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Oxide Li-conducting solid-state electrolytes (SSEs) offer excellent chemical and thermal stability but
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typically exhibit lower ionic conductivity than sulfides and chlorides. This motivates the search for

new oxide materials with enhanced conductivity. Crystal structure prediction is a powerful approach

for identifying such candidates. However, the structural complexity of oxide SSEs, often involving

unit cells with more than 100 atoms, presents significant challenges for conventional methods. In
this study, we introduce TOPIC, a structure prediction algorithm that reduces configurational com-
plexity by enforcing corner-sharing (CS) bond topology constraints. We demonstrate that TOPIC

successfully reproduces the ground-state and metastable structures of known oxide SSEs, including
LiTa,POg and Li;LazZry045, which contain up to about 200 atoms per unit cell. By combining this
approach with a pretrained machine-learning interatomic potential, we systematically screen qua-

ternary oxide compositions and identify 92 potential candidates with CS frameworks. In particular,

Li4Hf,Siz05, which corresponds to the ground state at its composition, exhibits an ionic conductiv-

ity of 14 mS cm~! (7.56-26.22 mS cm~!, considering uncertainty), a hull energy of 21 meV atom~!,

1

and a band gap of 6.5 eV. Through our investigation, we identify the Li ratio as one of the key factors
determining the stability of CS structures. Overall, our approach provides a practical and scalable

pathway for discovering high-performance oxide solid electrolytes in previously unexplored chemical

spaces.

1 Introduction

Despite extensive research into lithium-ion battery technolo-
gies, persistent safety issues and limited capacity continue to
impede their widespread adoption in high-energy applications,
such as electric vehicles and large-scale energy storage.™ Solid-
state electrolytes (SSEs) offer an attractive solution by support-
ing stable operation at higher Voltages. Among SSE candi-
dates, oxide-based electrolytes are particularly promising due
to their superior chemical and thermal stability.® Several oxide
SSEs, such as garnet-type Li,La;Zr,0,, (1L120),? perovskite-type
Li3xLa(2/3_x)TiO3 (LLTO), NASICON-type Li1_3A10,3Ti1_7(PO4)3
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(LATP),IE and LiTazPO8 have achieved ionic conductivities
above 1 mS cm~!'. However, their ionic conductivities are still
generally lower than those of sulfide materials,” highlighting the
need to discover novel oxide SSEs.

Computational screening can accelerate discovery of new SSE
materials in much higher speed compared to experiments. In fact,
there have been efforts to discover SSEs by searching the existing
database, such as Inorganic Crystal Structure Database (ICSD),13!
have successfully identified promising candidates.T#18 To further
expand the search space, several studies have employed struc-
tures available in existing databases as templates, systematically
substituting their constituent elements to generate new candidate
materials. 7720 However, these data-driven schemes inherently
lack the capability to uncover new structural prototypes, posing a
critical challenge for exploring uncharted chemistries,2

Discovery of materials with novel structural prototypes requires
crystal structure prediction, which is a computational approach
used to identify ground-state or metastable crystal structures for
a given chemical composition.2224 These methods have success-
fully led to the discovery of diverse material applications, such as
the superhard materials,?” high-temperature superconductors,
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and two-dimensional electrides.2Z Crystal structure prediction is
also used to discover novel SSE materials.28-21 However, the
discovery of oxide SSEs via crystal structure prediction remains
significantly more challenging than for other types, such as sul-
fides or chlorides. This is because oxide SSEs often possess
highly complex structures, typically containing over 100 atoms
per unit cell and involving quaternary or higher-order composi-
tions.' Conventional structure prediction methods, including ge-
netic algorithms, are generally restricted to simpler systems be-
cause of the high computational cost for evaluating energies of
intermediate and candidate structures using density functional
theory (DFT) calculations. To address this limitation, several
studies have employed machine-learning interatomic potentials
(MLIPs)2%34___surrogate models trained on DFT data to predict
energies and forces—in crystal structure prediction, as they offer
significantly higher speed and comparable accuracy to DFT calcu-
lations.®"38 [n fact, MLIP-accelerated crystal structure prediction
has recently been explored for the discovery of novel SSE materi-
als.B? However, even when accelerated by MLIPs, reported crystal
structure prediction studies have thus far been limited to ternary
systems with fewer than 50 atoms per unit cell, or to multinary
systems with high-symmetry structures,4? which remains insuffi-
cient for the discovery of oxide SSE materials. Therefore, more
efficient prediction methods are needed to address the complexity
of oxide SSE structures.

Using structural constraints in crystal structure prediction algo-
rithms can further accelerate the process, especially when prior
knowledge of structural characteristics (such as the shapes of
known polyanions) is available,2%4l or when the search space
can be adaptively reduced based on symmetry principles.42 In
the case of oxide SSE, oxygen-corner sharing (CS) frameworks
have already been recognized as a promising structural motif for
fast Li-ion conduction, 1243 whereas sulfides and halides typically
include isolated units such as PS,. Based on this knowledge, ex-
perimental efforts targeting compositions likely to yield CS frame-
works led to the discovery of LiTa,POg, which was indeed con-
firmed to exhibit a CS framework.12 Furthermore, computational
screening of the Materials Project database* focusing on CS-
framework structures successfully identified oxide materials with
high ionic conductivity, including LiGa(SeO,),, which is also val-
idated through experiments.43 In that study, the superior ionic
conductivity of CS frameworks was rationalized through theoret-
ical analysis, providing insight into their structure—property re-
lationships. However, these conventional theoretical prediction
methods are still limited in their ability to discover oxide materi-
als because of the large structural size and low symmetry of these
systems.

Here, motivated by the previously established importance of
CS frameworks in oxide lithium-ion conductors, we develop a
crystal structure prediction algorithm named TOPIC (TOpology-
constrained Prediction of Inorganic Crystals). TOPIC generates
candidate structures under CS bond topology constraints, signif-
icantly reducing the configurational search space compared to
conventional methods. We first validate the TOPIC algorithm
by successfully reproducing the crystal structures of known oxide
systems containing up to 192 atoms per unit cell, including LLZO.
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Next, using a pretrained MLIP (SevenNet-0),4>/we systematically
screen for novel quaternary oxide SSEs exhibiting CS frameworks
generated by TOPIC. Our initial screening focuses on chemical
systems composed of commonly used elements, such as Ti, Zr,
and P, where we find that the lithium content serves as a key
descriptor for the stability of CS frameworks. Based on this de-
scriptor, we enumerate possible quaternary compositions likely to
exhibit CS frameworks composed of octahedral and tetrahedral
units and apply TOPIC to explore such chemical space. Over-
all, we identify 92 new candidate materials with potentially high
ionic conductivity. Among them, 15 oxide materials are further
validated using DFT calculations to assess their thermodynamic
stability, electronic band gaps, and ionic conductivity. Finally, we
report several novel framework types with high predicted ionic
conductivity and derive design principles by analyzing the pre-
dicted SSE structures and the Li-ion conduction pathways.

2  Results

2.1 Definition of corner-sharing bond topology

We define a bond topology as a connectivity of a three-
dimensional network formed by polyhedra centered on cations
(except Li) with surrounding oxygen atoms. A fully connected CS
framework is one in which every oxygen bridges exactly two poly-
hedra, thereby establishing continuous connectivity (left panel of
Fig.[Ip). This definition explicitly excludes configurations where
an oxygen anion binds to only one polyhedron, forming an iso-
lated vertex (middle panel of Fig. [Th), or configurations where
two polyhedra share an edge or face (right panel of Fig.[Th). Our
definition thus slightly differs from the broader criterion proposed
by Jun et al., 43 which allows isolated vertices. Hereafter, we refer
to frameworks with fully connected vertex-sharing topologies as
CS frameworks, and we classify all other cases as non-CS frame-
works.

2.2 TOPIC algorithm

We develop TOPIC, a random structure generation algorithm con-
strained by CS bond topology. Structural optimizations and en-
ergy evaluations are carried out using MLIPs during the structure
search, and the final candidates are recalculated with DFT to ob-
tain accurate energies. To construct the training set for MLIPs,
we perform melt-quench-annealing molecular dynamics (MD)
simulations at a target SSE composition to generate disordered
structures using the SPINNER code,4? following a procedure sim-
ilar to our previous works.243% From this training set, we train
three types of MLIPs for each composition: (1) a 3 A cutoff model
excluding Li atoms, (2) a 6 A cutoff model excluding Li atoms,
and (3) a 6 A cutoff model including all atoms. The first two
models are trained by removing Li atoms from the configurations
while retaining the original energy and force labels for the others,
which include the contribution from Li. In other words, the ener-
getic contribution of Li is implicitly averaged out during training.
These three MLIPs are then used in the structural search. Inter-
atomic distances (such as cation—oxygen bond lengths) are ex-
tracted from the MD trajectories for generating training set and
used as geometric constraints during structure generation (see

Page 2 of 17


http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d6ta01092j

Page 3 0of 17

Open Access Article. Published on 13 April 2026. Downloaded on 4/14/2026 6:36:14 PM.

This articleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(cc)

a Non-CS framework
(isolated O)

CS framework

Journal of Materials Chemistry A

View Article Online
DOI: 10.1039/D6TA01092J

Non-CS framework
(edge sharing)

@0c OT O

b Cation sublattice

Target inputs

v/ LiTiPO, (Z=4)

v CN conditions
(Ti: 6 & P: 4)

Inputs from MD
v Mean volume
v Interatomic d

Final structure

Framework

Pu @1 @r eo

¢ Oxygen placement
@] O
(@) (@) [ >
(@) (@) [ >
(@} @ G 'j 3

/
Virtual bonds satisfying

Bond length constraint

(LJ potential relax) MLIP relaxation

CSbond topology @ o 0T €0

Fig. 1 TOPIC algorithm. (a) Schematic illustrations of fully connected corner-sharing framework (left), framework with isolated vertex (middle), and
framework with edge-sharing polyhedra (right). Dashed red circle in the middle panel indicates the isolated vertex in framework, and dashed green
circles in right panel indicate nodes on edge-shared parts. Oc and T represent the cations form octahedral and tetrahedral polyhedra, respectively. (b)
Overview of TOPIC algorithm. LiTiPOg case is shown as an example. (c) Detail schematic process of cation-oxygen framework generation. Spring
lines in the second panel indicate the virtual bonds between cation—oxygen pairs to which the Lennard—Jones potential is applied.

Methods for details).

TOPIC generates random CS frameworks without Li and sub-
sequently determines the optimized Li positions. Specifically, the
algorithm sequentially performs following steps: (1) generating
cation sublattices, (2) generating cation—O framework by placing
oxygen atoms under bond topology constraints followed by relax-
ations, and (3) placing Li atoms (see Fig. ). At the first step, the
cation sublattices are generated using random structure genera-
tion with space group constraints using RandSpg code, 4 as sim-
ilar methods are commonly adopted in other structure prediction
algorithms.'22:47148l At the final step, Li atoms are placed via Monte
Carlo (MC) simulations coupled with MLIP-based optimizations.
In this approach, virtual bonds are first formed between selected
cation pairs on the given cation sublattice, and oxygen atoms are
placed at the midpoints of these bonds (see Fig.). The resulting
network is required to satisfy the CS bond topology and the prede-
fined coordination number for each cation species, as determined
by Pauling’s rules? and Shannon’s ionic radii®? (Table S1). (We
also confirm that O atoms are located near the midpoint between

cation pairs in experimentally known materials; see Fig. S1.) The
resulting structures are optimized by applying a Lennard-Jones
(LJ) potential to the virtual bonds to enforce reasonable cation—
oxygen bond lengths. In addition, a harmonic repulsive potential
is used to prevent unphysically short distances and unintended
increases in coordination numbers during optimizations. Finally,
the structures are further relaxed using MLIP optimizations. After
each relaxation step (both LJ and MLIP), we verify whether the
structure still satisfies the CS bond topology and the predefined
coordination numbers. Structures that violate these criteria are
discarded. Further details of each algorithmic step are provided
in the Methods section.

In the CS-framework-generation step, structural optimizations
are performed using MLIPs trained on datasets that exclude the
effects of Li atoms, as described above. With a cutoff radius of 6 A
these MLIPs yield average validation errors of 0.014 eV atom !
for energy and 0.87 eV A~! for force. More accurate calculations
are subsequently conducted with MLIPs trained including Li, dur-
ing the Li-insertion stage. This two-step optimization procedure

Journal Name, [year], [vol.], 1 |3
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Fig. 2 Validation of the TOPIC algorithm. (a) The lowest-energy structures for each validation test system generated by TOPIC. (b) The lowest-energy
and a new metastable structure in the LiTa,POg system obtained by TOPIC. (c) Diffusion coefficients at 400, 700, and 1000 K for all polymorphs
of the LiTa,POg system obtained by TOPIC. Blue lines represent the known structure, the red line corresponds to the structure of the potential
candidate, and gray lines indicate other polymorphs. Solid lines denote results calculated by MD simulations using SevenNet-0, while dashed lines
denote results obtained by DFT simulations. (d) Revised structure generation process for cubic Li;LazZr,O;,. Left: the framework consisting of ZrOg
octahedra and LiO, tetrahedra generated by TOPIC. Middle: the framework after La atoms are introduced via Voronoi tessellation and Monte Carlo

simulation. Right: the final Li;La3Zr,O;, structure after the Li insertion.

(from Li-free to Li-occupied systems) effectively identifies struc-
tures that satisfy CS-topology constraints while reducing compu-
tational cost, as demonstrated in the following subsection. The
effectiveness of the initial framework-generation step arises from
the intrinsically weak Li-O interactions in multicomponent Li ox-
ides, which result in only minor modifications of the Li-free struc-
tural framework upon Li insertion. Weak Li-O interactions have
been reported in NASICON-type Li compounds, which exhibit

4 Journal Name, [year], [vol.], 1

low-frequency phonon modes and notably weak Li-O bonding, as
confirmed by crystal orbital Hamilton population (COHP) anal-
yses.> 152l Our COHP analysis similarly confirms weak Li-O in-
teractions in compounds such as LiTi, (PO,)3, LiGa(SeO5),, and
LiTa,POg, as well as in the melt-quenched amorphous phases of
the same compositions (Fig. S2).
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Table 1 Information of validation test systems. Space group, number
of atoms in unit cell (Nyom), and the number of discovered reference
structures in 300,000 trials (Ngouna) are provided.

Formula Space group Natom Nfound
LiTi, (PO,4); R3c (167) 108 7620
LiGa(SeO3), 142d (122) 80 24
LiogMg,(S04)3 Pben (60) 76 2
LiTa,POg C2/c (15) 96 2
Na;Ga;Te, 045 Ia}d (230) 160 10575
o-LiTiPOg P1 (2) 32 1
B-LiTiPOg Pnma (62) 32 155
a-LiAISiO, R3 (146) 126 148
B-LiAISiO, P6422 (181) 84 12
y-LiAlSiO, Pc (7) 28 1
LiTaSiOq P2y/c (14) 32 76
LisLa;Zr,0q, Ia3d (230) 192 10512

2.3 Validation of TOPIC

To assess the reliability of TOPIC, we check whether it re-
produces the structures of known materials. The test set in-
cludes three experimentally reported compositons (LiTiy(PO,4)s,
LiAlSiO,4, and LiTa,POg); four computationally proposed candi-
dates (LiTaSiOs, LiTiPOs, Li,Mg, (SO,)5, and LiGa(SeO5),);*3>3
and one garnet-type Na compound with corner-sharing bond
topology (Na;GasTe,O,,). For the two compositions, LiTiPOg
and LiAISiO,, which exhibit multiple experimentally observed
phases, we examine whether TOPIC accurately reproduces all of
these phases. Specifically, LiTiPOg exhibits o (P1) and § (Pnma)
phases,>* while LiAlSiO, has three known phases: a (R3), f8
(P6422), and y (Pc).22 Therefore, total eleven structures are ac-
counted for in the test. We note that LiTa,POg exhibits disordered
Li sites, whereas the other compounds have fixed Li sites. A sum-
mary of test systems and search outcomes is provided in Table

For each system, we perform 300,000 trials and identify the
lowest-MLIP-energy structure, followed by DFT evaluations of
candidates within a 30 meV atom ! window of this lowest-energy
structure. Note that the number 300,000 refers to the structures
initially generated to satisfy the CS bond topology, prior to any
optimization with the LJ potential or MLIPs. After optimization,
only a small fraction of these 300,000 structures remain (approx-
imately 7%), preserving the CS framework (see Methods for de-
tails).

Fig. presents the lowest-energy structures (within DFT
calculations) obtained for each system, and comparisons with
ICSD reference structures (including metastable polymorphs) are
shown in Fig. S3. Among ten target structures with ordered Li
sites, TOPIC successfully predicts six with the correct Li positions:
LiTi, (PO,)5, LiGa(SeO3),, B-LiTiPOs, a-LiAlSiO,, B-LiAlSiO,,
and Na;GayTe,O,,. For Li,Mg,(S0,),, the predicted framework
reproduces the known structure with only minor deviations in
Li sites, yet all predicted Li positions remain within established
conduction pathways (Fig. S3g). For LiTaSiO;, a-LiTiPOg, and y-
LiAISiO,, TOPIC predicts slightly distorted structures, while the
polyhedral connectivities remain consistent with the reference
structures. In the case of LiTa,POg, the reference structure con-
tains partially occupied Li sites; here, we confirm that the pre-
dicted framework is identical to the reference and that the pre-
dicted Li positions are on the conduction channels (Fig. S3h).
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It is worth noting that TOPIC enables the more efficient iden-
tification of complex crystal structures that are challenging to
discover using conventional evolutionary algorithms, which are
widely adopted for crystal structure prediction. To assess the
practical advantage of TOPIC, we benchmark it against SPIN-
NER, 24361401 an MLIP-accelerated evolutionary algorithm with-
out topology constraints, using the same number of generated
structures and comparable CSP settings (Supplementary Note 1
and Table S2 for details). For all benchmark systems examined,
TOPIC discovers the reference structures more frequently and
with shorter wall time than SPINNER. We also compare TOPIC
with MAGUS, a state-of-the-art structure prediction method based
on symmetry principles.42 We select Mg;AlL,SisO,, as a bench-
mark system, as it was well examined in ref42 and adopts a
corner-sharing framework when Mg atoms are excluded. TOPIC
found the ground-state structure approximately once every 28
generated structures, whereas MAGUS found it approximately
once every 125 generated structures. These results demonstrate
the clear advantage of TOPIC’s topology-constrained search strat-
egy and highlight the importance of incorporating topology con-
straints for the objectives of this study.

TOPIC also predicts low-energy structures different from those
previously reported. For example, in LiTaSiOg, it identifies a
structure that is 6 meV atom ™! lower in energy than the reported
phase, distinguished by a different stacking sequence (Fig. S4a).
In addition, we discover a previously unreported metastable poly-
morph of LiTa,POg, which lies 17 meV atom™! higher in energy
than the reported phase. This polymorph differs from the known
phase in its stacking sequence but retains similar polyhedral mo-
tifs (Fig. and Fig. S4b). Note that this new polymorph of
LiTa,POg exhibits nearly twice the conductivity of the previously
known phase (Fig. , dashed line).

Finally, we discuss LLZO, which is the only oxide SSE known
not to exhibit a CS framework. However, if one considers a frame-
work built from ZrOg octahedra and LiO, tetrahedra instead of fo-
cusing on Zr and La, the cubic phase of LLZO can be interpreted as
a corner-sharing framework (i.e., LiyLag(ZrOg )5 (LiOy,5)3). 12
We slightly modify the TOPIC algorithm (see Methods for details)
to examine whether it can reproduce the structure of LLZO (see
Fig. ). Specifically, we first predict the ZrOg4-LiO, framework,
then place La atoms using MC simulations. Finally, we remove
the pre-existing Li atoms and re-predict all Li positions with MC
simulations. From this modified process, we successfully identify
the LLZO structure, thereby confirming the effectiveness of the
TOPIC algorithm. In the screening process outlined in the follow-
ing subsections, La is excluded from the search space because the
method requires modification. Future research, however, could
systematically extend the TOPIC algorithm to this material fam-
ily, as demonstrated above.

2.4 Structure exploration in representative Li-SSE element
sets

We first explore candidate materials composed of cation polyhe-
dra with octahedral and tetrahedral coordination, with general
stoichiometry Li,(OcOg /z)m(TO4 /2),1. Here, the lithium content

Journal Name, [year], [vol.], 1 |5
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Fig. 3 Structural stability of oxide SSEs with CS bond topology in representative element sets. (a) Upper part: Li ratio of the searched materials.

Lower part: EDET of CS and non-CS frameworks in each composition.
markers.

Compositions where no stable CS structure is found are represented by x
The lowest-energy atomistic structures of LiTazP,0;3, Li,ZrSiOg, Li,AIPOg, LigAl,Si3Oq5, and LisTi,AlOg are presented below the bar

plot as example structures at each Li ratio. (b) EPET(CS) — EPET(non-CS) as a function of Li ratio. (c) Structures of CS and non-CS framework in
LiTaSi,O; and Li3AlISi,O; and their energy above hull values (unit: meV atom™'). (d) lonic conductivity at 1000 K calculated by SevenNet-0 as a

function of Li ratio for both CS and non-CS framework structures.

(x) is determined by charge neutrality, and Oc and T denote
cations occupying octahedral and tetrahedral sites, respectively.
Based on their frequent occurrence in oxide SSE frameworks, 856
we select Ta, Ti, Zr, and Al for Oc, and P, Si, and Al for T. Consid-
ering Oc:T ratios of 2:1, 3:2, 1:1, 2:3, and 1:2—the most com-
mon cation ratios observed in Li-containing quaternary oxides
(see Fig. S5)—we generate 50 candidate compositions in total.
From this set, we direct our attention to new compositions that
have not yet been explored experimentally and are absent from
1CSD. 13 After removing compositions that cannot satisfy charge
neutrality for x > 0, 44 unique compositions remain as our target
space. For comparison, we apply SPINNER to generate structures
beyond the CS topology. SPINNER generates 60,000 candidate
structures at Z = 4 for Oc:T ratios of 2:1, 1:1, and 1:2, and Z =2
for ratios of 2:3 and 3:2, resulting in unit cells with approximately
50 atoms to maintain computational feasibility. Following struc-

6| Journal Name, [year], [vol.], 1

tural generation in both methods, DFT energies are computed
for candidates lying within 50 meV atom~! of the lowest-MLIP-
energy structure.

By comparing the lowest-energy structures obtained from
each method, we calculate the energies above the convex hull
(EhulT) for both CS and non-CS frameworks, hereafter denoted
as EhulflT (CS) and EPET(non-CS), respectively. Fig. |3} l shows
Ehull (CS) and EhulT(non CS) across all compositions studied
in the present work. Note that experimentally synthesized
SSEs often exhibit positive EDNT values (e.g., LiTa,POg: 26
meV atom_l). In comparison, the SSEs identified in this
work are also exhibit positive but comparable or smaller Eﬁlﬁr val-
ues, suggesting their potential synthesizability and stability. We
find a correlation between the Li ratio and the relative stability of
CS versus non-CS frameworks, where the Li ratio is defined as the
number of Li atoms divided by the number of non-Li metal atoms.
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Systems that prefer CS frameworks over non-CS frameworks gen-
erally exhibit small Li ratios (< 1.0). Fig.[3p illustrates this trend
more clearly, showing a positive correlation between the Li ratio
and EPFT(CS) — EPET(non-CS). Even for several compositions
with Li ratios greater than 1.0, no stable CS-topology structures
are found (x markers in Fig. ).

One might question our conclusion regarding the higher pref-
erence for CS frameworks in systems with low Li contents, since
TOPIC explores CS-topology configurations more exhaustively
than non-CS configurations in SPINNER, which is limited to
searching unit cells with fewer atoms than those accessible in
TOPIC. However, the same conclusion is reached when comparing
CS and non-CS structures generated solely by SPINNER, as shown
in Fig. S6 and Fig. S7, although some of the lowest-energy CS
structures differ from those found in TOPIC (usually, TOPIC iden-
tifies more stable CS configurations than SPINNER). This supports
that the preference for CS bond topology indeed exists in systems
with low Li contents even though the existence of lower-energy
non-CS polymorphs cannot be completely ruled out. Beyond our
justification based on the simulation results presented above, the
stronger preference for CS frameworks over non-CS ones at low
Li ratios can be physically rationalized; crystal structures with
fully connected CS frameworks exhibit relatively compact atomic
packing, which imposes spatial constraints that limit the accom-
modation of Li ions. On the other hand, structures with high
Li contents in well-known sulfide and chloride SSEs typically in-
clude isolated polyhedra (e.g., PS4), providing greater internal
space for Li accommodation.22%L This is exemplified by compar-
ing LiTaSi,0, (low Li ratio) and LizAlSi, O, (high Li ratio). As
shown in Fig. [3k, both structures share the same CS framework.
For Li;AlSi, O, however, the CS polymorph is higher in hull en-
ergy than its non-CS counterpart, while for LiTaSi,0,, the CS
polymorph remains more stable. Additionally, in Fig. , frame-
works incorporating larger Zr ions (86 pm) consistently exhibit
lower EPET(CS) — EDKT (non-CS) values than frameworks con-
taining smaller Ti ions (75 pm). This trend can be attributed
to the greater internal free space in the former, arising from the
larger ionic radius of Zr** compared to Ti*" (further illustrated in
Fig. S8). The weak Li—-O COHP, as discussed above, indicates low
covalency and predominantly ionic interactions between Li and
O ions, suggesting that Li influences structural stability mainly
through electrostatic effects. Consequently, at low Li contents,
the CS framework—composed of networks of directional cova-
lent bonds between non-Li cations and oxygen—can accommo-
date Li ions with minimal structural distortion. As the Li content
increases, however, enhanced LiT-Li" electrostatic repulsion and
the reduced availability of vacant sites for Li ions destabilize the
compact corner-sharing framework, thereby explaining the ob-
served dependence of structural stability on the Li ratio.

We examine the ionic conductivities of all lowest-energy and
metastable structures within 50 meV atom~! above the hull at
1000 K. To this end, we perform MLIP-MD simulations using
SevenNet-0, which has been shown to predict Li-ion conductiv-
ities with reasonable accuracy (see Fig. S9 and Table S3 for de-
tails).°2 Fig. [3d shows the conductivity as a function of the Li ra-
tio. Among 339 CS-framework structures examined, 133 (39%)
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exhibit conductivities above 101 mS ecm~!, which corresponds
to practically relevant values of 0.1 mS cm~! at room temper-
ature, assuming an activation energy of 0.3 eV.143 In contrast,
only 2 out of 70 non-CS structures (3%) exceed this threshold.
As expected, frameworks with isolated vertices exhibit stronger
Li-O interactions and hence lower ionic conductivity—consistent
with the generally poorer transport of oxide frameworks with iso-
lated vertices (e.g., oxide LISICON-type) relative to CS framework
(e.g., NASICON-type).63 Overall, low Li concentration favors the
formation of CS-framework structures, which exhibit significantly
higher Li-ion conductivity compared to non-CS structures. There-
fore, we suggest that the Li ratio can serve as a key descriptor for
screening oxide SSE materials.

2.5 Comprehensive screening of quaternary compositions
favoring CS frameworks

Target composition (Li Oc T O, .. )
1. Oc & T based on Pauling's rule
2.m:in=2:1,3:2,1:1,2:3, 1:2
3. Satisfying charge neutrality (x)
4. Composition with Li ratio < 1.0

45 compositions

1. Structure generation with TOPIC & SPINNER
2. Filter compositions with EPFT(CS) < EP"T(non-CS)

hull hull
30 compositions

1. Structure generation with TOPIC (~1.2 M)
2. Remove AEM-P > 100 meV/atom
3. Remove duplicates

Unique frameworks

EXRT < 50 meV/atom

438

[ ogoenNet0 2 101 mS/cm J
178

[ ggevenNeto > 0.1 mS/cm ]

92

[ AEPFT < 10 meV/atom J

19

[ oX . 2 0.1 mS/cm J

15

Fig. 4 Screening process. Orange boxes indicate target composition
selection. Unique frameworks from these compositions are then evaluated
as candidate solid electrolytes under several screening conditions (blue
boxes).

We conduct a thorough screening of oxide SSE candi-
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Li,HfSiO(I) Li,HfSiO(Il) Li,Hf,Si,0 (1)
LiTaSiO, B-LiTiPO, NASICON
prototype prototype prototype

Li,Zr,Si,0,(1) Li,Nb,Si,O (Il LiNb,PO(lll)
NASICON NASICON LiTa,PO,
prototype prototype prototype

Li,ZrSi,0,(Vl)  Li;ScSi,0 () |

New prototype 1

LiNb,PO,(Il)
New prototype 3

Li,Nb,Si,O, (1)
New prototype 4

LiNbSi,O (Vi)
New prototype 5

Li,Nb,Si,0, (X)

2713

New prototype 6

Fig. 5 Final candidates. Structures are selected based on the criteria of high ionic conductivity (>0.1 mS cm~!) and a low energy difference (<10
meV atom~!) from the lowest-energy structure at each composition. The corresponding properties are listed in Table

dates in the quaternary compositional space using the Li-
ratio descriptor. We first enumerate compositions of the form
Lix(OcO6/2)m(TO4/2)n, considering Oc:T ratios of 2:1, 3:2, 1:1,
2:3, and 1:2, under the constraint that the Li ratio is less than or
equal to 1.0. The Oc and T elements discussed in the previous
section are included in this screening. Furthermore, Mg, Ga, Sc,
Hf, and Nb, which fulfill Pauling’s rule yet have been relatively un-
derexplored, are included as Oc elements. This procedure yields
a total of 45 quaternary compositions. For each composition, we
apply both TOPIC and SPINNER and retain the lower-DFT-energy
structure as described above. We observe a similar correlation be-
tween the Li ratio and EPET(CS) — EPET (non-CS) (Fig. S10 and
Table S4) as in the previous screening results (Fig.[3p), indicating
that the Li ratio descriptor is robust for these systems as well.

To efficiently identify candidates with high ionic conductivity,
we employ a stepwise screening procedure, as illustrated in Fig.[4]
First, we identify 45 quaternary Li-oxide compositions with Li
ratios below 1.0, as described above. Next, we perform struc-
ture predictions with SPINNER (Z = 2 or 4, yielding unit cells
with approximately 50 atoms, 60,000 structure generations) and
TOPIC (Z = 4,6, 300,000 trials for each). We retain only those
with EPET(CS) < EPET (non-CS), reducing the set from 45 to 30.
Subsequently, CS-topology crystal structures are generated with

8 | Journal Name, [year], [vol.], 1

TOPIC from an expanded pool of 1.2 million trials with Z =2,4,6,
and 8 (300,000 trials for each), enabling more reliable identifica-
tion of energetically favorable configurations. After discarding
structures lying more than 100 meV atom~! above the lowest
MLIP-energy for each composition and removing duplicates, we
obtain 24,463 unique CS-framework structures. Finally, selecting
those with EPIT < 50 meV atom™! yields 438 distinct structures
across 30 compositions. To rapidly evaluate ionic conductivity, a
single MD simulation is performed for each selected configuration
using SevenNet-0 at 1000 K, and only those with conductivities
above 101 mS cm™!
structures, we conduct comprehensive MD simulations with 3-5
independent runs at each temperature (800, 900, 1000, 1100,
and 1200 K). Ionic conductivities at 300 K are extrapolated using
the Arrhenius relationship, as described in Ref®%. This screen-
ing identifies 92 candidates with extrapolated room-temperature
ionic conductivities exceeding 0.1 mS em~!. Finally, for further
validation, DFT-based MD simulations are carried out on 19 struc-
tures within 10 meV atom~! of the lowest energy for each compo-
sition (AEPFT), ultimately yielding 15 candidate structures with
room-temperature conductivities greater than 0.1 mS cm~!. This
energy range, AEPFT | is accounted for to include potential candi-
dates that are likely synthesizable due to their small energy dif-

are retained, following Ref#3. For these
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ferences, while simultaneously exhibiting high ionic conductivity,
as demonstrated experimentally for LiAlSiO,.0%/¢! For the final
candidates, we confirm that the conductivity values are not sig-
nificantly affected by cell-size dependence (Fig. S11).

Fig.[5|presents the 15 identified candidates, with detailed prop-
erties provided in Table [2| (see the Methods section for details
of the calculations). Several of these candidates share frame-
works with known compounds, including Li, HfSiOg (I) (LiTaSiOs-
type), Li,HfSiOg (1) (B-LiTiPOs-type), LiNb,POg (II) (LiTa,POg-
type), and three NASICON-type structures: LiyHf,Siz0,(D),
LiyZr,Siz 04, (1), and Li,Nb,Si; O, (II). Note that the Roman nu-
merals in parentheses indicate the stability order among con-
figurations of the same composition, corresponding to their
energy ranking relative to the ground state (with I denot-
ing the ground state). In addition, TOPIC discovers mate-
rials with novel frameworks. For example, TOPIC reveals a
distinct structural feature, commonly observed in Li,HfSi,O.,
Li,ZrSi,0,, and Li;ScSi, 0., consisting of Si,O, polyanions in-
terconnected by OcOg octahedra. The conduction pathways
in these materials are found to be quasi two-dimensional (see
Fig. S12a). Another structural type, featuring similar Si,O,
and OcOg connectivity but a slightly different atomic arrange-
ment, is shared by Li,HfSi,0, and Li,ZrSi, O, (see blue dashed
box in Fig. [5), leading to the three-dimensional conduction
pathways (see Fig. S12b).  LiNb,POg4(II) adopts a frame-
work identical to that of metastable LiTa,POg, newly identi-
fied by TOPIC in the previous subsection (Fig. [2p). Li con-
duction pathways of three additional structures with previously
unreported frameworks—Li,Nb,Si;0,, (I), LiNbSi, 0, (VIII), and
LizNb;Si, 0,4 (X)—are also shown in Fig. S12. We find that sev-
eral candidates in this set exhibit high ionic conductivities above
1 mS em™!. In particular, the NASICON-type Li,Hf,Si; O, shows
an ionic conductivity of 14.09 mS em™~! (7.56-26.22 mS cm~!,
considering uncertainty), which is comparable to that of liquid
electrolytes and to the highest values reported for SSEs, such as
LiNbOCI, and LiTaOCl,.>®

We further evaluate the electrochemical stability of the final
candidate materials by calculating their electrochemical stability
windows (ESWs) following ref.72 (see Fig. S13). Overall, the
predicted candidates exhibit ESW ranges comparable to those of
representative known oxide SSEs and generally wider than those
of typical sulfide SSEs. We also note that the practically acces-
sible stability range may be broader when indirect decomposi-
tion pathways are taken into account, as passivating interphases
can partially mitigate interfacial reactions with electrodes.”3 Al-
though this analysis provides only a preliminary filter, the present
study does not include practical assessments of stability factors
such as moisture tolerance and phase stability at finite tempera-
ture, which will need to be addressed in future studies.

In addition to the final candidates, we find that several struc-
tural frameworks (e.g., NASICON and new prototypes 1 and
3) recur across new materials generated by TOPIC that satisfy
EPET <50 meV, albeit with varying Li ratios (see Fig. @1). Com-
paring the ionic conductivities of compounds sharing identical
frameworks but different Li content can provide crucial insights
for discovering novel SSEs. In particular, stuffing Li into SSEs is
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a well-recognized strategy for enhancing Li-ion conductivity, as
it lowers the migration barrier through increased Li-Li repulsion
and the resulting structural distortions.43*>3 To examine whether
this effect is also present in our candidates, we compare the ac-
tivation barriers as a function of Li content for materials sharing
the same framework. We analyze the NASICON-type, 3-LiTiPOs-
type, and new prototypes 1 and 3, as shown in Fig.[6. In all
frameworks except new prototype 3, the activation barriers de-
crease as the Li ratio increases, which is consistent with previous
theory. Indeed, when the activation barriers are plotted against
the maximum CSM value for each prototype family, the barriers
decrease as the CSM increases (Fig. S14). For instance, the activa-
tion barrier of synthesized B-LiTiPOg exceeds 1 eV, as measured
experimentally,®Z whereas its analogue Li,HfSiOz (I), which has
a higher Li ratio owing to the smaller valence of Si compared to P,
exhibits a much lower barrier of 0.38 eV. CSM analysis supports
this trend: Li sites in B-LiTiPOg show modest distortion (CSM =
2.2), while those in Li, HfSiOg (II) show significantly larger distor-
tions (CSM = 5.4 and 8.2). In the atomistic structures in Fig. @),
we also see that the Li sites are symmetric in B-LiTiPO;, whereas
they are distorted in Li,HfSiOg(II). The same trend is also ob-
served in the NASICON-type and new prototype 1 structures (see
Table S6 and Fig. S14).

However, structures belonging to prototype 3 do not follow
this trend. LiTa,POg, despite having the lowest Li ratio, ex-
hibits the lowest activation barrier because it contains quasi-
one-dimensional channels that provide efficient conduction path-
ways. By contrast, in Li,Ta,SiOg (Li ratio = 0.667), the one-
dimensional channels become overcrowded with Li ions, blocking
not only the stable sites but also the transition-state sites along
the migration pathway, which suppresses conductivity. Increas-
ing the Li ratio further, as in Li;Ta,AlOg (Li ratio = 1.0), restores
conductivity by opening alternative three-dimensional pathways.
Similarly, introducing a small amount of aliovalent doping in
Li,Ta,SiOg—for example, substituting Ta with Hf—creates new
three-dimensional pathways and thereby lowers the activation
barriers from 0.562 eV to 0.352 €V. This trend can be explained by
Li-site distortion: the activation barrier decreases as the CSM in-
creases (Fig. S14), consistent with the tendency observed for the
other prototype families. This result further supports the view
that Li-site distortion is an important structural factor governing
ionic conductivity.

To further examine which structural descriptors are related to
ionic conductivity within diverse CS-framework structure proto-
types reported in the previous study,43 we compare polyhedra
packing ratio, distant Li-site ratio, and CSM value between all
438 CS-framework structures generated by TOPIC with EPFT <
50 meV atom~! with the 15 high-conductivity candidate struc-
tures (Fig. S15). However, these descriptors cannot capture con-
ductivity trends across distinct prototype groups. Therefore, a
more complete understanding of the relation between structural
distortion and ionic conductivity require more comprehensive fu-
ture analysis.

Journal Name, [year], [vol.], 1 l9


http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d6ta01092j

Open Access Article. Published on 13 April 2026. Downloaded on 4/14/2026 6:36:14 PM.

This articleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(cc)

Journal of Materials Chemistry A

a

1.00 A
Hf doped-
_0.75- Li,Ta,SiOy(1)
> Li,Ta,SiO(l)
)
v 0.50
[
0.25 qLitapo,1v)
Li, Ta,AlO,(X)
0.00 T T T T
0.00 0.25 0.50 0.75 1.00
Li ratio

4 NASICON-type
B-LiTiPO-type

- New prototype 1
4 New prototype 3

€ LiTa,POIV)

Li,Ta,SiOy(1)

CSM

View Article Online
DOI: 10.1039/D6TA01092J

B-LiTiPO,

o o
g

Li,HfSiO(1l)

2.2 (Oc)

5.4 (T)

8.2(T)

L Sio,

Li,Ta,AIO4(X)

I2.125 1.875° 770.125

Ta, . Hf

Fig. 6 Effect of the Li ratio on ionic conductivity. (a) Activation energy as a function of Li ratio for NASICON-type, B-LiTiPOs-type, new prototype
1, and new prototype 3. Markers indicate the average values of activation energy with the same framework and Li ratio, and error bars indicate the
standard deviations. Activation energy values calculated with DFT are shown as filled markers, whereas experimentally reported values are shown as
empty markers (empty diamond: ﬁ—LiTiPOS—type; empty circle: NASICON—type). The corresponding compounds for the NASICON-type and
new prototype 3 structures are indicated in the figure, and details for the other types are provided in Table S5. (b) Structure and local environments
of Li ions in B-LiTiPOg and Li, TiSiO5. CSM values and the site type (Oc for octahedron and T for tetrahedron) for each Li environment are provided
below. (c) Li conduction pathways at 800 K for LiTa,POg, Li,Ta,SiOg, Hf-doped Li,Ta,SiOg, and Li;Ta;AlOg.

3 Discussion

In this study, we have developed TOPIC for the prediction of CS-
topology crystal structures in Li-oxide SSEs. For a single quater-
nary composition containing approximately 100 atoms per unit
cell, the prediction of the lowest-energy structure requires 4 days
of computational time. Given the intrinsic complexity of quater-
nary oxides and their large unit cells, this performance illustrates
the efficiency of TOPIC, which requires only about twice the com-
putational cost of earlier methods applied to simpler ternary ox-
ides (about 50 atoms per unit cell).

By employing TOPIC, we have identified potential Li-oxide
SSEs with high Li conductivity, as summarized in Table We
have discovered a diverse set of candidate materials exhibiting
previously unreported structural prototypes and elemental com-
binations. Interestingly, while high-performance solid electrolytes
containing silicon have been rarely reported in previous studies,
our screening reveals that 13 out of 15 low-energy Si-containing
compositions exhibit high predicted ionic conductivity. Among
these, five materials contain Hf, which is also uncommon among
reported. Notably, Li,Hf,Si;O;, exhibits a high Li-ion conduc-
tivity of 14.09 mS em~! (7.56-26.22 mS cm~!, considering un-
certainty), along with a wide band gap of 6.5 eV predicted us-
ing the accurate HSE06 method. In particular, this compound
is predicted to be the lowest-energy structure among those with
the same composition, implying relatively high synthesizability.

10| Journal Name, [year], [vol.], 1

Furthermore, we report various novel structural prototypes in
this study (Fig. [5), which can serve as a materials library for
designing new compounds through modifications such as phase
distortions”® and aliovalent doping. For instance, we test
the effectiveness of an aliovalent doping strategy on Li,Ta,SiOg,
whose lowest-energy structure with a novel framework exhibits
low ionic conductivity (0.0004 mS cm~!) at 300 K. With Hf dop-
ing (Liy 125Tay g75Hf).105Si0g), the activation energy decreases by
0.210 eV, and the ionic conductivity at 300 K increases by more
than an order of magnitude (0.193 mS cm™!). We also observe
that doping induces a transition from a quasi-1D path in the un-
doped structure to a 3D Li conduction network, highlighting that
doping creates additional conduction pathways (Fig. [6k). This is
consistent with the transition to a 3D conduction pathway that
occurs with increasing Li content across different element sets, as
described in the previous section.

Even if this work conducts a comprehensive search of qua-
ternary compositions composed of octahedral and tetrahedral
polyhedra, this does not encompass the full chemical space of
oxide SSEs. For example, the present screening does not in-
clude elements forming 3-coordinated polyhedra (e.g., SeO3 in
LiGa(SeO3)2@) or garnet-type frameworks with La atoms such
as LLZO. Furthermore, quinary compositions and doped materials
may also exhibit high ionic conductivity. The structure libraries
constructed in this work provide a valuable foundation for pur-
suing such extensions. The discovery of these novel compositions
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DFT

Table 2 Properties of candidate structures found by TOPIC. Energy above hull (Ep)"), energy difference from the lowest-energy structure at the
given composition(AEPFT), bandgap (Eg), activation energy (E,), and ionic conductivity at 300 K (o390x) are provided. For E, and o390k, estimates

of the upper and lower bounds are shown in parentheses.

EDFT AEDFT

Formula hull Eq E, G300K

(meV atom™!) (meV atom™!) (eV) (eV) (mS cm™1)
LiszSi207 [0} 12 0 6.8 0.319 = 0.070 0.392 (0.026, 5.879)
LiszSiZO7 (IID) 18 6.2 6.9 0.234 + 0.082 2.388 (0.100, 56.801)
Li,HfSiO5 (I) 19 0 7.0 0.299 + 0.020 1.127 (0.516, 2.463)
Li,HfSiOg (II) 19 0.2 6.9 0.375 + 0.063 0.113 (0.010, 1.276)
Li,Hf,Si,0,, (1) 21 0 6.5 0.183 + 0.016 14.090 (7.569, 26.229)
LiNb,POg (II) 25 9.3 4.2 0.353 = 0.080 0.092 (0.004, 1.990)
LiNb2P08 (11D 26 10.0 3.8 0.201 = 0.034 7.820 (2.079, 29.416)
Li,ZrSi, O, (VI) 28 2.1 6.3 0.277 = 0.017 1.245 (0.657, 2.356)
LiyZrSi, O, (VII) 28 2.4 6.5 0.288 + 0.067 0.553 (0.042, 7.335)
Li5ScSi, O, (ID) 28 6.0 6.7 0.236 + 0.075 3.375 (0.188, 60.750)
LiNbSi207 (VIID) 29 9.2 5.0 0.328 = 0.019 0.161 (0.078, 0.332)
Li,Nb,Si;0,, (I) 31 0 45 0.301 = 0.085 0.232 (0.009, 6.211)
Li,Nb,Si; 01, (II) 32 0.6 48 0.267 + 0.023 3.006 (1.245, 7.256)
LiyZr,8i50,5 (1) 34 0 6.0 0.270 = 0.006 0.756 (0.599, 0.955)
LizNb,Si, 0,5 (X) 44 9.7 3.9 0.274 + 0.021 2.182 (0.959, 4.961)

and prototypes is enabled by the ability of the TOPIC algorithm to
directly explore the potential energy surface, thereby overcoming
the limitations of conventional template-based methods.ZZ

Although the current implementation of TOPIC is special-
ized to oxide systems with fully connected CS frameworks, the
framework-generation strategy could be extended. For instance,
TOPIC can also be extended to mixed CS and isolated frame-
works, corresponding to the broader definition of CS frameworks
in ref#3, In such cases, one could first generate a bond network
with CS topology between neighboring cations and then place iso-
lated anions around cations whose coordination numbers remain
lower than their target values (see Fig. S16 for details). This type
of extension may be particularly relevant for oxyhalides, where
oxygen often participates in the connected framework while halo-
gen atoms remain isolated. By contrast, extending TOPIC to struc-
tures containing both edge-sharing and corner-sharing motifs is
expected to be more challenging, because the number of possible
ways to assign sharing relationships between cations increases
substantially. In fact, recent work has shown that, in sulfide SSEs,
metastable edge-sharing frameworks can exhibit higher ionic con-
ductivity than corner-sharing frameworks.2? Thus, extending this
type of analysis to broader chemistries and alternative framework
connectivities will be an important direction for future work.

4 Conclusions

In summary, we develop a new structure prediction algorithm,
TOPIC, designed to efficiently generate oxide SSE materials with
CS frameworks. We validate that TOPIC successfully reproduces
known oxide SSEs (up to 200 atoms per unit cell) as well as
previously unreported polymorphs. By integrating a pretrained
MLIP, SevenNet-0, we explore uncharted chemical spaces where
the CS framework is likely to prefer and identify several potential
candidates. Our analysis reveals that the Li ratio plays a critical
role in determining the stability of CS frameworks and provides
a useful descriptor for screening. We analyze the effect of Li site
distortion on ionic conductivity from the discovered structures,
providing guidance for establishing design principles. Overall,
TOPIC offers a scalable route to explore uncharted chemical space

for next-generation oxide electrolytes.

5 Methods

5.1 TOPIC algorithm

Random structure generation for cation sublattices. Cation
sublattices are generated under specified space groups using the
RandSpg package,4® which randomly assigns lattice vectors and
Wyckoff positions while preserving the designated symmetry. The
symmetry group of each cell is chosen randomly. The mean cell
volumes of the generated structures are referenced to the density
of the amorphous phase obtained from DFT melt-quench sim-
ulations (see below). Volumes are selected within 90-120% of
the mean cell volume, with each lattice parameter constrained to
40-250% of the cubic root of the mean cell volume. Lattice an-
gles are restricted to 60°-120°. Distance constraints are applied
to all cation-—cation pairs, by imposing a minimum separation
equal to the values observed for the corresponding pairs during
the melt-quench—annealing trajectories. This procedure ensures
chemically reasonable configurations and avoids unphysical short
interatomic distances.

Oxygen placement. After generating random cation sites, oxy-
gen atoms are placed at the midpoints of cation pairs. Two differ-
ent algorithms are employed to generate cation pairings (virtual
bonds) that satisfy both the CS bond topology and coordination
number constraints. (1) In the first algorithm, the bond topology
is generated by sequentially forming virtual bonds for each cation
according to its predefined coordination number. Specifically, the
order of cations is first randomly determined. For each cation
in this order, connections are made to the nearest neighboring
cations until its coordination number is satisfied. If a virtual bond
has already been assigned by another cation, the bond is retained,
and additional connections are made preferentially to the nearest
unsaturated neighbors. If the nearest cation has already reached
its coordination number limit, the next nearest cation is chosen,
and this process is repeated until all cations satisfy their coordi-
nation numbers. When this process fails (e.g., by forming isolated
loops), a new random cation order is selected, and the procedure
is retried up to 1000 times. If all attempts fail, or if the generated
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structure succeeds but has P1 symmetry, a new random cation
configuration is generated and the algorithm is repeated until
success. Once the bond topology is completed, oxygen atoms are
placed at the midpoints of the virtual bonds. (2) In the second
algorithm, all cation pairs with short separations that can form
virtual bonds are first enumerated, and only those structures in
which a CS bond topology is generated are selected. Specifically,
all cation pairs with separations shorter than twice the cation-O
distance (the first radial distribution function (RDF) valley from
the MD simulations) are considered, and oxygen atoms are placed
at the midpoints accordingly. After assigning oxygen atoms, the
coordination number of each cation is checked. If any cation does
not satisfy its predefined coordination number, the cation struc-
tures are regenerated under the same space group, and this pro-
cess is repeated up to 100 trials. If all attempts fail, a new space
group number is randomly selected and the process is repeated
until success. Compared with the first method, this approach gen-
erally preserves the symmetry of the initial cation arrangement,
and the resulting structures therefore tend to exhibit higher sym-
metry. In practice, structures are generated such that 50% are
obtained from the first method and 50% from the second.

Bond-length optimization with classical potentials. Oxygen
atoms are initially placed at the midpoints of the virtual bonds
to satisfy the CS bond topology. However, the resulting cation—
O bond lengths are not optimal. Using LAMMPS package,’8 the
structures are optimized using a Lennard—Jones (LJ) potential,

v =4e[(9)" - (D).

which is selectively applied to the virtual bonds between cations
and oxygen atoms. Note that the LJ potentials are not applied to
all pairs of atoms, but are selectively applied to O—cation pairs
connected by virtual bonds. Here, o is set to the position of the
first peak of the cation—-O RDF obtained from amorphous struc-
tures generated by DFT-MD simulations for the training set, di-

vided by 2% , ensuring that the equilibrium bond length coincides
with the RDF peak. The ¢ value is set to 3.0 eV for all cases. To
prevent the formation of highly unphysical structures, additional
harmonic repulsion potentials are introduced,

E=K(R—R.),

whenever two atoms are closer than the cutoff distance R, (fix
restrain command in LAMMPS). The K value is set to 0.2 eV A2
for all cases. These repulsion terms are applied between O-O
pairs, between cation—cation pairs, and also between cations and
O atoms belonging to different polyhedra. For the cutoff distances
of O-0 and cation—cation pairs, the shortest distances observed
in melt-quench—annealing MD trajectories are used. In the case
of cation—oxygen repulsion across different polyhedra, the cutoff
is set to the position of the first valley in the cation—O RDF of the
amorphous structure.

Optimizing frameworks. After optimization with the LJ poten-
tial, the code checks whether the structure satisfies the desired
coordination numbers and CS bond topology. If this condition is
not met, the structure is discarded; otherwise, it is further relaxed
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with the MLIPs trained without labeling the Li atoms. The details
of training set generation and model architectures are described
below. The structure is first optimized using an MLIP with a cut-
off of 3 A, and then further relaxed using a model with a cutoff of
6.0 A. At each stage, structures that do not preserve the CS bond
topology or bond-length condition after relaxation are discarded.

Li insertion process. We use Voronoi tessellation based on oxy-
gen atom positions*2 to enumerate possible Li sites using SciPy
package.””? Among the Voronoi nodes, those located within 1 Aof
non-Li cations are discarded. The remaining nodes are clustered
if they are within 1 A of each other, and represented by the av-
erage position. To obtain stable configurations, Li atoms are first
placed in the largest free spaces and the structures are relaxed
using MLIPs (trained for all elements including Li). If the struc-
ture collapses such that the coordination numbers of the non-Li
cations are altered, Li atoms are inserted at random candidate
sites and the structures are checked again. If no structure satis-
fying the conditions is obtained within 10 trials, the framework
is considered unstable upon Li insertion and discarded. If the
framework remains stable, 0 K Monte Carlo (MC) simulations are
performed. In each MC step, one Li atom is randomly selected
and its position is changed to one of the candidate Li sites. Af-
ter relaxation with MLIPs, the bond topology and coordination
numbers are checked.
energy increases, the move is rejected. After 100 MC steps, the
lowest-energy structure is selected.

If the conditions are not satisfied or the

Final energy evaluations. After generating candidate struc-
tures with the above processes, the final candidates within an en-
ergy window of 100 meV atom™! from the MLIP calculations are
selected and then recalculated using DFT. To improve efficiency,
we adopt a two-step procedure. First, one-shot calculations are
performed for all candidate structures using a k-point grid with
the same k-spacing as in the DFT melt-quench simulations. Next,
structures within an energy window of 50 meV atom~! from the
one-shot DFT results are selected and relaxed with the AMP?
package®V to obtain accurate energies. Convergence criteria for
the k-point tests are set to 3 meV atom~! for energy and 10 kbar
for pressure. The cutoff energy for all DFT calculations is set to
520 eV.

Modification of TOPIC algorithm for Li,LazZr,0;,. Gen-
erating the (ZrOg /2)2(Li0, 9)5 framework follows the standard
TOPIC workflow: sampling random cation sublattices and opti-
mizing bond lengths with LJ potentials. During framework opti-
mization, however, we use only the 3 A—cutoff MLIP, because the
6 A—cutoff model exhibits roughly twice the force error of our val-
idation systems, whereas the 3 A model is only 40% higher. Dur-
ing the La-insertion MC, we evaluate single-point energies rather
than performing relaxations, in order to avoid artifacts arising
from the non-stoichiometric conditions. Finally, we remove the Li
atoms within the framework and reinsert Li atoms via MC simu-
lations, yielding the final Li;LasZr,0,, structures.

5.2 Machine learning interatomic potential training

MLIP details. We employ Behler—Parrinello neural network po-
tentials,®2 with symmetry function vectors as descriptors, using
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the SIMPLE-NN package.®L' For each atomic pair, 8 radial and 18
angular symmetry functions are constructed with identical cut-
off radii applied to both. Model training is continued until the
root-mean-square errors (RMSEs) of the validation set fails to de-
crease by at least 0.5 meV atom ! (energy), 0.01 eV A~! (force),
or 0.5 kbar (stress) over 50 epochs. The average validation RM-
SEs are: (1) 39 meV atom™! (energy), 2.0 eV A-! (force), and
59 kbar (stress) for the 3 Acutoff models excluding Li atoms; (2)
14 meV atom ™!, 0.87 eV A1, and 44 kbar for the 6 Acutoff mod-
els excluding Li atoms; and (3) 4 meV atom™!, 0.33 eV A~!, and
8 kbar for the 6 Acutoff models including all atoms. The neural
networks consists of two hidden layers with 30 nodes each. In-
put vectors are decorrelated using principal component analysis
(PCA) and subsequently whitened to accelerate convergence.82
Model weights are optimized using the Adam algorithm,®2 with
a batch size of 20. To mitigate overfitting, L2 regularization is
incorporated into the loss function, and 10% of the dataset is re-
served for validation.

Generating training set. Disordered structures for the training
set are generated using melt—quench—annealing MD simulations
with DFT calculations. Initial configurations are constructed by
randomly placing atoms within a volume estimated from their
atomic radii. The system is first equilibrated at 4500 K for 3 ps,
followed by melting at an empirically determined melting tem-
perature for 8 ps. The melting temperature is estimated as the
point where the diffusion coefficient of all atomic species exceeds
4x10°m? s~!, a common characteristic value for liquid metals
and ceramics.®48> From this molten state, the system is quenched
at a cooling rate of 200 K ps~! and subsequently annealed at 500
K for 4 ps, yielding amorphous configurations suitable for MLIP
training and providing preliminary structural information.

Density functional theory calculations. All DFT calculations
are performed using the Vienna Ab initio Simulation Package
(VASP)8¢ with projector augmented-wave (PAW) pseudopoten-
tials®Z and the Perdew—Burke-Ernzerhof (PBE) functional®® for
the exchange—correlation energy. The cutoff energies are deter-
mined from convergence tests on premelted structures, ensur-
ing that the total energies, forces, and stress tensors converge
within 20 meV atom~!, 0.3 eV A~!, and 10 kbar, respectively.
MLIPs trained on melt-quench-anneal trajectories that satisfied
these thresholds are shown to be sufficiently accurate for crystal-
structure prediction, successfully generating low-energy struc-
tures in the process.2449 A single k-point, either I or (4, 1, 1,82
is used for the Brillouin-zone integration, with the choice deter-
mined by the same convergence tests as for the cutoff energies.
Band gap values of the final candidates are evaluated by one-shot
hybrid functional calculations (HSE06 functional)?? on the PBE-
optimized structures using the AMP? package.?!

5.3 SPINNER

We use SPINNER to generate structures without bond topology
constraints.“? Structures are produced through random seeding,
permutation, and lattice mutation in ratios of 70, 20, and 10%,
respectively. The population size of each generation is capped
at 300, and the search proceeds for 200 generations. In each

Journal of Materials Chemistry A

View Article Online
DOI: 10.1039/D6TA01092J

generation, structures within a 100 meV atom ! window from the
lowest-energy structure of the previous generation are selected
for mutation operations. After the entire run, the final candidate
structures within the lowest 50 meV atom~! energy window are
retained. During structural relaxations, we use the same MLIPs
as in TOPIC, trained with a 6 A cutoff radius and including all
atoms.

5.4 Liionic conductivity calculation

We follow the method described in ref.64, MD simulations up
to 50 ps (both DFT and MLIP) are conducted 3-5 times, and a
time-averaging method is used to calculate the mean squared dis-
placement (MSD), defined as follows:

M

1i=1

(IRi(t+7) —R,-(t)|2>t 1)
where N ; is the number of Li atoms, R;(¢) is position vector of Li
atom { at time 7, and 7 is the lag time. The notation (---), denotes
an average over all permissible time origins ¢ within a trajectory.
The diffusion coefficient at each temperature is calculated from
the Einstein relation:

where Dy is the pre-factor of the diffusion coefficient, E, is the
activation energy of diffusion, kg is Boltzmann constant, and 7T is
temperature. To obtain a linear region of MSD, we remove the
initial 2 ps of MSD and beyond 50% of the total simulation time.
We verify that all MSD curves obtained from DFT MD of 15 can-
didate structures in this study are within the linear region. The
activation energy and ionic conductivity are obtained by fitting
the diffusion coefficients to the Arrhenius equation in the temper-
ature range of 800-1200 K:

Ea
kT
where C is a temperature-independent constant. We apply a
weighted linear fit to the Arrhenius relation using weights of the
inverse square of the standard deviation of log(Dy;) to each data
point to handle the statistical uncertainty and thereby estimate
the activation energy and its uncertainty.22

log(Dy;) = +C 3

The ionic conductivity is then calculated from the
Nernst-Einstein relation:
Np;Z2é?
oy = Dy; 4
Li VkBT Li ( )

where e is the elementary charge and V is the volume of the sim-
ulated cell. We set z =1 for Li ions. The uncertainty in the ionic
conductivity was estimated by propagating the uncertainty in the
activation energy through the Arrhenius relation.

For visualization of Li conduction pathways, the pymatgen-
analysis-diffusion package is employed, 2324 and plotted isosur-
faces of Li probability density at a threshold of 0.001 Pp,x, where
Pmax denotes the maximum value of the Li-ion probability density
distribution.
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While SevenNet-0 shows good predictive performance for ma-
terials with known structures,?>%27 its reliability for newly discov-
ered prototypes remains uncertain. To assess its applicability to
evaluate Li-ion transport, we compare diffusion coefficients pre-
dicted by SevenNet-0 with those obtained from DFT (Fig. S17).
Overall, SevenNet-0 does not show the clear uniform shift relative
to DFT that would be expected for a severe systematic softening
of the potential energy surface (Fig. S17a).22 Instead, the de-
viations are strongly structure-dependent. For compounds with
known prototypes, the model achieves a mean percentage error
(MPE) of 8% and a mean absolute percentage error (MAPE) of
23%. In contrast, for the novel frameworks discovered in this
study, SevenNet-0 tends to overestimate the diffusion coefficients,
with an MPE of 26% and a MAPE of 38%, likely arising from
a softening of the potential energy surface relative to DFT.62128
Nevertheless, these errors do not alter the order of magnitude of
the predicted conductivities. Thus, SevenNet-0 remains suitable
for high-throughput screening of oxide-based Li-ion solid elec-
trolytes.

5.5 Aliovalent doping

Voronoi nodes are considered as candidate Li sites, as described
above. For each system, 50 structures with random cation substi-
tutions and Li stuffing are generated. Their energies are evaluated
using SevenNet-0, and the lowest-energy structure is further re-
laxed with SevenNet-0. Although the selected structures may not
correspond to the absolute lowest-energy configurations, they are
expected to represent the doped systems reasonably well, as the
ionic conduction characteristics are reproduced in line with previ-
ous reports (e.g., Ga-doped LiTiPO5 and P-doped Li,Mg,(SO,)5,
see Table S3).

5.6 Framework novelty assessment

To assess the novelty of the crystal structures identified in this
work, we compare them against the AFLOW prototype library.22
For each candidate, we examine both the full structure including
Li atoms and the corresponding framework excluding Li. If nei-
ther structure matches any entry in the AFLOW prototype library,
we classify the framework as novel.
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