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Abstract

Choosing a suitable potential model to study dynamic processes in novel structures is an ambi-
tious task often relying on chemical intuition. This paper addresses this challenge through a case
study of diaphites, diamond-graphite nanocomposites, that are the only naturally occurring crys-
talline form of carbon featuring both sp? and sp? hybridized atoms. Since their synthesis is expens-
ive and difficult to control, molecular dynamics (MD) simulations of their formation would be
highly valuable. However, none of the available carbon potentials explicitly includes diaphites in
their parameterization. Here, we benchmark several well-established carbon potentials (Tersoff
1989, Tersoff 1994, REBO-II, LCBOP-I, AIREBO, AIREBO-M, GAP-20, ACE) against ab initio MD
(AIMD) at the PBE+D2 level of theory. Comparison of structural labeling disqualified Tersoff
1989, Tersoff 1994, REBO-II, AIREBO, and AIREBO-M. To enable long-timescale simulations on
systems of a few thousand atoms, an machine-learning (ML)-AIMD model was developed using
AIMD acceleration with an on-the-fly Gaussian approximation potential (GAP). ML-AIMD accur-
ately reproduced AIMD results and was therefore used as a benchmark. Extended testing revealed
that ACE is the most transferable and computationally efficient potential for MD simulations of
diaphites, reproducing the sp? fraction across all temperatures at a cost at least four times lower
than GAP-20. LCBOP-I performed comparably below 2000 K and remains preferable when com-
putational resources are limited. The presented benchmarking framework efficiently identifies

the most suitable potentials and provides a general strategy for selecting MD models for novel
materials.

1. Introduction

Elemental carbon is renowned for its exceptional structural and topological diversity, forming a wide
range of allotropes such as nanotubes, graphene sheets, fullerenes, graphite, cubic and hexagonal dia-
mond, as well as amorphous carbon. In bulk crystalline polymorphs, the diamond and graphitic forms
each exhibit a single type of hybridization—sp® and sp?, respectively, corresponding to coordination
numbers n& =4 and 3 [1]. In contrast, amorphous carbon has both sp* and sp® sites and shows no
ordering in those sites at either short- or long-range, leading to combined topological and site disorder.

Diaphites are crystalline structures that show a mixture of diamond- and graphite-like local coordin-
ation environments and have recently been observed in meteorite impact samples [2]. In some sense,
these represent an ‘intermediate’ phase between pure diamond or graphite crystals and the amorphous
states. For example, diaphites show both graphite- and diamond-like local coordination environments,
but these appear to be arranged in domains rather than randomly distributed across the structure. As a
result, they have a highly ordered (crystalline) structure at short range length scales but may have dis-
ordered structure over long range as the domains may be arranged randomly (figure 1).

Special attention was drawn to the graphite-diamond grain boundary, called gradia, which is an
inherent consequence of these two polymorphs being present in a single solid material. Figure 2 shows

© 2026 The Author(s). Published by IOP Publishing Ltd
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Figure 1. Examples of structures with ordering in short-range, long-range, both or neither. Diaphites are materials with short-
range ordering (due to crystalline domains) but without long range ordering (due to an imperfect distribution of domains),
corresponding to the top right corner in the matrix.
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Figure 2. Example representations of different types of diaphites and graphite-diamond interface (known as ‘gradia’). Graphite-
like, 3-coordinate atoms are marked in green; diamond-like, 4-coordinate atoms are marked in blue. The first letter of the gradia
name label refers to the type of diamond at the interface (C—cubic; H—hexagonal); the second letter refers to either the angle
at which graphitic layer is bonded (A—acute; O—obtuse) or conformation of hexagonal building blocks of diamond (C—chair;
B—Dboat) [3].

examples of diaphite structures with different types of grain boundary. The graphitic domain can be
sandwiched between diamond domains, giving rise to type I diaphite, or connected to it, giving rise to
type II diaphite. Within type II diaphite, four types of gradia were identified and labeled with two-letter
acronyms (see figure 2). The first character specifies the diamond form at the interface: ‘C’ for ‘cubic’
and ‘H’ for ‘hexagonal’ The second letter refers to the angle/confirmation at which the graphitic layer

is attached: ‘A’ for ‘acute’ and ‘O’ for ‘obtuse’ in case of cubic diamond, while ‘C’ for ‘chair’ and ‘B’ for
‘boat’ in case of hexagonal diamond [3].

This intermediate structural behavior leads to a range of intriguing predicted properties that arise
from the nanocomposite nature of diaphites. Such materials could combine the advantages of both dia-
mond and graphite while mitigating their individual limitations. For example, the resulting composite
could exhibit diamond-like hardness while retaining electrical conductivity through embedded graph-
itic domains, as demonstrated by Zou et al [4] Theoretical studies have also suggested the possibility of
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high-temperature superconductivity driven by strong electron-phonon coupling at the diamond-graphite
interfaces [5]. Moreover, diamond-graphite nanocomposites are expected to show enhanced elongation
under tensile stress, as coherent interfaces enable sequential structural transformations rather than cata-
strophic fracture [6]. The presence of graphitic domains within the diamond matrix may further con-
tribute to crack energy dissipation by promoting local graphitization instead of brittle failure. Finally,
due to the contrasting electronic properties of the two polymorphs, controlling the diamond-to-graphite
ratio offers a route to carbon-based semiconductors with tunable band gaps [7, 8].

The implication is that precise (atomistic) control may allow these key properties to be manipulated
as required. Detailed empirical experimental observations are problematic due to the extreme and there-
fore costly conditions under which diaphites are formed (typically T > 1000K, p ~10GPa) [8]. As a res-
ult, computational investigations, in which the system energy can be deconstructed into fundamental
interactions, would appear to be a promising avenue.

High-level methods (ab initio or DFT) can accurately identify local minima, estimate the relative
energy of given structures, and hence highlight their relative stability with high precision. However, since
they are based on iteratively solving the Kohn—Sham equation, it puts strict restrictions on the simu-
lation length- and time-scales. Performing molecular dynamics (MD) simulations in which the atoms
are systematically moved along their lines of force to explore the phase space requires evaluation of the
system energy (and related forces) at each time step. Furthermore, while linear-scaling DFT approaches
exist [9], DFT methods most often display much less favorable computational cost scaling with increas-
ing number of atoms (N), often N° [10]. In the case of diaphites, the presence of well-defined domains
implies that relatively large simulation cells will be required (i.e. N of the order of magnitude of thou-
sands of atoms), making ab inito MD (AIMD) an unviable choice.

An alternative is to use potential models. In contrast to DFT and AIMD, instead of solving the
Kohn—-Sham equation, they use Newtonian laws of motion and account for quantum behaviors by using
optimized parameters. The key interactions are therefore expressed as relatively simple functions of the
atomic coordinates. The effective ‘bypassing’ of the underlying quantum mechanics makes these methods
potentially orders of magnitude more rapid. As a result, due to their computational efficiency, potential
model methods can facilitate the study of dynamic processes such as heating, quenching, pressurization,
or the simple evolution of structure at the given temperature.

Although potential models are the solution to the problem of AIMD scalability, the cost of that may
be a loss in transferability. AIMD or DFT may be applied to any given configuration (though the qual-
ity of the output could vary depending on the functional and the system). However, potential models
are generally developed by parameterizing with respect to a subset of known structures. Only recently,
with the rapid development of artificial intelligence, have potentials become available which include an
extremely broad range of structures, and hence atom environments [11, 12]. However, most potentials
have been developed with specific structures in mind. Carbon potentials can be divided into two cat-
egories: empirical and machine-learning (ML) potentials. Empirical potentials usually come down to rel-
atively simple functions of the atom coordinates, in which each parameter has a clear physical meaning.
However, they are limited in terms of the quantity of data used for parametrization and the process is,
in general, not automated. With ML potentials, the situation is reversed in some sense: ML model can
be optimized for a massive amount of data points, but the process of training a model is outsourced
to the computer and, after setting up hyperparameters, happens without outside interference. Despite
the development of at least 40 empirical carbon potentials and the rapid expansion of ML potentials,
to date, none of the carbon potentials explicitly included diaphites, nor many mixed sp®> and sp? phases
except amorphous carbon. Therefore, one can only speculate on their accuracy when simulating these
structures.

With the growing role of computational methods in materials discovery and design, a standardized
framework for comparing interatomic potentials is essential to ensure reliability and reproducibility.
Benchmarks currently reported in the literature are often inconsistent-or, in the case of MD simulations,
overlooked entirely. To address this gap, the present work introduces a systematic approach for selecting
suitable MD potentials for novel structures. As a demonstration, we benchmarked several widely used
carbon potentials against high-level DFT calculations for diaphites.

Benchmarking, in this context, refers to the comparison of multiple computational methods against
a reference of established accuracy, allowing researchers to identify the most appropriate approach for
their system of interest. Here, we assess how well general-purpose carbon potentials reproduce DFT-level
behavior in diamond-graphite nanocomposites by analyzing force distributions, total energies, sp*/sp’
ratios, and structural topology throughout and at the end of the simulations.
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This paper aims to serve as a guide for anyone interested in performing MD on diaphites but most
importantly as a general example of how much MD results could depend on the choice of potential and
how to do it effectively.

The paper is organized as follows: section 2 outlines the overall computational workflow; section 3
presents the main findings from each stage of the study; section 4 discusses the rationale and assump-
tions underlying each step, details the development of the ML-AIMD model, and places the results
in the broader context of emerging ML-based interatomic potentials and their transferability; finally,
section 5 summarizes the key results and highlights the importance of assessing potential transferabil-
ity when investigating novel structures.

2. Methods

The overall benchmarking workflow is summarized in figure 3 and detailed below. Example input and
coordinate files for all structures are provided in the supplementary information (SI).

2.1. Parent structure generation

Representative diaphite unit cells were constructed using Wyckoff coordinates reported by Li etal [13],
implemented via ASE [14]. The diamond surfaces in type I diaphites were modeled using the Pandey
(2x1) reconstruction [1, 15]. By systematically varying the number of graphitic and diamond layers
across types and gradia, a total of 23 parent structures were generated (see table S1). To balance diversity
and computational feasibility, structures contained 20-32 atoms, with at least one distinct graphitic and
one diamond layer (see figures S1-S5).

2.2. Preliminary screening

Each parent structure was subjected to small random displacements, producing 230 configurations in
total. These were used to benchmark empirical and ML interatomic potentials against reference DFT
calculations. DFT-based, single-point calculations were performed using CASTEP [16] with the PBE
functional [17] and D2 dispersion correction [18]. Computational parameters (k-point spacing, plane-
wave cutoff, and energy tolerance) were optimized for accuracy and efficiency (details in SI). Equivalent
0K single-point evaluations were carried out using several empirical and ML potentials in LAMMPS:
[19] Tersoff (1989, 1994), REBO [20], LCBOP-I [21], AIREBO [22], AIREBO-M [23], GAP-20, [24] and
ACE [25]. Comparison of energies and forces with DFT-based results guided potential selection for sub-
sequent simulations.

2.3. ML-AIMD model development

To enable larger-scale simulations with near-DFT accuracy, we employed accelerated AIMD with an on-
the-fly Gaussian approximation potential (GAP), following Stenczel et al [26] The adaptive model para-
meters and implementation details are given in the SI. Each parent structure was simulated at T = 1500,
2000, 3000, and 4000K for 1ps (1fs timestep) in the NVT ensemble using both AIMD and the on-the-
fly GAP-AIMD approach. Energies and sp? content evolution were compared to verify model fidelity.

All AIMD snapshots were pooled into a database (15000 configurations) to train the final ML-AIMD
potential, validated via mean absolute errors (MAE) on energies and forces.

2.4. Extended testing

The validated potentials-Tersoff 1989, LCBOP-I, GAP-20, ACE, and ML-AIMD-were tested on the

23 diaphitic structures across four temperatures (1500-4000 K) and two system sizes: moderate

(~1000 atoms) and large (8000 atoms), generated by replicating the cells from the Preliminary
Screening. Simulations (52 ps, NVT ensemble) were performed in LAMMPS with periodic boundaries.
Results were benchmarked against ML-AIMD in terms of total potential energies, temporal evolution
of sp? fraction, and final atomic topology. Additional analysis and potential performance discussion are
presented in section 4.

3. Results

The preliminary stage of a benchmarking (section 3.1) analyzes discrepancies between DFT and
potential-derived energies and forces in order to eliminate some of the potentials without the need for
expensive and extensive MD simulations. The next stage (section 3.2) aims to develop a potential of
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Figure 3. Carbon potential benchmarking workflow. Numbers in circles and like-colored arrows signify consecutive stages of
benchmarking: (1) Structure Building, (2) Preliminary Screening based on single snapshot calculations, (3) ML-AIMD model
development to replace classical AIMD, (4) Extended Testing in which long-scale simulation with moderate and large supercells
developed with MD potentials were compared to those developed with ML-AIMD model. Double sided arrow indicates com-
parison between resulting datasets. Bigger circles with black circumference mean selection or thought process that influenced the

next stage.

DFT/AMID accuracy for simulations on diaphites under the conditions of interest (NVT ensemble, T
= [1500K, 2000K, 3000 K, 4000 K]). The suitability of the model architecture was determined by com-
paring the energies derived from accelerated AIMD with the on-the-fly GAP model with those obtained
from AIMD, along with changes in the percentage of sp? environments. The model, referred to as the
ML-AIMD model, was then trained and validated using AIMD structures by looking at the MAE of the

forces and energies.

The final stage (section 3.3) involved analysis of the performance of the potential in relatively long
(t ~52 ps) simulations at four temperatures. The potential energies of the final structures and the
changes in the percentage of sp? local environments were compared with the results derived from ML-
AIMD. In some cases, the final snapshot topology was also assessed. An additional discussion of the
decisions made throughout can be found in section 4.

5
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Figure 5. The difference in energy per atom between diamond and diaphite structures predicted using various carbon potentials
shown against the DFT derived energy. The dashed line shows the result of perfect agreement with the DFT derived results. All
are shown on the same scale to aid comparison.

3.1. Preliminary screening analysis

The preliminary screening analysis focused on the distribution of the forces acting on the atoms

(figure 4) and the predicted energy per atom (figure 5) comparing the single-point results obtained from
the potentials with those obtained from DFT.

Figure 4 shows the distributions of forces for all atoms (showing all three Cartesian components).
The superimposed distribution of forces derived from DFT, along with the resultant MAEs are shown.
A plot of the potential-derived forces against the corresponding DFT-derived forces can be found in the
SI (figure S6). The ACE and GAP-20 potentials show the most similar forces distribution compared to
those derived from the DFT, with the lowest MAEs among the tested potentials. The Tersoff 1989 and
Tersoff 1994 potentials show a relatively poor overlap with the DFT forces and correspondingly have the
highest MAEs. The MAEs of the force distributions obtained by the REBO-II, LCBOP-I, AIREBO, and
AIREBO-M potentials are of a similar order of magnitude. Interestingly, despite AIREBO showing better
overlap with the reference distribution, its MAE is higher than for LCBOP-I, which suggests a mismatch
between the AIREBO and DFT-derived corresponding forces, i.e. similar distribution is a result of fortu-
nate coincidence rather than accuracy of the potential.

6
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Figure 6. Absolute average energy difference in eV/atom (see color scale on the right) between the on-the-fly GAP model and
AIMD derived results with respect to the temperature of the simulation (abscissa on the left) and the percentage of the initial
sp? content (ordinate at the top). Values corresponds to averaged differences from all performed checks throughout accelerated
AIMD simulations.

Figure 5 shows the energies per atom obtained from the potential models against DFT-derived ener-
gies for the same structures. As the source of parametrization/training data differs between potentials,
the energy is stated with respect to the energy of the diamond crystal. This ensures fair comparison, tak-
ing into account relative energies, rather than absolute energies. Absolute energies and further explana-
tion can be found in the SI.

All potentials, except Tersoff 1994, show a linear trend, good overlap with DFT-based reference data,
and small MAE. Differences of AMAE = 0.05, e.g. between GAP-20 and LCBOP-I, can generally be
regarded as negligible and did not influence the further exclusion of some potentials as explained in
section 4.

Based on the above results, three potentials were chosen for the ‘Extended’ stage of benchmarking:
LCBOP-1, GAP-20, and ACE, along with Tersoff 1989 as a so-called sanity check. The detailed analysis of
potentials’ parametrization in the context of the above results is presented in section 4. It also outlines
the reasoning behind the selection of the potentials for the next stage of benchmarking.

3.2. AIMD and ML-assisted AIMD comparison

3.2.1. Architecture testing

The suitability of the ML model architecture was determined by considering the energy differences
between the on-the-fly GAP model and AIMD (figure 6), the average absolute difference in the percent-
age of sp? local environments over the course of the simulation (figure 7(b)), and the absolute difference
in the sp? percentage difference between the final snapshots of the AIMD and ML-accelerated simulation
(figure 7(c)). For those unfamiliar with the work of Stenczel et al [26], an accessible explanation of the
process that allowed for this comparison is provided in section 4.

The energy difference (figure 6) was generally below 0.02 eV per atom, which corresponds to approx-
imately 2.0 k] mol~!. Taking into account the Boltzmann law (k,T), the meaningful difference in energy
at the tested temperatures is >12.5kJ mol~!, ~6 times higher than observed values. On average, differ-
ences in estimated energies increase with increasing temperature of the simulation. However, as the dif-
ferences stayed well below the limit designated by the Boltzmann law, those differences can be regarded
as negligible.

When it comes to the analysis of figure 7, they are a measure of how similar the simulations
obtained with AIMD were and accelerated AIMD with the on-the-fly GAP model, whose architecture
was to be used to develop the final ML-AIMD model. They yield essentially four types of results: with
good agreement with AIMD both throughout and at the end of the simulation, with good agreement
in only one of them (see: orange and pink frames in figures 7(b) and (c)) or poor agreement in both.
These cases are visually represented in figure 7(a). The so-called ‘good agreement’ is defined as the res-
ult that does not exceed the 12.5% difference, as this corresponds, for the unit cells in question, to the
change in coordination for fewer than 4 atoms. Most of the data points in figure 7 fall into the first
category, when it is safe to assume that the AIMD results were correctly reproduced by the accelerated
AIMD with the on-the-fly GAP model.
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Figure 7. (a) Example of four possible courses of simulations: with good agreement between on-the-fly GAP model and AIMD
both throughout and at the end of simulation (1), with good agreement in either of them (2 and 3) or poor agreement in both
(4). (b) Absolute, percentage difference in sp? content between AIMD and on-the-fly GAP results throughout the simula-

tion. Percentage difference of sp? content with respect to AIMD results was calculated for every 5th step and then averaged.

(c) Absolute, percentage difference in sp? content between AIMD and on-the-fly GAP model results for the last snapshot from
the simulation. Absolute percentage difference of sp? content at the 1000th was calculated with respect to AIMD value. Orange
frames point out the data points that displayed good agreement between AIMD and on-the-fly GAP model throughout the sim-
ulation but final sp? content differ significantly. Pink frames point out the data points that displayed poor agreement between
AIMD and on-the-fly GAP model throughout the simulation but had similar or identical final sp? content.
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Figure 8. Energies and forces on the validation set derived from ML-AIMD model against respective energies and forces from
AIMD snapshots. Dashed line is the trend line for AIMD results, i.e. data resembling AIMD results perfectly would fall into that
trend line.

If the percentage difference throughout the simulation is low but high for the last snapshot (see
orange frames in figures 7(b) and (c)), the simulation diverged just at the end, but was likely reproduced
with high accuracy for the majority of timesteps taken.

If the percentage difference throughout the simulation is high but low for the last snapshot (see pink
frames in figures 7(b) and (c)), the simulation obtained with accelerated AIMD with the on-the-fly GAP
method likely corrected its course and eventually reproduced the AIMD results. Another possibility is
that they corrected their course only seemingly and the obtained structure has the same amount of sp?
content but differs in topology.

The on-the-fly GAP model performance should be analyzed in the context of the working principles
of accelerated AIMD developed by Stenczel et al [26]. and simulation settings, as they can address its
shortcomings in the presented comparison. All this can be found in the section 4.

In conclusion, considering negligible differences in energy estimations and mostly good agreement in
the percentage of sp? content throughout and at the end of the simulation, it was agreed that the archi-
tecture is suitable to build a model replicating the results of AIMD, later called the ML-AIMD model.
More details are presented in section 4.

3.2.2. ML-AIMD model validation
Figure 8 presents the energies and forces calculated by the ML-AIMD model for structures in the valid-
ation set (ergo structures not seen by the model during training), shown against the energies and forces
obtained from the AIMD snapshots. The MAE for both quantities is exceptionally low, compared even
to those presented in figures 5(b) and 4 for a single snapshot.

In general, the newly developed ML-AIMD model was deemed suitable to be used as a benchmark
in the next stage. A full discussion of the reasoning behind this decision, the model’s strengths and lim-
itations can be found in section 4. The estimated energies and forces on the training set (ergo structures
seen by the model during training) shown against the energies and forces from AIMD snapshots can be
found in the SI (figure S8).

3.3. Extended testing
Extended benchmarking involved simulations on two systems’ sizes: moderate (800 to 1280 atoms) and
large (6400 to 10240 atoms). The reason for that was to check how system size would influence the
models’ performance with respect to ML-AIMD. Since no major difference in the general trend was
observed, the following section focuses solely on results for large supercells. Results for moderate super-
cells can be found in the SI (figures S8 and S9).

As described in section 2.4, the analysis involved comparison of final structures’ energies, percentage
difference in 3-coordinated atoms at the end and throughout the simulation, and in some cases topology
analysis, with statistical topology analysis being attempted.
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Figure 9. Distribution of Final Structures’ energies with respect to energy of diamond lattice at the same temperature (top row)
and direct comparison of those energies with ML-AIMD derived results for the same structure (bottom row). The superimposed,
gray distributions correspond to results obtained with ML-AIMD potential, while dashed line is the trend line for ML-AIMD
results, i.e. results resembling the benchmark perfectly would fall into that trend line.

3.3.1. Final structures’ energies

Distributions of final structures’ potential energies obtained in the simulations with respect to diamond
on large scales are presented in figure 9 along with direct comparison to energies for the same structures
obtained with ML-AIMD potential. Values above zero corresponds to structures less thermodynamically
stable than diamond.

GAP-20 results shows both lowest MAE in direct comparison and most similar value range in the
histogram. As expected, Tersoff 1989’s energy distribution is neither similar in shape nor in values,
which is clear form its scatter plot and highest MAE. Both LCBOP-I and ACE do not predict any of
the structures to be more stable than diamond. This contradicts with topology analysis presented in
section 3.3.3 and absolute percentage of 3-coordinated atoms in the SI (figure S11). It is clear that
some of the initial diaphitic structures reached either substantial or full graphitization, and therefore
their energy should be lower than that of a diamond lattice. Additionally, most energies estimated with
these two potentials are systematically overestimated compared to reference values, similarly to those in
figure 5(a). It is visible in both the histograms and scatter plots (figure 9) that, upon correction, ML-
AIMD trend would be much better reproduced.

The reason for this lays in the Energy-Volume curves for each of these potentials (figure 13) explored
in more details in section 4.2. Figure 13(b) shows that energy-volume curves, when varying equilibrium
volume of graphite and diamond, are much closer in energy for LCBOP-I and ACE than for GAP-20.
Therefore, even small compression of graphitic layers could lead to the estimated energy being higher
than that of equilibrium diamond for LCBOP-I and ACE.

Overall, GAP-20 performed best in this task. However, LCBOP-I and ACE systematic increase in
energy should be attributed to encoded difference in graphite and diamond energy differences rather
than poor potentials’ performance, as relative energies of the diaphitic structures can still be reproduced
well.

3.3.2. Change in % of 3-coordinated atoms
Figure 10 shows percentage difference in the number of 3-coordinated atoms throughout and at the
end of the simulations performed with different MD potentials compared to analogous simulations
performed with ML-AIMD. Data are presented with respect to the initial percentage of 3 coordinated
atoms (x-axis) and temperature of the simulation (y-axis). Darker colors indicate greater deviation from
ML-AIMD.

In contrast to figure 7, the percentage difference in 3-coordinated atoms throughout the simulations
and at the end is consistent in most cases, meaning that there were no sudden changes in structures
towards the end of the simulations. It is likely related to the length of the simulation (1 ps vs 52 ps)
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Figure 10. Difference in percentage 3-coordinated atoms content throughout (left) and at the end of the simulations (right) com-
pared to ML-AIMD results (color scale) and with respect to temperature (y-axis) and initial percentage of 3-coordinated atoms
(x-axis). The darker the color, the greater the difference.

Table 1. The average percentage difference for all the simulations throughout their course (at the end) for each potential compared to
ML-AIMD, presented with respect to temperature of the simulation and averaged over all temperatures. The best results in each series
are in bold.

TEMP. Tersoff 1989 LCBOP-I GAP-20 ACE

4000 K 29.58% (32.40%)  10.32% (11.40%)  4.75% (4.65%) 3.77% (3.36%)
3000K 19.28% (19.96%)  7.29% (7.14%) 5.34% (5.19%) 5.29% (5.08%)
2000K 20.12% (22.89%)  7.91% (7.65%) 8.889% (8.48%) 8.51% (8.35%)
1500 K 17.28% (18.01%)  7.79% (7.02%) 10.28% (9.87%) 11.11% (10.67%)
Average  21.57% (23.31%)  8.33% (8.30%) 7.31% (7.05%) 7.17% (6.87%)

and its stability. The agreement between ML-AIMD and the potentials increases down the figure: the
less intensively colored squares are observed. The average percentage difference for all the simulations
throughout their course (at the end) for each potential compared to ML-AIMD (both overall and stated
with respect to temperature of the simulations) are presented in table 1.

Both GAP-20 and ACE tend to perform the best at higher temperatures, while LCBOP-I yields the
most accurate results at lower temperatures. The structures developed with the former two potentials
tend to graphitize at lower temperatures. Also, average variation in % of 3-coordinated atoms was found
to be higher for diaphite type I and type II with CO gradia. Heatmaps showing the absolute percentage
of 3-coordinated atoms for simulations with each potential can be found in the SI. (figure S10)

Opverall, the differences between LCBOP-I, GAP-20 and ACE are not dramatic, but the accuracy
might be structure and temperature dependent.

3.3.3. Topology analysis
Statistical topology analysis was attempted with Ring Statistics and Persistent Homology (PH). The
former was expected to amplify the differences in the amount and type of interfaces present. However,
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heat maps presenting cosine distances between structures developed with ML-AIMD and the potentials
followed the same patterns as those in figures 10 and S9. As they did not provide any new context to the
results presented above, they have been included in the SI (figure S11).

PH as implemented in both the ripser and gudhi python packages, turned out to be too compu-
tationally intensive for system of those size and available resources. While authors recognize the poten-
tial application of PH in diaphites’ feature classification (e.g. the type of interface present), it is deemed
to assume that the evidence presented is sufficient to draw conclusions on the transferability of carbon
potentials. The diaphites’ medium-range order statistical analysis with PH in a form of persistence dia-
grams will be of interest in future work.

Since examining the topology of a final structure case-by-case would be unpractical, the following
section focuses on two structured: D-5-G-3-CO (figure 11) and D-3-G-4-CA (figure 12). This choice was
dictated by the closest to average difference in percentage 3-coordinated atom content across all three
candidate potentials (LCBOP-I, GAP-20, and ACE). It allowed to gain an insight on how dissimilar to
the benchmark (ML-AIMD) an average case can be and whether it is a significant difference or not.

The ideal potential would reproduce ML-AIMD results perfectly. It is clearly not the case for snap-
shots presented in figures 11 and 12. In case of D-5-G-3-CO, LCBOP-I somewhat agrees with the bench-
mark for simulations at 2000 K and 4000 K, with slightly more graphitized regions. For D-3-G-4-CA it
performs better at lower temperatures. While results obtained with GAP-20 replicate ML-AIMD ones rel-
atively well for D-3-G-4-CA (except at 3000 K), it fails when it come to D-5-G-3-CO, not accounting for
any change in domains shape and orientation at all. ACE-predicted structures for D-5-G-3-CO resemble
the benchmark quite well. For D-3-G-4-CA structures, it changed the shape of domains much more than
ML-AIMD and favored greater degree of graphitization for lower temperatures but it was not worse than
other potentials.

It did not escape our attention that the simulated domain structures produced by all tested potentials
qualitatively resemble those observed in HRTEM and HAADF-STEM images [1, 3, 27]. Although such
agreement cannot be used to rank their quantitative accuracy, it suggests that the potentials reproduce
the essential structural features observed experimentally. Thorough examination of these features—like
their formation mechanism, relative stability and transformations—will be a subject of future work.

The comparison above and ring statistics presented in the SI (figure S12) suggest a strong, yet expec-
ted, correlation between difference in 3-coordinated atoms and topology. Therefore, it suggest that the
potential which agrees the most in percentage of 3-coordinated atoms with ML-AIMD is also the one
that captures topology most accurately: namely ACE.

3.4. Final result

The results above strongly supports the conclusion that the most transferable carbon potential overall for
diaphites is ACE. Its backed up by good prediction in energy trends, lowest overall difference in percent-
age of 3-coordinated atoms and reasonable structure predictions even for structures that were expec-

ted to deviate from the benchmark by quite a lot. While it is quite comparable with GAP-20 (except
exact energy predictions in which GAP-20 surpasses) it is much more computationally efficient. It was
found to yield results approximately four times faster than GAP-20, while other claim it to be even
eighty times faster [25]. Interestingly, LCBOP-I was not far off from more complex ML-based potentials.
Contradictorily, it outperformed ACE at lower temperatures as evidenced in table 1, figures 10, and 12.
Therefore, it might be of use for simulations that require lower temperature ranges and greater com-
putational efficiency. It is worth pointing out that the differences between the potentials filtered in the
Preliminary Screening were generally quite small. It shows the effectiveness on Preliminary Screening in
separating ‘the good’ from ‘the bad’ but also demonstrates how hard it might be to make an executive
decision regarding MD potentials.

4, Discussion

4.1. Choice of DFT exchange-correlation functional

The PBE functional was chosen as a result of its computational efficiency, good performance in bench-
marks for extended solids, and generality, since it is not in a semi-empirical functional, no bias is
introduced [28, 29]. However, it is known to describe dispersion interactions relatively poorly [30] and
so it was combined with the Grimme dispersion correction [18, 31, 32]. The simplest D2 correction was
chosen deliberately due to planned AIMD, which is relatively computationally intensive [18]. Employing
more accurate D3 [31] or D3BJ [32] dispersion corrections would substantially increase computational
time with little added potential benefit.
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Figure 11. Final snapshots form the Extended simulations (52 ps, with time step of 1 ps) at four temperatures for D-5-G-3-CO
diaphite obtained using ML-AIMD (the benchmark) and LCBOP-I, GAP-20, and ACE potentials. Final snapshots presented along
X-axis.

Some might argue that, similarly to the MD potential, the DFT exchange-correction functional used
in such a test should also be chosen via benchmarking, but against e.g. CCSD(T)+CBS instead. In this
case, it was decided to refer to the literature as DFT functionals are inherently more general than MD
potentials. In addition, the systems in question consist of only carbon atoms, leaving any kind of strong
bond polarization or inner core electron effects out of the picture.

4.2. Connection between preliminary screening results and parametrization
While the performance of the potentials should be the main concern when benchmarking, it is best
to understand why certain potentials perform better than others. It may be related to the underlying
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Figure 12. Final snapshots form the Extended simulations (52 ps, with time step of 1 ps) at four temperatures for D-3-G-4-CA

diaphite obtained using ML-AIMD (the benchmark) and LCBOP-I, GAP-20, and ACE potentials. Final snapshots presented along

y-axis.

parametrization, in case of empirical potentials, or training data, in case of ML potentials. To develop
this point, figure 13 shows the energy/volume curves for the diamond and graphite crystal structures,

obtained using eight models.

The following provides a concise summary of the main characteristics of each potential in the con-
text of diaphites modeling. The Tersoff 1989 potential was optimized for short-range interactions, having

a cut-off distance for considering atom-atom interactions of 2.7 A, which is smaller than layer separation
in graphite (3.1A) [35]. As a result, it is intrinsically incapable of predicting the correct ground state.
This is confirmed by figure 13(b) which shows that the Tersoff 1989 potential predicts that diamond is
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more stable than graphite. Furthermore, while it can estimate the energy of some diamond surfaces, it
performs poorly for the Pandey surface present in diaphite type I [36].

Similarly, the Tersoff 1994 potential was optimized with respect to short-range interactions in crys-
talline solids [37]. In this case, the target compound was SiC, which does not form graphite-like sheets.
Therefore, a concomitant reduction in performance was observed (figure 5). Figure 13 indicate that the
energy-volume curves for the Tersoff 1994 potential are entirely different from the others.

The REBO-II model expands on the empirical bond order in the Tersoff 1989 model by explicitly
including local coordination on the atom and bond angles [20]. However, it still does not consider any
non-bonding interactions, focusing on network solids such as diamond or small molecular fragments,
making it too short-ranged [21].

LCBOP-I accommodates long-range interactions using a Morse potential, which is known to have a
softer repulsion region compared to Lennard—Jones. As a result, it is considered more transferable when
it comes to pressure-induced structural changes [21, 23], which might be responsible for the good agree-
ment with the distribution of DFT forces (figure 4). In addition, the parametrization was focused on the
diamond graphitization process—a process that diaphites are susceptible to [21]. In addition, the fitting
also included the Pandey surface (present in type I diaphites) and clusters. This shows a strong focus on
solid carbon polymorphs.

AIREBO and AIREBO-M are twin potentials, using Lennard—Jones and Morse potentials, respect-
ively, for treating long-range interactions. Both potentials were created to consider generic hydrocarbons,
[22, 23] to model reactions of liquid hydrocarbons, building on the REBO-II model adding non-bonded
interactions. As a result, these models do not focus specifically on covering different carbon polymorphs.
Instead, they are optimized for reactions and interactions between hydrocarbons in the condensed phase,
whilst perturbing potential performance on the former as little as possible [22]. Their energy-volume
curves reflect that since only AIREBO and AIREBO-M potentials predict diamond to be more stable
than graphite upon expansion of their unit cell from the equilibrium.
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GAP-20 is one of the ML potentials considered in this benchmark study and one of the best-
performing potentials in the Preliminary stage (section 3.1). It was trained on a broad dataset of approx-
imately 5000 carbon structures, including crystalline, amorphous, high-pressure, and theoretically pre-
dicted phases, as well as 1D and 2D materials, clusters, and defects. Training data were derived using
DFT with the optB88-vdW functional, which is a dispersion-inclusive DFT functional [38], which means
it should not require additional dispersion corrections, such as D2. In terms of DFT accuracy, optB88-
vdW is positioned above standard GGA functionals, like PBE, as it includes non-local dispersion interac-
tions. However, those higher-level DFT functionals are typically based on a GGA functional. However, in
this case, the employed GGA functional was B88 rather than PBE, which explains the systematic discrep-
ancies in the energies of diaphitic structures that disappear after correction [39] (figure 5(a)).

ACE, the other potential with nearly perfect agreement with DFT (section 3.1), was trained on a
similar scope of structures, but its training set contained over 17000 entries [25]. Since the PBE func-
tional alone is unable to accurately estimate dispersion forces present in some carbon polymorphs [17],
ACE incorporates dispersion corrections in a postprocessing manner, where an additional energy term
is included, rather than modifying the functional itself, similar in principle to how Grimme’s dispersion
corrections are applied [25, 31]. The alignment of the functional with a Grimme-like dispersion correc-
tion resulted in near-perfect agreement between ACE-predicted forces and energies and the DFT refer-
ence data in section 3.1, even before applying any corrections.

In general, broad and extensive training datasets likely contribute to the superior performance of
ML potentials compared to empirical ones, making both GAP-20 and ACE more robust and transferable
when dealing with novel structures such as diaphites.

Despite some superficial similarities between these two ML potentials (e.g. extensive training data
and the scope of covered structures), their underlying methodologies are entirely different and worth
noting. GAP-20 is based on Gaussian process regression with SOAP and other descriptors, while ACE
uses Polynomial Basis Functions with ACE basis functions [40—43]. In the case of GAP, SOAP descriptors
encode the local atomic environment using spherical harmonics and radial basis functions, which are
evaluated through a kernel-based, nonlinear approach [42]. In contrast, ACE represents atomic envir-
onments using an expansion in orthogonal polynomials based on both radial and angular coordinates,
with parameters fitted using linear regression [43]. This transition from kernel-based evaluation to linear
regression drastically reduces computational cost, making ACE orders of magnitude faster than GAP-20
while maintaining comparable accuracy, as demonstrated in section 3.1 [25].

In summary, an analysis of the parametrization involved in developing the models provides insight
into why certain potentials performed better than others. The Tersoff 1989, Tersoff 1994 and REBO-II
potentials appear too short-range to account for all interactions present in diaphites, especially those
between graphite sheets. As a result, they were deemed insufficient for accurate simulations on dia-
phites and excluded from the Extended benchmarking, with the exemption of Tersoff 1989. The latter
was chosen to serve as a ‘sanity check’ to demonstrate how an unsuitable but seemingly efficient and
general potential could perform. AIREBO and AIREBO-M were not intended for solid-state carbon
materials, which is reflected in the results shown in figure 13(b). The trend presented for energy change
with respect to volume deviations is visibly different from other potentials that performed better in the
Preliminary benchmarking (like ACE or GAP-20). Consequently, they were also discarded. LCBOP-I was
specifically parametrized to capture changes in solid-state carbon polymorphs. This advantage is reflected
in slightly better results in the Preliminary stage compared to AIREBO or AIREBO-M. As a result, it was
chosen as the only empirical potential tested in the Extended stage. Last but not least, both GAP-20 and
ACE were selected. This was supported by excellent agreement with the DFT data (upon relevant cor-
rections) and their extensive training data. At this stage, computational expense was not considered as a
disqualifying factor. However, it is taken into account in the discussion of the Extended stage, as it plays
a much more significant role.

4.3. ML-AIMD model development

4.3.1. Working principle

In this section, we explain the basics of creating an AIMD-based ML model using accelerated AIMD
with the on-the-fly GAP model. More detailed and technical explanations can be found in the paper by
Stenczel et al [26].

As diaphites are regarded as nanomaterials, to represent them accurately in dynamic simulations,
sufficiently large supercells are required (i.e. of the order of thousands of atoms). However, this is far
beyond current AIMD capabilities and hence there are no sensible benchmarks for large-scale simula-
tions. The answer was to develop this benchmark ourselves using accelerated AIMD with on-the-fly GAP,
which works in the following way.
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Classical AIMD is performed for the first few steps of the simulations (ten in this work). The results
from those steps are fed to the ML-GAP model [44] (see SI for example input files). The newly trained
GAP model carries on the simulation for a specified number of steps, in this work set to two. AIMD
results are generated for the same configuration, and the results are compared with respect to tolerance
argument (here, the tolerance was based on energy difference and set to 0.01 eV per atom). If the toler-
ances conditions are met, the ML model carries on the simulation until the next check, when the com-
parison starts again. If the tolerances conditions are not met, then the model undergoes refitting and
from now on the refitted model continues the simulation until the next check.

The frequency of the checks depends on the chosen mode: fixed or adaptive. In the fixed mode,
checks are performed every nth step regardless of whether tolerance conditions were met or not. In
adaptive mode, when tolerance conditions are met, the checks become less frequent; similarly, when tol-
erance conditions are not met, the checks become more frequent. This is governed by the scaling factor,
set to two in this work. If the checking criteria for AIMD and on-the-fly GAP model comparison are
met, the next check is scheduled to take place after twice as many time steps. If the criteria are not met,
the next check is to occur after half as many steps.

Each simulation performed with accelerated-AIMD with the on-the-fly GAP model results in three
important outputs:

e tolerances values (in this case, energy difference), which show how well the model performed during
checks; it is a direct measure of how well the model’s architecture fits the given task.

o the simulation, which includes steps derived both by the AIMD and on-the-fly GAP model; its out-
come can be compared with the results of pure AIMD simulations.

o file with all AIMD steps extracted from the simulations; they served as a training data set for the on-
the-fly GAP model.

The first two of these were used to validate the model’s architecture (see section 3.2 and figures 6, 7).
When it was deemed suitable (see section 3.2 and the next section), all AIMD steps form accelerated-
MD simulation (last relevant output mentioned above) were included into the training data for the final
ML-AIMD model.

4.3.2. Overcoming the limitations of the on-the-fly GAP model

We first address the choice of the model architecture adapted from Stenczel et al [26] The model archi-
tecture was repurposed from that intended to study carbon graphitization at 3000 K. As this model was
specifically constructed for carbon, for processes that can occur in diaphites and for similar temperat-
ures, it seemed reasonable to reuse it, and the validation results in section 3.2.2 confirmed this assump-
tion. However, being aware that ML is often treated like a so-called ‘black-box’, the reasoning behind the
choice of this specific architecture is provided below.

Here, the model architecture encompasses a number of key aspects: mathematical basis, optimization
algorithm, training data, descriptors, hyperparameters, noise control, and memory management. When
choosing to train a GAP model, we have already committed to Gaussian process as a mathematical basis
and Gaussian Process Regression as a optimization algorithm. Training data were provided on-the-fly by
AIMD performed by CASTEP. Noise control is more related to mitigating overfitting when performing a
Gaussian Process rather than the fact that it is a carbon material. Memory management does not play a
vital role in model’s accuracy. Therefore, the following paragraph focuses on the descriptors and hyper-
parameters and why they are suitable for a diaphite-specific model.

The model architecture described by Stenczel et al [26]. includes three descriptors: two-body, three-
body and smooth overlap of atomic positions (SOAP), which is a highly-dimensional many-body
descriptor [42]. The interaction cut-off distances are set to 3.7, 3.0 and 3.7 A, respectively, which is
appropriate to capture interactions between graphitic layers. The use of all three types of descriptor
ensured an accurate depiction of different bonding environments, including the diamond-graphite inter-
face. In the case of SOADP, its accuracy is based on the number of sparse points or representative points
extracted from the region around each atom within the cut-off distance. It was set to 200 which is rel-
atively low. For comparison, GAP-17 used more than 4000 sparse points [45]. This choice increased
computational efficiency, at the cost of accuracy. It was partially mitigated by algorithm that chooses
the most representative sparse points. Then, when training the ML-AIMD model on all AIMD results,
the loss of accuracy due to the low number of sparse points was outweighed by the large training data
set.

Hyperparameters govern the expected error in the target properties: energy, forces, and stress tensor
(set to 0.002eVatom™!, 0.2eVA~!, and 0.2eV/A°, respectively). The values make the model sensitive to
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local changes in structures (e.g. at the grain boundary), which is of importance in meta-stable structures
like diaphites.

The above arguments were deemed convincing to assume that an ML model with this architecture
would be suitable to create a diaphite-specific ML-AIMD model.

However, the validation presented in section 3.2.1 may appear unconvincing given the near-ideal
agreement between the AIMD and ML-AIMD models in section 3.2.2 and the non-ideal reproducibility
of simulation outcomes as measured by the percentage of sp? content (section 3.2.1, figure 7(b)). How
is it possible that the ‘mediocre’ on-the-fly GAP model turned into extremely accurate ML-AIMD? The
answer lies in the training data set. The on-the-fly GAP model has access to AIMD calculations from a
single run, that is, to the first ten initial AIMD steps (section 4.3.1) and other AIMD calculations done
for retraining/checking purposes. In comparison, the final ML-AIMD model used nearly 12000 AIMD
calculations for training obtained in accelerated-AIMD simulations.

Additional factors that could influence the differences between AIMD and accelerated-AIMD
included the small system size and simulation time. Because of the former, even small differences in
atomic positions could have an effect on the forces calculated in the next step, and collectively those
small changes led to massively different results. As the cut-off distance for interactions, programmed
as GAP’s hyperparameter is 3.7 A to account for interactions between graphitic layers, there is a pos-
sibility that atoms interact directly with images of themselves. However, the same problem could arise
in the classical AIMD, as the periodic boundary conditions and size of unit cells were the same in both
cases. Another factor mentioned earlier was the simulation time. It is possible that some systems did not
fully equilibrate [46], resulting in discrepancies between AIMD and accelerated-AIMD. Although increas-
ing the system size and/or simulation length could improve that, it was not viable due to the massive
increase in computational cost (i.e. scaling as N?, where N is the number of atoms).

An increasing amount of training data was hoped to compensate for those shortcomings. Looking at
incredibility low MAE for the energy and forces estimations in figure 8, it can be said that the aim was
achieved.

Essentially, the whole process yielded an ML-AIMD model later used as a benchmark in the “exten-
ded” benchmarking using long simulations on the larger supercells. It is worth reiterating that the ML-
AIMD model is, in fact, a GAP potential, differing from GAP-20 in its hyperparameters and train-
ing data. The phrase ‘AIMD’ in the name simply emphasizes the fact that it was derived from AIMD
simulations.

In the face of that, one might cast doubt regarding the sense of the extended stage of the bench-
marking: after all, the ML-AIMD model would be as cheap as GAP-20 and nearly as accurate as AIMD,
so why not skip the effort and just use this? Although there is some truth to this analysis, it overlooks
a few factors that make the ML-AIMD model suitable as a benchmark but poor as a general carbon
potential. The ML-AIMD model was trained solely on AIMD simulations on diaphites at four specific
temperatures in the NVT ensemble. The validation of the model (section 3.2.2) proved the accuracy of
the model under those conditions and for those structures only. As a result, there is no guarantee that
the model is transferable e.g.: for pressurized systems or when other carbon polymorphs are embedded
into the structure. While some AIMD snapshots used for training contained graphitized, diamondized
or amorphous phases, as the simulation led to those structures and they were present during checks, it
is not enough to talk about general transferability of the model. Above all, the main aim of this work
was to determine which widely-available general carbon potential is the most suitable for simulations on
diaphites. ML-AIMD model used in this benchamarking does not meet this criterion. However, devel-
opment of a model that includes diaphites in its training/parametrization data might be an interesting
path to take. It would be interesting to see how inclusion of diaphites changes parameters in empirical
potentials, as well as whether and how it improves the accuracy of models with different architectures,
like GAP, ACE, or MACE.

4.4. Other MD potentials
It is worth mentioning that the presented transferability testing is not meant to be exhaustive, as there
are much many empirical and ML-based MD potentials available for carbon [47]. Since the paper serves
mostly as a demonstrative example for the transferability workflow, we believe that it can be extended to
other carbon potentials—whether by comparing results obtained with the potential of interest with the
presented work or by analogy. Such an analogy can be made, for example, when considering the growing
field of ML potentials.

The field of ML-based MD potentials grows and develops dynamically. Models with more com-
plex architecture are becoming more and more accessible and widely used. Simultaneously, a great

18



10P Publishing

Modelling Simul. Mater. Sci. Eng. 34 (2026) 025004 Z Malinowska-Trzmielak et al

deal of effort is put into creating foundational ML potentials that aim to cover large parts (if not the
entire scope) of the periodic table and their chemical space [11, 12, 48]. This poses questions about the
upcoming redundancy of single-type-of-atom potentials (like carbon-only potentials). Considering all the
above, it is important to contextualize the presented work with respect to other potentials, specifically
ML-based ones.

Currently, one of the most widely employed models architecture for MD is Multilayered Atomic
Cluster Expansion, shortened to MACE [48]. It is considered the-state-of-the-art in the machine-learning
force-fields. [49] Not including the MACE carbon potential in this work could be considered disqualify-
ing for some. However, MACE is, in fact, a flexible nonlinear extension of the ACE potential [48, 50].
Both models evaluate the descriptors in the same way; while ACE fitting is based on a linear model,
MACE uses an equivariant message-passing graph neural network (GNN) [50]. It allows for greater flex-
ibility, as each layer of the GNN can be adjusted to fine-tune the model. It results in generally improved
accuracy compared to GAP or ACE models, keeping in mind that errors in the later models for phys-
ical properties are in the order of a few percents, deemed acceptable [50]. ‘The elephant in the room’
to address is hardware requirements. For efficient calculations with MACE, as is generally the case for
GNN, GPU units are required or at least highly recommended [51]. Therefore, it is less accessible than
CPU-based GAP and ACE, not to mention even cheaper empirical potentials.

When it comes to foundational models, there is no surprise that the most efficient of them are based
on the MACE architecture, as it is designed to deal with large data quantities in parallel. Although mod-
els like MACE-MPO [11] or MACE-OFF23 [12] are able to generate stable dynamics, they often yield
approximate results and, in some cases, are trained on equilibrium configurations only [50, 52]. Their
accuracy is still quite far from ML-based MD potentials focused on one type or a narrow set of atoms
[53].

Despite MACE models being slightly more accurate than GAP or ACE potential, they might still not
be a viable option for many due to GPU requirement. Additionally, the foundational models do not live
up to the accuracy expectations laid down by atom-specific potentials, or at least not just yet. In light
of these, it is valid to stick to CPU-friendly potentials, as done in this work, since the accuracy loss is
minimal. However, MACE models are surely an option to explore in the future as GPU units become
more widely accessible.

4.5. General workflow for future transferability testing

One of the first questions that should be asked before running MD simulations is what potential to
choose. The answer is usually straightforward when one works with a known system, included in para-
metrization or training data set of the potential. When it comes to novel polymorphs, it becomes more
complicated. In such a case, the choice is usually based on: the informed chemical intuition (facilitated
by a literature review), the efficiency of the potential or the novelty of the potential, and the presumed
superiority. Recently, with the increased ease of training ML-driven MD potentials, one might also be
tempted to create their own potential. While all of these choices are valid if supported by right argu-
ments, a more quantitative way to assess the potential suitability to run simulations for a given struc-
tures is highly valuable. It makes extended computational research more impactful and ensures the con-
nection between high-level theory, simulations, and chemical reality. Although the work presented in
this paper focuses specifically on the transferability of carbon potentials, the workflow presented here is
applicable to other novel materials whose dynamics are of interest. It consists of the following stages:

e Single frame energy and forces analysis.

e Development of benchmark potential based on short AIMD simulations with small systems.

e Comparison of long MD simulations for larger systems obtained with readily available potential and
developed benchmark.

The first stage can easily eliminate unsuitable potentials with little computational costs. In some cases, if
the results are extremely conclusive, it might be the only stage needed.

The development of a benchmark potential allows access to long simulations on large systems with
the accuracy of AIMD. CASTEP with the on-the-fly model [26] integrates the whole process, making it
accessible. The conditions chosen for developing these should match exactly the conditions employed
in the final stage of this workflow (ensemble, temperature ranges, pressure ranges, etc). Preferably, they
should also match the conditions of interest in the actual computational investigation.

Finally, a comparison between long MD simulations should lead to a comprehensive understanding
of potentials suitability and their limitations. The required data analysis might vary from case to case,
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but it can involve looking at: coordination change, ring statistics, angle distribution, potential energy
change, RDF, and forces distribution. It is worth noting that many-particle correlation functions might
be preferred as averaged quantities, like RDFs or even coordination statistic can be misleading—it highly
depends on the system of interest. It is also recommended to take into account the computational cost,
as it can vary substantially from potential to potential [25].

Following the above workflow should provide a clearer answer to the question of what available
potential to choose (if any). Finding out in the early stage of computational research that the method
employed is nonphysical or disproportionately expensive to accuracy increase can save time, effort, and
misleading results from being published.

5. Conclusions

This paper presented a transferability test of MD potentials with a case study of diaphites—a novel poly-
morph of carbon, not included in any parametrization or training data. The benchmarking consisted

of three stages. The simplified stage involved the comparison of energy and forces for a single snapshot
and DFT-derived single-point calculations. Together with a thorough literature review and contextualiz-
ation of the results, it eliminated five potentials from further testing, leaving three promising candidates.
To perform extended molecular simulations on supercells with >1000 atoms, the benchmark ML-AIMD
potential was developed in a way that replicates AIMD results with high accuracy. The extended testing
concluded that ACE is the most transferable carbon potential across all temperatures and can be used
for the simulation of diaphites. Although GAP-20 achieves similar accuracy, it does so at much higher
computational cost. LCBOP-I achieved slightly lower accuracy in final energy estimation and average
3-coordinated atom content throughout the simulation. However, it performed slightly better than the
other two models in simulations at lower temperatures. It is therefore a computationally efficient option
when it comes to simulations below 2000 K.

Similar accuracies of all three potentials prove that the preliminary step, involving a single snap-
shot comparison, is an effective way to filter more suitable potentials. The extended stage, enabled by
Accelerated AIMD with on-the-fly GAP model, allows for determination of the most transferable poten-
tial and a cheaper, yet accurate, alternative which, without this structured process, could be discarded. In
general, the presented framework has been shown to be successful in determining the most transferable
model and can be applied to other novel systems.
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