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Benchmarking machine learning models
for predicting lithium ion migration
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The development of fast ionic conductors to improve the performance of electrochemical devices
relies on expensive high-throughput (HT) density functional theory (DFT) calculations of transport
properties. Machine learning (ML) can accelerate HT workflows but requires high-quality data to
ensure accurate predictions from trainedmodels. In this study, we introduce the LiTraj dataset, which
comprises 13,000 percolation and 122,000 migration barriers, and 1700 migration trajectories,
calculated for Li-ion in diverse crystal structures using empirical force fields and DFT, respectively.
With LiTraj, we demonstrate that classicalMLmodels and graph neural networks (GNNs) for structure-
to-property prediction of percolation andmigration barriers can distinguish between “fast” and “poor”
ionic conductors. Furthermore, we evaluate the capability of GNN-based universal ML interatomic
potentials (uMLIPs) to identify optimal Li-ion migration trajectories. Fine-tuned uMLIPs achieve near-
DFT accuracy in predicting migration barriers, significantly accelerating HT screenings of new ionic
conductors.

Li-ion conductors are used in a wide range of electrochemical devices,
including batteries1, sensors2, memristors3, and synaptic transistors4.
Improving the energy density, charge rate, and stability of a solid-state
battery, the response time of a sensor, or the switching time of a memristor
canbe achievedby innovations in the architecture of devices and/ormaterial
components3. Thus, understandingof ionic transportmechanisms and their
characteristics is essential for designing advanced ionic conductors.

Ionic conductivity corresponds to the processes of mobile ions trans-
port and, as a consequence, charge transport. This process can be char-
acterized by the migration barrier (Em), a key factor governing ionic
transport, which corresponds to the energy required for an ion to pass
through a transition (intermediate) state between two stable sites in the
crystal lattice5.

In the last fewdecades, density functional theory (DFT)hasbecome the
main workhorse in computational materials science6. This approach to
atomistic modeling is routinely used to study ionic conductors and accel-
erate the development of the materials with improved ionic mobility,
moving away from inefficient trial-and-error approaches. In particular, the
method is widely used for modeling battery materials7 including intercala-
tion electrodes8–12, solid electrolytes5,13–15, and coatingmaterials16,17. A typical
DFT study of an ionic conductor involves expensive calculations of Emwith
nudged elastic band (NEB) method18, which allows evaluating the energy
profile of a mobile ion migration. Alternatively, ab initio molecular
dynamics (AIMD), which additionally takes into account lattice dynamics

effects at finite temperature, can be used for direct evaluation of ionic
mobility7.

Each approach has its own limitations. DFT-NEB converges slowly if
the initial trajectory is poorly chosen or may even converge to a wrong
pathway19, andmust be performed for numerous ionic hops to construct the
percolating network that representsmacroscopic diffusion. Also, DFT-NEB
tends to underestimate Em by 0.1–0.3 eV, as the effects of lattice dynamics
are not included20. A comprehensive benchmark of DFT-NEB accuracy in
calculating migration barriers with different exchange-correlation (XC)
functionals compared to experimental data was conducted by Devi et al.,
who demonstrated that the error can reach up to 0.3 eV21.

On the other hand, AIMD does not require prior knowledge of
migration pathways, offers more insights into diffusion mechanisms and
correlation effects, and generally predicts Em values that are closer to
experiment due to more realistic modeling conditions20. However, AIMD
simulations are more computationally demanding7 and are typically per-
formed for systems containing a few hundred atoms over sub-nanosecond
timescales. This limitation impacts the accuracy of the extracted properties
due to the finite-size effects22 and the limited number of diffusion events
captured23.

Given the high computational cost ofDFT, the research effort has been
focused on developing approximatemodels for accelerated discovery of fast
ionic conductors in a high-throughput (HT) manner. For example, Kahle
et al. introduced the “pinball” model, which reduces the cost of AIMD
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diffusion study by keeping the host lattice “frozen”24. This model was sub-
sequently applied to screen Li-ion conductors25. Rong et al. invented an
efficient algorithm for finding the optimalmigration trajectory using a DFT
charge density static potential26. Themethodwas later used by Rutt et al. for
screeningMg-ion conductors27. Finally,Adams et al. developedanempirical
force field, the Bond Valence Site Energy (BVSE) method28, for calculating
the minimum energy barrier required for an ion to percolate through the
host framework, known as the percolation barrier. This characteristic cor-
relates well with DFT-derived and experimentally measured energy
barriers29 establishing it as a viable tool for rapid screening of ionic
conductors30–32.

With the growing volume of experimentally and theoretically derived
materials33–36, driven by advances in tools for predicting new structures37–40,
the task of tuning the ionic conductivity through doping15,41 and performing
HT calculations of ionic transport properties demand substantial time and
computational resources. In this context, the development of fast and
accurate machine learning (ML) models will allow replacing conventional
techniques for calculating transport properties in a HT manner.

Various data-driven solutions have already been applied to predict the
properties of ionic conductors, leveraging both experimental and theoreti-
cally calculated data through developing crystal structure descriptors and
using deep neural networks and classical ML models42–44. In the case of
neural networks, a large amount of data is needed for training the model
effectively, whereas classical ML models require less data but necessitate
careful development of features tailored to a specific task45. The develop-
ment of ML models for structure-to-property prediction of a mobile ion
energy barrier has been actively pursued in recent years, albeit with several
caveats. First, most of the datasets used to develop the models have been
generated using the empirical BVSE method46,47, while the DFT-derived
data is lacking. Second, numerous studies have focusedon specific structural
types, such as NASICONs and argyrodites48, or a limited range of chemical
compositions including Li-Zn-X-O49, K-Fe-Ti-O50, LiMPO4X

51). Third,
relatively small datasets with limited ranges of calculatedmigration barriers
have been utilized. However, the overarching question of whether it is
possible to develop a model capable of predicting Li-ion migration barriers
for any material with DFT-level accuracy remains largely unanswered.

The development of interatomic ML potentials has been a major
breakthrough in modeling ionic conductors52–54, which are reported to
achieveDFT-level accuracy in predictingEm and ionic conductivity atmuch
lower computational cost. Despite their accuracy and efficiency, these
potentials are typically tailored to specific chemistries and are not suitable
for HT exploration across diverse chemical spaces. As a solution, current
research focuses on developing universal machine learning interatomic
potentials (uMLIPs). State-of-the-art uMLIPs, such as M3GNet55,
CHGNet56, SevenNet57, and MACE58, represent graph neural networks
(GNNs)59 trained on the Materials project’s (MP) data33 spanning a wide
range of chemical compositions. The authors assert that these uMLIPs can
be applied to downstream tasks, such asmodeling adsorption and diffusion
processes, potentially accelerating the discovery of novel materials with
superior properties. However, despite their application to model Li-ion
diffusion60, no benchmark scheme has yet been proposed to assess their
robustness and accuracy in predicting Li-ion transport properties across the
entire periodic table.

The main objective of our work is to evaluate the accuracy and
applicability of existing ML models for HT screening of Li-ion conductors.
For this purpose, we collect the LiTraj dataset, which consists of four parts,
namely BVEL13k, nebBVSE122k, nebDFT2k, and MPLiTrj datasets. The
BVEL13k dataset is designed with the purpose of benchmarking classical
ML models and GNNs in structure-to-property prediction of Li-ion per-
colation barrier derived with BVSEmethod.We use the nebBVSE122k and
nebDFT2k datasets to evaluate surrogate models for structure-to-property
prediction of Li-ionmigration barrier calculated at the BVSE andDFT level
of theory, respectively. Finally, with the nebDFT2k and MPLiTrj datasets,
we evaluate the ability of uMLIPs to reproduce the optimal Li-ionmigration
trajectory and corresponding energetics predicted by DFT-NEB.

Results
Percolation barrier prediction with the BVEL13k dataset
In this section, we benchmark classical ML and GNNmodels for structure-
to-property prediction using the BVEL13k dataset. The BVEL13k dataset
comprises12,807Li-ion1D, 2D, and3Dpercolationbarriers (E1D

a ,E2D
a ,E3D

a )
calculated for Li-containing crystal structures retrieved from the MP
database33. The dataset overview is given in Fig. 1a–d.

The percolation barrier, calculated using the BVSE force fields,
represents the minimal energy barriers required for infinite diffusion
through the crystal. To evaluate this value, a single Li-ion is iteratively placed
at each point of a grid spanning the unit cell of the host framework. The
corresponding Li-ion energy is evaluated using BVSE. The resulting spatial
energy distribution is analyzed to identify the percolating regions (Fig. 1c, d)
and the corresponding percolation barriers.

We train random forest (RF), extreme gradient boosted RF (XGBRF),
k-nearest neighbor (KNN), kernel ridge (KR), and support vector machine
(SVR) regression models on the calculated percolation barriers. To employ
the models, we perform a Voronoi partitioning of the crystal structure and
use aggregated values of geometric and elemental characteristics over
equilibriumLi sublattice and over approximate Li transition states. This is in
accordance with the previously reported studies on the correlation between
the mobile ion energy barrier and crystal structure attributes43,47,49,61,62. The
full list of the features designed for predicting percolation and migration
barriers along with detailed description of them is given in Supplementary
Section S1 of the Supplementary Information (SI). In addition,weutilize the
Matminer’s63 general purpose featurization scheme developed by Ward
et al.64.

Among the GNNs, we train three structure-to-property prediction
models, namely Nequip65, Allegro66, and M3GNet55.

The performance metrics calculated for the test subset of BVEL13k
data are shown in Table 1. According to the results, the proposed featur-
ization scheme performs better than that of Matminer for 1D and 2D
percolation for most of the models tested. On contrary, the 3D barriers are
better predicted with the XGBRF model trained on the Matminer-derived
descriptors. Combining two feature sets provides no significant improve-
ment in quality of target predictions (see Supplementary Table S3 of the SI),
whereas the computational complexity becomes much higher due to the
larger number of features being computed and used within the fit.

The group of GNN models shows better performance. Interestingly,
theM3GNetmodel with approximately 0.3million parameters performs as
well as Nequip with 2 million parameters in predicting 1D percolation
barriers. Considering a smallerNequip version, which is about the same size
as M3GNet, we obtain the prediction quality that is worse compared to
classical ML models trained on the developed feature set. Regardless of the
trained model, mean absolute error (MAE) and root mean squared error
(RMSE) tend to increase with the dimensionality of the percolation map,
which can be due to the increase in variance of the target property and its
range for higher dimensionalities (Fig. 1b, e). In any case, the GNNmodels
performmuch better compared to the classicalMLmodels in predicting 2D
and 3D percolation barriers.

We determine the impact of each descriptor on the model prediction
for 1D barrier using the impurity-based feature importance method.
According to this, the fraction of the covalent free space in the structure has
the highest impact on the RF model (Fig. 1f). The average volume of the
Voronoi polyhedra constructed around the Li sites within the anion sub-
lattice, the effective coordinationnumber of Li, the average oxidation state of
the Li-ion nearest anion neighbors, the average volume of Voronoi poly-
hedra constructed around approximate transition states, and volume per
atom of the host structure are in top 7 most important features.

We use theKNN regressor for forward feature selection to estimate the
optimal number of features required for fast and accurate predictions.
According to the results, the optimal number of crystal structure descriptors
for predicting the 1D percolation barrier with the KNN regressor is 30-35,
since the negative mean squared error of prediction converges within this
range of feature numbers (Fig. 1g). The model refitted on this subset is
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slightly better (MAE= 0.14 eV, RMSE=0.27 eV,R2 = 0.82) compared to the
KNN regressor trained on the full set of features.

Migration barrier prediction with nebBVSE122k and nebDFT2k
datasets
In this section, we benchmark theMLmodels for the structure-to-property
prediction of the Li-ionmigration barrier, Em, using the nebBVSE122k and
nebDFT2k datasets.

The nebBVSE122k dataset represents energy barriers, obtained by the
BVSE-NEBoptimization of the linearly interpolatedmigration trajectory of
Li vacancy from i-th starting to j-th final position (Fig. 2a–c). Overall, there
are 122,421 barriers calculated for 11,290 distinct structures representing a
subset of the crystal structure from the BVEL13k dataset. We use the
nebBVSE122k data to sample Li-ion migration trajectories in a stratified
manner for furtherDFT-NEB optimization. The resulting 1681 BVSE-NEB
and DFT-NEB optimized trajectories obtained for 876 distinct crystal
structures and 45 chemical elements form the nebDFT2k dataset. Fig. 2d
shows the Em distribution in the nebBVSE122k and nebDFT2k datasets.

Apparently, the target property considered in these datasets is an
attribute of the edge, eij, connecting the i-th initial and j-th final positions of
the migrating ion (vacancy). Therefore, we use the Voronoi-tessellation-
derived descriptors associated with this edge to develop models. In the case
of GNNs, we modify the input crystal structures by introducing a dummy
element ’X’ at themidpoint (centroid) of the eij edge, enabling themodels to
focus on the vicinity of a specific Li-ion migration pathway (Fig. 2g).

The benchmarking results of the selected ML models on the nebBV-
SE122k and nebDFT2k datasets are presented in Tables 2 and 3,
respectively.

In the case of classical models, the RF and XGBRF models provide
more robust predictions compared to theKNNmodel.The strongest impact
on predictions of both the XGBRF and RF models is from the minimum
volume of the Voronoi polyhedra among the starting, final, and midpoint
sites (Fig. 2i).

According to the scores obtained, the GNN models possess better
performance in predicting the BVSE-NEB calculated migration barrier
compared to that of the classical models, with M3GNet being the most
accurate model (MAE = 0.21 eV, R2 = 0.95).

To identify the graph edges that have the greatest impact on theGNNs’
predictions, we explore embeddings and weights at the last layer of Allegro.
We find that 98% of the graph edges with the largest weights in the graph
represent the edges connected to the centroid. In addition to this,weobserve
a negative non-linear correlation between the weights of these graph edges
and their lengths in the crystal structures (Fig. 2f).

Since the migration barriers from the nebBVSE122k and nebDFT2k
datasets represent the same property, but computed with two different
solvers: the faster but less accurate empirical force field and the more
computationally expensive but more accurate DFT, we explore potential
gain from the transfer learning (TL) approach.Within theTL paradigm, the
weights of the GNN model trained on the BVSE-NEB data (pre-trained
model) are used as a starting point for the subsequentfine-tuning themodel

Fig. 1 | An overview of the BVEL13k dataset and results of benchmarking the
selected models for predicting Li-ion 1,2, and 3D percolation barriers. a The
counter of the chemical elements present in the collected crystal structures, b The
distribution of the Li-ion 1, 2, and 3D percolation barriers in the BVEL13k dataset,
c An exemplary Li-containing structure (mp-2878) and d corresponding Li-ion
percolation (diffusion) map calculated using the BVSE method, e Parity plot for the

prediction of the 1, 2, and 3D percolation barriers from the test data using the most
accurate GNN models, f The top7 most important features for predicting 1D per-
colation barrier according to the impurity-based method, g The negative mean
squared error (MSE) of predicting 1D percolation barrier vs. number of features
selected by the forward feature selection method with the KNN regression model.
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on the DFT-NEB data. In turn, for the classical models, we include the
BVSE-NEB calculated barrier as a feature for predicting the DFT-NEB
barriers. We observe that TL as well as the inclusion of the target calculated
with a simpler level of theory improve the quality of the predictions. The
M3GNet model trained starting from randomly initialized weights has the
lowest accuracyamong themodels built,while theRFmodelwith theBVSE-

NEB barrier included as an additional feature yields the best accuracy in
predicting the DFT-NEB barrier (MAE = 0.25 eV, R2 = 0.80).

Benchmarking universal interatomic potentials with the
nebDFT2k and MPLiTrj datasets
In this section, we use the nebDFT2k and MPLiTrj datasets to evaluate the
ability of uMLIPs, specifically M3GNet55, CHGNet56, SevenNet57, and
MACE-MP-058 (MACE, for a shorter notation), topredictminimumenergy
Li-ion pathway and corresponding energetics. The MPLiTrj dataset con-
tains 929,066 configurations with calculated energies, forces, and stress
tensors, obtained during the DFT-NEB optimization of 2698 migration
trajectories corresponding to 1269 crystal structures.We use a subset of this
data for validating andfine-tuninguMLIPs (see the “Fine-tuning” Sectionof
Methods).

We utilize the uMLIPs trained on theMP data. However, our datasets
are computedusing adifferent computational scheme than that usedbyMP.
We employ the PBE (XC) functional without spin polarization, while MP
uses spin polarization and Hubbard DFT+U corrections for d-orbital
electrons of transition metals (TMs). Devi et al.21 showed that applying
Hubbard U corrections to the PBE XC functional can increase the Li-ion
migration barrier by several hundred meV for TM-containing systems. To
account for this effect, we split the nebDFT2k dataset into two parts – with
(“with TM”) andwithout (“w/o TM”) TM systems – for further benchmark
of uMLIPs.We also include the BVSE-NEB trajectory optimization results,
since this method can be considered as a universal, although empirical,
interatomic pair potential.

Figure 3 shows the distributions of migration barrier prediction errors
for themodels benchmarked.All uMLIPs showmuchbetter perfomance for
the “w/o TM” part of the data compared to the “with TM” part. TheMACE
and SevenNetmodels have fairly close accuracies in predictingEm (MAEs of
0.07–0.08 and 0.20–0.21 eV for “w/o TM” and “with TM” data splits,
respectively). Compared to SevenNet, the error distribution obtained for the
MACE model is centered closer to 0. We observe a significant under-
estimationofEmby theCHGNet andM3GNetmodels. TheM3GNetmodel
has themost pronounced underestimations, resulting in highMAEs of 0.32
and0.43 eV for the “w/oTM” and “withTM”parts, respectively. In contrast,
the BVSE-based model greatly overestimates the migration barriers, which
is due to the fixed geometry of the host framework during the Li-ion
migration trajectory optimization. The calculated performance metrics for
the models under consideration are shown in Table 4.

To elucidate the reasons for the much worse uMLIP performance for
the “with TM” part compared to “w/o TM”, we predict forces and energies
for the stratified subsample of the test split of the MPLiTrj dataset (see the
“Fine-tuning” section of Methods). The results clearly show that uMLIPs
completely fail to predict forces for the TM subset (force RMSE of 0.4-0.5
eV/Å, and Pearson correlation coefficient, Rp, of 0.20–0.24, see Supple-
mentary Table S7, Supplementary Figs. S2-5 of the SI). Obviously, any
potentials fitted to the MP data, which are derived using PBE+U, cannot
accurately predict forces for the data calculatedwith just PBE.Moreover, the
DFT+U corrections and spin polarization, which are not included in our
calculation scheme, affect the equilibrium bond length explaining dis-
crepancies in the minimum energy path prediction. Meanwhile, the force
prediction error for the “w/oTM”part is alsohigh (RMSE=0.12–0.17 eV/Å,
Rp = 0.68–0.76 (see Table 7, Supplementary Figs. S2–5 of the SI)

Next, we fine-tune the MACE-MP and SevenNet models on a sub-
sample of the MPLiTrj training data split (see the “Fine-tuning” section of
Methods, and Supplementary Section S2 of SI). The comparison of the
accuracy metrics for the pre-trained and fine-tuned models is given in
Table 5. It is worth noting that we compute the performancemetrics for all
trajectories from the nebDFT2kdataset regardless of the data split (training/
validation/test). It is done from the perspective of solving the downstream
task of optimizing the trajectory as a key target, rather than predicting forces
and energies. The scores for the test split of the nebDFT2kdataset is given in
Supplementary Table S7 of the SI.

Table 1 | The results of benchmarking of the selectedmachine
learningmodels forpredicting1-, 2- and3Dpercolationbarrier

Target Model MAE, eV RMSE, eV R2

E1D
a

Allegro 0.12 0.21 0.89

M3GNet 0.12 0.22 0.88

Nequip 0.12 0.22 0.88

SVR-v 0.14 0.23 0.87

KRR-v 0.16 0.24 0.86

RF-v 0.15 0.26 0.83

XGBRF-v 0.14 0.27 0.83

RF-w 0.16 0.28 0.80

XGBRF-w 0.15 0.28 0.81

KNN-v 0.14 0.28 0.81

Nequip-s 0.18 0.28 0.80

KRR-w 0.20 0.32 0.75

SVR-w 0.18 0.32 0.75

KNN-w 0.19 0.36 0.67

E2D
a

Allegro 0.12 0.22 0.93

M3GNet 0.16 0.26 0.90

Nequip 0.16 0.28 0.89

XGBRF-v 0.18 0.33 0.85

RF-v 0.19 0.33 0.84

KRR-v 0.21 0.34 0.84

XGBRF-w 0.19 0.34 0.84

RF-w 0.20 0.34 0.84

SVR-v 0.19 0.34 0.84

KNN-v 0.19 0.38 0.80

KRR-w 0.25 0.40 0.78

SVR-w 0.24 0.40 0.77

KNN-w 0.25 0.43 0.74

E3D
a

Nequip 0.26 0.49 0.95

Allegro 0.27 0.50 0.95

M3GNet 0.36 0.77 0.87

XGBRF-w 0.44 0.88 0.84

RF-w 0.48 0.89 0.83

RF-v 0.51 0.93 0.82

XGBRF-v 0.49 0.95 0.81

KRR-v 0.60 0.97 0.80

SVR-v 0.52 0.99 0.79

KNN-v 0.47 1.04 0.77

KRR-w 0.70 1.12 0.74

SVR-w 0.60 1.17 0.71

KNN-w 0.62 1.28 0.65

Themetrics are calculated for the test subsampleof theBVEL13kdataset. In themodel names, “−v”
and “−w” stand for our Voronoi-based and Ward et al.64 featurization schemes, respectively,
“Nequip-s” corresponds to the model with approximately 0.2 million parameters. Rows in the table
are sorted ascending by RMSE.
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Thefine-tuning significantly reduces errors of theEmprediction for the
TM subset. Thus, for the fine-tuned SevenNet (“SevenNet-ft”) model, the
lowest MAE of Em assessments of 0.11 eV is achieved. It also greatly
improves the accuracy of force and energy prediction for both parts of the
dataset (RMSE = 0.07 and 0.09 eV/Å, Rp = 0.91 and 0.94 for “w/o TM” and
“withTM”parts, respectively, for theSevenNet-ftmodel, see Supplementary
Table S7, Supplementary Figs. S6-7 of the SI). Along with this, the accuracy
of Em prediction of the fine-tuned MACE model on the “w/o TM” subset

becomes slightly worse (MAE = 0.07 and 0.10 eV for the pre-trained and
fine-tuned models, respectively). This observation may be attributed to a
poorly chosen fine-tuning protocol. Despite the improvement in average
accuracy, the fine-tuned models tend to underestimate Em, indicating a
slight softening of the potentials (Fig. 3a).

To show that improvement in accuracy is related not only to a better fit
to our computational scheme but to inclusion of the Li-ion transition states
and better sampling of the potential energy surface (PES), we fine-tune the
SevenNet model on the slice of the MPLiTrj dataset comprising the con-
figurations sampled when optimizing the vacancies (endpoints of the
migration trajectories). The results clearly indicate softening of the potential
obtained leading to the pronounced underestimation of Em (see Supple-
mentary Tables S7, 8, Supplementary Fig. S8–9 of the SI). We attribute the
strong softening of the “SevenNet-ft-vac”model due to the training onnear-
equilibrium geometries, which leads to the wrong prediction of the PES
curvature67.

We assess the ability of themodels to predict a correct geometry of the
migration pathway by calculating the path averaged MAE (PA-MAE, see
Methods for the details) of the trajectories optimizedwith surrogatemodels
with respect to theDFT-derived ones. The calculated distributions are given
in Supplementary Fig. S12 of the SI. The results indicate that the pre-trained
models have a larger error for the “with TM” data split compared to “w/o
TM” (0.09–0.10 vs. 0.02–0.03 Å, respectively) trajectories. Fine-tuning the

Fig. 2 | An overview of the nebBVSE122k and nebDFT2k datasets and results of
benchmarking the selectedmodels for structure-to-property prediction of Li-ion
migration barriers. a, b An illustrative example of linearly interpolated and BVSE-
NEB optimized Li-ion migration trajectory, respectively, and c corresponding
energy profile, d Distributions of the BVSE- and DFT-NEB calculated Li-ion
migration barriers, e Parity plot for the test data predictions obtained with the
M3GNet model trained on the nebBVSE122k, f The correlation between the weight
of the edge connected to the centroid and its length extracted from the last layer of
the Allegro model trained on the nebBVSE122k dataset, gAn illustrative example of

the structure with the centroid dummy element, h Parity plots for the test data
predictions obtained with the SVR model trained on the nebDFT2k datasets, i The
top-5 most important features according to the impurity-based method (f1 –
minimum volume of the Voronoi polyhedra constructed around the initial, final,
and centroid Li sites, f2 – edge length, f3 –maximum weighted average of oxidation
states of the nearest neighbors collected for initial, final, and centroid Li sites, f4 –
maximum volume of the Voronoi polyhedra constructed around the initial, final,
and centroid Li sites, f5 – minimal average covalent radius of nearest neighbors
collected for initial, final, and centroid sites.

Table 2 | The results of benchmarking the selected machine
learning models on the nebBVSE122k dataset

Models MAE, eV RMSE, eV R2

M3GNet 0.21 0.44 0.95

XGBRF 0.26 0.49 0.94

RF 0.26 0.50 0.94

Nequip 0.25 0.52 0.93

KNN 0.27 0.58 0.92

Allegro 0.38 0.65 0.89

The metrics are calculated for the test subsample. Structures for which we were not able to
construct descriptors using our feature extraction scheme have been discarded. Rows in the table
are sorted ascending by RMSE.
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MACE and SevenNet models improves the quality of geometry prediction
for both datasets, 0.02 Å and 0.03–0.04 Å for “w/o TM” and “with TM”,
respectively.

We observe the highest error in predicting the optimal trajectory for
the BVSEmodel (0.05 and 0.11Å for “w/o TM” and “with TM” data splits).
Within this approach, the host structure ions are fixed, which, generally,
leads to underestimations of average distances between the migrating ion
and its neighbors along the trajectory.

Practical application
In this section, we present an example of integrating uMLIPs into a scheme
forHT screening of Li-ion conductors.We search for cathode coatings (CC)
for the Li10GeP2S12 (LGPS) solid electrolyte (SE) material proposed for use
in Li-ion all-solid-state batteries68. In addition,wefix cathode activematerial
(CAM) to LiCoO2. The purpose of using the CC is to physically separate SE
and CAM to prevent SE decomposition under the battery operation
conditions.

Using the MP database, we collect Li-containing structures with a
bandgap larger than 4.0 eV and energies above the convex hull smaller than

0.05 eV/atom. The materials with electrochemically active elements were
discarded to exclude polaron migration mechanism of electron transport69.

Following the typical funnel approach, we reduce the candidate list to
stable materials within 3.0–4.5 V vs. Li/Li+ anode by calculating the elec-
trochemical stability window according to the methodology described in
refs. 70,71. Subsequently, the stability of the SE∣CC andCC∣CAM interfaces
is assessed according to the methodology proposed by Richards et al.70.

For the set of materials obtained, we calculate the Li-ion percolation
barriers using the SevenNet-ft model. It is worth noting that the term
“percolation barrier” used here is different from the one defined for the
BVEL method. Here we construct a percolating (periodic) graph on Li-Li
edges that are shorter than 6.0 Å and have the minimum distance to the
framework ions of longer than 0.5Å. Using SevenNet-ft, we computeEm for
Li vacancy migration corresponding to the symmetrically inequivalent
edges of the constructed graph and perform percolation analysis similar to
that of ref. 27. A complete list of the materials under consideration and
corresponding properties is given in the SI.

As a result, we identify potential coatings with Li-ion 3D percolation
barriers lower than 1.0 eV. The resulting phases include both
experimentally72 and theoretically studied ionic conductors73. For example,
Li3AlF6 (0.45 vs. 0.53 eV for SevenNet-ft and PBE, respectively73) and
Li3PO4 (0.64 vs 0.69 eV for SevenNet-ft and GGA, respectively)74,
Na3Li3Al2F12 (0.31 vs 0.34 for SevenNet-ft and PBE, respectively)75. Addi-
tionally, we predict several conductors for which the migration barriers are
not yet known, but they are shown to be good Li-ion conductors and/or
coatings, e.g. LiYF4

70,76 and Li2ZnCl4
77.

The energy barriers calculated using the SevenNet-ft model are in
reasonable agreementwith the reported data suggesting that uMLIPs can be
effectively incorporated in HT screening schemes.

Discussion
Both classical ML and GNN models have been used to predict Li-ion per-
colation barriers based on BVEL and variousML-generated data. However,
no comprehensive benchmark of their accuracy has been conducted to
date46,47,49. According to our benchmark, the GNN models show superior
prediction accuracy. The classical ML models trained on descriptors spe-
cifically designed for predicting the percolation barrier yield accuracies
comparable to those of the GNNmodels for the 1D percolation barrier, but
fall short in performance for higher-dimensional percolation. As a result,
GNN models appear to be a favorable strategy for pre-screening of “bad”/
“good” ionic conductors inaHTscheme.However, due to the relativelyhigh
RMSE(0.49 eV) in thepredictionof 3Dpercolationbarriers,we recommend
the direct use of the BVEL method for smaller datasets (~1000 structures),

Table 3 | The results of benchmarking the selected machine
learning models on the nebDFT2k dataset

Model MAE, eV RMSE, eV R2

RF-tl 0.25 0.38 0.80

KR-tl 0.25 0.38 0.80

XGBRF-tl 0.25 0.38 0.80

KR 0.27 0.41 0.76

SVR-tl 0.26 0.42 0.75

M3GNet-tl 0.28 0.44 0.73

SVR 0.28 0.45 0.72

KNN-tl 0.30 0.47 0.69

RF 0.29 0.48 0.68

KNN 0.31 0.50 0.65

XGBRF 0.30 0.50 0.65

M3GNet 0.40 0.64 0.43

The metrics are calculated for the test subsample. In the model names, “-tl” stands for the transfer
learning. In the case of classicalMLmodels, by “-tl”wemean that themigration barrier calculated at
theBVSE level of theorywas used as an individual feature for predictingDFT-derived barriers. Rows
in the table are sorted ascending by RMSE

Fig. 3 | The performance of universal interatomic potentials in the prediction of
the Li-ion migration barrier. a Violin plots showing the prediction error dis-
tributions for eachmodel studied for the “w/o TM” (left splits) and “with TM” (right
splits) subsets of the nebDFT2k dataset. For better visual appearance, the error

distributions are cropped to the range of−1.75 to 1.75 eV. The error distributions in
the full range are given in SI, b Parity plot for the predictions of the SevenNet-
ft uMLIP.
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and to employ GNN only for larger datasets, where the difference in
computational time becomes significantly advantageous in favor of GNN.

When predicting Li-ion migration barriers using structure-to-
propertymodels, theM3GNetGNNmodel achieves the highest accuracy
for BVSE-derived energy barriers. However, for DFT-derived data, its
accuracy is the lowest, which we attribute to the limited amount of
training data, as the nebDFT2k dataset contains two orders ofmagnitude
less data than the nebBVSE122k dataset. It appears that GNNmodels are
sensitive to data scarcity, resulting in classicalMLmodels demonstrating
higher accuracy on the nebDFT2k dataset compared to theGNNmodels,
even when the GNNmodel was pre-trained on the BVSE-derived dataset
and subsequently fine-tuned on the DFT data. Overall, achieving reliable
structure-to-property prediction of Em remains challenging using either
classical ML or GNNs.

To explore potential solutions to this problem, we analyzed the
inclusion of spatially resolved information in the input data. The exam-
ination of the graph edge weights from the last layer of the Allegro model,
trained on the BVSE-derived dataset, reveals that the local coordination at
themidpoint between the starting and final positions of themigrating ion is
the primary focus of GNN-based models. Thus, explicit modifications of
input graphs could represent a prospective direction for further improve-
ment of structure-to-property GNN models, aimed at predictions of local
properties at the bond length scale.

Finally, using the nebDFT2k dataset, we show that the SevenNet and
MACE uMLIPs exhibit high predictive power for systems without TMs
(MAE = 0.07–0.08 eV), which is comparable to DFT. For TM-containing
systems, however, the errors are much higher (MAE = 0.20–0.21 eV). Fine-
tuning these models significantly improves their accuracy for TM-
containing systems, which is a result of better fit to our calculation setup
(MAE = 0.10–0.11 eV) and the inclusion of crystal structures in non-
equilibrium/high-energy states, enhancing the PES description by the
uMLIP67.

An important advantage of uMLIPs are insights into the optimal
migration trajectory, whereas this information is not accessible with
structure-to-property prediction models. While determining the optimal
migration trajectory using uMLIPs requires more computational resources
than structure-to-property predictions, it remains significantly more com-
putationally efficient than theDFT-NEB approach. This advantage expands
the applicability of uMLIPs, as analyzing bottlenecks inmigration pathways
can inform strategies for improving the ionic conductivity of a given
material41.

The accuracy achieved by uMLIPs is much higher compared to the
BVSE-NEBmethod and represents a step forward in the accurate prediction
of Li-ion migration trajectories and migration barriers using surrogate
models. In our practical application example of screening protective layer
materials for all-solid-state batteries using Li10GeP2S12 solid electrolyte and
LiCoO2 cathode active material, we show that uMLIPs can be effectively
incorporated into HT schemes and provide a reliable result. Ultimately, it is
up to individual researchers to decide whether this level of accuracy is
sufficient for the task at hand. Alternatively, since the convergence of energy
and force is slow for poor initial guess within DFT, one can use uMLIPs to
precondition themigration path78, followedbyfinal optimizationwithDFT.

Several limitations of our work should be noted.We use BVSE-NEB to
precondition the Li-ion migration trajectory for further DFT-NEB opti-
mization during the collection of the nebDFT2k dataset. This approach
accelerates the convergence of DFT calculations78. However, it results in the
loss of some high energy configurations that might have emerged if the
DFT-NEBoptimizationhad started froma linearly interpolated initial guess
trajectory, due to shorter Li-framework interatomic distances. Therefore,
althoughour dataset includes high energyLi-ion transition states, it is biased
toward near equilibrium structures, which leads to a slight softening of the
resulting potentials.

Furthermore, we do not evaluate the effectiveness of the fine-tuning
protocol in terms of data subsets (e.g., various slices of theMPLiTrj dataset)
and the hyperparameters used (e.g., optimizer choice, learning rate, energy/
force/stress weights in the loss function). Future work could address these
gaps and explore optimal fine-tuning protocols79.

When collecting the data for evaluating the accuracy of uMLIPs, we
focused exclusively on Li-vacancymigration. Other importantmechanisms
of ionic transport, such as interstitialmigration and the concertedmigration
of Li-ions/Li vacancies, are beyond the scope of this study. The presence of
interstitials and their migration causes much shorter Li-Li distances and,
consequently, stronger cation-cation repulsion compared to vacancy
migration.Therefore, their accuratedescriptionmay require the inclusionof
additional configurations,whicharenotpresent inourdataset. To introduce
such configurations, the search for stable interstitial sites is necessary to
enable adequate NEB modeling. On this track, the Voronoi tessellation-80,
BVSE-81, or charge density82-based schemes can be used for finding voids
suitable for interstitials.

As for concerted migration, this mechanism is typically observed in
superionic conductors with a disordered Li-ion sublattice, such as LGPS83,
LLZO84, and LATP13, posing significant challenges for data collection. The
identification of correlated ionic motion requires performing high-
temperature AIMD simulations, followed by the construction of the Van
Hove correlation function. This process should be followed by automated

Table 4 | The results of benchmarking uMLIPs for predicting
optimal Limigration trajectories and correspondingmigration
barriers

MAE, eV RMSE, eV Rp Slope R2 Model

w/o TM

0.07 0.11 0.99 0.96 0.98 MACE

0.08 0.12 0.99 0.92 0.97 SevenNet

0.23 0.36 0.92 0.70 0.75 CHGNet

0.39 0.55 0.86 0.54 0.42 M3GNet

0.53 0.85 0.81 1.38 – BVSE

with TM

0.21 0.35 0.88 0.85 0.77 SevenNet

0.20 0.35 0.89 0.92 0.76 MACE

0.23 0.36 0.92 0.70 0.75 CHGNet

0.39 0.55 0.86 0.54 0.42 M3GNet

0.53 0.85 0.81 1.38 – BVSE

The trajectories for which at least one interatomic potential fails optimization task were discarded.
The metrics are calculated for 454 and 761 systems corresponding to the “with TM” and “w/o TM”

parts of the nebDFT2k dataset. Rows in the table are sorted ascending by RMSE for each subset of
the data.

Table 5 | The comparison of the performance of fine-tuned (ft)
and pretrained SevenNet and MACE uMLIPs on the “w/o TM”

and “with TM” parts of the nebDFT2k dataset

MAE, eV RMSE, eV Rp Slope R2 Model

w/o TM

0.08 0.12 0.99 0.92 0.97 SevenNet

0.08 0.12 0.99 0.93 0.97 SevenNet-ft

0.07 0.12 0.99 0.96 0.97 MACE

0.10 0.13 0.99 0.91 0.96 MACE-ft

with TM

0.10 0.18 0.97 0.90 0.94 SevenNet-ft

0.13 0.25 0.94 0.86 0.88 MACE-ft

0.17 0.28 0.92 0.93 0.85 MACE

0.18 0.29 0.92 0.87 0.84 SevenNet

The trajectories for which at least one interatomic potential fails optimization task were discarded.
Themetrics are calculated for 488 and 690 systemscorresponding to “with TM” and “w/oTM”parts
of the nebDFT2k dataset. Rows in the table are sorted ascending by RMSE for each subset of
the data.
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analysis, identification of individual concerted events, and potentially their
further NEB modeling through the most probable Li sites in a disordered
sublattice13. As a simplified approach, one could model the concerted
migration of two (or more) Li-ions toward a vacancy in an ordered
sublattice.

We propose that for accurate modeling of concerted effects using
uMLIPs, the training dataset should include DFT-NEB and AIMD simu-
lations of concerted migration involving both vacancies and interstitials.
However, given the high universality of existing models, they may already
capture concerted effects to some extent, whichwould be an intriguing topic
for future investigation. Moreover, uMLIPs can be used directly to study
systems with disorder and the effect of dopants on Em, which dramatically
expands the search space for new materials.

While the dataset was initially constructed to benchmark different
ML approaches to predict Li-ion migration, its applications are not
limited to this purpose. As we show, by fine-tuning uMLIPs to a specific
computational scheme, onemay obtainmodels with accuracy close to the
desired theoretical level. For example, Devi et al. showed that DFT-NEB
modeling using the SCAN XC functional yields Em that are closer to
experimental values compared to those obtained with PBE, PBE+U, and
SCAN+U functionals21. In this context, the trajectories from the
nebDFT2k dataset can be refined using alternative computational
schemes, such as SCAN, for further development of fine-tuned uMLIPs
capable of providing more realistic predictions. In addition, this refine-
ment can serve for systematic convergence studies of the XC functional
impact on migration barriers. Finally, the collected data can be included
into datasets for developing general purpose (foundation) models, as the
structures sampled during the optimization of Li-ion migration trajec-
tories include dynamically unstable geometries, that can help mitigate
the problem of PES softening67.

As for the screening of new ionic conductors, one should remember,
that information about Em alone is insufficient to evaluate an ionic con-
ductor. Factors such as lattice dynamics, charge carriers concentration, and
correlatedmigration also play crucial role indetermining ionic conductivity.
Therefore, comparing two ionic conductors based solely on Em is not
meaningful20. Hence, future research efforts should prioritize the collection
of AIMD-derived ionic conductivity data for structure-to-property
predictions85 or for validating the MD output of uMLIPs.

In conclusion, we carried out a systematic comparative analysis of
various ML models for predicting Li-ion percolation barriers, migration
barriers, and migration trajectories. For this purpose, we collected the
comprehensive LiTraj dataset, which includes data computed using the
BVEL, BVSE-NEB, andDFT-NEBmethods.Our findings demonstrate that
GNNmodels developed for structure-to-property prediction of the BVEL-
calculated percolation barrier are effective for HT screening of ionic con-
ductors, achieving RMSE values of 0.2–0.5 eV for 1D, 2D, and 3D perco-
lation barriers. In the case of migration barrier regression, both GNN and
classical models yields comparable accuracies for the BVSE-derived Em.
However, for a smaller DFT-NEB dataset comprising ~2000 samples, the
classicalmodels exhibit higher predicting accuracy.Despite this, none of the
models achieved sufficient accuracy for use inHTapproaches (RMSE=0.38
eV,R2 = 0.80). Potentially, they can still be utilized for pre-screening “good”
and “bad” ionic conductors. Finally, we present a novel benchmark for
uMLIPs, based on the DFT-derived dataset of Li-ion minimum energy
paths and corresponding energetics. Our results indicate that the fine-tuned
SevenNet andMACE uMLIPs can accurately reproduce the optimal Li-ion
migration trajectory, achieving a reasonable RMSE of 0.12–0.18 eV in
predictingEm. This suggests that they are suitable forHT screening of Li-ion
conductors. To illustrate the incorporation of uMLIPs into aHT scheme,we
used the fine-tuned SevenNet model to perform a screening of protective
coatings for stabilization of the interface between the Li10GeP2S12 solid
electrolyte and LiCoO2 cathode active material. Our dataset can serve as a
valuable resource for further development, evaluation and selection of data-
driven approaches for designing Li-ion conductors, thereby accelerating the
discovery of materials with outstanding transport properties.

Methods
Bond valence site energy method
Within the BVSE approach28, the interaction between a mobile (test) ion
and its oppositely charged neighbors is modeled as a Morse potential (Eq.
(1)). In turn, the interaction between the ion and neighbors with the same
charge sign is modeled as Coulomb repulsion (Eq. (2)). The sum of these
interaction energies over all neighbors within a given cutoff provides the
total energy of the test ion (Eq. (3))30.

EM ¼
Xanions

i

D0i

2
ð½eαiðRmini

�RiÞ � 1�2 � 1Þ ð1Þ

whereD0, α, Rmin are tabulated constants. R is the distance between the test
ion and its neighbor.

EC ¼
Xcations

i

Conv

VViffiffiffiffiffi
nni

p

Ri
erfcð Ri

f ðr þ riÞ
Þ ð2Þ

where V, Vi, n, ni, Ri, r, ri are the test ion oxidation states (valence), neigh-
boring cation oxidation state, test ion principal quantum number, neigh-
boring cation principal quantum number, distance between the test and
neighboring ion, and their covalent radii, respectively; Conv is the conver-
sion factor from the reciprocal length to eV, and f is a screening factor of
0.7430.

Eðxi; yi; ziÞ ¼ EMðxi; yi; ziÞ þ ECðxi; yi; ziÞ ð3Þ

To calculate the percolation barriers using this method, the bond
valence energy landscape (BVEL)must first be obtained. First, all Li ions are
removed fromthe structure toobtain thehost framework.Next, a gridwitha
specified resolution is constructed over the unit cell. At each grid point (xi, yi,
zi) a single test ion (e.g. Li

+) is placed in the host framework, followed by the
BVSE calculations of the interaction energy E(xi, yi, zi) between the test ion
and its framework neighbors. The resulting energy distribution E(x, y, z) is
then analyzed to determine the percolation dimensionality and the corre-
sponding energy barrier. The percolation barrier is defined as theminimum
threshold value Etr , at which the isosurface described by the equation
Eðx; y; zÞ ¼ minðEðx; y; zÞÞ þ Etr percolates in 1, 2, or 3 dimensions.

The BVlain Python package (see Code availability section) was
employed to calculate the Li-ion percolation barriers. A cutoff radius of
10.0 Å was used for the pair interaction between Li+1 and the framework,
and the grid resolution was set to 0.2 Å. Up to k = 200 nearest neighbors
were collected within the cutoff spheres. The bond valence force field
parameters were sourced from80. As the BVSE approach requires formal
charges of atoms, the crystal structures were decoratedwith oxidation states
usingpymatgen’smoduleBVAnalyzer86,withdefault settings applied, except
that O1− and P3− species were not allowed.

Density functional theory calculations
The Vienna Ab initio Simulation Package (VASP) was used to perform
density functional theory (DFT) calculations87. The GGA PBE88 exchange-
correlation functional was employed, along with PAW potentials recom-
mended by the VASP developers, except for Li, where a potential with only
one valence electron was selected.

A kinetic energy cutoff of 520 eV and a single k-point at Gamma were
used, with Gaussian smearing of 0.1 eV applied at the Fermi level. Atomic
coordinates were optimized using the FIRE optimizer, as implemented in
theASE Python library89, until themaximum forces acting on each ionwere
reduced to less than 0.1 eV/Å.

Nudged elastic band calculations
The Li-ion migration trajectories were optimized using the climbing image
Nudge Elastic Band (NEB) method (with an improved tangent estimate)
and the FIRE optimizer, as implemented in the ASE Python library. To

https://doi.org/10.1038/s41524-025-01571-z Article

npj Computational Materials |          (2025) 11:131 8

www.nature.com/npjcompumats


reduce the interaction between periodic images, the supercells with >8.0 Å
along each direction were used for the calculations.

Depending on the Li-ion hop distance, three to five intermediate
images were used. For BVSE-NEB calculations, the initial migration tra-
jectory was linearly interpolated between the equilibrium positions of the
ion.The geometry aroundvacancieswere not optimized, andonly the forces
acting on the moving ion were considered during the band optimization
with Li-Li interaction accounted for. The BVSE-NEB optimized trajectory
served as the initial guess for the DFT-NEB and uMLIP-NEB calculations.
For DFT-NEB and uMLIP-NEB calculations, the geometry around
vacancieswere optimized until themaximum force acting on each atomwas
less than 0.1 eV/Å.

Sampling Li-ion migration hops
The Li-Li hops (edges) used to collect the nebBVSE122k and nebDFT2k
datasets were sampled using the ions Python library (see Code Availability
section). The library enables the identification of the non-equivalent ionic
hops that form a percolating (periodic) graph.

To construct the percolation graph on the Li-ion sublattice, we collect
all neighbors in the unit cell and its 26 nearest periodic replicas within a pre-
defined cutoff. The edges connecting the starting and final positions of the
migrating ion are rejected if the distance between themigrating ion and any
other ion in the structure is less than 0.5Å. Next, we find the shortest Li-ion
hop distance (edge length) ensuring that at least one Li-ion in the unit cell
can percolate through the constructed graph to its periodic replica sites in 1,
2, or 3 dimensions. The resulting symmetrically non-equivalent edges are
selected for BVSE-NEB calculations.

The cutoff for theLi-Li hopdistancewas set to 8.0Å in accordancewith
the minimum size of the supercell. For the nebDFT2k dataset, Li-Li edges
were randomly subsampled from the nebBVSE122k dataset using the fol-
lowing criteria: i) the edge length is less than 6.0Å, ii) edges are sampled for
the chemical systems represented by at least 10 data entries in the nebBV-
SE122k dataset, iii) the chemical space was restricted to 45 chemical ele-
ments deemed most suitable for practical applications.

Data split
Each of the introduced datasets was split into training, validation, and test
subsets in an 8:1:1 ratio. The training, validation, and test data points were
propagated from the nebDFT2k dataset to the other datasets (nebBV-
SE122k, BVEL13k, and MPLiTrj), ensuring that no crystal structures from
the test subset of the nebDFT2k dataset are in the training or validation
subsets of other datasets. This approach provides consistent data splits and
prevents data leakage within the transfer learning (TL) approach. In addi-
tion, the compositional space of each subset was controlled such that all
chemical elements present in the test subset also appeared in the validation
subset, and all elements from the validation set were included in the training
subset.

Models training and evaluation
For the classical ML models, the training and validation data splits were
combined within a five-fold cross-validation scheme for model fitting and
hyperparameters tuning. The hyperparameters were optimized using grid
search technique. We used classical ML models as implemented in the
scikit-learn90 and XGBoost91 Python libraries.

All GNNmodels were trained by minimizing the mean squared error
(MSE) loss function. When selecting hyperparameters for the Allegro and
Nequip models, we followed the recommendations of the model’s authors
and fromourprevious study92. TheAllegro andNequipmodelswere trained
with r_max = 7.0 and 6.0 Å for the BVEL13k and nebBVSE122k datasets,
respectively, using the ReduceOnPlato scheduler with early stopping based
on validation loss and learning rate. The default M3GNetmodel with cutoff
= 5 Å, threebody_cutoff = 4 Å, and is_intensive=False was used. The Cosi-
neAnnealing scheduler was employed for the M3GNet model training. Full
configuration files and learning curves are available upon request.

The mean absolute error (MAE), root mean squared error (RMSE),
and coefficient of determination (R2)metricswere calculated on the test data
splits to evaluate the accuracy of the models.

MLIPs description and evaluation
For the benchmark, we used CHGNet (v0.3.0), SevenNet(2024.11.07),
MACE-MP-0 (2023.12.03, the “small” model of 2.08 million trainable
parameters), and M3GNet (2021.2.8) uMLIPs. The first three models
were trained on the MPtrj dataset55 comprising ~1,580,000 structures,
while M3GNet was trained on the smaller MPF55 dataset
(~188,000 structures).

The MAE, RMSE, R2, and Pearson correlation coefficient (Rp) were
used to evaluate the accuracy of models in predicting Em. In addition, the
softening of the potentials was assessed by the slope of the linear regression
between the target property and prediction.

The ability of models to predict a correct geometry of the migration
pathway was assessed by calculating the path averagedMAE (PA-MAE) of
the trajectory optimized with surrogate models with respect to the DFT-
NEB-derivedpathways. The formula for calculatingPA-MAE is given inEq.
(4):

PA�MAE ¼ 1
M

XM

k

1
N

XN

i

ĵri � rij ð4Þ

whereM is the number of images in the trajectory,N is the number of atoms
in the supercell, ri and r̂i corresponds to the positions of the i-th atom
optimized with DFT and surrogate model, respectively.

Fine-tuning
The pre-trained MACE-MP and SevenNet uMLIPs were fine-tuned on a
stratified subsample of the MPLiTrj training and validation data splits (see
details in Supplementary Section S2). The performance metrics were cal-
culated using the test subset.

The uMLIPs were fine-tuned by minimizing the mean squared
error loss function. The model with the lowest loss on the validation
subset was used for the benchmark. For the MACE model, the loss
function includes the energy and force terms, weighted by 1.0 and 10.0,
respectively. For the SevenNet model, the loss function includes the
energy, force, and stress tensor terms, weighted by 1.0, 10.0, and 10−6,
respectively. Bothmodels were trained with a learning rate of 0.001. The
batch size of 16 and 32 samples was used for the MACE and SevenNet
models, respectively.

Crystal structures
The ionic transport properties were calculated for Li-containing crystal
structures retrieved from the Materials Project (MP) database33. The
selection criteria included a non-zero bandgap, the presence of lithium, a
unit cell volume less than 1500 Å3, up to 100 atoms per unit cell, and the
absence of hydrogen. The crystal structures were visualized using
VESTA 3.093.

Data availability
Theobtained in thisworkLiTraj dataset: https://github.com/AIRI-Institute/
LiTraj.

Code availability
The Python library for calculating percolation barriers of mobile species in
crystal structures can be found at: https://github.com/dembart/BVlain. The
Python library used for the BVSE-NEB calculations is available at: https://
github.com/dembart/ions.
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