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Lithium fluoride (LiF) is a fundamental inorganic component of the solid electrolyte interphase (SEI) in
lithium-ion batteries, yet its intrinsic ionic transport properties remain poorly understood, since there is
a lack of direct experimental data, and standard computational approaches have difficulties in
modeling these phenomena. Here, we train a machine learning based interatomic potential (MLIP) to
perform large-scale Molecular Dynamics simulations of lithium diffusion in bulk LiF with near-DFT
accuracy. Our study reveals not only conventional vacancy and interstitial transport mechanisms, but
also a novel collective ring diffusion process involving six lithium ions. This mechanism arises under
high interstitial concentrations, and it is stabilized by partial charge delocalization. Given the dynamic
evolution of the SEI under electrochemical cycling, we suggest that such correlated diffusion events
may be transiently active in LiF-rich regions. More broadly, our results demonstrate the power of
MLIPs to access long timescales and complex dynamical behavior, providing a robust framework for

future multiscale modeling of the SEI.

In the three decades since their first commercialization in 1991, lithium-ion
batteries (LIBs) have become the dominant electrochemical energy storage
technology, with widespread applications ranging from portable electronics
to electric vehicles (EVs) and energy storage systems (ESSs)*™.

Regardless of the cell formats - coin, cylindrical (Fig. 1a), pouch, and
prismatic cells — every LIB is formed by an anode, a cathode, an electrolyte
(Fig. 1b) and auxiliary components such as separator, current collectors, and
binders to store electrical energy in the form of chemical potential'.

The widespread use of LIBs as ESSs is driving demand and devel-
opment toward batteries that are more energy dense, eco-friendly, robust,
and safe’. Despite significant progress over the past two decades,
designing next-generation batteries remains hindered by our limited
understanding of anode-electrolyte interfacial chemistry’. In this region,
a nanometer-thick layer known as the solid electrolyte interphase (SEI)
forms. The SEI results from the reduction reactions involving lithium
ions and the organic electrolyte molecules at the anode surface”®. This
passivation layer insulates the anode while permitting the Li-ion trans-
port and extending the electrolyte stability window, which is essential for
efficient LIB function™.

However, SEI's formation, stability, evolution, and ion transport
mechanisms’ are still not fully understood”’. Because the SEI significantly
governs cycling instability, resistance growth, and capacity fade'*", closing

this knowledge gap is crucial to boost the efficiency and lifespan of next-
generation LIBs""".

Recent experiments have shown that'"'® SEI consist of both inorganic
and organic by-products of electrolyte reduction in a mosaic'”" or multi-
layer structure'®” (Fig. 1c). The dense inorganic sub-layer of the SEI -
typically a mixture of Li,CO;, Li,O, and LiF - acts as the first electron-
blocking barrier and dictates interphase durability'>'’. Therefore, control-
ling and stabilizing the formation of this inorganic-rich inner layer is
essential for producing a functional SEI*'. Since LiF combines a wide band-
gap (which helps block electron tunneling), high mechanical strength, and
low solubility, recent work has shifted toward LiF-rich SEIs™. Several studies
have indeed reported improvements in cycling stability, interfacial integrity,
electrochemical performance, and flame resistance when the LiF content of
the SEI is increased™ via fluorine-rich electrolyte additives™*, fluorinated
salts**” or deposition™’,

At the same time, a central paradox remains: bulk LiF is a poor ionic
conductor, yet LiF-rich interphases often correlate with better rate capability
and stability. Recently, high-resolution spectroscopic experiments have
begun to shed light on this conundrum, revealing that LiF in the SEI can
form LiF-LiH solid solutions with enhanced ionic conductivity”. Moreover,
LiF in the SEI can be amorphous or lattice-expanded relative to bulk LiF,
implying structure and transport distinct from the bulk phase. This refined
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Fig. 1 | Multiscale nature of lithium-ion batteries. a Cylindrical LIB cell formed by
a stratification of several cells (b) formed by two active materials — cathode and
anode - and three auxiliary components — the two current collectors and the
separator. On the surface of the anode active material particle (c), we have the

formation of the solid electrolyte interface formed by inorganic salts (Li,o, Li,CO3,
LiF) and organic molecules (such as Lithium Ethylene Dicarbonate Li,EDC,
C,H,4Li,0¢), Lithium Methyl Carbonate (LMC, C,H;LiO3). d Conventional unit cell
of inorganic LiF, showing the octahedral and tetrahedral sites for lithium.

picture strengthens the need for a quantitatively reliable, atomistic
description of Li* diffusion in LiF-rich environments.

Atomistic simulations, particularly molecular dynamics (MD), are
uniquely suited to provide an atomistic picture of diffusion, capturing ion
hops and correlated motion while enabling rigorous, statistical quantifica-
tion. However, before simulating directly the multiphase SEIL, a necessary
first step is to characterize the Li* diffusion mechanism in bulk LiF, quan-
tifying the dominant carriers (vacancies vs. interstitials), hop pathways, and
activation energies. By pinning down LiF’s intrinsic diffusion mechanisms,
we can provide reference parameters to rationalize the behavior of LiF-rich
SEI interphases. In this sense, the present bulk-LiF analysis serves as a
mechanistic reference and limiting case for Li transport through LiF-rich
SEIregions, rather than as a comprehensive model of ion conduction in the
heterogeneous SEL In realistic SEI morphologies, however, interfaces, grain
boundaries, structural disorder, and non-bulk LiF environments may pro-
vide distinct transport pathways™*. Therefore, understanding Li* diffusion
in bulk LiF is a crucial initial step before modeling more complex SEI
systems. Here, using state-of-the-art molecular dynamics powered by ab
initio-quality machine-learning-based interatomic potentials, we perform
long-time- and large-scale simulations, obtaining a close view of Li*
dynamics in the LiF matrix and extracting detailed insights into the
underlying diffusion mechanism.

Furthermore, we present an advanced local-environment descriptor-
based analysis to characterize the coupled dynamics of interstitial atoms
with their surroundings, thereby enhancing our understanding of diffu-
sivity. Specifically, we compute the Smooth Overlap of Atomic Positions
(SOAP) descriptor for every Li atom at each MD frame, yielding a rotation-

invariant fingerprint of its coordination shell. This allows us (i) identifying
which Li atoms are actively diffusing even when all Li are mobile, (ii)
tracking and quantifying the atoms that participate in each hop, (iii) seg-
menting trajectories into lattice, transition, and interstitial regimes, (iv)
extracting mechanistic insight along diffusion events. These analyses,
combined with MLIP-driven MD at scale, hold promises for future inves-
tigation of Li-ion diffusion behavior in multicrystalline SEI.

Results

In this section, after testing the MLIP performance and its predictions for
bulk LiF, we exploit the accuracy and speed-up offered by the MLIP to
investigate lithium diffusion mechanisms.

Bulk phase characterization
Previous efforts to construct a reactive force field for LiF revealed significant
challenges in reproducing the solid-phase characteristics of this SEI com-
ponent at sub-melting temperatures (below 1121.35 K 7). In particular, the
common ReaxFF parameterization’’ used in SEI formation and growth
studies tends to predict unstable LiF, which leads to amorphization, an
artifact that hinders a proper description of crystalline stability. A recent
study" introduced a refined ReaxFF parameterization that utilized tailored
training configurations to mitigate the amorphization issue, resulting in
improved structural stability. Nonetheless, even with these updates, dis-
crepancies from ab initio reference data remained, indicating that further
enhancements are necessary.

To overcome these limitations, we trained an MLIP for crystalline LiF
that reproduces ab initio energetics and forces while enabling large-scale,
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Fig. 2 | Li-F radial distribution function (RDF), g(r), computed for two reactive
force fields: a ReaxFF and b a ML-based interatomic potential (MLIP). The upper
panels (a) and (b) show the time evolution of the RDF during the initial phase of the
NVT simulations. Each curve represents the RDF averaged over 4 ps windows for the
first 300 ps, colored according to the colormap on the right; in (b), the average RDF
after =20 ns is also shown as a dashed line. ¢ shows the temperature dependence of
the RDF, obtained by averaging RDFs from four 20 ns replicas of each NVT simu-
lation at 250 K, 300 K, 350 K, 400 K, and 450 K. The average RDFs are plotted with
colors corresponding to each temperature (right colormap); shaded areas denote
confidence intervals (not visible as they are smaller than the line thickness).

long-time simulations. As the first benchmark of this MLIP, we compare the
crystal structure properties prediction against the recent ReaxFF. We con-
sider the stable face-centered cubic (FCC) LiF structure illustrated in Fig. 1d.
In the FCC LiF lattice, each Li* ion occupies an octahedral site surrounded
by six F~ ions (drawn in green in Fig. 1d), while the tetrahedral sites (drawn
in yellow in Fig. 1d) remain empty.

We replicated the conventional cell shown in Fig. 1d five times along
the three Cartesian axes, resulting in a final simulation box with a volume of
approximately 20 x 20 x 20 A®. The resulting supercell was simulated at
300 K keeping constant volume, number of atoms, and temperature. Figure
2a and b compare the radial distribution functions (RDFs) between Li and F

for the ReaxFF*’ and our MLIP. Both force fields generate peaks consistent
with the FCC crystal structure, with an average Li-F interatomic distance of
approximately 2 A. However, after a short equilibration period (~100 ps),
the ReaxFF RDF exhibits progressively broader peaks and a notable shift,
indicating excessive atomic mobility. This phenomenon is in agreement
with previous observations™ ™ that ReaxFF struggles to accurately describe
the LiF crystal phase, leading over time to partial amorphization. In contrast,
our MLIP preserves the expected FCC structure over nanosecond time-
scales, confirming its ability to accurately describe the ionic bonding in LiF.

To further assess the MLIP stability, we carried out NVT simulations at
five temperatures, ranging from 250 K to 450 K with steps of 50 K (Fig. 2¢).
This range spans typical LIBs working conditions as well as extreme sce-
narios approaching thermal runaway* (e.g., the Tetramethylene sulfone
(TMS) base electrolyte flash point is ~440 K *°). Across this interval, the Li-F
RDFs show systematic peak broadening with temperature, consistent with
thermal motion and indicating that the MLIP maintains a stable crystal
phase and accurately reproduces lattice vibrations. To further validate the
MLIP beyond finite-temperature structural stability, its phonon dispersion
and equation of state were compared to the underlying ab initio reference
and the ReaxFF (Supplementary Fig. S4). The MLIP closely reproduces both
the DFT phonon spectrum and the equilibrium-volume minimum, whereas
ReaxFF exhibits pronounced deviations from DFT.

Vacancy diffusion

Confident in the accuracy of the MLIP, we next investigated the Li-ion
diffusion in LiF. Several atomistic mechanisms can, in principle, contribute
to Li mobility: point-defect migration via vacancies or interstitial sites and
pathway enlargement as a consequence of lattice deformation at grain
boundaries, and collective motions such as paddlewheel-like motion or
ring-diffusion hops involving multiple ions’. Because the present study
focuses strictly on bulk phenomena, we exclude grain-boundary and surface
pathways, which will be studied in the future.

We start by studying the diffusion via Li-vacancy since Handan Yil-
dirim et al.* found that these defects are thermodynamically more stable
than other point defects like interstitials and Frenkel pairs. Their DFT
formation-enthalpy calculations indicate that lithium vacancies disrupt the
close-packed nature of the rock-salt structure less significantly, with an
energy of approximately 0.76 eV for Livacancies compared to about 1.73 eV
for Li interstitials. More complex point defects, such as Schottky defects and
Frenkel defects, have even higher formation energies (>2.3 eV*), so we
excluded them from our study.

In vacancy-mediated diffusion (a missing Li-ion in the octahedral site),
one of the twelve surrounding Li atoms hops into the empty site, allowing the
lithium atom motion, as schematically illustrated in Fig. 3a. To model this
process, we created a single vacancy by removing one Li atom from the 5 x 5 x
5 LiF supercell used for the bulk simulation, resulting in a well-isolated defect
with minimal vacancy-vacancy interactions with the periodic image.
Unbiased NVT simulations (30 ns, four replicas, 250—450 K) revealed no
vacancy hops, in line with previous ab initio Climbing Image Nudged Elastic
Band (CI-NEB) studies that reported a relatively high activation energy for
this process (0.66 eV for Zheng etal.” and 0.73 eV for Yildirim et al.**). At 450
K, such barriers roughly translate into a characteristic diffusion time of the
order of microseconds, which explains our inability to observe vacancy dif-
fusion on the 20 ns timescale. To overcome this timescale problem, we used
the on-the-fly probability enhanced sampling (OPES) method**, which
accelerates rare events sampling by adding a bias potential along a selected
collective variable (CV). Because the twelve Li" neighboring the vacancy are
symmetrically equivalent, the choice of which Li to bias does not affect the
reaction pathway or the free energy barrier. Thus, we biased one arbitrarily
chosen neighbor of the vacancy, and set as collective variable, s, for the
process, the two cartesian coordinates s = (x, y)* (any of the three cartesian
coordinate pairs is equally valid because of cubic symmetry).

The reconstructed FES is plotted in Fig. 3b, together with the
minimum-free-energy reaction pathway ( and the resulting free
energy barrier. From the two-dimensional free-energy surface, we
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reaction. Color code: Li atoms in magenta, the F atoms in green, and the transparent
blue atom is the vacancy site. g Local chemical environment analysis: cosine simi-
larity between SOAP descriptors at the virtual vacancy position p(V;) and at a
general position p(r).

extracted vacancy-migration barriers at 250, 300, 350, 400, and 450 K
(Fig. 3c), yielding a temperature-independent activation energy
of 0.76 V.

To gain further insight into the vacancy-diffusion mechanism, we
performed an analysis of the local chemical environment during the

diffusion process (Fig. 3g). Here we use the smooth overlap of atomic
positions (SOAP) descriptor™ at arbitrary points r in the unit cell by placing
a Li “ghost” atom and evaluating the local neighbor density, yielding a
feature vector p(r). This was compared with the SOAP descriptor of ideal
vacancy site, p(V7,;), using the cosine similarity in Fig. 3g. The similarity map
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shows that, when the hopping Li reaches the transition state, only two high-
similarity vacancy sites are available, confirming a unique, symmetry-
defined hop channel.

Finally, to roughly estimate diffusivity timescale, we used the
approximated formula D = 6%/(gr) where § = {; — {; = 2.6 A is the diffusion
step, g = 6 accounts for the three equivalent vacancy directions, and 7 is the
characteristic diffusion time. The value of 7 was estimated using the cal-
culated activation energy within the Eyring rate equation:
T =v"'exp(E,/kyT) = 0.94s, where v = kgT/h = 6.3 x 10 Hz is the
thermal attempt frequency (see Supplementary Information, Section 1.3).
This yields a diffusivity at 300 K of approximately D(300K) =~ 1.2 x
107'° cm?/s, confirming that diffusion via vacancies in LiF is negligible over
the battery operational timescale.

Interstitial diffusion

The next diffusion pathway considered is Li interstitial migration. Here, to
model this defect, we added a single Li atom into the supercell used for the
pure bulk LiF studies and placed it at a tetrahedral metastable site (Fig. 1d).
In the absence of a neighboring vacancy (i.e., no Frenkel pair), two
mechanistic options are available in the LiF rock-salt lattice: direct hopping
and knock-off mechanism. The first mechanism consists of the interstitial Li
jumping to the next tetrahedral cage by squeezing between stationary lattice
ions, while in the second, the interstitial Li pushes a neighboring octahedral
Li into an adjacent empty tetrahedral site, while the initial interstitial atom
moves into the empty octahedron, as illustrated in Fig. 4a diagram.

MD simulations were performed in the NVT ensemble at 250 K, 300 K,
350K, 400K, and 450 K. Across all trajectories, lithium ions migrated
spontaneously and exclusively via the knock-off mechanism, in line with
first-principles CI-NEB results in which the knock-off pathway displayed
the activation barrier of 0.27 eV* and 0.25eV", while direct interstitial
hopping required roughly double that energy (0.54 eV*" and 0.56 eV*).

Furthermore, using the Einstein-Smoluchowski  relation
(D = 14 (Ar?)) we computed the Li diffusion coefficient by fitting the slope
of the mean-square displacement (MSD = (Ar?)) once it reached a linear
regime. Due to the nature of knock-off diffusion, we first calculate the per-
ion MSD ((Ar?) /N ;), average over all the Li in the simulation box. Thus, to
obtain the MSD for the diffusivity, we multiply the per-ion MSD by the
number of Li atoms, following standard practice™. The average diffusivity
values at different temperatures were then fitted to the Arrhenius
equation®”

D(T) = D, exp (— ki“ ) 1

where D, is the effective maximum diffusivity at infinite temperature, E,
denotes the activation energy, kg is the Boltzmann constant, and T is the
simulation temperature. D, exhibits weak temperature dependence (e.g., Dy
= g&%kpT/h, see Supplementary Information). These contributions are
incorporated into a constant prefactor within the current Arrhenius for-
mulation for the studied temperature range.

The results of this analysis are shown in the Arrhenius plot in Fig. 4b,
alongside analogous analyses from ReaxFF and the DFT prediction. The
unbiased MD simulation showed an activation energy of E, = (0.24 +
0.01) eV and pre-exponential factor of Dy = (3.3 + 0.9) x 10 cm?/s. In
contrast, the ReaxFF trajectory gives E, = 0.06 ¢V and a large prefactor,
which reflects its difficulty in maintaining the LiF crystalline phase, leading
to gradual partial amorphization*****.

The activation energy obtained with the MLIP is also in agreement with
the ab initio CI-NEB value (0.27 eV*, 0.25 eV").

Given the relatively low knock-off barrier, the relevance of non-
Arrhenius effects within the investigated temperature range was explicitly
verified”. By comparing the Arrhenius™’ description with an Ornstein-
Uhlenbeck model™ and direct MD-derived crossing times, we found that
the deviations are negligible over 250—450 K (see Supplementary Infor-
mation, Sections S1.3-S1.4).

An initial ideal estimate of the ionic conductivity in bulk LiF is obtained
by combining defect formation energies reported by Yildirim et al.* with the
diffusivities determined in this study. This calculation employs the dilute-
limit Nernst-Einstein approximation™”:

2 2
qF

=Dc—— 2

o CRT’ )

where g denotes the carrier valence charge (|g| = 1), F represents the Faraday
constant, and R is the ideal gas constant. The equilibrium carrier con-

centration is approximated by ¢ = ¢, exp <—Ef / kBT>. Using E(i) =

1.73 eV for the interstitial defect and a charge-neutral vacancy estimate
EAV) = E(V1) + E{Vg) = 1.52 eV*, and assuming 8 interstitial and 4
vacancy sites per unit cell as max concentration ¢, ., the concentrations at
300 K are calculated as ¢; = 1.2 x 10*cm ™ and ¢y = 1.9 x 10> cm™. The
corresponding conductivity contributions are 0; = 1.05 x 107°Scm™" for
interstitial and oy =~ 8.81 x 107 Scm™ for vacancies. Therefore, while
interstitials are thermodynamically less favorable, their substantially higher
mobility leads to a greater transport contribution than vacancies, making
them the dominant charge carrier in bulk LiF.

To gain further mechanistic insight into the transport kinetics, we
analyzed individual knock-off events using the following order parameter:

5=d1_d2=‘{1'1_1'0‘}_”1'2_1'0”7 (3)

where 1, is the ideal octahedral position, and d; is the instantaneous distance
from that site to Li atoms r; (the migrating interstitial) and r, (the lattice Li
that will be displaced) as illustrated in Fig. 4a inset. With this coordinate, the
initial state is identified at s ~ — 1.5 A (Fig. 4d), the transition state at s =
0.0A (Fig. 4e), and the final state at s = 1.5 A (Fig. 4f). After the first knock-
off event has taken place, the identity of the interstitial atom changes because
any Li can potentially occupy a tetrahedral site. We, therefore, applied an
unsupervised ML classifier that encodes each Li’s local environment with a
SOAP descriptor” combined with density-based clustering to re-identify, at
every frame, the two atoms involved in the knock-off diffusion (see
Methods). At every trajectory frame, the classifier labels the tetrahedral Li
atoms, and by looking at the time evolution of the label, it is possible to track
the tetrahedral-octahedral pair, allowing continuous definition of s(f)
throughout the 160 ns (40 ns x 4) trajectory for each temperature. This
SOAP-based chemical environment descriptor for diffusion ion identifica-
tion is conceptually related to the descriptor-based analysis framework
proposed by Kahle et al.”. However, rather than identifying carrier sites, our
method focuses on locating atoms that contribute to mass transport.

Analysis of s(f) reveals that knock-off proceeds in two stages. (i)
Approach: thermal fluctuations shorten d; while d, increases until s nears
zero. (ii) Engagement: both Li-ions wiggle together in the octahedral region
(s = 0) until one of them falls into the adjacent tetrahedral site, completing
the exchange. The “dwell time” in the engagement zone is quantified as At(s
=0), namely the time spent within the interval [—0.25, 0.25] A. Violin plots
in Fig. 4c show that the mean dwell time decreases linearly with the tem-
perature from <At(s = 0)> = 0.11 ps at 250 K to <At(s = O)> = 0.08 psat
450K, as for the maximum observed dwell time (from max[At(s = 0)] =
0.29 ps at 250 K to max[At(s = 0)] = 0.24 ps at 450 K). This trend indi-
cates that at lower temperatures, the coupled Li pair oscillates longer in the
octahedral pocket before completing the diffusion step, whereas the elevated
thermal energy forces the system across the saddle, shortening the
engagement phase.

Ring diffusion

Leveraging the large system sizes and long time scales accessible with MLIP-
based MD, we next examined the dynamics of two Li interstitials. The
defects were initialized at the maximum possible separation within the cell to
minimize initial interstitial-interstitial interactions.
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As above, 5 unbiased NVT at 250 K, 300 K, 350 K, 400 K, and 450 K
were carried out for a minimum simulation length of 20 ns, with longer
times for low temperature runs.

Initially, each interstitial Li atom performed isolated knock-off jumps.
However, after several hops, the two defects can be found in two neigh-
boring cells, and a new diffusion mechanism emerges: we observe the for-
mation of collective motion involving six Li-ions instead of the four (two for
each interstitial atom added) atoms during the knock-off. As illustrated in
Fig. 5a, when the two atoms approach each other, they begin to engage with
Li in the nearby octahedral site. This interaction leads to an unexpected
further engagement with the other two Li atoms in the octahedral
arrangement, forming a ring-like structure (Fig. 5b). Similar formations
were observed in cubic Li salts or Li alloys, as seen in related systems such as
by Kirsch et al.” and Moon et al.*” for Li,,Si;, and Kvist et al.”" for Li,SOs.

To rule out finite-size artifacts, we repeated the two-interstitial simu-
lations in larger supercells: an 8 x 8 x 8 (31.2x 31.2x 31.2 A%),a 10 x 10 x 10
(39%x39%x39A%,212x 12 x 12 (46.8 x 46.8 x 46.8 A*),anda 15 x 15 x 15
(58.5 x 58.5 x 58.5 A3), containing 4098, 8002, 13,826, and 27,002 atoms,
respectively. In each case, the two interstitial Li were placed at the maximally
separated tetrahedral sites, and unbiased MLIP MD simulations were run at
450 K to accelerate diffusion. In all supercells, the six-ion ring exchange re-
emerged following a progressively longer transient period &t,. This obser-
vation aligns with a ring-formation time that scales inversely with the
interstitial concentration &tyc = 87.5psmolL™" (see Supplementary
Information, Section S2.5). Once the defects diffused into neighboring cells,
six-Li ring motion occurred, consistent with observations in the 5 x 5 x 5
cell. This size-independent behavior suggests that the ring mechanism is
intrinsic to LiF at elevated local interstitial concentration and is not an
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Fig. 5 | Interstitial ring mechanism. a Schematic of a six ion ring formed by the
initial two Li" interstitials. b Ring dynamics. The left panel shows a snapshot taken
just before the two interstitials approach and compete for the octahedral Li atoms.
The right panel presents a time overlay of consecutive MD frames, illustrating the
formation, breakup, and re-formation of the six-ion ring during a single diffusion
step. ¢ Bader charge analysis. The left panel shows the charge distribution before ring
formation, and the right panel shows the distribution when the ring is fully
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established. In both panels, the top color maps indicate atomic charges, while the side
violin plots summarize the charge distributions for Li and F. Foraand b, Li atoms are
shown in magenta and F atoms in green. In (c), more positive Bader charge values are
shown in red and more negative values in blue; Li and F atoms are additionally
distinguished by particle size. In the right panel, Li atoms with reduced Bader charge
during ring formation are rendered nearly white.

artifact of periodic boundary conditions or artificially high defect-defect
interactions.

We further tested the MLIP against DFT. An MLIP MD snapshot
just prior to ring formation in the 3 x 3 x 3 supercell run (left panel in
Fig. 5¢) was relaxed with the PBE-DFT level of theory (same as the MLIP
training set). The DFT relaxation converged to the same six Li ring
geometry (right panel in Fig. 5¢). DFT thus corroborates that the ring

geometry is a genuine local minimum and that the ML potential correctly
reproduces this stability.

The DFT snapshot was further analyzed via Bader charge®, where the
valence-electron density, n(r), is integrated over each atom’s Voronoi
polyhedron. Figure 5c compares the charge distribution immediately before
ring formation with that in the fully developed six Li complex. In the starting
configuration (left panel of Fig. 5¢) Li atoms carry a charge of = 0.90 e while
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Fig. 6 | Ring mechanisms kinetics. a Time evolution of the number of Li atoms
classified as “non-octahedral” by the unsupervised clustering method for the five
temperatures (250—450 K). The count is two while the interstitials migrate inde-
pendently and rise to six once the ring is fully established. b Diffusivity comparison.
Magenta line and square markers: knock-off pathway (baseline). Light-green line
and triangle markers: raw tracer-like ring MSD (without the COM correction) from
individual ring ions, which includes both collective translation and internal corre-
lated motion of the six-ion structure. Dark-green line and circles markers: collective
ring diffusivity after COM correction, which removes internal six-ion fluctuations
while retaining net translational motion, thereby representing the true contribution
of ring hops to bulk Li transport. Error bands show 95 % confidence limits on the
linear Arrhenius fit.

fluoride ions carry = — 0.94 e, consistent with the largely ionic bond-
ing in LiF.

Upon ring formation, we find that one of the two interstitial Li atoms
exhibits a significant reduction in its net positive charge, suggesting a partial
valence charge localization (Supplementary Fig. S10) of electronic density
around the defect site as visible in the right panel of Fig. 5¢c. Indeed, this
compensating electron density is delocalized over the surrounding fluorine
atoms, preserving overall electroneutrality. This partial redistribution of
valence charge leads to a reduction in the positive Bader charge associated
with the interstitial Li, thereby lowering Coulomb repulsion between
neighboring interstitial Li and stabilizing the six-ion arrangement.

Because ring diffusion is a collective event involving six Li ions, it is
not adequately characterized by the Einstein-Smoluchowski relation,
which relies on tracer-like mean squared displacement (MSD) derived
from individual lithium displacements. In this context, the participating
ions experience significant correlated internal rearrangements alongside
any net displacement of the ring object®***. Indeed, Van der Ven etal.”” and
Marcolongo and Marzari® emphasize that correlated ionic transport

requires distinguishing between single-particle (tracer-like) diffusion and
collective transport measures, as the latter depend on correlated dis-
placements among carriers. In the present case, direct application of these
formalisms is complicated because the ring mechanism does not involve a
fixed number of independently diffusing ions. Instead, it consists of a
dynamic six-ion collective rearrangement where individual Li ion dis-
placements are dominated by correlated internal motion alongside the net
translation of the ring structure. Therefore, a protocol is proposed that
first isolates the six-lithium-ion ring complex and then directly measures
the complex’s translation. To isolate the kinetics of the collective motion,
we first identified, frame by frame, which Li ions participated in the ring,
following a procedure similar to the one used in the knock-off study. Then,
every Lienvironment was encoded at each frame using a SOAP descriptor.
An unsupervised density-based algorithm then clustered the descriptors
into two categories: (i) “octahedral” Li with six F neighbors and (ii) “non-
octahedral” Li containing interstitial and ring participants. Figure 6a plots
the number of non-octahedral Li detected as a function of time. During the
initial phase, when the two defects migrate via knock-off, exactly two Liare
classified as non-octahedral; thermal fluctuations increase the noise in this
count at higher temperatures. Approaching the ring-formation event, the
count suddenly increases and stabilizes at six, indicating the full estab-
lishment of the ring configuration. Once the ring is formed, the diffusion
continues as a collective motion of the six Li, even if the identity of the
atoms involved changes with time. The time required for the onset of this
new diffusion regime is inversely proportional to the simulation tem-
perature Fig. 6a.

At each time, we identified the six Li ions involved in the ring, and we
treated their center of mass (COM) as a virtual atom, tracking its dis-
placement with respect to its position at the previous step. To reduce pos-
sible isolated false positives from the SOAP-based classifier, the ring
assignment was checked for consistency also against the preceding and
following frames. When the identity of one or more Li ions in the ring
changes, this occurs locally within the same compact six-ion complex, so the
corresponding COM trajectory remains continuous and does not exhibit
artificial numerical jumps in the MSD. Tracking this COM satisfies the
single-particle assumption for the Einstein-Smoluchowski relation™** while
still capturing the net displacement generated by the collective hop. To
compensate for the reduced statistical sampling that comes from following
one virtual particle, we performed 12 independent replicas at each tem-
perature, each of them featuring ring formation after some time. The
measurement of the MSD started with the formation of the ring. It was
averaged over all replicas and then rescaled by the standard three-
dimensional normalization from the Einstein relation (1/6). In this way, the
resulting diffusion coefficient represents the contribution of ring diffusion to
bulk Li transport rather than the mobility of the ring entity itself. From the
resulting MSD, we compute the diffusivity at each temperature and, by
interpolating the Arrhenius exponential law of Eq. (1), we obtain the dif-
fusivity result in Fig. 6b. The activation energy is E, = (0.26 + 0.01) eV,
higher than the knock-off mechanism, while the pre-exponential factor is
slightly lower Dy = (2.8  0.6) x 10~ cm*/s. Consequently, at all tempera-
tures studied, the ring pathway is slightly less efficient than knock-off dif-
fusion, despite the extra degrees of freedom provided by the second
interstitial. This finding indicates that, in LiF, increasing Li concentration
beyond the single-interstitial regime does not necessarily accelerate ion
transport; instead, strong Li-Li interactions impose an energetic penalty that
offsets the geometric advantage of a collective hop.

Discussion

In conclusion, we used molecular dynamics simulations based on machine
learning-based interatomic potentials to study lithium diffusion in bulk LiF,
a critical inorganic component of the solid electrolyte interphase in lithium-
ion batteries. Previous approaches based on classical or reactive force fields
have proven inadequate due to their inability to reproduce the correct lattice
dynamics, while ab initio methods, due to their computational cost, cannot
access such long timescales. The use of MLIPs, thus, bridges this long-
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standing gap, delivering both quantum-level accuracy and sufficient com-
putational efficiency to observe these diffusion phenomena.

Furthermore, our simulations successfully captured vacancy and
interstitial diffusion processes and revealed a collective ring diffusion
mechanism involving six lithium atoms, which is enabled by high interstitial
concentrations and stabilized by partial charge delocalization. We further
propose a SOAP-based local-environment analysis coupled with unsu-
pervised clustering and ML classifiers to enable quantitative analysis of
diffusion kinetics. Remarkably, the MLIP predicted the charge rearrange-
ment and the emergence of the six-ion ring even before the introduction of
training examples of such collective motion, showing the extrapolation and
exploration power of these potentials. This kind of unexpected observation
and many-body pathway is inaccessible to classic and ReaxFF force fields
due to their fixed analytic functional forms, which constrain the potential-
energy surface and limit the representation of collective motion and charge
transfer, while we show that the data-driven MLIP naturally learns it. Given
that the SEI undergoes continuous restructuring and lithium accumulation
during battery operation, especially under cycling and overcharge condi-
tions, we hypothesize that such ring-like diffusion events could become
transiently accessible in LiF-rich SEI domains.

The mechanistic conclusions reported here — namely the intrinsic
vacancy/interstitial hierarchy and the existence of a collective six-ion ring
pathway — are properties of bulk-like crystalline LiF and therefore serve as
physically grounded reference limits for LiF-rich SEI domains. However,
quantitative transport rates and dominant carriers in real SEIs will depend
on microstructure, including grain boundaries, phase interfaces, and dis-
order, which may introduce faster percolating pathways. Thus, bulk-LiF
diffusion should be interpreted as a bounding case rather than assumed rate
control in heterogeneous SEI environments.

Overall, this work represents an initial but crucial step towards the
comprehensive modeling of the SEL The iterative active learning protocol
can be extended to systematically incorporate chemical heterogeneity,
interfacial phenomena, and dynamic structural disorder in future multiscale
simulations. The machine learning method developed in this work will
enable close tracking of lithium transport in grain boundaries, interfaces,
and disordered systems to further investigate mechanisms within the SEI
reactive environment.

Methods

The following section provides a detailed description of the computational
methods employed in this work, from the MLIP training and testing to the
ML-based classification method for defect identification (additional tech-
nical details are available in the supplementary file).

MLIP training

The MLIP was trained following an active learning protocol, as e.g., in M.
Yang et al.”>*. We began with an initial set of configurations for all systems
studied (bulk LiF, LiF with a vacancy, and LiF with an interstitial) extracted
from a = 50 ps ab initio molecular-dynamics (AIMD) trajectory of a 3 x 3 x
3 supercell in the NVT ensemble at 300 — 700 K, chosen to accelerate phase-
space exploration and sampled every 0.1 ps. AIMD runs were carried out
with CP2K” using the Perdew-Burke-Ernzerhof (PBE) exchange-
correlation functional®. The 3 x 3 x 3 LiF supercell balances computa-
tional efficiency and accuracy.

At this stage, CP2K was used only to generate physically meaningful
candidate geometries for the initial data pool; the energies and forces used as
reference labels for MLIP training were not taken from CP2K. Because these
trajectories served only to collect geometries for the training set, we employed
less demanding computational settings: a single-zeta Gaussian basis (SZV-
MOLOPT) for valence electrons, Goedecker-Teter-Hutter (GTH) PBE
optimized pseudopotentials” for core electrons with a plane-wave cutoff of
280 Ry. Brillouin-zone sampling was restricted to the I'-point of the supercell.

The training then proceeded through iterated “active-learning” cycles,
during which an error proxy was evaluated every 0.01 ps along the MLIP-
MD trajectories by measuring the deviation in predicted forces among a

committee of 4 MLIP models trained on the same dataset. Specifically,
configurations exhibiting force deviations greater than 50 meV A" and less
than 350 meV A~" were randomly selected as candidates for relabeling, as
these represent the most informative data points while excluding well-
learned structures and strongly nonphysical outliers. The final data set
contains = 59, 100 structures (=46, 300 training, ~12, 800 validation).

Reference energies and forces for both the initial pool and the sub-
sequent active-learning additions were computed with DFT using the
Quantum ESPRESSO (QE) code”””. Projector-augmented-wave (PAW)
pseudopotentials (PP) for Li and F, compatible with the PBE exchange-
correlation functional® and a scalar relativistic flavor, taken from the QE PP
library. Brillouin-zone sampling was limited to the I'-point. Kohn-Sham
wavefunctions were expanded in a plane-wave basis with kinetic-energy and
charge-density cutoffs of 110Ry and 440 Ry, respectively. Electronic
occupations were treated with Gaussian smearing, with 0.005Ry as a
spreading value for Brillouin-zone integration. The convergence threshold
for self-consistent field (SCF) was fixed to 5 x 10”7 Ry, using local Thomas-
Fermi charge mixing (TF-local) strategy’’, and mixing parameter $=0.2. All
defective configurations considered in this work (vacancy, single interstitial,
and two interstitials) were treated as neutral non-stoichiometric periodic
supercells, with the total charge set to zero in the QE calculations.

The Li-F MLIP was trained with DeepMD-kit v2 package’*’°. The
MLIP architecture consists of Deep Potential-Smooth Edition (DeepPot-
SE) descriptors’”” with an embedding neural network (NN), consisting of
three fully connected layers with 30, 60, and 120 neurons, respectively, to
encode the chemical local environment, and a four-layer residual NN
(ResNN)”® with 240 neurons per layer as the fitting NN. For the neighboring
atoms used for the descriptors, we chose a 6 A cutoff. We used the Adam
optimiser’” with an initial learning rate of 1 x 107 the rate decayed by a
factor of 0.94 every 5000 steps. A total of 1 x 10° training steps were executed
with a batch size of 4. The final model reaches DFT-like accuracy, showing a
validation-set root mean square error (RMSE) of 1.6 meV atom " for
energies and 42.7 meV A" for force components (Supplementary Fig. S3).

MLIP molecular dynamics

All MLIP molecular dynamics simulations were carried out with the open-
source code LAMMPS™. Both unbiased and biased trajectories were inte-
grated with the velocity-Verlet algorithm using a 0.25 fs timestep under
periodic boundary conditions. Each run was preceded by a 250 ps equili-
bration phase. NVT ensemble was used for both equilibration and pro-
duction trajectories, with the velocity-rescaling thermostat® and relaxation
time 7 = 0.02 ps. During active-learning, the training dataset was built using
a 3 x 3 x 3 LiF supercell to reduce SCF cost for DFT labeling. Unless stated
otherwise, production simulations employed a 5 x 5 x 5 conventional LiF
supercell (1000 atoms) for the bulk configuration. The simulation volume
was determined from the equilibrium bulk LiF structure relaxed at the QE
level of theory, and this cell was then kept fixed during the NVT simulations.
Four independent replicas for every temperature and defect type were
employed to gain statistical robustness; for the ring mechanism, we used 12
replicas to suppress noise in the MSD.

Enhanced sampling MD (OPES)

The timescale limitations of vacancy diffusion were overcome with the On-
the-fly Probability Enhanced Sampling (OPES)*** method using the
PLUMED"* plug-in for LAMMPS. For our biased simulation, we set the
OPES barrier (AE = 0.9 eV), slightly above the NEB-estimated migration
barrier (~0.7eV—0.8eV)**”, to ensure barrier crossing while limiting
exploration of high free-energy regions™"”. The kernel deposition was
performed every 0.25 ps. The time evolution of the collective variable, as well
as the convergence of the FES obtained using OPES, are provided in the
Supplementary Materials (Supplementary Figs. S6, S7 and S8)

ML interstitial identification
To identify “non-octahedral” Li atoms automatically, we implemented a
two-stage ML procedure. First, each atomic environment was encoded with
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the SOAP descriptor’™**. We used three radial Gaussian basis functions with
a cutoff of 6 A, spherical harmonics up to I,,,4, = 2, and an atomic density
smearing width ¢ = 0.3 A. From all trajectories containing interstitials, we
randomly selected 1200 frames, encoding 6 x 10° Li atoms. These datasets
were clustered with the unsupervised DBSCAN algorithm from scikit-
learn® library using density parameters ¢ = 9 x 10~ and minimum samples
size 1, = 5 (Supplementary Fig. S2.a). Because DBSCAN® treats isolated
points as noise and thus is unsuitable for frame-by-frame labeling, we used
the resulting cluster labels to train a histogram-based gradient-boosting
classifier (HGBC)”. The binary model (octahedral vs non-octahedral)
achieved a validation true positive rate of 99% (Supplementary Fig. S2¢) and
was applied to every trajectory snapshot.

For the ring mechanism (Ring diffusion Subsection) the classifier
allowed us to select the six interstitial Li ions and compute their COM for
MSD analysis. For the knock-oft mechanism (Interstitial diffusion Sub-
section), the time-dependent label sequence identified the two exchanging
Li atoms and the corresponding octahedral site used for the CV and dwell
time analysis.

Supplementary information

Complementary to the results discussed in the main manuscript, the Sup-
porting Information collects additional methodological details and valida-
tion analyses, covering the active-learning protocol, OPES setup, diffusivity
analysis, SOAP-based defect classification, MLIP validation, finite-size and
timestep sensitivity checks, vacancy FES convergence, and further
electronic-structure and ring-formation investigations.

Data availability

All training and test DFT data, together with the final trained MLIP model,
and the training scripts, are publicly available in the Zenodo archive at
https://doi.org/10.5281/zenodo0.20150453.

Code availability

DFT calculations used for training-set labeling and charge analysis were
performed with Quantum ESPRESSO’"7?; ab initio MD was carried out in
CP2K”. Bader charges were computed with the BADER code by Prof.
Henkelman’s Group®. All molecular dynamics (MD) simulations in this
study were performed using the open-source LAMMPS software package®,
with the addition of PLUMED plug-in* for the enhanced-sampling MD
simulations. The MLIPs were built, trained, and tested with the DeepMD Kit
library”*”. All simulation inputs, MLIP settings, active-learning scripts,
preprocessing, post-processing, and analysis notebooks used in this work
are publicly available at https://github.com/paolodeangelis/lif-defect-and-
ring-diffusion.
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