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1. Introduction
Accurate prediction of ionic conductivity is essen-

tial for the design of high-performance solid elec-
trolytes in energy storage applications. In this work,
we aim to benchmark various molecular dynamics
(MD) approaches to calculate ionic conductivity in
21 solid-state lithium electrolytes for which exper-
imental ionic conductivity has been previously re-
ported in the literature. The simulations will use
forces derived from density functional theory (DFT),
universal machine learning interatomic potentials
(uMLIPs), or uMLIPs fine-tuned on DFT data. uM-
LIPs are state-of-the-art for enabling large-scale MD
simulations, but it remains unclear how accurately
MD simulations driven by uMLIPs reproduce emer-
gent transport properties such as ionic conductivity.
This motivates a systematic benchmarking against
ab initio molecular dynamics. We will examine the
impact of different parameters on conductivity cal-
culations, comparing direct room-temperature simu-
lations with Arrhenius extrapolation, as well as the
effect of defects. While the present results in the ab-
stract focus on simulations using a MACE [1] uMLIP,
the full framework, to be explored in future work, is
designed for consistent comparisons across all meth-
ods. Our results will highlight the trade-offs between
computational efficiency and accuracy across these
methods, offering insights for future simulations of
lithium solid-state electrolytes. Beyond this specific
application, they shall offer a way to quantify the per-
formance of uMLIPs and their fine tuning strategies
on long-time-scale diffusion simulations involving
many atoms.

1.1 Related work
High-throughput and machine-learning-based ap-

proaches are now central to the discovery of solid
ionic conductors. Early screening frameworks relied
onworkflows based on physics andmolecular dynam-
ics to estimate lithium diffusion across large materi-
als databases [2]. Machine learning was subsequently
introduced as a data-driven pre-screening tool to pri-
oritize promising Li-ion conductors and reduce the
cost of first-principles simulations [3], and later com-
bined with cloud high-performance computing to en-
able screening of tens of millions of candidates with
experimental validation of selected solid electrolytes
[4]. More recently, machine-learned interatomic po-
tentials have beenused tomodel ion diffusion directly

through MD in representative electrolytes [5], while
other studies have leveraged uMLIPs or MLmodels
to infer transport trends [6] or predict migration bar-
riers [7], without running MD. Generative modeling
has also been used to accelerate MD simulations in
Lithium solid electrolytes [8].

1.2 Contributions
Although the above-mentioned works share con-

ceptual overlap with the present study, our approach
introduces three key contributions:

1. A consistent dataset: We consider a relatively
large set of materials for which ionic conduc-
tivities have been experimentally measured, en-
abling a direct and systematic comparison be-
tween simulations and experiment.

2. A unified procedureWe propose a unified pro-
cedure for ionic conductivity estimation that
standardizes parameter choices and uncertainty
quantification, providing a statistically meaning-
ful basis for data-driven comparison acrossmeth-
ods.

3. A comparison of multiple simulation ap-
proaches:Within this dataset, we assess the per-
formance of several simulation methods—ab ini-
tio molecular dynamics as well as both general
and fine-tuned uMLIPs—and how they compare
to experiment using an identical simulation pro-
tocol.

2. Methods
2.1 Ionic Conductivity from Molecular Dynamics Simu-

lations
Room temperature ionic conductivity 𝜎 is a key

property that characterizes ion transport in solid state
materials. One approach to extract 𝜎 is to useMD sim-
ulations, which track the time evolution of atoms in
a material based on Newton’s equations of motion.
These simulations allow the study of ionic diffusion
at finite temperatures by modeling atomic interac-
tions through different levels of theory, DFT, empiri-
cal potentials, or uMLIPs. After performing an MD
simulation, the self diffusion coefficient 𝐷 for mobile
ions (in this case, lithium ions) is obtained using the
Einstein relation

𝐷 = lim
𝑡→∞

MSD(𝑡)
2𝑑 𝑡

(1)
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where 𝑑 = 3 is the system’s dimensionality and
MSD(𝑡) is the per ion mean square displacement at
time 𝑡 . In practice, 𝐷 is calculated from the slope of
the MSD(𝑡) plot over a finite time window. Once 𝐷 is
determined, the ionic conductivity 𝜎 is obtained via
the Nernst-Einstein relation

𝜎 (𝑇 ) = 𝑁𝑞2𝐷 (𝑇 )
𝑉𝑘𝐵𝑇

, (2)

where 𝑁 is the total number of lithium ions, 𝑞 is the
charge of the diffusing ion,𝑉 is the cell volume, 𝑘𝐵 is
the Boltzmann constant and𝑇 is the temperature. Be-
cause room-temperature ionic conductivity requires
long MD timescales, which are computationally pro-
hibitive, especially for ab initio MD (AIMD), simula-
tions are instead performed at higher temperatures.
The diffusion coefficients extracted at these tempera-
tures are used to fit the Arrhenius equation:

𝐷 (𝑇 ) = 𝐷0 exp
(
− 𝐸𝑎

𝑘𝐵𝑇

)
, (3)

where 𝐸𝑎 is the activation energy. This relation is then
extrapolated to estimate the conductivity at room tem-
perature. Despite the widespread use of the Arrhe-
nius fitting, strict Arrhenius behavior is not universal
and deviations have been observed [9].

2.2 Materials and parameters choice
A set of 21 materials covering a wide range of

ionic conductivities were selected from the OBELiX
database [10], a collection of synthesized solid elec-
trolytes and their experimentally measured room-
temperature conductivities compiled from the litera-
ture. Further details are provided in Appendix A.
We considered three classes of force calculators:

fully ab initio calculations, uMLIPs, and uMLIPs fine-
tuned onDFT data. In the presentwork, we focus on a
single uMLIP, namely the MACE model [1], using the
medium-mpa-0 checkpoint. We are currently working
on extending this benchmark to other uMLIPs.
In our procedure,MD simulationswere performed

on supercells with minimum dimensions of 10Å ×
10Å×10Å 1. From these simulations, for eachmaterial,
we obtained the diffusion coefficient 𝐷 at 5 different
temperatures that we then used to fit (3) and obtain
the extrapolated room temperature diffusion coeffi-
cient 𝐷 (𝑇 = 300K). Simulations were carried out at
temperatures ranging from 800 to 1200 K in 100 K in-
crements in the NVT ensemble using a Nosé–Hoover
thermostat and a time step of 2 fs. Each MD trajec-
torywas 100 ps long, with the first 5 ps discarded prior
to diffusion analysis. MD simulations using MACE
models were carried out with the Atomic Simulation
Environment (ASE) [11]. AIMD and finetuning results
are not presented in this abstract, as they are part
of ongoing work. The parameters planned for these
simulations are detailed in Appendix B.
Uncertainty estimation for diffusion coefficients

was carried out using the Kinisi-2.0.1 package
1Exceptions were made for AIMD simulations. See Appendix B.
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Fig. 1: Parity plot comparing computed ionic conduc-
tivity using theMACE foundationmodel with exper-
imental values reported in [10]. The size of the cir-
cles reflect the number of simulations that reached
at least MSD = 20 Å2.

[12, 13]. In this framework, ionic diffusion is statis-
tically analyzed by modeling atomic displacements
over time and propagating their uncertainties to ob-
tain confidence intervals on the diffusion coefficient.
The parameters used in the documentation examples
were used throughout and no ablation study was con-
ducted to assess sensitivity to these settings.
For each material, as a measure of reliability, we

also report how many of the five simulations (one for
each temperature) had at least some ionic movement
(MSD = 20 Å2).

3. Preliminary results
In this section, we present preliminary results for

the analysis discussed above. Figure 1 shows a par-
ity plot of the predicted ionic conductivity using the
MACE foundation model versus the experimental val-
ues reported in [10]. The materials are labeled with
their corresponding names in OBELiX. The chemical
formulas are given in Appendix A. We are currently
working on similar plots for the other calculators.
The figure also shows howmany of the 5 MD sim-

ulations had MSD above threshold for each material.
We observe that the five materials passing all checks
have predicted conductivities close to the experimen-
tal values. Somematerials, namelyfft (𝛽-Li3N) and rr5
(LiTi2(PO4)3), which are known to exhibit high diffu-
sion experimentally, show little diffusion in our sim-
ulations. We anticipate that a diffusion mechanism
mediated by a small concentration of defects—either
not significant enough to be reported in experiments
or not directlymeasurable—is necessary for diffusion
in these cases. Future work will extend this analysis.
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Appendix A. Materials Selection

As mentioned before, the materials were selected
from the OBELiX database [10]. As a first filter, only
materials with fully occupied sites were considered
to avoid complexities related to partial occupancies.
For this subset, the range of ionic conductivities was
divided on a logarithmic scale into 20 equal bins,
from 𝜎 = 10−7 mS/cm2 to the highest measured
value in the dataset, 25 mS/cm2. Two bins were
empty, and onematerial was randomly selected from
each of the remaining 18 bins. To include poorly
conducting materials, the lower conductivity range,
𝜎 = 10−15–10−7 mS/cm2, was further divided into four
equal bins, from which one material per bin was se-
lected, resulting in a total of 22 materials. MD simula-
tions using the MACE uMLIP failed for LiClC3H7NO,
and therefore this material was excluded from fur-
ther analysis. This procedure resulted in a total of 21
materials. Table A1 gives the chemical formulas of
the selected materials.

Table A1: Selected materials and their chemical for-
mulas.

OBELiX ID Reduced chemical formula
qa9 Li3BN2
t0h Li2ZrO3
ur9 LiZr2(PO4)3
uu4 LiVO3
9zk Li5GaO4
bv2 LiYO2
x2i LiBiO2
5bz Li3BN2
joc Li3PS4
ipo Li7La3Hf2O12
wyu Li7La3Zr2O12
be9 LiGaBr4
2uv Li4SnSe4
rr5 LiTi2(PO4)3
goi LiClC3H7NO
fft 𝛽-Li3N
gvd 𝛼-Li3N
mdp Li7P3S11
dth Li4GeO4
clt Li6CuB4O10
47i Li4P2O7
kfp Li2BaP2O7

Appendix B. AIMD and Finetuning Parameters

AIMD simulations were performed using the Vienna
Ab initio Simulation Package (VASP) [14, 15, 16, 17],

employing a minimal Γ-centered 1× 1× 1 𝑘-point grid
to reduce computational cost and an energy cutoff
of 520 eV. Regarding the supercell size, exceptions to
minimumdimensions of 10Å×10Å×10Åweremade for
AIMD simulations of materials Li5GaO4, LiTi2(PO4)3,
and LiZr2(PO4)3, for which only primitive cells were
used to keep the number of atoms computationally
feasible, and for Li6CuB4O10, where one lattice dimen-
sion was not expanded beyond 10 Å. In all cases, the
remaining dimensions were at least 8 Å.
Fine-tuning of the MACE model was performed

using configurations sampled fromMD trajectories
generated with the foundation model. For each ma-
terial, 50 structures were uniformly selected from
each of five MD runs, yielding a total of 250 config-
urations. Single-point DFT calculations were then
performed on these configurations to obtain ener-
gies and forces, which were used to fine-tune the uM-
LIP. All fine-tuning hyperparameters followed the
MACE tutorial recommendations and examples, and
no additional hyperparameter optimization was per-
formed.
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