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DFT-quality NMR crystallography
via gas-phase machine learning interatomic
potentials

Shubha S. Gunaga,a Robert W. Schurko, ab Sean T. Holmes ab

and Frederic Mentink-Vigier *ab

Nuclear magnetic resonance (NMR) crystallography is a robust method for structure determination, but its

reliance on density functional theory (DFT) calculations for geometry refinement limits its speed and

accessibility. Recent machine-learning predictors such as ShiftML3 can evaluate magnetic shieldings in

seconds, but still need high-quality crystal geometries that are normally obtained from slow DFT

optimisations. Here, we demonstrate that machine learning interatomic potentials (MLIPs) can eliminate

this bottleneck for organic crystals. Interestingly, models trained on gas-phase molecules at the hybrid-

DFT uB97M-V level (OMol25 dataset)—such as UMA-omol and MACE-Polar-1—deliver structural quality

rivaling hybrid periodic-DFT, without requiring large computational resources. The resulting MLIP/

ShiftML3 workflow reduces computational costs by at least three orders of magnitude, making high-

accuracy NMR crystallography accessible without HPC infrastructure, and opening the door to fast

molecular dynamics simulations at the hybrid DFT level. Combined with sensitivity enhancement via

dynamic nuclear polarization (DNP), we demonstrate the approach on L-histidine, extracting 13C and 15N

chemical shift tensors and using 1H chemical shifts at natural isotopic abundance to discriminate

between its monoclinic and orthorhombic polymorphs.
Introduction

The determination of the structures of molecular crystals is
both critical and challenging, notably for the pharmaceutical
industry. Variations in crystal structure, including those asso-
ciated with polymorphism, as well as the formation of multi-
component solid forms such as salts, solvatomorphs, and
cocrystals, directly impact vital physicochemical properties like
stability, solubility, and bioavailability.1–5 While X-ray diffrac-
tion is a powerful and frequently used characterization tech-
nique, its application is oen limited by issues such as the
inability to obtain high-quality crystals, intrinsic crystallo-
graphic disorder, and difficulty in precisely locating hydrogen
atoms. Fully understanding structure–function relationships is
one avenue for the rational design of new pharmaceutical solid
forms with tailored physicochemical properties. Therefore,
reliable identication of the correct structure of a pharmaceu-
tical solid form is an essential step during both the drug
screening and formulation processes.

In this context, nuclear magnetic resonance (NMR) spec-
troscopy is a very powerful method for characterizing organic
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solid forms, including pharmaceuticals and their respective
polymorphs, salts, cocrystals, etc. A key feature of NMR is that it
provides site-specic chemical data, providing insight into
structure and bonding. Solid-state NMR experiments thus allow
one to obtain high-resolution spectra of many of the NMR-active
isotopes contained in a pharmaceutical. Most oen, spin-12
nuclides such as 1H, 13C, and 15N are used;6–12 however, quad-
rupolar nuclides (with a spin greater than 1/2) such as 2H, 14N,
17O, and 35Cl provide additional complementary
information.13–17 This is all the more true with the sensitivity-
enhanced method called magic angle spinning dynamic
nuclear polarization (MAS-DNP). This technique not only
enables quick one-dimensional experiments, but also full
spectral assignment via multidimensional NMR at natural
isotopic abundance,18–24 and has been used to identify poly-
morphs in drug formulations.23,25,26

NMR crystallography (i.e., determining crystal structures
using NMR) is further hindered by the absence of straightfor-
ward relationships between NMR observables—such as chem-
ical shis, electric eld gradients, and J-coupling constants—
and crystal structure. Chemical shis, and their anisotropic
properties in particular, are very sensitive to molecular-level
structure and bonding, including intermolecular noncovalent
interactions such as hydrogen bonding, which produce readily
detectable variations between materials.27–29 Correlating the
observed chemical shis with the crystal structure oen
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requires calculating the expected chemical shis for a given
structure using ab initio methods. Due to the periodic nature of
crystals, this is oen done with periodic density functional
theory calculations (DFT). This process starts with the geometry
optimization of each candidate crystal structure, followed by the
calculation of the magnetic shieldings (also referred to as
chemical shieldings), commonly via the gauge-including
projector augmented-wave (GIPAW)30,31 method. The magnetic
shieldings are then converted to the chemical shi scale using
linear regression and compared with experiment as a gure of
merit. The accuracy of this approach is heavily dependent on
the DFT functional used for both the geometry optimization
and the prediction of magnetic shielding,32,33 with both steps
being time consuming due to the complexities of the tasks.

Recently, NMR crystallography has been accelerated by
orders of magnitude through the use of machine learning to
compute magnetic shieldings.34–38 In this context, ShiML34 and
its latest implementation, ShiML3,38 are promising for organic
solids. Integration of ShiML3 removes one major component
of the NMR crystallography bottleneck, signicantly reducing
the computational cost; however, ShiML3 still requires high
quality structural models as inputs to predict magnetic shield-
ings accurately. Therefore, replacing DFT geometry optimiza-
tion with an accurate low-cost renement step is the remaining
key step toward a fully accelerated NMR crystallography
workow.

The development of machine learning interatomic poten-
tials (MLIPs) offers another promising avenue for NMR crys-
tallography. MLIPs have recently shown potential to replace
DFT in geometry optimizations,39 as well as in more complex
and larger-scale tasks,40–42 for organic and inorganic systems.
Yet, MLIPs can be trained on numerically noisy datasets,43

which may impair their accuracy, and can sometimes fail at
“simple” tasks.44 Since magnetic shieldings are highly sensitive
to subtle variations in molecular-level structure, it remains
unclear how well MLIPs can rene crystal structures to the
degree that subsequent calculations on them yield accurate
chemical shis. Recently, a number of MLIPs (e.g. Egret-1, Orb-
v3, AIMNet2, MACE-OFF, PET-MOLS, MACE-Polar-1 (ref. 45–50))
have been introduced for organic molecular crystals. Two
particular MLIPs trained on the OMol25 dataset, Universal
Model for Atoms (UMA)51 and MACE-Polar-1,50 have attracted
our attention as these aim at being versatile, i.e. applicable to
molecules, crystals or surfaces, and rely on the FAIR Chemistry
datasets, one of the largest and most accurate training datasets
available.43,52–56 In recent tests, UMA and MACE-polar-1 have
performed admirably on molecular crystals, rivalling PBE-
MBD,57 r2SCAN-3c,58 and uB97M-D3(BJ),50 making them
particularly interesting for crystal structure prediction (CSP)
applications.57,59,60 While these studies establish transferability
at the level of energetics and bulk structural parameters, such
benchmarks integrate over many atomic interactions and are
relatively insensitive to local geometric errors. NMR chemical
shis—and chemical shi tensors in particular—provide a far
more stringent test: sub-ångström variations in bond lengths or
hydrogen bond geometries, which are invisible to most struc-
tural benchmarks, produce quantiable shis of several ppm,
Chem. Sci.
particularly for 15N. Validating MLIP transferability through
NMR observables therefore constitutes a very sensitive probe of
whether gas-phase structural information genuinely captures
the local atomic environments of the crystalline state. Beyond
accuracy, accessibility matters: hybrid periodic-DFT geometry
optimization depends on specialist codes and carries compu-
tational demands incompatible with routine or high-
throughput work. Demonstrating that freely available gas-
phase MLIPs can substitute for this step would therefore
represent a practical advance for the broader NMR crystallog-
raphy community, not only a computational one.

In this work, we systematically benchmark two UMA tasks—
omc (trained at the PBE-D3 level on molecular crystals) and
omol (trained at the hybrid uB97M-V level on gas-phase mole-
cules), alongside MACE-Polar-1 which is also trained at the
uB97M-V level and includes long-range electrostatic interac-
tions—evaluating their accuracy for NMR crystallography and
the degree to which high-level structural information transfers
from the gas phase to the condensed phase. We rst demon-
strate that UMA/ShiML3 achieves good overall agreement with
the conventional RPBE-D2/RPBE61,62 workow across 65 organic
structures, at about three orders of magnitude lower cost. We
then use the benchmark set of Ramos et al.63 to disentangle the
contributions of geometry quality and shielding method, iden-
tify the optimal models and tasks for accurate chemical shi
predictions, and show that OMol25-trained models yield
structural renements rivalling hybrid-DFT. Finally, the
approach is extended to chemical shi tensors across all 65
structures, and combined with MAS-DNP to address a chal-
lenging application: distinguishing the orthorhombic and
monoclinic polymorphs of L-histidine.8

Results and discussion
DFT optimization vs. UMA for magnetic shieldings

This section evaluates the use of UMA51 for structural optimi-
zation and its performance for the prediction of isotropic
chemical shis when combined with ShiML3.38 Three sets of
structures were generated from the 65 structures determined
initially by X-ray diffraction: one with no optimization, one with
plane-wave DFT optimization, and one with UMA optimization.
Magnetic shieldings for each set were then calculated using
either DFT GIPAW30,31 (RPBE62,64) or ShiML3, resulting in six
datasets. These are labelled by the format “Optimization
Method/Magnetic Shielding Method” (e.g., UMA/ShiML3,
RPBE-D2 (ref. 65 and 66)/RPBE, etc.) as illustrated in Fig. 1.

The isotropic shieldings for each set are compared against
the conventional RPBE-D2/RPBE reference with results pre-
sented in Fig. 2. Focusing rst on the shieldings calculated via
DFT GIPAW, Fig. 2(a) represents the correlation between values
as derived from non-optimized X-ray structures versus those
from DFT-optimized structures. A signicant lack of agreement
is observed mainly in the slope, which deviates from unity (ca.
0.9). This is a well-known consequence of experimental uncer-
tainties in the atomic positions within X-ray structures, partic-
ularly the systematic underestimation of X–H bond lengths.67

This systematic error/uncertainty signicantly diminishes the
© 2026 The Author(s). Published by the Royal Society of Chemistry



Fig. 1 Workflow used for the analysis of the ML tools discussed in this
article. (a) Optimization of the 65 X-ray crystal structures with either
DFT or UMA, or no optimization, followed by calculations of magnetic
shielding tensors either via RPBE or ShiftML3. (b) For the set of Ramos
et al.,63 optimization of the reported PBE-D3 structures with either
UMA (tasks omol or omc) or MACE-Polar-1, followed by calculations of
magnetic shieldings with either PBE or ShiftML3.
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accuracy of DFT predictions. In Fig. 2(b), the UMA/RPBE results
are compared against the RPBE-D2/RPBE reference. Here, the
agreement is substantially improved. The correlation slope
Fig. 2 Comparison between the 13C isotropic magnetic shieldings obtain
RPBE, (c) X-ray/ShiftML3 vs. RPBE-D2/RPBE, (d) UMA/ShiftML3 vs. RPBE-

© 2026 The Author(s). Published by the Royal Society of Chemistry
deviates modestly from unity, and RPBE or UMA geometry
optimizations appear to yield different results for some struc-
tures, notably uracil. These structural differences are sufficient
to be reected as differences in the GIPAW-calculated magnetic
shieldings.

We next compare the results of the RPBE-D2/RPBE method
with those of X-ray/ShiML3 (Fig. 2(c)) and UMA/ShiML3
(Fig. 2(d)). As expected, the agreement between RPBE-D2/
RPBE and X-ray/ShiML3 is poor. The comparison of RPBE-
D2/RPBE with UMA/ShiML3 is much more interesting
because the agreement between the two protocols is again
excellent, apart from the same few structures and the offset
resulting from differences between the PBE (used to train
ShiML3) and RPBE functionals. Similar conclusions are drawn
from 15N, and to remain concise, these results are reported in
the SI.

The excellent agreement is very promising and already
demonstrates that UMA/ShiML3 can effectively compete with
the RPBE-D2/RPBE workow, particularly given the dramatic
difference in computational cost. In practice, optimizing all 65
structures and computing their magnetic shieldings with UMA/
ShiML3 required only ca. 10 minutes on a consumer-grade
GPU, whereas the corresponding RPBE-D2/RPBE calculations
required 2–3 weeks on a local HPC workstation. There are
nonetheless outliers evident in Fig. 2(d), which could either
ed via (a) X-ray/RPBE vs. RPBE-D2/RPBE, (b) UMA/RPBE vs. RPBE-D2/
D2/RPBE. UMA was used with the task omol and the uma-s-1p1 model.

Chem. Sci.
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indicate a strength or a weakness of UMA/ShiML3. This is
further evaluated in the next section.
Inuence of MLIP training set for magnetic shieldings with
ShiML3

UMA is available in three model sizes: two small variants (uma-
s-1p1 and uma-s-1p2) and one medium variant (uma-m-1p1).
These models have been trained on a wide range of datasets,51

including OMC25,53 OMol25.52 The uma-s-1p2 model includes
OPoly26 as well.56 UMA uses tasks to select the simulation type
one wants to use. Formolecular systems, two tasks are available:
omc (OpenMolecular Crystals) and omol (OpenMolecules). The
omc task emulates the PBE-D3 (ref. 61 and 64) level of theory—
equivalent to the OMC25 benchmark set53—and is specically
designed for periodic crystal calculations, capturing the long-
range many-body dispersion interactions that are essential for
accurate crystal packing. The omol task targets gas-phase
molecules, delivering energies and forces at the uB97M-V/
def2-TZVPD68–70 level (a range-separated hybrid functional with
dispersion correction and a triple-z basis set), which corre-
sponds to the OMol25 benchmark set.52 This combination of
DFT functionnal and basis set is one of the most accurate DFT
approaches currently available for both energies and geome-
tries. Similarly, MACE-Polar-1 is trained on OMol25 but explic-
itly includes long range electrostatic interactions that appear to
affect the quality of its predictions.50 MACE-Polar-1 comes with
three models: small, medium, and large, which offers tradeoff
between accuracy and speed.

DFT methods for periodic solid and molecular systems have
evolved into two distinct sub-elds, oen utilizing different
simulation packages and approximations. Intuitively, the omc
task appears most appropriate for structural renement in NMR
crystallography, as its training set relies on periodic structures.
Fig. 3 RMSE values (ppm) on the 13C and 15N isotropic magnetic shielding
and the MLIP model used (UMA-small, UMA-medium, MACE-Polar-1 me
with ShiftML3. For PBE-D3(BJ)/PBE PBE0-D3(BJ)/PBE, RMSE values were
converge all the structures and is thus unreliable.

Chem. Sci.
However, a dening feature of modern MLIPs is their remark-
able transferability between systems. Recent studies have
demonstrated that potentials trained on molecular data are
transferable to crystalline solids without loss of accu-
racy.45,47,50,52,71,72 In the hierarchy of Jacob's Ladder, the OMol25
set—calculated at the uB97M-V range-separated hybrid level—
occupies a higher rung of chemical accuracy than the GGA-level
PBE functional for OMC25 utilized in omc. This suggests that
omol and MACE-Polar-1 may provide superior structural
delity, a hypothesis supported by recent performance bench-
marks.73 Given that previous studies by Ramos et al.63 and by
Draćınský29 have both shown that use of hybrid-level geometries
can improve PBE GIPAW magnetic shielding predictions by
approximately 20%, we evaluated the models trained on both
OMC25 and OMol25 in combination with PBE GIPAW and
ShiML3, which is trained on PBE GIPAW magnetic shieldings.
Using the benchmark set established by Ramos et al.,63 we
performed a comparative analysis of these two MLIP tasks and
their respective agreement with experimental 13C and 15N
chemical shis (Fig. 3 and Table 1).

Fig. 3 reports the root mean square error (RMSE) and mean
absolute error (MAE) for the Ramos et al. benchmark set,
comparing experimental 13C and 15N chemical shis with
values calculated using ShiML3 or PBE GIPAW on geometries
rened by different UMA or MACE-Polar-1 models. Table 1
summarizes for the best models, their linear regression and
error statistics. Common to all methods is that the linear
regression slopes are consistently close to −1 (range: −0.997 to
−1.023 for 13C; Table S1). This near-unity scaling conrms that
the calculated shielding scale is well-calibrated regardless of
how the geometry was obtained, so the remaining discussion
focuses on the residual errors.

As a reference point, we rst applied ShiML3 to structures
optimized at the PBE-D3(BJ) and PBE0-D3(BJ) levels. On PBE-
plotted against the crystal-optimization workflow (GGA or hybrid DFT)
dium/large). Shielding values were obtained either with PBE GIPAW or
reported in ref. 63. Note that UMA-omol with uma-m-1p1 did not fully

© 2026 The Author(s). Published by the Royal Society of Chemistry



Table 1 Fitted linear regression parameters and comparison of the ShiftML3 and PBE magnetic shieldings relative to the experimental chemical
shifts for the data set of 132 13C and 35 15N chemical shifts for crystals optimized by different methods. The root-mean-square error (RMSE),
mean absolute error (MAE), andmaximumabsolute error (Max AE) are shown. Note, for 15Nwe re-referenced the data so that NH3(l) is used as the
0 ppm reference

Method

13C 15N

Regression Error statistics (ppm) Regression Error statistics (ppm)

Slope Intercept RMSE MAE Max AE Slope Intercept RMSE MAE Max AE

DFT benchmarks
(GIPAW-PBE shieldings)
PBE-D3(BJ)/ShiML3 −1.024 170.47 2.44 1.88 12.49 −0.968 225.47 7.19 5.72 22.73
PBE0-D3(BJ)/ShiML3 −1.019 172.85 1.92 1.41 10.65 −0.996 225.65 5.34 3.86 17.02

MLIP geometry—OMC25
training set (PBE-D3 level)
UMA-omc/PBE (uma-s-1p1) −1.011 170.54 2.08 1.67 6.75 −0.987 219.10 5.52 4.33 12.54
UMA-omc/ShiML3 (uma-s-1p1) −1.023 170.70 2.27 1.72 12.18 −0.980 219.33 6.79 5.37 18.57

MLIP geometry—OMol25
training set (uB97M-V hybrid level)
UMA-omol/PBE (uma-s-1p1) −0.999 171.94 1.61 1.19 4.33 −1.012 187.65 4.28 2.73 17.17
UMA-omol/ShiML3 (uma-s-1p1) −1.012 171.89 1.84 1.33 10.30 −1.007 227.46 4.56 3.30 17.89
MACE-polar-1/PBE (polar-1-l) −1.000 172.07 1.51 1.14 4.17 −1.012 226.57 4.20 2.94 14.93
MACE-polar-1/ShiML3 (polar-1-l) −1.013 172.03 1.78 1.28 9.97 −1.009 227.04 4.16 2.99 15.76

Edge Article Chemical Science
D3(BJ) geometries, ShiML3 yields RMSEs of 2.4 ppm (13C) and
7.2 ppm (15N), in close agreement with the GIPAW-PBE values of
2.3 and 5.8 ppm reported by Ramos et al. Applying it to PBE0-
D3(BJ) geometries reduces these errors by 20–30% to 1.9 ppm
(13C) and 5.3 ppm (15N), again mirroring the improvement seen
with GIPAW-PBE. The agreement between ShiML3 and
GIPAW-PBE across both geometry levels establishes that
ShiML3 faithfully captures the sensitivity of NMR shieldings to
structural quality. The maximum absolute errors for both DFT
levels are dominated by two structures—sucrose (SUCROS04)
and the salt-cocrystal N-(pyridoxylidenium)tolylamine 2-nitro-
benzoate, GEHHEH. It is worth noting that the GEHHEH
structure is challenging for GIPAW-PBE as well.

Turning to MLIP-optimized geometries, structures rened
with UMA-omc—trained on periodic crystals at the PBE-D3
level—yield GIPAW-PBE RMSEs of 2.1 ppm (13C) and 5.5 ppm
(15N), essentially indistinguishable from the PBE-D3(BJ) DFT
benchmark. This is an expected result: UMA-omc produces
structures of equivalent quality to the DFT method it was
trained on. Replacing GIPAW-PBE with ShiML3 on the same
geometries preserves this accuracy (RMSE 2.3 ppm, 13C,
6.8 ppm, 15N), establishing a fully ML-based UMA-omc/
ShiML3 workow that matches the conventional PBE-D3/
GIPAW pipeline at approximately three orders of magnitude
lower computational cost.

The more striking result comes from models trained on the
gas-phase OMol25 dataset. Structures optimized with UMA-
omol or MACE-Polar-1 yield GIPAW-PBE RMSEs of ca. 1.5–
1.6 ppm (13C) and ca. 4.2–4.3 ppm (15N), matching or slightly
surpassing the PBE0-D3(BJ) benchmark, with ShiML3
following closely at ca. 1.8 ppm (13C) and ca. 4.2–4.6 ppm (15N).
© 2026 The Author(s). Published by the Royal Society of Chemistry
Reaching PBE0-level accuracy matters because hybrid periodic-
DFT calculations are substantially more expensive than their
GGA counterparts and scale poorly to larger systems (typically
O(N3) vs. O(N4))—in practice, they are incompatible with
screening workows. The OMol25-trained MLIPs deliver
equivalent structural quality at orders-of-magnitude lower cost,
effectively removing a barrier that has long restricted high-
accuracy NMR crystallography. That this accuracy is achieved
bymodels trained exclusively on isolated gas-phasemolecules is
a non-trivial nding. NMR is very sensitive to geometries, and
such accuracy proves the reliability of the approach. It demon-
strates that the hybrid uB97M-V level structural information
learned from molecular data transfers remarkably well to peri-
odic crystalline environments, without any explicit treatment of
crystal packing during training. The close agreement between
UMA-omol and MACE-Polar-1—despite the latter incorporating
explicit long-range electrostatics—suggests that for the organic
systems studied here, the local atomic environment within
UMA's embedding radius (6 Å for uma-s-1p1) captures the
structurally relevant interactions. Within the UMA, model size
has a marginal effect as shown in Fig. 3: uma-s-1p1 performs
best overall, then uma-s-1p2 followed by uma-m-1p1, which
failed to converge ve structures when combined with the omol
task and is therefore not recommended. The full error statistics,
regression parameters, and model-size comparisons are
provided in Table S5. For MACE-Polar-1, the polar-1-l (large
model) performs better than the polar-1-m (medium) model.

All in all, despite a few specic cases, the performance of the
UMA-omol/ShiML3 or MACE-Polar-1/ShiML3 workows
exceeded our initial expectations. The gain in speed unlocked
by this workow also makes molecular dynamics (MD)
Chem. Sci.



Fig. 4 Comparison between (a) the 13C isotropic magnetic shieldings
obtained via MACE-Polar-1/ShiftML3 and experimental 13C chemical
shifts (b) the 15N isotropic magnetic shieldings obtained via MACE-
Polar-1/ShiftML3 and experimental 15N chemical shifts. *Denotes the
C1 carbon in SUCROS04, and –NH in GEHHEH.

Chemical Science Edge Article
simulations at the uB97M-V level computationally feasible on
consumer grade hardware—a capability that is entirely out of
reach with hybrid periodic DFT. While a systematic evaluation
of MD averaging on the present benchmark set shows ambig-
uous improvements for the largely rigid structures considered
here, this nonetheless reects the nature of the test set rather
than a limitation of the approach: dynamic averaging is ex-
pected to be most consequential for exible or disordered
systems, and this avenue is actively being explored.49

Fig. 4 reports the calculated magnetic shieldings obtained
with MACE-Polar-1/ShiML3 vs. the experimental chemical
shis for both the 13C and 15N set.63

Beyond isotropic chemical shis: the accuracy of MLIPs/
ShiML3 for chemical shi tensors

One of the key features of ShiML3 is its ability to predict the
full magnetic shielding tensor rather than just the isotropic
shielding. This facet is extremely valuable as chemical shi
tensors are more sensitive to their environment and are inher-
ently more useful for NMR crystallography applications. To be
of full interest, the combination of MLIPs/ShiML3 must be
tested against DFT benchmarking methods that are known to
give good agreement with experiment. For this purpose, we use
the chemical shi anisotropies (CSAs) of 65 organic crystalline
Chem. Sci.
materials that have been reported in the literature. The chem-
ical shi tensor, especially that of nitrogen, is very sensitive to
molecular-level geometry, chemical bonding, and all types of
noncovalent interactions (e.g., hydrogen bonding).

The full magnetic shielding tensor can be obtained at the
GIPAW (R)PBE level, using a cluster approach at the PBE0 level
(see Methods),74–76 or using ShiML3. In general, the PBE0
cluster approach yields more accurate tensors than GGA
GIPAW.74–76 Here, we compare four workows: (i) RPBE-D2
geometry optimization followed by RPBE GIPAW, (ii) RPBE-D2
geometry optimization followed by PBE0 calculations on
molecular clusters to model short-range intermolecular inter-
actions and COSMO to model long-range electrostatic effects,
(iii) MACE-Polar-1/PBE GIPAW, and (iv) MACE-Polar-1/
ShiML3. The linear regression resulting from the principal
values of the magnetic shielding tensors calculations are
compared versus the experimental values in Table 2.

To assess how well the chemical shi tensors are repro-
duced, the distance, d, between the three principal compo-
nents, d11, d22, and d33, of the experimental and the calculated
shis is given by the expression of Alderman et al.:77

d2 ¼ 1
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where “exp” and “sim” relate to the experimental and simulated
value. The average root mean square chemical shi distance
(RMSD),

RMSD ¼ 1

n

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiXn

i¼1

di
2

s

is then calculated to assess the performance of the simulation
methods.77

For the 13C chemical shi tensors, relative to RPBE-D2/RPBE,
the RMSD (3.5 ppm) decreases by ∼10% with MACE-Polar-1/
PBE (RMSD = 3.26 ppm) and by ca. 30% with RPBE-D2/PBE0
cluster + COSMO (RMSD = 2.55 ppm). MACE-Polar-1/
ShiML3 performs on par with RPBE GIPAW (RMSD 3.3
ppm); specic outliers—SUCROS04, MALANAC02, TACETA01,
and BUKVEI—contribute disproportionately to this error, likely
reecting limitations of ShiML3's parent PBE functional
rather than the geometry quality.

Considering 15N, the trend differs slightly. When moving
from RPBE GIPAW to the PBE0 cluster + COSMO, the RMSD is
also improved from 7.81 to 6.67 ppm. Here, MACE-Polar-1/PBE
GIPAW is signicantly better with an RMSD of ca. 5.4 ppm,
a trend still valid for MACE-Polar-1/ShiML3, albeit with
a slightly higher RMSD (5.9) ppm. For completeness, UMA-
omol/ShiML3 performs similarly to MACE-Polar-1, once
again indicating that explicit inclusion of long-range electro-
static interaction has modest impact.

The results of the linear regression are reported in Fig. 5, and
additional results are reported in the SI. The improvement of
OMol25-trained MLIPs over RPBE-D2/RPBE for both 13C and
© 2026 The Author(s). Published by the Royal Society of Chemistry



Table 2 Fitted linear regression parameters of the principal axis of 13C anisotropic magnetic shieldings obtained via RPBE-D2/RPBE GIPAW,
RPBE-D2/PBE0 cluster + COSMO, MACE-Polar-1/PBE GIPAW, MACE-Polar-1/ShiftML3 and UMA-omol/ShiftML3 vs. experimental 13C principal
axis component of the chemical shifts. The 15N principal axis component of the anisotropicmagnetic shieldings obtained RPBE-D2/RPBEGIPAW,
RPBE-D2/PBE0 cluster + COSMO, MACE-Polar-1/PBE GIPAW, MACE-Polar-1/ShiftML3 and UMA-omol/ShiftML3 vs. the experimental 15N
principal axis component of the chemical shifts. For each, the linear regression parameters are given as well as the RMSD

Method

13C 15N

Regression Regression

Slope Intercept RMSD Slope Intercept RMSD

RPBE/RPBE (GIPAW) −1.026 174.04 3.50 −1.056 231.62 7.81
RPBE/PBE0 + Clusters + COSMO −1.061 187.43 2.55 −1.086 246.06 6.67
MACE-polar-1/PBE (polar-1-l) −1.032 175.08 3.26 −1.056 233.43 5.42
MACE-polar-1/ShiML3 (polar-1-l) −1.035 174.28 3.31 −1.062 234.52 5.93
UMA-omol/ShiML3 (uma-s-1p1) −1.034 174.30 3.34 −1.092 234.57 5.89
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15N tensors reinforces the central conclusion: these models
produce high-quality structures, and their combination with
ShiML3 yields shielding predictions that match or approach
PBE GIPAW accuracy at a fraction of the cost.

Given the success of the MLIPs (OMol25)/ShiML3 frame-
work, the approach was subsequently applied to L-histidine.
Fig. 5 Comparison between the principal axis of the anisotropic
magnetic shieldings obtained via MACE-Polar-1/ShiftML3 vs. experi-
mental principal axis component of the chemical shifts, for 13C in (a)
and 15N in (b). For each, the linear regression parameters are given as
well as the RMSD.

© 2026 The Author(s). Published by the Royal Society of Chemistry
Application to MAS-DNP experiments on L-histidine

To illustrate the power of MLIPs/ShiML3 in NMR crystallog-
raphy applications, we applied the method to L-histidine. Here,
we combine experimental 13C and 15N chemical shi tensors
and 1H isotropic chemical shis with MACE-Polar-1/ShiML3
predictions. L-Histidine has two known polymorphs, mono-
clinic and orthorhombic; these have similar conformations and
crystal packing, which makes it particularly challenging to
differentiate them.8 To accelerate the characterization and
assignment of L-histidine, we used MAS-DNP, which dramati-
cally improves the signal-to-noise ratio of experiments carried
out at natural isotopic abundance. This is particularly impor-
tant for 15N, which has a natural abundance of ca. 0.37%,
severely impairing the sensitivity of the experiment. MAS-DNP is
also carried out at low temperature, 100 K, which limits the
impact of motion when extracting the anisotropic chemical
shis. Based on the benchmarks carried out so far, solid-state
NMR is now the slowest step in the NMR crystallography
protocol; however, use of MAS-DNP clearly accelerates this.

For L-histidine, the DNP enhancement was ca. 90 and the
polarization time was a stretched exponential as commonly
observed for particles with long intrinsic 1H longitudinal
relaxation times.79 The optimal recycling delays (maximizing
the signal to noise S(t)/Ot) was ca. 20 s. The sensitivity allowed
us to quickly measure the 1D 13C and 15N spectra in seconds to
minutes but also runmore complex correlations such as 1H–13C
and 1H–15N, which are reported in the SI (Fig. S4 and S5), to
assign the spectra.

Using the increased sensitivity afforded by MAS-DNP, we
measured the isotropic chemical shi using MATPASS80 and
performed high signal-to-noise slow MAS experiments to extract
the principal components of the chemical shi tensors. Due to
the presence of multiple sites, the MATPASS experiment (Fig. 6)
enabled accurate determination of the isotropic chemical
shis. This facilitates the tting of the slow MAS experimental
spectra and the accurate extraction of the CSAs. The values of
the CSAs for 13C and for 15N are reported in Table 3. For 13C,
they are generally in agreement with previous work.78

For 13C, the agreement between the experimental values and
the MACE-Polar-1/ShiML3 values is good when considering
the isotropic shi with an MAE of 1.6 ppm. The CSA is also very
Chem. Sci.



Fig. 6 Experimental CPMAS spectra of L-histidine collected at 3.0 kHz
for (a) 13C collected in 80 s and (b) 15N collected in 28minutes. For 13C,
the MATPASS spectrum is shown on top (green line), which corre-
sponds to the isotropic shifts, while the fit of the slow MAS and the
difference are shown in red and blue, respectively. Top right corner:
molecular view of L-histidine with atomic numbering. The ethylene
glycol signal appears at ca. 65 ppm in (a).
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well reproduced with an RMSD of 3 ppm. For 15N, the MAE for
the isotropic shi is 1.4 ppm and an RMSD of 6.5 ppm. All in all,
these results are excellent and in line with the statistics reported
in the previous sections. This also conrms the ability to
combine ML approaches with MAS-DNP for faster NMR crys-
tallographic investigations. Including the heteronuclear corre-
lation experiments, the complete set of experimental data was
acquired in less than 5 hours. While the molecule studied here
Table 3 Comparison between experimental CSA and simulated one
isotropic shifts (diso) were obtained from MAT-PASS (for 13C) or 1D CP sp
were obtained from slow-MAS CSA lineshape fitting (see Methods). Pre
etries with ShiftML3 for the orthorhombic phase. All values are chemical
reported in the Mehring convention and ordered such that d11 $ d22 $ d

Site 13C 1 4 6 5

Experimental diso (ppm) 174.9 137.1 134.2 113.3
d11 (ppm) 244.5 210.5 205 185.9
d22 (ppm) 176.1 143.5 138.1 116.4
d33 (ppm) 104 57.1 59.7 37.8
Predicted diso (ppm) 171.9 138.0 131.3 114
d11 (ppm) 239.8 205.7 196.9 185.5
d22 (ppm) 167.8 149.9 137.3 116.5
d33 (ppm) 108.3 58.3 59.7 40.1
Error in diso (ppm) 3.0 −0.9 2.9 −0.7
Distance (d, ppm) 4.4 3.0 3.8 1.0

Chem. Sci.
is simple, the same protocols can be applied to molecules of
increasing size and complexity. It is likely that the ability to
measure the CSA with high precision will be key to determining
the molecular structures of active pharmaceutical ingredient
solid forms.

However, the 13C and 15N CSAs alone are not sufficient to
differentiate between the orthorhombic and monoclinic poly-
morphs of L-histidine. Indeed, these are nearly identical for the
two structures (see Table S6). To have a clear differentiation, 1H
spectra8 or PXRD are needed. The 1H–13C and 1H–15N HETCOR
spectra can be used to extract the 1H chemical shis for each
site. The 1H NMR spectra have high resolution but present some
anisotropic bulk magnetic susceptibility (ABMS) and are
therefore slightly distorted. Nonetheless, we can resolve the
seven chemical shis (Table 4). The chemical shis expected for
both structures were calculated using MACE-Polar-1/ShiML3
(shielding to shi calibration given in the SI). The RMSE
calculated for all sites is not helpful because both structures
produced very similar values for both polymorphs. Instead, only
the RMSEs of the two differing sites, site #5 and site #6,8 are
useful for differentiating between the polymorphs. In this case,
the RMSE restricted to these two sites is 0.7 ppm for the
orthorhombic and ∼1 ppm for the monoclinic one. This
supports the identication of the orthorhombic crystal struc-
ture. Further conrmation of the crystal structure of L-histidine
as the orthorhombic polymorph was provided by PXRD analysis
(see Fig. S2).

The combination of MACE-Polar-1/ShiML3 and MAS-DNP
proved to be a valid approach to characterize L-histidine. It
correctly predicted the CSAs for both 13C and 15N obtained by
tting the slow MAS data, while providing enough information
on the 1H spectra to differentiate between the orthorhombic
and the monoclinic polymorphs (Table 4).
Computational
Structural models

The 65 crystal structures were obtained from the Cambridge
Structural Database, or when unavailable, from previous liter-
ature reports. They aim at representing a diverse pool of
via MACE-Polar-1/ShiftML3 13C and 15N for L-histidine. Experimental
ectrum for 15N collected at 10.5 kHz, and principal values (d11, d22, d33)
dicted tensors were generated using MACE-Polar-1 optimized geom-
shifts in ppm, referenced as described in Methods. Principal values are

33

2 3 Site 15N 30 20 10

56.6 26.1 247 170.2 39.3
67.8 33.5 397.1 271.3 57.6
64.8 31 325.1 187.3 43.7
37.2 13.7 18.3 51.9 16.5
55.1 27.5 244.1 169.9 40.4
67.9 38.3 407.2 260.7 48.2
59.9 27.5 309.8 187.9 40.6
37.7 16.7 15.4 61.1 32.5
1.5 −1.4 2.9 0.3 −1.1
2.1 2.7 7.1 5.1 6.9

© 2026 The Author(s). Published by the Royal Society of Chemistry



Table 4 Comparison between experimental 1H shifts and simulated one via MACE-Polar-1/ShiftML3 for the L-histidine monoclinic and
orthorhombic structures. Shielding calibration reported in the SI. Note that for the –NH3 group (10), there is not enough resolution to distinguish
the three sites. As such, the values marked * are the average predicted values. Calibration of chemical shifts vs.magnetic shieldings is reported in
Fig. S3, slope −1.0192, intercept, 30.95 ppm, RMSE = 0.54 ppm, MAE = 0.43 ppm, Max AE = 1.69 ppm

Observable sites 20 10 6 5 2 3 3
RMSE site 5
and 6 (ppm)

diso �0.2 (ppm) 14.0 8.9 5.5 5.0 3.80 2.9 2.7
Predicted diso (ppm)
(orthorhombic)

14.4 8.2*
(8.4, 8.2, 8.0)

5.9 5.6 3.5 2.8 2.7 0.72

Predicted diso (ppm)
(monoclinic)

14.3 8.3*
(8.8, 8.3, 8.1)

6.4 5.4 3.4 2.7 2.6 0.99
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chemical environments. The list of the crystal structures is re-
ported in the SI. In addition, we used the set of calibrated
chemical shis recently reported in ref. 63.

Each of these structures was checked for missing hydrogen
atoms. When hydrogen atoms positions were not reported, the
atoms were instead placed in ideal positions using the Mercury
soware package. The structures were used either “as-is” or
subject to different types of geometry optimization, either
RPBE-D2, UMA51 and MACE-Polar-1 (ref. 50) combined with
atomic simulation environment (ASE).81
Structure optimization

When using UMA, either the task omol52 or omc53 was used in
combination with the model uma-s-1p1 obtained from the FAIR
Chemistry repository on Huggingface (version 2.16.0).51 Note that
in our tests, the uma-s-1p2 (ref. 56) and uma-m-1p1 models
perform slightly worse. The geometry optimization with theMLIPs
were carried out with limited-memory Broyden–Fletcher–Gold-
farb–Shanno (L-BFGS)82 aer testing FIRE (see SI).83 For all opti-
mizations, the cell parameters were kept constant.

Simulations with MACE-Polar-1 (ref. 50) were carried out
similarly, and all model, polar-1-s, polar-1-m and polar-1-l have
been tested. Note that we used a precision of Float32 aer
noting minimal loss in accuracy (ca. 10−2 on the RMSE). As
reported in the SI, the large model outperforms the smaller
ones in testing the Beran et al. set.63

Plane-wave DFT84,85 geometry optimizations were performed
using CASTEP.86 These calculations used either the functionals
PBE64 or RPBE.62 Ultraso pseudopotentials generated on-the-y,87

a plane-wave cutoff energy of 800 eV, a Monkhorst–Pack grid with
a k-point spacing of 0.05 Å−1. Dispersion corrections were intro-
duced using the semi-empirical two-body (D2) or three-body (D3)
dispersion force eld corrections of Grimme.61,65,66 Structural
renements employed the L-BFGS energy-minimizing scheme, in
which the positions of all atoms were relaxed while holding unit
cell parameters constant, with convergence thresholds including
a maximum change in energy of 5 × 10−6 eV per atom,
a maximum displacement of 5 × 10−4 Å per atom, and
a maximum Cartesian force of 10−2 eV Å−1.

The 65 structures were optimized using UMA on a NVIDIA
RTX A4500 GPU and down to forces of 0.01 eV Å−1 in less than
10 minutes running on Ubuntu 24.04.1.
© 2026 The Author(s). Published by the Royal Society of Chemistry
The cif les for orthorhombic and monoclinic L-histidine
were obtained from the CSD (code CCDC 2097463 and
1206539). Both crystal structures have been optimized with
UMA-omol, uma-s-1p1. The UMA-omol optimization took 8.5 s
on a single GPU RTX A4500 while the CASTEP v25.1 CPU based
approach (compiled with OpenMPI and executed on 20 cores of
an Intel Xeon Gold 6258R) took 3360 s for optimizing the
monoclinic structure at the PBE-D3 level.

The optimization with UMA-omol took 11.5 s while the same
optimization took CASTEP 10550 s. This is 2–3 orders of
magnitude and this difference scales further as the number of
atoms increase (O(N) for UMA, O(N4) for DFT).

For all the 15 structures containing 15N in the Beran set, the
optimization using UMA-omol, uma-s-1p1, took 265 s, while
MACE-Polar-1-medium, took 307 s, and the large one 403 s.
Magnetic shielding tensors
13C and 15N magnetic shielding tensors were computed on all
types of structures, X-ray, RPBE-D2, UMA and MACE-Polar-1
optimized, using either PBE, RPBE or r2SCAN88 GIPAW or
ShiML3.

GIPAW calculations were performed using CASTEP v25.1,86
using the same parameters and approximations as used in the
geometry optimizations. Additional calculations of 13C and 15N
magnetic shielding tensors were performed using the ADF suite
within the Amsterdam Modelling Suite (ADF v.2021). These
calculations used the more costly hybrid functional PBE0.89

Large clusters of up to een molecules were used to model the
local lattice environment, as described in previous work.74–76 For
salts, these clusters had a non-zero net charge. A basis set
partitioning scheme was applied in which the central molecule
within the cluster was assigned the TZ2P basis set with Becke
integration set to “excellent”, whereas all other molecules in the
cluster were assigned the DZ basis set with “normal” Becke
integration.90,91 Magnetic shielding tensors are calculated only
for nuclei within the central molecule within the cluster. Elec-
trostatic embedding to model longer range electrostatic inter-
actions with the lattice was accomplished through use of the
conductor-like screening model (COSMO),92–95 as implemented
in ADF.96 Benzene or water were chosen as the solvent (for
hydrocarbons and all other materials, respectively), using
Delley-type cavity construction,97 with atomic cavity radii based
on the van der Waals radii of Allinger.98
Chem. Sci.
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Magnetic shielding comparison with experimental chemical
shis

For the set of Beran et al., the chemical shis follow the
assignment given in ref. 63. For the chemical shielding tensors,
while the sites have been assigned, tracking these is not an easy
task for such a large dataset. As such, we resorted to a different
approach: for each crystal structure, and for each site, the
experimental CSA wasmatched to the best anisotropic magnetic
shielding calculated. This is done by reducing the overall RMSD
of all sites of a given crystal structure at once using the
Hungarian algorithm. This is done systematically for each
crystal structure and across all three methods, ensuring
a consistent comparison and representing the best-case
scenario for each one.
Experimental
Powder X-ray diffraction

L-Histidine purchased from Sigma-Aldrich was ground in
a mortar and pestle for 10 min with 4 mL of ethanol (EtOH)
using liquid-assisted grinding (LAG). Powder X-ray diffraction
(PXRD) data were collected on a Rigaku MiniFlex benchtop
diffractometer using Cu Ka radiation (l = 1.5406 Å) and a D/teX
Ultra2 detector. Each sample was loaded into a zero-
background silicon sample holder (well size 5 mm × 2 mm)
and measured using the 8-position autosampler. Data were
collected at 40 kV and 15 mA over 2q spanning 2.5° to 60° with
a 0.030° step size and a 5°min−1 scan rate (total scan time ca. 13
min). Experimental PXRD patterns were compared with simu-
lated patterns to assess phase purity using HighScore and
CrystalDiffract.
MAS-DNP

L-Histidine was uniformly impregnated with a 40 mM AsymPol-
POK (https://pubs.acs.org/jacsat/article/140/35/11013/757696/
Computationally-Assisted-Design-of-Polarizing) solution
prepared in a 8/2 (% v/v) mixture of ethylene glycol-d6 and
ethylene glycol. The sample was mixed thoroughly, packed
into a 3.2 mm sapphire rotor, and degassed by ve ash-
freeze/thaw cycles in liquid nitrogen outside the probe to
remove dissolved oxygen prior to DNP measurements.

All spectra were collected at 100 K and a MAS frequency of
10.5 or 3.0 kHz using the NHMFL 600 MHz MAS-DNP instru-
ment,99 equipped with a NHMFL-built HCN probe with
a 3.2 mm Bruker stator. Samples were packed into sapphire
rotors for optimal efficiency.100

Except where otherwise specied, the nutation frequencies
for 90 and 180° pulses used were 100 kHz for 1H, and 50 kHz for
13C and 15N. SPINAL64 was used for 1H decoupling101 during
acquisition. 15N and 13C spectra were obtained via cross-
polarization (CP) using a 1 ms contact time and a ramp of
20% on the 1H channel. For both, the 1H CP nutation was set to
50 kHz at 100% of the ramp.

The L-histidine sample preparation yielded an enhancement
of ca. 90. The buildup curve obtained by saturation recovery and
1H / 13C CP detection presents a non-exponential form that
Chem. Sci.
can be tted with a biexponential function with time constants
of 8.5 and 114 s, and respective weights of 0.2 and 0.8. The
optimal recycling delay is thus ca. 27 s. A similar curve was
obtained for all 13C sites.

The 1H–13C HETCOR with FLGS homonuclear
decoupling102–104 spectra were collected with a cross-polarization
contact time of 100 ms to minimize the effect of 1H spin-
diffusion. This generates lower intensities for sites without
direct 1H bonding. The indirect dimension was 100 points for
13C and 15N (ca. 1 ms evolution time). Both experiments took 67
minutes. The indirect dimension was referenced using 13C-
labelled a-glycine for 13C, and NH4Cl for

15N.
Slow MAS spectra were collected at 3.0 kHz. For 13C, the

spectrum was acquired in 80 s (signal-to-noise ratio, SNR= 458)
and 28 minutes for 15N (SNR = 387). The NMR spectra were
tted in two steps to extract the CSA. First, a CP-MATPASS
experiment was used to obtain the isotropic shis,80 and then
these parameters were used to t the 3.0 kHz data using SOLA
module within TopSpin 4.1.14. For 15N, the CP spectrum at 10.5
kHz provided the resolution needed to determine the isotropic
chemical shis.

Conclusions

This study demonstrates the capacity of machine learning to
mitigate the heavy computational demands of NMR crystallog-
raphy. Our analysis shows that the MLIP/ShiML3 framework is
not merely a high-speed substitute for the PBE/PBE GIPAW
workow; in many instances, it delivers superior structural and
spectroscopic accuracy, while reducing computation time from
days to minutes. UMA-omc, designed to reproduce PBE-D3
calculations, did precisely that—achieving parity with the
conventional workow at a fraction of the cost, and represent-
ing an excellent drop-in replacement for routine applications.

The performance of the two OMol25-trained models—UMA-
omol and MACE-Polar-1—was especially notable: despite being
trained exclusively on gas-phase molecular data, both produced
structural renements comparable to hybrid-DFT quality. When
coupled with ShiML3, the resulting magnetic shielding
predictions rivaled PBE0/PBE GIPAW accuracy, representing
a 20–30% improvement in experimental agreement over stan-
dard PBE methods. This demonstrates robust transfer of
learning to the more complex environment of molecular
crystals.

Beyond the practical implications for NMR crystallography,
these results contribute to the emerging picture of gas-phase-to-
crystal transferability of MLIPs. Whereas previous benchmarks
have relied on energetic and structural metrics that average over
many degrees of freedom, NMR chemical shis—sensitive to
sub-ångström variations in local geometry—provide a uniquely
demanding validation metric. The fact that OMol25-trained
models pass this test, matching hybrid-DFT structural quality
as judged by one of the most sensitive local probes available,
signicantly strengthens the case for transferability and
suggests that the relevant physics of intermolecular interactions
in organic solids is well-represented within the local embedding
of these models.
© 2026 The Author(s). Published by the Royal Society of Chemistry
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The three-orders-of-magnitude gain in speed carries prac-
tical consequences worth emphasizing. Hybrid periodic-DFT
optimization has historically required substantial HPC infra-
structure, conning high-accuracy NMR crystallography to
specialized groups. The present results show that OMol25-
trained MLIPs, requiring only a consumer-grade GPU, provide
a freely available alternative that democratizes hybrid-quality
structural renement. The same speed advantage also makes
MD simulations at theuB97M-V level tractable for the rst time,
enabling dynamic averaging of chemical shis for exible,
disordered, or dynamically complex systems where static
structures are insufficient.27,28,49

However, limitations still remain. ShiML3 prediction errors
appear to reect the underlying PBE functional rather than the
ML model itself; a delta-learning approach (using monomer or
cluster correction) or r2SCAN-trained iteration would likely
improve agreement with experiment. Structural outliers in UMA
were rare but warrant further investigation to separate force-
eld inaccuracies from reference functional limitations. Look-
ing ahead, MLIPs trained on OMol25 are well-suited as geom-
etry engines for CSP workows such as FastCSP, Genarris 3.0,
PackFlow, and MolCrystalFlow.57,59,60,105,106 Combined with
faster acquisition methods, such as fast MAS 1H detection, or
MAS-DNP as presented here, it proved to be efficient to not only
characterize the chemical shi tensors, but also to distinguish
between the two polymorphs of L-histidine.

In summary, the UMA/ShiML3 or MACE-Polar-1/ShiML3
synergy is a paradigm shi for NMR crystallography, offering
a potent combination of PBE0-level accuracy and unprece-
dented computational speed.
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27 M. Drač́ınský, P. Bouř and P. Hodgkinson, Temperature
Dependence of NMR Parameters Calculated from Path
Integral Molecular Dynamics Simulations, J. Chem. Theory
Comput., 2016, 12, 968–973.
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POLAR-1: A Polarisable Electrostatic Foundation Model
for Molecular Chemistry, arXiv, 2026, preprint,
arXiv:2602.19411, DOI: 10.48550/arXiv.2602.19411.

51 B. M. Wood, M. Dzamba, X. Fu, M. Gao, M. Shuaibi,
L. Barroso-Luque, K. Abdelmaqsoud, V. Gharakhanyan,
J. R. Kitchin, D. S. Levine, K. Michel, A. Sriram, T. Cohen,
A. Das, A. Rizvi, S. J. Sahoo, Z. W. Ulissi and C. L. Zitnick,
UMA: A Family of Universal Models for Atoms, arXiv,
2025, preprint arXiv:2506.23971, DOI: 10.48550/
arXiv.2506.23971.

52 D. S. Levine, M. Shuaibi, E. W. C. Spotte-Smith,
M. G. Taylor, M. R. Hasyim, K. Michel, I. Batatia,
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