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The development of solid-state electrolytes (SSEs) is critical for enabling safer, high-energy-density batteries.
However, the discovery of new inorganic SSEs is hindered by vast chemical search spaces, complex muilti-
property requirements, and limited experimental data, especially for multivalent systems. This review presents
the first systematic framework mapping five interconnected challenges in SSE discovery to emerging Al
solutions, providing a strategic roadmap for practitioners. We comprehensively survey machine learning
pipelines from data resources and feature engineering to classical models, deep learning architectures, and
cutting-edge generative approaches. Key breakthroughs include: (1) machine learning interatomic potentials
enabling microsecond-scale molecular dynamics simulations at near-DFT accuracy, revealing non-Arrhenius
transport behavior and overturning established transport mechanisms; (2) advanced neural network
architectures achieving unprecedented accuracy in ionic conductivity prediction across diverse chemical
spaces, including transformer-based and graph neural network approaches; (3) generative models successfully
proposing and experimentally validating novel SSE compositions through diffusion-based design frameworks;
and (4) autonomous closed-loop discovery platforms integrating ML predictions with experimental synthesis,
achieving order-of-magnitude efficiency gains over traditional approaches. Unlike previous reviews focused on
Li-ion systems, we explicitly address the critical data gap for multivalent conductors (Mg®*, Ca®*, Zn®*, A"

and provide concrete strategies through transfer learning and active learning frameworks. We bridge
Received 9th August 2025, conventional computational methods (DFT, molecular dynamics) with modern ML techniques, demonstrating
Accepted 14th November 2025 hybrid workflows that overcome individual limitations. The review concludes with actionable recommen-
DOI: 10.1039/d5mh01525a dations for multi-objective optimization, explainable Al implementation, and physics-informed model develop-

ment, establishing a comprehensive roadmap for the next generation of Al-accelerated solid-state battery
rsc.li/materials-horizons materials discovery.

Wider impact

This review addresses the critical intersection of machine learning and solid-state electrolyte development, a field experiencing unprecedented growth with
hundreds of publications emerging in recent years. Key developments discussed include the evolution from classical ML screening approaches to sophisticated
deep learning architectures like graph neural networks, the emergence of ML interatomic potentials enabling large-scale dynamics simulations, and the
transition toward generative models for de novo materials design. The field’s significance extends beyond academic interest: solid-state electrolytes are essential
for next-generation batteries that promise enhanced safety, energy density, and sustainability for electric vehicles and grid storage applications. The rapid pace
of innovation has created both opportunities and challenges: while ML has accelerated SSE discovery timelines from decades to years, the proliferation of
disparate approaches, limited data availability for non-lithium systems, and lack of standardized evaluation metrics have hindered systematic progress. This
review’s forward-looking perspective on autonomous discovery platforms, physics-informed generative models, and integrated experimental-computational
workflows will shape the field’s trajectory toward predictive materials design. By providing strategic directions for addressing current limitations, from
developing universal descriptors to establishing closed-loop discovery systems, this work positions the materials science community to realize the
transformative potential of Al-driven SSE innovation, ultimately accelerating sustainable energy storage technology development.

1. Introduction

“College of Engineering, Cornell University, Ithaca, New York 14853, USA.

bE'ma’l’ Jenggi-you@cornell.edu o Renewable energy growth and electrified transportation are
Cornell University A for Science Institute, Cornell University, Ithaca, New York

14853, USA creatlng1 2an urgent den.lar?d f(.)r efﬁ01er.1t and safe energ.y
¢ Cornell Al for Sustainability Initiative (CAISI), Cornell University, Ithaca, New storage.” Rechargeable lithium-ion batteries (LIBS) have domi-
York 14853, USA nated portable electronics and electric vehicles due to their
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high energy density and long cycle life.> However, conventional
LIBs rely on liquid electrolytes that are flammable and volatile,
raising serious safety concerns (fires and leakage) especially in
large-scale applications.”> These liquid electrolytes also have
limited electrochemical stability windows, effectively capping
the LIB energy density by constraining high-voltage cathodes
and prohibiting the use of lithium metal anodes.®® Dendritic
lithium growth and side reactions in liquid electrolytes pose
risks of short-circuit and cell failure, highlighting the need for
alternative electrolyte technologies to enable safer, higher-
energy batteries.’

All-solid-state electrolytes are being intensively explored as a
next-generation solution to overcome the limitations of liquid
electrolytes.’®? By replacing the flammable liquid with a non-
combustible solid, SSE-based batteries promise vastly improved
safety and thermal stability."®> Moreover, the mechanical rigid-
ity of inorganic SSEs can suppress dendrite propagation, poten-
tially allowing the pairing of high-capacity lithium metal
anodes with high-voltage cathodes for higher energy density
cells." SSE materials fall into two broad classes: inorganic
crystalline or glassy ceramics (oxide or sulfide based) and solid
polymers (or polymer-ceramic hybrids).">'® Inorganic SSEs
such as oxide “garnet” Li;La;Zr,O;, and sulfide Li;(GeP,S1,
have achieved room-temperature Li* conductivities on the
order of 10°-107> S em ™ ',””*° approaching those of liquid
electrolytes. Polymer SSEs (e.g., PEO-based systems) offer flex-
ibility and facile processing, but typically display lower ionic
conductivities (~107%-107° S cm ™' at ambient temperature)
and often require heating to 60-80 °C to reach optimal
conduction.?*?*> Each SSE family has its own challenges: cera-
mic electrolytes can suffer from grain-boundary resistance and
brittle interfaces, whereas polymer electrolytes tend to have
narrower electrochemical stability windows and lower transfer-
ence numbers.?>** Ongoing research is addressing these issues
(e.g., novel glassy sulfide compositions and composite electro-
lytes) to realize the full safety and performance advantages of
SSEs.>*2°

Prior to the rise of ML, researchers relied on first-principles
computations and atomistic methods have been widely used to
predict phase stability and Li* chemical potentials, and to
calculate migration barriers via nudged elastic band (NEB)
pathways for candidate electrolytes.”””® These calculations
yield valuable atomistic insights - for example, clarifying ion
conduction mechanisms in fast-ion conductors and screening
thermodynamically stable electrolyte/electrode simulations to
guide SSE discovery and optimization.***' DFT calculations
combined with other computational approaches have proven
valuable for materials discovery.*>** Molecular dynamics (MD)
simulations (both classical and ab initio (AIMD)) are another
important tool, enabling the computation of ionic diffusivities
and conductivities in SSE frameworks.** Indeed, AIMD simula-
tions on prototypical superionic solids like Li;,GeP,S;, and
cubic Li;LazZr,0;, have reproduced experimental ionic con-
ductivities, confirming the capability of simulations to evaluate
candidate SSE performance.*> However, DFT and MD are
computationally intensive and scale poorly to the enormous
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compositional space of solid materials.*® High-throughput DFT
screening is typically limited to evaluating hundreds of candi-
dates at best, after preliminary filtering by simpler models.*”
This bottleneck has motivated the emergence of ML
approaches in electrolyte research, which can learn complex
composition-structure—property relationships from data and
make rapid property predictions.*® For instance, ML intera-
tomic potentials trained on DFT data can act as surrogates to
rapidly estimate ion migration barriers or perform MD simula-
tions at a fraction of the cost.*>*® More broadly, regression and
classification models have been trained to predict SSE ionic
conductivity or stability from compositions and structures,
enabling fast screening of thousands of unexplored
chemistries.”"*> Early studies using data-driven models have
already identified new Li-ion conductors that were missed by
intuition or limited DFT searches,**** underscoring the pro-
mise of ML in accelerating materials discovery.

Despite this progress, several key research gaps and chal-
lenges remain, which form the motivation for this review. A
fundamental hurdle is the limited availability of comprehen-
sive datasets, particularly for solid conductors beyond well-
studied Li" systems, such as those for multivalent ions (Mg>",
Ca>", Zn>", AI**).*>*° This scarcity impedes the ability of super-
vised ML models to generalize effectively.*”*® Relatedly, a
significant concern is the limited transferability of models, as
those trained on known compounds, may perform poorly when
extrapolated to novel crystal structures or to different ion
chemistries.”” Furthermore, designing practical materials
requires a holistic, multi-objective approach. While most stu-
dies have focused on optimizing a single property like ionic
conductivity,"® ! practical SSEs must simultaneously satisfy
multiple criteria, including a wide electrochemical stability
window and sufficient mechanical strength to suppress den-
drite formation.

Another challenge is the ‘black-box” nature of many
advanced ML models, which limits their utility when they
cannot provide insights into the underlying factors governing
material properties.>>*® Finally, there is a pressing need to
move beyond the passive screening of predefined candidate
materials toward proactive, generative design. This requires
employing generative algorithms to propose novel electrolyte
compositions and structures®>® and developing closed-loop
“predictive synthesis” pipelines, which iteratively couple ML
predictions with DFT validation and experimental feedback to
accelerate the discovery of new materials.””*® Addressing these
five interconnected challenges - data limitations, multi-criteria
optimization, interpretability, model generalization, and gen-
erative design - is crucial for unlocking the next wave of
breakthroughs in solid-state electrolyte development.

This review addresses several critical gaps that distinguish it
from existing literature on ML-driven SSE discovery. While
previous reviews have largely focused on cataloguing ML tech-
niques applied to battery materials broadly or examining
specific electrolyte systems®® within traditional experimental
and computational frameworks, we provide the first systematic
framework that maps specific challenges in SSE discovery to

This journal is © The Royal Society of Chemistry 2026
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emerging Al solutions, offering a strategic roadmap for practi-
tioners. Most existing reviews emphasize Li-ion systems exclu-
sively, whereas we explicitly address the critical data scarcity for
multivalent ion conductors and provide concrete strategies for
extending ML approaches to these underexplored but techno-
logically important systems. Importantly, we bridge the gap
between traditional computational methods (DFT, MD, KMC)
and modern ML techniques, demonstrating how hybrid work-
flows can overcome individual limitations while leveraging
complementary strengths. Rather than merely surveying avail-
able techniques, we provide actionable guidance for data
collection priorities, validation strategies, and implementation
of explainable AI methods specifically tailored to solid-state
electrolyte discovery. Finally, we emphasize emerging para-
digms like autonomous discovery platforms and physics-
informed machine learning that represent the next frontier in
Al-accelerated materials discovery, going beyond conventional
property prediction to enable true generative design of novel
SSE materials.

We begin by examining the traditional computational meth-
ods that have historically guided SSE discovery, including NEB,
molecular dynamics, and kinetic Monte Carlo simulations. We
then detail the data resources and feature engineering strate-
gies critical to enabling ML in this domain, followed by a survey
of classical and deep learning models, including graph neural
networks and ML-based interatomic potentials. We explore how
these models have been applied to predict key properties (such
as ionic conductivity, phase stability, and electrochemical
compatibility), perform high-throughput screening to discover
promising SSE candidates, and model ion diffusion mechan-
isms. Next, we address key challenges in ML-driven SSE dis-
covery, including data scarcity, limited model transferability,
and multi-objective optimization. We then discuss emerging
solutions such as active and transfer learning, explainable Al,
and physics-informed models. Finally, we highlight opportu-
nities for autonomous discovery through generative design, ML
interatomic potentials, and closed-loop pipelines integrating
computation and experiments. Through this synthesis, we aim
to clarify the evolving role of machine learning in SSE develop-
ment and highlight strategic directions for the field’s contin-
ued advancement.

2. Conventional computational
methods

Before the rise of ML, computational approaches including
nudged elastic band (NEB) calculations, kinetic Monte Carlo
(KMC) simulations, and molecular dynamics (MD) have been
instrumental in SSE discovery. These methods provide the
foundational data and physical insights that now enable ML-
driven discovery. Understanding their capabilities and limita-
tions is essential for designing effective hybrid computational
workflows that combine traditional physics-based methods
with modern ML techniques. A comparative summary of all
computational methods discussed in this section is provided in

This journal is © The Royal Society of Chemistry 2026
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Table S1 (SI), highlighting their primary applications, advan-
tages, limitations, and typical system sizes for SSE design.

2.1. Nudged elastic band (NEB) method

NEB is an algorithm designed to find the minimum energy path
(MEP) and the associated saddle point (transition state)
between known initial and final states on a potential energy
surface. Its primary benefit is the direct calculation of the
activation energy barrier (E,) for specific atomic or ionic hops,
providing crucial atomistic details of migration mechanisms. A
crucial refinement, climbing image NEB (CI-NEB), addresses
the challenge of accurately locating the true saddle point by
driving one image uphill to converge precisely onto the saddle
point.®® This is vital for screening materials and dopants based
on ion mobility. The E, values derived from NEB calculations
are also essential inputs for higher-scale simulations like KMC.

The method has evolved from characterizing single materi-
als to enabling high-throughput discovery. Early work mapped
anisotropic Li-ion diffusion pathways in B-Li;PS,,°* while auto-
mated path search methods have efficiently evaluated activa-
tion energies.®” Automated high-throughput DFT workflows
integrated with materials databases like the Materials Project,
AFLOW, OQMD, and NIST-JARVIS have transformed materials
discovery, allowing systematic exploration of thousands of
potential SSE compositions with standardized protocols for
convergence and property extraction.®® Recent integration of
NEB into high-throughput workflows enables screening
of entire material classes like antiperovskites.”* Modern
implementations incorporate ML-guided path initialization
using graph neural networks to generate superior initial
guesses, dramatically improving convergence rates and redu-
cing spurious local minima,®® alongside adaptive sampling
techniques with Gaussian process regression for efficient
high-dimensional configuration space exploration. NEB can
be combined with different levels of theory. DFT-NEB provides
high accuracy but is computationally expensive, while classical
NEB using empirical potentials offers computational efficiency
at the cost of accuracy dependent on force field quality. Critical
implementation challenges are discussed in detail in the SI,
Section S1.1.

2.2. Kinetic Monte Carlo (KMC) simulations

KMC is a stochastic simulation technique modeling system
evolution through discrete events with known rate constants.
KMC excels at accessing experimentally relevant timescales
(microseconds to seconds or longer), far exceeding typical MD
simulations. This enables the study of slow diffusion phenom-
ena, SEI layer growth, or defect kinetics while efficiently brid-
ging atomistic event rates to macroscopic properties like
diffusion coefficients and ionic conductivity.

Recent methodological advances have significantly
enhanced KMC capabilities for materials simulations. Adaptive
kinetic Monte Carlo (aKMC) methods such as the kinetic
activation-relaxation technique (k-ART)® and self-evolving ato-
mistic kinetic Monte Carlo (SEAKMC)®” eliminate the need for
pre-defined event catalogs by identifying transitions on-the-fly,

Mater. Horiz., 2026, 13,15-44 | 17
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enabling simulations of complex disordered systems. Acceler-
ated techniques including the mean rate method and first
passage time analysis have been developed to overcome kinetic
trapping in superbasins,®® extending the accessible timescales
for materials with complex energy landscapes. Applications
include active learning integration with KMC to explore SEI
formation reaction barriers®® and ab initio-based KMC investi-
gating polyanion mixing effects on Na-ion transport in NASI-
CON electrolytes.”® Implementation considerations are
discussed in the SI, Section S1.2.

2.3. Molecular dynamics (MD) simulations

2.3.1. Classical MD simulations. Classical MD simulates
the atomic-scale motion of particles by numerically integrating
Newton’s equations of motion and allows for the simulation of
significantly larger systems (10°-10° + atoms) and longer time-
scales (nanoseconds to microseconds) compared to ab initio
methods. It directly simulates ion dynamics at finite tempera-
tures, enabling the calculation of transport properties (diffu-
sion coefficients D, ionic conductivity o, activation energies E,),
structural analysis via RDFs and coordination numbers, and
prediction of mechanical properties.

The primary limitation is that accuracy hinges entirely on
force field quality and transferability—the ‘‘force field bottle-
neck”. Classical force fields do not explicitly treat electrons,
precluding description of electronic phenomena like charge
transfer or bond breaking/formation unless specialized reactive
force fields are used. Applications include studying ion trans-
port in polymer-argyrodite interfaces using newly developed
OPLS-AA based force fields,”* analyzing how Li vacancies or
interstitials in B-Li;PS, enhance conductivity by facilitating
three-dimensional diffusion pathways,””> and examining Li*
transport in dilithium ethylene dicarbonate (Li,EDC), a primary
SEI component.” Software packages and implementation con-
siderations are provided in the SI, Sections S1.3-51.5.

2.3.2. AIMD for ionic conductivity validation. AIMD com-
bines molecular dynamics with quantum mechanical calcula-
tions (typically DFT) to determine interatomic forces on-the-fly
at each simulation time step. This avoids empirical force field
requirements, making AIMD particularly useful for novel or
complex materials. It can implicitly account for electronic
effects like dynamic polarization and charge distribution dur-
ing ion motion, potentially offering higher accuracy than
classical MD where these are prominent. AIMD serves as a
crucial tool for benchmarking and parameterizing classical
force fields or machine learning potentials.

However, AIMD is extremely computationally expensive.
This restricts simulations to small system sizes (typically a
few hundred atoms) and very short physical timescales (pico-
seconds to a few nanoseconds). Consequently, to observe
sufficient diffusion events for calculating transport properties,
AIMD simulations of SSEs are often run at very high tempera-
tures, with room-temperature properties extrapolated via the
Arrhenius relation, which can be unreliable if diffusion
mechanisms change, or phase transitions occur. The accuracy
of AIMD also remains dependent on the approximations within
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the underlying DFT calculation (e.g., the exchange-correlation
functional). Applications include investigating lithium-ion dif-
fusion in garnet-type materials’* and studying chemical pro-
cesses at the Li/LigPSsCl interface at different temperatures.”
Sampling considerations are discussed in the SI, Section S1.6.

3. Machine learning algorithms and
model architectures for SSEs

In recent years, ML has emerged as a powerful paradigm to
accelerate the design and discovery of novel SSEs. By learning
complex relationships between material features and target
properties, ML techniques can efficiently screen vast numbers
of candidate materials, predict key performance metrics, and
guide experimental synthesis efforts. An ML pipeline for the
design and discovery of SSEs is shown in Fig. 1. This section
reviews the key ML algorithms, model architectures, and
essential data resources that underpin the application of ML
in the search for high-performance inorganic SSEs.

3.1. Data resources for SSE machine learning

The efficacy and reliability of any ML model are inextricably
linked to the quality, quantity, and relevance of the underlying
data used for training and validation. In the context of SSE
discovery, acquiring sufficient high-quality data presents a
significant challenge, particularly for experimentally measured
properties like ionic conductivity. This data scarcity can limit
the predictive power and generalizability of ML models. SSE
research leverages data from diverse sources, broadly categor-
ized into large-scale computational databases and smaller,
curated experimental datasets.

(c) ML models

Supervised

(d) Applications

Descriptors  \({
Compositional 11 Classical
A Je atomic R N

ratios "
"
Structural "
Lattice constants_11
Cell volume
Electronic
Electronic ban

PoE
N\ Density of stat
Experiment and
Literature
curated data

Fig.1 Overview of a machine learning pipeline for the design and
discovery of SSEs. (a) The pipeline begins with data resources such as
the Materials Project, ICSD, and JARVIS, which provide structural and
property data for a wide range of inorganic materials. (b) These data are
transformed into meaningful descriptors: composition-based, structural,
and electronic, using tools such as Matminer and pymatgen. (c) Machine
learning models, organized by learning paradigm (supervised, unsuper-
vised, deep learning), are then trained on these descriptors. Classical
models (e.g., random forests, SVMs) and deep learning architectures
(e.g., CGCNN, MEGNet, CrabNet) are (d) employed to predict key proper-
ties such as ionic conductivity, electrochemical stability, and mechanical
robustness. These models also enable applications including ML-based
interatomic potentials and high-throughput virtual screening for novel
multivalent SSEs.

This journal is © The Royal Society of Chemistry 2026


http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d5mh01525a

Open Access Article. Published on 15 listopadu 2025. Downloaded on 06.03.2026 19:58:10.

Thisarticleislicensed under a Creative Commons Attribution 3.0 Unported Licence.

(cc)

Materials Horizons

3.1.1. Computational databases. These repositories pri-
marily contain material properties derived from computational
methods, most notably DFT and MD simulations. They serve as
invaluable resources for high-throughput computational
screening (HTS), allowing researchers to filter vast numbers
of candidate materials based on predicted fundamental proper-
ties such as thermodynamic stability, electronic structure (e.g.,
band gap), crystal structure, and mechanical properties. While
these databases contain diverse materials beyond SSEs, they
serve as critical sources for identifying promising SSE candi-
dates and training predictive models.

Materials project (MP): the most prominent open-source
database with DFT-calculated properties for hundreds of thou-
sands of inorganic compounds.®® MP provides formation ener-
gies, band gaps, elastic tensors, and crystal structures—all
accessible via the web interface and APIL Its integration with
pymatgen’® and matminer”” facilitates automated data retrie-
val and feature generation for ML workflows. MP is frequently
used to identify Li-containing structures as initial SSE
candidates.

Inorganic crystal structure database (ICSD): contains over
300000 experimentally determined crystal structures,”® provid-
ing reliable crystallographic information that serves as a start-
ing point for DFT calculations or structural descriptor
generation.

AFLOW, OQMD, and NIST-JARVIS: these repositories offer
additional DFT-calculated properties across millions of materi-
als. AFLOW provides extensive electronic, thermodynamic, and
mechanical properties via its REST API (AFLOWLIB).”® OQMD
focuses on thermodynamic stability through formation ener-
gies relative to the convex hull.?® JARVIS offers comprehensive
properties including elastic tensors, dielectric constants, and
phonon properties for tens of thousands of materials.®

Other computational repositories: additional databases con-
tribute to the materials data ecosystem. The computational
materials repository (CMR) aggregates electronic structure data
from various projects, including C2DB and QPOD.** Materials
cloud supports reproducible computational workflows and
integrates with AiiDA for provenance tracking.®> The crystal-
lography open database (COD) aggregates over 520000
crystal structures of organic, inorganic, and metal-organic
compounds.®** GNoME, developed by DeepMind, has used deep
learning to predict the stability of over 2 million inorganic
crystals.®> The Alexandria database provides DFT-calculated
properties for millions of materials and is used to train large-
scale ML models.®*®

3.1.2. Experimental and curated datasets. While computa-
tional databases offer breadth, datasets containing experimen-
tally measured properties, particularly ionic conductivity, are
essential for training models to predict real-world performance.
These datasets are often smaller, compiled through painstak-
ing literature surveys or expert curation.

e Lilon dataset: an expert-curated collection focusing on
lithium-ion conductors, containing 820 entries from 214 litera-
ture sources.”” Each entry includes chemical composition,
an assigned structural label (e.g., garnet, LISICON), and AC

This journal is © The Royal Society of Chemistry 2026
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impedance-measured ionic conductivity at specific tempera-
tures. With 403 unique compositions having
room-temperature conductivity data, it has been instrumental
in training ML classifiers (like CrabNet) to distinguish between
high and low conductivity compositions.®”

¢ OBELIX dataset: a more recent effort specifically designed
for benchmarking ML models for SSE conductivity prediction.
It comprises approximately 600 synthesized solid electrolyte
materials with experimentally measured room-temperature
ionic conductivity, along with composition, space group, lattice
parameters, and, for about half the entries, full crystallographic
information files (CIFs).*®

e Literature-mined datasets: several studies have employed
natural language processing (NLP) and text mining techniques
to automatically extract relevant data (e.g., ionic conductivity
values, synthesis parameters, structural types) directly from the
vast body of scientific literature. While powerful for data
aggregation, these approaches face challenges related to the
heterogeneity of reported data, inconsistencies in experimental
conditions, and the accuracy of automated extraction.®® An
example includes the work by Shon and Min (2023), which
extracted over 4000 conductivity measurements from nearly
1500 papers.”°

3.1.3. Data challenges. The effective application of ML in
SSE discovery is often hampered by several data-related chal-
lenges. As mentioned, experimental data, especially reliable
room-temperature ionic conductivity measurements, remain
relatively scarce compared to the vastness of the chemical space
being explored. Data heterogeneity is another issue, arising
from differences between computational predictions and
experimental realities, variations in experimental protocols
and measurement conditions across different studies, and the
diverse formats used for data reporting. Furthermore, both
computational and experimental data contain inherent uncer-
tainties and potential errors as DFT calculations rely on
approximations, while experimental measurements are subject
to synthesis variations and characterization limitations.”*
These issues often result in datasets with missing values and
significant class imbalance, where high-performing electrolytes
are severely underrepresented. To mitigate these challenges,
researchers employ various strategies, including data imputa-
tion to estimate missing entries and resampling techniques
such as the synthetic minority over-sampling technique
(SMOTE) to create more balanced training sets.’” Finally, data
accessibility varies, with some key databases requiring sub-
scriptions while others are open access.

The landscape of data resources reveals a complementary
relationship between large-scale computational databases and
smaller, targeted experimental datasets. Computational data-
bases like MP, AFLOW, OQMD, and JARVIS provide the neces-
sary breadth for initial high-throughput screening, enabling the
filtering of millions of hypothetical compounds based on
fundamental properties like thermodynamic stability (for-
mation energy, energy above hull), electronic insulation (band
gap), and potentially relevant structural or mechanical charac-
teristics. However, accurately predicting ionic conductivity, the

near-
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key performance metric for an SSE, directly from first principles
is computationally demanding, often requiring expensive MD
simulations. This is where curated experimental datasets like
Lilon and OBELiX become critical. Although smaller in size,
they contain the direct experimental measurements needed to
train and validate ML models specifically designed to predict
ionic conductivity. This often leads to a multi-stage ML work-
flow: initial screening using models trained on large computa-
tional datasets to identify stable and electronically suitable
candidates, followed by conductivity prediction for the down-
selected candidates using models trained on experimental data.
Table S2 provides a summary of prominent datasets commonly
used in machine learning studies for solid-state electrolyte
research, including their primary data sources, key material
properties covered, accessibility, and relevant references. The
development of accurate and efficient machine learning intera-
tomic potentials (MLIPs, discussed in Section 3.4) represents a
significant effort to bridge this gap, aiming to enable faster
calculation of dynamic properties like ionic conductivity for the
vast number of candidates identified through computational
screening.

3.2. Classical machine learning algorithms and descriptors

Before the widespread adoption of deep learning, classical
machine learning algorithms formed the backbone of data-
driven materials discovery efforts, including the search for
novel SSEs. These methods remain valuable tools for establish-
ing baseline models, interpreting feature importance, and
tackling problems with limited data. They typically operate on
a set of pre-defined features, known as descriptors, which
numerically encode relevant material characteristics.

3.2.1. Descriptors (features): the language of materials for
ML. Descriptors translate the chemical and physical nature of a
material into a numerical format that ML algorithms can
process. The selection, generation, and quality of these descrip-
tors are paramount, directly influencing model accuracy, inter-
pretability, and generalizability. A significant challenge in the
field is the development of descriptors that are both universally
applicable across different material classes and accurately
capture the underlying physics governing the target property.
Descriptors used in SSE research can be grouped into several
categories:

e Compositional descriptors: these features are derived
solely from the material’s chemical formula (stoichiometry)
and the intrinsic properties of its constituent elements. Exam-
ples include average atomic mass, mean electronegativity,
variance of atomic radii, elemental fractions, and specific
stoichiometric ratios. They are computationally inexpensive to
generate but ignore the crucial influence of atomic arrange-
ment and bonding. For instance, one study utilized a set of 145
“Chemical Descriptor” features based on stoichiometry and
elemental properties.”®> While simple, compositional descrip-
tors alone can sometimes yield reasonable predictive perfor-
mance, particularly for classification tasks or when combined
with more sophisticated algorithms.
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e Structural descriptors: these capture information about
the geometric arrangement of atoms in the crystal lattice. They
can range from simple parameters like lattice constants, cell
volume, space group number, and packing fraction to more
complex representations like radial distribution functions
(RDFs), coordination numbers, bond angles, polyhedral
volumes, local atomic environment motifs (e.g., using Voronoi
analysis), and topological indices. Structural descriptors are
vital as many key SSE properties, including ionic conductivity
pathways and mechanical stability, are intimately linked to
the crystal structure. Generating these features typically
requires crystallographic information (e.g., from CIF files
obtained via ICSD or MP) and specialized analysis tools.
Examples include employing Voronoi tessellation features to
improve graph neural networks,” or using smooth overlap of
atomic positions (SOAP) descriptors to represent local atomic
environments.”®

e Electronic descriptors: these features quantify aspects of
the material’s electronic structure, which governs electrical
conductivity, electrochemical stability, and chemical bonding.
Common examples include the electronic band gap (E,), posi-
tion of the valence and conduction band edges, density of states
near the Fermi level, work function, electron affinity, ionization
potential, and measures of bond ionicity or covalency. Electro-
nic descriptors are crucial for screening potential SSEs, as ideal
candidates must be good ionic conductors but poor electronic
conductors (i.e., possess a wide band gap) and exhibit stability
within the battery’s operating voltage window. These descrip-
tors are often derived from computationally intensive DFT
calculations.

e Physicochemical/thermodynamic descriptors: this broad
category includes various calculated or tabulated physical and
chemical properties. Examples relevant to SSEs include for-
mation energy, energy above the convex hull (Ey,y) for thermo-
dynamic stability assessment, density, ionic radii, melting
point, and mechanical properties like bulk modulus (K) and
shear modulus (G). These descriptors relate to a material’s
stability, processability, and mechanical robustness against
issues like dendrite penetration. Formation energy and Ep,y
are standard outputs from DFT databases (MP, OQMD) used for
initial stability screening, while mechanical moduli, predicted
using ML or DFT, are critical for assessing dendrite suppres-
sion capabilities.

e Kinetic/dynamic descriptors: these features aim to capture
aspects related to ion transport dynamics. Examples include
activation energy barriers for ion migration (E}, or E,), diffusion
coefficients (D), attempt frequencies, and properties derived
from phonon calculations (e.g., vibrational density of states,
phonon band structure features). These descriptors are most
directly related to ionic conductivity (¢), often following an

: . . E,
Arrhenius-type relationship ¢ o exp T However, they are
b

typically challenging and computationally expensive to obtain,
requiring methods like NEB calculations for migration barriers
or extensive MD simulations for diffusion coefficients. Recent
work has shown that phonon-related features derived from DFT

This journal is © The Royal Society of Chemistry 2026
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Table 1 Common descriptors used in machine learning for solid-state electrolytes
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Descriptor category Specific descriptor example Information encoded

Generation method

Pros/cons

Compositional Average electronegativity =~ Elemental chemical bonding
tendency
Stoichiometry

Packing density, free volume

Elemental fractions
Structural Volume per atom

Space group number Crystal symmetry

Radial distribution func-
tion (RDF)
Coordination number

Average local atomic density
around a central atom
Number of nearest neighbours

Formula-based

Formula-based
Structure analysis (CIF)

Structure analysis (CIF)
Structure analysis (CIF)

Structure analysis (CIF)

Simple; ignores structure

Simple; basic composition info
Relates to ion mobility/stiffness;
Requires structure

Captures overall symmetry; coarse
descriptor

Detailed local structure; compu-
tationally more intensive

Local bonding environment: defi-
nition can vary

Electronic structure Band gap (E,) Energy required to excite an DFT Key for electronic conductivity;
electron Computationally expensive
Formation energy Thermodynamic stability relative DFT Fundamental stability metric;
to elemental phases requires calculation
Energy above hull (Ey,,;) Thermodynamic stability relative DFT Better stability indicator than for-
to competing phases mation energy; requires phase
diagram data
Physicochemical Ionic radii Effective size of ions Tabulated/formula Relates to packing and channel
size; simple approximation
Shear/bulk modulus (G, K) Resistance to shear/volume DFT/ML prediction Key for mechanical stability (den-
deformation drites); requires calculation/
prediction
Kinetic/dynamic Migration barrier (E,, E,)  Energy barrier for ion hopping DFT (NEB)/MD Directly relates to conductivity;

Phonon properties

Lattice vibrational characteristics

computationally very expensive
Relates to ion dynamics/stability;
computationally expensive

DFT (phonon Calc.)

Note: CIF = crystallographic information file; DFT = density functional theory; MD = molecular dynamics; NEB = nudged elastic band; ML =

machine learning.

phonon calculations can be important predictors for ionic
conductivity in ML models.”®

The different categories of descriptors, along with their
generation methods and significance, are summarized in
Table 1.

Libraries and tools for featurization. The automated genera-
tion of descriptors, or ‘featurization”, is facilitated by an
ecosystem of open-source Python libraries. Pymatgen’® pro-
vides the core data structures and tools for materials analysis.
Built upon this, Matminer’” offers a high-level interface for
computing a comprehensive suite of compositional, structural,
and electronic descriptors from standard material representa-
tions. For more advanced models, libraries such as
DeepChem®” are valuable for generating the graph-based repre-
sentations required by architectures like graph neural net-
works. These toolkits are instrumental for automating the
creation of robust and reproducible feature sets for machine
learning.

3.2.2. Classical ML algorithms in SSE research. Various
classical ML algorithms have been applied to SSE research for
tasks including property prediction, classification, and unsu-
pervised exploration of materials space.

e Regression: used to predict continuous target variables.

e Algorithms: simple linear regression, polynomial regres-
sion, kernel ridge regression (KRR), support vector regression
(SVR), Gaussian process regression (GPR).

e Applications: predicting ionic conductivity (logo), activa-
tion energies, elastic moduli (K, G) for mechanical stability

This journal is © The Royal Society of Chemistry 2026

assessment, and formation energies. For example, Ahmad et al.
used gradient boosting regressor (GBR) and KRR, trained on
structural features, to predict shear and bulk moduli for over
12000 inorganic solids in a screening study for dendrite
suppression.’® Zhao et al. used GPR-based Bayesian optimiza-
tion to guide the experimental synthesis of LATP electrolytes
towards optimal ionic conductivity.”

e (Classification: used to assign materials to discrete
categories.

e Algorithms: logistic regression (LR), naive bayes (NB),
support vector machines (SVM), decision trees (DT).

e Applications: Xu et al. (2020) used logistic regression to
classify SICON compounds as poor or good superionic con-
ductors based on elemental descriptors.”” Chen et al. (2021)
employed support vector machines to analyze relationships
between manufacturing conditions and solid-state electrolyte
film performance for evaluation and optimization.'*
Adhyatma et al. (2022) applied a tree-based LightGBM model
to classify doped LLZO compounds by their ionic conductivity
levels (high or low).'**

¢ Ensemble methods: these techniques combine predictions
from multiple individual models (base learners) to improve
overall performance and robustness, and reduce overfitting.
They often achieve state-of-the-art results on tabular data.

e Algorithms: random forest (RF), gradient boosting machines
(GBM, including variants like XGBoost and LightGBM).

e Applications: RF and GB variants are frequently employed
for both regression (predicting conductivity, formation energy)
and classification (high/low conductivity, stability) in SSE
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research. For instance, Pereznieto et al. (2023) utilized a ran-
dom forest algorithm to analyze experimental data and discover
new potential Na-ion solid electrolytes exhibiting high ionic
conductivity.’®> Kim et al. (2023) implemented an ensemble
model of gradient boosting algorithms to classify over 3500
NASICON structures, successfully identifying promising Na
superionic conductor candidates with high accuracy.'®® Tang
et al. (2024) applied an XGBoost algorithm to predict key
properties such as band structure and stability, which enabled
the screening and identification of 194 ideal solid-state electro-
lyte candidates from over 6000 structures.'®* Zhang et al. (2024)
developed random forest models alongside neural networks to
predict ionic conductivity in NASICON materials and to identify
influential factors, highlighting the role of Na stoichiometric
count.'®

e Clustering: unsupervised learning algorithms group simi-
lar data points together without relying on predefined labels.

e Algorithms: k-means, agglomerative clustering, hierarchi-
cal density-based spatial clustering of applications with noise
(HDBSCAN).

e Applications: Park et al. (2024) used HDBSCAN to cluster
over 12 000 Na-containing materials based on structural proper-
ties, identifying 12 groups and revealing shared characteristics
in high-conductivity clusters.'*® Laskowski et al. (2023) applied
agglomerative clustering to ~26 000 Li-containing structures to
identify promising superionic conductor candidates for further
screening.”> Gallo-Bueno et al. (2022) used unsupervised
outlier detection models to automatically classify computed
Li-argyrodite crystal structures based on their structural
distortion."®”

The successful application of classical ML algorithms is
heavily dependent on the process of ‘“feature engineering” -
the careful selection, transformation, and combination of
descriptors to best represent the underlying material physics
relevant to the target property. The frequent high performance
reported for ensemble methods like random forest and gradi-
ent boosting variants (XGBoost, LightGBM)'%*™''! underscores
the difficulty in capturing the complex, often non-linear,
structure-property relationships in SSEs using single, simpler
models acting on these hand-crafted features. Ensemble meth-
ods offer robustness by averaging out errors from individual
base learners (like decision trees) and implicitly handling
feature interactions, making them well-suited to the high-
dimensional and potentially noisy descriptor spaces common
in materials informatics. However, their complexity can some-
times make direct physical interpretation of the learned rela-
tionships challenging compared to simpler models like linear
regression.

Despite these interpretability challenges, classical ensemble
methods remain preferable in scenarios with limited training
data where deep learning models would overfit, or when
transparent decision-making is critical for materials design
insights. For instance, Decision tree models can readily
identify feature importance rankings,'’® while XGBoost pro-
vides built-in interpretability tools that can reveal which struc-
tural descriptors most strongly influence ionic conductivity
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predictions. '™ These advantages make classical approaches
particularly valuable in early-stage SSE discovery when datasets
are small or when researchers need to understand and com-
municate the physical basis underlying model predictions to
experimental collaborators. Unsupervised clustering techni-
ques, such as HDBSCAN, provide a valuable alternative or
complementary approach.'®® By grouping materials based on
similarities in their descriptor vectors (often structural features
derived from large computational databases), clustering can
reveal inherent patterns and identify promising material
families even when labeled target data (like experimental con-
ductivity) is sparse. This capability allows researchers to lever-
age the vastness of computational datasets to guide exploration
before focusing on more data-intensive supervised prediction
tasks. This reliance on feature engineering and the success of
complex ensembles sets the stage for deep learning approaches
(Section 3.3), which aim to automate the feature learning
process itself.

3.3. Neural network architectures and deep learning models

While classical ML methods have proven valuable, their reli-
ance on hand-crafted descriptors limits their ability to capture
complex, non-linear interactions and spatial correlations
within crystal structures that govern SSE properties. Deep
learning (DL), characterized by artificial neural networks
with multiple layers, enables hierarchical feature learning
directly from raw data, reducing the need for manual feature
engineering.

The simplest deep learning architecture, feedforward neural
networks (FNNs) or multi-layer perceptrons (MLPs), consists of
an input layer, one or more hidden layers, and an output layer,
processing information in one direction. They operate on pre-
defined descriptors similar to classical algorithms (Fig. 2a) and
have been used as components within ensemble models, base-
line comparisons, or for property prediction based on manually
selected features in SSE research.®%10>115

Graph neural networks (GNNs) represent a more sophisti-
cated approach, naturally operating on graph representations
of materials where atoms are nodes and bonds or interatomic
proximity define edges. This allows GNNs to learn representa-
tions that explicitly incorporate atomic connectivity and local
chemical environments, automatically identifying features rele-
vant to predicting material properties. Capturing crystal struc-
ture nuances, such as periodicity and 3D geometry (SE(3)
invariance/equivariance), is crucial for effective GNN design.
Crystal graph convolutional neural network (CGCNN) repre-
sents crystals as graphs and uses convolutional layers to
aggregate information from neighboring atoms and bonds to
learn atom-level features, which are then pooled to predict
material properties (Fig. 2b). It has been applied to predict
thermodynamic stability and mechanical properties of
SSEs."'®!"” Improved versions like iCGCNN incorporate Voro-
noi tessellation information and explicit many-body interac-
tions to enhance performance.''® Materials graph network
(MEGNet) extends the graph network concept by including
global state variables (like temperature or pressure) alongside

This journal is © The Royal Society of Chemistry 2026
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Fig. 2 Schematic overview of representative deep learning architectures
for SSE property prediction. (a) FFN or MLP, which maps a fixed-length
vector of engineered features to a target property. (b) GNN architectures
that operate on graph representations of crystal structures. (i) The CGCNN
updates atom features (v;) by aggregating information from its local atomic
neighborhood. (ii) The MEGNet framework, which iteratively updates atom
(v), bond (ey), and global state (u) attributes to learn a comprehensive
representation of the material. (c) The CrabNet architecture, a
transformer-based model that uses a self-attention mechanism on
elemental composition to predict properties and quantify aleatoric
uncertainty.

atomic (node), bond (edge), and global features, allowing for
more versatile property predictions (Fig. 2b). MEGNet and
related architectures like M3GNet''® have been trained on large
datasets (e.g., Materials Project) for broad applicability in
materials property prediction and can be applied to predict
SSE stability or mechanical properties."””® SchNet employs
continuous-filter convolutional layers to model quantum inter-
actions in atomistic systems without using explicit graph
representations, and has been used to predict formation ener-
gies of bulk crystals and potential energy surfaces.'>" The field
continues to evolve rapidly, with newer architectures like
ALIGNN (atomistic line graph neural network),'** k-NAGCN
(knearest atom graph neural network),"*® and transformer-
based models like CrystalFramer (which introduces dynamic,
attention-based coordinate frames)'** continuously advancing
accuracy and representational power for crystal structures.
Distinct from structure-based approaches, some deep learning
models prioritize elemental composition, offering advantages
when structural information is unavailable, computationally
expensive to obtain, or for rapid initial screening across
vast chemical spaces. ElemNet learns material properties directly
from elemental compositions represented as fractional counts,
bypassing structural information for rapid composition-based
screening.'*® CrabNet, a transformer-based model using attention
mechanisms, operates primarily on compositional data but impli-
citly learns interactions between elements'*® (Fig. 2c). It demon-
strated success when trained on the Lilon dataset for classifying
compositions by their likelihood of exhibiting high lithium-ion
conductivity.*” More broadly, transformer architectures—inspired
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by their success in natural language processing and relying heavily
on self-attention mechanisms—can capture long-range interac-
tions within crystal graphs or learn complex relationships
between constituent elements, as seen in CrabNet'*® and
CrystalFramer.'** Transformer architectures are also being used
to develop powerful interatomic potentials like GPTFF."””

While most ML models predict properties of given materials
(forward problem), generative models solve the inverse pro-
blem: generating novel material structures likely to possess
desired properties. Techniques like generative adversarial net-
works (GANSs), variational autoencoders (VAEs), and diffusion
models are being explored for materials discovery.”>'*® These
models learn the underlying distribution of known stable
materials and can sample this distribution or be conditioned
to generate new candidates meeting specific criteria (e.g., high
stability, target band gap, specific crystal structure). MatterGen, a
diffusion model operating on 3D crystal geometry, has demon-
strated the ability to generate novel, stable materials with target
properties by learning from large databases like MP and
Alexandria.>® Such approaches hold significant promise for gen-
erating entirely new SSE candidates beyond modifications of
known structures. Other generative approaches like SHAFT utilize
hierarchical generation based on symmetry constraints.'*

3.4. Machine learning interatomic potentials (MLIPs) for
dynamics (MLMD)

A major breakthrough enabled by deep learning is the devel-
opment of highly accurate machine learning interatomic poten-
tials (MLIPs), also known as ML force fields. These models
learn the complex relationship between atomic configurations
and the potential energy surface (PES) - including energies,
forces on atoms, and stresses on the simulation cell - directly
from large datasets generated by high-fidelity quantum
mechanical calculations (typically DFT). Once trained, MLIPs
can perform MD simulations, termed MLMD, with an accuracy
approaching that of DFT but at a computational cost orders of
magnitude lower (closer to classical force fields).

This capability is particularly transformative for SSE
research. Simulating ion transport dynamics - the diffusion
pathways, diffusion coefficients (D), activation energies (E,),
and ultimately ionic conductivity (o) - requires tracking atomic
motion over long timescales (nanoseconds or more) and large
system sizes (thousands of atoms) to capture statistically rele-
vant events and collective motion. Ion transport in SSEs
involves rare events such as defect formation, migration, and
collective rearrangements that occur over vastly different time-
scales: while individual atomic hops happen on picosecond
timescales, macroscopic diffusion processes and phase trans-
formations relevant to battery operation occur over seconds to
minutes. Such simulations are often computationally prohibi-
tive using traditional AIMD. MLIPs overcome this limitation,
enabling routine MLMD simulations that provide direct
insights into the mechanisms governing ionic conductivity in
complex SSE materials.

Several MLIP frameworks have been applied to study SSEs:
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e Gaussian process regression and sparse GPR (SGPR)
approaches: traditional GPR methods provide a Bayesian fra-
mework for learning interatomic potentials with built-in uncer-
tainty quantification, but their O(n®) computational scaling
with dataset size becomes prohibitive for large training sets.
SGPR addresses this limitation through low-rank approxima-
tions using reduced “inducing sets” of representative local
environments, achieving computational scaling comparable
to linear methods while retaining the probabilistic advantages
of GPR."*® SGPR has been successfully applied to survey Li
diffusivity across hundreds of ternary crystals and create trans-
ferable universal potentials for complex electrolytes like
Li;oGeP,S;,. 31132

e Gaussian approximation potential (GAP): based on Gaus-
sian process regression. A near-universal GAP was developed
for the Li-P-S (LPS) material class, enabling studies of con-
ductivity in both crystalline (e.g., LizPS,, Li;P3S;4) and glassy
phases and revealing the importance of anion dynamics."**

e Deep potential molecular dynamics (DeePMD/DeePMD-
kit): a deep neural network-based potential that has seen wide
application.® It has been used to model Li diffusion in
amorphous LizPO,4,'** superionic conductors like Li;oGeP,S;,
(LGPS) and Nb-doped garnets, and importantly, to perform
microsecond-long simulations revealing the lack of a signifi-
cant “paddle-wheel” effect from polyanion rotations on Li
diffusion in crystalline Li,P;S;; and Li,B;,H;, at room
temperature.'*°

e Crystal Hamiltonian graph network (CHGNet): a GNN-
based universal MLIP pre-trained on the extensive Materials
Project trajectory dataset, uniquely incorporating electronic
charge and magnetic moment information.'’® It has been
demonstrated for charge-informed MD simulations of Li inter-
calation (Li,MnO,) and Li diffusion in garnet SSEs."*’

e M3GNet (materials 3-body graph network): another GNN-
based universal potential trained on the Materials Project
database, designed for broad applicability in structural relaxa-
tion and dynamics simulations.'"®

e GPTFF (graph-based pre-trained transformer force field): a
recent transformer-based force field trained on a massive
dataset (billions of force components), aiming for high accu-
racy and generalizability across diverse inorganic systems."”’

MLMD simulations driven by these potentials have provided
crucial insights, such as identifying non-Arrhenius diffusion
behavior in LGPS,"* elucidating specific diffusion pathways,"”
and quantifying the impact of structural features like defects or
anion dynamics on conductivity.’*®* The significant speed-up
factors highlight the potential of MLIPs to dramatically accel-
erate the computational assessment of ionic transport.'*®

The progression from classical ML to deep learning marks a
significant evolution in the computational toolkit for SSE
discovery. GNNs, in particular, represent a paradigm shift away
from manual feature engineering towards automated learning
of structure-property relationships directly from the atomic
graph representation. This allows models to potentially uncover
more complex and subtle correlations than might be captured
by human-designed descriptors. However, these advances come
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with important practical considerations. GNN architectures like
CGCNN and MEGNet require high-quality crystal structure files
(CIFs) with precise atomic positions as inputs, as they construct
graph representations directly from atomic arrangements and
bonding information."*”**° The incorporation of both atomic
and bond-level descriptors introduces numerous hyperpara-
meters, necessitating larger training datasets (typically > 10’
samples) and substantial computational resources compared to
classical ML approaches that rely on pre-computed scalar
descriptors.'*® In contrast, SGPR-based approaches can achieve
comparable accuracy with smaller training datasets due to their
efficient use of training data and adaptive sampling strategies,
making them particularly suitable for data-scarce regimes
where generating extensive DFT training sets is computation-
ally expensive.'?%4°

Perhaps even more impactful is the development and appli-
cation of MLIPs. While classical ML and standard GNNs often
focus on predicting static properties (stability, band gap, mod-
uli) or rely on computationally expensive methods (AIMD, NEB)
to infer dynamics, MLIPs provide a computationally tractable
route to directly simulate the crucial dynamic processes govern-
ing ionic conductivity. This enables the field to move beyond
predicting prerequisites for good conductivity towards simulat-
ing and understanding the transport phenomenon itself over
timescales reaching microseconds—a significant computa-
tional achievement.'*! However, MLIPs require careful valida-
tion to ensure tran