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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 AI-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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 Introduction 

olid electrolytes (SEs) sit at the center of one of the most impor-
ant unresolved problems in electrochemical energy storage: how
o build batteries that are simultaneously safer, more energy
ense, longer lasting, capable of faster charging, and scalable
eyond today’s liquid-electrolyte lithium-ion technology [ 1–5 ].
y replacing flammable organic liquid electrolytes with SEs,
ll-solid-state batteries (ASSBs) are expected to enable metallic
i or Na anodes, improve safety, and support compact cell
onfigurations such as bipolar stacking [ 6–10 ]. Yet the field has
earned a hard lesson: a high ionic conductivity alone does
ot make a practical SE. The central challenge is therefore
ot merely to identify fast ion conductors, but to design SEs
hat simultaneously combine high ionic conductivity, electronic
nsulation, electrochemical stability, mechanical robustness, pro-
essability, and durable interfaces with both cathodes and metal
nodes [ 11–14 ]. Ionic transport depends on defect chemistry,
attice dynamics, local disorder, and migration-network topol-
gy; mechanical robustness is coupled to grain boundaries,
orosity, and processing history; interfacial stability is controlled
y chemical reactivity, space-charge effects, contact mechanics,
nd evolving decomposition products [ 15–18 ]. Consequently,
E performance emerges from a coupled transport-mechanics-
nterface landscape rather than from a single intrinsic descriptor.
his complexity makes SE discovery particularly challenging
nd limits the efficiency of purely empirical optimization. This
igh-dimensional, interdependent, and experimentally costly
esign space is precisely why SE discovery requires autonomous
orkflows that can integrate data, simulation, experiment, and
eedback-driven learning. 

.1 Coupled Transport-Mechanics-Interface 
hallenges 

he historical evolution of SEs illustrates this trade-off-driven
andscape. Oxides, sulfides, halides, polymers, hydrides, and
omposite electrolytes have each advanced specific aspects of SE
erformance, yet none has simultaneously resolved the coupled
equirements of transport, stability, processability, and interfacial
ompatibility [ 19–27 ]. Oxide electrolytes such as garnets and
ASICON-type materials offer attractive chemical stability and
echanical rigidity, but their brittleness and poor solid-solid con-
act remain significant barriers [ 28 ]. Sulfides can reach liquid-like
onic conductivities and form intimate interfaces under pressure,
et their moisture sensitivity and interfacial reactivity complicate
anufacturing and long-term cycling. Halides have recently
merged as promising electrolytes with relatively high oxidative
tability, but their chemical diversity, air sensitivity, and interfa-
ial behavior remain only partially understood [ 29 ]. Polymer and
omposite electrolytes offer processability and flexibility but often
uffer from insufficient room-temperature conductivity or limited
lectrochemical stability [ 30 ]. More broadly, many ASSB failures
riginate at electrode-electrolyte interfaces, where interfacial
oids, chemo-mechanical coupling, and the continuous evolution
f solid-electrolyte interphases during cycling can dominate over
ntrinsic bulk transport. No electrolyte family currently satisfies
ll practical criteria, and the trade-offs are not static; they change
ith composition, processing, electrode pairing, stack pressure,
nd cell architecture. As summarized in Figure 1 , these coupled
of 23
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 Li7 SiPS8 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 AI 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
Advanced Materials, 2026
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FIGURE 1 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. 
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owerful for studying ion migration, disorder effects, grain
oundaries, and reactive interfaces. Their significance lies not
imply in making simulations faster, but in making ion transport
ccessible under conditions closer to real materials. In SEs,
onductivity arises from thermally activated hopping, collective
on motion, lattice fluctuations, disorder, defects, and finite-size
ffects; it cannot be fully captured by isolated migration barriers
lone. MLIPs, therefore, provide a potential bridge between first-
rinciples accuracy and the statistical, structural, and temporal
cales required to understand battery-relevant ion transport. 

LMs add a different but complementary capability [ 47–50 ].
nlike MLIPs, which address the scale problem in atomistic
odeling, LLMs address the fragmentation problem in scientific
nowledge. SE literature contains a large but heterogeneous
ody of information spanning synthesis conditions, conductivity
alues, activation energies, phase identities, electrode configura-
ions, interfacial treatments, and cycling protocols. Much of this
nformation is embedded in text, figures, tables, and supporting
nformation rather than in machine-readable datasets. LLMs can
ssist in extracting, normalizing, and linking this knowledge,
hile also supporting hypothesis generation, literature-grounded
easoning, and multi-agent workflow orchestration [ 51 ]. Their
ost important role is not to replace physical models or experi-
ents, but to connect data, simulation, and decision-making into
oherent research loops. 

his convergence points toward a discovery paradigm:
utonomous SE discovery enabled by large AI models. In such a
ramework, databases provide traceable and reusable knowledge;
LIPs evaluate ion transport and interfacial dynamics with
dvanced Materials, 2026
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 AI 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 AI-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 AI, 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. 
3 of 23
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 Databases for SEs 

.1 Existing Computational and Experimental 
epositories 

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

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

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

he more recent integrated SE data landscape further extends
his concept. As summarized in Figure 2a , the current platform
ncludes 3859 experimental SEs with temperature-dependent
onic-conductivity records and 852 computational SEs with Ea
ata [ 58 ]. The experimental records cover inorganic, polymer, and
el polymer electrolytes, while the computational records include
igration barriers and simulation-derived quantities. By linking
xperimental conductivity, E , material composition, structure
a 

of 23

t

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 Ea ? 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 Ea ,
providing a basis for evaluating which simulation methods more
reliably capture ion migration. Figure 2d correlates Ea 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 AI-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
Advanced Materials, 2026
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FIGURE 2 Data integration-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 Ea 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 
Ea in hydride SEs with theoretical descriptors, including linear regression for divalent systems with neutral molecules. (e) Representation clustering for 
mining MOF SE candidates. 
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etails such as exact measurement temperature, pellet density,
lectrode type, stack pressure, atmosphere, impedance-fitting
odel, equivalent circuit, activation-energy fitting range, or
hether the reported value is measured or extrapolated [ 54 ].
rocessing information is also often incomplete, even though
intering temperature, dwell time, pressure, atmosphere, particle
ize, and post-treatment can strongly influence microstructure
nd transport. 

he third and most subtle limitation is reporting ambiguity.
ecent data-reliability analysis shows that conductivity reporting
dvanced Materials, 2026
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,
5 of 23
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ncode uncertainty, include negative or failed results, and link
ransport properties to synthesis, processing, microstructure, and
easurement protocols. A conductivity value without context
ay be useful for human reading, but it is insufficient as
n ML label. For autonomous SE discovery, databases must
herefore evolve from passive repositories into context-preserving
nowledge infrastructures that can support validation, model
raining, uncertainty-aware screening, and closed-loop decision-
aking. This requirement provides the foundation for the MLIP-,
LM-, and feedback-driven discovery frameworks discussed in
he following sections. 

 MLIPs for SEs 

.1 MLIPs as a Bridge Between First-Principles 
ccuracy and Battery-Relevant Scales 

LIPs have emerged as a promising computational toolbox
or understanding, designing, and optimizing SEs because they
ddress a central mismatch between the scientific questions
he battery research field asks and the physical scales that
onventional atomistic methods can reach [ 44 ]. SEs must enable
ast ion migration through a crystalline or partially disordered
ost, but their critical performance is also shaped by defects, grain
oundaries, and chemically reactive interphases in close contact
ith electrodes [ 61 ]. DFT and AIMD remain the benchmark tools
or atomistic fidelity, but they are too costly for the large super-
ells, long trajectories, and low-temperature statistics required to
esolve rare hopping events, microstructural transport, and inter-
acial evolution. Classical force fields, by contrast, reach those
ength scales and timescales but often sacrifice accuracy and
ransferability, particularly when local chemistry, coordination,
r disorder changes. MLIPs have therefore become valuable not
imply because they are faster, but because they can potentially
ffer a route to near-DFT-level property prediction and materials
creening at the time and length scales where solid-state battery
henomena unfold. 

his detailed balance between physical fidelity and scale is why
LIPs should be viewed less as an alternative computational
ethod and more as an enabling layer between first-principles
heory and realistic battery physics (Figure 3a ). Currently, two
road model categories coexist. System-specific MLIPs are trained
or one chemistry or structural family and can be highly reliable
rovided that the training data already cover the relevant distor-
ions [ 62–65 ], defects, and nonequilibrium local environments.
n contrast, universal or foundation MLIPs are pretrained across
roader materials spaces and promise rapid deployment, but
hey are inherently more vulnerable when the computational
ask depends on activated hops, strained interfaces, or defect
onfigurations that lie far from their original training distri-
ution [ 66, 67 ]. For SEs, this distinction matters because the
ost important observables are not merely energies and forces,
ut transport barriers, finite-size convergence, defect energetics,
nd interfacial stability [ 68 ]. A potential generator workflow
or Li10 GeP2 S12 (LGPS)-type superionic conductors showed how
ctive-learning-driven MLIP training could be organized around
iffusion statistics and activation energies rather than force
itting alone [ 69 ]. Also, an MLIP-based molecular dynamics
MD) benchmark for SEs highlighted that the effectiveness of
of 23
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 µs [ 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
Advanced Materials, 2026
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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. 

MLIPs 
Representative SE 

applications Key strengths Key limitations Res. 

System-specific MLIPs 
(e.g., MTP) 

Ion transport; grain 
boundaries; interfaces; 

coatings 

High within-domain 
accuracy; efficient 
long-timescale MD 

Requires system-specific 
DFT/AIMD data; limited 

extrapolation 

[ 69, 70, 72, 
73, 74, 75 ] 

M3GNet Structure relaxation; 
screening; conductivity 

prediction 

Broad chemical coverage; fast 
inference and 

high-throughput screening 

Generic accuracy does not 
guarantee reliable 
migration barriers 

[ 76, 77 ] 

CHGNet Transport; screening; 
interphases 

Universal pretraining; 
efficient inference and 
task-specific fine-tuning 

Activated and 
out-of-domain 

configurations require 
validation 

[ 78, 79, 80, 
81, 82 ] 

MACE foundation 
model 

Li diffusion; interphases Broad transferability; efficient 
GPU-based MD and 

fine-tuning 

Accuracy and cost remain 
model- and 

domain-dependent 

[ 83, 84 ] 

Charge-aware / 
constant-potential 
MLIPs 

Reactive interfaces; Li 
deposition; interphase 

evolution 

Captures charge 
redistribution and 

electrochemical boundary 
conditions 

Higher complexity; limited 
benchmarking and 
transferability 

[ 85 ] 
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ot only by isolated hopping barriers but also by the topology and
ersistence of correlated hopping pathways. 

 second insight emerging from MLIP-enabled transport simu-
ations is that disorder is often beneficial, but rarely in a simple
onotonic way [ 89 ]. MLIP simulations of Cl-rich argyrodites,
i6- x PS5- x Cl1 + x (LPSC), revealed a non-monotonic dependence of
i-ion conductivity on excess Cl and S/Cl site inversion, with high
onductivity confined to a limited disorder window and a critical
hreshold beyond which long-range transport declines sharply
Figure 3c ) [ 90 ]. In Li3 PS4 , another study showed that disorder
ould enhance room-temperature conductivity and introduced
 softness descriptor [ 91 ]. A separate MLIP study of Li6 PS5 Cl
lso reflected lattice-parameter effects and surface-related contri-
utions that remain obscured in shorter simulation trajectories
 92 ]. The broader implication is that MLIPs are beginning to
etter expose transport as a PES landscape shaped by local motifs,
ollective statistics, and subtle structural frustration. In turn,
isorder is emerging not merely as a structural complication, but
s a potentially controllable strategy for optimizing local transport
andscapes. 

his same logic has extended naturally to various SE chemistries
 93 ]. An on-the-fly MLIP reproduced an Ea close to experiment,
nd proposed a dynamic monkey-bar mechanism in which anion
otion repeatedly opened and reconnected lithium pathways
LIPs in optimizing disordered structural environments [ 107 ]. (d) Continuum
here the role of grain boundaries shifts from blocking to enhancing trans
arameters to mesoscale morphology [ 96 ]. (e) Visualization of interfacial fa
nterphase components are shown to trigger local lithium aggregation and in
ucleation [ 85 ]. (f) High-throughput screening of alkaline-stable electrolytes, 
f maintaining structural integrity under high-pH conditions through calculat

of 23
[ 94 ]. Moreover, a large-cell MLIP study of Li3 YCl6 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 Li3 YCl6 − x Brx 
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. 
-scale dynamics of polycrystalline electrolytes, showing Li-ion flux maps 
port based on the bulk transport regime, effectively bridging atomistic 
ilure mechanisms at the Li-metal/SEI boundary; amorphous inorganic 
homogeneous deposition (dashed circles), preceding nanoscale dendrite 
identifying chemically robust NASICON and garnet frameworks capable 
ed phase stability metrics [ 82 ]. 
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.3 Defect, Grain-Boundary, and Interface 
odeling 

f long-timescale ion transport has established the initial credibil-
ty of MLIPs in this field, their next major contribution has been
dvancing atomistic modeling beyond idealized bulk structures.
ractical SEs are polycrystalline, defect-rich, and chemically
volving materials. Their performance is often limited by the
lowest kinetic bottleneck introduced by grain boundaries, sec-
ndary phases, interphases, or cation interdiffusion [ 61 ]. While
FT struggles with large, diverse simulation cells, MLIPs are
specially valuable for battery performance that depends on
esoscale realism rooted in atomistic physics. 

rain boundaries exemplify this methodological shift. An MTP
tudy of Li6 PS5 Cl showed that MLIPs can resolve both bulk
nd grain-boundary diffusion mechanisms [ 73 ]. Moreover, a
ultiscale extension for Li6 PS5 X (X = Cl, Br, I) coupled MLIP-
erived MD diffusivities to continuum modeling and found that
rain-size effects could reverse the role of grain boundaries based
n the bulk transport regime (Figure 3d ) [ 96 ]. In other words,
he question shifts from whether a grain boundary is blocking
r beneficial alone, to how atomistic grain-boundary transport
nfluences effective conductivity across microstructural length
cales in electrolyte pellets. 

attery interfaces pose an even greater challenge due to struc-
ural disorder, compositional gradients, and chemical reactivity
 43 ]. A long-timescale MLIP study across sulfide, chloride, and
xide electrolytes with layered LCO identifies three transport-
locking routes: interfacial reactions, Li-depleted regions, and
ation interdiffusion [ 97 ]. In addition, an MLIP-assisted study
howed that ionic interdiffusion can rapidly form a resistive
nterphase and that protective interlayers may suppress chemical
amage while introducing new mechanical trade-offs [ 98 ]. In
ll-solid-state Li–S batteries, an MTP model shows that sulfide
lectrolytes can be favorable in contact with sulfur cathodes
nd that interfacial structure can reshape Li-migration barri-
rs and buffer-layer design choices [ 74 ]. Extending MLIPs to
nterphase chemistry, a generative-structure-prediction and fine-
uned-CHGNet workflow suggested that amorphous LiPO2 F2
ay serve as a conductive interphase medium [ 80 ]. These results
uggest MLIPs are shifting interface modeling from static assess-
ents to dynamic problems involving changing composition,
inetics, and transport. 

lectrochemical boundary conditions could represent the next
rontier in that progression from realism to relevance. An on-the-
ly MTP workflow for cathode coating materials likewise showed
hat MLIPs can extend MD into the moderate-conductivity
egime relevant to interface coatings, where AIMD is often
oo short to yield reliable transport statistics [ 75 ]. A recent
onstant-potential MLIP framework with charge equilibration
evealed that amorphous components within inorganic SE-
nterphase cause local lithium aggregation, triggering inhomoge-
eous deposition and nanoscale dendrite nucleation (Figure 3e )
 85 ]. Moreover, a related benchmark on interstitial Li diffusion
n LiF using a pretrained MACE foundation model highlights
he growing relevance of transfer learning for interphase mod-
ling [ 83, 84 ]. This shift toward electrochemical realism also
nderscores an important methodological consideration: while
dvanced Materials, 2026

t

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 × 105 Li-
containing crystals, further filtered them using mechanical and
electronic criteria, and reported about 130 candidate solid elec-
trolytes, including halides such as KLi2 ScBr6 and Rb2 Li3 Br5 ,
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
LiMgPO4 and LiTiPO5 as promising ion conductors and extended
the search to doped derivatives such as Li0.5 Mg0.5 Al0.5 PO4 and
Li0.5 TiPO4.5 F0.5 [ 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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ES in high-energy regions relevant to migration barriers, defects,
nd surfaces, although targeted fine-tuning can further correct
uch of the bias [ 103 ]. A further benchmark on surface energies
lso showed that out-of-domain prediction errors from MLIPs
emain pronounced when local environments drift away from the
odel’s training manifold, with obvious implications for grain
oundaries and battery interfaces [ 104 ]. 

n summary, the future for MLIPs in SE research will depend
n more deliberate transport-aware workflows. SEs place unusu-
lly strict demands on atomistic MLIP models: they require
ccurate activated hops, chemically faithful defects, and dynam-
cally evolving interfaces. Future methodological progress will
herefore hinge on training sets that intentionally sample high-
nergy and defective environments, active-learning loops that
arget uncertainty, hybrid MLIP simulation schemes that handle
lectrostatics and variable charge, and validation protocols that
lso compare diffusivities, activation energies, and interfacial
volution against both DFT and experiments. In this sense, MLIPs
ave already started to shift SE modeling from small-cell, short-
ime, and largely idealized simulations into genuinely multiscale
nes. They offer a route by which atomistic simulation can
ecome genuinely more faithful to the heterogeneous, kinetic,
nd failure-prone reality of working ASSBs. 

 LLMs in SE Research 

.1 LLMs as a Knowledge and Workflow Layer 

eyond the atomistic simulation challenges discussed above, SE
iscovery is also limited by heterogeneous knowledge distributed
cross synthesis protocols, processing conditions, electrochem-
cal measurements, and literature figures and tables. Unlike
LIPs, which primarily address the mismatch between first-
rinciples accuracy and battery-relevant simulation scales, LLM-
ased systems address a different bottleneck: the fragmentation,
nconsistency, and contextual ambiguity of scientific knowledge
tself. In this setting, LLM-based systems are useful less as
eplacements for physical simulation than as a workflow layer
hat converts dispersed textual and graphical evidence into
tructured, queryable, and operational knowledge [ 44, 61 ]. Earlier
tudies already showed that SE literature can be mined to recover
rocessing parameters and ionic-transport data, while newer
ultimodal and domain-specific systems extend this logic toward
nowledge synthesis, retrieval, and expert-facing research assis-
ance [ 60, 108–110 ]. These representative roles are summarized
n Figure 4 , which first provides an author-designed framework
or extraction, reasoning, and execution systems (Figure 4a ),
nd then illustrates representative examples of literature evi-
ence curation (Figure 4b ), SE-specific knowledge exploration
Figure 4c ), and autonomous experimental execution (Figure 4d ).

elated SE-focused studies have also begun to combine database
onstruction, data mining, and LLM-assisted analysis to inter-
ogate ion-migration trends and design workflows, as illustrated
y the DDSE database-based viewpoints for Mg-ion SEs and by
ecent data-LLM-physics workflows for hydride electrolytes [ 50,
0, 111, 112 ]. In this Perspective, we organize these contributions
nto three progressively integrated system classes: extraction
ystems, reasoning systems, and execution systems. This paper is
0 of 23
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
Advanced Materials, 2026
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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 AI-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. 

System Primary task/ domain Reported evaluation 

Resource 
information Scope/caveat 

BatteryData- 
Extractor/Battery- 
BERT 
[ 110 ] 

Structured extraction from 

battery literature 
BatteryBERT-cased F1 = 

0.950/0.958/0.967 for 
abbreviation 

detection/CNER/POS; relation 
extraction tested on 100 
manually labelled records 

Training with 8 ×
A100 GPUs ( ∼ 15 min 
POS, ∼ 1 h CNER, 
∼ 7 h abbreviation 

detection); inference 
cost N.R. 

BERT-based text-mining 
toolkit rather than a 

generative LLM; mainly 
text-centric 

DIVE [ 109 ] Multimodal 
figure–caption–text 

extraction; demonstrated 
for solid-state 

hydrogen-storage literature 

Composite 
accuracy–completeness score = 

87.21 versus 77.89 for direct 
Gemini 2.5 Flash; 8B verifier 

score = 84.6 

8B verifier used 1 ×
A6000; other models 
accessed by API; total 
runtime/cost N.R. 

Validated primarily on 
hydrogen-storage literature 

rather than SEs 

ChatSSB [ 48 ] RAG-based ASSB literature 
Q&A, LLZO knowledge 
exploration, data analysis, 
and research assistance 

Study-specific expert 
evaluation score = 8.77/10 

N.R. Not a standardized 
accuracy benchmark; 

performance depends on 
corpus and retrieval 

quality; no direct physics or 
experimental validation 

Uni-Electrolyte 
[ 114 ] 

Molecular electrolyte 
design, generation, 

retrosynthesis, and SEI 
reaction analysis 

G2GT Top-1/Top-5 precursor 
accuracy = 0.529/0.725 versus 
0.452/0.721 for ASKCOS on 100 

molecules 

End-to-end 
computational cost 

N.R. 

Metric evaluates the 
retrosynthesis module 
rather than overall 

platform performance; 
focuses on 

molecular/liquid 
electrolytes 

Hydride 
data-LLM-physics 
workflow [ 50 ] 

Database-grounded LLM 

analysis coupled with 
regression, ab initio 

metadynamics, and global 
structure search for 
divalent hydride SEs 

MetaD versus experiment R2 = 

0.95; two-descriptor regression: 
R2 = 0.91 (0.98 for one subset) 

HPC used for ab initio 
metadynamics and 
structure search; total 
wall time/cost N.R. 

Reported R2 values 
evaluate physics/regression 
components, not LLM 

accuracy; hydride-specific 

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

Demonstrated through 
material- and cell-level case 
studies; standardized external 

benchmark N.R. 

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. 
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ata needed for later comparison and screening [ 109 ]. Battery-
ataExtractor, a Python-based and battery-domain text-mining
oolkit built on the BatteryBERT language model, provides a
seful bridge between earlier rule-based extraction pipelines and
ransformer-based materials informatics, while also highlighting
 key limitation of current literature mining: many important data
emain embedded in figures and tables and are therefore missed
y text-only extraction workflows [ 121 ]. 

o address the coupled challenges of figure–text synchronized
xtraction and consistency between material names and their
ssociated properties [ 121 ], Zhang et al. proposed the Descriptive
nterpretation of Visual Expression, or DIVE, workflow. Rather
han sending the whole PDF directly to a model, DIVE separates
ext and figures, and uses captions to locate key plots such as
ressure-composition-temperature curves (PCT) and discharge
urves [ 109, 122 ]. The selected figure, caption, and nearby text are
2 of 23
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, Ea , 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
Advanced Materials, 2026
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ayer is also where some of the main risks first appear. Extraction
rrors, inconsistent reporting, and literature bias can all be
ropagated downstream if the evidence base is treated as neutral
r complete [ 123, 124 ]. Recent commentary on SE migration-
arrier analysis sharpens this point further: in data-rich but
ethodologically inconsistent areas, LLMs are most useful as
vidence-auditing tools for normalization, cohort construction,
nd fair comparison before physics-based validation [ 113 ]. 

.3 Hypothesis Generation and 

alidation-coupled Reasoning 

he second layer of the workflow is best understood not as open-
nded “idea generation”, but as validation-coupled reasoning.
nce structured evidence has been assembled, the next task is to
onvert it into constrained, expert-facing proposals that remain
nchored to downstream checks. In SE research, domain-specific
ssistants such as ChatSSB illustrate this route by combining liter-
ture retrieval, expert knowledge, feedback, and visualization to
upport question answering and research planning in solid-state
attery systems [ 48 ]. More generally, reasoning systems at this
ayer help researchers compare material classes, organize trade-
ffs, and prioritize candidate directions without yet claiming
utonomous decision-making. 

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

eyond SE-specific systems, cross-domain database linkage can
rovide useful inspiration when different application fields share
he same underlying chemistry [ 37, 125 ]. Hydrides provide a
epresentative example. As highlighted in the renaissance of
ydrides as energy materials, hydrides are no longer limited to
ydrogen storage but have become relevant to electrochemical
nergy storage, including SEs for mono- and divalent batteries
 126 ]. This connection suggests that hydrogen-storage-oriented
atabases such as DigHyd can be linked with battery-oriented
esources such as DDSE/DigBat to support hydride SE discovery
 56, 127 ]. DigHyd records contain information such as dehy-
rogenation temperature, plateau pressure, and synthesis route,
hereas DDSE/DigBat organizes battery-relevant information
uch as ionic conductivity, activation energy, and literature
ource. Although hydrogen-storage descriptors are not direct
ubstitutes for ionic conductivity or electrochemical stability,
hey can capture thermodynamic, kinetic, and structural fea-
ures relevant to hydride-electrolyte design. A validation-coupled
dvanced Materials, 2026
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 AI-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
13 of 23
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equirements for any serious LLM-enabled discovery workflow.
hese constraints are especially important in SE research, where
parse negative results, interfacial complexity, and inconsistent
eporting can make autonomous workflows appear more mature
han they actually are [ 128, 129 ]. 

 practical detection framework should operate at several levels.
t the source level, generated citations should be verified against
ibliographic metadata and the exact supporting passage. At
he claim level, complex outputs should be decomposed into
ndividual claims and checked against retrieved literature or
urated knowledge sources, with unsupported or contradictory
lements explicitly flagged [ 119 ]. At the materials level, deter-
inistic checks should examine composition and charge balance,
nits, phase identity, measurement conditions, and consistency
ith thermodynamic, transport, and electrochemical constraints.
greement across repeated generations or verifier agents may
rovide a warning signal but cannot establish correctness. 

itigation should combine curated and versioned retrieval,
laim-level provenance, tool-assisted checking, and explicit
bstention when evidence is missing or conflicting. Because
etrieval and multi-agent systems can still propagate shared
rrors, high-impact outputs such as new compositions, mecha-
istic claims, synthesis conditions, or autonomous experimental
ctions should remain subject to expert review and, where appro-
riate, DFT, molecular-dynamics, or experimental validation [ 117,
18, 120 ]. 

 Closed-Loop SE Discovery 

he discovery of SEs has traditionally relied on empirical explo-
ation and incremental compositional tuning, which becomes
ncreasingly inefficient as the accessible chemical, structural,
nd processing space expands. Closed-loop, data-driven strategies
rovide a more systematic alternative by connecting candi-
ate generation, simulation-based evaluation, uncertainty-aware
election, experimental validation, and model refinement into
n iterative discovery cycle [ 128, 130–132 ]. In such a workflow,
L models trained on existing experimental and computational
atasets are first used to propose candidate materials with target
roperties, such as high ionic conductivity, wide electrochemical
tability, or improved interfacial compatibility [ 133 ]. These candi-
ates are then evaluated using first-principles calculations, MD,
r MLIPs to assess phase stability, ion transport, and degradation
endencies [ 134, 135 ]. Importantly, uncertainty quantification is
ncreasingly incorporated not only to estimate the reliability
f model predictions, but also to prioritize candidates that are
xpected to provide the greatest informational gain [ 136–138 ]. 

.1 From Screening to Feedback-Driven 

iscovery 

he defining feature of closed-loop discovery is not high-
hroughput screening alone, but feedback. Experimental vali-
ation of selected candidates not only tests model predictions
ut also generates new data that can be reintegrated into the
raining set, thereby refining the model and guiding the next
ound of exploration [ 139 ]. This iterative process is particularly
4 of 23
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 AI-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 Ea by balancing lattice expansion and
bottleneck size under framework disorder [ 141 ]. Cation substi-
tution can further lower Ea 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
Advanced Materials, 2026
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FIGURE 5 AI-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 and 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) AI-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 ]. 
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ilters (Figure 5b ), allowing materials with relatively low Li
igration barriers to be prioritized. 

his screening strategy identified several rare-earth halide can-
idates, including Li5 YCl8 , Li7 Y2 Cl13 , Na2 LiYCl6 , and a Pna21
olymorph of Li3 YCl6 . The Nax Li3- x YCl6 (0 ≤ x ≤ 3) (NLYC) series
as subsequently synthesized and experimentally characterized,
dvanced Materials, 2026
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
15 of 23
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herefore to use experimental outcomes not only as end-point
onfirmation, but also as feedback to update models, refine
ncertainty estimates, and guide the next discovery cycle. 

mportantly, 583 of 771 candidates passing the ML-based redox
ilters also passed the subsequent DFT energy-above-the-convex-
ull ( Ehull ) stability filter, corresponding to a 75.6% passing rate
t this intermediate stage [ 142 ]. However, only a subset of the
inal candidates was experimentally tested, and some predicted
ompositions or structures were not reproduced exactly. Such
alse positives can arise because ML-predicted stability and Ehull
re imperfect proxies for synthesizability and do not fully capture
olymorphism, disorder, kinetic barriers, competing phases, or
ynthesis conditions [ 142 ]. Experimental validation therefore
emains essential after large-scale screening. 

.3 LLM-Guided Mining of MOF SEs 

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

xperimental results confirmed the feasibility of NOTT-400 as
n SE. Its crystal structure is shown in Figure 5f , and TEM
evealed flower-like particle assemblies formed from rod-like
uilding units (Figure 5g ). Electrochemical impedance spec-
roscopy demonstrated an RT ionic conductivity of 3.1 × 10− 4
 cm− 1 , comparable to previously investigated MOF SEs within
he same cluster (Figure 5h ). This study is significant because it
emonstrates how LLMs can contribute to SE discovery not by
eplacing physical models, but by organizing dispersed literature
nowledge and enabling representation-based search in under-
xplored materials spaces. As MOF and SE databases continue
o expand, similar workflows could identify additional high-
otential candidates that are difficult to locate through manual
iterature screening. 

aken together, these studies indicate that closed-loop SE discov-
ry is evolving along three complementary directions: descriptor-
ased optimization, large-scale ML-physics screening, and LLM-
ssisted knowledge mining. Each direction addresses a different
ottleneck. Descriptor-based models improve interpretability and
rovide mechanistic links between composition and transport.
L-physics workflows expand the searchable chemical space
hile retaining physical filters. LLM-assisted approaches reduce
nowledge fragmentation and enable discovery in literature-rich
ut structurally diverse materials classes. The central challenge
s to merge these directions into a single adaptive workflow in
hich candidate generation, physical evaluation, experimental
alidation, and data curation continuously inform one another. 
6 of 23
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 AI-Assisted 3D Printing for SE 

Manufacturing 

AI-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 AI-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 AI, 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. 
Advanced Materials, 2026
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FIGURE 6 Outlook toward autonomous SE laboratories. The schematic shows a closed-loop AI-agent framework that integrates literature, 
databases, simulations, and experiments to guide SE design. Through perception, learning, action, and reasoning, the AI agent enables iterative 
optimization of composition, structure, performance, and stability, supporting standardized data use, interface-aware modeling, and discovery beyond 
lithium systems. 
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.1 Standardization and FAIR Data 

 foundational requirement for this transition is the establish-
ent of standardized and FAIR SE data infrastructures. As
iscussed in recent research pertaining to data reliability in SE,
onic conductivity data are particularly vulnerable to ambiguity
ecause transport properties are strongly dependent on tempera-
ure, measurement protocols, unit conventions, microstructure,
nd processing history [ 144 ]. Even subtle inconsistencies in
onductivity reporting, Arrhenius fitting, or annotation can prop-
gate into curated databases and downstream ML workflows,
ntroducing structured label noise and reducing the reliability of
I-driven predictions. Therefore, future SE databases must evolve
eyond static collections of conductivity values toward context-
reserving infrastructures that retain experimental provenance,
rocessing parameters, measurement conditions, and uncer-
ainty information. 

igure 6 illustrates this transition from conventional literature-
entered workflows toward autonomous SE laboratories. In
raditional workflows, experimental data are reported pri-
arily for human interpretation, often with heterogeneous
ormats and incomplete metadata. By contrast, autonomous
aboratories require machine-readable and interoperable data
dvanced Materials, 2026

t

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 AI modeling. 

6.2 Interface-Aware AI 

Interface-aware AI 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/LiCoO2 interfaces, revealing interfacial disordering,
cation mixing, and Co interdiffusion [ 43 ]. Long-timescale MLIP
simulations across LiCoO2 interfaces with sulfide, chloride, and
17 of 23
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xide SEs further identified interfacial reactions, Li-depleted
egions, and cation interdiffusion as distinct kinetic origins of
nterfacial impedance [ 97 ]. 

ecent studies have extended this approach toward mechanical
nd multiscale interface behavior. Fine-tuned MLIPs combined
ith steered molecular dynamics were used to evaluate 36 cath-
de/SE interfaces in Na-based solid-state batteries, directly quan-
ifying orientation-dependent adhesion, separation, and interfa-
ial failure [ 46 ]. Similarly, multiscale modeling of LiCoO2 /LGPS
nterfaces showed that suppressing cation interdiffusion through
 protective interlayer can introduce a competing mechanical
enalty associated with delamination, illustrating the need to
ptimize chemical and mechanical stability simultaneously [ 98 ].

nterface-aware learning is also beginning to incorporate exper-
mental observables. Li et al. transformed multimodal X-ray
mages of solid-state composite cathodes into topology-aware
raphs using ML-based segmentation, linking triple-phase junc-
ions and concurrent ionic/electronic pathways to local elec-
rochemical activity [ 145 ]. In parallel, Warren et al. combined
n situ impedance spectroscopy with interpretable ML to track
lectrochemical-state evolution in sulfide solid-state batteries and
elate impedance features to cathode- and anode-side interfacial
egradation [ 146 ]. These examples broaden interface-aware AI
eyond atomistic prediction toward experimentally grounded
icrostructural and electrochemical diagnostics. 

evertheless, these capabilities remain largely disconnected.
o our knowledge, no published system yet integrates atom-
stic interface dynamics, microstructural imaging, spectroscopy,
mpedance, mechanical evolution, and electrochemical feedback
nto a unified autonomous interface-design loop. We therefore
resent the interface-aware AI concept in Figure 6 as a forward-
ooking framework proposed in this Perspective, built upon
hese emerging capabilities. A mature implementation should
onnect multimodal experimental data with MLIPs, microstruc-
ural representations, and uncertainty-aware learning to relate
nterfacial structure and evolution directly to degradation and cell
erformance across length and time scales. 

.3 Autonomous SE Discovery Beyond Lithium 

he future of autonomous SE laboratories will also extend
ar beyond lithium-based systems. Although lithium-ion con-
uctors currently dominate SE research, growing concerns
egarding lithium resource availability, cost, safety, and large-
cale energy storage requirements are accelerating interest in
odium-ion, potassium-ion, magnesium-ion, calcium-ion, pro-
on, and other multivalent-ion conductors. These emerging
ystems introduce fundamentally different transport mecha-
isms, defect chemistries, and electrochemical constraints that
annot simply be extrapolated from lithium analogues. For
xample, sodium superionic conductors often exhibit stronger
tructural flexibility and distinct grain-boundary behavior, while
ydride and borohydride electrolytes display highly anharmonic
attice dynamics and complex rotational disorder. Multivalent
ystems further introduce correlated ion migration and stronger
oulombic interactions, which remain poorly understood. 
8 of 23
In this regard, AI-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 SEs111 
and divalent hydride electrolytes [ 50 ]. Although these studies
remain largely computational or data-driven rather than fully
autonomous, they demonstrate how AI 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 AI-
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,
Advanced Materials, 2026
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nteroperable, and continuously learning research ecosystems
apable of transforming scientific literature into active engines for
utonomous discovery. 
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