electrochemical Cells

Assuming that an electrolyte acts as a selective barrier, allowing the passage of ionic entities

while impeding the flow of electrons, the voltage of the cell (in the absence of current flow) is

determined by differences in the chemically neutral compositions of the electrodes. Factors

such as the properties of the electrolyte and the interactions at the electrode-electrolyte inter-

faces do not affect this voltage. Similarly, the electrode properties are critical in determining

the capacity of the electrochemical cell.

Expanding on these basic concepts, this section looks in more detail at equilibrium or

quasi-equilibrium states, focusing on the theoretical properties of systems that place upper

41



limits on critical parameters. However, real systems operating under load deviate from this

ideal behavior. This deviation is mainly due to kinetic factors that vary between systems

and depend on material properties, cell design and experimental settings. As a result, it

becomes difficult to obtain consistent and quantifiable experimental results. This section

examines the factors that govern equilibrium or near-equilibrium behavior.

6.1 Thermodynamic Properties of Individual Species

The primary driving force within a simple electrochemical cell is the change in Gibbs free

energy, ∆G0
r, alongside the hypothetical chemical reaction that takes place when substances

within the electrodes interact. In the absence of current (open circuit conditions), this

chemical driving force is balanced by an electrical driving force in the opposite direction.

The thermodynamic properties of a substance can be related to those of its constituents

by using the concept of the chemical potential of a particular species. The chemical potential

of a species “i” within a phase “j” is formally defined as

µi = ∂Gj/∂ni (10)

where the molar Gibbs free energy of phase j, denoted as Gj, and the mole fraction of species

i in phase j, represented by ni, can be expressed in integral form as follows:

∆µi = ∆Gj (11)

As the amount of species i changes, so does the free energy of the phase, leading to similar

dimensions between the chemical potential and the free energy. Consequently, variations in

the chemical potential of species i will induce chemical forces that drive i towards regions

of lower µi. In the absence of a net current in the electrolyte, this chemical force must be

counterbalanced by an electrostatic force resulting from the voltage difference between the

electrodes. The energy balance within the electrolyte, and therefore within the cell, can be
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expressed in terms of the individual species i.

∆µi = −ziFV (12)

The quantity of elementary charges carried by particles (ions) of species i is denoted as zi.

The chemical potential of a given species is linked to another thermodynamic parameter,

known as its activity, denoted as ai. This correlation is expressed by the following defining

relation:

µi = µ0
i +RT ln ai (13)

where µ0
i is a fixed value indicating the chemical potential of species i in its standard state.

R is the gas constant and T is the absolute temperature. The activity of a given species

refers to its effective concentration. If the activity of species i, denoted ai, is unity, it

behaves chemically as if it were pure i. Conversely, if ai is 0.5, it indicates that the species

is composed of half species i and is chemically inert to the other half. For properties such

as vapor pressure, a substance with an activity of 0.5 has half the vapor pressure of pure i.

Consider an electrochemical setup where the reactivity of a substance, called species i,

varies between the two electrodes: ai(−) for the negative electrode and ai(+) for the positive

electrode. The difference in chemical potential between the positive and negative sides can

be expressed as follows

µi(+) − µi(−) = RT ln [ai(+)/ai(−)]. (14)

When this difference in chemical potential is balanced by the counteracting electrostatic

energy

V = −(RT/ziF ) ln [ai(+)/ai(−)]. (15)
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This equation, known as the Nernst equation, relates the observable voltage of a cell to the

chemical variance of an electrochemical cell. Essentially, it facilitates the conversion between

chemical differences and electrical potentials. When the activity of a particular species at one

electrode matches a standard reference, the Nernst equation gives the comparative electrical

potential of the opposite electrode.

6.2 Potential Changes During Insertion Reactions

The electric potential externally measured at an electrode arises from the electrochemical

potential of electrons contained within it ηe− , commonly referred to as the Fermi level (EF ).

Since potentials do not have absolute values, they are always evaluated as differences. The

voltage across an electrochemical cell corresponds to the electrically measured difference

between the Fermi levels of its two electrodes:

∆V = ∆ηe− . (16)

The electrical potential measured at an electrode often varies as a function of its composi-

tion, particularly when guest species are introduced into or removed from the host material.

The relevant compositional factor is the chemical potential of the electrically neutral elec-

troactive species. When this species manifests as the cation M+ within the electrode, the

critical parameter becomes the chemical potential of neutral M, denoted µM. This is related

to the electrochemical potentials of the ions and the electrons by

µM = ηM+ + ηe− . (17)

Under open circuit conditions, there is no movement of ions across the cell. The driving

force for ion flow within the electrolyte depends on the differential electrochemical potential
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of the ions. This phenomenon is particularly evident in open circuit conditions as

dηM+

dx
= ∆ηM+ = 0. (18)

Therefore, the open circuit voltage across the cell is directly related to the difference in

the chemical potential of the neutral electroactive species in the two electrodes by

∆V = ∆ηe− =
−1

qzM+

∆µM. (19)

Standard practice is to represent both the difference in electrical potential (voltage) and

the difference in chemical potential by subtracting the values at the left electrode from those

at the right electrode.

A common method is to understand electron potentials based on the electron energy band

model. Key aspects include the fluctuation of the density of available states with electron

energy and the occupation of these states up to a maximum level determined by the chemical

composition, known as the Fermi level.

In metals, the potential variation of available states is a continuous function of com-

position, allowing the application of free electron theory to express this relationship. In

nonmetals, semiconductors and insulators, however, the density of states is discontinuous

with respect to chemical composition. In certain potential ranges there are no states avail-

able for electron occupation. For example, simple semiconductors such as silicon or gallium

arsenide have a valence band that is typically fully occupied, a band gap with no available

states, and a conduction band with typically unoccupied states. The electron concentrations

in these bands change with temperature due to thermal excitation and can be affected by

dopants, changing the band occupancy. Optical excitation reflects the effects of thermal

excitation.

In various materials, especially those with relatively low electronic conductivity, it is

helpful to consider the relationship between energy state occupancy and changes in the
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formal valence or charge of certain species within the host structure. For example, the

introduction of an extra electron could change the formal charge of species such as W6+

to W5+, Ti4+ to Ti3+, Mn4+ to Mn3+, or Fe3+ to Fe2+ in a transition metal oxide. Such

occurrences are called redox reactions.

Consider a hypothetical case where an electrolyte is introduced into a lithium battery cell,

as illustrated in Figure 16. For the sake of analytical clarity, we will ignore phenomena such

as the formation of solid/electrolyte interphases, deeming them irrelevant to our current dis-

cussion. Since the electrolyte acts as an ionic conductor, the distribution of lithium ions must

be balanced, especially when the external circuit is open. Consequently, the electrochemical

potentials of the lithium ions at the anode, cathode and within the electrolyte medium must

reach a state of equilibrium. However, a key question arises: How are the electronic energy

levels realigned to precisely match their electrochemical potential difference with the VOC?

This complex phenomenon is elucidated by the formation of electric double layers (EDLs) at

both the anode and cathode as the ion distribution equilibrium is established. The forma-

tion of these EDLs triggers potential changes at the electrodes, generating electric fields that

harmonize the electrochemical potentials of the ions throughout the cell. At the same time,

this process requires a counterbalancing readjustment of the electrochemical potentials of

the electrons at the anode and cathode in opposite directions, ensuring that their disparity

aligns with the VOC. This emphasizes that the difference in the potential changes due to the

formation of EDLs at the anode and cathode is intrinsically linked to the variation in the

electrochemical potentials of the ions prior to the introduction of the electrolyte medium.

6.3 Electrical Double Layer

The electrical double layer is a fundamental model that describes the solid-liquid interface.

It consists of a positively charged electrode surface layer and an adjacent negatively charged

solution layer, which creates the Galvani potential difference. The Helmholtz model de-

picts solvated ions aligned along the electrode, separated by hydration shells, with the outer
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Figure 16: The chemical potential of lithium (µLi) as well as the electrochemical potentials of
lithium ions (ηLi+) and electrons (ηe−) are examined for both anode and cathode materials.
This analysis is conducted both prior to (left) and following (right) the introduction of an
electrolyte under open-circuit conditions. It is important to emphasize that ηLi+ remains
equal across the anode, cathode, and electrolyte when the electrode is submerged in the
electrolyte. Dashed lines representing ηLi+ and ηe− serve as visual aids and should not be
interpreted as realistic potential curves.

Helmholtz plane (OHP) marking this arrangement (Figure 17a). Furthermore, the inner

Helmholtz plane (IHP) is formed by ions bonded to the electrode after shedding their sol-

vation shells. However, this structure is not accounted for in the model, as thermal motion

disrupts it. In contrast, the Gouy–Chapman model incorporates thermal motion, which is

analogous to the Debye–Hückel143 model of the ionic atmosphere. This results in a more

diffuse and dynamic ion distribution in the vicinity of the electrode surface (Figure 17b).

The electrical double layer establishes a potential gradient (∆ϕ) across the electrode-

electrolyte interface, influencing the equilibrium potential Veq. This potential drop is gov-

erned by the Stern layer capacitance (Cstern), the diffuse layer capacitance (Cdl), and the

surface charge density (σ):

∆ϕ =
σ

Cstern + Cdl

The double layer capacitance (Cdl) characterizes the charge storage capacity of the EDL
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18.9 The rate of electron transfer

We shall consider a reaction at the electrode in which
an ion is reduced by the transfer of a single electron
in the rate-determining step. The last phrase is im-
portant: in the deposition of cadmium, for instance,
only one electron is transferred in the rate-determining
step even though overall the deposition involves the
transfer of two electrons. The quantity we focus on is
the current density, j, the electric current flowing
through a region of an electrode divided by the area
of the region. An analysis of the effect of the Galvani
potential difference at the electrode on the current

density using a version of transition-state theory (Sec-
tion 10.11) leads to the Butler–Volmer equation:1

j = j0{e
(1−α)fη − e−α fη} (18.20)

We have written f = F/RT, where F is Faraday’s 
constant (Section 9.7; at 298 K, f = 38.9 V−1). The
quantity η (eta) is the overpotential:

η = E′ − E (18.21)

where E is the electrode potential at equilibrium,
when there is no net flow of current, and E′ is the
electrode potential when a current is being drawn
from the cell. The quantity α is the transfer coeGci-
ent, and is an indication of where the transition state
between the reduced and oxidized forms of the elec-
troactive species in solution is reactant-like (α = 0) or
product-like (α = 1): typical values are close to 0.5.
The quantity j0 is the exchange-current density, the
magnitude of the equal but opposite current densities
when the electrode is at equilibrium. As usual in
chemistry, equilibrium is dynamic, so even though
there may be no net flow of current at an electrode,
there are matching inward and outward flows of
electrons. Figure 18.29 shows how eqn 18.20 pre-
dicts the current density to depend on the overpoten-
tial for different values of the transfer coeAcient.

When the overpotential is so small that fη << 1 (in
practice, η less than about 0.01 V) the exponentials
in eqn 18.20 can be expanded by using ex = 1 + x + . . .
and e−x = 1 − x + . . . to give

j = j0{1 + (1 − α)fη + . . . − (1 − αfη + . . .)} ≈ j0fη
(18.22)
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Fig. 18.27 A simple model of the electrode solution interface
treats it as two rigid planes of charge. One plane, the outer
Helmholtz plane (OHP), is due to the ions with their solvating
molecules and the other plane is that of the electrode itself.
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Fig. 18.28 The Gouy–Chapman model of the electrical double
layer treats the outer region as an atmosphere of counter-
charge, similar to the Debye–Hückel theory of ion atmo-
spheres. The plot of electrical potential against distance from
the electrode surface shows the meaning of the diffuse 
double layer (see text for details).
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1 For a derivation of this equation, see our Physical chemistry
(2006).
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quantity η (eta) is the overpotential:

η = E′ − E (18.21)

where E is the electrode potential at equilibrium,
when there is no net flow of current, and E′ is the
electrode potential when a current is being drawn
from the cell. The quantity α is the transfer coeGci-
ent, and is an indication of where the transition state
between the reduced and oxidized forms of the elec-
troactive species in solution is reactant-like (α = 0) or
product-like (α = 1): typical values are close to 0.5.
The quantity j0 is the exchange-current density, the
magnitude of the equal but opposite current densities
when the electrode is at equilibrium. As usual in
chemistry, equilibrium is dynamic, so even though
there may be no net flow of current at an electrode,
there are matching inward and outward flows of
electrons. Figure 18.29 shows how eqn 18.20 pre-
dicts the current density to depend on the overpoten-
tial for different values of the transfer coeAcient.

When the overpotential is so small that fη << 1 (in
practice, η less than about 0.01 V) the exponentials
in eqn 18.20 can be expanded by using ex = 1 + x + . . .
and e−x = 1 − x + . . . to give

j = j0{1 + (1 − α)fη + . . . − (1 − αfη + . . .)} ≈ j0fη
(18.22)
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Fig. 18.27 A simple model of the electrode solution interface
treats it as two rigid planes of charge. One plane, the outer
Helmholtz plane (OHP), is due to the ions with their solvating
molecules and the other plane is that of the electrode itself.
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Fig. 18.28 The Gouy–Chapman model of the electrical double
layer treats the outer region as an atmosphere of counter-
charge, similar to the Debye–Hückel theory of ion atmo-
spheres. The plot of electrical potential against distance from
the electrode surface shows the meaning of the diffuse 
double layer (see text for details).
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Fig. 18.29 The dependence of the current density on
the overpotential for different values of the transfer 

coefficient.

1 For a derivation of this equation, see our Physical chemistry
(2006).

a b

Figure 17: (a) A basic model of the electrode-solution interface conceptualizes it as two
fixed charge planes: the outer Helmholtz plane (OHP), formed by ions and their solvating
molecules, and the plane of the electrode itself. (b) The Gouy-Chapman model of the
electrical double layer describes the outer region as a counter-charge atmosphere, similar
to the Debye-Hückel theory143 of ion atmospheres. The graph of electrical potential versus
distance from the electrode surface illustrates the concept of the diffuse double layer.

and is related to the potential gradient (∆ϕ) via:

Cdl =
dQdl

d∆ϕ

where Qdl is the charge stored in the EDL. Higher Cdl values correspond to a greater

charge storage capacity and a more pronounced potential gradient, leading to significant

alterations in Veq and, consequently, VOC.

The composition of the electrolyte solution, including ion concentration and species mo-

bility, influences the EDL’s characteristics and, by extension, the VOC. Changes in electrolyte

composition alter the Stern layer capacitance (Cstern) and the diffusion properties of ions,

impacting the charge distribution and potential gradient at the interface.

Understanding the interplay between the EDL and VOC is essential for optimizing elec-

trochemical cell design, enhancing energy efficiency, and ensuring long-term stability. Varia-

tions in EDL characteristics can affect the reversibility of electrochemical reactions, leading

to fluctuations in VOC over time and influencing cell performance.

Future research efforts will focus on developing advanced theoretical models and experi-

mental techniques to elucidate the complex dynamics of the EDL and its role in determining
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VOC. Integration of fundamental electrochemical principles with advanced characterization

methods will pave the way for the design of next-generation electrochemical devices with

enhanced performance and reliability.

7 Structure of Interfaces in Electrochemical Devices

So far, the presence of the electrolyte at the electrochemical electrode/electrolyte interface

in batteries has not been taken into account at all. It is evident that the properties of

this interface are significantly influenced by the presence of the electrolyte. Nevertheless,

the modeling of the electrolyte represents a significant theoretical and numerical challenge,

particularly in the case of liquid electrolytes. In order to describe them properly, it is

necessary to perform theoretical and numerically demanding statistical averages. To avoid

this costly undertaking, a hierarchy of approximations has been developed. In contrast to

the total energy, the free energy must be evaluated, including entropic contributions. In a

grand-canonical approach, the electrolyte is not considered explicitly; rather, it is treated as

a reservoir that provides the charge carriers, which are characterized by their electrochemical

potential. In implicit solvent models,144 the presence of the liquid electrolyte is accounted

for as a dielectric continuum. Finally, the liquid electrolyte can be described explicitly in an

atomistic manner. The following section will describe these approaches in detail.

7.1 Grand-Canonical Approach

In the grand canonical framework, the number of atoms within the systems under considera-

tion remains variable. This framework, which is particularly relevant to interfacial structure,

assumes that interfaces interact with thermodynamic reservoirs that host species capable of

adsorption to or desorption from the interface. The energetic cost associated with trans-

ferring an atom or molecule between the reservoir and the interface is determined by the

equilibrium chemical potential (µi) of the species, where ’i’ represents either an atom or a
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molecule. In particular, the properties of a reservoir remain unaffected by the extraction or

addition of particles.

We subdivide the whole of the system being analyzed into three distinct subsystems: the

electrode or solid, the gas phase and an interface region between these two subsystems. It

is imperative that all three subsystems maintain thermodynamic equilibrium, which means

that the chemical potentials of the species present in the system remain constant throughout.

Any deviation from constancy in these chemical potentials would induce a particle flux that

would restore equilibrium by re-establishing the constant chemical potential. The most

appropriate thermodynamic potential to characterize such a system is the Gibbs free energy,

denoted G(T, p,Ni), where T is the temperature, p is the pressure and Ni is the particle

numbers of the various species i.

At interfaces between electrochemical electrodes and electrolytes, the dynamics are sig-

nificantly more complicated than at gas/surface interfaces,145 as shown in Figure 18. In

contrast to the sparse gas environment, a liquid electrolyte predominates at the electrode,

housing dissolved anions and cations that confer electrical conductivity. In particular, the

benchmark for calculating adsorption energies shifts from an atom or molecule in the gas

phase to a dissolved species. Consequently, assessing the energy gain upon adsorption re-

quires the investigation of solvation energies, a computationally intensive task.146 To avoid

the need to calculate the proton solvation energy in water, Nørskov et al.147 proposed an

alternative approach. By matching the reference potential to that of the standard hydrogen

electrode, they established a relationship between the chemical potential (the free energy

per H) for the reaction (H+ + e−) and that of 1/2H2. This basic principle laid the foun-

dation for the “computational hydrogen electrode”, a term coined in 2010.148 However, the

intricacies of this concept were initially explained in the supporting information (SI) of a

later article.148 We will revisit the derivation provided in the SI of that article. Of note is

the departure from the use of the Standard Hydrogen Electrode (SHE) as in the aforemen-

tioned reference; instead, the authors here refer to the zero voltage definition relative to the
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Reversible Hydrogen Electrode (RHE) as determined by the equilibrium of the reaction

H+ + e− ⇄
1

2
+ H2 (20)

at all pH values and temperatures with H2 at 1 bar pressure. Hence, it is possible to

express the electrode potential of the proton-electron pair relative to the standard hydrogen

electrode, taking into account the pH value and electrode potential USHE,

ηH+(aq) + ηe− =
1

2
µH2(g) − eUSHE − kBT ln(10)pH. (21)

Electrode

Interface

ElectrolyteGas Phase

M2

M+

CHE

M2

aiTD

Electrode

Interface

Gas Phase

M+

Figure 18: The illustration depicts the grand-canonical schemes to determine the equilibrium
structure of gas–solid interfaces using the concept of ab initio thermodynamics (aiTD)145 and
of electrode–electrolyte interfaces using the concept of the computational hydrogen electrode
(CHE).147 Partially redrawn from Ref.34

However, the electrochemical potential remains constant whether the SHE or RHE refer-

ence is used, as the thermodynamic driving forces are identical. This computational hydrogen

electrode (CHE) concept has predominantly been employed to investigate the structural sta-

bility of adsorbates at the interfaces of electrochemical electrodes and electrolytes,149,150 as

well as the potential-dependent adsorption energies of reaction intermediates in electrocatal-

ysis.148,151 It is crucial to emphasize that the applicability of the CHE framework extends
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beyond the treatment of protons. Any solvated ionic species with an associated standard

potential can be analyzed within this framework as follows:149

ηMz+(aq) + zηe− = µM − ze(USHE − U0) − kBT ln(aMz+) (22)

where U0 is the reduction potential of the M/Mz+ couple with respect to the SHE scale

and pH is replaced by the activity aMz+ . In practice, this grand-canonical approach is often

used to determine phase diagrams as a function of the electrochemical environment.This

formalism can also be used to study the stability of intercalation compounds under given

electrochemical conditions. This requires the insertion energy, which is analogous to the

formation energy of the intercalation phase with respect to the pristine electrode material

and the bulk phase of the charge carrier. In this way, the stable bulk phases can be evaluated

at given electrochemical conditions, just as in the case of a surface. Furthermore, for a given

electrode reaction, the CHE approach can also be used to determine the corresponding half-

cell voltage with respect to the SHE.

Up to now, the derivation has been exact. In applications based on the concept of the

computational hydrogen electrode the following approximations are typically made: firstly,

the chemical potential of the gas phase species is taken in the limit of zero temperature

and pressure; secondly, changes in the zero-point energies and entropy upon adsorption

are neglected. This means that instead of the free energy, only total energies need to be

calculated. The free energy of adsorption is then given by the following expression:

∆γ(U, ai) ≈
1

As

(
1

2
Eads(M2) −NM∆ηM(U, ai)

)
(23)

where the adsorption energy Eads is evaluated with respect to the molecule M2 in the gas

phase, and ∆ηM contains only the changes in the electrochemical potential as a function of

electrode potential and activity. This expression only contains terms that can be conveniently

calculated.
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8 Method outlook

In the previous sections, we have presented the thermodynamic and kinetic characteristics

that govern the properties of battery materials. In this section, we will examine the method-

ologies that are crucial for accurately predicting these properties. The field of multiscale

simulation methodologies has evolved to encompass a range of techniques, including density

functional theory (DFT),152–154 ab initio molecular dynamics (AIMD),155,156 reactive force

field (e.g., ReaxFF) MD,157 classical MD,158 coarse-grained (CG) MD,159 Monte Carlo (MC)

method,160 phase field method,161 finite element method (FEM)162 as shown in Figure 19.

The multiscale covers the atomic scale, nanoscale, mesoscale (or microscale), and macroscale

(> 10−3 m).
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Figure 10: a) Initial setup of the EC, PF6 mixed calculation. b) Formation of organic chains
after inclusion of PF6 in the EC decomposition simulation on a Li(100) surface.

to lithium and sodium, DME on potassium was found to be unreactive within the limited

timeframe of 3 ps. Further, no clear adsorption site preference could be identified during the

short simulation run.

So far, all simulations only considered the interaction between the metal surface and one

type of electrolyte component. In any actual cell, however, di↵erent components are mixed

to form the electrolyte solution. Therefore, a cell setup containing more than one species was

employed to make the simulations more realistic. For this simulation, two electrolyte solvent

(EC) and two counterion (PF6) molecules were considered per (4⇥4) Li(100) surface unit

cell. The reactions observed in this mixed setup (see Fig. 10), were the same as with the pure

simulation setups, suggesting that as long as there is still an exposed lithium surface, the

decomposition mechanisms are independent of each other for this specific combination. Still,

while the initial reduction reaction was seemingly independent of the presence of PF6, the

change in surface composition, namely the LiF formation, led to the formation of chain-like

structures, which may influence possible follow up reactions.

Up to here, the molecular dynamics simulations have indicated that, in contrast to

lithium, sodium and potassium surface behave rather similarly. The decomposition of both

investigated counter ions on Na(100) and K(100) showed only minor di↵erences, with only
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Figure 7: C-rate tests performed (a)-(d) experimentally and (e) virtually for C/10, C/5, 1C and 5C. The black solid line
in (a)-(d) are the relaxed OCV points from the GITT measurement in Fig. 3. The black reference in subfigure (e) is the
equilibrium potential from Fig. 6b. Inset pictures show the local filling fraction of sodium ions for chargin with 1C.

replaced by a wave-like front moving through the crystal in accordance with simulations for LCO [71]. The
first order phase transition between the O2 and P2-phase proceeds perpendicular to the layers which is a
result of the strong lattice contraction in the c-direction. In simulations where the elastic deformation is
neglected, the continuous removal of sodium ions leads to a ring of the O2 phase forming at the active facets
of the crystal. This hinders the extraction of ions from the bulk of the particle and results in a blocking
e↵ect caused by the slow di↵usivity in the O2-phase. As a result, the accessible capacity at all C-rates is
heavily underestimated. The experimentally observed capacities can only be achieved through layer-by-layer
filling which is preferential for the minimization of stored elastic energy. In all cases, phase transitions are
initiated at corners and edges of the crystal where the curvature is high.

The lattice mismatch between phases leads to stress hotspots at locations with high concentration gra-
dients. In brittle materials, the maximum tensile stress can be used as an estimate for possible fracture
which is the largest eigenvalue of the local stress tensor. In our simulations, we find high tensile stresses
close to the top and bottom facets during charge and in the center of the particle during discharge. The
temporal evolution of stresses is shown in the videos in the Supporting Information. The observed stress
distributions are consistent with the observation that cracks can form inside the particle and reach the
surface through continued cycling [85]. The simulated voltage curves feature strong resemblance with the
experimentally obtained ones from which we conclude that the model covers the dominant e↵ects and can
be used for predictive material simulation. The di↵erences between the curves in Fig. 7a-d and Fig. 7e give
some hints for further model refinement in future works. Very low overpotentials are observed in the range of
X 2 [0.33, 0.5] which suggests that the charge transfer coe�cient k0 might be phase-specific. The deviation
at high filling fractions X > 0.6 results from the energy fit in Sec. 3.3.1 and could be improved by inclusion
of the P2’-phase in the model. Furthermore, there is an asymmetry between charge and discharge in the
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Figure 19: Approximate time and length scales characterizing various simulation techniques:
quantum mechanics (QM), encompassing coupled cluster (CC) and DFT methods; molecular
mechanics (MM), comprising all-atom molecular dynamics (AA-MD) simulations, implicit
solvent, coarse-grained MD (IS-MD and CG-MD), and the Brownian dynamics (BD) tech-
nique; and continuum mechanics (CM). The depicted ranges represent an estimation of the
time and length scales involved.

We focus on the atomic to mesoscale range, acknowledging the absence of strict scale
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boundaries and emphasizing the unique challenges at each level. At the atomic scale, the cen-

tral focus is on quantum effects and charge transfer dynamics. In contrast, at the nanoscale,

the emphasis is on nonbonding interactions such as van der Waals forces. The method of

choice for describing processes in bulk and interface systems is periodic electronic structure

calculations based on DFT. It is acknowledged that DFT has certain limitations, including

an inability to accurately predict band gaps and difficulties in describing strongly correlated

systems, including some oxide materials. Nevertheless, DFT calculations combine numeri-

cal efficiency with sufficient reliability and accuracy for a multitude of properties pertinent

to batteries. For instance, open circuit potentials and estimates of the gravimetric and

volumetric density can be readily obtained through DFT calculations and employed as a

computational screening tool for promising cathode/anode pairs.163,164

8.1 Density functional theory

Density functional theory (DFT)152,153 is a remarkably powerful method, based on an exact

theorem stating that the energy of the ground state is determined solely by the electron

density, ρ. In a system with n electrons, the function ρ(r) represents the total electron

density at a given point r in space. The electronic energy is described as a functional of

the electron density, E[ρ]. This implies that for any given function ρ(r) there is a unique

corresponding energy value.

8.1.1 Kohn-Sham orbitals and equations

The idea of a density functional for energy served as the basis for early, albeit helpful,

approximate models such as the Thomas-Fermi method (derived from the work of E. Fermi

and L.H. Thomas in the late 1920s) and the Hartree-Fock-Slater or Xα method165 (derived

from the work of J.C. Slater in the 1950s). However, in 1964 P. Hohenberg and W. Kohn152

provided a formal proof that the ground state energy and all other electronic properties

could be uniquely determined by the electron density. The Hohenberg-Kohn theorem does
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not provide the explicit functional form linking energy and density; rather, it validates the

presence of such a functional. The next significant advance in DFT came with the derivation

of a set of one-electron equations capable of determining the electron density ρ(r).

W. Kohn and L.J. Sham153 demonstrated that the ground-state electronic energy E for

a system containing n electrons can be expressed as

E[ρ] = − ℏ2

2me

n∑
i=1

∫
ψ∗
i (r1)∇2

1ψi(r1)dr1 −
N∑
I=1

ZIe
2

4πϵ0rI1
ρ(r1)dr1

+
1

2

∫
e2ρ(r1)ρ(r2)

4πϵ0r12
dr1dr2 + EXC [ρ] (24)

where the one-electron spatial orbitals ψi(i = 1, 2, ..., n) are the Kohn–Sham orbitals, the

solutions of the equations given below. The exact electron density of the ground-state is

then determined by

ρ(r) =
n∑

i=1

|ψi(r)|2 (25)

where the sum is over all occupied Kohn-Sham (KS) orbitals; once these orbitals have been

calculated, the value of ρ is determined. The first term in equation 24 represents the kinetic

energy of the electrons, while the second term represents the attraction between electrons

and nuclei, with the sum extending over all N nuclei indexed by I and having atomic

number ZI . The third term represents the Coulomb interaction between the aggregated

charge distribution (summed over all KS orbitals) at positions r1 and r2. The last term

is the exchange correlation energy, which remains elusive. This energy, denoted EXC , is a

functional of the density and includes all non-classical electron-electron interactions. Despite

the assurance of the Hohenberg-Kohn theorem that E, and hence EXC , must be functionals

of the electron density, the exact analytical form of the latter remains unknown, necessitating

the use of approximate expressions.

The KS orbitals are determined through the resolution of the Kohn-Sham equations,
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which are formulated by employing the variational principle to the electronic energy E[ρ],

with the charge density specified in equation 25. The KS equations for the one-electron

orbitals ψi(r1) are of the form

{
− ℏ2

2me

∇2
1 −

N∑
I=1

ZIe
2

4πϵ0rI1
+

∫
e2ρ(r2)

4πϵ0r12
dr2 + VXC(r1)

}
ψi(r1) = εiψi(r1) (26)

where εi are the KS orbital energies and VXC is the exchange–correlation potential, derivative

of the exchange–correlation energy:

VXC [ρ] =
δEXC [ρ]

δρ
(27)

If we know EXC , we can derive VXC . The significance of the KS orbitals lies in their

facilitation of density computation using equation 25. These equations are iteratively solved

in a self-consistent manner. Initially, we guess the electron density ρ, typically by employing

a superposition of of atomic densities. Utilizing an approximate form for the functional

EXC [ρ], which remains fixed throughout all iterations, we then calculate VXC as a function

of r. The KS equations are subsequently solved to yield an initial set of KS orbitals. This

set of orbitals is utilized to improve density calculation from equation 25, and the process

iterates until density and exchange-correlation energy converge within a defined tolerance.

The electronic energy is then determined using equation 24.

8.1.2 Exchange-correlation functionals

Numerous schemes have been developed to derive approximate forms of the exchange-

correlation energy functional, and research is ongoing to improve its accuracy. The main

error in density functional theory typically arises from the inherent approximation of this

functional, which is commonly divided into exchange (related to the exchange energy) and

correlation (related to the dynamic correlation energy) functionals. In the Local Density
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Approximation (LDA),166,167 the exchange-correlation functional is typically obtained by

EXC =

∫
ρ(r)εXC [ρ(r)]dr (28)

where εXC represents the exchange-correlation energy per electron in a homogeneous electron

gas characterized by a constant density. With a homogeneous electron gas, an infinite number

of electrons move through an infinitely large volume. This space maintains electroneutral-

ity due to a uniform and widespread distribution of positive charge. While equation 28

serves as an approximation, since actual molecules do not distribute positive or electronic

charge uniformly, the computationally efficient Local Density Approximation (LDA) offers

surprisingly high accuracy, particularly in predicting structural properties. However, its ac-

curacy decreases as the electron density in the system varies. For many molecules, LDA

tends to overestimate binding energies compared to experimental results. To account for the

non-uniform electron density, a non-local correction involving the electron density gradient

is often incorporated into equation 28. Various gradient-corrected functionals have been

proposed, the Generalized Gradient Approximation (GGA)168 being one such approach. In

general, GGA, an extension of LDA with gradient corrections, provides ground-state bond

distances to within 0.03 a0 atomic units and bond energies to within about 20 kJ/mol.

The next level of density functionals, known as meta-GGA,169,170 goes beyond conven-

tional models by including not only density gradients but also second-order density deriva-

tives. These functionals can be redefined using the kinetic energy density as an additional

parameter instead of the second order density derivatives. TPSS,171 and SCAN172 are func-

tional in this context.

Another generation of functionals are hybrid functionals,173,174 which use exact exchange

from Hartree-Fock in conjunction with density functional exchange energy.

EHF
X = −1

2

∑
n,m

∫
dr1

∫
dr2

e2ψ∗
m(r1)ψn(r1)ψ∗

n(r2)ψm(r2)

4πϵ0r12
(29)
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The ψn(r) is the Kohn-Sham wave functions. The rationale behind this method is based on

the adiabatic connection formula,175,176 which formulates the exchange-correlation energy

as a convolution of the exchange and correlation potential energies over a spectrum of in-

teraction strengths represented by λ. In this framework, the interaction component of the

Hamiltonian is proportionally adjusted by λ, yielding a universal functional, which depends

on λ and the electron density. The energy resulting from these interactions can thus be

formulated as a function of λ.

The basic concept of hybrid functionals is to use an interpolation method to fit the

integrand between its end points. When λ (the interpolation parameter) is equal to zero,

the integrand corresponds exactly to the exchange energy of the non-interacting condition.

Conversely, in the presence of full interaction, the LDA or GGA functionals are appropriately

applied. Consequently, a linear interpolation approach would result in

EXC [ρ] =

∫ 1

0

dλUλŴ
XC [ρ] =

1

2

(
U0
XC + U Ŵ

XC

)
= EGGA

XC +
1

2

(
EHF

X − EGGA
X

)
(30)

Perdew177 has argued that a factor of 1
4

would actually be better than a factor of 1
2
. Hybrid

functionals exhibit superior performance compared to GGA functionals regarding binding

energies, band gaps, and reaction energies. However, they exhibit limitations in describing

solids due to the extensive nature of the exact exchange hole within a solid. The elongated

range of this hole leads to long-range tails, which are swiftly neutralized upon interaction

activation by correlation effects. To address this, it is proposed to utilize a reduced mixing

factor for the long-range portion of the exchange hole. This adjustment involves truncating

the extended interaction range when computing the Hartree-Fock exchange,178 resulting in

enhanced band gap accuracy and decreased computational complexity.179

From a different perspective, Anisimov et al. 180 introduced the LDA+U method to

address a specific challenge in the accurate description of transition metal oxides. These

materials often exhibit Mott insulator behavior, contrary to the predictions of GGA calcu-
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lations, which often classify them as metals. To correct for this, they included a correlation

term181 inspired by the Hubbard model and corrected for double counting with Edc.

Novak et al. 182 further linked this method to hybrid functionals by restricting the exact

exchange contribution to a defined orbital shell. Unlike LDA+U, where the Coulomb matrix

elements are attenuated by a screening factor, hybrid functionals modulate these interactions

by a mixing factor. Both approaches, LDA+U and local hybrid,183 share the common feature

of significantly reducing off-site matrix element contributions to the interaction. Sotoudeh et

al. 183 applied this method to transition metal oxides and obtained results similar to those

obtained by full implementation of hybrid functionals.184

8.1.3 Self-interaction Error

The standard DFT calculations based on GGA functionals reflect a systematic tendency to

underestimate the experimentally determined voltages of layered lithium transition metal

oxides by up to 1.0 V, as shown in Figure 20.

error. The HSE06 potential is greater than the one obtained
with GGA+U by 0.21 V. Once more, GGA underestimates
the potential by approximately 0.7 V.

The olivines !LiMPO4, M =Mn, Fe, Co, and Ni" yield
potentials which are underestimated on average by 1 V with
GGA. The Mn, Fe, and Co olivines are the only materials
where the Li intercalation potentials obtained with HSE06
are smaller than those obtained with GGA+U and by experi-
ment. The smaller Li intercalation potentials obtained with
HSE06 are correlated with the presence of the PO4 polyan-
ion. As opposed to the other olivines, the Li intercalation
potential obtained for LiNiPO4 with HSE06 is greater than
those obtained with GGA+U and by experiment. As previ-
ously stated, NiPO4 was also the only olivine structure where
the Ni magnetic moments obtained with HSE06 were greater
than those obtained with GGA+U.

C. Oxide formation energies

The O2 molecule has an experimental binding energy of
−5.12 eV.40 GGA is known to overbind for O2, and a value
of −6.04 eV was obtained with GGA in good agreement
with previous calculations.4,59 HSE06 yields a binding en-
ergy of −5.16 eV, in much better agreement with experiment
than GGA. According to the methodology of Ref. 4, one
would therefore not expect HSE06 to introduce significant
O2 binding errors in the calculation of formation energies for
nontransition metal oxides, where there is little correlation
error on the metal ion.

Figure 3 shows the formation energy of various oxides
when starting from their elemental form as calculated with
GGA and HSE06, compared to experiment.40,41 The GGA
formation energies are consistent with those of Ref. 4.

The GGA formation energy of the oxides of metals with-
out localized 3d electrons !Li, Na, Mg, Al, Ca, and Ti" is
underestimated by a nearly constant error of 1.18 eV com-
pared to experiment !the exclusion of Ti-containing oxides
yields an average error of 1.32 eV, in agreement with Ref. 4".
The TM oxides containing atoms with localized 3d electrons

!V, Cr, Mn, Fe, Co, Ni, and Cu" have much more scatter in
their calculated GGA formation energies and have an aver-
age error of 1.32 eV !!=0.20 eV".

The HSE06 nontransition metal oxide formation energies
are very similar to those obtained with GGA, although the
average error is slightly less at 0.85 eV. The TM oxides with
HSE06 yield formation energies that have less scatter than
with GGA and have an average error of −0.35 eV !!
=0.15 eV". The agreement with experiment of formation en-
ergies for TM oxides is therefore better with HSE06 than
with GGA.

IV. DISCUSSION

A. Electrode materials

Table II and Fig. 1 indicate that HSE06 presents a signifi-
cant gain in accuracy over GGA+U and GGA for structural
parameters of lithiated and delithiated compounds without
the need for adjustable parameters. The HSE06 functional
should therefore have better predictive capabilities for vol-
umes and volume changes upon lithiation. While the volu-
metric capacity !charge/volume" of an electrode material is
an important characteristic, the error obtained with GGA or
GGA+U is well behaved and not large enough to be relevant
to materials screening.

Jahn-Teller distortions have important, practical conse-
quences for electrode materials.25,60–63 Mechanical degrada-
tion can occur upon cycling if the lithiation or delithiation of
an electrode changes the valence state of a TM atom from a
Jahn-Teller active to an inactive state. The anisotropic struc-
tural changes caused by Jahn-Teller distortions have been
claimed to contribute to electrode failure in LiNiO2,
Li2Mn2O4, and LiMnPO4.25,60,61 GGA, GGA+U, and HSE06
all yield similar Jahn-Teller distortions in systems without
charge disproportionation. In the presence of charge dispro-
portionation, such as LiMn2O4, only GGA+U and HSE06
successfully yield Jahn-Teller distortions. HSE06 is therefore
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Figure 20: A comparative analysis of intercalation voltage errors using different calculation
methods: GGA (Generalised Gradient Approximation), represented by red circles, GGA+U,
represented by green triangles, and the HSE06 (Heyd-Scuseria-Ernzerhof)178 hybrid func-
tional, represented by blue squares. Note that the Hubbard U value for titanium (Ti) is set
to zero, making GGA equivalent to GGA+U. Reprinted from Ref.,185 copyright American
Physical Society.
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The inability of DFT to accurately predict the stresses in lithium transition metal oxides is

due to a fundamental problem within (semi-)local DFT methods. Specifically, the mean-field

approximation used to describe the electrostatic interaction between electrons introduces

a self-interaction problem. This self-interaction, where each electron interacts with itself,

remains inadequately accounted for by the commonly used LDA and GGA functionals. As

a consequence, this self-interaction error leads to an artificial dispersion of the electrons,

which particularly affects systems with strongly correlated electrons.186 For example, many

transition metal oxides exhibit distinct electron density features, such as localized d-electrons

at metal centers, which are not captured by conventional DFT calculations. In particular,

GGA often incorrectly predicts metallic ground states for insulating transition metal oxides

relevant to lithium-ion batteries.186 Even in simple cases such as the oxidized water dimer,

DFT calculations using GGA functionals incorrectly predict both the energetics and the

electronic structure of the dimer.187

While error-correction mechanisms within DFT can mitigate this problem in scenar-

ios such as energetic comparisons of different polymorphs, such approaches prove inade-

quate for modeling redox reactions. Such reactions require the calculation of energy differ-

ences between materials with very different electronic configurations, which precludes effec-

tive error cancellation. Chevrier et al.185 showed that hybrid DFT calculations using the

HSE06178 functional show comparable accuracy in predicting redox potentials compared to

the GGA+U method, albeit without the need for additional parameters. However, even with

the application of HSE06,178 notable discrepancies between predicted and observed voltages

can occur in systems with complicated electronic structures, such as LixCoO2, which under-

goes a metal-insulator transition upon delithiation. Seo et al. 188 observed that fine-tuning

the amount of exact exchange according to system-specific parameters derived from spec-

troscopic reference band gaps can further improve the accuracy of calculated equilibrium

voltages and voltage profiles within hybrid functional DFT. Figure 20 shows a comparison

of equilibrium voltages between lithium transition metal oxides and phosphates calculated
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using GGA, GGA+U and HSE06.178

8.2 Equilibrium cell voltage from first principles

It is currently possible to estimate many important macroscopic properties of batteries with

a satisfactory degree of accuracy using fundamental results derived from DFT structural

relaxation and energy calculations.141,189 For example, the average voltage (relative to a

metallic anode) of a MnX cathode when charged to Mn−xX can be correlated with the

change in Gibbs free energy, which in turn can be approximated by the shift in the 0 K DFT

energy,190 as follows

V = −G[MnX] −G[Mn−xX] − xG[M]

xe

≈ EDFT[MnX] − EDFT[Mn−xX] − xEDFT[M]

xe
(31)

where x represents the quantity of M transferred per unit during this process. G stands

for the Gibbs free energy, EDFT represents the energy computed through DFT, and e sig-

nifies the charge of an electron. This expression arises from the integration of the Nernst

equation across a range of M composition denoted by x. It serves as a useful approxima-

tion for estimating the voltage of intercalation compounds like LiFePO4, which undergo a

two-phase reaction (as previously illustrated in Figure 14), under the assumption that all

intermediary stable phases are accurately identified using DFT. However, this approximation

overlooks finite-temperature effects and thus cannot accurately predict the voltage behavior

of intercalation compounds that operate via a solid solution mechanism.

Additional properties that can be predicted by DFT calculations and crystallographic

analysis include theoretical specific capacity and volumetric capacity. The theoretical specific

and volumetric capacities are determined by dividing the number of lithium ions that can be

extracted per unit formula by the total molecular weight and volume (sometimes obtained

by DFT relaxation) per unit formula, respectively. Consequently, multiplying the average
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voltage by the theoretical specific capacity and volumetric capacity gives the theoretical

specific energy and energy density respectively.

Nevertheless, as battery structures can be rather complex, particularly at the interface be-

tween electrode and electrolyte, DFT calculations are sometimes too numerically demanding

to describe these structures. In the case of a liquid electrolyte, instead of explicitly consid-

ering the solvent molecules, they might be described within an implicit solvent model,144

i.e., as a continuous dielectric. This approach is numerically attractive and yields reasonable

trends for electrochemical electrode/electrolyte interfaces,191 but it is not clear how reliable

the method is in terms of quantitative results.

8.3 Thermodynamics from Electronic Structure

Statistical mechanics192 facilitates the correlation between the temperature-dependent macro-

scopic properties of a battery material and its intrinsic electronic configuration. The funda-

mental concept driving this relationship is encapsulated in the partition function equation

which, under conditions of constant temperature and lithium concentration, assumes the

following formulation:

Z =
∑
i

exp−βEi (32)

where Z is the partition function, which denotes the total statistical sum of the system; i

indexes the different quantum states of the system; Ei is the energy associated with the

ith state (excitation), which can be determined via DFT; kB is the Boltzmann constant, a

fundamental constant in thermodynamics; and finally T is the temperature of the system.

Three categories of excitations can be distinguished in intercalation compounds: (i) elec-

tronic excitations, which involve events such as the transition of a valence band electron to a

conduction band; (ii) vibrational excitations, which arise from the thermal motion of atoms

around their ideal crystalline positions; and (iii) configurational degrees of freedom, which
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are related to the different arrangements of charge carriers (e.g. Li ions) and vacancies in

the interstitials of the intercalation host. While electronic and vibrational excitations have

a quantitative impact on thermodynamic potentials, the most significant contribution to the

thermodynamic properties of intercalation compounds comes from configurational degrees of

freedom. These configurational excitations are not limited to the distribution of charge car-

riers and vacancies within a host, but can also arise from the different ways in which different

localized oxidation states are distributed, which is particularly evident in compounds with

localized electronic states. For example, the configurational entropy arises from all possible

distributions of +2 and +3 oxidation states on the Fe sites of the olivine host LixFePO4.
193

The Helmholtz free energy is correlated with the partition function by the expression

F = kBT lnZ. Various thermodynamic properties can then be derived by taking suitable

derivatives of the free energy with respect to experimentally manipulable parameters.

8.4 Formation Energy and Stability

A prerequisite for the application of any material is its stability under certain conditions.

Thermodynamic stability, a crucial aspect, is determined by the Gibbs energy of decompo-

sition (∆Gd), which represents the energy difference between the formation of the material

(∆Gf ) and that of all other compounds in the relevant chemical context. Despite the chal-

lenges of incorporating temperature-dependent thermodynamics into high-throughput den-

sity functional theory (DFT) and the limited application of machine learning (ML) methods

in this area,194 material stability is predominantly evaluated using the decomposition en-

thalpy (∆Hd).
195 This metric approximates the energy difference between a given compound

and competing compounds within a defined chemical context.

The quantity ∆Hd is obtained by a convex hull construction in the formation enthalpy

(∆Hf ) composition space. Figure 21 shows an example of a binary A-B space with three

known compounds, A4B, A2B and AB3. The convex hull is the lower convex enthalpy

envelope that lies below all points in the composition space (blue line). Stable compositions
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lie on the convex hull and unstable compositions lie above it. A4B is unstable (above the

hull), so ∆Hd > 0 and is calculated as the distance in ∆Hf between A4B and the convex hull

of stable points. AB3 is stable (on the hull) so ∆Hd < 0 and is calculated as the distance in

∆Hf between AB3 and a hypothetical convex hull constructed without AB3 (dashed line).

So ∆Hd is the minimum amount that ∆Hf must decrease for an unstable compound to

become thermodynamically stable, or the maximum amount that ∆Hf can increase for a

stable compound to remain stable. Note that ∆Hd provides a distribution of values for stable

compounds, whereas the more common “energy above the hull” is equal to 0 for all stable

compounds. The convex hull construction described here for a binary system generalizes to

chemical spaces consisting of any number of elements.

Figure 21: The distinction between formation and decomposition energies. (a) A convex
hull is constructed to derive the decomposition enthalpy (∆Hd) from the formation enthalpy
(∆Hf ). (b) An analysis of 85,014 ground state records in the Materials Project shows
minimal correlation between ∆Hd and ∆Hf . Interestingly, a strong linear correlation only
appears for chemical spaces containing a single compound, which represents about 3% of the
compounds analyzed. These singular compounds were excluded from the determination of
the correlation coefficient, R2. In addition, a normalized histogram of ∆Hf (and ∆Hd) is
shown, binned every 10 meV/atom, providing further insight into the energy distributions.
Reprinted from Ref.,196 with permission from Springer Nature.

Therefore, while ∆Hf . measures how likely a compound is to form from its constituent

elements, the thermodynamic factor governing phase stability is ∆Hd, which emerges from
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the interplay among ∆Hf values for all compounds within a chemical system. While the

enthalpies of formation can reach several electron volts (eV), ∆Hd typically falls within a

range one to two orders of magnitude lower. Furthermore, thermodynamic stability exhibits

nonlinear behavior with respect to ∆Hd, particularly around zero; negative values signify

stable compounds, while positive values indicate instability or metastability.

Although ∆Hd dictates stability, machine learning (ML) models typically predict the

absolute ∆Hf as the standard thermodynamic property.197,198 This preference largely stems

from the fact that ∆Hf is inherent to a specific compound, whereas ∆Hd relies inherently

on a compound’s stability concerning neighboring compositions, rendering it less suitable for

direct learning.

Using data from the Materials Project (MP),199 Bartel et al.200 used the convex hull

method to derive ∆Hd values for 85,014 inorganic crystalline solids, mainly from the Inor-

ganic Crystal Structure Database (ICSD).201,202 These values were then plotted against ∆Hf

in Figure 21. Their analysis reveals a lack of significant linear correlation between ∆Hd and

∆Hf , except in cases where only one compound occupies a chemical space (∆Hd = ∆Hf ),

a scenario observed in only ∼3% of materials within the MP. While ∆Hf exhibits a wide

range of energies (mean ± mean absolute deviation = −1.42±0.95 eV/atom), ∆Hd exhibits

a much narrower range of energies (0.06 ± 0.12 eV/atom), indicating the greater sensitivity

or subtlety of ∆Hd in prediction. Histograms illustrating the distributions of ∆Hf and ∆Hd

are shown in Figure 21. Despite the lack of a linear relationship between ∆Hd and ∆Hf ,

and the limited energy span of ∆Hd, predictive models based on ∆Hf could still accurately

predict ∆Hd, provided they account for relative variations in ∆Hf within a given chemi-

cal space with a precision comparable to the range of variation in ∆Hd. Alternatively, such

models could benefit from significant error reduction when comparing energies of compounds

with similar chemical properties.
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8.5 X-ray absorption near-edge spectroscopy

Having established the principles of stability, we now turn our attention to probing the

electronic structure, oxidation states, and local chemical environments of elements within a

material. X-ray absorption near-edge spectroscopy (XANES) is a technique that is widely

used for this purpose in material characterization, particularly in experimental settings. In

this method, a nuclear electron is excited into valence or conduction bands. In semicon-

ductors and insulators, where electrons tend to remain localized on atoms, it is essential

to accurately account for electron-hole interactions in calculations. The two main methods

used for this purpose are the supercell core-hole (SCH)203 method and the Bethe-Salpeter

equation (BSE)204 method.

The supercell core-hole method involves the targeted removal of a specific core electron,

resulting in a positive charge vacancy. To simulate the subsequent excitation of this electron

to higher energy states, an electron is added to the valence or conduction band to mimic the

final state of the excitation process, a technique known as final state approximation. This

configuration allows a comprehensive electronic minimization process to be carried out. In

metals, the core hole is effectively shielded by the surrounding electrons, leading to negligible

discrepancies between core hole and regular calculations. However, in semiconductors and

insulators, where the screening is weak, strong electron-hole interactions occur, causing not

only a reduction in excited state energies relative to the valence states, but also significant

changes in the band structure. Consequently, the primary effect in core-hole calculations

is the relaxation of valence and conduction electrons, while the relaxation of core states is

typically negligible. This property facilitates smooth integration into a projector augmented

wave (PAW)205 framework without the need for real-time recalculation of PAW potentials

at each step of the electronic self-consistent cycle.

It is crucial to use sufficiently large supercells to minimize interactions between neighbor-

ing core holes within periodic boundary conditions. Consequently, the computational cost

of this method is primarily due to the use of large supercells. Nevertheless, it is generally
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more computationally efficient than the BSE204 method for core electrons.

The dielectric function utilized in the SCH method is approached by considering elec-

tromagnetic wave wavelengths, which are typically much larger than the characteristic mo-

menta within solids. We initiate the analysis by focusing on the transverse expression for the

imaginary component of the dielectric function under conditions of long wavelengths. This

expression is represented as:

ϵ
(2)
αβ(ω,q = 0) =

4π2e2ℏ4

Ωω2m2
e

∑
c,v,k

2wkδ(εck − εvk − ω) ×M v→c
α M v→c

β
∗ (33)

In this formula, ϵ
(2)
αβ(ω,q = 0) denotes the imaginary part of the dielectric function for trans-

verse polarization. Various parameters such as e (elementary charge), ℏ (reduced Planck’s

constant), Ω (volume of the unit cell), ω (angular frequency), me (electron mass), εck and

εvk (energies of conduction and valence bands, respectively, at momentum k), wk (weight

of the k point in the Brillouin zone), and M v→c
α (matrix elements for transitions from the

valence to conduction band) are involved.

In the PAW method, all-electron orbitals |ψnk⟩ are obtained through a linear transfor-

mation of pseudo orbitals |ψ̃nk⟩:

|ψnk⟩ = |ψ̃nk⟩ +
∑
i

(|ϕi⟩ − |ϕ̃i⟩)⟨p̃i|ψ̃nk⟩. (34)

The pseudo orbitals depend on band index n and crystal momentum k. |ϕi⟩, |ϕ̃i⟩, and |p̃i⟩

represent all-electron partial waves, pseudo partial waves, and projectors respectively. The

index i denotes the atomic site and other relevant quantities at each site. Matrix elements

are given by:
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M v→c
α = ⟨ψck|i∇α − kα|ψvk⟩

= ⟨ψ̃ck|i∇α − kα|ψ̃vk⟩

+
∑
ij

⟨ψ̃ck|p̃i⟩⟨p̃j|ψ̃vk⟩i(⟨ϕi|∇α|ϕj⟩ − ⟨ϕ̃i|∇α|ϕ̃j⟩).

(35)

In X-ray absorption spectroscopy, focusing on one core hole at a single site allows simpli-

fication of equations. The index i now enumerates the main, angular, and magnetic quantum

numbers. Utilizing the completeness relation, the matrix elements simplify to:

M core→ck
α =

∑
i

⟨ψ̃ck|p̃i⟩⟨ϕi|∇α|ϕcore⟩. (36)

Additionally, the summation over bands can be limited to conduction bands c:

ϵ
(2)
αβ(ω) =

4π2e2ℏ4

Ωω2m2
e

∑
c,k

2wkδ(εck − εcore − ω) ×M core→ck
α M core→ck

β

∗
. (37)

Similar to XANES, electron energy-loss near-edge structure (ELNES) focuses on the

excitation of core electrons, but it is a part of the broader electron energy-loss spectrum

(EELS). EELS captures the energy lost by electrons as they pass through a material, with

ELNES specifically highlighting the contributions from core electron excitations to empty

orbitals of a given element.

As an example, the detailed comparison of the Ti L2,3 fine structure of TiS2 before and

after the first cycle is shown in Figure 22. The Ti-3d character of the pristine sample was

characterized by the presence of three-fold degenerate t2g states (shoulder peaks) and two-

fold degenerate eg states (peaks at 459.2 eV and 464.9 eV). The crystal field splitting (t2g

– eg) is reasonably resolved in TiS2, as evidenced by the clear shoulder peaks at 457.4 eV

and 463.1 eV. However, upon discharging the system, the shoulder peaks disappeared. This

indicates a reduction in the t2g – eg splitting of the Ti L2,3 edge, which is characteristic of
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the reduction of Ti. Furthermore, the Ti L2,3 edge was shifted by approximately 0.7 eV to

lower energies, which confirmed the reduction of the Ti oxidation state. Upon charging, the

Ti L2,3 edge shifted back to its previous position, while the shoulder peaks reappeared. This

demonstrated a consistent reversible redox process. The calculated density of states (DOS)

in conjunction with the calculated EELS data also supported the aforementioned findings, as

illustrated in Figure 22. In the case of TiS2, the filled valence band, which extends from -5.5

eV to 0 eV, is predominantly of S-p character, with a minor contribution from Ti-d orbitals.

The Ti-d states that are relevant for the redox properties are predominantly located above

the Fermi level between 0 and 4 eV. Upon transitioning from TiS2 to LiTiS2, the monovalent

Li ions are introduced into the system, resulting in the filling of the σ∗ states with additional

electrons. The results of the density of states (DOS) calculations indicated that the Ti states

were occupied. A detailed examination of the spectral region of interest in the calculated

EELS revealed that the redox activity is associated with peaks that lie within the energy

window from 0 to 3 eV. The disappearance of the lower peak corresponding to the Ti-t2g

orbital after Li insertion was in accordance with the measured EELS data, thereby further

verifying that Ti is the center of the redox reaction.
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8.6 Crystal Orbital Hamiltonian Population

Crystal Orbital Hamiltonian Population (COHP)207 analysis is a powerful method employed

in computational materials science to dissect and understand chemical bonding interactions

within crystalline materials. COHP relies on quantum mechanical principles to elucidate

the nature of chemical bonding in solids. To grasp the theoretical underpinnings of COHP,

it is important to gain a comprehensive understanding of the fundamental concepts that

underpin electronic structure calculations, density functional theory (DFT), and Hamiltonian

matrices. In DFT, the electronic structure of a material is described by the Kohn-Sham

equations:

HKSψi(r) = εiψi(r)

where HKS is the Kohn-Sham Hamiltonian operator, ψi(r) are the Kohn-Sham orbitals,

and εi are the corresponding eigenvalues. The electronic Hamiltonian matrix elements Hij

describe the interaction between electrons on different atoms. These elements can be ex-

pressed as:

Hij = ⟨ψi|HKS|ψj⟩

The overlap population, denoted as Pij, quantifies the overlap of Kohn-Sham orbitals

between pairs of atoms. It is computed as:

Pij =
∑
α,β

⟨ψiα|ψjβ⟩

where ψiα and ψjβ represent the atomic orbitals on atoms i and j, respectively. The total

COHP, denoted as COHPij(E), is calculated as the sum of the Hamiltonian matrix elements

and the overlap population, weighted by the density of states (DOS) at energy E:
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COHPij(E) =
∑
α,β

∑
ϵ

N(ϵ)Hαβ⟨ψiα|ψjβ⟩

where N(ϵ) is the DOS at energy ϵ, and Hαβ are the Hamiltonian matrix elements. These

calculations are typically performed as post-processing steps on the electronic structure data

obtained from DFT simulations. By analyzing the COHP curves, researchers gain insights

into the nature and strength of chemical bonds in crystalline materials, aiding in materials

design and optimization efforts.

As an illustration, the bonding and anti-bonding states of the previously mentioned

TiS2 were examined using COHP analysis, as shown in Figure 23. Upon reduction, the

continuum associated with the anti-bonding states (blue) near the Fermi level broadens due

to the delocalization of electrons in the empty Ti-d states. In the bonding continuum (red),

which is primarily composed of S-p orbitals, the sharp peak disappears, indicating weakened

bonding. This is likely due to a slight lengthening of the Ti–S bond during Li+ intercalation,

as evidenced by the DOS calculations (See Figure 22). These findings align well with the

EELS data, suggesting that titanium is the primary redox site.

8.7 Molecular Dynamics

Molecular dynamics (MD)208 is a computational tool used to study the dynamic behavior

of atomic systems. Central to MD simulations is the representation of atomic interactions,

encapsulated in the so-called potential energy surface (PES). In ab initio MD (AIMD), this

PES is derived by solving the Schrödinger equation using either the Born-Oppenheimer209 or

the Car-Parrinello210 method. Conversely, classical MD uses parameterized interatomic po-

tentials (IAPs) to model these interactions. Traditionally, these IAPs are constructed based

on mathematical functions fitted to either experimental data or ab initio calculations.211

The primary consideration between ab initio and classical MD is the balance between

computational effort, accuracy and applicability. Ab initio MD offers high accuracy and
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Figure 23: The Crystal Orbital Hamiltonian Population (COHP) analysis between a Ti-
d orbital and a S-p orbital. The COHP values are depicted with negative values in red,
representing bonding interactions, and positive values in blue, representing anti-bonding
interactions. These values are plotted below and above the horizontal black line, respectively.
The zero energy level is aligned with the top of the valence band. Reprinted from Ref.,206

published under a CC BY license.

broad applicability across the periodic table, but its computational requirements and poor

scalability (greater than O(N3)) limit typical simulations to relatively small system sizes (less

than 1000 atoms) and short time frames (about 100 picoseconds). In contrast, classical MD

has been used for larger system sizes (up to millions of atoms) and longer time scales (more

than 1 nanosecond). Nevertheless, the construction of a sufficiently accurate IAP tailored

to a specific chemical context is a major challenge.

Recently, there has been a growing interest in using machine learning (ML) techniques to

explore the connection between potential energy surfaces (PES) and descriptors of the local

environment.212,213 This approach shows promise as a comprehensive method for developing

interatomic potentials (IAPs). In a typical workflow, known as ML-IAP fitting, a large

data set of representative structures is first collected. These structures can be obtained

from snapshots in AIMD simulations or carefully selected displacements from equilibrium

structures, with their energies and forces calculated using DFT calculations. These sampled

structures are then characterized using atomic descriptors that maintain strict invariances
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with respect to translation, rotation and permutation of similar species. Examples of such

descriptors include symmetry functions, moment tensors, bispectrum and smooth overlap of

atomic positions. Finally, a machine learning model, such as linear regression,214 Gaussian

process regression213 or neural networks,212 is used to learn the relationship between the PES

and the local environment descriptors. These ML-IAPs have demonstrated a remarkable

ability to achieve energy and force predictions close to DFT accuracy, often surpassing

traditional interatomic potential models, in a wide range of chemical systems.

Molecular dynamics (MD) simulations yield crucial insights into atomic behavior over

time, enabling the derivation of various material properties. These include mobile ion dif-

fusivity, conductivity, and others. For instance, jump diffusivity (DJ) can be derived from

the slope of the mean square displacement (MSD) plot of mobile ion center of mass over

time. Similarly, tracer diffusivity (D∗) can be obtained from the slope of individual mobile

ion MSD averaged over time. Mobile ion conductivity σ and the Haven ratio Hr can then

be calculated using the following equation:

σ = q2c
DJ

kBT
=
q2c

Hr

D∗

kBT
(38)

where c represents the number of mobile ions per unit volume, and the symbol q denotes the

ion charge. Notably, due to the slow convergence of center of mass MSD, DJ calculations

typically rely on classical MD simulations (or kinetic Monte Carlo), whereas D∗ is more

accessible through AIMD simulations, especially for fast ion conductors. Additionally, by

conducting MD simulations at various temperatures, an Arrhenius plot of log(D) versus 1/T

can be generated to determine the activation barrier (Ea) for diffusion. This allows for the

extrapolation of diffusivities and conductivities at different temperatures. Moreover, MD

simulations can analyze site occupancies at finite temperatures. For instance, investigating

lithium occupancy at different Wyckoff positions involves analyzing lithium ion distribution

and radial distribution function (RDF). Furthermore, MD simulations, particularly AIMD
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which accurately describes bond formation and breaking, are utilized for modeling interfacial

reactions.215–217

Molecular dynamic calculations have gained increasing importance, serving as essential

tools to verify and complement analytical theories. The review by Mishin218 highlights the

significance of atomistic computer simulations in studying diffusion processes. Nowadays,

simulation methods provide a robust means to gain fundamental insights into atomic jump

processes19 within materials, and their capabilities have significantly improved. Reliable

potentials for atomic interactions have been established, enabling a quantitative description

of point defect properties. The challenge lies in understanding, describing, and calculating

diffusion coefficients in specific metals, alloys, or compounds.

De Blasio et al.219 used an equivariant message-passing graph neural network model to ac-

curately predict subatomic energies, forces and spin-resolved charge densities (see Figure 24).

This model, which exhibits linear scaling, allows the analysis of extensive electronic-scale MD

simulation data spanning hundreds of nanoseconds with an accuracy comparable to DFT.

Their investigation focused on electron transfer coupled diffusion phenomena within a NA-

SICON system of about 300 atoms observed on the nanosecond time scale. This allowed a

comprehensive study of how changes in sodium concentration affect the diffusion behavior

of Na-ions. They suggest that a coordinated ion exchange mechanism serves as the primary

diffusion pathway, highlighting the ability of the model to capture intricate dynamics within

the structure. Furthermore, by training a machine learning (ML) model on DFT-derived

spin densities, they have explored variations in electronic densities surrounding vanadium

ions during Na-ion migration. The results suggest a correlation between Na-ion migration

and redox processes.

These findings represent a successful application of equivariant graph neural network-

based surrogate models (in terms of energy, force and charge density) to investigate the

electrochemical behavior of complex transition metal oxides and polyanions at the electronic

scale. Significantly, the computational time required for ML calculations is several orders of
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Figure 24: Schematic of the ML workflow. First, data on charges, forces and energies are
collected from density functional theory (DFT) simulations. An ensemble of ML models is
then trained to incorporate uncertainties in energy, forces and charge density. An active
learning approach is then used to iteratively refine the models using new data that may fall
outside the distribution, improving their accuracy and reliability. Finally, these models are
capable of performing molecular dynamics (MD) simulations at the nanosecond scale, using
a supercell of 300 atoms for our specific investigation. Subsequent analysis of the MD results
will be carried out at different charge states and temperatures. Reprinted from Ref.,219 with
permission from Elsevier.

magnitude less than that of DFT, facilitating accurate analysis of large and complex systems

on the nanosecond time scale. The methodology used in this study can be easily extended

to different structural configurations and chemical compositions.

8.8 Force Fields Modeling

Atomistic simulations using force fields,208 i.e., parameterized classical interaction potentials,

are numerically very attractive and allow even millions of atoms to be taken into account.

Unfortunately, they are not able to describe chemical reactions appropriately. A horizon-
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tal multiscale technique, known as the QM/MM approach,158 can be employed to combine

quantum and classical molecular mechanics. This approach involves treating the central por-

tion of the system, which requires a chemically accurate treatment, with quantum mechanics

(QM), whereas the environment is treated with classical molecular mechanics (MM). This

is a highly effective technique, but it is essential to ensure that the interface between the

quantum and the classical region is accurately described.

Reactive force field (ReaxFF)157 methods are capable of describing chemical reactions

through the incorporation of bond-order terms. However, they are computationally much

cheaper than quantum chemical calculations, and hence they offer a numerically attractive

alternative. Nevertheless, their construction is very time-consuming and scales exponentially

with the number of elements included in the ReaxFF. Typically, only up to three elements

can be taken into account in a ReaxFF parameterization,220 which limits their usefulness for

battery simulations.

Similarly, traditional force fields can also be very helpful when structural information is

to be obtained, for example, when the interfacial structure of SEI components in contact

with the electrolyte are to be determined.221 In recent times, numerical interpolation schemes

for potential energy surfaces based on machine-learning techniques such as artificial neural

networks have become increasingly popular.212,222 Once such interaction potentials have been

created, they enable the execution of numerically efficient atomistic simulations of complex

structures and interfaces.223

8.9 Phase Field Modeling

Phase field modeling161,224 has emerged as a powerful computational tool for investigating

phase transitions and microstructural evolution in material systems. Its application to bat-

tery research225,226 is promising, providing insights into the intricate dynamics of multiple

phases within battery electrodes and electrolytes.

The phase-field approach224 distinguishes between different physical states, referred to
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as ’phases’, by using variables ϕ = {ϕ1, ..., ϕα, ..., ϕN}T denoting volume fractions. These

variables can represent different materials and phases, such as crystalline polymorphs or

ordered states of the same material. The Allen-Cahn model in conjunction with a grand

potential formulation227 approximates the chemical free energy, denoted as fchem(ϕ, x) by

interpolating phase-dependent contributions. Specifically, the chemical free energy of each

phase is represented by a fitting function, while the energetic barrier leading to a miscibility

gap is introduced by an obstacle potential. This term serves as an additional phase mixing

contribution, representing the activation energy required for phase transformation. For a

two-phase interface this can be expressed as

fαβ = ϕαfα(xα) + ϕβfβ(xβ) + ∆fphmix,αβ (39)

where the phase mixing contribution is ∆fphmix,αβ = 16
ϵπ2γαβϕαϕβ. More generally, the homo-

geneous free energy landscape is defined by

fchem + fob =
N∑
α

fα
chem(xα)ϕα +

16

ϵπ2

N∑
α,β>α

γαβϕαϕβ. (40)

The fitting functions for the phase dependent chemical energies fα
chem need to fulfill the

invertibility criterion228 such that the chemical potential can be expressed as a function of

composition µ(xα).

The lattice constants of the intercalation host depend on both phase and concentration.

The stiffness tensors obtained from density functional theory (DFT) calculations are di-

rectly integrated as input for multiphase field (MPF) simulations. These are based on the

assumption of elastic deformations, with the occurring interfaces assumed to be coherent,

characterized by an interfacial energy of about γαβ ≈ 0.1 J/m2.

In battery systems, phase transitions occur during charge and discharge cycles, requir-

ing a nuanced understanding of phase distribution and evolution within electrode materials.

Phase field modeling allows researchers to predict and visualize these transitions under vary-
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ing operating conditions, shedding light on the fundamental mechanisms governing battery

performance. By simulating phase evolution, such as lithiation and delithiation in lithium-

ion battery electrodes, phase field models facilitate the exploration of design parameters

critical to optimizing battery performance. These parameters include particle size, mor-

phology and electrode architecture, which have a profound effect on electrochemical kinetics

and overall battery efficiency. In addition, phase field modeling helps elucidate degradation

mechanisms, such as electrode cracking and electrolyte decomposition, which can degrade

battery performance and safety over time. By simulating these processes, researchers can

develop strategies to mitigate degradation and improve battery reliability and lifetime.

9 Ion transport

At the atomic scale, positively charged ions such as lithium (Li+), sodium (Na+) or mag-

nesium (Mg2+) exhibit movement within solids along specific migration pathways. These

movements involve transitions between stable sites and transition states within a framework

of negatively charged ions (e.g. oxygen (O2−), sulphur (S2−) or polyatomic anions). The

properties of these sites, in particular their energy levels, are mainly determined by the

local configuration of the ions, known as ion coordination. In crystalline compounds, this

coordination typically manifests itself in tetrahedral or octahedral configurations.

Consequently, the trajectory of an ion through a material depends on the availability

and connectivity of different sites dictated by the arrangement of negatively charged ions.

Historically, crystalline structures with a body-centered cubic arrangement of anions have

been commonly observed in highly efficient ion conductors such as α-AgI. Recent investiga-

tions by Wang et al.229 suggest that this particular arrangement facilitates direct transitions

between adjacent tetrahedral sites with minimal activation energy (Ea), obviating the need

for high-energy tetrahedral-octahedral transitions. This body-centred cubic configuration is

present in several fast ion conductors, such as Li10GeP2S12 and Li7P3S11, providing a valuable
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framework for the design of novel materials with enhanced ionic conductivity.

Within crystalline structures, vacancies or positively charged interstitials are recognized

as the mobile entities. There are three primary migration processes: (1) vacancy diffusion,

where ions move towards nearby vacancies, (2) the direct interstitial mechanism, which occurs

between partially occupied sites, and (3) the concerted or correlated interstitial mechanism,

where a moving interstitial ion displaces a neighboring lattice ion to an adjacent position.

The traversal of lattice atoms by the moving atom requires energy to overcome activation

barriers along the migration path. Typically, the energy required to activate the jump

exceeds the thermal energy kBT .

At finite temperatures, atoms within a crystal oscillate in their equilibrium positions.

These oscillations are often not strong enough to overcome barriers, so the atom returns to

its original position. However, occasionally substantial displacements occur that allow the

atom to successfully diffuse. These activation events are rare compared to the frequencies of

lattice vibrations, which are characterized by the Debye frequency, typically between 1012 and

1013 s−1. As soon as an atom moves due to an activation event, the energy dissipates rapidly.

As a result, the atom is deactivated and undergoes, on average, many lattice vibrations before

initiating another jump. In a crystal, atoms undergo thermally activated motion, moving

between lattice sites (or interstitials) through a sequence of distinct jumps.

The concept of atomic migration across neighboring lattice sites was first proposed by

Wert230 and has since been significantly elaborated by Vineyard.231 Vineyard approach is

based on the canonical ensemble framework of statistical mechanics, which accounts for

the statistical distribution of atomic coordinates and momenta. The mechanism of atomic

displacement can be conceptualized as occurring within an energetically defined landscape

characterized by the difference in Gibbs free energy (Gmigr) between the transition state bar-

rier and the equilibrium configuration. Here Gmigr denotes the Gibbs free energy associated

with the atomic migration (denoted by the superscript migr), which can be decomposed into
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Gmigr = Hmigr − TSmigr (41)

where Hmigr represents the enthalpy associated with the migration, while Smigr represents

the entropy associated with the migration. Using statistical thermodynamics, Vineyard231

showed that the jump rate (ω), which is the number of jumps per unit time to a neighboring

site, can be expressed as

ω = ν0 exp(−G
migr

kBT
) = ν0 exp(

Smigr

kB
) exp(−H

migr

kBT
). (42)

The parameter known as the attempt frequency, denoted as ν0, is widely recognized

as the Debye frequency and represents the rate of oscillation close to equilibrium along the

reaction pathway. Here kB is the Boltzmann constant and T is the absolute temperature. The

entropy of migration reflects the change in lattice vibrations associated with the displacement

of the jumping atom from its equilibrium position to the saddle point configuration. In the

Vineyard method, the probability of reaching the transition state is derived by comparing

the configurational partition functions of the initial and transition states, while the rate

of crossing is determined by the unidirectional forward flux at the transition state. In the

harmonic approximation, the expression for the migration entropy is thus formulated as

Smigr = kB

[
3N∑
j=1

ln

(
hνj
kBT

)
−

3N−1∑
j=1

ln

(
hν ′j
kBT

)]
. (43)

The frequencies νj represent the 3N normal modes for vibrations around the equilibrium site,

while the 3N−1 frequencies ν ′j correspond to the vibrations at the saddle point perpendicular

to the jump direction with the constrained motion.

The macroscopic diffusivity can be derived from the energy barrier associated with indi-

vidual diffusion events using transition state theory, also known as rate theory.232 Assuming

80



that the energy of the system greatly exceeds the thermal energy (hν ≫ kBT ), the effective

frequency (ν∗ = ν0 exp(Smigr/kBT )) in the Arrhenius expression is determined by the ratio

of the product of the 3N normal frequencies of the entire crystal at its initial configuration

during a transition event to the product of the 3N−1 normal frequencies of the crystal when

it is constrained at a saddle point configuration:231

ω =
1

2π

3N∏
j=1

νj

3N−1∏
j=1

ν ′j

exp

(
−H

migr

kBT

)
= ν∗ exp

(
−H

migr

kBT

)
. (44)

At a macroscopic level, the movement of particles in a substance, known as diffusion, is

governed by Fick’s first law. This law states that the flux of particles (J⃗) is inversely pro-

portional to the concentration gradient (∇⃗c) and is characterized by the diffusion coefficient

(D):

J⃗ = −D∇⃗c (45)

Here, J⃗ represents the flux of particles passing through a given area per unit time, while D

quantifies the rate of diffusion relative to the concentration gradient. Typically measured in

square units of length per unit time (such as cm2/s or m2/s), the diffusion coefficient reflects

the speed at which particles, like atoms or ions, disperse within a medium due to random

thermal motion. It is crucial to differentiate chemical diffusion, driven by concentration

gradients, from tracer or Einstein diffusion, which arises from thermal fluctuations. At low

particle concentrations, chemical and tracer diffusion coefficients coincide.

Ionic conductivity is a measure of a material’s ability to conduct electric current via the

movement of charged ions. Ionic conductivity, or σ, is a particularly significant factor in

electrolytes, where substances conduct electricity.σ is determined by the product of three
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key factors: the mobile ion concentration (c), the ion charge (q), and the ion mobility (µ):

σ = qcµ. (46)

Typically measured in Siemens per meter (S/m), ionic conductivity distinctly describes the

transmission of electric current through charged ion motion. While diffusion coefficient, at

low particle densities, characterizes particle movement via random motion, ionic conductivity

specifically refers to electric current conduction through charged ions.

The temperature dependence of ionic conductivity (σ) is described by:

σ =
σ0
kBT

exp

(
−H

migr

kBT

)
≈ σ0
kBT

exp

(
− Ea

kBT

)
(47)

Where σ0 accounts for various factors including entropy of migration, jump distance, at-

tempt frequency, and reaction mechanism. The activation energy barrier is represented by

Ea. Additionally, in the case of non-interacting charge carriers, ionic conductivity can be

expressed in terms of the diffusion coefficient (D) using the Nernst-Einstein relationship:

D =
σ

cq2
Hr kBT (48)

Here, Hr denotes the Haven ratio, contingent upon the specific diffusion mechanism. It is

noteworthy that the conventional Nernst-Einstein equation might not hold in the presence

of particle correlations, requiring a more precise formula derived from linear response theory

for accurate assessment of ionic conductivity.

Point defects within crystalline solids significantly influence material ionic conductivity.

In 1926, Frenkel introduced the concept of point defects, proposing that thermal agitation

leads to atom transitions, creating lattice vacancies. This phenomenon, known as Frenkel

defect, encompasses the notions of vacancies and self-interstitials. Subsequent work by Wag-

ner and Schottky expanded on this, considering disorder in binary compounds, including
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vacancies, self-interstitials, and defects where atoms occupy incorrect lattice positions.

In defect-free crystals, lattice periodicity determines mass and charge density. However,

the introduction of a point defect disrupts this pattern, impacting conductivity differently

in metals and ionic crystals. While metals exhibit uncharged point defects due to electronic

screening by conduction electrons, ionic crystals exhibit charged point defects to maintain

charge neutrality. Frenkel and Schottky disorder models describe these defect distributions,

crucial in materials like NaCl. In semiconductors, point defects introduce energy levels within

the band gap, their charge states dependent on the Fermi level position.

9.1 Estimation of migration barriers

The activation energy (Ea) within solid materials can be determined by various experimental

methods such as impedance spectroscopy, nuclear magnetic resonance (NMR). Alternatively,

theoretical estimates of Ea can be derived using saddle-point search algorithms such as the

nudged elastic band (NEB)233,234 method (see Figure 25). In addition, Ea can be derived

theoretically by extrapolation from molecular dynamics (MD) simulations performed over

different temperature ranges as shown in Figure 25.
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Figure 25: Computational simulations using Bond Valence Site Energy (BVSE), Ab Initio
Molecular Dynamics (AIMD) and Nudged Elastic Band (NEB) techniques to elucidate the
migration pathway and activation energy within the spinel crystalline framework. The AIMD
is reprinted from Ref.,235 published under a CC BY license.

The NEB approach calculates the minimum energy path (MEP) using an elastic band

composed of geometric configurations, called “images”, that approximate the MEP. Each
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image corresponds to a unique configuration along the ion migration path. Initially, the

band is relaxed to the MEP via a force projection mechanism. This mechanism involves the

perpendicular force (F⊥) due to potential energy and the parallel spring force (F ∥) acting on

the band. The F ∥ ensures approximately equal spacing between the images, giving the band

elastic properties and aiding in the accurate determination of the MEP profile. Convergence

of the initial band to the MEP is achieved by minimizing the net force, FNEB. Due to the

straightforward calculation of forces in Density Functional Theory (DFT), the NEB method

has been widely used in conjunction with DFT to calculate the activation energy (Ea) of

ions in solids.

However, accurately predicting minimum energy paths is a time-consuming task as each

frame within the band requires a separate Discrete Fourier Transform calculation. In addi-

tion, simply interpolating between the initial and final states may not provide an optimal

starting band, potentially hindering the convergence of the nudged elastic band method.

Rong et al. 236 introduced two strategies to speed up NEB calculations: first, the PathFinder

algorithm, which exploits the tendency of ions to migrate within host structures while avoid-

ing regions of significant electronic charge density changes or neighboring atoms/bonds; and

second, the ApproxNEB approach, which estimates the energy of each frame using a less

computationally intensive single-point DFT calculation. The combination of PathFinder

(for approximate path determination) and ApproxNEB (for approximate energy calcula-

tion) allows the approximate prediction of activation energies (Ea). Another approach to

approximate MEPs is the Bond Valence Site Energy (BVSE)237 method, which is similar

to an empirical force field that evaluates the energies surrounding different ionic sites (see

Figure 25). This includes considering the coordination number, bond distances, and an-

gles around the diffusion site. The BVSE utilizes the bond valence model to calculate the

site energy of the diffusion site. The bond valence model relates the valence sum of the

surrounding atoms to the bond length and provides an estimation of the site energy. Com-

paring the BVSE of the initial and final states of the diffusion process, shows the energy
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difference between these states represents the energy barrier for ionic diffusion. Nishitani et

al.238 successfully applied BVSE to study the migration of Mg2+ in several host materials,

accurately reproducing the barriers observed in costly DFT-NEB calculations. These inex-

pensive methods provide an alternative means of identifying efficient Mg conductors from

large data sets. Note that the BVSE method is an empirical approach, and the accuracy of

the calculated energy barriers may depend on the quality of the bond valence parameters

and the assumptions made during the analysis.

9.2 NeuralNEB

DFT becomes too expensive when applied to large-scale exploration. Machine learning

(ML) models have emerged as highly effective emulators of small molecule DFT calculations,

potentially offering a replacement for DFT in such tasks. Accurately predicting the potential

energy surface around transition states and minimal energy paths is crucial for successful

kinetics studies. Unfortunately, the scarcity of relevant data in the literature has hindered

this capability in the past. Schreiner et al.239 trained equivariant graph neural network-

based models using data from the Transition1x dataset, which consists of 10,000 elementary

reactions. They employed these models as potentials for the nudged elastic band algorithm

and achieved impressive results, with a mean average error of 0.23 eV and a root mean

squared error of 0.52 eV on barrier energies for unseen reactions. To compare performance,

they also trained equivalent models on QM9x and ANI1x datasets. Furthermore, their ML

models outperformed Density Functional based Tight Binding in terms of both accuracy and

computational resources required. These findings indicate that ML models have reached a

level where they can be successfully applied to the study of chemical reaction kinetics, given

an adequate amount of relevant data.
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9.3 Pinball model

Kahle et al.240 presented an effective model for characterizing the potential energy surface

of lithium diffusion in a solid-state ionic conductor, assuming complete ionization of the

Li atoms and disregard the minor influence of the electronic valence charge density on the

instantaneous position of the Li ions. Then they immobilize the host lattice atoms at their

equilibrium positions, thereby freezing the valence charge density as well. This configuration,

known as the “pinball model”, enables highly cost-effective molecular dynamics simulations.

In the frozen lattice case, the charge density adjusts self-consistently to the actual positions of

the diffusing Li ions. Their results demonstrate that the pinball model accurately reproduces

the static and dynamic properties of the diffusing Li ions, including forces, power spectra,

and diffusion coefficients, when compared to the self-consistent frozen-host lattice simula-

tions. The frozen-lattice approximation itself often proves sufficiently accurate and serves

as a reliable approximation in most materials. These findings provide efficient methods for

simulating lithium diffusion in the solid state and offer further insights into the impact of

charge-density rearrangements and lattice vibrations on lithium diffusion.

10 Scaling relations in crystalline materials

In the previous section, we focused on ion mobility within crystalline materials and identi-

fied factors that contribute to high ion mobility. However, for battery electrode materials,

additional critical performance metrics such as energy density come into play. Specifically,

cathodes must exhibit robust charge carrier binding, as this directly affects the open circuit

voltage and hence the energy density.241 Consequently, an optimal cathode should combine

strong binding with low charge-carrier migration barriers.

In chemistry, however, Brønsted-Evans-Polanyi scaling relationships between reaction

and activation energies are typically observed.243,244 Such relationships extend to the inser-

tion of atoms or ions into solid materials: higher binding energies of interstitials in host
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Figure 26: Illustration of the scaling relations between binding energies and diffusion barriers
in the migration in crystalline materials: The larger the binding energies, the higher the
diffusion barriers for the propagation from one minimum to the next. Reprinted from Ref. ,242

published under a CC BY license.

materials correspond to larger diffusion barriers that hinder migration from one binding site

to the next (see Figure 26). ∆G1 represents the relatively low binding energy of a metal

atom in a host material relative to the cohesive energy of the metal. Materials with a higher

binding energy ∆G2 typically have higher diffusion barriers ∆Ediff
2 than materials with a

lower binding energy. Consequently, a solid electrolyte should have low binding energies in

order to have low diffusion barriers.

Such scaling relationships have recently been observed in spinel materials with respect

to ion mobility.245 For cathode materials in rocking chair batteries, high binding energies

directly correspond to high open circuit voltages and thus high energy densities. However,

according to these scaling relations, it is challenging to achieve high energy densities and fast

ion mobilities with the same material. A trade-off between these properties must therefore

be made, as breaking these scaling relations is necessary to combine high energy density with

easy ion migration.
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There are cases where such Brønsted-Evans-Polanyi type scaling relationships have been

broken. For example, single-atom alloy (SAA) catalysts break the scaling relationships be-

tween high reactivity and strong binding of reaction products .246 These catalysts typically

consist of catalytically active elements atomically dispersed in an inert host metal.247 While

the reactive Pt atom lowers the barrier to hydrogen dissociation, the resulting atomic hy-

drogen fragments bind weakly to the Cu matrix.

Translating this concept to ion migration in crystalline solids is challenging. Typically,

binding sites in solids correspond to highly coordinated configurations, such as six-fold co-

ordination in octahedral sites or four-fold coordination in tetrahedral sites, while transition

states exhibit lower coordination, such as three-fold coordination in spinel materials.248 Dop-

ing the spinel material with a highly reactive atom can have a stronger effect on the low-

coordinated transition state, where the distances are often smaller than at highly coordinated

binding sites.

The influence of doping on the ion migration properties of solid electrolytes has been

studied previously.249,250 However, no general conclusive trends have been derived. Since

doping is a stochastic process and migration involves overcoming numerous barriers, the

coordination effect described above may not always apply. Nevertheless, breaking the scaling

relationships between reaction energies and migration barriers may be highly advantageous

and warrants the exploration of different approaches to achieve this. Alternative strategies

have been proposed, including cointercalation, pillared structures, and anion redox. These

will be examined in more detail below.

10.1 Dual Cation Co-Intercalation Strategy

Co-intercalation is a process whereby multiple ions are inserted into the host lattice simulta-

neously, which has the potential to disrupt the typical coordination environments and alter

migration pathways. This has been proposed recently for the diffusion of Li, Na and Mg ions

in the bulk phase of TiS2.
206 They employed a multimodal approach merging experimen-
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Figure 27: (a) The O1-TiS2 crystal structure with Li and Mg atoms intercalated in octahedral
(Oh) sites indicated by orange. The tetrahedral (Th) site would serve as a metastable
site during the hopping process in the diffusion channel between nearby Oh sites, which is
indicated by green. (b) Li and Mg ions diffusion in bulk TiS2 and Li0.5TiS2. Significant
reductions in activation barriers are observed when Li fills 50% of interlayer sites. (c) A
comparison of the spatial distribution of the difference in charge density with a Li, Na, and
Mg atom in an Oh site. The brown and green isosurfaces represent the charge accumulation
and depletion regions, respectively. Reprinted from Ref.,206 published under a CC BY license.

tal and theoretical methodologies to elucidate the impact of the size of monovalent charge

carriers (Li+/Na+) and the thermodynamic and structural stability of the host compound

on the feasibility of cation co-intercalation. To evaluate the effect of monovalent ions on

Mg ion reactivity, a comprehensive array of elemental, structural, and redox probes have

been employed in conjunction with standard electrochemical techniques. Elemental analysis

demonstrated the direct impact of monovalent ion size on the intercalation of divalent Mg

ions. Structural characterization of cycled TiS2, combined with density functional theory

(DFT) investigations (Figure 27), highlighted the significance of thermodynamic and struc-

tural stability of the host compound for accommodating multiple cationic charge carriers

reversibly. It is particularly noteworthy that phase transformation, especially in layered

materials susceptible to phase change due to layer sliding, facilitates the co-intercalation of

diverse carrier ions.

The migration process in TiS2 is a direct hopping process from one Oh site, facilitated by

89



the Th site. This process normally requires a significant amount of energy to overcome the

barriers. Figure 27a provides a schematic representation of the diffusion path. The activa-

tion energies for lithium and magnesium ions are 0.60 and 1.28 eV, respectively. It appears

that the charge rehybridization upon Mg insertion is higher than that of Li and Na. The

divalent character of the Mg ion strongly encourages charge rehybridization (Figure 27c-e),

which explains why Mg ions move slowly in layered TiS2. However, the Mg-Li system did

not undergo any phase change when O1-TiS2 was co-intercalated with Mg and Li ions. The

thermodynamic and structural stability of a variety of lithiated ternary LixTiS2 composi-

tions, along with interlayer expansion, enabled improved solid-state diffusion of Mg2+ with

the migration barrier being reduced by more than 0.2 eV (Figure 27b). Conversely, TiS2

underwent a phase change to a mixture of metastable P3 and O3 phases upon the first full

discharge in the Mg-Na system. Despite the greater interlayer expansion, the metastability

of the P3 phase and the unfavorable energetics of the prismatic site have prevented the co-

intercalation of the smaller and densely charged Mg2+. Indeed, calculations and experiments

demonstrated that the incorporation of Mg2+ in P3 and O3 structures resulted in significant

structural distortions, which provided insight into the rationale behind the low Mg diffusion.

10.2 Kinetics in Pillared V2O5

First-principles calculations within the framework of Density Functional Theory (DFT) were

conducted to gain a deeper understanding of the thermodynamics and kinetics involved in

the process of Li-ion intercalation in pillared V2O5. In the preliminary model construction,

we adopted the crystal structure observed in V2O5-nH2O.251 This structure exhibits bilayers

of V2O5 arranged in a stacking fashion along the c-axis within a monoclinic unit cell (space

group C2/m). In contrast to the structured arrangement of individual layers observed in

crystalline V2O5, this structure consists of stacked elongated ribbon-like structures composed

of bilayers of individual V2O5 layers. The layers are composed of square pyramidal VO5 units,

as illustrated in Figure 28. The minimum distance between the bilayers is approximately 11.5
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Figure 28: Simulated Bond Valence Site Energy (BVSE) profiles comparing the pristine
compound with the compound following an increase in interlayer spacing. Green spheres
represent lithium atoms, while blue octahedrons depict vanadium atoms coordinated by
oxygen in an octahedral fashion. The yellow surfaces illustrate pathways for lithium-ion
migration. The isovalue is set to 0.08 e/Å3. Energy barriers (in eV) for Li+ ion migration
plotted against the reaction path coordinate, obtained via periodic DFT calculations in
combination with nudged elastic band (NEB) method. The migration occurs between two
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condition with a stoichiometry of Li0.0625V2O5. NEB results illustrating the energy profiles
for the pristine material (shown in red) and the material with increasing layer spacing of 13,
15, and 17 Å represented by dark blue, light blue, and green curves respectively.

Å, representing the most prominent repetitive pattern within the structure. This distance

is subject to expansion or contraction as guest ions or molecules are incorporated into the

framework.

The investigation starts by analyzing the characteristics of Li+ ion migration pathways

within LiV2O5, utilizing the Bond Valence Site Energy (BVSE) approach as shown in Fig-

ure 28. According to the static BVSE model, there are 1D pathways for Li sites. However,

an increase in interlayer spacing facilitates the connection between channels, resulting in

the formation of a 2D network of Li+ ion paths. Interestingly, the migration pathways for

the system with an increase in interlayer spacing illustrates interactions with oxygen in a

non-equivalent manner, adhering predominantly to one side, thereby facilitating a diffusion

process more akin to surface diffusion.

In LiV2O5, Li+ ions occupy pyramidal sites surrounded by five oxygen atoms from neigh-
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boring VO6 octahedra in the upper and lower layers. When migrating between sites, the

ions traverse triangular faces, requiring significant activation energy. Calculated activation

energies (Ea) for Li+ ions were 0.5 eV, decreasing to 0.2 eV with increasing layer spacing

(Figure 28). These values allow the calculation of diffusion coefficients (D) at room temper-

ature (kBT = 0.026 eV) using the Arrhenius expression D ∼ exp(−Ea/kBT ). The diffusion

coefficient for Li ions at room temperature is 10−9 cm2/s, and this value increases to 10−4

cm2/s for larger layer spacings. The diffusion coefficient for Li ions in the pristine system

is 105 times smaller than with increased layer spacing, indicating a significant mobility en-

hancement by opening the layer spacing. It should be noted that the migration barrier

calculations were performed at 0 K.

This study also indicates that anion redox is not evident in V2O5. It can be concluded

that V serves as the primary redox site for carrier intercalation. Furthermore, analyzing the

voltages associated with these redox reactions provides deeper insight into their electrochem-

ical characteristics. For V2O5, a calculated open circuit potential of 3.8 V, comparable with

the system with expanding layer spacing of 3.4 V. This suggests that pillars could potentially

offset this voltage decline, enhancing electrode performance.

10.3 Anion Redox

Anion redox plays a crucial role in the disruption of scaling relationships,252 thereby ex-

panding the potential applications of layered oxides to include both cation and anion redox

for energy storage. Anion redox refers to redox processes involving undercoordinated anions

such as oxygen, which are a common local feature in many compounds with excess lithium.252

Theoretical predictions253 suggest that this phenomenon occurs by extracting electrons from

non-bonding p-like states (Figure 29a-c), known as orphan orbitals, resulting in a change in

the formal valence of the affected oxygen ion from O2− to On− (where n < 2). This process

occurs within the crystal structure, although minor distortions such as shortening of the

O−O bond lengths between adjacent oxygen ions have been proposed. These distortions
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can lead to the formation of ’dimers’ through a reductive coupling mechanism (Figure 29d)

where neighboring oxygen ions are also oxidized.254,255 However, the resulting bond lengths

are still significantly longer than the short bonds seen in molecular oxygen or peroxide and

superoxide ions.

Figure 29: Distinct redox mechanisms. (a) When transition metals undergo redox reactions,
there is typically a significant reconfiguration of electron distribution, particularly between
the metal (M) and its coordinated oxygen atoms. Oxygen atoms are depicted in red, the
transition metal in purple, and regions of electron density are illustrated with yellow and
light blue contour plots.(b) Certain redox processes involving transition metals necessitate
alterations in coordination, resulting in the migration of the transition metal.(c) Within
lithium-excess materials containing undercoordinated oxygen atoms, vacancies can arise in
the non-bonding orbitals of oxygen.(d) Anion redox reactions may induce structural dis-
tortions such as the formation of oxygen-oxygen dimers. The distance between dimerized
oxygen atoms can range from greater than 2 Å to as short as observed in molecular On−

2

species (approximately 1.2-1.6 Å).(e) Oxygen dimers have the capability to detach from the
crystal lattice, either becoming confined within sub-nanometer-sized voids or migrating to
the surface, where they irreversibly depart from the crystal structure.Reprintef from Ref.,252

with permission from Springer Nature.

The molecular oxygen redox process involves oxygen ions and leads to specific structural

changes and the formation of stable covalent bonds. During this mechanism, a pair of oxygen

ions can either combine to form a dimer with short bond distances256 (approximately 1.2-
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1.6 Å) or separate from the crystal lattice to form molecular species such as O2 or On−
2 ,

which occupy confined regions within the crystal structure257 (Figure 29e). Prior to the

redox reaction, oxygen ions have a formal oxidation state of O2−, which changes to O0 in

the formation of a neutral oxygen molecule or to O1− in a peroxide molecule (O2−
2 ). In

addition, other molecular species such as O−
2 and O3−

2 are possible.258 A critical aspect of

the molecular oxygen redox mechanism is the formation of a short covalent bond between

two oxygen ions in the 1.2-1.6 Å range, resulting in significant local changes in the crystal

lattice, either through lattice distortion or cation migration.

The concept of delocalized π redox offers a novel perspective on the interplay between

traditional transition metal redox reactions and lattice oxygen redox hypothesis.259 This

proposed mechanism suggests that non-bonding transition metal d orbitals interact with

non-bonding oxygen p orbitals to form π bonds, resulting in an extended molecular orbital

with redox activity (Figure 29f). Unlike conventional atomic oxidation states, the redox-

active orbital is shared by several transition metal and oxygen atoms, forming a hybridized

redox center over a larger molecular unit. This connectivity strongly influences the oxida-

tion potential, stability and structural changes in the material. In particular, delocalized π

redox relies on the presence of transition metal electrons, making it inaccessible to d0 tran-

sition metal ions. While spectroscopic techniques can identify traditional transition metal

and molecular oxygen redox reactions, the spectroscopic signatures of lattice oxygen redox

and delocalized π redox mechanisms remain theoretical and require further investigation for

definitive confirmation.

11 The Role of Covalent Interactions in Diffusion

To understand the dynamics of diffusion within crystalline structures, it is essential to look at

the intricacies of the interactions that govern atomic stability and mobility. In this respect,

an understanding of the interplay between covalent and ionic interactions is crucial.
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Using periodic density functional theory (DFT) calculations, Sotoudeh et al.260 studied

the mobility of Mg ions in spinel chalcogenides, a class of materials with potential applications

as cathodes in Mg ion batteries.15 The research highlights the critical role that trigonal

distortions play in spinel structures, affecting both Mg site preference and migration barriers.

A remarkable correlation is observed with the choice of transition metals in these spinels: an

increase in d band occupancy correlates with a decrease in lattice constants and an increase in

trigonal distortions. These changes lead to increased migration barriers and consequently to a

decrease in diffusivities. In addition, Bader charge analysis reveals a pronounced dominance

of anionic redox in sulfide and selenide spinels compared to oxide counterparts upon Mg

insertion into the lattice.

In many spinel structures studied so far, tetrahedral sites have shown greater stability

to Mg insertion than octahedral sites. Interestingly, in Sc-based spinels, a reversal of this

stability is observed at low Mg concentrations. Detailed analysis reveals that this variability

in site preference arises from the interplay between coordination and bond length induced by

trigonal distortions and absolute changes in bond distances, highlighting the significant role

of covalent contributions to chemical interactions within spinels. These analyses highlight

the inadequacy of a purely electrostatic interaction model to capture all factors influencing

ion mobility and stability.

11.1 Electronegativity and bond enthalpy

The Pauling scale of electronegativity is a valuable tool for predicting bond enthalpies and

evaluating bond polarities. Figure 30a shows the Van Arkel-Ketelaar triangle including

the Mg binary compounds. A large difference in electronegativity indicates ionic bonding

characteristics (shown in yellow), as present in MgO and MgF2. CsF (not shown) would

lie at the apex of the triangle. At the bottom of the triangle corresponding to a vanishing

electronegativity difference, an increasing mean electronegativity is associated with more

directional bonding. Hence the lower right corner gathers covalent systems whereas the
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lower left corner contains metallic systems.
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Figure 30: Van Arkel-Ketelaar triangle with the considered MgnXm binaries plotted as a
function of the mean electronegativity and the difference in the electronegativity of the two
components. Reprinted from Ref. ,261 published under a CC BY license.

The MgnXm binaries all fall along a line between metallic and ionic bonding which is

based on the fact that the cation in the binaries, Mg2+, has not been varied. In detail,

MgF2 has the highest electronegativity difference ∆χ indicating a strong ionic bond. This

is also true for MgO, whereas Mg2Si is associated with the lowest value ∆χ demonstrating

metallic bonding. The remaining compounds, Mg-halides, Mg-chalcogenides, Mg-pnictides,

and Mg-tetrels, are located between strong ionic and metallic bonding indicated by the green

area. They are divided into three groups. MgCl2, MgBr2, and Mg3N2 are characterized by a

large electronegativity difference of about 1.7 demonstrating a predominately ionic bonding

(light yellow region). MgI2, MgS, and MgSe have ∆χ ≈ 1.3, the other Mg binaries have

electronegativity differences below 1.

The deviation from the purely ionic interaction can be characterized by the difference in

the electronegativity ∆χ2 of the interacting compounds which is also the basis for the Van

Arkel-Ketelaar triangle. In this context it should be noted that the Pauling electronegativity

in the form revised by Allred262 that has been used here is based on a quite accurate, semi-
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empirical formula for dissociation energies, namely

(χA − χB)2 = Ed(AB) − Ed(AA) + Ed(BB)

2
. (49)

This illustrates that the square of the difference in the electronegativities takes the deviation

from a purely ionic interaction in a compound crystal into account. It is in fact true that

the stronger polarizability of “soft” anions has already been used to explain the higher ion

mobility in chalcogenides containing sulfur and selenide compared to oxides263 with their

softness reflected in the lower electronegativity of sulfur and selenide.264,265

12 Descriptors

12.1 Descriptors for ion mobility

Descriptors reflect correlations between the mechanisms that drive a particular property or

function and a set of physically meaningful parameters. The determination of descriptors

can considerably speed up the search for novel materials with desired functional or multi-

functional properties because once they are identified, only the particular descriptor needs

to be optimized in the first step. One of the most famous examples of descriptors is the

correlation between the oxygen binding energy of a metallic catalyst and its reactivity in

terms of the oxygen reduction reaction, following the Sabatier principle.147 Descriptors have

also been established in battery research. One example is the self-diffusion barrier of alkali

and alkaline earth metals, which is correlated with the tendency of the corresponding metal

anodes to exhibit dendrite growth.66 With respect to the ion mobility in crystalline materials,

there was the notion that still no common trends and mechanisms among different classes

of ion conductors had been identified.266

Typically, the size and charge of the migrating atom have been considered as determining

factors as shown in Figure 31, but they are not sufficient to capture a complete picture. The
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Mg, Ca, and Al. The energies are taken relative to the energy of the charge carrier in the
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concepts of soft and hard ions have also been invoked, but not in a quantitative way.235

Recently, these factors have been taken into account using the difference in electronegativity

between the migrating cations and the counter anions of the host lattice.261 As a descriptor

for the height of migration barriers in crystalline materials, the so-called migration number

was suggested:

NAX
migr = (rA + rX) nAnX (χA − χX)2 . (50)

Here, A corresponds to the migration ion, X to the counter ion of the host lattice, rA and nX

are their ionic radii, nA and nX the absolute values of the formal integer oxidation states, and

χA and χX their electronegativities. By plotting calculated migration barriers as a function

of this migration number, both for the variation of the migrating ion A and the counter

ion X, linear scaling relations are observed.261 This basically confirms the fact that in order

to fully understand the migration mechanism, the deviation from a purely ionic interaction

in a crystal structure must be taken into account.260 Based on this descriptor and through

computational analysis, a novel oxide spinel framework was characterized and predicted to
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exhibit high Mg conductivity.267

Several additional features influencing ion mobility have been discussed in the literature,

including lattice dynamics, phonon frequencies, and amplitudes.19,268–270 The polarizability

of atoms, categorized as a chemical feature, has also been suggested as a potential correlate

to ion migration.271 The crystalline lattice framework and structural features can play a role

as well, with coordination geometries enhancing cation site stability and increasing migration

barriers.89 Low energy barriers are observed in structures adopting a body-centered cubic

(bcc) anion sublattice, facilitating direct hopping between tetrahedral sites.272 Larger cell

volumes, reducing migration barriers by enlarging the migration channel, are also influen-

tial,235 with larger, more polarizable anions contributing to this effect. Recently, a proposed

structural feature promoting ionic conductivity involves corner-sharing connectivity in oxide

crystal structures, attributed to distorted lithium environments and reduced interactions

with non-lithium cations.273 Through high-throughput computational screening, ten new

oxide frameworks were discovered and experimentally validated in LiGa(SeO3)2, exhibiting

notable ionic conductivity and activation energy of 0.17 eV.273

Screening the spinel structures for different charge carriers revealed that the migration

number served as a viable descriptor as illustrated in Figure 32. However, for the lanthanide

spinel compounds, the transition metal ionic radius was found to play a role in terms of

stability and migration energy barriers.274 The effect of lattice distortions due to atomic

size mismatches is another important consideration, as it can reduce the barriers associated

with certain ion migration pathways.275 Furthermore, solids characterized by lower densi-

ties, such as high-temperature polymorphs and glasses, have demonstrated enhanced ionic

conductivity due to ’paddlewheel’ dynamics.276,277 Therefore, identifying a suitable descrip-

tor is a daunting task due to the complex nature of migration reactions involving different

diffusion mechanisms and pathways, highlighting the need for classification methods, such

as categorization based on mobile ions or lattice structures.

Machine learning (ML) provides a means to achieve these goals by identifying complex
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relationships between different features and a particular property. Recently Kim et al.278

utilized ML to identify critical chemical and structural features that affect ion mobility in

anti-perovskite lattice-based solid-state batteries, highlighting properties such as hopping

distance and channel width. In another investigation, López et al.279 utilized first-principles

materials simulations and data analysis techniques to uncover that correlations between

ion diffusivity and materials descriptors are most pronounced when linked to vibrational

nature with anharmonic effects. Interestingly, elastic and vibrational descriptors, rather than

conventional ones like chemical composition and ion mobility, prove to be more effective in

categorizing solid-state electrolytes into universal groups. This highlights the significance of

considering temperature effects in databases for an enhanced understanding and a generalized

approach to energy material design. Optimizing these descriptors for ion mobility in energy

storage materials is essential. A classification approach centered on the migration mechanism

emerges as an appropriate strategy and by tailoring structural, electrochemical and transport

properties, researchers can design materials with high ion mobility.
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12.2 Dendrite Growth

The occurrence of dendritic growth23,43,280 represents a significant challenge, particularly in

the anodic region of lithium-ion batteries. Dendrites, schematically depicted in Figure 33,

are needle- or bush-shaped structures formed during lithium deposition at the anode. They

pose risks such as irreversible battery damage and potential hazards such as fire. When

dendrites bridge the anode and cathode, short circuits occur, generating intense heat that

can ignite the flammable electrolyte, leading to battery fires. It is important to note that

dendrite formation is not exclusive to anodes containing metallic lithium; it also occurs under

conditions of high charge rates or low temperatures.281 Even in the absence of short circuits,

dendrite formation degrades battery performance by reducing cyclability, depleting anode

material and contaminating the electrolyte.

Figure 33: Schematic sketch of dendrite growth in Li-metal battery.

A number of theories have been put forth, including the influence of irregularities in the

surface charge caused by imperfections in the solid electrolyte interface (SEI) and preferen-

tial growth from existing surface protrusions.282 Molecular simulations using coarse-grained

models have demonstrated that the propensity for dendrite formation increases with elec-

trode overpotential.283
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It is noteworthy that not all charge carriers within metallic structures exhibit identi-

cal tendencies towards dendrite formation. Studies have demonstrated that magnesium, in

contrast to lithium, does not aggregate on copper or gold substrates but rather develops uni-

form structures.284 This characteristic renders magnesium a promising alternative to lithium

in battery applications,103 given its higher volumetric energy density, which is facilitated

by its ability to carry two elementary charge units. Furthermore, magnesium represents a

more sustainable solution, being more abundant in the earth’s crust, which also enhances its

economic attractiveness.

It is crucial to acknowledge that existing theories on dendrite growth are often not specific

to particular elements but rather generic regarding the metal’s properties involved in dendrite

formation. Consequently, these models are unable to account for the disparate behaviors

observed in magnesium and lithium in the context of dendrite growth. An understanding of

growth phenomena at interfaces is closely tied to the diffusion coefficients (D) and deposition

flux (F).285 It is of note that the ratio D/F represents a critical factor in the theory of

nucleation.286 Consequently, an increase in the deposition flux has an analogous effect to a

reduction in diffusivity. The observation that dendrite growth tends to occur at high charge

rates and/or low operating temperatures is consistent with this understanding, as charge

rate directly influences deposition flux, while temperature governs diffusion coefficients.

In order to gain insight into the differing behaviors of Mg and Li in relation to dendrite

growth, periodic Density Functional Theory (DFT) calculations were conducted.66 Their

findings indicate that on Li(001), the hopping mechanism remains marginally more favorable

than the exchange mechanism. However, the most significant observation is the markedly

smaller self-diffusion barrier of 20 meV on Mg(0001) in comparison to Li(001) and Na(001).

The low diffusion barrier endows deposited Mg atoms with high mobility, facilitating their

smooth propagation on the surface until they attach to island edges, resulting in a more

efficient growth mode. Conversely, higher diffusion barriers result in deposited adatoms

remaining stationary, which in turn leads to a rougher growth mode. Furthermore, they
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consider diffusion barriers that are relevant for three-dimensional growth, such as barriers

for diffusion across steps. Their findings align with experimental observations, indicating that

Li dendrite growth is an inherent property of the metal. However, these calculations have

overlooked the influence of the battery’s operational environment. It is important to note

that the presence of electrolytes and the solid-electrolyte interphase (SEI) can significantly

alter the diffusion properties. Furthermore, the electrode potentials during charging and

discharging cycles have not been considered. It is therefore essential to consider these factors

in order to gain a comprehensive understanding of dendrite formation in batteries.

13 Electrochemical stability

The effective use of electrolytes depends on both their ionic conductivity and their stability

under different conditions. In particular, they must be able to withstand thermal decom-

position and reactions with surrounding substances. In addition, their use should prioritize

ionic conduction over electronic conduction, ensuring that they operate within their stabil-

ity ranges.139 In other words, an electrolyte must withstand the reducing conditions of the

negative electrode and the oxidizing conditions of the positive electrode. The term “sta-

bility window” was coined some years ago to describe the potential range within which an

electrolyte remains useful.

Although kinetic considerations may be important in some cases, stability window is pri-

marily a question of thermodynamics.287 This is particularly relevant in the case of negative

potentials due to the widespread use of highly reactive substances such as alkali metals or

their alloys as negative electrode components in various modern systems.

When the potential of an electrode falls outside the stability range of the electrolyte,

a reaction occurs at the electrode/electrolyte interface. This phenomenon can occur on

either or both electrodes. For example, if two chemically inert electrodes, such as platinum

wires, are immersed in a basic aqueous electrolyte solution and the voltage between them
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exceeds the threshold corresponding to the standard Gibbs free energy for water formation

(approximately 1.23 V at room temperature), electrolysis will occur. In this process, the

electrolyte becomes unstable, resulting in the evolution of hydrogen gas at the negative

electrode and oxygen gas at the positive electrode.

13.1 Binary Electrolyte Phases

If the electrolyte is a binary phase containing an alkali metal, the determination of stability

becomes straightforward with knowledge of the phase diagram and relevant thermodynamic

data.274 The stability range is defined by the voltages at which charge carrier (e.g. Mg-ion)

is extracted from the electrolyte, leading to the formation of an Mg-deficient decomposition

layer between the solid electrolyte and the cathode. Conversely, the insertion of magnesium

into the electrolyte results in the formation of the Mg-reduced decomposition layer.In the Mg

binaries, below 0 V vs. Mg/Mg2+, metallic Mg is the stable form. Above 0 V, the binaries

consisting of oxidized Mg together with the anions are stable up to a voltage that corresponds

to the formation energy ∆G0
f , of the binaries,

∆V = −(∆G0
f/zF ) , (51)

where F is the Faraday constant and z corresponds to the elementary charges that are

transferred upon the discharging reaction with z = 2 for Mg batteries. At higher voltages,

magnesium is extracted, providing the oxidized cations.It is important to mention that the

potential implications of exposing the solid electrolytes to the high magnesium potentials

have been investigated without accounting for additional reactions between the electrolyte

and the anode or cathode materials.

The electrochemical stability windows of the binary compounds in comparison to Mg/Mg2+

are presented in Figure 34, which was calculated according to Eq. 51. For binary compounds,

the Mg-triels and Mg-tetrels exhibit poor stability, as evidenced by the narrow stability win-
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dow and consequently low oxidation resistance. Mg-pnictogens are associated with a larger

stability window. For instance, Mg3N2 is stable over a range of 0 to 0.75 V at room tem-

perature. Nevertheless, the widths of the stability windows remain relatively narrow, with a

range of less than 1.0 V. In contrast, all of the Mg-halogens and Mg-chalcogens are notably

more stable over a broader range of potentials at room temperature. It is noteworthy that

the oxidative stabilities exhibit a strong correlation with the anion electronegativities. For a

strongly electronegative anion, such as fluorine, the corresponding binary compound, MgF2

is stable against Mg up to potentials of more than 5.0 V. Consequently, among all the con-

sidered binary compounds, the Mg chalcogenides and halides exhibit the highest stability. A

similar approach based on the grand potential has been employed in a recent computational

study of binary materials in Mg batteries.288 It should be noted that the solid electrolytes

often have a lower energy range over which they are stable compared to liquids.287
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13.2 Ternary Electrolyte Phases

The stability of electrolytes comprising of more than two components is more complicated.

To illustrate the principles and methodology, let us consider a hypothetical ternary sys-

tem comprising components Mg, a second metal denoted as Sc, and Sulfur (S). Ternary

Mg-Sc-S phase diagrams are constructed for each spinel compounds utilizing a library of

DFT computed bulk energies of materials with crystal structure from the Materials Project

database,199 as shown in Figure 35. Only two binary sulfides of Sc, nominally ScS and Sc2S3

are stable and no phases exist between Mg and Sc, and that only one ternary phase exists,

MgSc2S4. The thermodynamic parameters of the triangle MgSc2S4-MgS-ScS in Figure 35

will determine its limits of stability in the low-potential magnesium-rich direction, and those

in the triangle MgSc2S4-Sc2S3-ScS will determine its limit of stability in the high-potential

magnesium-poor direction, in the case of the possible solid electrolyte phase MgSc2S4. There-

fore, for these ternary spinels, the lower limit of the stability window has been obtained using

the relevant Mg decomposition reaction between the solid electrolyte and the anode

Mg + MgSc2S4 → 2MgS + 2ScS, (52)

and the minimum voltage vs. magnesium is determined from

V = −(∆G0
r/zF ), (53)

where

∆G0
r = ∆G0

f (products) − ∆G0
f (reactants). (54)

Likewise, the maximum potential up to which this phase remains stable is determined
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concentrations for the stable phases.Reprinted from Ref.,274 with permission from American
Chemical Society.

by the Mg spinel decomposition reaction involving the solid electrolyte and the cathode

2ScS + MgSc2S4 → Mg + 2Sc2S3, (55)

This can be converted to a voltage vs. magnesium by using Eqs. 53 and 54. Note that we

determined the stabilities of all considered solid electrolytes for a temperature of 0 K.

To propose suitable and practical materials for the electrolyte phase is the assessment

of stability limits in the low-potential magnesium-rich and high-potential magnesium-poor

directions. For this purpose, the electrolyte stability windows of the ternary spinel phases

have been determined using the Gibbs free energy of the phases according to Eq. 53 and 54,

as shown in Figure 36. The reductive stability reactions are determined by the triangle

MgM2O4-MgS-MS, whereas the oxidative stability is calculated using the metal sulfide phases

MgM2O4-M2S3-MS. According to Figure 36, all calculated stability windows are smaller than
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Figure 36: The electrochemical stability windows of the MgM2S4 compounds were deter-
mined as a function of the voltages vs. Mg metal. Reprinted from Ref.,274 with permission
from American Chemical Society.

1.8 V. Among the considered candidates, those sulfide spinels with large ionic radii of the M-

cation (La, Ce, Pr, Nd, Pm, and Sm) display narrow stability windows due to the instability

against Mg metal. The largest stability windows are found for the metals Lu, Y, and Sc.

The objective of this analysis was to assess potential solid electrolytes or coatings to be

used in electrochemical cells. Among the binary compounds, magnesium bromide (MgBr2),

magnesium iodide (MgI2), and magnesium chloride (MgCl2) demonstrated favorable stability

against the highly reducing magnesium metal anode, along with acceptable magnesium ion

mobility. With regard to the spinel compounds, the ionic radius of the transition metals was

identified as a pivotal factor influencing stability. While all compounds exhibited sufficiently

low barriers for magnesium migration, only magnesium lutetium sulfide (MgLu2S4), magne-

sium yttrium sulfide (MgY2S4), and magnesium scandium sulfide (MgSc2S4) demonstrated

electrochemical stability over a voltage range of approximately 2 V. These findings are ex-

pected to provide valuable guidance for the development of rapid magnesium-conducting

solid materials with enhanced properties.

This methodology has been applied to calculated stability windows of LiCl, LiF, Li2ZrCl6,
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and Li2ZrF6 as a function of Li+/Li.289 The electrochemical stability of LiF is found to

be the highest in the range of 0–6.4 V, with a zero reduction potential versus lithium.

Similarly, LiCl is stable up to 5.1 V with a zero reduction potential. The Li2ZrCl6 exhibits a

limited electrochemical stability window of only 1.89–4.57 V. In contrast, the fully fluorinated

counterpart (Li2ZrF6) exhibits a substantially broader stability window, spanning 1.24–6.53

V. This suggests that a partial substitution of chlorine by fluorine will also result in an

extension of the stability window, which is in agreement with the experimental findings.289

13.3 Compatibility with alkaline metal anodes

In solid-state batteries16–18 another critical challenge is to effectively combine solid-state

electrolytes with highly reactive alkali metal anodes. It is imperative to establish com-

patible interfaces between these anodes and electrolytes to protect against gradual elec-

trolyte material degradation. Recent advances290 have identified a protective hydrate com-

pound (Na3SbS4.8H2O) by computational methods for the solid state electrolyte Na3SbS4,

which was subsequently confirmed experimentally as a reliable electrolyte-anode interface

for sodium metal batteries (Figure 37). First-principles calculations were used to screen

potential passivating materials stable in interaction with sodium metal, with NaH and Na2O

emerging as promising candidates. In addition, NEB calculations were used to evaluate

the migration energies of sodium vacancies within hydrates, with Na3SbS4.8H2O emerging

as a favorable sodium-ion conductor due to lower migration barriers. Experimentally, a

hydrate layer was synthesized by exposing Na3SbS4 to ambient air, resulting in the forma-

tion of Na3SbS4.8H2O. This hydrated phase partially reacts with sodium metal to produce

NaH and Na2O as passivating materials, as confirmed by spatially resolved synchrotron x-

ray diffraction. Symmetric cells (Na//Na3SbS4//Na) were assembled using custom pressure

cells to evaluate sodium plating and stripping performance under air-exposed and pristine

conditions at 0.1 mA cm−2. Consistent with theoretical predictions, the air-exposed sce-

nario exhibited lower and more consistent plating and stripping overpotentials over a 25
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hour period, whereas the pristine case exhibited steadily increasing polarization.

Figure 37: Improving the stability of the interface between a sodium (Na) anode and the
solid-state electrolyte Na3SbS4 through surface hydration. (A and B) Illustration depict-
ing the interface between the electrolyte and Na metal: one for the non-hydrated Na3SbS4

solid electrolyte showing the formation of a mixed conductive layer after cycling, and the
other for the surface-hydrated Na3SbS4 electrolyte demonstrating the formation of a protec-
tive interface. (C) Calculations of the migration energies of sodium vacancies along opti-
mal paths using nudged elastic band calculations for surface-hydrated Na3SbS4 electrolytes:
Na3SbS4.8H2O and Na3SbS4.9H2O. (D and E) Schematics showing the migration pathways
of sodium vacancies with minimal barriers in Na3SbS4.8H2O along the [100] direction (D) and
in Na3SbS4.9H2O along the [010] direction (E). Na(H2O,S)6 octahedra and SbS4 tetrahedra
are colored yellow and brown, respectively. (F) Experimental confirmation of the regions
with hydrated interfaces in a Na/Na3SbS4/Na symmetric cell through spatially resolved
post-operando synchrotron x-ray diffractogram. The bolded red, gray, and yellow spectra
correspond to the interface region, solid electrolyte, and the hydrated Na3SbS4.8H2O, respec-
tively. (G) Galvanostatic cycling of Na/Na3SbS4/Na symmetric cells at a current density of
0.1 mA cm−2, showing increasing potentials for cells without surface hydration pretreatment
(gray). Figures adapted from Ref.,290 with permission from Elsevier.

We propose future avenues for the application of analogous theory-experiment frame-

works. These include developments in battery technology that utilize multivalent ions, such

as magnesium and aluminium. Furthermore, an examination of the formation of the bat-
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tery interface and its evolution under cycling conditions can yield valuable insights, which

can in turn inform high-throughput computations and machine learning algorithms for the

advancement of next-generation energy storage systems.

14 Theory-guided experimental design

Current research into emerging battery technologies still relies heavily on the Edisonian trial-

and-error methodology. These investigations typically follow a sequential process of material

synthesis, electrode and electrolyte fabrication, and subsequent cell assembly and testing. It

has been estimated that there are over 10100 permutations in the selection of active materials

and electrolytes alone.291 As improvements in cell performance are observed, additional sim-

ulation work may be undertaken to uncover the underlying relationships between structure

and properties within a given chemical space. This raises two important questions: Can

theoretical frameworks be used more effectively to design experiments, thereby reducing the

time and resources required? And if so, how can we develop a workflow that seamlessly

integrates theoretical modeling and experimental work?

The synergy between theoretical modeling and practical experimentation is proving to be

crucial in the pursuit of advancing battery technology292,293 (see Figure 38. This integration

accelerates scientific and technological progress in the field of batteries. Rather than relying

solely on trial-and-error methods, theoretical calculations play a key role in guiding experi-

mental design. For example, the use of first-principles calculations enables rapid screening

of vast chemical spaces to predict potential battery materials.273 These predictions are then

validated by careful experimental testing, forming a continuous feedback loop. Theoretical

calculations also help elucidate intricate battery phenomena, such as ion diffusion mecha-

nisms and electronic structure effects, that are otherwise elusive by empirical means alone.

Furthermore, a structural feature has been identified273 that promotes ionic conductivity.

This involves corner-sharing connectivity in oxide crystal structures, which is attributed to
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distorted lithium environments and reduced interactions with non-lithium cations. Through

high-throughput computational screening, ten new oxide frameworks were discovered and

experimentally validated in LiGa(SeO3)2, exhibiting notable ionic conductivity with an ac-

tivation energy of 0.17 eV.

Figure 38: Identifying potential superionic conductors through computational screening.
a,b, Diagram illustrating the multi-step computational screening process (a) and a summary
presenting the calculated ionic conductivities of 56 materials from Step 6 (b). The mini-
mum ionic conductivities (σLi) required at 1,000 K for achieving an extrapolated 0.1 mS
cm−1 at 300 K are depicted by horizontal and vertical lines, with corresponding activation
energies labeled. c, X-ray diffraction (XRD) pattern of LiGa(SeO3)2 with a scanning elec-
tron microscope (SEM) image of the densified pellet. d, Temperature-dependent impedance
(Z) plots of LiGa(SeO3)2, where the semicircle represents bulk ionic conductivity. e, Ar-
rhenius plot comparing the bulk ionic conductivities of LiGa(SeO3)2 to other oxide superi-
onic conductors: LiTa2PO8, LISICON, Li1+xAlxTi2−x(PO4)3, Li3xLa2/3−xTiO3 (LLTO), and
Li7La3Zr2O12 (LLZO). The units are arbitrary (a.u.) Reprinted from Ref.,273 with permis-
sion from Springer Nature.
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Another example is the spinel structure, which exhibits a desirable combination of capac-

ity and voltage.267 Recent studies have reported experimental migration barriers of approxi-

mately 600 meV for Mg2+ in Cr- and Mn-spinel oxides, which aligns with density functional

theory (DFT) calculations.294,295 The strong Coulombic interactions between the Mg cations

and the oxide host lattice generally impede the reversibility of Mg intercalation and result

in elevated Mg migration barriers. In addition, migration in the spinel structure is mediated

by intermediate octahedral sites whose relative stability to the initial tetrahedral site, called

site preference, strongly influences the resulting migration barriers.260 Migration barriers in

spinel materials have recently been employed to derive a descriptor for ion mobility based

on ionic radii, oxidation states, and electronegativities, screening of both cation and anion

chemistry.261 The utilization of this principle has demonstrated that oxide spinels incor-

porating electronegative transition metal cations of substantial size have the potential to

exhibit elevated Mg2+ mobility. as shown in Figure 39.

In addition, models and simulations can predict critical battery parameters such as state

of charge, state of health and cycle life, complementing experimental measurements for

comprehensive performance evaluation. This combination enables accurate quantitative as-

sessments of performance thresholds, such as remaining useful life and optimal rapid charg-

ing rates, thereby reducing the risks associated with short circuits or premature failures.

Throughout the research process, theoretical models and simulations facilitate both virtual

and physical experiments, providing valuable insights beyond observed phenomena. They

act as a safeguard against potential human error or bias in data interpretation, validating

empirical findings against real-time electrochemical performance.

Overall, the harmonious integration of theoretical calculations and experimental efforts

provides a predictive framework for understanding the intricate electrochemical processes

inherent in batteries. This holistic understanding reveals fundamental trends and guiding

principles in battery material design, enabling us to design and manipulate electrochemical

reactions to create superior batteries.
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Figure 39: Screening for new Mg-ion conductors with a spinel framework and experimental
verification of MgCr2−xRhxO4. The strategy employed includes the crystal structure and
screening of all possible charge carriers, transition metals and anions to identify the optimal
descriptor for ion mobility. The theoretical approach involves the identification of two com-
pounds, namely MgRh2O4 and MgIr2O4, which exhibit promising ionic conductivity. This
is based on the migration energies of Mg vacancies along the minimum energy paths, as
determined by nudged elastic band calculations. Additionally, the voltage ranges required
for use as cathode materials in Mg cells have been calculated. The experimental compo-
nent comprises an X-ray diffraction pattern for synthesizing the MgCr2−xRhxO4 compound.
Theory and experiment parts are reprinted from Ref.,267 with permission from American
Chemical Society.

14.1 Computational screening and workflows

Due to the advancement in computing power, computational methods for quickly finding

materials with enhanced properties have gained popularity.296–298 However, the interest in
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materials usually involves multiple properties, and their relationship is complex. For in-

stance, high-performance materials must remain stable under operating conditions to be

valuable. Hence, a systematic approach is necessary for computational screening studies,

guided by predefined workflows.

One such workflow, aimed at accelerating the discovery of battery electrode materials

with improved migration properties,299 is depicted in Figure 40. This workflow begins with

evaluating the stability of candidate materials by analyzing volume changes and energy

above the hull. Subsequently, open-circuit voltages are estimated by calculating insertion

energy at vacant sites. Based on predetermined criteria, the computationally expensive

Nudged Elastic Band (NEB) calculations, used to determine migration barrier heights, are

performed if necessary.

This workflow was applied to identify suitable cathode materials for Mg-ion batteries,300

utilizing ternary and quaternary structures from a database containing Mg, oxygen, and

transition metals. Consequently, two cathode materials exhibiting significantly higher open-

circuit potential than the Chevrel phase, the prototype cathode material for Mg-ion batter-

ies, were discovered. However, these high-voltage materials are characterized by relatively

high migration barriers exceeding 1 eV, consistent with the Brønsted–Evans–Polanyi (BEP)

scaling relations between reaction energies and migration barriers discussed earlier. Note

that a similar workflow was employed to screen topological quantum cathode materials as

candidates for K-ion batteries.301

A comparable workflow was also utilized in a computational screening study focusing

on perovskite materials, considering potential charge carriers such as Li, Na, K, Mg, Ca,

Zn, and Al.164 In total, 280 different perovskite compounds were evaluated. After assessing

energy densities, volume changes, and energy above the hull, only 13 compounds emerged as

promising candidates, for which diffusion barriers were then determined. Ultimately, three

candidates suitable for post-Li battery technologies with multivalent ions were identified,

warranting further investigation.
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Figure 40: Illustration of the workflow for accelerating the discovery of battery electrode
materials with improved migration properties. Reprinted from Ref. ,299 published under a
CC BY license.

15 Battery Informatics Data

Machine learning is a data-driven approach that aims to extrapolate patterns from exist-

ing examples to facilitate decision-making, bypassing the need for explicit programming.291

The effectiveness of machine learning largely depends on the quality and quantity of data

available, as abundant, high-quality data allows for more precise identification of underlying

patterns, thereby improving predictive capabilities in unfamiliar scenarios.302 In computer

vision in particular, standardized datasets such as the Modified National Institute of Stan-

dards and Technology’s collection of handwritten digits, which consists of 70,000 images for

each digit,303 illustrate the importance of rich and well-curated data. Similarly, in speech

recognition, datasets such as those from the Chime-5 challenge, containing over 50 hours of

conversation data with 98,448 utterances,304 highlight the importance of rich and organized

data in improving machine learning outcomes.

Despite this progress in certain areas, the materials science community has not fully

benefited from such data-rich environments. Only a limited number of materials properties

have been cataloged with both high quality and quantity, which is a significant barrier to

the widespread adoption of machine learning as a standard tool in materials research. Ta-

ble 5 provides an overview of the different types of datasets available for battery informatics
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research, categorizing them according to their generation and collection methods, including

computational databases, experimental datasets, high-throughput experimental data, and

databases generated by text mining techniques. This categorization allows for a focused dis-

cussion of the challenges and opportunities presented by each type of dataset in the context

of materials research.

Table 5: Examples of Different Types of Datasets for Battery Informatics Research

Dataset Source Content Quantity Challenge

Materials
Project;199

OQMD;305,306

AFlowLib;307

ESP;308

CMR;309

NOMAD310

Computation Crystalline and
electronic struc-
ture, energy,
elastic proper-
ties, etc

>10,000 Expensive to
collect kinetic
and transport
properties

ICSD;201,202

COD;311

Pauling
file312

Published lit-
erature

Crystalline
structure, phase
diagram, in-
trinsic physical
properties

>10,000 Restricted to
a few proper-
ties such as
crystalline struc-
tures

Computational databases use complex sequences of simulations to calculate and store

thermodynamic, electronic and structural data for tens of thousands of inorganic compounds

using density functional theory (Table 5). These meticulously curated databases provide

vast amounts of high quality information and drive a significant proportion of materials

informatics research. In particular, the prediction of formation energies stands out as an early

demonstration of the power of statistical techniques in materials research. This methodology

continues to be instrumental in the evaluation and refinement of new machine learning

methods for materials property analysis, particularly in feature engineering and pattern

recognition.313

Data from computational materials databases facilitate the estimation of various thermo-

dynamic properties of battery materials. For example, the open circuit voltages of electrode

materials can be derived by including phases in both discharge and charge states within
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the dataset. The Materials Project199 provides calculated voltages for an extensive range of

intercalation and conversion electrode materials. Using this dataset, statistical analysis of

voltage trends for oxide-based cathode candidates in Li-ion batteries reveals the influence of

factors such as polyanion group, redox metal and oxygen/counter cation ratio on voltage and

O2 release temperature.314 The wealth of data is used to synthesize overarching principles

for the design of safe cathode systems.

In addition, material properties such as interface stability between the electrode and the

solid electrolyte can be directly inferred from information in the computational materials

database.315 Aykol et al.316 used computational data from OQMD305,306 to screen a large

number of oxygen-bearing materials with high phase stability, electrochemical stability and

resistance to hydrofluoric acid for use as cathode coating layers. Optimal hydrofluoric acid

scavengers were identified for different cathode types. Xiao et al.317 carried out a screening

of Li-containing compounds to identify coating materials with the desired stability and com-

patibility properties for cathodes and solid-state electrolytes. Subsequent detailed analyses

led to the identification of suitable oxide candidates for cathode coating. The wealth of

high-quality data stored in computational materials databases allows these studies to ex-

plore a wide compositional space for materials with specific functionalities without relying

on machine learning.

A small subset of properties critical to battery research can be efficiently calculated using

available computing resources. However, many important properties such as rate capability,

cycling behavior, degradation and cell-level performance cannot be easily simulated using

computational techniques. Even for properties that can be calculated using established

methods, the computational cost escalates significantly when exploring a large and diverse

configurational space. For example, the estimation of ionic transport properties in solid

materials requires computationally intensive techniques such as the nudge elastic band (NEB)

method and ab initio molecular dynamics (AIMD), both of which exceed the computational

requirements of structure relaxation. Consequently, the availability of diffusion data for
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machine learning (ML) approaches is limited. Despite the use of modern IT infrastructure

and software tools, the evaluation of alkali superionic conductors has proceeded at a modest

pace, exploring around 200 compositions over two years with relatively limited computational

resources.318 However, this exploration rate pales in comparison to the rapid calculation of

thermodynamic properties.

In addition to computational databases, efforts have been made to create comprehensive

and organized datasets of material properties by experimental means. The Inorganic Crystal

Structure Database (ICSD)201,202 archives structural details of inorganic substances dating

back to 1913 and will have over 210,000 entries by December 2020, with updates every

six months. The Crystallography Open Database (COD)311 contains more than 150,000

structures and provides search and download facilities. The Pauling Files,312 as of January

2019, include 51,974 entries of experimental and computational temperature-composition

phase diagrams, 357,612 entries of crystalline structure data, and 156,274 records of various

intrinsic physical properties of inorganic solids from a wide range of publications.

The construction of such large databases relies on the collective contributions of the scien-

tific community and requires rigorous quality control. For individual researchers, a common

approach is to apply standardized procedures within a parameter space and supplement the

data with discrete measurements.

15.1 Machine learning in battery research

In the field of battery informatics, machine learning (ML) is finding widespread applications,

with the exploration of innovative battery materials emerging as a particularly dynamic area.

A common approach in the field of machine learning (ML) and materials discovery is to first

construct predictive models that accurately predict a material’s performance with respect to

a specific function, typically characterized by one or a small number of critical material prop-

erties. This facilitates the identification of candidates with superior performance. However,

as previously stated, it is necessary to address the issue of limited data availability. Here,
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we review recent advances in ML-guided materials discovery with respect to key battery

materials.

The search for novel solid-state ionic conductors presents a number of challenges.266

Firstly, the process of ionic conduction is complex, involving dynamic phenomena on different

time and length scales, influenced by geometric and chemical variables.19 Developing an

effective model for predicting conductivity requires careful feature engineering to capture the

underlying physics of conduction. Second, known ionic conductors exhibit a great deal of

structural and compositional diversity. For example, solid-state Li-ion conductors encompass

compositions that include oxides, sulfides, nitrides and halides,319 and exhibit a wide range of

crystalline frameworks including perovskite,320 argyrodite,321 garnet,322 NASICON,323 and

LGPS.324 This extensive diversity poses a challenge to machine learning (ML) models, as

they may struggle to navigate uncharted territory without sufficient reference data. Finally,

ionic conductivity is highly sensitive to subtle compositional changes. While computational

methods such as ab initio molecular dynamics (AIMD) can accurately simulate conductivity

in agreement with experimental results, the practical application of these computationally

intensive methods for screening numerous doping possibilities across a vast and unbounded

configuration space remains a significant challenge.

In recent years, strategies have emerged to overcome these obstacles. The process of

creating appropriate descriptors for feature engineering can be categorized into three main

approaches: domain knowledge-based chemical features, physics-based robust descriptors,

and feature abstraction through deep learning.

Domain knowledge-based chemical features use empirical rules to encode the structural

and compositional properties of individual compounds into vectors. These hand-crafted de-

scriptors cover various aspects such as elemental composition, local structural attributes

such as bond coordination and distances, and overall structural properties such as crys-

talline cell volume and packing fraction. However, the abundance of hand-crafted features

often leads to low correlation with the target property, requiring careful feature selection
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to avoid overfitting. For example, Sendek325 developed 40 empirical features to predict the

conductivity of lithium-containing compounds, ultimately selecting five features for an op-

timal logistic model. Similarly, Nakayama326 used histogram statistics of composition- and

structure-derived features to create vector-form descriptors for oxides containing lithium and

zinc, focusing on features such as the radial distribution function of the oxygen-oxygen in-

teraction, which is critical for modeling the Li migration barrier using gradient boosting

regression.

In another study, Jalem et al.327 used neural network models to predict both the diffusion

barrier and cohesive energy of olivine LiMXO4 compounds. Their results showed positive

correlations between the diffusion barrier and descriptors such as the average bond length

of the Li octahedron, the distortion index of the Li octahedron and the Li-O-X bond angle.

Conversely, negative correlations were observed with descriptors such as the effective coordi-

nation number of lithium, the distance between two X tetrahedra near the midplane, and the

distortion index of the M octahedron. Extending their approach, Jalem et al.328 identified

six local structure descriptors for the diffusion barrier in tavorite LiMTO4F compounds using

the same neural network architecture. In particular, they identified descriptors common to

olivine and tavorite compounds, such as the variance of the bond angle of the M octahedron

and the average bond length of the Li octahedron, while noting that the polyhedral volume

of the Li octahedron and the effective charge of the M cation reduce the barrier.

Several factors influence the conductivity properties observed in the above studies. These

factors include the number of coordinated lithium ions, the volume of interstitials, local

distortions in the coordination environment and the charges carried by non-lithium species.

Understanding how these factors relate to conductivity is straightforward from a physical

point of view. For example, a high coordination number implies a significant energy barrier

to bond breaking during diffusion. Conversely, for small cations such as lithium, a high

coordination number often indicates a geometrically frustrated environment, which helps to

minimize the energy gap between favorable and unfavorable bonding environments.329 The
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same geometric principle applies to the local distortion of lithium bonding environments.

In particular, most lithium-ion conductors have distorted crystalline structures rather than

highly symmetric lattices.330 The ability to uncover complex relationships between structure

and conductivity owes much to the robust capabilities of machine learning (ML) to detect

hidden patterns through data analysis. However, it is important to be cautious as the results

of feature selection can be sensitive to the choice of learning algorithm, selection method and

available data, particularly when training data is limited.331

Physics-based descriptors are constructed from known physics of properties. For example,

the ionic conductivity of most solids follows an Arrhenius equation with respect to temper-

ature: σT ∝ exp (−Ea/kBT ). This formula allows the conductivity at a given temperature

to be quickly estimated from data at other temperatures. Zhu et al.332 examined the mean

square displacements (MSDs) obtained from short simulations at 800 and 1200 K for known

superionic conductors. They found that all known lithium-based superionic conductors fall

within certain MSD ranges, specifically MSD800 > 5 Å2 and MSD1200/MSD800 < 7. This

observation suggests that high temperature data is strongly correlated with room temper-

ature diffusion behavior. In the research by Fujimura et al.,333 a model for predicting the

conductivity of LISICON compounds used four descriptors: diffusion coefficients at 1600

K, transition temperatures, experimental temperature and average volume of disordered

structures. The diffusion rate at elevated temperatures proved to be a reliable predictor

of conductivity at lower temperatures; materials with high diffusion coefficients at 1600 K

tended to have high conductivity at 373 K.

The use of deep learning-based features capitalizes on the inherent ability of deep learning

to autonomously acquire features, thereby avoiding potential biases associated with manual

craftsmanship. In the study of solid-state electrolytes, it is critical to accurately represent

both the compositional information and crystalline structure of potential materials. Deep

learning has made significant progress in representing these fundamental material attributes.

In terms of compositional representation, deep learning models can extract patterns from
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the formation energy of inorganic compounds, encapsulating the atomic properties of each

element and correlating them with chemical trends.334 This approach has the potential to

streamline the process of representing chemical elements, reducing the need for manually cre-

ated representations based on domain knowledge. In addition, crystal graph convolutional

neural networks (CGCNN)335 have emerged as a powerful tool for representing crystalline

structures. In CGCNN, atoms are treated as nodes in a graph, while bonds are represented

as edges connecting these nodes. This allows any crystal to be represented as a graph, with

convolution and pooling layers providing invariance to permutations of atomic indices and

unit cell choices. By incorporating global attributes alongside atomic and bond attributes,

CGCNN goes beyond traditional neural networks to provide a more versatile graph-based

approach.336 These graph-based deep learning models have demonstrated remarkable abil-

ity to predict material properties. In addition, applying learned embeddings from CGCNN

or graph networks to larger datasets has significantly improved property prediction perfor-

mance, especially when data availability is limited.337 Exploring the application of CGCNN

in quantifying the relationship between crystalline structure and ionic conduction is a promis-

ing avenue for future research.

In the supervised learning approach (Figure 41), the model is trained to understand

the relationship between ionic conductivity and various input features, enabling it to pre-

dict ionic conductivity.327 To address the challenge of limited data availability, a practical

solution is to restrict the exploration of the model to a limited space. This is particularly

common in battery informatics, where the focus is often on specific families of structures due

to the significant influence of crystalline structure prototypes on key properties of battery

materials. This strategy is based on the premise that known structural families are more

likely to yield desirable functional results. Consequently, exploration is reframed as opti-

mization within this constrained space. By focusing on selected structural families, data is

effectively consolidated, facilitating more accurate pattern extraction and reducing the need

for extensive data availability to develop a reliable model. In addition, removing structural
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variations as variables simplifies the representation of the crystalline lattice, overcoming a

technical challenge.

Figure 41: The fundamental operational concepts of a machine learning strategy encompass-
ing supervised and unsupervised learning, as well as classification and regression techniques.
In this context, we simplify by portraying classification as the sole application of unsuper-
vised ML, notwithstanding the presence of other applications like dimensionality reduction.
Reprinted from Ref.,291 published under a CC BY license.

Historically, training data sizes in related studies have typically ranged from a few hun-

dred examples derived from Density Functional Theory (DFT) calculations333 to fewer than

100 from experimental sources.338 However, a drawback of this limited exploration is the

sacrifice of the model’s generalizability across multiple structural families. To adapt to

different structural families, ML models must be retrained and validated, which often re-

quires independent efforts. A potential strategy to overcome this limitation is to transfer

pre-established models from one system to another, as models predicting conductivity for

different crystalline families may share common conductivity features.328

Another approach to supervised exploration involves assessing the potential of candidates

to function as effective conductors, rather than directly estimating their ionic conductivity.

Sendek et al.325 used this method by transforming the regression task into a classification

problem, where they used logistic regression to screen over 12,000 lithium-containing com-

pounds across diverse compositional and structural landscapes. Out of 317 compounds
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that met criteria such as thermodynamic phase stability, minimal electronic conduction,

high electrochemical stability, absence of transition metals, and potentially low material

cost with abundant elemental constituents, 21 were identified as likely to achieve conduc-

tivity greater than 10−4 S cm−1. They then refined their screening process by training a

new model based solely on compound compositions as input variables,339 thereby extend-

ing predictions to compounds not initially present in the database. Notable compounds

identified as promising ionic conductors included LiN5P3O, Li3Na4O3, LiPO3, LiMg3K2O4,

LiNaMg3O5, Li2K3GaO4, Li5Na2O3, Li4NaGaO4, Li2MgO2, Li5K2O3 and Li5Na2NO2. Fur-

thermore, within the same logistic regression framework, predictions identified LiAuI4 and

Ba38Na58Li26N as potential superionic conductors.340

Machine learning is a powerful tool for exploring vast uncharted territories, often yielding

a list of promising candidates that surpasses what traditional experimentation can achieve

through sheer brute force. When it comes to the conductivity of solid electrolytes, the

choice of dopant and defect concentrations significantly influences the process of fine-tuning

the compositional degrees of freedom, thereby escalating the cost of experimentation. To

overcome this hurdle, machine learning-based screening is typically followed by highly accu-

rate simulations to further refine the selection of candidates.

In a study by Sendek et al.,341 they artificially introduced a lithium vacancy into the

supercell and used logistic regression to identify two compounds, Li5B7S13 and Li2B2S5, with

remarkably high room-temperature conductivities. To introduce lithium vacancies and excess

lithium more precisely, He et al.342 suggested the use of aliovalent doping of immobile species.

They proposed that the appropriate doping strategy should activate the concerted motion

of multiple lithium ions by inserting lithium at high energy sites. Using this approach, they

found that aliovalent substitution of LiTaSiO5 and LiAlSiO4 to introduce excess lithium

improved lithium-ion conductivity at room temperature. This finding was confirmed in

experiments where Zr-doped Li1.1Ta0.9Zr0.1SiO5 showed a conductivity approximately two

orders of magnitude higher than stoichiometric LiTaSiO5.
343
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The shift in the focus of machine learning (ML) from accurately predicting conductivity

values to narrowing down candidates for investigation through costly simulations or experi-

ments is driving the use of unsupervised learning for screening purposes (Figure 41). Zhang

et al.330 used a representation method to correlate the altered periodic lattice structures of

lithium-containing compounds with a series of X-ray diffraction patterns at specific 2θ values.

Using agglomerative hierarchical and spectral clustering techniques, they found that most

of the recognized lithium-ion conductors grouped into two distinct clusters out of a total

of seven, each exhibiting unique diffraction patterns. This clustering approach reduced the

initial pool of 2,986 compounds to 82 unique candidates for evaluation of ionic conductivity.

Subsequently, using atomistic molecular dynamics (AIMD) simulations, they identified 16

additional candidates with room temperature conductivity (σRT ) exceeding 10−4 S cm−1.

Among these new materials, Li8N2Se, Li6KBiO6 and Li5P2N5 exhibited room temperature

conductivities exceeding 10−2 S cm−1. Importantly, these newly predicted candidates ex-

hibit novel structures, chemistries, and compositions that are significantly different from

established solid-state lithium conductors (SSLCs), highlighting the ability of unsupervised

learning to reveal materials beyond conventional chemistries.

15.2 Electrode Materials

In addition to investigating new electrolyte materials, machine learning (ML) has been uti-

lized to explore innovative and more effective electrode materials. These studies have eluci-

dated the intricate relationships between the structure and properties of electrode materials,

encompassing various aspects such as voltage, structure, and energy landscapes. For in-

stance, Joshi et al.344 employed Deep Neural Networks (DNN), Support Vector Regression

(SVR), and Kernel Ridge Regression (KRR) to forecast the voltage profile of cathode ma-

terials. Application of the ML model for candidate screening led to the identification of

approximately 5,000 electrode materials for Sodium (Na) and Potassium (K) ion batteries

with voltage characteristics comparable to those of Lithium (Li) ion batteries. Wang et
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al.345 investigated the volume changes occurring during the delithiation process of spinel

and layered oxide cathodes. Their findings demonstrated that Partial Least Squares Regres-

sion effectively predicted volumetric changes, aligning closely with values calculated through

Density Functional Theory (DFT). Shandiz346 employed various classification algorithms to

anticipate the crystalline structure within the compositional space of Li–Si–(Mn, Fe, Co)–O.

Notably, the volume of the unit cell and the number of sites emerged as crucial factors influ-

encing the crystalline lattice, alongside other parameters such as formation energies, convex

hull energy, and band gap. Zhang et al.347 utilized machine learning techniques to model

the adsorption energy of lithium polysulfide species on layered sulfides. By extrapolating a

pre-established model from MoSe2 to predict adsorption on similarly structured WSe2 sur-

faces, ML effectively reduced the computational expenses associated with DFT calculations

while preserving accuracy, particularly in the context of two-dimensional layered compounds

serving as host materials for lithium-sulfur battery cathodes.

The process of lithiation/delithiation in electrode materials often leads to significant dis-

order in the arrangement of lithium ions and vacancies within the crystal structure. Tradi-

tionally, this disorder has been analyzed using the cluster expansion method.348 This method

involves expressing a lattice model Hamiltonian as a combination of orthonormal basis func-

tions representing different configurations of the occupancy variables. Recently, machine

learning (ML) has emerged as a promising alternative for studying such disorder. Natarajan

and Van der Ven349 developed a neural network function to overcome the limitations of the

linear Hamiltonian used in cluster expansion. In a case study on the spinel LixTiS2, the neu-

ral network model showed an error of 36 meV per unit formula, significantly lower than the

error of 89 meV per unit formula observed with the linear regression model. Hochins and Vis-

vanathan350 used a neural network potential to relax the disordered structures obtained from

grand canonical Monte Carlo simulations of layered oxide cathodes using the cluster expan-

sion Hamiltonian. Following structural relaxation, thermodynamic properties such as lattice

parameters, free energy and entropy were calculated, and the predicted voltage profiles of
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LixNiO2 and LixCoO2 were found to be in good agreement with experimental measurements.

Moving beyond the cluster expansion framework, Eremin et al.351 developed a model to de-

scribe the energy landscape of topotactic delithiation in LiNiO2 and LiNi0.8Co0.15Al0.05O2

cathodes using structural descriptors that encode information about lithium and dopant oc-

cupancy. They concluded that the energetics of the process are primarily influenced by the

arrangement of lithium ions within the layers and the relative positioning of lithium ions

and dopants, rather than the specific positions of the dopants.

15.3 Sure independence screening and sparsifying operator

One effective approach for analyzing and interpreting large-scale battery informatics data is

the Sure-Independence Screening and Sparsifying Operator (SISSO), proposed by Ouyang et

al. 352 This method facilitates the extraction of critical descriptors from complex datasets,

enhancing our understanding of the processes underlying battery performance and enabling

the optimization of them. The SISSO is a compressed sensing technique designed to con-

struct explicit, analytical symbolic regression models, denoted f̂ , by exploiting algebraic

combinations of physical quantities represented by the feature set XR = {X1, . . . , Xd}. The

effectiveness of SISSO extends to handling large datasets with millions or billions of potential

feature combinations, unaffected by inter-correlated features.

Sure Independence Screening (SIS)353 refers to the process by which SISSO efficiently

estimates a desired property from a collection of initial or constructed feature combina-

tions. This estimate is highly likely to approach certainty as more feature combinations are

evaluated to fit the machine learning model to the dataset samples. Sparsifying involves

the use of a sparse solution algorithm, called the sparsifying operator (SO), within SISSO.

This algorithm facilitates the construction of a machine learning model, called desc dim1,

of reduced dimensionality. It achieves this reduction by using a component-wise regression

or correlation learning technique to explore the feature space and minimize the number of
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feature combinations (called descriptors di) in the final model,

f̂(X) =
∑
i

cidi(X), d0 ≡ 1. (56)

The coefficients c are obtained from a least squares fit of f̂(Xi) to the material property Y of

interest, with di as the i-th descriptors of the “desc dim”-dimensional model f̂ . The feature

combinations are formed by recursively applying a set of functional/algebraic (unary, binary,

etc.) operators.

Φk = Y[Φk−1, . . . ,Φ0], k = 1, . . . , rung (57)

Y = {+,−,×, /, ||,−1 ,2 ,3 ,1/3 , exp(−), exp(), ln,
√} (58)

A subset of constructed features, denoted Φ0, is derived from a set of features {X1, ..., Xd},

where represents any combination of constructed features within Φk−1. By iteratively com-

bining these features, new combinations are generated. Since the number of constructed

feature combinations grows exponentially with the recursive feature combinations, the SIS

step of SISSO evaluates each candidate feature combination using a standardized metric,

such as the correlation coefficient (⟨·, ·⟩), which measures the absolute value of the inner

product between the residual and the candidate feature combination. Only the top subs sis

feature combinations, denoted SnD, containing no more than a maximum complexity of fea-

tures from the dataset are retained. In general, larger sets are more likely to contain the

optimal descriptor.

SISSO uses an iterative process to identify optimal feature combinations for modeling a

given property. It first selects a set of candidate feature combinations, reducing the error

between the predicted and actual property values at each step. The error in a n dimensional

model is quantified as the difference between the actual property value Y and the predicted

value based on the fitted descriptors
∑n

i cidi(X), where the coefficients ci are obtained from

the fitting process. In the first iteration, the most influential one-dimensional descriptor is
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identified and its fit to the feature of interest is evaluated. This error is then used to select

additional features that correlate strongly with it, forming a set of two-dimensional descrip-

tors. Two-dimensional descriptors are then constructed by fitting pairs of features from the

combined sets of one- and two-dimensional descriptors. This process can be extended to

higher dimensions by iteratively testing larger combinations of features. For each dimension,

SISSO selects feature combinations that have the highest correlation with the error of the

previous model. The final n-dimensional descriptor is determined by aggregating all previ-

ously selected feature subspaces until the error of the generated model reaches a desired level

of accuracy that effectively captures the underlying data trend.

As an example, the prediction of the stability of the perovskite structure has long been

a challenging task in the quest to discover new functional materials for various applications,

including photovoltaics and electrocatalysts. Recently, a precise, interpretable, and one-

dimensional tolerance factor354 has been formulated which accurately predicts whether 92%

of compounds in an experimental dataset of 576 ABX3 materials (where X = O2−, F−, Cl−,

Br−, I−). This prediction is made using a data analytics approach based on SISSO. Addi-

tionally, it has been used to identify 23,314 new double perovskites (A2BB′X6), ranked by

their likelihood of being stable as perovskites. This information provides valuable guidance

for experimentalists and theorists on which compounds are most likely to be successfully syn-

thesized and showcases a method for descriptor identification that can be applied to various

other applications beyond predicting perovskite stability.

16 Discussion

Batteries are complex and dynamic multi-component systems in which many physical pro-

cesses occur simultaneously during charging and discharging. The complexity of the issues

arises primarily from the intricate nature of the interfaces and the limited selection of mate-

rials that must remain stable during charge and discharge cycles. Given that electrochemical
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energy storage is dependent on processes involving bond formation and breakage, it is evident

that quantum chemistry tools are indispensable for a comprehensive theoretical comprehen-

sion. Despite the advances in computational power and the development of more efficient

methodologies, the complexity of electrochemical storage systems continues to present signif-

icant numerical and theoretical challenges. Nevertheless, first-principles electronic structure

calculations play a crucial role in enhancing our atomistic understanding of the structures

and processes in batteries. In addition to molecular mechanics methods and continuum ap-

proaches, these calculations are of great importance for enhancing the efficiency, stability,

and safety of batteries.

Advances in computing power and the development of sophisticated computational tools

now allow numerical studies to greatly accelerate the discovery of new materials. Using

descriptors to establish correlations between material properties and ion mobility present

promising examples that facilitate the identification of suitable materials and provide deeper

insights into the factors that influence ion mobility in crystalline structures. Despite this

progress, fundamental challenges remain with the so-called scaling relationships between

conflicting material properties, which hinder the simultaneous optimization of multiple prop-

erties. Potential approaches to overcome these scaling relationships include co-intercalation,

pillared structures and anionic redox.

Examples of experimental design informed by theoretical frameworks highlights the need

for an iterative relationship between theory and experimentation, cycling continuously until

the most promising battery materials are identified and refined. This methodology tran-

scends specific battery chemistries and establishes universal principles applicable to the ad-

vancement of both monovalent and multivalent battery technologies. With the increasing

influence of artificial intelligence, data-driven machine learning techniques are expected to

contribute significantly to the design and discovery of battery materials, alongside high-

throughput computational and experimental methods. In particular, computational screen-

ing and the development of descriptors for energy storage materials are critical to identifying
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new materials with improved properties.

17 Conclusion and perspective

The aim of this review is to elucidate the theoretical framework and computational methods

that relate the electronic structure and dynamic properties of rechargeable battery compo-

nents to their macroscopic electrochemical properties. The performance of a rechargeable

battery at the engineering level can be effectively described using robust phenomenological

theories based on thermodynamic laws and fundamental kinetic principles. For example,

understanding and predicting the voltage of a battery and the phase stability of its con-

stituent materials can be achieved by studying the free energies of the phases involved. In

addition, the rates at which a battery charges and discharges are determined by kinetic

properties which, at a phenomenological level, are encoded in measures of ion mobility and

parameters of response functions describing non-equilibrium electrochemical processes at

the electrode/electrolyte interfaces. There are also well-established phenomenological theo-

ries that explain the phase transformations within an electrode as the concentration of the

shuttled ion changes.

Despite their simplicity and effectiveness, phenomenological theories require experimen-

tal measurements to determine the material-specific thermodynamic potentials and kinetic

coefficients on which they depend. An alternative to experimental methods is to calculate

these thermodynamic and kinetic quantities from first principles. Although first-principles

electronic structure methods are now fairly precise, the electrochemical processes in recharge-

able batteries are typically thermally activated, making temperature and entropy critical

variables to consider. Consequently, any first-principles approach that aims to integrate

with phenomenological models of batteries must incorporate statistical mechanics

We have detailed rigorous approaches for calculating equilibrium thermodynamic proper-

ties and ionic transport coefficients from first principles. These computational methods have
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proved to be invaluable complements to a wide range of experimental techniques, providing

fundamental insights into the behavior of battery materials. However, the range of properties

that can be rigorously calculated from first principles remains limited. For many phenomena

there is still no clear link between the electronic structure and the parameters of the macro-

scopic response functions, and in some cases the accurate and validated phenomenological

response functions themselves are still lacking.

We have identified the following key areas where future research could significantly ad-

vance our ability to model and design new battery chemistries and concepts:

• Development of Statistical Mechanics Methods: There is a need for advanced statistical

mechanics methods to predict the ingredients for phase field models of topotactic phase

transformations. This includes determining gradient energy coefficients and ionic mo-

bilities in regions where phases are thermodynamically unstable and prone to spinodal

decomposition.

• Electrode-Electrolyte Interface Processes: The complex atomic and electronic processes

at the electrode-electrolyte interfaces of rechargeable batteries are the least understood.

There is a need for more in situ experiments and multiscale modeling with electronic

and atomic-level resolution to characterize the interface structure and determine the

kinetic processes occurring during battery charging and discharging. These insights

should then be distilled into interface response functions, linking atomistic-level prop-

erties to phenomenological coefficients.

• Simulation of Materials with Chemical Accuracy: A critical gap remains in simulating

materials with chemical accuracy at the meso-/microscale. This is particularly impor-

tant for understanding chemical reactions and transport at the electrode-electrolyte

interfaces and within the electrodes and electrolytes themselves (e.g., grain boundaries

and secondary phases). While recent advancements in machine learning interatomic

potentials show promise for simpler chemistries, there is an urgent need for method-
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ological developments that enable universal application to complex chemistries and

bonding types, particularly those involving electron transfer.

• Data and Machine Learning in Battery Informatics: There is a significant opportu-

nity to leverage data analytics and machine learning techniques to enhance battery

performance. Developing robust machine learning models that can predict battery

performance, degradation, and failure modes based on large datasets of operational

and experimental data is crucial. These models can accelerate the discovery of new

materials, optimize battery management systems, and provide insights into complex,

multiscale phenomena in battery systems. Additionally, integrating machine learning

with experimental and simulation data can help identify key descriptors and mech-

anisms, enabling more accurate and predictive modeling of battery behaviors across

various conditions.
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(66) Jäckle, M.; Helmbrecht, K.; Smits, M.; Stottmeister, D.; Groß, A. Self-diffusion barri-

ers: Possible descriptors for dendrite growth in batteries? Energy Environ. Sci. 2018,

11, 3400–3407.

(67) Li, J.; Ma, C.; Chi, M.; Liang, C.; Dudney, N. J. Solid Electrolyte: the Key for

High-Voltage Lithium Batteries. Adv. Energy Mater. 2015, 5, 1401408.

(68) Kato, Y.; Hori, S.; Saito, T.; Suzuki, K.; Hirayama, M.; Mitsui, A.; Yonemura, M.;

Iba, H.; Kanno, R. High-power all-solid-state batteries using sulfide superionic con-

ductors. Nat. Energy 2016, 1, 16030.

(69) Bartsch, T.; Strauss, F.; Hatsukade, T.; Schiele, A.; Kim, A.-Y.; Hartmann, P.;

142



Janek, J.; Brezesinski, T. Gas Evolution in All-Solid-State Battery Cells. ACS En-

ergy Lett. 2018, 3, 2539–2543.

(70) Walter, M.; Kovalenko, M. V.; Kravchyk, K. V. Challenges and benefits of post-

lithium-ion batteries. New J. Chem. 2020, 44, 1677–1683.

(71) Wan, L. F.; Perdue, B. R.; Apblett, C. A.; Prendergast, D. Mg Desolvation and

Intercalation Mechanism at the Mo6S8 Chevrel Phase Surface. Chem. Mater. 2015,

27, 5932–5940.

(72) Okoshi, M.; Yamada, Y.; Yamada, A.; Nakai, H. Theoretical Analysis on De-Solvation

of Lithium, Sodium, and Magnesium Cations to Organic Electrolyte Solvents. J. Elec-

trochem. Soc. 2013, 160, A2160.

(73) Ding, M. S.; Diemant, T.; Behm, R. J.; Passerini, S.; Giffin, G. A. Dendrite Growth

in Mg Metal Cells Containing Mg(TFSI)2/Glyme Electrolytes. J. Electrochem. Soc.

2018, 165, A1983.

(74) Eaves-Rathert, J.; Moyer, K.; Zohair, M.; Pint, C. L. Kinetic- versus Diffusion-Driven

Three-Dimensional Growth in Magnesium Metal Battery Anodes. Joule 2020, 4,

1324–1336.

(75) Porz, L.; Swamy, T.; Sheldon, B. W.; Rettenwander, D.; Frömling, T.; Thaman, H. L.;
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