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Domain oriented universal machine learning
potential enables fast exploration of
chemical space of battery electrolytes

FengWang1,2,4, Yu-Hang Tang1,4, Ze-BingMa1, Yu-Cheng Jin1 & JunCheng 1,2,3

Li-ion batteries, widely used in electronic devices, electric vehicles, and avia-
tion, demand high energy density, fast charging capabilities, and broad
operating temperature ranges. Computations combined with experiments
have gained increasing attention for electrolyte development. However, the
inherent complexity of electrolytes poses a significant challenge. Classical
molecular dynamics often fails due to inaccuracies in force field parameters,
while ab initio calculations are limited by high computational costs. Recently,
machine learning molecular dynamics has emerged as an efficient and accu-
rate alternative. However, its application is hindered by limited transferability
ofmachine learning potentials. In this work, we developed a universalmachine
learning potential for electrolytes using an iterative training approach on
randomly composed datasets, enabling the accurate computation of key
properties for a broad range of electrolytes via molecular dynamics. Further-
more, coordination dynamics analysis of Li ion, by quantifying the coordina-
tion lifetime, provides a direct, quantitativemeasure of solvation strength. The
universal machine learning potential for electrolytes facilitates the prediction
and optimization of electrolyte properties, offering a powerful tool for elec-
trolyte design.

Given the increasing public concerns regarding energy and environ-
mental issues, significant efforts have been dedicated to the develop-
ment of safer Li-ion batteries (LIBs) with improved energy density
(Fig. 1a)1–7. The performance of LIBs is limited by various electrolyte
properties, including density, solvation structure8–10, viscosity11,12, ionic
conductivity13, operating temperature window14, and electrochemical
stability window3,15, etc. The solvation structure of electrolytes plays a
critical role in determining their interfacial stability, ion diffusion
properties, and fast-charging capabilities. For example, weakly sol-
vating electrolytes, which feature reduced coordination between Li+

and solvent molecules, can enhance ionic conductivity16 and promote
the formation of stable anion-derived solid-electrolyte-interphases on
electrodes17. Understanding and optimizing solvation of Li+ is there-
fore key todesigninghigh-performanceelectrolytes for advancedLIBs.

Therefore, significant research efforts have focused on electrolyte
design, emphasizing the regulation of solvation structures through a
synergistic approach that combines experimental and computational
methods to enhancebatteryperformance3,16,18–32. For example, Yamada
et al. applied classical molecular dynamics (CMD) to obtain the sol-
vation structure of Li ion and carried out experiments to characterize
the Li deposition potential32. Machine learning algorithms are utilized
to uncover that the radial distribution functions of cations and anions
are the determining factor for the Li deposition potential in different
electrolytes.

However, computational chemistry methods still face many lim-
itations, with themost notable limitations being that CMD is restricted
by the accuracy of force field parameters. The accuracy of the solva-
tion structures obtained from CMD is limited by the accuracy of force
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field parameters33,34. Note that variations in the force field parameters
can result in different simulation results35. To accurately compute the
solvation structure and electrochemical properties of electrolytes, ab
initio molecular dynamics simulations (AIMD) have been employed to
study the battery electrolytes36–45. For instance, Salanne et al. utilized
AIMD simulations to investigate water-in-salt electrolytes and dis-
covered the formation of polymer-like nanochains with short Li-Li
distances, which has never been reported in CMD simulations42.
However, the computational expense of AIMD restricts the system size
to ∼1000 atoms and the time scale to less than 100 ps, significantly
limiting its application in electrolyte design.

In order to address the issue of low computational efficiency in
AIMD, machine learning molecular dynamics (MLMD) has been intro-
duced to accelerate simulations of complex systems46–55. By con-
structing accuratemappings, that is,machine learningpotential (MLP),
from local atomic environments to potential energies and atomic
forces, nanosecond-level molecular dynamics simulations of larger
models can be achieved without sacrificing ab initio accuracy48,50.
Using a concurrent learning workflow56,57, it becomes feasible to
iteratively construct MLP training datasets, facilitating efficient con-
struction of MLPs. This approach enables accurate simulations of
complex systems such as solid-state electrolytes58,59, and liquid
electrolytes41,60,61. However, the complexity of theMLP trainingprocess
and the limited transferability to new systems hinder high-throughput
calculations with MLMD.

Thus, it is highly desirable to train universal MLP (uMLP) models
showing good transferability to different systems. To further push to
the limit of covering all elements across the periodic table, foundation
models, such as open large atomic model (OpenLAM)62, foundation
model of atomisticmaterials chemistry (MACE)63, and general reactive
machine learning potential64 and so on, have been proposed with the
integration of multi-task training methods. The underlying idea is to
reduce the size of datasets and training cost for a wide range of
complex systems by exploiting the expressiveness of representation
and transferability of the MLP models. However, these models may
show reduced accuracy for specific applications and lower efficiency
for MLMD simulations, as too many elements and a vast of chemical
configurations need tobe considered. As such, additionalfinetuningor
distillation processes are often required for specific systems. Alter-
natively, it is possible to train uMLPmodels of certain types of systems

for downstream applications. This is the focus of this work, and note
that due to the diverse composition of electrolytes and complexity of
configurational space (Fig. 1b), it is very challenging to construct
adequate datasets to train uMLP for electrolytes. Although several
MLPs, such as BAMBOO65, PhyNEO electrolyte66, and SevenNet-067,
have been developed to simulate electrolytes with MLMD, their scope
is limited to fewer than 20 types of solvents and salts, falling short of
capturing the full complexity of the electrolyte chemical space.

In this study, as illustrated in Fig. 1c, a uMLP for electrolytes is
developed using the Deep Potential (DeePMD)52 framework and the
concurrent learning approach implemented in the ai2-kit68. To com-
prehensively cover the chemical space of electrolytes, an electrolyte
generator is utilizedwith a database of over 2300 solvents and 20 salts,
allowing for the creation of diverse systems with randomized com-
positions. MLMD simulations with the uMLP are then employed to
systematically compute solvation structures and key properties of
electrolytes, including density, viscosity, ionic conductivity, and
operating temperature ranges. Furthermore, a approach is introduced
to estimate ionic conductivity by quantifying the coordination lifetime
(�τ) of Li+ ions, which directly links shorter �τ-"indicative of weak solva-
tion-”to faster ion transport and higher ionic conductivity. The uMLP
significantly accelerates the initial screening of electrolyte candidates,
minimizing both time and computational resources, while also
enabling a deeper understanding of ionic transport mechanisms.
Overall, property calculations through MLMD the with uMLP for
electrolytes provide a powerful tool for electrolyte design.

Results and discussion
Training uMLP for electrolytes
To construct a uMLP for electrolytes, it is essential to enhance the
efficiency of sampling within the high-dimensional chemical space of
electrolytes (Fig. 1b). Thus, concurrent learning scheme56,69, imple-
mented in ai2-kit68, is applied. As shown in Fig. 1c, an electrolyte gen-
erator is applied to generate a series of electrolytes with random
compositions. Thus, the solvent database includes solvents developed
by Chen and Zhang et al.18, as well as commonly used solvent mole-
cules, forming a comprehensive solvent molecular database contain-
ing over 2300 solvent molecules. This database covers a wide range of
elemental types, including C, H, O, N, B, S, F, Cl, Br, I, P, and Si, and
encompasses various solvent types such as carbonates, ethers, nitriles,

Fig. 1 | Training Universal Machine Learning Potential for Electrolytes.
a Illustration of the applications and basic components of LIBs, along with a brief
overview of the key properties of electrolytes. b The high-dimensional chemical
space of electrolytes, illustrating the process of component optimization through

property-based screening. c Illustration of the workflow of training a uMLP for
electrolytes and accelerating electrolyte optimization through property calcula-
tion via MLMD simulations.
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heterocycles, sulfones, and more. Similarly, commonly used Li-salts
(LiTFSI, LiFSI, LiBETI, LiFTFSI, LiOAc, CF3COOLi, LiPF6, LiClO4, LiBF4,
Li2SO4, LiNO3, LiCl, LiBr, LiI, LiDFOB, LiSCN, LiSO4CH3, LiSO3CH3,
LiDCA, etc.), are selected to construct a salt database. In addition, ionic
liquids and salts with cations such as Na+, K+, Mg2+, Ca2+ and Zn2+ are
also included to enhance the diversity and transferablity of the data-
base. ∼1,000,000 electrolytes with random combinations and con-
centrations were constructed and pre-equilibrated using CMD, with
their compositions created by randomly selecting solvent molecules
and salt anions, varying the solvent-salt ratio (from 30:1 to 1:1), and
incorporating one to six solvent or salt types. These systems were
divided into multiple batches to serve as initial structures for sub-
sequent exploration with MLMD and 2000 structures were randomly
selected for DFT calculations to construct the initial datasets for
training an ensemble of MLP. Then, an MD sampler is used to sample
electrolytes with different compositions at various temperatures and
pressures, with the MLP updated in each iteration. Then, based on the
ensemble of MLPs, the model deviation57 of MD trajectories is calcu-
lated. Structures with high model deviation are selected as new
structures and fed into the DFT calculator to update the training
datasets. After several iterations of concurrent learning, an accurate
uMLP for electrolytes can be constructed. Note that the universality of
the uMLP for electrolytes is ensured by the randomly composed
electrolytes mentioned above; moreover, by constructing datasets at
different concentrations and employing an iterative training approach,
one can effectively collect MLP training datasets41,60,70 that accurately
covers the range from pure solvent to highly concentrated electrolyte.
This aligns with the observations of Goodwin et al. that sampling high-
entropy compositions is more effective than pure-system sampling
and allows for a robust MLP71. Furthermore, not all electrolytes used
for MLMD exploration are included in the datasets due to the trans-
ferability of local environment descriptors, which effectively reduces
the size of the dataset.

Evaluation of accuracy of uMLP
With 91 iterations of concurrent learning,∼160,000 configurations are
collected to construct the uMLP for electrolytes using DeepPot-SE52.
Although there are existing works training potentials based on hybrid
functionals70,72, DFT calculations are performed with the Perdew-
Burke-Ernzerhof (PBE) functional73 with Grimme D374(PBE-D3), which
could ready provide accurate solvation structure70,75 and dynamics
properties65,76 for electrolytes. Notably, the size of the dataset is similar
to those reported for electrolyte-specific MLPs65,66, yet significantly
smaller than those required for universal MLPs62–64. The predicted
errors of potential energies, atomic forces, and virial tensors are shown
in Fig. 2a. The root-mean-square-error (RMSE) of predicted potential
energies is∼0.005 eV/atom.Although the RMSE of predicted potential
energies is slightly higher than previously reported MLP accuracy, the
predicted atomic forces, with an RMSE of around 160meV/Å, and virial
tensors, with an RMSE of about 5.0lmeV/atom, are accurate enough to
reproduceMD trajectories with ab initio accuracy. Note that the cutoff
radius (Rcut) for local environments is set to 6.0 Å, which shows similar
accuracy compared to Rcut = 8.0 Å (Figure S1), as suggested in a pre-
vious publication77. Additionally, as shown in the insets of Fig. 2a, the
proportion of higher errors is very small, primarily resulting from
unphysical structures, such as configurations with atomic distances
smaller than 1 Å. The large force values (± 40 eV/Å) primarily originate
from the extreme conditions explicitly sampled in our simulations,
including high temperatures (about 800 K), high pressure (100 bar),
and configurations involving chemical bond breaking. Inclusion of
these structures is essential for achieving robust performance in
MLMD simulations. As shown in Figure S2a, due to the complexity of
the electrolyte compositions, the training datasets encompass a
diverse range of modeling systems with varying sizes, spanning from
400 to 4000 atoms. Systems containing more than 3000 atoms are a

consequence of including large solvent molecules and the fraction of
such dataset is small. Furthermore, the training datasets contain 19
frequently used elements in electrolytes (Figure S2b), ensuring cov-
erage of a variety of different solvation environments. For further
demonstration of the training data set’s diversity, the local environ-
ments of Li+ ions are described using the Smooth Overlap of Atomic
Positions (SOAP)78 descriptor and then projected into a low-‘dimen-
sional similarity map via Uniform Manifold Approximation and Pro-
jection (UMAP). In separate plots, we use color coding to indicate the
number of O, N, and F atoms within 2.5 Å and the number of C, S, P, B,
andCl atomswithin 3.5Å of each Li+ ion. As shown in Figure S2c, the Li+

environments cluster into multiple distinct regions; the varied ele-
mental distributions around Li+ highlight the substantial structural
diversity and the complexity of our training data set. To further illus-
trate the accuracy of the MLP, potential energies, atomic forces, and
virial tensors for previously reported glyme-LiTFSI datasets60 are
computed using the uMLP and compared with corresponding DFT
values. As shown in Figure S3, the predicted values exhibit similar
accuracy to those in the training datasets. Notably, these datasets are
not included in the training datasets, demonstrating the good trans-
ferability of the uMLP for electrolytes. To demonstrate the transfer-
ability and accuracy of the uMLP for electrolytes, over 13,000 five-ps
MLMD trajectories (10,000 steps) of electrolytes with various com-
positions are generated using the uMLP. The final configurations from
these trajectories are computed using DFT to construct the validation
sets. It should be noted that the validation sets consist of a wide range
of complex electrolytes, with compositions ranging from binary to
nonary and concentrations spanning from dilute to highly con-
centrated andnot included in the trainingdatasets. As shown inFig. 2b,
the predicted potential energies, atomic forces, and virial tensors of
the validation set exhibit similar accuracy to those of the training
datasets, indicating that the training datasets are sufficiently repre-
sentative of the chemical space of liquid electrolytes. Note that the
ranges of atomic force and virial tensorsof validation sets are narrower
than those of training datasets, which is due to the mild simulation
conditions (300K and 1 Bar).

Although the uMLP for electrolytes demonstrates good accuracy
in predicting potential energies, atomic forces, and virial tensors, we
further validate the accuracy ofMLMD trajectories by comparing them
with results obtained from DFT and AIMD. Three electrolyte models
with different sizes and compositions are constructed, and over 1 ns
MD trajectories with the NpT ensemble are generated using the MLP
(Figure S4). Configurations are selected every 10 ps along the 1 ns
MLMD trajectories, and the corresponding potential energies, atomic
forces, and virial tensors are computed using DFT. As shown in Fig-
ure S4, for all three systems, the predicted atomic forces and virial
tensors show good agreement with the DFT values, and the corre-
sponding RMSEs are smaller than those of the training datasets, indi-
cating that the MLP can drive MD simulations with ab initio accuracy.
However, the predicted potential energies for each system exhibit
small systematic errors79–81. Overall, the predicted atomic forces and
virial tensors are sufficiently accurate to generate MLMD trajectories
with ab initio accuracy.

To demonstrate the accuracy of computed structural proper-
ties, MLMD trajectories of a ternary electrolyte composed of ethy-
lene carbonate (EC), diethyl carbonate (DEC), and LiPF6 are
generated using both AIMD and MLMD. As shown in Figure S5a, the
simulation model contains 1520 atoms, making AIMD simulations
computationally expensive and limiting the generated trajectories to
less than 1 ps. The radial distribution functions (RDFs) are computed
from the AIMD and MLMD trajectories and plotted for comparison
The peaks and intensities of RDFs for Li+ − ODEC and Li+ − OEC com-
puted from MLMD trajectory (Figure S5b and c) show good agree-
ment with the AIMD results. However, the RDF of Li+ � FPF�6 from
long time scale of MLMD simulation is very different from the AIMD
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results. For comparison, a 5 ps MLMD trajectories are generated with
the same initial configurations as AIMD (Figure S5d). The RDF of
Li+ � FPF�6 from AIMD and 5 ps MLMD are are nearly identical. That
means the contribution of PF�6 to the first coordination shell of Li+ is
replaced by the solvent molecules (EC or DEC) as the MLMD simu-
lation extends over a long time scale.

The transferability of uMLP is crucial to its predictive
capability82. As shown in Fig. 2c, a 1 ns MLMD simulation was per-
formed for electrolytes containing (4-nitrophenyl) 2,2,2-tri-
fluoroacetate (TFAONP) as the co-solvent, which was not included in
the training dataset. By conducting DFT validations on 100 ran-
domly selected configurations from the MLMD trajectory, we found
that the prediction errors of atomic forces and virial tensors are
comparable to those in the training datasets. This result highlights
the good transferability of the uMLP for electrolytes to new solvent
molecules. Then, to validate the transferability of the uMLP for
electrolytes to different salts, a 1 ns MLMD simulation was carried
out on an electrolyte containing lithium difluorobis(oxalato)phos-
phate (LiDFOP) as the Li-salt, and 100 configurations were randomly
selected for DFT calculations. It should be noted that DFOP− was not
included in the training datasets, yet the predicted errors in atomic

forces and virial tensors show good agreement with those of the
training datasets (Fig. 2d). To further evaluate the transferability
of the uMLP for electrolytes across different Li salts, we system-
atically analyzed its performance on diverse electrolyte systems
(Figure S6), including datasets of electrolytes with 40 PC molecules
and 10 LiFSI derivatives, where the F atoms on the FSI
anion were substituted with different fluoroalkyl groups (Fig-
ures S6a-c), and a dataset representing a 0.1 M LiETFSI solution in
EC/DEC (v/v = 1:1)83 (Figure S6d). The predicted potential energies,
atomic forces, and virial tensors show similar accuracy to the
training datasets and are in good agreement with DFT calculations,
highlighting the uMLP’s ability to effectively handle variations in
anionic chemistry.

Based on the above analysis, the uMLP for electrolytes not only
ensures accuracy in reproducingpotential energies, atomic forces, and
virial tensors from DFT calculations but also maintains accuracy in
computing structural properties of electrolytes. Furthermore, it
extends the time scale of AIMD simulations without loss of accuracy.
Therefore, the uMLP for electrolytes demonstrates good accuracy and
transferability, enabling the computation of electrolyte properties
using MLMD simulations.

Fig. 2 | Accuracy of universalmachine learning potential for electrolytes. a The
predicted errors of potential energies, atomic forces and virial tensors on training
datasets. The distribution of prediction errors is presented in the corresponding
inset. b The predicted errors of potential energies, atomic forces and virial tensors
on validation datasets. The distribution of prediction errors is presented in the

corresponding inset. c, d Validation of uMLP transferability for an unseen co-
solvent (TFAONP, c) and an unseen anion (DFOP−, d) showing that the errors in
atomic forces and virial tensors of 100 configurations randomly selected from 1 ns
MLMD simulations are comparable to those of the training datasets. The C, H,O, N,
P, F and Li atoms are in gray, white, red, blue, tan, green and pink, respectively.
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Structure and properties
Computing electrochemical properties through MLMD is the initial
step to evaluate the performance of electrolytes. The first require-
ment is to confirm whether accurate densities can be obtained from
MLMD simulations. The performance of electrolytes is determined
by solvation structures and some key properties such as diffusion
coefficients, viscosity, and operating temperature ranges. Therefore,
we first computed the densities and RDFs for some electrolytes. The
solvation structures of Li+ significantly influence the desolvation
processes of Li+ during charging and discharging processes. How-
ever, since solvation structures cannot be directly obtained from
experiments, those derived from MLMD simulations using the uMLP
are compared with results from small dataset-based MLMD and
AIMD. Subsequently, diffusion coefficients and viscosity are obtained
from long-time-scaleMLMD simulations. Recently, Fan,Wang and co-
workers developed an electrolyte with high performance across a
wide operating temperature range16. As suggested, the operating
temperature ranges of electrolytes can be determined by measuring
the temperature intervals exhibiting high ionic conductivity. To
demonstrate the ability of uMLP for electrolytes, the ionic con-
ductivity of a variety of electrolytes at different concentrations and
temperatures are computed with MLMD and compared with
experimental measurements from the work of Fan, Wang and co-
workers16.

Density
As shown in Figure S7a and b, the densities of electrolytes and some
frequently used solvents, such as carbonates, esters, and nitriles, are
averaged over 1 ns MLMD simulations with the NpT ensemble. The
computed densities from MLMD simulations show good agreement
with experimental values, with errors less than 5%. Note that 5% is
already sufficiently accurate, and the residual errors primarily arise
from the limitations of the PBE-D3 functional. Further improvements

in functional accuracy could lead to even more precise calculations.
Thus, the uMLP for electrolytes can accurately predict densities for a
wide range of electrolytes and solvents.

Solvation structure
To examine the predicted solvation structures of electrolytes, the
RDFs for LiTFSI/PC electrolytes at different concentrations are com-
puted using AIMD, MLMD with a single-system MLP, and MLMD with
the uMLP for comparison. As shown in Figure S8, the RDFs and coor-
dination number for Li+ computed from MLMD with uMLP for elec-
trolytes are almost the same as the results computed fromMLMDwith
MLP for single system (labeled as MLMD* in Figure S8). As for the
difference between the AIMD andMLMD, this is actually caused by the
short time scale (about 50 ps) and small size (about 400 atoms) of
AIMD simulations.

The solvation structures of Li+ were further analyzed. As illu-
strated in Fig. 3a, b, and d, for the low-concentration electrolyte
LiFSI1.00DMC9.00, the first solvation shell of Li+ is primarily composed
of DMC, with a relatively minor contribution from FSI−, compared to
the high-concentration electrolyte LiFSI1.00DMC1.10. Additionally, upon
the introduction of the BTFE diluent, the contribution of DMC to the
first solvation shell of Li+ is reduced, approaching the levels observed
in the highly concentrated LiFSI1.00DMC1.10 electrolyte (Fig. 3a). The
contribution of FSI− to the first solvation shell of Li+ increases, reaching
values similar to those in the high-concentration LiFSI1.00DMC1.10

electrolyte (Fig. 3d). Analysis of the contribution of oxygen atoms from
BTFE to the first solvation shell of Li+ (Fig. 3c and d) reveals a coordi-
nation number of less than 0.1 in all electrolytes containing BTFE. By
incorporating the coordination numbers into Fig. 3d, it is evident that
the LHCE maintains a solvation structure similar to that of the high-
concentration electrolyte (light blue region), exhibiting a clear dis-
tinction from the low-concentration counterpart(light pink region).
This suggests a negligible contribution from BTFE to Li+ solvation and

Fig. 3 | Property calculations. The radial distribution functions (RDF, g(r)) of (a)
Li+ − ODMC, (b) Li

+ �OFSI� , and c. Li+ − OBTFE, along with (d) the corresponding
coordination numbers (CN) in diluted, concentrated LiFSI/DMC electrolytes and
localized highly concentrated electrolytes. e The vibrational density of states
(vDOS) of aqueous electrolytes with varying concentrations of LiTFSI, showing the
blue shift of theO-H stretchingmode from ∼3400cm−1 to ∼3600cm−1 with increasing

concentration, indicating the isolation of water molecules by the ionic network
formed by Li+ and TFSI−. f The vDOS of DME-based electrolytes with varying con-
centrations of LiFSI, showing amodeat ∼750cm−1 shifting to higherwavenumbers as
the LiFSI concentration increases. TheC,H,O,N, S, F andLi atomsare in gray,white,
red, blue, yellow, green and pink, respectively.
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indicates that electrolytes containingBTFE forma locally concentrated
solvation environment.

Special solvation structures can be inferred from Raman spectra,
including the O-H stretching mode of water molecules and the S-N-S
bending mode of FSI−. To further validate the solvation structures
calculated by MLMD using uMLP, the vibrational density of states
(vDOS) of aqueous electrolytes with varying concentrations of LiTFSI
were computed(Fig. 3e). The observed blue shift (from ∼3, 400cm−1 to
∼3600cm−1) of the O-H stretching mode with increasing LiTFSI con-
centration, which indicates that water molecules are progressively
isolated by the ionic network of Li+ and TFSI−, is in excellent agreement
with both the Raman spectra3,20 and previousMLMDcalculations41. This
further substantiates the capability of the MLMDmethod to accurately
capture changes in solvation structure and corresponding spectro-
scopic features as a function of electrolyte concentration. Additionally,
we computed the vDOS for DME-based electrolytes with varying con-
centrations of LiFSI. The results show that with increasing LiFSI con-
centration, the mode at ∼750cm−1 shifts to higher wavenumbers.
Although there are slight blue shifts in the peak positions in compar-
ison with experiments, this trend is consistent with Raman spectra
reported in the literature84,85. Overall, the uMLP-based MLMD method
provides accurate calculations of electrolyte solvation structures and
establishes accurate computed vDOS and in comparison with Raman
spectra, thereby facilitating the interpretation of spectroscopic data.

Viscosity
Viscosity is an important property in liquids, influencing ion transport
and the wettability of electrolytes. Despite significant efforts to

compute the viscosity of liquids86–95, accurately predicting liquid
viscosity remains a challenge due to the need for ultra-long MD
simulations89. In this study, we perform 3 ns MLMD simulations under
the NVT ensemble using the uMLP method, with the Green-Kubo
formula96,97 applied to compute the viscosity91. The densities of the
electrolytes are obtained from 1 ns MLMD trajectories in the NpT
ensemble. As shown in Figure S9, the viscosities of hybrid aqueous
organic electrolytes are computed and compared with experimental
data, with all data points closely aligning with the diagonal line. In a
previous publication, 500 ps MLMD simulations were employed to
calculate the viscosity of water at different temperatures. However,
500 psMD simulations exhibit poor convergence in the low-frequency
region of the power spectrum, which may significantly affect the
accuracy of viscosity calculations. Therefore, it is crucial to note that
long-timescale MD simulations are essential for obtaining accurate
computed viscosity.

Ionic conductivity
Ionic conductivity is one of the most important physical properties of
electrolytes, as it determines the internal resistance of batteries. To
compute the ionic conductivity of the electrolytes, ∼10 ns MLMD
trajectories are generated. The diffusion coefficients of cations and
anions are calculated using TRAVIS98 and subsequently converted to
ionic conductivity using the Nernst-Einstein equation. For validation,
we selected three systems that have been experimentally investigated:
LiTSI/FAN, LiFTSI/FAN, and LiTFSI/EC-EMC(3:7), to assess the accuracy
of the computed ionic conductivity. As shown in Fig. 4a, the ionic
conductivity of electrolytes with varying concentrations is computed
using MLMD simulations (represented by crossed points). For com-
parison, the corresponding experimental values are also plotted
(represented by circular points). Themaximum ionic conductivity as a
function of concentration is well reproduced by the MLMD simulation
with uMLP. This indicates that the concentration of the electrolyte at
which thehighest ionic conductivity occurs canbepredictedbyMLMD
simulations, consistent with experimentalmethods used for screening
high-conductivity electrolytes16. Therefore, by utilizing MLMD simu-
lations with uMLP, it becomes possible to compute ionic conductivity
with high accuracy and efficiency, enabling the computational design
of electrolytes.

Operating Temperature Range
To demonstrate the computation of the operating temperature ranges
of electrolytes, the ionic conductivity is calculated using MLMD
simulations across a range of temperatures. Theprimary objectives are
twofold: firstly, to validate that MLMD based on uMLP can accurately
computed ionic conductivity by comparing computed results with
experiments, and secondly, to indicate that computing ionic con-
ductivity of electrolyte at different temperatures can be used to screen
electrolytes with wide operating temperature ranges. To evaluate the
operating temperature ranges of electrolytes, ionic conductivity under
different temperatures are computed by MLMD based on uMLP for
electrolytes to determine the temperature intervals with high ionic
conductivity. As shown in Fig. 4b, the trend of ionic conductivity var-
iation with temperature can be accurately simulated. For the high-
temperature range, the calculated values of ionic conductivity are
close to the experimental values. However, in the low-temperature
region, due to the slow dynamics at low temperatures, 10 ns MLMD
simulation is insufficient to obtain converged diffusion coefficients. To
obtain more accurate ionic conductivity, it is possible to reduce sta-
tistical errors by increasing the size of the electrolytes model and
extending the simulation time scale of MLMD. In addition, the varia-
tion of ionic conductivity with temperature can be accurately pre-
dicted in comparison with experiments16, thereby determining the
operating temperature range of the electrolyte. Therefore, through
MLMD simulations based on uMLP for electrolytes, the operating

a

b

Fig. 4 | Ionic Conductivity. a Ionic conductivity σ at different concentrations and
b ionic conductivity of electrolytes atdifferent temperatures fromexperiments and
computed by MLMD simulations. The circular points (∘) represent experimental
values, and the crossed points (×) are obtained through MLMD calculations.
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temperature range of the electrolyte can be directly calculated, which
will become an important step in the computational design of
electrolytes.

Coordination dynamics
Although ionic conductivity and operating temperature range can be
accurately computed through uMLP-based MLMD, the detailed cor-
relation between Li+ coordination strength and these properties
remains unclear. Weakly solvated Li+ is often associated with
enhanced ionic mobility and higher conductivity due to reduced
solvation barriers, while strongly solvated Li+ typically leads to
sluggish ion transport as a result of stronger solvation shells hin-
dering diffusion99–101. To bridge this gap, a quantitative analysis of Li+

coordination dynamics is essential, providing a clearer under-
standing of how solvation strength impacts macroscopic properties
and enabling the targeted design of electrolytes optimized for ionic
transport. Similar to the dynamics of hydrogen bonds in ionic
liquids102,103, the autocorrelation function (ACF) for each potential
coordination bonding pair is calculated from the MD trajectories.
The integral over the ACF is then regarded as the lifetime (τ) of the
coordination bond of Li+. In this work, the continuous ACF, in which
pairs are not allowed to break and reform at a later time, is applied104.
As illustrated in Figure S10, the lifetime of the solvation structure of
Li+ is derived from the MLMD trajectories for three types of elec-
trolytes with 1.2 M Li-salt. In 1.2 M LiFSI/FAN, the lifetimes of Li+-FAN
and Li+ − FSI− are less than 15 ps, indicating rapid exchange of sol-
vation structures of Li+. When LiFSI is replaced with LiTFSI, the cor-
responding lifetime of the Li+-anion pair increases to ∼50 ps,
resulting in a significantly lower conductivity of the electrolyte.
Conversely, in the case of 1.2 M LiPF6/EC-EMC(3:7), the lifetimes of
Li+-anions are relatively short compared to the other two electro-
lytes. However, the lifetimes of Li+-solvent pairs are significantly
longer, ∼40 ps. Note that, the coordination of Li+ is primarily formed
by solvent molecules in 1.2 M LiPF6/EC-EMC(3:7), consequently
resulting in an increased lifetime of solvents and lower ionic con-
ductivity. Furthermore, temperature also impacts the lifetime of
coordination bonding pairs in electrolytes.

As shown in Fig. 5a, with decreasing temperature, the lifetimes
of Li+-FAN and Li+ − FSI− increase in the 1.3 M LiFSI/FAN electrolyte. At
low temperatures, strong solvation bonding pairs exhibit sig-
nificantly longer lifetimes, typically ranging from 200 to 1000 ps, as
depicted in Figure S11, indicating that the strength of solvation can
be quantitatively represented by the lifetime. In previous work99, two
kind diffusion mechanism of Li+ in electrolyte is proposed, i.e. hop-
ping and vehicle mechanism. However, quantitatively describing the
diffusion mechanism remains challenging. Drawing inspiration from
the lifetime of coordination bonding pairs, the averaged lifetime of
solvation of Li+ is computed by �τ = 1

CN

PN
i CNi � τi, in which the τi is the

lifetime of coordination pair i, CN is the total coordination number
and CNi is the coordination number of pair i. Then, the ionic con-
ductivity (both from experiments and MLMD simulations) is plotted
as a function of the corresponding averaged lifetime �τ, as illustrated
in Fig. 5 b. The data points on Fig. 5b can be easily clustered into
three parts: the rapid ligand exchange region (light blue region), the
ligand retention region (light pink region), and the transition region
(gray region).

As shown in Fig. 5c, the relationship between coordination life-
time (�τ), solvation structure, and ionic transport is illustrated. The
green arrow indicates a progression from “weakly solvated" (short �τ) to
“strongly solvated" (long �τ), with representative Li+ solvation struc-
tures provided for different �τ values. The lower blue arrow highlights
the inverse relationship, where shorter �τ values correspond to faster
ionic transport, while longer �τ values are associated with slower
transport. This visualization underscores the importance of coordi-
nation dynamics in determining electrolyte properties and provides a
conceptual basis for designing weakly solvated electrolytes to opti-
mize ion transport and electrochemical performance. Coordination
dynamics analysis offers significant insights into the concept of weak
solvation, particularly by quantifying the dynamic characteristics of Li+

coordination. By calculating the coordination lifetime (τ), it provides a
clear metric to evaluate weak solvation, where short lifetimes and
frequent solvent exchange reflectweak interactions betweenLi+ and its
solvation shell. This analysis elucidates the direct relationship between
weak solvation and ion transport, demonstrating how reduced

Fig. 5 | Solvation Dynamics. a Coordination lifetime of Li+-FAN and Li+ − FSI− at
various temperatures. The ionic conductivity from MLMD and experiments are
plotted together for comparison. b The conductivities are plotted as a function of
coordination lifetime (�τ), illustrating the correlation between ion transport and the

dynamics of the solvation shell. c Schematic showing the increase in �τ from “weakly
solvated" to “strongly solvated" Li+ structures and the corresponding decrease in
ionic transport. The C,H,O, N, S, F and Li atoms are in gray, white, red, blue, yellow,
green and pink, respectively.
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coordination strength enhances ionic conductivity. Moreover, it
facilitates the design of weakly solvated electrolytes by enabling the
systematic screening of solvent and salt combinations that optimize
coordination dynamics for improved electrochemical performance.
Importantly, coordination dynamics bridges experimental observa-
tions, such as high ionic conductivity and wide operating temperature
range, with their underlying microscopic mechanisms, offering a
powerful tool to validate hypotheses and optimize electrolyte
efficiently.

In this study, we developed a uMLP for electrolytes using a con-
current learning scheme, enabling long-timescaleMD simulations with
ab initio accuracy. To ensure comprehensive coverage of the chemical
space, an electrolyte generator was employed to create diverse sys-
tems with randomized compositions from a database of over 2300
solvents and 20 salts. This approach allowed the uMLP to accurately
compute key properties, including density, solvation structures, ionic
conductivity, and operating temperature ranges, all showing good
agreement with experimental data across diverse electrolyte systems.
The uMLP’s transferability often eliminates the need for retraining,
making it broadly applicable to various electrolyte formulations.
Leveraging MLMD trajectories, we quantitatively analyzed Li+ coordi-
nation dynamics by calculating the average coordination lifetime (�τ).
This analysis provides a direct and quantitative measure of solvation
strength, linking �τ to ionic conductivity and weak solvation, and
offering amolecular-level understanding of ion transportmechanisms.
The coordination dynamics framework supports the design of weakly
solvated electrolytes by identifying solvent-salt combinations that
enhance electrochemical performance. By integrating property com-
putations with coordination dynamics analysis, the uMLP would sig-
nificantly accelerate the preliminary screening of electrolyte
candidates, minimizing time and computational resources. This com-
prehensive approach facilitates the rapid identification of promising
electrolytes, bridges macroscopic properties with molecular
mechanisms, and offers invaluable guidance for experimental devel-
opment and optimization.

Methods
DFT calculations
DFT calculations are carried out using the freely available CP2K/
QUICKSTEP package105. The density functional calculations were per-
formed using a hybrid Gaussian plane wave approach. The cutoff
energy for the plane wave density at the finest grid level was set to 900
Ry for electrolytes containing Li+, Na+, and K+, while higher cutoff
energies were used for divalent ions: 2300 Ry for Mg2+, 1900 Ry for
Ca2+, and 1600 Ry for Zn2+. During the iterative training, DFT calcula-
tions are performed with the Perdew-Burke-Ernzerhof (PBE)
functional73 for exchange correlation approximation and Grimme D374

method for van der Waals correction (PBE-D3). The core electrons are
treated with Goedecker-Teter-Hutter (GTH) pseudopotentials106,107.
And the molecularly optimised basis set (BASIS_MOLOPT) with short-
ranged double-ζ basis with a set of polarization functions (DZVP-
MOLOPT-SR-GTH) together with GTH pseudopotentials is used with
PBE-D3108.

Training MLP
Initial atomic configurations were generated using the PACKMOL
software109, with corresponding OPLS/AA force field parameters110

derived via LigParGen111. input files for Classical Molecular Dynamics
(CMD)were subsequently prepared using FFTOOL112. CMD simulations
were then performed to obtain pre-equilibrated structures for the
electrolyte systems. Following equilibration, a universal MLP (uMLP)
was constructed using a concurrent learning scheme involving four
iterative stages: training, exploration, screening, and labeling113. In the
training phase, four DeepPot-SE models52,114 were initialized with dif-
ferent random seeds. The neural network architecture employed an

embedding net of size [25, 50, 100] and a fitting net of [240, 240, 240].
A radial cutoff of 6.0 Å was applied, with a smoothing function intro-
duced between 0.5 and 6.0 Å to ensure continuity. The models were
trained for 4 × 105 steps, during which the learning rate underwent an
exponential decay from an initial value of 1.0 × 10−3 to a final value of
1.8 × 10−8. For the exploration step, one of the four trained MLPs was
utilized to drive the MD simulations. To enhance the sampling of
configurational space, simulations were conducted under both NVT
andNpTensembles. The temperature rangewas set to 300–800K, and
for NpT simulations, the pressure ranged from 1 to 100 bar. Tem-
perature and pressure were regulated using the Nose-Hoover ther-
mostat and Parinello-Rahman barostat, respectively, with damping
parameters set to 50 fs for temperature and 500 fs for pressure. During
the screening phase, the maximum standard deviation of atomic for-
ces predicted by the four models, denoted as the model deviation57,
was calculated to assess prediction accuracy. Structures with a model
deviation falling within the interval [0.40, 0.80] eV/Åwere classified as
“decent" candidates. These configurations were further filtered using
clustering analysis to minimize redundancy. Finally, in the labeling
step, the selected structures underwent DFT calculations to determine
ground-truth potential energies, atomic forces, and virial
tensors25,75,115,116, which were then added to the training dataset. Upon
completion of the iterative cycles, the final production MLPs were
trained on the comprehensive dataset for 4,000,000 steps.

Molecular dynamics
MLMD simulations are carried with the Large-scale Atomic/Molecular
Massively Parallel Simulator (LAMMPS) package117. NpT ensemble is
applied to densities of electrolytes under different temperatures. The
time step is set to 0.5 fs and the pressure is set to 1 bar. The NpT
ensembles are used with the Nose-Hoover thermostat for temperature
controlling and Parinello-Rahman barostat for pressure controlling,
and the temperature and stress damping parameter are set to 50 fs and
500 fs, respectively. Then, over 5 ns MLMD simulations are run with
NVT ensemble to compute viscosity, conductivity under different
temperatures. The NVT ensembles are used with the Nose-Hoover
thermostat for temperature controlling and the temperature damping
parameter are set to 50 fs. On a single NVIDIA A100 GPU, our model
achieves an efficient simulation rate of 240.142 katom-step/s (kilo-
atom-steps per second), making it well-suited for large-scale MLMD
simulations.

Data availability
The training datasets and universal machine learning potential gen-
erated in this study have been deposited in the AI4EC repository under
accession code https://doi.org/10.12463/AI4EC/QZCYP1118. Source data
are provided with this paper. For trial use of uMLP for electrolytes,
please refer to the op-elyte emulator app at https://ai4ec.ac.cn/apps/
op-elyte-emulator. In this web app, the structure, corresponding
potential energies, atomic forces, and virial tensors are provided for
each simulation, allowing for accuracy testing. Source data are pro-
vided with this paper.

Code availability
The machine learning molecular dynamics simulations and workflow
management were performed using open-source software packages,
including ai2-kit68, DeePMD-kit119, LAMMPS120 and CP2K105. The specific
input configuration files, parameter sets, and scripts required to
reproduce the reported results are available at reference121 under the
GNU General Public License.
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