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We benchmarked existing and newly trained universal machine learning interatomic potentials for modeling 
molecular crystals, particularly their elastic properties. We found that potentials trained on the SPICE dataset 
provide reasonable predictions of the elastic properties of molecular crystals that are as good as predictions made 
using density functional theory-based methods. Still, the uncertainty of predictions and difference to experimental 
values is relatively high (larger than 5 GPa for Young’s modulus). We have performed a high-throughput study 
of the elastic properties of molecular crystals. We have found that some of the molecular crystals show negative 
linear compressibility and validated our results using density functional theory.

1. Introduction

Universal machine learning interatomic potentials (UMLIPs), also 
called global potentials or foundational models, are becoming new tools 
of choice for screening and discovering materials with useful proper
ties [1,2]. Their applicability and success to model different material 
properties is a very active area of research, as well as the competition 
to build the most accurate model. For example, Matbench Discovery 
presents leaderboard which ranks UMLIPs on a task of simulating high
throughput discovery of new stable inorganic crystals predicting some 
of their properties [3]. The most important factor for the accuracy of 
UMLIP is the size of the dataset and its coverage of the configurational 
space.

In this sense, molecular crystals are uniquely difficult for the cur
rent UMLIPs as they are commonly trained on density functional theory 
(DFT) databases of either inorganic crystals with rather small unit cells 
or isolated organic molecules. Molecular crystals, on the other hand, 
usually have large unit cells and large DFT databases that include them 
do not exist. Still, molecular crystals play an important role in areas 
ranging from mechanics and electronics to medicine and pharmacy and 
are prospective candidates in future dynamic active materials such as 
medical devices, actuators and materials for electronics [4,5]. There
fore, it is very important to understand the validity of current UMLIPs 
for modeling molecular crystals.
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Theoretical methods for modeling molecular crystals are usually 
benchmarked on the X23b benchmark set [6] as an experimental ref
erence for the lattice energies and structures of 23 well-characterized 
systems. Benchmarking the first derivatives of the potential energy sur
face and higher derivatives is a stricter and more robust metric for 
measuring the utility and the physical accuracy of UMLIPs. To the best 
of our knowledge, the most extensive such experimental reference for 
molecular crystals is the database of 44 full elastic tensors by Spack
man et al. [7]. Accurate estimation of elastic constant tensors can be 
obtained using density functional theory (DFT) with dispersion correc
tion (DFT-D) [8--10]. Spackman et al. [7] also utilized the corrected 
small basis set Hartree–Fock method (S-HF-3c) as a cheaper alternative 
compared to DFT-D. Since DFT simulations require significant compu
tational resources, the UMLIPs should enable the calculations on a large 
scale. Recently conducted research revealed that the accuracy of some 
MLIPs for elastic tensors can be closer to DFT-D than S-HF-3c [11].

In this article, we first use the existing and newly created UMLIPs 
trained on the existing large databases of small (inorganic) crystals as 
well as molecules (and their dimers) to benchmark their performance on 
the X23b and elastic tensors benchmark dataset. Best-performing mod
els are then used for the high-throughput screening of elastic properties 
of molecular materials. In addition to the map of elastic properties of 
molecular crystals, we have found some molecular crystals with fas
cinating properties, such as negative linear compressibility. We have 
validated our predictions with DFT-D simulations.
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2. Methodology

2.1. Models

Several existing, as well as a few newly trained UMLIPs are used in 
this work. Of existing UMLIPs, we start with those trained mostly on in
organic crystals based on DFT-PBE( + U) calculations. MACE-MP-0 [12] 
is trained with MACE [13] architecture on MPtrj dataset [14]. We use 
only the ``large'' model size coupled with D3 correction [15]. MatterSim 
(MatterSim-v1.0.0-5M) [16] is trained with M3GNet [17] architecture 
on MatterSim data [16]. We have added D4 correction [18] on top of 
this UMLIP. Orb-d3-v2 [19] was trained with graph network simula
tor [20] augmented with a smoothed graph attention mechanism on 
MPtrj + Alexandria [21,22] dataset. OMAT24eqV2_86M [23] was trained 
with EquiformerV2 [24] architecture on OMAT24 database [23], and we 
have added D4 correction [18] on top of this UMLIP.

The second class of existing UMLIPs are those trained on databases 
composed mostly of calculations for small organic molecules. MACE
OFF23 [25] is trained with MACE [13] architecture on the SPICE 1.0 
dataset [26] that provides data for small molecules, dimers, dipeptides, 
and solvated amino acids at the 𝜔B97M-D3(BJ)/def2-TZVPPD level of 
theory. We use only the ``large'' model size. Nequip@ANI1x [27] is our 
previously trained model, trained with the Nequip architecture [28] on 
the ANI1x dataset [29] that is supplemented with D4 correction [18].

The only dataset that is composed of molecular crystals is the OMDB 
[30], and our previously trained model Nequip@OMDB [27] is trained 
with the Nequip architecture [28] and supplemented with D4 correction 
[18].

Finally, in this work, we have trained MACE@SPICE2 UMLIP, which 
differs from ``large'' MACE-OFF23 only by the updated training database 
SPICE 2.0 that doubled the total amount of data compared to SPICE 1.0 
keeping the same level of theory. To be able to study the uncertainty of 
predictions we have also trained five versions of Nequip@SPICE models 
for which we used the SPICE 1.0 database and Nequip model training 
hyperparameters were the same as for Nequip@ANI1x [27]. Namely, 
𝑛𝑙𝑎𝑦𝑒𝑟 and 𝑟𝑐𝑢𝑡𝑜𝑓𝑓 were chosen as 4 and 5 Å, respectively. Five different 
random seeds were used in order to obtain different UMLIPs.

2.2. Elastic constant calculations

The elastic tensor is obtained from strain-stress fit as implemented 
in pymatgen [31]. Each (strained) structure was relaxed until forces on 
atoms were smaller than 0.001 eV/Å. Temperature effects are neglected 
for simplicity and efficiency, but could be added in spirit of, for example, 
Refs. [32,33]. The elastic tensor was used to derive the material proper
ties such as bulk modulus (K), shear modulus (G), and Young’s modulus 
(E) (using Voigt (V), Reuss (R) and Hill (H) estimates). The arithmetic 
mean of the Reuss and Hill averages is a better approximation accord
ing to the literature [7] and is used in this work. Calculations of linear 
compressibility were performed according to expressions from Nye [34] 
using the ELATE tool [35].

2.3. DFT validation

The DFT validation of the elastic properties predicted by UMLIPs 
was performed using the same workflow as with UMLIPs. For DFT cal
culations, we used an all-electron electronic structure code FHI-aims 
[36--39] with intermediate basis set defaults and k-point grid density 
of at least 5 Å. For exchange-correlation functional we used PBE [40] 
with many-body dispersion (MBD) correction [41,42]. PBE + MBD offers 
accurate description of elastic properties of molecular crystals [43--46].

3. Results and discussion

Before focusing on the mechanical properties of molecular crystals, 
we first benchmark the accuracy of studied UMLIPs in predicting lattice 

Fig. 1. Relative difference of UMLIPs predictions and experimental benchmark 
X23b [6] volumes. Full lines represent UMLIPs trained on molecular data, 
dashed lines represent UMLIPs trained on mostly inorganic data, and dotted 
line represents model trained on molecular crystals.

Table 1
Analysis of Mean Absolute Error (MAE, %), Mean Error (ME, %), and 
Standard Deviation (SD, %) of relative error of different UMLIPs pre
dictions for unit cell volumes compared to X23b dataset [6]. Data in 
brackets are without CO2.

MAE ME SD 
Nequip@ANI1x+D4 4.13 (4.01) 1.05 (1.41) 4.83 (4.63) 
Nequip@SPICEv1 2.68 (2.75) 0.31 (0.28) 3.29 (3.36) 
MACE-OFF23 6.92 (3.04) 1.82 (-2.28) 19.42 (2.71) 
MACE-MP-0+D3 6.87 (6.85) 5.86 (5.8) 6.15 (6.28) 
MACE@SPICE2 2.49 (2.36) -1.41 (-1.71) 2.6 (2.22) 
MatterSim+D4 4.75 (4.31) 2.5 (1.96) 5.32 (4.77) 
orb-d3-v2 2.56 (2.48) 1.43 (1.3) 2.81 (2.81) 
OMAT24eqV2_86M+D4 2.44 (2.38) 2.03 (1.95) 1.81 (1.81) 
Nequip@OMDB+D4 6.14 (4.17) 2.9 (0.79) 11.09 (5.09)

PBE-MBD [47,27] 5.07 5.07 2.71 

energies and volumes on the well-established experimental benchmark 
database X23b [6]. Fig. 1 and Table 1 show the accuracy of volume pre
dictions of studied UMLIPs. Most of UMLIPs relax crystal structures to 
reasonable volumes within −5% to 5% from the experimental value (cor
rected for temperature effects). Notable exceptions are results for CO2
where MACE-OFF23 and Nequip@OMDB + D4, and, to a lesser extent, 
MatterSim + D4 predict significantly larger volumes. For this reason, in 
Table 1 we also list results with CO2 excluded from the analysis. A 
number of UMLIPs provide better predictions than DFT with PBE-MBD, 
notably MACE@SPICE2, orb-d3-v2, and OMAT24eqV2_86M + D4.

Fig. 2 and Table 2 show a comparison of lattice energies calculated 
with UMLIPs to X23b benchmark [6]. It can be observed in Fig. 2 that 
most of UMLIPs provide reasonable lattice energies. However, compar
ing errors of UMLIPs and typical DFT approximation (PBE-MBD) one 
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Fig. 2. Comparison of lattice energies calculated by UMLIPs to corrected exper
imental benchmark X23b values (black markers). Full lines represent UMLIPs 
trained on molecular data, dashed lines represent UMLIPs trained on mostly in
organic data, and dotted line represents model trained on molecular crystals.

Table 2
Analysis of Mean Absolute Error (MAE, kJ/mol), Mean Error (ME, kJ/mol), and 
Standard Deviation (SD, kJ/mol) of different UMLIPs predictions for lattice en
ergies compared to X23b dataset [6]. Data in brackets are without CO2.

MAE ME SD 
Nequip@ANI1x+D4 23.09 (23.70) -23.09 (-23.70) 10.54 (10.37) 
Nequip@SPICEv1 18.24 (17.89) 18.24 (17.89) 9.12 (9.17) 
MACE-OFF23 9.02 (8.14) 5.56 (4.52) 9.54 (8.38) 
MACE-MP-0+D3 13.81 (14.28) -7.36 (-7.86) 15.98 (16.17) 
MACE@SPICE2 6.77 (5.18) 1.77 (-0.04) 10.93 (7.00) 
MatterSim+D4 20.42 (20.69) -18.03 (-18.19) 19.44 (19.86) 
orb-d3-v2 29.53 (30.86) -26.26 (-27.47) 25.67 (25.60) 
OMAT24eqV2_86M+D4 40.56 (37.76) -33.02 (-29.87) 50.10 (48.95) 
Nequip@OMDB+D4 12.31 (12.00) 10.47 (10.08) 10.01 (10.06)

PBE-MBD [47,27] 5.79 -3.86 4.82 

can see that all UMLIPs have higher MAE and SD than PBE-MBD. The 
best performing UMLIP for lattice energy predictions according to MAE 
is MACE@SPICE2, followed by MACE-OFF23 and Nequip@OMDB + D4. 
OMAT24eqV2_86M + D4 and orb-d3-v2 show the largest errors and will 
not be considered further.

To the best of our knowledge, the only benchmark database of elas
tic properties of molecular crystals is the one of Spackman et al. [7] that 
provides experimentally determined elastic tensors [48--68] as well as 
their calculation with S-HF-3c. In order to compare results, our calcula
tions were executed on the same dataset as with S-HF-3c in Ref. [7]. 
When multiple experimental results were reported for a single com
pound, the average was used for the comparison. We first compared 
predictions of the ensemble of Nequip@SPICE models and experiments 
in Fig. 3. Most of the predictions are within the distribution of values 
obtained with the ensemble. It should be noted, however, that the en
semble of models results in a rather wide spread of values. Detailed 
comparison for each crystal in the benchmark and each model in the en
semble of models is provided in Supplemental Material, Table S1. One 
can notice that not in all cases with all potentials our workflow finished 
with successful calculation and a reason is provided in the table.

Next, we turn to a comparison of experimental and quantum
mechanical calculations of elastic properties with predictions of studied 

Fig. 3. Predictions of ensemble of Nequip@SPICE potential in comparison to 
Young’s modulus obtained from experiments [7].

Table 3
MAE (and maximum error in parentheses) of the predictions for Young’s mod
ulus (𝐸𝑅𝐻 ) in GPa compared with the values from experiment, S-HF-3c and 
DFT-D calculations [7].

Experiment S-HF-3c DFT-D 
Nequip@ANI1x 9.97 (37.48) 7.42 (30.03) 5.97 (18.36) 
Nequip@SPICEv1 7.05 (20.40) 4.83 (20.50) 5.61 (16.41) 
Nequip@SPICEv2 6.86 (23.15) 4.93 (22.73) 5.76 (17.92) 
Nequip@SPICEv3 7.43 (22.25) 6.48 (31.72) 4.22 (12.64) 
Nequip@SPICEv4 7.77 (20.25) 4.53 (20.69) 3.19 (8.07) 
Nequip@SPICEv5 6.97 (22.31) 5.96 (22.27) 4.63 (18.74) 
Nequip@OMDB+D4 6.45 (23.50) 8.52 (18.94) 8.29 (15.97) 
MACE-OFF23 6.78 (24.00) 4.61 (15.89) 5.35 (16.60) 
MACE-MP-0+D3 5.51 (19.32) 6.01 (31.55) 4.75 (11.87) 
MACE@SPICE2 7.14 (20.99) 4.73 (20.10) 4.03 (14.25) 
MatterSim+D4 5.20 (18.09) 6.74 (24.63) 7.64 (21.68)

S-HF-3c 5.79 (17.58) - 3.88 (14.46) 
DFT-D 5.56 (14.45) 3.88 (14.46) -

UMLIPs as shown in Table 3. All UMLIPs show reasonable agreement 
with experimental Young’s modulus with MAEs in the range of 5--10 
GPa. Importantly, MAE between experiments and S-HF-3c and DFT-D 
calculations is in the range of 5--6 GPa, the same as better perform
ing UMLIPs. The agreement between UMLIPs and S-HF-3c and DFT-D 
calculations is somewhat better. The MAE of better-performing models 
compared to S-HF-3c and DFT-D is below 5 GPa. This is also expected 
as in both cases it is calculated in the same way while in experiments 
there are other effects, notably temperature. The best performance with 
respect to S-HF-3c and DFT-D calculations is provided with some of the 
Nequip@SPICE models, MACE-OFF23 and MACE@SPICE2, all trained 
on the SPICE dataset. MACE-MP-0 + D3 and MatterSim + D4 also work 
well and have the lowest MAE compared to experiments. Table 3 also 
shows maximum absolute errors, which are all relatively high consid
ering that their magnitude is even higher than the typical values of 
Young’s modulus. In Fig. 4, we compare UMLIPs predictions for Young’s 
modulus with S-HF-3c predictions and in Fig. 5 with experimental val
ues. These figures show that there is a significant spread of predictions 
in comparison to S-HF-3c and experiments, but also between different 
UMLIPs. From the perspective of UMLIPs, it is rather comforting that 
DFT-D (PBEh3c) and S-HF-3c also show a similar spread of predictions 
with the tendency of overestimation in comparison to experiments, and 
also have significant spread between each other as can be seen in Fig. 5. 
Full details for each model and each crystal are given in Supplemen
tal Material, Tables S1--S2. In the Supplemental Material, we have also 
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Fig. 4. Predictions of different UMLIPs in comparison to Young’s modulus ob
tained from the S-HF-3c method.

compared UMLIPs predictions of universal anisotropy (Tables S3--S4) 
and Poisson’s ratio (Tables S5-S6) to experimental values and S-HF-3c 
and DFT-D calculations. For universal anisotropy, the best performing 
models are Nequip@SPICEv4, Nequip@ANI1x and MACE-OFF23. For 
Poisson’s ratio there is less difference between UMLIPs. The smallest 
MAEs compared to experiment and S-HF-3c calculations is obtained by 
Nequip@SPICEv4 and MACE@SPICE2. From here, we continue to work 
with Nequip@SPICE and MACE-OFF23 potentials as they have shown 
reasonable predictions of elastic properties and stability in calculations.

One of the peculiar properties is the occurrence of negative linear 
compressibility. In Fig. 6, we compare predictions of linear compress
ibility between quantum-mechanical predictions (S-HF-3c and PBEh3c) 
with four chosen UMLIPs (Nequip@SPICEv1, MACE-OFF23, MACE-MP
0 + D3, and MatterSim + D4). Conclusions remain similar, predictions are 
reasonable but with a significant spread between methods. One can no
tice a somewhat better agreement between S-HF-3c and PBEh3c.

Once we have established the usefulness of UMLIPs for predictions of 
elastic properties of molecular crystals, we turn to the high-throughput 
screening of elastic properties (the stiffness tensor, elastic modulus con
stants, and linear compressibility) of molecular crystals. We have se
lected 8000 molecular crystals with the smallest unit cells that crystalize 
in needle-like from the CSD database [73]. The needle-like form was 
selected as such crystals are experimentally easier to characterize and 

Fig. 5. Young’s modulus obtained with S-HF-3c [7], PBE3c [69--72] and different 
UMLIPs compared to experimental values.

more useful for applications. In Fig. 7 we show a histogram of predic
tions of Young’s modulus using Nequip@SPICEv1. Most of the structures 
have Young’s modulus in the range of 9--16 GPa. Similar distributions of 
Young’s modulus are obtained with Nequip@SPICEv3 and MACE-OFF23 
potentials (see Figs. S1 and S2). One should note that there is a signifi
cant spread in predictions between different versions of Nequip@SPICE 
models or between Nequip@SPICE and MACE-OFF23, as shown in Figs. 
S3 and S4. This points out to the relatively high uncertainty associated 
with predictions.

Of particular interest for applications are soft molecular crystals. 
We have identified around 40 structures with very low Young’s mod
ulus (0--2 GPa) predicted with Nequip@SPICEv1. The lowest Young’s 
modulus was predicted for molecular crystals with the following CSD 
identifier: IQIHOI, GACCAS, BODSIZ, GEFXOI, MEWSAK, and SUFJEL. 
For these crystals, we have performed PBE-MBD DFT calculations to 
check the predictions. Fig. 8 shows a comparison of Nequip@SPICEv1 
predictions for these six crystals and two typical crystals with pre
dictions of PBE-MBD DFT and MACE-OFF23. For all six crystals for 
which Nequip@SPICEv1 predicted very low Young’s modulus, PBE
MBD DFT predicts a much larger Young’s modulus. Except for SUFJEL, 
MACE-OFF23 agrees with DFT showing that these predictions come 
from inaccuracies of Nequip@SPICEv1. For the two typical crystals 
(AMAFEZ and BZOXZO03) agreement between our DFT calculations and 



Materials & Design 254 (2025) 114047

5

A. Kholtobina and I. Lončarić 

Fig. 6. Linear compressibility predictions of MACE-OFF23, Nequip@SPICEv1, 
and PBEh3c in comparison to S-HF-3c.

Fig. 7. Histogram of Young’s modulus predictions by Nequip@SPICEv1 poten
tial.

Fig. 8. Validation of Nequip@SPICEv1 predicted low Young’s modulus crystals 
(IQIHOI, GACCAS, BODSIZ, GEFXOI, MEWSAK, SUFJEL) and typical crystals 
(AMAFEZ, BZOXZO03) with PBE-MBD DFT and MACE-OFF23.

Fig. 9. Comparison of linear compressibility from high-throughput screening 
obtained by MACE-OFF23 and Nequip@SPICEv3 potentials.

Fig. 10. Validation of prediction of negative linear compressibility. Comparison 
of results obtained by MACE-OFF23, average of Nequip@SPICE models, and 
PBE + MBD DFT.

Nequip@SPICEv1 is reasonable. This analysis also shows that for screen
ing purposes, one should seek agreement between different potentials 
before the validation with DFT.

Next, we performed a high-throughput screening of linear compress
ibilities using the same 8000 needle-like crystals from CSD. We start by 
plotting a comparison of predictions of linear compressibilities for the 
MACE-OFF23 and Nequip@SPICEv3 potentials in Fig. 9. There is a clear 
correlation in predictions of the two potentials but, again, with a sig
nificant spread between the two. Most of the linear compressibilities 
lie in the range of 0--25 TPa−1. As expected, negative linear compress
ibility is a rather rare phenomenon and, according to predictions of 
Nequip@SPICEv1, 14% of structures show negative linear compress
ibility.

We have selected several molecular crystals with negative linear 
compressibility according to Nequip@SPICEv1 potential that were also 
confirmed by Nequip@SPICEv3 potential, see Supplemental Material, 
Table S7. We then validated these predictions with PBE-MBD DFT cal
culations. We have found that for the structures with the following 
CSD identifiers AJANUW, BUVYUO, CIWMUS, DEXSOP, HIVSUB, VA
JZIT, XIFQEJ, YOXCIA, BELBUP05, EYOVET, FABJAW, ROXDEP, TI
JGIE, VAHDAM, and XAKZAK, PBE-MBD DFT confirmed the negative 
linear compressibility. A comparison of calculated linear compressibili
ties is shown in Fig. 10. PBE-MBD DFT predictions show strong negative 
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linear compressibility of <-10 TPa−1 for 10 structures that can be read
ily confirmed by experiments.

4. Discussion and conclusion

We have benchmarked existing and newly trained UMLIPs for pre
dicting the properties of molecular crystals. Based on the X23b bench
mark for volumes and lattice energies, we show that UMLIPs trained 
on the SPICE dataset, such as MACE@SPICE2 and MACE-OF23 provide 
good predictions approaching the accuracy of well-established DFT ap
proximations such as PBE-MBD.

DFT-like accuracy of chosen UMLIPs is also transferred to predic
tions of elastic properties. However, predictions of DFT-based methods 
and methods such as S-HF-3c also come with significant differences com
pared to experimentally determined elastic constants. Typically, errors 
in predictions of Young’s modulus compared to experiments are larger 
than 5 GPa. Similar errors are obtained when UMLIPs are compared 
to DFT or S-HF-3c. Significant differences between DFT-based methods 
and experiments point out to the need for methodological advances in 
simulations of elastic properties of materials. Such advances could in
clude temperature effects to better represent experimental conditions. 
In this perspective, due to their speed, machine learning potentials are 
helpful. As can be seen in the Table S8, UMLIPs are around 3 orders of 
magnitude faster than DFT in elastic tensor calculation.

Keeping in mind these deficiencies, we have performed a high
throughput study of the elastic properties of needle-like molecular crys
tals which provides information on the typical and extremal elastic prop
erties. According to our calculations, typical molecular crystals have 
Young’s modulus of 9-16 GPa. We have identified some crystals with 
low modulus, which are interesting for applications, but DFT validation 
of these results showed that these were false results. A more complete 
screening is needed in this case, and it is desirable that more than one 
UMLIP agree in the prediction since we have shown that predictions 
come with significant uncertainty that is exemplified by the compari
son of predictions of different versions of UMLIPs trained with the same 
architecture and dataset.

We have also searched for crystals with negative linear compressibil
ity. We have identified several structures where different versions of our 
Nequip@SPICE UMLIP agree in the prediction of negative linear com
pressibility. The predictions were then also confirmed with PBE-MBD 
DFT that are ready to be experimentally verified.
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