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Abstract:

The development of high-performance solid-state electrolytes is critical to the advancement of next-
generation lithium batteries. Among them, Li10GeP2S12 (LGPS) exhibits exceptional ionic conductivity
comparable to liquid electrolytes. However, classical interatomic potentials often fail to accurately
capture the complex structural dynamics underlying Li+ transport. In this study, we employ
nonequilibrium molecular dynamics (NEMD) simulations accelerated by an equivariant neural network
potential (ENNP) trained on density functional theory (DFT) reference data to unravel microscopic Li+
conduction mechanisms in LGPS. The ENNP reproduces DFT-level force accuracy with reduced
computational cost, enabling long-time and large-scale simulations under applied electric fields. Our
results reveal anisotropic Li+ conduction pathways along the c-axis, with enhanced mobility through
PS4 tetrahedral bottlenecks. Conductivity values derived from NEMD show strong agreement with
experimental measurements, while energy barrier analysis highlights structure—transport correlations.
This approach provides a scalable and accurate framework for predictive modeling of solid electrolytes
toward high-energy all-solid-state batteries.
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1. Introduction

The growing demand for safe and high-energy-density energy storage systems has driven substantial
interest in all-solid-state lithium batteries (ASSLBs) as an alternative to conventional liquid-electrolyte-
based Li-ion batteries. Solid-state electrolytes (SSEs) provide enhanced thermal stability, wide
electrochemical windows, and improved safety by eliminating flammable organic solvents [1-3].
Among known SSEs, sulfide-based lithium ionic conductors have gained significant attention due to
their high ionic conductivity and favorable mechanical compliance [4,5].

Li:0GeP2Si2 (LGPS), a tetragonal thiophosphate solid electrolyte, is recognized as one of the most
promising materials due to its exceptionally high room-temperature Li* conductivity (~107
S-em™)—approaching that of commercial organic electrolytes [6—8]. However, the underlying
microscopic Li* transport mechanisms remain incompletely understood due to the structural complexity
and strong Li—anion interactions in thiophosphate frameworks.
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Limitations of Classical MD
Classical molecular dynamics using empirical force fields has been widely applied to study SSEs, but
such models typically:
o fail to reproduce accurate energy landscapes,
o simplify charge transfer behavior, and
o struggle with chemical reactivity and structural distortions [9—11].
Density functional theory (DFT)-based ab initio molecular dynamics (AIMD) provides greater accuracy
but becomes computationally prohibitive for long time scales or large simulation cells needed for
studying nonequilibrium ion transport [12].
Equivariant Neural Network Potentials (ENNPs): A New Opportunity
Recent advances in machine-learning interatomic potentials, especially equivariant neural network
models such as NequlP and Allegro [13—15], enable:
e DFT-level accuracy
e Classical MD-level efficiency
o Symmetry-aware force predictions (rotationally equivariant)
e Scalability for large systems and longer trajectories
These models have proven effective in modeling battery materials, including lithium conductors and
electrode—electrolyte interfaces [16—18], but their application under nonequilibrium fields for
extracting anisotropic conduction pathways remains limited.
Objective of This Study
This work aims to:
1. Develop an ENNP force field trained on diverse DFT configurations of LGPS,
2. Apply Nonequilibrium Molecular Dynamics (NEMD) under controlled electric fields,
3. Characterize:
o Li* mobility and diffusion pathways
Anisotropic conductivity along a and ¢ axes
o Energetic barriers and bottleneck environments
4. Validate results against available experimental data.

(@]

2. Materials and Methods

2.1 Crystal Structure Model

The LGPS (LiioGeP:S:2) tetragonal structure was obtained from experimental X-ray diffraction data [1].
The unit cell contains 10 Li* ions, 2 Ge atoms, 2 P atoms, and 12 S atoms. A 3x3x3 supercell (~324
atoms) was constructed to ensure sufficient size for long-range Li* diffusion pathways in molecular
dynamics (MD) simulations. Periodic boundary conditions were applied in all three directions.

2.2 DFT Dataset Generation

A comprehensive dataset of atomic configurations was generated using density functional theory
(DFT) as implemented in the Vienna Ab initio Simulation Package (VASP) [2]. Key details:

o Exchange-correlation: PBE functional [3]

e Plane-wave cutoff: 500 eV

e k-point sampling: Gamma-centered 2x2x2 mesh

e Geometry optimization: Convergence threshold of 10~° eV/atom

e Snapshot extraction: 2,000 configurations sampled from AIMD at 300 K and 500 K
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This dataset includes Li" displacements, structural distortions, and local coordination environments,

forming the training set for the neural network potential.

2.3 Equivariant Neural Network Model

An Equivariant Neural Network Potential (ENNP) was trained using NequlP framework [4]:

o Input: atomic positions, species types, neighbor distances

e Symmetry: rotationally equivariant features up to 1=3

o Cutoffradius: 6 A

e Network architecture: 3 interaction blocks, 128 hidden features, 3-layer MLP

o Training dataset split: 80% train, 10% validation, 10% test

o Loss function: mean squared error (forces + energies)

e Optimizer: Adam, learning rate 0.001 with cosine decay

The trained model reproduces DFT-level forces with a mean absolute error (MAE) of ~0.03 eV/A and

energy MAE of ~1 meV/atom.

2.4 Potential Validation

Validation of the ENNP included:

1. Static properties: lattice constants, bond lengths, angles

2. Dynamic properties: Li* mean squared displacement (MSD) at 300 K

3. Comparison with classical potentials (e.g., Buckingham + Coulomb) to benchmark improvements
in diffusion accuracy

2.5 Nonequilibrium Molecular Dynamics Setup

NEMD simulations were performed to model Li* conduction under an applied external electric field E

along the c-axis:

e Time step: 1 fs

e Simulation length: 5 ns

e Thermostat: Nosé-Hoover chain, T=300 K

e Electric field: 0.01 V/A

e Ensemble: NVT (constant number, volume, temperature)

e Periodic boundary conditions in all directions

The Li* flux J is measured as:

J=1VYiqivil = \\frac{1}{V} \sum_{i} q iv_iJ=VI1i) qivi

where qiq_iqi and viv_ivi are the charge and velocity of Li* ions, and V is the simulation volume.

2.6 Ionic Conductivity Estimation

Li* conductivity ¢ is computed using the Nernst-Einstein relation:

0=13VkBT?} iqi2(Ari2(t))/t\sigma = \frac{l}{3Vk BT} \sum i q i"2 \langle \Delta r_i*2(t) \rangle /

to=3VKBT11i) qi2(Ari2(t))/t

and also from steady-state current in NEMD simulations:

o=JE\sigma = \frac{J} {E}c=EJ

where kBk BkB is Boltzmann’s constant, T is temperature, and (Ari2(t))\langle \Delta r i"2(t)

\rangle(Ari2(t)) is the MSD.

2.7 Structural and Transport Analysis

e Li" trajectories visualized with VMD [5]

e Van Hove correlation functions to detect hopping events

e Energy barrier estimation using Nudged Elastic Band (NEB) calculations for critical Li* migration
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paths
e Anisotropy analysis along a-, b-, and c-axes
o Radial distribution functions (RDFs) to monitor PS4 tetrahedral framework stability
All simulations and analyses were performed using LAMMPS interfaced with the ENNP and in-house

Python scripts.

3. Results and Discussion

3.1 ENNP Validation and Force Accuracy

The trained Equivariant Neural Network Potential (ENNP) was first validated against DFT
calculations. Key observations:

e Force MAE: 0.03 eV/A

e Energy MAE: ~1 meV/atom

o Lattice constants reproduced within 0.5% of experimental values.

o RMSD of Li* positions over 1 ns MD: <0.05 A
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Figure 1 (schematic placeholder) illustrates ENNP-predicted vs DFT forces, showing excellent
correlation (R? = 0.998).

3.2 Li* Diffusion Pathways in LGPS

NEMD simulations under 0.01 V/A electric field revealed anisotropic Li* migration:

o Fastest conduction along the c-axis, consistent with experimental studies [1].

e Li"ions migrate via PS4 tetrahedral bottlenecks, hopping between adjacent Li sites.
o Trajectories visualized using VMD show continuous 1D channels (Figure 2).
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Figure 2: Li* conduction pathways in LGPS projected along c-axis. Red spheres indicate Li" sites,
arrows indicate migration vectors.
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3.3 Mean Squared Displacement and Diffusion Coefficient

Li" mobility was quantified via mean squared displacement (MSD):

D=16ddt(Ar2(t))D = \frac{1} {6} \frac{d} {dt} \langle \Delta r"2(t) \rangleD=61dtd(Ar2(t))
e NEMD-derived diffusion coefficient: D = 2.1 x 107° cm?/s

e Classical MD: D = 1.3 x 107¢ cm?*/s (underestimates Li* mobility)

o ENNP captures anharmonic effects and Li—anion interactions accurately.

Figure 3: MSD vs Time (ENNP vs Classical MD)

Figure 3: MSD vs time comparison (ENNP vs classical MD).

3.4 Ionic Conductivity

Li* conductivity (o) calculated from NEMD current and Nernst-Einstein relation:
e ¢ NEMD =9.8 x 102 S/cm at 300 K

e Experimental =1 x 102 S/cm [1]

e (lassical MD underestimates by ~35%

Figure 4: Conductivity Comparison
(ENNP vs Classical MD vs Experimental)

ENNP Expernmenta

Figure 4: Conductivity comparison among ENNP, classical MD, and experimental values.
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3.5 Energy Barriers and Bottleneck Analysis

NEB calculations of key hopping events:

e Activation energy along c-axis: 0.19 eV

e Activation energy along a-axis: 0.32 eV

e PS. tetrahedra act as transient bottlenecks, controlling Li* flow.

Figure 5: Energy Barrier Map for Li* Migration in
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Figure 5: Energy barrier map for Li* migration in LGPS. Color-coded barrier heights highlight
anisotropy.

3.6 Effect of Structural Fluctuations

Dynamic fluctuations of PS4 tetrahedra were observed:

o Slight rotations reduce local Li* energy barriers.

o ENNP captures these subtle effects, inaccessible in classical MD.

Snapshot showing PSS, tetrahedral
rotation facilitating Li* hopping

Figure 6: Snapshot showing PS. tetrahedral rotation facilitating Li* hopping.
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3.7 Result & Discussion

e ENNP + NEMD provides DFT-accurate, long-time dynamics.

e Anisotropic conduction confirmed: c-axis dominant.

e Li" transport correlates with tetrahedral rotation and bottleneck flexibility.

e Predictive modeling can guide solid electrolyte design for high-rate ASSLBs.

o Comparison with classical MD highlights the importance of ML potentials for accurate Li* transport
simulation.

Table 1: The transport properties obtained from the ENNP NEMD and classical MD simulations
are summarized in Table 1, together with available experimental data.

Property ENNP NEMD Classical MD Experiment
D (cm?/s) 2.1 x10° 1.3 x10°° —

6 (S/cm) 9.8 x1073 6.4 %107 1 X102

E. (c-axis) 0.19eV 0.28 eV 0.18-0.20 eV

The diffusion coefficient (D) predicted by the ENNP NEMD method (2.1 x 107¢ cm?/s) is notably higher
than that from classical MD (1.3 x 107 cm?/s). This indicates that the enhanced neural network potential
(ENNP) provides a more accurate description of ion mobility, likely due to its improved representation
of the potential energy surface compared to the empirical force field used in classical MD. Although
experimental diffusion data are not available for direct comparison, the higher D value from ENNP
NEMD suggests better agreement with the observed conductivity trends.

The ionic conductivity (6) obtained from ENNP NEMD (9.8 x 102 S/cm) is very close to the
experimental value (1 x 1072 S/cm), whereas the classical MD simulation underestimates it (6.4 x 103
S/cm). The closer agreement of the ENNP model with experiment further confirms its superior ability to
capture realistic ion transport dynamics.

The activation energy (E.) along the c-axis also shows a significant difference between the two
computational methods. The ENNP NEMD predicts an E, of 0.19 eV, which matches remarkably well
with the experimental range of 0.18-0.20 eV. In contrast, the classical MD model yields a higher
activation energy of 0.28 eV, implying an overestimation of the migration barrier. This discrepancy may
arise from limitations in the classical force field, which may not fully capture the subtle interactions and
polarization effects present in the system.

Overall, these results demonstrate that the ENNP NEMD approach provides a more accurate and
physically consistent description of ion transport properties compared to classical MD. The excellent
agreement of the ENNP-predicted conductivity and activation energy with experimental measurements
highlights the potential of machine-learning-based potentials for modeling complex diffusion processes
in solid-state systems.

4. Conclusion
This study demonstrates the effective combination of Nonequilibrium Molecular Dynamics (NEMD)
with Equivariant Neural Network Potentials (ENNPs) to investigate Li* conduction in LGPS solid
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electrolytes. Key findings include:

1.

DFT-accurate force prediction: ENNP reproduces atomic forces and energies with high fidelity,
outperforming classical potentials in dynamic simulations.

Anisotropic Li* conduction: Li* preferentially migrates along the c-axis through PS. tetrahedral
bottlenecks.

Enhanced predictive capability: Activation energies and conductivity values from ENNP + NEMD
closely match experimental results, validating the approach.

Structural insights: Tetrahedral rotation and local lattice fluctuations significantly reduce energy
barriers, highlighting the interplay between structure and transport.

Overall, this work presents a scalable framework for predictive modeling of solid-state electrolytes,
which can accelerate the design of high-conductivity materials for all-solid-state lithium batteries.

. Future Scope

Extension to multi-component sulfide electrolytes (e.g., LiioGeP2S1> doped with Si, Sn, or Sb) to
optimize ionic conductivity.

Exploration of interface effects between LGPS and electrodes using ENNP-based NEMD.
Integration with reinforcement learning algorithms for accelerated materials discovery.

Coupling with high-throughput DFT datasets to expand the ENNP training domain for more
robust predictions.
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