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Abstract

Fluoride-ion batteries (FIBs) are constrained by the scarcity of solid-state electrolytes and the limited
diversity of existing materials databases. Most computational searches start from predefined chemical
systems or known fluorite- and tysonite-type prototypes. Here, we apply a diffusion-based generative
foundation model to inverse-design fluoride-ion electrolyte candidates without prescribing cation
identities, stoichiometry, space group, or parent framework, conditioning generation only on
thermodynamic stability. Under a common screening framework, a compositionally general Alex-MP-20
model explores a broader elemental space but suffers heavy attrition during fluoride-specific filtering,
whereas a fluoride-restricted MP-F model raises the per-sample yield of stable fluoride candidates
roughly 28-fold. Hierarchical screening and first-principles validation identify five Ni-based computational
leads: KNi,F5 and NaNi,F5 best combine band alignment, elastic stability, and interfacial reaction
energies, while CsNaNi,F, shows the weakest driving force for interfacial decomposition.
Compositionally and structurally unconstrained generation, coupled with physics-based screening, can
thus open underexplored regions of data-sparse chemical space.

Introduction

The development of next-generation batteries is fundamentally constrained by the lack of materials that
can simultaneously deliver high energy density, intrinsic safety, and long-term scalability. =3 Although
lithium-ion batteries remain the dominant commercial technology, their reliance on organic liquid
electrolytes introduces critical safety risks, most notably thermal runaway associated with lithium
dendrite formation.? In parallel, the growing dependence on geographically concentrated resources such
as Li, Mn, and Co has intensified supply-chain vulnerabilities. ® While solid-state electrolytes have been

proposed as a partial solution to safety concerns, ©

most ceramic systems still rely on lithium as the
charge carrier, leaving resource scarcity largely unaddressed.” As an alternative chemistry, fluoride-ion
batteries (FIBs) have attracted increasing attention.® By employing fluoride ions as charge carriers, FIBs
enable high-voltage electrochemistry and multi-electron conversion reactions, yielding theoretical
volumetric energy densities approaching ~ 5000 Wh L™ '.° Moreover, FIB architectures are intrinsically
compatible with inorganic solid electrolytes, offering substantial safety advantages through the
elimination of flammable liquid components.'? Despite these promises, progress in FIB development has
been severely limited by the scarcity of fast fluoride-ion conductors that are simultaneously
electronically insulating.’” To date, research efforts have largely focused on a narrow set of binary
fluorides and solid-solution derivatives, such as LaF5- and PbSnF -based systems,'%12~14 thereby
restricting exploration to limited compositional and structural spaces. The discovery of new inorganic
solid-state materials requires navigating a high-dimensional and strongly non-linear relationship among
composition, crystal structure, and functional properties. Conventional forward modeling approaches,
including density functional theory (DFT), high-throughput screening, and evolutionary structure

searches, have proven effective for evaluating known or hypothesized candidates,’>'® but inherently
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confine exploration to pre-defined chemical compositions and structural prototypes. As a result, these
methods struggle to access sparsely populated regions of chemical space, such as those relevant to
fluoride-ion conductors.

Inverse design strategies enabled by machine learning-based generative models offer a powerful
alternative, in which candidate structures satisfying predefined stability or property constraints are
directly generated.’” Recent advances in generative materials modeling, particularly diffusion-based
approaches, have demonstrated the ability to generate diverse and physically plausible crystal structures
by learning joint probability distributions over compositions and atomic configurations.'® To be effective
in practical materials discovery, however, such models must combine broad chemical generality with
explicit control over thermodynamic stability. MatterGen, a diffusion-based crystal generative foundation

model, represents a state-of-the-art framework that satisfies these requirements.'® Trained on large-
scale inorganic DFT datasets derived from the Materials Project?® and Alexandria,?"?> MatterGen
supports stability-conditioned generation through the energy above convex hull metric (E,,),
substantially reducing the computational burden of downstream first-principles screening. While this
approach has recently proven successful in the relatively data-rich lithium-ion battery domain,?® solid-
state FIB electrolytes occupy a markedly different regime, characterized by sparse data coverage and a
limited number of known structural archetypes, predominantly fluorite- and tysonite-type phases.’®%* FIB
electrolytes therefore constitute a stringent and physically meaningful testbed for evaluating the
extrapolative capability of generative inverse design in data-sparse chemical spaces.

In this work, we investigate whether generative inverse design can identify solid-state fluoride-ion
electrolyte candidates without prescribing a specific chemical system or relying on established
structural prototypes. At the generation stage, atom types, stoichiometry, and space group are not fixed.
Thermodynamic stability is used as the sole explicit property condition. Fluoride relevance is introduced
through the choice of training domain and post-generation chemical screening rather than through
predefined candidate formulas. This strategy enables compositionally and structurally unconstrained
exploration beyond conventional fluorite- and tysonite-based design spaces. By comparing a
compositionally general model with a fluoride-domain-aligned model, we further examine how training-
data distribution governs generative efficiency in a sparsely represented functional chemical space.
Generated structures are then subjected to hierarchical high-throughput screening and first-principles
validation of thermodynamic, electronic, mechanical, and interfacial properties. To the best of our
knowledge, this study is the first application of compositionally and structurally unconstrained
generative crystal design to solid-state FIB electrolyte candidates.

Results

Generation and hierarchical screening workflow

To examine how the generality of the training data governs generative behavior, we deliberately
varied the compositional scope of the training corpora and performed generation and downstream
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screening independently for a compositionally general Alexandria-plus-Materials Project corpus (Alex-
MP-20) and a fluoride-restricted Materials Project subset (MP-F). Generated structures were first
screened using E,,,; and electronic-insulation criteria, followed by fluoride-chemistry, elemental-safety,
charge-neutrality, and structural filters. First-principles DFT calculations were then used to evaluate
thermodynamic and elastic stability. Fig. 1 summarizes this workflow together with the retained crystal
structures. Because no cation set, chemical system, stoichiometry, space group, or structural prototype
was prescribed at the sampling stage, the workflow is chemistry-domain constrained but
compositionally and structurally unconstrained. The complete workflow yields one candidate from Alex-
MP-20 and four from MP-F.

The Alex-MP-20 and MP-F models generated 108,000 and 21,600 structures, respectively. Applying a
MatterSim-predicted E, 0.1eV atom™ stability criterion retained 76,344 Alex-MP-20 and
13,235 MP-F structures. Additionally, fluoride-only screening was performed for Alex-MP-20,
substantially reducing the candidate pool to 2,356 structures. An ALIGNN-predicted band gap criterion of
Eqz3.5eV reduced the candidate pools to 672 and 1,259 structures, respectively. Excluding compounds
containing noble gases, radioactive elements, or Hg left 670 and 1,227 structures, which were further
reduced to 438 and 877 structures through oxidation-state screening. DFT calculations converged for
404 Alex-MP-20 and 801 MP-F structures. Subsequent DFT-based screening sequentially applied an E,

0.02 eV atom criterion, exclusion of O- and H-containing compounds, and an HSEO6-calculated E,, =

3.5 eV criterion, reducing the Alex-MP-20 and MP-F candidate pools to 14 and 57 structures, then to 8
and 28, and finally to 5 and 13 structures, respectively. Finally, mechanical-stability screening based on
the calculated elastic properties yielded one final candidate from Alex-MP-20 and four from MP-F.

Elemental and stability landscapes of the generated structures

Elemental occurrence in the generated fluoride-containing materials depends strongly on the training
corpus (Fig. 2), which is compositionally broad for Alex-MP-20 (Fig. 2a) and fluoride-restricted for MP-F
(Fig. 2b). The heatmaps report elemental occurrence counts for generated candidates that satisfy the
thermodynamic stability criterion of MatterSim, a machine learning force field (MLFF) trained on large-
scale first-principles data (E,,,; 0.1eV atom™). The model trained on Alex-MP-20 exhibits a broadly
distributed elemental landscape spanning alkali and alkaline-earth metals, transition metals, post-
transition metals, and lanthanides. This wide dispersion reflects the compositionally unfiltered nature of
the Alex-MP-20 training corpus, which preserves extensive compositional diversity even after stability-
based filtering. In contrast, the MP-F trained model yields a markedly localized elemental distribution,
with counts strongly concentrated among a limited set of elements, including Li, O, V, F, and Mn. This
localization directly reflects the intrinsic compositional bias imposed by the fluoride-restricted training
dataset. Despite both models being evaluated under identical stability criteria, these results demonstrate
that generative outcomes are strongly governed by the compositional priors encoded in the training data,
underscoring the critical role of dataset design in generative materials discovery.
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Stability-conditioned generation retained 76,344 of 108,000 Alex-MP-20 samples (70.7%) and 13,235 of
21,600 MP-F samples (61.3%) below 0.1 eV atom™ (Figs. 3a and 3b). Imposing fluoride relevance then
separates the two models sharply. Only 2,356 of the stable Alex-MP-20 structures (3.09%) contain
fluorine, whereas the MP-F model generates fluorides by construction and retains all 13,235. Normalized
to the number of samples drawn, domain-aligned training therefore raised the yield of stable fluoride
candidates from 218 to 6,127 per 10,000 samples, a factor of approximately 28. The much smaller
number of fluoride-containing candidates entering electronic screening for Alex-MP-20 is apparent from
the total counts in the band gap (Eg) histograms of Figs. 3c and 3d. The normalized E distributions from

the two datasets show comparable profiles, indicating that the discrepancy in raw candidate counts is
governed primarily by sampling budget and fluoride-specific filtering rather than a systematic shift in
predicted electronic structure. Because the initial sampling sizes differ by a factor of five, absolute
counts are not interpreted as a direct measure of model performance. Instead, the comparison focuses
on per-sample retention under the tested settings. The compositionally general model also produced the
higher fraction of thermodynamically stable structures per sample (70.7% versus 61.3%), indicating that
narrowing the training domain carries a modest cost in stability conditioning. These counts include
duplicate structures, which a post hoc StructureMatcher analysis identified in 1.5% of Alex-MP-20 and
32.5% of MP-F samples (Methods). If duplicates are distributed uniformly across stable and unstable
outputs, the per-sample fractions and the yield ratio are unaffected; any concentration of duplicates
among stable fluorides would instead make the 28-fold ratio an upper bound.

Parity plots of MatterSim-predicted against DF T-calculated Ey, ;, for the Alex-MP-20 (Fig. 4a) and MP-F
(Fig. 4b) candidate sets reveal a consistent offset. Across both datasets, MatterSim systematically
predicts lower E; values than DFT, resulting in a consistent downward deviation from the ideal parity
line. Quantitatively, for Alex-MP-20, the root-mean-square error (RMSE) and mean absolute error (MAE)
are both 0.06 eV atom™. For the MP-F dataset, both metrics are slightly larger, at 0.07 eV atom™. It
should be noted that strict quantitative agreement with DFT is not required at this stage, as the primary
role of MatterSim is to serve as a computationally efficient pre-screening tool. Because MatterSim
systematically underestimates E,,, it acts as a permissive pre-filter that minimizes false negatives,
ensuring that stable candidates are not discarded before DFT validation.

Retained candidates and their magnetic ordering

Five candidate materials satisfy the complete screening criteria (Fig. 5): one originates from the Alex-
MP-20 model and four from the MP-F model. All candidates were fully relaxed using DFT after generative
sampling and hierarchical high-throughput filtering, and their structural and compositional information is
provided in Table S1. Under the sampling budgets used and the same downstream filtering criteria, the
fluoride-domain-aligned model yields a greater number of retained candidates, whereas the general
model accesses a broader elemental space. This result supports a trade-off between chemical breadth
and domain alignment in generative exploration of sparse materials spaces, while motivating
normalized, equal-budget comparisons for quantitative model assessment. Normalized to the number of
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stable fluoride structures entering downstream screening, the two models showed similar observed
final-candidate retention rates: 0.042% for Alex-MP-20 (1 of 2,356) and 0.030% for MP-F (4 of 13,235).
The advantage of domain alignment is therefore concentrated at the fluoride-retention step, where it is
largely definitional, and reduces the sampling cost of reaching viable candidates rather than improving
the intrinsic quality of the candidates generated.

The magnetic states of the five Ni-containing candidates were evaluated by comparing non-spin-
polarized (nonmagnetic, NM), ferromagnetic (FM), and antiferromagnetic (AFM) configurations using
spin-polarized DFT+U calculations. The FM and AFM configurations are nearly degenerate for LiNi,Fs,
KNi,F5, and NaNi,Fs (within 0.05 eV per formula unit), whereas CsNaNi,F¢ and NiF, show a clearer
preference for AFM ordering (0.19 eV per formula unit; Table S3). The calculated average absolute
magnetic moments of Ni atoms and total energies per formula unit for the NM, FM, and AFM
configurations are summarized in Tables S2 and S3, respectively. The lowest-energy configuration is
reported for each candidate; the band-edge, elastic, and interfacial descriptors discussed below were
obtained from the non-spin-polarized screening-stage calculations.

Surface-referenced band alignment

Surface-referenced band alignment was examined as an electronic descriptor relevant to oxidative and
reductive stability. Conventional Perdew-Burke-Ernzerhof (PBE)functionals are known to underestimate

E,-2>2° HSE06 calculationswere therefore performed to determine band-edge positions. Of the thirty-six
candidates that reached the hybrid-functional stage, only eighteen exhibited HSEO6-calculated E, above
3.5 eV. Subsequent elastic-tensor analysis excluded thirteen mechanically unstable compounds, leaving
LiNi,Fs, CsNaNi,Fg, NiF,, KNi,Fs, and NaNi,Fs. In particular, NiF, shares its composition with the known
tetragonal (P4,/mnm) and orthorhombic (Pnnm) phases reported in the Materials Project. The

generated structure is nevertheless a distinct polymorph: across the entire symmetry-tolerance range
examined, from 0.10 down to 0.001 A, it is assigned to C2/m or a lower-symmetry subgroup and never
converges to either reported space group (Table S4). It is retained as a screening outcome but is not
prioritized further, as it exhibits the lowest Young's and shear moduli of the retained set (Table S5).

Slab models were constructed using (001) surfaces for a consistent vacuum reference. Fig. 6 compares
the conduction band minimum (CBM) and valence band maximum (VBM) of these candidates and

PbSnF, with the F,/F redox level (-7.33 eV)?/?8 and a hypothetical 4 V anode level. The band edges of
KNi,F5s and NaNi,Fs span the selected reference window, prioritizing them for further electrochemical

and transport validation in future work. This band-alignment analysis does not include thermodynamic
decomposition potentials or interphase formation and therefore should not be interpreted as a complete
electrochemical stability window.

Interfacial reactivity with representative electrodes
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Thermodynamic interfacial reactivity with representative electrode materials was evaluated to further
prioritize the inverse-designed candidates. Reaction energies were computed using the procedure
described in the Methods, and the resulting values for all electrolyte-electrode pairs are listed as bar
charts in Fig. S1. Values closer to zero indicate a smaller thermodynamic driving force for interfacial
decomposition at 0 K, but do not by themselves establish kinetic or operational interface stability.

Fig. 7 summarizes, as a heatmap, the interfacial reaction energies between the five retained
candidates and representative cathode materials (BiF5, FeF3, and CuF,) and anode materials (Sn, Pb, and

Ce).82% Reaction energies near zero correspond to a smaller thermodynamic decomposition driving
force, whereas increasingly negative values indicate a stronger tendency toward interfacial reaction at 0
K. Clear electrode-dependent trends are observed. BiF; produces reaction energies closer to zero for
several candidates than FeF5, for which the more negative values indicate a greater thermodynamic
tendency toward interfacial decomposition. Sn and Pb show intermediate reaction energies with
comparatively limited variation across the candidate set, whereas Ce produces strongly negative values
for nearly all candidates. LiNi,F5, CsNaNi,F¢, KNi,F5, and NaNi,F5 therefore emerge as the most
favorable leads within the present electrode set because their reaction energies against BiF; and Sn are
the least negative in the set. All pairs nevertheless show substantial 0 K driving forces (more negative
than approximately -0.7 eV atom™), so interphase formation is expected with every electrode examined
and the ranking, rather than the absolute magnitude, is the relevant output of this analysis. These results
indicate relative differences in thermodynamic driving force for decomposition, rather than confirmed
long-term interfacial stability.

Discussion

In this work, we evaluate whether generative inverse design can navigate the highly data-sparse
chemical space of solid-state FIB electrolyte candidates without fixing a specific composition, cation set,
stoichiometry, space group, or structural prototype. MatterGen is applied under a minimal property-
conditioning framework in which thermodynamic stability is the sole explicit generation target. Fluoride
relevance is introduced through training-domain selection and downstream chemical screening, yielding
an approach that is constrained to the functional chemistry of interest but remains compositionally and
structurally unconstrained. This distinction enables exploration beyond the fluorite- and tysonite-derived
families that dominate conventional FIB electrolyte searches.

A central finding is that the generated candidate space is strongly shaped by the compositional
distribution of the training data. The compositionally general Alex-MP-20 model samples a broader
elemental landscape, but many outputs are removed by fluoride-specific post-generation screening. The
fluoride-focused MP-F model produces a more chemically aligned candidate pool and, under the
sampling budgets used, contributes four of the five final candidates. Normalized to sampling effort, this
corresponds to an approximately 28-fold increase in the yield of stable fluoride candidates, from 218 to
6,127 per 10,000 samples. These results indicate that domain alignment can improve downstream
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retention in a sparse functional chemical space. The effect is, however, concentrated at the fluoride-
retention step and is to a large extent definitional. Once conditioned on being a stable fluoride, the two
models yield final candidates at similar observed rates. Because the two sampling budgets, source
corpora, pretraining data (607,683 versus 13,414 structures), and duplicate fractions differ, the
comparison is interpreted as evidence of a domain-alignment effect under the present workflow rather
than as a universal quantitative ranking of the two models.

Through a multi-stage screening pipeline integrating MatterSim-based stability evaluation, E prediction,
compositional and charge-neutrality filtering, and first-principles DFT validation, we identify a small set of
fluoride-only solid electrolyte candidates that satisfy essential thermodynamic, electronic, and
mechanical criteria. Notably, the retained candidates span triclinic, monoclinic, and tetragonal crystal
systems and remain distinguishable across the full range of symmetry tolerances examined (Tables S4
and S6-S9), indicating that meaningful structural diversity can emerge even under strictly fluoride-only
compositional constraints. This observation highlights the capacity of generative models, when coupled
with physically motivated screening, to uncover nontrivial structural motifs in sparsely populated
chemical spaces.

All five retained candidates exhibit lower energies in spin-polarized configurations than in the
corresponding nonmagnetic states (Table S3), indicating that magnetic ordering is energetically relevant
for this Ni-based candidate set. The FM and AFM configurations are relatively close in energy, with
LiNi,F5 slightly favoring FM ordering and the remaining candidates favoring AFM ordering within the
configurations examined. These results highlight the importance of accounting for magnetic ordering
when evaluating the relative stability and electronic properties of Ni-containing fluoride candidates.
Because the screening-stage energies, elastic constants, and band-edge positions were obtained
without spin polarization, and because the E,,, values were referenced to Materials Project hull entries
without a GGA/GGA + U compatibility correction, these descriptors should be regarded as approximate.
Non-spin-polarized energies overestimate the total energy of Ni?* compounds, so the E;,, criterion was
conservative for the retained candidates, but candidates rejected at that stage may include false
negatives. A fully spin-polarized, Hubbard-corrected re-evaluation of the screening pipeline is a natural
refinement of the present workflow.

The multi-criteria screening results provide a basis for prioritizing the five finalists as computational
leads. KNi,F5 and NaNi,F5 are prioritized because their band edges span the selected F,/F -to-anode
reference window (Fig. 6) and they exhibit comparatively small interfacial decomposition driving forces
against BiF5 cathodes and Sn anodes (Fig. 7). KNi,F5 also exhibits the highest stiffness of the candidate
set (Hill-averaged bulk and Young's moduli of 85.2 and 93.8 GPa, respectively; Table S5). NaNi,Fs, by
contrast, shows the largest Voigt-Reuss spread of the set (17.8 GPa in bulk modulus and 29.2 GPa in
Young's modulus; Table S5), indicating pronounced elastic anisotropy. It is prioritized on the basis of its
band alignment and interfacial energetics rather than its mechanical isotropy. Although its band edges
do not span the full selected window, CsNaNi,Fg shows the least negative interfacial reaction energies
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across the electrode set and a nearly isotropic elastic response (a Voigt-Reuss difference of 0.15 GPa in
bulk modulus; Table S5), making it a strong secondary candidate. The consistently negative reaction
energies at Ce interfaces indicate that Ce metal is unfavorable for the present Ni-based fluoride family,
while LiNi,F;5 is less attractive from a resource-diversification perspective because it contains lithium.
More broadly, all five retained candidates are Ni-based, which reflects the prevalence of Ni-containing
fluorides in the training corpora rather than an explicit design choice. Because nickel is itself a supply-
constrained element, incorporating elemental abundance and criticality as explicit screening criteria is a
natural extension of the present workflow.

The principal advance of this study is not only the identification of several fluoride compounds, but the
demonstration that physically plausible candidates can emerge without prescribing their elemental
combinations, stoichiometries, or structural prototypes. Coupling compositionally and structurally
unconstrained generation with hierarchical high-throughput screening and first-principles validation
provides a systematic route for exploring functional materials domains in which both training data and
established design rules are limited. Generative modeling is therefore positioned as an exploratory front
end that expands the candidate space before targeted physics-based calculations and experiments.

The present workflow establishes thermodynamic, electronic, elastic, and interfacial plausibility rather
than directly confirming fluoride-ion conductivity. The five retained materials should therefore be
regarded as prioritized computational leads, not validated solid electrolytes. Direct evaluation of native
and defect-mediated fluoride migration, including defect formation energies, migration barriers,
molecular-dynamics simulations, and experimental impedance measurements, remains necessary. This
limitation defines the next validation stage while preserving the central methodological conclusion:
compositionally and structurally unconstrained generation can open underexplored regions of fluoride
chemical and structural space.

Methods

Stability-Conditioned Generative Modeling

MatterGen was employed to generate fluoride-containing candidate materials using a parallelized

sampling workflow based on two independent source datasets: Materials Project (v2022.10.28)?° and

Alexandria (Materials Cloud Archive).?'?2 By default, MatterGen generates a diverse collection of
inorganic crystal structures with up to 20 atoms per primitive cell. To compare generation efficiency
across datasets, two different training datasets were used. For the MP-derived dataset, a fluoride-
specific subset (MP-F) was constructed by retaining only compounds containing fluorine. After excluding
radioactive elements and noble-gas-containing compounds present in the Materials Project dataset,
13,414 structures were retained for model training. No additional restriction on the number of atoms per
cell or E;,,y was applied to the MP-F dataset, as imposing these criteria would have substantially reduced
the amount of training data available. The model was first pretrained on this MP-F dataset and
subsequently fine-tuned using E;,,; as a conditioning property. In contrast, the model pretrained on the
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Alexandria-plus-MP dataset (Alex-MP-20) was used without additional compositional filtering. The Alex-
MP-20 dataset encompasses both fluorinated and non-fluorinated compounds, representing a

compositionally general chemical space. The training set was further restricted to structures containing
no more than 20 atoms per unit cell and having E;,; of less than 0.1 eV atom™'. The released Alex-MP-20

dataset comprised 607,683 training and 67,521 validation structures. The pretrained MatterGen model
was fine-tuned using E;,,; as a conditioning property.

Candidate generation was conditioned exclusively on thermodynamic stability to prioritize physical
realizability and synthetic accessibility. Specifically, structures were generated under an E,,; conditioning

target of 0.05 eV atom™, ensuring that proposed candidates possessed favorable thermodynamic
formation energies.3Y Sampling was performed using 1,000 diffusion steps with a diffusion guidance
factor of 2.0. Each generation run produced 2,160 structures in 10 batches of 216. This run was repeated
50 times for the Alex-MP-20 model and 10 times for the MP-F model, yielding 108,000 and 21,600
generated structures, respectively. The repetitions were carried out independently, so a given structure
may be sampled in more than one run. A duplicate analysis with the StructureMatcher module in
pymatgen identified 1,628 duplicate candidates among the 108,000 structures generated by the Alex-
MP-20 model and 7,020 duplicate structures among the 21,600 structures generated by the MP-F model.
This analysis was performed post hoc; duplicates were not removed, and all counts reported in the
Results refer to the full generated sets. The implications for the reported yields are discussed in the
Results. At the sampling stage, no cation set, chemical system, stoichiometry, space group, or structural
prototype was prescribed. Fluoride relevance was introduced through the MP-F training domain or, for
the Alex-MP-20 model, through post-generation retention of F-containing structures.

Hierarchical High-Throughput Screening

Following generation, a multi-stage filtering pipeline was applied to identify stable, electronically
insulating, and practically tractable fluoride-ion solid electrolyte candidates. First, generated structures
were evaluated using the SUN (Stable, Unique, and Novel) criterion implemented in the MatterGen
evaluation pipeline.’® Stability was assessed with MatterSim, an MLFF trained on large-scale first-
principles data and used here to efficiently evaluate relative energetic stability across a wide range of

inorganic compositions.3! Candidates were required to satisfy a stability threshold of E,, ;< 0.1 eV

atom™'. Uniqueness and novelty were assessed with the same pipeline, which applies pymatgen
StructureMatcher within the generated set (uniqueness) and against the Alex-MP reference dataset of
845,997 DFT-relaxed entries (novelty). Default settings were used for both models (Itol = 0.2, stol = 0.3,
angle_tol = 5°, with primitive-cell reduction and volume scaling enabled), so the resulting statistics are
directly comparable between the two. These statistics were used to characterize the generated pools;
structures were not additionally removed on the basis of uniqueness or novelty. Duplicate structures
across generation runs were identified post hoc with StructureMatcher, as described above, but were not
removed. Second, electronic insulation was assessed using £y as a screening criterion. The ALIGNN

|32

model °“ was employed to rapidly estimate E directly from atomic structures, bypassing
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computationally intensive first-principles calculations. To reduce the likelihood of electronic leakage,
candidates were required to have Eg values larger than 3.5 eV consistent with the band gaps of

established fluoride-ion solid electrolytes.33 Third, compositional filters were applied to exclude elements
incompatible with practical solid electrolyte chemistry. Candidates containing (i) noble gases, (ii)
radioactive elements, or (iii) mercury were removed due to chemical inertness, regulatory constraints, or
toxicity concerns.3* Finally, formal charge neutrality was applied as a basic chemical-plausibility
criterion. A candidate was retained if its total formal charge could sum to zero under a chemically
reasonable combination of oxidation states. This filter removes compositions lacking a plausible formal
oxidation-state assignment but does not by itself establish thermodynamic or kinetic stability. For
transition-metal-containing compounds, which may exhibit variable valency, structures were retained
provided that charge neutrality could be achieved under any chemically reasonable combination of
oxidation states.

Validation by First-Principles Calculations

Candidates passing the post-generation filtering pipeline were further validated using first-
principles calculations. Density functional theory (DFT) simulations were performed using the Vienna Ab
initio Simulation Package (VASP).3>3% The Projector Augmented Wave (PAW) pseudopotential®’ and the
Perdew-Burke-Ernzerhof (PBE)32 Generalized Gradient Approximation (GGA) exchange-correlation
functional were used. The plane-wave cutoff value was set to 520 eV. Monkhorst-Pack meshes were
generated with a reciprocal-space sampling density of 2t x 0.03 '.3° The lattice parameters and

atomic positions were fully relaxed until the residual force on each atom fell below 0.01 eV . Elastic
constants were subsequently computed from the relaxed structures. To mitigate E4 underestimation

inherent in the PBE functional, electronic structure calculations were performed using the HSE06 hybrid
functional.*? Candidates with HSEO6-calculated E4 below 3.5 eV were excluded. All screening-stage
calculations, including structural relaxations, E,, evaluation, elastic constants, and HSE06 band-edge
positions, were performed without spin polarization and without a Hubbard correction, and E,;;, was
evaluated against Materials Project hull entries without a GGA/GGA+U compatibility correction. For the
five retained candidates, the magnetic ordering was subsequently examined with spin-polarized
PBE+U,; calculations using an effective Uy (U - J) of 6.2 eV for the Ni 3d states in the Dudarev
formulation, consistent with the Materials Project convention (Tables S2 and S3); these calculations
establish the preferred magnetic ordering and were not propagated to the screening-stage descriptors.
Following the structural relaxations, stability analysis was performed. Thermodynamic stability was
evaluated using E;,,, and only candidates with E,,;;, 0.02 eV atom™ were retained.>° To avoid the

formation of oxide or hydroxide phases that can deteriorate electrolyte performance, an additional
screening criterion was applied to exclude candidates containing oxygen or hydrogen. Such secondary
phases also strengthen metal-oxygen bonding and reduce fluoride-ion mobility, thereby lowering ionic

conductivity.! In addition, elastic properties obtained from DFT calculations were used as a mechanical

screening criterion. The elastic moduli were obtained using the Voigt-Reuss-Hill averaging scheme.*!

Page 11/22



Elastic stability was assessed using the Born criterion, requiring the elastic matrix (Cij) to be positive
definite.*? Candidates violating this condition were discarded, since a non-positive-definite Cjjimplies a
lattice that is unstable against long-wavelength deformation. For the remaining structures, the Hill
averages B, and Gy, defined as the arithmetic means of the Voigt and Reuss bounds, were adopted as
the representative bulk and shear moduli. Space-group symmetries were determined using the spglib
library as implemented in pymatgen.*344 To ensure consistency between the assigned symmetry and the
relaxed lattice geometry, an adaptive symmetry-tolerance scheme was used. The symmetry tolerance
(symprec) was set to 0.10 A and iteratively reduced in increments of 0.01 A, down to a minimum of
0.001 A. For each structure, the final space group was assigned using the largest symprec value at which
the symmetry-consistent cell reproduced the relaxed lattice metrics. The selected symprec values for
LiNi,Fs, CsNaNi,Fg, NiF,, KNi,F<, and NaNi,F were 0.001, 0.1, 0.01, 0.01, and 0.02 A, respectively. An
angular tolerance of 5° was applied throughout the analysis. This choice assigns the highest symmetry
compatible with the relaxed geometry while avoiding over-symmetrization of the generated cells. To
confirm that the assignments are not artifacts of this choice, space groups were additionally evaluated
across the full tolerance range from 0.10 to 0.001 A for every retained candidate (Tables S4 and S6-S9).
Electrochemical stability was further evaluated using three-layer (001) slab models constructed from the
relaxed bulk structures with a 15 A vacuum region introduced along the z direction. For each candidate,
the surface termination showing the most favorable band-edge alignment with respect to the F,/F redox
level was selected for the electrochemical stability analysis. Accordingly, F-, Cs-, Ni-, K-, and Na-
terminated surfaces were selected for LiNi,Fz, CsNaNi,F¢, NiF,, KNi,Fz, and NaNi,Fs, respectively. The
planar-averaged electrostatic potential along the z direction was calculated to align the HSEO6 band-
edge positions relative to the vacuum level. A dipole correction was not applied because the non-
orthogonal lattice geometry of the slab cells is incompatible with the surface-normal dipole correction
scheme. The vacuum-referenced band edges in Fig. 6 are therefore reported with this limitation in mind.
The Dudarev formulation of the Hubbard correction was used.*®

Thermodynamic Interfacial Reactivity Analysis

Interfacial reactivity between the electrolyte and electrode was evaluated in terms of the
thermodynamic reaction driving force obtained from a convex-hull analysis. For each electrode-
electrolyte pair, a reference convex hull was constructed with pymatgen*® from Materials Project entries
lying within the combined chemical system. Pseudo-binary compositions are given by

C(x)=xA+(1-x)B,0 x 1(Eq.1),

where C(x) is the composition of the electrolyte-electrode mixture, A and B are the compositions of the
electrolyte and electrode, respectively, and x is the molar fraction of the electrolyte. For each
composition C(x), the reaction energy was computed as the energy difference between C(x) and the
equilibrium phases of the reference phase diagram at that composition, normalized per atom of the
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mixture. The most negative reaction energy over the scanned composition range was taken as the
measure of the interfacial reactivity. All calculations were performed at 0 K.
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Generation | Alex-MP-20 / MP-F : 108,000 / 21,600 structures j

E,.s < 0.1 eV atom' and SUN screening from MatterSim

r————- 76,344/ 13,235 structures ~ ]
_____________ 3 - —

E_ 672/ 1,259 structures j

High
throughput Excluding structures containing noble gases, radioactive elements, or Hg
screening | 670/ 1,227 structures |

Oxidation-state screening

| 438 877 structures |
= ~  E,. <0.02eV atom from DFT —

DFT validation (14 /57)
Excluding structures containing
oxygen and hydrogen
Final candidates — (8/28)

E,2 3.5 eV from DFT
(5/13)

L Mechanical stability based on moduli _
(1/4)

Figure 1

Crystal-structure generation and hierarchical high-throughput screening workflow, showing the
progressive reduction from the generated structures to the five retained candidates for the Alex-MP-20
and MP-F models.
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Figure 2

Periodic-table heatmaps of elemental occurrence counts in the stable (E;, < 0.1 eV atom™) fluoride-

containing structures generated by models trained on (a) the compositionally general Alex-MP-20
dataset and (b) the fluoride-restricted MP-F dataset.
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Figure 3

Histograms of MatterSim-predicted E;,, for all structures generated by models trained on (a) the Alex-
MP-20 dataset and (b) the MP-F dataset. The dashed vertical line at 0.1 eV atom™ indicates the
threshold for stability. Histograms of ALIGNN-predicted Eg for the stable fluoride-containing structures
from (c) the Alex-MP-20 model and (d) the MP-F model. The red dashed line at 3.5 eV indicates the
threshold for electronic insulation suitable for electrolyte applications.
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Parity plots of MatterSim-predicted E,,,, against DFT-calculated values for the (a) Alex-MP-20 and (b)
MP-F candidate sets. The dashed line represents perfect agreement (y = x).
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Figure 5

DFT-relaxed crystal structures of the five retained FIB electrolyte candidates: (a) LiNi,Fs from the Alex-
MP-20 model, and (b) CsNaN:i,Fg, (c) NiF,, (d) KNi,Fs, and (e) NaNi,F5 from the MP-F model.
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Figure 6

Surface-referenced band-edge alignment of the five retained FIB electrolyte candidates and the PbSnF,
reference relative to the vacuum level (0 eV), from HSEQ6 calculations on (001) slab models. Orange and
blue bars represent the CBM and VBM, respectively. The F,/F redox level is located at -7.33 eV, and the

hypothetical 4 V anode level at -3.33 eV. The comparison is an electronic band-alignment descriptor and
not a complete thermodynamic electrochemical stability window.
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Figure 7

Heatmap of interfacial reaction energies (eV atom™) between the five retained FIB electrolyte candidates
and six representative electrode materials (BiF3, FeF3, CuF,, Sn, Pb, and Ce). Less negative values (blue)
indicate a smaller 0 K thermodynamic driving force for decomposition, whereas increasingly negative
values (red) indicate a stronger driving force. The individual values are shown as bar charts in Fig. S1.
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