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Microstructural insights into fast ion
transport in solid electrolytes via multiscale
modeling

Yongliang Ou 1,2 , Lena Scholz 3 , Sanath Keshav 3, Yuji Ikeda 1,
Marvin Kraft4,5, Sergiy Divinski 6, Rafael Gómez-Bombarelli 2,
Wolfgang G. Zeier 4,5, Felix Fritzen 3 & Blazej Grabowski 1

Improving solid electrolytes is critical for high-performance all-solid-state
batteries, yet themicrostructural features that enable fast ion transport remain
poorly understood. Here, we use multiscale modeling to resolve polycrystal-
line ion transport from atomic-scale hopping at grain boundaries to
continuum-scale percolation, thereby providing insights into realistic solid-
electrolyte microstructures. Accurate lightweight machine-learning potentials
—developed via closed-loop active learning for exemplar argyrodites Li6PS5X,
X ∈ {Cl, Br, I}—are employed to integrate molecular dynamics with finite ele-
ment simulations. We find that diffusion barriers of the anion-ordered bulk
scale linearly with anion radius. Grain boundaries exert opposite effects
depending on the bulk: enhancing ion diffusion in low-diffusivity phases but
suppressing it in fast-diffusing ones. Li6PS5I exhibits non-Arrhenius transport
behavior consistent with experimental observations. Our results clarify the
pivotal role of grain boundaries in ion transport and guide a priori micro-
structural design of advanced solid electrolytes.

The rising demand for all-solid-state batteries has placed solid-state
electrolytes at the forefront of material research, with most efforts
historically focused on optimizing superionic bulk conductivity1–3.
However, practical solid electrolytes are polycrystalline, exhibiting
microstructures with dense grain-boundary (GB) networks4. Macro-
scopic conductivity arises from long-range ion transport that inevi-
tably involves both grain interiors and extensive GB pathways5.
Microstructure thus represents a critical—yet often underutilized—
lever for tailoring ion transport. Although GB effects in oxide elec-
trolytes have been partially elucidated6–8, the microstructural features
that enable fast ion transport remain poorly understood. Micro-
structural insights are particularly limited in sulfide electrolytes, where
the role of GBs is still unclear due to the experimental difficulty of

characterizing their morphology and separating their contributions to
conduction.

Computer simulations can provide insights into complex micro-
structures by quantitatively predicting the microstructure–conductivity
relation. While prior electronic-structure modeling has yielded valuable
insights into bulk ion mobility1,3,9, modeling ion transport in poly-
crystalline solid electrolytes is far more difficult. The transport process
spans atomic-scale hopping and continuum-scale percolation, both
influenced by structural and thermal variations10, highlighting the need
for a multiscale modeling framework11. Molecular dynamics (MD)
simulations are widely used to investigate atomic-scale diffusion
mechanisms, but applying themtopolycrystalsposes several challenges.
First, interatomic potentialsmust describe complex ionic interactions at

Received: 9 January 2026

Accepted: 22 July 2026

Check for updates

1Institute for Materials Science, University of Stuttgart, Stuttgart, Germany. 2Department of Materials Science and Engineering, Massachusetts Institute of
Technology, Cambridge, MA, USA. 3Institute of Applied Mechanics, University of Stuttgart, Stuttgart, Germany. 4Institute of Inorganic and Analytical
Chemistry, University ofMünster,Münster, Germany. 5Institute of EnergyMaterials andDevices (IMD), IMD-4:Helmholtz-InstitutMünster, Forschungszentrum
Jülich, Münster, Germany. 6Institute of Materials Physics, University of Münster, Münster, Germany. e-mail: yongliang.ou@imw.uni-stuttgart.de;
scholz@mib.uni-stuttgart.de; fritzen@mib.uni-stuttgart.de; blazej.grabowski@imw.uni-stuttgart.de

Nature Communications | (2026) 17:8726 1

12
34

56
78

9
0
()
:,;

12
34

56
78

9
0
()
:,;

https://doi.org/10.1038/s41467-026-76216-w
http://orcid.org/0000-0003-1486-1197
http://orcid.org/0000-0003-1486-1197
http://orcid.org/0000-0003-1486-1197
http://orcid.org/0000-0003-1486-1197
http://orcid.org/0000-0003-1486-1197
http://orcid.org/0000-0003-4557-1731
http://orcid.org/0000-0003-4557-1731
http://orcid.org/0000-0003-4557-1731
http://orcid.org/0000-0003-4557-1731
http://orcid.org/0000-0003-4557-1731
http://orcid.org/0000-0002-9131-4560
http://orcid.org/0000-0002-9131-4560
http://orcid.org/0000-0002-9131-4560
http://orcid.org/0000-0002-9131-4560
http://orcid.org/0000-0002-9131-4560
http://orcid.org/0000-0001-9176-3270
http://orcid.org/0000-0001-9176-3270
http://orcid.org/0000-0001-9176-3270
http://orcid.org/0000-0001-9176-3270
http://orcid.org/0000-0001-9176-3270
http://orcid.org/0000-0003-1935-9542
http://orcid.org/0000-0003-1935-9542
http://orcid.org/0000-0003-1935-9542
http://orcid.org/0000-0003-1935-9542
http://orcid.org/0000-0003-1935-9542
http://orcid.org/0000-0002-9495-8599
http://orcid.org/0000-0002-9495-8599
http://orcid.org/0000-0002-9495-8599
http://orcid.org/0000-0002-9495-8599
http://orcid.org/0000-0002-9495-8599
http://orcid.org/0000-0001-7749-5089
http://orcid.org/0000-0001-7749-5089
http://orcid.org/0000-0001-7749-5089
http://orcid.org/0000-0001-7749-5089
http://orcid.org/0000-0001-7749-5089
http://orcid.org/0000-0003-4926-0068
http://orcid.org/0000-0003-4926-0068
http://orcid.org/0000-0003-4926-0068
http://orcid.org/0000-0003-4926-0068
http://orcid.org/0000-0003-4926-0068
http://orcid.org/0000-0003-4281-5665
http://orcid.org/0000-0003-4281-5665
http://orcid.org/0000-0003-4281-5665
http://orcid.org/0000-0003-4281-5665
http://orcid.org/0000-0003-4281-5665
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-026-76216-w&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-026-76216-w&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-026-76216-w&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-026-76216-w&domain=pdf
mailto:yongliang.ou@imw.uni-stuttgart.de
mailto:scholz@mib.uni-stuttgart.de
mailto:fritzen@mib.uni-stuttgart.de
mailto:blazej.grabowski@imw.uni-stuttgart.de
www.nature.com/naturecommunications


GBs. Second, large simulation cells comprising millions of atoms are
required to represent the structural disorder inherent to GBs in poly-
crystals. Third, long simulation times are needed to resolve the equili-
brated GB structures (unknown a priori), and to obtain statistically
converged diffusivities. Classical potentials generally lack the fidelity to
describe intricate atomic interactions at GBs. While ab initio MD based
on density-functional theory (DFT) provides high accuracy, its compu-
tational cost has restricted prior studies to idealized models with single
GBs12,13. Recent machine-learning potentials offer a promising alter-
native, but parameterizing them to balance accuracy and computational
cost is non-trivial14–16. Evenwith these potentials,MD simulations of solid
electrolytes remain limited to nanometer length scales and nanosecond
timescales16,17. Finite element (FE) simulations provide a rigorousway for
evaluatingmacroscopic properties of heterogeneousmicrostructures at
the continuum scale. Nevertheless, resolving thin and anisotropic GBs in
polycrystals andmaintaining their applicability across the wide range of
diffusion kinetics in solid electrolytes is difficult18. Finally, robust
schemes for bridging simulations across scales remain scarce, withmost
previous studies addressing each scale independently (Supplementary
Table 3; Refs. 10,18).

Here, we propose a computational strategy to address the chal-
lenge of modeling ion transport in polycrystalline solid electrolytes
(Fig. 1a). We first develop a closed-loop active learning scheme based
on DFT calculations of local atomic environments for parameterizing
lightweight machine-learning potentials, specifically moment tensor
potentials19. These potentials are applied in large-scaleMD simulations
of a surrogate GBmodel with randomGBs, capturing diffusion kinetics
while accounting for thermodynamics andGBheterogeneity. Then, we
deploy the MD-derived self-diffusivities in FE simulations, modeling
micrograins with collapsed GBs18 and nanograins with resolved GBs
using Fourier-accelerated nodal solvers20. This approach provides a
hierarchical resolution of Li-ion transport from the electronic-
structure level to the device-relevant behavior, delivering quantita-
tive predictions comparable with experimental measurements and
enabling end-to-end experiment–simulation studies.

We apply the proposed strategy to exemplar sulfide solid elec-
trolytes, Li6PS5X argyrodites with X ∈ {Cl, Br, I}, which exhibit some of
the highest known ionic conductivities21 and are promising for appli-
cations. The morphologies and energetics of diverse GBs, including
low-angle types, are systematically investigated. We evaluate GB
impact on Li-ion transport in anion-disordered Li6PS5Cl and examine
the effect of substituting Cl with Br or I. Integrating the resulting dif-
fusivities into continuum-scale simulations quantifies the bulk-
dependent grain-size effects in argyrodites. Overall, these findings
provide insights for designing solid-electrolyte microstructures.

Results
Energetics and diffusivity of GBs in anion-ordered argyrodites
Argyrodite solid electrolytes exhibit a high degree of chemical com-
plexity and compositional tunability. In fully ordered Li6PS5X, the bulk
structure consists of Li-coordinated cages (Li6S

4+) and PS3�4 tetrahedra
(Fig. 1b). The translationally immobile anion sublattice forms a back-
bone for Li+ interstitial diffusion, and partial occupancy of S2− and X−

introduces chemical disorder.
Microstructure adds an extra layer of complexity in argyrodites. In

GBs, structural and chemical disorder are coupled. To capture these
effects, we investigate GBs embedded in three representative atomis-
ticmodels (Fig. 1c). Bicrystal models contain a single GB type, enabling
isolated analysis of specific GB structures. Columnar crystals feature
multiple GBs intersecting along a common rotation axis, whereas
polycrystals form random GB networks. Both columnar and poly-
crystalline models include triple junctions in addition to GBs.

Experimental characterization of microstructure in sulfides
remains challenging, leaving GBs in synthesized samples poorly
resolved (Fig. 1a). In simulations, this implies that the type,

distribution, and atomic structure of GBs are unknown a priori and
must be determined in silico. We construct bicrystal models of anion-
ordered Li6PS5Cl with single-type GBs to probe GB morphology. GBs
are labeled by the coincidence-site lattice index Σ, defined during
model construction, indicating structural complexity. Equilibrated GB
structures, incorporating Li-ion disorder from diffusion and anion-
sublattice distortions induced byGBs, are obtained using anMD-based
annealing-and-quenching protocol22 (see “Methods”).

Figure 2a shows that the Σ3 GB at 109° has the lowest formation
energy, ~5meVÅ−2, whereas other GBs, including low-angle GBs, range
from 12 to 24 meV Å−2. Differences in formation energy stem from GB
morphology, with each type imposing different structural modifica-
tions on the lattice. In the Σ3 GB, Li-cage and PS3�4 environments are
largely preserved, with rearrangements of these units and the halide
ions, evident in the relaxed structure (Fig. 2c). By contrast, general GBs
heavily distort Li cages and PS3�4 units, leading to complex Li–S coor-
dination, anion-sublattice disorder, and lattice distortions. Forming
GBs without altering Li-cage and PS3�4 units is expected to be rare, as
GBs are two-dimensional defects distributed throughout the bulk.
These results underscore the importance of simulating realistic GBs
beyond idealized cases such as Σ3 (cf. previous studies in Supple-
mentary Table 3). The GB formation energies of Li6PS5Cl are low
comparedwith oxide electrolytes (25–56meVÅ−2, Ref. 23), and sulfide-
based argyrodites aremechanically soft, both factors likely promoting
the formation of abundant and random GBs in synthesized samples.

We investigate diffusion in GBs using MD simulations of equili-
brated bicrystal models, capturing Li-ion disorder and correlations,
multiple diffusion pathways, GB-induced lattice distortions, and anion-
sublattice vibrations. GB diffusivity and energetics follow a similar
trend: The Σ3 GB at 109° has the lowest diffusivity, while others reach
3 × 10−6 to 7 × 10−6 cm2 s−1 (Fig. 2b). At 600 K, GB diffusivity is about
threefoldhigher than in the bulk and slightly anisotropic, with faster Li-
ion transport within the GB plane (Supplementary Fig. 16). Li-ion tra-
jectories at 300K (Fig. 2d) reveal thatGB-induced latticemodifications
create new low-barrier pathways, promoting inter-cage Li-ion hopping.
Excess entropy (see “Methods”) quantifies the increased structural
disorder at GBs arising from the anion sublattice and mobile Li ions.
Subnanometer voids form at some GBs but have little effect on GB
diffusivity.

Each bicrystal represents a single GB configuration, providing a
simplified model without triple junctions. To probe general config-
urations, we construct two-grain polycrystals embedded with random
GB networks, serving as surrogate GB models (see “Methods”). Their
averaged energetics and Li-ion diffusivities fall within the range of
single-typeGBs (histograms in Fig. 2a, b). Columnar andpolycrystalline
models show comparable Li-ion diffusivity (Supplementary Fig. 17).
These results indicate that triple junctions have a minor effect in
polycrystalline Li6PS5Cl.

GBs in argyrodites with anion disorder and substitution
Our analysis has so far focused on anion-ordered Li6PS5Cl. In argyr-
odite solid electrolytes, anion chemistry—particularly disorder and
substitution (Fig. 1b)—critically influences Li-ion transport. In the bulk
lattice, site exchangebetween S2− andX−markedlypromotes inter-cage
Li+ diffusion24,25. Still, it remains unclear how GBs are coupled with
anion chemistry and how this coupling influences Li+ transport.

To reveal GB effects in anion-disordered argyrodites, we employ
Li6PS5Cl as the model system. Columnar and polycrystalline models
are constructed from anion-disordered bulk, so their GB regions are
influencedby the imposeddisorder. Li-ion trajectories in the bulk from
MD simulations at 300K no longer exhibit distinct cages, indicating a
homogeneous spatial distribution of diffusing Li ions (cf. Fig. 3a).
Anion disorder lowers the bulk diffusion barrier by ~0.17 eV (0% vs.
50%; Fig. 3b), consistent with previous studies24,25. GBs increase the
excess entropy in both anion-ordered and anion-disordered bulk
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phases, yet their influence on Li-ion diffusion differs. With ordered
anions, the diffusion barrier at GBs is reduced by ~80 meV, whereas
with 50% disorder, GBs increase the barrier by ~10 meV relative to
the bulk.

At 300 K, GBs in anion-disordered Li6PS5Cl reduce Li-ion self-
diffusivity by ~60% relative to the bulk yet retain high characteristic
frequencies (~108 Hz; Table 1), corroborating the measured low GB

resistance26 and indistinguishable GB contributions in impedance
spectra27. Predicted bulk and GB diffusion barriers (Fig. 3b; ~0.23 eV)
and room-temperature diffusivities (Supplementary Fig. 10;
~10−7 cm2 s−1) fall within the range of experimental values obtained by
different methods (0.11 to 0.37 eV; 3 × 10−8 to 7 × 10−7 cm2 s−1). This
suggests that GBs are not the primary source of the large experimental
variations, which may instead arise from other defects28 or spatially

Fig. 1 | Multiscale modeling framework to resolve Li-ion transport and atomic
and microstructural complexity of argyrodite solid electrolytes Li6PS5X with
X ∈ {Cl, Br, I}. a Lightweight machine-learning potentials (MLPs) balancing accu-
racy and efficiency are developed with closed-loop active learning, based on
density-functional theory (DFT) calculations of local structures extracted from full
microstructures with grain boundaries (GBs). These potentials are applied in
molecular dynamics (MD) simulations to obtain local Li-ion diffusivities. Finite
element (FE) simulations, parameterized with MD-derived diffusivities and GB
widths, are then performed on micrograins with collapsed GBs and on nanograins
with resolved GBs using Fourier-accelerated nodal solvers, yielding macroscopic
diffusivities. The resulting predictions can be quantitatively compared with
experimental measurements, and, when available, experimental microstructure

data can inform end-to-end experiment–simulation studies. A scanning electron
micrograph of cathode composites containing processed solid electrolytes
Li5.5PS4.5Cl1.5 adapted from Maus et al.29 is shown as an example, in which GBs are
poorly resolved. b Atomic structures of bulk argyrodites featuring Li cages and
ortho-thiophosphate ions. Structural and chemical variations include anion dis-
order andhalide substitution. cAtomisticmodelsofmicrostructures includingbulk
phases, bicrystals with single-type GBs, columnar crystals, and polycrystals with
random GBs. The rotation axis is [110] for both bicrystals and columnar crystals.
Triple junctions occur in columnar crystals and polycrystals, and both GBs and
triple junctions exhibit increased excess entropy, indicating enhanced structural
disorder.
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inhomogeneous anion disorder. Experimental pair distribution func-
tions closely match predictions for bulk Li6PS5Cl (Fig. 3c), implying
that the measured samples are dominated by micrograins with bulk-
like local coordinations.Nanosizing argyrodites is predicted toweaken
correlations beyond 15 Å, providing an atomistic explanation for the
pair distribution decay observed in experiments29.

We examine the effects of anions on Li-ion diffusion using poly-
crystalline models built from anion-ordered phases and varying the
anions from Cl− to Br− or I−. Radial distribution functions of the bulk,
obtained from MD at 600 K, are used to probe the coordination envir-
onment between Li-ion and anions (Fig. 3d). Compared with Li–Cl, the
first peak of the Li–I radial distribution function is shifted outward by

~0.5 Å and attenuated. The increase in Li–X bond length reflects the
larger anion radius of I−, while the first-peak softening may result from
weaker interactions of Li–I vs. Li–Cl. Apart from the first peak, other
peaks in Li–I are sharper than in Li–Cl, indicating that the bulk lattice is
more ordered in Li6PS5I than in Li6PS5Cl during MD simulations.

Li-ion displacements in single-crystalline anion-ordered phases
after 5 ns of MD at 300 K are analyzed (Fig. 3e). In the Li6PS5Cl bulk,
most Li-ion displacements match the Li-cage size (~5 Å), confirming
intra-cage motion, whereas in Li6PS5I, displacements are mostly lim-
ited to ~3 Å, reflecting local hopping between adjacent Li-ion sites.
Simulations predict that substituting Cl with I in bulk argyrodites
increases the diffusion barrier by ~0.3 eV. Including Li6PS5Br reveals a

Fig. 2 | GB impacts in anion-ordered Li6PS5Cl. a Predicted GB formation energy at
0 K. GB energies of Σ3 and Σ9 GBs in small simulation cells were calculated by
density-functional theory (DFT) based on the structures relaxed by machine-
learning potentials (MLPs), which validates the accuracy of MLPs. Error bars show
the standard deviation across five independent potentials. b Predicted GB self-
diffusivities DGB at 600K. Diffusion within and across the GB planes is represented
by DGB

k and DGB
? , respectively. Li-ion diffusivity is lower in the anion-ordered bulk

than in GBs, and DGB
? � 0:87DGB

k . Single-type tilt GBs were constructed with a
rotation axis [110]. Probability distributions of GB energy and diffusivity are shown,

both exhibiting small variations in the GB configuration space, except for Σ3 GBs.
GB energy and diffusivity averaged over all GBs within a polycrystalline model are
consistent with those from single-type GBs. c Relaxed atomic structures of Σ99, Σ3,
and Σ11 GBs at 0 K. Irregular yellow polygons at the Σ99 and Σ11 GBs highlight
complex Li–S coordination.d Li-ion trajectories fromMD simulations at 300Kover
5 ns for the three selected GBs. In Σ99 and Σ11, GBs alter Li–S coordination of Li
cages, producing structural disorder evidenced by increased excess entropy. Sub-
nanometer voids appear in some GBs, such as Σ99.
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clear linear scaling of Li-ion diffusion barrier with anion radius (Fig. 3f),
with an increase of 0.1Å leading to an ~80meV higher barrier. A linear
trend also holds for GB formation energy (Supplementary Fig. 18). By
contrast, this trend is not apparent in anion-disordered argyrodites.

Our systematic study enables decoupling the effects of anion
ordering, anion species, andGBs. In anion-ordered phases, GBs disrupt
Li-ion cages in all Li6PS5X, leading to Li-ion displacements exceeding
5 Å. These effects are anion-dependent. Diffusion is most enhanced at
Br GBs, which reduce the diffusion barrier by nearly 0.2 eV, compared
with reductions of less than 0.1 eV in the Cl and I systems. For anion-
ordered Li6PS5I, experimental values are more than 0.1 eV lower than
the predicted GB value, likely due to additional defects that further

enhance Li-ion transport28,30. By contrast, in anion-disordered phases,
GBs introduce a nearly uniform additional barrier of ~0.02 eV.

Non-Arrhenius transport and grain-size effects
Atomistic simulations provide mechanistic insights into Li-ion diffusion
at GBs, but with limitations (cf. MD results in Fig. 4a). Simulations are
limited to grain sizes of about 10 nm and only a few GBs, making mac-
roscopic properties of real materials inaccessible. Time scales are also
limited to nanoseconds, much shorter than in experiments. To predict
the macroscopic properties of polycrystalline solid electrolytes with
micrometer-sized grains while retaining near-ab initio accuracy, we uti-
lize theMD-deriveddiffusivities andGBwidth (SupplementaryNote4) in

Fig. 3 | GBeffects inargyrodite solid electrolyteswith aniondisorder andhalide
substitution. a Li-ion trajectories in the columnar polycrystal of Li6PS5Cl fromMD
at 300 K over 5 ns. GBs are characterized by increased excess entropy, indicating
lattice distortions. b Li-ion diffusion barriers in bulk and GBs (averages of all GB
structures in the polycrystals) in Li6PS5Cl. Measurements based on nuclear mag-
netic resonance (NMR; Adeli et al.72, Schlenker et al.73) and quasielastic neutron
scattering (QENS; Ding et al.69) show higher and lower barriers, respectively.
c Comparison of simulated and experimental pair distribution functions (PDFs) for
Li6PS5Cl. Simulation results for single-crystalline (y-axis offset: +10 Å−2) and poly-
crystalline (grain size ~8.6 nm; +5 Å−2) structures with 50% anion disorder equili-
brated at 300 K are shown. Experimental data from Schlautmann et al.74 are shown
with offsets for comparison. The simulated bulk PDF matches the experimental
PDF, whereas the nanocrystalline PDF shows weaker peaks beyond 15 Å, reflecting
reduced structural coherence. d Time-averaged Li+–halide radial distribution
functions (RDFs) of bulk Li6PS5X obtained from MD at 600 K. The first Li+–halide

coordination peak in Li6PS5I is attenuated and at a longer distance (~+0.5 Å) com-
pared to that in Li6PS5Cl. Li6PS5Cl exhibits a more attenuated Li–X RDF than others
beyond 4 Å. e Distribution of Li-ion displacements in anion-ordered Li6PS5X with
X ∈ {Cl, Br, I} after MD at 300 K over 5 ns. Li6PS5Cl and Li6PS5Br exhibit intra-cage
diffusion, whereas Li6PS5I shows primarily local hopping. GBs enhance Li-ion dif-
fusion in all polycrystalline argyrodites, and the increase is more pronounced in
Li6PS5Cl, where more Li ions show inter-cage diffusion. f Decoupling anion order-
ing, anion species, and GB effects on Li-ion diffusion barriers. For anion-ordered
argyrodites, the diffusionbarrier increases linearlywith anion radius in the bulk and
GBs generally enhance diffusion. For anion-disordered argyrodites, the diffusion
barrier remains low and shows no clear dependence on anion radius. The predicted
trends agree with the experimental values and errors of Shotwell et al.30, but differ
from those of Kraft et al.27; both were obtained via electrochemical impedance
spectroscopy (EIS).
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Table 1 | Predicted Li-ion self-diffusivities and derived quantities of argyrodite solid electrolytes at 300 K

System Li6PS5Cl Li6PS5Br Li6PS5I

Anion disorder (%) 0 25 50 75 100 50 0

Dbulk (10−7 cm2 s−1) 0.010 2.153 2.184 1.808 0.048 1.522 6.2 × 10−7

DGB (10−7 cm2 s−1) 0.092 0.401 0.959 0.690 0.136 0.436 3.7 × 10−5

DGB/Dbulk 8.79 ↑ 0.19 ↓ 0.44 ↓ 0.38 ↓ 2.85 ↑ 0.29 ↓ 59.25 ↑

fbulk (Hz) 8.61 × 106 1.77 × 109 1.80 × 109 1.49 × 109 3.92 × 107 1.25 × 109 5.05 × 102

fGB (Hz) 7.57 × 107 3.30 × 108 7.90 × 108 5.68 × 108 1.12 × 108 3.57 × 108 2.99 × 104

fexperiment (Hz) [Shotwell] 2.50 × 107 1.37 × 107 1.27 × 105

The anion disorder row indicates the degree of X/S-anion disorder. Diffusion coefficients DGB are fromMD simulations of polycrystals, representing averages over all GB structures within them. The
GB-to-bulk ratio quantifies the impact of GBs on diffusion in the polycrystal with ↑ and ↓ indicating increase and decrease, respectively. The f rows show the predicted characteristic Li-ion hopping
frequencies, which are consistent with experimental values from Shotwell et al.30 Experimental samples of Li6PS5Cl and Li6PS5Br exhibit about 23% and 15% anion disorder, respectively, whereas
Li6PS5I shows less than 5% disorder.30 Characteristic frequencies of the bulk and GBs are comparable for anion-disordered Li6PS5Cl and Li6PS5Br, but differ by about two orders of magnitude for
anion-ordered Li6PS5I.

Fig. 4 | Li-ion transport from atomic-scale diffusion to continuum-scale per-
colation. a Comparison of predicted and experimental diffusivities of anion-
ordered Li6PS5I. MD simulations are limited to small grain sizes and high tem-
peratures, while the proposed approach (MD → FE) provides accurate predictions
for wide ranges of grain size and temperature. Two diffusion regimes are identified
from shifted Arrhenius fits of the calculated bulk and GB diffusivities, which also
determine the transition temperature. Predicted macroscopic diffusivities are in
good agreementwith nuclearmagnetic resonancemeasurements (Hogrefe et al.68).
b Non-Arrhenius transport behavior in anion-ordered polycrystalline Li6PS5I origi-
nating from GBs. Predicted and experimental transition temperatures (Tc ≈ 250 K;
Brinek et al.43) and low-temperature activation energy changes (−0.10 vs. −0.12 eV)
are in good agreement. c Grain-size effect on conductivities of anion-disordered
Li6PS5Cl at room temperature. Predictions for Li6PS5Cl with 50% disorder show

good agreement with quasielastic neutron scattering (QENS) measurements (Kor-
jus et al.67), and exceed values from electrochemical impedance spectroscopy (EIS)
measurements (various studies75–79). d Two-dimensional projections of the Li-ion
flux q at 300 K for nanocrystalline (grain size ~25 nm) Li6PS5Cl with 50% disorder
(DGB < Dbulk) and ordered Li6PS5I (DGB > Dbulk). The fluxes are obtained from FE
simulations under an applied horizontal concentration jump Δc. e Conditions
underwhichGBeffects substantially influence thediffusivity in polycrystalline solid
electrolytes. The cases where GBs alter themacroscopic diffusivity bymore than an
order of magnitude are referred to as GB-dominated, while bulk-dominated refers
to the opposite. The GB-to-bulk diffusivity ratios of 50% anion-disordered Li6PS5Cl
and anion-ordered Li6PS5I from the present study and of Li7La3Zr2O12 from C.-
Mirédin et al.6 at 300 K are indicated.
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continuum FE simulations for the three anion-ordered Li6PS5X with
X ∈ {Cl, Br, I} and for Li6PS5Cl with varying ratios of anion disorder.

For Li6PS5I with micrograins (Fig. 4a), the macroscopic diffusivity
exhibits non-Arrhenius behavior, with a transition temperature around
250K. Diffusion is dominated by the bulk at high temperatures, with a
barrier near 0.69 eV, and by GBs at low temperatures, with a barrier
near 0.59 eV. The transition temperature and the degree of non-
Arrhenius behavior are halogen-dependent (Supplementary Note 5).
Reducing the grain size to the nanometer scale mitigates non-
Arrhenius behavior. Simulation-predicted grain-size effects suggest
that the experimentally measured diffusivity (4.6 × 10−11 cm2 s−1) cor-
responds to a polycrystal with an effective grain size of 31 nm (Sup-
plementary Fig. 20). We convert the diffusivities of a polycrystal with
grain sizes about 1μm into conductivities (see “Methods”; Fig. 4b).
Predictions from simulations agree with the experimentally observed
non-Arrhenius transport behavior. Although the predicted con-
ductivities are underestimated—likely due to an overestimation of the
diffusion barrier for Li6PS5I (Fig. 3f)—the transition temperature is well
reproduced. This suggests that the non-Arrhenius behavior observed
in experiments may originate from GBs in the samples.

Experimentally, the grain-size effect in argyrodites remains
unclear, as grain size is difficult to control and conductivity varies with
synthesis (cf. Fig. 4c). We predict the macroscopic conductivity of
Li6PS5Cl with 50% anion disorder at 300K. Conductivity approaches
the bulk value as grain size increases,with themost significant changes
occurring with nanograins. Good agreement is observed between
predictions and quasielastic neutron scattering measurements. In
contrast, the predicted values are roughly an order of magnitude
higher than the highest experimental values measured by electro-
chemical impedance spectroscopy, which probes macroscopic trans-
port. This discrepancy is partially mitigated by considering voids in
solid electrolytes (Supplementary Fig. 22). Additional discrepancymay
arise from differences in density, pellet processing, or
electrode–sample contact31. Therefore, the predictions provide grain-
size-dependent upper limits for the conductivities of Li6PS5Cl. To
examine the impact of nanosized grains in solid electrolytes, Li-ion
fluxes in disordered Li6PS5Cl and ordered Li6PS5I at 300 K are visua-
lized using FE simulations (Fig. 4d). In Li6PS5Cl, GBs show little effect
on flux magnitude or orientation, whereas in Li6PS5I, GBs act as con-
necting channels for Li-ion transport, with Li-ion preferentially flowing
through them. These results reflect the impact of GBs on Li-ion
transport: They reduce diffusivity by half relative to the bulk in
Li6PS5Cl, but enhance diffusivity by up to 60-fold in Li6PS5I (Table 1).

The impact of GBs on macroscopic diffusivity or conductivity
depends on both DGB and grain size. We provide a precomputed map
linking atomic-scale changes in diffusivity to continuum-scale effects
basedon FE simulations (Supplementary Fig. 21). Using the criterion that
GBs alter the total diffusivity by more than an order of magnitude, the
bulk-dominated and GB-dominated regimes can be quantitatively esti-
mated (Fig. 4e). For solid electrolytes withmicrograins (d > 100nm), the
GB effect becomes significant whenGBdiffusivity is either two orders of
magnitude higher or three orders of magnitude lower than the bulk.

Discussion
Our simulations reveal that GB voids are subnanometer in size and that
GBs do not significantly impede Li+ diffusion in the Li6PS5Cl solid
electrolyte. The lower-than-predicted experimental conductivities
likely stem from limited interparticle contacts inpowder samples, even
after processing31. Grain refinement, such as wet milling before
mechanical pressing32, which reduces porosity and introduces GBs,
can thus effectively enhance intergranular contact in sulfide solid
electrolytes while preserving their superionic conductivity.

GBs in argyrodites exert markedly different effects depending on
the underlying anion sublattice. In materials with fast bulk diffusion
pathways, GBs act as barriers, consistent with the reported GB

resistance in oxide-based solid electrolytes7,33. Reducing GB resistance
throughmodification orminimizing GB density is essential to improve
such materials7. In contrast, in systems with intrinsically low bulk dif-
fusivity, GBs facilitate Li+ transport, as exemplified by anion-ordered
Li6PS5I. Similar GB-induced diffusion enhancement has also been
predicted in sulfides such as Na3PS4

34 and β-Li3PS4
17, in the oxide

LiZr2(PO4)3
35, and in the halide Li3InCl6

13. Consequently, nanosizing can
offer a strategy to improve potential solid electrolytes lacking intrinsic
superionic conductivity.

Because experimentally controlling anion type and aniondisorder
independently is difficult, the impact of incorporating different anions
in argyrodites on their intrinsic transport properties has been
unclear30,36. Our results reveal a linear dependence between diffusion
barrier and the anion radius in ordered argyrodites. A large radius
mismatch between S2− and X− obstructs Li+ pathways and increases the
diffusion barrier, consistentwith theobservation forK3OX37. This trend
contrasts with LISICON-type solid electrolytes, where increasing the
cation radius lowers the diffusion barrier to as low as 0.1 eV38. Our
finding indicates that lattice polarizability, tunable through halide
substitution, may not be the dominant factor governing Li-ion diffu-
sivity in argyrodites, contrary to earlier suggestions27.

Non-Arrhenius transport behavior has been reported for several
solid electrolytes and attributed to local energy fluctuations within the
bulk39,40. However, this explanation cannot hold for Li6PS5I, where the
diffusion barrier decreases at low temperature36, with a transition at
250K—well above the structural transition observed experimentally at
160K36,41. The simulations show that GBs can give rise to non-Arrhenius
behavior in Li6PS5I, thereby providing a possible atomic-scale mechan-
ism for the experimental observations36. Our results for Li6PS5X reveal
that both the transition temperature and the magnitude of non-
Arrhenius behavior are halogen-dependent (Supplementary Note 5),
consistent with the softened and ultimately absent anomaly observed
for Li6PS5Br0.5I0.5 and Li6PS5Br, respectively

36. In halide-rich argyrodites,
GBs hinder Li+ transport, leading to a predicted increase in the low-
temperature diffusion barrier, consistent with experiments42. Moreover,
our results reveal that nanosizing suppresses the non-Arrhenius
response of Li6PS5I, in line with experiments43. Because non-Arrhenius
behavior near room temperature can destabilize battery performance, it
can be practically mitigated by controlling grain size or tuning GB
diffusivity.

In conclusion, multiscale modeling integrating molecular
dynamics and finite element simulations is accurate and efficient for
studying ion transport in polycrystalline solid-state electrolytes. This
approach provides the atomic-to-macroscopic support for the
experimentally observed non-Arrhenius Li+ transport in argyrodites
and offers insights for designing solid electrolytes in all-solid-state
batteries. Grain boundaries (GBs) can enhance or suppress diffusion
depending on bulk diffusivity, implying that nanosizing may activate
transport in systems lacking intrinsic superionic behavior. For Li6PS5Cl,
grain refinement can improve intergranular contacts without com-
promising conductivity. Our results also highlight the anion radius as a
key compositional parameter. Looking forward, systematic screening
of GB diffusivities can establish the basis for extending GB engineering
to solid electrolyte interfaces.

Methods
Multiscale modeling framework
Machine-learning potentials for large-scale atomistic simulations
should balance accuracy with computational cost. To obtain such
potentials for argyrodite solid electrolytes, a closed-loop active
learning scheme combined with systematic parameterization of
moment tensor potentials (MTPs) is developed.

First, given that structural and chemical complexities are con-
centrated in grain-boundary (GB) regions, local atomic environments
are extracted from full structures in the active learning process
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(Supplementary Fig. 4a). The extraction of local structures sub-
stantially reduces the cost of density-functional theory (DFT) calcula-
tions. Thepreservation of stoichiometry of the extracted structure and
the relaxation of atoms at the boundaries of the periodic cell are
introduced to minimize artificial effects.

Second, a quality-level-based scheme is employed to efficiently
sample the configurational space (Supplementary Fig. 4b). Initial
potentials with a small number of fitting parameters are trained on
short ab initio molecular dynamics (MD) trajectories and used to
explore configuration space via active learning. The accuracy of the
potential after active learning is evaluated, and if insufficient, a
potential with more fitting parameters (more accurate and computa-
tionally intensive) is used for the next round of active learning. This
iterative process continues with increasingly complex potentials,
enabling systematic and data-efficient development of potentials for
complex structures requiring ab initio accuracy.

The final machine-learning potentials are optimized for both
accuracy (Supplementary Fig. 5) and efficiency (Supplementary Fig. 6),
guided directly by the target material properties rather than fitting or
validation error. We refer readers to Supplementary Note 1 for further
details.

Finite element (FE) simulations are employed to extend the
accessible timescales from nanoseconds to beyondmicroseconds and
length scales from nanometers to polycrystalline systems with
micrometer-sized grains (Supplementary Fig. 4c). The statistically
converged diffusivities obtained from large-scale MD simulations
accelerated by the trained MTP, including the GB width parameters,
serve as input for the continuum-scale FE simulations.

Resolving GB layers in polycrystalline models presents computa-
tional challenges for mesh-based FE simulations. To address this, dif-
ferent approaches are implemented depending on grain size to
balance the accuracy and computational efficiency. For nanocrystal-
line polycrystals, GBs are volume-resolved, and continuum diffusion
equations are solved using fast Fourier transform (FFT)–based meth-
ods. Formicrocrystalline polycrystals, GB layers become relatively thin
and are thus represented as thickness-collapsed finite elements. In
both cases, diffusivity tensors of polycrystalline models are obtained
through linear computational homogenization. Comparative tests
reveal that the volume-resolved and thickness-collapsed GB repre-
sentations complement each other, supporting their combined use as
an effective strategy to address the challenges of length-scale separa-
tion and diverse kinetic regimes presented in polycrystalline solid
electrolytes (Supplementary Fig. 11). We refer readers to Supplemen-
tary Note 3 for further details.

The proposedmultiscalemodeling framework enables prediction
of macroscopic diffusivities in polycrystalline solid electrolytes up to
device-relevant scales (Supplementary Fig. 4d). Itsmain strength lies in
balancing accuracy and efficiency across the entire modeling process,
through an optimized active learning scheme for machine-learning
potentials, a data-efficient multiscale workflow, and tailored methods
for resolving GBs in FE simulations. Moreover, our modeling frame-
work can be readily extended to explicitly include additional micro-
structural features. For example, surface diffusivities obtained from
atomistic simulations can be incorporated into continuum models to
describe transport along pore surfaces, enabling multiscale modeling
of porous polycrystalline solid electrolytes.

Active learning
In the MTP formalism44, the total energy E of a structure is the sum of
the atomic energies V ðniÞ of each atom in the structure,

E =
XN
i= 1

V ðniÞ, ð1Þ

where ni is the local atomic environment of atom i, andN is the number
of atoms in the structure.

Since the atomic energy given by an MTP has a non-linear
dependence on its fitting parameters, the generalized D-optimality
criterion and the MaxVol algorithm45,46 based on the fitted MTPs are
used for active learning (AL). In AL, the term global-AL refers to cases
where uncertainty is quantified over the entire simulation model,
whereas local-AL refers to cases where uncertainty is quantified indi-
vidually for each atom in the model. For global-AL, variables Bjk are
defined as the partial derivative of the total energy Ej of an atomic
structure j predicted by the fittedMTP and the fitting parameters θk of
the MTP:

Bjk : =
∂Ej

∂θk
, for globalAL: ð2Þ

In local-AL, variables Bjk are defined as the partial derivative of the
atomic energy V ðnjÞ of a local atomic environment nj predicted by the
fitted MTP and the fitting parameters θk of the MTP:

Bjk : =
∂V ðnjÞ
∂θk

, for local AL: ð3Þ

Suppose that anMTP hasm fitting parameters and has been fitted
to a training set, i.e., the fitting parameters are optimized or initialized.
For theMTP, an active set withm elements (m structures for global-AL
orm local atomic environments for local-AL) can be selected from the
training set so that they maximize the absolute value of the determi-
nant of the following square matrix:

A=

B11 B12 � � � B1m

B21 B22 � � � B2m

..

. ..
. . .

. ..
.

Bm1 Bm2 � � � Bmm

2
66664

3
77775: ð4Þ

In the active set matrix A, each row corresponds to an element,
and each column corresponds to the partial derivative of a fitting
parameter.

For a specific structure or local atomic environment x, the struc-
tural descriptor vector of x can be obtained based on a fitted MTP,

Bx = Bx1,Bx2, � � � ,Bxm

� �
: ð5Þ

Together with the active set matrix A of the fitted MTP, the
extrapolation grade44 of x can be calculated as

γx = max jBxA
�1j: ð6Þ

It can be interpreted that, given the training set and the fitted
MTP, x is evaluated as interpolative if γx < 1 and as extrapolative
if γx > 147.

In the present study, MTPs with eight radial basis functions were
used. The minimum and maximum cutoffs were set to 1.5 and 5 Å,
respectively. The fitting weights for the energies and atomic forces
were set to N�1

at and 0.001 Å2, respectively, where Nat is the number of
atoms in the corresponding cell. The local extrapolation grade
thresholds for selecting and breaking were 1.4 and 5, respectively.
MTPs trained up to level 18 were used for all simulation models in the
production runs. For the same material system, the training and vali-
dation root-mean-squared errors of all utilizedMTPs are below 10meV
atom−1 in energy (Supplementary Fig. 5).Details of theparameters used
in AL are provided in Supplementary Note 1 and Supplementary
Figs. 1–3.
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Simulation models
The bicrystal GB models were constructed based on the ideal anion-
orderedbulk of Li6PS5Cl and coincidence-site lattice theory48 following
our previous study22. The geometry of a GB structure can be labeled by
the integer index Σ, which is defined as the ratio between the coin-
cidence unit cell volume and the rotated unit cell volume49. The rota-
tion axis of the two grains in the bicrystal models was set along [110],
while the rotation angle between them was varied to generate distinct
GB configurations. Supercells were constructed to ensure that adja-
cent periodic GBs were separated by more than 50 Å. The grains were
slightly shifted in the normal direction of the GB plane to ensure that
atomic distances of all atom pairs are larger than 1.8 Å.

The atomistic columnar crystal andpolycrystallinemodels consist
of two grains in cubic cells andwere constructed using ATOMSK50 with
periodic boundary conditions applied. For the columnar crystal, the
rotation axis is [110] and themisorientation angle is ~61°. The position
and crystallographic orientations of the two grains in the polycrystal-
linemodelswere randomized, with the resultingmisorientation angles
~44°, ~6°, and ~8° for the rotation axes [100], [010], and [001],
respectively. The resulting atomic models thus contain distinct, ran-
domly oriented GBs, serving as representative surrogate GB models.
For each grain in the columnar and polycrystalline models, the stoi-
chiometry of elements was ensured by removing atoms at GB regions.
To construct anion-disordered models, S atoms inside the Li cage and
Cl atoms were randomly selected according to the disorder percen-
tage and exchanged, following our previous study22. All simulation
cells maintain the stoichiometry of Li6PS5X, ensuring formal charge
neutrality. The local entropy of atomisticmodels was calculated based
on the two-body excess entropy51 implemented in OVITO52. Atomistic
models were visualized with OVITO and VESTA53. Pair distribution
functions were calculated using DIFFPY-CMI54.

Polycrystalline microstructures in the continuum simulations
were generated using three-dimensional periodic Voronoi
tessellations55 within a unit-cube domain, providing a simplified
representation of realistic GB networks56. This approach is appropriate
for the present study, as the GB diffusivity averaged over all GBs in the
surrogate atomic model was used as input for the continuum simula-
tions. The approach remains justified even when distinct GB diffusiv-
ities are used in the FE simulations (Supplementary Fig. 20a), as the
variation in diffusivities across different GB types is small. The same
tessellations were employed for both volume-resolved and thickness-
collapsed GB representations, ensuring that the two approaches
remain directly comparable. The GB width was set to 2.5 nm, con-
sistent with MD-resolved atomic structures (Supplementary Note 4).

In continuum simulations, different discretizations were applied
for the twoGB representations (Supplementary Fig. 4c). To resolve the
GB, a structured voxel grid of prescribed resolution was generated
using MSUTILS (see “Code availability”), and each voxel was assigned
an MD-derived diffusivity according to its region in the polycrystalline
model. In the collapsed approach, a GB-conforming second-order
mesh was generated with NEPER57,58 and then enriched with the inter-
face elements18. The GB thickness was treated as an implicit parameter
of the constitutive model, without being explicitly represented in the
discretization.

Continuum simulations in production runs were carried out on a
nearly isotropic polycrystalline model containing 27 grains, con-
sidered a realistic representative volume element (RVE) for poly-
crystalline solid electrolytes. The consistency of the two GB
representationswas tested using an idealized two-grain polycrystalline
model to reduce computational cost. Symmetrically placing the two
tessellation seeds produces diamond-shaped grains, and the resulting
model possesses isotropic transport properties. Voxel-based images of
the resolved geometry and the corresponding collapsed crinkle-cut
geometry for both the realistic and idealized models are shown in
Supplementary Fig. 11a, b. The continuum simulation models were

visualized using ParaView59. Schematic figures were created using
Microsoft PowerPoint.

Ab initio and atomistic simulations
Electronic-structure calculations were performed using DFT as imple-
mented in VASP60–62. The projector augmented-wavemethod63 and the
generalized gradient approximation in the Perdew–Burke–Ernzerhof
(PBE) parametrization64 were used. Electrons in the atomic orbitals
1s22s1, 3s23p3, 3s23p4, 3s23p5, 4s24p5, and 5s25p5 were treated as valence
electrons for Li, P, S, Cl, Br, and I, respectively. The plane-wave cutoff
was set to 500 eV, and the energy was converged to less than 10−3 eV
per simulation cell. Ab initio MD simulations were performed with the
conventional unit cell of Li6PS5X with X ∈ {Cl, Br, I}, containing 52
atoms, at 1500K using the Nosé–Hoover thermostat and the canonical
ensemble implemented inVASP. The time step and theNosémasswere
set to 2 fs and 3 u Å2, respectively. The reciprocal space was sampled
using the Gaussian smearing with a width of 0.03 eV and a Gamma-
centered 2 × 2 × 2 k-pointmesh (416 kp atom). For electronic-structure
calculations of the extracted structures with about 200 atoms, the
reciprocal space was sampled at the Gamma point.

Large-scale MD simulations were performed by LAMMPS65 with
the fitted MTPs, with a time step of 2 fs. The energy of the relaxed
structure was obtained by the MD-based annealing-and-quenching
approach: The GB-containing atomic models were first equilibrated at
600K, then cooled to near 0 K over 1 ns, and finally relaxed to 0 K22.
The GB energy Γ was calculated by

Γ =
EGB � Ebulk

Atot
, ð7Þ

where EGB and Ebulk are the energies of the relaxedmodels with GB and
with only bulk, respectively, and Atot is the total GB area in the simu-
lation cell. For the MD simulations targeting diffusion properties, the
structures were first equilibrated with the NPT ensemble at zero
pressure for 0.2 ns. The self-diffusion coefficient D at temperature T
was calculated by

DðTÞ= hu2iT
2dt

, ð8Þ

where hu2iT is the mean square displacement of Li atoms in MD, and d
and t are the number of dimensions and simulation time, respectively.
The production runswereperformed in theNVE ensemble for 5 ns, and
the simulation window from 3 to 5 ns was used to calculate diffusion
coefficients.

GB diffusion coefficients were extracted from the diffusion coef-
ficients derived from the simulation model with GBs. A GB width of
2.5 nm was used, consistent with our previous study22. Within the
normal diffusion regime, an Arrhenius relation for diffusion coeffi-
cients can be defined as

DðTÞ=D0 exp � Ea

kBT

� �
, ð9Þ

where D0 is a constant, Ea is the diffusion barrier, and kB is the Boltz-
mann constant.

Ionic conductivity σ is related to self-diffusivity D via a modified
Nernst–Einstein equation66,

σ =Λ
ðzeÞ2D
kBT

, ð10Þ

where z is the valence of the mobile ion (z = 1 for Li+), e is the ele-
mentary charge, and Λ is a system-dependent coefficient related to the
concentration of the mobile ions and the Haven ratio. For Li6PS5Cl,
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Λ ≈ 2.181 × 10−2Li Å−3 at 298K was used, following our previous study22.
The same Λ was used to convert the diffusion coefficients obtained
from quasielastic neutron scattering measurements in ref. 67. For
Li6PS5I, the conductivity from ref. 43 and the diffusivity at 366 K from
ref. 68 were used, resulting in Λ ≈ 1.590 × 10−1 Li Å−3.

The residence time τ of inter-cage Li-ion jumps was estimated as

τ =
l2

6D
, ð11Þ

where l denotes the inter-cage jump distance. The corresponding
characteristic frequency f was then obtained as

f =
1
τ
: ð12Þ

The inter-cage jump distance of anion-disordered Li6PS5Cl was
reported to be 2.70 Å69. Given the similar radial distribution functions,
the same value (2.70 Å) was adopted for the anion-ordered phases and
GBs. The relaxed lattice constants of the anion-ordered Li6PS5Cl,
Li6PS5Br, and Li6PS5I structures (cubic, F�43m symmetry) were
calculated as 10.28 Å, 10.31 Å, and 10.35 Å, respectively. Assuming
linear scaling with lattice parameter, the corresponding jump
distances for Li6PS5Br and Li6PS5I were approximated as 2.71 Å
and 2.72 Å.

Continuum simulations
On the continuum scale, we considered an ion-concentration field c(x)
defined at every position xwithin the simulation domain. The relation
between the ion-concentration field and the ion flux q was described
by classical Fickian diffusion,

qðxÞ= �Dbulk∇cðxÞ in bulk ,

�DGB∇cðxÞ in GB ,

(
ð13Þ

where Dbulk and DGB are diffusion tensors of the bulk and GB, respec-
tively. The bulk was assumed isotropic, i.e.,Dbulk =DbulkI, with the scalar
diffusivity Dbulk derived from atomistic simulations. GBs were defined
as transversely isotropic: Diffusion within the GB plane was described
by DGB

k , whereas diffusion perpendicular to the plane was governed by
DGB
? . BothDGB

k andDGB
? were derived from atomistic simulations. When

averaged GB diffusivities derived from atomic GB models were used,
the continuum simulations assumed DGB =DGB

k =DGB
? .

The concentration field satisfies the steady-state balance equa-
tion,

∇ � qðxÞ=0, ð14Þ

corresponding to the time-independent condition reached in the long-
time limit. By imposing a concentration gradient and solving for the
resulting concentration fluctuation field under periodic boundary
conditions, the problem is treated using linear computational
homogenization, yielding the macroscopic diffusivity tensor Dmacro

for the RVE on the continuum scale18. Since the constructed
polycrystalline model is nearly isotropic, only the average eigenvalue
of the diffusivity tensor is reported and denoted asDmacro. This average
deviates from the minimum andmaximum eigenvalues by at most 3%,
and typically by less than 1%. Comparisons with the analytical
Maxwell–Garnett estimate70 for isotropic GB setups show good
agreement. We emphasize that our approach extends the prediction
of Dmacro to polycrystalline solid electrolytes with transversely
isotropic GBs.

In the resolved approach, the FFT-based homogenization solver
FANS20 (see “Code availability”) was operated on a voxel-based image
of the polycrystalline model. For production runs, a 512 × 512 × 512

voxel grid, corresponding to ~134 million degrees of freedom, was
used. In the collapsed approach, a conforming mesh was employed,
with ~0.44million degrees of freedom for the 27-grain tessellation and
~0.23 million degrees of freedom for the two-grain tessellation. The
grain size of the polycrystallinemodel was defined as the diameter of a
sphere with a volume equal to the average grain volume in the model.
Grain-size variation in the polycrystalline model was achieved by
rescaling the simulation cell size while keeping the GB width
unchanged.

During the preparation of this manuscript, the authors used
ChatGPT (OpenAI GPT-5 model) to improve clarity and readability. All
content generated with its assistance was reviewed, edited, and ver-
ified by the authors, who take full responsibility for the final content of
the published article.

Data availability
The data generated in this study have been deposited in the DaRUS
repository71. The atomic dataset includes DFT and MD input files,
training data, and fitted MTPs. The continuum dataset contains the
employed geometries, full-field solutions, and effective responses.
Source data are provided with this paper.

Code availability
Scripts for performing quality-level-based local active learning, gen-
erating bulk, GB, and polycrystal structures, and analyzing results have
been deposited in the DaRUS repository71. In addition, an easy-to-use
demonstrator is provided in the repository for generating voxel-based
geometries, performing simulations with FANS and MSUTILS, and
visualizing the simulation results.
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