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Battery Electrolyte Discovery through a Standardized, Multimodal Foundation
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Abstract

Meeting AI’s growing data-center energy de-
mands will require higher-energy-density storage,
and at the heart of those systems are the elec-
trolyte chemistries that govern performance, sta-
bility, and safety. Yet the data foundation for
electrolyte discovery remains misaligned with the
real problem: benchmarks like MoleculeNet stan-
dardized AI on single molecules, while electrolyte
performance is governed by molecular mixtures,
compositions, and experimental context. Current
open battery datasets, meanwhile, remain largely
centered on full-cell aging and performance with
limited chemical diversity. We therefore propose
Open Electrolyte Databank, a standardized, multi-
modal resource centered on molecular-mixture
chemistry for battery electrolytes, initially fo-
cused on metal-anode systems where electrolyte
design is especially critical for achieving very
high energy density. The databank will trans-
form fragmented literature into machine-readable,
formulation-native records linking standardized
compositions to protocols, outcomes, and mul-
timodal data, including spectroscopy, molecular
dynamics, and DFT, while growing through con-
tributions from the broader electrolyte commu-
nity, including labs developing automated bat-
tery workflows. Our early work already estab-
lishes proof of concept, with a Coulombic Effi-
ciency (CE) dataset about an order of magnitude
larger than previous public efforts. By moving
battery AI beyond single-molecule prediction and
toward formulation-aware learning, Open Elec-
trolyte Databank would provide shared infrastruc-
ture for mixture-aware benchmarking, retrieval,
and closed-loop electrolyte discovery.
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1. Introduction
Datasets often determine which scientific machine learn-
ing problems become tractable. In practical lithium-metal
batteries, the liquid electrolyte is the nexus connecting en-
ergy density, stability, rate capability, and safety (Wang
et al., 2022). Electrolytes therefore represent a particu-
larly timely target for AI-driven discovery, especially as
high-energy-density storage becomes increasingly impor-
tant for electrified transportation, grid-scale buffering, and
the rapidly growing infrastructure surrounding AI compute.
Yet electrolyte science is poorly matched to the dominant
benchmark paradigm: much of chemistry AI still centers
on single-molecule property prediction, whereas electrolyte
behavior is governed by multi-component formulations, con-
centration, protocol, and device context. Recent work on
chemical-mixture learning makes the same point, but exist-
ing mixture benchmarks like CheMixHub remain narrow,
focusing on a single modality—ionic conductivity—rather
than the multimodal, protocol-aware evidence required for
practical battery development (Rajaonson et al., 2025).

The battery literature reflects this gap. Existing public bat-
tery datasets are still weighted toward aging and device-level
performance histories rather than formulation-centric elec-
trolyte chemistry (lappemic, 2026; Mayemba et al., 2024),
while experimental electrolyte development remains slow
and iterative despite the growing promise of AI-assisted
search (Ma et al., 2025). We therefore introduce the Open
Electrolyte Databank, a standardized, continuously updated,
multimodal resource organized around electrolyte formu-
lations and their associated experimental context. As an
open framework, it can lower the barrier to entry for com-
putational groups with limited experimental infrastructure,
strengthen synergy between dry-lab and wet-lab research,
provide algorithm developers with a realistic benchmark
for mixture-aware prediction, retrieval, and agentic reason-
ing, and help experimental researchers navigate formulation
landscapes more efficiently using AI-assisted workflows.
By linking formulations to protocols, electrochemical out-
comes, and multimodal evidence, the dataset enables models
to reason not only about what works, but also why specific
formulations succeed under particular experimental condi-
tions.
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2. Dataset Design
Each example in the dataset is a formulation-level record
that jointly captures standardized composition, experimen-
tal protocol, measured outcomes, supporting evidence, and
provenance. This joint structure is a central design choice
rather than a matter of convenience: electrolyte behavior
emerges from interactions across all five components, so
they must be preserved together rather than reduced to paper-
level metadata. In practice, each record includes canonical
identities for solvents, salts, and additives; normalized com-
position expressed in standardized ratio and concentration
units; experimental context such as current density, tem-
perature, and cell configuration; reported measurements;
and confidence metadata for every extracted field. Ap-
pendix A details the full schema, example records, and
the standardization pipeline, including conversion rules for
weight-, volume-, and molar-ratio reports, together with au-
tomated extraction, rule-based normalization, and targeted
expert adjudication.

Multimodality is not a cosmetic feature of electrolyte re-
search; it is intrinsic to how the field generates and in-
terprets evidence. Modern electrolyte studies rarely rely
on a single reported metric alone, instead linking electro-
chemical performance to spectroscopic, microscopic, and
computational evidence such as NMR, Raman, XPS, SEM,
and simulation-derived structural descriptors (Cadiou et al.,
2026; Shi et al., 2025; Ma et al., 2025). A useful bench-
mark must therefore preserve these cross-modal connec-
tions, enabling not only scalar prediction but also mech-
anistic reasoning about why a formulation behaves as it
does. This design also connects naturally to adjacent data
efforts. NMRNet illustrates the value of standardized NMR
resources for chemical-shift modeling (Xu et al., 2025),
while Electrolyte Genome provides complementary com-
puted molecular records aligned with the broader goal of
battery electrolyte discovery (Spotte-Smith et al., 2023; Qu
et al., 2015).

3. Data Construction Roadmap
We begin with metal-anode systems because electrolyte
choice is especially consequential in shaping the overall
performance (Xu et al., 2014). This provides a sharp initial
milestone while keeping the schema extensible to conven-
tional lithium-ion, sodium-based, and zinc systems. The first
release is a literature-derived core dataset assembled from
metal-anode electrolyte papers and supplementary informa-
tion. This phase converts the literature into standardized
records with source-level traceability. Our early CE pilot al-
ready suggests sufficient data density for a meaningful first
benchmark release. Later phases expand the core resource
rather than delay it: computational enrichment adds MD-
and DFT-derived descriptors, continuous ingestion broadens

coverage, and robotic platforms can provide gold-standard
validation subsets (Lee et al., 2026; Svaluto-Ferro et al.,
2025). Appendix B details the phase-by-phase roadmap and
milestones.

4. Benchmark Tasks
The dataset supports three especially useful benchmark fam-
ilies. First, formulation-to-property prediction uses compo-
sition together with protocol and device context to predict
conductivity, viscosity, CE, capacity retention, or oxida-
tion stability. Second, out-of-distribution evaluation holds
out unseen solvents, salts, additive families, ratio regimes,
or protocol templates to test whether models generalize in
chemically meaningful ways. Third, retrieval and evidence
synthesis asks systems to identify relevant precedent for-
mulations and summarize mechanistic support rather than
return only a scalar score. Appendix C extends this list
with spectroscopy-conditioned prediction and closed-loop
optimization tasks.

5. Feasibility, Openness, and Governance
The project is feasible because its first milestone relies on
data already available at scale in the literature. An ini-
tial release can be built directly from published electrolyte
papers and supplementary information, focusing on high-
availability labels. This makes the first benchmark sci-
entifically meaningful without requiring new large-scale
experiments, while leaving later computational or robotic
enrichment as optional extensions.

We support openness through a shared data format, open-
source preprocessing tools, versioned releases, public splits,
and clear provenance for each field. Where publisher li-
censing restricts redistribution of raw text or figures, the
release can still provide structured facts, normalized meta-
data, and provenance pointers. We also distinguish di-
rectly reported measurements, expert-normalized metadata,
machine-extracted fields, and computationally derived de-
scriptors so downstream models can reason about confi-
dence rather than treat all fields alike. Appendix D provides
a fuller discussion of openness, governance, and impact.

6. Conclusion
Open Electrolyte Databank addresses a key gap in AI4S
data: most existing chemistry resources are built around
single molecules, while battery electrolyte behavior is gov-
erned by multi-component formulations and experimental
context. By organizing the field around standardized, mul-
timodal records, we hope to better align AI infrastructure
with the real problem of electrolyte discovery and support
more reliable formulation-aware prediction and reasoning.
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Appendices

A. Extended Schema and Standardization
Each formulation record can be written schematically as

r = (c, p, y,m, s), (1)

where c denotes standardized composition, p the experimen-
tal or computational protocol, y the reported outcomes, m
supporting multimodal measurements, and s provenance
plus confidence metadata.

Table 1 summarizes the standardization rules used to convert
formulation data reported as weight ratios, volume ratios, or
molar ratios into consistent molality and molarity represen-
tations.

Modern battery research increasingly combines electro-
chemistry with spectroscopy, imaging, and other hetero-
geneous measurements, and recent battery characterization
workflows emphasize the importance of handling multi-
modal metadata consistently (Cadiou et al., 2026). For elec-
trolyte systems in particular, liquid-state NMR is becoming
increasingly important for design (Shi et al., 2025), and
the active-learning lithium-metal electrolyte study of Ma
et al. (2025) illustrates why linked electrochemistry, NMR,
Raman, SEM, and XPS data are so useful.

Electrolyte standardization is not a purely mechanical ETL
task. Names, abbreviations, ratios, and concentration units
vary widely across papers and supplementary files. A short-
hand such as “DEE” may refer to different compounds
across contexts, and comparable formulations may be re-
ported in molarity, molality, volume fraction, weight frac-
tion, or informal mixture notation. We therefore advocate a
schema-first, expert-in-the-loop pipeline with three layers:
automated extraction from papers and supplementary mate-
rial, rule-based normalization of units and identifiers, and
targeted expert adjudication for chemically ambiguous or
high-impact records.

B. Extended Data Construction Roadmap

Phase I: literature-derived core dataset. The initial re-
lease is built from large-scale ingestion of metal-anode elec-
trolyte papers and their supplementary information. We
target Li-metal and anode-free Li-metal systems first, with
emphasis on concentrated and localized high-concentration
electrolytes and common solvent, salt, and additive fami-
lies. The pipeline extracts formulations, molar ratios, device
metadata, protocol fields, and reported outcomes, while pre-
serving paragraph-, table-, or figure-level provenance. This
phase is the most feasible near-term milestone and already
produces a benchmark-ready resource.

Phase II: computational enrichment. The literature-

derived core is augmented with computed descriptors tai-
lored to formulation-aware modeling. Candidate additions
include molecular dynamics statistics such as density, diffu-
sion coefficients, coordination numbers, and solvation-shell
descriptors, as well as density-functional-theory proxies
for stability, binding, and decomposition behavior. These
additions are useful because formulation-property relation-
ships in electrolytes often emerge through local coordina-
tion structure and interfacial chemistry rather than through
single-molecule descriptors alone.

Phase III: continuous updates and community contribu-
tion. The dataset is designed as a living resource rather than
a one-time release. Scheduled literature ingestion, improved
extraction models, ontology-based deduplication, public
issue tracking, and versioned releases make it possible to
improve coverage over time without sacrificing reproducibil-
ity.

Phase IV: robotic validation and closed-loop generation.
Longer term, the dataset can incorporate data from auto-
mated battery research platforms. Recent robotic systems
demonstrate realistic paths toward automated electrolyte for-
mulation, coin-cell fabrication, and electrochemical testing
under controlled conditions (Lee et al., 2026; Svaluto-Ferro
et al., 2025). These systems are not required for the first
milestone, but they provide a natural route to producing
gold-standard, protocol-controlled subsets for validation
and active learning.

C. Extended Benchmark Tasks
Beyond the three core benchmarks highlighted in the main
text, the dataset also supports spectroscopy-conditioned pre-
diction, where multimodal models combine composition
with NMR, Raman, or surface-analysis evidence to infer
performance or mechanistic labels, and closed-loop opti-
mization, where agents propose new formulations under
practical constraints such as target conductivity, target CE,
fluorine-free composition, or low-temperature operation.

Together, the full benchmark suite reflects the actual work of
electrolyte design more closely than isolated single-property
tasks, while also supporting retrieval, extrapolation, and
mechanism-aware evaluation.

D. Openness, Governance, and Impact Details
The openness plan includes an open schema and ontology,
open-source extraction and normalization tools, versioned
dataset releases, public benchmark splits, baseline mod-
els, provenance tracking for every extracted field, explicit
confidence annotations, and community contribution or cor-
rection workflows.

This project is intended to accelerate electrolyte discovery
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for higher-energy batteries and improve the quality of data
available for AI-guided scientific reasoning. Positive im-
pacts include more efficient reuse of published evidence, bet-
ter reproducibility through standardized metadata, and more
realistic benchmarks for mixture-aware machine learning.
Potential risks include overconfidence in noisy or weakly
standardized literature data, selective use of reported perfor-
mance metrics, and the possibility that downstream models
confuse machine-inferred fields with direct measurements.
We mitigate these risks through record-level provenance,
explicit confidence annotations, expert review of ambiguous
cases, and clear separation between observed, normalized,
and computed quantities.
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Table 1. Standardization rules for converting formulation data reported as weight ratios, volume ratios, or molar ratios into unified
molality and molarity representations. Here wi, ϕi, ri, ρi, Mi, mi, ni, and Vi denote the reported weight fraction, volume fraction, molar
ratio, density, molar mass, mass, moles, and volume of component i, respectively.

Weight Ratios Volume Ratios Molar Ratios

Molality
(mol kg−1)

mi = 1000wi g,

ni =
mi

Mi
=

1000wi

Mi

Vi = 1000ϕi mL,

mi = ρiVi = 1000ρiϕi,

ni =
mi

Mi
=

1000ρiϕi

Mi

∑
i

mi =
∑
i

niMi,

= α
∑
i

riMi = 1000 g,

α =
1000∑
i riMi

,

ni =
1000ri∑
j rjMj

Molarity
(mol L−1)

mi = 1000wi,

ni =
1000wi

Mi

Vi = 1000ϕi mL,

mi = ρiVi = 1000ρiϕi,

ni =
mi

Mi
=

1000ρiϕi

Mi

∑
i

Vi =
∑
i

mi

ρi
,

= α
∑
i

riMi

ρi
= 1000mL,

α =
1000∑
i
riMi
ρi

,

ni =
1000ri∑
j

rjMj

ρj

Table 2. Representative fields in a formulation record.

Category Representative fields

Composition Solvent, salt, and additive identities; canonical molecular identifiers; stoichiometric roles; reported ratios;
standardized molality, mole fraction, or salt-to-solvent ratios; water content.

Protocol Cell type; electrode identities and loading; separator and current collector; formation procedure; current
density or C-rate; voltage window; temperature; pressure when available.

Outcomes CE, capacity retention, conductivity, viscosity, impedance, oxidative or reductive stability proxies, gas
evolution markers, and interphase-relevant observations.

Evidence NMR, Raman, FTIR, mass spectrometry, XPS, SEM, linked figures, and simulation-derived descriptors.
Provenance Paragraph, table, or figure source; extraction route; expert review flag; confidence score; version metadata.
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