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Tackling complexity in crystal structure
determination of metal organic compounds using
machine learning interatomic potentials

Hui Wu, *a Qiang Zhu bc and Wei Zhou *a

We integrate ab initio crystal structure prediction with universal

machine learning interatomic potentials (UMA and Orb-v3) to

determine challenging metal organic compound structures. Our

framework successfully resolves the previously unknown, technolo-

gically significant crystal structures of lithium phenolate, sodium

cyclohexanolate, and lithium-benzimidazol-2-one, accelerating

materials development.

Structure determination is fundamental to understanding the
physicochemical properties and performance of crystalline mate-
rials across a broad range of applications. While single-crystal
diffraction remains the gold standard, this approach is frequently
limited by the inability to synthesize crystals of sufficient size and
quality. In such instances, researchers must rely on powder X-ray/
neutron diffraction (PXRD/PND). However, because PXRD/PND
data are ‘‘powder-averaged’’, the resulting loss of three-
dimensional reciprocal space information could make structure
solution a formidable challenge—particularly for systems char-
acterized by low symmetry, poor crystallinity, and/or the presence
of persistent impurities.

To overcome these experimental limitations, ab initio crystal
structure prediction (CSP) has emerged as a powerful computa-
tional ally.1–4 By identifying the most thermodynamically stable
arrangements of atoms or molecules based solely on chemical
composition, CSP generates a theoretical library of structural
candidates. These candidates can then be cross-referenced with
experimental diffraction patterns to facilitate structure determi-
nation. Despite its potential, the primary bottleneck in CSP is the
vastness of the ‘‘energy-structure landscape’’. Exhaustive global
optimization requires thousands to millions of structural relaxa-
tions and energy rankings, which, when performed at the level of

Density Functional Theory (DFT), are computationally prohibitive
for complex systems. Machine Learning Interatomic Potentials
(MLIPs) are currently revolutionizing this workflow by acting as
a high-speed bridge between computationally inexpensive but
often inaccurate classical force fields and slow, high-fidelity
first-principles methods.5 MLIPs offer near-DFT accuracy at a
fraction of the computational cost, enable a more thorough
exploration of configurational space. We have recently demon-
strated that MLIPs-assisted CSP exhibits excellent performance
in predicting the structures of porous organic crystals;6,7 how-
ever, its application to the multifaceted interactions within
metal organic compounds (in particular, organic metal salts)
remains an open frontier.

In this work, we employ an MLIPs-accelerated CSP framework
to tackle the structure determination of several technologically
significant organic metal salts whose structures have remained
elusive. These materials, composed of metal cations and organic
anions, are critical to the development of next-generation energy
storage and conversion technologies. Researchers have previously
been forced to rely on empirical assumptions regarding working
mechanisms due to a lack of definitive structural data. The
reliable models provided in this work enable researchers to
conduct in-depth mechanistic studies and apply structure–
property relationships to the design of improved materials.
We focus on three key cases:

(1) Lithium phenolate (C6H5OLi): a foundational reagent in
chemistry8 and a recently identified dynamic intermediate in
sustainable, lithium-mediated ammonia electrosynthesis.9

(2) Sodium cyclohexanolate (C6H11ONa): A promising mate-
rial for high-capacity, on-board hydrogen storage.10

(3) Lithium-benzimidazol-2-one (C7H4ON2Li2): A critical
compound for mitigating irreversible Li+ loss and extending
the cycle life of high-energy-density lithium-ion batteries.11

We first present our computational methodology briefly
(more details provided in the SI). We utilized two state-of-the-
art universal MLIPs: the UMA model12 and the Orb-v3 model13.
These MLIPs were selected for their capacity to capture complex
interactions and their proven scalability. The crystal structure
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prediction was conducted within a global optimization framework.
We used the USPEX code for the random structure generation and
structure evolution.14,15 In each cycle, the structural candidates
were first relaxed using MLIPs, and then processed by USPEX for
energy ranking, followed by the generation of the next batch of
candidates through an evolutionary algorithm as well as additional
random sampling. This process was iterated until no further
structures with lower energies could be identified.

To establish the reliability of the MLIPs-CSP framework for
organic metal salts, we first performed a benchmark test on a set
of known crystalline structures within this family, including
phenol (C6H5OH), sodium phenolate (C6H5ONa), lithium benzi-
midazolate (C7H5N2Li) and 2H-benzimidazol-2-one (C7H4ON2H2),
which are closely related to the target materials. We found that the
MLIPs-CSP consistently identified the experimental structures as
the global energy minimum, confirming that UMA and Orb-3,
augmented with the D3 dispersion correction, can reliably capture
strong ionic M–O/M–N bonding as well as subtle intermolecular
van der Waals (vdW) forces. Table S1 summarizes the benchmark
results, including experimental and predicted lattice parameters,
root-mean-square deviations (RMSD) for atomic positions, and the
lattice energy differences between the predicted and experimental
structures. Following this successful benchmarking, the MLIPs-
CSP method was applied to the three target salts.

We start on lithium phenolate, which is a versatile reagent in
organic synthesis and a recently recognized important dynamic
intermediate in green chemistry.9 Attempt on its crystal structure
determination was made back in 1996. The researchers used high-
resolution synchrotron PXRD and successfully determined the
crystal structures of several alkali metal phenolates, including K,
Rb, and Cs.8 However, the crystal structure of lithium phenolate
could not be solved. The authors cited several reasons for this
‘‘structural elusive’’ nature, including poor crystallinity of the
sample and anisotropic diffraction line broadening. Nevertheless,
they were able to successfully index the powder pattern of lithium
phenolate to a monoclinic P21/a crystal system.

Knowing the crystal symmetry and unit cell can dramatically
reduce the CSP search space. Therefore, in our CSP work of this
system, we constrained the lattice parameters to the indexed
experimental values and restricted the space groups to P21/a,
P2/c, and their subgroups (P21, C2, and Pc). The MLIPs-CSP
calculations quickly converged (within B30 iterations), and the
ground-state structure (Fig. 1a and Table S2) was identified.
Fig. 1d shows a comparison between the experimental PXRD
data and the calculated pattern of the predicted lowest energy
structure. Overall, the agreement is very well, except that there are
some minor intensity mismatches. In particular, the experi-
mental (00l) reflections exhibit notably higher intensities than
the predicted, suggesting possible shape anisotropy of the crystal-
lites and/or texture (preferred orientation) in the sample used for
the PXRD measurement. This is also consistent with the observa-
tion that the (00l) reflections in the experimental data have
notably narrower line width than others. We attempted Rietveld
refinements by incorporating crystallite domain size and micro-
strain broadening corrections for this anisotropy, yet the results
were not satisfactory due to the aforementioned multifaceted

complexity (see Fig. S1). Nevertheless, Fig. 1d convincedly shows
that the predicted structure is a near-perfect representation of
lithium phenolate crystal.

The structure of lithium phenolate is composed of polymeric
[LiOPh]n columns propagating along the [010] direction. Within
the column, every two Li+ cations and two transverse OPh�

anions are bonded to form a Li2O2 four-membered ring. The two
Li+ cations in a given Li2O2 ring are also coordinated with the O
atoms of two OPh� anions from the adjacent Li2O2 ring directly
above, and interact with the C–C edges of the phenyl rings from
a neighbouring Li2O2 unit right below. This results a tetrahedral
coordination for each Li+ cation (Fig. 1c), with the Li2O2 rings
stacking along the [010] direction forming [LiOPh]n column-like
cluster. These [LiOPh]n columns then cohere together via weak
inter-molecular interactions to form the 3D crystal. Notably, the
tetrahedral Li coordination and the construction of the [LiOPh]n

columns are quite similar to those for Na in sodium phenolate.

Fig. 1 (a) The predicted crystal structure of lithium phenolate. H atoms
are omitted for clarity. (b) Different packing of the [MOPh]n column
clusters in lithium phenolate and sodium phenolate. (c) The tetrahedral
coordination of Li+ in lithium phenolate. (d) The experimental synchrotron
PXRD data (l = 1.14853 Å; from ref. 8) in comparison with the calculated
pattern of the predicted structure.
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The primary difference between the two lies in the assembling
of the [MOPh]n columns. As shown in Fig. 1b, the [LiOPh]n

columns in lithium phenolate adopt a pseudo-square packing,
whereas the [NaOPh]n columns in sodium phenolate exhibit a
pseudo-hexagonal packing.

Next, we discuss sodium cyclohexanolate. In 2019, the
sodium phenolate and sodium cyclohexanolate pair was iden-
tified as a highly promising material system for H2 storage,10

with sodium cyclohexanolate serving as the hydrogenated form.
Characterizing the structural transformation between these
states is crucial for understanding the H2 storage mechanism.
While the starting sodium phenolate material is highly crystal-
line with a well-documented structure (as discussed above), the
material lost much of its crystallinity upon hydrogenation,
presumably due to substantial crystal volume expansion. The
experimental PXRD data is dominated by two broad features
centred at 2y B 7.11 and 20.81 (see Fig. S2), which precludes
unit cell indexing and conventional structure solution. Without
any experimental inputs, we had to perform a thorough MLIPs-
CSP calculation on sodium cyclohexanolate. We considered all
space groups and various Z0 values (number of formula units in
the asymmetric unit: 1, 2, 3, 4 and 8), evaluating about B100 K
candidate structures in total before achieving convergence. We
found that the energy landscape of this material is relatively
flat. Rather than a single lowest energy structure, we identified
eight conceptually similar but crystallographically distinct
structures with nearly identical energies (o1 kJ mol�1 in
difference). Note that the existence of multiple polymorphs, a
common cause for structure disorder, is entirely consistent with
the broad PXRD features observed. The structures of represen-
tative predicted polymorphs are shown in Fig. 2 and Fig. S3 (also
see Table S2). Their corresponding calculated PXRD patterns are
shown in Fig. S2 along with the experimental pattern. Although
it is impossible to do a one-to-one peak match in this case, the
general agreement does support that the predicted structures
are largely reasonable.

Different from sodium phenolate, where the Na and O atoms
form columns of Na2O2 four-membered rings, in sodium cyclo-
hexanolate they form a quasi-planar motif (Fig. 2b), with each
Na coordinated to O in a pseudo square planar geometry. The
cyclohexanolate rings extend from these O atoms, alternating

above and below the Na–O plane to form 2D layers. The 3D
crystal structure can be viewed as a stacking of these layers via
vdW interactions. Note that the cyclohexanolate rings can
assume different orientations and the interlayer stacking mode
can also vary, hence a diverse array of polymorphs can form with
only small energy differences. Because these polymorphs are
energetically nearly identical and structurally quite similar, their
bulk thermodynamic properties (such as the enthalpy of hydro-
gen release) are expected to be very similar. A side-by-side
structural comparison between sodium phenolate and sodium
cyclohexanolate is shown in Fig. S4, illustrating the significant
hydrogenation-induced structural evolution of this system.

Our third case study focuses on lithium-benzimidazol-2-one.
It was reported in 2025 that this compound can function as a
high-performance Li+ compensation agent, significantly enhan-
cing the cycling stability of high-energy-density lithium-ion
batteries.11 Despite reported laboratory PXRD data, its crystal
structure remained unsolved. Lithium-benzimidazol-2-one was
synthesized by reacting 2H-benzimidazol-2-one with lithium
methoxide. We noted that the reported PXRD data of the
2H-benzimidazol-2-one precursor indicate that the crystallites
possess anisotropic shapes and preferred orientation in the
sample. The PXRD data from the lithium-benzimidazol-2-one
sample are also complicated by these same factors, mirroring
the challenges encountered with lithium phenolate. We first
indexed the PXRD pattern and determined the crystal symmetry
to be monoclinic, while the lattice parameters could not be
uniquely identified. In our CSP work, we then restricted the
structure search to monoclinic space groups and considered
various Z0 values. In total, B20 K candidate structures were
evaluated before convergence was achieved. Fig. 3a depicts the
predicted structure of lithium-benzimidazol-2-one (also see
Table S2). The corresponding calculated PXRD pattern is shown
in Fig. 3b alongside the experimental pattern. Despite the
complications of sample texture and crystallite shape aniso-
tropy, a one-to-one peak correspondence is apparent, strongly
supporting the validity of the predicted structure.

The structure of lithium-benzimidazol-2-one exhibits great
similarity to that of its precursor, 2H-benzimidazol-2-one. A
side-by-side comparison is provided in Fig. S5. Before metala-
tion, the planar C6H4(NH)2CO molecules are oriented with their
imidazolinone moieties toward one another and are linked via
O. . .H–N hydrogen bonds. This forms a [C6H4(NH)2CO]n flat belt
extending along the h110i directions. These aromatic ring-
containing belts then stack through the parallel-displaced p–p
interaction, forming arrays of [C6H4(NH)2CO]n belts. The 3D crystal
structure of 2H-benzimidazol-2-one is composed of such stacks of
parallel [C6H4(NH)2CO]n belts alternating along the [001] direction
with their stacking direction orthogonal to each other. Upon
Li substitution, the arrangement of the [C6H4N2CO]2� anions
remains similar to that in the precursor structure, however, the
planar [C6H4N2CO]2� anions within each flat belt are now inter-
connected by Li–O and Li–N bonds. Unlike the covalently bonded
in-plane H (N) atoms in the C6H4(NH)2CO molecule, the Li+

cations are situated in out-of-plane positions (Fig. 3a). As these
Li2[C6H4N2CO] belts stack, the out-of-plane Li+ cations can further

Fig. 2 (a) Representative predicted lowest energy structure of sodium
cyclohexanolate. (b) The pseudo-square planar coordination of Na+.
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interact with the [C6H4N2CO]2� anions in adjacent parallel
belts through Li–N bonding, effectively knitting a stack of
Li2[C6H4N2CO] flat belts altogether (Fig. 3a). The knitted stacks
of Li2[C6H4N2CO] flat belts then orthogonally pack along the [001]
direction via weak vdW interactions. Notably, the dual Li–N/O
coordination identified herein provides a fundamental physical
basis for the high stability and favorable lithium-release ther-
modynamics of this important Li compensation material.

In summary, we have presented an ab initio crystal structure
prediction framework accelerated by universal machine learn-
ing interatomic potentials. Using this method, we successfully
resolved the structures of several organic metal salts that were
previously unknown and beyond the reach of conventional
crystallography. While these computational structures await
future confirmation by higher-quality experimental diffraction
data, the structural insights reported here provide essential
information for understanding the properties of these com-
pounds in related energy storage and conversion applications,
facilitating the continued development of these materials. We
expect that the MLIPs-accelerated CSP method will be broadly
adopted across various materials in the near future.
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Fig. 3 (a) Predicted crystal structure of lithium-benzimidazol-2-one. The
Li coordination environment is shown in detail. (b) The experimental lab
PXRD data (Cu Ka radiation; data from ref. 11) along with the calculated
pattern of the predicted structure.
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