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ABSTRACT

Solid electrolytes (SEs) are central to next-generation metal batteries, yet their discovery remains constrained by fragmented data,
limited transferability of simulations, and slow experimental iteration. Unlike catalysis, where surface reactivity dominates, SEs
require simultaneous optimization of bulk ion transport, defect chemistry, mechanical integrity, and interfacial stability. Here, we
outline a framework for autonomous SE discovery enabled by large artificial intelligence (AI) models, including machine learning
interatomic potentials (MLIPs) and large language models (LLMs). We discuss the evolution from static materials databases to
dynamic, self-updating knowledge systems, the role of MLIPs in bridging density functional theory (DFT) and long-timescale ion
migration, and the emergence of LLMs as engines for literature mining, hypothesis generation, and scientific reasoning. We further
describe a closed-loop architecture integrating Al-driven candidate design, multiscale simulation, uncertainty-aware selection,
and experimental validation. Such systems shift SE research from intuition-guided exploration to data-informed, self-improving
cycles. We conclude by highlighting challenges in data standardization, interfacial complexity, and reproducibility, and we propose
design principles for building autonomous laboratories for solid-state battery materials.
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1 | Introduction

Solid electrolytes (SEs) sit at the center of one of the most impor-
tant unresolved problems in electrochemical energy storage: how
to build batteries that are simultaneously safer, more energy
dense, longer lasting, capable of faster charging, and scalable
beyond today’s liquid-electrolyte lithium-ion technology [1-5].
By replacing flammable organic liquid electrolytes with SEs,
all-solid-state batteries (ASSBs) are expected to enable metallic
Li or Na anodes, improve safety, and support compact cell
configurations such as bipolar stacking [6-10]. Yet the field has
learned a hard lesson: a high ionic conductivity alone does
not make a practical SE. The central challenge is therefore
not merely to identify fast ion conductors, but to design SEs
that simultaneously combine high ionic conductivity, electronic
insulation, electrochemical stability, mechanical robustness, pro-
cessability, and durable interfaces with both cathodes and metal
anodes [11-14]. Ionic transport depends on defect chemistry,
lattice dynamics, local disorder, and migration-network topol-
ogy; mechanical robustness is coupled to grain boundaries,
porosity, and processing history; interfacial stability is controlled
by chemical reactivity, space-charge effects, contact mechanics,
and evolving decomposition products [15-18]. Consequently,
SE performance emerges from a coupled transport-mechanics-
interface landscape rather than from a single intrinsic descriptor.
This complexity makes SE discovery particularly challenging
and limits the efficiency of purely empirical optimization. This
high-dimensional, interdependent, and experimentally costly
design space is precisely why SE discovery requires autonomous
workflows that can integrate data, simulation, experiment, and
feedback-driven learning.

1.1 | Coupled Transport-Mechanics-Interface
Challenges

The historical evolution of SEs illustrates this trade-off-driven
landscape. Oxides, sulfides, halides, polymers, hydrides, and
composite electrolytes have each advanced specific aspects of SE
performance, yet none has simultaneously resolved the coupled
requirements of transport, stability, processability, and interfacial
compatibility [19-27]. Oxide electrolytes such as garnets and
NASICON-type materials offer attractive chemical stability and
mechanical rigidity, but their brittleness and poor solid-solid con-
tact remain significant barriers [28]. Sulfides can reach liquid-like
ionic conductivities and form intimate interfaces under pressure,
yet their moisture sensitivity and interfacial reactivity complicate
manufacturing and long-term cycling. Halides have recently
emerged as promising electrolytes with relatively high oxidative
stability, but their chemical diversity, air sensitivity, and interfa-
cial behavior remain only partially understood [29]. Polymer and
composite electrolytes offer processability and flexibility but often
suffer from insufficient room-temperature conductivity or limited
electrochemical stability [30]. More broadly, many ASSB failures
originate at electrode-electrolyte interfaces, where interfacial
voids, chemo-mechanical coupling, and the continuous evolution
of solid-electrolyte interphases during cycling can dominate over
intrinsic bulk transport. No electrolyte family currently satisfies
all practical criteria, and the trade-offs are not static; they change
with composition, processing, electrode pairing, stack pressure,
and cell architecture. As summarized in Figure 1, these coupled

materials challenges, together with fragmented data, limited
simulation scales, and slow experimental iteration, motivate an
autonomous discovery framework integrating databases, MLIPs,
LLMs, and experiments.

1.2 | Limits of Traditional Trial-and-Error

Traditional SE discovery has therefore relied on chemical intu-
ition, incremental compositional substitution, high-temperature
synthesis, impedance-based evaluation, and mechanistic inter-
pretation after experimental observation. Recent Bayesian-
optimization-guided synthesis of Li;SiPSg further illustrates how
data-driven experimental design can identify non-intuitive pro-
cessing windows that substantially improve ionic conductivity
while reducing synthesis temperature and time [31]. Although
this approach has delivered important breakthroughs, it remains
difficult to scale to the vast, high-dimensional compositional
and structural space now facing the field. Density functional
theory (DFT), ab initio molecular dynamics (AIMD), and high-
throughput computations have provided powerful insights into
phase stability, migration barriers, and electrochemical windows,
but they remain limited by timescale, length scale, and the
difficulty of representing realistic defects, grain boundaries, and
interfaces. At the same time, experimental screening remains
constrained by synthesis throughput, sensitivity to processing
conditions, and incomplete reproducibility across laboratories
[32]. These limitations are further amplified by small and het-
erogeneous data: experimental and computational records are
scattered across papers and repositories, property values are
reported under inconsistent reference conditions, and theoret-
ical predictions often lack sufficient information on precursor
availability, reaction pathways, and practical synthesizability. The
result is a widening gap between the complexity of SE design and
the tools traditionally used to navigate it.

1.3 | Lessons Learned From Al in Catalysis and
Materials Discovery

Artificial intelligence (AI) offers a route to narrow this gap,
but its role in SE research must be framed carefully [2, 33-35].
In catalysis and related energy-materials fields, AI has already
shown value in extracting structure—property relationships, accel-
erating screening, and guiding high-throughput experimentation
[36, 37]. However, SEs pose a different kind of challenge. Catalytic
performance is often governed by surface adsorption, reaction
barriers, and active-site chemistry, whereas SE performance
is governed by bulk ion transport, defect-mediated dynamics,
microstructure, and buried interfaces that evolve during cycling
[38-41]. Directly transferring AI strategies from catalysis or
molecular design to SEs is therefore not viable. SE discovery
requires models that can integrate atomistic transport, materials
processing, electrochemical stability, and interface degradation
within a unified and uncertainty-aware framework.

Machine learning interatomic potentials (MLIPs) represent one
important step in this direction [42-46]. By learning potential-
energy surfaces from first-principles data, MLIPs can extend
atomistic simulations to larger systems and longer timescales
than conventional ab initio methods, making them particularly
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1. Why solid electrolytes are difficult to discover
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Rationale and roadmap for autonomous SE discovery. Practical SEs require coupled optimization of ion transport, stability, mechanics,

and interfaces, while fragmented data, slow experiments, restricted simulation scales, and complex interfacial phenomena limit current progress.

Integrating databases, MLIPs, LLMs, and experiments into autonomous loops offers a path from trial-and-error exploration toward data-driven discovery.

powerful for studying ion migration, disorder effects, grain
boundaries, and reactive interfaces. Their significance lies not
simply in making simulations faster, but in making ion transport
accessible under conditions closer to real materials. In SEs,
conductivity arises from thermally activated hopping, collective
ion motion, lattice fluctuations, disorder, defects, and finite-size
effects; it cannot be fully captured by isolated migration barriers
alone. MLIPs, therefore, provide a potential bridge between first-
principles accuracy and the statistical, structural, and temporal
scales required to understand battery-relevant ion transport.

LLMs add a different but complementary capability [47-50].
Unlike MLIPs, which address the scale problem in atomistic
modeling, LLMs address the fragmentation problem in scientific
knowledge. SE literature contains a large but heterogeneous
body of information spanning synthesis conditions, conductivity
values, activation energies, phase identities, electrode configura-
tions, interfacial treatments, and cycling protocols. Much of this
information is embedded in text, figures, tables, and supporting
information rather than in machine-readable datasets. LLMs can
assist in extracting, normalizing, and linking this knowledge,
while also supporting hypothesis generation, literature-grounded
reasoning, and multi-agent workflow orchestration [51]. Their
most important role is not to replace physical models or experi-
ments, but to connect data, simulation, and decision-making into
coherent research loops.

This convergence points toward a discovery paradigm:
autonomous SE discovery enabled by large AI models. In such a
framework, databases provide traceable and reusable knowledge;
MLIPs evaluate ion transport and interfacial dynamics with

improved physical fidelity; LLMs extract literature knowledge
and coordinate reasoning; and closed-loop experiments validate
and refine predictions. The goal is not blind automation.
Rather, it is to transform SE research from intuition-guided
trial-and-error into a self-improving cycle in which hypotheses
are generated, tested, corrected, and reused with increasing
efficiency [2]. The quality of this cycle will depend as much
on data reliability, provenance, and standardization as on
algorithmic sophistication.

In this Perspective, we outline a framework for autonomous SE
discovery enabled by large Al models. We first discuss how SE
databases are evolving from static repositories into dynamic,
context-preserving knowledge systems. We then examine how
MLIPs bridge first-principles theory and long-timescale ion
transport, with emphasis on disorder engineering, correlated
hopping topology, and finite-size-aware transport statistics. Next,
we analyze the emerging role of LLMs in SE research, including
literature extraction, knowledge synthesis, validation-coupled
reasoning, and multi-agent architectures. We further describe
closed-loop discovery workflows that combine Al-driven candi-
date generation, multiscale simulation, uncertainty-aware selec-
tion, and experimental validation. Finally, we discuss the outlook
toward autonomous SE laboratories, highlighting the need for
Findable, Accessible, Interoperable, and Reusable (FAIR) data,
interface-aware Al, discovery beyond lithium-based systems, and
the “digital battery ecosystem”. Through this Perspective, we argue
that the next major advance in SE research may come not from
a single material family, but from a new research infrastructure
capable of uniting data, models, experiments, and human insights
into an adaptive discovery engine.
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2 | Databases for SEs

2.1 | Existing Computational and Experimental
Repositories

The rapid expansion of SE research has created a large body
of experimental and computational data, but this information
remains highly fragmented across journal articles, support-
ing information, crystallographic repositories, computational
databases, and laboratory records [52, 53]. At first glance, this
may appear to be a conventional data-management problem. In
SE research, however, the challenge is deeper because the key
property of interest, ionic transport, is not a context-free material
property. A reported conductivity value depends on temperature,
conducting ion, sample density, processing history, electrode con-
figuration, equivalent-circuit fitting, atmosphere, stack pressure,
and whether the value is directly measured, interpolated, or
extracted from Arrhenius analysis [54]. Unlike general materials
repositories, SE databases must preserve measurement context,
temperature dependence, and processing provenance because ion
transport cannot be meaningfully compared without them.

General-purpose materials databases such as the Materials
Project and OQMD have played an essential role in computational
materials science by providing crystal structures, formation ener-
gies, phase stability, and related descriptors [52, 53]. These repos-
itories are invaluable for identifying candidate compounds and
constructing thermodynamic or structural features. However,
they were not designed to organize experimental ion-transport
data in a form directly usable for SE discovery. In particular, they
rarely contain temperature-dependent conductivity, activation-
energy fitting details, electrode configurations, pellet density,
sintering conditions, or impedance-analysis protocols. As a result,
they provide the structural and thermodynamic foundation for SE
informatics, but not a complete SE-native data environment.

Dedicated SE datasets and databases have therefore become nec-
essary. Expert-curated conductivity datasets have demonstrated
that literature-derived SE data can support ML analysis when
values are carefully standardized and validated [54]. Similarly,
SE-focused platforms such as the Dynamic Database of Solid
Electrolytes (DDSE, recently renamed as the Digital Battery Plat-
form, DigBat: www.digbat.org) and its later extensions provide
a more specialized data structure for organizing conductivity,
activation energy (E,), conducting ion, material family, and
literature source [55, 56]. Recent work described DDSE/DigBat
as one of the most extensive dynamic solid-electrolyte data
resources, containing more than 28 000 experimental conductiv-
ity entries as of September 2026 [57]. A key advancement of such
platforms is that temperature-dependent conductivity values are
preserved as multiple records rather than compressed into a
single room-temperature value.

The more recent integrated SE data landscape further extends
this concept. As summarized in Figure 2a, the current platform
includes 3859 experimental SEs with temperature-dependent
ionic-conductivity records and 852 computational SEs with E,
data [58]. The experimental records cover inorganic, polymer, and
gel polymer electrolytes, while the computational records include
migration barriers and simulation-derived quantities. By linking
experimental conductivity, E,, material composition, structure

type, and computational descriptors under related material iden-
tities, such a platform begins to support cross-validation between
experiment and computation.

2.2 | Dynamic Databases and Knowledge Graphs

Dynamic SE databases can, therefore, change how research
questions are asked. Instead of asking only, “which material has
the highest conductivity?”, researchers can ask more mechanistic
questions: Which chemical families show low activation barriers
under comparable conditions? How does the presence of neutral
molecules influence ion migration in hydride electrolytes? Which
computational methods best reproduce experimental E,? Which
descriptors correlate with transport barriers across divalent sys-
tems? Which underexplored chemical spaces contain candidates
similar to known high-performance SEs? [49, 50]

The examples shown in Figure 2b-e illustrate this transition
from data storage to data-enabled interpretation. Figure 2b
compares temperature-dependent ionic conductivity for hydride
SEs with and without neutral molecules, allowing transport
trends to be discussed in relation to local molecular environments
[50]. Figure 2c compares computational and experimental E,,
providing a basis for evaluating which simulation methods more
reliably capture ion migration. Figure 2d correlates E, in hydride
SEs with theoretical descriptors, showing how curated data can
support interpretable regression and mechanism-oriented analy-
sis. Figure 2e further extends the database concept to candidate
discovery, where representation clustering and literature mining
are used to identify promising metal-organic framework (MOF)
SEs [49].

LLMs can further enhance this transition by extracting infor-
mation from text, tables, figures, and supporting information,
and by assisting with literature searches, data normalization,
and relationship construction [59, 60]. However, LLM-assisted
extraction does not remove the need for careful data standards.
On the contrary, it makes standardization more important. If the
original literature does not clearly define the plotted quantity, unit
convention, fitting range, or measurement context, an LLM may
extract a plausible but incorrect value [59].

2.3 | Data Inconsistency and Reporting
Challenges

Despite rapid progress, current SE databases still face several fun-
damental limitations. The first is data imbalance. Positive results
are overrepresented because published literature preferentially
reports successful syntheses, high conductivity, stable cycling,
or optimized compositions. Failed syntheses, low-conductivity
phases, unstable interfaces, poor densification, and unsuccessful
processing windows are rarely reported in a structured form. This
creates a serious problem for Al-driven discovery because active
learning and autonomous laboratories require not only examples
of what works, but also reliable information about what does not
work.

The second limitation is missing metadata. Many literature
reports provide conductivity values but omit key contextual
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FIGURE 2 | Dataintegration-enabled materials discovery in SEs. (a) Overview of the integrated SE data landscape, including 3859 experimental SEs
with temperature-dependent ionic-conductivity records and 852 computational SEs with E, data. (b) Temperature-dependent conductivity for hydride

SEs, with/without neutral molecules. (c) Comparison of computational and experimental activation energies for different methods. (d) Correlation of

E, in hydride SEs with theoretical descriptors, including linear regression for divalent systems with neutral molecules. (e) Representation clustering for

mining MOF SE candidates.

details such as exact measurement temperature, pellet density,
electrode type, stack pressure, atmosphere, impedance-fitting
model, equivalent circuit, activation-energy fitting range, or
whether the reported value is measured or extrapolated [54].
Processing information is also often incomplete, even though
sintering temperature, dwell time, pressure, atmosphere, particle
size, and post-treatment can strongly influence microstructure
and transport.

The third and most subtle limitation is reporting ambiguity.
Recent data-reliability analysis shows that conductivity reporting

in SE literature can suffer from text-figure inconsistencies,
ambiguous Arrhenius annotations, unit discrepancies, incom-
plete measurement context, and difficult-to-verify outlier values.
These issues may appear minor in individual papers, but they
become consequential when values are extracted into databases
and reused for ML, where poorly contextualized outliers can bias
model training and distort structure-property relationships.

These limitations indicate that the next generation of SE
databases should not be judged by entry number alone. Their
real value will depend on whether they preserve provenance,
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encode uncertainty, include negative or failed results, and link
transport properties to synthesis, processing, microstructure, and
measurement protocols. A conductivity value without context
may be useful for human reading, but it is insufficient as
an ML label. For autonomous SE discovery, databases must
therefore evolve from passive repositories into context-preserving
knowledge infrastructures that can support validation, model
training, uncertainty-aware screening, and closed-loop decision-
making. This requirement provides the foundation for the MLIP-,
LLM-, and feedback-driven discovery frameworks discussed in
the following sections.

3 | MLIPs for SEs

3.1 | MLIPs as a Bridge Between First-Principles
Accuracy and Battery-Relevant Scales

MLIPs have emerged as a promising computational toolbox
for understanding, designing, and optimizing SEs because they
address a central mismatch between the scientific questions
the battery research field asks and the physical scales that
conventional atomistic methods can reach [44]. SEs must enable
fast ion migration through a crystalline or partially disordered
host, but their critical performance is also shaped by defects, grain
boundaries, and chemically reactive interphases in close contact
with electrodes [61]. DFT and AIMD remain the benchmark tools
for atomistic fidelity, but they are too costly for the large super-
cells, long trajectories, and low-temperature statistics required to
resolve rare hopping events, microstructural transport, and inter-
facial evolution. Classical force fields, by contrast, reach those
length scales and timescales but often sacrifice accuracy and
transferability, particularly when local chemistry, coordination,
or disorder changes. MLIPs have therefore become valuable not
simply because they are faster, but because they can potentially
offer a route to near-DFT-level property prediction and materials
screening at the time and length scales where solid-state battery
phenomena unfold.

This detailed balance between physical fidelity and scale is why
MLIPs should be viewed less as an alternative computational
method and more as an enabling layer between first-principles
theory and realistic battery physics (Figure 3a). Currently, two
broad model categories coexist. System-specific MLIPs are trained
for one chemistry or structural family and can be highly reliable
provided that the training data already cover the relevant distor-
tions [62-65], defects, and nonequilibrium local environments.
In contrast, universal or foundation MLIPs are pretrained across
broader materials spaces and promise rapid deployment, but
they are inherently more vulnerable when the computational
task depends on activated hops, strained interfaces, or defect
configurations that lie far from their original training distri-
bution [66, 67]. For SEs, this distinction matters because the
most important observables are not merely energies and forces,
but transport barriers, finite-size convergence, defect energetics,
and interfacial stability [68]. A potential generator workflow
for Li,,GeP,S;, (LGPS)-type superionic conductors showed how
active-learning-driven MLIP training could be organized around
diffusion statistics and activation energies rather than force
fitting alone [69]. Also, an MLIP-based molecular dynamics
(MD) benchmark for SEs highlighted that the effectiveness of

an MLIP for ionic transport heavily depends on its training
and validation [70]. Likewise, foundation-style MLIPs trained on
out-of-equilibrium data can achieve broad transfer across LGPS-
like, argyrodite, and mixed-composition sulfide electrolytes [71].
These key examples highlight that careful model construc-
tion and training are critical for building MLIPs targeted for
SEs. Table 1 summarizes representative MLIP approaches dis-
cussed throughout this section, comparing their applications,
key strengths, and limitations. Cross-study comparisons should
be interpreted cautiously because datasets, chemistry, reference
methods, and computational settings differ.

3.2 | Bridging DFT and Long-Timescale Ion
Transport

MLIPs’ key contribution to SE research is bridging the gap
between DFT and experimental ion transport. Ionic conductivity
is a rare-event property: it depends on thermally activated hops,
correlated motion, and sufficiently converged sampling over local
environments, all of which are difficult to extract from short
AIMD trajectories in modest supercells [44]. As a result, AIMD
can provide valuable mechanistic insight but may suffer from
limited statistical sampling, particularly when high-temperature
behavior is extrapolated to room temperature. MLIPs improve
this situation by enabling nanosecond- to microsecond-scale
MD while retaining a learned first-principles description of the
potential-energy surface (PES). Importantly, the lower inference
cost of MLIPs does not mean that MLIP simulations are com-
putationally free. Their overall cost can include first-principles
reference-data generation, model training or fine-tuning, pro-
duction MD, and validation. For example, system-specific MTPs
for five lithium ionic conductors were trained using 1,800 DFT-
labeled configurations per material and subsequently enabled
MLMD simulations extending to 1 ps [70]. In a recent bench-
mark across 21 lithium solid electrolytes, a 100 ps MACE-MD
simulation required a median of approximately 47 min using
one NVIDIA A100 GPU and one CPU core, compared with
9 d 21 h using 64 CPU cores for DFT-MD, corresponding to an
average 378-fold wall-clock acceleration under those settings [86].
These values are model-, hardware-, and protocol-dependent, but
illustrate how the up-front cost of MLIP development can be
amortized over longer and repeated simulations.

This expanded window in timescale and length scale has already
altered the mechanistic interpretation of solid-state ion conduc-
tors [70]. For example, long MLIP-powered MD simulations of
LGPS showed that its non-Arrhenius behavior is tied to a Li-
sublattice transition near 400 K, below which concerted hopping
and cross-correlation decrease prominently (Figure 3) [87]. Fur-
thermore, a moment tensor potential (MTP) study showed that
such MLIPs can narrow the gap between simulated and measured
ionic conductivities [72]. More broadly, systematic comparisons
demonstrated that MLIP-driven MD can reproduce distinct
migration mechanisms, vibrational anharmonicity, and diffusion
coefficients [88]. Together, these studies suggested that MLIPs
are valuable not only for reproducing known diffusion trends
more efficiently but also for enabling the retesting of mechanistic
assumptions under experimentally relevant conditions, while
increasingly revealing that collective ion migration is governed
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FIGURE 3 | Multi-scale modeling and validation of SEs. (a) General hierarchical framework illustrating the spatiotemporal bridging by MLIPs.
High-fidelity DFT data enable initial training [105], while active learning loops identify uncertain configurations for continuous self-refinement.
MLIPs can approach first-principles accuracy at substantially lower computational cost, supplying critical parameters, such as strain-dependent ionic
diffusivities and interfacial energies, to continuum models [106], which in turn define the macroscopic boundary conditions required to simulate complex
phase evolution and failure modes. (b) Validation of MLIP-predicted transport kinetics against AIMD and experimental NMR data, demonstrating the
model’s ability to capture the non-Arrhenius behavior of Li-ion diffusion across a wide temperature range [87]. (c) MLIP-derived contour map showing
the coupled effects of Cl incorporation and S/Cl site inversion on Li-ion conductivity in LPSC argyrodites [90]. Discovery of non-monotonic transport
trends in sulfide SEs, where an intermediate S/Cl site disorder of 37.5-50% maximizes room-temperature ionic conductivity, highlighting the role of
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TABLE 1 | Representative MLIP approaches for SE research, highlighting typical applications, strengths, limitations, and computational

performance were reported.

Representative SE

MLIPs applications Key strengths Key limitations Res.
System-specific MLIPs Ion transport; grain High within-domain Requires system-specific [69, 70, 72,
(e.g., MTP) boundaries; interfaces; accuracy; efficient DFT/AIMD data; limited 73,74, 75]
coatings long-timescale MD extrapolation
M3GNet Structure relaxation,; Broad chemical coverage; fast ~Generic accuracy does not [76, 77]
screening; conductivity inference and guarantee reliable
prediction high-throughput screening migration barriers
CHGNet Transport; screening; Universal pretraining; Activated and [78, 79, 80,
interphases efficient inference and out-of-domain 81, 82]
task-specific fine-tuning configurations require
validation
MACE foundation Li diffusion; interphases ~ Broad transferability; efficient =~ Accuracy and cost remain [83, 84]
model GPU-based MD and model- and
fine-tuning domain-dependent
Charge-aware / Reactive interfaces; Li Captures charge Higher complexity; limited [85]

deposition; interphase
evolution

constant-potential
MLIPs

redistribution and
electrochemical boundary
conditions

benchmarking and
transferability

not only by isolated hopping barriers but also by the topology and
persistence of correlated hopping pathways.

A second insight emerging from MLIP-enabled transport simu-
lations is that disorder is often beneficial, but rarely in a simple
monotonic way [89]. MLIP simulations of Cl-rich argyrodites,
LigPS;.Cl,, . (LPSC), revealed a non-monotonic dependence of
Li-ion conductivity on excess Cl and S/Cl site inversion, with high
conductivity confined to a limited disorder window and a critical
threshold beyond which long-range transport declines sharply
(Figure 3c) [90]. In Li;PS,, another study showed that disorder
could enhance room-temperature conductivity and introduced
a softness descriptor [91]. A separate MLIP study of Li,PS;Cl
also reflected lattice-parameter effects and surface-related contri-
butions that remain obscured in shorter simulation trajectories
[92]. The broader implication is that MLIPs are beginning to
better expose transport as a PES landscape shaped by local motifs,
collective statistics, and subtle structural frustration. In turn,
disorder is emerging not merely as a structural complication, but
as a potentially controllable strategy for optimizing local transport
landscapes.

This same logic has extended naturally to various SE chemistries
[93]. An on-the-fly MLIP reproduced an E, close to experiment,
and proposed a dynamic monkey-bar mechanism in which anion
motion repeatedly opened and reconnected lithium pathways

[94]. Moreover, a large-cell MLIP study of Li;YCl, made finite-
size effects impossible to ignore by showing that small AIMD cells
could miss the temperature dependence and transport behavior
needed for a realistic room-temperature conductivity estimate
[95]. An iterative fine-tuning MLIP workflow for Li;YCl,_,Br,
extended this idea by showing that a pretrained CHGNet model
[78] can be further specialized to ordered and disordered halide
structures, making conductivity trends across composition far
more realistic [79]. These examples show MLIPs do more than
speed up transport simulations; they help identify intrinsic
transport features from artifacts of limited scale, thereby empha-
sizing that finite-size-aware transport statistics are essential
for distinguishing intrinsic transport behavior from simulation
artifacts.

Taken together, these studies suggest three emerging design
principles for MLIP-guided SE discovery: (i) correlated hopping
topology as a governing descriptor for collective ion migration
beyond single-ion barriers, (ii) disorder engineering as a con-
trollable strategy to optimize local transport landscapes, and
(iii) finite-size-aware transport statistics to distinguish intrinsic
transport behavior from simulation artifacts. Framed in this way,
the significance of MLIPs is not only that they extend atom-
istic simulations to longer timescales, but that they enable ion
transport in SEs to be interpreted using descriptors and statistical
regimes that are more faithful to real materials behavior.

MLIPs in optimizing disordered structural environments [107]. (d) Continuum-scale dynamics of polycrystalline electrolytes, showing Li-ion flux maps

where the role of grain boundaries shifts from blocking to enhancing transport based on the bulk transport regime, effectively bridging atomistic

parameters to mesoscale morphology [96]. (e) Visualization of interfacial failure mechanisms at the Li-metal/SEI boundary; amorphous inorganic

interphase components are shown to trigger local lithium aggregation and inhomogeneous deposition (dashed circles), preceding nanoscale dendrite

nucleation [85]. (f) High-throughput screening of alkaline-stable electrolytes, identifying chemically robust NASICON and garnet frameworks capable
of maintaining structural integrity under high-pH conditions through calculated phase stability metrics [82].
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3.3 | Defect, Grain-Boundary, and Interface
Modeling

If long-timescale ion transport has established the initial credibil-
ity of MLIPs in this field, their next major contribution has been
advancing atomistic modeling beyond idealized bulk structures.
Practical SEs are polycrystalline, defect-rich, and chemically
evolving materials. Their performance is often limited by the
slowest kinetic bottleneck introduced by grain boundaries, sec-
ondary phases, interphases, or cation interdiffusion [61]. While
DFT struggles with large, diverse simulation cells, MLIPs are
especially valuable for battery performance that depends on
mesoscale realism rooted in atomistic physics.

Grain boundaries exemplify this methodological shift. An MTP
study of LigPS;Cl showed that MLIPs can resolve both bulk
and grain-boundary diffusion mechanisms [73]. Moreover, a
multiscale extension for Li,PS;X (X = Cl, Br, I) coupled MLIP-
derived MD diffusivities to continuum modeling and found that
grain-size effects could reverse the role of grain boundaries based
on the bulk transport regime (Figure 3d) [96]. In other words,
the question shifts from whether a grain boundary is blocking
or beneficial alone, to how atomistic grain-boundary transport
influences effective conductivity across microstructural length
scales in electrolyte pellets.

Battery interfaces pose an even greater challenge due to struc-
tural disorder, compositional gradients, and chemical reactivity
[43]. A long-timescale MLIP study across sulfide, chloride, and
oxide electrolytes with layered LCO identifies three transport-
blocking routes: interfacial reactions, Li-depleted regions, and
cation interdiffusion [97]. In addition, an MLIP-assisted study
showed that ionic interdiffusion can rapidly form a resistive
interphase and that protective interlayers may suppress chemical
damage while introducing new mechanical trade-offs [98]. In
all-solid-state Li-S batteries, an MTP model shows that sulfide
electrolytes can be favorable in contact with sulfur cathodes
and that interfacial structure can reshape Li-migration barri-
ers and buffer-layer design choices [74]. Extending MLIPs to
interphase chemistry, a generative-structure-prediction and fine-
tuned-CHGNet workflow suggested that amorphous LiPO,F,
may serve as a conductive interphase medium [80]. These results
suggest MLIPs are shifting interface modeling from static assess-
ments to dynamic problems involving changing composition,
kinetics, and transport.

Electrochemical boundary conditions could represent the next
frontier in that progression from realism to relevance. An on-the-
fly MTP workflow for cathode coating materials likewise showed
that MLIPs can extend MD into the moderate-conductivity
regime relevant to interface coatings, where AIMD is often
too short to yield reliable transport statistics [75]. A recent
constant-potential MLIP framework with charge equilibration
revealed that amorphous components within inorganic SE-
interphase cause local lithium aggregation, triggering inhomoge-
neous deposition and nanoscale dendrite nucleation (Figure 3e)
[85]. Moreover, a related benchmark on interstitial Li diffusion
in LiF using a pretrained MACE foundation model highlights
the growing relevance of transfer learning for interphase mod-
eling [83, 84]. This shift toward electrochemical realism also
underscores an important methodological consideration: while

short-range MLIPs can describe bulk Li transport reasonably well,
defect energetics and field-driven reactive interfaces may require
explicit treatment of long-range electrostatics [85, 99]. More
broadly, MLIP frameworks are progressing from neutral bulk-
diffusion models toward electro-chemo-mechanical simulations
under realistic driving forces, bringing atomistic modeling closer
to the failure mechanisms that govern ASSBs.

3.4 | High-Throughput Screening With Physics
Fidelity

MLIPs are increasingly being deployed in high-throughput mate-
rials screening workflows once they can resolve transport and
degradation at useful scales. Yet high-throughput screening must
be approached cautiously, as the most dangerous failure mode is
false screening confidence. A model that rapidly ranks thousands
of candidates is only as useful as its fidelity in the activated,
defective, and disordered regimes that control ionic transport
[44]. The central question here is whether they can do so without
drifting away from the relevant physics.

Current screening workflows have revealed several viable strate-
gies [42]. A universal-MLIP workflow screened 7 x 10° Li-
containing crystals, further filtered them using mechanical and
electronic criteria, and reported about 130 candidate solid elec-
trolytes, including halides such as KLi,ScBr, and Rb,Li;Brs,
while explicitly noting that ion migration barriers were system-
atically underestimated and therefore required validation [45].
Another M3GNet-based workflow [76], further refined through
uncertainty estimation, screened 4,285 materials and identified
eight promising candidates, demonstrating that universal-MLIP-
based molecular dynamics can provide a practical front end
for ion-conductivity prediction when confidence metrics are
incorporated into the screening loop [77]. A complementary mod-
eling strategy extracted potential-energy-landscape descriptors
from a universal MLIP and efficiently ranked lithium materials,
such that eight of the ten top candidates were later validated
as room-temperature superionic conductors by first-principles
calculations [100]. Similarly, a CHGNet-based high-throughput
nudged elastic band workflow likewise identified Pnma-type
LiMgPO, and LiTiPOs as promising ion conductors and extended
the search to doped derivatives such as Li,sMg,sAl,sPO, and
LiysTiPO4sF, 5 [81]. A related CHGNet prescreening study further
showed that universal MLIPs can scan vast NASICON and garnet
design spaces for alkaline-stable compositions before a smaller
subset is returned to DFT for refinement (Figure 3f) [82]. Overall,
these examples emphasize the promise of MLIPs in various
high-throughput screening workflows for better SEs.

At the same time, physics fidelity must be treated as the primary
currency of trust. In this regard, a recent benchmark based on
the LiTraj dataset showed that MLIP models can distinguish high-
from low-conductivity lithium conductors and predict migration
barriers, thereby offering a task-specific standard for judging
transport models rather than relying on generic force errors [101].
A broader assessment of SE research found that some MLIPs
could reproduce energies, forces, elastic constants, and lithium
diffusivities reasonably well, but remained chemistry- and task-
dependent [102]. Complementarily, another analysis showed that
several pretrained universal MLIPs systematically softened the
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PESin high-energy regions relevant to migration barriers, defects,
and surfaces, although targeted fine-tuning can further correct
much of the bias [103]. A further benchmark on surface energies
also showed that out-of-domain prediction errors from MLIPs
remain pronounced when local environments drift away from the
model’s training manifold, with obvious implications for grain
boundaries and battery interfaces [104].

In summary, the future for MLIPs in SE research will depend
on more deliberate transport-aware workflows. SEs place unusu-
ally strict demands on atomistic MLIP models: they require
accurate activated hops, chemically faithful defects, and dynam-
ically evolving interfaces. Future methodological progress will
therefore hinge on training sets that intentionally sample high-
energy and defective environments, active-learning loops that
target uncertainty, hybrid MLIP simulation schemes that handle
electrostatics and variable charge, and validation protocols that
also compare diffusivities, activation energies, and interfacial
evolution against both DFT and experiments. In this sense, MLIPs
have already started to shift SE modeling from small-cell, short-
time, and largely idealized simulations into genuinely multiscale
ones. They offer a route by which atomistic simulation can
become genuinely more faithful to the heterogeneous, kinetic,
and failure-prone reality of working ASSBs.

4 | LLMsin SE Research
4.1 | LLMs as a Knowledge and Workflow Layer

Beyond the atomistic simulation challenges discussed above, SE
discovery is also limited by heterogeneous knowledge distributed
across synthesis protocols, processing conditions, electrochem-
ical measurements, and literature figures and tables. Unlike
MLIPs, which primarily address the mismatch between first-
principles accuracy and battery-relevant simulation scales, LLM-
based systems address a different bottleneck: the fragmentation,
inconsistency, and contextual ambiguity of scientific knowledge
itself. In this setting, LLM-based systems are useful less as
replacements for physical simulation than as a workflow layer
that converts dispersed textual and graphical evidence into
structured, queryable, and operational knowledge [44, 61]. Earlier
studies already showed that SE literature can be mined to recover
processing parameters and ionic-transport data, while newer
multimodal and domain-specific systems extend this logic toward
knowledge synthesis, retrieval, and expert-facing research assis-
tance [60, 108-110]. These representative roles are summarized
in Figure 4, which first provides an author-designed framework
for extraction, reasoning, and execution systems (Figure 4a),
and then illustrates representative examples of literature evi-
dence curation (Figure 4b), SE-specific knowledge exploration
(Figure 4c), and autonomous experimental execution (Figure 4d).

Related SE-focused studies have also begun to combine database
construction, data mining, and LLM-assisted analysis to inter-
rogate ion-migration trends and design workflows, as illustrated
by the DDSE database-based viewpoints for Mg-ion SEs and by
recent data-LLM-physics workflows for hydride electrolytes [50,
60, 111, 112]. In this Perspective, we organize these contributions
into three progressively integrated system classes: extraction
systems, reasoning systems, and execution systems. This paper is

also consistent with recent SE-focused discussions of AI agents,
which describe SE-discovery systems in terms of perception,
reasoning, action, and learning, while noting that most current
implementations remain knowledge- and workflow-centered
rather than fully autonomous closed-loop platforms [2].

From the perspective of SE discovery, the importance of LLM-
based systems lies not only in workflow automation, but also in
the design principles they introduce for handling evidence. The
first is evidence normalization: conductivity, migration barriers,
synthesis conditions, and interfacial observations should not be
compared across the literature until their provenance, measure-
ment context, and reporting conventions have been aligned [50,
108, 109, 111, 113]. The second is validation-coupled reasoning:
literature-grounded suggestions are useful only when they are
linked to explicit downstream checks, such as screening criteria,
mechanistic simulations, or synthesis constraints, rather than
treated as free-form recommendations [48, 50, 114].

The third is execution-aware orchestration, in which expert
knowledge, tool use, and iterative feedback are organized
into machine-readable tasks that can be passed to simulation,
database, or experimental modules [115-118]. In this sense, LLMs
do not simply accelerate an existing workflow; they redefine
SE discovery as a provenance-aware, validation-aware, and
execution-aware design process. At present, however, this redefi-
nition should be understood as a methodological direction rather
than a mature autonomous capability, because most systems still
depend on incomplete data, domain heuristics, and downstream
human or physics-based verification [119].

Because these platforms combine language models with retrieval,
domain databases, predictive models, or physics-based tools,
their performance cannot be represented by a single, directly
comparable accuracy value. Table 2 therefore reports the native-
task evaluation used in each study, together with the applicable
domain, principal cost drivers, strengths, and limitations.

4.2 | Literature Extraction and Knowledge
Synthesis

The first practical contribution of LLM-enabled systems in SE
research is the conversion of dispersed literature into structured
evidence rather than direct materials invention [60, 108]. Early
SE-specific studies showed that both synthesis conditions and
ionic-conductivity records can be extracted systematically from
the literature, establishing that process variables and property
labels need not remain as isolated textual descriptions. This
literature-to-database logic is also consistent with recent SE-
focused data-driven viewpoints, which argue that broad and
harmonized electrolyte datasets are necessary if design-relevant
patterns are to be recognized beyond single reports [111].

A major bottleneck is that many of the most informative SE data
are not written explicitly in prose, but are buried in Arrhenius
plots, impedance figures, and process schematics. Multimodal
extraction systems address this limitation by jointly interpreting
figures, tables, and text and converting them into provenance-
aware structured outputs, which is especially relevant to SE
literature because figure-level information often carries the
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FIGURE 4 | LLM-enabled workflows for SE discovery. (a) Author-designed framework linking extraction systems, reasoning systems, and execution
systems through feedback. Extraction systems normalize evidence and audit literature-derived errors; reasoning systems convert structured evidence
into validation-aware proposals; execution systems connect agents, tools, and computational or experimental modules. (b) Conductivity-label curation
from solid-electrolyte literature, illustrating the construction of structured ionic-conductivity records [60]. (c) SE-specific knowledge exploration using
literature-derived LLZO dopant-conductivity relationships [48]. (d) Robotic synthesis and characterization in an autonomous materials laboratory of
MatSource Tech, illustrating how Al-guided materials selection can be connected to automated experimental execution.
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TABLE 2 | Task-aware comparison of representative language-model-enabled systems relevant to electrolyte and battery research.
Resource
System Primary task/ domain Reported evaluation information Scope/caveat
BatteryData- Structured extraction from BatteryBERT-cased F1 = Training with 8 X BERT-based text-mining
Extractor/Battery- battery literature 0.950/0.958/0.967 for A100 GPUs (~15 min toolkit rather than a
BERT abbreviation POS, ~1 h CNER, generative LLM; mainly
[110] detection/CNER/POS; relation ~ ~7 h abbreviation text-centric
extraction tested on 100 detection); inference

manually labelled records cost N.R.

DIVE [109] Multimodal Composite 8B verifier used 1 x Validated primarily on

figure-caption—-text
extraction; demonstrated
for solid-state
hydrogen-storage literature

RAG-based ASSB literature
Q&A, LLZO knowledge
exploration, data analysis,
and research assistance

ChatSSB [48]

Uni-Electrolyte Molecular electrolyte

Study-specific expert N.R.
evaluation score = 8.77/10

G2GT Top-1/Top-5 precursor

accuracy—completeness score = A6000; other models hydrogen-storage literature

87.21 versus 77.89 for direct  accessed by API; total

Gemini 2.5 Flash; 8B verifier
score = 84.6

rather than SEs
runtime/cost N.R.

Not a standardized
accuracy benchmark;
performance depends on
corpus and retrieval
quality; no direct physics or
experimental validation

End-to-end Metric evaluates the

[114] design, generation, accuracy = 0.529/0.725 versus ~ computational cost retrosynthesis module
retrosynthesis, and SEI  0.452/0.721 for ASKCOS on 100 N.R. rather than overall
reaction analysis molecules platform performance;
focuses on
molecular/liquid
electrolytes

Hydride
data-LLM-physics
workflow [50]

analysis coupled with
regression, ab initio
metadynamics, and global
structure search for
divalent hydride SEs

BatteryAgent [120] Multi-agent ASSB analysis
integrating retrieval,
extraction, calculation,
and visualization

Database-grounded LLM MetaD versus experiment R? = HPC used for ab initio
0.95; two-descriptor regression: metadynamics and evaluate physics/regression
R? =0.91(0.98 for one subset) structure search; total

Demonstrated through
material- and cell-level case
studies; standardized external
benchmark N.R.

Reported R? values

components, not LLM
wall time/cost N.R.  accuracy; hydride-specific

Runtime, token/API
cost, and hardware
requirements N.R.

No prospective
experimental closed-loop
validation; agent/tool
errors may propagate

Reported metrics are task- and dataset-specific and are not directly comparable across systems. CNER, chemical named-entity recognition; POS, part-of-speech

tagging; RAG, retrieval-augmented generation; N.R., not reported.

data needed for later comparison and screening [109]. Battery-
DataExtractor, a Python-based and battery-domain text-mining
toolkit built on the BatteryBERT language model, provides a
useful bridge between earlier rule-based extraction pipelines and
transformer-based materials informatics, while also highlighting
akey limitation of current literature mining: many important data
remain embedded in figures and tables and are therefore missed
by text-only extraction workflows [121].

To address the coupled challenges of figure-text synchronized
extraction and consistency between material names and their
associated properties [121], Zhang et al. proposed the Descriptive
Interpretation of Visual Expression, or DIVE, workflow. Rather
than sending the whole PDF directly to a model, DIVE separates
text and figures, and uses captions to locate key plots such as
pressure-composition-temperature curves (PCT) and discharge
curves [109, 122]. The selected figure, caption, and nearby text are

jointly read by a multimodal model. Prompt-guided conversion
rewrites the curve information as descriptive text and reinserts
it before final data extraction. This design helps preserve links
among compositions, conditions, and properties when values are
reported mainly in figures. In hydride papers, DIVE increased
extraction accuracy and completeness by about 10% to 15%
compared with commercial multimodal models and by more than
30% compared with open-source models. It was further used to
build the DigHyd database from more than 4000 publications,
containing over 30,000 entries. The workflow is also relevant to
SE literature, where ionic conductivity, E,, processing conditions,
and stability information are often scattered across text, tables,
Arrhenius plots, impedance spectra, and schematic figures.

Taken together, these studies define the extraction layer sum-
marized in Figure 4a and illustrated by the literature-derived
conductivity curation example in Figure 4b. At the same time, this
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layer is also where some of the main risks first appear. Extraction
errors, inconsistent reporting, and literature bias can all be
propagated downstream if the evidence base is treated as neutral
or complete [123, 124]. Recent commentary on SE migration-
barrier analysis sharpens this point further: in data-rich but
methodologically inconsistent areas, LLMs are most useful as
evidence-auditing tools for normalization, cohort construction,
and fair comparison before physics-based validation [113].

4.3 | Hypothesis Generation and
Validation-coupled Reasoning

The second layer of the workflow is best understood not as open-
ended “idea generation”, but as validation-coupled reasoning.
Once structured evidence has been assembled, the next task is to
convert it into constrained, expert-facing proposals that remain
anchored to downstream checks. In SE research, domain-specific
assistants such as ChatSSB illustrate this route by combining liter-
ature retrieval, expert knowledge, feedback, and visualization to
support question answering and research planning in solid-state
battery systems [48]. More generally, reasoning systems at this
layer help researchers compare material classes, organize trade-
offs, and prioritize candidate directions without yet claiming
autonomous decision-making.

This layer becomes more useful when the proposal is explicitly
tied to validation. Uni-Electrolyte provides a representative exam-
ple of an integrated AI workflow for electrolyte molecule design:
beyond candidate suggestion, it combines property prediction,
virtual screening, similarity search, molecular generation, ret-
rosynthetic analysis, and reaction-network reasoning to connect
molecular design with synthetic and chemical validation [114].
A more direct SE-related example is the recent framework for
divalent hydride SEs, which combines a curated database, LLM-
assisted insight generation, metadynamics, regression analysis,
and global structure search to identify candidate compositions
and evaluate them computationally [50]. Follow-up commentary
on this work makes the methodological point especially clearly:
the LLM does not replace first-principles modeling, but helps
normalize evidence, compare materials on a fair basis, and
prioritize where mechanistic validation should be applied [113].

Beyond SE-specific systems, cross-domain database linkage can
provide useful inspiration when different application fields share
the same underlying chemistry [37, 125]. Hydrides provide a
representative example. As highlighted in the renaissance of
hydrides as energy materials, hydrides are no longer limited to
hydrogen storage but have become relevant to electrochemical
energy storage, including SEs for mono- and divalent batteries
[126]. This connection suggests that hydrogen-storage-oriented
databases such as DigHyd can be linked with battery-oriented
resources such as DDSE/DigBat to support hydride SE discovery
[56, 127]. DigHyd records contain information such as dehy-
drogenation temperature, plateau pressure, and synthesis route,
whereas DDSE/DigBat organizes battery-relevant information
such as ionic conductivity, activation energy, and literature
source. Although hydrogen-storage descriptors are not direct
substitutes for ionic conductivity or electrochemical stability,
they can capture thermodynamic, kinetic, and structural fea-
tures relevant to hydride-electrolyte design. A validation-coupled

reasoning system could therefore search DigHyd for hydrides
with suitable stability, mild synthesis conditions, and chemically
flexible frameworks, and then compare them with DDSE/DigBat
records on ion transport and interfacial behavior. Hydrogen-
storage knowledge can thus serve as a chemically grounded
source of hypotheses for hydride SE discovery, while conductivity,
electrochemical, and computational validation remain essential.

4.4 | Multi-Agent AI Architecture and Reliability
Boundaries

The third layer begins when proposal-oriented systems are
coupled with specialized agents, external tools, and execution
modules. For SEs, BatteryAgent provides an ASSB-oriented
example: it organizes a team leader, material expert, cell expert,
and reviewer, and couples them with tools for knowledge
retrieval, experimental data extraction, cell-performance calcu-
lation, and visualization [120]. Instead of treating ASSB analysis
as a single prompt, this framework decomposes the problem
into material- and cell-level subproblems and reintegrates them
through reviewer validation and team-level coordination. This
design is consistent with broader multi-agent formulations in
which an orchestrator coordinates specialist agents, memory,
and feedback rather than relying on a single monolithic model
[116]. Accordingly, the central issue is not the proliferation of
named systems, but the emergence of execution frameworks that
translate structured reasoning into tool-linked actions.

Tool-mediated execution is the critical step. Cross-domain studies
such as ChemCrow [117] and Coscientist [118] show that LLM-
based systems can coordinate web searches, documentation
searches, code execution, and experimental automation, thereby
linking reasoning to action. These systems are not SE-specific,
and they should not be presented as if they were battery-domain
solutions; their value here is architectural. They define the
ingredients needed for an SE-oriented execution layer: specialist
agents, database and document interfaces, computation or code
modules, robotic execution, and validation loops. At the materials
level, A-Lab further shows how robotics, ab initio databases,
literature knowledge, ML, and active learning can be integrated
into a closed-loop platform for inorganic synthesis [115]. In early
2026, MatSource Tech, a Chinese startup, reported an Al-agent-
driven automated platform for SE synthesis and characterization
(Figure 4d), with a reported throughput of more than 100 samples
per day according to the company’s official website (https://
www.matsourceai.com). For SE discovery, such systems are best
regarded as execution prototypes rather than mature domain
solutions.

Across all three layers, reliability remains the central bottleneck.
Hallucinated citations or mechanism statements can distort
reasoning, literature bias can overrepresent well-studied Li-
based chemistries and positive results, extraction errors can
propagate into downstream screening, and data scarcity remains
acute for interfaces, grain boundaries, degradation pathways,
and failed experiments [119]. For SE research, this means that
LLM outputs should be treated as traceable, uncertainty-aware
intermediates rather than authoritative conclusions. Provenance
tracking, benchmark datasets, expert curation, and physics-based
validation are therefore not optional add-ons, but core design
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requirements for any serious LLM-enabled discovery workflow.
These constraints are especially important in SE research, where
sparse negative results, interfacial complexity, and inconsistent
reporting can make autonomous workflows appear more mature
than they actually are [128, 129].

A practical detection framework should operate at several levels.
At the source level, generated citations should be verified against
bibliographic metadata and the exact supporting passage. At
the claim level, complex outputs should be decomposed into
individual claims and checked against retrieved literature or
curated knowledge sources, with unsupported or contradictory
elements explicitly flagged [119]. At the materials level, deter-
ministic checks should examine composition and charge balance,
units, phase identity, measurement conditions, and consistency
with thermodynamic, transport, and electrochemical constraints.
Agreement across repeated generations or verifier agents may
provide a warning signal but cannot establish correctness.

Mitigation should combine curated and versioned retrieval,
claim-level provenance, tool-assisted checking, and explicit
abstention when evidence is missing or conflicting. Because
retrieval and multi-agent systems can still propagate shared
errors, high-impact outputs such as new compositions, mecha-
nistic claims, synthesis conditions, or autonomous experimental
actions should remain subject to expert review and, where appro-
priate, DFT, molecular-dynamics, or experimental validation [117,
118, 120].

5 | Closed-Loop SE Discovery

The discovery of SEs has traditionally relied on empirical explo-
ration and incremental compositional tuning, which becomes
increasingly inefficient as the accessible chemical, structural,
and processing space expands. Closed-loop, data-driven strategies
provide a more systematic alternative by connecting candi-
date generation, simulation-based evaluation, uncertainty-aware
selection, experimental validation, and model refinement into
an iterative discovery cycle [128, 130-132]. In such a workflow,
ML models trained on existing experimental and computational
datasets are first used to propose candidate materials with target
properties, such as high ionic conductivity, wide electrochemical
stability, or improved interfacial compatibility [133]. These candi-
dates are then evaluated using first-principles calculations, MD,
or MLIPs to assess phase stability, ion transport, and degradation
tendencies [134, 135]. Importantly, uncertainty quantification is
increasingly incorporated not only to estimate the reliability
of model predictions, but also to prioritize candidates that are
expected to provide the greatest informational gain [136-138].

5.1 | From Screening to Feedback-Driven
Discovery

The defining feature of closed-loop discovery is not high-
throughput screening alone, but feedback. Experimental vali-
dation of selected candidates not only tests model predictions
but also generates new data that can be reintegrated into the
training set, thereby refining the model and guiding the next
round of exploration [139]. This iterative process is particularly

valuable for SEs because the design space is high-dimensional
and strongly constrained by coupled requirements in transport,
stability, processability, and interfaces. A material predicted to
have high bulk ionic conductivity may still fail because of poor
synthesizability, unstable interfaces, limited solid-solution range,
or unfavorable processing behavior. Therefore, closed-loop SE
discovery should be viewed as a framework that informs and
progressively automates decision-making, rather than merely as a
faster screening pipeline. In current practice, it helps researchers
prioritize candidates, select validation experiments, and update
models from feedback; in more advanced autonomous labora-
tories, these decisions can be executed with minimal human
intervention under predefined scientific and safety constraints.

An early SE-specific example of Al-guided candidate prioritiza-
tion was reported by Sendek et al., who developed an ML model to
identify promising crystalline Li-ion conductors from more than
12 000 Li-containing compounds [140]. The model used structural
descriptors to estimate the likelihood of fast Li-ion conduction,
reducing the candidate space to a small subset for subsequent
DFT-MD evaluation. This workflow identified several potential
fast Li-ion conductors while also demonstrating that ML-guided
selection can outperform random screening and expert intuition
in the early stage of materials prioritization. Although this study
did not constitute a fully autonomous closed loop, it established
an important precursor to modern SE discovery workflows:
using data-driven models to reduce chemical search space before
applying expensive physics-based validation.

Descriptor-based learning has also been applied to the rational
design of Li-argyrodite SEs. Zhao et al. developed a quantita-
tive activation-energy prediction model and showed that anion
substitution can reduce E, by balancing lattice expansion and
bottleneck size under framework disorder [141]. Cation substi-
tution can further lower E, by inducing anion disorder, while
higher Li* content may activate concerted ion transport. These
results highlight the value of interpretable descriptors in linking
composition, local structure, and transport kinetics. At the same
time, the study also illustrates an important limitation of purely
predictive screening: promising compositions may not be exper-
imentally accessible because of solid-solution limits or synthesis
constraints. Incorporating synthesizability, solubility, and phase-
formation likelihood into future models will therefore be essential
for converting computational predictions into experimentally
actionable SE candidates.

5.2 | ML/HPC-Guided Discovery of Halide SEs

A representative example of ML/HPC-guided SE discovery is
the large-scale computational workflow reported by Chen et al.
(Figure 5a-c) [142]. By combining ML models with physics-
based calculations on cloud high-performance computing (HPC)
resources, this workflow screened more than 32 million can-
didates and predicted approximately half a million potentially
stable materials. As summarized in Figure 5a, the candidate pool
was narrowed through a funnel architecture that sequentially
considered Li content, electronic insulation, electrochemical
stability, thermodynamic stability, Li diffusivity, cost, mechanical
softness, density, and novelty. Li self-diffusivities at 800 and
1200 K were then compared for candidates passing the earlier
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FIGURE 5 | Al-guided workflows toward closed-loop SE discovery. Upper row: ML/HPC-guided discovery of inorganic SEs. (a) Large-scale
screening funnel used to narrow the candidate space by stability, electronic, electrochemical, diffusivity, cost, mechanical, and density filters. (b)

Diffusivity-based screening of 583 candidates using Li self-diffusivity at 800 a

nd 1200 K, grouped by anion type. (c) Experimental validation of the NLYC

series, showing composition-dependent ionic conductivity at 100°C and activation energy. (d) Al-assisted identification of MOF SE candidates from

literature and database-derived information. (e) Comparison of ligand functional groups in candidate MOFs and known MOF SEs. (f) Crystal structure of
NOTT-400. (g) TEM image of NOTT-400. (h) Nyquist plot showing room-temperature ionic conductivity of NOTT-400. Panels (a-c) reproduced/adapted

from Ref. [142]; panels (d-h) reproduced/adapted from Ref. [49].

filters (Figure 5b), allowing materials with relatively low Li
migration barriers to be prioritized.

This screening strategy identified several rare-earth halide can-
didates, including LisYClg, Li;Y,Cl;;, Na,LiYCls, and a Pna2,
polymorph of Li; YCl,. The Na, Li; , YCI, (0 < x < 3) (NLYC) series
was subsequently synthesized and experimentally characterized,

revealing how Na/Li composition affects crystal structure, ionic
conductivity, and activation energy (Figure 5c). This study
demonstrates the power of integrating ML-based screening,
physics-based filtering, HPC-scale computation, and experimen-
tal validation. At the same time, it remains closer to sequential
high-throughput screening followed by targeted validation than
to a fully autonomous closed-loop system. A key next step is
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therefore to use experimental outcomes not only as end-point
confirmation, but also as feedback to update models, refine
uncertainty estimates, and guide the next discovery cycle.

Importantly, 583 of 771 candidates passing the ML-based redox
filters also passed the subsequent DFT energy-above-the-convex-
hull (Ey,;) stability filter, corresponding to a 75.6% passing rate
at this intermediate stage [142]. However, only a subset of the
final candidates was experimentally tested, and some predicted
compositions or structures were not reproduced exactly. Such
false positives can arise because ML-predicted stability and Ej,;
are imperfect proxies for synthesizability and do not fully capture
polymorphism, disorder, kinetic barriers, competing phases, or
synthesis conditions [142]. Experimental validation therefore
remains essential after large-scale screening.

5.3 | LLM-Guided Mining of MOF SEs

LLMs provide another route toward closed-loop SE discovery by
transforming unstructured literature into searchable and model-
usable knowledge. Zhang et al. used LLM-assisted literature min-
ing and representation clustering to identify MOF SE candidates
from MOF datasets and existing SE literature (Figure 5d-h) [49].
In this workflow, LLM-based extraction was used to construct
an MOF SE dataset, while candidate MOFs were compared with
known MOF SEs through structural and chemical descriptors.
A rule-based strategy further converted ligand functional groups
into usable descriptors, enabling comparison between candidate
MOFs and reported MOF SEs (Figure 5e). Among the screened
candidates, NOTT-400 was consistently co-clustered with studied
MOF SEs and was therefore selected for experimental validation.

Experimental results confirmed the feasibility of NOTT-400 as
an SE. Its crystal structure is shown in Figure 5f, and TEM
revealed flower-like particle assemblies formed from rod-like
building units (Figure 5g). Electrochemical impedance spec-
troscopy demonstrated an RT ionic conductivity of 3.1 x 10~*
S cm™, comparable to previously investigated MOF SEs within
the same cluster (Figure 5h). This study is significant because it
demonstrates how LLMs can contribute to SE discovery not by
replacing physical models, but by organizing dispersed literature
knowledge and enabling representation-based search in under-
explored materials spaces. As MOF and SE databases continue
to expand, similar workflows could identify additional high-
potential candidates that are difficult to locate through manual
literature screening.

Taken together, these studies indicate that closed-loop SE discov-
ery is evolving along three complementary directions: descriptor-
based optimization, large-scale ML-physics screening, and LLM-
assisted knowledge mining. Each direction addresses a different
bottleneck. Descriptor-based models improve interpretability and
provide mechanistic links between composition and transport.
ML-physics workflows expand the searchable chemical space
while retaining physical filters. LLM-assisted approaches reduce
knowledge fragmentation and enable discovery in literature-rich
but structurally diverse materials classes. The central challenge
is to merge these directions into a single adaptive workflow in
which candidate generation, physical evaluation, experimental
validation, and data curation continuously inform one another.

Overall, closed-loop methodologies mark a transition from
empirical optimization toward predictive, data-centric, and self-
improving SE discovery. Their future impact will depend less
on the speed of screening alone than on the quality of
feedback, the reliability of input data, and the inclusion of
practical constraints such as synthesizability, processing com-
patibility, interfacial stability, and reproducibility. Continued
progress in uncertainty-aware learning, multiscale simulation,
high-throughput experimentation, and autonomous data capture
is expected to accelerate the rational discovery of next-generation
SEs.

5.4 | AlI-Assisted 3D Printing for SE
Manufacturing

Al-assisted manufacturing is an important extension of closed-
loop SE research, particularly through 3D printing. Unlike
conventional powder pressing, tape casting, or slurry coating,
3D printing can encode geometry, porosity, interfacial area, and
compositional gradients directly into SE architecture. This is
especially relevant for ceramic oxide SEs, where ionic trans-
port, mechanical integrity, and electrode-electrolyte contact are
strongly coupled to processing history. Representative studies
have demonstrated 3D-printed LLZO, LAGP, and hybrid polymer-
ceramic SEs with grid-like, corrugated, scaffold, or bicontinuous
structures, showing how 3D printing can improve interfacial
contact, reduce transport tortuosity, and enable mechanically
compliant architectures [10]. SE printing is intrinsically data-
intensive. Printable SE inks must balance SE loading, viscosity,
shear-thinning behavior, curing or sintering compatibility, phase
stability, and ionic conductivity. These coupled constraints make
3D printing a natural target for Al-assisted optimization, includ-
ing ML models, Bayesian optimization, and generative design
for identifying printable formulation windows and process—
structure-property relationships. At the manufacturing and
architecture level, topology optimization (TO), which optimizes
material layout or geometry under physical constraints [143],
could further support the design of printable SE-containing
architectures.

6 | Outlook: Toward Autonomous SE Laboratories

The emergence of Al, autonomous experimentation, and data-
centric materials science is rapidly reshaping the discovery
paradigm for SEs. Conventional SE research has long relied on
labor-intensive trial-and-error workflows involving iterative syn-
thesis, characterization, and electrochemical testing. Although
this approach has led to remarkable advances in oxide, sul-
fide, halide, polymer, and hydride electrolytes, the pace of
discovery remains constrained by the enormous compositional
space and the complexity of ion transport mechanisms. Future
progress will increasingly depend on whether SE research can
evolve from isolated experimental studies toward integrated
autonomous laboratories in which databases, AI models, robotics,
simulations, and real-time characterization are interconnected
through closed-loop workflows. Such systems could contin-
uously learn from both successful and failed experiments,
enabling accelerated optimization and more reliable materials
discovery.
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lithium systems.

6.1 | Standardization and FAIR Data

A foundational requirement for this transition is the establish-
ment of standardized and FAIR SE data infrastructures. As
discussed in recent research pertaining to data reliability in SE,
ionic conductivity data are particularly vulnerable to ambiguity
because transport properties are strongly dependent on tempera-
ture, measurement protocols, unit conventions, microstructure,
and processing history [144]. Even subtle inconsistencies in
conductivity reporting, Arrhenius fitting, or annotation can prop-
agate into curated databases and downstream ML workflows,
introducing structured label noise and reducing the reliability of
Al-driven predictions. Therefore, future SE databases must evolve
beyond static collections of conductivity values toward context-
preserving infrastructures that retain experimental provenance,
processing parameters, measurement conditions, and uncer-
tainty information.

Figure 6 illustrates this transition from conventional literature-
centered workflows toward autonomous SE laboratories. In
traditional workflows, experimental data are reported pri-
marily for human interpretation, often with heterogeneous
formats and incomplete metadata. By contrast, autonomous
laboratories require machine-readable and interoperable data

streams in which synthesis parameters, electrochemical mea-
surements, structural characterization, and computational out-
puts are continuously integrated. Such infrastructures will
require community-wide standardization of conductivity report-
ing, including explicit definitions of plotted quantities, unit
conventions, fitting ranges, stack pressure, pellet density, elec-
trode configuration, and measurement temperature. Importantly,
future databases should preserve not only final standardized
conductivity values but also the original experimental context and
curation history, thereby enabling traceability and uncertainty-
aware Al modeling.

6.2 | Interface-Aware Al

Interface-aware Al is beginning to emerge in solid-state battery
research, although current implementations address individual
aspects of interfacial behavior rather than providing a unified
framework that integrates chemistry, mechanics, morphology,
electrochemical state, and experimental feedback. At the atom-
istic level, validated MLIPs have enabled large-scale simulations
of LLZO/LiCoO, interfaces, revealing interfacial disordering,
cation mixing, and Co interdiffusion [43]. Long-timescale MLIP
simulations across LiCoO, interfaces with sulfide, chloride, and
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oxide SEs further identified interfacial reactions, Li-depleted
regions, and cation interdiffusion as distinct kinetic origins of
interfacial impedance [97].

Recent studies have extended this approach toward mechanical
and multiscale interface behavior. Fine-tuned MLIPs combined
with steered molecular dynamics were used to evaluate 36 cath-
ode/SE interfaces in Na-based solid-state batteries, directly quan-
tifying orientation-dependent adhesion, separation, and interfa-
cial failure [46]. Similarly, multiscale modeling of LiCoO,/LGPS
interfaces showed that suppressing cation interdiffusion through
a protective interlayer can introduce a competing mechanical
penalty associated with delamination, illustrating the need to
optimize chemical and mechanical stability simultaneously [98].

Interface-aware learning is also beginning to incorporate exper-
imental observables. Li et al. transformed multimodal X-ray
images of solid-state composite cathodes into topology-aware
graphs using ML-based segmentation, linking triple-phase junc-
tions and concurrent ionic/electronic pathways to local elec-
trochemical activity [145]. In parallel, Warren et al. combined
in situ impedance spectroscopy with interpretable ML to track
electrochemical-state evolution in sulfide solid-state batteries and
relate impedance features to cathode- and anode-side interfacial
degradation [146]. These examples broaden interface-aware Al
beyond atomistic prediction toward experimentally grounded
microstructural and electrochemical diagnostics.

Nevertheless, these capabilities remain largely disconnected.
To our knowledge, no published system yet integrates atom-
istic interface dynamics, microstructural imaging, spectroscopy,
impedance, mechanical evolution, and electrochemical feedback
into a unified autonomous interface-design loop. We therefore
present the interface-aware Al concept in Figure 6 as a forward-
looking framework proposed in this Perspective, built upon
these emerging capabilities. A mature implementation should
connect multimodal experimental data with MLIPs, microstruc-
tural representations, and uncertainty-aware learning to relate
interfacial structure and evolution directly to degradation and cell
performance across length and time scales.

6.3 | Autonomous SE Discovery Beyond Lithium

The future of autonomous SE laboratories will also extend
far beyond lithium-based systems. Although lithium-ion con-
ductors currently dominate SE research, growing concerns
regarding lithium resource availability, cost, safety, and large-
scale energy storage requirements are accelerating interest in
sodium-ion, potassium-ion, magnesium-ion, calcium-ion, pro-
ton, and other multivalent-ion conductors. These emerging
systems introduce fundamentally different transport mecha-
nisms, defect chemistries, and electrochemical constraints that
cannot simply be extrapolated from lithium analogues. For
example, sodium superionic conductors often exhibit stronger
structural flexibility and distinct grain-boundary behavior, while
hydride and borohydride electrolytes display highly anharmonic
lattice dynamics and complex rotational disorder. Multivalent
systems further introduce correlated ion migration and stronger
Coulombic interactions, which remain poorly understood.

In this regard, Al-assisted discovery may be especially valuable
beyond Li, where experimentally accessible datasets remain
relatively sparse. Concrete examples are beginning to emerge.
Lee et al. screened 4375 hypothetical Na-based argyrodites
using DFT, multidimensional candidate selection, graph-based
ML, and AIMD, narrowing the space to 15 candidates and
identifying five with promising Na-ion conductivity [147]. Data-
driven approaches have likewise been applied to Mg-ion SEs'!
and divalent hydride electrolytes [50]. Although these studies
remain largely computational or data-driven rather than fully
autonomous, they demonstrate how Al can efficiently explore
poorly sampled chemical spaces.

The next step is to couple chemistry-specific datasets and pre-
dictive models with active learning, high-throughput synthesis,
robotics, and operando characterization, allowing experimental
outcomes to continuously update candidate selection. Impor-
tantly, this should not simply involve transferring Li-trained
models to other ions: differences in ionic size, valence, coordina-
tion chemistry, defect formation, and electrochemical constraints
require chemistry-specific representations and validation strate-
gies. Such closed-loop approaches could progressively expand
sparse beyond-Li datasets while directing experiments toward the
most informative and promising regions of chemical space.

6.4 | Digital Battery Ecosystem

More broadly, future SE development should be organized
as a digital materials ecosystem connecting literature-derived
databases, high-throughput experiments, simulations, operando
characterization, expert knowledge, and AI agents through
shared data standards and feedback loops. Recent concepts such
as the Materials Bank and digital materials ecosystem provide
concrete frameworks for transforming fragmented materials data
into reusable knowledge and connecting databases with Al-
assisted discovery and experimental validation [148, 149]. At a
more operational level, BattINFO Converter demonstrates how
battery metadata can be transformed into ontology-compliant,
machine-readable linked data, providing a practical foundation
for FAIR and interoperable digital workflows [150]. In such an
ecosystem, each component should not only support downstream
prediction or validation but also return new evidence, uncertainty
estimates, failed trials, and mechanistic insights to a shared
knowledge base. This continuously updated infrastructure could
enable data generation, model learning, experimental validation,
and knowledge refinement to reinforce one another, moving SE
research from case-by-case discovery toward community-scale,
self-improving materials innovation [150].

Ultimately, the long-term vision of autonomous SE laboratories
is not to replace human researchers, but to augment scientific
reasoning through tighter integration between experiments, data
infrastructures, AI models, and physical understanding. In this
ecosystem, human researchers will remain essential for defin-
ing meaningful scientific questions, setting design constraints,
interpreting mechanisms, judging unexpected results, ensuring
ethical and safe operation, and deciding which autonomous
outputs deserve further pursuit. The future competitiveness of
SE research may depend not only on discovering individual
high-performance materials but also on establishing trustworthy,

18 0f 23

Advanced Materials, 2026

85U8017 SUOWILLIOD aAITea1D) 8|t jdde ayy Aq peusenob are sajo e VO ‘8sN JO s3I 10} ARIq1T8UIUO A8]IA UO (SUOIPUOD-PUe-SUWLBILI0D A8 | ARe.d1[Bu[UO//:SANL) SUORIPUOD Pue swe 1 8y} 88S *[9202/0T/0z] Uo AkeiqiTauliuo Ajim ‘@16ojouyde 1 Ind niisul eynsied Aq ¥SeS. ewpe/zo0T 0T/I0p/wo0 A8 | im Afeldjeul U0 peoueApe//sdny Woij pepeojumod ‘0 ‘Se0rTZST



interoperable, and continuously learning research ecosystems
capable of transforming scientific literature into active engines for
autonomous discovery.

Author Contributions

Eric Jianfeng Cheng: investigation, conceptualization, writing — orig-
inal draft, funding acquisition, visualization, project administration,
data curation, validation, formal analysis. Min Hong: investigation,
visualization, writing - original draft, formal analysis, data curation.
Zhiquan Zeng: investigation, visualization, writing — original draft,
formal analysis, data curation. Chuanyu Liu: investigation, writing —
original draft, visualization, formal analysis, data curation. Qian Wang:
investigation, writing - original draft, visualization, formal analysis, data
curation. Melissa Jane Meadowecroft: writing — review and editing.
Vlad Badilita: writing - original draft, validation. Carlos Miguel Costa:
validation. Senentxu Lanceros-méndez: validation. Ying Li: writing
- review and editing, validation. Chenyao Ma: writing - review and
editing. Weibo Gong: writing — review and editing. Surendra Kumar
Martha: validation. Aloysius Soon: writing - review and editing. Piao
Ma: visualization, writing — original draft. Di Zhang: writing - original
draft. Teguh Ariyanto: writing — review and editing. Hiroshi Kak-
inuma: validation, resources. Jie Zhao: validation. Jiayu Peng: writing
- original draft, visualization, investigation, formal analysis. Pengfei Ou:
investigation, writing — original draft, validation, formal analysis. Jun Lu:
validation, resources. Shin-ichi Orimo: resources, validation. Hao Li:
writing - review and editing, project administration, conceptualization,
funding acquisition.

Acknowledgements

This work was supported by the JST Strategic International Collaborative
Research Program (SICORP; Grant No. JPMJSC25E2), the Institute for
Materials Research, Tohoku University (GIMRT Program, Proposal No.
202512-CRKKE-0212), JSPS KAKENHI (Grant Nos. JP25H01508 and
JP25K01737), and the AY 2025-2026 TUMUG Research Staff Support
Program.

Conflicts of Interest

The authors declare no conflicts of interest.

Data Availability Statement

The data that support the findings of this study are openly avail-
able in arXiv at https://arxiv.org/abs/2606.24480, reference number
arXiv:2606.24480.

References

1. E. J. Cheng, H. Duan, M. J. Wang, et al., “Li-Stuffed Garnet Solid
Electrolytes: Current Status, Challenges, and Perspectives for Practical Li-
metal Batteries,” Energy Storage Materials 75 (2025): 103970, https://doi.
0rg/10.1016/j.ensm.2024.103970.

2. Q. Wang, R. Sato, R. Garcia-Méndez, et al., “AI Agents for Solid
Electrolytes: Opportunities, Challenges, and Future Directions,” Al Agent
1(2025): 10, https://doi.org/10.20517/aiagent.2025.10.

3. T. Famprikis, P. Canepa, J. A. Dawson, M. S. Islam, and C. Masquelier,
“Fundamentals of Inorganic Solid-State Electrolytes for Batteries,” Nature
Materials 18 (2019): 1278-1291, https://doi.org/10.1038/s41563-019-0431-3.

4. A. Manthiram, X. Yu, and S. Wang, “Lithium Battery Chemistries
Enabled by Solid-State Electrolytes,” Nature Reviews Materials 2 (2017):
16103, https://doi.org/10.1038/natrevmats.2016.103.

5. S. Naskar, J. Qin, and E. J. Cheng, “Solid and Quasi-Solid Electrolytes
for Zinc Batteries: Balancing Water Activity, Ion Transport, and Inter-

faces,” arXiv:2608.29586 (2026), https://doi.org/10.48550/ARXIV.2608.
29586.

6. E. J. Cheng, T. Yang, Y. Liu, et al., “Correlation Between Mechanical
Properties and Ionic Conductivity of Polycrystalline Sodium Superi-
onic Conductors: A Relative Density-Dominant Relationship,” Materials
Today Energy 44 (2024): 101644, https://doi.org/10.1016/j.mtener.2024.
101644.

7. M. Shoji, E. J. Cheng, T. Kimura, and K. Kanamura, “Recent Progress
for All Solid State Battery Using Sulfide and Oxide Solid Electrolytes,”
Journal of Physics D: Applied Physics 52 (2019): 103001, https://doi.org/10.
1088/1361-6463/aaf7e2.

8. Q. Zhao, S. Stalin, C.-Z. Zhao, and L. A. Archer, “Designing Solid-State
Electrolytes for Safe, Energy-Dense Batteries,” Nature Reviews Materials 5
(2020): 229-252, https://doi.org/10.1038/s41578-019-0165-5.

9. V. Raj, Y. Wang, M. Feng, et al., “Grain Boundary Zirconia-Modified
Garnet Solid-state Electrolyte,” Nature Materials 25 (2026): 249-258,
https://doi.org/10.1038/s41563-025-02374-9.

10. J. Wei, S. Deebansok, X. He, et al., “3D Printing in Lithium Battery
Manufacturing: Opportunities, Challenges, and Perspectives,” Materials
Science and Engineering: R: Reports 170 (2026): 101211, https://doi.org/10.
1016/j.mser.2026.101211.

11. J. B. Goodenough and K.-S. Park, “The Li-Ion Rechargeable Battery:
A Perspective,” Journal of the American Chemical Society 135 (2013): 1167—
1176, https://doi.org/10.1021/ja3091438.

12. M. Hong, Q. Dong, H. Xie, et al., “Ultrafast Sintering of Solid-State
Electrolytes With Volatile Fillers,” ACS Energy Letters 6 (2021): 3753-3760,
https://doi.org/10.1021/acsenergylett.1c01554.

13. W. Zhao, J. Yi, P. He, and H. Zhou, “Solid-State Electrolytes for
Lithium-ion Batteries: Fundamentals, Challenges, and Perspectives,”
Electrochemical Energy Reviews 2 (2019): 574-605, https://doi.org/10.1007/
$41918-019-00048-0.

14. X.Ji, S. Hou, P. Wang, et al., “Solid-State Electrolyte Design for Lithium
Dendrite Suppression,” Advanced Materials 32 (2020): 2002741, https://
doi.org/10.1002/adma.202002741.

15. C. Wang, J. T. Kim, C. Wang, and X. Sun, “Progress and Prospects
of Inorganic Solid-State Electrolyte-Based All-Solid-State Pouch Cells,”
Advanced Materials 35 (2023): 2209074, https://doi.org/10.1002/adma.
202209074.

16. E. J. Cheng, Y. Kushida, T. Abe, and K. Kanamura, “Degradation
Mechanism of All-Solid-State Li-Metal Batteries Studied by Electrochem-
ical Impedance Spectroscopy,” ACS Applied Materials & Interfaces 14
(2022): 40881-40889, https://doi.org/10.1021/acsami.2c09841.

17. E. J. Cheng, K. Nishikawa, T. Abe, and K. Kanamura, “Polymer-
in-Ceramic Flexible Separators for Li-ion Batteries,” Ionics 28 (2022):
5089-5097, https://doi.org/10.1007/s11581-022-04752-8.

18. D. Wang, L.-J. Jhang, R. Kou, et al., “Realizing High-capacity All-solid-
State Lithium-Sulfur Batteries Using a Low-Density Inorganic Solid-State
Electrolyte,” Nature Communications 14 (2023): 1895, https://doi.org/10.
1038/s41467-023-37564-z.

19. C. Wang, K. Fu, S. P. Kammampata, et al., “Garnet-Type Solid-State
Electrolytes: Materials, Interfaces, and Batteries,” Chemical Reviews 120
(2020): 4257-4300, https://doi.org/10.1021/acs.chemrev.9b00427.

20. X. Huang, T. Li, W. Fan, R. Xiao, and X.-B. Cheng, “Challenges and
Solutions of Solid-State Electrolyte Film for Large-Scale Applications,”
Advanced Energy Materials 14 (2024): 2303850, https://doi.org/10.1002/
aenm.202303850.

21. Y.-L. Liao, X.-L. Wang, H. Yuan, et al., “Ultrafast Li-Rich Transport
in Composite Solid-State Electrolytes,” Advanced Materials 37 (2025):
2419782, https://doi.org/10.1002/adma.202419782.

22. X. Gao, Z. Xing, M. Wang, et al., “Comprehensive Insights Into Solid-
state Electrolytes and Electrode-Electrolyte Interfaces in All-Solid-State
Sodium-Ion Batteries,” Energy Storage Materials 60 (2023): 102821, https://
doi.org/10.1016/j.ensm.2023.102821.

Advanced Materials, 2026

19 of 23

85U8017 SUOWILLIOD aAITea1D) 8|t jdde ayy Aq peusenob are sajo e VO ‘8sN JO s3I 10} ARIq1T8UIUO A8]IA UO (SUOIPUOD-PUe-SUWLBILI0D A8 | ARe.d1[Bu[UO//:SANL) SUORIPUOD Pue swe 1 8y} 88S *[9202/0T/0z] Uo AkeiqiTauliuo Ajim ‘@16ojouyde 1 Ind niisul eynsied Aq ¥SeS. ewpe/zo0T 0T/I0p/wo0 A8 | im Afeldjeul U0 peoueApe//sdny Woij pepeojumod ‘0 ‘Se0rTZST


https://arxiv.org/abs/2606.24480
https://doi.org/10.1016/j.ensm.2024.103970
https://doi.org/10.20517/aiagent.2025.10
https://doi.org/10.1038/s41563-019-0431-3
https://doi.org/10.1038/natrevmats.2016.103
https://doi.org/10.48550/ARXIV.2608.29586
https://doi.org/10.1016/j.mtener.2024.101644
https://doi.org/10.1088/1361-6463/aaf7e2
https://doi.org/10.1038/s41578-019-0165-5
https://doi.org/10.1038/s41563-025-02374-9
https://doi.org/10.1016/j.mser.2026.101211
https://doi.org/10.1021/ja3091438
https://doi.org/10.1021/acsenergylett.1c01554
https://doi.org/10.1007/s41918-019-00048-0
https://doi.org/10.1002/adma.202002741
https://doi.org/10.1002/adma.202209074
https://doi.org/10.1021/acsami.2c09841
https://doi.org/10.1007/s11581-022-04752-8
https://doi.org/10.1038/s41467-023-37564-z
https://doi.org/10.1021/acs.chemrev.9b00427
https://doi.org/10.1002/aenm.202303850
https://doi.org/10.1002/adma.202419782
https://doi.org/10.1016/j.ensm.2023.102821

23.Y. Ma, Y. Qiu, K. Yang, et al., “Competitive Li-Ion Coordination for
Constructing a Three-Dimensional Transport Network to Achieve Ultra-
High Ionic Conductivity of a Composite Solid-State Electrolyte,” Energy
& Environmental Science 17 (2024): 8274-8283, https://doi.org/10.1039/
D4EE03134B.

24. L. Hu,J. Wang, K. Wang, et al., “A Cost-Effective, Ionically Conductive
and Compressible Oxychloride Solid-State Electrolyte for Stable All-Solid-
State Lithium-Based Batteries,” Nature Communications 14 (2023): 3807,
https://doi.org/10.1038/s41467-023-39522-1.

25. W. Yang, Y. Liu, X. Sun, Z. He, P. He, and H. Zhou, “Solvation-
Tailored PVDF-Based Solid-State Electrolyte for High-Voltage Lithium
Metal Batteries,” Angewandte Chemie International Edition 63 (2024):
202401428, https://doi.org/10.1002/anie.202401428.

26. Y. Kato, S. Hori, T. Saito, et al., “High-Power All-Solid-State Batteries
Using Sulfide Superionic Conductors,” Nature Energy 1 (2016): 16030,
https://doi.org/10.1038/nenergy.2016.30.

27. M. Tatsumisago, M. Nagao, and A. Hayashi, “Recent Development
of Sulfide Solid Electrolytes and Interfacial Modification for All-solid-
State Rechargeable Lithium Batteries,” Journal of Asian Ceramic Societies
1(2013): 17-25, https://doi.org/10.1016/j.jascer.2013.03.005.

28.J. C. Bachman, S. Muy, A. Grimaud, et al., “Inorganic Solid-State
Electrolytes for Lithium Batteries: Mechanisms and Properties Governing
Ion Conduction,” Chemical Reviews 116 (2016): 140-162, https://doi.org/10.
1021/acs.chemrev.5b00563.

29. M. Muzakir, K. Manickavasakam, E. J. Cheng, et al., “Inorganic Solid
Electrolytes for All-Solid-State Lithium/Sodium-Ion Batteries: Recent
Developments and Applications,” Journal of Materials Chemistry A 13
(2025): 73-135, https://doi.org/10.1039/D4TA06117A.

30.J. Qiu, X. Liu, R. Chen, et al., “Enabling Stable Cycling of 4.2 V
High-Voltage All-Solid-State Batteries With PEO-Based Solid Electrolyte,”
Advanced Functional Materials 30 (2020): 1909392, https://doi.org/10.
1002/adfm.201909392.

3l. L. G. Balzat, R. Calaminus, Y. Zhao, et al., “Optimize Before
You Synthesize—Enhancing the Ionic Conductivity of Li; SiPSg Using
Bayesian Optimization,” Angewandte Chemie International Edition 138
(2026): 5778118, https://doi.org/10.1002/anie.5778118.

32.S. Randau, D. A. Weber, O. Kétz, et al., “Benchmarking the Per-
formance of All-Solid-State Lithium Batteries,” Nature Energy 5 (2020):
259-270, https://doi.org/10.1038/s41560-020-0565-1.

33. E. O. Pyzer-Knapp, J. W. Pitera, P. W. J. Staar, et al., “Accelerating
Materials Discovery Using Artificial Intelligence, High Performance
Computing and Robotics,” npj Computational Materials 8 (2022): 84,
https://doi.org/10.1038/s41524-022-00765-z.

34. A. K. Cheetham and R. Seshadri, “Artificial Intelligence Driving
Materials Discovery? Perspective on the Article: Scaling Deep Learning
for Materials Discovery,” Chemistry of Materials 36 (2024): 3490-3495,
https://doi.org/10.1021/acs.chemmater.4c00643.

35. B. Madika, A. Saha, C. Kang, et al.,, “Artificial Intelligence for
Materials Discovery, Development, and Optimization,” ACS Nano 19
(2025): 27116-27158, https://doi.org/10.1021/acsnano.5c04200.

36. J. M. Gregoire, L. Zhou, and J. A. Haber, “Combinatorial Synthesis
for AI-Driven Materials Discovery,” Nature Synthesis 2 (2023): 493-504,
https://doi.org/10.1038/s44160-023-00251-4.

37.Y. Wang, Q. Wang, S.-H. Jang, E. J. Cheng, and H. Li, “Discovering
New Materials Knowledge From “Old Data”,” Chemical Communications
62 (2026): 9536-9549, https://doi.org/10.1039/D6CCO1716A.

38. E. J. Cheng, A. Sharafi, and J. Sakamoto, “Intergranular Li Metal
Propagation Through Polycrystalline Lig ,5A) 25La3Zr, 01, Ceramic Elec-
trolyte,” Electrochimica Acta 223 (2017): 85-91, https://doi.org/10.1016/j.
electacta.2016.12.018.

39.Y. Yang, S. Yang, X. Xue, et al., “Inorganic All-Solid-State Sodium
Batteries: Electrolyte Designing and Interface Engineering,” Advanced
Materials 36 (2024): 2308332, https://doi.org/10.1002/adma.202308332.

40. H. Wan, Z. Wang, W. Zhang, X. He, and C. Wang, “Interface Design
for All-Solid-State Lithium Batteries,” Nature 623 (2023): 739-744, https://
doi.org/10.1038/541586-023-06653-w.

41.J. Hou, J. Zhang, S. Wu, et al., “Advanced Design and Characteriza-
tion of Polyether-Based Solid-State Electrolytes for High-Energy-Density
Lithium Batteries,” Advanced Materials 38 (2026): 15430, https://doi.org/
10.1002/adma.202515430.

42. A. Hajibabaei and K. S. Kim, “Universal Machine Learning Inter-
Atomic Potentials: Surveying Solid Electrolytes,” Journal of Physical
Chemistry Letters 12 (2021): 8115-8120, https://doi.org/10.1021/acs.jpclett.
1c01605.

43. K. Kim, N. Adelstein, A. Dive, et al., “Probing Degradation at Solid-
state Battery Interfaces Using Machine-Learning Interatomic Potential,”
Energy Storage Materials 73 (2024): 103842, https://doi.org/10.1016/j.ensm.
2024.103842.

44. A. C. Dutra, B. A. Goldmann, M. S. Islam, and J. A. Dawson, “Under-
standing Solid-State Battery Electrolytes Using Atomistic Modelling and
Machine Learning,” Nature Reviews Materials 10 (2025): 566-583, https://
doi.org/10.1038/s41578-025-00817-y.

45. X. Guo, Z. Wang, J.-H. Yang, and X.-G. Gong, “Machine-Learning
Assisted High-Throughput Discovery of Solid-State Electrolytes for Li-
Ion Batteries,” Journal of Materials Chemistry A 12 (2024): 10124-10136,
https://doi.org/10.1039/D4TA00721B.

46. W. Shin and K. Min, “Machine Learning Interatomic Potential
Enables Interface-Level Insights Into Cathode/Solid Electrolyte Adhesion
in Sodium-Ion Batteries,” Journal of Energy Storage 154 (2026): 121104,
https://doi.org/10.1016/j.est.2026.121104.

47. D. Guo, D. Yang, H. Zhang, et al., “DeepSeek-R1 Incentivizes Rea-
soning in LLMs Through Reinforcement Learning,” Nature 645 (2025):
633-638, https://doi.org/10.1038/541586-025-09422-z.

48.Y. Leng, Y. Zhong, Z. Gu, et al., “Intelligent, Personalized Sci-
entific Assistant via Large Language Models for Solid-State Battery
Research,” ACS Materials Letters 7 (2025): 1807-1816, https://doi.org/10.
1021/acsmaterialslett.4c02674.

49.]. Zhang, J. Li, G. Zhao, Q. Wang, Y.-G. Guo, and C. Yang, “Min-
ing Solid-State Electrolytes From Metal-Organic Framework Databases
Through Large Language Models and Representation Clustering,” Jour-
nal of the American Chemical Society 147 (2025): 40496-40506, https://doi.
org/10.1021/jacs.5¢12212.

50. Q. Wang, F. Yang, Y. Wang, et al., “Unraveling the Complexity
of Divalent Hydride Electrolytes in Solid-State Batteries via a Data-
Driven Framework With Large Language Model,” Angewandte Chemie
International Edition 64 (2025): 202506573, https://doi.org/10.1002/anie.
202506573.

51.B. D. Lund and T. Wang, “Chatting About ChatGPT: How
May AI and GPT Impact Academia and Libraries?,” Library Hi
Tech News 40 (2023): 26-29, https://doi.org/10.1108/LHTN-01-2023-
0009.

52. A. Jain, S. P. Ong, G. Hautier, et al., “Commentary: The Materi-
als Project: A Materials Genome Approach to Accelerating Materials
Innovation,” APL Materials 1 (2013): 011002, https://doi.org/10.1063/1.
4812323.

53. S. Kirklin, J. E. Saal, B. Meredig, et al., “The Open Quantum Materials
Database (OQMD): Assessing the Accuracy of DFT Formation Energies,”
npj Computational Materials 1 (2015): 15010, https://doi.org/10.1038/
npjcompumats.2015.10.

54. C. J. Hargreaves, M. W. Gaultois, L. M. Daniels, et al., “A Database
of Experimentally Measured Lithium Solid Electrolyte Conductivities
Evaluated With Machine Learning,” npj Computational Materials 9
(2023): 9, https://doi.org/10.1038/s41524-022-00951-z.

55. F. Yang, Q. Wang, E. J. Cheng, D. Zhang, and H. Li, “User Instructions
for the Dynamic Database of Solid-State Electrolyte 2.0 (DDSE 2.0),”
Computers, Materials, and Continua 81 (2024): 3413-3419.

20 of 23

Advanced Materials, 2026

85U8017 SUOWILLIOD aAITea1D) 8|t jdde ayy Aq peusenob are sajo e VO ‘8sN JO s3I 10} ARIq1T8UIUO A8]IA UO (SUOIPUOD-PUe-SUWLBILI0D A8 | ARe.d1[Bu[UO//:SANL) SUORIPUOD Pue swe 1 8y} 88S *[9202/0T/0z] Uo AkeiqiTauliuo Ajim ‘@16ojouyde 1 Ind niisul eynsied Aq ¥SeS. ewpe/zo0T 0T/I0p/wo0 A8 | im Afeldjeul U0 peoueApe//sdny Woij pepeojumod ‘0 ‘Se0rTZST


https://doi.org/10.1039/D4EE03134B
https://doi.org/10.1038/s41467-023-39522-1
https://doi.org/10.1002/anie.202401428
https://doi.org/10.1038/nenergy.2016.30
https://doi.org/10.1016/j.jascer.2013.03.005
https://doi.org/10.1021/acs.chemrev.5b00563
https://doi.org/10.1039/D4TA06117A
https://doi.org/10.1002/adfm.201909392
https://doi.org/10.1002/anie.5778118
https://doi.org/10.1038/s41560-020-0565-1
https://doi.org/10.1038/s41524-022-00765-z
https://doi.org/10.1021/acs.chemmater.4c00643
https://doi.org/10.1021/acsnano.5c04200
https://doi.org/10.1038/s44160-023-00251-4
https://doi.org/10.1039/D6CC01716A
https://doi.org/10.1016/j.electacta.2016.12.018
https://doi.org/10.1002/adma.202308332
https://doi.org/10.1038/s41586-023-06653-w
https://doi.org/10.1002/adma.202515430
https://doi.org/10.1021/acs.jpclett.1c01605
https://doi.org/10.1016/j.ensm.2024.103842
https://doi.org/10.1038/s41578-025-00817-y
https://doi.org/10.1039/D4TA00721B
https://doi.org/10.1016/j.est.2026.121104
https://doi.org/10.1038/s41586-025-09422-z
https://doi.org/10.1021/acsmaterialslett.4c02674
https://doi.org/10.1021/jacs.5c12212
https://doi.org/10.1002/anie.202506573
https://doi.org/10.1108/LHTN-01-2023-0009
https://doi.org/10.1063/1.4812323
https://doi.org/10.1038/npjcompumats.2015.10
https://doi.org/10.1038/s41524-022-00951-z

56. F. Yang, E. Campos dos Santos, X. Jia, et al., “A Dynamic Database of
Solid-State Electrolyte (DDSE) Picturing All-Solid-State Batteries,” Nano
Materials Science 6 (2024): 256-262, https://doi.org/10.1016/j.nanoms.
2023.08.002.

57. Y. Kim, M. P. Polak, and D. Morgan, “Prediction of Ionic Conductivity
in Solid-State Electrolytes Using Machine Learning,” Materials Today
Communications 53 (2026): 115317, https://doi.org/10.1016/j.mtcomm.
2026.115317.

58. Q. Wang, H. Liu, S. H. Jang, et al., “Digital Battery Platform: Extending
the Dynamic Database of Solid-State Electrolytes to a Diversified Elec-
trolyte Database With Ion Migration Models,” Nano Materials Science
(2026), https://doi.org/10.1016/j.nanoms.2026.07.001.

59. M. P. Polak and D. Morgan, “Extracting Accurate Materials Data From
Research Papers With Conversational Language Models and Prompt
Engineering,” Nature Communications 15 (2024): 1569, https://doi.org/10.
1038/541467-024-45914-8.

60.Y.-J. Shon and K. Min, “Extracting Chemical Information From
Scientific Literature Using Text Mining: Building an Ionic Conductivity
Database for Solid-state Electrolytes,” ACS Omega 8 (2023): 18122-18127.

61. Y. S. Meng, V. Srinivasan, and K. Xu, “Designing Better Electrolytes,”
Science 378 (2022): abq3750, https://doi.org/10.1126/science.abq3750.

62. M. Kulichenko, B. Nebgen, N. Lubbers, et al., “Data Generation for
Machine Learning Interatomic Potentials and Beyond,” Chemical Reviews
124 (2024): 13681-13714, https://doi.org/10.1021/acs.chemrev.4c00572.

63. B. Kalita, H. Gokcan, and O. Isayev, “Machine Learning Interatomic
Potentials at the Centennial Crossroads of Quantum Mechanics,” Nature
Computational Science 5(2025): 1120-1132, https://doi.org/10.1038/s43588-
025-00930-6.

64. R. Jacobs, D. Morgan, S. Attarian, et al., “A Practical Guide to Machine
Learning Interatomic Potentials—Status and Future,” Current Opinion in
Solid State and Materials Science 35(2025): 101214, https://doi.org/10.1016/
j-cossms.2025.101214.

65. O.T. Unke, S. Chmiela, H. E. Sauceda, et al., “Machine Learning Force
Fields,” Chemical reviews 121 (2021): 10142-10186.

66. J. Choi, G. Nam, J. Choi, and Y. Jung, “A Perspective on Foundation
Models in Chemistry,” JACS Au 5 (2025): 1499-1518, https://doi.org/10.
1021/jacsau.4c01160.

67. E. C.-Y. Yuan, Y. Liu, J. Chen, et al., “Foundation Models for Atomistic
Simulation of Chemistry and Materials,” Nature Reviews Chemistry 10
(2026): 212230, https://doi.org/10.1038/s41570-025-00793-5.

68.Y. You, D. Zhang, F. Wu, et al.,, “Principal Component Analysis
Enables the Design of Deep Learning Potential Precisely Capturing LLZO
Phase Transitions,” npj Computational Materials 10 (2024): 57, https://doi.
org/10.1038/541524-024-01240-7.

69. A. Marcolongo, T. Binninger, F. Zipoli, and T. Laino, “Simulating
Diffusion Properties of Solid-State Electrolytes via a Neural Network
Potential: Performance and Training Scheme,” ChemSystemsChem 2
(2020): 1900031.

70.Z. Xu, H. Duan, Z. Dou, et al.,, “Machine Learning Molecular
Dynamics Simulation Identifying Weakly Negative Effect of Polyanion
Rotation on Li-Ion Migration,” npj Computational Materials 9 (2023): 105,
https://doi.org/10.1038/s41524-023-01049-w.

71. R. Wang, M. Guo, Y. Gao, et al., “A Pre-trained Deep Potential
Model for Sulfide Solid Electrolytes With Broad Coverage and High
Accuracy,” npj Computational Materials 11 (2025): 266, https://doi.org/10.
1038/s541524-025-01764-6.

72.J. Qi, S. Banerjee, Y. Zuo, et al., “Bridging the Gap Between Simulated
and Experimental Ionic Conductivities in Lithium Superionic Conduc-
tors,” Materials Today Physics 21 (2021): 100463, https://doi.org/10.1016/j.
mtphys.2021.100463.

73.Y. Ou, Y. Ikeda, L. Scholz, S. Divinski, F. Fritzen, and B. Grabowski,
“Atomistic Modeling of Bulk and Grain Boundary Diffusion in Solid
Electrolyte LigPSsCl Using Machine-Learning Interatomic Potentials,”

Physical Review Materials 8 (2024): 115407, https://doi.org/10.1103/
PhysRevMaterials.8.115407.

74. M. L. H. Chandrappa, J. Qi, C. Chen, S. Banerjee, and S. P. Ong,
“Thermodynamics and Kinetics of the Cathode-Electrolyte Interface in
All-Solid-State Li-S Batteries,” Journal of the American Chemical Society
144 (2022): 18009-18022, https://doi.org/10.1021/jacs.2c07482.

75. C. Wang, K. Aoyagi, P. Wisesa, and T. Mueller, “Lithium Ion Conduc-
tion in Cathode Coating Materials From on-the-Fly Machine Learning,”
Chemistry of Materials 32 (2020): 3741-3752, https://doi.org/10.1021/acs.
chemmater.9b04663.

76. C. Chen and S. P. Ong, “A Universal Graph Deep Learning Interatomic
Potential for the Periodic Table,” Nature Computational Science 2 (2022):
718-728, https://doi.org/10.1038/s43588-022-00349-3.

77.J. Choi, B. Jun, and Y. Jung, “Reliable Li-ion Conductivity With
Efficient Data Generation and Uncertainty Estimation Toward Large-
scale Screening,” Chemical Engineering Journal 516 (2025): 163847, https://
doi.org/10.1016/j.cej.2025.163847.

78. B. Deng, P. Zhong, K. Jun, et al., “CHGNet as a Pretrained Universal
Neural Network Potential for Charge-Informed Atomistic Modelling,”
Nature Machine Intelligence 5 (2023): 1031-1041, https://doi.org/10.1038/
$42256-023-00716-3.

79.]. Bohm and A. Champagne, “Predicting Crystal Structures and
Ionic Conductivities in LizYClg_(Br, Halide Solid Electrolytes Using a
Fine-Tuned Machine Learning Interatomic Potential,” arXiv:2510.09861,
Version 3, revised 2 March 2026, https://doi.org/10.48550/ARXIV.2510.
09861.

80. P. Zhong and K. A. Persson, “Machine-Learning-Guided Insights
Into Solid-Electrolyte Interphase Conductivity: Are Amorphous Lithium
Fluorophosphates the Key?,” ACS Energy Letters 11 (2026): 806-812,
https://doi.org/10.1021/acsenergylett.5c03526.

81.J. Lian, X. Fu, X. Gong, R. Xiao, and H. Li, “High-Throughput NEB for
Li-Ion Conductor Discovery via Fine-Tuned CHGNet Potential,” Journal
of Materials Chemistry A 13 (2025): 34918-34926, https://doi.org/10.1039/
D5TAO05355B.

82.Z. Li, K. Jun, B. Deng, and G. Ceder, “Hierarchical High-
Throughput Screening of Alkaline-stable Lithium-Ion Conductors
Combining Machine Learning and First-Principles Calculations,”
Cell Press Blue 1 (2026): 100012, https://doi.org/10.1016/j.cpblue.2026.
100012.

83. 1. Batatia, P. Benner, Y. Chiang, et al., “A Foundation Model for
Atomistic Materials Chemistry,” Journal of Chemical Physics 163 (2025):
184110, https://doi.org/10.1063/5.0297006.

84. N. Alghamdi, P. de Angelis, P. Asinari, and E. Chiavazzo, “Com-
paring Fine-Tuning Strategies of MACE Machine Learning Force Field
for Modeling Li-Ion Diffusion in LiF for Batteries,” arXiv:2510.05020,
Version 2, revised 9 April 2026, https://doi.org/10.48550/arXiv.2510.
05020.

85. T. Hu, H. Huang, G. Zhou, et al., “Observation of Dendrite Formation
at Li Metal-Electrolyte Interface by a Machine-Learning Enhanced
Constant Potential Framework,” Nature Communications 16 (2025): 7379,
https://doi.org/10.1038/s41467-025-62824-5.

86. D. S. Kabakibo, et al., “A Comparative Study of Molecular Dynamics
Approaches for Simulating Ionic Conductivity in Solid Lithium Elec-
trolytes,” preprint arXiv March 30, 2026, https://doi.org/10.48550/arXiv.
2603.28012.

87. G. Winter and R. Gomez-Bombarelli, “Simulations With Machine
Learning Potentials Identify the Ion Conduction Mechanism Mediating
Non-Arrhenius Behavior in LGPS,” Journal of Physics: Energy 5 (2023):
024004, https://doi.org/10.1088/2515-7655/acbbef.

88. T. Miyagawa, N. Krishnan, M. Grumet, C. R. Baecker, W. Kaiser,
and D. A. Egger, “Accurate Description of Ion Migration in Solid-State
Ion Conductors From Machine-Learning Molecular Dynamics,” Journal
of Materials Chemistry A 12 (2024): 11344-11361, https://doi.org/10.1039/
D4TA00452C.

Advanced Materials, 2026

21 of 23

85U8017 SUOWILLIOD aAITea1D) 8|t jdde ayy Aq peusenob are sajo e VO ‘8sN JO s3I 10} ARIq1T8UIUO A8]IA UO (SUOIPUOD-PUe-SUWLBILI0D A8 | ARe.d1[Bu[UO//:SANL) SUORIPUOD Pue swe 1 8y} 88S *[9202/0T/0z] Uo AkeiqiTauliuo Ajim ‘@16ojouyde 1 Ind niisul eynsied Aq ¥SeS. ewpe/zo0T 0T/I0p/wo0 A8 | im Afeldjeul U0 peoueApe//sdny Woij pepeojumod ‘0 ‘Se0rTZST


https://doi.org/10.1016/j.nanoms.2023.08.002
https://doi.org/10.1016/j.mtcomm.2026.115317
https://doi.org/10.1016/j.nanoms.2026.07.001
https://doi.org/10.1038/s41467-024-45914-8
https://doi.org/10.1126/science.abq3750
https://doi.org/10.1021/acs.chemrev.4c00572
https://doi.org/10.1038/s43588-025-00930-6
https://doi.org/10.1016/j.cossms.2025.101214
https://doi.org/10.1021/jacsau.4c01160
https://doi.org/10.1038/s41570-025-00793-5
https://doi.org/10.1038/s41524-024-01240-7
https://doi.org/10.1038/s41524-023-01049-w
https://doi.org/10.1038/s41524-025-01764-6
https://doi.org/10.1016/j.mtphys.2021.100463
https://doi.org/10.1103/PhysRevMaterials.8.115407
https://doi.org/10.1021/jacs.2c07482
https://doi.org/10.1021/acs.chemmater.9b04663
https://doi.org/10.1038/s43588-022-00349-3
https://doi.org/10.1016/j.cej.2025.163847
https://doi.org/10.1038/s42256-023-00716-3
https://doi.org/10.48550/ARXIV.2510.09861
https://doi.org/10.1021/acsenergylett.5c03526
https://doi.org/10.1039/D5TA05355B
https://doi.org/10.1016/j.cpblue.2026.100012
https://doi.org/10.1063/5.0297006
https://doi.org/10.48550/arXiv.2510.05020
https://doi.org/10.1038/s41467-025-62824-5
https://doi.org/10.48550/arXiv.2603.28012
https://doi.org/10.1088/2515-7655/acbbef
https://doi.org/10.1039/D4TA00452C

89.J. Lee, S. Ju, S. Hwang, et al., “Disorder-Dependent Li Diffusion
in LigPSsClI Investigated by Machine-Learning Potential,” ACS Applied
Materials & Interfaces 16 (2024): 46442-46453, https://doi.org/10.1021/
acsami.4c08865.

90. M. Jang, K. Park, H.-G. Jung, et al., “Unraveling Li-Ion Trans-
port Mechanisms in High-Entropy Anion-Disordered Argyrodites via
Machine-Learned Interatomic Potentials,” Journal of Materials Chemistry
A 13 (2025): 16547-16555, https://doi.org/10.1039/D5TA02205C.

91. Z. Chen, T. Du, N. M. A. Krishnan, Y. Yue, and M. M. Smedskjaer,
“Disorder-Induced Enhancement of Lithium-Ion Transport in Solid-State
Electrolytes,” Nature Communications 16 (2025): 1057, https://doi.org/10.
1038/s41467-025-56322-X.

92. Z.Li, J. Huang, X. Ren, J. Li, R. Xiao, and H. Li, “Mechanistic Insights
Into Temperature Effects for Ionic Conductivity in LigPSsCL,” Journal of
Power Sources 640 (2025): 236632, https://doi.org/10.1016/j.jpowsour.2025.
236632.

93. C. G. Staacke, T. Huss, J. T. Margraf, K. Reuter, and C. Scheurer,
“Tackling Structural Complexity in Li,S-P,Ss Solid-State Electrolytes
Using Machine Learning Potentials,” Nanomaterials 12 (2022): 2950,
https://doi.org/10.3390/nano012172950.

94. M. Lei, B. Li, H. Liu, and D. Jiang, “Dynamic Monkey Bar Mech-
anism of Superionic Li-Ion Transport in LiTaClg,” Angewandte Chemie
International Edition 63 (2024): 202315628, https://doi.org/10.1002/anie.
202315628.

95. Y. Zhang, J.-D. Luo, H.-B. Yao, and B. Jiang, “Size Dependent Lithium-
Ion Conductivity of Solid Electrolytes in Machine Learning Molecular
Dynamics Simulations,” Artificial Intelligence Chemistry 2 (2024): 100051,
https://doi.org/10.1016/j.aichem.2024.100051.

96. Y. Ou, L. Scholz, S. Keshav, et al., “Non-Arrhenius Li-Ion Transport
and Grain-Size Effects in Argyrodite Solid Electrolytes,” preprint arXiv
October 20, 2025, https://arxiv.org/abs/2510.18630v1.

97. X. Guo, “Kinetic Analysis of Cathode-Solid Electrolyte Interface in
All-Solid-State Batteries,” Journal of Materials Chemistry A 13 (2025):
38919-38927, https://doi.org/10.1039/D5TA07200].

98. M. K. Ncube, P. Barai, S. C. Selvaraj, L. A. Curtiss, A. T. Ngo, and V.
Srinivasan, “Ionic Interdiffusion at Cathode | Solid-Electrolyte Interface:
A Machine Learning-Assisted Multiscale Investigation and Mitigation
Strategies,” Journal of Energy Storage 169 (2026): 122678, https://doi.org/
10.1016/j.est.2026.122678.

99. C. G. Staacke, H. H. Heenen, C. Scheurer, G. Csanyi, K. Reuter, and
J. T. Margraf, “On the Role of Long-Range Electrostatics in Machine-
Learned Interatomic Potentials for Complex Battery Materials,” ACS
Applied Energy Materials 4 (2021): 12562-12569, https://doi.org/10.1021/
acsaem.1c02363.

100. A. Maevskiy, A. Carvalho, E. Sataev, et al.,, “Predicting Ionic
Conductivity in Solids From the Machine-Learned Potential Energy
Landscape,” Physical Review Research 7 (2025): 023167, https://doi.org/10.
1103/PhysRevResearch.7.023167.

101. A. D. Dembitskiy, I. S. Humonen, R. A. Eremin, D. A. Aksyonov, S. S.
Fedotov, and S. A. Budennyy, “Benchmarking Machine Learning Models
for Predicting Lithium Ion Migration,” npj Computational Materials 11
(2025): 131, https://doi.org/10.1038/s41524-025-01571-z.

102. H. Du, X. Huang, J. Hui, L. Zhang, Y. Zhou, and H. Wang,
“Assessment and Application of Universal Machine Learning Interatomic
Potentials in Solid-State Electrolyte Research,” ACS Materials Letters 7
(2025): 3403-3412, https://doi.org/10.1021/acsmaterialslett.5c00336.

103. B. Deng, Y. Choi, P. Zhong, et al., “Systematic Softening in Universal
Machine Learning Interatomic Potentials,” npj Computational Materials
11 (2025): 9, https://doi.org/10.1038/s41524-024-01500-6.

104. B. Focassio, L. P. M. Freita, and G. R. Schleder, “Performance
Assessment of Universal Machine Learning Interatomic Potentials: Chal-
lenges and Directions for Materials” Surfaces,” ACS Applied Materials &
Interfaces 17 (2025): 13111-13121, https://doi.org/10.1021/acsami.4c03815.

105. P. Gorai, H. Long, E. Jones, S. Santhanagopalan, and V. Stevanovic,
“Defect Chemistry of Disordered Solid-State Electrolyte Li;,GeP,S;,,”
Journal of Materials Chemistry A 8 (2020): 3851-3858, https://doi.org/10.
1039/C9TA10964A.

106. P. Verma, S. Puravankara, and J. Chakraborty, “Combination of a
Phase-Field Model With Nucleation Kinetics to Simulate Lithium Den-
drite Growth,” Journal of Physical Chemistry C 128 (2024): 17328-17341,
https://doi.org/10.1021/acs.jpcc.4c04588.

107. J. Chen, M. Fang, Q. Wu, et al., “Insights Into the Atomic Mechanism
of Lithium-Ion Diffusion in LigPS;Cl via a Machine Learning Potential,”
Chemistry of Materials 37 (2025): 591-599, https://doi.org/10.1021/acs.
chemmater.4c01152.

108. R. Mahbub, K. Huang, Z. Jensen, Z. D. Hood, J. L. M. Rupp,
and E. A. Olivetti, “Text Mining for Processing Conditions of Solid-
State Battery Electrolytes,” Electrochemistry Communications 121 (2020):
106860, https://doi.org/10.1016/j.elecom.2020.106860.

109. D. Zhang, X. Jia, H. B. Tran, et al., ““DIVE” Into Hydrogen Storage
Materials Discovery With AI Agents,” Chemical Science 17 (2026): 3031-
3042, https://doi.org/10.1039/D5SC09921H.

110. S. Huang and J. M. Cole, “BatteryDataExtractor: Battery-Aware Text-
mining Software Embedded With BERT Models,” Chemical Science 13
(2022): 11487-11495, https://doi.org/10.1039/D2SC04322].

111. F.-L. Yang, R. Sato, E. J.-F. Cheng, et al., “Data-Driven Viewpoint for
Developing Next-Generation Mg-Ion Solid-State Electrolytes,” Journal of
Electrochemistry 30 (2024): 2415001, https://doi.org/10.61558/2993-074X.
3461.

112. X. Zhao, Z. Liu, L. Zhao, X. W. Gao, T. Ren, and W. B. Luo, “Machine
Learning Helps Data Mining to Build Descriptor Databases for Lithium-
Ton Batteries,” MetalMat 2 (2025): 70008.

113. L. Li, K. Xu, R. Su, H. Gu, and P. Ma, “Data Speaks: LLM-
Enabled Evidence Auditing Resets the “Migration Barrier” Playbook for
Solid-State Electrolytes,” AI Materials 1 (2025): 2.

114. X. Chen, M. Liu, S. Yin, Y.-C. Gao, N. Yao, and Q. Zhang,
“Uni-Electrolyte: An Artificial Intelligence Platform for Designing
Electrolyte Molecules for Rechargeable Batteries,” Angewandte Chemie
International Edition 64 (2025): 202503105, https://doi.org/10.1002/anie.
202503105.

115. N. J. Szymanski, B. Rendy, Y. Fei, et al., “An Autonomous Laboratory
for the Accelerated Synthesis of Inorganic Materials,” Nature 624 (2023):
86-91, https://doi.org/10.1038/s41586-023-06734-w.

116. F. Tian, F. Tian, A. Luo, J. Du, et al., “An Outlook on the Opportunities
and Challenges of Multi-Agent AI Systems,” preprint arXiv May 23 2025,
https://doi.org/10.48550/arXiv.2505.18397.

117. M. Bran, S. Cox, O. Schilter, et al., “Augmenting Large Language
Models With Chemistry Tools,” Nature Machine Intelligence 6 (2024):
525-535, https://doi.org/10.1038/s42256-024-00832-8.

118. D. A. Boiko, R. MacKnight, B. Kline, and G. Gomes, “Autonomous
Chemical Research With Large Language Models,” Nature 624 (2023):
570-578, https://doi.org/10.1038/s41586-023-06792-0.

119. G. Xiong, E. Xie, C. Williams, et al., “Toward Reliable Scientific
Hypothesis Generation: Evaluating Truthfulness and Hallucination in
Large Language Models,” preprint arXiv (2025), https://doi.org/10.48550/
arXiv.2505.14599.

120. Y. Zhong, Y. Leng, Z. Gu, et al., “Breaking Interdisciplinary Barriers
in Solid-State Battery Research: BatteryAgent for Multifaceted Analysis,”
Journal of Materials Chemistry A 13 (2025): 37031-37043, https://doi.org/
10.1039/D5TA05224F.

121. W. Chen, H. Xu, and D. Cheng, “From Unstructured to Structured:
Opportunities, Risks and Engineering Practices for LLM-Based Data
Extraction in Chemistry and Materials,” AI Agent 2 (2026): 12, https://doi.
org/10.20517/aiagent.2026.06.

122. Y. Hong and X. Mao, “DIVE-to-Design: How a Multi-Agent Workflow
Converts Figure-Centric Literature Into an Ai-Native Hydrogen Storage

22 0f 23

Advanced Materials, 2026

85U8017 SUOWILLIOD aAITea1D) 8|t jdde ayy Aq peusenob are sajo e VO ‘8sN JO s3I 10} ARIq1T8UIUO A8]IA UO (SUOIPUOD-PUe-SUWLBILI0D A8 | ARe.d1[Bu[UO//:SANL) SUORIPUOD Pue swe 1 8y} 88S *[9202/0T/0z] Uo AkeiqiTauliuo Ajim ‘@16ojouyde 1 Ind niisul eynsied Aq ¥SeS. ewpe/zo0T 0T/I0p/wo0 A8 | im Afeldjeul U0 peoueApe//sdny Woij pepeojumod ‘0 ‘Se0rTZST


https://doi.org/10.1021/acsami.4c08865
https://doi.org/10.1039/D5TA02205C
https://doi.org/10.1038/s41467-025-56322-x
https://doi.org/10.1016/j.jpowsour.2025.236632
https://doi.org/10.3390/nano12172950
https://doi.org/10.1002/anie.202315628
https://doi.org/10.1016/j.aichem.2024.100051
https://arxiv.org/abs/2510.18630v1
https://doi.org/10.1039/D5TA07200J
https://doi.org/10.1016/j.est.2026.122678
https://doi.org/10.1021/acsaem.1c02363
https://doi.org/10.1103/PhysRevResearch.7.023167
https://doi.org/10.1038/s41524-025-01571-z
https://doi.org/10.1021/acsmaterialslett.5c00336
https://doi.org/10.1038/s41524-024-01500-6
https://doi.org/10.1021/acsami.4c03815
https://doi.org/10.1039/C9TA10964A
https://doi.org/10.1021/acs.jpcc.4c04588
https://doi.org/10.1021/acs.chemmater.4c01152
https://doi.org/10.1016/j.elecom.2020.106860
https://doi.org/10.1039/D5SC09921H
https://doi.org/10.1039/D2SC04322J
https://doi.org/10.61558/2993-074X.3461
https://doi.org/10.1002/anie.202503105
https://doi.org/10.1038/s41586-023-06734-w
https://doi.org/10.48550/arXiv.2505.18397
https://doi.org/10.1038/s42256-024-00832-8
https://doi.org/10.1038/s41586-023-06792-0
https://doi.org/10.48550/arXiv.2505.14599
https://doi.org/10.1039/D5TA05224F
https://doi.org/10.20517/aiagent.2026.06

Discovery Engine,” AI Agent 2 (2026): 2, https://doi.org/10.20517/aiagent.
2026.04.

123. M. Kumagai, Y. Ando, A. Tanaka, K. Tsuda, Y. Katsura, and K.
Kurosaki, “Effects of Data Bias on Machine-Learning-Based Material
Discovery Using Experimental Property Data,” Sci Technol Adv Mater
Methods 2 (2022): 302-309.

124. G. Trezza and E. Chiavazzo, “Classification-Based Detection and
Quantification of Cross-Domain Data Bias in Materials Discovery,” Jour-
nal of Chemical Information and Modeling 65 (2025): 1747-1761, https://
doi.org/10.1021/acs.jcim.4c01766.

125. D. Zhang, X. Jia, H. B. Tran, et al., “CrossMat: Integrating Material
Databases for Multi-Domain Cross-Application,” preprint arXiv (2024),
https://doi.org/10.26434/chemrxiv-2024-p9fvc.

126. R. Mohtadi and S. Orimo, “The Renaissance of Hydrides as Energy
Materials,” Nature Reviews Materials 2 (2016): 16091, https://doi.org/10.
1038/natrevmats.2016.91.

127. S.-H. Jang, D. Zhang, X. Jia, et al.,, “Digital Hydrogen Platform
(DigHyd): A Rigorously Curated Database for Hydrogen Storage Materials
Empowered by Al-Assisted Literature Mining,” Applied Physics A 132
(2026): 980, https://doi.org/10.48550/ARXIV.2603.14139.

128. V. Jain, Z. Wang, and F. You, “Machine Learning Pipelines for the
Design of Solid-State Electrolytes,” Materials Horizons 13 (2026): 15-44,
https://doi.org/10.1039/D5MHO01525A.

129. C. Ling, “A Review of the Recent Progress in Battery Informatics,”
npj Computational Materials 8 (2022): 33, https://doi.org/10.1038/s41524-
022-00713-x.

130. S. E. Jerng, “Path to Machine Learning-Driven Autonomous Systems
for Solid-State Electrolyte Batteries: Design, Fabrication, and Lifetime
Prediction,” ACS Applied Energy Materials 8 (2025): 14971-14986, https://
doi.org/10.1021/acsaem.5c02002.

131. M. R. Nair and T. Roy, “Role of Artificial Intelligence in the Design
and Discovery of Next-Generation Battery Electrolytes,” Chemical Physics
Reviews 6 (2025): 011311, https://doi.org/10.1063/5.0251325.

132. Z. Wang, W. G. Zeier, and F. You, “Toward AI Ecosystems for
Electrolyte and Interface Engineering in Solid-State Batteries,” Science
Advances 11 (2025): aea0638, https://doi.org/10.1126/sciadv.aea0638.

133. F. Luo, D. Li, Z. Lin, Q. Wang, and C. Yang, “AutoSEE: An Artificial
Intelligence Agent for Automated Solid Electrolyte Exploration,” ACS
Energy Letters 11 (2026): 3369-3376, https://doi.org/10.1021/acsenergylett.
6c00020.

134. H. Fan, L. Li, H. Wang, Z. Mei, Z. Bo, and Z. Liu, “Bridging Scales and
Paradigms: A Perspective From Atomistic Simulation to AI-Enhanced
Modeling of Sodium-Ion Capacitors,” Physical Chemistry Chemical
Physics 27 (2025): 25767-25788, https://doi.org/10.1039/D5CP03816B.

135. Z. Lao, K. Tao, X. Xiao, et al., “Data-Driven Exploration of Weak
Coordination Microenvironment in Solid-State Electrolyte for Safe and
Energy-Dense Batteries,” Nature Communications 16 (2025): 1075, https://
doi.org/10.1038/s41467-024-55633-9.

136. H. Sheng, J. Sun, O. Rodriguez, et al., “Autonomous Closed-Loop
Mechanistic Investigation of Molecular Electrochemistry via Automa-
tion,” Nature Communications 15 (2024): 2781, https://doi.org/10.1038/
s41467-024-47210-X.

137. X. Hong, X. Wang, S. J. Harris, et al.,, “Deep Active Learning
and Knowledge Transfer for Rapid Discovery of Lithium Metal Battery
Electrolytes,” Nature Communications 17 (2026): 5146, https://doi.org/10.
1038/s41467-026-70973-4.

138. P.Ma, R. Kumar, K.-H. Wang, and C. V. Amanchukwu, “Active Learn-
ing Accelerates Electrolyte Solvent Screening for Anode-Free Lithium
Metal Batteries,” Nature Communications 16 (2025): 8396, https://doi.org/
10.1038/s41467-025-63303-7.

139. Y. Hao, Y. Su, Z. Zhu, et al., “The Rise of an Intelligent Partner: How
Machine Learning Is Reshaping Electrolyte Research and Development,”

Energy Storage Materials 88 (2026): 105134, https://doi.org/10.1016/j.ensm.
2026.105134.

140. A. D. Sendek, E. D. Cubuk, E. R. Antoniuk, G. Cheon, Y. Cui, and E. J.
Reed, “Machine Learning-Assisted Discovery of Solid Li-Ion Conducting
Materials,” Chemistry of Materials 31 (2019): 342-352, https://doi.org/10.
1021/acs.chemmater.8b03272.

141. Q. Zhao, M. Avdeev, L. Chen, and S. Shi, “Machine Learning Pre-
diction of Activation Energy in Cubic Li-Argyrodites With Hierarchically
Encoding Crystal Structure-Based (HECS) Descriptors,” Science Bulletin
66 (2021): 1401-1408, https://doi.org/10.1016/j.scib.2021.04.029.

142. C. Chen, D. T. Nguyen, S. J. Lee, et al., “Accelerating Computa-
tional Materials Discovery With Machine Learning and Cloud High-
Performance Computing: From Large-Scale Screening to Experimental
Validation,” Journal of the American Chemical Society 146 (2024): 20009-
20018.

143. N. Ishida, K. Furuta, M. Kishimoto, et al., “Topology Optimization
for All-Solid-State-Batteries Using Homogenization Method,” Structural
and Multidisciplinary Optimization 67 (2024): 162, https://doi.org/10.1007/
s00158-024-03864-1.

144. Q. Wang, Y. Li, R. Sato, et al., “When Literature Data Mislead Arti-
ficial Intelligence in Materials Discovery,” preprint, arXiv July 18, 2026,
https://doi.org/10.48550/ ARXIV.2609.01621.

145. Z. Li, S. Deng, Y. Liu, and J.-M. Hu, “Machine Learning Enabled
Graph Analysis of Particulate Composites: Application to Solid-State
Battery Cathodes,” ACS Energy Letters 11 (2026): 4334-4342, https://doi.
org/10.1021/acsenergylett.5c04258.

146. Z. Warren, F. Cuasquer, R. Sanchez, et al., “Real-Time, Interpretable
Diagnostics for Solid-State Batteries via Machine Learning on In Situ
Impedance Spectra,” Battery Energy 5 (2026): 70122.

147. B. D. Lee, D. S. Gavali, H. Kim, et al., “Discovering Virtual Na-Based
Argyrodites as Solid-State Electrolytes Using DFT, AIMD, and Machine
Learning Techniques,” Journal of Materials Chemistry A 13 (2025): 10462-
10474, https://doi.org/10.1039/D4TA06927G.

148. C. Ma, D. Zhang, W. Gong, et al., “From Materials Database to
Materials Bank: Assetizing Data for AI-Driven Materials Innovation,” Al
Materials 1 (2026): 9.

149. D. Zhang, X. Jia, Y. Wang, et al., “Digital Materials Ecosystem: From
Databases to AI Agents for Autonomous Discovery,” Chemical Science 17
(2026): 5782-5804, https://doi.org/10.1039/D5SC09229A.

150. N. Plainpan, S. Clark, and C. Battaglia, “BattINFO Converter: An
Automated Tool for Semantic Annotation of Battery Cell Metadata,”
Batteries & Supercaps 8 (2025): 202500151.

Advanced Materials, 2026

23 0f 23

85U8017 SUOWILLIOD aAITea1D) 8|t jdde ayy Aq peusenob are sajo e VO ‘8sN JO s3I 10} ARIq1T8UIUO A8]IA UO (SUOIPUOD-PUe-SUWLBILI0D A8 | ARe.d1[Bu[UO//:SANL) SUORIPUOD Pue swe 1 8y} 88S *[9202/0T/0z] Uo AkeiqiTauliuo Ajim ‘@16ojouyde 1 Ind niisul eynsied Aq ¥SeS. ewpe/zo0T 0T/I0p/wo0 A8 | im Afeldjeul U0 peoueApe//sdny Woij pepeojumod ‘0 ‘Se0rTZST


https://doi.org/10.20517/aiagent.2026.04
https://doi.org/10.1021/acs.jcim.4c01766
https://doi.org/10.26434/chemrxiv-2024-p9fvc
https://doi.org/10.1038/natrevmats.2016.91
https://doi.org/10.48550/ARXIV.2603.14139
https://doi.org/10.1039/D5MH01525A
https://doi.org/10.1038/s41524-022-00713-x
https://doi.org/10.1021/acsaem.5c02002
https://doi.org/10.1063/5.0251325
https://doi.org/10.1126/sciadv.aea0638
https://doi.org/10.1021/acsenergylett.6c00020
https://doi.org/10.1039/D5CP03816B
https://doi.org/10.1038/s41467-024-55633-9
https://doi.org/10.1038/s41467-024-47210-x
https://doi.org/10.1038/s41467-026-70973-4
https://doi.org/10.1038/s41467-025-63303-7
https://doi.org/10.1016/j.ensm.2026.105134
https://doi.org/10.1021/acs.chemmater.8b03272
https://doi.org/10.1016/j.scib.2021.04.029
https://doi.org/10.1007/s00158-024-03864-1
https://doi.org/10.48550/ARXIV.2609.01621
https://doi.org/10.1021/acsenergylett.5c04258
https://doi.org/10.1039/D4TA06927G
https://doi.org/10.1039/D5SC09229A

	Breaking Bottlenecks in Solid Electrolyte Discovery With Large Artificial Intelligence Models
	1 | Introduction
	1.1 | Coupled Transport-Mechanics-Interface Challenges
	1.2 | Limits of Traditional Trial-and-Error
	1.3 | Lessons Learned From AI in Catalysis and Materials Discovery

	2 | Databases for SEs
	2.1 | Existing Computational and Experimental Repositories
	2.2 | Dynamic Databases and Knowledge Graphs
	2.3 | Data Inconsistency and Reporting Challenges

	3 | MLIPs for SEs
	3.1 | MLIPs as a Bridge Between First-Principles Accuracy and Battery-Relevant Scales
	3.2 | Bridging DFT and Long-Timescale Ion Transport
	3.3 | Defect, Grain-Boundary, and Interface Modeling
	3.4 | High-Throughput Screening With Physics Fidelity

	4 | LLMs in SE Research
	4.1 | LLMs as a Knowledge and Workflow Layer
	4.2 | Literature Extraction and Knowledge Synthesis
	4.3 | Hypothesis Generation and Validation-coupled Reasoning
	4.4 | Multi-Agent AI Architecture and Reliability Boundaries

	5 | Closed-Loop SE Discovery
	5.1 | From Screening to Feedback-Driven Discovery
	5.2 | ML/HPC-Guided Discovery of Halide SEs
	5.3 | LLM-Guided Mining of MOF SEs
	5.4 | AI-Assisted 3D Printing for SE Manufacturing

	6 | Outlook: Toward Autonomous SE Laboratories
	6.1 | Standardization and FAIR Data
	6.2 | Interface-Aware AI
	6.3 | Autonomous SE Discovery Beyond Lithium
	6.4 | Digital Battery Ecosystem

	Author Contributions
	Acknowledgements
	Conflicts of Interest
	Data Availability Statement
	References


