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Modeling phase transformations in Mn-rich disordered rocksalt cathodes with
machine learning interatomic potentials

Peichen Zhong,1, 2, ∗ Bowen Deng,1, 2 Shashwat Anand,2 Tara Mishra,2 and Gerbrand Ceder1, 2, †

1Department of Materials Science and Engineering,
University of California, Berkeley, California 94720, United States

2Materials Sciences Division, Lawrence Berkeley National Laboratory, California 94720, United States
(Dated: September 23, 2025)

Mn-rich disordered rocksalt (DRX) cathode materials exhibit a phase transformation from a
disordered to a partially disordered spinel-like structure (δ-phase) during electrochemical cycling.
In this computational study, we used charge-informed molecular dynamics with a fine-tuned CHGNet
foundation potential to investigate the phase transformation in LixMn0.8Ti0.1O1.9F0.1. Our results
indicate that transition metal migration occurs and reorders to form the spinel-like ordering in an
FCC anion framework. The transformed structure contains a higher concentration of non-transition
metal (0-TM) face-sharing channels, which are known to improve Li transport kinetics. Analysis of
the Mn valence distribution suggests that the appearance of tetrahedral Mn2+ is a consequence of
spinel-like ordering, rather than the trigger for cation migration as previously suggested. Calculated
equilibrium intercalation voltage profiles demonstrate that the δ-phase, unlike the ordered spinel,
exhibits solid-solution signatures at low voltage. A higher Li capacity is obtained than in the DRX
phase. This study provides atomic insights into solid-state phase transformation and its relation to
experimental electrochemistry, highlighting the potential of machine learning interatomic potentials
for understanding complex oxide materials.

I. INTRODUCTION

The increasing demand for sustainable energy storage
has driven the development of high-energy-density and
cost-effective cathode materials for rechargeable Li-ion
batteries [1–3]. Disordered rocksalt (DRX) cathodes us-
ing manganese (Mn) as the earth-abundant redox-active
cation have the potential to scale Li-ion energy storage
to several TWh/year [4]. Recent studies demonstrate
that Mn-rich disordered rocksalt structures undergo an
in-situ transformation into a partially disordered spinel-
like phase (termed the δ-phase) upon electrochemical
cycling [5–9], which results in increased capacity and
rate capability for cathode materials. This approach
mitigates the typical low capacity in other DRX cath-
odes by promoting a new voltage feature around 4 V
and an extended 3 V plateau. Moreover, in contrast
to conventional LixMn2O4 spinel cathodes, which suf-
fer from a two-phase reaction when fully lithiated be-
tween 0.5 < x < 1, leading to inhomogeneity-induced
stresses and mechanical degradation, the δ-phase main-
tains a single (solid-solution) phase reaction throughout
the cycling process. Cai et al. [9] demonstrates that such
δ-phase material exhibits an impressive capacity of over
280 mAh/g and an energy density exceeding 800 Wh/kg
while maintaining minimal voltage decay even after ex-
tensive cycling.

The spinel is distinguished from the disordered rock-
salt by its cation ordering in the common FCC anion
framework. Figure 1a–1c presents the cation orderings
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in a conceptualized graph representation as a projection
of the 3-dimensional FCC structure shown in Fig. 1d, in-
cluding the disordered rocksalt (Fm3̄m), spinel (Fd3̄m),
and partially disordered spinel (δ-phase) structures. The
green and purple spheres represent Li and Mn ions, re-
spectively, occupying the octahedral sites (Oh, denoted
as o) of the FCC rocksalt framework. For simplicity, the
stoichiometric LiMnO2 is used for illustration in Fig. 1a-
c. The graph edges connect the Oh sites to the interstitial
tetrahedral sites (Td, denoted as t), which are represented
by white dashed circles in Fig. 1. In the spinel LiMnO2

ordering, the octahedral sites are categorized into 16c and
16d sites as shown in Fig. 1b. All 16c sites are occupied
by Li, while all 16d sites are occupied by Mn. Note that
we refer to spinel LiMnO2 here as the product of lithia-
tion of the traditional spinel LiMn2O4. The tetrahedral
site neighbored by four 16c Li is denoted as an 8a site in a
spinel. When the spinel is delithiated to Li0.5MnO2, the
16c sites become vacant and the 8a sites are occupied by
Li, representing a traditional spinel structure. More gen-
erally, the tetrahedral site neighbored by four Li is also
termed a 0-TM channel. Urban et al. [10] demonstrated
that long-range connected 0-TM percolating channels are
essential for facile Li diffusion in an FCC framework, with
the spinel ordering having the highest amount of 0-TM
channels of any ordering. The partially disordered spinel
is conceptually illustrated in Fig. 1c as an intermediate
state between the spinel and the disordered rocksalt.

The phase transformation from the DRX to δ-phase
is related to the transition metal (TM) migration of the
mobile Mn ion when neighboring cation vacancies are cre-
ated [11]. The TM migration can occur along the path-
way connected by the octahedral-tetrahedral-octahedral
(o-t-o) sites in an FCC framework. The Mn migration
barrier is strongly coupled with its charge state: Mn4+ is
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FIG. 1. Local ordering and electrochemical characteristics in Li-Mn-(Ti)-O-F systems. (a-c) Schematic represen-
tations of local cation ordering in LiMnO2: (a) disordered rocksalt, (b) spinel, and (c) partially disordered spinel structures.
Green and purple circles represent Li and Mn occupying octahedral (Oh, denoted as o) sites in an FCC rocksalt framework,
respectively. Edges connect Oh sites to interstitial tetrahedral sites (Td, denoted as t). In the spinel structure (b), Oh sites are
categorized as 16c (Li-occupied) and 16d (Mn-occupied). The Td sites adjacent to 16c Li are designated as 8a sites in 0-TM
tetrahedra (without TM neighbors), forming an interconnected percolating network (green lines). The partially disordered
spinel structure (c) shows intermediate 16c/16d site occupancy between spinel and disordered structures. (d) TM migration
pathways in the FCC rocksalt framework: arrows indicate possible migration routes through an intermediate Td site (o-t-o) or
direct connection between Oh sites (o-o). (e) Experimental voltage profiles of LixMn0.8Ti0.1O1.9F0.1 during cycling between
1.5 and 4.8 V at 20 mA/g from Ref. [9], showing the 1st (black line) and 20th (red line) cycles. The 20th cycle reveals a new
voltage feature at 4 V and an extended 3 V plateau, indicating δ-phase formation.

generally considered immobile, while Mn3+ and Mn2+

are considered more mobile according to the nudged-
elastic band calculations [12–14]. However, simulating
these charge-coupled dynamics has long been challeng-
ing, as the required time and length scales are inaccessi-
ble to conventional ab initio methods. Previously, clus-
ter expansion (CE) methods have successfully acted as
a surrogate model to density functional theory (DFT)
calculations for modeling the configurational thermody-
namics in complex oxides via Monte Carlo (MC) simu-
lation at scale [15–17]. Nonetheless, the limited express-
ibility and coarse-grained nature of these models render
them less adequate for capturing the complex charge-
coupled dynamical processes involved in TM migrations

[9, 18]. The advent of machine learning interatomic po-
tentials (MLIPs) has opened new avenues for addressing
these problems by enabling large-scale and nano-second-
long simulations with ab-initio quantum accuracy [19–
21]. By using magnetic moments as a proxy for atomic
charge, Deng et al. [21] recently simulated a phase trans-
formation from an orthorhombic to a spinel-like phase
in Li0.5MnO2 with charge-informed MD. It identified the
timescale discrepancies between charge disproportiona-
tion and ion hops, suggesting that the emergence of Mn2+

is correlated to long-range spinel-like ordering but not
solely to the local hopping into the tetrahedral occu-
pancy.

In this study, we study the complex phase transfor-
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FIG. 2. Flowchart illustrating the development process of fine-tuned CHGNet machine learning interatomic potential (MLIP)
and cluster expansion models for the Li–Mn–Ti–O–F system.

mation in LixMn0.8Ti0.1O1.9F0.1 (LMTOF), which is a
Mn-rich DRX cathode material. We parametrized a
CHGNet-MLIP using r2SCAN-DFT calculations for var-
ious atomic configurations to sample the potential en-
ergy surface in this chemical space. The fine-tuned
CHGNet-MLIP was used to implement charge-informed
MD simulations starting from a disordered phase in
Li0.6Mn0.8Ti0.1O1.9F0.1. The MD simulations reveal a
phase transformation from a disordered rocksalt to a
spinel-like (δ) phase. From the magnetic moment pre-
dictions, we demonstrate that the Mn migration mainly
occurs as Mn3+ in the initial part of the transformation,
while Mn2+ collectively emerges as the spinel-like order-
ing forms. Furthermore, we investigated the impact of
this partial disorder on the electrochemical intercalation
voltage profiles using the structures obtained from the
MD simulations. Our work provides insights into the ap-
plication of MLIPs for studying complex energy materi-
als and offers a mechanistic understanding of the partial
cation-disorder effect on intercalation electrochemistry at
the atomic scale.

II. METHODS

A. Machine learning interatomic potential

To efficiently compute the energy and interatomic
forces, we employed the Crystal Hamiltonian Graph Neu-
ral Network (CHGNet) as a surrogate model for DFT cal-
culations [21]. CHGNet is a graph-neural-network-based
MLIP that utilizes message-passing layers to propagate

atomic information via a set of nodes {vi} connected by
edges {eij} [22]. After n− 1 message-passing layers, the

node features {vn−1
i } are linearly projected onto mag-

netic moments by ϕm(·), and the total energy is calcu-
lated as a sum of non-linear node projections by ϕE(·)
over all atoms {vni } with an additional message-passing
layer

mi = ϕm(vn−1
i ), Etot =

∑
i

ϕE(v
n
i ). (1)

The nodes {vn−1
i } are regularized by DFT magnetic mo-

ments to carry rich information about both local ionic
environments. The valence state of TM is inferred from
the predicted magnetic moment as a proxy of the atomic
charge, which is a direct output of the MLIP rather than
an input parameter. The forces and stress are calculated
via auto-differentiation of the total energy with respect
to the atomic Cartesian coordinates and strain:

f⃗i = −∂Etot

∂x⃗i
, σ =

1

V

∂Etot

∂ε
. (2)

This approach allows CHGNet to capture the complex
relationships between charge distributions and energetics
with given atomic configurations, which is essential to
properly model the kinetic path of evolving TM oxides
[23].

B. Potential energy surface sampling

CHGNet [21] as a pre-trained foundation potential
achieves reasonable performance in predicting materials
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stability on out-of-distribution datasets [24]. However,
recent benchmarks observed a systematic softening of the
ML predicted potential energy surface (PES) compared
to the DFT ground truth, particularly for atomic con-
figurations with high energy [25, 26]. To improve simu-
lation accuracy, we performed multi-faceted sampling of
the PES for the Li–Mn–Ti–O–F chemical space [27], as
follows:

Exisiting dataset – We collected the compounds in the
Materials Project database within the Li–Mn–Ti–O–F
chemical space that have decomposition energy (energy
above the convex hull, Ehull) lower than 0.1 eV/atom
as a general coverage of such chemical space [28]. Fur-
thermore, we adopted the structures from the training
dataset of previously reported cluster expansion (CE)
models for disordered rocksalts containing Mn2+/Mn3+

as redox-active species (DRX-CE) [29, 30]. All these
structures in the DRX-CE dataset have rocksalt lattices
but different cation and anion orderings. These struc-
tures were relaxed by DFT calculations. The relaxed
structures with rocksalt frameworks were used to fit a
cluster expansion Hamiltonian (lattice model fitting, see
Appendix B). The relaxation trajectories from structures
from the two datasets were used to fine-tune a Trial
CHGNet.

Partially disordered structures – Given that existing
datasets do not include atomic configurations specifically
representing partially disordered structures with spinel-
like orderings, we developed a custom sampling proce-
dure to generate these configurations. (a) Monte Carlo
(MC) simulations were employed to obtain disordered
rocksalt atomic configurations in a supercell of the primi-
tive spinel cell by equilibration at high temperatures (see
Appendix B). (b) The octahedral cation sites are then
categorized into 16c and 16d sites by overlaying the tem-
plate of the perfectly ordered spinel. Under this classifi-
cation, a random distribution of TM yields the disordered
structure, while preferential TM occupation of 16d sites
indicates more spinel-like ordering.

To generate different degrees of spinel order, we applied
site exchanges between two nearest neighbor octahedral
sites to transform the disordered structure towards the
spinel ordering through: (a) An exchange between a 16c
TM and a 16d Li in a Li3M tetrahedron. We selected a
Li3M tetrahedron that contains three Li atoms (includ-
ing at least one 16d Li) and one 16c metal atom. A
site exchange is applied to the 16d Li and the 16c TM.
(b) An exchange between a 16d TM and a 16d Li. Step
(a) increases the spinel-like order, but it may halt if no
suitable Li3M tetrahedra are available to facilitate the
exchange. To address this, Step (b) rearranges cations
within the 16d sites. While this internal exchange does
not change the overall degree of spinel ordering, its pur-
pose is to create new Li3M tetrahedra, thereby enabling
further transformations via Step (a). By iteratively ap-
plying site exchanges within different Li3M tetrahedra,
one can obtain a collection of structures ranging from
disordered to spinel ordering.

o-t-o

o-o

A B C

Li3M tetrahedron 
in disordered structure

Interpolate migration 
pathways between 

A-B & B-C & A-C

16c/16d 
TM

16d 
Li

From CEMC 
Simulations

Run DFT Static 
Calculations

FIG. 3. Schematic representation of TM migration
pathway sampling process. The procedure consists of
three steps: (1) Identification of a Li3M tetrahedron contain-
ing one 16c or 16d TM and one 16d Li; (2) Creation of va-
cancies by removing Li ions from Oh sites, followed by TM
placement at three positions representing the initial (A), in-
termediate (B), and final (C) states of o-t-o migration; (3)
Generation of atomic configurations along A-B, B-C, and A-
C paths through interpolation, with subsequent evaluation
using static DFT calculations.

TM migration pathways – TM migration is a rare,
high-energy-barrier event [9], especially for unfavorable
valence states such as Mn4+. To effectively model the
diffusion kinetics, we implemented a passive sampling ap-
proach with the following steps:

A TM can only migrate from its octahedral site into or
through a tetrahedral site which has no other face-sharing
TMs. In the fully lithiated state, there are Li3M tetra-
hedra where the tetrahedron is surrounded by only one
TM and 3 Li. For each migration event via a Li3M tetra-
hedron, three different states are generated as A (initial
state, TM occupied on Oh site), B (intermediate state,
TM occupied on Th site), and C (final state, TM occupied
onOh site), which are shown in Fig. 3. The Li atoms face-
sharing with the Th site are removed to create vacancies
so that there are no face-sharing ions with the migrating
TM and Oh cations. The structures in the A/B/C states
were relaxed using the Trial-CHGNet. After structure
relaxation, five images interpolated along A-B (o-t path)
and B-C (t-o path) are evaluated with static DFT calcu-
lations, analogous to the intermediate states for nudged
elastic band (NEB) calculations. Furthermore, we follow
the same approach to generate states along a direct mi-
gration betweenOh sites, which cuts through their shared
edge (A-C) so that high-energy states are considered in
the MLIP fitting [31].

In addition, we considered two different delithiation
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levels for sampling TM migration pathways: (a) A di-
lute level, where only three Li ions are removed to cre-
ate a diffusion channel for TM migration (e.g., a pris-
tine supercell structure with Li44Mn32Ti4O76F4 yields
a delithiated structure with Li41Mn32Ti4O76F4). This
level allows for the investigation of the environment de-
pendence of the TM hopping energetics. (b) A medium
delithiation level, where 0.5 Li per formula unit (f.u.) is
removed from the structure to create delithiated states
(e.g., Li ions are randomly removed to create a structure
with Li24Mn32Ti4O76F4). This level allows the sampling
of delithiated states, representing the charging process in
a battery. By sampling partially disordered structures at
these two delithiation levels, we include a more compre-
hensive description of the cation ordering energetics, TM
hop, and relevant local environments in which TM hop-
ping occurs at the composition that is energetically favor-
able for spinel formation (i.e., the composition close to
Li0.5TMO2) [32]. By adding the static DFT calculations
of these sampled atomic configurations to the relaxation
trajectories, another MLIP was parameterized (denoted
as Sample-CHGNet) to perform MD simulations for en-
hanced sampling.

MD trajectories – To further sample the thermally ex-
cited atomic configurations at finite temperatures, we
employed Sample-CHGNet to perform molecular dynam-
ics (MD) simulations on disordered structures across var-
ious compositions. These structures were first generated
in the pristine (lithiated) state from the CE-MC simula-
tions at T = 1273 K using supercells of 10× and 20×
formula units (f.u.), including Li1.2Mn0.5Ti0.3O1.9F0.1,
Li1.2Mn0.6Ti0.2O1.8F0.2, Li1.1Mn0.8Ti0.1O1.9F0.1, and
Li1.1Mn0.7Ti0.2O2.0. For each disordered structure, three
different delithiated levels (removing 0.2/0.4/0.6 Li per
f.u. from the pristine structure) were generated to ini-
tiate the MD simulations using the Sample-CHGNet.
The MD simulations were run at T = 1000/1500/2000
K for t = 1 ns with a time step of ∆t = 2 fs un-
der NVT ensembles. From each MD trajectory, 200
structures were randomly sampled, and their energies
were calculated using static DFT and added to the
training set. In addition to the training set, we fur-
ther ran CHGNet-MD simulations in NVT ensembles
at T = 1000 K using Sample-CHGNet with a supercell
of Li44−xMn32Ti4O76F4 (40× f.u.). These trajectories
were further evaluated by r2SCAN-DFT static calcula-
tions and were set as the test set.

The final CHGNet for production (denoted as Product-
CHGNet) was fine-tuned using all structures in the
training set (including 88,852 structures) starting from
the pretrained model. It achieved a convergence of 2
meV/atom in energy, 68 meV/Å in force, 0.086 GPa in
stress, and 0.019 µB in magnetic moment for the test
error. A summary flowchart is illustrated in Fig. 2 to
describe the whole procedure.

III. RESULTS

To investigate the structural evolution as a disor-
dered rocksalt transforms, we performed charge-informed
molecular dynamics from the disordered structure to
monitor the phase change to the δ-phase. The initial (dis-
ordered) structure was generated by sampling from the
equilibrium ensemble of CE-MC simulations at T = 1273
K. The MC structure represents the pristine (lithiated)
composition (Li1.1Mn0.8Ti0.1O1.9F0.1) with a supercell
containing 320 atoms. Based on the pristine structure,
a delithiated structure (Li0.5□0.6Mn0.8Ti0.1O1.9F0.1,
where □ represents a cation vacancy) was then obtained
by randomly removing Li ions and relaxing the delithi-
ated configuration using the Product-CHGNet with a
force convergence criterion of < 0.1 eV/Å. After relax-
ation, MD simulations were subsequently performed for
t = 2 ns with a time step of ∆t = 2 fs under the NVT
ensemble at T = 1273 K. The MD trajectories were col-
lected for subsequent structural analysis.

A. Structure ordering analysis

Figure 4a presents the simulated X-ray diffraction
(XRD) patterns derived from the structures within the
time interval of t = 0 to t = 2 ns. To analyze the evo-
lution of cation ordering on the FCC lattice, the atoms
in the MD snapshots were moved to their nearest ideal
Wyckoff sites. The gray dashed lines in Fig. 4a denote
the characteristic peaks of spinel ordering (18◦, 35◦, etc.).
At the onset of the MD simulation (t = 0 ns), there are
no obvious peaks indicating spinel ordering. After ap-
proximately t = 0.6 ns, the intensity of the spinel peaks
increases and becomes more significant as the MD simula-
tion proceeds, suggesting the formation of the spinel-like
δ-phase.
Figure 4b illustrates the energy landscape across the

simulated MD trajectories. The black points denote the
potential energy, while the colored points represent the
total energy. The energies are depicted relative to their
values at the initial state. A notable decrease in energy
(approximately 60 meV/anion) is observed after t = 2 ns
when the δ-phase has formed. This energy reduction in-
dicates that spinel-like cation ordering is thermodynami-
cally favored at the composition Li0.6Mn0.8Ti0.1O1.9F0.1

when sufficient cation vacancies are present. This ther-
modynamic preference for spinel-like ordering aligns with
previous computational studies that demonstrated the
stability of spinel structures in Li-Mn-O systems, such as
Li0.5MnO2 [33].
To study the change in local cation ordering, we ana-

lyzed the short-range order (SRO) indicated by the tetra-
hedron occupancy as a function of MD simulation time.
Figure 4c presents the occurrence of 0-TM (solid green
line) tetrahedra in the MD structure, as a ratio to all
tetrahedral sites. To compare with disordered phases,
the dashed green lines in Fig. 4c indicate the random
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a

b

0-TM occurrence

↓ random limit of Li1.0TMO2

↑ random limit of Li1.1TMO2

c

FIG. 4. Structural and energetic analysis from the MD simulation. (a) Simulated X-ray diffraction (XRD) patterns
of the refined structures, with gray dashed lines indicating characteristic spinel ordering peaks (18◦, 35◦, etc.). (b) Energy
evolution showing potential energy (black dots) and total energy (colored dots) relative to the initial structure, normalized
per anion. (c) Evolution of 0-TM tetrahedra per formula unit, with green dashed lines indicating reference 0-TM tetrahedra
occurrence in random Li1.0TMO2 and Li1.1TMO2 structures.

limit of the 0-TM tetrahedra for two Li contents (∼ 0.06
for Li1.0 and ∼ 0.09 for Li1.1 at the fully lithiated level)
for reference. At the beginning of the MD simulation
(t = 0 ns), the occurrence of 0-TM tetrahedra is approxi-
mately 0.03. This value is significantly lower than that of
the random limit for Li1.1TMO2 (0.09). The low value of
0-TM content in the initial structure indicates that SRO
is unfavorable for long-range Li percolation, which is con-
sistent with previous predictions in Mn-Ti-based DRXs
[29, 30]. As the phase transformation progresses, the
occurrence of 0-TM tetrahedra increases, reaching ap-
proximately 0.06 after t = 2 ns of MD simulation. This
rise in the number of 0-TM tetrahedra agrees with the
high 0-TM content in the spinel structure, indicating the
emergence of spinel-like ordering.

B. Charge distribution with ion rearrangement

To understand the correlation between Mn migration
and its valence state [9, 34], we inferred atomic charge
states from the magnetic moments predicted by CHGNet.
Figure 5a presents the site-wise distribution of magnetic
moments for Mn ions. The valence states of Mn are cat-
egorized as follows: Mn2+ ∈ [4.1µB , 5.0µB ], Mn3+ ∈
[3.25µB , 4.1µB ], and Mn4+ ∈ [2.5µB , 3.25µB ]. At the
beginning of the MD simulation, Mn predominantly ex-
ists in valence states of +3 and +4, consistent with the
partial delithiation of the material. As the phase trans-
formation progresses, the concentration of Mn2+ grad-
ually increases, as shown by the increased frequency of
the highlighted circles in Fig. 5a, particularly after the
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Mn2+ in highlight
Mn3+

Mn4+

Mn?+

a

b

FIG. 5. Atomic charge analysis of Mn from the MD simulation and magnetic moment prediction. (a) Time-resolved
histogram of magnetic moments for all Mn ions, with brighter colors indicating higher Mn ion populations at given magnetic
moment values. Yellow circles highlight the Mn2+ distribution. Valence states are categorized as Mn2+ ∈ [4.1µB , 5.0µB ],
Mn3+ ∈ [3.25µB , 4.1µB ], and Mn4+ ∈ [2.5µB , 3.25µB ]. (b) Temporal evolution of charge-decorated Mn occupancy on tetrahe-
dral sites, showing Mn3+ (blue line) and Mn2+ (orange line) content per formula unit. The increase in tetrahedral Mn2+ after
∼ 0.6 ns coincides with spinel-like ordering formation.

emergence of spinel-like ordering from 0.6 to 2.0 ns.

For a detailed description of Mn migration condi-
tioned on its valence state, the occupancy of Mn3+tet and
Mn2+tet per f.u. is plotted in Fig. 5b. Although previ-
ous NEB calculations reveal that Mn2+ has the lower
migration barrier of all Mn valence states [9, 11], the
atomic charges predicted by CHGNet show that most of
the tetrahedral Mn are Mn3+tet from t = 0 to 0.6 ns dur-
ing the MD simulation. This suggests that Mn3+ may
migrate without the need for charge disproportionation
(2Mn3+ → Mn2+ + Mn4+) as proposed by Reed et al.
[11]. The rise in Mn2+tet appears after around t ≈ 0.6 ns,
which corresponds to the formation of spinel character-
istic peaks (18◦, 35◦) in Fig. 4a. This evidence suggests
that Mn3+ migration initiates the transformation before
long-range spinel-like order is established. The subse-
quent emergence of tetrahedral Mn2+ appears to be a
consequence of this long-range ordering rather than a
prerequisite for local cation hops. The simulation re-
sults are consistent with previous MD simulations of the
LixMnO2 phase transformation revealed by Deng et al.
[21] using the GGA+U -based MLIP.

C. Intercalation voltage profile of δ-phase

To evaluate the effect of partial disorder on electro-
chemical performance, we computed the intercalation
voltage profiles of the transformed δ-phase structure us-
ing Product-CHGNet. Specifically, we focus on the volt-
age characteristic of ordered spinel LixMn2O4 at lower
voltage (for x ≥ 1), in which the occupancies of Li ions
are transformed collectively from the 8a tetrahedral sites
to the empty 16c octahedral sites upon lithiation. The
reason this happens collectively in a well-ordered spinel is
that 8a (tet) and 16c (oct) sites cannot be simultaneously
occupied. Hence, upon lithiation the system empties the
8a sites and occupies 16c. However, in a (partially) dis-
ordered rocksalt structure, the 8a, 16c, and 16d crystal-
lographic labels cannot be defined precisely.

For this reason, we define a “0-TM” site as any in-
terstitial tetrahedral site that is exclusively face-shared
by four non-transition metal cations (i.e., Li or vacancy).
This definition captures the essential local environment
of the 8a site in an ordered spinel which also has no tran-
sition metal neighbors. It also generalizes to disordered
rocksalts where the connectivity of 0-TM sites is essential
for evaluating the percolating Li content [10]. Using this
more general description, we can expect two key interca-
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lation processes:
(a) A lower-voltage reaction whereby a tetrahedral Li

is removed and its octahedral sites become filled with
Li. For such an isolated 0-TM site, this reaction can be
written as:

3□oct + 1Litet ↔ 4Lioct (0-TM) (3)

(b) A higher-voltage reaction corresponding to the di-
rect insertion of Li into an empty 0-TM tetrahedral site:

□tet ↔ Litet (4)

This framework allows us to consistently compare the
electrochemical behavior of the ordered spinel, disordered
rocksalt, and the intermediate δ-phase.

We generated a series of Li-vacancy configurations
to simulate the electrochemical (de)lithiation process
topotactically. Starting with the fully lithiated structure
obtained from MD, we held the TM and anion sublattices
fixed. At each (de)lithiation level, distinct Li-vacancy
orderings were created by selecting different 0-TM sites
within the host structure and applying the local trans-
formation described in Eq. (3) and (4). The Product-
CHGNet was used to perform structure relaxation for
both lithiation and delithiation paths (see Appendix C).
The energies of these (de)lithiated structures were used
to construct the convex hull and the corresponding volt-
age profile as shown in Fig. 6a and Fig. 6b.

For the region with high Li concentration (0.5 ≤ x ≤
1.1), the 0-TM to Litet conversion exhibits nearly solid-
solution behavior, as evidenced by the convex hull being
connected by several ground states in Fig. 6a. Particu-
larly, for the early stage of delithiation (0.7 < x < 1.1),
the voltage exhibits a pseudo plateau with minor slope,
indicating that the delithiation through Eq. (3) occurs in
similar local chemical environments and exhibits similar
chemical potentials (voltages). The computed voltage at
x = 1.1 is around 2.40 V, which is slightly lower than
the experimental value. This discrepancy is likely at-
tributable to the residual self-interaction error common
in DFT functionals, even for r2SCAN, when a Hubbard
U correction is not applied [35, 36]. Although the SCAN-
based functional removes more self-interaction than pre-
vious LDA and GGA functionals [37], it does not fully
remove it and underestimates the intercalation voltage,
which is consistent with previous reports [17, 18].

Upon reaching x = 0.5, lithium occupies all tetra-
hedral 0-TM sites (Litet) in addition to the octahedral
Lioct not in the 0-TM sites. Two competing delithiation
processes are available, involving either the removal of
Litet or Lioct. We computed both pathways and found
that the low-energy configurations near the convex hull
in the range 0.25 ≤ x ≤ 0.5 correspond to the removal of
Lioct, while the high-energy configurations (represented
by dark red markers in Fig. 6a) correspond to the removal
of Litet. These results indicate that even in a structure
with partial spinel ordering, Lioct has a preference for
delithiation before Litet. In contrast, the delithiation in

0-TM 
conversion

tet-Li removal
high energy

a

b

1.0 0.8 0.6 0.4 0.2 0.0
Ehull (eV/atom)

FIG. 6. Phase diagram and intercalation voltage pro-
files of LMTOF in the δ-phase. (a) Formation energy of
various Li-vacancy configurations as a function of Li concen-
tration, with color indicating energy above the convex hull
(black line). The color bar indicates the energy above the
convex hull. Ground states on the convex hull are marked
with green circles. The dark red arrow indicates high forma-
tion energy (∆EF ) for direct removal of Litet when x ≤ 0.5.
(b) Voltage profiles derived from the convex hull. The inset
shows the 4Lioct (0-TM) → Litet conversion reaction scheme
used to evaluate high Li content intercalation (green spheres
= Li cations, red spheres = O/F anions).

ordered spinel LixMnO2 for 0 ≤ x ≤ 0.5 entirely corre-
sponds to the removal/insertion of Litet with a ∼ 4 V
plateau. We also observe a voltage increase of ∼ 0.32 V
around x = 0.5 (the end of 0-TM to Litet conversion).
The magnitude is not as large as that in spinel LiMn2O4

(> 1.0 V) or in the spinel-ordered LixMn0.8Ti0.1O1.9F0.1

(see Fig. 7d), suggesting the absence of two-phase reac-
tions in the δ-phase.

To further demonstrate the effect of partial disor-
der, we evaluated the intercalation voltage profiles of
Li1.1Mn0.8Ti0.1O1.9F0.1 in both the DRX and spinel
phases as a comparison. The DRX structure was se-
lected from the CE-MC simulations (i.e., the configu-
ration at t = 0 s in the MD simulation). The spinel
Li1.1Mn0.8Ti0.1O1.9F0.1 was generated through a sepa-
rate CE-MC simulation without exchanges between the
16c and 16d sites, so that all 16c sites are occupied by
Li1.0 and 16d sites are occupied by Mn0.8, Ti0.1, and Li0.1,
similar to a Li-excess lithiated spinel. The MC simula-
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0-TM 
conversion

0-TM 
conversiona
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c

d

DRX phase diagram Spinel phase diagram

FIG. 7. Phase diagram and intercalation voltage profiles of LMTOF in DRX and spinel structures. (a) Formation
energy of various Li-vacancy configurations as a function of Li concentration, with color indicating energy above the convex
hull (black line). (b) DRX LMTOF voltage profile constructed from convex hull ground states, compared with δ-phase profile
(red line). Green dashed line indicates the limit of the Li capacity from the 4Lioct (0-TM) ↔ Litet conversion reaction. (c)
Formation energy convex hull of the spinel structure using the identical color scheme as (a). (d) Spinel voltage profile showing
two-phase reaction between Li1.1 and Li0.6 compositions, evidenced by the linear convex hull in (c) and flat voltage plateau in
(d). The spinel LMTOF exhibits a > 1 V voltage step near Li0.6, while the δ-phase (red line) shows solid-solution behavior.

tion allows site exchange within 16d sites and anion sites,
which is designed to capture the underlying SRO of an-
ions and cations in DRXs (e.g., Li-F SRO) [38]. The
intercalation at high Li content in both DRX and spinel
phases only included the 0-TM site conversion reaction
as described in Eq. (3).

Figure 7a and 7b illustrate the formation energy con-
vex hull and the voltage profile of the DRX phase, with
the δ-phase plotted as a red line for comparison. As
there are few 0-TM sites in the DRX structure, a rela-
tively limited Li capacity from the 0-TM conversion is
achieved (approximately 0.3 per f.u., as denoted by the
vertical green dashed line in Fig. 7a and 7b. The ab-
sence of spinel-like ordering results in a profile marked
by a mildly steep voltage increase as delithiation pro-
gresses. Notably, the overall voltage profile of the DRX
phase between 0.3 < x < 1.1 is higher than that of the
δ-phase, suggesting a restricted amount of accessible ca-
pacity around ∼ 3 V [8, 9]. In contrast, Figure 7d depicts
the calculated results for spinel LixMn0.8Ti0.1O1.9F0.1.
The voltage profile clearly displays a two-phase reaction
between Li1.1 and Li0.6 consistent with the linear convex
hull in Fig. 7c. Due to the absence of disorder, the spinel
phase exhibits a lower average voltage with a two-phase
reaction between 0.6 < x < 1.1, and a voltage step larger
than 1 V at the end of 0-TM conversion. For x < 0.4, the
intercalation corresponds to Litet → □tet, which shows a

similar high-voltage feature as the δ-phase. The effect of
cation disorder on the spinel structure demonstrated in
our simulations is in agreement with the previous find-
ings on the cation disorder effects in LiMnO2 spinel by
Chen et al. [18].

IV. DISCUSSION

In the evolving landscape of modern battery materi-
als, the multirole of components and complexity of con-
figurations exemplified by DRX cathode materials ne-
cessitates advanced computational models. Particularly,
Mn-rich DRXs exhibit a phase transformation to a par-
tially disordered spinel phase (δ-phase) via in situ elec-
trochemical cycling [8, 9, 39] or chemical delithiation
[40, 41]. This transformation is challenging for conven-
tional modeling approaches, as it requires capturing the
kinetic pathway of TM migration in the disordered envi-
ronment. While ab initio molecular dynamics could theo-
retically address this issue, its O(N3) computational cost
renders it impractical for probing large systems or long
timescales. Alternatively, kinetic Monte Carlo (kMC)
methods with CE models have been proposed to model
cation ordering changes in both cathodes and solid elec-
trolytes [42, 43]. However, parameterizing CEs for disor-
dered oxides/oxyfluorides and accurately calculating mi-
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gration barriers in diverse local environments with DFT
remains a non-trivial endeavor [44].

To address these challenges, we fine-tuned a founda-
tion MLIP with sampled r2SCAN-DFT calculated en-
ergies, forces, stresses, and magnetic moments. The
multi-step PES sampling captures the complex interac-
tions from diverse chemical environments and different
valence states of TMs. Our MD simulations using the
fine-tuned CHGNet successfully captured the phase tran-
sition from a disordered to a spinel-like configuration in
Li0.6Mn0.8Ti0.1O1.9F0.1.

The simulations reveal that the formation of the δ-
phase from DRX promotes the increase of 0-TM config-
urations on tetrahedra, which play a crucial role in facil-
itating long-range Li-ion transport. This result is consis-
tent with the improved high-rate performance observed
in experiments [8, 9, 40]. By analyzing the simulated elec-
trochemical intercalation voltage profiles of the δ-phase
and comparing them to those of the DRX and spinel
phases, two conclusions can be drawn: (1) The presence
of partial cation disorder in the δ-phase effectively elim-
inates the two-phase reaction, as evidenced by the ab-
sence of a sharp voltage increase after ∼ Li0.5 removal
(see Fig. 7d). This is consistent with earlier predictions
on partially disordered spinels [18]. (2) The introduction
of spinel-like ordering increases the 0-TM occurrence (as
indicated by the increased number of 0-TM tetrahedra
in Fig. 4c) and thus expands the available Li capacity
from the 0-TM to Litet conversion reaction around 3 V
(denoted by the green dashed line in Fig. 6b). The Li
capacity from 0-TM to Litet conversion in the δ-phase is
even higher than that of the spinel in Fig. 7d since the 0-
TM sites in partially disordered phases are less spatially
correlated with each other compared to the spinel, where
each Lioct is shared by two 0-TM sites.

Although this study represents an integrated investiga-
tion of phase transformation in complex oxides combining
MC simulations for configurational thermodynamics and
MLIP-MD simulations for kinetic modeling, several limi-
tations were identified that could be further addressed
in future studies. For example, while our MLIP en-
ables nanosecond-scale or million-atoms simulations with
ab initio accuracy [45], many important physical pro-
cesses—such as the formation of anti-phase boundaries in
the δ-phase [40] or phase segregation in LixFePO4 cath-
odes [46]—occur on timescales still beyond this reach.
Achieving ab initio accuracy while enabling simulations
beyond typical MD timescales (such as using generative
models for dynamic trajectories) holds promise for in-
vestigating these processes [47–49]. Regarding model
fine-tuning, recent advances such as active learning with
Bayesian force fields [50], stratified sampling from MLIP-
driven MD [51], and diffusion-based generative models for
mapping reaction pathways [52, 53] provide more efficient
sampling techniques beyond the passive sampling imple-
mented in this work, which could enhance MLIP training
accuracy by exploring the PES more effectively. Finally,
it is important to clarify that the term ”charge” refers

to the valence state (nominal charge) of the TM, which
is inferred from the predicted magnetic moments. The
current model does not explicitly compute long-range
electrostatic (Coulombic) interactions. Looking forward,
the model’s capabilities could be significantly enhanced
by incorporating response charge prediction, such as La-
tent Ewald Summation (LES) [54]. LES integrates long-
range electrostatics and the prediction of Born effective
charges [55], which has demonstrated a universal aug-
mentation for mainstream MLIPs [56]. We believe an
LES-augmented CHGNet would yield a more physically
robust description of charge, thereby improving the mod-
eling of complex phenomena such as cation migration
during phase transformations in oxides.

In summary, we demonstrated the application of a
MLIP to model the complex phase transformation from
DRX to spinel-like δ-phase in Li-Mn-Ti-O-F systems.
The MLIP-MD simulations revealed the mechanism of
spinel-like ordering formation and its effect on electro-
chemical properties. As computational capabilities and
new methodologies emerge–particularly in accelerating
MLIP simulations and in generative modeling–these ad-
vances will pave the way for more accurate and efficient
modeling of phase transformations in new energy storage
materials.
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Appendix A: DFT Calculations

All DFT calculations were performed with the VASP
package using the projector-augmented wave method
[57, 58], a plane-wave basis set with an energy cutoff of
680 eV, and a k -point sampling grid spacing of 0.25 Å−1.
The calculations were converged to 10−6 eV in total en-
ergy for electronic loops and 0.02 eV/Å in interatomic
forces for ionic loops. The regularized strongly con-
strained and appropriately normed meta-GGA exchange-
correlation functional (r2SCAN) [37, 59] was used with
consistent computational settings as MPScanRelaxSet
[60].

Appendix B: Cluster Expansion & Monte Carlo

The cluster expansion (CE) method [61] is used to
study the configurational thermodynamics of materials
in which sites can be occupied by multiple cations, and
has been applied to study the Li-vacancy intercalation
chemistry in layered and disordered materials [17, 62].
The CE expands the energy as a sum of many-body con-
figurational interactions:

E(σ) =
∑
β

mβJβ ⟨Φα∈β⟩β +
E0

εr
, Φα =

N∏
i=1

ϕαi(σi)

(B.1)
A configuration σ represents a specific occupancy state
of species its allowed sites, and σi describes which species
sit on the i-th site of the lattice. The cluster basis func-
tion Φα =

∏N
i=1 ϕαi

(σi) is the product of site basis func-
tions ϕαi

(σi) across a collection α of multiple sites [63].
The average is taken over the crystal symmetry orbits β,
forming a complete basis to expand the energy function
in the configuration space. The expansion coefficients
Jβ are called effective cluster interactions (ECIs). The
electrostatic energy (Ewald energy E0/εr) is included to
capture long-range electrostatic interactions (E0 is the
unscreened electrostatic energy, and 1/εr is fitted as one
of the ECIs).

For the simulation of atomic orderings, a cluster-
expansion Hamiltonian was generated in the chemical
space of Li+-Mn3+-Ti4+- O2−-F−, with pair interactions
up to 7.1 Å, triplet interactions up to 4.0 Å, and quadru-
plet interactions up to 4.0 Å based on a primitive cell of
the rocksalt structure with lattice parameter a = 3 Å.
In total, 83 ECIs (including the constant term J0) were
defined, and the CE Hamiltonian was fitted with 322
unique structures. The ECIs were determined with the

optimal sparseness and prediction error (with 69 non-
zero elements and < 8 meV/atom) with an ℓ0ℓ2-norm
regularized regression [64]. We refer readers to Ref. [65]
for details of CE in ionic systems. The CE constructions
were performed using smol [66] and pymatgen for struc-
ture processing [67]. Metropolis–Hastings algorithm was
used to sample the atomic configurations from the equi-
librium canonical ensemble in CE-MC simulations.

Appendix C: Li-vacancy phase diagram

To construct the simplified intercalation voltage pro-
files, we used an enumeration method for the generation
of the delithiated structure and the construction of Li-
vacancy phase diagrams. For each delithiation level, the
following steps are performed:

(1) Select an initial structure with composition
Lix1

TMO2, relax the structure using Product-CHGNet,
and obtain the internal energy ELix1

TMO2 .

(2) Generate 20 different delithiated structures, each
with a different vacancy occupancy and composition
Lixi

2
TMO2 (xi

2 may not be equal for all {i} structures

for the 0-TM to Litet conversion). This generation pro-
cess is referred to as an intercalation step.

(3) Relax these 20 structures using Product-CHGNet
and obtain their internal energies ELi

xi
2
TMO2

(i denotes

the index of each structure).

(4) The proposed next delithiated structure is chosen
based on the minimum voltage with respect to the initial
structure Lix1TMO2 using the following equation:

V̄ (x1, x2) ≈ −
ELix1

TMO2
− ELix2

TMO2
− (x1 − x2)ELi

F (x1 − x2)
,

(C.1)
where ELi is the internal energy of the bcc Li metal,
and ELixTMO2 represents the internal energy of the
(de)lithiated structures.

(5) Use the i-th structure with the lowest voltage as
a start and repeat Step 1 until all possible intercalation
steps are consumed.

For the lithiation process, the selection criterion is
changed to find the lithiated structure with the maxi-
mum voltage. It is important to note that different 0-TM
sites may share the same Li atoms in an FCC framework
and therefore the conversion of different 0-TM to Litet
thus may result in delithiated structures with varying Li
concentrations in Step (2). It is more appropriate to use
the minimum/maximum voltage as a selection criterion
rather than the energy itself for suggesting the next step
in the enumeration method.
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