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Sodium-based batteries are promising candidates for sustainable large-scale energy storage, yet systematic

electrolyte design remains challenging due to the high dimensionality and physical constraints of

formulation space. Here, we present a data-driven workflow that combines high-throughput

experimentation with batch-wise active learning to efficiently map and model non-aqueous sodium-

based electrolyte formulations. Rather than targeting a single optimal composition, the approach

constructs predictive surrogate models over the full space of physically admissible formulations, which in

the present case corresponds to a three-dimensional, compositionally constrained feature space defined

by salt content and solvent mixing ratios. Training identical models on sodium- and lithium-based data

sets enables a direct, composition-wide comparison of both cations within the same solvent framework,

revealing largely similar conductivity landscapes with modest but systematic differences that can be

rationalized by differences in ionic size and solvation characteristics. The formulation space can be

reliably described using only 72 electrolyte compositions acquired in two active learning iterations,

corresponding to a reduction in required experiments by a target-dependent factor, which is 4–7 for the

ionic conductivity at 40 °C, compared to random sampling. Conductivity-guided electrolyte selection

leads to improved rate capability and low-temperature performance in sodium-ion full cells, while also

highlighting the limitations of ionic conductivity as a sole performance descriptor. Overall, this work

establishes a transferable, physics-informed framework for data-efficient electrolyte exploration.
1 Introduction

The transition to a renewable energy economy relies heavily on
the development of efficient and sustainable energy storage
solutions. Overcoming rising challenges by advancing battery
technologies that prioritize longevity, sustainability, safety, and
affordability is therefore of critical importance. Sodium-based
batteries (SBBs), which offer a promising alternative to tradi-
tional Li-based counterparts, show potential advantages in
terms of cost, availability of raw materials, and reduced envi-
ronmental impact. Despite their potential, however, SBBs face
substantial technical barriers that must be addressed through
continued research and development. By overcoming these
challenges, sodium-based batteries can fulll their promise as
a game-changing technology for large-scale energy storage,
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enabling a more rapid and widespread adoption of renewable
energy sources.1–3 Electrolytes play a crucial role in determining
the performance and stability of SBBs, as they enable the
transport of Na+ ions, facilitate the formation of the solid
electrolyte interphase (SEI), and inuence the reversibility of
sodium intercalation and metal deposition. These factors have
a profound impact on the galvanostatic cycling stability, effi-
ciency, and safety of SBBs. However, the development of suit-
able electrolytes for SBBs is complicated by several key factors,
including the increased reactivity of sodium metal, the lower
Lewis acidity of sodium ions, and the differing solubility and
ionic conductivity of sodium salts in electrolytes.4–9 One of the
core electrolyte properties worth considering in this context is
the ionic conductivity, as higher ionic conductivity is generally
associated with reduced internal cell resistance and improved
rate capability.8 At the same time, a direct and universal corre-
lation between ionic conductivity and overall cell performance
has not been established, particularly for the less explored case
of Na-based non-aqueous electrolytes, and must therefore be
examined with care when formulating electrolytes aimed at
enhancing the performance and stability of SBBs.

To overcome traditional trial-and-error approaches based on
manual and largely serial variation of electrolyte compositions,
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researchers are increasingly employing high-throughput
experimentation (HTE) methods. These approaches enable the
simultaneous execution of numerous experiments under
precise and well-controlled conditions. In combination with
advanced and tailored data analysis methods, HTE accelerates
discovery by systematically exploring large compositional
parameter spaces and efficiently identifying promising electro-
lyte formulations. While HTE is a well-established tool in
pharmaceuticals,10,11 catalysis,12–14 and materials science,15,16 its
adoption in battery research has progressedmore slowly. This is
mainly due to the electrochemical complexity of electrolytes, the
strong coupling of multiple components, the high costs and
technical demands of automation, and the challenges associ-
ated with handling and interpreting large data sets. Nonethe-
less, as the demand for safer, sustainable, and higher-
performance energy storage systems intensies, the integra-
tion of HTE with machine learning and robotic experimenta-
tion—demonstrated in recent platforms for electrolyte and
electrode optimization—holds tremendous promise to expedite
the design and renement of SBBs and next-generation energy
systems.17–23

The efficiency of coupling robotic HTE with machine
learning has been demonstrated for a wide range of systems,
including aqueous, non-aqueous, and polymer electrolytes
based on lithium- and sodium-conducting salts. Dave et al.24

developed a robotic platform named “Clio”, which automati-
cally formulates electrolytes from feeder solutions and subse-
quently determines their density, viscosity, and ionic
conductivity. In combination with a Bayesian Optimizer (BO),
this platform enabled closed-loop, iterative optimization of
electrolyte compositions for lithium hexauorophosphate
(LiPF6) dissolved in mixtures of ethylene carbonate (EC), ethyl
methyl carbonate (EMC), and dimethyl carbonate (DMC), with
the primary goal of efficiently identifying locally optimal
formulations. Zhu et al.25 further advanced this approach by
replacing BO with geometric deep learning, demonstrating
improved extrapolative performance for predictions at previ-
ously unseen temperatures. Another robotic platform, “Otto”,
successfully optimized aqueous sodium electrolytes by formu-
lating and analyzing 140 compositions within only 40 h, again
relying on BO-driven iterative optimization.26 Various related
approaches have been developed to improve the prediction of
ionic conductivity using BO-based or one-shot active learning
(AL) strategies, including grid-based data sets and robotic
platforms for polymer electrolyte processing.27,28 Beyond ionic
conductivity optimization, similar closed-loop platforms have
also been applied to predict and enhance the solubility of redox-
active organic molecules for redox ow batteries or to maintain
high discharge capacity in aqueous electrolytes.29,30

In this paper, we establish a high-throughput, data-driven
workow to map and model non-aqueous Na-based electrolyte
formulations using batch-wise active learning and the Liquid
Electrolyte Composition Analysis (LECA) package introduced in
our previous work (Fig. 1a).22 In that work, based on a hand-
craed data set we performed a data-driven analysis of the
composition-dependent ionic conductivity of non-aqueous
lithium-based electrolytes to investigate the interplay between
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different components and identify temperature-dependent
optimal electrolyte formulations. In contrast to closed-loop
studies that primarily aim at identifying a single optimal
composition via Bayesian optimization, the central objective in
this work is to construct a predictive, physically meaningful
surrogate model that covers the full space of feasible electrolyte
formulations, including sub-optimal regions, and thereby
quanties the inuence of individual components on ionic
conductivity across temperature (Fig. 1b). To this end, a new Na-
based electrolyte data set is generated in a manner compatible
with parallel HTE, enabling high model delity with a minimal
number of experiments and active-learning iterations. Electro-
lyte compositions based on NaPF6 in mixtures of ethylene
carbonate (EC), propylene carbonate (PC), and ethyl methyl
carbonate (EMC) are investigated between −20 °C and 60 °C as
a well-dened proof-of-concept system (Fig. 2). Owing to the
holistic coverage of composition space, the resulting surrogate
models enable a direct, composition-wide comparison between
Na- and Li-based electrolytes within an identical feature repre-
sentation. For this purpose, the Na-based data are compared to
a corresponding Li-based reference data set from our previous
work, allowing similarities and differences in ionic conductivity
to be assessed across the entire phase space rather than at
isolated compositions (Fig. 1c).22 Beyond the experimental data
set, numerical active-learning simulations are employed to
analyze how model accuracy scales with data set size and to
quantify the efficiency gains of active learning compared to
random sampling in low-dimensional, physically constrained
chemical spaces. While optimization is not the primary goal of
this study, the trained surrogate models enable the identica-
tion of temperature-specic high-conductivity formulations
(Fig. 1c). These model-selected electrolytes are evaluated as
targeted test cases in layered oxide‖hard carbon sodium-ion
coin cells and benchmarked against established reference
formulations using rate capability and cycling tests to probe
how conductivity-driven electrolyte selection manifests at the
lab-cell level.

2 Technical and model aspects
2.1 Data preparation

Before training the ML models on the ionic conductivity, the
data were preprocessed following an extended pipeline intro-
duced and discussed in detail in our previous publications.22,31

Here, the main steps are briey summarized, and additional
preprocessing steps introduced for the Na-based data set are
described, aiming to improve robustness and automation for
future autonomous-laboratory applications.

The raw data consist of the electrolyte composition (in mmol
and g) and the measured ionic conductivities (in S cm−1).
Overall, 1944 individual measurements were available in the
Na-based data set.

An automated outlier detection based on HDBSCAN32 was
used to identify measurements affected by experimental arti-
facts prior to further data processing, including unphysical
negative ionic conductivity values. Furthermore, an additional
ltering criterion was applied as follows: for the Na-based
© 2026 The Author(s). Published by the Royal Society of Chemistry



Fig. 1 (a) Integration of active learning in the LECA-workflow. First, features were defined, followed by the identification and implementation of
suitable acquisition functions. All acquisition functions were compared before collecting any experimental data. Fitted models (b) enabled
reliable predictions for the full feature space, even extending the experimental boundary conditions for the salt concentration and (c) were
applied to identify electrolyte formulations with maximum ionic conductivity and to compare sodium and lithium as cations in otherwise similar
electrolyte formulations.

Fig. 2 Chemical structures of the conducting salt and solvents used
for the electrolyte preparation.
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electrolytes, the ionic conductivity wasmeasured three times for
each composition and temperature to minimize experimental
effort. If one measurement deviated substantially from the
other two (Dlog(s) > 0.1), it was classied as an outlier and
removed.

Whereas HDBSCAN detected no extreme outliers, indicating
generally consistent measurements, 50 measurements were
removed rst due to negative ionic conductivity (i.e. measure-
ment artifacts) and aerwards 92 due to deviations of one of
three measurements at a specic temperature.

To obtain a low-dimensional and physically meaningful
feature representation that allows continuous exploration of
composition space, generalized molar solvent features
(mol mol−1) were dened as
© 2026 The Author(s). Published by the Royal Society of Chemistry
xsolvent j ¼ Nðsolvent jÞ
Pnsolvent
i¼j

Nðsolvent iÞ
; (1)

with j ˛ (1, 2,., n). The solvent-related features were calculated
using the ordering j ˛ (PC, EC, EMC). This denition can be
generalized to an arbitrary number of solvents and thus extends
the applicability of the present approach. The feature xsolvent n is
always unity within this denition and can therefore be
omitted.

The feature corresponding to the total conducting salt
concentration was dened as

xsalt ¼
Pnsalt
k¼1

ðsalt kÞ
Pnsalt
k¼1

Nðsalt kÞ þ Pnsolvent
i¼1

Nðsolvent iÞ
: (2)

Since only NaPF6 was used as a conducting salt for the
Na-based electrolytes, no additional salt-related features were
required. This choice is motivated by the linear dependence
observed when utilizing two conducting salts.22 In cases with
two or more conducting salts, an analogous scheme to that used
for the solvents can be applied to dene salt-related features.

In total, the Na-based electrolytes are fully described by only
three features: xSalt, xPC, and xEC. All features take values in the
Digital Discovery
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interval (0, 1), ensuring that every combination of feature values
corresponds to a physically meaningful electrolyte composition.

To obtain a well-behaved regression target in the dilute-salt
limit, we modelled the salt-normalized ionic conductivity
log(s/xSalt) instead of s directly. The logarithmic transformation
accounts for the wide dynamic range of s, while normalization
by xSalt ensures a nite target as xSalt / 0 under physically ex-
pected low-concentration scaling. This choice stabilizes model
behavior near the boundaries of composition space and
prevents nonphysical predictions of negative ionic conductivity.

To account for the temperature dependence of the ionic
conductivity, an Arrhenius-type t was applied,

log

�
s

xSalt

�
¼ S*

0ðXÞ � logxSalt � S1ðXÞðb� b0Þ � S2ðX Þðb� b0Þ2

¼ S0ðXÞ � S1ðX Þðb� b0Þ � S2ðX Þðb� b0Þ2;
(3)

thereby transforming the objective log(s/xSalt) into three sepa-
rate targets: S0, corresponding to the ionic conductivity at the
onset temperature T0; S1, corresponding to an onset-
temperature-dependent activation energy; and S2, describing
deviations from Arrhenius behavior.22,33,34 The onset tempera-
ture T0 was chosen such that S0 and S1 are largely uncorrelated,
yielding robust and interpretable targets. Note that the choice of
the onset temperature has no signicant effect on the Arrhenius
t and the mean model prediction. However, uncertainties are
larger when increasing the difference between onset tempera-
ture and predictive temperature (see also SI subsection S4.1).
For the Na-based data set, T0 = 40 °C was selected.

This transformation serves four purposes: it provides addi-
tional physical insight through the separate targets, eliminates
temperature as an explicit feature, and substantially reduces the
number of data points by associating one data point with each
electrolyte formulation rather than with each temperature.
Thereby it also increases statistical stability since measure-
ments at other temperatures are also taken into account to
determine the ionic conductivity at a specic temperature.

To estimate statistical uncertainties of the Arrhenius-t
parameters, we applied bootstrapping by tting each electro-
lyte using repeated resamples of the available measurements.35

The resulting spread of tted parameters provides uncertainty
estimates for each Si, reecting nite-sample variability
(including measurement scatter and potential model mist).

Following an initial Arrhenius t, data points deviating
signicantly from the tted behavior (Dlog(s) > 0.15) were
identied, agged as outliers, and removed. A second Arrhenius
t was then performed on the cleaned data set and used for
subsequent model training and analysis. Note that in most
cases only data points at a single temperature were removed,
however for 3 electrolyte formulations, data was systematically
removed below T = 10 °C. In one case the measured ionic
conductivity was signicantly below the prediction of the
Arrhenius t. This indicated a phase transition, which could be
explained by known crystallization of electrolytes with high EC
concentration (see SI subsection S4.1 for further information).
Whereas removing those data increases the accuracy of the
Digital Discovery
Arrhenius description at higher temperatures, the description
at low temperatures may be inaccurate if signicant non-
Arrhenius behavior occurs.

Using this ltering procedure, 16 data points were removed
additionally to the 142 data points removed during previous
steps. The remaining 1786 data points were then used for the
second Arrhenius t.

The Li-based electrolyte data set used for the direct
comparison of Na and Li cations was prepared in accordance
with this scheme, with two differences relative to the Na-based
data. First, each electrolyte was measured at least ve times per
temperature. Second, owing to the larger number of measure-
ments, only a single Arrhenius t was performed and directly
used for model training. The onset temperature was set to
T0 = 60 °C.

2.2 Model training

In this study, a small feed-forward neural network (NN)36,37 was
employed within the LECA package and implemented in scikit-
learn.38 The network consists of two hidden layers with
16 neurons per layer. This deliberately compact architecture
reects the low-dimensional and physically constrained feature
space and enables accurate regression without the need for
deep or highly expressive models, thereby reducing the risk of
overtting. As activation function, the hyperbolic tangent was
used, and the LBFGS optimizer39 was employed with a constant
learning rate of 0.001 and L2 regularization (l = 0.008). The
selection of this model was made previous to any data collection
and validated aerwards by comparing the performance of
different hyperparameters and model types (see Section S6).

While AL was performed exclusively using the NN model, an
additional Gaussian process regression (GPR) model40,41 with an
anisotropic Matérn kernel was trained on the nal data set to
compare predictions obtained from different model classes.
This choice was motivated by previous results, where the NN
achieved the highest predictive accuracy, followed by the GPR
model, for Li-based electrolyte conductivity prediction.22

For models trained on the complete data set aer comple-
tion of the AL procedure, both ve-fold and leave-one-out (LOO)
cross-validation were used to assess predictive performance.

In contrast to previous studies, the present work does not
aim at directly optimizing a single electrolyte composition.
Instead, the focus is on reducing prediction errors across the
full feature space, explicitly including sub-optimal formula-
tions. This strategy enables a reliable and comprehensive
characterization of the entire space of feasible electrolyte
compositions rather than only its optimum. In addition, by
employing a batch-wise AL strategy, the need for iterative, serial
sampling is avoided, allowing the full potential of parallel HTE
to be exploited.

2.3 Acquisition functions

To reduce experimental time and cost, traditional trial-and-
error-based experimental planning can be replaced by data-
driven strategies. This is particularly important for high-
dimensional search spaces, where individual features may
© 2026 The Author(s). Published by the Royal Society of Chemistry
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have a strongly varying inuence on the target property (see SI
Section S5).

AL algorithms dynamically adapt both feature relevance and
data distribution during model construction.42–45 To establish
a comprehensive data set for Na-based electrolytes, an AL
strategy which relies on acquisition functions was adopted. It
starts from a small number of initially selected data points and
iteratively proposes additional batches of experiments. As the
AL process evolves, the existing model is continuously evaluated
and expanded by selecting new data points that most effectively
improve predictive performance. This enables a systematic and
efficient exploration of the relevant composition space while
minimizing experimental effort.

For effective integration into a HTE framework, several
requirements for the acquisition function were identied:

The acquisition function should (1) propose new data points
in continuous feature space (population-based AL) rather than
being restricted to a predened pool (pool-based AL).
(2) Support batch-wise proposal of new data points to enable
parallel experimentation, as serial single-point acquisition is
inefficient in an HTE context. (3) Balance informativeness and
diversity.46–48 New data points should both reduce model
uncertainty and increase coverage of feature space to limit
extrapolation and overtting. (4) Optimize model accuracy
across the full feature space (surrogate based-modelling) rather
than only near an optimum (surrogate-based optimization), as
typically pursued in classical BO with acquisition functions like
probability of improvement (PI) or expected improvement (EI).
However, there are strong synergies between certain AL algo-
rithms, which make use of acquisition functions, and classical
BO, which uses acquisition functions, too. Whereas in AL the
acquisition functions serve the goal to minimize the model
error, in BO a quick identication of the optimum of a function
should be achieved. Both approaches can be seen therefore as
a member of the family of acquisition function-based goal-
driven learning approaches.49,50 (5) Be applicable to different
model architectures, including Gaussian process regression
(GPR), linear regression (LR),36 random forest (RF),51 and neural
networks (NN).

Based on these criteria, three greedy acquisition functions52

were implemented: GSx, GSy, and iGS, which maximize
distances between data points in feature space, objective space,
or both, respectively.53,54 In addition, the negative integrated
posterior variance (NIPV) as an example of a Bayesian Active
Learning acquisition function55,56 and the inverse-distance-
based exploration for active learning (IDEAL) acquisition func-
tion46 were employed. Details of the individual acquisition
functions are provided in the original publications and in the SI
(Section S1).

GSx, GSy, and iGS natively satisfy requirements (1), (4), and
(5), while IDEAL additionally fullls requirement (3). NIVP also
satises requirement (1), (3) and (4) but not (5), since it requires
Bayesian models like GPR. All acquisition functions generate
data points sequentially. Requirement (2) was realized by iter-
atively augmenting the training set with predicted values for
newly proposed points, allowing additional candidates to be
generated and combined into batches. Aer experimental
© 2026 The Author(s). Published by the Royal Society of Chemistry
evaluation, the predicted values were replaced by the corre-
sponding measurements. This procedure was repeated until
predened accuracy criteria were met.
2.4 Implementation of an active learning loop into
experiments

To construct a predictive model within a closed experimental–
computational loop, data acquisition was organized into
successive generations (Gen), with AL-based model updates
performed in between. Based on initial benchmarking, the
IDEAL acquisition function was selected for all subsequent
iterations, using a balancing parameter l = 10, which provided
an effective trade-off between informativeness and diversity (see
SI Section S7).46

The initial batch of data points was generated using the
model-free GSx approach.54 Subsequent batches were proposed
using IDEAL. The feature xSalt was limited to be selected within
the interval (0.05, 0.20), which corresponds roughly to salt
concentrations between 0.5 and 2.7 mol kg−1 and ensures
reasonable electrolyte formulations. The features xEC and xPC
were selected from the interval (0.0, 1.0). The rst batch is
referred to as Gen0, followed by Gen1 and Gen2. Each genera-
tion comprised 24 distinct electrolyte compositions with three
replicate samples each, corresponding to 72 parallel experi-
ments per generation. It was veried that moderate variations in
batch size do not substantially affect the outcome of the AL
procedure (see SI Section S7).

As the objective function for the acquisition function, the
ionic conductivity at T = 20 °C was chosen. This quantity was
obtained from predictions of the Arrhenius parameters Si using
eqn (3). As a consequence of this choice, S0 carries a higher
weight than S1 and S2 near the onset temperature T0, while the
inuence of S1 and S2 increases at signicantly lower or higher
temperatures. Guided by our previous work,22 prioritizing S0
was therefore a natural choice, as its comparatively high
experimental accuracy allows it to benet most strongly from
increased data availability.
3 Results
3.1 Model predictions for Na-based electrolytes and
comparison to Li-based electrolytes

When comparing all features, xSalt and xEC exhibit a consider-
ably higher inuence on the ionic conductivity than xPC, in
particular for high-temperature applications, where the pre-
dicted contribution of xPC vanishes in electrolyte formulations
with high ionic conductivity. The following analysis therefore
focuses on these two dominant features. When comparing
different model types, the NN and GPR models showed very
similar prediction errors in leave-one-out cross-validation
(see SI Section S8). While the GPR model performed slightly
better in predicting S0 and S1, the NN model showed a small
advantage for S2. In the following, results obtained from the NN
model are discussed.

Since the newly generated Na-based electrolyte data set and
the previously established Li-based data set differ only in the
Digital Discovery
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employed Na+ and Li+ cations, their inuence on ionic
conductivity can be compared directly. For the Li-based elec-
trolytes, xLiPF6

= 1 was set, such that PF6
− was treated as the

common salt anion. Fig. 3 illustrates NN-based predictions of
the ionic conductivity at T = 20 °C for Na- and Li-based elec-
trolytes as functions of xSalt and xEC, while keeping xPC = 0
constant. The corresponding difference between Na- and
Li-based predictions is also shown, highlighting regions in
which either lithium or sodium exhibits higher ionic conduc-
tivity. In Fig. 3a–c, log(s/xSalt) is shown as a function of xEC and
xSalt on a logarithmic scale. Additionally, Fig. 3d and e display
the ionic conductivity s on a linear scale.

When comparing sodium to lithium, the largest differences
in ionic conductivity are observed at low conducting salt and EC
concentrations. In this regime, the ionic conductivity of the
Li-based electrolyte depends strongly on the EC concentration,
whereas the EC concentration plays a less crucial role in the
Na-based electrolyte. As a result, the Na-based electrolyte
exhibits a higher ionic conductivity in this low-salt, low-EC
regime. Note that no training data are available for very low
conducting salt concentrations below xSalt,Na < 0.05 for
Na-based and xSalt,Li < 0.015 for Li-based electrolytes, such that
Fig. 3 (a) and (b) Predictions of log(s/xSalt) for Li- and Na-electrolytes dep
Na. (d) and (e) Predictions of s for Li- and Na-electrolytes and (f) differe
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the models extrapolate in this region. However, it was veried
that the associated model uncertainties are substantially
smaller than the observed differences between the Na- and Li-
based predictions in this regime (see SI Section S9).

Second, the maximum ionic conductivity is only slightly
higher for the Na-based electrolyte (smax

Na = 9.2 mS cm−1) than
for the Li-based electrolyte (smax

Li = 8.6 mS cm−1), while both
systems exhibit comparable maximum conductivities in the
optimal composition regime. Furthermore, exchanging Li by Na
leads to a shi of the conductivity maximum toward
higher conducting salt concentrations (xmax

Salt,Li = 0.065 to
xmax
Salt,Na = 0.086) and higher EC concentrations (xmax

EC,Li = 0.56 to
xmax
EC,Na = 0.64). Notably, no sharp optimum is observed. Instead,
a broad region of high ionic conductivity is present for both
electrolytes, as indicated by the 99.9%, 99% and 90% contour
levels. The extent of these high-conductivity regions is compa-
rable for the Li- and Na-based electrolytes.

For xSalt = 0.086, corresponding approximately to a con-
ducting salt concentration of 1 mol kg−1, a pronounced
dependence of the salt-normalized ionic conductivity on the EC
concentration is observed for both electrolyte systems. In both
cases, log(s/xSalt) increases from approximately−1.54 at zero EC
endent on xSalt and xEC and (c) difference of log(s/xSalt) between Li and
nce of s between Li and Na.

© 2026 The Author(s). Published by the Royal Society of Chemistry
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content to about−1.02 for the Li-based electrolyte and−0.97 for
the Na-based electrolyte before entering a plateau regime. The
plateau in log(s/xSalt) is reached at relatively high EC fractions of
xEC z 0.5 for the Na-based electrolyte and at a lower EC fraction
of xEC z 0.4 for the Li-based electrolyte. While the salt-
normalized ionic conductivity increases nearly monotonically
over the full EC range in the Na-based system, the increase in
the Li-based electrolyte is largely conned to EC fractions below
xEC z 0.2 (see also SI Section S9 for further details).

This behavior is consistent with previous studies combining
simulations and experiments.57 The inuence of EC concen-
tration can be rationalized by its higher dielectric constant
compared to EMC, which facilitates the weakening of
cation–anion associations and thereby reduces correlated ion
motion, leading to an increase in ionic conductivity. In general,
owing to its higher Lewis acidity, Li interacts more strongly with
EC than Na.58

At higher conducting salt concentrations, the inuence of EC
concentration on ionic conductivity decreases and becomes
negligible for the Li-based electrolytes. This can be attributed to
an increasingly constrained local coordination environment at
elevated salt contents, where ion–ion correlations and
aggregate-like structures limit the ability of additional EC
molecules to further modify cation–anion interactions. In this
regime, ionic transport is governed predominantly by collective
ion–ion effects rather than solvent-mediated screening. For the
Na-based electrolytes, a small residual EC dependence persists
at low EC fractions, likely reecting the larger ionic radius and
soer solvation environment of Na+ ion.

When comparing Li- and Na-based electrolytes across
different temperatures, qualitatively similar trends are
observed. This behavior is illustrated and discussed in more
detail in the SI (Section S10), where predictions for the indi-
vidual Arrhenius parameters Si are compared in detail
(Section S11).
3.2 Generation of the Na-data set and evaluation of the AL
procedure

Here, we analyze the data acquired by the active learning (AL)
procedure and examine how the prediction error evolves with
increasing generation number. The mean squared error (MSE)
of the prediction for the ionic conductivity at T= 20 °C is shown
in Fig. 4a. Two different strategies for selecting the test data are
compared. In the rst approach, test data are drawn from all
generations, whereas in the second approach only data from
Gen0 are used as the test set. The former strategy provides
a representative assessment over the entire collected data set,
while the latter has the advantage that the test data are xed
from the outset and are more uniformly distributed in feature
space than data from Gen1 and Gen2. In both cases, the MSE is
averaged over different test selections using leave-one-out
cross-validation (LOO-CV).

For Gen0, both approaches necessarily yield the same MSE,
amounting to 1.5 × 10−2. For Gen1, the rst approach results in
an MSE of 4.7 × 10−3, whereas the second approach yields
a considerably smaller value of 2.2 × 10−3. A similar trend is
© 2026 The Author(s). Published by the Royal Society of Chemistry
observed for Gen2, where the MSEs further decrease to
2.3 × 10−3 and 1.3 × 10−3, respectively.

The higher error obtained with the rst approach can be
attributed to the fact that in particular Gen1 predominantly
contains data points located near the boundaries of the feature
space. When such boundary points are selected for testing, the
models are evaluated in regions that are less densely covered by
training data, which increases the local prediction uncertainty
and leads to higher errors. In contrast, Gen0 data are mainly
located near the center of the feature space, where the training
data density is higher. Using these points for testing therefore
predominantly probes interpolation within well-sampled
regions, which typically results in lower errors.

The data collected in Gen2 are distributed more uniformly
across the feature space than those in Gen1, indicating that the
IDEAL acquisition function successfully improved the coverage
of boundary regions during Gen1. Once these boundary regions
were sufficiently populated, IDEAL preferentially sampled more
central regions of the feature space in Gen2, thereby increasing
the local data density and reducing interpolation errors. The
corresponding distributions of the sampled data for each
generation are shown in Fig. 4b and c.
3.3 Numerical AL simulations

Since it is infeasible to quantify the advantage of active learning
(AL) over random sampling directly from the experimental data,
additional numerical simulations with synthetic data were
performed. These synthetic data mimic the experimental
ground truth, including realistic levels of experimental noise.
To this end, NN models were trained on the full experimental
data set and subsequently used to generate synthetic values of
the Arrhenius parameters Si and the corresponding ionic
conductivities across the entire feature space.

The discussion in the main text focuses on the models for S0.
Results for the models of S1, S2, and the ionic conductivity at
T = 20 °C are provided in the SI (Section S12). The results of the
numerical simulations for the S0 model are shown in Fig. 5.

For comparison, six different data-acquisition strategies
were considered in the simulations: (1) selection of 24 initial
data points using the GSx approach, followed by IDEAL-based
acquisition (blue line); (2) selection of a single random initial
data point followed by IDEAL-based acquisition for all subse-
quent points (orange line); (3) selection of 24 initial data points
using GSx, followed by random sampling (black line); (4) purely
random sampling (gray line). In addition, (5) Latin Hypercube
Sampling (LHS)59 and (6) GSx sampling in batches of 24, 48, and
72 data points were included as reference strategies that do not
rely on the underlying model.

(Fig. 5a) provides an overview of the averaged MSE as
a function of the number of training data points N up to
N = 500, which corresponds to the maximum number of data
points considered. Standard errors are indicated by transparent
shaded areas. Note that the results shown correspond to a batch
size of one data point. However, the independence of the
learning curves from the batch size was veried in the SI
(Section S7).
Digital Discovery



Fig. 4 (a) Dependence of the MSE for the prediction of the ionic conductivity of Na-based electrolytes on the number of training dataN. The test
data was selected using two different approaches. In the first approach data from all considered Gens was selected for testing, in the second
approach only data from Gen0 was selected for testing. (b) Sampled data points within the feature space. Each generation of data was colored
differently. (c) 2-Dimensional projections of the feature space and sampled data points. The black dashed rectangles indicate the boundaries for
the acquisition of new data.
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Purely random sampling exhibits the slowest reduction of
the MSE with increasing N. Latin Hypercube Sampling (LHS)
does not provide a systematic improvement over random
sampling in this setting, indicating that uniform space-lling
alone is not sufficient to efficiently reduce model errors in the
present system. This behavior reects the combination of a low-
dimensional, physically constrained feature space and
comparatively low experimental noise, for which additional
data points are most informative when they expand the effective
coverage of the response surface rather than merely densifying
it. In contrast, GSx yields a substantially lower initial MSE by
selecting maximally separated compositions that span the
boundaries of the feature space. Even when subsequent data
points are acquired by random sampling, the models initialized
with GSx retain a clear advantage over purely random acquisi-
tion. This demonstrates that, in low-dimensional electrolyte
composition spaces with smooth structure, early sampling of
extreme compositions is particularly effective at reducingmodel
bias and accelerating learning.

Strategies (1) and (2), which employ the IDEAL acquisition
function, exhibit the fastest decrease of the averaged MSEs and
clearly outperform the feature-based GSx approach. (Fig. 5b)
focuses on the regime up to N = 72 and compares strategy (1),
Digital Discovery
which combines an initial GSx batch with subsequent IDEAL
acquisition, to strategy (2), which applies IDEAL from the
outset. Aer the initial batch of 24 data points, strategy (2) yields
a lower MSE (4.3 × 10−4) than strategy (1) (7.4 × 10−4), indi-
cating a short-term advantage of direct IDEAL sampling. With
increasing data set size, however, the two strategies rapidly
converge. Aer acquisition of the second and third batches
(N= 48 and N= 72), both approaches achieve very similar MSEs
within the bounds of the standard errors, nally reaching values
only about a factor of two above the experimental error (MSEs of
1.4 × 10−4 and 1.0 × 10−4 aer Gen1 and Gen2, respectively).
Further reductions would therefore require a disproportionate
increase in the number of data points and are of limited prac-
tical relevance. For example, for N = 96 we report an MSE of
8 × 10−5, clearly showing that the MSE decreases with a slower
rate when adding further batches of data compared to the initial
two batches. This convergence reects the transition from
a bias-dominated to a variance-limited learning regime: once
the dominant structure of the low-dimensional and smooth
response surface is captured, the remaining error is primarily
governed by statistical variance and experimental noise rather
than by the choice of the initial sampling strategy.
© 2026 The Author(s). Published by the Royal Society of Chemistry



Fig. 5 Dependence of theMSE for the prediction of S0 for Na-based electrolytes on (a) and (b) the number of training dataN and (c) and d) 100/N
in numerical simulations. Random data acquisition is compared to IDEAL-based data acquisition. The experimental error is shown as a black
horizontal line and the error of a model trained on 72 data points is shown as a black dashed line. In (c) the vertical red lines indicate where
different models hit that error. In (d) the power law fit in the inverse-N representation is shown as a red dotted line and the linear fit is shown as
a blue dotted line.
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(Fig. 5c) quanties how many data points are required, on
average, to reach the same target MSE of 10−4 achieved by the
optimal AL strategy (strategy (1)) aer N = 72 data points, when
data are acquired either randomly aer an initial GSx batch
(strategy (3)) or by purely random sampling (strategy (4)). Since
this target error is reached at different scales, the MSE is plotted
as a function of 100/N. For strategy (3), approximately 280 data
points are required to reach the MSE whereas even more than
490 data points are needed for purely random sampling. This
corresponds to a reduction in the required number of data
points by a factor of approximately 4–7 for the S0 models when
using AL-guided acquisition compared to non-adaptive
sampling. Note that this reduction is smaller for models of S1
(factor 2) and S2 (factor 3 and 4), which is related to the higher
intrinsic noise of the underlying data.

(Fig. 5d) shows that, for sufficiently large data sets (NT 300),
the MSE follows a power-law behavior of the form

MSE = aN−b + C (4)
© 2026 The Author(s). Published by the Royal Society of Chemistry
where C corresponds to the asymptotic error MSEN and reects
the inherent experimental noise.

Such scaling behavior of the MSE with increasing training
set size is well known and has been observed empirically for
a wide range of models and data sets.60–62 In the asymptotic,
variance-limited regime (N / N), the decay exponent is
bounded by b # 1. For linear regression models, b = 1 can be
shown analytically, as previously demonstrated for electrolyte
conductivity models.31 Under suitable conditions, a similar
asymptotic scaling has also been established for neural
networks.61

When extrapolating the data for GSx followed by
random acquisition (black curve) to N / N (corresponding to
100/N/ 0) while xing b = 1, the y-axis intercept is expected to
coincide with the experimental error if the asymptotic regime
has been reached and systematic model errors have become
negligible. The tted intercept is observed to lie slightly below
the experimental error, indicating that this regime has not yet
been fully attained. Consistently, allowing b to vary yields an
effective exponent of b z 1.2 for N > 300.
Digital Discovery
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For fully random acquisition (gray curve), the asymptotic
regime is approached even more slowly, with a tted exponent
of b z 1.6. Exponents b > 1 are characteristic of pre-asymptotic
learning regimes in which the MSE is still dominated by
systematic deviations of the predictions from the ground truth.
In such regimes, the error can decay faster than 1/N, and
adaptive data acquisition can accelerate this decay by reducing
model bias. Once the variance-limited regime is reached,
however, the MSE decreases at most as 1/N, and the inuence of
the acquisition strategy becomes marginal.36

Using the NN model trained on the full Na-based electrolyte
data set aer Gen2, electrolyte formulations with the highest
predicted ionic conductivity at various temperatures can be
identied directly. To locate these maxima within the contin-
uous feature space, a Particle Swarm Optimization (PSO) algo-
rithm was employed.63,64 PSO was chosen as a robust, gradient-
free global optimization method that operates solely on the
trained surrogate model and does not require additional
experimental evaluations.

In principle, further renement of the identied formula-
tions could be achieved using, e.g., Bayesian optimization.
However, such methods typically require additional experi-
ments that are performed sequentially and are therefore less
compatible with parallel HTE. Moreover, the predicted
conductivity landscapes exhibit broad plateaus of high ionic
conductivity rather than sharp, isolated maxima. Under these
conditions, further optimization would yield only marginal
gains at disproportionately high experimental cost and is
therefore not pursued here.

The optimized electrolyte formulations predicted by the NN
and GPR models aer Gen2, corresponding to the highest ionic
conductivity at each temperature, are summarized in Table 1.
The predictions clearly indicate that no single electrolyte
formulation is optimal across the entire temperature range, in
agreement with our previous ndings for Li-based electrolytes.22

Instead, two systematic trends emerge with increasing
temperature. First, the optimal salt fraction xSalt increases from
approximately 0.07 at −20 °C to about 0.10 at 60 °C, corre-
sponding to an increase in salt concentration from 0.80 to
1.27 mol kg−1. Second, the optimal EC content increases with
Table 1 Na-based electrolyte formulations with the highest predicted ion
to standard mixtures (see main text)

Model T [°C] xSalt xEC xPC NaPF6 [mol kg−1] EC

NN −20 0.073 0.46 0.17 0.80 0.3
0 0.077 0.51 0.17 0.86 0.3
20 0.084 0.60 0.12 0.96 0.4
40 0.087 0.86 0.00 1.05 0.8
60 0.10 0.99 0.00 1.27 0.9

GPR −20 0.071 0.72 0.31 0.80 0.4
0 0.073 0.68 0.25 0.83 0.4
20 0.083 0.63 0.05 0.96 0.5
40 0.089 0.78 0.00 1.07 0.7
60 0.097 0.79 0.00 1.17 0.7

EC/PC 20 0.086 1.00 0.46 1.00 0.5
EC/EMC 20 0.090 0.34 0.00 1.00 0.3

Digital Discovery
temperature, while the PC content decreases. For the GPR
model, the increase in EC concentration is slightly smaller and
the decrease in PC concentration more pronounced compared
to the NN predictions. Overall, both models predict very similar
maximum ionic conductivities located at a broad plateau. Thus,
small differences in the predictions of the ionic conductivity
can lead to different optimal compositions, which are observed
when comparing models. Whereas the NaPF6 concentration is
comparable and only differs by 0.1 mol kg−1 at 60 °C, xPC and
xEC between the two model predictions differ quite substan-
tially. As an example at −20 °C xPC predicted by GPR is 0.31,
while the NN model only predicts 0.17. For 20 °C the xPC
dependency for bothmodel predictions becomes zero, while the
increase of xEC at 40 °C and 60 °C is predicted to be higher for
the NN model with 0.86 and 0.99 compared to 0.78 and 0.79 for
GPR.

The experimentally measured ionic conductivities show
good agreement with the model predictions within the stated
uncertainties. A systematic overprediction is observed at−20 °C
for both models, which correlates slightly with increased model
errors at temperatures far from the onset temperature used in
the Arrhenius parametrization. Whereas the overprediction is
within uncertainties for the NN predictions, it is much larger for
the GPR predictions. It turned out that the GPRmodel predicted
a second maximum at signicantly higher EC concentrations
when varying xEC in the presence of PC while keeping the other
features constant. It is known already from our previous
publication that the GPR model with the anisotropic Matern
kernel tends to produce non-physical uctuations in the
predictions.22 In contrast the NN prediction is much smoother
with only a single maximum as would be expected and which
corresponds better to experimental results (see Section S9).

In addition, optimal electrolyte formulations were identied
for the Li-based system using LiPF6 as the conducting salt. Here,
xEC and xPC were restricted to a maximum value of 0.75 due to
the limited coverage of higher solvent fractions in the available
Li-based data set. The corresponding NN predictions are
summarized in Table S3. Compared to the Na-based system, the
optimal LiPF6 concentrations are consistently lower across all
temperatures, ranging from 0.56 mol kg−1 at−20 °C to 0.89 mol
ic conductivity at given temperatures. EC/PC and EC/EMC correspond

[w%] PC [w%] EMC [w%] spred [mS cm−1] sexp [mS cm−1]

5 0.17 0.48 3.5 � 1.1 2.8 � 0.2
8 0.18 0.44 6.4 � 1.1 5.5 � 0.1
8 0.13 0.39 9.3 � 1.1 9.0 � 0.3
4 0.00 0.16 14.0 � 1.6 15.1 � 0.6
9 0.00 0.01 19.1 � 2.4 19.5 � 0.1
5 0.34 0.21 3.8 � 1.1 2.3 � 0.2
7 0.26 0.27 6.0 � 0.8 5.4 � 0.1
6 0.06 0.38 9.4 � 0.8 9.0 � 0.3
4 0.00 0.26 14.0 � 0.9 14.7 � 0.1
6 0.00 0.24 19.4 � 1.6 19.6 � 0.1
0 0.50 0.00 7.6 � 0.9 7.2 � 0.4
0 0.00 0.70 7.5 � 1.0 7.8 � 0.3

© 2026 The Author(s). Published by the Royal Society of Chemistry
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kg−1 at 60 °C. While the EC content of the optimized Li-based
electrolyte is comparable to the Na-based case at low tempera-
tures, it is lower at elevated temperatures. The PC fraction is
also lower for the optimized Li-based electrolytes and shows
only a weak temperature dependence.

The predicted maximum ionic conductivity of the optimized
Li-based electrolytes is slightly lower than that of the corre-
sponding Na-based electrolytes. This trend is consistent with
literature reports for comparable LiPF6- and NaPF6-based elec-
trolytes in EC : DEC (1 : 1 V/V) mixtures65 and in pure PC.66 At the
same time, the relative conductivity of Li- and Na-based elec-
trolytes is known to depend sensitively on the solvent compo-
sition, as LiPF6 exhibits higher conductivity than NaPF6 in pure
DEC.66 This highlights the need for systematic, composition-
resolved investigations of non-aqueous electrolytes, as
enabled by the AL-guided HTE approach employed in this work.
4 Impact of temperature-optimized
Na-based electrolytes on galvanostatic
cycling performance

To evaluate whether conductivity-driven electrolyte selection
translates into improved electrochemical performance,
temperature-optimized electrolyte formulations predicted by
the NN and GPR models (Section 3.4) were selected for galva-
nostatic cycling performance evaluation in layered oxide‖hard
carbon sodium-ion coin cells. Electrolyte formulations opti-
mized for maximum ionic conductivity at −20 °C, 20 °C, and
60 °C were selected and benchmarked against two literature-
based reference electrolytes (1 mol kg−1 NaPF6 in EC/PC and
EC/EMC). All electrolyte compositions investigated in lab-cell
experiments are listed in Table 1. Galvanostatic rate capability
tests followed by prolonged cycling at moderate C-rate were
used to probe performance across a broad range of operating
conditions (Fig. 6).

In Fig. 6a–c the result of the rate-test is depicted. For all cells,
a decrease of discharge capacity with increase of the C-rate was
observed as expected. For the cells operated at −20 °C, an
overall low initial discharge capacity was obtained, which is
attributed to the low ionmobility at this temperature. Moreover,
starting from 2C, for the cells containing reference electrolytes,
no charge could be extracted from the cells using the reference
electrolytes. At 5C, also the optimized electrolyte was no longer
able to enable galvanostatic cycling of the cells, hinting at
a limitation of the electrolyte for high C-rates. Throughout the
rate-test at all three temperatures, the cells containing
NN-optimized electrolyte showed an increased specic
discharge capacity during the rate-test, which is most evident at
low C-rates at low temperature and high C-rates at high
temperature. At 20 °C, and at low C-rates, all cells showed
similar discharge capacities. For the rst cycle a low specic
discharge capacity for the cells containing the NN-optimized of
112 mAh g−1 was obtained, which is the lowest of all cells. Yet
the cells containing the NN-optimized electrolyte exhibited
a slightly higher specic discharge capacity for the following
cycles starting with 121 mAh g−1 for the second cycle, compared
© 2026 The Author(s). Published by the Royal Society of Chemistry
to 119mAh g−1 for the reference counterpart. Beginning at 0.5C,
for the cells containing the NN-optimized electrolyte the highest
achievable specic discharge capacity and less fading compared
to the cells containing EC/PC-, EC/EMC-based and
GPR-optimized electrolyte is observed. At 60 °C, during the rate-
test the cells containing NN-optimized electrolyte outperformed
the cells containing the reference electrolytes and the cells
containing GPR-optimized electrolyte. The same trend is
evident, albeit less pronounced than at 20 °C. Interestingly, at
60 °C the C-rate performance was overall better than at 20 °C for
all considered electrolyte formulations, resulting in similar
discharge capacities at 1C and 20 °C as well as 2C and 60 °C.
This is a strong indication of kinetic limitations within the
electrode active materials and showcases the importance of
electrolyte tuning even with the comparatively low maturity
levels of the SIB technology. During the galvanostatic cycling at
0.5C for 100 cycles all three investigated temperatures, depicted
in Fig. 6d–f, the cells containing NN-optimized electrolytes
demonstrated better performance in comparison to the refer-
ence counterparts. The cells containing the GPR-optimized
electrolyte showed inferior electrochemical performance, even
lower than the reference counterparts at 20 °C. This difference
can be contributed to the impact of the electrolyte components
on the SEI. Whereas it is known that the presence of PC has an
impact on the SEI formation on hard carbon, the specic effect
depends on the exact electrolyte environment.67–69 Thus, it is
expected that although different concentrations of EC, PC and
EMC may show a similar ionic conductivity, the SEI will be
different and thus also the electrochemical performance of the
resulting cells. At 60 °C the cells containing the NN-optimized
electrolyte showed the highest initial specic discharge
capacity, but a higher fading, leading to an overlap of the
discharge capacities aer 50 cycles and slightly higher
discharge capacity for the cells containing the GPR-optimized
electrolyte aer 100 cycles. At −20 °C, an extremely low
capacity for the two reference counterparts and the
GPR-optimized electrolyte was achieved, with the cells con-
taining the NN-optimized electrolyte tripling the achievable
specic discharge capacity of 30 mAh g−1. However, it is
immediately evident that at −20 and 20 °C none of the cells
recovered the specic capacities previously achieved at 0.5C
during the rate-test, indicating that the preceding high-rate
steps induce irreversible changes and that electrode kinetics
and degradation processes impose limitations that cannot be
overcome by electrolyte optimization alone. At 60 °C, capacity
recovery at 0.5C is more complete for most formulations,
consistent with reduced kinetic limitations at elevated
temperature. It must be stressed here again that the models are
completely agnostic to galvanostatic cycling performance and
only optimized for ionic conductivity. The difference in
electrochemical performance between the NN and
GPR-optimized electrolyte, visible in both the rate capability
and subsequent data at 0.5C, reects the broad plateau of high
ionic conductivity identied in composition space and there-
fore is consistent with the models own condence intervals. It
demonstrates that although ionic conductivity is a useful
guiding metric but it does not uniquely determine cell
Digital Discovery



Fig. 6 Specific discharge capacities vs. cycle number of layered oxide‖hard carbon coin cells with electrolyte formulations optimized by NN and
GPR models compared to literature derived electrolyte formulations EC/EMC and EC/PC. Results of rate tests comprised of 3 × 0.1C, 3 × 0.2C,
5 × 0.5C, 5 × 1C, 5 × 2C, 5 × 5C at (a) −20 °C, (b) 20 °C and (c) 60 °C. Charge/discharge cycling with 0.5C for the same cells for 100 cycles at
(d) −20 °C, (e) 20 °C and (f) 60 °C.
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performance. Nevertheless, these small differences between the
two models allow us to gain additional insights into the corre-
lation of electrolyte composition and galvanostatic cycling
performance.
5 Conclusion

In this study, we presented a workow that couples HTE with AL
to systematically map and model non-aqueous lithium- and
sodium-based electrolyte formulations. In contrast to conven-
tional approaches that primarily aim at identifying a single
optimal composition via Bayesian optimization, the presented
strategy focuses on constructing predictive surrogate models
over the full space of physically reasonable electrolyte formu-
lations. This enables a comprehensive understanding of how
electrolyte composition and temperature jointly govern ionic
conductivity. The batch-wise AL approach is inherently
compatible with parallel experimentation, thereby avoiding
time-consuming serial optimization loops. Owing to its
modular design, the workow can be readily extended to other
electrolyte systems and experimental objectives.

Training NN surrogate models on both data sets enabled
a direct, composition-wide comparison of LiPF6- and
NaPF6-based electrolytes within an identical feature represen-
tation for EC-, EMC-, and PC-containing solvent mixtures. This
Digital Discovery
analysis indicates that Na-based electrolytes tend to exhibit
slightly higher ionic conductivities than their Li-based coun-
terparts at comparable compositions, particularly at low salt
and EC contents as well as at elevated salt concentrations. At the
same time, the overall regions of high ionic conductivity in
composition space are very similar for both cations, and the
observed differences remain modest across the investigated
temperature range. The pronounced sensitivity of ionic
conductivity to the EC content is consistent with previous
reports linking EC-rich environments to reduced cation–anion
association and enhanced charge carrier mobility. The persis-
tence of this trend in both electrolyte systems suggests that EC
primarily modulates the local solvation environment rather
than inducing strongly cation-specic effects, with a more
pronounced inuence in lithium-based electrolytes.

Within this framework, a new data set for Na-based elec-
trolytes was generated using an initial GSx sampling followed by
IDEAL-based renement. Numerical AL simulations on
synthetic data demonstrate that prioritizing informative
compositions, particularly near the boundaries of composition
space, substantially accelerates model convergence. The
considered formulation space can be reliably described using
only 72 unique electrolyte compositions acquired over two AL
iterations, corresponding to a reduction in required data points
by a target-dependent factor, which is approximately 4–7 for S0,
© 2026 The Author(s). Published by the Royal Society of Chemistry
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compared to random sampling strategies. These results high-
light the efficiency gains enabled by combining HTE with AL.

Galvanostatic cycling experiments further indicate that
enhanced ionic conductivity can serve as a useful guiding
parameter for improving cell performance in non-aqueous
aprotic electrolytes, particularly under kinetically demanding
conditions. Even at extreme operating conditions such as
−20 °C, noticeable performance improvements are achieved
solely by adjusting the formulation of otherwise identical elec-
trolyte components. At the same time, the results demonstrate
that ionic conductivity alone is not sufficient to universally
predict full-cell performance, reecting the complex interplay of
transport properties, interfacial processes, and electrode
kinetics during galvanostatic cycling.

In this context, the value of the present approach lies not in
identifying a single optimal formulation, but in constructing
a comprehensive, composition-wide surrogate model that
disentangles the relative importance of electrolyte components
across temperatures and operating regimes. By combining HTE
with AL and physically informed feature representations, the
workow enables efficient and interpretable exploration of
chemically constrained formulation spaces. This holistic
framework moves electrolyte research beyond trial-and-error
optimization toward systematic understanding and provides
a general and transferable basis for rational electrolyte
discovery and multi-criteria design across a wide range of
battery chemistries and performance metrics.
6 Experimental
6.1 Electrolyte formulation

Sodium hexauorophosphate (NaPF6), ethylene carbonate (EC),
ethyl methyl carbonate (EMC) and propylene carbonate (PC) for
the Na-based electrolytes were all purchased from E-lyte Inno-
vations GmbH in battery grade quality and used without further
purication. All considered electrolytes were formulated in the
glovebox with NaPF6 as the conducting salt, a blend of EC, PC
and EMC as electrolyte solvents. The NaPF6 concentration was
allowed to vary between 0.5 and 2.7 mol kg−1. In total,
72 electrolytes were formulated.
6.2 Ionic conductivity determination

An inert gas environment was rigorously maintained during all
experiments using a nitrogen lled glovebox (GS Glovebox,
maintaining H2O and O2 values < 1 ppm). The ionic conductivity
of the electrolyte formulations was determined according to
Krishnamoorthy et al.31 The cell constants were determined
using a conductivity standard (0.01 M KCl in H2O,
1.276 mS cm−1) averaged over at least 5 measurements. As
sample containers 2 mL Eppendorf Safe-Lock tubes were used
and each lled with 750 mL of electrolyte. The impedance
measurements were carried out using our in-house designed
electrodes.70 A frequency range between 20 kHz and 50 Hz was
applied on a Metrohm Autolab/M204 potentiostat/galvanostat
with 12 channels and 8-channel multiplexer, summing up to
96 channels. The samples were equilibrated for 2 h inside
© 2026 The Author(s). Published by the Royal Society of Chemistry
a Memmert TTC256 climatic chamber with 0.1 °C temperature
accuracy prior to every measurement. Measurements were
carried out in the temperature range of −20 °C and 60 °C with
increments of 10 °C. Using the Metrohm Nova soware, the
obtained impedance spectra were tted with a predened
equivalent circuit (Rs(CPE-Rp)) aer each measuring point.

6.3 Materials and cell assembly

Positive and negative electrodes from commercially available
220 mAh (16 g cm−2) layered oxide‖hard carbon dry pouch cells
(Li-FUN Technology) were harvested. The double-sided coating
was removed on one side using water. From the sheets, discs
with 15 mm for the anode and 14 mm for the cathode were
punched out and dried for 12 h at 120 °C under reduced
pressure. Whatman GF/D separator (Sigma-Aldrich) was
punched into 17 mm discs and dried for 12 h at 90 °C under
reduced pressure. All materials were stored inside the nitrogen
lled glovebox prior to assembly. For the galvanostatic cycling
performance evaluation, two electrode CR2032 type coin cells
were assembled with one layer of Whatman GF/D as a separator
between the 15 mm hard carbon anode and the 14 mm layered
oxide cathode with a xed volume of electrolyte of 60 mL.

6.4 Galvanostatic cycling protocol

For galvanostatic cycling a voltage range of 2.0 to 4.0 V was
applied using a Maccor Series 4000 battery tester. Prior to any
galvanostatic cycling a rest step at OCV for 6 h was performed.
For the galvanostatic cycling performance evaluation, a rate test
comprised of 3 × 0.1C, 3 × 0.2C, 5 × 0.5C, 5 × 1C, 5 × 2C,
5 × 5C, was followed by galvanostatic cycling for 100 cycles at
0.5C. To validate reproducibility, three coin cells per electrolyte
formulation were assembled and all measurements were con-
ducted at the respective target temperatures of −20 °C, 20 °C,
and 60 °C.

6.5 Active learning iterations

For the AL iterations the feature xSalt was limited to the
interval (0.05, 0.20) as the interesting range of conducting salt
concentrations. The other features were not limited. For the
model training and acquisition function calculation the
feature was scaled to the interval (0, 1) using scikit-learns
MinMax-scaler,38 such that in the modelling process all
features were selected from the same interval. All features
were treated equally for the calculation of the IDEAL acquisi-
tion function and applied to identify the suggested data point
for Gen1 and Gen2. The maximum of the acquisition function
was determined with particle swarm optimization with
c1 = 0.5, c2 = 0.3 and w = 0.9.71 For Gen0, 50 agents were used
for 50 iterations. For Gen1 and Gen2 the same number of
agents were used for 200 iterations. For further details see the
SI Section S2 and S3.

6.6 Calculation of the mean squared error

TheMSE for the prediction of the logarithmic ionic conductivity
at T = 20 °C was evaluated using two different cross-validation
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approaches. In the rst approach, leave-one-out cross-
validation (LOO-CV) was performed using all available data
aer completion of Gen0, Gen1 and Gen2, representing the full
state of knowledge. Since one data point is used for testing, the
MSEs are calculated for the remaining 23, 47 and 71 data points.
In the second approach, the models were trained on similar
data as in the rst approach, but used only data from Gen0 for
testing. Each data point from Gen0 was used once for testing, as
in the LOO-CV approach. This is motivated by the fact that the
acquisition function does not choose equally distributed data
points in the feature space (see Fig. 4) and thus the MSE might
be biased because some regions might be under- and others
might be over-represented. Ideally, one would use completely
equally distributed data points for testing to obtain a reliable
model error, however, this is not possible in the experimental
setup. As a compromise data from Gen0 was used for testing,
which turned out to be most equally distributed from all
generations (Gen0, Gen1 and Gen2). Furthermore, this data was
known from the beginning so that it could be used in all
subsequent generations for testing.
6.7 Details on numerical active learning simulations

From the experimental data, it is infeasible to estimate the
advantage of AL over random sampling directly, since the pool
was created by AL. To estimate the reduction of electrolyte
formulations needed to t an accurate model, numerical AL
simulations were performed. For these simulations, models for
the Si, trained on all experimental data of the Na-data set, were
dened as ground truth. Whenever new data needed to be
labeled with the ionic conductivity, the ground truth models
were evaluated instead of performing experiments in the labo-
ratory. For each prediction of the ground truth models,
Gaussian noise was added with a variance that mimics the
experimental variance of the Si. In principle, this is the only
source of errors. Since the ground truth and the regression
model are similar in architecture, no model error is expected for
a sufficiently large number of data and well-optimized param-
eters. The test error is calculated for test data points on a xed
grid of 10 data points per dimension, summing up to 1000 data
points, which cover the feature space equally well and ensure
that the obtained error is representative for the full feature
space. This setup allows a rapid evaluation and screening of
different choices of initial data and a comparison of different
data acquisition approaches.
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as well as relevant synthetic data corresponding to both data
sets are available via Zenodo at https://doi.org/10.5281/
zenodo.18429013. The scripts and jupyter-notebooks for data
analysis and creation of Fig. 3–6 and most gures in the SI are
available via Github and Zenodo at https://doi.org/10.5281/
zenodo.20748573.

The python code of the LECA package is available via Github
and Zenodo at https://doi.org/10.5281/zenodo.20703019. The
implementation of the Active Learning library (PyALAF) is
available via Github and Zenodo at https://doi.org/10.5281/
zenodo.20747294.

Ref. 72–77 are cited in the supplementary information (SI).
Supplementary information: a description and comparison of
different acquisition functions, a description of the PyALAF
package, a description of the data sets, example Arrhenius ts
and a comparison of different ML models. Furthermore, model
predictions for sodium and lithium are evaluated and
compared in detail. Information about optimized lithium
electrolytes is provided. Additional information for numerical
active learning simulations and scanning electron microscopy
and energy-dispersive X-ray spectroscopy images of the elec-
trode. See DOI: https://doi.org/10.1039/d6dd00149a.
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