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The development of high-performance solid-state lithium-ion batteries (LIBs) requires designing solid-state

electrolytes (SEs) with high ionic conductivity and excellent electrochemical stability. Here, we report 130

novel materials as promising SEs, identified through large-scale high-throughput calculations. These

calculations employed a universal machine-learning interatomic potential (ML-IAP) as a surrogate model

for density functional theory (DFT). In calculating the Li+ conductivity of well-known conductors, we

found that the universal ML-IAP tends to underestimate the activation energy for Li+ conductivity by

about 150 meV compared to DFT calculations. To identify practical SEs, we parameterized screening

criteria for key material properties including synthesizability, interfacial stability, and ionic conductivity.

We then established a tiered workflow for the accurate and efficient assessment of potential SEs.

Additionally, we developed a tree-based ML model to unravel the relationship between structure,

chemistry, and conductivity. Our findings indicate that features such as maximum packing efficiency,

volume per atom, packing fraction, and differences in electronegativity are crucial in influencing Li+

conduction. This work not only introduces novel SEs vital for the advancement of solid-state LIBs but

also showcases the potential of ML in material innovation.
Introduction

All solid-state lithium-ion batteries (LIBs) are widely recognized
as a revolutionary technology for electrochemical energy
storage. Compared to commercialized LIBs, solid-state LIBs,
featuring nonammable solid electrolytes (SEs), offer enhanced
safety and cost-effectiveness, while also holding the promise of
achieving higher energy density by utilizing Li metal anodes or
high-energy cathodes.1 Over the past few decades, signicant
progress has been achieved in the development of novel SEs
with fast ionic conductivity, broader electrochemical stability,
and excellent electrode compatibility. One of the potential
contenders for SEs are the state-of-the-art fast ionic conductors
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such as Li10MP2S12 (M = Si, Ge, Sn)2–6 and lithium argyrodites
Li6(P,Sb)S5X (X = halogen).7,8 They exhibit high ionic conduc-
tivities (1–10 mS cm−1) that are comparable to commercial
liquid electrolytes in LIBs. The garnet-type Li7La3Zr2O12 (LLZO)9

and perovskite La2/3−xLi3xTiO3 (LLTO)10 oxides are proved to
have a decent Li+ conductivity (<1 mS cm−1) with good elec-
trochemical stability within a wide voltage range of ∼3 V.
Recently, halide SEs (Li3MX6, M = metal and X = halogen) are
also reported to exhibit excellent electrochemical stabilities
with cathode materials and high ionic conductivities
(∼1 mS cm−1).11–14

Despite these tremendous achievements, there are few SEs
satisfying all the requirements for practical applications. For
instance, sulde SEs tend to decompose at the SE/electrode
interfaces and form detrimental interphases, resulting in
either high interfacial impedance15 or growth of lithium
dendrites.16 Moreover, oxide SEs commonly exhibit high stiff-
ness, making it challenging to achieve conformal contact with
the electrodes and accommodate volume changes during
cycling. The incompatibility between electrodes and SEs poses
risks of crack formation and internal short circuits during
battery operations.1 Therefore, there is a pressing need to
develop novel SEs with superior performance for the commer-
cialization of solid-state LIBs.

High-throughput (HT) density functional theory (DFT)
calculations and machine learning (ML) predictions have
recently become invaluable tools for the discovery of novel
J. Mater. Chem. A
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materials.17–19 The HT DFT calculations typically begin with the
assessment of a series of thermodynamic properties. Evaluation
of the kinetic property (e.g., diffusivity) is in general limited to
a few promising candidates due to its high computational costs.
In contrast, ML can rapidly screen the properties of tens of
thousands of materials at a relatively low cost.20–25 But the reli-
ability of its prediction is considerably inuenced by the volume
and quality of available data, which remains one of the biggest
challenges in AI-driven materials design.

In this work, using universal machine-learning interatomic
potential (ML-IAP) as a surrogate model for DFT, we conducted
comprehensive HT calculations of 740 000 lithium compounds
to identify novel SEs. To streamline the identication process,
we established screening criteria of key material properties
essential for high-performance SEs. Utilizing this approach, we
successfully pinpointed 130 materials as promising SEs.
Furthermore, we developed a tree-based ML model to disen-
tangle factors governing Li+ conductivities in SEs. Based on
insights gained, we propose strategies to address challenges
impeding the development of high-performance solid-state
LIBs.
Results
Benchmark of Li+ conductivity

Conductivity is the most important metric for designing fast Li+

conductors as SEs. Although previous study26 has demonstrated
the high accuracy of universal ML-IAP in calculating materials'
thermodynamic properties, the effectiveness of this approach in
evaluating materials' conductivity remains unclear. According
to the benchmark studies19 of ab initiomolecular dynamic (MD)
simulations against experimental data, a quick estimation of
the activation energy (Ea) of Li

+ conductivity can be accessed by
the mean square displacements (MSDs) of short-time (50 ps)
MD simulations at 800 K and 1200 K. It has been found that
when the calculatedMSD800 K > 5 Å

2 and estimated Ea < 400meV
Fig. 1 (a) Comparison of mean square displacements (MSDs) calculate
functional theory (DFT) at 800 K. The dashed red line denotes the MSD80

ML-IAP, which equals that of DFT. (b) Comparison of ML-IAP and DFT c

J. Mater. Chem. A
(derivation of Ea is provided in Methods), the given material is
identied as a superionic Li+ conductor.19 Building upon this
nding, we examine the uncertainty of universal ML-IAP in
calculating MSD800 K and Ea with respect to DFT calculations for
assessing Li+ conductivity.

We rst evaluate the uncertainty in MSDs calculated using
the universal ML-IAP compared to those obtained from DFT. In
this work, an MSD800 K exceeding 5 Å2 is indicative of a material
displaying baseline conductivities. Fig. 1(a) presents the calcu-
lated MSDs at 800 K for 18 well-known fast and slow Li+

conductors, as outlined in Table S1.† These MSDs are derived
from 50 ps MD simulations using both the universal ML-IAP
and DFT. We observe that all known superionic Li+ conduc-
tors, characterized with experimental sLi+ higher than 1
mS cm−1, exhibit universal ML-IAP and DFT calculated MSD800

K exceeding ∼10 Å2. In contrast, slower Li+ conductors, such as
LLZO, LLTO, LiFePO4, NCM and LiCoO2, show calculated
MSD800 K less than 5 Å2 using both methods. This nding
suggests limited harmonic oscillations of Li+ ions within their
equilibrium positions, rather than diffusive behavior. It should
be noted that only pristine materials were used to calculate Li+

conductivity in this work. Potential enhancements due to
occupational disorder or defects are not included, as their
computational cost is prohibitive.27 This exclusion could lead to
an underestimation of the calculated Li+ conductivities in SEs,
such as garnet-type oxides and anti-perovskites.

The Ea can be estimated by the ratio of the MSD computed at
1200 K and 800 K. Fig. 1(b) shows the calculated MSD1200 K

versusMSD800 K for nine Li+ conductors, which possess baseline
conductivities (MSD800 K > 5 Å2) at 800 K. It is observed that the
universal ML-IAP generally predicts larger MSDs at both
temperatures, resulting in an average Ea about 150 meV lower
than those by DFT. The ratios of MSD1200 K to MSD800 K

computed using the universal ML-IAP are less discriminative as
indicators of Li+ conductivities compared to those derived from
DFT. For instance, the SEs of the LGPS family, i.e. Li10GeP2S12,
d using machine-learning interatomic potential (ML-IAP) and density

0 K = 5 Å2. The dashed blue line represents the MSD800 K calculated by
alculated ratio of MSDs at 1200 K and 800 K.

This journal is © The Royal Society of Chemistry 2024
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Li10SnP2S12, and Li10SiP2S12, have experimentally measured Li+

conductivities of 12, 4, and 2.3 mS cm−1, respectively. Their
DFT-computed ratios of MSD1200 K to MSD800 K amount to 6.48,
4.55, and 2.80, in contrast to 1.69, 1.78, and 1.63, respectively, as
calculated using universal ML-IAP. These ratios predicted by the
universal ML-IAP are markedly more uniform compared to the
diverse values derived from DFT, indicating a reduced sensi-
tivity of the universal ML-IAP in evaluating Ea for materials with
varying Li+ conductivities. Consequently, we propose the
criteria of MSD800 K > 5 Å2 and MSD1200 K/MSD800 K < 3.3 for fast
evaluations of Li+ conductivities.
Fig. 2 (a) Schematic diagram illustrating material properties essential for
represents conduction band minimum (CBM) and valence band maximum
for the identification of promising SEs for solid-state lithium-ion batterie

This journal is © The Royal Society of Chemistry 2024
Parameterization of high-throughput screening

A SE should meet a series of requirements for practical
applications, which include fast ionic conduction, broad
electrochemical windows, and good compatibility with
electrodes (Fig. 2(a)). In response to these needs, we
developed a high-throughput screening framework that
considers multiple properties for designing promising SEs, as
shown in Fig. 2(b). A crucial task in HT calculations is the
parameterization of screening criteria, which directly
inuences the accuracy of predictions. Here, we present
the rationale behind the designed screening criteria and
the design of high-performance solid electrolytes (SEs). CBM and VBM
(VBM), respectively. Eg denotes the band gap. (b) Designed flowchart

s.

J. Mater. Chem. A
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establish their values based on DFT calculations and experi-
mental data.

Phase stability. The rst criterion that new material
discovery for technological applications must be satised is the
phase stability or synthesizability. In line with previous work,26

we use the energy distance (Ehull-m) to the Materials Project
convex hull to estimate the new material's phase stability.
According to previous high-throughput computational
efforts,19,28,29 a conservative threshold of 30 meV per atom was
adopted for Ehull-m. The smaller the value of Ehull-m, the more
stable the predicted material is, increasing the likelihood of
successful synthesis in experiments.

Mechanical compatibility. An ideal SE should be so and
ductile such that it can deform and maintain good conformal
contact with the electrodes, which is essential for long-term
operations of solid-state LIBs. But it also necessitates a certain
extent of hardness to inhabit the growth of lithium dendrites
when coupling with Li metal anodes. The mechanical proper-
ties of a material are assessed by its calculated shear modulus
(G) and bulk modulus (K) and the ductility is measured by
Pugh's ratio (G/K). Previous studies suggest that (i) the buffer
layer between SE and electrodes with a shear modulus (G) twice
that of Li metal (4.2 GPa) can effectively suppress the growth of
lithium dendrites.30 (ii) Most common SEs exhibit Pugh's ratios
(G/K) smaller than 0.7.31 Based on these discoveries, we adopted
criteria of G > 8.4 GPa and G/K < 0.7 to search for SEs with good
mechanical compatibility.

Electronic conductivity. Electronic conductivity in SEs has
been identied as a contributing factor to the degradation of
solid-state LIBs. For example, electron conduction (e−) can
promote the nucleation and growth of Li dendrites at the
interface of electrodes and SEs, ultimately leading to short-
circuits and battery failures.32,33 Here, we utilized the Heyd–
Scuseria–Ernzerhof (HSE) band gaps (Eg) to approximate the
electronic conductivity. It is important to note that while
materials with small band gaps are highly likely to exhibit
certain electronic conductivity, materials with wide band gaps
may also exhibit conductivity due to defects introduced during
synthesis and other processes.16 Therefore, a screening criterion
of HSE Eg > 3 eV was determined, based on the observation that
most known SEs have a ML-predicted HSE Eg larger than 3 eV
(Table S2†).

Li+ conductivity. While ML-IAP allows us to explore Li+

conductivity with signicantly reduced computational costs,
conducting calculations for tens of thousands of materials
remains a computational challenge. To address this, we devel-
oped a two-step strategy for identifying fast Li+ conductors.
According to our benchmark results, a material is preliminarily
classied as a fast ionic conductor if its MSD800 K > 5 Å2 and
MSD1200 K/MSD800 K < 3.3. In the next phase, long-time (1 ns)
molecular dynamics (MD) simulations at 300 K were performed
for the most promising candidates to calculate their Li+

conductivity.
Electrochemical stability. The electrochemical stability of

SEs relates to their ability to resist redox reactions when sub-
jected to a range of voltages during operation. The voltage
range, relative to Li metal, where an SE maintains stability
J. Mater. Chem. A
against decomposition due to either lithium consumption or
release, is dened as the electrochemical stability window.15

The upper and lower boundaries of this window are dened as
the oxidation and reduction limits, respectively. SEs with wide
electrochemical stability windows are highly sought aer for
high-performance applications. Common anodes, such as Li
metal and Li4Ti5O12 (LTO), operate at potentials around 0 V and
1.5 V vs. Li/Li+, respectively. Commercial cathodes, like LiFePO4

(LFPO) and LiNixMnyCo1−x−yO2 (NCM), typically operate within
a potential range of 3.2 to 4.5 V vs. Li/Li+. A material with
a reduction limit below 1.5 V and an oxidation limit above 3.2 V
is predicted to be a promising SE.

Chemical reactivity with electrodes. Besides redox reactions,
chemical reactions between SEs and electrodes should be
minimized. Previous DFT studies34 have indicated that when
the reaction energy (DErxn) between SEs and electrodes is
$−0.1 eV per atom, the SE would have a robust chemical
reactivity with electrodes. Hence we applied this criterion to
assess the stability of SEs in conjunction with common
electrodes.
Screening analysis

The initial set of candidate SEs was constructed by selecting all
compounds containing lithium from the Matterverse data-
base,26 which is the world's largest database of inorganic
materials and contains∼33 million newly calculated structures.
During this selection process, compounds containing actinide
and lanthanide elements, with the exception of La and Lu, were
excluded due to large errors in their DFT calculated proper-
ties.35,36 The initial pool of candidates comprises 748 203 unique
materials. To facilitate further analysis, these candidates are
categorized into seven groups according to their anion chem-
istries, which plays an important role in determining the elec-
trochemical properties of SEs.15,34 These compounds are
grouped into oxides, suldes, uorides, chlorides, bromides,
alloys, and other compounds. In general, the number of mate-
rials passing through each lter decreases sequentially, indi-
cating the effectiveness of the designed screening workow
(Fig. S1†).

Out of 748 203 unique Li-compounds, 71 686 materials
exhibit an Ehull-m lower than 30 meV per atom, indicating
a higher potential for facile synthesis. This selection includes
13 097 oxides, 38 735 suldes, and 19 773 halides, which
comprise 3382 uorides, 6767 chlorides, and 8624 bromides, in
addition to 556 alloys and 448 compounds in other categories.
Notably, compared to previous HT DFT calculations or ML
predictions replying on databases like the Materials Project and
Inorganic Crystal Structure Database,17,19,29,34,37 there is a signif-
icant increase, at least tenfold, in the pool of potential candi-
dates, which is especially noticeable in the suldes and halides
categories (Table S3†). This substantial expansion of the mate-
rials library offers great potential for exploring novel SEs
previously uncharted in earlier studies.

Fig. 3(a) shows the distribution of calculated shear and bulk
moduli for compounds with Ehull-m lower than 30 meV per
atom. We nd that the majority of oxides, uorides, and alloys
This journal is © The Royal Society of Chemistry 2024
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Fig. 3 (a) Calculated shear modulus (G) vs. bulk modulus (K) of candidate materials grouped by their anion chemistries. The dashed and dot-
dashed lines stand for G = 8.4 GPa and G/K = 0.7, respectively. (b) Calculated HSE band gaps (Eg) for candidate materials categorized by their
anion chemistries.
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exhibit favorable mechanical compatibility. Oxides, in partic-
ular, tend to be harder than other material types (with higher G
values). However, they also exhibit higher brittleness, indicated
by their large Pugh's ratio (high G/B value). Approximately 25%
of oxide candidates are eliminated at this stage due to their high
risk of developing cracks and experiencing high-resistance
contact at electrode/SE interfaces during battery operations.
Fluorides are soer with G ranges from 1.4 to 50 GPa and less
brittle, which are suitable for SE materials. Only around 30% of
suldes and 20% of chlorides and bromides meet the criteria
for mechanical compatibility. Compared to oxides, suldes and
halides generally exhibit smaller G and K values. More speci-
cally, a notable portion of suldes, chlorides, and bromides
demonstrates signicant soness and compressibility (G <
20 GPa, K < 40 GPa), indicating an increased risk of failing to
suppress lithium dendrite growth during cycling. As a result,
these materials were excluded in this screening phase.

Fig. 3(b) presents ML-predicted HSE band gaps for candidate
materials categorized by their anion chemistries. We observe
that the majority of suldes tend to have band gaps below
3.0 eV, suggesting a higher likelihood of electronic conduction
and making them less suitable as SEs. In contrast, oxides and
halides typically have wider band gaps, resulting in lower
This journal is © The Royal Society of Chemistry 2024
electronic conductivities compared to suldes. Notably,
a signicant number of uorides display exceptionally large
band gaps, oen exceeding 6 eV. Alloys and most other material
types are typically known for their good electronic conductivity,
characterized by band gaps signicantly smaller than 3.0 eV.
Consequently, these materials were excluded in the screening
process for electronic insulators.

Next, the Li+ conductivities were screened using our estab-
lished benchmark criteria of MSD800 K > 5 Å2 and MSD1200 K/
MSD800 K < 3.3. A total of 4727 compounds meets these criteria,
indicating potential for superionic conductivities. Among these,
suldes emerge as the most promising candidates for superi-
onic Li+ conduction, with 1550 sulde compounds passing the
conductivity criteria. Indeed, most experimentally reported
superionic Li+ conductors to date are suldes.4–7 Additionally,
1151 oxides, 282 chlorides and 207 bromides passed the
conductivity screening, indicating their potential for novel SE
design in various chemical compositions. Fig. 4 shows the
distribution of calculated MSD1200 K vs. MSD800 K for the 10 769
unique compounds. It is evident that many suldes, chlorides,
and bromides exhibit high baseline conductivity at 800 K
(MSD800 K > 5 Å2), with half of them showing low Ea (MSD1200 K/
MSD800 K < 3.3). In contrast, a considerable number of
J. Mater. Chem. A
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Fig. 4 Distribution of the calculatedmean squared displacement (MSD) at 1200 K (MSD1200 K) vs. 800 K (MSD800 K) for various materials including

oxides, sulfides, fluorides, chlorides and bromides. The dashed line represents the ratio
MSD1200 K

MSD800 K
¼ 3:3, while the dashed-dotted lines

correspond to MSD800 K = 5 Å2. Materials with
MSD1200 K

MSD800 K
\3:3 and MSD800 K > 5.0 Å2 are predicted to be fast Li+ conductors.
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compounds in oxides and uorides exhibit small MSD800 K less
than 5 Å2 and highMSD1200 K/MSD800 K ratios, indicative of high
Ea and, consequently, a sluggish Li+ conductivity.

Only 131 compounds exhibit favorable electrochemical
stability within a voltage range spanning from 1.5 to 3.2 V vs. Li/
Li+. Fig. 5(a) illustrates the distribution of calculated oxidation
and reduction limits for candidates that passed the conductivity
screening. Among all types of compounds, suldes generally
have the narrowest electrochemical stability window, with
oxidation limit below 3 V and reduction limit above 1.5 V vs. Li/
Li+. Thus, suldes are less likely to be thermodynamically stable
when paired with common electrodes. In contrast, oxide SEs
tend to have oxidation limits aligning with the working poten-
tials (3 to 4.5 V vs. Li/Li+) of typical cathodes, but their reduction
limits oen surpass 2 V vs. Li/Li+, rendering them unstable
against common anodes (Li metal and LTO anodes). Fluorides,
however, demonstrate stability at exceptionally high potentials,
with most uoride SEs exhibiting oxidation limits ranging from
4.5 to 6.9 V and reduction limits between 3.0 and 5.1 V vs. Li/Li+.
Chlorides and bromides generally exhibit optimal electro-
chemical stabilities. Most chloride SEs, and about half of the
bromide SEs, remain stable at potentials exceeding 3.2 V vs. Li/
Li+, with some even showing stability down to 0 V. This suggests
their potential to enhance the utilization of Li metal, potentially
J. Mater. Chem. A
leading to a signicant improvement in the energy density.
Overall, only 20 oxides, 5 suldes, 7 uorides, 51 chlorides, and
48 bromides exhibit electrochemical stability that spans the
voltage range of 1.5 to 3.3 V vs. Li/Li+. Furthermore, we analyzed
the chemical reactivity of the electrochemical stable SEs in
contact with common electrodes. As depicted in Fig. 5(b), 35 SEs
remain stable in contact with Li metal anodes, exhibiting DErxn
> −0.1 eV per atom. Most SEs also exhibit minimal reactivity
with LTO anodes, indicating their potential for long-term stable
function in solid-state LIBs. Additionally, most SEs are
compatible with typical cathodes, such as LFPO, LCO and LMO.
While only 38 SEs demonstrate good stability in contact with
NCM111 electrodes.

Ultimately, we identied 130 unique compounds that satisfy
all the aforementioned criteria, making them as promising
candidates for SEs. A structural analysis reveals that these 130
new materials are classied into 68 structure prototypes (Table
S4†), which, to the best of our knowledge, have not been
previously studied. To further conrm their Li+ conductivity, we
conducted MD simulations over a long duration (1 ns) at 300 K.
Particularly, these simulations reveal that 28 of these materials
exhibit superionic Li+ conductivities exceeding 10 mS cm−1 at
300 K, as detailed in Table 1. Notably, 26 of these materials,
representing 93%, are halides. Halides are an emerging class of
This journal is © The Royal Society of Chemistry 2024
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Fig. 5 (a) Distribution of the calculated oxidation and reduction limits for solid electrolytes (SEs) that meet the conductivity screening criteria. (b)
Calculatedminimum reaction energies between SEs and common electrodematerials, such as Li metal, Li4Ti5O12 (LTO), LiFePO4 (LFPO), LiCoO2

(LCO), Li[NixCoyMnz]O2 (NCM), LiMnO2 (LMO) in experiment.
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materials currently being explored as SEs in experimental
studies.11–14 These ndings offer great promise for the discovery
of novel SEs through experimental validation. The calculated
phase stability, mechanical properties, and electrochemical
properties of these 28 materials, along with the others, are
presented in Tables 1 and S5,† respectively, to aid in experi-
mental validations.

Structure–composition–conductivity relationship

Elucidating the relationship between structure, composition
and conductivity is essential for designing better SEs. To
unravel this relationship, we developed a ML tree-based clas-
sication model. Fig. 6(a) shows the permutation importance of
the top 10 features in our model. Notably, features such as
maximum packing efficiency, packing fraction, volume per
atom, and mean difference in electronegativity are the most
signicant contributors to the predicted Li+ conductivities.
Fig. 6(b)–(d) presents the partial dependence plots, which
illustrates the marginal effects of these four features on the
predicted probability of materials being fast Li+ conductors.

The maximum packing efficiency refers to the largest space
that an atom occupies within its local environment in a crystal
structure.38 As shown in Fig. 6(b), the average predicted proba-
bility of Li+ conduction decreases with increasing maximum
packing efficiency. This implies that larger space for Li+, i.e.,
more extensive diffusing tunnels, are crucial for rapid Li+
This journal is © The Royal Society of Chemistry 2024
diffusion. While maximum packing efficiency measures the
local arrangement within a structure, density features reect the
overall arrangement of atoms and void spaces. Fig. 6(c) reveals
that the probability of Li+ conduction diminishes as the packing
fraction increases. The packing fraction represents the portion
of space occupied by atoms in a structure; a higher packing
fraction results in fewer void spaces for Li+ hopping, thereby
reducing connectivities of Li+ diffusing tunnels. Conversely, as
illustrated in Fig. 6(d), the Li+ conduction probability increases
with volume expansion. The rise in Li+ conductivity stabilizes
when the volume per atom reaches ∼17 Å3 per atom. Fig. 6(e)
shows that Li+ conductivity decreases with increasing electro-
negativity difference, likely because large electronegativity
difference correspond to stronger interactions between Li+ and
neighboring polyhedral anions. Consequently, structures with
large electronegativity difference tend to restrict Li+ motion,
reducing the likehood of fast Li+ conduction. In summary, three
primary factors inuence Li+ diffusion in SEs: (1) the size of
local Li+ diffusion channels; (2) the connectivity of these chan-
nels; (3) the electrostatic interactions between Li+ and the
polyhedral anions.
Discussion

Compared to conventional HT DFT computations, universal
ML-IAPs provide reasonably accurate results with signicantly
J. Mater. Chem. A
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Table 1 Calculated properties of 28 identified promising solid electrolytes with Li+ conductivities higher than 10 mS cm−1 at 300 K. These
properties include the composition of candidate material, phase stability (Ehull-m), shear modulus (G), Pugh's ratio (G/K), hybrid functional band
gap (Eg), electrochemical stability window, Li+ conductivity at 300 K and material's ID in the Matterverse database. The data is sorted by the
calculated Ehull-m

Material
Ehull-m (meV
per atom) G (GPa) G/K Eg (eV)

Electrochemical
window (V) s300 K (mS cm−1) Material ID

K5Li(SiS3)3 −174 8.60 0.38 2.90 1.26–5.01 10.9 mv-15353762
K2Li(ScBr4)3 2 8.54 0.41 3.06 0.92–3.23 17.5 mv-6707348
LiLuBr4 4 9.18 0.46 3.82 0.72–3.23 26.0 mv-31587649
RbLi3Br4 5 9.56 0.51 4.33 0.01–3.23 133.5 mv-22499633
Cs2LiPO4 8 13.87 0.44 4.02 0.76–3.96 20.4 mv-24746431
NaLi2Lu6Br21 8 9.21 0.56 3.65 0.72–3.23 89.3 mv-7301111
Ba7Li2Lu6Cl34 9 9.58 0.39 4.81 0.74–4.26 37.9 mv-16242402
CsLiCl2 10 8.50 0.46 4.93 0.01–4.29 12.7 mv-31595624
Ba3Li2Lu2Cl14 13 9.04 0.40 4.83 0.74–4.26 54.9 mv-3243154
NaLi2LuBr6 14 8.92 0.54 4.07 0.72–3.23 248.4 mv-28300644
Li7Lu2Br13 14 10.86 0.54 3.77 0.72–3.23 55.1 mv-15824306
LiScBr4 15 8.68 0.38 3.06 0.92–3.23 91.4 mv-31583403
Li2HfClF5 15 9.12 0.50 6.08 1.18–4.26 31.4 mv-22716067
Rb2Li3Br5 16 8.41 0.49 4.19 0.01–3.23 485.0 mv-8407962
KLiCl2 16 10.98 0.51 4.88 0.01–4.26 237.7 mv-31595564
SrLiScBr6 17 10.27 0.46 3.11 0.92–3.23 45.9 mv-8065059
RbLiCl2 17 10.41 0.55 4.87 0.01–4.26 152.0 mv-31397981
Li7Lu2Cl13 18 12.59 0.47 4.85 0.74–4.26 14.6 mv-15824305
K3Li4Y2Cl13 19 9.61 0.44 4.65 0.64–4.26 12.70 mv-15827581
Rb2Li3Br5 19 9.46 0.54 4.22 0.01–3.23 101.2 mv-7977990
Sr7Li2Lu6Cl34 23 10.37 0.42 4.51 0.74–4.26 16.7 mv-16242397
Li2CaBr4 24 9.02 0.45 4.27 0.07–3.23 418.8 mv-20014595
Rb2Li3Cl5 25 10.91 0.52 4.69 0.01–4.26 159.4 mv-8407950
Rb3LiCaBr6 26 9.18 0.59 4.25 0.01–3.23 18.2 mv-16033288
Sr3Li2Lu2Cl14 28 9.85 0.41 4.53 0.74–4.26 50.4 mv-3242974
Na2Li(ScBr4)3 29 9.94 0.56 3.15 0.92–3.23 93.3 mv-6704684
KLi2ScBr6 29 9.90 0.46 3.11 0.92–3.23 337.7 mv-28459714
Li3Lu2Br9 30 8.77 0.48 3.96 0.72–3.23 28.7 mv-15922265
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lower computational costs, enabling assessments of material
properties that were previously unattainable. However, there is
still room for improvement. Firstly, our benchmark results
indicate that the universal ML-IAP (i.e., M3GNET) tends to
systematically underestimate the activation energy of Li+ by
about 150meV compared to DFT. Consequently, this leads to an
overestimation of predicted Li+ conductivity by two orders of
magnitude. The discrepancy arises likely because the ML-IAP
was trained predominantly on structures near their ground
states,26 while Li+ diffusion involves transitioning through high-
energy metastable states not sufficiently represented in the
training dataset, leading to inaccuracies in predicting Li+

conductivities. Secondly, the current framework of M3GNet,
based on message-passing deep graph neural networks, faces
challenges in parallelizing simulations. This limitation may
restrict its application to large and complex material systems,
such as heterogeneous interfaces. While preparing the manu-
script, we noticed that a preprint paper39 reported the discovery
of new Li-ion SEs using M3GNet. Our work distinguishes itself
by assessing the uncertainty of the M3GNet model in predicting
Li+ conductivity and by developing a multi-property screening
workow with well-benchmarked criteria. These efforts are
conducive to accurately identifying novel SEs with potential for
J. Mater. Chem. A
high performance. Additionally, none of the promising mate-
rials we identied have been reported previously.

A major hurdle in SE design is establishing and main-
taining stable interfaces. Our ndings suggest that ∼97% of
predicted superionic conductors are not directly viable as SE
candidates, mainly due to their limited electrochemical
stability windows, which could lead to detrimental oxidation
and reduction reactions at the interface, compromising LIB
reliability. To address this, replacing sulfur elements with
halides could broaden the electrochemical stability window,
especially at cathodes. Experimentally, the formation of
benecial passivation layers at interfaces, as seen with
LiPON decomposing into Li2O, Li3N, and Li3PO4 at the Li
metal/LiPON interface, offers another solution.40,41 These
decomposition products are ionically conductive but elec-
tronically insulating, forming benecial interphases that
enhance battery cycling stability. Therefore, eliminating
elements that decompose into electronically conductive
compounds could promote the formation of durable
passivation layers. Additionally, using different SEs that are
stable at the anode and cathode interfaces respectively could
be a practical approach to overcome the stability issues faced
by SEs in LIBs.15
This journal is © The Royal Society of Chemistry 2024
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Fig. 6 (a) Permutation feature importance of developed machine learning model for identifying fast and slow Li+ conductors. Top ten features
scoring the highest permutation importancewere presented. Partial dependence plots illustrating the influence of different features, including (b)
maximum packing efficiency, (c) packing fraction, (d) volume per atom, and (e) electronegativity difference, on the classification of Li+ diffusion.
The accompanying histogram displays the frequency distribution of the datasets according to the feature values.
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Conclusion

To summarize, we have performedmachine-learning aided high-
throughput calculations on over 740 000 lithium-based
compounds to identify promising SEs for solid-state LIBs. By
benchmarking the properties calculated by universal ML-IAP
against experimental and DFT data, we established a tiered-
properties HT workow. This workow efficiently and effec-
tively pinpointed 130 novel SE materials, which are projected to
possess properties on par with or surpassing those of the current
This journal is © The Royal Society of Chemistry 2024
state-of-the-art SEs. Furthermore, we developed a tree-based ML
model to decipher the behavior of Li+ within SEs. This model has
successfully identied the key factors inuencing Li+ diffusion in
SEs. In addition, we proposed potential strategies to address the
challenges in developing high-performance solid-state LIBs.
Methods

The structure optimizations, energy calculations and molecular
dynamics simulations were carried out using the universal ML-
J. Mater. Chem. A
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IAP as implemented in M3GNet.26 A pre-trained model based on
the Materials Project database42 of 2021.2.8 version was used.
The initial crystal structures were retrieved from theMatterverse
database website.43 All crystal structure manipulations, le
generation and data analysis were performed using the Python
Materials Genomics (pymatgen) package.44

Phase stability

The phase stability of a compound was estimated by evaluating
the distance of its energy relative to the linear combination of
energies of stable phases in the 0 K phase diagram. This
distance, denoted as the energy above hull (Ehull), provides an
indication of materials' phase stability. The lower Ehull, the
higher the phase stability.45 The 0 K phase diagram is con-
structed by considering the energetics of all relevant materials
from the Materials Project version 2021.2.8 (ref. 42) with the
Materials Project 2020 energy correction scheme. The energy
above hull calculated by this scheme is denoted as Ehull-m,
which is in line with the denition in Chen and Ong,26 a mate-
rial is deemed more stable than all known materials in the
Materials Project if its calculated Ehull-m has a non-positive
value.

Electronic property

The hybrid functional Heyd–Scuseria–Ernzerhof (HSE) band
gap of a material was predicted using the multi-delity graph
network models.46 The multi-delity models were trained on
datasets comprising multi-delity experimental and computed
band gaps for both ordered and disordered materials. Using
four-delity models, the average MAE of the predicted HSE
band gaps is ∼0.31 eV. The four-delity model was used to
compute the HSE band gap in this work.

Li+ conductivity

The Li+ conductivity at a given temperature, T0 can be estimated
via the Nernst–Einstein relation:

sT0
= (rz2F2/RT) × DT0

(1)

where r is the molar density, F is Faraday constant, z is the
charge of the mobile ions, R is the gas constant and T is
temperature. Assuming that the Li+ diffusivity in solid electro-
lytes follows an Arrhenius relationship, the diffusivity (DT0

) at
temperature T0 is given by,

DT0
¼ D0 e

�Ea

kT0 (2)

where Ea is the activation energy, k is Boltzmann's constant and
D0 is the diffusivity at T / N.

From molecular dynamic (MD) simulations, the self-
diffusivity (DT0

) of Li+ can be obtained by:

DT0
¼ hDrðtÞi2

2dt
¼ MSD

2dt
(3)

where d is the dimensionality factor that equals three for bulk
crystal structure, and hDr(t)i2 is the average Li+ mean square
displacement over a time duration t at a given temperature T0.
J. Mater. Chem. A
The MD simulations based on universal ML-IAP were per-
formed in the NVT ensemble with Berendsen thermostat47

using ASE package.48 A time step of 1 fs was adopted. The ab
initio molecular dynamic (AIMD) simulations were performed
in the NVT ensemble with Nose–Hoover thermostat. Perdew–
Burke–Ernzerhof functional49 was used for all AIMD simula-
tions. A plane-wave energy cutoff of 400 eV, a g-centered 1× 1×
1 k-point mesh, and a time step of 2 fs was used. For both
methods, the simulation cell parameters were xed at their fully
relaxed values at ground state. The model was then heated to
the target temperatures with a gradient of 0.25 K fs−1 and
equilibrated for at least 20 ps. A supercell size with at least 9 Å
along each lattice direction was generated for MD simulations.

Electrochemical stability

The electrochemical stability was assessed using the grand
potential phase diagram.40 In this approach, Li is considered as
the primary mobile species and the solid electrolyte/electrode
interface is assumed to be an open system with respect to Li.
The thermodynamic potential f thus can be constructed by
a Legendre transformation of the Gibbs free energy with respect
to the Li chemical potential:

f ¼ G � vG

vNLi

NLi zEML-IAP � mLiNLi (4)

where G is the Gibbs free energy, NLi is the number of lithium
atoms in the open system. The Gibbs free energy was approxi-
mated by ML-IAP calculated total energy (EML-IAP) due to the
negligible entropy effect of solids. The partial derivative of G
with respect to NLi is the chemical potential of Li. The phase
equilibrium at the anode and charged cathode can be approx-
imated as the SE's composition at the high mLi= mLi0 and low mLi

= mLi0 − 10 eV (mLi0 is the chemical potential of Li metal),
respectively.

Electrolytes/electrodes interface

To assess the reactivity between solid electrolytes and elec-
trodes, the point at which the driving force of the reaction
reaches its maximumwas identied by determining the fraction
of SE and electrode materials. The thermodynamic reactivity is
calculated based on the phase diagram and energetics of the
combined chemical space of solid electrolytes and electrodes.
By minimizing the reaction energy (DE[cSE, cE])

DE[cSE, cE] = Epd[xcSE + (1 − x)cE] − xE[cSE] − (1 − x)E[cE] (5)

over x, where cSE and cE are the composition of solid electrolyte
and electrode, respectively. Epd is the lowest energy combina-
tion of the reaction products at composition xcSE + (1 − x)cE.

Machine learning modeling

The eXtreme Gradient Boosting (XGBoost) algorithm was used
to create the classication models as implemented in XGBoost
and the scikit-learn package.50,51 The dataset used to train the
machine learning model for predicting diffusion properties
consists of 10 769 unique materials. 87 features were created for
This journal is © The Royal Society of Chemistry 2024
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each material using matminer package.52 These features covers
the descriptions of composition properties, crystal structure
and crystal sites. To avoid redundancy and overtting, we

calculated the Pearson correlation coefficient (r ¼ covðX ;YÞ
sXsY

, X

and Y represents values of the two descriptors that are being
compared) between each pairs of the descriptors, as shown in
Fig. S2.† For pairs of descriptors that are highly correlated (jrj >
0.75), the descriptor results in better performance of the
machine learning model is selected. As a result, 28 independent
descriptors were selected to develop the model.

Five-fold cross-validation was used for model tting and
hyper-parameter optimization. During the optimization
process, we performed a grid search to identify optimal values
for parameters directly related to the model performance. These
parameters include number of trees in the ensemble (nestimator),
regularization parameter g, the maximum depth of each tree (d)
and the learning rate (h). For all other parameters, the default
values were used. The top-1 accuracy and Jaccard index were
used to measure the performances of classiers and the opti-
mizedmodel has a CV score of 0.88. The nal model was trained
with nestimator = 1800, g = 0.2, h = 0.01 and d = 6, and yield an
accuracy score of 0.975 and a Jaccard score of 0.962.
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