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simulation framework
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Modern battery technologies demand electrolytes that simultaneously deliver multiple functions
tailored to diverse applications. Achieving such multi-objective optimization remains fundamentally
challenging, as many key electrolyte properties are intrinsically in competition. Data-driven
approaches provide a systematic route to navigating the vast compositional space of electrolyte
systems; however, their effectiveness critically depends on the availability of comprehensive datasets
that capture not only descriptors derived from isolated molecular structures and properties but also
structural and physicochemical characteristics of electrolytes as integrated solutions. Here, we report
an open electrolyte database comprising approximately 5600 electrolyte formulations, generated
using a fully automated, high-throughput molecular dynamics simulation framework. The dataset
spans diverse combinations of solvents, salts, and concentrations, and provides unified descriptions
of electrolyte structures and physicochemical properties. To facilitate data exploration and utilization,
we implement aweb-basedgraphical user interface (https://oedb.jp) that enables interactive browsing
and comparison of electrolyte compositions together with their associated descriptors, while also
making the database accessible to LLM-based agents for data reference. This Open Electrolyte
Database for Batteries (OEDB) establishes a foundation for data-driven electrolyte design grounded in
structure–property relationships at the electrolyte level.

The transition toward a sustainable energy society critically relies on
efficient and reliable electrochemical energy storage technologies.
Rechargeable batteries underpin a wide range of applications, from
electric mobility to grid-scale integration of intermittent renewable
energy sources1–3. As these applications diversify, electrolytes are
increasingly required to exhibit multiple physicochemical functional-
ities, including high ionic conductivity, wide electrochemical stability
windows, thermal and chemical robustness, and stable interfacial
compatibility with electrodes4,5. Simultaneous optimization of these
properties remains a central challenge in electrolyte design, as many of
the desired characteristics are mutually competing. Addressing this
complexity necessitates data-driven approaches capable of capturing
and exploiting the intricate relationships among electrolyte composi-
tion, structure, and physicochemical properties6.

Existing databases for electrolyte-related research, such as the Elec-
trolyte Genome Project7, ZINC8, PubChem9, and Molecular Universe10,
primarily focus on molecular-level descriptors, including geometric struc-
tures, dipole moments, and HOMO/LUMO energies of isolated molecules.
While such information is invaluable for characterizing individual mole-
cular species, these databases do not provide information on electrolyte-
level structures and physicochemical properties such as ionic conductivity
and viscosity that emerge when molecules and ions collectively form an
electrolyte solution. As a result, conventional data-driven electrolyte design
often attempts to directly correlate the properties of isolatedmolecules with
battery performance11, effectively treating the collective properties of
molecular assemblies as ablackboxand thereby limiting interpretability and
rational design insight (Fig. 1a). A more robust design paradigm therefore
requires electrolyte-level structure and physicochemical properties as
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intermediate variables, establishing a causal, stepwise link between mole-
cular properties and battery performance (Fig. 1b).

However, acquiring electrolyte-level structural and physicochemical
information in a systematic and reproducible manner across a broad
compositional space remains a significant challenge. In general, direct
experimental measurement of solution structure is difficult because liquid
structures fluctuate dynamically over time, making large-scale acquisition
impractical. Against this backdrop, molecular dynamics (MD) simulations
provide a powerful methodology for evaluating both solution structure and
the associated physicochemical properties12,13. Nevertheless, conventional
MD workflows consist of multiple sequential steps, often requiring sub-
stantial manual intervention, thereby hindering scalability and
reproducibility.

To address these challenges, we developed a fully automated MD
framework that integrates fragmented simulation steps into a single, robust
workflow and is tightly coupled with a large-scale computational environ-
ment equipped with high-capacity file storage. Using this framework,
electrolyte-level structural and physicochemical data are generated under
unified conditions in a high-throughput manner for a broad range of
commercially relevant electrolyte compositions, and systematically curated
into the Open Electrolyte Database for Batteries (OEDB) (Fig. 1c).
Accordingly, in this study, we adopt classical MD simulations with widely
applicable force fields to enable large-scale exploration of electrolyte com-
position space within feasible computational cost. To facilitate data
exploration and utilization, we further develop a web-based graphical user
interface (GUI) that enables interactive inspection of electrolyte composi-
tions together with their associated structural and physicochemical
descriptors, while also making the database accessible for reference by large
language model (LLM)-based agents.

Results
Development of an electrolyte database
Conventional MD workflows typically treat charge assignment, force field
parametrization, initial structure generation, equilibration, and subsequent
analysis as separate and loosely connected steps. This fragmented workflow
often requires manual intervention and ad hoc handling of data formats
between individual stages, which not only increases the computational
overhead of each calculation but also hinders efficient large-scale

parallelization required for high-throughput studies acrossmany electrolyte
compositions (Fig. 2, top). To overcome these limitations, we constructed a
fully automated MD framework in which all necessary simulation and
analysis programs are deployed within a single supercomputer system and
systematically integrated. In this framework, programs with different input
andoutput formats are automatically linked, enabling seamless data transfer
throughout the entire workflow (Fig. 2, bottom). As a result, thousands of
electrolyte compositions can be processed end-to-end, from compositional
input to the evaluation of solution structures and physicochemical prop-
erties, without manual intervention.

Operating an automated MD framework at scale requires a compu-
tational infrastructure that supports both massively parallel high-
throughput calculations and large-scale data storage. In this study, we
employed mdx14,15 as the supercomputer system and carried out approxi-
mately 16millionCPU-hours ofMDsimulationsusing the latest-generation
CPUs, exceeding the computational resource used in the initial construction
of the Materials Project (15 million CPU-hours)16, one of the largest first-
principles databases for inorganic crystalline materials. This large-scale
environment, combined with the automated workflow, enabled high-
throughput generation of electrolyte structural and physicochemical
property data for 5616 compositions (see Methods section for calculation
details), with a throughput more than two orders of magnitude higher than
that of conventional manual MD workflows. Approximately 50 GB of tra-
jectorydatawere generatedper composition, resulting in a total data volume
of about 300 TB. The resulting dataset spans three cations (Li+, Na+, and
K+), nine anions, 26 solvents, and salt concentrations ranging from 0.5 to
4.0mol kg–1, with benchmark comparisons for representative systems
confirming consistency with experimental values for density, ionic con-
ductivity, and viscosity (Fig. S1).

However, classical force fields have inherent accuracy limitations (see
Section S1 and Fig. S2 for a detailed discussion). Accuracy will be further
enhanced in future work by adopting higher-fidelity simulation approaches
tailored to the target electrolyte systems, using polarizable17, machine-
learning-based18, and first-principles MD19, which will enable more reliable
evaluation of ion transport properties, including transference numbers20,21.
Building on this strategy, the database will be frequently updated to incor-
porate both higher-quality data and an expanded range of electrolyte sys-
tems, including mixed-solvent and more complex formulations.

Fig. 1 | A data-driven hierarchical framework for
electrolyte design. a Schematic illustration of a
molecular-descriptor-based electrolyte design fra-
mework, in which molecular properties are directly
linked to battery performance without explicit
consideration of electrolyte-level structure or phy-
sicochemical properties. b Schematic illustration of
a hierarchical design framework that introduces
electrolyte-level structural and physicochemical
properties as intermediate variables connecting
molecular properties and battery performance.
c Overview of the workflow employed in this study,
including high-throughput molecular dynamics
simulations, construction of the Open Electrolyte
Database for Batteries (OEDB), interactive data
exploration using a web-based graphical user
interface, and use of the database by LLM-based
agents.
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Electrolyte structure map
To systematically visualize the large number of electrolyte composi-
tions contained in the database, all electrolytes were embedded into a
two-dimensional structural space using t-distributed stochastic

neighbor embedding (t-SNE) (Fig. 3; seeMethods section for details)22.
In this electrolyte structure map, compositions with similar solution
structures are positioned in close proximity. Electrolytes separate
primarily by cation species, with Li+-, Na+-, and K+-based electrolytes

Fig. 2 | From manual molecular dynamics to scalable electrolyte data infra-
structure. Top: Conventional manual MD workflow, in which an input electrolyte
composition is processed sequentially through charge assignment, force field
parametrization, initial structure generation, MD simulation, and subsequent
structural and physicochemical property analysis, followed by database registration.
Owing to the sequential and manual nature of the workflow, the achievable

throughput is limited to approximately one composition per day. Bottom: End-to-
end automated MD framework developed in this study, where all simulation and
analysis steps are integrated and executed under Python-based control and a job
scheduling system, enabling parallel processing ofmultiple electrolyte compositions.
The workflow includes automatic analysis and direct registration of results into the
database, achieving a throughput exceeding 100 compositions per day.

Fig. 3 | Electrolyte structure map and associated property distributions. a Two-
dimensional t-distributed stochastic neighbor embedding (t-SNE) projection of
MD–derived solution-structure descriptors for all electrolyte compositions, where
each point represents a single composition and is colored according to the solvent
category. bThe same t-SNE projection as in (a), with points colored according to the

anion category. c The same t-SNE projection, colored by the logarithm of ionic
conductivity, log σ (mS cm–1), showing the spatial distribution of ionic conductivity
across the electrolyte structure map. d The same t-SNE projection, colored by the
logarithm of viscosity, log η. (mPa·s), showing the corresponding distribution of
viscosity across the structure map.
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occupying three distinct regions (Fig. 3a, b), while further differ-
entiation according to solvent and anion species appears within each
region. To explore the relationship between electrolyte structure and
physicochemical properties, ionic conductivity and viscosity were
overlaid onto the same structural space (Fig. 3c, d). In these maps, the
color distributions vary smoothly across the structural space rather
than appearing randomly, suggesting a systematic correspondence
between electrolyte structure and physicochemical properties. Nota-
bly, comparison of the two property maps shows that regions of higher
ionic conductivity tend to coincide with lower viscosity, indicating a
clear inverse relationship between these properties across the com-
positional space.

Correlations among electrolyte properties
To quantitatively assess the trends in physicochemical property dis-
tributions identified in the electrolyte structure space, we focus on a
specific subset of compositions and examine pairwise relationships
among key properties. In particular, lithium bis(fluorosulfonyl)imide
(LiFSI)-based electrolyte systems were analyzed to evaluate correlations
among ionic conductivity (σ), Li⁺ diffusion coefficient (DLi), viscosity (η),
density (ρ), and the coordination numbers of solvent molecules and
anions around Li⁺ (CNsolvent and CNanion) (Fig. 4). A strong positive
correlation is observed between σ and DLi, reflecting the close corre-
spondence between ion diffusion and ionic transport, in agreement with
the Nernst–Einstein relation23,24. By contrast, the relationship between σ

Fig. 4 | Physically consistent correlations in LiFSI-based electrolyte systems.
Pairwise correlations among electrolyte physicochemical properties and coordina-
tion descriptors for LiFSI-based electrolyte systems extracted from the OEDB. The
correlation matrix presents scatter plots for all pairwise combinations of ionic

conductivity σ (mS cm–1), viscosity η (mPa·s), Li⁺ diffusion coefficient DLi (m
2 s–1),

solvent and anion coordination numbers around Li⁺ (CNsolvent and CNanion), and
density ρ (g cm–3). Pearson correlation coefficients are shown in each panel, with
positive and negative correlations indicated in red and blue, respectively.

https://doi.org/10.1038/s41524-026-02093-y Article

npj Computational Materials |          (2026) 12:215 4

www.nature.com/npjcompumats


and η is consistent with the inverse dependence of diffusion on viscosity
implied by the Stokes–Einstein relation23,24. Notably, comparison
between low and high concentrations reveals that this relationship holds
at 1.0 mol kg–1 but breaks down at 4.0 mol kg–1 due to stronger ion–ion
correlations (Fig. S3). Taken together, these results show that physico-
chemical properties in electrolyte systems are linked in a physically
consistent manner, connecting transport behavior with both molecular
diffusion and local coordination environments. The OEDB provides a
platform that enables systematic examination of such consistent rela-
tionships across a wide range of electrolyte compositions.

Development of a graphical user interface
To enable direct and integrated exploration of electrolyte-level composi-
tional, structural, and physicochemical data, we developed a web-based
graphical user interface (GUI), publicly accessible at https://oedb.jp. The
interface integrates the electrolyte structuremap, physicochemical property
distributions, and compositional metadata within a single interactive
environment (Fig. 5a, b). Individual electrolyte compositions can be selected
directly from the structure map, while subsets of electrolytes can be dyna-
mically extracted using filters based on structural similarity or target phy-
sicochemical properties (Fig. 5c). Selected compositions are visualized
consistently across the structure map, correlation plots, and tabulated
composition lists, enabling seamless comparison across multiple repre-
sentations. By linking electrolyte-level composition, structure, and proper-
tieswithin a unifiedworkflow, theGUI facilitates intuitive identification and
comparison of electrolyte behaviors that are difficult to infer when con-
sidering individual molecular components in isolation. The interface is
designed for future expansion, including integration of experimental data-
sets, incorporation of higher-accuracy simulation results, and extension to
more complex electrolyte systems such as mixed-solvent and multi-salt
formulations.

LLM-assisted electrolyte design grounded in OEDB
While the GUI provides systematic access to the OEDB for researchers
familiar with electrolyte chemistry, translating database queries into
actionable design insights often requires integration ofmultiple information
sources, includingdatabase property records, knowledge from the literature,
and application-specific constraints. To address this challenge, we imple-
mented a large language model (LLM)25,26–assisted framework27,28 that
organizes electrolyte-related information through a natural-language-based
interface (Fig. 6a). In this framework, user inputs specifying application
context, target properties, and design constraints are processed by an LLM
that integrates pretrainedgeneral knowledgewith structured electrolyte data
retrieved from the OEDB via the Model Context Protocol29, together with
publicly available web information. This integration enables candidate
solvent–salt compositions and associated property trends to be organized
within a unified language-based workflow.

Further specialization of the LLM for electrolyte exploration requires
incorporation of domain-specific knowledge through additional training.
As an initial step, we fine-tuned an open-source LLM30–33, Mistral34, using a
question–answer dataset derived from the OEDB (Fig. 6b, left; seeMethods
section and Table S1 for training details). After fine-tuning, the model
demonstrated improved accuracy in answering questions related to elec-
trolyte composition and physicochemical properties contained in the
OEDB, compared with the baseline model (Fig. 6b, right). These results
suggest that training LLMs with OEDB-based data provides a practical
pathway toward adapting language models for electrolyte research. Future
integration of experimental datasets and additional simulation results is
expected to further expand the scope and utility of this framework.

Discussion
In this work, we developed the Open Electrolyte Database for Batteries
(OEDB), a first-of-its-kind open electrolyte-level database, by deploying a

Fig. 5 | Graphical user interface for interactive exploration of electrolyte struc-
ture and properties. a Electrolyte structure map displayed as a t-SNE projection,
where each point represents an electrolyte composition defined by cation, anion,
solvent, and concentration. Selecting a point interactively displays the corre-
sponding compositional information together with summaries of electrolyte-level
physicochemical properties and structural descriptors. b Correlation plot showing

electrolyte compositions in a two-property space (for example, ionic conductivity
versus viscosity), constructed from the same composition-resolved dataset as in (a).
c Filteringworkflow of the interface, inwhich compositional categories and property
ranges are specified via a side panel, resulting in synchronized updates of the
structuremap, correlation plots, and a corresponding list of electrolyte compositions
that satisfy the selected conditions.
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fully automated, high-throughput MD framework on the large-scale com-
putational environment mdx. This approach enables the generation and
aggregationof solution structures andphysicochemical properties for awide
range of electrolyte compositions under unified conditions. By organizing
these data consistently at the level of electrolyte composition and providing
integrated access through a graphical user interface, electrolyte structures,
properties, and compositions can be explored and comparedwithin a single
research environment. In addition, leveraging the OEDB as a structured
contextual reference, we introduced an LLM-based framework for orga-
nizing and interpreting electrolyte-related information in a natural-
language setting, supporting application-driven exploration of candidate
electrolyte systems. We are committed to the continuous development of
the OEDB through frequent updates that simultaneously expand its cov-
erage and improve data quality, by incorporating data generated from
higher-fidelity MD simulations, experimental measurements, and increas-
ingly complex electrolyte formulations.

Methods
Automated high-throughput MD simulations
The electrolyte composition space comprised a total of 5616 distinct com-
positions, spanning three alkalimetal cations (Li+,Na+ andK+), nine anions
including BETI⁻ (bis(pentafluoroethanesulfonyl)imide), BF4

– (tetra-
fluoroborate), ClO4

– (perchlorate), DFOB– (difluoro(oxalato)borate), FSI–

(bis(fluorosulfonyl)imide), OTf– (trifluoromethanesulfonate), PF6
– (hexa-

fluorophosphate), TFA⁻ (trifluoroacetate), and TFSI– (bis(tri-
fluoromethanesulfonyl)imide), as well as 26 organic solvents. The solvent
set included acetone (Ac), acetic anhydride (Ac₂O), acetonitrile (AN),
butylene carbonate (BC), diethyl carbonate (DEC), dimethyl carbonate
(DMC), 1,3-dimethyl-2-imidazolidinone (DMI), dimethyl sulfoxide
(DMSO), ethyl acetate (EA), ethyl butyrate (EB), ethylene carbonate (EC),
ethyl methyl carbonate (EMC), ethyl propionate (EP), fluoroacetonitrile
(FAN), ethyl fluoroacetate (FEA), fluoroethylene carbonate (FEC), methyl
(2,2,2-trifluoroethyl) carbonate (FEMC), γ-butyrolactone (GBL), glutar-
onitrile (GN), methyl acetoacetate (MA), methyl butyrate (MB), methyl
pyruvate (MP), propylene carbonate (PC), succinonitrile (SN), triethyl

phosphate (TEP), and trimethyl phosphate (TMP). Salt concentrationswere
varied from 0.5 to 4.0mol kg–1 in increments of 0.5mol kg–1.

All MD simulations were carried out using the LAMMPS package35

with periodic boundary conditions applied in all three spatial dimensions.
Interatomic interactions were described using classical force fields: cation
parameters were taken from ref. 36, solvent molecules were parameterized
using the General AMBER Force Field (GAFF)37, and anion force field
parameters were taken from OPLS-AA38–42. Atomic partial charges were
derived using the restrained electrostatic potential (RESP) method43 based
on density functional theory calculations performed with Psi444 at the
B3LYP/aug-cc-pVDZ level. Following established practices for con-
centrated (or ionic liquid) electrolytes45–49, ionic charges were uniformly
scaledby a factor of 0.8. The complete set of atom types andpartial charges is
provided in Table S2.

Initial simulation cells were constructed as cubic boxes with side
lengths of approximately 80 Å, containing roughly 30,000 atoms.Molecular
compositions were determined to reproduce the target salt concentrations
for each system. Initial configurations were generated using PACKMOL50.
Each system was first relaxed for 1 ns under NPT conditions at 1 atm and
298 K, followed by a 1 ns equilibration period and a 20 ns production run
under NVT conditions at 298 K. A time step of 1 fs was employed
throughout all simulations, and SHAKE constraints51 were applied to all
bonds involvinghydrogenatoms. Long-range electrostatic interactionswere
treated using the particle–particle particle–mesh (PPPM) method52 with a
real-space cutoff of 10 Å.

The structural and transport properties of each electrolyte composition
were evaluated from the MD trajectories, including radial distribution
functions (RDFs), coordination numbers, density, ionic conductivity, and
viscosity; detailed definitions and computational procedures are provided in
the following sections. Among these, density, ionic conductivity, and visc-
osity were further compared with experimental data for selected electrolyte
systems (LiFSI/AN, LiFSI/DMC, LiFSI/EMC, LiFSI/PC, and LiFSI/FEC
systems at 0.5 and 1.0mol kg–1); experimental measurement procedures are
described below. For these systems, five independent production runs were
performed, and the averaged values with error bars representing the

Fig. 6 | OEDB-grounded LLM frameworks for electrolyte design and knowledge
adaptation. a Schematic overview of the LLM-assisted framework, in which a user
query specifying application context, target properties, and design constraints is
processed by a LLM connected to the OEDB via the Model Context Protocol. The
model integrates pretrained general knowledge with structured OEDB data and
publicly available web information to organize candidate electrolyte compositions

and associated property trends. b Training and evaluation of a domain-specific
knowledge using question-and-answer data derived from OEDB, illustrating
representative property-value and composition queries and the corresponding
improvement in average accuracy after fine-tuning compared with the base-
line model.
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standard error are shown in Fig. S1. In addition, for the LiFSI/EC system,
ionic conductivity was further analyzed as a function of salt concentration,
and the averaged values from five independent production runs with error
bars are shown in Fig. S2.

Electrolyte solution structures were characterized using RDFs53

describing atomic pair correlations between cations and solvent molecules,
aswell as between cations and anions. RDFswere evaluatedwith a binwidth
of 0.05 Å up to a maximum distance of 30 Å. For each atomic pair i–j, the
RDF gijðrÞ was defined as

gij rð Þ ¼
V

NiNj4πr2d

XNi

i¼1

XNj

j¼1

δ r � rij
� �

ð1Þ

whereV is the systemvolume,Ni andNj are the numbers of atoms of types i
and j, respectively, d is the bin width, and rij is the interatomic distance.

Coordination numbers were obtained by integrating the RDF from r =
0 to the first minimum rc of each pair distribution function,

Nc ¼ 4πρj

Z rc

0
r2gij rð Þdr ð2Þ

where ρj ¼ Nj=V is the number density of species j. The cutoff distance rc
was determined automatically for each system.

Self-diffusion coefficients were calculated from the mean square dis-
placement (MSD)53 of individual species using the Einstein relation. The
MSD was defined as

MSD tð Þ ¼ 1
n

X

i

Ri tð Þ � Ri 0ð Þ
�� ��2

* +
ð3Þ

and diffusion coefficients were obtained from the long-time limit,

Di ¼ lim
t!1

MSDðtÞ
6t

ð4Þ

MSDs were evaluated over the full 20 ns production trajectories, and
diffusioncoefficientswere extracted fromthe linear regimeat long timescales.

Ionic conductivity was computedusing the Einstein formulation of the
Green–Kubo relation54–56 by averaging over 10,000 time windows spanning
lag times from1 ps to10 ns. In this formulation, the ionic conductivity σwas
calculated as

σ ¼ lim
t!1

e2

6VtkBT

X
i;j
zizj ri tð Þ � ri 0ð Þ� � � rj tð Þ � rj 0ð Þ

h iD E
ð5Þ

where zi and zj are the charge numbers of ion i and j, riðtÞ, rjðtÞ are their
positions at time t, kB is the Boltzmann constant, and T is the temperature.
Final conductivity values were obtained from the slope of the mean charge
displacement in the 1–2 ns time window.

Viscosity was evaluated using the Einstein form of the Green–Kubo
relation54,55,57 based on stress tensor fluctuations. In this formulation, the
viscosity η was calculated as

η ¼ lim
t!1

1
2VkBT

d
dt

Z t

0
Pxy t

0ð Þdt0
� �2* +

ð6Þ

where PxyðtÞ is an off-diagonal component of the stress tensor. Production
trajectories were divided into 100 segments, and viscosity values were
calculated from time windows ranging from 5 fs to 50 ps. Outlier values
exceeding approximately 10% of the standard deviation were excluded, and
the median of the remaining values was reported.

Experimental measurement of electrolyte properties
The ionic conductivity of electrolyte solutions was measured by electro-
chemical impedance spectroscopy using a two-electrode cell equipped with
platinum electrodes. Alternating-current impedance spectra were recorded
over a frequency range from 100mHz to 10 kHz, and ionic conductivities
were determined from the bulk resistance extracted from the impedance
response. The viscosity of the electrolyte solutions was measured using a
rotational viscometer (EMS-1000S, Kyoto Electronics Manufacturing Co.,
Ltd.). The density of the electrolyte solutions wasmeasured using a portable
density meter (DMA 35, Anton Paar GmbH). All measurements were
performed at room temperature. Electrolyte samples were prepared using
the same compositional definitions as those employed in the molecular
dynamics simulations, ensuring direct consistency between the experi-
mental and computational datasets.

Electrolyte structure mapping using t-SNE
High-dimensional structural descriptors derived from RDFs were mapped
onto a two-dimensional space using t-distributed stochastic neighbor
embedding (t-SNE)22. For each electrolyte composition, the input descriptor
was constructed by concatenating RDFs corresponding to two types of
atomic pair correlations: (i) anion atoms coordinating to the cation and (ii)
solvent atoms coordinating to the cation. For each atomic pair type, RDFs
were sampled over the distance range from 0 to 10 Å with a bin width of
0.05 Å, resulting in fixed-length descriptor vectors. Prior to dimensionality
reduction, all descriptor vectors were standardized to have zero mean and
unit variance. The t-SNE analysis was performed using the default hyper-
parameter settings of the Python implementation, without manual
optimization.

LLM-assisted database interaction and fine-tuning
A large languagemodel (LLM)was fine-tuned using question–answer (QA)
data generated from the OEDB, following the methodology established in
the aLLoyM framework30. The pretrained Mistral-Nemo-Instruct-2407
model was employed as the base model. For each electrolyte entry in the
OEDB, structured database records were converted into pairs of natural-
language questions and their corresponding correct answers, with each pair
constituting a single training sample. The questions were designed to
emulate typical database query scenarios andwere categorized into two task
types. Task 1, referred to as a property query, required themodel to return a
specific physicochemical property value for a given electrolyte composition,
such as a diffusion coefficient or ionic conductivity. Task 2, referred to as a
composition query, required the model to identify a composition element,
such as the cation or solvent species, that satisfies a specified set of condi-
tions. Representative examples of the QA formats used for fine-tuning are
provided in Supplementary Table S1.

Fine-tuning was performed using low-rank adaptation (LoRA)32 with
rank 16 and alpha 16, applied to both attention and feed-forward projection
layers. The model was trained for 15,000 optimization steps using the
AdamWoptimizer with a learning rate of 2 × 10–4. Training was conducted
with a batch size of 16 per device, four gradient accumulation steps, and
bfloat16 precision. For model evaluation, multiple-choice questions were
generated using the same two query types. Each question consisted of one
correct answerand two incorrect alternatives, and themodelwas required to
select the correct option. Electrolyte compositions were partitioned into
training and evaluation sets such that no composition appeared in both sets.
Evaluation was carried out for both the fine-tuned model and the baseline
model under identical conditions.Model performancewas quantified as the
classification accuracy, defined as the fraction of questions for which the
correct option was selected.

Data availability
The electrolyte database generated in this study is publicly available at
https://oedb.jp. This database contains all data underlying the results
reported in this work. All information necessary to reproduce the
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calculations, including computational details and protocols, is provided in
the main text, Methods, and Supplementary Information.
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